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Abstract: [ Purpose/Significance ] Supervised learning algorithms based on deep learning are currently the main re-
search methods for text classification. However, the training of supervised deep learning algorithms heavily relies on the ac-
curacy of the sample labels. Due to the annotator’s experience and subjectivity, sample labels inevitably contain noise. La-
bel perturbation is an effective way to deal with noisy labels. However, noisy label learning algorithms based on label per-
turbation lack effective utilization of multiple granularity information at present, which limits the performance of the algo-
rithms. [ Method/Process] In order to address the problem, the paper proposed a multi—granularity label perturbation al-
gorithm (MGLP ), which combined sample —level granularity and category —level granularity perturbation methods. The
MGLP algorithm used the idea of meta—learning to learn the fusion weights of different granularity perturbation methods,
which could adaptively adjust the fusion weights according to different data characteristics. [ Result/Conclusion] The paper
conducts experiment on three text classification datasets, including tweet sentiment classification, movie review sentiment
classification, and citation intent classification. The results show that the proposed MGLP algorithm effectively improves the
performance of deep learning models in text classification tasks and has broad application prospects in information organiza-
tion and information analysis.
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%1 BERT-Base AEZEERREHBEN D KEHRE( %)
Tab.1 Classification Accuracy of Different Datasets with BERT—Base as the Baseline Model ( %)

4 Xof B JEXT BRI 7R
PEITE S Bm ,
AR S 10% 20% 30% 10% 20% 30%
BERT-Base 61.03 60. 05 58.76 53.20 60. 07 59. 10 56.78
Label Smoothing 61.70 60. 69 59.35 55.37 60. 19 59.21 57. 04
Soft Bootstrapping 61.08 60. 77 59.74 55.32 60. 97 59.28 57.65
SemEval - Hard Bootstrapping 62. 13 61.31 58.93 54.56 61.22 60. 02 57.27
2016 Online Label Smoothing 61.65 60. 42 58. 86 55.92 60. 53 60. 37 57.67
DLB 62.01 60. 31 59. 12 55.84 61.25 59.39 57.89
MbLS 61.94 61.02 59. 18 57.49 61.34 60. 56 57.81
MGLP 63.05 62.16 61. 53 59.57 62.23 61. 68 59. 62
BERT-Base 85.67 84.20 81.77 80. 02 84. 15 81.71 71.39
Label Smoothing 85.76 84.29 83.08 80. 60 84. 49 82. 16 71.45
Soft Bootstrapping 85.92 84.43 82.38 80. 10 84.17 81.75 71.59
‘it Hard Bootstrapping 85. 69 84.37 82. 94 80. 53 84.20 82.33 71.41
Online Label Smoothing 85.71 84.34 83.06 80. 71 84. 46 81.93 71.52
DLB 85.74 84.31 82.55 80. 54 84.19 82.24 71. 66
MbLS 85. 85 84. 40 83.17 80. 76 84.53 82.21 71.73
MGLP 86.72 85.37 83.91 82.42 85.23 82.97 72.84
BERT-Base 85.37 84. 85 84.19 83.76 84. 86 84. 30 83.79
Label Smoothing 85. 65 85.09 84. 30 84. 02 85.38 84. 88 84.42
Soft Bootstrapping 85.41 85.06 84.38 84.11 85.25 84.79 84.31
N Hard Bootstrapping 85.70 84.89 84.67 84.16 85. 14 84.76 84.28
Seicite Online Label Smoothing 85.73 84.92 84. 41 84.29 85.01 84.75 84. 36
DLB 85. 44 85.02 84.59 84.31 85.27 84. 81 84.35
MbLS 85.71 85. 10 84. 62 84.47 85. 43 84.92 84. 49
MGLP 86. 43 85.97 85.46 85. 05 85.94 85.42 84.97

IR 1 RS EIR, W RLE A SR Y
MGLP %311 BERT -Base N ELZR A RIS, 78 3 Fh
Bl EARIBUS T B fEss

BRI, 7 SemEval-2016 BUR4E |, RIS
WA GTEOLT , MGLP FigAAH L T LR BERT -
Base #2815 1 2. 02%, AHH T 5K 1Y Label Smoot-
hing . Soft Bootstrapping, Hard Bootstrapping, On-
line Label Smoothing %72, MGLP 8% l#EF+ T
1.35% ., 1.97%. 0.92%. 1.40%, Uil MGLP Fiik7e
IR TR R FIZRN R ERIE R, 58T
Label Smoothing, Bootstrapping, Online Label Smoot-
hing 3 it 22 S (4 UKL FE A P AR A8 SUE RO AL, TR
IR RIS OCT , AT UT 4Rk Y MBLS 5k, AR
SCHE Y MGLP B P #9487 1 1.57%, I HoAE
T 2090 %5 FRIE R BYTFALT , HERT R 5 T MbLS 55

— 32 —

% 2.35%, TENE NN 30% X FRME A Ik, X H Sk
HERR 5 i A MbLS vk, A SCEE T i MGLP
B B MER R A LT MbLS B4 7F T 2.08%, H
FIHE T HE LR A BERT - Base B35 42 T T 6.37%,
HA W W AEREE S, 75 MR B4 L, 7EAR%N
MEFEAIEOL R, MGLP FHX) T IEZA5 8 BERT -Base
PTHT 1.05%, TEHREINMES AT, ML T4
HLf#) Label Smoothing . Soft Bootstrapping, Hard Boot-
strapping . Online Label Smoothing %%, MGLP 5.3k
SHEEETT L11%, 1.39% ., 1.16% ., 1.12%,
Jiti Ji1 309% % BRI 75 1 309% A X FRIE RS, MGLP &
T AH F T X0 He AR rh Al 58 0 1 119 MBLS 530725 43 il
PTHT 1.66% M1 1. 11%, AT T iS55, 7 SciC-
ite 4 4E b, AU MRS A5 OL R, MGLP AH XS
TR BERT -Base $27+ T 1. 06%, #H HL T %
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HeA 2 MER >R B =1 1) Online Label Smoothing $2 7+
T 0.70% ., €N 20% X FR e A4S BT,
AH LT X8 AR v i 3 A s 1 MbLS SR 427 T
0.86%, S:BLT weALtEhE, DL B4R MGLP &

VERENE FE I3 F A [FDRLRE AR5 5., I b s
SRR TUPERE ™ A B ST R, R R PERE R A
U RTAE /5 s

% 2 BIiLSTM-Attention AEZ&ERR AEHBEEN S R ERE(%)
Tab. 2 Classification Accuracy of Different Datasets with BILSTM—Attention as the Baseline Model ( %)

el S BRI A R
PEITE S R ,
KGR S 10% 20% 30% 10% 20% 30%
BiLSTM-Attention 55.35 52.37 51.87 50. 98 53.98 52.23 51.79
Label Smoothing 55.42 53.25 51.92 51.10 54.32 53.09 52.78
Soft Bootstrapping 55. 61 53.31 52.08 51.55 54. 40 53.05 52.13
SemEval- Hard Bootstrapping 55.40 52.51 51.97 51.57 54.01 52.57 51.95
2016 Online Label Smoothing 55.38 52.62 52.01 51. 60 54.05 53.39 52.90
DLB 55.53 52.98 52.04 51.56 54.41 53.22 52.96
MbLS 55.72 53.34 52.13 51.63 54.43 53.35 53.09
MGLP 56. 45 54.01 53.59 52.87 55.76 54.39 53.97
BiLSTM - Attention 78.42 77. 14 74. 11 71. 48 76. 43 73.90 64.57
Label Smoothing 78. 82 77. 46 74.73 72.04 76. 46 74.05 65. 83
Soft Bootstrapping 78. 87 77.57 74.39 72.77 76.92 74.10 67.79
Hard Bootstrapping 78.91 77.20 74.74 71. 62 76.45 74.33 67.92
MR Online Label Smoothing 78.93 77.54 75.01 72.19 76.78 74.21 65.25
DLB 78.95 77.28 74.57 71.75 76.74 73.95 67.28
MbLS 79.01 77.51 74.78 72.22 76. 81 74.24 68. 56
MGLP 79. 65 78.59 75. 62 73.51 77.73 75.38 69. 05
BiLSTM-Attention 80.24 78.94 78.47 77.57 79.73 78.58 76.01
Label Smoothing 80. 63 79. 96 78.58 77.72 80. 03 78. 80 76.19
Soft Bootstrapping 80.71 79.54 78. 66 77.63 80. 01 78. 69 76. 10
N Hard Bootstrapping 80. 39 79.76 78.73 77.87 80. 12 78.75 76. 49
SeiCite Online Label Smoothing 80. 58 79.81 78.67 77.91 80. 18 78.72 76.73
DLB 80. 79 79. 86 78.74 77.85 80.24 78.83 76. 58
MbLS 80. 84 79.93 78.89 77.98 80. 16 78.91 76. 68
MGLP 81. 45 80. 40 79. 95 79.19 80. 96 79. 98 77. 43

R 2 AT, DL BILSTM—Attention Ay FE 2R 45
RIEF, MGLP B3E7E 3 MR 4E LSl 1 &4
(PR BE .

TE SemEval -2016 £#i4E I, MGLP HiLTFEA
Jits JIE RS R 0 AR L TR AR T T 1. 10%
A T HERR R R =AY MbLS B3R TH T 0. 73% ., 1E
SemEval - 2016 £ ¥5 & fiti i % FR M 7 09 1% 5L F
MGLP S AH e F IR ARS8 T T 1. 75% 5 7E
St NAEXTFRIGE S 5L T, MGLP Bl b T34k
FEFRSEIHETE T 2. 04% , ML FIL4FR A9 DLB Bk

FIMbLS %3, MGLP 533550 0 - B4R T T 1. 18%
1.08% ., TEMINN 20% Xt FRIEE P, MGLP 53k AH H
TORT L B v o A R R R Y MBLS R R T T
1.46%, 7 MR Bda4E I, T4 8 Label Smoot-
hing, Soft Bootstrapping, Hard Bootstrapping, Online
Label Smoothing 5. 5, MGLP B ik F#H4# A T
1.45% ., 1.02% ., 1.19% . 1.37%., fEJEIN 10% X Fi
BRI OLT , MGLP BE5AH LT 0 LU vh o
5= 11 Soft Bootstrapping HIEFETF T 1. 02%, 5K
BT EAEVERE, BEAM, TE MR BRI 30%F X
— 33 —
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FRUE A A5 BT , MGLP 3L A1 H T I AR R 48 T
T 4.48%, 7F SciCite Z#a4E [, MGLP 55 % i
R, AT BILSTM - Attention JE2R #5171
SERHRTF T 1.40% , 7E SciCite [Tt fin 309% % Fx Mg
PO, MGLP B AH b T Label Smoothing |
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Smoothing, DLB, MbLS # 3L 4> HIEF T 1.47%
1.56% . 1.32% ., 1.28% . 1.34% . 1.21%, I4h,
FERGIN 20% FE X FR0E R I, 5% b B 3 v o R i
=4 MbLS B3k, A SCEE A MGLP B AH L T
MbLS BIEHETH T 1.07%, BUS T RAL4H, VL
SEEGEERIFRI, MCLP Bk M T 3 Fiz st
1) BROREFE MR PR AR A SRR AR, RilG T REAR IR
JEE RN GO B (BT B, R T TR B S AR
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i 2E SRR R 1 R

90
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Fig.2 Model Accuracy with Imposed Symmetric Noise
( BERT-Base as the Baseline Model )
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Fig. 3 Model Accuracy with Imposed Asymmetric Noise
( BERT-Base as the Baseline Model )
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FELARIY S B TE T 5. 09% | 2. 68%, FENEHN
40% , 50% . 60% LAY AEXT PRI RS 1 5, MGLP
BVEM T BERT-Base i1 BiILSTM — Attention %E£k
BRSPS HETE T 2. 24% | 2.22% , SLBn 4R
B, B it fin B 5 B B S RS T, AR SCER
() MGLP AT R R 3 s M HER R, HA BRI
BREE,
4 45 iF

A SR IR R 28 P Bl 3k R R AR B —hi
JERGCF HATIRAIRE, MiAA SO 2ok B (5
B, T RR S T A RE X — R R 2 Ak, B sy



202441 A AR - 4 Jan., 2024
55 44 B4 1 ) Journal of Modern Information Vol. 44 No. 1
90 PEREHEATIRIT . MUAL, RHARTEA I E Z 1915 BXF
il BB TR AR . TEREASRI N TZ T, BR T
. PEAR SCER Y SR N T SO A R G 2 A1, i
R HAET Z A b g B T, AL e S
S PUAE Z AU b Az 5k n AN L
%
"0 £ % X #
[1] A&, E44, 4. AT AtentionSBCMC 44 49 3] SLH &
50 A LAWAH>EE (1], HEHSHE Rin KT, 2021, 5
—&— MGLP (12); 48-59.
A i I I [2] FR&, RA, REE, F. % AR TOHTK I RABE

10 20 30 40 50 60
AR ARI A Ll (%)

B 5 MEAIEXSFRIRAS RARE AR
( BILSTM-—Attention £ 2k 455 )
Fig. 5 Model Accuracy with Imposed Asymmetric Noise
( BILSTM—Attention as the Baseline Model )

#1 T Label Smoothing, Bootstrapping I Online Label
Smoothing 3 7125 Bt Y B — R BE (8 bR P 3 0k 10 i
L, RIGRR T — AR S T AR GO RIS I SR
JE Y Z2 R AR S BN 33% (MGLP ) o 15 T8 e
T 20K 25 2% 1Y Label Smoothing 1 Online La-
bel Smoothing ., FEAS 2 ) Bootstrapping 3 it HUf i
AIPREI S AR S TE—ES, SR T S PR BE I
FEARGOR R RIPRISh A 4, s Rl R AL
SRR PR EE S S e, JFR e~ iy S8 AR
XFRlS RBOEAT AT, TR AR A AN TR] B Bt 4
AR IE N N RS RECGIEA TR, Rk TN TS
P i) R IR 22, S TR PERE . AN SCTE
HESCRE IO R BRI IR I B 2R B 2k
FISCE R IR 3 DA TR SO S LT
TEEY, ZEARRWIARSCHE B MGLP 35 5 H A
LM HEYEREA W B RUIRTE, BENS A ROt I S
PR X R B 2 A BRI ZRAY ST 20, X TR
> BRTE AR DA SURIME 20 B U B v 17 P .
Ao IR HHEET S,
ARSCWAFE— SRR, 5, REE THM
FEARGORL RN POk B EEE B, IR S
BRI E(E RAE & K, ARSCRTERESCC
AP RB A XA PEREVEST T IRAIE, TEARR
WEFErh, BEARTEAMPREA S 280 L SRR 4k
GOk RF BTG, DA — 2D 8 mxt 2k
ORI RO, B — 2 5 T IR B 2 2 R B
fil, JERKETE P SCEHRAE Xt 2R EE ARSI sh Bk

[J]. BHHEIRTAE, 2021, 65 (12): 93-100.

[3] oAz, Fwe TH#, ¥ AT BERT A 6H B K LA
aEHR [J]. %FABEIE, 2022, (1) 10-16.

[4] %%, kik, B IH. ALBERERTOERIFIRLER
[J]. &#EHHT54ir LI, 2020, 4 (1): 1-11.

[5] T4, £, BEF, F RAFHEETHLHEEGA
SRR S KB [J]. HIRFIR, 2021, 40 (8): 817-830.

[6] Northcutt C G, Athalye A, Mueller J. Pervasive Label Errors in
Test Sets Destabilize Machine Learning Benchmarks [ C] //Pro-
ceedings of the Neural Information Processing Systems ( NIPS)
2021.

[7] Wang Z, Shang J, Liu L, et al. Crossweigh: Training Named
Entity Tagger from Imperfect Annotations [ C] //Proceedings of
the 2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), 2019: 5153-5162.

[8] Song H, Kim M, Park D, et al. Learning from Noisy Labels with
Deep Neural Networks: A Survey [J]. IEEE Transactions on Neu-
ral Networks and Learning Systems, 2022.

[9] Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the Incep-
tion Architecture for Computer Vision [ C] //Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition,
2016 2818-2826.

[10] Reed S, Lee H, Anguelov D, et al. Training Deep Neural Net-
works on Noisy Labels with Bootstrapping [ C] //International
Conference on Learning Representations, 2015.

[11] Zhang C B, Jiang P T, Hou Q, et al. Delving Deep Into Label
Smoothing [ J]. IEEE Transactions on Image Processing, 2021,
30: 5984-5996.

[12] e, MBe®. LA R PR ENAHFIELFFT ZGAR
[J]. #HHEmi2E B R, 2012, 48 (27): 119-122, 127.
[13] ¥4, ARE. XA EAVTEZRERIELFEFT HOARTSE K
Bt [J]. dHEAUR A, 2013, 33 (S2): 116-118, 152.
[14] ## 3, *&, BFL, F. AT LDA THABA 694 K5
£ [I1]. #HE L%, 2016, 37 (12): 3371-3377.
[15] Hochreiter S, Schmidhuber J. Long Short —term Memory [ J].

Neural Computation, 1997, 9 (8): 1735-1780.

[16] Vaswani A, Shazeer N, Parmar N, et al. Attention is All You



2024 4F 1 A
544 B 1IN

www.xdgb.net

T R AR B 1 SCA IR I Jan., 2024

Vol. 44 No. 1

Need [ C] //Proceedings of the Neural Information Processing
Systems (NIPS), 2017: 5998-6008.

[17] Zmate, 1*1‘@ EHRK. K TREFRI 4E T A 0 Tk
FHRHAHSEML [J]. FRFMR, 2020, 39 (10): 1046-
1059.

[18] E#k, RHR, FmAE, . FARAIKIGHIRIMBEHE
Laaalz kA [J]. WA, 2021, 39 (11): 173-179
[19] Abdi A, Shamsuddin S M, Hasan S, et al. Deep Learning-—
based Sentiment Classification of Evaluative Text Based on Multi—
feature Fusion [J]. Information Processing & Management, 2019,

56 (4): 1245-1259.

[20] L@, %4%, 8%, ¥. #45 BERT 5 % R & CNN #4 4
HERKANE S 55 EHR [J/OL]. HIREE. 1-8 [2022-
10-27].

[21] Zong D, SunS. GNN-XML; Graph Neural Networks for Extreme
Multi-label Text Classification [J]. arXiv Preprint arXiv: 2012.
05860, 2020.

[22] B2, kM, B, F. IR KRR P o R H o
%ﬁ%~7£fﬁm%%%%Mﬁ%ﬁ%[H.%ﬁ#ﬁ,
2022, 41 (10): 1059-1070.

[23] 2 £, HA, REKFE, F. A TROEEF T 65 R-F 4%
B A B2AEA [J/OL]. HBEHHE iR K, 1-13 [2023-
03-25].

[24] &K&W, B, AEF, F. 86%5 L% Mixup 2IEH %0
RATRM A 3 [J]. BFHFIR, 2022, 48 (8): 2097-2107.
[25] f&4h, B& ATAFIGORFHIHERAFA T AL £
% [J]. PXAEEFIK, 2022, 36 (1) 104-116.

[26] {&R, &%, & AT AR BOIE B 3R 0 AR A
28 A AT, 2022, 41 (3):

>.

&, ¥
T

23-30.

[27] Vapnik V. Statistical Learning Theory [ M]. New York: Wiley,
1998.

[28] Algan G, Ulusoy I. Image Classification with Deep Learning in
the Presence of Noisy Labels: A Survey [J]. Knowledge—Based
Systems, 2021, 215: 106771.

[29] Zhang J, Zhu J, Niu G, et al. Geometry —aware Instance - re-
weighted Adversarial Training [ C] //International Conference on
Learning Representations, 2021.

[30] Zam, sRAgH. AT RS I Wit EAREMN T R R
[J]. #EHH 5 R KI, 2021, 5 (9): 1-9

[31] i, XA, xdm, F. RFARERANE 2 B8 ERER
Mk [J]. HAXFFR (sé&ﬁé‘ém), 2022, 52 (5):
857-867.

[32] HuangJ, QuL, Jia R, et al. O2u—net: A Simple Noisy Label
Detection Approach for Deep Neural Networks [ C] //Proceedings
of the IEEE/CVF International Conference on Computer Vision,
2019: 3326-3334.

[33] Zhou Y, JiangJ Y, Chang K W, et al. Learning to Discriminate
Perturbations for Blocking Adversarial Attacks in Text Classification
[C] //Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th International Joint Confer-
ence on Natural Language Processing ( EMNLP-IJCNLP), 2019.
4904-4913.

[34] Liu P, Qiu X, Huang X J. Adversarial Multi—task Learning for
Text Classification [ C] //Proceedings of the 55th Annual Meeting
of the Association for Computational Linguistics ( Volume 1: Long
Papers), 2017: 1-10.

[35] Wang Y, Pan X, Song S, et al. Implicit Semantic Data Aug-
mentation for Deep Networks [ C] //Proceedings of the Neural In-
formation Processing Systems (NIPS), 2019 12614-12623.

[36] Menon A K, Jayasumana S, Rawat A S, et al. Long—tail Learn-
ing Via Logit Adjustment [ C] //International Conference on Learn-
ing Representations, 2021.

[37] #Aile, FmE ATFRELE LGB &4 A FHHR
A5 [T MR, 2020, 39 (6): 640-650.

[38] ShuJ, Xie Q, YiL, etal. Meta—weight—net; Learning an Ex-
plicit Mapping for Sample Weighting [ C] //Proceedings of the
Neural Information Processing Systems ( NIPS), 2019. 1917 -
1928.

[39] Hospedales T, Antoniou A, Micaelli P, et al. Meta—learning in
Neural Networks: A Survey [J]. IEEE Transactions on Pattern A-
nalysis and Machine Intelligence, 2021, 44 (9). 5149-5169.

[40] Nakov P, Ritter A, Rosenthal S, et al. SemEval-2016 Task 4:
Sentiment Analysis in Twitter [ J]. arXiv Preprint arXiv: 1912.
01973, 2019.

[41] Pang B, Lee L. Seeing Stars: Exploiting Class Relationships for
Sentiment Categorization with Respect to Rating Scales [ C] //
Proceedings of the 43rd Annual Meeting of the Association for Com-
putational Linguistics (ACL’05), 2005: 115-124.

[42] Cohan A, Ammar W, Zuylen M, et al. Structural Scaffolds for
Citation Intent Classification in Scientific Publications [ C] //Pro-
ceedings of the 2019 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers) , 2019. 3586-
3596.

[43] Shen Y, Xu L, Yang Y, et al. Self—distillation from the Last
Mini—batch for Consistency Regularization [ C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, 2022: 11943-11952.

[44] Liu B, Ben Ayed I, Galdran A, et al. The Devil is in the Margin:
Margin—based Label Smoothing for Network Calibration [ C] //Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022 80-88.

(BREHE: AL



