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Abstract: At present, pre-trained models such as BERT have achieved good results in many NLP
tasks, but the pre-trained models are difficult to deploy in small configuration environments
because of their large parameter scale, large computation and high requirements on hardware
resources. Model compression is the key to solve this problem, and knowledge distillation is
currently a better model compression method. A joint model of sentence intent recognition and
slot filling based on multi-task distillation is proposed. The model applies ALBERT to task-based
dialogue system, and uses the knowledge distillation strategy to migrate the ALBERT model
knowledge to the BILSTM model. Experimental results show that the sentence accuracy rate of
the ALBERT based joint model in the SMP 2019 evaluation data set is 77. 74%, the sentence
accuracy rate of the BILSTM model trained separately is 58. 33% , and the sentence accuracy rate
of the distillation model is 67. 22%, which is 8. 89% higher than the BILSTM model while
offering an inference speed approximately 18. 9 times faster than ALBERT.
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Fig. 1 ALBERT based intent recognition and slot filling model
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Fig. 3 Knowledge distillation loss function
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HHE TS AT 55 9 A A B AR BEAT ISR A AR 4 5
L 55 BN R O 0 BEAS R RO AL EfEL. SR R W 3
P2 A 38 AR 2 BB A R R T R L S 4
R 5 R,

*5 AENEEI ALBERT % 2 1) %
Tab.5 Influence of different weight values on ALBERT model B %
H Y BRIy SN U RS LIRS FoH ) i Ay
W, =1,W,=1.W,=1 93. 88 95. 00 80. 61 77.22
W, =1.W,=1.W,=2 94. 44 96.11 83. 04 77.74
W, =1,W,=1.W,=3 95. 56 95. 56 82. 17 76.67
W, =1,W,=1.W,=4 93. 89 95. 00 80. 61 72.22
W, =2,W,=1.W,=1 95. 00 95. 00 81. 66 76.67
W, =1,W,=2.W,=1 93. 89 97. 22 76. 25 72.22
W, =2,W,=2.W,=1 94. 44 96. 67 81. 20 75.56

MFES ATUAE AW, =1.W,=1.W =2 1§
DU SR REAR AR i b M ROCR . Z )5 L Bl R O T
{55 A A9 3 o S 0 2 5 T TR U 1 8 R 32 2
LA ER R TR AN E W W, RT WL
IR i o ABE RSSO T 3 U T B s T A 55 T A 0%
BERLER 5y 52 3 JAT 55 52 W00 » i B2 0 A 37 e AT 55
B AR - AR B A1 i 7 o RE B 47 2 o) 3 454

% Z B R,
3.5 BERAEFNNEIEE PG

TEAT: 55 T X6 3 2R S0 B0 4 v 03 R BT 1 28
B Z 5 FREAS A B & A R AP e 45
AN SR A 7] T ] 1 B0 40 A - A 1 ) B, R TR
AR B A5 2 A 0] AL, AR SC 3k 288 ) AN B 0 AR AR 0 AT A
. SEH AR AR 6 R,
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Tab. 6 The influence of class weight on the model BT %%
LT Gy NG B BRI B i E DR N ) GRS
ALBERT 94. 44 96. 11 83. 04 77.74
KD BiLSTM 90. 56 92.77 73.57 67.22
BERT (no_adjust) 93.33 92.77 82.09 74. 44
ALBERT (no_adjust) 93. 33 94. 44 81.65 75.00
KD BiLSTM(no_adjust) 83. 89 91. 67 70. 64 60. 00

WSS LEE, 5% R MERAED
ALBERT #1 BERT £ 8 #f b, % T 28 5 AL 19
ALBERT #5775 S5 358 43 28 & TR 1) A A 47 3 58 3
MES5 LIRS 5 4R A5 £ T 3 2% B 28 AL 1 5
A BB R P 45 25 ) 22 1) 1) B0 40 AN OF- Al n) 8,
Hh 3l 3 6 AT LR I, ;AT 2 O i O 3 ) 25 AR A
B LA ek PR L I RO AT L3 ) S oy 25
RER R AR R T 6. 67% .1, 10%,
2.93 %0 B AR TH 2 B T 288 B AS S A7 [ R A e X6
PRI I 25 A R

4 H5iF

ARSOAT 55 B i R G AT T OF5E. HE B
SRIYIZRAE AL 4N BERT B 76 1% 90 3 v A% R 47 3%
R AB i TR AT A% L S R0 R HE T R 1 AR )
JOU AEAEME DL SRR B A7 PR 58 SR 5 19 S Bl 55 9
SO PG, A SCHE T ALBERT 19 & BIR
S| FIRE 57 S 7006 G A5 AR, O R 9 2D T A Y 2
B OF BARHE A LR R LAl b R IR 280
ALBERT FIiRiE# 3| BILSTM # A, $#2 5 T BiL-
STM KR Z AL RE J1 » JF 3R A5 55 e A HE KT i 5[]
Ip AR S S X0 B8 v T S A - A ) R i AT F
o {1 20 B X B R AT R R . IR B AE SMP
2019 UV H s 4 B b7 S 5 R AR T
ALBERT 89 75 R 0 -5 48 o7 35 58 K & 468 7Y 5B 4K 4%
TT.TAYG YR R T AR U R AE ) o R
67.22% Wy 15 B T . HfE BT 3 E 29 O ALBERT 1
18. 9 ff . MAb ARIA T B T i — P L TS A
FIR) 41 DT 38 8 i /A5 AR 2 0K [ I HC 7 ) o
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