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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))]
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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
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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



Under review as a conference paper at ICLR 2026

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

473402 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

(A) Average (B) Many (C) Medium (D) Few

Duality

(E) Average (F) Many (G) Medium (E) Few

Figure 9: Joint influence of hyperparameters « and S on OfficeHome 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®Co"ND and NDCLIMONCEND show
clear improvements over NDCLS*PC°" particularly on minority classes, confirming that negative-
dominated separation alleviates the absorption of small clusters into majority ones. Among them,
NDCL!MNCEND “\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. Qlreports 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 10l=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.

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,
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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

Table 10: 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
C L S \% A C P S A [¢ P R
ERM 68.1 0.4 6294 1.7 620 £2.9 33.74+2.5|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 55.9 + 0.8
IRM 67.1 £4.6 6414 1.1 603 £09 31.3 428|751+ 12 75.1 £2.9 758 2.0 749 £ 1.9(64.9 + 0.6 65.5 4 0.7 469 £ 0.9 54.4 + 0.9
GroupDRO  [67.6 & 1.5 64.7 £2.1 60.8 & 0.4 41.7 +5.9(75.7 £ 0.2 78.4 4+ 0.9 788 £ 1.0 76.9 + 1.7[66.1 = 0.8 66.7 £ 0.9 48.5+ 1.1 56.9 £+ 0.6
Mixup 711425 644425 578 +£ 1.6 36,7+ 1.8/762 £ 1.1 77.3 £ 1.8 7854+ 0.7 762 £ 1.2[67.0 & 1.3 67.1 0.2 48.5 £ 0.2 59.5 + 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 6534 0.6 63.7+£02 3844 0.8|76.1 & 1.1 755 £ 0.9 74.8 4+ 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 31.44+0.7[79.7 = 1.4 79.9 £ 0.7 76.9 £2.2 749 4 1.1[66.5 & 1.1 66.6 £ 0.1 48.4 F 0.4 53.7 4 0.5
DANN 719427 623 £3.0 61.1 £3.5 41.0 4+ 5.1{78.4 £ 0.3 80.5 £ 0.6 754 £ 3.1 74.9 4+ 1.2[66.8 = 0.5 66.9 £ 0.8 49.1 & 0.5 55.8 4 0.7
SagNet 71.7 £ 03 664 £ 0.8 64.8 + 1.9 320 £ 1.6(77.6 £ 1.0 78.0 £ 0.6 76.7 £ 2.3 753 £ 2.3|68.6 £ 0.1 69.5 403 52.3 £ 0.7 594 + 0.8
VREx 65.74+3.9 63.84+0.6 649 £09 32.04+2.5|74.6 £2.1 772408 754 4 1.1 782 £ 1.4[66.1 £ 0.7 66.4 £ 0.5 49.7 £ 0.8 57.8 + 0.4
Fish 72.6 4 2.3 66.1 £2.4 62.04 1.4 3454 23[76.1 & 1.2 77.6 £ 0.7 77.3 £ 1.8 77.6 £ 0.8]67.6 == 0.3 68.8 £ 0.2 50.2 4 0.8 59.7 4= 1.2
Fishr 68.8 2.3 663425 640+ 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 34.241.9|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 24[769 £ 0.2 786 £ 0.1 794 £ 1.2 7564+ 1.6(67.8 £ 0.7 67.6 £ 1.2 493+ 0.9 5724 0.6
PGrad 748 4+ 1.4 655 £23 63.5409 33.14 1.5[79.8 £ 0.5 81.1 £0.5 80.4 £ 1.7 78.3 +2.5(69.2 = 0.4 69.9 £ 0.5 52.1 + 0.9 62.0 0.8
TCRI 659 £30 67.0 £ 1.6 64.7 £3.1 31.5+ 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 £ 1.2 599+ 0.5
Focal 68.04+0.7 63.9+£22 61.1 413 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  [64.7 4 1.1 64.4 £09 633+ 1.2 33.04£0.9(79.2 £ 0.5 79.4 +0.3 782 £ 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 4 1.9 61.4 4 1.3 38.7 £2.4(80.24+ 0.7 78.6 £ 1.7 77.4 £ 1.9 77.0 & 0.6/68.0 £ 0.6 67.4 0.5 492 4+ 0.8 57.6 £ 0.5
LDAM 689+ 1.1 63.8 £ 1.3 60.54+ 1.1 373+ 1.0[78.7 £ 1.5 78.6 £2.1 785402 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+24[749 £ 0.3 762 £ 0.9 763+ 0.5 742 +2.2[682 £ 0.9 68.5 £ 0.6 51.8 & 1.1 588 4+0.2
GINIDG 7294 1.8 62.6 £04 63.04+34 31.74+32[692+32 73.7+£ 1.1 7394+ 1.6 726+ 1.7[652 £ 1.3 658 £ 0.8 495+ 15 54.1 4+ 0.7
SAMALTDG |70.7 £ 077 63.0 2.6 63.4+ 1.7 343+08]79.9 £03 79303 77.8 £ 1.3 7574 1.6/66.3 £ 0.8 66.9 0.2 492+ 0.5 58.0 = 0.6

NDCL ‘74.9 +0.5 68.1+1.2 629+ 1.5 41.0 + 1A8‘80.0 +04 81.9+0.2 81.2+ 1.7 783 + 1,3‘69.4 +0.7 69.8£0.3 51.3+05 60.0+ 04

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 COMPREHENSIVE RESULTS

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

Tab. [I0] 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 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.

27



Under review as a conference paper at ICLR 2026

Tab. [1] and [T2]report detailed results on VLCS and PACS benchmarks under the GINIDG setting,
which are the performance on the target domains. Tab. and 15| report detailed results on
three benchmarks under the TotalHeavyTail setting. Tab. [16] and [18] 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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