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Few shot image recognition based on class semantic similarity supervision

Xu Pengbang', Sang Jitao', Lu Dongyuan®”
1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China;

2. School of Information Technology and Management, University of International Business and Economics, Beijing 100029, China

Abstract: Objective Deep learning has made remarkable achievements in many fields such as image recognition, object
detection, and speech recognition. However, most of the extraordinary achievements of these models depend on extraordinary
data size. Existing deep-learning models often need large-scale training data. Building large-scale training data sets not only
necessitates a large amount of manpower and material resources but are also not feasible in scenarios such as obtaining a
large number of rare image class data samples. Inspired by the fact that human children can learn how to distinguish an ob-
ject through a small number of samples, few-shot image classification aims to identify target categories with only a few

labeled samples. Image recognition based on few-shot learning solves the problem in which a deep learning model needs
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large-scale training data. At present, the mainstream methods of few-shot image recognition are based on meta learning,
which mainly includes three methods : meta learning based on metric, meta learning based on optimization, and meta learn-
ing based on model. The method of meta learning is divided into two stages: training and testing. However, most of the
metric-based meta-learning methods do not use few shots of the target class in the training stage, which leads to a lack of
good generalization ability of these models. These metric-based meta-learning models often show high accuracy in the train-
ing stage, but the recognition effect for few-shot image categories in the test stage is poor. The deep feature representation
learned by the models cannot be effectively generalized to the target class. To improve the generalization ability of the few-
shot learning image recognition method, this study proposes a few-shot learning method based on class semantic similarity
supervision. Method The method proposed in this paper mainly includes two parts: the first step is to obtain the class simi-
larity matrix between the image dataset classes, and the second step is to use the class similarity matrix as additional super-
vision information to train the few-shot image recognition model. The details are as follows: a common crawl database con-
taining one billion level webpage data is used to train an unsupervised word-vector learning algorithm GloVe model ( global
vectors for word representation) , which generates 300 dimensional vectors for every word. For classes whose names contain
more than one word, we match all the words in the training GloVe model and find their word-embedding vectors. By avera-
ging these word-embedding vectors, we obtain the word embedding vector of the class name. Then, the cosine distance
between the word-embedding vectors of classes is used to represent the semantic similarity between classes. In addition to
the negative logarithm loss caused by the category labels of the original prototypical networks, this study introduces the
semantic similarity measure between categories as the extra supervision information in the training stage of the model to
establish the implicit relationship between the source class and few-shot target class. This condition enables the model to
have better generalization ability. Furthermore, the loss of class semantic similarity can constrain the features of samples
within and between classes learned by the model so that the sample features within each class are more similar, and the dis-
tribution of sample features between different classes is more consistent with the semantic similarity between categories. By
introducing the loss of class semantic similarity to supervise the training process of the model, our proposed model can
implicitly learn the relationship between different classes and obtain a feature representation with more constraint and gener-
alization abilities of class sample features. Result This study compared the proposed model with several state-of-the-art few-
shot image classification models, including prototypical , matching, and relation networks and other classic methods. In this
study, a large number of experiments are conducted on minilmageNet and tieredlmageNet. The results show that the pro-
posed method is effective and competitive with the current advanced methods. To ensure fair comparison with the advanced
methods, the classical paradigm of meta learning is used to train and test the model, and many experiments are conducted
on the widely used 5-way 1-shot and 5-way 5-shot settings. The experimental results show that on the 5-way 1-shot and
5-way 5-shot settings of the minilmageNet dataset, the classification accuracy of the proposed method is improved by 1. 9%
and 0. 32% , respectively, compared with the classical few-shot image recognition meta-learning method prototypical net-
works. In the tieredlmageNet dataset on the 5-way 1-shot setting, the classification accuracy rate is improved by 0. 33%
compared with that in the prototypical networks. On the 5-way 5-shot setting of the tieredlmageNet dataset, the proposed
model achieves a competitive result compared with the prototypical networks. At the same time, several ablation experi-
ments are conducted to verify the effectiveness of the key modules of the proposed method, and the influence of prior infor-
mation of class semantic similarity on the experimental results is analyzed from multiple perspectives. Conclusion This
study proposed a few-shot image recognition model based on class semantic similarity supervision, which improves the gen-
eralization ability and class-feature constraint ability of the few-shot image recognition model. Experimental results show that
the proposed method improves the accuracy of few-shot image recognition.

Key words: few shot learning; image recognition; feature representation; class semantic similarity supervision; generaliza-

tion ability
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30 2 S R o 2 ] DR BCE R S x R — A2
HMER I py (y = k| x) , y FoRENG x HTINIZ,
SR R ) 4 3 2 P A B /N B X BIOAE 56 43 A X A
RUHEAT N2k, B A5 R g

L(y,.f,(x)) ==logp,(y =kl x) (2)
X, L, R R A R A B, y, Ron i)

R x, I ELIHR
2.2.3  AREAUH pRER

JE 8 X 45 fift FH Bl 1) e/ M SRR B R A
Zim HARZERIEZE I OC R B I3 30T AR RS A
£ L UNZRIRRAE G 05 45 55 AN REAR 47 1y AL 21 H 45
25, Y I )RR BT R S 5 2 2 Rl T
MORRZIG ARSI T — P I M Bk B
AR Y S B MR AR kR ok, F T A /MR AR
FUG5  (8) AT S B8 IS AR AE -2 (R B R R IR R
ZARE T, SR, 51 A UNTF A% 28 A oL W B 46
I T

K

L= X X4V, V) ~dfu(x) ~fo(x))]

(3)
REHL B H bR sR B

L(x,y) = L.(y;, fu(x;)) + AL, (4)
Ko, L FRFAMBEIR | L, FoRBERR) Ak
FESH A XA BRI R AT IR, V. Fl vV, 2R
BEAS  RREAS 1 BT Ja8 25 500 1wl ik ATl 5 f, ()
FLf, (x;) FoRFEA x, Fl o, BORFIE L d, R PIA
T [ AT SEARIE | d, TR IS BEARREAE ]
HARTEAUE , BARTEIIZR B B s | AR50 2 8] Y
B AR AU 5 W 0T, X SRR AR

TIE 2 B8 RN 2R AR AC R BE B E A T2 3
{EAF SR I X FP AR bR T S8 A AP
IS8, BARLERE R BT A SRR A T IR
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BEAE 7R, TSRO B TR i I 2 28
2.3 FRERHN

T3 25 1 B AE S BRI, BT LAY ZR4R
RS Y T BRI A A B, X S
SRR 14 PR HEA T RAEIE BOTAT 55 i 42
K T XA R TTAT 55 B4 b AT I

— AT 25 S B0 (e P UR B AT U0 25,
AT LU TN E RS A 3R U RREAR BORAE . I i
SERUBEARAE AT LA B4 — o 57 B e A R
J7 , NIRRT Y F AR A IRE AR AR 2S04
ANEBRE I EHILEAR i e {1,2,,K} ¥
SERRAE A X (VR B E 2K B E R ¢, n e {1,
2, Nb o FEMRRIT, 25 5 — iRk % x, 6 5%
A T 21 1 5 Y T 4% 4R BB S0 PR P R A
fo(x,) SRIEHEH S A LKER ¢, FRRKHE,
I LSRR TN A7 B B fo/ N2 b, B
Y, = 1y [min(d,(f,(x,),¢,)),n € {1, N} |

(5)
Ao, d, FRPIANERIE 2 1] A R LG HE B, min #2758 #;
IMEBREL, v, FRMREIG x, BIARSS , v, 2R
KIFH ¢, IRPRZS,

3 % I

TEPIAS/IMEEAS 2 ) SRR IR AR PR OF e 1
ASCHR S B 5 A B 226 )73, BI) minilmageNet
( Vinyals 4§, 2016 ) Fil tieredlmageNet ( Ren %,
2018) , FHER A TT 5 2 Rl ST E B /R AR Bk
LT AT Mo A, BB VE E R 2%  MAML | J 8 ) 2% |
KA, GNN J5ik
3.1 HiEE

i 4E minilmageNet Z7F 5 4R ILSVRC-12 %4
£E (Russakovsky 55 ,2015) A9 3Al #2872 (8
A/ INEEAS 7 ) SRR B . T AT KB 2 RGB %
0, KN 84 x 84 83K, I 100 AN [ 1) 2 31l v ik
TIRFE, AR 600 MHEA, AR
Vinyals %% A (2016 ) —#E #9 it 46 %l 23 07 X, 145
5 UE R AR 43 L4 64 16 1 20 N2, 16 A
L LY SR U T L 132 1L g

B 4E tieredlmageNet 5 minilmageNet 25 {2,
tieredImageNet /& ILSVRC-12 4G £E ) — > T4E

5 minilmageNet #H [t , A3 5 Z K% (#3700 K) ,
B (608 ZEIMAJE 100 28) HRAE, HEHY
42,5 minilmageNet AN[A] , tieredImageNet >R F Word-
Net JZIK ( Deng 55,2009 ) 43244, Hodh 608 A4~2
() — B T M ImageNet H 4 25 217 A5 SR FE )
34 AR RN Z —, B — R R 2
10 ~20 2, X 34 AR IR 7o 20 A1 G5
(351 D2K) 6 NEIE(97 2K) 1 8 A (160 4
2) i, A 779 165 WRIEIER VX RS 25 Y
B2 1281 T/, 5 minilmageNet s 4 —FE ,
97 NI Y BAESEAUH T A B 1z fh e
A2 5%,
3.2 ZWIRE
3.2.1  MZRAEHY

h 15 HAWTT AT A A, AR SCR AT 2
1 FH B9 45 A 22 X 25 ( convolutional neural networks,
CNN) ZE#4 ( Finn 25,2017 ; Snell 25,2017 ) M4R1F %
ARREL T REEUIMEAZE I BRI 4 D46
FRYORAUR AR, Ry 1 3T A He A, AR SCEAE AR
O e Rs o W M= B N IR R S M o 282 7 [ A
—A~3 x3 HF 64 MUEPE AR (64 x3 x3) . — it
PR Ak Fil— A48 1E 26 P 5050 (rectified linear unit,
ReLU) AR . BB HIELA T — D2 x2 1Y
FRMAL)Z . X F minilmageNet il tieredImageNet %(
Pt i Jm — MR 2 i RN H = 64 x
5 x5, JEIF M — M7 Z R AZERE A 1 600 4,
3.2.2 b

5 Snell #A (2017 ) —#F, A 3CK AU I 2k
B 2, B AE—2H N-way K-shot Yl ZR4T: 55 SR AR 41
N-way K-shot I 38 [r] @1, XJ 3 WA~ 48, A 53¢
P T 5-way 1-shot F1 5-way 5-shot 25, X & H A
FIAYIMEA T BEZ — X TR YNGR S
AR B N AFEAR SR Ry 2E ) BR K N385
FEA PG AR, 5-way 1-shot SEEG IR B L AL E& 15 >4
iﬁ]@fgﬁﬁ—way 5-shot SLE X B L AL E 10 iR E
B X WA — DU ZRaiil o £ /Nt b A
15x5+1 x5 =80 PEEHT 5-way 1-shot SL55,
10 x5 +5%x5 =75 PNEGH T 5-way 5-shot SL5i,
FT #HATPEAL , A SC R 1-shot #1 5-shot 43 1) B HL 3
H15 F0 10 i 2 i PRGOS i I e v 38 3k ) DA
A R BEALAE U 600 AL Y SR 25 SR AT
H R AR AL INEAS R Y 2 RS FE
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3.2.3 %k

FIH Adam fE 16 28 % A58 E 47 Y11 5, 90 46 2% >
RS x 107 AUAFECH 10°°, JCIIZRAIAESS /D
& 4 9% & o 40 A1 20, T 5-way 1-shot Al
5-way 5-shot 3£, XFF minilmageNet $0#54E , &1l
4515 000 4~ JCAT 55 b e %k 24 2] S, i X T
tieredImageNet 454 , &:1)112% 30 000 TTAE: 554K
Xof 2 2] BRI | RO BT R BRI L
PARUECA RIS, A ST I ARASERZ 7E Tensor-
Flow HS2#i1, 3708 ] NVIDIA TITAN XP GPU 1877,

3.3 INEERSDE

WA SOTE S AR BCE T LRI 7 20k 4T
Fg, SEEREEIRNZE 1 Ps 0 THRAMESS I
TR 7R BB 1 45 = " IR A X L 1 S 5
259, FR 1 ATLUE , #F minilmageNet Z0#i4E I,
ARSCBERILE 5-way 1-shot 1 5-way 5-shot B 34T
SELRAI R IUAS A Y45 2R . 7 tieredImageNet ${#5
B b AR SR AIAE S-way 1-shot 158 |- M FELR AR AU ER
R UFAPERE , 7F S-way S-shot T8 S T A 554
JIH 4

% 1 7 minilmageNet 71 tieredImageNet £ FJ/NER S FEER

Table 1 Small sample classification results on minilmageNet and tieredImageNet

minilmageNet/% tieredImageNet/%
Jiik

1-shot 5-shot 1-shot 5-shot
VETE R 4% ( Vinyals % ,2016) 43.56 =0. 84 55.31 £0.73 - -
MAML( Finn % ,2017) 48.70 +1. 84 63.11 £0.92 51.67 £1.81 70. 30 =0. 08
JE R R 28 (Snell %5 ,2017) 49.42 +0.78 68. 20 = 0. 66 53.31 0. 89 72.69 = 0.74
- Z M4 (Sung % ,2018) 50. 44 £0. 82 65.32 £0.70 - -
GNN( Garcia Fl Bruna,2018) 50.33 0. 36 66.41 0. 63 - -
AT (A5 SO LA R 51.32 +0.76 68.52 +0. 84 53.64 +0.76 71.45 £0.55

TE O PO BB BR AR, - " ARSI AT i o o F) SR 428

3.3.1 @S MEUE

HRAF SN 0 EUE X556 45 R 15
Wi, N T — AR S 8UH A, #E minilma-
geNet G4 LT ZUARE, SCER &5 sk 2 ir
TNe ZERFEHHE A HLO. 1 B}, 7F minilmageNet (4
£ I 5-way 1-shot SLEICE T, BRI T 51.32%
1) B G i 4
3.4 FEABUELERES T

AR5 X AR B 2 AR AR S B SR A T A BT, T A
HE5WEARE TG, WE 2 Pos, EAR A
TSI SRR 6 o | 3 VG BF 21 28 R S8 0 1 o 1
(RIFRBLEE A 0. 893, il = F L g (AL 47 0. 167,
T S N TR 5 R = R 2R AL R A 0. 023, 4>
BERT 0, 6 A SC A B A 2838 SCRHBLRE 4 4 v, SEFRER
B8 LS A AR AL P T 1 200 A A R AR AL A
M0 S s A5 v AR 0 22 S 2R T Sl ) A 280 A 8/
IFEARLEEAE . BT LA, AR SCAE B0 18 SCRFARL R i o ik
ARE R BRSO, EAR KRR 1 Be B A~ 255
Z (R TE SCARRIRR S

#£2 7F[E A BYETE minilmageNet FHYZE R
Table 2 Comparing the results of different A

values on minilmageNet

HSE A 1-shot/%
0.1 51.32
0.2 50. 51
0.3 50. 16
0.4 49. 65
0.5 49. 83
0.6 50. 37
0.7 49.52
0.8 49. 15
0.9 49. 45
1.0 49.26

T LT A SR AR

3.5 KB LUEEREXE RN
PRBRAN [ (0 S AH AR R AR o A58 TR 285 SR A 2
PAGE B TP RE (9 5 v 2 R A SOITIE S I T Bk
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Fig.2  Schematic diagram of class similarity

5 PRSI SCABE R SEARIVERE RS . BR T Z Bifd i
et FHR] 1) e 5T SCRFRLAE AR JBCA AR ARL 1 R B o
AT 3 A AN T P A AR LR RS < 1) BEHLA)
U AR REL R « Sy 5k T A 2 B AL AR il — A3 FE
0 ~ 1 (A RRABARE ;2 ) [F 5 A A AR PR R 42
P (0] A AR AR B N [ E{ELO. 5 E miini-
ImageNet £ 4E I 5-way 1-shot SLEG % H T ,3 FiAH
IVEFE SR 25 R ke 3 s, WTLUE AP S
PSR SCPREE (A (R P R 6% b 35 1o S 00 4
R, T REALAR A 2 AE U T 4 O B AT 2 T A5 2
Ao AT DLITE AR ALV R 1) B2 2 PR AR SCH
MIITEGIA T BN AE G B ST SCER 5 19 A eI
pE(

F3 WRAREBNEEREE
minilmageNet L5 R
Table 3 Comparing the results of different semantic

similarity matrices on minilmageNet

FARUPERE I X 1-shot/%
BEHLAI IR 1L 48.31
IFi 5 F 47.58
SO 51.32

IR AN iR A

3.6 JHRERLSEIE

P4 B B — S Aty R AT AR, DADE
fEEE A 5 B A e . Bk UG, HAs
T3 MR R A H A D R R 28 A Sy R AR
R RE] 22 A AE T I 2o 2 4 R A LA 458 2k pR %R,
JER TR A B8 2 2 i 7R ) 288 {6l P 1) B X 5 2, =0T
ZH o3 2 4 2 1 R Y 2 B B4 % i = e A ik

(Schroff 45,2015 ) , 1 A% SCABE 7Y fifi FH 114 2 71 X6 50 4%
RANZARRIPER R . % 4 WoR TIEbRE/ MEAR 5>
5-way 1-shot % & T, minilmageNet 504545 1) [ iR
R LA R . AR R AR ST ZRAH L P 2R 5 AL
A GBS 14 R 0 2% 5 R L AT T 3 e | X
A SRR B 03 (A R SR A T SR
S ZJeH R BRI BEAT T IR, 45 2R R
i A AR R BB 1 R T ik I R AR R PR RE L =
TR (FE 1-shot & T, —Jngl i 2k ]
FAEARMIER BN 0) MAT 203, X R JE
% JETCUIZRAT: 55 vh 280 2 1) (9 T SCRH DG, AR SCH
B 2T ORI W B R i 45 SR T

% 4 minilmageNet 25 L AR5 B iE BLEF 5
Table 4 Ablation study for key components

on minilmageNet

PR 1-shot/%
JEhR 3 R 49.42
BV B eSS 50. 58
FEARIMEAR R 51.32

IR AN R AL

3.7 BEARFFIERAL

Sk TSR 8 B S AR BLE B S R AR A
= 2] B RAE RN IVE R, A58 van der Maaten
F1 Hinton (2008 ) & H %) t-SNE ( t-distributed stochas-
tic neighbor embedding ) X 2 AL AS A FEAE 53 A7 HE A T
AL, a5 R 3 frs . A5 H minilmageNet
BARAESE 5-way 1-shot I & T it HiRKAMEA
RRAE , (H A 2L R 100 SEEA DUE F
PRI, FERAEAT: 55 LA A X 6 AT MLAL RRIE I 5 S ik
FET 5 D, NGX 5 A2 B 4 rh 43 ) s 4
100 MEAZR BURFAE T #EAT AT AL . BT 3 (a) 5
FEAE FHISARRIPEB SR A 0 N IA 2] T 49. 42% 1Y
RS RE ik 5 i 18] 3 (b)) AU filf FSSARARLRE 1 175 0
T PERESR S E T 51.32%

AT LAVE R MR 3], AR L B B H A R
AN S BRI X R BRI R 7 ) B B R AE X AT
G5B DX R, X YR 2R B M B A R 1Y 1
T A SR H AR 8 6% O 4 b 24 RIS Sl N A R A
LRSI IR M B AR 2B AR, BB KM 225, W
A AR B, — LEOR W) 26 B R AE 3 A 23 AH
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Fig.3 Feature distribution of t-SNE visual query samples( (a) prototype network; (b) class similarity supervision model)
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