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Few-shot Text Classification Based on Bidirectional Attention and Class Generator

WANG Ting?, ZHU Xiao-fei', TANG Gu?
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Abstract: In the field of few-shot text classification, the feature extraction of query set and support set is one of the keys to affect the

classification results, but most of the previous studies ignored the matching information between the two and ignored the different

importance of the features in their respective information extraction, so a new few-shot classification model is proposed. The model

combines the global information extraction ability of the GRU and the local detail learning ability of the attention mechanism to model

the text features. At the same time, the bidirectional attention mechanism is used to obtain the interactive information between the

support samples and the query samples, and innovatively proposes "class generator”. It is used to distinguish the different importance

among similar instances while generating more discriminative class representations. In addition, to obtain clearer classification

boundaries, an prototype-aware regularization term is designed to optimize prototype learning. The model was tested on two few-shot

classification datasets, and both achieved better classification results than the current optimal baseline model.
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Fig.1 Few-shot classification model based on bidirectional attention and class generator
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Table 1 Dataset statistics
Dataset Num.train Num.test ~ Vocab.size  Avg.len
ARSC 119,745 18,627 206,913 98.62
FewRel 42,000 14,000 124,577 24.99
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Table 2 Comparison of the accuracy of different models on the

FewRel dataset

Methods Acc(%)
MAML(2017) 65.73
TPN(2018) 67.50
Meta Network(2017) 71.02
SNAIL(2018) 78.07
GNN(2018) 79.47
Proto Net(2017) 85.10
DC-GNN(2021) 85.86
Ours(GloVe) 86.25

Ours(Bert) 87.59
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Table 3 Comparison of the accuracy of different models on the

ARSC dataset

Methods Acc(%)

Proto Net(2017) 68.17
MAML(2017) 78.33
GNN(2018) 82.61
SNAIL(2018) 82.57
Relation Net(2018) 83.07
ROBUSTTC-FSL(2018) 83.12
Induction Network(2019) 85.63
MEDA-PN(2021) 85.68
Ours(GloVe) 86.54
Ours(Bert) 86.90
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RREPORIL ) R R AE SR U HBEAT 1 XF b S8y, 25 2R sk
4 . 4 WL AR R RTERIBIE (wio att),
TR 2R KRR TR, DR G R L] R A B A W] BB ) — 35
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FAE, WS FAER 55 Re, thoh, IR T BYE
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Table 4  Accuracy of different attention modules on FewRel dataset

Attention module Acc(%)
w/o att 84.13
Self-att 85.71

Bi-att 86.25

RGN T IRR IR BREAKO T A R BE 52
Wi, FAIE FewRel $dia e LdbAT 7 SL88 . # e iuE A F
BB O T > R UE R B . [ E R A%y 5, BRI

K5  N-way 5-shot T #-A5 5 HEAf Z6f L4 - (N BB TGy 5-10)
Fig.5 Accuracy comparison results of each model under N-way

5-shot (N ranges from 5 to 10)

K16 5-way N-shot T &5 BY A e g Lb 4% SR (N HUE TS B A 1-5)
Fig.6  Accuracy comparison results of each model under 5-way

N-shot (N ranges from 1 to 5)
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Fig.4  Accuracy of different feature extraction modules on ARSC

dataset



SRJE Y EAS [F) RO AR KON 70 SR R R0 o [8] 58 X2
HECH 5, R 5-way, BLEMEALAIVEEVM 125, [FFE
#FF Proto Net. GNN. DC-GNN fE X EAsi Ry, seas 4h
WE 6 . FTLAE L, ASCHR R BTl BeE T 30
TEAXTEORAL, R Ar DA R BB A RS i 2
P A BT HER R B T R, BEAE SCRFREA LG 2, P
AR HER R BT ERERNR, AR LR
RUFE PR 5 UL 2 i3 A0 D (150 T MR T i
AR A, OUE T PR ITVERAA RO et

G, ArA T AN R 20 SR A e AR B HE A R (R 520,
S A5 RN 5 FTR o BT NEARAE S5 BT SCREREAHG BRI
REERTE, P DL A 2 e 7 ORI, 25 5 BN A RE AR 3R
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Table 5 The influence of different types of prototypes on the model

accuracy on the ARSC dataset

Prototypes Acc(%)
B(E R R 85.93
R RR 86.27
KGR AR 86.54
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6 M 7 Fi, AREH, Lzt YA Pumas,
IR 4 SR R R AT 1

%6 BBHO TS RO

Table 6 The effect of hyperparameter ¥ on model performance

¥ 0.8 1.0 12
ARSC 86.09 86.54 86.20
FewRel 85.92 86.25 86.12

%7 sl T g

Table 7 The effect of hyperparameter A on model performance
B 0.8 1.0 1.2
ARSC 85.96 86.54 86.30
FewRel 85.88 86.25 86.01
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