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Gradient Re-Weighting Guided by Feature Fusion for
Online Continual Learning

QIU Ben-liu, WANG Lan-xiao, QIU He-qian, GAO Xiang-yu, WEN Hai-tao, LI Hong-liang
(School of Information and Communication Engineering, University of Electronic Science and Technology of China,

Chengdu, Sichuan 611731, China)

Abstract: Online continual learning (OCL) aims at learning a non-stationary data stream in a way of reading each da-
ta sample only once, and hence suffers from insufficient learning. To address this problem, we propose a feature fusion
method in this work. Our method leverages augmented samples of an image for producing anchor features, and incorporates
them to obtain a fused feature via a weighted summation operation. The weights are determined by the similarity between
anchor features and a pre-designated pivotal feature of the image. Optimizing the cross-entropy loss of this fused feature can
accelerate the learning process, resulting in better performance on the current task. Additionally, we propose a consistency
loss that restricts the mean-square error between the fused feature and the pivotal feature, which can further improve the per-
formance on the current task. Finally, we provide a theoretical analysis about the gradients of cross-entropy loss to model
parameters. This analysis reveals the relationship between the feature fusion and the gradient re-weighting. Extensive experi-
ments are conducted on three benchmarks under OCL settings, including CIFAR-10, CIFAR-100 and Tiny-ImageNet. Our
method surpasses baselines at most 7.00%, 8.04%, 6.33% for average end accuracy on CIFAR-10, CIFAR-100 and Tiny-Im-
ageNet, respectively. Experimental results demonstrate the proposed method is effective, and achieves substantial improve-
ment over previous methods for online continual learning.
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SF AN 2 000 B H1 3 10 000 B, HERIRIG K T 17.2%.

®1 =MiTEEE L RARRARHOIZEERN, A HEMEMAZNFHRLETRELL 7%
eI s CIFAR-10 CIFAR-100 Tiny-ImageNet
HETE | M=500 M=1 000 M=1 000 M=2 000 M=5 000 M=2 000 M=4 000 M=10 000
AGEM 22719 22.6+0.7 5.8+0.2 5.8+0.3 6.5+0.2 0.9+0.1 2.1%0.1 3.9+0.2
GSS 30.7+1.3 40.1+1.4 11.120.2 13.320.5 17.420.1 3.320.5 10.00.2 10.5+0.2
MIR 40.0+0.6 41.00.6 15.7+0.2 19.120.1 24.120.2 6.120.5 11.70.2 13.5+0.2
ASER 36.2+1.2 447+12 16.4+0.3 12.2+1.9 27.120.3 5.320.3 8.240.2 10.320.4
GDumb | 50.7+0.7 63.520.5 14.1+0.3 20.120.2 36.0+0.5 12.6+0.1 12.740.3 15.740.2
SCR 58.2+0.5 64.1x1.2 26.520.2 31.620.5 36.5+0.5 10.6+1.1 17.2+0.1 20.4+1.1
IL.2A 56.0+0.4 58.2+1.2 18.2+1.2 19.7x1.5 22.420.2 5.5+0.7 8.1x1.2 11.6+0.4
Co’L 51.020.7 58.8+0.4 17.1+0.4 24.2+0.2 32.240.5 10.1£0.2 15.8+0.4 22.5+1.2
0CM 70.0+1.3 77.220.5 28.120.3 35.0£0.4 424105 15.7+0.2 21.220.4 27.020.3
ER 56.68+1.89 | 62.32+4.13 24.47+0.72 31.89+1.45 39.41+1.81 10.82+0.79 17.31x1.45 24.71+2.52
DER++ | 58.04:230 | 64.02+1.92 25.09+1.41 32.33+2.66 38.31+2.28 8.731.58 12.17£1.97 19.40+3.71
ERACE | 53.26+3.04 | 59.95+2.40 28.36:+1.99 34.21+1.53 39.39+1.31 13.56:1.00 19.00+0.87 25.92+1.07
GSA | 60.34£1.97 | 66.54+2.28 27.72+1.57 35.08+1.37 41.41£1.65 12.44x1.17 18.45£1.07 25.34+1.43
OnPro | 70.47+2.12 | 74.70+1.51 27.22+0.77 33.33+0.93 41.59+1.38 14.32+1.40 20.12+1.91 26.38+2.18
SSD 58.78+1.26 | 65.07+0.74 28.35+0.46 33.43+0.55 38.6620.36 8.08+0.20 10.48+0.23 14.56+0.49
AICITH: | 58.90+2.65 | 69.32+0.83 28.78+1.16 37.81+1.01 47.45+0.84 13.84+0.92 21.46+0.78 31.04+0.81

T LB R B LA 2R, T IR B R R A2 2R
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2 T AR 7k 02 2 R . X — R
W T AR STHUE S FORE ST . AR SOOI TE A 2 R AR
b —EU A T R Tk 7E CIFAR-10,CIFAR-100
N Tiny-TmageNet [, TEAR IS B R T T  #
TR 1.66% % 70.4%. %2 Faf LIRELF] On-
Pro 7E/NRSHE CIFAR-10 Bds 46 FHUS T 55 — Y242

TERR AN G A ST 15 4.73% (M=500) F112.96% (M=
1 000). 1] DER++7£ HA B K AL 55 )7 51 Fil 5 225111
CIFAR-100 Fl Tiny-ImageNet [ JBIL T 535 (124 2 5T 55
HIRE ST . BARANIE AR SO AR T S2 it i P, 2%
S UER R AR T A1 1.66% & 17.85%. 322 4 AR A
S AR DTS5 7 T LR

F2 ZHMITEEEL FRERHEIZERFSR T AL EMEAM T ENESIEREITLL P %

pIEiTE S CIFAR-10 CIFAR-100 Tiny-ImageNet
BT | M=500 M=1 000 M=1 000 M=2 000 M=5 000 M=2 000 M=4 000 M=10 000
ER 83.13£1.60 | 78.15+3.60 53.77+1.51 51.53+1.66 50.79+0.71 68.15+1.47 64.83+1.35 64.44+1.45
DER++ | 77.14x2.96 | 78.02%2.16 56.13+3.75 55.33+3.26 56.32+3.44 70.01+1.83 55.5122.53 70.28+2.42
ERACE | 57.66%4.16 | 61.59+3.35 38.53+1.61 39.95+2.00 41.56+1.44 5.60+1.45 4.83+0.74 4.92+0.95
GSA 79.87+3.26 | 77.09+4.55 58.16+1.58 55.13+1.81 50.34+1.73 20.46%1.59 17.52+1.00 14.50+0.63
OnPro | 84.23+2.00 | 85.60%1.56 41.34+1.63 42.59+1.65 42.92+1.00 20.84+1.47 16.84+1.13 15.82+1.04
ARICI7H: | 88.96+1.87 | 88.55+1.36 63.45+1.17 62.47+0.84 61.43+0.93 76.00+1.10 73.36x1.14 71.94+1.04

LAY 1k kA €1 A S AR S N IES w1 €/ S RAE

4.3 HEXWSSMH
4.3.1 HABHEHEXR

Sk UE SRR il R — SO R A St AR SCHE
CIFAR-10 1 CIFAR-100 I 32 5 174 5 5256, AH e 25 51
5 T3, AT ORI AR HE L )y vk B IRE il S
HOR BB T R ZUERf R . RZHCN LT, 7F L

R B v LA — 2 PR T R . SI A, R R
G RN — BRI R I R IUHG £5 S B 1L AT AR U R
AN . X SEZE R ST AR SO R R A 85
B F B, 7E /MR 45 CIFAR-10 |, R — 2tk
T AEAE B RE A B /D (M=500) B 516 T 8 (i)
i AHA SO AR FARIHA R

R3 ANHENARAGRHEEZR 7%
Tk CIFAR-10 CIFAR-100
Base | FF | CL M=500 M=1 000 M=1 000 M=2 000 M=5 000
N 56.70+1.97 62.24+3.83 24.16+0.95 31.78+1.23 39.43+1.68
VoY 59.52+1.58 67.01x1.27 26.85+1.29 35.49+1.28 43.38+1.33
VY 58.90+2.65 69.32+0.83 28.78+1.16 37.81+1.01 47.45+0.84
TE: “Base"fURFEL J5 7k ER; “FFUFRAFAERL & 5 “ CL QR — B ¢ s ML E s Fom i flo g 21
4.3.2 HEFEHERNTN T4 HEBEHEOERRR 7%
Ry B 5 A A R IR B A S R, AR SCHE CIFAR-100 m 2 3 4 5
B AR AT 2R ~FE R 1 000 (M R i T ARCITEE | 28.53+0.82 | 28.78+1.16 | 28.68+0.84 | 28.43+1.76

SR . R AR TR R Sy A E O 2.3 .4 5 I
R 14) - B4 e U ff %6 LR 38 A AR ) 8 TG Al ol 4
TIE (R B AN SR AR ARURR, TR Ry A 23R 14 28 B0 U4 0.35%.
MR R R IO 3 B AR AT LA A X B 4
T R, 7R A ST A S 56 ok A AR R 1R
BN 3.
4.3.3 FESE NN

AT BRI R R 2R (12)

T 2 m Bl RIS 5 AR R B RS 2R

SF-Aif LT 4 43 15 4 [0.0,0.1,0.5,1.0,5.0,10.0 ], 125K
¥ 76 CIFAR-100 |, 7£ 1 000 B2 12 25 4% 88 R~F 1 iF
AT AR RS T3 5. RS Hhar s, iz H— 2ok
He B AE /NPT R F 2=0.1 T REHE T 1.029% K30 .
IXEEFAE SCEABUE Y, 2= 1.0 e d R 2 1 T34 B 2
B L R, AR SR At S 6 ol 7 R BN iR B
9 1.0.

x5 EBREPEEEFANEHRLEREHZIN AT %
yi 0.0 0.1 0.5 1 5 10
NGRS 26.85+1.29 27.87+1.25 28.22+0.94 28.78+1.16 28.59+0.96 27.78+1.07

T - LR s e flo s
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4.3.4 IMFREFTENSN ) LR O VA R B — B DL, T AR 4L R AE A 5t iy

A AR CIFAR-100 £ 48 45 A8 T 5250, 98 A 3¢
TEAENRCHC I BRI E TR . K3 T
LA G A28 KN M 100,200, 300,400 F1 500 i fé 2%
Fe IR RIVAL, AR SO ik — SO ) TR TR ER,
WESE T ARSI ETEE /N SHC I A7 25 I TR REAT 2L
TAE. FAN, B3 et ] IS EI X T AR S vk k2R
FIETE 38 KICIC R A7 45 W R R AT LA S84 T A5
TR PRS- 24 e 2 A

20.0

ik I
175 A5 i I I
< 150 I I
g I
s !
&
# |
g 100 {-
i3 1"
7 15
50
25
0.0
100 200 300 400 500

A 2R Y NGN
P13 FENRSHE IR AT f P i A R R I L

4.3.5 RAFERETIERNZM

SR FEAR AL FRAE R A D T R REAE Bl 1 o 1]
FRAE A S0, AR SCFE CIFAR-10 Al CIFAR-100 5048 4E |
HEAT T 5256, LR S T R 6 iR . R 6 il J1, 78

PR S HBAR 2 DA it P11 M, AR S5 1 I RE S A AL
& i I T A A (- 2 B MR 38 . 53 A, R T WL
B, AT A6 TR SR BCRR 20 A5 AR R, AR SCO7 e ke 1Y
PERESE 5 A LA 4 i PR il g

Ko MARMEILRIRMFHRLERE 0%

& ik CIFAR-10 (M=500) | CIFAR-100 (M=1 000)

it TR Tk 31.30+3.95 11.54+0.40

T Aok 43.412.84 26.85+1.29

- TR Tk 56.68+1.89 24.47+0.72
ATy 58.90+2.65 28.78+1.16

4.3.6 ARMPWELFE

ATy BT A AR E LR 2: S Tk H R
I MRS S RATE rRrTE T
ER™ . ERACE' # DER++'™' | . £ 7B R T 1F
CIFAR-10 il CIFAR-100 %% #5 % I, 76 AN [\l (9212 2%
FEAS KN MUK [A] (14 FE 48 T vk JE iy b AR SCO7 1k
Ja , 2R IT 15 A AU 1 OF 2 de 2O i % . & 7 T AT,
AT e AR T I T kB R B FE CIFAR-10
R T T 1.43%~7.43%, 7£ CIFAR-100 L # F+ T
3.04%~8.02%. %5 4b, HH 2 7 W, A SO AE T R
ICAZBAT 2R KN X 28 7 i i $2 T 5 0 B 4, 451
4 CIFAR-10 | M=500 I}, A< SCJ5 A0 b R 4R 5 5 ER
T+ 2.2% , 0 7E M=1 000 B, fifi F AR SC 7 vk B9 3R+
K F]7.08%.

K7 AXFEEATFARELAENERNR 7%

KR CIFAR-10 CIFAR-100

Tk M=500 M=1 000 M=1 000 M=2 000 M=5 000

ER 56.70 62.24 24.16 31.78 39.43
+Ours 58.90 69.32 28.78 37.81 4745
ERACE 53.58 60.40 28.30 34.49 39.82
+Ours 60.27 67.83 31.36 38.19 46.66
DER++ 58.06 63.53 26.02 32.73 38.59
+Ours 59.49 67.32 29.06 38.12 46.14

VE R R B 4
4.3.7 HEWMENFEMLLER

R H A ST RN 3 4R O 2 B AT 55 Bl K
B R IMAAE S AL S LRI, AT R 4 R4 T
MU R . K 4(a) i T MRS Fom 3, B
HC AT S - B HERf % . NI Rl AR SO VR T
{EBAES A AR it R 1 34k ik . K 4(b)
N TR S B R S 5 BB B AT 55 U 4
FRFRI. WTLAE AR SO A A B T AR LT
T AES EE A ERR R . FATER 4() P JER T
R — MRS BME S B HER R . AT LR

BRSO R A5 E—BobiEd TREIE. 7
Hb, 4 Ca) - B R 09 T BRI 4 (c) R 9 AT
5 041 P4 1 5 ARG T 24 AT 55 A1 R4 0 R ) B
G, W T A ST i MR AR 5 15 0 2 ik IO 18t 5T
TTRET BN . 54 A AR SO E R T H AR A
B T A RO SRR IR AR R S S A
B S ) PR AT B O HE B R . IR, A SR 2 B L 7
AR 2 ST B AT 55 BE T B9 25 ST HERR AR AR T, A7
VA I BUAH LU H Al — 28 5 T T G2 il 35t RS Y 7 vk A
Rz .
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0.5 Ik 0.65 I =06 KT
‘ i
° X = 0.
£ 050 & 0.60 205
% 045 = £ 04
v i 5
£ 040 5 055 s
2035 o %03
0.30 050 z
# 02
0.25
0.45
1 2 3 45 6 7 8 9 10 12 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
5o L5590 5%

(o) BE2ES BFEIMER R

(b) HHES e %

(¢) BAMESS B ZOMER

P4 ARSI AL D7 5 ) BE AT 25 50 K B R 30T U RIS AT 55 b B vER 30T LE

4.3.8 Eml&BSHFM0

TR I LA Y ZR i S E O R R A SO )
RPTA LRI Z R FRAT TR TR AR/ e B
it H AL K N R 2 ) R HE CIFAR-10 (M=500) F
CIFAR-100(M=1 000) £t #a4E 47 1 5L8 . #8.K9
FF 10 430 IR T T BRI KN e 12 B Tt K
JINFIAF 2] ZERE Yo B A MERR ZR (52 M . AR 8 AT, AR
SCTT 32 B B LS /NI 52 AN B OB AR A R
M5 38K F) 30 AL 72 1, 7E CIFAR-10 1 CIFAR-100 %%
P 4B 1 1) -5 S5 U SR 10 AR A 5 38 A 3% 24
X PR A T B 2 e PR M A A B O A AR A R

RIS 24 17 3 B AL /IR /DN 33358 43 B4 . vT BE AR IS
el it FErh gk A A . SR 9 AT i i s
T R /NI 2 BT AR AR AR 11 43 S R B B RS i . B
 HRCAE K /N A 8 38K B 128, - 34 f A B R AR
CIFAR-10 9728 L I8 BE AT 6%, 7 CIFAR-100 | Ay 754k,
R BE IR 10%. Y H BRIV B b fe/ IME 8 15, I ZR T
PRV T B S AR A PEBE . AFE 10 W] 1, 22 2]
YIRS A FEIRABAT IS RE M . Y2 > SRR (1%
50.5) BEAURBEI 2k IS, HoV Y 2 UER R AR Fil
MU A 7K 76 102519 CIFAR-10 084 0 10%, 78
1002511 CIFAR-100 B 4E IR 19%. T 2427 2 R4/ M)
(1%°70.000 05) , A (1) FEBA RE H B ™ B A 3R

F8 MHB|HKNHEAXFEFLHREEHENZI LR AL
SRR /)N 5 10 15 20 30
CIFAR-10 60.30+1.68 58.90+2.65 60.93+2.04 60.05+2.34 57.92+1.11
CIFAR-100 27.98+0.61 28.78+1.16 27.67+1.14 26.82+1.31 25.19+0.98
®9 DIZBBEMM AN AT ELEHRLERENTIMN 7%
RN 8 16 32 64 128
CIFAR-10 56.28+3.17 59.92+2.07 62.25+1.40 58.90+2.65 59.86+3.08
CIFAR-100 18.38+1.17 25.01+0.95 27.68+1.06 28.78+1.16 27.80+1.05
F10 FIEWVANFFZEHRLERENZIN LT %
SRS 0.000 05 0.000 5 0.005 0.05 0.5
CIFAR-10 55.51+1.34 58.90+2.65 56.41x1.77 55.35+2.64 10.00+0.00
CIFAR-100 25.26+0.68 28.78+1.16 24.61£1.02 21.25+1.08 1.00+£0.00

4.3.9 BHZFIIZrEALLE

R AN [R) D7 v B TSR R R A AT TR
SCOT AN T R ZRata] . XS TR T
[ 149 D) 265 235 kg L2 X I e R R AT 0 1 1, AT
i W7 T 1) B (RS2 AE T Y, BT DA B R AT T I sk
B] >f iy & 3 F B R F A . R LR R TSR O B AE
CIFAR-10 (M=500) 1 CIFAR-100 (M=1 000) - /)3l %

BFIE] . AR Rl g0, ARSI B T AH R E
WP AT IF S . HAE CIFAR-10 F (4 )1 2R s R] AL
OCM ) 42%, 3 OnPro 1Y 86%, 7£ CIFAR-100 | i Il 25
I A OCM 114 39% , OnPro [ 52%. T AH b A3 20
[B) L T A SC 7 ¥k ) 353, AR SC U7 2 #E CIFAR-10 Al
CIFAR-100 [ ¥H0A5 7 540 00 7 ¥ e 2 E i %, a3k 1
Jis.

F11 REFERIZGEE R Hfir:s
Ik ER DER++ ERACE GSA OCM OnPro R
CIFAR-10 403+18 547+4 360+4 765+3 2969+10 145745 1 249+5
CIFAR-100 525+12 628+33 453+14 874+20 3325433 2 531445 1305420
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4.3.10 HEZTESHENETHAN

Ay L H A AR STk R R T 1 0 R 2 [ Y
SR, AT T AR SOy 15 R LR Ty i I 5 o A5 A
FEHURY CIFAR-10 [&] By HRAE 25 18] 1 1-SNE™7 7] # 4k 2%
F,nE 5 s (A —Fh i AR R [/l —Fh 2600, A —
A ARFE—AREAREAE ). I R aT DL AR SO vk
ol A5 AR P TP R R T O AR op | HAS[R) 28501 =2 ]
RIRIEE L. AN, TATBLEH T HEARFILS FIZR5E
R, AR SC R X5 AN [ 348 i R A RRAE B4 A AR, A
&1 6 T (] i A — AR 3R = Rl ot 3 o 7y =X, B —17
fRRA TR A RAE T AFREA ). I n] LA ER 3, % T
AN TE] A REAS A ol B 448 5 7 A A R 2R B A R B X

1E5%5 fE%4 %3 252 1151

BREAA T TR, AR SO EAS 2 A REAR 2 0 1) T

He—FpRlE s g oK

* A '5.&' Q% oo
R r ‘:!: /
o 13°%, o o
z.t i“{"y o8 1;‘““‘0 s N
SE R 7Y
B e ¥
YA¥; o . .
¥
(a) HEZTT 1% (b) ARSCITEk:

FSs AR CIFAR-10 B A RHE AT A2 57 L A

Fl6 ARSI 4 Mg iR A R AR i Al S AL 3

5 #FRiE

ARICTT i B AEAL BRAE LRI i i S o] R oA R
DB RITR A TR Ay fiff Rk — ]l , T i1t — ol
B R AE R D 1%, 1207 AT T AR IR B SR AR A Y 2
ANl R AT 8 o T AR R IR AR I A AT e
B i PR P B X 5 22 ] PR AL JRE SR A il 5 e 4
B SRR, DAREGAL AR AE . AR & R AR5
(28 SUIR K, A 2B PR REAS g =2~ il . 53 4,
FRATBEI T — b —EOPEA5 % R 56 240 TREil- 4R AR AR
AR Z 8] RS, LA — PR dhor 2] i fE . D 5E 0 M
B BATH T, TN RSB Bh L BEAT T 0,
PR AR AE RS SR E A Z A S 2R L SR 4G
HESE T A SO R BA ROvE DL HE B (e 2 2y >
TIEMZE g J1 . ARSCOERTE TR MR~ 2] 722 it
GMEVEB IS T HAFAEA L . SR TAES , AT 45 &7
LR L o W R TR, PR R Gk it B R iR
AT

SE 3k
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