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AP, SHEAPEREIEREETERMN, EBREMHERSHEUASHBESHR. 1) £H
Word2vec 4R SRR FAL B 5 A R iA &, #ELSTM/BILSTMEZR!, W& LMEER,
LSTMBT BBt () B 4 ; 2) #JETextCNN + LSTM/BILSTMAE !, 1 F TextCNN3IREX [q] B4R 4E, Wit
LSTM/BILSTM % ] 15 R P42, /> $ I 1 F1-Score 32 7 4110% ; 3) #J & TextCNN + LSTM +
Muti_Head_Attentiont® %!, RINEZ LERINHIERFEFZZ RS ERR, FEMN—FF, o83
fIF1-Score LR RIEFH1%; 4) 3 FHBEAUM BRI 2R 50 2 DURR20% KR R AR R R 10% K H =
F; 5) EFEIANEMEAEEFRERRMERELZE, HOEIEHIF1-Score LRIEF2%; 6) FH
Bert/Robertalf] 7 A 28 AR R BN AR Word2vec 5/ 4t RNN, B 2| &R L5 &, -ALINI%/12%,
PALPEE R, BRI RA KR T, (ERNTextCNN, LSTME5£LEE NG, MERMHITE.
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Abstract

As Micro-Dramas grow in popularity worldwide, this article evaluates user reviews from Ten-
cent’s “Shifen Theater”, analyzing imbalanced data sentiment and comparing various models and
combinations. 1) Word2Vec’s bag-of-words model turns preprocessed text into vectors, building
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LSTM/BIiLSTM models—both perform poorly, with LSTM being the fastest; 2) The TextCNN + LSTM/
BiLSTM model uses TextCNN for vector features and LSTM/BiLSTM for sentiment learning, boosting
the F1-Score for rare data by about 10%; 3) Adding Multi-Head Attention to TextCNN + LSTM/BiLSTM
captures intricate character relationships, doubling the runtime and increasing the F1-Score by 1%;
4) Random deletion enhances data but sacrifices 20% precision for 10% better recall; 5) Add resid-
ual connections to the convolution layers in model 3, improving the F1-Score by 2% on sparse data;
6) Replacing Word2Vec and traditional RNNs with Bert/Roberta improves results by 11%/14%
over the third model, offers better generalizability, but increases time and cost significantly. How-
ever, incorporating TextCNN, LSTM, and Multi-Head Attention can decrease performance.
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AR 1 20 R r L R PR S, O Rl 48 AR SRR I AL R0 B 15 0B e . A6 AR B Y
RO LG BONIESEA R G TR 2RI [ 1], JEPIAER, BEAE AT AR B 4K, fEmEE T
s RKEAT WA R AR T JE R FT A R R 5E (R Rl — BR B ORI AT ML KU o 20 el 37 52 Js TRAIL AT st
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2. HHXHR

ARG S BT AR S FARTE S BR8NP E WA, A R 0 M S A 3k
AT50HT AbFE . HAHEBE KRR 2] AR Ok R 24, U =M 3R BB 778, BT 15T 3],
BT WA (4], BT IREEA (5] B TH1% Bn] S 7 ki o N Dk 2 458 0 T 4% ol ] Y47 SR 1) ) L
X CAHATIG R, WA REE KR, H e 1S 28 B SGE ORISR MR . L85
IR T /NI AR SR RUR R, (AR S L B RHIE TR, HEEEHER =g, Hikmis
BT B URIES AR AT HIE, A0 1 R HIDURAE AP IR, T K8 R L %
LA S VR B N Y, a0 [ 616 F Mish R EUCF TextCNN A Relu B3, —EfEE LM
BT SN OB R AR, R AT 55 7] N EFH Emoji2vec SREUERTE M, 295l IR B R 42 Joy 26 3R 15
RS vER IR R ISR R AE 775 5 OREE & fa 85 B JB0E[8]58 At 7 DPCNN 4%, #inz
M2 RIZEBEVZ, 3850 Batch_Norm 5iliAviAE, 7T DASZEUHE N ==& () SCAK BE B AR A OC 2 IR AR 2208
G e RPN U N S P VNG DN g e S o N 2 4 T D D S e P
AN RBER 250 1 1A B 1A BN, A AL AT DLt 2 S B [ E P R B . EIEE10)1F AR T —
FiEnE 2 ZEANL. SRR TR ia s, 2 ImIE AL BRRN By S IHLEITE N AL, 7ERR&BC
TS SCRIE B KRG EH R BCR .

2.1. BRI
I T2 NLP AL 55 (10— WTE BT 55, 424 H AR SO o (1045 125 U R Ay 1250 (175 2
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. fEL5r. X BURSFSUSTAE ZRN A, HITEABEAR TR, SRS =5,

2.1.1. EFHERRRAFRIH

A PN T 452 £ 175 JE ] 0SSR v B 5 BRI R AT R 3, AR A543 I 57 Sk 4 B ST A F) 17 AW 1
TR AR AN TARTE AR SR 55 0 R S, S BN SCAR 1 4 SRR AR B 2,
FH 45 5 A0 1 ) S R AR X B, S AR 2 ST U A 11]-[13]

2.1.2. ETHRFINBERIH
MRS, R OOR BT AL BRI TR S, SERNLER S5k, gt RIE, BEHLAR
MRS SCREPENL. FNER U847 73 26 14] [15].

2.13. ETFFREXINBERIH
FETFVRE 22 311 )5 1546 Word2vec. FastText. Seq2Seq. LSTM. GRU. TextCNN. Transformer. GPT.
Bert. XLNet. Roberta 5, HATE 5 ALB M RCRIRBK 2L .

2.2. Word2vec

HAE S AL F(NLP) & — TR FC v LA T R A L A2 L 44y AR R, B 228, BORE S Abs
B AR ) A AT, IR )T, A TALBRTE, BORARCCE, CREARSON . tHENLCERE
fENERITE S, BT SO AT EALA LR AR RIS S, BIE R A (word-embedding): K SCA L ]
AT, RoR A .

Word2vec & Tomas.Mikolov %6 A7 {Efficient Estimation of Word Representation in Vector Space) [16]
=PRI, AT 2013 SETTHOR AR, RAES E RITERVE, ARG A IR R SOA s A AL
A A EE A . Word2vee 2 BRI BRI AL, 1% 4217 4¥(Continuous Bag-of-Words, CBOW) 5 Bk 1%
2Y(Skip-Gram). Word2vec BEALERE | AR 5 AL PSS FLHI AR, AR ZAME T Ik HEm it 48 11
ENSCZ AR R o TS IR ARSI B 1o v 0o ] SCAS P A7 ] B 1S SR R TN |, T SRR AR R
AN, BRICECS T S 1) S BME, TSRO SRR, A3y, e RY, u, e RYONIAIBR NI R 51 1 1
T i) 5 e, W0 o_c RPN R G e, R 0,,0,,, 0, EFEIT RGN o0l,02,-+,0k
FRAE T S5 ] T PO dd] (1 2 (D) s, IR AR S5 M4 1 fros .

PN BWAE PR = wHE

W(t-2—— One-Hot

W(t-1}— One-Hot

Embedding
P (Word_num —P» (()wg;t
W *vectors)
(t+1}——p One-Hot

W(t+2}—— One-Hot

Figure 1. Word2vec’s Continuous Bag-of-Words (CBOW) architecture
& 1. Word2vec FELLiR) R 451
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2.3. TextCNN

BRI L 12 N THBUHE T T, JCH R THENI AU M) TAE. 2014 4F, Yoon Kim [17]%F
X CNN BT 1 — e (R 2sh, AT — B CNN AR, ghkg K ARMIR, (EAE RS R N w7 1A
MRRIER R, FhEHFARES 48, HESET, ST UREE, SEEgaERr— b,
ANREAR G M AL B 7 A5 R, BRUZEUDN, TOERR K I B, RN L)2 1T R 5 3530 0 4 FHARRAE,
BB R AN LSTM RS . TextCNN % 45 Ky B 11 1] 2 Fffos o

B} 23 ERE R 2EEE

» X
([

Figure 2. TextCNN network architecture
B 2. TextCNN 4% 454

2.4. LSTM

LSTM (M 5580 NENTT, 81T, frtir], M T4 40 RNN BEEUAETE 1 K 5 S i
THI, SRR AE R BRI AU 5 S BB IR 1), LSTM AN[A) 2 ALFE T35 T iR S 51,
MRS LS BAEFHI L% T 2, IS 1@ Sigmoid SR 0 F1 1 A &, A2 i 3 5 A%
BAEE, BREENE T —AN RS BX T — M S0 R, R ZENAK, WS REET 1, E57E
— SE R Y R BRI - BILSTM A2 X0 [A] LSTM, HI#§/S LSTM 4%, 23 Wil A B IE 52 [ () 7 471
NI B L AR X ] R SO, PR XU 285 SR e, R BIEE . BB IR T, HESHud 2, Wk
MEPE R, ELARRRIEZE, FH AR 58 A3 B BB NE , W B AE I AR 15 4T KL BR B F i BR 1l . LSTM
HIoKE 5 BILSTM Mg 544 I an|= 3, 15 4 B

2.5. Transformer

Transformer ) 4mhd 5% 5 #6284 % 6 4~ Encoder Block 55 6 4™ Decoder Block 20, E&/MEiA 42
ERINE], NERES IR 7. KRN ZkiERE IS A iR IR A R, WA
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Figure 3. LSTM (Long Short-Term Memory) unit
[ 3. LSTM #7T
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Figure 4. BILSTM Network Architectur
[ 4. BILSTM M4k 4549

WERE X SRCE R WO WS WY A RA R O (B), K GRAE), V(). M R R
Hith. Transformer HIXI T4 RNN B, Hooh T K36 R RMGHILRIE MRS, TR
KRR, (RN, HERA, WS, R TR, BRAa KRR, SWEWE s Fix.
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Figure 5. Transformer network architectur
& 5. Transformer £544 &
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2.6. Bert

BERT (Bidirectional Encoder Representation from Transformers) & 2018 4F 10 H B Google AI #f 7 f 12
I —Fh A 2R, %A AL S RNN 5 CNN ALY, T2 H 7 2 )21 Transformer £5#4, KEE
JAXA] Transformer [#) Encoder 4544, #HXTTHABKEE T Transformer HIBLAL, XUWmIL5H 1 Bert AN
Masked Language Model 5 Next Sentence Prediction BT ISR, R ELF, ZAEE I S EHEMERE, 18
FARE 5 ACEE 1) - A AR R4S T BLRR A X 1) 5Lk A ST . Roberta J& Bert (358K, B K[ batch_size, H
PERWIISREdE, BERITER), (EHZhAMLIFER T NSP.

2.7. BREEHE

REE2 IR TR 2, WL ) SIS I T RE, S22, gk, IR IR 2l
EH RN AL 18], Srivastava RK [19]%5 N 52 2] LSTM M5 &K, $EH T 5% 2 % H2(Residual Connection,
ResO) 461, BIAK(Q2), AT (x,WT)=00f, Y=x, X4T(x, WT)=11f, Y=H(x, WH). HeK[20]% A
e 7 AK, RIAKEG), 7 ESISLIIIE, BEEER 2 N T A AR A b . SR EIE R
TELZHREGCAPREE, MMANERGE2BLE, REEEMIHRAIKERIERE T, HRER
THALRHIE L. B 6 iR,

X
v
Weight Layer

F(x) Relu . & .
v identity

Weight Layer

F(x)+x

Relu

Figure 6. Residual connection
B 6. FREiERE
Y=H(x,WH)-T(x,WT)+X-(1-T (x,WT)) )
Y=H(x,WH)+X &)
2.8. SwiGlu

SWiGLU [21]2 2020 A2 i —Fp LT Swish 5 GLU 305 B8 8. SwiGLU | yZ B F T %R0 K
BTG FEN /B, %R B3 . GLU (Gated Linear Units, [J3#£kMEB 0@ L5 N MNARILE:Z, Hrb
—AN& I Sigmoid R, PIEIZEICRAATE, M SLIL1HE AT AL BRES A -

Glu(x,W,V,b,c)=0'(xW+b)O(xV+C) @)

Swish & —Fl IR TR H0R B8, 5141 Relu AR, & RGETUEEIN, R T IHENE, —
SEFRRE FGRAR TRRIEH RN, KR p=00, REGEIL TAIERE y=x"2. p=11K, RELHHH
W, EMT Silu KA. I T oo, MEGEIET Relu BREL.
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T, FEF
Swish , (x) = xx Sigmoid ( Sx) 5)
ARG ALK (@), HBAR Sigmoid K, 75F] SwiGLU [HFRiL
SwiGlu (x,W,V) = SwiGlu, (x# ) O (xV) (6)
TE R 20 W 28 1 0k 5l R
FNNSwiGlu(x, W,V W, ) =(Swish, (xI,) O (xV)) W, 7

Swish PIHEBRETIR 71558 Relu BRECTEX A2 TR PRI DL, T GLU B IEH L] AT BLikaf2e
W22 S B A FIREROR, SR EBEEIZARE ), X TRFH, KBRS SRR RIFECR, SWiGLU 45
& VER R, P RSEETURE AR RS sh SRR, RHAE %5 RGN,

2.9, g5

AEAE T Ja s R, Eid R LSTM/BILSTM. TextCNN + LSTM/BILSTM. TextCNN
+LSTM/BILSTM + Muti_head_attention. Bert/Roberta #5754, FLEAFMSERL 2 [B]I8COR 5208, EIRE R
A, OSBRI O TR S A, NI AR AR A T T A K

3. BARRE R BT
3.1. BUEIRE

ARG RAIR T+ Rl b, REP PR — T ROAERI (HREE) (R L) CE#IRE ) (T
WifidE) (TS NIRRT R, FIH python Beit€H, TEEGF/> WHI%E, JLA 18,862 ¥l 15
SRS YFR ID, 477, HEFESE, FRNAE, WAENK, H/4. TRREHELHAE, fitESHEIf
SR, BRSO 2 VR, WOHERESIE 1 & 5 0l ANetE, —RBatts, . it
SRENERE, RIS AN LA, —pEAim Tarvr, kst 3 0 KUL NI, LR ObEW, N LEBRE
M FVER IR S 0 OGP, VP 12,835 %%, ZEVFIL 880 %, JE TR EE AT HUE

3.2. BURTALIE

X SCAHEAT B A AN EE, RBRERE, Ebe LEE WA EGEE, REEiTE, HkEANT
WG PR s BB B RS, MR SR e IR A vERf I . A SCERC B s AR, 22687
AR A W TR A R MO )R A . R TS RER S RiE, 8K, HILE
RN RE AR SO BeE MBSO, FEI T L E, EBRER Y, MR WE 1 Fir.

Table 1. Preprocessing effect
= 1. FRALEEHR

e T
ﬁ’@ﬂﬁﬁﬁﬂﬁf‘%@%ﬁgﬁ; RELL BABEL om w106 S0 92 0 A ABE AEN
UL, WREITAT S, BIERmA, AR v BN U i BN S 7w

ST AR [ WiE il R
BB S LA A B B L AN RIS
YRR AT W
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3.3. jaEEK
ASAFH python H' gensim FE ] Word2vec 584 FIE LRSS, HARSHPECE Wk 2 Fios.

Table 2. Word2vec hyperparameters
%% 2. Word2vec B #

S S HUE
sg 0
size 100
window 10
min_count 1
workers 4

epochs 20

UIZRIFAF 2] 5, K SO K #4501 B 3, AN ] St A B8 SOAR B A AR IR /N 2 ) AR

4. SMHIRRE

4.1. BUREX S

RIS BRSO A RS, LA 8:1:1 FILLBI R AR dE . IR S IR4E, K 1A M s HOA torch
T, OAREA float32, ARZNKEER, -4 pad sequence ¥ K8, B IR, /DT 3
780, FEHEA)E, BRI E i Dataloader .
4.2. HEBEIRE
4.2.1. ER—

F45 LSTM/BILSTM #5722 3] R 2784k T Mg %5 ¢ warm-up + cos iRk, HSE N 3 Fios.

Table 3. LSTM/BILSTM hyperparameters
% 3. LSTM/BILSTM B&#

HZH HZHUE
Input_size vector_size(100)
Hidden_size 100
Num_layers 3
Num_epochs 15
Learning_rate 3e-4
Criterion CrossEntropyLoss
Optimizer AdamW
Num_Warmup_Steps 0.1*training_total steps

422, ER—
TextCNN 7] DL FE 4f- i 3TE 7] & B I E FOAFE, 454 TextCNN 5 LSTM/BILSTM #5754, TextCnn F)
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Mgk Rl E, BANZE, BRE, WHESRHE, BRERRN I ST ERERE, BN
[F] K /IND n-gram RRAE, 38 I AN [F) K/ A R SR EOCE 4 THT 4 R B R i o Ak 20 A R s SR AT AL, s
S5 R Ay KRR A &, DR RHIESERE , SR BRRE . TextCnn $2HUE BRHIE)S , £\ LSTM,
WRIFIEFR A MERE R . HXT LSTM/BILSTM, Jill | TextCNN J& ST R ZRIA K, HARET]

—ERTE, BMSHCRIHWE T R

— T e B b T ) R ST/

A&

\ 4

—#HER — HEIF— — Tt — BUELSR SEER

Figure 7. Model 2 structure
R k£ )

AR =)Z TextCNN, %5y ConvlD + BatchNorm1d + AvgPool1D + Dropout + LSTM/BILSTM.
F A hyperopt, f¥H fmin, tpe, hp, Trials SEIL IR AAG, XA S AN SEOHAT RN, F ) FEL
SRR 1% 4% warm-up + cos IR K, TEYIGVIARERRRE , J5 I8 I il b 2% =) SR8 I RS SIOH RS, (4958
BUOSREAE. SHnE 4 Fiog.

Table 4. TextCNN + LSTM/BILSTM hyperparameters
%% 4. TextCNN + LSTM/BILSTM #B&#

HZH HZHUE
Input_size vector_size (100)
Conv_First_ Out_Channels 64
Kernel Size 3
Activation Function SwiGLU
Hidden_Size 100
Num_Layers 3
Num_Epochs 15
Learning_Rate 3.5¢4
Dropout_Rate 0.1
Criterion CrossEntropyLoss
Optimizer AdamW
Num_ Warmup_Steps 0.1*training_total steps

4.2.3. BE=
2 JVER JIWLHI(Muti_head attention, MHA) B & 2 AN HER A, o] DL KRR BV & B RN 2

2R 52 0. #J8 TextCNN + (LSTM/BILSTM) + MHA, 314 5 fin.

DOI: 10.12677/hjdm.2025.151007 90 B 540


https://doi.org/10.12677/hjdm.2025.151007

TOCE, T

Table 5. TextCNN + LSTM/BILSTM + MHA hyperparameters
% 5. TextCNN + LSTM/BILSTM + MHA 85

B HZHUE
Num_Heads 16

4.2.4. BB, IEUER MR
BRSNS G PSR E R, 1 B I0IE 52 U B U I 8 O R U X £E,  Precision, Recall, F1-Score
JERIE/ PN BB OL, 45 Rk 6 Fius.

Table 6. Model Test Results
< 6. ARG R

it Fudin) Accuracy Precision Recall F1-Score

LST™M 20.64 0.94 0.97/0.65 0.97/0.59 0.97/0.62

BILSTM 49.57 0.94 0.97/0.61 0.97/0.62 0.97/0.61

TextCNN + LSTM 204.69 0.95 0.96/0.83 0.99/0.51 0.98/0.63

TextCNN + BILSTM 352.99 0.95 0.96/0.80 0.99/0.51 0.98/0.62
TextCNN + BILSTM + Random_Delete 471.24 0.94 0.97/0.58 0.96/0.63 0.97/0.61
TCNN + MHA 195.36 0.95 0.96/0.75 0.99/0.52 0.97/0.61

TCNN + LSTM + MHA 433.65 0.95 0.96/0.76 0.99/0.53 0.97/0.64

TCNN + BILSTM + MHA 579.58 0.95 0.96/0.75 0.99/0.52 0.97/0.62
TCNN + ResC + BILSTM + MHA 189.14 0.95 0.97/0.74 0.98/0.59 0.97/0.66

BT HE A T4, R L F1-Score AR AL A = Bl S bnifE . HH3 4 WTLUE H, BILSTM 5 LSTM
TEZEEE AR TP AT, BILSTM YIZRFT i B ] H LSTM A2 15 1 84.65%, U PEI 25 LA 5 H A
—8, ZEPEIEN F1-Score fx il 1A 0.62. ¥ TextCNN Ji&, AR RHERTRIR S T 1%, ZEPEFHH
FEHERAT 18% LA LRO4RTE, RIS A BIR FREL 10%, AR EE Ak 0.63, 77T 1%, ZHAK, Bkt
BTG TextCNN [ 2~3 £, 38 Ik Bl AL 3 1 77 2Qa 5 G v A, R BB LUK T SR BRAIK 20% 40 47 AR I 42
11 10%20 45 (1A 51 23  TextCNN I 22 Skid OB ALS , 80 IE 25 T LSTM/BILSTM, %8l LSTM/BISLTM
J&i» F1-Score ftif BUETRMEE] 0.64, $&m T 1%, kRS E T —ff. fEARRFIMATRZEER:, IIZKR
MR R R R4 A, HL 229 i F1-Score s AliA 0.66, RR R,

4.2.5. =&Y

FJ# Bert/Robert #7Y, A CAH FH A& 25 8 BAER 3 P SC3E AT T 250 bert-base-chinese #27, A&
KN KGR KBRS 288 E AP S Roberta TRYIZRETY, #0018 280 SCAR AT R EAL, @S EnE
7, 2% 8 FizNo

Table 7. BertTokenizer hyperparameters
%% 7. BertTokenizer i85

S H S
add_special_tokens vector_size (100)
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max_length 64
padding 3
truncation SwiGLU
return_tensors 100
Table 8. Model hyperparameters
3% 8. Model 8853
HZH HZHUE
Num_Epochs 15
Learning_Rate 3e—4
criterion CrossEntropyLoss
optimizer AdamW

B UIZRIG TSRS, BRI R/ MR OB T, R R0 9 P

Table 9. Bert/Roberta Test Results
% 9. Bert/Roberta Uit 5 R

it Accuracy Recall F1-Score
Bert 0.97 0.99/0.66 0.98/0.74
Roberta 0.97 1.00/0.66 0.99/0.77

Al LVE Y, B A L B S BUOH s E 2 22 45K, RUR M Z R AT A AL, (H B S
BB SR 5 TE], MZBFRIMER, TextCNN + LSTM + Muti_head Attention & 21, M4 HEKE,
Bert/Roberta R 4Z T . TIAM TextCNN. LSTM. £33 & H)a, HARCR bl —& TR,

%10 Fizse

Table 10. Bert/Roberta test results
%= 10. Bert/Roberta UK 45 R

it Accuracy Precision Recall F1-Score
Bert + LSTM 0.96 0.97/0.81 1.00/0.36 0.98/0.50
Roberta + LSTM + MHA 0.97 0.97/0.84 0.99/0.52 0.98/0.64

5. &g

St Z R, ATLLE Y, AR T Word2vec, Bert 78 H SCSCAE B S B T KA
BOR,  [FII TR B A I B T Word2vee, f# | Word2vec + TextCNN + LSTM + Muti_head_attention + #
R AR, BFRGE, Z0d DUk B8 2405, DL F1-Score i @ hnit, AR TR 1H
ST N 10%. B4 H] Bert/Roberta, AFSIEILT, BUERIRTILIN 11%5 14%, S IHHEARHET70 R
H, ZALPERE SR, PRI TextCNN. LSTM. Z:KiERE NJE, BORRMm R .
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E )RR R AT. B R BALSR I AT 5T 1E— 505 W 4 e B 21 St GRS AT R 2R T
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