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Abstract

Spuriousness arises when there is an association between two or more variables in a dataset
that are not causally related. In this work, we propose an explainability framework to pre-
emptively disentangle the nature of such spurious associations in a dataset before model
training. We leverage a body of work in information theory called Partial Information
Decomposition (PID) to decompose the total information about the target into four non-
negative quantities, namely unique information (in core and spurious features, respectively),
redundant information, and synergistic information. Our framework helps anticipate when
the core or spurious feature is indispensable, when either suffices, and when both are jointly
needed for an optimal classifier trained on the dataset. Next, we leverage this decomposi-
tion to propose a novel measure of the spuriousness of a dataset. We arrive at this measure
systematically by examining several candidate measures, and demonstrating what they cap-
ture and miss through intuitive canonical examples and counterexamples. Our framework
Spurious Disentangler consists of segmentation, dimensionality reduction, and estimation
modules, with capabilities to specifically handle high-dimensional image data efficiently. Fi-
nally, we also perform empirical evaluation to demonstrate the trends of unique, redundant,
and synergistic information, as well as our proposed spuriousness measure across 6 bench-
mark datasets under various experimental settings. We observe an agreement between our
preemptive measure of dataset spuriousness and post-training model generalization metrics
such as worst-group accuracy, further supporting our proposition. The code is available at
https://github.com/Barproda/spuriousness-disentangler.
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1 Introduction

Figure 1: Spuriousness
in Waterbird dataset
due to sampling bias.

The success of machine learning is heavily determined by the quality of datasets
used for training or fine-tuning. Spurious patterns (Haig, 2003) arise when two or
more variables are associated in a dataset even though they do not have a causal
relation, e.g., image classifiers on Waterbird dataset (Wah et al., 2011) learn to
use the background rather than the foreground for classification, because most
waterbirds are photographed on a water background (see Fig. 1). This pattern in
the dataset misleads a classifier into learning an undesirable spurious link between
the target label (bird type) and background (“spurious” feature) as opposed to the
foreground (core feature). Spuriousness in datasets may result in deceptively high
performance on in-distribution datasets but significantly hinders generalization on
out-of-distribution datasets, e.g., accuracy on minority groups like waterbirds with
land background is low (Lynch et al., 2023; Sagawa et al., 2019; Puli et al., 2023).

Despite advances in dataset-based and model-training-based approaches to mitigate such spurious pat-
terns (Ye et al., 2024; Srivastava, 2023; Ghouse et al., 2024), the notion of spuriousness in any given dataset
has classically lacked a formal definition. To address this gap, in this work, we ask the following question:
Given a dataset and a split of core and spurious features, can we preemptively quantify the spuriousness of
the dataset before training? In essence, our goal is to arrive at a framework that would help anticipate the
feature preferences of an optimal classifier prior to training.

To this end, we provide an information-theoretic explainability framework to disentangle the nature of spu-
rious associations in a dataset, i.e., how the information about the target variable is distributed among the
spurious and core features. We leverage a body of work in information theory called Partial Information
Decomposition (PID) (Bertschinger et al., 2014; Banerjee et al., 2018), which has its roots in statistical
decision theory. We note that classical information-theoretic measures such as mutual information (Cover &
Thomas, 2012) capture the entire statistical dependency between two random variables but fail to capture
how this dependency is distributed among those variables, i.e., the structure of the multivariate informa-
tion. Partial Information Decomposition (PID) addresses this nuanced issue by providing a formal way of
disentangling the joint information content between the core and spurious features into unique, redundant,
or synergistic information. We leverage this decomposition to systematically arrive at a novel measure of
dataset spuriousness with empirical evaluation on high-dimensional image datasets. This work provides a
more nuanced understanding of the interplay between spurious and core features in a dataset that can better
inform dataset quality assessment. Our main contributions can be summarized as follows:

Unraveling nature of spurious associations leveraging PID: We leverage PID to disentangle the
total information about a target (Y ) in the core (F ) and spurious (B ) features into four non-negative terms:
unique information (in core and spurious features respectively), redundant information, and synergistic in-
formation (see Proposition 1). We elucidate four types of statistical dependencies captured by the PID
terms (see Fig. 3), providing preemptive insights on when an optimal classifier might find a spurious fea-
ture more informative or useful than the core features. We establish how unique information quantifies the
informativeness of a feature over another for predicting Y (see Theorem 1). Then, redundant information
turns out to be the common information that can be obtained from either the spurious or core features,
allowing a classifier to potentially choose either without any preference. An interesting term is synergy that
captures scenarios when both spurious and core features are jointly informative about the target Y but not
individually (classifier likely to use both spurious and core).

Novel measure of dataset spuriousness: Though many works attempt to prevent a model from learning
spurious patterns, there is limited theoretical understanding of how to quantify the spuriousness of a dataset
given a choice of core and spurious features. In this work, we leverage PID to propose a novel measure of the
undesirable spuriousness of a dataset (M sp) that steers predictors into choosing the spurious features over the
core (see Proposition 2). We arrive at this measure systematically by examining several candidate measures,
and demonstrating what they capture and miss through intuitive canonical examples and counterexamples.
Our measure provides a fundamental understanding of feature informativeness for a classification task,
enabling dataset quality assessment and interpretability.
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Spuriousness Disentangler: We propose an autoencoder-based explainability framework that we call �
Spuriousness Disentangler � to obtain the four PID values as well as our spuriousness measureM sp for high-
dimensional image data. The framework consists of three modules: (i) Segmentation: This module performs
segmentation to separate the foreground (core featuresF ) and background (spurious featuresB ) for every
image, either using pre-trained semantic segmentation models (Lin et al., 2017) or CLIPSeg (Lüddecke &
Ecker, 2022), which is an Open-Vocabulary Semantic Segmentation model if necessary; (ii) Dimensionality
Reduction: An autoencoder converts high-dimensional images into lower-dimensional, discrete feature rep-
resentations. The dimensionality reduction and clustering are performed jointly through minimization of a
joint loss function, drawing inspiration from Guo et al. (2017). (iii) Estimation: The �nal step includes the
estimation of the joint probability distribution of the acquired lower-dimensional representation, followed by
optimization (James et al., 2018; Liang et al., 2023) to compute PID values andM sp .

Empirical results: Since our proposed framework is a preemptive dataset explainability framework, the
goal of our experiments is to show broad agreement between our anticipations from the dataset before
training and the post-training behavior of the models for various experimental setups. We examine four
experimental setups: i) Both core and spurious features are available; (ii) Either core or spurious is available;
(iii) Segmentation to obtain core and spurious features; and (iv) Non-spatial spuriousness. Our evaluation
spans six datasets: Waterbird (Wah et al., 2011), Adult (Becker & Kohavi, 1996), CelebA (Lee et al., 2020),
Dominoes (Shah et al., 2020), Spawrious (Lynch et al., 2023), and Colored MNIST (Arjovsky et al., 2019). We
observe a negative correlation between our proposed measure of dataset spuriousnessM sp and post-training
model generalization metrics, such as the worst-group accuracy for each experimental setting. We also study
Grad-CAM (Selvaraju et al., 2017) visualizations and intersection-over-union (IoU) metric (Rezato�ghi et al.,
2019) to further con�rm which features are actually being emphasized by the model.

A framework for dataset explainability provides an alternative to combating spuriousness during training
by providing preemptive insights to inform the training process (analogous to �nutrition labels� Yang et al.
(2018) or �datasheets for datasets� Gebru et al. (2021)). By enabling dataset quality check and cleansing
prior to training, it can bypass expensive adversarial training, often used to avoid spurious patterns. Having
clean datasets for �ne-tuning is particularly valuable in the era of large foundation models when one has
limited control over the training process.

Related Works: There are several perspectives on spurious correlation (see Haig (2003); Kirichenko et al.
(2022); Izmailov et al. (2022); Wu et al. (2023); Ye et al. (2023); Liu et al. (2023); Stromberg et al. (2024);
Singla & Feizi (2021); Moayeri et al. (2023); Lynch et al. (2023) and the references therein; also see surveys Ye
et al. (2024); Srivastava (2023); Ghouse et al. (2024)). Spuriousness mitigation techniques are broadly divided
into two groups: (i) Dataset-based techniques (Goel et al., 2020; Kirichenko et al., 2022; Wu et al., 2023;
Moayeri et al., 2023; Liu et al., 2021) and (ii) Learning-based techniques (Liu et al., 2023; Yang et al., 2023;
Ye et al., 2023; Zhang et al., 2022). Among dataset-based techniques, Kirichenko et al. (2022) shows that
last-layer �ne-tuning of a pre-trained model with a group-balanced subset of data is su�cient to mitigate
spuriousness. Wu et al. (2023) proposes a concept-aware spurious correlation mitigation technique. There
are also some works that try to separate spurious and core features in the feature space of deep neural
networks using external feedback (Sohoni et al., 2020; Kattakinda et al., 2022). Recent work Wang & Wang
(2024) looks into the problem through the mathematical lens of separability of the spurious and core features
under a mixture of Gaussian assumptions (also assuming a split between core and spurious). Ye et al. (2023)
discusses how the noise in the core feature plays a role in a model's reliance on it. Our novelty lies in
investigating the problem of spurious patterns through the lens of PID, rooted in statistical decision theory,
focusing on quantifying the spuriousness of a dataset for interpretability and quality assessment. Our work
isolates four speci�c types of statistical dependencies in the dataset, providing a more nuanced understanding
(see Fig. 3) going beyond solely identifying a model's reliance on a speci�c feature.

Partial Information Decomposition (PID) (Williams & Beer, 2010; Bertschinger et al., 2014) is an active area
of research, beginning to be used in di�erent domains of neuroscience and machine learning (Tax et al., 2017;
Dutta et al., 2020; Hamman & Dutta, 2024; Ehrlich et al., 2022; Liang et al., 2024; Wollstadt et al., 2023;
Mohamadi et al., 2023; Venkatesh et al., 2024; Dutta et al., 2021; Dissanayake et al., 2024). We also refer to a
survey (Dutta & Hamman, 2023). However, interpreting spuriousness in datasets through the lens of PID is
unexplored. Additionally, there is limited work on calculating PID values for high-dimensional multivariate
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continuous data. Some existing works (Dutta et al., 2021; Venkatesh et al., 2024) handle continuous data
with Gaussian assumptions while (Pakman et al., 2021) considers one-dimensional multivariate case. Hence,
estimating PID for high-dimensional data through proper dimensionality reduction and discretization is also
fairly open. For dimensionality reduction, di�erent learning based methods exist (Hotelling, 1933; Law &
Jain, 2006; Lee & Verleysen, 2005; Wang et al., 2015; 2014; Sadeghi & Armanfard, 2023). Similarly, for
discretization, di�erent clustering algorithms exist, e.g., k-means clustering (MacQueen et al., 1967; Bradley
et al., 2000), deep embedded clustering (Xie et al., 2016). In this work, we train an autoencoder to jointly
learn a good lower-dimensional representation of the input image data in a self-supervised manner (with
additional bottleneck structure) while also clustering simultaneously to deal with the challenge of high-
dimensional real-valued image data.

2 Preliminaries

Let X = ( X 1; X 2; : : : ; X d) be the random variable denoting the input (e.g., an image) where eachX i 2 X de-
notes a �nite set of values that each feature can take. The core features (e.g., the foreground) will be denoted
by F � X , and the spurious features (e.g., the background) will be denoted byB = X nF . We typically use
the notation B and F to denote the range of values for the spurious and core features. LetY denote the target
random variable, e.g., the true labels which lie in the setY, and the model predictions are given byŶ = f � (X )
(parameterized by � ). Generally, we use the notationPA to denote the distribution of random variable A,
and PA jB to denote the conditional distribution of random variable A conditioned on B . Depending on the
context, we also use more than one random variable as subscript, e.g.,PABY denotes the joint distribution
of (A; B; Y ). Whenever necessary, we also use the notationQA to denote an alternate distribution on the
random variable A that is di�erent from PA . We also use the notationPA jB � PB jC to denote a composition
of two conditional distributions given by: PA jB � PB jC (ajc) =

P
b2B PA jB (ajb)PB jC (bjc) 8a 2 A ; c 2 C; where

A , B, and C denote the range of values that can be taken by random variablesA, B , and C.

Background on PID: We provide a brief background on PID that would be relevant for the rest of the
paper (also see Fig. 2). The classical information-theoretic quanti�cation of the total information that two
random variables A and B together hold about Y is given by mutual information I( Y ; A; B ) (see (Cover
& Thomas, 2012) for a background on mutual information). Mutual information I( Y ; A; B ) is de�ned as
the KL divergence (Cover & Thomas, 2012) between the joint distribution PY AB and the product of the
marginal distributions PY 
 PAB and would go to zero if and only if (A; B ) is independent ofY . Intuitively,
this mutual information captures the total predictive power aboutY that is present jointly in (A; B ) together,
i.e., how well one can learnY from (A; B ) together. However, I( Y ; A; B ) only captures the total information
content about Y jointly in (A; B ) and does not unravel what is unique or shared betweenA and B .

Figure 2: I( Y ; A; B ) is de-
composed into four non-
negative terms.

PID (Bertschinger et al., 2014) provides a mathematical framework that decom-
poses the total information content I( Y ; A; B ) into four non-negative terms:

I( Y ; A; B ) = Uni( Y :B jA) + Uni( Y :AjB )

+Red( Y :A; B ) + Syn( Y :A; B ):

Here, Uni( Y :AjB ) denotes theunique information about Y that is only in A
but not in B and Uni( Y :B jA) denotes theunique information about Y that
is only in B but not in A. Next, Red(Y :A; B ) denotes redundant information
(common knowledge) aboutY in both A and B . Lastly, Syn(Y :A; B ) is an
interesting term that denotes the synergistic information that is present only
jointly in A; B but not in any one of them individually, e.g., a public and private key can jointly reveal
information not in any of them alone.

Example to Understand PID: Let Z =( Z1; Z2; Z3) with each Z i � i.i.d. Bern(1/2). Let A = ( Z1; Z2; Z3 � N ),
B = ( Z2; N ), and N � Bern(1/2) which is independent of Z . Here, I( Z ; A; B ) = 3 bits. The unique
information about Z that is contained only in A and not in B is e�ectively in Z1. Thus, Uni( Z :AjB ) =
I( Z ; Z1) = 1 bit. Redundant information about Z that is contained in both A and B is e�ectively in Z2 and
is given by Red(Z :A; B ) = I( Z ; Z2) = 1 bit. Synergistic information about Z that is not contained in either
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Figure 3: Canonical examples distilling four types of statistical dependencies involving core and spurious
features when any one PID term is dominant and its e�ect on the Bayes optimal classi�er. In the �rst two
cases, unique information in eitherF or B is dominant, and they are indispensable to the optimal classi�er.
When redundant information is dominant, the optimal classi�er can pick either F or B without preference.
The fourth scenario is interesting, whereB is independent of the labelY , and yet it contributes to the
optimal classi�er along with F .

A or B alone, but is contained in both of them together is e�ectively in the tuple (Z3 � N; N ), and is given
by Syn(Z :A; B )=I( Z ; (Z3 � N; N )) = 1 bit. This accounts for the 3 bits in I( Z ; A; B ).

De�ning any one of the PID terms su�ces for obtaining the others. This is because of another relationship
among the PID terms as follows (Bertschinger et al., 2014):I( Y ; A) = Uni( Y :AjB )+Red( Y :A; B ). Essentially
Red(Y :A; B ) is viewed as the sub-volume betweenI( Y ; A) and I( Y ; B ) (see Fig. 2). Hence,Red(Y :A; B ) =
I( Y ; A) � Uni( Y :AjB ). Lastly, Syn(Y :A; B ) = I( Y ; A; B ) � Uni( Y :AjB ) � Uni( Y :B jA) � Red(Y :A; B ) (can
be obtained once both unique and redundant information has been obtained). Here, we include a popular
de�nition of Uni( Y :AjB ) from (Bertschinger et al., 2014) which is computable using convex optimization.

De�nition 1 (Unique Information (Bertschinger et al., 2014)). Let � be the set of all joint distributions
on (Y; A; B ) and � P be the set of joint distributions with same marginals on(Y; A) and (Y; B) as the true
distribution PY AB , i.e., � P = f QY AB 2� : QY A = PY A and QY B = PY B g. Then,

Uni( Y :AjB ) = min
Q2 � P

IQ (Y ; AjB ): (1)

Here IQ (Y ; AjB ) denotes the conditional mutual information when(Y;A;B ) have joint distribution QY AB

rather than PY AB .

3 Theoretical Contributions

3.1 Unraveling the nature of spurious associations with PID

Proposition 1 (Proposed Disentanglement). For a given data distribution, the total predictive power of the
spurious featuresB and core featuresF about the target variableY can be decomposed into four non-negative
components:

I( Y ; F; B ) = Uni( Y :B jF ) + Uni( Y :F jB ) + Red( Y :F; B ) + Syn( Y :F; B ):

For each term in Proposition 1, we now explain their nuanced role for any given dataset.

Interpreting Unique Information Uni( Y :B jF ) and Uni( Y :F jB ): Unique information cap-
tures information that is unique in one feature and cannot be obtained from another.

Figure 4: Blackwell
Su�ciency

To explain the role of unique information in interpreting spuriousness, we draw
upon a concept in statistical decision theory called Blackwell Su�ciency (Black-
well, 1953) which investigates when a random variable is �more informative� (or
�less noisy�) than another for inference (also relates to stochastic degradation of
channels (Venkatesh et al., 2023; Raginsky, 2011)). Let us �rst discuss this notion
intuitively when trying to infer Y using two random variables F and B . Suppose
there exists a transformation onF to give a new random variableB 0 which is always
equivalent to B for predicting Y (similar predictive power). We note that B 0 and B do not necessarily
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have to be the same since we only care about inferringY . In fact, B and B 0 can have additional irrelevant
information that do not pertain to Y , but solely for the purpose of inferring Y , they need to be equivalent.
Then, F will be regarded as �su�cient� with respect to B for predicting Y sinceF can itself provide all the
information that B has about Y (see Fig. 4 and �rst two cases of Fig. 3).

De�nition 2 (Blackwell Su�ciency (Blackwell, 1953)) . A conditional distribution PF jY is Blackwell
su�cient with respect to another conditional distribution PB jY if and only if there exists a stochastic
transformation (equivalently another conditional distribution PB 0jF with both B and B 0 2 B) such that
PB 0jF � PF jY = PB jY .

In fact, the unique information Uni( Y :B jF ) is 0 if and only if PF jY is Blackwell su�cient with respect to
PB jY (see Theorem 1, the proof is given in the Appendix C).

Theorem 1 (Interpretability Insights from Unique Information) . The following properties hold:

ˆ Uni( Y :B jF ) � I( Y ; B ) and goes to0 if the spurious feature B is independent of the targetY . However,
Uni( Y :B jF ) may be 0 even ifI( Y ; B ) > 0.

ˆ Uni( Y :B jF ) = 0 if and only if PF jY is Blackwell su�cient with respect to PB jY .

ˆ Uni( Y :B jF ) � Uni( Y :B 0jF 0), i.e., it is non-decreasing if some features from the core set are moved to the
spurious set, i.e., B 0 = B [ W and F 0 = F nW .

Since unique informationUni( Y :B jF ) = 0 if and only if PF jY is Blackwell Su�cient with respect to PB jY , we
note that Uni( Y :B jF ) > 0 captures the �departure� from Blackwell Su�ciency, and thus quanti�es relative
informativeness. Intuitively, what this means is that for a data distribution, there is no such transformation
on core featureF that is equivalent to the spurious featureB for the purpose of predictingY . This essentially
makes spurious featureB indispensable for predictingY , forcing a model to emphasize it in decision-making.
A similar argument can be made for Uni( Y :F jB ). Furthermore, Uni( Y :B jF ) also satis�es an intuitive
property that as more features get categorized as spurious instead of core, the unique information in the
spurious set would keep increasing.

Interpreting Redundant Information Red(Y :F; B ): Redundant information about the target variable Y is
the information that can be obtained from either the spurious featuresB or the core featuresF without any
preference towards either. We consider the following canonical example to interpret the role of redundant
information Red(Y :F; B ) for predicting the target variable Y (third case of Fig. 3).

Lemma 1 (Redundancy). Let B = Y + NB ; F = Y + NF where noiseNB and NF are Gaussian such that
NB = NF = N � N (0; � 2

N ) and N ?? Y . In this case, (i) an optimal predictor Ŷ can either utilize B or
F with neither being indispensable, i.e.,Ŷ = f (B ) or f (F ) or f (B; F ); and (ii) B and F will only have
redundant information with the other PID terms being 0.

Interpreting Synergistic Information: Synergistic information Syn(Y :F; B ) is an interesting term that
emerges when spurious featuresB and core featuresF together reveal more about the target variable Y
than what can be revealed by either of them alone. In essence, it is the �extra� or �emergent� information
that arises only when multiple features interact, rather than when they are considered separately.

Lemma 2 (Synergy). Let B = N , F = Y + N whereY � Bern (1=2); N �N (0; � 2
N ), N ?? Y and � 2

N � 1. Then,
(i) an optimal predictor Ŷ = f (F; B ) = F � B (uses bothF and B ); and (ii) I( Y ; B ) and I( Y ; F ) � 0 but
I( Y ; B; F ) is stil l signi�cant due to synergistic information Syn(Y :B; F ).

For this example (fourth case in Fig. 3), both F and B alone will have limited predictive power when N has
high variance. However, usingF and B together, one can perfectly predictY , e.g., an optimal predictor is
Ŷ = f (F; B ) = F � B . Here I( Y ; B ) = 0 , and we also show thatI( Y ; F ) � 0 (see Lemma 8 in Appendix C).
However, the synergistic information Syn(Y :F; B ) is still signi�cant. Since I( Y ; F ) � 0, we contend that
hereB essentially denoises the core featureF , enhancing its predictive power. Thus, synergistic information
captures an interesting nuanced interplay between core and spurious, not captured by the other PID terms.
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Figure 5: Spuriousness Disentangler: An autoencoder-based explainability framework to handle high dimen-
sional continuous image data with 3 modules: (i) Segmentation of images into background (spurious features)
and foreground (core features); (ii) Dimensionality reduction involving an autoencoder with bottleneck and
clustering; and (iii) Estimation of the joint distribution followed by the computation of PID values through
convex optimization and computing M sp .

3.2 A novel measure of dataset spuriousness

Our objective is to quantify a dataset's spuriousness, which steers machine learning models towards the
spurious features over the core features. To this end, we will examine some candidate measures (M sp )
of spuriousness through examples and counterexamples and systematically arrive at a measure that meets
our requirements. Since we are trying to capture spuriousness which arises when the target variableY
is associated with the spurious featuresB , we might �rst consider the mutual information I( Y ; B ) as a
candidate measure for spuriousness since it captures the dependence betweenY and B .

Candidate Measure 1. M sp = I( Y ; B ).

Counterexample 1. We refer to the example in Lemma 1 whereUni( Y :B jF ) = 0 . Hence, I(Y ; B ) =
Uni( Y :B jF ) + Red( Y :F; B ) = Red( Y :F; B ). Here, our candidate measureM sp = I( Y ; B ) is positive, which
would indicate �spuriousness,� i.e., undesirable steering towardsB . However, in this case, the model can use
either spurious featuresB or core featuresF (see Lemma 1) without any preference. Thus,I( Y ; B ) is not
well suited to be a measure of undesirable spuriousness.

Since redundant information can lead to the utilization of either spurious or core features, another candidate
measure of spuriousness might be obtained by subtracting the desirable dependenceI( Y ; F ) from the unde-
sirable dependenceI( Y ; B ), i.e., M sp = I( Y ; B ) � I( Y ; F ). For the example in Lemma 1, this newM sp = 0 ,
indicating no preference towards spurious or core features.

Lemma 3. Let B = Y + NB ; F = Y + NF where noiseNB and NF are standard Gaussian noises with
NB � N (0; � 2

N B
), NF � N (0; � 2

N F
) and NB ?? Y , NF ?? Y . Now if � 2

N F
� � 2

N B
, (i) the optimal classi�er

relies strongly on spurious featureB ; and (ii) Uni( Y :B jF ) > 0.

If � 2
N F

� � 2
N B

, then I( Y ; B ) > I( Y ; F ), i.e., M sp > 0 (see Lemma 8 in Appendix C). Here, the output of a
model is more likely to beŶ = f (B ) and the model might be more prone to utilizing the spurious features
B (see Fig. 3). On the other hand, if � 2

N F
� � 2

N B
, then I( Y ; F ) > I( Y ; B ), i.e., M sp < 0 . In this case,

the output of the model is also more likely to be Ŷ = f (F ), and the model might lean towards the core
features F . Hence, M sp = I( Y ; B ) � I( Y ; F ) might seem like a suitable measure to quantify spuriousness,
i.e., steering models towardsB over F .

Candidate Measure 2. M sp = I( Y ; B ) � I( Y ; F ) = Uni( Y :B jF ) � Uni( Y :F jB ).

Counterexample 2. Consider Lemma 2 where the optimal predictorŶ = F � B utilizing both the spurious
featuresB and core featuresF . Here, this M sp � 0 (Lemma 2). However, for this particular example, since
the prediction is jointly in�uenced by both core features F and spurious featuresB , we contend that a
measure of spuriousness should not be0. The measure should therefore include a term that considers the
joint contribution of both of these features, capturing the fact that here B simply helps in denoising and
enhancing the predictive capabilities of the core featuresF . This aspect is precisely captured by synergistic
information Syn(Y :F; B ). Hence, we also include it inM sp , leading to the following proposed measure.
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Proposition 2 (Measure of SpuriousnessM sp ). Our proposed measure of spuriousness is given by:

M sp = Uni( Y :B jF ) � Uni( Y :F jB ) � Syn(Y :F; B ): (2)

4 Methodology: Spuriousness Disentangler

We propose an autoencoder-based explainability framework � that we call Spuriousness Disentangler � to
disentangle the PID values and compute the measureM sp (see Fig. 5 and Algorithm 1) for a given dataset.
The framework consists of three modules: segmentation, dimensionality reduction, and estimation.

Algorithm 1: Spuriousness Disentangler: An Autoencoder-Based Explainability Framework
Input : Encoder input F or B , decoder output F 0 or B 0, autoencoder parameters� , cluster centers� j

(parameters of the clustering layer), embedded pointzi (output of the clustering layer), soft
label qi (output of the clustering layer), hyperparameter 
 , pretrain epochsep, maximum
epochsemax , update interval T, batch number b, threshold � , target variable Y .

Step 1: Segmentation ;
Perform segmentation to separate the core featuresF and spurious featuresB if necessary;
Step 2: Dimensionality Reduction (Autoencoder Training) ;
for e = 1 to ep do

compute L r  k F � F 0k2
2 ; // Reconstruction loss (MSE)

compute gradient r � L r and update � via gradient descent
end

Initialize � j performing k-means clustering andpij  qij (0) 2
P

i
qij (0)

=
P

j
qij (0) 2

P
i

qij (0)
;

for e = 1 to emax do
compute L  L r + 
L c;

where, L c  KL (PjjQ) =
P

i

P
j pij log pij

qij (e) and qij (e)  (1+ kzi (e) � � j (e)k2 ) � 1
P

j
(1+ kzi (e) � � j (e)k2 ) � 1 ;

if (b� 1) mod T == 0 and (b 6= 1 and e 6= 1) then

update pij  qij (e)2
P

i
qij (e)

=
P

j
qij (e)2

P
i

qij (e)
, predsnew  arg maxqij (e) and � label  

P
(preds new 6= preds old )

jpreds j ;

if � label < � then
break;

end
predsold  predsnew ;

end
compute gradient r � L and update � via gradient descent

end
Use discrete values from clusters of latent representations forF and B ;
Step 3: Estimation ;

Estimate P(F = i; B = j; Y = k); // Joint distribution estimation
Compute Uni( Y :F jB ) = min Q2 � P IQ (Y ; F jB ) according to Eq. 1; // Iterative optimization
Calculate M sp using Eq.2;

Output: Measure of spuriousnessM sp ;

Segmentation: This step involves separating the core (F ) from the spurious (B ) features. Publicly avail-
able segmentation masks are used where available. For datasets without explicit core or spurious feature
information, masks can be generated using pre-trained semantic segmentation models (Lin et al., 2017).
Another possibility is to use CLIPSeg (Lüddecke & Ecker, 2022), an Open-Vocabulary Semantic Segmenta-
tion model, to automatically isolate various objects in the foreground to approximately obtain the core and
spurious features. Experiments for various scenarios are provided in Section 5.

Dimensionality Reduction: Since we are dealing with high-dimensional image data, our next module
compresses them into lower-dimensional discrete vectors. We propose to use an autoencoder, a deep neural
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network consisting of an encoder and a decoder, as shown in Fig. 6 to jointly do dimensionality reduction
and clustering. We incorporate a bottleneck structure from (Sadeghi & Armanfard, 2023) with convolutional
autoencoders of Guo et al. (2017) to obtain more informative lower-dimensional representation of the input
image. Along the lines of Guo et al. (2017), we obtain the clusters of the low-dimensional dataq by optimizing
a joint loss function de�ned as L = L r + 
L c where L r is the representation loss,L c is the clustering loss,
and 
 is a non-negative constant. See Appendix C.4 for more details.

Figure 6: Dimensionality reduction mod-
ule: Autoencoder with clustering to have
discrete lower-dimensional embedding.

Estimation: The �nal step includes the estimation of the joint
distribution and the PID values, also leading to the proposed
measureM sp . The joint distribution is obtained by comput-
ing the normalized 3D histogram of the discrete clusters of the
foreground, background, and binary target variable. Then, the
PID values are estimated from the joint distribution using the
DIT package (James et al., 2018), which is a Python pack-
age for discrete information theory. We useI BROJA developed
in (Bertschinger et al., 2014) to compute PID which solves
the convex optimization problem in De�nition 1 and results
in four non-negative terms, namely,Uni( Y :B jF ), Uni( Y :F jB ),
Red(Y :F; B ), and Syn(Y :F; B ): We use them to calculate the
measureM sp . In case of a multiclass classi�cation task (more than two classes), we use the PID estimator
proposed by (Liang et al., 2023).

5 Experimental Results

Since our proposition is a preemptive dataset explainability framework, the objective of our experiments
is to see how our anticipations from dataset before training agree with post-training model generalization
metrics like worst-group accuracy, SHAP, IoU, etc. In particular, we consider four setups: (i) Both core
and spurious features are available; (ii) Either core or spurious is available; (iii) Segmentation to obtain
core and spurious features; and (iv) Non-spatial spuriousness. We conduct experiments on six datasets:
Waterbird (Wah et al., 2011), Adult (Becker & Kohavi, 1996), CelebA (Lee et al., 2020), Dominoes (Shah
et al., 2020), Spawrious (Lynch et al., 2023), and Colored MNIST (Arjovsky et al., 2019). We begin with
using our explainability framework, namely Spuriousness Disentangler, on each dataset (often with dataset-
speci�c sampling biases and variations) to compute the PID values andM sp . We �ne-tune the pre-trained
ResNet-50 (He et al., 2016) model and calculate the worst-group accuracy over all groups for the Waterbird,
CelebA, Dominoes, Spawrious, and Colored MNIST datasets. For the tabular dataset Adult, we train the
XGBoost (Chen & Guestrin, 2016) model and calculate the worst-group accuracy. More details of the
experiments are provided in the Appendix D along with a comparison of our proposed measureM sp with
other measures in Table 2, Appendix D.2.

Figure 7: Bar-plot showing the redundant information (R), unique information in background (Uniq-B) and
foreground (Uniq-F), and Synergistic information (Syn) for di�erent variants (essentially di�erent sampling
biases) of the Waterbird dataset. Observe that the Uniq-B decreases and Uniq-F increases for group-
balanced, addition, and concatenation datasets compared to those of the unbalanced dataset. Also, observe
a negative trend betweenM sp and W.G. Acc. Note that the y-axis of the �rst �ve subplots is in log scale.

1. Both core and spurious features available: For the Waterbird, Dominoes, and Adult datasets, core
and spurious features are well-de�ned and accessible. In Waterbird, the bird's pixels serve as core features,
while the background is spurious. In the synthetic Dominoes dataset, car or truck images are core, and
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