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ABSTRACT

Imbalanced Domain Generalization (IDG) focuses on mitigating both domain and
label shifts, both of which fundamentally shape the model’s decision boundaries,
particularly under heterogeneous long-tailed distributions across domains. De-
spite its practical significance, it remains underexplored, primarily due to the
technical complexity of handling their entanglement and the paucity of theoret-
ical foundations. In this paper, we begin by theoretically establishing the gener-
alization bound for IDG, highlighting the role of posterior discrepancy and de-
cision margin. This bound motivates us to focus on directly steering decision
boundaries, marking a clear departure from existing methods. Subsequently, we
technically propose a novel Negative-Dominant Contrastive Learning (NDCL) for
IDG to enhance discriminability while enforce posterior consistency across do-
mains. Specifically, inter-class decision-boundary separation is enhanced by plac-
ing greater emphasis on negatives as the primary signal in our contrastive learning,
naturally amplifying gradient signals for minority classes to avoid the decision
boundary being biased toward majority classes. Meanwhile, intra-class compact-
ness is encouraged through a re-weighted cross-entropy strategy, and posterior
consistency across domains is enforced through a prediction-central alignment
strategy. Finally, rigorous yet challenging experiments on benchmarks validate
the effectiveness of our NDCL.

1 INTRODUCTION

Real-world applications are often affected by domain shifts |Krueger et al.|(2021)), caused by factors
such as weather variations [Eastwood et al.|(2022) or stylistic changes Nam et al.|(2021)), leading to a
decline in model generalization performance. To handle this issue, Domain Generalization (DG) has
been developed over the past decade [Wang et al.| (2022), aiming to learn a model on multiple source
domains that generalizes effectively to diverse unseen target domains. Nevertheless, most existing
DG methods primarily tackle covariate shift Lin et al.| (2022), where P* (X) # P’ (X),Vi # 7,
while largely neglecting label shift |Cao et al.| (2019), where P! (Y') # P’ (Y),Vi # j, which
frequently arises during real-world data collection. For instance, label shift can occur when rare
hematological cell types are significantly underrepresented in samples from certain medical institu-
tions [Umer et al.|(2023)), resulting in imbalanced class distributions across domains. This highlights
the practical significance of Imbalanced Domain Generalization (IDG) [Yang et al.| (2022), where
label shift often manifests as heterogeneous long-tailed distributions across domains.

Due to the inherent difficulty of handling both entangled shifts, IDG has received limited attention
and remains underexplored. This coupling leads to several additional challenges: 1) Label shift,
especially under heterogeneous long-tailed class distributions, can compromise the effectiveness of
alignment strategies that are primarily designed to mitigate domain shift. For instance, if pneumo-
nia is more prevalent in Hospital A while cardiomegaly dominates in Hospital B, domain alignment
strategies Arjovsky et al. (2019);|Ganin et al.| (2016)) alone may inadvertently match features of these
distinct conditions across domains, i.e., effectively aligning pneumonia with cardiomegaly, leading
to poor generalization. 2) Domains with abundant samples tend to dominate the training process,
effectively absorbing underrepresented domains and suppressing their unique characteristics. This
imbalance biases the learned representation space and harms generalization to both source minori-
ties and unseen target domains. Corresponding empirical analyses on toy datasets are presented in

Supplementary Material
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Figure 1: Impact of Domain and Label Shifts on Decision Boundaries. Orange, blue, and peach rep-
resent three distinct domains. (A) Domain shift leads to domain-specific class boundaries (dashed
lines) for each class. (B) Label shift causes majority classes to dominate, compressing margins for
minority classes. The dashed and solid lines are equivalent, with the former included for visual con-
sistency. (C) Their interaction amplifies the challenge, requiring robustness to both simultaneously.

While prior work proposes transferability-based surrogates|Yang et al.|(2022) to heuristically guide
representation learning in IDG, it lacks formal generalization guarantees for unseen target domains.
To fill this gap, in this paper, we establish the first theoretical generalization bound for IDG based on
‘H-divergence Ben-David et al.|(2010), where posterior discrepancy and decision margin play piv-
otal roles alongside prior discrepancy. Crucially, departing from conventional domain generalization
theory|Albuquerque et al.|(2019); Lu et al.|(2024), which primarily focuses on aligning prior distribu-
tions P (X) across domains, IDG further demands posterior P (Y| X) consistency across domains
and well-separated decision boundaries between neighboring classes simultaneously. Meanwhile,
in essence, domain shift challenges the model to synthesize a unified decision boundary across het-
erogeneous domains [Zhu et al.| (2022), as shown in Fig. [T| (A), while label shift pulls minority class
boundaries toward majority classes due to imbalance-induced bias [Kang et al.| (2020), as shown in
Fig. |I| (B). Fig. |I| (C) illustrates that when both shifts co-occur, the model’s inability to disentan-
gle their respective effects becomes the underlying cause of severely distorted decision boundaries.
This theoretical insight and the essential factors motivate us to directly reshape the model’s decision
boundaries to be domain-consistent and margin-enlarged, thereby enhancing robustness in IDG.

To this end, we propose a novel contrastive learning
method at the prediction space for IDG, namely Negative-

Dominant Contrastive Learning (NDCL). We observe g 100 negatives 1000
that the complement of each class, i.e., what it’s notMal-|  © DesltNe
1siewicz et al.|(2011) or its negative samples, is especially & 80 800
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lustrated in Fig. 2] these negatives remain relatively bal- ¢
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rally alleviate class imbalance. In addition, prior studies — ©

Kalantidis et al.| (2020); Malisiewicz et al. (2011) have £ 20 200
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vorable transferability across domains. Buliding on these 0 0
insights, we advocate leveraging the natural structure of Figure 2: Long-Tailed Positives vs. Rel-
the data itself, rather than relying on explicit re-weighting atively Balanced yet Abundant Nega-
Yang et al| (2022) or re-sampling Xia et al.| (2023)) strate- tives.

gies, to shape class boundaries. This offers a unified and

principled method to simultaneously mitigate both types of shifts, fundamentally differing from
prior works |Su et al.[(2024); Xia et al.| (2023)); |Yang et al.| (2022) in IDG. Specifically, inter-class
decision-boundary separation is enhanced by treating negatives as the primary signal in our con-
trastive learning, where the InfoNCE objective |Khosla et al.| (2020) is reformulated by replacing
similarity measure with cosine dissimilarity and positioning negative pairs in the numerator. To
reinforce decision-boundary separation, a hard negative augmentation strategy has been employed
instead of randomly sampling from all negatives. Meanwhile, intra-class compactness is encour-
aged via a cross-entropy loss that adaptively re-weights samples within each class, and posterior
consistency across domains is enforced through a prediction-central alignment strategy.

Our main contributions can be highlighted as follows:
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* Theoretically, a generalization bound for IDG is provided based on #-divergence, high-
lighting the role of posterior discrepancy and decision margin.

* Methodologically, a novel Negative-Dominant Contrastive Learning (NDCL) is provided
to enhance discriminability while enforce posterior consistency across domains.

* Empirically, the effectiveness of our NDCLis validated through rigorous yet challenging
experiments under various forms of imbalance on domain generalization benchmarks.

2 METHODOLOGY

In this section, a more detailed discussion will be presented, including both theoretical formulation
and practical methodology.

2.1 PRELIMINARIES

In DG, it is commonly assumed that each domain follows a joint distribution P (X, Y")|Wang et al.
(2022), where X denotes input instances and Y denotes their corresponding labels. Under this
assumption, domain shift |[Krueger et al.| (2021) can be regarded as the discrepancy between these
joint distributions, i.e., P4 (X,Y) # P? (X,Y),Vd # d’. Given N domains, each domain can

sample N, data, which can be defined as {(a:f, y;j) }i\fl While existing DG methods typically
assume that the marginal label distribution P (Y") is shared across domains and focus mainly on
the domain shift in the instance space P (X)), our work explicitly considers the case where both
P (X) and P (Y') may vary across domains. Despite this, the label space remains consistent across
domains, containing K semantic classes as in standard DG settings.

For notational simplicity, let X' = { (x%) }E | denote the set of samples from the k-th class within
the d-th domain. Accordingly, the aggregated sample set of the k-th class across all IV observed

domains is then given by X, = Uflvzl Xt = {(wx),} %, where nj, = Eévzl nd. Let fo : X — Vg
be a mapping from the instance space X to the encoded label space Vg, and denote p = fy (-) as

the corresponding output coding vector.

2.2 THEORETICAL GUARANTEE

Building on the definition of a domain as a joint distribution [Wang et al.| (2022) and leveraging the
‘H-divergence Ben-David et al.|(2010), we obtain the following generalization bound:

Theorem 1 (Generalization Bound for Imbalanced Domain Generalization) Given N domains
with joint distributions { P3(X, Y)}fivzl, the target risk e (h) for any hypothesis h € H is defined
via their linear mixture. To capture prediction-induced discrepancies, the classical H-divergence is
reformulated over mappings m = yh(z) : X XY — {—1,1} € M, which is an auxiliary class.

N N
er (1) <7 7aed (B) + laz - Prly (h) < 8]+ + diyimag (Z maP¢ (X), Pr (X))
d=1 d=1

margin

prior distribution discrepancy
N
+ 1+ Eppp(x)dman (Z TaPL(Y|X =2),Pp(Y|X = x)) FAr
d=1

posterior distribution discrepancy

where Zfivzl mqg = 1, and Zévzl P4 (X,Y) denotes the closest projection of the target distri-
bution Pp (X,Y) onto the convex hull Albuquerque et al.| (2019) of the source domains. Here,
lpnaz denotes the maximum loss across all source domains, ~y (h) denotes the margin, and ¢ de-
notes a margin threshold, with Pr [y (h) < ] quantifing the fraction of samples with margin less
than or equal to §. Moreover, { (1) denotes the maximum H-divergence between any pair of the

N d
prior (posterior) distributions. Notably, d%‘f};dpg(ylx) (Zévzl ma P4 (X)), Pr (X)) denotes



Under review as a conference paper at ICLR 2026

. .o © Class 1
A Class 2
S~—-— # Class 3
/ \ ~, Domain-specific
e os i . t t) N
Prediction - é— --x +* Class Boundaries
) BN N _e // \ A S i;duc;d Decision
3 _ \/*." Boundaries
Projection D $ i}*‘ 3 \\:\\A_ an
head < * i / \ nchor

~ -~ Prediction Spaci (A) Lcon 1 => Pushed away

Input

[
Japosug

~ =~ . P > Weights
( el o\ ( \) it / ) .. Prediction

VIR Prototypes
3 ) N / ' \ 7 YD
B)Le S~ _E~ <- (O)Leonst ML NE L -><- Pulled away

Figure 3: An illustration of NDCL, composed of three sub-objectives operating in the prediction
space. (A) A contrastive loss that pushes away nearby negatives to enhance inter-class decision-
boundary separation. (B) A class-wise re-weighted cross-entropy loss that encourages intra-class
compactness and implictly aligns posteriors. Longer arrows indicate higher weights. (C).A
prediction-central alignment strategy that explicitly promotes posterior consistency across domains.

the alignment of source and target prior distributions under the source posterior distribution. Fi-
nally, A, := infpcy [Efj:l maed (h) + er (h)} denotes the error of the ideal joint hypothesis
across source and target domains. For the detailed proof, please refer to Supplementary Material [A]

Compared to classical generalization bounds|Albuquerque et al.[(2019); Ben-David et al.| (2010) for
conventional domain generalization, our bound is derived from the joint distribution factorization
that explicitly expresses each key term in posterior form. This formulation makes the effect of
imbalance immediate. Label imbalance perturbs P (Y), which alters the posterior P (Y| X') [Tian
et al.| (2020) and skews the decision boundary toward majority classes Nagarajan et al.|(2021)). Do-
main imbalance disrupts cross-domain posterior consistency by yielding unstable posterior estimates
for underrepresented domains, a phenomenon empirically reflected in Supplementary Material [E-2]
where minor domains exhibit larger losses. Through this posterior-based decomposition, imbalance
naturally manifests in both the posterior discrepancy term and the margin term of our bound.

Importantly, when source and target posteriors coincide, our bound reduces to the classical ones.
In this case, the prior terms should be interpreted conditionally, i.e., measuring prior differences
under the source posterior. When posteriors differ due to imbalance, however, aligning priors under
mismatched posteriors can distort semantics. Thus, our bound offers a principled extension that
explicitly accounts for imbalance-induced posterior mismatch, which classical bounds do not model.

Together, the prior and posterior terms highlight the need for prediction consistency across in-
puts, while the margin term emphasizes learning a larger inter-class separation. Consequently, our
method deliberately avoids explicit alignment of P (X ), focusing instead on posterior consistency
and margin-based separation.

2.3 NEGATIVE-DOMINANT CONTRASTIVE LEARNING

Building on the theoretical insights and empirical observations discussed above, we now detail our
proposed method, Negative-Dominant Contrastive Learning (NDCL), as illustrated in Fig. 3]

To enhance inter-class decision-boundary separation, as required for achieving larger margins in
our theoretical framework, we reformulate the InfoNCE-like objective:

1 1 —s(pi, pn)
Econ = -1 v 1
LB\ WO, 2, Sy (-3 (pip) ®

where ¢ € 7 indexes the instance @; drawn from all examples across N source domains, n € N (7)
indexes the n-th negative sample from the set of negatives X -, i.e., the complement of the class
X, corresponding to the label k of x;, and A (i) = Z \ {i}. p(.) denotes the prediction of the
corresponding instance, and s(-, ) is a similarity function bounded in [0, 1], instantiated as cosine
similarity in this manuscript.

Similar to SupCon Khosla et al.[(2020), the objective of Eq. (]D is to leverage labeled data to push
apart instances from different classes while pulling together those from the same class. Because
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this contrastive signal acts directly on the decision separation, it naturally enlarges the inter-class
margin. Nevertheless, our key distinction lies in our emphasis on negatives as the primary learning
signal. Moreover, unlike SupCon, which suggests assigning uniform gradient contributions across
all positives, our InfoNCE-like objective purposefully amplifies the influence of informative nega-
tives, especially those that are closer.

Next, a gradient-based interpretation is provided to demonstrate how our proposed Eq. (T)) inherently
amplifies minority-class signals, mitigating decision boundary dominance by

OLcon 1 Z eP() 1—s (pivpp)
= = | Z vpis(piapp) + Z vp7s(plapn) : P
KO =0 neN (i) Znent ! 8 (Pipn)

amplification factor

where p € P (i) indexes the p-th positive sample from the set of positives Xy, Vp,s (p;, ) de-
notes the gradient of s (p;,-) w.rt. p;, and Z; = 3 4y (1 —s(pi,pa)). This amplification
factor dynamically strengthens negative gradients, especially when the local neighborhood of the
anchor is dominated by negatives, which leads to a decrease in}_ Nol—s (pis Prn). In such
cases, minority-class samples are often surrounded by nearby majority-class negatives with small
margin, making the denominator small and thus increasing the amplification factor. This enhances
repulsion against confusing negatives, helping to preserve class boundaries under imbalance. Mean-
while, such negative-driven contrastive learning encourages local separation from dominant-class
negatives, which is particularly beneficial in multi-domain settings where decision boundaries are
susceptible to being skewed by domain-specific majority classes, as discussed in |Arjovsky et al.
(2019); |[Nagarajan et al.| (2021). In contrast, classical InfoNCE objective strengthens positive com-
pactness via a similar amplification factor while treating all negatives uniformly, which fails to
mitigate decision boundary bias. For more details, please refer to Supplementary Material

While an abundance of negatives can facilitate learning, those that are easily distinguishable and typ-
ically far from the positives tend to render the task trivial, thereby limiting the model’s discriminative
capacity. To mitigate this issue, we adopt a hard negative mining strategy inspired by|Kalantidis et al.
(2020), prioritizing semantically ambiguous samples during contrastive learning. Specifically, for
each class k, we rank all instances by their predicted confidence py, the k-th component of the pre-
diction vector p. A refined negative set JV % 1s then constructed via mixup|Yan et al.|(2020) between
low-confidence instances from the positive set, i.e., with small pg, and high-confidence instances
from the negative set, i.e., with large pj, encouraging the model to focus on more ambiguous and
informative instances:

N = {:i | &= Ay + (1= Nxp, e ~ X0V, 2 ~ X,Eifh, A€o, 1]} )

where X °% denotes the set of in-class samples with lower p, = fy (z),, that is uncertain pos-
itives, X;ligh denotes the set of out-of-class samples with higher pyg, that is hard negatives, and
A ~ Beta (p, p) where p denotes the coefficient in Beta distribution. Importantly, pj, is adaptively
determined within each mini-batch rather than treated as a fixed hyper-parameter. Further details are

provided in Supplementary Material [C]

To promote posterior consistency across domains, as required by our theoretical framework, we
adopt a prediction-central alignment strategy. By aligning first-order statistics instead of individual
samples, this strategy can effectively mitigate imbalance-induced bias by decoupling alignment from
sample proportions | Yang et al.|(2022). Formally, this alignment objective can be formulated as:

Leonst = Z —l;. Z log Z exp (S (“’ivu/p)) 3)

1€TH pr (Z) | pePH(4) a€Am (i) exp (S (N’iv Na))

where p; € {uz =Egexafo(x)|k€{l,.... K}, de{L,.. .,N}}, and p¢ denotes the predic-
tion prototype of k-th class in d-th domain. This SupCon-inspired loss encourages the alignment
of same-class prototypes across domains while repelling those of different classes. Here, i € I+

indexes the domain-class prototypes, p € P* (i) indexes the same-class prototypes from other do-
mains, and A* (1) = T\ {i}.
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To encourage intra-class compactness, we adopt a cross-entropy loss that adaptively re-weights
samples within each class, where its objective can be formulated as:

K Nk

Loo= 2 305 (we), £ (1), B) )

k=11=1

where (p); = fo ((xx);) is the prediction of the i-th instance with class k, where (x); € Xj.
exp(£((pr); k)
Z_;'lil eXp(Z((pk)j xk))
within k-th class that incur larger losses, encouraging the model to focus on hard examples. This
facilitates tighter decision boundaries and promotes better generalization Lin et al.|(2017).

The weight coefficient (wy), = adaptively assigns higher weights to samples

Finally, the total objective function can be formulated as:
L= Ece + O[Lcon + Bﬁconst (5)
where o and 3 are trade-offs. Detailed Algorithm is provided in Supplementary Material [C|

3 EXPERIMENTS

In this section, extensive yet challenging experiments are conducted to comprehensively evaluate
the effectiveness of NDCL on three widely used domain generalization benchmarks, involving three
distinct types of entangled domain and label shifts.

3.1 DATASETS AND SETTINGS

For the architecture, our NDCL follows the configuration specified in DomainBed |Gulrajani &
Lopez-Paz[(2021), utilizing ResNet-50 as the backbone and adopting the training-domain validation
method for model selection. Extensive experiments are constructed on three standard Benchmarks,
i.e., VLCS, PACS, and OfficeHome. To assess performance under varying imbalance conditions,
we define three distinct settings. The GINIDG setting follows the protocol proposed in [Xia et al.
(2023)), but represents a relatively mild form of imbalance. To facilitate more rigorous evaluation,
we further propose two challenging settings, namely TotalHeavyTail and Duality, which depicts
long-tailed and compound imbalances, respectively. Detailed descriptions of these settings are pro-
vided in supplementary material

Twenty-one recent strong comparison methods and another representative methods are deplyed to
compare with our NDCL, including representative methods for domain generalization, imbalanced
data, and recent methods tailored for IDG. The methods for domain generalization can be divided
into five categories: 1) distribution robust method (GroupDRO |Sagawa et al.| (2020)), 2) causal
methods learning invariance (IRM |Arjovsky et al| (2019), VREx Krueger et al.| (2021), EQRM
Eastwood et al.| (2022), TCRI [Salaudeen & Koyejo (2024))), 3) gradient matching (Fish [Shi et al.
(2022), FishrRame et al.| (2022), PGrad Wang et al.|(2023)), 4) representation distribution matching
(DANNGanin et al.| (2016), MMD [Li et al.| (2018b)), CORAL [Sun & Saenko| (2016), RDM [Nguyen
et al.| (2024))), 5) and other variants (Mixup |Yan et al.| (2020), MLDGLI1 et al.| (2018a), SagNet
Nam et al.| (2021)). The methods for imbalanced data can be regarded as the re-weighting |[Lin
et al.| (2017); [Yang et al.| (2022) and margin-based |Cao et al.| (2019); Ren et al.| (2020) methods.
Finally, the methods tailored for IDG can be regarded as the divide-and-conquer strategies \Su et al.
(2024); |X1a et al. (2023) and the representation-aware weighting method |Yang et al.| (2022). All
the aforementioned methods are reproduced following the DomainBed training protocol (Gulrajani
& Lopez-Paz|(2021), with involved hyperparameters randomly sampled and evaluated over 3 trials,
each comprising 10 independent runs. The overall average results are reported from Tab. [[|to 3]

3.2 RESULTS AND ANALYSES

Overall result analysis Tab. [1|to [3| report performance comparisons under the GINIDG, Total-
HeavyTail, and Duality settings, respectively. The TotalHeavyTail setting focuses on consistent
long-tailed distributions across domains, while the Duality setting introduces heterogeneous label
shifts along with imbalanced domain sizes, i.e., major and minor domains. The GINIDG setting,
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Table 1: Overall averaged accuracy under the GINIDG setting on VLCS and PACS Benchmarks.
The bold, underline, and dashline items are the best, the second-best, and the third-best results,

respectively.
VLCS PACS
Average Many Medium Few Average Many Medium Few
744+13  736+12  660+£19 586+26 | 822403 839+17 86.2+09 TL5+10
766+04 768+ 11 619+ 1.6 581429 | 812403 837+15 837+16 699+13
) | 7574£04  7514£06 652408 608+07 | 797402 80.5+14 847+1.0 682+06
7434£08 757413 547448 557412 | 822407 85702 856109 643+36
757+£02 744+£09 627+£32 62516 | 82001 845E£06 852+£03 673407
758+£03 767+£04 631+£13 608+11 | 82810 846+13 86106 726407
762+04 765+£07 620+14 575+17 | 82204 831+£02 868+£03 70712
767+£03 759+£05 650+£12 628416 | 828+05 827+£03 860+£07 761406
7584+06 769410 589423 590402 | 813+14 81.6+30 86.1+03 688L23
737411 738+£17 633+£30 613+17 | 828+05 849+12 862407 702411
Fish (Shi et al|(2022)) 773+£09 783+£09 628405 61414 | 80709 813+£1.0 859+£07 664403
Fishr (Rame et al.| (2022} 762£00 755+04 665+02 637+08 | 82.1+05 81.0+21 87.5+04 T25+16
EQRM (Eastwood et al 745+02 750+£06 645+10 579E15 | 823+12 823+13 866106 T49+32
RDM (Ng 2024 7504£02 747404 613+18 57.6+10 | 832+ 1.1 844+20 864+05 733122
7764+04 782404 635+14 603k 11 | 843402 876104 866105 T14+22
jo|2024)) | 756 £06 T742E11 649+25 587416 | 833L£06 823412 892£05 696+ 16
Focal (Lin et al] 753+£06 761+£15 60.1+18 574408 | 81.1+03 8.2+15 84116 684405
ReWeight (Yang et al | 7444£04 727415 631+28 628409 | 82.14+08 827+06 873+11 702+ 1.1
BSoftmax (Ren et al.|(2020 730+04  699+06 662437 687+10 | 832406 808+11 87.6+05 81L8+0.8
LDAM (Cao et al ( 745+07 73613 61.0£20 61114 | 83.0+05 843+02 864E09 742108
GINIDG (Xia et al. 743+04 737405 607+22 587+13 | 81.1+10 81.8+26 855+14 69.9+05
BoDA (Yang et al.( 763+04 768+06 623+18 628+14 | 821406 856108 841+09 708+28
SAMALTDG (Su et al [(2024)) 745+06 725+ 11 664422 643419 | 824+ 13 845104 862+14 TL6+23
NDCL (ours) | 780+£02 778+£09 660+£25 619+12 | 85704 865403 884405 794419

Table 2: Overall averaged accuracy under the TotalHeavyTail setting on three Benchmarks.

VLCS PACS OfficeHome
Average Many Medium Few Average Many Medium Few Average Many Medium Few
ERM 73.64+0.8 792+ 1.5 61.0£3.0 508 £1.2]69.6+09 874407 620+ 05 7124 1.5[46.1 0.6 749 £0.7 648 £0.1 254 £ 1.0
IRM 709407 82.0+£0.8 556+ 1.4 40.8 £3.1[71.8 £2.1 8724+ 13 6294+ 1.7 734438438+ 1.1 73.6 £04 612+ 1.6 236+ 14
GroupDRO  [73.1 0.6 79.4 4+ 1.1 6244 1.9 4744+09(723 £ 14 873 £ 1.0 67.8 £3.6 69.9 & 1.1[4604+ 0.6 7564+ 0.5 643 +0.3 250+ 0.8
Mixup 709 4+ 1.1 81.74£0.8 56.5+£2.6 41.94£24[683+12 865407 650+ 1.3 6294 1.6(449 £ 0.6 75.0 £ 04 642 +£04 23.1£09
MLDG 732401 789+ 1.4 589 £32 514 +£12[70.1+£12 867408 677+ 1.8 648 +2.1(454+04 738 £1.0 633 £0.7 249 +04
CORAL 731407 82.74£07 594+£19 462+ 1.0[69.8 408 88.14+ 1.3 669+ 1.8 6234 1.4(457£09 785 £ 0.2 649 £ 1.0 229 £ 09
MMD 720404 813 £ 1.1 575+ 1.9 451 £26[703 405 858+ 1.6 66.1 & 1.0 6794 0.7 454 £ 04 746 £02 639 +£0.5 247 +£08
DANN 724+ 11 759+ 1.0 64.14+12 49.6+ 1.8(73.94+0.7 86.3+23 712 +3.5 71.14+0.7|442+£09 749+ 12 63.1+0.7 22.1 £09
SagNet 727404 798 +03 61.8+43 457 +£3.9[725+08 85.5+05 682+ 1.5 704 +2.8|463 +£0.5 77.6 £ 0.3 66.0 + 1.0 24.1 + 0.4
VREx 7164 1.4 80.1 £ 1.7 61.4+£1.7 452 +£0.7[70.3 £ 0.6 8594 1.6 66.0 4 04 669 42.0(455+04 747 £02 63.2£03 251+ 1.0
Fish 743 4£0.2 81.64£0.7 593 £2.1 503 £1.7[69.9 £ 1.7 862420 63.0425 70.7 4 2.1|46.54+0.2 77.3 £0.7 655 £ 1.0 24.8 £0.2
Fishr 742£04 805403 60.6+£1.7 493 £02[71.6£03 87.1+£0.6 67.1 0.6 71.141.9(462+0.5 759 £0.7 647 £04 253 £05
EQRM 721404 779+ 1.4 588 £3.6 47.5+£1.3[72.5402 864400 6934+ 1.8 720409463 £ 0.1 77.0 £02 634 £02 254 +04
RDM 718402 797 £ 1.8 59.8 £2.5 446 £0.9[72.8 £ 0.6 89.0 £ 0.7 6604 1.1 735409469 £ 0.1 748 £0.5 64.1 £0.7 26.6 £ 0.3
PGrad 727402 829405 586+ 1.1 47.0£1.0[71.3+£02 919+ 0.5 64.1 4+ 1.6 68.7 4 1.8 782 4 0.5 66.5 4 0.6 26.5 & 0.6
TCRI 718409 780407 586 £04 51.1£03[73.4407 877407 677424 7204 1.5 73408 650+04 294 404
Focal 719409 81.64 1.4 57.8£25 465+ 1.3|69.7 1.3 8794 1.6 64.6 £24 668+ 1.8|451 402 752+ 08 629 +£0.5 242402
ReWeight  |73.0 £0.6 72.1 23 64.5+£34 592+04|74.1+ 14 830+ 1.5 703+ 19 757 £1.0{47.1 £ 0.6 743+ 14 64.6£02 274+ 05
BSoftmax 747 0.6 744£09 629+15 621£1.6|73.9 £ 1.1 7794+ 15 70.7 £2.2 80.8 £ 1.8(48.6 +05 69.5+£09 61.9+05 33.0£0.5
LDAM 7244+ 1.6 8054 1.0 592431 497 £22|71.9£18 846+ 1.1 655£36 73.1 £ 1.2|463 £ 04 742408 64.1 £0.5 26.0 + 0.6
GINIDG 700+ 0.9 804+ 1.0 562+ 1.4 383+£39[682402 8834+ 1.5 61.6+02 655404449405 721 £05 622 +£0.1 255408
BoDA 70.1 £ 0.6 82.6 £ 1.6 549+ 14 407+ 1.6[70.1 £08 86.1£17 679+ 14 645+19(|449+03 775+ 04 642409 220+05
SAMALTDG |72.7 4+ 1.5 714 £18 66.0 + 1.3 553 4+2.3[70.7 £ 0.5 823 £ 1.3 66.0 4+ 1.7 7524 1.4[46.1 £0.4 74.1 £ 1.0 640402 256+ 0.5
NDCL (ours) | 75.6 - 0.4 70.7 £ 0.1 66.1+ 0.4 610+ 1.2|764 + 0.6 849 +08 722+ 13 79.240.9|49.0 £0.2 71.6+ 0.8 660+ 0.2 30.5+03

adapted from (2023), serves as an intermediate case, characterized by a milder degree of
imbalance.

From Tab. [T} we can observe the following findings: 1) Our NDCL achieves the best overall perfor-
mance, outperforming all baselines in average accuracy on both datasets. Notably, it achieves first
or second place in most of sub-group categories, including the challenging few-shot classes, where
conventional domain generalization methods, such as IRM and GroupDRO, consistently underper-
form due to their lack of imbalance-awareness. 2) Compared to the methods tailored to imbalanced
data, our NDCL demonstrates superior robustness across sub-group categories, especially in PACS
where it achieves the second-best few-shot accuracy. While the methods, such as Fish and PGrad,
show strong performance for major classes, they drop significantly for medium and minority classes,
highlighting their limitations under imbalance. 3) Compared to IDG-specific baselines, i.e., BoDA,
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Table 3: Overall averaged accuracy under the Duality setting on three Benchmarks.

VLCS PACS OfficeHome
Average Many Medium Few Average Many Medium Few Average Many Medium Few
ERM 549 424 295+ 48 724+£29 653 £2.1[67.94+ 1.1 587423 8124 1.5 61.740.8|523 £0.2 689 £ 1.7 61.7 £0.1 429 £0.7
IRM 526432 27.1 £ 64 735 £3.1 664 £2.1[652407 510445 8034 1.4 5864 1.5(49.4 4+ 1.0 67.1 £2.3 60.1 £ 1.4 39.8 £ 1.0
GroupDRO  [57.8 2.3 363+ 4.4 705422 69.240.9(66.7 £0.1 52.1 £2.5 840+ 19 57.6 + 1.7[51.7+ 0.1 70.54 1.4 622407 41.7+£05
Mixup 544420 300437 692+£23 68.0+04[6394+02 53.04+35 81.84 1.4 5404 1.7|522 £ 04 70.6 £09 626 £0.1 422+08
MLDG 513432 242429 719+ 14 672 +£24[66.1 £ 1.5 603454 8264 1.4 5794525254+ 04 680+ 12 629+ 1.3 43.1£02
CORAL 5534 1.8 364+ 1.6 68.0+£27 66.1 £1.8[6504+ 1.1 60.1 4+ 1.0 853425 5244 1.0|545+0.1 743 £ 1.7 66.6 £ 0.1 43.8 £ 04
MMD 5054+ 1.9 266427 69.0+£1.9 643 +£1.7[6824+0.7 593452 820+ 1.0 59.7 4 2.5[50.9 £ 0.3 69.0 £ 1.6 60.3 £0.5 41.4 £03
DANN 609 3.6 41.4£57 70.1 £3.1 672 +£12[683+ 1.1 658 +3.1 83.043.6 604424518403 70.0£1.7 61.9+£ 1.0 422+ 1.1
SagNet 53.64+2.8 27.1£3.7 734 £3.1 699 £1.9[66.0+09 53349 8254 1.8 56.7 423|539 4+0.5 73.0 £0.9 638 £0.3 439 £0.7
VREx 515425 25.14£34 720£29 68.1 £12[656+ 1.5 565422 8044 2.1 59.04 1.8|529 £ 0.4 70.1 £1.5 62.5+£0.6 433 £0.7
Fish 56.6422 315434 71.2+£3.0 70.5 £ 1.3[66.1 £ 1.0 61.4 434 80.1 22 574 424|529 4£0.1 695+ 1.6 62.6 £ 04 433 £0.0
Fishr 5254 4.1 259454 706 £04 683 £14[66.54+ 1.7 651421 7954 1.0 568 +3.2(5254+0.3 71.1 £1.5 62.0 £ 0.6 43.0 £ 0.7
EQRM 5294 3.8 268 £4.6 70.6 £2.5 669 £2.1[66.7 12 529F12 80.84+22 6084 1.0(524+0.2 680+ 1.4 63.0+£02 429 +03
RDM 5474+ 4.5 306+£65 71.6 £ 14 67.1 £13[67.1+£13 568429 8354+ 1.0 5864 1.1|5294+0.3 71.1 £1.0 61.5+£04 43.7£08
PGrad 55.7+43 30.0+62 68.6409 70.1 £ 1.2[70.6 + 0.8 57.0 4.8 839+ 1.6 63.7 412|554 +0.2 73.0 0.7 65.7 £ 0.6 46.0+ 04
TCRI 520439 247469 693412 70.8 +1.6]69.0 0.3 69.5+24 84.1 + 1.8 57.1£2.6|54.6 £0.5 708 £ 14 64.5+£09 454 £ 0.6
Focal 515433 2504£49 741 +£17 67.6 £1.7/67.6 £ 1.6 61.0 =48 80.7 4+ 3.5 60.64 1.9|50.8 0.7 67.5+£ 1.4 603 £ 1.3 41.5+04
ReWeight  [51.5422 256425 6784 3.1 7044 1.6(657 £ 1.4 56.8 £43 77.0 £32 597+ 1.8[524 4+ 03 6894 1.6 613 +0.8 43.7 £ 04
BSoftmax 5034 1.0 227423 7604 1.8 6924+ 0.9(67.6 £09 524 £4.6 84.5+2.1 62.0+£02[528 405 6744 1.4 62.1 +0.6 444+ 1.0
LDAM 502424 220441 73.0£03 68.8 £ 1.1[66.6+0.5 508 4.1 79.74+ 1.2 61.7F1.9|50.1 0.3 68.1 £ 1.3 59.6 £ 1.1 40.8 £ 0.2
GINIDG 58.6 £ 1.5 40.7 £ 2.6 684438 645+ 1.2[632+1.9 604 +4.0 784 +2.8 555+ 1.0|502 £ 0.6 69.4 +0.5 59.8 +0.6 40.5+ 0.9
BoDA 582407 402£0.7 73.4+£21 658 £ 10645418 5524 1.7 84.7 2.7 5414225354+ 0.6 74.6 £0.9 65502 427 +£08
SAMALTDG |57.5 + 1.2 324 £ 1.8 76.8 £ 0.1 69.2 £ 1.0]66.1 £0.5 49.6 3.0 §1.7£ 0.7 59.940.3|51.7 4+ 1.0 689 £09 61.3 £ 1.2 42.8 £ 1.1

NDCL (ours) ‘61.6 +08 385+1.5 764+£19 707+ 1.7 ‘ 71.1+£0.7 533+ 1.7 863+ 1.1 65.0 £ 0.7 ‘ 557+£02 714+ 1.0 658 4+0.5 47.6 £ 0.6

Table 4: Ablation studies on OfficeHome under two different settings.

TotalHeavyTail Duality
Average Many Medium Few Average Many Medium Few
Baseline (ERM) | 46.1+06 749 £ 0.7 64.8 £ 0.1 254+ 10 | 523+02 689 £+ 1.7 61.7 £ 0.1 429407
NoWeight (w/o wy, ) 471405 75.6 £0.2 65.14+0.9 26.8 + 0.6 543402 69.8 1.3 64.0 0.2 450105
NoCon (W/o Lcop) 46.1 £ 0.4 74.1 £ 1.0 64.0 0.2 256 0.5 517+ 1.0 68.8 0.8 614+13 427+ 1.1
NoConst (W/o L copst) 479 £ 0.1 76.6 + 0.4 64.8 0.4 274405 534402 69.7 £0.4 633+04 438+ 04
NoAug (w/o Ny,) 48.6 0.4 76.0 £ 0.4 65.6 0.5 279 £0.6 545+03 719 £ 1.5 64.0 £ 0.4 453 +05
NDCL | 49.0+02 71.6 +0.8 66.0 = 0.2 305+£03 | 557+0.2 714 £ 1.0 658 £ 0.5 47.6 £ 0.6

SAMALTDG, and GINIDG, our method consistently improves upon them over 1.5% on average,
demonstrating the effectiveness of modeling cross-domain posterior alignment while maintaining
margin-aware separation across imbalanced labels.

In Tab. 2] our NDCL still demonstrates remarkable robustness and consistency across multiple
datasets and sub-group categories. Nevertheless, under this setting, the performance of other meth-
ods has undergone significant reordering. Interestingly, methods specifically designed for imbal-
anced data, e.g., BSoftmax, emerge among the top 3 performers, especially on minority classes.
This is because the TotalHeavyTail setting amplifies inter-class competition due to severe label im-
balance, making fine-grained class discrimination more critical than domain alignment. Sinces all
domains have similar class distribution skews, domain shift becomes relatively less influential. Con-
ventional domain generalization methods, which perform well on major and medium classes, often
struggle on minority classes, further validating this observation.

In Tab[3] apart from the consistently strong performance of our NDCL, the presence of heteroge-
neous label shift reduces inter-class competition, thereby amplifying the impact of domain shift.
As a result, conventional domain generalization methods achieve competitive performance, and the
degradation in minority class accuracy is less severe compared to the TotalHeavyTail setting.

Surprisingly, the methods tailored to IDG underperform across all three settings. One possible rea-
son is that the random hyperparameter selection in DomainBed amplifies the optimization difficulties
inherent to divide-and-conquer strategies commonly used in these methods.

Margin and Posterior Discrepancy Analysis Fig. [] visualizes the averaged margin and poste-
rior discrepancy of each class between the multiple source domains and the target domain during
inference, providing an empirical quantification of the theoretical factors in our bound. Overall,
our NDCL achieves larger margins and lower posterior discrepancy, represented by the brown line,
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Figure 4: Illustrative per-class comparison of margin 7 (h) and posterior discrepancy based on JS
divergence on OfficeHome under two different settings across several representative methods in-
cluding ours. (1) denotes the larger the better, while (]) denotes the opposite.

across most classes under both settings. These findings validate the effectiveness of our NDCL in
mitigating the compounded effects of entangled domain and label shifts in IDG. In addition, un-
der the TotalHeavyTail setting, negative margins are more prevalent, even among medium classes,
which indicates intensified inter-class competition due to consistent cross-domain imbalance. Corre-
spondingly, posterior discrepancy across domains, measured by JS divergence between P (Y| X)s,
is typically larger in regions with small or negative margins, and gradually decreases as the margin
increases, indicating a correlation between class separability and cross-domain prediction stability.
In contrast, under the Duality setting, fewer negative margins and lower discrepancies are observed,
likely due to its domain-specific imbalance allowing classes to dominate locally, thereby reducing
overall competition.

Ablation studies Tab. E|reports the ablation studies of our NDCL. The removal of L., leads to
a significant performance drop, particularly for minority classes, demonstrating its essential role in
promoting decision boundary separation. Other components, i.e., wy and L.,y s¢, also contribute, but
their impact varies across the TotalHeavyTail and Duality settings. This variation reflects the dif-
ference in imbalance patterns, where TotalHeavyTail presents consistent cross-domain long-tailed
distributions, while Duality involves domain-specific imbalance, demanding stronger generalization
under heterogeneous class distributions. In addition, compared to NoAug, incorporating the aug-

mented negative set Y r in NDCLfurther enhances decision boundary separation.

Extended Experimental Analyses Further analyses on sensitivity to hyper-parameters, computa-
tional complexity, the effect of contrastive objectives, sampling behaviors on traditional imbalance
methods, prior distribution analysis, furhter quantitative evaluation, and significance test are pro-

vided in Supplementary Material

4 CONCLUSION

In this paper, we bridge the theoretical gap in imbalanced domain generalization (IDG) by establish-
ing a novel generalization bound that jointly accounts for posterior discrepancy and decision margin,
which are two critical factors overlooked by conventional bounds under imbalance. Motivated by
this theoretical insight, we introduce a unified framework that directly addresses entangled domain
and label shifts through explicitly steering the decision boundary, eliminating the need for ad-hoc
multi-level objective functions. Our key innovation, NDCL, leverages a negative-dominant con-
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trastive learning paradigm to simultaneously enhance discriminability and enforce posterior consis-
tency across domains. Rigorous yet challenging experiments on three benchmarks, involving three
distinct types of entangled shifts, demonstrate the effectiveness of our NDCL.

While NDCL indirectly mitigates domain prior discrepancy via governed decision boundaries, ex-
plicit modeling of domain priors remains challenging under severe imbalance due to potential ill-
posedness in representation alignment. Future work may explore causality-inspired approaches to
disentangle factors and improve generalization.

REFERENCES

Isabela Albuquerque, Jodo Monteiro, Mohammad Darvishi, Tiago H Falk, and Ioannis Mitliagkas.
Generalizing to unseen domains via distribution matching. arXiv preprint arXiv:1911.00804,
2019.

Martin Arjovsky, Léon Bottou, Ishaan Gulrajani, and David Lopez-Paz. Invariant risk minimization.
arXiv preprint arXiv:1907.02893, 2019.

Shai Ben-David, John Blitzer, Koby Crammer, Alex Kulesza, Fernando Pereira, and Jennifer Wort-
man Vaughan. A theory of learning from different domains. Machine learning, 79:151-175,
2010.

Kaidi Cao, Colin Wei, Adrien Gaidon, Nikos Arechiga, and Tengyu Ma. Learning imbalanced
datasets with label-distribution-aware margin loss. Advances in neural information processing
systems, 32, 2019.

Meng Cao and Songcan Chen. Mixup-induced domain extrapolation for domain generalization.
In Proceedings of the AAAI Conference on Artificial Intelligence, volume 38, pp. 11168-11176,
2024.

Cian Eastwood, Alexander Robey, Shashank Singh, Julius Von Kiigelgen, Hamed Hassani, George J
Pappas, and Bernhard Scholkopf. Probable domain generalization via quantile risk minimization.
Advances in Neural Information Processing Systems, 35:17340-17358, 2022.

Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, Pascal Germain, Hugo Larochelle, Francois
Laviolette, Mario March, and Victor Lempitsky. Domain-adversarial training of neural networks.
Journal of machine learning research, 17(59):1-35, 2016.

Ishaan Gulrajani and David Lopez-Paz. In search of lost domain generalization. In International
Conference on Learning Representations, 2021.

Yannis Kalantidis, Mert Bulent Sariyildiz, Noe Pion, Philippe Weinzaepfel, and Diane Larlus. Hard
negative mixing for contrastive learning. Advances in neural information processing systems, 33:
21798-21809, 2020.

Bingyi Kang, Saining Xie, Marcus Rohrbach, Zhicheng Yan, Albert Gordo, Jiashi Feng, and Yannis
Kalantidis. Decoupling representation and classifier for long-tailed recognition. In International
Conference on Learning Representations, 2020.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. Supervised contrastive learning. Advances in neural
information processing systems, 33:18661-18673, 2020.

David Krueger, Ethan Caballero, Joern-Henrik Jacobsen, Amy Zhang, Jonathan Binas, Dinghuai
Zhang, Remi Le Priol, and Aaron Courville. Out-of-distribution generalization via risk extrapo-
lation (rex). In International Conference on Machine Learning, pp. 5815-5826. PMLR, 2021.

DaLi, Yongxin Yang, Yi-Zhe Song, and Timothy Hospedales. Learning to generalize: Meta-learning
for domain generalization. In Proceedings of the AAAI conference on artificial intelligence, vol-
ume 32, 2018a.

Haoliang Li, Sinno Jialin Pan, Shiqi Wang, and Alex C Kot. Domain generalization with adver-
sarial feature learning. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pp. 5400-5409, 2018b.

10



Under review as a conference paper at ICLR 2026

Jianxin Lin, Yongqgiang Tang, Junping Wang, and Wensheng Zhang. Mitigating both covariate and
conditional shift for domain generalization. In 2022 IEEE 8th International Conference on Cloud
Computing and Intelligent Systems (CCIS), pp. 437-443. IEEE, 2022.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dolldr. Focal loss for dense
object detection. In Proceedings of the IEEE international conference on computer vision, pp.
2980-2988, 2017.

Wang Lu, Jindong Wang, Yidong Wang, and Xing Xie. Towards optimization and model selection
for domain generalization: A mixup-guided solution. In SDM, 2024.

Tomasz Malisiewicz, Abhinav Gupta, and Alexei A Efros. Ensemble of exemplar-svms for object
detection and beyond. In 2011 International conference on computer vision, pp. 89-96. IEEE,
2011.

Rupert G Miller Jr. Beyond ANOVA: basics of applied statistics. CRC press, 1997.

Vaishnavh Nagarajan, Anders Andreassen, and Behnam Neyshabur. Understanding the failure
modes of out-of-distribution generalization. In International Conference on Learning Repre-
sentations, 2021.

Hyeonseob Nam, HyunJae Lee, Jongchan Park, Wonjun Yoon, and Donggeun Yoo. Reducing do-
main gap by reducing style bias. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 8690-8699, 2021.

Toan Nguyen, Kien Do, Bao Duong, and Thin Nguyen. Domain generalisation via risk distribution
matching. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer
Vision, pp. 2790-2799, 2024.

Alexandre Rame, Corentin Dancette, and Matthieu Cord. Fishr: Invariant gradient variances for
out-of-distribution generalization. In International Conference on Machine Learning, pp. 18347—
18377. PMLR, 2022.

Jiawei Ren, Cunjun Yu, Xiao Ma, Haiyu Zhao, Shuai Yi, et al. Balanced meta-softmax for long-
tailed visual recognition. Advances in neural information processing systems, 33:4175-4186,
2020.

Shiori Sagawa, Pang Wei Koh, Tatsunori B. Hashimoto, and Percy Liang. Distributionally robust
neural networks. In International Conference on Learning Representations, 2020.

Olawale Salaudeen and Sanmi Koyejo. Causally inspired regularization enables domain general
representations. In International Conference on Artificial Intelligence and Statistics, pp. 3124—
3132. PMLR, 2024.

Yuge Shi, Jeffrey Seely, Philip Torr, Siddharth N, Awni Hannun, Nicolas Usunier, and Gabriel
Synnaeve. Gradient matching for domain generalization. In International Conference on Learning
Representations, 2022.

Houcheng Su, Weihao Luo, Daixian Liu, Mengzhu Wang, Jing Tang, Junyang Chen, Cong Wang,
and Zhenghan Chen. Sharpness-aware model-agnostic long-tailed domain generalization. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 38, pp. 15091-15099,
2024.

Baochen Sun and Kate Saenko. Deep coral: Correlation alignment for deep domain adaptation.
In Computer Vision—-ECCV 2016 Workshops: Amsterdam, The Netherlands, October 8-10 and
15-16, 2016, Proceedings, Part I1I 14, pp. 443-450. Springer, 2016.

Junjiao Tian, Yen-Cheng Liu, Nathaniel Glaser, Yen-Chang Hsu, and Zsolt Kira. Posterior re-
calibration for imbalanced datasets. Advances in neural information processing systems, 33:
8101-8113, 2020.

Rao Muhammad Umer, Armin Gruber, Sayedali Shetab Boushehri, Christian Metak, and Carsten
Marr. Imbalanced domain generalization for robust single cell classification in hematological
cytomorphology. arXiv preprint arXiv:2303.07771, 2023.

11



Under review as a conference paper at ICLR 2026

Vladimir Naumovich Vapnik, Vlamimir Vapnik, et al. Statistical learning theory. 1998.

Jindong Wang, Cuiling Lan, Chang Liu, Yidong Ouyang, Tao Qin, Wang Lu, Yigiang Chen, Wenjun
Zeng, and S Yu Philip. Generalizing to unseen domains: A survey on domain generalization. I[EEE
transactions on knowledge and data engineering, 35(8):8052-8072, 2022.

Zhe Wang, Jake Grigsby, and Yanjun Qi. PGrad: Learning principal gradients for domain general-
ization. In The Eleventh International Conference on Learning Representations, 2023.

Haifeng Xia, Taotao Jing, and Zhengming Ding. Generative inference network for imbalanced
domain generalization. IEEE Transactions on Image Processing, 32:1694-1704, 2023.

Shen Yan, Huan Song, Nanxiang Li, Lincan Zou, and Liu Ren. Improve unsupervised domain
adaptation with mixup training. arXiv preprint arXiv:2001.00677, 2020.

Yuzhe Yang, Hao Wang, and Dina Katabi. On multi-domain long-tailed recognition, imbalanced
domain generalization and beyond. In European Conference on Computer Vision, pp. 57-75.
Springer, 2022.

Zhuoning Yuan, Yan Yan, Milan Sonka, and Tianbao Yang. Large-scale robust deep auc maximiza-
tion: A new surrogate loss and empirical studies on medical image classification. In Proceedings
of the IEEE/CVF International Conference on Computer Vision, pp. 3040-3049, 2021.

Wei Zhu, Le Lu, Jing Xiao, Mei Han, Jiebo Luo, and Adam P Harrison. Localized adversarial
domain generalization. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 7108-7118, 2022.

12



Under review as a conference paper at ICLR 2026

LLMs were used solely for aiding and polishing the writing. The methodology, theoretical analysis,
and experimental details are entirely described and developed by the authors in the paper.

A ERROR BOUND FOR IMBALANCED DOMAIN GENERALIZATION

We build upon the domain adaptation bound established in (Ben-David et al.| 2010, Thm. 2), which
relates the target error to the source error and a distributional discrepancy term. Specifically, for any
hypothesis h € H, the target domain risk e (k) is upper-bounded as:

€T (h) <e€g (h)-i-dHA'H (PS (X),PT (X))—‘r)\q.( (6)

where eg (h) is the source risk, dyay (Ps (X), Pr (X)) is the HAH-divergence measuring the
discrepancy between input distributions, and Ay := infpcy [es (h) + e (h)] denotes the error of
the ideal joint hypothesis over both domains. While this bound has been influential in understanding
domain shift, it primarily focuses on aligning marginal input distributions P (X) and subsequent
variants of this bound have been widely used in existing domain generalization theory analysis
Albuquerque et al.|(2019); Lu et al.| (2024).

However, in IDG, aligning these marginal input distributions P (X ) may fail to guarantee effective
transfer when label distributions P (Y") vary significantly across domains. Even under invariant
class-conditional distributions across domains P (X |Y'), a shift in the label prior P (Y") can lead
to a substantial change in the posterior P (Y| X) via Bayesian rule. Consequently, the classifier
trained on the source domain may fail to generalize to the target domain, despite exhibiting a low
‘HAH-divergence. To illustrate this limitation, we present concrete examples where input alignment
alone is insufficient for generalization. Consider a binary classification task with classes Y € {0, 1},
corresponding to two categories. Assume that the class-conditional distributions are identical across
the source and target domains:

Ps(X|Y =1)=Pr (X|Y =1)=N([1,0],1)
but the class priors differ significantly:
Ps(Y=0)=01,Ps(Y=1)=09; Pr(Y=0)=09,Pr(Y=1I)=0.1
Under these conditions, the resulting marginal input distributions are:
Ps(X)=0.1-N([-1,0],I)+0.9-N([1,0],1I),
Pr(X)=0.9-N([-1,0],I)+0.1-N([1,0],1)
which clearly diverge due to the shift in label priors, despite the shared class-conditional structure.

This example highlights that marginal alignment of input features is insufficient for generalization
when posterior distributions are influenced by label imbalance.

Consequently, it is more appropriate to measure the divergence between the joint distributions
P (X,Y) across domains, rather than focusing solely on the marginal distributions P (X).

Step 1: Refining the error bound in Eq. (6) with the joint distributions. To better capture
prediction-induced discrepancies under distribution shift, we reformulate the classical discrepancy
dyrw (Ps (X), Pr (X)) from Ben-David et al|(2010), where h : X — {0,1} € H, into a form
defined over the mappings m = yh(x) : X xY — {-1,1} € M, withh : X — {—1,1} and
y € Y = {—1,1}. We then define a new discrepancy dar over the auxiliary class M, which
acts directly on this composed formulation:

A= sup [Ex y)~ps(x,Y) [[[m(X,Y) #m' (X,Y)]]-Ex,y)~pr(x,v) [I [m(X,Y) #m (X,Y)]]]

Notably, this transformation does not alter the underlying hypothesis H class but instead reorganizes
the evaluation space to emphasize decision-relevant characteristics.

In this way, we reformulate their error bound as follows:
ler (h) —es (h) |[< dpanm (Ps (X,Y), Pr(X,Y)) (7N

Lemmal Let Ps(X,Y) and Pr (X,Y) be joint distributions from the source and target do-
mains. Then the M A M-divergence between these joint distributions can be upper bounded by:

dyviam (Ps (X,Y), Pr(X,Y)) < dal (Ps(X), Pr (X))

+E;npr(x) [dram (Ps (YX =), Pr (Y[X = 2))]

13
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where the non-standard dfjg\l/lx) (Ps (X)), Pr (X)) can be defined as:

sup

m,m’

/ (Ps (X) — Pr (X)) Eypoyix) L [m (X, Y) £ m (X,Y)]] da

which denotes a posterior-weighted symmetric difference divergence between the source and tar-
get marginal distributions and measures the discrepancy between Ps (X)) and Pr (X)) under the
influence of a fixed source posterior Ps (Y| X).

Proof 1 By the chain rule of the joint distribution, we have:

P(X,Y)=P(X) -P(Y|X)
Consider the difference between two joint distributions, where I [-] denotes the indicator and the
discrepancy between the hypothesis pairs m, m’ € M can be regarded as:

A= swp [Bix y)mpsxy) [1[m (X, Y) #m (X, Y)][-Ex yymrrxy) [T [m(X,Y) #m (X, Y)]]|
Then, the chain rule of distributions can be applied as follows:

= sup

/Ps ) Ps (Y| X) Idady — /PT ) Pr (Y| X) Idzdy

where I is short for Im(X,Y)#m (X,Y)]. By introducing the term involving
Pr (X) Ps (Y| X), and applying the triangle inequality, we obtain:

A< ’/ (Ps (X) — Pr (X)) Eymps(y|x) ] dz|+ /PT (X) (Eympsvix) U] = Eyapp(vix) [1]) dzdy

So that, we can obtain:

duarm (Ps (X,Y), Pr(X,Y)) < dyg0l (Ps(X), Pr (X))
+Eenpr(x) [AMmam (Ps (Y[X =z), Pr (Y|X = z))]
O

Theorem 2 (Generalization Bound with the Joint Distributions) For any hypothesis h € H with
an auxiliary class M where h : X — {-1,1} e Handm =yh(z) : X xY — {-1,1} e M,
the target domain risk can be bounded by:

er(h) < es(h) + A5 (Ps (X), Pr (X))

+Eonpr(x) [dmam (Ps (YIX =2), Pr(Y|X =2))] + Ay

where Ay := infjeq [€s () + er (R)]. On the one hand, while retaining the original marginal dis-

crepancy term dfjg\‘/lx) (Ps(X), Pr(X)), this extended bound enhances the classical formulation

by incorporating a conditional divergence term that captures shifts in P (Y| X), which are typically

overlooked by input alignment alone. Moreover, based on Bayes rule P (Y| X) = %,

aligning the posteriors P (Y| X) can effectively mitigate the influence of the label prior P (Y') on
the decision function. Even in scenarios where P (Y) varies significantly across domains, maintain-
ing consistency in P (Y| X)) helps preserve a stable and generalizable decision boundary. On the

other hand, dfj A};\I/[X) (Ps(X), Pr(X)) characterizes the alignment of the marginal distributions

under the source conditional distribution Pg (Y'|X). In other words, aligning only the marginals
without taking the conditional distributions into account may distort the original representation
structure, thereby weakening the discriminative information encoded in the feature space. Such
distortions can in turn destabilize the decision boundary and hinder its ability to generalize across
domains. Therefore, ensuring posterior consistency becomes crucial.

Step 2: Extending to multiple source domains

Theorem 3 (Generalization Bound with the Joint Distributions on multiple source domains)
For any hypothesis h € H with an auxiliary class M, the target domain risk can be defined based
on a linear mixture across multiple source domains:

h) S Z 7Ti€f5' (h) + Cin + Cout + Tin + Tout +>\7r

prior distribution discrepancy ~ posterior distribution discrepancy

14
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where Z _ymi =1, A\x = infrey {Zi\;l m—eg (h),er (h)] Cin/7in denotes the maximum -
divergence between any pair of the prior/posterior distributions P (X) /P (Y |X = ). Cou =

ks (Y10 (Zz ) mPS(X),PT(X)) and 7ow = daar (Zz mPL(Y|X =x), Pr(Y|X = x)).

Proof 2

Remark 1 (Bounding the H-divergence between domains in the convex hull Albuquerque et al.|(2019))
Let a set S of source domains such that |S| = N be denoted by P&,i € [N
The convex hull As of S is defined as the set of mixture distributions given by:

Ag = {F =P() =N mPi(),me AN}. Let dynn (Pg(X),Pg(X)) < ¢Vi,j € [N].
The following holds for the H-divergence between any pair of domains P', P" € A%:
d?—LA”H (Pl, P”) S €

According to this remark, Albuguerque et al.|(2019) further introduce unseen target Pr, the element
of Ag which is closest to Pr, i.e., Pris given by argming, . dusn (PT7 vazl mPé).

Along this line, we extend this divergence analysis to the joint distributions P; (X,Y),¥i € [N], in
order to capture both covariate and label shifts. Specifically, the covnex hull Ag can be defined as
Ag = {ﬁ =P (X,Y)= vazl Py (X,Y),m € AN}. This definition is well-motivated, as
under the two-stage sampling perspective|Cao & Chen|(2024)), one first samples a joint distribution

from the real-world domain mixture, and then draws specific input—label pairs from the selected
Jjoint distribution.

Consequently, Eq. (7)) can be reformulated in terms of a linear mixture with Lemmal|I}

N
ZTFZGT Z [qu (h)+dMAM (Pé (X7Y)7PT (va))} + Ax

i=1

e i

N
Il
—

TG [efg (h) +dMA./\/l (Pé (X,Y) ,FT (X,Y))

+dmam (ﬁT (X,Y),PT (X,Y))] + Ar

] =

P (X) PL(Y | X=z
mi (¢ (B) + diG i + Eampr o dions )

.
Il
-

Pr(X Pr(Y|X=
Rk + By daginy ] + A

< 771'6?9 (h) + Cin + Coul + Nin + Nout + Ar

-

i=1

where the last inequality is based on Remark and dﬂzjw = dﬁzlj\)j) (P(X),Pr (X)),
AW IX=0) — dyiapn (P(Y|X =), P (Y]X = 2)). O

Step 3: Introducing a structural regularization term via margin surrogate error. Note that
the standard risk es(h) measures the empirical error on the source domain. However, when P (Y")
is imbalanced, majority classes dominate the optimization of the empirical loss, which biases the
decision boundary toward them. As a result, the margin around minority samples shrinks, reducing
classification confidence and increasing error on rare classes. To address this, we introduce a convex
surrogate error|Yuan et al.|(2021) on the source domain, denoted by ~ (h), defined as:

1= () = s ()

where ¢ (-) denotes a margin surrogate function, such as ¢ (z) = max (0, —z) or log (1 + ). This
term encourages the model to maintain a sufficiently large margin between classes.

15
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Consequently, €g (h) can be decomposed through margin «y (k) as follows:
€s (h) = Ez y)~ps(x,v)l (h(2),y)
=Epy~rsx,v) [0 (2),9) - Lyny<s] + Eragyorsx,v) [ (7 (%)) - 1yny>s]

small-margin loss large-margin loss

< lrmaz - Pr [A/ (h) < 5] + IE:(z,y)NPS(X,Y) [‘g (h (il?) 7y) ) 1’y(h)>5}
< Emax - Pr ['Y (h) < 5} + €s

where § is a margin threshold, £, denotes the upper bound of the loss function, and Pr [y (h) < §]
quantifies the proportion of samples with margin less than or equal to the threshold 6.

Notably, this inequality holds under the assumption that the loss function is monotonically decreas-
ing with respect to the margin + (h), whose property can be satisfied by commonly used surrogate
losses, such as cross-entropy loss.

Combined with the above, the final upper bound can be defined as:

< Z T 6S + anax : ['Vi (h) < 5}) + Gin + Cout + Min + Nour + Arx

< Z 7ri6f5‘ (h) + lazr - Pr [“Y (h) < 5] + Cin + Coul + Min + Nout + Ar
=1

where £, denotes the upper bound of the loss function across all source domains, and ~y (h)
denotes the expected margin over the source domains.

B GRADIENT DERIVATION

Our proposed InfoNCE-like contrastive loss can be formulated as follows:

1 1—s5 (pz pn)
L InfoNCEND ~log . )
’LEZI V(@) nEZN(i) >aeaw (1 —s(Pi,pa))

In analogy, SupCon-like contrastive loss can be formulated as follows:

EEE%COH -ND log ’
Z ‘ Z ZaGA(i) (1- i

el nEN (i) S(?z,pa))

And, classical InfoNCE contrastive loss dominated by positives can be formulated as follows:

1 7y
[ InfoNCE _ Z_l ¢ s (Pi> Pp)

PO 2 Scn s Pipa)

€L pEP(7)

Let fip = s (pi,Pp), Z; = ZaEA(i) s (pi, Pa), and Q; = \Pﬁ ZpeP @) fZ Then, the derivation

of LIONCE \y rt. p; can be expressed as:
aEInfoNCE 1
% = Vo Looy o = 0. Vp, Qi
Ao @
Qe pGP Zi
Quotme _i 1 Z V. fip - Zi = fip - Vi, Zi
Qi |P (@)l . Z2
pEP (i)
1 1 1
= 0. ip - Zi — fi Z;
Q, PG| 22 Y. Vi Zi— fip V. Zi

pEP(?)
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Next, we organize the final summation terms, and let ¥ = ZpEP(i) (Vp, fip - Zi — fip - Vp, Zi] and
fin =s(Pi,Pn):

V= VoS Zi~fu- | Y. Vedw+ D Vefin

peP(i) p'€P(1) neN (i)
Z VPLpr Zz - Z Z vpozp flp Z Z Vpifin : fip
pEP(i) pEP(i) p'€P(i pEP (i) nEN(3)
Z vplfzp Zz_ Z vplfzp : Z fip_ Z vplfzn Z fip
pEP(4) p'€P(i) pEP (i) neN (i) peEP(i)
Z vpz‘fip'Zi_ Z vpifip’ Z fip_ Z vpifzn Z fip
pEP (i) pEP (i) pEP (i) neN (i) pEP()
= Z Vpbfzp Z fzp Zi | + Z vplfzn' Z fzp
pEP() pEP (i) neN(7) pEP(i)
= > Vo D, fint D Ve Y fip
pEP() neN (i) neN (i) peP(i)

Therefore, we can obtain:

aﬂlnfoNCE 1 1 1
Ton QPO |\ T 2 Tl 2 Set 2 Vedus D fy
¢ ¢ i peP(i) neN (i nenN (i) peP(i)
1 1 Zne/\/ )fzn Z eP( )fzp
“0, PO IR 7. > Vplfm-pi,
‘ peP (i) Zi neN (i) Zi
1 2nen() fin
A Z Vpifip'ﬁ‘F Z Vp, fin
L peP(i) pEP() P penN()
1 anj\[()fm
:7 - Z vpl pmpp Z f Z vp1 pwpn)
¢ pEP(i) pEP@) I peN(i)

Similar to LIONF, the gradient of LINoNEND can be expressed in terms of the notations f/, =

con

L=s (i pp)s iy = 1=5(PiPn). Z = Ly (1= (i pa) and Qf = 1ty Sonens) -
9L InfoNCE-ND 1 N
P = Y Vot Y Vaf gmf
P " LpeP() neN () neN(@) Jin
1 Syero /-
= ? — Z vpis (piapp Z Vp1 pz,pn) . 2‘7167()#)
i pEP(i) neN (i neN () Jin

These

two gradient formulations exhibit fundamentally different optimization focuses, each ex-

pressed as a term modulated by a weighted coefficient. 9LMONCE /9p, adaptively emphasizes posi-
tive pair tightening by amplifying gradients for hard positives with low similarity or surrounded by

similar
prioriti
similar

negatives, while applying uniform repulsion to all negatives. In contrast, Lcon™NCEND

zes hard negative repulsion by adaptively scaling negative gradients according to overall
ity, while applying uniform attraction to all positives. This contrast reveals a fundamental

shift: from enforcing positive compactness to enhancing negative separation. This distinc-

tion 1is

particularly relevant in the context of class imbalance. Under label shift, minority-class
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samples tend to be absorbed by majority-class clusters, requiring stronger emphasis on negative
separation. Lcon™ONCEND aqdresses this issue by amplifying the repulsion of confusing majority-
class negatives when » | NG) fin 1s small, thereby preserving minority-class decision boundaries.

In contrast, the gradient of Lcon™NCE can explode when Y p € P(i)fi, becomes vanishingly

small, which is exacerbated by the scarcity of positive samples in minority classes. Consequently,

LIfONCEND ahpears more suitable for IDG.

Finally, the gradient of £5upConND o also be expressed in terms of f{, = 1 — s (pi, pp), fi, =

1—s(pi,pn).and Zj = 3 c 45y (1 — 5 (Pi, Pa)):

p) £SupCon—N D 1

Z,
= = 7 \Y 1le - \Y zfz/n . - -1
8p1 Zi Z PiJip Z P |N (’L)| ZneN(i) ,fin

peP(i) nEN (i)
— ZVS(pp)JrZVS(pP)( Zi 1)
— T | Pi i Pp Pi isPn) . T
Zi | pEP() neN (i) NV (D] Lnen fin

Similar to the conclusion in SupCon |[Khosla et al.[ (2020), this gradient enforces equal treatment
across all negatives, which can suppress the gradient signal from rare but critical minority-class
negatives. In contrast, our proposed LIONCEND naturally emphasizes closer negatives, thereby
more confusing, leading to stronger repulsion for hard negatives and attenuated updates for already-
separated ones. This dynamic aligns well with the goal of maintaining class separation in IDG. In
summary, while SupCon emphasizes balanced treatment of positives, we shift focus by dynamically
weighting negatives based on similarity. This inversion transforms SupCon’s design into a com-
plementary strength under imbalance, enabling targeted repulsion of hard negatives and improved
minority-class separation. Meanwhile, an empirical experiment has been provided in[E.3]

C ALGORITHM

Algorithm 1 NDCL

Input: Training set, batch size B, number of source domains N, number of class K, maximum
iteration 7', the trade-offs v and 3, and Beta distribution parameter p
Parameters: A learnable network fy
Output: fy

1: fort < 1toT do

2:  Randomly sample a batch S = {(x, ys, db)}szl

33 py < fo(xy)

# calculate sub-objective function L.

] exp(£ee (Po,Yb))
4: Wp Zmiexk exp(Lee(piyk))

5: Lo < Eq. @) with {(py, yb,wb)}le
# calculate sub-objective function L onst

6 pf ,%g Zwiexg Di

70 Leonst < Eq. (@) with {'u'z}dzl,...,N;k:I,...,K
# calculate sub-objective function Lo,

8. forado

9: resort all instances by py, in batch S
10: Ni < Eq. @

11: (Pr); + fo ((zr);) Y (zx); € Ny
12:  end for

13t Leon  Eq. () with Uy, {(Br), 12,
# total loss

14: Etotal — Ece + Oﬁccon + 6Econst

15:  Update network parameters

16: end for
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Note that the number of the augmented negative set N & 18 N, which is inversely proportional to the
number of observed samples of the k-th class across all domains. The underlying intuition is that
the classifier is easier to learn on the major classes.

Thus, py, in Eq. @) is not a tunable hyper-parameter, which would be dynamically determined in the
current mini-batch. For example, when mining hard negatives for class 1, we first aim to augment
7 = 100 instances. Then, we sort all instances by their predicted probability p;, and subsequently
select the bottom quarter of those labeled as class 1, e.g., 10 instances, as X,';’W. Accordingly, Xl,;‘fh
consists of the top 10 non-class-1 instances with the highest predicted p; scores, since 100/10 = 10.
This adaptive mechanism enables the dynamic selection of boundary samples per class and per
iteration, ensuring robustness to both class imbalance and evolving model predictions.

D RELATED WORKS

Existing methods in conventional Domain Generalization can be divided into four taxonomies. 1)
Domain-invariant representation (DIR). MMD |Li et al.| (2018b) leveraged the kernel mean embed-
ding to align arbitrary order moments of two distributions. CORAL |Sun & Saenko|(2016) achieved
good performance by transferring only second-order moment. DANN |Ganin et al.| (2016) intro-
duced an additional domain classifier to interfere with the representations, so that they do not con-
tain domain information. IRM |Arjovsky et al.| (2019) constructed a causal diagram from a causal
perspective to obtain invariant representations of causality. RDM Nguyen et al.| (2024])) aligned risk
distribution to indirectly eliminate domain information in the representation space. TCRI|Salaudeen
& Koyejo (2024) proposed a causal strategy to learn domain general representation, which is sim-
ilar to DIR. 2) Data augmentation. Mixup |Yan et al.| (2020) provided more interpolated instances
to enhance the smoothness, thereby improving generalizability. EDM |Cao & Chen| (2024) en-
larged the supported region spanned by source domains through generated extrapolated domains. 3)
Optimization-based. Fish |Shi et al.| (2022) proposed aligning gradients across domains by minimiz-
ing domain-specific gradient discrepancies. PGrad Wang et al.|(2023)) leveraged principal gradients
to align feature distributions across multiple source domains, enabling better transferability. 4) Meta
learning. MLDG |Li et al.| (2018a)) utilized the meta-learning to simulate the marginal shift between
domains. Despite their remarkable success, these methods appear insufficient to fully address the
complex challenges posed by the entangled domain and label shifts in IDG.

Recent studies have begun tackling IDG through a divide-and-conquer strategy. [Xia et al.| (2023)
propose a two-stage framework focused on synthesizing reliable samples to compensate for minor-
ity domains or classes, while incorporating domain-invariant representation learning via adversarial
training. |Su et al.| (2024) seek flat local minima while amplifying gradients for low-confidence sam-
ples, leveraging domain-invariant representations to address long-tailed data across domains. While
intuitive, the former incurs substantial computational overhead, and the latter does not effectively
address those coupling effects. Moreover, the inherent limitation of domain-invariant representa-
tions, where target domains may lie outside the support of source domains |Cao & Chen| (2024), is
often exacerbated under such coupling. In contrast, Yang et al.| (2022) propose a unified method
that adaptively re-weights each domain-class pair through a designed transferability graph in the
representation space to jointly address both shifts. this method remains biased toward majority
classes, and its overemphasis on underrepresented minority classes may lead to overfitting and de-
graded generalization performance. In this paper, we first present the generalization bound for IDG
to reveal the key factors that influence the generalization of the target domain. Building on this
theoretical insight, our designed NDCL leverages negative signals to naturally repel samples from
neighboring classes, thereby enhancing generalization. In addition, this design cleverly incorpo-
rates the structure of InfoNCE objective, without requiring any modifications to the original data
distribution.

E ADDTIONAL EXPERIMENTS
In this section, we provide a more detailed experimental analysis.
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Figure 5: TotalHeavyTail setting on three Benchmark.

E.1 DATASETS AND SETTINGS

VLCS is a widely used domain generalization benchmark that combines four distinct datasets:
VOC2007 (V), LabelMe (L), Caltech (C), and SUNO9 (S). It contains 5 object categories shared
across domains, with significant variations in scene style and object depiction, making it suitable for

evaluating cross-domain recognition performance.

PACS is a more challenging DG dataset consisting of four visually diverse domains: Photo (P), Art
painting (A), Cartoon (C), and Sketch (S). It includes 7 object categories and features large domain
shifts due to differences in texture, abstraction, and artistic style.

OfficeHome is another more challenging benchmark for domain generalization, consisting of 65
categories across four diverse domains: Art, Clipart, Product, and Real-World. It exhibits substantial
domain discrepancies and category imbalance, thus providing a comprehensive evaluation setting for

generalization algorithms.
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Figure 6: Duality setting on three Benchmark.

Since existing works do not provide standardized data splitting protocols, particularly on the Office-
Home Benchmark, and typicallyomit performance breakdowns across both coarse-and-fine-grained
class levels|Su et al.|(2024); Xia et al.[(2023)), it becomes challenging to ensure systematic evaluation
and reproducibility. To fill this gap, we provide a script, namely idg_generate.py, in the code folder
of the supplementary materials, which enables the generation of diverse and controllable dataset

configurations.

generator = TotalHeavyTail (num_of_validation,
main (’PACS’, num_of_validation, thred_many, thred_few,

stats =

percent_of_test,

generator,

heavytail_distribution_parameter
file=sys.stdout)

Listing 1: Example of generating the TotalHeavyTail setting on PACS

TotalHeavyTail and Duality are two representative settings generated by this script, where Fig. [5|and
Fig. [6] visualize the number of training samples per class in each setting, respectively. Specifically,
the TotalHeavyTail setting represents a cross-domain consistent long-tailed distribution, with rela-
tively balanced domain sampling. In contrast, the Duality setting introduces a symmetric long-tailed
distribution with noticeable domain-level sampling discrepancies. Tab. [5] compares the imbalance
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Table 5: Statistical information about imbalance ratios across all benchmarks under three differ-

max({n} e, )

ent settings. CR denotes the overall class ratio, i.e., — . DR denotes the sampling ra-
mln({nk}kzl)

e ({*})

tio across domains, i.e., (N}

max({nz f:1> .
min({ng}le)

. ECR denotes the class ratio in each source domain, i.e.,

GINIDG TotalHeavyTail Duality
CR DR ECR CR DR ECR CR DR ECR
C | 10.15 138  [30.95,90.28, 4.90] 131.00 1.21  [229.33,64.23,704.00] | 26.92 20.51 [137.60, 1.00, 7.67]
B | L | 1000 245 [14.08,99.42,7.36] 14442 2.04 [483.00,69.58,704.00] | 20.58 14.40 [161.00, 1.00, 42.00]
; S | 10.00 225  [19.32,42.87,5.22] 14328 197  [483.00, 688.00,69.58] | 16.40 16.20 [161.00, 26.00, 1.00]
V| 2666 208 [13.23,33.36,107.14] | 14423 1.81  [69.00, 172.00,704.00] | 1543 16.20 [161.00,22.00, 1.11]
A | 1250 3.35 [8.54, 3.65, 46.44] 15457 3.88 [176.50,74.50,580.00] | 26.92 20.51  [137.60, 1.00, 7.67]
G| C| 1236 335 [7.98, 4.12, 48.27] 147.86  4.16  [145.50, 69.50, 605.00] | 20.58 14.40 [161.00, 1.00, 42.00]
£ | P | 1300 234 [7.27, 8.20, 40.75] 13278 231 [97.00, 149.50, 605.00] | 16.40 16.20 [161.00, 26.00, 1.00]
S | 1650 1.80  [19.47,25.00,9.00] 198.40 1.27 [173.50,312.00, 166.50] | 13.60 13.47 [73.00, 1.00, 166.50]
21 A - - 7400 1.16 [78.00, 78.00, 72.00] 9.75 742  [43.00, 1.00, 75.00]
| C - - 66.00 1.54 [78.00, 75.00, 74.00] 9.75  7.04  [75.00, 1.00, 43.00]
8| P - - 69.33  1.63 [75.00, 75.00, 74.00] 9.75  7.04  [75.00, 1.00, 43.00]
g R - - 70.33  1.80 [76.00, 77.00, 77.00] 9.62  14.08  [75.00, 60.00, 1.00]

ratios across the three settings used in the main experiments. It can be observed that, compared to
the GINIDG setting, our proposed TotalHeavyTail and Duality settings place increased demands on
model robustness and generalization capacity.

We adopt the DomainBed protocol |Gulrajan: & Lopez-Paz (2021) to reproduce all methods, aiming
to systematically evaluate which approaches are effective under which settings. ResNet-50 architec-
ture has been adopted as the backbone, and each input image is resized and cropped to 224 x224.
Adam is utilized as the optimizer. Training data is randomly sampled from the full source domains
under each setting. Unlike the original DomainBed training-domain validation protocol, which uti-
lizes the remaining data for model selection, we utilize a cross-domain balanced validation set for
model selection. And, the remaining data from the training domains serves as the in-distribution test
set, while the held-out domains are used as target domains. Batch size is set to 32 for each source
domain and 64 for test, respectively. Maximum iteration 7T is set to 5,000. The default learning rate
is set to 5e-5. The range of the trade-offs involved in each method can be referred to the supplemen-
tary material. All codes are run on Python 3.9, PyTorch 1.13 on Arch Linux with NIVIDIA GeForce
RTX 4090 GPUs.

E.2 ILLUSTRATING IDG FAILURE MODES ON TOY DATA

In this subsection, we construct additional experiments to demonstrate the challenges of IDG on toy
PACS, mentioned in section [T}

To demonstrate how heterogeneous long-tailed distributions can lead to misalignment, we de-
sign a toy experiment on the PACS dataset with a symmetric cross-domain long-tail distribution.
Specifically, an imbalance ratio of 400:1 is used, as illustrated in Fig. [/| (C), where person is the
dominant class in Domain A and a minority class in Domain C, and vice versa for the other classes.
Several key observations emerge: 1) Under this imbalanced setting, the ROC-AUC on the validation
set decreases significantly. 2) Employing domain alignment strategies further reduces the ROC-
AUC, suggesting that majority classes dominate the alignment process and likely cause mismatches.
3) The dominant class consistently lies closest to its domain centroid, as illustrated by the bar plots
in Fig. [7](C). And, the Wasserstein distance between domains is comparable to the Wasserstein dis-
tance|Cao & Chen|(2024) between their dominant classes. These findings further imply that majority
classes play a dominant role in the domain alignment process.
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Figure 8: An illustration of underrepresented domains being absorbed by more populous ones.
Minority, majority, and medium domains are color-coded in red, orange, and green, respectively.
The line plot tracks the validation cross-entropy loss over training epochs for each source domain,
while the heatmap quantifies inter-domain discrepancies under the optimal model, measured by the

Wasserstein distancelCao & Chen|(2024).

To demonstrate how inter-domain sampling imbalance can cause underrepresented domains to
be absorbed by more populous ones, thereby supressing inter-domain support set and impairing
generalization, we design a toy experiment with imbalanced domain sampling but balanced class
sampling within each domain. Specifically, we sample 100 examples per class for the major do-
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Table 6: Impact of domain-level resampling on BSoftmax under TotalHeavyTail and Duality set-
tings.

TotalHeavyTail Duality
Average Many Medium Few Average Many Medium Few

Applying 486+ 0.5 69.5 £ 0.9 619 £0.5 33.0£05 528 £0.5 674+ 14 62.1£0.6 444+ 1.0
Omitting 484+ 05 69.1 £0.7 61.8 £ 1.0 324405 519 £+03 654+12 59.1£08 437403

Table 7: Discrepancy of prior distributions in learned embeddings with on OfficeHome under To-
talHeavyTail and Duality settings across several representative methods. SS indicates source-source
divergence. ST indicates source-target divergence.

| ERM MMD RDM PGrad TCRI | BSoftmax | GINIDG BoDA | NDCL (ours)

TotalHeavyTail S | 0455002 0434005 0554009 036006 0.17£0.03 | 0384006 | 0.77 +£0.16 0.13 % 0.00 | 0.30 + 0.03
Y ST | 0992008 1.03£0.15 137£013 078013 038007 | 099014 | 232£019 029001 | 069 £ 0.08

Duality 53 ‘ 084£010 070007 082016 065005 042004 ‘ 0.63 £ 0.06 ‘ 138 £0.14 036 £ 0.02 ‘ 0.53 £ 005

ST | 1.10 £ 0.09 1.06 +0.09 0.90 £0.17 0.72£0.07 0.55£0.06 | 0.81 = 0.11 | 2.36 = 0.19 0.43 £ 0.05 | 0.70 £ 0.08

main, 20 per class for the medium domain, and 4 per class for the minority domain. This setting is
compared against a fully balanced baseline in which each domain contributes only 10 samples per
class. Asillustrated in Fig. [8| several key observations emerge: 1) Under the balanced setting, losses
across domains remain similar. In contrast, the imbalanced setting leads to substantial loss discrep-
ancies, with the minority domain exhibiting the highest and most unstable validation loss. This
indicates that domain-level sampling imbalance negatively affects the generalization ability of each
source domain. 2) Comparing inter-domain discrepancies in SubFig. B] (D) and (II), we observe that
the divergence between majority and minority domains under the imbalanced setting is significantly
smaller than in the balanced case, suggesting that the minority domain has been absorbed by the
majority. 3) Regarding source-to-target domain shift, the imbalanced setting exhibits notably larger
discrepancies compared to the balanced case, confirming that domain-level imbalance undermines
cross-domain generalization. 4) Even with the use of a recent distribution alignment method, i.e.,
TRCI Salaudeen & Koyejo| (2024), the loss gap between majority and minority domains persists,
although the overall inter-domain distributional divergence is noticeably reduced.

E.3 IMPACT OF DOMAIN-LEVEL RESAMPLING

To ensure a fair comparison, a domain-level resampling strategy is implicitly applied to all long-
tailed methods. Specifically, each training iteration consists of samples from all domains. This strat-
egy is commonly adopted in domain generalization, particularly by alignment-based approaches.
Tab. [6]reports the impact of applying or omitting this resampling strategy on the BSoftmax method.
These results indicate that under the TotalHeavyTail setting, which is dominated by label imbalance,
this strategy has minimal effect, suggesting that class discriminability should be prioritized in this
case. In contrast, under the Duality setting, where heterogeneous label shift reduces inter-class com-
petition and amplifies domain shift, this resampling strategy helps to mitigate domain divergence
during training, thereby improving the robustness of long-tailed methods.

E.4 PRIOR DISTRIBUTION DISCREPANCIES IN LEARNED EMBEDDINGS

In Tab. [/| we investigate the marginal distribution discrepancies, i.e., prior distribution discrepan-
cies, of learned representations across several representative methods. Despite not explicitly aligning
prior distributions, our proposed NDCL achieves lower prior discrepancies both among source do-
mains (SS) and between source and target domains (ST), compared to existing domain alignment
approaches such as MMD and RDM. This suggests that our posterior-alignment strategy implicitly
mitigates prior mismatches to some extent. Another potential explanation, discussed in Subsec-
tion @], is that the methods, such as MMD and RDM, may suffer from misalignment due to label
shift, particularly under the TotalHeavyTail setting. TCRI achieves lower prior discrepancy than
ours, possibly due to its causal approach, which aligns support sets rather than full representations
and thus avoids misalignment when sampling is sufficient for each domain. BoDA, which directly
manipulates the representations, yields the lowest prior discrepancy overall.
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Table 8: Comparison of Contrastive Loss Variants for our NDCL. NDCLMNCE-ND denotes our
proposed method in the main manuscript, dominated by negatives with InfoNCE-like objec-
tive. NDCLS®Con-ND denotes NDCL with SupCon-like objective dominated by negatives, while
NDCLS"Cn denotes NDCL with SupCon objective dominated by positives.

TotalHeavyTail Duality
Average Many Medium Few Average Many Medium Few

NDCLSupCon
NDCLSupCon-ND
NDCLInfoNCE-ND

473 4+0.2 76.1 £0.7 64.8 0.9 26.7 £ 0.4
480403 753+13 653 +04 277405
49.0 £0.2 71.6 £0.8 66.0 + 0.2 305403

531+£03 702+ 1.4 62.6 £ 0.5 43.7+0.7
532402 69.7 + 1.4 63.1 0.6 436+ 04
557402 714 £ 1.0 658 0.5 476 + 0.6

TotalHeavyTail " . Iso 25
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Figure 9: Joint influence of hyperparameters « and S on OfficcHome under two different settings.
The upper part corresponds to the TotalHeavyTail setting, and the lower part to the Duality setting.
Log-scale axes are used, e.g., 0 = log; 1.

E.5 EMPIRICAL EVIDENCE OF PROPOSED CONTRASTIVE OBJECTIVE

The results in Tab. [§] demonstrate the performance differences among three contrastive loss
variants integrated into our NDCL framework. Both NDCLS"ConND apnd NDCLMONCEND ghow
clear improvements over NDCLS"Co"  particularly on minority classes, confirming that negative-
dominated separation alleviates the absorption of small clusters into majority ones. Among them,
NDCLMNCE-ND ' which is our proposed method in the main manuscript, achieves the best balance,
yielding the highest overall accuracy while substantially boosting Few class performance across
both datasets. These findings highlight the importance of posterior-aligned negative separation in
maintaining stable and generalizable decision boundaries under imbalanced domain shifts, which is
consistent with our gradient analysis.

E.6 PARAMETER STUDIES

Fig. PJreports the joint influence of the two hyperparameters involved in our NDCL. These results in-
dicate that both of them are effective within the range of 10[~3:2), with optimal average performance
typically around 10~! and 1072, respectively. Notably, under the severely imbalanced TotalHeavy-
Tail setting, larger values lead to improved performance on minority classes, indicating that our
design can effectively enhance class separability for underrepresented categories.

Fig. [I0]reports the influence of Beta Distribution parameter p involved in our NDCL. Note that p is
the Beta distribution parameter, not the mixing coefficient ) itself. When p < 1, the sampled mixing
coefficients are biased toward the extremes; when p > 1, most mixed samples lie near the midpoint
of the two inputs. From this table, we observe that under the TotalHeavyTail setting, performance is
relatively insensitive to p, with the best range around {0.2,...,2.0}. In contrast, under the Duality
setting, the effective range narrows to {0.1, ..., 0.5}. This difference arises because in TotalHeavy-
Tail, the class imbalance is more severe, causing minority samples to cluster near majority ones;
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Figure 10: The influence of Beta Distribution parameter p on OfficeHome under two different set-
tings. The horizontal axis denotes different values of p, and the vertical axis denotes accuracy.

Table 9: Average per-batch training cost (in seconds).

‘RDM PGrad TRCI BSoftMax GINIDG BoDA SAMALTDG ‘ NDCL NDCL-NoCon NDCL-NoAug NDCL-NoConst

VLCS 0224 0.679 0.433 0.248 0.617 0.315 0.489 0.500 0.229 0.263 0.483
PACS 0208 0.597 0.415 0.219 0.606 0.267 0.478 0.468 0.215 0.260 0.453
OfficeHome | 0.228  0.654  0.466 0.254 0.613 0.298 0.493 0.505 0.221 0.296 0.494

thus, mixtures closer to the middle region are more beneficial. In Duality, however, preserving the
semantic structure of the original samples is more critical, favoring more extreme mixing.

E.7 COMPUTATIONAL COMPLEXITY ANALYSIS

First, we would like to clarify that the number of hyper-parameters involved in our NDCL is com-
parable to those in other IDG methods. NDCL has 3, GINIDG has 1 but involves 3 sub-objective
functions, SAMALTDG has 4, BoDA has 7. Second, in Tab. [9] we have empirically investigated
the computational complexity of our NDCL. From this table, we can observe that: 1) Overall,
NDCL exhibits moderate training cost, significantly lower than PGrad with gradient manipulation
and GINIDG with adversarial generation. 2) Compared to the IDG methods, NDCL achieves com-
parable efficiency to SAMALTDG, and although its cost is marginally higher than BoDA, NDCL
consistently outperforms these methods across all cases. We believe this constitutes a reasonable
trade-off between efficiency and effectiveness. 3) Compared with NDCL and NDCL-NoConst, the
cost of predictive center alignment is relatively minor. 4) Comparing NDCL-NoCon and NDCL-
NoAug, the cost of hard negative mining is also relatively modest, and both variants are among the
more efficient in terms of runtime. These findings indicate that the primary computational cost of
NDCL arises from training on augmented data.

According to Tab. f]in the main manuscript, NDCL-NoAug, which does not employ hard negative
mining, exhibits a training cost comparable to that of BoDA, while still achieving consistently better
performance.

E.8 QUANTITATIVE EVALUATION OF MARGIN AND POSTERIOR DISCREPANCY

Fig. @] has visualized per-class margins and posterior discrepancies on the target domain of Office-
Home, where NDCL achieves noticeably better separation and posterior alignment than competing
methods, especially on the Few classes.

To further quantify how margin and posterior discrepancy relate to generalization performance, we
report the corresponding metrics with § = 0 for six representative methods in Tab. [I0} and examine
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Table 10: Quantitative Evaluation of Margin and Posterior Discrepancy on OfficeHome under
the TotalHeavyTail and Duality settings. Avg «(h) denotes the average per-instance margin, and
Pr[y(h) < 6] denotes the proportion of samples whose margin is at most § where § = 0. PD de-
notes the posterior discrepancy measured using the Jensen—Shannon divergence. (1) means higher
is better, and () means lower is better.

| TotalHeavyTail | Duality

| Avgy(h) e Prly(h)<d8lw PDw | Avgy(h)mn Prly(h) <éw PDw
PGrad 0.046 0.540 0.300 0.222 0.427 0.208
TCRI 0.008 0.545 0.291 0.111 0.489 0.234
BSoftmax 0.086 0.514 0.272 0.171 0.463 0.221
GINIDG —0.084 0.564 0.309 0.092 0.499 0.246
BoDA 0.047 0.568 0.351 0.214 0.459 0.274
NDCL 0.136 0.485 0.254 0.230 0.432 0.189

Table 11: Pearson correlation between theoretical quantities and target accuracy using a = 0.05.

| Avgy(h)  Prly(h) <] PD
Correlation 0.869 —0.934 —0.889
p-value 2439 x 107*  8.616 x 107%  1.099 x 10~*

their Pearson correlations with target-domain accuracy in Tab.[T1] These quantitative results reveal
two key findings.

1. Margin terms strongly correlate with accuracy. Across both settings, NDCL achieves the
largest average margin and the smallest proportion of small-margin samples, while com-
peting methods exhibit lower margins and higher small-margin probability, consistent with
their weaker target-domain accuracy. Pearson correlation further confirms a strong positive
association between average margin and accuracy, and a strong negative association for
small-margin probability, both statistically significant. This supports the relevance of the
margin term in our bound.

2. Posterior discrepancy negatively correlates with accuracy. NDCL consistently yields the
lowest posterior discrepancy, whereas other baselines, including alignment-based competi-
tors, suffer larger discrepancies. The negative correlation with accuracy is statistically sig-
nificant, validating the role of the posterior discrepancy term in our theoretical formulation.

In summary, the results provide clear empirical support for the theory: larger margins and smaller
posterior discrepancies reliably predict higher target-domain accuracy, confirming the practical rel-
evance of both terms in our bound.

E.9 SIGNIFICANCE TEST

To complement performance metrics, we additionally report the Friedman test Miller i with
post-hoc analysis, which statistically ranks all 24 methods with o« = 0.05. The results are visualized
in Fig. from which several observations emerge: 1) NDCL achieves the best overall ranking by
a clear margin. NDCL obtains an average rank of 4.80, markedly better than all 23 baselines. The
gap between NDCL and the second-best method (PGrad, 7.80) is substantial, highlighting the con-
sistently strong performance of NDCL across diverse domains and class-imbalance conditions. 2)
Most existing DG methods form a middle tier with similar and noticeably worse ranks. A large clus-
ter of methods exhibit average ranks between 11 and 15, indicating that while they offer moderate
improvements, their performance is far from competitive with the top-tier methods. 3) In conjunc-
tion with CD = 3.71, NDCL is statistically superior to almost all methods. Only PGrad falls within
the non-significant region; all remaining 22 methods are significantly worse than NDCL. Overall,
these findings provide strong and comprehensive evidence for the effectiveness and robustness of
our proposed NDCL across diverse settings.
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CD
—
242322212019181716151413121110 9 8 7 6 5 4 3 2 1
ARAARaAnAAaAnnannnnnnnnn|
GINIDG  16.03 480 NDCL
IRM  15.12 780 PGrad
Mixup  14.93 9.79 TCRI_HSIC
MMD  14.70 10.26  BSoftmax
SAMALTDG  14.48 11.07  Fish
Focal 14.27 1136  DANN
VREx 13.84 11.67 CORAL
MLDG  13.65 11.84 RDM
BoDA  13.58 1212 Fishr
LDAM  13.38 1217  ReWeight
GroupDRO  13.25 1270  EQRM
ERM 12.96 12.81 SagNet

Figure 11: Nonparametric hypothesis testing using the Friedman test on the performance ranks of
all compared methods across cases. Here, CD denotes the critical difference, which is 3.71.

E.10 COMPREHENSIVE RESULTS

In this subsection, we report more comprehensive results of our designed experiments.

Tab. [I2] reports the worst-domain in-distribution accuracy under the Duality setting, that is, the
performance on the minority source domain in each experiment. These results highlight several
key findings: 1) Our proposed NDCL consistently improves performance on the worst-case do-
main, demonstrating its effectiveness in mitigating the absorption of minority domains by majority
ones, as discussed in Subsection [E2] 2) Domain generalization methods generally perform well,
underscoring domain shift as the primary bottleneck in this setting. 3) Some other methods achieve
competitive results sporadically, suggesting that enhancing class discriminability alone can offer
limited gains, though less reliably than addressing domain shift directly under this setting for IDG.

Tab. [[3]and T4 report detailed results on VLCS and PACS benchmarks under the GINIDG setting,
which are the performance on the target domains. Tab. and [I7| report detailed results on
three benchmarks under the TotalHeavyTail setting. Tab. %% and% report detailed results on
three benchmarks under the Duality setting. From the detailed tables, we observe some variability
in performance across different domain combinations and settings. Nevertheless, our NDCL consis-
tently ranks among the top three in most cases. Notably, when there is a large discrepancy between
source and target domains, such as when domain S is selected as the target domain on PACS, our
NDCL achieves consistently strong results across all settings. This demonstrates the effectiveness
and robustness of our NDCL under various forms of label shift.
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Table 12: Worst-domain in-distribution accuracy per target under the Duality setting on three bench-
marks. The bold, underline, and dashline items are the best, the second-best, and the third-best

results, respectively. Column V on VLCS denotes the in-distribution accuracy of the worst source
domain when V is used as the target domain.

VLCS PACS OfficeHome
[¢ L S \% A [¢ P S A [ p R
ERM 68.1 0.4 62.9 £ 1.7 62.04£29 33.74+25[77.8 £ 0.6 79.6 £ 0.5 76.6 & 1.5 75.8 & 0.7]67.0 = 0.3 66.5 £ 0.6 49.4 + 0.3 559 4 0.8
IRM 67.1 4.6 64.1 £1.1 603409 31.34+28[75.14+1.2 75.1 £2.9 758 £2.0 7494+ 1.9/64.9 £ 0.6 65.5 £ 0.7 46.9 + 0.9 54.4 4+ 0.9
GroupDRO  |67.6 & 1.5 64.7 £ 2.1 60.8 0.4 41.7 +5.9(75.7 £ 0.2 784 £ 0.9 78.8 & 1.0 76.9 & 1.7[66.1 0.8 66.7 £ 0.9 48.5 4+ 1.1 56.9 & 0.6
Mixup 711425 644+£25 57.84+ 1.6 367+ 1.8[762+ 1.1 77.3 £ 1.8 7854+ 0.7 7624+ 1.2[67.0 £ 1.3 67.1 £ 0.2 485402 59.54+0.2
MLDG 702428 639420 603 £ 1.5 357+ 1.8|76.9 £ 1.2 77.9 £ 1.2 76.3 4+ 1.6 753 £2.4(66.9 + 0.7 67.7 & 0.4 483 £ 1.0 56.5 + 0.8
CORAL 69.8 2.1 653406 63.7+£02 3844 0.8|76.1 £ 1.1 755+ 0.9 74.8 & 1.3 73.6 £ 0.7(68.4 + 0.8 69.2 4+ 0.9 51.8 £ 0.4 59.7 + 0.5
MMD 633 4+2.8 64.5+£2.6 59.9 2.1 31.440.7[79.7 & 1.4 79.9 £ 0.7 76.9 2.2 749 4 1.166.5 & 1.1 66.6 £ 0.1 48.4 F 04 53.7 4 0.5
DANN 719427 623430 61.1 £3.5 41.0 4+ 5.1|784 £ 0.3 80.5+ 0.6 754 4 3.1 749 £ 1.2(66.8 £ 0.5 66.9 & 0.8 49.1 £ 0.5 55.8 + 0.7
SagNet 717403 664408 648+ 1.9 320+ 1.6/77.6 = 1.0 78.0 £ 0.6 76.7 2.3 753 £2.3(68.6 £ 0.1 69.5 0.3 523 £ 0.7 59.4 + 0.8
VREx 65.7 +3.9 63.8 £ 0.6 64.9 £0.9 3204+ 25[746+2.1 77.2+£0.8 754+ 1.1 782 4 1.4[66.1 = 0.7 66.4 £ 0.5 49.7 + 0.8 57.8 = 0.4
Fish 726 +2.3 66.1 £2.4 6204+ 1.4 3454+23[76.1+1.2 77.6 £ 0.7 773+ 1.8 77.6 + 0.8[67.6 £ 0.3 68.8 £ 0.2 502+ 0.8 59.7 + 1.2
Fishr 68.8 +2.3 663425 64.0+ 1.5 36.8 & 1.8|77.3 £ 0.7 77.8 £ 1.1 76.4 4 1.6 76.8 £ 1.1(67.6 0.7 66.4 & 0.2 49.9 £ 0.6 58.4 + 0.5
EQRM 69.7+3.8 61.04 1.5 62.6 £ 1.1 3424 1.9|79.0 & 1.3 80.9 £ 0.4 76.9 4 1.3 77.3 £ 1.4[66.1 & 1.1 67.1 0.1 50.0 £ 0.4 56.7 + 0.3
RDM 7254 1.8 65.1 £ 1.8 59.5 404 3554 2.4[769 £ 0.2 786 £ 0.1 794+ 1.2 7564 1.6(67.8 0.7 67.6 £ 1.2 49.3 409 5724 0.6
PGrad 748 4 1.4 655 £2.3 63.5409 33.14 1.5[79.8 0.5 81.1 £0.5 80.4 £ 1.7 78.3 4-2.5(69.2 &+ 0.4 69.9 £ 0.5 52.1 + 0.9 62.0 4- 0.8
TCRI 65930 67.0£ 1.6 64.7 £ 3.1 315+ 1.5(762+ 1.1 77.8 £ 1.1 77.5 £ 09 79.0 £ 1.0|69.2 £ 04 69.5+0.5 50.1 £ 12 59.9+0.5
Focal 68.0 £ 0.7 63.9£22 61.1 1.3 3254 0.3]79.6 £ 0.6 75.6 £ 0.6 77.4 & 1.4 77.0 & 0.4]66.7 & 0.4 66.6 £ 0.4 48.1 & 0.8 56.0 & 0.2
ReWeight 647 & 1.1 64.4 £0.9 633412 33.04+09[79.2 4+ 0.5 794 £0.3 7824 0.5 76.0 & 1.8[68.2 = 0.7 67.6 £ 0.3 48.8 + 0.5 57.1 0.8
BSoftmax  [66.8 +0.9 67.3 £ 1.9 61.4 + 1.3 38.7 = 2.4(80.2 + 0.7 78.6 = 1.7 77.4 + 1.9 77.0 £ 0.6(68.0 £ 0.6 67.4 & 0.5 492 + 0.8 57.6 + 0.5
LDAM 689 4 1.1 63.8 £1.3 60.54+ 1.1 373+ 1.0{78.7 £ 1.5 78.6 £2.1 78.5+ 0.2 749 4 0.7[65.8 = 0.4 66.5 £ 0.3 47.0 £ 0.5 555+ 1.0
BoDA 71.6 3.0 65.1 £2.8 643+ 1.6 31.4 +2.4[749 £ 0.3 762 £ 0.9 763 £ 0.5 742 4+ 2.2[68.2 £ 0.9 68.5 £ 0.6 51.8 & 1.1 58.8 +0.2
GINIDG 7294 1.8 62.6 £ 04 63.04+34 31.74+32(6924+32 73.7 £ 1.1 7394+ 1.6 726+ 1.7[652 £ 1.3 65.8 £ 0.8 495+ 15 54.1 +0.7
SAMALTDG |70.7 £ 077 63.0 2.6 63.4 1.7 343+ 0.8]79.9 £03 793403 77.8 £ 1.3 7574 1.6/66.3 £ 0.8 66.9 0.2 49.2 £ 0.5 58.0 &+ 0.6

NDCL ‘74.9 +0.5 68.1+12 629+ 15 41.0 £+ 1,8‘80.0 +04 819+ 0.2 81.2+ 1.7 783 &+ 1.3‘69.4 +0.7 69.84+0.3 51.3 £ 0.5 60.0 £ 0.4

30



Under review as a conference paper at ICLR 2026

OLF69L 60F8Ee8 BTF8VL #0TFE6L i 00 F000T TIFSS6 €0F99 ¢€0F€L6 i 9CTF V09 90FTS8 ¥OF¥¥8 S0F LSL i 8P F+08 TI'1TF068 90F€06 90FLLS i TOAN
0y F68 O0¥VF08 TIFSIL STFTPL|00F 00T OTFIS6 €OFO6¥6 SOFLI | 6CFE€BS PIFLE] 60FLE LOFECLL|€8FT6S 8TF¥L8 90F6L8 TTFCI8 | DALTVINVS
SOLF099 9TF6SL TIF8IL LIFLYL|O0OFO000I TI'TF6¢€6 TIFTEO LOFSS6|90FL6r 60F0C8 €IF1T8 SOFEVL | LEFLLY STFvVY8 TOFT06 ¢€1F8¢€8 vaod
SOFTOL TIFOV8 67VF669 O0€FO69L| I'0OF666 80F8¥6 60FLE6 90F096 | €€FLYS STFIT8 vIF9e8 OTFTI|ECLFO6PS SEFTI8 6 F008 TIFECL DAINID
T8FO0L VYTFSIL B0OF8LY POFOCUL| I'0OF666 60F9¢6 SOFO6H6 SOF09 [ SOFE8 OTFTE8 80F6€8 €0FE8L | I'SF88 TOFTI06 90F¥06 +'1F968 Va1
90 F€€8 €O0FLY8 LTFEEY 60FLSLIO0FO00I ¥0FTV6 TI'IFEV6 SO0F09 | STFTEL 60FSP8 8CFO6LL BTFECLL | €CEFIO0L STFO0L8 TTFO6L8 T'TIFO0¥8 xeunjosg
8EFTLY TSF908 TITFOW TCFSIL| €0F966 TIFreo SOFI9% SOF€9%6 | LTFO0ES 60F¥S8 S0FI9T8 ¥OF+IL | 08FTI9 LOF668 60F106 61F6¢S8 WSy
60F€Cs LEF8EL OLFLYY STF¥8 [00F000I TIF8C6 CTIF0S6 80F8S6 [0TF¥09 ¥IF+v¥8 T'IF1€8 OTFILL|TTFLO ¥IFES8 0TF668 90F T8 8304
8CFCYS TIF998 TCFECE9 LTFOSL|00FO000I TIFO0S6 TIFIS6 90FL9 | ¥EFFPS +vTIFE98 €0F8I8 60F89L | FIFI969 60F98 ¢€TFE8 LOFST8 TIDL
SLFB8S TTF86L LTIFO09L 60F09L| TOFL66 80FTV6 TOFIL6 €0F696 | TSFSPS O0TFPe8 LOFCSE® 60FCS9L | 80FSTL 60F 168 +0F6¢€6 €0+ 8L8 peiDd
€8F 8 60F9¢€8 PSFTOL VTFCSOL|00FO000I T0F0c6 60FLS6 FOFTI9% |6€EFO66S €TF0L8 6TFLI8 ¥OFO8 | ¥OF6¥9 LTFTT8 60FCT06 0CTFCT8 Nad
OLFV8 VYIFC08 TSFOV9 8TFSTUL | I0F666 90FS¥6 ¥P0F89 10F0L6|SEFIEY TIFO0S8 O01FO0I8 80FECLL|OLFI8 ITFEI98 T'IFEL8 9TF9C8 Y0
YEFO0I9 8TF618 CSLFTI 8TFO00L|00F000T TOFTEO 60F€9% €0F¥9 | 08F 09 60F+S8 TI'TFLI8 SOFIS [09F0¥ TTFT68 vO0FL68 ¥IF I8 sty
OLF60S TTF96L TYFEI9 61F669|00F000T SOFSS6 V0F89 €0FHL6|8TFCSo6r €CTF9C8 8CF6LL TEFTIU [ 8YFISY 61F668 STFT68 01F1€8 ystqg
TEFV6S SITFLOL 6€FLTL STF8VL| TIFE8 S0F0C6 ¥VOF¥¥6e vO0OFTC6 | ITTFIT TIF9¢8 90F8C8 TO0F6SL|ITSFOIL 80F98 TIFCS68 S0F S8 XTIA
SSFCLY OTF¥¥8 TOIFTYY VEFLYL|00FO000I vIFST6 90Ftveo €OFIS6|LTFLOY TIFLTI 60FSH8 €0Fo6SL | I8FO08 90FLY8 ¥IFSH €TFE6L 1ONBES
89F9¢9 9TFC08 FEFH+99 OTFLEL|00FO000I STFSH6 80FSS6 90FS9% [ 9TF8L9 €0F01I8 €TF808 LOFVIL|STYFIIL ¥OFT18 +IFE88 STFI9V8 NNVA
EYFLOY SOFLE] STFE69 SOF9IL|00F000I SOFo6T6 80F6S6 SOF8S6 | CLF8IS SOFI9T8 0CFI6L 9TFOEL | LEFSTI9 TIF68 01F8L8 €1F8T8 ANIN
99F V0L TEF0T8 8V F 169 00 F 000 OT+FS¥6 VvOF+9S6 ¥V0F99 | ITF9ES T'IFSI8 61TF0¥8 ¥IF8SL|TLFTI 80F998 90FS68 81F9¢8 TVd0D
9CFO9LY LOFTLL SEFO6TL 00 F 000 STFST LOFLE €0FE€S6 | ¥VIFESS 91 F6T8 80FHTc8 01TFCL|0EFI199 €1FT8 TOF068 I'1F6¢€8 DATN
FLTLF €W 0CTFESL STFIVL 90F €66 €IF+S€6 O0TF0S6 O1F8C6|ILF8LS TTFSS8 ITFSP8 LOFS8L | LEFLLS 80FT8 €0+F¢€68 80F T8 dnxty
TOF LYY LSFYIL 09F619 00 F 000 91+F6C6 60F9¢6 90F€S6 | 6TFO08 91F9T8 OIF86L ¥VIFTEL|TIOFO009 91F0L8 8TF998 I'1+F808 oyqadnoin
YOFO6YS VvTF68L €V F8VL P0OFS66 60F0V6 OTF9S6 €0F€9% | S6FLLS TTFI08 LTFVYIL 8TFLIL|€OFILY TYF8I8 01F08 81F0T8 NI
YEF969 €I1FCW o6VF0CL LOF8IL| SOF¥66 ¥0F8T SOF6S6 T0F09 [ 8CFLYS €0F0€8 €T1F98 O0TFSEL[0EFITO 0TF¥98 €0F068 O01FCT8 JARE!
Mg UBIPIAL Auey E{AETN % Mg UBIPIIAL AueAl Ex{AEIN M UBIPIIAL Aueyl Jgeraay M UBIPIIAL Auey Ex{AEIN
S d D v
.wzﬁu\,um DINID 2y) Jopun Jrewyduaq SOV Uo urewop 19318) A1 JO Ssynsalr pafreIxd 4] Q[qel,
CTIF8I9 STFISY 60F8LL TO0FT9IL i 0SFvsc T'e+69 ¥VIF9L9 vOFTTL i 80F 68 61F08 O01F699 LOF8Y9 i LOF €8 6CTFLY6 0°0F 000 +0F 1'66 i TOAN
SEF8IL 6TFIP8 8TF099 81F869 | vy F9¢e ¥SFLEL 61F0C T'TF€69 | 6TFL6r STFO8 ITFI99 61TFV09 |0TFTL6 VIFP6e8 10F966 ¢€0F €8 | OALTVINVS
6CFEYL 8TF89L LOFOSL LOFTSL|TLFOEE LEFTW 9T1F699 80F98 | ¥1F69F TIFS6CT 60F899 0IF9Y9 | 90F0L6 08F808 T0F88 01F696 vaod
LEFVEY 9¢FTIUL TTFE9 LOFO969 | TvFLST TYF0S9 T'teF609 €1F099[60F€0S LTFLT ¥VOFVLY €0FTSO[STFES6 09F8C8 B0F€L6 90F V96 DAINID
6CFOIL LeEFIVL LTFLIL SOFVEL|SYFLIC 6VFP8 1'€F€C9 91F1+8 | 80F98 TTF66T O01FTI9O I'IF96S|90F€L6 00IFSIL SOFT66 vIF 8% Va1
TIFI8L O0TFSSL 9CTFO6I19 1TTFOLY | VSFe6ey PEFLI8 LEFVYS 9TFO0C | LTFLSS STFTI9C T'IFTY €1F6C9 | 80FI'L6 TTUFSI8 ¥OFI166 80F1L6 xeunjosg
6V FI'SL 9YF6¢€9 TYFEOL ¥YTFIEL|STFeee STFYSL T'eFLLS 8TF099 | L0F80S LTFTST SOF6¥9 90F0¢€9 | 9CFIT6 19F6L8 +vO0OF8L6 Vv0FLS6 WSMaY
TSFIVY VIFSLY 9CFVTIL TEFLIL|IVEFLITC 9GLFLYY LEFSLY 80F069 | vOFE8 LTFITC 60F€S9 60FI1€9 | STFVSe LEFTI8 +O0FT66 +v'0FSL6 [8904
EIFE69 VEFOSL TEF8IL STFTSL|OYFVYe T€FTLY S1FS6S TIFVLY [VOFE8 LeFSPe 0CTFIS9 LTFO0€ |8TF6T6 TCFOT SEF9S 60F0L6 TIDL
ISTF VLY TTFBOL 90F I8 SOF8SL|8CTFBIC 9cFEV9 01FT69 SOFOIL|TIFSOF SO0FSE 60F09 O01+F8¢|80F9L6 8ITF¢€S6 TOF966 [10FL86 peibd
8CTFTY9 80FVYIL CIFTIL 8O0OFITL|E€EYFOST TEFEEL O0TFI9C9 90F 8 | LOFOLY 9CTF80C 80FTSY LOFO6C9 | ¥TFLEo TLFOVL TOFL66 80F 996 Nad
TYFve9 veFTI8 SeF¥69 STFTOL|TTEFYYC ¥LFT09 LTF88 SOFCTOL|LOFO8 OTF+8 80F8C9 60F609 | L0OF8S6 €¥F¢€8 90F88 LOF 696 AR (02
OCEFILL ¥YEFOOL TEFOIL OTFLEL |[ITFIPE T€F98 0€F9S9 60FVOL|CIF86r €vFo6+vc v0F 69 SOF6T | 0TFIE6 90FLS6 €0F966 S0F8L6 sty
COFE99 SITFSEL €IFO08L STFESL|LTFOCE SEFTYY POFITOL VOFO6IL|90F IS 60F0€C €I F+¥99 TIFEYI | 90F €9 VvTF+906 LOF88 TOTF8LO ustd
YYFICL L9OFREL vy FITUL TVPFCIL|TLFLIC SSFLB €TFII9 S0FS9 | ¥OFS0S vEFIVC TOFESY ¥OFTE | STFI966 ¥e+998 91FT9% [I'TF8¢E6 XHIA
8EF9C9 60F0CL LOFSYL LOFECL|0EFITE 6VFSI9 8TF699 I'IF669|£0FI8 60FSIC ITFLLY 9TFES9 | I'€EFT06 8c+608 +0F98 TOFES6 1oN3es
VSF80L SEFTIL €TFOTL CIFSHL|90F€ee 9¢F899 FIFES9 TOFOIL|80FIIS 8TFTUW 90FSS9 ¥OF+e9 | 80F6S6 8T1F96 TOFS66 10FLL6 NNVd
88F €L ¥IFE€8 90FTLL STFECL|SYFOTCC LTIFLLY LTFIV TIFE8 | 61TFESHK TIFLYC €T1F9C9 €T1F€e9 | €1FSS6 8TFEL8 SO0FLB €0FSL6 AN
ECFTO9 8TFO69L SOFTSL 80FEPL | €€FLOE LEFO0T 9TFLLY 6T1F98 | 80F 0Ly LOFOST SOFSS9 LOFEE | 80F€C€% IvF¥88 TOFH8 S0F LI A2 (0]
TOFO9CEL TeFSVL 0TFE€8Y TIFCIL|T8FTIIE ¥eFLI9 STFET 0TFE8 | VIF8LY 8TFI19C 9TF9L9 €ITFVSI | 60FSL6 TLFSE8 TOFre6 SO0FSLO DATN
EYF6SS TTFLOL 60FI19L LOFLTI|SEFOET ¥EFE69 9cFLY9 8T1F88 | ITFSLY SeF¥8 TI'IFTTWO 60FI109|9TF+96 T6IFI109 T0FL66 STFIS6 dnxiy
OSFIIL LTFOIL TIFCSSL 8TFoO6VL | TEF69C TTFOVL ¥EFP09 8TFCLY|SOF88y STFEST TIFECSY T'TFTY | V0F6S6 TrF668 €0Fco6 +0FSL6 oyqadnorn
6LF 169 09F9TL 9TF60L ¥OFLIL|TSFLI vOFTSY €TFOOL 90FO0€EL | ITFOSY T'€FLIT 90F0L9 SOFSYI | ITFSI6 STFIB TOFV6e6 90FTL6 NI
L8F OV 8¢FO08 TE€F99 vvF6L9|IvFeec LSFIL LTIFTY 90FTO0L|[STFO00S 80F6ST 90F€EV9 ¥0F+T9 | LOFLIY LIF¥L8 60FS8 LOFVLO JARE!
M UBIPIIAL Auen EY{AETN% Mg URIPIAL AueAl EG{AEIN M URIPIAL Auey JferoAy, Mg UBIPIAI AURAL Jgerasy
A S T o)

‘Sumes HAINID 2y} Jopun rewyouaq SHTA U0 urewop jo5Ie) oy Jo s}NsaI pa[reId( ¢ d[qeL

31



Under review as a conference paper at ICLR 2026

ITPF+4v99 ¢ceFeiL ¢€SF6eL TTIFTLI i OTFLT16 6TF668 SO0FLS6 LOFIC6 i 80FO0V6 €Y F61S SEFI98 ¥1FC0L i I'TF69%9 €TF8VL LTIFIT8 61 F9VL i TOAN
SOl FL¢eS To6FS€9 VvIF68S ¥IF0eS|0ecFII6 9TFSI6 8T+ €1F67T6 | TEFLT ¥VSFoer 9¢+¢€8 TTFPI | I'SFITEO 80F0¢9 TIFL68 91FV0L | DALTVINVS
00l F¥T€ 9CTFVIL LeFO0OEL €TFVYPS | 9TF098 €1 FVL8 €CTFTV6 80F 606 | I'CTF68 0cFISy 9TFI198 I'TFES9|LTFLOS vEF999 +v0FO0I6 8TF 869 vaod
refLec 9¢+Le9 vSFLB8L STFIIC|8CTFP6e8 0¢€+898 CTIF9¢6 LTIFEI6|STFI9T8 0e+T6E 90FSI6 0TF0€9 | 0CF€09 80F8LS 60FS68 LOF 899 DAINID
I'8F 8y CSITF909 LSFE€8 9SFovs |S0Fore 61FL68 0TF8CT TTFLE |SEFL06 TEFEI 01F006 ¥TFT8 [ 8CTF609 0CTF¥S9 €0FTI'L8 9TF90L Wva1
6SF9¢9 YIOFVYI LYFE8 61F86S|90F8Y6 €TFTI6 9¢F006 01F6€6|€TFES6 0LFSo6r I'SFLY8 6TFE8 [ VPF€69 SOFL69 S0F88 LOFOVL xeunjosq
VLFTTIS 6TFTIL €8FLLS O0SFO6I9 | PIFLS6 STFTE 1TFET 90F8P6 | SOF668 TCFI0r S0FIP6 61F199 | 8CFIS9 SYFLIL €€FCL8 TTFYEL WEMY
TOLFT1LE T9FTYY 9LFO6VL STFLTIS | STFO088 €T1FT68 €IFSH6 90FTU6 | 60F 88 TTFE6E TIFO6T CTFLYI |67V F¥es TSF8SY 61F€68 L€F €69 800
EOF LSy CEFVIL LEF8SL 9TFT | TTFIL8 OTFI68 TOFE€S6 TOFET | 8TF806 €CFTLY SO0FO068 TIFLLY|8SFRE 8vFTE9 60FS06 9¢FCIL TIOL
60l F¢eee VvyF+L9 STFTE] 61F195|8TF806 60FI198 €0FI8 90F9C6 | €TFL68 60F99 61FS€6 ¥OFO0¥ | TSF609 90F899 60F8T6 CTIFiL peibd
8YF oLy TOFLLY TEFVLL 9¢FT6S|TIF6TO TTFIL TOFV96 ¥0F6T6|LTFS8 LTFLY €I1FSI6 ¥IFTI9 | 9€Fo6¥9 81TF999 0T1FS06 TIFLTL Nad
P8F LIy 09F0C €CeFLIL VIFO6SS|¥0OFo6L8 61FS8 ¥IFLEO SOF8I6|VIF968 TyrFT8 60F+T6 81F88 | ¥SF88 60F¥8 61F68 O01FLEL AR (02
00l F ¥y 8E€EFLIL STFREL €T1F009 |0TFS06 80F068 €OF¥v6 SOFLT | TTFIT6 O0CTFYOr 9CTFI168 60FSH | I'eF€19 STFTTLY 01F606 80FT69 Tystg
98F I've  S9OF8C9 T0IFTY €vFTIIS|61TFS06 I'TFTP8 ¥VIF6¥6 TIFS06 | 0CFS06 SYF8Se SITFIVe T'€cFVe9 | STFILY TEFT6O T'IFLI6 STFSVL ustd
OTLF6Sy STFLOEY €8FO0SL 0CTFLY |0SFLE] 0CTFT68 €CF¥co €1F806|CIFI18 vCFI0r vIFO0I6 80FLY | ¥SF86Y 6TFISY 8eFH¥S8 ¥IFI1L9 XHIA
SITF¥eS 0e+61IL TEFSEL 9TFCWO | VveEFVL8 STFTI8 60FLS6 I'IFVI6|€CFT8 SE€EFIPS CTIF0L8 STFTIL|SSFIES 80F 109 €£€TF8S8 +'0F 1S9 1ONBES
89F 0TIy 88F€TL TLFECLY OTFPOS|8TFFI6 LTFECI6 0TF8Y6 ¥I1F8€ | 60FSS8 TEFSor STFo606 €1F069|6€F999 ITTFOIL OTFET TTFEIL NNVd
8LF90E TSFTSL ¥VIFT69 LOFSSS|6€EFTI6 €1F1€8 VvIFES6 9TFL06|60F098 TTFCTIY 60FT€6 TIFVE | STFYEY 9TF8V9 LTFES] TTF 69 ANIN
T8FOCC 6€EFO8 LEF8LL TEFOSS|LEFVL8 SOFSL8E TTFVC STFLO6|TIFOL8 8y FSSr STF668 0TFLI | 8EFITS TYFLIS vO0FETo 81FLS9 TVd0D
I'e+¢0c TLFTLY €TFVIL STFEOS | €€F9L8 STFL68 TOFvVYe 80FTT | 0V F8T8 8eFLLY TTFITW 9TF€8 | SCFI98 €€++99 9TF068 €TF 869 DATN
LeF el SOFCSOL LTFOTL 8TFEor | 91FLT T'eFT6L 0TFTSO €CTFLB [ CTFIS LTFVIy T'€F€8 90F9€9 | TIF909 01FLLY TTF¥06 90FLIL dnxiy
FIT+F¢€8 68F€9 €v+TVL STF6¥S|STFS06 vTF+998 +vO0F19 STF8I6|VT+9¢8 0¢cF+0vyr S0F0¢€6 81T+699 | TSFVS9 8ITFVvL TOFI98 TTFVSL oyqadnoin
['8F L6y €TFCLS 6TFLYL TYFQLS | TrF€98 9¢FEV8 LITFVT6 9TFC68 | LEFS68 STFISy TIFV06 O1FIL | SYF6LY 9TF699 ¥VIFEI6 91F8TL NI
0SIF L6 vYF919 80FLOL 6€F9TS|€SFSL8 60F€CI6 TTFLYO STF6C6|S0F6T6 0SFI9 01F9¢6 0CFTYI [ TIOF8YY 8TF 165 91F806 9TF989 Wdd
Mg URIPIIAI Aueyl Ex{AEIN M UBIPIIAL AueAl Ex{AEIN M UBIPIIAI Aueyl Er{AEIN M UBIPIIAI Aueyl ES{AEIN
S d D v
.wnﬁuow :&H%ZWOEMNHO,H AU} Iapun drewyouaq SOV uo urewrop 10310) QU1 JO S)nsax pafreed 971 dqe],
6EFL6S 90F9LY 9TFH06 S0FHIL i LTFO6LY LTFP8 IvF¥iS STFES9 i STF LIy 8TFGS6S ¥eFoo6e 01FTH i 60F9%6 9FF68L 00F000I LOTFLS6 i TOAN
I'LF VoS TOFE69 0SF VS8 LTFVEL|8TFBSE 9€F019 SLFCEL TTFLY | LTFTW v0O+FS9S 6€F+91c 8TF8I9| vP+698 TeF¥LL 0TFTS6 TIF888 | OALTVINVS
ECFTOE TYPFIvr $OFTL6 TTFE | TEFTIC TEFOIY veEFVo8 STFS6S | FIFSLE 90F9€S SeF0¥r TIFOESY| I'eFIvL 8¥F86L 00F666 S0FCT6 vaod
6V F T8 TOFI9T9 SSFCS8 VIFVSO|6€FECIT TTFW 9TFE€L8 LEFT6S|6€EF06C vOFSTS VIFO06b SOFLI | TIFLYL 6TFIS9 00F000T I'TF 688 DAINID
LLFO09% 0€F+609 80F868 LTF869 |LI9FLSC 8CTFVer +veE+88 Pe+809|9CFI'Iy 0CTFLSS TTF9ey 80F6S9 | I'C+F198 8SFLLL TOF866 vITFOE6 Va1
ThT88 8I1FS09 8cFE€¥8 BTFLTL|9SFCST 9LF8IS SSCFOCUL TTFVO | LTFITY 90F6LS TTFTW LOF6S9 | €IF0S6 60FT9L 90F066 10TF8¥6 xeunjosq
SLFCSB 9TFVLY T0FGS68 0TFECSL|8TF06E LSF8O6Y TLFCSSL 6CTFVe9 | €eFLSY STFI909 TTFI9CC 60FE8 | LOFSE6 8LFE08 T1T0F666 I'1F8V6 WBMY
LTFESY veFo6eS LOF09 CTIFSOL|TIYFLI9C 8y F Iy TEFI988 PeFTWO|I'eFTLE VYOFLES TIFTEY 90F SS9 | 8€F99L 0€F¢€T8 T'IFL8 ¢€1FCS68 [890]
OLFEYS ¥YeFLI19 VvSTFLLE VIFECIL|CTIFEST STFOSE LTFY06 61FVI9 | SOF80 1'€F98 TCF09 60FC€| STFLE] 9SFeo6L STFI18 80F016 TIDL
TIF 88 6T1TF6LS 80FCSS6 80FLTC|STFOC ¥TFO09 90F0P6 SOFI09|SO0FOSE €0F89 LOFTW €0F9¢9 | LEeFCI8 €CF8¢€8 00+F 000 60FSTO peiDd
8LF LSy 9TF665 60FST 0CTFO60L|8TFOVC €9F €6 0TFO08 €TF909 | 60F8SE 90FTLS 6% FT8 SITFOVY | SOF0EL SE€F978 00F000T ¥0FLT6 Nad
SSFIVr TOFTLS TTFE68 0CTFOLY |9V FELC OLFTO TYF¥e8 vIFLEY|60F08 I'IFVLS €1FT6E €0F9V9 | TSFS08 0CTFEVL T0F666 90FI1T6 WI04d
STFET €T1F609 90F0r6 60FVEL | LYFSIE LTFEOF 9T FTE8 61F9C9 | 60FS6C 61TFITSS TOF6Py 90FLCSO| I'eFI¥8 BEFOLL 00F000I I'TFO0C6 RESIC
EYF8O LTIF609 STF+ie S80FVIL|9TFO08 0SFSo6e 9TFEI6 T0F+S9 | 8TFT9 LTFOSS 0TFIW SO0F9S9| I'eFe06 o6FFLI8 00F000I 90F8t6 ustd
YrFyoc LeFyys LeF9T16 8T F€99 | veFTec LSFT6r STF8Y8 TTFTIO | STF8VE 61FO0LS LEFVLr OTFVLI| 9¢F908 9OvFTS8 €CTF889% ITF¥I6 XTIA
LLF 6T 9V FTI9 8eF€T6 91TFE68 | SEFCLC 19FTW €TFLE TIFLW | ITFOLE LOFOLS VIFEB SOFVY9 | €LF6C8 LLFLIS T0F666 S1F1C6 BEINELN
EOF LYy TIFCCO 0CTFI18 90F80L | ¥IF66C 0cFL6Y OLFLY8 LTFOVY | 0CTFCIY ¥IFT8 SYF8IC 6TFCT | STF 8 SSF0e8 60F68 9TFLT6 NNVd
6CTFELE LTFOSS VIF8E6 TIFO08 |9TFI18 STFELE SOFLI6 TOFIVI | €C1FVoe TIFESS SCFOOF 8TFTYI| I'9FCS8 vyrF+F9T8 T10FS66 TIFII6 ANIN
SIFO0r LTFESS 9ITFvP6e SO0F689 | I'TFI9Ie 0eFvIy LTIFI106 TI'IF6€ [ TIF69 LOFLYS 9TF99 80FTLY | 90F 9L €TF098 10F666 ¥0FSTO TVd0D
IEFECLS LEFSYS TEF P8 90F 669 | TIF68 FeFIvy 9T F698 vO0OFCSC|9€F69¢ 60F€8 FIFEO0r LOFTS9 | LSFET® LBF88L T10F666 01FCTT DATN
OV FLSE TeFLLS TIFLYe STF98 |0eFo6¢€C €€FT6E 9TFV¥I6 0CFT | TIFLLE TIFTE TIF60r ¥OF€S9| 8FEFIT0L TIF60L T0F866 TIFLLS dnxiy
EIF LIy TIFOLS 80F6¢6 €0F969 | cTF0¢ee 86F 66y LTCFILE 8TF8CY | STFHLE 60F9LS 0TF08 90FTH9 | 6SFSLL 09FSH8 60F L8 LTFLT6 oyadnoin
LLFTEr O0vFVIS TTFES6 STFE8 | 8CTFT8 0CTF98 SO0FLT6 €TF809 | SYF6TE 0CFees LTFEW TOFICSY | T0IFLB 8TFo68 TTFLB 60F €68 NI
TeFSLy TTFSI9O STF868 60FVO0L|LTF8I ¥SFL6Y TEF8I8 80F899 [ 80FCSLE 60FLYS STFSSH €0F€99 | 99FCI8 LYFT8 T0F866 ITFO0I6 JARE!
Mg UBIPIAL Aueyl I8eldAy. M UBIPIA! AueAl Jgedday. Mg URIPIAL AueAl JISeJaAy M UBIPIIA AueAl ageraay
A S T J

‘Sumes B AABSH[IOL, U} Jopun SIewyouaq S TA U0 Urewop 10518} oy} JO SINSAI PI[IeId( ST d[qeL

32



Under review as a conference paper at ICLR 2026

LSFSLY 61F86L TYFSoO LeFI6S i LTF88 O0LFCT69 0CTFIIT LOF8cr i I'CF969 80F96S TIFO0E 60Ftor i SOFS9% TIF69 ITF8C6 60F0T6 i TOAN
CEFII9 €CIFC6L LIF6SE LTFYOS|S0FLES 0€F€69 O0OIFI6 90F6Er [TTF68 TOF8YY €0F61T SOFS8 |0TFTC6 LeFLE6 L8FLT8 $I9FLI8 | DALTVINVS
99F88S VYFTYL 8SFL6C SEFCSY | STFTSY SSIFLES LeFe€ee €TFSLY | SOFT09 9CTFPVI9 SO0FST 61F99 | 81 F9¢6 OIIFv¥8 LOFVL6 VITFI6 DAINID
I'vFLYS STFL6L TIFTIY 0eF06y | STFE0S LeEFV69 VIF80C TIFESK | LTFVEO LEFOVY 0CTFS8 ¥T+06v | 80F8S6 8SF66L LEFS06 8TF968 vaod
LSF¥Y9 0S+018 LTF9C TeEFIIS|€CFYIS LoFTeL 90F6L OTFI0r|61TF09 ¥v+979 €CTF9¢ €l1F86r | 0TFVeo [TIFVSL SLIF8Er €6FL6S Va1
0SFT09 LEFOI98L 6TFo6Ve 0¢FV0S | vIF88 PPF908 TIF¥vl 60FSer |[0CEFECIL TOFEPS €€F¥L 61FT0S|F0FS9% 61TFS06 tvoFTre LSFOLS xeunjoSg
I'YFTS9 801F969 T8F69¢ STFIIS|&TFVIS FEFTLY €CIFTTU TOFOEY | ITFI98 LTFLIY €I1F6T CIFECLY | TTFS% 6SFLIL 861IF¥0S 911F09 WSMY
LYF8Y9 T€F608 8TFYCLE TIFB0S|LOFE8 TSFeEeEL CIFIUIN TIFUIWP|TTFLEY 61F0T9 vVIFET 60F08 [ 0TF¥eo €9FL08 88IFLES €TIF199 8304
Y+ TS99 9TFL08 O0SFLOYF O0vF6¥S|6CTFITCS TrFO00S B€FSEl TTFTE | TIFLLY ¥FIFLS €CIF¥y TOFCSor | L0F€8 8TF8L8 6LIFO00r O11F909 TIOL
PEFQLY o6CTFI6L 60FVeE VCFIVS|LOFTIS 9eFe€vy TOFIUIL LOFIEY |9TFE€S9 vOF¥e9d 9TF6T O0IF06F|90F19 ¥YTFLLE 09CF 99 191+ 19L peibd
8YFTW ¥PIFSP8 O1F6Sr LTFO6SS|VOF88 9SF965 €IFE0l TIFEW [ TOF0EY 9€¢FSI9 T0OFET I'IF8W | LTFEV6 €€FL08 T19CF8Y9 SSIFo6¢EL Nada
8CTFO6Y9 LI1IF608 0TFeoe STFOES|LTFSO SOF¥VS9 STIFL6 61F¥er | LOF6SY) €TFII9 90F9T SOFOLY | vPF €98 8LFLYL OLIFLIS TTIFELY WI0A
I'YFTEY QTFS08 FTF86E O61FvVes|STFIIS 09FLSS LOFVEL TTFOV | TTFISY 80FreS 0TIF€e TIFIO8 | SOF¥eo TrFLI98 9TCFOLY 9€TF¥¢€9 Tgsty
STFT9 TIF€8 I'SF+09 LITF8C|TTFLOS S9F66S SOFIT 80F8er | TCFLOEO €O0F8I9 LOFST SOF06v | TIFI'S6 Tel+808 I8 F¥SL T10IF608 ustd
TEFO009 LTFEE]8 TTFIer 6TF9¢S | 0CTFver LB8F6SS O0eFVIL €CIFvVew | 61F8L9 [PFII9 €I1F9CT 60F08 | 'L FIS6 LeFI'L8 TelFveyr ¥8F0TC9 XHIA
8CF 1S9 ITF0T8 TIFEB TEFO6TCS|LOFSIS 88F PSS €TFECEL LOFOVY | 0€F 899 ¥eFLSY LOF¥YT €O0FV¥Ly | LOFTI9% 9CTFPF06 891 FSHS 86FL69 1oN3es
OYF8I19 VveEF6€8 OLFLY T9OFLSS|LIFS8 €ClFLvr 98FCLTC LYF88 | STFLOL 8TF909 S€EF06 TIFO0CS|6€F8L8 TE€FTI6 LLFIOV8 ¥V FTLS NNVd
SY+9¢S ITFVI8 LTFI8 O0TFV8 | TIF8IW ¥eF+TL9 O01F98 90F607 |0CFTLY SEFO08 TY+T9 vTFT8 [ 8TF968 8TF¥69 ¥91+F9¢€S TOIFSH9 ANIN
6EF 196 BTF88L €VFTIS 9TFCSYPS | LTFCS0S LEFLIY TTFOVC €OFOLY | 6CTF8S9 €IFSHY 0v+F¢€9 0TFT0S | 6€FIT6 €SFTLY €VIFET9 88F 969 TVI0D
LOFCSLY STFLLL ¥SF90¢ TTF60S|LTFS6F L6F8SS 80F6IT 90F8Iy |0€F0€9 8TF08 I'ITFIT STFTULY | 6€FL8 SLFEI8 TLIFITS 611F SS9 DATN
LTFVI9 €T+108 T1'S+98 $THFCC | TFIT0S LOIFTI9O 6TFIIL SOFIIY | 6CFLI 8eF€E€LS 60F0C O0IFS8 | 0CFOV6 L8FV8L LEIFLLY TLFVSL dnxty
LTFO0C €8F9LL SO0LF9€S TSFT6S |01IF€C0S TYFeL9 TIFE8 ¥VIFO0 | 6CTF969 LIFL6S TIFIT I'IFI8 | 60F8V6 €TFSLL I'8F I'I8 67 F ¥e8 oyqadnoin
CTEFVI9O LY EII8 TTFTW €TFTES | VTF8LY LEFSLS TF901 TOFIT | LTFIE9 T'€F99 VvIFIe TIFLLY|9EF8C6 LIFI18 0ICFSCS LTIFESLI NI
9eFEE9 60FLE8 6€FE€8 OVFIeES|90FS6r 69FCI9 T'ITFVII T'TF9eH | SO0F8899 0CTFETY TOFI'T €OFI8 [ S8FLI8 €vF0C8 00CFTLY TIIFTYL JARE!
M UBIPIIAl Auel EX{AEINY M UBIPIA AueAl ER{AEINY M UBIPIIAL Aueyl JderaAy Mg UBIPIIAL Auepy Jgeroay
A S 1 D
.mcﬁunum \ﬁ:wsﬂ ) Jopun yrewyouaq SO TA U0 urewiop 103818) A JO S)NSaI pafre1n( Q1 d[qel,
SOF¥ve 90F+08 80FLE] ¥OFTILS i 90F 668 LOFEYY €O0FI8L TOTFSYS i 80Fo6¥C €0F€09 9V F¥s9 TTFO0I¥ i 90F8CC STFO06S ¥0FT6S 00F0€h i TOAN
SOFTIE SOFLL SOFEP8 SOF8YS | TIFE0E SOFS09 LOFIOY8 60FCTo6F | 90FS0T 90F S8 PEFLEY 60F8LE|ITFS0C €1FT6S 81FLEY STF¥Ty | DALTVIAVS
OTF8LE LTFV¥L TOFPES8 LOFOTC|TO0OF69C SOF6T19 01F88 €0F08 | 60F8LI OTFO0I9 OTFTIL SOF€6c | 90FSST 9TFE€6S LOFLTY 90F96¢ vaod
FOFE€6C 0CFoO6vL €0F618 60FSTC | LTFH0e ¥0F06S TIF8I8 OTFCS8 [0OTFTC TIFYIS ¥FIFHY9 €0F06E | SOF 661 0TFS8 BTFE09 TOTF66€ DAINID
OTF 106 vO0OFO09L €IFT1€8 SOFves |T'TFE €1F6€9 TTFIT 90FCIS|90F L6l TIFOLS €TFTOL TOFI98 | TOFEIC 60FS6S TTFTI9 80FLIv Va1
60Fvee TTFISL LOFO6E8 60F88 |CTFE6E SOFT09 8TFT6L 90F9¢S | T F89T 60FT9S TTFI6S TTFL6E|SOFSIT 80F09S TOF6SS TOFTTY xeunjoSg
90F L'ee 80FLo6L VOFI9E8 €O0FCOS | €OFSYe TIFIEY €IFLE] LOFETS | 90F P LOFTYS LeFTY €1F8LE | TIF88 O0TF€CI9 01F959 80F8Iv WBMY
80FL6T TOFT TOFHS8 LOFEPS | STF80E 60F06S 6TFLE] 80FT6Y [ ¥0OFI98 €0F99 9TF€99 S0F99¢ | SOFILI €TFLLS ¥IF¥VS9 60F¢Cor 8904
SOFI'SE STFS8L €0F8P8 90FCSLS | TOFLOE 80F€T9 €0F91I8 SOFLTS [OTFVIC LOF86S 91 FLI99 SO0Fvoec |LOFEYe TOFE6S €1 FLO9 €0FvTy TIDL
STFLIE 80F88L LOF+98 0T1F09S | TOF8CE STFP9 LOFOS8 FOFITC |T'TFSIC STF6I9 vOFESL €0FSTH | 90F 86l T'TF8809 80F+S9 01Fviy peibd
TIF9IE 60F€9L TOFLY8 90F6%S |80F¥ce STFTEH ¥VIF8T ¥VOFECIS|OTIF8IT BTFELS 8TF€69 SO0F¥ec | 80FL0C STFS6S 9TFLT9 80FI'TH Nad
OLFV¥Ie SOF89L TOFYSB SOFTSS|TIFETE €1FTWO 1ITFEY8 SOFS0S | TIFLO6L ¥O0OF08 90F¥IL LOFO6E | SOFE8 LOFLIS STFP99 €0F S0y WI04d
POFE€0E TIFTEL 90FI9¥8 SOFLYS | TIFVIE LOFLT TIFTY 60F10S | TIFI0C ¥OFELS 6TFTOL OTFE€8 | €TFE€6I ¥OFL0O9 SOFLYY 80F STy Tgstg
CTOFLOE TTFO68L TOFEI98 €OFVSS|SOFI0E 6TFIEY OTFI98 €0FTOS|LOFIB 9TFS09 61F0CL €0F88 | YOFE0T SOFL6S O1TFLYYS 90F8Iv ystq
CIFCIE 9TF69L 60F9€¢8 TTFFPS | €0FS6T €0F909 80F6+¥8 TOFI6r | €CFI0T €0F89S TIFI8 TTFIB |90F L6l STFI8 €0F0T9 €0F 0¥ XHIA
OTFL6T 9TFL6L 60FCSS8 LOF8VS |0OTFV6C €1F679 TOF8Y8 O01FCo6F | 80F6LI TOFV09 90F6+vL SO0F68 | SOFT6I 61FI19 LOFTSY TOFETY 1oNSes
O1TF8ST OTFLSL vOFV¥8 €CTFLIS|STF69C TIFO0T ¥VIFE€W TIFLLY | VIFI6I TTFSS T'eF+8 TIFTLE | €OFI99T 9TF68 9TFIV9 S0F 'O NNVa
T'TF68C €IF6EL TOFLYS 60F8TS | LOFLIE 80FTT9 €IF8E TOFECOS | TIFOIT OTFL6S 9TFLOL TTFL6E | TTFECLL 9TFL6S VIFT6S €1F88E ANIN
TIFI18 SOFO06L S0F998 60FO0PS | €CIFT6C vTFEI9 90F0L8 ¥IFEo6r | 60FCLI vOF8I9 0CTFRSL LOFI6E | 90FILL 9TFCSLS STFIOV9 80F¢0r TVI0D
LOF86T TIFILL 8O0OFI¥8 60F€EPS |0TF S0 8TFSI9 LOFSI8 60FT6V | 0OTFLOT 8TFESS 9TFELY 80F9LE | 60F 98 80Fv6S LIFTWO TIFoor DATN
60F 08 SOFOLL €O0FES8 BO0FEES | 60F €8 9TFIE9 ¥0Fo6€¢8 LOFI8 | TIFS8 +¥IFE8 BTF9C9 OIFTILE|ITF6LI SOFE8 LTFESO9 90F90¥ dnxiy
80F66C SOFOLL LOFOIO¥8 LOFO6ES|CTFL6C 90F619 90FI¥8 OTFS6Y | 60FLIT T'TF68 90F€CL vOF66E | LOFLB €TF68 T['TFVI9 €0F S0V oyqadnoin
€CF96T T'€FCIL €OF8P8 1TTFLC | STFTLL OVFL8 90F 678 0CTFEW [ TOF68 ITFI99 LOF6€9 €0FO0LE | TIFI8 61FI18 TI'IF6T9 60F€6e NI
TFCSIE TTFYSL TOFOEE FIFEPS | SOFH0E 9TF8€H) 60F€¥8 80F86Y | 81 F 661 TIFVE TIF069 LOFSB | 60F00C TTFLIY LOFST9 €0F61v AR
EX | URIPIA AaeAf Aderdry M UBIPIAL AueyA; Ex{AEI\ MY URIPIIAI AUeA! ageroay Mg UBIPIAL AueAL Ex{AEINY
B | d D v

‘Sumos [re] AABOH[€I0], U} Jopun JILWYOUaq SWOHIIYJ( U0 urewop Ja51e) ay) Jo Synsax paqresod L[ 2[qeL

33



Under review as a conference paper at ICLR 2026

0TFT¢eS 60FTEL 8TF606 €0F9€ i SOFVPS VIFTO8 LYFLI €0FS€ i 8O0F STy 91FT8 STFETC 90F LSy i SOF VY LTFSIS 61F9SL S0F00S i TOAN
SOFTIE SOFS8LL SOFEP8 SOF8YS | TIFE0E SOFS09 LOFIP8 60FCTo6F | 90FS0T 90F S8 PEFLEY 60F8LE|ITFSO0C €TFT6S 81FLE9 STF¥Ty | DALTVIAVS
TIF8Er ¥vOFO6LY TIFV68 80F99S | €OF ¥y OTFOVL 8TFE€EY TOFILS|60FTSE 60F6¥S LTIFTI OTF¥IV | 9TFC9 8T FSTW 61FLTL 60FLSY DAINID
SOFELY VvOFovL ¥IFEST6 90F 19 [ 80F¥8 90FO08 9TFTLY €0FS6S |8TF89 LOFCSLS €O0F¥I9 T'IFOvy | STFV8 80F9IS €0FE8L 01F €6y vaod
O1TFTSY 0TFOILY €IFL8 STFCLS|60F¥Sy 90F80L 8€EF86S 60F€SS|90F€se €IFI9 I'IFv¥8 SOFSIV | 60FTLE ¥VIFOV PTFVSL 60F T Nvail
90F 08 9TF80L STFO08 80F86S|9TFE0S 90F¥8L LEFVSYO LOFS0 | ITFO08 TTFIES 0CFvLy L1IFOW | CTIFEIY 60F 19 T'€F88 80F T8 xeunjoSg
LOFTLY TTFO9O0L 90F€98 SO0FL6S|SOF86F SOFovL SEFEV9 TOFL6S | 80F€LE 60F 6T TTFOIS LOFTWw | T0OFE0or 9TF89% OTIF0¥VL LOF T8y WEMY
CoFovy LTF069 LTFT8 CTOFIS | T'TFCLY STFESL STFLY TIFTLS|[LOFOE 9TFEVS 6CTF¢e6r 80F61Iv | vIFELE LTFSTW ¥TFo6€L vIF6SH [e00]
60F80S ¥IFo6cL 8I1F98 80FLT|LOFVIS ¥OFIB8 ¥eFO0L9 ¥OFSIO | FIFELE VYTIFYLS TIFIT SOFCer | CTFTW ¥YrF S8 9T FSL €T1F80S | DISHTIOL
EILFIT VIFOEL 60F606 TIFSE | LOFI90S 80F66L 61FLSY €0FTI9|[V0Fo96e STF68 TIFPIS O01F9SH | 90F &Iy 60F60S TOF8L €0F VIS peiDd
60F 9Ly OTF¥69 €IFS68 90FT109 |STFIIS TTFTSL OVFSS9 80FS09 | I'TFIoLE VIFTSS OTFCSIS LOF8TW | 0TFS8 €CT1Fvor ¥#IFI8 90F T8 N
ETF 69y SOFTIL SOFLI OTFS6S | €CTFL8 SOFT8L 6€F¥T9 60Ft6S | ¥OFLLE SOFSSS OTFT8 90FCTY | LOFT TIFTLY LIFLYL ¥0OFE8 AR (02
60F 8y 81FCTOL TIF868 LOFCO | I'ITF86F TOFVE SEFSE9 €0F€09 | 0TFES9 TIFTES LTFLIS TOFQIY | 8§0FSLE €TFEW 80F96L +0FSLy Tystg
SOF8LY LOFO669 60F868 TOFS09 | F¥O0OFS0S 90F89L 0FF€T9 90FT09 | 0T F¥Le TTF69S €CIF¥8y TTFEer | T0F¥Le OTFOW ¥VIFSLL ¥OFSLy Usty
90F 16y TTFOIL 0€FS98 TOFO609|80F€8 90F9SL TE€FSS9 ¥OFS8 | €1 F69¢ LOFTLS vIFO0S 60Ftver | TTIFO06E LTFE 60FLLL OTF98F XHIA
EIF 68y 60F9€L LITFS06 60F8I9 | I'IF66r 00FLLL TYr+99 €0F909 | 60FS8 60+FL9S TTFICS 80F€vy | '0FT8 I'IFELY €1FT08 00F L8y 1ONBES
80F LSy 61TFITL TTFL68 80FT6S|9TFOLY €TFVYL ¥IFTI ¥IFO08 | VIFSSE €CIFOVS €1F98 €0FO0F | vVIFLOY 61FTLY 80FLSL 90Fcor NNVd
LOFTYr ¥O0FT8 9TF968 TOFVLS | T'TFT6r LOFO6SL 9¢FST9 60F€6S | 61 FLSE VYIFIVS TTFOIS OILFTIY | ¥OF99¢ €TFTEYy €IF6€L €0FLSY (@A
VOF I8 T0F€9L SOFTI6 vOF619|SO0F68 TOF8EL €¥VFI90L LOFV09|90FS8 SO0F8S STFVLS TOFOSK | 60F96E 60FST SOF6LL 80F 908 TVI0D
60F S8 9TFOIL LOFS98 LOFS09 | €CTFT8 LOFI9IL 8V F6I9 T'ITF¥8 |0TF99 LTFTIS LIFS VIFITW|0IFT6E TIFO6LY TIF69L 90F I'or DATN
SOFO6LY 90F8CL 80FL98 TOF909 | 80F08 80F69L €€F00L 80FCS6S|€TF69¢ 0TF0SS ¥OF8IS LOF8Y | €CFTI 8TFOSH 9TFo6€L ¥IFI9 dnxt
TOF SO 90F8IL LOFO906 €0F96S |80F+8 OIFVLL €€F6¥9 SOFI6S|LOFLIE 60FSSS 80F€€S 90F 6T | SOFESE 9TF 0y 8TFEEL TOFTSH oyqadnoin
VIF8Yr LOF969 TIFEI98 90FCLS | T'TFSO LIFECEL TIOFLI9 VIFSOS | I'TFeee €TFLYS 80F9Ly €1F96¢ | STFLYE €TFYW €1FVYIL VIFIVY NI
ELFO VvOFTLY SOFEL8E 60FLBS [90FI10S ¥OFTSL €vFTE9 S0F96S | LOFLIE TOFISS 9CTFO08 VvOFSTY | TIFE8 00F €6y €0F69L LOFI8Y JARE!
My UBIPIAI Auey EXiACINY My UBIPIAI Auepy Jdeaoay My URIPIA! Auepy ExiACINY My URIPIA! Auepy aderaay

dq d D v

.Mﬁﬁﬂum \ﬁﬂmsﬂ AU} Iapun JIewyouaq IWOHIdYJO Uo urewiop 10318) A1 JO SHNSaI pafreInd :0¢ 2qel,
PIFT69 6€F0TL T1SF0CE TTFESY i 6CTFTL9 €0F9¥6 00F000T OTF 898 i EEF 08 80FTV6 96F 197 90F8C9 i TOFLSL TEFSE8 STF86E 8TFLOL i TOAN
FTF LTS €SF6¢€S TINTFLOE LTFL6Y | 9TF8Y9 TOFHS6 00F 000 SOFI98|9TFo6tvyr ¥0FS9% I1SFS0r €I1FO0OI9|TIFECLL TTIFOI8 TIFv¥LT 90FLL9 | DALTIVINVS
8CF VLS LLFS0S L6IF009 ¥SF¥0S|e€CFPSO 0CF+FTe€6 00+F000I ¥I1I+F6S8|0TF0IE 0CFCSI6 VelFTW STFPIS|0CTFT8 0CTFS8L SeFvoc LTFSH9 DAINID
ELFECSY 06F€€9 89FESHy €9OFv8y | 0CTFITO O0TFI9%6 00F 000 SOFO0S8|€EFOCE €0FvLe LTFYSy TIFI9S | ¥TFEIL 90F9¢8 8¥FT0E S0F ¥89 vaod
'TFLYY 9SFT8 LTIFe6ee €1FISS | 8TF8I9 LTFET 00F 00T 60FO0¥8 [ 67 FSSyr SOF09% 9TFv0e 8CTFVoes|8TFo6yL 80FT8 ¥SFSee I'IF6L9 Va1
6CTFITS 98F9T9 L8FO60S LYFIES|8EFPIL 9TF0S6 00F000I €TFLS8 | ITFOSH TOFE€9% TSFTI9 FVIFL0 | LTFOIO8L STFTY8 Ly F¥Tic ST1FT8 xeunjoSq
6CTFLES 001 Fo6se ¥OIFHeS 6STF¥8y | €CFT8 STFET 00F000I LTFE€ | 0VFLIY T'TFLY SEFOIE 9TF08 [ 8TFTSL 61FTEB O0SFITW 9TFI0L WSMY
99F €SS 9VIF61IS €SFvoer €vFO0CS|STYF+99 81F6T6 00F000I CTCF6S8|LYF8Y TI'IF¥S6 90TF0T9 OTF€€9[L0F08 VvIFSTB 99F¢¢ee TIFT169 [e00q
EEFEYS 9€eF6T9 €vF8L9 €IFE8 [ vPF-88IY ITTFI9S6 00F000T I'TFIL|[TFFEOF €0FS9% T1T6F99 TE€F619|0FFTLY OvF LIS LEFIES +'1F 889 TIDL
TEFET S9FLIS TOIFE0E 9CEF69S|9vFT69 80F8S6 00F000I ¥IFo6L8|SEFIV TOFLL6 69Fvvr 60FTW | veEFI6L 60FSS8 8€FSES §0FESL peidd
ECFI8S ¥SFP09 9TFSIy €Y FvvS | TrF LS TOF8T 00F000T STFLT|TEF8B €0FTILo eFeeyr T'TF68 |TTFT08 +¥I1F+9¢8 ¢6Fvey 8TFCTL Nag
0vFL0S €SF86F 9LFOIT F¥TFESH | LOFE8 vYTF6T6 00F000I LOFSI9 |9TFL6r 90F99 S6F08 +eEF899 | 0¢FoOvL STFTH8 LITFLTE T¥FI189 NI0d
OYeF VS SYFLOY POLFTSL 6€FTC|99FTY9 OIF8V6 00F000I ¥C+F198|9CF66E vOF0L6 TTFL6E VIFVE |0SF969 TF¥S8 T'IFLSY €1F169 st
8CF9CS OLFT8 SSFEB 9TFo66Y | 6CTF809 LOF6T6 00F000L OTFLY8 | 9TFLOF 90FE€S6 LLFT8 0CTF009|8CTFESL 1TF0T8 €1F06E vIF 869 ystq
POFTILS 99F80S T9FCS9% O0SFCSIS|8TFO0LY OTFO¥6 00F 000 90FS98|80F99¢ SO0FEL6 TOFS6E TOFLIS|E€TFISL TTFL6L SSFOOF TTF LY XHIA
ELFO60S 09FTes CeFO0¥e €vFSeor | SCFTW OTFLY6 00F000T 9CF8Y | €¥F 18 80F6S6 ¥LFOT FIFTOS|LTFLSL €TF€98 98FvLe +1F90L JoN5eS
LTFT8 TIIFTLS OIIFOLS 8E€FO8 | I'TFOCL ¥IF8 00F000I 80FLL8|VSTFYSY vOFTL6 TLFT6S 91 FE9|TTFYSL 0CTFO0S8 8y FTLy 60F€TL NNVAd
EVYFLOS 9vFETL VIIFVSy Tr+90S|6€F8TY STFSE6 00F000I 80F06S8|9CF6Ly €0F69 VvEFTHr 91F6€9 | TEFTLL TIFIS8® 69F9Ly TTFSEL ANIN
LSFECIS 98F 99 I'vF06r TOF8CS | SYFO98 LOF6S6 00F000T TIFTY8 | 0CcFI'Ie SOFOL6 VSFVOr O0CTFESS|TPF98 S0F9¢€¢8 9SFI'Sy ¢€1F8LY TVI0D
9CF90S LI9OF¥SS 80CTFOPS TOF 88y | €8F LSO €0FCSH6 00F000I 6CTF€CI8 | LYF+or 0TF¥9% 9TFTHr 9TFE6S | LTFO6VL 90F€¥8 STF 8Ty 80F00L DATN
0eF 86 I9F8ES T6FO0IS 9TFEW [ TEFE09 LOFOIOS6 00F000I €T1FOV8 | TTFOTY 90F8%6 TYFe€ST o61FPFoS | €eF8CL 61F0€8 LSFLSE $0F€89 dnxt
6V F LSS TLFT99 TSFE8 8TF69S|LTFO0SS STFTE6 00F000I ¥0FO0C8 | T€EFIvy v0F99% 6SF68 ITFV09|ITFSSL LOFTO8 LIF¥IEe TT1F¥L9 oyadnorn
ITFOVS TLFL8 SVIFILTC €TFO6LY [ 8YF 009 SOF6¥6 00F000T 81F¥¥8 | 6€F90Fr SOFLS6O 68FILE BO0F8LS | LOFI96L 60F0C8 SSFeo6e €1 FLOL NI
Yy F+88S 6SFCSVS SYFTVS CTFCCS | €TFCSLY 90FTH6 00F000I 90F898 | 6cFeer T0FSS6 9TFIes TF0T [ 0TFCLL €0F¥V08 SeFLLT €1F€CL9 JARE!

M UBIPIA AuepA[ BRIy MIF URIPOIAL AueAL EY{A TN Mg UBIPIA Auey 3BTV Mg UBIPIIA AGBAf BRIy
d D v

‘Sumes Ajpen oy Jopun JIBWYOUIq SOV U0 Urewop 1951e) oy Jo synsa1 paqrelo( 6] 9[qeL

34



	Introduction
	Methodology
	Preliminaries
	Theoretical Guarantee
	Negative-Dominant Contrastive Learning

	Experiments
	Datasets and Settings
	Results and Analyses

	Conclusion
	Error Bound for Imbalanced Domain Generalization
	Gradient Derivation
	Algorithm
	Related Works
	Addtional Experiments
	Datasets and Settings
	Illustrating IDG Failure Modes on Toy Data
	Impact of Domain-Level Resampling
	Prior distribution discrepancies in learned embeddings
	Empirical evidence of proposed contrastive objective
	Parameter studies
	Computational complexity analysis
	Quantitative Evaluation of Margin and Posterior Discrepancy
	Significance Test
	Comprehensive Results


