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e Task: Class-Incremental Learning!!l e Conceptual [llustrations e Ablation Study

Ditferent classes arrive in ditferent phases;

CIFAR-100 (acc.%) ImageNet-Subset (acc.%)

. . . . old e.x.emplars old e‘x.emplars [ old exemplars | old eix‘emplars [ old exemplars | Row Ablation Setting
- At any time, it provides a classifier for the classes observed sofar;, et L oot S A o0 Memory FLOPs #Param N=5 10 25  Memory FLOPs #Param N=5 10 25
N new dala rewdata |l e exemplars e data |l e exemplars . e
_ The memory 1S llmlted. es0scoes eoescces | RS | cooe eo0c0cee .| neramng’ | A 1 single-branch “all”’ [2] 7.64MB 70M 469K 63.17 60.14 57.54 330MB 1.82G 11.2M 70.84 68.32 61.44
i stedios L AR — ) ’ | S ) 2 “all” + “all” 943MB 140M 938K 64.49 61.89 58.87 372MB 3.64G 22.4M 69.72 66.69 63.29
train train
train train lﬁne-fune ________ 1 _________________________________ 3 “all” + “scaling” 9.66MB 140M 530K 66.74 65.29 63.50 378MB 3.64G 12.6M 72.55 69.22 67.60
Phase 1 . __P_I-_'_a_§_e_ _2_ ________ E’_,_a_§_e_ _3__ o | | | _4 forei Bl ) o | ,a S 1‘E 4 “all” + “frozen” 943MB 140M 469K 65.62 64.05 63.67 372MB 3.64G 11.2M 71.71 69.87 67.92
i i i N e T s P S == bl | 5  “scaling” + “frozen”  9.66MB 140M 60K 64.71 63.65 62.89 378MB 3.64G 14M 73.01 71.65 70.30
| Exemplar1 | | Exemplar 142 | [ new model ] [ new model ]f ----------- [ new model ] 8| & v ;
: — | : - | f 5 S (4 stable blocks |!® !|aggregation weights 2 | 6 w/o balanced £ 9.66MB 140M 530K 6591 64.70 63.08 378MB 3.64G 12.6M 70.30 69.92 66.89
| i | 0000 | initialize initialize SN B S e 7 w/o adapted o 9.66MB 140M 530K 65.89 64.49 62.89 378MB 3.64G 12.6M 70.31 68.71 66.34
! ! ! : = 8  strict memory budget 7.64MB 140M 530K 66.46 65.38 61.79 330MB 3.64G 12.6M 72.21 69.10 67.10
Data 1 E Data 2 E E Data 3 i [ old model ] [ old model ] —[ old model
0000 O E 00000000 E E (XY X E (a) Conventional (b) Balanced Fine-tuning (c) Adaptive Aggregation (Ours) @ Comparlng W/ SOTA
0000000600 I 00000000 I | 0000 I
fai l ""}"‘,"l"“""" l'“}"'.' 'l"“""‘l CIFAR-100 ImageNet-Subset ImageNet
rain rain rain : Method
® The Architecture of AANets e o - : 0 = . = =
Classifier e | Classifier | __] Classifier 1CaRL [1] 57.12+0.50 52.66+0.80 48.22+0.76 65.44+0.35 59.88+0.83 52.97+1.02 51.50+0.43 46.89+0.35 43.14+0.67
w/ AANets (ours) 64.22+0.42 60.26+0.73 56.43+0.81 73.45+0.51 71.78+0.64 69.22+0.83 63.91+0.50 61.28+0.49 56.97+0.86
Test 1 Test 1+2 Test 1+2+3 LUCIR [2] 63.17+0.87 60.14+0.73 57.54+0.43 70.84+0.69 68.32+0.81 61.44+001 64.45+0.32 61.57+0.23 56.56+0.36
0000 0000 w/ AANets (ours) 66.74+0.37 65.29+0.43 63.50+0.61 72.55+0.67 69.22+0.72 67.60+0.39 64.94+025 62.39+0.61 60.68+0.58
0000 0000 ....
e Mnemonics 63.34+10.62 62284043 60.9610.72 72.58+0.85 71.37+0.56 69.74+030 64541040 63.01+0.57 61.000.71
w/ AANets (ours) 67.59+0.32 65.66+0.61 63.35+0.72 72.91+0.53 71.93+0.37 70.70+0.45 65.23+0.62 63.60+0.71 61.53+0.29
PODNet-CNN 64.83+1.11 63.19+1.31 60.72+1.54 75.54+0.20 74.33+1.05 68.31+2.77 66.95 64.13 59.17
w/ AANets (ours) 66.31+0.87 64.31+0.90 62.31+1.02  76.96+0.53 75.58+0.74 71.78+081 67.73+0.71 64.85+0.53 61.78+0.61

e Optimization Steps
- The formulation of bilevel optimization program (BOP)
min L(a, ¢;,1; 5 Eo:i—1 U &)

e Challenge: the Stability-plasticity Dilemma

- High-plasticity models easily forget old classes; ® Grad-CAM Visualizations

Classes seen in Phase 3 Classes seen in Phase 5

- High-stability models are weak to learn new classes.

Classes seen in Phase 0
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e Contributions - Updating Parameters ] %m '
- A novel and generic network architecture called AANets specially designed (i 15) < [Pi,mi) — 11V (o, i1 £(0ts, Dis i3 Eoi1 U D) i %. " A
for tackling the stability-plasticity dilemma in CIL tasks; a; < i — 72V L(ti, Gy i3 Egrimt U E;) Tg §
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- A BOP-based formulation and its corresponding solution for end-to-end
training of the two types of parameters in AANets;

- Extensive experiments on three benchmarks by plugging AANets in four
baseline methods.

image AANets@ stable@ plast|c0 image AANets@ stable@ plastic@

- Denotations
¢4, Mi]: parameters for the stable and plastic blocks;

o; : aggregation weights; References

E; : exemplars; D,: new data.
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