F38% 3
2023 4F 6 J

FEHERLESZB Vol. 38 No. 3

Journal of Tianjin University of Science & Technology Jun. 2023

DOI:10.13364/j.issn.1672-6510.20220189

MEERSEXNSREETEERT A

skFEgL, R, sk, MK, FiEp
(REPFHL AN T RE2ABE, K 300457)

W OB, BFR,ETNEF RPN ETARTEG T EEEFTELREE e BRI BANET XL A& EERE
ARG ETBEF ERF. FTRFPEELSERGE, MIAT N 0 FFiELE@NEE, Bk TEFLA
SEEHIER A IIRIE LR BATE, ARG8T InF g ogstiEm . SaTA T LA TR EERE KL E
K THRAE%Y Seq2Seq BEA LI, A MM AR AFLESHEBEK, ETXRGETFFA. Ak, ALRE AT
Transformer #EA! EIILA | FI0 S LY 7 T 09 2F#5 £ mAES. &84 WordEmbedding %t L F S fw ey i 4718 4%
NFEMEG M, ARG8T VGGish 335 RS /T 4R 42 B, 5 0 A% L #r N AT-Transformer 27 P, F & S84
TEE AR PRI A SR RS, RG X AR R G ARG ARBON SN FRsAERFEE L
T & AR R A 6) F i AT IS, MBI EAR A MR IR B AR I 2%, 35 LA A R 0.5%.

KHEIA . 2B, XTIEAEM; Transformer £ ; SUARAE AL

PESZES: TP389.1 MHEAREE: A XEHS: 1672-6510(2023) 03-0052-09

Multimodal Dialogue Generation Method Integrating
Emotion and Semantics
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Abstract: In recent years, a series of non-visual dialogue scenes such as voice dialogue have become common in life, such
as the voice interaction of intelligent robots and all kinds of customer service to understand customer needs through voice
dialogue. Audio often contains emotional information, while text contains rich semantic information, so it is of certain re-
search significance to integrate more comprehensive audio features in text dialogue generation task. At present, the dialogue
generation technology based on text and audio is mainly based on the traditional Seq2Seq model, and the generated re-
sponses have some problems, such as low diversity and insufficient coherence of context. At-Transformer model is therefore
proposed in this article to realize the dialogue generation task in multi-mode text and audio scenarios. WordEmbedding is
first used to construct the WordEmbedding matrix for the context and reply, and VGGish is used to extract the features of the
dialogue audio. Then the features are inputted to the AT-Transformer model proposed in the article, and the fusion of the two
modal features is implemented in the multi-modal attention mechanism. Finally, the objective function is designed to im-
prove the diversity of generated statements. The experiment evaluated the emotional richness, contextual semantic relevance
and sentence coherence respectively. Compared with the optimal benchmark model, the emotion matching degree increased
by 2% , and the semantic relevance increased by 0.5% .
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Tab. 1 Initial utterance number, preprocessed utterance
number and vocabulary size of the IEMOCAP
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LN ERSREE Y 4111 1121
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A, 1M Audio-Seq2Seq. VATT , AVSD # AV & T
SCARTIE AR, HAAR A B D3R 2. SEIRgh Rk
B , 3 F AT-Transformer <% AH% T4 4% Trans-
former 2 FiAth 4% 28 2R S A R A BCRE A 2 AE RS
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Tab.2 Comparison of AT-Transformer’s perplexity and
diversity on IEMOCAP data sets with different

models
i BiA IR =% D, D,
Transformer 28.58 0.072 97 0.3397
Audio-Seq2Seq 28.63 0.067 85 0.3412
VATT 29.98 0.072 93 03231
AVSD 28.79 0.073 01 03421
AT-Transformer 28.51 0.073 51 0.352 6

532 ANIHfE
HT T8 IR Sk 15 A AH G ir&'x’ﬁfﬁkﬁiﬂﬂf
REIEIE T o,y T RIE SO PRI RCR , i
*H?éfi A g AR JERUC TR BE =y TG A A ) J%
5 L HAXEM R TARZR M NI, R
ﬁ'ﬁkiﬁlilﬁﬁﬂﬁﬁﬂﬁﬂ“ LNAF M, 1
RO RIDE 0.1, 2, WA R L RN R E

AN B AL, IR A 23 By 5 X IR, A
TR SRR L BOAE N 0.1, 2; i IE&IT
e P2 2 I o P A A R ) e R X T
A B RO AR VLIS, AR IRVEICNIEI> 2, A
) — 20, HA — e, W 1, 25 I i) 58
ARG 0. [ e SRS | i B A
JERVCTRCRE R IR B R AL WL 3.
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Tab.3 Degree to which the response meets the criteria for

semantic relevance , fluency and emotional match-

mg
e T OSCHICME % IR/ %  RFIREIC AL /%
Transformer 332 29.20 44.2
Audio-Seq2seq 329 29.30 452
VATT 324 28.60 45.5
AVSD 329 26.89 44.8
AT-Transformer 33.7 29.19 47.5

SRR, AR T IR L B AR | A S Y
TETG IRV FHETE 2% |, FEN BE R s SCRR M T
TS5 26 SCASRRIE AR B 0] 2 CR B A -, R AT
SABEMESETE 0.5% , Mt N T RE 0.11% . Hn]
B R AR AR A B 0T T 4 T X A 1 SR UG A
—EBVER, T SCASHE R A ) 5 B 780 i RN hE
J7, P S I ARUREAE 22 )5 I A Be 1 I 1 B o 4
Jt. Transformer LAY 5 AT-Transformer A25A: %11
[l I 4.

#* 4 Transformer&EZIF0 AT-Transformer 27 RGP AR EEXT L

Tab.4 Comparison of responses generated by Transformer model and AT-Transformer model

i P

Transformer #5714 j 1 0] 52

AT-Transformer #5571 A J 1 [0l &2

I want something to turn out the way it is
suppose to turn out. mind?

Do you think this is what I had in

You welcome to the human race. Do you think this is what I had
in mind when I proposed? That four years down the road, we’d
be at the beach yelling at each other over fish?

I’m trying to work this backwards. But I

can’t seem to pinpoint the time where
. from marge.
everything went wrong here.

You were fine during the phone call

You were fine during the phone call from marge. Let’s see,
took a shower. Uh, you watched the news. you said the grunions
are running tonight. I said great, let’s go. I feel lucky tonight.

You have to tell me. .
these other things.

It’s kind of all mixed up with all

I’m embarrassing you. I didn’t want to tell it to you here. 1
wanted some place we’d never been before. A place where we’d
be brand new to each other.

No, because if she- he's not coming back
then I'll kill myself. Laugh! Laugh at me!

Laugh at me. but why did that hap-
pen the very night she came here?

But why did that happen the very night she came here? She
sleeps in his room and his memorial breaks to pieces. Just look.
Look at it.

TEF 4 PONEXT 4 QHJ:—FjGH Transformer
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3
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you to get in this line if you are filling out this particular form.”

Fig. 6 Audio-context attention and context-audio attention schematic diagram based on AT-Attention model , the cor-

responding sentence of which is “Okay. But I didn’t tell you to get in this line if you are filling out this particular

form.”
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