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Abstract: Objective Multilabel class-incremental learning seeks to enable models to learn new label information continu-
ously while ensuring robust performance on previously acquired tasks within the context of multilabel classification. This
task diverges from the label exclusivity assumption inherent in single-label problems because multilabel classification is
effectively modeled as multiple binary classification tasks. In this framework, each sample can be associated with multiple
labels simultaneously, reflecting the complexity of real-world scenarios. Moreover, the task setting in class-incremental

learning imposes major constraints on how labels are assigned. Specifically, samples can only receive positive labels corre-
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sponding to their respective tasks, while the labels for categories pertaining to other tasks remain unknown. Consequently,
this limitation results in a substantial loss of negative samples across categories because many potential negative examples
are not represented in the available data. The implications of this scenario are profound. Not only do the various classes suf-
fer from a considerable deficit of negative samples, but the learning process is further complicated by the emergence of
numerous unknown mappings between classes. This lack of clarity can lead to severe label confusion, wherein the model
struggles to distinguish between similar categories. As a result, the effectiveness of multilabel class-incremental learning is
severely hindered, necessitating the development of novel methods to address these challenges. Method To address the
issue of label confusion, this study introduces a novel bidirectional class activation mapping replay method, designed to
facilitate the effective transfer of supervisory information across tasks. The primary innovation of our model lies in the estab-
lishment of a new storage area integrated within the traditional replay strategy. This dedicated storage area is specifically
allocated to retain the class activation maps of the positive samples, thereby preserving critical information about the fea-
tures associated with each class. Class activation mapping is a simple yet effective weakly supervised method for object
localization that is capable of generating pixel-level masks for foreground objects. In an ideal scenario, an accurate class
activation map can effectively represent the precise location of the target object within the image. Furthermore, leveraging
the inherent spatial exclusivity of different objects within a single image enables the realization of cross-task information
transfer. In the next step, we implement a cross-entropy-based sampling method aimed at selecting samples with highly
accurate class activation maps. This careful selection process ensures that only the most representative samples are stored
as replay samples, thereby enhancing the quality of the supervisory information available for future tasks. During the execu-
tion of subsequent tasks, we utilize these stored samples in a replay mechanism. This replay provides not only standard
supervision for the positive class activation map output via the current network but also reverse supervision for the other
class. Such reverse supervision ensures that the prominent regions of the class activation maps for the other classes do not
overlap with the positive class. Reverse supervision for potentially confusing categories does not interfere with the classifica-
tion of other positive classes across different tasks. Clearly, different objects occupy distinct regions within an image. If we
assume that the localization of the class activation maps is sufficiently accurate, then the prominent regions of the class acti-
vation maps related to one class will not overlap with those belonging to other classes, as reflected in our reverse supervi-
sion loss function, which would yield a very low loss value. Consequently, the method we designed can correct the localiza-
tion and output of the network for the confusing categories without disrupting the ability to learn the positive labels and fea-
tures. Result This study selects a range of widely recognized and representative class-incremental comparison methods
based on recent advancements in the field, including classic regularization-based methods, replay-based methods, and the
top-performing replay and regularization methods from the single-label class-incremental learning, along with methods spe-
cifically designed for multilabel class-incremental learning. In simple task settings, our model, while slightly lagging
behind the state-of-the-art in terms of mean average precision, demonstrates remarkable advantages in terms of the F1
score. Importantly, as the number of tasks increases, our method exhibits substantial advantages. Furthermore, our experi-
ments demonstrate that our model effectively reduces the false positive rate in network predictions. Particularly in more
challenging task settings, our model shows a considerable advantage, with a nearly 30% reduction in false positive rate
compared with other methods. This result indicates that our model considerably alleviates the confusion associated with
multilabel class-incremental learning. Finally, we provide extensive ablation experiments to validate the effectiveness of
each module within our model. Conclusion This study posits that the label confusion caused by label absence in multilabel
class-incremental learning is as crucial as the problem of forgetting. Class activation maps reveal the prominent regions that
the network focuses on, ideally corresponding to the locations of labeled objects. Given the practical exclusivity of object
positions, we propose a bidirectional class activation mapping replay method that stores the class activation maps of the
positive samples during the class-incremental learning process. This method leverages these stored class activation maps as
supervisory information in future tasks. Moreover, a class activation map exclusivity loss function is designed to implement
the reverse supervision, thereby distinguishing the new categories across tasks from the prominent regions of stored positive
classes, thereby alleviating confusion. Furthermore, we introduce a cross-entropy-based sampling method to select

samples with reliable class activation maps. Experimental results demonstrate that the proposed bidirectional class activa-
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tion mapping replay method remarkably enhances the model accuracy in the context of multilabel class-incremental learn-

ing.

Key words: class incremental learning (CIL) ; multi-label classification; multi-label class-incremental learning

(MLCIL) ; class activation mapping; minimizing entropy

0 35l

T

=

25 1 2% 3 (class-incremental learning, CIL)
(Yan %% ,2021 ; Douillard %, 2022; Buzzega 4 2020)
AR AN W2 21 7 2 1 A ] e O A5 TH 288531 1Y)
SYUERETT o IR 2RI 12 ) F RO AR BT 55
5L, SR S BRI v, AN 530 T g [ sl 1 2R
1] i — W PR T REAL 35 2 X0 4 (10, B RAEK
F) o XTSRRI, 2R G 52 2] (multi-
label class-incremental learning, MLCIL) (Dong % ,
2023; Du 55,2024 ) J&— 5 B PR SRAMEAH AT 4 B S
st .

BABR A IS B S A AE AR 2 B R (Boschini
45,2023), AT B R AR AL A IH AR %, A 1
JiR o XA AR AN 2 HAH TS T TFEA, (il H
AT DR B XA IH R (5 R . i, AR
5 AR A AR AR BT R s R S
SINRYE o B PR BbR 2 1Y R RBE, IRREA O T
I AR R AN A TC LRSI T A RN
HRIRE ST o BRI, AT S5 FEA Z [B) HA T TE (S B AD
Fo, HUT O an o] 3 B 9 ME 4 35t S (McCloskey #11
Cohen, 1989)

SR, ARG 12 ] AR AN A bR 2%
R AR AR T E RS IRVE ), BRI
A [) B [n]l h AR 2 B ARRE , 2 hR 2026
AIRN W2 2R, 5 R, 2
> AT 55 O BERAEAS U RRAR B H T J@ AT 55 1 281
(Y ECSAR A, TG T FLAAT: 55 A9 200 BEA B FL A
KA P, ZhR% 0 5 2] i 2 AR Hb 42 g
AL R T FOREAS b fdi 2 2] e F vt BLR
HORFIM R, 77 A TARZIRIA R . 1R 2 hp%
8 (B RV T [l B AR 5 e B 48] 5 B 2 AR 1Y
FEAR G T AT 55 IH S “ " AR 25 58 4 i 2k, BIVR) 2%
TCEARFIRARA” o PRI, R IR I REAS , 19 2%
A PTREAE M B o0 28k it ad e AR . %
RIRR ZhR S 2] N IR TEIR G . X AR A

G 2 0 Ry IR 285 B S ) 41 BH A (false positive, FP), H.
BE A 0 26527 > (9 R S AN T3 o, 3 b R A 3R s i
e H (Du55,2024)

AR ZHR % R AN AETEAR 28 B 5 R, fH —
R SR TP AR TR R 2 B . AR Ef S 2
PRI AL E AR B R X ARG R Bk T LS
AT 55 B AR BAN 78 o 2RI K (class activation
mapping, CAM) (Zhou 25 ,2016) & — i ] PR A 2L
{14 553 M B R G A5 7 125, 207 VR R 6% T AR AR AR G
TR 8 DX, B 1 s, 6o ) e 08 ok 2RI
B A 28031, 0 P s A B R AR SR I A BT
AR5 AR X

AR g2t
T 1
010 1Y Y Vi
P 101 27171 . /A .L
PR H R Tolags 1% & H )7k
A
] [ 1 T
— 1 101 1 1D juep
1 1 1 1 1

;

$:0 1

H): 120 S

Bl RS2 ) T SRS 5 2R 45 R BT BE T X HE
Fig. 1 Comparison of single-label class-incremental learning

and multi-label class-incremental learning

N T DR A8 BR R AT A I PR AR TRV, AR SR
— b S 1T IR A e/ N RAT: (14 AR B
S 07 o T i A S T [ THORT B M R R
P BERAG A. BARTT S, XoF 28 s e Il i i e
Fe R AEICIZ A DX IR B4 DX A7 I DS ) 28 38
I B TR A 2 A B R R . RIS e Sy
> g A e FURIAT I AR B B T 3 AR ISR A
BRDLACI L, LAZE AR RMENE 5 IR I - 1)
2 S8 22 56 [ ISR W A A 5 b 288 M B e e A I I 4%
TE T8 SEAT 55 30 P ook 25 AT 55 (0 5000 (B B 1k 28 5
2) M) A B9 LE ISP AT, 8 25 RS 2R Y 1E 2 S
Pl 0 R AT I 1] W B T o 0 ) 2% 4 B i AR P O T

2635



2636

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 8,Aug. 2025

DI 29 SRR B 1138 55 5 3) U AR IR B 200, 18 1)
A8 A IS TR 1 Xk 6 28 )t AT I 1 i 1 9 A
TRVE A 025 DB 5 IE A B33 K & . X
LT AL A5 (R B AL AT T AN A TR AS
FE e A BB T — N/ IMETERAR AR , 245
BRI 0 2 X5t TN GRAE AR AS A B0 2 B, HERR AN m
FE RGPS DT T % HAT FRAEAUSR MR RO AR AR
PEAT i S5 A [, BE— 25 PRAIE T 476l 1RO 300 /Y
R

RSO TR F AT - 1) 38 HH I P s
BT TS P IE S ) B R O pR AR i g T A
T W ML, it o ) ) R A R 28001 B9 5 X
A2 5 IHAE 55 FP IR B 3% XU AR S, AP 5T
TG . 2) R TR AR RRE A IS0
B AR R AT (54, 51 AL T S/ MU O RE A 18
RO AR AR B R AR A e I IR
SEAE Y RTAL 55 RS I IX A STk A REAS 2EA T A7 A
B 3)HEAT T 2 565, Bt B 418t 5 05 B A Ak
TGN, LR AT R R MIA SO ik 5 e Tt TR
TEZ BRI B2~ PP PR RE

1 tHKXIE

1.1 BiREREEFT]

DAETIEMARR 7k o 332807 i i a4 2% R
BRI IE I, 157 00 265 BT B 2800k B TH AR
PR B 5 AT 55 Y EE B 2 8 (Kirkpatrick 55
2017; X1 R FHANR EEE ,2024) o AT —LL75 3%, filhn
LwF (learning without forgetting) (Li #1 Hoiem, 2017)
F1 AGCN (augmented graph convolutional network ) (Du
5 ,2024) SR I FATRZE 18 HAR G2 fift 5t e m) A, )i i
BRObR 25T | LR 27 S AT 55 DR B THAE 5519
TRV

2) BT IR B IT ik o 12 T5 Pl A — 2 I
155 W7 BRACR IB B, IF I 2 1 AE 55 1 5
BEE — R . R R 5 4 ER (experi-
ence replay) (Rolnick 55 ,2019) il i #4 £t — > N 77 5%
I DXCORAF AT 55 BOREAS , O 5 08 — A7 111 2k
TE I B A I, DER++ (dark experience replay++ )
(Buzzega 55 ,2020) 5| A T XF 2%t X HR A7 B4 1 00
PR AT, i — 2B 3 5. e, iCaRL

(incremental classifier and representation learning)

(Rebuffi 45,2017 ) i# i3t i F herding £ R 3% #7551 JF:
BRI Y 2 10 % T Bl7 1R i S

3)IET AR I, X LEETr R BT 55 St
ML S TR IR . REECE T2/ J7
205 BN AT 55 bR 2, O HLIE AL R THAT 55 1 i
Y. Yan %5 A (2021)F Douillard %5 A (2022) 44 3%
TRMB Tk S HGITEMSS & B8 T B4R B
BRRCR o (HRX )7 T Eah 5 e M 2 2 ) i
REHTECE , T A R
1.2 BHREREEFT

D 2RI, IHk, 280510 T
ZRTE (5K AR 45,2020 R & 45 ,2023) . IR J5
‘725 1&*& FH ﬂﬁ «I‘*T‘ T‘? z IX_XJ éﬁ (recurrent neural network,
RNN) (Wang % , 2016) 5% < %5 1 12 12 M 4% (long
short-term memory network, LSTM) (Wang & 2017)
R AR 51 LB 1Y OC 2 1Y i ot
18 7 125 D) 3 4 ) A L BRI 5 M R s s v e . 1]
4, Chen 55 A (2022b) 1 HI e 56 KR 5 28 531 18] £
3G A B %46 o Chen 55 A (2023) 4 1 JE T84
FRIM 28 (1 2 H5 25 70 8L . Zhao 25 A (2021) 38 i
PSR TS SCR R IR R AR 7328 . AR,
25 K Z VRN AR T PEIR S8 BE RIAR AR T , AR
LRI B HAT 55 v, T RS A R BRI 15X
LI EERI N

2) ARG R ] o B SbR AN B 2
ZARE T I AWIHETY , 2R SE 7e ) B o —
ASHI AT . Kim 45 A (2020) 82 i —A~ 387 (10 R AE R
W, FH T 2 ik 22 A8 Rt A Hh A R A a2 T 1T
TR . KRT (knowledge restore and transfer)
(Dong 45 ,2023) 48t — B AR IR &2 FIIE RS HE L , 5%
it T ARG A IR, AGCN (Du %5 ,2024) F| F th
PR E I GE AR KRR, T G SOMETE IR RS
SR, 3K LET7 LRI A IR B Z AR fi vy ) vp
TEIR IR 52
1.3 EHEE

K (CAM) (Zhou % , 2016 ) 2= —F fif 2L {H
A5 55 e B RS e L T L BERS AR U SR 0 R
BRYM, T ik CAM fMERE , — R R
CAM 7% f& J5 1% B 32 1fif A=, W Grad-CAM (Selvaraju
%,2017) \ReCAM (Chen 55 ,2022a) #1 AdvCAM (Lee
85,2021) 0 3% BEAR A 1k 45 G 86 R B AR B 32
1o 1 AR PR RIS (4 W R



$30% /5 8H] /2025 £8 A

Atan, #EUR, &R, BRE, xixeH
LE B A& NEREN S IRELRIBESF S

TEARELE 7 > BRI ST U , Grad-CAM & HHIE]
AL 15 LA 2D s B SO R ik
RZF RS EE MR (SR AF,2024) i
AR A TR TSR S K s S gk > o Bl
4, Luo 55 A (2023) 1| FH 2 303 PR 0 A N A T 76
FEIG 7AW ias R B 30 TR R4
5 A ST AR J7 5 /& RRR (remembering for the
right reasons) (Ebrahimi 55, 2021) , HA8 28 307 K
AR AE AT T, A [ I 5 fol FH A B Lk s
SR, FLBAT AR BN P T e Ab e . A
SCTTE B U108 [ T [ 9 R 3 2 48 1 2
o 2 AU, TE T A e I P T AR 9 ) R
7 T A R

2 i E

2.1 @R

A TA Z 0 B KR 0 KAT 55, Rom
D', D, -, D" BEAESS W EE 4 A 5 R « RIS
RAT 55 W2 RIbR s v, R A D = {xl, yife o, 2%
FIBREE yi F om0 T4 § MR UGS ¢ 55 1 FL S5 AR
2 HATRE A Ik — 20 B Ryl e K'H 1 <
o JBF AT 55 1 bR 25 23 (] K A5 AN
%, BIVm, n(m #n), K" N K" =@, WIEHEL¥>
(AT 55 23K, BT 55 1R 5508 42 300 4 A D11 5 4 A
RED ={X", 2} , FEH e MMEFS G B, LA
MRTAE 55 0 U1 R A AR X —/NER A AR A AE 1212
XMy BAESAEAR R . A Y RiAT 5522 2 o5
BB A ALRE UV O A PR B i AR AR AR AE M
o DM S S48 55 P AT s, AR DR B, 45
EAAEMKXEWHS LTI, 2=
Z'UzU - UZ JFsEHE G AT 25
2.2 EHEBEEN

A SCAd A B A 305 B 4 (Grad-CAM) 2k
S IV B AR BT 55 o 1% 7 TR AN I 2% 25 44y
(BT I L2 AT A0 1, A 320 47 o 28] o 114 D9 4%
Yk,

Grad-CAM J&—Ff (4 & nl f B F AR, Al A
JEE A A R U L o T s o fR T RS R
25 I 2 T I i 22 20 T R O i SO T SR
LR A U PR X T 33K BRI L S P A B T LA

yl| < |K'

R IR v i O AR B, Y fdi ] Grad-
CAM A AL UG 53 250 W e fs — B 2 R H
P 2K ) TN %) R B AT IR AN, 23 58t R R
rh ) E AR 00 DX A DX (A G e U001 5 28 I 15 2 1
W) o

R A AR o3 2w b A5 ¢ i T
SRRy, e — B KRR S RZ , o
PAANEEIEEIE N A, € R, Grad-CAM X B4R 1E
A, By, B S 88001 0 5 0 e 4 B2 64T 42 Jm ~F- 347 3k

1, BB o, = ;’j;v R [ A, X By, (0 T

Bk TR ORI Lo B A TR A
IR A , )5 2058 ReLU (rectified linear unit) 3
T PR 2 X 28 6T 2050 ¢ 0GB Q. , AT 3R R
Q. = frau(a'A) (1)
P, a= [al,az, ~--,aK],A = [Al, A,, ---,AK]o

3 7 ik

ATV 0 BARHE SR AN 2 (a) BT 7 FE BT
55 05 2 B Be, 4 38 2ok M R AE 55 0 U 2R BcH 2= )
B2, R B A A6 DX MR A B AR RN
R 8 FH 2 P IR0 Xof D) 4% 3364 7 B 52 2o AR B
TRVE B . AT S5 1 BB 2R e Be ), 1
5/ AR SR S W B i DE PR A 2 U6 17 28 531)
F S OG A R M 3015 1 3. 275 43 X 2
AT ] IR0 RN SR /N SR R SRS R AT T TR AR Y
A
3.1 EFFEBEE

i 2(b) o, ARG S m MME 55 R, 51k
Gy 2 50 1 R AEREAEAS & TR 2 y AN ], A SO
ICXMRN M M M, o Horb, M FE 2]
B FEAR o, M TGS A %, 5 € M TEAT 55 m T 4%
KM IARE vy, M, AP S AR v, 0 e M, 1 IE
koyr = VAR AZEEOE K Qo M, T AEfitt b5 25
T 18] T W B R A HE AT 55 T 2 iy o R 45 2R
M., "R ) TE 20T I 8 R P FH T W i A 2001
I

FEAESS ¢ (0 > m) B BE, MICAZ X BUR FESS m A
EBAENIREAR x, x € M5 A BSHTAE 55 0 9 R 2%
W SRS AT 5 R B K™ = (k' k2 - k' B T

2637



2638

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 8,Aug. 2025

BRI (3 3 MO REZ A
(U B 15T LA 310G T 4541 55 1 20
IZ]QAH — {él’ éz’ -, ét}o

= i1

== MUREREE

1
1 1 1 %
s T g
==y VT Ty Loy
(Ml | A M] { ™
1 M L W M L/ . M 1
1 ) b < b -
I M 5 I My LM
-/ - -/
X X X
(a) ATk oA

NG S
0.9 408  MJ:0.9
» \&
L i)

L =0.01 L =082L _=0.02
pos neg neg

- -

o

M
v
“::'én
~ = -

I AFEIX
(b) X1 SR el s A I i ok

P2 Ay AR B B 0 1 Bt Il z
Fig.2 Schematic diagram of the overall method and the
bidirectional class activation mapping replay method
((a) the overall method; (b) the bidirectional class

activation mapping replay method )

X A5 m N Bk ASCR T M, M, A7
A5 BT T 3 B AY 1Y) W B R AR A I 28 LAY 52 K
S 8 T R TR TRV o

DARZEIEE . FIHAE M, A bR 28 ¢ Wi
Ty, 45 26 TAT 55 m B 2800 km (1) 43 264 2%
RIS

L=y Do loggt + (1= y0)log(1 = 37) (2)

1=

P NEIRFEA B

A R RS AR G 22 58 O 1A, X 1)
TETE T T 38 T 205280 1) — o0 s SURHR K o
BT M [ECA S5 SR A AT 0 ELSC R 4 1E
W0 288 7 3 AT 55 U PN T AT 55 ) S i LA B 1k

iﬁgo
2)IER . FITE M., A7 B E SR
Qp Wa B T I 40t 3 L2 B 1 QL By
L. =E Qr - 1 (3)

s M%wHMMMJ
A, E R B R R ECR T L V5% T M,
%) 1 1) B R FH A %) LE 2 080G TR A I T 4% 7 3
SEAT 55 Ui HORE X B2 Y G T X, 98D a8 T R Y
PRFS o )T U, T [ 7R 30 Aok X o) 286 H FHL o 7 o
DR XSl 24 AR B 1R 3
3) I W . Xk, Z AN K Tk, AR S
BT T > B Il 30 P W SR s, I e 2 A A S 1
A o R EVR AR IR VG . H O ARG E —
A 6 ok 2 OB TEIRE 20 . HAARH , X /T M 4%
T B R T 150 6 6 1 21 S5 4 0 Sk Y AR VR VA 2 L D
DR 28 A 1) T HARABCY HTAEA ) IE S ko (EAHTE R
FJ2 , T AR SCEFR DL AT 55 2 AR 8, I 26t
WIESE k, RVFA 24, 8 2(b) s /g 7 A1
AT SRR TR M, IE 2T I SO N Y
I 26 OC T T FE TR VA S I 00 (1 R A7 s ) B L
h
L.=E

neg (xo0r)-(M MM,

D exp (Qr - Qr)-1) (4)

ky

FIH B AR R BRAE A SO s gt
WIS w x o (4RI B 2 0] B AR AURE B o 3 3k 7F A
S5 E R exp(+) = 1, BOK T AHRURE 8 B RRAE , £
TR Ry URK , R EHRIE T 403k BR B B IR M 0,
R AR ] 58 A AN AU 2 F /N o 324 2% R AR
SR AT TR AEIRVE S S © AT I S BT R
() U8 T B A X, DT 2 TR T I 4 ) T 2 )
K"k, W ETE X 3k LT M, 09 S 1) W R AR it
FHAE 55 v 78 43 U 2545 31 ) 1E 28 30 1 B ) A 2
SRR DG 3 DX, el T B S R A ok i AR IR TR VA
ML

EASTE B, 6 T 08 7 TR VA 2 001 4 Iz 1) Wi
AN TAFES TR HMIERN 2. B A
[vi] 4 PR A % L T Ak i XA ), G 2.(b) v s
31 I SR (1B S S DReR VIS 211 1 I |7 S R =A 1 )
O Y S 3 XN 5 7 B S, R ILAE 1)
WEBHR R R S 2 — RIS B . R, A
SC5 AT ATEAS T4 0 26 2 2T 1E B b 8 FIRRAE (1) 3
Bt 1, 2] 2 TR0 4 XoF - B YR 2K 300 ) o7 g o



$30% /5 8H] /2025 £8 A

Atan, #EUR, &R, BRE, xixeH
LE B A& NEREN S IRELRIBESF S

TSR] 1455 Z Al #h e /R

PRI B 2 (R R R

L=Lg +MLy+L, +L,,) (5)

A L AR T LB X S RTAT 55 VI ZRAEAS 9 58 S0
IR AR RS B0 R 2RO P BT Y
PO SR BUELE AR SO RS 36 v T PR
U AN o0
3.2 m/IMLEEREE

AR SOREAE M., HAF it B SO A O e A
SGER TR S A AR 55 o II7e BEAR S DL 1
JIEAEAE I SO AN 1% RE 7R I ZRTEAE A (R
XS T HARZE B SC AL, I N A XK A BE
VR0 B A5 RATRE R 25 A9 AR . SR, i Tl 2R
rP A RIS RTRE & AT M7, 0 285 0 AN RE XS BT A5 1T 258
P A A A S TN A E 7 o AL, AR SR HY
/MU RE AR PR RS, IR HAR 95 19 28 %8 T 11 2k
SEREAS BB 1 25 2R, HEBRAS RS A R 7 A, AT B¢
KL EORIIE T 2830 B ER R T ek . ALK
MH L ASCE LT — ARSI

S(x) = migiﬁr?’ize(yi’ logy! + (1 - yi’)log(l - fff))

(6)

TESS TS IR SE S BT T S w45
B2 RAEUIZRAE X R 5 2k S5 /N R n A REAR
A ZHEAZ X M, 2B D) 50 38 SO 2K i
ANRIPERBRUE  BRIE T 280G BB HERRA JEE , 7E A SCTH
RS G HUER T X — A

SR UL, AR RN T

BN MR G S HIE S e (e = 1,2, -+, T)
GRfE X, SR AT A AT S IR 4 2 =
Z'UZ*U - U Z' B Eie i AiE X M,

i SRR AE IR AR o

DRSS IR X 53 5K Lo

2R (2) —3X (4)IHEICAC X PR A 2
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4.1 SLIIRTE

A CfHFH PASCAL VOC ( pattern analysis, statisti-
cal modeling and computational learning visual object
classes ) (Everingham 55 , 2010) £8 2 PEAG 7 L 00 A
Bk . PASCAL VOC % dfs 4 354155 20 4~ 72531
(¥99 963 i 115 , Forhr , 5 011 MG H T 45,4 952
i AR T 009K P 8 4 i PR O AR 2 0K 2. 4.
G BEAT 19 3% 227 ) TAE (Yan 45, 20215 Luo 5%,
2023) , f# FH P FPAE 55 15 : WETFF 1R 2% 2] (learning
from start, LFS) F1 )\ — 2 %2 >J (learning from half,
LFH) . f£ LFSH  BERUTE T AT N A B Bl A ) £k
A, T N 510, 78 LFH H BEALER 1B B
TERT—F2 FlZR. SR)5  BERITE RS 9 N A Bir B
5] b S AR 2

XF TR o] SRIAPEAS R 346 4R, B
ROFHFUE (CF1) A F1INEE (OF1) RSP 327K
JE 3518 (mean average precision, mAP) . X 3411585
TE 2R 3 TR 22 B 25 S 48 2 ] T P A5 3
JZRH o ASCR G — MESFINGR5E R B
RIFE T A 28 R b r il s R e b Jr ik i
W R R

BEAE AT 1Y 22 b5 2 218 B2 > B9 0T 5T (Dong
45 2023) , 2K JH] ImageNet-21k Tl Il Z5 () TResNetM
(Ridnik 2, 2021) 915+ M 45 (BT AT FLAR R 7 HA 4T
AT PR TR )T 9 2% ), 18 T Adam fI5 Ak 45 FIAL
I8N 1E-4 19 One CycleLR # & %5 X B 7 #E 47 20 4~
epoch I 25, LR R/NIEE R 64, % 2 HiZE N
4E-5. FEXF SR, Fr A ik g — 1 A28
IE] 7 £ H Y N AF S S8 A WIS 7 s A
AKAPRE 2 IR W = 2. HAH HE SR
F1 30, -t F AR
4.2 FPEERLE
4.2.1 MEWRALEL

AR R 1 LIS 2y ) TAR )z A m)
HA AR 28 1S 5% e U5 v, HoH FT (fine-
tuning) 78 B A SR FAE AT 328 2227 ») B B0 5
5 AE BT X LTI Ao LwF (Li Al Hoiem,
2018) fE 2 FIE ML A AU AL TAE . iCaRL(Rebuffi
4%,2017) 1 ER (Rolnick 4% ,2019) J2& 22 #L () 3£ [0
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W 7 ¥ o DER++ (dark experience replay++ )
(Buzzega %5, 2020) F1 PODNet (pooled outputs distilla-
tion network ) (Douillard %5 , 2020 ) 43 | /& 7E BAFR S
33 I R i A ) R T IR ORI RE T IE U Ak B T
o AGCN(Du %% ,2024) Fl KRT (Dong 45 , 2023 ) /&
LIV Z PR R BT k. RI1ERT
AR TFIEAE ARE 55 BEE LR SE g gh 2R .l LIAS
FILUT WL AE A AR5 Bl PR A AT 55 o, A LFS 4
FWER N =5TEOL T, A SO RS 1E mAP 4
br B 5 T KRT J5 i (BAE F1 848 BA BRI

P HAFE RN, WA 1T 55 ME B A Wi B2 7, |/
155 80 NS R AR SO iR R B T 3R K 3.
5 R EE, 3 F R J7 3, 40 ER L DER++ 1% ¥
o BE T OF WAL A9 LwF KRT £8 5% . X K0, b %
1T 45 B0 B 3G, B4 45 11 25 i 28 3k 2>, 28 5]
Z (6] R A A B T AR AR Yy R A
TERN A B IAT 55 1 REAS TT 4 Hb O B8 I 245 11 B

i MR IEME 18R EE AR RIMEAE 55 b2 s R iR AR
2, DTN B TR VA o 6 B0 AR 25 s ERHIE T AR L2
Y53BT

K1 AEEEFIEEXELFS FALFH mMIZE TR ELER

Table 1 Comparison results of different continuous learning algorithms under LFS and LFH settings

1%

LFS LFH
Tk N=5 N=10 N=5 N=10

CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP

FT 40.6 43.9 62.5 20.6 23.9 27.7 19.1 29.8 45.8 5.9 12.6 13.1
LwF 53.1 53.8 71.1 32.2 32.4 38.9 39.7 37.9 57.5 7.6 15.5 24.8
iCaRL 523 51.9 67.0 27.5 29.6 41.6 38.6 36.4 61.5 8.1 153 31.8
ER 47.2 46.3 71.5 29.9 30.3 44.7 44.7 41.6 68.6 8.6 14.9 34.1
PODNet 52.0 50.3 76.6 30.2 31.2 40.2 49.3 50.8 59.1 10.7 18.6 31.9
DER++ 59.8 56.4 74.4 37.6 388 504 528 44.2 64.4 389 258 489
AGCN 58.8 51.2 73.4 34.1 345 40.9 44.6 43.8 65.1 12.3 232 44.6
KRT 621  59.6 84.2 24.1 30.3 34.0 36.4 446 689 3.7 25.6 41.9
A 69.3 71.1 78.2 47.8 41.0 60.1 60.5 59.8 74.1 47.8 39.9 57.8

T L R RIZ AR IR & 5 Rl AR Z 2R

4.2.2 fRFAMER

&3 e 1A SCH H A 5 %) be s 7E LFH
PIRMT 455 2 L BB PR R 2R gl S o A4
IRTISG T F RIS RN IR 2 R T ZIRER
SO0 BN (R R s P JBOR T BB 0 A bR
TRZEVER . M 3 AT LUE HY A SCHE H B RL AT LA
A8 628 TG ) % Y ) R B P38, JE R AE N = 10 3
PRIYE A 55 1500 L BB BRI L3, 5 A i 7
DAL B PH TR R T 30%. X AR SO 7]
DA RO 22 R 2 S e S R TR I A .
4.3 HRRSLIE
4.3.1 R

F2JBR TIELFS(N = 5) (s2 16 % T RyBie
THALSEIRZE 0 . W T A SO F MU 7 i, IRt

e FAAL B8 19 22 36 171 3 (ER) 5 B4 AR SC i S48 )7
o BEAL T FIREHRY 2 S B AE L vk IS
T Pl [l ORI RS e i 25 5L . A7 3
JEARSCH MR AL R . WNR2TLLE I, fE 32k
(1) LAk L S T A A e B8 e R AR IR T .
AR 1 AR T A T A 2 B P R e T L
i 3 kR AT R AR TR R Ay SR L AR S
FR e 2B 3 M HL TR 1A T b — 4R T, X I
e/ IR RAE AL ] LA 20 b e 6 B S A [ A
A FEAMIEI T AR SOy I A Rk
4.3.2 SREERmE

Pl 4 7R T SR FHAS [) SR AR SR 6 i 26 1) A A %o
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/MBS, 5 R AR A B R e i 7R R
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Fig. 3 Comparison of false positive rates
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Table 2 Module ablation experiment results
1%
Tk CF1 OF1 mAP i mAP
Rk 47.2 46.3 71.5 85.7
(il 64.3 66.6 75.1 87.2
PR 2 59.3 55.9 73.3 86.8
iR 3 69.3 71.1 78.2 88.1

AL A0 A8 73K P2 3 ) 81 P, AR SR SR AR SR ]
AT F AR SR SRR A T i R AR U 2 2 4%
AR AR . LR A AT IR B R

" ey

P4 AFRRFETT P A Xt

Fig. 4 Comparison of samples selected by different methods
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RAFIREAR B H 3 2, B 40071 (ER) FIAR SCT7 4
WERR R P v . S ULRRS 7 n BUE AR
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R AR T A R
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Table 3 Results of ablation experiment of parameter n

1%

n=2 n=>5 n=10
Ik
CF1 OF1 mAP  EHmAP CF1 OF1 mAP  FHmAP CF1 OF1 mAP  EHmAP
Lk 47.2 46.3 71.5 85.7 49.6 53.5 75.2 86.0 56.8 59.5 79.3 88.9
VN8 69.3 71.1 78.2 88.1 70.6 72.0 80.8 89.6 71.2 72.3 85.5 90.6

4.3.3 SR

R T B UEAS SOk B R S RO Rl S 5
IR T S R0, B SRR T R AN A
SHCT RN A5 SEYOE AR . AR
ATLLE AR SO IETESECN A = 10,0 = 0. S
RIS . FEANFER S BT B AR
AT, BEBHAS SO AT e e s ek

4.4 WAL

R T IS UEA SO IR AR R 2 AR 2 S e > v
PV AE A B A R0, T IRAL SE g 45 SR an & 6 FTR o
(&1 6 H R I R AR T A S AT 45 22 S S5 R R A T
MR . AT At 2 AR SO A g IE
Z I EATR R B 0 20 B e A T 5 B
FMNARIE . 5 IR, X TR VA %) TR0 (R )N
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Fig. 5 Results of hyper-parameter ablation experiment
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