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Resumen

La rapida evolucion de las tecnologias de captura y procesamiento de image-
nes en las ultimas décadas ha desencadenado un proceso de produccion masiva
de datos, transformando la manera en que percibimos y utilizamos la informa-
cion visual. Este cambio se ha visto impulsado en gran medida por los avances
en vision computacional y aprendizaje automatico, destacando especialmente el
éxito alcanzado por las redes neuronales convolucionales, que han superado las
capacidades humanas en diversas aplicaciones. Sin embargo, la implementaciéon
de estas tecnologias sigue presentando desafios en cuanto a la calidad de los re-
sultados y a su capacidad para adaptarse a condiciones cambiantes. Esta tesis se
enfoca en dos aspectos clave que apuntan a superar estos desafios: desarrollar
modelos que generen resultados realistas y sean robustos frente a cambios en el
dominio de los datos.

En la primera parte de esta tesis, nos enfocaremos en un problema conocido
como registraciéon deformable de imdgenes, de fundamental importancia espe-
cialmente en el &mbito biomédico. Aqui, la tarea consiste en alinear dos image-
nes, deformando una de ellas para que se asemeje a la otra. Cuando se trata de
imagenes médicas, uno de los mayores desafios es garantizar resultados anaté-
micamente plausibles, en el sentido de que las deformaciones aplicadas no re-
sulten en imagenes irrealistas donde los 6rganos han sido completamente defor-
mados. Aunque las redes convolucionales han mejorado la precisién y velocidad
de la registracion, el realismo sigue siendo un obstaculo. En esta investigacion,
se propone mejorar el realismo en modelos de registracion por medio de la in-
corporacion de restricciones anatdmicas durante el proceso de optimizacion que
penalicen deformaciones que no sean consistentes con la anatomia observada en
las imagenes.

Otro desafio crucial es la robustez frente a los cambios de dominio, donde los
modelos de aprendizaje deben adaptarse a nuevas distribuciones de datos. En
la segunda parte de esta tesis, se presenta un nuevo método de generalizacion
de dominio en el contexto de la clasificacion de imdgenes con redes neuronales
convolucionales, que busca mejorar la robustez de los modelos frente a cambios
en la distribucién. Se introduce una perspectiva para el tratamiento de los gra-
dientes en problemas de generalizacion de dominio, en donde la diversidad de
dominios puede generar inconsistencias en el gradiente. Se presentan estrate-
gias de acuerdo basadas en cirugia de gradientes para reducir las discrepancias
entre los dominios y mejorar la capacidad de generalizacién del modelo a domi-
nios nuevos.
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Finalmente, el dltimo capitulo de la tesis estd abocado al estudio de la re-
lacion entre cambio de dominio y sesgo en modelos utilizados para el andlisis
de imagenes. Dicho sesgo suele manifestarse como un rendimiento sistematica-
mente dispar en distintas poblaciones. En particular, se abordan problemas con
imagenes de rostros humanos e imagenes médicas, donde el cambio de dominio
esta relacionado a distintos grupos demograficos, y el objetivo es poder determi-
nar cuando un modelo sera propenso a sesgarse frente a grupos demograficos
definidos por algun atributo en particular, como el sexo o la edad. Se aborda
el escenario donde hay cambios de dominio en una poblacién de interés y no
se tienen las salidas correctas del modelo, lo que dificulta evaluar si un modelo
muestra sesgos frente a determinados atributos demogréaficos. Para enfrentar
este problema, se proponen enfoques no supervisados que evaliian conjuntos de
modelos entrenados en diferentes grupos demogréaficos y miden las inconsisten-
cias entre sus salidas. Esto da como resultado un indice que sirve como indicador
de posibles sesgos en nuevas poblaciones de interés.
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Introduccion

Durante las ultimas décadas, la tecnologia de captura de imagenes ha experi-
mentado un impresionante avance en términos de calidad y velocidad, producien-
do una vasta cantidad de datos visuales y alterando significativamente nuestra
interacciéon con esta informacién. Lo que en el pasado era considerado imposi-
ble por el volumen y la complejidad de los datos visuales, ahora se ha convertido
en una posibilidad tangible, impulsada por progresos constantes en el campo de
la visién computacional y aprendizaje automatico. En particular, las redes neu-
ronales convolucionales (CNNs, del inglés Convolutional Neural Networks) se
han establecido como un estandar en una variedad de tareas relacionadas con
el procesamiento y andlisis de imagenes, incluyendo reconocimiento de objetos,
segmentacién, registracion y clasificacién de imagenes. A pesar de que estas
redes han revolucionado la capacidad de los algoritmos para aprender y repre-
sentar patrones complejos de manera eficiente, alin existen desafios que requie-
ren atencion para garantizar soluciones efectivas y resultados consistentes bajo
diferentes condiciones y escenarios.

En este contexto, esta tesis se propone abordar dos desafios fundamentales
en los campos de vision computacional y aprendizaje automatico: desarrollar mo-
delos que generen resultados realistas y sean robustos frente a los cambios en
el dominio de los datos. La investigacion se centra en proponer nuevos enfoques
metodoldgicos para abordar estos problemas en diversas tareas de vision compu-
tacional. Respecto al realismo, se explora la tarea de registracién deformable de
imagenes médicas, mediante la incorporacion de restricciones anatdmicas para
mejorar la plausibilidad de las estimaciones. Por otro lado, las contribuciones
relacionadas a la robustez se relacionan con dos problemas abiertos en la comu-
nidad: la generalizacién de dominio y el sesgo. En el caso de la generalizacion
de dominio, se proponen enfoques de cirugia de gradientes para reducir el efec-
to de cambio de dominio y mejorar la capacidad de generalizacion de modelos
de clasificacién de imagenes. En cuanto al sesgo, se desarrollan métodos para
identificar posibles sesgos en tareas de regresion y clasificacién de imagenes
bajo condiciones de cambio de dominio y ausencia de etiquetas.
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Figura 1.1: Ejemplo de registracion de imagenes de resonancia magnética cere-
bral. Durante una intervencion quirirgica, una imagen preoperatoria se alinea
a una imagen operatoria para poder guiar el procedimiento?.

1.1 Contexto y motivacion

1.1.1 Realismo en registracion de imagenes

La registracion deformable es fundamental en andlisis de imadgenes médicas
para alinear y combinar imagenes de diferentes modalidades, pacientes o que
fueron capturadas en distintos instantes de tiempo. El proceso consiste en es-
timar las deformaciones que, al ser aplicadas a una imagen de origen, hacen
que la misma se alinee con una imagen objetivo. Las herramientas de registra-
cion tradicionales (Avants et al. 2009, Marstal et al. 2016) utilizan algoritmos de
optimizacion iterativos que, si bien son eficaces, suelen tener limitaciones para
capturar deformaciones complejas con precisién, lo que ademas resulta en un
alto costo computacional. En los ultimos afios, los enfoques basados en aprendi-
zaje profundo, como las CNNs (Yang et al. 2017, De Vos et al. 2017, Balakrishnan
et al. 2019), han demostrado superar a los métodos tradicionales en precision y
velocidad. Sin embargo, el realismo de los resultados obtenidos sigue siendo un
desafio pendiente en la comunidad.

En registracién de imagenes médicas es crucial que los resultados sean ana-
témicamente plausibles para garantizar la precision de los diagndsticos y pro-
cedimientos médicos. Por ejemplo, en cirugias cerebrales, si el modelo no logra
capturar con precision la deformacion cerebral durante la cirugia, podria resul-
tar en alineaciones incorrectas comprometiendo la precision del procedimien-
to (ver Figura 1.1). Abordar el realismo en analisis de imagenes médicas con
aprendizaje profundo es un desafio critico. Aunque para un radidlogo o médico
especializado pueda ser facil evaluar la plausibilidad anatémica de una imagen
deformada, definir una funcién que cuantifique dicho realismo e incorporarla en
el proceso de registracion representa un reto significativo.

En esta tesis, se proponen metodologias para mejorar la plausibilidad ana-
témica en modelos de registracion con CNNs. El enfoque consiste en buscar
patrones en los datos de entrada para regularizar el aprendizaje a través de
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ajustes en la funcién de pérdida. Especificamente, se propone el uso de autoco-
dificadores (Vincent et al. 2010) para el aprendizaje de estos patrones, buscando
representaciones de baja dimension que capturen las variaciones globales de la
anatomia en las imagenes a registrar. Estas representaciones se utilizan como
restricciones anatémicas durante el entrenamiento de un modelo de registracion
para penalizar deformaciones no realistas, 1o que contribuye a generar campos
de deformacién con mayor grado de realismo y precision.

1.1.2 Robustez en generalizacion de dominio

En aplicaciones de la vida real, los modelos de aprendizaje automatico en-
frentan desafios de robustez cuando surgen cambios en la distribucion de da-
tos. Cuando el objetivo es realizar predicciones en distribuciones diferentes a
las observadas durante el entrenamiento, se presenta un desafio conocido como
generalizacion de dominio (Zhou et al. 2022). Para abordar este problema, se
han propuesto diversos enfoques, entre los cuales se incluyen entrenar y fusio-
nar multiples modelos especifico de cada dominio (Xu et al. 2014, Mancini et al.
2018), aprender y extraer conocimiento comun de multiples dominios (Ghifary
et al. 2015, Li et al. 2017) e incrementar el espacio de datos utilizando aumen-
tacion de datos (Shankar et al. 2018, Carlucci et al. 2019). Sin embargo, a pesar
de estos esfuerzos, las mejoras obtenidas en rendimiento atin siguen siendo mo-
destas (Carlucci et al. 2019).

La generalizacion de dominio es un problema dificil de resolver, ya que no se
tiene acceso a los datos del nuevo dominio durante el entrenamiento. Para ilus-
trar esto, consideremos un modelo de clasificaciéon entrenado en un conjunto de
datos de origen que muestra un rendimiento inferior al aplicarse a un conjunto
nuevo de datos. Esta disminucién en el rendimiento se debe a diferencias en la
distribucion entre los conjuntos de datos como consecuencia del cambio de do-
minio (por ejemplo, pasar de fotografias a imagenes vectoriales). En el ambito
de clasificaciéon de imagenes, por ejemplo, los conjuntos de datos, o dominios,
pueden variar significativamente en sus caracteristicas visuales, desde imdage-
nes fotograficas hasta representaciones mas abstractas como pinturas y dibujos
(ver Figura 1.2). En este contexto, los métodos de generalizacion de dominio de-
ben aprovechar la informaciéon presente en los dominios de entrenamiento para
construir un modelo que pueda adaptarse a los dominios conocidos y al mismo
tiempo, generalizar a dominios nuevos.

En esta tesis, se aborda la generalizacién de dominio a partir de un nuevo
método de cirugia de gradientes. Se demuestra que el entrenamiento con datos
provenientes de dominios diferentes pueden dar lugar a gradientes conflictivos
que impiden que el modelo generalice correctamente. Para mitigar los conflictos,
se presentan enfoques que pueden enmarcase en una técnica conocida como
cirugia de gradientes, que modifica los gradientes durante el entrenamiento. Por
medio de este enfoque, se busca definir una direcciéon de consenso que mejore
la generalizacién, promoviendo el aprendizaje de caracteristicas que sean mas
relevantes para la tarea y menos especificas del dominio.
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Figura 1.2: Ilustracion del problema de generalizacién de dominio en clasifica-
cion de imagenes: diferencias entre dominios de entrenamiento y prueba pueden
afectar el rendimiento del modelo cuando se aplica a nuevos dominios. En este
caso, las imagenes corresponden a diferentes dominios, como pinturas, fotogra-
fias y dibujos vectoriales.

1.1.3 Robustez al sesgo

El sesgo constituye un problema significativo para la implementacién de mo-
delos de aprendizaje automatico. En los ultimos afios, varios estudios han re-
velado la existencia de sesgos en las predicciones de sistemas de aprendizaje
automatico, que perjudican de forma sistematica a determinados grupos demo-
graficos definidos por atributos como el género, la edad o la raza (Angwin et al.
2016, Buolamwini & Gebru 2018, Larrazabal et al. 2020, Seyyed-Kalantari et al.
2020). La falta de robustez de un modelo puede manifestarse en su tendencia
al sesgo cuando se enfrenta a un cambio en el dominio de aplicacion (Schrouff
et al. 2022). En esta situacion, existe el riesgo de que el modelo tome decisiones
incorrectas en ciertos grupos demograficos por tratarse de datos provenientes
de una poblacién no conocida. Un ejemplo ilustrativo se presenta en la Figura
1.3, donde un sistema de deteccién de enfermedades entrenado en un centro
de salud (Hospital A) puede mostrar un rendimiento sesgado cuando se prueba
en otro centro de salud (Hospital B) con datos que presentan una distribucion
demogréfica diferente a la que se utilizé para entrenarlo.

Evaluar la equidad en aprendizaje automatico es crucial para asegurar que
los modelos no perpetien o amplifiquen sesgos ya existentes. La mayoria de
las técnicas para evaluar la equidad, como paridad demografica (Wachter et al.
2021) o igualdad de oportunidad (Hardt et al. 2016), se basan en el concepto
de equidad por grupo (Dwork et al. 2012). Este enfoque busca lograr paridad
entre diferentes grupos demograficos al comparar el rendimiento del modelo en
cada subgrupo. Sin embargo, para realizar estas comparaciones en general se
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Figura 1.3: En situaciones de cambio de dominio, un sistema de deteccion de
enfermedades entrenado en un centro de salud (Hospital A) puede mostrar un
rendimiento sesgado al probarse en otro centro (Hospital B) con distribuciones
demograéficas diferentes.

requieren datos etiquetados que indiquen la salida correcta del modelo. Sin estas
etiquetas, ya no es posible determinar directamente si el modelo esta tratando
a los grupos de manera equitativa en términos de sus predicciones, por lo que
resulta en un reto importante para la investigacion.

En esta tesis, se aborda el desafio de identificar cudndo una tarea es propensa
a sesgarse en entornos donde se producen cambios de dominio y no se cuenta
con acceso a etiquetas de referencia. Se propone una estrategia no supervisada
que mide las discrepancias entre las salidas de modelos entrenados en diferentes
grupos demograficos cuando son evaluados en datos de una poblacion de inte-
rés. A partir de este estrategia de desarrolla un nuevo indice de propensién al
sesgo y se demuestra que la inconsistencia de las salidas entre los modelos pue-
de actuar como un indicador para anticipar la presencia de sesgos demograficos
en poblaciones nuevas que no disponen de etiquetas.

1.2 Objetivos

1.2.1 Objetivo general

El objetivo general de esta tesis es contribuir con nuevos enfoques metodo-
l6gicos para mejorar la robustez y el realismo de los resultados en el dmbito
del andlisis de imagenes, mediante la aplicaciéon de algoritmos de aprendizaje
profundo.
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1.2.2 Objetivos especificos

1. Desarrollar un método para la incorporacion de restricciones de plausibili-
dad anatémica en algoritmos de registracién de imagenes médicas basados
en aprendizaje profundo.

2. Desarrollar un método de generalizacion de dominio basado en aprendizaje
profundo utilizando técnicas de cirugia de gradientes.

3. Desarrollar un método no supervisado que sea capaz de medir la propension
al sesgo de un determinado modelo en escenarios de cambio de dominio y
ausencia de etiquetas.

4. Validar los métodos propuestos en el contexto de andlisis y procesamiento
de imagenes médicas, comparando los resultados con algoritmos del estado
del arte.

1.3 Organizacion del documento

Esta tesis se divide en 5 capitulos y un Anexo que recopila las publicaciones
cientificas relacionadas con esta investigacion:

= Capitulo 1: en el presente capitulo se introdujeron las problematicas que
impulsaron esta investigacion, desde la necesidad de resultados realistas a
la robustez en la generalizacion de dominio y frente al sesgo.

» Capitulo 2: realismo en registracién de imagenes médicas. Se presenta AC-
RegNet, un modelo de registraciéon que incorpora restricciones anatdmicas
para producir deformaciones realistas y mejorar la precisién. En el capitulo
se introducen dos variantes del método (CE-RegNet y AE-RegNet) y se pre-
sentan resultados en registracién de imagenes de rayos X y en aplicaciones
del andlisis de imagenes médicas.

» Capitulo 3: robustez en generalizacién de dominio. Se introduce un nuevo
enfoque para mejorar la generalizacion de dominio basado en cirugia de
gradientes. El capitulo presenta diversas variantes del método (Agr-Sum y
Agr-Rand) y presenta evidencia empirica sobre la eficacia del mismo en el
contexto de clasificacién de imagenes.

= Capitulo 4: robustez al sesgo en escenarios de cambio de dominio y ausen-
cia de etiquetas. El capitulo introduce el indice de discrepancia de predic-
ciones demograficamente informadas (DIPDI, por sus siglas en inglés) para
medir la propension al sesgo de una tarea especifica en una determinada
poblacién. Se presentan resultados que validan la efectividad del indice en
tareas de regresion y clasificacion utilizando datos sintéticos y reales.

= Capitulo 5: se presentan las conclusiones finales de la tesis.



Capitulo 2

Registracion de imagenes con restricciones

En este capitulo, se aborda el desafio de mejorar el realismo en modelos de
registraciéon deformable de imagenes médicas. Se presenta AC-RegNet, un nue-
vo método para regularizar la registracién deformable de imagenes basado en
CNNs al considerar priors anatémicas globales en forma de mdascaras de seg-
mentacion. El método funciona en dos pasos: primero aprende representacio-
nes compactas y no lineales de la anatomia de las imagenes mediante autoco-
dificadores, y luego utiliza estas representaciones para restringir el proceso de
entrenamiento de un modelo estandar de registraciéon. AC-RegNet se probo en
experimentos para registrar imagenes de rayos X de diferentes pacientes y tam-
bién en aplicaciones practicas de analisis de imadgenes médicas. Los resultados
cuantitativos y cualitativos demuestran que AC-RegNet produce registraciones
mas precisas y con mayor grado de realismo en comparacion con otros métodos
del estado del arte de registracion.

2.1 Antecedentes

Registracion deformable de imagenes. La formulacién clasica del problema
de registracién deformable (Sotiras et al. 2013) implica la definiciéon de una fun-
cion de pérdida, encargada de medir la discrepancia entre la imagen de referen-
cia J (o imagen fija) y la imagen que se quiere registrar 7 (o imagen movil). El
objetivo principal consiste en encontrar la transformacién espacial que minimiza
esta funcién de pérdida. Para ello, se introduce un campo de deformacion repre-
sentado por una funcién vectorial 7 : R?> — R2, que asigna a cada punto de la
imagen I el desplazamiento que debe realizar para lograr alinearse con la ima-
gen J. El problema de optimizacion se formula para encontrar transformacion
6ptima 7

~

T =argmin M(IoT,J)+R(T), (2.1)
T

donde M representa el criterio de discrepancia entre la imagen fija J y la imagen
movil deformada I o 7, el cual puede basarse en la diferencia de intensidades u
otras caracteristicas de las imagenes). El término de regularizacién, R se suele
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introducir para controlar la suavidad del campo de deformacion y evitar defor-
maciones no deseadas.

Los métodos clasicos de registracién deformable (Avants et al. 2009, Marstal
et al. 2016) abordan este problema de optimizacién mediante la aplicacion de
técnicas iterativas, como el descenso por gradiente, ajustando progresivamente
los parametros del campo de deformacién para minimizar la discrepancia entre
de referencia y la imagen registrada. En cada iteracién, se evalta la funcién
de pérdida y se calcula el gradiente para determinar la direccién en donde
la discrepancia aumenta mdas rapidamente. Posteriormente, los parametros
de la transformacién se actualizan en la direcciéon opuesta al gradiente. Este
proceso iterativo se repite hasta que se cumple un criterio de convergencia,
garantizando que la transformacién sea refinada para lograr una registracién
precisa entre las imagenes.

Registracion deformable de imagenes con CNNs. Los enfoques de aprendi-
zaje profundo con CNNs han demostrado ser exitosos al abordar diversas tareas
del andlisis de imagenes médicas. En el &mbito de la registracion de imagenes,
los métodos basados en CNNs difieren de los métodos clasicos al permitir apren-
der directamente la relacién entre las imagenes y la transformacion asociada
para alinearlas. Estos métodos se suelen dividir en dos categorias principales:
supervisados y no supervisados. Los métodos supervisados, como los propuestos
por Yang et al. (2017), Rohé et al. (2017), Sokooti et al. (2017), requieren un con-
junto de datos con pares de imagenes y sus transformaciones conocidas durante
el entrenamiento, abordando la registraciéon como un problema de regresion.
Dado un par de imdgenes a registrar, buscan predecir un campo de deformacién
que coincida con el campo de referencia conocido. Una ventaja de estos enfoques
es su independencia con respecto a las modalidades de imagenes, ya que apren-
den a mapear imagenes a campos de deformacién sin depender de medidas de
discrepancia. Sin embargo, su implementacion practica se ve restringida por la
dificultad de obtener campos de deformacién de calidad para el entrenamiento.

Por otro lado, los métodos de registracion no supervisados, como los pre-
sentados por Li & Fan (2018), De Vos et al. (2017), Balakrishnan et al. (2019),
se destacan por no utilizar campos de deformacion de referencia. En su lugar,
resuelven el problema de registraciéon minimizando una funcion de pérdida
basada en la similitud entre las imagen deformada y la imagen de referencia,
de manera similar a los métodos cldsicos. Durante el entrenamiento, emplean
un modulo de deformacion diferenciable, inspirado en los transformadores
espaciales (Jaderberg et al. 2015) que permite entrenar el modelo para ajustar
los parametros de forma de generar campos de deformacién que minimicen la
discrepancia entre las imagenes. Posteriormente, el modelo entrenado puede
aplicarse para registrar nuevos pares de imagenes. Sin embargo, estos métodos
no contemplan explicitamente la plausibilidad anatémica de las imdagenes
registradas.

Incorporacion de priors en el proceso de registracion. En la biasqueda por
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mejorar la precisién y el realismo de los métodos de registracion, se ha explo-
rado la incorporacién de informacién contextual, o priors, relacionada por ejem-
plo, con las modalidades de imagen, anatomia y estructura. Entre las estrategias
se encuentran las transformaciones basadas en conocimiento y las estrategias
basadas en segmentacion. En el primer caso, la informacion se integra directa-
mente en el modelo de deformacién (Wouters et al. 2006, Glocker et al. 2009),
mientras que las segundas estrategias incorporan informacién en el proceso de
registraciéon por medio de segmentaciones (Shakeri et al. 2016, Ferrante et al.
2017, 2018).

En relacion a los métodos que utilizan CNNs, Hu et al. (2018) propone una
estrategia en donde se introducen mascaras de segmentacion en la funciéon de
pérdida de un modelo semi-supervisado. Esto tiene como objetivo guiar el pro-
ceso de aprendizaje, definiendo una medida de similitud a nivel pixel sobre las
mascaras de segmentacion, lo que permite que la registracion sea independien-
te de la modalidad de las imagenes. En un enfoque similar, Balakrishnan et al.
(2019) incorpora una medida de similitud definida a nivel pixel basada en el co-
eficiente de Dice, junto con una medida estandar basada en intensidad. En este
trabajo se propone una nueva forma de incorporar dichas restricciones por me-
dio de un término de regularizacion que penaliza deformaciones por medio del
uso de representaciones anatdmicas globales derivadas a partir de las mascaras
de segmentacion.

2.2 Métodos propuestos

2.2.1 AC-RegNet: Registracion con restricciones anatéomicas

AC-RegNet (del inglés Anatomically-Constrained Registration Networks) es
un método de registracion deformable de imagenes basado en CNNSs con restric-
ciones anatomicas. Su arquitectura, detallada en la Figura 2.1, consta de un mo-
delo base de registracion no supervisado, inspirado en el trabajo de Balakrishnan
et al. (2019) y un bloque de contexto anatémico. Este bloque utiliza representa-
ciones aprendidas de la anatomia, mediante segmentaciones como restricciones
en la funcién de pérdida para regularizar el proceso de entrenamiento, con el
objetivo aprender campos de deformacién que generen deformaciones mas rea-
listas después de la registracion.

2.2.1.1. Arquitectura basica de registracion

La estructura del modelo base de registraciéon no supervisado de AC-RegNet
se ilustra en la parte superior de la Figura 2.1. La misma se compone de dos
modulos principales:

VectorCNN. Se trata de una red convolucional que sigue una estructura
encoder-decoder, inspirada en U-Net (Ronneberger et al. 2015). Su funcién
principal es predecir el campo de deformaciéon 7 a partir de dos imagenes de
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Figura 2.1: Arquitectura de AC-RegNet. En la parte superior se encuentra el blo-
que base de registracion, compuesto por una red convolucional (VectorCNN) y
un modulo de deformacién (Warper). En la parte inferior, se observan las res-
tricciones anatémicas locales y globales que utilizan segmentaciones durante el
entrenamiento, para guiar al modelo a producir resultados mas realistas.
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entrada, 7y J. Este campo se utiliza para alinear la imagen movil I con la imagen
fija J. La relacion se expresa como 7 = VectorCNN(Z, J,6), donde ¢ representa los
parametros aprendidos por la red durante el entrenamiento. Para mas detalles
sobre la arquitectura, consultar el Apéndice del Anexo A.

Warper diferenciable. Es un médulo diferenciable que utiliza el campo de de-
formaciéon 7 generado por VectorCNN junto con la imagen mévil de entrada I
para producir la imagen movil deformada 7 o7 (Jaderberg et al. 2015). Matema-
ticamente, esta operacion se formula como: 707 = Warper(I, 7). El proceso de de-
formacién implica transformar cada posicion en la imagen original 7 de acuerdo
con 7. Para calcular los valores de los pixeles en las nuevas posiciones deforma-
das se implementé un método de interpolacién bilineal. La diferenciabilidad de
esta operacion facilita el cédlculo de los gradientes necesarios para actualizar los
parametros # de VectorCNN durante el entrenamiento del modelo, permitiendo
que el proceso de aprendizaje se lleve a cabo de manera no supervisada, es decir,
sin utilizar campos de deformacion de referencia.

2.2.1.2. Funcion de pérdida

El modelo base de registracion se entrena para aprender los parametros 0
minimizando una funciéon de pérdida basada en intensidad, similar a la definida
en (2.1). La funcién de pérdida y sus términos queda definida como

L(L,J,T) = M(IoT,J) + \R(T). (2.2)

Medida de similaridad de imagen. El primer término mide el grado de ali-
neamiento a nivel intensidad de pixel entre la imagen mévil deformada I o7 y
la imagen fija J. En este contexto, se utilizé la correlacién cruzada normalizada
(NCC, por sus siglas en inglés) como medida de similaridad, que calcula el grado
de correspondencia entre las dos imagenes normalizando sus intensidades. La
expresién matematica es

S - DUE) - )
VER) = 12, () — J)?

donde p representa las coordenadas de los pixeles en la imagen movil deforma-
da, p’ son las coordenadas correspondientes en la imagen fija, I(p) y J(p') son las
intensidades de los pixeles en esas posiciones, y I y J son los promedios de in-
tensidad de las imagenes mévil y fija, respectivamente. El rango de esta funcion
es [-1, 1], donde 1 indica una correspondencia perfecta entre las imagenes.
Minimizar el negativo de la NCC durante el entrenamiento busca maximizar
la similaridad entre las imagenes deformada y fija, siendo particularmente util
en problemas de registracién monomodal, como en este caso. En este contexto,
donde las imdgenes pueden presentar variaciones en iluminacién o contraste
debido a diferentes condiciones de captura, la NCC ofrece robustez para cuan-
tificar la alineacién de las imagenes porque normaliza las intensidades, lo cual

M(IoT,J)= : (2.3)
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permite eliminar las diferencias de brillo y contraste.

Regularizacion del campo de deformacion. Este término impone restriccio-
nes de suavidad al campo de deformacién 7 para prevenir deformaciones no
deseadas. Para cuantificar las variaciones en las deformaciones del campo se
implemento la funcion de variacion total

Z \/ (Tiv1 — Tig)? + (Tij+1 — Tij)? (2.4)

Esta ecuacién representa la suma de las magnitudes de los gradientes locales
evaluados en cada posicion (i, j) del campo de deformacion 7. Sila variacién total
es baja, las deformaciones cambian de manera gradual y suave, mientras que una
variacion total alta indica cambios mds abruptos.

El pardametro )\, en 2.2 es un factor de ponderacién que controla el balance
entre la similaridad de imagen y la suavidad del campo de deformacién. Dismi-
nuir )\, hace que el modelo se enfoque mas en la medida de similitud, permitiendo
mayor flexibilidad al campo pero aumentando el riesgo introducir discontinuida-
des. Por otro lado, incrementar )\, da mayor peso al término de regularizacion,
promoviendo un campo mas suave y continuo.

2.2.1.3. Restricciones anatomicas

AC-RegNet mejora el modelo base incorporando un bloque de restricciones
anatémicas (ubicado en parte inferior de la Figura 2.1). Estas restricciones se
dividen en dos categorias, descriptas a continuacion.

Restricciones locales. Una estrategia inicial para introducir contexto anaté-
mico implica utilizar segmentaciones anatémicas directamente en la funcién de
pérdida del modelo. Esta funcion evalia la similitud a nivel de pixel entre una
mascara de segmentacion fija S; y una versién deformada de una mascara de
segmentacién movil S;. La definicion de este término es

Lee(SroT,85) ==Y S5(p)-log(Sf o T(p)), (2.5)

peQ keC

la cual representa la entropia cruzada categoérica. En esta ecuacién, S% y S¥
denotan las probabilidades de la clase k en las mascaras movil y fija, respectiva-
mente, y C representa el conjunto de clases anatomicas. Esta entropia cruzada
por clase mide la discrepancia entre estas distribuciones de probabilidad,
impulsando a la red a aprender a deformar la mascara mévil de manera que se
ajuste a la anatomia representada por la méascara fija.

Restricciones globales. Las restricciones locales, aplicadas a nivel de pixel,
ofrecen un contexto limitado a nivel global. Para abordar esta limitacion, se in-
corpord un término en el modelo que evalta las mdascaras anatémicas a nivel de
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representaciones, considerando la plausibilidad anatéomica de la mascara defor-
mada en comparacién con la mascara de referencia.

Para ello, primero se implement6 un autocodificador de eliminacién de rui-
do (DAE, del inglés Denoising Autoencoder) (Vincent et al. 2010) para gene-
rar representaciones compactas de las segmentaciones anatomicas de menor
dimensién. La arquitectura del autocodificador sigue una estructura encoder-
decoder donde el encoder h = enc(X) se utiliza para reconstruir la entrada origi-
nal X ~ dec(enc(X)). E1 DAE recibe versiones ruidosas de las méscaras origina-
les y se entrena para restaurar versiones limpias, guiando al modelo a capturar
caracteristicas esenciales de la anatomia a escala global, que permitan asignar
mascaras similares a regiones cercanas del espacio latente. Este conocimiento
aprendido se concentra en la representacién h extraida de una capa oculta del
autocodificador.

El nuevo término se define como la distancia euclidea al cuadrado entre las
representaciones h generadas por el autocodificador a partir de la segmentacion
movil deformada S; o 7 y la correspondiente mascara fija S;. Esto es

L.e(SroT,8y) =|lenc(S; o T) — enc(Sy)||3. (2.6)

En esencia, este término cuantifica las diferencias a escala global entre las
representaciones de las dos mascaras anatémicas, evaluando como se distancian
entre si en el espacio latente. Mediante este enfoque se proporciona al modelo
la capacidad de incorporar conocimiento global sobre las variaciones anatdmi-
cas de las imagenes, contribuyendo asi a mejorar el realismo de las imagenes
resultantes después de la deformacion.

2.2.2 Fase de entrenamiento

La etapa de entrenamiento de AC-RegNet se enfoca en minimizar la funcion
de pérdida que incluye todos los términos mencionados previamente,

L(I,J,81,8,T) = M(IoT,J) + MR(T) + AeeLce(S; o T, Ss) + AaeLac(S1 0T, Sy). (2.7)

El peso de cada término se regula mediante los factores de escala \,, \ce ¥ Age.
La diferencia principal entre £.. y £,. radica en su escala de operacién: mientras
que L. se enfoca en la similitud entre mascaras a nivel de pixel, £,. aborda
la similitud a escala global, capturando de manera mads precisa las variaciones
anatomicas.

El proceso de entrenamiento del modelo se divide en dos etapas distintas. En
la primera etapa, se procede con el entrenamiento del autocodificador utilizan-
do las segmentaciones anatémicas, con el objetivo de aprender representaciones
globales de la anatomia. Posteriormente, en la segunda etapa se integra el auto-
codificador previamente entrenado en el modelo de registracién. Aqui, se lleva
a cabo el entrenamiento completo de la red utilizando tanto las imagenes como
las segmentaciones. Las restricciones anatdomicas se aplican inicamente durante
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la etapa de entrenamiento, utilizando las segmentaciones como contexto anaté-
mico para guiar a la red. Una vez finalizado el entrenamiento del modelo, las
segmentaciones ya no son necesarias para registrar cualquier par de imagenes.

2.3 Experimentos y resultados

2.3.1 Bases de datos

El método de registracion se validé en la tarea de registrar imagenes de rayos
X de térax provenientes de distintos pacientes. Dada la variabilidad anatémica
entre personas, que incluye diferencias en la forma, tamafo y posicién de las es-
tructuras toracicas, resulta crucial adaptarse a estas variaciones para garantizar
resultados precisos. En este proceso de validacién, se emplearon tres conjuntos
de datos de acceso publico que contienen imagenes y segmentaciones de pulmo-
nes y corazon: JSRT (Shiraishi et al. 2000), Montgomery (Candemir et al. 2013)
y Shenzhen (Jaeger et al. 2013). En la Tabla 2.1 se incluyen estadisticas de estos
conjuntos de datos. Para mas detalles sobre los datos y su preprocesamiento,
consultar la Seccién 4 del Anexo A.

Tabla 2.1: Estadisticas de los datasets de radiografias de térax.

Dataset Imagenes Resolucion (pixeles) Espaciado (mm/pixel)
JSRT 247 2048x2048 0.175
Montgomery 138 4020x4892 /4892x4020 0.0875
Shenzhen 615 Variable No proporcionado

Para el proceso de entrenamiento y evaluacién, cada conjunto de datos se di-
vidié de manera aleatoria en subconjuntos de entrenamiento (60 %), validacion
(20 %), y prueba (20 %). Durante la fase de entrenamiento, se optd por seleccio-
nar, en cada iteracion de entrenamiento, pares aleatorios de imagenes para el
proceso registracion, con la intencién de aprovechar al maximo la diversidad del
conjuntos de entrenamiento, buscando ademas potenciar la capacidad del mode-
lo para abordar una variedad mas amplia de casos de registracion. En la fase de
evaluacién, se procedié a realizar una tnica seleccién aleatoria, eligiendo 2 x N
pares de imagenes del conjunto de prueba, donde N representa el tamafo total
del conjunto de prueba. Todos los modelos fueron evaluados sobre los mismos
casos de prueba. Para obtener mas detalles sobre la implementacién de los mo-
delos y la eleccién de los hiperparametros, se puede consultar la Seccién 4.3 del
Anexo A. Asimismo, la descripcién de las arquitecturas utilizadas figuran en el
Apéndice A del Anexo A.

2.3.2 Meétodos de comparacion

A modo de comparacién, se evalué también el rendimiento de varios métodos
de registracion, que incluyeron enfoques cldsicos como modernos, ademas de
diferentes variantes del método AC-RegNet.
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SimpleElastix (Marstal et al. 2016): se trata de un método clasico muy utiliza-
do y considerado como estado del arte de registracion. Este método utiliza un
enfoque iterativo para lograr la alineacién 6ptima entre las imagenes de entrada.

RegNet: es un modelo estandar de registracion que utiliza CNNs en un enfoque
no supervisado, similar al propuesto en Balakrishnan et al. (2019). La funcién de
perdida se define como

LI, J,T) = M(IoT,J) + \R(T). (2.8)

CE-RegNet: este modelo es una variante de AC-RegNet que incorpora restriccio-
nes anatomicas locales mediante el término £... La funcién de pérdida se define
como

L(I,7,571,85,T) = M(IoT,J)+ MNR(T) + AeeLoce(S1 0 T, Sy). (2.9)

AE-RegNet: este modelo es otra variante de AC-RegNet que incorpora restric-
ciones anatdmicas globales por medio del término £,.. La funcién de pérdida se
define como

L(I,7,81,57,T) = M(IoT,J)+MNR(T) + AaeLac(Sr o T, Sy). (2.10)

2.3.3 Meétricas de evaluacion

Para una evaluacion cuantitativa del rendimiento de los métodos de registra-
cion, se emplearon tres métricas basadas en segmentaciones (Taha & Hanbury
2015): el Coeficiente de Similaridad de Dice (DSC), la Distancia de Hausdorff
(HD) y la Distancia de Superficie Promedio Simétrica (ASSD). Estas métricas
son usadas ampliamente en la comunidad en registracion ya que son fundamen-
tales para medir la superposicién de las regiones y la correspondencia entre las
superficies correspondientes de las estructuras anatémicas presentes en las seg-
mentaciones. Esto resulta esencial para evaluar la calidad de la alineacion y la
utilidad de los métodos de registracion en aplicaciones médicas.

El DSC mide la superposicion entre dos segmentaciones y proporciona un
valor que refleja cudn similar es una segmentacion respecto a la otra. La HD
computa la maxima distancia entre los bordes de las segmentaciones, indicando
cuan cerca estan las superficies de sus estructuras anatémicas. Por su parte, la
ASSD calcula la distancia promedio entre las superficies de las segmentaciones,
ofreciendo una medida de la desviacion promedio entre las superficies registra-
das.

2.3.4 Resultados

2.3.4.1. Funcionamiento de las restricciones anatomicas

En primer lugar, se realiz6 un experimento para entender la complementarie-
dad entre los términos de restricciones anatémicas locales (£..) y globales (L..).
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Figura 2.2: Comparacion de restricciones anatdmicas mediante la modificacién
de un conjunto de pixeles en mascaras aleatorias de JSRT para crear versiones
anatémicamente plausibles (a) y no plausibles (b, c, d). Notas que el término de
pérdida global, £,., es significativamente menor en casos plausibles, mientras
que el local, £L.., se mantiene constante en todos los casos.

Para ello, se utilizaron mascaras de segmentacion construidas ad-hoc, en esce-
narios realistas y no realistas. Se seleccionaron segmentaciones del conjunto de
datos JSRT y se crearon variantes modificadas alterando un nimero constante
de pixeles para modificar regiones de los pulmones y el corazén, abarcando di-
ferentes grados de realismo. Luego, se analizé como respondia cada término de
la funcién de pérdida frente a estos casos de deformacion.

La Figura 2.2 muestra los resultados obtenidos con cada término de la funcion
de pérdida, al comparar la segmentacion de referencia con diversas versiones
anatémicamente plausibles y no anatémicamente plausibles. Por un lado, se evi-
dencia que la componente de pérdida local (£..) se mantiene constante en todos
los casos dado que la cantidad de pixeles que no coinciden con la mascara de
referencia es siempre la misma, sin verse afectada por la ubicacién de los pixe-
les modificados. En contraste, la componente de pérdida global (£,.) aumenta
significativamente en los casos no plausibles en comparaciéon con los casos mas
plausibles. Estos resultados indican que tanto las restricciones anatémicas lo-
cales como globales son fundamentales en el proceso de registracion. Mientras
que L. se mantiene constante independientemente del grado de plausibilidad en
la imagen, la sensibilidad de £,. ante las alteraciones de la anatomia da muestra
de su capacidad para distinguir entre casos plausibles y no plausibles, comple-
mentando asi a £.., definida a nivel de pixel.

2.3.4.2. Comparacion de métodos de registracion

En la Tabla 2.2 se presentan los resultados cuantitativos de DSC, HD y ASSD
en las segmentaciones de pulmén y corazéon. E1 DSC varia en entre 0 y 1, donde



17 2.3. EXPERIMENTOS Y RESULTADOS

1 indica una correspondencia perfecta. Por otro lado, HD y ASSD son medidas
de distancia, donde valores mas pequeinos indican una mejor alineacién. Los re-
sultados de HD y ASSD para los conjuntos de datos JSRT y Montgomery estan
expresados en milimetros, mientras que para Shenzhen se expresan en pixeles.

Los resultados muestran que los métodos de registracion que incorporan seg-
mentaciones (CE-RegNet, AE-RegNet y AC-RegNet) superan significativamente
a los modelos de referencia (SimpleElastix y RegNet) en todas las métricas y
conjuntos de datos, lo cual subraya la importancia del contexto anatémico en
modelos de registracion, en contraposicion a analizar las imdgenes tinicamente
en funcién de las intensidades de los pixeles. Ademas, entre los métodos que
incorporan segmentaciones, se destaca que la combinacion de restricciones lo-
cales y globales (AC-RegNet) supera a los enfoques individuales (CE-RegNet y
AE-RegNet). Esto demuestra que combinar ambas pérdidas aumenta la capaci-
dad del modelo para capturar tanto detalles locales como informacion global, lo
que se traduce en registraciones de mejor calidad.

Base de datos Método DSC HD ASSD
AC-RegNet 0.943 (0.020) 17.973 (7.356) 3.340 (1.210)
JSRT AE-RegNet 0.934 (0.021) 19.464 (8.277) 3.846 (1.320)
CE-RegNet 0.925 (0.025) 21.973 (8.966) 4.466 (1.553)
RegNet 0.809 (0.085) 42.177 (19.751) 11.229 (5.035)
SimpleElastix 0.846 (0.087) 35.713 (18.180) 9.028 (5.050)
AC-RegNet 0.953 (0.017) 14.963 (7.910) 2.645 (0.957)
Montgomery AE-RegNet 0.947 (0.019) 16.880 (8.621) 2.981 (1.167)
CE-RegNet 0.929 (0.027) 33.425 (22.813) 4.349 (1.945)
RegNet 0.869 (0.052) 45.152 (35.702) 8.078 (5.002)
SimpleElastix  0.879 (0.073) 42.504 (27.480) 7.136 (5.130)
AC-RegNet 0.931 (0.027) 277.386 (182.207) 31.738 (15.891)
Shenzhen AE-RegNet 0.924 (0.032) 285.549 (179.823) 34.452 (18.259)
CE-RegNet 0.908 (0.039) 325.958 (201.213) 42.845 (23.560)
RegNet 0.830 (0.073) 410.012 (225.783) 73.758 (35.849)
SimpleElastix 0.883 (0.058) 353.562 (217.423) 51.978 (30.299)

Tabla 2.2: Resultados cuantitativos en registracion de imagenes de rayos X. Me-
dia y desviacion estandar de DSC (1), HD (}) y ASSD ({) en JSRT, Montgomery y
Shenzhen. AC-RegNet, que combina restricciones anatémicas locales y globales,
supera a los métodos de referencia (SimpleElastix y RegNet) y a los enfoques con
restricciones individuales (CE-RegNet y AE-RegNet).

La Figura 2.3 complementa los resultados cuantitativos con ejemplos visuales
que ilustran los efectos de la regularizacion de AC-RegNet en comparacion con
otros métodos de registracién. En los tres ejemplos, se destaca especialmente
la habilidad del método para capturar y preservar la forma en las regiones in-
feriores de ambos pulmones, resaltadas en colores, donde otros métodos como
SimpleElastix y RegNet fallan al generar deformaciones excesivas en estos orga-
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nos o al no lograr una alineacion del todo realista, como es el caso de CE-RegNet
y AE-RegNet.

2.3.4.3. Aplicaciones en analisis de imagenes de rayos X

El modelo AC-RegNet se validé también en tareas de andlisis de imagenes
médicas con la base de datos Chest-XRayl14 (Wang et al. 2017). Esto incluyé
segmentacién multi-atlas (Iglesias & Sabuncu 2015), estimacién de la calidad
mediante RCA (del inglés Reverse Classification Accuracy)(Valindria et al. 2017)
y clasificacion de patologias.

En la tarea de segmentacion, AC-RegNet se integré en un modelo de segmen-
tacion multi-atlas segun la metodologia descrita en (Mansilla & Ferrante 2018).
Se usé un conjunto de imagenes de entrenamiento con segmentaciones de refe-
rencia (en nuestro caso, JSRT). Para cada imagen de entrada, se seleccioné un
grupo de imagenes similares (el multi-atlas) del conjunto de entrenamiento, cu-
yas segmentaciones se registraron y fusionaron para producir la segmentacion
final.

El método RCA se utilizé para evaluar la calidad de las segmentaciones ob-
tenidas. AC-RegNet se incorpord en un modelo single-atlas compuesto por una
imagen y su correspondiente segmentacién predicha, que aplicé un proceso in-
verso para estimar el coeficiente Dice de las mdascaras anatomicas, siguiendo el
método propuesto en (Valindria et al. 2017). Esto permitié obtener un indice pa-
ra estimar la calidad de una segmentacion. Después de una inspeccion visual, se
establecio un umbral de 0.92. La Figura 2.4 muestra la distribucién de valores de
Dice obtenidos mediante RCA junto con ejemplos visuales de mdascaras de seg-
mentacién por debajo y por encima del umbral minimo de calidad. En la Seccién
5 del Anexo A se proporcionan detalles sobre la aplicacién de AC-RegNet para
deteccion de patologias.
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Figura 2.3: Resultados cualitativos en registracion de imagenes de rayos X. Sour-
ce y Target representan las imagenes mévil y fija, respectivamente. Los circulos
azules y rojos destacan areas de interés de la anatomia toracica cuya estructura
se conserva mejor con AC-RegNet, en comparaciéon con SimpleElastix y RegNet,
y los demas métodos que usan segmentaciones (CE-RegNet y AE-RegNet).
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Figura 2.4: Estimaciones de Dice mediante RCA para las segmentaciones predi-
chas de Chest-XRay14. Un umbral de 0.92, establecido después de una inspec-
cion visual, decide si una segmentacién cumple (en verde) o no (en rojo) con los
estdndares minimos de calidad.



21

Capitulo 3

Generalizacion de dominio

El capitulo anterior estuvo centrado en mejorar el realismo y la plausibilidad
anatomica en modelos de registracién de imagenes biomédicas, enfrentando asi
el primer desafio de esta tesis. En este nuevo capitulo, se aborda el segundo de-
safio: la construccion de modelos robustos frente a los cambios de dominio. Espe-
cificamente, se estudia la robustez en el contexto de generalizacion de dominio
(DG, por sus siglas en inglés) para clasificadores de imagenes. En particular, se
aborda el problema de generalizacién de dominio con multiples origenes, donde
se dispone de varios dominios diferentes durante el entrenamiento, y el objetivo
es lograr que los modelos puedan generalizar a un dominio nunca antes visto. La
Figura 3.1 muestra ejemplos de tres bases de datos multidominio diferentes. En
el caso de la base de datos PACS (Li et al. 2017), por ejemplo, el problema podria
ser entrenar con imagenes de los dominios artistico (Art), animaciones (Cartoon)
y fotografias (Photos), y que luego generalice para poder clasificar imadgenes de
tipo boceto (Sketch). Este ejemplo evidencia la dificultad del problema.

Aqui se presenta un nuevo método al que se denomina cirugia de gradientes,
que busca mitigar el efecto del cambio de dominio fomentando el acuerdo entre
los gradientes asociados a cada uno de ellos durante el entrenamiento de una
red neuronal. Las dos propuestas de cirugia de gradientes, llamadas Agr-Sum y
Agr-Rand, se evaltian en escenarios de clasificacion de imagenes con diversos do-
minios y se comparan con distintos enfoques del estado del arte. Los resultados
obtenidos respaldan la validez y la eficacia de la técnica de cirugia de gradientes
como estrategias para afrontar los desafios de generalizaciéon en entornos con
maultiples dominios.

3.1 Antecedentes

Generalizacion de dominio. En la literatura se pueden encontrar diversas
estrategias para afrontar los retos inherentes a la DG en el ambito del apren-
dizaje automatico. Un grupo de métodos se basa en la idea de entrenar un
clasificador especifico para cada dominio de origen y luego fusionarlos de
manera 6ptima, evaluando la similitud entre los dominios origen y los datos del
dominio destino (Xu et al. 2014, Mancini et al. 2018). Otras estrategias buscan
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Figura 3.1: Ejemplos de tres bases de datos multidominio para clasificacién de
imagenes: PACS (Li et al. 2017), VLCS (Fang et al. 2013) y Office-Home (Venka-
teswara et al. 2017). El propdsito de la generalizacion de dominio es entrenar un
modelo que pueda clasificar imagenes de dominios no vistos durante el entrena-
miento.

mitigar las disparidades entre dominios mediante técnicas de aumentacién de
datos (Shankar et al. 2018, Carlucci et al. 2019, Volpi et al. 2018). Por otro
lado, existen métodos que exploran la nocién de un conocimiento compartido
entre todos los dominios, el cual puede extraerse de diversas fuentes y trans-
ferirse a nuevos dominios. Algunos estudios buscan aprender representaciones
invariantes al dominio a través de modelos basados en kernel (Muandet et al.
2013), autocodificadores multi-tarea (Ghifary et al. 2015) y redes generativas
adversarias (GANs) (Li, Pan, Wang & Kot 2018). Por ultimo, se han propuesto
métodos que extraen parametros independientes del dominio para abordar la
generalizacién, empleando modelos lineales de maximo margen (Khosla et al.
2012), redes neuronales convolucionales parametrizadas de baja dimensién (Li
et al. 2017) y técnicas de meta-aprendizaje (Li, Pan, Wang & Kot 2018, Dou et al.
2019). A pesar de la diversidad de técnicas propuestas, en muchos casos las
mejoras obtenidas en el rendimiento de la generalizacién son modestas y poco
consistentes, lo cual sigue siendo motivo de investigacion.

Cirugia de gradientes. La cirugia de gradientes hace referencia a una serie
de técnicas que se han introducido para mejorar el proceso de aprendizaje de
modelos de aprendizaje multitarea (MTL, por sus siglas en inglés) mediante la
manipulacién directa de los gradientes especificos de cada tarea durante la opti-
mizacién. MTL tiene como objetivo mejorar el rendimiento de generalizacion al
aprovechar la informacion especifica del dominio de un conjunto de tareas rela-
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cionadas (Caruana 1997). Para lograr esto, las técnicas de MTL suelen entrenar
un Unico modelo de manera conjunta para todas las tareas, asumiendo que existe
una estructura compartida entre ellas que puede ser aprendida. En la préactica,
entrenar un modelo que pueda resolver multiples tareas es dificil, ya que se re-
quieren estrategias adecuadas para equilibrarlas y controlarlas eficazmente.
En el &mbito de la cirugia de gradientes en MTL se destacan algunas contri-
buciones. Chen et al. (2018) introducen el algoritmo GradNorm, disefiado para
balancear la contribucion de cada tarea ajustando las magnitudes de los gradien-
tes de cada una. El trabajo de Yu et al. (2020) aborda el problema de gradientes
conflictivos, donde los gradientes de diferentes tareas se dicen conflictivos cuan-
do senalan en direcciones opuestas, es decir que presentan una similitud coseno
negativa. El método propuesto, PCGrad, aborda este problema proyectando el
gradiente de una tarea sobre la componente normal del gradiente de la otra ta-
rea. En (Wang et al. 2020) se propone GradVac, que es una generalizacion de
PCGrad que introduce un método de similitud de gradientes adaptativo, lo que
permite establecer objetivos individuales de similitud de gradientes para cada
par de tareas. Este enfoque busca aprovechar de manera mas efectiva las corre-
laciones entre las tareas en el contexto de MTL. En este trabajo, desarrollamos
un método que puede considerarse en el marco de trabajo de la cirugia de gra-
dientes, con aplicacién a DG. Ademads, proponemos nuevas estrategias para la
deteccion de conflictos y la generacion de acuerdos entre gradientes.

3.2 Métodos propuestos

3.2.1 Definicion del problema

En el escenario de generalizacion de dominio para clasificacién de imagenes,
se cuenta con un conjunto de entrenamiento compuesto por N dominios origen,

cada uno representado por un conjunto de datos D; = {(xgi), y§i))}?4:i1 que contiene

M; ejemplos etiquetados. El objetivo es aprender un modelo f (xg?);e) con para-

metros 6 capaz de predecir la etiqueta de clase gjj(.’) para el dato de entrada xg-z),
logrando un rendimiento competitivo en todos los dominios origen y, simultanea-
mente, generalizando de manera efectiva a un dominio destino no visto durante
el entrenamiento.

En el caso mas simple, al entrenar una red neuronal con imagenes provenien-
tes de multiples dominios pero sin contemplar ningin método de generalizacién
en particular, la funcién de pérdida £(6) puede ser descripta como la pérdida
promedio sobre los N dominios origen, expresada como
Soe(fl:0),57) + AR(0). (3.1)
=1

J]=

1 1L 1
L£(0) =+ > Li(0) + AR(0) = ¥ > i
i=1 i=1 ¢

En esta funcion, £;(0) representa la pérdida asociada al i-ésimo dominio, calcula-
da como la pérdida promedio sobre sus M; ejemplos etiquetados. La funcién (-, -)
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es una funcién de pérdida de clasificacion (por ejemplo, la entropia cruzada), me-
diante la cual se mide el error entre la etiqueta predicha y la etiqueta correcta.
R(-) representa el término de regularizacion que se incorpora para prevenir el
sobreajuste, y el parametro \ controla la influencia de este término en la funcién
de pérdida. El problema de optimizacién consiste en encontrar los parametros
6ptimos § mediante la minimizacién de la funcién de pérdida regularizada.

Una vez que el modelo ha sido entrenado en los N dominios origen, el modelo
resultante con los pardmetros aprendidos § se evalia en un dominio destino no
visto, cuyos datos pueden provenir de una distribucion diferente a la de los datos
de entrenamiento. Este escenario permite evaluar la capacidad del modelo para
generalizar efectivamente a nuevos entornos, lo cual es crucial para su utilidad
en aplicaciones del mundo real.

3.2.2 Generalizacion de dominio con cirugia de gradiente

El método de cirugia de gradientes propuesto es una operacion no lineal que
se basa en el signo de las componentes de los gradientes asociados a cada do-
minio. Su objetivo es modificar el procedimiento convencional del descenso por
gradiente en mini-batches (SGD, por sus siglas del inglés Stochastic Gradient
Descent) utilizado para optimizar la funcién objetivo (3.1), mediante la inclusion
de una fase de cirugia de gradientes que se aplica antes de actualizar los pesos
de la red neuronal.

En la estrategia tradicional de optimizacién, se extraen mini-batches de da-
tos de cada dominio, se calculan los gradientes y se promedian para obtener el
gradiente principal. Sin embargo, esta practica puede llevar a un deterioro del
rendimiento del modelo debido a la pérdida de informacion especifica de los do-
minios, ya que los gradientes promediados pueden apuntar en una direcciéon que
no beneficia a todos los dominios por igual (ver Figura 3.2). Por el contrario, la
propuesta busca ajustar los paradmetros del modelo # mediante modificaciones en
las actualizaciones de los gradientes, orientdndolos en una direccién que mejore
el acuerdo entre todos los dominios. Para reducir el impacto de los gradientes
en conflicto, se presentan dos estrategias distintas: asignarles cero (Agr-Sum)
o asignarles un valor aleatorio (Agr-Rand). El Algoritmo 1 proporciona una guia
para la implementacion de la cirugia de gradientes en el contexto de generaliza-
cién de dominio.

3.2.3 Estrategias de consenso

Tal como lo describe el Algoritmo 1, en cada iteracion del gradiente descen-
diente con cirugia de gradientes, el primer paso consiste en computar los gra-
dientes locales para mini-batches provenientes de cada dominio origen ¢ =
VoL;(0). Posteriormente, se procede a medir el acuerdo entre los gradientes de
los diferentes dominios de origen, para lo cual se define una funcién de acuerdo
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Figura 3.2: Ilustracion de la cirugia de gradientes. Esta estrategia busca promo-
ver el acuerdo entre los gradientes de los distintos dominios en una direccién
beneficiosa para la tarea. De esta forma, se mejora el rendimiento general del
modelo en dominios nunca vistos a partir de priorizar el aprendizaje en la direc-
cion de los gradientes que son comunes a todos los dominios de entrenamiento.

Algoritmo 1: Cirugia de gradientes para generalizacién de dominio

Datos: Conjunto de dominios origen de entrenamiento D = {Dy, Do, ...
Resultado: Modelo con pardmetros aprendidos 6
Inicializar pardmetros del modelo 6;
mientras No se cumple el criterio de convergencia hacer
para cada dominio D; hacer
Extraer un mini-batch de datos de D;;
Realizar el pase hacia adelante y calcular la pérdida £;;
Calcular el gradiente ¢¥) = V,£;(f) mediante retropropagacion;

Calcular el gradiente de consenso ¢* aplicando cirugia de gradientes
con ¢V, ..., ¢N) segun la estrategia elegida (Agr-Sum o Agr-Rand);
| Actualizar los pardmetros 6 usando g¢*;

7DN}

Evaluar el modelo con pardmetros 6 en los datos del dominio destino;
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; (1) (N)
1, sisgn =..=8gn

0, en otro caso,

donde sgn(-) es la funcion signo y g,(j) denota la componente k del gradiente
asociado al dominio origen D;. La funcién de acuerdo de gradientes & veri-
fica elemento por elemento si los signos de las componentes del gradiente
coinciden. Cuando todas las componentes tienen el mismo signo para un k
dado, devuelve 1; si hay alguna diferencia, devuelve 0. En otras palabras,
¢ : R" x ... x R" — {0,1}" toma un conjunto de N vectores de gradientes como
entrada y devuelve un nuevo vector binario del mismo tamafio n. El tamano
total de los vectores de gradientes estd dado por el nimero de parametros de
la red neuronal, es decir, n = |f|. De esta forma, ® actia como una funcion in-
dicadora componente a componente, donde 1 indica acuerdo y 0 indica conflicto.

El paso siguiente es definir el valor de cada componente para el gradiente de
consenso g*, que se utilizard para actualizar los pardmetros del modelo 4. Para
este propdsito, se proponen dos reglas diferentes segun el valor devuelto por
Dy.

Agr-Sum. El valor de la componente %k de g* se define a partir de la regla

= g, siep=1 (3.3)
7o, si &y = 0.

En esta funcién, ®, = 1 indica que el componente k del gradiente coincide en
todos los dominios, por lo que se procede a sumar los valores correspondientes.
En cambio, cuando ®, = 0, no hay acuerdo y el conflicto se resuelve asignandole
cero. De esta manera, se evita actualizar los pesos neuronales cuando no hay
consenso, reduciendo la cantidad de interferencia perjudicial de gradientes
entre dominios.

Agr-Rand. Utiliza el mismo enfoque que Agr-Sum para identificar conflictos,
pero difiere en la manera en que se resuelven. Cuando hay un acuerdo entre las
componentes del gradiente (es decir, cuando ¢, = 1), se suman las contribuciones
de las diferentes componentes. Sin embargo, en situaciones de conflicto (cuando
@, = 0), Agr-Rand asigna valores muestreados de una distribucién normal. Esto
puede expresarse como

gk = B 9 . (3.4:)
gy ~N(0,0%), si®,=0.

Esta estrategia busca evitar que determinados pesos queden inactivos al asig-
narles siempre cero. La distribuciéon normal que se utiliza tiene media cero y su
varianza o? se determina por el valor absoluto medio de las componentes del
gradiente que acuerdan. De esta manera, Agr-Rand asigna valores aleatorios
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positivos o negativos, pero muestreados dentro un rango controlado de valores
posibles de gradiente.

3.3 Experimentos y resultados

3.3.1 Bases de datos

Los métodos propuestos se validaron en el ambito de la clasificacién de image-
nes multiclase con multiples dominios. Se seleccionaron tres conjuntos de datos
de acceso publico ampliamente reconocidos en la literatura para evaluar el ren-
dimiento de los modelos de generalizacién: PACS (Li et al. 2017) (4 dominios:
Art (A), Cartoon (C), Photo (P), Sketch (S); 7 clases), VLCS (Fang et al. 2013)
(4 dominios: Caltech101 (C), LabelMe (L), SUNO09 (S), VOC2007 (V); 5 clases)
y Office-Home (Venkateswara et al. 2017) (4 dominios: Art (A), Clipart (C), Pro-
duct (P), Real-World (R); 65 clases). La diversidad de dominios presentes en estos
conjuntos ofrece un contexto adecuado para evaluar la robustez y capacidad de
generalizacion de nuestros métodos en situaciones comparables a las del mundo
real. En tales situaciones, la variabilidad en términos de contenido, estilo visual
y caracteristicas como la iluminacion y la escala de las imagenes, puede tener
un impacto significativo. Para obtener mas detalles sobre las especificaciones de
cada conjunto de datos, consultar la Seccién 4.1 del Anexo B.

3.3.2 Métodos de comparacion

Se implementaron dos métodos de referencia, originalmente propuestos para
otros propdsitos, junto con cuatro métodos especificos del campo de DG para
comparar.

» Métodos de referencia:

* Deep-All: un método que sigue el procedimiento estdndar de SGD para
minimizar la suma de los errores a lo largo de todos los ejemplos y do-
minios. Representa el enfoque tradicional de promediar los gradientes
de los dominios.

* PCGrad (Yu et al. 2020): es el método de cirugia de gradientes para
aprendizaje multitarea (MTL) adaptado al contexto de DG. Con PCGrad,
calculamos la similitud coseno entre los gradientes de dos dominios vy,
si se obtiene un valor negativo, reemplazamos un gradiente proyectan-
dolo sobre el plano normal del otro gradiente.

» Métodos del estado del arte:

* IRM (Arjovsky et al. 2019): este enfoque busca encontrar una represen-
tacion que sea consistente entre diferentes dominios, de forma que un
clasificador lineal construido sobre esta representacion sea el mismo
(o similar) en todos los dominios.
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* MLDG (Li, Yang, Song & Hospedales 2018): utiliza el paradigma de
meta-aprendizaje para ensenarle al modelo a adaptarse a nuevos domi-
nios.

e Mixup (Yan et al. 2020): es una técnica de aumentacion de datos que
consiste en realizar interpolaciones lineales entre pares de ejemplos de
diferentes dominios y sus respectivas etiquetas.

* GroupDRO (Sagawa et al. 2019): es un método de optimizacion que
busca aumentar la importancia de los dominios en los que se cometen
mas errores durante el entrenamiento.

Los detalles precisos sobre la implementacién de estos modelos y las arqui-
tecturas de CNNs utilizadas se incluyen en la Seccion 4.2 del Anexo B.

3.3.3 Resultados

3.3.3.1. Gradientes en contextos multidominio

Se exploro el comportamiento de los gradientes en situaciones donde un mo-
delo era entrenado con datos de multiples dominios. La hipdtesis de partida para
nuestro método sugeria que los gradientes pueden contener informacién espe-
cifica de algin dominio, que no es relevante para los demas. En consecuencia,
si no se aplicaban técnicas para abordar los conflictos entre gradientes, se espe-
raba que el rendimiento del modelo se viera afectado tanto en los dominios de
entrenamiento como en el dominio de prueba.

Para verificar esta hipdtesis, se calculé la similitud coseno entre los gradien-
tes individuales dentro de cada dominio (intra-domain) y entre dominios diferen-
tes (inter-domain) en cada iteracion de entrenamiento, utilizando la misma canti-
dad de clases para asegurar que la Unica fuente de diferencias fuera el dominio.
La Figura 3.3 presenta los resultados de este experimento en los conjuntos de
datos PACS, VLCS y Home-Office, considerando una seleccién de tres dominios
para realizar cada entrenamiento. En todos los casos, se observa que los gra-
dientes mostraban una mayor similitud dentro de los dominios que entre ellos.
Los valores de la curva roja, que indican la similitud entre gradientes de diferen-
tes dominios, son mas altos que los valores de la curva azul, que representan la
similitud entre gradientes dentro del mismo dominio.

Este experimento confirmo que los pares de gradientes provenientes de dife-
rentes dominios contenian méas informacién conflictiva que los gradientes dentro
del mismo dominio, lo cual da sustento a la propuesta de reducir estos conflictos
para mejorar el rendimiento de los modelos en dominios no vistos.

3.3.3.2. Comparacion de métodos de generalizacion

La capacidad de los métodos de cirugia de gradientes propuestos para mejo-
rar la generalizacién a dominios no vistos se evalu6 utilizando la estrategia de
leave-one-domain-out (LODO). En cada iteraciéon de LODO, se entrend un modelo
con tres dominios, y posteriormente, se midid la exactitud de las predicciones en
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Figura 3.3: Similitud coseno de gradientes multidominio. Durante el entrena-
miento se mide la similitud utilizando tres dominios diferentes de PACS, VLCS y
Office-Home. La curva roja representa la similitud entre gradientes de diferentes
dominios, mientras que la curva azul refleja la similitud entre gradientes dentro
del mismo dominio.

los datos del dominio no visto. Este procedimiento se repitié 20 veces, utilizando
distintas semillas de inicializacién para los parametros de los modelos.

Los resultados numéricos obtenidos en PACS, VLCS y Office-Home se deta-
llan en la Tabla 3.1. En lineas generales, los métodos de cirugia de gradientes
muestran un rendimiento superior en la mayoria de los casos considerados. Es-
pecificamente, Agr-Sum y Agr-Rand mejoran significativamente en 7 de los 12
casos, especialmente en PACS y Office-Home. Al analizar el rendimiento con el
método Deep-All, se destaca que la modificacion de gradientes supera a la estra-
tegia tradicional de simple promedio. Ademas, se puede decir que la cirugia de
gradientes se desempena de manera mas efectiva en escenarios donde el cambio
de dominio es mds pronunciado, como en PACS y Office-Home, en comparacion
con VLCS, donde todas las imagenes son fotografias.

Esta diferencia en el rendimiento sugiere que la eficacia de la cirugia de gra-
dientes puede depender de la complejidad del cambio de dominio y la dificultad
inherente de la tarea. La capacidad de los métodos para gestionar conflictos de
gradientes parece tener un impacto mas significativo en situaciones donde las
caracteristicas especificas del dominio presentan mayor variabilidad, destacan-
do la importancia de adaptar las estrategias de generalizacién de dominio segin
la naturaleza de los conjuntos de datos. Estos mismos resultados se representan
graficamente mediante diagramas de caja (boxplots). Para mas detalles, consul-
tar la Seccion 4.4 del Anexo B.
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Dominios Referencia Cirugia de Gradientes Estado del arte

Conjunto de datos Origen Destino Deep-All Agr-Sum Agr-Rand PCGrad IRM MLDG Mixup GroupDRO
C,PS A 55.98 (1.75) 58.13 (1.65)* 56.51 (1.48) 55.70 (2.02) 54.59 (1.98)* 55.88 (1.92) 55.88 (1.65) 54.96 (1.55)
PACS APS C 57.80 (2.21) 61.52 (1.21)*  60.99 (1.55)* 57.47 (1.79) 57.72(2.37)  57.99 (2.14) 58.08 (1.95) 58.36 (2.32)
ACS P 86.87 (1.22) 86.18 (1.09) 86.41 (1.25) 86.47 (1.25) 86.30 (1.23) 86.63(1.14) 84.55(1.76)*  86.63 (1.03)
ACP S 54.90 (3.28) 57.35 (3.29)*  57.27 (2.97)* 55.46 (2.91) 53.86 (4.22) 55.18 (4.24) 50.81 (4.08)*  53.21 (3.70)

Avg. 63.89 65.80 65.30 63.77 63.12 63.92 62.33 63.29
LSV [} 92.40 (1.81) 93.00 (0.94) 93.14 (1.28) 93.23 (1.50) 93.29 (1.61) 93.18(1.45) 92.54 (1.96) 92.44 (1.23)
VLCS CSV L 58.78 (1.07) 59.30 (1.07) 59.02 (1.12) 58.56 (1.17) 59.22 (1.49) 58.55(1.11) 59.02 (1.12) 58.40 (1.04)
CLV S 63.96 (1.63) 62.98 (1.85)* 62.50 (1.68)* 63.89 (1.25) 64.16 (1.87) 64.11 (1.70) 64.98 (1.40) 64.11 (1.17)
CL,S \% 67.49 (1.49) 67.15 (1.10) 67.15(1.58)  68.14 (0.97) 67.57 (1.41) 67.10 (1.07) 67.68 (1.38) 67.08 (1.53)

Avg. 70.66 70.61 70.45 70.96 71.06 70.74 71.06 70.51
CPR A 33.84 (1.14) 35.32 (1.02)* 35.75 (0.86)*  33.82 (1.12) 33.07 (1.28) 33.73 (1.55) 35.69 (1.51)* 33.25(1.55)
Office-Home APR [} 34.99 (1.37) 36.13 (0.88)* 36.12 (0.88)* 34.94 (1.18) 34.34 (1.07) 35.10(1.08) 35.74 (0.87) 35.27 (0.95)
A,CR P 54.06 (0.95) 54.22 (1.06) 54.22 (1.06) 54.49 (1.30) 52.16 (1.26)* 54.85(1.03) 55.20 (1.02)* 54.28 (0.97)
ACP R 55.95(0.89) 58.29 (0.78)*  57.95 (0.70)* 55.71(0.84)  54.81 (0.89)* 56.27 (0.98) 57.33 (0.86)*  55.84 (0.88)

Avg. 44.71 46.09 46.01 44.74 43.59 44.99 45.99 44.66

Tabla 3.1: Evaluacion de métodos de generalizacion de dominio mediante valida-
cién cruzada leave-one-domain-out. Se reporta la exactitud (media y desviacién
estandar) de cada método en diferentes iteraciones de la validacién cruzada,
considerando 20 repeticiones con distintas semillas de inicializacién para los pa-
rametros de los modelos. (*¥) indica una diferencia estadisticamente significativa
con respecto a Deep-All.

3.3.3.3. Cirugia de gradientes en escenarios controlados

Con el objetivo de reforzar las conclusiones obtenidas en esta investigacion,
se disenid un experimento destinado a profundizar en la interpretacion de los
resultados obtenidos previamente. El principal propésito era determinar si las
mejoras logradas mediante la aplicacion de la cirugia de gradientes se debian
realmente al acuerdo de gradientes entre dominios o si simplemente eran un
efecto de regularizacién derivado de la propia técnica. Se comparo el rendimien-
to entre modelos entrenados con cirugia de gradientes utilizando tres dominios
diferentes (es decir, tal como es el método propuesto), versus modelos entrena-
dos con la misma técnica pero usando imagenes de un Unico dominio, seleccio-
nado al azar en cada iteracion de entrenamiento. La distincién clave estuvo en
el origen de los gradientes durante cada iteracion: si provenian de diferentes
dominios (escenario llamado multi-domain) o si se derivaban del mismo dominio
(escenario llamado single-domain).

Los resultados en el conjunto de datos PACS, representados en la Figura 3.4,
indican diferencias significativas en el rendimiento a favor de Agr-Sum y Agr-
Rand en tres de los cuatro dominios objetivo, cuando el modelo se entrena con
datos de diferentes dominios (multi-domain). Estos hallazgos sirvieron para res-
paldar la conclusion de que el entrenamiento en base al acuerdo de gradientes
entre dominios contribuye de manera efectiva a mejorar la capacidad de gene-
ralizacion a nuevos dominios.
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Figura 3.4: Comparacion de la efectividad de la cirugia de gradientes en PACS. Se
presenta el rendimiento de un modelo de cirugia de gradientes entrenado con
dominios diferentes (multi-domain) en blanco y en grises aquellos entrenados
con dominios iguales (single-domain).
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Capitulo 4

Robustez al sesgo

En el capitulo anterior, se estudid el problema de la robustez frente a cam-
bios de dominio, proponiendo enfoques especificos para abordar el problema de
generalizacién de dominio. En el presente capitulo, se profundiza en la robus-
tez al sesgo en contextos de cambio de dominio y falta de etiquetas asociadas a
la tarea a resolver. En particular, se plantea la necesidad de identificar sesgos
como un componente clave en la construcciéon de modelos robustos capaces de
generalizar y ser equitativos en nuevos dominios. Se propone un método no su-
pervisado, denominado DIPDI (del inglés Demographically-Informed Prediction
Discrepancy Index), que permite medir la propension al sesgo en una poblacion
objetivo sin conocer la salida correcta para cada entrada. Para esto, el indice
se basa en las diferencias entre las salidas de modelos entrenados en diferentes
grupos demograficos. El desemperfio se valida ampliamente en tareas de regre-
sion y clasificacion binaria con datos sintéticos y reales, incluyendo imagenes
médicas y faciales. Los resultados obtenidos verifican la efectividad del DIPDI
para identificar sesgos en las predicciones de los modelos tanto en escenarios
controlados como de cambio de dominio, proporcionando asi una herramienta
prometedora para anticipar sesgos en tareas de aprendizaje profundo donde no
es posible utilizar técnicas supervisadas.

4.1 Antecedentes

Equidad algoritmica. Los modelos de aprendizaje automatico han demostrado
ser susceptibles a mostrar sesgos contra ciertas subpoblaciones definidas en tér-
minos de atributos sensibles como género, edad o raza. Ejemplos de tales sesgos
se pueden encontrar en diversas areas, incluyendo la prediccién de indices de
criminalidad (Angwin et al. 2016), el analisis facial (Buolamwini & Gebru 2018)
y la atencién médica (Chen et al. 2019, Ricci Lara et al. 2022). Los factores que
contribuyen a modelos sesgados pueden incluir los datos utilizados para entre-
namiento y evaluacion, asi como las decisiones tomadas durante el proceso de
desarrollo (Suresh & Guttag 2019).

Los métodos tradicionales para identificar sesgos en modelos de aprendizaje
implican analisis de subgrupos y experimentos controlados donde tanto los me-
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tadatos demograficos como las etiquetas objetivo estan disponibles (Larrazabal
et al. 2020, Buolamwini & Gebru 2018, Glocker et al. 2021). El rendimiento del
modelo en grupos demograficos suele evaluarse mediante una o mdas meétricas
(Corbett-Davies & Goel 2018) con la suposicion implicita de que la presencia
o ausencia de sesgos durante el desarrollo serad representativa del comporta-
miento de estos modelos cuando se apliquen a datos no vistos previamente.
Sin embargo, recientemente se han realizado hallazgos que advierten sobre los
riesgos de esta suposicion. El trabajo de Schrouff et al. (2022) estudi6é como las
propiedades de equidad se transfieren a través de cambios en la distribucién en
aplicaciones de atencién médica del mundo real, cuando los datos son sometidos
a un cambio en la distribucion dado por la ubicaciéon geografica o las caracteris-
ticas demograficas de la poblacidn. En el estudio, se observo que un sistema que
no muestra fuertes sesgos en la poblacién de origen, puede comenzar a hacerlo
cuando cambia la poblacion objetivo. Esto es particularmente preocupante en
aplicaciones como la atencién médica, donde la recopilacién de anotaciones
de expertos en grandes conjuntos de datos puede ser costosa y lleva tiempo
(Ricci Lara et al. 2022), lo que significa que en ciertos casos puede que no se
calculen las métricas de equidad que requieren etiquetas, resultando en sesgos
que pasan desapercibidos.

Sesgos en datos no etiquetados. La suposicion implicita de que la evaluacién
de un modelo durante el desarrollo es representativa de su comportamiento en la
implementacion no es Unica de los estudios de equidad. De hecho, anticipar si un
modelo fallara sistematicamente o no cuando las etiquetas no estan disponibles
es un tema de interés actual en el campo, y una forma de abordar este problema
es examinar la incertidumbre predictiva (Gal et al. 2016). Intuitivamente, si un
modelo bien calibrado realiza sistematicamente predicciones altamente incier-
tas para ciertos individuos, es probable que estas predicciones tengan una tasa
de falla mas alta para esos casos. En este contexto, recientemente se ha analiza-
do la relaciéon entre equidad e incertidumbre, postulando que las estimaciones
de incertidumbre pueden utilizarse para obtener modelos mas justos, mejorar
la toma de decisiones y generar confianza en los sistemas automatizados (Bhatt
et al. 2021). Por ejemplo, Lu et al. (2021) analizaron como se pueden utilizar mé-
todos alternativos de estimacién de incertidumbre para evaluar disparidades en
subgrupos en el andlisis de imagenes de mamografia, mientras que Stone et al.
(2022) aprovecharon las estimaciones de incertidumbre epistémica para mitigar
sesgos en grupos minoritarios durante el entrenamiento. El trabajo de Dusen-
berry et al. (2020) discute el papel de la incertidumbre en modelos predictivos
para registros electrénicos de salud (EHR, del inglés Electronic Health Records)
y muestra como puede cambiar en diferentes subgrupos de pacientes en térmi-
nos de etnia, género y edad, considerando enfoques bayesianos y de ensamble
profundo para la estimacion de incertidumbre. En este trabajo, se propone un
enfoque para determinar cuando una determinada tarea es propensa a sesgarse
respecto a un atributo demografico especifico, por medio del andlisis de la in-
consistencia entre las salidas de modelos que fueron entrenados en poblaciones
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especificas.

4.2 Meétodos propuestos

4.2.1 DIPDI: un indice para anticipar problemas de sesgo

El método propuesto, denominado DIPDI (del inglés Demographically-
Informed Prediction Discrepancy Index), mide la propension al sesgo de una ta-
rea especifica en una poblacion determinada. Este enfoque se basa en analizar
la discrepancia entre las salidas de modelos predictivos entrenados en conjuntos
de datos con diferentes atributos demograficos.

Para construir el DIPDI, se pueden considerar inicialmente dos conjuntos de
modelos predictivos, A = {41, A2} y B = { By, B2}, junto con una poblacién objetivo
representada por un conjunto de datos no etiquetados, D. El valor del indice se
define como

Np (A1, Bi)Np(Asz, Bs)
Np(Ay, Ao)Np(B1,Bs) |

Op(A, B) = log (4.1)

En esta expresion, Np(-,-) es una funcién de discrepancia promedio de salidas que
recibe dos modelos de entrada y devuelve un nimero que refleja las diferencias
entre las salidas de los modelos, promediada sobre todos los datos de la poblacién
D. Matematicamente, esta funcién se define como

N (M, My) = 1’ S d(Mi (%), Ma(x;,)). (4.2)

D|
X, €D

Las entradas, representadas por x;, podrian ser imagenes u otros tipos de datos.
En el mismo sentido, los modelos M; y M, podrian ser modelos de regresién o
de clasificacion. La funcién d(-,-) es una funcion de discrepancia especifica de
la tarea y se evalua para cada instancia x;. Esta funcién debe ser no negativa y
simétrica para permitir evaluar de manera consistente la similitud o diferencia
entre las salidas de los modelos. En el caso de problemas de regresion, esta fun-
cién podria adoptar la forma de error absoluto o cuadratico, permitiendo cuan-
tificar las diferencias entre los valores continuos predichos por ambos modelos
para el dato x;,. En cambio, en tareas de clasificacién, podria emplearse la diver-
gencia de Jensen-Shannon para medir las diferencias entre las distribuciones de
probabilidad de clase predichas por ambos modelos. Este enfoque permite eva-
luar la similitud o diferencia entre las salidas de los modelos, adaptandose a las
particularidades de la tarea en cuestion.

En el Apéndice A del Anexo C se proporciona la formulaciéon general del DIPDI
para conjuntos de datos que contienen mas de dos modelos, junto con un andlisis
tedrico de la relacién entre los sesgos y las discrepancias de salida capturadas
por el indice.
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4.2.2 Aplicacion del DIPDI

La Ec. 4.1 compara la discrepancia entre modelos pertenecientes a conjun-
tos diferentes (numerador) con la discrepancia entre modelos pertenecientes al
mismo conjunto (denominador). Segun esta formulacién, los valores mas eleva-
dos de ®p(A, B) sugieren una mayor propension al sesgo en las predicciones de
los modelos evaluados en la poblacion objetivo D. En escenarios en donde se
emplean conjuntos de modelos menos sesgados con respecto a atributos prote-
gidos, como género, edad o raza, op(A, B) tiende a aproximarse a 0, dado que la
discrepancia entre las salidas para modelos dentro del mismo conjunto es similar
a la de modelos en conjuntos diferentes. No obstante, ®p(A, B) serd mayor que 0
cuando la discrepancia entre las salidas de modelos provenientes de conjuntos
diferentes sea mayor que la discrepancia para modelos provenientes del mismo
conjunto.

Para resaltar la utilidad del DIPDI para identificar y anticipar posibles ses-
gos en modelos predictivos, supongamos que se esta evaluando un modelo de
regresion para predecir la edad de personas en una poblacién D. Para calcular
el DIPDI en relacién al género como variable demografica, se toman dos con-
juntos de modelos: A = {4;, A2}, compuesto por modelos entrenados unicamente
en datos de hombres, y B = {Bj, B2}, compuesto por modelos entrenados solo
en datos de mujeres. Cuando se calcula el DIPDI, Np(A;, By) representa la dis-
crepancia entre los modelos de hombres y mujeres, y Np(A4;, A2) la discrepancia
promedio dentro del conjunto de modelos entrenados en hombres. De manera si-
milar, Np(B;1, By) refleja la discrepancia promedio dentro del conjunto de modelos
entrenados en mujeres. Si, por ejemplo, se obtuviera un valor de ®p(A, B) signifi-
cativamente mayor que 0, indicaria que la discrepancia entre las predicciones de
modelos entrenados en hombres y mujeres es mayor que la discrepancia dentro
de cada conjunto. En este caso, se podria interpretar que existe una mayor va-
riabilidad en las predicciones entre géneros, lo que podria sugerir la presencia
de sesgos (en el sentido de presentar menor rendimiento en uno de los grupos)
relacionados con este atributo protegido en la poblacion evaluada D.

4.3 Experimentos y resultados

4.3.1 Bases de datos

El indice se evalué tanto en experimentos sintéticos como experimentos con
datos reales. En la fase experimental con datos reales, se emplearon varios con-
juntos de datos publicos para evaluar el comportamiento del DIPDI en diferentes
tareas, como regresién de edad y clasificacion binaria. Estos conjuntos de datos
incluyen imagenes médicas y faciales: ChestX-rayl4 (Wang et al. 2017), UTK-
Face (Zhang et al. 2017), IMDB-WIKI (Rothe et al. 2018) y CelebA (Liu et al.
2015). Para obtener mas detalles sobre las bases de datos utilizadas y el disefio
experimental, consultar la Seccion 4.2 del Anexo C.
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Figura 4.1: Ejemplos de conjuntos de datos sintéticos para regresién de edad,
variando las proporciones de muestras de hombres (cruces) y mujeres (circu-
los): 80 % hombres y 20 % mujeres (izquierda), 50 % hombres y 50 % mujeres
(centro), 20 % hombres y 80 % mujeres (derecha). Las etiquetas de edad se ge-
neraron mediante interpolacion lineal y ruido aleatorio uniforme para simular la
incertidumbre en la estimacién de la edad.

4.3.2 Resultados

4.3.2.1. Evaluacion del DIPDI con datos sintéticos

En un estudio inicial, se utilizaron datos sintéticos para evaluar la sensibilidad
del indice en la deteccion de sesgos en modelos de regresion de edad. Se crearon
conjuntos de datos con distribucion normal para simular diferentes proporciones
de grupos demograficos caracterizados por el atributo protegido género, desde
100 % hombres hasta 100 % mujeres. Estos conjuntos de datos fueron utilizados
para entrenar modelos de regresion. Las etiquetas de edad para cada muestra
sintética se generaron mediante interpolacion lineal y se les anadi6 ruido alea-
torio uniforme para simular la incertidumbre en la estimacién de la edad. La
Figura 4.1 muestra algunos ejemplos de estos datos generados, los cuales pre-
sentan variaciones en las proporciones de muestras de hombres y mujeres.

Los resultados de este experimento se muestran en la Figura 4.2, donde se
reporta el error absoluto medio (MAE, por sus siglas en inglés) y el DIPDI compu-
tados sobre un conjunto prueba balanceado en cuanto a género (50 % hombres
y 50 % mujeres). Se puede observar que, a medida que aumenta el desbalance
de género en los datos de entrenamiento, los modelos tienden a mostrar un ren-
dimiento sesgado hacia el grupo demografico mayoritario en ese conjunto. Esto
indica que los desbalances en los datos pueden tener un impacto significativo en
la precision de los modelos y posiblemente introducir sesgos. Por otro lado, se
observa también que el uso del DIPDI permite anticipar y cuantificar estas dis-
paridades, basdndose en las diferencias en las salidas y sin requerir las etiquetas
de edad.
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Figura 4.2: Resultados de DIPDI utilizando datos sintéticos: a) MAE de modelos
de regresion de edad en conjuntos sintéticos con diferente composicién demo-
grafica. b) Valores de DIPDI para cada conjunto de datos. El indice refleja las
disparidades en el rendimiento de los modelos cuando se entrenan con conjun-
tos de datos altamente desbalanceados, mostrando valores significativamente

superiores a 0.
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4.3.2.2. Evaluacion de DIPDI con datos reales

En el siguiente experimento, se analizd el impacto del desbalance de género
con datos reales en dos tareas: la estimacion de la edad en imdgenes médicas y
faciales, y la clasificacidon de personas jévenes y mayores en imagenes faciales.
Para ello, se entrenaron modelos con diferentes grados de desbalance de gé-
nero, desde conjuntos de datos compuestos exclusivamente por hombres hasta
aquellos con exclusivamente mujeres. Luego, se evalu6 el rendimiento de estos
modelos en subgrupos separados de hombres y mujeres utilizando las etiquetas
correctas correspondientes a la edad real en el caso de regresion y a la clase
“joven” en clasificacion.

En la primer columna de la Figura 4.3 se presentan los resultados de este
experimento. En todos los casos, se observa que el desbalance de género en
el conjunto de entrenamiento conduce a disparidades significativas en el rendi-
miento entre los subgrupos de hombres y mujeres. Por ejemplo, en ChestX-ray14,
se encuentra que los modelos entrenados muestran un rendimiento inferior en
el subgrupo subrepresentado en el conjunto de entrenamiento, indicando sesgo.
Este mismo patron se repite en la estimacién de edad a partir de imagenes facia-
les con UTKFace y IMDB-Wiki. Por ultimo, al analizar la capacidad del modelo de
clasificacién en CelebA para distinguir entre personas jévenes y mayores en ima-
genes faciales se observa un comportamiento similar. Cuando hay un desbalance
de género en el conjunto de entrenamiento, los modelos entrenados muestran
brechas significativas en términos de exactitud entre los subgrupos de hombres
y mujeres, lo que también sugiere la propensién al sesgo con respecto al género
en esta tarea de clasificacion.

Simultdneamente, se investigé la capacidad del DIPDI para detectar posibles
sesgos en este contexto, computando las discrepancias entre las salidas de los
modelos, sin utilizar las anotaciones correctas. En la segunda columna de la Fi-
gura 4.3 se muestran valores del DIPDI para las tareas de regresion y clasifica-
cién. Se puede ver en todos los escenarios que al comparar conjuntos de modelos
entrenados en la misma poblacién los valores del indice son muy cercanos a 0,
pero son mayores que 0 al comparar modelos de poblaciones diferentes. Esto
esta en linea con la ausencia o presencia de sesgos en funcién del desbalance
de datos mostrados en la columna izquierda correspondiente. En conjunto, estos
resultados demuestran la co-ocurrencia entre un DIPDI mas alto y la tendencia
al sesgo: los modelos provenientes de la misma poblaciéon demografica producen
resultados mas consistentes cuando se evalian en una poblacién objetivo, como
se evidencia en los valores de indice cercanos a 0 para distribuciones 50-50.
En contraste, el indice devuelve valores significativamente mas altos cuando se
trata de modelos entrenados con subgrupos demograficos diferentes, donde los
sesgos a su vez tienden a aparecer.

El Apéndice B del Anexo C contiene resultados complementarios de los expe-
rimentos de regresién y clasificacion, con otras métricas y herramientas relevan-
tes en estas tareas, ademas de los resultados del DIPDI, los cuales se comparan
con otras métricas de equidad.
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Figura 4.3: Resultados de DIPDI en situaciones de desbalance de género para
tareas de estimacién de la edad (filas 1-3) y clasificacién de personas jovenes
vs mayores (fila 4). El rendimiento del modelo, medido a través del MAE y la
exactitud, muestra brechas mas amplias en casos muy desbalanceados. Estas
disparidades son capturadas por el DIPDI con valores superiores a 0, indicando
la presencia de sesgos.
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4.3.2.3. DIPDI frente a cambios de dominio

En los experimentos previos se demostré la capacidad del DIPDI para identi-
ficar propension al sesgo en situaciones de desbalance de género. En un ultimo
estudio, se exploro el papel del DIPDI en escenarios de cambio de dominio, es-
pecificamente cuando hay modificaciones en la distribuciéon de las entradas o las
etiquetas entre las poblaciones de origen y destino.

En un primer experimento, se abordo el fenémeno del cambio de etiquetas
(label shift), donde la distribucion de las etiquetas difiere entre las poblaciones
origen y objetivo. Utilizando los datos de UTKFace para la tarea de estimacion
de edad, se modificé la proporcion de personas mayores de 45 anos en uno de
los grupos (hombres o mujeres), desde 50 % hasta el 90 %, manteniendo cons-
tante la distribucién de edades dentro del otro grupo. Luego, se calcul6 el DIPDI
y la diferencia en el error absoluto medio (AMAE) de los modelos entrenados
con hombres y mujeres, evaluandolos por separado en subconjuntos de ambos
géneros. Los resultados, mostrados en la Figura 4.4, revelan que el DIPDI y la
diferencia en MAE (AMAE) entre modelos entrenados con hombres y mujeres va-
rian coordinadamente con el cambio en la distribucion de edades en la poblacion
destino. Se observa que cuando la distribucién de edades cambia en el grupo de
mujeres, la diferencia en MAE entre modelos de hombres y mujeres disminuye
para las mujeres pero permanece estable para los hombres. Esto sugiere que
la propension al sesgo disminuye al reducirse el gap de rendimiento en térmi-
nos de MAE para modelos entrenados en hombres y mujeres cuando se ajusta la
distribuciéon de edades, lo que se refleja en una disminucion en los valores del
indice.

También se realizaron experimentos para el caso del cambio en las distribu-
ciones de las entradas (covariate shift). Utilizando el conjunto de datos CelebA,
se consider¢ la tarea de clasificar personas rubias y no rubias, utilizando un con-
junto de entrenamiento balanceado en términos de género y clases. El cambio de
dominio se introdujo transformando las imagenes RGB a escala de grises en la
poblacién objetivo. Los resultados reflejaron una disminucién en la propension
al sesgo al transformar las imagenes a escala de grises. E1 DIPDI capturo este
comportamiento al reducir sus valores hacia 0, indicando una menor tendencia
al sesgo. Los detalles y resultados se pueden consultar en la Seccion 4.5.2 del
Anexo C.
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Figura 4.4: Valores de DIPDI (izquierda) y diferencia en MAE (derecha) en UTK-
Face en un escenario de cambio de etiquetas, donde se incrementa la proporcién
de personas mayores de 45 anos en los grupos de hombres (a) y mujeres (b) por
separado. En ambos casos, el DIPDI refleja el comportamiento de la curva de dife-
rencia, mostrando un aumento cuando el sesgo crece y una disminucion cuando
el sesgo decrece.
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Capitulo 5

Conclusiones generales

En esta tesis se abordaron dos desafios fundamentales que plantean impor-
tantes retos en los campos de vision computacional y aprendizaje automatico. Por
un lado, se exploro la necesidad de obtener resultados realistas, lo cual es espe-
cialmente crucial en aplicaciones como el andlisis de imagenes médicas, donde
la precisién y fidelidad de los resultados son determinantes para tomar decisio-
nes clinicas. Para enfrentar este desafio, se centré el estudio en la registracion
deformable de imagenes y se investigdé como mejorar la plausibilidad anatémica
en modelos basados en CNNs.

Con el objetivo de lograr resultados mas realistas, se desarrollaron enfoques
que incorporan informacién anatémica de contexto para regularizar un mode-
lo de registracion. En este proceso, se utilizaron autocodificadores entrenados
con segmentaciones anatdmicas para aprender representaciones globales y no
lineales de la anatomia presente en las imagenes. Estas representaciones luego
se incluyeron como restricciones en la funcién de pérdida para penalizar de-
formaciones no realistas y guiar el proceso de aprendizaje del modelo hacia la
generacién de resultados anatdémicamente plausibles. La arquitectura resultan-
te, denominada AC-RegNet, se implemento y validé exitosamente en tareas de
registraciéon de imagenes médicas de diferentes pacientes, asi como en aplica-
ciones del andlisis de imagenes médicas como segmentaciéon, control de calidad
y deteccion de patologias. Los resultados obtenidos mostraron mejoras signifi-
cativas en precision y realismo en comparacién con métodos tradicionales y del
estado del arte en registracién.

Por otro lado, se traté la problematica de la robustez frente a cambios en el
dominio en los datos. Este escenario es muy comuin en numerosas aplicaciones
del mundo real, donde los datos pueden variar debido a factores como cambios
en el entorno, condiciones de iluminacion y diferencias en la calidad de las ima-
genes. Especificamente, se investigé el desafio de la generalizacién de dominio,
con el objetivo de mejorar la capacidad de un modelo para adaptarse y mantener
un buen rendimiento en dominios distintos a los utilizados durante el entrena-
miento. En este contexto, se estudiaron los gradientes conflictivos asociados a
cada dominio y se propusieron nuevos enfoques basados en cirugia de gradien-
te para reducir su efecto negativo. Los métodos propuestos, denominados Agr-
Sum y Agr-Rand, buscan fomentar el acuerdo entre gradientes, definiendo una
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direcciéon que oriente al modelo para retener la informacién comun a todos los
dominios y que sea util para hacer buenas predicciones en datos de un dominio
nuevo. Se realizaron experimentos en tareas de clasificaciéon de imagenes, en
dominios caracterizados por variaciones notorias en estilo, iluminacion y escala
de las imagenes, que demostraron la eficacia de las técnicas de cirugia de gra-
dientes para abordar los desafios de generalizacién de domino en comparacién
con los métodos del estado del arte.

Por ultimo, se abordé también la robustez frente al sesgo en escenarios de
cambios de dominio. En particular, se investigo el desafio de identificar y antici-
par sesgos en determinadas poblaciones de interés, que pueden comprometer la
robustez del modelo al ser implementados en datos provenientes de poblaciones
con caracteristicas demograficas diferentes. Ademads, se propuso como desafio
adicional la falta de etiquetas de referencia durante la evaluacion, lo que impi-
de medir sesgos de forma tradicional. En este escenario, se propuso un indice
que mide las discrepancias observadas en las salidas de conjuntos de modelos
entrenados en diversos grupos demograficos. El indice propuesto, denominado
DIPDI, fue evaluado en tareas de visién por computadora y diversos contextos de
aplicacién, demostrando su efectividad para identificar propensién al sesgo en el
rendimiento de los modelos, incluso frente a situaciones de cambio de dominio.
Al cuantificar el sesgo utilizando los valores predichos a la salida de los mode-
los, no se requiere conocer las salidas correctas del modelo, 1o que convierte al
DIPDI en una técnica muy util para anticipar sesgos de forma no supervisada en
poblaciones nuevas.
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Capitulo 6

Publicaciones

En esta seccion, se enumeran todas las publicaciones y contribuciones rela-

cionadas con esta investigacion, que van desde articulos en revistas cientificas
hasta conferencias y workshops internacionales. Es importante destacar que
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Abstract

Deformable image registration is a fundamental problem in the field of
medical image analysis. During the last years, we have witnessed the advent
of deep learning-based image registration methods which achieve state-of-
the-art performance, and drastically reduce the required computational time.
However, little work has been done regarding how can we encourage our
models to produce not only accurate, but also anatomically plausible results,
which is still an open question in the field. In this work, we argue that incor-
porating anatomical priors in the form of global constraints into the learning
process of these models, will further improve their performance and boost the
realism of the warped images after registration. We learn global non-linear
representations of image anatomy using segmentation masks, and employ
them to constraint the registration process. The proposed AC-RegNet ar-
chitecture is evaluated in the context of chest X-ray image registration using
three different datasets, where the high anatomical variability makes the task
extremely challenging. Our experiments show that the proposed anatomically
constrained registration model produces more realistic and accurate results
than state-of-the-art methods, demonstrating the potential of this approach.

1 Introduction

Deformable image registration is one of the pillar problems in the field of medical
image analysis. Disease diagnosis, therapy planning, surgical and radiotherapy
procedures are a few examples where image registration plays a crucial role. In
the medical context, the problem consists in aligning two or more images coming
from different patients, modalities, moments or view points. Such alignment is
achieved by means of a deformation field, that warps the so called source image,
aligning it with the corresponding target image.

Inspired by Horn and Shunk (Horn & Schunck. 1980) and the seminal work
by Lucas and Kanade on vector flow estimation (Lucas & Kanade 1981), the
research communities of computer vision and medical imaging have made ma-
jor efforts towards developing more accurate and efficient registration methods.
Since then, deformable image registration has been modelled in multiple ways



(see Sotiras et al. (2013) for a comprehensive description), most of them posing
image registration as an optimization problem, which in its general form can be
formulated as

~

T =argmin M(IoT,J)+R(T), (1)
T

where I is the source (moving) image, J is the target (fixed) image, 7 param-
eterizes a spatial transformation that maps each point of the image I to J, M
corresponds to the criterion of (dis)similarity that quantifies the quality of the
alignment between the warped source image 7 o 7 and the target image J, and
R corresponds to the regularization term that imposes geometric constraints on
the solution. In deformable image registration, the spatial transformation 7 is
characterized by a deformation field, which represents the pixel displacements.
The optimal transformation 7 aligning I with J is computed by solving this min-
imization problem. Traditional methods solve this optimization problem using
iterative algorithms, which are computationally expensive and make the image
registration process highly time consuming.

However, the latest advances in machine learning allow us to conceive image
registration under an entirely different paradigm. In particular, deep convolu-
tional neural networks (CNN) have proved to outperform all existent strategies
in other fundamental tasks of computer vision, like image segmentation (Long
et al. 2015) and classification (Krizhevsky et al. 2012). During the last years, we
have witnessed the advent of deep learning-based image registration methods (Li
& Fan 2018, Yang et al. 2017, Rohé et al. 2017, Sokooti et al. 2017, de Vos et al.
2017, Balakrishnan et al. 2018, Dalca et al. 2018) which achieve state-of-the-
art performance, and drastically reduce the required computational time. These
works have made a fundamental contribution by setting novel architectures for
CNN-based deformable image registration (following supervised, unsupervised
and semi-supervised training approaches). However, little work has been done
regarding how can we encourage our models to produce not only accurate, but
also anatomically plausible results, which is still an open question in the image
registration community.

In this work, we argue that incorporating priors in the form of global anatom-
ical constraints (Oktay et al. 2018) into the learning process of deep learning-
based registration models, will further improve the accuracy of the results and
boost the realism of the warped images after registration. We evaluate the
proposed method in the context of X-ray chest imaging using three different
datasets, including an interesting study about the behaviour of the global anatom-
ical constraints when compared with a local metric. We show that the pro-
posed method encourages the registration models to warp images in the space of
anatomically plausible solutions while, at the same time, increasing the accuracy
of the results.



2 Related works

Existing CNN-based image registration methods are usually classified as super-
vised or unsupervised, depending on whether or not they use ground truth de-
formation fields to compute the loss function during training. Inspired by the
original FlowNet for vector flow estimation (Dosovitskiy et al. 2015), supervised
CNN-based image registration methods like Yang et al. (2017), Rohé et al. (2017),
Sokooti et al. (2017) posed image registration as a regression problem. Given
a pair of source and target images, they aim at regressing a deformation field
that matches the ground-truth. One of the advantages of these methods is its
independence with respect to image modalities: given a training dataset with
pairs of images and their corresponding ground-truth deformations, it learns to
map images to deformation fields without using any kind of similarity measure
to compare them. However, getting such good datasets is a difficult task and
makes these approaches impractical.

On the contrary, unsupervised CNN-based medical image registration (like Li
& Fan (2018), de Vos et al. (2017), Balakrishnan et al. (2018), Dalca et al. (2018),
Balakrishnan et al. (2019)) do not require ground-truth deformation fields. In-
stead, these methods (and the original CNN-based unsupervised optical flow es-
timation method (Ren et al. 2017)) solve the registration process by minimizing a
loss function based on the (dis)similarity M between the deformed source image
and the target. They use a differentiable warping module similar that used in
spatial transformers (Jaderberg, Simonyan, Zisserman et al. 2015), to warp the
source image during the forward-pass, and allow the gradients flow back during
backpropagation. In such way, the model is trained to produce deformation fields
that minimize the similarity-based loss function. At test time, a single forward
pass will return the deformation field. In this work, we will follow this strategy
to construct a baseline architecture (referred RegNet throughout this text) that
will serve as baseline when evaluating the impact of the proposed anatomically
constrained registration method.

2.1 Incorporating prior information into the registration process

Various approaches were envisioned in the literature to improve the accuracy
and realism of the registration methods by incorporating prior information (about
image modalities, anatomy and structure) into the registration process. Two of
the most common strategies are knowledge-based transformations, where the
information is encoded within the deformation model (e.g. Wouters et al. (2006),
Glocker et al. (2009)) and segmentation-aware strategies, which directly incor-
porate segmentation priors to the registration process. In this work, we focus
on the second alternative. Several non-deep learning based approaches like
Shakeri et al. (2016), Ferrante et al. (2017), Ferrante, Dokania, Silva & Para-
gios (2018) were proposed to take advantage of such segmentations in the con-
text of discrete graph-based image registration (Paragios et al. 2016). The first
multi-modal CNN-based image registration method proposed in Hu et al. (2018),
incorporates segmentation masks into the loss function of a weakly supervised



approach to guide the learning process. They use a pixel-level similarity measure
defined on the segmentation masks, that makes it possible to register images in-
dependently of their modality. A similar pixel-level measure based on the Dice
coefficient is incorporated in the VoxelMorph framework and used in tandem
with a standard intensity based loss (Balakrishnan et al. 2019). In this work, we
build on top of these ideas by regularizing the learning process using a global and
non-linear representation of the underlying anatomy. We show that this global
term is complementary to existent pixel-level loss functions. Moreover, in the
context of X-ray chest image registration, we improve the performance of exis-
tent registration methods by a significant margin while producing more realistic
images after deformation.

2.2 Contributions

In this work, we address the question about how can we incorporate anatomical
priors into deep learning-based image registration methods in order to obtain
more realistic results. In that sense, our contributions are four-fold: (i) we ex-
tend, for the first time, the concept of anatomically constrained neural networks
(Oktay et al. 2018) to the image registration problem, (ii) we perform a deeper
study of the complementarity between global and local loss functions defined
over segmentation masks, (iii) we introduce the novel AC-RegNet architecture
and validate it in the challenging task of X-ray chest image registration, compar-
ing its performance with state-of-the-art existing methods and (iv) we showcase
several application scenarios for AC-RegNet in the context of X-ray chest im-
age analysis including multi-atlas segmentation, automatic quality control and
pathology classification.

3 Learning deformable image registration with ana-
tomical constraints

In this section, we provide a brief description of the basic CNN architecture used
to perform unsupervised image registration. We then discuss how can we learn
compact and non-linear representations of the image anatomy using denoising
autoencoders (DAE) (Vincent et al. 2010), and how these representations can be
introduced in the loss function to act as an anatomical regularizers, encouraging
the learnt model to produce anatomically plausible images after deformation (see
Figure 1 for an overview of the proposed novel architecture).

3.1 Basic architecture

The basic CNN architecture for image registration is composed of two main mod-
ules. The first one (referred as VectorCNN in Figure 1) follows a encoder-decoder
structure similar to that of U-Net (Ronneberger et al. 2015). Given a pair of
source image [ and target image J as input, VectorCNN predicts a deformation
field 7 = VectorCNN(/, J;©) where 7 : R® — R" (with n being the image dimen-
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Figure 1: Architecture of the proposed AC-RegNet image registration model.

sionality) and © corresponds to the network parameters learnt during training.
Images I and J are concatenated and fed to the network as a single multi-channel
image. VectorCNN processes the two images through a series of convolutional
and pooling layers, and outputs a 2-channel filter map representing the 2D de-
formation field (3-channels in case we are dealing with 3D images). The sec-
ond component is a differentiable warping module similar to that used in spatial
transformer networks (Jaderberg et al. 2015), that uses 7 to deform the source
image I, producing a warped image o 7T.

At the beginning of the training process, VectorCNN will produce random
deformation fields 7. During training, the parameters © are adjusted so that
the warped source image [ o 7 minimizes the (dis)similarity criterion M with
the target image J, in the same spirit that classic registration methods. In this
work, we use the negative normalized cross correlation (NCC) to quantify image
alignment. NCC has been previously used in the context of CNN-based regis-
tration (Balakrishnan et al. 2018) and is a common choice when dealing with
monomodal registration. Following Li & Fan (2018), Ferrante, Oktay, Glocker
& Milone (2018), we also consider a simple regularization term R(7) imposing
smoothness to the deformation field by computing the total variation of the field.
The basic loss function is therefore defined as

LUL,JT) = MIoT.J)+ \R(T), 2)



where )\, is a weighting factor for the total variation-based regularization term.

3.2 Segmentation-aware local loss functions

In order to augment the anatomical context provided to the network, we con-
sider a simple initial strategy to include anatomical segmentations into the loss
function by combining the aforementioned intensity-based loss M(I o T, J), with
a segmentation aware loss L..(S; o 7,Sy). This new loss quantifies the alignment
between a target anatomical segmentation mask S; and a warped version of a
source segmentation mask S;. The size of each segmentation mask is the same
as that of the corresponding image, and the mask is formed by the elements (or
pixels) s, € C, where C is the set of classes. L..(S;oT,S;) is implemented as the
classical categorical cross-entropy defined at the pixel level on the one-hot en-
coded versions of S; and S;. The segmentation-aware local loss function is thus
defined as

'C(I7 J’ S[,SJ,T) = M<IOT7 J) +)\7‘R(T) + Ace['ce(SI OT7 SJ)7 (3)

where ). is a weighting factor for the additional term £... Note that segmenta-
tion masks S;, S; are only required during training time. At test time, a single
pair of images will be fed into the network to produce a deformation field and no
segmentation masks are required.

3.3 Auto-encoding global anatomical priors

The local loss function L£..(Sr o 7,S;) defined in the previous section looks at
pixel level predictions; therefore, it does not guarantee a good matching at the
global scale between the deformed source and target anatomical masks. We are
interested in designing a loss function to analyze anatomical masks at a global
scale, taking into account the anatomical plausibility of the deformed source
mask when comparing it with the target mask. Since £..(S; o T,S;) operates at
the pixel level, the back-propagated gradients are parametrized only by pixel-
wise individual probability terms and thus provide little global context (Oktay
et al. 2018).

We learn a lower-dimensional representation of the anatomical segmentations
using denoising autoencoders (DAE) (Vincent et al. 2010). Autoencoders are
neural networks designed to learn a mapping from the input space X to a novel,
lower-dimensional representation i, that retains significant information about
the input. These neural networks usually follow a encoder-decoder architecture
(see Figure 2), where the encoding h = enc(X) is extracted from an intermediate
fully connected layer. This encoding contains significant information to decode
the original input through a decoding phase X ~ dec(enc(X)).

The model is trained to minimize the reconstruction error of the input masks,
what results in maximizing a lower bound on the mutual information between
the input X and learnt representation i (Vincent et al. 2010). In other words,
the network is forced to store significant information (useful to reconstruct the
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Figure 2: Architecture of a denoising autoencoder (DAE). The encoder part takes
a noisy version of a multiorgan segmentation mask and maps it to a lower-
dimensional space. Then, the decoder part uses the lower-dimensional repre-
sentation to reconstruct the input segmentation mask at the output.

original anatomical masks) into the learnt representation. A DAE considers noisy
versions of the segmentation masks as input, and is trained to reconstruct clean
versions of the corrupted input. This denoising effect, together with the bot-
tleneck imposed by the encoder-decoder architecture, leads the model towards
learning a manifold that captures the main variations in the data and maps sim-
ilar segmentation masks into regions which are close in the manifold.

We train the DAE so that it minimizes the categorical cross-entropy defined
over the one-hot encodings of our multi-organ anatomical masks. The noisy in-
put segmentation masks for the DAE were made taking the clean segmentation
masks and swapping the border pixels of the anatomical structures with the la-
bel of its left neighbor with a probability of 0.1. Figure 2 shows an example
of a noisy input segmentation mask. Note that h is extracted from a hidden
fully connected layer. Therefore, it concentrates significant information about
the whole anatomy which can be used to introduce global shape priors into the
learnt model.

3.4 AC-RegNet: Learning deformable image registration with a-
natomical constraints

The novel AC-RegNet architecture is depicted in Figure 1. We combine the ba-
sic CNN architecture for image registration described in Section 3.1 with the
local segmentation-aware loss function L. (Section 3.2) and a new loss term
based on the learnt anatomical representations (Section 3.3). This term will en-
courage global agreement between deformed source and target segmentation
masks, ultimately resulting in more realistic and anatomically plausible images
after warping. The new term £, is defined as the squared Euclidean distance
between the codes h generated from the deformed source S; o 7 and the corre-
sponding target segmentation mask S; as:

Lae(SroT,Sy) = |lenc(S;oT) — enc(Sy)|3 - (4)

Note that both, the Euclidean norm and enc(X) are differentiable operations
and therefore £, is a differentiable loss. The final loss function for our AC-



RegNet model considering both, local and global constraints, is given by:

£(17 ‘]7 SI7SJ7T) = M<I © Ta J) + )\TR(T) + Ace['ce(SI o T7 SJ) + (5)
)\ae‘cae(SI o T7 SJ)

The influence of the new term £, in the loss function is controlled with a
weighting factor \,.. The main difference between £,. and the pixel-level L. is
that the first one acts at a global scale, better reflecting agreement in terms of
anatomical shape variations. A deeper study about the complementarity of both
losses is provided in Section 5.1.

3.4.1 Training the AC-RegNet model

The training is organized in two stages. First, we train the autoencoder to learn a
global and lower-dimensional representation of the anatomical structures using
the segmentation masks. Second, we train the AC-RegNet model, by learning
the parameters © of the VectorCNN that will produce the deformation field 7T,
considering the loss function defined in (5). In this second stage, the parameters
of the encoder model used to produce the codes h = enc(S) are fixed. We highlight
the fact that segmentation masks are used during training but, at test time, we
only require the pair of images to be registered. The anatomical constraints are
therefore introduced in the model during learning.

4 Data and Experimental Setup

4.1 Image dataset

The proposed registration model is evaluated in the context of inter-subject 2D
chest X-ray image registration. Performing such task for different patients is
challenging, since the anatomical variability between two different subjects can
be really high. In our experiments, we use three image databases: the Japanese
Society of Radiological Technology (JSRT) database (Shiraishi et al. 2000), the
Montgomery County, MD, USA database and the Shenzhen, China database (Can-
demir et al. 2013, Jaeger et al. 2013). These last two databases were created by
the National Library of Medicine (NLM), National Institutes of Health (NIH),
Bethesda, MD, USA in collaboration with the Department of Health and Human
Services of Montgomery County, MD, USA and the Shenzhen No.3 Hospital in
Shenzhen, Guangdong providence, China, respectively.

JSRT is a public database containing 247 PA chest X-ray images with and with-
out lung nodules of 2048x2048 pixels and a spacing of 0.175 mm/pixel. The Mont-
gomery set contains 138 PA X-ray images with and without manifestations of tu-
berculosis of 4020x4892 or 4892x4020 pixels and a spacing of 0.0875 mm/pixel.
The Shenzhen set contains 615 X-ray images with and without manifestations of
tuberculosis in different sizes. Spacing is not provided, so we report results in
pixel space when computing distance based measures like Hausdorff distance.
JSRT provides manual lung and heart segmentations for each image. Manual



lung segmentations are available for Montgomery and Shenzhen sets. These
segmentation masks will be used to learn the lower-dimensional representations
and introduce anatomical context to the registration problem.

The images and segmentations of the Montgomery and Shenzhen sets were
preprocessed in order to obtain square images in the same spatial resolution.
In each dataset, an image was taken as a reference image and resized by filling
its shortest side with background color to make it square. Then, all the images
of each dataset were registered against this image, taken as a reference image,
through a similarity transform using SimpleElastix (Marstal et al. 2016)!, finally
obtaining images of 4892x4892 pixels in the Montgomery set and 3000x3000
pixels in the Shenzhen set.

4.2 Experimental setting

We divided the images of each dataset in 60% training, 20% validation and 20%
test. In the training stage, we sample random pairs of images from the training
fold and built mini-batches of size 32. For testing, we sample 2 x N random pairs
of images from the test fold, where N represents the number of images in that
fold of the dataset.

In order to evaluate the performance of image registration algorithms we
employ three metrics commonly used in the literature, which quantify the agree-
ment between the warped source segmentation after registration and the target
masks: (i) Dice Similarity Coefficient (DSC), which measures the overlapping
between the segmentations (Dice 1945), (ii) Hausdorff Distance (HD), maximum
distance between segmentation contours, and (iii) Average Symmetric Surface
Distance (ASSD), computed as the average distance between the segmentation
contours. DSC varies between 0 and 1, with 1 indicating a total correspondence
between segmentations. HD and ASSD measure the distance between contours
in milimeters, and lower values indicate better performance.

4.3 Implementation details

The proposed models were implemented in TensorFlow and trained with Adam
optimizer considering learning rate of 10~3 and default TensorFlow values for the
remaining optimization meta-parameters?. Models were trained until conver-
gence and the weighting factors for the loss functions were chosen trough grid
search using the validation fold, resulting in A\, =5 x 1075, A\, = 1 and A\, = 10~!.
A detailed description of the CNN architectures is provided in A.
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Figure 3: Comparison between the local L. loss defined at the pixel level, and the
global £,. based on the learnt representation, when comparing a reference seg-
mentation with its modified versions. The modified masks were obtained by man-
ually setting 120 foreground pixels to background forming anatomically plausi-
ble (a) and non-plausible (b,c,d) versions. We modified 20 random segmentation
masks from JSRT dataset. Note that while the local £.. remains constant, the
global £,. is much lower for the anatomically plausible case.

5 Results and Discussion

5.1 Understanding the anatomical constraints

We perform a first experiment to compare the behaviour of the proposed global
loss function (£,.) with the standard pixel-level loss (£..), when comparing anatom-
ically plausible and non-plausible segmentation masks.We take 20 random seg-
mentation masks from our dataset, and generate 4 modified versions of each
one by changing a constant number of pixels (120 pixels in our example) from
the original segmentation (see images (a), (b), (c) and (d) in Figure 3). While the
segmentation mask (a) corresponds to an anatomically plausible version of the
original mask (we just erode the mask by changing to background 120 pixels in
the lungs and heart border), the other versions correspond to anatomically non-
plausible masks (we remove blocks of 120 pixels representing complete parts
of the lungs or heart). Remind that, in all these cases, a fixed number of pixels
was changed. We then compute both losses £,., £.. and compare the reference
segmentation with its modified versions. As expected, the local L. remained
constant for the 4 cases, regardless of the place where the pixels are modified,

!The configuration files used to run Elastix can be found online at https://github.com/
lucasmansilla/ACRN Chest X-ray IA/tree/master/acregnet/config/JSRT/elastix
20ur code is available at https://github.com/lucasmansilla/ACRN Chest X-ray IA



Metric

Dataset Method DSC HD ASSD
AC-RegNet 0.943 (0.020) 17.973 (7.356) 3.340 (1.210)
AE-RegNet 0.934 (0.021) 19.464 (8.277) 3.846 (1.320)

JSRT CE-RegNet 0.925 (0.025) 21.973 (8.966) 4.466 (1.553)
RegNet 0.809 (0.085) 42.177 (19.751) 11.229 (5.035)
SimpleElastix  0.846 (0.087) 35.713(18.180) 9.028 (5.050)
AC-RegNet 0.953 (0.017) 14.963 (7.910) 2.645 (0.957)
AE-RegNet 0.947 (0.019) 16.880 (8.621) 2.981 (1.167)

Montgomery CE-RegNet 0.929 (0.027) 33.425 (22.813) 4.349 (1.945)
RegNet 0.869 (0.052) 45.152 (35.702) 8.078 (5.002)
SimpleElastix 0.879 (0.073) 42.504 (27.480) 7.136 (5.130)

AC-RegNet 0.931 (0.027) 277.386 (182.207) 31.738 (15.891)
AE-RegNet 0.924 (0.032) 285.549 (179.823) 34.452 (18.259)
Shenzhen CE-RegNet 0.908 (0.039) 325.958 (201.213) 42.845 (23.560)
RegNet 0.830 (0.073) 410.012 (225.783) 73.758 (35.849)
SimpleElastix 0.883 (0.058) 353.562 (217.423) 51.978 (30.299)

Table 1: Mean and standard deviation of Dice Similarity Coefficient (DSC), Haus-
dorff Distance (HD) and Average Symmetric Surface Distance (ASSD) along
all classes (left/right lung and heart) from JSRT, Montgomery and Shenzhen
datasets. HD and ASSD for JSRT and Montgomery are expressed in milimeters,
while Shenzen is expressed in pixels. Differences among the distributions for all
pairs of method are statistically significant according to a paired Wilcoxon test
considering Bonferroni correction.

since the number of non-agreeing pixels was 120 for all of them. However, when
observing the behaviour of the global loss £,., it returned a much lower value for
the anatomically plausible case than for the non-plausible cases. Figure 3 shows
the loss value for the 20 modified random masks following the same tendency:
while the local £.. remained constant in all cases, the global £,. returned higher
values for the non-plausible masks.

This confirms our intuition about how £,. encodes complementary informa-
tion with respect to L... In the next section, we will see how this sensitivity to
anatomical differences at the global scale can be exploited to improve the accu-
racy of our registration algorithm.

5.2 Model comparison

The proposed AC-RegNet model was compared with two initial baselines: Sim-
pleElastix (Marstal et al. 2016), a state-of-the-art iterative image registration
method, and the baseline RegNet described in Section 3.1, which do not con-
sider segmentation-aware loss functions during training. We also include two
segmentation-aware models, one considering only the local L. loss (referred as
CE-RegNet) and another one considering only the global anatomical loss £, (re-
ferred as AE-RegNet). The proposed model AC-RegNet considers a combination
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Figure 4: Visualization of the results after registering a pair of images. The
blue and red circles highlight two of the areas of the lung anatomy that is better
preserved by the AC-RegNet, when compared with the basic RegNet and the
other segmentation-aware models.



of both losses, as described in Equation 5. Quantitative results are reported
in Table 1. Note that all segmentation-aware strategies outperform the base-
line models by a significant margin, already indicating that providing anatomi-
cal context to the network helps to improve performance. Moreover, using the
combined local and global metrics (AC-RegNet) yields better performance than
the individual cases. Figure 4 illustrates the regularization effect produced by
the AC-RegNet when compared with the other models. These results confirm
our previous study about the complementarity of both loss functions (see Sec-
tion 5.1), and the importance of considering global shape information on top of
pixel-level descriptors to obtain more anatomically plausible results.

5.3 Applications to X-ray image analysis

In this section we aim at highlighting the potential of AC-RegNet in a variety
of medical image analysis tasks. We show three different applications of the
proposed method in X-ray images: (i) multi-atlas image segmentation, (ii) re-
verse classification accuracy (RCA) estimation (Valindria et al. 2017) and (iii)
representation learning for pathology classification. We use the well known NIH
Chest-XRay14 dataset (Wang et al. 2017) that includes 112.120 chest X-ray im-
ages labeled with 14 common thorax diseases according to an automatic natural
language processing (NLP) analysis of the radiology reports.

Multi-atlas image segmentation: Anatomical segmentations are useful when
performing disease classification and population analysis. The Chest-XRay14 is
one of the largest medical datasets publicly available. However, it does not in-
clude anatomical segmentations. We used the AC-RegNet model to implement a
multi-atlas segmentation model (Iglesias & Sabuncu 2015) and produce anatom-
ical masks of lung and heart for all the images, which we are making publicly
available3. We follow a simple multi-atlas segmentation strategy (Mansilla & Fer-
rante 2018): given a target image, we take the 5 most similar images from the
JSRT dataset (those which maximize the normalized cross correlation with that
image) and apply AC-RegNet to register all of them to the target image space.
We then transfer the JSRT segmentation labels by applying the resulting defor-
mation field and fuse them using a simple majority voting mechanism.

We believe that these segmentations are a valuable by-product contribution
of our work, which may be used by the medical imaging community to perform
further analysis based on the Chest-XRay14 dataset. We conducted automatic
quality control to estimate the accuracy of the segmentation using RCA as de-
scribed in the following section.

Reverse classification accuracy (RCA) estimation: RCA is a framework for
predicting the performance of a segmentation method on unseen data, first in-

3The resulting anatomical segmentation masks together with their corresponding RCA coeffi-
cient that estimates the quality of the segmentation can be downloaded from: https://github.
com/lucasmansilla/NIH chest xrayl4 segmentations
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Figure 5: Histogram of estimated Dice coefficients for the resulting Chest-
XRayl4 segmentations. After visual inspection, we manually set a threshold of
0.92 to perform quality control and decide whether a segmentation meets (in
green) or not (in red) the minimum quality standards.

troduced by Valindria and co-workers in Valindria et al. (2017). RCA takes the
predicted segmentation from a new image to “train" a reverse classifier (reverse
in the sense that it is trained using a prediction) which is evaluated on a set
of reference images with available ground truth. Such reverse classifier may
take different forms, ranging from a random forest classifier to a single-atlas
segmentation method based on image registration. The hypothesis is that if the
prediction is correct, then the RCA classifier trained with that predicted segmen-
tation will perform well in the reference images (those with ground truth). For
a more detailed description of RCA see Valindria et al. (2017).

Here we use AC-RegNet to implement RCA based on image registration, es-
timating the Dice coefficient of the Chest-XRay14 anatomical masks considering
JSRT as reference images with ground-truth annotations. In such way, we pro-
vide an estimated quality index associated to every segmentation mask, that can
be used to define if a given segmentation is to be trusted or not. After visual
inspection, we set that threshold in 0.92. Figure 5 shows the histogram of RCA
Dice coefficients together with some visual examples of segmentation masks be-
low and above the minimum quality threshold.

Cardiomegaly classification: Cardiomegaly refers to an enlarged heart seen
on any imaging test and can be diagnosed based on the cardiothoracic ratio
(CR) (Dimopoulos et al. 2013). Since CR can be computed using the bound-
aries derived from heart and lung masks (Li et al. 2019), the anatomical seg-
mentations should provide enough information to distinguish between healthy
and pathological cases. We evaluated the discriminative power of the segmen-



tations which meet the minimum quality requirements (RCA Dice > 0.92) in the
task of cardiomegaly vs healthy control classification. After quality control, we
kept 87,870 from the original 112,120 images, out of which 2019 were labeled
with cardiomegaly. We also sampled 2019 healthy patients with RCA Dice > 0.92
to create a balanced dataset of 4,038 images including control and pathological.

We perform 20-fold cross validation on the aforementioned dataset training
a support vector machine (SVM) (Cortes & Vapnik 1995) with two alternative
inputs based on the segmentation masks. As a first alternative, we applied prin-
cipal component analysis (PCA) to reduce the dimensionality of a vectorized ver-
sion of the segmentation masks?, keeping the 32 principal components and using
them as features to train the SVM. Second, we employ the 32-dimensional repre-
sentation learnt by the same autoencoder used to impose anatomical constraints
to the AC-RegNet model. We trained the SVM using these two alternative rep-
resentations and obtained accuracy of 0.77 and 0.79 respectively. The gain in
performance when using the learnt representations instead of standard PCA,
suggests that the anatomical codes encode useful information that can be ex-
ploited in other medical imaging scenarios.

6 Conclusions

In this paper, we introduced a new method to regularize CNN-based deformable
image registration by considering global anatomical priors in the form of seg-
mentation masks. We show that the proposed global loss function encodes signif-
icant information about the anatomical plausibility of a deformed segmentation
mask, which complements existent local losses defined at the pixel-level. Our
method learns a non-linear and compact representation of the anatomy associ-
ated to medical images, and uses it to constraint the training process of stan-
dard CNN-based image registration architectures. We provide a comprehensive
evaluation of the AC-RegNet model in a challenging problem like chest X-ray im-
age registration, including quantitative and qualitative results in three different
datasets. We also showcase three different application scenarios in the context
of X-ray image analysis, where the proposed AC-RegNet is used to perform image
segmentation, quality control and pathology detection.

The proposed model was applied in the context of 2D image registration, but
extending it to 3D images is straightforward. In the future, we plan to validate
our model in the context of brain 3D image registration, where anatomical struc-
tures can be clearly identified and used to constraint the training process. More-
over, as suggested in Hu et al. (2018), CNN-based image registration methods
considering segmentation masks can help to alleviate the challenging task of
multi-modal registration. We plan to explore how AC-RegNet can be used to
develop fast, reliable and realistic image registration methods for multi-modal
scenarios.

“We employ the Scikit-learn ( https://scikit-learn.org/ ) implementation of PCA and SVM
in our experiments.



Layer Number of Filters Feature Maps Size (HxWxC) Filter Size Stride Padding

Input 64 x 64 x 4

Conv + BN 16 32 x 32 x 16 3x3 2% 2 1x1
ReLU 32 x 32 x 16

Conv + BN 16 32 x 32 x 16 3x3 1x1 1x1
ReLU 32 x 32 x 16

Conv + BN 32 16 x 16 x 32 3x3 2x2 1x1
ReLU 16 x 16 x 32

Conv + BN 32 16 x 16 x 32 3x3 1x1 1x1
RelU 16 x 16 x 32

Conv + BN 1 8§x8x1 3x3 2% 2 1x1
RelLU 8x8x1

FC 32

FC 64

RelLU 64

Up + Conv + BN 32 16 x 16 x 32 3x3 1x1 1x1
ReLU 16 x 16 x 32

Conv + BN 32 16 x 16 x 32 3x3 1x1 1x1
RelLU 16 x 16 x 32

Up + Conv + BN 16 32x32x16 3x3 1x1 1x1
RelLU 32 x 32 x 16

Conv + BN 16 32 x 32 x 16 3x3 1x1 1x1
RelLU 32 x 32 x 16

Up + Conv + BN 16 64 x 64 x 16 3x3 1x1 1x1
ReLU 64 x 64 x 16

Conv 4 64 x 64 x 4 3x3 1x1 1x1

Table 2: Structure of the Autoencoder. BN: Batch Normalization. ReLU: Rectified
Linear Unit. FC: Fully Connected. Up: Upsampling by a factor of 2 with nearest
neighbor interpolation.
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malization. ELU: Exponential Linear Unit. Up: Upsampling by a factor of 2 with
nearest neighbor interpolation.
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Abstract

In real-life applications, machine learning models often face scenarios where
there is a change in data distribution between training and test domains.
When the aim is to make predictions on distributions different from those
seen at training, we incur in a domain generalization problem. Methods to
address this issue learn a model using data from multiple source domains,
and then apply this model to the unseen target domain. Our hypothesis is
that when training with multiple domains, conflicting gradients within each
mini-batch contain information specific to the individual domains which is
irrelevant to the others, including the test domain. If left untouched, such
disagreement may degrade generalization performance. In this work, we
characterize the conflicting gradients emerging in domain shift scenarios and
devise novel gradient agreement strategies based on gradient surgery to alle-
viate their effect. We validate our approach in image classification tasks with
three multi-domain datasets, showing the value of the proposed agreement
strategy in enhancing the generalization capability of deep learning models
in domain shift scenarios.

1 Introduction

Deep learning models have shown remarkable results in diverse application ar-
eas such as image understanding (Krizhevsky et al. 2012, Tompson et al. 2014),
speech recognition (Hinton et al. 2012, Mikolov et al. 2011) and natural language
processing (Sarikaya et al. 2014, Sutskever et al. 2014). Such models are typ-
ically trained under the standard supervised learning paradigm, assuming that
training and test data come from the same distribution. However, in real life,
training and test conditions may differ by several factors, such as a change in
data acquisition device or target population. This makes models perform poorly
when applied to test data whose distribution differs from the training data and,
therefore, limits their implementation in such real scenarios. The goal is then to
develop deep learning models that generalize outside the training distribution,
under domain shift conditions.

Learning a model with data from different domains and then applying it to a
new domain not seen during training entails a domain generalization (DG) prob-
lem (Gulrajani & Lopez-Paz 2020). In the DG literature, training domains are of-
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Figure 1: Example images extracted from three multi-domain datasets: PACS
(Li et al. 2017), VLCS (Fang et al. 2013) and Office-Home (Venkateswara et al.
2017). The goal of domain generalization is to train a model that performs well
on data sampled from domains different from those seen during training.

ten called source domains, while the test domain is referred as target. The prob-
lem itself is highly challenging, since not even unlabeled data from the target
domain is accessible during training. Thus, the model must be trained without
information about the target domain. In the particular case of image classifi-
cation, for example, different domains may differ in their visual characteristics,
e.g. photographic images or more abstract representations, such as paintings
and sketches (see Figure 1 for visual examples). In this scenario, the main chal-
lenge is how to guide the learning process in order to capture information that
is relevant to the task, and invariant to domain changes.

To address the challenges inherent to DG, different strategies have been de-
veloped over time. Proposed works have mainly focused on: i) training and fusing
multiple domain-specific models (Xu et al. 2014, Mancini et al. 2018), ii) learn-
ing and extracting common knowledge from multiple source domains, such as
domain-invariant representations (Muandet et al. 2013, Ghifary et al. 2015, Lj,
Jialin Pan, Wang & Kot 2018) or domain-agnostic models (Khosla et al. 2012, Li
etal. 2017, Li, Yang, Song & Hospedales 2018), and iii) increasing the data space
through data augmentation (Shankar et al. 2018, Carlucci et al. 2019, Volpi et al.
2018). More recently, important contributions have been made regarding model
selection in the presence of domain shift (Gulrajani & Lopez-Paz 2020), ignored
in most previous works. Albeit the great efforts made by the machine learning
and computer vision communities, the gains in performance obtained by current
domain generalization techniques are still modest (Carlucci et al. 2019, Dou et al.
2019). Thus, further research is still necessary to better understand the reasons
behind this phenomenon.

In contrast to previous approaches, in this work we are specifically interested



in understanding the implications of multi-domain gradient interference in do-
main generalization. The recent work of Yu et al. (2020) analyzes this problem
in the context of multi-task learning (MTL) (Caruana 1997). The authors find
that one of the main optimization issues in MTL arises from gradients from dif-
ferent tasks conflicting with one another, in a way that is detrimental to making
progress. The main hypothesis of our work is that multiple domains also give
place to conflicting gradients, which are associated with different domains in-
stead of tasks. We characterize the conflicting gradients emerging in domain
shift scenarios and devise novel gradient agreement strategies based on gradi-
ent surgery to alleviate their effect.

The gradient surgery framework was introduced in Yu et al. (2020) to address
multi-task learning, and is rooted in a simple and intuitive idea. In general, deep
neural networks are trained using gradient descent, where gradients guide the
optimization process through a loss landscape. This landscape is defined by the
loss function and the training data. In MTL, a different loss function is employed
for each task. This can lead to conflicting gradients, i.e. gradients which may
point in opposite directions when associated to different tasks. The usual way to
deal with conflicting gradients is to just average them. However, the works of
Yu et al. (2020), Lopez-Paz & Ranzato (2017) recently showed that simply aver-
aging them can lead to significantly degraded performance. Unlike MTL, in do-
main generalization the task remains fixed but we must handle different domains.
Here we hypothesize that similar conflicts emerge when training with multiple
domains. In this case, conflicting gradients within each mini-batch contain in-
formation specific to the individual train domains, which is irrelevant to the test
domains and, if left untouched, will degrade generalization performance. Thus,
we aim to distil domain invariant information by updating the neural weights in
directions which encourage gradient agreement among the source domains. Ex-
tensive evaluation in image classification tasks with three multi-domain datasets
demonstrate the value of our agreement strategy in enhancing the generalization
capacity of deep learning models under domain shift conditions.

2 Related work

Domain generalization. Since DG aims to improve model performance in sce-
narios where there are statistical differences between the source and target do-
mains, it is closely related to domain adaptation (DA) (Wang & Deng 2018), where
domain shifts are also addressed. However, while DA assumes we have access to
(labelled or unlabelled) data samples from the target domain, DG supposes that
such data samples are not available during training. Therefore, DG methods
have to seek solutions to better exploit the information from multiple source do-
mains accessible during training. The hope is that distilling knowledge common
to all the source domains will lead to more robust features, potentially useful in
unseen target domains.

The DG methods presented to date can be divided according to the strategy



they employ to achieve generalization. One group of methods is based on the idea
of training a specific classifier for each source domain and then combining them
optimally by measuring the similarity between source domains and test samples
(Xu et al. 2014, Mancini et al. 2018). Other studies propose to reduce the gap
across domains using data augmentation algorithms (Shankar et al. 2018, Car-
lucci et al. 2019, Volpi et al. 2018). An alternative approach assumes that there is
a common knowledge to all domains that can be acquired from multiple sources
and transferred to new domains. Some studies exploit this idea by seeking to
learn a domain-invariant representation via kernel-based models (Muandet et al.
2013), multi-task auto-encoders (Ghifary et al. 2015) and generative adversarial
networks (Li, Jialin Pan, Wang & Kot 2018). Instead of domain-invariant feature
representations, other methods propose extracting domain-agnostic parameters
to address generalization through max-margin linear models (Khosla et al. 2012),
low-rank parametrized CNNs (Li et al. 2017) and meta-learning (Li, Jialin Pan,
Wang & Kot 2018, Dou et al. 2019).

Gradient surgery in the context of MTL. MTL aims to improve generaliza-
tion performance by leveraging domain-specific information from a set of related
tasks (Caruana 1997). To achieve this, MTL techniques typically train a single
model jointly for all tasks by assuming that there is a shared structure across
them that can be learned. In practice, training a model that can solve multiple
tasks is difficult, as defining appropriate strategies for balancing and controlling
multiple tasks is required. Gradient surgery refers to a number of techniques
that have been introduced to improve the learning process of MTL models by di-
rectly operating on individual task-specific gradients during optimization. Chen
et al. (Chen et al. 2018) introduce a gradient normalization algorithm (Grad-
Norm) that balances the contribution of each task by scaling the magnitudes of
task-specific gradients dynamically, allowing different tasks to be trained at simi-
lar rates. Yu et al. (Yu et al. 2020) discuss the conflicting gradient problem, which
arises when the gradients of different tasks point in opposite directions given by
negative cosine similarity, and present PCGrad, a method to mitigate gradient
conflicts. PCGrad removes the component causing interference by projecting
the gradient from one task onto the normal component of the gradient from the
other, mitigating the negative-cosine similarity problem. More recently, Wang
et al. (Wang et al. 2020) generalize this idea by proposing an adaptive gradient
similarity method (GradVac) that allows setting an individual gradient similarity
objective for each task pair to better exploit inter-task correlations.

Contributions. In this study we propose a gradient surgery strategy to tackle
domain generalization problems. Inspired by previous works on muli-task learn-
ing, we characterize conflicting gradients emerging in single-task scenarios with
multiple domains, instead of tasks. As expected, we show that intra-domain gra-
dients tend to exhibit higher similarity than their inter-domain counterpart, and
propose novel gradient agreement variants to encourage the learning of those
discriminative features that are common to all domains. Our results suggest



that updating neural weights in directions of common accord by harmonizing
inter-domain gradients helps to create more robust image classifiers. Compared
to standard gradient descent and existing PCGrad techniques, our agreement
strategies tend to produce models with better generalization performance in un-
seen image domains.

3 Methods

3.1 Preliminaries for domain generalization

In a DG setting, we have access to a training set composed of N source do-
mains D = {Dj, Ds,..., Dy}, where the i-th domain is characterized by a dataset

D; = {(ajg-i),y](-l))}?ﬁl containing M; labeled data points, and all domains have the

same number of classes. The aim is to learn a classification function f (x§i);9)
which predicts the class label g@ corresponding to the input xgi) with compet-
itive performance in all the source domains, but can also generalize to unseen
target domains. Here, 6 denotes the model parameters to be learned. For multi-

ple source domains, we define the training cost function as the average loss over
all source domains £(0) = % Y, £i(6), where £;(0) = 1 Y1 ¢ (f(xgl); 0),y§’)> rep-
resents the loss associated to the i-th domain. The function ¢(-, ) is a classification

loss, e.g. cross-entropy, which measures the error between the predicted label 3
and the true label y. We train the model by minimizing the following objective:

N
A 1
0 = arg min — L;(0) + AR(0), (1)
g N;:l (0) (0)

where R(-) is a regularization term included to prevent overfitting, while the
parameter \ controls its importance. After training on source domains, the final
model with the learned parameters 0 is evaluated on the target domain, where
samples may come from a different distribution.

3.2 Domain generalization via gradient surgery

The typical strategy used to train classification models with multiple source do-
mains is to simply create mini-batches by randomly sampling from all sources
with equal probability. In this context, standard mini-batch gradient descent is
then used to optimize the objective function defined in Eq. 1. Following the liter-
ature on domain generalization (Dou et al. 2019, Carlucci et al. 2019), we refer
to this approach as Deep-All.

Here we propose to modify the standard mini-batch gradient descent by in-
corporating a gradient surgery step before updating the neural weights, while
optimizing the objective function defined in Eq. 1. The goal of our approach is to
adjust model parameters 6 by modifying gradient updates so that they point in a



direction that improves the agreement across all domains. Such harmonization
step will be defined according to the sign of the respective components of the
gradient vectors associated to each domain. Intuitively, given a collection of gra-
dient vectors (one per domain), we will construct consensus vectors by retaining
those components that point in the same direction (i.e. those with the same sign)
and modifying the conflicting components. Here we define two different strate-
gies to deal with the conflicting components: we either set them to zero (we refer
to this strategy as Agr-Sum) or we assign a random value to them (we refer to
this as Agr-Rand). In what follows, we discuss the proposed approaches in detail.

Agr-Sum consensus strategy. Given a set of training source domains we first

sample a mini-batch from each source. Next, we perform a forward pass through

the network, and compute the domain losses £; and the corresponding gradients

g = VyL;(9) via backpropagation. To measure the agreement between domain

gradients, we define the following function:

051, ... g M)y = {1’ sgn(si)) = .. = sgn(si”) @)
0, otherwise,

where sgn(-) is the sign function and g,(j) denotes the k-th component of the gra-
dient associated to the i-th source domain. The gradient agreement function ¢
checks element-wise if the signs of the gradient components match. When all
components have the same sign for a given k, it returns 1; if there is any differ-
ence, itreturns 0. In other words, @ : R"x...xR" — {0, 1}" takes a set of N gradient
vectors as input and returns a new binary vector of the same size n. Note that
the total size of the gradient vectors will be given by the number of neural pa-
rameters, i.e. n = |f|. ® acts as a component-by-component indicator function,
where 1 indicates agreement and 0 indicates conflict. In terms of computational
complexity, it follows that ® is applied to the N domain gradients, so it scales
with the number of training domains. The number of domains is expected not
to be large (IV = 3 in our case), thus avoiding potential issues of computational
requirements for large N values.

The next step is to define the value of each component for the consensus gra-
dient ¢g*, which will be used to update the model parameters 6. For this purpose,
we adopt two different rules depending on the value returned by ®,. The value
of the k-component of ¢g* is defined as follows:

N (%) .

o , if®, =1

gz {Zz—l i ‘ k (3)
0, if d), = 0.

Note that ®, = 1 indicates that gradient component k¢ agrees along all the do-
mains, so we proceed to sum the corresponding values. In contrast, when there
is no agreement (¥, = 0), we resolve the conflict by setting it to zero. In this
way, we avoid updating neural weights when there is no consensus, reducing the
amount of harmful gradient interference between domains. A similar approach
was derived in Parascandolo et al. (2020) following the notion of invariances, to



improve consistency across different domains as the opposite of averaging gra-
dients’.

Agr-Rand consensus strategy. We also propose an alternative strategy that
uses the same approach that Arg-Sum to detect conflicting gradient components
via the agreement function @, but differs in how conflicts are solved. As before,
when there is total agreement (i.e. when ¢, = 1) we sum the gradient compo-
nents. However, instead of setting to 0 the conflicting components when they do
not agree (i.e. when &, = 0), Agr-Rand assigns a random value to the consensus
gradient by sampling from a normal distribution as follows:

N a2l if &, =1
9k =\ .« 9 . (4)

The rationale behind this approach is that zeroing out the conflicting compo-
nents may lead to dead weights that are never modified during training. Thus,
by assigning random values centered at 0, we may avoid this effect. Note that
the Gaussian distribution has zero mean and its variance is given by o2. We keep
all the gradient components within the same range by defining ¢ based on the
mean absolute value of those components of ¢* that agree. In other words, if we
denote with A the set of indices p such that ®, = 1, then ¢? = (ﬁ >ealgs)?. In
this way, we assign positive or negative random values sampled from a controlled
range.

3.3 Baseline models

We compared the proposed methods with a baseline procedure following the
standard approach (Deep-All) and the original MTL gradient surgery method
(PCGrad), that we adapted to the DG context. Deep-All uses standard mini-batch
gradient descent, where the mini-batches are built by randomly sampling images
from all the source domains.

PCGrad (Yu et al. 2020) takes a task : and computes the cosine similarity
between the gradient ¢(V and the gradient ¢U) of a different task j; if the value is
negative, it proceeds to replace ¢ by projecting it onto the normal plane of ¢\%),
that is:

@ _ @ 9999 (5)

! I

=g
This process is repeated across all other tasks j # ¢ sampled in random order.
Finally, all the projected task-gradients ¢(” are summed to obtain the final gra-
dient. We transfer this idea to the DG context by considering domain gradients
instead of task gradients.

IRevised October 2021.



We also included four DG state-of-the-art (SOTA) methods in the comparison:
Invariant Risk Minimization (IRM) (Arjovsky et al. 2019), Meta-Learning Domain
Generalization (MLDG) (Li, Yang, Song & Hospedales 2018), Inter-domain Mixup
(Mixup) (Yan et al. 2020) and Group Distributionally Robust Optimization (DRO)
(Sagawa et al. 2019). For these methods, we adapted the available implementa-
tions from Gulrajani & Lopez-Paz (2020) to our framework.

4 Experiments and results

4.1 Dataset details

We evaluated our method on three well-known datasets for multi-domain image
classification: PACS (Li et al. 2017), VLCS (Fang et al. 2013) and Office-Home
(Venkateswara et al. 2017). PACS includes 9,991 images of 4 domains: Art (A),
Cartoon (C), Photo (P) and Sketch (S); and 7 classes. VL.CS contains 10,729 pho-
tographic images of 4 domains: Caltech101 (C), LabelMe (L), SUNO09 (S) and
VOC2007 (V); organized into 5 classes. Office-Home contains 15,588 images
of everyday objects organized into 4 domains: Art (A), Clipart (C), Product (P)
and Real-World (R); and 65 classes. Figure 1 displays some examples of these
datasets. PACS and Office-Home are more challenging than VLCS as they pro-
vide non-photographic visual domains (such as paintings and sketches), resulting
in a more pronounced domain change. Due to the fact that all images in PACS
are 227x227 and in VLCS and Office-Home they have different sizes, we resized
all images in VLCS and Office-Home into 227x227 so that the image size is con-
sistent across all datasets.

In order to measure the generalization performance of our method, we adopted
the leave-one-domain-out strategy, i.e. holding one domain out for testing and
using the remaining domains for training. For all datasets, we randomly split
each domain into training (70%), validation (10%) and testing (20%) subsets.
Note that the images used to construct the training and validation sets will come
from multiple source domains, different to that used for testing. For testing, we
selected the model that achieves the highest accuracy on the validation set and
evaluated it on the test subset of the held-out domain.

4.2 Implementation details

Network architecture: Following previous works (Li et al. 2017, Dou et al.
2019, Carlucci et al. 2019), we chose a well-known CNN architecture for image
classification and then finetuned the network on source domains. For all meth-
ods, we used an AlexNet (Krizhevsky et al. 2012) pretrained on ImageNet (Rus-
sakovsky et al. 2015) and reshaped the last fully connected (FC) layer to have the
same number of outputs as the number of classes in the respective datasets (7
PACS, 5 VLCS and 65 Office-Home). Note that here we chose a relatively simple
architecture since it was faster to train and served as a proof-of-concept to ana-
lyze the impact of gradient surgery methods on domain generalization. Thus, we
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Figure 2: Average gradient cosine similarity within and between domains for the
PACS, VLCS and Home-Office datasets for a standard training procedure. Each
plot represents a different combination of source domains used for training. We
observe that gradients computed for images of the same domain (intra-domain,
in red) exhibit higher cosine similarity than images from different domains (inter-
domain, in blue). This experiment supports our hypothesis about conflicting gra-
dients emerging in multi-domain scenarios.

focus on the relative improvement achieved by gradient surgery with respect to
the baseline Deep-All model. However, as our method is agnostic to model archi-
tecture, more complex networks producing higher baseline results (like ResNet
(He et al. 2016) or Inception (Szegedy et al. 2015)) could be used instead.

Implementation: All experiments were implemented in PyTorch (Paszke et al.
2019) and run in a machine with CPU Intel Core i7-8700, 32GB RAM and NVidia
Titan Xp GPU. We trained all models with cross-entropy loss function during 1000
iterations or up to convergence, validating every 20 steps. At every training
iteration, we randomly sampled a batch of size 128 from each source domain.
For optimization, we used the Adam optimizer (Kingma & Ba 2014) and as a
regularization technique we employed weight decay. The learning rate and the
regularization parameter A were adjusted by grid search using the validation
set, and the resulting values were le-5 and 5e-5, respectively, for all methods
and datasets.?

4.3 Gradient characterization for multiple domains

Our working hypothesis is that when training with multiple domains, conflicting
gradients within each mini-batch contain information specific to the individual

20ur source code is publicly available at https://github.com/lucasmansilla/DGvGS.
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Figure 3: Accuracy of leave-one-domain-out evaluation on PACS, VLCS and
Office-Home datasets. The target domain (unseen during training) is specified
below each group of boxplots. Each boxplot represents 20 independent runs; the
box shows the values from the lower to upper quartile, the line is the median, the
green triangle is the mean and the whiskers show the minimum and maximum
values. The asterisk (*) above a boxplot of a method indicates that differences
between the means of that method and Deep-All are significant at a 0.05 level
according to a paired Wilcoxon test.

domains which is irrelevant to the others, including the test domain. To shed
light on this matter, we designed a study to characterize the gradients emerg-
ing while training with multiple domains. We measure how similar the gradients
are within and between domains using cosine similarity. In order to avoid a pos-
sible interference given by the different classes, we decided to use data from
the same class at every training iteration, so that the only source of differences
is the domain. During training, we sample a mini-batch from each source do-
main, taking care that in every iteration we only select samples from a given
class. Gradients for the loss function are computed individually, for each sample
of the mini-batch. The alignment between gradients is then measured by cosine
similarity, considering pairs of gradients from the same domain and from differ-
ent domains. Figure 2 shows the average cosine similarity within and between
domains for the PACS, VLCS and Home-Office datasets. Note that in all cases
the gradients tend to exhibit higher similarity within domains than between do-
mains. This confirms that pairs of inter-domain gradients carry more conflicting
information than the intra-domain ones. In the next experiment, we will show
that reducing such interference by encouraging gradient agreement tends to
improve generalization in unseen domains.

4.4 Evaluating the impact of gradient surgery for domain gener-
alization

In this experiment, we evaluate the impact of the proposed gradient surgery
strategies for improved domain generalization. To account for possible differ-
ences due to network initialization, we performed 20 independent runs for each
combination of dataset, method and held-out domain. For each of them, we re-



port the average accuracy on the test subset of the held-out domain. Results are
shown in Figure 3 and Table 1. We evaluated the statistical difference between
the mean accuracy reported for Deep-All (baseline) and the other methods: the
alternative gradient surgery approaches (Agr-Sum, Agr-Rand and PCGrad) and
the SOTA methods (IRM, MLDG, Mixup and DRO). We used the paired Wilcoxon
test for statistical significance in terms of mean difference (with a significance
level of 0.05).

Figure 3 shows the accuracy of the different methods on PACS, VLCS and
Office-Home datasets. In PACS, we can observe that Agr-Sum and Agr-Rand
significantly outperform the Deep-All baseline in 3 of the 4 target domains (Art-
Painting, Cartoon and Sketch). Similarly, in Office-Home, the aforementioned
methods improve generalization performance in 3 of the 4 target domains (Art,
Clipart and Real-World). No improvements in performance are observed in VLCS
that favor the use of a particular method over a different one. This may be due
to the fact that the overall accuracy in VLCS is already higher than in PACS
and Office-Home. This fact may leave smaller room for improvement than in the
other cases, making the differences less significant. Moreover, while in VLCS all
domains correspond to photographs, in PACS and Office-Home we also find art-
painting, cartoons, cliparts and sketches (see Figure 1 for visual examples). The
proposed gradient agreement strategies seem to be more useful in such multi-
modal scenarios. This is coherent with observations made in a previous work (Li
et al. 2017), which reports larger Kullback-Leibler divergence for inter-domain
features from PACS than from VLCS, and larger improvements for PACS than
VLCS with respect to a Deep-All baseline.

The mean accuracy and standard deviation across all domains for each method
are reported in Table 1. From these results, we can see that Agr-Sum, Agr-Rand
and PCGrad perform better than Deep-All and the SOTA methods in 8 of the
12 evaluations (6 Agr-Sum, 1 Agr-Rand and 1 PCGrad). Moreover, within each
dataset, Agr-Sum and Agr-Rand outperform Deep-All and the SOTA methods on
average in PACS and Office-Home, and they are competitive in VLCS. Overall,
we observe that significant improvements favor the use of Agr-Sum as agree-
ment strategy, specially in scenarios with pronounced domain shift. Moreover,
the relative improvement achieved by gradient surgery with respect to the base-
line Deep-All model is actually on par with that reported in previous works (Li
et al. 2017, Dou et al. 2019, Carlucci et al. 2019).

When comparing the proposed gradient surgery strategies (Agr-Sum and Agr-
Rand) with PCGrad in the context of domain generalization, we observe that PC-
Grad tends to replicate the results of Deep-All in most of the cases. In other
words, gradient surgery fails to significantly boost performance in this case.
However, when used in MTL settings, PCGrad had shown to be effective, as dis-
cussed in Yu et al. (2020). It remains to be elucidated why it is the case that
PCGrad does not help in our study. One possible reason is that more subtle dif-
ferences in terms of gradient conflicts emerge in multi-domain scenarios com-
pared to multi-task cases. The strategy followed by Agr-Sum and Agr-Rand, i.e.
zeroing out or assigning random values to the conflicting components, seems



Method

Training schedule Baseline Gradient surgery SOTA

Dataset Source Target Deep-All Agr-Sum Agr-Rand PCGrad IRM MLDG Mixup DRO
CPBS A 55.98 (1.75) 58.13 (1.65)* 56.51 (1.48) 55.70 (2.02) 54.59(1.98)* 55.88(1.92) 55.88(1.65) 54.96 (1.55)
APS C 57.80 (2.21) 61.52 (1.21)* 60.99 (1.55)* 57.47 (1.79) 57.72(2.37) 57.99 (2.14) 58.08 (1.95) 58.36 (2.32)
PACS ACS P 86.87 (1.22) 86.18 (1.09) 86.41(1.25) 86.47 (1.25) 86.30 (1.23) 86.63 (1.14) 84.55(1.76)* 86.63 (1.03)
A,CP S 54.90 (3.28) 57.35 (3.29)* 57.27 (2.97)* 55.46 (2.91) 53.86 (4.22) 55.18(4.24) 50.81 (4.08)* 53.21 (3.70)

Avg. 63.89 65.80 65.30 63.77 63.12 63.92 62.33 63.29
LSV C 92.40 (1.81) 93.00 (0.94) 93.14 (1.28) 93.23(1.50) 93.29(1.61) 93.18(1.45) 92.54(1.96) 92.44 (1.23)
CSsV L 58.78 (1.07)  59.30 (1.07)  59.02 (1.12) 58.56 (1.17)  59.22 (1.49) 58.55(1.11) 59.02 (1.12) 58.40 (1.04)
VLCS CLV S 63.96 (1.63) 62.98 (1.85)* 62.50 (1.68)* 63.89(1.25) 64.16(1.87) 64.11(1.70) 64.98 (1.40) 64.11(1.17)
CL,S v 67.49 (1.49) 67.15 (1.10) 67.15(1.58) 68.14 (0.97) 67.57(1.41) 67.10(1.07) 67.68(1.38) 67.08 (1.53)

Avg. 70.66 70.61 70.45 70.96 71.06 70.74 71.06 70.51
CPR A 33.84 (1.14) 35.32(1.02)* 35.75 (0.86)* 33.82(1.12) 33.07(1.28) 33.73(1.55) 35.69 (1.51)* 33.25(1.55)
APR C 34.99 (1.37) 36.13 (0.88)* 36.12(0.88)* 34.94(1.18) 34.34(1.07) 35.10(1.08) 35.74(0.87) 35.27(0.95)
Office-Home A,C,R P 54.06 (0.95) 54.22 (1.06) 54.22 (1.06) 54.49 (1.30) 52.16 (1.26)* 54.85(1.03) 55.20 (1.02)* 54.28 (0.97)
A,C,P R 55.95(0.89) 58.29 (0.78)* 57.95(0.70)* 55.71 (0.84) 54.81 (0.89)* 56.27 (0.98) 57.33 (0.86)* 55.84 (0.88)

Avg. 44.71 46.09 46.01 44.74 43.59 44.99 45.99 44.66

Table 1: Mean accuracy and standard deviation of leave-one-domain-out evalu-
ation on PACS, VLCS and Office-Home datasets. For each dataset, we also re-
port the average accuracy of the different methods over all target domains. The
method that achieves the highest accuracy on a given target domain is indicated
in bold in each row. The asterisk (*) indicates that the difference with respect to
Deep-All is statistically significant.

to be more aggressive than projecting onto the normal component of the other
tasks. Thus, PCGrad may be enough to harmonize gradients and make a differ-
ence in the context of MTL, but not in case of multi-domain scenarios. However,
verifying this hypothesis will require to implement an experimental setting that
allows comparison between multi-domain and multi-task learning under similar
conditions. Further studies are required to confirm this presumptions, which are
left as future work.

We also performed a control experiment to analyze whether the improve-
ment obtained by our gradient surgery was due to the inter-domain gradient
agreement, or it just was a simple regularization effect coming from the gra-
dient surgery itself. To this end, we evaluated the effect of training a model
with gradient surgery on multiple batches where each one is sampled from a
different domain (multi-domain), compared to training on multiple batches sam-
pled from a single domain randomly chosen at each training iteration (single-
domain). Note that in both cases we used 3 domains for training, and the differ-
ence is that during a single gradient descent iteration the gradients ¢(* in multi-
domain come from different domains, while they come from the same one in
single-domain. Figure 4 shows the average accuracy of 20 independent runs on
PACS for Agr-Sum, Agr-Rand and PCGrad using multi-domain and single-domain
batches. From these results, we can notice that there are differences in accuracy
favoring Agr-Sum and Agr-Rand in 3 out of 4 target domains when training with
multi-domain batches. This shows that gradient agreement contributes to effec-
tively improve the generalization performance by encouraging the inter-domain
gradient agreement in the batches.
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Figure 4: Control experiment on PACS comparing gradient surgery using multi-
domain batches (white) vs single-domain batches (grey shaded).

5 Conclusions

In this work we studied the implications of multi-domain gradient interference
in domain generalization, and proposed alternative gradient surgery strategies
to mitigate their negative effect. Our characterization of intra and inter-domain
gradients confirmed the initial hypothesis that pairs of inter-domain gradients
carry more conflicting information than the intra-domain gradients. Experiments
on three multi-domain datasets showed that gradient agreement strategies are
useful in reducing inter-domain interference and tend to improve generaliza-
tion in unseen domains. Our comparative study with the Deep-All baseline, the
PCGrad agreement strategy and the SOTA methods shows that the proposed
Agr-Sum method outperforms the other strategies in most scenarios. Such im-
provement is more clear in cases where domain shift leads to poor performance
of the baseline model. This is the case of target domains A, C and S in PACS
or A and C in Office-Home, which present a low baseline performance that is
significantly improved when using Agr-Sum.

The proposed gradient surgery methods are agnostic to model architecture
and do not augment the number of hyper-parameters. In the future, we plan
to explore their impact when training more complex deep neural architectures
which should lead to higher performance.
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Abstract

An ever-growing body of work has shown that machine learning systems
can be systematically biased against certain sub-populations defined by at-
tributes like race or gender. Data imbalance and under-representation of
certain populations in the training datasets have been identified as potential
causes behind this phenomenon. However, understanding whether data im-
balance with respect to a specific demographic group may result in biases
for a given task and model class is not simple. An approach to answering
this question is to perform controlled experiments, where several models are
trained with different imbalance ratios and then their performance is evalu-
ated on the target population. However, in the absence of ground-truth anno-
tations at deployment for an unseen population, most fairness metrics cannot
be computed. In this work, we explore an alternative method to study poten-
tial bias issues based on the output discrepancy of pools of models trained on
different demographic groups. Models within a pool are otherwise identical in
terms of architecture, hyper-parameters, and training scheme. Our hypoth-
esis is that the output consistency between models may serve as a proxy to
anticipate biases concerning demographic groups. In other words, if models
tailored to different demographic groups produce inconsistent predictions,
then biases are more prone to appear in the task under analysis. We for-
mulate the Demographically-Informed Prediction Discrepancy Index (DIPDI)
and validate our hypothesis in numerical experiments using both synthetic
and real-world datasets. Our work sheds light on the relationship between
model output discrepancy and demographic biases and provides a means to
anticipate potential bias issues in the absence of ground-truth annotations.
Indeed, we show how DIPDI could provide early warnings about potential
demographic biases when deploying machine learning models on new and
unlabeled populations that exhibit demographic shifts.



1 Introduction

Machine learning (ML) models are susceptible to exhibiting biases against cer-
tain subpopulations defined in terms of sensitive demographic characteristics
such as gender, age, or race. Examples of such biases can be found in a vari-
ety of fields, including predictive policing (Angwin et al. 2016), facial analysis
(Buolamwini & Gebru 2018), and healthcare (Chen et al. 2019, Ricci Lara et al.
2022). Factors that contribute to biased models may include the data used for
training and evaluation, as well as decisions made during the development pro-
cess (Suresh & Guttag 2019). As ML applications in the real world become in-
creasingly widespread, it is important to evaluate models to ensure that they are
not only accurate but also produce fair and ethical results.

In particular, under-representation of certain demographic groups has been
identified as one of the main causes of bias when developing predictive systems.
Although many types of biases exist and can be measured using different met-
rics, here we are mostly concerned about disparities in predictive performance
usually studied in the literature of group fairness (e.g. as measured by the gap
in accuracy between different demographic groups for classification systems,
or the gap in mean absolute error per demographic group for regression prob-
lems). For example, gender imbalance in X-ray medical imaging datasets has
been shown to have a significant impact on the performance of assisted diagno-
sis systems for thoracic diseases based on convolutional neural networks (Lar-
razabal et al. 2020), as measured by the gap in area under the receiver operating
curve (AUC-ROC) for male and female individuals. Another example is given by
under-representation of ethnic groups, which has also been found to influence
model performance for cardiac image segmentation (Puyol-Antén et al. 2021),
as measured by the differences in the Dice coefficient between different groups.
However, in other tasks, such data imbalance has not been associated with un-
equal performance. In Petersen et al. (2022) for example, the authors found that
in the case of Alzheimer’s disease prediction from brain magnetic resonance
images (MRI), gender imbalance in the training dataset did not lead to a clear
pattern of improved model performance for the majority group. A similar phe-
nomenon was observed in Kinyanjui et al. (2020), where the authors studied
under-representation of skin color when analyzing dermoscopic images for skin
cancer detection, and did not observe such disparities. This observation was
then challenged by Groh et al. (2021), which found disparities in performance
arising from training a neural network on only a subset of skin types. In all, it is
not always a fact that data imbalance will result in biased automated systems. To
complicate matters further, even when the presence of biases can be assessed
during the development of an automated tool, these properties may not trans-
fer under distribution shifts (Schrouff et al. 2022), for instance, once the model
is deployed. This is a problem for fairness metrics which require ground-truth
annotations, which are expensive to obtain and may not be available before de-
ployment. Given these issues, a valid question that one may then ask is: can we
anticipate whether models will exhibit biases with respect to data imbalance in



terms of a particular protected attribute in the absence of ground-truth annota-
tions?

Typical approaches to identify biases in ML models involve subgroup analysis
and controlled experiments where both demographic and target labels are avail-
able (Larrazabal et al. 2020, Buolamwini & Gebru 2018, Glocker et al. 2021).
Model performance across demographic groups is commonly evaluated employ-
ing one or more metrics (Corbett-Davies & Goel 2018) with the implicit assump-
tion that the presence or absence of biases during development will be repre-
sentative of the behaviour of these models when applied to previously unseen
data at deployment. Recent findings regarding how fairness properties transfer
across distribution shifts in real-world healthcare applications due to changes
in geographic location or population demographics, warn us about the risks of
this assumption (Schrouff et al. 2022). A system that did not exhibit strong bi-
ases in the source population may begin to do so when the target population
changes. This is particularly concerning in applications like healthcare, where
collecting expert annotations on large datasets can be costly and time-consuming
(Ricci Lara et al. 2022), meaning that fairness metrics requiring labels may not
be computed, with the result of biases going unnoticed. In this context, devel-
oping methods that can be used without the need for ground truth in the target
population becomes highly relevant. In this paper, we are interested in explor-
ing ways to anticipate potential bias issues that may arise in the context of a
given task for a novel unlabeled target population. We do so by proxy: using
an index that we call Demographically-Informed Prediction Discrepancy Index
(DIPDI), which can be computed in the absence of ground truth annotations. We
provide an analytical derivation demonstrating the relation between DIPDI and
performance gaps, and show in numerical experiments using both synthetic and
real-world datasets that this index is indeed indicative of bias proneness, provid-
ing an early warning for potential fairness issues in these settings.

2 Related work

The implicit assumption that model assessment during development is represen-
tative of its behaviour at deployment is not unique to fairness studies. Indeed, an-
ticipating whether a model will systematically fail or not when ground-truth an-
notations are not available is a current topic of interest in the field, and one way
to tackle this issue is to look at predictive uncertainty (Gal et al. 2016). Intuitively,
if a well-calibrated model systematically makes highly uncertain predictions for
certain individuals, then chances are that these predictions will have a higher
failure rate for those individuals. In this context, recent studies have analyzed
the relation between fairness and uncertainty, postulating that uncertainty esti-
mates can be used to obtain fairer models, improve decision-making, and build
trust in automated systems (Bhatt et al. 2021). For example, Lu et al. (2021)
analyzed how alternative uncertainty estimation methods can be used to eval-
uate subgroup disparities in mammography image analysis, while Stone et al.
(2022) leveraged epistemic uncertainty estimates to mitigate minority group bi-



ases during training. The work of Dusenberry et al. (2020) discusses the role
of model uncertainty in predictive models for Electronic Health Record (EHR),
and shows how it can change across different patient subgroups, in terms of eth-
nicity, gender and age, considering Bayesian and deep ensemble approaches for
uncertainty estimation. Even though in this work we do not directly rely on the
notion of uncertainty, our study is highly influenced by this idea, as it explores
the use of output discrepancy for a set of models as a way of anticipating bias
issues. This notion is closely related to ensemble variance, usually employed as
a measure of uncertainty for ensemble methods (Lakshminarayanan et al. 2017,
Pividori et al. 2016, Larrazabal et al. 2021). Another important concept in our
study is that of consistency (Wang et al. 2020), defined as the ability of a set of
multiple trained learners to reproduce an output for the same input. According
to this concept, model outputs are analyzed irrespective of whether they are cor-
rect or incorrect, and as such, it does not require ground-truth annotations to
be computed. This idea will be central to our study, as we explore how changes
in consistency for pools of models trained on the same or different demographic
groups will correlate with potential biases that may emerge in a given task.

Contributions: Here we present a methodology to understand whether biases
with respect to a given demographic attribute are prone to arise in a new unla-
beled dataset. We do so by analyzing the output consistency of a pool of models,
where each model is trained on separate demographic groups, but is otherwise
identical in terms of architecture, hyper-parameters and training scheme. We
introduce a new index, DIPDI, based on the following hypothesis: if models spe-
cialized in different demographic groups produce discrepant predictions for the
same test data, then the task under analysis is prone to be biased against that
demographic attribute. Note that throughout this manuscript, we consider that
a task is prone to be biased with respect to a given demographic attribute when
we observe systematic performance gaps for models trained on different demo-
graphic groups characterized by such attribute.

We validate our hypothesis using synthetic and real-world datasets, focus-
ing on regression and classification tasks: age regression from face photos and
X-ray images, classification of younger vs older celebrities in face images, as
well as hair color classification. We use four real-world datasets and consider
different cases of demographic imbalance in the training data. Our results in-
dicate that DIPDI can be used to anticipate potential bias issues in the absence
of ground truth labels, and confirm the association between output discrepancy
and bias proneness. We also assess the behaviour of DIPDI for unseen popula-
tions with different types of distribution shifts, showing how it can be used to
measure bias proneness in dynamic contexts. Moreover, since our metric does
not require expert annotations to be computed, it could help to anticipate bias
issues in real-world scenarios and give early warnings when deploying machine
learning models on new, unlabeled populations.



3 Demographically-Informed Prediction Discrepancy
Index (DIPDI)

3.1 Quantifying output discrepancy within and between demo-
graphically-informed sets of models

Given two sets of predictive models A = {4;, As} and B = {B;, B2}, we are in-
terested in analyzing how the output discrepancy of models within the same set
compares to the output discrepancy of models coming from different sets, when
they are evaluated on samples from an unlabeled dataset D. Here A(x;) : X — )
is a predictive model (e.g. a regression or classification model), wherex, € D C X
can be images or other types of data for subject k£, and the output of A(x;) is a
label y € Y which could be a real number for regression problems as well as a
categorical label or a soft probability estimate for classification problems.

We then define an average output discrepancy function Np(M, M,), that takes
as input two models M; and M,, and returns a number representing how different
their outputs are on average when evaluated on all samples from D. We measure
the discrepancy between two models using a discrepancy function d(-,-) so that
the average output discrepancy is defined as

Nop(My, My) = pi' S (M (%), Ma(X)). (1)

X, €D

For example, in regression problems the discrepancy function d(-,-) could be
the absolute or the quadratic error, while in classification problems it could
be the Jensen-Shannon divergence between the output distributions for models
My, M. In other words, the average output discrepancy is the mean discrepancy
d(Mi, M,) between the predicted values of models M; and M; for all subjects in
the dataset. It returns a number closer to 0 when the outputs of the two models
for every data sample are similar, and higher if they tend to differ. Since we are
interested in analyzing the output discrepancy for models within and between
sets, we consider the following ratio as an indicator of relative output discrep-
ancy:

Np (A1, B1)Np(Asz, Bs)
Np (A1, As)Np(B1,B2) |

This inter-model prediction discrepancy will be close to 0 when the output dis-
crepancy for models within the same set (denominator) is similar to that of mod-
els coming from different sets (numerator), and it will be greater than 0 when
the discrepancy for models coming from different sets is greater than that of
models coming from the same set. When applied to models trained on different
demographic groups, we refer to this diverse set of models as a demographically-
informed pool and ®p becomes our Demographically-Informed Prediction Dis-
crepancy Index (DIPDI). This will be the case, for example, when models in A

(I>D(Aa B) = log (2)



are trained on male individuals while models in B are trained on female individ-
uals.

Note that in our current analysis, we have focused on model sets of size 2
for simplicity (e.g. both A and B have two elements). However, it is important to
note that this concept can be extended to larger sets. The generalization involves
considering combinations of pairs of models both within each set and between
different sets. For an extension of DIPDI to handle groups with more than two
models, please refer to Appendix A.1.

3.2 DIPDI as a proxy for anticipating bias issues

Our goal is to anticipate whether biases may arise with respect to a particular
protected attribute « in a novel dataset before annotated labels become available.
Here we provide an example where the task at hand is age regression and the
protected attribute « indicates the gender of the individual, which for simplicity
we take as male (o = M) or female (a = F). We create two sets of models (age
regressors): A, where models A; are trained only on male individuals, i.e. a = M;
and B, where models B; are trained only on female individuals, i.e. a = F. We say
that this constitutes a demographically-informed pool of models, as each of them
was trained on individuals from a particular demographic group characterized
by the protected attribute a. Let us also have a fixed dataset D that will be used
as the novel target population where potential biases would want to be flagged.
D is a balanced dataset according to the protected attribute a (but unlabeled
with respect to output class, i.e. without the reference age). In our example, this
means that D is composed of 50% male and 50% female individuals.

Our hypothesis is that for larger values of ®p(A, B), computed for a pool of
models comprising sets A and B, biases are more likely to emerge. In other
words, we hypothesize that inconsistencies between the output discrepancy of
models trained on highly imbalanced datasets with respect to the protected at-
tribute a will tend to co-occur with potential bias issues. To confirm our hypoth-
esis, we first look for biases with respect to a using ground-truth annotations in
the target population (following a strategy similar to Larrazabal et al. (2020)),
by computing performance gaps in terms of absolute error (using the ground-
truth of each sub-population). Then we calculate DIPDI, which does not require
ground-truth labels for D, and verify if it produces results that are in line with the
conclusions we drew when using the annotations. As a sanity check, we incorpo-
rate control experiments where we break the assumption that sets A and B are
trained on different demographic groups (e.g. by training models in A and B us-
ing balanced data formed by 50% male and 50% female individuals), and show
that in these cases DIPDI returns values close to 0. Moreover, the theoretical
derivation included in Appendix A.2 provides analytic expressions for the rela-
tionship between performance gap and output discrepancies captured by DIPDI,
assuming one-dimensional Gaussian soft outputs for classification models.



4 Experimental validation

We start by verifying the behaviour of DIPDI under controlled conditions using
synthetic data (Section 4.1). Then, we perform a set of experiments to evaluate
the proneness to gender bias of tasks such as age estimation (from face and X-
ray images) and younger vs. older classification of celebrities (from face images).
Our focus is particularly on scenarios where a specific subgroup is underrepre-
sented, as discussed in Larrazabal et al. (2020). We show that DIPDI anticipates
potential biases against the minority group when training data is highly imbal-
anced in gender representation (Section 4.3). To this end, we employ ground-
truth annotations for the target population to compute performance gaps for
models trained with different imbalance ratios, in the different subgroups. Then,
we proceed to compute DIPDI (which does not require ground-truth labels) in the
target population. We show that bias gaps tend to occur for larger DIPDI values
(Section 4.4). We conclude the study by showing how DIPDI can serve to antic-
ipate potential bias issues at deployment in populations with distribution shifts,
when target annotations are not yet available (Section 4.5).

4.1 DIPDI on synthetic data

We start by verifying the behaviour of the proposed DIPDI using synthetic data.
The purpose is to show, using a simple example, how sensitive DIPDI is when
measuring bias proneness. To this end, we generate a synthetic dataset com-
posed of samples s; = (xj,), where x; € R? are bi-dimensional feature vec-
tors coming from two bi-variate normal distributions N,—o(uo = (0,0),3¢ = I)
and N,—i(u1 = (1,1),%; = I). These distributions simulate different demographic
groups characterized by a protected attribute a« = 1 (e.g. female) or « = 0 (e.qg.
male). We then generate the corresponding labels y; € R for each data sample
to simulate a regression problem (e.g. age regression). We do this by assigning
y; to be equal to the first feature dimension of the sample, linearly interpolated
to ensure it is within 1 and a 100 years, with an added uniform random noise of
10 years, simulating an age estimation scenario (see Figure 7 in the Appendix
B.1). We then train support vector regression (SVR) models on these samples,
perform inference, and subsequently compute DIPDI based on the actual predic-
tions produced by these models.

Importantly, to ensure that under-representation of a certain group will bias
age regression models to exhibit better performance in the majority group, we
sample each distribution by varying the proportion of male and female samples
in training. The range of gender imbalance cases spans from 100-0 (100% male)
to 0-100 (100% female), with increments of 10%. We generated 10,000 training
samples that were partitioned into 10 folds for statistical purposes, and an addi-
tional 1,000 samples for testing that were held constant across all experiments.

The results of the synthetic experiment are presented in Figure 1. At the top
(Figure 1a), the mean absolute error (MAE) is shown for models trained with dif-
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Figure 1: (a) Mean absolute error (MAE) of SVR models trained on synthetic
datasets of age estimation with varying gender imbalance ratios. (b) DIPDI val-
ues for different group compositions, highlighting the impact of gender imbal-
ance in prediction consistency. Statistical significance with respect to a mean
equal to 0 was measured by a Wilcoxon test (ns: non-significant, *: p-value <
0.05, **: p-value < 0.01, ***: p-value < 0.001).
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ferent imbalance ratios evaluated on males, females, and the whole population.
We can see performance disparities across demographic groups, which high-
lights the impact of gender imbalance on predicted accuracy. The corresponding
DIPDI values are shown in Figure 1b. The observed results are consistent with
our hypothesis that DIPDI helps to anticipate bias proneness. In Appendix B.2
we include results for an even simpler synthetic experiment, where instead of
simulating the dataset and training SVR models, we directly simulate the model
outputs and show how DIPDI reacts in highly controlled conditions.

4.2 DIPDI on real scenarios: datasets and experimental setup

We conduct experiments on the task of age regression using convolutional neural
networks (CNNs), employing three public databases: ChestX-rayl14 (Wang et al.
2017), UTKFace (Zhang et al. 2017) and IMDB-WIKI (Rothe et al. 2018). We also



evaluate DIPDI for classification problems, considering a binary classification
(younger vs older celebrities) using the CelebA dataset (Liu et al. 2015). All ex-
periments were performed using PyTorch (Paszke et al. 2017) and executed on
an NVIDIA Titan X GPU.L.

ChestX-rayl4 dataset. The ChestX-rayl4 dataset contains 112,120 high-reso-
lution frontal-view radiographs of 30,805 unique patients with age and gender
labels. Each image is annotated with up to 14 different chest disease labels ex-
tracted from radiology reports (not used in our study), age and gender. We use
the ChestX-ray14 dataset to perform subgroup analysis in terms of gender and to
evaluate DIPDI in models trained to perform age estimation from radiological im-
ages. We use here for gender the binary labels reported in the dataset, i.e. male
and female. To avoid having two images of the same patient in train and test, we
randomly selected one image per patient, resulting in a total of 28,350 images
which include healthy and pathological cases. This database was divided into
10 folds using a stratified cross-validation strategy, where each fold is balanced
by gender. For each cross validation instance, one fold is used to evaluate the
model and the remaining 9 folds are used to train the model, which are further
sub-divided into training (90%) and validation (10%) subsets for hyper-parameter
tuning and model selection.

For all experiments on ChestX-rayl4 we used a DenseNet-121 (Huang et al.
2017) pretrained on ImageNet (Russakovsky et al. 2015). The last layer of the
network was replaced with an adaptive pooling layer, followed by a single-output
neuron layer to predict age. The models were trained for 50 epochs using the
Adam optimizer (Kingma & Ba 2014) with default parameters and the mean ab-
solute error (MAE) loss function.

UTKFace dataset. The UTKFace dataset is a collection of over 20,000 facial
images spanning ages from 0 to 116, annotated for age, gender, and ethnicity.
It exhibits diverse variations in pose, facial expression, lighting, occlusion, and
resolution. Images were filtered to include ages from 10 to 100 and followed the
same training settings as applied in the case of ChestX-rayl4. This dataset is
utilized for subgroup analysis and assessing DIPDI in age estimation models.

We employed a VGG-16 architecture (Simonyan & Zisserman 2014), pretrained
on ImageNet, with the final layer replaced by adaptive pooling and a single-
output neuron layer for age prediction.

IMDB-WIKI dataset. The IMDB-WIKI dataset consists of 523,051 face images
of 20,284 celebrities collected from IMDB and Wikipedia with age and gender
labels. Age is estimated from the date of birth and the year when the photo
was taken. The IMBD-WIKI dataset is used to perform subgroup analysis and to
evaluate DIPDI for models trained to perform age estimation from facial images.

We used a VGG-19 architecture (Simonyan & Zisserman 2014) pre-trained

1Our code is publicly available at https://github.com/lamansilla/DIPDI-Biases



on ImageNet. We added a single-output neuron layer with ReLU activation and
fine-tuned the last four layers. The models were trained with a MAE loss for 10
epochs using the Adam optimizer with default parameters.

CelebA dataset. The CelebFaces Attributes (CelebA) dataset (Liu et al. 2015) is
a large-scale repository comprising over 200,000 celebrity images, each anno-
tated with 40 attributes. This dataset covers diverse facial poses and background
variations. In our study, we choose the 'young’ attribute as the target label (thus
classifying younger vs older individuals) for prediction, and balance both gender
and target to mitigate potential spurious correlations.

To conduct subgroup analysis and evaluate DIPDI in classification models,
we employed a ResNet-50 architecture (He et al. 2016) pretrained on ImageNet,
replacing the final layer with a two-output neuron layer for binary classification.
The training process followed the same protocols as ChestX-rayl4 and UTKFace,
employing the cross-entropy loss.

4.3 Assessing the impact of gender imbalance in a supervised set-
ting

Age estimation from X-ray images. We analyze the impact of gender imbal-
ance in age estimation from radiological images by performing a supervised sub-
group evaluation. The aim is to understand if the age estimation task is prone to
be biased with respect to gender if a certain subgroup is under-represented. We
will then see if the proposed DIPDI can predict such behaviour without ground-
truth annotations. We train models with different degrees of gender imbalance
and then examine their performance separately in male and female subgroups.
We consider five cases of gender imbalance in training: 100-0, 75-25, 50-50, 25-
75, and 0-100. Importantly, male and female subgroups in the test population are
always equal in size. This means that every model is evaluated on equal footing.

The MAE for ChestX-ray14 is shown in Figure 2a. The results show that im-
balance with respect to the protected attribute leads to a significant difference
in performance across subgroups, confirming that this problem is prone to be
biased with respect to gender if there is under-representation in the training
dataset. For example, when testing on female subjects, models trained only on
male (100-0) data have higher MAE than models trained on female images. The
same happens when testing on female individuals: models trained only on fe-
male data (0-100) significantly outperform those trained on male data. More-
over, the differences between male and female subgroups are less significant
when the training data is less imbalanced. These results are consistent with pre-
vious observations reported by Larrazabal et al. (2020) in the context of disease
prediction from X-ray images. Appendix B.3 contains supplementary results for
ChestX-ray14 including additional statistics and metrics.

Age estimation from face images. We also perform a similar analysis to study
the impact of gender imbalance in age estimation from facial images. For UTK-
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Figure 2: Results for age estimation (rows 1-3) and younger vs older classifica-
tion (row 4) across models trained with different gender imbalance ratios. Model
performance, measured through MAE and Accuracy, shows wider gaps in highly
imbalanced cases. It is effectively captured by DIPDI with higher values for im-
balance, and close-to-zero values for balanced cases.



Face, we followed the same procedure as for ChestX-rayl4. Figure 2c shows the
MAE results for models trained with varying degrees of gender imbalance and
tested on male and female subgroups over 10 folds. These results demonstrate a
significant performance disparity across subgroups resulting from an imbalance
in the protected attribute.

In the case of IMDB-WIKI, we train an ensemble of 5 models with different
degrees of male-female imbalance and then evaluate their performance sepa-
rately in male and female subgroups. We perform 20-fold cross-validation with
a 60/20/20 ratio for the training, validation, and test sets.

The MAE is shown in Figure 2e for these experiments. We observe that the
models perform better in the subgroup (either male or female) that is most rep-
resented in training, while their performance deteriorates in the other subgroup.

Younger vs older classification from face images. We explore the impact
of gender imbalance when classifying celebrity photos using the CelebA dataset
as either younger vs older individuals. Figure 2g presents the accuracy results
by subgroup over 10 folds for models trained with varying gender imbalance
ratios. The results reveal large gaps in performance for different demographic
subgroups in highly imbalanced cases, while the gaps reduce for more balanced
cases. We include supplementary results for CelebA in Appendix B.4, which in-
clude confusion matrices and a fairness metric (Equality of Opportunity).

4.4 Estimating bias proneness without ground-truth via DIPDI

In the previous section we confirmed that age estimation and classification of
younger vs older individuals are tasks prone to be biased with respect to gender,
by computing error gaps between subgroups using ground-truth annotations.
Now, we want to study if it is possible to measure such bias proneness in a given
population without ground-truth labels using DIPDI. We are interested in ana-
lyzing if output discrepancy for demography-aware model sets can be used as a
proxy for anticipating potential fairness problems in specific ML tasks. To this
end, we compute DIPDI in the same settings where we explicitly evaluated bi-
ases in the previous section. Note that we choose different discrepancy functions
d(-,-) (from Equation 1) for regression and classification problems. For regression
problems, we choose d to be the absolute error between the model predictions.
For classification, as we output soft probabilities, we adopt the Jensen-Shannon
divergence between the output distributions.

In all datasets, we consider different scenarios of gender imbalance for the
set of models A and B to be evaluated. Five comparisons are made: 100-0 vs
0-100, 75-25 vs 25-75, 50-50 vs 50-50, 25-75 vs 75-25, and 0-100 vs 100-0. To
control for finite-size sampling variability, we split the training data into four
random disjoint partitions, so that no data is shared between models even when
they are trained for the same demographic sub-group (i.e. even though 4; and A,
are trained on subjects from the same demographic group, the exact individuals
are not the same). Then DIPDI is computed on the held-out test set (i.e. the



unlabeled data D), which is balanced by gender. Additional results for DIPDI are
included in Appendix B.5.

The plots in the right column of Figure 2 show DIPDI for the age regression
and younger vs older classification tasks. Note that, in all scenarios, the index
values are very close to 0 when comparing sets of models trained in the same pop-
ulation, but higher than 0 when comparing models from different populations, in
line with the absence or presence of biases as a function of data imbalance shown
in the corresponding left column. Taken together these results demonstrate the
co-occurrence between higher DIPDI and bias proneness: models coming from
the same demographic population, produce more consistent outputs when eval-
uated on a target population. This output stability is clearly evidenced by index
values close to 0 for 50-50 distributions. In contrast, the index returns signifi-
cantly higher values when it comes to models trained with different demographic
subgroups, where biases are in turn prone to appear, as shown in our previous
supervised analysis (Section 4.3). Importantly, note that no labels were required
in the target population D when computing DIPDI.

4.5 Anticipating potential demographic biases in distribution shift
scenarios with DIPDI

We have highlighted in the previous section the role of DIPDI in identifying po-
tential demographic biases in populations that lack ground-truth annotations.
Now, we turn our attention to a new challenge: demonstrating how DIPDI can
deal with domain shift scenarios even when ground-truth data is unavailable.
Prior research has identified the vulnerability of fairness properties of machine
learning models when deployed on datasets differing from those used during
model development (Schrouff et al. 2022). In this context, we leverage DIPDI
as an unsupervised alternative to traditional fairness metrics for understanding
bias proneness in populations under different types of distribution shifts. Here
we focus on two cases: covariate shift, where the conditional distribution of the
input features (e.g. pixel intensities) changes between source and target popula-
tion; and label shift, where the conditional distribution of labels change between
source and target (e.g. different prevalence for a disease, or different age distri-
butions in our age regression problem). As discussed in Schrouff et al. (2022),
such shifts as well as other types of changes in data distribution, may result in
failures of fairness transfer across distribution shifts. In other words, models
that were not biased in a source distribution may start to exhibit biases in the
target distribution. To this end, we explore two different scenarios.

4.5.1 Label shift: age distribution experiment

This experiment involves a target population that is always balanced by gender,
and we introduce label shifts by altering the age distribution within one gen-
der group (either male or female, but not both). Specifically, we increase the
proportion of individuals with ages exceeding a predefined limit (set at 45 in



our experiments), while maintaining the age distribution within the non-shifted
group. For each shift scenario considered, we calculate both the DIPDI and the
MAE gap (AMAE) between male and female models, when tested separately on
male and female subsets. For the male subset, we calculate the AMAE by sub-
tracting the MAE of a female-trained model from that of a male-trained model.
Similarly, for the female subset, we subtract the MAE of a male-trained model
from that of a female-trained model. Note that the calculation of AMAE requires
access to ground truth annotations, whereas DIPDI does not.

Figure 3 presents the mean and standard deviation of DIPDI and AMAE for
age shift ratios ranging from 50% to 90% (a shift ratio of 90%, for example, im-
plies 90% of the subpopulation is under 45, and 10% is at or above 45). Our aim
here is to understand if such label shift results in a task that is more prone to
be biased with respect to the demographic groups under analysis. In principle,
there could be three possibilities when compared with the original distribution:
the problem is more, equally or less prone to be biased. Note that when the
shift affects the male group (Fig. 3a), DIPDI tends to slightly increase, and a
corresponding slightly increasing gap is observed for both male and female test
groups. On the other hand, when varying the proportion of females younger than
45 years old in the unseen population, we observe that the AMAE between mod-
els trained on male and female individuals stays constant for males (red curve
in Fig. 3b, right panel), but decreases for female subjects (blue curve), reach-
ing a level of bias proneness equivalent to the one observed for males (at 90%,
where the blue and red curves intersect). In other words, decreasing the age of
the female population changes the bias proneness of that group (as measured by
analyzing the AMAESs), making it more fair as it reaches levels of bias proneness
equivalent in both populations. As expected, the DIPDI index follows exactly the
same tendency (is reduced as bias proneness is reduced), confirming our hypoth-
esis. This different behavior observed when introducing label shifts in the test
male and female groups may be rooted in the different ways in which the fea-
tures of each group interact with age. In fact, for this dataset it is well known
that the baseline performance is different for both groups. This could explain
the greater susceptibility of a group to changes in age distribution.

These experiments underscore the effectiveness of DIPDI in a label shift sce-
nario, particularly when ground-truth annotations are unavailable. An increase
in DIPDI during deployment, compared to the development phase, can be inter-
preted as an indicator of intensifying bias proneness within one or both demo-
graphic groups, whereas a decrease in DIPDI implies a potential reduction in
bias within these groups.

4.5.2 Covariate shift: color distribution experiment

In this experiment, we evaluate a classification model trained for a new task:
distinguishing between blond and non-blond celebrities in the CelebA dataset.
While the model is trained on the original color images, we induce a covari-
ate shift in the target population by transforming color test images (RGB) to



UTKFace: Shift on Test Data (only Males)

1.4 4 Testing on
5 ® Male
1.2 4 ® Female

=T detegial

T T T T T T T T T T
50 60 70 80 90 50 60 70 80 920

Age<45 (%) Age<45 (%)
(@)
UTKFace: Shift on Test Data (only Females)
6
1.4 Testing on
5 ® Male
1.2 Ny ® Female

- ~
1.0 i “-\} 4 *\
s \\w w \\
5 0.8 L ¥ ~£
o ~ = 3 ~
: il

~
~

1,
CEepdibd oy

0.0 T T T T T 0 T T T T T
50 60 70 80 90 50 60 70 80 90

Age<45 (%) Age<45 (%)

(b)

Figure 3: Mean and standard deviation DIPDI (left) and MAE gap (right) under
label shift scenarios for male (a) and female (b) groups separately on UTKFace.
Label shift is induced by modifying the age distribution of individuals under 45
years at increasing ratios for male and female test groups independently. Note
that in both cases of shift, the DIPDI tends to follow the behaviour of the dif-
ference curve, showing an increase with increasing biases and a decrease with
decreasing biases.
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curacy gaps become more similar as images transform from RGB to grayscale,
supported by a decrease in DIPDI.

grayscale. We guarantee target and gender balance in both training and test
splits to avoid spurious correlations in our experiment, executing 10 runs with
different random seeds.

Figure 4 presents DIPDI values and the accuracy gap (AAcc) between models
trained on male and female subjects, tested on the whole target population with
covariate shift (grayscale images) and without covariate shift (RGB images). We
note that evaluating bias proneness of the original models in the shifted distribu-
tion using the ground-truth annotations shows decreased bias overall. Notably,
the AAcc between models trained on male and female subjects becomes more
similar for both groups for grayscale images compared to RGB. The DIPDI index
consistently captures this behavior, resulting in a decrease when computed in
grayscale images.

5 Discussion

In this work, we tackle the issue of anticipating potential demographic biases
at deployment in the absence of ground truth annotations. Typical methods de-
signed to assess fairness require access to such annotations, which may be avail-
able at training time but not when deploying models for previously unseen data.
A prototypical example of this would be a model trained on a public dataset
which will then be applied to a local population for which we do not have the
corresponding annotations. Recent work has highlighted how distribution shifts
may affect fairness (Schrouff et al. 2022), resulting in a potential risk. While
an explicit fairness metric may not be computed, we argue that we can employ
the discrepancy of output predictions from pools of models trained on different
demographic groups as a proxy to provide an early warning about potential de-
mographic biases. We propose a concrete solution in terms of an index, DIPDI,
whose value indeed provides a measure for the proneness towards biased solu-



tions.

Intuitively, we can think about output discrepancies in a set of models as a
notion of uncertainty, which in ensemble models is usually estimated as the vari-
ance in the predictions of components of the ensemble (Lakshminarayanan et al.
2017). If all models in an ensemble agree on a prediction, the uncertainty for
this sample is likely low. Conversely, if there is a high variance in the predic-
tions across the models, this indicates higher uncertainty. When we evaluate the
discrepancy in the predictions of models trained for a particular demographic
group, we could interpret them as models within an ensemble, and consequently
the discrepancy in their predictions for a given subject could be seen as the
uncertainty of the ensemble. In that sense, our index quantifies the relative un-
certainty estimated when using ‘ensembles’ of models trained with data from dif-
ferent demographic groups (numerator) and from the same demographic group
(denominator). If both are similar (ratio equal to 1), then we get a DIPDI value
close to 0 (log ratio 1) indicating that the problem shows no early signs of po-
tential bias with respect to the analyzed demographic values. However, higher
discrepancies (uncertainty) for models from different demographic groups will
lead to DIPDI values significantly larger than 0, indicating bias proneness for
the task under analysis. In particular, an increase in DIPDI from model devel-
opment (training) to deployment could be interpreted as a red flag, triggering
further detailed assessment. We showed that DIPDI can also be used to under-
stand how fairness transfers across distributions, validating our assumption in
scenarios involving label and covariate distribution shifts. Other types of dis-
tribution shifts (Quinonero-Candela et al. 2008), and even compound shifts as
discussed in Schrouff et al. (2022) could also be considered, but would require
further validation.

We note that while we have expressed DIPDI here as a global population av-
erage, the same reasoning could in principle be applied to population subsets
defined by the intersection of multiple demographic traits (i.e. intersectional
fairness), or even on a subject-by-subject basis, closer to the definition of indi-
vidual fairness. Such predictive discrepancies as captured by DIPDI could serve
to flag subjects or sub-groups at higher risk of suffering biases, constituting an-
other avenue of research to explore in future work. Regarding counterfactual
fairness approaches, DIPDI shares some resemblance as it involves a form of hy-
pothetical scenario analysis. However, DIPDI’s approach is more empirical, fo-
cusing on the discrepancies in predictions of actual models trained on different
populations, while counterfactual fairness measures often involve more complex
causal modeling and assumptions. Finally, in relation to approaches based on
fairness through unawareness that simply exclude protected attributes from the
model, DIPDI actively measures the impact of these attributes by training sep-
arate models on different demographic groups. Overall, we believe that DIPDI
offers a fresh perspective in the fairness literature, focusing on the unsuper-
vised setting, which is not commonly discussed in this field, and may spark new
discussions towards developing novel unsupervised bias discovery methods to
anticipate bias issues in the absence of ground truth.
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A DIPDI: General formulation and theoretical analysis

A.1 General formulation of DIPDI

In the main manuscript (Section 3.1) we introduced DIPDI for pools of 2 models
for simplicity. However, having more models in each pool could help to reduce
noise in the estimation. Thus, here we introduce a more general formulation for
pools A = {A;,..., Ay} and B = {By, ..., B,,} of m models each, with m denoting an
even integer. The generalized formulation can be expressed as

Op(A,B) = (3)

- [ I, (4, B) ] |
logy m H;Z/ﬁ Np(Aiy A jo1i) ND(Bis Brjayi)

To illustrate, let us exemplify the case when m = 4:

(4)

(A, B) = llog |:ND(A17Bl)ND(A%BQ)ND(A3733)N’D(A4,B4):|
s 2 Np (A1, A3) Np(As, Ay) Np(By, B3) Np(Ba, By) |

By rearranging factors, we obtain

_ 1 ND(Al,Bl)ND(Ag,Bg) 1 ND(AQ,BQ)ND(A4,B4)
o4, B) = log {/\/’D(Al,Ag)ND(Bl,Bg)] Tl [/\/’D(AQ,AZL)ND(BQ,BZL)} ®)
(A, B) = 5 (®p({A1, As}, (Br, Bs}) + p({As, A}, {By, Bu})) (6)

In other words, our generalized formulation enables computing DIPDI for sets
of m models, by considering it as the average of pairwise DIPDIs for different
subsets of size 2.

To better understand the definition of the products in Eq. 3, we can imagine
an m x m matrix where rows and columns represent models in groups A and
B, respectively. For the products in the numerator, we simply take the main
diagonal of the matrix. For the products in the denominator, we focus on the
upper diagonal of m/2 elements. A visual representation of this idea is presented
in Table 1, illustrating the scenario for the specific case where m = 4.

B — A — B —
1 2 3 4 1 2 3 4 1 2 3 4
A 1|V A 1 v B 1 v
b2 v I 2 v I 2 v
3 v 3 3
4 v 4 4
(a) Inter-set pairs (b) Intra-set pairs within A (c) Intra-set pairs within B

Table 1: Illustration of product definitions for DIPDI when m = 4. The v'denotes
the presence of a pair of models in factors Ap(-,-) of Eq. 5.



A.2 Theoretical analysis of the relationship between DIPDI and
performance gap

In order to generate an intuition behind why DIPDI may anticipate biases, we
will resort to a theoretical analysis in a simplified scenario. We will work with a
binary classification problem, where the soft scores of the models will be taken
to be one dimensional and assumed normally distributed. We call X 4 and X the
distributions of outputs for models from set A and B respectively. For simplicity,
we will work with the outputs corresponding to the positive target class, which
we take to correspond to values on the left of the decision boundary, but the
problem is symmetrical and the same derivation can be replicated for the nega-
tive class. In Fig. 5a we illustrate this scenario with two model sets (in blue and
green) that produce different error rates, given by their corresponding shaded
areas on the other side of the decision boundary. Since X 4 and Xz are normally
distributed, we characterize them by their respective means (u4 and uz) and
standard deviations (o4 and o). The error gap between these sets of models for

a) b)
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—_ Xa
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Figure 5: a) Sketch of the distributions of soft outputs for two sets of models A
(in green) and B (in blue). The respective error rates correspond to the fraction
of outputs beyond the decision boundary (dashed line), indicated as shaded re-
gions of the same color. b) Scatter plot of the error gap vs. DIPDI for multiple
combinations of distribution parameters uz and o, for fixed puyq and o 4. ¢) & d)
Surface plots for the error gap and DIPDI, respectively, for the same parameter
configurations as in panel b).

a given decision boundary b can then be written by integration as



gap(A,B) = /b N (x5 pup,08) dx —/b N (z;pa,04) dz|. (7)

DIPDI is a measure of the mean discrepancy between outputs of two model
sets, relative to the mean discrepancies of outputs within sets. Without loss of
generality, we can take the squared error as the discrepancy function to simplify
DIPDI in this analytical interpretation. Since we assume the model outputs are
normally distributed, the mean squared distance between outputs is given by

& [d4p] = pip + o4p, with (8)
HAB = pA — pp  and (9)
o4 =04+ ok (10)

For points from within the same distribution, we have in turn
£ [d24] = 204, an

So that in the limit of considering a large number of pairs of models, and for
Np = /E[d?(-, )], the DIPDI becomes

. 2 2 2
Bp(A, B) = log | L4 “25') TIAT %), (13)
OAORB

Note that DIPDI is then sensitive to both a difference in the mean and in
the variance between the model predictions from two sets. In Fig. 5b-d, we
have kept the parameters of A fixed (u4 = 0, 04 = 1) while varying those of B.
The discrepancy grows if the distributions have different means, and also if the
variances are different. Intuitively, if the mean is closer or further away from the
decision boundary, the error rate will change. In that case the error gap is due to
a systematic shift in the predictions. In turn, if the variances are different, then
the reliability of the two model sets are different, and DIPDI can also sense that.
Indeed we observe that higher DIPDI values correspond to higher error gaps
Fig. 5b. In what follows we provide analytic expressions for the relationship
between performance gap and output discrepancies when either the means or
the variances of both sets are different.

A.2.1 DIPDI and unreliability

We first study the case where 4 = pug. Without loss of generality we take o4
fixed and let o5 vary (see Fig. 6a). In this case we have



E [d%p] = 1l + ohp = 04 + 0 (14)

2 2
Bp (A, B) = log ["f;;ﬂ . (15)
A

Solving for o5, we can compute the gap as

gap(A,B) =

/ /\/’(x;m;, 5[5?48] — ai) dw—/ N (x;pq,04) dx|. (16)
b b

We see from this equation that, as long as uz < b so that the mean of X is on
the correct side of the boundary, the gap is a monotonically increasing function
of the mean discrepancy. Indeed, we can see how the gap increases with DIPDI
in Fig. 6b.

A.2.2 DIPDI and systematic errors

We then study the case where o4 = o05. Again, without loss of generality we take
ua = 0 fixed and let pp vary (Fig. 6¢). In this case we have

E [dop) = pip + ohs = ng+20% (17)

,u% + 20?4
2

20% (18)

Op(A,B) = log [

Solving for up, we can compute the gap as

/OO/\/'<J?;\/5 [d2%5] —20%05) dm—/ooN(w;uA,JA) dx (19)
b b

Once again, we see from this equation that the gap is a monotonically increas-
ing function of the mean discrepancy, and a tight correlation between DIPDI and
gap is present (see Fig. 6d).

gap(A,B) =

B Experimental validation: Additional results

B.1 DIPDI on synthetic data: simulating distributions

Figure 7 shows examples of datasets simulated for the synthetic experiment in
Section 4.1 of the main manuscript. These datasets are generated by varying the
proportion of male and female samples in training, from 100% to 0% males with
a step of 10% between each sampling. Then, each data point of the distribution
is interpolated to be between 1 and 100 years, adding a random noise of 10 years
to simulate real cases of age regression.
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B.2 DIPDI on synthetic data: simulating model outputs

In this section, we verify the behaviour of DIPDI under controlled conditions us-
ing synthetic data by simulating model predictions. We simulate the predictions
of two sets of models A = {A;, A2} and B = {B;, B} when evaluated on samples
from a synthetic dataset D and then systematically evaluate DIPDI in scenarios
with different levels of disagreement between A and B. The model discrepancy is
here simulated by the addition of a stochastic value of varying size (disagreement
level) to the output predictions (Figure 8a).

We consider the task of age estimation, so the outputs of models in A and B
are assumed to represent predicted ages. We start with a fixed sample Y drawn
from a uniform distribution of ages between 30 and 80, representing the ground-
truth ages, y, € Y. We simulate synthetic predictions for the models in A and B by
perturbing Y with Gaussian noise sampled from distributions n4 ~ ANV (0,04) and
ng ~ N(0,05). Thus, for a fictitious data sample k& with ground-truth label y, € ),
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Figure 7: Examples of datasets generated for the synthetic experiment in Section
4.1.

the synthetic model predictions are A;(Xx) = yx + n4 and B;(Xy) = yx + ng. Varying
the standard deviations allows us to create scenarios where the predicted ages
for the analysis groups are more or less similar, and then analyze the behaviour
of DIPDI under different discrepancy ratios (see Figure 8a).

DIPDI values for different discrepancy scenarios are displayed in Figure 8b,
considering N = 1000 and o4 and o3 values in the range [1-10]. Note that when
the outputs of A and B are similarly perturbed (as shown on the diagonal of each
image), then @ is close to 0. However, when perturbations are sampled from a
wider Gaussian in one set than the other (as shown outside the diagonal of each
image), ® tends to be higher than 0. This confirms the desired behaviour for our
index: when intra-set predictions are more consistent than inter-set predictions,
the index returns larger values.

B.3 Subgroup analysis for age estimation

In this section, we present additional results in age estimation for ChestX-ray14
and UTKFace datasets. These results complement the insights discussed in Sec-
tion 4.3 of the main manuscript.

Tables 2 and 3 present results for ChestX-rayl14 and UTKFace, reporting the
mean absolute error (MAE) values for male and female subgroups under different
scenarios of gender imbalance in the training data.

Figure 9 shows the cumulative score (CS) values for ChestX-rayl4 and UTK-
Face for male and female subgroups under different gender imbalance scenar-
ios in the training data. The CS quantifies the proportion of test samples (V)
for which the absolute error ¢ falls below a specified threshold of n years. This
calculation is defined as follows:

Ne<n
CS(n)=—=
(n) = ===,
where N.<, represents the number of test images for which the absolute age

error is less than or equal to the corresponding threshold value.
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Figure 8: (a) Synthetic data construction. Examples of predicted ages simulated
for models in A and B, for increasing levels of prediction disparities (left to right).
(b) DIPDI on synthetic data. Both o4 and oz range from 1 to 10. Each fold
represents a new run of the experiment with different random seeds. The DIPDI
index is computed by averaging 3 simulations for each o 4.

B.4 Subgroup analysis for younger vs older classification

In this section, we present additional results regarding the classification of celebri-
ties from the CelebA dataset in younger vs older. These results complement the
insights discussed in Section 4.3 of the main manuscript.

Figure 10 shows normalized confusion matrices computed by subgroups (male,
female) aggregating all folds for models trained with different gender imbal-
ance ratios. Table 4 presents the Equality of Opportunity (EOD) metric (Hardt
et al. 2016). These values, computed as the absolute difference over folds, reveal
more unfair performance on younger vs older classification for models trained
on highly imbalanced datasets, what is consistent with the behaviour of DIPDI
shown in the results from the main manuscript (Figure 2).

B.5 DIPDI for age estimation and younger vs older classification

Table 5 presents additional results for DIPDI on age estimation and younger vs
older classification tasks as discussed in Section 4.4 of the main manuscript. We
observe that DIPDI produces values larger than 0 when training data is highly
imbalanced in gender attributes indicating a greater propensity to bias.



Training (Male-Female) \ Testing on Male Testing on Female

100-0 4.633 (0.125) 5.823 (0.301)
75-25 4.679 (0.189) 4.888 (0.109)
50-50 4.795 (0.149) 4.717 (0.149)
25-75 4.802 (0.153) 4.565 (0.105)
0-100 5.265 (0.189) 4.527 (0.109)

Table 2: Mean absolute error (MAE) (mean + std) for age estimation on ChestX-
rayl4 across subgroups (male, female) for models trained with different gender
imbalance ratios.

Training (Male-Female) \ Testing on Male Testing on Female

100-0 6.170 (0.207) 9.006 (0.442)
75-25 6.301 (0.277) 6.275 (0.368)
50-50 6.530 (0.208) 6.004 (0.319)
25-75 6.785 (0.284) 5.780 (0.326)
0-100 7.468 (0.418) 5.719 (0.427)

Table 3: Mean absolute error (MAE) (mean + std) for age estimation on UTK-
Face across subgroups (male, female) for models trained with different gender
imbalance ratios.

Training (Male-Female) \ EOD

100-0 0.096 (0.043)
75-25 0.030 (0.021)
50-50 0.034 (0.025)
25-75 0.052 (0.043)
0-100 0.363 (0.071)

Table 4: Equality of Opportunity (EOD) (mean + std) for younger vs older classi-
fication on CelebA for models trained with different gender imbalance ratios.

A, B \ ChestX-rayl14 UTKFace IMDB-WIKI CelebA

100-0, 0-100
75-25, 25-75
50-50, 50-50
25-75, 75-25
0-100, 100-0

0.576 (0.103)
0.027 (0.040)
-0.005 (0.065)
0.012 (0.073)
0.530 (0.114)

0.918 (0.241)
0.126 (0.063)
0.010 (0.074)
0.080 (0.050)
0.883 (0.159)

0.799 (0.271)
0.273 (0.278)
-0.106 (0.224)
0.558 (0.196)
0.993 (0.346)

1.447 (0.247)
0.065 (0.167)
0.014 (0.213)
0.177 (0.163)
1.501 (0.280)

Table 5: DIPDI (mean + std) for age estimation (ChestX-rayl4, UTKFace and
IMDB-WIKI) and younger vs older classification (CelebA). Groups A and B consist
of two models trained with different gender imbalance ratios. Test data is gender
balanced.
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Figure 9: Cumulative scores (CS) for age estimation on ChestX-rayl4 (a) and
UTKFace (b) by subgroups (male, female) for models trained with different gen-

der imbalance ratios. Age threshold »n spans from 0 to 15 years.
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