TKIL: Tangent Kernel Optimization for Class

Balanced Incremental Learning

Jinlin Xiang, Eli Shlizerman

P e o m m Em Em Em Em mEm EE Mm e M M M e M e M e e e a0 . CIFAR-100, Incremental Tasks: 5  CIFAR-100, Incremental Tasks: 10  CIFAR-100, Incremental Tasks: 20
| Stage 1  Stage 2 StageT | Methods: g o oo [EERRETEETT o A F
1 I c 101 TKIL o Q/;{\’\\‘_‘ o5 \‘ ‘\\-—v\
| GTK loss GTK loss I | B A PR | \ ol L IAL L] Ny
I I ¢ 999 KD ——5: TAML %1 \\ o5 \\_.\ $X7,
I o g %8 CEE 85—E \ 82_ VA
_ ! | 1 | 1 i Tangent Kernel and Gradient Tangent Kernel Loss: 5 —
| & 96 :
8 I—> MOdeI 1' —- MOdEl 2' r—- T — MOdEI T' I > 20 40 60 80 100 " :1'0 20 30 40 50 60 70 80 9'01\(')0 " 10 20 30 40 50 60 70 80 9'01\(;
§ I Task 1 Task 1,2 Task 1,240 I Number of Classes Number of Classes Number of Classes
: = (Gr,G1-1) g |
' minE g .\ [L 1— ! g .
. 0By [ Lor( ||GT|||GT_1||)] H’i\
. Minimize cosine distances between tangent kernels
Overview: : o
Tangent Kernel Incremental Learning (TKIL) Approach: : PR g i i N
TKIL |S a Ta ngent KerHE| Optlmlzat|on for o o — — - e e Y Y Y Y Y Y Y Y Y M M L Number of Classes Number of Classes Number of Classes
optimal class-balanced Incremental Learning :PfEV'OUS New & ! orevious| e & FE FC‘ ! Visualizations
: - Task Task AR N —
with a novel Gradient Tangent Kernel |oss. 1= Q | Model Lﬁ | o o |
. . 4" .‘.‘/‘» A i e
. ‘ » T;, 2 Classes T,,4 Classes T3, 6 Classes T,, 8 Classes Ts, 10 Classes
Motivation: | GTK KD m m
Mini-batch T 1 ™ wemem | w0 M )
L . b | d D t t t. . = : Traln 7,0 0\% P . FE FC : 5 u; b 5<k . .
““““ Lﬁ revious g i PTG Y
egrnlng dlance ald represeq ations IS | - N \ ,, - ¢T,taski 9T,taski \ | cszZ: k &%ﬁ&% Bl
crucial for Class Incremental Learning (CIL). | Forwara: = FE+FC Tobols FE+FC : RO N N A N
We proposed learning a set of task-specific ! E;KLLOSS: ! bro1, O % o700 B B B h h
parameters instead of a single fixed model. | N 0SS || bR o FEE S — FC ' N T A | = g A
. . | BCE Loss: €= | O ) 2 ' v il 28 " g
Tangent kernel loss alleviates catastrophic : L %A Ttask T Ttask T ! 503‘? - N T Yy
forgetting of previous representations. ui L Y Y L
Main Results: DBL0.5S8  DBL061 DBL066  DBL067  DBL099
Classes | |
0 1 2 3 4 5 6 7 8 9
H igh I ight Table 1. Performance comparison between TKIL and other SOTA methods on CIFAR-100 (left-half) and ImageNet-100 (right-half) C on CI usi on
Add data imbal . Methods CIFAR-100, Memory size M = 2k ImageNet-100, Memory size M = 2k
> ress adata impaiances in
Stages 25 10 S S 10 25 10 5 g 10 We formulate gradient tangent kernel loss
memory-based Class Incremental New classes per stage 2 5 10 20 10 2 5 10 20 10 5 5
: — over feature layers to learn balanced
Learnlng Joint Training (Upper Bound) 86.3% 84.6% 81.3% 76.8% representations and alleviated forsetting for
> A novel gradient tangent kernel loss iCaRL 50.6% 53.8% 58.1% 572% 526% 546% 60.8% 656% 60.1% 59.6% P 5 5
.« . . RMM 59.5% 609% 69.5% 62.7% 60.6% 68.8% 71.4% 73.8% 70.5% 69.4% Experiments on multiple benchmarks
> Low training computational load SS-IL 58.0% 715% 751% 748% 7T1.1% 695% 7T17% 713.5% 68.8% 67.6% Shovs that TKIL out erfoprms existing state-
and constant memory usage Mnemonics 61.0% 623% 64.1% 633% 622% 69.7% T714% 72.6% 70.6% 70.4% p . . &
PODNet 62.7% 64.1% 645% 589% 59.7% 683% 743% 75.6% 12.5% 71.5% of-the-art methods in various settings,
AFC 64.1% 643% 659% 649% 644% T34% 158% 159% T129% T1.7% especially in large-volume task scenarios.

TKIL (Ours) 735% 80.5% 83.6% 80.6% 825% T71.3% 1785% 79.7% 175.7% 75.3%

W NeuroAl

UNIVERSITY of WASHINGTON



Jinlin Xiang

Jinlin Xiang


