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Abstract

The rapid advancement of e-commerce has significantly enhanced consumer convenience, yet it has
simultaneously exacerbated the challenges faced by customer service. Customer service response
efficiency and problem-solving effectiveness are critical to the user experience. However, widely
adopted post-feedback mechanisms are inadequate for real-time monitoring of user emotions, hin-
dering timely identification and management of emotional fluctuations, which limits improvements
in service satisfaction. To address this shortcoming, this paper proposes a SenticNet lexicon-as-
sisted cross-sentence contextual dialogue emotion classification model (SLED-EC). The proposed
model integrates both word-level and sentence-level emotion recognition tasks, enabling more pre-
cise capture of emotional nuances. Additionally, it analyzes contextual information to identify emo-
tional transition points and constructs emotional fluctuation curves, dynamically capturing emo-
tional changes in multi-turn dialogues. Experimental results demonstrate that SLED-EC significantly
outperforms baseline models in accuracy (67.78%), recall (83.81%), and F1-score (72.36%), un-
derscoring its advantages in emotion analysis for customer service dialogue scenarios. This study
offers a novel solution for e-commerce customer service systems, contributing to improved user
satisfaction and optimized service experience.
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AR AW B P #5K, WS sRSEERT G RAELRE IR RGBS . il s
BRSS R RN EEG R, B R G 7RSI RS, I PP X 2 B R R 55 S AT
PP, SR, F AR AR R RS R vR, RUIRSS UG 1 P A REREAT I, BRI TGS
FERP A LA T R R B AR 55, a1 51 5 FH P B T 7 28 TR 2k

-
il Ei
joy HI! I applied for a return yesterday and have already
sent the product :)
neutral
neutral When do you return the freight to me? I paid 10 CNY.
It is not a quality problem, so you should pay the freight. | neutral

anger The sleeves are too fat!! Isn’t it a quality problem???

This is not a quality problem. neutral

anger If it is not, what else is??

anger You mean no sleeves???

Is it broken? neutral

Figure 1. A service dialogue in E-commerce
B 1. — e EARA AR 53T E R
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TEL MO T — MBS AR g s, BE M FE IR L. WK 1 Posggrtidmd, B —JIra
RN, AR <) REKL, HEEEXMERHT, KRREHEE “Itis not a quality problem” Jf2
KT RIHIBTRIE 9%, BAL T P R, SO G4 RN . T 15 48 Be s S o 25 IR R
TR, VAR AR 25 nT RE RS A S SR A R . DAL, BRAEIE AT SRR, X TR
THE MR R 55 o B AT F P AR e 22 o0 L B

57> H7 (Sentiment Analysis)VE 4 4R TE = A FE(NLP) 1 IRZ T 552 —, B E TR SCAS Hh 185 e i
Mo SRR T [2] W15 B BrAHEL, X0 135 17 70 B DS 0 22 0 LAl AT b T SO I 58 BBk ik
X R AT AT BB A) T, JFREE TR AR AN AR, TN TS SRR R RO R . A S T AEAT O
HER R PSR BN A1k, PR g & bR SUE B3] [413HT Z 5061l 115 B AR 2 O 2L, SR, BLA
X AR N TE 2 SR T O AT AR R N BC[5],  RAETE 5 JEX IR T R E S E M & Rtk . 25
XFEe, g S A RE W S B R R G S8 1) R (6], TRANB AT IIAN R o R I R
PIANEE AN S 5 EILFE N, BB AR ANE A S 10 A5 BCEL B A B 8 R R 7] Stk oAl
o, RSB N OCE R AR EE I 26, WtiiF . REAIDURSE. thAh, FRE g st A s
IE WA R TE R R . IR L BTN AE, BRNBRARIX LA TE R B S S B T AR
H U TR

N NLRF IR PR, AR SCHR S ol e T 15 R Al B PR S R T SO O 17 28 2 R AR (Sentiment-
Lexicon Enhanced Cross-Sentence Contextual Dialogue Emotion Classification Model, SLED-EC). 154 &
SenticNet {%5/21d #i A1 ROBERTa %Y, gl & ih RG] 7RG BRI 8 de . 8%, did
[CLS] token #5125 1B A ER N KT, FF#H Character Embeddings %1 BERT [1J Segment Em-
beddings, 57 5 LFHIX 4r AN R R 5 5 (01 46 AITE 22, SESRNT 2R TS W B AR . B, ol
AFroRE 4l o B FR 15 SR A, ) S REAN X T (R 17 48 Bl I £k . SLED-EC 1 £ QBT T - 1) 454 SenticNet
S TE A B, B SRS IR B 1R AR AL AL RE ;. 2) RIS A) B R SUE R, #ER R 25
XGRS AT 5ahaSAE s 3) MG Az, RO IS EORSHI 2R A . 2R R
BRIRAG PG Z RS, Ay DO SR8 P s g s, B IR A R R R S, T
Bt s AR R, BRI PR UbAh, BORLE R R TR REXT R RS, IR A 15 TR SR
AN AL A A 1D R 25 AR 6

2. HEXHR
2.1, E TR BRIHEIER AT

X B B RSO, AR T RIS AR IR, X PR N T 2 R s
ERAHTIIE . SRR B B i o8 R B A T T A B SOAR LI IR 2K, ReeR %8 L
BRI . SRME ZRNHG T, BAE) TR A AN R DU BESHE B AR S BOE ), AR BORES &
b R s AL

KHTIHIEIZ M E% (LSTM) A Transformer 554552 PR 0 PP S AR AR AL BREE 77, BT 32 B T v i
H R SO R LSTM e Rt O BE i v (19K FE B9 436 [8] 177 Transformer 1) H V£ JIHLI e G5 7E
B G [ Pl S AR AL A 4R [9] . — S8 WF S0k LSTM it 5 Transformer 454y, PAHE—B 32T 05415
o R SO BRI RE SI[10]. BEE BRI R RS, 25017 A MR8 I S A) 24T ) R SRR R 3 25
TR

B XGRS AR N, AN T BRI BB RGE R, EREMERNEhEEA, X
R B R SCARBERE D4R T B R R . 7R R IR B (L) AR g B[ 12] S B, BT BTS2 R
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X 1 I T GIE WA AE SR T Y AR S A B - i B T P AR o Ak, R I M RO
TR E GBS, H PR g sl th A F o — MR ERT %, RENS A S P S 4h A2 B ik
SRR AL, W BEIR AR G bR A P S AR RN % R R IR SR, G
Lk BE N B Pt A AR L3 258, U PSSR sl RIZNN R GERT ORIk o 24 X7 1
SRS B BCE R iR, DU A RSO B 52, STt iR PR .

2.2. EF BERT HIFHSIERS

Devlin Z[13]F 2018 4t T 2T Transformer Zwfid 2% 1) BERT #%8Y . ZAE AR T MLM (Masked
Language Model)F1 NSP (Next Sentence Prediction) TRIIZRAT 55, GEBS2: @A A4 B SUE B IR Z XA
B S #R. £ BERT B, &AA)TLETF LGN CLS brid, KA SEP brid, W UA M AT H
B SORFEMALE M AERRN, E 2 FoR.

Output
Network @
structure of
BERT
Trm
ZANN
LI
Fotomitngy | Brs | [ B || B | [ B || B [ B[ B | [ B ][ B || B | [ | [ B
+ 4+ O+ O+ o+ o+ o+ o+ o+ o+ o+ o+
pomented LB LB LB (& &) &) &) (8] [&] [&] [&] [&
+ + + + o+ 4+ o+ o+ o+ o+ o+ o+
Eglsl:}gd%rilngs | E, | | E, | | E, | E, | 2 | E, | & | E, | | E, | | E, | E‘“| | E“l
Input |[CLS] | | I | | apply | | for | | a | | retum| | [SEP]| | Will | | you | | return| |freight| | [SEP]l

Figure 2. Architecture of BERT
2. BERT #28IZ5Hy

AR, BERT BLAYPE HAME S TS S T BEIE, JUHARNE B BT 5 R IR R [14]
S G H) RiE S RAREL, BERT AMY ARS8 U SCAS I BEAR IS BT Iv) , 320 e 47l $2 5 0 4k ) 195 IR AR Ak
5 S A 7E AL SRS B AT s RN AR P AR RS AL (& R B SR Ty TR R I S [15].

SHEE BT M 2 B ME 4 Uk R, BERT RHGRAIEBIFLMRE /1m0 32 N T XHE R
4. Zhang Z5[16]# 1 Dialogue BERT, @ittt BERT fH AT R 3T 5] AXHUERAE, 58 T BIRZEXHE
HEAEEONES PRI . Yang Z5[17]5F BERT $#&H 7 —FiE Bah S @875, HTEZRE
Hr g B IR TN SR T AR Ak, T3 s 1 R G A TR FE AN R SO RE 7). BERT AMY AR
WS FE PR TP AR FEAS K, BB AR AR SS « X iE AR A N AT SR AL 1 R iS4 [18].

3. BT EELERAIRE
3.1 [EREHA
DNFEA AP L SRR S A R I B A I T, A SOK DUt TR ) TR T S R —
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FETREAL B Z PN FIE 4,  W2 B P A B v SO0 IR B ie SR B SR I (W] 1) “If itis not, what else
is?? You mean no sleeves???” , ) 7Rk T FH T S F AR, BTSN i B o DRI MR AR AN 7 B
WHlA)F A LB EER, E7HER B AE & RN eAh, BRHEIE T & —A 2R Tl R,
BT Z2MER), XA RUE— D UG 28 I A B A

Wil 3 fion, SLED-EC ALK EE TIATEHR . AT R MG 7 AT S5 T, @i il f) i 15 1 24
(R IO T H R o 18 1 2 T 3 . — BOWHE B N ANR) A, BEXE I dialogue = [sg”kf’,sfpkl,---,s;pff*l] ,
Moot B4R spk, FoR I ZREAIX I ULTE N, spk, e (%, ZHR) . 5™ For tZ] spk, (PSP
AME R 2L o A HR AT 21 word e w, Bt INFZIFI AT s = [wy, wy, - Wy | o T w RE) T s ko
Sl ELAG R L ()17 26 bR % Label™ AT Label® o B T-%F HE A7 AE B RSOOSR, BB T % Rt ZI 1))
Fs, BHEHE ZIMIER 50,5, 5] R ZE A [0, 802, S o

HHERRSLoss
SRR Loss”
| T RERFEST |
i
I Softmax l
PREERRBEEST | — _T __________________________________________________________________________________________
.
N N A R 2 e [
_:::'_'_'_::::::::::::'_'_:::::::::::::'_'_:::::::::T'_'_::::::::::::::'_::::::::'_'_:::::'_'_:::
i l BERT ] E
i seeees: e Svvoes Sovee: P eseos: v FveTT e Svese Sy S S
N R R e [ 2 i
e f"':" ___________________________________________ o —— :i
| = |
! ['#sadness', '#fear'] !
S BEEREE oS '
¥ o T e T T v T Tnsowe v T e T v [ I

Figure 3. Structure of SLED-EC model
[& 3. SLED-EC 1&&!&5#y

3.2. REHE

TS T, ST BRI AT DUEAE 2 SCATE SR B KR . SenticNet [19]52& — N AFFI1H
JRHIRIE, S56 TG BFIARI S ANE FERFMEAN AT SCAREAE,  JE A MRS SR LI 15 B 4, B
RGBT TE AR A TS . ARSCRIH SenticNet 17 /8] AL @ R 0| 58 4R . Xl A)
TIETE w, (526 h%5 Label " e { joy, pleasantness, eagerness, calmness, anger, sadness, disgust, fear} , &%t
32 £ 175 B8 73 # SenticNet (w ) e [-1,1] - 58 VH AR 1A B 1% I 0 B -1, SR ARAIE S By BRI 1, %
SenticNet (w; ) =0 I, il w, [ ] Ay Hh PR 78 ] A AE7E . SenticNet HHial i (K16 4 hRass
Bl 1 Frow. ARSCE PR MELD X &£ S [20]H 11525 40 95 anger. disgust. sadness. joy. neutral.
surprise Fl fear, BT s HLA 144 F5%: Label® e {anger, disgust, sadness, joy, neutral, surprise, fear} .

DOI: 10.12677/ssem.2025.141004 28 JR 45 b 1


https://doi.org/10.12677/ssem.2025.141004

KR, %

Table 1. Examples of word sentiment score and mood tags in SenticNet
= 1. SenticNet iR FEIE RN B R IR R G

BRI w, SenticNet(t,) Mood tags
excellent 0.744 #joy, #eagerness
fantastic 0.87 #joy, #calmness
damage —0.45 #sadness, #fear
awful -0.94 #sadness, #disgust

Xof ik P ) ) 4 BRI A0 AT AT DA — AT BERT [ L R OSCIESE @A 8, K7 B TS bR
Label"spk [1)ifi )il i [CLS] token &5, AL “[CLS] | apply for a return [CLS] Will you return freight
[CLS]...” WK% AN BERT A, Jf44#h Token Embeddings. Character Embeddings. Position
Embeddings 2 f{f A BERT AR &M WIE 4 FiR). THEVERRZ, Character Embeddings (R
Customer Embeddings 5 Service Embeddings) it f€ 1 )52 BERT #78 HH ) Segment Embeddings, TR0
TR TE N o B SR 75 30500 1 AN TE B (R I 2R A5 S o0 AT, I A E T SR04 S AH N R 17 B 70 4
$5e 2 AN [BDRE U R VB ) [R] 47 SR8 B0 155 0

Output

Network

structure of >_<

BERT |

4I_I>

Er(;lli)ee%dings | E[(‘I.S] | EI | | Eapply Er | | E | | Em | | E[CI s] | E 11 | | Eyou | Erelurn | Efreighi E |
+ 4+ + o+ o+ o+ o+ o+ 4+ o+ o+ 4+

vt B (B [B ] [B ] (e ] [e ][] [a][a](a]][5] (5
+ + + + o+ o+ o+ o+ O+ o+ o+ o+

Ervedin| LB ] (B | [® | [e ] (&[] |[e][e][e](e]

Input |[CLS] | | I | | apply | | for | | a | | return| l [CLS]| | Will | | you | | returnl | freightl | |

Figure 4. Architecture of BERT in SLED-EC model
4. SLED-EC # BERT HutR&ILEH

BERT #7414 Transformer 2 E &M%, Transformer /2% i Encoder 1 Decoder 4. H,
Encoder 2 & — AN HIER SIS Z M — MRl M 4%, 17 Decoder /Z Lt Encoder 22 —ZER N)Z-
7t Transformer 2249 HH (FyER JIMLEIH, Query H T & 5% Key MUAHCHE, Key H THEEE 1187
(T ELAT, T Value FTHRHEVER A3 T IBGRAT . 22 kit i /00415 AT Rl & A U 4 IR
Jik -

MultiHead (Q, K,V ) = Concat ( Head,, Head, ,---, Head, )W °
Head, = Attention(QW,2, KW, vW" )

AR e 28 SUARGH5 25 (Cross-Entropy Loss)fE i 7Y () 3= 5451 2k ok %«

o))
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s¥c”
Loss" = _ZZYijw log ( y,’;iw ) 2)
i=0j=0
Loss’ :_i ss ¢t 7 | i ©)
0ss 22y log( vy
N %=
Loss™™ = Loss" + Loss® )

Horh,  Loss™® AR B L R BB, Loss™ . Loss® 43 Wil e m il i 4% 5 4] T G 1 IR 43 AT 55 B 5 O R
Ko S STRINGHEA, CY. C* MR RPISAES LN E. vi* v NGRS b i Sehrss,
I YR ATIRRA, N RS AR, B DA X R A RO 2 R U B . AR 3
BRI LB E MR A . D R R R AR A R R, AR SO IR AR AT T HE T
joy. surprise. neutral. sadness. fear. disgust. anger, FFHR4E 17 %4 1) 1E 7 ) FI5EFE 2 e T AH S AL EE o 38
TR SR BB ) I A R -

EF?ZSOV\GXPJ-(%) (%)
Hep, p(s) RoniBfs PET | MEERIBER DA, w R A FETEERIBCE, BUE W, =35 Wy =155
Woeural =05 Weggness = =15 Weee = =155 Wy ==2 5 Wygee = =30
4. SRIREERE 54
4.1 BiESER

ARSCHE T Ao TERT AR P T AT IR 55 X U et SR AT SE 06 . MR AR [21] 2 HUR A RIE = IR AN
JUE SR S B AT OB R (R, B T3k 10,000 XS IERE . BdEE T EE T REBOT G
G R O-FF, 1-FMR) MBS ENZ, BT AR S TROCARIES AR, SRR & 250
SCRHEAT TRALEE o SCARTRARBE S SCASZYR A2 TAF, T ZORESOARRI% . 201d . %15 H117 5% . EmoBERTa
[22]/2 —MesE ) RoBERTa #5284, 3L 22 73 A Bl , £E PSRl 45 1 o i Bt 2 BRI < BRIt
AR 45 EmoBERTa M ARV 5 {20 L 28 75 o 1 Bt SR HEAT F IR, e itH(E B SR filin e 2.
%3 PR BEREREIS. PR SMRER Sy 8:1:1.

Table 2. Statistics of emotion categories in the dataset

2. BIREREXNGIUER

BAFH joy surprise neutral sadness fear disgust anger
212,808 40,788 1,182 131,085 19,507 739 4,729 14,778

Table 3. Examples of sentences for emotion categories in the dataset

3. BIEKBEXANTFRA

IEEES] (EERNY LEES (RN
joy Okay, thank you! surprise Really?
neutral Can I pick it up myself? sadness I hope this issue can be re_solved for me as soon as
possible.
Afraid | might not be back when the . Someone | know bought this before and had the
fear . . disgust
delivery arrives. same problem.
anger Are you sure I’ll receive it by the

[number x]???
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4.2, SERGRE RIFMNERE

ASLIG T BERT AT XHE G 269025, B 12 A Transformer . 12 A~ HiER 713k F1 768 B
BICHR, FHEHIZRSE00 BERT #EATHIM6M, HALSEIBEHL Y6 . KH AdamW fi62S, &
BYIUHS% 1% 0001, B£,=09, B,=0999, L2 IEMMLREIZNE A 0.01, R HAGEH N 0, fHH
LML T 212 T SRR T 5 RS AT I3 ME .

VE RIS SRR, 18 26 0 SR PR Fm ot o] DL LG RE S T8 11 7 2 1) REAGR B, AR SR I AR HE b A
R 2R (Precision). 7 [F1% (Recal)fll F1 {5, W~ fis:

TP

pP= 6
TP+ FP ©)

Re_1P )
TP + FN

F1:2><P><R ®)
P+R

P AN N R SEBR AR O, T AN F IR AR S DL IER 5 75, TP. FPL TN. FN 73513
AFIEG] BRI BRI SR

4.3. SEHHER

43.1. EEsELE

NVEAY SLED-EC ASAY/E 2 AR 1 AR BT 55 IR I, AR ST 7 LAR ) LRlxt i 15 188 o Jpbi A
VENFEUE, HBATHE L SEE

1) DMN [23]: BhASICAZM%E, 83 s A7 R S0 3T (s B A B e 77, JCILAE R BE B A ) a2 1
RIS

2) BERT + MTL [24]: K15 GRS B UE & IRAMES 456, SRt 0biE 5 BaR A UR .

3) DialogueGCN [25]: FiI I BRI 48 A B i vh 2 53 2 IR RSO R, B4R T X 1% I 4 HT 1)
R

4) DialogueBERT [16]: Z&T F B % S XSG Wl Zrdmbid s, @it ol BERT i AR R A5 A X
FFAE, oAk T XTS5 3415 .

Table 4. Comparison of experimental results across methods
4. LR

R HERIZE P (%) H A% R (%) F11E(%)
DMN [23] 57.06 73.39 62.03
BERT + MTL [24] 61.87 78.58 67.05
DialogueGCN [25] 59.60 76.74 64.44
DialogueBERT [16] 65.12 81.85 70.18
SLED-EC” 67.78 83.81 72.36

7 4 WY SLED-EC AL HAth DU P kALY 7E 7 5 AR 5 I BT %5 R L. SLED-EC
TEWERRZ(67.78%). 73171 2:(83.81%) 1 F1 8 (72.36%)iX =St 45 bR LIS TxF EbAsi Y . 0 H AR A ]
M FL{E 7T, SLED-EC I T 7EIG BRI LA PRSP, REA T SLED-EC 7E4HRLIE 1 B 42
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AR ST o A 5 T AR 3

EHABRAELL, SLED-EC B id & A B AR 16 H ARG B RIAT 2% o J8 I 17 Ja ] LA B 1) 22 AT 55 45
14, SLED-EC REME B i it 2 H 5 7 37 5t il RO AS R SORI 26 9 FE o 6545 1R ) A0 A1) 23T 5%, SLED-
EC RefS #2250 2 400 BE I IR AL, H 456 B SUE BEMRER RIS 28 T, MM 7E B2 ME R R IR .
R4 DMN. BERT + MTL #l DialogueGCN 7EREL6 77 IR I €, (HTELLER 2 5000 1E A B R 3% 5 11
X HE, AT R PR AG RI. SLED-EC W@ A BOE A B R SCE BTG BGR], R T S 5RAE
P,

EEL 1 PRI s R, S 28 NS AR A (joy )i T i A& (anger), I G2 AR B
(FI5REUANH . SLED-EC 8 RS MER P IX — 15 25 8 #2 . filtn, 5 - #11 “Isn’t it a quality prob-
lem???” I U A AN IS 26 (0 535 BT, IR AR U e sh i 2k, EOULRE 7~ F P 4 4 IR AR AR A e 35
EHAWMAIAR L, SLED-EC 454 1 4k fE A 216 26 (5 B ANS A 1 R SCERA, #2717 R MR RE, a8
HRR RGBT 0, AR ARG T A R AIIE 2 B SR

4.32. jHRASEIE

TH RRSEIGPPAY T A S I B 0 R e Re e, BRI E IR

1) ARG RIS B R SCRISRA) TN Rl (AN A) 7 B N BERT A8
ITHEG R, 20 BTN SUE BATA A IS AR5, N skt ib iR (it .

2) AR G T REAES KT 454 SenticNet 1580, 7E BERT BEAY b g A iai5 24 15
HRRMTESs, DARRUEIR AT 55 2 B Re e FH ) T b 26 70 K itk e

3) BT b N UE B B Ay i K R A S DRI ) AR N KR AN Y, JRiE i
Character Embeddings [X A #61& A, S6E 1 R SCA5 B R AR 138 o 2 R

4) 15 RAR IS f) bR SOMAE TS 482 8 M T (SLED-EC): [AIIN 45 & id i B 45 R 5 T B |,
B RACR P 5 SR IR, DARTHE Y i 45 2 J5RE )

Table 5. Ablation study results
5. HAMLIEER

GINE1 TR ETFXER HERZ P (%) A R (%) F1 16(%)
J x x 60.56 74.24 65.20
J J x 62.74 77.66 67.26
J x J 64.36 80.01 69.11
N v J 67.78 83.81 72.36

SIS R 5 Fron, R THEBEARBE TR . UK A+ 200 15 Ry, 5
R AER R . A B3R A FL{E 575008 60.56%. 74.24%7F1 65.20%, ANHTH L E HRIEZREN. 51N
BRI RGR G, RN FLAES DR THE 62.74%H1 67.26%, (HIRTHIEE AR . X /2 R s g 5]
15 BRI B AR IG SR T X I B RE 77, AEAE 2 500 i vk 7R il e R S I IO

kI R SOE B, BRI HERA AR L 5] Z2 A0 FL AR 4 B3R T 42 64.36%. 80.01% 41 69.11%.
RSOSSN AR B 68 AR S R B HT S O R, B A MR BB AT, T T B R T AR 1
TEZ 5T, P 48 DR 2 IR ) 1Bl gD AR Ak, I AR A S B ) sl B 0l o0 A 3 AR 4, 75 1
B bR SCE BRI

GEAA)T I RRESASIEGR ) K B S0E B SLED-EC MR R I AL, HUERER . HEEAM FLE
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AL E]T 67.78%. 83.81%F1 72.36%, AHLLIEREECE IR T 7.22. 957 Al 7.16 N EH . ZEEER

il SLED-EC R S RE bl e 1F /AR5 S E g ah &2 th, AR

TSRS H 37 5 TP A N AN RS
4.3.3. 1B REHhER D 4T

HEARPERE, LG5 T HAE R IR

AP 5 s, DUAL B BRON 18 (R 26 B sl i 24 7 P M AR I I AR AL a9

I want to cancel my order.
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Figure 5. Dialogue content and emotional fluctuation curve

5. MIERESHBE KRN E

FEXPTE AR, BRI RIS Z NP, TR RS A2 AR . Kk, ARS8
PP G2, R SCT UATR DU G 25 2 28 8 -

1) BRI, P RAIRE B R B TS S T 4%, 1R 2 IR 2P0 154 B n] A 2 rh oz s R

2) TELERCT Y T UK BE LI AR DR B 55 ARAE F  TIUY . F  ABA S T

3) MHHRER: MR AXIEERE P BB, PRI REE -

4) WEHEREN Y AR R 2 A, L T .

551 5 s XGRS a2k, W LOWERBIE “REa ey Xhinrh, IR e L
LB MR RS, G2 Mt (joy) ¥ A5t (anger) . TIFE “ 1528 X, PG4 5Ers
B 7N, BT 6 B0 S A RN (LS B0 T BOUR BE 2 Y, 1L LSRG 25 (disqust) . IX AN I
FERHFIRORS FESDE, 1Eh TN R S8 Wl A P B, 76w LLRGIE 45
AR RBREI %, AT 2 IR A S, A R P AN F S T AR R

5. GiRSRE

A RS U5 A7 188 M7 D5 AR AL B 22 58504 10 b 7T SCUE B DA K LR A 5532 35 RO AL FE A Ik o i 5 T
VA AE—5E (R PR  R5 RAE 2 R0 E T, HERHR BT SOOI A (R ) 15 S TLAT AR — Bk
EEXHIX— R, ARSCER T —Fh4E & BERT BEALRI SenticNet 1] S (11524 73 A5 AL . I B & 1] 15 R4
THRAVIERAR R, B RENE A R TH X G A R AR RE ), JCEAE s A (i AL
R B 7 R RIS SRR, A SRR 2 Roxt 5 A7 B 0 M A 55 Hh R B L A v PR E A
P, JEHAE T A TR 15 17 I 5 T R AT B R AR5 . SBA M, AR AT T
X RIE RIR ARG, SRR s 5 P IR0 TR e B b, v RS A
FEVEA IR AL 1 A TSR

S SLED-EC HERLESZIG PR AU AR, Eli TITE A B E L2k A T E AT &
(e Roxt i, X AT B PR AR R AR HA P 6 BAT ML iz AL BE T . Bl SRR IS BRI AT AN, WIRER
B RAE /D BRG R(T “fear” B “disgust” ) ERIRIIESS . RACK T BRI, IF45 & 2SR

DOI: 10.12677/ssem.2025.141004 34 JR 45 b 1


https://doi.org/10.12677/ssem.2025.141004

KR, %

(Ui PUPRE), DARE SRS RO X 10 1 I A B AR AE /1. 25 RS BB RE 2 IR AR G001 Tk 0 A 10 S PE 7 5K
PN R TR S LR B A X 13 o 0 o S AN o (RIS, AR s S A U A ) TR 4 B
WU E AL, B PR, HESD T RER IR AR 4 R SE MR T TR R e, AT 3R T+ P AR 56

&5

(1]
[2]

(3]

(4]

[5]
(6]
(71

(8]

[9]

[10]

[11]

[12]

[13]
[14]
[15]

[16]

[17]

(18]

[19]
[20]

R, XEE. Bha 2 RREE SCRIE R s SO B HT T[] ARG R 224 (H R B2 RR), 2023(6): 95-107.

TR, B, 4R, 2 BT URMIEMNGEE BERT B SCA T s A HT]. tHENLRH, 2020, 40(10):
2838-2844.

Poria, S., Cambria, E., Hazarika, D., Majumder, N., Zadeh, A. and Morency, L. (2017) Context-Dependent Sentiment
Analysis in User-Generated Videos. Proceedings of the 55th Annual Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), Vancouver, July 2017, 873-883. https://doi.org/10.18653/v1/p17-1081

Majumder, N., Poria, S., Hazarika, D., Mihalcea, R., Gelbukh, A. and Cambria, E. (2019) DialogueRNN: An Attentive RNN
for Emotion Detection in Conversations. Proceedings of the AAAI Conference on Artificial Intelligence, 33, 6818-6825.
https://doi.org/10.1609/aaai.v33i01.33016818

Poria, S., Majumder, N., Mihalcea, R. and Hovy, E. (2019) Emotion Recognition in Conversation: Research Challenges,
Datasets, and Recent Advances. IEEE Access, 7, 100943-100953. https://doi.org/10.1109/access.2019.2929050

Liu, Y., Bangerter, L.R., Rovine, M.J., Zarit, S.H. and Almeida, D.M. (2018) Intrinsic Emotional Fluctuation in Daily
Negative Affect across Adulthood. The Journals of Gerontology: Series B, 73, 100-112.

Lee, C., Busso, C., Lee, S. and Narayanan, S.S. (2009) Modeling Mutual Influence of Interlocutor Emotion States in
Dyadic Spoken Interactions. Inter Speech 2009, Brighton, 6-10 September 2009, 1983-1986.
https://doi.org/10.21437/interspeech.2009-480

Tang, D., Qin, B. and Liu, T. (2015) Document Modeling with Gated Recurrent Neural Network for Sentiment Classifi-
cation. Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing, Lisbon, 17-21
September 2015,1422-1432. https://doi.org/10.18653/v1/d15-1167

Naseem, U., Razzak, I., Musial, K. and Imran, M. (2020) Transformer Based Deep Intelligent Contextual Embedding
for Twitter Sentiment Analysis. Future Generation Computer Systems, 113, 58-69.
https://doi.org/10.1016/].future.2020.06.050

Sun, G., Zhang, C. and Woodland, P.C. (2021) Transformer Language Models with LSTM-Based Cross-Utterance In-
formation Representation. ICASSP 2021-2021 IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), Toronto, 6-11 June 2021, 7363-7367. https://doi.org/10.1109/icassp39728.2021.9414477

Song, K., Bing, L., Gao, W., Lin, J., Zhao, L., Wang, J., et al. (2019) Using Customer Service Dialogues for Satisfaction
Analysis with Context-Assisted Multiple Instance Learning. Proceedings of the 2019 Conference on Empirical Methods
in Natural Language Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-
IJCNLP), Hong Kong, November 2019, 198-207. https://doi.org/10.18653/v1/d19-1019

Mao, Y., Cai, F., Guo, Y. and Chen, H. (2022) Incorporating Emotion for Response Generation in Multi-Turn Dialogues.
Applied Intelligence, 52, 7218-7229.

Devlin, J. (2018) Bert: Pre-Training of Deep Bidirectional Transformers for Language Understanding.

Koroteev, M.V. (2021) BERT: A Review of Applications in Natural Language Processing and Understanding.

Munikar, M., Shakya, S. and Shrestha, A. (2019) Fine-Grained Sentiment Classification Using Bert. 2019 Atrtificial
Intelligence for Transforming Business and Society (AITB), Kathmandu, 5 November 2019, 1-5.
https://doi.org/10.1109/aith48515.2019.8947435

Zhang, Z., Guo, T. and Chen, M. (2021) Dialogue BERT. Proceedings of the 30th ACM International Conference on
Information & Knowledge Management, New York, 1-5 November 2021, 3647-3651.
https://doi.org/10.1145/3459637.3482085

Yang, H. and Shen, J. (2021) Emotion Dynamics Modeling via BERT. 2021 International Joint Conference on Neural
Networks (IJCNN), Shenzhen, 18-22 July 2021, 1-8. https://doi.org/10.1109/ijcnn52387.2021.9533860

Ni, J., Young, T., Pandelea, V., Xue, F. and Cambria, E. (2022) Recent Advances in Deep Learning Based Dialogue
Systems: A Systematic Survey. Artificial Intelligence Review, 56, 3055-3155.
https://doi.org/10.1007/s10462-022-10248-8

SenticNet. https://sentic.net/
Poria, S., Hazarika, D., Majumder, N., Naik, G., Cambria, E. and Mihalcea, R. (2019) MELD: A Multimodal Multi-Party

DOI: 10.12677/ssem.2025.141004 35 JR 45 b 1


https://doi.org/10.12677/ssem.2025.141004
https://doi.org/10.18653/v1/p17-1081
https://doi.org/10.1609/aaai.v33i01.33016818
https://doi.org/10.1109/access.2019.2929050
https://doi.org/10.21437/interspeech.2009-480
https://doi.org/10.18653/v1/d15-1167
https://doi.org/10.1016/j.future.2020.06.050
https://doi.org/10.1109/icassp39728.2021.9414477
https://doi.org/10.18653/v1/d19-1019
https://doi.org/10.1109/aitb48515.2019.8947435
https://doi.org/10.1145/3459637.3482085
https://doi.org/10.1109/ijcnn52387.2021.9533860
https://doi.org/10.1007/s10462-022-10248-8
https://sentic.net/

KRG, B%

Dataset for Emotion Recognition in Conversations.
[21] GitHub (2018) JDDC-Baseline-Seq2Seq. https://github.com/SimonJYang/JDDC-Baseline-Seg2Seq/tree/master/data
[22] Kim, T. and Vossen, P. (2021) Emoberta: Speaker-Aware Emotion Recognition in Conversation with Roberta.

[23] Kumar, A, Irsoy, O., Ondruska, P., lyyer, M., Bradbury, J., Gulrajani, I. and Socher, R. (2016) Ask Me Anything:
Dynamic Memory Networks for Natural Language Processing. Proceedings of the 33rd International Conference on
Machine Learning, New York, 19-24 June 2016, 1378-1387.

[24] Li,J., Zhang, M., Ji, D. and Liu, Y. (2020) Multi-Task Learning with Auxiliary Speaker Identification for Conversational
Emotion Recognition.

[25] Ghosal, D., Majumder, N., Poria, S., Chhaya, N. and Gelbukh, A. (2019) Dialoguegcn: A Graph Convolutional Neural
Network for Emotion Recognition in Conversation. Proceedings of the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-
IJCNLP), Hong Kong, November 2019, 154-164. https://doi.org/10.18653/v1/d19-1015

DOI: 10.12677/ssem.2025.141004 36 JR 45 b 1


https://doi.org/10.12677/ssem.2025.141004
https://github.com/SimonJYang/JDDC-Baseline-Seq2Seq/tree/master/data
https://doi.org/10.18653/v1/d19-1015

	基于SenticNet的电商客服对话细粒度情感波动分析
	摘  要
	关键词
	Fine-Grained Emotion Fluctuation Analysis of E-Commerce Customer Service Dialogues Based on SenticNet
	Abstract
	Keywords
	1. 引言
	2. 相关研究
	2.1. 上下文依赖的对话情感分析
	2.2. 基于BERT的对话情感分析

	3. 客服对话情绪识别模型
	3.1. 问题描述
	3.2. 模型构建

	4. 实验结果及分析
	4.1. 数据集
	4.2. 实验设置及评价标准
	4.3. 实验结果
	4.3.1. 对比实验
	4.3.2. 消融实验
	4.3.3. 情绪波动曲线分析


	5. 结论与展望
	参考文献

