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Concept-driven discriminative feature learning for few-shot learning

ZHOU Kairui'?, LIU Xin"?, JING Liping"’, YU Jian'”

(1. Beijing Key Laboratory of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China; 2. School of
Computer Science and Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Few-shot learning (FSL) aims to recognize unlabeled samples from novel classes with few labeled samples.
Metric-based methods, which obtain favorable results in FSL, construct class representations with labeled samples and
classify the query samples based on the similarity between class representations and query samples. Therefore, con-
structing discriminative class representations is the key to these approaches. Most of the existing work ignores the min-
ing of concept-relevant discriminative sample information when constructing class representations, which may bring
noise information in samples to the class representations. To alleviate these problems, a concept-driven discriminative
feature learning method tailored for FSL is proposed in this work. First, this method incorporates semantic category in-
formation to guide the mining of the class-sensitive information of labeled samples and thereby establishes a more dis-
criminative class representation. Then, a random mask mixing mechanism is designed to increase data diversity and the
identification difficulty of query samples to further improve class representation quality. Finally, it assigns higher
weights to the samples near the decision boundary to guide the model to focus on difficult samples, which helps to learn
better class representations. Extensive experiments show that the framework proposed in this work can effectively im-
prove recognition accuracy, and it outperforms state-of-the-art methods on many benchmarks.

Keywords: few-shot learning; metric learning; class representation; discriminative feature learning; data augmentation;

image classification; neural network; deep learning
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FH B2 Ay 5X B B, AT LA IR i) sk 20 b 22 5T 1) O3
2, A3 2] A ARz AL RE S AL . [RI i kL
LR TR B =) 30845 ik A R 2K B U1 RS s
I, ZINEEARS 52 2] 43 SAT 55 BB R PR Les 7E LN

yi=k

w,h

1
= B —— » —log,P(y=y""|¢""
Lt (oW X h ,,Z 23 (y Vi | q; )

4545 3 (2) AR BBk A A R A5 2K eR R
Les R Z LA

1 w,h —log p,'
= E 2
Lt (pe@W X h ,Z. 1 +exp(=B(p'—p))

Kfr: p=pPly=y""14""), p'=1-p'. FLHH
14&%31 9& lgl ﬁ-gtotal% Xﬂ‘:’

L = aLors +yLese

ey 5 % R B AA L R 4R
2.3 RN

TEDIR B B, DI iR R AR 55, £
A bR Y SR R AR AR T AR 2 1 A AR AE AR
I 5 A 42 B 20 ) A5 B R AE K] 57 € RO Fll g €
RO o X SCIRFHEAEAS, 3 5 A FH 2R A & 5 A
P& 2B 5 B, 13 B SR AR B RRAE 1K
§r e RO R LARIZEAEA B BT O B R TR, 5
18 3ok d5 3T 4 7325 i TN g A A ) R AEAS R BR 4

¥} =arg n}inM (GAP M, GAP(q_’}))

X GAPSy 2 Jmy Ak, MO BE 5 B2 55 07 2, A SC
R SR AR TR

3 LR EHER

FEATT, T A 43 52 56 i FH 210 %) B8 45 DL K S
I E S A, SR VAL AR SO IR 2R i
TR, AR /N AR 2% 2 U R 45/
FEAS o 2 > 15 B R S 0 TR A 4 9 Rl S 56k B
A SC I B S AR (1) 25 S 2L A A R o
3.1 HIEENA

AR SCAE /AR 22 3] 1 JE e B e 4 L kAT 152
® fLRE miniImageNet[”], tieredImageNetm], CI-
FAR-FS™, FC100 "™ %, 45 % S MU 5 40 43 5 =X
AT 1R,

R1 ANMEHEBIEEILR

Table 1 Summarization of four benchmarks

PGS XS G~ I QR €/ S D
minilmageNet 60000 100 64/16/20

tieredImageNet 779165 608 351/97/160
CIFAR-FS 60000 100 60/16/20
FC100 60000 100 60/20/20

45 % minilmageNet 5 tieredImageNet 14
KHE £ ILSVRC-12" ) 74 . tieredImageNet [
minilmageNet B K, HZEG B A ZHE50, 05
344N, BN AL 10~30 TR, A
H B ARSE  CIFAR-FS il FC100 ¥/ CI-
FAR100™ 574, 8 Fr ok /N 323218 % . A 1L
T CIFAR-FS % 430173 77 X, FC100 J2: 4% [
R 3, U A AR AR Z 18] i 2R 00 8 T o8 4
AR AR, s B TR, PRt B H Pk A
32 IWRESIIZGET

LR E A LA 5-way 1-shot il 5-way 5-
shot 1% & M AS SC R #8 HH AR AL . XFF N-way
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K-shot W', BT S5 HH N 28 B, A28 806 &
KA SCHEEREAR 6 DA FEA , AR, 7657
£ 1-shot Fl 5-shot B2 5 H, 78 I 1 £ A BE AL
B 2000 MT 55, A 15 DEIAFEA, JFid sk
FHI 19 95% A DX [] 19 - 240 o 3

ML 2eH 52 AT RAOE TR e,
RSO ResNet12 4 2 32 T 45 4F 42 R 2%, 1%
W28 AL E 4 AN FR 2, BEANFR S 3 B
ZEU R AR, SRR 3x3, K2
7 Ry 2x2, Al 5 SCak [35] 280, AR Sc i
Dropblock 15 1E WA AR B, B34~ 5% 25 B 9 45 R
IR BEE N (64, 128, 256,512)0

WZAT A BIRE N A BER T KM
JHAE 84 x 84 R K . IR, ATRAY
SCHK [12,19] %5 TAE AH [ i ot 1 6y =X 35 7K
B | BE AL ER BY R0 BE B B 5 R R AR
i i g 19 SGD flifb s, PLAb ALY, A 3 0
BBVE T 53101, HA/PMILRA S 5 AMMES .
A RLTE T A B 4R R YI45 80 MR UK, WIhh 2
2%y 0.1, X F minilmageNet, 53 5l 7£ 60 Fl
70 FE R B 22K 2] KA E] 0.006 A1 0.0012, XfF
tieredImageNet, %7 > Z 1Y 2 ikl Kl 1~ 0.1, 4 20 §&

B, REBSBRE RS, ESH L
AR [12] BB Al FE i 2 RS R, S e Ml
yBE R 105 BAS IR UFIERE . A SCHY BT A AL
RISz P55 5286 ¥ 8 Pytorch, I HL{#i ] NVIDIA
2080Ti GPU,
33 ZWERIEE

FROENERZSIIWER T RIEASC
H 7 HE N-way K-shot /NFEAR 22 34T 45 T A 5L
PES S, £ 2 D EHR 4R b 5/ INVEAR 2 o] Sk
) — 8 28 iy v RN Sk Oy R HEAT TN e, R A
K 4%, DUBC M 4%, MAML, CAN, DeepEMD %5, 1
minilmageNet fil tieredimageNet £ & 4 I 49 52 56
GER R 2 FroR o AR SC YRR AE X S Bl 4
= 1-shot &3¢ T BT 4 4EHfH B2 A 68.91% Fll 71.75%
BT IR SR . BEAUTE 5-shot HY 52 50 152
TSR M RR AR . AT LUE 7R SR A
R, AR SO ¥R AT LR HCE T 0
FEAE, DT H2 TR PERE . Xt 3R B T i X
FIH IS A5 B 5 | AR T8 5 SR DG 1 X3k, 7]
DU RO T2 3R A S T o, A S S R AR AL
JE g v A 2 S R 0 AR B i, T A AR B S
FREFEAR A M EREAN LR,

% 2 minilmageNet F0 tieredImageNet #{{F & FRILIG R ¥t EL

Table 2 Comparison of experimental result on minilmageNet and tieredImageNet datasets %
) minilmageNet tieredlmageNet
i8] FFHRFAF SR 45
S-way 1-shot S-way 5-shot S-way 1-shot S-way 5-shot

MatchingNet ResNet10 54.49+0.81 68.82:£0.65 — —

ProtoNet'" ResNet10 51.98+0.84 72.64+0.64 — —

RelationNet'” ResNet10 52.19+0.83 70.20+0.66 — —

MAML" ResNet10 51.98+0.84 66.620.83 — —
MetaOptNet™” ResNet10 64.09+0.62 80.00:£0.45 65.99+0.72 81.56+0.53

pc ResNet12 61.2620.20 79.010.13 — —
LEO" WRN-28 61.76+0.08 77.59+0.12 66.33+0.05 81.44+0.09

TADAM" ResNet12 58.50+0.30 76.70+0.30 — —
AM3 ™ ResNet12 65.300.49 78.10+0.36 69.08+0.47 82.58+0.31
FEAT" ResNet12 66.78+0.20 82.08+0.14 70.80+0.23 84.79+0.16
CAN'™ ResNet]2 63.85+0.48 79.44+0.34 69.89+0.51 84.23+0.37
DeepEMD'” ResNet12 65.91+0.82 82.41+0.56 71.16+0.87 86.03:0.58
infoPatch " ResNet12 67.67+0.45 82.44+0.31 71.5140.52 85.440.35
DAM™ ResNet12 67.76:0.46 82.7120.31 71.89+0.52 85.96:0.35
AL ResNet12 68.91+0.45 83.02+0.30 71.75+0.51 84.37+0.36
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LIl

ARSI AE FC100 %ids 45 & CIFAR-FS %4
fE LRSS RN 3~4 FiR . BERILE FC100 $d 4
fE 1-shot Fll 5-shot By S5 45 R o 79.93% H
88.74% ¥ it © A By 7 ik, M A #E CIFAR-FS 4
s £ - A0 HOAS RN A i i AR AL RE L 3 i A
45.34% F11 59.38%.

% 3 CIFAR-FS BRI L5 R LE
Table 3 Comparison of experimental results on CI-

&5 CUB-200-2011 B4UEi LI 45 R 3d bt
Table 5 Cross Domain Comparison of experimental res-

FAR-FS %
- T4 CIFAR-FS
HIMLS  5-way 1-shot  5-way 5-shot
MAML"™  ConvNet  58.90+1.90  71.50+1.00
ProtoNet”  ConvNet  55.5040.70  72.00+0.60
RelationNet™  ConvNet ~ 55.0041.00  69.30+0.80
LRHCI™  ResNetl2  73.97+n/a  84.13:0.n/a
Rethink™  ResNetl2 ~ 73.90+0.80  86.90+0.50
BML" ResNetl2  73.45£047  88.04+0.33
A ResNetl2  79.93+0.45  88.74-0.31

ults on CUB-200-2011 %
- minilmageNetCUB
S-way 1-shot 5-way 5-shot
ProtoNet”! — 53.07+0.74
MatchingNet''" 51.65+0.84 69.14+0.72
CloserLook!™ — 51.34+0.72
ClosserLook++" — 62.04+0.76
Cosine classifier'” 44.1740.78 69.01+0.74
Neg-SoftmaXW] — 69.30+0.73
KNN 50.84+0.81 71.25+0.69
BML"” — 72.42+0.54
BN RN 51.63+0.48 71.37+0.39

F 4 FCI100 #iEE FRSLIE 4 Rttt

Table4 Comparison of experimental results on

3.4 HRLSLIE
T UE B IR AT A A AR B %A 2 R B A AL
P, ARSCHAT TIHRLSEE, W3 6 iR .

% 6 7£ minilmageNet £ 3F & L &4 Fhs0I8
Table 6 Ablation study on on minilmageNet dataset %

FC100 %
o FC100
S|

5-way 1-shot 5-way 5-shot

MAML"" 38.10+1.70 50.40+1.00
MAML++ 38.7+0.40 52.90+0.40
MetaOptNet I 41.10+0.60 55.55+0.60
TADAM " 40.10+0.40 56.10+0.40
Rethink™" 42.60+£0.70 59.10+0.60
pc'? 42.04+0.17 57.05+0.16
infoPatch™" 43.80+0.40 58.00+0.40
A 45.34+0.41 59.38::0.40

B/ MERFIILWER HOEHZE -1
AT PR B S S st o A SO SCHR [4] Y
SCG I E, DL minilmageNet 5048 5 Ml 4R 4E, DU
CUB-200-2011"" $r¥a 4 Jg ik 4, b 00 ) 25
TSIz ALRE ). R 5 BR TACEIE S A Tk
FHEE R SE SR 245 2 . AR SCH VL TE 5-way 1-shot Fl 5-
way S-shot I & T, ik % 51.63% H1 71.37%. 4l
S AR TR AE R A AS [R) S0 e B, A1 L1 oAt
sk A B R, TR, ik BEA
B0 ) BRIz AL B BE T, AT DAAT S5 i A IS RS
[ [R) L

minilmageNet
CFM L,y MaskMix
S-way 1-shot  5-way 5-shot
65.66+0.46 79.85+0.33
v 67.27+0.45 81.060.32
\ v 68.21+0.45 81.7440.32
v R v 68.91+0.45 83.02+0.30
B LR R AR S FE 2 B A L T A ) 2%,

K B SR 4y 2 A, DAY X AR S B =K
HZHAiW R 2807 A, ke A —aE ik
F, X FEE B TRV R TR 2
GRORmg, PR B T R R AR AR AR B, SR T 4 Rt
el K5 B AR, L BRI YE minilmageNet 41
P 4L 1-shot Fl 5-shot B & T 1473 HERA 2 73 51| Ky
65.66% #F179.85%.

LR ERR LB LAY 1 HE il
A AT B 5] 3B G A G X
B, AT ) 0 00 1 TR SR A SRR, A OR T RCKR
PR RERE £, 7E 1-shot b &SR B ik 3, 43 2HE
$THT 1.61%, [FIBFFE 5-shot AT 1.21% MEAEH
it o XL T S MERR Y 2 SRR TE AR R B 5 Y
BCA] DU g b ) AR AS TR] 1 56 2R

KNBERBENRK A RN
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2] i A, A BUER F A R P R AR AR R
T AT S5 MEAEA I F2 4, T LA R 2 IR E 1
R IFIZEREAS B 1] B, v DA ) 31— A T 4 ) o
25 [], S A XERE AR A ] [X 2P 58 5, £ 1-shot Al 5-
shot (4 TH43 511k 0.93% #1 0.68%.

ETHANEERESNEIEE®E TS
TV A 110 500 4 e S ek 3 ot B2 TH 458 2 e ke 42
FHRERL A7 A PE . 7R S IR 25 R E A AR i b AR B T
X —AEH, 78 5-shot & & /- FAE LT N B
FRTT 1.28%,

ETRENBERESHBIREEMNERT 7+
Y53t i v 56 1 B AL A5 TR G 1 3000 14 5 Do A5 R
SEXFRCAL M RE A R, R T iR, TE
3x3 W3k B T S A PR, R BN A RS
AT BENLE RS IR A, RIKE B R X430 B8 22 1 Jmy 356
BIG e, n 5x5, seB 47 Bods 3 5, AT g 251
AR AR E A E ST R IS SUE B,
SRR RIPE RE

<

it
b

(a) MR (b) K

(c) T

% 7 minilmageNet H{IEE F AR MERTHELIEER
Table 7 Result of different grid size on minilmageNet %

BEHLIERSIR & RS RO 5-way 5-shot
2x2 82.57+0.32
3x3 83.02+0.31
4x4 82.74+0.31
5x5 80.53+0.31

3.5 4$SEETRTAL4L

FEME & R A AR H ] DU S0 5 | AR X 2 A
JECREAE A2 9, 10 A5 20 5 L) P G 2 R SR
ik o i T B AR X — 808, A SCHE minilm-
ageNet FEHLIMEL T — MESS T RAR . L5511
SRR A & G A e 1 O T [R] 4 i
N, AT R R R, B AT O R R A AR
e i B . IEIH AT LLE H, i BEHRT LU 3k
o | T A S 3 AR AR 1 PRI IS IR DG By DX, AT
TIRAF B BT, M mT DAAS 2 5 B R
FKFIR,

(d) JEARIK (e) AR

4 EEERE BN E TR

Fig. 4 Concept fusion module activation map visualization

4 HFKiE

ARSCHE T — ARG R B /R AR A S A
) 7k o I A AR B JR TR AR ) SRR L, X 52
FREREA BT TS Rl S B8, il oM M
B, R TE TR R AR A SE S AE T o X A if
EREAR BT T BELIE RS 1R 5 Kt 1 o, 7R ff B 2
)5 5L i S Al E 3R T T s AR, i $E T T
BRI ZALTERE . e/ MVEEAS R A B35 R 51K
TAL S5 A AR BB % pR K, A AR AT 55 P R
AT R FR o B AR 224N /INEE A 2 2] U 1Y 2 e
AR AR EIRAIE T AR SCHR BT YA 2
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