BRLIEF R

RS

IPSJ SIG Technical Report

Vol.2022-CVIM-230 No.28

2022/5/12

F < UikERZz AL c iR B ICH VT B BBESE O

WJE Tyt R T B o)

BIE kil c X, BRSO X R 7 ZIBICEE T 5. #Alc=a—I 1y b =2 Z2HWS

LAk, FEERERDLEIHICEE LR AT DHERP KON RS HI R Z 5. 2 2B 5
PERFIEIRRINTVED, ZAZPLZVHAREENELETT 2. ZAUISRFIETIE T X —
BPPRT 2D EZLNE. AFTIE, BELURMEEZHWSZ ZETHEHATEZ 7 X—XZHIET 5.
FLURIUC & D, PERTFIEOBIRNSHZMH T 2R EHFEF LoD, XA ZBZWIEAIKEENE L
(ETI2MEENET 2. 50 HDX R 7 O#EEEORRT, BEFIRIERTIE HAT OREEZRA
14.70% 85T 2 Z & ZHER L 7=,

Lottery Ticket Hypothesis for Overcoming Forgetting on continual

Learning

Abstract: Catastrophic forgetting occurs when a neural network loses the information learned in a previous
task after training on subsequent tasks. Conventional methods have been proposed to mitigate catastrophic
forgetting, but their effectiveness is significantly reduced when the number of tasks is large. In this paper, we
improve this problem by using The Lottery Ticket Hypothesis. We show the proposed method improves the
accuracy of the conventional method HAT by 14.70% with experiments on continuous learning of 50 tasks.
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Fig. 2 Overview of the proposed method.
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Table 1 Overview of average accuracy and using parameter rate of HAT and the pro-

posed method.
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SplitCIFAR-10 5 0.8010  0.8436 +4.26 0.9649 0.7533
SplitCIFAR-110 11 0.6040  0.6268 +2.28 0.9996 0.8993
SplitCIFAR-100 50 0.5745  0.7215 +14.70 1.0000 0.8837
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Fig. 3 Average accuracy and using parameter rate obtained by

experiment using SplitCIFAR-100.
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Fig. 4 Average accuracy and using parameter rate obtained by

experiment using SplitCIFAR-10.
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Fig. 5 Average accuracy and using parameter rate obtained by

experiment using SplitCIFAR-100.
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Fig. 6 Average accuracy and using parameter rate obtained by

experiment using SplitCIFAR-110.
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R 2 REFEOT LKLy MEOKEL RS X —KHHE. pld
HAT Tl HAT, 12RFHEICOVWTIEANA =85 A —&T
HDpERT. ENTXA-—KMHFHLISKT—XLy bITD
NTR—=BFHEERT.

Table 2 Average accuracy and using parameter rate obtained

by experiment using SplitCIFAR-100 with the pro-
posed method.

p FEEE BT X—RMERER 8T X — X {EAIER
HAT | 0.5745 0.4947 1.0000
0.05 | 0.6700 0.4708 0.9815
0.10 | 0.6975 0.4451 0.9612
0.15 | 0.7044 0.4198 0.9384
0.20 | 0.7100 0.3955 0.9121
0.25 | 0.7215 0.3709 0.8837
0.30 | 0.6910 0.3466 0.8540
0.35 | 0.6933 0.3213 0.8148
0.40 | 0.7032 0.2972 0.7674
0.45 | 0.6808 0.2723 0.7265
0.50 | 0.6549 0.2472 0.6906
0.55 | 0.6315 0.2232 0.6423
0.60 | 0.6178 0.1984 0.5772
0.65 | 0.5480 0.1739 0.5265
0.70 | 0.4795 0.1492 0.4599
0.75 | 0.4935 0.1239 0.4029

FA—R b BB EDRHEL, 7 —Xtv b
FDBTHNE T X—=RDEE, T X=X HHEER
T K4t 65T —XEy MIDZ W, SplitCIFAR-100,
SplitCIFAR-110 Z W/ TIX, &7 —&t v MZEl
DUTHNZ T X —=RDEEDRVIRNGET, &7 —X
Ly MCEID Y THNE T X —RDEERZ VAL
NEEOKRTAEZFICR SN £/, K457 —X
t v MEDD T SplitCIFAR-10 % AW 5EERICB W T H
SplitCIFAR-100, SplitCIFAR-110 % W 7-52801F ¥ E=%
TRVWBHBDD, FF—Xty MIEDLTHNZ T X —
RDOENEWPRVFY, BEOKTT2MHANE SN,
Z0kd, MEFEELHOIGETOZAZThD T — X
£y MCEID Y TEHNZ I X—=ZPDIRTE D LREEN
KTF32eE260%. IBEFRIT-—XEy bEZLFE
BI25500EE2R EXE 572012, FhZthDoTr—&
ty MEID B THENZ T X=X EHIRT 280D 5.
ZD7D, BEFIETIE, SHEREZIT-72 50 HD T —
Rty bEKRKBIGHZ 2 X5%T -2ty e EXE3
BEHEENMET T2 e THEEINS. 5B HITHEE
ERBEOONRIX =22 ZHIBTE 2 FEPEENS.

6. &R

FURNIT— Rty MIRT XA —XEEH D YT BHEK
FHETIE, 7—&Xty FOEDZOBIHEEME T3 2 1
B2RHD, THEIRTA—ZARRICL>THRET S e
TmEENTz. BFLUNRSICHE DS EFT—&ZtEy NIRRT A —
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R 3 HWKRFEI VX LT —Xty MEDKEE L T X — R ERHR.

b I TES V ELDNANA =R FA—RTH5 b EFKT.
BRI RX—ZFRARIIZT— XLy hTLDRT A — X
RERT.

Table 3 Average accuracy and using parameter rate obtained

by experiment using SplitCIFAR-100 with the ran-
dom method.

b R BN X—REHR T XX
0.05 | 0.6435 0.4758 1.0000
0.10 | 0.6292 0.4498 1.0000
0.15 | 0.6062 0.4255 1.0000
0.20 | 0.5898 0.4004 1.0000
0.25 | 0.5858 0.3755 1.0000
0.30 | 0.5793 0.3511 1.0000
0.35 | 0.5623 0.3256 1.0000
0.40 | 0.5675 0.3006 1.0000
0.45 | 0.5289 0.2753 1.0000
0.50 | 0.5156 0.2506 1.0000
0.55 | 0.5117 0.2256 1.0000
0.60 | 0.5021 0.2002 1.0000
0.65 | 0.5009 0.1756 0.9999
0.70 | 0.5001 0.1501 0.9997
0.75 | 0.5005 0.1256 0.9986
0.80 | 0.5000 0.1007 0.9950
0.85 | 0.5000 0.0754 0.9779
0.86 | 0.5005 0.0705 0.9713
0.88 | 0.5000 0.0607 0.9545
0.90 | 0.5000 0.0505 0.9216
0.92 | 0.5000 0.0404 0.8676
0.94 | 0.5000 0.0305 0.7758
0.95 | 0.5000 0.0254 0.7155

Z&2E| D YT RIETIETIE, ERTEOBIRNSHIZ M
Hll T AMREHIFLOOMHT 287 X=X ZHIIK L, 50
HOF—&ty FEFEELEEBRTARS X —XHiHERS
11.63% ML, MEE 14.70%M L 7.
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