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Abstract: Forgetting is the biggest problem of artificial neural networks in incremental learning and is thus called “catastrophic
forgetting”. In contrast, humans can continuously acquire new knowledge and retain most of the frequently used old knowledge. This
continuous “incremental learning” ability of human without extensive forgetting is related to the partitioned learning structure and memory
replay ability of the human brain. To simulate this structure and ability, the study proposes an incremental learning approach of “recency-
bias-avoiding partitioned incremental learning based on self-learning mask (SLM)”, or ASPIL for short. ASPIL involves the two stages of
regional isolation and regional integration, which are alternately iterated to accomplish continuous incremental learning. Specifically, this
study proposes the “Bayesian network (BN)-based sparse regional isolation” method to isolate the new learning process from the existing
knowledge and thereby avoid the interference with the existing knowledge. For regional integration, SLM and dual-branch fusion (GBF)
methods are proposed. The SLM method can accurately extracts new knowledge and improves the adaptability of the network to new
knowledge, while the GBF method integrates the old and new knowledge to achieve the goal of fostering unified and high-precision
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cognition. During training, a regularization term for Margin Loss is proposed to avoid the “recency bias”, thereby ensuring the further
balance of the old knowledge and the avoidance of the bias towards the new knowledge. To evaluate the effectiveness of the proposed
method, this study also presents systematic ablation experiments performed on the standard incremental learning datasets CIFAR-100 and
minilmageNet and compares the proposed method with a series of well-known state-of-the-art methods. The experimental results show that
the method proposed in this study improves the memory ability of the artificial neural network and outperforms the latest well-known
methods by more than 5.27% in average identification rate.

Key words: incremental learning; catastrophic forgetting; continuous learning; self-learning mask; recency bias; regional isolation
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S HEI R SLM (W8 6), ‘B TR0, THENR DRI A i F2 Hh s S B R 22 70 SR e AR S5 E L. ZE IR SLM
BTSSR BYEE A FALE G TT, LET0 A YR FERD 2 AT 55 R AE, AT 4515 B AR HUVE [ BR e — M BER
] e 2K AR 55 IR SR B A TR) v, MTAT 3w P28 00T o THAT 55 1) AR R TR g

SLM ¥ ke e AT 55 77 4% GC-Net™  RISCA ) E 4 1) Ak ik 85 &, e 5T A BT
IR, ST T BOVE R RS A . SLM A5 2 AN D8 [ 2 STHERS A i AR N .

(1) B2 SRR A i AR T 28 (AR A4 AR IR 0. GC-Net VR AT 57> B AL AL 3R K3 RS, BE SBL T i 215
FRHERD A S 2, SO I SRR IR O-1 FRBm Ak I RA St 24 SR, SRENAT: 55 B Ik Y BRI e il pri 48 T0 1 2

M"™ LoRFAFIEE, M™ e RV Hodh NARRHL R K/, C AR MBS, H, W A FAE B ) s A 5E.

2
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M™ 25 2 A BRI I N 1 A5 BRI MM 5 P R 4% GC-Net 7T i1 M™ | 13 31 RS ASAR [ b 3 &5
MOC e RV e, TGP F1 € ROV 4h 3 MO 4ty M7 € ROV 5k MY JE— B AT vl 043 B A Ak
B H AR MM € RO MM A, 35 54T 45 5O R ) SR A 2 oo A AR R, b o REFFIERI A F1 4L
PR (KW G HL (IR AT F1 A H ). Sorh, MO R M (k5 0L A S (3), FI ol 8 BE AR B MM 23 L8
X (4).

3

MSC = GCNet(M™)
M’ = Convl(MS,F1)

=

i S RFAIE

FEHER (il
(M© (M)

9

JAFGE ) Com2 (F2) =L
M) sy 1 0L

—

6 SLM #igh
I A AR T HERD 11 A it A8 DG F L1, e ] LA SR ST 45 A G KR A 227G, AR b 1 B (. A Ak
AFIF VNGRS, AR SCRFH T SCHR [40] $2 3T T oy AR A BB, S I o 33 (1422 5. A T ARE I 2 7
(e s R o TR SO F — AN A B R ek B0 AT A A, WA (4).

b 1
Mask __ k" ’ —
M =B, (M), ) @

o, By JaE LRI, i, ko ARERARAE B B B L R I AR B 2B AR RS (E I 0 B 1,
ST 0-1 MR IR T . Ty, b2 S B G R BRME I, s AR T, AR &5 3 s 50, X PPzl — 18
AR BV Tk SRR T AE AR, HE W, DA AT DAZE DI RIS 5 40 22 N 4 2 55 m) Ak

(2) B HEM N R 2 T B B T S5 R AT G T, FERL (R A 1 W) R B AR R4, A
<O 2 A S AR LB AR AR B, I ASEE S 0 ] DAEAT 06 ()R IR 2 HURT 2% ) s 4.

e N R, e S F1 R ST G F2 € ROCHW REBRFAT S50 AE M™ | A jle—A 55 e MM ] ]~
(AR HRFHE P M € RNO<W R 5K MM 15 M™ AT IC YR IR s 3fe, £3 BT S AEIURFIE ] MAGPt € RVXOXH-W
ZAEFEIT I S T R A T SR e 458 E K B bx, WA (5).

{ M™™s = Conv2(M™, F2)

(5
MAdapt — MTrans QMMask

322 HELFEA

R4 SR G T TR 43 DX 5 S0 2 ST AR, A R4 SO IHENIRR IS B ) 19 5. (0 3 23 SRR OR A7 IH ZniRid
AL AR T AT SE L, DR ARG A BB S A YR 03 Ik ), A SRR 2 A 43 S Wy ) Sl SR AR IX — ), A SO
B S I 2 A5 S 10 i U O A (] I 5 R RS 4 S (KB DL ST BN oy A5 Sl A, A AR, I
T XA B AR A 4 0 AR RN RE ), R LI 7.

BERA B A SO AT 3], B IBME B A 5 SCRBIAT 3, A2 X, X X ooy (L, myn < D)
{4 GBF Wi\, BUAT GBF Jo WRFE B £ B AR 2 M4 15 215 B I 2 00 iR 45 1.

7 TP SR AR RN X 53 S M 200 N JE AT AR R R A, AR AR R S0 0 SR B 43 SR Y R
(HxW=C) HATIBIEPHE (HxW=20), BAELW — BEBHHEATE BRE, il x, i NERBHL i<, TR R
JRE b a BWHE B SR G S 5 1, 1-a BEHI 0 XG2S 5 8, BARRTE LIS AL [BDB PR & R
INIEAR TR R a AR Z R A S 5. Gate b B Z S BUSEL, 2005 oh B B S OUE Bl e, B
(T 14A% ] Sigmoid MEIHIETUAR X I T 3 AT 1L tanh B, YO ARG 17 35 BAOREE 575,

GBF #8, JE¥8 xy, .. xe, . X DI T 145 Gate A1 tanh B BCROE IS, ST 0 R BRI, FELIE 7 e
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HEZEHE. 204 TS B B 70 SO R 1 2 9 BRSO, AT AR R R G I AME S AR, 50 Uit I T4
Gate fil Sigmoid i b8 4, Tk th mn e A5 6 G5 75— T iy, e 5 IARMELAS 2 1 - G, X380 (AT M DLAR X
IR R A 20 R LAERET AR, SEBLU A5 RR . BEAN, Dl 5 BRL A B, IR A1 By, HRROR
TR, 5 P T I E S RAT IR kR

2o Gate ) el
Sigmoid “w-eenee

L f Y 3
t—>{Gate 1‘_tanh_i ; /

Sl

®

¢ ol )

-xm 3 i
BN Gated branch fusion i
@ EEPHE SIEE M ES
ﬂ A S Lasn

K7 W scfE B

/v
5
g Nt
hN f
5 G i <
NI S B
U —— ] —

<
Pini
by
=

3.3 W)L
PR 2841 G 53 A BRLR < SE R N 20 R SR 1) 22 vk i 4, UL 8 DAY 3% € 5k CL, 59 C2.

I 25
(1)

8 VI

0, AN R €L BRI R b B P B

BRI IS5 | HeBob B S 5 51 W2 52 A 2 IS, 6 R, JE RIS XA
R HI AT, MO 3R X T LR RE AR

D4 B M AN L 05 047 5, D0 000 ST TR 27 30 218 DS B4 T 014 45 SR
WRHS4): T8 A 0 RV S 25 S B AU 1 ol B0 )

9, SRRIGORER 5 3 NWBL WIS DB I AR RN G 1
ATHBRAES0 H IS L

50 L AYBR R B 50 3 BT RSOV A A2, S XY CAT RN T4, ST AT 3 4

(1) BBV V15, SRR TR 5210 T B0 AL, S I T,

(2) R A ML S FE25 IO 28, G MR ST I 55 1

(3) SIIESE. EARM G A5 5517 B MO 4 T, LA S VLR B 1 6 0 B 8O G0 P50
SHTN E BT BN, 00 T HAES 0%,

55 2 B DA B SRR A5 DRI, B BORAE MR 7T 817, I
(SRR, 6054 T 0. KB 1 SR, U7 5 A RIS 5.

5953 AN BRI F 0 A5 BRI LS RHATIA, L 2. VRS B () K3k 2 Sh T
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A SHOFINGr, TR R 27 2] 3R LA TR
34 WKEH
ASPIL 4532 bR B0 < FEA I 5458 2k bR HORN <38 5 I 210458 % R 4
3.4.1  HEREINZR K B
CHEREY AR AT AR Y 2 R (X 3 43 57, FLa8 2k B 3023 B
o WAL ZR: B L™ - WA 2548 P A8 SRR % BB IURE A B, Z2 AL (6).
L™= ZNZ cilog(q,) ©)

Hdr, ¢ RN i 2 L1 ground truth {H, ¢; €{0,1}, IEARZSI 1, SAFRZEHL 0. ¢, AR B2~ ST ALY Softmax 4
HTESE i 28 LA

o DI Kk L S LA (7). IEWEE 3.1.1 WA, Wik 14k BN JEAERN 1y, SR IE s
DLIA 380 X 4555 725 114 H 1.

N

Sl — Z c;log(g:) +0g(y) "

Horp, g(y) /2 BN ERCE K 1y 1 L1 365, R SCIEE R GAG. 6 HIRTHrIX Py, JF 508 R 1E-4, X8 T
SCHR [38] R TE M b M 2 RO E
3.4.2 SEEYIZREUR R EL
(1) MRS FERIES 1 J Bl 25 2% 23 S Db 125, 2B IR AT AT (0727 2. 1l 1 A4S SC0d e 3 3 B A
M AERR BRI TR, 05 2 28 (6) IR AR, L= C 5% C4.
o B2 20 45 R L™ SR I ZRE L™ GRFE— 50, R4 BRI kAT 27 20
£ =" ¢;log(q,) ®

(2) B YN Zrid FR 1)< [R1 A0 DX 38 3 125 5 42 B R R TR BB B SEBR X A fle, 1927 ) HE5 R X9y 32 il & BTz
TTHEZM B, H 2 g — AN B 03 8 S AN SO AR 20 B 10 AR B BB AL ) e vh— MR R
UK BRI T 328 S0 IR AR X 4 g ).

o KRN R] D DX IR 4 s 5 A s 1A R AR D, F L5 oK, A K B T SR B E . R PR R elm D
D387 B S AL B IR BB ), o8 T ORFFIE T O ek, dg bt i S m i Thfig. AR P
X4l 53 B9 5 8 R ASPIL R4 80 2 B0HEAT ST, KGR K8 ASPIL 14y K as M S 4, 1K 20 T — 3T
FEXFTA FIR GO ARANIE &R) TR BRI 23 68 7. AR R R SR I S R 45 X 48 TR IE SR EUZ,, SRS S N8t
IHAARZE, ARIEFEAARZEFI AT (1) TR L5, S JE AR S I AR 3% S B o B2 M S 4L

LS [ 3 MO 4L, 43 B2 Lpp « Margin Loss Fl g(y) . Lpp M35 W2 3K (9), Margin Loss 35 1A 3¢ (10).
)20 DX 3303 125 5 40 Ao DX 33 43 2 R DX IR A 1) [P B AT, DRI 7 B LE I () SRR 3B b 2

(1) Lpp ZEVREFRI HARBREL Lop FAZEIRAR Lo M5 RHUR Lyga BT B, ZEEBLR N TA N E 1T
MEZE, J& T IE 481 () S T k2 s v, B0 I 288 SRR 26 0] LICAS O 0, S AR I3 H BR. 23 283 2R Sl IEAR 2SN 1, R
FOARZEEL 0, H AR A3 FONMES AT fe el T B SHE, AR AP B bR, Loy FITHE LA L (9).

N N
Lo ==Y p{™10g(g}"™), Luws = =) c,log(q)) ©
i j

J

S, e = _SROUTMD) XD/ Temp)

i N > 1i

N
Z exp(vi/Temp) Z exp(zi/Temp)
X X
Lop = €Lty + BLawa » O NS HEIES . ¢, € {0, 1} RIRTENR j25 B ground truth {8, B T IEFRAEEL 1, HoaR HFRAEEL 0.

LV = ng_g}l(x), z; = nggit(x) . R AR R H BR R %&LDP H
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3438 HAFFIR 2024 FF 35 55 T H

v IREEFAFERLE 01 11 logit fiH, z ARBIEAFEARLE ' L1 logit it pl™ F g™ RREAFEAR x 43 HIAE
IR 9= F ot b 28R R AR S i 28 B, ZRIRIRE Temp — N 2. a= 1.0 F1 B = 0.24 # & VT 4L
(2) Ly, 7~ Margin Loss, W70 BOT . IHZE ISR S LA < 3 m de L %, Rk

{ margin = maX(Claﬁoldinum:newinum((xhyi € Cn]d); 9)) - max(Claﬁzoldinum((xia yi € Cold);e))

Ly = log(so +mean(topK (margin,k))/b), k,b € N* (10)

Horh, x, WREAS, y, WAREE, Coa RS, clafi i Softmax 732588, so /& IEEL, Hi{F log BAEE XN IEHL. 1]
B Clafi g ummew num 1275 T B FEA VA F RIS IR, 102 clafi g o 72 2 FEEHEFEA IS TH RIS
MIMEZR. DAL, AR AR margin AN IH SRR AR 1 by FO000 A 5B 28 A RN IE A U 282 I ) 2548 topK X margin {8 %7
HBIHT kA, k— %R batchsize K/MW 1/5. b Z4HIRE T 534k, AL L2 03— s ve K2
HNE.

(3) L3 RN AKX (11), 1=0.36 F1 6 = 1E—4 & P17 RE DR TFEEPUIRE 20 H AR, R A8 R %,
B A PIBARAE S 0.36. TENIH g(y) & BN 2R H 71 L1 630, Aok selidm s i # mi k.

L% = Lop + AX Ly +6g(y) an

3.5 ASPIL EE3IEFr

PAVE WA TR T3 U00Rs B A28 8 s R ffif it ASPIL {3422 5] FIR I

o “PEIVUIRG B (Avg €[0,11) W ry; WBERILEAT 55 i AT INZRIG, AEAT45 j i g iR kS J3, fEAT45
T N PTHRE B Ry e A2 (12).

1 T
Ry = ?;rm (12)
SRR IS Avg R eSS N IR AAES (1...7) FE@ T ANRTIRS BE HSP3AE, TR LA K (13).
Avg = %;R; (13)
o VI (F e[0,1]) Bt £ ABIRAEATS | ERATINZRERMESS j S, WA (14).
f; = lg(g{.a”ﬁi”rl,j_ri,j (14)

PRI, AEAESS T I P Bt s gioE SO A3 (15).
Fr=o— > ff (15)

4 £ W

41 BEREESMKER

S T WeiiF ASPIL A 24tk #4348 F T ResNet! ™ Fi VGG, sSz3 ¥4 % CIFAR-100 FI minilmageNet. 1f:
12 GB 2471 GTX-2080 Ti GPU f1 CPU@14.4 GHz I+, 3&F PyTorch F1 NVIDIA CUDA 52T,

o CIFAR-100 %4t £E: CIFAR-100 52 Alex Krizhevsky FT42 4[] 8000 JI5KAR/NAy 32x32 [/ UG B AL 1)+
£ e 100 MK 6 J75k RGB BUE, S48 500 7K EGH T4k, 55 100 5K BHEAE Al 4.

e minilmageNet %4} 4E: minilmageNet $#54E /& ImageNet-1k ()74 BEE T 100 M F K 6 JTikE
K%, FEN2EE 600 5K EE, Hordh g 500 5K 0TI 25680 100 5RALINR. £F5K B RN ~T b 84x84. 5 CIFAR-100 ML,
minilmageNet 245 5 0052 2% HO&E & J BUAY, 20 127 ) Ui dne 5 FH ) SR 25ca 46

o SIIGUE: I ST H SGD LAk, BG4 S F N 2.0. TEAYIZRBYBEA 100 /S epochs. 0-47 epochs, 2% Y]
% 2.0; 48-61 epochs, 2% 2] % 0.4; 6279 epochs, % > Z 2/25; 80-99 epochs, %% ] 2 2/125. BUE R A E Jy SE-4,
Batchsize 24 128. {4 FAH [ (I S REALAR 00 7, A0 F S H FL R A% 19 I HH K928 501, 73 284 B 1004 TOP-1 K5 2.
X T Softmax FNTRZETR S, {1 Temp=2 HIZETRIREE. UbAh, 2 T 380G M &% 5 2K, AT il —ik, H
ANTESEHENESS R LIRS 5, LU e R I e il b0, I BRI AR 27 5 1) RE M, 3 A 3 S 14 £
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WRATE SRR B 2 W K E )

7 2 JE .
N T AT AT,

RIEGIAFE 75 h 2000, Sl B 70 5107 3 SR AR S5 LK.

42 S5HEXFEMLLER

3439

SEH A AF 5 LUCIRUUR EQEPO RS — 5, [MAEAE T iCaRL! i1 [l O AR R BB, £

ASPIL AAE R 5 AL T H AR ST A 7%, A IRES P, £ 1 I 2 BoR T8 1 /M=
SCIRAE NI LA BT PR S (GRIR N Avg), THEILA L (13). % 3 7R ASPIL 7E CIFAR-100 Al minilmageNet
B 1K 6 BrBURT 10 BB PSS (R F), 1HE LA (15).

F 110 BrEOHARE LR (%)
Dataset Method Number of classes
10 20 30 40 50 60 70 30 90 100 Avg
A-GEM'" 850 5842 483 4439 437 414 4048 3726 3174 2691 45.76
EMR™ 82 615 54.67 5074 4783 4442 4271 3673 3417 3178 48.66
iCarRL"" 849 737  69.17 6475 6194 60.17 583 5499 536 50.83 63.24
LUCIR™ 89.1 722 6343 5617 53 4987 493 4631 4381 42.09 56.53
LwF 858  58.8 53.62 4852 4202 3824 3586 33.16 2943 2574 45.12
CIFAR-100 EwWC" 86.1 661 6057 53.75 4742 4388 41.07 3924 3583 3133 5053
ABD™ 91,5 742 702 578 5298 46 4336 3859 3652 332 5444
SCRP! 86 767 741 687 655 639 6003 589 5491 5108 6598
S&B!" 872 8147 7752 73.64 69.15 64.66 61.55 59.05 5531 5229 68.18
Upper Bound  87.3 8457 8243 8159 79.74 78.64 7842 77.11 7685 7632 80.30
ASPIL 90.5 855 8252 80 7608 72.11 68.74 6414 6197 6025 74.18
S&B!" 8926 8377 79.8 75.12 7046 6693 63.08 6235 57.63 5472 7031
LwF"” 88.1 812 722 6357 553 4985 4486 4077 37.14 323 5653
Bic™” 90.8  80.18 7553 7123 67.65 62.58 58.19 54.86 51.54 47.88 66.04
minilmageNet E2ER 9045 79.68 7253 6793 62.65 58.58 5449 50.86 49.14 43.88  63.02
ABD™ 933 7839 73.86 6654 5894 5324 4801 4373 3993 3803 594
Upper Bound  89.5 8671 84.13 8325 81.56 82.14 80.57 79.11 7888 7832 82.42
ASPIL 923 87.69 84.18 8157 77.57 73.84 71.04 6736 6419 6248 76.22
W AvgIRE Top-1 I TAIRE L. IR R 44 T00 B Hp e i i 45 21
F2 5 HBORBIREEE LR (miniTmageNet ZHE4E) (%)
Method Number of classes
5 20 40 60 30 100 Avg
S&B!" 93.2 85.05 77.47 69.91 66.29 60.80 75.45
iCarL"" 89.24 77.89 69.06 62.37 57.78 50.62 67.83
E2EP" 88.76 80.21 65.43 58.32 50.21 48.35 65.21
LUCIR™ 90.03 82.57 74.48 65.21 61.63 55.48 71.57
Upper Bound 93.2 88.81 85.69 83.92 81.46 79.75 85.47
ASPIL 93.9 87.24 82.2 77.45 73.40 70.14 80.72

Vi ZEminilmageNet3 i 42 F T, AvgfRR Top-1°F3IRAVRE . Ik 2R 25100 B e 1R 25 4L

9 3T ResNetl8 ¥ ASPIL /7755 LwF™, EWC™, icaRL!"!, A-GEM!"?. S&B", LUCIR"., Bic"",

E2EP, SCRPY, ABDP,

EMRU LA 45 5 DA K A S ASPIL 773248 ] ResNet50M2H1 VGG16M™ I 1172 1k

ASPIL ZEFTA7 BB IR T AR TG4, 110 86 T ASPIL 5kt 2 0 T BRI 1, AT R
TR, PR T R AT 2 O A, A5 4.3 TSR A g,

© hRBIEB IR

http:// Www. jos. org. cn



3440 WA IR 2024 5 35 K% T

K3 CPHBEERE (%)

Method Forgetting
CIFAR-100 (7=6) CIFAR-100 (7=10) minilmageNet (7=6) minilmageNet (7=10)

LwF" 36.04 41.72 38.56 4420
EwWCY 30.54 37.76 33.06 40.68
ABD"? 26.62 32.00 28.52 35.40
iCaRLM 21.86 28.60 21.30 28.42
S&BM™! 17.23 26.37 20.35 29.96
ASPIL (ours) 11.81 21.72 11.24 21.37

1 FEFASPILYECIFAR-100HIminiImageNet3 s £ 1 If 61 B~ 44 gt s A 10FY Be P11t s, -~ it s
WS W3 5T AR(LS). T=6K7m6M BE (1N HERE S5 A5 AN AE 45) (R P39 8, =108 75 10B B
(AN FERIAT: 55 FIOAHE S AT55) IR T 438 . ASPILIG AR B fe AR, HI PRI

100 100
—e— ASPIL (74.18) -&- LUCIR (56.53)
90 -#- S&B (68.18) —#- EMR (48.66)
@ iCaRL (63.24) -#- A-GEM (45.76
8 CaRL (63.24) (45.76)
> >
2 2
3 3
Q Q
B 3
- B
2 2 —
40 | i,
—e—ASPIL (76.22) -~ E2E (63.02) ~~o
"& 30 t —#-LwF (56.53) —a— ABD (59.4)
EWC (50.53) SCR (65.98) - Bic (66.04) ~#-- S&B (70.31)
20 I I 1 1 1 1 1 1 20 1 1 1 1 1 1 I I
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
Number of classes Number of classes
(a) CIFAR-100 10 stages (b) minilmageNet 10 stages
100 100
—a— ASPIL-Res50 (76.89)
-®- ASPIL-Res18 (74.18)
~#: ASPIL-VGG16 (67.55)
> > \'0\\.
£ £ Mg
= = " o, 0.
3 3 Sy \
2] & Yo. O\,
n TR X, Wy
& o o,
P R ™ T — o\\\:\\
—e—ASPIL (80.72) -#- E2E (65.21) o T T
30 | —#-iCaRL(67.83) -#-S&B(7545 | | T
&+ LUCIR (71.57)
20 1 1 1 1 I I 1 1 50 1 1 1 1 1 1 1 1
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
Number of classes Number of classes
(c) minilmageNet 5 stages (d) Different models on CIFAR-100

9 1 ResNetl8 | ASPIL 54H 7y
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WAL E S B FIR HRIF e A F A RIETF ) 3441

T 5E7E CIFAR-100 FRHT T 10 BB (stages) 3G REIIZE, W& 9(a) Frw. HIKAE minilmageNet 24 45 ik
T THARFIM L, R 10 ANSEA120 2K, WK 9(b). (c). #Ja, 7 f# H ResNet18. ResNet50 Fll
VGG16 2T ASPIL Jy¥%, Horhf# ] ResNet50 i%] CIFAR-100 £ 10 BBt Top-1 “F-34K5 & =ik 76.89%, it
ResNet18 2.71% F1 VGG16 9.34%, JLEl 9(d).

%, CIFAR-100 34 1= ASPIL (CF-IH5 5 74.18%) NN AR & AT 56 AT IX 38 B 1K) LwFY! 29.06%
EWC™ 23.65% Fil A-GEM"? 28.42%, B34 7 [X 4858 25 (1) S&B! 51 6%, H ARk LAt 757%. 5 ASPIL 1)
74.18% 5 F IR 80.3% MIZEHH 6.12% hde/, B3R T ASPIL (ULt th 2R B AT 45 2 10 2 TIAIR, S 805
TR, A TAL 4542 1) A-GEM!" 1 EMRYW 7 VA AE A S50 R B 72, 1T S&B S it #%E ASPIL I, IX B
VA BRI o] X 455 B 5 7 v (#9325 . LUCTIRUS 0 ABDP2 IR IR 35 1> LwF. EWC 1 A-GEM, 42 R 4 3L — e FR B fif v
T 0] AN, 5205 1 icaRL!M. SCREVAREL, ASPIL AR IXEAS T 10.94%. 8.2% I 7
9(a). (c) *H iCaRL Jy i BUESETT 4 VK, T AERE AN iCaRL 1) NCMQGL IZSIME) /0 FAs R SR AE a6 (0%
PEREAR) JEAT B 58 3 i AN P A0 4 3 SRdb AT I SR B, el T3k . 17 IH R0 B e A 3 5 v I 5 R A, 30 T
RN T B IM. SCR RIALIK T~ S&B, LA AL 8.2%, {HAL T- EMR 1 LwF.

%5, 7 minilmageNet ] 10 frBGz47H, WL 9(b), ASPIL 1 S&B fmfs 7 FE 9(a) — BRI 740, ASPIL
ALLT LwF. Bic. E2E. ABD. S&B, I/FIG= M BUKIRIAS T 30.18%. 14.6%. 18.6%. 24.45%. 7.76% (14
de, 5 EFOEB 28R 6.2%. Firh ABDPY2E T Bic?76.64% 113 I ABDP 45 S —3, Bic 55 E2E ik HoA T
LwF 7543 2 Bic? W97 15245, TT LA ), FIRE J59%7E minilmageNet R A & 32305 = T CIFAR-100, 3X 7] f§
J& AN minilmageNet 545 5342 5 (AR 25405 F T-9R 50, 0 A SC ASPIL SR i 5 =F 5 (0 405 3 A TR AT 4548 52,
JLEE 4.3.2 F5LH IR, % EE ] CIFAR-100 $0d 4245 A, SCIRAEER T ResNet1 845k (1155 1 ANt Ak )2, 534k
CIFAR-100 1 minilmageNet {5 T AN E IV — AL 5 DA FH55 B 2038 4 RIS B, I S8R ] BEH7 ok T G .
9(c) " ASPIL 7 minilmageNet 5 Bt B3 K& #4115 9(b) — 3, 32 th T34 5 20 B /D Jy DLt 0 20 1) i [T, AH LG
9(a) IR EIRTT 6.54%. FHELIE 9(b) -7} 4.5%.

9 1 Top-1 KB (1P Bon7EdE S b, WERIETE AR 1. 4 2. B HELL (5] mUR 3 8 SCAHE SL [F] A
A I B A, B2 1. % 2 1 LR (upper bound). ASPIL J5¥:7E CIFAR-100 F1 minilmageNet 3458 13
A T e de i 4 1, UL 9(a)—~(c). My T REAT A1 I LA, X6 B St (1 SE BB iCaR L i [R]JBORE A% B iy SURN
AL TR B SR R
4.3 JHRASKLG

JYUAE ASPIL EZE S 5p: AIFFEEDCHIG 22 >0 (GF 3.1 749) FA2 IR SLM (3 3.2.1 1Y), XU5p Sty
(GBF) (3% 3.2.2 %), iX 3 T4 ASPIL 1t BB FFERE, 43 mnet Hdb AT an R yH il se 5.

4.3.1  RRRLRIK IR s A X Y Rl s A

AR SEFE 2 2] — AN BT S5, ASPIL REUCE BT IHAE S5 A1 AR BT, BT W5 T IWFSE. — J7 T 22 X
S0 35 1) T 2 R MR R R, SR 4 2 00 T AT I AR R, WLIET 10, 55— 5 1HI, AEANE R AR U
BE IS DL, MR EFRIBGEE 4 5T IH AR B O B R BE, W3R 4, RITHANRSZ 40 00 F2 B0, TH AR O 72

e 4 ARSI A AERR B2 ST B B, R 2 1 0 X S5l o0 B AR AL 1 25 N PR 2 TR 2 SR AL SR S5 R 46
FRIESRIGH 2 (&R 2 Z AT 3 4r), e 288 (BER2) LRIBUR A GEEIEE TR, M4 ASPIL #1H
SR IR ARG B, LM 2 R ARG 43 6) T 1H AR (0 £R B R

Pl 10 36 UE T DX IR 25 2 3R] DR TR RS L A0RE B2 1 11 25 B 10 R 30 AT 50 AN 9 A TR I ) 43
K AN AL S, A S X 3 8 2 T AR AR T 1 U TN S N AR R 4 B URSE R B BE SR, KL
P 6% 1) R 2 2 A0 SR A T 480 SE B IR IH TR B, BRS843R 2 IRORS 1, At e R AR 7 1 R I 4 20
BE (B4, %+ ResNet18 HHE LT 1.2% HITEWR). Rl b, i3 4 45 5L AR X3k 4 2 AT A, 8 B A 784 g &
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BB IHEIRIGE— RIKBE ), 78 a3 BeA il Aan (R DR B Zr ) w7 A — e REBE I AR k. B
&, KRR T AP RS TR, A INE . B 10 1 g AR IR T X R, PRk DR 2 2 ) 4 SE 4 T
TN R RRS L

90 |

80

70 +

60

Top-1 accuracy (%)

50

40

—&— With regional isolation
—4—- Without regional isolation

K 10

True label

True label

20 30 40 50 60 70 80 90 100
Number of classes

DX 45k 7 2 1 R S 56 R )2 (CIFAR-100)
0 5 10 15 20 25
0 . . :

| |
s | '-....-
10
15 +
20
25

Predicted label

(a) Without regional isolation (30 classes)

0 10 20 30 40
0 T T T .
L}
10 ....'- =
..l
....
20 |+ '-....
"
30 | "-__-.
40
Predicted label
(c) Without regional isolation (50 classes)

K11

# 4 ASPIL & &2 X B BUS IH AR R B RS (%)

FHEARIR LIEILAVAY L
e [ 25 3] Ja R R IR
ResNet18™* 86.4 853 (1.1])
ResNet34*” 87.8 86.4 (1.4})
VGG16™* 88.9 87.2(1.7))

T P00 226 71 2% 1 B S 2 ST I TSR R B A ARG e BT TR AR,
hy T R T AR X3 B B A A T R X sl s 8 £

0 5 10 15 20 25
0 T T T
5 80
_ 10 = 60
L
)
o 15
& 40
20
20
25
L 1 1 0
Predicted label
(b) Regional isolation (30 classes)
0 10 20 30 40
0 T T T T
80
10
. 60
2 20 r
=
2
£ 30 | 40
40 | 20
1 1 O
Predicted label

(d) Regional isolation (50 classes)

ASPIL [X 35k o B 7 Ak e v 0 B
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] 11 HffH ResNetl8 7F minilmageNet 2448 FREAT. FEARR]EX RS 2.000. 365 8 2K (1) A7 78 5 2D ()4
SIS (L 11(a)s (b)); ma G RAT SRR IR (LK 11(c)s (d)). #HEL T B 11(a)+ (c), K 11(b). (d)
BRI IED, R IR A R 2 27 ST B T8 IR SN ZRER SR, 8 St AR 5 TH A R IE B 55 IR I AR, T 2
FEARHT S IEAT45 1B A T4 H .

432  HE ) HERD RS

H 2% 2 HERY SLIM AR 1) 71 Rl SE 360 2 DAy A AR 28 TO 0P RG J8 AR 55 1 98 58 ZBUR 1. DA SLM AR iz B4 0-1 #E1
FR 28 035 A 25 TSR S 6 70 S50 ) AT 45 I A T, DRI vl DU 2 5 R ) 40 AT 45 RIS fr i, 503F SLM
Ref s R M4 s HRr e 4580, WK 12.

% 2 rr@@zmmz ZE RIEF 3 R 3] [F 1 Ri | i 2 Fii 2]

| 551 7)‘&“@1%77@1

(a) minilmageNet 6% AT M14L (b) CIFAR-100 7% A #14k
Bl 12 A% T4 98 E SR

B 7 i SLM SRR EAT & 4R E fie J14h, R SCEMIE SLM % S8R EE R T SLM FIALEA, W3k 5 fis. 78
CIFAR-100" 4441 10 BrBE 2 ), 5 B A R RE 55 2 ) IR e 2 R 4R AT EL, SLM - uER Rl 70.51%, HLiE
215 3.31%.

*5 SLM KR (%)

Number of classes (10 stages)

Method
10 20 30 40 50 60 70 80 90 100 Avg
Baseline 88.4 80.6 74.9 67.85 66.52 63.37 61.92 58.29 56.83 53.33 67.20
SLM(—GC) 90 82.95 78.69 74.24 70.46 66.88 63.86 59.81 58.02 55.9 70.08
SLM 90.9 83.45 79.05 75 70.95 67.33 64.07 60.15 58.24 56 70.51
Gains 2.51 2.851 4.15¢ 7.15¢1 4.431 3.961 2.15¢ 1.861 1417 2.671 3311

VE: ZECIFAR-1008#E 4 13847, AvgfCR Top- 1 F-EIR MRS B, SLM(—GC)FE 7~ EFRGCIKISLM, HIPHL 2% 7 & 15 5 1 (11 R 5 45 1

12 L ResNet18 PIZEEE 9 ANRFAL 250 N (I HERD, Z4F1E 2 FHERD 1) TEIR 34 4 channel=128, high=16,
width=16. ¥ 12(a) (b) ¥ SLM A= B4 HEhd DL ) B B K S B IRE 20 R, B AT 4556 Y IR K P8 T i 4
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77 B (g Je 3 R, AR R A% R A vh el & e, DA HERG (6 47 5 iy b 5 e T A b g SE A BUN. 1
minilmageNet _b K HEAL 4P 5 BIME45 I RE 14T CIFAR-100, K24 minilmageNet HA5 5 IN=F & (115 = 4075,

% 5 W78 GC-Net A1 SLM IS #, SEBl SLM 75567 LU R W si: 1) #6085 (i, AR R4S 1E B i RF, X1
FRST BVREAE B I KRBT RERE, I 2 /N BT F7 43 3R, 2) ST P 1 de vt J2 A e JES R AR L e /NI R BT B, d i 2
BBIERT 10%. ArE 28 THARLGRIINENEERKRER, BH SN THHELNER.

433 M5 SLEE T Rl

53 S Rl T AR 5 T ZEE 4 GBF (114503 3l &) ACR. 55T IX S FR 25 #1 SLM ) Baseline, LAf5 G GBF
A5 90 248 061 S AR BRSE N PE AR AR, AN, BRATIVPAL T 0 40 AR R IR BB 0, AR A 4R 3 N MR TR 2 B
4R IL. CIFAR-100 442 T IR A IAIE, M 4% 1 T8 1 ResNet18 S8

13 7R GBF AMUAE— & R E FAETE T X At 22 4 6 71, FLGE IH AR 00 68 0 g 42 . 37 0 HU4
S5, FULAE T — AR R o, R 22 8 ALk LR 2l i A R ANGRAT, R 4 5 S 3 B A o

PAFRFLERI W A
88
a7 | I Baseline % | N Bascline
mw GBF s GBF
86
g 85 k g 80 |
= i
284 L #E
X =75
F 83 ¢ g
= m
82 | 70
81
80 65
2 3 4 5 2 3 4 5
R B HER B
(a) B AR ARG B (b) [HAHIRIRHIHRE B

B 13 GBF #i. [HEI IR BIRS B

[l 13 th 5 7% GBF 7] LUR 42T+ B4R 708 AR IRIE R 1tk K 2T 82% E T2 86%. Baseline H7 ARG FE Y
5 25 KT GBF, 0] BE AL KA < Wb i 50 7 5 R (38T« T R0 090 8% 255 1) 1) 40 FE L 37 R KR 0 AT B K AR o2
PEH. G, BT A TRORS BE W AR K T[],

% 6 W~ T GBF FEBUHN N R 1 3E B 1 FHAE AR KT8 B UERA . IX R0 003 SRl A PR R LA R 74.18% HISF4H
BIKE BERN 3.67% (1-T-SRE FEHETE, HAR T 50 SR & 10 72.15%. GBF 8 & 124 f= i A0 52 29 (10 1 s e ot 2 & 3
1), U B 43 SR A5 3 43 AT DA B 43 S22 20 30 03 A s B, SEBIORER T SE MR 1B G mil G B 4
IS a QLB 7 bR0E) #HEBI S Rl & S 5 1, a2 500 3R T8 30 2 s LK% AL

# 6 GBF K/E& (%)

Number of classes (10 stages)

Method
10 20 30 40 50 60 70 80 90 100 Avg
Baseline 90.9 83.45 79.05 75 70.95 67.33 64.07 60.15 58.24 56 70.51
GBF 90.5 85.5 82.52 80 76.08 72.11 68.74 64.14 61.97 60.25 74.18
Gains —04] 2057 3471 501 5131 4787 4671 3.997 3731 4251  3.671

iT: CIFAR-100%4i 4 B 3EAT, Avg & Top-1-F-3 RIS L, IHH 7R 25 30 H o dF (R R0 45 1

AN, TATIEK 9236 HE B ResNet50, ik GBF Wiz ke )1, 2 L5 B.

4.3.4 Margin Loss 4 fili 51256
Margin Loss ¥4l SZ50 /& M ASPIL H4# Margin Loss 1E W IAE A 364k 2B, ST AP Z A2 AN . SN
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HY 100 /~28 1) minilmageNet 285 855 5 K150 0y 5 A2 BB, REAN2% I Bl 25 100 4K, WL 14, i THIUERY B
S B AR, AN%2 Margin Loss [F52M, K UL 815 21 Stage 1. WLAL, FEAIE NG Stage 3 45 2R 0] i st T
Margin Loss 1E TR DA il — 25N B, ATREIAR 20T gE— 2 0 I 25, RILH TELFRRIRE ). B2, W7 H Margin
Loss Y, LAEZERRA™ Stage FIUER|Z 41 %4 Margin Loss [,

90 T ' T T y c
Stage 3 Stage 4 Stage 5

|3

Stage

80 |-

;
20 L A oaad 0 Y
;
;

60 It

S —— With Margin Loss
E: ===+ Without Margin Loss
g 50
§ ©» 2.0}
< 174
40 £S5
1.0t
30 -
L e N ———— With Margin Loss
20 0 . . . . . .
0 20 40 60 80 100 ~——m== Without Margin Loss
Epochs for Stage 3
10 L 1 L
0 100 200 300 400

Epochs
] 14 Margin Loss 5 [ Boi fili 52 5

15t ASPIL 73 2828 B N2 4 ) 2, A5 F s 108 IRANRIE SUE B 3R 2 5 20 (PCA) Btk s
o ) R PR 4 A T4, PCA-1 o8 X Bli), PCA-2 3R Y S, Sk Wos i [HENRM AR, B 15(a) 2 NIZ5 R
R 5 27 S ISP AT THARAIER AR (S ARERHT AR, SRR IH AR, FTIHARE 10 28); B 15(b) 24K
FH Margin Loss £ 5 [ X IR R VIS5 18T IREIRECAIRZS; Bl 15(c) /&M Margin Loss 25l k5 52 R
K1 15(c) 8218 15(b) 73 25 RAF, (I T <RI KM 2 3 UR.

60 » Old 60
(@ ® New

40 40
20 20

4 4 Q!

g 0 g 0 S

& & &
-20 =20
—40 —40
—60 —60

60 —40 20 0 20 40 60 —60 —40 20 0 20 40 60 —-60 —40 20 0 20 40 60
PCA-1 PCA-1 PCA-1
(a) Finished isolated learning (b) Integrate without Margin Loss (c) Integrate with Margin Loss

B 15 #£ CIFAR-100 I~ Margin Loss i %73 28V

15 SR 7T Wl i) A74E L Margin Loss % I FIZEAR AT, X2 0l 70 BT, [H I ek Sl 7 LUE
BN AR M5 B 1 R U 4y FERERR LK. 15 ] Margin Loss REREERFH RN BE, BRI A ‘& BEAS (A 24 M At
6] 33 60 VA 2 Ay SRS M DX TR AR TH R, BIZE AR T I ) i 4.

# 7 %7K Margin Loss 7F CIFAR-100 1 minilmageNet 25, 43 HF 3.96% A1 4.93% T34 PERE .
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# 7 Margin Loss 1HAlSERKEER (%)

Number of classes (10 stages)

Dataset Method
10 20 30 40 50 60 70 80 90 100  Avg
ASPIL(—Ly) 889 8245 79.15 7673 7250 6821 63.69 5974 5627 5452  70.22
CIFAR-100 ASPIL 905 855 8252 80  76.08 7211 68.74 64.14 61.97 6025 74.18
Gains 1.6 3.057 3371 3271 3.581 391 5051 441 571 5731 3.961
ASPIL(—Ly) 919 833 80.53 77.63 7344 69.15 6445 60.51 57.1 5487 7129
minilmageNet ASPIL 923 87.69 84.18 81.57 77.57 73.84 71.04 67.36 64.19 62.48 76.22
Gains 0.4] 4391 3.651 3.941 4137 4691 6597 6857 7.091 7.617 4.931

1 ASPIL(— L, )82 ¥ Margin Lossf{JASPIL, 7ECIFAR-10050 442 EHEAT, kL 26 75 % 100 H Fp S I AR 0 45

4.3.5 5L BEATLHE IR v R s A
J T LA HT VT ASPIL A1AFIS2M 0, FRATE ML T AT RFSE X 808 2% ) RI. A 2% D SLM. X4)
SCRilE GBF, Margin Loss 512830 Ly, 3X 4 AN Z1AF (1 BEATIG R E Rl e i 2%, Wk 8.

# 8 BALAFREHLIG I R SE R R (%)

Variations Number of classes (10 stages) .

Avg Acc. Final Acc.]
RI SLM GBF Ly 10 20 30 40 50 60 70 80 90 100
NA — — 8886 80.75 76.62 74.13 68.85 6632 63.23 5898 5677 5474  68.93 5.51
N = N — 8922 81.03 7726 73.0 6892 6581 62.64 5791 5625 5387  68.59 6.38
\ — A 884 8296 7793 69.85 6852 6537 63.92 6029 57.83 5533  69.04 4.92
- A N — 886 7860 7266 67.55 63.94 6125 584 5436 5235 49.68  64.74 10.57
- A — A 892 7920 7325 6657 64.53 62.88 60.55 56.80 54.11 5134  65.84 8.91
— NN 902 79.05 7297 6624 6425 63.0 59.96 5693 5381 51.44  65.79 8.81
- A NN 885 8194 7673 70.74 6829 66.51 6233 5921 55.65 5243  68.23 7.82
N = NN 9013 8342 7875 74.88 7094 67.62 6471 61.61 5822 5589  70.62 436
NA — A 909 8345 79.05 750 7095 6733 64.07 60.15 5824 56 70.51 425
NA N — 889 8245 79.15 7673 7250 6821 63.69 59.74 5627 5452  70.22 5.73
NA N4 905 855 8252 80 76.08 72.11 68.74 64.14 61.97 6025  74.18 —

E: fECIFAR-10030H 5 FHHAT, VR AL, REE R IRBE 2% >, Ly fA&Margin Loss# KT, Final Acc. |A4E A LL T 5E4¢
ASPILI I a B BORUmDRE 2R B, DORRRVE foc o 25 2R, AL Gbnyi de e 45 R

53 MBEAT A A OB A 1A T RS2 56, DL BT 3 AN IR R . O TE iR B R B e A AR Ao 5 TS M i 1%, X
UESE T ASPIL &AM ANk, @ FAL 1 Rl S B T RT A Ly, (E I SCHEPE, FARLE IR RT 803 Ly,
Gk 7.82% F1 5.73% I d 2P RE T BELL A 5.95% F1 3.96% V-4 PERE T Be. @ XL Falt 512 56 v ) b £ B
RI AN Ly, HIVERERE Mt /D, SR T % T LR B 20 B, A, [RIIN Y 25 RY M Ly, , AT AR 52 B )™ FE AR 42K
15 10.57%. S 75 22, ASPIL A2 BB AT T, S0 e DI R 20 2 DR Al M P8 " ) T A 45
43.6  IRENTR DI G5 ) 5% i

(D) Lededyide: A T k20 7 i ASPIL H IH SR X35 L A8 o) 2% ) b R (K04 FH , o TH 00 D3R A 70 s A 7 i
T EL I 2 A 50% 1 FRER, JF 1B 2 4N A IH R TR X Ay BE oo S5, JF4E CIFAR-100 il 4 EAR 35 KT

BYNGREEAN G AR S5 IR 45 . 384T 52580 5 IR, TRITA 155 58 UG 5 DINEURE B 1P 11, 3 9 Ak 10.

B T E TH AR I EE R 7 %, I8 4E CIFAR-100 $i 4R ERZR T Al AR I S0 YDy o 38 27 > )52 .
FAATNE, B e [N ER DA A (A R s B AN B MEL E 58 BERIIZR LU, # AR 2 R BB, 2 A5 (16),
sz B TH SR B S8 BT 46, 8 AT 55 (R REA T S8 18 0 T 60 R X I oy B 38 R A

Fatiogocae = Fatiomy — (ratiog,y — ratioy;,) X cos(n/2 x (¢t/Stage)) (16)

He, ratiom, M ratiome, 73 ARG IH AR DR L2246 25 18] i) die MBI KA. ratioaneee TRARIG BEST T8 £ 1IN 7) T
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T AR s B AR AR S5 OB B, 10 BrBel 2R 0 1 AN SERIVIZRESS M 9 NS RAESS, Stage =9.
B MG BT A5 AT, AT 55 Z RN LT PR, 225X (16) AEMS LUSE PR (1438 4 7310 5E 22 1 IR TR IX K.

2o [EE IH AR LS EK 10 By BORBIRGE (%)

Old knowledge ratio (%)

Number of classes

10 20 30 40 50 60 70 80 90 100 Avg
20 90.44 8495 8242 7990 76.09 7136 6855 65.17 6197 5946 74.03
30 90.95 84.88 8232 8020 7535 70.76 6854 6508 63.30 60.02 74.14
40 90.50 8550 82.52  80.00 76.08 72.11 68.74 64.14 6197 6025 74.18
50 90.55 84.85 81.80 8026 76.79 7234 69.60 6497 62.60 60.32  74.41
60 90.75 8492 8l1.64 80.13 7622 72.69 6883 6533 6223 59.79 7425
70 90.30 84.67 81.70 7945 7546 70.28  68.81 6430 62.17 6024 73.74
80 90.90 8450 82.52 80.07 76.07 7224 69.23 6490 6235 59.68 74.25
s ZECIFAR-10050i2E _EHEAT, X JRIKI16 5 . Avg & Top- 1P UM L. MIEHLRE 7 s i 1~ F S PR kG P
10 ATAR TR I Y LG 10 BB AR BE (%)
. . Number of classes
Ratio of old knowledge region (%)
10 20 30 40 50 60 70 80 90 100 Avg
40-50 91.20 8495 81.92 8030 76.84 72.69 70.00 6518 62.70 60.50 74.63
30-60 90.70 84.20 81.75 80.20 7538 71.89 69.07 65.10 62.70 60.39 74.14
30-70 90.50 85.00 82.19 80.32 7640 72.19 6935 6425 6193 6022 7424
40-60 91.30 84.10 81.52 79.75 76.50 72.64 69.63 6597 6329 60.52 74.52
50-70 91.80 83.70 81.65 80.35 7638 72.09 69.87 6584 6325 60.80 74.57
40-70 90.40 84.05 8232 80.20 75.86 72.39 68.75 64.67 6226 6045 74.14

TE: {ECIFAR-10080d 4k EBEAT, XIS 16T . Avg R Top- 132 PUAE L. I 47 doc i 1R~ S YU A 52

BAVEAE A T HE K BB AT S B BOs B8 200 2K 192K CUB-200M s #3911 43k 20 2 ST BB,
AHE 1 RFEREVIZRAN 19 YN . 61 T R 5E 1H AR X3 7 2RIk CUB-200 30445, 481 BoR Tt
20 N BRI AaRS BE RS, WA 16(c).

90

Top-1 accuracy (%)
N ~ ~ e o
W (=] W (=) w

D
(=]

: —a- 20% (74.03) - 60% (74.25) 90
—#-30% (74.14) -~ 70% (73.74)
\ & 40% (74.18) ~8- 80% (74.25)
t‘;\\ k- 50% (74.41) 8
S 30
g
3 75
B
Té* 70
H
65
60
10 20 30 40 50 60 70 80 90 100
Number of classes
(a) 10 stages fixed ratio on CIFAR-100
16

10 20 30 40 50 60 70 80 90 100

—- 40%-50% (74.63)
- 30%-60% (74.14)
- 30%-70% (74.24)
~de 40%-60% (74.52)
o 50%70% (74.57)
- 40%-70% (74.14)

Ry,

1"‘%&

Number of classes
(b) 10 stages variable ratio on CIFAR-100

90
85
80
75
70
65
60
55
50

Top-1 accuracy (%)

By ~o— 20% (64.29) ~#~ 60% (64.42)
y - 30% (64.10) -~ 70% (64.50)
) - 40% (64.58) ~#- 80% (64.54)
W, -k 50% (64.61)

B

as o
10 30 50 70 90 110130150170190

[IF A PR D3 L A1) 0 TR RS P8 F) 5%

Number of classes
(c) 20 stages fixed ratio on CUB-200

16 " Top-1 P3R5 RE W RAESSE 5o, SERIEE LR 9 A1k 10. B 16(a) M 16(b) S 10 B BEI il 2Rk
B, FPRAE SN CIFAR-100, A7 [ 52 1H A0 R DU AN AT AR TH AR by LR R 7 2. 6 16(c) A P AR IH AR D8y gt 3,
7t CUB-200 #54E 1T 20 AP B3 Sl 25
(2) BARAERSTHEAN 1Y : TATEPI BRI E 4L (45 CIFAR-100""/1 CUB-200"") I-PFf T FE T ResNet18
198 T P45 S ASPIL. CIFAR-100 A A LA 4.1 715, CUB-200 £ 4242 2010 4 F M B 127 e 4
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B T2 R I 55 S v R SR . S S T 200 MRS 11788 Tk LK R, 35K G H440L T 81525
Fricfg B, Hrha 5994 5K UG H T-IIZA0 5794 FRALIINEL.

BATNYFHEE 3.1.1 1711 BN 57 DX 3k e 28 R 117 TH KR D8k 11 o Bl L AAdh, e BN ACE N 1 y AT Fsi I
&k, ARG LT B2 I WIE K y T2 545 rank BEHDT. 55 AHETF R 1A BN BUE H 7 HaH K IR)T
TEECER 4y DT, 50 S i o 7 (10 308 38 14 5 A 1 R U DX k. A B P oy DAL o IR 7 R 5 L) B T e R DXk o
ASPIL SAAZE R ).

Q) TR G 8 G55 E 16, £ 9 FIZ 10, 1A LU FIEE R, 1950, TATHRH I 50% 1 IHK 385 by
SIS T 2 THEIR Dk e B i (R 45 51, B, 763 9 RN 10 H, 50% (¥ 1H 20K DR o B f -1 240 TRU0HS P 5
LA A TR TH AR DX LA A AR T ASPIL R RS B . B, 40%—50% [ ] AR IH 1R A Lk
KB T BT R A TR RIS B 74.63%. 40%—60%, 50%—70% 1] A8 i Ll 4> B T 74.52% A
74.57% [P R ARG BE. 55 =, ASPIL X 1HF0iR Xk AR AN ud. B &, [ IH R0 R X Le A 42 1H
SR DI 7 LI 22 B BEUUARS B2 I 2 40 R B T 61, 2 LR 16, Biltn, 38 9 i3 SURE FE R AL E R 0.67%
(73.74%~74.41%). 35 10 PR GRS ARG 0.49% (74.14%-74.63%).

IR AR DX sk o AR 4 9 2R 530 ASPIL TS B I R 24380, AT R AR 3 J5 T Js B8] & 5%, ASPIL () X 35
A3 BTG S AT DUAR S St R B T D X 40 0 S e A A T G X sy B S B, S b B AT TRC B T 10% £ 100% )
LA HATRR S5 H, WELIRBIREEE, IR 11 MIEE T 100% 285 3L, 30% DAL 16 TH &R B IS #R E H2 T IR i kG
FE, HAAUH 10% B IHEN R A7 EE RS 00 R, AXAT 1.9% MRS BEAR 2. 45 =, ST BN AR X e b 2 1 X 320 58,
VAT 52 4 )2 MBI RE BE W iR 2 A2 A 1T 5, 1 IRV R T 2 1 B D BY R B 2 LR AR B 2% 1)), T 2
7 [ 5 — AN B AR BT R (S oL R, 8 AR rank HEF R AL BTG 45 8U2 10 BTG 818 POk B IH AR X k. R,
FEAS B /N AT T SR UR X3y B SR B TH A UR RS, ASPIL 5 56 22 10 32 B TR0 i AR 728 o, 148 b 32 B s A5 10 2
BEINFEW. 5 =, ASPIL 7E X B R & 8 RS, A PAT [R5 X 4k o3 85 15 /i, sbb st I 4 50 245 1) o ] i 2% 2]
BRI AN, 1K e AR — 2 R EE L0 R 1F AR DIy LA 2 1 S50 RRG E E l.

K11 ZRHARXIE & LRI 2R 3 (%)

0ld knowledge ratio 100 90 80 70 60 50 40 30 20 10
Top-1 accuracy 89.92 90.85 90.66 90.67 90.83 90.51 90.54 90.4 89.77 88.02
1 ZECIFAR-100404 45 k4T, 48 F 3£ T-ResNet1 852 B I ASPIL & &2 AT 107K FERE VN SR (L 553 3 W I 55 3.4.1 1 AU IR), 45 3t
At 25 23 ) D 2R TR DX 5 B 48] 18 T D 100% (A28 TH AR X IR T B LR AR ), 90%, 80%, 70%, 60%, 50%, 40%, 30%, 20%,
10%. DR ARVEAG TRk 25

5 B &

AT NN 73 D27 S AIACAZIATTR LI &R R R R R A4 Y ASPIL U5k, JF I 3 Vi il S Bl 5 ASPIL 4 i
G RIRRAE I, A2V E R IXRBR 2527 5 F 2% SIS . X053 SRS Margin Loss 1F WSORARST IHMEME I 5.
WA A TR P2V S LAST, ASPIL 2 S 45 A > DX 3 0 00 DX Fl ) A o BE i 2. S m X Il e S 2 )
LR DA TH ER VR TR, DX Rk s e 10 oK B AR A LI IO AR By 3 F) B S Y. ASPIL A
SR ) A RE AR S HA IR LT, Bl T BRATAO TR MUk, B AU ok, A P DX 3o 1 R AT 6 2 2T ) 7 i 4
MR IBE 1R — ANRAT WAL AOBIT T3 170, 1 A2 98 [958 e o 2t 3 0 A4 449 B 0505 TIOR3, B A2 R A T
TRRERFETT .

References:
[1] Miao YB. Research on image incremental learning based on deep learning [MS. Thesis]. Hangzhou: Zhejiang University of Technology,
2020 (in Chinese with English abstract). [doi: 10.27463/d.cnki.gzgyu.2020.001097]
[2] He L, Han KP, Zhu HX, Liu Y. Deep incremental image classification method based on double-branch iteration. Pattern Recognition and
Artificial Intelligence, 2020, 33(2): 150-159 (in Chinese with English abstract). [doi: 10.16451/j.cnki.issn1003-6059.202002007]
[3] Ding SY. Research on augmented class learning [MS. Thesis]. Nanjing: Southeast University, 2019 (in Chinese with English abstract).

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.27463/d.cnki.gzgyu.2020.001097
https://doi.org/10.16451/j.cnki.issn1003-6059.202002007

WAL E S B FIR HRIF e A F A RIETF ) 3449

[doi: 10.27014/d.cnki.gdnau.2019.001102]

[4] Parisi GI, Kemker R, Part JL, Kanan C, Wermter S. Continual lifelong learning with neural networks: A review. Neural Networks, 2019,
113: 54-71. [doi: 10.1016/j.neunet.2019.01.012]

[5] O’Reilly RC, Bhattacharyya R, Howard MD, Ketz N. Complementary learning systems. Cognitive Science, 2014, 38(6): 1229—1243.
[doi: 10.1111/j.1551-6709.2011.01214.x]

[6] O ’Neill J, Pleydell-Bouverie B, Dupret D, Csicsvari J. Play it again: Reactivation of waking experience and memory. Trends in
Neurosciences, 2010, 33(5): 220-229. [doi: 10.1016/j.tins.2010.01.006]

[7] LiZZ, Hoiem D. Learning without forgetting. IEEE Trans. on Pattern Analysis and Machine Intelligence, 2018, 40(12): 2935-2947. [doi:
10.1109/TPAMI.2017.2773081]

[8] Kirkpatrick J, Pascanu R, Rabinowitz N, Veness J, Desjardins G, Rusu AA, Milan K, Quan J, Ramalho T, Grabska-Barwinska A,
Hassabis D, Clopath C, Kumaran D, Hadsell R. Overcoming catastrophic forgetting in neural networks. Proc. of the National Academy of
Sciences of the United States of America, 2017, 114(13): 3521-3526. [doi: 10.1073/pnas.1611835114]

[9] Zenke F, Poole B, Ganguli S. Continual learning through synaptic intelligence. In: Proc. of the 34th Int’l Conf. on Machine Learning
(PMLR). Sydney: JMLR.org, 2017. 3987-3995.

[10]  French RM. Catastrophic forgetting in connectionist networks. Trends in Cognitive Sciences, 1999, 3(4): 128—135. [doi: 10.1016/S1364-
6613(99)01294-2]

[11] Rebuffi SA, Kolesnikov A, Sperl G, Lampert CH. iCaRL: Incremental classifier and representation learning. In: Proc. of the 2017 IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 5533-5542. [doi: 10.1109/CVPR.2017.587]

[12] Chaudhry A, Ranzato MA, Rohrbach M, Elhoseiny M. Efficient lifelong learning with A-GEM. In: Proc. of the 7th Int’l Conf. on
Learning Representations (ICLR). New Orleans: OpenReview.net, 2019.

[13] Robins A. Catastrophic forgetting, rehearsal and pseudorehearsal. Connection Science, 1995, 7(2): 123-146. [doi: 10.1080/0954009955
0039318]

[14] Wang ZF, Jian T, Chowdhury K, Wang YZ, Dy J, Ioannidis S. Learn-prune-share for lifelong learning. In: Proc. of the 2020 IEEE Int’l
Conf. on Data Mining (ICDM). Sorrento: IEEE, 2020. 641-650. [doi: 10.1109/ICDM50108.2020.00073]

[15] Kim JY, Choi DW. Split-and-bridge: Adaptable class incremental learning within a single neural network. In: Proc. of the 35th AAAI
Conf. on Artificial Intelligence. AAAI 2021. 8137-8145. [doi: 10.1609/aaai.v35i9.16991]

[16] Han YN, Liu JW, Luo XL. Research progress of continual learning. Journal of Computer Research and Development, 2022, 59(6):
1213-1239 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.20201058]

[17] Liu YY, Schiele B, Sun QR. Adaptive aggregation networks for class-incremental learning. In: Proc. of the 2021 IEEE/CVF Conf. on
Computer Vision and Pattern Recognition (CVPR). Nashville: IEEE, 2021. 2544-2553. [doi: 10.1109/CVPR46437.2021.00257]

[18] Hou SH, Pan XY, Loy CC, Wang ZL, Lin DH. Learning a unified classifier incrementally via rebalancing. In: Proc. of the 2019
IEEE/CVF Conf. on Computer Vision and Pattern Recognition (CVPR). Long Beach: IEEE, 2019. 831-839. [doi: 10.1109/CVPR.2019.
00092]

[19] Krizhevsky A, Hinton G. Learning multiple layers of features from tiny images. Handbook of Systemic Autoimmune Diseases, 2009,
1(4).

[20] Vinyals O, Blundell C, Lillicrap T, Kavukcuoglu K, Wierstra D. Matching networks for one shot learning. In: Proc. of the 30th Int’l Conf.
on Neural Information Processing Systems. Barcelona: Curran Associates Inc., 2016. 3637-3645.

[21] Hinton G, Vinyals O, Dean J. Distilling the knowledge in a neural network. arXiv:1503.02531, 2015.

[22] Howard J, Ruder S. Universal language model fine-tuning for text classification. In: Proc. of the 56th Annual Meeting of the Association
for Computational Linguistics. Melbourne: ACL, 2018. 328-339. [doi: 10.18653/v1/P18-1031]

[23] Rannen A, Aljundi R, Blaschko MB, Tuytelaars T. Encoder based lifelong learning. In: Proc. of the 2017 IEEE Int’l Conf. on Computer
Vision (ICCV). Venice: IEEE, 2017. 1329-1337. [doi: 10.1109/ICCV.2017.148]

[24] Schwarz J, Czarnecki W, Luketina J, Grabska-Barwinska A, Teh YW, Pascanu R, Hadsell R. Progress & compress: A scalable framework
for continual learning. In: Proc. of the 35th Int’] Conf. on Machine Learning. Stockholm: ACM, 2018. 4535-4544.

[25] Liu XL, Masana M, Herranz L, Van De Weijer J, Lopez AM, Bagdanov AD. Rotate your networks: Better weight consolidation and less
catastrophic forgetting. In: Proc. of the 24th Int’l Conf. on Pattern Recognition (ICPR). Beijing: IEEE, 2018. 2262-2268. [doi: 10.1109/
ICPR.2018.8545895]

[26] Aljundi R, Babiloni F, Elhoseiny M, Rohrbach M, Tuytelaars T. Memory aware synapses: Learning what (not) to forget. In: Proc. of the
15th European Conf. on Computer Vision. Munich: Springer, 2018. 144-161. [doi: 10.1007/978-3-030-01219-9 9]

[27] WuY, Chen YP, Wang LJ, Ye YC, Liu ZC, Guo YD, Fu Y. Large scale incremental learning. In: Proc. of the 2019 IEEE/CVF Conf. on

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.27014/d.cnki.gdnau.2019.001102
https://doi.org/10.1016/j.neunet.2019.01.012
https://doi.org/10.1111/j.1551-6709.2011.01214.x
https://doi.org/10.1016/j.tins.2010.01.006
https://doi.org/10.1109/TPAMI.2017.2773081
https://doi.org/10.1073/pnas.1611835114
https://doi.org/10.1016/S1364-6613(99)01294-2
https://doi.org/10.1016/S1364-6613(99)01294-2
https://doi.org/10.1109/CVPR.2017.587
https://doi.org/10.1080/09540099550039318
https://doi.org/10.1080/09540099550039318
https://doi.org/10.1109/ICDM50108.2020.00073
https://doi.org/10.1609/aaai.v35i9.16991
https://doi.org/10.7544/issn1000-1239.20201058
https://doi.org/10.1109/CVPR46437.2021.00257
https://doi.org/10.1109/CVPR.2019.00092
https://doi.org/10.1109/CVPR.2019.00092
https://doi.org/10.18653/v1/P18-1031
https://doi.org/10.1109/ICCV.2017.148
https://doi.org/10.1109/ICPR.2018.8545895
https://doi.org/10.1109/ICPR.2018.8545895
https://doi.org/10.1007/978-3-030-01219-9_9

3450 HAFFIR 2024 FF 35 55 T H

Computer Vision and Pattern Recognition (CVPR). Long Beach: IEEE, 2019. 374-382. [doi: 10.1109/CVPR.2019.00046]

[28] Dhar P, Singh RV, Peng KC, Wu ZY, Chellappa R. Learning without memorizing. In: Proc. of the 2019 IEEE/CVF Conf. on Computer
Vision and Pattern Recognition (CVPR). Long Beach: IEEE, 2019. 5133-5141. [doi: 10.1109/cvpr.2019.00528]

[29] Zhang JT, Zhang J, Ghosh S, Li DW, Tasci S, Heck L, Zhang HM, Kuo CCJ. Class-incremental learning via deep model consolidation.
In: Proc. of the 2020 IEEE Winter Conf. on Applications of Computer Vision (WACV). Snowmass: IEEE, 2020. 1120-1129. [doi: 10.
1109/WACV45572.2020.9093365]

[30] Castro FM, Marin-Jiménez MJ, Guil N, Schmid C, Alahari K. End-to-end incremental learning. In: Proc. of the 15th European Conf. on
Computer Vision. Munich: Springer, 2018. 241-257. [doi: 10.1007/978-3-030-01258-8 15]

[31] Mai ZD, Li RW, Kim H, Sanner S. Supervised contrastive replay: Revisiting the nearest class mean classifier in online class-incremental
continual learning. In: Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition Workshops (CVPRW). Nashville:
IEEE, 2021. 3584-3594. [doi: 10.1109/CVPRW53098.2021.00398]

[32] SmithJ, Hsu YC, Balloch J, Shen YL, Jin HX, Kira Z. Always be dreaming: A new approach for data-free class-incremental learning. In:
Proc. of the 2021 IEEE/CVF Int’l Conf. on Computer Vision (ICCV). Montreal: IEEE, 2021. 9354-9364. [doi: 10.1109/ICCV48922.2021.
00924]

[33] Hung SCY, Tu CH, Wu CE, Chen CH, Chan YM, Chen CS. Compacting, picking and growing for unforgetting continual learning. In:
Proc. of the 33rd Int’l Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2019. 1225.

[34] Mehta N, Liang KJ, Verma VK, Carin L. Continual learning using a Bayesian nonparametric dictionary of weight factors.
arXiv:2004.10098, 2020.

[35] Luo JH, Wu JX, Lin WY. ThiNet: A filter level pruning method for deep neural network compression. In: Proc. of the 2017 IEEE Int’l
Conf. on Computer Vision (ICCV). Venice: IEEE, 2017. 5068-5076. [doi: 10.1109/ICCV.2017.541]

[36] Golkar S, Kagan M, Cho K. Continual learning via neural pruning. arXiv:1903.04476, 2019.

[37] Cortes C, Vapnik V. Support-vector networks. Machine Learning, 1995, 20(3): 273-297. [doi: 10.1023/A:1022627411411]

[38] LiuZ, LiJG, Shen ZQ, Huang G, Yan SM, Zhang CS. Learning efficient convolutional networks through network slimming. In: Proc. of
the 2017 IEEE Int’l Conf. on Computer Vision (ICCV). Venice: IEEE, 2017. 2755-2763. [doi: 10.1109/ICCV.2017.298]

[39] CaoY, XuJR, Lin S, Wei FY, Hu H. GCNet: Non-local networks meet squeeze-excitation networks and beyond. In: Proc. of the 2019
IEEE/CVF Int’l Conf. on Computer Vision Workshop (ICCVW). Seoul: IEEE, 2019. 1971-1980. [doi: 10.1109/ICCVW.2019.00246]

[40] Liao MH, Wan ZY, Yao C, Chen K, Bai X. Real-time scene text detection with differentiable binarization. In: Proc. of the 34th AAAI
Conf. on Artificial Intelligence. New York: AAAI Press, 2020. 11474-11481. [doi: 10.1609/aaai.v34i07.6812]

[41] Li XT, Zhao HL, Han L, Tong YH, Tan SH, Yang KY. Gated fully fusion for semantic segmentation. In: Proc. of the 34th AAAI Conf.
on Artificial Intelligence (AAAI). New York: AAAI Press, 2020. 11418-11425. [doi: 10.1609/aaai.v34i07.6805]

[42] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition (CVPR). Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[43] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. In: Proc. of the 3rd Int’l Conf. on
Learning Representations. San Diego: ICLR, 2015.

[44] Chaudhry A, Rohrbach M, Elhoseiny M, Ajanthan T, Dokania PK, Torr PHS, Ranzato MA. On tiny episodic memories in continual
learning. arXiv:1902.10486, 2019.

[45] Wah C, Branson S, Welinder P, Perona P, Belongie S. The caltech-ucsd birds-200-2011 dataset. 2011. https://resolver.caltech.edu/
CaltechAUTHORS:20111026-120541847

M o 3253 32k -
[11 2K, LTRSS I EHGH  STFA0 [0 220 18 3], DU VL kK2, 2020. [doi: 10.27463/d.cnki.gzgyu.2020.001097]
[2] AT, 55 T, ARBAVY, XUR. XU Ik AR B 18 PR 43 28 77 v MU 5 N 4 B, 2020, 33(2): 150-159. [doi: 10.16451/;.
cnki.issn1003-6059.202002007]
[3]1 T MRS ST T I AT AT (R 25 A 18 3], B ARE: 4R K%, 2019. [doi: 10.27014/d.cnki.gdnau.2019.001102]
[16]  HhVAm, XIEEHH, D, Lk STt e, v SIHUIT TS KR, 2022, 59(6): 1213-1239. [doi: 10.7544/issn1000-1239.20201058]

Mk A. GBF &SR RLE

Hidey

W

He ) H 2 U R S 42 S B0B A ACR. SR S BB W L& 2 SR, X

ol

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR.2019.00046
https://doi.org/10.1109/cvpr.2019.00528
https://doi.org/10.1109/WACV45572.2020.9093365
https://doi.org/10.1109/WACV45572.2020.9093365
https://doi.org/10.1007/978-3-030-01258-8_15
https://doi.org/10.1109/CVPRW53098.2021.00398
https://doi.org/10.1109/ICCV48922.2021.00924
https://doi.org/10.1109/ICCV48922.2021.00924
https://doi.org/10.1109/ICCV.2017.541
https://doi.org/10.1023/A:1022627411411
https://doi.org/10.1109/ICCV.2017.298
https://doi.org/10.1109/ICCVW.2019.00246
https://doi.org/10.1609/aaai.v34i07.6812
https://doi.org/10.1609/aaai.v34i07.6805
https://doi.org/10.1109/CVPR.2016.90
https://resolver.caltech.edu/CaltechAUTHORS:20111026-120541847
https://resolver.caltech.edu/CaltechAUTHORS:20111026-120541847
https://doi.org/10.27463/d.cnki.gzgyu.2020.001097
https://doi.org/10.16451/j.cnki.issn1003-6059.202002007
https://doi.org/10.16451/j.cnki.issn1003-6059.202002007
https://doi.org/10.27014/d.cnki.gdnau.2019.001102
https://doi.org/10.7544/issn1000-1239.20201058

WL FE BB U AT B F RS K EF ]

3451

HARRE WA GBF IITEREM IR, &5 AL A LE, GBF (8] — IR Bl AT 20 SCR A ST T IR IFII SR 0 7 4

FUS, B8N T B0 73 SRl Y baseline 4% H BEAT XS .

RGP ZE a MFRIEEA N A (AL, H E R epoch S KAH, — Bk 100.

max (0.5 - 0.8 X epoch/2E,0)
0.5 x sin((2n/2E) X epoch)
0.5x cos((2n/4E) X epoch)
max(0.5 — ¢ x epoch®,0)

GBF

sinlfi ¥z 5%
cosR¥ 5%
RS 5

(A1)

Al ' GBF @ 552K a $eHI0R N 0.5, BLIN IS SZAF-2 5, JFE 0.8E 4> epoch J& 58 4 il B4

Wy 73 SCIRACHBR. d5 2% WA 208 M 20 SCUURATE 55, DRI TS i Al By 2 SRR TR GR B, 810 1 X Ik Bl 25 27 ) 1R A
M, 2 a 1EEET 0 NN T SCEE IR, Sl SRR ERAR A BIM . AT LU Y, GBF f73 SCRbE RUR B,
cos I bR EUE Ay Rt 4 R AU AR A BORAIR T GBF, sin BN 1A 4K. @ 4 1 IS 22 Hld, 0 fREAS
LRl X T sin REL B> SCAE E2 WA R KRS 5 0.5, E W IERCA 0; X T cos pAEL, Hlilh 7> 05 5N
0.5 JF4fi, 8L E A~ epoch Ja, BHTTERN 0; X T~ pf 4, Tl o = SE-4 #2615 8 2 3L 2 5 AR E > epoch J&
BN 0. LI SR ALK AL

80

90 == base
sin

85 = GBF
== COS

== quadratic

SHEIRIRIRS E (%)

75
70
65
1 2 3 4 5 6
HE B
K Al GBF Z il &5 2 50 0B il U B 42 I

KM% B. GBF on ResNet50

ALK GBE 81 ResNet50, SCKSEAESH 4.3.3 ) GBF il & ¥, MU EIRIIE £ 6 — 845 R,

1T ResNet50 H ResNet18 JZ TR, b T Inad Il 2 A0/ VI 2o B2, 5 T 40 & /8 GBE 7E ResNet50 |-
TN R A, S5 R LA B

(1) YD T T B, PR AL M. 11k 2, Rl P o Bt R, X6 oK 4B 2 SRR 2 145 8 T LA 6t i
Ty 3 )7 BT 8 4k FE B, AP R 45 A 3ERE 1, FSEE GBF fl & AL

(2) P Rl R R (KA BUZ AN, RS Heole il o5 ol ARG S A 1) I 4% 5y, /N VI G 4.

# Bl iy GBF Ik R (%)
Number of classes (10 stages)
Method
10 20 30 40 50 60 70 80 90 100 Avg
Baseline 90.9 83.45 79.05 75 70.95 67.33 64.07 60.15 58.24 56 70.51
GBF (ResNet18) 90.5 85.5 82.52 80 76.08 72.11 68.74 64.14 61.97 60.25 74.18
GBF (ResNet50) 92.3 87.80 84.5 81.46 78.27 74.2 70.17 66.12 62.56 61.55 75.90
Gains 1.47 4351 5.451 6.461 7.32% 6.871 6.17 5971 4321 5.55¢ 5.381

VI SEG{EResNetS0M 4% [ HICIFAR-1008 45 2 R HUAS T [RIAE M80R. #H L T Baseline, GBF#AF T 1114 5.38% 1Pk [ H2 7

MR C. IWNEEE

WIZRIURE dFERA I ZR A0 B I 2R 2 B, 4 RN 2R B2 3 AN IR KUk < i 2% 07 [l 2 X Bk
o B RN W, <FERE IR 2 AN B AR AR AL I 2R R X 3oy 8. 803% C1. S0k C2 4 TR 3%,
7R FERR IR R BE RN RI 7. 53% C3 X IESCER 3.1 17 XS 5 2% o) A R V% C4 o & b Bk
PRI, $3% C5 5% C4 e iiliBh 7 30 A5 .
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&% C1. Top level algorithm.

BN X X0, P={p',...p s R ) s, .t FEARSE P, B s=11), P=0o
i—ﬁﬁjtlj: emain . //emain %Iﬁ\i%{i&

1. FOR INCREMENTAL = 0,...,N DO /N 8l Fbril 7
2 Prepare training set D = {X*,..., X"}UP

3 IF NOT INCREMENTAL, THEN //3: 531 25

4 FOR ITER =0, 1 DO /A5 A I 250 X 3 43 25
5. g™ — TRAIN(INCREMENTAL, ITER, D)

6 END FOR

7 ELSE /3 1511145

8 FOR ITER =0, 1, 2 DO /A& 3 AN B

9 g™ — Train(INCREMENTAL, ITER, D)

10. END FOR

11. END IF

12. Update exemplar set P

13. END FOR

&% C2. Train.

i \: EPOCH, LR, BATCHSIZE; /LR J&% 3] %
INCREMENTAL € {0,...,N}, D, ITER € {0, 1, 2} or {0, 1}; /A8 Eid FEARIRFF N, 144 D
iﬁtﬂ gmain .

1.FOR I=1,..., EPOCH DO /5[ Bt Il 4 vk %, EPOCH=100
2. gmin —UpdateMainBranchModel(INCREMENTAL, ITER, D)
3. END FOR //B5 % {f B 338 4 1H AR

&% C3. UpdateMainBranchModel.

i \: INCREMENTAL, D, ITER, BATCHSIZE, LR; /I 25} BEARIAST ITER, 2:AithiJI| 25 ITER=2, 3 & Il 5 ITER=3

if)ﬂaljll:lj emain .

1.FOR STEP=1,..., MDO //—/~ EPOCH 5 M 4~ STEP

2. IF INCREMENTAL AND NOT ITER AND EPOCH==1 AND STEP==1, THEN
3 Record old knowledge channel and store it in list V°

4. ENDIF

5. @min «UpdateModelParameters(INCREMENTAL, ITER, D)

6. IFITER == 1 THEN /IS UIZRMURE AN HE NG b 3

7 CHANNEL_SPARSITY (g™ ) /AW A 12 X 48 43 15

8. ELSEIF INCREMENTAL AND NOT ITER, THEN //38 &Il 25 B 1: Fi 2524 5]
9 ISOLATED LEARNING( 6™ | V) /I 45 1B AR X SR A 2 5

10. END IF

11. END FOR //B5 % {7 R 1@ 38 >y IH %0
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&% C4. UpdateModelParameters.

i \: INCREMENTAL, D, ITER, BATCHSIZE, LR, 6™ ; //Ff 55 2% > 45 o 5 W1 ta 4k, o

%ﬁj ﬁ . amain .

1. IF INCREMENTAL AND ITER, THEN //[X 445 i [F]25 X 370 28 S48 %, KSR

2. REAHB SLHRARAE, 0 «—UpdateAuxiliaryBranchModel( 62 )
3. E OB 4y SR B, 1AL R

4. g A (11) FYIZREE D Ik 4%

5. ELSE /G5 ZERliIZRIbR 25 3

6.  6mn A (8) RIIZREE D YR 4%

7. END IF

&% C5. UpdateAuxiliaryBranchModel.

BN XS, X g g R o S B
B ok BEBY A IR AREE, g

1A SoBT e 5 (X0, X RS (8) IR B 20 52, 49 2 SEBr e 6
2. N B il B 7 24 R

PRI EE(1968—), B, 11, BI#I%, T EHF5T40
8O N TREE, THE LR

BRFi%(1996—), 53, Mt 2z, BRI SLUEN 70
S 2], APEA S Y

SE8R(1997—), Lo, Wik, FEHFFSUE AL
], L.

A#R(1972—-), 5, Wi, YHin, FZOTFTAUEN
Bl >, WEEHLLSE, TE AL

FERATA(1980—), 5, WL, LERFFLG A LA
2, TR SRR,

FRiF(1983 —), 5, Wit BIHER, F 20190
HFIEAE S AL, 5 S TS

Mi(1970—), &, Wi, #2, BRI N
B (5 A0 B0 SRR, TSI 2% 5 05 B e 4,
To Lk A ke 0 245

FAT(1977—), &, T+, @#EE, FLEFTTER
AT TR, PG AP
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