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Semi-supervised Text Style Transfer Method Based on Multi-reward Reinforcement Learning

LI Jingwen, YE Qi,RUAN Tong,LIN Yupian and XUE Wandong

School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

Abstract Text style transfer is an important task in natural language processing that aims to change the stylistic attributes of
text while preserving necessary semantic information. However, in many tasks where large-scale parallel corpora are lacking,
existing unsupervised methods suffer from issues such as insufficient text diversity and poor semantic consistency. To address
these problems, this paper proposes a semi-supervised multi-stage training framework. It first constructs a pseudo-parallel corpus
using a style labeling model and a masked language model to guide the model to learn diverse transfer styles in a supervised man-
ner. Then,adversarial similarity reward, Mis reward,and style reward are designed to conduct reinforcement learning on unlabeled
data to enhance the model’ s semantic consistency, logical consistency.and accuracy of style transfer. In the sentiment polarity
conversion task based on the YELP dataset, the proposed method’s BLEURT score increases by 3. 1% ,the Mis score increases
by 2.5% ,and the BLEU score increases by 9. 5%. In the formal style conversion experiment based on the GYAFC dataset, its
BLEURT score increases by 6.2% ,and the BLEU score increases by 3%.

Keywords Text generation, Text style transfer, Multi-stage training, Style labeling model, Reinforcement learning
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Table 1 Example ofconstructing pseudo-parallel data pairs
AR R A absolutely the worst care in all my experience with vets
1 4 absolutely the (mask) in all my experience with vets

. absolutely the best care i have ever had in all my experience
R T A

with vets

. absolutely the worst customer service i have had in all my ex-
AR A

perience with vets
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H 0 4]
AT A
R &b

not to mention they area mazing at what they do

not to mention they are (mask) at what they do
not to mention they are very good at what they do

not to mention they are very unprofessional at what they do
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Table 2 Dataset statistics

#AE & J& ElE Bt & K&
YELP H R 177218 2000 500
(unpair) B 266041 2000 500
GYAFC FER 51967 2788 1332
(pair) R 51967 2247 1019
Pseudo YELP A 50000 1691 500
(5 7 Pairs) R 50000 1691 500
Pseudo YELP H R 105028 2000 500
(10 7 Pairs) R 105028 2000 500
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Table 3 Comparison of results with other models

YELP CH /& 1 % #) GYAFCC(IE & R4 #8)
A BLEURT Mis BLEU ACC HM A BLEURT Mis BLEU ACC HM
1N 0.383 0.225 0.312 0.019 0.036 BN 0.114 0.842 0.474 0.120 0.192
DP-Latent —0.197 0.248 0.491 0.879 0.63 DP-Latent —0.324 0.265 0. 264 0. 804 0. 397
CP-VAE —0.301 0.238 0.452 0. 856 0.592 Stylns —0.098 0.65 0.478 0.706 0.57
NAST 0.228 0.411 0.546 0.874 0.672 NAST 0.234 0.574 0.428 0.729 0.539
GenRes —0.182 0.52 0.479 0.876 0.619 GenRes 0.09 0.811 0.507 0.908 0.651
RL-prompt —0. 246 0. 485 0.421 0. 839 0.561 OT4 0.112 — 0.618 0.942 0.746
Ours(M3. 1) —0.138 0.533 0.598 0. 850 0.702 Ours(M3. 2) 0.119 0. 836 0.515 0.898 0.655
Ours(M3. 3) —0.175 0.517 0.578 0.89%4 0.702 Ours(M3. 4) 0.11 0.828 0.505 0.952 0. 66
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Table 4 Results of different steps in model implementation

BAE £ (5 YELPCH B % #0) GYAFCCIE K X R 4 4)
AL BLEURT Mis BLEU ACC HM BLEURT Mis BLEU ACC HM
Mo & # BART # A —0.388 0.226 0.309 0.022 0.041 —0.116 0. 840 0.414 0.333 0.369
Step 1: 3t — 3 i # 4T I
ML 1.l %G5 B /3 7)) —0.186 0. 469 0.476 0.689 0.563 0.106 0.823 0.548 0.884 0.676
M1. 2. F I %10 7 /5 F) —0.176 0.471 0.552 0.749 0.636 0.114 0.825 0.553 0. 889 0.682
Step 2.1 F 2 T 58 16 % 3] 89 & M5 & % R K i 8 &
M2.1:MO+IBT+R; —0.275 0. 36 0.332 0.682 0. 446 0.075 0.818 0. 467 0.814 0.594
M2.2:MO+IBT+R, —0.298 0.37 0.335 0.749 0.463 0.082 0.823 0.457 0.778 0.576
M2. 3:M1. 1+IBT+R, —0.245 0.489 0.523 0. 885 0. 657 0.116 0.808 0.519 0.911 0.661
M2.4:M1.1+IBT+R, —0.224 0.502 0.531 0.876 0.661 0.116 0.818 0.524 0.921 0. 668
M2.5:M1. 2+ 1IBT+R, —0.247 0.469 0.525 0.893 0.664 0.113 0.82 0.524 0.935 0.672
M2. 6:Ml1. 2+ IBT+R, —0.264 0.488 0.491 0.896 0.637 0.118 0.822 0.53 0.934 0.676
Step 3: AT H 45 £ & 5 H A HOR

M3.1:M2. 3 # 4 & +R, —0.138 0.533 0.598 0. 850 0.702 0.121 0.835 0.511 0.896 0.651
M3.2:M2. 4 # # % +R, —0.146 0.531 0.586 0.851 0.694 0.119 0.836 0.515 0.898 0.655
M3. 3:M2.5 # 3 % + R, —0.175 0.517 0.578 0.894 0.702 0.114 0.828 0.485 0.942 0. 64
M3.4:M2. 6 # 4 £ +R, —0.212 0.517 0.553 0.896 0.685 0.11 0.828 0.505 0.952 0.66
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Table 5 Pearson correlation coefficients between text metrics
BLEURT MIS BLEU
1 4%
MIS BLEU BLEURT
0. 88 0.927 0.862
R A 3
WERRERRES 1 p oo (p<0.0h  (P=0.0D)
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Fig. 6 Influence of parallel dataset size on model performance
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