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A © [ Base support of PN Base , Incremental Incremental Incremental o Base embedding -~~~ Joint embedding
different classes query support cluster embedding boundary boundary S distribution

o NS

(2)

1 (MEEFE) BRXRZURMTERETE. (a) MEEMEIER B 56 (b) FIXRMREHTE S;
(c) WEAFFRMIAWL; (d) REZHEIESE 27 REFFHE
Figure 1 (Color online) Motivation of generalized representation of local relationships. (a) Vanilla base embedding by

prototypes [8]; (b) meta learning with local-aware reprojection; (c) incremental prototype initialization; (d) incremental
prototype after fast generalization

7 L RIS P R R 1 SRAUE 27 ) W KSR vk (B~ 12) 0 T A A3 S B 7 3 28 031 T RO SR AE . SR T,
5 NEME R, HLas22 B, Flin, BRI ML (convolutional neural networks, CNNs), 4%
PUE IS 2 T2 B AR, AT FE A AR 2 PR . DA Rt ), 77 B R BB AR AT PR 55

BT FRER AP, — A2 bro] B AR A TR B A DU AN EE R (1) REie anR O R
AVARAE S, (2) X FT 2P is B sz (RAERE 7). I8 TARSE T A /e A Y B
45 9] (class-incremental few-shot learning, CIFSL), H H fJ7E -0 F07E AN B 88 nsr 200 i)k 72
JRAT AU R G RE 75 ] R0 AME 28 ) M 4 K 0 B M RV AR AE . 3R — o) 2 A7 AE TR AR 551
FRhd e, 0, 78 AT TR AT R BRI (4 R AR D0 S A (16) 45t R AN
AT LK MR, AR BB ARY ] DUBR I (X 43 O AT 0 FHT G 2001

SR, NI B 2 SHE N — AN AR R 55, H A AR R (WA BN A IR, o AR 1817, 18)
FEE B E 2] (incremental learning) HHIAH ICHF 7T, FH DL be i 531 7™ 2 (%) B At 24 1) 36t s i) R
FHHSORBE AT, B0, Rebuffi 55 070 $& PR 200 %% 2] 00 2EA b, X H B3R ENR AT 2247 TE 8. 7Rk
$L4ifi B, Dong %5 18] #1 Cheraghian %5 191 43 Jil & 3T~ ¢ R AR FEANE SO FEGEAT 28 1 1) SR ms, A
BERAE 37 ) 7 ST B R b, 0 A R AE Se B kAT OR B 2 20 SR, X SR T VA 88 m 7 3 ) i) il A
A D SRR AT IE ISR, 2 T BRI W REAE 73 A7 7= FE AR, T FH 2R A Sl 2R AT I
25, W R PER TS, AR &2 S B SO L. DRI — e, A S i 20~24) i
o JE A P 81 107 2, P AR AT FE R /\J\Tfﬁﬁ%Tﬁﬁﬁﬁ?ﬁ’zﬁﬁ@ﬁﬂﬁﬁﬁ%ﬁﬁ
2. 4, Chen 55 U 4 H 8 F S AU RAE 1) 7 OM ERAFAIE [ o, [R] I 2% =) SIS S BL A N RFAE. Shi
5 23] 2 HH G AR O MM 8 U ) L AUE TR RAE M AR Sl AR, BT S, NAZAE I SRR it
FE, # NP 2E 2 ALRAE. FESLFERE I, Zhou %5 (2] 3% H 70 JR R 0 25 U i b, g 52 jE 400 i
F JEARY, Al AR SEIRAE R AR 2 (B P W L . 12 SRR R S 7 — e e Re A %S, (H L = 20t
FEN EE T IR FE A A 1 K MEPE I IS (catastrophic forgetting), X SR AR R I 2. M =5
210 55— 2 B SRAT AT T35 38 S8 501w DA S IR [ 5 2 PR R AR, AR SCRHE J5 7 HRoRh X — s AT A
PRI, BRIGZ A, B 7R FE R 0 R R AE R R, ¥ 22008 1 R 2 (R R O OC &, AT AR K b 52
Wi 1AL R I BE

EEXF R e, il 1(a) Brs, 395822 SISt FEat 242551 (base support classes) FIYIZRZ )5,
ST BT R AT 55 A 2R B SR AR R AR S, 51 A BN ™ B AR A IR, AT ™ B 5 M0 4 28 )
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(incremental classes) JZkEE2E S fIR IR, EMRAFRFRA M E B EB (query) J5, JRA FIEAS 50 4 LA
X WREAR AT A BERAE. R SCHR B 1(b) H 3808 R AR FE A RFAE 25 LSS 77 32, i ik ) R
AR 2 AR, S22 (support classes) BT HER B S5 AR R I BEAH [F] 1 B s 2 1) ep . 3
FH 53 SR AE 7 A 2 [ (P AR BB AR R B o) eI e 2 ST N2 ARAIE, 2 2] BILELAT 23 [B) 43 R 5 R [ 3 . e
SHISCHEIER (prototypes). fEMIEAN b, fEMG RAT SRR (B 1(c)), AREEIE NI EAT 25 1 R B AT 98
2 FEOLAERTE 2 (A )3 4R R, ME DU ilite e B2 AR AE. PR, AN[A) T30 T7 3%, AR S —
Fh 2 Az A 2R 2 A B, Il Ik 78 2 AMREAC S TR () St 380n B3 B (R A o A R L, A R AL
Rz AL SR E N I BAE S AT Pk 2 2], A R0REE 1T ER B TR AR ED RS AR, W
Bl 1(d) Frs. fEIEA b, ARSCHE— 3R — M 2 B BRI — 2 AGERAEE A (1Y B2 S HE 4L, it
(1) FEFEREZEBINGATSS H, R JC5% 21 77 A 8 J5 S o O¢ 3 5| S AR AL (2) fES &% ST
S, PRIz AR A R RAE, Sl pdi g & SRS IE, 78 S ILHG & 1R ) Rl A R
fE R MM RIS BT S S HERE A SCE 7R 2 T L R R 2 minilmageNet 4675 £k
#EE CUB-200-2011 b (RSB HEAT 5E M A1 58 B LU, R 1 AR ST VR IR 24k

AL EARTIBR EZA LR 3 ANJ71H: (1) ¥Rk R1 5 I B G NNFEAR S &5 2], FF4
TR R ORFR I RRAE B WU SR, AU 1IN AR B 2 5] TR R RIT S5 I AR AE; (2) R H T —
Fop s B2 A R B AR B, T8 R F 20 A R e bR AR UL R 2, A SR MR A R 5 2
FAEA R, H 5 IA TR I il it (3) R Rz A 3 f 2 S HE SR i i B2l
(%) JR3 308 AR AR 3G 5 2R 00 ) PRS2 AL PR B 4 20 TR, A ARG 1 R ME R 188 T AN R AE A & IR P, SEEGIE B
TARTIEM LTI i 7 iE8AS 7 BRI .

AR AR A ZH R 25 2 WA TR ST R RIAR R TAE, 26 3 WA T AR BT H
HZ A BILE RAE B /INFE ARG 2% 2] 738, B 4 i e YA E B SIS IR UE 1A ST TR SRR A R
5 WAL T B S NEA.

2 MXIME

AR ST G /IR AR 1Y B 2 ST AT 55 52 /ANFEARAT 55 R 22 ST 5% 8 IR R, B Fi A 2% 0 fd
B2 S TPVERUNREAR 5 S T IE R — AW AR 55 B _ER W U7 TH AT A 78 4b, Aok /M A 1
T ST 55 L IZT B USRI AR AR T TR X = E A AT HE R A
2.1 EEFT]

Y o 3] AR R GRAS E Ja 2K S0 AR FEAT B AR A AR 78 22 ST O AR, L R B e Bk N =
. (1) BT ETL (RePlay) M5 2RV, #l0, iCaRL 171, CLEAR %9, A-GEM [0 % @i xf
B R BEAT LR LI OR B, 5 SE OB B 28 I, % 1A s 04T RSO 25, iCaRL 17 A F 1
TR ZE TR ok BB S Y S 4, [RIIHOR B T3 IH R A) () SR AE R ), DA ARAE [H A R 1) 9 M8t
)RR (2) BT IENA 22 20 0735 B, LwF 27 G s 2 o) 3 s AT 55 3 e AL 23, SRAE IR
RN R 2= 20 e12 7 5. A& Liu 55 281 gt —30ilid Fisher {5 SRR @ M 1 5 B[ e 10 7
%, AR T LG AT 5 (2 S FRAERE A7, (3) BT S m B 75k SRR Tk, i,
PackNet 1290 A FH 1 ACBTRAN W 2% B SR A, 2ERS /D & 58 B 2 50 2Rl et 1 Bl A 55 F
J7 S BAT 55 I RAE A AR ). 14 B 5% 5] (0 28 L )7 kI8 T A ¢ ME PS8 15 T 3G 20 2 20 3 AR b LA e ot
A, FEDRFF IR 55 R AL BE 0 A0 FEA b, MR Vi AT 55 1) ST 3R, SR, 1Z 2RI iRAT RS T K
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BIUNGRFEAR, TESEBRI/INEARIE BT, BT I8 8RR RS, (R ME LSRG A R AE.
2.2 IHEKREZ

/NFEAR 2 2] (few-shot learning) S 1T 4 R AU 70 I #4 i ) @8, B F 7 el o — A s LA 2>
FRA S SRR, SCEUS VDR N RN B AR RE V). VR A /INREAR 7 ST 98 705 0 P R
T e S W ik BT 80~32 BT BE B SR AE (1 ik 8128334 5028 3] 5 ik B AE 5 I 2 R AE M 0 %
2145 (meta-learner), Ly BEU¥ > (episodic training) )77 245 2| 54E 5T RSB AR, Fltn,
Rezende 5§ B0 $ WA FH SR AR AL IR RAE SHEME, 080T 45 7 (MR 2% =) Bl 2R I IR R R 491, R 3 b
RESHET 2B 2R A I & H A, Laenen Al Bertinetto B $2& H A FH A BeaQill Zrits 5 =X, i Aqol i3k
IREE /D B AR A, 5T 4 2 S BT 55 To G I FH R, TR BT R & i 22 ST S & . 5 24
XF, T3 I E M R RAE (prototype) A F OGIR G ZNAEAR 2 [H] (1) BE B9 HEAT 2 &2 >0 9,
Snell &5 ) 52 A IR AR I EAE R S5 DA AT (i ade e oy ST X, A7 Mok 1 B 2 R B 3 B0
SREFAE ST A A LS. [RIINE SCHR [33] 32 HA A AR X 4 2 S B AR & 5 SO AR A TR SRR LA 22 R
NI P 2 ot B 0K R T IR (R R A BE 0. SR, /NFEASSE ST 5% B LERIE 70 I 48RP AIE RE 75 7E T &
(1) /DB T Bz AR, X T ERIE 0] () SR AE AR N R Z 25 18, 0 FEA 0] 22 T8 1l ™ = 1) o AE PRI
WA

2.3 IHEAEEFZ]

INFEA I 5 S AT 55 2 8 DOR RIS B S0 (X 0 TN ZR AR, AT R F et 2 it 588 ) A 14 588
IR 5 3R AL, O T PO B SRR A 2 3T P [ 0 3 il L, /D SO A F FE 52t X /NP AS 1 2 5
BEATHEFE. 0, Tao 55 151§ M4 P SR RO AR TT 3, A58 14 28 0 A1 S A R AR L AT 22 1) £
FEE B RRANI, B 1k 22 6 545 5™ B AP ETBL AR T AATITA Dong 45 '8 F1 Cheraghian
S5 191 ik e g 2 ] o S S, BRGNS ) TR A R IR B B A B R A AT I k. (%2R ATy
AT AN B FEA, R BAT 55 R AR AN ARG, R 2R R 7 iR SR iR ) R fiE
SARFERIINE, FEEAVEREMBE— D TR WM S BRI SOEE R EILE, ILA EiR
773K (20~23] 3 3 ) A LA K ) MR AS BB 47 V2 AL SRAIE, T of 48 B SR A Y Ji B o 4 AT L . 4514, Shi
S5 125) PR G AN B AR S5 PR RE T B SCBREAE T SRR AL IX 1], 38 G X 2% 1) J= B A R . Zhou
&5 22 RN RIS 2 MRS A 77 20, SRR S0 R I ZRB8ate s A7 1 o, Y DASRAS S &8 s )
fiER7R. Zhang 55 200 2 FE NI GRad T bR 245000 B 1 07 300 Rl 95 AU AEREAT R 455, T X

IR 7% 22:23) Jo 6 20 | WG B A 55 IO R AERe 1, WP B 2RI B = 12 AL RR 7, (2) IXSeSR I #E HEAth 2K
AR IERE T, 2 1R HRFAL ] A SRR OC 2R, AT 3 B8CEE (6 P AR 3] AR Ak 2 B 5 G B RS IR I, £ R
NZRIFELLX 7y, Zie BIRPI A, ASCHR T R AR S AU & R /N REAIE 22 2] U5k, 23
5 RN 25 8] [ 3 SR AL R [RT I, SHEBE TS 905 A 55 1 RO PR A2 ).

3 BEXFRZURMENNERIEEFT]

3.1 [EEE X SH#fiA

[BIRETE . /NEA G B2 5] B AR SR SO 2 S Bt L, i D R A e RS RS AR AR, S
BT Ak AT B SRR PR BB A5 PR 5 20 L B 5 DI AR 55 0 SCRA, /PRSI 2 5] BOR AR AL A
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Node embedding

ok Reprojection
— = space
—

Local feature > "
.

N

embeddig
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Local distance

Spatial decomposition

of
0
B T = [/
$ Meta-learner .In o w -"
v
Base query ’ X Node embedding . .
Local embedding Base session pretraining
Distance
-
Realigned prot
£ "
, -
/ 2
g —
Q Distanc
Incremental classes = 7
Local embedding %
o
12}

Meta-learner Incremental session learning

2 (MEMFE) BENZURRFMENPDEREEFSIRIZEE. (1) AERSIBIENER, AXEREIBRRRRF
HFHEERRGTS IEEMEIGEMGFER —ZE); (2) EEENEME, ERATEIZANRER S B RIEISTIEE A5
ok Kir

Figure 2 (Color online) Pipeline of generalized representation of local relationships for few-shot incremental learning.
Our approach is composed of two essential parts. (1) In the base training session, we propose a local relationship-
aware reprojection module with meta learning strategy to align the support and query features in the same space; (2)
in the incremental session, we propose a spatial-aware generalized prototype generation strategy to align the incremental
distribution with others

HELEH ¢ DGR (sessions) JEAIH, B {DL,... D). Hi Dt = {(zf,y!)} € Xt xCt. X!, C
AR ¢ IR ANFEAR 8] G AR28 18], fE/DEARRY 822 SIE 5 b, JEiti2eih DY B
TR IGFEARMSER, MR 2 ~ t RSP E N N-way K-shot F/NMEA R, Bt
&N NEERMEN, FAKMNEE K MIGHEAR, K < [DY. 5&MEE¥ TS MRE
ARTF), FEVIZRI A RIS ¢ DUEFAIIREAR D o W, HANF S 0% 2 8l FIFEAR S A A AEAS X, P
Vi,j € {l,...,t} and i # j,C'NCI = 0. IMERBGE LA AL 2 « MIGEZ)E,
XA WA € = Ul C" A HEAT RN, THE IR A Y &2 s S0 (1P i 2%

BRI SRAEA.  H 1A 2 WPTIR, BRI R A 3] U IR K R (1) Al
PR SRS ATE AR R AL, B ORI T 22 18] o 1 8 2000 W] (X 70 BE 7T (2) Wl 22 i PR L A=A 531
AN AR G HE PR 19 I B RIS, ORI A B e A 0 18 B 2 0 8 Bz A PR IR ALY 150 L3 T 70 il R, AR
SCHR R AR A R RAE B /MR AR 2 STHE S, BAR AN 2 Bs. AHEC T RTSR AR IS B U5V,
AR (1) BSRRERREER AR G ANRFER AR, I I Y 15 3 N2 S5 075 2 DR AN ) i 2 TR AT X 73
P, BRI 3.2 /NT5; (2) FERARIERERF AL AR HITEOL T, R A EREA R AT LR, JE R Bz AL
A& JFEBRAE, W 3.3 /N1, FEURERA b, 58 3.4 ANITiE— D WA R IRz AL A I Y 2 ST AR
2R, FEANSE AR A2 B il b SEIL/NRE A S B2 5] FRALE.

3.2 FEPRARFFAFIEERS

AN 08 31— AP AR 0 T R A 76 R SRR, AR i 2 R 7
e DR DA UM L8, Aottt 13 UM, B 2 %, A%/ T R o
(KSR E I 7G5 518 (meta-leamer) ® Af FUFHERYIZ5HE 5 HE (FHE, BILH B Noway Keshot
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Initial space
Dense prototypes

Compact prototypes Dense prototypes
il a3 C. I -
e

. 7
7~ Reprojection /1
matrix

> Query features e C —
Query samples Query samples N uery, support jecti
Dense querics oeQ : Ty, Supp Dense queries Reprojection space
Distance

(a) (b) measure ©

B 3 (MEHMFE) ZXARPEFRRWIILL. (a) TEEABMNEREER B (b) FAZEAIHENEHE
& 35361 (¢) AXIRHMBEIBEREHEEME 534
Figure 3 (Color online) Comparisons of three typical metric learning strategies. (a) Vanilla prototypical network

without spatial awareness [5-9]; (b) local-aware prototypical network with spatial resolution [35,36], (c) our local reprojection
prototypical network

KAE 77 N BN G R, M EZ AR AT B F = ©(x;0), Heh 0 AR SH. 78 LAl
b, BUA B/ INREAR G BT IR NP T i 1891 TR A A R A T R AS T SRR A A Dy i 2R )
T ¢ e C DNITIHIRHE, #IZE 3(a) iR RFIE Pe:

11 DL WH e
P Z@W;;Fi,jeR ; (1)
Horb W, H,Cn 73 RERRFAER 98« e DASGEAE AER. SR XA 7 VAN AT Tt 6 3 2 A A 72 () R ALE

FRICEOC R, R 0 B 7 135 36) 2 o i RURRAE ) O B 25 () RUBE B SR B R BOR &, il 3(b) B,
SRMAERS &7 SIS, TRV H R E AR TT% 2 ©(a; 0) AT EHTIZR, AUXAE FH R ek
VERX 53K 2 5 BUA R EAEAR IR SCPE AR G AN R B B W RE A TGV Al T A0 [F) (1) 70 AT X 3. 7E 3 B2
Dt > 1, TR R RNGEAR, X—I G B . ik, 52 3CHk [37,38]) B A, A/
i fdH Ridge [FIEVE NFFIERLS, B NI (query) FEAR S I FE (support prototypes) FIH &
BRI R IROC 2R, R FL SR AE [R]— R NS 8], AT SEERAR 8 I FE ROk . Bkt Wil 3(c) o, A7h
TR AT AT S A R R S € RICKWHXWH o o RERFEARZ MBI 5. R %R
HOCRHIE S X FEAVRHE P AT SR, 7T LAS B0~ 2 gt R

S’:argm§n||S-P—Z||+A||S||§ERMXWHXCN, (2)

Horp Z AREE R AE L 0% S 840 65 5 IHFE. Ridge [81 VA AT DAARIE 28 B 1) 2 RO AR s 1 187380,
R RT FR RN R IR AR, B ORI RHIE Iz A, oo 78 AT DA 55 B2 5] S5 SR g 7 V24T
BRAF, AEIX LA SO 7 S 1) P SO SR B RFAE BEAT SR 5. WISX (2) ATEAS 3B R

S =ZP(PP" + \I)~! e RICXWHXWH, (3)

R i 2 ) 0% (1 2 58 7 2 A P 2 AR . 7 (1238391 AR g L 2041 1) ~F-0, A ) 30 SR K P O A AL
FETT ASRAE
xp(—7]|Z¢P(P°PT + \I)"' P® — Z°|
sin(Pr,27) = — COCTIZPUP LA P2 W
Y okey exp(—7||Zk Pk (PFPFT + XI) 1Pk — Zk||2)
FRAEAZARANE LR R EL sim(Pe, Z¢), W AR RIE o MERIIE SUR R &, kg e, h
TR (4) AT RARAG R i P 2R, 75 CRUEAE R PTE (AT S, BEXd P2 STRE R S 1A SR g ] j e 1

1137



B PLAE: SRR IR R IZ A RAE A /M A I 2 2

HXFIRER Pe EARLAR. T RO R RS, ATBLRSCE R R PO E AR AL Z
SEPAE R 7] 1) v 4 0 S5 ), AEDRUEAFAE 22 S PE PR [RIIPf OR 17 R & 2 (] O AR e k. 7E IR 2% S0 R
T, AR T AR IR AR 5 55 3 BRI RE AR I A 22 7 1)

3.3 ZTEPZURRERAER

20 R B 2 ST AR KB R AE Y B 20 TR, AT AAE BRORFAE 78 20 A R SR B e . Tk T
NREARIERALSS, BT E LIPS, Al ] E AR N B & S B AR R A ™ Y
WANE G, I — ILGRAEA R 50 () R 10 SR R R AE R B 35 RIS, STHR [40) R, FEREAR
BEFE R MAFRAET, IR BIRRAE /240 N A & i R A A DRI, AR SCH A /DA HE B AT
FINGRI— RO AR AESG B BN T REARF I, BHUAE 78 A R T IIREA A0 . PR, 1% &1 DL 1
FEAS {(xf, yp)}, RIGEGEHRRIE, THEEEADI ¢ € ¢ WIS AIIEME p 72 o2

1 XHXCn
(€)= i w;(t@(m)exgw HXCy
1o (5)
oi(c) = | > (@(x) = pi(e)*
¢ T~ Xt
RN (5), R BIRHE AT AR N (1, o), WIRT RATR AN 72 A 2R 2
Se ={(Z,¢)lx ~ N(p(c),0*(c) )} (6)

SR, DS BRI AR AR N IR S AR, 2 S BOSHEA R ARRHE ) 20, 2R — 2R iR
R N AR TR R RVE I 78 0 AR FEAS ARALRE /), R4 E] (manifold) VR
SRR K, 2 (4), WU T FBUR L A R

arg n}:i.n Line (X (@,y)~DtU(Z,6)~Se,c=ySin(P, (1 — a) - Z + a - (x))), (7)

K28 o ATz RIE SREAR 3 T8 BB, IZAEBOK, ZACTE RO, MIfE 45 8] o,
A/NFT A AR IR A 7 30, WA P e RICTIWHXCn i Y AT REHLE 32 4k R B A7 iR
PSR AR NTTTAE PR 25 () 246 FE ) 2[RI, 7 OREE 22 (V4R P2 ) Y TR, P 2B R T REZ AR,
BTk T T S A SR > T S I R AL

3.4 FENZUEBARIER/NMEREESF SIER

N SEDUAE Al 22 T RS A (R AR P SR AR AL, RN SRS AE 1Y B AT 55 Hh B DRz AL BE 1, AR /N4
R AR A G R S STRESE, BARIT ISk 1 s, SRR E E S =80 (1) 2kl
Fon i B ISR (2) FiZRAe: 21l i (3) MERM Pz 2. BRI S, (1) Ffi«
W DY) SiR B IO 20D R R EEAE 2 I S SUR BRI A, (TR B R R AN (4) T AOARAE
HHGY AL, AU Rk iR AL

Lcp(D'0) = iz yyem ylog(Sim(PY, &(x¥;0))), (8)

Horb o RAFIESEEE @ (R[5 A28 PY 2 (P, y. = 1} ABMRIGIINTEIR. 8L Lk i
AR, B AT DL ) 34 8] SCIBR IR BN RFALE.
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BE 1 R ARG RAE R D FEA Y B2 2] 5k
Input: &XEFFF {DY,..., D'}, Dt = {(=},y})} € Xt x C;
Output: FHIESREEE g0, BRI EFE IS 5 {PC|c € C);
1: BEHLAIEA LSRRI GRS P e RE X WHXC,

{/* FERHSE 9 B ISR * /)

2: for (x,y) € D! do
30 MR (3) A (4) WHEAILEE sin(P, @40 (x));
40 ATHIBRE RIEEHIMZSEL, 25N veer 00 < 00 — vee VLCE((Sim, y);6°);
5: end for
{/* BRI TCE SRR */)
6: for KFE(ES T ~ D! do
7 R T = {(a, ) YN R SCEEE {(xY, yaY)} FIATHLE (2P, yP)};
8 MRIER (1) HEERESIIER P = Proto(xd, yav);
9: MR (3) A (1) THHEABLE Sim(P, @1 (x));

10: AR & EHINBESEL, RN s 01 01 — 9 ViLmeta((Sim, k); 01);
11: end for
(/% R BIPEEIZ (L 22 5] * /)
12: for t=2,...,7 do
13:  FIHICHE IR S 00 IRIURNFHE, MRAE30 (5) THESEIN ¢ MBEARRHEN i Se = N (u(c), 02(c));
14:  for (x,y) € D! do
15: RAEF (6) RFFZAER (Z,¢) ~ Se;

16: IR (7) MR EGHEE sin(P,(1-a)- Z+a- ®(x));
17: BEHREL: P« P — %incViLinc((Sim, y); P);

18: end for

19: end for

20: return ®,1, P.

(2) SR IX A B 7 R 2 i ok — E S A ISR, o3 s RFAE SR A R s AT 55 iz A 1k
For, AN BN T7 3R, I AR SR 2 18 R FE N-way K-shot FIIZRESS T = {x,k} ~ D!,
HRRIARZ k WEHBEN 1, N, WE ARG R JH, Zo2E g Bk 4R 5 st
Al

Luneta(D0) = S op1 S gk ek log(Sim(H, @go (z¥;0))). (9)

bR TesE SRS FEAE R — M BES N @0, X T0 SN INZRIR R BN R S 01, IFARIE IZUIZRS4L,
AR (1) EHHE R RE (P, PICT).

(3) FEAHELR I B2/ STB BL, AN 52 A F 2 IRz A s B AR e B0, F A O 20 i
Ct| AN JRBUALEE. A ] 2 B0 B SRV B E T S @, EZRHIER R B A b, B IE R IRESS
OACEE 2 )RR, X T80 ¢ IR0, AMERLRIH A (7) LR ME, HEMRAEMES P =
argminp Line(D'; P). EILBA i =AWt s HR 20R, ARELZUAT LOZ 15 34 8] QI B IE R
R FHEFOLBE 58 R B2 I IR A S HURA @y, URARAL S 13 5 [ RRAE {Pe|c € ¢},
AR (4) 2EAT R RITT 4531 2520 A B 20 A .
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4 ZWHERSHH

4.1 SEIRE

ANV AN AR B B AT 55 15 (1920, 2L 41 B EE 4R miniTmageNet 421 DL 48
YAk E PRI FE#E Caltech UCSD Birds-200-2011 (CUB200) 43) BEATPEI. AN TP 5 Se 36 B 42 . 1F
WAEFR . SEILA Y 3 AT N 4.

4.1.1 SERHBEREFITEN ISR

minilmageNet. minilmageNet 2 & i K HUREHE K FE ImageNet 44 GG HURFR M T HEFAT Y,
IAE 100 MAEHITE LA, FME M EE 600 5K RN 84 x 84 ENR. AR M7
125 13200 1% 5, o 100 ARG RIS 60 ANEEREEG (RITE DY) 40 MGG, Joh
RAM I SRR 8 Nl (Rleid D2, DY), Hp A Ema s 5 N, BN REIHh A 5 ik
FIGH T2k, Rk 5-way 5-shot Ff LI /INFE A ] 51

CUB-200-2011. CUB ##fa£E [43) J& e i) 1 P AKL 23 880 2, 102 F T RO L ) P
PRI, ZEAESE AL 200 AR S EF0E, JLiT 11788 TR HEEN 224 x 224 HIER. HRAEE HL71
IR R 4> R, A SCK 200 NSRRI 100 ANFEAEZRG) (BP 238 DY) Al 100 MG ESEH]. H
100 NGRS SR > Dy 10 DRI E 23T, B 10-way 5-shot [ .

AN EHR. SATIRAAE M LA 13202040 FR[E] A SF AR RS DY ..., D JE I Top-1
WA PET PR e, FEXHERLBEAT VRN, — AR I 2% 2218 D 5 IHERG R AT I, [FIEH PD
(performance dropping) 1534 & 215 FEIMERE T, BIEAESTE D Ml R S RIG — I8 E ST
Dt R ZE.

4.1.2 SEIET

N5 TSI A R, A SR ResNet18 145 /E N FEREAFAESREL S ©(), WAL MmTy
i 18,2020 400 gt by X, FETEELANRLEE B SE CUB B, SR TmageNet 44 Tl k)5 (AR AL.  7F
THH miniTmageNet RAERS, W25 LABENIYIGA I 45U 25, 7EREAL 216 DY ] SGD Ak #5114k
100 #U%, £ 215y B E N 0.002 (CUB) AT 0.001 (minilmageNet), £ & 2> 35 F 48 ] Adam 1E A1
a2k 10 IR, JE2F I BCRAEAT ) 20-way 10-shot A8, A Z A ME. AI222000 8 » BN
%- BdE 1 58 57 H batchsize K/N 548 iy 200 —3

4.2 SMEBAEZERXTEE

CUB-200-2011. M54 MIFELIL A PRI, ASCRAMFE M3, A IEMESN 22
BT T, M T 9 FCRIER/IMEARNE 22 21073, Forh RS 87775 iCaRL ™) 55 Rebalance 140
N TR SR & 52 STk, A SO ST NSE B/ NREAS 22 SR 55 2 R AT W b ARSI A O Bt 2
WS E XSG B 7k, A B/ MEARSER AT R T fE. LR S MRkt
27535 PT DA 5 M i o MV 00 DR, B 1R R, dia 11T AT RUE SR vk
FEREARHE BB IIEOUT, MBLT ™ EAVERE T R, H PD L 45%, JoIEAR G i ok R HEVE 18R
R, R, 2R 1 SR — AT BUE D S B A AT UM I 45 2R, AT DR AR AR A T2 AT i 2
Ja, BT X AR AREA G RE 70, et LA S 0 A0 2 T4 - 2 1SR R R AL RE 70 K A
FESEAEAL B, TOPIC '3, SPPR 41 4877 3 R SCHL T Y S O A BRIE IR, (ER 2R 17 7 B A A
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#F 1 CUB HE&£ LM 10-way 5-shot HEZF SEHE (%) Sttt
Table 1 Classification accuracy (%) on CUB dataset for 10-way 5-shot incremental learning?®)

Accuracy in each session 1
Method Pub. year PD |
1 2 3 4 5 6 7 8 9 10 11

Finetune (23] 68.68 43.70 25.05 17.72 18.08 16.95 15.10 10.06 8.93 8.93 8.47 60.21

iCaRL [17]* CVPR 17 68.68 52.65 48.61 44.16 36.62 29.52 27.83 26.26 24.01 23.89 21.16 47.52
Rebalance 46l *  CVPR 19 80.94 70.32 62.96 57.19 51.06 46.70 44.03 40.15 36.75 34.88 32.09 48.85
TOPIC [13] CVPR 20 68.68 62.49 54.81 49.99 4525 41.40 38.35 3536 32.22 2831 26.28 42.40
FSLL 7] CVPR 20 7277 69.33 65.51 62.66 61.10 58.65 b57.78 57.26 55.59 55.39 54.21 18.56
FSLL+SS [47] CVPR 20 75.63 71.81 68.16 64.32 62.61 60.10 5882 58.70 56.45 56.41 55.82 19.81
IDLVQ-C [21] ICLR 20 77.37 74.72 70.28 67.13 65.34 63.52 62.10 61.54 59.04 58.68 57.81 19.56

SPPR[41] CVPR 21 68.68 61.85 57.43 52.68 50.19 46.88 44.65 43.07 40.17 39.63 37.33 31.35
CEC [20] CVPR 21 75.85 71.94 68.50 63.50 62.43 58.27 57.73 5581 54.83 53.52 52.28 23.57
FACT [22] CVPR 22 7590 73.23 70.84 66.13 65.56 62.15 61.74 59.83 58.41 57.89 56.94 18.96
Baseline - 76.27 71.14 66.89 61.82 60.30 56.66 54.93 52.93 51.36 50.37 4852 27.75

Ours - 78.11 75.65 72.73 68.43 68.46 66.48 65.75 64.39 63.21 62.57 61.81 16.30

a) *: performances reported by [22]. PD |: performance dropping compared to the base session D!.

% 2 minilmageNet HiE&E LA 5-way 5-shot EEF SERZE (%) Ttk

Table 2 Classification accuracy (%) on minilmageNet dataset for 5-way 5-shot incremental learning®

Accuracy in each session 1

Method Pub. year PD |

1 2 3 4 5 6 7 8 9
Finetune (3] - 61.31 27.22 16.37 6.08 254 156  1.93  2.60 1.40  59.91
iCaRL [17]* CVPR 17  61.31 46.32 4294 37.63 30.49 24.00 20.89 1880 17.21  44.10
Rebalance 6] *  CVPR 19  61.31 47.80 39.31 31.91 25.68 21.35 18.67 17.24 14.17  47.14
TOPIC [13] CVPR 20  61.31 50.09 45.17 41.16 37.48 3552 3219 29.46 24.42  36.89
FSLL [47] CVPR 20  66.48 61.75 58.16 54.16 51.10 4853 46.54 44.20 4228  24.20
FSLL+-SS [47] CVPR 20 6885 63.14 59.24 5523 5224 49.65 47.74 4523 4392  22.93
IDLVQ-C [21] ICLR 20 64.77 59.87 55.93 52.62 49.88 47.55 44.83 43.14 41.84 2293
CEC [20] CVPR 21 7200 66.83 6297 59.43 56.70 53.73 51.19 49.24  47.63  24.37
F2M [23] NeurIPS 21  67.28 63.80 60.38 57.06 54.08 51.39 4882 46.58 44.65  22.63
Baseline - 70.86  65.71 61.66 5851 5549 52.68 50.07 48.08  46.64  24.22
Ours - 71.57 66.94 63.06 60.20 57.41 54.38 51.71 50.13 49.02 22.55

a) *: performances reported by [23]. PD |: performance dropping compared to the base session D?!.

BEIG. FIN, BRA T AN 7%, Blin FACT 22 IDLVQ-C 21 46 W) = T X6 JE Atk 28 il A 29 R
FTAE, XTI BN RIERE VR ZE. I, RSO A 550k [20) A48 A R 2857, 3R R
RAESZ A A 73, S T ER AT IR 13% IS Rese . 7E0E A SCHR H G & 5
STHEZE B BEA b, A SO7EIAS TR 2GS R G, 2MERE 61.81% MHEmhZ, Sl A ki
4%, AT T s ARHITERE T B PD.

minilmageNet. U ELEH I EME ER/MEARS &5 2 PERe, 1k 2 s, B —1T8UE A
O VA S S ERE. 7R LR R AR OR S N FECE A E R R BN, LA
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Table 3 Ablation studies of incremental learning on CUB benchmark®

Mproj Mrlocal  Mieta MGenp Acc (DY) (%)  Acc (DY) (%) A (Rel. Acc) (%) PD | (%)
Baseline [20] - - Finetune 76.27 48.52 (+0.0) 27.75
v - v Mix 75.68 58.46 (4+9.94) 17.22
v v - Finetune 78.30 59.08 (4+10.56) 19.22
v v v Finetune 77.99 61.13 (+12.61) 16.86
v v v Mix 78.11 61.81 (+13.29) 16.30

a) Mproj, MLocal, MMeta, and Mgenp denote feature reprojection, local embedding, meta learning constraints, and

generalized prototypes, respectively.

HERRZR RN 1.40%, BRI H T3 & 2800 MG b Teid SR B (R 3R AE, [ B 78 A2 il idk pl 7™ B 1Y) gt
BI%. 5 CUB FUEEIM, Raiffil &5 >] 777k (1CaRL 7 5 Rebalance 461) A< 3 2138 & 2 1F
ARSI D RREYE, B —EREE LR TSR, EYERE R BRI, A SRR
VEFRETOCHR [20), HRAEHLERAL EEUAS T 2 0E DY ~ DO AT RITERESISE. AN LT R R e i B vk
CEC 20 FoM 23] 25 8 i 7 /5%, AR SCIL T fe/ M BE T B

4.3 HREASKIESM%RED T

FESRIHRRAIT. 0 B BB 1F P, ASCHIFTRE L 700 2% BB AP RE AR 43, 10 3.2 /)
TP HRHIE E B AR Mpyoy 5REA RN Myoca, 3 (9) FTAEERITCE T AR Mygera, PAK
3.3 NI HUZ AL FRIZOR, W 3 TR, A5 SRR R0 LG (71, Forfv 38
— TR P2 SRR FUR L 4 5, TR T 48.529 IUESE. ZEREIA IR R MR %
A E T WA TR, SR £ VT A B2 LT 3600 T W RAOIRTL, (B2 D' HEW AR
T 10.56%. [, SR A SCHR U 2 A0 TE ST R G S i, 45
7 = DU AESE B SR EXEICAT IR, SR BT 1% ~ 4% HOPERE T, S0IE T A SCHT IR
JTERFTRNE. WERE ISR PD AT, ASCHTVERS T R OPERE T RS, HHR T AR
RS AR AE.

R RBM SR SR A SCHL 00 R R A PERERURA, %/ NATIE 251 B R %
13 34 F OB R 0. I0FE 4(a) R, 6 €A 4 LRI LS i, I 3 55
—ATHR. LS I G ORI P AN 5 x 5 SAPER 1x | INIOIERLR. L0
FEATT B RO 1 1 ROSIAR B A Ve B I 0 AR MO P B A SCHR U RO AE L WA B,
SRS T (R RS B | JCET I\ 61.81% TR 58.45%. 4% LATLA th, (/LR
W R AE GRS AN T, AT RIER 2 A 2 B .

RAEFHIMAH. NRIERFRAFE T (5 (7) 5 o) AHEETREREN, 0 40) Fiz,
SO L AR 5 R S R IEIF0 10 4 session HEREE, Joof o BEBELN 0~ 1 2
IR Jo1v i (R R 2 AR AR O R R, T DA RIS £ L T I 1% 1
PERET K. TOLAETIIZ AL S L0, BV 25 R, &% S5 1 0 % (BRI Y, P R
A BT R S (G R, ORIV F1 5 24, T LAZE JRIZ (L 06T L DO 56
B R
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Figure 4 (Color online) Effects of different components. (a) Analyses on local feature resolutions; (b) analyses on
generalized prototypes

5 51

ARSCERM T — TR ERZ AR AL RN FEA G B2 3] U5, T I U7 ik AE 22 2l A rh 2R ) mT (X
IPPEZE S SR AP R TS L3 e, ARSI 5N R O A ST AR, RN R AR
WSS 7K B RE AN SRR A S 2 A R RO 22 1), 3 2008 S T /N2 el Rk, 2 IR RUEROR
AFESERTFUIRAE. R 0 R AR AR A ™ AN, AR SCHR b (e A s R A e Bk, A
FH 53 AR IR DA DR S0 JR 2RY, ARTR 2 S) BT A2 AL S5 AL A8 BRIl 7> VA Bkl b, ASCHR
T RhEE T Te A ST UINZR R R A IR A R R B3 e ST HE SR, DU SR A /M A1 B2 > o (1 A
WS MR R RALRE I A L SE N, fea, ASCHE SERAE W PR J5iE i 1 9 Mot ik, AT
FEH B SR AT SR BL DGz AR, TR AT LA SEBIL X 0L RE AR Ak (14 e RO AR AN R s
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Generalized representation of local relationships for few-shot
incremental learning
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Abstract Few-shot learning is a booming research area in computer vision that aims to recognize and grasp
novel concepts by learning from a limited number of known samples. The existing studies on few-shot learning
focus only on recognizing novel categories while neglecting the understanding of base knowledge. This paper
introduces the concept of local relationship learning and proposes a generalized representation method for local
relationships to address the two major research problems in few-shot incremental learning tasks, i.e., inferior inter-
class distinguishability and the difficult generalization of incremental categories. To enhance the distinguishability,
this paper first adopts the local spatial relationship to regularize the incremental representation ability. To alleviate
inductive biases caused by the lack of data in the incremental process, this paper proposes a spatial generalization
prototype generation algorithm, which uses distribution characteristics to quickly generate virtual prototypes and
promote the effective representation of samples. Benefiting from the meta-learning training mechanism, this paper
proposes a joint locality and generalization awareness incremental learning framework, which effectively alleviates
catastrophic forgetting and distinguishability difficulties by combining the local representation of the base category
and the fast generalization constraint of the incremental category. Our experimental results demonstrated that
the proposed method achieves state-of-the-art results on few-shot incremental learning tasks.

Keywords few-shot learning, incremental learning, local relationship, generalized representation, meta learning

1146



