LR S|
CHINESE JOURNAL OF COMPUTERS

& B ERF IHTEFERS EMIT A7
ANEH  KNY PRE
(PRI TRAHENURL S 5 TR e HPK 400054)

W OE SRS RARHET R RN E RGP A TAES, BRI IE bR ANE A S BRI AR . X
PIAMT 5552 2 Fh R 2R B B2 R 1T 25 D0AE DG, T I IR B0 & BRI AT A & 1) i AR B 0SB, i # B R, s
B, WEEEE, FHB MRS Z MG ML H. T Rk LR, AR T — AN S(T 5% 058, jI3
1 R AT 55 P [F) 32 T B 4% (Speaker-aware Cross-task Co-interactive Graph Network, SA-CCGND. %M R 1 62 T 1
15 FEIN ) A AL R I BORAT MR, DLAE BUOE AN S R, AR5 I 8 A1 45 ik 1) 2 L I T 28 SR 78 3 S AR 1 Y P45
SABRAUESS B 5 B A2 H, Horb, dlid g — AN M G BOREU — XS S B 87, B xEWLHE, [(ERBEZZEH
ER AT S ATIE M B e, (EMRRDI BIAFREAE B, BIRRAE Z R X 7 FE RN CI M, BRI R AT 200K . 7E
ANAFFEARER ERSEIG s BRI, ZERAECT H AT R e B G BAY, AEXHE R AT % B FLAE M e T 4.57%
H1'3.33%, FEXTIEAT NIRBIES LI FLAE AU T 2.15%F1 0.63%, 1 40l N A- A BEAK T 40 172,

KR ZAESE; TGRS BEE; 47 NIRE)
REESHES TP391

Dialogue Sentiment Classification and Act Recognition Based on Multi-task
Learning

LIU Si-Jin ~ ZHU Xiao-Fei PENG Zhan-Wang

( College of Computer Science and Engineering, Chongging University of Technology, Chongging 400054)

Abstract Currently, social media platforms allow users to universally express their opinions and sentiments due
to their convenience and openness. As one of the most common ways of communication, dialogue contains rich
information and sentiment expression of participants. Dialogue sentiment classification and dialogue act
recognition are two sub-tasks in dialogue systems that aim to predict the sentiment and act label of each utterance
in a dialogue. In the past few years, these two tasks gained attention from the NLP community due to the
increase of public availability of dialogue data. They can be used to analyze dialogues that take place on social
media or other scenes and provide support for downstream tasks, such as dialogue response generation. They can
also aid in analyzing dialogues in real times, which can be public opinion monitoring, interviews, psychological
consulting and more. These two tasks are influenced by multiple factors and closely related. However, existing
models do not make reasonable use of the explicit and implicit information contained in a dialogue, such as
speaker information, temporal information, and label information, and simply or coarse-grained modeling the
interaction of two tasks. To solve the above problems, this paper proposes a new multi-task learning model,
namely Speaker-aware Cross-task Co-interactive Graph Network (SA-CCGN). The model first captures
speaker-aware sentiment and act cues along with the time to generate speaker-aware utterance representations,
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and then adequately models information propagation within a conversation and information interaction between
tasks through a cross-task co-interactive graph network, where information propagation of a conversation is
modeled by constructing a directed acyclic graph, and after each graph propagation, appropriate interaction
between two tasks is performed using the co-interactive layer. Finally, the label information is introduced, i.e.,
differentiation and correlation between labels, which can constrain the model training when decoding.
Specifically, in the multi-loss decoder, the supervised contrastive learning loss is used to make the learned
representation of different labels more differentiated and the conditional random field loss is used to constrain
the generation of adjacent label sequences, then the final sentiment and act label of each utterance are obtained.
In order to prove the effectiveness of the model in this paper, experiments were conducted on the two public
two-way dialogue datasets: DailyDialog dataset and Mastodon dataset, and we compare our proposed method
with a variety of state-of-the-art methods, including dialogue sentiment classification methods, dialogue act
recognition methods and joint-train methods. Experimental results on two public datasets show that our model
outperforms the current state-of-the-art joint model Co-GAT, with an improvement of 4.57% and 3.33% in F1
scores for the dialogue sentiment classification task and 2.15% and 0.63% in F1 scores for the dialogue act
recognition task on the two datasets, respectively, while reducing the number of parameters and memory usage
by about 1/2. The performance of SA-CCGN on two public datasets exceeds the best results in the known
literature. Experiments show that this method can effectively utilize dialogue information, and has obvious
advantages in dialogue sentiment classification task and dialogue act recognition task compared to previous
methods.
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1 EARAS .

R TIFAIU ={u,,u,,...,u 3 K IR E
SEAE AR ANY S ={y,..., y Y RBTE A R 17
PREF ] y, o XTREU . RIS EREER RS
A LLERAS § R RIFRAE ye 153 4L F AREETHY * 1
ST EAT

score(é,Yﬂ:i(Amf

Hrp, Al TR IRy, By R 4L F
RARE y R IR S FHIR S 2%,

YERIT U, FREFHIY SRR R B

SIM (p,i) =log (24)

+F ) (25)

escore(é YY)

3 CRF, B/ MU ISR 2R A AR,
AR BT SR
L:, =—In(p(Y*|$)) @7)
x50 e, MR mFERS, AT
1R N AN A R 2T 9 = {95, 90}, A
AW

p(Y*|S)= (26)

p! = softmax(W,§, +b;) (28)
y; = argmax(p;) (29)
Hepw, fitb, £ UIGZHL  pf RARZERHERED
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A2 SRR IR TT BASE SR+
N C
Lo =2 2 VieInpy, (30)

i=1l c=1
[FI R, AT LS 2R 1R AT 9 PO 55 1) = T4
&, BILL, L, Lo o SERE SOl TE
T SRR TEAT 9 VR 3 1 AT 55 H = Fh 453 2% 19
EIE
L = L(S:e + LSe +achl +ﬁL?C| + yLzrf +5L:rf (31)

Hra, gy o WUASESE, 0 3liEHIMES%S
Sof B[ SCL 4515 A1 CRF 5 2k AL o

4 LI

4.1 KHELHTS

ASCAE ISR R S 4, FHAE IR TA]
{FH Adamw it #s. AIES BRI %E, it
RN BENLRIE R, DAG 1£45 2 A= A R AL
H, W T HABEZSH, EAKEEERRE )Y 300
4k, 1£ Mastodon Hf4E I, % >JZK 3e-5, #E
K/NA 8, BEHLKIE RN 0.5, DAG #2240 1,
WMEBEa. By 6 HHIK 05,02,03,03, &R
HBCH 200, 7& DailyDialog #i#ifE [, 2£31%N
2e-5, ftEA/NJy 64, BEHLRIEZHRY 0.5, DAG 1%
HBZEHN 3, MEANEa By S HHAH
0.7,0.2,0.2,0.1.

i IS5 I8 5 IKISAT P IME, SR
JE1E Intel #%:0» CPU 17-9700K 3.6 GHz 1 NVIDIA
GeForce GTX 2080TI ffEff _EHEAT . v T AEASL
() S 58w A T, FRATT Y AR S AN i HE g A A A
https://github.com/Sydneylsj/SA-CCGN L.

4.2 BIRE

K SCAE WA A JF s B B AT S
Mastodon®'FiI DailyDialog™’!.

Mastodon &> H T Mastodon #1252 9 2%
P FEE X TE AT R AR 4L . A Mastodon SE4i
HHAEL 1 K2 80w fs i+, JF H Bk Hh JESE 5 b
T SRS R R S BBk BT T A 2RO 1R
I A IRAA1E 5 il A B S5 R 2 A 4 i)
JORE AT T AR . — At
FRES, A NF . TEIAEE 3 AN, BN
1T RNRRE, LA 1528, B, FE. ERS%.

DailyDialog & M 915 2 =) 35 1) H 5 A2 i ik
LR EREE. eBE 7 % b

(none). 1i7& (anger). PR (disgust). Z4E (fear).
IR Chappiness)- 35475 (sadness) B 5 F (surprise) .

7t DailyDilaog H', ARLEEIL AR PR AT 1 25 15
AR RRE A, PR EAE X AN R 83% (11
FIRE RS R T . X T AT AR AE L 4 R

Cinform). %ER] (questions). X (directives).
Bz E4E (commissive) 4 N5,

AR o o 5 1 SCAS T 2k AT SE 58

I LR FH DR 46 000 4 1 VI R 4R 56 R B 1 A 1 )
srbefl, BARENSG IR 2 FioR . TIPS EAR,
A Cerisara 25 AMF1 Qin 25 AP, %} Dailydialog
Y5 4 K F % F # ( Macro-average ) i %

(Precision, P) FlH[H# (Recall, R) 1 F11H,
7f Mastodon £ 445 =, ZB% T DSC 1145 (1) ik
P45, TAE DAR RS, RH 7T A% EME FL
SHE EEASHEAT A BRAT BE AL

® 2 BEESIT
e Mastodon DailyDialog
E=S 243 11118
PUREEAE B 4E 26 1000
TSR 266 1000
E=S 967 87170
k6 B 4E 108 8069
pIERS 1142 7740
R OPARATE Y 4 10
TR TR 10 13
[LEEE 3 7
(EPSESTIEA 15 4
43 Bk

AR SR BT b — S g e 3t ) JE 2R 3R AT
Fed, KA X LR =2, .

Q) = oph X O K
DialogueRNN™" DialogueGCN™ DAG-ERC™!;

(2) BRI G A AT 9 IR 7 . HECRY,
CRF-ASN®!, cAsAlP,

(3) X i 1% B 4y K FNAT g 18 ) B A R
JointDASE! 11IM¥, DCR-Net®!, Co-GAT!.

EAERRAE, TER, WHESRHI 7 —
BRI SCHR, 4 Wei 58 N2 Hi 1K) E2E DAC #54!
B2 sunder £ A2 H 1 HIER BRIE Hy Tax sl sr
TR AT FH A B 46 BN F 3t S AR SO — B, BRIk
A HEAT LA
4.4 EERFTEEFAS
4.4.1 EARTERE SIS

ASCIEAN AT Ed S BT 79256, Fra
PR LR R R MR REFR B AE SR 3 o RIUIRAR Y
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AR 25 7 A AR R RIZRRoR . 7i4h, N
TIWAEGT R ENE, ASOR S SA-CCGN
52 A AR Co-GAT fi FIBCXT t K56 1HEAT
FEARE . 24 p KT 0.05 5% 0.01 B, ZEFHA
NAGG R REN. R P R bRid Bl
FIORASCRETILE RN t A58 (p {H<0.01 AT p {E<0.05
) 25 5B T LAY Co-GAT.

Wk 3 fron, A EA SA-CCGN 5t
BELIEMLL, RN ERE AR L)
YERE . HAIIFELE Co-GAT #Lt, SA-CCGN 7£
Mastodon A1 DailyDialog & DSC £4% F1 {53 5§

1 457%A1 3.33%, DAR 1F55 F1 {2 mltke T
2.15%7F1 0.63%. JEIEECXT t A4 50 1 2 S PR IGAIE, W]
PL&HL, SA-CCGN 7E Mastodon ¥4 T A 155 L
BELT Co-GAT, #£ DailyDialog ¥#E4E 46 K%
HiRtr 2 EL T Co-GAT.

T4, ATCUR I AT 55 1R SR IA I B 22 T
FESHERY, X A Re e AT S5 AN IE M BA 7R 4 1
A8 H M 2 BRARARE A (R M B o T AS ST A 2R ) F
A8 )7, AR AT S 05 B A3k AT & B AL
B, kBT s AR R .

* 3 REERNMIESE LB ARI(%)

Mastodon DailyDialog
BER DSC DAR DSC DAR

FL%) R(@®%) P®) | FI(%) R(%) P®%) | FL(%) R@®) P@®) | F1(%) R(%) P (%)

DialogueRNN 415 428 405 40.3 37.7 445

DialogueGCN 424 434 414 431 445 418

DAG-ERC 472 51.0 438 49.4 4538 63.2
HEC - - - 56.1 55.7 56.5 - - - 77.8 76.5 77.8
CRF-ASN - - - 55.1 53.9 56.5 - - - 76.0 75.6 78.2
CASA - - - 56.4 57.1 55.7 - - - 78.0 76.5 77.9
JiontDAS 37.6 416 36.1 53.2 51.9 55.6 31.2 28.8 35.4 75.1 745 76.2
Y 39.4 40.1 38.7 54.3 52.2 56.3 33.0 285 38.9 75.7 74.9 76.5
DCR-Net 451 473 432 58.6 56.9 60.3 45.4 40.1 56.0 79.1 79.0 79.1
Co-GAT 48.1 53.2 44.0 60.5 60.6 60.4 51.0 453 65.9 794 78.1 81.0
SA-CCGN 50.3" 54.6" 46.6" 61.8" 62.0° 61.6" 52.7* 46.1* 66.0 79.9% 79.1% 81.6*

4.4.2 RS
N T BAEAR R SA-CCGN BB N LR A
A, M SA-CCGN R EREEA /01T LA, B
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o W/O ULIHFH BN HE: P vl ih R AIAE
T, RN PR B S B I R AR 4k
{OE PSS
o Wo WAZHE: ZEIHFEALZLE, HME
AT B B RS, AFETA .
e W/0SCL #ii%k: HATHIAE XN CRF %k,
o W/o CRF #ii%k: RAf A28 SU f SCL 1%k .
e W/o SCL&CRF #i%: R =2 it 2k,
Bk SCL K CRF #i%k.,
F 4 FIRAE PITHRE IS S R, A AL
AR, RIEIS L AT B E50 :
4 HRASZIR
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(1) 55EBMBERALL, B —HHmMA
PRI TEREAREH B N %, XSRS 2] TR
e -

(2) ERWhFZE B EH S KPR
%, flinfE Mastodon W5ME 551 RE N B4 A
0.97%. 1.96%. 1.25%. 4.08%. iEH] T AR
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4.45 RBTIRIAET T PR B
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8] B R s AR RIS, BUAH [FIARSE IFE A A N 3R
P, AR RIFEAA THE R . SERIER] T 3RATH
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preliminary stage, and most scholars focus on the classification
tasks of independent texts, therefore there is still great space for
exploring the analysis of dialogue texts with interactive
information. In addition, most deep learning-based methods
lack effective utilization of speaker information and label
information, and implicit modeling or coarse-grained modeling
the interaction of two tasks when they explore the correlation
of them.

To address the above issues, this work proposed a novel
multi-task learning framework, the Speaker-aware Cross-task
Co-interactive Graph Network (SA-CCGN), in which the
speaker-aware interaction layer captures the sentiment and act
cues of the same speakers along with time, and the cross-task

co-interaction graph network can well jointly model the
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interaction between two tasks, and finally uses the
differentiation and correlation between labels to enable the
model to learn a better representation. Compared with existing
methods, the approach in this paper can better capture speaker
cues over time and use label information to better constrain the
training of the model. In addition, we construct directed acyclic
graphs to model rich conversational information, and use a
co-interaction layer to reasonably interact with the two tasks.
The experimental results show that the proposed model
effectively improves the performance of both dialogue
sentiment classification and dialogue act recognition tasks,
providing new ideas and contributing to the exploration in this
task.
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(KJZD-M202201102). Dialogue sentiment classification and
act recognition can help dialogue understanding and dialogue
empathy, which are crucial for some downstream tasks such as
public opinion monitoring, psychological analysis and response
generation. In this paper, we study the sentiment classification
and act recognition methods of dialogues according to the

characteristics of dialogues texts.



