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Introduction A

Limitation of Conventional Methods : Optimization Objectives :

Conventional continual learning methods are insufficient for VLM fine-tuning, - Mitigating catastrophic forgetting
as they struggle to maintain the crucial zero-shot capabilities. Relatively few - Optimizing performance on current task

C methods have been proposed for continual learning of VLMs. » Preserving zero-shot capabilities )
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1. Computing Prototypes :
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For each category in each task save its prototype during training
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2. Aggregating Predictions :
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ST S R S 1 a test image with task-id
. o Tk T Tk Toger e e reconstructed model to make prediction
[E _J {J J [ﬁ -J y 3 mm a test image without task-id or from unseen tasks
e o Use pre-trained VLM to extract its image feature
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Each task select highest similarity score then choose K-highest tasks
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Weighted fuse the predictions of corresponding selected K models

Theoretical Analysis Benchmark: Multi-domain Task Incremental Learning
: : . o ; : & S 8 & P = 2 &
Theorem E.3 (Convergence of Iteration). Given n initial delta models o', where i € | P 1 Method g 5 - g 2 : E - E é 2 || e
after inﬁnirely many iterations, if the relative order of \' values remains unchanged and Vi # j, < 3 = & = = S 7
{k | M} =1and M} = 1} # &, then these n delta models will converge to a uniquely determined Zero-shot 243 884 682 446 549 710 885 594 890 647 652 | 653
set of n. delta models Individual FT 620 951 896 795 989 975 927 996 947 896 818 | 892
' ZSCL - 860 674 454 504 691 876 618 868 601 668 | 68.1
- 1 : = Dual-RAIL - 884 682 446 549 710 885 596 890 647 652 | 694
Thgorem F.5. If an initial delta model 0~ is given, and during the n-th operation, a new delta model £ DhecLIP " W8S s M7 Ein. wF R BE wma e ax | e
O™ is added, and the current set of delta models {6*(n) | i € {1,...,n+ 1}} undergoes one iteration, £ MukI - 878 690 467 518 713 883 647 897 634 681 | 70l
: = ConDU(FT) - 881 689 464 511 714 887 655 893 650 678 | 708
then under the same conditions as Theorem F.3, and assuming all 6 are independent and identically ConDU(LoRA) . 881 689 457 570 713 888 612 893 651 618 | 703
distributed, we have: ZSCL 451 920 801 643 795 816 896 752 889 647 680 75.4
¢ Dual-RAIL 525 960 806 704 813 863 891 739 902 685 665 | 778
¥ DPeCLIP 499 949 824 694 822 843 900 740 %04 683 663 | 775
1. The probability of any M k( ') changing becomes negligible as n increases. 2 MuKki 525 936 794 670 798 839 896 771 912 611 69 71.3
ConDU(FT) 506 934 837 681 834 837 901 767 906 686 686 | 788
o : s : : : ConDU(LoRA) 519 949 844 698 8LI 844 900 773 895 690 693 | 783
2. For eac.'h position in e.un.i.(]), the probability {)f .selec ting a.dgﬁeient corresponding delta =7 wE 90 #3705 R w6 7 S =3 o e
model is small, and even if changes occur, their impact is minimal. Dual-RAIL 525 968 833 801 964 990 899 988 935 855 792 86.8
: %  DPeCLIP 499 956 858 786 984 958 921 994 940 845 817 | 869
o _ S MulKI 497 930 828 737 962 923 904 990 948 852 789 | 8.1
Corollary F.6. Under the same conditions as Theorem F.5, the following holds: ConDU(FT) 86 937 866 761 982 934 919 996 948 849 805 | 87
i ConDU(LoRA) 489 952 878 785 963 952 917 976 930 853 788 | 862
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