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Class-Incremental Learning: Multi-Task Incremental Learning: Cross-domain Task-Agnostic

models classify images within only ~ models classify images from both Incremental Learning:

previously encountered classes. seen and unseen domains based models classify images from both
on the given domain-identities. seen and unseen domains without

any domain-identity hint.
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Challenges

* How to preserve the zero-shot ability of the
pre-trained VLM?

» How to distinguish data from different newly
learned domains?

« How to avoid forgetting on continually learned
domains?

* Freeze the pre-trained VLM.

« Cooperate primal & dual regression methods
with non-linear projections.

« Extend the closed-form solutions of regression
methods to an continual learning manner.
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Both primal & dual regression methods can classify
images into their respective domains accurately
without domain identity hint.
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Optimization target: 0% 2
arg min HY(lzn) _ tn)wn) ‘ A Hw(n)
W (n) F F

Standard solutions Continual learning forms

Theorem 1 The parameter calculated by

wn — [W(n—l) _ MMM T Wn-1) M}(o”)(I,(n)TY(n)]

is an optimal solution to the optimization problem of joint training on all n domains in Eqn. 4, where
Mj(gn) is obtained by

Ridge Regression:

W=(®"®+\) &Y
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Theorem 2 The parameter calculated by

-1

(n) — (g™ (n)
. : o™ = (K™ + A1) C
Dual Ridge Regression: ( )

is an optimal solution to the optimization problem of joint training on all n domains in Egn. 4, where

(n—1)
(n) _ C 0
g L= [ 0 Y(”)] ’

a=(K+A)'Y
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K1) K (x, MY 4
c(x, M)k (xi,x)

K™ —

.
and the memory matrix is given by Mgn) — [Mfin_l)—r X,(E”)T} ;
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Steps across all domains.

Evaluation Domain ID : olop
D, D, D, D, D, E S
N S &,
- Transfer : 0&‘& \&50 &Q @c}” & 6\6 é\%& S & 830)/\
) . ; o S
! Method ¥ e ¢ Y Y TP S Average
| Zero-shot 235 768 373 367 636 840 467 867 661 637 585
: Fine-tune 396 933 682 892 954 855 951 844 774 724  80.1
(=9 1
- ' Transfer
= ! LwF [6] ~ 666 269 195 510 784 266 689 355 561 477
£ . WiSE-FT [47] — 701 319 253 563 798 299 749 456 568 523
£ : iCaRL [7] - 717 350 430 634 869 439 878 637 600 617
3 w |z || : ! ZSCL [10] - 733 326 368 621 838 421 836 565 602 590
= e ! MoE-Adapter [15] - 710 349 192 630 866 200 872 637 586  56.0
& - . D . Primal-RAIL - 768 373 367 63.6 840 467 867 661 637 624
) D O . I Dual-RAIL - 768 373 367 63.6 840 467 867 661 637 624
* as |
o ! Average
! LwF 247 797 383 369 639 810 365 719 427 567 532
' DDM- Average . WiSE-FT 27.1 765 409 313 687 816 314 747 517 584 542
: iCaRL 254 721 375 516 651 871 591 880 637 60.1 610
! ZSCL 36.0 750 407 405 710 853 463 833 60.7 615 600
. : - ) - MoE-Adapter 436 779 521 347 759 863 452 874 666 602  63.0
Tra,'? f er. the extent to which the zero-shot ! Primal-RAIL 424 898 557 685 840 833 653 858 679 645 707
ability is preserved. . Dual-RAIL 453 899 57.6 687 839 855 652 884 694 650 719
|
' Last
: ; ” - LwF 209 83.1 475 382 755 847 501 780 758 746 628
* Last: the learner's adaptability to new | WiSE-FT 208 768 429 208 775 849 307 766 758 725 580
domains. . iCaRL 255 721 389 554 655 873 819 886 63.6 615 640
! ZSCL 33.1 753 435 352 746 874 504 842 713 734 634
! MoE-Adapter 432 787 576 328 794 860 867 878 782 742 705
. Average_' the average accuracy of all /earn/ng ! Primal-RAIL 417 940 660 864 972 824 931 836 750 713  79.1
. Dual-RAIL 453 942 69.0 870 972 872 930 924 825 763 824
I
l
!



[ ] .%lt‘
Experiments ‘r
p NEURAL INFORMATION
'i PROCESSING SYSTEMS
&
Caltech101 20 DTD EuroSAT Flowers IVINIST‘ ¢ y
' : : S ' 7 —&— Primal ‘ -
90 I 50 l d ks : 90 ; 80 Dual |}
. s , . ZSCL |/
i - l - | 80 1\ 60 MoE )
” : 40 i e 40 i |70 E 40 .. i
: E v i ' i E & E
70 ] 30 . 20 1 60 =, ]

012345678910 012345678910 012345678910 012345678910 012345678910

Accuracy (%) on five domains changes over all learning steps.

Speed Analysis R

Model Real time

7SCL 514 40.163%  No reference dataset.
« Parameter efficiency.

Moe-Adapter  47m 2.319s

Primal-RAIL 4m 0.071s

Dual-RAIL 4m 13.200s

« Closed-form solutions -> require only one epoch!
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Github

Thanks for your watching!



