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Abstract

It’s difficult to optimize individual label
performance of  multi-label text
classification,  especially in  those
imbalanced data containing long-tailed
labels. Therefore, this study proposes a
response-based knowledge distillation
mechanism comprising a teacher model
that optimizes binary classifiers of the
corresponding labels and a student model
that is a standalone multi-label classifier
learning from distilled knowledge passed
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by the teacher model. A total of 2,724
Chinese healthcare texts were collected and
manually annotated across nine defined
labels, resulting in 8731 labels, each
containing an average of 3.2 labels. We
used 5-fold cross-validation to compare the
performance of several multi-label models,
including TextRNN, TextCNN, HAN, and
GRU-att. Experimental results indicate that
using the proposed knowledge distillation
mechanism effectively improved the
performance no matter which model was
used, about 2-3% of micro-F1, 4-6% of
macro-F1, 3-4% of weighted-F1 and 1-2%
of subset accuracy for performance
enhancement.
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B AT RAEAL 0 R E B ey M (Banerjee et
al., 2019) » ™ & BHAR AR FH0F > AR E —
A A 8 0 Fr AR AL & 48 5] 69 TR R RE o 129
RE AR RIBAR R BB L A
B MR R ATEAL 0 T R RR AR R
FoEA BA AR K R e AR B

F03% 448 (knowledge distillation) & —## E
7 oY 2L EF 49 3% (teacher net) LB 2 ey T fuilk -
345 2| BUK 1 09 8 & 4938 (student net) 897R L
28 4t (Hinton et al., 2015) » AR & AE
IS B RE @ E&A LHA L
B EREA P BxEty S
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TextRNN (Liu et al., 2016) ~ TextCNN (Liu et al.,
2017) ~ HAN (Yang et al, 2016) * GRU-Att
(Banerjee et al., 2019) 893 e £ & » BEa&E R #
AL fo i AR R e B — S AR R
AR AL 0 - H 2~3%8Y micro-F1 ~ 4~6%#
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(2) Feature-based
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(3) Relation-based
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TextRNN #8 (Liu et al., 2016) #% A & 42 47
STIEAF & 48% (Long Short-Term Memory, LSTM)
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HAN #£ %! (Yang et al., 2016) 42 Fi GRU ## &
435 AT IR © DRI GRU #f 48 49354 15
% 7% 35 (word encoder) ¥ 5 €] 3% 64 3] 35 S AT
A FE A (attention) > BB L — R R ke &
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TextCNN # % (Liuetal., 2017) & A #3 f& (&
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GRU-Attention #£ %! (Banerjee et al., 2019) &
E A R A 838 GloVe (Pennington et al, 2014)
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labels) » 64t » 2 A 3 AE 4 2 67 o) B 43 3]
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! https://github.com/ckiplab/ckip-transformers
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FAME A Tensorflow & R & & ATHANE AE o
Fi B X A4 F CKIP Transformer' 2 14 i& 47 B
W OBAMAREREE 300 49 Word2Vec
(Mikolov et al., 2013) » 324k £ 2 b x4 K
BAER R AR EREME L

R ALLBR R REZEHER > 05
TextRNN (Liu et al., 2016) ~ TextCNN (Liu et al.,
2017) ~ HAN (Yang et al., 2016) 34 & GRU-Att
(Banerjee et al., 2019) > F A 403 A MG 4] 1 F
BHWBAREERE BAIR S E LT T X
A& 300 F 7T~ Batch Size 32 ( GRU-att &
128) ~ 48 % &% % Binary Cross Entropy ~ %1t &
Adam ~ I 4R%EARRE 30 ~ F14F7E& patience &
10~ 28 % 1e-3 ~ 3 th & #0E H ¥ sigmoid
BB EL R 15% o

BB LB AT AR E IRk

(1) =124t (Binary Optimization)

2 https://dumps.wikimedia.org/zhwiki/latest/zhwiki-latest-
pages-articles.xml.bz2
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oo Ve e e
Binary Optimization (Teacher) 72.11 62.65 71.93 13.70
TextRNN  Standalone Multi-label Classifier (Student)  71.09 57.15 68.82 15.85
Knowledge Distillation (Teacher + Student)  74.29 63.76 73.52 16.24
Binary Optimization (Teacher) 75.89 68.35 75.48 18.75
TextCNN  Standalone Multi-label Classifier (Student)  74.55 63.57 72.88 18.75
Knowledge Distillation (Teacher + Student)  76.80 67.68 75.72 19.70
Binary Optimization (Teacher) 75.73 69.36 75.60 17.79
HAN Standalone Multi-label Classifier (Student)  74.63 66.08 73.66 19.10
Knowledge Distillation (Teacher + Student)  77.54 71.00 77.15 21.22
Binary Optimization (Teacher) 73.30 64.70 73.06 14.93
GRU-Att  Standalone Multi-label Classifier (Student)  71.90 61.44 70.88 14.69
Knowledge Distillation (Teacher + Student)  75.17 67.63 75.26 16.52

1 SBRBOBHEUTRER

Fo 3k & AE A B B A% 1E F 2067 4938 (teacher
net) &94F7% o 3k A = t48 Bl (binary relevance)
Wik ZFRAB IR BB ALENE E
f xR = AR B B R K A > RAE
BRI AR R A E (00501051
2~3405) Bk HEABA > BEFAREE
ERRIFHER > KM EME R RAAZ K
HEZRWL BEBABLENHEL]N R
2o BB BEIHEETKR -

Q) BBy £ 42K » A4 A (Standalone

Multi-label Classifier)

T AR Ay ksl R MR P B AR R 2 A 4
2% (student net) &94F & o BN A 300 4E8Y
Word2Vec (Mikolov etal.,2013) * A#:#E R EE
1B HAE A 0y TR £ D RABLA -

(3) %3tk & A5 4% H] (Knowledge Distillation)

BT oy ko A B 0 AR B
BAAR IR X > @5 EBR o2 A EE
(teacher net + student net) ° Jof& I A FAZ &K A
S AR R 48 48 0 P DA FL BT 48 B 4 TRAIME 1F

v
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A H AR > REIRPEMBET > RAK
EREA BRI HERBRL > B2 A WRS
BRI AT A

#AIE A micro-F1 ~ marco-F1 ~ weighted-F1
PA B subset accuracy (A& e AE KRB -
micro-F1 RE » #8503t H 48y F1 ¥ -
marco-F1 3+ H & #8%] F1 o #ey-F414E -
weighted-F1 3+ B & %87 F1 2 #4% » RIFEE R
B 6 B AT Aot T34 o subset accuracy & 3
FAE AR 0 FRATA BRI R L
FIRAE » 36 T2 EFETRRI B LA

43 FTHR&EX

R2ASRErBEAERER - A=
AR BRI R R GG A > BB ERE &Y
M £ 4T R A1 0 £ micro-F1 ~ macro-
Fl $ weighted-F1 > %& 748 B A 224609 B
B HEBRBEA > AT URAEILIERED
MBHEGHEA > ARt SERE AR Y
D IARAE o 12— UAR B8R I kIR B9 A -
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(a) TextRNN
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2.47 182
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(c) HAN

F1-Score for TextCNN
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—&— Binary Optimization (Teacher)
—»— Standalone Multi-label Classifier (Student)
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(b) TextCNN
F1-Score for GRU-Att
24

2.79

273 172

13.51

Knowledge Distillation (Teacher + Student)
—a— Binary Optimization (Teacher)
—»— Standalone Multi-label Classifier (Student)

AR wm #BE Rie AW E DI B $RE
BIH #M R ;s AR ] R B )3
(d) GRU-Att

4~ BAERAAR B LR

BmikA AR e AR 0 SRR EETR
Bl AR A oY PR A AR B A B ¥ 0 AT 2L subset
accuracy tb % A% BAEAK -

B A& R A BRI D 69 ko 3k A B
FE R SARBAE > ERREARET
e B F R S AR B A M A (p-value
<0.01) EEAHEGEAALL > B SZHEHR
HE 49 42 21 R 64 1B A2 F 4% BUIR 4K R ah AR A
AABARA O R HRRE > RRESHRA
FLEM EFRABYSBREELAEA
th = Ui AL By R R AL R AT Y e

B 4 ABAERFNRTET » SBHEK
&) F1 (separated-F1) © $ A= s tH = 7048 B

iR R RARBIBEERE

XEE A BHCEBRREMENEEER
TR FIREH AR TR s
B EARH B -

MmERBETEBENEEY  EEE B
B~ RE R E AR AZR BB
BREM R ER XA RABTR 258
Wi AR SR EHA > ERERE

30

FRAEN SRR A LA R
It -

5 &=

BAPRE AN SR A AR R A
IR F ok FRECY T EREE A
HE R HEBR B, BB ETE R 0
WA AUBRESREsBEREA - TRmE
Mok B ATAZZ 2,724 18 SAZE ¥ R R
EXA B 9 BREAIRK  BREHEA
8,731 » FHEHMEHKAA 32 EREK - TRER
BE T AR 2o A8 e D Rk 0 R R Bl R
B2 EHAA > &3 micro-F1 ~ macro-F1 -
weighted-F1 LA & subset accuracy % ft A #8 % 49
AR ©
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