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Bidirectional Inference Model with Multiple Latent Variables Based on Variational Auto-encoders

ZHAO Yanbin and SU Jindian

School of Computer Science and Engineering,South China University of Technology,Guangzhou 541001, China

Abstract One of the key tasks of open-domain dialog system is to generate diverse and coherent dialog responses. However,one-
way inference from above information alone cannot achieve this goal. To solve this problem, this paper proposes a bidirectional in-
ference model MLVBI(multiple latent variables bidirectional inference) based on multiple latent variables. First,variational auto-
encoder is incorporated into the language model and one-way inference is extended to two-way inference. That is,after the corpus
is divided into context,query and response,forward inference is used to infer the response from the query to learn the word order
information,and reverse inference is used to infer the query from the response to learn additional topic information at the same
time. Finally, the model is integrated into bidirectional inference to generate more coherent responses. Then,in order to solve the
problem of insufficient explanation ability of a single latent variable in the two-way inference process, this paper introduces multi-
ple latent variables in the inference process to further improve the diversity of generated conversations. Experimental results show
that MLLVBI obtains the best accuracy and diversity on two open-domain datasets,DailyDialog and PersonalChat,and ablation ex-
periments also show the effectiveness of two-way inference and multiple latent variables.

Keywords Dialogue generation, Variational auto-encoder, Latent variable, Bidirectional inference,l.ong short-term memory
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Table 3 Convergence value and appropriate selection value of KL
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CVAE 1.629 6.126 5 1.524 6.023 5
MIRROR  2.399 6.815 5 1.829 6.316 5
MLVBI 2.437 6.847 5 1.992 6.464 5

WOE AT IE 7 AT LAAS iR . AR 3 AR KL AR
fb#a#—3, {35 CVAE il MIRROR #H Ht, MLVBI 4 45 1iF
R h EH TN R ARE TR, PR MR, ER] T 24 B
AR E R 25 A, BTk, h T A A A O e 2 B ) 46
FA BRI A CFI AT Control VAER Hi () PID,

Control VAE #£ H T U 89 KL {6 M &% 9 KL {5 2 [6]
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A VAE Y s KL #9451 A PID J5 /9 KL ## 5
Hl AT LR

0<d<<2+2 2KL,.+1 12

PN Ry A B Il 52 Y 2 RE AR 2, Y KL {8 K, AR 4
o BB K HARGE (S B . — Wi &5, A el 42 0 2 R
St M Z B AFAE— B B R HT . B, M4 =X (12) AR SO
PRSI KAE R A3 19 KL {8, T2 BUR R 1 FRAE T B0
JE REVEN G S M KL E ., XA BB 5 s B 0 KL fE a0
£ 3G, AE M KL EHRHN T80 = A B S EHT
i
4.5 LW .5|IANPID BIARLLER

AT AR A S g — B 45 R, 51 A PID # il & B Y
KL AL HE 8% KL EHREEAIE W E . SR —a] LIS A
3R KL [HK B4 76 5. 78 3 MRAIE S A PID J5 ,
AR 300 & . VI ZRah Rk 4 fra), MR8 7 % on W —
Bl B v B A T I A AR A

% 4 CVAE/MIRROR/MLVBI 7 Wi 4> B4 45 b 2 B 45 5
Table 4 Results of CVAE/MIRROR/MLVBI reproduced on two

datasets respectively

DailyDialog PersonalChat

W45 AT S
CVAE MIRROR MLVBI CVAE MIRROR MLVBI
BLEU-R 0.378 0. 403 0.433 0.377 0.367 0.376
BLEU-P 0. 257 0.262 0.276 0.297 0. 286 0.301
F1 0. 306 0.318 0.337 0.333 0.322 0.335
Bow Gre 0.877 0.851 0. 864 0.869 0.870 0.875
Bow Avg  0.955 0.954 0.957 0.954 0.952 0.954
Bow Ext 0.636 0.633 0.653 0.608 0.596 0.603
Intra Distl ~ 0.907 0.915 0.918 0. 881 0.914 0.903
Intra Dist2 0. 985 0. 990 0.991 0.968 0.986 0.982
Inter Distl ~ 0.450 0. 464 0.483 0.396 0.468 0.463
Inter Dist2  0.759 0.760 0.804 0.664 0. 750 0.762

BT ER 4 SR, AT LIS DR SR .

DBLEU 4§ #7 % W], MLVBI 7& P A 845 45 /9 4 [0l 2 A
F1 A 75 1 249 &b T 45050 #1457, F1 B 43 91 24 0. 337 F1 0. 335, %4
BUER AR T RAEAUR . W MLVBI AE 95 78 A 38 92K
P 4R A R A A B AR R

2)BOW Embedding #5 #5 2 B , ML VBI 7 B 1~ £ 48 4 -
1973 BOW (B, 9F H. 5048 BOW (H AL BOW H4 A
e, XK T MLVBI A % 89 AT B AT 5% 3 /9 35 48 21
JE B (AL N 2 B AR B T 5 SRR AR S P RR

3)Dist $8FR R B, 3 A4 A 7E A7) 2% T I HB 8 A pAS [
] A ORI 22 5. T 7E BV 2 T L, 0l A A il 10 AN [
2LUEREE MR ZREME . MLVBI % 2 R4 78 P4 B3 4
e UEW MLVBI B 8 AR 2 B 1 11 42, A i )
HEFEK,

XF F IVAEP, DialogWAE ), DB-VAE ") , TWRVAE " ,
OPTIMUSH " 5 #645#Y , i F B {1 {L¥E DailyDialog $(##% 4 I+
37T A TR] B4 T 0 48 A BOAS 52 58 1 e B AT 0 S2 06 25 SR A
DailyDialog $t#i 4 5 MLVBI #E{7 4, LR ME 5
JIT 5 KL B 7 2% 7 T A R R e fR A

F 5 FHABBIAILE DailyDialog I 1425 5

Table 5 Results of other models on DailyDialog

DailyDialog

W 35 AF - -
DialogWAE IVAE DB-VAE TWRVAE Optimus MLVBI
BLEU-R 0. 341 0.355  0.373 0. 407 0.362 0.433
BLEU-P 0.278 0.239  0.276 0.281 0.313 0.276
F1 0.286 0.285 0.317 0.333 0. 336 0.337
Bow Gre 0. 846 0.872  0.839 0. 865 - 0.864
Bow Avg 0. 948 0.951  0.944 0.952 - 0.957
Bow Ext 0.578 0.609  0.615 0.603 - 0.653
Intra Distl 0.830 0.897  0.954 0.921 — 0.918
Intra Dist2 0. 940 0.975  0.997 0. 990 — 0.991
Inter Distl 0.327 0.501 0.467 0.497 - 0.483
Inter Dist2 0.583 0.868 0.787 0.817 — 0. 804

WL AT 5 MUEE R, T LIS LT 456 A MLVBI
FESLSER AR LIPAR AR F i e iff 2R 2k . 022 RAR/h. M BLEU
Fi BOW Embedding & #53K F . MLVBI (# 1fi i 348 T i A 3%
2R O T B 2535 B AR Y Optimus ., §iE ) MLV-
BI AL B % BT B9 1 & . I 7€ Dist #5 #8 L, MLVBI i 2% F
IVAE HJ2 IVAE BMERRAR & A MR MR T,
XA R DUEZ I,

SRR MLVBI 263X A B0HE 48 7 K 2808 A 1Al
Pk 2R B AU 1 A B R R I, JE HE BLEU 45 #7 fl BOW
Embedding 64518 B T & 3% g 36, JF HL7E Dist #6845 Lk 8 T
5L SRR
4.6 HELIRIS

A 4 Fil S 0 TF 9% 00 ) 9 B L P 1] A B L B AR P
it A SR S G 7 L T ) ORI 1 A B
TR 1r L BDASE Y A B — AN 5 [ Y 4 B, B 4 D
Sy CVAE. i 8 B 28 2 2 1 43 51 R — A B AR 2t 23 [a] g A4~
AR s AL B E TR BOR S C. XL Y b — A A B e a) .
Ji 2 A8 AE 1E 18] T 9 B RS 1) 7 o B S FH — AN R R ROR . AR
SO X BB R R AE PersonalChat 54 E 43 511145 300 %, KL
BRI e 5, oA B 4.3 /N — 5. NZRg Bk 6
i3,

*6 HELSE

Table 6 Ablation experiment

MLVBI(Forward+ Reverse+Z % 4)

LS ALL Forward+ Reverse+ F+R+ F+R+
%2 z %2 z* 2 z* 1

BLEU-R 0.376 0. 381 0. 364 0.370 0. 366
BLEU-P 0.301 0.303 0.292 0.289 0.286
F1 0.335 0. 337 0.325 0.325 0.321
Bow Gre 0. 875 0.878 0.867 0.872 0. 867
Bow Avg 0.954 0. 955 0. 950 0.952 0.952
Bow Ext 0.603 0.609 0.581 0.595 0.593
Intra Distl 0.903 0. 894 0.919 0.917 0.913
Intra Dist2 0.982 0.978 0.976 0.977 0. 980
Inter Distl 0.463 0.436 0.459 0.420 0.472
Inter Dist2 0.762 0.730 0.755 0.659 0.754

W AT 6 Mg R T LA AT 258
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Embedding fH4: % . {H 42 Dist A% 5 {2 5 1i) #E 8 #5580 Dist
¥ Al {2 & BLEU #1 BOW Embedding %1% . ¢ B3 76 1F [
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