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Semantic Slot Filling Based on BERT and BiLSTM

ZHANG Yu-shuai,ZHAO Huan and LI Bo

College of Computer Science and Electronic Engineering, Hunan University, Changsha 410082, China
Abstract Semantic slot filling is an important task in the dialogue system, which aims to label each word of the input sentence
correctly. Slot filling performance has a marked impact on the following dialog management module. At present, random word
vector or pretrained word vector is usually used as the initialization word vector of the deep learningmodel used to solveslot filling
task. However,the random word vector has no semantic and grammatical information,and the pre-trained word vector only pre-
sent one meaning. Both of them cannot provide context-dependent word vector for the model. We proposed an end-to-end neural
network model based on pre-trained model BERTand Long Short-Term Memory network (LSTM). First, the pre-trained model
(BERT) encoded the input sentence as context-dependentword embedding. After that, the word embedding served as input to
subsequent Bidirectional Long Short-Term Memory network(BiLSTM). Andusing the Softmax function and conditional random
field to decode prediction labels finally. The pre-trained model BERT and BiLSTM networks were trained as a wholein order to
improve the performance of semantic slot filling task. The model achieves F1 scores of 78. 74 % ,87. 60% and 71. 54 % on three
data sets(MIT Restaurant Corpus, MIT Movie Corpus and MIT Movie trivial Corpus) respectively. The experimental results
show that our model significantly improves the F1 value of Semantic slot filling task.

Keywords Slot filling, Pre-trained model,Long short-term memory network.,Context-dependent, Word embedding
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Table 1 Examples of data annotation in format BIO
#45 Where is cheap pizza in New York
R A O O B-Price B-Dish O  B-Location I-Location

It 5 VR B 2 20 R (0 S U K S I 12 M 4% (Long
Short-Term Memory Network, LSTM ) 7 75 4] K 8 a5
T, R P T — ARG G 2R R 48 N 4% (Recurrent Neural
Network, RNN) F7 7 [ 1 0] 4 i 7] 25 B T LSTM iy #f 28 [
AL T IVAR AT 55 7 WA ) 7 ) 2 0 L IR U T AR R
P, R T A RObE ST W LR SCE B A Sl BILSTM #
HEFEAER

BERTM 2 78 MR JC A5 73 15 R 22 1 I 25 110 38 B S 1) 1
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BERT #] LA 1 BA B SCHORE Y B 38 8 iR %7, AR L AR ¢
i 1] H 2 78 (30 Word2Vec F1 GloVe %) B £ 5 i X A5
ST DURR IR AN [RS8 A AT 55 7 A 0 A Y RRAE R
I 5 AT 488 v A R A i

AR M BERT J7 A 1 B3] R AFE 3R 75 /E 9 BILSTM )
2% 1% AR ] 4, 79 % JE T BERT FI BILSTM iy W 4% #5171,
ABE R E AT S I E T OEE S BT S 3 N
#HE (MIT Restaurant Corpus, MIT Movie Corpus #l MIT
Movie trivial Corpus) #7325,

2 MXTIIME

B SRS LT AT 55 00 A% 56 A D 5 VA 45 2 F 72 0 B T
WA F G %D RTFSITRE L EEA R LR R
A (Maximum Entropy Markov Model, MEMM) ! #1 4% 4
FE#LY% (Conditional Random Field, CRF)P! | 37 4E 3k , 1% B 2%
37 AT DR T AR AT B T2 W . Mesnil S5 AN
Xu Ao 5 1] 4 T RNN AL B 28 9 2% (Convolutional
Neural Network, CNN) Y # B fift e 8 A% 3 75 1T 5. Xu
AR T 3T BILSTM 9 BILSTM-CRF #i%, Yao 40
WFE T B2 LSTM 76 i 5 B 109 i F L I — 2 ik 5%
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Fig. 1 Model architecture
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TE A5 25 A0 E AR 1 B0, G AR 25 “ Tlocation” B T — MR & A
S AHXTF Softmax PR H % FE 4 i B 6] X b 45
PR 5 W R AT AR 28 B , CRE 4527 2 B 45 25 25 i B A0, JF e ¢
— FME R e K FR 285 B AR N i i 45

XFRATFIN Y= (212050022, s n 2T 5 B BRI A5,
T Xk B ) J — PR B TP B y = Cyn sy s 205 30 IR ZE Ny
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score(E =T, ., +38,, (12)
H TR, T, ., 8N W&y %5 5055 &
yor AEER S SRR SR I . S,y 18 ST« BRI bR 2y,
PIMEAS . SRS IR score(x, y) o BT SR AT A0) 2 Jfr X b7 19y 42
SR B AR AR 2 ¥ 5

4 SKIIIE

4.1 LIGRE

AR ST FEHRAE RS9 Ubuntu 16, 04, 6 LTS (IR 45 2% I
#47, CPU # 5 2 Intel (R) Core (TM) i9-9820X CPU @
3. 30 GHz, HLas A7 K /N2 125 GB; fdf F IR B2 4% ] fE 4L Py-
torch 7E— R W E &9 11GB. B 5 9 GeForce RTX 2080 Ti
Mk GPU L4731 2 M B
4.2 LIGHIE

SIS BN SR FH MR A B T2 g (MDD B ALRR 2= F A T3
e F IR ER 3 DB BN EEHNENIEES
B AR AE 5T 400380, A0 45 48 1F 418k 9 MIT Restaurant Corpus(res-
taurant) . AL 5% SR 19 & B 4008 4 MIT Movie Corpus(movie)
A e B4 MIT Movie trivial Corpus (trivial) , A 56 %% 4
LGS B WE 2 g,

F2 MIT BURENSEIHE R

Table 2 Statistics for the datasets from MIT

restaurant movie trivial
Pl S 6894 8798 7035
if & 766 977 781
R 1521 2443 1953
W% 3745 6604 10823

LiEX- G %3 8) 8(17) 12(25) 12(25)

4.3 ZBEITESHERSH
4.3.1 St

S T Gl R I R AR T A R L AR SO T 4 S
Fe#E #, 43 5 4 Random-BiLSTM, Random-BiLSTM-CRF,
GloVe-BiLSTM HlI GloVe -BILSTM-CRF, ¥ %} b 45 & Fi1 A
W B E BERT-BILSTM Il BERT-BILSTM-CRF 4} %
TEZR 2 FRFIH 3 B 4 b BEAT 5230, Il RS 8 28 (preci-
sion) \ 4 13 (recal) F F1 {EAE Ky P70 8 AL /Y 45 ofi, o Fl
1 0 25 5K 0 R 0] 380k 25 TR PR RR A TN 4 5. 3 A
BE 5B R I conlleval. pl” T. B,

D https://www. clips. uantwerpen. be/conll2000/chunking/

BRI Ze b (S R0 BT A B LSTM B
a4k B % B 2565 batch K/N A 32;5dropout SRIEEH N 0.5;
X F restaurant Fl movie BIELE  fil A A TR KK B n IR E
5054 T trivial HE 4, W E » K 80; B A Random-Bil.-
STM, Random-BiLSTM-CRF, GloVe-BiLSTM #l GloVe -Bil-
STM-CRF fiy 24 3 % B o~ 0. 003, B & BERT-BILSTM #
BERT- BiILSTM-CRF [ 2] % & 0. 00005,

FH Adam 8 Ak 25 U1 25 BT A KR 2 40 OF i H carly
stopping J7 B 5 45 A I 45 A 45 1k B 0. L A S o AR An
T YRR 1Y F1EELE 5 RIEA T #4521k
45, FIH PR R B9 HE Y 25 2 5045 5 A4 A8 280 16 03t 48 b
HEATIN R 15 F1{H.

(1) Random-BiLSTM #& % #1 Random-BiLSTM-CRF ##
RUR] O A2 A B A 500 3, SR U5 AR A A BRI 3R 7 A B AL
i 1) L K VR S BILSTM I % A L 12 37] i) 4t 78 B 50 1] %5
L A B I ZR . 9 X B FE T, BT 6 Softmax 1B
i A% BTG, 5 8 CRF AR 9 i 19 500

(2)GloVe-BiLSTM #i # #l GloVe-BiLSTM-CRF # %1 5%
FTE4E R T RHERHE FHUIZR)E B GloVe i8] [n] 1 (200 4E) 1
T BERL AR

(3)BERT-BiLSTM #¢ % fl BERT-BILSTM-CRF # 51 %
BERT Filill 4 #5 5 1 BILSTM M £ 45 & 76 — &, @ i Y1l 4
BiLSTM & %% S $CR i3 Il 454 %) BERT 240100 05 =0, #2
o SCRE I AR MR RE . v, TR AR B 3 T 0 SR AR 1
FRLRRA BERT (12 J2 4 85 R0 2% iy 4 5] i) S 4 2 0 768, 1. 1
e 2§ S PSRN VDN
4.3.2 FEBHERSM

F3— R 5 IHET ARG NAE 3 A KR EE 1 B RS o
A B FL(H,

# 3 restaurant FUHEAE T 1Y SL G 4%

Table 3 Experimental results on restaurant dataset
(AL 00)
#A Lk ES ENEES F1 f&
Random-BiLSTM 69. 40 74.48 71.85
Random-BiLSTM-CRF 74,47 76.45 75.45
GloVe-BiLSTM 70. 80 75.79 73.21
GloVe -BiLSTM-CRF 77.41 77.09 77.25
BERT-BiLSTM( & %) 75. 64 79.24 77.40

BERT-BiLSTM-CRF( 4 50 77.42 80. 10 78.74

MR 3 MELE LR LLE H . 7E restaurant 2085 4 L.
BERT-BIiLSTM-CRF 7E 5 8 % . # [l £l F1 {548 b5 1 HA5
THRAE 0 77.42%,80. 10 % Fl 78. 74 %, LA HE bR Fl
EAH X T 28 3 AT 4 A% LA A Ay 4R =T 6. 89X,
3.29%,5.53% M 1.49% ., 3 4 ML 45 H R, BERT-Bil-
STM-CRF F R T fe KRS % 87. 32% , BERT-BILSTM
R HOAS T B R Ay 4 [0l 3R 87. 98 % R KBy F1 i 87.60% .
gigdets F1E BN B 2 5148 & T 6. 98%,4. 60,
4.96 %M1 3.00%
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2 4 movie BPEE LWL 45

Table 4 Experimental results on movie dataset

(AL )
HA LR ES EEES Fl &
Random-BiLSTM 78.61 82.73 80. 62
Random-BiLSTM-CRF 82.08 83.93 83.00
GloVe-BiLSTM 80.73 84. 64 82.64
GloVe -BiLSTM-CRF 84.14 85.07 84.60
BERT-BiLSTM( & 0) 87.22 87.98 87.60
BERT-BiLSTM-CRF (A& 30) 87.32 87. 41 87.36

5 trivial e 5 L LI 45 R

Table 5 Experimental results on trivial dataset

CBLT . %)
#A LK RS A HEE Fl1 &
Random-BiLSTM 57.92 64.33 60. 96
Random-BiLSTM-CRF 68. 35 66. 83 67.58
GloVe-BiILSTM 61.52 67.69 64.46
GloVe -BiILSTM-CRF 69.71 68.98 69. 34
BERT-BILSTM( % 30) 67.28 71.32 69. 24

BERT-BiLSTM-CRF (& 50) 69.95 73.20 71.54

1E trivial 24 % [, BERT-BILSTM-CRF # & Y 3 445
PR B T B A A5 R, Bl 69, 95%,73. 2% A 71, 54 %,
AHEL T LU BT, F1E 43 5 88t 10. 58%,3. 96 %6, 7. 08 % Fl
2.20%.

2 I, 7E restaurant,movie Fl trivial ZCHE 4 I, fr $i2 A5 80
TEAG W A M3 F1E L #04 B K A48 T, 58 9% A 2R T+
T SUAE TR (Y PR RE

16X b B A b, Random-BILSTM # #1 #1 Random-Bil.-
STM-CRF #5& 74 {5 FH BE AL 0 453 £k 1) 1] 22 1 A7 57 AF 42 BRI 465 11
A iz U R R BT Y A A 4L R B Al A
B A TOERAE 1R SUE R IR TR A SRR R 2 A1 R
BTA] L R R Y M RE R AN, #E GloVe-BiLSTM 5 21 Al
GloVe-BiILSTM-CRF %1 ff, GloVe ) [i] & | Fi GloVe &
AE R YE B | RO A 1 R AT BN S, A A 1 1] o A
O T SCRIE AR B 6 T3 AT 3] 3] ) Al L AR
YN LR B 46 A 1) 2 B8 K, se I TR 491 9 BRI, R
GloVe i) [i] 2t H1 {14 4 — A~ B3] X6 R — AN 0] ) 2t o 0 06 AR 4
AR SER TR LR O™ E TS A M . A7, TR
BERT-BIiLSTM # % fil BERT-BILSTM-CRF # %1 tf, i 3)I| %
HR BERT (192 800] L 78 Il 25 b 72 v AR 4 L 14 38 RE 19 5 A
BEATGOUR , DA A A B ) 7 A2 LA BT SO Y 1) R AiE 2=
78 5 35 B AR [F) 5438 7E A (6] 38 BE o R R 6] & Ly H I R T
“ i — X BE  9F B BERT B9 WU 4508 R R 5, T L
T4 b AR A [R]  BE AP 0 SR A SO, NI AR THAR B A R IE S
Ab AT 55 W PERE

mFE 6 7 5, BERT-BILSTM # %! fil BERT-BILSTM-
CRF #5852 i 0 . 35000 1 T “ wafflehouse” bR N & T 4 F
T At ) LU ASE A oK R B IR 3 . BB 7E T fE B S S H R
R, “wafflehouse” J& H sk B — 8T & 7 1) 5k 70 4
HER EUZR BERT W hg2: M 8] 7 XA PR RET A4
FHIE AE B N FEZR 6 BT 51 526l 19 1 F SCiE B, “ wal-
flehouse” BRI BT BT MARKRLT .

* 6 FRR
Table 6 Examples
LN will walflehouse accept a prepaid visa gift card
i AT 4 O B-Restaurant_Name [-Restaurant_Name O O B-Amenity I-Amenity I-Amenity I-Amenity

Random-BiLSTM
Random-BiLLSTM-CRF
Glove-BILSTM
Glove -BiLSTM-CRF
BERT-BILSTM( & %)
BERT-BiLSTM-CRF (& 30)

O B-Cuisine I-Cuisine O O B-Amenity I-Amenity I-Amenity I-Amenity

O B-Cuisine I-Cuisine O O B-Amenity I-Amenity I-Amenity I-Amenity

O B-Cuisine I- Restaurant_Name O O B-Amenity I-Amenity I-Amenity I-Amenity

O B-Cuisine I-Cuisine O O B-Amenity I-Amenity I-Amenity I-Amenity

O B-Restaurant_Name I-Restaurant_Name O O B-Amenity I-Amenity I-Amenity I-Amenity

O B-Restaurant_Name [-Restaurant_Name O O B-Amenity I-Amenity I-Amenity I-Amenity

4.4 SREHMIIEANIL
7 RIRT AR SCREI 5 Sck (13 ] 3cEk[ 16 A0 SCk[17 ]
1F restaurant,movie Fl trivial 2034 Ay F1 {8 0%k,
x 7 HHABAM FLEX L

Table 7 Compare with the existing model(F1 score)

LA 20)
%A restaurant movie trivial
Xk [13]4% A 74,47 85.33 65.33
X R[16]4% & 73.00 82.90 65.70
Xk [17 )4 A 76.17 86. 04 69.13
BERT-BiLSTM( % 50) 77.40 87.60 69. 24
BERT-BILSTM-CRF(& X)  78.74 87.36 71.54

N7 I LLE 5 2 40k B 0 kT B B e Ty
00 A% 15 A a7 107 M L BERT-BILSTM #5 % ££ movie
Bynde DA T IR FLAE, A 04R T 2. 27% .4, T R
1.54% , BERT-BILSTM-CRF #{EI7E restaurant $3E 46 1
BT RAEN FL(E, A L H A AL, 0t @ T 4. 27,

5. 7490 2. 57 Y s [RIB , 76 52 2% B 52 MR 4B trivial DA LB
MRS A3 I T 6. 21%,5. 84% Fl 2. 41% , SCBb 4% B 3%
BY, A 3C T #2 1 BERT-BILSTM £ #4 il BERT-BILSTM-
CRF BAUH RO R T T 15 R g .

GEWIE I OB AT S B TR E U T i 6
AR 38 F Y AR F IR AT S . O T R i ORI TS e
AR SCLL BILSTM W 4% g B A 5574, #9 4t 7 BERT-BILSTM #
AUMI BERT-BILSTM-CRF #£ %!, # Ff BERT F=A: () B4 L F
SCAR S ) B )RR A R R R S AT 1) A 5 S T AL 4 ] )
A — BB R T T SO SR TR A A 2R . 1E restau-
rant,movie Al trivial 3 A~ Z¥& 4 [ 09 52 5 45 R & W], BERT-
BiLSTM # % fil BERT-BILSTM-CRF #i %l i 3 #1425 1 F1
B FE— R LT T SO IR MR

£ % X W
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