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A Theoretical Analysis and Complete Proofs

In this section, we explain the details of Theorem 1 in the main paper, and also
formally describe Theorem 2. We start with giving additional de nitions and
providing a useful lemma and its proof, which invoked through the proof of the
theorems. We then formally prove the arguments in Theorem 1 and 2.

A.1 Additional De nition, Lemma, and Theorem

De nition 4 ( (e € e) Calibrated Transferability Statistics). The trans-
ferability graph can be further described by the following three components:
0. l
e = EcE4Eq0s ¢ g; trans (d;c); (d%c) o

|

€= E4E.Ecs ¢ gg“ trans (d;0);(d; ) ;
i
€= EqEusdEcEctsc 5o trans (d;0);(d%c)

0.~0 N ;0. . . . q
where S.éc = N":f° denotes the distance calibration coe cient.

Lemmal. Let ; > Oand’ :R! R,’ (x)=log( + exp(x)).Given a nite

sequencexy; Xz;::i;Xm 2 R, it holds that
!
(R ) M
R ' Xj ' o X
M i=1 M i=1

Proof. Note that ' is smooth and thus twice di erentiable for all x 2 R. We
obtain the second derivative of’ as

' %x) = ( P o gy 2 R:

+  exp(x)?

P
Therefore,” is convex. Thus, by Jensen’s inequality, we obtain thatMi i“’ll " (i)

P
' Mi i'vll Xi , which completes the proof.

Theorem 2 ( [Egopaas an Upper Bound). Given a multi-domain long-tailed
dataset S with domain label spaceD and class label spac€ satisfying jDj > 1
and jCj> 1, let Z be the representation set of all training samples. It holds that

CaopAZ;f @) Nlog jDj 1+iDj(iCj Lexp S e I e KOI D e ; (5)
where (e € e) are the calibrated transferability statistics for S de ned in De ni-
tion 4.
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A.2 Proof of Theorem 1

Recallthat M = D C := f(d;¢): d2D;c2 Cgis the set of all domain-class
pairs. Lgopais given by

X 1 X exp( 8(zi;
LeopdZ;f @) = T log p p( 8(zi; dac)) .
32 V) d2Dnf dig (@oco)2mnf (dici)g EXP ( B(Zi7  doco))
= ‘BoDAZi; T Q);
zi2Z

where ‘gopAzi;f Q) is the sample-wiseBoDA loss. We rewrite ‘ gopain the fol-
lowing format

! X exp( 8(zi; gec
‘ BOD/(Zi yf g) = Di |Og = p( ( i dici )) .
J OJ d2bnf dig (d%c9)2Mnf  (d; ;ci)g eX‘_’)L( 8(zi; doco))

p

=log @ 8°JC°)2Mnf (ai;c)g P ( 8(Zi5 aoc0))
d2Dnf dig exp( a(zi D dic )) ] 1
0p L

= log @ (d%c%) 2Mmnf (d|i-::Ci )g EXP ( B(zi; goc0)) A ©

1 .
EXP B 1 dopnf dig 8(zi; ac)
We will rst focus on the term in the numerator of Eqn. (6). We can rewrite the
sum into two terms
X
exp( a(Zi; dO;co))
d%co2mMnf  (dig
(d%c9) i ( 3()9 « y

= exp( 8(zi; goco) + exp( B(zi; qoc0)):
iJOZan digcP2f ¢ig frZ } ([102D co2Cnf ¢i g {I_Z }

Since the exponential function exp() is convex, we apply Jensen’s inequality on
both T; and Ta:

0 1
T (D) Dexp@ 8(zi; o)A
1P do2Dnf djgco2f cig
0 1
= (jDj 1)6Xp@ iDi g(Zi; doc; )A;
1) do2Dnf dig
0 1
U 1 X X
T, jDj (iCj 1)exp@ ) 8(zi; aoc)A:

do2D ¢%2Cnf ¢ g
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Thus, by using expx)=exp(y) = exp(x y) and rearranging terms, we bound
‘BopabYy

‘BoAZi; T Q) "
X 1 X X N

log jDj 1+]jDj(jCj 1)exp DI 1 8(zi; woc) DiGC D 8(zi; o)

|] ) do2Dnf dig J [J7] J do2D ¢o2Cnf cig N

Tt 9 )

Leveraging Lemma 1, by setting = jDj 1, = jDj(jCj 1),andx; = T(z;;f @),
we further bound Lgop{Z;f @) by

X
LeopAZ;f Q)= ‘BoDAZi;f Q)

z%z

Zj 2Z

log(iDj 1+ ]JDj(jCj 1)exp(T(zi;f )
n
. . e 1 X
jZj log jDj 1+]Dj(jCj 1)exp =T T(zi;f 0)
ZiZZ

()

Note that the argument of the exp() in Eqn. (7) can be expanded and further
rearranged as

1 X 1
— T(zi;f 9= = — 8(zi; doc)
]Z] zi2Z JZ] zi2Z ]DJ 1d°2an dig
1 X 1 X
= T~ % G(Z, do; 0)
JZ] zi2Z ]DJ (JC] 1) do2D cP%2Cnf cig | :
1 1 X X
= o 8(zi; wy)
]ZJ JDJ zi2Z d%2Dnf dig
| {z )
T
1 1 X X
e Py —— G Zi, i:c0
]ZJ JDJ (JCJ 1) zi2Z_c%2Cnf cig ( | i 'C)
| {z }
T
1 1 X X
o~ v | Zi, 0c0): (8
iZj Pi(cj 1) i we): ©)

zi2Z d%2Dnf djgcP2Cnf cig
{z

I }

T

Recall that each z; 2 Z belongs to a domain-class pair @;¢), and Zy4.. de-
notes the representation set ofSy.c with size Nq4.c. For simplicity, we remove the
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subscripti in the following derivation. We can further rewrite T ;T ;T as

1 1 X X X X a )
T = o= Z d%e
JZJ JDJ 1 c2C d2D do2Dnf dgz2Z g

1 1 .
= JCIiDJ(JD]  1)EcEqEqos aEz2z7 4, |\|d;c 8(z; dO;cg

jizj iDj 1
d(z; g40.)
-
= %FcEdEdoedEzzﬁm dz; s ©)
1 X X X X
T = # g(Z; d;co)
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1 1 i e
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d(z; gco0)
= EEdEcECOS cEz27 .. d(z; d;co) ; (10)
izi | fz }
1 X X X X X
T = # B(z; goc0)
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}

where (; ; ) are the transferability statistics for S as in De nition 3. Finally,
replacejzj = N and combine Eqgn. (7), (8), (9), (10), and (11), we have

LeooAZ;f @ Nlog jDj 1+ Dj(iCj 1)exp SIPL K el

This completes the proof.

A.3 Proof of Theorem 2

We rst de ne a notion of calibrated distanceB. Let z 2 Z 4.c, we have

N go.co
Nd;c

B(z; qoc0) gocco 8(z; goco) = 8(z; goc0):

From Theorem 1, by substituting 8 with 8, it holds that

LeBoD;(Z;f 0) = LeopAZ;f 0) a b

(12)
Nlog jDj 1+jDj(jCj 1)exp T® T° TO
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where T, T?, and T° can be expressed as

(CiiDi
TO = %ECEdEdOQdE22Zd;C N b(z: a°c)

{CiiDi o
= JJ%EcEdEdosdEzZZ dic g;éc I\Id;c 5&2, do;c;
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e

where (e € e) are formally de ned in De nition 4. Combine Eqn. (12), (13),
(14), and (15), we have

CaoAZ:f @) Nlog jDj 1+iDj(Cj Lexp Sk e [ e KIF D e

which completes the proof.

B Additional Discussions, Properties, and Interpretations

B.1 Unied Interpretation for Single- and Multi-Domain Imbalance

In the main paper we show that, in the multi-domain setting, label imbalance im-
plicitly brings label divergenceacross domains, which brings additional challenges
and potentially harms MDLT performance. Here we provide a uni ed viewpoint
from the label divergenceperspective to explain single- and multi-domain data
imbalance.
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To elaborate, in single domain imbalanced learning, we essentially cope with
the divergence between the imbalanced training label distribution and the uni-
form test label distribution:

div(p(y) k U);

where div( k ) indicates certain divergence measure. In contrast, when extending
to the multi-domain scenario, given jDj domains with (di erent) imbalanced
label distributions, the target divergence becomes

X X

div pa(y) k U + const div pa(y) k pae(y) ;
[ [ }

imbalanced training divergence across domains

where one not only needs to tackle the imbalanced training data for each do-
main d 2 D in order to generalize to the balanced test set, but also takes into
consideration the label divergenceacross domains.

Such interpretation echoes ourBoDAobjective: We design the DAloss for
cross-domain distribution alignment to tackle the latter term, and further adapt
it to BoDAvia balanced distance to address the former term.

B.2 A Probabilistic Perspective of L pa Derivation

RecallM = D C the set of all (d; c) pairs. Let (X;;¢;di) denote a sample with
feature z;. Following the metric learning setting [17], we model the likelihood
of 4 given z; to decay exponentially with respect to their distance in the
representation space. Such modeling can be viewed as performing a random
walk with transition probability inversely related to distance [16]. For domain-
class pairs that share the same class label but di erent domain labels withx;
(i.e., (d;Gg);d 6 d;), the normalized likelihood of 4., given z; can be written
as

exp( d(zi; dc))
(@0c02mnt (d c)g OXP ( A(Zi aoc0))’
where the denominator is a sum over all domain-class pairs except; ¢). As
motivated, we want to concentrate all z; from the same class across di erent
domains (i.e., smaller ), while separating z; from di erent classes within and
across domains (i.e., larger; ). Therefore, the positive domain-class pairs with
X; are those share the same class labels but di erent domain labels. As a result,
we de ne the per-sample loss as the average negative log-likelihood over all
positive domain-class pairs:

1 X exp( d(zi; dc))

log P _ :
d2Dnf dig (doscoy2mnt (di o) EXP ( A(Zi5  doo))

P((d;c)jzi) = P

pAzi;f )= iDj

Given a set of all training samples with representation set a&Z, the total loss
can then be derived as

X
LpoAdZ;f g =
zi2Z 1Pl d2Dnf dig

1 X |Og P eXp( d(zi v oodic )) :
(d%cO2Mnf  (di:ci)g exp( d(zi; doco))
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B.3 Intrinsic Hardness-Aware Property of BoDA

Below, we demonstrate an additional property of BoDAthe intrinsic hardness-
aware property. Speci cally, we analyze the gradients of BoDAoss with respect
to positive (d;c) pairs and di erent negative (d;c) pairs. We observe that the
gradient contributions from hard positives/negatives are larger than that from
the easyones, indicating that BoDAautomatically concentrates on thehard (d; c)
pairs, where penalties are given according to their hardness.

Recall that the sample-wise calibratedBoDAoss §opacan be written as

Sondzi;f Q)
1 X | exp ﬂf'c, 8(zi; dc)
= — og p s
b1 d2Dnf dig (d%cO)2Mnf  (di:ci)g exp gi 2. g(Zi i doco)
dic ;
1 X exp Nzii ;;Ccii d(zi; dci)
" D 09 5 . (19)
d2Dnf d| g (dO;CO)ZMnf (di i )g eXp N‘;ii ?:(;ii d(Z, , dD;CD)

wherez; 2 Z 4., . For convenience, we further de ne the probability of z; being
recognized as belonging to 4. as

dic
exp Nddiii;:d(zi; d:c)
P d0;c 0 ; (d,C)ZMnf (d|,C|)g
djicj .
(doco2mnt (dic)g OXP N d(zi; goco)

Note that the essential goal of Eqn. (16) is to align (minimize) positive distances
d(zi; 4., ) and to separate (maximize)negativedistancesd(z;i; go.c0). Therefore,

we analyze the gradients with respect to positive distance and di erent negative
distances to explore the properties ofz,pa Speci cally, we have

@rondziif Q)
@KZi; d;c.) 8 - o
dic d%c t=
1 X @ = &% X P

Y ; . —-d(zi; d¢c) log exp COd(zi; goco) |

I L s g, @73 ao) - Na, (do:cO)2Mnt (diici)g Naic '
de

S1ox o omg o0 e ) :

T jpj 1 N . P 400
M a2onf gig (dOc9)2Mnf  (d;ici)g EXP NZ"‘.CI‘ d(zi;  goco)

1 X N,

=~ a )
JDJ 1 d2Dnf dig Nd. iCi

1 Pl

/ Nge, 1 Ple
d2Dnf dig
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@BODAZi;f [o)]
ol do;co) g dic d%c° ! g
1 X @ diic X di e B
= — - . -d(zi; dc) log exp  ——d(zi; qoc0) .
IDj 1d2an dig @l(zi; weo) - Nae, (doc%)2Mnf  (diici)g Nai '
d0c0
1 X 30[20 exp N:‘Ii‘i d@i; aci)
= Di 1 N . p dO‘.co
1) d2Dnf dig dise (do:c%)2Mnf  (diici)g exp NZ‘.V;I‘ d(Zi; d°;c°)
_ 1 X Nd":c" Pi
ij 1d2an dig Nt(i‘l;;. ) et
/ Ndo;copéo;coi
Combine the above results, we have
i zi;f X ;
positive: @oonziif 9 / Nge 1 Ple (17)
@(Z' C 4 ) d;ci d;ci
G d2Dnf dig
. @sopAzi; f i
negative: M I Ngo.coPgo.co: (18)
@(Zi ) dO;CO)
Interpretation.  Eqn. (17) and (18) illustrate several interesting and important

properties of BoDA

1. Intrinsic hard positive and negative mining. For positive pairs, we observe that
the gradient magnitudes are proportional to (1 Pyg... ), where for an easy {; ¢)

pair, P}...
(1 Pge)

land (1 Pji.) O and fora hard (d;g) pair, P}, 0 and
1, indicating that the gradient contributions from hard positives

are larger thaneasyones. Similarly, for negative pairs, the gradient magnitudes
are proportional to Pj..,, where an easy ¢C ¢ pair has Pj.., 0 and a hard
(d; g) pair induces P(‘,o;co 1, showing that the gradient contribution is large

for hard negatives and small for easy negatives. Therefor&oDAs a hardness-
aware loss with intrinsic hard positive/negative mining property.

2. Scaling gradients according to the number of samples of eacl; c). Further-
more, as we have shown in Fig. 5, when data are imbalanced across di erent
(d; ©) pairs, minority pairs with smaller number of samples would induce worse

d.c estimates. We further observe that the gradients for both positive and neg-
ative pairs are proportional to their number of samples (i.e.,,N4... and N y.c0).
This suggests thatBoDAautomatically adjusts the gradient scale for each {; ¢)
according to how accurate the estimation of . is. The appealing property
highlights that BoDAalso implicitly calibrates the gradient scale, emphasizing
gradients from majority pairs (which are more reliable) while suppressing gra-
dients from minority pairs (which are less reliable). Such behavior is essential
for better statistics transfer as we demonstrated in the main paper.

C Pseudo Code for BoDA

We provide the pseudo code oBoDAIn Algorithm 1.
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Algorithm 1 Balanced Domain-Class Distribution Alignment (BoDA
Input: Training set D = f(x;;c;di)g, , all domain-class pairs M = f(d;c)g, en-
coderf, classier g, total training epochs E, calibration parameter , loss weight! ,

momentum
for all (d;c)2M do

Initialize the feature statistics f §; g
end for
for e=0 to E do

repeat

Sample a mini-batch f(xi;ci;di)gh, from D
for i =1 to m (in parallel) do

Zi = f(Xi)
b = 9(z)
end for

Calculate €sopausing f zig based on Eqn. (4)

Calculate Lceusing = 12, L(b;ci)

Do one training step with loss Lce+ ! €0pa
until iterate over all training samples at current epoch e
[* Update feature statistics with momentum updating */
forall (d;c)2M do

Estimate current feature statistics f 4c; dc0

1
1(1?:) Ei?c) +(l ) d;c
1
r(i;ec+ : ((fc) + (1 ) dic
end for
end for

D Details of MDLT Datasets

In this section, we provide the detailed information of the curated MDLT datasets
we used in our experiments. Table 10 provides an overview of the datasets. Table
11 provides the image examples across domains for each MDLT dataset.

Digits-MLT . We construct Digits-MLT by combining two digit datasets: (1)
MNIST-M [15], a variant of the original MNIST handwritten digit classi cation
dataset [26] with colorful background, and (2) SVHN [36]. The original MNIST-

M dataset contains 60,000 training samples and 10,000 testing examples, and the
original SVHN dataset contains 73,257 images for training and 26,032 images
for testing. Both datasets have examples of dimension (82; 32) and 10 classes.
We create Digits-MLT with controllable degrees of data imbalance, where we
keep the maximum number of samples eachd( c) to be 1,000, and manually vary
the imbalance degree to adjust the number of samples for minority d; ¢). For
validation and test set, we use the original test set of the two datasets, but keep
the number of samples eachd; ¢) to be 800.

VLCS-MLTThe original VLCSdataset [14] is an object recognition dataset that
comprises photographic domaingd 2 f Caltech101, LabelMe, SUN09, VOC2007
g, with scenes captured from urban to rural. The dataset contains 5 classes with
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Table 10. Detailed statistics of the curated MDLT datasets used in our experiments.
For the synthetic Digits-MLT dataset, we manually vary the minimum ( d;c) size to
simulate di erent degrees of imbalance.

Dataset # Domains  # Classes Max (d;c) size Min (d;c) size # Training set # Val. set  # Test set
Digits-MLT 2 10 1,000 10 1,000 20,000 4,956 16,000 16,000
VLCS-MLT 4 1,454 0 9,872 285 572
PACS-MLT 4 7 741 5 7,891 700 1,400
OfficeHome-MLT 4 65 84 0 11,688 1,300 2,600
Terralnc-MLT 4 10 4,455 0 23,269 353 708
DomainNet-MLT 6 345 778 0 468,574 39,240 78,761

Table 11. Overview of images from di erent domains in all MDLT datasets. For each
dataset, we pick a single class and show illustrative images from each domain.

Dataset Domains
MNIST-M SVHN
Digits-MLT 3 .
Caltech101 LabelMe SUNO09 VOC2007
VLCS-MLT n %{ E_ m
Art Cartoon Photo Sketch
PACS-MLT b T “
s [ 4 g
- N Cw
Art Clipart Product Photo
OfficeHome-MLT E:

Terralnc-MLT H

(camera trap location)

Clipart Infographic Painting QuickDraw Photo Sketch

DomainNet-MLT

10,729 examples of dimension (224 224). To construct VLCS-ML,Tfor each (d; ¢)
we split out a validation set of size 15 and a test set of size 30, and leave the
rest for training.

PACS-MLTThe original PACSlataset [28] is an object recognition dataset that
comprises four domainsd 2 f art, cartoons, photos, sketchegy with image style
changes. It contains 7 classes with 9,991 examples of dimension; 224 224).
We construct PACS-MLI1n a simialr manner as VLCS-MLTwhere we split out a
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validation set of size 25 and a test set of size 50 for eachd(c), and leave the
rest for training.

OfficeHome-MLT The original OfficeHome dataset [47] includes domaingd 2 f
art, clipart, product, real g, containing 15,588 examples of dimension (224; 224)
and 65 classes. We mak®©fficeHome-MLT by splitting out a validation set of
size 5 and a test set of size 10 for eachlfc), leaving the rest for training.

Terralnc-MLT . Terralnc-MLT is constructed from Terralncognita dataset [2],

a species classi cation dataset that contains photographs of wild animals taken
by camera traps at locationsd 2 f L100; L38; L43; L46g. The dataset contains 10
classes with 24,788 examples of dimension ;(324; 224). For each {; c¢), we split
out a validation set of size 10 and a test set of size 20, and use all remaining
samples for training.

DomainNet-MLT We construct DomainNet-MLTusing DomainNet dataset [38],
a large-scale multi-domain dataset for object recognition that consists of six
domainsd 2 f clipart, infograph, painting, quickdraw, real, sketch g, 345 classes,
and 586,575 examples of size (324, 224). To construct DomainNet-MLTfor each
(d; ©) we split out a validation set of size 20 and a test set of size 40, and leave
the rest for training.

E Experimental Settings

E.1 Implementation Details

For the synthetic Digits-MLT dataset, we x the network architecture as a small
MNIST CNN [19] for all algorithms, and use no data augmentation. For all other
MDLT datasets, following [19], we use the pretrained ResNet-50 model [21] as the
backbone network for all algorithms, and use the same data augmentation pro-
tocol as [19]: random crop and resize to 224 224 pixels, random horizontal ips,
random color jitter, grayscaling the image with 10% probability, and normaliza-
tion using the ImageNet channel statistics. We train all models using the Adam
optimizer [24] for 5,000 steps on all MDLT datasets exceptDomainNet-MLT on
which we train longer for 15,000 steps to ensure convergence. We x a batch size
of 64 per domain forDigits-MLT experiments, a batch size of 32 per domain for
DomainNet-MLTexperiments, and a batch size of 24 per domain for experiments
on all other datasets.

For all MDLT datasets except OfficeHome-MLTand Terralnc-MLT , we de-
ne many-shot (d; c) pairs as with over 100 training samples,medium-shot as
with 20 100 training samples, andfew-shot as with under 20 training samples.
For OfficeHome-MLT, we de ne many-shot as (d; ¢) pairs with over 60 training
samples,medium-shot as with 20 60 training samples, andfew-shotas with un-
der 20 training samples. ForTerralnc-MLT , we de ne many-shot as (d; €) pairs
with over 100 training samples, medium-shot as with 25 100 training samples,
and few-shot as with under 25 training samples.
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E.2 Competing Algorithms

We compare BoDAto a large number of algorithms that span di erent learning
strategies. We group them according to their categories, and provide detailed
descriptions for each algorithm below.

{
{

Vanilla: The empirical risk minimization ( ERM ) [46] minimizes the sum of
errors across all domains and samples.

Distributionally robust optimization: Group distributionally robust optimiza-
tion (GroupDRO ) [40] performs ERM while increasing the importance of
domains with larger errors.

Cross-domain data augmentation: Inter-domain mixup ( Mixup ) [50] per-
forms ERM on linear interpolations of examples from random pairs of do-
mains and their labels. Style-agnostic network SagNet) [35] disentangles
style encodings from image content by randomizing and augmenting styles.
Meta-learning: Meta-learning for domain generalization MLDG ) [27] lever-
ages meta-learning to learn how to generalize across domains.
Domain-invariant representation learning: Invariant risk minimization ( IRM )
[1] learns a feature representation such that the optimal linear classi er on top
of that representation matches across domains. Domain adversarial neural
networks (DANN ) [15] employ an adversarial network to match feature dis-
tributions. Class-conditional DANN ( CDANN ) [31] builds upon DANN but
further matches the conditional distributions across domains for all labels.
Deep correlation alignment (CORAL ) [45] matches the mean and covariance
of feature distributions. Maximum mean discrepancy MMD ) [29] matches
the MMD [18] of feature distributions.

Transfer learning: Marginal transfer learning (MTL ) [4] estimates a mean
embedding per domain, passed as a second argument to the classi er.
Multi-task learning: Gradient matching for domain generalization (Fish) [42]
maximizes the inner product between gradients from di erent domains through
a multi-task objective.

Imbalanced learning: Focal loss Focal ) [32] reduces the relative loss for well-
classi ed samples and focuses on di cult samples. Class-balanced los€BLoss )
[10] proposes re-weighting by the inverse e ective number of samples. The
LDAM loss (LDAM ) [6] employs a modi ed marginal loss that favors mi-
nority samples more. Balanced-Softmax BSoftmax ) [39] extends Softmax
to an unbiased estimation that considers the number of samples of each class.
Self-supervised pre-training ESP) [52] uses self-supervised learning as a rst-
stage pre-training to alleviate the network dependence on imbalanced labels.
Classi er re-training ( CRT ) [23] decomposes the representation and classi er
learning into two stages, where it ne-tunes the classi er using class-balanced
sampling with representation xed in the second stage.

E.3 Hyperparameters Search Protocol

For a fair evaluation across di erent algorithms, following the training protocol
in [19], for each algorithm we conduct a random search of 20 trials over a joint
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Table 12. Hyperparameters search space for all experiments.

Condition Parameter Default value Random distribution
General:
learning rate 0.00005 1@niform( 5; 3:5)
ResNet dropout 0 RandomChoice([0; 0:1; 0:5])
generator learning rate 0.00005 1(ynﬁf0rrn( 5; 3:5)
discriminator learning rate 0.00005 1QUniform( 5; 3:5)
learning rate 0.001 1dJnff0rm( 4:5; 3:5)
not ResNet generator learning rate 0.001 1d’”ff°’"‘< 45 2:9)
discriminator learning rate 0.001 1QUniform( 4:5; 2:5)
—— weight decay 0 0
Digits-MLT generator weight decay 0 0
— weight decay 0 1 gniform( 6; 2)
not Digits-MLT generator weight decay 0 q@niform( 6: 2)
Algorithm-speci c:
lambda 100 1@Pniform( 1;5)
IRM i i i Uniform(0  ;4)
iterations of penalty annealing 500 10 '
GroupDRO eta 0.01 qQUniform( 3: 1)
Mixup alpha 0.2 1QUniform(© :4)
MLDG beta 1 10 Uniform( ;1)
CORAL, MMD gamma 1 10 Yniform(  1;1)
lambda 1.0 1 qPniform( 2:2)
discriminator weight decay 0 1QUniform( 6; 2)
DANN, iscrimi Uniform(0 ;3
CDANN discriminator steps 1 2Uniform(0 ;3)
gradient penalty 0 qQUniform( 2;1)
adam 1 0.5 RandomChoice([0; 0:5])
MTL ema 0.99 RandomChoice([:5; :9; :99; 1])
SagNet adversary weight 0.1 1@PniformC 2;2)
Fish meta learning rate 0.5 RandomChoice([:05; :1; :5])
Focal gamma 1 Q5 1QUnifom@ 1)
CBLoss beta 0.9999 1 gQUniform( 5 2)
niform( 1; 0:1)
LDAM max-m 05 10° _
scale 30 RandomChoice([1030])
nu 1 10Unif0rm( 0:5;0)
BoDA . o
© BoDAoss weight 0.1 1@niform( 2; 0:5)

distribution of its all hyperparameters. We then use the validation set to select
the best hyperparameters for each algorithm, x them and rerun the experiments
under 3 di erent random seeds to report the nal average accuracy (and standard
deviation). Such process ensures the comparison is best-versus-best, and the

hyperparameters are optimized for all algorithms.

We detail the hyperparameter choices for each algorithm in Table 12.
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E.4 Settings for DG Experiments

For DG experiments, we strictly follow the training protocols described in [19].
Across all benchmark DG datasets, we keep the same hyperparameter search
space forBoDAas in Table 12. We x all other training parameters unchanged
so that the results of BoDAare directly comparable to the results in [19].

For model selection, we use theraining-domain validation set protocol in
[19] with 80% 20% training-validation split, and the average out-domain test
performance is reported across all runs for each domain.

F Complete Results for MDLT

We provide complete evaluation results on the ve MDLT datasets. In addition
to the reported results in the main paper, for each dataset we also include the
accuracy on each domain together with the averaged and the worst accuracy.

F.1 VLCS-MLT

Table 13. Complete evaluation results on VLCS-MLT

Accuracy (by domain) Accuracy (by shot)

Algorithm C L S \Y Average Worst Many Medium Few  Zero

ERM 99.3 03 536 1:1 659 1.2 864 07 763 04 536 1:1 846 05 76.6 04 329 o4
IRM 99.1 04 523 07 688 14 86.0 03 765 02 523 07 853 06 755 1.0 335 10
GroupDRO 98.7 03 541 13 675 15 86.7 03 76.7 04 541 1:3 853 09 76.2 10 345 20
Mixup 99.3 03 527 1:3 66.1 00 853 11 759 o1 527 1:3 844 02 77.1 o6 29.2 14
MLDG 99.3 03 53.6 05 683 04 864 05 769 02 536 05 849 03 77.5 10 344 o9
CORAL 993 03 516 07 675 1:8 853 09 759 05 516 07 843 06 755 05 345 o8
MMD 99.6 o02 534 03 656 08 86.7 11 763 06 534 03 845 08 77.1 05 32.7 o3
DANN 99.6 02 541 03 699 02 86.7 00 775 01 541 0:3 859 05 76.0 04 38.0 23
CDANN 99.6 04 536 04 675 06 858 08 766 04 53.6 04 84.4 07 77.3 08 35.0 o8
MTL 99.1 o022 529 05 66.7 04 86.7 06 763 03 529 05 84.8 09 76.2 06 33.3 14
SagNet 99.6 04 523 02 67.2 02 86.2 1.0 763 02 523 02 853 03 751 o0:2 329 o3
Fish 98.7 03 543 04 694 08 876 04 775 03 543 04 86.2 05 76.0 04 35.6 2:2
Focal 99.1 04 523 02 66.1 08 849 02 756 04 523 02 84.0 02 755 o6 32.7 09
CBLoss 99.1 02 525 o5 685 1.0 871 10 768 03 525 05 848 07 775 14 33.2 16
LDAM 989 02 529 o02 694 1.4 880 13 775 o1 529 02 865 04 755 05 35.2 o6
BSoftmax 99.3 03 529 09 68.0 02 86.7 08 76.7 05 52.9 09 84.4 09 782 o6 34.3 09
SSP 99.1 02 523 1.0 68.0 02 851 04 76.1 03 523 1.0 83.8 03 76.0 1:2 371 o7
CRT 99.6 03 514 03 669 08 86.9 04 763 02 514 03 845 01 77.3 00 31.7 10
BoDA, 993 03 514 03 702 04 86.7 03 769 05 51.4 03 853 03 77.3 02 33.3 05
BoDA-M 100.0 o0 53.4 0:3 685 04 88.0 08 775 03 534 03 858 02 77.3 02 35.7 o7
BoDA ¢ 99.3 03 534 03 685 04 880 04 773 02 534 03 853 03 780 o0:2 38.6 07
BoDA-M ¢ 100.0 o0:.0 55.4 05 72.6 03 84.7 05 782 04 554 05 853 03 79.3 06 433 11

BoDA vs. ERM +0.7 +1.8 +6.7 +1.6 +1.9 +1.8 +0.7 +2.7 +10.4
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F.2 PACS-MLT

Table 14. Complete evaluation results on PACS-MLT

Accuracy (by domain)

Accuracy (by shot)

Algorithm A C P S Average Worst Many Medium Few Zero

ERM 96.8 01 97.0 03 989 03 958 02 97.1 o1 958 02 97.1 0.0 97.0 00 98.0 09
IRM 96.8 01 96.3 07 98.7 02 952 04 96.7 02 952 04 96.8 02 96.7 07 947 14
GroupDRO 96.9 02 97.0 04 99.0 01 953 04 97.0 01 953 04 97.3 01 953 12 947 36
Mixup 96.5 0:3 96.9 07 985 02 951 02 96.7 02 951 02 970 o1 96.7 03 913 27
MLDG 96.6 02 97.2 03 985 01 941 03 96.6 01 941 03 96.8 01 96.3 07 92.7 05
CORAL 96.9 04 97.0 05 983 03 943 07 966 05 943 07 966 05 97.0 08 94.7 05
MMD 96.8 02 97.1 04 974 03 963 03 969 01 96.2 02 96.9 02 97.0 00 96.7 05
DANN 95.7 03 97.2 04 989 01 943 01 965 00 943 01 965 01 98.0 00 94.7 24
CDANN 955 o5 96.7 02 972 03 949 o5 96.1 01 945 02 96.1 01 96.3 05 94.0 09
MTL 96.3 04 979 03 982 03 946 07 96.7 02 945 06 96.8 01 953 1.7 97.3 11
SagNet 97.0 02 97.8 04 989 o021 952 03 97.2 01 952 03 974 01 96.7 05 953 05
Fish 955 02 979 04 982 03 959 05 969 02 952 02 97.0 01 97.0 05 947 11
Focal 96.6 04 96.6 08 98.1 02 94.6 07 965 02 946 07 96.6 01 950 1.7 96.7 05
CBLoss 97.3 01 974 o5 97.8 06 951 04 969 o021 951 04 96.8 02 97.0 1:2 100.0 o0:0
LDAM 96.9 01 96.6 06 979 01 947 02 965 02 947 02 966 01 957 14 96.0 00
BSoftmax 96.0 o5 969 06 98.8 06 959 01 96.9 03 956 03 96.6 04 987 07 99.3 05
SSP 96.2 05 96.8 02 989 01 957 03 969 02 954 04 96.7 02 983 05 98.0 09
CRT 95.3 02 96.7 01 985 01 949 01 963 01 949 01 963 01 97.3 03 940 09
BoDA 96.9 04 974 02 986 02 951 04 97.0 01 951 04 97.0 01 96.3 05 98.0 09
BoDA-M 96.6 02 98.0 02 991 02 949 o1 971 o1 949 o1 97.3 01 96.3 05 96.0 0:0
BoDA (¢ 96.3 01 97.4 05 994 03 957 03 97.2 o1 957 03 974 01 97.0 00 947 11
BODA-M ¢ 96.3 04 97.7 02 98.1 04 964 02 97.1 02 96.3 01 971 00 97.0 08 96.0 00
BoDA vs. ERM -0.5 +0.7 +0.5 +0.6 +0.1 +0.5 +0.3 +0.0 -2.0

F.3 OfficeHome-MLT

Table 15. Complete evaluation results on OfficeHome-MLT

Accuracy (by domain)

Accuracy (by shot)

Algorithm A C P R Average Worst Many Medium  Few Zero

ERM 713 o1 784 02 89.6 03 833 02 80.7 00 71.3 o1 87.8 02 81.0 02 63.1 01 63.3 7:2
IRM 70.7 02 785 08 894 05 838 06 806 04 707 02 876 04 815 04 61.1 09 56.7 14
GroupDRO 68.7 09 79.0 02 894 04 833 05 801 03 687 09 881 02 808 04 59.8 1.2 51.7 36
Mixup 723 06 79.1 04 89.7 01 839 02 812 o2 723 06 879 04 818 01 641 04 600 41
MLDG 70.2 o6 782 05 89.4 04 837 03 804 02 70.2 o6 87.1 01 813 03 613 1.0 61.7 14
CORAL 727 06 809 03 899 02 842 04 819 01 727 o06 879 01 830 01 635 07 650 24
MMD 67.7 o8 778 02 87.4 o5 806 04 784 04 67.7 08 852 02 79.4 07 588 014 56.7 36
DANN 70.2 o9 77.3 03 873 05 821 04 79.2 02 70.2 09 86.2 01 80.0 01 60.3 1.1 61.7 59
CDANN 69.4 03 772 03 87.7 02 815 03 79.0 02 69.4 03 864 06 79.8 01 589 08 50.0 47
MTL 69.8 o6 77.6 03 879 o1 824 03 795 02 69.8 06 87.3 03 79.8 02 61.1 02 517 27
SagNet 705 05 79.6 05 89.3 04 839 01 809 o1 705 o5 87.8 04 819 01 61.2 09 56.7 36
Fish 713 07 79.1 o1 90.2 o6 847 04 813 03 713 07 882 02 819 03 632 08 617 14
Focal 67.6 04 766 08 87.1 o5 80.2 03 77.9 00 67.6 04 865 03 783 01 574 03 46.7 36
CBLoss 69.5 07 78.7 03 889 04 822 01 798 02 695 07 86.6 04 80.6 02 61.1 1.4 650 2:4
LDAM 699 o5 789 04 894 03 83.0 04 803 02 699 o5 87.1 02 813 03 61.1 02 517 27
BSoftmax 709 o055 787 02 89.0 o8 83.0 03 804 o2 709 o5 86.7 05 81.3 03 624 10 60.0 41
SSP 71.1 03 79.6 08 89.4 03 842 02 811 03 711 03 87.3 06 823 03 61.6 07 633 14
CRT 725 02 79.6 02 889 01 83.6 02 812 00 725 02 877 o1 81.8 01 64.0 01 650 2:4
BoDA 718 o1 80.3 0:3 89.1 04 84.6 02 815 o021 71.8 01 87.7 02 823 01 64.2 03 63.3 14
BoDA-M . 716 o2 805 0:3 89.2 02 857 04 819 02 71.6 02 87.3 0:3 834 02 623 0:3 650 24
BoDA ¢ 723 03 80.8 02 89.4 04 863 03 823 o021 723 03 87.1 02 839 03 63.2 02 650 24
BoDA-M (¢ 723 03 815 04 895 03 858 02 824 02 723 03 87.7 01 839 06 642 03 66.7 27
BoDA vs. ERM +1.0 +3.1 -0.1 +3.0 +1.7 +1.0 -0.1 +2.9 +1.1 +3.4
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F.4 Terralnc-MLT

Table 16. Complete evaluation results on Terralnc-MLT .

Accuracy (by domain) Accuracy (by shot)

Algorithm L100 L38 L43 L46  Average Worst Many Medium Few Zero

ERM 80.3 13 712 07 822 03 674 03 753 03 674 03 856 08 69.6 32 66.1 214 144 28
IRM 782 09 69.6 20 811 07 643 1:3 733 07 643 1:3 835 06 70.0 1:8 583 34 20.1 14
GroupDRO 68.3 1.0 688 1:3 826 02 681 08 720 04 66.6 02 847 11 646 47 389 12 135 11
Mixup 754 14 702 1:3 783 06 604 11 71.1 07 604 1:1 832 07 600 o6 56.1 30 12.2 21
MLDG 823 09 735 20 83.8 14 669 05 76.6 02 669 05 86.1 06 73.8 39 70.6 3:7 18.8 24
CORAL 816 10 720 o6 842 02 67.8 09 764 05 67.8 09 863 03 775 31 66.1 20 11.0 1:4
MMD 789 o6 688 1.0 819 09 637 1.1 733 04 637 1:1 840 04 679 227 606 1.6 13.6 2:6
DANN 74.1 o8 63.1 1.9 759 02 615 09 687 09 61.1 10 79.6 1.2 625 81 489 28 133 11
CDANN 730 1:3 678 20 75.0 06 652 1:1 70.3 05 639 1.0 835 08 50.0 42 439 47 204 31
MTL 79.4 o8 70.8 06 819 08 67.8 14 750 07 67.7 1:4 852 07 73.8 16 61.1 28 124 40
SagNet 794 18 712 07 834 24 665 21 751 16 665 211 855 09 77.1 50 57.8 43 13.0 34
Fish 80.1 19 70.2 02 844 09 663 05 753 05 66.3 05 858 02 733 39 611 30 13.7 33
Focal 809 07 716 16 844 13 66.1 1:7 757 04 653 1.1 857 03 76.2 39 689 32 126 1.9
CBLoss 849 o6 78.0 12 80.7 0:3 68.3 20 780 04 683 20 850 01 89.2 12 839 25 9.3 39
LDAM 83.0 09 70.6 06 813 11 641 14 747 09 641 14 851 06 70.8 35 67.8 12 11.1 2:4
BSoftmax 835 21 755 04 821 07 656 1:3 76.7 10 656 1:3 834 08 90.8 09 783 39 12.6 24
SSP 82.6 1:3 80.7 1.8 83.2 06 673 04 785 07 67.3 04 855 1.0 87.8 09 826 1.2 132 28
CRT 89.0 o1 818 03 858 03 70.0 04 816 01 70.0 04 89.7 o022 90.4 03 839 05 129 00
BoDA 86.7 07 741 11 852 07 685 03 786 04 685 03 86.4 01 850 1.0 80.0 09 13.7 21
BoDA-M 878 09 765 09 822 03 71.3 04 794 o6 713 04 884 03 76.2 2:7 883 16 144 14
BoDA ¢ 88.3 0:6 829 05 89.3 09 685 06 823 0:3 685 06 89.2 0:2 925 09 883 1:2 21.3 07
BoDA-M ¢ 904 03 812 07 858 04 746 07 83.0 04 746 07 89.2 02 91.2 06 91.7 20 21.7 14
BoDA vs. ERM  +10.1 +11.7 +7.1 +7.2 +7.7 +7.2 +3.6 +22.9 +25.6 +7.3

F.5 DomainNet-MLT

Table 17. Complete evaluation results on DomainNet-MLT

Accuracy (by domain) Accuracy (by shot)

Algorithm clip info paint quick real sketch Average Worst Many Medium Few Zero

ERM 68.6 01 294 03 57.1 02 628 03 721 02 61.7 02 586 02 294 03 66.0 01 56.1 01 359 05 27.6 03
IRM 66.7 02 276 o1 56.0 02 60.1 01 720 o0:0 60.2 02 57.1 o1 27.6 01 647 01 543 03 335 03 258 03
GroupDRO 60.1 0:2 259 02 503 01 639 02 649 02 56.7 03 536 01 259 02 61.8 01 49.1 03 30.7 07 22.0 01
Mixup 67.6 02 287 00 56.4 02 60.0 04 721 01 60.9 01 57.6 0:1 287 0.0 649 02 545 01 356 02 27.3 03
MLDG 68.0 02 287 01 572 01 61.6 02 733 01 61.9 02 585 00 287 01 66.0 01 557 o1 353 02 269 o3
CORAL 69.1 03 30.1 04 578 02 634 02 728 02 633 0:3 594 o1 30.1 04 66.4 01 57.1 0.0 37.7 06 29.9 o0:2
MMD 66.1 01 27.2 02 559 01 593 o0:2 719 01 60.0 02 56.7 0:0 27.2 02 642 01 54.0 00 339 02 254 o0:2
DANN 65,5 03 269 04 552 0:1 57.4 02 70.6 o1 59.0 0:2 558 0:1 26.9 04 63.0 01 52.7 0:1 342 04 26.8 04
CDANN 65.9 01 277 01 553 o1 57.6 02 70.9 02 587 o0:1 56.0 01 27.7 01 63.2 00 527 0:2 343 05 27.6 01
MTL 68.2 02 293 o022 57.3 01 621 o1 729 01 61.8 02 586 01 29.3 02 659 01 56.0 04 354 o1 282 03
SagNet 68.5 01 294 o2 57.8 02 621 02 733 01 624 01 589 0.0 294 02 663 01 564 00 36.2 0:3 27.2 04
Fish 68.7 01 29.1 01 584 01 641 o1 739 01 637 01 59.6 01 29.1 o1 67.1 01 57.2 01 36.8 0.4 27.8 03
Focal 67.6 01 275 o1 56.5 03 623 03 71.7 0:3 614 03 57.8 02 275 01 652 02 551 02 358 01 26.3 01
CBLoss 68.3 02 30.1 01 57.8 01 60.8 01 73.3 02 63.3 01 589 o1 30.1 01 643 00 61.0 0:3 425 04 281 02
LDAM 68.8 02 29.2 02 57.1 01 650 00 723 01 631 01 59.2 0.0 29.2 02 66.6 0.0 57.0 0:0 37.1 02 27.8 03
BSoftmax 68.5 01 299 o0:1 57.8 01 60.5 03 73.4 01 633 00 589 01 29.9 01 643 01 609 03 424 06 282 o1
SSP 69.7 01 31.6 02 58.8 0:1 59.7 03 739 01 642 01 59.7 00 31.6 02 643 01 626 0:1 450 03 305 00
CRT 70.0 o1 316 o1 59.2 02 640 01 734 01 644 o1 604 o2 316 01 66.8 0.0 616 01 457 01 29.7 01
BoDA 700 01 326 01 59.1 01 61.2 04 733 01 641 o1 601 02 326 01 657 02 60.6 01 426 03 305 02
BoDA-M 70.6 01 322 02 57.7 0:3 655 03 70.2 01 645 01 60.1 0:2 322 0:2 659 02 60.7 01 429 0:3 30.0 01
BoDA ¢ 720 02 334 o1 60.7 02 63.6 02 746 o01 655 02 61.7 01 334 o0167.0 o1 627 01 46.0 02 322 03
BODA-M ¢ 718 01 333 01 60.8 01 63.7 0:3 746 o0:1 658 02 61.7 02 333 01 67.0 0:1 63.0 03 466 04 31.8 02

BoDA vs. ERM +3.4 +4.0 +3.7 +0.9 +2.5 +4.1 +3.1 +4.0 +1.0 +6.9 +10.7 +4.6
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G Complete Results for DG

We provide detailed results of Table 9 across ve DG benchmarks [19]. Results
for all algorithms except BoDAare directly copied from [19].

G.1 VLCS

Table 18. Complete domain generalization results on VLCS

Algorithm C L S \% | Avg
ERM 977 04 643 09 734 05 746 13| 775
IRM 986 01 649 09 734 06 773 09 | 785
GroupDRO 97.3 03 634 09 695 o8 76.7 07 | 76.7
Mixup 98.3 06 648 1.0 721 05 743 o8 | 774
MLDG 974 02 652 07 710 1:4 753 1.0 | 77.2
CORAL 983 01 66.1 12 734 03 775 12 | 78.8
MMD 977 o1 640 1.1 728 02 753 33| 775
DANN 99.0 03 651 1.4 731 03 77.2 06 | 78.6
CDANN 971 o03 651 12 707 o8 771 15 | 775
MTL 97.8 04 643 03 715 07 753 17 | 77.2
SagNet 979 04 645 05 714 13 775 o5 | 77.8
ARM 98.7 02 636 07 713 12 76.7 06 | 77.6
VREX 984 03 644 1.4 741 04 762 1:3 | 78.3
RSC 979 01 625 07 723 12 756 08 | 77.1
BoDA 98.1 03 645 04 743 03 78.0 06 \ 78.5
G.2 PACS

Table 19. Complete domain generalization results on PACS

Algorithm A C P S | Avg
ERM 84.7 04 808 06 97.2 03 793 1.0 | 855
IRM 848 13 764 1.1 96.7 06 76.1 1.0 | 835
GroupDRO 835 09 79.1 06 96.7 03 783 200 | 844
Mixup 86.1 05 789 08 97.6 01 758 18 | 84.6
MLDG 855 1.4 801 1.7 974 03 76.6 1.1 | 849
CORAL 88.3 02 800 o5 975 03 788 13| 86.2
MMD 86.1 1:4 794 09 96.6 02 76.5 05 | 84.6
DANN 86.4 08 774 08 973 04 735 2:3 | 837
CDANN 846 1.8 755 09 96.8 03 735 o046 | 82.6
MTL 875 o08 771 05 964 08 77.3 1.8 | 84.6
SagNet 874 1.0 80.7 o6 971 o1 800 04 | 86.3
ARM 86.8 06 768 05 974 03 793 1:2 | 851
VREX 86.0 1.6 79.1 06 969 05 77.7 1.7 | 84.9
RSC 854 08 79.7 1.8 976 03 78.2 1.2 | 85.2

BoDA 88.2 02 817 03 978 02 80.2 03| 86.9




G.3 OfficeHome
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Table 20. Complete domain generalization results on OfficeHome.

Algorithm A C P R | Avg
ERM 61.3 07 524 03 758 01 76.6 03 | 66.5
IRM 589 23 522 16 721 29 740 25 | 64.3
GroupDRO 60.4 o7 527 1.0 750 07 76.0 07 | 66.0
Mixup 624 08 548 06 769 0:3 783 02 | 68.1
MLDG 615 09 532 o6 750 1.2 775 04 | 66.8
CORAL 65.3 04 544 o5 765 01 784 05 | 68.7
MMD 604 02 533 03 743 01 77.4 06 | 66.3
DANN 599 1.3 530 03 736 07 76.9 05 | 659
CDANN 615 1.4 504 224 744 09 76.6 08 | 65.8
MTL 615 07 524 06 749 04 768 04 | 66.4
SagNet 63.4 02 548 04 758 04 783 03 | 68.1
ARM 589 08 510 05 741 01 752 03 | 64.8
VREX 60.7 09 530 09 753 01 76.6 05 | 66.4
RSC 60.7 1.4 514 03 748 11 751 1:3 | 655
BoDA 654 o021 554 03 771 01 795 o3 \ 69.3

G.4 Terralnc

Table 21. Complete domain generalization results on Terralnc .

Algorithm L100 L38 L43 L46 \ Avg
ERM 498 44 421 1.4 56.9 1:8 357 39 | 46.1
IRM 546 13 398 1.9 56.2 1:8 39.6 08 | 47.6
GroupDRO 412 o7 386 21 56.7 09 364 21 | 43.2
Mixup 59.6 2.0 422 1.4 559 08 339 14 | 479
MLDG 542 30 443 11 556 03 36.9 22 | 47.7
CORAL 516 2:4 422 1.0 57.0 1.0 398 2:9 | 47.6
MMD 419 30 348 1.0 570 19 352 18 | 422
DANN 51.1 35 406 o6 574 o5 37.7 18 | 46.7
CDANN 470 19 413 48 549 1.7 398 23 | 458
MTL 493 1.2 396 63 556 1.1 37.8 08 | 456
SagNet 53.0 220 43.0 25 579 o6 404 1:3 | 48.6
ARM 493 07 383 214 558 08 387 1:3| 455
VREX 48.2 43 417 1:3 56.8 08 38.7 31| 46.4
RSC 50.2 2.2 392 1.4 56.3 1.4 408 06 | 46.6
BoDA 540 03 465 02 595 03 41.0 04 502

35
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G.5 DomainNet

Table 22. Complete domain generalization results on DomainNet

Algorithm clip info paint quick real sketch \ Avg
ERM 58.1 03 188 03 46.7 03 122 04 596 01 498 04 | 409
IRM 485 2;8 150 15 383 43 109 o5 482 52 423 31 | 339
GroupDRO 472 o5 175 04 338 05 93 03 516 04 401 o6 | 333
Mixup 55.7 03 185 05 443 o5 125 04 558 03 482 o5 | 39.2
MLDG 59.1 02 19.1 03 458 07 134 03 596 02 502 04 | 41.2
CORAL 59.2 01 197 02 466 03 134 04 598 02 501 o6 | 415
MMD 32.1 133 11.0 46 26.8 11:3 8.7 2.1 327 138 289 119 | 234
DANN 531 o2 183 01 442 o7 118 01 555 04 468 06 | 38.3
CDANN 546 04 173 01 437 09 121 o7 56.2 04 459 o5 | 38.3
MTL 579 o5 185 04 46.0 01 125 01 595 03 492 o1 | 40.6
SagNet 577 03 19.0 o2 453 03 127 o5 581 05 488 02 | 40.3
ARM 49.7 03 163 05 409 11 94 o1 534 04 435 04 | 355
VREX 473 35 160 15 358 46 109 03 496 49 420 30 | 33.6
RSC 55.0 1.2 183 05 444 o6 122 02 557 07 478 o9 | 389
BoDA 62.1 04 205 o07 480 o021 138 06 606 04 514 o3 \ 42.7

G.6 Averages

Table 23. Complete domain generalization results over all DG benchmarks.

Algorithm VLCS PACS OfficeHome Terralnc DomainthAVg
ERM 775 04 855 02 66.5 03 46.1 1:8 409 o1 63.3
IRM 785 05 835 o8 64.3 2:2 476 08 339 28 61.6
GroupDRO 76.7 06 844 o8 66.0 o0:7 43.2 11 333 o02 | 60.7
Mixup 774 06 84.6 06 68.1 o0:3 479 o8 392 01 | 634
MLDG 77.2 04 849 10 66.8 0:6 477 09 412 o1 63.6
CORAL 78.8 06 86.2 03 68.7 0:3 476 1.0 415 o1 64.5
MMD 775 09 846 o5 66.3 0:1 422 1.6 234 95 58.8
DANN 786 04 83.6 04 65.9 o6 46.7 05 38.3 o0:1 62.6
CDANN 775 01 826 09 65.8 1:3 458 1.6 38.3 03 62.0
MTL 77.2 04 84.6 05 66.4 05 456 1.2 40.6 o1 62.9
SagNet 778 05 86.3 02 68.1 o0:1 486 1.0 403 01 | 64.2
ARM 776 03 85.1 04 64.8 0:3 455 03 355 02 | 61.7
VREX 783 02 849 o6 66.4 06 46.4 06 33.6 2:9 61.9
RSC 77.1 o5 85.2 09 65.5 0:9 46.6 1.0 38.9 o5 62.7
BoDA 785 03 869 04 693 01 502 04 427 o1 \ 65.5




Multi-Domain Long-Tailed Recognition 37

H Additional Analysis and Studies
H.1 Ablation Studies for BoDA

E ect of Balanced Distance. We study the e ect of adding balanced distance

in BoDAcompared to the vanilla DAloss. As Table 24 demonstrates, incorporating
balanced distance inBoDAis essential for addressing MDLT: we observe that
BoDAmproves overDAby a large margin, resulting in an averaged improvements
of 2:3% over all MDLT benchmarks. The improvements are especially large on
datasets with severe data imbalance across domains (e.glerralnc-MLT ).

Table 24. Ablation study on e ect of adding balanced distance in BoDA

VLCS-MLT PACS-MLT OfficeHome-MLT Terralnc-MLT DomainNet-N/IIAK/g

DA 76.6 04 96.8 o0:2 80.7 o3 76.4 05 58.9 o0:2 77.9
BoDA 77.3 02 972 o1 82.3 o1 823 o3 61.7 o1 80.2
Gains  +0.7 +0.4 +1.6 +5.9 +2.8 | +2.3

. . . . . 0..0
E ect of Dierent Distance Calibration Coe cient ¢S, We further

investigate the e ect of di erent distance calibration coe cients in BoDARecall

that g°c°° = (Ngo.c0=Ng.c) indicates how much we would like to transfer (;c)
to (d%c%, based on their relative sample sizes. We vary the value of , and
study its e ect on BoDAperformance across all MDLT datasets. Table 25 reveals
several interesting ndings. First, when = 0 (i.e., no calibration is used as
the coe cient is always equal to 1), BoDAperformance is lower than those with
a positive , conrming the e ectiveness of the calibrated distance. Moreover,
when we vary between 05 1.5, the overall performance gains are similar
across di erent choices, where around 0.9 seems to achieve the best results.
Finally, when compared to ERM, we demonstrate that BoDAconsistently obtains

notable gains across di erent .

0..0
Table 25. Ablation study on e ect of distance calibration coe cient g;f in BoDA
We vary the value of and report the averaged results over all ve MDLT datasets.

0 0.5 0.7 0.9 1 11 12 1.5‘ ERM
BoDA 789 80.1 800 802 801 798 796 79.2 77.6

H.2 Absolute Accuracy Gains on All MDLT Benchmarks

We provide additional results for understanding how BoDAperforms acrossall
domain-class pair when cross-domain imbalance occurs. Similar to Fig. 7 in the
main text, we plot the absolute gains of BoDAover ERM on all ve MDLT
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datasets, shown in Figs. 9, 10, 11, 12, and 13. Across all datasets, we observe
that BoDAestablishes large improvements w.r.t. all regions, especially for the
few-shot and zero-shot ones.

Fig. 9. The absolute accuracy gains of BoDAvs. ERM over all domain-class pairs on
VLCS-MLT

Fig. 10. The absolute accuracy gains of BoDAvs. ERM over all domain-class pairs on
PACS-MLT

Fig. 11. The absolute accuracy gains of BoDAvs. ERM over all domain-class pairs on
OfficeHome-MLT.
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Fig. 12. The absolute accuracy gains of BoDAvs. ERM over all domain-class pairs on
Terralnc-MLT .

Fig. 13. The absolute accuracy gains of BoDAvs. ERM over all domain-class pairs on
DomainNet-MLT

H.3 Robustness to Diverse Skewed Label Distributions

We investigate how BoDAperforms under arbitrary label imbalance across do-
mains, especially when the cross-domain label distributions are botlimbalance
and divergent We again employ theDigits-MLT dataset, and manually vary the
label proportions for each domain.

As Fig. 14 demonstrates, when the label distributions for two domains are
balanced and identical, both ERM and BoDAmaintains discriminative represen-
tations. If the label distributions become imbalanced but still identical across
domains, ERM is still able to align similar classes in the two domains, but with
majority classes being closer in terms of transferability than minority classes.
In contrast, BoDAmaintains consistent transferability regardless of number of
samples within each class. Finally, as the label distributions become further mis-
matched across domains, ERM is not able to align the domains and produces
a clear gap; by contrast,BoDAmaintains consistent and transferable representa-
tions even under severe data imbalance. As a resulBoDAsubstantially boosts
the performance upon ERM, with an average gains of 8% across all label con-
gurations.
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Fig. 14. The evolving patterns of the transferability graph of BoDAvs. ERM across
di erent label con gurations on Digits-MLT . Label distributions for two domains are
(a) balanced and identical; (b)(c) imbalanced and identical; (d)(e) imbalanced and
divergent. BoDAmaintains consistent and transferable representations across all label
con gurations, and leads to much better test accuracy.
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Fig. 15. Correspondence between ( + ) guantity and test accuracy across di erent
MDLT datasets. Each point within each plot corresponds to a model trained with ERM
using di erent hyperparameters.

H.4 Transferability = vs. Generalization on More Datasets

We provide further results on transferability statistics vs. generalization on real
MDLT datasets, in addition to results on Digits-MLT as we showed in the main
text.

Speci cally, on all ve MDLT datasets, we train 20 ERM models with varying
hyperparameters, calculate the (; ; ) statistics for each model, and plot its
classi cation accuracy against ( + ) . Fig. 15 reveals similar and consistent
ndings, that the ( ; ; ) statistics characterize model performance in MDLT.
Across all datasets, the (+ )  quantity displays a very strong correlation with
test performance across the entire range, suggesting that the;(; ) statistics
govern the success of learning in MDLT.

H.5 Additional Visualization of Feature Discrepancy

We provide additional results for understanding BoDAi.e., how BoDAcalibrates
the feature statistics. Fig. 16 shows the feature discrepancy oBoDAvs. ERM
across dierent label con gurations on Digits-MLT . In addition to the mean
distance we showed in the main text, we show also the feature covariance distance
between training and test data, and plot them for both domains. Similarly, solid
lines plot the distance between training and test data from the same domain-
class pairs. Dashed lines plot the distance between test data from a particular
domain-class pair and the training data with which it shares the same class but
di ers in the domain. The gure also shows regions with di erent data densities
using colors blue, , .

As the gure conrms, across di erent label distributions, BoDAconsistently
learns better representations especially for the tail data (i.e., the red regions),
where the feature mean/covariance distance between training and test data be-
comes smaller and more aligned across domains. ComparirBoDAwith ERM
further demonstrates that BoDAmaintains consistent and transferable represen-
tations with smaller feature discrepancy.
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Fig. 16. Feature discrepancy of BoDAvs. ERM across di erent label con gurations on
Digits-MLT . Each row plots a per-domain label distribution, and the feature mean /
covariance distance between training and test data on each domain for both ERM and
BoDABoD-Aenables better learned tail (d; c) with smaller feature discrepancy.



