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Transductive Inference Based Improvement for Few-Shot Learning

FU Haitao, JIN Chenlei, YANG Yajie, FENG Yuxuan
(College of Information Technology . Jilin Agricultural University . Changchun 130118, China)

Abstract: Aiming at the problem of the need to improve confidence level in few-shot image classification
inference at present, we proposed a new model that combined meta-confidence transductive inference,
data obfuscation method, and feature-wise linear modulation method. Firstly, by using transductive
inference, the model could learn properties of inference data during training process. and achieve
targeted learning. Secondly, combining data obfuscation methods in the network architecture to
enhance the extraction of key features, and improve the feature discovery ability of the model.
Finally, feature-wise linear modulation transformation was added to the transductive inference
framework to improve the model’s few-shot query capabilities. The results of experiments conducted
on standard datasets Mini-ImageNet and Tiered-ImageNet show that the model improves accuracy by
3.21 and 3.36 percentage points respectively when performing 5-way 1-shot tasks on these two
datasets, and by 2.89 and 1.89 percentage points respectively on 5-way 5-shot tasks. The
experimental results validate the effectiveness of the proposed method.
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W28 FEZ IS5 B or 2 PERe™ . 2 NIRRT BRI 3 & o FEREAS R J2 8 43 A R B A 45 10 R A Ak
2R BE 24 2 RS AL, B OR /NFEAR 2 3]

FE/NREAR 2E S, H R RO G Y L R Y Mot ) S L, BRI TR A A, B
I 1 50— M EDULRY A R TT 58 T FOR AT R EE A L n] OB R ORS00, B, SR BE L
IR SHA T RAE AT B 5, P25 G o ) AT ORI, REAE — B R B MG /N AS A
2N BT T ) I D P 45 RN AR A D 2 B A HE SR A T R A I 25 R TR S A B B SR Y VR A
e BRXTUNSRE i AT oAb . G TRRAE 09 B 3 5 O 2. B R — 2 A B B AR AE O[]
— A AT e R TR R SR AR AR HEAT IR 2 R A T 2 X A i R R AR AT 402K R TE
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T AL 2 20 30 2o W A U5 450K v 2 T B B R S B H AR kR, DA T B bR S Y 2% 2] PERE.
AR R G Ay PRI R G PR B B I R R X 7 A 1 D A R e AT U L O U R H
o 400 38 A0 o D0 £ AT R 3% DL IE AR AT S5, IR 22 BS M 2K (residual transfer networks, RTN) 5t =2
T Ao AL VR ST ) SRR AE 2 2] 4 TR R AR B AR SR 12 ALRE 1. SR T R AR /N A S R

JC ) UHGREE AT, WJE — 28k [ 3l 2% > R0 TR A DR LR 43 2 (0] Y T v B A ) Gl
AR AR 5 O AR AR 2 ) A AR BLRE S A BE B2 ] P 58 A A IR R i Koch 40
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BU/NREAR AR 2. T TR IO 266 30 Ao L 50 288 ) D AR 2 ) ) P R AT 40 2T K R AR 4 ) T o el 4 ) 4% B
FRARLRE A543 AT 43 2.
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TE/NEAR 22 AR 55 0 s g A DR AR AR AS B A /N B B0 R 0 57 28 Sl R AT HE B 0 2 R T el e
BB Do IZRALRL, JEAEATRIREIZ AL BIHTZE Do BRI 158 10028, JESHHR 4R 5 BT S B0 d
BEAREINST » Dy Do = & FE/NFEA 2 2] YIRS 2R IR, BN TCAT: 55 H A5 48 Fl A i) SR 2H
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3.1 NEEZARZEES] E) @RI H AR A

INFEAR 2 2] v 5-way 1-shot Jr AL 55 RoRTE B AR L h A& 5 D3], A EHIP R 1 DHEARAEN
YIZRFEA, IR 2] AR E S B rh . R BB SR LB D i REAS (1 A EULAS) K 56 8 B BE 75 1E 1 b
e BB AR E. [AELE 5-way 5-shot AL 45 Wik 4% 5 KEIEHEA, JHAE AR h AL A0 5 4>l
GRREAS , RS B G LB YN ZRFEAS b 2 I U0 3 5 AN 2850, 2 EAT 20 24T 55 I, AR B BE IE 5 b 58

S RUERR 2 (ACCO) JE Al 1t /R A 2 2] 43 SRR PR RE () H 248 b, 32 202 3l o TS84 25 1Y
KRR ne 5 ST EUR R » 19 HLES 2], 20

ACC =ng/n. (1)

3.2 XRERSHEE

AR CAE B £ Mini-ImageNet #1 Tiered-ImageNet F Xt b 356 3F T 4% 3¢ J5 5. 30% o8 S0
Hardswish®, 5 ReLU, Sigmoid Fl Tanh 7% BR8] 128005 R ECAE A SCIH) 8 BLA 53R 10
3. Mini-ImageNet: %50 5 504 ImageNet B)—A TR, % P T/EAR K G 5 285805
t. #di 4 Mini-ImageNet (25 100 N2, 424 600 5K ER, LA 60 000 5K EH 4 TmageNet #Y
%, JF B ATk BR B B 5 84, A SCM 100 AR R 3B 20 285N HEAT I, 16 AN TR 5
FIAH) 64 N FZE. Tiered-ImageNet. 1% HE 5 [FIAE )& 3 T 505 45 ImageNet, HE R T —Ff
ANTE 3 2 2R FH O il LLSE G il ASE 400 S B o7 37 5 b i s o A A 2RO 2 TR O &R 5 B E 4R
Mini-ImageNet A AL THZ 28 5] AR ST 20 A B2 2000 P gk £ 351 A2 AE A 3R 47 91 25 5
6 DNAE Y B R 2RI ik 97 DIEGIREARSEATIAE ; 8 DAY 1R 25 k4 160 35
FEA AT KL
3.3 EWERMSH

XF BHE AR KR 45 A R AT 2 R IR G . JF K% FILM A8 #8455 31 M 2% ResNet-12 2k i) MCT %
AR AT N SR AN I, A SCTE B % b3 547 T 5-way 1-shot il 5-way 5-shot B PI A SC 50, HIY
S EA K MCT 5532 A H Al W) 28 80 /Y /N A A BR 0 26 50 0 F X [, 7 52 30 b DL o 48
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Mini-ImageNet [1J 500 YR 1 245 VR e & g B, DABIE 28 Tiered-ImageNet f{) 800 ¥R 1)
S HARGE BEAE N e A . BR RS AL BRI 4 A FILM A8 4k, Hidy MCT WY A SEUR A,
TR PE 4 Mini-ImageNet 1 Tiered-ImageNet, £ /NEEAR 3 5 A FE 5-way 1-shot Hl 5-way
5-shot fF 45 F#EATS286. Ll 245 By T3 1, 3 TPNPY ,DPGN? , MetaOptNet'? , MCTN ( * FIx
J MCT 2% 15 7] — B8 T 152 3D SR SCRY stk 45 2R
K1 ERBIBERIEL

Table 1 Comparation of experimental results of each model

o — Mini-ImageNet #E#i %/ % Tiered-ImageNet #EHf /%
1-shot 5-shot 1-shot 5-shot

TPN ResNet-12 52.824+0.63 71.3440.45 54.92+0. 15 69.78+0. 74
DPGN ResNet-12 66.7940.73 68. 27464 69.3340.45 69.78+0. 65
MetaOptNet-SVM ResNet-12 57.1040. 46 73.2240.75 62.8940.51 73.97+0. 40
MCT (pair) ( * ) ResNet-12 75.4140. 84 84.31+0. 44 78.2740. 87 86.124+0. 49
A (pair) ResNet-12 77.8540. 32 86.12+0.78 79.89+0. 31 87.66+0.22
MCT (instance) ( * ) ResNet-12 76.53+0.83 85.09+0.43 80.2240. 95 87.12%0. 34
3L (instance) ResNet-12 79.74740.85 88.45+0.12 83.11%0. 65 89.0140. 21

R 1 AU, B J5 9 R 3C (instance) £ B 7E £ 42 Mini-ImageNet b9 2% 245 FE 73 5l ik 2] 7
(79. 74 £0. 85) %, (88. 45 0. 12) % ; 7 % ¥& £ Tiered-ImageNet [ [ 2% > K B o 535 8] T
(83.1140.65) %,(89. 0140. 21) %. L L5 R W], FTHL KR X 504 7 Al FILM 28 46 1 77 1k 0 i T
MCT P28 FE/INFEAS B S 25 0] L T P BR 3 AF
3.4 HELXIE

it — 2 B R JE ) MCT P28 1580 (g PEfE . 7E 2085 % Mini-ImageNet [ #47 5-way 1-shot il
5-way 5-shot FSC5. 5 MCT W4 Al —i% B T 12 A5 A 3L, 4 Ik 47T 8 e 2l (So Fil
FiLM 240 J5 098l . SCInsi R T3 2. R 2 S5 Rt — DIk 1 G 5 ) MCT W28 B8 1 F
e, TR MBI, HUS T R A IRICE.

®2 HMELBER

Table 2 Results of ablation experiment

4 B R4 e

1-shot 5-shot
MCT (pair) ResNet-12 75.4140. 84 84.31+0. 44
78 3C (pair-Sr) ResNet-12 76.58+0. 21 85.74=+0. 32
7K 3 (pair-FiLM) ResNet-12 76.3240. 45 85.5440.43
MCT (instance) ResNet-12 76.5340.83 85.09+0.43
7K 3 (instance-Sr) ResNet-12 78.01+0. 31 87.53+0.37
2~ (instance ~-FilLM) ResNet-12 78.23+0.75 87.0140. 86

ZE LR, AR MCT W25 e /INREAS AR 0 2 [n) 80 i o P 3 i 2 A R0, 3 5 DX 3 iR
YE ML 5 4o 2 0 4% AR 4l X ) PR 40 1 1 8 S B0 40 2, AT R 4 Jmy 45 # B AR . R FiLM
AR A 2% B8 3E T SRR /A i i 2 B A Rt T S BRI AR R R E Y 1)
WA TEAMBYEE Fy S g R L0, k)5 A SC (instance-FilLM) W £ 455 B A4H 1Y JF AR T 7E 5-way
1-shot {4 H A0 » F B R4 15 T 3. 21,3, 36 AN T 42 48, 15 5-way 5-shot 4F 4 HhHl He SRS 048 5 T
2.89,1.89 N4y A

2 % x #
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