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Introduction

Background of domain generalization

“ Taxonomy of domain generalization methods

 Domain generalization 2X|Z olfZs}7| {fot Lot HHH=ES0| EXliet

gol

Domain randomization: DRPC [29]/ SDR [30]/ FSDR [31]/ [32, 33, 34, 35, 36})

Data augmentation

Adversarial data augmentation: CrossGrad [37]/ ADA [38]/ DDAIG [39])

M-ADA [40]/ UFDN [41]/ UNVP [42]/ L2A-OT [43]/ M3L [44]/ FSUS [45]/ ADAGE [46]/ ]

Data
manipulation
(Sec. 4.1)

DomainMix [47]/ MixALL [48]/ MixStyle [49]/ DeGIA [50]/ MBDG [51]/ PDEN [52]/
SFA [53]/ OpenDG [54]/ FACT [55]/ [56, 57, 36, 58, 59

Kernel methods: MTL [6, 60]/ Multi-TCA [61]/ DICA [27]/ UDICA [62]/ CIDG [63]/ SCA [64]/
ESRand [65]/ MDA [66]/ [28]

Explicit feature alignment: MTAE [67]/ CCSA [68]/ BNE [69]/ SNR [70, 71]/ MMD-AAE [72]/ J

Data generation

DDGEFD [73]/ DSDGN [74]/ DG-YOLO [75]/ MatchDG [76]/ DSON [77]/ DFDG [78]/ DSAF [79]/
AdaRNN [80]/ ASR-Norm [81]/ RNA-Net [82]/ FAR [83]/ LAG [84]/ [85, 86, 87, 88, 89, 90]

Domain-invariant
representation learning|}

Domain adversarial learning: DANN [91, 92]/ MMD-AAE [72]/ DLOW [93]/ CIAN [94]/ ER [95]/
MADDG [96]/ FSUS [45]/ MMLD [97]/ DANNCE [98]/ CAADG [99]/ SSDG [100]/ AdaRNN [80]
ASR-Norm [81]/ SADG [101]/ [102, 103]

Invariant risk minimization: IRM [104] /TB-IRM [105]/VRex [106]/ReLIC [107]/[108, 109, 110, 111, 1]2])

Representation
learning
(Sec. 4.2)

Domain
generalization
algorithms

Multi-component analysis: LRE-GVM [113, 114]/ UndoBias [115]/ MVDG [116]/ CSD [117]/
Domain2Vec [118, 119]/ DCAC [120]/ FLUTE [121]/ [122, 2, 123]

= = Generative modeling: DIVA [124]/ DAL [125]/ M-ADA [40]/ DDG [126]/ SagNet [127]/ GILE [128]
Feature disentanglement RobustNet [129]/ T130]

Causality-inspired nethods: MatchDG [76]/ Deep CAMA [131]/ CSG [132]/ LaCIM [133]/
StableNet [134]/ [107, 135, 136]

Ensemble learning }—( D-SAM [137]/ DAEL [8]/ COPA [138]/ [139, 140, 141, 142] )
MLDG [17]/ MetaReg [18]/ FC [19]/ MASF [143]/ MetaVIB [20]/ DADG [144]/ DGSML [145]/ M3L [M]/J

Epi-FCR [146]/ [147, 148, 149]
Gradient operation }—{RSC [150]/ Fish [151]/ Fishr [152]/ NCDG [153])
Distributionally robust optimization +—(VRex [106]/ JTT [154]/ GroupDRO [155]/ [156, 157] )
o 2\

Self-supervised learning }—(JiGen [158]/ SelfReg [159]/ [160, 161])

Others HRand()m forest [162]/Shape-invariant [163]/Lottery ticket hypothesis [164]/Flat minima [165]/ Metric learning [166])

Learning
strategy
(Sec. 4.3)
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Background of unsupervised domain generalization
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- Unsupervised domain generalization

&N

< Domain-Aware Representation LearnING: Towards unsupervised domain generalization (CVPR, 2022)
% unlabeled dataset = #H0|ASS Holst ==
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Towards Unsupervised Domain Generalization

Xingxuan Zhang!, Linjun Zhou', Renzhe Xu, Peng Cui*, Zheyan Shen, Haoxin Liu
Department of Computer Science, Tsinghua University

xingxuanzhang@hotmail.com, zhouljl6@mails.tsinghua.edu.cn, xrz193721@gmail.com

cuip@tsinghua.edu.cn, shenzyl7@mails.tsinghua.edu.cn, 11324627158q9q.com

Abstract

Domain generalization (DG) aims to help models trained
on a set of source domains generalize better on unseen tar-
get domains. The performances of current DG methods
largely rely on sufficient labeled data, which are usually
costly or unavailable, however. Since unlabeled data are

Jfar more accessible, we seek to explore how unsupervised

learning can help deep models generalize across domains.
Specifically, we study a novel generalization problem called
unsupervised domain generalization (UDG), which aims to
learn generalizable models with unlabeled data and analyze
the effects of pre-training on DG. In UDG, models are pre-
trained with unlabeled data from various source domains
before being trained on labeled source data and eventu-
ally tested on unseen target domains. Then we propose
a method named Domain-Aware Representation LearnING
(DARLING) to cope with the significant and misleading
heterogeneity within unlabeled pretraining data and severe
distribution shifts between source and target data. Surpris-
ingly we observe that DARLING can not only counterbal-
ance the scarcity of labeled data but also further strengthen
the generalization ability of models when the labeled data
are insufficient. As a pretraining approach, DARLING
shows superior or comparable performance compared with
ImageNet pretraining protocol even when the avatlable data
are unlabeled and of a vastly smaller amount compared to
ImageNet, which may shed light on improving generaliza-
tion with large-scale unlabeled data.

domain generalization (DG) proposes algorithms that have
access to labeled data from multiple domains or environ-
ments during training and generalize well to unseen test do-
mains [ 18,32, 36,37, 43,63].

Sufficient labeled data are crucial for current DG meth-
ods to learn domain invariant features, which are proved to
be generalizable to unseen domains [ 1,47, ]. A com-
mon and effective approach to learning discriminative fea-
tures in DG is to enlarge the available data space with aug-
mentations of source domains [, 9, 70]. With sufficient
source data and strong augmentations, even empirical risk
minimization (ERM) can outperform previous state-of-the-
art methods [71]. Nevertheless, both augmentation-based
methods and carefully hyperparameter tuned ERM assume
adequate labeled data from multiple domains available for
representation learning.

As manually labeled data can be costly or unavailable
while unlabeled data are far more accessible, we study a
novel generalization problem called unsupervised domain
LCI]CI'dllZdlIOn (UDG). UDG aims to unsupervised learn dis-
presentations that generalize well across do-
mains and thus reduce the dependence of DG methods on
labeled data. Specifically, models are trained with unla-
beled heterogeneous data before finetuned and evaluated on
labeled data, so that methods for UDG can be easily assem-
bled with current DG methods as pretraining and study how
pre-training affects models’ generalization ability.

cri v

In the field of unsupervised learning [27, 50, 65], con-
trastive learning (CL) advances in discriminative represen-

Zhang, X., Zhou, L., Xu, R, Cui, P, Shen, Z, & Liu, H. (2022). Towards unsupervised domain generalization. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 4910-4920).
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B Towards unsupervised domain generalization

w(D X 1) Domain
Prediction loss

Domain label
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B Towards unsupervised domain generalization
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Towards unsupervised domain generalization

<+ DomainNet CI[O|E{AllG]| CHSt Al

Z1}— All correlated case

« S6/HK| hi2lo= SLME HIO]EA
> 8k& QL painting, real-photo, sketch
> HIAE QL clipart, infograph, quickdraw

clipart

real-photo

DOBERMAN - PADRAO DA RACA

‘ivnfograbh

Label Fraction 1% ‘

Label Fraction 5%

method ‘ Clipart Infograph  Quickdraw | Overall — Avg. ‘ Clipart Infograph  Quickdraw | Overall  Avg.
MoCo V2 [5,23] | 18.85 10.57 6.32 10.05  11.92 | 28.13 13.79 9.67 1456  17.20
SimCLR V2 [7] 23.51 15.42 5.29 11.80  14.74 | 34.03 17.17 10.88 17.32  20.69
BYOL [20] 6.21 3.48 4.27 4.45 4.65 9.60 5.09 6.02 6.49 6.90
AdCo [29] 16.16 12.26 5.65 9.57 11.36 | 30.77 18.65 7.75 15.44 19.06
ERM 6.54 2.96 5.00 4.75 4.83 10.21 7.08 5.34 6.81 7.54
DARLING (ours) ‘ 18.53 10.62 12.65 ‘ 13.29 1393 ‘ 39.32 19.09 10.50 | 18.73  22.97
| Label Fraction 10% | Label Fraction 100%
method ‘ Clipart Infograph  Quickdraw ‘ Overall  Avg. ‘ Clipart Infograph  Quickdraw | Overall  Avg.
MoCo V2 32.46 18.54 8.05 1592 19.69 | 64.18 27.44 25.26 3376 38.96
SimCLR V2 37.11 19.87 12.33 19.45 2310 | 68.72 27.60 30.56 3747 4229
BYOL 14.55 8.71 5.95 8.46 9.74 | 5444 23.70 20.42 28.23  32.86
AdCo 32.25 17.96 11.56 17.53 2059 | 62.84 26.69 26.26 33.80  38.60
ERM 15.10 9.39 7.11 9.36 10.53 | 52.79 23.72 19.05 27.19  31.85
DARLING (ours) | 35.15 20.88 15.69 21.08 2391 | 72.79 32.01 33.75 41.19  46.18

Data Mining
Quality Analytics

g e %
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"o
sketch

quickdraw

« Backbone: ResNet-18

« Learning rate: 0.03

- Batch size: 1024

« Epochs: 1000(pt), 30(ft)
« Augmentation: MoCo V2
« Temperature: MoCo V2




B Towards unsupervised domain generalization

«» DomainNet Cl|O|E{410]| CHet &led 21t — Domain correlated case
*  Pre-training ITH|Q! & fine-tuning =0|2!: {painting, real-photo, sketch}
*  Pre-training 2tiA S5 (407 == 1007H) N fine-tuning 22HA S5 (207H) = ¢
« LC}= ZehA ZHtransfer0| M= unsupervised pretraining0| 22l

« Domain-invariant 21 > G 2 £H|Q] AU M=2 Hol

| Pretraining with data from 40 categories | Pretraining with data from 100 categories
method Clipart Infograph Quickdraw | Overall Avg. | Clipart Infograph Quickdraw | Overall Avg.
MoCo V2 712.84 33.40 34.20 41.19  46.82 | 77.03 37.68 35.25 4371  49.98
SimCLR V2 715.58 35.52 37.08 43.83  49.39 | 79.70 38.88 38.89 46.50  52.49
BYOL 58.39 23.99 28.56 32.87 3698 | 58.27 2414 27.83 3249 36.75
AdCo 76.61 31.55 33.42 4096  47.19 | 75.19 3376 38.51 43.77  49.15
ERM 55.78 22.40 25.75 30.43 3464 | 5578 22.40 25.75 3043 34.64
DARLING (ours) | 78.40 33.98 39.87 | 4420 50.75 | 82.28 40.60 47.68 | 52.19  56.85
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B Towards unsupervised domain generalization

«» CIFAR Cl|O]E{Al0]] ot Mgl it — Uncorrelated case

Pre-training2} fine-tuning2| =M|Q1 2! SeiA= ME BXIX| U2
> Pre-training: CIFAR-100-C, (Elastic, fog, impulse noise, motion blur)
> Fine-tuning: CIFAR-10-C, (Contrast, frost, glass blur, blur, shot noise)

2l ettt 7+ 01242 A& MIBIO|IM = pretraining 2 domain-invariant learning 2242
X ohe2 SATL XX Y= JE0M L= | el

> Label propagation 7FH0]| LfX| 42 Atst

method Brightness Defocus Blur Gaussian Noise Snow | Avg.
MoCo V2 77.13 75.88 75.18 72.27 | 75.12
SimCLR V2 78.54 77.60 75.92 72.68 | 76.19
BYOL 58.10 57.07 56.31 53.96 | 56.36
AdCo 75.63 77.32 78.84 72.25 | 76.01
ERM 36.53 34.61 33.49 32.98 | 34.40
DARLING (ours) 80.28 77.74 79.65 77.76 | 78.86
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B Unsupervised domain generalization (UDG)

< DisMAE: Disentangling masked autoencoders for unsupervised domain generalization (ECCV, 2024)
 Masked autoencoderE 7|99 2 domain-invariant 3 sk&2 oh= BHHE

« Disentanglement principle: domain-invariant (E£= semantic)2t domain-specific (EE= variation)= 22|

Disentangling Masked Autoencoders for
Unsupervised Domain Generalization

An Zhang! [J[]©, Han Wang?* |5, Xiang Wang’®, and Tat-Seng Chua!

! National University of Singapore

2 Zhejiang University L q OI E 7" I- | I---"E
* University of Science and Technology of China L, - H © © O x X x =

anzhang@u.nus.edu, hwang1024@126.com
xiangwangl12230gmail.com, dcscts@nus.edu.sg

- Domain-invariant

Abstract. Domain Generalization (DG), designed to enhance out-of-
distribution (OOD) generalization, is all about learning invariance against
domain shifts utilizing sufficient supervision signals. Yet, the scarcity of
such labeled data has led to the rise of unsupervised domain generalization - . °

{(UDG) — amore important yet challenging task in that models are trained D 1 sentanglement

across diverse domains in an unsupervised manner and eventually tested N N N R N N R N R BN NN R NN N R S N M
on unseen domains. UDG is fast gaining attention but is still far from
well-studied.

To close the research gap, we propose a novel learning framework designed
for UDG, termed the Disentangled Masked AutoEncoder (DisMAE),
aiming to discover the disentangled representations that faithfully reveal
the intrinsic features and superficial variations without access to the
class label. At its core is the distillation of domain-invariant semantic
features, which can not be distinguished by domain classifier, while
filtering out the domain-specific variations (for example, color schemes
and texture patterns) that are unstable and redundant. Notably, DisMAE
co-trains the asymmetric dual-branch architecture with semantic and
lightweight variation encoders, offering dynamic data manipulation and
representation level augmentation capabilities. Extensive experiments
on four benchmark datasets (i.e. DomainNet, PACS, VLCS, Colored
MNIST) with both DG and UDG tasks demonstrate that DisMAE can
achieve competitive OOD performance compared with the state-of-the-art
DG and UDG baselines, which shed light on potential rescarch line in
improving the generalization ability with large-scale unlabeled data. Our
codes are available at https://github.com/rookiehb/DisMAE!

i &, O|0|X| AEtY S
ZOLX[2t 2t gl "
- Domain-specific

Data Mining

.% Quali Ty /\ﬂO|y tics Zhang, A., Wang, H, Wang, X, & Chua, T. S. (2024, September). Disentangling Masked Autoencoders for Unsupervised Domain Generalization. In European Conference on Computer Vision (pp. 126-151). Cham: Springer Nature Switzerland.
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Jl Disentangling masked autoencoders for UDG
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Jl Disentangling masked autoencoders for UDG
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Jl Disentangling masked autoencoders for UDG
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Jl Disentangling masked autoencoders for UDG
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Jl Disentangling masked autoencoders for UDG
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Ty e,
>

-
%, ”?
b

< DomainNet CI[O|E{Al0]| CHot A A1} — All correlated case

5
o = 67I_x| EI]'”OIO ?.A'lEI E"OIE'IA-“ real—photo sketch
S 21O T 1gF A
» sk5 |21 painting, real-photo, sketch g
> HAE TH[QL: clipart, infograph, quickdraw "
clipart infograph quickdraw
|Label Fraction 1% (Linear eva]uation)|Label Fraction 5% (Linear evaluation)
Methods |Clip Info Quick|0veral] Avg. |Clip Info Quick|0vera11 Ave.
ERM |44] 9.38 9.70 6.64 8.04 8.57 11.27 858 6.90 8.25 8.92
MoCo V214] 9.76 6.53 5.24 6.51 7.18 11.44 920 4.95 7.42 8.53
BYOL [20] 1793 8.03 5.05 8.47 10.34 24.26 8.88 4.66 9.78 12.60
MAE |23] 19.69 885 12.49| 12.96 13.68 20.12 8.88 13.71 | 15.52 17.24
DARLING [60] |13.77 6.33 7.24 8.41 9.18 19.02 8.49 9.59 11.19 12.36 Default hyperparameters
CycleMAE [53] |11.68 6.82 8.06 8.46 8.85 22.06 10.46 12.07 | 13.66 14.86 - -
' MoCo V2 Ir=5e-4, BS=96, WD=0.05, K=65536, m=0.999, T=0.07
DisMAE (Ours)|24.55 0.18 11.75 | 13.64 15.16  [31.70 10.14 19.06| 19.19 20.30 BYOL  Ir 5e4. BS 64 WD 0.05 m0.996
| Label Fraction 10% (Full finetuning) | Label Fraction 100% (Full finetuning) MAE Ir=1e-3, BS=96, WD=0.00, mask ratio=0.75

DARLING Ir=bhe-4

, BS=96, WD=0.05,

K=65536, m=0.995, T=0.07

Methods | Clip Info Quick|Overall Avg. | Clip Info Quick|Overall Avg. CycleMAE Ir—7e-4. BS—96, WD—0.05. m—0.999, o — 2, § = 1
ERM [44] 2757 13.32 8.29 13.60 16.39 48.61 18.37 20.06 | 25.38 29.01
MoCo V2]14] |26.51 11.68 10.62 | 14.12 16.27 57.16 16.44 29.40 | 31.50 34.33
BYOL [20] 31.33 11.55 9.51 14.48 17.46 56.62 12.77 26.90 | 29.08 32.10
MAE |23] 41.76 12.91 18.98 | 21.94 24.55 63.90 19.34 33.00 | 35.54 38.75
DARLING [60] |30.68 11.66 13.93 | 16.69 18.75 55.20 17.04 33.30 | 33.22 35.18
CycleMAE [53] |33.84 12.06 1541 | 18.23 20.43 56.10 19.15 28.60 | 31.60 34.62
DisMAE (OUI‘S)|49.06 15.82 22.68 | 26.16 29.19 72.99 23.40 38.20| 41.22 44.86
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* Supervised learning M|E0f|A] DG HHES1 ] A
 DisMAE AIMSES B LX0|A F7PHC 2 classification headE SAI0]| AK2 (end-to-end &k5)
> HA A B = S QX+ EHO! BZ LS QX+ ZHA B2 M OF}

o Label HEE &35t 24 9= AISI0|| A= semantic} variationS 22|52 = sk& giAl0| &2l

Methods C L S V | Avg.
Sﬂ.‘ ERM [44] 95.47 65.74 T6.83 T7.07 | T8.T8
- [+] % MMD |29 94.61 65.85 73.70 T77.26|77.86
5] fﬁ GroupDRO [40] |95.49 65.80 76.28 77.37|78.74
. E; IRM |5]| 96.26 65.30 73.25 76.01|77.71
‘ E 5] Mixup |52] 95.38 65.74 T76.83 T77.07|78.76
VREx |27 96.94 63.67 73.34 76.10|77.51
L ﬁ'jj fi Fishr [39 96.17 65.19 74.77 78.06 | 78.55
F,j uﬂ DDG [58 96.97 64.21 T1.76 T6.58 | 77.38
o 7 E RIDG [10 96.64 66.16 T7.57 76.68 | 7926
g #Z DisMAE (Ours)|97.35 66.96 77.10 80.12|80.38

7

.Q:Q. 8?(;7] tf\ji/r\wr\’]r:]gly fics Gulrajani, I, & Lopez-Paz, D. (2020). In search of lost domain generalization. arXiv preprint arXiv:2007.01434.




Jl Disentangling masked autoencoders for UDG

.‘k

% Semantic S24} variation S&0| Z 22| &|U=X] A|7_P£1
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Semantic encoder? =H|Q1 & (0|0|X] AEIY S)E

> EMQIS &S 4 G| TEF 2 =M, 0|01X[Q] invariant 2450l EiSolH EE F&

Variation encoder/t M|l MHE & ZAISII USS L

Domain-invariant Semantics

Domain-specific Variations

Common semantic: Common semantic: Common semantic:

N ) 4 . e ] o e

Similar variation:
“blue-green color block” “black-and-white Sketch” “claybank in Real & Painting”

Similar variation: Similar variation:

Semantic latent vectors

Variation latent vectors
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% A O[0|X|2t HTEE O[0|XIS Al2tst |
*  Colored MNIST & Ttz=gt O|0]X|0f|A}= O|O|X| AEHY HHE XHHLF0| H El= WS 2lolet
- QI ZHEE X[0|7} alofALE SeiAV| L2 FR0ll= oAIE BY

O

4
ojo

rok

Semantics Variations Semantics Variations

Reconstructed Original

Reconstructed Original
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Conclusion

% Summary

« Domain generalization2 ol Z5}7| oA HEX S Z domain-invariant M2 E st&

>

*  Labeled datasetO] Z25tX| 242 Z<R0l= unlabeled dataset2 &83t0{ domain-invariant 2312 &t

Unlabeled dataset

Labeled dataset

---------------------------------------------------

= ’ D .
oy e e
- i el _} -------
IHADFUNIONCE [ KO
g oA oRs 0 T T
imwnsee | X
HORRIBIESN

« Contrastive learning®lA domain MEE HtH3S negative sample €&

- Masked autoencoder@t disentanglement 792 &&
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