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IR HLAT — 2 R, T SC— B0 RN 2 A i DL 7 TR A, AR S S — PR AR AR R I 250 AR TR ) A e
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Ba, 5000 B AR 401 5 ok B R 1 3404 GPT-2(generative pre-training 2.0), 35 Jli B Y 56 7 TS 24 T30 A8 2R 45 /N
1B AT SR & R A S 5 (A 366 F X0 15) 4 B 2% R AE A AU (bidirectional encoder representation from transformers,
BERT) I3k 8 2% 2k U8 08 SO0 22 3 R AR BUREAS o AR SO vE S T P 548 16 f547 58, 5 GPT-2 MLk, #EE K
PO | )0 2 LA R AT 3 AT 55 L B HERR A< 00 BB T T 1.1%., 4.9% F1 8.7%. SEE 45 SRR, A S
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A data augmentation method built on GPT-2 model

ZHANG Xiaochuan, CHEN Panpan, XING Xinlai, YANG Changmeng, TENG Da
(Liangjiang Artificial Intelligence College, Chongqing University of Technology, Chongqing 401135, China)

Abstract: The sentence classification task often faces the problem of insufficient training data. Moreover, text language
is discrete, and it is difficult to perform data augmentation under the condition of semantic preservation. Balancing se-
mantic consistency and diversity is also challenging. To address these issues, this paper proposes a punishing generative
pre-trained transformer for data augmentation, PunishGPT-DA for short. A penalty term and hyperparameter o are de-
signed. They work together with the negative log-likelihood loss function to fine tune GPT-2 (generative pre-training
2.0) and encourage the model to focus on the outputs with small predicted probabilities but still reasonable. A filter
based on BERT (bidirectional encoder representation from transformers) is used to remove generated samples with sig-
nificant semantic bias. The method has achieved 16-fold expansion of the training set and improved accuracy by 1.1%,
4.9%, and 8.7% in intent recognition, question classification, and sentiment analysis, respectively when compared with
GPT-2. Experimental results demonstrate that the proposed method can effectively balance the requirements for semant-
ic consistency and diversity, enhancing the training performance of downstream task models.

Keywords: natural language processing; artificial intelligence; data augmentation; sentence classification; few samples;

sequence to sequence; generative pre-trained language model; bidirectional encoder representation from Transformers

] F43 2" (sentence classification, SC) &5 3%
AFNH WL B SR 15 F Ab 3 (natural language pro-
cess, NLP) £ 52—, iz . H F NLP iR £+
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FE— AR R AR, HAT 55 2o A e 4 —
AT CAREE o TR B P28 X 28 A0 A0 i B KA 1Y
Y5 B H3: 2023-04-30. [ 4% Hi kR B #A: 2024-01-04.

E&WA: BE AR ELTH (61702063) ; 5K i £ A4
5 I & 6 T ((este2021jsex-dxwtBX0019) .

BE1EE: %K/l E-mail: zxc@cqut.edu.cn.
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FRIAEC AT RTEEBIR ZEE B E . WTE
AL BE , SCHR [3] 48 1 QB 19 28 5 27 > 4
TSR0 SRR . NS S ) P A X 190 4% A
[7i] — A~ A A [+ T 70 2 15 52 SACH 1 9% . NILP v
(1) — BEAF 7 ) ] ) BE AT BEHL R S | B RS e
3683 AT 53k 45 1 S B0 1 0 B0 s 1) AR, Dy T
B T B BCHE 1 5 7 7 (easy data augmentation,
EDA) J5 5| Add Z2 M s, — b o 75 58 1) £ 48 3
98 757 1 (an easier data augmentation, AEDA) " 4 bifi
PLAd A token BN BEDLIE A MR SAT 5, — g TR 2
GRS T MR RS | B AT SO 2 [R) A, SR T BE AL A
ABR AT ] BE A W ), o SCIR B 2
FEPEATI TG [l I A 2 A5 i o B BT i
LA R, — SE SR N ] T R Y R
Anaby %17 5 T R R A0 B 08 T vk
(language-model-based data augmentation, LAM-
BADA), % P I 5 548 i GPT-2 B w78 )1
G B PR A R AR 2 PF B B REAS, LI
R R R, R T 2RO I RS T B
et o SR, %7 IR H top-k F top-p RAERY T
AIG I REME, X R ARA AT RE & S BURTTHR
P e S L 2 o ) e R 1 (A9

AT b, 18 SC— Btk A 2 RV 0 H AR H
SRR EL SR, BIVAE B2 A T R A T T R
FBOE SRR, P, 75 2 R 2 2 A
S U, XA OB AT R A BB
AT A RE o A SO — A A 30 Y B
5% 77 7% (punishing generative pre-trained transformer
for data augmentation, PunishGPT-DA ), H 4= i,
8RB S U ) AR AT 55 o M IR R 4
5 o) Rl T E I 50 R GPT-2 BE4ih I, @
A BRI B 2R, 0 X n] 2 1 s 3R A
Y (bidirectional encoder representations from trans-
formers, BERT )" V5 S s 118 28 52 pUBCHE 1 3, 52
WA R R 7O RN A S

1 HCER A X TIE

NHE 8 I 1 2 AR, BE 1S 98 Oy ik AT
PR oy R 36 F R0 5 vk L ST IS () Jr s A
T RHEM T3 K,

TR RS i A2
WA E S . Zhang 25" ¥ SEH) I % (a electron-
ic lexical database, WordNet ) &4 /n] 1 %) [] SLir] v FH
TG ; 450 BERT( conditional bert, CBERT)!"
51T A4, 1 BERT 2B USR] Tiao 25

if T E5 4 38 i ok AR A A AT 55 19 28 IR I 2 8k 4
FIH BERT # B i bnic o 24> 5uinl Jy B, B il
fige 1 4 5 [m13% DL AR ) U 5 AR -, B0
TR B A4 2, RIS ) 1) — it =5 4
W TR, Hou 21 Sl L 2 A8 e g X R B
1) 22> AT T R AT G A, ) SRR i
T[] Z2 A 1) TE U A A 1B 2 R0 7] F-. Kober
2V feit P 4 2 i 10 24 ( generative adversarial net-
work, GAN) 4 105 J5L 46 Bis AE % AR AR AR
LT M PR ) T R TSN A M A el R 2 g
B R AGATT. EDAR i BEHLAE A L B | R
AP AS F G TR B . Peng 251 3 st M 55k %ok
TR R (SR A B £ 9 4 A 5 Sahin 251
3 3o A AR T X ) T HEATHERS o Sun % IR
A AR N H B 3T Transformer ) F Il kA5 AU rp
PEAT B0 31 98 ( Mixup-Transformer ) , ¥ Mixup 5
$5F Transformer 1) T R &5 W AHES &, 04T 800
3 5 Feng 25 78 $8 R 384 BE LN | <4 147
ASCATFARE, T (oM SCAR B A 5 Andreas™ #
Rl AT LB St SR A DN, e SR R AR
— AR B HA A B e B R IR A
A BE, A BT IREAR . Guo P 4R i —
B 51 21 7 51 AL R IR A 7 7 (sequence-level
mixed sample data augmentation, SeqMix ), i i 2
BN U E PN TR P ol BE T RSy 2
Ao T RSP i 0] SR A B AR i N
T IRY FERAE S, TEREAT S Sl T RAFRCR .
BE TR AE Y J7 ¥R AR s o0 A, IR AE HoP R
FERTHIFEAS . KAVE F A (large language mod-
els, LLMs) B9 H 3R A2 AU T A e bn i i S04
FEARAN T T B4k LLMs (S 502 [ e
A4 R B R, M LI 2R (45 LLMs RE8
G fih T SO A ey 45 . AR i il 2k
I & B (generative pre-trained transformer, GPT)
31, GPT~GPT-3"" 5% I B YN S+l ) 7 =,
Horp I S5 i B 3ok R RASE 1% 0 s 1 A5 40 o) A A
AT NG, i 2 ) 358 H 0935 5 RoR fins SO
fif BE 1, SR B BRI T A s 1 B AT B
2], LA RE A8 & N R BAT 55 K, B e Tk g
FIHERA AL . GPT R4 HETC £ & 3 4.0, MR A4
BT 25 5% $2% ( chat generative pre-trained trans-
former, ChatGPT ) i fif 4§ 7t A= B0 I 25 % 46 45 (in-
struct generative pre-trained transformer, InstructG-
PT) IR T7 =K, A 26 15 A i Ak 2
2] (reinforcement learning from human feedback, RL-
HF), fiff 78 0375 €01 5l 58 08 % S A 77 A2 B 5 1Y
e S0 o 3 6 f S B A ASE TR A, )V it FH ok 1A T4
H5 H498 , Abonizio %5 i i % AL A A 3 B
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K5 38 58 7775 (punishing generative pre-trained
transformer for data augmentation, PunishGPT-DA ),
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Fig.1 PunishGPT-DA data augmentation process
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2 A B, GPT-2 J& — A7 1 Bl 4 1l 2%
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B 20 (1) BOS ORI 505, 13- 2] 500 BUR
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= D log(Gww W )
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B 53T SR ast— A TR ] S F
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FE7n, A SCMH 35T BERT A3t i 2% F xF HE AT
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PO PREZ . B AR T e 400 BERT J2 AR HURE
fiFE 2R, HR 38 i Dropout £ A g 47 1F W) £k Ak B,
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GRAEAVE BN 22

3 LBERE AN

3.1 HE&E

ARSCHAFH T 3 AT B AT o R 4,
43 5 2 Hh ik [ 28 ) SNIPS 76 AALAE B B2 e 46
IR R SNIPS, (07 7 AL IE 285 3L 14 484 %
Bedis ol SCASK: 2R 221 (text retrieval conference, TERC)
P T 9 AR BE (0] 43 25 204 48 TREC, 175 6 F
) B AU AL 5952 540 dn . R HTSH AR K 2% B ARG
A H2H bR A 1 IR 43 B BiHE 4E (stanford senti-
ment treebank v2, SST-2), SST-2 J& FH i1
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OIS, T 2 1954 (positive Fil negative)
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WHH 100, 2 5 HRBEE N 1x10°, FEA R KK T
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i wy wy” o BERT 78K & Hdl Lk 17 0l 2k, If
LR 45 R B e it b RE
U, A SCfd F BERT A5 0 A4 g ok 8 4% K A1) 43 2
%, R i FI“BERT-Base-Uncased” A1, %45
AU 12 )2, 768 M RECIRAS AT 12 43k . PunishG-
PT-DA ffi F§ BERT 755 | D HEIRF4F ([CLS])
(R VR N ) F IR IR R, TEA8 AR — 2 ik AT
R ZHT, VL 0.1 1 dropout % & M HH T 4] 3%
o Y ZRad Bk A A N Al 1557k (adaptive
moment estimation, Adam) #7104k, 2% RiX B
g 4x10°, A SCRAE B HEAT 100 4 epoch 1931 45,
IFAERUE AR b e 458 36 PR e S A A R R A7 1A

BT A 14 523 24 7F Intel Core i5-9 500 3.00 GHz
Qb PR LY, GeForce RTX 2028 SUPER ., Ubuntu
20.04.4 LTS, python 3.8.0 F 317,

AR KA 5 LR AR AT X HE

1) GPT-2"": Jy B 4iF AR SCHR H 451 2 bR B9 A 5%
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(1) APk R 2L, HAR A S PunishGPT-DA {5
—5

2) EDAM: DUl 46 . 524 | 470 AR 5 S 5t
Tl 0 5000 1 e T 1

3) AEDA": 154 T P AL A b5 5 455 5230
B Hn g

4) GPTgpent s R JHSCHR [6] H A7 28,
2 5 P 9 R AR &I 254 : ySEPX EOSy,, ***, 1,
SEPx,EOS. 7EULFE:AL ULy, SEPwy, -+, w fENE
B BERHE R, A R 5 B
33 XWERSHW

AR T R R R L a4 2 A T4y
B 55 D REA G 50T I BCHE B A R, 2% 1 2
T Z R BRSBTS TR — R R A AN [ e 4
(R A SR R

R 1 AEEERME TR ERE

Table 1 Model accuracy under different augmentation

strategies %

I SNIPS TREC SST-2
Pl 84.4 61.7 52.5
GPT-2* 86.3 63.2 525
EDA 86.0 53.5 50.1
AEDA 86.9 64.8 532
GPTeonext 79.3 61.0 58.7
PunishGPT-DA* 87.4 68.1 61.2
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