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Abstract

Causal graphs play a crucial role in AI research as they
reveal the data generation processes underlying real-world
machine learning and computer vision tasks. Recent stud-
ies have leveraged causal graphs to develop more robust
and interpretable models. However, limited or biased data
often lead to inaccurate causal graph estimation, reducing
a model’s transferability to unseen domains. To address
this challenge, we propose a novel framework that performs
Bayesian inference over causal graphs to capture potential
underlying causal relations and identify invariant causal
features for DG prediction. The key advantage of our frame-
work lies in its ability to quantify causal graph uncertainty
in the context of prediction tasks and incorporate it into
the prediction process. Our proposed uncertainty provides
valuable insights into (i) the reliability of our method on
specific datasets, (ii) the alignment between learned causal
graphs and unseen test domains, and (iii) the confidence of
our predictions. In particular, we go beyond merely quan-
tifying uncertainty and leverage it as weighting factors in
a weighted Bayesian inference scheme. Empirical results
on multiple benchmark distribution-shift datasets show that
our algorithm, Causal Graph Uncertainty-guided Bayesian
Inference (CGU-BAYES), outperforms existing DG meth-
ods on challenging datasets and achieves state-of-the-art
performance overall.

1. Introduction

Although modern deep learning models have demonstrated
impressive performance across a spectrum of tasks with
large-scale annotated datasets, they still face significant
limitations, including poor generalization, lack of explain-
ability, and fairness issues due to their reliance on spuri-
ous correlations. These correlations are easy to capture
but prone to change across domains. To address this, a
natural approach is to leverage the invariance of causal-
ity and model causal relations within data using structural
causal models (SCMs). Guided by SCMs, multiple stud-
ies [7, 26, 35–37, 40] can identify and eliminate spurious
representations that show domain-varying correlations with
the label, distinguishing them from causal representations
that remain stable across domains. These works success-
fully improve domain generalization (DG) prediction per-
formance by constructing a predictive mechanism using
domain-invariant causal representations.

Unfortunately, the true SCMs over the variables of in-
terest (the latent representations, the prediction target, and
the domain variable) are unknown. They are either con-
structed heuristically [7, 26, 37] using common sense and
domain expertise, or learned statistically [35, 56]. Given
the challenges of acquiring reliable domain knowledge in
many real-world tasks, recent studies [34, 35, 44, 56] tend
to learn the SCM rather than assume one for DG prediction.
However, these methods intrinsically perform point estima-
tion of the SCM and select a single set of causal features for
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Figure 1. An illustration of using SCM to model the data generation process for vision data and our uncertainty-augmented Bayesian
framework, CGU-BAYES. For the SCM causal graph, black edges denote known relationships, green edges indicate possible acyclic
edges, and red edges highlight domain-dependent relations influenced by U . In CGU-BAYES, multiple CMB sets are selected across
sampled Gs, robust predictors are constructed, and their uncertainties are used as weights to aggregate predictions for the final output.

DG prediction. Their DG performance heavily depends on
the accuracy of SCM learning and causal feature identifica-
tion, which can degrade significantly under scarce or noisy
data conditions.

To tackle this issue, several works [45, 54] employ
Bayesian approaches to capture the posterior distribution of
invariant causal features using Bayesian Neural Networks
(BNNs). Bayesian inference is known to have several the-
oretical benefits. Averaging predictions over the poste-
rior distribution reduces the likelihood of overfitting as it
does not rely on a single, potentially biased parameter es-
timate [6] . More importantly, empirical studies [53] and
theoretical results from PAC-Bayesian theory [15] support
that Bayesian models generalize better than point estimate
models. Inspired by these works, we propose integrating
Bayesian inference into the causal framework to enhance
DG performance. While traditional Bayesian approaches
for DG prediction learn and sample from the posterior dis-
tribution of invariant features, our method goes a step fur-
ther by learning and sampling from the posterior distribu-
tion of the SCM’s causal graph itself. The corresponding
invariant causal features are then selected from the sampled
graphs to perform DG prediction. One advantage of our ap-
proach is that, by learning the causal graph and selecting
features causally related to the target, it enables identifica-
tion of a feature set that is theoretically guaranteed to be
invariant and maximally predictive.

Yet the key advantage of integrating the Bayesian frame-
work is that it enables explicit quantification of uncertainty.
Uncertainty has been empirically shown to be crucial for
Out-of-Distribution (OOD) generalization [30, 41, 46], as it
mitigates the issue of overconfident model predictions. We
quantify causal graph uncertainty in the context of predic-
tion tasks, providing insight into the reliability of our ap-
proach on specific datasets, the fitness of the learned graphs
and selected features in modeling unseen domains, and the

confidence of the resulting predictions. More importantly,
we go beyond merely quantifying uncertainty. Although
leveraging uncertainty for weighted aggregation is a rela-
tively common practice in Bayesian Deep Learning [2], to
the best of our knowledge it has not previously been applied
to DG prediction in computer vision tasks. Specifically, we
use the quantified uncertainty, which reflects the alignment
between the learned causal structures and unseen test do-
mains, as weights in a weighted Bayesian inference scheme.
Empirical results show that this uncertainty-augmented in-
ference consistently outperforms the standard Bayesian ap-
proach, validating both the effectiveness of our uncertainty
quantification and its role in guiding causal feature selection
for improved DG performance.
Contributions. In this paper, we make three key contri-
butions: 1) To improve OOD performance, particularly un-
der insufficient or noisy data regimes, we propose a novel
framework that performs Bayesian inference over causal
graphs to capture underlying data relationships and identify
causal features for prediction. 2) Our Bayesian formulation
enables uncertainty quantification, providing insights into
the reliability of the method on specific datasets, the align-
ment between learned causal graphs and unseen test do-
mains, and the confidence of the predictions. 3) We further
leverage the uncertainty that reflects the alignment between
the learned causal graphs and unseen domains as weighting
factors in a weighted Bayesian inference scheme. We evalu-
ate our framework on benchmark distribution-shift datasets.
Empirical results demonstrate that our method outperforms
existing DG approaches and standard Bayesian baselines on
challenging datasets while achieving state-of-the-art perfor-
mance overall.

2. Related Work
Domain Generalization. Domain generalization aims to
learn a universally applicable prediction model from one or
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multiple observational training domains and leverage it for
prediction in unseen test domains. The popular approaches
include disentanglement representation learning [1, 8–10],
data augmentation [24, 32, 33, 46], meta-learning [29, 47],
adversarial training strategies [50, 51], spurious correlations
mitigation methods [25, 42] and “mix-up” kinds of strate-
gies [16, 57, 58]. Since we employ both causality and
Bayesian inference in the context of DG prediction tasks,
we discuss the related works from these two perspectives.

Causal Representation Learning for Domain General-
ization. Recent causal representation learning approaches
for domain generalization employ SCMs to capture causal
relations within data and to select domain-invariant fea-
tures for robust prediction. One major line of work [3–
5, 7, 11, 12, 18–21, 27, 35, 38, 43] constructs SCMs using
domain-specific knowledge and derives causal constraints
from these models to regularize the learning of causal rep-
resentations. The differences among these methods mainly
lie in the specific causal constraints imposed. However,
they typically rely on expert domain knowledge to con-
struct SCMs and lack theoretical guarantees for the learned
representations. Consequently, another line of research fo-
cuses on learning SCMs rather than assuming them a priori.
Jointly learning high-level representations and the underly-
ing SCM can be ill-posed and challenging. To address this,
several recent studies [35, 56] first learn identifiable high-
level representations leveraging identifiable variational au-
toencoder (iVAE) frameworks, then infer the partial SCM
structure via independence tests to select causally related
features of the target. While Lu et al. [35] focuses on par-
ent and child variables, Yin et al. [56] extends this to in-
clude causal Markov blanket (CMB) features and proposes
an efficient CMB discovery method. These approaches con-
sider more general and flexible SCM structures, offering
theoretical guarantees for the identified causal features, and
demonstrating strong OOD prediction performance. Hence
we adopt this line of works as the foundation of our frame-
work. Nevertheless, they rely heavily on independence tests
for revealing the SCM structure, which are unreliable under
limited or noisy data. This compromises the accuracy of the
estimated causal graph and, in turn, the DG performance
of the identified causal features. Our method addresses
this limitation by performing Bayesian inference over the
SCM structure, identifying multiple plausible sets of causal
features to improve robustness and DG performance under
challenging data conditions.

Bayesian Approaches for Domain Generalization. Sev-
eral studies have employed Bayesian approaches to address
DG tasks under limited observational data. However, ex-
isting methods primarily focus on learning the posterior
distribution of target representations or model parameters
given the observational data. For example, Xiao et al.
[54] estimates the distribution of invariant classifier param-

eters using BNNs, Liu et al. [31] introduces a variational
Bayesian framework for aligning conditional distributions
and marginal label shifts, and Shen et al. [45] infers the
posterior distribution of domain-invariant features. In con-
trast, our approach estimates the posterior distribution of the
causal structure given data. By integrating both Bayesian
inference and causal discovery in DG tasks, our method en-
ables more theoretically grounded identification of causal
features for each Bayesian model, leading to improved DG
performance under challenging data conditions. Existing
Bayesian DG methods have not fully exploited Bayesian in-
ference for uncertainty quantification. We close this gap by
not only quantifying predictive uncertainty, but also clarify-
ing its implications and showing how to effectively leverage
it to further improve DG performance.
Bayesian Causal Discovery. Bayesian causal discovery
(BCD), instead of performing point-estimation of causal
graph from observational data, aims to estimate the poste-
rior distribution of causal graph given data. In our frame-
work, we directly employ existing BCD methods rather than
proposing a new one. To this end, we comprehensively eval-
uate state-of-the-art approaches and select the method with
optimal performance. A detailed discussion of related BCD
work is provided in Appendix B.3.

3. Bayesian Framework for Domain General-
ization Task

In this section, we first introduce the causal framework
for DG prediction tasks in Section 3.1, followed by our
Bayesian inference formulation in Section 3.2 and uncer-
tainty quantification approach in Section 3.3.

3.1. Causal Framework for Prediction Tasks
The core of constructing a causal framework for predic-
tion tasks lies in employing a SCM to capture the data-
generating process among variables of interest. Existing ap-
proaches lack consensus on the specific form of the SCM,
often adopting models that share general principles but dif-
fer in structural details. In this work, we follow the struc-
tural settings proposed by Yin et al. [56] due to their practi-
cality and flexibility. An example of an SCM causal graph
consistent with these settings is illustrated in Figure 1.
SCM. In Figure 1, X ∈ Rd represents the high-
dimensional input data (the images) and Y the target vari-
able for prediction. Domain variable U encodes domain-
specific information, which remains constant within a given
domain. Z ∈ RN represents the latent, high-level vari-
ables responsible for generating X . Based on their rela-
tionships to Y , Z can be divided into four types: parent
variables Zp ∈ Rnp , child variables Zc ∈ Rnc , spouse
variables Zs ∈ Rns , and spurious variables Zo ∈ Rno . Zp,
Zc, and Zs together constitute the CMB representations
Zcmb. Conditioning on this set d-separates the prediction
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target Y from other variables in the causal graph, partic-
ularly domain-specific variations (Zo and U ), thereby en-
suring robustness across environments. Moreover, this set
includes the direct causes, direct effects, and indirect causes
(through direct effects) of Y , thus capturing maximal infor-
mation about the target and being inherently predictive.
Multiple domains and their variations. Given the causal
structure G, the SCM defines a set of conditional distribu-
tions for each variable given its parents, parameterized by
Θ, to model the data generation process. Existing studies
commonly assume that data from different domains share
the same G but differ in parameters. Specifically, condi-
tional distributions such as p(y|zp), p(zc|y,zs), and p(x|z)
are unaffected by the domain variable U and thus consid-
ered domain-invariant, while others, including p(zo|πo),
p(zp|πp), and p(zs|πs), vary across domains due to their
dependence on U . These domain-dependent conditionals
cause both the joint distribution over all variables and the
marginal distribution p(x, y) to shift across domains.

3.2. Bayesian Inference for Domain Generation Pre-
diction Tasks

Domain generalization tasks aim to leverage knowledge
learned from training domains to make accurate predictions
on unseen test domains. LetD denote the observational data
from the training domains, and let xt be an input sample
drawn from an unseen test domain. The goal is to construct
p(y|xt,D). In our framework, we recover the SCM causal
graph G from D along with its associated parameters Θ to
construct a universally applicable predictor. Specifically, as
illustrated in Eq. (1), we perform Bayesian inference over G
and build an ensemble of predictors corresponding to each
sampled G. The predictions are then aggregated to mitigate
overfitting to the training domain, avoiding reliance on a
single, potentially biased parameter estimate [6]. A detailed
derivation is provided in Appendix A.1.

p(y|xt,D) ∝ EG∼p(G|D)

[
p(y|xt,G)p(xt|G)

]
. (1)

Remark 1. Eq. (1) shows that estimating p(y|xt,D) re-
quires the graph posterior p(G|D), the graph-based predic-
tor p(y|xt,G), and the alignment term p(xt|G). In prac-
tice, we sample candidate graphs from p(G|D), build a
robust predictor for each, and aggregate their predictions
weighted by each graph’s compatibility with xt.

In particular, to obtain p(G|D), we develop a learning
framework that integrates iVAE and Bayesian causal dis-
covery (BCD) using only observational data in vision tasks,
as detailed in Section 3.3. In this section, we focus on the
remaining two components in Eq. (1).
Robust Predictor p(y|xt,G). We seek a domain-invariant,
transportable predictor for p(y|xt,G). As discussed in Sec-
tion 3.1, the CMB representations Zcmb are both robust and

highly predictive. Thus, we approximate p(y|xt,G) by ex-
tracting Zcmb and using it to predict Y as in Eq. (2). Since
the CMB set is determined by G, we denote it by ZG

cmb.
Please refer to Appendix A.2 for the detailed derivations.

p(y|xt,G) ≈ p
(
y|(zG

cmb)
∗), (zG

cmb)
∗ = argmax p(zG

cmb|x
t,G). (2)

Remark 2. Eq. (2) reduces estimating p(y|xt,G) to ex-
tracting the CMB representations from the input and learn-
ing p(y|zG

cmb).

Alignment Term p(xt|G) via Uncertainty. p(xt|G) mea-
sures how well an unseen input xt aligns with a sam-
pled causal graph G. Directly estimating it via the full
SCM joint and marginalizing non-X variables is infeasi-
ble, due to missing U and Y for xt and unknown test-
domain parameters. Instead, we approximate p(xt|G) us-
ing the epistemic uncertainty of the predictor p(y|xt,G),
termed SINGLE-GRAPH PREDICTION UNCERTAINTY and
denoted Ue(xt|G). Epistemic (model) uncertainty arises
from limited knowledge about the correct model due to in-
sufficient data, and unlike aleatoric uncertainty, it can be re-
duced with more informative data. Prior work [14, 22, 23]
emphasizes its inverse relationship with data density. How-
ever, there is no universal functional form linking Ue(xt|G)
and p(xt|G); this relationship depends on the specific model
and uncertainty estimation method. In this work, we adopt
a generic formulation1 to estimate p(xt|G) from Ue(xt|G),
as shown in Eq. (3),

p(xt|G) ∝ e−αUe(x
t|G). (3)

Here, α controls the dispersion of the weights: by tuning
it, we avoid both nearly uniform weights (a naive ensem-
ble) and overly peaked weights (effectively a single deter-
ministic model), which would undermine the benefits of the
Bayesian framework.

Remark 3. Low Ue(xt|G) indicates strong alignment be-
tween xt and G, so the predictor trained under G general-
izes well to xt and contributes more to the aggregated pre-
diction. Thus, our Bayesian approach naturally prioritizes
predictors that best generalize to the domain of xt.

3.3. Uncertainty Quantification
SINGLE-GRAPH PREDICTION UNCERTAINTY
Ue(xt|G). As noted above, we approximate p(xt|G)
using the epistemic prediction uncertainty of p(y|xt,G).
Eq. (4) first shows that p(y|xt,G) contains two sources of
uncertainty,

p(y|xt,G) =
∫
p(y|zG

cmb)︸ ︷︷ ︸
aleatoric

p(zG
cmb|x

t,G)︸ ︷︷ ︸
epistemic

dzGcmb. (4)

1Using an exponential function with a tunable scaling factor is a stan-
dard practice in related literature. In practice, we normalize the estimated
p(xt|G) values across different Gs and use them as weights for the corre-
sponding predictors.
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We treat the predictor for p(y|xt,G) as an epistemic neu-
ral network [39], where the distribution of zG

cmb induces
model stochasticity. Following the entropy-based uncer-
tainty quantification in Osband et al. [39], we obtain epis-
temic uncertainty Ue(xt|G) as the difference between to-
tal and aleatoric uncertainty, as shown in Eq. (5). Detailed
derivations are provided in Appendix A.3.

Ue(xt|G) =H[p(y|xt,G)]︸ ︷︷ ︸
Total uncertainty

−Ep(zG
cmb|xt,G)

[
H[p(y|zG

cmb)]
]︸ ︷︷ ︸

Aleatoric uncertainty

≈H[ 1
S

S∑
s=1

p(y|(zG
cmb)

s)]− 1

S

S∑
s=1

H[p(y|(zG
cmb)

s)],

(zG
cmb)

s ∼ p(zG
cmb|x

t,G).

(5)

H[·] denotes entropy. S2 is the number of sampled CMB
representations.

Remark 4. Our uncertainty quantification in Eq. (5) is ef-
ficient because it only relies on samples of the CMB repre-
sentations and the conditional distribution p(y|zG

cmb), both
of which are already computed when estimating p(y|xt,G)
in Eq. (2).

We also assess the reliability of the aggregated Bayesian
predictions.
BAYESIAN INFERENCE UNCERTAINTY Ue(xt|D). In
contrast to Ue(xt|G), Ue(xt|D) measures the epistemic
uncertainty of the full Bayesian predictor p(y|xt,D) =∫
G p(y|xt,G) p(G|xt,D) dG. Here, p(y|xt,G) encodes

aleatoric uncertainty, while p(G|xt,D) captures epistemic
uncertainty. Analogous to Ue(xt|G), we estimate Ue(xt|D)
via an entropy-based decomposition, as the difference be-
tween total and aleatoric uncertainty (Eq. (6)).

Ue(xt|D) ≈H
[∑L

l=1 p(y|xt,Gl)p(xt|Gl)∑L
l=1 p(x

t|Gl)

]
−

[∑L
l=1H[p(y|xt,Gl)]p(xt|Gl)∑L

l=1 p(x
t|Gl)

]
, (6)

where Gl ∼ p(G|D). The terms p(y|xt,Gl) and p(xt|Gl)
are estimated using Eq. (2) and Eq. (3), respectively. The
full derivation is provided in Appendix A.4. Intuitively,
Ue(xt|D) characterizes the confidence of our Bayesian
predictions. Moreover, given the inferred graph poste-
rior p(G|D), we can assess the variability among sampled
graphs. This variability is a key indicator of whether the
Bayesian approach is likely to outperform non-Bayesian
methods on a given dataset.
CAUSAL GRAPH UNCERTAINTY U(G). The effectiveness
of Bayesian inference in Eq. (1) depends critically on the
variability of the sampled causal graphs. If the sampled
Gs are identical or lie within the same Markov equivalence
class, the resulting zG

cmb and predictors p(y|zG
cmb) coincide,

so the Bayesian procedure effectively reduces to a single

2Since the expectation in Eq. (5) is generally intractable, we approxi-
mate it with a sample average.

deterministic model, offering little benefit. This typically
occurs when abundant, high-quality data are available [13],
where deterministic methods already perform well. In con-
trast, under scarce or noisy data, existing BCD methods
tend to produce more diverse causal graphs that are less
likely to encode domain-specific noise or bias, thereby im-
proving generalization to unseen domains; our Bayesian ap-
proach is particularly advantageous in this regime. Practi-
cally, we quantify U(G) by measuring variation in CMB
selection across sampled graphs: for each variable Zi, we
record 1 if Zi ∈ Zcmb and 0 otherwise to form a |Z|-
dimensional binary vector per graph, and then compute
U(G) as the average pairwise distance between these vec-
tors over all sampled graphs.

4. Proposed Algorithm: CGU-Bayes

Guided by the theoretical results in Section 3, we propose
a novel approach for performing domain generalization
prediction, denoted as Causal Graph Uncertainty-guided
Bayesian Inference procedure (CGU-BAYES).

Algorithm 1 CGU-BAYES Training Procedures

1: Input: Training domain observational data for vari-
ables X , Y , and U .

2: Phase 1: Learn the Z ∈ RN via NF-iVAE [35].
3: Train the NF-iVAE, with its encoder qψ(Z|X) and de-

coder pθ(X|Z), by minimizing the objective in Eq. (7).

LiVAE =−Eqψ(z|x)
[
log pθ(x|z) + log pT ,λ(z|y, u)− log qψ(z|x)

]︸ ︷︷ ︸
LELBO

+ Eqψ(z|x)
[
∥∇zqψ(z|x)−∇zpT ,λ(z|y, u)∥2

]︸ ︷︷ ︸
LSM

(7)

4: Sample observations of Z using the trained encoder
qψ̂(Z|X). Obtain observations of variable set Dc =

{Z, Y, U} for learning G.
5: Phase 2: Estimate p(G|Dc) via DAG-GFlowNet [13].
6: Sample Gl ∼ p(G|Dc), l = 1, 2, · · · , L.
7: Phase 3: Construct the robust predictor for each Gl.
8: for l← 1 to L do
9: Identify the CMB representations ZGl

cmb from Gl.
10: Train the predictor pϕl(Y |ZGl

cmb) by minimizing the
objective in Eq. (8).

ϕ̂l =argmin
ϕl

Ex,yLpred

(
y, pϕl(y|zGl

cmb)
)
, zGl

cmb ∼ qψ̂(z|x) (8)

11: end for
12: return Encoder qψ̂(Z|X), the CMB representations

ZGl

cmb in terms of their indices, and learned predictors
{pϕ̂l(Y |ZGl

cmb)}Ll=1 for inference.
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Training Procedure. We outline our training procedures
in Algorithm 1. We build on the NF-iVAE framework [35],
as Yin et al. [56] have shown it can learn the fully iden-
tifiable representation set Z under our SCM. To match
our inference procedure, we replace the original encoder
q(Z|X, Y, U) with q(Z|X). Detailed derivations of LELBO
and the resulting training steps are provided in Appendix
A.5. We also prove that the learned representation Z
remains component-wise identifiable in theory (Appendix
B.2) and exhibits a comparable level of identifiability in
practice (Appendix C.5), which is crucial for reproducibil-
ity of Z and for transferring the identified CMB sets and
encoder across domains. The quality of the learned Z
is crucial: if Z is not fully disentangled, the BCD will
yield an inaccurate posterior over G, causing the selected
CMB features to be contaminated with domain-variant in-
formation. For BCD, we comprehensively evaluate several
state-of-the-art methods on vision datasets, and select the
one with the best overall accuracy and reasonable runtime:
DAG-GFlowNet [13]. Because our SCM imposes structural
assumptions on the causal graphs (Assumption ?? in Ap-
pendix B.1), we discard sampled graphs that violate these
assumptions3 and retain only those that satisfy them. For
efficiency, we sample and use only the first L = 5 valid
graphs. We train robust predictors with cross-entropy loss
Lpred(·) for classification, and with the Gaussian negative
log-likelihood for regression, where the network predicts
the mean and variance of p(y|zGl

cmb).
Inference Procedure. For a test input xt, we first com-
pute Ue(xt|Gl) for each predictor via Eq. (5). Concretely,
we sample Z from the trained encoder qψ̂(z|x

t), extract

ZGl

cmb using the CMB indices identified during training,
and then compute the weight p(xt|Gl) using Eq. (3). We
finally normalize {p(xt|Gl)}Ll=1 and combine them with
{pϕ̂l(y|zGl

cmb)}Ll=1 in Eq. (1) to obtain the final prediction.
Complexity Analysis. For the training procedure, the iVAE
and BCD phases scale quadratically with respect to the la-
tent representation dimension and the number of variables
in G, respectively. Specifically, the computational complex-
ities are O(|Z|2) for Phase 1 and O

(
(|Z|+ 2)2

)
for Phase

2. The training of the L predictors in Phase 3 scales lin-
early with the size of the corresponding CMB sets, i.e.,
O(

∑L
l=1 |Z

Gl

cmb|). For the inference procedure, let Me and
Mp denote the computational costs of the encoder and the
predictor per sample, respectively. During inference, we
sample S latent representations from the encoder for each
input and evaluate L graph-specific predictors conditioned
on their corresponding CMB representations. The resulting
complexity per test sample is roughly O(SMe + LSMp).
We also report wall-clock training times and inference la-
tencies in the Appendix C.7, showing that (1) overall infer-

3For example, the graphs with the presence of link U → Y .

ence costs are comparable, with only a marginal gap when
parallel inference is used, and (2) the extra training time is
a well-justified trade-off for improved accuracy, especially
in challenging data regimes.

A key requirement of our approach is a set of plausi-
ble causal graphs over the latent representations, target, and
domains. As clarified in Remark 4, this can be relaxed to
identifying a set of plausible latent features that are causally
related to the target. However, neither causal graphs nor
causal representations are typically available, especially in
real-world vision datasets. To address this, we incorporate
iVAE and BCD modules into our training pipeline, which
provide a practical and reliable way to obtain such sets
while building on existing techniques. We also study an al-
ternative variant that uses the “causal representations” and
predictors learned by several state-of-the-art baselines, esti-
mates their uncertainties, and aggregates their predictions;
we denote this variant CGU-BAYES++ and evaluate both
versions empirically.

5. Experiments
We investigate the effectiveness of our proposed algorithm
CGU-BAYES, in terms of OOD prediction performance. In
particular, we highlight our performance gain on the chal-
lenging limited and noisy data settings. We also show
that our estimated uncertainties can provide intuition of our
predictions and further improve the OOD predictions.
Dataset. We evaluate on one synthetic dataset (Colored
MNIST, CMNIST), one challenging real-world dataset (Bi-
axial Loading Test, BLT), and three standard distribu-
tion shift benchmarks (PACS, VLCS, OfficeHome). CM-
NIST [7] is constructed by coloring grayscale digits so that
color is spuriously correlated with the label; the task is to
classify whether a digit is less than 5. Each of the two
training domains has 30,000 images, and the test domain
has 10,000 images, with substantially different color–label
correlations inducing distribution shift. We further create
more challenging insufficient and noisy data variants, de-
scribed below and in Appendix C.2. BLT is a biaxial load-
ing dataset collected from a tricuspid valve anterior leaflet
(TVAL) specimen of a porcine heart. Seven biaxial stress-
ratio protocols (P11 : P22 = 1:1, 1:0.66, 1:0.33, 0.66:1,
0.33:1, 0.05:1, 1:0.1) yield 3,539–4,175 samples per proto-
col and 26,524 samples in total, with each protocol treated
as a domain. The task is to predict x- and y-axis stresses
from images, under shifts induced by changing stress ra-
tios, limited samples, and gradual microscale tissue dam-
age that introduces non-uniform, heteroskedastic noise (see
Appendix C.3 for examples). PACS [28] contains 9,991 im-
ages from 4 domains (Photo, Art painting, Cartoon, Sketch)
and 7 classes. VLCS [48] has 10,729 images from 4 do-
mains (PASCAL VOC 2007, LabelMe, Caltech, Sun) and
5 classes. OfficeHome [49] includes 15,588 images from

10527



Table 1. Empirical results on BLT dataset in terms of OOD relative MSE (%) against
state-of-the-art baselines. We report CGU-BAYES with and without applying uncertainty
as weights, and the causal graph uncertainty U(G). We set |Z| = 50.

Algorithms Out-of-distribution relative MSE (%) ↓
1:1 1:0.66 1:0.33 0.66:1 0.33:1 0.05:1 1:0.1 Average

ERM 68.3 21.5 40.4 32.6 46.5 111.0 214.5 76.4
CORAL 67.7 21.4 34.1 34.5 36.1 90.5 193.0 68.2

IRM 65.3 21.1 38.8 35.1 45.8 99.0 200.1 72.2
CAUSALREP 63.5 20.9 36.5 31.8 39.5 98.1 198.0 69.8

CTRANS 60.9 20.5 35.0 31.0 30.8 85.1 185.6 64.1
ICARL 60.7 22.1 38.5 36.1 35.2 89.2 185.3 66.7

CMBRL 58.3 20.1 36.5 33.2 28.2 85.0 179.2 62.9
BITEBAYES 65.3 21.1 35.8 32.1 26.8 89.0 182.1 64.6

PTG 63.2 20.8 39.4 31.7 35.4 98.5 187.5 68.1
CGU-BAYES (w/o UG) 50.7 21.4 32.7 33.3 33.5 80.6 166.0 59.7

CGU-BAYES 41.4 18.4 29.6 30.6 25.7 73.2 150.2 54.2
U(G) 12.3 3.7 6.2 5.3 6.7 25.1 37.6 -

Table 2. Empirical results on CMNIST in terms
of prediction accuracy (%) against state-of-the-
art baselines. We set |Z| = 32.

Algorithms Prediction Accuracy (%)
In-distribution (↑) OOD (↑)

ERM 85.2±0.5 10.8±0.2

ROBUST MIN MAX 84.3±0.4 10.9±0.5

F-IRM GAME 63.4±1.1 60.0±2.7

V-IRM GAME 64.0±1.0 49.2±3.4

RSC 76.3±0.3 20.5±1.0

IRM 59.3±4.4 62.8±9.6

CAUSALREP 70.1±1.5 68.6±5.5

CTRANS 76.9±0.8 72.5±1.1

ICARL 70.6±0.8 68.8±1.5

CMBRL 76.4±0.8 74.1±1.2

CGU-BAYES 76.0±1.2 74.1±1.3

CGU-BAYES++ 85.2±0.3 74.2±1.3

4 domains (Artistic, Clipart, Product, Real World) and 65
classes. For BLT, PACS, VLCS, and OfficeHome, we fol-
low the standard leave-one-domain-out protocol: one do-
main is held out for testing and the remaining domains are
used for training. Implementation details are provided in
Appendix C.1, and ablation studies on hyperparameters are
discussed in Appendix C.6.

5.1. Results on Challenging Synthetic Data
We aim to demonstrate that CGU-BAYES remains robust
under challenging scenarios where existing baselines fail.
To this end, we design two protocols on synthetic CMNIST:
1) an insufficient data setting and 2) a noisy data setting. In
the insufficient data setting, we limit the number of train-
ing images and evaluate on the full test domain, sampling
M ∈ {500, 1000, 2000, 5000} images from each training
domain. In the noisy data setting, we corrupt the training
images by adding Gaussian noise to each pixel, where the
noise is drawn from N (0, σ2) with σ2 ∈ {0.01, 0.1, 1, 10}.
Figure 2 presents the empirical results of our CGU-BAYES
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Figure 2. Evaluations on challenging data scenarios. The left fig-
ure shows performance under insufficient data, while the right fig-
ure shows performance under noisy data.
on these two challenging data settings. We compare it with
several state-of-the-art causal domain generalization base-
lines, ICARL [35], CMBRL [56], and CAUSALREP [52], as
well as the Bayesian baseline BITEBAYES [54]. Empirical
results show that under a limited number of training domain
images and high noise levels, existing causal domain gen-
eralization methods ICARL, CMBRL, and CAUSALREP
fail to match the performance of Bayesian approaches. Our

CGU-BAYES consistently achieves the best results, outper-
forming the existing Bayesian baseline by 8.3% and 5.9%
with 500 and 1000 images, respectively, and by 4.3% and
5.4% under severe noise settings with σ2 = 10 and 1.

Although the results in Figure 2 are promising, one may
question whether these findings generalize beyond CM-
NIST, given that the tasks are relatively simple and the
data is synthetic. To address this concern, we introduce the
BLT dataset, a real-world, complex and naturally collected
datasets designed to evaluate domain generalization under
more complex and realistic conditions. Using BLT, we can
test the robustness and applicability of our CGU-BAYES
approach in practical scenarios.

5.2. Results on Complex Realistic Data

In Table 1, we compare against ERM, state-of-the-art
causal approaches (IRM [7], CAUSALREP, CTRANS [37],
ICARL, and CMBRL), and two Bayesian approaches
(BITEBAYES and PTG [45]). Since the BLT dataset in-
volves a regression task, we evaluate OOD performance us-
ing relative MSE. The results indicate that the BLT domains
differ significantly in their levels of distribution shift. Some
domains, such as 1:0.66 and 0.66:1, are easier to general-
ize and show relatively low ERM errors. Others, including
1:1, 0.05:1, and 1:0.1, exhibit stronger shifts and are more
difficult to generalize.

Overall, CGU-BAYES performs consistently well across
all domains. On domains with stronger shifts and more
difficult generalization, the performance gains are substan-
tially larger. For example, on 1:1, 0.05:1, and 1:0.1, our
improvements over the best baselines are 9.3%, 7.4%, and
15.8%. On domains with mild shifts such as 1:0.66 and
0.66:1, where most methods already perform reasonably
well, the gains remain positive but smaller.

The results also demonstrate the effectiveness of our
quantified uncertainties. First, incorporating uncertainty-
guided weights improves performance compared with the
version without uncertainty guidance. On challenging do-
mains the gains are substantial, for example on 0.05:1 where
the error decreases from 80.6 to 73.2. Second, the causal
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graph uncertainty U(G) shows a clear pattern: uncertain-
ties are small on easy domains and large on difficult ones,
which aligns with the intuition that easy domains yield sim-
ilar CMB sets across sampled graphs. This correspondence
between the magnitude of the distribution shift and the level
of graph uncertainty indicates that the uncertainty can signal
when our method is likely to perform well. This supports
our claim in Section 3.3.

5.3. Results on Benchmark Domain Shifts Data

We then compare CGU-BAYES with a broad set of DG
methods on four standard distribution shift benchmarks:
CMNIST, PACS, VLCS, and OfficeHome. Table 2 reports
results on the clean and complete CMNIST dataset, eval-
uated against baselines including IRM and its variants F-
IRM and V-IRM [3], the ROBUST MIN MAX method [3],
RSC [17], CAUSALREP, CTRANS, and ICARL. As shown
in Table 2, CGU-BAYES performs on par with these
baselines, while the alternative version CGU-BAYES++
achieves the best accuracy, although by a modest margin. A
likely reason is that CMNIST provides sufficient and noise-
less images for training, which leads to low variability in
the CMB set. Consequently, our method relies on nearly
the same CMB features as deterministic approaches such
as CMBRL, resulting in similar OOD performance. For
CGU-BAYES++, we aggregate predictions from selected
feature sets and predictors produced by CMBRL, ICARL,
CAUSALREP, and ERM. Inputs from different domains
tend to favor different models, allowing CGU-BAYES++ to
adaptively rely on the most suitable model, achieving strong
performance across both training and testing domains.

We report the full evaluation of our approaches on PACS,
VLCS, and OfficeHome in Table 3, comparing against a
broad suite of DG baselines. In addition to the causal and
Bayesian methods discussed earlier, we include widely used
DG approaches such as GroupDRO [44] and Mixup [55].

Overall, CGU-BAYES performs on par with the
strongest baselines, while CGU-BAYES++ achieves the
best results, with only a modest margin on PACS. To-
gether with the CMNIST findings, this suggests that stan-
dalone CGU-BAYES does not consistently yield gains on
all benchmarks, but its boosted variant built on multi-
ple state-of-the-art methods reliably matches or surpasses
them. Comparing CGU-BAYES++ to a uniform ensemble
of its base models (iCaRL, CMBRL, CAUSALREP, ERM),
the uniform average attains 55.7, 80.5, and 87.2 accuracy
on CMNIST, VLCS, and PACS, far below our weighted
scheme (74.2, 82.9, 90.5). This highlights the importance
of our weighting mechanism, which adaptively emphasizes
the most suitable base models: unlike uniform averaging,
which is dragged down by weak OOD methods such as
ERM, our approach downweights ERM under shift while
still exploiting its strength in-distribution.

Table 3. Empirical results on VLCS, PACS, and OfficeHome
datasets in terms of OOD prediction accuracy (%). We report the
average performance over all domains. Please refer to Tables 5
and 6 in the Appendix C.4 for detailed results.

Algorithms VLCS (↑) PACS (↑) OfficeHome (↑)
ERM 77.2 83.5 66.5
GROUPDRO 77.9 84.4 66.0
RSC 77.5 85.2 65.5
MIXUP 77.7 84.6 68.4
FACT 78.3 88.2 66.6
IRM 78.5 85.5 64.3
SAGNET 77.5 86.3 68.1
ICARL 81.8 88.7 -
CASN 79.1 87.3 68.1
CIRL 78.5 90.1 67.1
CMBRL 82.3 89.1 67.1
BITEBAYES 79.1 85.5 66.4
PTG 76.1 83.7 61.6
CGU-BAYES 82.5 89.5 69.5
CGU-BAYES++ 82.9 90.5 69.5

5.4. Evaluation of Uncertainty
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Figure 3. The evaluation
of Bayesian inference un-
certainty Ue(x

t|D).

We have demonstrated the
effectiveness of single graph
uncertainty Ue(xt|G) in
improving OOD predictions
and of causal graph uncer-
tainty U(G) in indicating
when our approach is likely
to perform well on a specific
dataset. In this section, we
evaluate Bayesian inference
uncertainty Ue(xt|D) by
using it to filter out low-confidence predictions in the test
domain. Figure 3 reports the OOD prediction accuracy
after discarding the top 5%, 10%, and 15% of predictions
with the highest uncertainty. The results indicate that
removing predictions with high uncertainty consistently
improves OOD accuracy.

6. Conclusion
We propose CGU-BAYES, a framework that performs
Bayesian inference over causal graphs to perform domain
generalization prediction. Through extensive experiments
on a wide-range of synthetic and real datasets, we show that
our approach consistently improves OOD generalization,
particularly in challenging scenarios with limited or noisy
data. We demonstrate that quantified uncertainties at both
the single graph and graph ensemble levels provide valuable
guidance for prediction confidence and model reliability.
Furthermore, our boosted variant, CGU-BAYES++, effec-
tively aggregates predictions across state-of-the-art models
to achieve optimal performance across multiple domains.
Overall, our results highlight the importance of combining
causal structure learning with Bayesian uncertainty mod-
eling for robust domain generalization, offering a practi-
cal and interpretable framework applicable to both synthetic
and complex real-world datasets.
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Bernhard Scholkopf, and Léon Bottou. Discovering causal
signals in images. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 6979–6987,
2017. 1

[35] Chaochao Lu, Yuhuai Wu, José Miguel Hernández-Lobato,
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