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Class incremental learning based on variational pseudo-sample generator
with classification feature constraints

MO Jian-wen'?!, CHEN Yao-jia®

(1. Ministry of Education Key Lab. of Cognitive Radio and Information Processing, Guilin University of Electronic
Technology, Guilin 541004, China; 2. School of Information and Communication, Guilin University of Electronic
Technology, Guilin 541004, China)

Abstract: Aiming at the catastrophic forgetting problem caused by the class incremental training of neural network
models, a class incremental learning method based on a variational pseudo-sample generator with classification feature
constraints is proposed. Firstly, a new classifier and a new pseudo sample generator are trained by constructing a pseudo-
sample generator to memorize old class samples. The pseudo sample generator is based on the variational autoencoder
and uses classification features to constrain the generated samples to better retain the performance of the old class on the
classifier. Then, the output of the old classifier is used as the distillation label of the pseudo sample to further retain the
knowledge obtained from the old class. Finally, in order to balance the number of samples generated by the old class,
pseudo sample selection based on the score of the classifier can be used to select some more representative samples of
the old class while maintaining the balance of the number of pseudo samples of each old class. Experimental results on
MNIST, FASHION, E-MNIST and SVHN datasets show that the proposed method can effectively reduce the impact of
catastrophic forgetting and improve the accuracy of image classification.

Keywords: class incremental learning; catastrophic forgetting; classification feature constraints; variational autoencoder;
distillation label; pseudo sample selection

0 51 § 530 3K RUNAE IR RN ZRE A AT 5 B0 T A
UL AR SRR B 2 5] vk N L e s R T Bl N FIBEALBE 2R B OUCE B S A At b B B R AT A
VEH HE A S N S G eE T e e R EOOEME IR AN, B e YIS

Wi BHA: 2020-03-02; 1&[E HHR: 2020-05-22.

ESWH: EX AR ¥ESTH (61661017,61967005,U1501252); 76 A R B} 3 & 1 H (2017GXNSFBA
198212); | PERE A A A E T (R AD19110060); H E 1+ 5 R334 E5iH (2016M602923
XB); AFNTCLE B2 B B A S2 0 = 1 H (CRKL150103, CRKL190107, CRKL160104); H:bk fL TR K
T AEAIHTIE (2019YCXS020).

HERE: FEA.

VA IA/EL . E-mail: mo_jianwen@ 126.com.



2476 ECa |

5

xR %36%

LM 2o FHUEE &, NITTEICLEAE H 2880805 7 21
SR DR B T TH R B II G AR, D) 224 368 37 2%
IS, KT 6 BT I R R AR & B Y, XA RN
TR B A TH R A SR A 75 22 K R B A7 6 75 K.

BT AR SCHR o, D S B2 3] AR AE 1 R K
BUSHLR I TE KRBT 70 4 K2 IENME T M
YR R E R E RO V. IR AR T RS
AR R AT DARR i) W] 2 5] Z 80 AR Ak, BAB 178 o5 A
HITDE A B 10X 4 25 3. SCR [2] 2t A0 3 PR AL B 5 O F
(elastic weight consolidation, EWC) g " J £ 5% /i
—AE S5 EE AR E MR L TR L. MR YT
J216-1OT (RS TR 3 1o 468 e 9 0% A AR B DA N AT
55, SCHR (7132 M 288 Fe 7532 — 7 AR B 1 Ji ik
W28 (I JE &%, o — T IR G AR E AN a2 = B3N
TR E AR AT BT AT 55

FOUURE PRI — IR I A H AR DN T SE AR
I, H 32 EE B AR K B IR M 215 2 8 H AR A i
B — P87y, 5 T R X 28 R )1 2, A 45 f] B0 ) 2%
REIK 1 5 A P 2% 1 1% RE. STk [12] 32t 1 — A 3T Y
T, P RS VR 453 IR AR R 52 SO 10 ISR PR KR IHAE 55
TR BE, BARIX AT VEE MR B/ 180,
il FEAE ] L 37 S IR AS AR AR AN TR] ) 2
A, eI I8 LA IR, (H R LA SR R iR &
NS, H PR RE A FARL SCMR (1315 T 30k (121 19
J7E AL B shgm b & i AR R R 0 R O/ B IHAE 5%
(RIAR, 2RI AE — AN BRI PR 37 5t AT 1A,
e X 22 15T X 22 L2 AN [R] ) B 4 e T I 5, 4
ST SCRR [12]. SCHR [141 KRG TR 5% I F 30 3% &
BRI 25 1) 27 20 v, FRAE B AR R I 7 T S 1 8Ly
FIRIOR, (B XY 58 1R 3R 5 R AN & 1 5 — Y
AR

R T V5 R B A 1 O B 5% B D8 U A BB R,
BEESWE —RR BRI TG B R
TRAF 2 N A7 22 o0 X, G SR [15] A 32 H A 4 o
K5 RN 2, %7 A E AR B IR KA
ZRHE, JF HT LUZ B m ¥ 28, How] BAIRI I 2% 2] 7y
e F AN 5 21 ROR. SCHR [16] 78 SCHR [15] 1 = Atk b 3k
A7 7 St AR T I 3 S ) 4 e >, 3 Uk SRR
[15] HA7AE BT IH 2B R I SRt A B B AN 2 4 I .
— R I I R A A AL TH S R B R A A R
fiti T R S HHE 8 70 A1, a0 SOk [17] v, 8 a4 1 3% A
o 22 X 2% A AR R TH 28 B BEATL AR RS2 L 2K 3 &
2 O B AR OB R SR O RS 2 3T B SR A A R
B WP B bR 22, 1K 300 T 1) A7 it 75 oK i

JIr 2 21 R 28 00 50 T 19 I SCR (18] £ th iR FE AR
% E i (deep generative replay, DGR) J5 74X} & AT
2 # U 5 — A TE 26 F 1 GAN K R A A il fi X 43 I
&, 52 i) GAN /& o 2% 1F 1), I s DGR ] 17— A
BUAN 5 K28, 1% 0 A8 G FRAT IR A= 1)
AT 73 I 43 FCAH L AR AR5 SCHR [19] $28 tH— Fob
1812 E i GAN (memory replay GANs, MeRGAN) 77
I8N DGRAEZEHEAT B 24, 4 T 2% A 1) GAN 5 #t
9 ACGAN, TV B 7 84N 73 S5 38 [ 75 2. SCHR[20]
A XA TSR H T — M A2 12 GAN (closed-
loop memory GAN, CloGAN) /5 1£4%JE 5 /N N A7 2%
X 5N GRAE BCAs 455 0, N AR G2 X ) L S
FEATE 242 A 0 A/ 1 DAY, DARR ARG AF s 2 AR R )
P it 245 14 B 1 B0 22 51 62 1) A ol PRIABRAK T] 73
JUE A ORI Z R D T 28 AH S MR IS IR AN
Je— N AR R R R IE AR 5 VAR 2R R
ST RIS, B 4n EWC! 7 3, SCHR [20] H A 5256
BOAE 13X — JR FRAE. 53— 7 1, P2k JE 1 U7 1 AR
10 BB N 2 IR 1G5 ) R A ] v (R A o 7 58, (AR
P 224G AN AT HR 2, DR A 2 Hi k) 2% )2 Hi s (1 Pt
B EBCRENAE SR, FFE, EROT AR B R ]
P A n) . S R S OB I 2, B A
SRR T2 AR R MBS [ IR R, 55— E I
EGEMT X BANE— EFR R B fR T IXFh R PR &S,
R [FIFE it 2 1 B 2 ST IR B 3G 2, WAz i X b A
KRG IR G D, b 2 2 A A i & T
We¢ 4] i) R
ARG TR B 56 4 8 7 |H R FE AR |
WAF 7 FH R B 253 R VE REIRUAIC A5 1) R, 4t — Aol A
T RRAE LR AL Iy P E A A e R 3 o =)
S G — PR T SRR 2 R AR S D R AR
A, B R A BSCRR) PR A A R B 4 3 OR B TH 2R AE 43
KA LvERe. SRS, 45 A AR IR g AR, St
FEA A s R O DA RE AT _ERSTRIARAE, 3 — B IR B
MNTHZE A SR AF 1) AR B, K R T 40 280 B0
FEA LB WS, LE T 454 TH S O A 1) 52 i 2k v
kP BRI RE A, 07 VAR AR e AR
B IH SRFEASAHE AT ER N, A 0D 5 HE PR 18 S 1R 52
i), 4 ven PR 70 R T
1 FET 0 RREL R AR A AR I
KR
L1 REEBFIRGEN
BT o KRR AE L R AR oy O FE AR A KA

(variational auto-encoder based on classification feature



%101

R F AT HEHEARENWERLAE O LHEES D 2477

constraint, CF-VAE) [ 28 38 & 2% 3] J5 5 H IH 73 25 88
IO HEAS AL s BT SRR AR GRAE BT I 7 S 3
K ANREA A A%, A T8 BACAZ IH B R bR 28, i 72
W R, EE0 N3N

B 1 B R 2415000 1H D RE AR AR B oy A2 B IH
KINFEAR, IEEET IH 73 K8 G N A R D FE
AAT ERERPRAE

520 B ARIE O FEALE Gy BRI K HOR R
AR ZEIEFE— & BE A AR MR OREAR, IF 525
FEARELE Spow — HLAN EEIE BN ZREIEEE Srain

55 3 W B U AR A (1) 38 &)1 2R 208 R I 2587 43
KA Grpr, A AR B I 3G 201 SR80 SR 01 2 Dy
FEAAE A8 g1

LN , ES Uy ' o
1 —_— -
, v e L gu(® i
“"‘T’Dﬂ[ il } K ® K
D K : 4 *%’f?@’ﬁ’& HETre » =¥
- : }fjl T e =7
‘ . el ' —
-3 B ' ®® !
i« 7;:”‘ & : G, 1 -
THERING : [7ipe—y |
ﬂ‘; SR 2 m
el - 1 N O v
== SN U1 f (| [y
st T L]lll E i
) 1 g PP R
T p g

1 ETCF-VAEREEEF 37

1.2 |BEARERRE R R HAE B

W 1 BT 7R, B IR AT R0 B S I, 1 A 7 B
FHUNZR 47 8 TH O B A A2 G2 o0y N TH 2R AR BGPR FE AR
Xoa B

Xoa = {21, 2} = {2l = d(ey)}. (D
Hre; € N(0,1); 2 Jape ERHTIHRRIIER, j €
1 ~ n, n N BERAE IR ARSI

BB, N TR AT Re L OR BE 23 R AR AE IR 38 Bk
RE, R FH RN RORG TR ) SE AR A ) TH R DA R AR T 4
TRARZE. AR TR — 432 I B 2 17 SEal
SIS, FL A SR AR N B 7R W 28 45 3] (1) 4K H FR A
SR PR — 0 4, 5 T R IR 28 [ I 2, e A T R
X 28 B I8 21 B A% X 28 1 1 e, SCRR [11] 2 B3R B, 24
B H AR B A B S BRI SR A it
M5 B Le s B AR 2, FF HN R A 2 B 6 B 22 57
BN, DRI, AH BT T A 1R 55 2 R 8%, 7 B DX 24 38 5 T
DATE /D15 2 S B dEAT IR, A S rh Py Al i

IH 73 2R 23459 2 (100 4 VR OO REAS IRORS RS AE:, REAE
FAPAREAS S FORE AR 25 55 B AR RS RE A Z5 07 43 2K
A I 5 T 4% 7 AT TR A ST TR AR FE 1) 40 B, AR
Bror R AR Mg 2] TR B KRR, Bk
Hh, B SR AR R DA A XCET N S T IH 2 2R AR
Gy FIRFIESR B 2% o v 45 2 T 70 KRR AE, SR 5
FHFFIERIN G 1) Softmax /215 21 73 8 4% 105 i, B

Yoa = {y1, .- yn} = {ysly; = Gile(@))]}. @
Forbry; USRI o BIRS TR ARAE, XA IH 2 K488 Gy 1
Bt Yoa B2 AR B DA REAS IR RS TR RS 4.
1.3 HERAEARRIEERAEIESVGEIES

[KI R H 1) CF-VAE J2& TG I B AR, HAFE AR A2

B BEHLI, B 10 S50 H 3 I, X 5E % CF-VAE #
BT BE AR AR M A B A2 B AN TH R AR A
BB o AR A PR R HE DL E R R B
B o3 AT EAT FlORE B — Fh 7325, SR [22] $2 1 4801
2546 444 FF (discriminator rejection sampling, DRS) 77
PR AE Aa il B N 2 GAN, 38 ik VI 2547 (1) GAN H
A BOREAS, I 4 ) 5 0 i LB R SR AR AR A kR 1
WA, BEZE 5 4% 1) A BRURE A R AT, NS A AR 4. SR
[22] 73 #r 1 DA% HE Ak 22 A D 4B 28 A s 1 A 2%
P, FF i it 75 ImageNet 24 b 1) SLI0 30 E 1 1% 07 1%
AE AT R A8 GAN A2 BSORE A I BE 26 70 A BE 60 T
SEREAR. A SR AR 26 filke (1) JEAE, 72 DRS H 27t |,
PR TR T 284 B D A A i R S e 3 i g A
53 R DRS H IS 48 A R D AR AT Tl
N0, AR AR TR £ 73 28 73 BOR A B 308 PR AR AN 2R O B
AHE S AR P& BARHh, 5 O R 4R a3
AL BRI BN, e RoRt + LI 253 1) 26
PR BT L ~ ¢ — 2t I 282 21 1) IH 5 1 4K
H,c— 1~ cHt+ LI ZPWE R FEE, WA H K
WD FEAR o € X5 E G, BRI P I 20 5 73 96

DRI IN

k = arg max y; m, (3)
mée(1,C)
85 = Yjk> “)

Kby = [y, Y0l A CYER &,

B R B S IR IIE 2, 3 SRR EEIX Ay ()2
HHBE I 2, YIZRIH 7328 G, 5 IHOARE A AL i
Wy BB 73 VI SRFE AR ¢ — LI 20 DR A AR
R A e SR ARy Bt I 2 B R SR e — 2 5 ¢ - 3
KTZRFEARSR AL, BIZEYIZRIE 732588 G, i FH B
EHIEEF ¢ — 25 ¢ — 3BMIZRBEA, T Z



2478 # % 5

xR %36%

HR A OIREA A A oy R e — 25 ¢ — 3R PA T
A X AEAFIH I FE AR A 2§ ooy AR e — 25 ¢ — 3
KHV I FEAIE L A 73 25 88 Gy AR XMELS 2148 1 ] 25
H. BEXTIX A) R, B v — AN OO A IR B SRR, R AN [F] (1)
IH 250K F AN TR 7 2.

T, = 0,58 = o,  Hd SF N kS
FEAREIRER, S5 AT A IR RN EARL, o N—A
AR, N T — A8 T XET FIREA o, iR 5K (3)
@) 5 vt SR B k Ay 2o K s, B

DMk € [c— 3, c— 2| I B DA FEAR AR ZE TN
B HRAE, B SE° = S U(2), )

)Mk € (Le—4), Hs; > T,01 S50 = g8 (]
{(@f, ;) } I, & F AN T4 T TRV REAR, b T 0 73
KoHHIBME, Ho< T < 1.

PAREA PR VR MAR W R .

BHE1 DAFEARRILEE

N THE 93 2K48 Gy, DI FEAR AR IS 4y

i A HEMONFEAREE S5 = {SF°", ...,
S8

WIEtk: S5 = 2, S5 = 2.

step 1: JBIE = (1) FIH 9y ﬁiﬁilﬁ%ﬂ"]%#i‘x;;

step 2: i3 3 (2) #f o HIA G, 755 2 i) Softmax
fith A y;s

step 3: 33 3 (3) A1 (4) 70 Al TH 5 o (K i J@ S0 &
Moo H s

stepd: Mk € [c — 3,c — 2|BF, 55" = S U
{(«},95)};

step5: Mk € (L,c—4),Hs; > TH,SF" =
SE U )

step 6: 24k > ¢ — 2, FFIFEA 2

step7: H K step 1 ~ step 6, H 2B KN FEA
HOR AL PR SR A RN EA B A L.

e JE, B G R ARIE BRI IH R DA AR 4R
SE RIHT IR AEFE AR Syyene — AL LI B 52K
PR Strain = S5 U Snew, NFEE T ARG 527 2]
SRR 38 G SFEAR A AR .

14 53 ¥HF

IrRAGHET Z R N 2%, B RFAE S EM
28 F1 8 J5 1 Softmax 738 J2 4 . T 56, RS2 U 2%
TN = 5 B2 28 1, VR — AN PN RIS RFAE S L
WL N I GREA o B — 4 B A D 4E 1R
fE, Bl z; — RP.

R RN AIER N Softmax 73K 2, BA S

wi, ..., we € RS TARATE € {1,...,C}RAEH
] Softmax 4328 )2 ) A

oW o (a;)+bk

Grla)) = 4 5)
Z ew?'W(rj)+bi
i=1

Hrf: by 5 by Nw B DA &, p(x;) R x; 8IS R
U 2 o 13 21 ) — 2 D ZEFRHIE.

FEIX HL, 38 B I 2R B B B R I R A8 N one-
hot #4255, |H A U O RE A RS TR AR 2E, P LA 43 R4
FH 9 o450 2K R 50K i, — iR BT 2R B 22 SO 2K L,
TPl IREBRE TR K L, 250 R Sk N
Lo, WRIRME2N K 1 ~c— 2 RIHE c—1~c
D, W R AE SRR L

oaN C©

L= 5o 3 Y pm gt ©)

=1 m=1
Horp: NN R FEARECE, p;, AHTIEFEA ) one-hot
W2, q; N Softmax JZ B H {H.
AR BRI R L A
Ly =
Nx(c-2) C

1
- Yjm - IOgQ',ma @)
Wl X 2t le

Forby; A B TH Oy BEAS BORS PR FR 25, T 73 25 4%
fEMR K L A
Le=Lg+Li =
2N C

- (le 52 D Pim 108G mt

j=1 m=1
Nx(c—2) C

> Y 08 qjm ) (8)
m=1

1

N x (¢c—2)

1.5 fAMEAR%E R

D REAE 2% (CF-VAE) & 78 7 H dm il e 45 &

I3 25 B R AR B E Y 25 21 K, B AE A R D RE AR AN

A REJS T B A G U ZRAE AR, 1T HLIE R Al 2 mT g

LA VN GRFEATE 73 228 LM RER I, DAULSR ARIE A

BRI DA A AR B T A R PR B 2 S a6 TH 2RI 43 2%

£ BE. CF-VAE J SR S5 M an 1 2 fr .

& 40 1) VAE W1 1] 2 J 28 HE 1 BT /<. VAE & & R

A WA R EL, — AN EM R L F1— /> KL HUE

P Ly, AR EMHIK Ly 28 7 RS R i &
FAREA oy SN ZRREA 2 )R AT RE R — 55, B

Lg = (z; —a))*. )

X T KL HIORE, 53 (10 2 9 /N E 236 23 A [ 1) 22 S,

j=1



KL F AT RBEARES R ALRB O RHEES D 2479

-

s e

& 2 CF-VAE 2{k%E1

FEIX B B B2 A T RS I 26 o 15 2111 Z; 10
FRUETEZ 7340 N (0, 1) B 5%, B
LKL = KL(N(MJa 0'32)|N(07 1)) =
1
—5(1—|—logajz-—,u?—aj2-). (10)
,E;EF'Z Zj = Wj + € - Oj, 15 %Dlogof- ﬁ%ﬂ?ﬂulléﬂ‘f—ﬁi
o I Y 25 o 45 21 (1) S AT ZE R, € 93l
N 077 28 1 IR HEIEZRS 73 A0,
CF-VAE & 4 25 4 n 8 2 B o, 8 it 45 6 4 28
i H R AREAIE B U 25 0 Dy A% 8 VAE K S 5T 1 403 2%
T EAE IR GT 2 A0 7 S a8 5, K 2 2R 4% R4 B
W28 iR 4, RAE N — DR BCRRAE B, I ZRFE A o
I RFE SR BN 45 o 5 REMS 3 — 4L H T 70 R IR,
BN, B
Fy, = (). (11)
()4, 368 i A 0D 1) 2% o) A PO R A o) 3 i
R SR H P 28 75 1) — ALRFAE L, MOBT 155 R B L e
N
Ly = (F,; — Fw;)? (12)
I 2%, I B/ 3 AN 15 R BN AR Loay, K
SRPFEAR A B, B
Laiy, =Lr+ Lk + Lrp =

1
(z; — ) — 5(1 +log o} —

= 03) + (Fuy = F)*. (13)

BRI 3, SRt 9 T2 ERAE 20 3R 23 e A

P B ) R B2 ) AR AT S B2 ST IH 2
{1 A I R AR T T 7 5 AR 2 5 s
TR B — 14 2 08 5 s, BV R s Akt H RN
B RHAT 2 40 FAREI T M B2 o), Bk

& 54 AR I S BN R REA L.

BT 00 SR IE LY R AR 53 PR AR A B2 (1) S 3
AR AR s,

Hik2 F T CF-VAERZRIE &2,

BN B REAEEE Spew, IH 3K G HEARSE
ﬁi%%wt;

B Wy G SR ONREAR A LS .

WGtk S5 = D, Strain = 9.

step 1: 3@ =X (1) R DA FE A A2 A o 2B A 26
PIONEEA X5

step 2: 18I 20 (2) NEEATHIEMPAREAFT FRETHR
P2 Youa = Gi{p(X50) 1}

step 3: HRHE BV 1 RS B AN SR B0 D FE A S
5 R RS O FEAR S S5 — A REARE £
(Gt 1);

step 4: I I BT FEBR BB AR Sppene FH )Pl
FEA AR S8 AL (A 44 2 1 B I R B0 R 2 Sipain =
Seia U Snews

step 5: IS IG S YN ZREHEEE Srain WZRHT 70 KA
Gip1 SNFEARA A% 1.

2 SEWAER KT

FEIX B, DL~ 1 73 NS FE VT Al R 3G 522 o),
BRI 2 ) AR R A A B R — AN A
FHAS F4E. 72 4B 4R rh VA 2838 & 7% ©J: MINIST.
FASHION. SVHN #1 E-MNIST. F7 5 #5458 78 #4725
B2 ST 4 4 RIS 4, T 3 AN EURE SR A
TEA2NE B NTEE S BIREA K. E-
MNIST & — MK IR 4R, LN T A3 K e
I3 R 8 AT S NS FHETE RS T 24404
A 2.



2480 # % 5 x K %36%
21 FEEF IHIXTELSNIE 100 p—
9B I 4R L1 2080 2 ST O AR 98, 5 X _— e
Mk [20] 4 t (1] CloGAN 7} Jjl] /£ MNIST. FASHION, i;( 96
SVHN bl %% E-MNIST 504 4 - 8 £7 e, BLoF 324 |
A A o AR E. N T BT MO LE, 43 BT A T
CF-VAE 5 CloGAN 1) 2K 28 5 4 il #%. 4329548 75 T, 2 01 03 05 07 o-’9
CloGAN [ 4 3K B JH] — /M 6 2 1) S B0 b 22 0 4%, 378 (a) MNIST
I S, 5 A 3 % 0 A T b 2 0 4 B (R4 S ot
i 0 35 2 H 4 6238 47 43 9K, FF BA CF-VAE 1) 4 2% = ol
66— A 3 2 B 4 i B 1 2 1 4. 5t e CE-VAE 5 & ss)
CIOGAN 114} 2 B E 4 A SR S8 | 1940 2 1 R, 25 o
1119 | J 7%, CE-VAE 5 CloGAN [f) 5 3¢ 3 76 % A% ) DR )
$RAE_F U HI LR T 945 FH6 18, 3PP CloGAN 14 0-1 03 05 07 09
UL /F E-MNIST 3048 4 [ %% CE-VAE [f) 49 2k 4245 (b) FASHION
L it 4y 28 BB, K 2 L T CF-VAE 5 CloGAN A= i gg [ T, The IR
5 10919 4 45 1. CLoGAN [1 24 B 3 5% il AC-GAN, Sosst
S 50 60 2455 P o I % g o, v ) 0 0 248 15 2 1 ) & 80F
G (BRI 19 5 )2 5 4 J52 % BUR. CF-VAE R Fi L
5 ACGAN AHBL I WX 4% 45 #), B CE-VAE [ 2 1 % 2% 651 . . oy
5 R O 24 1 B 2 40 2 4 R B B 0-1 03 05 07 09
£l HEBESMBERELOTHNREE % 100 © FASHIOiCF_VAE
4y%4%  MNIST FASHION SVHN  E-MNIST e zz: R . T CloGAN
CloGAN 98.29 86.48 84.43 89.41 % 85|
CF-VAE 97.99 86.8 84.33 86.14 Sﬁé 80 }
75}
=2 SRR 70 o AI-IALLA:OALRA:U/\:-X
IUZELEH GREDIIEE BN  ARE G 2 (d) E-MNIST
AC-GAN SEBBUR 4EERR E3 FiossERttt
CF-VAE 4ZERZ A EERE

# CloGAN 7£ MNIST. FASHION . SVHN P/ X E-
MNIST %47 5 b (1) 10 84 R 2 i X 43 ) o 040 4
W AEABE 1 0.16 %o+ 0.1 %- 0.8 % A 1% 0.8 %, CF-
VAE 5 CloGAN 7 %™ 8 4f5 85 b 58 BT A K 11 3 &
WIZRAS B35 53 RS P2 45 SR 0 181 3 s

B3 T AT 26 B R A A b S 23 0 P, AL B
924, FASHION % 45 £5 A & Fh IR 415 (1) FR 25 LA -
0~9fRE. B3t & EIMEE LKW 7 7E & Hdh 4
H1 CF-VAE Lt 2 CloGAN H A 5 47 (1) 73 3 R, RIAE
FEAMVE F H 28 BURAE A G20k X, RS R PR AIR
M 38 S R 52 . A E-MNIST 3045 48 | () Sz o6 45
A LB, GloGAN J7 3275 B J L & R AR
A AR G ShAS A2, 70 I IR ) 7 2% o XK /N AN AR
BB L, /T LIRSS 25 o) R 2R R AR B (0 TH 2R

AR L, A 2 R & 5 5 IR RS
TR/, W CloGAN 1 -t B8 2 B8 1.

F 3 LB T AT AR A T E R S A S
TIEAE B A B S PTG K E U255 1
e KT 19y 250 B2 #E MNIST %4 % ', CF-VAE
- 1393 25 K N 94.40 %o, 43 2K 3 B H MeRGAN (1)
98.25 % 5 DGR [f] 94.90 % 0% 2, {H #2& % T H Ath Lt
MNIST 4 £ I HMEAS 2 (1) 545 52, CF-VAE &2 DGR
FIMeRGAN 5 LR .

®3 SABEIMEELNOTHILEE %

7% MNIST  FASHION  SVHN  E-MNIST
CF-VAE 94.40 83.71 66.23 76.46
CloGAN 92.26 76.15 62.33 71.45
MeRGAN 98.25 65.62 31.94 61.92
DGR 94.90 62.11 46.83 42.35




%101

R F AT HEHEARENWERLAE O LHEES D 2481

22 &SRS LS BRI LM RERIFME

N T R T 73 FE 70 B RE A I 3 SR A
0 D AL 70 Rk E L B F2 i, 38 3 A= B B-MINIST
HlE S IR AL B CHIDVFEAHEAT 1 W AR5 S 5,
Fe 73253 B A BB 9 0.9 BEMF B e RO 45 2R, B
T A B C I DI FEAUIE 4 T 7 o
slelplol=ple|C]8]4
Blslaf/plals ]\ Ao
[ 4 3 3 (<Y [ 74 [ [ [

(a) For$<0.9

alalalnlal2|slalo-14
AERMQEEEEAAN
clelejcliciciciclelc

(b) 3FEH¥>0.9
B4 HHHEIABCRAHER

M 4T LUE H, 1 28 53 B DR A 1) 48U
K B0 B ALy 3 — D b, o T TR L b
VL BH 7 A 23 2800 D R AR 43 2 1k RE P 2, 5 v
A28 43 B0 D A A S0 e R AAE 2 B ) 245 75 381 43 s
TIE, K 1% e 43 SRR B 2] 2 4, B 4 5 1) v (R 2R
I3 B P REAR 16 20 R AE R s I B 5 BT, Frb A gy
By ~Cy~Ap~Bp~Cr 53 WX N ABC RO FEA 7325y
HRT 0.9 5/ T4 T 09173 KHKHIE

Bl 5 AR ABCRIHEARR 7 LAFFEE 2 4 LR T

ML B LA AR S50 B D RE AR 1 3 SRR
fIE2R 5 2R 1A A WA 5 1 IX 77 [R] B, 28 5 2 2 1A AH B
0 T = 3 R B N FEA 1) 3 RAFIE R SR 2
B A B S 1) [X 53 ) B, B 75 29 28 23 B DR R AR AE 4y
A% B AN
23 B MERT 5 AR M BRI 2T

N7 kU B e SRS B 1 TR
B, £ E-MNIST AT 1 &4 5258, 78 SEa6 7
BT RIS A, o

1) f8F RS RIAR 25 R OR BE B8 2 I TR S I ATA

2) H T 7 KRR 29 AR 3 0 K A AR B #S CF-
VAE;

3) T R B I EA L

B4 MR A BE:

51 Pt B N3 T4 48 VAE + one-hot #7345

H2 P BN T AL 48 VAE + RS TRAR A,

3PP E N T CF-VAE + A8 1525,

95 ARN % B ONEET CF-VAE + A5 18 FR2s + DhREA
P e

A2 73 205 BEAR i b, SEe 45 SR an sl 6
.

B/ %
o0
i

;H’Eg()'
w5}

& 707
05 I+ CF-VAE+ Highste "l
60 [ -+ CF-VAE+ ¥ &7+ DUREAILFE
A-CA-F A-1 A-LA-OA-RA-UA-X

El6 4MiRERERTHSEREE

1P 6 BT 78, VAE+one-hot B 25 455 7 () - 15 43 2
& 7% 2 58.11 %o, {1 FKE TR BR 25 BN ~F 25 3 S0 P 4
T+ 3165 %, 75 LI Al K VAE % #: y CF-VAE fig fifi 7
B10 K5 _ETH 31 66.61 %, it Ji 45 O FEA IR #5 )5
S-S5 R B ik B B K AH 76.46 %o. 1 6 38 W, AR B I —Fb
BEHLPERE AR A FTEE T, RIS H 1) 2R 27 2 vk 4%
AMEEHHE AT DA R 14 RE A DTk, BT 1K LA
PG Rt IR AR 2
3% #®

HME A 0P 32 B Bk AR T n] A A5k AR e i A e
KL B IEA 1] R, AR SO T — Rl AR I 2R Y
SIEE, 1 S LAl F CF-VAE SR ARAIEZE Al O £
A B T 4 R B TH SR AE 4 2K 3 B IR fig; IR DA
PURE 1 1) FEUAB A CE-VAE 2E B D BEASTT B XS 18 b
23— 30 AR BRI R A5 1 Sl fe Je >R A 2 T
I3 IAR I B D RE AT B8 SRS, RETE CRFFREAN IH S
FEARSEPH AT 5 T — e AR MM
I RE A 1 IS /L5 3] Ve fE e MR TH 28
FEAKR T RTHE T, A 80k o PR 8 1R s e, 2
= G RS

223 Hk (References)

[1] Mccloskey M, Cohen N J. Catastrophic interference
in connectionist networks: The sequential learning
problem[J]. Psychology of Learning and Motivation,

2016, 24: 109-165.



2482 # % 5 &k Rk F36%
[2] Kirkpatrick J, Pascanu R, Rabinowitz N, et al. Intelligence, 2018, 40(12): 2935-2947
Overcoming catastrophic forgetting in neural networks[J]. [13] Rannen A, Aljundi R, Blaschko M B, et al

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

Proceedings of the National Academy of Sciences, 2017,
114(13): 3521-3526.

Lee S W, Kim J H, Jun J, et al. Overcoming catastrophic
forgetting by incremental moment matching[C].
Advances in Neural Information Processing Systems.
Curran Associates: New York, 2017: 4652-4662.

Zenke F, Poole B, Ganguli S. Continual learning through
synaptic intelligence[C]. International Conference on
Machine Learning. Lille: International Machine
Learning Society, 2017: 3987-3995.

Chaudhry A, Dokania P K, Ajanthan T, et al. Riemannian
walk for incremental learning: Understanding forgetting
and intransigence[C]. European Conference on Computer
Vision. Berlin: Springer, 2018: 556-572.

KB, R, AR, & R MNERRE
%), BRI AR, 2016, 38(5): 137-142.

(Liu P L, Tang J T, Xie S X, et al. Incremental
neural network clustering algorithm[J]. Journal of
National University of Defense Technology, 2016, 38(5):
137-142.)

Cai S, Xu Z, Huang Z, et al. Enhancing CNN incremental
learning capability with an expanded network[C].
Proceedings of the IEEE International Conference on
Multimeia and Expo. California: IEEE, 2018: 1-6.
Mallya A, Davis D, Lazebnik S. Piggyback: Adapting
a single network to multiple tasks by learning to mask
weights[C]. European Conference on Computer Vision.
Berlin: Springer, 2018: 67-82.

Mallya A, Lazebnik S. PackNet: Adding multiple tasks
to a single network by iterative pruning[C]. Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2018:
7765-7773.

ASIE e, AR, ERMR, 4. HIENIRE B BME M
IR T 1% 0], AERUHE R 22240, 2017, 40(4):
98-103.

(Zou G F, Fu G X, Wang K J, et al. Construction
method of adaptive deep convolutional neural network
model[J]. Journal of Beijing University of Posts and
Telecommunications, 2017, 40(4): 98-103.)

Hinton G, Vinyals O, Dean J. Distilling the knowledge
in a neural network[J]. Computer Science, 2015, 14(7):
38-39.

Li Z Z, Hoiem D. Learning without forgetting[J].

IEEE Transactions on Pattern Analysis and Machine

(14]

(15]

[16]

(17]

(18]

(19]

(20]

[21]

(22]

Encoder based lifelong learning[C]. Proceedings of the
IEEE International Confenerce on Computer Vision.
Piscataway: IEEE, 2017: 1329-1337.

Shmelkov K, Schmid C, Alahari K. Incremental learning
of object detectors without catastrophic forgetting[C].
Proceedings of the IEEE International Conference on
Computer Vision. Piscataway: IEEE, 2017: 3400-3409.
Rebuffi S A, Kolesnikov A, Sperl G, et al. iCaRL:
Incremental classifier and representation learning[C].
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Computer
Society, 2017: 5533-5542.

Castro FM, Marin-Jimenez M J, Guil N, et al. End-to-end
incremental learning[C].
Computer Vision. Berlin: Springer, 2018: 233-248.
Mellado D, Saavedra C, Chabert S, et al. Pseudorehearsal

approach for incremental learning of deep convolutional

European Conference on

neural networks[C]. Latin American Workshop on
Computational Neuroscience. Berlin: Springer, 2017:
118-126.

Shin H, Lee J K, Kim J, et al. Continual learning with deep
generative replay[C]. Advances in Neural Information
Processing Systems. Curran Associates: New York, 2017:
2991-3000.

Wu C S, Herranz L, Liu X L, et al. Memory replay
GANSs: Learning to generate images from new categories
without forgetting[C]. Advances in Neural Information
Processing Systems. Curran Associates: New York, 2018:
5962-5972.

Rios A, Itti L. Closed-Loop memory GAN for continual
learning[C]. International Joint Conference on Artificial
Intelligence. California: Macau, 2019: 3332-3338.
Yuhong Yang. Information theory, inference, and learning
algorithms[J]. Publications of the American Statal
Association, 2005, 100(472): 1461-1462.

Azadi S, Olsson C, Darrell T, et al. Discriminator rejection
sampling[J]. STAT PAP, 2019, 1050: 11-26.

EEBN

W

WRBESE (1994—), 5, it Az, HEHLERALHE . BRI

S (1972-), 5, BIRER, W4, NP B

RS T AL 5T, E-mail: mo_jianwen @ 126.com;

FIHF 7, E-mail: 982776090 @qq.com.

GriEmiE: 5+ F)



