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Background

« Text style is an interesting phenomenon to model G

» Stylized dialogue systems are attractive to users

-
\ 4

l
AN




Motivation

« Most existing stylized dialog models need to train with stylized dialog pairs

< Post, Stylized > »
Response

* However, most textual features are embedded in unpaired texts, (e.g.
Novels)
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Task Setting

* Input
Dialogue pairs in style So: ), = {x1, y1l, X2, Y21, ... Xn Y}
Unpaired texts in style S;: D = {t4, t,, ..., t}

* Resulting model

A dialogue mode that can produce both S; and S;Responses

cart response
in both S, and
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More on Task Setting

* Note that: This task can be tackled using existing unsupervised text style
transfer model

Post » Dialogu Respons » Urlsel:(iazzvized Response
e model e in style y in style S,

So

« But this may lead to in-consistent responses

[Thanks for helping my husband.L x

y: Jnevermind XD ]

@ Text Style Transfer Model Pipelined
] " approach

y: 4The pleasure 1is all mine, sir.

y: J\The pleasure is all mine, my ladyJ\/ Our model




Contribution

* A novel method is proposed to build a stylized dialogue model that can
capture stylistic features embedded in unpaired texts. Specifically:

* Aninverse dialogue model is introduced to generate stylized pseudo dialogue pairs,

which are further utilized in a joint training process.
* An effective style routing approach is devised to intensify the stylistic features in the
decoder.
« Automatic and human evaluations on two datasets show that our method
outperforms competitive baselines with a large margin in producing stylized

and coherent dialogue responses.



Inverse dialogue model

 Takes in a response, produce a post

Text in Style Pseudo Post in Style
P p— R |:> [ Inverse Enc-Dec ] |:> « A 3 »
KA, AR 4 KA NREF 4.2

« Use produced pseudo dialogue pairs to train the stylized dialogue model
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Style routing approach

Encoder [ Response y ]4—[ Linear ]Decoder

« Add style embedding at the end

XN

of each attention block

[ Feed Forward ] [ Feed Forward ]
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Ryrev = MMHA[ew (Yp); €w(Yp): €w (Yp)],
Rpost = R{HA[Ew(yp), B(E), 6(33)],
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Joint Training

« Train the inverse dialogue model and

stylized dialogue model interactively

Post to response Lp2r = (:c,y])END —logpa(yle(z), So),
loss g
Response to post Lrap = (x 'uI>E~D —logpg(z|é(y)).
loss e
Liny = E —logpa(tle(z), S1),

t’N LR

Inverse dialogue
&’ ~opg(z|é(t))

loss
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Experiments

« Chinese data: Weibo dialogue (Sp), Jinyong novel (S;)
« English data: Reddits informal dialogue (Sy), Formal English writing (S)

WDIJN Dataset | TCFC Dataset
BLEU-1,2 Dist. BERT SVM |Flu. Coh. Style HAvg.|BLEU-1,2 Dist. BERT SVM|Flu. Coh. Style HAvg.

Model

SLM 290 037 266 267 407 |1.96* 152 037 079 |/126 099 425 856 872 |1.90* 0.89 1.78 1.36
SRL 253 033 404 362 432 [1.83 152 039 082 | 7.83 0.70 42.7° 476 535 |176 072 125 1.09
Respons SFusion 3.84 020 33.1 824 198 [1.63 069 040 0.67 |/551 028 61.0 219 390 |147 056 1.17 0.90
e in Stvle S2S+BT  6.22 0.68 30.7 66.0 836 |1.89 153" 063 1.09 | 12.1 125 420 863 868 [1.58 072 1.66 1.14
y S2S+CT 11.3 0.62 324 723 764 |045 0.19 150 038 |/ 8.05 0.64 609 67.7 67.8 [037 0.12 064 024
81 S2S+PTO 3.57 0.44 329 351 433 |1.82 154 035 075 /955 0.84 345 286 503 [035 026 039 032
Ours 13.6 1.53 428 783 89.3 [1.96 1.60 1.16 148 |[[151 171 434 973 961 [1.90 1.01 1.89 146
Human N/A 493 80.1 854 |1.93 160 153 167 | NA 627 89.6 858 |[191 118 1.83 1.56
Model WDIN Dataset H TCFC Dataset
BLEU-1,2 Dist. BERT SVM |Flu. Coh. Style HAvg.|| BLEU-12 Dist. BERT SVM |Flu. Coh. Style HAvg.
Respons S28 8.50 242 351 97.0 93.0 |[1.96* 173 1.86 1.85" ||6.92% 0.61* 548 70.1" 60.9 |1.82* 1.16* 1.68* 1.50*
ein Style SFusion 8.65 0.82 353 99.9 992 |141 074 1.92* 1.16 ||461 022 628 703 611 |1.57 076 177" 1.19
Ours 11,6 293 39.0 935 892 [1.97 1.85 193 192 (/696 067 494 694 592 [1.85 116 170 1.51
S0 Human N/A 564 979 944 |1.89 186 198 191 || N/A 726 720 781 |16 119 176 152




Conclusion

* An inverse dialogue model is introduced in our method to produce stylized

pseudo dialogue pairs

» Automatic and manual evaluation shows that our method outperforms

competitive base-lines in producing coherent and style-intensive

responses.

Codes and data are coming soon:
https://github.com/silverriver/Stylized_Dialog
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