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(LAZAKRF HEMBAILRFR, LA Fd 250101)

B E. LW B #4225 (unsupervised continual learning, UCL) & — A BESTE U7 A TARIERITTHE T, NBh&A
PRI AT 55 I R 2 AU IR I 2% 25X, X PR R KINRr S e I e R G R A EEE L. AW
To W B e 82 2 J5 ik ol A7 AE P AT 55 1R RE SR I U HE 1 s T 1 IR, TR R E T RRIE AR BN Z RN B
ML X FERe ST HESS o O T A SO AR EE 1Y 2 R S5 AT AR BT B R RRIE R B SRR, SR T — iR A Y
TC W B 27 57 7 e ——8 T XU 3R L& 1k A9 T8 W B 4354224 5 75 7 (unsupervised continual learning based hyper-
bolic product quantization, HPQUCL), B ¥ 7E UCL {51 A XUt 25 ) op 9 sfe AR AR ML) o 3275 2 TR L
AT F0 )2 R EE R RR I RS 5 T RRAE R 1 AR, A RO 1B BT S REAN R R ), e Ah, Bt T — R
TR B S TR & EEHOR RS, ZE T8 024 ME B e B g i BT AR M R AT S0, A RO SE T R AEME 38
)R, T i — S AR B R R BE ), B T — e U s ) R G R n 5 Al R R Z R ) E A T i
Ko TEZAFEUERAESE 5L kW], HPQUCL 78RR PR 457 A R AT 55 1% By T 0 00 T F2 3k i) TC M 5 2
U5k BERERWY, 5B Ak 5 5 b R E L A A 4R T M B R A S I M RE R AL T A S R .

KR Fra e T 2 e AL R AR XU A B) 5 IR AR 2R BE S 5 X L o 5 R 5

FESES TP391.4  IEREERD: A XEHS . 1673-4785(2026)05-1237-12

5 AR FE, N, BEF L, FE ETHNHRRELNTEERZEFS J]. FHEREFR, 2026, 21(5): 1237-1248.
#1325 F183(: ZHU Guangze, LIU Xingbo, NIE Xiushan, et al. Unsupervised continual learning based hyperbolic product quantiz-
ation[J]. CAAI transactions on intelligent systems, 2026, 21(5): 1237-1248.

Unsupervised continual learning based hyperbolic product quantization

ZHU Guangze, LIU Xingbo, NIE Xiushan, WANG Shaohua
(School of Computer and Artificial Intelligence, Shandong Jianzhu University, Jinan 250101, China)

Abstract: Unsupervised continual learning (UCL) is a paradigm for continuously acquiring knowledge from dynamic-
ally changing task streams without manual annotations, critical for building intelligent systems with long-term continu-
ous learning capabilities. Existing UCL methods typically suffer from poor early task performance and catastrophic for-
getting, stemming from insufficient feature diversity and weak structural alignment. To capture data's hierarchical se-
mantics and enhance feature diversity, we propose a novel method—hyperbolic product quantization-based unsuper-
vised continual learning (HPQUCL)—the first to introduce hyperbolic space product quantization into UCL. It lever-
ages hyperbolic geometry's hierarchical properties to boost feature diversity, alleviating poor early task performance.
Additionally, a hybrid replay strategy based on hyperbolic distance is designed, selecting structurally representative
samples via Lorentz distance for replay to mitigate catastrophic forgetting. A contrastive loss between original and
quantized representations in hyperbolic space is also proposed, which further enhances discriminative ability. Experi-
ments on multiple benchmarks show HPQUCL significantly outperforms mainstream UCL methods in knowledge reten-
tion and early task performance, demonstrating hyperbolic quantization and structure-aware replay as effective for im-
proving UCL.

Keywords: continual learning; unsupervised learning; product quantization; codebook; hyperbolic space; Lorentzian

distances; contrastive learning; catastrophic forgetting
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A7 3 5 BCHE B T A A N BT A 55 BR 2R )
A, F2E2% 2] (continual learning, CL)! # 42
PABEAEL A ZE R e R 042 rh A B AR R Y fig
Jio AW SR i R 25T WE
B B I, B A B | bR A A
FEAS I il 1), (T A5 ARURS 1 W B A5 5 1 IR AE
SEPRERE h Az B E RS . AR, TR
2324 2] (unsupervised continual learning, UCL) 1 K
— P E B Z AR AE B IE T T 2 BRI TR 2R
15 2y =, AT DAAR G b g DX — (Rl R, SR,
FE UCL 3K, A58 U 75 L X6 9O 38 5 Rl 2 -
T 55 R WANAATE BA R, R R E R R
A K i DR T 5

T RA S, N NS5, AT
B RS ik EEA LT ILSE: 1) A
H 9w #% (variational autoencoder, VAE) Fl4= i 2
HCHLH (generative replay) 12 1K1 5 # F1 & il [y &
TR Y i U210 32 Ty 1 A Ak 3R RS 25 4l
AR I HTHI I AT R AN R AT B T A Ak K Bk
o 2) T HITRZE 08 Y 7 e U710 ik B U sl
R ) SRR (S B LA SE B RSk ), (HX R Jr ik
IH F T B B O AR S I . 3) T
WEBF 2 ) (an Xt be A ) By 7 e 202 SR Ty ik
F WA B RS T B 0 W R Ak T HE
BN, G55 A T JC B /AR 2R X ik AT
LR VPAL o ZEILAA (5 T o W SRR 2 4
227 2] i T AE ', CURL(continual unsupervised rep-
resentation learning)!'*! J& i 7. 2217 UCL #5:0UF
AT FRAE 24 2 () 7 s 22—, {0 HAE A BEAT 55 (6] 1
N ZEFBRAE 508 B 2 B0 B 5 i J5 FRPE o
B, AW RO Z M A A B RS2 S Ty
By RBEICEEE T, REMIAT THA ML
B SR AE 2 I HEZE () 4 Simsiam([®?! 5 Barlow-
Twins™!) 7E UCL =X N R B, H AT T4
JEANVEAL, 1 AR $E L T ) UCL k5 n A %0R
W& o % T UCL i X b mi 55 B v 7 i i E 9 55
3K, Chen 2PV #2117 CUCL(Codebook for unsuper-
vised continual learning) J5 %, 1% 7 AE R —FpH]
I BY B J7 3, AU A WB R 82 S I ik i e
BB BE T, b5 & Sei i Jo B R AE2E 2]
kAT T HEsE, A 45 Simsiam™ | Barlow-twins!® |
BYOL(exploring simple siamese representation learn-
ing)!'”! SimCLR(bootstrap your own latent a new ap-
proach to self-supervised learning)!"* 1 SwAV(unsu-
pervised learning of visual features by contrasting
cluster assignments)'”, 4k, CUCL i& B U 48 Y

FHIEAS BBk Z ZFE M2 S BRI TERT LM 55 &
AU PG IR R Y 32 2L, I UCL B980T 4 ik
TXSHe o 2] i AR AR B B R gk > rh, R
RFESE F2RfR 1 HSeT0 B 2 2] Iy s P AR TE IR
PEm) R, SR, CUCL Hp BT RR [G 4 8] 1Y e A1 &
A7 ik N T2 4 ] — EURAE AR R R 1Y
AR VE AR AL, PR o b B b A A — s 1 JRy BR
PEo BN, 1) 15 SCAH BT B R R A B
S RTINSV € LN i b Sl (R TR g 2]
AT BEH A 20 1 SR, 30 IV A £ X 2K []
T SCER B LA 15 BV TS Oy 2527 [ =
2 I HURIAEAT 0 S T 18 A58, AR R 46 302
KT R, ZA T EAGEE rb ¥ A7 78 1 2 Ak i
SCEERE o 2) BRI A3 ] Y PR R R a8, K IR %5 [
VERF B 25 8], ME LA SR s B Z IR 45 8iE
SR B G R BB S, 5 BUE 2 OO SCEERE T 31
RS G L, Tk R P B AR RIS () L S BR
B, DT BIR )7 48 5 ) 28 5] DX a3 R AIE 1Y 3R 5K g
Ho 3) FRMERIKRE ) Z FREZ W T e RE : th T8
X5 5w A B A — 3, R EUE U R
AN Z 2 REVE RIS OUHE LA 42 OC T HoAth
N SUE B, o2 ) 55 LR TR IS 2103 SR AT
ST PERE, R T LA R Y AL
IR TR B i,

N TR DL E R, AR SCLL CUCLMY ki,
i — B R T UCL Ju U T B A Q8w Iy
o AN SCAy BN AL 0 110 5 1 R I 25 T 1) SR AR 1k
J5 ¥R 4 B AR RR TG 2 (] oy, BIK Ak o ) o A i
A BB TLART 25 (8] 250 o D3 5 PRI 4 235 4 1k 1
SCRRAR AR, LU ok Ay e fE 3R 7 1 A OG- HoA
N Y15 B AR SRR AE B 2 AR, DT it ke
UCL =0 T A Y A A ), 76 B0 25 1] v, o
BT 45 S IR AR AE TS R (codebook, cb) i
il Imits 2 B A1 SO o PR Z R
KRR, Hrh, AR TS K2
FEVES RS SE, Ah, B T A U R8s )
ik AR ) TP 5t R R R, AR SO B T — A
TR 2 [A] BRI A R SR . RS T
3R T X 23 A 7R AR S22 U 45 44 I T ) A
P, G T AT S AR A U s ] e, A
T BE I O A L S A 0 3 SCEE R R R DG &R
HAKTE , 8 X A~ J7 SR AR AS (18 B Rf AR 7R
HEAT R, I RIS AR AR - 1] £ 0L RS et
A AR S AR =, DA AR A 3 70 e ) L
i LI o AR BEHERR b, AR SOAR A5 i 0 A A 21 AR
T < 22 [ AR P, 8 i AR A R G Sy R
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R, s LT U TR A 0 U 55 )

% 53]

BEAS | P AEREAR R SR AS . e, N BIR 3 2k
REAR DX i BRBSESE LU 0 JZ Rk, LI — A
TEJUART 73 A7 MIME BE T2 1 ¥ BAT R A AR ERY =
BREAES

Zi b, fE UCL BN, ASCIR Y T — 8 Y
T3 1« T XU e AR AL B T I 1 257 ) (un-
supervised continual learning based hyperbolic
product quantization, HPQUCL), A< 3¢ f#) 3= % 57 ik
AHLUTF 34T

1) 7 S YK XU 2 8] o 5 o AR A 5T ]
T BRI . SRR IR A (] R i
T kAR, AR XU 23 )R AT A ASAURT AR N
RFE 7N B 2 RETE AR B, 38 FT A3 5 JC I B AR IR
MIES IR RE T, LA i B AR i JLANE 55 LY
WAL AR

2) ARSCVCIT T — Pl BE T XU 23 18] (1) 15 i
REA PR RN o IZ RIS A 10U 25 ] 7R
JZ R A K 75 T 0 F, AR Ak O R B TR 5 R I
PARFSHEAR, Gefifp T Fpgiry: > R SOMENE 8 )

3) AR SCAE Z A FRUERE AR AT T )2 15
B VPl o SRS SRR, 107 TR AR SR A IOMEE 35t
SR A TR L P RE D T FLAT R L, A Ak ek
T RAEATLME 55 LR ARG 1R

1 MxTH

FEATT H, B RS2 ) Fsfe B a4k 2 A~
Thf, fA7 B[] B 2 A 43 Y A 26 TAE o
1.1 HEES

PR ALE T X R 22 2 2 AT 55 sk 2 58 ) A v
RG] E Tz . HEMIXN L, 2L
= VR R R I 27 > IR O R 5 TR 2 R oF
JE W E T, ORI Z RN X RS . A Ty

TERBORT I 3 2 BT S 8000 B 1Y J5 1211092340

2 RS UF A R | B S R v L B

T 2B B 00 07 VR A TR AT 55 93 TS
AR R SR, LAB Ik )5 224 55 T4 Je i~
AR . a8 3 2 A8 3R 2 AT 55 B 2
PN 4% 7572 (adding multiple tasks to a single net-
work by iterative pruning, PackNet)™*? 7| F 51 &7 f1 %=
PEEEA, 25 1R A R AT 55 79 I 46 525 6] o P 2
ANE TS o A, a3 & AL (overcom-
ing catastrophic forgetting with hard attention to the
task, HAT)¥, 7 #h 25 ) 2% PR T 2% 59 B il 5 THAT: 55
R B ZHL, B 1L B AT RS BT 55 38T, AN 52
BUAT 55 [] ) B 5, /38006 ol a1 SRR N Y
ICAZHEAT R L 24 2] A-GEM(efficient lifelong

learning with A-GEM)™ #& 3} T — P 3 T84 B2 ) 24
W5k, F /N B 28 50 [ 7k 2 e DXOR B 5 I AT
S5 I REEE o A PR AL W 2% 54T 55 SR 3h Je 46 1) 7
% (efficient continual learning with modular net-
works and task-driven priors, MNTDP)!"% 38 if 5| A
P Al ) 285 45 48 AT 55 3K 3l 19 SE 3 A 2, FEAT 55
A ) g R P 3 A R R R R AR, S
R AR B TR

LT IE U A Y D7k e A A5 2K eR BT AR
AR TE DT, e BR T 5E 0 6F TH AT 55 2 2 S 500 1&
S LAB R ROMEPE 5 S 9, e il A 2 0 2% v i
JEMEPE 15 B2 B9 7 7% (rabinowitz overcoming cata-
strophic forgetting in neural networks, EWC)P1 B 451
B 25 0 1Y) BRI PR 0 7 22 A 55 1 6 [R]ARC 461X 48
AN 2 U T3 A 55 A AR 40 DX sk, T A7 B T 22
fifp JOMENE Y 38R (LR, AR T BWC i B3 2k
A 1) 2 2 5 S B, 2ok 5% Ml B RE R AT 4R 2o )
#9777 ¥ (continual learning through synaptic intelli-
gence, S ZE I Sk i 2 b sh 25 M 11X 26 S 8
HEE, NMACREE & 2N S Al 75125 (memory
aware synapses: learning what (not) to forget, MAS)™
A LALE RSB SR [ B 22 5B 2 500 1 2R Al
i, ARSI GR5E LT 5R

BT ICAC Y J5 Bl i A AR A3 TH AT 55 1 Eds
SCRFAEAE R, 7E U ZRBT AT 55 I (] o sl 8 05 2
12 o 1A, —Fh A FH S 503 28 g8 R 7R 22 T 1 7
7% (incremental classifier and representation learning,
iCARL) SR HI S5 4 43 28 SR et , A TR 1R 1Y
P o0 e 25 -5 A W A0 R M 2 1] v e e e e ) 26
B JEAY T A 25 ) I 250 07 5 (dark
experience for general continual learning: a strong,
simple baseline, DER)PS & —Fft 3 T~ 28 1 51 ik - 45
B BB 25 2% 1R 110 T BRI 8 R 1Y 22 2] O vk,
i FE RS R PR ) G i IOME PR S RS TR )
22 ) 1 BIMG g 5 15 4E 2% 2 (learning to encode
and regenerate images for continual learning, EEC)™")
5 10538 4 2 0 5o P A5 TR i A, 1 i 0 4%
A UG AEAT 28 55 T, AT S0 A7 it OO B THAE:
S, L5 TR BHE A J7 1k (representational con-

tinuity for unsupervised continual learning, LUMP)™*"!

D)3 3 50 1 5 OB A A 5 2 o DX IHAE A ) 47
BRI 22 15 055
12 ERMEN

e Bl 1k (product quantization, PQ) 7 A KL
B R RS ) Z R HEOR, fets S8l & s
i) et R 40 5 0 (R I SR A R . AL R
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Yt ) 1 2 (8] 43 il oy 24 IR 4E =5 ], IR AE A F
23 [ p ol Sy b 5 AT O B Ak, DA 25 R AR A7 fidt
AR I Ik ) i DE R R . 7R PQ Y ELAL I, 5
SEP s T 2Rk S o AN, A Ak A T
K153 77 2B 77 (optimized product quantization,
OPQ)) 5| AJig e i W of J5 A 1) k4R 47 e M A8 46k
Dlie/ME AR 22 . AE 58 PQ Jr ik il i Mh S T4
k2 ) b B, Bl = X0 BOHiE o3 A 5 T SCAS AR Y A
RES1 o N pE i — ey BR, 3T 4F o B T 5% 78 W 4% 1]
RIZ R BRI Y, BEE PQ il A TR B #h 28
2R B AL e BN LS ARAE A ) 5 A 1 i B i
BB AL . T IR R A ER i b b i AR
b o N bR 2 i doke 1 i) g, — 6 g W B R A T T
g, Horh, BT A gh gm0 vk, filan, M
T 4 SR R4S 2R Y TC M e 22 B DT (un-
supervised neural quantization for compressed-do-
main similarity search, UNQCDSS)" F| H B 4 i %
2 )RR IE AR AE R s, I3 3o i A 4 1AL 5L IR e
fiE, B0 R 40 5 B RRAE LR B8 R a8 145 B . Tt
L2 2 5k, Blan, 5 TR 42 a4k
T JC W B MG KR (contrastive quantization with
code memory for unsupervised image retrieval, CQCM)™*]
FIA AL AL Fac e B, A% T 15
XF A 2 7R i Ak 3 5 T B AR B RE AR [) 8 5 1)1 23R
R Im) 8, BT Al oo A iy ik, il an, F T v
2] i ik AR 46 (%) 7T i FH 4k (beyond product
quantization: deep progressive quantization for image
retrieval, DPQ)!™4 i i ¥ 11 1] o (1) % & A ik 7, A

Z
R

u%%m&g N

I3
e R
:,":HZI ‘ :

(z[z[) v () o, (]

.|
XUMEFE

ot B WO B T DLSE o R ) A R AT A, SEEL T
RN 2 B 3 B S R 47 o T A A ) S AR o R H
¥ J& (differentiable optimized product quantization
and beyond, DOPQ)M i i 5| A AT S 4, i A5 45 7Y
A LATE Y 2o e v ) ARG AL B 1k S BORHE 55 H
b, TR PR R R AR A, B2 R T T A
VT AR R A HERA T

2 EFRB BRI TG E ST

AT, BN HAAR ST K — 5551
FE S o B, A TR TE AN R AR AR ST B Y
HPQUCL %3k iy A ad /8 L B = Ak % L2 2T LA
FAUMR A FEA S PE 5 W .
21 HEEX

Fpg2 5] 1) B bR TE R A — R 55 18U
Wi BRI 2% S B 7F T W B a2 > [ AE
R, AT S P H R e (1,2, ,T), Hibagg~
1145 %t B A B SRR N D, = (X, BT S
A NAK A [ —A3 AR A . HPQUCL 19 H b5 /2
XTS5 WG BB E AT T, B YR — A
S 2 WAL AL F = (6,1l L RE 98 4 W A R R,
I B R ] BB 1 R E 2R BRI N A, 0, Fm
e 28
22 WHELHF

ALV T — BN FH A JC W B e 2 2] h i
ZF a5 [ A TN R LA RESE . &1 4
T P4 H ) HPQUCL i 2 () 3 AR ME U, P 45
s ARSI IR A FEAS BRI

XA 25 ]
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Fig.1 Framework of HPQUCL



° 1241 -

R, s LT U TR A 0 U 55 )

% 53]

32T A R 2 ] & Ak T T A RN Y )R
Ky AR AR 2% 155 3 OF A iR WUt 2 ], [m]
I — R E B U A8 38 S . BT, 4 1m)
it 25 () VA M A B 508 260 J RT3
23 (] i R R R

V=Hj xHj x---xHj

S %4 6, <0 1035 8 20U I 25 T
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HAEWIE L) 28 6] r,V RV ]84 7 i B V)
ZHEMEH RARR, &3 2F% AEEYmE
v e I,V Byv=(v,,v,---,vy), Hithw, eI, H

T B TEXS — X 28 3k A 4 i 0 4 1 (BT 5
P HEAT RRAE B BURD — BOrE R . AR UG, XF
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H 3 B8 B L R 28 0o B 3 iR 7 T A P 2
AN [R) AP, A3 7 2 R P i A 1 AR AT i B 4%
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e A0 P 3 A R R B ) 8% R A R PG 25 ] 1 1)
fE Z J5 , 8 Lo H B M A A8 R 4 BE 0 5 4R AE
(oo, o 2T R F7 R BRIG 23 (8] v ()RR A Z, F
Z, W 5t 1) 00t s |) e, A5 30 30 A3 ] b s
FEAE H, AUH, , DL R 1 69 X AR5 AE (R0
ELRMSOE R 15, et F A8 R R R TG 5 [
HH) TR AE 2, B BN S5 S g r ey Ul =5 |,
13 2] Y) 1] it v, = proj,, (z,) o SR JG 44 B A D) 1] &
V= (01, vy, vy JE B SR  R BI RM 5 [h) 3fe
FURIEV I, 153 S 2 09 XU A

h =exp,(v) = (expg'l (v1),exp’ (v,),--- ,exp;” (vM))

R, M A4 AE I S e M A XU -5 AE
(R by > T2 XU AR AR o LIS A C R
C=C'XCx---xC", Htp & m DA C" = {c,,
Coooe s Cox) EHE AL T KA o X 30U 4%
fiE b, , A SC A 38 i RS AR Cm R INBUR A
A AR, € HY , B Ab IS B i A, Y
5 O v i BT A RS S 2 (8] B AU B2 7 R

B/ ME, IASSGE S AT e SO A ) 4

A : 2
hm - argmﬂ‘lﬂpwmkdﬁm (cmks/'l)
HERy,

£ AT T w, 2 A T REAE S5 5 m AN A
55 kAT 22 6 AR AR L, LR P 9% 1 2
B AL A 0 TR TR 5 3K 2 0 8
TR, 76 TG B 0P 00 T A 5 1 5
2 T B i A 26 B 0,
& () = Nty = sl = =20, = 200).

S () 267 DU T 1575 103 16 25 4
BU T OUl F R B, € Y %07 20 E bR 3
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B o A W w,, 38 5 i PR 45 A9 softmax pRAITT
AR, LR
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>_exp (=i, (ki) /7)

KRR IR E 4S8 ZAEE RS
TR, —J7 0, B ST X A5 B AR A, A
FHRS S 5 R AiE 1) it 2 18] ) 2 R 3 1 fg 1
B BTk, AT A B 22 v I R R o S — T
I, BERET FIaS 2 2 En 458 ¢
R, A B TR FOR M RIKEE ST 5 HOMNE . X R
AW R A FHRE AL 2 5, 8 A X s A
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23 WHEHITEEES
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FISWAVIL, b TR 9 UCL i, A48 r9 T8 i
BRAEE BN, R T 7 PR, X B
e 48 1) T Wa B RAE 7 2] WP R B8 — 18 Lowsur o
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SEr o B R AR S PR, BB
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FEA PEFERENS . BRI &, e P A th iR
XU R AT 6] 48 by, B3 BB AS5 57 ¢,,0 1F D AU
o7, SR B e 18 22 o IXREAS &) 73 Ol 3 26 X B8
1) HL A 80 TR 8 R o AT M 1 R AR AR, 2) B
A BN R R R A R A BRE AR 3) B
Ja i ACRAEBGR I P AFAEA o RS X
FE Bl R A, LI — A 2 B B W H
TREA TS, AT AE P B X J3E Y [+) e SHe JBUARE AR 7
i 09 2 BEVE o O T S o R S T e
by, 5 HACHRRS 7 ¢, 2 10] RIS, I 25 182 AR
PR [A)E A% Z8 XU =3 (8], IR IS A8 2% B B 5
Jr A 1 1o 5k B AR B A 2 T Y R R
Z A

M
dis(2) =Y d}, (h,.¢,0)

PRI, 3 2ok 9% 1 %% B e 456 F A 55 X O ) A
AFFIEHEAT A4, AN AXRE S 1] B 2 HiTAE: 55 BT =5 1Y
IR, I REAS T8 R ok SR AR 9 — 202
Y HES I EZER .

3 Lk R

hy TS UE BT 5 5 R A RO, A SCHE 3N
1 1di B A9 %l 4 Split CIFAR100, Split TinyIm-
ageNet F1 Split MinilmageNet 47 T 3255, A7
MNECHE AR | 00 1 B R S I 25 A R A B 3 U Il
BARN AR N2
3.1 HiESE

Split CIFAR100"" # CIFAR-100 Bfi¥L 5
10 ME55, BAMES & 10 M ARRIZEH], BEAF
500 NUNZEFEASFT 100 A~ AEAS o Split TinyIm-
ageNet }f TinyImageNetP® i 100 /25 K143~
10 ME S, BAMES 10 28, BRI Tl 64%64,
Split MinilmageNet™* )\ ImageNet 3£ H 100 25, 43
10 TS5, F:25 500 Y ZRAEA A 100 I 38 kR
A, UG RSy 84x84,
32 EWiEE

SEEFHE B, A HPQUCL i A Z
F R 2] Iy h, AL 4E SINT D A-GEMM
DERPSI LUMPRY, M| KW B A IS
CUCLPY 17 A . Hak, 78— 26 F iy Jo W&
2 HERET, B4 Simsiam!??!, Barlow-
twins>*), BYOL!"”| SimCLR!"8) 1 SwA V"1, 16
HPQUCL 5 CUCL #17 T lb# . &/, ¥ HPQUCL
£ Simsiam HE4L T 55 5 H7 (19 JC W B /55 W B FE 2 ik

17 L #, f14%5 EDSR(Effective data selection and re-
play for unsupervised continual learning)®”, EVOLVE
(Evolve:Enhancing unsupervised continual learning
with multiple experts)®, iUL-LRCP(Prototype-Based
continual learning with label-free replay buffer and
cluster preservation loss)**!, DSGD(Dynamic sub-
graph distillation for robust semi-supervised continual
learning)P,

SHIRE AXMEHS CUCL MIF MBS
B FETCWEE A7 ) il ik KNNPT 4328 88 471
fli o BT SEU6 4 F ResNetl18 1FE b 31 W 4% 78
TR ET, B MES Ik 200 4~ epoch, batch
size J 256, TEAMEBGET, #AMRANIRES
B E 5, Bk RABGE S 0.5, HPQUCL i
24 A as: AL 8 MNSA, B AA 8 Y
% (codeword), 4EFEH 16, TEFTA L, FREF
0.03 Mg —*# &, X T HPQUCL " iR &
FUREABERE T 1%, B buffer &N 20 H T A7 IH
15 E AR,

N IEFR  ASCRHILT 3 FhF8bs iFAh FR4E
) BEA PR R P I ERR T (average accuracy,
ACCQC). [ [ iF# (backward transfer, BWT) F1-F- 1)
SEYJUHERA B (mean average accuracy, MAA), Hfr,
ACC R B BIE YN 2558 I AT A8 55 IR 7E IHAE 55 B
R . MAA FRBARITEI G DL 55 5, A
Ji A BT 55 B MER R . BWT RoR AR
RS R, TEIHES LR,

33 ZLWHERKDMW

A5 R B $2 07 125 5 08 O R R R A
T il ST 16 0 2 B RUR M SIE 0 3 A4y T JR s S 0 4
RIFEAT 3T
331 FEEegs Rk b odr

S5EEEREARATEETHMELEER N THR
Ik HPQUCL J7 ¥ 15 2 fif 9 M 188 30 F1 A0 HE U At
figé 75 THI (4 A 0, AR SCH HPQUCL @i AL 1Y 2
P AR 1 7 vk ) 5 CUCL #EAT T 256 X L IF Al
nk 1 R . R LA Y, HPQUCL JLT-7E
FiT A B 28K J7 ¥ ARG T CUCL, — AT RE Y 5
P&, HPQUCL A 8 B T AE A Z B i 45 # 15
B, MR TR R] R A . Ho, 7E MAA U7
7, J%F Simsiam ZEH T Hk BTk, 3 DL
P gE 1 n] LIWELE] SI, DER A1 LUMP f w/HPQUCL
Ji ikl w/CUCL J5 3k 73 5l P 2t 7 0.59,
1.29 F11.91 B4y F . 7E3: T Barlow-twins Z28 K
BRI R J7 %, HPQUCL &5 ST, DER
LUMP @it i), a] AW ZE 3] w/HPQUCL J5 2
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HPQUCL J7 ikt B B0 i 2 A O 3 (¢ 1 i
BUH), WEZ AR — B R B v ik 7RI
FMEMEIR RS
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Table 1 Comparison of experimental results between HPQUCL, CUCL, and supervised baseline methods as well as their

unsupervised variants on different datasets

%

o - Split CIFAR100 Split TinylmageNet Split MinilmageNet
MAA  ACC BWT MAA ACC  BWT MAA ACC  BWT
S 59.17 577  =32.00 52.12 4442 3527  50.12 4497  —34.52
Supervised A-GEM¥ 5810 5477 -31.24  52.00 48.74  -29.67  50.84 48.09  —30.32
DERP 72.48 67.97 —20.09  60.83 56.74  —21.40  58.52 5449  -23.40
SI 69.75 7432 —2.66  51.37 58.80  —0.98  54.79 6324  —0.30
w/CUCL  75.79 76.68  —5.12  62.45 64.48  —449 6491 67.05  —4.44
w/HPQUCL ~ 75.93.,4 75.66  —238 6324,,, 6588  —029 6574, 6829  -3.68
DER 73.05 7531 —4.04  51.01 5866  —0.82  56.78 6372  —0.61
Simsiam w/CUCL  76.32 7724  —439 6241 65.10  —4.04  65.03 67.15  —4.42
w/HPQUCL  77.13,4 7583  —4.61 6357.,, 6497  —0.02 6692, 6824  -3.21
LUMP2 63.95 69.83  —3.60  53.60 61.12 -593 5236 59.54 —4.52
w/CUCL  72.19 7478  —0.82 5851 5942  —2.80 58.67 6025  —2.36
w/HPQUCL  74.12,,4; 7546  -2.13  60.22,,,, 5833  —025 60.77.,, 6142  -0.23
SI 73.13 7352 —8.16  60.39 5972 —8.73  61.53 6197  —7.91
w/CUCL  74.40 7493  —7.68  61.59 6244  —6.11  62.67 64.50  —6.61
w/HPQUCL  74.77.5, 7522 =770 6233, 6512  —537 6423, 6578  -5.54
DER 73.15 7346  —7.63  60.40 60.04  —8.82  61.79 6247  —1.93
Barlow-twins ~ w/CUCL  74.62 7547 116 61.57 60.88  —-8.82  63.10 63.82  —7.64
w/HPQUCL ~ 75.60.0 7449  —511 6274,,, 61.06 —7.62 64.18,4 6403  -7.11
LUMP 67.18 66.73  —633 5526 5778  —2.62 5491 57.66  —2.63
w/CUCL  72.16 73.66  —3.88  59.43 61.58  —3.04  58.60 61.80  —1.97
w/HPQUCL  73.07., 69.64  —271 6034,  60.16 -2.80 60.11.,5, 6325  -3.22

S5XxBERENLE A THEGHYS CUCL
I AT Hed, A 30K HPQUCL J7 3 il A B A [
W B 2 kb, k2 fim, R2AMT
FE— 2 Y C W 24 2 O e T HPQUCL
J7 M CUCL J5 ¥ By Lb 455 . HPQUCL 7 ik %
K B4R T B TE, MAA J7 i, w/HPQUCL
1t Simsiam. Barlow-twins. BYOL. SimCL F1 SWAV
A BIEE R T T 2,16, 1,15, 1,12, 1.23 F1 1.09
T A1 15, 31X R B VR A i DA TR R AR TR R L
BA R0 A 8. FEAERAET,
FE R 2 (8] o A RS S 5 ) Y R B LA N
SCARL, T TS 6, AR R
B L2 BB E £ R . £ BWT i,
HPQUCL J5 75 S Bl K4 A R B0 (n & 2 il

BE). R CUCL "4k 3k PR M i1 AR A 1
%, HPQUCL By XL TR A S B AR 1Y) SR W A LA 43
AFERE 2R S HA RAFZ2HE . Bk, HPQUCL
TE G2 f AR 1) ¢ HE M 28 ) AL o L R A

S5&#AENEE T H A HPQUCL
J5 B Se HEE, AR SCOK HPQUCL 77 ik 5 e B iy
4 A TC W B /55 B SRR VERT L, ngk 3 iR, M
T ROk A, R R LR E T, HPQUCL
1€ Split MinilmageNet ¥4 4 I ir 5 & & R I fiw
f£. 7E Split CIFAR100 F1 Split TinylmageNet £%
££ I, HPQUCL IR HE U8 K BWT 19 5 Ja i B
HIESAR K. HPQUCL A B89 1 5T 45 4k i
A3 A IH A A0 B 1, Uk B HPQUCL 7E 2% fif
LR ) 50 X 18 s ) R B LA Stk
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Table 2 Comparison of experimental results between HPQUCL, CUCL, and unsupervised baseline methods across different

datasets %
. Split CIFAR100 Split TinylmageNet Split MinilmageNet

i MAA ACC BWT MAA ACC BWT MAA ACC BWT
Simsiam 67.48 73.87 —-1.20 50.47 57.18 -2.62 57.33 64.36 -0.92
w/CUCL 76.07 75.81 —6.26 63.23 64.42 -5.18 64.61 66.17 -5.30
w/HPQUCL 77.73.1 66 75.66 -3.34 65.23.500 66.74 -3.45 674254 67.15 -3.42
BYOL 75.45 77.80 —-1.40 56.90 63.98 1.16 57.75 66.56 3.96
w/CUCL 76.78 77.67 -4.19 63.90 65.66 —4.58 64.50 66.99 -3.74
w/HPQUCL 77.25.047 76.48 -1.14 65.97.547 66.45 -3.21 65.42,44, 67.23 —0.42
Barlowtins 7291 72.96 —8.47 59.90 59.76 —8.22 61.26 63.32 —6.92
w/CUCL 75.29 75.18 —8.82 63.12 63.58 -7.27 64.31 66.16 —6.56
w/HPQUCL 76.78. 4 77.56 -9.34 63.33.921 63.97 -6.29 66.23,, 4, 63.24 -5.12
SimCRL 74.39 74.14 —6.58 63.49 63.24 —6.56 63.15 65.30 -4.71
w/CUCL 75.38 75.88 -5.23 63.81 64.14 -5.36 63.72 64.77 -5.09
w/HPQUCL 76.23.055 77.48 —4.22 66.23,, 4 65.96 -3.34 64.13.04 67.56 —6.22
SwAV 73.18 74.44 —4.20 58.52 62.94 —0.76 62.03 62.66 —4.67
w/CUCL 74.77 74.86 —6.39 61.95 62.84 —=5.40 63.22 64.29 —5.63
w/HPQUCL 75.66.950 75.23 —5.36 62.23,9 61.66 —4.34 653351 65.89 -3.36

R3 AEHBET, Simsiam wHPQUCL MR #Fi A5 L& R xtEL

Table 3 Performance comparison of SimSiam w/ HPQUCL against recent state-of-the-art methods across different

datasets %
o Split CIFAR100 Split TinylmageNet Split MinilmageNet
MAA ACC BWT MAA ACC BWT MAA ACC BWT
Simsiam 67.48 73.87 -1.20 50.47 57.18 —-2.62 57.33 64.36 -0.92
w/HPQUCL 77.73 75.66 -3.34 65.23 66.74 -3.45 67.42 67.15 -3.42
EDSRE4 76.45 79.83 -5.43 67.95 75.98 -5.16 66.75 66.56 5.96
EVOLVER® 77.08 79.48 —4.14 69.97 74.45 -4.21 67.13 66.02 -5.42
iUL-LRCPS! 78.91 79.96 -3.47 72.90 71.76 -3.89 67.26 66.32 —-6.92
DSGD#® 76.22 75.43 -3.57 67.44 70.78 —4.44 66.72 65.43 —4.43
332 HRkE HPQUCL MBI J7 8, AR SCMAS [l ith 4 B3 2 FlAS

BT AR SY HPQUCL HE 28 rf 56 4 20 14 1y [l F R AR B PR T 1L 2 M B I UE I T R A
PR BTER, AN SCHF R TR A Rl LR . AR PR Btk 4 MR S BR TIHESCI 45 8.
& 4 SimSiam w/HPQUCL X M A E A S LR ER

Table 4 Experimental results of SimSiam w/HPQUCL with different numbers of codebooks %
AR Split CIFAR100 Split MinilmageNet
MAA ACC BWT MAA ACC BWT
0 68.54 72.67 -1.23 57.33 67.36 -1.92
2 73.23 74.44 —-7.56 62.97 64.54 -5.77
4 75.99 74.68 -5.24 65.37 65.33 —4.56
8 77.73 75.66 —5.34 67.42 67.15 -3.42
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Table 5 Experimental results of BYOL w/HPQUCL with different replay sample selection methods %
ik Split CIFAR100 Split MinilmageNet

MAA ACC BWT MAA ACC BWT
easy-sample 59.48 66.24 —8.55 55.54 67.42 —7.89
hard-sample 77.11 76.93 -2.76 65.23 66.78 —2.64
mix-sample 77.25 76.48 -1.14 65.42 67.23 —0.42

1) 0 T B R A5 Ak 7 B9 15 B2 AR 5 8

TR R A o) B o XL ACC 1Y 3

i, E 2(c) %4

B A { LA E 55 B i WA ] R Y 32 B R A
A SCHE B SimSiam 1E 8 6 W B SEah ey, 7 U
A A A3 ) A [ ) S A e R AT A
BRI, PR3 H AR BN AS, A A B0 53 i
ENO0.2. 4,84, 7F Split CIFAR100 Fl Split
MinilmageNet £t #ig 4 b (%) 52 55 45 F 3¢ 4
TN BEIRFWY, A I SR A, R AR TG 8
aob M B A AR T A A 2 B RRAE A AF S, AR B
AR o Bl A T A B0 i 38 I, AR AE Bk 43 50
ZATF ) i, AN A ARG AT LLSR R 8] )
AR R E AN 2GR, A RE B
Z MR B AL R R R, DU Y ok B AR
BEARLPERE

2) A T Bk R G A A B R A 3, A
SCHERE BYOL /B JC Wi B SEmb 204 o AR 808K
[ 2 R 20, HAWS B FFA S, B 20 DEARTE
DL sk $5 . &Pk 858 B R A (easy-
sample) . 2P R RMEREAS (hard-sample) Fl14%
PR A AR AR e 82 5 i AT 8 (mix-sample),
& Split CIFAR100 F1 Split MinilmageNet 54 4 -
(RSG5 SR N8 5 frn . S5 SRR, A ER 0l H &
PR AR A Sy R A T A R JOEPE 3t i 1) R 1 Y
AR B 25, W] RE Y S DR AR 5 G T R I SRR AR
U ARREA BIC AL o A FH DRI HE A AR A Ay J
FEA, —EFERE L ISR T AR ICICRE ST .
X IR & FEAR BE$E (mix-sample) B R 7
BWT I R IR 4f, I 5 S8t 1 a7 5 i PR w4
A, ) BF EE T SRR A, FE JLART 4 A R0
B B EA R 2. R BLIRIE T A ST
(BT B R A e 1R 7 SR A s .
333 AHEk

h T 2 B UE AR R ) R E M, AR SCLL Sim-
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A TR N AE /D buffer Fl%E {4 2% 3 3 o 43 W 7E
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