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Abstract

Deep neural networks (DNNs) often experience substantial performance degra-
dation when deployed in environments that differ from their training conditions,
a challenge commonly referred to as domain shift. Domain Generalization (DG)
aims to address this problem by learning representations from multiple source
domains that remain robust to distributional changes and generalize effectively to
unseen target domains. While many existing DG approaches attempt to suppress
or align domain-specific variations within a shared feature space, disentangled
representation learning provides an alternative strategy by explicitly separating
task-relevant semantic information from domain-dependent factors.

This work investigates Feature Orthogonalization via Contrastive Upper-bound
Separation (FOCUS), a mutual information-based disentanglement framework
that explicitly models domain-agnostic and domain-specific representations.
FOCUS employs separate content and domain branches and reduces statisti-
cal dependence between their corresponding embeddings using the Contrastive
Log-ratio Upper Bound (CLUB). In this extended study, we further investigate
whether the effectiveness of mutual information-based disentanglement depends
strongly on the choice of mutual information estimator by introducing a lower-
bound formulation based on Mutual Information Neural Estimation (MINE) and
systematically comparing it with the original CLUB-based formulation.
Extensive experiments on PACS, Office-Home, VLCS, and Terralncognita
demonstrate that FOCUS achieves average accuracy improvements of 1.26%,
0.70%, 0.71%, and 2.70%, respectively, over strong existing DG methods. The
extended comparison further shows that both lower-bound and upper-bound
mutual information regularization substantially improve over ERM and achieve



broadly comparable generalization performance. CLUB provides a modest per-
formance advantage when appropriately weighted, whereas MINE produces a
more naturally balanced regularization signal during optimization. These findings
suggest that the primary benefit stems from the mutual information-based sep-
aration of domain-specific and task-relevant representations, whereas the choice
of estimator primarily influences the optimization characteristics and the scaling
of the regularization objective.

Keywords: Domain Generalization, Mutual Information, Disentangled
Representation Learning, Domain Shift, Representation Learning..

1 Introduction

Deep neural networks (DNNs) have achieved remarkable success in computer vision
by learning highly discriminative representations. However, their performance often
degrades substantially when they are deployed on data distributions that differ
from those observed during training. This problem, commonly referred to as domain
shift [1, 2], limits the reliability of DNNs in real-world applications where environmen-
tal conditions, image styles, backgrounds, viewpoints, and acquisition settings may
vary significantly. A central premise in Domain Generalization (DG) [3] is that the
underlying semantic relationship between inputs and labels remains relatively stable
across environments, while the observed input distribution changes due to domain-
specific factors. DG therefore aims to train models on multiple source domains so that
they can learn representations that remain robust and transferable to unseen target
domains.

A wide range of DG methods has been proposed to improve generalization under
domain shift. These include adversarial learning approaches [4—7], which encourage
domain-invariant representations by reducing the distinguishability of source domains
and data augmentation strategies [8-12], which expose models to a broader range
of visual variations. Other approaches seek to learn robust domain-agnostic features
by minimizing distributional discrepancies among latent representations across source
domains [13, 14]. Although these strategies have shown promising results, many of
them primarily focus on suppressing or aligning domain-specific variations within a
shared feature space.

A key limitation of standard empirical risk minimization (ERM) [15] and many
alignment-based DG strategies is that they may exploit spurious correlations that are
predictive in the training domains but fail under unseen domain shifts. This issue is
especially pronounced in visual recognition, where deep networks can entangle task-
relevant semantic content with domain-specific cues such as texture, illumination,
background, or style. As a result, the learned classifier may inadvertently rely on
nuisance variations, making predictions sensitive to changes in the target environ-
ment. Moreover, simply suppressing domain-specific information can discard useful
factors that could instead be modeled separately to improve representation learning.
Motivated by disentangled representation learning [16-19], recent methods attempt



to address this limitation by separating latent representations into domain-invariant
and domain-specific components. The key intuition is that if semantic content and
domain/style information are represented in distinct latent subspaces, the classifier
can base its decisions primarily on the domain-invariant content representation while
reducing reliance on nuisance variations. For example, Polarization of Embeddings
(POEM) [17] learns separate representation branches and encourages their separation
by minimizing cosine similarity between domain-specific and domain-agnostic embed-
dings. This promotes geometric decorrelation and encourages linear independence
between the two feature spaces.

Inspired by this direction, our previous conference work [20] introduced Fea-
ture Orthogonalization via Contrastive Upper-bound Separation (FOCUS), a
disentanglement-based framework for Domain Generalization (DG) that explicitly
leverages domain-specific information to improve the learning of domain-agnostic
representations. FOCUS employs two encoders to learn category-related and domain-
specific representations, denoted as Z. and Zg4, respectively. Two corresponding clas-
sifiers predict class and domain labels from these representations. The domain-specific
branch is encouraged to capture domain-related factors, whereas the task-specific
branch focuses on semantic information expected to transfer across environments.
By explicitly modeling these complementary factors, FOCUS seeks to reduce the
entanglement of semantic information with domain-dependent variations.

A central motivation behind FOCUS is that purely geometric separation [17] may
be insufficient for robust disentanglement. Although cosine similarity or orthogonality-
based constraints can reduce geometric overlap or linear correlation between embed-
dings, they do not necessarily eliminate higher-order or nonlinear statistical depen-
dencies. Consequently, domain-related information may remain encoded within the
task-relevant representation and provide spurious predictive cues that fail under
unseen domain shifts. FOCUS therefore regularizes the mutual information between
Z. and Zg, providing a more general dependence criterion that can capture both linear
and nonlinear relationships between the two representation spaces.

The original FOCUS formulation employs the Contrastive Log-ratio Upper Bound
(CLUB) estimator [21] to obtain a tractable upper-bound estimate of mutual infor-
mation. Because the objective of disentanglement is to reduce dependence between
Z. and Zg4, an upper-bound formulation is conceptually well aligned with this goal:
reducing the estimated upper bound directly constrains an estimate lying above the
underlying mutual information. In practice, however, the effectiveness of representa-
tion disentanglement may depend not only on the theoretical form of the estimator but
also on its numerical scale, optimization behavior, and interaction with the supervised
learning objectives.

Motivated by this observation, the present version extends our conference study
by systematically investigating the role of mutual information estimation in disen-
tangled DG. In addition to the original CLUB-based upper-bound formulation, we
introduce an alternative formulation based on Mutual Information Neural Estimation
(MINE) [22], which provides a lower-bound estimate of mutual information. By evalu-
ating both estimators within the same dual-branch representation-learning framework,
we examine whether the generalization benefit of mutual information regularization



depends strongly on the specific estimator or instead arises primarily from encouraging
separation between task-relevant and domain-specific representations.

The extended analysis reveals that both lower-bound and upper-bound mutual
information regularization substantially improve over the ERM baseline and pro-
vide broadly comparable generalization performance. The CLUB-based formulation
achieves a modest accuracy advantage when appropriately scaled, while the MINE-
based formulation produces a mutual-information signal whose magnitude is more
naturally balanced with the supervised losses. These observations indicate that the
two estimators differ more noticeably in their optimization characteristics and required
regularization strength than in their resulting DG accuracy. Thus, the extended
study provides a broader perspective on mutual information-based disentanglement
by distinguishing the benefit of dependence regularization itself from the effect of the
particular estimator used to implement it.

The main contributions of this extended work can therefore be summarized as
follows:

e We build upon the previously introduced FOCUS framework [20], which learns
complementary domain-agnostic and domain-specific representations and reduces
their statistical dependence using mutual information regularization.

® We extend the original formulation with a lower-bound mutual information objec-
tive based on MINE and provide a systematic comparison with the CLUB-based
upper-bound formulation under a common disentangled representation-learning
framework.

® We analyze not only downstream DG accuracy but also the optimization behavior
and numerical scaling of the two mutual information objectives, showing that com-
parable generalization performance can arise despite substantial differences in the
magnitude and weighting requirements of their regularization signals.

e We conduct extensive evaluations on PACS [23], Office-Home [24], VLCS [25], and
Terralncognita [26], demonstrating the effectiveness of mutual information-based
disentanglement across diverse forms of domain shift.

The remainder of this paper is structured as follows. Section 2 reviews relevant
work in domain generalization and disentangled representation learning. Section 3
describes the FOCUS framework and the upper- and lower-bound mutual information
formulations considered in this study. Section 4 presents the experimental settings and
evaluation results. Section 4.5 provides the ablation studies and comparative analysis
of the mutual information estimators. Finally, Section 5 concludes the paper.

2 Related Work

Domain Generalization (DG) [10] aims to learn models from multiple labeled source
domains that can generalize effectively to unseen target domains. Unlike domain adap-
tation, DG assumes that no target-domain data are available during training, making
the problem particularly challenging under distributional shifts. A central objective in
DG is to learn representations that preserve task-relevant semantic information while



reducing sensitivity to domain-specific variations such as illumination, texture, back-
ground, viewpoint, and acquisition conditions. Existing DG approaches can be broadly
categorized into domain-invariant representation learning, adversarial learning, data
augmentation, and disentangled embedding learning. In the following subsections,
we review these directions and position our proposed framework within the broader
literature.

2.1 Domain-Invariant Representation Learning

Learning domain-invariant representations has been one of the most widely studied
strategies for domain generalization. The main objective is to extract features that
remain stable across source domains and are therefore more likely to generalize to
unseen environments. Early approaches focused on explicitly reducing distributional
discrepancies across domains while preserving class-discriminative information. For
example, Domain-Invariant Component Analysis (DICA) [27] learns a feature trans-
formation that suppresses domain-specific variations while retaining label-relevant
structure. Similarly, Scatter Component Analysis (SCA) [28] projects data into a latent
space where inter-domain discrepancy is reduced and class separability is enhanced.

Another important line of work relies on distribution matching objectives, such
as Maximum Mean Discrepancy (MMD), to align latent representations across
source domains. These methods encourage samples from different domains to share
similar feature distributions, thereby reducing domain-dependent variation. Domain-
Adversarial Neural Networks (DANN) [5] extend this idea by introducing an adversar-
ial loss that encourages the feature extractor to learn representations that are difficult
for a domain discriminator to distinguish. By reducing domain-specific cues in the
latent space, these methods promote domain-invariant feature learning.

More recent approaches have extended invariance learning beyond direct feature-
distribution alignment. Fishr [29] encourages invariance by matching domain-level
gradient variances, thereby promoting similar optimization behavior across source
domains, while DomainDrop [30] identifies and suppresses domain-sensitive feature
channels. Other approaches impose structural constraints on the representation space;
for example, HYPO [31] promotes domain-invariant representations through hyper-
spherical feature learning with intra-class compactness and inter-class separation.
Collectively, these methods demonstrate a shift from explicit distribution matching
toward enforcing invariance through optimization dynamics, feature structure, and
representation geometry.

2.2 Adversarial Learning

Adversarial learning provides another mechanism for learning domain-invariant rep-
resentations. In this setting, a feature extractor is trained to support the main
classification task while simultaneously confusing a domain discriminator. The discrim-
inator attempts to predict the domain label from the learned representation, whereas
the feature extractor is optimized to make the domain labels indistinguishable. This
adversarial interaction encourages the latent representation to remove domain-specific
cues and retain features that are shared across domains.



Li et al. [5] proposed an adversarial autoencoder-based framework that learns
domain-invariant representations through an adversarial objective. Later, Li et al. [6]
introduced a conditional invariant adversarial network that aligns representations
conditioned on class labels, thereby preserving discriminative structure while reduc-
ing domain discrepancy. Adversarial methods have shown strong potential for DG,
particularly when domain distributions differ significantly. However, adversarial train-
ing can be unstable and often requires careful balancing between classification and
domain-confusion objectives. Moreover, aggressively suppressing domain information
may inadvertently remove useful semantic cues if domain and class information are
entangled.

More recently, Dayal et al. proposed Margin-based Adversarial Learning for
Domain Generalization (MADG) [32], which formulates adversarial domain alignment
using a margin-based discrepancy measure. Rather than relying solely on conven-
tional domain discrimination, MADG seeks to reduce source-domain discrepancies
through a margin-aware adversarial objective and provides a theoretical connection to
unseen-domain generalization.

2.3 Data Augmentation

Data augmentation improves DG by increasing the diversity of training data and
exposing the model to variations that may occur in unseen domains. Classical aug-
mentation strategies apply label-preserving transformations to input samples, such as
color jittering, cropping, flipping, or geometric transformations. DG-specific augmen-
tation methods go further by attempting to synthesize domain-shifted examples that
preserve semantic content while altering domain-specific appearance.

Volpi et al. [9] generated adversarial perturbations that simulate challenging unseen
domains by maximizing the model’s loss within a constrained neighborhood. Shankar
et al. [33] proposed CrossGrad, which perturbs samples using gradients from a domain
classifier to encourage robustness to domain variations. Zhou et al. [11] introduced
Learning to Augment by Optimal Transport (L2A-OT), which learns a generator
to synthesize pseudo-novel domain samples. They later proposed Deep Domain-
Adversarial Image Generation (DDAIG) [10], which generates domain-shifted variants
of input images using an adversarial generator.

In addition to image-level augmentation, recent DG methods increasingly
manipulate intermediate feature representations. Uncertainty Modeling for Out-of-
Distribution Generalization (DSU) [34] models feature statistics as uncertain quanti-
ties and synthesizes alternative feature statistics during training to improve robustness
to potential domain shifts. Exact Feature Distribution Matching (EFDM) [35] further
moves beyond manipulating only feature means and variances by matching empir-
ical feature distributions, enabling richer feature-level style transformations. Cross
Contrasting Feature Perturbation [12] generates novel latent representations while
explicitly seeking to preserve semantic consistency, whereas Randomized Adversarial
Style Perturbation (RASP) [4] perturbs style-related feature statistics in adversarial
directions to improve robustness to unexpected styles. These approaches demonstrate
that feature-space augmentation can expose models to a substantially broader range
of domain variations without requiring explicit image generation



Although augmentation-based methods can enrich the training distribution, their
effectiveness depends on whether the generated samples faithfully represent realistic
domain shifts without introducing semantic distortions or artifacts.

2.4 Disentangled Embedding Learning

Disentangled embedding learning [16-19] offers a principled way to address domain
shift by explicitly separating task-relevant semantic content from domain-specific fac-
tors. In the DG setting, the goal is to decompose the latent representation into a
domain-invariant component Z., which captures class-relevant information, and a
domain-specific component Z;, which captures style or domain-related variations.
This separation is motivated by the assumption that the semantic relationship
between inputs and labels remains stable across domains, while nuisance factors
such as background, texture, illumination, and acquisition conditions vary across
environments.

Several DG methods have investigated this separation using different forms of
supervision and regularization. Bui et al. [36] exploit both domain-invariant and
domain-specific representations and encourage their separation through covariance-
based constraints. Zhang et al. [16] provide a more principled treatment of disen-
tanglement for DG by explicitly modeling latent factors associated with transferable
and domain-dependent information. POEM [17] adopts separate domain-agnostic and
domain-specific branches and promotes separation between their embeddings using
cosine similarity, encouraging the two representations to occupy distinct directions in
the latent space.

More recent work has extended this idea beyond purely geometric separation.
INSURE [18] introduces an information-theoretic perspective for learning comple-
mentary representations and emphasizes that domain-specific information need not
be entirely discarded, provided that it is appropriately separated from task-relevant
information. DSDRNet [19] further explores dual-stream disentanglement through
reconstruction and feature-style manipulation, reinforcing the usefulness of explicitly
modeling domain-dependent factors rather than simply suppressing them.

Despite recent advances in disentangled DG, many existing approaches rely on
covariance, cosine similarity, orthogonality, or reconstruction-based objectives to sep-
arate domain-specific and task-relevant information. Such constraints can effectively
reduce geometric overlap or low-order statistical dependence between representations,
but they do not necessarily eliminate more complex nonlinear relationships. Con-
sequently, residual domain-related information may remain within the task-relevant
representation and contribute to spurious correlations under unseen domain shifts.

FOCUS [20] addresses this issue by regularizing the statistical dependence between
domain-agnostic and domain-specific embeddings using mutual information. Rather
than simply encouraging geometric separation, the framework seeks to reduce a more
general measure of dependence capable of capturing nonlinear relationships between
latent variables. The original FOCUS formulation employs the Contrastive Log-ratio
Upper Bound (CLUB) [21] as the mutual information regularizer.



Mutual information has also been explored in DG from different perspectives.
For example, MIRO [37] employs mutual-information-based regularization to pre-
serve useful information from pretrained representations during domain-generalized
learning. In contrast, FOCUS applies mutual information directly between learned
task-relevant and domain-specific embeddings with the objective of reducing their
dependence. Thus, the role of mutual information in FOCUS is specifically associated
with disentangled representation learning rather than representation preservation.

In this extended study, we additionally examine whether this disentanglement
mechanism depends strongly on the particular mutual information estimator. Specif-
ically, we compare the original CLUB-based upper-bound formulation with a lower-
bound alternative based on MINE [22]. This comparison provides insight into how the
mathematical form, numerical scale, and optimization behavior of different mutual
information estimators influence representation separation and downstream domain
generalization.

3 FOCUS Framework

3.1 Problem Setting

Let X C RP denote the input space, ¥ = {1,...,C} denote the label space, and
D ={1,..., K} denote the set of source domain indices. A domain is characterized by

a joint probability distribution P)((kﬁ)/ € Pxxy, where Pxxy denotes the set of all joint
distributions over X x ). In the multi-source Domain Generalization (DG) setting,
we are given K labeled source domains:

s0 = { (=, 4") }Nm , keD, (1)

v i=1

where each sample is drawn i.i.d. as
(49,49 ~ P ®

Although all domains share the same label space ), their marginal input distributions
may differ:
k j .
PP £ PP k], 3)
The goal of DG is to learn a predictor

fixX=Y, (4)

using only the source domains { S} | such that it generalizes well to an unseen

target domain 7 characterized by a distribution P)(g), During training, no samples
from the target domain are available, i.e., S(7) = ().

A central premise of DG is that the semantic relationship between inputs and
labels remains stable across domains, while the observed input distribution changes
due to domain-specific factors such as illumination, background, texture, viewpoint,



and acquisition conditions. Therefore, a representation learning approach to DG seeks
to learn a content representation

Ze=FEcp, (X)7 (5)

that is both sufficient for predicting the task label and invariant to domain-specific
variations. This principle can be expressed in information-theoretic form as

max I(Z.;Y) subject to I(Z.; D) =0, (6)

EC

where I(+;-) denotes mutual information. Maximizing I(Z.;Y) encourages the rep-
resentation to retain task-relevant semantic information, while minimizing I(Z.; D)
encourages the representation to discard domain-dependent information.

In practice, directly enforcing this objective is difficult because semantic and
domain-specific factors are often entangled in the learned feature space. To address
this issue, we explicitly learn two complementary representations: a domain-invariant
content embedding Z. and a domain-specific embedding Z;. The objective is to make
Z. predictive of the class label Y, make Z; predictive of the domain label D, and
reduce statistical dependence between the two embeddings.

3.2 Dual-Branch Disentangled Representation Learning

The proposed framework employs two encoders: a content encoder E. g, : X — R™,
parameterized by 6., and a domain encoder E;g, : X — R", parameterized by 6.
Given an input sample X, the two encoders produce

Z.=E.p,(X), Zg=E49,(X). (7)

The content embedding Z, is intended to capture category-relevant semantic infor-
mation that generalizes across domains, while the domain embedding Z; is intended
to capture domain-specific factors such as style, background, and acquisition-related
variations.

Two classifiers are used to supervise these embeddings. The class classifier C s, :
R™ — Y, parameterized by d., predicts class labels from Z.. The domain classi-
fier Cyqs5, : R® — D, parameterized by 4, predicts domain labels from Z;. The
corresponding cross-entropy losses are defined as

/:'c - ECE (Cc,éc (EC,OC (X))7 Y)7 (8)

Lq=Lce(Casy(Eap, (X)), D), 9)
where Lcg denotes the multi-class cross-entropy loss.

The domain supervision term encourages Z; to capture domain-related infor-
mation, while the class supervision term encourages Z. to capture task-relevant
information. However, these two objectives alone do not guarantee that Z, and Z, are
statistically independent. Domain-specific cues may still leak into the content repre-
sentation, especially when semantic and stylistic factors are correlated in the training



domains. Therefore, we introduce a mutual information-based regularization term to
reduce dependence between the two embeddings:

I(Ze; Z4) — 0. (10)

Unlike covariance or cosine-similarity regularization, mutual information can capture
both linear and nonlinear statistical dependencies, making it a stronger criterion for
disentangling domain-invariant and domain-specific representations.

3.3 Mutual Information Estimation

The mutual information between Z, and Z; is defined as

1(Z:; Zy) = //p(zc,zd) log (m) dzedzg, (11)

where p(z., z4) denotes the joint density of (Z., Z4), and p(z.) and p(z4) denote the
corresponding marginal densities. Direct computation of mutual information is gener-
ally intractable for high-dimensional neural representations because the true joint and
marginal distributions are unknown.

The original FOCUS framework [20] uses CLUB to obtain an upper-bound estimate
of I(Z.; Z4) and minimizes this estimate during representation learning. In the present
extended study, we additionally consider MINE as a lower-bound estimator in order
to investigate whether the effectiveness of mutual information-based disentanglement
depends strongly on the estimator used to construct the regularization objective.

These two formulations provide complementary perspectives. CLUB produces an
upper-bound estimate and is therefore naturally aligned with an objective that seeks
to reduce mutual dependence. MINE instead provides a lower-bound estimate whose
quality depends on optimization of a neural critic. Although reducing a lower bound
does not provide the same direct interpretation as reducing an upper bound, it can
nevertheless provide a useful dependence-sensitive regularization signal in practice.
Comparing these alternatives under the same architecture allows us to separate the
effect of mutual information-based regularization from the effect of the particular
estimator.

3.4 Lower-Bound Mutual Information Estimation with MINE

MINE [22] estimates a lower bound on mutual information using the Donsker—
Varadhan representation of the Kullback—Leibler divergence. For two probability
distributions P and @, the KL divergence is given by

Diw(PlIQ) = sup Ep[T] — log Eqle), (12)
T:Q—R

where the supremum is taken over all functions 7" for which both expectations remain
finite.
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The mutual information 7(X;Y’) between two random variables X and Y can be
defined through KL divergence as

I(X;Y) = Dxi(pxy || pxpy), (13)

where pxy is the joint distribution and px and py are the marginal distributions.
Following MINE, we use a neural network Ny to estimate the lower bound of I(Z.; Z):

I(ZC;Zd) 2 Sug Epzczd[NQ(ZmZd” — log ]EPZCEPZd [eXp(Ng(Zc,Zd))]. (14)
S

ie(ZmZd)

Using this lower-bound estimate, the MINE-based objective is written as:

5, fhin - max E(X,V.D)~Pure {LC(CC’(;C (Be.(X)),Y)

+ M Ly(Cas,(Eap, (X)), D) (15)
+ /\2 jg(EcﬂC ()()7 Ed,(‘)d (X))] .

Here, X € X, Y € Y, and D € D denote the input sample, class label, and
domain label, respectively. Ps.. denotes the empirical mixture distribution over the
available source domains {P}((k))/}ke'p. The content encoder E. g. produces the content
embedding Z,., while the domain encoder Eg g, produces the domain embedding Z,.
The classifiers C, 5. and Cy,s5, predict class and domain labels, respectively. The scalars
A1, A2 > 0 balance domain supervision and mutual information regularization.

Optimization is performed alternately. The MINE critic is first updated while
the encoders are fixed in order to improve the lower-bound estimate for the current
representations. The critic is subsequently held fixed while the encoders and classifiers
are optimized using the estimated mutual information as a regularization signal. This
alternating procedure allows the dependence estimator and representation model to
evolve jointly during training.

Because MINE provides a lower bound, reducing its estimated value should not
be interpreted as guaranteeing a corresponding reduction in the exact mutual infor-
mation when the bound is loose. Nevertheless, the estimator can still supply a useful
dependence-sensitive learning signal. We therefore use the MINE formulation in this
extended study as an alternative mechanism for MI-based representation separation
and empirically compare its behavior with the original CLUB-based formulation.

3.5 Upper-Bound Mutual Information Estimation with CLUB

The original FOCUS framework employs the Contrastive Log-ratio Upper Bound
(CLUB) [21] to regularize the dependence between Z. and Zz. CLUB expresses an
upper bound on mutual information as

I(Zc? Zg) < ]Epzczd [Ing(Zd | ZC)] - EpzcEpzd [Ing<Zd | ZC)]‘ (16)
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Since the true conditional distribution p(Zy4 | Z.) is unavailable, variational CLUB
introduces a variational approximation ¢, (Zq | Z.), parameterized by 1. The mutual
information estimate is then given by

I(Ze; Zq) < fw(Zd Zq) = Epzczd [log Qw(Zd | Z¢)] — EpzcEpzd [log qw(Zd | Z.)]. (17)
Given N sample pairs {(2ci, za,;)}Y1, the unbiased mini-batch estimate is given by

N

N
1 1
Iy =+ > g gy (zai | 2ei) — N > logqy(za; | zeq) | - (18)
i=1 J=1

The first term assigns high likelihood to matched pairs (2, 2q,;), while the second
term penalizes high likelihood assigned to mismatched pairs (zc ;, zq,;) within the mini-
batch. Minimizing the CLUB upper bound promotes statistical independence between
Z. and Zg4, leading to more robust and disentangled representation learning.

An upper-bound formulation is conceptually attractive for disentanglement
because the learning objective is explicitly concerned with suppressing dependence.
However, the empirical effectiveness of a particular estimator also depends on its
numerical scale and optimization behavior. As demonstrated in the extended exper-
iments, the CLUB estimate can have a substantially larger magnitude than the
supervised objectives and therefore requires appropriate weighting during training.

3.6 FOCUS: Feature Orthogonalization via Contrastive
Upper-bound Separation

FOCUS, originally introduced in our conference work [20], adopts the CLUB-based
upper-bound formulation as its mutual information regularization mechanism. The
framework is designed around the principle that domain-specific information need not
be completely discarded; instead, it can be explicitly modeled in a separate repre-
sentation space and statistically decoupled from the representation used for semantic
prediction.

FOCUS (Figure 1) employs two dedicated encoders: E. g, to capture category-
relevant characteristics Z;, and E;g, to extract domain-specific characteristics Zg.
The class classifier C, s, predicts class labels from Z,, while the domain classifier Cy s,
predicts domain labels from Z;. The CLUB estimator then regularizes the two latent
spaces by minimizing their mutual dependence.

In the general CLUB formulation, the variational conditional distribution gy (Zy |
Z.) can be modeled as a Gaussian distribution with a learned mean and variance:

qw<Zd | Zc) = N (Zd;uw(zc)adiag (012[)(20))) ) (19>

where p1(Z.) denotes the predicted conditional mean of Z; given Z., and O'i(ZC)
denotes the predicted conditional variance.

12
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Fig. 1 Overview of the FOCUS framework. FOCUS (Feature Orthogonalization via Contrastive
Upper-bound Separation) employs parallel encoders to extract domain-invariant and domain-specific
features, and uses the CLUB mutual information upper bound to minimize statistical dependence
between the two embedding spaces. This promotes effective disentanglement and enhances general-
ization to unseen domains.

Using this general Gaussian formulation, the CLUB estimate can be written as:

i=1

N
jC'LUB = —% {%Z (Zdﬂ- - Nw(zc,i))T Diag [0122(2671-)} (Zd,i — ,u,j,(zcyi))}

N
1 1 T . —
58 75 22 G = polze)) " Diag |02 (20)| (2 — o (22))

=1 j=1
(20)
In practice, we adopt the CLUBMean variant by fixing the covariance to the
identity matrix:
ap(Za | Ze) = N (Zas py(Ze), 1) - (21)

Equivalently, this assumes
0%(Z)=1, Diag [af(zc)} — I
With this unit-covariance assumption, the CLUB estimate simplifies to:

11 1] 1 L&
IcruBmean = D) {N Z ll2a,i — Mw(zc,i)||2} + FRWE ZZ l[2a,; = t( Zcz)“
=1 i=1j=1

(22)
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This choice is motivated by stability considerations. In preliminary experiments, learn-
ing the conditional variance introduced unstable mutual-information estimates and, in
some cases, produced negative values, which is undesirable because CLUB is intended
to act as an upper-bound estimator. Fixing the covariance to the identity matrix avoids
unreliable variance estimation and reduces the estimator to a distance-based objec-
tive: the first term measures the distance between the predicted mean py(zc;) and
the true paired embedding 2,4 ;, while the second term measures the distance between
the same predicted mean and independently sampled embeddings z4 ;. Thus, CLUB-
Mean still captures dependence through how well Z; can be predicted from Z., while
providing a more stable and computationally efficient regularization signal.

The optimization objective function in FOCUS for learning a domain-agnostic
feature space is defined as:

ec,gl,lg&d E(x,v,D)~Purc [ﬁc(cc,éc (Ee6.(X)),Y)
+ M Ly(Cas,(Eap,(X)), D)
207 (Eo, (X). Ea,(X). 0" (e, (X), Ea, (X)), (23)

where  J(Zec, Za, ) = 1y(Ze; Za),
W (Zey Zg) = arg mj}iX Epzczd llog qy(Za | Z.)].

Here, the first term preserves the class-discriminative capacity of Z., the second
term encourages Zy to capture domain-specific information, and the third term min-
imizes the CLUB upper-bound estimate of mutual information between Z. and Zj.
This encourages the two embeddings to become statistically independent, reducing
the leakage of domain-specific information into the content branch.

FOCUS is optimized using an alternating training strategy. At each iteration, the
CLUB estimator parameters are first updated by maximizing the conditional likelihood
of matched representation pairs while the encoders are fixed. The CLUB parameters
are then held fixed while the encoders and classifiers are optimized using the complete
FOCUS objective.

The MINE formulation introduced in this extended study does not redefine
FOCUS; rather, it serves as an alternative dependence regularizer used to inves-
tigate the role of the mutual information estimator. This distinction allows the
original CLUB-based FOCUS design to be evaluated against a lower-bound alternative
while keeping the underlying dual-branch architecture and disentanglement objective
conceptually consistent.

4 Experimental Setup and Evaluation

This section presents the experimental setup used to evaluate the proposed FOCUS
framework for domain generalization. We first describe the benchmark datasets and
evaluation protocol, followed by the implementation details, network architecture, and
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Algorithm 1 Training procedure for FOCUS

1: Input: Source datasets {S(k)}szl; encoders E.g,,Eq0,; classifiers Ccs,.,Cqs,;
Gaussian CLUB model qy(Zq | Z.) = N(Za; pyp(Ze), I); weights A1, Ao; minibatch
size B; epochs T'; estimator steps nest

2: Output: Trained F, and C.

3: fort=1to T do

4: Sample a mini-batch {(zgk), ygk), dz(-k))}f;l from the source domains

// (i) Update CLUB estimator (encoders fixed)

2o B, (2), 2454 Bag, ()

for s=1ton do
Log-likelihood = L(1)) = & 2?:1 log gy (#a,i | zc,i)
Update 9 by maximizing £(1))

end for

// (i) Update encoders/classifiers (CLUB fixed)

10: Compute I,(Z.; Zq) using Eq. (18)

11: Compute Lrocus using Eq. (23) with ¢ fixed

12: Update {00, 0d7 607 6d} by minimizing ‘CFOCUS

13: end for

14: Return F,. and C

© ® 3> @

quantitative results. The experiments are conducted on four widely used DG bench-
marks: PACS, VLCS, Office-Home, and Terralncognita. These datasets cover a broad
range of distribution shifts, including artistic style changes, dataset-specific acqui-
sition differences, object appearance variations, and environmental shifts caused by
different camera-trap locations. Together, they provide a rigorous evaluation setting
for assessing the robustness and transferability of the learned representations.

Following the standard leave-one-domain-out DG protocol, one domain is selected
as the unseen target domain for testing, while the remaining domains are used as
source domains for training and validation. No samples from the target domain are
used during training. This protocol reflects the multi-source DG setting considered in
this work, where the goal is to learn representations that remain discriminative for
semantic prediction while being robust to domain-specific variations.

4.1 Datasets
4.1.1 PACS

PACS [23] is a widely used object recognition benchmark for domain generalization.
It contains four domains: Photo, Art-Painting, Cartoon, and Sketch. These domains
exhibit substantial visual differences in texture, color distribution, abstraction level,
and image detail, making PACS particularly useful for evaluating robustness to style-
driven domain shifts. The dataset contains 9,991 images across seven object categories:
dog, elephant, giraffe, guitar, horse, house, and person. In this work, we follow the
official training-validation split commonly used in DG evaluation.
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4.1.2 VLCS

VLCS is another standard DG benchmark, consisting of images collected from four dif-
ferent datasets: VOC2007/PASCAL, LabelMe, Caltech, and SUN. It contains 10,729
images across five semantic categories: bird, car, chair, dog, and person. Unlike
PACS, which primarily captures artistic and stylistic variation, VLCS reflects dataset-
induced shifts caused by differences in scene composition, background clutter, lighting,
object scale, and acquisition conditions. These characteristics make VLCS useful
for evaluating whether a model can learn representations that remain stable across
dataset-specific distribution shifts. We follow the training and validation protocol
described in [5].

4.1.3 Office-Home

Office-Home [24] is a challenging domain generalization benchmark designed to eval-
uate robustness across object appearance and rendering-style variations. It contains
15,500 images from 65 object categories commonly found in office and home environ-
ments. The dataset includes four domains: Art, Clipart, Product, and Real-World.
The Art domain contains artistic depictions of objects, Clipart consists of abstract
illustrations, Product includes high-resolution commercial product images, and Real-
World contains natural photographs. Due to its larger number of categories and diverse
visual styles, Office-Home presents a more complex recognition setting than PACS and
VLCS. We use the domain splits and training-validation protocol adopted in [38].

4.1.4 Terralncognita

Terralncognita [26] is a wildlife recognition benchmark designed to evaluate DG under
severe environmental and geographic distribution shifts. It contains 24,788 images from
10 animal categories collected using camera traps at four locations: L38, L43, 1100,
and L46. Each location corresponds to a distinct domain and introduces variations
in background, illumination, viewpoint, camera placement, and ecological context.
Unlike style-based benchmarks, Terralncognita contains naturally occurring shifts
where domain-specific environmental cues may become spuriously correlated with class
labels. This makes it particularly challenging for evaluating whether a method can
suppress domain-dependent information while preserving semantic discriminability.
Following the protocol in [37], we use 80% of each source domain for training and
reserve the remaining 20% for validation.

4.2 Implementation Details

We follow the standard multi-source DG evaluation protocol, where one domain is
held out as the target domain and the remaining domains are used as source domains.
From the source domains, the training split is used to optimize the model, while the
validation split is used to select the best-performing configuration. The held-out target
domain is used only for final testing.

All experiments are conducted using mini-batch stochastic gradient descent (SGD).
We use a batch size of 32 for PACS, VLCS, Office-Home, and Terralncognita. The
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training process is carried out for 50 epochs with a weight decay of 5 x 10~* and an
initial learning rate of 0.001. The learning rate is reduced by a factor of 0.1 after epoch
40. Standard image augmentation techniques are applied during training, including
color jittering, random horizontal flipping, and random resized cropping. All input
images are resized to 224 x 224 to ensure consistency across datasets.

Based on our empirical analysis, for the MINE-based lower-bound formulation, we
set (A1 = 1, 0.5, 1, 0.5) and (A\y = 1, 1, 1, 0.5) for PACS, VLCS, Office-Home, and
Terralncognita, respectively. For the CLUB-based FOCUS formulation, we use (A
=1, 1, 1, 0.5) for the same four benchmarks, while (A is fixed at (0.01) across all
datasets. In particular, our experiments showed that the CLUB-based upper-bound
estimate operates on a substantially larger numerical scale and can dominate the
supervised objectives if assigned a larger weight, whereas the MINE-based lower-
bound estimate remains more comparable in magnitude to the classification losses
and therefore supports larger regularization coefficients. Both estimators are updated
over 5 steps per iteration, providing a stable mutual information regularization signal
without over-optimizing the estimators for each mini-batch.

4.3 Network Architecture
4.3.1 Feature Extractors

FOCUS uses a dual-encoder architecture to separately model domain-invariant and
domain-specific information. Both encoders are implemented using ResNet-50 [39]
pretrained on ImageNet. The use of a pretrained backbone provides strong initial
feature representations and stabilizes training across all datasets.

The content encoder E.q9, : X — R2%48 maps an input image X to a domain-
invariant embedding;:

Z.=FE.p.(X). (24)

This embedding is optimized to retain semantic information relevant to the classi-
fication task while suppressing domain-dependent variations such as texture, style,
illumination, and background.

The domain encoder Eg4, : X — R2%48 yses the same ResNet-50 architecture and
maps the input image to a domain-specific embedding;:

Zg=FE49,(X). (25)

This branch is supervised using domain labels and is encouraged to capture domain-
related factors, including stylistic attributes, low-level appearance patterns, and
imaging conditions. The use of two separate encoders enables FOCUS to explic-
itly disentangle task-relevant semantic information from domain-dependent nuisance
variations.

4.3.2 Predictors

FOCUS employs two prediction heads to supervise the disentangled latent spaces
generated by the dual encoders. The class predictor C, 5. is implemented as a single
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fully connected layer that maps the 2048-dimensional content embedding Z. to class
logits:
Ces, : R?® - RV,
The output dimension corresponds to the number of object categories in each dataset.
The domain predictor Cy 5, is implemented as a multi-layer perceptron that maps
the 2048-dimensional domain-specific embedding Z; to domain logits:

. 2048 K
Cd,gd.R - R N

where K denotes the number of source domains. The MLP consists of an input layer
of size 2048, two hidden layers of size 2048 each, and an output layer of size K. Each
hidden layer is followed by a ReLU activation:

ReLU(z) = max(0, x). (26)

Training this predictor with domain labels encourages Eq4, to emphasize domain-
specific variations such as style, texture, illumination, and background statistics.
Together, the class and domain predictors provide complementary supervision signals
that guide the formation of disentangled latent spaces.

4.3.3 MINE Estimator

For the lower-bound mutual information formulation, the MINE critic Ny is imple-
mented as a two-layer multilayer perceptron (MLP). The critic takes the concatenated
representations (Z., Z4) as input and maps them to a 512-dimensional hidden rep-
resentation followed by a ReLU activation. A final fully connected layer produces a
scalar critic score, which is used to estimate the Donsker—Varadhan lower bound on
mutual information.

4.3.4 CLUB Estimator

To estimate and minimize the dependence between the domain-invariant and domain-
specific feature spaces, FOCUS uses the CLUBMean estimator [21]. The estimator
models the conditional distribution gy (Zy | Z.) as a Gaussian with fixed identity
covariance:
ay(Za | Ze) = N(Za; py(Ze), 1), (27)

where (1, (Z.) is predicted by a neural network and I denotes the identity covariance
matrix.

The neural network used to model p;(Z.) consists of an input layer, a fully con-
nected hidden layer with 512 units, and an output layer matching the dimensionality
of Z;. A ReLU activation follows the hidden layer:

h=ReLUW:1Z.+b),  heR*™? (28)

115(Z2) = Wah + by. (29)
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The CLUB upper-bound estimate is minimized during training to reduce statistical
dependence between Z. and Z;, thereby promoting stronger disentanglement between
semantic and domain-specific representations.

4.4 Results and Discussion

We compare FOCUS against Empirical Risk Minimization (ERM) [40] and several
state-of-the-art DG methods across PACS, VLCS, Office-Home, and Terralncognita.
ERM serves as the baseline and trains a single model across all source domains by
minimizing the average classification loss. All reported results follow the leave-one-
domain-out evaluation protocol, where each domain is used once as the unseen target
domain.

The results demonstrate that FOCUS consistently improves average accuracy
across all four DG benchmarks. On PACS, FOCUS achieves an average accuracy
of 88.99%, outperforming the strongest competing method by +1.26%. On VLCS,
FOCUS reaches 80.51%, providing a +0.71% improvement over the strongest reported
baseline. On Office-Home, which contains 65 object categories and substantial stylis-
tic diversity, FOCUS achieves 71.60%, improving over the best competing method
by +0.70%. On Terralncognita, which presents severe environmental and geographic
shifts, FOCUS achieves 53.10%, yielding a notable +2.70% gain over the strongest
prior method.

These improvements indicate that explicitly separating domain-invariant and
domain-specific representations, while minimizing their mutual dependence using the
CLUB upper bound, improves robustness to unseen domain shifts. The gains are
especially pronounced on Terralncognita, suggesting that FOCUS is particularly effec-
tive when spurious correlations between domain-specific environmental cues and class
labels are strong. Overall, the results confirm that upper-bound mutual informa-
tion regularization provides an effective mechanism for learning transferable and
domain-agnostic embeddings.

Figures 24 present t-SNE [41] visualizations of the embeddings learned by the
FOCUS framework on the VLCS benchmark. The first visualization illustrates class
separation, where all samples are colored by semantic class label to assess how well the
learned embeddings preserve category-level structure. The second visualization shows
domain alignment, where the same embeddings are colored by domain to evaluate the
degree of source—target mixing in the latent space. The third visualization provides
a class-conditional domain-alignment view for a selected class, where samples belong-
ing to a single semantic category are colored by domain. This finer-grained plot is
particularly useful for examining whether samples of the same class but from differ-
ent domains are mapped into a shared feature region, thereby offering more direct
evidence of class-wise domain invariance.

Overall, the visualizations show that FOCUS learn embeddings that are seman-
tically structured and substantially aligned across domains. In the class-separation
plot, samples within the same category tend to form relatively compact and distinct
clusters, indicating that the framework preserves meaningful semantic information
in its learned representations. In the domain-alignment plot, samples from different
source domains and the target domain exhibit considerable overlap, suggesting that
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Fig. 2 t-SNE visualization of embeddings learned by FOCUS on the VLCS benchmark, with points
colored by class label. The plot illustrates the semantic separability of the learned representation,

showing that samples from the same category are mapped into relatively compact and distinguishable
regions.

the learned embeddings suppress a substantial portion of domain-specific variation.
These visual results are consistent with the quantitative findings and support the con-
clusion that FOCUS improves domain generalization by learning embeddings that are
both semantically discriminative and more domain-agnostic.

The main benchmark results evaluate the original CLUB-based FOCUS formu-
lation. The extended estimator analysis presented in Section 4.5 further examines
whether these gains depend strongly on using an upper-bound estimator specifi-
cally. As discussed there, the lower-bound MINE formulation also achieves substantial
improvement over ERM, suggesting that an important component of the observed
benefit arises from mutual information-based dependence reduction itself rather than
exclusively from the mathematical form of the CLUB estimator.

4.5 Ablation Study

To better understand the factors that contribute to the framework’s performance,
we conduct ablation studies on the PACS benchmark. The analysis examines two
related questions. First, we evaluate the contributions of domain-specific supervision
and mutual information regularization to the learned representations. Second, as an
extension of our previous conference study, we investigate whether the effectiveness of
mutual information-based disentanglement depends strongly on the estimator used to
construct the regularization objective.
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Fig. 3 t-SNE visualization of embeddings learned by FOCUS on the VLCS benchmark, with points
colored by domain. The substantial overlap among source and target domains suggests that the
learned features reduce domain-specific variation while preserving semantic structure.

Table 1 Leave-one-domain-out results on PACS. The best and
second-best results are bolded and underlined, respectively.

Methods Art Cartoon Photo Sketch  Avg.
ResNet-50
ERM 86.18 78.58 97.24 73.55 83.88

SagNet (CVPR 21) 87.40 80.70 97.10 80.00 86.30
MatchDG (ICML 21)  85.61 82.12 97.94 78.76 86.11
mDSDI (NeurIPS 21)  88.10 81.10 98.40 79.60 86.80

MIRO (ECCV 22) - - - - 85.04

POEM (AAAT 23) - - - - 86.90

CCFP (ICCV 23) - - - - 86.60

CMCL (TNNLS 25)  87.57  83.60  96.03 83.73 87.73
FOCUS (Ours) 90.03 84.68  97.00 83.35 88.99

For the second analysis, we compare the original CLUB-based FOCUS formula-
tion with an alternative lower-bound formulation based on MINE. The MINE critic
is implemented as a two-layer multilayer perceptron operating on concatenated pairs
(Z¢,Z4), whereas FOCUS employs CLUBMean with a learned conditional mean and
fixed unit covariance. Both estimators are integrated into the same dual-branch
representation-learning setting, enabling us to examine differences in generalization
performance and optimization behavior.
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Fig. 4 Class-conditional t-SNE visualization of embeddings learned by FOCUS for a selected class
on the VLCS benchmark, with points colored by domain. This figure highlights class-wise domain
alignment and provides a more direct view of the extent to which embeddings of the same semantic
category are shared across domains.

Table 2 Leave-one-domain-out results on VLCS. The best and
second-best results are bolded and underlined, respectively.

Methods Caltech  LabelMe Pascal Sun Avg.
ResNet-50

ERM 98.58 64.53 75.23 71.51 77.46

SagNet (CVPR 21) 97.90 64.50 77.50 71.40 77.80

mDSDI (NeurIPS 21) 97.60 66.40 77.80 74.00 79.00

MIRO (ECCV 22) - - - - 79.00

POEM (AAAT 23) - - - - 79.80

CCFP (ICCV 23) - - - - 79.20

INSURE (TIP 24) 98.80 63.80 81.04  72.20 79.01

FOCUS (Ours) 98.86 69.20 77.60 76.38 80.51

4.5.1 Impact of Domain-Specific Supervision and Mutual
Information Regularization

The coefficients A; and Ay control the contributions of domain supervision and
mutual information regularization, respectively. Domain supervision encourages (Z4)
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Table 3 Leave-one-domain-out results on Office-Home. The best and
second-best results are bolded and underlined, respectively.

Methods Art Clipart  Product Real Avg.
ResNet-50
ERM 67.30 55.80 78.98 79.06 70.28

SagNet (CVPR 21) 63.40 54.80 75.80 78.30 68.10
mDSDI (NeurIPS 21) 68.40 52.50 76.20 80.60  69.42

1B (AAAI 22) - - - - 68.60
MIRO (ECCV 22) - - - - 70.90
POEM (AAAT 23) - - - - 68.20

CCFP (ICCV 23) - - - - 68.90
CMCL (TNNLS 25)  67.22  57.88 7847 7979 70.84
FOCUS (Ours) 68.25 59.33  79.59  80.53 71.60

Table 4 Leave-one-domain-out results on Terralncognita. The best
and second-best results are bolded and underlined, respectively.

Methods L100 L38 L43 L46 Avg.
ResNet-50
ERM 55.93 44.56 54.02 38.66 48.29

SagNet (CVPR 21) 53.00 43.00 57.90 40.40 48.60
mDSDI (NeurIPS 21)  53.20 43.30 56.70 39.20 48.10

IIB (AAAI 22) 47.20
MIRO (ECCV 22) - - - - 50.40
POEM (AAAI 23) - - - - 50.10
CCFP (ICCV 23) - - - - 49.00

FOCUS (Ours) 60.48 51.21 56.81 43.93 53.10

to encode information that is predictive of the source domain, while the mutual infor-
mation term discourages statistical dependence between (Z;) and the task-relevant
representation (Z.).

For the MINE-based formulation, the best configuration uses (A;=1) and (A2=1),
achieving an average PACS accuracy of (88.11%), compared with (83.88%) for ERM.
Importantly, setting (A\;=0) while retaining the mutual information regularizer results
in (87.98%), whereas jointly using domain supervision and dependence regularization
increases performance to (88.11%). These results indicate that both explicit model-
ing of domain-related factors and separation between the two representation spaces
contribute to improved DG performance.

For the CLUB-based FOCUS formulation, the best configuration uses (A;=1) and
(A2=0.01), achieving an average accuracy of (88.99%). Removing domain supervi-
sion while retaining CLUB regularization yields (88.12%), whereas including domain
supervision increases performance to (88.99%). These results again support the
complementary roles of domain-specific modeling and mutual information-based
dependence reduction.

A notable difference between the two estimators is the appropriate scale of (Aq).
MINE performs well with (A2=1), whereas CLUB requires a substantially smaller
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Table 5 Impact of domain-specific supervision and mutual
information regularization using the MINE-based lower-bound
formulation on PACS.

Methods Art Cartoon Photo  Sketch  Avg.
ResNet-50
ERM 86.18 78.58 97.24 73.55 83.88

(A1=0.5,A2=0.5)  87.69 83.48 97.42 82.10 87.67
(A1=0.5,\2=1) 86.86 83.19 97.00 83.66 87.68
(A1=0,A\2=1) 88.42 82.84 97.84 82.82 87.98
(A1=1,A2=1) 88.05 84.29 97.83 83.05 88.11

Table 6 Impact of domain-specific supervision and mutual
information regularization using the CLUB-based upper-bound
formulation in FOCUS on PACS.

Methods Art Cartoon Photo Sketch  Avg.
ResNet-50
ERM 86.18 78.58 97.24 73.55 83.88

(A1=1,A2=0.1) 85.25 83.40 97.36 82.69 87.17
(A1=0,A2=0.01) 88.57 83.06 97.78 83.07  88.12
(A1=0.5,A2=0.01) 88.72 83.44 97.60 83.66 88.35
(A1=1,A2=0.01) 90.03 84.68 97.90 83.35 88.99

value of (0.01). Increasing the CLUB weight to (0.1) reduces average accuracy to
(87.17%). This behavior indicates that the raw magnitudes of the two MI objectives
differ considerably and that the regularization coefficient should not be interpreted or
transferred directly across estimators.

4.5.2 Comparison of Lower-Bound and Upper-Bound Mutual
Information Regularization

We next directly compare the lower-bound MINE formulation with the upper-
bound CLUB formulation used in FOCUS. Both approaches attempt to reduce
statistical dependence between the domain-agnostic representation (Z.) and the
domain-specific representation (Z;), but they construct the corresponding dependence
signal differently.

The MINE-based formulation achieves an average PACS accuracy of (88.11%),
while the CLUB-based formulation achieves (88.99%). Thus, both formulations sub-
stantially outperform the ERM baseline of (83.88%), while the difference between the
two MI estimators is comparatively modest. These results indicate that the general-
ization benefit of the proposed disentanglement strategy is not restricted to a single
mutual information estimator. Instead, both upper- and lower-bound objectives can
provide useful signals for separating domain-specific and task-relevant representations.

The two formulations nevertheless differ in their theoretical interpretation. MINE
provides a lower bound on mutual information, and therefore minimizing its estimated
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Fig. 5 Comparison of training dynamics for MINE- and CLUB-based mutual information regulariza-
tion on Office-Home, with Clipart, Product, and Real-World used as source domains. The MINE-based
formulation produces an MI regularization term whose magnitude remains relatively comparable to
the supervised losses, whereas the CLUB-based formulation operates on a larger numerical scale and
requires stronger down-weighting to maintain balanced optimization. Despite these differences in loss
scale and training dynamics, the two formulations achieve broadly comparable generalization per-
formance, indicating that estimator choice primarily affects the optimization characteristics of the
dependence regularizer rather than producing a substantial difference in downstream accuracy.

value does not necessarily imply a corresponding decrease in the exact mutual infor-
mation when the bound is loose. CLUB provides an upper-bound formulation and is
consequently more directly aligned with the objective of limiting dependence. This
theoretical distinction motivates the original FOCUS design, but the empirical results
show that it does not translate into a large difference in DG accuracy in the evaluated
setting.

A more pronounced difference appears in the optimization behavior of the two
objectives. As illustrated in Figure 5, the MINE-based regularization term has a
magnitude that is relatively comparable to the supervised objectives and can be
used with (A2=1). The CLUB term operates on a substantially larger numerical
scale and requires stronger down-weighting, with the best performance obtained
using (A2=0.01). Therefore, estimator choice affects the scale and balancing of the
multi-objective optimization problem even when the final generalization performance
remains similar.

Taken together, these findings suggest that mutual information-based dependence
regularization itself is a major contributor to the improvement over ERM, whereas
the specific choice between MINE and CLUB has a smaller effect on downstream
accuracy. CLUB retains a modest performance advantage in our PACS experiments
and remains the estimator used in FOCUS, while MINE demonstrates that comparable
improvements can also be obtained using a lower-bound formulation. The extended
analysis therefore provides evidence that the proposed disentanglement principle is
relatively robust to the particular MI estimator used to implement it.

Overall, the ablation studies demonstrate that both explicit domain supervision
and mutual information-based dependence regularization contribute to the effec-
tiveness of the disentangled representation-learning framework. Domain supervision
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encourages Zy to represent domain-related factors, while the MI objective reduces sta-
tistical dependence between Z; and the task-relevant representation Z.. The extended
estimator comparison further shows that this benefit is not exclusive to the CLUB
formulation: MINE and CLUB both yield substantial gains over ERM and achieve
broadly comparable performance. CLUB provides a modest accuracy advantage and
offers an upper-bound formulation that is conceptually aligned with dependence min-
imization, whereas MINE exhibits a more naturally balanced objective scale. FOCUS
therefore retains the original CLUB-based formulation while the comparative analysis
demonstrates the broader effectiveness of mutual information-based disentanglement.

5 Conclusion

This work investigated mutual information-based disentangled representation learning
for Domain Generalization. Building upon our previously introduced Feature Orthog-
onalization via Contrastive Upper-bound Separation (FOCUS) framework, the study
considers a dual-branch architecture in which task-relevant and domain-specific infor-
mation are explicitly modeled in separate latent representations. Class supervision
encourages the content representation Z. to preserve semantic information, domain
supervision encourages Z, to capture domain-related characteristics, and mutual infor-
mation regularization reduces statistical dependence between the two representation
spaces.

The original FOCUS formulation uses the CLUB upper-bound estimator as its
dependence regularizer. Extensive evaluations on PACS, VLCS, Office-Home, and Ter-
ralncognita demonstrate that this formulation provides strong performance across
diverse domain shifts, supporting the effectiveness of explicitly modeling domain-
specific information while reducing its dependence on task-relevant representations.

The present study extends the original work by additionally investigating whether
the observed benefit depends strongly on the choice of mutual information estimator.
To this end, we introduced a lower-bound formulation based on MINE and compared
it with the original CLUB-based approach. The results show that both formulations
substantially outperform ERM and achieve broadly comparable generalization per-
formance. On PACS, MINE achieves an average accuracy of (88.11%), whereas the
CLUB-based FOCUS formulation achieves (88.99%). Thus, although CLUB provides a
modest performance advantage, the relatively small difference between the two estima-
tors suggests that the broader benefit lies in the mutual information-based separation
of domain-specific and task-relevant representations rather than with a particular
estimator.

The extended analysis also reveals important differences in optimization behavior.
MINE produces a mutual-information signal whose magnitude is relatively well bal-
anced with the supervised objectives, whereas CLUB requires substantially stronger
down-weighting to prevent the MI term from dominating training. These findings high-
light that different mutual information estimators may lead to similar generalization
performance while exhibiting different numerical scales, hyperparameter requirements,
and optimization characteristics.
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Overall, the results suggest that explicitly modeling domain-specific factors and
reducing their statistical dependence on task-relevant representations are effective
strategies for improving robustness to domain shift. They further demonstrate that
mutual information-based disentanglement is relatively robust to the choice of esti-
mator, while emphasizing the importance of appropriate objective scaling when inte-
grating neural mutual information estimators into domain-generalized representation
learning.

5.1 Limitations

Despite the effectiveness of the proposed framework, several limitations remain.
First, FOCUS uses the CLUBMean formulation, in which the conditional distribution
(qy(Zq | Z.)) is modeled with a learned mean and a fixed identity covariance. Although
this choice improves optimization stability and avoids unreliable conditional-variance
estimates, it limits the expressiveness of the conditional model and may not fully
capture complex variance-dependent or multimodal relationships among the learned
representations.

Second, mutual information-based regularization is sensitive to the estimator’s
numerical scale. In particular, the CLUB objective can have a substantially larger
magnitude than the supervised losses and therefore requires careful weighting through
(A2). The comparison with MINE further demonstrates that suitable regularization
coeflicients can differ substantially across MI estimators. Developing adaptive bal-
ancing mechanisms that automatically normalize or weight the dependence objective
relative to the supervised losses represents an important direction for future work.
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