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Abstract  With the continuous development of deep learning, image classification methods based
on deep learning have achieved excellent classification performance in large sample classification
tasks, but face significant challenges in few-shot classification tasks. It is difficult to obtain a
large number of labeled samples to train deep learning models in many real-world scenarios. This
means that it is of great practical importance to improve the classification performance of deep
learning-based image classification methods in few-shot classification tasks. To this end, a growing
number of researchers are focusing on few-shot image classification, which aims to complete the
classification of unlabeled query samples based on a small number of labeled support samples,
that is, to learn new category concepts through a small number of labeled samples. The metric-

based method is simple yet effective method for solving the few-shot image classification. It uses
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the learnable mapping function to map all samples in a few-shot classification task to feature space
and then classifies the query features according to some metric standard. However, two images
of different classes in the classification task may contain more similar regions, so there may be
situations in the feature space where the distances of certain query features and heterogeneous
class prototypes are closer to each other, resulting in few-shot image classification networks that
are more difficult to learn large classification margin. In other words, it is more difficult to have a
clear classification margin between feature clusters of different classes and significant compactness
between features in feature clusters of the same class in the feature space. To solve this problem,
this paper proposes a Total Relation Network with Attention(TRNA), which realizes the feature
space with a large margin by calculating the Total Relation of Feature-Pair and the Attention of
Feature-Pair. Specifically, after calculating all the query features and class prototypes, the
proposed network uses the Total Relation Concatenation Operation of Feature-Pair to concatenate
any two features in the feature space in the channel direction to obtain the feature pair matrix and
then uses the Attention Mechanism of Feature-Pair to select the feature pairs that are difficult to
distinguish between different classes in the feature pair matrix and give them large weights.
Finally, the feature pair matrix is fed into a convolutional network and a fully connected network
to obtain a similarity score matrix. We conduct 5-Way 1-shot and 5-Way 5-shot experiments on
the commonly used few-shot image classification dataset mini-ImageNet and three few-shot fine-
The
experimental results show that compared with the Relation Network (RN), the performance of
the proposed method is improved by 2.67% and 1.71%, 8.31% and 3.92%. 14.99% and
8.00%, 4.41% and 4.42%, respectively, on the 1-shot and 5-shot classification tasks of mini-
ImageNet, Stanford-Dogs, Stanford-Cars and CUB-200-2011, which shows the obvious effectiveness

of our method. Furthermore, ablation experiments demonstrate that both the Total Relation

grained image classification datasets Stanford-Dogs, Stanford-Cars and CUB-200-2011.

Concatenation module and the Attention Mechanism module in the proposed TRNA play a key
role in improving classification performance.
Keywords few-shot image classification; metric-based learning; class prototype; attention

mechanism; large margin learning
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/j:%hjtjﬂg [ ﬁ;\ﬁ%}i}, Sigmoid }
BT [ &R | ' ( 2%BE, ReLU |
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H 5256 v 4 2R R R A R A BB D 15, 12l 2k
Ky BL, R ATTAE 1-shot I 5-shot Wi Fh S 56 % & F 43 %
BEHLSRAEE T 60000 F1 40 000 4™ F 45 ok X 465 750 3 £ 7
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WA L BEHLOR FE 7 600 AT 55 2R 47048, 4R 5 41
795 00 B A DXL - 2 43 28 i R FRATT A A A
A3 3 s 1) 75 AT U2 A P00 Zhoad 72, 9% HL
T2 AN e A
4.2 IMEXRBEKGSE

FEATHF 4R 19 75 15 7E mini-TmageNet B4 46 E
ISR EE RS WA NEAR R o 2R kA7 T
XFHG s AR B0 T F AT 8 4 07 B i A SR L SR g A5 R
2 2.

% 2 mini-ImageNet H{#EE EHR/NERERSEERE

5-Way 43 R EH R/ %

X Gy i CRECE: B3
1-shot 5-shot
Meta-Learner LSTM[131# Conv4-32 TG 43.4440.77 60.60+0.71
MAMLL Conv4-64 JL 46.4740. 82 62.7140.71
Meta-SGDI71# Conv4-64 T 50. 4741. 87 64.0320. 94
Reptilel*11# Conv4-32 | 47.0740. 26 62.74+0. 37
Reptile+ Transductiont411# Conv4-32 JLA 49.9740. 32 65.99+0.58
Baselinel399* Conv4-64 T 42.1140.71 62.53+0. 69
Baseline+ 4391+ Conv4-64 TR 48.2440.75 66.4340. 63
Matching Network!9)* Conv4-64 R 48.1440.78 63.48+0. 66
Prototypical Network!201* Conv4-64 FE 2 44.4240. 84 64.24+0.72
Relation Network1## Conv4-64 R 49.3340. 85 65.4440. 69
GNNE3# Conv4-256 JE 2 2] 50. 3340. 36 66.4140.63
PARNL30122 Conv4-64 A 2 50. 33+0. 89 67.48%0. 67
SAMLBU#= Conv4-64 ] 50. 81+0. 83 68.51%0.70
TRNA(Ours) Conv4-64 JE 2 2] 52.00%0. 90 67.15%0.71

T 73278 SCRRES9 TP HIGE A SRR 45 2 . 2 73R JE0OR SO IGE Y LR A5 2R . # 27 3R 35 T 3CRRI39 I AR SR BLI S B0 45 1. 58 2 1 37 X it Uy
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SRR S WA R A L™ L BRIk, 3k 2
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Relation Network .GNN #f [t , 3417 89 J7 £ AE mini-
ImageNet [ 1-shot £ 5-shot SZ56 H ¥ F 358 & 1 45
JEPERE. S 7R U B/ MEAS R 53 2K 05
2 PARN #1 SAML A1, FATH 7 st B —E 1)
sy SR RAE T SR A O A T R R R AL
I FIRFAERT 4256 RDFHE  ARAT T PEUUEE 9 73 2R AE.
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4.3 INERDBE B G SE
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25 B 5 5 A e MAML, Matching Network
Prototypical Network,Relation Network A & DN4
HEAT TR HE , SET 25 2R WL 3.

3% 3 Al DL AT A4 O7 v 1 B 4
Stanford-Dogs.CUB-200-2011 ) 1-shot, 5-shot X

K Stanford-Cars 1 1-shot SZ 56 Wp ¥ & & 1040238
HEWR JE , 7E Stanford-Cars At 5-shot SZ 5 P ) 43 2
B B2 M AIC T DN4. 3 8h . 5 5C & W 28 A0 Lo Al B,
T8 7 B 7E Stanford-Dogs 1 1-shot Fil 5-shot 5L 5
Har A 8. 3120 F 3. 9200 i P BE4RE T 7E Stanford-
Cars ) 1-shot F1 5-shot 524 h 4> B4 14. 99 % FiI
8. 00 % Iy P REFE T, 72 CUB-200-2011 f 1-shot Fl
5-shot LI o143 BIA 4. 41 % F 4. 42 % W PERESR TT
RCUE BT FRATTH Y 0 WA Atk B o 2R B 4 B B
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1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
MAML## 46.6740. 87 62.560. 80 48.37+0. 81 65.41+£0.77 55.9240. 95 72.0940. 76
Matching-Network!191## 44.8840. 84 61.2240.73 45.2940. 82 64.0040. 74 61. 16+0. 89 72.86+0.70
Prototypical Network[201## 39.6740.77 60.14+0.71 36.9640.71 63.8240. 82 51.3140. 91 70. 77+0. 69
Relation Network!81## 47.1140. 90 65.5640. 74 45.8340. 87 68.0140.78 62.6740.98 76.9470. 66
GNNE31# 46.9840. 98 62.2740.95 55.85+0. 97 71.2540. 89 — —
DN4l[12x 45.4140.76 63.5140.62 59. 8440. 80 88.6510. 44 — —
TRNA(Ours) 55.4240.92 69.48+0.74 60.821£0.99 76.01£0.74 67.08%0.91 81.36£0.61

T R 5 T A B T 43 ConvA-64. “» 73R SCHRL42 1P i T8 A S5 50 25

4.4 HELIE

N T SRS RAESR R TE R AR R M4 (TRNA)
F A 5P S FRATT 0T I 2% e 8 R O R 3 0 BIL R A Ry
FEXT 42 5 R PFEARAE AT T30, R TT 1 AR AL XS
AR R PHHARAE W8 i B ) K R M 2% (Relation
Network with Attention, RNA) ; U5 #8837 1 B AE X

R SIHLH AR Ry 4> 56 & P 2% (Total Relation Net-

SUEETHRIRIE T SCHRE39 I AR B LAY S 50 £

work, TRND 5 A0 SFORFRAIE X0 7 75 ) L FRR I X 425G
FROFEBRAE 2 ARG UK 5 Ji ik 56 2 9 4% (Rela-
tion Network,RN). F 13 F U JZ % FUZ (Convd) Fl
12 JZ5% 22 2 (ResNet12) PR & T W 45 LLAL 1T K R M
RN KRME LR MEUSEE 2K RM
Z%7E mini-ImageNet fil CUB-200-2011 P54~ %4 45 45
Ry ERE WK 4.

#& 4 mini-ImageNet 1 CUB-200-2011 #{#E & F R ERMSSBE R

5-Way 2 B %/ %

b= RS ERuEE mini-ImageNet CUB-200-2011
1-shot 5-shot 1-shot 5-shot

RN Convi-64 49.3340. 85 65.4440. 69 62.67+0. 98 76.94+0. 66
RNA Convi-64 49. 76 +0. 87 66.4740. 71 66.14%1.01 81.04=0. 63
TRN Convi-64 50.81+0. 84 66.2240. 72 66. 95+0. 94 78.0040. 66
TRNA Conv4-64 52.0040. 90 67.1540.71 67.0840.91 81.36+0. 61
RN ResNet12 51.3640. 87 69. 9040. 68 72.9440. 90 85.5840. 54
RNA ResNet12 52.2740. 88 72.3940.70 75.1140. 89 86.3920. 50
TRN ResNet12 54.7840. 91 71.2040. 71 75.5440. 93 86.5110. 54
TRNA ResNet12 55.7440.87 70.5240. 69 74.9440. 90 85.8440.52
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W ULEE R 4 HET AT R Al SR A5 R TR
ILFE mini-ImageNet [t 1-shot Fl1 5-shot L 56 /7, #H
L D AR OC R I 25 1) 4 R A 32 L T T C R W 4%
A 0. 4300 1. 030 T, 2 X R ML A 1.48%
MO. T8N LT R I 2K RMEA 2. 67% A
1. 71% w42 JF; 1 /8 CUB-200-2011 f% 1-shot Fl

5-shot SE4G H, AH BE T J5L R 56 28 M 45 1 0 2R A 52
RN ERMEA 3. 47% R 4. 10 T 26 R
W25 A 4. 28 %0 1 1. 06 X0 I FE T TE B 1 2R R4
A A ALY 4 A2 Vo HR T SXTIE B AR SCHE R AE
XoF 7 JE 7 AL FR AR AR X 42 26 R PFETE Convd T
[ R Py S iU I o = o U S S e
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A 0.91% F 2. 49% T, KR MG H 3.42%
ML30%MIETH EB X RZMNEH 4.38%
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BT W2 TR AR AE X R B 7 AL R R AE X 4 6 R
Prae 4l A )5 10 S0 M R A I EL B Sk g | A R
EEI A= /NG (1 R P I o e 1 N A
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LR A PHEBENE — L L THERE. {HAE ResNetl2
BT ST R B A e S P BE X e T R
KA WG 3K WA SCHR 14 5 Ak 3 T 8 7 AL A
FRAEXT 42 0C R PFEAE ResNetl2 TR 45 L WA
4.5 YIZRFNRIR FE S KR Hxt o KRR R
T LS YN 25 A0 I3 AT 95 28 550 2 C X
B BE 7 & P BE 9 &2 Wi, F AT fE mini-ImageNet I
CUB-200-2011 M- %fii 4 B3 TR TR 1 2
KA P ACT IR AN P R TR AT 55 260 B C Y
L. e U2k B Be AT 55 2 Ko Sl BB 3
4.5.6.7, MK B BEAY AT 55 2 I BB B o 5. Lok
WLEEIN 2R B B 9 4 55 208 590 28008 I 38 4 RE 9 22 i 55
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75 Lh i ok L€ I 3 i B 9 A 55 28 S 806 I 1 E 1Y
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Y125y B — SESLUE SR
4525 A8 19 48 T W 2% mini-ImageNet CUB-200-2011
1-shot 5-shot 1-shot 5-shot
3-Way Conv-64 49.5240. 84 65.34+0. 69 65.80£0. 90 77.124£0.70
4-Way Conv-64 51.4340. 81 65.84+0. 69 66.81+0.79 80.19=£0. 63
5-Way Conv-64 52.0040. 90 67.15+0.71 67.08+0.91 81.36+0.61
6-Way Conv-64 54.5040.92 68.44+0. 74 68.1040. 92 81.4140. 60
7-Way Conv-64 55.40%+0.93 68.88+0.74 68.441+0.97 81.5240.62
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30 KU/ R A5 3 T 5 B L IR #3184~ 30X 30
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Background

The problem studied in this paper is how to learn new
class concepts based on a small number of labeled samples,
which belongs to the field of few-shot image classification.
The metric-based method is currently the common few-shot
image classification method. This method puts all samples in
a classification task into the convolutional network to extract
the feature representations, and then some metric standard
such as cosine distance, euclidean distance, etc. are used to
determine the distance between the two feature representations,
and finally classification is completed based on the calculated
distance. This metric-based few-shot classification method
provides a new idea to solve the problem of few-shot image
classification and achieves better classification results. However,
since two images of different classes in a classification task
may contain more similar regions, some query features are
close to the heterogeneous class prototypes, resulting in
few-shot image classification networks that are more difficult
to learn large classification margin.

In order to solve the above problem, we propose Total

Relation Network with Attention (TRNA) based on Relation
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Network. Specifically, the Total Relation Concatenation
Operation of Feature-Pair is introduced to concatenate any two
features in the classification task in the channel direction to
obtain the feature pair matrix, which maximizes the distance
between different classes in the feature space; the Attention
Mechanism of Feature-Pair is introduced to select the feature
pairs that are difficult to distinguish between different classes
in the feature pair matrix and give them large weights, so
that the network pays more attention to the indistinguishable
feature pairs. Experiments show that the classification
performance of the Relation Network is significantly improved
after adding the Total Relation Concatenation Operation of
Feature-Pair and the Attention Mechanism of Feature-Pair.
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