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Abstract

Deep models have a strong ability to fit the training data, and thus can achieve high

performance when the testing data is sampled from the same distribution as the

training. However, in practice, the deep models fail to perform perfectly because

the testing data is usually Out-of-Distribution (OOD) compared to the training,

which is known as the OOD Generalization problem. The underlying reason is

that, in the training, besides the causal effect, i.e., the causalities between inputs

and outputs which describe the data generation process and will not change under

any data distribution, the models also learn the bias, i.e., the spurious correlations

between inputs and outputs which only exists in the training distribution, and thus

learning such bias will make the model fail to generalize to OOD data.

To help the models achieve better OOD Generalization performance, we need to

pursue the causal effect by removing the learned bias. However, due to the various

data organization formats and different given inputs, it is hard to propose a uni-

form bias removal strategy, and thus we categorize the OOD Generalization tasks

into three camps and conduct specific case studies for each one: 1) OOD Gen-

eralization with Multiple Modalities, where multiple modalities, such as language

and image, are provided in the training, and we focus on a specific case, Visual

Dialog, to analyze its underlying causal relationships between the modalities and

propose two causal principles to remove the history bias and user bias for better

OOD performance. 2) OOD Generalization with Multiple Domains, where there is

only one modality, images, but multiple training domains and their domain anno-

tations are given. We focus on Domain Generalization (DG) and propose to create

a new domain by cross-domain influence to remove the “spurious invariance” bias

to help current DG methods achieve better OOD performance. 3) OOD Gener-

alization with no Additional Annotations, where only one modality, images, and

one training domain with no additional annotations, such as domain annotations

or bias annotations, are given in the training. We focus on a specific case, Debi-

asing, and propose two algorithms for removing bias. First, we design a two-stage

xi
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pipeline with re-weighting methods to effectively remove the underlying context

bias. Second, due to the context estimation method used by current re-weighting

is hard to succeed when class effect and context effect are entangled, we propose

Invariant Risk Minimization for Context to disentangle the context to achieve bet-

ter re-weighting for removing context bias to achieve better OOD Generalization

for debiasing.
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Chapter 1

Introduction

1.1 Motivations

Given a training set of inputs and outputs, e.g., images and corresponding class

labels, the models are trained to infer the corresponding outputs when given some

inputs, e.g., learning to predict class labels for input images. The classical approach

to optimize the models is to minimize some predefined losses, e.g., minimizing the

cross-entropy loss for classification, while such optimization allows anything, that

can reduce the training loss, to be learned by the models through their powerful

learning ability [13]. For example, in the classification problem for cats and dogs,

if most cats are white and most dogs are black in the training set, the models will

inevitably learn white and black to help them classify the cats and dogs, respec-

tively, due to such learning can decrease the training loss and thus be encouraged.

However, a model that uses white to classify cats will fail when there are more

black cats in the testing, which is the Out-of-Distribution (OOD) General-

ization problem [11, 12, 14–18], indicating the testing distribution, i.e., more black

cats, is “out-of” the training distribution, i.e., more white cats. In practice, any

shifts of class-irrelevant attributes between training and testing, such as texture,

position, background, or other hardly noticeable attributes can induce the OOD

Generalization problem.

Intuitively, we say that it is incorrect to classify cats and dogs by using color, which

comes from our thinking about the nature of the data generation process, i.e., a

cat is labeled as “cat” not because it is white, but because it has the structure

1
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and morphology of cat, and we call them class features (or causal features because

causality indeed describes the nature of data generation [19] and see Section 3.2

for more details), which is the golden rule for classifying cats and dogs in any data

distribution. In contrast, if other features have correlations with class labels in the

training, they are called spurious correlations because such correlations only exist

in the training distribution, and the underlying reason for OOD Generalization is

that the models learn such spurious correlations for classification, which is called

bias, e.g., using white to classify cats due to there are more white cats in the

training. Therefore, to achieve better OOD Generalization performance, we need

to remove the bias learned by the models.

Due to the various data organization formats and different given inputs of OOD

Generalization tasks, it is hard to propose a uniform algorithm for removing bias.

Therefore, we categorize them into three camps and conduct specific case studies

for each one. We first introduce the characteristics and our ideas for removing bias

for each camp: 1) OOD Generalization with Multiple Modalities. Because

there are multiple modalities in the training, it is beneficial for us to analyze the

underlying causal relationships between them to find the bias in each modality

or across some modalities. Therefore, we focus on Visual Dialog and analyze its

causal graph to find the overlooked bias of the traditional methods and remove it.

2) OOD Generalization with Multiple Domains. Because multiple domains

and domain annotations are given in the training, case, we can utilize the tradi-

tional Domain Generalization methods, where domain annotations are required,

to remove the domain-specific bias, and we focus on improving them by further

removing the “spurious invariance” bias. 3) OOD Generalization with no Ad-

ditional Annotations. This is the most challenging camp because no additional

annotations are given to help us remove the bias, and thus we need to find the bias

in the training process. Because the re-weighting methods are usually implemented

to remove the context bias in the case, Debiasing, we propose two algorithms to re-

alize better re-weighting. In the following, we will briefly introduce our motivations

and contributions to each camp.

OOD Generalization with Multiple Modalities. For this camp, we focus on

Visual Dialog and analyze it by causal graph paradigm and find the underlying bias

which degenerates the existing methods. For removing the bias, we present two

model-agnostic causal principles, according to our careful analysis of the causality



Chapter 1. Introduction 3

behind the VisDial data generation process and model learning process, which are

overlooked by traditional methods. Specifically, Principle 1 says that the direct

input of the dialog history should be removed for the decoder, i.e., answering

model, otherwise the shortcut will introduce the harmful history bias. Principle 2

suggests that an unobserved confounder for history, question, and answer induces

spurious correlations from the training data, and should be added to the traditional

VisDial causal graph, which introduces user bias to the models and should be de-

confounded. In the implementation, for Principle 1, we can easily cut the direct

feeding of history into the answer generation process of the decoder; for Principle

2, we implement de-confounding methods with our designed losses to remove the

confounding bias. Our implementations for the proposed causal principles are

model-agnostic, and thus are applicable to any traditional method, and we also

conduct extensive experiments to show the effectiveness of removing the bias to

improve the OOD performance of our implementations.

OOD Generalization with Multiple Domains. For this camp, we focus on

Domain Generalization (DG), where we first analyze the bias in DG and point out

that all current methods suffer the bias caused by “spurious invariance”, which is

invariant between the training domains but not in the testing domain. According

to our careful analysis, the reason for learning such bias is that the contribution

of the minority training samples without such spurious invariance is outgunned.

Therefore, we present a cross-domain influence-based method, Domain+, to split

these samples out of the original domains to form a new domain, and then the

spurious invariance is no longer invariant and removed. In practice, motivated

by Influence Function, we estimate sample influence by up-weighting the sample

and then calculating how much the invariance loss of the other training domains

changes—the more it changes, the higher the influence of the sample and the

more likely it should be split out. Then, with the new domain, we can improve

any DG methods to achieve better OOD performance, and we conduct extensive

experiments to justify our statements.

OOD Generalization with no Additional Annotations. For this camp, we

focus on Debiasing, where we first analyze the context bias and find two weak-

nesses of the existing methods, the “anti-training bias” bias in the current one-stage

reweighting methods and the improper estimation for context, inducing inaccurate

sample-wise weights for reweighting. Therefore, in the first part, we present a
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simple yet effective two-stage method, dubbed Two, containing biased training

and unbiased finetuning, which is fundamentally different from existing debiasing

methods, which are specially designed to counter the training bias but fall into

another “anti-training bias” bias in testing, and thus they are essentially still bi-

ased. We introduce the pipeline of our Two and provide detailed justifications for

its design philosophy, and we also conduct various experiments to demonstrate the

effectiveness of our proposed algorithms. In the second part, we first argue that the

widely adopted assumption in prior work, the context bias can be directly anno-

tated or estimated from biased class prediction, rendering the context incomplete

or even incorrect. In contrast, we point out the ever-overlooked principle, context

is invariant to class, which motivates us to consider the classes as the varying envi-

ronments as regularization to extract better context features. We implement this

idea by minimizing the contrastive loss of intra-class sample similarity while assur-

ing this similarity is invariant across all classes, namely IRMCon. On benchmarks

with various debiasing datasets, we show that a simple re-weighting-based classifier

equipped with our context estimator achieves state-of-the-art OOD performance.

1.2 Outline of the Thesis

In Chapter 1, we briefly introduce the reasons for the OOD Generalization problem,

i.e., the bias, and then we briefly introduce the different OOD Generalization camps

and our motivations for each camp.

In Chapter 2, we systematically review the OOD Generalization problem, catego-

rize them into three camps and introduce some specific cases, and then we provide

details for them. Then, we introduce the related technologies that inspire our

algorithms and implementations.

In Chapter 3, we focus on Visual Dialog (VisDial) for OOD Generalization with

Multiple Modalities. We first introduce the causal theory and analyze VisDial

by causal graph paradigm to find the underlying bias which degenerates the ex-

isting methods. Then, we propose two model-agnostic causal principles to help

the current method remove bias and achieve better OOD performance, which is

demonstrated by our experiments.
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In Chapter 4, we focus on Domain Generalization (DG) for OOD Generalization

with Multiple Domains. we first analyze the bias in DG and point out that all

current methods suffer the “spurious invariance” bias, which is caused by rare

samples. Then, we propose a cross-domain influence-based method, Domain+,

to split rare samples to form a new domain, which is model-agnostic and can

improve current DG methods to achieve better OOD performance, which is also

demonstrated by our experiments.

In Chapter 5, we focus on Debiasing for OOD Generalization with no Additional

Annotations. We propose two algorithms to remove the context bias in Debiasing.

In the first part, we point out current re-weighting methods suffer the “anti-training

bias” bias in testing and present a simple yet effective two-stage method, dubbed

Two, which achieves SOTA performance under different training/testing distribu-

tion combinations. In the second part, we point out that the current re-weighting

methods improperly estimate the context by a classification objective and propose

our IRMCon by minimizing the contrastive loss of intra-class sample similarity

while assuring this similarity is invariant across all classes, and we also conduct

extensive experiments to demonstrate the effectiveness of our algorithms.

In Chapter 6, we summarize our contributions to remove bias for different OOD

Generalization cases and finally propose our future work.





Chapter 2

Literature Review

2.1 Out-of-Distribution (OOD) Generalization

The assumption of independent and identical distribution (IID) for training and

testing is fundamental to the success of traditional deep models, that under the

assumption, the model generalization emerges easily [20]. However, in practice,

the data distribution is always shifted, which is known as the Out-of-Distribution

(OOD) Generalization problem, inducing a dramatic drop in the performance of

deep models [2, 21–23]. In general, any test distribution that has not been seen in

training can be interpreted as an OOD Generalization task, and we can categorize

them into different camps according to the given conditions: 1) OOD Gener-

alization with multiple modalities, such as Visual Dialog (VisDial) [24–26],

where multiple modalities, i.e., an image, a dialog history, and a current question,

are given for models in the training to learn to ask the questions and form a dialog

with humans for the given image. It is OOD due to in the training only one an-

swer is given to the corresponding question to train the model, but in the testing,

the model needs to produce many suitable answers; Visual Question Answering

(VQA) [27–29], where an image and the corresponding question is given for model

to learn to answer the question, which can be seen as one-round Visual Dialog.

2) OOD Generalization with multiple domains, such as Domain General-

ization [11, 18, 30–32], where the model is trained on multiple different domains

with domain annotations to generalize to any unseen domain. 3) OOD Gen-

eralization with no additional annotations, which is the most common one,

7
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such as Debiasing [14, 33–36], where a class-balanced training set is given and the

model needs to debias any underlying bias existed in the training and generalize to

an unbiased testing set. In this thesis, we mainly focus on Debiasing as our case

study for OOD Generalization with no additional annotations. However, there are

several other popular cases in this camp with some different settings compared to

Debiasing. We briefly introduce these cases and provide the comparisons: Domain

Adaptation [15, 37–40], where only one training domain and test domain images

without class labels are given in the training and the model is required to general-

ize to the given test domain. Compared to Debiasing, the training set of Domain

Adaptation is also class-balanced and there also exists an underlying bias in the

training domain. The main difference is that unbiased data (testing data without

labels) is available in the Domain Adaptation, indicating that it has more infor-

mation for the unbiased data distribution than the Debiasing task. Long-Tailed

Recognition [41–44], where the class-imbalanced training set is given and the deep

model needs to be generalized to the class-balanced testing set. The main differ-

ence compared to Debiasing is that the bias is mainly caused by the imbalanced

class distribution in the Long-Tailed Recognition, while there is no such case in the

Debiasing due to its training classes are balanced Class-Incremental Learning [45–

48] where a full training set with some base classes is given and the model needs

to continuously learn new classes without keeping the original data. The bias in

Class-Incremental Learning is caused by the imbalanced data distribution in the

learned classes, which is similar to the Debiasing. However, it needs to continually

remove the bias in each learning stage when class increments, which can be seen

as a multi-stage Debiaing task. Few-Shot Learning [49–53], where a full training

set with some base classes is given and the model needs to generalize to unseen

classes in the testing set with the help of a small support set containing several

image-label pairs. The bias in Few-Shot Learning is caused by the imbalanced data

distribution in the base classes, and the difference compared to the Debiaing is that

it needs to test on the new classes with few supports sample, while Debiaing task

need the model to be tested on the original classes.

In this thesis, we focus on some specific cases for each camp: Visual Dialog for

OOD Generalization with Multiple Modalities, which is a typical task to show

the benefits of causal analysis for bias removal; Domain Generalization for OOD

Generalization with Multiple Domains, which is the most commonly used task to

study the OOD Generalization problem; Debiasing for OOD Generalization with no
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Additional Annotations, which is the most challenging one, where the distribution

shift is unlabelled (e.g., different from Long-Tailed Recognition, where the shift

of class distribution is known) and even unavailable (e.g., different from Domain

Adaptation, where the OOD data is available). We will discuss the related methods

for them in detail in the following parts.

2.1.1 OOD Generalization with Multiple Modalities

In this camp, we mainly focus on the case Visual Dialog [24, 54], where the models

are asked to give a good answer when given an image, as well as a dialog history of

past question-answer pairs associated with the image, and the current question. It

is more interactive and challenging than other vision-language tasks, such as Image

Captioning [55–57], without the need for the language input and Visual Question

Answering [27, 58, 59], which can be seen as a one-round Visual Dialog. In Specific,

the first large-scale free-form Visual Dialog dataset, VisDial [24], applies a novel

protocol to collect data: the questioner has to ask open-ended questions to an image

without looking at it, while the answerer should give a free-form answer response

to the question. There is another Visual Dialog dataset GuessWhat?! [54], which

is a goal-driven dataset: the questioner has to locate an unknown object in an

image by asking several closed-ended questions with only two answers ”yes” and

”no”. We use the first setup because it is more challenging and more widely used.

Therefore, causal analysis of Visual Dialog should consider the first format of the

data collection process, in which the user plays an important role.

All of the traditional VisDial methods apply the typical encoder-decoder frame-

work [60–65], which first encodes the question, dialog history and image into a joint

embedding and then decode the answer by comparing to the answer candidates.

By the usage of dialog history, we can categorize these methods into three camps:

1) Holistic history encoding. They treat dialog history as a whole text to feed into

encoders, such as DAN [66], CoAtt [67], HACAN [26] and CorefNMN [68]. 2) Hi-

erarchical history encoding. They apply a hierarchical structure to process dialog

history, such as HRE [24]. 3) Recursive history encoding. They recursively encode

the dialog history round by round. However, all of them overlook two facts, first,

dialog history should not be directly fed to the answer model (i.e., our proposed

Principle 1), which will induce the history bias; Second, VisDial is essentially an
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OOD task, where only one answer for the corresponding question is given in the

dialog under the training stage but the models are required to treat all suitable

answers as correct in the testing (See the evaluation details of VisDial in Sec-

tion 3.6.1). And the models fail to generalize to test due to the user bias caused by

the underlying confounders in the training (i.e., our proposed Principle 2). There-

fore, in Chapter 3, we propose two causal principles for Visual Dialog to help any

traditional method to remove the bias to achieve better OOD performance.

2.1.2 OOD Generalization with Multiple Domains

In this camp, we focus on Domain Generalization, which tries to train a model on

multiple training domains and test its generalization ability to unseen domains. To

this end, all Domain Generalization methods aim to remove the domain-specific

features and keep the domain-invariant/causal features. Depending on whether

using the given domain annotations, they can be divided into two camps:

1) Without using domain annotations. They use a domain-agnostic augmen-

tation/regularization to help the model learn more generalizable features [69–72].

For example, only learning features with small gradient is proposed by [69], due

to they believe the easy-to-learn features are more likely the biased features; a

regularization for class features is proposed and the effective mixup augmentation

is applied in [72]. However, DomainBed [12] shows that a strong Empirical Risk

Minimization (ERM) Learning based model beats most of them, implying that

the improvements claimed by these methods are mostly due to an unfair hyper-

parameter tuning, demonstrating that they fail to remove the domain bias. Note

that, Domain Generalization without domain labels can be treated as Implicit De-

biasing, which we will introduce in Section 2.1.3 and Chapter 5. Therefore, we

focus on the other camp in Chapter 4.

2) Using domain annotations. They use domain-wised regularization to en-

courage models to eliminate domain-specific bias, and then the domain-invariant

features are achieved to realize generalization. In specific, they include:

Invariant/causal learning [4, 73–75], where the simultaneously optimal in each en-

vironment is encouraged by a designed invariance penalty, such as gradient penalty
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of a dummy classifier [4], or Euclidean distance of the loss between different en-

vironments [73], or to optimize the worst group to realize the equal optimal is

proposed by [74].

Feature/gradient alignment [32, 76–79], where the distance of class features [76] or

gradients of the same class [77] from different domains are minimized. Sometimes,

the distance of the higher degree of moments of a class between different domains

is also regularized to achieve the domain invariance [32].

Adversarial learning [31, 80], where the domain labels are explicitly learned by an

additional head to generate adversarial gradients to the feature extractor, which

let the model cannot predict the domain labels, i.e., cannot extract the domain-

specific features. Therefore, the domain-specific bias will not be learned by the

model.

However, in Chapter 4, we will show that all the current methods suffer from

spurious invariance, which cannot eliminate all the bias in different domains, and

our proposed Domain+ will address the problem to improve OOD performance.

2.1.3 OOD Generalization with no Additional Annotations

In this camp, we mainly focus on (Implicit) Debiasing, where the methods attempt

to train an unbiased model on a biased training set, and there are no additional

annotations, compared to Explicit Debiasing, which requires the pre-defined bias

and its annotation. Note that, in practice, it is impossible to know all biases and

have their full annotations, so Implicit Debiasing is more often studied.

We can view all current implicit debiasing methods as one-stage re-weighting meth-

ods. In general, they train a conventional model on biased data and treat it as the

bias model, whose false positive confidence can be seen as the bias level, which is

proportional to the weight of the samples in the re-weighting, i.e., the higher the

false positive confidence, the more likely the sample is to be biased in the training,

and the higher weight should be assigned to the sample in the unbiased training.

In addition to the vanilla method [2] which combines training the bias model, bias

estimation and re-weighting in the same stage, we have the following variants:
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Re-weighting with pre-estimated bias [81], where the bias model is learned and the

bias is estimated first and then they use the bias to re-weighted train the unbiased

model from scratch. Although they apply two stages, it is still a one-stage re-

weighting method because the bias estimation stage can be replaced by any bias

estimation strategy.

Re-weighting by regularization [82], where the bias model is learned first and then

they impose a regularization loss to emphasize samples whose predictions are in-

dependent of the bias model, where such independence can be considered as unbi-

asedness.

Re-weighting with augmentation, where they follow the training framework of

LfF [2] and additional feature-level augmentation is applied by randomly con-

catenating biased features to unbiased features in the re-weighted training [6],

or performing sample-level augmentation with samples generated by Variational

Autoencoders (VAE) which is pretrained on the higher-weight samples [83].

Re-weighting with the supervised contrastive loss [84], where they apply the super-

vised contrastive loss [85] to regularize the higher-weight samples, and it can be

viewed as the one-stage implementation of our method in Section 5.2.

As we will discuss in Section 5.2, these one-stage methods suffer from the “anti-

training bias” bias, which leaves their ”unbiased” models still biased, and this issue

will be specifically addressed by our method. Interestingly, our two-stage design

coincides with the popular ”biased training and unbiased adjustment” approach

in long-tail classification [43, 86, 87]. Although we differ in the type of bias (our

attribute bias vs. their class size bias) and the second stage of training (they only

fine-tune/tune the head of the classifier by using pre-calculated weights on class

size bias), we believe that a unified theory may exist.

Furthermore, due to the mainly used re-weighting in current debiasing methods [2,

6, 82] is based on incorrect context estimation, which wrongly estimates context by

the entanglements of the class effect and context effect, in Section 5.3, we propose

a better context estimation by disentagling context features to achieve better re-

wighting for removing bias for OOD Generalization.
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2.2 Related Technologies

In our implementations for removing the various types of bias in different OOD

Generalization tasks, we are motivated by causal inference [19] and inspired by some

specific techniques, such as influence function [88] and invariant feature learning

strategies [4, 73]. Therefore, we introduce these related technologies in this section.

2.2.1 Causal Inference

Causal Inference tries to explore the data generation process by pursuing the causal

relationship between variables to realize robust inference. Some works [89–92]

introduce causal theory into machine learning, attempting to endow the model

with the abilities of causal reasoning in the learning process. In contrast to them,

we focus on the specific cases and explicitly use causal graph [19] to reveal the

nature of the data and do some causal analysis to guide our training.

Causal Inference with the causal graph is also related to some works, which can

be categorized as deconfounding [93–95] and counterfactual inference [43, 96, 97].

Specifically, a learnable dictionary is built to deconfound the invisible confounders

in vision-language pretraining [93] and semi-supervised detection [94]; the counter-

factual effect analysis, such as total direct effect and natural indirect effect, based

on the causal graph, is implemented in long-tailed classification [43] and visual

question answering [97].

2.2.2 Influence Function

The Influence Function is rooted in robust statistics [98], which approximates the

impact on certain objective functions when perturbing a sample from the training

data by an infinitesimal value and re-train the model from scratch. The larger sam-

ple influence denotes the sample is more harmful to the objective during training.

Recent works use the influence function to measure the sample or feature influence

on testing loss [88, 99–102]. For example, sample-wise influence on the testing loss

is estimated in [88], and then they remove the harmful samples, that have a higher

influence on the loss of the testing set, and re-train the model to get lower loss in

the testing set; feature-wise influence is estimated in [100], and then they apply
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the re-weighting method for features to eliminate the harmful features; relabelled

sample-wise influence is estimated to utilize the harmful samples by changing their

labels rather than removing them in the training to decrease the testing loss is

proposed by [101]. Therefore, we can view them as oracle tuning tricks due to they

need the testing data to calculate the influence, and thus their application is lim-

ited due to the testing distribution is not always available. To solve the limitation,

in Chapter 4, we propose a cross-domain influence that only requires training data

to find the “harmful” samples. In particular, our influence calculation is based on

the efficient estimation method in [88].

2.2.3 Invariant Feature Learning

In image classification, the invariant features denote the class/causal features that

can discriminate the class under any data distribution. Therefore, the bias is

removed and robust classification is achieved as long as the invariant features are

learned by the model. The prevailing methods are:

Data augmentation [5, 7, 8, 103], where some augmentations are pre-defined for

images to enlarge the distribution of class-irrelevant features artificially and then

let the model learn invariance to the augmentations. Specifically, the jigsaw puzzles

are proposed in [5], which lets the model solve the puzzle game of image pieces as

an additional objective; the adversarial augmentation on the image is proposed

in [7] and mixup augmentation is proposed in [103]. However, these augmentation-

based methods only make the model invariance to the augmentation-related bias

and as it cannot cover all class-irrelevant bias or some pre-defined augmentation

are ill-posed, the incomplete and inaccurate bias-removing will impact their feature

invariance.

Causal Learning [16, 104–106]. They learn causal representations to capture the

underlying data generation process, and then they can theoretically eliminate bias

features and keep causal features to pursue the causal effect by intervention. How-

ever, these methods finally are essentially implemented as re-weighting methods in

the causal view. Note that this subsection can be seen as the implementation of

Causal Inference we have introduced in Section 2.2.1.
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Re-weighting [2, 6, 9]. Their methods are based on the Inverse Probability Weight-

ing [19, 107, 108] to use sample-wise weight to rebalance the bias distribution,

helping the model to learn the invariance. Specifically, a bias model is trained by

Generalized Cross Entropy loss [109] to emphasize the bias learning, and then it is

used to assign weights for samples based on the estimated bias distribution [2]; a

further feature permutation-based augmentation is proposed by [6], which improves

the performance of re-weighting.





Chapter 3

OOD Generalization with

Multiple Modalities1

3.1 Case Study: Visual Dialog

Given an image I, a dialog history H of pairs of the past question Q and answer

A (Q&A): H = {(Q1, A1), ..., (Qt−1, At−1)}, and the current t-th round question

Q, a Visual Dialog (VisDial) agent [24] is expected to give a good answer A. Our

community has always considered VQA [27] and VisDial as sister tasks due to their

similar settings: Q&A grounded by I (VQA) and Q&A grounded by (I,H) (Vis-

Dial). Indeed, from a technical view, just like the VQA models, a typical VisDial

model first uses an encoder to represent I, H, and Q as vectors, and then feeds them

into a decoder for answer A. Thanks to the recent advances in encoder-decoder

frameworks for VQA [58, 110], as well as for natural language processing [111], the

performance (NDCG [112]) of VisDial in literature is significantly improved from

the baseline 51.63% [10] to the state-of-the-art 64.47% [63].

However, we would like to highlight an important fact that VisDial is essentially

not VQA. And this fact is so profound that all the common heuristics in the vision-

language community, such as the fusion tricks [58, 113] and attention variants [110,

114], cannot appreciate the difference. Therefore, all current VQA-based methods

overlook the new bias introduced by the VisDial framework compared to VQA.

1The main content in this chapter is published as Jiaxin Qi, Yulei Niu, Jianqiang Huang,
and Hanwang Zhang. Two Causal Principles for Improving Visual Dialog. CVPR 2020

17
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Instead, we use the causal inference [19, 115]: a graphical framework that stands

in the cause-effect of the data, but not merely the statistical association of them,

to explore the specific bias in VisDial and propose two causal principles:

Principle 1. (P1): We should delete the direct link H → A.

Principle 2. (P2): We need to add one new node (unobserved) U and three new

links: U ← H, U → Q, and U → A.

Figure 3.3 compares the causal graphs of existing VisDial models and the one

applied with the proposed two principles. Although a formal introduction of them

is given in Section 3.3, now you can simply understand the nodes as data types

and the directed links as data flows. For example, V → A and Q → A indicate

that the visual knowledge V , e.g., the encoded feature from a multi-model encoder,

works with the question Q to “dictate” the answer A.

P1 suggests that we should remove the direct input of dialog history to the an-

swer model to remove the history bias. This principle contradicts most prevailing

VisDial models [24–26, 60, 63, 64, 66, 67], which are based on the widely accepted

intuition: the more features you input, the more effective the model is. It is mostly

correct, but only with our discretion in the data generation process. In fact, the

annotators of the VisDial dataset [24] were not allowed to copy from the previous

Q&A, i.e., H ↛ A, and were encouraged to ask consecutive questions that in-

clude co-referenced pronouns like “it” and “those”, i.e., H → Q, and the answer A

should be based only on question Q and the reasoned visual knowledge V . There-

fore, a good VisDial model is expected to reason over the context (I,H) with Q

but not to memorize the bias. However, the direct path H → A will contaminate

the expected causality. Figure 3.1(a) shows a very ridiculous bias observed in all

baselines without P1: the top answers are those whose lengths are close to the

average length in the history answers.

P2 implies that the model training based only on the association among the sample

(I,H,Q) and A is spurious. By “spurious”, we mean that the effect on A caused

by (I,H,Q), the goal of VisDial, is confounded by an unobserved variable U ,

because it appears in every undesired causal path (a.k.a., backdoor [19]), which

is an indirect causal path from the input (I,H,Q) to output A: Q ← U → A

and Q ← H → U → A. We believe that such unobserved U should be users as

the VisDial dataset essentially brings humans in the loop. Figure 3.1(b) illustrates
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GT Answer: No other vehicles

H

𝑸𝟐:Is there any people?

𝑨𝟐:I don′t see any people

𝑸𝟑: 𝐀ny other motorcycles?

𝑨𝟑:No other motorcycles

𝑸𝟒: 𝐈s it night?

𝑨𝟒:It is either morning or near sunset

𝑸𝟓:𝐖hat color of motorcycles?

𝑨𝟓:Dark colored

𝑸𝟔:Is there trees?

𝑨𝟔:There are trees, in the background

𝑯𝟎:A motorcycle parked on the road site 

𝑨𝟏:It is in color

𝑸𝟏:Is the photo in color?

(a) A Typical Dialog History Bias

H

𝑯𝟎:A person posing in front of a

mountain wearing ski gear

𝑨𝟏:probably a boy

𝑨𝟏:Jeans and T shirt

𝑨𝟏:Yes, he is

𝑼

𝑯 𝑸 𝑨

𝑸 𝑨
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1.No (1.0)

2.No, there are not 
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Questions about "he"

In this context, "he" 
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2.Yes (0.6)I expect answers 

about "he"...

In this context, I like 

to ask "Are there ..."

and this question 

type prefers ...

Are there any other 

people?

𝑯

Backdoor: 𝑸 ← 𝑯 → 𝑼 → 𝑨

Backdoor: 𝑸 ← 𝑼 → 𝑨

𝑸𝟏:Is the he wearing sneakers?

𝑸𝟐:What is he wearing?

𝑸𝟏:Is the person a girl or boy?

(b) User Preference Bias

Figure 3.1: The illustrative motivations of the two causal principles: Principle
1, we should cut the direct link between dialog history H and answer A, which
introduces history bias such as the example shown in (a) and Principle 2, We
need to add one new node (unobserved) U and three new links: U ← H, U → Q,
and U → A and de-confound the confounder U , which introduces user preference
bias as shown in (b). Refer to Section 3.3 and Figure 3.3.2 for more details of
the causal graph.

how the user’s hidden preference confounds them, as the VisDial dataset essentially

involves humans in the loop. Therefore, during training, if we focus only on the

conventional likelihood P (A|I,H,Q), the model will inevitably be biased towards

the spurious causality, e.g., it may score the answer “Yes, he is” higher than “Yes”,

merely because the users prefer to see a “he” appeared in the answer, given the

history context of “he”. It is worth noting that the confounder U is more impactful

in VisDial than in VQA, because the former encourages the user to rank similar

answers subjectively while the latter is more objective. A plausible explanation

might be: VisDial is interactive in nature and a not quite-correct answer is tolerable
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in one iteration (i.e., dense predictions); while VQA has only one chance, which

demands accuracy (i.e., one-hot prediction).

By applying P1 and P2 to the baseline causal graph, we have the proposed one

(the right one in Figure 3.3), which serves as a model-agnostic roadmap for the

causal inference of VisDial for removing the bias. To remove the bias caused by

U , we use the do-calculus [19], P (A|do(I,H,Q)), which is fundamentally different

from the conventional likelihood P (A|I,H,Q), where the former is an active in-

tervention, which cuts off U → Q and H → Q, and sample every possible U |H,

seeking the true effect on A only caused by (I,H,Q); while the latter likelihood is

a passive observation that is affected by the existence of U . The formal introduc-

tion and details will be given in Section 3.4.3. In particular, given the fact that

once the dataset is ready, U is no longer observed, we propose a series of effective

approximations in Section 3.5.

Before we delve into the details, we would like to summarize the main contribu-

tions: two causal principles, derived from the analysis of the difference between

VisDial and VQA, which lead to a performance leap — a farewell to the 60%-s and

an embrace of the 70%-s — for all the VisDial models.2 Specifically, we apply our

principles for removing the bias to improve four baseline models: LF [24] (↑16.42%),

HCIAE [116] (↑15.01%), CoAtt [67] (↑15.41%), and RvA [25] (↑16.14%). Impres-

sively, on the official test-std server, we use an ensemble model of the most simple

baseline LF [24] to beat the 2019 champion (which is also our methods with P1

and P2) by 0.2%, a more complex ensemble to beat it by 0.9%, and lead all the

single-model baselines to the state-of-the-art performance.

3.2 Preliminaries: Causal Theory

Due to the training data of Visual Dialog involving multiple modalities, we need to

take a causal perspective to analyze the nature of the data generation process to find

the bias. In order to describe causal relationships between different variables, we

need to first introduce a graphical framework, the causal graph, designed by Judea

Pearl [19] and then briefly introduce some basic causal preliminaries, including

2Only those with codes&reproducible results due to resource limit.
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(a) Chain
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(b) Fork

Figure 3.2: Two basic causal graph structures: (1) Chain, (2) Fork.

confounder and do-calculus. In this subsection, we use X, Y, Z to denote variables

and x, y, z to denote their values.

3.2.1 Causal Graph

Causal graph [19] is a high-level roadmap, which indicates the causal interactions

between variables, to reveal the underlying causal relationships. Generally, we use

a directed acyclic graph to illustrate it. A causal graph includes nodes, which de-

note variables, and directed links, which denote causal relationships. For example,

in Figure 3.2, the left graph illustrates one of the basic causal graph structures,

contains X → Z, denoting that X causes Z, and X ̸→ Y , denoting there is no

causal effect from X to Y .

There are two basic structures for three nodes in the causal graph: Chain and Fork,

which are illustrated in Figure 3.2. The Chain describes the structure that, for the

middle node Z, there is a directed link, X → Z, points into it and a directed link

points out of it, Z → Y . Fork describes the structure that, for the middle node Z,

there are two directed links emanating from it, Y ← Z → X.

There are several dependencies in these structures: 1) X and Z are dependent in

Figure 3.2(a), as P (Z = z|X = x) ̸= P (Z = z) (two variables with a directed link

are dependent); 2) X and Y are independent, conditional on Z, in Figure 3.2(b),

as P (Y = y|Z = z,X = x) = P (Y = y|Z = z) (two variables without a directed

link can be conditional independent). It is recommended to read the book [19]

for more details. Here, we use the classical “ice cream and crime” example to

illustrate the conditional independence: We use X, Y and Z to denote “sales of

ice cream”, “crime ratio” and “temperature” in Figure 3.2(b), respectively. The



22 3.2. Preliminaries: Causal Theory

directed links denote the data generation logic (causal relationships) between them,

such as the increase of “temperature” Z causes the increase of “sales of ice cream”

X, i.e., Z → X; the increase of “temperature” Z causes the increase of “crime

ratio” Y (e.g., harassment in summer), i.e., Z → Y . If we condition on Z, i.e., set

Z equal to some certain value z, such as observing the relationship between X and

Y in summer, we will find that there is no correlation between them (conditional

independence between X and Y ).

3.2.2 Causal Effect

In the naive causal graph X → Y , with no other nodes and arrows. The effect of

X on Y should be P (Y |X)−P (Y ), where P (Y ) is a constant prior (we sometimes

use P (Y |X) to represent the effect of X on Y for convenience). Because there is

only one causal path from X to Y , the effect can only pass through the causal

path. So, P (Y |X) is the causal effect that we want to pursue. However, in the real

world, things are not easy like this.

3.2.3 Confounder

As shown in Figure 3.2(b), the variable Z in the fork structure is called con-

founder, which opens the backdoors (paths start from the confounder and ends

at X and Y or their descendants) and will introduce the spurious correlations be-

tween X and Y , makes the model to learn the bias. We use the previous example to

further demonstrate the statement. In our commonsense, the “sales of ice cream”

cannot cause the “crime ratio”, i.e., we cannot use the “sales of ice cream” to pre-

dict the “crime ratio”. For example, if one day, the “sales of ice cream” increase

because of the discount, we cannot predict that the “crime ratio” will increase on

that day. However, if we train a model based on the data of X and Y by P (Y |X),

we will find that X and Y have a positive correlation because they both increase

in summer and decrease in winter (they have statistical correlations). The result

is that the model will wrongly predict Y by X, based on their co-occurrence with

the confounder Z, which we called P (Y |X) is biased by Z.

The underlying reason for deep models learning P (Y |X) is biased because P (Y |X)

contains spurious correlations and does not describe the causal effect from X to Y
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when there is a confounder between them. In the “ice cream and crime” example,

the model learned from the observational data will predict that P (Y |X)−P (Y ) ̸= 0

as we discussed in the previous section, and thus the learned effect from X to Y

by deep models is different from the causal effect, 0, i.e., “sales of ice cream” X

has no causal effect on the “crime ratio” Y . To remove the learned bias induced

by the confounder, we need some causal tools to pursue the causal effect between

X and Y , instead of learning P (Y |X).

3.2.4 do-calculus

Judea Pearl [19] introduces the do factor to describe the causal effect from X to

Y , P (Y |do(X = x)) − P (Y ), where P (Y ) is the prior and can be omitted as

we mentioned. do(X = x) denotes that, instead of observing X = x from its

distribution, we intervene X equal to a certain x and then observe the following

results, like the randomized independent experiment, in the following, we use do(X)

to denote do(X = x) for convenience. For example, in the previous “ice cream and

crime” example, P (Y |do(X)) denotes we actively increase or decrease the price to

intervene X equal to a certain value and then observe the “crime ratio” on that

day. Informally, we will find that no matter how we set X equal to a certain value

x, the result of the “crime ratio” will not change, indicating there is no effect from

X to Y , which is actually the causal effect. Therefore, we can use P (Y |do(X)) to

denote the causal effect. We provide the formal justification in the following.

When the data for X and Y are given, intervening X and observing the results

becomes impossible. Thus, we need to calculate the do formula by the observational

data, i.e., transform the do formula into the probability formula. Thanks to the

do-calculus in the book [19], there are three basic rules to help us remove do.

Rule 1. If X is not the cause of Y , i.e., no causal path starts from X and ends at

Y , we can simply remove do(X):

P (Y |do(X)) = P (Y ). (3.1)

Rule 2. When X and Y are conditionally independent (conditional on Z), we can

simply remove X:

P (Y |z,X) = P (Y |z). (3.2)
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Rule 3. If all the backdoors from X to Y are blocked by Z, e.g., conditioning on

Z is to block the backdoors through Z, do(X) = observe(x):

P (Y |do(X), z) = P (Y |x, z). (3.3)

Based on the three do-calculus rules and the causal graph in Figure 3.2(b), we can

calculate the formula P (Y |do(X))− P (Y ) in the “ice cream and crime” example:

P (Y |do(X))− P (Y )

=
∑

z
P (Y |do(X), z)P (z|do(X))− P (Y )

=
∑

z
P (Y |X, z)P (z|do(X))− P (Y )

=
∑

z
P (Y |X, z)P (z)− P (Y )

=
∑

z
P (Y |z)P (z)− P (Y )

= P (Y )− P (Y ) = 0,

(3.4)

where the first derivation is using the Bayes Rules, and the second derivation is

using Rule 3, where Z blocks all backdoors from X to Y , i.e., P (Y |do(X), z) =

P (Y |X, z), and the third derivation is using Rule 1, where X is not the cause of Z,

i.e., P (z|do(X)) = P (z), and the fourth derivation is using Rule 2, where X and Y

are conditionally independent (conditioning on Z), i.e., P (Y |X, z)P (z) = P (Y |z).

We find that the effect calculated by P (Y |do(X))−P (Y ) is 0, which again conforms

to the true causal effect 0 in the “ice cream and crime” example. Therefore,

P (Y |do(X)) describes the causal effect, and the model trained by P (Y |do(X)) can

remove the bias induced by the confounder.

3.2.5 De-confounding and Re-weighting Implementation

In this subsection, we would like to justify the underlying causalities of the popu-

lar implementation, re-weighting, which is the prototype of most of our proposed

methods. To achieve the unbiased causal effect P (Y |do(X)) under the confounder

Z, we can adjust the traditional objective P (Y |X) by a sample-wise weight (just
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like the Eq (3.4)):

P (Y |do(X)) =
∑
z

P (Y |do(X), z)P (z|do(X))

=
∑
z

P (Y |X, z)P (z|X)

=
∑
z

P (Y |X, z)P (z)

=
∑
z

P (Y,X, z)

P (X|z)P (z)
P (z)

=
∑
z

P (Y,X, z)
1

P (X|z)
,

(3.5)

where the first two derivations are similar to the Eq (3.4), and the last two deriva-

tions are based on the Bayes Rules, where P (X|z) is also called as propensity

score [19, 107, 108] and P (Y,X, z) can be estimated by the traditional objective

function:

P (Y |X) =
∑
z

P (Y |X, z)P (z|X)

=
∑
z

P (Y,X, z)P (z,X)

P (X, z)P (X)

=
∑
z

P (Y,X, z)
1

P (X)
,

(3.6)

where P (X) is a prior. Therefore, by adding a weight P (X)
P (X|z) , which is also called in-

verse probability weighting [117, 118], we can calculate the unbiased effect P (Y |do(X))

by using the traditional objective P (Y |X), which is the causal justification for why

re-weighting is the implementation for achieving the causal (unbiased) effect.

3.3 Visual Dialog in Causal Graph

In this section, we first formally introduce the Visual Dialog (VisDial) task and then

describe how the popular encoder-decoder framework follows the baseline causal

graph shown in Figure 3.3, from which we can summarize the causal principles to

be used in Section 3.4 to remove the bias.
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3.3.1 Visual Dialog Settings

Settings. According to the definition of VisDial task proposed by Das [24],

at each time t, given an input image I, current question Qt and dialog history

H = (C, (Q1, A1), . . . , (Qt−1, At−1) about the image, where C is the image caption,

(Qi, Ai) is the i-th round question-answer pair, and a list of 100 candidate answers

At = {A1
t , . . . , A

100
t } for deterministic models to choose from, the task of the dialog

agent is to generate a free-form answer or give an answer by ranking candidate

answers At to answer the current question Qt according to the image and dialog

history.

Evaluation. Recently, the VisDial community has adopted the ranking metric

Normalised Discounted Cumulative Gain (NDCG). It differs from the classification

metric (e.g., top-1 accuracy) used in VQA. It is more compatible with the relevance

scores of answer candidates evaluated by humans in VisDial. NDCG requires that

relevant answer candidates be ranked higher than just the selection of ground truth

answers, and more details of NDCG can be found in [112].

3.3.2 Traditional Visual Dialog Causal Graph

Based on the basics of causal graphs that we introduced in Section 3.2.1, we revisit

the popular VisDial encoder-decoder framework in existing methods using elements

of the baseline graph in Figure 3.3.

Feature Representation and Attention in Encoder. Visual feature is denoted

as node I in the baseline graph, which is usually a fixed feature extracted by Faster-

RCNN [119] based on ResNet backbone [120] pre-trained on Visual Genome [121].

For language feature, the encoder firstly embeds sentence into word vectors, fol-

lowed by passing the RNN [122, 123] to generate features of question and history,

which are denoted as {Q,H}.

Most existing methods apply the attention mechanism [124] in the encoder-decoder

framework to explore the latent weights for a set of features. A basic attention

operation can be represented as x̃ = Att(x,k) where x is the set of features need

to attend, k is the key (i.e., guidance) and x̃ is the attended feature of x. Details

can be found in most visual dialog methods [26, 67, 116]. In the baseline graph
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Figure 3.3: Causal graphs of VisDial models (baseline and ours). H: dialog
history. I: image. Q: question. V : visual knowledge. A: answer. U : user
preference. Shaded U denotes the unobserved confounder. See Section 3.3.2 for
detailed definitions.

illustrated in Figure 3.3, the sub-graph {I → V,Q → V,H → Q → V } denotes

a series of attention operations for visual knowledge V . Note that these arrows

are not necessarily independent, such as co-attention [67], and the process can be

written as Input : {I,Q,H} ⇒ Output : {V }, where intermediate variables can

be yielded in the graph with respect to different attention strategies such as co-

attention [67] and recursive attention [25]. However, without loss of generality,

these variables do not affect the causalities in the graph.

Response Generation in Decoder. After obtaining the features from the en-

coder, existing methods will fuse these features and feed the fused one into a

decoder to generate an answer. In the baseline graph, node A denotes the an-

swer sentence and the generation process is that the decoder takes the features

via {H→A,Q→A, V →A} and transforms them into a vector for decoding the

answer. In particular, the decoder can be generative, i.e., to generate an answer

sentence by RNN; or discriminative, i.e., select an answer by discriminating answer

candidates.

Next, we advance to the middle part of Figure 3.3, presenting two causal principles

that reveal the bias that existed in the traditional VisDial methods.
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3.4 Two Causal Principles

3.4.1 Principle 1

P1: We should delete the direct link H → A. When should we draw an arrow

from one node pointing to another? According to the definition in Section 3.2.1,

the criterion is if the node causes another one. Intrigued, let’s understand P1

by discussing the rationale behind the “double-blind” review policy. Given three

variables: “Well-known Researcher” (R), “High-quality Paper” (P ), and “Accept”

(A). From our community common sense, we know that R → P because top

researchers usually lead high-quality research, and P → A is even more obvious.

Therefore, for the good of the community, the double-blind prohibits the direct

link R → A by author anonymity, otherwise, the bias such as personal emotions

and politics from R may affect the outcome of A.

The story is similar in VisDial. Without loss of generality, we only analyze the

path H →Q→ A. If we inspect the role of H, we can find that it is to help Q

resolve some co-reference like “it” and “their”. As a result, H is the cause of Q.

Then, A is given according to Q by the answerer. Here, Q becomes a mediator

which cuts off the direct association between H and A that makes P (A|Q,H) =

P (A|Q), like the “High-quality Paper” which we mentioned in the previous story.

However, if we draw an arrow from H to A to describe the causality: H → A,

the undesirable bias of H will be learned for the prediction of A, that hampers the

natural process of VisDial, which is the history bias and an example is illustrated in

Figure 3.1(a). Another example is discussed in Figure 3.5 that A prefers to match

the words in H even though they are literally nonsense about Q if we add the direct

link H → A. After we apply P1, these phenomena will be relieved, such as the

blue line illustrated in Figure 3.1(a), which is closer to the NDCG ground truth

(i.e., candidates with non-zero relevance score) average answer length represented

as green dash line, and the other qualitative studies in experiments.

3.4.2 Principle 2

P2: We need to add one new node (unobserved) U and three new links:

U ← H, U → Q, and U → A. As we introduced in Section 3.2.3, in causal
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graph, the fork-like pattern in Figure 3.4(a) contains a confounder U , which is

the common cause for Q and A (i.e., Q ← U → A). The confounder U opens a

non-causal path started from Q which is also called the backdoor, making Q and A

spuriously correlated even if there is no direct causality between them. To remove

the bias induced by the confounder U , we need to de-confound U .

In the data generation process of VisDial, we know that not only both the ques-

tioner and answerer can see the dialog history which offers them a latent topic,

but also the answer annotators can look at the history when annotating the an-

swer. Their preference can be understood as part of human nature or subtleties

conditional on a dialog context, and thus it has a causal effect on both Q and A.

Moreover, due to the fact that the preference is nuanced and uncontrollable, we

consider it as an unobserved confounder for Q and A.

It is worth noting that the confounder hinders us to find the true causal effect. Let’s

take the graph in Figure 3.4(a) as an example, if there is no U , the probability

P (A|Q) is the causal effect that we want to pursue. However, due to the existence

of U , P (A|Q) is no longer the true causality from Q to A. When we calculate

P (A|Q), we take U into account which can be shown by Bayes rule:

P (A|Q) =
∑

u
P (A|Q, u)P (u|Q). (3.7)

The distribution of u is conditional on Q (i.e., P (u|Q)). That means when using

the conditional weight (i.e., P (u|Q)) to sum every effect (i.e., P (A|Q, u)), the

likelihood sum (i.e., P (A|Q)) will be biased towards the effect P (A|Q, u) with

larger weights. For better understanding, if we treat Eq (3.7) as a process of data

stratification, at each layer u, we can obtain the causality conditional on u, because

given u will block the backdoor of Q. Then, we have to sum these causalities by

the natural distribution of u rather than conditional distribution P (u|Q), which

will remix the data bias. In a nutshell, we cannot calculate causality from Q to A

by P (A|Q) under the confounder U . To resolve this problem (i.e., de-confounding

to find causal effect), we need more powerful tools.
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𝑨

𝑼

𝑫𝒛

(e) Hidden Dictionary

Figure 3.4: Example of (a) confounder U , (b) do-operator and (c)-(e) sketch
causal graphs of our three attempts to de-confound

3.4.3 Our Visual Dialog Causal Graph

As we introduced in Section 3.2.4, we can use the do-operator and do-calculus [19,

125] to help us de-confound.

do-operator. do-operator is a type of intervention to de-confound. Illustrated in

Figure 3.4(b), do-operator (e.g., do(Q = q)) is that we set a value q to variable Q,

i.e., Q is caused by itself rather than its parent nodes. Therefore, do(Q = q) cut

off all the original arrows that come into Q (i.e., U → Q) because its parents do

not cause it anymore. This operation can prevent any information about Q from

flowing in the non-causal direction (i.e., backdoor Q ← U → A). As a result, the

confounder of Q can be relieved and the causal effect of Q can be estimated. In

the following parts, we use do(q) to represent do(Q = q) for concision.

do-calculus. As we discussed, it is hard to take a real intervention on a fixed

dataset. We need to use the do-calculus to translate P (A|do(q)) into P (A|(Q, . . . )),

where the later one has no do-operator and can be calculated by conditional prob-

ability. The rules of do-calculus are given in [19, 125] and here we review the most

important one: If a set Z of variables blocks all backdoor paths from X to Y , then

conditional on Z, do(x) is equivalent to observe(x): P (Y |do(x), Z) = P (Y |X,Z).

Other rules are given in Section 3.2.4.
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Now, we can revisit the example in Section 3.4.2. If we calculate P (A|do(q))

rather than P (A|Q), the result will be
∑

u P (A|Q, u)P (u). In this formula, the

distribution of u is the natural prior P (u) instead of the conditional distribution

P (u|Q). Therefore, the summation of the causal effect by weight (i.e., P (u)) will

not remix the data bias, i.e., the confounding bias is removed by P (A|do(q)).

In our graph of VisDial shown in Figure 3.3, we can also de-confound U by interven-

tion do(q, h, i) to find causal effects from {Q,H, I} to A, then perform do-calculus

rules to transform pretended intervention into probability formula:

P (A|do(q, h, i))

=
∑

u
P (A|do(q, h, i), u)P (u|do(q, h, i))

=
∑

u
P (A|do(q), H, I, u)P (u|H)

=
∑

u
P (A|Q,H, I, u)P (u|H).

(3.8)

The last transformation takes the rule we introduced in do-calculus because Q’s

backdoors are blocked by controlling U . Referring to the example in Section 3.2.4,

the rest derivations are easy to prove. As we mentioned, P (A|do(q, h, i)) in our

causal graph is the causal effect that we want in VisDial, which removes all bias.

So far, we have given all contents about the baseline causal graph, two principles,

and our causal graph. In the next section, we will try to realize our causal graph

by providing some implementation attempts to en-light the future of VisDial.

3.5 Removing Bias by Our Causal Graph

Removing history bias by P1. It is easy to implement P1 in the training, e.g.,

we can simply cut the direct feeding of history into the answer generation process

of the decoder. We will give some examples as training details in Section 3.6.3.

Removing user bias by P2. As for P2, we can obtain causal effect estimation

by Eq (3.8) which can be written as:

P (A|do(q, h, i)) =
∑

u
Pu(A)P (u|H), (3.9)

where Pu(A) represents the probability of A under the conditions Q,H, I and u.

Since the variable U is unobserved, we just give some examples of attempts to
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replace U or approximate it and corresponding sketch graphs will be given to help

understand in Figure 3.4.

1) Question Type. Inspired by the data stratification form in Eq (3.9), we

try to use question type to stratify the data. Specifically, we manually define some

question types, count appeared answers and, set preference for every answer in each

type of question. According to the Eq (3.9), we can use the preference generated

by question type to train our model with the loss function:

Lqt =
∑

i
Pi(A) · sqti , (3.10)

where i is the i-th candidate in the answer list, Pi(A) is the probability of candidate

i, sqti is the preference we counted and the sketch graph is shown in Figure 3.4(c),

and the implementation details will be given in Section 3.6.3.

2) Answer Score Sampling. The official gives a set of dense annotations (the

relevance score for each candidate) in the training set which can be treated as a

representation of preference because the annotators score every candidate in the

context H with their preference. As a result, if we regard each candidate Ai in the

decoder as a u, illustrated in Figure 3.4(d), we can follow Eq (3.9) to calculate loss

by the following function:

L = −
∑

i
Pi(A) · si, (3.11)

where i is the index of the answer candidate. Eq (3.11) can be implemented in

different forms. Here we give three examples:

Weighted Softmax Loss (R1). We extend the log-softmax loss as a weighted form:

R1 =
∑

i
log(Softmax(pi)) · si, (3.12)

where pi is the logit of candidate Ai, and si is the corresponding relevance score.

Binary Sigmoid Loss (R2). This loss is close to the binary cross entropy loss:

R2 =
∑

i
[log(σ(pi)) · si + log(σ(1− pi)) · (1− si)] , (3.13)

where σ is the Sigmoid function, pi is the logit of candidate Ai, and si is the

corresponding relevance score.
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Generalized Ranking Loss (R3). Note that the answer generation process can be

viewed as a ranking problem. Therefore, we derive a ranking loss:

R3 =
∑

i
log

exp(pi)

exp(pi) +
∑

j∈G exp(pj)
· si, (3.14)

where pi is the logit of candidate Ai, and G is a group of candidates that has a

lower relevance score than Ai. si is equal to 1 when the corresponding relevance

score is greater than 0 and si is equal to 0 when the corresponding relevance score

is equal to 0. Note that this function is re-organized from ListNet [126].

Note that our loss functions are derived from the Eq (3.9), not just the regression

of dense annotation. The comparison experiments will be given in Section 3.6.4.

3) Hidden Dictionary Learning. We find that the Eq (3.9) can be written as:

∑
u
Pu(A)P (u|H) = E[u|H] [Pu(A)] . (3.15)

Although we cannot determine the exact meaning of U , we try to use a vector repre-

sentation z to approximate an expression of U . We can approximate E[U |H] [Pu(A)]

as NWGM [Pu(A)] [124, 127] (i.e., normalized weighted geometric mean), and this

term can be further calculated by creating a dictionary Dz of z:

E[u|H] [Pu(A)] ≈ Softmax{gz(Ez [Z])}, (3.16)

where gz is a fully connected layer, Z represents a variable and its value z is

selected from directory Dz. After deriving the last term, we can use Dz to calculate

EZ [Z] shown in Figure 3.4(e) to approximate Eq (3.9). Noting that although

when we train the dictionary, we still need to use answer score sampling, the

hidden dictionary learning is a more proper way to approximate the unobserved

confounder because it explores the whole space of U rather than the second attempt

which only uses some samples of U .
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3.6 Experiments

3.6.1 Experimental Setup

Dataset. Our principles are evaluated on the recently released real-world dataset

VisDial v1.03. Specifically, the training set of VisDial v1.0 contains 123K images

from the COCO dataset [128] with 10 rounds of dialog for each image, a total of

about 1.2M dialog pairs. The validation and test sets were collected from Flickr,

with 2K and 8K COCO-like images respectively. The test set is further split

into test-std and test-challenge splits, both with the number of 4K images that are

hosted on the blind online evaluation server. Each image in training and validation

sets has a 10-round dialog, while in the test set the number of the dialog is flexible.

Every dialog in the VisDial dataset is given with 100 answer candidates. We

evaluated our results on the validation and test-std set.

Metric. Normalized Discounted Cumulative Gain (NDCG) is appointed by the

official and accepted by the community to evaluate the VisDial models. Note

that NDCG assigns each answer candidate a relevance score based on whether

the answer is suitable for the question (0 denotes the answer and higher relevance

denotes the answer is more proper for the question), e.g., there are 100 candidates

for each question and NDCG assign relevance score for each of them and totally

100 relevance scores are given for this question. In the testing, NDCG requires

the model to treat any suitable answer (relevance score bigger than 0) as correct,

which is different from the training in that only one answer is given in the dialog

to train the model, which essentially makes VisDias as an Out-of-Distribution

Generalization task.

3.6.2 Model Zoo

We report the performance of the following baseline VisDial models, including

LF [24], HCIAE [116], CoAtt [67] and RvA [25]:

LF [24]. The naive base model has no attention modules. We expand the model

by adding some very basic attention operations, including question-based history

attention and question-history-based visual attention refinement.

3Suggest by the official [112], results should be reported on v1.0 instead of v0.9
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HCIAE [116]. The model consists of question-based history attention and question-

history-based visual attention.

CoAtt [67]. The model consists of question-based visual attention, image-question-

based history attention, image-history-based question attention, and the final question-

history-based visual attention.

RvA [25]. The model consists of question-based visual attention and history-based

visual attention refinement.

3.6.3 Implementation Details

Pre-processing. As for language pre-processing, we followed the process de-

scribed by [24]. First, we lowercased all letters in the sentence, converted numbers

to words and removed abbreviations. Afterward, we used the Python NLTK toolkit

to tokenize the sentences into word lists, followed by padding or truncating the cap-

tions, questions, and answers to the length of 40, 20 and 20, respectively. And we

built a token vocabulary of size 11,322 consisting of 11,319 words that occur at least

five times in train v1.0 and three instruction tokens. We initialized all word embed-

dings by loading GloVe [129], which were shared between the encoder and decoder,

and we applied 2-layers LSTM to encode word embedding and set their hidden

dimension to 512. As for the visual features, we used the bottom-up-attention

features [57] given by the official [112].

Implementation of Principles. For P1, we removed history features from the

final fusion vector representation of all models, while leaving the rest unchanged.

For HCIAE [116] and CoAtt [67], we also masked the history guidance to the

image. For P2, we trained our models using the preference scores computed from

the question types or given by the official (i.e., dense annotation in train v1.0).

Specifically, for “question type”, we first defined 55 types and marked answers that

occurred over 5 times as preferred answers, and then used the preference scores to

train our model by R2 loss. “Answer score sampling” was directly used to train

our pre-trained model by the proposed loss function. For “dictionary”, we set

up a memory of dimension 100×512 to implement Dz, then trained it via dense

annotations by R3 loss. Note that other implementations different from ours are

also acceptable as long as following P1 and P2.
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Model baseline QT
S

D
R0 R1 R2 R3

LF [24] 57.21 58.97 67.82 71.27 72.04 72.36 72.65
LF +P1 61.88 62.87 69.47 72.16 72.85 73.42 73.63

Table 3.1: Performance (NDCG%) comparison for the experiments of applying
our principles on the VisDial v1.0 validation set. LF is the enhanced version as
we mentioned. QT, S and D denote question type, answer score sampling, and
hidden dictionary learning, respectively. R0, R1, R2, R3 denote regressive loss
(baseline applying relevance score), weighted softmax loss, binary sigmoid loss,
and generalized ranking loss, respectively.

Training. We trained the model with P1 using the Softmax cross-entropy loss with

Adam [130], where the learning rate of 4× 10−3, decaying at epoch 5, 7, 9 with a

decay rate of 0.4. We trained the model for a total of 15 epochs. Dropout [127]

was also applied, with a rate of 0.4 for the RNN and 0.25 for the fully connected

layer. Other settings were set by default.

3.6.4 Quantitative Results

Table 3.1 shows the results of different implementations in P2, i.e., question type,

answer score sampling, and hidden dictionary learning. Overall, all implementa-

tions improve the performance of the base models. Specifically, the attempts of P2

can further boost performance by 11.75% at most by hidden dictionary learning.

More specifically, our designed loss functions based on Eq. (3.8) outperform the

regressive score (i.e., R0) which is a naive Euclidean distance loss, which can be

seen as the baseline of using the additional relevance score, and we also find that

our proposed generalized ranking loss (i.e., R3) is the best because it satisfies the

ranking property of VisDial.

To demonstrate that our principles are model-agnostic, Table 3.2 shows the results

of our experiments about applying our principles on four different models (i.e.,

LF [24], HCIAE [116], CoAtt [67] and RvA [25]). In general, our two principles can

improve all the models in any ablative condition. We also find that the effectiveness

of P1 and P2 are additive, i.e., their combination performs the best. Note that the

enhanced LF model is very simple, with no complex attention strategies. However,

this simple architecture with our principles still does not hinder it to achieve the

best performance.
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Model LF [24] HCIAE [116] CoAtt [67] RvA [25]
baseline 57.21 56.98 56.46 56.74
+P1 61.88 60.12 60.27 61.02
+P2 72.65 71.50 71.41 71.44
+P1+P2 73.63 71.99 71.87 72.88

Table 3.2: Performance(NDCG%) of ablative studies on different models on
VisDial v1.0 validation set. P2 indicates the most effective one (i.e., hidden dic-
tionary learning) shown in Table 3.1. Note that only applying P2 is implemented
by the attempts in Section 3.5 with the history shortcut.

𝑯𝟎: vintage black steam train stopped 

on tracks in the countryside

H

𝑸𝟏:Is it day time?
𝑨𝟏:Yes

𝑸𝟐:Can you see the sky?
𝑨𝟐:Yes

𝑸𝟑:Are there clouds?

𝑨𝟑:Yes

Q:Is it raining?

GT Answer: No

Ranked A Ranked A

1.no(0.6)

2.yes(0)

3.0(0)

4.n o(0.6)

5.no cloudy(0.2)

1.no(0.6)

2.no but clouds(0.2)

3.it is not raining(0.8)

4.no it isn't(0.6)

5.no it's not(0.6)

Baseline + P1Baseline

NDCG:0.57 NDCG:0.78

Q: Is the cat awake?

GT Answer: Yes

H

𝑸𝟏:Are the cat old?
𝑨𝟏:Could be, it looks like an adult

𝑸𝟐:Are they fat or skinny?

𝑨𝟐:On the heavier side

𝑸𝟑:Is there just 1 or 2?
𝑨𝟑:Only 1

𝑸𝟒:Can you see a tv in the room?

𝑨𝟒:No

𝑸𝟓:Is there a human in the photo?
𝑨𝟓:No

𝑯𝟎:the white cat with yellow eyes, lies 

on the grey tv remote

Ranked A

Baseline

Ranked A

NDCG:0.49 NDCG:0.9

1.yes(1.0)

2.no(0)

3.no, his eyes are open(0)

4.i suppose(0.2)

5.in the image, yes(0.2)

6.no, it's awake(0)

7.no, it's eyes are open(0)

1.yes(1.0)

2.yes, it is(1.0)

3.yes it is(1.0)

4.yes very(0.2)

5.i suppose(0.2)

6.slightly yes(0.2)

7.in the image, yes(0.2)

Baseline + P1

Figure 3.5: Qualitative results for baseline and baseline with P1 on the Vis-
Dial v1.0 validation set. Numbers in brackets in ranked A indicate relevance
scores. The red boxes indicate that the baseline model replicates the words from
the dialog history, even if they are literally nonsense for answering the current
question. The bottom example shows that although the baseline can correctly
select the ground truth answer, it is influenced by the history bias, and thus it
ranks “yes” at a high place, which degrades its performance (NDCG). As for the
baseline with P1, it does not make such unreasonable choices.

3.6.5 Qualitative Analysis

The qualitative results illustrated in Figure 3.5 and Figure 3.6 show the following

advantages of our principles.
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𝑯𝟎:A man stands and watches as a woman with 

a remote channel surfs from a couch

𝑸𝟐:Is there only the man and woman?

𝑨𝟐:no

𝑸𝟑:How many people in total are there?

𝑨𝟑:4

𝑸𝟒:What color is the coach?

𝑨𝟒:plaid

𝑸𝟓:Are all the people  on the same couch?

𝑨𝟓:3 of them are on couch

H

Q:Can your see what they are watching?

GT Answer: No

𝑨𝟏:yes, want know how many people

𝑸𝟏:Does it look like there in a living room?

key rank increase: "nope"(0.8):25 2

Baseline NDCG: 0.38 Baseline + P2 NDCG: 0.96
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0
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0
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wrestling 1 another

no

relevance score

0.4

0.6

0.6

0.4

0.8

0.6

0.8

1

0.8

1

not in the…

can't tell

i can't tell

i cannot tell

no you…

no, i can't tell

not that i can…

no, i can't

nope

no

relevance score

54 4"not that i can see"(0.8):"no, i can't"(1.0):10 3

key rank increase: "yes he is"(1.0): 6 2

Baseline NDCG: 0.46 Baseline + P2 NDCG: 0.92

0

0

0

0

0

1

0.4

1

1

1

maybe

i can't see

          is like that

a toboggan

no

yes,

i think so

yes, he is

yes he is

yes

relevance score

0

1

1

0

1

0

0

0

0

1

no he's not wearing any gear

yes,

yes, he is

he is not wearing any gear

yes he is

no but he wearing a…

it's hard to say

a toboggan

no

yes

relevance score

"yes, he is"(1.0): 8 3 "yes, "(1.0):9 5

𝑯𝟎: 𝑨 𝒑𝒆𝒓𝒔𝒐𝒏 𝒑𝒐𝒔𝒊𝒏𝒈 𝒊𝒏 𝒇𝒓𝒐𝒏𝒕 𝒐𝒇 𝒂𝒎𝒐𝒖𝒏𝒕𝒂𝒊𝒏
𝒘𝒆𝒂𝒓𝒊𝒏𝒈 𝒔𝒌𝒊 𝒈𝒆𝒂𝒓

𝑸𝟐:𝑾𝒉𝒂𝒕 𝒊𝒔 𝒉𝒆 𝒘𝒆𝒂𝒓𝒊𝒏𝒈?

𝑨𝟐:𝑾𝒉𝒊𝒕𝒆 𝒑𝒂𝒏𝒕𝒔 𝒂𝒏𝒅 𝒃𝒍𝒂𝒄𝒌 𝒋𝒂𝒄𝒌𝒆𝒕

𝑸𝟑: 𝑫𝒐𝒆𝒔 𝒉𝒆 𝒉𝒂𝒗𝒆 𝒈𝒐𝒈𝒈𝒍𝒆𝒔 𝒐𝒏?
𝑨𝟑: 𝒀𝒆𝒔

𝑸𝟒: 𝑰𝒔 𝒕𝒉𝒆𝒓𝒆 𝒔𝒏𝒐𝒘 𝒐𝒏 𝒕𝒉𝒆 𝒎𝒐𝒖𝒏𝒕𝒂𝒊𝒏?
𝑨𝟒: 𝒀𝒆𝒔

𝑸𝟓: 𝑫𝒐𝒆𝒔 𝒉𝒆 𝒉𝒂𝒗𝒆 𝒑𝒐𝒍𝒆𝒔?

𝑨𝟓: 𝒀𝒆𝒔, 𝒉𝒆 𝒅𝒐𝒆𝒔

Q: Is he wearing the skis?

GT Answer: Yes

𝑨𝟏: 𝑷𝒓𝒐𝒃𝒂𝒃𝒍𝒚 𝒂 𝒃𝒐𝒚

𝑸𝟏: 𝑰𝒔 𝒕𝒉𝒆 𝒑𝒆𝒓𝒔𝒐𝒏 𝒂 𝒈𝒊𝒓𝒍 𝒐𝒓 𝒃𝒐𝒚?

H

Figure 3.6: Qualitative examples of the ranked candidates of baseline and
baseline with P2. We also give some key rank changes for boosting NDCG
performance by implementing P2. These examples are taken from the validation
set of VisDial v1.0.

Removing History Bias. After applying P1, the harmful bias learned from

history is mitigated, especially the answer-length bias shown in Figure 3.1(a) and

word-match bias shown in Figure 3.5. After applying P1, the average length of top-

1 answers (i.e., the blue line in Figure 3.1(a)) is no longer related to the average

length of history answers and becomes closer to the average length of NDCG ground

truth answers (i.e., green dash line). As for the word-match bias in Figure 3.5,
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we can observe that the word “eyes” in history is literally unrelated to the current

question. However, at the top of the ranked answer list of the baseline model, the

word “eyes” can be found in some undesirable candidates (i.e., with low relevance

score). In general, the baseline model prefers to match words in the history and

rank matching candidates high due to the direct path from the history to the

answer. If we count the number of matches from the baseline with meaningful

words in the top 10 candidates obtained from P1 and the baseline (e.g., the word

”eyes”), we find that P1 can match about 10% fewer words from the history (∼ 4800

times compared to ∼ 5200 times).

The bottom example shown in Figure 3.5 also illustrates a type of word match. In

the ranked list of the baseline model, “yes” is ranked very high, and “yes” exists in

history many times. By analyzing the validation results, we found that if “yes” or

“no” exists in dialog history, the baseline model will give them an above-average

ranking due to word matching. With the application of P1, this phenomenon will

no longer occur.

More Reasonable Ranking. Figure 3.6 shows that the baseline model is only

concerned with ground truth answer like “no” or “yes” and not with the rank of

other answers with similar semantics like “nope” or “yes, he is”. This is inconsistent

with human intuition, as we assume that candidates with similar semantics are

still the correct answers. This also results in the baseline model performing poorly

under the NDCG metric. Compared to the model with P2, in the bottom example,

it almost ranks all the appropriate answers such as “yes, he is”, “yes he is” and

“I think so” at the top along with the ground truth answer “yes”, which greatly

improves the NDCG performance.

3.6.6 Visual Dialog Challenge

Finally, we used the online blind test server to demonstrate the effectiveness of our

principles on the VisDial v1.0 test-std set. As shown in Table 3.3, the top part

contains the results of the baseline models implementing our principles, where P2

denotes the most effective one (i.e., hidden dictionary learning). The bottom part

is the 2019 Visual Dialog Challenge leaderboard [10]. We used the ensemble of

the enhanced LF [24] to beat our best performance (MReaL-BDAI) in the 2019

Visual Dialog Challenge, which also used other implementations of P1 and P2.
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Model NDCG(%)

Ours

P1+P2 (More Ensemble) 74.91
LF+P1+P2 (Ensemble) 74.19

LF+P1+P2 (single) 71.60
RvA+P1+P2 (single) 71.28

CoAtt+P1+P2 (single) 69.81
HCIAE+P1+P2 (single) 69.66

Leaderboard

MReaL-BDAI∗ 74.02
ReDAN+ (Ensemble) [63] 64.47

square∗ 60.16
VIC-SNU [66]∗ 57.59

UET-VNU∗ 57.40
idansc [64]∗ 57.13

Table 3.3: Our results and comparisons to the 2019 Second Visual Dialog
Challenge Leaderboard results on the test-std set of VisDial v1.0. Results are
reported by the test server, (∗) is taken from [10].

Promisingly, by applying our principles, we can promote all the single baseline

models to the top ranks on the leaderboard. Note that, based on our principles, we

were awarded the winner of the 2019 Visual Dialog Challenge and the runner-up

of the 2020 Visual Dialog Challenge.



Chapter 4

OOD Generalization with

Multiple Domains1

4.1 Case Study: Domain Generalization

Deep models are good at fitting training data but are not suitable for generalizing to

unseen domains [12, 14–16], which have different data distribution of the training.

For example, given Photo domain, where most dogs are black, and train a model,

the model will learn color features to classify dogs regardless of the dog’s features

(i.e., color is learned as bias in this domain), and the result is it has the less

discriminative ability when the color is no longer needed, e.g., tested in Sketch

domain. In practice, models are usually tested in various domains, and thus we are

interested in the Domain Generalization (DG) task: given multiple domains and

train a model to realize invariance, which means the model can generalize to any

unseen domain [131, 132]. Note that, in this chapter, all methods need the domain

labels, which are additionally provided by the dataset beside the classification

annotation, and this is different from the setting we will discuss in the Chapter 5,

which can be treated as (Implicit) Debiasing case, where no additional annotation

is given in the training.

1The main content in this chapter is submitted to CVPR 2023 as Jiaxin Qi∗, Zike Wu∗,
Qianru Sun, Xian-Sheng Hua, and Hanwang Zhang. DOMAIN+: Splitting a New Influential Do-
main for Domain Generalization. Under Review. The superscript ∗ indicates equal contributions.

41
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(a) DG methods learn spurious invariance

(b) DG methods with our DOMAIN+ learn invariance

Training Domain: Photo Training Domain: Art

{ green bg, black, dog shape } {any bg, black, dog shape }

{black, dog shape }

DG Methods

select 

influential samples
Cross-Domain

Influence Function

Training Domain: +

{green bg, black, 

dog shape }

{any bg, black, 

dog shape }

{any bg, any color, 

dog shape }

Training Domain: ArtTraining Domain: Photo

{ dog shape }

split as 

new domain

DG Methods

Figure 4.1: Illustration of the spurious invariance (grey shade), inducing do-
main bias, learned by traditional DG methods and removed by our Domain+.
“bg” denotes background and bordered words, such as “dog shape”, denote
domain-invariant features.

To this end, all DG methods aim to keep the domain-invariant features (i.e., causal

features [17, 105]) by discarding the domain-specific ones [4, 32, 77], which induce

the domain bias. As shown in Figure 4.1(a), {black, dog shape} are the invari-

ant features obtained by DG methods as they are indeed discriminative for most

training samples in both Photo and Art. Embarrassingly, the community recently

finds out that the most naive Empirical Risk Minimization (ERM) objective, which

simply merges the samples of all the training domains into one training set without

applying any domain-invariant strategy, shows comparable or even better perfor-

mance compared to DG methods [12] with complex invariance-learning design. The

reason is that although ERM is widely known to be easily biased by the spurious

correlations in the training [4, 15, 94, 96, 97], e.g., although most dogs are black

in one domain, only if the training samples across other domains are diverse, e.g.,

dogs with different colors in Photo and Art, ERM can still remove domain-specific

features (i.e., remove the (single) domain bias, where the bias exists in one domain

but not in the whole combined dataset), e.g., it learns {black, dog shape} as
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Figure 4.2: Visualizations of the samples ranked by cross-domain influence
(top) and IRM loss (bottom) from low to high. Red borders denote the selected
rare samples by Domain+.

well as DG methods.

This implies that the traditional DG methods still lack a self-diagnostic mechanism

to remove another type of domain bias called Spurious Invariance, which is invari-

ant across all training domains but variant in the testing domain. We call bias

as “spurious invariance” because it cannot be overturned by using their invariant

strategy with the cross-domain validation only on the training domains [4, 73, 77],

which has the same behavior, just like the underlying true invariance that is also

shared by all training domains, removing which will definitely increase the training

loss. In Figure 4.1(a), {black} is a spurious invariance because it is not discrim-

inative in unseen domains without color such as Sketch. The reason is that the

{black} samples prevail in all training domains over {other color} samples, e.g.,

the white in Photo and the colorful in Art. Thus, these rare samples make minor

contributions to counter that {black} is not the true invariance, because removing

it will diminish the model fitting for the majority “black dog” training samples.

Someone may propose a straightforward solution which is to up-weight those rare

samples. This sounds appealing but it is difficult to apply in practice due to the

following two challenges. First, it is hard to identify the sample-wise “rarity” as the

notion of “invariance loss”, which is defined on the dataset level to evaluate how

consistently the model (or feature) behaves on this dataset/domain distribution [4,

76, 77]. So, popular hard sample mining methods only identify those with high

training loss [82, 109, 133], which only quantifies how well the model fits a specific

sample but cannot reflect the level of invariance [2, 81]. Second, even if we can

accurately zoom into those rare samples, the re-sampling of them will introduce not

only the desired features (e.g., {white} in Photo), but also other associated ones
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(e.g., {green bg}), which may cause new bias misleading the entire training [6,

134], and we will discuss this problem in detail in Section 5.2.

To address the first challenge, a possible way to judge if a sample has no spurious

invariance is to ask the self-diagnostic counterfactual question: If we have removed

the sample, how would it affect the invariance re-trained on the new training data

excluding it? In particular, we define the answer as a sample-wise real value called

Cross-domain Influence: as the samples without spurious invariance are rare, if we

remove one of them in one domain, the domain’s spurious invariance will become

more dominant, e.g., the percentage of black dogs in Photo is higher, then the

spurious invariance will be more easily achieved in the domain after training. So,

such “purer” spuriousness helps other domains achieve the spurious invariance

faster too—decreasing their invariance losses; in contrast, if we remove one of

the majority samples with spurious invariance, it won’t significantly decrease the

invariance loss as the spurious invariance is still dominant. We provide a formal

justification in Section 4.3.2 to show that the cross-domain influence is a good

measure for rare samples.

However, the above “leaving one sample out and re-training” makes the cross-

domain influence estimation cost a lot. Thanks to the recent advances in approxi-

mating the sample influence without re-training by influence function [88, 99], we

can implement our cross-domain influence by “differentiating” a sample in one

domain, i.e., up-weighting the sample with an infinitesimal amount, and then

estimating the mean of the invariance loss changes in each other domains by a

closed-form expression (The formula can be found in Section 4.3). As shown in

Figure 4.2, ranking the samples by their influence indeed tells us more about the

spurious invariance than the conventional sample “hardness”. For example, our

high influence identifies rare dogs that are {non-standing, abnormal action,

colorful}, which do not suggest high training loss necessarily.

Finally, to address the second challenge, after identifying the rare samples by

their influence score, instead of re-sampling, we treat them as a new domain by

splitting them from the original ones. Then, we can use any off-the-shelf DG meth-

ods on the old domains (without the split samples) plus the new one, and hence

we dub our method Domain+. As illustrated in Figure 4.1(b), Domain+ can

help any DG method to remove the bias caused by spurious invariance and achieve

the true invariance {dog shape}, which is the only invariance across the newly
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split domains. In Section 4.4, we use three classic open-sourced SOTAs: IRM [4],

CORAL [32], and Fish [77], as our baselines on four popular DG datasets: PACS,

VLCS, OfficeHome, and TerraIncognita. Specifically, we follow DomainBed [12]—

a stringent and reproducible DG benchmark—to conduct all the experiments. The

results show that we can consistently improve all the baselines, demonstrating that

our Domain+ helps DG methods achieve a better invariance.

4.2 Preliminaries: ERM and IRM in DG

Given training data D consisting of K domains D = {D1,D2, ...,DK}, where Dk =

{(xk
i , y

k
i )}nk

i=1, xk
i is a sample in domain k, yki is its one-hot label, and nk is the

number of samples in Dk. Domain Generalization (DG) aims to train a model

f on D to predict the labels of testing samples in any unseen domains Du. The

crux of learning f is to capture the domain-invariant (causal) features, which are

invariantly discriminative in any domain, by discarding all the domain-specific

features that are only discriminative in training but not testing.

Empirical Risk Minimization (ERM). It simply merges the samples of all the

training domains as a whole without domain index, i.e., D=
⋃K

k=1Dk ={(xi, yi)}ni=1,

where n =
∑K

k=1 nk. ERM learns f on D by minimizing the softmax cross-entropy

(CE) loss:

LERM(f,D) =
1

n

n∑
i=1

CE(yi, f(xi)), (4.1)

where f(xi) is the softmax prediction of xi. ERM can remove some domain-specific

features and shows competitive performance as we mentioned in Section 4.1. The

reason is that some domain-specific features are no longer dominant in the com-

bined set. For example, in Figure 4.1(a), although green bg is a domain-specific

feature in Photo, it is less dominant in Photo and Art combined. However, ERM

cannot remove dataset-specific features when most domains contain similar fea-

tures, which still causes bias in unseen testing domains.

Invariant Risk Minimization (IRM). Domain Generalization (DG) methods

aim to discard the domain-specific features by additionally minimizing a penalty

across all training domains, i.e., the invariance loss L(f,Dk):
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LDG(f) =
1

K

K∑
k=1

[LERM(f,Dk) + λ ·L(f,Dk)], (4.2)

where λ > 0 is a trade-off hyper-parameter. For example, Invariant Risk Mini-

mization (IRM) [4], a classic DG method, implements the invariance loss as:

L(f,Dk) =

nk∑
i=1

∥∇θ|θ=1 CE(yki , f(xk
i ) · θ)∥2, (4.3)

where θ is a “dummy” classifier, whose gradient is not used to update itself but to

calculate the penalty. Invariance loss encourages the model to be equally optimal

in different training domains, by penalizing the learning of different domain-specific

features. Note that the invariance loss is a dataset-level loss, which should be mea-

sured on the whole domain/dataset and its value for a single sample is meaningless.

However, DG methods in the form of Eq. (4.2) cannot remove the domain-specific

features shared by all training domains, leaving the spurious invariance, which is

invariant across training domains but variant to the testing domains. The reason is

that L(f,Dk) is essentially a pooling of domain samples, and in this way, the con-

tribution of some rare samples without the spurious invariance is thus suppressed.

4.3 Our Algorithm: Domain+

To help DG methods overcome the bias induced by the spurious invariance, we

propose Domain+: 1) find the rare samples without spurious invariance by the

proposed cross-domain influence, 2) split them from their original domains as a

new domain, and then train DG methods on the original domains, without the split

samples, plus the new one. Domain+ algorithm is summarized in Algorithm 1.

4.3.1 Implementations

Cross-Domain Influence. As we discussed in Section 4.1, the sample “rarity”

cannot be identified by the dataset-level loss such as Eq. (4.3). To this end, we

introduce a sample-level index called cross-domain influence for sample x from
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Figure 4.3: Illustration of the calculation of the cross-domain influence in
Eq. (4.4), where the most right part denotes the difference between the two loss
values (illustrated in dashed boxes).

domain kx:

I(x) =
1

K − 1

K∑
k=1,k ̸=kx

Lk(f ∗)− 1

K − 1

K∑
k=1,k ̸=kx

Lk(f ∗
x̄), (4.4)

where Lk(f) := L(f,Dk), f ∗ and f ∗
x̄ denote the optimal model trained on the

entire dataset D and D\{x}, respectively. The term “cross-domain” means that

the sample removal happens in its own domain but its counterfactual influence

is calculated by the mean of the invariance changes across other domains. The

calculation details are illustrated in Figure 4.3. However, Eq. (4.4) needs to re-

train the model on the new dataset D\{x} that is prohibitively expensive.

Thanks to the recent advances in approximating the sample influence without re-

training [88, 98], we can implement I(x) by “differentiating” a sample x from

domain kx to derive the gradients of the invariance loss of other domains, i.e., by
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only training once, we can effectively estimate the influence for each sample:

I(x) =
1

K − 1

K∑
k=1,k ̸=kx

dLk(f ∗
ϵ )

dϵ

∣∣∣∣∣
ϵ=0

= − 1

K − 1

K∑
k=1,k ̸=kx

∇Lk(f ∗)H−1
f∗ ∇L(f ∗, x),

(4.5)

where ϵ denotes an infinitesimal perturbation, f ∗
ϵ := arg minf LDG(f) + ϵL(f, x)

is the optimal model after perturbing x, where L(f, x) = ∥∇θ|θ=1 CE(y, f(x) · θ)∥2

if we implement IRM as the invariance loss, the perturbation only happened on

L(f, x) due to we are interested in the changes of the invariance loss but not the

whole loss, and Hf∗ := ∇2LDG(f ∗) denotes the Hessian matrix, which derives from

the influence function [88].

Note that the sample-wise gradient of invariance loss reflects the domain changes

and it is meaningful for domain-level invariance, which is different from the sample-

wise loss we have discussed. Our cross-domain influence function is calculated on

other training domains, which is more reasonable than the original one based on

the testing set.

Rare samples split into a new domain. After estimating the cross-domain

influence of each sample x, we split the rare samples by I(x)>α from their original

domain, and construct a new domain D+, where α is a threshold. Then, we train

DG methods on {Dk\D+}Kk=1 ∪ {D+} to achieve the invariance. We’d like to high-

light again that the influence is fundamentally different from the sample hardness

in hard example mining [133, 135]. Besides the qualitative samples in Figure 4.2,

we also show the feature distributions of all the samples of different classes in Fig-

ure 4.5. Interestingly, we can see the difference of D+ selected by influence and

training loss: as the rare samples with large influence are usually confounded by

the majority, they are more evenly distributed than the “hard” samples, which are

merely considered as the eccentric points far from the mainstream.

4.3.2 Justifications

We first show that rare samples indeed have larger cross-domain influence by The-

orem 4.3, and then demonstrate that splitting the rare samples into a new domain
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Algorithm 1: Domain+

Input : Dataset D = {Dk}Kk=1, Threshold α
Output: New Dataset {Dk \ D+}Kk=1 ∪ {D+}
Train f on D by Eq. (4.2) and derive the optimal f ∗;
Initialize: D+ ← ∅ ;
foreach Dk ∈ D do // Enumerate domains

Initialize: Dr ← ∅ ; // Rare sample set

foreach x ∈ Dk do
Initialize: I(x)← 0 ;
foreach Dj ∈ D \ {Dk} do

I(x)←I(x)−∇Lj(f
∗)H−1

f∗ ∇L(f ∗, x) ; // Eq. (4.5)

I(x)← I(x)/(K − 1)
if I(x) > α then
Dr ← Dr ∪ {x} ; // x is rare

D+ ← D+ ∪ Dr ; // Update Domain+

Apply any DG methods on {Dk \ D+}Kk=1 ∪ {D+}.

helps DG methods achieve better invariance by Theorem 4.4. We use Dd = {xd}
to denote the set of dominant samples from all training domains and Dr ={xr} to

denote rare samples set.

First, we prove I(xd) = 0 by Lemma 4.1, I(xr) > 0 by Lemma 4.2, and finally

derive I(xr) > I(xd) in Theorem 4.3.

Lemma 4.1. Let f ∗ be the optimal model trained by DG methods, which learns

the spurious invariance, i.e., achieves the local minimum of invariance loss on Dd.

Then, for all dominant sample xd ∈ Dd, we have I(xd) = 0.

Proof. As f ∗ achieves local minimum of invariance loss on Dd, then for all xd ∈ Dd,

we have ∇L(f ∗, xd) = 0. Therefore, we derive the following equation according to

Eq. (4.5):

I(xd) =
1

K − 1

K∑
k=1,k ̸=kx

∇Lk(f ∗)H−1
f∗ ∇L(f ∗, xd)

=
1

K − 1

K∑
k=1,k ̸=kx

∇Lk(f ∗)H−1
f∗ · 0 = 0,

where kx is the domain index of xd.

Lemma 4.2. Let f ∗ be the optimal model defined in Lemma 4.1. Then, for all

rare samples xr ∈ Dr, we have I(xr) > 0.
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Figure 4.4: Visualization of sorted cross-domain influence (red) and training
loss (blue) of training samples using IRM. We train the model on the default
three training domains for each dataset. Each dot denotes a sample and its
influence/loss value.

Proof. Because f ∗ is the local minimum of the invariance loss on Dd, if we up-

weight a rare sample xr /∈ Dd by ϵ and retrain f , the new optimal model f ∗
ϵ will

deviate from f ∗ with respect to the invariance loss.

Therefore, for each domain k, we have

Lk(f ∗
ϵ ) > Lk(f ∗).

When ϵ is approaching 0, according to Eq (4.5) we have

I(xr) =
1

K − 1

K∑
k=1,k ̸=kx

dLk(f ∗
ϵ )

dϵ

∣∣∣∣
ϵ=0

=
1

K − 1

K∑
k=1,k ̸=kx

lim
ϵ→0

Lk(f ∗
ϵ )− Lk(f ∗)

ϵ
> 0,

where kx is the domain index of xr.

Theorem 4.3. For all rare sample xr ∈ Dr and all dominant sample xd ∈ Dd, the

cross-domain influence of xr is larger than xd, i.e., I(xr) > I(xd) = 0.
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The proof can be directly obtained based on Lemma 4.1 and Lemma 4.2. As shown

in Figure 4.4, Theorem 4.3 works well in practice on four datasets—most of the

dominant samples’ influence scores are indeed close to 0 and the turning curve from

dominant to rare is much sharper than that of using training loss.

Then, we split rare samples into a new domain according to Theorem 4.3. In

practice, we select D+ ={x|I(x) > α}, where α is a threshold slightly greater than

0 that tolerates the estimation error of I(x).

Theorem 4.4. D+ as a new training domain can reduce the degree of freedom in

the invariant solution space w.r.t.the learned invariant features.

Here, the degree of freedom (DOF) indicates the rank of learned invariant features.

The reduction of DOF is equivalent to the removal of spurious invariant features,

which means the model has a better generalization ability [4]. Hence, Theorem 4.4

says that Domain+ will help DG methods achieve better invariance.

4.4 Experiments

4.4.1 Experimental Setups

Dataset. Following DomainBed, we demonstrated our Domain+ on 4 popular

multi-domain image classification datasets. 1) PACS [11] contains 9, 991 images of

7 classes from four domains, including art, cartoons, photos, and sketches. 2)

VLCS [136] contains 10, 729 photographs of 5 classes from four domains, including

Caltech101, LabelMe, SUN09, and VOC2007. 3) Office-Home [137] contains 15, 588

images of 65 classes from four domains, including art, clipart, product and real.

4) Terra Incognita [138] contains 24, 788 photos of wild animals from 10 classes,

taken at four different locations, including L100, L38, L43 and L46.

DomainBed Benchmark [12]. It is a rigorous and reproducible domain general-

ization testbed that provides a consistent implementation of each SOTA method

for fair comparisons. We follow a training-domain validation set, which is suggested

in DomainBed, for model selection. Specifically, we split each training domain

into training and validation subsets, accounting for 80% and 20%, respectively. We

chose the model with the highest average accuracy on the validation sets. For fair
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Figure 4.5: t-SNE [1] visualization of the training sample features extracted
by IRM model. We trained the model on the default three domains on each
dataset. Red dots are the selected rare samples by training loss and cross-
domain influence.

comparisons, we followed the same settings in Fish [77] that report the average

over five random trials.

Baselines. We chose 3 popular DG SOTAs: IRM [4], CORAL [32], and Fish [77],

and applied our Domain+ to them, where we later named IRM+, CORAL+, and

Fish+, respectively. We compared their performances with other SOTAs based on

the implementation of DomainBed, including ERM [139], DRO [74], Mixup [103],

MLDG [70], MMD [76], RSC [69], ANDMask [78] and SagNet [140].
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Algorithm
PACS VLCS

A C P S Avg C L S V Avg

ERM [139] 86.7±1.3 79.6±2.7 95.8±0.6 79.2±2.6 85.3±1.3 97.1±1.0 65.7±1.5 69.7±2.9 74.3±3.6 76.7±1.2
DRO [74] 83.6±2.2 79.7±2.3 96.5±0.4 78.9±2.3 84.7±1.3 96.9±1.2 63.3±1.1 70.0±2.5 72.9±2.7 75.8±1.4
Mixup [103] 85.3±1.1 80.5±1.2 96.9±0.3 75.9±2.9 84.6±1.1 97.6±0.7 63.2±1.5 70.6±1.6 74.9±1.4 76.6±0.9
MLDG [70] 83.0±4.9 76.2±1.8 95.8±1.1 74.5±2.0 82.4±1.4 97.2±0.9 63.2±2.2 70.1±2.1 72.5±1.6 75.7±1.1
MMD [76] 83.4±2.1 79.4±3.7 95.7±0.7 74.0±7.0 83.1±2.3 97.4±0.9 62.9±2.0 69.9±1.8 74.8±3.1 76.2±1.5
RSC [69] 80.6±2.9 77.5±3.4 95.1±0.6 76.9±2.7 82.5±1.4 93.7±1.8 64.2±1.8 67.8±1.4 71.1±3.5 74.2±1.0
ANDMask [78] 84.3±3.1 77.6±1.9 96.3±0.7 72.7±4.4 82.7±2.3 96.7±1.4 63.9±2.1 67.1±3.3 70.4±3.1 74.5±1.7
SagNet [140] 83.2±0.6 81.1±1.2 95.5±1.2 77.9±2.2 84.4±0.8 96.1±1.3 63.3±2.3 72.3±3.4 73.7±2.7 76.3±0.9

IRM [4] 85.7±2.1 79.8±1.6 95.8±0.4 78.0±1.7 84.8±0.4 94.7±3.1 64.7±1.5 70.2±1.3 73.8±3.7 75.9±0.8
IRM+ 85.9±2.8 81.1±0.3 96.7±0.7 78.7±1.4 85.6±0.7 97.2±0.8 65.5±1.7 71.3±2.0 75.9±1.2 77.5±0.8
CORAL [32] 84.2±2.4 78.8±3.1 96.6±0.6 77.5±1.3 84.3±0.8 97.1±0.5 65.5±1.2 70.3±2.5 76.8±2.2 77.4±0.8
CORAL+ 86.5±2.0 81.3±2.3 97.0±0.6 80.8±0.8 86.4±0.7 98.3±0.6 65.3±1.6 71.6±1.9 76.5±2.2 77.9±0.7
Fish [77] 85.3±1.8 79.0±1.3 95.9±1.0 78.3±2.8 84.6±1.2 97.5±1.1 64.2±1.6 71.2±0.7 75.4±1.4 77.1±0.6
Fish+ 86.1±1.8 81.1±2.0 96.9±0.8 78.7±3.4 85.7±1.0 98.0±0.9 65.3±1.2 73.0±1.3 76.4±1.2 78.2±0.6

Table 4.1: Test accuracy (%) of PACS and VLCS based on training-domain
validation hyper-parameter tuning. “+” mark indicates that it trained by our
Domain+.

4.4.2 Implementation Details

Efficient Influence Calculation. Considering the computational challenges in

Eq. (4.5), we used the Second-order Stochastic estimation technique for the liner-

time approximation based on implicit Hessian-vector products (HVPs) [88, 141].

In particular, we run it three times, 1, 000 steps each, and average the results as

the influence in Eq. (4.5).

Parameter Settings. Following the settings in DomainBed, we used pre-trained

ResNet-50 [142] as the backbone for all methods on all datasets and optimize all

models using Adam [130]. We followed the default hyper-parameter setting in

DomainBed, where the batch size is 32 and the learning rate is 5× 10−5, and we

tuned the threshold α based on the best performance on the validation set.

4.4.3 Quantitative and Qualitative Analysis

We show the effectiveness of our Domain+ by the following Q&A. Q1. How does

Domain+ improve DG methods?

A1. Our main results are shown in Table 4.1 and Table 4.2. Compared to the origi-

nal DG methods, our Domain+ consistently and significantly improves most of the

settings. In specific, we improve the averaged performance over the four datasets
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OfficeHome TerraIncognita
Algorithm

A C P R Avg L100 L38 L43 L46 Avg

ERM [139] 59.5±1.8 52.3±1.3 73.9±1.3 75.6±1.0 65.3±0.4 49.7±2.9 43.3±1.6 56.1±2.1 35.3±2.8 46.1±1.8
DRO [74] 58.8±1.4 52.9±1.5 74.5±1.1 75.5±0.7 65.4±0.7 48.9±3.4 41.1±3.9 57.5±0.5 37.3±1.9 46.2±1.0
Mixup [103] 61.4±1.4 53.9±1.7 76.1±0.7 77.1±0.6 67.1±0.5 54.7±4.5 44.1±3.8 55.1±3.2 31.1±3.7 46.2±2.7
MLDG [70] 57.2±0.6 51.4±1.9 73.1±1.0 74.8±0.9 64.1±0.4 50.4±3.8 37.5±4.0 52.6±3.9 34.1±3.6 43.6±1.9
MMD [76] 58.4±1.3 53.4±0.7 73.9±0.8 75.2±0.6 65.2±0.6 48.8±3.2 40.9±3.1 54.2±1.8 36.6±4.1 45.1±2.1
ANDMask [78] 55.8±1.3 50.5±1.6 73.2±0.7 75.0±0.7 63.6±0.4 44.6±3.8 40.5±1.3 53.6±2.1 37.0±3.0 43.9±1.5
SagNet [140] 59.1±1.6 52.4±2.5 74.6±0.9 75.3±0.8 65.3±0.4 50.6±3.6 44.0±2.3 54.8±1.3 31.4±3.9 45.2±2.7

IRM [4] 58.5±1.0 52.0±1.3 73.5±1.5 74.8±0.9 64.7±0.7 53.5±4.4 41.8±3.6 55.6±1.7 37.7±4.2 47.2±1.4
IRM+ 60.5±1.2 52.9±1.4 75.2±1.2 76.2±0.4 66.2±0.4 54.8±4.2 45.4±3.3 56.3±2.0 38.1±0.9 48.6±1.3
CORAL [32] 63.0±1.2 55.3±0.9 76.0±0.5 76.8±0.9 67.8±0.4 51.9±2.0 41.1±2.8 52.4±3.4 37.3±2.8 45.7±2.0
CORAL+ 63.3±0.9 56.4±0.9 76.6±1.1 78.4±0.2 68.7±0.4 55.5±2.4 44.1±3.3 56.0±3.1 37.8±3.0 48.4±2.3
Fish [77] 59.0±1.4 52.4±1.8 73.7±0.7 74.5±0.6 64.9±0.8 49.9±2.0 41.7±1.7 54.5±1.6 37.9±3.5 46.0±0.9
Fish+ 59.9±1.5 53.0±1.4 75.0±0.7 75.9±1.1 65.9±0.9 53.6±2.2 44.7±2.2 56.2±1.2 38.2±3.5 48.2±1.9

Table 4.2: Test accuracy (%) of OfficeHome and TerraIncognita based on
training-domain validation hyper-parameter tuning. “+” mark indicates that it
trained by our Domain+.

of IRM, CORAL, and Fish by 1.3%, 1.6%, and 1.3%, respectively. In particular,

we have achieved the largest improvement on the TerraIncognita dataset, where

the baselines perform worse than other datasets. One possible reason is that this

dataset may contain more spurious invariance (since its only domain variance is

the latitude of the camera, there may be more shared features across domains than

that in PACS), which weakens the baselines, and thus our Domain+ for removing

the bias caused by spurious invariance plays a more essential role in improvement.

Q2. How does Domain+ perform compared to SOTAs?

A2. Compared to the original SOTAs, especially the ERM implemented by Do-

mainBed [12], the DG methods equipped with our Domain+ realize new SOTAs

in each set of each dataset. Specifically, we improve the average SOTA perfor-

mance of the four datasets by 1.1%, 0.8%, 0.9%, and 1.4%, respectively. Notewor-

thy, some original DG methods cannot even beat ERM. However, after applying

our Domain+, they outperform ERM in most cases. This demonstrates that by

removing the bias induced by the spurious invariance, we effectively promote the

potential invariance ability of these DG methods.

To further show the effect of Domain+ in feature learning, in Figure 4.6, we

visualized the extracted features of IRM (Top) and IRM+ (Bottom). At the top,

we find that some samples belonging to the same class (points with the same color)

are not perfectly clustered together, which leads to incorrect predictions. However,
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Figure 4.6: t-SNE [1] visualization of the features of test samples extracted
by IRM and IRM+ (IRM with our Domain+). We trained the model on the
default three domains on each dataset. Different colors denote different classes.

Algorithm A C P S Avg

IRM 85.7±2.1 79.8±1.6 95.8±0.4 78.0±1.7 84.8±0.4
IRM+ (Random) 84.3±1.4 79.8±1.5 96.2±0.9 74.4±6.0 83.6±1.8
IRM+ (Loss) 85.1±3.0 78.6±1.6 96.3±0.6 75.5±2.7 83.9±1.5
IRM+ (Ours) 85.9±2.8 81.1±0.3 96.7±0.7 78.7±1.4 85.6±0.7

Table 4.3: Ablations on influence. “Random”, “Loss”, and “Ours” denote
different sample selection methods.

at the bottom, the features are clustered with much less confusion, indicating our

Domain+ helps IRM learn better domain-invariant features by removing the bias.

Q3. Why do we prefer influence over training loss?

A3. Table 4.3 shows that the new domain chosen by the influence helps DG meth-

ods achieve better performance, i.e., better invariance, compared to the samples

selected by the training loss. The reasons are two-fold. First, influence is a better

measure of “rarity”. As shown in Figure 4.4, most samples have influence values

similar to 0, indicating that they are the dominant samples, while the dominant
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Algorithm A C P S Avg

IRM 85.7±2.1 79.8±1.6 95.8±0.4 78.0±1.7 84.8±0.4
IRM+ 85.9±2.8 81.1±0.3 96.7±0.7 78.7±1.4 85.6±0.7
IRM w/o D+ 79.3±3.1 70.8±2.0 92.3±1.4 74.4±1.7 79.2±0.8
IRM++ 84.7±1.9 78.4±2.3 96.7±0.5 74.4±1.8 83.6±0.4
IRM-zero 84.9±2.9 80.9±1.3 95.5±0.3 78.4±2.5 85.0±1.3

Table 4.4: Experimental results on further exploration of Domain+, where
IRM++ denotes re-training IRM with Domain++, IRM w/o D+ denotes re-
training IRM without D+, and IRM-zero denotes no domain label is provided.

counterpart of training loss is difficult to identify because its numerical curve is

not as sharp as the influence values. Second, the training loss only focuses on

hard samples that do not well fit the model but do not necessarily have spurious

invariance. As shown in Figure 4.5, the selected samples by training loss are far

from the sample center, which means that its selection only focuses on eccentric

training samples, e.g., noisy samples. However, the selection of influence is more

dispersed, which means that rare samples are indeed confounded by the majority

distribution—spurious correlation (invariance) is identified.

Q4. How about just training without rare samples?

A4. Differs from the traditional influence-based methods [99, 101], which treat

rare samples as “harmful” and simply discard them from training, removing rare

samples will cause DG methods to learn more spurious invariance and thus reducing

performance, just like the results shown in Table 4.4. We perform more experiments

to demonstrate the necessity of constructing the new domain. As illustrated in

Figure 4.7, we observe a decrease in invariance loss after removing rare samples, but

an increase in testing loss, indicating that the model learns more spurious invariance

without rare samples. In contrast, when trained on Domain+, the simultaneous

drop of both testing loss and invariance loss demonstrates that constructing a new

domain through rare samples is necessary.

Q5. More splits? No domain labels?

A5. To explore the potential of Domain+, we propose Domain++, which applies

Domain+ on top of an existing split domains by Domain+. Our experimental

results are listed in Table 4.4. We find that compared to Domain+, Domain++
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Figure 4.7: The training/testing ERM/Invariance loss for IRM on PACS with
different setups of training domains, where D1 denotes the original training
dataset D, D2 denotes {Dk \ D+}Kk=1, and D3 denotes {Dk \ D+}Kk=1 ∪ {D+},
i.e.our Domain+.

cannot further improve the performance, which is even worse than IRM. This sug-

gests that our influence selects sufficient rare samples without spurious invariance,

and further selection may introduce unexpected approximation error as the influ-

ence estimation is essentially an approximation.

We also implement Domain-zero, when there are no domain labels. We first ran-

domly split the training data into two domains and apply our Domain+ to create

a new domain. Then we can implement DG methods to learn the invariance. In

Table 4.4, when we apply Domain-zero on PACS, we still follow the conventional

setting but do not use the domain labels. The improvements of IRM-zero (IRM

with Domain-zero) compared to the original IRM shows the potential future of

our influenced-based domain splitting method on more tasks.





Chapter 5

OOD Generalization with no

Additional Annotations1

5.1 Case Study: Debiasing

Different from Visual Dialog, where multiple modalities are given and the history

bias and user bias can be analyzed from the underlying causal graph between them,

and Domain Generalization, where multiple domains and domain labels are given

and thus domain bias can be removed by the invariance methods, in this chapter,

we will introduce the most challenging and common OOD Generalization camp,

OOD Generalization with no Additional Annotations, and focus on the specific

case, Debiasing. It is challenging because no additional annotations are given in the

training to help us find the bias, and it is common because besides Debiasing [2, 82],

many other OOD tasks without additional annotations also fall into this camp.

In this chapter, we use the word “debiasing” to denote the traditional Implicit

Debiasing setting, and we will introduce how to find the context bias in Debiasing

and propose methods to remove it.

1The main content of the first part in this chapter is submitted to CVPR 2023 as Jiaxin Qi,
Qianru Sun, Xian-Sheng Hua, and Hanwang Zhang. A Two-stage Method for Training Unbiased
Models. Under Review. and the second part is published as Jiaxin Qi, Kaihua Tang, Qianru
Sun, Xian-Sheng Hua, and Hanwang Zhang. Class Is Invariant to Context and Vice Versa: On
Learning Invariance for Out-Of-Distribution Generalization. ECCV 2022.
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The reason for deep models to learn the context2 bias in Debiasing settings is easy

to find: they are good at data fitting by their powerful learning ability [13], and

thus any data bias that is beneficial to reduce the training loss will also be encoded

as class representations to help models to classify, leading to biased models that fail

in testing whose distribution is different from training, i.e., the Debiasing settings.

For example, if most training 0 digits are in red and 1 digits are in green, then a

model will recklessly capture the color as the discriminative representations, and

thus may misclassify a red 1 as 0 [2]. In practice, we always demand unbiased

models learned from data because any real-world training data can be considered

as biased compared to the unknown testing distribution—the grand challenge of

Out-of-Distribution Generalization [11, 12, 14–18].

In this chapter, we propose two algorithms: Two and IRMCon, where the first one

is a simple framework to improve the current re-weighting methods in Debiasing

and the second one is to disentangle context features for better implementation of

the current re-weighting methods in Debiasing and Domain Generalization without

domain annotations, which is also a debiasing setting and different from the settings

we have discussed in Chapter 4, where the domain annotations are necessary. Now,

we will delve into our algorithms in the following two sections, respectively.

5.2 Our Algorithm: Two

5.2.1 Motivation

Under the biased training set, perhaps an effective way to learn an “always unbi-

ased” model is to collect absolutely unbiased training data about anything with

everything, e.g., if we have any digit written in every possible color, font, stroke,

etc., we can train an unbiased digit classifier without considering color, font, and

stroke. However, such data collection is prohibitively impossible, instead, most de-

biasing methods resort to simulating such a process by modifying the biased train-

ing distribution into an unbiased one, such as sample re-weighting/-sampling [2, 6],

adversarial training [143, 144], and augmentation [6, 83]. However, as shown in Fig-

ure 5.1, when the testing distribution is the same as training, those methods are

2Note that the word “context” denotes any class-agnostic attribute such as color, texture, and
background.
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Figure 5.1: Comparisons on Unbiased/Biased Train (U/B) × U/B Test. The
same color denotes methods tested under the same setting, and the point closer
to the top right corner is better. CE achieves high accuracies on U × U and
B×B, but fails in B×U . The one-stage re-weighting methods, such as LfF [2],
are only good at B × U , but fail in U × U and B × B. We achieve the best
performance on B × U without much sacrifice on U × U and B × B. See more
results in Table 5.1& 5.2.

even worse than the biased counterpart—this is clearly far from the ideal abso-

lute unbiasedness. The reason is that such training distribution modification is

essentially equivalent to duplicating the training distribution outliers (a.k.a. hard

samples) to counter the biased attributes encoded in training, e.g., the dominat-

ing color in one digit class. However, as such duplication introduces no sample

diversity at all, it will also duplicate other inherently unbiased attributes, e.g.,

digit shape, and thus, unfortunately, make them biased, e.g., balancing the biased

color will make the originally unbiased shape biased. We call such side effects as

introducing the undesired “anti-training bias” bias, for which, we will provide an

in-depth analysis in Section 5.2.3 and the illustrative example in Figure 5.2.

To this end, we present Two: a simple yet effective two-stage debiasing method

for training unbiased models. Two does not only outperform existing methods on

the conventional debiasing settings but also achieves a consistent performance gain
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regardless of training and testing bias (Figure 5.1), showing a promising potential

for training a truly unbiased model agnostic to testing distributions.

Stage-1: traditional Cross-Entropy (CE) loss training. Note that this is the key

difference from existing methods, which mistakenly believe that such biased train-

ing is harmful as it only captures the bias, and hence they abandon this stage or

only use it as a bias model [2]. In contrast, we show that the bias-sensitive Stage-1

indeed learns features invariant to the relatively unbiased attributes—such invari-

ance is also invariant to the subsequent re-balancing stage, hence mitigating the

“anti-training bias” bias.

Stage-2: Supervised Contrastive-regularized CE (SCCE) training only on the bal-

anced samples selected by using a bias model [2]. Note that such balanced training

is equivalent to re-weighting/sampling because the non-selected samples can be

considered as down-weighted/sampled. We show that the supervised contrastive

regularization [85] can learn unbiased features and why they cannot be used in

Stage-1 (Section 5.2.3.4).

To evaluate the testing-agnostic unbiasedness of Two, in Section 5.2.4.1, we pro-

pose to conduct four unbiased (U) and biased (B) cross-evaluations: (U, B) training

distribution × (U, B) testing distribution, and measure the performance consis-

tency by using the harmonic mean of the four testing accuracies. The motivation is

that a truly unbiased model should capture the bias-invariant (or causal) features

regardless of training and testing distributions. In the debiasing experiments, we

show that Two achieves the best harmonic mean on four benchmarks: Colored

MNIST, Corrupted CIFAR-10, BAR, and BFFHQ.

5.2.2 Implementations

Input: Biased training data D = {(x, y)}, where x is a sample and y is its asso-

ciated one-hot label vector whose non-zero value index denotes the ground-truth

class index. The classification model f is randomly initialized. Note that different

from some debiasing methods such as Rubi [145] and EnD [146], which require the

annotations of the biased attributes, we do not require such additional supervision

and hence our method is more general.

Output: Unbiased classification model f .
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The model is biased to color, but balanced in shape!

Original Images

The model is balanced in color, but becomes biased to shape!
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The shape is removed! The model is biased to color!
Re-sampled (Re-weighted)

Conventional Re-weighting Ours (Stage-1) Ours (Stage-2)

The shape is removed! The model is balanced in color!

P(red|x) > P(green|x)
P(fat|x) = P(thin|x)

P(red|x) = P(green|x)
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Figure 5.2: Illustrations for the conventional re-weighting method and our two-
stage re-weighting method. (a) Original images, where shape is balanced but
color is imbalanced, (b) the re-sampled (re-weighted) images by conventional
re-weighting method, where color is balanced but shape becomes imbalanced,
(c) images without shape after our Stage-1, (d) the re-sampled (re-weighted)
images by our two-stage re-weighting method, where color is balanced.

Stage-1: Training f by CE loss on D. We adopt the conventional Cross-

Entropy (CE) loss:

LCE(f,D) =
1

|D|
∑

(x,y)∈D

−y · log p(x), (5.1)

where p(x) = exp(f(x))∑
j exp(f(x)j)

is the softmax class confidence vector of x, f(x)j is the

j-th dimension of the class logits, and “ · ” is the dot product. In Section 5.2.3.1,

we justify why the above CE loss is biased and why we should decouple it from the

next unbiased training.

Stage-2: Training f by SCCE loss on balanced set B. Although this stage

is essentially similar to the re-weighting/re-sampling [2, 6], we take a different

approach to fine-tune f on a balanced subset B ⊂ D, which can be considered as a

0/1 hard re-weighting (subject to a threshold) for the samples with high confidence

for a wrong class:

B = {(x, y)|max(pb(x)⊙ (1− y)) > α, ∀(x, y) ∈ D}, (5.2)

where pb(x) is the softmax class confidence vector from a pre-trained bias model fb,

“⊙” is the element-wise multiplication, max selects the maximum value of the input

vector, and α ∈ [0, 1) is a pre-defined threshold. Note that we call B “ balanced”
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as it consists of false-positive samples that are eccentric to the imbalanced training

distribution.

We follow LfF [2] to train fb by Generalized Cross-Entropy (GCE) loss on D:

LGCE(fb,D) =
1

|D|
∑

(x,y)∈D

y ·
1− pb(x)q

q
, (5.3)

where q ∈ (0, 1] is a temperature that controls the degree of bias amplification

and limq→0
1−pq

q
= − log p, i.e., CE is the limit of GCE. As compared to CE, GCE

amplifies the gradient of samples with high probability pb(x), encouraging fb to

quickly converge to those biased “easy-to-learn” samples.

After collecting B, we fine-tune f on B by the Supervised Contrastive-regularized

CE (SCCE) loss:

LSCCE(f,B) = LCE(f,B) + β
1

|B|
∑

(x,y)∈B

−log(
1

|Bi|

∑
xn∈Bi/x

exp(g(x) · g(xn))∑
xm∈O/x exp(g(x) · g(xm))

),

(5.4)

where β > 0 is a trade-off hyperparameter, Bi = {(xi, yi)|yi = y,∀(xi, yi) ∈ B}
denotes the i-th class set, f is composed by a feature backbone g and a classification

head h, i.e., f = g ◦h, which is initialized by Stage-1, and thus inherits the learned

knowledge from Stage-1. We use Supervised Contrastive loss (SC) [85] to encourage

the similarity between intra-class features and penalize the similarity between inter-

class features learned by g. Therefore, as compared to CE that only focuses on

inter-class discrimination, SC also encourages g to map intra-class samples to a

common class vector. In Section 5.2.3.4, we show why SCCE is only applicable to

Stage-2.

5.2.3 Justification

Context Bias in Causal Theory: As we have discussed in Section 3.2, we take

a causal view to analyze the context bias, induced by the confounder between the

input image and the output class label: We denote random variables X, Y , and

Z as a sample, class label, and hidden attributes, respectively. We show that the

biased distribution of Z introduces bias, e.g., if there are more red 0 than green

0 in the training set, Z = red can be the bias for 0. An ideal unbiased model
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should perform consistently well under any testing Z distribution, and we can say

that the model captures the causality between X and Y [147–152]. In particular,

we use Pearl’s causality to formulate the unbiased predictor P (Y |do(X)) [19]:

P (Y |do(X)) =
∑

z
P (Y |X, z)P (z), (5.5)

where do(X) is a notation for the causal intervention of X, denoting that the pre-

diction of Y is solely based on the intervention of input X but not other variables.

Its calculation on the right-hand-side of Eq. (5.5) means that different from the

conventional likelihood P (Y |X) in Eq. (5.6) below, to achieve unbiased prediction,

we need to put X in the context of any Z = z, which is independent on the ob-

servational distribution of X, i.e., P (z|X) = P (z). Please see Section 3.4 for a

graphical explanation of P (Y |do(X)) and its connections to unbiased statistical

inference.

5.2.3.1 CE is overall biased

Minimizing CE loss is equivalent to maximize the posterior P (Y |X) [153]:

P (Y |X) =
∑

z
P (Y |X, z)P (z|X). (5.6)

We use Figure 5.2(a) as an illustrative example to show why CE is biased. Y

is 0 and Z is color that has two values {green, red}, and we assume that

color has a uniform prior, i.e., green and red have the same chance to gener-

ate samples. As P (red|X) = 3/4 and P (green|X) = 1/4, P (0|X) will take more

P (0|X, red) into account as this term has higher weight than P (0|X, green) ac-

cording to Eq. (5.6). In contrast, P (0|do(X)) will equally treat P (0|X, green)

and P (0|X, red) because they have the same weight, P (green) = P (red) = 1/2,

based on Eq. (5.5). Therefore, P (0|X) ̸= P (0|do(X)) and P (0|X) is biased to

P (0|X, red). Especially, when P (red|X) ≫ P (green|X), i.e., P (red|X) ≈ 1 and

P (green|X) ≈ 0, P (0|X) ≈ P (0|X, red) ≈ P (0|red), which means P (0|X) is

totally biased to red.
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5.2.3.2 CE is partly unbiased

Without loss of generality, we assume that Z can be split into two conditionally

independent attribute sets Z = (Z1, Z2), P (Z1, Z2|X) = P (Z1|X)P (Z2|X), where

the elements in Z1 are balanced to X, i.e., Z1|X is conditional uniformly dis-

tributed, and the elements in Z2 are imbalanced to X, i.e., Z2|X is not conditional

uniformly distributed. We have:

P (Y |X) =
∑

(z1,z2)
P (Y |X, z1, z2)P (z1)P (z2|X), (5.7)

where the derivations are based on: Z1 and Z2 are conditionally independent

P (z1, z2|X) = P (z1|X)P (z2|X), and Z1 is balanced to X, i.e., P (z1|X) = P (z1).

By marginalizing over Z1, we can re-write Eq. (5.7) as:

P (Y |X) =
∑

z2
PZ̄1

(Y |X, z2)P (z2|X), (5.8)

where PZ̄1
(Y |X, z2) :=

∑
z1
P (Y |X, z1, z2)P (z1) denotes the unbiased prediction

w.r.t. Z1. Therefore, P (Y |X) is unbiased to Z1 but biased to Z2.

As illustrated in Figure 5.2(a), Z1 is shape which is balanced to X and Z2 is color

which is imbalanced to X. Because P (fat|X) = P (thin|X) = 1/2, P (0|X) takes

P (0|X, fat, color) and P (0|X, thin, color) into the same account, and hence

P (0|X) is unbiased to shape. To illustrate the unbiasedness, we use a standard-font

0, i.e., the 0 model is invariant to shape.

5.2.3.3 One-stage re-weighting is still biased

Re-weighting method [2, 6, 84] is to achieve P (Y |do(X)) by balancing the biased

P (Z|X) in P (Y |X). Followed by Eq. (5.8), we have

P (Y |do(X)) =
∑

z2
PZ̄1

(Y |X, z2)P (z2|X)P (X)w(z2, X), (5.9)

where w(z2, X) = P (z2)
P (X)P (z2|X)

= 1
P (X|z2) is the weight (a.k.a. propensity score [19,

107, 108]). In this paper, w(z2, X) is implemented as in Eq. (5.2). Such weight

essentially duplicates the samples X ∼ P (z2|X)P (X) without increasing the di-

versity of Z1, making P (Z1|X) ̸= P (Z1), i.e., Z1 is no longer balanced to X, and
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Bias Ratio 10% 95.0% 98.0% 99.0% 99.5%

Settings U×U U×B B×U B×B HM U×B B×U B×B HM U×B B×U B×B HM U×B B×U B×B HM

CE∗ 97.8 97.9 85.0 99.1 94.6 97.9 73.0 99.5 90.5 97.9 56.7 99.5 83.1 97.9 41.1 99.7 73.0

CE 97.6 97.8 85.2 99.5 94.6 97.8 73.3 99.7 90.6 97.9 60.9 99.7 85.2 97.9 45.4 99.8 76.1

Rebias [82] 97.4 97.6 85.0 99.4 94.5 97.6 73.5 99.7 90.6 97.6 61.4 99.8 85.4 97.6 45.7 99.8 76.3

LfF [2] 85.2 87.2 89.6 83.7 86.4 87.3 84.7 73.5 82.3 87.4 76.3 60.3 75.7 87.3 66.0 52.0 69.5

JTT [81] 95.5 95.6 87.1 98.1 93.9 95.7 79.0 98.2 91.4 95.6 65.7 98.5 86.4 95.7 55.5 99.2 81.6

Feat-Aug [6] 90.1 89.7 89.0 96.5 91.2 89.7 85.2 78.5 85.6 89.7 77.3 64.3 78.9 89.7 70.2 54.8 73.1

SoftCon [84] 95.9 96.6 85.3 99.3 93.9 96.6 74.9 99.5 90.5 96.6 64.6 99.5 86.4 96.6 48.7 99.7 77.9

Two w/o SC 96.1 96.7 90.0 96.9 94.8 96.6 86.7 95.6 93.6 96.7 78.7 93.4 90.5 96.7 71.7 89.0 87.1

Two w/ SC 96.3 96.8 91.1 96.9 95.2 96.7 88.5 95.6 94.1 96.7 81.1 93.4 91.4 96.8 73.1 89.0 87.7

Table 5.1: Comparisons on Colored MNIST. As U × U is unchanged across
different settings, we only show it in the first column. The columns with gray
background are the conventional debiasing evaluation B × U . CE∗ denotes no
augmentation. We reproduce the compared methods using their officially re-
leased codes under the same experimental settings.

we consider it as the “anti-training bias” bias. Therefore, the pitfall of one-stage

re-weighting methods lies in the fact that we haven’t obtained PZ̄1
(Y |X, z2) yet in

one-stage methods and thus re-weighting may introduce the “anti-training bias”

bias:

P (Y |do(X)) ̸=
∑
(z1,z2)

P (Y |X, z1, z2)P (z1|X)P (z2|X)P (X)w(z2, X), (5.10)

where the right-hand side denotes the one-stage training. Interestingly, the above

analysis shows a potential direction for one-stage debiasing: generating samples

that do not break the balance of Z1. However, it may require the challenging

disentanglement of Z1 and Z2 to generate counterfactual samples [154]. As shown

in Figure 5.2(b), Z1 is shape and Z2 is color. We find that color is imbalanced

to X, and shape is balanced to X. To balance color, the weight estimator will

assign weight 3 for (green, X) and weight 1 for (red, X), illustrated as copying

green 0 for three times. After re-weighting, P (green|X) = P (red|X), i.e., color

is balanced. But, P (thin|X) > P (fat|X), i.e., shape becomes imbalanced to X.

This imbalance will make the model biased to shape.

5.2.3.4 Our two-stage re-weighting (Two) is unbiased

Thanks to the above justification, if we adopt the two-stage method, we can ensure

PZ̄1
(Y |X, z2) before re-weighting according to z2, and hence Eq. (5.9) is valid to

achieve the unbiased P (Y |do(X)). As shown in Figure 5.2(c), after Stage-1, the
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model is unbiased to shape (Z1), i.e., it treats the hand-written 0 with different

shape as the standard-font 0 invariant to shape. Then, we can safely re-weight the

imbalanced color (Z2) by duplicating the standard-font green 0 for three times

to achieve P (z2 = green|X) = P (z2 = red|X). After re-weighting, we can achieve

the unbiasedness for all Z, i.e., shape (Z1) is removed after Stage-1 and color (Z2)

is removed after Stage-2.

Moreover, why do we only apply Supervised Contrastive (SC) loss in

Stage-2 but not Stage-1? Recall that SC loss encourages the similarity of sample

pairs in the same class. So, when X is biased to Z, the prevailing Z is more likely

to be misrecognized as the unbiased class feature. For example, in Figure 5.2(a),

when red 0 is dominant, SC loss encourages the model to learn the feature of red

into the class feature to increase the similarities between sample pairs, i.e., SC loss

makes model biased to red. In contrast, as shown in Figure 5.2(d), when color

is balanced, SC loss will not encourage the model to learn red or green into the

class feature. Therefore, we only apply SC loss in Stage-2, when Z is balanced.

5.2.4 Experiments

We first introduce our experimental setups, including the details of the bench-

marks, evaluation metrics, comparing methods, and our implementations in Sec-

tion 5.2.4.1. Then, we demonstrate the effectiveness of our Two with quantitative

and qualitative analysis, and we discuss the failure cases and the future improve-

ments in Section 5.2.4.2.

5.2.4.1 Experimental Setups

Datasets. We followed LfF [2] and Feat-Aug [6] to use two synthetic datasets,

Colored MNIST [2] and Corrupted CIFAR-10 [2], and two real-world datasets,

Biased Action Recognition (BAR) [2] and Biased Flickr-Faces-HQ (BFFHQ) [6].

By associating a specific bias to a class, we can construct an unbiased/biased

training set and unbiased/biased testing set with different bias ratios.

For the synthetic ones, we controlled the bias in the generation process. For Col-

ored MNIST, we selected 10 different colors and assign each color randomly to

a unique class with a specific ratio to generate the color-biased datasets. For
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Bias Ratio 10% 95.0% 98.0% 99.0% 99.5%

Setting U×U U×B B×U B×B HM U×B B×U B×B HM U×B B×U B×B HM U×B B×U B×B HM

CE∗ 73.2 74.0 32.2 92.3 57.9 74.3 23.7 93.7 50.1 73.9 19.4 95.2 44.8 74.2 17.5 92.7 42.1

CE 82.9 84.5 47.6 95.4 72.2 84.8 34.3 97.4 63.2 84.3 26.1 97.6 55.2 84.7 21.0 97.7 48.9

Rebias [82] 82.7 83.8 47.3 94.9 71.8 83.7 33.1 97.1 62.0 83.5 25.0 97.9 53.8 83.5 20.9 81.8 47.5

LfF [2] 64.6 65.5 54.6 63.1 61.6 66.0 48.5 64.4 59.9 65.6 40.4 65.9 56.6 66.2 33.4 68.7 53.2

JTT [81] 79.9 81.0 50.6 94.1 72.4 81.5 36.6 96.3 64.0 81.1 28.2 96.6 56.6 81.2 24.0 97.6 52.1

Feat-Aug [6] 73.0 73.7 54.1 68.4 66.3 73.8 45.2 62.9 61.3 73.5 36.9 62.9 56.9 74.0 34.2 69.9 56.6

SoftCon [84] 79.9 81.0 51.1 94.7 72.7 81.3 37.4 96.3 64.6 81.3 27.9 96.2 56.3 81.1 23.3 97.1 51.2

Two w/o SC 78.3 78.5 56.8 90.4 73.8 79.2 47.2 89.7 69.3 79.4 41.9 82.9 65.2 79.1 33.8 85.4 59.9

Two w/ SC 78.3 78.5 60.4 90.4 75.3 79.2 51.7 89.7 71.6 79.4 42.4 82.9 65.6 79.1 36.2 85.4 61.8

Table 5.2: Comparisons on Colored CIFAR-10. As U ×U is unchanged across
different settings, we only show it in the first column. The columns with gray
background are the conventional debiasing evaluation B × U . CE∗ denotes no
augmentation. We reproduce the compared methods using their officially re-
leased codes under the same experimental settings

Bias Ratio CE∗ CE Rebias LfF JTT Feat-Aug SoftCon Two w/o SC Two w/ SC

BAR
95.0% 51.1±1.0 53.6±0.8 55.1±0.5 52.7±1.8 52.6±2.1 53.5±1.1 54.9±0.8 56.5±3.0 60.2±0.6

99.0% 37.9±2.1 41.6±3.4 43.7±0.5 43.0±3.6 42.2±2.0 42.4±2.9 45.1±2.2 44.1±1.2 48.1±2.6

BFFHQ 99.5% 70.6±0.2 70.8±1.8 70.0±3.8 71.5±0.2 73.0±1.7 71.4±0.5 71.6±0.6 72.9±1.8 73.8±0.3

Table 5.3: Comparisons on BAR and BFFHQ. Methods are evaluated by the
traditional debiasing evaluation (i.e., B × U) as other settings are not applied.

example, in the 95.0% biased training set, 95.0% of images with class label 0

are green. The same protocol is applied to generate the Corrupted CIFAR-

10 dataset. We selected 10 corruptions, {Gaussian, Gaussian Blur, Defocus

Blur, Frost, Saturate, Pixelate, Elastic, Impulse, Brightness, Contrast},
and used each corruption to corrupt a certain class in CIFAR-10 by some ratios

to generate corruption-biased datasets. We selected the ratio in {99.5%, 99.0%,

98.0%, 95.0%, 10.0%} to create unbiased/biased training sets and unbiased/biased

testing sets. Note that, as there are 10 classes in the two datasets, the 10.0% bias

ratio denotes 10 colors (corruptions) are uniformly distributed in each class, i.e.,

unbiased setting. For the real-world datasets, we instead select images with spe-

cific bias. BAR [2] contains six kinds of action-place bias, e.g., the action fishing

always happens on the water surface. We chose a bias ratio in {99.0%, 95.0%}
to construct biased training sets. For BFFHQ face datasets, we set the attribute

age as the bias for class gender (i.e., most of the females are young and males

are old) for the ratio of 99.5% to construct its biased training set.
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Evaluation Metrics. We used the unbiased/biased training sets and unbiased/bi-

ased testing sets to design 4 cross-bias evaluation settings. 1) U × U : Unbiased

training and Unbiased testing, 2) U × B: Unbiased training and Biased testing,

3) B × U : Biased training and Unbiased testing, 4) B × B: Biased training and

Biased testing. As we believe that the true debiasing method should be robust

under any combination of training and testing distributions, we used the harmonic

mean (denoted as HM) of the accuracies on the four settings as the overall metric:

HM =4/(1/AccU×U+1/AccU×B+1/AccB×U+1/AccB×B). Note that, limited by the

data generation process, we couldn’t apply the four settings on BAR and BFFHQ.

Therefore, we used the traditional evaluation, i.e., B×U . As in [2], we took three

independent runs and used the mean accuracy to calculate HM .

Comparing Methods. We compared our Two with CE baseline, CE with aug-

mentations, and 5 SOTA methods which also do not need bias annotations: Re-

bias [82], LfF [2], JTT [81], Feat-Aug [6] and SoftCon [84]. Note that we care-

fully selected the augmentations to ignore the leakage of bias, i.e., we didn’t use

color-related augmentations in Colored MNIST and didn’t use corruption-related

augmentations in Corrupted CIFAR-10.

Implementation Details. For a fair comparison, we reproduced all of the meth-

ods by using their officially released codes under the same settings: We used MLP

with three hidden layers for Colored MNIST, and ResNet-18 for Corrupted CIFAR-

10, BAR, and BFFHQ. We used the cosine scheduled SGD optimizer with the

initial learning rate as 0.1 for Colored MNIST and 0.05 for Corrupted CIFAR-10,

Adam [130] optimizer for two real-world datasets with a learning rate of 0.001. We

set the batch size as 256 and training 100 epochs for Colored MNIST, Corrupted

CIFAR-10, batch size 256 and training 50 epochs for BFFHQ, batch size as 64,

and training epochs as 150 for BAR. We conduct all experiments using Tesla V100

GPUs.

5.2.4.2 Quantitative and Qualitative Analysis

Overall Results. We show the results on the synthetic datasets in Table 5.1 and

Table 5.2, and real-world datasets in Table 5.3. Overall, for both harmonic mean

and traditional evaluation, our Two achieves the best performance on all of the

benchmarks and leads a clear margin to the compared methods.
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Colored MNIST Corrupted CIFAR-10

95.0% 98.0% 99.0% 99.5% 95.0% 98.0% 99.0% 99.5%

w/o Stage-1 92.8 90.1 85.7 80.0 26.5 25.2 24.5 24.2
LfF as Stage-1 92.4 90.3 85.3 82.0 52.3 51.7 48.7 46.7

Two 95.2 94.1 91.4 87.7 75.3 71.6 65.6 61.8

Table 5.4: Ablations for Stage-1.“w/o Stage-1” denotes that we train the Stage-
2 from scratch, “LfF as Stage-1” denotes that we replace CE with LfF [2] in
Stage-1. The values are the harmonic mean.

Specifically, 1) on the synthetic datasets, in Table 5.1 and Table 5.2, following the

order from low bias ratio (95.0%) to high bias ratio (99.5%), when we evaluate the

methods by harmonic mean, our Two improves the SOTA by 0.6%, 2.7%, 5.0%,

6.1% on Colored MNIST, and 2.6%, 7.0%, 8.7%, 5.2% on Corrupted CIFAR-10.

As for the traditional evaluation, B × U , our Two improves the SOTA by 1.5%,

3.3%, 3.8%, 2.9% on Colored MNIST, and 5.8%, 3.2%, 2.0%, 2.0% on Corrupted

CIFAR-10. 2) on the real-world datasets in Table 5.3, evaluated by B×U , we can

improve the SOTA by 5.1% and 3.0% on BAR {95.0%, 99.0%}, respectively, and

2.2% on BFFHQ. These improvements demonstrate that our two-stage re-weighting

is indeed more unbiased than the one-stage ones.

Verification for Our Justifications. From Table 5.1 and Table 5.2 we find some

experimental verifications for our justifications in Section 5.2.3.

1) CE (or its augmentation variant) dramatically loses its performance under the

B×U setting. The reason is CE is overall biased, as we discussed in Section 5.2.3.1,

under the higher bias ratio, CE will learn more bias.

2) The conventional one-stage re-weighting methods, such as LfF [2] and Feat-

aug[6], fail in the cross-bias settings except for B × U , leading to an unsatisfied

harmonic mean. The reason is that the one-stage re-weighting introduces the “anti-

training bias” bias, as we discussed in Section 5.2.3.3, which makes the model still

biased.

3) Our two-stage re-weighting achieves the best harmonic mean, and we also achieve

the best accuracy on the traditional evaluation B × U , compared to the one-stage

re-weighting methods. The reason is that our two-stage re-weighting is theoreti-

cally superior to the conventional one-stage re-weighting, as we discussed in Sec-

tion 5.2.3.4, and we can achieve unbiasedness.
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Figure 5.3: Ablations for α in Eq. (5.2) and β in Eq. (5.4) on Colored MNIST
and Corrupted CIFAR-10. Green, red, blue, and black lines denote the four bias
ratios 95.0%, 98.0%, 99.0%, and 99.5%, respectively. We illustrate the accuracies
in B × U (dashed lines) and HM (solid lines).

Ablation Studies. 1) Ablations for α and β. As illustrated in Figure 5.3, the left

two ablations justify that our method is not sensitive to α. The right two ablations

for β justify that SC helps Stage-2. Specifically, we find that the accuracy improved

with the increase of α, the reason is that we select samples based on the bias

model—the higher confidence predicted by the bias model, the more accurate for

the bias estimation. Therefore, increasing the threshold can filter out the inaccurate

bias predictions and select a more balanced set for Stage-2.

2) Ablations for our Stage-1. In Table 5.4, to justify the necessity of our Stage-

1 we conducted two ablations, eliminating Stage-1 and replacing CE with LfF

unbiased model in Stage-1. The result shows that both will downplay Two in

each setting. Therefore, the unbiasedness learned by Stage-1 is necessary for our

two-stage re-weighting. It is worth noting that the ablation “w/o Stage-1” is the
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GT: fishing GT: diving GT: fishing GT: diving GT: fishingGT: fishing

P: throwing P: pole vaulting P: climbing P: racing P: climbingP: throwing

GT: fishing

P: throwing

Figure 5.4: GradCAM [3] visualization of our failure cases due to the inaccu-
rate bias model. Top: input test images; Middle: visualization of captured bias
by the bias model; Bottom: visualization of our unbiased model. The model
is trained on the 95.0% biased BAR training set. GT: ground-truth label; P:
predicted label by our Two.

vanilla implementation of one-stage re-weighting. But, most of the conventional

one-stage re-weighting methods, such as LfF [2], perform much better than “w/o

Stage-1”. The reason is that they coincidentally get the partial help of our Two:

In the implementation of LfF [2], they train the bias model and unbiased model

from scratch at the same time, and in the early training stage, when the bias model

is immature and cannot capture any bias, it will assign 1 to each sample, and the

unbiased model conducts CE training, like our Stage-1. However, as their “Stage-

1” is insufficient and cannot be fully invariant to all the balanced attributes Z,

they are still inferior to our full implementation of the two-stage re-weighting.

Failures Cases. As there is no bias annotation, existing methods learn the bias

feature by the proxy classification task. However, such a task inherently entangles

the “good” but undesired class feature and the “bad” but desired bias (or context)

feature. To avoid learning the class feature, they elaborately design the feature

backbone or training process. For example, Rebias [82] uses the 1× 1 convolution

backbone to learn bias features, as they believe that the smaller convolution kernel

captures more context bias than class. LfF [2] and we apply GCE loss (Eq. (5.3)) to

learn the “easier” bias feature, as the bias feature is “easier” to learn than the class

feature. But, these technical designs cannot essentially remove the class feature,

which can always help the loss minimization. As illustrated in Figure 5.4, our de-

biased model may fail, i.e., attending to the background to predict human actions.
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Accordingly, we can see that the bias model captures the class feature, as shown

in the middle row, which attends to foreground human actions. This inaccurate

bias estimation will cause the unsatisfied selection of B, and eventually makes our

Stage-2 biased. To this end, a possible improvement is to replace the proxy task

with a class-agnostic objective to fundamentally disentangle class features and bias

features, which is similar to our algorithm that we will introduce in Section 5.3.

5.3 Our Algorithm: IRMCon

5.3.1 Motivation

In this section, different from proposing a better training framework, i.e., our

Two, we focus on the weight estimation problem in traditional re-weighting-based

methods to propose a better weight estimation algorithm. As we have discussed

in Section 5.2, to collect a good training dataset, a criterion is to ensure that

the samples for each class are as diverse and plentiful as possible, and meanwhile,

the diversity between classes is as evenly distributed as possible [128, 155]. For

example, the “dog” class should contain images of dogs with different colors, types,

and backgrounds. As shown in Figure 5.5 (a), under such dataset, an Empirical

Risk Minimization (ERM) objective [20], e.g., usually the softmax cross-entropy

loss [120], can keep the class feature by ignoring the inter-class features due to

they cannot help the model to decrease the training loss, e.g., the background

cannot help the model to identify the action. And this can be summarized into the

common principle for classification:

Principle 1. Class is invariant to context.

For example, a “dog” image is always a dog regardless of its type, color, and

background, which is the practical meaning of “is invariant to”.

When we get an unbiased model trained by a balanced training set, even given

testing samples whose contexts are out-of-distribution compared to the training,

it can still classify correctly because it already removes the context bias and only

learns the context-invariant, i.e., class/causal feature [9, 16, 156], and thus the

model has generalization ability [157–159]. However, due to limitations in data

collection, in practice, real-world datasets are far from balanced and learning class
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Figure 5.5: GradCAM [3] visualizations of the learning of ERM. (a): By using
ERM, if the context is diverse and balanced in the training images of a class,
the model trained by such dataset will focus on the human’s action to predict
the class. (b): If one context dominates one class image in the training, the
model will learn context into the class feature, which is used for classification,
e.g., the background “grass” is for classification. (c): The traditional context
estimation [2] based on Principle 1, which is biased to class,e.g., the context
estimation model focuses on human action “throwing” to estimate the context,
while our IRMCon based on Principle 2 estimates better context, e.g., focusing
on the background to estimate context.

invariance on unbalanced datasets is challenging. As shown in Figure 5.5 (b),

in the training images of class “throwing”, if the context “grass” dominates, the

spurious correlation between “grass” and “throwing” will be learned by the model,

inducing context bias which hurt the model performance, because the model will

use the “grass” to predict “throwing”. As a result, the problem for debiasing is

the imbalanced context distribution in the training.

To realize a balanced context training set, we need to estimate the context first

for the training set. The current methods for context estimation or context bias

estimation fall into two categories. First, they annotate the context directly [4, 7],

as shown in Figure 5.6 (c). The case is discussed in Chapter 4 but the annotations

are not given in most of the cases. Besides, it is not possible to fully annotate

the complex context. For example, it is easy to label crude scenes as “water”

and “grass”, but it is difficult to distinguish their nuances further. Consequently,

context monitoring is usually incomplete. Second, all of them estimate the context

by the biased class prediction [2, 6, 82], as illustrated in Figure 5.6 (d). Such

estimation relies on the contra-position of Principle 1, which is fundamentally an

indirect context estimation.
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Principle 1. (Complement) If a feature is not invariant to context, it is not class

but context.

Here, the judgment of “not invariant to context” is achieved by using the biased

prediction of the classifier, i.e., if the classifier predicts incorrectly, it is due to

that the class invariance has yet been achieved in the classifier. Unfortunately, as

classification inference is a combined effect of class and context, it is difficult to

distinguish whether the bias comes from a biased context or from unsophisticated

class modeling. The reflection in the result is the incorrect context estimation

mixed with class effect (see the top part of Figure 5.5 (c) and the qualitative re-

sults in the experiments). In fact, coinciding with recent findings [12, 16], we show

in Section 5.3.4 that the current methods with inaccurate context estimation may

even underperform the ERM baseline. In particular, if the data is less biased, such

methods may catastrophically mistake context for class, this limits their applica-

bility only in severely biased training data.

In this section, we propose a more direct and accurate context estimation method

without using any additional context labels. Our inspiration comes from the other

side of Principle 1:

Principle 2. Context is also invariant to class.

For example, the background “grass” is always grassy regardless of its foreground

object class, such as the class “dog” or “cat”.

Principle 1 implies that the success of learning class invariance is due to a chang-

ing context. Similarly, Principle 2 tells us that we can learn context invariance

by changing classes, which is easier for us to achieve because the classes (taken

as varying environments [4]) are already labeled and balanced, a common practice

with any supervised training data, with an equal sample size for each class. In Sec-

tion 5.3.3, as illustrated in Figure 5.6 (e), we propose a context estimator trained

by minimizing the contrastive loss of intra-class sample similarity which is invari-

ant to classes (based on Principle 2). In particular, the invariance is achieved by

Invariant Risk Minimization (IRM) [4] with our new loss term. We call our method

IRMCon where Con stands for context. Figure 5.5 (c) illustrates that our IRM-

Con can capture better context features. Based on IRMCon, we can simply deploy

a re-weighting method, e.g., [160], to generate the balancing weights for different

contexts, eventually removing the context bias and achieving class invariance.
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Figure 5.6: Illustrations of the related methods [2, 4–9]. ERM denotes the
baseline methods. Others and ours are aiming for removing context bias,
where the details of other methods including augmentation, invariance, and re-
weighting are given in Section 2.1. We explain the components in the following:
1) The length of a context (colored) bar denotes the number of samples of that
context, such as “grass”, where the longer bar denotes that the context is more
dominant, e.g., longer “grass” bar than “sand” bar denotes more images are in
“grass” background compared to “sand” background in one class. 2) A single
colored bar with a class number denotes the learned class feature is biased to
the prevailing context. Our algorithm IRMCon-IPW is based on the Invariance
methods (IRM) and the re-weighting methods (IPW), and our main contribution,
compared to the traditional methods, is trying to disentangle context features
not by using class objectives but by eliminating class features. We provide the
theoretical justifications in Section 5.3.3 and we evaluate our algorithm in Sec-
tion 5.3.4.2.

We follow DomainBed [12], which we have discussed in Domain Generalization

Experiment 4.4, for rigorous and reproducible evaluations, including 1) a strong

Empirical Risk Minimization (ERM) baseline that is used to be mistakenly poor in

OOD, and 2) a fair hyper-parameter tuning validation set. Experimental results in
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Section 5.3.4 demonstrate that our IRMCon can effectively learn context variance

and eventually improve the context bias estimation, leading to a state-of-the-art

debiasing performance.

5.3.2 Preliminaries: Invariance as Class

Model generalization in supervised learning is based on the fundamental assump-

tion [17, 161]: any sample x is generated from the two disentangled features (or

independent causal mechanisms [149]), x = g(xc,xt), where xc is the class feature,

xt is the context feature, g( · ) is a generative function that transforms the two

features in vector space to sample space (e.g., pixels). In particular, the disen-

tanglement naturally encodes the two principles. To see this for Principle 1, if we

only change the context of x and obtain a new image x′, we have xc = x′
c but

xt ̸= x′
t—class is invariant to context; Principle 2 can be interpreted in a similar

way. Therefore, we’d like to learn a feature extractor ϕc(x) = xc that helps the

subsequent classifier to predict robustly across varying contexts.

Note that, the following two sections, i.e., Section 5.3.2.1 and Section 5.3.2.2 have

been discussed in Section 4.2 and we re-write them here for convenience.

5.3.2.1 Empirical Risk Minimization (ERM)

If the training data per class is balanced and diverse, i.e., containing sufficient

samples in different contexts, ERM has been theoretically justified that it can

learn the class feature extractor ϕc(x) by minimizing a contrastive based loss such

as softmax cross-entropy (CE) loss [17]:

LERM(ϕc, f) =
1

N

N∑
i=1

CE(yi, ŷi = f(ϕc(xi))), (5.11)

where yi is the ground-truth label of xi and ŷi is the predicted label by the softmax

classifier f( · ).

However, when the data is imbalanced and less diverse, ERM cannot learn ϕc(x) =

xc. We illustrate this in Figure 5.6 (a): if more class 1 samples contain context β

than α, the resultant ϕc(x) will be biased to the prevailing context, e.g., features
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for classifying class 1 will be entangled with context β. To this end, augmentation-

based methods [5, 162] aim to compensate for the imbalance (Figure 5.6 (b)).

However, as contexts are complex, augmentation will be far from enough to com-

pensate for all of them.

5.3.2.2 Invariant Risk Minimization (IRM)

If context annotation is available, we can use IRM [4] to learn ϕc by applying

Principle 1 that ϕc should be invariant to different contexts. Compared to ERM

on balanced data that achieves invariance in a passive way via random trials [163],

IRM on imbalanced data adopts the active intervention, taking contexts as the

environments:

LIRM(ϕc, θ) =
∑
e

1

|e|
∑

(xi,yi)∈e

[
CE(yi, ŷi) + λ∥∇θ CE(yi, ŷ

θ
i )∥2

]
, (5.12)

where ŷθi = f(ϕc(xi) · θ), e is one of the environments of the training data according

to context labels, and λ > 0 is a trade-off hyper-parameter for the invariance

regularization term. θ is a dummy classifier, whose gradient is not applied to update

itself but to calculate the regularization term in Eq. (5.12). The minimization of

both terms encourages ϕc in different environments close to the same baseline, i.e.,

invariance to the environment (context) is achieved. We follow IRM [4] to set θ as

1.

As illustrated in Figure 5.6 (c), if we want to learn a common classifier that dis-

criminates 1 and 2 in both environments, the only way is to remove the context α

and β. However, it has been demonstrated by [16, 164] that the context annotation

is usually incomplete and using it may even under-perform ERM.

5.3.2.3 Inverse Probability Weighting (IPW)

When context annotation is unavailable, we can estimate the context and then

re-balance data according to context. We begin with the following ERM-IPW

loss [117, 118]:

LERM-IPW(ϕc, ϕt, f) =
1

N

N∑
i=1

CE(yi, ŷi = f(ϕc(xi))) ·
1

P (xi | ϕt(xi))
. (5.13)
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Note that popular re-weighting methods are based on IPW, where the context bias

is caused by a confounder, just like the bias we mentioned in causal theory 3.2, al-

though most of them do not delve into the underlying theory. Since we have already

discussed confounding effects and de-confounding methods, in this section we will

not explore it redundantly and simply use the concept to denote re-weighting. We

can see that the key difference between ERM-IPW and ERM is the sample-level

IPW term 1/P (xi|ϕt(xi)), where ϕt(x) = xt is the context feature extractor. This

IPW implies that if x is more likely associated with its context xt, i.e., the class fea-

ture counterpart xc is also more likely associated with xt, we should under-weight

the loss because we need to discourage such a context bias.

However, the context estimation of ϕt is almost challenging as learning ϕc. Instead,

a prevailing strategy is to estimate it by a biased classifier [2, 6], e.g.,

P (x|ϕt(x)) ∝ CE(y, ŷ = f(ϕc(x))) + CE(y, ŷ = fb(ϕb(x)))

CE(y, ŷ = fb(ϕb(x)))
, (5.14)

where ϕb is the bias feature extractor and fb is the bias classifier. ϕb and fb are

minimized by ERM equipped with generalized cross entropy (GCE) loss [109]:

LERM(ϕb, fb) =
1

N

N∑
i=1

GCE(yi, ŷi = fb(ϕb(xi))), (5.15)

where the detail form of GCE has been discussed in Eq. (5.3) and we re-write it

here for convenience, GCE(y, ŷ)=
∑n

k=1 yk · 1−ŷqk
q

is used to amplify the bias, where

q is a constant, k is the index of class and n is the class number. However, the

loss in Eq. (5.15) inevitably includes the effect from the class feature xc, due to the

aforementioned assumption x = g(xc,xt). In other words, such a combined effect

cannot distinguish whether the bias is from class or context, resulting in inaccurate

context estimation. We show the illustration in Figure 5.6 (d). Specifically, the

weights are estimated from class and context, and thus still fail to obtain unbiased

class features. In addition, the experimental results in Figure 5.10 (Bottom) testify

that: inaccurate context estimation will severely hurt the performance, i.e., fail to

derive unbiased classifiers.
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5.3.3 Implementations: Invariance as Context

To tackle the inaccurate context estimation of ϕt(x), we propose to apply Principle

2 as a way out. As illustrated in Figure 5.6 (e), if we consider each class as the

environment, we can clearly see that the unique environmental change is the class

that has been already labeled. This motivates us to apply IRM to learn invariance

as context by removing the environment-equivariant class. The crux is how to

design the contrastive-based loss—more specifically, how to modify θ and CE( · )

in Eq. (5.12). The following is our novel solution.

We design a new contrastive loss based on the intra-class (environment) sample

similarity, as follows,

Lct(ϕt, e, θ) =
∑
xi∈e

−log exp(ϕt(xi)
Tϕt(Aug(xi)) · θ)∑

x′
i∈e

exp(ϕt(xi)Tϕt(x′
i) · θ)

, (5.16)

where Aug( · ) is the common augmentations, such as flip and Gaussian noise (used

in standard contrastive losses [165–167]), e is the environment split by class, e.g.,

under the environment e1, any xi ∈ e1 has the class label 1, θ is the dummy

classifier, we add θ here for the convenience to introduce Eq. (5.17). The reason for

using contrastive loss is that it preserves all the intrinsic features of each sample [17,

168]. Yet, without the invariance to class, ϕt(x) ̸= xt. Then, based on Eq. (5.12),

our proposed IRMCon for learning “invariance as context” is:

LIRMCon(ϕt, θ) =
∑
e

1

|e|
[Lct(ϕt, e, θ) + λ|∇θLct(ϕt, e, θ)|], (5.17)

where θ plays the same role in Eq. (5.12), to regularize ϕt be invariant to envi-

ronments (classes). We can prove that solving Eq. (5.17) achieves ϕt(x) = xt, i.e.,

the context feature is disentangled. As demonstrated in Figure 5.8, ϕt can extract

accurate context features. Thanks to ϕt, we can further improve IPW:

P (x|ϕt(x)) ∝ CE(y, ŷ = f(ϕc(x))) + CE(y, ŷ = fb(xt))

CE(y, ŷ = fb(xt))
, (5.18)

where xt = ϕt(x). We train fb by using GCE loss, just replacing ϕb(x) with xt in

Eq. (5.15). ϕt is trained by IRMCon and then fixed when estimating the context.
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Figure 5.7: The training pipeline of our IRMCon-IPW. 1) “split env.” denotes
we split the training samples in mini-batch into subsets based on class labels, i.e.,
samples in the class constructing one subset, forming N environments {ei}N1 ;
2) θ is a dummy classifier, whose gradient is not for updating itself but for
regularizing ϕt for becoming invariant to classes. 3) The black solid arrows
indicate the forward calculation process and the orange dashed arrows indicate
the backward propagation of the gradient.

As shown in Figure 5.9, our biased classifier can estimate more accurate weights

to perform better reweighting than the traditional one We streamline the proposed

IRMCon-IPW in Figure 5.7 and summarize our algorithm in Algorithm 2.

5.3.4 Experiments

We introduce the benchmarks of two debiasing tasks for removing context bias,

traditional debiasing (which is similar to the experiments in Section 5.2.4) and

domain generalization without domain labels (which is similar to the experiments

in Section 4.4 without needing of domain labels), and our implementation details

are in Section 5.3.4.1. Then, we evaluate the effectiveness of our approach based

on the experimental results in Section 5.3.4.2.

5.3.4.1 Experimental Setups

Traditonal Debiasing Datasets. We follow LfF [2] to use two synthetic datasets,

Colored MNIST and Corrupted CIFAR-10, and one real-world dataset, Biased
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Algorithm 2: IRMCon-IPW

Step 1. IRMCon
Input: Training set {(xi, yi)}ni=1

Output: Context feature extractor ϕt

1 Randomly initialize ϕt;
while not converged do

23 Sample a mini-batch from the training set;
4 Split it into environments by class label;
5 Update ϕt by IRMCon loss in Eq. (5.17).;

Step 2. IPW
Input: Training set {(xi, yi)}ni=1, context feature extractor ϕt

Output: Context invariance classifier f
6 Randomly initialize fb, f, ϕc;
while not converged do

7 Sample a mini-batch from the training set;
8 Use frozen ϕt to extract context features xt;
9 Estimate P (x|ϕt(x)) in Eq. (5.18).

10 Update fb by GCE loss in Eq. (5.13). with xt as input;
11 Update f, ϕc by ERM-IPW loss in Eq. (5.13).;

Action Recognition (BAR) [2] for evaluation. On each dataset, we manually control

the context bias ratio by generating (in synthetic datasets) or sampling (in the real-

world dataset) training images.

In specific, on Colored MNIST, we follow LfF to generate 10 colors as 10 contexts.

We connect each digit (class) with a specific color and dye them with the ratio from

{99.9%, 99.8%, 99.5%, 99.0%, 98.0%, 95.0%} to construct each biased training set.

In the test set, 10 colors are uniformly distributed on the samples of each class. For

Corrupted CIFAR-10, we follow LfF to use {Saturate, Elastic, Impulse, Brightness,

Contrast, Gaussian, Defocus Blur, Pixelate, Gaussian Blur, Frost} as 10 contexts.

Similar to Colored MNIST, we generate a debiasing training set by pairing a context

and a class with a ratio chosen from {99.5%, 99.0%, 98.0%, 95.0%}. In the test

set, 10 contexts are uniform for each class.

The real-world dataset BAR contains six kinds of action-place bias, and each one

is between human action and background, e.g., “throwing” always happens with

the “grass” background; We choose a bias ratio in {99.0%, 95.0%}.

Domain Generalization Dataset without Domain Labels. We use PACS [11]

to testify our method. It consists of seven object categories spanning four image
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context: “red, thin”

context: “red, wide”

context: “red, thick”

context: “green, thick”

context: “ blue, thick”

context: “ blue, thin”

context: “ cyan, narrow”

context: “ cyan, thin”

Figure 5.8: t-SNE [1] visualizations of our context features extracted from the
Colored MNIST test samples, by our IRMCon model trained on the 99% biased
training set. The color of the points represents their class labels and features
are naturally clustered by context. As there are no context ground truths, the
context labels, such as “blue, thin”, are interpreted by us.

domains: Photo, Art-painting, Cartoon, and Sketch. We follow DomainBed [12]

to each time select three domains for training and the left one for testing. Different

from the datasets setups in Chapter 4, domain labels are not given in the training,

which makes Domain Generalization indeed become a debiasing problem.

Comparing Methods. As the two types of datasets have their own state-of-the-

art (SOTA) methods, we compare ours with different SOTA methods in debiasing

benchmark and domain generalization benchmark, respectively.

For debiasing datasets, we compare with Rebias [82], End [146], LfF [2], and Feat-

Aug [6]. For the domain generalization dataset, we compare with domain-label

based methods, such as DANN [80], fish [77], and TRM [169], as well as domain-

label free methods, such as RSC [69] and StableNet [9]. As we claimed at the end

of Section 5.3.2.1, we train all models from scratch. This makes some DG methods

(e.g., MMD [76] and CDANN [31]) hard to converge.

Implementation Details. We first introduce two implementation details to deal

with the implementation issues we met and then provide training details.

1) Weighted sample strategy. This strategy is for the biased dataset. For example,

with a 99.9% biased training set, all images in a mini-batch may have the same

context in a class unless we can sample more than 1000 images in each class to
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Dataset
Bias

Ratio(%)

Methods

ERM
Rebias

[82]
EnD∗

[146]
LfF
[2]

Feat-Aug∗

[6]
IRMCon-IPW

(Ours)

C
ol

or
ed

M
N

IS
T

99.9 20.4±1.1 20.8±0.6 - 56.8±1.6 - 66.7±2.3

99.8 26.4±0.4 28.3±0.9 - 68.3±1.5 - 75.5±1.5

99.5 42.9±1.1 44.4±0.5 34.3±1.2 77.0±1.5 65.2±4.4 81.0±0.9

99.0 59.2±0.5 58.6±0.4 49.5±2.5 82.5±1.7 81.7±2.3 85.3±0.3

98.0 72.5±0.2 73.5±1.0 68.5±2.2 84.1±1.5 84.8±1.0 88.3±0.2

95.0 85.7±0.5 85.5±0.5 81.2±1.4 86.8±0.5 89.7±1.1 92.2±0.5

C
or

ru
p

te
d

C
if

ar
-1

0

99.5 22.7±0.5 22.7±0.7 22.9±0.3 26.1±0.7 30.0±0.7 31.0±0.6

99.0 25.8±0.6 24.9±0.7 25.5±0.4 31.8±0.7 36.5±1.8 37.1±0.4

98.0 28.7±0.1 29.1±0.7 31.3±0.4 38.9±1.0 41.8±2.3 42.5±1.0

95.0 39.9±1.6 38.9±1.7 40.3±0.9 51.3±0.9 51.1±1.3 53.8±1.3

B
A

R 99.0 52.9±0.7 52.1±0.5 - 48.1±2.7 52.3±1.0 55.3±0.6

95.0 65.2±1.9 65.0±1.8 - 60.6±2.6 63.5±1.5 67.9±0.8

Table 5.5: Accuracy (%) on debiasing datasets compared with SOTA methods.
We reproduced the methods and averaged the results over three independent
trials (mean±std). “*”: For reproducing mismatch issues, performance is quoted
from the original paper. “-”: no report in that setting.

obtain a sample of 1 with unbiased context. To address this problem, we use

the bias model from LfF [2] to learn an inaccurate context estimator and sample

a relatively context-balanced mini-batch based on its inverse probability. This

strategy frees us from sampling a very large batch to learn Eq. (5.16).

2) Strategy for learning augmentation-related context. When using contrast loss, it

is difficult to learn the context associated with augmentation. To minimize con-

trastive loss, the model needs to learn invariance to augmentations, i.e., augmentation-

related features will be removed. On Corrupted Cifar-10, we add the classification

objective in Eq. (5.15) to our IRMCon loss to train the context extractor. Please

note that we use this strategy only for Corrupted Cifar-10 because context on this

dataset is dominated by augmentation-related contexts, such as 95% “car” has

augmentation-related context ‘Gaussian noise”. For other cases, we do not need

this strategy.

3) Training details. On the Colored MNIST, we use 3-layers MLPs to model ϕc, ϕb

and ϕt. On the Corrupted Cifar-10, we use ResNet-18 for ϕc and 3-layers CNNs

for ϕb and ϕt. On the BAR and PACS, we use ResNet-18 for ϕc, ϕb and ϕt. For

optimization in debiasing datasets, we follow LfF [2] to use Adam [130] optimizer
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Figure 5.9: Illustrations of the re-weighted sample frequencies for 10 color
contexts. All models are trained on the 99.5% biased Colored MNIST training
set. The re-weighted frequency of a context indicates the normalized sum over
the inverse probabilities of the samples in that context. Top: The distribution
of biased context in the training set. Middle: The distribution of biased context
derived by using LfF [2]. Bottom: Relatively balanced distribution of context
obtained by using our IRMCon.

with the learning rate as 0.001. We set batch size as 256, 256 and 64 for Colored

MNIST, Corrupted Cifar-10 and BAR, respectively. We totally train 50, 50 and

250 epochs for Colored MNIST, Corrupted Cifar-10 and BAR, respectively. For

PACS, we apply Adam optimizer with 0.001 learning rate for 100 epochs training

from scratch for all the methods.

On all datasets, we randomly split the original unbiased test set into 20% and

80% as the validation set and test set, respectively, according to DomainBed [12].

We selected the best model based on validation results. We averaged the results

of three independent runs and reported them in the format “mean accuracy ±
standard deviation”.
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Methods
PACS

Art. Cartoon Photo Sketch Avg.

w
/

d
om

ai
n

su
p

er
v
is

io
n

IRM[4] 31.1±1.4 38.7±2.5 - 44.4±2.2 -

DRO [74] 39.0±1.9 53.8±1.2 63.6±2.9 62.4±0.6 54.7

InterMix [103] 42.2±0.5 52.8±1.9 61.0±2.4 58.4±1.0 53.6

MLDG [70] 38.8±0.7 53.5±0.7 63.3±0.1 60.2±1.2 54.0

DANN [80] 31.5±1.1 48.2±1.6 58.1±1.5 44.9±0.7 45.7

V-REx [73] 33.9±1.2 40.9±1.2 - 55.1±2.9 -

Fish [77] 43.1±2.1 57.4±0.4 64.8±2.7 61.1±0.8 56.6

TRM [169] 41.8±1.8 54.9±0.8 - 61.3±2.3 -

w
/o

d
om

ai
n

su
p

er
v
is

io
n

ERM 40.4±0.7 54.3±0.3 63.7±0.4 58.9±2.6 54.3

SD [71] 39.1±0.8 54.4±1.4 61.7±3.8 51.3±3.2 51.6

RSC [69] 41.2±2.8 49.8±6.0 58.0±1.9 53.3±4.3 50.6

StableNet [9] 36.8±0.8 48.9±0.6 58.0±1.0 - -

LfF [2] 38.2±1.4 50.4±0.9 58.0±0.6 60.4±1.2 51.8

IRMCon-IPW 41.8±0.5 58.1±1.4 64.9±0.7 61.1±2.5 56.5

Table 5.6: Accuracy (%) on the domain generalization dataset PACS [11].
We reproduced all the methods by the DomainBed [12] code base without
pretraining. Results are averaged over 3 independent trials (mean±std). “-”
denotes that methods fail to converge when training from scratch.

5.3.4.2 Quantitative and Qualitative Analysis

IRMCon-IPW achieves SOTA. We show our results of debiasing datasets in

Table 5.5 and domain generalization dataset in Table 5.6.

1) Table 5.5 presents that our IRMCon-IPW achieves very clear margins over the

related methods.

In particular, the improvements are more pronounced in the settings of higher

bias rates. The possible reason for this is that when the bias ratio is higher, the

samples with a “rare” context become fewer. And then re-weighting methods are

more sensitive to the accuracy of context weight estimation. Therefore, accurate

context estimation plays a more important role. Compared to the related methods,

our IRMCon can estimate more accurate context, i.e., extract high-quality context

features as illustrated in Figure 5.8, and the gains are more pronounced than other

methods when the context bias ratio is increased.



88 5.3. Our Algorithm: IRMCon

80

85

90

95

100
Train Acc. (%) Test Acc. (%)

10.40% 13.23%

lfFERM Feat-Aug Ours

98.59 98.18 98.5 98.12

80

85

90

95

100
Test Acc. (%)

0.950.1 0.99 0.995
biased ratios

Figure 5.10: Accuracy (%) of models when trained on Colored MNIST context-
balance set. Top: ERM is stable in test sets with varying context biases; Bot-
tom: the traditional re-weighting method degrades significantly compared to
ERM when trained on the contextually balanced set due to incorrect contextual
estimation. Due to the correct context estimation, our IRMCon-IPW achieves
comparable performance to ERM.

2) Table 5.6 shows that our method outperforms ERM on the domain general-

ization dataset and also achieves the best average performance among all methods

without domain labels. In addition, it achieves comparable results to other domain

generalization methods that require domain labels (in the upper block).

Why does ERM perform so well in most cases? On PACS, we follow the

DomainBed [12] to implement a strong ERM baseline. On BAR, we use the strong

augmentation strategy, Random Augmentation [170], which can be considered as

a debiasing method as shown in Figure 5.6 (b). If we do not apply such strong

augmentations, the performance of the ERM will be significantly reduced.

Why do we train models from scratch? We challenge the traditional pre-

training setups in some debiasing tasks, such as Domain Generalization without
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Figure 5.11: Comparing the bias classification head of the learned biased model
of LfF [2] (LfF-BH) and of ours (IRMCon-BH) trained on Colored MNIST train-
ing sets with different bias ratios, where the bias classification heads (BH) inten-
tionally use context to predict class. The figure shows that our biased learning
head is almost identical to the upper bound case in the test set, random class
prediction (10%).

domain labels, because we are concerned that the data or knowledge from the test

set has been leaked to the model when pre-trained on large-scale image datasets.

Data leakage is a common problem in pre-training settings, such as ImageNet [155]

leaks to CUB [171]. Such a problem will severely destroy the validity of these

task [172]. Empirically, we provide an observation in Domain Generalization to

justify our challenge. In pre-training settings, ERM achieves the “impressive”

98% test accuracy [12] when Photo is the testing domain. This performance is

significantly higher (around 20% higher) than using Cartoon and Sketch as testing.

However, this is not the case if the model is not pre-trained on ImageNet, see

Table 5.6, first row at the bottom, ERM method. The reason for this is that
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GT: diving GT: throwingGT: diving GT: dog

P: racing P: fishing P: pole vaulting

GT: dog GT: elephantGT: giraffe

P: personP: house P: person P: dog

Figure 5.12: GradCAM [3] visualizations of IRMCon-IPW failure cases. Top:
input test images; Middle: context visualization by the biased classifier of IRM-
Con; Bottom: class visualization. The four left columns are selected from BAR
test set, where the model is trained on the 99% biased training set; the four
right columns are selected from the Photo domain of PACS, where the model is
trained on the other three domains. GT: ground-truth label; P: predicted label.

ImageNet is collected from the real world and leaks more real images in Photo,

compare to artificial images in Cartoon and Sketch. Therefore, we recommend

the non-pre-training setting for all debiasing benchmarks to prevent the potential

leakage problem.

How to evaluate the context feature learned in IRMCon-IPW? We visu-

alize the comparisons between the context features learned by IRMCon-IPW and

LfF in Figure 5.11. We show the training and test performance of the linear clas-

sifiers (which are called biased classification heads) that are trained with context

features and class labels, i.e., to learn the bias intentionally. As we can see from

the figure, ours shows almost the same learning behavior as the upper bound case:

the context is invariant to the class and the class should be predicted by random

chance. This implies that IRMCon-IPW is able to recover the oracle distribution of

contexts in images. This can be taken as a support to the illustration at the bottom

in Figure 5.9 where using our weights can achieve a balanced context distribution,

the ground truth distribution.

How does IRMCon-IPW tackle domain generalization issues? In contrast

to the datasets with pre-defined context distribution in training (e.g., set color



Chapter 5. OOD Generalization with no Additional Annotations 91

distribution in each class in Colored MNIST dataset [2]), the domain generaliza-

tion dataset such as PACS does not have such explicit context settings. But it

has implicit context distribution associated with the domain. This distribution is

often imbalanced, which leads to the problems of context bias (similar to debiasing

datasets, such as BAR). Our method can therefore help PACS to “debias”. We

note that our improvement for PACS is not as pronounced as that on the debias-

ing datasets compared to ERM. This may be because the context bias in PACS is

not as severe as that in debiasing datasets. In addition, the domain generalization

dataset encounters another challenge, namely context absence: a context is new in

the test set. It is not intuitive how to solve this additional issue by re-weighting

methods.

Failure cases. We show some failures of our IRMCon in Figure 5.12. The failure

cases are selected if the classification result of IRMCon-IPW is incorrect. As ex-

pected, we see that the key reasons for failure are the incorrect context estimations,

i.e., contexts are mixed with foreground or incorrectly focus on the foreground. By

examining the BAR dataset, we find that some contexts, e.g., “pool” for the class

“diving”, are relatively unique for certain classes. This implies that the contexts

are not invariant to class. To resolve this problem, we conjecture that this is a

dataset failure and that the only way out is to bring external knowledge.





Chapter 6

Summary

6.1 Conclusion

In this thesis, we point out the reason why the deep models lose their performance

in the testing set, i.e., the OOD Generalization problem, which usually has a differ-

ent data distribution compared to the training, even though they can perfectly fit

the training data by achieving small training loss. The reason is the bias, which is

induced by spurious correlations between some inputs and output s in the training,

such as dialog history and answers in Visual Dialog, and context and class labels in

debiasing, while such correlations will not keep in the testing. Learning such bias

will greatly degenerate the generalization ability of the deep models. However, the

existing methods either ignore the existence of bias or remove bias incompletely,

resulting in unsatisfactory performance. To better remove the bias, we catego-

rize OOD Generalization tasks into three camps, i.e., OOD Generalization with

Multiple Modalities, with Multiple Domains, and with no Additional Annotations.

Then, we conduct specific case studies for each one to analyze the types of bias

and design specific algorithms to remove bias for better OOD performance. We

also use sufficient experiments to demonstrate the effectiveness of our algorithms

in each case. In the following, we summarize our algorithms and contributions for

each case in detail.

OOD Generalization with Multiple Modalities. We focused on Visual Dialog

and proposed two causal principles to improve VisDial, which are model-agnostic

93
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and can therefore be applied to almost all the existing methods and lead to sig-

nificant improvements. These principles came from our in-depth causal analysis of

the nature of VisDial, however, which has unfortunately been overlooked by the

VisDial community. For technical contributions, we provided some implementation

examples of how to apply the causal principles to current models. We conducted

extensive experiments on the official VisDial dataset and the online evaluation

servers, and the promising results demonstrate the effectiveness of our causal prin-

ciples for removing bias to improve OOD performance.

OOD Generalization with Multiple Domains. We focused on Domain Gen-

eralization (DG) and found that learning domain-invariant features by removing

domain bias is the key to DG and almost all existing DG methods claim to learn

such invariance by imposing a domain-invariant loss. However, we showed that

they fail to achieve the invariance because they suffer from another bias caused

by spurious invariance, which is invariant in between training domains but not in

the testing domains. Therefore, we proposed Domain+ to help them remove the

spurious invariance by splitting a new domain consisting of rare samples, which

do not contain such spuriously invariant features. The success of choosing these

rare samples is due to our proposed cross-domain influence function, which can

be estimated efficiently without the need for retraining. We conducted extensive

experiments and the results show that Domain+ helps existing methods achieve

new SOTAs and outperform the strong ERM baseline, which was not accomplished

by current methods.

OOD Generalization with no Additional Annotations. We focused on De-

biasing in this camp. First, we proposed a new training framework, Two, A

two-stage debiasing method: Cross-Entropy (CE) biased training followed by Su-

pervised Contrastive-regularized CE unbiased training. The key difference between

our algorithm and others is that the former only applies the re-weighting debias-

ing strategy after the biased CE training, which is used to be considered as a

bias selection model and discarded in training. Our finding is that CE training

is only partly biased while achieving invariance to the balanced attributes, where

such invariance ensures that the subsequent re-weighting does not introduce the

“anti-training bias” bias side effect, which makes re-weighting fail. Through our

extensive experiments, the proposed algorithm achieves consistent performances

across various train/test bias settings.
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Second, we proposed a new context estimation algorithm for better re-weighting to

remove context bias, namely IRMCon. Since we found that the context imbalance

is the main challenge in learning class invariance for Debiasing, and most prior

work addresses this challenge by estimating context bias through classifier failures.

We showed how they fail and thus proposed our new method called IRM for Con-

text (IRMCon), which disentangles context features directly without context or

class supervision. The success of our method is based on the principle, context is

invariant to class, which is the neglected side of the common principle in classifica-

tion, class is invariant to context. Thanks to the class supervision which has been

already provided as environments in training data, IRMCon can achieve context

invariance by using IRM on the intra-class sample similarity contrastive loss. We

used context features for reweighting, i.e., the universal method designed by In-

verse Probability Weighting (IPW), and through extensive experiments, we showed

that IRMCon-IPW achieves state-of-the-art results on several OOD benchmarks.

Finally, we would like to conclude our core ideas for removing bias for OOD Gen-

eralization and make some discussion about whether and how to implement our

proposed algorithms. When encountering a new OOD Generalization task, first,

we need to analyze the conditions, i.e., whether it has multiple modalities, multiple

domains, or no additional annotations are given, and then categorize it into one

of the OOD Generalization camps we mentioned in this thesis. If it has multiple

modalities, such as Visual Question Answering, we can analyze the causal relation-

ship between each modality and try to find the underlying bias from the causal

graph. Although, our proposed causal principles and algorithms for Visual Dialog

usually cannot be directly implemented in the new causal graph, due to the differ-

ent causalities between different multiple modality tasks, some similar approaches,

such as cutting the unreasonable links or de-confounding the confounders, as we

mentioned in Chapter 3 can help the new task to remove the bias; if it has multiple

domains with domain annotations, we can apply the current Domain Generaliza-

tion method with our Domain+ to directly improve the OOD performance; if

there are no additional annotations, which is the most usual case, such as Class

Incremental Learning and Few-Shot Learning, we need to analyze the underlying

confounders and applying de-confounding method. The de-confounding method

can be implemented as re-weighting, and thus our algorithms Two and IRMCon

can be implemented to help remove the confounding bias, and we provide more
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discussion for implementing our methods in Class Incremental Learning and Few-

Shot Learning in Section 6.2.1. We hope the summarized ideas will enlighten the

future for removing the bias of models in other OOD Generalization tasks.

6.2 Future Work

6.2.1 Towards other OOD Generalization tasks

In this thesis, we mainly introduce our proposed algorithms for removing bias in

three specific cases in different OOD Generalization camps, and it is easy for us

to implement our ideas to design new algorithms for others in the future. We will

briefly introduce our design inspirations in the following parts.

Class-Incremental Learning. This OOD Generalization task belongs to OOD

Generalization with no additional annotations. Given a full training set for some

base classes, this task requires the model to continuously learn new classes without

keeping the original data, and most current methods are proposed to mitigate

the catastrophic forgetting [45–48]. According to our analysis, we argue that the

catastrophic forgetting problem is caused by the bias learning in each step. For

example, if we have two base classes, dog and cat and most dogs are brown, the

model will use brown to identify dogs, i.e., to learn brown as the class feature, in

the ERM (biased) training. If the model finds that there are many brown horses in

the coming images, it will realize that brown cannot be the discriminative feature

and thus discard it for classification. However, the impact of discarding brown will

make the model lose the ability for identifying dogs, which is the underlying reason

for the catastrophic forgetting problem.

Therefore, we can apply unbiased training in each step in Class-Incremental Learn-

ing to prevent some classes are biased to some class-irrelevant features, just like the

context features we have mentioned, and thus the catastrophic forgetting for the

learned classes will not happen. Specifically, we can implement our IRMCon-IPW

proposed in Section 5.3 to realize unbiased training.

Few-Shot Learning. This OOD Generalization task also belongs to OOD Gen-

eralization with no additional annotations. Given a full training set for some base

classes, this task requires the model rapidly generalize to new classes with the help
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of a small support set, containing several image-label pairs, for these classes [49–

53]. Most traditional methods first learn a feature extractor on base classes and

then fine-tune a classifier on the support set for classifying the new classes. Based

on our analysis, we find that the key challenges are two-fold: 1) training on base

classes in the first step will make the feature extractor biased to the class-correlated

features, and thus some discriminative features for the new classes but useless for

classifying base classes will not be learned, which can not be further learned in the

fine-tuning stage where the backbone is frozen; 2) the fine-tuning stage will bring

context bias.

To remove the first bias, we will encourage the feature extractor to present more

features by some non-classification objectives, such as contrastive loss and recon-

struction, and then all features, sometimes we call equivalent features, are extracted

for the next fine-tuning stage. Second, we need to conduct unbiased training in

fine-tuning. However, different from the previous tasks where we have enough

samples for training and we can use re-weighting strategies, re-weighting for such

few samples on the small support set will more likely introduce some undesirable

bias, just like the bias we have discussed in Section 5.2. Therefore, we propose to

use the feature selection strategy, to select the class features based on some causal

discovery methods and only fine-tune the classifier on these causal features.

It is worth noting that, recently, fine-tuning a pre-trained model, such as CLIP [173],

for Few-Shot Learning become more and more popular. Under this setting, we do

not have the first problem because all features we need for classifying any class

must be extracted by the full pre-trained backbone, and what we need to do is to

conduct feature selection for the support set to remove the bias in the fine-tuning.

6.2.2 Towards improving our algorithm

Besides designing algorithms for other OOD Generalization tasks, we also have

some important pending improvements for our algorithm in Section 5.3. As we

have discussed, IRMCon is proposed to extract better context features for re-

weighting in an intra-class contrastive way. There are some shortcomings: 1)

IRMCon may extract a lot of useless context features because any feature that

can help to decrease the intra-class contrastive will be learned by IRMCon, but

only a part, even a small part of those features will induce the bias, which means
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most learned context features will not be used in the weight estimation for re-

weighting. 2) the feature learning method, contrastive learning, is out-date, as its

ability is limited to data augmentation, batch size, and positive/negative sampling

strategies, especially compared to advances in another class-irrelevant objective,

reconstruction method, such as MAE and Diffusion Models [174, 175].

Therefore, we design corresponding improvements for IRMCon: First, we train a

traditional classification model where the learned features contain class features

and biased context features, and then we freeze the backbone of the extractor and

use our context learning model to further extract context from the learned features

by eliminating class features. In this way, we can only extract the context features

causing the bias and do not have to represent every context in the training set. As

for replacing the contrastive objective, we can apply a conditional reconstruction

strategy by conditioning on class, and then the class features are not necessary to

be learned by the context extractor, i.e., class features are removed. Furthermore,

we can apply the invariance method to further remove class features by treating

classes as environments and minimizing the invariance loss to remove the learning

for environments, i.e., classes.
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