®12% F2H 2 B8 it E M5 M A
Vol.12 No.2

20222 A

Intelligent Computer and Applications Feb. 2022

XEHS: 2095-2163(2022)02-0068-05 HESES: TP391

EF TD3 &EEH 1R RIEH =R

2O, S
(7o T ER AL =B 554k, T 510408)

o E: G REERAT S5 RS R G A% O 2 3 R R E SO R AL A 2 A AR R Y 5 B R XS SRR A5OR
R M TTAT 55 70 PR 37 7R G/ 1m0 SO A T SR B SASE BME T IACS AE ), 4 T 5 R I 1 SOURE 3R R B A e TR e A
J& (Twin Delayed Deep Deterministic Policy Gradient) 5.2, FH LAPCAE X TG SR M, 12 B8 fi 22 A X 4% 4544, SR R 3 3 L o s
WA AR 2% 2 S5 071k A R P 0 T ad Al R, SCaG 4l SR B 120 e T AR AR e 8, 3R T T XS LT

KEIA XGRS A= XGRS L

MR SRS A

Research on dialogue strategy based on TD3 algorithm
HONG Zhou, YU Chengjian
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[ Abstract] Dialogue strategy is the core component of task—based dialogue system. It is usually defined as reinforcement learning
to improve the efficiency of dialogue strategy through the interaction between agent and environment. In view of the problems that
the current task —based dialogue system lacks high —quality annotation datasets and the model is difficult to converge, a double
delayed deep deterministic policy gradient algorithm combined with programming is proposed to optimize the dialogue strategy. The
algorithm uses twin network structure and adopts soft update, strategy noise and delay learning methods to effectively improve the
over estimation problem. The experimental results show that this method accelerates the convergence of the model and improves the

success rate of dialogue.
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Fig. 1 Reinforcement learning model

XA B AR AT LR AR — A SRR R B i

P EEE Xt < S,A PRy >, i@
TS SCEL— AT AR Z TR RS, SR Y H
(AT DL (E, W] LU BENLE . W s/ ERE RT
DA — NS A R EUBUEL, 7T LA B AL

SRA S T A3 — R TR T e AR H. 42
e TIZAKBE Sy s T LSe o A HTIRAS 25 18] ik 1
BEAARA R, ARk, BEE TR 5~ B PR K
J& 2B AN A A TR BE SR AL 2T 1Y O vk T AR
emg AR — e S NS, L Li AF
N S HLER A AE 12 2] RS S kT —
A F PSS s 5T DON' SR A BB AE 1T L R 2
(AT 55 L L TR0 i) 5 v TE A 2% T8 5 5 Volodymyr
SEUOBR T BBQN AEAY i SR AR A XIR S A
TR, LT T 20% ; Peng S5 N R T fift
Pl il 2] B QR T EEAE 2 Rt BRI [R] 1)
R, G PR s e 7 A R T U R AU
P&, #2H T DDQ( Deep Dyna—Q) Fil ; Su N o)
DDQ BEALHEAT T kik, 51 RNN S5 88, F T X 73
LS FH P 256 R0 A i AR ALE 22 30 ) DA T et 8 e 1
FOAGRL A AT 5 U R 580 Tl i ol 20 1 I et
PR X TR B, M SER 45 2R v] WL, D3Q
XoF i A B AR G 1Y B R FNZ AL BE I A T DDQ X
(EELEIT

2 #E5M% TD3 &ik

Xl R G Re L s A RS ] HARE S Ty
5 A58, A 55 BUXHE R 48 B 7E R A0 8
IEHAEH P R BCE ME MG B . TEXRXE RS
3 — TS5 R SR R4 AEE S R
TR . IEIUAR S A 2% 2T )12 o FH AR X 17 5
BN 2] b B EE 15 5 1 AMLEE BRIl gt
TR AR AL

AR SR — A TR R AL AR ST BB R4
T X SR 1) 27 2] AR B ZE A BRI TD3 B,
FEREERI R 5 AL, A BRI BRI T

(1)ZF LSTM B NLU B8, T A i
o R FTAH DG e P 1 SO

(2) HRAE TN A 45 5 | A7 03 AR S 1 B R O
Az R IR S 234 5

(3) KB FEMEF 2] - AR Ao i R A PR AR A 25 2R
PERE— AT I B

(4) WRAE b — 2D PR SRS Ak R X5 LAY H 4R

9

(5) AL . T AR OB P A7 g A

=
IZE =]



70 B o /5 M5 MM

12 %

o

Jil
AR SCHR U2 R TS I i B, SR A
Fa s AT R, BRI G AR 2 Bs, H
ST RN

(1) AR5 P Bl 22 L, ) B S X 3 4
i A X S

(2) i S B4 R S 50 St A A

(3) K BT 14 T A R A A4 22 06 T it
XIS

NLU XHEIRAS R R
R
sl B RS
User simulator
NLG

B2 #EE%iETE
Fig. 2 Model training process
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Fig. 4 The world model architecture
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Tab. 1 Intents and slots

B
=

confirm answer, confirm question, deny multiple choice,
welcome greeting, inform, thanks, request, not sure,

closing

T XAl closing, distance constrains, start time, greeting, movie
name, people, city, price, state, task, complete, date,

video theater, ticket,numberofpeople
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Tab. 2 The final performance of different models in 10K conversations
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DOQN H % 0.81 42.23 15.89
A2C R 0.5 8.12 19.23
TD3 57! 0.7 20.23 16.11
DOQN ## (K = 10) 0.85 54.47 15.52
A2C BRI (K = 10) 0.55 13.23 18.08
TD3 B (K = 10) 0.88 55.56 15.96
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