A Details of Experimental Setup

A.1 Code

Code is available at https://github.com/matsuolab/T3A.

A.2 Total amount of compute

We run our experiments mainly on cloud V100x4 or A100x8 instances, depending on the memory usage of
the backbone networks. We used approximately 1500 hours for the v100x4 instances and 400 hours for the
al00x8 instances. Note that the computational time was mainly consumed to reproduce prior results (training
base models with ERM and CORAL). Our method only has negligible computational overhead, as mentioned in
Section 3.2.

A.3 License of assets

Datasets VLCS is a combination of 4 datasets: Caltech101 (unspecified), PASCAL VOC (Flicks terms of
use), LabelME (unspecified) and SUN09 (unspecified). PACS is a combination of several sources: Caltech256
(unspecified), Sketchy (Apache-2.0 for the download script, dataset unspecified), TU-Berlin (CC BY 4.0) and
Google Images (unspecified). OfficeHome (non-commercial research and educational purposes). Terralncognita
(CDLA-Permissive-1.0).

Codes DomainBed (MIT License), torch—vision for ResNet18 and ResNet50 (Apache-2.0), the official

repository of Big Transfer (Apache-2.0), t imm for Vision Transformer and MLP-Mixer (Apache-2.0), and the
official repository of Tent (MIT License).

A.4 Hyperparameters

Following [52], we conduct a random search of 20 trials over a joint distribution of all hyperparameters. Namely,
for both ERM and CORAL, learning rate is selected from 1QUniform(-5.35) patch size is selected from gUniform(3, 5.5)
dropout rate is selected from [0, 0.1, 0.5], and weight decay is selected from 10V"iorm<6.-2),

A.5 Trial seeds

For the results of Table 1 and Figure 2, we used three seeds {0, 1,2} in DomainNet library, which is the same
with the original paper. For the results of Table 2 we used three seeds {10, 11, 12} as well.

B Full Results

This section contains the full results of the entire experiment—for example, Appendix B.1 shows the full results
of Table 1 per dataset and domain. Please refer to the main text for the detailed notation of each chart.

B.1 Full Results for Table 1
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https://github.com/matsuolab/T3A

Algorithm C L S A% Avg
ERM 97.7+£04 6434+09 734+£05 746+13 775
IRM 98.6+01 6494+09 734+£06 7734+£09 785
GroupDRO 9734+03 634+09 695+08 767+0.7 76.7
Mixup 983+06 648+1.0 721+£05 7434+08 774
MLDG 974+02 652+0.7 71014 753+1.0 772
CORAL 983+01 661+12 734+£03 775+12 788
MMD 97.7+01 640+1.1 728+02 753+33 775
DANN 9.0+£03 651414 73103 7724+0.6 78.6
CDANN 97.1+£03 6514+12 70708 771415 775
MTL 97.8 04 643+03 71507 753417 772
SagNet 979+04 6454+05 714+13 7754+£05 77.8
ARM 98.7+02 63.6+0.7 71312 767+0.6 77.6
VREXx 984+03 644+14 741+£04 7624+13 783
RSC 979+0.1 625+0.7 723+£12 756+0.8 77.1
ERM** 97.7+01 641408 72509 767405 77.7
+T3A 9.1+04 675+0.6 768+12 766+03 80.0
+Tent-BN 833+£20 60702 61.7x1.1 672+£08 682
+Tent-C 978 +0.2 643+1.0 683+08 7754+0.2 77.0
CORAL** 97.6 £02 651+0.8 73710 780402 78.6
+T3A 989 +0.2 671+10 752+13 769+06 79.5
+Tent-BN 87.1+£03 604+17 67.8+0.7 703+£06 714
+Tent-C 974+£02 647+1.0 721+£07 783+0.2 78.1
Table 4: Full results for Table 1 on VLCS.
Algorithm A C P S Avg
ERM 84.7+04 808+06 972+03 793+1.0 855
IRM 848 +13 764+11 96706 761410 83.5
GroupDRO 83.54+09 79.1+£0.6 96.7+£03 783+2.0 844
Mixup 86.1 £0.5 789408 97.6+0.1 758+£18 84.6
MLDG 855+14 801+17 974+03 766+1.1 849
CORAL 883+02 800£05 9754+03 788+13 86.2
MMD 86.1 £14 7944+£09 96.6+02 765+£05 84.6
DANN 864 +08 774+08 973x+04 735+£23 836
CDANN 84.6+18 7554+£09 968+03 735£06 826
MTL 875+08 77.1+05 964+08 773+18 84.6
SagNet 874+£1.0 807406 97.1+£0.1 800k04 86.3
ARM 86.8 0.6 768+05 974+03 793+12 85.1
VREX 86.0£1.6 79106 969+05 77717 849
RSC 854+08 797+18 97.6+03 782+12 852
ERM** 85.0+08 779+20 97.1x+05 746+16 836
+T3A 863 +09 803+09 975+04 771+14 853
+Tent-BN 86.3+0.1 80.0+09 969+03 76.1+1.0 84.8
+Tent-C 849+£09 7824+22 97.1+£05 689435 823
CORAL** 86.6 £0.5 77010 97.6+0.1 757+£13 842
+T3A 877+06 789+0.6 97.8+0.1 78.1+0.8 85.6
+Tent-BN 879 +03 785+0.7 975+£01 782403 85.6
+Tent-C 87.3+£10 767+12 97601 733+2.6 83.7

Table 5: Full results for Table 1 on PACS.
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Algorithm A C P R Avg
ERM 61.3+£07 524403 758+£01 766+03 606.5
IRM 589+23 522416 721+£29 740425 64.3
GroupDRO 60.44+0.7 527£10 750x0.7 76.0+0.7 66.0
Mixup 624 +08 548+0.6 769+03 783+0.2 68.1
MLDG 615+09 532+06 75012 775+04 668
CORAL 653+04 5444+05 765+£01 784405 68.7
MMD 604+02 533+03 743+£01 774+£06 66.3
DANN 599+13 5304+£03 73.6L£07 769405 659
CDANN 61.5+14 504+24 744+£09 766+0.8 658
MTL 61.5+07 5244+06 749+£04 768+04 664
SagNet 634+02 548+04 758=+04 783+0.3 68.1
ARM 589+08 51.0+05 741+£01 752403 64.8
VREX 60.7+09 53.0+09 753+£01 766+05 664
RSC 607+14 514+£03 748+1.1 751+13 655
ERM** 598+£03 539405 751+£02 768405 664
+T3A 61601 56.0+03 77.3+0.2 782+03 68.3
+Tent-BN 62.1+04 551+05 746+00 762+06 67.0
+Tent-C 592+02 51.6+08 752+03 7674+03 657
CORAL** 643+04 5434+02 765+03 780+04 68.3
+T3A 642+03 56.1+02 781+01 78.6+03 69.2
+Tent-BN 656 +05 565+03 763+01 784403 69.2
+Tent-C 642+02 540+02 764+03 781+04 682
Table 6: Full results for Table 1 on OfficeHome.
Algorithm L100 L38 L43 L46 Avg
ERM 498 +44 421+14 569+1.8 357+39 46.1
IRM 546+13 398+19 562+18 396408 47.6
GroupDRO 41.24+0.7 38.6+2.1 567+£09 364421 432
Mixup 596 £20 4224+14 559+£08 339414 479
MLDG 542+30 4434+1.1 556+03 369422 47.7
CORAL 516+24 422+10 57010 398+29 476
MMD 419430 348+1.0 57019 352+18 422
DANN 511 +£35 406+06 574+05 377+18 46.7
CDANN 4704+19 413+48 549417 398+23 458
MTL 4934+12 39.6+£63 556=+1.1 37.8+08 456
SagNet 53.0£29 430425 579+£06 404+13 48.6
ARM 4934+0.7 383+24 558+08 387+13 455
VREx 4824+43 41713 568+08 38.7+31 464
RSC 502+22 392+14 563+14 4084+0.6 46.6
ERM** 504+24 4514+0.7 523+13 381405 46.5
+T3A 486 £2.1 45.7+11 521+15 415+15 47.0
+Tent-BN 531 +13 426+09 466+05 365+05 44.7
+Tent-C 51217 449405 504+£07 3554+£09 455
CORAL** 540+34 433+13 555+£14 394403 48.1
+T3A 4914+12 443 +11 546+07 41107 473
+Tent-BN 51008 442409 522+1.1 387406 46.5
+Tent-C 550+3.7 4214+0.6 555+16 3874+03 47.8

Table 7: Full results for Table 1 on Terralncognita.
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B.2 Full Results for Table 2

Table 8: Full results for Table 2 of resnet18.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 958+04 604+11 664+08 702+15 732 ERM 787413 743+£06 924+02 756+08 803
+T3C 992403 645+12 69.4+10 73.0+£19 765  +T3C 8041407 752+04 947+05 765+02 817
+Tent-BN 826 4+0.6 508+12 545417 573+15 613  +Ten-BN 78.8+0.8 763+04 928+03 739402 805
+Tent-C 96.1+£07 574421 651+1.1 674+21 715  +Tent-C 781418 743+06 925+03 750+10 80.0
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM 461+04 458403 650+03 660+03 557 ERM 416+3.1 360+30 51.0+£02 339+10 407
+T3C 470402 468+10 68.0+02 66.1+04 570  +T3C 48.6+25 41.0+19 447+07 318+09 416
+Tent-BN 465+ 0.1 446+04 62.1+04 625402 539  +Tent-BN 49.6+02 36.6+20 398+14 331+17 3938
+Tent-C 46.0+04 455+04 649+03 661+04 556  +Tent-C  43.9+33 345+33 488+12 327+17 400
Table 9: Full results for Table 2 of resnet50.
(a) VLCS (b) PACS
C L S \4 Avg A C P S Avg
ERM 976+0.1 634+05 693+16 720+15 755 ERM 848 +05 785406 96.1+02 762+1.1 839
+T3C 99.1+0.1 672+08 737+17 732+15 783  +T3C 86.0+:0.6 80.3+:09 964+02 752+15 845
+Tent-BN  87.6+£09 617+12 658+14 646+17 699  +Tent-BN 84.9+04 79.8+0.6 960+04 757407 84.1
+Tent-C 941432 648+05 670427 641+£22 725  +Tent-C = 73.5+63 737+40 960+04 751+1.6 79.6
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM 585404 507+10 733405 750+02 644 ERM 534441 390+18 520410 37.1+28 454
+T3C 602403 534+09 761+04 762+01 665  +T3C 527427 40.6+22 519412 385+28 459
+Tent-BN  595+02 525+12 723+0.1 73.9+02 646  +Tent-BN 541427 389+19 446409 361+1.6 434
+Tent-C 578406 49.1+21 73.1+06 749+03 637  +Tent-C 3814142 37.7+24 518413 353+29 407
Table 10: Full results for Table 2 of BiT-M-R50x3.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 932+£04 66.1+03 740+04 733412 767 ERM 820+ 17 823+£09 951+£04 781421 844
+T3C 975404 675409 772405 765+18 797  +T3C 831420 838+02 964+02 785+14 854
+Tent-BN 895408 66.1+08 692408 697+12 736  +Tent-BN 83.0-14 83.0+04 963+04 790412 853
+Tent-C 934407 609+45 600+67 722+1.6 716  +Tent-C = 833+18 814+12 952+04 778+21 844
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 143 L46 Avg
ERM 643+12 560+09 78.1+08 783+07 692 ERM 606+ 14 435+29 59.0+08 466+29 525
+T3C 658+12 595+14 809+10 805+08 717  +T3C 60.8+0.5 440+19 582+09 459+41 522
+Tent-BN  66.6+0.6 58.1+14 793+11 79.0+08 708  +Tent-BN 573405 43.9+1.6 541+07 466+26 505
+Tent-C 638+ 14 553+10 781408 785+08 689  +Tent-C  557+4.1 40.6+37 592+1.0 465+27 505
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Table 11: Full results for Table 2 of BiT-M-R101x3.

(a) VLCS (b) PACS
C L S \4 Avg A C P S Avg
ERM 934+14 627+14 713+07 726+13 750 ERM 81.1+0.1 83.0+08 940+05 77.7+15 840
+T3C 97.6+£07 659+15 75.6+08 754+14 786  +T3C 81.6+£01 83.9+08 952405 80.7+09 854
+Tent-BN  89.0+22 631+04 693+06 68.1+£09 724  +Tent-BN 827+0.7 841+04 949+04 81.2+08 857
+Tent-C 955+ 14 625415 653+19 717405 738  +Tent-C  81.5+04 793+19 889+41 744+36 810
(c) OfficeHome (d) Terralncognita
A c P R Avg L100 L38 L43 L46 Avg
ERM 597+12 554+11 787+02 769+02 677 ERM 545+42 399426 565+07 405+05 47.8
+T3C 613+12 582+1.0 81.2+03 789+02 699  +T3C 552438 413+24 558+10 40.1+15 481
+Tent-BN  621+12 574+1.1 799+04 77.6+00 692  +Tent-BN 541+23 412+16 546+04 414+03 478
+Tent-C 59.6+13 547411 787402 770+03 675  +Tent-C  49.6+3.9 382+32 559+07 40.1+06 460
Table 12: Full results for Table 2 of BiT-M-R152x2.
(a) VLCS (b) PACS
C L S \4 Avg A C P S Avg
ERM 956+1.0 660+10 733+14 718+07 767 ERM 803+ 14 822+11 958+06 82.6+02 852
+T3C 98.9+0.2 682+08 764+22 728+0.6 791  +T3C 819+13 837+11 963+05 83.6+04 864
+Tent-BN 926 +12 646+0.1 703+18 680+£09 739  +Tent-BN 81.6+14 829+08 956+05 82.8+04 857
+Tent-C 933+02 640405 741+14 703+23 754  +Tent-C  77.9+16 682+97 951+07 832+06 8.1
(c) OfficeHome (d) Terralncognita
A [ P R Avg L100 L38 L43 L46 Avg
ERM 632407 602+10 797406 822+03 713  ERM 573+ 14 493+ 15 588+05 40.1+25 514
+T3C 644+04 628+14 820+07 835+02 732  +T3C 573403 483417 57.7+12 402+2.0 509
+Tent-BN 647 £ 0.4 62.1+09 80.4+05 823+02 723  +Tent-BN 551407 47.1+19 554+04 412+18 497
+Tent-C 631406 594+12 797407 821+04 711  +Tent-C  31.6+93 485+13 582+0.1 40.7+33 4438
Table 13: Full results for Table 2 of ViT-B16.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 971405 654+12 766+07 778405 792  ERM 899407 863+04 992+0.1 672+0.1 857
+T3C 97.7+04 668+08 783+08 780+0.7 802  +T3C 90.1£0.7 867+05 99.3+0.1 67.9+03 860
+Tent-BN  93.1+£09 673+£0.6 726+08 759+04 772  +Tent-BN 89.8+0.6 864+0.5 993+0.1 692+09 862
+Tent-C~ 981+04 659+09 763+08 79.1+04 799  +Tent-C  90.8+0.8 86.5+04 99.3+0.1 67.1+0.1 859
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM 765406 627+02 869+0.1 87.6+£03 784  ERM 531419 260+10 503+06 37.9+06 418
+T3C 773408 63.1+£01 87.3+01 87.9+03 789  +T3C 52619 284+07 497+09 392+08 425
+Tent-BN  77.1+£0.7 633+0.1 87.0+02 877+0.2 788  +Tent-BN 480414 30.6+0.1 47.6+07 37.0+07 408
+Tent-C 763406 62.1+0.5 87.0+£01 87.7+03 783  +Tent-C  52.6+21 261+12 500+12 374406 415
Table 14: Full results for Table 2 of ViT-L16.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 977402 628+19 741+02 781+1.1 782 ERM 888+0.6 833+05 98.6+0.1 67.5+28 846
+T3C 984+01 635+21 753+02 788+11 790  +T3C 89.1£0.6 84.6+05 984402 69.7+29 855
+Tent-BN  945+03 654+13 694+02 760+08 763  +Tent-BN 89.4+0.6 853+03 985+0.1 703+2.0 859
+Tent-C~ 989+0.1 633+21 739+03 782+15 786  +Tent-C = 88.8+08 824404 983+0.1 67.0+3.1 841
(c) OfficeHome (d) Terralncognita
A c P R Avg L100 L38 L43 L46 Avg
ERM 772412 61.6+09 853+10 87.9+04 780 ERM 560+13 389427 40.7+80 352+1.6 427
+T3C 777+11 627+10 862+08 88.1+05 787  +T3C 565+ 1.1 40.6+28 483+0.8 359425 453
+Tent-BN  77.5+0.9 62.6+0.8 857+09 88.0+04 785  +Tent-BN 498+08 393+24 464+0.8 351+21 426
+Tent-C 756403 613+£09 852409 87.9+04 775  +Tent-C  61.6+0.4 385+27 493+05 355+17 462
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Table 15: Full results for Table 2 of DeiT.

(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 973+04 640+06 769+06 789+08 793 ERM 928+05 838405 985+0.1 762+14 87.8
+T3C 98.6+£0.2 66.1+:0.6 798+05 80.8+04 813  +T3C 93.4+03 859+04 988+0.1 80.0+11 895
+Tent-BN 915405 664+08 73.0+05 765+06 769  +Tent-BN 92.5+05 849+04 99.0+0.1 8L5+09 895
+Tent-C~ 994+0.1 637+14 781+16 793+10 80.1  +Tent-C = 943+£04 837+07 987401 77.1+2.1 834
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM 745+02 633+06 83.2+02 855+02 766 ERM 575429 440420 560+04 423+08 500
+T3C 761+0.2 656+06 85.0+02 86.5+0.1 783  +T3C 598+19 438+14 548404 421+14 50.1
+Tent-BN  74.8+04 643+05 837+0.1 857+03 771  +Tent-BN 520+21 417412 523+08 414+1.1 469
+Tent-C~ 735+04 634+07 832+02 85.6+03 764  +Tent-C 591+ 1.6 435+20 558+04 41.7+08 500
Table 16: Full results for Table 2 of HViT.
(a) VLCS (b) PACS
C L N v Avg A C P S Avg
ERM 968+0.5 641+09 759+1.1 80.0+12 792 ERM 895+ 14 859+26 98.0+05 855+1.1 89.7
+T3C 97.6+0.5 668+11 784+16 8L4+12 810  +T3C 90.1+13 87.3+19 984403 859+13 904
+Tent-BN  922+0.1 66.1+08 73.0+12 778407 773  +Tent-BN 89.8+12 87.5+14 984+04 862+08 90.5
+Tent-C~ 984+0.7 60.7+48 753+09 808+16 788  +Tent-C  90.0+0.7 832+40 984+03 858+13 893
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM 773412 684+06 87.0+02 87.5+03 800 ERM 623+£22 446+05 566+06 41.9+1.0 514
+T3C 780+ 1.1 69.0+0.5 87.2+02 87.9+03 805  +T3C 62.6£2.5 464+04 572+07 43.1+08 523
+Tent-BN 779+ 1.1 68.7+04 87.1+0.1 87.7+02 803 +Tent-BN 585+18 453+05 551409 427+04 504
+Tent-C 773+12 68.1+£05 868+02 87.5+02 799  +Tent-C  62.0+2.1 442+04 552+11 420+10 508
Table 17: Full results for Table 2 of Mixer-L16.
(a) VLCS (b) PACS
C L S v Avg A [¢ P S Avg
ERM 988+02 61.0+04 725+09 735+03 764 ERM 799+32 803+08 97.6+04 67.5+03 813
+T3C 997+0.1 658+04 77.3+14 783+12 803  +T3C 81.8+3.1 823+05 987+03 693+£07 830
+Tent-BN 926 +05 599+19 67.7+13 71.1+10 728  +Tent-BN 817432 8L6+0.6 97.5+04 67.5+07 82.1
+Tent-C 992403 572+30 713404 737+17 753  +Tent-C = 80.5+29 774+14 977404 657+13 803
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 143 L46 Avg
ERM 699+24 513+64 81.7+16 749+45 694 ERM 435+1.6 249420 452402 346+10 371
+T3C 724420 549+70 843+16 77.4+44 723  +T3C 446+1.5 301+11 426+06 328+1.1 375
+Tent-BN  714+21 531+67 822+15 754+44 705  +Tent-BN 397414 3L6+11 404402 332+04 362
+Tent-C 70.1+£23 513+64 819+1.6 742447 694  +Tent-C  454+24 240422 454+01 343+09 373
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B.3 Full Results for Figure 1-a

B.3.1 Fine-tuning performance

Table 18: Full results for fine-tuning resnet18.

(a) VLCS (b) PACS
C L S v Avg A [ P S Avg
ERM 958+04 604+1.1 664+08 702+15 732 ERM 787+13 743406 924+02 756+08 803
+head 99.34+0.2 702+09 766+03 77.9+09 810 +head 868+03 847+0.0 956+0.1 860+03 883
+body 99.7+0.0 725+08 77.8+04 8L3+03 828  +body 90.2+03 89.7+03 962+01 9L7+0.1 919
+all 997400 724+08 77.8+03 814+02 828  +all 90304 89.7+00 962+02 9L6+0.0 919
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 146  Avg
ERM 46.1+04 458+03 650+03 660+03 557 ERM 41.6+3.1 360+30 510402 339+10 407
+head 46.14+08 559401 745+00 655+07 605 +head 80.6+£0.2 753403 67.9+0.1 6L5+15 713
+body 551405 662+03 784+03 720+02 679  +body 89.6+04 867+05 80.6+03 785+02 839
+all 550404 663+:03 787+£04 718+03 680 +all 89703 86.5+£0.1 80.9+0.1 783+0.6 839
Table 19: Full results for fine-tuning resnet50.
(a) VLCS (b) PACS
C L S A\ Avg A C P S Avg
ERM 976 +0. 634+05 693+16 720+15 755 ERM 848+05 785+06 96.1+02 762+1.1 839
+head  99.1+0.0 719+02 781+03 825+08 829  +head 89.8+0.1 88.6+08 964+0.1 84.6+03 8938
+body 99.9+0.1 73.7+07 80.4+07 851+05 848  +body 93.3+£03 93.0+05 97.5+0.1 932+02 942
+all 997400 73.6+05 80.5+06 85.1+05 847  +all 935401 93.1+05 974400 93.0+0.0 942
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46  Avg
ERM 585404 507+10 733+£05 750+02 644 ERM 534+41 390+18 520+10 37.1+28 454
+head 58.1+05 621+06 79.6+03 73.8+07 684  +head 814+0.7 754+10 674+21 6l4+14 714
+body 675408 717+03 847+03 79.6+0.1 759  +body 91.0+0.2 87.2+02 80.8+0.6 80.0+0.6 847
+all - 67.1+08 725+03 845+03 798+03 760  +all  902+03 855+15 8L5+03 79.9+01 843
Table 20: Full results for fine-tuning BiT-M-R50x3.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 932404 661+£03 740+£04 733+12 767 ERM 820+17 823+£09 951+04 78.1+21 844
+head 98.8+0.3 73.3+12 810+0.1 83.1+09 841  +head 90.1+07 90.5+07 972+02 885+05 916
+body 991402 743+£08 79708 839+06 842  +body 92003 942+07 967+0.1 929+05 940
+all 993402 754+03 80.5+02 846+04 849  +all  925+1.0 93.8+03 96.0+05 93.0+02 9338
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46  Avg
ERM 643+12 560409 781+08 783+07 692 ERM 60.6+14 435+£29 590+08 466+29 525
+head  66.9+04 688+0.7 683+152 80.9+04 712  +head 861+05 799+13 746+£02 729+07 784
+body 689+27 720406 86.6+0.7 8L5+0.6 77.3  +body 912+04 88.6+03 84.0+02 SL4+02 863
+all  667+15 738407 854407 821+02 770  +all  9LT+0.0 89.0+04 839+0.6 82.6+08 868
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Table 21:

Full results for fine-tuning BiT-M-R101x3.

(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 934+14 627+14 713407 726+13 750 ERM 8L1+0.1 83.0+08 940+05 77.7+15 840
+head 985+0.6 73.8+14 793+09 802+17 829  +head 88.9+08 90.8+02 958+05 89.8+07 913
+body 989403 723+03 80.6+04 80.8+03 832  +body 91.3+0.6 93.6+0.1 962+02 93.0+05 935
+all  99.0+01 73.6+£0.5 79.6+1.0 797+12 829  +all  89.2+18 93.8+02 95.0+0.6 93.1+04 9238
(c) OfficeHome (d) Terralncognita
A C P R Avg L1100 L38 143 146  Avg
ERM 597412 554+1.1 787402 769+02 677 ERM 545442 399+26 565+07 405+05 4738
+head 63.0+0.7 67.0+13 854+07 798+04 738  +head 84.8+08 77.4+08 715+03 699+08 759
+body 67.9+04 70.0+12 823+06 787+10 747  +body 90.9+03 885+02 828+0.5 819+0.2 860
+all 672405 726+11 852410 77.7+20 757  +all  916+0.1 88.6+02 845+02 820+05 867
Table 22: Full results for fine-tuning BiT-M-R152x2.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 956410 660+10 733+14 718+07 767 FERM 803+14 822+1.1 958+06 826+02 852
+head 99.0£0.2 742+0.5 802404 809+10 836 +head 89.4+13 89705 967+02 90.7+04 916
+body 99.6+0.0 749+0.6 81.0+03 838+03 848  +body 925+0.1 955+02 972+02 931+05 946
+all 995400 74.6+03 813+02 827+11 845 +all  92.0+£00 952+04 97.1+02 931406 944
(c) OfficeHome (d) Terralncognita
A C 3 R Avg L100 L38 L43 L46  Avg
ERM 632407 602+10 797+06 822+03 713 ERM 573+14 493+15 588+05 40.1+25 514
+head  668+2.0 71.6+0.7 866+05 837+06 772  +head 857+03 789+07 742+12 692+1.0 77.0
+body 726407 741+17 87.9+0.6 838+02 796  +body 91.3+0.1 89.1+05 832+0.1 824+02 865
+all - 723406 754+11 866+12 828+03 793  +all  91.2+00 88.6+03 828+03 8L8+0.2 86.1
Table 23: Full results for fine-tuning ViT-B16.
(a) VLCS (b) PACS
[ L S v Avg A C P S Avg
ERM 97.14+05 654+12 766+07 77.8+05 792 ERM 89.9+07 863+04 992+0.1 672+0.1 857
+head 992402 761+04 843+03 867+02 866  +head 93.3+05 92.0+04 992+01 802405 912
+body 99.94+0.1 78.0+0.5 84.1+£02 87.6+04 874  +body 952+0.2 953402 993+02 888+05 947
+all 999401 79.0+0.0 842+02 874+03 876 +all 952403 953+02 993+02 887+03 946
(c) OfficeHome (d) Terralncognita
A C 3 R Avg L100 L38 L43 L46  Avg
ERM 765+06 627+£02 869+0.1 87.6+03 784 ERM 53.1+£19 260+10 503+06 37.9+06 418
+head 789403 69.3+0.5 89.6+0.1 883+0.6 815 +head 847+01 792+02 73.6+02 703+04 769
+body 820402 774+02 922402 89.9+03 854  +body 89.6+-04 87.2+04 81L4+00 79707 845
+all 824402 77.6+02 921+03 89.9+03 855 +all  90.2+0.1 87.2+03 815+02 799+04 847
Table 24: Full results for fine-tuning ViT-L16.
(a) VLCS (b) PACS
C L S A\ Avg A C P S Avg
ERM 977402 628+19 741402 781+11 782 ERM 888+06 833+05 98.6+0.1 675+28 846
+head 993401 771+04 824+07 864+02 863  +head 93.0+£03 93.2+03 987+02 832+04 920
+body 99.8+0.1 76.7+0.1 828+03 874+03 867 +body 948+04 958+0.1 98.9+0.2 905+0.6 950
+all 997402 764+02 827+03 87.1+03 865 +all  947+04 963+0.2 98.9+02 903+1.0 951
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46  Avg
ERM 772412 616+09 853+10 87.9+04 780 ERM 560+ 13 389+27 407+80 352416 427
+head 79.1+1.0 70.8+09 89.6+08 889+03 821  +head 862+09 798+07 758+04 709+07 782
+body 80.7+03 80.5+04 91.8+03 898+02 857 +body 90.8+02 87.3+09 8L5+07 795+04 8438
+all 805401 80.2+03 923402 89.9+0.1 857 +all  90.6+-04 869+02 8L7+02 789+07 845
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Table 25: Full results for fine-tuning DeiT.

(a) VLCS (b) PACS
C L S A\ Avg A C P S Avg
ERM 973404 640+06 769+06 789+08 793 ERM 928405 83.8+05 985+0.1 762+14 878
+head 997402 721+0.2 822+07 868+0.6 852  +head 95.9+0.1 941+04 992+0.1 91L5+05 952
+body 99.9+0.0 77.3+03 85.0+02 884+04 877  +body 96.6+04 960+0.0 993+0.1 94.6+02 966
+all 999400 77.3+03 85.0+02 884+04 877 +all  966+04 961+0.1 993+0.1 946+02 966
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46  Avg
ERM 745402 633+06 83.2+02 855+02 766 FERM 57.5+29 440+20 560+04 423+08 500
+head 78.6+0.3 754+0.1 89.5+0.0 873+02 827  +head 885+03 845+0.0 793+05 75.6+02 820
+body 80.9+0.0 797+0.2 91.0+02 884+0.1 850  +body 90.8+04 889+03 83.6+03 821+01 863
+all 809400 797+£0.2 91.0+£02 885+0.1 850 +all  90.8+04 887+00 83.6+0.1 S8L7+04 862
Table 26: Full results for fine-tuning HViT.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 968405 641+09 759+1.1 800+12 792 ERM 895+14 859+26 98.0+05 855+1.1 897
+head 99.6+0.1 769+1.0 83.1+02 873+08 867 +head 93.1+0.5 93.7+0.6 98.6+03 923+00 944
+body 99.8+0.0 77.0+0.2 84.1+03 887+03 874  +body 960+02 97.3+04 99.0+0.1 954+02 969
+all 998400 77.2+03 847+04 885+04 876 +all  960+£03 97.2+04 98.9+0.1 953+0.0 9638
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 L46  Avg
ERM 773412 684+06 87.0+02 875+03 800 FERM 623+22 446+05 566+06 419+10 514
+head 80.4+14 77004 903+£0.1 89.1+0.1 842  +head 88.8+0.5 83.9+0.1 79.0+07 753+03 818
+body 82.6+0.9 833+04 927+03 89.9+03 871  +body 91.4+04 89.7+02 83.0+08 8L8+0.6 865
+all 827409 83.2+0.5 93.0+£0.1 89.7+04 872  +all  91.8+0.1 892401 824+05 824+02 864
Table 27: Full results for fine-tuning Mixer-L16.
(a) VLCS (b) PACS
C L S v Avg A C P S Avg
ERM 988402 61.0+04 725+09 735+03 764 ERM 79.9+32 803+08 97.6+04 67.5+03 813
+head 99.6+0.1 72.8+04 80.6+05 837+04 842  +head 89.6+12 90.9+05 985+0.1 S8L5+08 90.1
+body 99.7+0.1 73.9+02 812+04 842+03 848  +body 90.4+07 93.6+03 96.6+05 863+05 917
+all  99.6+0.2 742+0.1 810+£04 837+06 846 +all  90.8+07 93.7+£04 965+05 867+17 919
(c) OfficeHome (d) Terralncognita
A C P R Avg L100 L38 L43 146  Avg
ERM  699+24 513+64 817+16 749+45 694 ERM 435+1.6 249+20 452+02 346+10 37.1
+head 743+17 67.0+47 884+£08 79.0+37 772  +head 87.5+£03 79.9+09 763+0.6 67.6+04 778
+body 735+0.6 713+42 877+05 8L1+29 784  +body 90.1+0.2 854+02 803+0.1 767+03 831
+all 732407 717+42 882+04 803+26 784  +all  89.8+0.0 85.6+£02 80.8+03 766+09 832
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B.3.2 Prediction entropy on seen and unseen domains
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Figure 3: Full results for Figure 1-b. Each figure corresponds to the results of different backbone

networks.
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B.4 Tent vs. T3A in entropy
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Figure 4: Full results for Figure 1-c. Each figure corresponds to the results of different backbone

networks.
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C Comparing T3A with Other Test-Time Adaptation Methods using Oracle
Model Selection

Table 28: Comparison of our method and existing test-time adaptation methods. Unlike Table 3,
the results here select the hyper-parameter in the test-domain validation set (Oracle setup [17]). As
with Table 3, this experiments is conducted only on the default hyperparameters of ERM. Bold type
indicates performance improvement, and * indicates statistical significance in paired t-test (* indicates
p < 0.05).

Models VLCS PACS OfficeHome Terra | Avg

resnetl8-BN  73.0+06 795+04 61.8+£03 41.7+£09 | 64.0
SHOTIM 60.8+03 815+02 624+03 295+13 | 586

SHOT 612+04 814+02 624+03 323£0.6]| 593
PseudoLabel 654 +0.2 73.1+25 547+46 37.7+25 ]| 577
PLCIf 725+13 784+08 61.8+£03 439+13 | 642
TentFull 73.8+08 84.7+0.2 62.7+0.1 374+08 | 64.7
TentNorm 703+09 827+01 621+01 366+02 | 629
TentCIf 723+£11 773+18 61.3+03 37.8+27 | 622
TentPreBN 64707 812+02 626+03 364+10]| 612
T3A 73.8+08 813+00 628+03 405+£03 | 64.6

resnet50-BN 743 +£05 84.1+0.1 669+02 458+1.8 | 67.8
SHOTIM 552+46 837x£02 675+£02 27.0£14 | 583

SHOT 614+15 851+04 675+03 309+23 | 612
PseudoLabel 64.2+23 704+10 550+£1.8 33.0+74 | 556
PLCIf 73.5+09 84.6+04 667+02 46.7+1.6 | 679
TentFull 748 +£1.2 877+01 67.0+04 429+02 | 68.1
TentNorm 714+05 857+01 66.6+00 424+£04 | 66.5
TentCIf 726 208 833+05 66702 450+£09 | 669
TentPreBN 657+ 14 849+00 67.7+02 427+£05 | 653
T3A 761 +02 852+02 67.8+0.2 46.0+1.5 | 68.8*
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D ImageNet Top-1 Accuracy vs. DG Performance
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(a) ImageNet top-1 accuracy vs. domain generalization performance.
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(b) #Parameters vs. domain generalization performance.

Figure 5: Comparing domain generalization performance on four datasets and properties of the
pretrained models. (a) ImageNet top-1 accuracy of each backbone networks vs. domain generalization
performance. (b) The number of parameters of each backbone networks vs. domain generalization
performance.

Figure 5 illustrates the correlation between domain generalization performance on each dataset and properties
of the backbone networks (ImageNet top-1 accuracy and the number of parameters). For visualization, we
split backbone networks into (1) Conv (blue): pure convolution (ResNetl18, ResNet50, and BiT), (2) ViT
(orange): pure vision transformer (ViT-B16 and ViT-L16), and (3) ViT+Conv (green): hybrid of convolution
and transformer (HViT and DeiT). Note that, DeiT does not use convolution in the architecture design, but it
distills the knowledge from the convolution-based model during training. Each marker corresponds to different
backbone networks.

We can make the following observations. (1) Looking only at Conv, there is a correlation between the performance
of the ImageNet and the performance of DG, but there is no correlation across architectures. (2) ViT+Conv
models work well on all datasets. ViT models also significantly outperform Conv models in VLCS and
OfficeHome but perform significantly worse in Terralncognita datasets. (3) There is no correlation between
the number of parameters and domain generalization performance. While most literature in DG focuses on
ResNet50, this result suggests the practical importance of choosing the network structure according to the
datasets and methods that can improve the performance regardless of the model.
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