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Cross-domain knowledge generalization method introducing
causal discovery learning
LI Shanshan'?, ZHAO Qingjie?, ZHU Wenlong', RUAN lJinjia®, YU Tiejun',

MA Shaohui', SUN Baosheng'
(1. Beijing Jinghang Research Institute of Computing and Communication, Beijing 100074, China; 2. School of Computer Science
and Technology, Beijing Institute of Technology, Beijing 100081, China; 3. China Waterborne Transport Research Institute, Beijing
100088, China)

Abstract: Domain generalization aims to generalize knowledge from multiple known domains to unknown target do-
mains. However, existing models are easily affected by high-dimensional noise when extracting image features, which
causes the unstable relationship between the extracted image features and labels. Thus, inspired by the cross-domain in-
variant causal mechanism, we propose a cross-domain knowledge generalization method introducing causal discovery
learning. Specifically, we extract the low-dimensional latent features of the image to retain the basic information of the
image. Meanwhile, we perform variational inference on the low-dimensional latent features to achieve mutual independ-
ence of latent feature variables. We reconstruct the causal directed acyclic graphs (DAG) between latent feature vari-
ables and category labels to discover the latent feature variables that have stable causal structures with category labels.
We introduce a counterfactual contrastive regularization term, which exploits counterfactual variance and invariance
during data generation to make causal inference and generate causal invariant representations. To verify the proposed
method, we conducted tests on five datasets under the DomainBed framework and four datasets under the SWAD frame-
work. Experiments show that compared with existing methods, our domain generalization model has greater improve-
ments in performance and adaptability.

Keywords: transfer learning; domain generalization; image classification; causality; causal representation learning; vari-

ational inference; causal discovery; counterfactual contrastive
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Fig. 1 Structural causal model of image generation process
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Fig.2 Cross-domain knowledge generalization model introducing causal discovery learning
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PACS BG4 45 9 991 sk & H, 3L 7 42
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4 M43 1100, L38, L43 . L46, HA5 24 788 5K &l
R AP ATTE 10250 5 g . R &S
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Table 2 Hyperparameters and default values for each

dataset

B 54 THRAH
2] H 0.000 05

PACS/VLCS/ HFh 0

Terralncognita/ W 0

DomainNet KL T 0

o] H 0.001
Rotated MNIST LR 64
ES 0

SWAD HE Z8 i+ 8 & A~ 38 19 38 4F (out-of-do-
main) 73 25 HEH R AR RS2, RIVB 7R A 1 535
bri ]| 2 S g 11 S0 3 2o N1 AN BT B v
Al
22 ZWHER

2 3 #24L T DomainBed fEZ2 T “iI| Zk 15, 56 iiF
MRS TE 7 DR 5 B ER O R R
P UHERG R, 36 4 D2 1 78 Il 4 ik 45 3
SR A SE SR A5 R, K S 4R T SWAD HEAQL R 54>
B S 0 R oy 2 eI R 5 341

&3 UIZEEHE £ NIRRT DomainBed HEZR LI 45 R
Table3 Experimental results on DomainBed framework under “Training-domain validation set” test strategy
=R7R RotatedMNIST VLCS PACS Terralncognita DomainNet FHIE

IRM!" 97.740.1 78.540.5 83.5+0.8 47.6+0.8 33.9+2.8 68.2
ERM™ 98.0+0.0 77.5+0.4 85.5+0.2 46.1+1.8 40.9+0.1 69.6
RSCEH 97.6+0.1 77.1£0.5 85.2+0.9 46.6+1.0 38.9+0.5 69.1
SagNet!? 98.0£0.0 77.840.5 86.3+0.2 48.6+1.0 40.34£0.1 70.2
AND-mask*! 97.6+0.1 78.1£0.9 84.4+0.9 44.6+0.3 37.2+0.6 68.4
SAND-mask?*! 97.4+0.1 77.4+0.2 84.6+0.9 42.9+1.7 32.1£0.6 66.9
Fish®® 98.0£0.0 77.840.3 85.5+0.3 45.1¢1.3 42.7+0.2 69.8
Fishr?® 97.8+0.0 77.8+£0.3 85.5+0.4 47.4+1.6 41.7+0.0 70.0
RIDG™" — 77.8+£0.4 84.7+0.2 47.8+1.1 41.9+0.3 —
RICTTH: 98.1::0.0 79.2+0.2 86.1+0.0 51.4+1.4 41.3+0.3 71.2
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Table 4 Experimental results on DomainBed framework under “Test-domain validation set” test strategy

KER7S RotatedMNIST VLCS PACS Terralncognita DomainNet RRL(EN
IRM!M 97.5+0.2 76.9+0.6 84.5+1.1 50.5+0.7 28.0+5.1 67.5
ERM™ 97.840.1 77.6+0.3 86.7+0.3 53.0£0.3 41.3£0.1 71.3
RSCEY 97.6+0.1 77.840.6 86.2+0.5 52.1£0.2 38.9+0.6 70.5

SagNet!? 97.9+0.0 77.6£0.1 86.4+0.4 52.5+0.4 40.840.2 71.0
AND-mask* 97.5+0.0 76.4+0.4 86.4+0.4 49.840.4 37.9+0.6 69.6
SAND-mask 97.4+0.1 76.2+0.5 85.9+0.4 50.2+0.1 32.240.6 68.4
Fish®® 97.9+0.1 77.8+0.6 85.8+0.6 50.8+0.4 43.4+0.3 71.1
Fishr!?%] 97.8+0.1 78.2+0.2 86.9+0.2 53.6+0.4 41.8+0.2 71.7
A5 98.3+0.0 80.4:0.7 87.1£0.1 53.6+0.5 41.240.1 72.1

T R A BRI 4h
K5 ESWADERLEILBHER
Table 5 Experimental results on SWAD framework

Ak PACS VLCS Terralncognita DomainNet FEE

ERM™ 84.2 77.3 47.8 44.0 63.3
SAGM™ 86.6 80.0 48.8 45.0 65.1
DCAug?” 86.1 78.9 48.7 43.7 64.4
ARICT5 i 87.9 80.5 50.4 44.8 65.9
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Table 6 Experimental results on Roated MINIST dataset

S Ak 0° 15° 30° 45° 60° 75° FEE
IRM!! 95.5£0.1  98.8+0.2  98.7+0.1  98.6+0.1  98.7+0.0  95.9+0.2 97.7
ERM™) 95.9+0.1  98.9+0.0  98.8+0.0  98.9+0.0  98.9+0.0  96.4+0.0 98.0
RSCPY 94.8+0.5  98.7+0.1  98.8+0.1  98.8+0.0  98.9+0.1  95.9+0.2 97.6
SagNet*? 959403  98.9+0.1  99.0£0.1  99.1+0.0  99.0£0.1  96.3+0.1 98.0

NGRS
AND-mask™  959:04  99.0+0.1  98.8+0.1  98.9+0.1  99.1x0.1  96.7+0.2 98.1

SAND-mask* 95.5+0.2 99.0+0.0 98.7+0.2 98.8+0.1 98.8+0.0 96.4+0.0 97.9

Fishr 95.4+0.1  98.6+0.1  98.6£0.1  98.9+0.0  98.8+0.1 954403 97.6
AR5 96.0£0.1  98.9+0.0  99.1+0.1  99.1+0.0  98.9+0.1  96.7+0.3 98.1
IRM™! 94.9+0.6  98.7£0.2  98.6+0.1  98.6+0.2  98.7£0.1  952+0.3 97.5
ERM[ 953+0.2  98.7+0.1  98.9+0.1  98.7+0.2  98.9+0.0  96.2+0.2 97.8
RSCP! 95.4+0.1  98.6+0.1  98.6£0.1  98.9+0.0  98.8+0.1  95.4+0.3 97.6
SagNet™! 95.9£0.1  99.0£0.1  98.9+0.1  98.6+0.1  98.8+0.1  96.3%0.1 97.9

ISR E AR
AND-mask! 94.9+0.1 98.8+0.1 98.8+0.1 98.7+0.2 98.6+0.2 95.5+0.2 97.5

SAND-mask®!  94.7£0.2  98.5+0.2  98.6+0.1  98.6£0.1  98.5+0.1  95.2+0.1 97.4
Fishr29! 95.840.1  98.3+0.1  98.8+0.1  98.6+0.3  98.7+0.1  96.5+0.1 97.8
ASCTTIE 96.3:0.1  99.0£0.0  99.2+0.1  99.2+0.0  99.0+£0.0  96.8+0.3 98.3

T IR Z IR L4,

®7 EVLCSHIFEHELEMIHWER
Table 7 Experimental results on VLCS dataset

A S ER7S C L S % -4 1H
IRM[™! 98.6+0.3 66.0£1.1 69.3+0.9 71.5+1.9 76.3
ERM[ 98.0+0.4 62.6+0.9 70.8+1.9 77.5+1.9 77.2
RSCP! 97.5+0.6 63.1+1.2 73.0+1.3 76.2+0.5 77.5
SagNet™! 97.3+£0.4 61.6+0.8 73.4+1.9 77.6+0.4 77.5
PIEST NS
AND-mask>! 97.8+0.4 64.3+1.2 73.5+0.7 76.8+2.6 78.1
SAND-mask>¥ 98.5+0.3 63.6+0.9 70.4+0.8 77.1+0.8 77.4
Fishr?® 98.9+0.3 64.0+0.5 71.5+0.2 76.8+0.7 77.8
KSR 98.3+0.6 67.8+0.2 73.7+0.3 77.1+0.8 79.2
IRM™! 97.3+0.2 66.7+0.1 71.042.3 72.8+0.4 76.9
ERMP 97.6+0.3 67.9+0.7 70.9+0.2 74.0+0.6 77.6
RSCP! 98.0+0.4 67.2+0.3 70.3+1.3 75.6+0.4 77.8
SagNet?! 97.4+0.3 66.4+0.4 71.6+0.1 75.0+0.8 77.6
DI ok 4
AND-mask®! 98.3£0.3 64.5+0.2 69.3+1.3 73.4+1.3 76.4
SAND-mask¥ 97.6+0.3 64.5+0.6 69.7+0.6 73.0£1.2 76.2
Fishr?® 97.6+0.7 67.3+0.5 72.2+0.9 75.7+0.3 78.2
KI5k 98.9+0.4 69.0+0.6 75.8+1.0 78.2+1.4 80.4

TE: IR R iR 4
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Table 8 Experimental results on PACS dataset

WS ER7S A C P S V1A,
IRM™! 84.8+1.3 76.4+1.1 96.7+0.6 76.1+1.0 83.5
ERMP 84.7+0.4 80.8+0.6 97.2+0.3 79.3+1.0 85.5
RSCP! 85.4+0.8 79.7+1.8 97.6+0.3 78.2+1.2 85.2
SagNet??! 87.4+1.0 80.7+0.6 97.1£0.1 80.0:£0.4 86.3
PIIEZ ST vafie S
AND-mask” 85.3+1.4 79.242.0 96.9+0.4 76.2+1.4 84.4
SAND-mask¥ 85.8+1.7 79.2+0.8 96.3+0.2 76.9£2.0 84.6
Fishr? 88.4:0.2 78.7+0.7 97.00.1 77.8+2.0 85.5
KI5k 84.8+1.0 83.0:+0.3 96.4+0.8 79.9+1.8 86.1
IRM™! 84.2+0.9 79.7+1.5 95.9+0.4 78.342.1 84.5
ERMP 86.5+1.0 81.3+0.6 96.2+0.3 82.7+1.1 86.7
RSCP! 86.0+0.7 81.8+0.9 96.8+0.7 80.4+0.5 86.2
SagNet?! 87.4+0.5 81.2+1.2 96.3+0.8 80.7+1.1 86.4
MR
AND-mask>! 86.4+1.1 80.8+0.9 97.1+0.2 81.3+1.1 86.4
SAND-mask>¥ 86.1+0.6 80.3+1.0 97.1+0.3 80.0+1.3 85.9
Fishr?®) 87.9+0.6 80.8+0.5 97.9+0.4 81.1+0.8 86.9
A5k 85.7+0.3 83.2+0.7 97.3+0.2 82.2+0.2 87.1

TE: IR R iR 4
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Table 9 Experimental results on Terralncognita dataset

ISR e AP L100 L38 L43 L46 FEEE
IRM™! 54.6+1.3 39.8+1.9 56.2+1.8 39.6+0.8 47.6
ERMP 49.8+4 .4 42.1+1.4 56.9+1.8 35.7+3.9 46.1
RSCP! 50.2+2.2 39.2+1.4 56.3+1.4 40.8+0.6 46.6
SagNet??! 53.042.9 43.0+2.5 57.9+0.6 40.4+1.3 48.6
YRR UELR
AND-mask®! 50.0+2.9 40.2+0.8 53.3+0.7 34.8+1.9 44.6
SAND-mask>* 45.7+2.9 31.6+4.7 55.1+1.0 39.0+1.8 429
Fishr? 50.2+3.9 43.9+0.8 55.7+2.2 39.8+1.0 47.4
KI5k 57.3+3.0 49.5+0.9 57.0+1.4 41.8+0.5 51.4
IRM[™! 56.5+2.5 49.8+1.5 57.1£2.2 38.6+1.0 50.5
ERMP 59.4+0.9 49.3+0.6 60.1+1.1 43.240.5 53.0
RSCP! 59.9+1.4 46.7+0.4 57.8+0.5 44.3+0.6 52.1
SagNet™?! 56.4+1.9 50.5+2.3 59.1+0.5 44.140.6 52.5
bFEe AN
AND-mask! 54.7+1.8 48.4+0.5 55.1+0.5 41.3+0.6 49.8
SAND-mask¥ 56.2+1.8 46.3+0.3 55.8+0.4 42.6+1.2 50.2
Fishr?® 60.4+0.9 50.3+0.3 58.8+0.5 44.9+0.5 53.6
KI5k 64.0+0.8 49.5+0.9 58.0+0.7 42.7£1.1 53.6

T M 2R I R L 4G
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Table 10 Experimental results on DomainNet dataset

N Ew s ER7S clipart infograph painting quickdraw real sketch - H4{H
IRM! 32.1+£13.3 11.0£4.6  26.8+11.3 8.7+2.1 32.7€13.8  28.9+11.9 234
ERM™ 43.8+1.3 14.840.3 38.240.6 9.0+0.3 47.0+1.1 39.9+0.6 32.1
RSCEH 57.940.5 18.5+0.4 46.0+0.1 12.5+0.1 59.5+0.3 49.2+0.1 40.6
T 8 SagNet??! 58.1+£0.3 18.8+£0.3 46.7+0.3 12.2+0.4 59.6+0.1 49.8+0.4 40.9
AND-mask™®! 59.1+0.2 19.1+0.3 45.84+0.7 13.4+0.3 59.6+0.2 50.24+0.4 41.2
SAND-mask?*! 59.2+40.1 19.7+0.2 46.6+0.3 13.4+£0.4 59.8+0.2 50.1+0.6 41.5
Fishr?® 58.2+0.5 20.2+0.2 47.7+0.3 12.740.2 60.3+0.2 50.8+0.1 41.7
A5k 59.740.4  193+0.0 463404  14.7x1.1  57.840.0  50.2+1.3 41.3
IRM! 32.2+13.3 112445  26.8+11.3 8.8+2.2 32.7£13.8  29.0+11.8 23.5
ERM™ 40.4+6.6 12.1£2.7 31.4+5.7 9.8+1.2 37.7£9.0 36.7£5.3 28.0
RSCPH 57.7£0.3 19.1+0.1 46.3+0.5 13.5+£0.4 58.9+0.4 49.54+0.2 40.8
ST SagNet!* 58.6+0.3 19.2+0.2 47.0+0.3 13.240.2 59.9+0.3 49.8+0.4 41.3
AND-mask™! 59.3+0.1 19.6+0.2 46.8+0.2 13.4+0.2 60.1+£0.4 50.4+0.3 41.6
SAND-mask" 59.2+40.1 19.9+0.2 47.44+0.2 14.0+£0.4 59.8+0.2 50.440.4 41.8
Fishr!? 58.3+0.5 20.2+0.2 47.9+0.2 13.6+0.3 60.5+0.3 50.5+0.3 41.8
RITT Ik 59.240.1  19.3+0.0  46.0+1.5  14.6x1.1  57.6£0.1  50.5£1.3 412
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Table 11 Ablation experimental results on PACS dataset

MR Rk M, M, Mpg Mx A C P S RRfIEN

Model I N — — —  835+0.1  78.9+0.5  95.7+03  782+0.6 84.1

Model II v v — — 83807  81.5%0.1  96.0£02  78.6+1.2 85.0

P ModelTII ~ — \ —  83.6+02  81.9+1.0  96.0£0.2  78.9+0.8 85.1
Model IV \/ \ —  842+1.1 822404 963404  79.0+0.5 85.4

Model V N — \ \ 84.6+0.8  83.1x0.2  96.3£0.1  79.2+0.9 85.8

Ao A \ \ \ 84.8+1.0  83.0£0.3  96.4£0.2  79.9+1.8 86.1

Model I N — — — 839404  78.040.6  953+02  78.3+0.1 83.9

Model II v v — —  84.5:0.6  80.2+04  96.0+02  79.5+0.5 85.1

T ModelTII ~ — \ —  84.6x0.1  81.3x0.5 972400  81.2+0.8 86.1
Model IV \/ \ —  84.8+0.8  81.8+0.1  97.0+04  81.3£0.0 86.2

Model V N — \ \ 85.2+0.3  82.9+02  97.1+0.1  82.0+0.7 86.8

AIE A v \ J 85.7£0.3  83.2+0.7  97.330.2  82.2+0.2 87.1
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Fig.3 Class activation mapping on PACS dataset
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