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Abstract: Deep learning heavily relies on statistical correlations to drive artificial intelligence (AI)

innovations, particularly in computer vision applications like autonomous driving and robotics.

However, despite providing a solid foundation for deep learning, these statistical correlations can be

vulnerable to unforeseen and uncontrolled factors. The lack of prior knowledge guidance can result

in spurious correlations, introducing confounding factors and affecting the model’s robustness. To

address this challenge, recent research efforts have focused on integrating causal theory into deep

learning methodologies. By modelling the inherent and unbiased causal structure, causal theory can

potentially mitigate the impact of spurious correlations effectively. Hence, this paper explores the

basics of causal methodologies in image classification.

Keywords: causal inference; deep learning; computer vision; image classification; statistical

correlation; causal learning; domain generalization; neural networks; interpretability in AI

1. Introduction

The advent of artificial intelligence (AI) has ushered in transformative changes across diverse

domains, demonstrating its vast potential in real-world applications [1±11]. Among its various facets,

deep learning, a subset of AI, has made significant strides, particularly in the realm of computer vision.

This progress is evident in its pivotal role in enhancing technologies like autonomous vehicles [12,13],

drones [14,15], and robotics [16]. These advancements are supported by innovative training strategies,

including attention mechanisms [17,18], pre-training techniques [19,20], and the development of

generic models [21,22].

Simpson’s paradox [23] highlights this shortcoming. For instance, the connection between coffee

consumption and neuroticism exhibits a positive association within each individual, yet individuals

who consume more coffee generally display lower levels of neuroticism. While at the individual level,

there is a positive correlation between coffee consumption and neuroticism, at the population level,

this correlation takes on a negative aspect. This paradox is intriguing, highlighting the significance of

multiple levels of interpretation yielding distinct outcomes from the same dataset. Consequently, both

individual-level and population-level statistical correlations fall short of fully capturing the nuanced

relationship between coffee consumption and neuroticism. In contrast, causal inference methods offer

a solution by incorporating prior knowledge about causal structures. These methods discern accurate

causal chains at specific levels of interpretation. As a result, causality-based approaches offer superior

logical and effective outcomes compared to their statistical correlation-based counterparts [24]. This

underpins the importance of scrutinizing

In the real deep learning-based computer vision classification tasks, the typical objective revolves

around effectively handling images denoted as X. The overarching aim is to train a neural network

capable of accurately predicting the corresponding label Y [25]. To achieve this, a statistical model is

employed, tailored with a well-suited objective function, which in turn helps estimate the conditional

probability distribution P(Y|X). However, it’s important to note that this estimation holds true only

when operating under the assumption of an independent identical distribution (I.I.D.). The I.I.D.

hypothesis necessitates that the learned conditional probability distribution P(Y|X) remains applicable
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not just within the confines of the training dataset, but also extends seamlessly to the testing dataset.

This condition hinges on the expectation that novel prediction samples align with the distribution

characteristics of the original training set.

Techniques like domain adaptation [26] and generalization [27] have emerged to bridge

distribution gaps. Still, challenges persist, particularly with model interpretability [25]. Thus,

while current methods prioritize function approximation, a more analytical approach could

optimize generalizability and interpretability. Due to its inherent strengths, causality has garnered

substantial attention in recent times, finding its foothold across various domains including statistics

[28,29], economics [30,31], epidemiology [32,33], and computer science [34,35]. At its core, causal

methodologies can be bifurcated into two primary facets: causal discovery and causal inference

[36]. With the underpinnings established by causal discovery, causal inference capitalizes on these

relationships for deeper analysis. In the ensuing sections, an example will elucidate the superiority

of causality-focused approaches. This review delves deeply into the implications of causal theory

as applied to vision and vision-language endeavours. These undertakings span a spectrum from

classification and detection to segmentation, visual recognition, image captioning, and visual question

answering. For every delineated task, we articulate a clear problem definition grounded in causal

principles. Through a causal lens, we illuminate the intricacies involved in conceptualizing these tasks.

After establishing the foundation, we thoroughly explore the current scholarly contributions in these

areas. There are many studies on causal theory. For example, Kaddour et al. [37] grouped causal

machine learning studies into five types and compared them. Gao et al. [38] looked at how causal

reasoning can be used in recommendation systems. Li et al. [39] discussed the benefits of using causal

theory in industries.

Unlike other reviews on causality [36,40±42], our study specifically looks at the causal methods

used in vision and vision-language tasks. We also summarize the common causal structures and the

problems they tackle.

2. Preliminaries

2.1. Causation vs correlation

The phrase "correlation is not causation" explains that just because two things seem to relate to

each other, it doesn’t mean one is causing the other. When looking at lots of data that follow the same

pattern, statistical learning can do a good job. But, if the data does not follow the same pattern, these

methods often don’t do as well. For instance, in image recognition, a model might guess "bird" when it

sees "sky" in the image just because birds and sky often show up together in the data. Causal learning

[43] is different, aiming to find cause-and-effect links beyond just connections in the data. To learn

about causality, machine learning needs to not only guess outcomes from repeated experiments but

also think from a cause-and-effect viewpoint. Causal reasoning comes in three levels [44] (shown in

Table 1). The first level is an association, like asking, "How might the weather change when the sky

turns grey". This just looks at how two things are linked. The second level is intervention, where

you ask about what happens if you take a certain action, like "Will I get stronger if I work out every

day?" You can’t answer this just by looking at links in the data. For example, if you only saw that a

person who works out every day isn’t stronger than a professional athlete, you might wrongly think

that working out doesn’t make you stronger. The third level is counterfactual, where you think about

"what if" situations that didn’t actually happen. It tries to compare different results from the same

situation, but the starting point of the "what if" question is not real.
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Table 1. The table presents a hierarchy of causal reasoning in the context of computer vision, specifically

for the task of dog detection. For the "Association" level, we are looking at the probability of dog

detection given an image with grass in the background. Here, the grass is a correlated feature often

present in the training data, but it is not causally related to the presence of a dog. For the "Intervention"

level, we consider the probability of dog detection when we intervene by changing the background to a

neutral colour, thereby isolating the causal features (the dog) from the non-causal ones (the background).

Finally, for the "Counterfactual" level, we ask a hypothetical question: If the network failed to detect

the dog without the removal of the non-causal background, would the dog have been detected if the

background was removed? This allows us to determine the causal effect of the background on the dog

detection task.

Level Symbol Activity Typical Question Example Machine
Learning

Association P(y|x) Seeing What is the
probability of Y
given X?

Dog detection given
grass in the image.

Supervised /
Unsupervised
Learning

InterventionP(y|do(x), z)Doing What if I do X? Dog detection given
background removal.

Reinforcement
Learning

CounterfactualP(yx|do(x′), y′)Imagining What if I had
acted differently?

Dog detection if the
background wasn’t
removed?

Figure 2 shows statistical correlation-based techniques with causality-based methods, applying

both to an identical image classification task. Given the input images of a dog alongside the

corresponding labels, as seen in Figure 2(a), the model is trained for accurate identification. Figure

2(b) showcases the visualizations of the features discerned during the learning process. The intricacies

of both the statistical correlation-based and causality-based learning methodologies are detailed in

Figure 2(c). Owing to the frequent co-occurrence of the dog and the grassland within the training

dataset, the statistical correlation-driven approach tends to misconstrue the grassland traits as pivotal

for labelling, attributing this to their analogous distribution. Contrarily, causality-based techniques

pivot more towards the inherent cause chain, prioritizing features intrinsic to the dog. These disparate

learning frameworks culminate in varied classification outcomes, particularly evident when processing

uncommon samples, as depicted in Figure 2(d). Confronted with an image of a dog set against a snowy

backdrop, the statistical correlation-focused model stumbles, being unable to correctly label due to

the absence of familiar grassland traits. In stark contrast, the causality-based model, honing in on

the quintessential dog features, succeeds in accurately identifying the subject by leveraging causal

attributes. Consequently, causality-centric methods anchor not merely on the homogeneity of data

patterns but also on the inherent dynamics that carve out the causal relationships between variables

[45]. This imparts them with resilience in unfamiliar terrains and augments the interpretability of their

learning trajectory.
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Figure 1. This plot illustrates the dynamic evolution of interest in causal inference (blue line: Google

search interest, black line: Scopus publications), spanning 2004 to 2023. A significant surge in the last

five years reflects the expanding recognition of causal inference’s applicability across diverse domains.

This trend underscores the pivotal role of causal inference in shaping contemporary scientific discourse

and a deeper understanding of causal dynamics.

Figure 2. Presented here are images and their respective labels processed by an image classification

network for the purpose of feature extraction, following which analytical decisions are made regarding

the features, and lastly, the respective labels are outputted. The illustration above juxtaposes two

different learning mechanisms: statistical correlation-based analysis and causality-based analysis, as

delineated in (c). The input in (a) is represented visually through feature extraction in (b). Green

boxes indicate the isolated non-causal features, while the red boxes show the isolated causal features.

Due to variations in learning mechanisms, the method grounded on statistical correlation is unable

to derive the correct label. In stark contrast, the causality-based method can identify the correct

label, as displayed in (d). When introduced to the learned object in an unfamiliar environment, the

correlation-based method is prone to be skewed by data bias. On the other hand, the causality-based

method zeroes in on only the causal factors linked with the object and remains undisturbed by data

fluctuations. The object of focus, in this case, is a dog instead of a sheep to demonstrate these principles.

2.2. Causal discovery

2.2.1. Causal Structure

A causal structure is characterized as a directed acyclic graph (DAG) wherein each node denotes a

distinct variable, and every edge represents a direct functional relationship between the connected

variables [43]. In this representation, if an edge is directed from Y to X, then X is termed the child

variable and Y is the corresponding parent variable. A variable is deemed endogenous if it possesses a

parent variable within the causal structure; if not, it is exogenous.
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For a clearer understanding, let’s refer to the causal structure depicted in Figure 4 (I), which

serves as a model for the process of image generation. In this structure, four nodes are present: X is

the image in question, Y is its corresponding label, C stands for the content of the image, and D refers

to its domain. The relationship D → X ← C emphasizes that an image is a representation of both its

domain and content attributes. On a related note, the edge X → Y showcases the essence of a vision

task: to aptly label the input image. Further, the edge C → Y indicates that the content within an

image predominantly dictates its label. Given that X is influenced by two edges, D → X and C → X,

it stands to reason that both D and C are parental entities to X. Notably, D is an exogenous variable

since it doesn’t have any parent variables within this structure. The term path, in this context, signifies

the series of edges connecting two variables. Therefore, in Figure 4 (I), the likely paths linking X and Y

could be X → Y or X ← C → Y.

In the context of the causal structure illustrated in Figure 4 (I), it’s imperative to address the

concept of conditional dependence. Conditional dependence refers to the relationship between two

variables when conditioned on a third variable. Observing the edges of the structure, one can infer

potential conditional dependencies. For instance, the relationship between X and Y becomes apparent

when considering the content CÐif we know C, our belief about Y might change after observing X.

This is due to the paths X → Y and X ← C → Y, both indicating relationships that can potentially

change based on the known variables. Furthermore, D and C might exhibit a form of conditional

independence with Y if X is observed, since X acts as a collider on the path from D to Y through

C. Analyzing such conditional dependences is pivotal as it offers insights into how altering one

variable might affect others in the causal framework, particularly when certain conditions are met.

To understand conditional dependencies in DAGs, d-separation a tool that identifies (conditional)

relationships between variables. For large graphs, determining the (conditional) independence of two

nodes is not immediately evident. The concept of d-separation provides an algorithmic mechanism for

this verification, as proposed by [46]. To effectively leverage this tool, it is essential to comprehend the

subsequent terminologies:

• A path from X to Y constitutes a sequence of nodes and edges with X and Y being the initial and

terminal nodes, respectively.
• A conditioning set L refers to the collection of nodes upon which we impose conditions. It’s

noteworthy that this set might be vacant.
• Imposing conditions on a non-collider present along a path invariably blocks that path.
• A collider on a path inherently obstructs that path. Nonetheless, conditioning on a collider, or

any of its descendants, unblocks the path.

Given these elucidations, nodes X and Y are termed d-separated by L if conditioning on all elements

in L obstructs every path interlinking the two nodes.

2.2.2. Structural Causal Model

The causal structure provides a blueprint, and to realize this blueprint, a structural causal model

outlines how each variable is influenced by its parental variables through effect functions. Given a set

of variables X1, X2, . . . , Xn representing nodes in the causal structure, their interrelation with parental

variables and effect functions is expressed by Eq. (1):

Xi = fi(PAi, Ui), i = 1, . . . , n, (1)

In Eq. (1), PAi represents the parent variables of Xi, Ui symbolizes the unobserved background

variables including noise, and fi defines the functional relationship.

A comprehensive understanding of causal models requires the exploration of joint distributions

of all these variables. Such distributions are crucial for determining how changes in one variable can

influence others. This is where Eq. (2) becomes pivotal:
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P(X1, X2, . . . , Xn) =
n

∏
i=1

P(Xi|PAi). (2)

Eq. (2) offers a compact representation of these joint distributions. Termed the product

decomposition, it breaks down the complex relationships between variables into simpler, more

interpretable conditional probabilities. With this decomposition, causal relationships within a dataset

can be systematically represented both by the causal graph and the corresponding joint distribution.

Taking a more specific look using the relationships of variables depicted in Figure 4 (I), the

variable X is deduced as an outcome of its parent variables and the associated effect functions, given

by:

X = f (D, C, U), (3)

Here, f is the designated effect function and U stands for the background variable in this functional

bond. The overarching aim of causal inference is to decode f and to measure the effects of hypothetical

interventions or counterfactual scenarios.

2.3. Causal inference

Causal inference is central for understanding the effects of actions or interventions on results,

particularly in fields like image classification. The decisions we make in such a setting, like choosing

a domain D or the context C for image generation, might substantially influence the ultimate

classification performance denoted by the label Y. Consider the image X. The domain D could

represent different environmental conditions under which an image is captured. For instance, D = 1

might mean the image was taken during daylight, and D = 0 might suggest nighttime. The outcome, Y,

indicates the label or classification accuracy resultant from the chosen domain and context C. Given our

causal structure, we can perform causal interventions and counterfactual evaluations. The intervention

aims to modify the structure by specifying certain data and altering the relationship between the

variables. Counterfactuals, on the other hand, strive to forecast outcomes in situations opposing the

observed scenario. Moreover, there are two distinct intervention methods: back-door adjustment and

front-door adjustment. Both offer structured approaches to understanding and assessing the effects

of interventions. To quantify the effectiveness of our domain choice D on image classification, we

use the average treatment effect (ATE). The counterfactual outcome, in this case, would elucidate the

classification label Y in the counter scenario for the domain. Mathematically, the ATE for D = 1 can be

expressed as:

ATE = E[Y(D = 1)−Y(D = 0)] (4)

Where Y(D = d) portrays the potential classification when domain D is fixed to d. If the image

is captured during daylight (D = 1), then Y(D = 0) constitutes the counterfactual outcome of the

predicted classification had the image been taken during nighttime. In practical scenarios, observing

every possible outcome can be challenging. We might have data for images captured during the day

but lack those taken at night, or vice versa. Gathering data for all scenarios can be resource-intensive

or occasionally impractical. Hence, causal inference offers a toolkit for making informed decisions in

the face of these challenges.

2.3.1. Causal intervention

Causal interventions in machine learning provide a mechanism to actively manipulate one or

more variables to assess the resultant changes in other variables. This deliberate manipulation often

symbolized with the do-calculus notation do(X = x), essentially blocks the influence of parent variables

on X and assigns a new value x to it.

When looking to unearth the causal relationships in data, this intervention modifies the underlying

graphical model, thus tweaking the associated conditional probabilities. This can be visually illustrated
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using Figure 4 (I). For instance, by performing a causal intervention on the domain variable, we can

inspect its direct effects on labels, expressed as P(Y|do(D)), while keeping other variables stable.

Nevertheless, due to the intricate interplay among variables, directly establishing the causal

sequence between cause and effect without distractions from extraneous correlations can be difficult.

Hence, interventions are crucial to maintaining independence among variables when pinpointing

direct causal relationships. Taking reference from Rebane et al. [47], the fundamental interconnection

architectures among three variables X, Y, and C are depicted in Figure 3.

Different structures necessitate varied intervention techniques due to their distinct properties. For

instance:

• The path X → C → Y in Figure 3(a) represents a chain junction, with X impacting Y through an

intermediary C. In the realm of visual tasks, features derived from an image inform the label.

Here, intervening on C can obstruct the X to Y path.
• Figure 3(b) showcases a confounding junction, denoted by X ← C → Y. Here, C influences

both X and Y. Such contexts might introduce unintentional correlations in the true causal link

between images and labels. Intervening on C can counteract this.
• The configuration X → C ← Y in Figure 3(c) is termed a collider, where both X and Y dictate C.

For vision tasks, the image might be shaped by both content and domain specifics. Here, if C

remains unknown, X and Y are independent. Yet, knowing C ties X to Y, making intervention

on C ineffective.

To ensure variable independence and mitigate confounder effects, causal interventions are

necessary. The chosen approach depends on the structure, with two techniques explained below.

Back-door adjustment

stands as a pivotal technique in causal intervention for addressing confounding effects [43]. It is

particularly concerned with paths that lead from X to Y, initiated with an arrow directed towards X

Figure 3(d). Suppose we aim to determine the causal effect between. X and Y using Bayes’ rules. One

might naturally compute:

P(Y|X) = P(Y|X, c)P(c|X). (5)

However, this computation does not accurately capture the causal effect due to the presence

of confounding paths. Given a scenario involving three variables, X, Y, and C, we visualize this

configuration in Figure 3(d). Recognizing the path X ← C → Y as the confounding junction

structure, an effective strategy to block this path necessitates intervening on C, especially when

C value is known [48]. A common intervention approach entails stratifying C and then computing

the average causal effect for each segment. This adjusted configuration can be observed in Figure 3(e).

Mathematically, the back-door adjustment can be expressed as:

P(Y|do(X)) = ∑
c

P(Y|X, c)P(c) (6)

Applying this adjustment facilitates the derivation of Y’s probability contingent upon X.

Essentially, it reflects the causal relationship between the two, realized by summing over the conditional

probabilities P(Y|X, c) and the distributed probability associated with the confounder C.

Front-door adjustment

When we lack access to certain data, particularly for variable C, the back-door adjustment

becomes ineffective. In such scenarios, we resort to the front-door adjustment. This strategy introduces

a mediator, denoted by M, between X and Y. It serves as an intermediary in their causal relationship.

The interaction is visually depicted in Fig. 3(f).
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Effect of X on M: To understand the influence of X on M, we ensure other interactions,

particularly from Y, are negated. Formally, this relationship can be expressed as [43]:

P(M = m|do(X)) = P(M = m|X) (7)

Effect of M on Y: While measuring the impact of M on Y, we must account for any influence X

might exert. This can be represented mathematically as [43]:

P(Y = y|do(M)) = ∑
x

P(Y|M = m, x)P(x) (8)

Combining the Two Interactions: To measure the overall interaction from X to Y via M, it can be

expressed as:

P(Y|do(X)) = ∑
m

P(M = m|do(X))P(Y = y|do(M))

= ∑
m

P(M = m|X)∑
x

P(Y|M = m, x)P(x)

The front-door technique helps in measuring the probability of Y conditioned on X by utilizing

M as a mediator. When all necessary data is accessible, the back-door adjustment is apt. In contrast, if

some data, such as C, is absent, the front-door adjustment becomes the preferred choice.

2.3.2. Counterfactual

Counterfactual reasoning is a method of causal inference that explores "what-if" scenarios.

It contrasts observed data with hypothetical outcomes under different conditions [48]. In image

processing, error terms highlight the deviation between actual and hypothetical outcomes[12]. For

instance, by changing an attribute in an image, like a car’s colour from red to blue, and observing

classification changes, one can assess the importance of that attribute. If a model recognizes the car in

one colour but not the other, it may indicate an over-reliance on that particular attribute.

CX Y

(a) Chain Junction

CX Y

(b) Confounding
Junction

CX Y

(c) Collider

C

X Y

(d) Typical Causal
Structure

C

X Y

(e) Back door adjustment

C

X M Y

(f) Front door
adjustment

Figure 3. Common Causal Graphs
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C

X YD

• Exogenous Variables: C (Content), D (Domain).
• Endogenous Variables: X (Image), Y (Label).
• Paths between X (Image) and Y (Label) either:-

D(Domain)→ X → Y or X ← C (Content) → Y.

C

X Y
(I) (II)

• With C available, a back-door adjustment
cuts link between X and C to analyze X’s
influence on Y as follows:

• P(Y|do(X)) = ∑c P(Y|X, c)P(c).

C

X M Y

(III)

• M: is a bridge between inputs/outputs in
vision tasks and helps avoiding direct C
manipulation.

• P(Y|do(X)) = ∑m P(M = m|X)∑x P(Y|M =
m, x)P(x)

C

X

M

Y
(IV)

• M sits between the confounder and output,
denoting a detailed feature of the confounder’s
effect. With confounder C present, the
intervention approach varies:

• P(Y|do(X)) = ∑c P(Y|X, M, c)P(M|X, c)P(c).

C

X

M

Y
(V)

• M By considering the intermediate variable M,
we eliminate misleading correlations. The
relation is expressed as:

• P(Y|do(X)) = ∑c P(Y|X, c)P(c, M = m).

Z1

Z1

X Y

(VI)

• Addresses the influence of simultaneous
confounders on input. The goal is to reduce
or eliminate their impact.

Figure 4. Common structures.

3. Causality in image classification tasks

Understanding causality is fundamental in various machine-learning tasks. By acknowledging the

relationships between variables, we can build models that not only predict but also explain phenomena.

In this section, we explore how causality intertwines with different tasks.

Steps of Causal Intervention

Û1. Identification of Spurious Correlations

• Detect potential misleading relationships.
• Use statistical tests & domain knowledge.

¡2. Construction of the Causal Graph

• Visualize relationships between variables.
• Identify potential front/backdoor paths.

å3. Intervention

• Set specific variables and observe effects.
• Understand true causal relationships.

84. Adjustment for Confounders

• Use methods like stratification or matching.
• Eliminate confounding effects.

¢5. Estimation of Causal Effects

• Use statistical methods for estimation.
• Determine the causal effect of one variable on another.

3.1. Classification

Causality has gained significant attention among researchers due to its ability to unveil true

cause-and-effect relationships in real-world domains. This pivotal approach has found its way
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into various research avenues, including in the context of image classification. While remarkable

achievements have been made, such as achieving State-of-the-Art (SOTA) accuracy on diverse datasets,

a substantial challenge persists. Traditional models heavily rely on statistical correlation. They tend to

learn from spurious correlations present in the training data, rendering them sensitive to deviations

from the training distribution. Consequently, when faced with samples from distributions that differ

significantly, these models falter in their classification endeavours. To surmount this critical limitation,

researchers have turned their attention towards leveraging causal inference.

Table 2. Causal Inference in Classification Tasks

Task Paper Year Problem Causal Instrument Confounder Base models Structure

[49] 2015 Domain Adaptation Causal Inference Domain - I
CLS [50] 2017 Selection Bias Causal Inference Context CRLR algorithm I

[51] 2020 Understanding Potential outcome model (DE) Confounded concept AutoEncoder V
[52] 2020 Imbalanced data Back-door adjustment (TDE) Optimizer ResNeXt-50- III
[53] 2021 Catastrophic Forgetting Potential outcome models (TDE) old data Transformer I
[54] 2021 OOD Causal inference Context - I
[55] 2021 Generalization Causal inference Domain Resnet50 I
[56] 2021 Generalization Causal inference - Auto-Encoder I
[57] 2021 Domain Adaptation Causal inference Unobserved feature CycleGAN I
[58] 2022 Domain Generalization Causal inference Causal factors - I
[59] 2022 OOD Causal inference Unobserved latent variable - I
[60] 2022 Domain Generalization Potential outcome models Domain - I
[61] 2023 noisy datasets Potential outcome models Unobservable variable - I
[62] 2023 catastrophic forgetting Back-door adjustment Task identifier - I
[63] 2023 Domain Generalization Counterfactual Semantic concept - I

3.1.1. Handling Long tail dataset

In recent years, computer vision advancements have been driven by datasets like ImageNet

and MS-COCO [64,65]. Expanding these datasets to cover a wider class vocabulary exposes the

challenge of long-tailed class distributions following Zipf’s law [66]. This imbalance becomes

more pronounced when boosting data for data-poor tail classes inadvertently increases samples

from data-rich head classes. Achieving a perfect balance becomes impractical, particularly in

instances like instance segmentation [67]. Addressing long-tailed classification becomes crucial

when training deep models at scale. Recent efforts [68±70] have mitigated the performance gap

between class-balanced and long-tailed datasets. However, a comprehensive theoretical framework

is missing. The paradoxical nature of the long tail, with an inherent bias towards data-rich head

classes. To address the aforementioned issue, Tang et al. [52] introduced a causal framework to

enhance long-tailed classification. Their causal graph uncovers the momentum in SGD optimizers as a

confounder influencing both sample features and classification logits.

The Causal classifier [52] leverages causal inference techniques to preserve beneficial momentum

effects while mitigating detrimental impacts in long-tailed learning settings. The "good" causal effect

pertains to the favorable factor that stabilizes gradients and accelerates training, whereas the "bad"

causal effect indicates the accumulated bias resulting in suboptimal performance in tail classes. To

improve bias approximation, the causal classifier employs a multi-head strategy that evenly distributes

model weight and data feature channels into K groups. Formally, the classifier calculates original logits

as follows:

p = φ

(

τ

K

K

∑
k=1

(wk)T f k

∥wk∥+ γ)∥ f k∥

)

, (9)

where τ denotes the temperature factor and γ is a hyper-parameter. When γ = 0, this classifier

effectively transforms into the cosine classifier. During inference, the causal classifier eliminates the

detrimental causal effect by subtracting the prediction when the input is null:
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p = φ

(

τ

K

K

∑
k=1

(wk)T f k

(∥wk∥+ γ)∥ f k∥
− α

cos(xk, d̂k)(wk)T d̂k)

∥wk∥+ γ

)

. (10)

Here, d̂ represents the unit vector of exponential moving average features, and α serves as a

trade-off parameter controlling direct and indirect effects.

3.1.2. Domain Generalization

Imagine an image classifier that is learned from photos. Would it recognize sketches too? could a

health classifier based on one person’s heart data work for someone else? These questions relate to a

problem: when a machine learning tool is trained on one type of data, it might struggle with different

situations [27]. It is like preparing for a sunny day but facing a rainy one. This is important, especially

in deep learning, where even small changes in data can confuse models. Solving this issue is key to

making models better at handling various situations.

3.1.3. Problem Definition

Let X be the input (feature) space and Y the target (label) space. A domain is defined as a joint

distribution PXY on X×Y. For a specific domain PXY, we refer to PX as the marginal distribution on

X, PY|X as the posterior distribution of Y given X, and PX|Y as the class-conditional distribution of X

given Y.

In the context of Domain Generalization (DG), we have access to K similar but distinct source

domains S = {Sk = {(x(k), y(k))}}K
k=1, each associated with a joint distribution P

(k)
XY. Note that

P
(k)
XY ̸= P

(k′)
XY for k ̸= k′ and k, k′ ∈ {1, ..., K}. The goal of DG is to learn a predictive model f : X → Y

using only source domain data such that the prediction error on an unseen target domain T = {xT}

is minimized. The corresponding joint distribution of the target domain T is denoted by PT
XY. Also,

PT
XY ̸= P

(k)
XY for all k ∈ {1, ..., K}.

Two fundamental types of DG scenarios are identified:

• Single-Source DG: In this case, training data stems from a homogeneous source domain, i.e.,

K = 1.
• Multi-Source DG: This setting involves the study of DG across multiple sources. The majority

of research is focused on the multi-source DG scenario, where diverse and relevant domains

(K > 1) are available.

Lv et al. [58] presented a structural causal model that integrates both causal and non-causal

factors, raw inputs, and category labels, as depicted in Figure 4 (II). This work addresses the limitations

of statistical approaches in domain generalization by adopting a causal perspective. The authors

introduce the Causality Inspired Representation Learning (CIRL) algorithm, which leverages a structural

causal model to enforce representations that adhere to essential causal properties and simulate causal

factors. The proposed representation learning approach comprises three key modules: the causal

intervention module, the causal factorization module, and the adversarial mask module.

1. Causal Intervention Module: This module focuses on separating causal factors from non-causal

factors through do-interventions. By doing so, the causal factors remain unchanged despite

non-causal perturbations. This process generates representations that are independent of

non-causal influences.
2. Causal Factorization Module: This module promote independence among representation

dimensions. It achieves this by minimizing correlations between dimensions. This transformation

converts initially interdependent and noisy representations into independent ones, aligning with

the characteristics of ideal causal factors.
3. Adversarial Mask Module: In this module, the representations efficacy for the classification task

X → Y is enhanced. An adversarial masker identifies dimensions of varying importance. This
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step helps distinguish superior dimensions from inferior ones, allowing the former to contribute

more significantly. As a result, the representations become more causally informative.

The optimization objective of the proposed Causality Inspired Representation Learning (CIRL)

encompasses combining classification losses for both superior and inferior dimensions (Lsup cls and

Linf cls) with the causal factorization loss (LF ac). This optimization process is balanced by a trade-off

parameter (τ).

With the same structure, a causal regularizer is proposed by Shen et al. [50] with the primary

objective was to address the non-i.i.d. problem, characterized by distribution disparities between

training and testing image sets that often lead to classification challenges. To mitigate this issue,

they harness causal inference to scrutinize the causal influence of individual image features on

corresponding labels, with the aim of identifying pivotal causal factors. By considering each image

feature as an individual variable, they distinguish between treated and control images, thus enabling

the estimation of causal effects. This unique methodology uncovers compelling causal impacts that

endure across various distributions. This attemt is formally posed as the Causal Classification Problem,

entailing the discovery of causal contributions for image features and the construction of an image

classifier grounded in these contributions. The authors proposed algorithm synergistically combines a

causal regularizer inspired by the concept of confounder balancing.

In the context of observational studies, the rectification of bias stemming from non-random

treatment assignments necessitates balancing confounder distributions. However, the authors depart

from direct confounder distribution balancing and introduce a novel approach focused on equilibrating

confounder moments by adjusting sample weights. The determination of these weights, represented

as W, is accomplished through the optimization problem:

W = arg min
w
∥ ÅXt − ∑

j:Tj=0

Wj · Xj∥
2
2. (11)

Here, ÅXt and ∑j:Tj=0 Wj ·Xj denote the mean values of confounders in treated and control samples,

respectively, in the context of a specific treatment feature T. Notably, this method concentrates on

the first-order moment, but it can be easily extended to incorporate higher-order moments. The

authors intend to adapt this technique to simultaneously balance confounder distributions related to

all treatment features.

Expanding upon the concept of confounder balancing, the authors introduce a causal regularizer:

p

∑
j=1

∥

∥

∥

∥

∥

XT
−j · (W ⊙ Ij)

WT · Ij
−

XT
−j · (W ⊙ (1− Ij))

WT · (1− Ij)

∥

∥

∥

∥

∥

2

2

. (12)

In this equation, W signifies sample weights, and the term
XT
−j ·(W⊙Ij)

WT ·Ij
−

XT
−j ·(W⊙(1−Ij))

WT ·(1−Ij)

characterizes the loss associated with confounder balancing when considering image feature j as

a treatment variable. X−j encompasses all other features (treated as confounders) obtained from X by

zeroing its jth column. Ij denotes the jth column of the identity matrix I, and Iij signifies the treatment

status of unit i with regard to feature j. The underlying concept of this regularizer is its facilitation of

estimating causal effects related to the treatment variable.
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Figure 5. [53] proposed causal graphs explaining the forgetting and anti-forgetting in CIL. illustrate

the meaning of each node in the CIL framework in (a). The comparison between (a)-(d) shows the key

to combating forgetting is the causal effect of old data.

[53] The author’s objective revolves around comprehensively explaining the phenomena of

forgetting and anti-forgetting within the framework of Class-Incremental Learning (CIL) through

the lens of causal inference. This endeavour is undertaken by framing the data, features, and labels

within causal graphs for each incremental learning step, effectively elucidating the underlying causal

relationships governing these components. By adopting this approach, the author systematically

dissects the mechanisms driving both forgetting and anti-forgetting in CIL.

Beginning with the causal graph, the author delineates the intricate relationships between old

data (D), new training samples (I), extracted features (X and Xo), and predicted labels (Y and Yo).

These relationships are represented by distinct links: I → X, X → Y, (D, I) → Xo, (D, Xo) → Yo, D → I,

Xo → X, and Yo → Y as shown in (5).

Building upon the causal graph, the author proceeds to formulate the causal effect between

variables through causal intervention, denoted as the do(·) operation. This operation effectively

enforces specific values upon variables, resembling a "surgical" intervention within the graph. The

objective is to isolate variables from their causal influences. With this framework in place, the author

delves into explaining the rationale behind forgetting within the new training process. The causal

effect of old data (EffectD) on new predictions is quantified, effectively capturing the causal essence of

the previous knowledge. Notably, the author defines EffectD as the difference in predicted labels with

and without the presence of old data, shedding light on the pivotal role of this metric in understanding

forgetting.

To contrast forgetting, the author introduces the concept of anti-forgetting and dissects the causal

effects that underpin this phenomenon. This exploration encompasses prevailing anti-forgetting

techniques, including data replay, feature distillation, and label distillation. By leveraging the causal

relationships depicted in the causal graph, the author meticulously analyzes the effects of these

techniques in mitigating forgetting. The causal relationships enable an in-depth examination of the

interactions between these techniques and the system dynamics. Specifically, the impact of data replay

on causal relationships, the effects of feature and label distillation, and the introduction of non-zero

effects are all cogently discussed in the context of thwarting forgetting.

Mahajan et al. [55] tackle the challenge of achieving effective generalization across domains in

machine learning models. Their focus is on ensuring models can generalize accurately to new domains

despite domain shifts.

The authors employ causal inference to understand relationships between variables. They create

a Structural Causal Model (SCM) to depict data generation and variable interconnections in domain

generalization. This causal approach helps them identify crucial causal features for cross-domain

classification, leading to robust generalization.
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The key steps of their approach are as follows:

1. Recognizing the Confounder and Invariance Condition: The authors introduce the object variable

O as a confounder that influences features X and class labels Y. They aim to find invariant

representations across domains that are informative about O.
2. Introducing the Matching Function Ω: They propose a matching function Ω to assess if pairs of

inputs from different domains correspond to the same object. This function enforces consistency

of representation across different domains but with the same object.
3. Defining the Invariance Condition: An average pairwise distance condition between

representations of the same object from different domains is stipulated. This condition ensures

close representations for the same object across various domains.
4. Learning Invariant Representations: To learn invariant representations, the authors introduce

the "perfect-match" invariant, combining classification loss and the invariance condition. This

loss function encourages representations that are invariant to domain shifts while preserving

object-related information.

Liu et al. [54] address the challenge of out-of-distribution (OOD) generalization by mitigating

the confounding effects of mixed semantic and variation factors in learned representations. The

authors introduce a Causal Semantic Generative (CSG) model that explicitly models separate causal

relationships between semantic and variation factors, enhancing the model’s performance on OOD

examples. The key components of their approach include:

• Introducing the CSG model to represent causal relationships between semantic (s), variation (v),

and observed data (x, y).
• Disentangling semantic and variation factors using latent variables s and v, ensuring accurate

modeling of causal relations.
• Addressing confounding by attributing x-y relationships to latent factor z and accounting for

interrelation between semantic and variation factors.

Sun et al. [56] tackled the challenge of degraded prediction accuracy due to distributional shifts

and spurious correlation. They introduced a Latent Causal Invariance Model (LaCIM) to handle this

confounding. LaCIM incorporates causal structure and a domain variable to address confounding

issues. The authors identified a spurious correlation between latent factors S and Z, arising from an

unobserved confounder C. This correlation can negatively impact model performance across domains.

To address this, LaCIM employs a structural causal model framework, representing relationships

between latent factors. A domain variable accounts for distributional shifts, while Disentangled

Causal Mechanisms (DCMs) capture attribute-specific shifts. By leveraging DCMs, LaCIM replaces

unobserved attributes with proxy variables, aiding model adaptation. The authors achieve this by

implementing the transportability theory.

The paper by [57] et al. addresses the challenge of adapting models from a source to a target

domain in the context of Unsupervised Domain Adaptation (UDA). UDA seeks to enhance model

performance on a target domain without target domain labels. The authors introduce a novel approach

called Transporting Causal Mechanisms (TCM) to bridge the domain gap. The authors identify a

confounding factor, the domain selection variable S, as the key challenge in UDA. They propose

using disentangled causal mechanisms as proxies for unobserved domain-specific attributes. The TCM

approach involves three main steps: (1) identifying disentangled causal mechanisms that correspond to

attribute-specific shifts, (2) using transformed outputs as proxy variables for unobserved attributes, and

(3) transporting these mechanisms to align feature representations between domains. By substituting

unobserved attributes with proxy variables derived from disentangled mechanisms, the authors

effectively mitigate the confounding effect. The core intervention equation P(Y | do(X), S) = P(Y |

X, U = u)P(U = u | S) captures domain-specific shifts in a principled manner.

In their work [71], the authors introduce the Contrastive Causal Model (CCM) as a solution

to the domain generalization problem. CCM employs contrastive similarity to convert new images
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into prior knowledge and amplify the causal effects from images to labels. The CCM framework

comprises crucial components, including a teacher-student backbone, a classifier, and a knowledge

queue. The approach encompasses domain-conditioned supervised learning, causal effect learning,

and contrastive similarity learning. The authors identify a significant confounder in the domain

generalization challenge, manifested as the spurious correlation introduced by domain shifts. This

confounding factor can undermine genuine causal relationships among variables. To mitigate this

confounding effect, the authors introduce a structural causal model (SCM) that explicitly delineates the

causal paths from images to labels. This strategy serves to disentangle the authentic causal effects from

the spurious correlations, thereby allowing the model to concentrate on the true causal relationships.

The training of CCM encompasses a sequence of essential steps:

• Domain-Conditioned Supervised Learning: The model optimizes cross-entropy loss while

conditioning on the domain. This strategy captures the correlation between images and labels

across diverse domains.
• Causal Effect Learning: Leveraging the front-door criterion, the authors measure and enhance

causal effects. A knowledge queue is leveraged to retain historical features and labels, aiding the

translation of new images into acquired knowledge.
• Contrastive Similarity Learning: The application of contrastive similarity serves to cluster

features sharing the same category. This process quantifies feature similarity, facilitating the

separation of features.

Wang et al. [59] authors address the challenge of domain generalization building a classifier that

performs well in unseen environments. The fluctuating correlation between features and labels across

different environments hinders effective generalization. To tackle this, they propose a two-phased

approach. First, a Variational Autoencoder (VAE) learns the data distribution for each environment,

capturing latent variables responsible for inter-environment variations. Then, balanced mini-batch

sampling is introduced. It pairs examples with similar balancing scores from VAE’s conditional

prior, forming balanced mini-batches. This counters unstable correlations between features and labels

across environments. The main confounder addressed is the variable correlation between label Y

and latent Z across environments. This variance affects the causal relationship between features and

labels, challenging robust generalization. A Variational Autoencoder (VAE) is employed to learn

data distribution within each environment. Model parameters and latent variable Z are learned from

training data. The model captures causal connections among Y, Z, and observed feature X. To manage

varying Y-Z correlations across environments, the authors propose balanced mini-batch sampling.

Dissimilar examples with matching balancing scores are paired, forming balanced mini-batches. This

cultivates a balanced distribution that emphasizes stable Y-X causal relations. It mitigates adverse

effects of unstable correlations in training data.

Wang et al. [60] addresses domain generalization by leveraging invariance in causal mechanisms

to enhance model generalization across distributions while preserving semantic relevance for

downstream tasks. The authors defined domains as distributions over input (X) and label (Y) spaces.

They proposed aggregating instances from diverse domains into the training dataset D and employing

Empirical Risk Minimization (ERM) loss to optimize encoding ( fθ) and decoding (gφ) models. The

paper connects neural networks and causal models, treating datasets as Structural Causal Models

(SCMs). This interpretation enhances confidence in the neural model’s ability to capture causal

mechanisms from observational data. The average Causal Effect (ACE) quantifies the influence of each

input feature on the output. Neural network (gφ) serves as a tool for causal quantification, with a clear

procedure for ACE computation. Inspired by contrastive representation learning, they introduced

contrastive ACE loss. It identifies differences in ACE values across domains, optimizing interclass

dissimilarity and intra-class similarity via positive and negative sets. Their training involves encoding

and decoding model initialization, positive and negative set construction, and loss optimization using

gradient descent. The innovative contrastive ACE loss, coupled with ERM, stabilizes performance

against domain shifts.
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The core problem addressed by Chen et al. [63] was the challenge of domain generalization,

where a model trained on a single source domain must be capable of handling various unseen target

domains. This scenario is characterized by the need to account for the domain shift between the source

and target domains. The proposed solution introduced the novel "simulate-analyze-reduce" paradigm,

which represents a comprehensive approach to mitigate the challenges posed by domain shifts in

single-domain generalization. This paradigm comprises three primary stages: domain shift simulation,

causal analysis, and domain shift reduction. The underlying idea was to first simulate domain shifts

by generating an auxiliary domain through the transformation of source data. These shifts are based

on variant factors, representing extrinsic attributes causing domain shifts. Subsequently, a meta-causal

learning method was introduced, enabling the model to infer causal relationships between domain

shifts in the auxiliary and source domains during the training phase. This inferred meta-knowledge is

then utilized for analyzing the domain shifts between target and source domains during testing.

3.2. Practical: Problem formulation

In computer vision, we often try to match images with the right labels, a task known as

classification. Most current methods, like those in references [72,73], look at patterns between image

features and labels. However, these methods can be thrown off by random patterns [61] or when data

isn’t consistent [60]. That’s why it’s crucial to use causal theory, which helps understand the direct

cause-and-effect between images and labels. As discussed earlier, the background of an image can

create spurious correlations that affect prediction labels [74]. This problem can be explained using

casual-and-affect as follows:

C X

MY

Figure 6. Causal Graph: Confounding Effect of Background Features

To systematically study how the background affects image label predictions, we can construct a

causal graph [75,76] as shown in Figure 6, which has four variables: feature (X), background feature(C),

model (M), and prediction (Y).

The causal graph represents a directed acyclic graph illustrating the interactions among the

variables of interest, namely {C, X, M, Y}, through causal links. Each variable in the graph corresponds

to a specific component of the image classification process: C represents the background features,

which have the potential to influence both the input features X and the behaviour of the image

classification model M. X denotes the input features utilized for image classification, encapsulating

relevant information from the images. M stands for the image classification model itself, transforming

input features X into predictions Y. Y represents the output predictions generated by the image

classification model M.

Once we construct DAG to investigate, the cause-and-effect primary objective will, based on the

causal graph in Figure 6, is to investigate the direct causal effect along the path X → Y. In the domain

of causal inference, this effect is referred to as the Total Direct Effect (TDE) [76,77]:

arg maxi∈CTDE(Y) = [Y = 1|do(X = x)]− [Y = 1|do(X = x0)], (13)

Where Y symbolizes the prediction for the positive class, C represents the set of all classes (in

this instance, {0, 1}), x corresponds to a specific input value, Y=1 positive class from {1,0} because we

are interesting background effect on the positive class classification and x0 denotes a different input
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value. The TDE quantifies the discrepancy in anticipated probabilities for the positive class when

transitioning the input from x0 to x while keeping other variables constant. This calculation reveals

the direct impact of modifying input features on model predictions for the positive class in binary

classification.

Before computing the final TDE, it is imperative to undertake de-confounded training. This

process involves estimating ’modified’ causal graph parameters, removing any influence of undesirable

’background features’ while preserving the impact of crucial ’main features.’ During training, the

do-operator neutralizes the confounding bias of ’background features’ and it ensures the learned

model primarily relies on ’main features.’ Subsequently, during inference, the equation encapsulates a

comparison between prediction probabilities when input is x and x0. This contrast captures the direct

impact of changes in input features on model predictions.

By employing this approach, we gain insight into the extent to which changes in input features

lead to variations in model predictions for the positive class, mitigating unwanted influence from

confounding variables. This framework empowers us to discern the genuine impact of ’good’ features

on model decisions and facilitates a more accurate understanding of the relationship between input

features and predictions.

3.2.1. De-confounded Training

To address the confounding effect introduced by the background variable C and isolate the direct

causal effect of X on Y, we need to adopt a de-confounded training approach [52]. This approach aims

to adjust the training process to focus on the direct causal relationship while mitigating the influence

of the confounder C.

The foundation of our de-confounded training lies in the back-door adjustment principle [78].

Given the causal graph structure, in this case, we can modify the standard loss function to incorporate

adjustments that account for confounding introduced by C. The adjusted loss encourages the

model to emphasize the direct causal relationship between X and Y while reducing the impact

of C. Mathematically, we can define our de-confounded training objective as the same as Eq. (13).

Our de-confounded training approach involves incorporating an attention penalty loss to estimate

the Total Direct Effect (X → Y) more accurately, especially in the presence of confounding introduced

by the background variable C.

There are many ways to reduce the impact of background features on prediction, but the most

widely used technique recently is attention-based. To achieve this, we can utilize an attention penalty

loss in our training process. The attention penalty loss works in conjunction with the standard

classification loss, such as nn.BCEWithLogitsLoss (as we are doing binary classification), which

computes the loss between model outputs and ground truth labels. Additionally, the attention

penalty loss takes into account an attention mask.

Mathematically, the combined loss is formulated as follows:

Combined Loss = Classification Loss + 0.1×Attention Loss, (14)

where the classification loss is calculated using the classification criterion, and the attention loss is

determined by the mean of the attention mask:

Attention Loss =
1

N

N

∑
i=1

fθ(xi), (15)

where N is the number of samples in the batch, and fθ(xi) is the attention mask calculated by the

model for the ith sample.

By integrating this attention penalty loss into a de-confounded training approach, we can enhance

the accuracy of estimating the Total Direct Effect. This augmentation is particularly crucial when
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addressing confounding variables introduced by the background variable C, thereby enabling a more

precise evaluation of the direct causal effect of X on Y in the context of binary image classification.

4. Conclusion

This review explores how causal theory can be integrated into computer vision, transforming

AI methodologies, particularly in image classification. Traditional machine learning models that

rely on statistical correlations can struggle when faced with data distributions that differ from their

training sets. In contrast, causal methodologies offer a more robust and interpretable approach by

understanding the underlying cause-and-effect relationships. This is especially important in tasks such

as domain generalization, handling long-tailed datasets, and combating issues like model forgetting.

Key to advancing causal approaches in computer vision are structured causal models (SCMs), which

provide a blueprint for understanding the complex relationships between different variables in image

processing. Through causal inference and intervention techniques, SCMs enable the isolation of

direct causal effects, offering a nuanced understanding of the interactions within the data. This is

particularly important in scenarios involving domain shifts or dealing with out-of-distribution (OOD)

generalization challenges. Looking to the future, the potential of causal inference in computer vision

is immense. As we move towards more complex and dynamic real-world applications, the need for

models that can not only predict but also explain their predictions becomes increasingly crucial. The

integration of causal theory in computer vision paves the way for the development of AI systems that

are not only more accurate and reliable but also more interpretable and adaptable to ever-changing data

landscapes.h This is paper emphasizes the importance of transitioning from a mere correlation-based

understanding to a causation-focused approach in computer vision. By doing so, we can significantly

enhance the capability of AI systems to handle real-world variability and complexity, ensuring more

reliable and effective applications in diverse domains such as autonomous driving, robotics, and

beyond.
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