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Abstract

Firstly, Doc2vec model based on neural network was used to train the text vector, and then three
machine learning algorithms including Support Vector Machine (SVM), Random Forest (RF) and
Logistic Regression (LR) were used to complete the emotion classification task. The classification
performance of the three algorithms under four different Doc2vec model setting schemes is dis-
cussed respectively. Among the text vectors trained by the Distributed Memory version of Para-
graph Vector (PV-DM) algorithm, RF performs best, and its F1 score is the highest in plan 1 and
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plan 2, which are 87.24% and 87.50%, respectively. Among the text vectors trained by the Distri-
buted Bag of Words Version of Paragraph Vector (PV-DBOW) algorithm, SVM has the best perfor-
mance, and its F1 score is the highest in scheme 3 and scheme 4, which are 84.11% and 83.91%
respectively.
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BEE IR HB R R, BRATH H AT 074 T E R, B & A AR E
HATERAE TRKRAER], I G Pl R, 50 s 557 & LR S 0 PT80S 4t 221
BIMNAR T, XEESCAREE A EE BRI E . R RS A2 I8t SCAR B ], FRATTAT B
PG T I B T P i B AR KA B ) A, R T ORE R EAAHEE K. JELiL
B AR RE T, AR EE N TRE A SR AT, T 175 ST ) B 58 0E 1T DAy e A L A fi
RITI S5 HEARTEL

155 12543 1T (Sentiment Analysis) Y15 B[] 7341, 7ERET R HARE 5 A FE S i 2 —, FELEARTE
SR BR AR AR SR SCA 7y AR (58 )~ TEIROR SO MR B2 201 . BRI M B ARG S
Ab AT ) — BT BRI T T ), AR IR NG R LA oy . HUR S G b AR R SR A B i o
st (0 22 VPSR A1) T AH L PR SR s SBURF AT LUEIE MDA R PP 42 4 HE AR (0 00 st vk DAEE B B B )
], A5 i o T e 2 A A R AT, SR R B P R R WA, I T AR
T IR, DA 8 G M HE 3 5 2 T B TAE .

2. EASMAFTIR

KT SCANEE TR TE BT EE =R Fe T B J 1% M ik B T3R5 o B
(I A BT 7 BT IR B2 2] IS I i T i

LT 155 B in] JL R 195 8% 20 BT v 2 EAROR T I SR A S ) ) o TR A B R LR B B S I SRk 2 Senti-
WordNet, J53K Hu (2004)4 1]/ 37 /) Sentiment lexicon 7] #t, T4 40 7 6800 MG ir], 3T 1ok H)
W SCA I 1 BB PE . Taboada (2011) 45 [2]4 H 1 —Fft 1] L Fr) SCAE ISR B 1%, I FH o A 17 ST 1k
5 PR VR R I 7 O R M IR T BAS 40 SRR, AT SR IR SCAR IR TR P 43 2 o 6 T SO 8, L
BEA AR E A F1 (HowNet) 1 SCHF IR L, B3 K%% TUSD H ST k] BN ZE 3 TR 22 s
TR SCAREE, T EE R, BRI . B FIFEE(2017) [3]2E T SCAR G HEE, R4
T B SCAREAR A T — MR OR I A S, BRSO $2 i S U A SR 70 SR e . AER AN T ik
B L SR A2, RASE(2020) [4142H T AT LATRII A FH 22 317 k] S IR 45 A8 SO,
REME A 28 e S A7 S0 AT PR TR

BT WA BRI R T WS 21777, BRI R IR TER o A I SRR R A 7 4
FERI A I ZRB0E Hll 25 28388, dkimint R4 RS20 47 20 Tl . Pang (2002) [5]42 G M35 1 &
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VRN BSC ARSI T, S 3R EHL SVM (Support Vector Machine). 5 RRIRETY . kMg DTS4 285
VRIS FUAE RS VE IS O B HEAT LU RS Y SVM 23 28R I AR M 45 51, B A% A (2012) [6]AIHIAS
[FIBLAS 2% S Sy AN IR IR R A e B2 DA T A [o) FR AR A TR B v B AH 485 6 TR U SO AR S IR 26, 19
TEHLR T TH, ARG A VIR R PR @ 1. FhVEEIE S5 N (2014) [7]42 ) FH 5 Jak i) St i Se AR By
TR 2R T SRR A 0 T APt Ao B U VR A TR AR SR B AR 1 SR FH SR I L 43 26 - 4R B A5 N (2019)
[8Li I W& I VR B i P IR 0 K S5k — BRI T BAS By i B e, 5o BUARLBE B B

FIFAMLES 5 S S AT 1 B R B URRAE . N ThRid, BEAE B B st 5 AR, iy
BT ET R WREF IR ZEMEMBIEE PR, R T DAENLEE 5 I3 DR )oK &=
[V R TR B 2 o R B A M R VR B 2 2] (SRR R B IR A A I A b, 3l m] DA AS
HEIRR[9]. Mikolov 25 A\ (2013) [10] [11]# ki T Word2vec A5 813kl Zia] i) i, 1224507 32 BRI F 4
TE HUIA ) B R SUE B — AN A A AR ZE AR 2 1 i, ELVE SORHUT 19 1] £ o e S5 281 1 2 B AT PR A6 2
FRE BT A R FEE B R, $EH Doc2vec AL, ZAEAL IR 7RI Word2vec Il ) &
SR A F B T 1) B AT 2B 1V B T BRI « 28 RS 55 N (2013) [12]4 Hh 25 TR il 3 /R 2% 2 L) TG 1]
TCAREAE R 0, FOIRTF TARvE R 7 20E B B TR shIE, —EfEfE R T2 Re ). RS
N (2014) [13]4 H 25 G ik A #4225 5 45 I ME R B A R s Ak, 1 SRIEUSCAR SRR IR B8 77 T VETEAL B
TR B AN 2 2R OR I B8 T N TARER) TAE &

ZCHET Doc2vec BRI SCAR R, BRI FEMFE, 58456 =M R RINLEE S o) Bk T 15 B
S, AR LR F 0 20 8 PPl F bk Al 7 R 28 1 e
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Figure 1. Emotion classification framework based on Doc2vec model
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AR T ER—SHEAA RE T ENLITRA, BD 5 Z XX e SO BT 45 Mtk b 22 . Mikolov %5 AT
2013 4[10] 1 X FE H T Word2vec 5 BRI Zrid] ) o REA R50EE o i A i B 2% (R 4R £ e e o LI ZRad F2
FRAE I 25 1) B 73 AN R T 4 P Ab A7, BT Continuous Bag-of-Word Model (CBOW)# 71 Skip-gram #5
i,

N T TR Word2vec VI 2k ia] [a] 5 7R 0] F B UK R 225 5 2B P IR IR, Mikolov [11][R]4F42
th Doc2vec 77V, 1%771%[R] Word2vee — Kt 70 F WML AU 2544, 73794 Distributed Memory version of
Paragraph Vector (PV-DM)#1 Distributed Bag of Words version of Paragraph Vector (PV-DBOW), DM &k
JREREIGNE] 2 From: B8 B LA B E PR A A b, N BRI B ] ) O I B A A
MBI NN N2, SR JE B BR B T BRI AT AL, AR SEIUR R SO TR R I B AT TR
M. DBOW Sy B TE BHLER T BRI A2 b B — JORACRFE — D SO T 1, PR BEALRAE— N
W, SEPU N B A ) AT B T, xRy S e] DR SR B R . SR B AN ] 3 R
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Figure 2. Principle of PV-DM algorithm
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Figure 3. Principle of PV-DBOW algorithm
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ARSI I R T\ TCER PR N R H R B 51 5 58 2w 10 B RS 1 SRR 5% B 35 PHE
FESEBGARBHIWCR G, 75 20 TUAR O SCAR BRSO 0 BOTEBE S AR B, SCAREHE (O BUAL BLRURE KBUN: X
AEE, B EERRESE BRI KGR BN S 05 ER A A, R
ZRHEAEATARE, JF BRI INZREE . ke, SRR Bt 22 i BB R, BPHE % 900 4%, 4l
FH, EBRIERIFIRIGR 810 5. HEAT N TARESG, BURIFIRY 555 %, WHAREEIFIE 255 %. %k
567 7k, A% 243 5. BARMEIL L AR 0 N ThRIE R0 Hicds WAk 1 57 2.

Table 1. Experimental data structure
= 1. KN HEIRLEH

EAEITE et iy AR I Bt
IGREE 389 178 567
MR 166 77 243

At 555 255 810

Table 2. Manual annotation of original document (part)

= 2. RIS A TAREERS)

kel PRGSO ialeS)]
24 LB 1
48 o [ (A e e [ K] B 1
206 A =R AR IR, BB 0

AN RIZ B 5 7 2 ] SV B

318 R R 0

454 Wepk ! —3 D R OO O 1

577 T, RIS, BEEGs, LA, A, .
ARER, gEoE=, JER, & &

689 AT PR B, A T T S A AT AR 0

o TUREIEST, ERIERG 1Y), RERRD L, 0

HUERAHT, AR AR R

A T ICE RS A KR AR P ARG 17 5 9830, WS, X/ mst H
FEF AT AR, 223 b FE 2 Jm, SO RAREA P07 45 B e, A EEAEH] Jieba 73] 5 4t 56 o 1l #:4F
1203 Ja BT RHE A AE — e e R SO AR, fitm IR, T, fg, e AR, AT NG oK A
PEEBR KR MBI AN To S iR . i TAL B S (80 7y SCR n R 3% 3.
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Table 3. Pre-processed comment text (part)

3 3. AR EHITIL A (RRSY)

55 R B S B 465

754 1 RIAFGARETIT @ 4%, “WazH]

241 1 AL [ “R#E"]

51 . SRATE I 22 55 P D A R e e

167 1 SRR 5 7 [ 37 ]

129 . KHT [“AHET” ]

208 0 FT A A AR I [t B ]

o o BEEBERAREREN G el

IR SET I

544 1 REHH [“%”, “hE"]

458 1 FEIE T . [ “SF87 . “Ug” ]

o1 L R A T AT | Y, R, “mB
XS R, BT CAE ]

4.2. BT Doc2vec BRI A G =

L0 AR — RPN TR L 5, JFIRKI SOAME AR T B B EAMA,  (H TSR TE R

HH IR 3R] o 2R T SORR [ AL 5 0 P B A TR AR SR AT S5 M A AL BED R

SE A AL = A Doc2vee K AR AR TR, BARE H python BLY gensim JE SR AL 1125
gy M SCAS [ B I - gensim JZE H1 Doc2vec B HH ] S 4E % (vector_size) BRIAA 100 4, — R EIE R Z ,
ZAEMOK . BRESE dm BRIAEL 1 BPSRA PV-DM 5035, 5 80K 43 BE FH R BT N Sk, G S

IV E 100 4ERT 50 4, 73 AR A AR R J5 5ER AR 73 AR 1 73 KRR
4.3. BETHHRFE IR EHITERS K

AR =LA 5% S I SR 20 R A RS B I G 46 kA7 40 2. SRR EHL SVM (Support
Vector Machine). BEAL#AM RF (Random Forest). iZ%#[5]) LR (Logistic Regression), it 7325 fi 20
{43 2R, 32 B B Fa bR A 00 2 (Accuracy) « £ 4= 3% (Recall) . 75 (Precision). F1 73 %1 (F1 score),

TPREERINRAE TR 4 P, R SR bR B AR RIE A 5

Table 4. Confusion

matrix for classification results
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T ﬁ ; S 1 ¥ 1
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HERfIZR . accuracy = 1
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T4eF. recall=——. 2
* TP+FN @)
EUER . precision = ——— . 3
#p TP+FP @)
FL M Fle2x precision - recall @)

precision + recall

7 5 NHFE I Doc2vec FEIU I E T = AHLAR 22 S BE R R ERE VAL 45 SR, 1 4 tHEW EXT AN
KB IABPREIAT X . A 7 R — KRR SHORE N dm =1, size =100, 775 KRB
BEN dm =1, size =50, HRE=FREASHEE N dm =0, size =100, FRNEKRERSHEKEN
dm =0, size =50,

Table 5. Comparison of classification results of machine learning algorithms under different Doc2vec model schemes
F 5. & Doc2vec IREI T RTHLERF JE XD LRI

o ‘ ) BLES 2 S 0%
ES AL FEAR
SVM RF LR
Time 45 ms 304 ms 53 ms
Accuracy 71.79% 81.68% 80.25%
o Recall 95.38% 91.28% 87.66%
E e o
Precision 72.38% 83.67% 84.39%
F1 82.27% 87.24% 85.93%
Time 30 ms 367 ms 68 ms
Accuracy 72.50% 82.19% 81.30%
. Recall 94.10% 90.74% 89.96%
TR
Precision 73.41% 84.62% 83.98%
F1 82.44% 87.50% 86.81%
Time 41 ms 348 ms 52 ms
Accuracy 14.77% 76.17% 66.67%
o Recall 97.17% 89.71% 80.47%
HER=
Precision 74.16% 78.82% 73.76%
F1 84.11% 83.82% 76.85%
Time 21 ms 271 ms 61 ms
Accuracy 74.44% 75.69% 72.15%
o Recall 97.18% 91.02% 87.40%
&N
Precision 73.84% 77.57% 75.78%
F1 83.91% 83.71% 81.12%
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Figure 4. Comparison of machine learning algorithm classification performance under different Doc2vec model schemes
4. % Doc2vec {REV G RTHERF I B E 7 K MEREXTEE

M ERGER KR, FNHET, SYM EE 2RIEN TR, MAEAL 2GR, 42 F
AR ZH ISR, B LR IEAR RIS 50 FL B fatn; AT RINEE TR
E, RF BARRIELL SVM I LR 4. WNEARS ARV KRS, SYM ETT R = WWRIMETTE—. 1L,
Bl SVM 7£ PV-DBOW &k FRIEM; LR 5 SVM MIx, 77 E—. — FEAFEERERDL, BIE PV-DM
SRR b

5. &ig

JEL A Doc2vec RGBT IR SCAE T M &4k, HrB{EH PV-DM HiLF PV-DBOW HikJf
VAR ISR, S i R AR R — PRI SVM. RF. LR SERUE IR TS, FRREIE
W, Aed, JUER. FL 80U J7 ORI SRVERE . @ tLET LR, X4l PV-DM %l
ZRINSCA S, BENLARMR IR, 450N 100 I F1 5 3UELF] 87.24%, 44k 50 I, F1 %uE
15 87.50%; Xf&id PV-DBOW SLIEIZRHISCA 2K, SCHFRENIRIER, 4E%0y 100 i F1 {HiE 3]
84.11%, #E¥H 50 N F1 A3 83.91%, skbrigfEry, SCHFFmENL RN B, e T AIIZREA.
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