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Figure 1. An example of the self-expansion process. (a) The PTM (i.e., ViT) with L transformer layers at the initial point of CL. (b) The first
session adaptation — at Task 1, a modular adapter and a (dummy) router is added and trained in each transformer layer. (c) The modular
adapters and routers added in the previous step (Task 1) are frozen to alleviate forgetting. When Task 2 arrives, only the representation
descriptor in the L-th layer detects feature distribution shift (with novel patterns) and generates expansion signal. A new module is added
and trained in the L-th layer, with the router expanded and updated. (d) At Task 3, new adapter is added at L — 1-th layer after the expansion
signal is firstly generated. In this demo example, the expansion is triggered and produced again in the L-th layer, following the expansion in
the L — 1-th layer. If a task does not trigger expansion signal in any layer (implying no significantly different pattern), expansion would not
happen, and existing adapters would be reused. More discussions are in Appendix A.l.
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Figure 2. Overview of the model architecture. (a) shows the structure of expandable adapter modules with adapters, RDs and router. (b)
shows the scenario where expansion is triggered by representations with distribution different to previous tasks, estimated by RD. RDs are
trained to align with the feature distribution of the corresponding task via only Lrp, unaffected by gradients from the classification loss. (c)
shows the scenario where incoming distribution can be handled by previously added modules, resulting in no expansion and adapter reuse.
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(2) Representation descriptor
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(2) Representation descriptor
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task-oriented expansion. We restrict the addition to at most
one adapter per layer for each task. When a new task ¢
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2. Expandable Weighting Router for Mixture Usage of Adapters

For any [-th layer with K' adapters, the routing function
is defined as hy(-) : R? — RK". Similar to [16], we im-
plement A, (-) as a linear mapping function followed by
a softmax operation w' = h,(x') = softmax(x’ - W ),
where W/

mix

L " .
€ RY*K" is the parameter of ¥/!. As shown in
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x! . = MLP(x!) + Zkzl wh, - far (x). 3)

3. Continual Learning Objective of SEMA
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I Experiments

Method C_IFAR—IOO 5—_Task IN-R 10_—Task IN-R 20_~Task IN-R II{lageNet—A _VTAB N
A An A An A An A AN A An A An 1
Ay = — Z Ai N
FT Adapter 47.88 309 5391 4123 4531 3093 3851 24.22 2978 17.64 5998 43.50 N -
L2P 84.77 7187 7740 7359 6697 6272 7067 6290 47.16 3848 &81.19 80.83 N
DualPrompt 86.60 8043 76.39 7229 7283 66.75 6233 6197 5954 5023 8289 79.79 A= 1 ¢ A
CODA-P 91.55 86.11 81.63 7698 81.11 75.25 75.00 70.02 4729 3502 79.88 81.58 o h_' 5
SimpleCIL 8231 76.21 6583 6131 67.09 6135 6759 61.35 60.05 4924 85.29 83.61 =3
ADAM 90.55 85.62 7991 7425 79.11 73.15 7584 69.10 60.15 4924 85.29 83.61
InfLoRA 90.51 85.05 7858 7258 8139 7532 7887 72.60 59.71 4621 88.90 87.63
SEMA 91.37 8698 8475 79.78 83.56 78.00 81.75 74.53 64.53 5332 91.26 89.64

Table 1. Comparison with ViT-based CL methods in CIL. All models adopt ViT-B/16-IN1K as the backbone.
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Figure 3. Incremental performance of different methods on class-incremental learning benchmarks.
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Experiments

Method ImageNet-A VTAB
A AN A AN e = ’ b
SEMA 64.53 5332 91.26 89.64 € ¢ %
s 5
No Exp. 61.20 4990 86.21 83.66 L -
Avg. W. 56.88 4431 90.84 89.14 < I .
Rand. W_ 62.95 49-77 88_8? 85_17 1.0 11 12 l;.:pa:':““:_flh:‘.:sh(l)l':i 18 19 20 10 11 ”El';ar:,;m;-s“l::gh;; 18 19 20
Top-1 Sel. 62.00 5056 00.83 88.61 (a) Accuracy (b) Num. of adapters
Rand. Sel. 61.70 50.36 90.82 88.51 : ; —
Top-1Sel. Inf. 6196 5036 9095 88.84 e g = bt
-
Table 2. Ablation studies on adapter expansion and composing. : SO 2
Y fepason Tl | TN RN S
(c) Accuracy (d) Num. of adapters
Method In}dEENE[-A —VTAB Figure 6. Analysis of the impact of expansion threshold with (a)(b)
A An A An ImageNet-A and (c)(d) VTAB. (a) and (c) show that SEMA can pro-
duce good accuracy stably with slight variation w.r.t. varying expan-
Adapter(9] 64.53 53.32 9126 89.64 sion threshold. (b) and (d) report how the number of added adapters

LoRA[30] 63.50 52.67 91.85 88.53 (on the specific Transformer layers #10, #11, #12) changes with

- the varying threshold values, corresponding to (a) and (c), respec-
CO“VPHSSI-"‘H 63.48 51.74  90.68 88.62 tively. The proposed method is insensitive to the threshold. Adding
more adapters may lead to higher accuracy, a proper threshold can
Table 3. Different adapter variants. achieve a balance between performance and model size.
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Figure 7. Analysis of the effect of multi-layer expansion, with
(a)(b) ImageNet-A and (c)(d) VTAB. By enabling automatic self-
expansion on multiple transformer layers, SEMA can achieve better
performance than restricting that on a single layer.
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Figure 13. Ablation on representation descriptor.

Method ~ CIFAR-100  10-Task IN-R
A An A AN

Zero-shot 76.36 66.96 79.17 77.08
ADAM 79.53 7126 7206 7090

SEMA 82.74 73.52 8094 78.18

Table 15. Performance on pre-trained CLIP model.



Gl

b

o, T-" iy ‘Ij" 3 ]

Ay @Rk

D ol SR NI s ol
Uk

RSITY AL AN

Thanks




