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—— oy —

--------- A;’s subspace

C"_ Wlth pretrained model S = . i - ask t : % Centrald A : Top-1 accuracy averaged across all tasks B-n : Number of classes learned initially
: ask i ! entroi
Incrementally adapt a pretrained model to tasks composed of new classes, - . @@ Prototype A~ Top-1 accuracy on the final task Inc-m : Number of new classes added in each task
while preventing catastrophic forgetting e e S s e e s | - .
Share initial Weights E : Method CIFAR BO Inch CUB BO Incl10 IN-R B0 Inch IN-A B0 Inc20 VTAB B0 Incl10
| | | | . | : e . . _ . _
Catastrophic forgetting (O Adapter Merging : ; A A= A p A A, A Ar A Ap
PEgEN previpUsly BEmmse KEASEES Wsn ECEpiig 1o NEw ek, i SimpleCIL [1] 87.57 81.26 9220 86.73 62.58 5455 59.77 4891 8599  84.38
degrading performance on old classes Merged Adapter *('9 :
i APER [1] 90.66 85.15 9221 86.73 72.35 64.33 60.47 4937 8595 84.35
Exemplar-free CIL I y AR EASE [2] 0151 8580 92.23 86.81 78.31 70.58 65.34 5504 93.61 93.55
: : : apt : : _
Does not use fexemplars.. — representative samples from previous classes — which Merged Adapter > Pre-Trained Model po e A;’s subspace P Ours w/o IR 9154 8735 0174 86.96 7656 7008 6400 5467 9098  86.25
are often restricted by privacy concerns : Task i 1% Centroid
) Extract Protatyses l l : ' @@ Prototype Ours 92.04 87.81 9156 86.66 77.31 7049 65.19 56.19 91.21 87.56
Task 1 Task 2 Task 3 v L Y i E
| — P P, Ps Feature Vector @ N HAP T ¢ \E T E AT 100 100 H09
- ‘ ‘\~ E o E - - .' : : — . | — 901 ] 901 N
&‘ 0 & t & . ﬂ c e 3@ Centroid Prototype Mapping ! @ Find Nearest | . : e 9 \ X “
: | . | v , ! > — > 80 80 A
ain S ; | ; ain Se I et X | | 5 90- %- s
ST i E i P Py Ps > Pl, P2, Pg] | : = 3 701 701
re-Trained | | S ' | | < 85+ 85 - 2
Model @ @ @ @ @ Prototypes in A3’s subspace : — - Task t | % —e— Simple —— Simple o 007 —— simple 601 —— simple
v Taski A’ subs o Q gol — APER i APER e APER ||—=— AR
t pace —— EASE —— EASE 501 —— EASE 501 —— EASE
== OUrs —e— Qurs == Qurs —+— Qurs
n - o ' - - ' 75" r , ' , 40 4 - - - , 40 - - - - -
Adapter Merging Landscape Analysis for Adapters R R IR L

Test Set Test Set

> Loss landscape of three adapters through the linear interpolation
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Weight Averaging [3]
> Train adapters with shared initial weights

Inference Time Comparison
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accuracy. = Sim(P1 (A1), P1(At))

Contributions

Achieved accuracy comparable to SoTA methods while
maintaining inference time similar to the fastest approaches

Task Index

> Merge task-specific adapters to achieve scalability
> Adopt prototype alignment to resolve merging inconsistencies

Prototype Distribution Shift

> Previous prototypes P;(.A;) cannot be calculated because their
data are not available in task t

> They also cannot be directly reused, as prototype distribution shift 1.00 CIFAR-100 BO Inc> 1.00

> Semi-transparent lines indicate prototype distribution shift
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ImageNet-R BO Inc5

Future Work

ACMap currently maintains a single merged adapter to ensure scalability. However, this design may
limit performance, especially when tasks differ significantly in domain.

A potential extension is to maintain multiple merged adapters and dynamically select the most
appropriate one for each task.
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