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Abstract: Aiming at the problem that the training samples for few-shot learning are too few, which
leads to the weak expression of features, a novel dynamic routing prototypical network based on SLDA
(DRP-SLDA) is proposed based on the supervised topic model (Supervised LDA, SLDA) and
dynamic routing algorithm. The SLDA topic model is used to establish the semantic mapping between
words and categories, enhance the category distribution characteristics of words, and obtain the
semantic representation of samples from the perspective of word granularity. The dynamic routing
prototypical network ( DR-Proto) is presented. The network makes full use of the semantic relationship

between samples by extracting cross features, and uses the dynamic routing algorithm to iteratively
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generate dynamic prototype with category representation, so as to solve the problem of feature
expression. The experimental results show that the DRP-SLDA model can effectively extract the
category distribution characteristics of words and dynamically obtain the dynamic prototype to increase
the category identification, which can obviously improve the generalization ability of few-shot text
classification.

Key words: few-shot learning; meta-learning; prototypical networks; supervised LDA; text categorization
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F1 BUREHIRR
Table 1 Description of data sets

Data set Category of train set Category of test set

comp.{graphics, os.ms-windows.misc, windows.x

sys.ibm.pc.hardware, sys.mac.hardware , } o ) o o
talk {politics.misc, politics.guns, politics.guns,
rec.{autos, motorcycles, sport.baseball, sport. o )
20newsgroup religion.misc}
hockey} o o
) ) soc.religion.christian
sci.{crypt, electronics, med, space}

alt.atheism misc.forsale

pP6, P22, P27, P39, P57, P84, P123, P140,

FewRel P150, P175, P931, P1344, P1435, P1923, P4552
P449, P495, P527, P706, P740
Sogou T, @R, R, HE, T, W& ®H, ik, Hi

., (5) RR-D2_LR-D2"* ;5% A 4 [a] U A1 22 4 [l U (14 6 2 2 #£ 8  (6) Distributional signatures'™ : 4 17l
VAP I WS BT ) 4 B B SCAS s, IR T 0 (1 051 6% 4 28 0 11 e 2 ) A
DRP-SLDA K% 5 |54 6 Fii HI7E FewRel #l 20newsgroup 4" [ A 432645 B L 046 2 B .
+F2 REIFE FewRel #{#E & 70 20newsgroup 5 & F R BB E

Table 2 Accuracy of the model on the FewRel and 20newsgroup data sets %
B FewRel 20newsgroup
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
Finetune 54.1 71.1 33.0 47.1
1-nearest neighbor 46.8 60.6 38.8 51.9
Prototypical networks 43.0 61.9 37.8 46.5
MAML 48.2 65.8 37.2 48.6
R2-D2 LR-D2 55.6 75.3 44.8 64.3
Distributional signatures 67.1 83.5 52.1 68.3
DRP-SLDA 71.7 88.7 60.7 84.9

2 2 010, A L AT Wi 2% > i) Finetune A% 7 F1 1-nearest neighbor 55 | 7T 2% 2] 4 A5 76 & (AR 4R 3%
LR 4. Prototypical networks £ 1 {ff F W =X 5 25 4 2 e S 245 [R] P 25 0 45 5 TR AR 2 [B] A I T ) 4 28
MAML R 5 53 5 85 B i 75 2K, 38 b 78 24 74 55 o il AR B2 R Bk U250 1 240, o 2 80T
A A T AE 55 13 451 2 P 3 i OB T HAE FewRel 040 48 & 19 o 1 2% 43 1) J& 48.2%0 .65.8% . 2R 1M,
MAML 5B e = 513 44T 55 190 Hr o ik, RR-D2_LR-D2 B8 A [ AT 45 A4 il Sa 56 L, LA nT 4y [l
1B b 36432488 o Distributional signatures £ F 7 RR-D2_LR-D2 45 BY () FL it [ K4 18] 43 A7 R iE 4% ml
B8, S LA 2 JEHUI , AE I AN ECE B b PR INREAS 23 AT 55 1 B R AR AT LR T 40 20newss-
group $HE4E I3 B4 7.3% . 4.0% .

DRP-SLDA #& %I % [ 4 %1 (1~5) ££ 20newsgroup ¥t 95 £ [ #E # R 42 7+ 10%~30%, % ¥
DRP-SLDA BRG] A P AL J& A7 200 , BE AN 7] A1 B2 2 ORI ARAE . DRP-SLDA 8 A %2 T Distribu-
tional signatures % % 7E 20newsgroup £ 4 4 I fE 4 2% 43 7l 2 5 8.6 %0 .16.6 %0 . J5L [N 7E T Distributional
signatures A& B (N 2% JE IR R E 1% 25 JERE A A E XF 43 25 B 52 ), 110 DRP-SLDA B8 F F] SLDA 455 1
B3] 3 A0 FRAE H DR-Proto W 45 A LA K T A 8 3R 15 sh A R A .
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2.2.2 DRP-SLDA £ & 4 & 5 #7

T Al 77 3k @ A 2 (1) DRP-SLDA: A% SCHE Y /N K A Jp e A . (2) DRP-SLDA _NR: i il
DRP-SLDA #R b J5 S5 7 5038 9 78 LAY . (3) DRP-SLDA _NS: 4 filt DRP-SLDA #i/ 1 SLDA £
FIAE R S 3R] 43 A AR B9 B2 . (4) DRP-SLDA _ND . 4 filt DRP-SLDA #% #1 vh 58 R AE ¢ (19 50 . (5)
DRP-SLDA _NDR: iH filt DRP-SLDA # &1 v J§ 42 ¥ 48 47 78 F1 &2 45 Ak ¢ 19 3t 8] 52 . (6)
DRP-SLDA _NDS:JHfit DRP-SLDA &I it SLDA 3= @A B 158 SURRIE o 1Y 3 [F] 52

AT AT DRP-SLDA BB [|) 4144 X 43 2808 195 0, 7E Sogou Fl1 20newsgroup F# 4 1 43 il ik
1T 3-way 1-shot.5-way 5-shot {4 fll 3L 56 , S0 45 SR AN 3R 6 .7 07~ . HiHf , Macro-precision A 7% 5

& ; Macrorecall & % A [l # ; MarcroF, & 2XMacro-precision X Macro-recall/Macro-precall+
Marco-precision. s

R3 LT Sogou FIE N 20newsgroup HIBE PRSI E R

Table 3 Experimental results of the ablation method on the Sogou and 20newsgroup data sets %
Sk 3-way 1-shot( Sogou ) 5-way 5-shot( 20newsgroup )
Macro-precision Macrorecall ~Macro-F, Macro-precision Macrorecall ~MacroF,
DRP-SLDA 69.78 68.10 65.88 86.49 84.90 83.77
DRP-SLDA _NR 69.39 67.71 65.48 86.27 84.61 83.56
DRP-SLDA NS 68.76 67.53 64.94 86.14 84.45 83.38
DRP-SLDA _ND 68.97 67.15 64.97 83.43 80.96 79.94
DRP-SLDA _NDR 67.31 65.94 63.27 83.07 80.34 79.37
DRP-SLDA _NDS 66.21 65.20 62.31 82.63 80.08 79.09
T2F
70+ 8-
=gl : o
S 641 = 64 aar
g 62 = 62 581
'3 60F S 9
8 53l 2 60F ~DRP-SLDA 8 29I ~DRP-SLDA
Bzl & sl ~DRP-SLDA NR | § 24T - DRP-SLDA_NR
&40 ~DRP-SLDANS | § 561 +DRP-SLDA'NS | S 23[ +~DRP-SLDA_NS
Q520 ~+DRP-SLDA'ND |5 54l -~DRP-SLDA"ND 48F -~DRP-SLDA”ND
= 501 ~DRP-SLDA_NDR ~DRP-SLDA NDR| 46} ~DRP-SLDA_NDR
as| | . ~DRP-SLDA_NDS| 52/ 1 ~DRP-SLDATNDS| 44t | . ~ DRP-SLDA _NDS
45 0 5000 10000 15000 20 0 5000 10000 15000 2 0 5000 10000 15000
Number of iteration Number of iteration Number of iteration
(a) Macro-precision (b) Macro-recall (c) Macro-F,

K16 Sogou%U#i 4 7E 3-way 1-shot T {4 Al T ¥k 432 45

Fig.6 Sogou data set classification results of ablation methods under 3-way 1-shot

92 92 92
e 881 . 88+ 88t
= 84t Ks4t Ll
2 sof = 80t < 3‘6)
7] s o T6F
8 76 276 Sl ~DRP-SLDA
Bl ~DRP-SLDA NR | & 75| ~DRP-SLDA NR | § 72 - DRP-SLDA_NR
=1 ~+DRP-SLDA_NS g ~+DRP-SLDA"NS %’ 68 -+DRP-SLDA NS
S 68 ~DRP-SLDA'ND | = 68F -~DRP-SLDA_ND 64t -~DRP-SLDA"ND
b= 641 -~DRP-SLDA_NDR| 641 1 -~DRP-SLDA"NDR i --DRP-SLDA NDR|
~DRP-SLDA_NDS ~DRP-SLDANDS| 60t ! ~DRP-SLDA_NDS
el 0 5000 10000 15000 i 0 5000 10000 15000 a8 0 5000 10000 15000
Number of iteration Number of iteration Number of iteration
(a) Macro-precision (b) Macro-recall (c) Macro-F,

7 20newsgroup A4 4 7E 5-way 5-shot I i @l Jr ik 43 28 45

Fig.7 20newsgroup data set classification results of ablation methods under 5-way 5-shot
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W E 6 fif s, E Sogou BUHE % X F 3-way 1-shot 43 24T 55 &£ W mlh F k&5 B, 0T LFE H .
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Fig. 8 PCA visualization comparison of ablation methods in 20newsgroup data set
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Fig.9 Visualization results of samples (features) of different dynamic routing iteration times
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