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Abstract The traditional metric learning based few-shot image classification methods are task independent,
which leads to poor generalization performance of the model on new query tasks. To solve this problem, a task-
relevant image few-shot learning method was proposed in this paper, which can adaptively adjust the feature
of support samples according to the query task. Moreover, a variety of regularization methods to address the
overfitting problem under severely-limited data scenarios were also investigated. We conduct comprehensive
experiments on two popular benchmarks, i.e., minilmageNet and tieredImageNet. The result of 1-shot task

on the minilmageNet by the proposed method was 66.05%, and it outperforms the SOTA (state of the art)
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approaches by 4.29% under the same backbones.

Keywords task-relevant; feature embedding; regularization; metric learning; few-shot classification
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Fig. 1 Task-relevant feature embedding module
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%1 MinilmageNet #3E& FHIZERITEE
Table 1 Comparison with SOTA (state of the art) on minilmageNet dataset

. R (%)
ik EFF% :
1-shot 5-shot
Matching Net!” 32-32-32-32 43.4440.77 55.3140.73
Reptile!®! 32-32-32-32 47.07+0.26 62.74+0.37
MAMLM 32-32-32-32 4870+ 1.84 63.10+0.92
Prototypical Net'™ 64-64-64-64 46.61+0.78 65.77+0.70
Spot and Learn-CS"*”) 64-64-64-64 51.03+0.78 67.96+0.71
TPN(trans)!"”! 64-64-64-64 53.7540.00 69.4340.00
PFA!Y 64-64-64-64 54.53+0.40 67.87+0.20
RelationNet™”! 64-96-128-256 50.4040.80 65.30+0.70
R2-D212# 96-192-384-512 51.80+0.20 68.40+0.20
DFVL!'™ ResNet-12 55.4540.89 70.134+0.68
SNAIL?! ResNet-12 55.7140.99 68.88+0.92
TADAMP" ResNet-12 58.5040.30 76.7040.30
MTLE! ResNet-12 61.20+1.80 75.50+0.80
Variational*! ResNet-12 61.2340.26 77.6940.17
MetaOptNet-SVM! ResNet-12 62.64+0.61 78.63+0.46
TEAM(trans)™*¥ ResNet-18 60.0740.00 75.9040.00
CTMP ResNet-18 62.05+0.55 78.6340.06
PFA!Y WRN-28-10 59.60+0.41 73.7440.19
wDAE-GNN['! WRN-28-10 61.07+0.15 76.75+0.11
LEOP! WRN-28-10 61.76+0.08 77.59+0.12
Ours 64-64-64-64 55.63+0.67 71.87£0.55
Ours ResNet-12 63.3940.55 77.884+0.37
Ours WRN-28-10 66.05+0.52 81.7240.31

T ETMEE T 64-64-64-64 FIRTEES 1. 2. 3. 4 JZEFUZ P IER 2 s

% 2 TieredImageNet ##E&E EHIZERXTEE
Table 2 Comparison with SOTA on tieredlmageNet dataset

. . IR (%)
Ty FEFF% 2
1-shot 5-shot

MAMLY 32-32-32-32 51.67+1.81 70.30+0.08
Prototypical Net'™ 64-64-64-64 53.31+0.89 72.69+0.74
TPN(trans)!'” 64-64-64-64 57.5340.00 72.8540.00
RelationNet!”! 64-96-128-256 54.4840.93 71.3240.78
MetaOptNet-SVM>! ResNet-12 65.9940.72 81.5640.53
CTMPY ResNet-18 64.78+0.11 81.0540.52
LEOP! WRN-28-10 66.3340.05 81.4440.09
wDAE-GNN!! WRN-28-10 68.1840.16 83.0940.12
Ours 64-64-64-64 62.324+0.75 78.45+0.58
Ours ResNet-12 67.81+0.61 83.26+0.40
Ours WRN-28-10 68.96+0.57 84.17£0.36
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JiE MBS 1-shot F1 5-shot 4 43N
55.27%- 71.45%, BHEEAR, ULEALEXFMEOLT
R AFAE B T F IR ok 00 ) 90 3 iR A
f115] N2 1-shot Al 5-shot {E554rHlHi K T 4.55%
A 3.78% MIMERESETE. X F M, ASCEFRMRE
A2 SN GRAA AN 2 1 1) TR R BE L A K
/N BEATLER BY RN BE ML K PRI . 20 B 3 S K
W X, AP K T NGB R, [
T VIR Z R, $ m AL ) 2 X0 ] — 2
BEAAE AR e 38 B, T R 2% 3] 38 58 i
AR REAE . T, B 1 5 KR 2 T A o
LA, BRI 2 AR T . BRI 3R
HEH4 1-shot FI 5-shot HIZE R4 AR T T 0.92% F
0.63%. AJLLE N, AHELTHEGRD, ~FiE s
2] LA R s B (2 A BE 77 . Mixup Y5 T5
XGNP A g = 1.34% A1 1.05%,
UEBAAE IR A 2R PR (AT I 25, T RAEY
WRLR R R B, IR B A0 iy Sk i #L &
)RR o AT 25 FH O I RRAE R AN O 45 1R T
1.31% 1 0.97%, 5 ZAf 1-shot 1 5-shot HI7ER
RIKF] 63.39% Fl 77.88%. X FWIARYE B IESS
F AN EE SR AR RN, 7T DA B A5 2
i FHAE TR0 22 R0 oc kiR, POd T 2
WIS

N T AR SO S SR B S 0
LEVERRIRCIR, ARSCHEAT TR X L ste, 45
Rk 4 fros. H%, W7 HIE®E, BT

T LA K Mixup = AN [H] 1 1 AL 5 200) ) 4% 1
REMISZmE . R 3 ATLLE H, AT AESAEAT
ASCRTHE 5 R S, AR B s A B2
1-shot 1 5-shot £F:5% 7374 K 1 4.55% A1 3.78%
MIHERETR T, MTER 4 MsRiagt Frh, sl
I oA ERTE 1-shot AT 5-shot 145 168 4351
B 1.25% F1 1.03%. AR, OBl S 5 1 o
BLHLIE B 1 B0 R AR B A R 3 Sl 7
AERSTY b g N pry Sk sl aR R R . X
YL, FRZETIE A Mixup M AMSEEE S TR
IR AR F . BR AN T 300 8 38 s s e i
KB G R o SR, R R B AR T A
He 2 it AR BYZE 1-shot AT S-shot f£55 I RES
FIBEAE 0.66% F1 0.33%, FMFE Mixup FEik
it AR RYZE 1-shot FIl S-shot 1£55 - 1ERE >
BFAK 0.97% A1 0.74%. ATLLRHL, HHtkH—
FlOE WAL 77 A, PSRRI AR 3 R
B 5] B AR TR FE R 2, 3B 3 28 T Ak
X A — B ML AME . R, 3E4T 7
B AT 55 AH 5% B R AE i NSRRI S8 . IF sk
® 3 PSRRI T, ZHBRAT S A G BVRHE iR
FREAF ST LE 1-shot A1 5-shot 445 FRIZE R
FEAK T 1.31% F1 0.97%. X% WIE S5 M 6 i HF
TEHR AL T B Mz ke 2 0 EE . &
AT LA ot 5] A R AE O 0 28 5 B 3] B A
[ 7GRN IR, A FEAE B AT 55 o aT DUER R e
RN SRR RE AR BEAT I

®3 MORGINZIERI I RERI RN

Table 3 Effect on performance after introduce each module in sequence

REEEN HERE (%)
Bl PR Mixup {ES ARG 1-shot 5-shot
/ / / / 55.2740.58 71.454+0.39
N / / / 59.8240.52 75.234+0.37
N N / / 60.74£0.53 75.861+0.36
N N N / 62.081+0.58 76.9140.40
N N N N 63.394+0.55 77.884+0.37
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Table 4 Effect on performance after remove each module

CEZEN R (%)
HeHE R PRREFE Mixup FESS ARG 1-shot 5-shot
V V V \ 63.3940.55 77.8840.38
/ V V J 62.1440.57 76.8540.35
V / V J 62.7340.53 77.5540.33
V V J 62.4240.59 77.1440.36
V V V / 62.0840.56 76.9140.35

E: VT ONET B, <7 AR

5 &

BT IUAT 2 R (0 BB AR IR P 22 3 T
EEESTLR, B IERER S SRS,
T X6F 3T 500 L R B A 5532 AL RE AN R 55 ) AL
ARSCHR H— OFT R A 55 AH R IR AINPE A TR S5 5 2
Jiik, HWEERRRYE SRS, BIEN RS
FRERFEA IR, AITAT OB AT 55 0 (1
RAG. RN, ACIIANZMIENA T %, 3
AHARTE TR HZ ALV RE . SRIGA R RN, X
L TVE T A RO A D 24 i A i AL 4R T
INFEAS BB RO HER R . 1E SCRR K B A A
T, BR TR ORISR Z R R
TERIREA . IXARINESERR BT 2% a5 Uk
T, SEAARERR EARKM AT A . ik,
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