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A semi-supervised model for sentence-level sentiment classification
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(School of Computer Science, Northwestern Polytechnical University, Xi’an 710072, P. R. China)

Abstract: Sentence sentiment classification is an important task for extracting emotional semantics from text.
Currently, the best tools for sentence sentiment classification leverage deep neural networks, particularly BERT-
based models. However, these models require large, high-quality labeled datasets to perform effectively. In
practice, labeled data is usually limited, leading to overfitting on small datasets and difficulties in capturing subtle
sentiment features. Although existing semi-supervised models utilize features from large unlabeled datasets, they
still face challenges from errors introduced by pseudo-labeled samples. Additionally, once test data is labeled,
these models often do not adapt by incorporating feature information from test data. To address these issues, this
paper proposes a semi-supervised sentence sentiment classification model. First, a K-nearest neighbors-based
weighting mechanism is designed, assigning higher weights to high confidence samples to minimize error
propagation during parameter learning. Second, a two-stage training mechanism is implemented, enabling the
model to correct misclassified samples in the test data. Extensive experiments on multiple datasets show that this
method achieves strong performance on small datasets.
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Fig.1 The diagram of the two-stage self-training framework proposed in this paper.
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Fig.2 The frame diagram of the first stage self-training
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Fig.3 Diagram of the second stage self-training framework.
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TRMAE A x, BT AL K 1h o B R AR A 30 (9) M8 8 1 BALD $U{H , C 7R 28 ML, TR %A U8, 52k
i E T=30,
422 W%HiEAE

6, Teacher 155 70 feff FH 25 A 25 55040 2R 1 By BE AR BRI Aty D AR 28 1) O b v B8 AE M I 2R 46 2 511 25, 15 3]
YR (AT £ W RoR BRI S B 335 R 2L T BALD B9 5 78 Moass 263 8 B0 4 A 1 36 45 30 0 B0 e 1 0 b
WR I 2R A 9 2 A I 282 Il 25 Student B o Student 15 R I 2k 4 J5 copy B 7 2 54 4y Teacher £ 7Y
Teacher 15 7 7 ¢ F50 0 0 2 25 405 4% , A5 3] Jme o T ME 23, 79 1 FH BALD Jy 12k di 7 46 438 30 - 00 3K 50 40 4% n 1)
Jir iy 9 I 25 B0 4R b Il 25 Student B 7 . Teacher 152 Y K HU A U fiff F iy S it 455 780 4% /2 RoBERTa #E 71 , [H 2y
RoBERTa 5 8 1E SCA 73 28 G bl 1k fi LB feoe , HL I Aol O3 i 28 A0 G AT 551,

L 15 2 B B self-training VIl 25 3 72

W RN BRI SR, W 378 5 e e BB 280, TR B R 6 A B AR 20, Test 7m0 45 L x R
PR D, i a) I L () s AR IRV B Y logits , pl 3R A RYTE ¢ 56 1) ToUI A AR A i
A IR BE 4 D, A K 2 Test

i Y ST RO

L AR bR 48 1 B 46 b D, ORI £

2.While n < Itr do

3. M\ Test i BEAL 2 5 — A8 70 A b i 6944k D,

4.Forx e D,

5.ForteT

6. W ~Droupout (W)

7. p. = softmax ( f" (x))

8. End For

9. MG A (9) IR HEA x, ) BALD
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10. AR 24 2 (8) B x, B RAE AL s,

11. End For

12. 78 D, PR EEA SRR s, 8| R, |4~ 32 451
13 fdi FIREHY £ PhbRiE R,

14 BN E D, - > D, + R, EHYIZBIHL £
15. End While

16. % AL AL 5 (B R £

5 SCI§

KT B VA B T 44 T B AT 55 O T A ) A o B 4 43 B & MR,CR, Twitter2013 Al
Twitter2016, Hif: MR JE L FIS G CREH F i M FIS £ A Twitter2013 Fl Twitter2016 J2& I 18, N
KR LR . 15 ITE BIEEN SIS B

%1 CR,MR,Twitter2013,Twitter2016 B &£ W K115 2
Table 1 Statistical information for the CR, MR, Twitter 2013, and Twitter 2016 datasets

EAEITE E A Pl S LAl S HIURRWE S
MR 8534 1066 1050
CR 2262 754 754

Twitter2016 6920 872 1821

Twitter2013 5098 915 2034

51 XfLEsLE

Je SE 1 523 AN S H R SR 5 A W B IR SRR RANONS E , HL S E AT e A 2 B I I A 2SR TR Ak
W W T BF9E 32 202 ) 1% Ik — 4 2 R) L, 7 T A9 2 3 s o 2 ME A 52 R0 Macro-F (BRI G A F). H
Pk BE B U 1 A M B B R E A LLE .

1)RoBERTa 181 B LA 43 25 32 %25k H] RoBERTa B4 AU | P B8 b 8 fa o, HL 48K AT o SC B ff AR OC 2%
f£5% .

2)XLNet £ A1%, XLNet & Xf BERT £ AU (4 45 4k ele i, 0238 B9 [ 1l 5 31 2R A | B 6% 2% 2] A Jm) SCA
.

3)EFL"™ ., Z A A3 2ok 418 2 5 28 7 Ak ki By ) -, 0 0T 22 BT 55 RE B 48— FG Ak b SUAR 28 S 41 55

4)DualCL™ . f it $2& th H 15 B FE R B AU | R W] B 2% >J i A ) 7 (R RRAE RN 43 25 25 1) S 5URRIE

H FPE B A 4 i 5 TR B S IR AT S B A LU T

DUST", % R J& —Ff Teacher-Student > Wi B 7 %8, E 2 T CA 4325, ffi F AN 8 7 £ X% unlabeled 4§
P AT SR AL B J7 1 1 IO AR RE e A Db i A

2)COSINE™ A —F SCA I3 A 0 2 W B U7 28, ] LU 8K loss HL&5 & 1A 0 A9 8 15 B AR ML) LAt
DERR B

IMTGT™, WFFEHEH T —Fh2f Wi B SR 42 %, R FH 24 Teacher Y| %k, 1 > Teacher £ Labeled 504 I
Yk, 73 11> Teacher 7615 58 J5 09 BCHE Il 5, 4K J5 InAGX 2 Fl Dl i 28 J5 45 2108 (Y unlabeled %5408 5 T 0 Dh R &
1R Student 5 8 fiff F /¥y Y11 254

4)DisCo™", & H—Fgn # 1Y Pp 6] I 2R H R i o 4 A8 [R] 9L T 1Y Student #8527 22 ] 1 1 PR 2 =5k 4k
£~ Student & A

SIRNT™ . O T 22 fif e 75 | R F S 15K F AR 28 SCAS 1 UE 4l S 45 B2 1153 6 2 1 HE )T unlabeled SCAS | [7] B
i 0 2505 2R RNT,
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2 B T 1E CR Al Twitter2016 FUH5 45 I, Ir 4 77 % (Ours) 5 M Wi AT 0 e FE 7 vk Z M i dE R th g . il
PLE 32 0 7 AU T e A 0 A W B BR85S A 0 2 BB R AR I AR A 0.25% I 255K
P 45 LT, CROFI Twitter2016 34 4 b, AH LU TG W B B AL, 7 2 75 R A8 ME B % L4 Bl 48 &5 17 10.34% Al
16.06% ; 5 e £ 102 Wi B RS RU AT e, 20 B4R 0 T 3.56% 1 3.12% 0 Yl 2R 85040 48 2 1% B, CR I Twitter2016
BB AR b TR D7 VA A LA e ARk BB R 3 B R R T 1.01% F10.96% . 7E I 2R B Ry 3% MG B0 T L HR T
43 h 0.82% 1 1.54% . L Ah , i 76 MR Il Twitter2013 BCHE 5 B o047 T MUM X L . R3B/R T X 24
B S AEAS R R B0 LA (PR RE ZR B, GIE B T 5 vk EAS [ B 4 A (] 4504l BB T 1 35 3 e A R

2 CR F Twitter2016 7£ 7 [ bk il i)ll 2 S HO M BEXT b

Table 2 Performance comparison of CR and Twitter 2016 on different training set proportions %
CR Twitter2016
YK e ) Al
NIRTIES F, iRTES F,

RoBRERTa 56.88 47.25 31.89 2.09
XLNet 57.08 67.00 32.35 3.01
EFL 64.37 78.20 33.94 7.68
DualCL 62.91 63.73 54.16 46.63
UST 76.55 81.77 60.68 62.87
025 COSINE 71.05 77.31 61.40 63.21
MTGT 75.63 81.71 56.79 59.91
DisCo 80.15 83.46 65.32 68.51
RNT 79.25 82.69 67.10 69.92
Ours 83.71 86.53 70.22 74.31
RoBERTa 50.00 39.06 35.24 12.89
XLNet 62.32 74.03 37.44 16.99
EFL 65.17 77.46 51.10 47.30
DualCL 64.37 65.47 69.20 73.70
UST 81.67 83.59 73.32 76.22
COSINE 80.01 82.11 73.00 75.92
0.50 MTGT 79.87 82.38 71.20 73.53
DisCo 82.20 84.96 74.22 76.15
RNT 83.71 85.30 75.18 79.31
Ours 85.43 88.93 76.24 83.72
RoBERTa 64.10 79.85 36.12 16.72
XLNet 64.11 78.13 37.66 18.04
EFL 66.49 79.10 79.83 84.74
DualCL 71.19 73.60 83.22 82.66
UST 84.15 87.26 84.12 86.19

1.00
COSINE 83.57 82.35 76.14 83.15
MTGT 81.59 86.41 76.03 84.56
DisCo 84.22 86.05 84.20 86.92
RNT 84.82 87.30 84.39 87.38

Ours 85.83 89.80 85.35 81.61
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EE )
. CR Twitter2016
IR L o : :
3 ES F, ES F
RoBERTa 87.95 90.09 83.61 88.53
XLNet 82.65 86.83 77.96 85.38
EFL 90.93 93.18 84.84 89.81
DualCL 85.30 88.33 87.38 86.66
UST 88.07 90.62 87.03 89.21
3.00
COSINE 89.30 88.33 85.57 87.65
MTGT 82.02 87.13 84.85 86.85
DisCo 90.13 92.30 86.30 89.21
RNT 91.76 93.59 89.03 91.79
Ours 92.58 94.26 90.57 93.30

MR I T LLE i, 7E 1% B9 MR Al Twitter2013 £ 45 5 1 W, A SC T $2 J7 ¥ 76 #E 8 22 1 43 1) 7] L) 3k 2|
86.22%, 90.02% , macro-F, 43 5 i] DL ik 5] 86.45%,92.93%, [t H Bif 55 I 4 77 1 26 W B O7 W 7 vE 0 6 40 5]
th 2.5%,1.18%, 7£ macro-F, I 43 5| 1 2.75%,4.09% . 1 0.5% VI ZR4E i B 45 , MR Fll Twitter2013 7 #fE 1 % -
G300 PG B U 1 O R 1.55% A 1.11% . SRR 71 R 3% B I 255 9 MR FI Twitter2013 B, BT 42 5 vk 76 1
B3R b AT LIGER H H A B iR 0.33% F10.15% 0 25 10 DL 2 W B A A0 5 3 Lh A B A R0k B 4, IRy
W RIRLF] A T unlabeled 0488 & 9 REAEAR B, T 82 7 ¥ W R AE R H T unlabeled £ b R AE , A AR
F i 75 43 F ] unlabeled 505 1 B9 REAE , [F] B R T test 48 1 A9 FRAE , 28 1 4 0 Il 25 45 A i 42 22 0] 4%
o0 22 5%

3 MR FA Twitter2013 7£ A &) L B3Il 45 S2 B9 M gE X L

Table 3 Performance comparison of MR and Twitter 2013 on different training set proportions %
MR Twitter2013
YERE Al
ACC F, ACC F,
RoBERTa 49.77 66.46 72.52 84.07
XLNet 49.76 66.45 68.68 80.42
EFL 64.94 70.87 65.92 77.04
DualCL 62.32 54.32 65.63 62.11
UST 65.13 70.69 76.19 82.70
025 COSINE 65.42 71.15 7591 70.20
MTGT 66.35 72.19 79.15 85.31
DisCo 80.30 82.05 79.69 81.63
RNT 81.00 82.69 78.30 80.17

Ours 82.10 83.41 81.02 86.28
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MR Twitter2013
YR e T
ACC F, ACC F,
RoBERTa 62.14 71.51 72.81 84.00
XLNet 58.07 36.58 69.02 79.61
EFL 80.97 82.20 70.50 82.26
DualCL 76.38 75.86 73.65 74.57
UST 82.15 82.10 82.12 85.51
COSINE 82.76 82.74 82.65 85.42
0.50
MTGT 82.99 81.82 82.22 85.63
DisCo 81.30 81.45 83.03 85.20
RNT 82.09 82.28 84.19 87.32
Ours 84.54 83.84 85.30 89.51
RoBERTa 81.82 80.57 78.66 86.38
XLNet 82.09 82.31 72.57 84.08
EFL 82.94 82.87 87.89 89.63
DualCL 81.81 81.43 88.84 88.84
UST 82.57 82.31 83.43 88.69
1.00
COSINE 83.72 83.70 87.71 83.91
MTGT 83.13 83.68 88.25 88.67
DisCo 83.09 85.37 88.09 90.17
RNT 83.00 86.30 87.38 89.20
Ours 86.22 86.45 90.02 92.93
RoBERTa 84.91 84.62 87.66 91.41
XLNet 84.37 84.98 85.35 90.11
EFL 83.97 84.16 89.45 92.81
DualCL 86.46 86.21 90.28 90.75
UST 84.53 83.99 89.87 92.01
3.00
COSINE 85.66 85.68 90.17 93.12
MTGT 86.12 86.68 90.81 93.58
DisCo 85.97 85.91 90.19 93.27
RNT 86.06 86.05 90.21 93.15
Ours 86.79 86.84 90.96 93.61

5.2 SRt
5.2.1 self-training

ST IR BH T 3 Tk R A 2 B B self-training B9 B R E RN T K PUATE 1 B Bt self-training T[] B 4
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1755 1 By BEAER 2 B BX self-training 76 CR Al twitter2016 2 B 5 AU R FLE R . NI 4 FE 5 Fh el LIE H
76 CR Hl Twitter2016 2 445 4 b 2 B Bt self-training [t 1 [y Bt self-training 7£ fE B W 4F — 26 . 350 T AL 1
By Bt self-training, 2 By B 1 self-training 7] 2% i 1l 25 4 A3 42 22 1] 9 ARR A0 53 A5 Il 25 7] 431

0.95
094 1
—— llffl\&ﬁ@self-training —o— 1y Bt il self-trainin,
- 0.90 [ &
092 | —* 2m&mse]f-tralmng - Zm&ﬂgse]_f-training
0.90 0.85
5 088 lﬁé 0.80
&= @
@
0.86 0.75
0.84 |
0.70
0 0.5 1.0 1.5 2.0 2.5 3.0 0 0.5 1.0 1.5 2.0 2.5 3.0
AR B2 NG e e
B4 7 CREIEE 1~2 M B self-training 5 7 Twitter2016 1 #E 5 1~2 Bt £ self-training
Fig.4 1~2 self-training on the CR dataset. Fig.5 1~2 self-training on the Twitter 2016 dataset.

522 mANK-#LARIF 89 loss VS R Am AN K- 48 4L F 49 loss
i 3t 4 P KT 46 Toss i J5 £E CR Al Twitter2016 3% 2 S50 45 A8 SR ol & W, 76 B3 A K31 468
loss Hif , 3%CR ¥4 £& Fil 3% Twitter2016 £ 4i5 4 (9 E 1 5 73 5] /2 0.896 7 F10.841 3, N A K-1x 4B loss J 4 4 #f
Ky B 0.928 5,0.905 7, 43 BB T 3.18% F16.44% 136 HA JIr $12 Jy 4 2R I K-35 4 loss AL il J5 76 A5 8 Il 25 5
T Hp R AR R LA A 2 A AT R AR T A R A DR AR 25 TR) A 405 - 1T RE Ak 7 A 15 A PR s 28 B AR 0 2 ) AR, 3 b
J5 ¥ N — s TR HE b B AT 5% O b 2 3 A9 52 T
Fz 4 CRH Twitter & K-iE 4B loss

Table 4 CR with K-nearest neighbors loss on Twitter %
A K-35 48 45 2K F A K- 4B 2K
B4 4 b — —
HIZTES F, HER AR F,
0.25 0.8371 0.865 3 0.7351 0.7959
0.50 0.854 3 0.889 3 0.826 5 0.8611
CR

1.00 0.858 3 0.898 0 0.8450 0.8899

3.00 0.928 5 0.942 6 0.896 7 0.9223

0.25 0.702 2 0.743 1 0.6113 0.629 6

0.50 0.762 4 0.8372 0.7552 0.796 9
Twitter2016

1.00 0.853 5 0.8161 0.832 4 .0.878 0

3.00 0.905 7 0.9330 0.8413 0.886 8
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D)W 58 TE BEAT 1 W B T 22 (0 L il b 42t — b 5E T K-30 408 1 D) A6 R A< A AL I 9 Loss, A3 R0 R A1 750 0

DRERAS 7 AR 14 1% 22 SR IR) T, G e SR S 0 L B2 T v A — S R R TR R

2) 4t — Bl /INVEEAS b 5L T 2 B B i MBI RO AT, 5 o] Test B0l b A4 AE {5 B EHLXF Test X4l 12
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