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Acronyms

Throughout the thesis, there are words often written in their acronym
form. Each acronym is always presented in parentheses the first time the
word appears. However, here we present a curated list of all the acronyms
that apppear in the thesis, sorted by their appearance position:
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Resumen en castellano

Introduccién y contexto

El aprendizaje profundo ha transformado de manera radical el campo
de la vision artificial durante las dos tultimas décadas. Desde los primeros
modelos basados en perceptrones y redes neuronales multicapa hasta la con-
solidacion de las redes convolucionales (CNNs) y, més recientemente, los
modelos basados en transformadores, la capacidad de los sistemas artificiales
para procesar y reconocer patrones visuales ha crecido de forma extraordi-
naria. La disponibilidad de grandes conjuntos de datos, el aumento en la
potencia computacional y los avances en algoritmos de entrenamiento han
impulsado el rendimiento de los modelos hasta superar, en determinadas
tareas, el nivel humano.

Sin embargo, este progreso ha estado acompanado de una pregunta per-
sistente: ;en qué medida estos modelos procesan la informacién visual de una
manera comparable a la percepciéon humana? La visién humana es robusta,
flexible y capaz de adaptarse a variaciones de los datos facilmente, mientras
que los modelos artificiales tienden a ser fragiles frente a cambios, ruido ad-
versarial o correlaciones no deseadas en los datos de entrenamiento. Ejemplos
paradigmaticos de esta fragilidad se encuentran en los denominados ataques
adversariales: pequenas perturbaciones invisibles para el ojo humano son su-
ficientes para que un sistema de tultima generacion clasifique erréneamente
una imagen. Asimismo, se ha demostrado que muchas redes aprenden a apo-
yarse en atajos estadisticos, como la textura de un objeto o el contexto de
la escena, en lugar de en caracteristicas mas abstractas y estables, como la
forma global. Estas discrepancias ponen en evidencia que rendimiento en
métricas estandar y comportamiento perceptual humano no son dimensiones
equivalentes.

Por estas razones, la relacién entre los sistemas artificiales y la visién



biolégica es ambivalente. Por un lado, las redes neuronales profundas se
inspiran directamente en principios neurocientificos. Las CNNs recuperan
la idea de campos receptivos descubiertos por Hubel y Wiesel en la corteza
visual primaria; mecanismos como la normalizacién divisiva tienen su origen
en estudios de la corteza visual temprana; y las arquitecturas basadas en
atencion se relacionan con fenémenos de focalizacion selectiva ampliamente
descritos en la literatura neurocientifica y psicolégica. Por otro lado, en mu-
chos casos los nuevos modelos se desarrollan y optimizan siguiendo criterios
empiricos de rendimiento mas que de plausibilidad biolégica. Este giro ha-
cia el pragmatismo ha permitido grandes avances en conjuntos de datos de
evaluacion, pero también ha contribuido a que los mecanismos internos de
los modelos se alejen de las estrategias perceptuales humanas, generando un
desfase cada vez mas evidente.

En este contexto surge el concepto de alineamiento humano, entendido
como el grado en que un modelo artificial procesa y representa la informacion
visual de manera comparable al sistema visual humano. Dicho alineamiento
puede analizarse en varios niveles complementarios. En primer lugar, a nivel
conductual, observando si los modelos responden de forma similar a los hu-
manos ante estimulos visuales controlados. En segundo lugar, a nivel rep-
resentacional, estudiando si la organizacién interna de las representaciones
aprendidas refleja las distancias perceptuales humanas. Y, en tercer lugar,
a nivel computacional, preguntandose si los calculos implementados en las
redes reproducen operaciones identificadas en la neurociencia, como mecan-
ismos de ganancia adaptativa o sensibilidad al contraste. Esta triple perspec-
tiva permite ir mas alla de la precision en tareas concretas para abordar la
cuestion de fondo: ;ven los modelos lo mismo que vemos los humanos?

La presente tesis se inscribe en este marco, con una vision doble. Por
un lado, (1) evaluar si la incorporacién de mecanismos inspirados en la bi-
ologia puede mejorar la robustez y el rendimiento de los modelos de vision,
ampliando su capacidad para generalizar més alla de las condiciones de entre-
namiento. Por otro lado, (2) analizar hasta qué punto las representaciones
y comportamientos de dichos modelos se alinean con los de la percepcion
humana, utilizando para ello protocolos inspirados en la psicofisica clésica.
Al situarse en la interseccién entre neurociencia, psicologia experimental y
aprendizaje profundo, este trabajo aspira a contribuir a una comprensién
mas rica de la relacion entre sistemas artificiales y humanos, y a sentar las
bases para el diseno de arquitecturas de vision artificial que no solo sean



precisas, sino también perceptualmente afines a nuestra experiencia visual.

Objetivos de la tesis

El trabajo de investigacion se articula en torno a un conjunto de objetivos
interrelacionados que buscan tender un puente entre el mundo de la vision
biolégica y los desarrollos recientes en aprendizaje profundo. Estos obje-
tivos responden a una preocupacion central: comprender si los mecanismos
que dotan a la percepcién humana de robustez, adaptabilidad y coherencia
pueden trasladarse a arquitecturas artificiales, y en qué medida estas ar-
quitecturas logran reproducir comportamientos perceptuales analogos a los
nuestros.

El primer objetivo consiste en integrar calculos biolégicamente inspirados
dentro de las arquitecturas de deep learning. En este sentido, la tesis se cen-
tra en la normalizacién divisiva (Divisive Normalization, DN), un mecanismo
ampliamente documentado en el cortex visual temprano, especialmente en el
area V1. La DN actiia como un proceso de control de ganancia que regula
la respuesta neuronal en funcién de la actividad del entorno, garantizando
eficiencia y estabilidad en la percepcion humana. La investigacion explora su
implementacion en modelos de segmentacion como U-Net, analizando si la
introduccion de este mecanismo aporta ventajas practicas en términos de ro-
bustez frente a condiciones visuales adversas como niebla, baja iluminacion
o reduccién de contraste. Con ello se busca comprobar si la inspiracion
biolégica puede traducirse en un mejor desempeno computacional sin sacri-
ficar eficiencia.

El segundo objetivo aborda el desarrollo y aplicacion de metodologias
que permitan medir de manera rigurosa el alineamiento entre sistemas ar-
tificiales y percepcion humana. Para ello, la tesis propone herramientas in-
spiradas en la psicofisica y en la ciencia de la vision, disciplinas que han
estudiado durante décadas los fundamentos de la percepciéon mediante ex-
perimentos controlados. Se plantea la construccién de baterias de pruebas
que evalien propiedades de bajo nivel, como la sensibilidad al contraste o la
discriminacién cromatica, junto con marcos que permitan analizar el grado
de similitud en representaciones internas y respuestas conductuales. FEste
objetivo busca superar la dependencia exclusiva de métricas tradicionales de
precisiéon o exactitud, aportando indicadores mas cercanos a la experiencia
perceptual humana.



Finalmente, el tercer objetivo consiste en analizar los factores que de-
terminan el grado de alineamiento en modelos de aprendizaje profundo. El
interés no se limita inicamente a las modificaciones arquitecténicas, sino que
se extiende a elementos como las estadisticas de los conjuntos de datos de
entrenamiento, los objetivos de optimizacion empleados, la duraciéon de los
procesos de aprendizaje, las técnicas de regularizaciéon y las estrategias de
lectura e interpretacion de las representaciones internas. Se pretende desen-
tranar qué condiciones favorecen o, por el contrario, dificultan la emergencia
de propiedades comparables a la percepcién humana. Este andlisis ofrece una
perspectiva amplia que permite comprender la alineacién perceptual como un
fenémeno multifactorial, resultado de la interaccion entre arquitectura, datos
y objetivos de aprendizaje.

En conjunto, estos objetivos marcan un itinerario de investigacién que
combina diseno arquitectonico, desarrollo metodolégico y analisis critico de
factores determinantes. La meta tltima es avanzar hacia modelos de vision
artificial que no solo destaquen por su precision en distintos conjuntos de
datos, sino que también se aproximen a la manera en que los seres humanos
perciben, interpretan y responden al mundo visual.

Metodologia

La estrategia metodologica de esta tesis se fundamenta en la combinacion
de tres aproximaciones complementarias que, en conjunto, permiten abordar
el problema del alineamiento perceptual desde una perspectiva amplia y mul-
tidimensional. En lugar de limitarse al analisis de un tnico tipo de arquitec-
tura o métrica de rendimiento, el trabajo propone un marco metodolégico que
integra el diseno de modelos bioinspirados, la creacién de marcos de evalu-
acion perceptual basados en la psicofisica y la comparacion sistematica entre
distintas arquitecturas de aprendizaje profundo. Esta combinaciéon busca no
solo medir la eficacia técnica de los modelos, sino también indagar en su
grado de semejanza con la percepcién humana.

En primer lugar, se desarrollaron modelos bioinspirados que incorporan
mecanismos computacionales inspirados en la neurociencia visual. La es-
trategia mas relevante en este ambito fue la integracion de la normalizacion
divisiva en variantes de la arquitectura U-Net, ampliamente utilizada en tar-
eas de segmentacién de imagenes. Estas capas de normalizacién, disenadas
como modulos diferenciables dentro del marco del aprendizaje profundo,



fueron concebidas para emular propiedades funcionales del cértex visual tem-
prano, particularmente aquellas relacionadas con el control de ganancia y la
adaptacion al contraste local. Para evaluar su impacto, se compararon mod-
elos con y sin estas capas en contextos adversos que suelen representar un
desafio tanto para la vision artificial como para la vision humana: escenas
con niebla, condiciones de baja iluminacién y variaciones significativas en el
contraste. El propésito de este analisis fue doble. Por un lado, se pretendia
determinar si la bioinspiracion podia traducirse en una mayor robustez y
generalizacion de los modelos; por otro, se evaluaba si estas modificaciones
arquitectonicas eran capaces de inducir propiedades perceptuales més cer-
canas a las humanas, algo que trasciende la mera mejora en métricas de
segmentacion.

En segundo lugar, se desarrollaron marcos de evaluacién perceptual es-
pecificamente disenados para estudiar el grado de alineamiento entre los
modelos de aprendizaje profundo y la percepcion humana. Este aspecto
metodolégico constituye una de las aportaciones mas originales de la tesis,
ya que supone un alejamiento de los indicadores tradicionales de rendimiento
y se adentra en la psicofisica como referente evaluativo. Se elabord, en
primer lugar, un decdlogo de fenémenos psicofisicos de bajo nivel que incluye
pruebas como la sensibilidad al contraste, el enmascaramiento contextual,
la adaptacion a estimulos repetidos y otros fenémenos fundamentales en el
estudio de la vision. Este conjunto de experimentos permitié analizar en qué
medida los modelos replican o divergen de los patrones observados en ob-
servadores humanos. A este marco se anadié la adaptacion de las conocidas
elipses de MacAdam al dominio de las redes neuronales, lo que posibilito
medir umbrales de discriminacion cromatica en los modelos y compararlos
con los datos psicofisicos humanos. Complementariamente, se implemen-
taron pruebas de funciones de sensibilidad al contraste (CSF) en modelos de
lenguaje multimodal, que permiten estimar la capacidad de los modelos para
responder a variaciones de frecuencia espacial y de contraste, sin necesidad
de acceder directamente a sus representaciones internas. Finalmente, en el
caso de CLIP, se propuso un enfoque por niveles de abstracciéon, diferen-
ciando tareas de bajo, medio y alto nivel perceptual con el fin de analizar
cémo evoluciona el alineamiento a lo largo de las capas y a medida que pro-
gresa el entrenamiento. En conjunto, estos marcos metodolégicos constituyen
una bateria de herramientas de evaluacion perceptual que complementan y
amplian las métricas convencionales.



El tercer pilar metodolégico consistié en llevar a cabo comparaciones sis-
tematicas entre distintas arquitecturas de redes neuronales. Se analizaron
tanto modelos puramente visuales, como las redes convolucionales y los Vi-
sion Transformers, como modelos multimodales méas recientes, tales como
CLIP y los grandes modelos de lenguaje multimodal (MLLMs). En todos
los casos, la evaluacion se realizé en dos dimensiones complementarias: por
un lado, se consideré el rendimiento en conjuntos de datos estandar de la
literatura, lo que permitié situar los modelos en el estado del arte; por otro,
se analizo su comportamiento en los marcos perceptuales descritos anterior-
mente, con el objetivo de determinar en qué medida las diferencias arqui-
tectonicas, las estrategias de entrenamiento o los datos empleados influyen
en el alineamiento perceptual con los humanos. Este enfoque comparativo
permitié identificar qué factores —ya sean estructurales, relacionados con el
conjunto de datos de entrenamiento o derivados de la regularizacién— favore-
cen o dificultan la convergencia entre la percepcion artificial y la humana.

En resumen, la metodologia adoptada en esta tesis responde a la necesidad
de articular un enfoque integrador que combine bioinspiracién, psicofisica y
comparacion entre arquitecturas. De esta manera, no solo se persigue avanzar
en el diseno de modelos mas robustos y precisos, sino también comprender en
qué condiciones dichas arquitecturas se aproximan o se alejan de los proce-
sos perceptuales humanos. Este marco metodolégico constituye, por tanto,
la base empirica y conceptual sobre la cual se construyen los resultados y
conclusiones presentados en la investigacion.

Resultados principales

La presente tesis doctoral ha producido una serie de resultados que, en
conjunto, permiten comprender mejor la compleja relacion entre la bioin-
spiracion arquitectonica, la robustez computacional y el alineamiento per-
ceptual entre redes neuronales profundas y el sistema visual humano. Los
hallazgos se pueden sintetizar en varios ejes tematicos, aunque cada uno de
ellos estd interconectado y contribuye a la formulacion de conclusiones de
mayor alcance conceptual.

Bioinspiracién y robustez

Uno de los primeros resultados relevantes se obtuvo en el ambito del
diseno de modelos bioinspirados. La incorporaciéon de mecanismos de nor-



malizacién divisiva (DN) en arquitecturas de tipo U-Net mostré un impacto
directo en la robustez frente a perturbaciones visuales. Este hallazgo resulta
especialmente significativo porque confirma empiricamente lo que la liter-
atura en neurociencia lleva tiempo sugiriendo: la normalizacién divisiva, am-
pliamente observada en la corteza visual temprana, constituye un mecanismo
fundamental de control de ganancia y adaptacion al contexto que permite a
los organismos bioldgicos procesar informacion visual de manera estable en
entornos cambiantes.

En el caso de los experimentos realizados en esta tesis, las U-Nets con
capas DN demostraron un mejor rendimiento en imagenes degradadas por
condiciones adversas tales como niebla, baja iluminacién o alteraciones en
el contraste. Frente a estas distorsiones, que suelen ser criticas para aplica-
ciones como la conduccion auténoma o la vigilancia en entornos poco con-
trolados, los modelos mejorados con DN mantuvieron una capacidad de seg-
mentacion significativamente mas alta que sus homologos estandar. Ademas,
esta mejora no supuso un incremento notable en la complejidad computa-
cional: el aumento en el nimero de parametros fue marginal, lo que demues-
tra que la integracién de mecanismos bioinspirados puede aportar beneficios
sustanciales sin comprometer la escalabilidad de las arquitecturas modernas.
En suma, estos resultados ponen de manifiesto que la transferencia de ideas
provenientes de la biologia al disefio de modelos artificiales no solo es con-
ceptualmente coherente, sino también practicamente eficaz para dotar a las
redes de una mayor generalizacion frente a perturbaciones.

Falta de alineamiento perceptual

No obstante, el andlisis detallado revel6 un contraste llamativo entre ro-
bustez y alineamiento perceptual. Los mismos modelos bioinspirados que
incorporaban capas de normalizacion divisiva, y que habian demostrado ven-
tajas en entornos degradados, no lograron replicar fenémenos psicofisicos
bésicos cuando se evaluaron mediante el marco del Decalogo. Este conjunto
de pruebas, disenado para explorar propiedades de bajo nivel como la sensi-
bilidad al contraste, la adaptacion y el enmascaramiento contextual, mostro
que las U-Nets con DN se desviaban significativamente de las curvas y pa-
trones caracteristicos de la percepciéon humana.

Por ejemplo, mientras que un observador humano presenta un umbral
bien definido de sensibilidad a frecuencias espaciales y un comportamiento
predecible frente a enmascaramiento lateral, los modelos analizados no repro-



ducian dichas regularidades. Su respuesta permanecia anclada a dindmicas
puramente computacionales, sin reflejar la riqueza adaptativa de la per-
cepcion humana. Este resultado es clave porque muestra que mejorar la
robustez de un modelo no equivale a hacerlo mas humano. De hecho, un sis-
tema puede ser capaz de resistir perturbaciones de manera eficiente sin que
ello implique que sus estrategias internas se asemejen a las del sistema visual
biolégico. La conclusion que se desprende es que la bioinspiracién, aunque
util, no garantiza por si sola el alineamiento perceptual.

Color y estadistica de los datos

El andlisis de la discriminacién cromatica a través de las elipses de MacAdam
ofrecio otra perspectiva fundamental. Estos experimentos pusieron de relieve
que la capacidad de un modelo para distinguir colores depende mas de la
riqueza cromatica del conjunto de datos con el que ha sido entrenado que
de la propia arquitectura. Dicho de otro modo, la estadistica del entorno
visual —representada por la diversidad cromatica en los datos— constituye
un factor determinante para la aproximacion al comportamiento humano en
tareas cromaticas.

Los resultados mostraron que redes entrenadas con datasets cromaticamente
limitados producian elipses de discriminacién distorsionadas y alejadas de las
observadas en sujetos humanos. En cambio, aquellas redes entrenadas con
distribuciones cromaticas mas ricas y variadas generaban regiones de dis-
criminacion que se aproximaban mucho més a las elipses humanas clasicas.
Este hallazgo refuerza la idea de que el alineamiento perceptual no solo se ve
condicionado por la bioinspiraciéon arquitecténica, sino también, y en gran
medida, por las propiedades estadisticas del entorno de entrenamiento. El
papel del dataset, por tanto, no se limita a proporcionar ejemplos suficientes
para la generalizacién, sino que puede moldear directamente la estructura
perceptual emergente en los modelos.

Multimodalidad y pérdida de alineamiento de bajo nivel

Los experimentos con modelos multimodales introducen una capa adi-
cional de complejidad. En el caso de CLIP, se observo que en las fases ini-
ciales del entrenamiento las representaciones se apoyaban fundamentalmente
en texturas, lo que producia una mayor coincidencia con la percepcion hu-
mana de bajo nivel. Sin embargo, a medida que el entrenamiento avanzaba
y la supervisién lingiiistica adquiria un papel central, las representaciones



se desplazaban hacia formas globales y abstracciones semanticas. Este de-
splazamiento resulté ventajoso para la categorizacion y la generalizacion de
alto nivel, pero supuso una pérdida de sensibilidad hacia los detalles locales,
precisamente aquellos que caracterizan la percepcién humana temprana.

Algo similar se constatd en los grandes modelos de lenguaje multimodal
(MLLMs). A pesar de sus sorprendentes capacidades de razonamiento y su
éxito en tareas complejas, las pruebas de funcion de sensibilidad al contraste
(CSF) revelaron limitaciones notables. Estos modelos no replicaban de man-
era fidedigna la sensibilidad humana a la frecuencia espacial ni al contraste,
aunque en algunos casos llegaban a aproximarse cualitativamente a ciertos
patrones. Ninguno, sin embargo, alcanzaba el nivel de fidelidad propio de
la vision humana. Este hallazgo pone en evidencia un problema recurrente:
los modelos multimodales son extraordinarios en razonamiento semantico y
transferencia de conocimiento, pero carecen de los fundamentos perceptuales
bésicos que caracterizan la cognicién visual humana.

Trade-off entre precisién y alineamiento

Finalmente, uno de los resultados mas reveladores de la tesis fue la con-
statacion de un compromiso intrinseco —o trade-off— entre precision y alin-
eamiento perceptual. Los experimentos demostraron que la relacién entre el
rendimiento de los modelos y su similitud con la percepcién humana no es
mondtona, sino que adopta una forma de U invertida. En otras palabras,
los modelos méas grandes, entrenados durante mas tiempo o con técnicas
de regularizacion intensiva, lograban puntuaciones superiores en benchmarks
convencionales, pero al mismo tiempo mostraban un menor grado de alin-
eamiento con el comportamiento humano en tareas perceptuales.

Paradéjicamente, arquitecturas mas simples, como AlexNet, o representa-
ciones intermedias dentro de CLIP, resultaban mas cercanas a la percepcion
humana en dominios de bajo nivel. Esto sugiere que optimizar exclusiva-
mente para la precision puede alejar a los modelos de la estructura per-
ceptual humana, mientras que configuraciones mas modestas preservan, en
mayor medida, regularidades compartidas con la visiéon biolégica. El hallazgo
invita a reconsiderar los objetivos del diseno de arquitecturas y plantea la
necesidad de métricas complementarias a la precisién que tengan en cuenta
la alineacién perceptual como criterio de evaluacion.
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Discusiéon

Los resultados obtenidos a lo largo de esta tesis permiten abrir una re-
flexién amplia sobre las tensiones y paradojas que emergen en la relacion
entre bioinspiracion, rendimiento técnico y alineamiento perceptual en mod-
elos de vision artificial. Aunque a primera vista podria parecer que estos
tres aspectos deberian converger de manera natural —pues se presupone que
emular a la biologia deberia conducir a sistemas robustos y perceptualmente
humanos—, la evidencia recopilada muestra que la realidad es mucho mas
matizada.

En primer lugar, se observa un claro desacoplamiento entre la plausibil-
idad bioldgica y el comportamiento perceptual humano. La integracion de
mecanismos como la normalizacién divisiva en arquitecturas de segmentacion
produjo una mejora tangible en la robustez frente a degradaciones visuales,
confirmando que la bioinspiraciéon puede tener un valor instrumental en
términos de generalizacion y resistencia a perturbaciones. Sin embargo, esa
misma bioinspiracién no resulté suficiente para garantizar que los modelos re-
produjeran fenémenos psicofisicos basicos, como la sensibilidad al contraste o
el enmascaramiento contextual. Dicho de otra forma, se puede incrementar la
funcionalidad sin necesariamente aproximarse a la fenomenologia perceptual
humana. Este hallazgo desafia la intuicién inicial de que la implementacion
de moédulos inspirados en la neurociencia conllevaria automaticamente un
mayor alineamiento, y sugiere que la traduccién de mecanismos biolégicos a
sistemas artificiales exige considerar no solo la arquitectura, sino también el
contexto estadistico y la dindmica del aprendizaje.

En segundo lugar, la investigacién confirma que el alineamiento humano
es una propiedad emergente y multifactorial. No puede atribuirse exclusiva-
mente a un unico componente del modelo, ya sea la arquitectura, el conjunto
de datos o el objetivo de entrenamiento. Maés bien, surge de la interaccién
inseparable entre multiples elementos: las estadisticas del entorno de en-
trenamiento, los objetivos de optimizacion seleccionados, la regularizacion
aplicada, la escala del modelo y, en el caso de los sistemas multimodales,
la naturaleza de la supervisiéon lingiiistica. Esta perspectiva resuena con el
marco clésico de los niveles de analisis de Marr, donde se distinguen el nivel
computacional (qué se hace y por qué), el nivel algoritmico (cémo se hace) y el
nivel de implementacién (con qué mecanismos se lleva a cabo). En la practica,
los resultados de esta tesis muestran que estos niveles no se mantienen aisla-
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dos, sino que estan profundamente entrelazados. Un cambio en la tarea o en
los objetivos de optimizacién repercute en la forma en que se configuran las
representaciones internas y, en consecuencia, en el alineamiento perceptual.
Esto dificulta establecer relaciones lineales de causa-efecto y obliga a adoptar
un enfoque sistémico para comprender el comportamiento de los modelos.

Otro hallazgo crucial es el fenémeno contraintuitivo segin el cual una
optimizacién excesiva puede alejar a los modelos de la percepcién humana.
A medida que se incrementa la capacidad del modelo, se prolonga el entre-
namiento o se aplican técnicas avanzadas de regularizacion, las redes tienden
a alcanzar un rendimiento superior en benchmarks clasicos de clasificacién o
segmentacion, pero pierden similitud con la percepciéon humana en tareas de
bajo nivel. Esta relaciéon en forma de U invertida plantea un dilema funda-
mental: maximizar la precision técnica puede implicar un coste en términos
de alineamiento perceptual. En otras palabras, perseguir obsesivamente el
estado del arte en métricas convencionales no solo no garantiza, sino que
incluso puede obstaculizar, la aproximacién a la percepcion humana. Este
hallazgo abre un debate de fondo sobre cudles deberian ser los objetivos prior-
itarios en el desarrollo de sistemas de vision artificial: jdeberiamos centrarnos
Unicamente en la eficacia medida en conjuntos de datos, o deberiamos dar
mayor peso a la similitud con la cognicién humana, incluso a costa de perder
algunos puntos porcentuales de precisién?

El papel del lenguaje en los modelos multimodales constituye otro aspecto
digno de discusion. Los resultados muestran que la supervision lingiiistica,
lejos de ser un complemento neutral, introduce un sesgo estructural en las
representaciones internas de los modelos. Bajo esta influencia, las redes
tienden a desplazar sus representaciones hacia abstracciones semanticas y
formas globales, lo que incrementa la robustez y la capacidad de catego-
rizacién en niveles altos de procesamiento, pero reduce la sensibilidad a
fenomenos de bajo nivel como las texturas locales o las variaciones finas
de contraste. Este hallazgo cuestiona la nociéon de que la multimodalidad
constituya una via directa hacia un mayor alineamiento con la percepcion
humana. Si bien el lenguaje enriquece las representaciones y potencia la
capacidad de razonamiento, también modifica la “ecologia perceptual” de
los modelos, alejandolos de las caracteristicas que son propias de la per-
cepcion visual temprana en humanos. En cierto sentido, lo que se gana en
abstraccion semantica se pierde en fidelidad perceptual basica, lo que plantea
interrogantes sobre cémo equilibrar ambas dimensiones en futuros disenos de
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modelos multimodales.

Finalmente, es importante resaltar que los resultados de esta tesis también
invitan a replantear la relacion entre robustez, interpretabilidad y alineamiento.
Mientras que la robustez técnica puede lograrse a través de mecanismos bioin-
spirados o mediante el aumento de la escala del modelo, el alineamiento
perceptual requiere marcos de evaluacién mas sofisticados, basados en la psi-
coffsica y en comparaciones conductuales. La contribucién de este trabajo
no radica tnicamente en haber mostrado divergencias entre los modelos y los
humanos, sino en haber proporcionado metodologias sistematicas que per-
miten medir, con cierto grado de objetividad, en qué puntos se aproximan y
en qué puntos se separan. Esta capacidad de evaluacion es clave, ya que sin
ella el alineamiento perceptual quedaria relegado a una categoria anecdotica
o subjetiva, mientras que aqui se consolida como un objetivo empirico y
cuantificable.

Conclusiones

Al evaluar el desarrollo de esta tesis en relacion con los objetivos inicial-
mente planteados, puede afirmarse que el trabajo ha logrado dar respuesta a
cada uno de ellos, aunque los hallazgos obtenidos invitan a reflexionar mas
alla de lo estrictamente propuesto. El primer objetivo consistia en explorar
si la incorporacion de mecanismos bioinspirados, en particular la normal-
izacion divisiva, podia mejorar el rendimiento de las redes neuronales pro-
fundas en tareas de segmentacion. Los resultados obtenidos confirman que
esta estrategia efectivamente aporta un valor anadido: las arquitecturas en-
riquecidas con DN demostraron una mayor robustez frente a degradaciones
visuales como niebla, baja iluminacion o variaciones de contraste. Esto con-
stituye una prueba empirica de que la bioinspiracién puede contribuir de
forma directa a aumentar la generalizacion y la estabilidad de los mode-
los. Sin embargo, también quedd claro que la mejora en rendimiento no se
traduce automaticamente en un mayor alineamiento perceptual. Dicho de
otro modo, la robustez técnica y la similitud con el comportamiento humano
son dimensiones relacionadas pero independientes, y no basta con incorporar
un mecanismo neuronal conocido para garantizar que una red artificial se
comporte como un observador humano.

El segundo objetivo planteaba el desarrollo de metodologias que permi-
tiesen evaluar de manera mas rica y granular el grado de alineamiento entre
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modelos y percepcién humana. En este aspecto, la tesis aporta una con-
tribucion sustancial. Se disenaron y aplicaron distintos marcos de evaluacion
inspirados en la psicofisica, tales como el Decalogo de fenémenos de bajo
nivel, la adaptacion de las elipses de MacAdam para estimar la discrimi-
nacion cromatica, la evaluacion de la funcién de sensibilidad al contraste
en modelos multimodales y el analisis del alineamiento a distintos niveles
de abstraccion en CLIP. Estos instrumentos permiten no solo diagnosticar
de manera mas precisa las similitudes y divergencias entre vision artificial y
humana, sino también comparar arquitecturas heterogéneas bajo un mismo
prisma evaluativo. En este sentido, el trabajo no se limita a identificar fallos
o aciertos en modelos concretos, sino que establece un marco metodologico
que puede ser reutilizado y ampliado en investigaciones futuras.

El tercer objetivo buscaba esclarecer qué factores son determinantes en
la emergencia del alineamiento perceptual. La evidencia reunida demuestra
que este fenémeno es multifactorial y que, lejos de depender exclusivamente
de la arquitectura, estd condicionado por la interaccion entre multiples el-
ementos. La naturaleza de los datos de entrenamiento y los objetivos de
optimizacién resultaron ser mas influyentes que la mera elecciéon de bloques
arquitectonicos. El caso de la discriminacién cromética es paradigmatico: lo
que mas acerco a los modelos a la percepcién humana no fue la introduccién
de mecanismos de normalizacion divisiva, sino la riqueza cromatica del en-
torno visual contenido en los datos. De forma mas amplia, el trabajo muestra
que el alineamiento perceptual es un producto emergente de la interaccion
entre arquitectura, datos, objetivos y supervision, y que ningun factor aislado
resulta suficiente para explicarlo por completo.

En conjunto, la tesis ofrece aportaciones en tres planos complementarios.
Desde el punto de vista empirico, aporta resultados concretos sobre la ro-
bustez en segmentacién, la discriminacion cromética y el comportamiento de
modelos multimodales, iluminando asi diferentes facetas de la relacion entre
vision humana y artificial. En el plano metodolégico, introduce marcos de
evaluacion novedosos inspirados en la psicofisica, que abren la posibilidad
de establecer criterios més finos y rigurosos para medir la alineaciéon. Y en
el plano conceptual, invita a replantear la clasica separacién de niveles de
analisis propuesta por Marr, mostrando que en la practica del aprendizaje
profundo estos niveles —tarea, algoritmo e implementacion— aparecen en-
trelazados y no pueden estudiarse de manera independiente sin perder de
vista su mutua interdependencia.
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Las conclusiones generales de la tesis, por tanto, no se limitan a validar los
objetivos iniciales, sino que ponen de manifiesto la necesidad de replantear
los criterios de diseno y evaluacién de los modelos de vision artificial. La
robustez, la precision y el alineamiento perceptual no son metas que se al-
cancen por los mismos caminos, y comprender sus tensiones y compromisos
es esencial para avanzar hacia sistemas verdaderamente humanocéntricos.

Perspectivas futuras

Los hallazgos de esta tesis doctoral abren multiples vias de investigacion
que pueden orientar el trabajo futuro en el ambito de la vision artificial y
el alineamiento perceptual. Una de las direcciones mas prometedoras con-
siste en el diseno de objetivos de entrenamiento hibridos que no se lim-
iten a maximizar la precision en benchmarks tradicionales, sino que inte-
gren explicitamente criterios de semejanza con la percepcion humana. Esto
podria materializarse a través de pérdidas perceptuales derivadas de juicios
humanos, bases de datos anotadas con evaluaciones psicofisicas o, més re-
cientemente, mediante técnicas de optimizacion directa de preferencias, como
la Direct Preference Optimization que ya se ha explorado en el campo del
lenguaje natural. La incorporacién de estos criterios permitiria examinar
si es posible superar el dilema, identificado en esta tesis, entre la precision
técnica y la similitud perceptual, y abriria la puerta a modelos que no solo
acierten mas, sino que también “vean” de un modo més parecido al humano.

Otra linea de desarrollo natural es la extensién del estudio de mecanismos
bioinspirados a arquitecturas més recientes y dominantes en el panorama ac-
tual. En particular, los Vision Transformers y los modelos multimodales de
gran escala ofrecen un terreno fértil para experimentar con la integracion de
normalizacion divisiva u otros calculos inspirados en la neurociencia. La pre-
gunta aqui no es inicamente si tales mecanismos pueden mejorar la robustez
en tareas especificas, sino también si su incorporacién en arquitecturas car-
acterizadas por el autoatentido y la multimodalidad introduce formas mas
humanas de procesamiento perceptual. En este sentido, evaluar la utilidad de
la bioinspiracién en un contexto donde el sesgo del lenguaje y la abstraccion
semantica juegan un papel tan central permitira comprender mejor los limites
y el alcance de la transferencia de principios bioldgicos al aprendizaje pro-
fundo.

Del mismo modo, resulta esencial seguir avanzando en el disenio de métricas
de alineamiento perceptual que sean independientes de la estrategia de lec-
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tura de las representaciones internas de los modelos. La experiencia de esta
tesis muestra que, en muchos casos, la comparacién capa a capa no es su-
ficiente para capturar la complejidad del alineamiento. Seria necesario pro-
poner métricas inspiradas en paradigmas psicofisicos clasicos —sensibilidad al
contraste, discriminacion cromatica, ilusiones visuales— pero formuladas de
manera que puedan aplicarse a modelos como los MLLMs, donde no siempre
es posible acceder de manera transparente a las activaciones internas. Es-
tas métricas ofrecerian medidas comparables y robustas incluso en sistemas
de caja negra, y permitirian establecer estandares mas homogéneos en la
evaluacion de modelos de distinta naturaleza.

Ademas, el marco de evaluacion deberia expandirse hacia fenémenos per-
ceptivos de nivel medio y alto, que hasta ahora han recibido menos atencién.
Aspectos como la percepcion de la forma global, la integracién contextual o
incluso la sensibilidad a ilusiones visuales podrian constituir pruebas valiosas
para analizar hasta qué punto los modelos logran capturar las regularidades
de la percepcion humana mas alla de los dominios de bajo nivel. Incor-
porar estas dimensiones ayudaria a cerrar la brecha entre la evaluaciéon de
caracteristicas sensoriales basicas y la comprension de procesos cognitivos
mas abstractos, consolidando el alineamiento perceptual como un objetivo
transversal en todas las capas y niveles de representacion.

Finalmente, los resultados aqui presentados refuerzan la necesidad de que
el alineamiento perceptual pase a formar parte de los estandares de evaluacion
en vision artificial. Para aplicaciones criticas en las que los modelos inter-
actiuan directamente con seres humanos —como la conduccién auténoma, la
medicina asistida por TA o los sistemas de seguridad—, no basta con alcanzar
un alto rendimiento en un conjunto de datos estatico. Es indispensable que
las métricas de éxito reflejen también la similitud con los procesos percep-
tuales humanos, garantizando que los sistemas artificiales operen de un modo
mas seguro, interpretable y confiable. En este sentido, la tesis ofrece tanto
evidencias empiricas como herramientas metodolégicas que pueden servir de
base para futuras iniciativas orientadas a institucionalizar el alineamiento
perceptual como criterio de referencia. Avanzar en esta direcciéon no solo
contribuiria a mejorar la calidad cientifica del campo, sino que también fort-
aleceria la confianza social en los sistemas de inteligencia artificial que forman
parte cada vez mas activa de nuestro entorno cotidiano.
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Justificacion de la unidad tematica de los articulos

El conjunto de articulos que conforman esta tesis doctoral responde a
una misma preocupacion central: comprender hasta qué punto los modelos
de vision artificial se aproximan a la percepcion humana y bajo qué condi-
ciones emerge o se debilita dicho alineamiento. Aunque cada publicacion
aborda esta cuestion desde un angulo especifico —ya sea el diseno de mod-
elos bioinspirados, la elaboracién de marcos de evaluacién psicofisica o el
andlisis comparativo de arquitecturas y factores de entrenamiento—, todas
comparten el hilo conductor de explorar la interaccién entre rendimiento
técnico, plausibilidad biolégica y semejanza perceptual.

La primera linea de trabajos se centrd en introducir y evaluar mecanis-
mos bioinspirados, como la normalizacion divisiva, en arquitecturas de seg-
mentacion. Estos estudios no solo aportaron evidencias de que la bioin-
spiracién puede mejorar la robustez y la generalizacion en condiciones adver-
sas, sino que también establecieron la base experimental para contrastar si
tales mecanismos inducen o no comportamientos perceptualmente humanos.

Una segunda serie de publicaciones se orienté a la creacién de marcos de
evaluaciéon perceptual, inspirados en la psicofisica, con el fin de disponer de
herramientas que permitieran medir el alineamiento de manera sistematica.
El Decéalogo de fenémenos de bajo nivel, la adaptacion de las elipses de
MacAdam y las pruebas de sensibilidad al contraste en modelos multimodales
constituyen aportaciones metodolégicas que trascienden los modelos concre-
tos y ofrecen un repertorio aplicable a futuros trabajos en la disciplina.

Finalmente, un tercer bloque de articulos abordé la comparacion sis-
tematica entre diferentes arquitecturas —desde CNNs y Vision Transformers
hasta CLIP y grandes modelos multimodales— con el objetivo de identificar
qué factores determinan en mayor medida la proximidad a la percepcién hu-
mana. Estos analisis permitieron mostrar que la alineaciéon no es exclusiva
de un diseno arquitecténico particular, sino que depende de la interaccién
multifactorial entre datos, objetivos de entrenamiento y supervision.

En conjunto, los distintos articulos no constituyen contribuciones ais-
ladas, sino piezas complementarias de una investigacién unificada. Cada
publicaciéon aborda un aspecto parcial del problema, pero todas convergen
en una conclusién comun: el alineamiento perceptual debe entenderse como
una propiedad emergente que requiere tanto innovaciones en el diseno de
modelos como marcos de evaluacion inspirados en la percepcién humana.
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Esta coherencia temética justifica el formato de compendio y refuerza el
valor integrador de la tesis, que ofrece una visiéon global sobre cémo acercar
la vision artificial a la humana desde perspectivas empiricas, metodoldgicas
y conceptuales.
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Abstract

This thesis addresses a fundamental problem in contemporary computer
vision: the question of perceptual alignment, specifically investigating the
extent to which deep neural networks perceive and interpret the visual world
in a manner comparable to human observers. While deep learning has cat-
alyzed revolutionary advances in the field, achieving state-of-the-art perfor-
mance across a wide array of tasks, including image segmentation, object
classification, and complex multimodal reasoning, the connection between
these artificial systems and the mechanisms underlying human visual per-
ception remains notably limited. Despite impressive accuracy metrics, deep
neural networks often exhibit behaviors that diverge from human perception,
particularly under conditions of visual ambiguity or in the presence of subtle
contextual cues. This work investigates the interplay between biological plau-
sibility, computational performance, and perceptual alignment, employing a
combination of bio-inspired architectural modifications and psychophysically
grounded evaluation protocols to rigorously quantify the similarities and di-
vergences between machine and human vision.

The first part of the thesis focuses on biologically inspired computational
mechanisms, examining their capacity to enhance robustness while maintain-
ing computational efficiency. Specifically, we investigate the integration of
divisive normalization (DN), a canonical computation observed in the early
visual cortex, into state-of-the-art segmentation architectures, including vari-
ants of the widely used U-Net. Divisive normalization serves as a canonical
gain-control mechanism that modulates neural responses based on local con-
trast, and it has been implicated in numerous low-level perceptual phenom-
ena observed in human vision. Experimental results demonstrate that models
incorporating DN exhibit increased robustness under adverse environmental
conditions, such as fog, low lighting, or reduced contrast, achieving improved
segmentation performance with only minimal increases in model complexity
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or parameter count. However, when these biologically inspired models are
evaluated using the Decalogue, a rigorously designed battery of psychophys-
ical tests assessing low-level visual phenomena, including contrast sensitivity
and contextual masking, they fail to reproduce human-like perceptual be-
haviors. These findings suggest a nuanced conclusion: while biologically in-
spired computations can improve robustness and generalization, they do not
inherently induce human-like perceptual characteristics. This underscores
the distinction between improving task performance and achieving genuine
perceptual alignment with human observers.

The second part of the thesis develops systematic methodologies to mea-
sure perceptual alignment beyond traditional accuracy metrics, moving to-
ward behaviorally and psychophysically informed evaluation frameworks.
This includes developing the Decalogue for low-level phenomena, devising
novel procedures for assessing chromatic discrimination via MacAdam el-
lipses, evaluating contrast sensitivity function (CSF) responses in multimodal
language models (MLLMSs), and establishing a framework to quantify ab-
straction levels in vision-language models such as CLIP. The empirical results
obtained through these methodologies reveal critical insights into the factors
that influence alignment. For instance, neural networks trained on richer
chromatic distributions generate discrimination ellipses that more closely ap-
proximate human color perception, highlighting the importance of the visual
environment and data diversity. CSF evaluations reveal that even advanced
MLLMs exhibit marked limitations in reproducing basic human sensitivi-
ties to spatial frequency, suggesting persistent gaps in low-level perceptual
fidelity. In CLIP, alignment is found to vary across network layers: early
layers, which encode primarily texture-based information, exhibit moderate
alignment with human perception, whereas later layers, influenced by linguis-
tic supervision, increasingly abstract visual representations toward semantic
concepts. This abstraction enhances model robustness and task generaliza-
tion but diminishes alignment with low-level human perceptual behaviors.

The third part of the thesis investigates the broader determinants of per-
ceptual alignment. Through systematic analyses across convolutional neu-
ral networks (CNNs), Vision Transformers, CLIP, and multimodal language
models, the work demonstrates that alignment is a multifactorial property
emerging from complex interactions between architectural design, optimiza-
tion objectives, statistical properties of the training data, duration of train-
ing, and reading strategies. Interestingly, the relationship between task per-
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formance and perceptual alignment is non-monotonic: increasing model ca-
pacity or optimizing solely for accuracy can paradoxically reduce alignment
with human perception, resulting in an inverted U-shaped relationship be-
tween accuracy and perceptual similarity. Additionally, linguistic supervision
biases models toward global shape representations at the expense of local
texture information, emphasizing that the type of task and supervision can
play a more substantial role than architectural choices alone. These findings
suggest that perceptual alignment is more strongly constrained by the com-
bination of data, supervision, and task demands than by modifications to
network architecture.

Conceptually, this thesis contributes to a deeper understanding of the
interplay between performance, biological inspiration, and perceptual align-
ment, highlighting that improvements in accuracy or biologically moti-
vated design do not necessarily translate to human-like perceptual behavior.
Methodologically, it introduces systematic evaluation frameworks inspired
by psychophysics, which can be applied to both vision-only and multimodal
models to assess alignment rigorously. Empirically, it clarifies how factors
such as early visual computations, chromatic environmental richness, opti-
mization regimes, and language-based supervision interact to influence the
degree of similarity between artificial and human perception.

In conclusion, this thesis advances the understanding of how artificial
neural networks perceive visual stimuli and delineates the conditions under
which they diverge from human visual experience. It provides strong evidence
that bridging the gap between computational performance and perceptual
alignment requires moving beyond architectural inspiration, toward evalua-
tion frameworks and design principles that are explicitly informed by human
behavioral and psychophysical data. These contributions lay the foundation
for future research on biologically inspired, robust architectures and establish
perceptual alignment as a critical, complementary objective to accuracy in
the development and evaluation of computer vision systems. By integrating
insights from neuroscience, psychophysics, and machine learning, the work
positions perceptual alignment as a central consideration for designing ar-
tificial vision systems capable of functioning in real-world, human-centered
environments.
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Resumen

Esta tesis aborda un problema fundamental en la visiéon por computa-
dora contemporanea: la cuestion de la alineaciéon perceptual, investigando
especificamente en qué medida las redes neuronales profundas perciben e in-
terpretan el mundo visual de una manera comparable a los observadores hu-
manos. Si bien el aprendizaje profundo ha provocado avances revolucionarios
en el campo—alcanzando un rendimiento de vanguardia en tareas como seg-
mentacién de imagenes, clasificacion de objetos y razonamiento multimodal
complejo—Ia conexién entre estos sistemas artificiales y los mecanismos sub-
yacentes a la percepcion visual humana sigue siendo notablemente limitada.
A pesar de métricas de precisién impresionantes, las redes neuronales pro-
fundas a menudo exhiben comportamientos que divergen de la percepcién
humana, especialmente en condiciones de ambigiiedad visual o en presencia
de senales contextuales sutiles. Este trabajo investiga la interaccién entre
plausibilidad biolégica, rendimiento computacional y alineacion perceptual,
utilizando una combinacién de modificaciones arquitecténicas inspiradas en
la biologia y protocolos de evaluacién fundamentados en la psicofisica para
cuantificar rigurosamente las similitudes y divergencias entre la vision hu-
mana y la artificial.

La primera parte de la tesis se centra en los mecanismos computacionales
inspirados en la biologia, examinando su capacidad para mejorar la robustez
sin comprometer la eficiencia computacional. Especificamente, se investiga la
integracién de la normalizacién divisiva (ND), un cdlculo candnico observado
en la corteza visual temprana, en arquitecturas de segmentacion de tltima
generacion, incluyendo variantes de la ampliamente utilizada U-Net. La nor-
malizacion divisiva actiia como un mecanismo de control de ganancia que
modula la respuesta neuronal en funcién del contraste local y se ha implicado
en numerosos fendmenos perceptuales de bajo nivel observados en la vision
humana. Los resultados experimentales muestran que los modelos que in-
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corporan ND presentan una mayor robustez frente a condiciones ambientales
adversas, como niebla, baja iluminacion o contraste reducido, mejorando el
desempeno de segmentacion con solo un aumento minimo en la complejidad
o en la cantidad de pardmetros del modelo. Sin embargo, cuando estos mod-
elos inspirados en la biologia se evalian utilizando el Decalogo, un conjunto
rigurosamente disenado de pruebas psicofisicas que evalian fenémenos vi-
suales de bajo nivel, incluyendo sensibilidad al contraste y enmascaramiento
contextual, no logran reproducir comportamientos perceptuales similares a
los humanos. Estos hallazgos sugieren una conclusién matizada: aunque los
calculos inspirados en la biologia pueden mejorar la robustez y la general-
izacién, no inducen necesariamente caracteristicas perceptuales humanas, lo
que subraya la diferencia entre mejorar el rendimiento de la tarea y alcanzar
una alineacién perceptual genuina con los observadores humanos.

La segunda parte de la tesis desarrolla metodologias sistematicas para
medir la alineacién perceptual mas alla de las métricas tradicionales de pre-
cisién, avanzando hacia marcos de evaluacion fundamentados en el com-
portamiento y la psicofisica. Esto incluye el desarrollo del Decalogo para
fenémenos de bajo nivel, el diseno de nuevos procedimientos para evaluar la
discriminacién cromatica mediante las elipses de MacAdam, la evaluacién de
las funciones de sensibilidad al contraste (CSF) en modelos de lenguaje mul-
timodal (MLLM) y el establecimiento de un marco para cuantificar los niveles
de abstraccion en modelos de vision y lenguaje como CLIP. Los resultados
empiricos obtenidos mediante estas metodologias revelan informacion clave
sobre los factores que influyen en la alineacion. Por ejemplo, las redes neu-
ronales entrenadas con distribuciones croméaticas mas ricas generan elipses
de discriminacion que se aproximan mas a la percepcién humana del color,
lo que destaca la importancia del entorno visual y la diversidad de los datos.
Las evaluaciones de CSF muestran que incluso los MLLM ma&s avanzados
presentan limitaciones significativas para reproducir sensibilidades humanas
bésicas a la frecuencia espacial, indicando brechas persistentes en la fideli-
dad perceptual de bajo nivel. En CLIP, la alineacion varia a lo largo de las
capas de la red: las capas iniciales, que codifican informacién principalmente
basada en texturas, muestran una alineacién moderada con la percepcion
humana, mientras que las capas posteriores, influenciadas por la supervision
lingiiistica, abstraen las representaciones visuales hacia conceptos seméanticos.
Esta abstraccion mejora la robustez y la generalizacion de la tarea, pero dis-
minuye la alineacién con los comportamientos perceptuales humanos de bajo
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nivel.

La tercera parte de la tesis investiga los determinantes mas amplios de
la alineacion perceptual. A través de andlisis sistemédticos de redes neu-
ronales convolucionales (CNN), transformadores de visién, CLIP y modelos
de lenguaje multimodal, se demuestra que la alineacién es una propiedad
multifactorial que emerge de la interaccién compleja entre el diseno arqui-
tectonico, los objetivos de optimizacion, las propiedades estadisticas de los
datos de entrenamiento, la duracién del entrenamiento y las estrategias de
lectura. De manera interesante, la relacién entre el rendimiento en la tarea y
la alineacion perceptual es no mondtona: aumentar la capacidad del modelo
o optimizar exclusivamente para la precision puede reducir, paraddjicamente,
la alineacion con la percepcién humana, resultando en una relacion en forma
de U invertida entre precision y similitud perceptual. Ademas, la supervision
lingiiistica sesga los modelos hacia representaciones globales de forma a ex-
pensas de la informacion de textura local, enfatizando que el tipo de tarea
y la supervisién pueden tener un papel mas sustancial que las elecciones
arquitectonicas. Estos hallazgos sugieren que la alineacion perceptual esta
mas fuertemente determinada por la combinaciéon de datos, supervisién y
demandas de la tarea que por modificaciones arquitecténicas.

Conceptualmente, esta tesis contribuye a una comprensién mas pro-
funda de la interaccion entre rendimiento, inspiracién biolégica y alineacion
perceptual, destacando que las mejoras en precisiéon o en el diseno inspi-
rado biolégicamente no se traducen necesariamente en comportamientos per-
ceptuales humanos. Metodolégicamente, introduce marcos sistematicos de
evaluacién inspirados en la psicofisica, aplicables tanto a modelos solo de
vision como multimodales para evaluar la alineaciéon de manera rigurosa.
Empiricamente, clarifica cémo factores como célculos visuales tempranos,
riqueza cromatica del entorno, regimenes de optimizacién y supervision
lingiiistica interactian para influir en el grado de similitud entre percepcion
artificial y humana.

En conclusion, esta tesis avanza en la comprensién de como las redes
neuronales artificiales perciben estimulos visuales y delimita las condiciones
bajo las cuales divergen de la experiencia visual humana. Proporciona ev-
idencia sdlida de que cerrar la brecha entre rendimiento computacional y
alineacién perceptual requiere ir mas alla de la inspiracién arquitecténica,
hacia marcos de evaluacion y principios de diseno explicitamente informados
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por datos conductuales y psicofisicos humanos. Estas contribuciones sientan
las bases para investigaciones futuras sobre arquitecturas robustas e inspi-
radas biologicamente y establecen la alineacion perceptual como un objetivo
critico y complementario a la precisién en el desarrollo y evaluacion de sis-
temas de visién por computadora. Al integrar conocimientos de neurociencia,
psicofisica y aprendizaje automatico, el trabajo posiciona la alineacién per-
ceptual como una consideracién central para el diseno de sistemas de visién
artificial capaces de operar en entornos del mundo real centrados en el ser
humano.
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Resum

Esta tesi aborda un problema fonamental en la visié per a ordinador con-
temporania: la qliestié de l'alineacié perceptual, investigant especificament
fins a quin punt les xarxes neuronals profundes perceben i interpreten el
moén visual d’'una manera comparable als observadors humans. Tot i que
I’aprenentatge profund ha provocat avangos revolucionaris en el camp, acon-
seguint un rendiment de punta en tasques com segmentacié d’imatges, clas-
sificacié d’objectes i raonament multimodal complex, la connexié entre aque-
sts sistemes artificials i els mecanismes subjacents a la percepcié visual hu-
mana continua sent notablement limitada. Malgrat les metriques de pre-
cisié impressionants, les xarxes neuronals profundes sovint mostren compor-
taments que divergeixen de la percepcié humana, especialment en condicions
d’ambigiiitat visual o en presencia de senyals contextuals subtils. Aquest
treball investiga la interaccid entre la plausibilitat biologica, el rendiment
computacional i I'alineacié perceptual, utilitzant una combinacié de mod-
ificacions arquitectoniques inspirades en la biologia i protocols d’avaluacio
fonamentats en la psicofisica per a quantificar rigorosament les similituds i
divergencies entre la visié humana i 'artificial.

La primera part de la tesi se centra en els mecanismes computacionals in-
spirats en la biologia, examinant la seua capacitat per a millorar la robustesa
sense comprometre 'eficiencia computacional. Concretament, s’investiga la
integracié de la normalitzacié divisiva (ND), un calcul canonic observat en
la cortexa visual primerenca, en arquitectures de segmentacié de ultima gen-
eracid, incloent variants de la ampliament utilitzada U-Net. La normalitzacio
divisiva actua com un mecanisme de control de guany que modula la resposta
neuronal en funcié del contrast local, i s’ha implicat en nombrosos fenomens
perceptuals de baix nivell observats en la visi6 humana. Els resultats experi-
mentals mostren que els models que incorporen ND presenten una major ro-
bustesa davant condicions ambientals adverses, com boira, baixa il-luminacio
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o contrast reduit, millorant el rendiment de segmentacié amb només un aug-
ment minim en la complexitat o en el nombre de parametres del model. No
obstant aixo, quan aquests models inspirats en la biologia s’avaluen utilitzant
el Decaleg, un conjunt rigorosament dissenyat de proves psicofisiques que
avaluen fenomens visuals de baix nivell, incloent la sensibilitat al contrast
i 'enmascarament contextual, no aconsegueixen reproduir comportaments
perceptuals similars als humans. Aquests resultats suggereixen una con-
clusié matisada: tot i que els calculs inspirats en la biologia poden millorar
la robustesa i la generalitzacid, no induixen necessariament caracteristiques
perceptuals humanes, destacant la diferencia entre millorar el rendiment de
la tasca i aconseguir una alineacié perceptual genuina amb els observadors
humans.

La segona part de la tesi desenvolupa metodologies sistematiques per a
mesurar 1’alineacié perceptual més enlla de les metriques tradicionals de pre-
cisié, avancant cap a marcs d’avaluacié fonamentats en el comportament i
la psicofisica. Aixo inclou el desenvolupament del Decaleg per a fenomens
de baix nivell, el disseny de nous procediments per a avaluar la discrimi-
nacié cromatica mitjangant els el-lipses de MacAdam, I’avaluacié de les fun-
cions de sensibilitat al contrast (CSF) en models de llenguatge multimodal
(MLLM) i l'establiment d’un marc per a quantificar els nivells d’abstraccié en
models de visio i llenguatge com CLIP. Els resultats empirics obtinguts mit-
jancant aquestes metodologies revelen informacié clau sobre els factors que
influeixen en 'alineaci6é. Per exemple, les xarxes neuronals entrenades amb
distribucions cromatiques més riques generen el-lipses de discriminacié que
s’aproximen més a la percepciéo humana del color, destacant la importancia
de I'entorn visual i la diversitat de dades. Les avaluacions de CSF mostren
que fins i tot els MLLM més avancats presenten limitacions significatives
per a reproduir sensibilitats humanes basiques a la freqiiencia espacial, indi-
cant bretxes persistents en la fidelitat perceptual de baix nivell. En CLIP,
I’alineaci6 varia al llarg de les capes de la xarxa: les capes inicials, que cod-
ifiquen informacié principalment basada en textures, mostren una alineacio
moderada amb la percepcié humana, mentre que les capes posteriors, influ-
enciades per la supervisié lingiiistica, abstrauen les representacions visuals
cap a conceptes semantics. Aquesta abstraccié millora la robustesa i la gen-
eralitzacié de la tasca, pero disminueix l’alineacié amb els comportaments
perceptuals humans de baix nivell.

La tercera part de la tesi investiga els determinants més generals de
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I’alineacié perceptual. Mitjancant analisis sistematics de xarxes neuronals
convolucionals (CNN), transformadors de visié, CLIP i models de llenguatge
multimodal, es demostra que ’alineacié és una propietat multifactorial que
emergeix de la interaccié complexa entre el disseny arquitectonic, els objec-
tius d’optimitzacio, les propietats estadistiques de les dades d’entrenament,
la durada de I'entrenament i les estrategies de lectura. De manera interes-
sant, la relacié entre el rendiment en la tasca i ’alineacié perceptual es no
monotona: augmentar la capacitat del model o optimitzar exclusivament per
a la precisié pot reduir, de manera paradoxal, I'alineacié amb la percepcio
humana, resultant en una relacié en forma de U invertida entre precisié i
similitud perceptual. A més, la supervisio lingiiistica sesga els models cap a
representacions globals de forma a costa de la informacié de textura local,
emfatitzant que el tipus de tasca i la supervisié poden tenir un paper més
substancial que les decisions arquitectoniques. Aquests resultats suggereixen
que I'alineacio perceptual esta més fortament determinada per la combinacié
de dades, supervisio i exigencies de la tasca que per modificacions arqui-
tectoniques.

Conceptualment, aquesta tesi contribueix a una comprensié més profunda
de la interaccié entre rendiment, inspiracié biologica i alineacié perceptual,
destacant que les millores en precisié o en el disseny inspirat en la biolo-
gia no es tradueixen necessariament en comportaments perceptuals humans.
Metodologicament, introdueix marcs sistematics d’avaluacio inspirats en la
psicofisica, aplicables tant a models només de visi6 com multimodals per
avaluar l'alineacié de manera rigorosa. Empiricament, clarifica com fac-
tors com calculs visuals primerencs, riquesa cromatica de 1’entorn, regims
d’optimitzacié i supervisio lingiiistica interactuen per influir en el grau de
similitud entre percepcio artificial i humana.

En conclusié, aquesta tesi avanca en la comprensio de com les xarxes
neuronals artificials perceben estimuls visuals i delimita les condicions sota
les quals divergeixen de I'experiencia visual humana. Proporciona evidencia
solida que tancar la bretxa entre rendiment computacional i alineacié per-
ceptual requereix anar més enlla de la inspiracié arquitectonica, cap a marcs
d’avaluacié i principis de disseny explicitament informats per dades conduc-
tuals i psicofisiques humanes. Aquestes contribucions establixen les bases per
a investigacions futures sobre arquitectures robustes i inspirades en la biolo-
gia i posicionen I’alineacio perceptual com un objectiu critic i complementari
a la precisié en el desenvolupament i avaluacio de sistemes de visié per a or-
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dinador. Integrant coneixements de neurociencia, psicofisica i aprenentatge
automatic, el treball situa I’alineacié perceptual com una consideracié central
per al disseny de sistemes de visio artificial capagos d’operar en entorns del
mon real centrats en 1’ésser huma.
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Introduction

1.1 General Context

From its inception, deep learning, based on artificial neural networks,
has been profoundly inspired by the architecture and information pro-
cessing of the human brain [McCulloch and Pitts, 1943, Rosenblatt, 1958,
Fukushima, 1980]. This connection is particularly evident in the field of
computer vision, where convolutional neural networks (CNNs) were directly
inspired by biological vision systems. In particular, their design was influ-
enced by the pioneering studies of Hubel and Wiesel in the late 1950s, who
characterized the receptive fields of neurons in the primary visual cortex
[Hubel et al., 1959, Hubel and Wiesel, 1962]. These studies, for which they
won the Nobel Prize in 1981, revealed how early visual neurons respond
to oriented edges and spatial patterns in a convolutional way, an idea that
has lately been included in the hierarchical structure of CNNs. These ideas
of hierarchical structures, sensitivity to local visual features and progressive
complexity across layers were some of the core ideas behind the neocognitron
model [Fukushima, 1980], considered the direct precursor of modern CNNs.

However, it was not until several decades later that training deep
neural networks became truly effective, thanks to the error backpropa-
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gation algorithm. Although the principle of gradient descent is older
[Cauchy et al., 1847], backpropagation was first formalized for neural net-
works in the 1970s [Werbos, 1974] and later popularized in the 1980s
[Rumelhart et al., 1986]. This algorithm enabled efficient weight adjustment
via gradient descent, laying the foundation for supervised learning in deep ar-
chitectures. Early examples such as LeNet [LeCun et al., 1989] demonstrated
the feasibility of applying convolutional neural networks to visual recognition
tasks, such as automatic digit recognition, still with the limitations imposed
by the computational constraints of that time.

The true breakthrough of deep learning in computer vision came in
2012, with the introduction of AlexNet [Krizhevsky et al., 2012], the first
deep neural network to win the ImageNet image classification challenge
[Deng et al., 2009] with a significantly lower error rate than any previ-
ous method. AlexNet marked a turning point in the field, combining
a hierarchical convolutional architecture with modern training strategies
such as Rectified Linear Unit (ReLU) activations [Nair and Hinton, 2010,
Agarap, 2018], GPU-parallelization training, and dropout regularization
[Hinton et al., 2012]. In addition to its hierarchical structure inspired by
the receptive fields discovered by Hubel and Wiesel, AlexNet also incor-
porated another brain-inspired computation, the Local Response Normal-
ization. This computation is a mechanism of local activity normaliza-
tion, where the normalization of a single neuron takes also into account
its surroundings. It emulates the Divisive Normalization model observed
in the human brain [Carandini and Heeger, 1994, Carandini et al., 2005,
Carandini and Heeger, 2012]. Indeed, the authors identified this normaliza-
tion mechanism as one of the two most crucial model architectural com-
ponents, alongside the ReLuu nonlinearity. This highlights how biologically
inspired components can contribute to computational plausibility and to im-
prove performance in practical visual tasks, a dual benefit that this thesis
will investigate.

In more recent years, the dominant architecture in computer vision has
shifted from convolutional models to those based on self-attention mecha-
nisms, the Transformers. Originally designed for natural language processing
[Vaswani et al., 2017|, Transformers rely on a different principle: instead of
using localized receptive fields as in CNNs, each input element can attend
to all others through an attention mechanism that dynamically weights their
relevance. This idea, when applied to vision, led to the development of the
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Vision Transformer (ViT) [Dosovitskiy et al., 2020], which splits images into
patches and processes them using blocks of self-attention. While ViTs depart
from the convolutional principle of localized receptive fields, they build on
the biologically inspired idea of attention, allowing the selective integration
of information across space. This introduces a different but still biologically
plausible mechanism, complementing the localized processing of CNNs. Un-
like the classic biologically inspired design of CNNs, ViTs do not impose the
same kind of progressive spatial compression and explicit hierarchical struc-
ture characteristic of both CNNs and biological vision. Instead, they offer
new architectures that surpass CNNs in computer vision benchmarks, with
internal attention mechanisms that can also be examined for their biological
plausibility.

Thanks to the maturity of these architectures, from CNNs to ViTs and
hybrid variants, deep learning has reached outstanding levels of performance
across a wide range of tasks in vision and many other fields. Supervised mod-
els trained on massive labelled datasets such as ImageNet [Deng et al., 2009]
or Microsoft Common Objects in Context, known as COCO [Lin et al., 2014],
currently lead benchmarks in object classification, semantic segmentation,
detection, and instance recognition, in some cases even surpassing human
performance. These models have demonstrated impressive ability to learn
useful representations, scale with model size, and generalize to new tasks
via transfer learning or fine-tuning techniques [Zhai et al., 2022]. Simulta-
neously, self-supervised approaches, such as Self-Distillation with No-labels
(known as DINO) [Caron et al., 2021], and multimodal approaches that in-
tegrate language, such as Contrasting Language-Image Pre-training (CLIP)
[Radford et al., 2021al, have expanded the frontiers of computer vision, show-
ing that it is possible to learn high-quality visual representations without
explicit labels or using textual supervision. As a result, deep learning has be-
come the de facto standard in artificial vision, displacing traditional methods
and powering applications as diverse as autonomous driving, computational
medicine, or robotics.

However, reaching these levels of performance has come at a conceptual
cost. In many cases, the biologically inspired principles that originally guided
the design of these architectures have been progressively replaced by empiri-
cal strategies and designs focused on optimizing performance on specific data.
A clear example is what happened with AlexNet and the use of the Local
Response Normalization. While AlexNet authors highlighted this compo-
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nent as crucial, the next most famous model, the Visual Geometry Group
(VGG) [Simonyan and Zisserman, 2014], found that it was not worth it for
their specific architecture and data. Since then, Local Response Normaliza-
tion and similar mechanisms have largely disappeared from standard deep
learning architectures. This illustrates a broader trend: while certain bio-
logically inspired ideas remain in modern models, such as attention, which
draw on concepts from visual attention, many recent architectural choices
and training strategies are guided mainly by empirical performance rather
than neuroscientific plausibility. Importantly, excelling at a task does not
necessarily mean that these models perceive the world in ways comparable
to humans. Perceptual alignment is a separate dimension, which does not re-
quire strict biological realism but speaks to whether models make decisions in
ways that resemble human perception. Understanding this distinction, and
its consequences, motivates a deeper analysis of both architectural choices
and perceptual outcomes. Indeed, numerous studies have shown a growing
gap between human perceptual behavior and the internal strategies employed
by these models to solve visual tasks.

Several warning signs illustrate this misalignment. First, it has been ob-
served that deep learning models tend to exploit statistical shortcuts in the
data, basing their decisions on spurious correlations or trivial features, rather
than attending to more shape-biased, abstract or invariant properties as the
human brain does. A few examples shown in figure 1.1: Deep learning mod-
els are used to classify images of cows perfectly, but only when they are in
the typical green grass landscape. If the cow is located in a “strange” back-
ground, as a beach, models tend to fail much more in their classification,
meaning that they use the background as a trivial feature for the classi-
fication [Beery et al., 2018, Geirhos et al., 2020]. Moreover, deep learning
models have been shown to classify images based on the object textures,
while humans mainly classify objects based on shape [Landau et al., 1988].
This difference is extremely visible in the shape-texture cue conflict images,
i.e. modified images with shape and textures from different objects, such as
an image with the shape of a cat but with the texture of an elephant skin.
While humans use to classify this type of images according to the class of the
shape objects, a cat, deep learning models classify them according to the tex-
ture objects, an elephant [Geirhos et al., 2018a]. While these strategies allow
deep learning models to maximize their accuracy in controlled settings, they
severely limit their ability to generalize out of distribution, to new unseen
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(A) Cow: 0,99, Pasture: (B) No Person: 0.99, Water:
0.99, Grass: 0.99, No Person: 0.98, Beach: 0.97, Outdoors:
0.98, Mammal: 0.98 0.97, Seashore: 0.97

Figure 1.1: Deep learning models classification short-cuts: Different works
have shown that deep learning models classify images using short-cuts or following
non-human feature decisions. Particularly, panel A shows how a model fails to
detect the cow present in the image when it is located in a “strange” or non-
usual background for a cow, such as the beach [Beery et al., 2018]. Pabel B shows
some of the texture-shape cue conflict images that, in general, humans classify
according to their shape (cat, car and bear from left to right), while deep learning
models tend to classify according to their texture (elephant, clock and bottle)
[Geirhos et al., 2018a].Figures from [Beery et al., 2018, Geirhos et al., 2018a).

data [Geirhos et al., 2018b].

Second, deep learning models are notably sensitive to minor image pertur-
bations, such as noise, blur, compression, or lighting changes that barely af-
fect human judgments, the so-called adversarial attacks [Szegedy et al., 2013,
Kurakin et al., 2018, Wichmann and Geirhos, 2023]. In this case, as shown
in figure 1.2, a non-visible noise for humans can completely change the
prediction classification of a deep learning model. This lack of robust-
ness increases the doubt on their suitability for real-world deployment and
suggests that they fail to capture the perceptual constancies that charac-
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Figure 1.2: Deep learning models affected by non-visible noise for hu-
mans: Deep learning models completely change their image classification pre-
diction when noise, non-visible for humans, is added to the images. Particu-
larly, panel A shows how an example from the original adversarial attack work,
where an original image is classified as “panda”, but after adding a small quan-
tity of white noise, which leaves the image unchanged from a human point of
view, the model prediction completely changes to “gibbon” [Szegedy et al., 2013].
Panel B shows another example of adversarial attacks where visually similar
images to humans are completely misclassified by models when unnoticeable
noise is added, changing the prediction from the correct “banana” to “baseball”,
“power drill” or “African crocodile” [Wichmann and Geirhos, 2023]. Figures from
[Szegedy et al., 2013, Wichmann and Geirhos, 2023].

terize biological vision. Finally, various studies have shown that the in-
ternal representations constructed by these models do not always reflect
the functional organization of the human visual system. In particular,
they show a lack of global semantic correspondence [Peterson et al., 2018,
Roads and Love, 2021] as well as some hierarchical missalignment with hu-
man perception [Xu and Vaziri-Pashkam, 2021, Muttenthaler et al., 2024].
These limit the deep learning model’s ability to perform clustering and dif-
ferent tasks in the same way humans do.

Taken together, these observations point to the central problem motivat-
ing this thesis: success in quantitative benchmarks does not guarantee per-
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ceptual alignment with humans. Bridging this gap requires designing mod-
els that take inspiration from the visual system and developing systematic
methods to evaluate how closely their internal representations and behavioral
outputs align with human perception.

1.2 Motivation

Understanding and replicating human visual perception is a long-
standing objective in neuroscience and an increasingly relevant topic
within artificial intelligence, particularly in efforts to build more robust
and interpretable vision systems [Kriegeskorte, 2015, Dapello et al., 2022,
Liu et al., 2023, Muttenthaler et al., 2022, Sucholutsky et al., 2023]. While
many artificial intelligence models prioritize task performance, investigating
how and when they align with human perception can offer valuable insights
for both improving these systems and improve our understanding of the
human brain. Despite the remarkable success of deep neural networks in
vision-related tasks and many other areas, fundamental questions remain
about whether these systems perceive the world in ways that are even
remotely comparable to human perception. In this context, the concept
of human alignment, i.e. the degree to which artificial systems process
information in functionally and representationally human-like ways, has
gained growing attention [Geirhos et al., 2018a, Peterson et al., 2018,

Dapello et al., 2022, Muttenthaler et al., 2022, Liu et al., 2023,
Sucholutsky et al., 2023, Malo et al., 2022, Hernandez-Camara et al., 2022,
Hernandez-Camara et al., 2024b, Hernandez-Camara et al., 2025b,

Hernandez-Camara et al., 2025a], particularly in domains like vision
where perceptual correspondence is critical.

However, why study the human alignment of deep learning mod-
els? From a scientific perspective, human alignment provides a valu-
able framework for probing the principles underlying human perception
itself.  Artificial models offer a controlled environment to test hypothe-
ses about visual coding, representation, and generalization. If a network
trained on natural images spontaneously reproduces known human per-
ceptual behaviors this suggests that such behaviors may emerge naturally
from the statistics of the environment and the constraints of the task,
without the need for hardcoded biological mechanisms [Barlow et al., 1961,
Yamins and DiCarlo, 2016, Richards et al., 2019]. Inversely, discrepancies
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between model behavior and human perception can shed light on what makes
biological vision unique, offering insights into the computational goals, ar-
chitectural constraints, and inductive biases that shaped the human visual
brain. More broadly, this connects to Marr’s classic framework of levels of
analysis [Marr and Poggio, 1976, Marr, 2010]. Deep learning models blur
the distinction between computational principles, algorithmic strategies, and
implementation details. For example, models trained under similar compu-
tational objectives can nevertheless diverge from humans depending on ar-
chitectural design or training statistics, raising the question of whether com-
putational goals can ever be studied independently from architectural con-
straints. Recent work emphasized that alignment depends on the interplay
between these levels, with biological plausibility and task performance often
pulling in different directions [Geirhos et al., 2020, Muttenthaler et al., 2022,
Sucholutsky et al., 2023]. In this context, analyzing which biological and en-
gineering elements contribute to emergent behaviors can clarify how design
choices, spanning architecture, optimization, and data, shape the emergence
of human-like perceptual properties in artificial systems.

From an engineering point of view, human alignment is not only desirable,
but it may be essential. The human brain is probably the most robust and
general-purpose visual system we know. It excels in low-contrast environ-
ments, easily resists perturbations or noise, and adapts almost effortlessly
to changes in context or illumination [Gibson, 2014, Geirhos et al., 2018b,
Dodge and Karam, 2017]. Getting these properties into artificial systems
could lead to models that are significantly more robust, better able to gener-
alize beyond their training distribution, and ultimately more interpretable for
human users [Sucholutsky and Griffiths, 2023]. In applications where safety,
trust, and human interaction are needed, such as autonomous driving, medi-
cal diagnostics, or assistive technology, models that make decisions “in ways
humans can understand” are far more valuable than black-box systems that
are merely optimized for raw accuracy. Therefore, improving the alignment
with human perceptual principles is not only a scientific challenge, but a
practical necessity.

Despite its importance, visual human alignment is rarely evaluated sys-
tematically in current deep learning practice. Standard benchmarks in com-
puter vision typically focus on task performance, such as classification accu-
racy, but provide little insight into either the internal representations learned
by the model or whether the strategies it uses to arrive at its predictions are
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comparable to those employed by human observers [Geirhos et al., 2018a,
Geirhos et al., 2020, Hepburn et al., 2022, Hernandez-Camara et al., 2024b,
Hernandez-Camara et al., 2025c|. In this thesis, we explore both levels of
human alignment: behavioral alignment, assessed through the similarity be-
tween model and human responses on perceptual tasks; and representational
alignment, examined via layer-wise analyses of internal embeddings and their
correspondence with perceptual similarity. A model may achieve high scores
by exploiting non-robust features, spurious correlations, or data-specific bi-
ases, while entirely missing the core invariances and perceptual structures
that guide human vision. In short, performance is not the same as percep-
tual similarity. This gives rise to the central questions that motivate the
present thesis:

How can we build models that not only perform well, but also
see like humans? Can we measure the human alignment of deep
learning models? If so, how do different deep learning design
choices affect performance and human alignment?

Answering these questions requires a dual effort: improving model archi-
tectures through biologically inspired mechanisms, and developing methods
to evaluate and understand their perceptual alignment. More broadly, it re-
quires an interdisciplinary perspective, bridging computational neuroscience,
vision science, and artificial intelligence, to ensure that the models we design
are not only effective but also human-aligned. These considerations set the
stage for the specific objectives of this thesis, which are presented in the next
chapter, together with the overall structure of the manuscript.
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Objectives and Thesis
Structure

2.1 Objectives

The main goal of this thesis is to bridge the gap between artificial and
biological vision by combining bio-inspired model design with systematic
evaluation of human alignment. This entails three specific objectives:

1. Integrating biologically inspired computations into deep learn-
ing architectures:

This objective focuses on Divisive Normalization, a canonical computa-
tion of the early visual cortex, reinterpreted as a functional non-linearity in
modern networks. By embedding DN modules into deep segmentation mod-
els, the thesis explores whether this mechanism can improve robustness to
distortions, domain shifts, and other challenges where human vision excels.
This objective reflects the broader hypothesis that biological computations,
when transplanted into artificial systems, can enhance both their robustness
and plausibility.

2. Developing and applying methodologies for measuring human
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alignment.

A second objective is to design systematic ways of evaluating how closely
artificial models resemble human perceptual behavior. This includes the
development of psychophysics-inspired tasks, layer-wise analyses, and eval-
uations across different levels of abstraction, from low-level distortions to
high-level semantic categorization. By combining behavioral comparisons
with layer-wise representational analyses, these methodologies aim to pro-
vide a more comprehensive assessment of human alignment than standard
benchmarks allow.

3. Analyzing the factors that shape alignment in deep models.

The third objective is to disentangle the contributions of architectural de-
sign choices, training data, and optimization strategies to the emergence of
human-like behavior in deep models. By comparing models across different
configurations and systematically varying these factors, the thesis seeks to
identify which aspects most strongly determine perceptual alignment. This
allows us to move beyond case-by-case observations toward a clearer un-
derstanding of the principles that drive human-like properties in artificial
networks.

By addressing these three objectives, the thesis aims to make both prac-
tical and conceptual contributions. On the practical side, it introduces im-
proved architectures and novel methodologies for evaluating perceptual align-
ment. On the conceptual side, it offers insights into when and why deep
networks resemble the human visual system, helping advance the broader
dialogue between neuroscience and artificial intelligence.

2.2 Thesis Structure

To address the objectives outlined above, this thesis follows a dual re-
search strategy aimed to bridging the gap between artificial and biological
vision systems. On one hand, it explores how to construct bio-inspired neu-
ral architectures by incorporating mechanisms observed in the human visual
system into modern deep learning models. On the other hand, it seeks not
only to evaluate how aligned these models are with human perception, but
also to understand which factors from deep learning models most strongly
shape this alignment. By combining model design with systematic evalua-
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tion and analysis, the thesis aims to contribute both practical advances and
conceptual insights into how and why neural networks sometimes resemble
(or fail to resemble) the human visual system.

The first pillar of this approach focuses on bio-inspired model de-
sign. In particular, the thesis introduces the Divisive Normalization (DN)
[Carandini et al., 2005, Carandini and Heeger, 2012], a canonical computa-
tion in the early visual cortex, as a key architectural component in deep seg-
mentation networks. By including DN into deep learning architectures, the
goal is to enhance the model’s robustness to naturalistic distortions, which
human vision handles easily.

The second pillar focuses on the perceptual evaluation and analysis. Be-
yond conventional metrics like accuracy, this thesis develops and applies novel
methodologies inspired by vision science to assess the model’s alignment with
human perception. These include a comprehensive layer-by-layer analysis of
internal representations, enabling fine-grained comparison across models and
abstraction levels, as well as a psychophysics-inspired method for specific per-
ceptual domains. For example, the thesis examines low-level properties such
as color discrimination (e.g., MacAdam ellipses), contrast sensitivity in mul-
timodal models, robustness to noise perturbations, and higher-level semantic
similarity judgments. The models are evaluated in terms of output simi-
larity and representational alignment, with behavioral data across multiple
perceptual tasks and complexity levels, from low-level noise perturbations to
high-level semantic categorization, providing a multi-layered understanding
of how human-like each model truly is. In addition to evaluating alignment,
this thesis also investigates which components of deep learning models most
significantly influence it, helping to disentangle whether perceptual similar-
ity arises from biological mechanisms, statistical regularities in the data, or
task-induced inductive biases.

These two pillars define the structure of the manuscript, which is divided
into four main parts:

e Part I: Context, motivation and thesis structure.

e Part II: Construction of bio-inspired models for robust visual process-
ing.

e Part III: Evaluation of perceptual alignment across tasks, representa-
tions, and architectures.
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e Part IV: Discussion of the implications on the relation between deep
models and human perception.

Given the publication of multiple papers studies during the PhD period,
this thesis adopts the format of a compendium. It includes four journal
articles that constitute the core scientific contributions, six conference publi-
cations that provide complementary analyses, and one commentary reflecting
on computational levels of analysis in relation to biological plausibility. To-
gether, these contributions provide a dual perspective: on one hand, how
biologically inspired computations such as Divisive Normalization can im-
prove robustness in deep models; and on the other, how we can measure and
understand their degree of alignment with human perception.
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Part 11

Building Bio-Inspired Deep
Learning Models
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Deep Learning Models with
Divisive Normalization

3.1 Introduction

One of the key objectives of this thesis is to design deep learning models
that not only perform well but also process visual information in ways that
are closer to how the human visual system works. As discussed in the first
part of this thesis, current deep learning models often rely on shortcuts, such
as textures or undesired correlations, that lead to limited generalization and
weak robustness. This contrasts with human perception, which is remarkably
stable and invariant under similar variations.

One reason for this discrepancy could be the absence of biologically in-
spired mechanisms in modern deep learning architectures. At the same time,
it is also a possible solution to address this gap. While early neural networks
were more inspired by neuroscience, many of the current models shifted away
from those foundations in pursuit of pure task performance. One way to re-
connect with biological vision is to reintroduce computations that play a
fundamental role in how the brain processes visual information.

This chapter focuses on one such computation: Divisive Normalization
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(DN). Divisive Normalization is a canonical operation observed in the early
stages of the visual cortex [Heeger, 1992, Carandini and Heeger, 1994]. Here,
we investigate how DN can be integrated into deep neural networks for image
segmentation, and whether doing so improves their robustness to naturalis-
tic image degradations like blur, fog, or reduced contrast. We begin by
introducing DN from a biological perspective and then explain how we incor-
porated this mechanism into deep learning architectures. Finally, we present
a set of experiments, originally published in two of the four journal papers of
this thesis [Herndndez-Camara et al., 2023, Hernandez-Camara et al., 2025],
that evaluate how DN affects performance under various distortions.

3.2 Divisive Normalization in Human Vision

Divisive Normalization is one of the most widely observed com-
putations in the early stages of the visual cortex [Heeger, 1992,
Carandini and Heeger, 1994], particularly in areas such as V1 and the Lat-
eral Geniculate Nucleus. However, it is also present in other brain regions
such as the auditory channel [Rabinowitz et al., 2011]. The DN is a non-
linearity that describes how the response of a neuron is not just determined
by the input it receives, but is also modulated or scaled by the activity of sur-
rounding neurons. This introduces a local gain control mechanism in which
strong responses are attenuated if nearby activations are also strong, and, at
the same time, weaker signals may be enhanced in low-activity regions.

Mathematically, DN was first formalized in the early 1990s as a non-linear
transformation applied to the output of a linear filter bank [Heeger, 1992].
For a neuron tuned to the i — th feature and p — th spatial location, the DN
Yip response is defined as:
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Here, z;, is the linear response of the i — th feature and p — th spatial
location neuron, and the parameters «, € and f control the non-linearity.
In particular, the relation between [ and 7;jpy determines the inhibition
strength. When ;/7ijp > 1 the transformation is almost linear, whereas
for B;/7ijpy < 1 its effect is highly non-linear. The exponents also control
the norm used in the normalization pool.
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The interaction kernel, v, determines which surrounding neurons and how
much they contribute to the normalization. In its most general form, the ker-
nel can have whatever arbitrary structure, including neurons across space and
feature channels [Carandini and Heeger, 1994]. For example, if the weights
are uniform, the DN resembles a mean-normalization; if they are sparse or
biased, it can selective suppress certain features or locations. Different ker-
nel configurations have been proposed: some ignore spatial interactions and
focus only in channel-wise interactions, either in a dense [Ballé et al., 2016,
Hepburn et al., 2020, Ballé et al., 2015] or convolutional [Miller et al., 2021]
combination of features; while others take into account spatial interactions
under specific constrains such as uniform weights [Ren et al., 2016], circular
(ring) neighborhoods [Giraldo and Schwartz, 2019, Pan et al., 2021] or sym-
metries interaction patterns in space [Burg et al., 2021]). In neuroscience,
spatial interactions are often modelled as convolutional patterns, i.e. Gaus-
sian weights over a local neighbourhood, although more complex or learned
kernels can be used in computational models [Watson and Solomon, 1997,
Martinez-Garcia et al., 2018, Martinez et al., 2019].

Over time, Divisive Normalization has evolved from a purely physio-
logical model to an applicable computational tool across domains. Al-
though it was initially developed to describe neural responses in the early
visual system [Heeger, 1992], DN was later applied to image process-
ing applications. For example, it contributed to improving compression
standards like JPEG and MPEG [Epifanio et al., 2003, Malo et al., 2005,
Ballé et al., 2016, Islam et al., 2021]. It has also been used in tasks such
as image enhancement [Gutierrez et al., 2005] or subjective image qual-
ity assessment [Laparra et al., 2010, Hepburn et al., 2020, Ma et al., 2017,
Bowen et al., 2022, Vila-Tomés et al., 2024], where its ability to normalize
perceptual variations was beneficial. From a statistical perspective, DN has
been shown to increase independence between responses, supporting more
efficient representations [Schwartz and Simoncelli, 2001, Cekic et al., 2022,
Malo and Gutiérrez, 2006, Malo and Laparra, 2010, Ballé et al., 2015].

The integration of DN into modern deep learning was possible due
to the rise of automatic differentiation. This enabled the implementa-
tion of the DN as a differentiable module and optimize it jointly with
the rest of the network, the so-called Generalized Divisive Normalization
[Ballé et al., 2016]. Early models with this Generalized Divisive Normaliza-
tion simplified the spatial interactions to focus only on channel-wise ker-

47



nels, but more recent approaches have recovered the full spatial and fea-
ture interactions, bringing the model closer to its biological origins. These
advancements have enabled the use of the DN in many different machine
learning tasks, such as compression algorithms [Ballé et al., 2016], perceptual
distance metrics [Hepburn et al., 2020, Vila-Tomés et al., 2024], and classi-
fication models, where it has been shown to improve robustness to noise, ad-
versarial perturbations, and domain shifts [Coen-Cagli and Schwartz, 2013,
Giraldo and Schwartz, 2019, Miller et al., 2021].

3.3 Implementing DN in Deep Learning Ar-
chitectures

While most prior work has focused on classification, here we extend the
use of DN to a different and highly structured task: semantic image seg-
mentation. The goal in this task is to assign a meaningful class label to
each pixel in the image. This involves both fine-grained local feature extrac-
tion and global contextual understanding, two processes where biologically
inspired normalization could provide benefits.

To evaluate whether the use of the DN is also beneficial in image seg-
mentation tasks, we implement segmentation models with and without Di-
visive Normalization. By building it as a functional layer in an automatic
differentiation framework, we can use it as a simple normalization layer in
deep learning architectures. In particular, we focus on the U-Net architec-
ture [Ronneberger et al., 2015, which has become a standard backbone in
image segmentation tasks [Azad et al., 2024] due to its simplicity, effective-
ness and widespread use. As illustrated in figure 3.1, we implement the DN
at the beginning of each of the encoder blocks, where the network extracts
and processes the visual information. This allows the DN to modulate lo-
cal features from the early layers. The addition of DN layers introduces a
minimal increase in model parameters, just a 1.8% increase from 2.749.902
to 2.798.482 trainable parameters for the standard and DN-improved U-Nets
[Hernédndez-Cédmara et al., 2023].
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Figure 3.1: U-Net for segmentation with and without DN layers: Com-
parison between the baseline standard U-Net architecture (top) and the modified
U-Net with four Divisive Normalization (DN) layers (bottom). DN layers are
shown in green and are added at the start of each encoder block. Both models
share the same structure regarding convolutional layers, skip connections (black
arrows), and pooling/upsampling operations (red arrows). The legend indicates
the layer types used in the diagram. Figure from [Herndndez-Cémara et al., 2025].

3.4 Experimental Setup

To evaluate the impact of Divisive Normalization on segmentation per-
formance and robustness, we consider an autonomous driving scenario. This
domain offers a particularly challenging setting, as it involves scenes captured
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under highly variable conditions: from bright daylight to nighttime, across
diverse weather phenomena such as fog, rain, or snow, and with different
lighting and spectral light conditions. These factors lead to images with high
dynamic ranges that make segmentation extremely sensitive to changes that
are often imperceptible to humans.

To rigorously assess the effect of DN, we train and evaluate segmenta-
tion models with and without Divisive Normalization under identical train-
ing conditions. All models are trained until convergence using different
real-world and simulated datasets, and their performance is evaluated un-
der multiple types of data degradations, including fog and luminance, con-
trast, and illumination-based distortions. For each dataset and model con-
figuration, we perform 10 independent training runs with different seeds.
We measure the model’s performance using the standard Intersection-over-
Union (IoU) metric (also known as Jaccard’s index) across the different
test sets, which is widely adopted in semantic segmentation benchmarks
[Real and Vargas, 1996, Cordts et al., 2016, Lin et al., 2014]. It varies be-
tween 0 for a totally wrong prediction and 1 for a perfect prediction, and it
measures how much the classes of the model prediction overlap with the real
classes. This setup allows us a controlled comparison of robustness and to
isolate the contribution of DN to performance under realistic variable visual
conditions.

In particular, we use two real-world datasets: Cityscapes
[Cordts et al., 2016] and Nighttime Driving-test datasets
[Dai and Van Gool, 2018], which include images in day and night-time,
respectively, and always in good weather conditions. For the simu-
lated data, we used: FoggyCityscapes [Sakaridis et al., 2018], GTA-V
[Richter et al., 2016], and a custom dataset generated with the CARLA
simulator [Dosovitskiy et al., 2017, IPL, |. Foggy Cityscapes is a version
of Cityscapes with three severity levels of synthetic fog, while the GTA-V
and CARLA datasets contain images from a videogame and a city-driving
simulator, respectively, in many different weather and daytime conditions.
Figure 3.2 shows a representative image of each dataset.
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Cityscapes Foggy Cityscapes (high)

Figure 3.2: Representative images of the different datasets used
to train and evaluate the segmentation models: All datasets corre-
spond to autonomous driving scenarios and share common semantic segmen-
tation labels. Cityscapes and Nighttime Driving are based on real images,
while CARLA and GTA-V are synthetic. Foggy Cityscapes includes syn-
thetic fog onto real images from the Cityscapes dataset. Figure adapted from
[Herndndez-Cédmara et al., 2025].

3.5 Segmentation and Robustness Results

Using the datasets described above, we trained two types of segmenta-
tion models: a baseline U-Net without Divisive Normalization (DN), and a
modified U-Net including four DN layers, as shown in Figure 3.1. We called
them no-DN and 4-DN models, respectively. We train both models on the
training sets of the Cityscapes and CARLA datasets, and evaluate them in
their respective test sets, as well as on all the other additional test datasets:
Foggy Cityscapes (3 fog levels), Nighttime Driving, GTA-V. Table 3.1 sum-
marizes the mean Intersection-over-Union (IoU) for the different training and
test configurations.

There are many important results to notice from this table: first and fore-
most, across all the training and test combinations, the models with Divisive
Normalization always improve the baseline that do not implement it. Second,
as expected, models perform best on the dataset they were trained on. This
effect is even more extreme for the models trained in CARLA, highlighting
that training solely on synthetic data can be problematic when transferring
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Table 3.1: Mean IoU over ten runs for the models trained on Cityscapes
and CARLA training sets and evaluated in the test sets of: Cityscapes,
Foggy Cityscapes (3 fog levels), Nighttime Driving, CARLA and GTA-V.
Improvements due to the inclusion of DN layers relative to the no-DN baseline
are indicated in parentheses. Table from [Herndndez-Camara et al., 2025].

Cityscapes train CARLA train

no-DN 4-DN no-DN 4-DN
Cityscapes 0.75 | 0.77 (2.7%) | 0.50 | 0.54 (8.0%)
Foggy (low) 0.65 0.70 (7.7%) 0.46 | 0.52 (13.0%)
Foggy (middle) | 0.54 | 0.62 (14.8%) | 0.44 | 0.50 (13.6%)
Foggy (high) 0.40 |0.48 (22.5%) | 0.40 | 0.46 (15.0%)
Nighttime 0.24 |0.29 (20.8%) | 0.31 0.33 (6.5%)
CARLA 0.51 0.54 (5.9%) 0.90 | 0.91 (1.1%)
GTA-V 0.55 | 0.61 (10.9%) | 0.62 0.65 (4.8%)

Test dataset

it to real-world applications. In these in-domain scenarios, the benefit off the
DN is smaller, but still positive. However, the effect of the Divisive Normal-
ization becomes more important when the test data distribution differs from
the training one, i.e. train in real and test on synthetic or vice versa. Third,
all models get their lowest result in the Nighttime Driving dataset. This is
expected due to the extremely low luminance of the images and the daytime
of the real training data. Interestingly, in this most challenging scenario, is
where the models trained with real images really benefit from the DN, with
improvements exceeding 20% IoU increase. This shows the importance of in-
cluding DN layers in extreme low-light conditions. Fourth, again as expected,
as fog severity increases in the Foggy Cityscapes test sets, segmentation per-
formance gets reduced. However, the models without DN are more sensitive
and show larger IoU drops. At the same time, the improvements due to the
DN grow as visual condition degrades, i.e. as fog increases.

Overall, these results show that while Divisive Normalization always im-
proves models’ results, its advantages become even more important under
challenging or out-of-distribution test conditions, such as low visibility, strong
illumination changes, or domain shifts between synthetic and real data.

To further explore the benefits of Divisive Normalization in segmenta-
tion models, we need to extend the analysis beyond fixed test datasets. A
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key limitation of existing datasets is their lack of controlled and continuous
variations in visual features, such as luminance, contrast and hue and satu-
ration illumination. To overcome this limitation and extend the range of our
experiments, we selected 100 images from Cityscapes and CARLA test sets
and, systematically, modified them along five relevant visual dimensions: (1)
mean luminance, (2) achromatic contrast, (3) chromatic contrast, and two
aspects of spectral illumination, (4) hue angle, and (5) saturation. Figure
3.3 shows a representative image of the applied modifications.
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Figure 3.3: Controlled modification of luminance, contrasts and spectral
illumination. Top: Examples of changes to mean luminance, achromatic contrast
and chromatic contrast, modified in pairs while the other dimension remains fixed
to its original value. Bottom: Variations in spectral illumination through hue rota-
tion angle and saturation. Figure adapted from [Herndandez-Camara et al., 2025].
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Figure 3.4 shows the relative IoU improvements (in percentage) due to the
DN across the different combinations of luminance, achromatic contrast, and
chromatic contrast. Each matrix corresponds to a specific chromatic contrast
level, with luminance and achromatic contrast varying along the two axes.
The top row shows the gains for models trained on the Cityscapes real images,
and the bottom row corresponds to models trained on the CARLA synthetic
images. Note that, as before, the use of DN improves segmentation accuracy.
For the models trained on real images, the largest benefits happen under low
luminance and low contrast scenarios, reinforcing the idea that the DN is
especially beneficial in night-like or foggy images. In contrast, models trained
on CARLA synthetic images obtain their peak gains in a different region
of the parameters space, specifically at higher luminances and achromatic
contrasts. This is due to the statistical differences in luminance and contrasts
between the CARLA and real images. This, again, highlights the risk of using
exclusively synthetic data that may not follow the distribution of real images.
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Figure 3.4: Relative IoU gains (in percentage) of DN-augmented models
over no-DN standard U-Net across luminance and contrast variations:
Each matrix corresponds to a specific chromatic contrast level, showing gains over
combinations of achromatic contrast and mean luminance. Top: models trained on
Cityscapes (real images). Bottom: models trained on CARLA (synthetic images).
Figure from [Herndndez-Camara et al., 2025].

Similarly, figure 3.5 shows the DN benefits (in percentage) as a function
of the changes in the image illuminants, i.e. the hue angle and the saturation.
Models trained on real images (top row) consistently benefit from DN across
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most illuminant conditions, i.e. obtain positive increments, except for a small
region of highly saturated blue illuminants, which are rarely encountered in
the real world. As before, models trained on CARLA (bottom row) show
a different gain distribution. Nevertheless, DN still provide an important
improvement, particularly under low-saturation illumination.

Saturation

2

Saturation
w - w

=g

I I
Angle w.r.t. x-axis CIE xy 1931

Figure 3.5: Relative IoU gains (in percentage) of DN-augmented
models over no-DN standard U-Net across illuminant variations:
Each matrix shows how segmentation performance improves depending on the
hue angle and saturation of the input image’s illuminant. Top: models
trained on Cityscapes. Bottom: models trained on CARLA. Figure from
[Hernandez-Céamara et al., 2025].

Together, these results demonstrate that introducing Divisive Normal-
ization into segmentation deep neural networks improves their performance
under a variety of environmental conditions. Its results are better not only
across diverse natural and synthetic datasets, but also under systematically
controlled variations in five key visual dimensions: mean luminance, achro-
matic contrast, chromatic contrast, hue, and saturation. Our results also
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Figure 3.6: Predictions of standard and DN-augmented U-Net models
under controlled visual variations: Each panel compares predictions from
the standard U-Net (no DN) and the DN-enhanced model. In each panel, the
first row shows the input images; the second shows the segmentation ground
truth; the third and fourth rows show the predictions from the standard and
DN-enhanced models, respectively. Panel 3.6a and 3.6b: increasing saturation
and fog intensity (left to right). Panel 3.6¢ and 3.6d: varying luminance and con-
trast from the original (center), increasing (right) or reducing (left). Figure from
[Herndndez-Cédmara et al., 2025].

show that the benefit of Divisive Normalization is even more crucial in
extreme conditions, such as low luminance (night images) or low contrast
(heavy fog). In these scenarios, DN significantly improves the model robust-
ness, reducing its sensitivity to this environmental variability. These find-
ings are illustrated in figure 3.6, which compares the predictions from models
with and without DN under some of the considered visual distortions. While
standard U-Net model predictions get worse quickly with the different dis-
tortions, the U-Net model with DN gets more consistent predictions, being
more robust to these changes.
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Understanding the Robustness
of Bio-Inspired Models

In the previous chapter, we empirically demonstrated that including Di-
visive Normalization into deep segmentation neural networks consistently
results in better segmentation performance under a variety of natural visual
distortions, including contrast, luminance or illuminants variations. How-
ever, this raises a deeper fundamental question: Why does this happen?
Why does DN lead to such improvements?

In this chapter, we explore the reasons for the observed benefit in ro-
bustness gains. First, we investigate the reason in terms of the model’s
invariance under the applied image variations. Second, we analyze the in-
ternal behaviour of the Divisive Normalization layers to check where their
behaviour effectively adapts to different inputs and surroundings and how it
influences the feature maps extracted by the models.

4.1 Quantitative Measures of Invariance

First, we begin testing the hypothesis that the improved segmentation
performance of DN-augmented models is due to an increased invariance to
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input variations. Intuitively, the adaptability of Divisive Normalization may
help the models to preserve their internal representations unchanged even
when environmental factors alter the images. In other words, images that
have been put away in the input domain due to changes in the environment
would remain close in the inner representation of models augmented with
Divisive Normalization. In contrast, models without DN layers will keep
their inner representations further away.

To test this hypothesis quantitatively, we measured the degree of over-
lap (the IoU) between the model’s predictions to the original and distorted
input images. Analyzing how these representations change across different
models and conditions, we aim to determine whether DN indeed improves
the model’s representational stability through invariance under these image
perturbations.

DN model Wm_ Distance
A \ DN model
Original o / Distance
e No-DN model
Distortion No-DN model
Distorted
image
| | I |
Image space Prediction space

Figure 4.1: Model invariance quantification: If a model is invariant to a given
image distortion, inputs that are far apart in pixel space due to that distortion
should be mapped to nearby points in the model’s prediction space. In this context,
if Divisive Normalization promotes invariance, the distance between the predictions
for the original and distorted images should be smaller in the DN-augmented model
than in the standard model. Figure from [Herndndez-Camara et al., 2025].

To assess this, we compute the predictions of both the baseline standard
U-Net and the 4-DN U-Net models for each original image and its corre-
sponding distorted version (under fog, luminance, contrast and illuminant
changes). Then, we calculate the IoU metric between the prediction for the
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original image and the prediction for the modified image. This [oU score is
a proxy for the “distance” between the two outputs in the model prediction
space, i.e. a measure of the length of the black arrows in the inner domain
shown in the figure 4.1: a bigger IoU implies more overlap and a shorter
black arrow.

Table 4.1: Overlap (IoU) between original and modified images predictions
under different perturbations, for models with and without Divisive Normal-
ization. Higher values indicate greater representational stability and invari-
ance. Table from [Herndndez-Camara et al., 2025].

Img. Variation ‘ Standard U-Net Preds. IoU ‘ DN U-Net Preds. IoU

Low fog 0.766 0.826
Middle fog 0.621 0.714
High fog 0.478 0.609
Achrom ctr = 0.6 0.649 0.786
Achrom ctr = 1.4 0.793 0.832
Luminance = 0.6 0.739 0.781
Luminance = 1.4 0.848 0.886
Chrom ctr = 0.6 0.842 0.844
Chrom ctr = 1.4 0.848 0.887
Angle 0 0.464 0.800
Angle 72 0.751 0.826
Angle 162 0.517 0.562
Angle 252 0.657 0.772
Angle 343 0.365 0.753

As shown in Table 4.1, across all tested image modifications (fog, lumi-
nance shifts, achromatic and chromatic contrast variations and illuminant
hue and saturation changes), the models that implement DN layers consis-
tently get higher prediction overlaps than standard models without DN. This
means that the DN models produce more stable outputs when they face en-
vironmental changes, and therefore confirms that they are more invariant
under these perturbations.
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4.2 Where does the invariance come from?
Adaptive nonlinearities
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Figure 4.2: Divisive Normalization non-linearities: Top: Illustration of
the first DN layer effect on input patches with varying central and surround-
ing pixels. Bottom: Response curves from the four DN model layers show-
ing how the output of the central pixel depends on its own value and its
surroundings. It illustrates that, effectively, the DN output deviates from
a linear identity mapping depending on the surround. Figure adapted from
[Herndndez-Cédmara et al., 2023, Herndndez-Camara et al., 2025].

We argue that the observed invariance in the DN models comes from the
adaptivity of Divisive Normalization, specifically from how the response of
each neuron is modulated by the activity of its neighbours. To illustrate this
idea, we visualize the behaviour of the DN layers within a trained model.
In particular, we build input patches corresponding to the 3 x 3 spatial
neighborhood used in the kernel of the DN denominator, v in equation 3.1.
We vary the value of the central pixel from 0 to 1 (or across the dynamic
range of the input feature), while holding the surrounding pixels constant
at representative values: 0, 0.5, or 1.0, corresponding to dark, mid-gray, or
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bright surrounds, respectively. These input patches are then passed through
each of the four DN layers in the model, and we record how the central pixel’s
value is transformed as a function of its own intensity and the values of its
neighbours. The resulting response functions are shown in Figure 4.2.

High fog

Horizontal

Input

Qutput

Figure 4.3: Effect of Divisive Normalization on internal feature maps:
Visual comparison of the input and output of the second DN layer applied to
two channels tuned to vertical and horizontal edges. Each column shows a good-
weather image and its foggy counterpart. Top: input feature maps to the DN layer.
Bottom: DN outputs showing substantial recovery of edge responses, particularly
under fog. Figure from [Herndndez-Cémara et al., 2023].

Interestingly, altought the v kernel weights were randomly initialized, the
training modified them to exhibit the characteristic Divisive Normalization
behaviour. The resulting nonlinearity exhibits a saturating response: low-
intensity values are amplified while high-intensity values are compressed.
Furthermore, the presence of high values in the neighbours moderates the
responses, while the presence of low values amplifies them. Notably, the
nonlinearity becomes more pronounced in deeper layers, reflected by the
deviation from the identity line. This progressive non-linear effect increase
is due to a decrease in the §/~ ratio with the layer depth.

Finally, to understand how these adaptive nonlinearities affect the model
image processing, we visualize a real example of their impact on the model
feature maps. Figure 4.3 shows the effect of the second DN layer on two of the
model feature maps tuned to detect vertical and horizontal edges, key features
in object detection. In the first row, we observe the input feature maps to
the DN layer. In the high fog condition, the central part of the feature map
loses almost all its details, becoming black without any edge detection. Note
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that without the DN layers, this would be the information transmitted to the
following layer. In the second row we show the output feature maps after the
DN is applied. They clearly show a significant recovery of the edge responses,
even in the foggy condition. Therefore, the DN has a corrective effect in both
clean and foggy images, although the effect is especially relevant in the high
fog scenario, where it helps to restore perceptually important details that
otherwise would be lost.
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Part 111

Evaluation of Human
Perceptual Alignment
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Alignment with Low-Level
Psychophysics

5.1 Introduction to Alignment

In the previous part of the thesis, we showed that including biologically
inspired computations, such as the Divisive Normalization, into deep learning
models improves their performance and robustness. We also found that these
improvements are due to an obtained invariance to undesired variability in
the input data. In this part, we shift the focus to the second key objective of
the thesis: analyzing the alignment of deep learning models and human visual
perception. As stated in Part I, there are several motivations for studying
this alignment.

On the one hand, from a neuroscientific perspective, deep learning mod-
els currently represent some of the best computational models of the brain.
Therefore, analyzing whether their behaviour aligns with human perception
can provide a better understanding of the principles underlying biological
vision. For example, if a neural network trained on natural images spon-
taneously reproduces some human perceptual behaviours, this suggests that
such behaviours may emerge naturally from the data statistics and the de-
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mands and constraints of the task.

On the other hand, from a computational perspective, human alignment
is not only desirable but also essential in some problems. The human brain is
exceptionally robust and able to generelize across distortions, degradations
and unseen data and conditions. Mimicking the human brain can help deep
learning models to get these properties easily, an ongoing objective in deep
learning. Moreover, there are many deep learning applications where human
alignment is a requirement. For instance, in image compression, the main
objective is to compress and decompress an image as much as possible while
maintaining the most perceptual similarity of the reconstructed image, and
this demands good models of human perception. Subjective image quality is
the computer vision part that focuses on this objective, training and devel-
oping new algorithms which mimic human perception.

5.2 Low-level pshichophysics alignment

To investigate how deep learning models align with human perception,
we begin with low-level visual processing phenomena. This choice is moti-
vated because low-level psychophysics provides an ideal test case: the per-
ceptual phenomena involved have been rigorously documented over decades,
and their underlying mechanisms are relatively well understood. In contrast
to higher-level tasks such as object recognition or scene interpretation, where
alignment can also be evaluated, low-level phenomena are grounded in direct
stimulus-response relationships. This allows for easy isolation and measure-
ment of every phenomenon, without confounding effects from semantic or
contextual complexity [Rust and Movshon, 2005, Martinez et al., 2019].

Moreover, these low-level effects are not just theoretically well-defined:
they are also visually clear. Properties such as contrast sensitivity, bright-
ness induction, or visual masking produce effects that can be seen directly
in carefully designed stimuli. This makes the evaluation of human align-
ment (or misalignment) more interpretable, and even qualitative measures
are possible. In addition, these low-level tests allow us to probe a model’s in-
ternal representations without requiring task-specific training or fine-tuning,
providing a clearer view of the model’s perceptual biases.

In this chapter, we evaluate a collection of ten foundational visual phe-
nomena, collectively referred to as the Decalogue of Low-Level Perceptual
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Properties, which were formalized and presented in our CIP2022 contribu-
tion [Malo et al., 2022, Hernandez-Camara et al., 2022] and lately extended
[Vila-Tomés et al., 2025]. It provides a structured framework for assessing
how well a given computational model reproduces foundational psychophys-
ical behaviours observed in human vision.

5.2.1 The Decalogue of Low-Level Visual Properties

To systematically assess how closely deep learning models replicate hu-
man low-level perception, we rely on a curated set of ten foundational psy-
chophysical phenomena. These effects span across different dimensions of
early vision, such as contrast, spatial frequency, luminance, color, and con-
textual interactions, and have been extensively validated through decades of
human experimentation.

Each property is tested using controlled visual stimuli designed to test a
well-defined perceptual response in human observers. Our goal is to quali-
tatively evaluate whether the models exhibit human-like behaviours. Below,
we describe each phenomenon included in the Decalogue:

e 1. Spectral Sensitivities:

Human sensitivity to light varies across wavelengths, as captured by
cone and opponent channel responses. This test examines whether the
model reproduces the shape of these spectral sensitivity functions when
exposed to quasi-spectral stimuli, both in the achromatic and chromatic
axes [Hurvich and Jameson, 1957].

e 2. Brightness and Color Response Saturation:

Perceived brightness and color intensity do not increase linearly
with physical stimulus intensity. Instead, they follow a saturat-
ing curve. This test evaluates whether the model exhibits a simi-
lar non-linear response to increasing brightness and chromatic input
[Wyszecki and Stiles, 2000].

e 3. Achromatic Contrast Sensitivity Function (CSF):

Humans are most sensitive to spatial frequencies in the range of 3-5
cycles per degree, with reduced sensitivity at both lower and higher
frequencies. This test evaluates whether the model exhibits a similar
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band-pass behaviour for achromatic stimuli, matching the human CSF
profile [Campbell and Robson, 1968].

4. Chromatic Contrast Sensitivity Function (CSF):

In contrast, human sensitivity to chromatic patterns, such as red-green
or blue-yellow, peaks at lower spatial frequencies, i.e. it is more low-
pass. This test examines whether the model exhibits similar chromatic
CSF characteristics [Mullen, 1985, Diez-Ajenjo et al., 2011].

5. Spatio-Chromatic Receptive Fields:

The human brain shows spatially structured, oriented, and color and
frequency-selective neurons. This test evaluates whether the model’s
receptive fields resemble these structured properties using local delta-
like stimuli [Hubel et al., 1959].

6. Nonlinear Contrast Response: Saturation:

Human perceptual response to physically increasing contrast is not
linear; it saturates. This test assesses whether the model also
exhibits contrast saturation effects as stimulus contrast increases
[Georgeson and Sullivan, 1975].

7. Nonlinear Contrast Response: Frequency Order:

Human sensitivity not only saturates but also depends on the test fre-
quency. This test evaluates whether models show a similar frequency-
order than humans [Georgeson and Sullivan, 1975].

8. Context Effects: Energy:

Human perception of a stimulus is attenuated when it appears on a
high-contrast background. This masking effect increases with the en-
ergy (contrast) of the background. This test evaluates whether the
model exhibits similar contextual suppression with increasing back-
ground contrast [Daly, 1990].

9. Context Effects: Frequency:

Masking effects in human perception are strongest when the back-
ground and the test stimulus have similar spatial frequencies. This test
evaluates whether the model displays comparable frequency-specific
contextual modulation [Daly, 1990].
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e 10. Context Effects: Orientation:

Analogous to frequency-based masking, humans show stronger suppres-
sion when the background and test stimuli are similarly oriented. This
test assesses whether the model exhibits orientation-specific contextual
effects consistent with human vision [Daly, 1990].

Together, these ten tests provide a rigorous and interpretable framework
for assessing whether deep neural networks exhibit emergent properties of
human early vision. In the next section, we apply them to a U-Net seg-
mentation model improved with Divisive Normalization to test whether it
reproduces these basic human perceptual phenomena.

5.3 U-Net Alignment with Low-Level Human
Perception

In the previous part, we showed that the deep learning model with Di-
visive Normalization (DN) had good segmentation results and improved ro-
bustness under real-world conditions. Here, we ask a different question: does
this bio-inspired model also exhibit perceptual behaviors aligned with low-
level human vision? To address this, we evaluate the U-Net model with DN
layers using the set of ten psychophysical tests described in the Decalogue
framework.

We applied each of the ten tests to the U-Net model and measure its
response at the end of the encoder part using all the information presented
here. Note that where to perform this measurement and whether to compare
all the feature maps or just some of them is a specific decision we made, but
other options could be explored. Based on the model activations collected,
we computed the model’s perceptual responses and qualitatively compared
them with known human behaviours.

As an example, figure 5.1 shows two representative results from the Deca-
logue. Specifically, it shows the results of the Contrast Sensitivity Functions
(experiments 3 and 4) and the orientation-based contextual masking (exper-
iment 10). None of these results reproduces human-like behaviour: In the
CSF test, the U-Net model with DN shows a clear high-pass filter behaviour,
missing the band-pass human CSF in the achromatic scenario. Regarding the
chromatic CSF's, the model obtains almost flat CSFs with unexpected dom-
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Figure 5.1: Representative results from the Decalogue applied to the
U-Net with Divisive Normalization: Left: Achromatic and chromatic Con-
trast Sensitivity Functions (experiments 3 and 4) derived from model responses.
Human observers exhibit band-pass sensitivity for achromatic contrast, peaking
around 3-5 cycles per degree, and lower-frequency band-pass sensitivity for chro-
matic channels, with greater sensitivity in the blue channel. However, the U-Net
shows high-pass behaviour for achromatic contrast and flat chromatic sensitivity
curves with an unexpected dominance of the red channel. Right: Orientation-
based contextual modulation (experiment 10). While human vision displays
strong suppression when test and background stimuli are similarly oriented, the
U-Net responses show negligible modulation across orientation conditions, sug-
gesting a lack of orientation-selective contextual sensitivity. Figure adapted from
[Hernandez-Camara et al., 2022, Vila-Tomas et al., 2025].

inance of the red channel at low frequencies. It again departs from human
chromatic CSF, which shows a clear low-band filter with the yellow chan-
nel showing greater sensitivity. Similarly, in the orientation masking task,
humans experience strong suppression when the test and background orien-
tations are similar. However, the U-Net shows almost no modulation across
orientations, suggesting a lack of orientation-selective context sensitivity.

When the model is evaluated in the full ten phenomena of the Decalogue,
the results reveal a consistent pattern: despite its bio-inspired components
(DN), its success in segmentation and its robustness, the U-Net with DN
fails to reproduce the majority of the perceptual phenomena observed in hu-
man vision, as shown in table 5.1. Some partial alignment is observed, for
instance in nonlinear contrast saturation (fact 6), frequency-dependent satu-
ration (fact 7), energy masking (fact 8), and brightness/color saturation (fact
2). However, the model diverges significantly from human behaviour across
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the majority of phenomena. In particular, it fails to capture key aspects
of spectral sensitivities, both achromatic and chromatic contrast sensitivity
bandwidths, and all three contextual modulation effects (orientation, fre-
quency, and energy).

Facts UNet + DN
1 Spectral Sensitivities (achromatic and opponent) XX
2 Brightness & Color Response Saturation X
3 Achromatic Contrast Sensitivity (Bandwidth) X
4 Chromatic Contrast Sensitivity (Bandwidth) X X
5 Spatio-Chromatic Receptive Fields XX
6 Nonlinear Contrast Response: Saturation xv’
7  Nonlinear Contrast Response: Frequency order
8 Context effects: Energy
9 Context effects: Frequency X
10 Context effects: Orientation X

Table 5.1: Summary of the U-Net with Divisive Normalization (DN)
performance across the ten Decalogue low-level psychophysical
tests: Each row corresponds to a fundamental visual phenomenon tested in
the Decalogue framework. A green tick indicates the model qualitatively re-
produces the human behavior; an orange indicates partial or weak alignment;
a red cross indicates the model fails to reproduce the expected perceptual
response. Results show that, despite improved segmentation robustness, the
U-Net with DN layers aligns poorly with most basic perceptual phenomena,
particularly in contrast sensitivity and contextual modulation.

These results suggest that training for a high-level vision task such as
segmentation does not necessarily guarantee the emergence of human-aligned
low-level properties, even when including biologically inspired elements like
Divisive Normalization. In contrast, models explicitly trained to match
human perceptual judgments, such as PerceptNet [Hepburn et al., 2020],
achieve stronger alignment across the full Decalogue test [Vila et al., 2022,
Vila-Tomés et al., 2025].

This highlights a fundamental gap: success in robustness or accuracy
on machine vision benchmarks does not imply alignment with human per-
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ception. Bridging this gap may require not only architectural changes to
include bio-inspired computations, but also training objectives, constraints,
or inductive biases specifically designed to reflect human visual perception.
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The Importance of Visual
Environment

6.1 Color Discrimination and the Role of Vi-
sual Environment

In the previous chapter, we saw that, despite its bio-inspired design and
improved robustness in segmentation, the U-Net model equipped with Divi-
sive Normalization (DN) fails to reproduce most of the fundamental percep-
tual behaviours expected from human vision. However, a notable exception
emerges in the case of color-related phenomena. Among the Decalogue tests,
the model showed its highest (although partial) human alignment in tasks
related to color saturation and nonlinear responses in the chromatic chan-
nels. This partial success, together with the important role that color may
have for semantic segmentation, motivates a deeper investigation into how
these models process color, and more specifically, how aligned they are with
human color discrimination.

To evaluate the color perception, we make use of a classical human
experiment from visual psychophysics: the so-called MacAdam ellipses
[MacAdam, 1942]. These ellipses define regions of just-noticeable chromatic
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difference in color space. That is, they represent how much a color must vary
before a human observer perceives it as different. Interestingly, they depend
on both the initial color and the direction of change within the color space.
Therefore, to test whether the segmentation networks perceive color in a
similar way compared to humans, we analyze their MacAdam ellipses. If the
network “sees” color like a human, its representation of chromatic differences
should provide similarly shaped and oriented ellipses.

To systematically evaluate this alignment, we conduct a controlled experi-
ment comparing U-Net models trained under three distinct visual conditions:
First, we consider models trained with natural images, representative of real-
world terrestrial scenes. Second, we analyze models trained with underwater
images, where the spectral distribution is heavily shifted toward blue-green
wavelengths. Finally, we include a reference scenario with models trained
with achromatic images, removing all color information from the training
images.

For each of these three conditions, we train and evaluate two archi-
tectural variants of the same model: a standard U-Net architecture and
a U-Net augmented with Divisive Normalization. This results in a total
of six models, allowing us to disentangle the effects of architecture (with
vs. without DN) from those of the training data (natural, underwater, or
grayscale). This analysis was presented in our Frontiers in Psychology study
[Hernédndez-Cémara et al., 2024a).

Comparing the MacAdam ellipses obtained from these networks to the
human MacAdam ellipses, we aim to answer a central question: What mat-
ters more for achieving perceptual alignment in color vision: implementing
biologically inspired computations, such as Divisive Normalization, or expos-
ing models to visual environments with natural color statistics?

6.2 Assessing the MacAdam Ellipses of Deep
Learning Models

To evaluate how well segmentation networks align with human color per-
ception, we analyze their color discrimination behaviour using a methodology
that allows us to compare with the classical MacAdam ellipses. As introduced
before, MacAdam ellipses describe regions in the color space where chromatic
variations are just barely noticeable to human observers. Their size, shape,
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and orientation are well-characterized and highly consistent across observers,
making them an ideal reference for evaluating perceptual alignment in arti-
ficial models.

To perform the analysis, we extend our evaluation beyond the segmen-
tation models trained in part II. Specifically, we test both the standard U-
Net architectures and the bio-inspired U-Net augmented with Divisive Nor-
malization, trained on three different datasets with different spectral statis-
tics. These include the Cityscapes dataset [Cordts et al., 2016], which rep-
resents real-day images with natural color distributions; the SUIM dataset
[Islam et al., 2020], made of underwater images and therefore with dominant
blue-green spectral bias due to water filtering; and an achromatic version of
Oxford-IIIT Pets [Parkhi et al., 2012], without any color information. These
datasets allow us to investigate how the spectral characteristics of the train-
ing data affect the model’s color discrimination.

For each dataset, we train two models (with and without DN), resulting in
six segmentation networks. We took the Cityscapes-trained models from part
IT [Hernédndez-Cémara et al., 2023, Herndandez-Cédmara et al., 2025], and we
trained the other four models under equivalent conditions. Table 6.1 sum-
marizes the segmentation performance (IoU) of each model on its respective
test sets.

To estimate the MacAdam ellipses of each model, we follow a physically
grounded procedure. For each test image, we assume it was generated from
surfaces with fixed spectra reflectance illuminated by an equienergetic illu-
minant. Computing the image reflectance allows us to simulate illumination
changes, modifying the spectral content of the light source while keeping the
reflectances constant. This method allows us to generate consistent image
variants across a controlled hue-saturation grid of illuminants. Figure 6.1
illustrates this procedure. Panel A shows synthetic patches of constant re-
flectances illuminated by different light sources with systematically varied
illuminations. Panel B visualizes the hue-saturation sampling grid used for
these illumination changes in the CIE 1931 xy chromaticity diagram. Panel
C reproduces classical human MacAdam ellipses, which represent empirical
tolerance thresholds in color space. Panel D shows an example scene created
with the modified illuminants, demonstrating the application of this method
across natural (top), underwater (middle), and achromatic (bottom) image
domains.
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‘ Natural illum. ‘ Underwater ‘ Achromatic
Standard U-Net | 0.77 £0.02 | 0.66 +0.05 | 0.77 & 0.02

U-Net 4+ DN 0.78 = 0.02 0.70 =0.04 | 0.80 4= 0.02

Table 6.1: Segmentation results of standard and DN-augmented U-
Net models trained in different datasets: Test IoU results (mean +
standard deviation) of the models trained in the different environments when
performing 300 evaluations over subsets of the test images. Results from
[Hernédndez-Céamara et al., 2024a).

Once we have generated the modified scenes, we evaluate the segmenta-
tion performance of each model under these illuminant changes. For each
architecture-dataset combination, we assess how the segmentation perfor-
mance varies with the changes in hue and saturation, compared to the model’s
original performance in the unmodified images. We perform the evaluations
over 300 random subsets of test images per model. Figure 6.2 shows the rela-
tive segmentation performance with regard to their original performance, and
the associated 3%, 5% and 10% tolerance curves, that define each model’s
effective tolerance ellipse.

Note that the specific size of the tolerance regions depends on the (ar-
bitrary) choice of the performance drop threshold used to define a “just
noticeable” change (here 3%, 5%, or 10%). However, two observations are
highly informative. First, the overall scale of the tolerance regions systemati-
cally varies across models trained in different visual environments, indicating
that the models are more or less sensitive to chromatic variation depending
on the data statistics. Second, the orientation and non-circular shape of
these regions suggest that the segmentation models trained under different
training distributions are anisotropic in color space, i.e. certain chromatic
shifts produce more drastic changes than others. In this way, the model’s
behaviour mimics (or fails to mimic) the human MacAdam ellipses, offering
a direct lens into the alignment of learned color representations with those
of human perception.

To finally quantify the alignment between the model and human color
discrimination ellipses, we compute the root mean squared error (RMSE)
between the human MacAdam ellipses and the 5% tolerance regions of the
models. Figure 6.3 shows histograms of the RMSE values across 300 evalua-
tion subsets per model. We can see a clear pattern: the visual environment
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Figure 6.1: Illustration of human color discrimination (tolerance to sat-
uration for different hues) and our method to change the image illumi-
nant: Panel A shows patches of flat spectral reflectance illuminated by sources
with spectral radiances selected to cover the 1931 CIE xy diagram. Black dots
in the CIE xy chromatic diagram of panel B show the polar distribution of the
chromaticity of the considered illuminants. The illuminants are organized as a
function of hue and saturation, i.e. angle with respect to the x axis, and distance
with respect to the white point respectively. For each hue (each column in the
colored panel A), the Euclidean distance in the chromatic diagram required to
induce certain perceptual departure from the white color of the same luminance is
different. That is why the insensitivity region around the white (determined by the
circles in panel A) is an ellipse with a certain orientation, marked by orange dots
in panel B. The diagram in panel C displays the insensitivity regions for humans
measured by MacAdam (1942) at a number of color locations over the chromatic
diagram. Finally, panel D shows scenes with modified illumination starting from a
different original image: natural (top), underwater (center), and achromatic (bot-
tom). Figure adapted from [Herndndez-Camara et al., 2024a].

in which the model is trained plays a dominant role in shaping its perceptual
alignment. Models trained on natural images consistently show lower RMSE
values, i.e. better alignment, than those trained on underwater or achromatic
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Figure 6.2: Tolerance of segmentation performance to illuminant change
for different environments: The results of the natural, underwater, and achro-
matic environments are represented in the top, middle, and bottom rows respec-
tively. Left results represent the standard U-Net models while right results rep-
resent the U-Net with DN layers. Gray level represents the segmentation per-
formance under different illuminations with regard to the reference performance
obtained for the original scenes. Darker values represent lower performance. The
curves in purple, orange and green, represent variations of the performance of 3%,
5%, and 10%, respectively. These curves define tolerance regions for performance
in the chromatic diagram. The RMSE values represent the distance between the
average of these tolerance regions in the artificial system and the corresponding tol-
erance ellipse in humans. Figure adapted from [Herndndez-Camara et al., 2024a].

data, regardless of architectural differences. This observation is statistically
confirmed by two-sample Kolmogorov—Smirnov tests [Hodges Jr, 1958]. The
differences between environments are highly significant, with p,, < 0.001, as
can be seen by the almost non-overlapping distributions across conditions. In
contrast, architectural differences, with or without DN, do not produce sig-
nificant differences in the underwater or achromatic conditions. Only in the
natural training condition does the inclusion of DN produce a statistically
significant but modest improvement in alignment.

These results demonstrate that, in the context of color discrimination, the
statistical properties of the visual environment have a much greater impact
on human alignment than architectural modifications alone, even when such
modifications are biologically inspired.
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Figure 6.3: Models’ tolerance regions distances to MacAdam ellipses:
Histograms of the RMSE errors comparing the human MacAdam ellipses and the
tolerance region of the models for 300 realizations with test subsets. Figure from
[Herndndez-Cédmara et al., 2024a].
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Analysis of the Factors that
Influence the Alignment

7.1 Which factors affect the human alignment
of a deep learning model?

In the previous chapter, we showed that the statistics of the visual envi-
ronment play a more important role than the model architecture (bio-inspired
or not) in achieving a higher human alignment, at least in the context of color
discrimination. Particularly, we found that models trained on naturalistic
images developed color sensitivity patterns closer to human thresholds than
models trained on grayscale or underwater scenes, independently of whether
the architecture was modified to include Divisive Normalization. This re-
sult raises a new fundamental question: Which factors of deep learning
models (architecture, training objective, data properties, regular-
ization, ...) have the strongest influence on perceptual alignment
with human vision?

Understanding the impact of these deep learning key components is essen-
tial, especially if we aim to develop models that not only perform well in com-
puter vision tasks but also process visual information in ways comparable to
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human observers. In this chapter, we address this question through two com-
plementary studies: First, we perform a systematic comparison of CNN-based
architectures trained under different tasks and constraints, assessing how
each condition affects perceptual alignment [Hernandez-Camara et al., 2025].
Second, we turn our attention to state-of-the-art current architecture in com-
puter vision tasks, the Vision Transformers (ViTs). Here, we also investigate
which factors of their radically different architecture affect their human align-
ment [Hernandez-Camara et al., 2025b].

These two analyses allow us to disentangle the effect of various deep
learning factors on human alignment. Together, they offer insight into the
emergence (or absence) of human-like perception in modern artificial vision
systems.

7.2 Measuring Human Alignment via Image
Quality Databases

Assessing the perceptual alignment of deep learning models requires sys-
tematic and quantifiable comparisons between model outputs and human
judgments. In previous chapters, we used low-level psychophysical experi-
mental data and color discrimination thresholds, i.e. the MacAdam ellipses,
to evaluate this alignment. Another widely used, robust and well-established
methodology to compute the human alignment is through image quality as-
sessment (IQA) databases. These datasets offer a proxy for low- to mid-level
perceptual evaluation as they provide human ratings regarding image dis-
tortions and distances, which can be compared to model-derived similarity
metrics.

7.2.1 Image Quality Databases

IQA databases are composed of pairs of images: a high-quality reference
image and several distorted versions of it, each affected by specific types and
levels of degradation. These distortions usually include noise, blur, compres-
sion artifacts, color shifts, or contrast variations. Each distorted image is
scored by human observers using Mean Opinion Scores (MOS), which rep-
resent the human perceived quality of the distorted image with respect to
its reference. Higher MOS values indicate that the distortion is less notice-
able (i.e., more similar to the reference), while lower scores reflect stronger
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perceptual differences.

Among the most widely used IQA datasets, and the ones used in our
studies, are:

e TID-2013: Contains 25 reference images and 3,000 distorted images,
spanning 24 types of distortions at five severity levels each. Includes
classic distortions like Gaussian noise, JPEG compression, and color
saturation changes [Ponomarenko et al., 2015].

e KADID-10k: A large-scale dataset of 81 reference images and 10,125
distorted versions across 25 distortion types. It introduces more diver-
sity in content and degradation sources [Lin et al., 2019].

7.2.2 Model-Based Perceptual Distance Computation

To evaluate a model’s perceptual alignment using IQA databases, we
compare the model’s internal response to each pair of images, reference and
distorted, and compute the distance between these internal representations.
The idea is that if a model is highly aligned with humans, it should en-
code visual inputs in a human-like manner, and its internal distances should
correlate with the perceptual similarity ratings from human observers.

Formally, let I,.; and I4s be a pair of reference and distorted images,
respectively. A deep learning model f processes these images, and we ex-
tract its internal representations at a certain layer fi(1,.r) and f;(Zgst). The
perceptual distance at this layer, D;, can then be computed as:

Di(Les, Laist) = || fillrer) — fillaise)] ]2 (7.1)

In equation 7.1, we define the perceptual distance D using the Euclidean
distance, which is one of the most commonly used. However, other distances
or similarity metrics can be used. For example, cosine distance, which mea-
sures the angle between the internal representation of the two images, is
another common option. Regardless of the specific metric, the central hy-
pothesis is that if a model “sees” like a human, the distances between its fea-
ture representations should be similar to the perceived dissimilarity reported
by human raters. To quantify this alignment, we compute the Spearman
Rank-Order Correlation Coefficient (SROCC) [Spearman, 1987] to measure
the correlation between human MOS and model distances D. SROCC is
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a non-parametric metric that measures the monotonic relationship between
two variables, making it well-suited for comparing the perceptual judgments
and the model outputs.

In summary, IQA databases provide a well-established, standardized and
interpretable method to assess the human perceptual alignment of deep learn-
ing models. Comparing distances between model feature representations of
distorted and reference images with human judgments, we can easily estimate
how well the model captures human-like visual dissimilarity. This method-
ology serves as the foundation for the analyses in the next sections of this
chapter, where we explore how specific deep learning components, such as
training objectives, architecture types, and model depth, affect model align-
ment with human perception.

7.3 Factor Analysis in CNN-based Deep Learn-
ing Models

To investigate which components of deep learning models are most influ-
ential for human perceptual alignment, we first perform a systematic anal-
ysis of convolutional neural networks (CNNs), presented in our publication
in Neural Networks [Hernandez-Camara et al., 2025]. In this study, we iso-
late a range of factors, architecture, training objective, feature extraction,
and data statistics, and evaluate their effects on human alignment using the
previously described methodology.

7.3.1 Experimental Design and Analyzed Factors

The goal of the analysis is to determine which design choices and training
conditions lead to internal representations that correlate most strongly with
human perceptual judgments from IQA databases. To do so, we evaluate
a range of CNN models trained under controlled conditions, varying only
one factor at a time while keeping the others fixed. Table 7.1 summarized
the specific tested factors we analyze. They are grouped into three main
categories:

e Function (training objective): We compare models trained with
supervised, self-supervised, and unsupervised learning goals.

e Architecture: We evaluate models of different depths and structural
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complexity, and we test several strategies to summarize internal fea-
ture representations, including mean, standard deviation, and Gram
matrices.

e Visual Environment (Training Data): We analyze models trained
on three datasets with distinct image statistics, resolution, and size.

In all experiments, the internal representations of the deep learning mod-
els are evaluated layer-by-layer, allowing us to analyze how alignment with
human perception evolves across model depth. This is particularly relevant,
as it mirrors how visual representations become increasingly abstract and
task-specific in both artificial and biological systems. We also benchmark the
human alignment of the deep learning models against established image qual-
ity assessment (IQA) algorithms, including Structural Similarity Index Mea-
sure (SSIM) [Wang et al., 2004], Learned Perceptual Image Patch Similarity
(LPIPS) [Zhang et al., 2018], Deep Image Structure and Texture Similarity
(DISTS) [Ding et al., 2020], and PerceptNet [Hepburn et al., 2020], that are
specifically optimized to match human perceptual ratings from certain IQA
databases.

7.3.2 Experimental Results: Role of Different Factors

Figure 7.1 shows the results of the first experiment, where we evalu-
ate how human alignment (with TID-2013 and KADID-10K) varies with
the model’s training goal. We test AlexNet [Krizhevsky et al., 2012] models
trained on ImageNet [Deng et al., 2009] under supervised and self-supervised
settings, and ResNet [He et al., 2016] models trained on the Taskonomy
dataset [Zamir et al., 2018] with various supervised, self-supervised and un-
supervised objectives.

In the case of AlexNet trained on ImageNet, we find that most training
objectives obtain higher alignment with human perception than SSIM. How-
ever, some have better perceptual alignment than others. In particular, the
supervised model and the RotNet (self-supervised trained for rotation predic-
tion) obtain the highest correlations with human opinion scores. However, it
is important to note that the RotNet model weights were initialized from the
supervised model ones. Regarding the other goals, the Jigsaw model shows
strong correlations at early layers, but its alignment decreases with depth,
and the other self-supervised models show lower correlations with human
perception across layers.
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FUNCTION ARCHITECTURE ENVIRONMENT
task connections read-out training data
Supervised .

Self-supervised AlexNet Euclidean ImageNet-1K

No supervised No concatenate

AlexNet
RZSNGeI_t}gO Fuclidean
Supervised Classif. | DenseNet-121 ImageNet-1K
EfficientNet-B0
ConvNeXt No concatenate
ViT
Euclidean
Mean
Means-Sigmas

Supervised Classif. AlexNet Gram ImageNet-1K

No concatenate

Concatenate
. ImageNet-1K
Supervised Classif. AlexNet Euclidean Places-365
No concatenate Cifar-10

Table 7.1: Summary of Factors Analyzed for Human Alignment:
Each column corresponds to a design dimension evaluated in our study:
training function, architecture, or environment. Each row lists the specific
configurations explored. This structured comparison allows us to disentan-
gle the contribution of each individual factor to the perceptual alignment of
CNNs. Table from [Hernandez-Camara et al., 2025].

For the ResNet models trained on Taskonomy, we found that semantic
goals (such as semantic segmentation or scene classification) together with
some of the 2D tasks achieve the highest perceptual alignment, especially in
deeper layers. In contrast, models trained on 3D tasks or low-dimensional
geometric properties, such as depth estimation or surface normals, exhibit
lower alignment. This suggests that semantic supervision benefits the mod-
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els to get internal representations that better align with human perception.
These results are consistent with findings from other studies that have ob-
served the emergence of human-like phenomena, such as color categories or
contrast sensitivity curves, in models trained for semantic tasks rather than
for low-level tasks [Akbarinia et al., 2023, Akbarinia, 2025].
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Figure 7.1: Human alignment of CNNs trained with different objec-
tives: Spearman correlation between model-derived distances and human judg-
ments across layers. Background colors denote the boundaries of model blocks.
Top: Results for AlexNet trained on ImageNet with different supervised and self-
supervised objectives. Bottom: Results for ResNet trained on Taskonomy with a
range of visual goals. The analysis is repeated for two IQA databases: TID2013
(left) and KADID-10K (right). Models trained on semantic tasks consistently
show higher alignment with human perception, especially in deeper layers. Figure
adapted from [Hernandez-Camara et al., 2025]

Figure 7.2 shows the results of the second experiment, where we
analyze how human alignment varies across models with different ar-
chitectures. ~ Again, we evaluate the Spearman correlations between
model distances and human opinion scores for the TID2013 and KADID-
10K databases. The architectures span a large range of complexity,
from the relatively shallow AlexNet [Krizhevsky et al., 2012] to state-of-
the-art Vision Transformers (ViT) [Dosovitskiy et al., 2020], and include
VGG [Simonyan and Zisserman, 2014], ResNet [He et al., 2016], DenseNet
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[Huang et al., 2017], or ConvNext [Liu et al., 2022]. All models were trained
on the same supervised classification task using ImageNet [Deng et al., 2009]
data. In addition to the architectural differences, we also evaluate the effect
of how the image representation is read-out. Using the AlexNet model as a
reference, we compare several strategies for summarizing the internal image
feature maps: computing spatial means, combining means with standard de-
viations, or computing Gram matrices. These descriptors are applied either
on a single layer or across concatenated outputs from previous layers. Several
key findings emerge from these experiments. First, simple models correlate
better with human perception. AlexNet and VGG-16 outperform deeper and
more modern networks in perceptual alignment, despite having lower classi-
fication accuracy on ImageNet. Second, for these simplest models (AlexNet
and VGG-16), correlation with human ratings increases with layer depth,
peaks near the penultimate layer, and then drops in the final classification
layers. Third, the read-out strategy significantly affects alignment, where
the stronger the summarization, the worse the human alignment. The direct
use of raw feature vectors (without any summarization) produces the best
correlation. Among the tested strategies, the combination of spatial mean
and standard deviation performs better than using means alone, and both
outperform Gram matrices. Fourth, concatenating previous layers has lim-
ited benefit. However, it helps to obtain an upper limit of the correlation and
improves the results of the last layers, whereas if one does not concatenate
the features of the previous layer, the correlation goes down.

Finally, figure 7.3 shows the results of the third experiment, where we
analyze how the training data affects perceptual alignment. Particularly, we
fix the model architecture to AlexNet and the training objective to supervised
classification, but vary the training datasets: ImageNet-1K [Deng et al., 2009]
(1.2M diverse natural images), Places-365 [Zhou et al., 2014] (10M place
scene images), and CIFAR-10 [Krizhevsky et al., 2009] (50K natural small
low-resolution images of 10 categories). The results show that the ImageNet-
trained model achieves the highest correlation with human perception, fol-
lowed by Places-365, while CIFAR-10 obtains the lowest alignment. This
confirms that training on larger and more naturalistic datasets benefits the
human alignment, probably due to the richness and variety of visual statistics
they include.
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Figure 7.2: Human alignment results across different model architectures
and read-out strategies: Top: Spearman correlation between model and human
judgments for CNNs and a ViT trained for supervised classification on ImageNet.
Simple models like AlexNet and VGG-16 align better with human perception than
deeper modern architectures, despite lower classification accuracy. Bottom: Anal-
ysis of different read-out strategies applied to AlexNet. Raw feature vectors achieve
the best alignment; Gram matrix summarization performs the worst. Background
color indicates AlexNet blocks. Results are shown for TID2013 (left) and KADID-
10K (right) IQA datasets. Figure adapted from [Hernandez-Camara et al., 2025].

7.4 Disentangling the Human Alignment in
Vision Transformers

Following our previous study and motivated by the growing dominance
of Vision Transformer (ViT) architectures [Dosovitskiy et al., 2020] in com-
puter vision, we extend our analysis to investigate the perceptual alignment of
ViTs. Note that Vision Transformers represented a significant architectural
shift from convolutional neural networks (CNNs). Rather than relying on lo-
cal receptive fields and hierarchical spatial composition, ViTs use global self-
attention mechanisms that allow each image patch to directly interact with
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Figure 7.3: Human alignment results for AlexNet models trained with
different datasets: Spearman correlation between model-predicted distances and
human perceptual scores across model layers. All models were trained for su-
pervised classification, but using different datasets. Models trained on ImageNet
exhibit the highest alignment, followed by those trained on Places-365 and CIFAR-
10. Results are shown for both the TID2013 (left) and KADID-10K (right) image
quality databases. Figure from [Hernandez-Camara et al., 2025].

all others. While these models have achieved state-of-the-art performance
across a wide range of vision tasks, their alignment with human perceptual
judgments is still not well analyzed. In this study, we aim to examine whether
ViTs develop human-like perceptual representations, and how this alignment
is influenced by various training and architectural factors. This work builds
on our CCN 2025 poster Do Vision Transformers See Like Humans? Evalu-
ating their Perceptual Alignment [Hernandez-Camara et al., 2025b].

Particularly, to perform this analysis, we make use of a collection of pre-
trained ViTs for the goal of image classification [Steiner et al., 2021]. This
collection includes over 50,000 models trained under different configurations,
allowing us to systematically explore how variations in architecture and train-
ing parameters affect perceptual alignment. We focus on the factors that vary
in this ViTs collection, such as the model size (Tiny, Small, Base and Large),
dataset size (number of unique images used during training), samples seen
(how many times each image is seen during the training), intensity of data
augmentation (strength of augmentations applied) and regularization (effect
of techniques such as dropout and stochastic depth).

Figure 7.4 shows the alignment results for different ViT training config-
urations. In all cases, we compute the perceptual distance with TID-2013
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Figure 7.4: Human alignment results of Vision Transformer (ViT) models
across different training factors: Plots show the Spearman correlation between
model-based distances and human opinion scores from the TID2013 dataset. Top
left: Alignment as a function of total samples seen (i.e., training duration) for fixed
dataset size. Bottom left: Alignment across datasets of increasing diversity (from
1.3M to 13M unique images), for a fixed total compute. Top right: Impact of data
augmentation strength. Bottom right: Impact of regularization (none vs. dropout
+ stochastic depth). Colors indicate different model sizes. Figure adapted from
[Hernandez-Camara et al., 2025b].

using the final model representation before the classification head, i.e., the
output of the transformer encoder. Several key insights emerge from this
analysis. First, similarly to CNN, model size reduces the human align-
ment. Larger ViTs consistently showing lower perceptual alignment with
human judgments, regardless of dataset or training configuration. Second,
more training does not help to get higher alignment. Increasing the num-
ber of times each image is seen during training (i.e., training duration) leads
to lower perceptual alignment. This effect is most evident in larger mod-
els, suggesting that prolonged optimization produces overfitting and pushes
models away from human-like representations despite improving task perfor-
mance. This supports prior findings on CNN, which showed that prolonged
training and, therefore, more accuracy on the training objective can reduce
alignment with human perception [Gomez-Villa et al., 2020, Li et al., 2022,
Kumar et al., 2022, Hernandez-Camara et al., 2025|. Third, increasing the
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dataset size has a limited effect. Increasing dataset diversity (from 1.3M
to 13M unique images) has surprisingly almost no effect on the perceptual
alignment when the total number of images seen is constant. This indi-
cates that longer training (i.e., more samples seen) is a stronger factor than
dataset variety. Fourth, stronger augmentations and regularization (dropout
and stochastic depth) hurt human alignment. Although these techniques are
effective for improving generalization and robustness, they systematically de-
grade human alignment across all models, particularly for the models with
extensive training, i.e. the ones that have seen each image more times. This
suggests that common strategies to improve model generalization may move
models further from the human perception.

7.5 What Drives Human Alignment in Deep
Models?

The results presented in this chapter allow us to obtain several conclu-
sions regarding the factors that most strongly influence human alignment in
deep learning models. Our findings indicate that getting a high perceptual
alignment requires a deep understanding of how different deep learning com-
ponents contribute to human-like behaviour and how they interact. Here we
present a summary of our findings:

Training Objective Is Crucial

Across CNNs we observe that models trained for semantic objectives,
such as classification or segmentation, exhibit higher alignment with human
perception than models trained for geometric or low-level tasks. In par-
ticular, supervised models consistently outperform their self-supervised or
unsupervised counterparts, especially in mid-to-late layers. This suggests
that optimizing for meaningful, semantic labels drives the network to learn
perceptually relevant features.

Simpler Architectures Align Better

Contrary to what one might expect, model performance on the training
objective does not directly correlate with human alignment. Simpler CNN
architectures like AlexNet and VGG-16 exhibit higher perceptual alignment
than deeper and more complex architectures such as ResNets, DenseNets or
ConvNeXts. Also, smaller ViTs align better with human perception than
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larger models. This points to a trade-off between maximizing task accuracy
and maintaining interpretable and human-like representations.

Layer Depth Matters

Human alignment tends to increase across early and intermediate layers
of CNNs but declines in the deepest task-specific layers. This mirrors a
functional hierarchy of the human brain, where early stages capture general-
purpose visual features, while deeper layers become increasingly specialized.
Therefore, alignment assessments should consider the layer being analyzed,
rather than relying on a single readout.

Visual Environment Plays a Dominant Role

As shown here and in the previous chapter, the statistics of the training
data can be more influential than the architectural choice. Models trained
on natural scenes show higher alignment with IQA databases and developed
color discrimination patterns more similar to human MacAdam ellipses than
models trained on grayscale or underwater imagery. This reinforces the idea
that exposure to naturalistic environments is key to achieving human-like
perception.

Overtraining Reduces Alignment

In our analysis of Vision Transformers, we found that longer training,
measured as the number of times each image was seen, reduced alignment
with human judgments. This suggests that overfitting to the training objec-
tive causes the model to reduce its human alignment in favour of task-specific
accuracy.

Standard ML Techniques Can Be Detrimental

Interestingly, widely used techniques to improve generalization in machine
learning, such as data augmentation and regularization, consistently reduce
perceptual alignment in ViT models. While they help models perform better
on downstream tasks, they seem to push internal representations further
away from human perception.

Readout Strategies Influence Alignment

Finally, we observe that how internal representations are extracted affects
the alignment scores. Although it is secondary to training objectives or data
properties, this factor still matters in the design of evaluation frameworks.

Taken together, these findings show a complex picture. While architec-
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tural and computer vision innovations and techniques, such as ViTs, regular-
ization or data augmentation, can boost models’ performance and robustness,
they are not sufficient on their own. Instead, we showed that they mainly
reduce human alignment. We also found that the most decisive factors in
driving human alignment appear to be the training objective, the data dis-
tribution and the architecture complexity. Importantly, these influences are
not always additive, with many of them interacting in non-obvious ways.

To illustrate this non-trivial relationship, figure 7.5 shows the relation be-
tween model performance (on an objective task like ImageNet classification)
and their perceptual alignment (measured using IQA databases). Clearly,
the relation is not linear: after an initial increase, alignment peaks and then
declines as models continue to optimize their task accuracy. This creates
an inverted-U shape, indicating that training the models too much to get a
high task-specific performance can reduce their similarity to human percep-
tion. This phenomenon is consistent with similar trends reported in autoen-
coder models and ResNets trained for reconstruction or contrastive objec-
tives [Li et al., 2022, Kumar et al., 2022]. This shows that human alignment
in deep learning is not an automatic by-product of better task performance
or architectural complexity. Instead, it emerges from a careful balance of the
right objectives, data distributions, and inductive biases.
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Figure 7.5: Non-linear relation between image classification accuracy
and human alignment: Plots show the relation between human alignment
and the model’s accuracy on different tasks, the majority of which are Ima-
geNet classification. Panel A: our results of correlation with the human opin-
ion of distortion (both in TID-2013 and KADID-10K), depending on the val-
idation ImageNet classification accuracy for all the different considered net-
works in [Herndndez-Camara et al., 2024a]. The points of the Pareto frontier
have been highlighted in darker color. Panel B: our results of correlation
with the human opinion of distortion in TID-2013, depending on the valida-
tion ImageNet classification accuracy for all the different considered networks
in [Herndndez-Camara et al., 2024a]. Panel C: result from [Kumar et al., 2022],
with the Pareto frontier showing an equivalent correlation between the valida-
tion ImageNet classification accuracy and the human behaviour (reproduced with
permission of the authors). Panel D: results [Li et al., 2022] showing similar-
ity with human Contrast Sensitivity Function (CSF) of autoencoders depend-
ing on the performance in several image reconstruction tasks (from data in ta-
bles 1-4 of [Li et al., 2022]). Figure adapted from [Hernandez-Camara et al., 2025,
Hernandez-Camara et al., 2025b].
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Alignment Evaluation for
Multi-Modal Models

8.1 Multimodal Models Evaluation

In the previous chapter, we showed that the alignment between deep
learning models and human perception is shaped by multiple interacting fac-
tors, including the model architecture, training objective, layer depth, or
visual statistics of the training data. We also saw that the human alignment
is not a fixed property, but that it varies across layers and evolves over the
training. In particular, we found that as models become more optimized for
task-specific objectives, they often become less aligned with human percep-
tion. These findings raise a key question regarding modern deep learning
multimodal models: how do these multimodal models, trained jointly on
vision and language, process visual information, and how aligned are their
internal representations with human perception?

This question is especially relevant given the growing influence of multi-
modal vision-language models in both research and, obviously, in real-world
applications. Models such as CLIP (Contrastive Language-Image Pretrain-
ing) [Radford et al., 2021b], and more recent Multimodal Large Language
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Models (MLLMSs) integrate visual and linguistic data to perform a wide va-
riety of tasks, from image retrieval or classification to open-ended visual
question answering. However, despite their impressive capabilities and their
extended use, little is known about how these models process visual input in
relation to human perception.

In this chapter, we explore the perceptual alignment of multimodal mod-
els, beginning with CLIP and extending to modern MLLMs. We organize the
chapter into three complementary analyses: First, we examine how alignment
with human perception varies across CLIP’s layers and at multiple perceptual
tasks of increasing abstraction. This analysis explores whether the depth at
which alignment peaks depends on the nature of the perceptual phenomenon.
Second, we study how CLIP’s alignment evolves throughout training, reveal-
ing a different trend compared with vision-only models. Finally, we extend
our analysis to modern MLLMs and introduce a psychophysics-inspired eval-
uation framework to assess contrast sensitivity without requiring explicit
feature read-out, making the methodology suitable for end-to-end systems
like conversational multimodal models.

Together, these studies offer new insights into how vision-language models
process visual and textual information and provide novel tools for evaluating
human alignment in increasingly complex and abstract systems.

8.2 CLIP Alignment at Different Abstraction
Levels

Contrastive Language-Image Pretraining (CLIP) is a multimodal model
trained to align visual and textual inputs through a contrastive loss func-
tion [Radford et al., 2021b]. Specifically, CLIP is trained to project paired
images and text descriptions into a shared embedding space, such that cor-
responding pairs are mapped closer together. This training strategy enables
CLIP to achieve strong zero-shot and few-shot performance on a variety of
downstream tasks, including image classification and retrieval. Thanks to its
scalability and extensive training data, CLIP has become one of the most
widely adopted visual encoders in modern multimodal systems. However,
beyond its performance on standard benchmarks, an important open ques-
tion remains: to what extent do CLIP’s internal visual representations align
with human perception?
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This question is particularly relevant because CLIP’s training includes
both visual and language information. The integration of linguistic supervi-
sion may shape how the model encodes perceptual features. Understanding
whether this integration improves or harms alignment with human vision
is crucial. As shown in the previous chapter, the layer at which align-
ment is measured plays a key role: we found that perceptual alignment
often increases with depth, peaking in intermediate-to-deep layers before
declining in task-specialized final layers. Motivated by this, we conducted a
layer-by-layer analysis of CLIP to determine how human alignment varies
across depth and abstraction levels. This study, presented at the ICLR
2024 Re-Align Workshop [Herndndez-Camara et al., 2024b], aims to reveal
how human-like perception emerges (or fails to emerge) within different
stages of the CLIP architecture. Importantly, human perceptual alignment
can be evaluated at multiple levels of abstraction. For instance, measur-
ing perceptual distances between an image and its slightly noisy version
(TID2013 [Ponomarenko et al., 2015]) involves relatively low-level process-
ing. In contrast, evaluating semantic similarity between different object
categories (THINGS [Hebart et al., 2020]) focuses on higher-level visual rep-
resentations. Figure 8.1 illustrates the range of abstraction levels used in
our study, and the types of image variation and behavioural judgments that
define each.

Low abstraction Middle abstraction High abstraction
Tid-2013 database NIGHTS Perceptual database odd-one-out THINGS database

R /.:ﬂ‘b “:,“\,‘ £ . - —

Human distance =4.5 Human choice = Left - Human choice = Right

Figure 8.1: Levels of abstraction in perceptual alignment tasks: Visual
examples of the three abstraction levels used to evaluate human-model perceptual
alignment. Low abstraction (left): Pairwise similarity judgments for images with
slight distortions from datasets such as TID2013 [Ponomarenko et al., 2015]. Mid-
dle abstraction (center): Triplet judgments between images of the same seman-
tic class, differing in object count or composition (NIGHTS perceptual dataset
[Fu et al., 2023]). High abstraction (right): Triplet odd-one-out judgments for se-
mantically different classes (THINGS database [Hebart et al., 2020]). Figure from
[Herndndez-Cémara et al., 2024b].

To systematically explore these differences, we evaluated CLIP across
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three distinct perceptual datasets, each corresponding to one of the abstrac-
tion levels. Figure 8.1 shows an example from each of the abstraction levels
considered, which are listed below:

e Low abstraction: TID-2013 consists of reference images paired with
distorted versions degraded by low-level perturbations such as noise,
blur, compression, or color shifts. Human observers rated the perceived
visual quality of each distorted image with regard to its reference using
the Mean Opinion Scores (MOS). It provides a perfect ground truth
to evaluate human alignment with low-level perceptual similarity judg-
ments [Ponomarenko et al., 2015].

e Mid abstraction: NIGHTS perceptual triplets feature three images
from the same object category. One image serves as a reference, and
humans judge which of the other two is more visually similar to it.
Differences include layout, pose, lighting, or quantity of objects, all
intra-class but mid-level semantic variations [Fu et al., 2023].

e High abstraction: HINGS odd-one-out triplets contain three images
from distinct semantic categories. Human participants are asked to
identify the image that does not belong, the "odd one out”, based on
high-level conceptual or categorical similarity [Hebart et al., 2020].

For each dataset, we extracted image features from every layer of CLIP’s
visual encoder and computed model distances between image pairs or triplets.
Alignment was then assessed by comparing model predictions with human
judgments: using Spearman correlation for low-level (MOS-based) scores,
and triplet accuracy for mid- and high-level tasks. Crucially, this analysis
focuses only on CLIP’s vision component, the image encoder, excluding the
textual CLIP part. This ensures that the measurements reflect the structure
of visual representations independently of language fusion.

We also evaluated how key design and training parameters of CLIP most
strongly affect the human perceptual alignment. Specifically, we analyzed
multiple architectural variants and training configurations: Architecture size
and patch resolution (ViT-B/16, ViT-B/32, and ViT-L/14), activation func-
tion (standard softmax vs. SigLIP sigmoid [Zhai et al., 2023]), training lan-
guage (English vs. Chinese captions [Yang et al., 2022]), and training do-
main (natural images vs. medical image datasets [Zhang et al., 2023]). Each
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factor was varied independently while all other variables were held constant
as shown in table 8.1. As a reference, we included IQA perceptual algorithms
such as SSIM [Wang et al., 2004], LPIPS [Zhang et al., 2018], and Percept-
Net [Hepburn et al., 2020], which serve as baselines for alignment across lay-
ers and abstraction levels.

ARCHITECTURE DESIGN TRAINING PROCEDURE
Model size \ Last activation funct. | Languages \ Data type
base-patch16
base-patch32 . .
large-patchl4 Softmax English Natural images
large-patch14-336
Softmax . )
base-patch16 Sigmoid English Natural images
base-patch16 Softmax English Natural images
P Chinese &
. Natural images
base-patch16 Softmax English Medical images

Table 8.1: Analyzed factors for perceptual alignment in CLIP: Design
and training variables are grouped into two broad categories: Architecture
Design and Training Procedure. Each column corresponds to a factor ex-
plored in the study, and each row lists the specific settings tested. All com-
parisons were conducted independently to isolate the effect of each variable
on human alignment. Table from [Hernandez-Camara et al., 2024b].

We begin by analyzing how human alignment varies across different CLIP
architectural configurations. In particular, we examine the effects of the
number of layers (base vs. large), the patch size (e.g., ViT-B/16 vs. ViT-
B/32), and the number of patches (ViT-L/14 vs. ViT-L/14-336). Figure
8.2 (top row) shows the results of this analysis across the three abstraction
levels. Among the tested configurations, the base-patch32 variant consis-
tently achieves the best perceptual alignment, especially at the low abstrac-
tion level. Two trends are clearly visible: (1) For fixed image sizes, larger
patch sizes improve alignment (blue curve outperforms yellow), and (2) for
fixed patch sizes, smaller images yield better results (green outperforms pur-
ple). Both observations suggest that there are optimal scales for spatial
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analysis, and when the scene is partitioned into overly small regions, the
model’s encoding becomes less human-like. This supports prior work on the
importance of scale in feature extraction and region-based representations
[Lowe, 2004, Lazebnik et al., 2006].

Interestingly, alignment across depth also varies with abstraction. In
low abstraction tasks, alignment increases sharply around the 10% depth
mark. For mid abstraction, the alignment improvement appears closer to
30% depth, while for high abstraction, alignment remains low until around
50% of the model depth. This aligns with previous findings in both CNNs
and ViTs, where feature complexity increases progressively through the net-
work [Zeiler and Fergus, 2014, Ghiasi et al., 2022]. These results suggest
that CLIP also encodes a hierarchy from low-level to high-level perceptual
features.
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Figure 8.2: CLIP alignment results across architecture variants: Top row:
Spearman or accuracy-based alignment scores (depending on abstraction level)
for CLIP variants differing in depth, patch size, and number of patches. Bottom
row: Alignment for CLIP (softmax-based) and SigLIP (sigmoid-based) across three
abstraction levels. Each curve traces alignment scores through the visual encoder’s
layers. Figure adapted from [Herndndez-Cémara et al., 2024b].

Next, we evaluate the effect of the activation function used during CLIP
training. As shown in Figure 8.2 (bottom row), the SigLIP variant, trained
with a sigmoid contrastive loss, achieves notably higher alignment than stan-
dard CLIP in the low abstraction regime (TID2013). In mid-level abstraction
tasks, CLIP shows stronger alignment in earlier layers, but SigL.IP performs
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better in the deeper ones. At the high abstraction level, both models show
similar behaviour until the final layers, where CLIP slightly outperforms
SigLIP. One particularly notable observation is the sharp decrease in align-
ment at the SigLIP’s first visual layer (embedding) in mid-level tasks, an
effect not present in the low-level scenario. This may relate to how the acti-
vation non-linearity shapes the output space: in CLIP, softmax promotes con-
fident, high-contrast scores; in contrast, Sigl.IP’s sigmoid activation avoids
output saturation, which may improve robustness and sensitivity to subtle
differences, particularly relevant under noisy or out-of-distribution condi-
tions.

We then turn to training procedure variations, beginning with the lan-
guage used to caption the image-text pairs. In Figure 8.3 (top row), we
compare CLIP models trained with English and Chinese captions. In the
low abstraction setting, the model trained with Chinese captions exhibits
slightly higher alignment, especially in early layers. However, this difference
disappears at mid and high abstraction levels. It is important to note that
these models come from different organizations and may differ in more than
just language, including datasets, tokenization, training regimes, and aug-
mentation strategies. Therefore, the observed differences may not be driven
purely by language, but could reflect other hidden confounding features.

Finally, we compare models trained on different image domains. Figure
8.3 (bottom row) compares a CLIP model trained on natural image-text
pairs (nat-CLIP) with one trained on medical data (med-CLIP). In the low
abstraction, med-CLIP is substantially more aligned with human judgments
than nat-CLIP. We hypothesize that this is due to the nature of medical
images, which often contain fine-grained textures and subtle contrast vari-
ations, features particularly relevant for tasks like TID2013. Interestingly,
this advantage diminishes with higher abstraction. In the mid and high lev-
els, nat-CLIP becomes more aligned in the early layers, though med-CLIP
regains superiority in the final layers. This suggests that medical data may
help tune the network to better model local texture and noise sensitivity
(important for low-level perception), but that natural images provide better
grounding for broader semantic organization.

Taken together, these results show that the architecture, activation func-
tion, training language, and data domain all influence CLIP’s alignment with
human perception, but their effects vary across abstraction levels and net-
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Figure 8.3: CLIP alignment results across training procedures: Top row:
Alignment comparisons between CLIP models trained with English vs. Chinese
captions. Bottom row: Alignment differences for models trained with natural
image data (nat-CLIP) vs. medical imaging data (med-CLIP). Performance is
shown separately for low-, mid-, and high-abstraction alignment tasks. Figure
adapted from [Hernandez-Camara et al., 2024b).

work depth. The depth-alignment curves further reinforce the view that
perceptual alignment is a layered, multiscale property that emerges in dif-
ferent parts of the network depending on the perceptual complexity of the
task, model architecture and training data.

8.3 Evolution of Low-Level and Texture Human-
CLIP Alignment

In the previous section, we explored how perceptual alignment in CLIP
varies with network depth and the level of abstraction in the evaluated task.
We now focus on a different but equally important question: how does this
alignment evolve over training? That is, how does the human alignment of
CLIP change across the course of optimization, and what internal mecha-
nisms may explain its dynamics? Would it be similar to vision-only CNNs
and ViTs which showed that highly trained models are less human aligned?

To investigate this, we track the evolution of a ViT-B/16 CLIP model
throughout training using checkpoints from OpenCLIP [Cherti et al., 2023].
This work, presented at CCN 2025 [Hernandez-Camara et al., 2025¢|, eval-
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uates the training dynamics of CLIP’s perceptual alignment, from random
weights initialization (epoch 0) to convergence (epoch 65), focusing on low-
level vision, texture bias, and robustness.

Particularly, we tracked four metrics over the full CLIP training trajec-

tory:

Classification Accuracy: We evaluate the zero-shot classification
accuracy on Cifarl00 [Krizhevsky et al., 2009]. For each image, we
compute the similarity between the image representation and textual
representation of the possible classes. This serves as a proxy for the
model’s semantic abstraction capabilities.

Level Perceptual Alignment: We measure human perceptual
alignment using the TID2013 image quality assessment database
[Ponomarenko et al., 2015]. For each epoch, we compute the similar-
ity between each pair of original and distorted images in the model’s
embedding space. We then correlate these similarity scores with the
human Mean Opinion Score (MOS) to quantify the alignment between
model predictions and low-level human perception.

Texture Bias: We quantify the model texture bias using the Geirhos
Texture-Shape Bias dataset [Geirhos et al., 2018a]. For each conflict
image (an image with a shape from one class and a texture from an-
other), we compute the image’s similarity with two textual descriptions
corresponding to the shape and texture classes. The classification is
based on which text has higher similarity, determining whether the
model classifies by shape or texture.

Noise Sensitivity: We evaluate the model’s noise sensitivity by
measuring the relative accuracy drop when Gaussian noise is intro-
duced in the images. Specifically, we compare the zero-shot clas-
sification accuracy on the clean CIFAR-100 images with the accu-
racy on the corrupted CIFAR-100- C dataset with Gaussian noise
[Hendrycks and Dietterich, 2019]. This relative accuracy drop reflects
the model’s sensitivity to image perturbations.

Figure 8.4 summarizes the evolution of these four metrics across training
epochs. The results reveal a coherent pattern: Low-level perceptual align-
ment (TID2013 correlation) peaks in the early stages of training and then
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Figure 8.4: Evolution of CLIP model metrics throughout training epochs:
Panel 1: Zero-shot classification accuracy on clean and noisy CIFAR-100. Panel
2: Correlation with human MOS scores in TID2013 (low-level perceptual align-
ment). Panel 3: Shape vs. texture classification preference on shape-texture cue
stimuli (texture bias) [Geirhos et al., 2018a]. Panel 4: Accuracy drop under Gaus-
sian noise. A peak in perceptual alignment, texture bias, and noise sensitivity
is observed early in training, followed by a shift toward robustness and semantic
performance. Figure from [Herndndez-Cédmara et al., 2024b].

gradually declines. Texture bias is strongest at the beginning of training and
decreases over the epochs, indicating a transition from texture-based to more
shape-based representations. Noise sensitivity follows the same trajectory as
the previous metrics; early models are more sensitive to noise (larger accuracy
drops), while later models become more robust. This trend aligns with the
model’s shift from texture-based to shape-based representations: as classifi-
cation decisions become more dependent on global shape information, local
pixel-level distortions, such as those introduced by noise, have less impact
on the model performance. Finally, classification accuracy steadily improves
throughout training, showing no drop or saturation during the training in-
terval. Together, these trends point to a shared underlying mechanism: at
early stages, CLIP learns fine-grained, low-level features that align closely
with human perception and local distortions. However, as training proceeds,
the model prioritizes more abstract, shape-based features to enhance seman-
tic generalization and robustness, but this comes at the cost of perceptual
alignment. This phenomenon is also reflected in the high correlation between
alignment, texture bias, and noise sensitivity (Table 8.2).

These findings illustrate a fundamental trade-off between low-level align-
ment and high-level robustness in the training dynamics of CLIP. The model
begins by relying on texture cues, which are aligned with human sensitivity to
fine detail, but eventually shifts toward shape-based abstraction to improve
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Classification  TID2013  Texture Bias Noise
Accuracy Correlation Sensitivity
Class. Accuracy 1
TID2013 Corr -0.795 1
Texture Bias -0.737 0.852 1
Noise Sens. -0.441 0.836 0.618 1

Table 8.2: Pearson correlation between the four metrics across
epochs of CLIP training: Strong positive correlations between low-level
perceptual alignment, texture bias, and noise sensitivity confirm a shared
dynamic and help explain the model’s transition from low-level to high-level
representations. Table from [Hernandez-Camara et al., 2025¢].

performance on semantic tasks. Interestingly, this contrasts with standard
vision-only models. For example, CNNs have been shown to have a high
texture bias even at the end of their training unless explicitly regularized to
avoid it [Geirhos et al., 2018a]. In CLIP, however, the joint vision-language
training appears to drive the model toward greater shape bias, in concordance
with recent results suggesting that multimodal models are more shape-biased
than their vision-only counterparts [Gavrikov et al., 2024]. Yet, while this
improves robustness and semantic generalization, it moves the model further
away from human-like low-level processing.

These observations raise a broader question about the alignment of even
more advanced multimodal systems. As models evolve from dual-encoder
architectures like CLIP to Multimodal Large Language Models (MLLMs)
capable of open-ended visual reasoning and conversational interaction, their
internal structure becomes increasingly opaque. Evaluating perceptual align-
ment in such models is especially challenging: traditional methods based on
intermediate feature read-outs may no longer apply, as even many of these
models are not open source. Moreover, from early chapters, we found that
the read-out mechanism affects the human alignment score. To address these
problems, in the next section we turn to an alternative evaluation strategy
inspired by psychophysics, focusing on a fundamental visual property, con-
trast sensitivity, and asking whether modern MLLMs exhibit the same basic
perceptual patterns that characterize human vision.
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8.4 Evaluating Contrast Sensitivity Function
of Multimodal Vision-Language Models

In the previous sections, we showed that human alignment in deep learn-
ing models depends on multiple factors, including architecture, training ob-
jectives, data statistics, and also, notably, the specific strategy used to extract
internal representations. Moreover, we observed that perceptual alignment
changes throughout the model hierarchy and training stages. For example,
we found that multimodal CLIP models showed a reduction in their low-level
alignment as their high-level semantic performance improved. However, all
the models analyzed, from CNN to ViT and CLIP-like, still operate within
a relatively vision-only or constrained vision-language encoding framework.

In contrast, modern Multimodal Large Language Models (MLLMs) rep-
resent a more flexible and complex class of architectures. These systems are
not only trained to process visual inputs but are also optimized for conver-
sational interactions, integrating vision and language to perform open-ended
tasks through generative responses. However: Do these models still capture
key low-level visual features, such as contrast and spatial frequency? To what
extent do their generative decisions reflect sensitivity to early perceptual fac-
tors that are fundamental to biological vision?

Addressing these questions is non-trivial. Existing methods for evalu-
ating low-level alignment, such as measuring contrast sensitivity, typically
rely on access to internal features [Li et al., 2022, Cai et al., 2025] or require
classifiers trained on model internal representations [Akbarinia et al., 2023].
These approaches assume a fixed read-out strategy and impose additional
constraints that limit interpretability and applicability to complex models
like MLLMSs, which even in some cases are not open-access and therefore we
cannot extracts their internal representations.

To overcome this, we introduce a new psychophysics-inspired method-
ology that enables the evaluation of contrast sensitivity in MLLMs without
relying on internal representations as showed in figure 8.5. Instead of probing
intermediate features, we treat the MLLM as a human observer and interact
with it in natural language. Inspired by classical visual psychophysics, our
method presents the model with a sequence of bandpass-filtered noise images
at different spatial frequencies and contrast levels, and prompts it to detect
the presence of a pattern using simple binary questions (“Is there a pattern
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in the image?”). From the responses, we estimate psychometric functions for
each frequency and compute the contrast thresholds, i.e. the needed contrast
for a 50% detection probability. The inverse of these thresholds gives us the
model’s Contrast Sensitivity Function (CSF), following the same procedure
used in human perceptual experiments.

. -
Is there a pattern /
in the image?

Figure 8.5: Psychophysics-inspired methodology to evaluate CSF in
MLLMs: Models are shown noise-based grating stimuli across varying contrasts
and spatial frequencies. Natural language prompts ask if a pattern is present. Bi-
nary “yes/no” answers allow us to build psychometric curves, from which we derive
contrast thresholds and compute model CSFs, fully bypassing internal readout de-
pendencies. Figure from [Hernandez-Camara et al., 2025a).
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This methodology provides an end-to-end perceptual measure that by-
passes assumptions about embedding distances, classification heads, or in-
ternal accessibility. Importantly, it does not commit to how contrast should
be encoded within the model, offering a direct, interpretable view of how
MLLMSs respond to elementary visual properties.

We applied this approach to a diverse set of open-source MLLMs, includ-
ing Qwen2.5VL-3B [Bai et al., 2025], InternVL2.5-4B [Chen et al., 2024],
InternVL3-2B  [Zhu et al., 2025], Qwen2.5VL-7TB  [Bai et al., 2025],
LLaVA-1.5-7B  [?], Magma-8B, [Yang et al., 2025], InternVL2.5-8B
[Chen et al., 2024] and InternVL3-8B [Zhu et al., 2025], CLIP-b16-224
[Radford et al., 2021b] and SigLIP2-b16-224 [T'schannen et al., 2025]. Note
that in this analysis, we do not plan to do a detailed analysis of all available
models, but rather to present and prove the method with a selection of
models that differ in architecture size, vision encoder backbones, and
training objectives. The exhaustive analysis of the different variables that
increase or reduce the alignment is beyond the scope of this work.

The resulting CSFs exhibit marked variability across models as shown in
figure 8.6. Some, like Qwen2.5-VL and InstructBLIP, produce CSFs with the
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Figure 8.6: Average contrast sensitivity functions (CSFs) for different
MLLMs: Each curve represents the average CSF across 25 prompt variants per
spatial frequency (20 for the contrastive trained models). The human CSF (of the
Standard Spatial Observer [Watson and Malo, 2002]) is included for reference as
the dark blue line. Figure from [Hernandez-Camara et al., 2025a].

classic bandpass shape, peaking in mid-range spatial frequencies, closely re-
sembling the human CSF [Campbell and Robson, 1968, Watson and Malo, 2002].
Others display flattened or low-pass profiles, suggesting diminished tuning to
spatial frequency, a plausible outcome given that most of these models rely
on vision backbones pretrained for classification, not spatial discrimination.

To quantify these comparisons, we compute both the Pearson correlation
(pp) [Galton, 1877] between each model’s CSF and the human CSF to as-
sess their shape alignment, and the root mean squared error (RMSE) as a
measure of absolute sensitivity deviation. Table 8.3 summarizes the results.
The results reveal important differences. Qwen2.5-VL exhibits the highest
correlation with human CSF shape, peaking near the expected 3-6 cycles
per degree. However, it underestimates contrast sensitivity, especially at low
frequencies. Conversely, models like the contrastive CLIP and SigLIP or
LLaVA-1.5 offer better alignment in absolute contrast sensitivity levels, but
with flatter or more irregular profiles that deviate from human-like bandpass
tuning. Others, such as Intern3, perform worse in both shape and sensitivity,
displaying noisy or flat CSF's across the spatial frequency range.

These findings demonstrate that, while some MLLMs begin to exhibit
human-like sensitivity to spatial frequencies, no model fully captures both the

107



Model H PPearson T ‘ RMSE |

3B Scale

Qwen 2.5VL (3B) | 0.86 131.6
InternVL 2.5 (4B) 0.69 125.2
InternVL 3 (2B) 0.59 125.3
7B Scale

Llava 1.5 (7B) 0.54 109.8
Qwen 2.5VL (7B) | 0.31 130.6
Magma (8B) 0.76 131.2
InternVL 2.5 (8B) 0.84 131.6
InternVL 3 (8B) 0.37 126.4
Contrastive

CLIP-b16-224 0.46 106.1
SigLLIP-b16-224 0.45 102.2

Table 8.3: Comparison between each model’s average CSF and
the human CSF: Pearson correlation (ppeqrson) measures shape similarity;
root mean squared error (RMSE) measures deviation in absolute sensitivity.
These values highlight perceptual differences across models, with no expec-
tation of human matching. Highest correlation and lowest error values are
highlighted to illustrate models that most closely resemble human CSF shape
and scale. Table from [Hernandez-Camara et al., 2025a].

shape and magnitude of the biological CSF. Moreover, because our method
does not rely on internal metrics, these outcomes reflect the models’ end-
to-end capacity to “see” contrast through natural interaction, highlighting
perceptual gaps that may otherwise be hidden by feature-based evaluations.
In sum, this new proposed methodology offers a new avenue for probing low-
level vision in multimodal systems. As MLLMs become central to human-
facing Artificial Intelligence applications, understanding their visual process-
ing fidelity, especially in foundational perceptual dimensions like contrast and
frequency, is essential. Our results suggest that while modern MLLMs have
made progress toward perceptual sensitivity, they still fall short of replicating
basic human vision behaviour, particularly in tasks not explicitly targeted
during training.
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Part 1V

Discussion and Conclusions
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Discussion

This thesis had the dual goal of improving deep learning models through
biologically inspired mechanisms and assessing their alignment with human
visual perception. Through a combination of architectural bio-inspired im-
provements, perceptual benchmarking, and multimodal analysis, we discov-
ered new insights into how modern artificial vision systems align, or fail to
relate, with human vision. In this section, we reflect on the implications of
our findings, the problems they reveal, and the broader questions they raise
for the field of human-aligned artificial intelligence.

Bio-Inspired Computations Improve Performance, Not Align-
ment

A central outcome of this thesis is the systematic integration of Divi-
sive Normalization (DN), a canonical computation of the early visual cor-
tex [Carandini et al., 2005, Carandini and Heeger, 2012], into deep segmen-
tation networks. Our results (see table 3.1 and robustness analyses in sec-
tion 3.5) show that DN-augmented U-Nets outperform their baseline coun-
terparts specially under challenging visual conditions, including fog, night,
and global contrast shifts. These improvements highlight how biologically
inspired mechanisms can provide artificial networks with greater invariance
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to data variability, one of the distinctive features of human vision.

However, a deeper look at alignment reveals a striking limitation. Despite
their robustness advantages, DN-augmented models did not exhibit signif-
icantly higher alignment with human perception in low-level psychophys-
ical benchmarks. As demonstrated with our Decalogue framework, DN-
augmented U-Nets fail to reproduce basic low-level human phenomena such
as contrast sensitivity functions or context-dependent masking (see results in
section 5.3). Interestingly, we observed partial alignment in color discrimina-
tion tasks, where models captured aspects of human-like MacAdam ellipses,
though this is driven primarily by the training data rather than the archi-
tectural inclusion of DN (see chapter 6). Therefore, while bio-inspired com-
ponents can boost robustness, perceptual alignment depends on a broader
interplay of factors. This reveals a clear decoupling between biological plau-
sibility (inspired by neuroscience) and perceptual alignment (inspired by be-
havioral data) highlighted in recent works [Hernandez-Cédmara et al., 2024a,
Muttenthaler et al., 2024]. In other words, integrating computations known
to exist in the human visual system does not automatically make a model
behave perceptually like a human, and therefore, biological plausibility at
Marr’s computational level does not guarantee behavioral alignment at the
algorithmic or representational level.

This decoupling raises an important point for the field: implementing
computations known to exist in the brain can improve task performance and
robustness without necessarily producing human-like perceptual behavior.
In other words, neuroscience-inspired components can help networks become
more resilient, but alignment with human judgments depends on broader
interactions between architecture, training objectives, and data statistics.
This observation both tempers strong claims of bio-inspiration as a shortcut
to alignment and underscores the need for behavioral evaluation alongside
architectural innovation.

Perceptual Alignment Is a Complex, Multi-Factorial Property

Our analyses across CNNs, ViTs, and CLIP-based models (see chap-
ters 7 and first part of chapter 8) demonstrate that perceptual alignment
is not determined by any single architectural or training choice. Instead, it
emerges from the interaction of multiple factors: model architecture, training
dataset and its statistics, optimization objective, regularization strategy, and
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even the read-out method used to probe internal representations. For exam-
ple, as shown in figure 7.4, Vision Transformers trained with larger datasets
and stronger augmentation were less aligned with human perception, despite
gains in accuracy. Similarly, in CLIP, alignment varied depending not only
on the vision backbone size but also on the domain of the training data
(figure 8.3).

Color perception provides a particularly clear illustration of this interplay.
Our analyses of MacAdam ellipses and color discrimination thresholds (chap-
ter 6) showed that alignment with human perception did not stem from archi-
tectural choices like DN, but from the statistics of the training data. Models
trained on datasets with richer and more uniform chromatic distributions
exhibited discrimination regions closer to human ellipses, whereas others dis-
played anisotropic or distorted sensitivity profiles. This example underscores
how perceptual alignment often emerges from the interaction between envi-
ronmental statistics and representational learning, rather than from archi-
tectural bio-inspiration alone. In Marr’s terms [Marr and Poggio, 1976], the
task-level constraints (dataset and statistics) shaped alignment more deci-
sively than the implementation-level details (architecture).

This multi-factorial dependency challenges the assumption that percep-
tual alignment can be studied in isolation. In practice, the relevant influences
span across Marr’s three levels of analysis [Marr and Poggio, 1976]: imple-
mentation (architecture), algorithm (training objective), and task (dataset,
labels). Our commentary work [Malo and Hernandez-Camara, 2024] and re-
lated discussions [Poggio, 2021] emphasize that these levels, while conceptu-
ally separable, are deeply entangled in practice. For instance, changing the
dataset not only modifies the input statistics but also alters optimization
dynamics and representational hierarchies, complicating causal attributions.

Too Much Optimization Hurts Alignment

A particularly striking insight is the non-linear relationship between model
optimization and human alignment, which we summarize as an “inverted-U”
pattern (figure 7.5). While initial improvements in training and scaling often
increase human alignment, beyond a certain point additional optimization,
whether through larger architectures, prolonged training, or stronger regu-
larization, tends to reduce it.

This phenomenon was evident in both CNN-based and Transformer-
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based models. For example, in Vision Transformers, longer training (i.e.,
more exposures per image) reduced correlation with human judgments from
TID-2013, indicating overfitting away from human-like representations (fig-
ure 7.4). Similarly, in CLIP, longer contrastive optimization improved
zero-shot accuracy but decreased alignment with human perceptual simi-
larity (figure 8.4). These results resonate with other reports in the lit-
erature: networks that excel at their supervised objectives may exploit
shortcuts or non-robust cues, diverging from human perceptual strategies
[Geirhos et al., 2018a, Geirhos et al., 2020, Kumar et al., 2022].

Interestingly, the most human-like perceptual behavior often appeared in
simpler models or earlier representational stages: AlexNet and VGG consis-
tently showed higher correlations with human IQA judgments than more ad-
vanced ResNets or ConvNeXts (figure 7.2), and early layers of CLIP aligned
more closely with human texture sensitivity before training pushed the model
toward shape abstraction (8.2). This points to a fundamental trade-off: op-
timizing networks for accuracy and robustness may come at the cost of per-
ceptual fidelity. This opens a challenge: whether future models can jointly
achieve high task performance and strong human alignment, or whether these
goals are inherently in conflict.

Low-Level Perception Is Not Emergent in Multimodal Models

While contrastively trained models such as CLIP already depart from con-
ventional vision-only paradigms, modern multimodal large language models
(MLLMs) extend this approach by integrating vision and language into gen-
erative, conversational frameworks. These systems are increasingly deployed
as general-purpose “Al agents,” raising the expectation that they can per-
ceive and reason in ways analogous to humans.

However, our analysis of the contrast sensitivity function (CSF) in MLLMs
(section 8.4) demonstrates that these models do not reproduce the human
profile of sensitivity to spatial frequency and contrast. Although some, such
as Qwen2.5-VL, approximate the shape of the human CSF qualitatively, none
matched human thresholds quantitatively. This gap indicates that high-level
generative competence and task generalization do not guarantee low-level
perceptual alignment. In other words, conversational fluency and semantic
reasoning in MLLMs are not supported by early visual mechanisms equiva-
lent to those of the human visual system. Thus, low-level perceptual fidelity
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should not be assumed as an emergent property of multimodal training; it
must be explicitly engineered or evaluated.

The Role of Language in Shaping Representations

Our results also highlight the powerful inductive role of language supervi-
sion in multimodal representation learning. As shown in our analysis of CLIP
training (section 8.3), visual features evolve from a texture-biased regime
early in training, closer to human low-level judgments in IQA benchmarks, to
increasingly shape-dominated representations aligned with semantic catego-
rization. This observation is consistent with recent reports that multimodal
contrastive training induces stronger shape biases than are typically found
in CNNs or unimodal ViTs [Gavrikov et al., 2024, Geirhos et al., 2018a].

From a functional perspective, this language-driven abstraction improves
robustness and semantic alignment: CLIP models are less fooled by texture-
shape cue conflicts. However, this comes at a cost of low-level human align-
ment. The shift away from texture cues corresponds to a reduction in low-
level perceptual alignment, as evidenced by weaker TID-2013 correlations
(figure 8.4). Language supervision thus acts as a representational compres-
sor, prioritizing global structure over fine detail, a trade-off that benefits
semantic reasoning but undermines fidelity to human perceptual sensitivity.

Taken together, these results suggest that while language enhances semantic-
level alignment with human categorization, it simultaneously drives a depar-
ture from the low-level coding strategies that characterize biological vision.
This opens a new challenge ahead: can these two dimensions be achieved at
the same time? Can multimodal models be both semantically and low-level
perceptually human-like?

Layer Depth as a Window into Alignment

Across all experiments, we consistently observed that alignment with hu-
man perception varies substantially across layer depth. Early and interme-
diate layers of CNNs and CLIP models tend to correlate more strongly with
human judgments, particularly in tasks such as image quality assessment
(figures 7.2 and 8.2). In contrast, final task-specific layers often diverge from
low-level human-like behavior, presumably due to over-specialization to the
training objectives.

This observation aligns with previous findings in neuroscience
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and computational modeling showing that early cortical areas en-
code lower-level perceptual features, while higher areas increasingly
abstract toward task-relevant semantics [Yamins and DiCarlo, 2016,
Khaligh-Razavi and Kriegeskorte, 2014]. In artificial systems, this suggests
that perceptual alignment may reside in intermediate computations, even if
the model’s final output departs from low-level human behavior.

For researchers aiming to design interpretable or hybrid models, this high-
lights the importance of layer-wise evaluations. Rather than treating a model
as a monolithic end-to-end predictor, analyzing alignment across depth al-
lows us to identify which stages best approximate human-like processing.
These insights could guide architectures where human-aligned components
are deliberately incorporated at specific stages of computation.

Final Reflections and Theoretical Implications

Taken together, the findings of this thesis paint a complex picture of
human alignment in artificial vision. Deep models can, under certain condi-
tions, exhibit perceptual behaviors that parallel human judgments, but this
alignment is context-dependent, and not a direct byproduct of performance
optimization. Indeed, we showed that stronger optimization often reduces
human alignment, creating a tension between engineering goals (accuracy,
generalization, robustness) and perceptual correspondence with humans.

This raises a broader theoretical implication: human alignment is not an
emergent guarantee of scale or training data. Instead, it must be explicitly
considered in design, evaluation, and interpretation. Importantly, this thesis
does not argue that human alignment should not be seen as universally nec-
essary; there are domains where surpassing human-level is beneficial, such as
super-resolution or medical imaging. However, in many other contexts such
as compression, quality assessment, explainability, or safety-critical applica-
tions, human-aligned perception is indispensable.

Ultimately, achieving such alignment requires more than simply adding
bio-inspired modules or training on larger datasets. It demands a closer inte-
gration of perceptual theory, behavioral evaluation, and architectural design
principles. By identifying what drives models closer to or further away from
human perception, this thesis contributes to both the practical design of more
robust models and to the conceptual understanding of what it means for an
artificial system to ”see” like a human.
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Conclusions and Future Work

10.1 Conclusions and Contributions

This thesis set out to bridge the gap between artificial and biological vi-
sion by pursuing three interconnected objectives: (1) to integrate biologically
inspired computations into deep learning architectures, (2) to develop and
apply methodologies for measuring human alignment, and (3) to analyze
the factors that most strongly shape alignment in modern vision systems.
Across multiple studies, we showed that progress on each of these fronts offer
insights not only for improving artificial models but also for clarifying the
computational principles that distinguish them from human perception.

Objective 1: Biologically Inspired Computations in Deep Learning
Architectures

The first objective focused on testing whether canonical computations of
early vision could improve deep models. We integrated Divisive Normaliza-
tion into segmentation networks such as U-Net and showed that DN modules
consistently improved performance under challenging visual conditions, in-
cluding fog, low illumination, and altered contrast. These improvements
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came with minimal parameter increase and offer high robustness gains, high-
lighting how biologically inspired mechanisms can enhance artificial networks.

However, improved robustness did not translate into perceptual align-
ment. DN-augmented models failed to reproduce most low-level psychophys-
ical phenomena in the Decalogue evaluation, such as contrast sensitivity or
contextual masking. This decoupling shows that biological plausibility at
the architectural level does not automatically imply human-like perceptual
behavior.

Objective 2: Methodologies for Evaluating Human Alignment

The second objective was to develop systematic tools for measuring per-
ceptual alignment, moving beyond accuracy-driven benchmarks. To this end,
the thesis introduced several methodological contributions:

e The Decalogue framework, a battery of psychophysics-inspired tests
probing low-level perceptual phenomena in deep networks.

e A color discrimination paradigm based on MacAdam ellipses, which
enabled a direct comparison of perceptual thresholds in models versus
humans. This methodology revealed not only anisotropies in model
color spaces but also provided a rigorous tool to test how architecture
and training data shape perceptual thresholds.

e A contrast sensitivity function (CSF) evaluation for multimodal large
language models (MLLMSs), enabling the study of their visual sensitiv-
ity without reliance on internal read-out strategies.

e An abstraction-layer evaluation of CLIP, disentangling low-, mid-, and
high-level alignment tasks to reveal where alignment emerges or decays
during training.

Together, these tools enabled a more fine-grained, multi-level assessment
of alignment, covering both behavioral similarity and representational corre-
spondence across architectures, tasks, and modalities.
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Objective 3: Factors Shaping Alignment in Deep Models

The third objective examined which design and training factors influence
alignment. Across CNNs, ViTs, CLIP, and MLLMs, our results show that
human alignment is a complex, multi-factorial property. It depends not only
on architecture but also on dataset statistics, objective function, training
duration, regularization, and the depth at which representations are read
out.

Several key findings emerged from the works presented in this thesis:

e Simpler models and early layers often align better with human percep-
tion than deeper or more optimized networks.

e Alignment and performance are not monotonically related: in many
cases, increasing optimization reduces perceptual similarity, producing
an inverted-U relationship between accuracy and alignment.

e Color perception offered one of the clearest demonstrations of task-level
dominance over architecture. Our MacAdam ellipse analyses showed
that models trained on datasets with richer and more uniform chro-
matic distributions exhibited discrimination regions closer to human
ellipses, while those with skewed statistics showed distorted sensitivity
profiles. This confirms that training environment and input statistics
can shape alignment more decisively than architectural design.

e Language supervision shifts representations toward semantic, shape-
based encodings, improving high-level alignment with human catego-
rization but weakening low-level alignment to perceptual phenomena
such as contrast sensitivity.

e MLLMs, despite their impressive generalization, fail to reproduce core
perceptual sensitivities such as the human CSF, underscoring the gap
between high-level multimodal reasoning and basic perceptual fidelity.

Final Reflections

By addressing these three objectives, this thesis makes both practical
contributions, new architectures and novel evaluation tools, and conceptual
contributions, clarifying when and why deep networks resemble human vision.
The findings highlight that human alignment is not an automatic byproduct
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of scale or performance optimization but requires deliberate integration of
perceptual theory, evaluation frameworks, and architectural design.

Ultimately, the work underscores a broader insight: to build models that
are robust, interpretable, and human-aligned, we must look beyond bench-
marks and embrace interdisciplinary strategies that bridge computer vision,
computational neuroscience and vision science.

10.2 Future Research Directions

The work presented here opens several avenues for further exploration:

1. Bridging performance and alignment through targeted train-
ing objectives:

While we observed that training goals largely determine alignment, fu-
ture work could explore hybrid objectives that explicitly optimize for both
task performance and perceptual alignment. This may involve adding per-
ceptual loss terms based on human behavior, or using human judgments to
guide contrastive or reconstruction-based pertaining, using other known tech-
niques for human alignment, such as Direct Preference Optimization (DPO)
[Rafailov et al., 2023].

2. Scaling bio-inspired architectures across modalities:

Our integration of Divisive Normalization into CNNs demonstrated that
biologically inspired modules can meaningfully improve robustness, but their
impact in vision transformers and in multimodal models remains unexplored.
A natural next step is to test whether DN, or related canonical computations,
can enhance robustness and alignment in Vision Transformers, CLIP-like
models, and multimodal large language models (MLLMs). Such work would
connect architectural design more directly to the realities of current Al prac-
tice, where ViTs and multimodal systems are the dominant backbones.

3. Developing readout-independent alignment metrics:

Another contribution of this thesis was to show that alignment depends
not only on architecture and data, but also on how one chooses to read out
representations. Our CSF framework for MLLMs demonstrated the value
of behavioral, readout-free evaluations. Extending this line of work, particu-
larly through psychophysics-inspired paradigms, could yield cleaner and more
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interpretable benchmarks for alignment, especially in complex or black-box
systems [Dulay et al., 2024].

4. Alignment beyond early vision:

Most of our analyses focused on low-level perceptual properties such as
contrast sensitivity, noise robustness, or color discrimination. However, many
of the computational questions raised here extend to mid- and high-level
phenomena, including attention, perceptual grouping, or object organization.
These domains are better explored in current deep learning research but are
equally important for bridging artificial and biological vision, and for building
models that interact with humans in cognitively meaningful ways.

5. Alignment-aware model evaluation standards:

Finally, this thesis supports the idea that task accuracy should not be the
unique metric of model success. Future evaluation standards, especially for
models intended for human-facing tasks, should include alignment measures
that reflect how well the model captures human-like perception or decision
boundaries.

In summary, this thesis provides both empirical evidence and method-
ological tools to better understand the connection between deep learning
and human vision. It shows that while bio-inspired components can im-
prove machine performance and robustness, human alignment emerges from
different factors, most notably, training objective and data statistics. By
disentangling these factors, we move one step closer to building models that
are accurate and aligned with how humans perceive the world.
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Neural networks with divisive normalization for image segmentation

Pablo Hernandez-Cémara *, Jorge Vila-Tomads, Valero Laparra, Jestis Malo
Image Processing Lab., Universitat de Valéncia, 46980 Paterna, Spain

ARTICLE INFO ABSTRACT

Editor: Song Wang One of the key problems in computer vision is adaptation: models are too rigid to follow the variability of the
inputs. The canonical computation that explains adaptation in sensory neuroscience is divisive normalization,
and it has appealing effects on image manifolds. In this work we show that including divisive normalization in
current deep networks makes them more invariant to non-informative changes in the images. In particular,
we illustrate this concept in U-Net architectures for image segmentation. Experiments show that the inclusion
of divisive normalization in the U-Net architecture leads to better segmentation results with respect to the
conventional U-Net. The gain increases steadily when dealing with images acquired in bad weather conditions
Keywords: (from 3% of IoU increase in regular weather up to 20% on high fog). In addition to the positive results
Adaptation on the Cityscapes and Foggy Cityscapes datasets, we explain these advantages through the visualization of
Manifold alignment the responses: the equalization induced by the divisive normalization leads to more invariant features to local

Nonlinear interactions changes in contrast and illumination.
Divisive normalization

Image segmentation

Dataset link: https://www.cityscapes-dataset.c
om/, http://people.ee.ethz.ch/~csakarid/SFSU
_synthetic/, Semantic Foggy Scene Understandi
ng with Synthetic Data (Reference data), Citysc
apes dataset (Reference data)

Cityscapes dataset
1. Introduction image. One can see that the contrast (distance from the diagonal) is
smaller for lighter regions (away from the origin), and the energy in the
A fundamental problem in image analysis is the variability of the im- different directions (spatial frequency) locally changes for the different
age manifold depending on acquisition conditions [1]. Usually sources clusters along the image. Moreover, atmospheric scattering also implies
are not stationary: for instance, the visual texture and color of an object local changes in the hue, see the shift towards blue (towards lower
can be very different at different locations in the image. Examples are dominant wavelengths) in the CIExy color diagram at bottom-right plot
known from long ago: Leonardo da Vinci was the first to use the term of Fig. 1.

aerial or atmospheric perspective as a method of creating the illusion
of depth in a painting by modulating color and contrast to simulate
changes effected by the atmosphere on the things seen at a distance [2].
These effects were later explained quantitatively by the physics of light-
matter interaction [3], but they have obvious negative impact on image
analysis such as image segmentation. Fig. 1 shows a specific example of
the problems posed by uncontrolled image acquisition. In the patches
highlighted in red in Fig. 1, the visual texture (spatial frequency and
contrast) and the color of the object locally change due to the illu-
mination, shadows, atmospheric scattering, depth and perspective. See
the zoomed patches in the center panel. The associated problems for
statistical learning are shown in the scatter plots at the right. The top-
right plot of Fig. 1 shows changes in the spatial texture defined by the
luminance of neighbor pixels. In this plot each point corresponds to a
three-pixel image where each dimension is the luminance value of each
pixel and samples are colored according to their region in the original

Adaptation to (and compensation of) these non-informative factors
of image variation is key for optimal segmentation. Successful image
representations for segmentation should merge the separate clusters in
the scatter plots of Fig. 1.

Current deep-learning models for image segmentation (e.g. the pop-
ular U-Nets [4]) should display this behavior when trained for a variety
of acquisition conditions. However, it is not clear how these deep
models deal with this problem and, more important, how this adaptive
behavior could be enforced and controlled.

Our contributions in this work are the following:

+ We propose the use of the canonical computation that accounts
for adaptation in biological neurons, namely the divisive normal-
ization [5]. This improves adaptation of artificial networks in an
explainable way (Sections 2 and 3).

* Corresponding author.
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TEXTURE

Fig. 1. The problem: non-informative variations imply that the same object has
different visual features along the image, complicating the analysis. For instance,
patches of the same class (e.g. forest) in different acquisition condition (depth,
atmospheric scattering, illumination, fog) lead to separate clusters (different luminance,
contrast and hue). See text for details.

« We experimentally show that the adaptation ability of network
augments when including divisive normalization in classical ar-
chitectures like U-Nets [4]. In particular, in our experiments we
test a standard model with and without divisive normalization
on an image segmentation problem under different atmospheric
conditions. Results show that divisive normalization helps the
model to adapt to non-informative variations for which it had not
been trained (Sections 4 and 5).

We analyze the qualitative reasons for this success by performing
an ablation study, inspecting the feature maps before and after
normalization, and by analyzing the nonlinear response induced
by different divisive normalization layers (Section 6).

2. Why using divisive normalization?

The linear+nonlinear structure of conventional artificial neurons [6]

comes from the seminal computation proposed for sensory neurons [7]:2lm

e N

X—Z—Y

@

where the linear response, z = L - x, is given by the matrix £, that
contains the so called (linear) receptive fields, and the nonlinearities
N'(-) were originally simple thresholds or point-wise saturating func-
tions [8] eventually rectified. These were the inspiration for current
sigmoids/ReLU in deep-learning [6].

In sensory neuroscience, the divisive normalization model of N'(-) was
a way to account for the inhibitory effect of neighbor neurons within
a layer [5,9]:

Zk

(B + By i #12,1%)%
where the linear response of a neuron is inhibited (normalized) by a
pool of the activity of neighbor neurons. Note that the division/is a
point-wise operation, and the sum in the denominator is a convolution
over the omitted spatial indices (see pseudocode in Appendix). The
constant f, determines the level in which the pool generates effective
inhibition, and the exponents control the norm of the pool. While the
interaction kernel in the denominator, y, can have whatever dense
structure [9], in visual neuroscience the spatial interaction is usually
assumed to be convolutional in the fovea [10-12].

However, why using this biological transform to improve artificial
networks devoted to image segmentation?

Vi = (2)
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Fig. 2. The idea for the solution: manifold equalization though Divisive Normalization.
At the top we have the luminance image x. That is the input to the class of
linear+nonlinear models of the V1 cortex based on wavelets and divisive normal-
ization [10-13]. The specific parameters of this example are purely psychophysical,
taken from [12], not trained for any image processing task. Below the input we have
the wavelet-like linear features, z = £ - x, and the corresponding divisive normalized
features, y = N'(z). White and orange circles highlight low and high contrast regions
(center and surrounds) in the wavelet domain that have been equalized in the divisive
normalized features. At the bottom we show the “equalized” image which has been
computed directly from the divisive normalized features by inverting the linear wavelet,
ie. x = ! y. The scatter plots were obtained as in Fig. 1: they display the
distributions of 3 x 1 image patches taken from the original image, x, and from the
“equalized” image, x'.

As a motivation, we give an explicit example on how a biologically
plausible divisive normalization may improve image segmentation by
alleviating the problem described in Fig. 1. The example in Fig. 2
shows a general property of this transform: the divisive normalization
equalizes the image manifold in such a way that the different clusters
corresponding to the same object may merge into a single cluster, thus
simplifying class identification.

Fig. 2 considers an illustrative patch from Fig. 1 where the object
under consideration (the forest) displays space varying features due
to illumination and depth/atmospheric effects. In this example we do
not consider color because the spatial texture problem is enough to
stress the role of local normalization.! In this achromatic context, a
reasonable physiological model of texture perception includes a linear
layer of wavelet-like filters (in this illustration L is a steerable wavelet
transform as in [11-13]), and a divisive normalization (in this case with
the psychophysically tuned parameters in [12]). It is important to stress
that these biologically sensible parameters were not retrained for this
specific example: Fig. 2 just shows the effect of the psychophysical
transform in the image manifold.

The neighborhood in y that defines the pooling region (illustrated
in Fig. 2 by the circles in the feature vectors or wavelet bands) has a

! Note that, despite this example is focused on luminance/texture for
simplicity, local color compensation could also be done using modern divisive
normalization formulations of classical Von Kries ideas [14,15].
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Fig. 3. U-Net for segmentation including 4 DN layers (in green). Numbers above the layers indicate the number of features and black arrows represent the skip unions. The model
without DN layers did not have any of the green layers. The consideration of the DN layers only increases the number of parameters by an 1.8% with regard the No DN model.

qualitatively relevant effect: the division by the local pool moderates
the response in regions where contrast is high, in orange, while boosts
the response in regions of low contrast, in white. See the difference
between the features before and after the local normalization, and
note the equalization of the amplitude of the edges along the field of
view. The local normalization compensates for the contrast variation
along the image due to atmospheric conditions. As a result, while the
distribution of the samples from the original luminance channel display
separate clusters corresponding to spatial variations of the texture, the
different samples have been compacted due to the contrast equalization
effect.

The result in Fig. 2 shows how psychophysical mechanisms may
reduce the intra class differences by removing the non-informative
factors in the signal. This is the reason to try the divisive normalization as
an extra layer in artificial networks. In the analysis of the results we will
explicitly check if U-nets equipped with divisive normalization trained
for segmentation also develop this contrast enhancement behavior and
the equalization effect shown here for the biological neurons in [12].

2.1. Divisive normalization in other applications

The effect of the divisive normalization on the PDF illustrated above
is at the core of its use in other image processing applications dif-
ferent from segmentation. Its original use in compression to improve
JPEG and MPEG standards [16,17] has been updated in current neu-
ral architectures [18,19]. Similarly, better image enhancement and
restoration in traditional (fixed) representations using the proposed
nonlinearity [20] have been extended to adaptive representations in
deep-learning contexts [21]. The field of subjective image quality had
benefited from divisive normalization too [22,23], but this use has
gained attention again in current neural nets [24-26], and extended
to audio signals [27]. Divisive normalization is also important in clas-
sification [28-31], where it helps to get higher accuracy than the usual
CNNs with layer/batch normalization. Finally, it has been studied for its
appealing statistical properties [13,29,32-37], showing that responses
after divisive normalization are more independent. The classification
models that implement it are more robust to noise and to adversarial
perturbations and align better with humans, while models trained for
self-supervised learning and super-resolution show contrast invariant
tuning properties [38].

However, to the best of our knowledge, this is the first report on the
use of Divisive Normalization for image segmentation.

3. Segmentation with and without divisive normalization

In order to confirm the intuition obtained from the 1-layer, purely
biological, non-optimized model presented in the previous section just
for motivation, the actual experiments implemented the generic divisive
normalization layer in Eq. (2) in an automatic differentiation context.
Therefore, one may include our layer at any place of any architecture
and optimize the network for the desired task.”

2 https://github.com/pablohc97/TFM/blob/main/GDN.py.
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Table 1

Performance in IoU (mean and standard deviation) in test for each weather condition
over ten runs. Gains in IoU percentage due to DN layers with regard to using no DN
is also reported. The tick (v) and the cross (x) indicate if the p-values from the T-test
that compares the use of DN layers with regard no using DN for each weather condition
are significant (p < 0.05) or not (p > 0.05) respectively.

Dataset No DN 1-4 DN Gain p-val
Original 0.75 +£0.02 0.77 £0.02 2.7% v
Low fog 0.65 +0.02 0.70 +0.03 7.7% v
Middle fog 0.54 +£0.03 0.62 +0.04 14.8% v
High fog 0.40 +0.05 0.48 +0.03 20.0% v
Table 2
Reductions of performance due to fog in IoU percentage (test).
Dataset No DN 1-4 DN
Original - Low fog —13.3% -9.1%
Original - Middle fog -28.0% —-19.5%
Original - High fog —46.7% —37.7%

Qualitatively critical points are (a) the nature of the interaction
kernel, y, and (b) the specific locations to include the normalization
in the U-Nets for segmentation.

Regarding the nature of y, the above example points out that the
consideration of spatial neighborhoods is convenient to get the local
contrast equalization along the visual field required to overcome the
local adaptation problem. The recent literature that trains divisive
normalization through automatic differentiation uses a range of ker-
nel structures: some do not consider spatial interactions (either in
a dense [18,24,35] or convolutional [31] combinations of features);
while others do with some restrictions (either uniform weights [39],
a ring of locations [29,30], or special symmetries in the space [40]).
Following biology [10-13] and the intuition pointed out in the previous
section, our experiments use Eq. (2) which includes a general spatial
surround, as in [39], but allowing variable weights over space. Addi-
tionally a general (dense) interaction over channels was considered.
Besides the y parameter, the § parameter is also trained, but we set
« and € to 1 which we found it makes the training more stable.

Regarding where to include the proposed normalization in U-Nets,
we recall the color and texture problems pointed out in Fig. 1: fol-
lowing color appearance models [14,15], constancy maybe addressed
by a single normalization of the photoreceptors (right before the first
convolution), while texture equalization over space may require nor-
malization at deeper stages where filters tuned to specific patterns have
emerged [41]. This intuition lead us to the specific scheme in Fig. 3
where green layers stand for the proposed divisive normalization (DN)
that we included in the four encoding blocks (model 1-4 DN). Note
that we propose modifications only in the encoding/compressive part,
where the features that will lead to the segmentation are computed.
This model will be complemented with an ablation study in Section 6.1
where different number of DN layers are located at different depths.

4. Experiments

In the experiments we used the Cityscapes dataset [42], that in-
cludes real scenes with annotated segmentation ground truth, and the
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Performance in IoU (mean and standard deviation) in test for each weather condition over ten runs. Gains in IoU percentage
due to DN layers with regard to using no DN is also reported. The tick (v) and the cross (x) indicate if the p-values from
the T-test of the use of DN layers with regard to using no DN are significant (p < 0.05) or not (p > 0.05). For an easier
comparison, results of mean IoU for No DN and 1-4 DN from Table 1 are included.

Dataset ~ No DN 1 DN 1-2 DN 1-3 DN 2-4 DN 1-4 DN
Original 075 075002, 0.0%, x  0.76+0.02, 1.3%, v 077002, 2.7%, /  0.77£0.02, 27%, / 0.7
Low fog  0.65  0.65+£004, 0.0%, X  0.68+0.02, 4.6%, v 0692002, 62%, v/  0.70£0.03, 7.7%, /  0.70
Middle fog 0.54  0.53+004, —1.9%, X 057 +0.03, 5.6%, X 0.60+0.03, 11.1%, v/ 0.61 £0.03, 13.0%, v/ 0.62
High fog 040 038004, =5.0%, X 041 +0.04, 2.5%, X 046x0.04, 15.0%, v/ 0.49 £0.03, 22.5%, v/ 0.48
Foggy Cityscapes dataset [43], that includes degraded versions of the Table 4
scenes simulating poor weather conditions of controlled (low, medium, Reductions of performance due to fog in IoU percentage (test).
high) severity. In foggy images, we expect that the spatial varying Dataset 1 DN 1-2 DN 1-3 DN 2-4 DN
degradation will be a major problem for models trained with good Ori. - Low ~13.3% -10.5% -104% -9.1%
weather condition images if they are not able to adapt their behavior. Ori. - Middle ~29.3% ~25.0% —22.1% ~20.8%
Ori. - High —49.3% —46.1% —40.3% —36.4%

The bottom pixels of each image were cropped from 1024 x 2048
to 768 x 2048 in order to remove the front of the car. After that,
the images are normalized to the range [0, 1] and resized to 96 X 256
to reduce the computational demand for the models but maintaining
the aspect ratio. We used 2675, 300 and 500 images for training,
validation and testing respectively. We used MAE loss function (which
we found more stable and get better results than the classical cross-
entropy), a batch-size of 64 and Adam optimizer with a learning rate
of 0.001 during 500 epochs with the original scenes (in regular weather
conditions). We performed 10 runs for each model with different seeds.
We kept the models with higher Intersection over Union (IoU) in
validation (in regular weather) and used these for the test in the four
weather conditions. Testing in more general datasets where visibility is
strongly reduced will confirm or refute the intuition in Fig. 2.

5. Segmentation results

Table 1 shows the results in test for each model in the four weather
conditions for models trained only using the original (good weather
conditions) images. It also shows the mean improvements of the use
of 4 DN layers with regard to not using DN layers for each weather
condition and the significance of the p-value of the T-test performed
between the ten IoU values obtained by the models that use 4 DN layers
with regard the models without DN layers. Table 2 shows how the mean
test IoU changes in poor conditions with regard to regular weather for
different number of DN.

The first observation is that using 4 DN layers gives better results
in IoU than not using them in all cases. Second, as expected, for
progressively heavier fog, IoU gets reduced in all cases. However the
conventional architecture is more sensitive to the decrease in visibility
(bigger reductions in performance) than the architecture with 4 DN
layers. And third, the gains due to the DN layers get progressively
bigger for more challenging acquisition conditions.

Fig. 4 shows two illustrative examples of the predictions, which are
consistent with average IoU’s in the tables. There is a degradation of
the performance when the amount of fog is increased (as expected).
However, this effect is less severe for the model that include 4 DN. In
particular, the 4 DN model is able to get the border in the shadow and
preserve the detection of the car in heavy fog. It is important to stress
that non of these models have seen a foggy image during the training,
and therefore the 4 DN model is able to better adapt to bad weather
conditions.

For a better quantification of the results in Fig. 4 we calculated the
confusion matrices for the extreme scenarios (No fog and high fog)
for the top image. Fig. 5 shows these matrices, where we calculated
the Cohen kappa coefficient [44] for each matrix, which gives an
estimation of how diagonal they are. As expected, 4 DN models achieve
better results with the original images but specially in the high fog
weather, where the use of the divisive normalization becomes more
relevant. Note how both models detect the class car in the original
images but in the high fog condition the no DN model predicts the car
mainly as building or sky while the 4 DN model still detects it.
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6. Analysis and discussion
6.1. Ablation study

We performed an ablation study of DN layers with two complemen-
tary objectives. First, to analyze the effect of DN use in deeper and
deeper layers and, second, to analyze which layer has the strongest DN
effect.

Usually in deep networks, the first layers deal with more low-level
characteristics as color changes, while deeper layers are tuned to more
complex/texture features [41]. We compare the results of the 1-4 DN
model with different (simpler) models. One model just performs a DN at
the first layer (1 DN), doing so is similar to an equalization of the colors
and very low-level features. Another model performs DN normalization
in the first two layers (1-2 DN), a third model has 3 DN layers located
in layers 1, 2, and 3 (1-3 DN), and one last model where the DN is
included in the 3 last three layers, from 2 to 4, leaving the first one out
(2-4 DN).

Table 3 shows the mean results and standard deviations in the
test for each model in the four weather conditions. As in Section 5,
all models have been trained only using the original (good weather
conditions) images. The table also shows the gain due to the DN layers
with regard to not using DNs for each weather condition, and the
statistical significance of the gain according to the p-values of the T-
test. Table 4 shows how the mean test IoU changes in poor conditions
with regard to regular weather for different configurations of DN.

First, the main observation is that models with more DN layers get
better results than the No DN model, especially as the fog increases.
Second, the use of more DN layers leads to higher improvements with
regard to the No DN model. Third, when comparing the models with
3 DN layers that leave the first and the last out, we observed almost
no difference except in the high fog scenario, when the 2-4 DN model
improves the result of the 1-3 DN model. The main conclusion is that
the effect of DN is more important in the last layers.

6.2. Feature equalization through DN trained for segmentation

In order to understand why the DN leads to the advantages for
segmentation reported above, here we explored its effect in illustrative
feature maps (in the 4 DN model). To do this, we analyze the response
of some inner channels for an image before and after the DN. However,
before looking at the channels in Fig. 7, consider the original scene(s)
and the segmentation(s) in Fig. 6. Again, the 4 DN model gives a better
segmentation, specially for the high fog image. More interestingly,
Fig. 7 illustrates why a model with DN is able to adapt to the texture
degradation due to the fog.

Fig. 7 shows the effect of the second DN layer on two features that
we found to be tuned to horizontal and vertical edges (key for object
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Fig. 4. Two examples of segmentation results on different fog levels (original, low, middle and high fog) for the No DN and 4 DN models.

K= 084 Ko =048
wnlabeled
mad
sidewalk
building
vall
= pole.
D traffic light
O waftic sign
O vegetation
2 emin
sy
rider
ar
truck
bicycle

Ke =089

elabeled
oo |

sdewalk
buiding
wal
ole
ot i
tratfic sign
wgetaton
terain
sy
der
ar
ck
weycle

8

25
Original

Fig. 5. Confusion matrices from extreme scenarios (No DN and 4 DN for original and
high fog images) calculated from Fig. 4 top.

147

loU = 0.89 loU=0.41

=z
[a]
o]
=z
loU=0.90 loU=0.77
=z
a
<

Ground truth

Fig. 6. Scenes and segmentations for the feature maps shown in Fig. 7.



P. Herndndez-Cdmara et al.

No fog

Horizontal

Input

Output

Pattern Recognition Letters 173 (2023) 64-71

High fog
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Fig. 7. Effect of the 2nd DN layer of the 4 DN model in two channels (or feature maps), one tuned to vertical edges and one tuned to horizontal edges. The plots show the
activity before (input) and after (output) the divisive normalization layer. Results are shown for two different fog situations shown in Fig. 6.

recognition). At the Input, we see that in fog, responses to edges are
weak and virtually zero at the central part of the scene. That poor
information (the Input) is what the regular U-Net with no DN has to
use. However, edge responses is substantially stronger after the DN
(Output). The application of the DN recovers most of the edge details
lost by the effect of the fog and this enhanced information can be
used downstream to improve the quality of the segmentation. The
effective result of DN is enhancing low amplitude responses. This is
always important in distant regions where there is more scattering
due to distance, but it is particularly relevant when there is additional
fog which masks the signal. Fig. 7 explains the result in Fig. 6: the
convolutional layers extract the edge information. When there is no
fog the DN reveals extra details in the distant vegetation but (given
the good visibility) both models (No DN and 4 DN) reach similar results
because the linear responses are good enough. However, in the high fog
scenario, the loss of detail of the convolutional layers without divisive
normalization makes the No DN model perform much worse than the
4 DN model, which still detects the parked cars and better identifies
distant vegetation despite the fog.

6.3. Nonlinearities in DN trained for segmentation

Fig. 8-top shows Input and Output of different DNs as nonlinear
(saturating) transduction functions. This illustrates the equalization
behavior shown above for the feature maps: enhancement of low input
values versus moderation of high inputs values. And this happens both
for pixel intensities (1st DN layer), as well as for the responses of
the filters tuned to edges (2nd DN layer). Moreover, the consideration
of these nonlinearities that emerge in segmentation U-Nets with DNs
(Fig. 8-top) together with known behaviors in biological vision (Fig. 8-
bottom) leads to two interesting suggestions: (1) the behavior of early
and late nonlinearities (here 1st DN and 2nd DN) is in line with the
intuition on color/texture separation mentioned in building the models,
and (2) the responses to RGB channels qualitatively seem to saturate and
adapt as human luminance/brightness receptors [45], and filters tuned
to edges qualitatively seem to saturate and adapt as human sensors of
edge/contrast [34]. This comparison relies on the fact that input pixel
intensities are correlated to the input luminance in biological systems,
and feature intensities in the 2nd layer are correlated with contrast of
band-pass stimuli used to probe biological mechanisms.

7. Conclusions
Here we have analyzed the ability of a psychophysically inspired

non-linear layer (the divisive normalization) to help artificial neural
networks in adaptation tasks. In particular, we presented results in
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DN layers of the 4 DN model. The transductions are adaptive: the same input may
have a range of outputs (depending on a context not considered in the abscisas).
Bottom: responses of qualitatively similar sensors in human vision: Weber law for
luminances [45] (left) and contrast nonlinearities of edge sensors [34] (right) both
adaptive with background.

image segmentation when including divisive normalization in the U-
Net architecture. We found that introducing divisive normalization
layers in all the encoding blocks leads to consistent improvements in
IoU in the Cityscapes dataset. More important is the effect of Divisive
Normalization in generalization: a model trained only with images
acquired in good weather conditions obtains a substantial increase in
IoU over conventional U-Net when tested with images in bad weather
conditions. In fact, the higher the level of fog introduced, the higher
the advantage.

We presented an ablation study to analyze the advantages of using
DN at different depths of the network. The main conclusion is that
the effect of DN is more relevant in the deeper layers. The presented
visualizations of feature maps and nonlinearities suggest explanations
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for the benefits of Divisive Normalization: this transform enhances the
responses of filters tuned to edges and this compensates the effects
of scattering and perspective, and this is particularly important when
the acquisition conditions are poor. Finally, we report an interest-
ing qualitative similarity between the nonlinearities that emerge in
the DN layers and equivalent sensors in biological vision. In conclu-
sion, consistently with the results in other image processing applica-
tions, this transform helps the segmentation models to generalize over
the non-informative variations introduced by contrast and luminance
changes.

Future work should extend the experiments to other datasets and
image acquisition conditions. Quantitative analysis of the changes in
the feature maps (beyond the qualitative visualization shown here)
could reveal the limits of the achievable gains. In this regard, open
data simulators to generate images in controlled ways will be crucial
to understand the benefits of this transform. Moreover, the qualitative
similarity between the behavior of the neurons trained for segmenta-
tion and biological mechanisms of brightness and contrast perception
suggested here should be further studied.
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Appendix. Pseudocode for the divisive normalization

Input, z, output, y: z,y € RIWXC  and parameters:
7 € RUXnxCxCy [y ¢ REXWXC, 4 @ RHXWXCXC and o g, ¢ € RE,

where w, and w, are the height and the width of the convolutional
kernel, H and W are the height and the width of the image, and C the
number of channels.

Algorithm 1 Pseudocode of equation (2)

for k in C do
for s in C do
Al ok, sT =yl 5k, s]# |2z, 0, 8]]°0)
end for
DI, k1 = (BIKI+ X, AL, k7)™
yli, i k)l =z[:, 1, k]./D[:, 1, k]
end for
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Algorithm 2 Convolution 2D: A[:, :, k,s] = y[:, :, k, s] = |z[:, 1, s]]%!

m=0
for i’ in w, do
for j’ in w, do
m=m+y[i',j ksl N2l =i+ [w0y/2], = J' + Lwy /2] 51|
end for
end for
Alij.k,s]=m

Algorithm 3 Point-wise division: y[:, :,k] = z[:,:,k]./D[:, :,k]

for i in H do

for j in W do
Wi j.kl = S
end for
end for
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Scene variability and data diversity are major challenges for image segmentation. Previous work suggested
that a biologically motivated computation, the so-called Divisive Normalization, could be useful to deal
with image variability, but its effects have not been systematically studied over different data sources
and environmental factors. Explanation of the reasons why Divisive Normalization layers lead to enhanced
capabilities in segmentation networks is still an open issue. In this work, we respond to the questions of
when Divisive Normalization layers are useful for image segmentation, and why. First, we propose systematic
domain adaptation experiments based on dissecting the problem according to physically meaningful dimensions
to delineate the limits of the gain. Then, we provide quantitative explanations of the special capabilities of
Divisive Normalization layers. Results show that neural networks augmented with Divisive Normalization get
better segmentation results in a wide range of shifted scenarios and their performance remains more stable with
regard to the considered environmental factors and the nature of the image sources. This behavior is understood
in two ways: (1) by quantifying the invariance of the responses that incorporate Divisive Normalization, and
(2) by illustrating the adaptive nonlinearity of the different layers that depend on the local activity.

1. Introduction

Answering these questions is essential—especially in safety-critical
tasks—because aggregate performance metrics often obscure failure

Local response normalization in neural networks is known to be a
key factor for image classification [1], and batch normalization is a
standard element in deep learning [2]. Divisive Normalization (DN)
is a computation known to happen in the visual brain [3,4] that has
been extensively used in image coding [5,6] and in modeling subjec-
tive distances between images [7,8]. More recently, this biologically
motivated form of local normalization has been proposed for semantic
image segmentation, showing promising results [9,10].

In particular, these two previous works [9,10] demonstrated that
the use of Divisive Normalization can be beneficial in segmentation.
However, these studies did not analyze why the Divisive Normaliza-
tion helps or under what conditions it offers advantages. Therefore,
important questions remain open:

« In which regions of the input signal variability does Divisive
Normalization improve segmentation?

« Does it enhance robustness to changes in illumination, texture,
weather, or data source?

« And crucially, what is the mechanism behind these improve-
ments?

* Corresponding author.
E-mail address: pablo.hernandez-camara@uv.es (P. Herndndez-Camara).

https://doi.org/10.1016/j.neucom.2025.130569

modes. Understanding when and especially why a system fails or
succeeds is key for trustworthy deployment [11,12]. In this regard,
explainability given by the analytical nature of Divisive Normalization
is a good complement to pure maximization of the performance mea-
sure [13]. And quantitative descriptions of the reasons for improvement
(e.g. invariance of the representation) are highly desirable too.

The above scientific questions are still open issues as they were
not addressed in [9,10], just focused on the proposal of using Divi-
sive normalization in segmentation. This work is devoted to answer
those questions. Particularly, this work builds directly upon [10] and
addresses its open questions by making the following key contributions:

+ Systematic environmental control: We propose a structured
evaluation framework that manipulates visual properties such
as luminance, achromatic and chromatic contrast, and spectral
illumination. This setup allows us to test the performance of DN
under diverse real and synthetic conditions and identify when it
is most beneficial.
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+ Quantitative analysis of invariance: We introduce metrics to
measure how invariant the network’s predictions are to envi-
ronmental changes, and we demonstrate that DN leads to more
stable, generalizable representations.

« Layer-wise nonlinearity analysis: We investigate the adaptive
behavior of DN layers across network depth and show how their
data-dependent responses contribute to improved robustness.

Together, these contributions shift the focus from demonstrating
that DN works to understanding how and why it works, offering
both theoretical insights and practical guidance for deploying DN in
real-world segmentation tasks.

1.1. A challenging scenario to illustrate the diversity problem: autonomous
driving

Both works that propose the use of Divisive Normalization in image
segmentation use autonomous driving as a useful case study [9,10].
Note that autonomous driving includes scenes at any time of the day
and night, and may include wild weather conditions, shadows, and
illumination varying at different time scales. These variations lead to
high dynamic range scenes both in luminance and color: imagine bright
streetlights in the night [14] and saturated colors in sunny scenes
as colorfulness increases with luminance [15]. Environmental changes
modify average luminance and contrast (e.g. in fog or snow) [16] and
induce non-additive noise (e.g. rain) [17]. Moreover, radiance level and
spectral illumination change along the day [18], and induce nontrivial
contrast changes in otherwise continuous objects (e.g. shadows [15,19],
or interreflections [20,21]). This uncontrolled scenario implies that
similar reflectances and textures lead to highly variant measurements
in the camera. The possible fatal consequences of mis-segmentation in
autonomous driving [22] imply that models must have an excellent
performance despite all the above variabilities, i.e. they have to be in-
variant under these changes. Moreover, the complexity in these scenes
is not easy to simulate in synthetic scenarios, so if computer-generated
images were used to train (data-hungry) algorithms [23,24], they could
generalize poorly in real life.

In this work, we follow the domain choice of previous works [9,10],
but with a different objective: rather than focusing solely on perfor-
mance gains, we use the autonomous driving domain as a controlled,
high-variability setting to investigate the functional benefits of Divisive
Normalization. Its combination of visual diversity, simulation capabil-
ities, and safety-critical demands makes it a uniquely powerful testbed
for our analysis.

1.2. Simple example of the diversity problem

While the above diversity in the images depends on complex inter-
actions in the scenes and on its natural or synthetic origin, a simple
univariate analysis of relevant visual descriptors can illustrate the
problem. Fig. 1 includes seven natural and synthetic datasets of driving
scenes in different environments. We analyze these scenes according
to their luminance, and to the achromatic and chromatic contrasts of
their textures. Histograms show how diverse these descriptors are. Fig.
1 also includes a segmentation example from each dataset and the
negative effect of this diversity when using a segmentation algorithm
trained only with real daytime images. Note how the segmentation
result becomes worse as the fog level increases, the mis-detection of the
car in the night scenario and the mis-detection of a (clearly synthetic)
sky in the CARLA scenario.

Description of the scene conditions according to these visual fea-
tures (defined below in Section 4.1.2), is of course an oversimplifi-
cation. However, note the clear patterns of change when changing
the conditions. For instance, fog increases mean luminance: see how
the peak in the first column (rows 1-to-4) moves to the right with
the fog level. Fog reduces the achromatic contrast (see the central
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histogram column, rows 1-to-4) because darker objects become lighter
due to the reflected light via scattering. This reduces the energy of
spatial modulations of luminance thus impeding texture-based seg-
mentation. Fog also reduces color saturation (and hence chromatic
contrast in the right column) because back-scattered light is white (or
broadband). This reduces the energy of spatial modulations of color
thus impeding segmentation based on chromatic textures. Night scenes
(5th row) are obviously darker (left), but interestingly, contrasts (both
achromatic and chromatic) are substantially higher (bright streetlights,
saturated neon adds...). Finally, completely synthetic (video-game-like)
data shows distributions that deviate from natural scenes, as illustrated
by the last two rows of Fig. 1. On the one hand, note that the luminance
peak in CARLA [29] is darker than real night images in [27], while
both contrasts are wider than in natural databases [26,27]. On the other
hand, GTA-V [28] displays a larger luminance range than the natural
scenes in [26] (day), and [27] (night). Note that the luminance peak
in GTA-V is wider than the natural distributions combined.

1.3. Approaches to cope with diversity

Proper consideration of the mentioned variability for successful seg-
mentation is a matter of active research. For instance, [30,31] propose
frameworks to restore clean images by removing rain and snow from
corrupted images. Also, authors from [27] train series of segmentation
models for different periods of time from daylight to nighttime through
the sunset in order to cope with illumination variability. In particular,
they use the model trained at certain time as starting point for the
model valid for the next period of time, so that the resulting model
could be invariant under illumination changes. In fact, the rationale of
adding synthetic weather conditions to natural scenes [16,17] is taking
into account such variability through data augmentation. However,
to train models over the widest range of conditions one may need
completely synthetic data, as in [28]. That may be a problem because,
as illustrated in Fig. 1, synthetic data may have different statistics and
its use may lead to the conventional out-of-distribution problem. Then,
specific ad-hoc solutions for this change in statistics have to be devel-
oped, as for instance [32] who improve synthetic-to-real adaptation
using perturbations in the Fourier domain so the model relies only on
low-frequency textures. Other approaches change the loss function to
take into account variations in the texture statistics [33]. Other forms
of data augmentation include the use of web-crawled images during
training [34], and the variation of the samples in the feature domain, in
some cases using GANs [35], and in other cases using language-vision
models [36-38] to modify the image descriptions while preserving the
semantic content.

As opposed to (computationally demanding and conceptually triv-
ial) data augmentation, an alternative is designing a computation that
embraces the large variability of the input and turns it into an inner
representation with reduced variability. A recent bio-inspired layer for
image segmentation has been proposed to (intrinsically) cope with this
kind of data variability [9,10], the so-called Divisive Normalization
of visual neuroscience [3,4]. Divisive Normalization may be good for
invariant segmentation because the response of each neuron is normal-
ized by the responses of other neurons tuned to neighbor locations and
features, so each response is adapted to the local activity. The works [9,
10] were the first to incorporate DN into segmentation models. The
authors of [9] focused on the difference with regular batch and layer
normalization. In particular, they analyzed the effect of the size and
shape of the neighborhoods in the normalization. However, while they
report gains in a specific segmentation task, they do not check the
invariance to environmental nor data diversity. On the contrary, the
proposal in [10] moved closer to this goal by evaluating DN under fog
conditions and showing improved performance under reduced contrast.
However, its scope was limited: only fog was considered, there was no
controlled manipulation of the visual conditions, and the role of data
quality (real vs. synthetic) was not explored.
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Fig. 1. Motivation: colors and the energy of visual textures change with the environment and data nature and highly affect the segmentation results. Histograms of
luminances (left histogram column), achromatic contrast (middle histogram column) and chromatic contrasts (right histogram columns) for 7 different datasets (rows). Vertical
orange lines in the histograms represent their median values. The definition of contrasts (energy of spatial modulation of luminance and color) is described in Section 4.1.2.
Last two columns show an example of each dataset and the segmentation result of a U-Net model [25] trained with natural daytime and clean images. The first row shows the
distributions corresponding to the natural, daytime scenes from Cityscapes [26]. 2nd to 4th rows correspond to the same scenes modified to include different fog levels [16]. 5th
row corresponds to real urban night images [27]. 6th row corresponds to scenes from the famous video game GTA-V [28] and last row corresponds to computer-generated scenes

using the virtual-reality framework CARLA [29].

In contrast, the present work directly addresses the open questions
left by these prior studies: When does DN help in segmentation under
variable conditions? Why does it help? And how does DN influence internal
representations and prediction stability?

The rest of the paper is organized as follows: First, in Section 2 we
review the formulation of Divisive Normalization. Second, in Section 3
we recall the different models (neural networks) and introduce the
data (scenes to segment) that we use in our study. More importantly,
we introduce the proposed methodology for systematic environmental
control following the intuition in Fig. 1. Next, in Section 4 we expose
the results that we obtain over different data diversity factors and over
the different controlled changes we introduce. Then, in Section 5 we
analyze where the advantage of the Divisive Normalization comes from
and how it is achieved and finally we conclude in Section 6 with an
example of use showing the better segmentation of the models with
Divisive Normalization.

2. Background on Divisive Normalization

Divisive Normalization [3] is the canonical computation that ac-
counts for adaptation in biological neurons [4]. It is a local normal-
ization in which the response of a sensor is normalized not only by
its own value but also by taking into account the values of its local
surroundings:

- Zk
RPN ENERA

where the linear response of a sensor, z,, is inhibited (normalized) by
a pool of the activity of neighbor sensors. In the context of computer
vision models that work with images as input, it implies that one pixel

Vi (€9)

is modulated not only by its own value but also by the values of close
pixels. Note that the division is a point-wise operation, and the sum
in the denominator represents the interaction between the considered
pixel and its neighborhood. The exponents ¢ and « control the norm
of the pool. The ratio between the constant f and the convolution
kernel y determines the level of non-linearity. The interaction kernel
in the denominator, y, can have any arbitrary structure to take into
account the surroundings but here we build it to have the form of a
usual spatial convolution with dense connections between the input
channels. Unlike traditional nonlinearities such as ReLU, which apply
a fixed point-wise transformation independently to each pixel, Divi-
sive Normalization introduces a contextual, adaptive mechanism. The
normalization depends on both the pixel’s activation and its neighbors
through learnable parameters, making it a powerful, input-dependent
operation that adapts to the input signal.

3. Models, data, and proposed control of environmental factors
3.1. Models

Building the Divisive Normalization non-linearity in an automatic
differentiation environment allows us to use it and optimize its param-
eters in any machine learning model." In this work, we focus on the
U-Net architecture [25], which has become a conventional backbone
in image segmentation [39] due to its simplicity, effectiveness and
widespread use. Importantly, prior work introducing DN into seg-
mentation also used U-Net [10], allowing us to ensure comparability

1 https://github.com/pablohc97/TFM/blob/main/GDN.py
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Fig. 2. U-Net for segmentation with and without Div. Norm. layers: Comparison of the baseline U-Net architecture (top) and the modified U-Net with four Divisive Normalization
(DN) layers (bottom). DN layers are shown in green and are inserted at the beginning of each encoder block. Both models share the same structure in terms of convolutional
layers, skip connections (black arrows), and pooling/upsampling operations (red arrows). The addition of DN layers increases the model size by only 1.8%, preserving overall
capacity. The legend indicates the layer types used in the diagram. This architectural setup follows [10] and has been updated for clarity.

and isolate the specific contribution of DN. By maintaining the same
architectural foundation, we avoid introducing confounding factors and
can focus our analysis on how DN influences robustness and represen-
tation. Particularly, we study the behavior of Divisive Normalization
by building two model variants: a baseline U-Net with no DN layers
(referred to as no-DN), and a modified U-Net with four DN layers
inserted at the start of each encoder block (4-DN). Fig. 2 illustrates both
architectures and highlights the placement of DN layers in the modified
model.

We built our models as in [10] to be able to compare with their
results. Therefore, in our models, y corresponds with a 3 x 3 convolu-
tion kernel so that the close neighbors around the considered pixel are
taken into account. The # parameter is also trained, but we set ¢ and «
to 1 which makes the training more stable.

To quantify the models’ performance, we use the commonly used
segmentation metric Intersection over Union (IoU). It measures the
overlap between the predicted segmentation mask and the real ground
truth.

3.2. Data

In our experiments, we used four different datasets to train and test
the models and assess the Divisive Normalization effect.

We used Cityscapes Dataset [26], one of the most famous semantic
segmentation datasets for autonomous driving. It includes scenes with
30 classes annotated segmentation ground truths. Images were taken in
good weather conditions and during the day by a car on the streets of
50 cities in Germany.

In addition, we use the Nighttime Driving-test dataset [27]. It
contains 50 segmented real images from Swiss cities taken at night.
This dataset will allow us to test the Divisive Normalization good effect
when facing low-luminance images.

The previous datasets are made of real images. However, generating
real datasets is very time-consuming because we need to manually

generate the ground truths and they do not cope with all the possible
data variability that models can find in real life. For these reasons,
synthetic datasets are rising in popularity. Following this idea, we
also used two synthetic datasets. First, we used the CARLA Simulator
(Car Learning to Act) [29]. It is an open simulator for urban driving,
developed as an open-source layer over Unreal Engine 4. We generate
a new dataset that contains 20000 images of all weather (sunny, rainy
and foggy) and time conditions (morning, day, evening and night) from
two different simulated cities with their corresponding segmentation
ground truth [40]. We divide it into 80%, 10% and 10% to train,
validate and test, which gives us 16000, 2000 and 2000 train, validation
and test images.

Finally, we used the GTA-V dataset [28]. It contains almost 25000
synthetic images rendered using the open-world video game Grand
Theft Auto V. Images are from the car perspective in the streets of
American-style virtual cities and they also include different weather
(sunny and rainy) and time (day, evening and night) conditions.

To summarize all the datasets, Fig. 3 shows an image of the four
datasets and their associated segmentation ground truth, which we
want to predict with our models.

3.3. Environmental factors: partition and control

To test how different environmental factors affect the models and
to check the effect of Divisive Normalization in controlled experiments,
we have to characterize and modify the visual appearance of the
images. To do so, we follow the intuition introduced in Fig. 1.

We first consider Foggy Cityscapes [16]. It is a synthetic foggy
dataset that simulates fog on the real scenes of Cityscapes. Each
Cityscapes image is rendered from a clear image and a depth map to
include fog of controlled (low, medium and high) severity. Each level
is characterized by a constant attenuation coefficient (0.005, 0.1 and
0.2) corresponding with a visibility range of 600, 300 and 150 meters
respectively. Therefore, this dataset has the same Cityscapes images but
with simulated fog as shown in Fig. 4.
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Fig. 3. Example images and segmentation ground truth of the datasets. From left to right an image of Cityscapes, Nighttime Driving, CARLA Simulator and GTA-V.
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Fig. 4. Example of fog severities. An image from Cityscapes and their corresponding versions in Foggy Cityscapes with different severities.
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Fig. 5. Representative extreme images of the dataset partitions. From left to right it shows the images with the lowest and higher mean luminance, achromatic contrast and

chromatic contrast.

In order to push the models to the limit, we test them on the
more difficult or extreme scenarios, i.e. in the images of the datasets
which have extreme visual appearance according to simple descriptors
as those illustrated in Fig. 1. To do so, we create different partitions
of the real and synthetic data (Cityscapes and GTA-V) according to
the extreme values of luminance, achromatic contrast and chromatic
contrast. The rationale to propose these partitions is challenging the
models that may solve the segmentation problems using color or texture
variations in certain luminance levels.

The methodology to identify extreme subsets is the following. We
first express the real and synthetic images in a classical Achromatic
Tritanopic (red-green) and Deuteranopic (yellow-blue), or ATD, color
space [15]. Once in this color space, we can easily define the mean
luminance, 4, and the achromatic and chromatic contrast, C, and
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where yu, is the spatial mean of the achromatic channel A, and o;
correspond to the standard deviation of channel i over the spatial extent
of the image. The above descriptors are applicable to natural images
but are consistent with the standard definition of Michaelson contrast
for sinusoidal gratings of luminance [41], and with the definition of
perceptual colorfulness [15]. These contrasts represent the amplitude
(or energy) of the achromatic and chromatic textures in the image.
Once we have (u,,C,,C,,,) for each image, we sort them accordingly
and we identify the subsets which are in the 15th/20th and 85th/80th
percentile of each visual feature for the GTA-V and Cityscapes datasets.
This determines six new partitions: low mean luminance (called Low
A), high mean luminance (High A), low achromatic contrast (Low A
ctr), high achromatic contrast (High A ctr), low chromatic contrast
(Low chrom ctr) and high chromatic contrast (High chrom ctr).

Fig. 5 shows the extreme images of these six partitions for both
datasets. Note that low mean luminance corresponds with very dark
images while high mean luminance images are really bright. On the
achromatic contrast partitions, the lowest ones are images that are
almost flat, texture-less scenes, while the high achromatic contrast
images have both really dark and bright sections. In the low chromatic
contrast images, we find images without almost any color but in the
high chromatic contrast images there are more colorful images over
different backgrounds.

Although, as seen in the results section, these dataset partitions
and the foggy scenes help us to test the model in extreme conditions
and they are useful to get initial ideas of where the critical situations
are, these subsets are limited in different ways. First, the values of the
descriptors for these subsets cannot be controlled in a smooth way, and
second, the range of the visual descriptors is limited by the set of images
already available in the original datasets.

In order to overcome these limitations and extend the range of our
exploration in a systematically controlled way, we artificially modify
the original images in five relevant visual dimensions: the already
mentioned (1) mean luminance, (2) achromatic contrast, (3) chromatic
contrast, and the spectral illumination, which amounts to (4) hue angle,
and (5) saturation.

First, we address the variation of the three descriptors introduced
in Fig. 1. We select 100 images from the Cityscapes test dataset and
manually increase and reduce their mean luminances, achromatic con-
trasts and chromatic contrasts in turns in the ATD space. In this way,
we generated a tensor of 3 dimensions (y4,C,.C,,,) where in each
point we have 100 Cityscapes images with fixed luminance, achromatic
contrast and chromatic contrast. We modified the original values of
the descriptors by factors from 0.5 to 1.4 and the set is available
here [42]. Fig. 6 illustrates three different slices from the tensor, fixing
the constant dimension to its original value.

Second, we can introduce variations in spectral illumination in order
to shift the colors in the scene in a systematic way. To do that, we
use the following approximated but convenient approach. We generate
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Fig. 7. Controlled change of spectral illumination. The top image is one original image and the bottom matrix shows the obtained images from different illuminant hues
(orientation angle in CIE xy diagram) and saturations (distances to the white point). This illustration shows 10 hues but the intervention considered spectra of 20 linearly spaced

hue angles.

a white (equienergetic) spectrum and find the lambertian reflectance
of each pixel so that when the white light is reflected, we obtain the
closest tristimulus values in each pixel. Once we have the reflectance
of each pixel, we can generate light spectrums of different dominant
wavelengths (different hues) and saturations and use them as illuminats
for these reflectant scenes. In particular we select illuminants in a
regular 2D-grid in polar coordinates around the white point in the CIE
xy 1931 color diagram for 20 hue angles and 6 saturation distances
(radius) from the white point.

This approach takes part of the physics of color into account but
obviously makes gross approximations. First, it disregards complex
mutual illuminations in the unknown geometry of the scenes. We
worked on models of interreflections and we know that they give rise to
nontrivial distributions of tristimulus values [20,21]. And these do not
appear in scenes assumed to be a flat lambertian mosaic. Second, the
tristimulus-to-spectrum transform is not univocal because of the strong
dimensionality reduction in the spectrum-to-tristimulus transforms, or

metamerism [15]. Therefore, the hack based on looking for the best
matching reflectance for each pixel in the Munsell database to minimize
tristimulus error (as done in Colorlab [43]) is just one of other possible
solutions to build the hyperspectral scene from the tristimulus scene.

Actual changes of spectral illumination in real scenes will lead to
images which will differ from the example shown in Fig. 7. How-
ever, reasonable visual aspect of the result justifies the assumption of
the approximations because of the benefits we get in extending the
databases in a controlled way in order to check the color constancy of
the segmentation. The final dataset of 100 images with 20 x 6 = 120
modified illuminants is available here [44]. This form of physically
meaningful data augmentation for illumination proposed here has been
used to check if color discrimination of segmentation networks is
aligned with tat of humans [45].

Table 1 shows a summary of the different datasets and modifications
and how many images they have that we use to train, validate and
test the different models. Note that these controlled experiments are
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Table 1
Summary of the number of training, validation and test images per dataset.

Dataset Train images Val. images Test images
Cityscapes 2675 300 500
Nighttime Driving - - 50

GTA-V - - 25000
CARLA 16000 2000 2000
Extreme parts. (GTA-V/City.) - - 3750/100
Foggy Cityscapes 8025 900 1500
Lum./contrasts Cityscapes - - 3300
Tlluminants Cityscapes - - 12000

Table 2

Mean IoU over ten trainings of models trained on real Cityscapes and synthetic CARLA
and tested in: Cityscapes, CARLA and GTA-V. Improvements of the use of DN layers
with regard to not using DN for each experiment in parenthesis.

Dataset Cityscapes trained CARLA trained

no-DN 4-DN no-DN 4-DN
Cityscapes (real) 0.75 0.77 (2.7%) 0.50 0.54 (8.0%)
CARILA (synthetic) 0.51 0.54 (5.9%) 0.90 0.91 (1.1%)
GTA-V (synthetic) 0.55 0.61 (10.9%) 0.62 0.65 (4.8%)

designed to go beyond prior work, which analyzed performance only
under fog conditions. Our setup enables a more precise understanding
of when and why DN improves robustness to input variability.

We will use these setups to test the DN and no-DN models across a
wide range of conditions, and we report both aggregate IoU metrics
and performance trends within each visual partition. This allows us
to identify not only whether DN helps overall, but also in which
environmental regimes it offers the greatest benefits.

4. Experiments and results

Using the models and material exposed above, we perform differ-
ent experiments, consisting of training and evaluating the networks
presented in Section 3: the classical U-Net with no Divisive Normal-
ization as baseline, and the modified U-Net with 4-DN layers. We take
from [10] the models trained with the Cityscapes dataset and, following
the same training procedure, we train more models with the synthetic
CARLA dataset. We train each model ten times with the same ten
different seeds as in [10]. Therefore, we have four configurations: with
and without Divisive normalization trained in Cityscapes or CARLA.
These models are then tested on real and synthetic datasets under
varying environmental conditions.

4.1. Data diversity

First, we test and analyze the models with and without Divisive
Normalization and trained with the real and synthetic images in dif-
ferent diverse datasets. This will allow us to analyze the effect of the
Divisive Normalization trained with different data when copping with
data diversity such as the nature of the data (real or synthetic), extreme
conditions, day or night images or even the image resolution.

4.1.1. Real vs synthetic

First, we test how the results change between real and synthetic
images. To do so, we test the models with the real images from the
Cityscapes test and synthetic images from the CARLA test and GTA-V.

Table 2 shows the mean IoU results over the ten training of the
four models when evaluated in the different datasets. The first thing
to notice is that the Divisive Normalization produces an improvement
of the IoU results in all the scenarios. Moreover, it is interesting to note
that each model gets better results in the test partition of the data it has
been trained with. However, this is more extreme for the model trained
with CARLA. This effect is due to the high difference between CARLA
images and the other datasets as shown in Fig. 1. Finally, the gain due
to the Divisive Normalization is higher in the most different test data
from the data the model has been trained with.
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Table 3

Mean IoU across ten trainings for models trained on good-weather Cityscapes (real)
and CARLA (synthetic), evaluated on both the full test sets (top row of each group)
and extreme partitions of Cityscapes and GTA-V. DN-related improvements are shown
in parentheses. Improvements greater than the average full-dataset gain are marked in
bold.

Dataset Cityscapes trained CARILA trained
no-DN 4-DN no-DN 4-DN

Cityscapes 0.75 0.77 (2.7%) 0.50 0.54 (8.0%)
City. (Low A) 0.76 0.78 (3.2%) 0.43 0.49 (12.2%)
City. (High A) 0.74 0.77 (3.1%) 0.54 0.56 (3.6%)
City. (Low A ctr) 0.72 0.75 (3.5%) 0.48 0.53 (10.6%)
City. (High A ctr) 0.78 0.80 (2.6%) 0.49 0.51 (5.0%)
City. (Low clr ctr) 0.74 0.77 (3.2%) 0.52 0.56 (8.7%)
City. (High clr ctr) 0.74 0.76 (3.1%) 0.46 0.52 (11.5%)
GTA-V 0.55 0.61 (10.9%) 0.62 0.65 (4.8%)
GTA-V (Low A) 0.46 0.52 (13.0%) 0.55 0.58 (5.5%)
GTA-V (High A) 0.61 0.67 (9.8%) 0.68 0.69 (1.5%)
GTA-V (Low A ctr) 0.57 0.63 (10.5%) 0.65 0.67 (3.1%)
GTA-V (High A ctr) 0.50 0.55 (10.0%) 0.58 0.60 (3.4%)
GTA-V (Low clr ctr) 0.50 0.57 (14.0%) 0.60 0.63 (5.0%)
GTA-V (High clr ctr) 0.54 0.59 (9.3%) 0.60 0.62 (3.3%)

Table 4

Mean IoU over ten trainings of models trained on Cityscapes good weather conditions
and CARLA synthetic and tested in: Cityscapes, Nighttime Driving, CARLA and GTA-V.
Improvements of the use of DN layers with regard to not using DN for each experiment
in parenthesis.

Dataset Cityscapes trained CARLA trained

no-DN 4-DN no-DN 4-DN
Cityscapes (real-day) 0.75 0.77 (2.7%) 0.50 0.54 (8.0%)
Nighttime (real-night) 0.24 0.29 (20.8%) 0.31 0.33 (6.5%)
CARLA (synthetic) 0.51 0.54 (5.9%) 0.90 0.91 (1.1%)
GTA-V (synthetic) 0.55 0.61 (10.9%) 0.62 0.65 (4.8%)

4.1.2. Regular vs extreme images

In [10] they found that the Divisive Normalization improvement
increases with the fog level. It gives us the intuition that probably
Divisive Normalization is even more important in extreme scenarios.

Table 3 shows the results of the models when evaluated in the
entire (unpartitioned) test sets of Cityscapes and GTA-V (top row of
each section), and in the six extreme subsets, based on luminance and
contrast partitions. Importantly, the results show that DN improves
segmentation even on the full datasets, confirming that its benefits are
not limited to specific edge cases. These whole-dataset improvements
establish the baseline, and the partition-based results allow us to an-
alyze where DN has the greatest impact. Across most of the extreme
partitions, especially in Cityscapes, the 4-DN models outperform the
baseline by a larger margin than on the full dataset. For GTA-V,
improvements are particularly notable in low luminance (dark) and
low color contrast conditions. These findings highlight DN’s robustness
in challenging visual environments and motivate further analysis in
more extreme conditions—such as real night-time scenes with minimal
luminance.

4.1.3. Day vs night

To answer our previous question, we test our models in a dataset
made of real nighttime images. These images have extremely low
luminance and we expect a high gain when using the Divisive Normal-
ization.

Table 4 shows the results of the models when evaluated in the
Nighttime Driving dataset. As expected due to the extremely low-
luminance, the worst results for all the models happen in the night
images. However, in this dataset is where the models trained in real
data get a higher increase due to the DN layers, showing its importance.
Models trained in CARLA do not get the higher increase due to the DN
layers in the night images because the CARLA dataset has some night
images and therefore these models have seen low luminance images
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Table 5

Mean IoU of low and full resolution models trained on Cityscapes in good weather
conditions and tested in Cityscapes. Improvements of the use of DN layers with regard
to not using DN for each experiment in parenthesis.

Dataset Low resolution trained Full resolution trained
no-DN 4-DN no-DN 4-DN
Cityscapes 0.75 0.77 (2.7%) 0.73 0.76 (4.1%)

during their training. In fact, for these models, the DN higher effect
happens when facing real daytime images, because as shown in Fig. 1
it has really different statistics from real daytime images.

4.1.4. High vs low resolution

To test how the image resolution affects the results, we retrain the
models with the Cityscapes data but maintain the images at their full
resolution, without any resizing. Therefore, we train the models exactly
in the same way except for the image resolution. Due to the high
computational cost of training models with this high image resolution,
we only train a single model with the Cityscapes dataset.

Table 5 shows that training with low or high-resolution images does
not give too much difference in the overall IoU results or in the effect
of the Divisive Normalization.

4.2. Controlled changes of environment

Previous section results are really good and show that (1) the
Divisive Normalization always helps the models to cope with the data
variability and improve their results and (2) the use of the Divisive
Normalization is even more important in extreme scenarios, such as
extremely low-luminance images as night images, and also low and
high chromatic contrast images. However, the images we used to
understand the effect of Divisive Normalization come from different
datasets with different statistics. To analyze the effect of the DN in
the models in a completely controlled scenario, we need to maintain
always the same base images. In that way, if we do some variation
always to the same images, the only variations in the results will come
from facing the introduced changes. Therefore, in this section, we select
a real dataset, Cityscapes and we will perform some experiments with
variations of it.

4.2.1. Fog change

First, we use the Foggy Cityscapes dataset. It consists of the same
Cityscapes images with synthetic fog added to simulate three different
fog severities. Using these three modified datasets we can test the effect
of the Divisive Normalization when facing images with progressively
more fog, i.e. progressively more luminance and less contrast as shown
in Fig. 1. In addition to the two models trained on the Cityscapes and
CARLA datasets, we develop a new model trained in a combination
of Cityscapes and Foggy Cityspaces train images (of the three severi-
ties), so that we can compare the results between a model trained in
completely synthetic images (CARLA model), real clean daytime images
(Cityscapes model) and a model trained in real images but with more
variability (Cityscapes + Foggy Cityscapes model).

Table 6 shows the results of the three models. [10] found that the
improvements due to the Divisive Normalization increase with fog level
for a model trained in Cityscapes. We found it also happens with a
model trained with synthetic images. As expected, the model trained
with a combination of Cityscapes and Foggy Cityscapes gets much more
constant results because it has seen foggy images during its training.
However, the DN layers still have a positive impact and the gain gets
higher in high fog level. Interestingly, gains are more significant when
dealing with very different data as the synthetic scenes.
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4.2.2. Luminance and contrasts changes

Our previous results highlight that the Divisive Normalization is
even more important in very dark images and as the fog level increases.
Motivated by these results and to get a deeper analysis of the Divisive
Normalization gains, we have to control the exact luminance and con-
trast of the images. We test the models with 3D (luminance, achromatic
contrast and chromatic contrast) modified tensor images.

Fig. 8 shows how the IoU results of the no-DN and 4-DN models
trained with the Cityscapes images depend on the luminance and achro-
matic contrast of the input images, with a fixed chromatic contrast
equal to its original value, such as in the green slice in Fig. 6. As
expected, the lowest IoU’s are obtained in the low luminance and
low achromatic contrast conditions. The models that implement the
Divisive Normalization layers not only get higher IoU values but the
region where they obtain higher values is bigger than for the no-DN
models.

It is easier to visualize the benefit of the Divisive Normalization
using the gain of the 4-DN models with regard to the no-DN models
as shown in Fig. 9 for different values of chromatic contrast and for
the models trained with the different data. The first row shows the
gains for the model trained with the Cityscapes data and the second
row shows the gains for the models trained with the CARLA synthetic
data. We can obtain different conclusions from this figure. First, we
see that using the Divisive Normalization in the models always helps
to achieve better results. Second, the models trained in Cityscapes
get the maximum gain at low contrast and luminances, implying that
it is especially important for night and foggy conditions. However,
what happens when we focus on the models trained with the CARLA
synthetic images? We can see that although there is still a high gain
region of the Divisive Normalization, it is not located at low luminances
and contrasts as before but the greatest improvements happen at high
luminances. To understand what is happening, in Fig. 10 we plot the
ToU values of the no-DN and 4-DN models when fixing the chromatic
contrast to its original value, as we did in Fig. 8. We get that the
maximum IoU the models get is highly displaced from the 1-1 original
conditions. It implies that the synthetic CARLA images have higher
luminances and contrasts than real Cityscapes images and that is why
the models get their highest IoU at higher luminances and contrasts
than the real images. Also, it explains why the gain region is displaced
from the top-left corner in the bottom panel of Fig. 9. The gain happens
at lower luminances and contrasts than the original image conditions,
which in the CARLA dataset are displaced to higher luminances and
contrasts and so the gain region is also displaced.

4.2.3. Illuminant changes

We also test our models with the images that we modified lighting
them with different illuminants of controlled dominant wavelength and
saturation. Fig. 11 shows directly the gain of using 4-DN models with
regard to the no-DN models when they face the different illuminant
images for the models trained with the different data. We obtained
that including the Divisive Normalization in the models trained with
Cityscapes images (first row) improves the segmentation results in
almost all the illuminant-intensity space, except for the model trained
with Cityscapes data in just a small region of very high saturations,
which are almost impossible images in real life.

In the CARLA training scenario (second row), we see that the
gain region of the Divisive Normalization models trained with CARLA
does not follow the same trend as when the models are trained with
real images but again they show higher gains due to the Divisive
Normalization, especially in the low saturation.

5. Analysis: invariance and nonlinearities
To understand why models with Divisive Normalization (DN) con-

sistently achieve better segmentation performance, we go beyond raw
accuracy and explore two key aspects of network behavior. First,
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Table 6

Mean IoU over ten models trained on Cityscapes, Cityscapes + Foggy Cityscapes and CARLA and tested in

Cityscapes, the different Foggy Cityscapes severities, Nighttime Driving, CARLA and GTA-V. Improvements

of the use of DN layers with regard to not using DN for each experiment in parenthesis. Results marked

with * are from [10].

Dataset City. train City. + Foggy train CARLA train
no-DN 4-DN no-DN 4-DN no-DN 4-DN

Cityscapes *0.75 *0.77 (2.7%) 0.78 0.79 (1.2%) 0.50 0.54 (8.0%)
Foggy (low) *0.65 *0.70 (7.7%) 0.78 0.79 (1.2%) 0.46 0.52 (13.0%)
Foggy (middle) *0.54 *0.62 (14.8%) 0.78 0.79 (1.2%) 0.44 0.50 (13.6%)
Foggy (high) *0.40 *0.48 (22.5%) 0.77 0.78 (1.8%) 0.40 0.46 (15.0%)
Nighttime 0.24 0.29 (20.8%) 0.34 0.36 (5.9%) 0.31 0.33 (6.5%)
CARLA 0.51 0.54 (5.9%) 0.58 0.67 (16.7%) 0.90 0.91 (1.1%)
GTA-V 0.55 0.61 (10.9%) 0.65 0.68 (3.6%) 0.62 0.65 (4.8%)
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Fig. 8. IoU of the no-DN (left) and 4-DN (right) model trained with Cityscapes images depending on the luminance and achromatic contrast of the input images. In this example,
the chromatic contrast of the images has not been changed.
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Fig. 9. Relative IoU gains (in percentage) of the 4-DN models with regard to the no-DN models trained with different data depending on the luminance, achromatic contrast and
chromatic contrast of the input images. We show five different slides for five different chromatic contrasts. Top: models trained in Cityscapes. Bottom: models trained in CARLA.

the invariance of the prediction space under environmental changes.
We analyze whether DN improves the stability of the model’s pre-
dictions when the input domain shifts due to changes in luminance,
contrast, or color statistics. Using controlled environmental transfor-
mations (described in Section 3.3), we quantify the invariance of
the model’s outputs. Our findings suggest that models with DN pro-
duce more invariant predictions across diverse conditions, indicating
stronger generalization and a more robust internal representation.
Second, we analyze the adaptive, data-dependent nonlinearities
in the intermediate representations. Particularly, we investigate the
qualitative effect of DN on feature representations at different network
depths. To do this, we apply targeted activations to DN layers and
observe how their outputs vary as a function of neighborhood activity.
This stimulation method allows us to confirm the nonlinear, adaptive
behavior predicted by the DN formulation: the gain of a neuron’s
response decreases as the activity of surrounding neurons increases.

This specific behavior is good for equalizing the response of all neurons
in a feature map [46], and this is good for obtaining an invariant
representation. In a model trained for segmentation, we show that this
input-dependent inhibition increases for deeper layers.

5.1. Quantitative measures of the invariance

Fig. 12 describes the hypothesis we have on the effect of Divisive
Normalization on the invariance of the signal representation when the
input undergoes changes in the environment. Given the qualitative
behavior expected from the literature on biological adaptation [4,46],
confirmed in the next section for networks trained for segmentation,
one expects that samples that have been put away in the input domain
due to changes in the environment will remain close in the inner
representation of systems augmented with Divisive Normalization. In
contrast, conventional systems would keep these samples separated in
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Fig. 10. IoU of the no-DN (left) and 4-DN (right) model trained with CARLA images depending on the luminance and achromatic contrast of the input images. In this example,

the chromatic contrast of the images has not been changed.
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Fig. 11. Relative IoU gains (in percentage) of the 4-DN models with regard to the no-DN models trained with the different datasets depending on illuminant hue and saturation.

Top: models trained in Cityscapes. Bottom: models trained in CARLA.

the inner representation. In other words, the inner representation of the
nets with Divisive Normalization will be more invariant under environ-
mental changes than the representation in conventional nets (with no
DN). This invariance can be quantitatively assessed by measuring the
overlap between the responses of the networks to original and distorted
inputs. This is what we do in the experiment shown here.

To do so, we compute the prediction of the no-DN and 4-DN
models for the original and the modified images (under fog, luminance,
contrast and illuminant changes). Then, we calculate the IoU metric
between the prediction of the original image and the prediction of the
modified image. This IoU-overlap measure is a measure of the length
of the black arrows in the inner domain shown in Fig. 12: bigger IoU
implies more overlap and smaller distance.

Table 7 shows the IoU results between the predictions over the
original images and the predictions over the modified images both
for the no-DN and 4-DN models. It shows results for all the modifica-
tions we tested: fog, change of luminance, achromatic and chromatic
contrasts and illuminants. We got that for all the modifications, the
IoUs of the 4-DN model are always higher than the IoUs of the no-DN
model. This implies that the predictions of the model that implements
the Divisive Normalization change less under all the image changes

DN model W, Distance
A \ DN model
erglnal i Distance
mees No-DN model
Distortion No-DN model
Distorted
image |—]
Image space Prediction space

Fig. 12. Quantification of invariance. If a model presents invariance to some
distortion, it means that images that are further away in their original space due to
that distortion are transformed to close points in the model prediction domain. If the
DN induces invariance, the distance between the predictions of the DN model should
be smaller than the distance between the predictions of the no-DN model.
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Table 7

Tou between the prediction on the original image and the prediction on the modified
image for some of the modifications, comparing the results of the models with and
without Divisive Normalization layers.

Dataset no-DN IoU(pred,,;, pred,,,) 4-DN IoU(pred,,;, pred,,,)
Low fog 0.766 0.826
Middle fog 0.621 0.714
High fog 0.478 0.609
Achrom ctr = 0.6 0.649 0.786
Achrom ctr = 1.4 0.793 0.832
Luminance = 0.6 0.739 0.781
Luminance = 1.4 0.848 0.886
Chrom ctr = 0.6 0.842 0.844
Chrom ctr = 1.4 0.848 0.887
Angle 0 0.464 0.800
Angle 72 0.751 0.826
Angle 162 0.517 0.562
Angle 252 0.657 0.772
Angle 343 0.365 0.753
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Fig. 13. Checking the nonlinearity of responses. Effect of the first Divisive Normal-
ization model layers on some example images that have different central pixel values
and different surrounding values. It shows how the central pixel normalized value
depends not only on its value but also on the neighbor pixels.

than the ones of the no-DN model, and therefore that the models with
Divisive Normalization are more invariant to these changes.

5.2. Where does the invariance come from? Adaptive nonlinearities

We argue that invariance comes from the adaptation of the re-
sponses of each neuron to the responses of the neighbor neurons that is
enforced by the local normalization. In order to illustrate this intuition,
we visualize the response of neurons of the four Divisive Normalization
layers obtained in a model trained for segmentation. In particular, we
build 3 x 3 (same size as the y kernel in the Divisive Normalization
denominator) neighborhoods where the central pixel value changes
between 0 and 1 (or the minimum and maximum of the corresponding
input feature). We try different surrounding pixel values such as 0, 0.5,
and 1.0 (or equivalent fractions of the dynamic range of the input):
implying a black, gray, or white background. We pass these images
through the four Divisive Normalization layers and register how the
central pixel value has been transformed depending on its own value
and the value of the surround. Fig. 13 shows some of the generated
images and the effect of the first divisive normalization layer depending
on the central pixel and surrounding values. Fig. 14 shows the effect for
the four Divisive Normalization layers.

We obtain that inputs where the background is very active are
strongly inhibited with regard to inputs with inactive backgrounds:
the central pixel is more inhibited as the background changes from
completely black (surrounding pixel values of 0 and then only the
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central value is considered) to white (surrounding pixel values of 1,
which are the higher values they can have). Looking at the different
Divisive Normalization layers we observe this trend in the four layers.
Still, it is interesting to note that the non-linearity (departure from the
reference black line) increases its effect with the layer depth because
the ratio between f over y value (which controls the linear/non-linear
behavior) found in our training is reduced with the layer depth.

The two properties of these curves tend to equalize the responses:
(1) the saturating shape of the blue curves amplifies low values and
moderates high values, and (2) the presence of high values (in the
neighbors) moderates the responses (attenuated orange and green
curves), while the presence of low values amplifies the responses.
The first property transforms the input responses (with eventually
disparate range) into output responses within a more compact and
stable range performing a sort of univariate histogram equalization.
And the second property makes the range of the outputs more equal
along (spatial/feature) regions where the inputs had different ranges.
The combined effect of these properties makes the range of the output
responses kind of invariant to changes in the range of the input,
probably leading to the invariance measured in the previous section.

These nonlinearities had been described before in vision science
to explain adaptation to luminance, color [47] and contrast [48], and
their effect on multivariate equalization has been extensively illustrated
too [46,49,50]. The interesting novelty here is that this behavior,
convenient for invariance, easily emerged in networks trained for seg-
mentation because we used the layer with the appropriate analytical
expression (or the appropriate capacity).

6. Conclusion

We have shown that introducing the Divisive Normalization layer
in segmentation models helps them to achieve better results in all the
tested scenarios, not only in a range of natural and synthetic databases,
but also when we systematically extended the changes over five extra
visual dimensions: luminance, achromatic contrast, chromatic contrast,
spectral illumination (i.e. hue, and saturation). These improvements are
not only reflected in higher overall IoU scores, but also in a deeper
understanding of when and why DN helps. Our results show that the use
of Divisive Normalization becomes more important in extreme scenar-
ios, such as low luminances (night images) or low contrast (high fog).
Crucially, we found that these gains are not just quantitative but also
qualitative: DN improves segmentation by increasing the invariance of
the model’s output under environmental changes. That is, networks
with DN layers produce more stable predictions across input variations,
leading to better generalization in real-world conditions. These effects
are visually summarized in Fig. 15 which shows how the model with
Divisive Normalization gets similar segmentation results when envi-
ronment changes are applied to the image, while the segmentation
produced by the classical U-Net is clearly affected by these changes.

More detailed, panel 15(a) shows predictions when changing the
illuminant by increasing the saturation. When the saturation is high,
the car (segmented in blue) disappears from the no-DN prediction.
Panel 15(b) shows results for different levels of fog, this variation also
affects the no-DN model by stopping to detect a car even for the middle
fog level. Panels 15(c) and 15(d) show how the prediction changes
when the luminance and achromatic contrast are increased or reduced.
In agreement with results obtained in Section 4.2.2, there are higher
gains due to the Divisive Normalization in the low luminances and
low contrast. When the luminance decreases the no-DN model does not
detect the truck while the 4-DN model still detects part of it. The same
happens when the contrast gets reduced, the no-DN model completely
mismatches the car, labeling it as vegetation.

Despite the valuable insights provided, this study has some limita-
tions that should be considered. First, regarding the modification of the
scenes to control illumination, a more physically accurate simulation
could be achieved using virtual reality tools. However, these methods
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Fig. 14. Nonlinearities at different depths. Effect of the four Divisive Normalization model layers depending on the pixel value and its surround, showing the adaptation of the

normalization.

(c) Luminance changes.

(d) Achromatic contrast changes.

Fig. 15. Summary: dealing with diversity. Example of the models’ predictions under the different controlled changes. In each panel, the first row shows the input images; the
second row shows the segmentation ground truth; and the third and fourth rows show the predictions of the no-DN and 4-DN models respectively. Panel 15(a) and 15(b) show
the predictions when the saturation of an illuminant and the fog level increases (left to right). Panel 15(c) and 15(d) show the predictions when the image mean luminance and
achromatic contrast are reduced (from the central image to the left) or increased (from the central image to the right).

are extremely computationally expensive and would still rely on non-
photorealistic approximations. In our case, assuming that the original
images originate from certain spectral reflectances under a given spec-
tral illumination is sufficient to generate visually acceptable and useful
images for evaluating segmentation robustness. Second, while the mod-
els used in our experiments are not extremely large (they contain only
a few million parameters), they are adequate to demonstrate the ef-
fectiveness of Divisive Normalization (DN) in improving generalization
under environmental variability. Additionally, our experiments focus
on the U-Net architecture. This was a deliberate choice to isolate the
effect of DN in a well-understood, widely-used model. Nevertheless,
testing DN within a broader set of architectures will further support
our results. Similarly, our evaluation was in the autonomous driving
domain, which, while rich in environmental diversity, does not cover
all types of segmentation tasks.

Regarding future work, we plan to extend our evaluation to include
other segmentation architectures (e.g., transformer-based or multi-scale
models) to further assess the generality of DN. We also intend to
apply DN in larger models to test its scalability and effectiveness in
more complex learning setups. In terms of datasets, we aim to explore
scene types beyond autonomous driving, including indoor and natural
environments, to evaluate generalization across domains. Furthermore,
while this study focused on illumination, contrast, and color variability,
we are interested in testing DN’s benefits under other natural distor-
tions, such as snow, rain, and motion blur. Finally, we plan to develop

a parametric version of the Divisive Normalization layer, enabling the
use of larger fixed-form kernels with fewer parameters and greater
flexibility.

To conclude, our results show that including the Divisive Normaliza-
tion in the segmentation algorithm makes them invariant under many
image changes, which is helpful for example for autonomous driving.
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Alignment of color discrimination
in humans and image
segmentation networks

Pablo Hernandez-Camara*, Paula Daudén-Oliver,
Valero Laparra and Jesus Malo

Image Processing Lab, Parc Cientific, Universitat de Valéncia, Valéncia, Spain

The experiments allowed by current machine learning models imply a revival
of the debate on the causes of specific trends of human visual psychophysics.
Machine learning facilitates the exploration of the effect of specific visual goals
(such as image segmentation) by different neural architectures in different
statistical environments in an unprecedented manner. In this way, (1) the
principles behind psychophysical facts such as the non-Euclidean nature of
human color discrimination and (2) the emergence of human-like behaviour in
artificial systems can be explored under a new light. In this work, we show for
the first time that the tolerance or invariance of image segmentation networks
for natural images under changes of illuminant in the color space (a sort of
insensitivity region around the white) is an ellipsoid oriented similarly to a (human)
MacAdam ellipse. This striking similarity between an artificial system and human
vision motivates a set of experiments checking the relevance of the statistical
environment on the emergence of such insensitivity regions. Results suggest,
that in this case, the statistics of the environment may be more relevant than the
architecture selected to perform the image segmentation.

KEYWORDS

vision models, color discrimination, image segmentation, artificial neural networks,
U-Nets, image statistics, chromatic adaptation, Divisive Normalization

1 Introduction

Natural images and principled explanations in vision science. A long-standing
hypothesis in vision science assumes that sensory behaviour derives from an evolutionary
adaptation to the regularities of the environment (Barlow, 1959, 2001). This hypothesis is
statistical in spirit because it assumes that certain architecture (network of sensors and
neurons) is progressively updated to become optimal according to certain task for the
inputs faced by the system (Richards et al., 2019). As a result, the concept of natural images
has become central in this kind of principled explanation (Field, 1987; Simoncelli and
Olshausen, 2001; Torralba and Oliva, 2003; Hyvirinen et al., 2009), because it refers to
stimuli (e.g., photographic images) which are representative of certain visual environments
and constitute the training set for the system.

Linear statistical models in color vision. The link between color vision and
the statistics of the natural environment has a long and fruitful history. Classical
approaches often employ linear models to explain different aspects of color vision. For
instance, one seminal study derived opponent color channels from the statistics of color
samples (Buchsbaum and Gottschalk, 1983): authors assumed that the goal of the color
sensors is to decorrelate the neural responses after the photoreceptors so they computed
the linear Principal Component Analysis (PCA) of color samples in natural images. PCA
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transforms data into a set of linearly uncorrelated
components (Jolliffe, 2002), identifying the directions (principal
components) in which the data varies the most. It turns out that
the best directions to encode natural colors are the luminance,
the red-green, and the yellow-blue directions. This statistical
explanation of the physiological achromatic and opponent
channels (Shapley and Hawken, 2011) is more conclusive than
classical hue cancellation experiments (Vila-Tomads et al., 2023).
This is because the opponent spectral sensitivities obtained from
PCA are more similar to the final sensitivities in multi-stage models
such as (DeValois and DeValois, 1993), while hue cancellation
results are mainly determined by the experimental choice of the
cancellation stimuli (Vila-Tomés et al., 2023). Another notable
linear approach involved the derivation of chromatic Contrast
Sensitivity Functions (CSFs) through linear filters designed to
maximize information transmission (Atick and Redlich, 1992
Atick et al, 1992). In this case the authors also assumed a
decorrelation goal but in the presence of retinal noise. The
optimal filters amplify certain spatial frequencies to whiten the
responses (to make their spectrum flat) while attenuating the
spatial frequencies where the noise is bigger than the typical signal.
Additionally, explanations of chromatic adaptation, a process
by which the visual system adjusts to changes in the lighting
conditions, have been based on linear shifts in the average and
covariance of color samples (Webster and Mollon, 1997; Clifford
et al, 2007). The average represents the mean color value, while
the covariance indicates how color values vary together, providing
insights into the overall color distribution in the visual scene.
Adaptation is understood as a transform to an invariant inner
representation that compensates for the color shifts induced
by changes in the environment (illumination, shadows, etc.).
In summary, linear statistical models have identified opponent
chromatic channels, the frequency bandwidth for achromatic and
opponent chromatic patterns, and adaptation mechanisms based
on the mean and the covariance of the chromatic signals.
Nonlinear statistical models in color vision. More recently,
nonlinear descriptions of color statistics have been used to
reproduce the nonuniform resolution and adaptation of the
response of opponent mechanisms. In particular von der Twer and
MacLeod (2001); MacLeod and von der Twer (2003) suggested that
the nonlinear behaviour of opponent channels could be explained
by using univariate Cumulative Density Functions (CDFs) of
color samples. The CDF transforms the input probability into a
uniform probability. This means that if the sensor responses are
related to the CDE simple uniform resolution in the response
domain minimizes the error introduced in the representation of
the signal (Lloyd, 1982). This philosophy was further extended
to other optimization principles and higher-dimensional scenarios
using Sequential Principal Curves Analysis (SPCA), a statistical
method that generalizes PCA by fitting smooth curves through
the data allowing for the representation of nonlinear structures.
The
SPCA (Laparra and Malo, 2016) extend the cumulative density

different nonlinearities that can be accommodated in

approach from optimal error minimization (Lloyd, 1982) to
optimal information maximization (Laughlin, 1983). In this way,
new explanations of color adaptation, color constancy and color
illusions were proposed (Laparra et al., 2012; Laparra and Malo,
2015).
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Signal statistics and model architecture. By definition,
nonlinear models are more accurate and general than linear
models. However, the above nonlinear descriptions of color
phenomena were more focused on the statistics of the color signals
rather than on the architecture, i.e., they oversaw the specific
network required for the implementation of the computations.
In general, the interactions between the statistical goal and
architecture are not trivial (Poggio, 2021; Herndndez-Cdmara et al,,
2023a; Herndndez-Cdmara et al, 2024). For example, different
deep-learning architectures trained according to the same statistical
goal may lead to critically different behaviours. This has been
the case in studying color illusions (Gomez-Villa et al., 2020), or
chromatic contrast sensitivity, either from low-level (Li et al., 2022),
or higher-level principles (Akbarinia et al., 2023). In these studies
authors show that for the same functional goal deeper networks
may get better performance in the goal, but they display less-human
behaviour than shallow networks (in terms of bandwidth or visual
illusions).

Open statistical ~ explanations of color
discrimination. The metric of the tristimulus space is not

issues in

Euclidean, for instance, the discrimination region around the
white has a specific asymmetry and orientation (MacAdam,
1942). Current statistical explanations of that fact are based on
very low-level principles: error-minimization or information-
maximization using SPCA (Laparra et al., 2012) or Gaussianization
techniques (Jiménez et al, 2013), or the techniques based on
Fisher information (da Fonseca and Samengo, 2016, 2018) which
is another form of information maximization. Neither of these
explanations take the architecture of the system into account
(they only describe the properties of color distributions), and the
principles are so low-level that are not directly connected to actual
visual tasks.
Questions addressed in this work:

o Is it possible to derive basic properties of human color
discrimination ellipses from visual tasks of higher-level than
error-minimization or information-maximization? Particularly
[as opposed to the cited low-level literature (Laparra et al,
2012; Jiménez et al., 2013; da Fonseca and Samengo, 2016,
2018)] by explicitly optimizing a neural architecture with
certain resemblances to the retina-cortex pathway.

In solving the considered higher-level visual task, what is
the relative relevance of the color statistics of the environment
versus the consideration of reasonable variants in the network

architecture?

In this work, we address these questions using networks trained
to perform image semantic segmentation (Guo et al., 2018), which
is a mid-level vision task that consists of identifying the objects
in the input images by classifying each pixel into one semantic
category. We implement this task using variants of the successful
U-net architecture (Ronneberger et al, 2015). The encoding part
of this architecture is a cascade of linear-nonlinear stages which
displays certain resemblances (in connectivity and function) with
early vision (Jacob et al, 2021). Moreover, we augment the
conventional U-net by including biologically-inspired layers, the
so-called Divisive Normalziation (DN) (Herndndez-Cdmara et al.,
2023b). This DN layer is a canonical non-linearity in sensory
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neuroscience (Carandini and Heeger, 2012) that takes into account
the inhibitory effect of neighbour neurons and explains chromatic
adaptation too (Abrams et al., 2007; Hillis and Brainard, 2005).
Finally, to check the relevance of the statistics of the environment,
we conduct the training and testing of the networks with different
kinds of images with distinctly different color statistics.

The idea is to check if human-like tolerance regions to color
changes emerge in these networks tuned to solve semantic image
segmentation. And, if they sometimes do, does it depend more on
the statistics of the environment or on the variants introduced in
the architecture?

In this work, we report the following finding: the region
of invariance to changes in illumination in image segmentation
networks trained with naturally illuminated images is similar
to the region of insensitivity (or invariance) to color changes
in humans (the MacAdam ellipse around the white). Therefore,
this mid-level task may be an alternative to previous lower-level
explanations. However, we find that the statistics of the colors in
the environment are more relevant to explain color discrimination
than the considered variants in the architecture in the segmentation
network.

2 Materials and methods

Here we introduce the six methodological elements required
for our experiments: (1) various distinct chromatic environments
for the segmentation goal: a naturally illuminated scenario (regular
photographic scenes with daylight illumination), and then two
counter-examples selected to have quite different color statistics
(submarine images and achromatic images respectively). Then,
(2) we outline the methodology we follow to compare the
tolerance to color changes in artificial networks and in humans.
As this general methodology implies generating consistent color
shifts in scenes annotated for segmentation, (3) we select one
of the possible approximated ways to introduce such color
shifts, namely the variation of a simulated spectral illumination.
Then, (4) we illustrate the shape of the tolerance of humans
to color shifts around the white color (or the anisotropy of
that MacAdam ellipse), (5) we present the scenes with shifted
colors to check the tolerance of the networks, and finally, (6) we
present details of the neural architectures of the considered image
segmentation networks.

2.1 Environments of different statistics

The analysis of color discrimination of different image
segmentation networks requires training these artificial systems
in visual environments with substantially different color statistics.
The idea is checking if differences in color statistics induce
consistent changes in color discrimination. To this end, we
considered three datasets with known segmentation ground truth,
but distinct scene statistics: Cityscapes (Cordts et al, 2016),!
SUIM (Islam et al., 2020),% and Oxford-IIIT Pets (Parkhi et al.,

1 https://www.cityscapes-dataset.com

2 https://irvlab.cs.umn.edu/resources/suim-dataset
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2012).* While Cityscapes consists of a range of urban photographic
scenes under natural illumination (see Figure 1), the other two
environments are counter-examples specifically selected to have
distinct color statistics. On the one hand, SUIM is shifted to
blue because it consists of underwater pictures. On the other
hand, while Pets also has natural daylight illumination, we
intentionally removed all chromatic information by changing the
images to gray-scale so that the segmentation has to be based on
alternative (non-chromatic) visual features such as shape or texture.
The term “natural scenes” is applicable to the “urban scenes”
in CityScapes, because “natural” refers more to the low-level
statistical features of the images (smoothness, edge consistency and
continuity, or day-light illumination) rather than to the presence
of natural versus man-made objects. In fact, similarly to the
achromatic literature (Field, 1987; Olshausen and Field, 1996),
when dealing with spatio-chromatic scenes Gabor-like sensors in
chromatically-opponent channels emerge both in forest-landscape
scenes and in urban scenes (Doi et al, 2003; Gutmann et al,
2014).

The color statistics of these environments are illustrated by
the scatter plots of color samples in the 1931 CIE xy chromatic
diagrams in Figure 1. In these diagrams, the spectral locus and
the triangle defined by the red, green and blue primaries of
regular displays have been plotted for useful reference. For
each environment, we took the 1000 nearest neighbours to the
average chromaticity and computed the local Principal Component
Analysis (local PCA) as in Laparra et al. (2012) and Laparra
and Malo (2015). The local principal components (in green
and blue) and ellipses (in orange) associated with the local
covariance matrices from the local PCA highlight the difference
in color statistics. Therefore, systems trained for information
maximization or error minimization in these environments should
have different metrics when considering color differences. Of
course, nothing can be said for systems trained in (artificially)
achromatic environments.

A technical note on the color of the databases. The images in the
considered databases are expressed in digital values. This device-
dependent color representation is transformed into standard
1931 CIE XYZ tristimulus vectors assuming a standard display
calibration (Funt, 2005 Malo and Luque, 2002). To simplify
the implementation of the experiments involving changes of
illumination in the following sections, we reduced by a factor 0.75
the excitation purity of all the colors in Cityscapes and SUIM.
This can be easily seen in the sharp edge in the cyan colors of
the underwater environment. Incidentally, this sharp edge suggests
that camera recordings in this region are already saturated in the
blue channel. This bias does not represent a problem for our
study because this is just a counter-example with substantially
non-natural statistics. We applied this small reduction because
changes in spectral illumination imply movements of the color
manifold towards the limits of the color gamut that can be properly
represented in digital systems (the triangle in dotted style). This
reduction in the original saturation allows stronger changes in the
illumination. Nevertheless, it is important to note that this does not
change the relative shape of the color distributions (does not change

3 https://www.robots.ox.ac.uk/~vgg/data/pets.
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FIGURE 1

Different environments (top) and associated color statistics (bottom). Left: daylight natural illumination. Center: daylight+underwater filtering and
scattering. Right: artificial achromatic scenes (flat spectral reflectances and equienergetic illuminant). The corresponding 1931 CIE xy diagrams show
representative color samples from the scenes (in black) and the closest neighbours to the average chromaticity (in red). It also shows local principal
components (in green and blue) and the associated ellipsoid (in orange) computed from the local Principal Component Analysis (local PCA) of the

nearest neighbours to the average chromaticity.

the orientation of the covariance matrices nor its relative size) and
then, it does not modify the generality of the results.

2.2 Comparing tolerance to color shifts in
humans and in machines

Color discrimination in humans has been defined in different
ways depending on the stimuli and experimental task done by
the observers. For instance, the classical MacAdam results are
based on the variability of color matching experiments with flat
patches of light sources (MacAdam, 1942; Wyszecki and Stiles,
2000). The covariance of this variability leads to the well-known
ellipses in the 1931 CIE xy diagram. However, detection thresholds
of deviations in different chromatic directions using randomly
textured stimuli (Barbur, 2004) leads to ellipses with the same shape
and orientation but larger size, about a x5 factor in size (Jennings
and Barbur, 2010). Similar detection thresholds measured with
natural images under controlled changes in illumination (Alabau-
Bosque et al., 2024) are compatible with the results by Jennings and
Barbur (2010).
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All these descriptions are qualitatively equivalent: the relevant
facts (Stockman and Brainard, 2010; Wyszecki and Stiles, 2000) that
should be reproduced by the models is that the higher sensitivity
(lower threshold and equivalently lower variability of the color
matches) is observed in a specific red-green direction while the
lower sensitivity (bigger threshold and bigger variability) is in an
almost orthogonal yellow-blue direction. In Section 2.5 we visually
illustrate that these are really robust trends.

In the case of artificial networks we will use the concept of
tolerance region. Note that the performance of the neural net in the
visual task (in this case segmentation) has a certain value given that
the images are illuminated as in the training conditions (and hence
the test images have the same texture and color statistics). However,
if the images are consistently color-shifted (for instance by changes
in the spectrum of the light source) the performance will drop. If
the network is able to cope with the color-shift with a negligible
drop in performance one can say that the network is insensitive
(or tolerant) to that color-shift. Setting an arbitrary threshold on
the network performance one may define a tolerance region in the
color space so that performance drops less than this value. This
tolerance region is a description of the insensitivity of the network
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to color shifts, similarly to the MacAdam ellipses for humans.
Obviously, tolerance regions in humans (as classically defined) and
in machines (as defined here) are not identical concepts, but a
convenient analogy to compare their behaviours.

Will these (artificial) tolerance regions have something in
common with the human insensitivity (MacAdam ellipse) region
around the white? Alignment between these two concepts would
suggest a common explanation of both behaviours.

In order to check the above in different training environments
one must: (1) train the considered networks for the task in the
different environments and (2) test the tolerance of those networks
in scenes where color has changed in a consistent form (that can be
systematically represented in the chromatic diagram).

In the next subsections we discuss how to introduce systematic
color changes in photographic images via simulated changes in
spectral illumination and how this can be used to illustrate human
color discrimination around the white.

2.3 Systematic color-shifts via changes in
spectral illumination

To test the tolerance of the segmentation networks to color
shifts in a meaningful way, one should use convenient ways
to generate systematic, chromatically-controlled and consistent
changes in the images of the different environments so that
the networks face new (equivalent and controlled) situations not
considered in the training.

The required color shifts in the test sets can be introduced
in different ways. In the context of color constancy, different
approaches have been used to model color changes in the
images. These different approaches represent different degrees
of approximation to the physics of image generation. The
approximations differ on how well the geometry of rendering
and the spectrum-to-tristimulus transforms are taken into
account. Approaches to include consistent color-shifts which are
progressively closer to the physics of image generation include:

1. Following simple models of illumination
compensation (Finlayson et al, 1993; Chong et al, 2007),
one should express the color of the images in certain tristimulus
space and introduce independent linear variation in the
tristimulus values. This is clearly better than naive operation
in RGB digital counts, but the diagonal linear transform is
still rather restrictive: the authors recommended this when the
intrinsic dimensionality of spectral reflectance of surfaces and
spectral radiance of the illuminant is as low as two or three.

. Following  general of
compensation (Webster and Mollon, 1997; Clifford et al,
2007), one could apply a rotation and a scaling matrix to the
tristimulus values. This transform is more general than the
previous method based on diagonal matrices but still disregards
the huge dimensionality reduction process that happens in the
spectrum-to-tristimulus transform.

. Virtual environments [such as CARLA simulator (Dosovitskiy
et al, 2017)] are appealing to change the chromaticity of the
illumination because they consider the 3-dimensional scene in
the rendering. However, conventional programs usually make

linear  models illumination
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gross approximations from the colorimetry point of view:
spectral distributions are not controllable and they usually
operate in RGB digital counts. As a result, it is not obvious
how to control the changes in the illumination to systematically
sample chromatic directions to check discrimination in the 1931
CIE xy diagram.

A convenient alternative is assuming that the original images
come from certain spectral reflectances under a given spectral
illumination and recreating new images by applying the
tristimulus equation assuming Lambertian surfaces with no
mutual illumination. As opposed to methods that operate
on tristimulus values, this method does take into account

4.

the huge dimensionality reduction in the spectrum-to-
tristimulus transform, so illumination change is richer than a
rotation+scaling in the tristimulus space. However, this method
has also been criticized because it disregards the nonlinearities
that come from mutual illumination (Laparra et al., 20125 Deeb
etal., 2018).

. Create annotated
unconventional

the
into

scenes
virtual

for segmentation using
reality that  take
account both the geometry and the spectral content
of light and reflectance of surfaces,
(Heasly et al., 2014).
Take real scenes where the spectral illumination can be
physically modified and measure (take pictures) using
colorimetrically calibrated cameras (Laparra et al, 2012
Gutmann et al, 2014), or spectro-radiometrically calibrated

tools

as for instance

6.

cameras (Foster et al., 2016; Nascimento et al., 2016).

Of course, the best methods (5th and 6th) are not straight
forward. The 6th case implies building a database from scratch (in
case of having the expensive measurement equipment). Moreover
the mentioned databases that include physical changes in the
spectra are not good for our purposes because the spectral
change is uncontrolled or does not properly sample the chromatic
diagram. Moreover, they are not annotated for segmentation.
In the 5th case, one would have to build virtual scenes from
scratch and then use the internal (non-standard) code for the
objects to derive the image segmentation maps. Therefore, methods
5 and 6 are too complicated for the illustrative test sets that
we want to generate to check the invariance/tolerance of the
segmentation networks. Then, between the next two methods
(3rd and 4th, each with advantages and shortcomings) we
chose the 4th method for its balance between complexity and
colorimetric realism.

2.4 Human color discrimination illustrated
via changes in the spectra

After the previous discussion about the different ways to
introduce the color shift, here we describe in more detail the
chosen option. Particularly, here we describe the change of
tristimulus values of a surface of known spectral reflectance
when we change the spectral illumination, and then we explicitly
illustrate how uniform changes in hue and saturation over
the chromatic diagram are not perceived uniformly. This
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anisotropic tolerance to color shifts,* known as the MacAdam
ellipses (Wyszecki and Stiles, 2000; MacAdam, 1942), is the human
behaviour that we want to compare with the invariance region of
the models.

Given an object of spectral reflectance, p, € [0, 1], illuminated
by an illuminant with spectral radiance s, in W/m?’str, its
tristimulus values in certain color representation, T; withi = 1,2, 3,
are given by Wyszecki and Stiles (2000):

770 B
T, = ko / P52 T:0) di W
380

where T;(1) are the color matching functions, or the sensitivity of
the color sensors in that representation, and k,, = 683Im/W,
is the luminous efficacy constant. This implies that the chromatic
coordinates, t; = Tj/ Y_; Tj, also change with the illuminant.

Figure 2 shows the variation of the color appearance of a flat
reflectance, p; = 1 VA, when it is illuminated by a set of sources
with spectral radiances, s;, taken so that the color of the sample
has the desired tristimulus vectors, T*, with chromatic coordinates
represented in the 1931 CIE xy diagram at the left and a constant
luminance of 35 cd/m?. The spectral sources were computed via:

s} = argmin |T" — T(s;~)|2 (2)
B

where T (s;,) was computed as in Equation 1. Metamerism means
that Equation 2 is ill-posed (Wyszecki and Stiles, 2000). The
algorithm we use® breaks the multiplicity of solutions by looking
for the illuminant that minimizes the error in tristimulus values
using an exhaustive search in a structured dataset of 20,000 spectral
radiances/reflectances. The structure of this dataset (the way the
spectral shapes are ordered) is based on the Munsell book of color.
This guarantees that the considered spectra represent a perceptually
uniform sampling of the color space. In this example the considered
illuminants are organized as a function of hue and saturation, i.e.,
angle with respect to the x axis, and distance with respect to the
central white point respectively.

The uniform distribution of color variations in a polar
representation along the 1931 CIE xy diagram in Figure 2A
illustrates the fact that that human color discrimination is not
isotropic around the white, ie., it is non-uniform. Note that
when linearly increasing the saturation of the color along the
different hue directions (going down along each column of the
colored panel), the perception of colorfulness (Fairchild, 2013)
is not uniform. See that, qualitatively and just for illustrative
visualization, the circles in the colored panel define a boundary
between clearly chromatic patches (below the curve) and mainly
achromatic patches (above the curve). This human region of
tolerance or invariance around the white can be plotted in the
chromatic diagram (ellipse represented by the orange dots in
Figure 2B) by using the corresponding cartesian to polar transform.
As an example of this transformation, see for instance the position
of the solid circle located in the colored panel Figure 2A (fourth

4 Here color-shifts modelled as changes in the spectral reflectance or
spectral radiance.

5 The function tri2spec.m of Colorlab (Malo and Lugue, 2002).
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hue and fifth saturation index) and its corresponding location in
the chromatic diagram.

Figure 2 is just a compelling visual illustration of the anisotropy
of human tolerance to color shifts: the tolerance is maximal in the
yellow-blue direction and minimal in the red-green direction. Of
course, this visualization is not an accurate measurement of the
color discrimination ellipse (MacAdam, 1942; Jennings and Barbur,
2010; Alabau-Bosque et al., 2024). Interestingly, even though
this visualization has all the limitations of color reproduction in
displays (Hunt, 2005), the anisotropy of human tolerance to color
shifts is so robust that the characteristic two-minima-shape of
the achromatic-to-chromatic boundary is clearly visible. Note that
the orientation of this qualitatively drawn boundary-and-ellipse is
consistent with the classical experimental ellipses (MacAdam, 1942;
Wyszecki and Stiles, 2000) depicted in Figure 2C.

We will be back to this two-minima shape in the hue-saturation
plane and the associated ellipsoid when we present the results of the
tolerance regions of the segmentation networks in Section 3.

2.5 Spectral illumination changes in the
environments

Once the networks are trained in the considered environments,
the scenes are modified to introduce changes in spectral
illumination using the sources, s;, shown in Figure 2. To do so,
spectral reflectances have to be associated to each region of the
original scenes. This association is done by assuming that the
tristimulus vectors, T, in the original scenes (e.g., the chromaticities
in Figure 1 with their corresponding luminances) come from the
illumination of certain reflectances, p}, with an equienergetic
illuminant:

(3)

70
Tk / px Ti(0) i
380

P = argmin

P 2

Again, the solution of the ill-posed Equation 3 was obtained
through the function tri2spec.m of Colorlab (Malo and Luque,
2002) because the spectra in the Munsell database do a thorough
sampling of the color space. Once each pixel has an associated
reflectance, pj, its new color, T’, under the new illumination is
computed with Equation 1 using s}. Finally, the new 1931 CIEXYZ
colors are transformed into digital values assuming a standard
display calibration (Hunt, 2005; Malo and Luque, 2002). Figure 3
shows an example of the result of this procedure applied to
one image of each of the three different training environments
considered.

The saturation of the considered spectral sources was limited by
the fact that we did not want the manifold of modified colors to lie
outside the triangle of primary colors in a regular display.

These modified scenes can be used to test each of the image
segmentation networks which were trained on the three different
original scenes. The performance is expected to be similar for
illuminants with small spectral contrast: the segmentation results
for the scenes of the first row in Figure 3 will be similar to the
performance on the original scenes. However, it is expected to
change for illuminants of bigger saturation and different hues
(down along the different columns).
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color locations over the chromatic diagram.

Illustration of human color discrimination: tolerance to saturation for different hues. (A) Shows patches of flat spectral reflectance illuminated by
sources with spectral radiances selected to cover the 1931 CIE xy diagram as seen on a standard CRT display (Malo and Luque, 2002). Black dots in
the CIE xy chromatic diagram of (B) show the polar distribution of the chromaticity of the considered illuminants. The illuminants are organized as a
function of hue and saturation, i.e. angle with respect to the x axis, and distance with respect to the white point respectively. For each hue [each
column in the colored panel of (A)] the Euclidean distance in the chromatic diagram required to induce certain perceptual departure from the white
color of the same luminance is different. That is why the insensitivity region around the white [determined by the circles in (A)] is an ellipse with
certain orientation [orange dots in (B)]. The diagram in (C) displays the insensitivity regions for humans measured by MacAdam (1942) at a number of

2.6 Networks for image segmentation

In this work, we used U-Nets networks to perform image
semantic segmentation following the state-of-the-art for this visual
task (Ronneberger et al,, 2015). See Figure 4 for an illustration of
this architecture. In these networks, the input images (in digital
values) go through a set of layers with progressively lower spatial
resolution, i.e., the image dimensions decrease as the image passes
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through each block. Also, each block has a progressively higher
number of features, i.e., different attributes detected by the network,
such as different patterns, to capture more complex information
up to the network bottleneck. From this inner representation, the
signal is spatially expanded again up to the original resolution
ending with a layer (in white in the figure) with a number of
features equal to the number of distinct classes to be identified.
Part of the high-resolution information is passed from the early
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FFFFFFF
Scenes with modified illumination starting from a different original image: natural (top), underwater (center), and flat-reflectance, i.e., achromatic
(bottom).

Frontiersin Psychology 08 frontiersin .org

172



Hernandez-Camara et al.

layers to the late layers after the bottleneck through the so-called
skip connections. The final layer performs the classification of each
pixel to one of the possible classes in the dataset, i.e., assigned to the
class that achieves higher response in this final layer. Note that this
implies that this layer depends on the number of possible classes of
the considered dataset and therefore a model trained in one dataset
can not be applied to a different dataset with a different number
of classes.

Apart from the standard U-nets, we considered the
biologically inspired modification proposed in Herndndez-
Cdmara et al. (2023b). This modified architecture considers
Divisive Normalization (DN) layers in the encoding part of the
U-Net (layers depicted in green in Figure 4). This nonlinear
computation, y = N(x), is relevant because the response of each
unit, x;, is normalized by a pool of the responses of the neurons
tuned to neighbour features:

) |xi
yi = sign(xi) ———=——— (4)
bi+ 3 Hijlxj|

and this normalization has proven to be important to explain both
chromatic adaptation (Abrams et al., 2007; Hillis and Brainard,
2005; Fairchild, 2013) and contrast and texture adaptation (Watson
and Solomon, 1997; Martinez et al., 2019). This previous literature
on the benefits of Divisive Normalization for adaptation suggests
that U-Nets with Divisive Normalization may be more tolerant
to changes in illumination, and their insensitivity regions may be
more similar to those of humans.

3 Experiments and results

In this section, the considered networks are first trained
and evaluated for the image semantic segmentation task on the
different environments. Then, the models are tested in the scenes
under the new spectral illuminations covering a range of hue
and saturation values to see the shape of the tolerance region to
changes in illumination. We show that in the naturally illuminated
environment human-like tolerance regions emerge, but they do not
in the counter-example environments where the color statistics are
markedly different.

3.1 Model training and segmentation
performance

In both kinds of architectures (without and with Divisive
Normalization) the parameters of the nets are obtained via
supervised learning: the models are trained to minimize a measure
of the segmentation error over a set of images from the considered
original environments. In this case, the selected measure was the
Mean Absolute Error (MAE), which is maximised if, for each pixel,
the correct class is predicted with probability one and the other
classes have probability zero, and therefore lower MAE is better.
The final performance of the networks was measured using the
Intersection over Union (IoU) measure (Rahman and Wang, 2016)
over the validation data, a subset of the 20% of the training images
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that are not used in the training process. IoU takes into account the
predicted area and the real area for each class and how much they
intersect and therefore higher is better, with IoU € [0, 1] . We train
each network during 200 epochs (each complete pass of the whole
training data) using Adam as the optimizer (Kingma and Ba, 2014)
and a batch size of 16 images. We keep the model parameters that
achieve higher IoU on the validation data, which we compute after
each epoch.

We trained six artificial systems performing image semantic
segmentation: 2 architectures x 3 environments. This includes
two biologically interesting cases (both architectures trained on
the naturally illuminated images under daylight source), and four
counter-examples: the ones trained in environments with non-
natural illumination (underwater) or spectrally flat reflectances
(achromatic images).

Given that the encoding part of the considered networks has
certain resemblances with the retina-cortex pathway (Jacob et al.,
2021), and the aforementioned biological inspiration of the divisive
normalization layer (Abrams et al., 2007; Hillis and Brainard,
2005), our U-nets have the ability to use color information to solve
segmentation. However, as other features (e.g., edges, shape, and
textures) may also contribute to the solution of the problem there is
no guarantee that these nets develop human-like tolerance to color
shifts. The counter-example case that consists of achromatic images
particularly was chosen to ensure that the networks trained in this
condition do not use color information at all.

We tested the performance of the considered nets (U-Net
and U-Net+DN) in the three environments where they were
trained (numbers in bold-face in Table 1). Moreover, we did
two extra tests in order to check the relevance of color in the
segmentation problem. To do so we considered the databases that
originally consisted on scenes under natural daylight illumination
(CityScapes and Pets). In particular, we removed the color
information in CityScapes, and we recovered the original color
information in Pets (numbers in light-face in Table 1).

To test each model we perform 300 realizations where we
randomly select 20 test images from their corresponding test set
and compute the IoU performance. Table | summarizes the results.

First, as expected results show that using the model with DN
layers generally improves the segmentation results (compare first
and second row of numbers in bold). Second, when comparing
the color segmentation importance, the most important factor
seems to be consistency with training, i.e., the models trained
with color images get worse when removing color information,
and the models trained with achromatic images get worse when
facing color images (compare columns in bold and light in the non-
underwater environments). However, if we compare the reductions
in performance, we see higher reductions in the color-trained
models tested with achromatic images (21% average reduction
in IoU) than in the achromatic-trained models tested with color
images (12% average reduction in IoU). This highlights that color
is certainly beneficial for segmentation.

In order to check the significance of the differences between
the performances seen in Table 1, we carried out a Mann-Whitney
U-test (Mann and Whitney, 1947). In this non-parametric test the
null hypothesis is that the distribution of the set of samples of a
variable is the same as the distribution of the samples of another
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Illustrative U-Net architecture for image segmentation. The blocks in blue represent regular convolutional layers, and the blocks in green represent
bio-inspired Divisive Normalization layers. Numbers by the layers indicate the number of features and black arrows represent the skip unions.
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TABLE 1 Segmentation performance: test loU results (mean =+ standard deviation) of the models trained in the different environments when performing
300 evaluations over subsets of the test images.

Training env. Color Natural Illum. Underwater [llum. Achrom. images

Test env. Color Achrom. Color Achrom. Color
U-Net 0.77 £ 0.02 0.54 £ 0.03 0.66 = 0.05 0.77 +0.02 0.72 £ 0.04
U-Net + DN 0.78 £ 0.02 0.68 £ 0.02 0.70 £ 0.04 0.80 = 0.02 0.66 £ 0.04

variable. Therefore, rejection of the null hypothesis implies that the
compared variables are significantly different, i.e. one is larger than
the other (Howell, 2013; Corder and Foreman, 2009). Table 2 shows
the U-statistic over the number of samples (the effect size, or the
proportion of pairs that support that items from group 2 are larger
than items from group 1) and the corresponding p-values for all
the different comparisons. We compared the IoU performance of
the no-DN vs the DN models within each training environment
(Table 2 top). We also compared the performance in the chromatic
vs the achromatic version of the datasets (Table 2-bottom). In all
the cases the null hypothesis was rejected (all p-values < 0.001),
meaning that all the differences are significant. It is important
to note that comparisons can be made only within each training
environment because, as stated in the model definition, each dataset
has a different number of classes and intrinsic difficulty.

3.2 Tolerance to illuminant change in
segmentation networks

To test the tolerance to illuminant changes we evaluate the
segmentation performance of the different networks (trained with
the three different types of images and the two types of architecture)
with the color-shifted scenes. We do the evaluation 300 times with
subsets of the test images, following the same procedure we did to
obtain the results in Table 1. We compare the performance of the
models with images with spectral changes along the hue-saturation
plane with regard to their results on their training set from Table 1.
Then, we can define the tolerance/invariance region of a model as
the hue and saturation combinations where the results change less
than a certain threshold.

Figures 5, 6 show the variation of the segmentation
performance as a function of the change of saturation and hue

of the illuminant for the different architectures and the different
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environments considered. It also shows the corresponding
tolerance regions for 3%, 5%, and 10% changes in performance with
regard to the training situation. Finally, Figures 5, 6 also show the
corresponding regions in the 1931 CIE xy diagram.

The gray level in the first row (zero saturation) of the saturation-
hue planes represents the IoU performance of the segmentation
network in the original scenes. The values of Table | are taken as
reference in each case. Then, darker or lighter values for other
illuminants correspond to lower or higher performance in the
image segmentation task with regard to its reference. In particular,
the curves in purple, orange, and green, represent variations of the
performance of 3%, 5%, and 10%, respectively, with regard to their
reference. Therefore, these curves also represent tolerance regions
in the chromatic diagram where the performance departs from the
original reference less than a certain threshold.

The specific size of the tolerance regions of course depends on
the (arbitrarily) selected threshold for the departure with respect
to the reference value. However, the fact that, given a threshold,
the scale of the region is fundamentally different for the different
environments is certainly relevant. Moreover, the (non-circular)
shape and orientation of the regions indicate that the segmentation
function learnt in a certain environment may imply anisotropies
of the robustness of the (artificial) visual system under changes of
illumination.

Chromatic diagrams in Figures 5, 6 display the root mean
square error (RMSE) distance (in chromatic coordinates) between
the mean 3% tolerance regions over the 300 iterations in the
artificial systems and the corresponding color discrimination
MacAdam ellipse in humans. For this comparison, the tolerance
region in humans for that specific chromatic location was obtained
by interpolating the parameters of the three closer ellipses out of
the 25 regions measured in MacAdam (1942). In the corresponding
(human and artificial) regions we took 20 points at uniformly
distributed angles and we computed the average distance between
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TABLE 2 Significance of the differences in segmentation performance: Mann-Whitney U-test statistic and p-values for the different comparisons:

models (top), and achrom/color tests (bottom).

Achrom. images

Training env. Color natural illum. Underwater illum.
Test env. Color Achro Color Achro Color
MW-stat (no-DN vs. DN)
p-val (no-DN vs. DN)
Training env. Natural [lum.
Model U-Net U-Net+DN
MW-stat (Achrom. vs. Color) 1.0 0.9998 0.90 0.99
p-val (Achrom. vs. Color) 1.1-107% 1.3-107% 1.1-107% 29-107
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FIGURE 5
Tolerance of segmentation performance to illuminant change for different environments (regular U-Nets). The results of the natural, underwater, and
achromatic environments are represented in the top, middle, and bottom rows respectively. Gray level represents the segmentation performance
under different illuminations with regard to the reference performance obtained for the original scenes. Darker values represent lower performance.
The curves in purple, orange and green, represent variations of the performance of 3%, 5%, and 10%, respectively. These curves define tolerance
regions for performance in the chromatic diagram. The RMSE values represent the distance between the average of these tolerance regions in the
artificial system and the corresponding tolerance ellipse in humans
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FIGURE 6
Tolerance of segmentation performance to illuminant change for different environments (U-Nets with Divisive Normalization). Same results as in
Figure 5, but for the architecture with Divisive Normalization

the corresponding points at those angles, leading to the reported
RMSE value (in chromatic coordinates).

Results show an interesting alignment of the anisotropy of
artificial systems with human anisotropy but only for natural
scenes under daylight illumination. The counter-examples with
unusual color statistics lead to non-human tolerance regions
and anisotropies. In both counter-example environments, the
performance is more insensitive to the changes in illumination,
and this is particularly true for the architectures trained on images
with flat spectral reflectance (achromatic images). As a result, the
tolerance regions are substantially bigger for the same thresholds,
and the insensitivity is more isotropic.

There may be two causes for this effect. On the one hand,
the underwater scenes seem to have a wider color gamut with a
smaller peak in the probability of colors around the mean (see
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scatter plots in the diagrams of Figure 1 and the corresponding
ellipses representing the covariance matrices). This wider spread
of colors (wider than in scenes in daylight illumination) would
explain the bigger tolerance to color change of the systems
trained in this unusual environment. On the other hand, the
segmentation systems trained on images of flat spectral radiance
may be insensitive to color just because (by construction of the
training set) their ability for segmentation has to be based on non-
chromatic features. Therefore, substantial changes of color should
not affect much their performance, leading to big (and isotropic)
tolerance regions.

The effect of the considered architectures in the size and
orientation of the sensitivity regions is secondary: although the
absolute performance of the networks equipped with Divisive
Normalization is better (see Table 1 and slightly bigger areas of
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Distances to MacAdam ellipses: Histograms of the RMSE errors
comparing the human MacAdam ellipses and the tolerance region
of the models for 300 realizations with test subsets.

the insensitivity regions), this has low impact on the anisotropy
depending on saturation and hue. The differences in the shape of
the tolerance regions depend more strongly on the different image
statistics rather than on the considered architectures.
significance of the
mentioned above we display the distributions of errors with
the human discrimination ellipse and we perform non-parametric
Kolmogorov-Smirnov tests to check if these samples of errors come
from the same distribution or not. Figure 7 shows the histograms
of the RMSE between the tolerance region of the models and the
human MacAdam ellipse for the 300 realizations performed in the
evaluation.

The distances between the histograms of errors confirm that
the environment is the major factor in getting human-like ellipses,
and it is way more important than the explored variants of the
architecture. Of course, the 2-sample non-parametric Kolmogorov-
Smirnov tests also confirm that these big differences (basically
non-overlapping histograms for the different environments) are
significant, with p < 0.001, (see the test statistics and the p-vaues in
Table 3). The results of different architectures only introduce slight
shifts in the histograms, so this is clearly a secondary (less relevant
factor). In fact, the KS-tests reveal that differences in architecture
are not significant in the non-natural cases (underwater images
and achromatic images, in black and cyan, p > 0.001), but they
are for the natural images (in red, p < 0.001). The histograms
reveal that the significance of the difference between no-DN and
DN networks according to the KS-test for natural images does
not modify the fact that the environment is way more important
than the architecture to get human-like results. Interestingly, the
significance of the difference between the errors in the DN vs. no-
DN case for natural images means that in the ecologically sensible
situation, DN is important to increase alignment with humans, as
expected from the rationale suggested in Herndndez-Camara et al.
(2023b, 2024).

To confirm the statistical results
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4 Discussion and conclusions

4.1 Summary of results

Artificial networks trained for image segmentation develop
human-like tolerance to changes in illumination (around the
white) when they are trained on natural images under daylight
illumination. Similarly to humans, these networks are more
tolerant to variations in the yellow-blue direction rather than in
the red-green direction: see the similarity between two-minima the
curve in the colored saturation-hue panel of Figure 2 and the shape
of the performance surfaces in the top panels of Figures 5, 6. This
anisotropy occurs both for regular U-Net architectures, Figure 5-
top row, and with architectures augmented with the biologically-
inspired Divisive Normalization, Figure 6-top row.

However, alternative environments with markedly different
image statistics (e.g., underwater scenes and achromatic scenes)
lead to systems in which the tolerance to color changes is not
aligned with human color discrimination (substantially bigger
insensitivity with lower anisotropy), Figures5, 6-middle and
bottom rows.

4.2 Function, architecture, or just image
statistics?

The reported emergence of a human-like anisotropy in the
tolerance to color changes in artificial systems trained in a
natural environment with natural illumination means that image
segmentation (which is, at least partially, based on color) could be
the principle behind the development of the anisotropy observed in
humans for color discrimination.

However, not all the explanations can be attributed to the
specific segmentation function. First, lower-level functions that
involve local equalization of the color manifold, such as error
minimization and information maximization (Laparra et al., 2012;
Laparra and Malo, 2015; da Fonseca and Samengo, 2016, 2018),
also lead to this kind of asymmetry. See that the ellipses from the
local-PCA in Figure 1-left and middle (good for local equalization)
have qualitatively similar properties as the tolerance regions
that emerge in the segmentation networks. Second, more than
the function, it is the data distribution that may lead to the
observed asymmetry in the behaviour of the networks. In fact,
statistical analysis (Figure 7 and associated Kolmogorov-Smirnov
tests) shows that a natural color distribution is the major factor
in getting human-like ellipses. The following example connects a
strong physical constraint with a major asymmetry in the color data
that may explain differences in performance and discrimination.
If the spectrum of the sunlight at different times of the day can
be approximated by a black-body radiator (Malo and Jiménez,
20115 Jiménez and Malo, 2014) the manifold of natural colors
will be elongated along the Planckian locus in the 1931 CIE xy
diagram. This locus, for the white (Wyszecki and Stiles, 2000),
approximately has the orientation of the ellipse in Figure 1-left,
and the regions of Figures 5, 6 Top. This makes sense because
the natural dataset will have multiple examples of similar objects
with different illuminations along that (yellow-blue) direction. As
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TABLE 3 Significance of the differences of RMSE errors.

10.3389/fpsyg.2024.1415958

Natural illum. Underwater Achromatic
No DN DN No DN No DN
Natural illum. No DN - 0.79 0.9998 0.9992 1.0 1.0
DN - 1.0 1.0 1.0 1.0
Underwater No DN - 0.56 0.998 0.998
DN - 1.0 1.0
Achromatic No DN - 0.52

Natural illum.

No DN DN

Achromatic
No DN

Underwater
No DN DN

Natural Illum. No DN - 42-107% 1.3-107% 22-107% 1.9- 10711 1.1-107183
DN - 1.1-107% L1-107% 1.9-107 111 19107113

Underwater No DN - 0.01 821071 44-107'13
DN - 1.9-107 111 L1-10711%

Achromatic No DN - 89-107°
DN -

a result, in order to obtain good segmentation performance, the
networks (of whatever architecture) have to be more invariant
to changes of illumination in that direction. Third, the counter-
examples of markedly different color statistics imply that the same
functional goal leads to very different tolerance regions.

Finally, the architecture selected to perform the image
segmentation does not seem to have a big impact on the
alignment of the asymmetries of humans and networks (see
histograms in Figure 7). In fact, the
information maximization and error minimization reduce to local
PCA (Laparra et al, 2012), and hence they are independent
of the architecture. In Figure I we see that local PCA leads to
regions which are similar to the tolerance regions found in the
different image segmentation networks when trained in similar
environments, see Figures 5, 6. However, there is a small, but
statistically significant difference (histograms in red in Figure 7
with hypothesis-zero rejected by KS-test with p < 0.001) that
suggests that the Divisive Normalization is important to improve
the alignment with humans in color discrimination in the
ecologically significant case. This is consistent with the suggestions
done in Herndndez-Cémara et al. (2023b, 2024).

functions related to

4.3 Conclusions

Artificial networks for image segmentation trained in natural
environments with natural
tolerance to changes in illuminant, aligning with human color
discrimination. This is the first report on the emergence of the
alignment of image segmentation networks with human color
discrimination. However, in environments with markedly different
image statistics, the tolerance to color changes in these artificial
systems deviates from human color discrimination. This suggests

illumination exhibit human-like
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that the regularities of the environment are much more significant
in shaping the behaviour for color discrimination than the
architecture of the image segmentation network. This is in contrast
with other chromatic properties, e.g., color induction (Gomez-
Villa et al, 2020) or color CSFs (Li et al, 2022), where the
architecture strongly modifies the human-machine similarities.
In fact, in the discrimination case considered here, alternative
functional principles such as error minimization or information
maximization (Laparra et al, 2012; Laparra and Malo, 2015;
da Fonseca and Samengo, 2016, 2018) which only depend on the
data (e.g., local PCA), also lead to tolerance regions of human-like
orientation if applied in the proper environment. In conclusion,
the anisotropy in human color discrimination is also present
in segmentation neural networks. This is probably due to the
adaptation of (both natural and artificial) neural networks to the
color data distribution.
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There is an open debate on the role of artificial networks to understand the visual brain. Internal representa-
tions of images in artificial networks develop human-like properties. In particular, evaluating distortions using
differences between internal features is correlated to human perception of distortion. However, the origins of
this correlation are not well understood.

Here, we dissect the different factors involved in the emergence of human-like behavior: function,
architecture, and environment. To do so, we evaluate the aforementioned human-network correlation at different
depths of 46 pre-trained model configurations that include no psycho-visual information. The results show that
most of the models correlate better with human opinion than SSIM (a de-facto standard in subjective image
quality). Moreover, some models are better than state-of-the-art networks specifically tuned for the application
(LPIPS, DISTS). Regarding the function, supervised classification leads to nets that correlate better with humans
than the explored models for self- and non-supervised tasks. However, we found that better performance in the
task does not imply more human behavior. Regarding the architecture, simpler models correlate better with
humans than very deep nets and generally, the highest correlation is not achieved in the last layer. Finally,
regarding the environment, training with large natural datasets leads to bigger correlations than training in
smaller databases with restricted content, as expected. We also found that the best classification models are
not the best for predicting human distances.

In the general debate about understanding human vision, our empirical findings imply that explanations
have not to be focused on a single abstraction level, but all function, architecture, and environment are relevant.

Keywords:

Image quality

Neural networks
Visual neuroscience
Functional principle
Learning environment
Architecture

1. Introduction current best option to understand biological vision (Cadena et al,,

2019; Kriegeskorte, 2015; Yamins, Hong, Cadieu, Solomon, Seibert, &

The internal representation of artificial networks that solve vi-
sion tasks is somehow correlated to the image representation in the
visual brain (Hong, Yamins, Majaj, & DiCarlo, 2016; Kheradpisheh,
Ghodrati, Ganjtabesh, & Masquelier, 2016; Yamins & DiCarlo, 2016),
and deep models are the state-of-the-art in predicting human opinion
of visual distortion (Ding, Ma, Wang, & Simoncelli, 2020; Hepburn,
Laparra, Malo, McConville, & Santos-Rodriguez, 2020; Zhang, Isola,
Efros, Shechtman, & Wang, 2018). However, the similarity between the
image distances computed from networks and subjective image quality
is not well understood. In fact, the emergence of this human behavior
in artificial networks has been qualified as unreasonable (Zhang et al.,
2018).

More generally, there is an open debate about the role of arti-
ficial networks as a model of the visual brain (Bowers, Malhotra,
et al., 2022): while part of the community considers deep-nets as the

* Corresponding author.

DiCarlo, 2014), there is a growing body of evidences pointing out their
limitations (Bertalmio, Gomez-Villa, Martin, Vazquez-Corral, Kane, &
Malo, 2020; Geirhos, Bethge, & Wichmann, 2020; Geirhos et al., 2019;
Gomez-Villa, Martin, Vazquez-Corral, Bertalmio, & Malo, 2020; Li,
Gomez-Villa, Bertalmio, & Malo, 2022) and stressing the need of proper
comparison of artificial and natural visual networks (Akbarinia, Mor-
genstern, & Gegenfurtner, 2023; Funke et al., 2021; Geirhos, Med-
ing, & Wichmann, 2020; Martinez-Garcia, Bertalmio, & Malo, 2019;
Wichmann et al., 2017).

Understanding metrics of perceptual image quality with deep-nets
is a perfect case study in this broader context. On the one hand,
subjective distance is related to visual neuroscience for obvious reasons:
even if nets are naively thought of as pure regressors tuned to solve
a specific problem (as in Shakhnarovich, Batra, Kulis, & Weinberger,
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Table 1

Our method: we isolated each potentially independent cause to explain similarity
with human judgment. Within the big conceptual categories, function, architecture,
environment, each column shows the different factors that we varied in our study and
each row shows the different options explored.

Function Architecture Environment
task Connections Read-out training data
Supervnsed. AlexNet Euclidean No concat.  ImageNet-1K
Self-supervised
AlexNet
VGG-16
ResNet-50
Supervised Classif. ~DenseNet-121 Euclidean No concat.  ImageNet-1K
EfficientNet-BO
ConvNeXt
ViT
Euclidean
Mean No concat.
Supervised Classif. ~AlexNet . ImageNet-1K
Means-Sigmas
Concat.
Gram
ImageNet-1K
Supervised Classif. ~AlexNet Euclidean No concat.  Places-365
Cifar-10

2011), somehow they model the early stages of human vision. On
the other hand, following Barlow’s intuitions (Barlow, 1959, 2001),
recent works stress the link between (artificial) statistical learning and
(human) measures of subjective image distance (Hepburn, Laparra,
Santos-Rodriguez, Ballé, & Malo, 2022; Kumar, Houlsby, Kalchbrenner,
& Cubuk, 2022).

In this regard, approaches focused on image statistics (Hepburn
et al.,, 2022) are consistent with the classical conceptual separation
between function and architecture proposed by Marr and Poggio (1976).
However, given the recent advances in deep nets for vision, this con-
ceptual separation has been questioned by Poggio himself because, in
general, the interactions between function (task), data (environment),
and architecture are not obvious (Malo & Hernandez-Camara, 2024;
Poggio, 2021).

In this work, we analyze the problem of metrics for subjective
image quality (or perceptual metrics) in deep-nets by isolating function,
environment and architecture. Specifically, we study the correlation
between human opinion of distortion and image distances computed
in the feature space of networks pre-trained for different vision tasks
(though not explicitly trained to reproduce visual psychophysics). We
do this by analyzing the key factors in turn: we consider the function
through different supervised, self-supervised, and no-supervised goals,
we consider the environment by using training data with different statis-
tics, we consider the architecture in two ways: by using both shallow and
deep networks and by checking the correlation at different layers of the
models, and finally, we consider different read-out strategies, as plain
Euclidean difference in the feature space, non-Euclidean (fine-tuned)
differences, or the use of statistical summaries of the responses.

The detailed empirical analysis done here includes the following
novel aspects with some connections to previous work. In particular,
(a) We consider 29 different tasks (not only classification) because the
consideration of multiple possible functions is central in the debate
about the underlying principles of neural organization. (b) We analyze
both shallow and very deep architectures for perceptual distances
because, for other visual behaviors (Akbarinia et al., 2023; Bertalmio
et al., 2020; Gomez-Villa, Martin, et al., 2020; Li et al., 2022), simpler
architectures have been consistently identified as more human than
deeper architectures. (¢) We report correlations using multiple con-
catenated features for different depths. It gives an upper bound on the
information that can be extracted. However, here we also report the
correlation at each layer. This (per layer) analysis is more consistent
with what happens in psychophysical models of early vision in which
the signal is progressively refined (or information is progressively

Neural Networks 185 (2025) 107189

discarded). To the best of our knowledge, this is the first work that
analyzes how well all the features extracted (layer by layer) correlate
with human perception. The progressive consideration of additional
distinct psychophysical facts in the different layers leads to progressive
improvements in the correlation with humans as reported in Gomez-
Villa, Bertalmio, and Malo (2020), Malo (2020), Malo and Simoncelli
(2015), Martinez, Cyriac, Batard, Bertalmio, and Malo (2018). (d) On
top of the Euclidean metric, we also consider non-Euclidean metrics
(fine-tuned weights for the different features in a similar way to studies
on contrast sensitivity (Akbarinia et al., 2023)). (e) Besides we study
the effect of different statistical summaries for the read-out. (f) We
consider datasets with different amounts and sizes of images, and where
the statistics of the environment are different. (g) We compute the
correlation with two different image quality assessment databases that
provide mean opinion scores (TID-2013 (Ponomarenko et al., 2015) and
KADID-10K (Lin, Hosu, & Saupe, 2019)). And finally, (h) we avoid our
own bias in the training process by using only publicly-available models
pre-trained by other groups.

The rest of the article is organized as follows: first in Section 2 we
describe our methodology, the tested models and how we evaluate the
models. Then, in Section 3 we show the different results we obtained
when dissecting the correlation with human perception. Next, in the
discussion (Section 4) we describe the non-trivial relation between
accuracy in the function and correlation with perception. Moreover,
we analyze the effect of language in the training and discuss the use
of perceptual data to fine-tune the best model found in our previous
(perceptually-agnostic) analysis. Finally, we also analyze in detail how
the different distortion types and images affect the network correla-
tion with human perception. Finally in Section 5 we summarize the
conclusions of our work.

2. Methods

Our objective is to dissect the different factors that could affect
the emergence of human-like behavior, such as the architecture, the
function, the environment or the read-out of the model. Table 1 summa-
rizes the methodology we followed to perform this analysis. Each row
describes one experiment, and each column lists the factors analyzed.
We successively isolated the key factors, fixing all but one.

We show the same results in each experiment: the correlation
between human evaluations (perception) and inter-image distances
computed using the features of neural network models at different
depths (see, for example, Fig. 1). In the following, we describe the
different neural network models analyzed, the human rate databases
used for evaluation, and how distances are computed from the neural
networks.

2.1. Models

We restrict ourselves to already trained models by third-parties
and we use the models with default parameters. We do so under the
reasonable assumption that the authors did their best to optimize the
performance of their models, and thus the pre-trained networks likely
represent the best achievable performance in the tasks for their respec-
tive architectures. Note that meaningful comparisons can only be made
between models trained with the most appropriate hyperparameters for
each architecture, ensuring convergence to the optimal performance. In
this way, here we do not address the effects of controlled modifications
in the architectures and training procedures. These are out of the scope
of this work. This limitation, to be addressed in future work, does not
preclude the interest of the analysis of well-established, pre-trained
models since they are widely used in both scientific research and
practical applications in their current form. Following this to avoid our
own bias in trainig the networks, we used a range of pre-trained models
tuned on ImageNet (Deng et al., 2009), Places-365 (Zhou, Lapedriza,
Xiao, Torralba, & Oliva, 2014) and Cifar-10 (Krizhevsky, Hinton, et al.,
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Fig. 1. Function and task 1: AlexNet. Plots display the Spearman correlation with human opinion at different layers of AlexNet trained for different tasks. We consider the
similarity with humans in the TID-2013 database (left) and in the val-KADID-10K database (right). Background colors represent the different AlexNet blocks. The performance of
some standard image quality measures in each database is shown as black lines for convenient reference.

2009) databases, in supervised, self- and no-supervised ways.

More particularly, for the supervised models, we used AlexNet
(Krizhevsky, Sutskever, & Hinton, 2012), VGG-16 (Simonyan & Zis-
serman, 2015), DenseNet-121 (Huang, Liu, Van Der Maaten, & Wein-
berger, 2017), ResNet-50 (He, Zhang, Ren, & Sun, 2016), EfficientNet-
BO (Tan & Le, 2019), ConvNeXt-tiny (Liu et al., 2022) and Vision
Transformer base-patch16-224 (Dosovitskiy et al., 2021). We down-
loaded all of them with ImageNet-1K pre-trained weights from TorchVi-
sion (TorchVision maintainers and contributors, 2016). For other train-
ing datasets we downloaded them trained in Places-365 (Zhou et al.,
2014) from MIT CSAIL Computer Vision (Zhou, Lapedriza, Khosla,
Oliva, & Torralba, 2017) and trained in Cifar-10 (Krizhevsky et al.,
2009) from Raschka (2023).

For the self-supervised models, we use the architecture that obtains
higher correlations (see Section 3.2) and download it from Facebook re-
search VISSL, a library for state-of-the-art self-supervised models, Goyal
et al. (2021) with ImageNet pre-trained weights. We tested different
self-supervised tasks such as RotNet (Komodakis & Gidaris, 2018),
Jigsaw (Noroozi & Favaro, 2016), Colorization (Zhang, Isola, & Efros,
2016) and DeepCluster (Caron, Bojanowski, Joulin, & Douze, 2018).

As an extension, we also analyze the ResNet models trained in
the Taskonomy database (Zamir et al., 2018) for 24 different tasks.
Appendix A shows a resume table with information of all the analyzed
models and their accuracy in classification in different databases.

2.2. Distance measurement in deep features

There are several ways to measure the distance between two images.
For example, let x, € RZ-W-O) and y, € R#-W-©) denote an image and
its distorted version, and % € RHE'W'C) and 3 e RH'W'C) their
corresponding feature maps at the /th layer of a network. Then, their
euclidean distance at the /th layer is just:

2 @

A= | Y @
H! .w!.c!

However, it is also possible to statistically summarize the layer
output before computing the distance in a similar way to what some
classical and state-of-the-art image quality assessment models do (Ding
et al., 2020; Wang, Bovik, Sheikh, & Simoncelli, 2004). They compute
the mean and standard deviation of different layers features when two
images pass through networks to calculate the distance between them.
This use of the statistics of images has been suggested as a signature in
the visual cortex (A functional and perceptual signature of the second visual
area in primates, 2013) and as an image texture descriptor (Portilla &
Simoncelli, 2000). Besides style transfer techniques are based on these
descriptors (Gatys, Ecker, & Bethge, 2016). The usual procedure in style
transfer is computing the mean of different layer features and imposing
them when a different image is passed through the network.

Here we used three different ways of summarizing the layer output.
First, we can use the mean of each feature:

dy (xoy0) = [ D( = Ly @
cl!

where ﬁi € R and ﬁly € R are the spatial averages of the outputs of
the /th layer for the image x, and its distorted version y, respectively.
In this case, we compute the spatial averages to calculate the distance
with them. Second, we can use not only the spatial averages but also
the spatial standard deviations. In this case, we concatenate the spatial
averages and standard deviation before computing the distance:

d, ,(x0.0) = /Z(ﬁ; - @)+ @ - 6l2 ©)]
C!

where ! € RC, ﬁ; e R® and 6l e RS, &; e RC are the spatial
averages and standard deviations of the outputs of the /th layer for
the image x, and its distorted version y, respectively. Finally, we can
summarize the outputs through their Gram matrix:

oy = | UG~ G2 @
C'

where G € RC'C) and Gl e R are the Gram matrices of the
outputs at the /th layer for the image x, and its distorted version y,.

Inspired by some of the state-of-the-art image quality models (LPIPS
(Zhang et al., 2018)), one can also concatenate the outputs of different
layers in order to introduce more information to calculate the distance.
Besides that, it is also possible to weight (fine-tune) the output features
of a model (concatenating or not) so that the correlation with a specific
database is maximized.

2.3. Evaluation in perceptual databases

To test the models described previously we used two image quality
databases: TID-2013 (Ponomarenko et al., 2015) and KADID-10K (Lin
et al., 2019). Both consist of pairs of images and distorted versions
of the same image with a mean opinion score (MOS) for each image-
distorted image pair, which represents the distance between them as
estimated by humans. More particularly, we used the whole TID-2013
(3000 image pairs) and 30% of KADID-10K, which we call val-KADID-
10K (3038 image pairs), for testing the different models.

As a baseline, we used some image quality models. Some of them
classical ones but highly used by the community such as SSIM (Wang
et al.,, 2004), others based on neural networks which are currently
state-of-the-art in image quality such us LPIPS (Zhang et al., 2018)
and DISTS (Ding et al., 2020) and some that include some bio-inspired
architecture such as PerceptNet (Hepburn et al., 2020). DISTS was
trained to maximize the correlation using the KADID-10K database
and PerceptNet was trained to maximize the correlation in TID-2008
(similar to TID-2013). Therefore they obtain high correlations at their
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respective databases since they are overfitted to them. We used the
implementation from PyTorch Image Quality (Kastryulin, Zakirov, &
Prokopenko, 2019; Kastryulin, Zakirov, Prokopenko, & Dylov, 2022)
with the default parameters.

Our procedure is to take both the reference image and its distorted
version and pass both through each model. We extract the features of
all the model layers and calculate the distance between the two images
using one of the distance definitions we described in the previous
section. Then we just calculate the Spearman correlation between that
distance with the experimental MOS. With this procedure, we can
obtain a correlation with human behavior for every layer of the models.

We also tested weighting the features extracted by the models (fine-
tuning), following a similar strategy to LPIPS. We used TID-2008 (1700
image pairs) and the remaining 70% of KADID-10K (train-KADID-10K)
(7087 image pairs) to weight each output feature in order to maximize
the correlation with the MOS in these training databases.

Summing up, to obtain the results we pass each image-distorted
image pair through the different models and record the features at
different layers. Then, we calculate the distance between them at the
different layers using one of the distance definitions from above (d’ 'd,[, -
d -a’g ; concatenating or not the outputs of different layers; weighting

no
or not the outputs).

3. Experiments and results

The goal is to analyze how each isolated factor (function, architec-
ture and environment) affects the perceptual behavior of the neural
network models. Analyzing all the possible combinations would be
unfeasible, on the one hand, because of the amount of models would be
around one thousand. On the other hand, we are restricting ourselves
to already trained models, and not all the combinations are available.

Therefore we followed the methodology stated in Table 1. In each
experiment, we fix all the factors but one, using as baseline the best
perceptual performance model, AlexNet trained on ImageNet-1K for
classification, using Euclidean distance without concatenation. We rep-
resent this model with the same characteristics in all the plots (thicker
solid dark blue line). We also use a colored background for the fig-
ures that highlight the different AlexNet (best perceptual performance
model) blocks.

3.1. Function

First, we check how training a simple network for supervised vs.
self-supervised goals modifies the correlation with human perception.
Following previous reports on the human-like nature of different archi-
tectures, and also confirmed by our own empirical exploration shown
below (in Section 3.2), simpler nets tend to be more human-like, both
in many visual aspects (Akbarinia et al., 2023; Bertalmio et al., 2020;
Gomez-Villa, Martin, et al., 2020; Li et al., 2022) and also in perceptual
distances (Kumar et al., 2022; Zhang et al., 2018). Therefore, here
we select AlexNet as the default simple architecture. From VISSL, a
library for state-of-the-art self-supervised learning from images, we
select all the models that use AlexNet architecture to analyze them.
As training data, we chose ImageNet-1K, the way we perform the read-
out to calculate the distance is plain Euclidean, d'(xy, y,), so we did not
weigh the features. In short, we calculate the Euclidean distance using
the features of each layer for AlexNet trained for the different goals
using the same data. Fig. 1 shows how AlexNet trained with different
objectives correlates with human perception (MOS) at different layers
for TID-2013 and val-KADID-10K.

While all training objectives have good perceptual properties, some
have better properties than others. Most of the models achieve a higher
correlation than SSIM. We obtain that, between the explored goals and
with these perceptual databases, the supervised and the RotNet (self-
supervised rotation invariance) models obtain the highest correlations.
Between the other self-supervised tasks, Jigsaw obtains correlations at
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the level of the supervised model only in its first layers but, as depth
increases, the correlation goes down. The colorization goal shows a
small linear increase in correlation with layer depth but it always has
a lower correlation than the supervised one. Finally, the DeepCluster
model remains always almost at the same correlation level as in the
RGB (input) domain, which is just the correlation with the RMSE.

3.1.1. Taskonomy

As stated in Section 2.1, in order to cover a wider range of tasks,
we consider the models in Taskonomy (Zamir et al., 2018). We cannot
compare them directly with the results from Fig. 1 because in this
scenario the architecture is a modified ResNet-50 that has been trained
with images from buildings so that the architecture and the training
data are not the same. Each one of the 24 taskonomy goals has its
own labels for the same images and has been trained using the needed
decoder/classifier after the same ResNet-50 feature extractor.

Fig. 2 shows how the ResNet architecture trained with the same
images but different goals correlates with human perception. Note that
tasks are colored according to the different task clusters the Taskon-
omy (Zamir et al., 2018) authors discovered. In particular, they found
five clusters named 3D, 2D, low dimensional geometric, semantic and
denoising. Following them, we select the colors for each task according
to this division: purple for semantic tasks, red for low dimensional
geometric, blue for 2D, green for 3D and black for denoising tasks.

Although the training data and architecture are different from the
previous results from Fig. 1, here we also found that semantic goals
(such as semantic segmentation or scene classification) are the ones
that obtain the highest correlation together with some of the 2D tasks.
Specifically, they obtain higher correlations with human perception
than the majority of the 3D and low-dimensional geometric training
tasks. Also, the same trend we found in Fig. 1 can be seen here,
i.e. jigsaw obtains high correlations in its first stages but then the
correlation goes down with layer depth and in general classification
stays at the top.

The results in our two experiments involving tasks suggest that
supervised/semantic (e.g. classification or segmentation) goals lead to
models with human-like perceptual properties in intermediate-last lay-
ers. This result is in concordance with other perceptual analyses such as
the emergence of human-like color categories or the contrast sensitivity
function, found in semantic visual tasks while 2D or low-level tasks fail
to reproduce human-like color categories (Akbarinia, 2025; Akbarinia
et al., 2023). However, it is important to highlight that it does not imply
that the human brain relies solely on supervised goals but that the
semantic ones have better perceptual correlations within the analyzed
architectures, datasets and objectives. In the discussion section, we
hypothesize of why we, among other works, are finding that semantic
supervised models appear to have better perceptual properties.

Classical literature on image quality suggests that the human Con-
trast Sensitivity Function (CSF) is a major factor in predicting subjective
distances (Malo, Pons, & Artigas, 1997; Watson, 1993; Watson & Malo,
2002). Moreover, classical functional explanations of the CSF have
been attached to signal denoising and deblurring in autoencoder-like
settings (Atick, Li, & Redlich, 1992; Atick & Redlich, 1992). Therefore,
the poor correlation of denoising autoencoders in the Taskonomy exper-
iment (Fig. 2) seems to contradict those classical results. However, note
that more recent studies with deep nets have stressed the relevance of
shallow architectures in the emergence of the CSFs in autoencoders (Li
et al., 2022), and CSF-like bandwidths also emerge in higher abstraction
tasks such as classification (Akbarinia et al., 2023). This apparent
contradiction in Fig. 2 for denoising autoencoders may be just an
interaction between task and architecture, due to the relatively deep
nature of ResNet50, or to the fact that the CSF is important, but not
the only factor behind subjective image quality (Laparra, Mufioz Mari,
& Malo, 2010; Malo et al., 1997).
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Fig. 2. Function and task 2: Taskonomy (ResNet50). Plots display the Spearman correlation with human opinion at different layers of ResNet trained for different tasks from
Taskonomy. We consider the similarity with humans in the TID-2013 database (left) and in the val-KADID-10K database (right). Background colors represent the different ResNet
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Fig. 3. Architecture 1: connections. Plots display the Spearman correlation with human opinion at different depths of networks with different connections trained for the same
computer vision task. Note that each model has a different number of layers so that to plot altogether, the abscissa represents the percentage of the network (0% being the retina
and 100% being the deepest layer). We consider the similarity with humans in the TID-2013 database (left) and in the val-KADID-10K database (right). Background colors represent
the different areas of AlexNet. As in the previous figure, the performance of some standard image quality measures in these databases is shown in black for convenient reference.

3.2. Architecture 1: connections

Secondly, we tested how different architectures (AlexNet, VGG-16,
ResNet-50, DenseNet-121, EfficientNet-BO, ConvNext and ViT) corre-
late with human perception. We fixed the goal of the models (ImageNet
supervised classification task), the training data (ImageNet-1K), the
way we perform the read-out to calculate the distance (euclidean:
d'(xy,,)) and we did not weight the output features, so we just calcu-
late the euclidean distance using the features of each layer of the net-
works. Fig. 3 shows how different architectures correlate with human
perception (MOS) at different depths (different layers) for TID-2013
and val-KADID-10K.

There are several results to notice from this figure. First, most of the
models perform better than classical statistical image quality models
(SSIM). Also, in the TID-2013 database simpler models (AlexNet and
VGG-16) perform better than modern image quality algorithms based
on neural networks (DISTS and LPIPS) and only some biologically
inspired image quality algorithm (PerceptNet) trained specifically for a
very similar database performs better than the majority of the models.
In the KADID-10K database, AlexNet and VGG-16 also perform bet-
ter than modern image quality algorithms based on neural networks
(LPIPS) and on pair to other state-of-the-art models stunned specifically
on this database (DISTS). Second, simpler models achieve higher cor-
relations. Specifically, AlexNet and VGG-16, get a bigger correlation
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Fig. 4. Architecture 2: feature descriptors and readout strategies. Plots display the Spearman correlation with human opinion at different depths of AlexNet with different
readout strategies trained for the same computer vision task. The different options to read-out the distance include are: the (plain) Euclidean distance between the original and the
distorted features, using a statistical descriptor of the features and computing the difference between descriptors and/or concatenating the outputs of different layers. We consider
the similarity with humans in the TID-2013 database (left) and in the val-KADID-10K database (right). Background colors represent the different areas of AlexNet. The performance
of some standard image quality measures in these databases is shown in black for convenient reference.

with human perception than modern models with higher ImageNet
accuracies (see Fig. 7). Although it is a completely different task and
therefore is not comparable, other words found that simpler networks
work better such as in style transfer where the authors from (Wang, Li,
& Vasconcelos, 2021) found that using more complex models with skip
connections got worse results than simpler models such as VGG. Third,
in the simplest models (AlexNet and VGG-16), there is a relationship
between the depth of the layer used to measure image distances and
the correlation with perception, with higher correlations obtained in
deeper layers. However, both models show a decrease in correlation
for the last two layers. More complicated models (ResNet-50, DenseNet,
EfficientNet and specially ConvNext and ViT) have much more complex
correlation diagrams with depth, not showing a clear relation between
deepness and correlation, except for the ViT which shows a high
correlation in the started layers and the correlation goes down with
the layer depth.

This result suggests that image quality algorithms based on deep
learning models should use classical networks without skip connections
even if they do not achieve high accuracies in ImageNet classification.

3.3. Architecture 2: feature descriptors and readout

Next, we tested how the way the read-out is defined affects the
correlation. To do so, we use the supervised AlexNet model trained
in a supervised way with ImageNet-1K and we calculate the correla-
tion with human perception using the different distance definitions,
described in Section 2, using the features of each layer of the model. We
tested not only the different distance definitions (summarizing the layer
outputs with statistics or not) but also checked what happens when we
concatenate the outputs of the three max pooling layers. Fig. 4 shows
how different distance measurements correlate with human perception
(MOS) at different layers for TID-2013 and val-KADID-10K.

The best correlation is obtained when the whole output is used to
calculate the distances, without the use of any statistical descriptor.
When statistical descriptors are used, using the spatial Gram Matrix
performs worst. Using the spatial mean together with the spatial stan-
dard deviation leads to a higher correlation than using only the spatial
means because it implies using more information to calculate the
distances. With regard to concatenating different layer outputs (such
as in LPIPS (Zhang et al., 2018) and DISTS (Ding et al., 2020)), it does
not have a big effect. However, by doing it we can obtain an upper limit
of the correlation and it improves the results of the last layer, when if
one does not concatenate the previous layer features, the correlation
goes down.

This result suggests that image quality algorithms based on deep
learning models should use the full output of the layers without using

any statistical descriptor. Also, using a concatenation of the outputs of
different layers seems to have no important benefits while increasing
the computational complexity.

3.4. Learning environment and data statistics

Finally, we check how human perception correlates with distances
from networks trained with different data. We fixed the architecture
that obtained a better correlation (AlexNet) and the training objective,
supervised. We also keep fixed the way we perform the read-out to
calculate the distance (euclidean, d'(x, y,)) and we did not weigh the
features. The only difference between them is the data used to train
the models, and we analyze how the correlation depends on training
on ImageNet-1k, Places-365, and Cifar-10. Fig. 5 shows how different
training data correlate with human perception (MOS) at different layers
for TID-2013 and val-KADID-10K.

The best result is obtained with ImageNet-1K, which is around 1
million natural images. Places-365 (10 million place locations images)
and Cifar-10 (50K small natural images) achieve less correlation.

It suggests that, as expected, image quality algorithms based on
deep learning models should use as many natural and big images as
possible.

4. Discussion

After the performed analysis new questions arise. On the one hand,
one wonders if using no perceptual data one could obtain a model that
performs well in a perceptual task. In our analysis, one of the most
correlated goals with perception has been supervised classification.
Also, it is the goal that is used to evaluate self-supervised methods.
Therefore, we select this goal as a proxy for perception. On the other
hand, one wonders if using a simple model as AlexNet trained for
classification as a feature extractor could be enough to get the best
model to measure distances between images in a perceptual fashion. We
fine-tune this model with perceptual data and compare it with state-of-
the-art measures. Moreover, it is interesting to see if new multimodal
objectives affect in any way the human visual alignment, for example
comparing between models trained for supervised classification or with
supervised contrastive vision-language goals, such as CLIP (Radford
et al., 2021).

4.1. Does multimodal vision-language training improve human visual align-
ment?

Currently, multimodal training objectives are becoming increasingly
important since the release of the CLIP model, trained for contrastive
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Fig. 5. Environment statistics: Plots display the Spearman correlation with human opinion at different depths of AlexNet with training data of eventually different statistics trained
for the same computer vision task. We consider databases of different sizes and image natures. We consider the similarity with humans in the TID-2013 database (left) and in
the val-KADID-10K database (right). Background colors represent the different areas of AlexNet. The performance of some standard image quality measures in these databases is

shown in black for convenient reference.
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Fig. 6. Multimodal language training (CLIP): Plots display the Spearman correlation with human opinion at different depths of ViT trained for two different goals: image
classification and contrastive multimodal image-language objectives (CLIP). We consider the similarity with humans in the TID-2013 database (left) and in the val-KADID-10K
database (right). Background colors represent the different areas of ViT. The performance of some standard image quality measures in these databases is shown in black for

convenient reference.

image-language objectives (Radford et al., 2021). It has been shown to
learn powerful image representations that are useful for zero-shot tasks
such as image classification, where it achieves almost state-of-the-art
results. However, how this multimodal training affects human visual
alignment is not analyzed.

Fig. 6 shows how human perception correlates with the distances
between the different layers of a Vision Transformer (ViT). This model
has been trained for both image classification and multimodal con-
trastive image-language tasks, i.e. CLIP. Results show that, for this
specific model architecture there are no major differences between both
training objectives. However, in the early layers, the model trained
for image classification gets a slightly higher correlation. Then, both
models show a decrease in correlation in their middle layers and
end with really similar correlations in the latest layers. However, the
correlation drop is higher in the model trained for supervised image
classification.

4.2. Purely functional arguments do not explain perceptual distances

As an illustrative summary of all the considered factors, Fig. 7 (left)
plots the Spearman correlation of the networks with human opinion
in terms of a common measure of performance. This plot includes all
the considered models trained for different functions, using different
architectures, and trained in different environments. The y-axis value for
each model corresponds to the correlation represented the last layer
of our previous plots. The x-axis, ImageNet validation classification
accuracy, is a uniform way to quantify the performance in the variety
of considered models. There are two main reasons to use this. First,
it is one of the most correlated functions with perception in our
analysis. Second, it is a widely used measure to evaluate different

self-supervised tasks in a common way (Caron et al., 2018; Goyal
et al., 2021; Komodakis & Gidaris, 2018; Noroozi & Favaro, 2016;
Zamir et al., 2018; Zhang et al., 2016). Therefore, the performance is
measured in direct and indirect ways. In the cases where the function is
classification, the interpretation of the x-axis is direct, i.e. it corresponds
with the model Top-1 accuracy in ImageNet in validation. For other
functions, the quantification of the performance is indirect: following
the self-supervised approach, we assess the success in other visual
tasks through its positive impact on classification. For instance, rotation
prediction is good if it helps to extract good features for classification.
Therefore, the reported performance for a non-classification goal is the
performance of a classifier optimized on top of the given representa-
tion. In this way, all the functions are evaluated in a uniform way.
Particularly, we take the accuracy values from the sources described
in Appendix A.

In light of Fig. 7 (left), there is a nontrivial relation between
the model performance and the correlation with humans: where very
low or very high performances bring a low correlation with human
perception, and the best point in correlation terms seems to be on
intermediate accuracy. Improvements in the performance (e.g. by using
deeper models) do not always lead to more human-like distances.
Therefore, optimization of certain function is not the only explanation
of the human non-Euclidean metric.

These results on the nontrivial (non-monotonic, inverted-U) inter-
action between the function of the nets with other design parameters
(mainly the architecture and readout strategies) confirm and expand the
results in Kumar et al. (2022) and Li et al. (2022) shown for reference
in Fig. 7 (center), and (right) respectively. These related works study
the emergence of human-like distances (Kumar et al., 2022) and the
emergence of human-like CSFs (Li et al., 2022). We considered 29
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opinion of distortion (both in TID-2013 and KADID-10K) depending on the validation ImageNet classification accuracy for all the different considered networks. The points of
the Pareto frontier have been highlighted in darker color. Center: result in Kumar et al. (2022) Pareto frontier showing an equivalent correlation between the validation ImageNet
classification accuracy and the human behavior (reproduced with permission of the authors), and Right: results in Li et al. (2022) similarity with human Contrast Sensitivity Function
(CSF) of autoencoders depending on the performance in several image reconstruction tasks (from data in the tables 1-4 of Li et al. (2022)).

different functions while (Kumar et al., 2022) is restricted to classifi-
cation, and Li et al. (2022) only considers 5 unsupervised functions.
Our results suggest a general trend: for many different functions, better
performance does not necessarily mean more similarity with humans.
This is consistent with the information-theoretic considerations made
in Sucholutsky and Griffiths (2023) on finding representations robust
to few-shot learning.

This result raises an important question: why is the highest cor-
relation with human perception observed at intermediate levels of
classification accuracy? One potential explanation is the overfitting of
networks to specific tasks and datasets. Supporting this hypothesis,
prior works (Kumar et al., 2022; Schrimpf et al., 2018) demonstrated
that classification models achieve higher correlations with human per-
ception during intermediate stages of training and become inversely
related with neural predictivity once their classification accuracy be-
comes to high. At this point, the network has likely learned gen-
eralizable and useful representations but has not yet become overly
specialized to the task or dataset. This suggests that intermediate
accuracy may reflect a balance between general feature learning and
task-specific optimization, which aligns more closely with the features
humans use for visual perception.

4.3. Alexnet features as the best perceptual representation?

After our dissection of the different factors involved in the emer-
gence of a human-like distance, we found that the best model is the
AlexNet architecture trained on ImageNet for classification, calculating
the distance between the responses with the Euclidean metric. It is
important to note that no perceptual data has been used so far for
anything other than evaluating the models. However, usually, the state-
of-the-art models in image quality do use perceptual data to adjust
the parameters. More specifically, some models are trained to directly
maximize the correlation with human perception in some perceptual
databases. Then, our next step is to use perceptual data to fine-tune the
best model we found in a similar way to what LPIPS or DISTS do. We
fine-tune the feature relevance of the outputs that we use to calculate
the distance by adding between 97 and 385 parameters (depending
on which layer we consider, one weight per output feature channel
plus a bias). This implies finding a non-Euclidean diagonal metric as
opposed to the identity matrix. We found that metric (weights, 0,
for each channel) by maximizing the correlation with some perceptual
databases:

max p MOS, 6, + Z Oci - %)
c!

We made two versions of the model, each one trained in one
database, TID-2008 or train-KADID-10K. We tested them in the same
way we did in all the previous experiments (Fig. 8).

The first conclusion is that fine-tuning with TID-2008 when evalu-
ating with TID-2013 results in an increase in the correlation probably
because the images are similar. It also occurs when fine-tuning with
train-KADID-10K and evaluating with val-KADID-10K. More interesting
results happened in cross fine-tuning: fine-tuning with train-KADID-
10K gives no substantial changes when evaluating with TID-2013.
However, fine-tuning with TID-2008 gives much worse results when
evaluating in val-KADID-10K. This is consistent with the fact that
KADID-10K shows more variability than TID-2013 and thus can be
taken as a more general database to be used. More interestingly, the
model that performs fine-tuning with train-KADID-10K obtains better
results than state-of-the-art perceptual metrics (LPIPS and DISTS) both
in TID-2013 and in val-KADID-10K, even though DISTS was trained to
maximize the correlation with this last database. Only a bio-inspired
perceptual metric (Hepburn et al., 2020), which was trained for a
similar database to TID-2013 can surpass by a small margin the AlexNet
model with fine-tuning with train-KADID-10K when evaluating in the
same TID-2013.

4.4. AlexNet perceptual analysis

In this section, we analyze in deeper detail the performance of
AlexNet (trained for classification in ImageNet) when used to measure
human-like distances.

First, we consider the effect of the distortion type. To do that, we
calculate how the correlation given by AlexNet changes depending on
the distortion type for all the TID-2013 images. Fig. 9 shows how
the correlation changes layer by layer for the 24 different TID-2013
distortions. Note that all the plots have the same y-scale for an easy
comparison. It shows that the majority of the distortions are extremely
well correlated by the network distances and for all the layers, i.e. their
correlation curves are almost flat and close to a correlation of one. Only
two of the distortions do not have a high correlation, i.e. the network
does not predict well the distances: the local block-wise and contrast
change distortions.

There are two reasons for this apparently great performance. On the
one hand, correlation on separated problems may be artificially high,
but the model is unable to explain all the situations at the same time
so the aggregated performance drops. On the other hand, the energy of
the distortions in the database comes in five different levels which are
clearly ranked from less-to-more visible for the observers. This implies
that when considering distortion-wise partitions of the data it is easy
to predict the human ranking of those distortion levels. This leads to
high Spearman correlations even in the input domain.

Next, we analyze the effect of the different images. To do that
we compute how the correlation given by AlexNet changes depending
on the original image for all the TID-2013 images. Fig. 10 shows
how the correlation changes layer by layer for the 25 different TID-
2013 original images. As in the previous figure the y-scale is shared
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between all the plots. Note that all the images get a low correlation
with human distances if the comparison is made in the image space,
i.e. just doing RMSE between images. Interestingly, just entering into
the network and pass through only one layer already helps to get a
high increase in correlation for almost all the images. And, in general,
correlations increase with layer depth. There are some interesting cases,
such as image number 2 that has almost perfect correlation for all the
layers and, in the opposite scenario, image 13 never has more than
0.8 correlation. If we focus on these two images, image number 2
corresponds with an image of a door that has large smooth regions and
image number 13 corresponds to a mountain and forest landscape with
a lot of textures and high contrast details. Therefore, human opinion
in smooth images with large flat areas seems easier to predict for the
network than in images with high frequency and high contrast details.
Appendix B gives visual illustrations of these facts.

5. Conclusions

In this work, we explore the eventual human-like behavior (or per-
ceptual properties) of deep learning models devoted to computer vision

tasks. In particular, we do it through the analysis of the correlation
between image distances computed using artificial network features
and human subjective distances. We compare the distances inferred
from multiple deep learning models along three main design factors,
such as function, architecture, and environment, exploring a total of 46
different design conditions (see Table 1). To this end, we use two large
image quality databases accepted by the image quality community (Lin
et al., 2019; Ponomarenko et al., 2015). We restrict ourselves to off-the-
shelf pre-trained models (see Methods) to discard bias on architecture
design or training procedures. We got the following conclusions:

» Function: While all the visual tasks (which could be sensible
organization principles for human vision) have good perceptual
properties (most have better correlation with humans than SSIM),
some have better properties than others. In particular, within the
analyzed objectives the best results are obtained by the models
trained for supervised goals.

« Architecture 1. Connections: Again, almost all the considered
architectures lead to better correlation than SSIM at some layer.
However, note that for architectures with different connectivity
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(blue dots in Fig. 7-left), there is a nontrivial relation between
function and architecture: for these points, the correlation be-
tween performance and human opinion is negative (for the fixed
functional goal of classification). Simpler models have better
perceptual behavior than complex models and are better than
state-of-the-art image quality metrics such as LPIPS and DISTS
using no perceptual data. Also, for these simpler models, there is
a direct relation between layer depth and correlation with human
vision except for the last layers.

Architecture II. Feature description and readout: Concatenat-
ing outputs of different layers (as in LPIPS (Zhang et al., 2018)
and DISTS (Ding et al., 2020)) or just taking the output of one
layer does not have a big effect on the correlation with humans.
The use of statistical descriptors such as the channel means and
standard deviations, or the Gram matrices (as proposed for tex-
ture invariance in style transfer (Gatys, Ecker, & Bethge, 2015))
degrades the correlation with humans.

Environment statistics: Training the models with enough big
natural images leads to better results than using smaller/fewer
images or using non-natural images with different statistics. The
use of a wider class of images (images of diverse nature as in
ImageNet as opposed to Places) improves a bit the correlation
with humans.

In particular, the best correlation with human opinion is obtained
by the fifth layer (not the last layer) of the original AlexNet model
trained for supervised classification, with a plain Euclidean metric,
no concatenation of layers (no sophisticated read-out from all layers),
and with no use of style-transfer-like statistical summaries intended
for spatial invariance. To us, this was a surprising result, given the
simplicity of that network.

Also, fine-tuning the feature relevance for a particular image quality
database with high variability in its images leads to an increase in
perceptual correlation. In fact, just maximizing the correlation with
AlexNet best model output, we obtain results above state-of-the-art
perceptual quality models such us LPIPS or DISTS. Moreover, we an-
alyze which images and distortions AlexNet get the best and worst
correlations. We found that AlexNet fails at predicting human-like
distances for the local block-wise and contrast changes. Regarding the
image type, we found that high-frequency and high-contrast textures
are a problem for the network. Both facts suggest that AlexNet does
not reproduce the contrast masking phenomenon.

10

Interestingly, the above results (on function and architecture) con-
firm some of the findings in papers related to (a) other properties of
human vision as for instance visual illusions (Bertalmio et al., 2020;
Gomez-Villa, Martin, et al., 2020) contrast sensitivity (Akbarinia et al.,
2023; Li et al,, 2022), and pattern masking (Martinez-Garcia et al.,
2019), and (b) in papers specifically related to perceptual distances
(Kumar et al., 2022; Zhang et al., 2018): as in the cited literature,
the function-architecture interaction is not trivial, which complicates
the interpretation of the goal function as an organizing principle.
Specifically, here we also find an inverted-U shape in the reproduction
of human behavior as a function of the performance in the task (see
Fig. 7). On the other hand, it is intriguing that almost all the considered
nets overperform the classic perceptual measure SSIM (Wang et al.,
2004) (a de-facto standard), so the connection between the explored
nets and human behavior is consistently true. However, in the explored
nets we also find differences with (Ding et al., 2020; Kumar et al., 2022)
in the impact produced by statistical summaries. Which, in principle,
are intended to introduce invariance to non-relevant distortions.

Lack of an increasing relation between performance in the task
and human behavior, and nontrivial interaction of factors implies
that (1) consistently with Poggio (Poggio, 2021) and others (Malo &
Hernandez-Camara, 2024), function and architecture are not as sepa-
rable as thought before, and (2) as opposed to an extended practice
in metric learning (Shakhnarovich et al., 2011), modeling biological
vision cannot be considered as a pure regression problem to be solved
with whatever regression tool regardless of the architecture of this
tool. Instead, as pointed out in Martinez-Garcia et al. (2019), Rust and
Movshon (2005) the use of biologically sensible architectures is key
for a proper explanation of the problem, and why these specific archi-
tectures actually emerged is still open to debate (Sterling & Laughlin,
2015).

Finally, our work opens new questions that can be carefully ana-
lyzed in future research. On the one hand, one of our key observations
is that simpler networks correlate better with human perception than
deeper networks. However, simplicity in network design can manifest
in multiple ways, such as reducing the number of layers, removing
skip connections, or decreasing the number of neurons per layer. We
found that networks without residual connections correlated better
with human perception, but these networks also tended to be shallower.
This raises an open question: which aspect of simplicity — removing
residual connections, reducing depth, or decreasing width — plays the
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most significant role in aligning artificial networks with human per-
ception? Previous research (Kumar et al., 2022) suggested that both
network depth and width can negatively impact human alignment,
but how these factors interact remains unclear. Future research that
retrains different deep networks should explore how these architectural
components interact and contribute to human alignment, providing
deeper insights into designing networks that better capture human-like
processing.

On the other hand, our findings raise an intriguing question about
the relationship between human perception and the training paradigms
of artificial neural networks. Specifically, our results, along with find-
ings from other studies (Akbarinia, 2025; Akbarinia, Morgenstern, &
Gegenfurtner, 2021; Akbarinia et al., 2023) observed that supervised
networks are more human-align than compared to networks trained
with self-supervised or unsupervised tasks. This seems to challenge
the current view of the computer vision community, which usually
adds a pre-train stage using self-supervised or unsupervised learning.
The stronger correlation observed between supervised classification
networks and human perception could arise because supervised tasks
take advantage of the same statistical regularities that drive human
visual learning. For example, accurately classifying objects requires
learning features such as shape, color, and texture, which are also
fundamental to human perception. In this sense, supervised training
on high-level tasks may result in internal representations that resemble
those learned through self-supervised or unsupervised processes in
humans. Additionally, current self-supervised and unsupervised models
may not fully capture the richness of human learning, which involves
complex, multimodal interactions with the world. In contrast, neural
networks are typically trained on static datasets, which may limit
their alignment with biological perception. Importantly, the observed
advantage of supervised networks may also reflect task and dataset de-
pendence. Future work could explore more on the task-dependence of
the human perception alignment to better understand the relationship
between different learning paradigms and human vision.
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Appendix A

Table A.2 includes a summary of all the tested models, the way they
have been trained, information about from where we downloaded them
and their Top-1 ImageNet accuracy (except for the models trained in
Cifar-10 and Places-365 in which we report their accuracy in their cor-
responding training database). To obtain the accuracy for the models
that have not been trained for ImageNet classification, a linear classifier
is added after the model and trained to classify the ImageNet database.

Appendix B

We show some visual illustrations of the analysis performed in
Section 4.4. To do that, we select the AlexNet layer that gets the
maximum TID-2013 correlation, the third convolution. Then, we pass
through the network all the image pairs for image 2 and image 13,
which we found are easy and difficult images.

Clearly, results from image 2 correlate much better than results
from image 13, as stated by their correlations and shown in Fig. B.11.
Interestingly, we can select some points that illustrate the failures and
successes of the model. On the one hand, failure is represented by
images with similar model distances but very different human distances
(MOS), i.e. two points where the network completely fails to see the dis-
tortions in a human-like way. Fig. B.12 shows an example from image
13. On the other hand, success is represented by pairs of images where
the model predicts their distances in a human-like way, i.e. similar
human distances (MOS) get similar model distances. Fig. B.13 shows
this behavior for two points from image 2.

Summary of tested models, their training goal, their source and their Top 1 ImageNet classification accuracy
(except for the models trained in Cifar-10 and Places-365 in which we report their accuracy in their

corresponding training database).

n Architecture Training goal Source Top 1 class. accuracy
1 AlexNet RotNet Facebook VISSL? ImageNet: 39.5%
2 AlexNet Jigsaw Facebook VISSL?* ImageNet: 34.8%
3 AlexNet Colorization Facebook VISSL? ImageNet: 30.4%
4 AlexNet DeepCluster Facebook VISSL?* ImageNet: 37.9%
5 AlexNet ImageNet class. TorchVision” ImageNet: 56.5%
6 VGG-16 ImageNet class. TorchVision” ImageNet: 71.3%
7 DenseNet-121 ImageNet class. TorchVision” ImageNet: 74.7%
8 ResNet-50 ImageNet class. TorchVision® ImageNet: 74.9%
9 EfficientNet-BO ImageNet class. TorchVision” ImageNet: 77.7%
10 ConvNeXt-Tiny ImageNet class. TorchVision® ImageNet: 81.3%
11 ViT-b16-224 ImageNet class. TorchVision” ImageNet: 83.8%
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Table A.2 (continued).
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Human distance (MOS)

Fig. B.11. AlexNet third convolution results: TID-2013 images 2 and 13. Plots display the human distances and AlexNet third convolution distances for all the image distortions

n Architecture Training goal Source Top 1 class. accuracy
12 ViT-b16-224 Multimodal CLIP HuggingFace’ ImageNet: 76.8%
13 AlexNet Places class. MIT CSAIL® Places-365: 53.2%
14 AlexNet Cifar-10 class. Raschka DL Models¢ Cifar-10: 73.5%
15 ResNet-50 Object class. Taskonomy* ImageNet: 19.0%
16 ResNet-50 Scene class. Taskonomy*® ImageNet: 20.0%
17 ResNet-50 Semantic segment. Taskonomy® ImageNet: 17.5%
18 ResNet-50 Curvature Taskonomy*® ImageNet: 17.0%
19 ResNet-50 3D Key-points Taskonomy® ImageNet: 16.5%
20 ResNet-50 Occlusion edges Taskonomy*® ImageNet: 15.5%
21 ResNet-50 Point match Taskonomy® ImageNet: 14.0%
22 ResNet-50 2.5D Segment. Taskonomy® ImageNet: 16.5%
23 ResNet-50 Distance estim. Taskonomy® ImageNet: 14.0%
24 ResNet-50 Cam pose (fix) Taskonomy® ImageNet: 14.0%
25 ResNet-50 Colorization Taskonomy® ImageNet: 13.0%
26 ResNet-50 Normals Taskonomy® ImageNet: 17.0%
27 ResNet-50 Layout Taskonomy® ImageNet: 16.5%
28 ResNet-50 Cam pose (non fix) Taskonomy*® ImageNet: 12.5%
29 ResNet-50 2D Segment. Taskonomy® ImageNet: 12.5%
30 ResNet-50 Vanishing Pts. Taskonomy*® ImageNet: 14.0%
31 ResNet-50 Denoising Taskonomy® ImageNet: 7.5%
32 ResNet-50 In-painting Taskonomy* ImageNet: 10.0%
33 ResNet-50 2D Key-points Taskonomy® ImageNet: 7.5%
34 ResNet-50 Auto-encoding Taskonomy* ImageNet: 9.0%
35 ResNet-50 Z-Depth Taskonomy*® ImageNet: 14.0%
36 ResNet-50 2D Edges Taskonomy* ImageNet: 10.0%
37 ResNet-50 Scratch Taskonomy*® ImageNet: 6.5%

@ https://github.com/facebookresearch/vissl

b https://pytorch.org/vision/stable/models.html
¢ https://github.com/CSAILVision

4 https://github.com/rasbt/deeplearning-models
¢ http://taskonomy.stanford.edu/

! https://huggingface.co/models
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Fig. B.12. Example of AlexNet failure. Two distorted versions (left and right) from original image number

human distances.

Human MOS = 3.67, Model distance = 299.6

Original image
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Model distance

Human MOS = 5.74, Model distance = 297.0

13 (center) have similar model distances but completely different
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Human MOS = 4.57, Model distance = 256.8

Original image
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Human MOS = 4.54, Model distance = 253.2

Fig. B.13. Example of AlexNet success. Two distorted versions (left and right) from original image number 2 (center) have similar model distances and similar human distances.

Data availability

The datasets analyzed during the current study are available from
the following links:

KADID-10k (Reference data)
TID2013 (Reference data)
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