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While the main focus of the supervised experiments is
evaluation on the unseen data in leave-one-domain-out pro-
tocol, in this supplementary material, we provide additional
results on the test sets of the seen domains.

A. Additional Results on the Seen Domains

In the main paper, we have shown that our proposed ap-
proach is superior to all the competitors when evaluating on
the unseen domains in the supervised experiments. Here, we
provide additional results on seen domains to demonstrate
that our methods achieve improvements on all domains, in-
cluding the seen ones. As we can observe in Table A1, our
MSL and MSL + Mov are also superior to other baselines
when seen domains are considered. For example, the best
accuracy number of 71.0% on DomainNet-Real is obtained
by MSL + Mov (see the last row in Table A1) with the gap
of 4.3% compared to the recent method of GeoDL.

Furthermore, Table A2 shows that our methods can
achieve the best accuracy numbers on the unseen domains
of the PACS and NICO datasets. On the seen domains, we
observe that the best accuracy number is sometimes about
1-2% better than ours (e.g. on the NICO dataset row-col:
water-ground and grass-ground). However, our proposal
achieves the best average accuracy over both the test sets of
seen and unseen domains.
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DomainNet OfficeHome

Method Unseen Domain 10-Task Acc. (% 1) 5-Tasks Acc. (% 1) Unseen Domain 10-Task Acc. (% 1) 5-Tasks Acc. (% 1)
) Clip Paint Real Sketch Clip Paint Real Sketch i Art  Product Clipart Real Art  Product Clipart Real
Clip 60.0 56.7 654 587 59.7 527 620 540 Art 488 558 69.1 67.1 497 56.1 702 679
ERM [4] Paint 644 514 653 557 63.6 502 61.7 552 Pr(?duct 527 523 689 670 549 51.6 649 619
Real 64.6 53.8 603 559 61.3 502 577 544 Clipart 523 57.0 647 66.1 538 55.6 649 672
Sketch 652 56.0 654 53.1 61.5 529 630 517 Real 523 548 664 624 519 554 66.6 619
Clip 613 57.0 674 580 622 568 67.6 60.3 Art 494 575 692 67.1 499 578 70.8 682
LwF 2] Paint 647 519 654 564 652 52.1 67.0 60.4 Prqduct 53.7 538 705 68.1 548 513 70.7  68.6
Real 65.0 547 60.0 56.1 64.89 522 626 59.2 Clipart 526 574 652 664 542 564 67.5 685
Sketch 65.8 562 66.7 53.5 650 548 663 549 Real 53.1 557 66.1 632 531 557 66.1 63.1
Clip 61.1 57.1 657 579 61.3 565 67.1 603 Art 493  56.2 69.0 672 497 577 709 685
LUCIR [1] Paint 65.0 52.1 655 557 65.1 527 663 593 Product 534 536 710 679 550 51.6 703 683
Real 649 547 59.7 568 640 527 61.1 592 Clipart 528 564 657 663 543 565 67.5 68.6
Sketch 66.1 56.0 654 53.0 649 552 664 554 Real 528 550 664 623 537 564 672 649
Clip 61.0 55.6 649 582 62.1 56.7 673 60.1 Art 50.6 56.7 69.6 680 505 57.6 71.0 689
GeoDL [3] Paint 65.6 50.5 644 562 649 528 668 59.6 Product 519 53.0 69.7 672 546 524 704 684
Real 647 53.1 585 575 63.8 53.0 61.1 59.1 Clipart 545 584 67.1 683 544 565 674 687
Sketch 65.8 560 66.7 54.1 65.1 55.1 662 555 Real 525 559 670 63.1 536 557 66.8 642
Clip 570 509 650 505 554 522 645 499 Art 39.8 562 582 517 43,6 584 61.7 57.0
ARM [5] Paint 61.1 493 640 529 627 51.8 663 544 Product 464 550 60.3 548 50.0 563 62.8 583
Real 604 51.7 623 529 592 51.6 602 53.0 Clipart 453 554 543 530 487 569 545 548
Sketch 619 525 658 512 60.2 530 646 477 Real 43.6 547 56.6 517 487 56.8 604 554
Clip 580 534 657 527 59.6 56.1 698 555 Art 473  60.7 65.1 605 489 60.9 65.8 61.3
MixStyle [6] Paint 60.7 514 656 523 65.5 485 694 570 Product 486 549 65.1 610 512 569 68.1 652
Real 60.8 534 595 546 63.6 573 560 572 Clipart 485 589 563 573 50.0 61.6 577 587
Sketch 62.3 537 66.8 525 638 576 692 535 Real 482 56.7 625 56.0 494 593 653 59.8
Clip 632 56.6 68.1 59.1 63.3 583 704 615 Art 61.6 64.1 755 745 543 649 726 68.0
MSL (ours) Paint 67.1 513 672 583 65.8 554 69.1 609 Pr(?duct 61.5 614 777 746  59.1  63.6 73.1 699
Real 672 555 618 575 647 542 63.6 60.0 Clipart 604  63.0 717 73.1 603 64.6 68.0 675
Sketch 67.8 577 619 55.6 654 57.1 68.6 574 Real 61.5 644 749 727 588 63.6 70.6 673
Clip 63.7 582 71.0 60.9 63.8 589 71.1 626 Art 612 657 76.8 75.1 579 634 753 740
MSL + Mov. (ours) Paint 68.0 550 69.5 587 664 553 69.7 613 Product 633  63.0 764 752 603 602 75.1 749
Real 67.7 577 631 598 65.7 552 64.6 614 Clipart 63.7 643 753 737 603 61.8 714 732
Sketch 68.1 60.6 71.0 56.4 66.6 58.0 69.3 583 Real 61.3 649 737 731  56.6 625 73.0 709

Table Al. Cross-domain continual learning average accuracy with 10-tasks and 5-tasks protocols, and 10 exemplar size and 5 exemplar
size in the memory on DomainNet and OfficeHome datasets, respectively. Within each block that corresponds to a method, the domain
shown in the beginning of each row is excluded from training, while each column shows the achieved accuracy when a test set of a domain is
used. Therefore, the grey cells show the accuracy on unseen domains in leave-one-domain-out protocol while the off-diagonal cells are the
accuracy numbers on the test set of seen domains.

Method PACS NICO
Unseen Domain  Art Cartoon Photo Sketch ~ Unseen Domain Eating Ground Water Grass
Art 880 864 84.0 838 Eating 76.3 85.1 89.1 698
ERM [4] Cartoon 89.5  86.7 862 853 Ground 76.6 829 853 68.0
Photo 87.3  86.1 823 85.1 ‘Water 74.1 812 847 706
Sketch 88.6 865 83.6 843 Grass 76.7 81.3 859 619
Art 882 868 837 838 Eating 76.4 847 893 69.6
LwF [2] Cartoon 89.4 862 858 847 Ground 76.6 824 848 673
Photo 869 869 833 857 Water 74.3 81.7 855 707
Sketch 883 86.6 834 843 Grass 76.9 81.1 856 624
Art 88.1 87.1 838 844 Eating 76.5 849 895 694
LUCIR [1] Cartoon 89.6  86.6 856 853 Ground 76.8 82.1 855 674
Photo 87.0 87.1 835 851 Water 735 822 842 695
Sketch 885 86.8 833 838 Grass 77.2 81.0 859 62.1
Art 87.0 86.7 832 856 Eating 72.8 86.8 86.5 675
GeoDL [3] Cartoon 88.3 850 848 854 Ground 76.2 836 873 641
Photo 876 815 820 86.5 ‘Water 73.0 864 854 684
Sketch 884 874 840 843 Grass 77.6 859 872 60.5
Art 862 85.6 826 86.5 Eating 65.1 838  80.1 66.0
ARM [5] Cartoon 86.2 835 842 834 Ground 73.5 833 854 637
Photo 88.1  85.6 80.8 844 ‘Water 72.5 876 849 698
Sketch 850 873 819 835 Grass 723 834 83.6 649
Art 86.1  85.1 838 81.6 Eating 733 858 86.6 68.6
MixStyle [6] Cartoon 89.4 840 845 84.0 Ground 75.1 82.6 86.1 613
Photo 86.8  86.1 81.0 84.1 Water 70.5 856  8l.1 685
Sketch 88.6  86.6 828 834 Grass 76.9 82.1 873 636
Art 899 889 849 858 Eating 71.3 859 900 69.2
MSL (ours) Cartoon 89.6 862 857 843 Ground 81.6 821 912 693
photo 90.0 87.0 844 845 ‘Water 77.8 84.8 87.0 75.0
Sketch 88.6 883 844 851 Grass 80.5 84.1 90.2  62.8
Art 913 898 863 88.2 Eating 77.2 854 903 68.6
MSL + Mov (ours) Cartoon 914 879 863  86.7 Ground 76.4 84.1 88.0 655
Photo 91.0 902 850 86.5 Water 76.7 856  89.0 669
Sketch 89.9 89.8 86.5 87.2 Grass 772 847 895 649

Table A2. Cross-domain continual learning average accuracy with the 2-tasks protocol, and 5 exemplar size in the memory on PACS and
NICO datasets. Within each block that corresponds to a method, the domain shown in the beginning of each row is excluded from training,
while each column shows the achieved accuracy when a test set of a domain is used. Therefore, the grey cells show the accuracy on unseen
domains in leave-one-domain-out protocol while the off-diagonal cells are the accuracy numbers on the test set of seen domains.



