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Text style transfer (TST) is an important task in natural language generation, aiming to change the style of

text (e.g., emotion, politeness, formality) while preserving its content semantics. Existing methods mainly
face the following challenges:

» Asingle model is limited to transforming text between a predefined set of styles and cannot achieve
arbitrary style transfer.
* Low controllability and error accumulation problem.

 Ignoring specific region editing and lacking control over specific semantic areas in the given text.

Text Style Transfer Source Target
Negative—Positive  This is a terrible restaurant. This is a great restaurant.
Informal—>Formal U seem like a successful person. You seem like a successful person.

Impolite—Polite Delete the page and shut up. Please delete the page.
Factual>Romantic Two dogs play by a tree. Two dogs in love are playing by a tree.

W.S.—Modern To be, or not to be, that is the question. To exist, or not to exist, that is the question.

Biased—Neutral  Go is the deepest game. Go is one of the deepest game.

Offensive—Non-off What the f*ck is your problem? What is your problem?

Figure 1: Traditional methods can only handle 1-2 tasks, our method can achieve any text style transfer,
showing 7 representative style transfer tasks.
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Extensive experiments confirm the superiority of PEGF. We summarize the main contributions and
insights of this paper as follows:

We propose a novel prompt-based editing and global filling method, which innovatively converts TST
task into filling task to cope with the accumulation of errors in large models. It guides the LLM to edit
text within specific semantic regions, enhancing its controllability, stability, and interpretability.

To enhance content preservation, we design an implicit masking module that does not employ the
traditional form of directly deleting the style words recognized by the model, but instead devise
implicit masking to allow the model to retain more contextual information.

Our experiments demonstrate that PEGF significantly outperforms state-of-the-art baselines on three
publicly available benchmark datasets.
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}Our proposed PEGF model
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Figure 2: Our proposed PEGF model.
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Amidst the expanse of the street, a lone figure
emerged—a weathered old man, his form
clad in a brown coat that bore the marks of
countless seasons and trials.

In the heart of the bustling street, adjacent
to the serene park, stood an old man
donning a weatherbeaten brown coat.

In the heart of the street, like a lone sentinel of time, Include a - Include the Y In the midst of the bustling street, an elderly
stood an old man draped in a weatherbeaten brown metaphor ’ word “balloon” man in a weatherbeaten brown coat stood,
coat, his presence a testament to the stories etched The?e ‘m the middle of ¥ clutching a vibrant red balloon that danced and
upon his weary frame. the st’r eet stood an old swayed with the rhythm of the passing crowd.

man in a weatherbeaten
brown coat.

Amidst the bustling street, a poignant scene unfolded
—an elderly man, his coat worn and weatherbeaten,
stood alone. His presence seemed to carry a weight
of memories and experiences, etched into the lines
on his face and the weary gaze in his eyes.

Amidst the urban landscape, right at the heart
of the bustling street, stood an elderly man, his
weatherbeaten brown coat telling tales of time
and endurance.

Figure 3: The multiple style transformation examples executed by our model.
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Model Yelp Dataset Model ~ Acc rsBLEU s-sBLEU PPL
Acc r-sBLEU s-sBLEU PPL P&R 0.65 215 314 70
Supervised
Amazon PB-E 0.76 33.2 447 98
CrossAlignment 0.73 7.8 18.3 217
ER— 092 20 e 158 Our PEGF  0.80 35.2 49.8 86
MultiDecoder 049 130 39.4 373 P&R 0.85 36.4 49.6 68
DeleteOnly 0.84 13.4 33.9 182 GYAFC PB-E 0.81 37.7 50.2 87
DeleteRetrieve 0.91 14.7 36.4 180 Our PEGF 0.88 38.2 46.4 31
UnpairedRL 0.49 16.8 457 385 | ) " h with )
DualRL 089 259 8.9 133 Table 2: Comparison of our approach with previous prompt-based
ST-Multi-Class 085 264 63.0 175 methods on the Amazon and GYAFC datasets.
ST-Conditional 0.91 22.9 52.8 223
B-GST 0.83 216 46.5 158 Dataset Model Acc rsBLEU s-sBLEU PPL
Zero-shot or Few-shot (Prompf-based) YE|p text-davinci-002 0.83 29.9 55.9 109
N-=P text-davinci-003  0.92 25.3 45.5 73
LLM 4.y —0s 0.92 5.9 10.1 32
Amazon  text-davinci-002  0.77 37.8 50.2 82
LMaug—as 081 235 46.6 9 NP  text-davinci-003  0.80 35.2 49.5 86
P&R 0.88 23.0 45.9 80
& GYAFC  text-davinci-002  0.85 35.39 43.63 34
PB-E 0.89 20.5 34.9 94 InfoF  text-davinci-003  0.88 38.2 46.40 31
Our PEGF (5 0.94 8.7 12.8 29
Our PEGF 4¢ 0.92 25.3 455 73 Table 3: Results of the text-davinci-002 and textdavinci-003

. . ) models on different datasets.
Table 1: Comparison of our method with previous works on Yelp dataset.
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Figure 4: Human evaluation on the Yelp dataset.

Dataset Model Acc BLEU PPL
PEGF 92 25.3 73
w/o Discriminator 89 23.2 68
Yelp

w/o Implicit masking 86 21.6 65
w/o Frequency-based 91 24.3 77
PEGF 80 35.2 86
w/o Discriminator 76 32.9 78

Amazon
w/o Implicit masking 73 33.7 76
w/o Frequency-based 79 34.3 92

Table 4: Ablation study of the model on Yelp
and Amazon datasets in the four-shot setting.
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100 4 94 95 93 93 92

90 91 90
90 - '_-N._._——.\\BAG

80 - 73 73 87 86 87 86 - .
70 4 64 Model Negative—Positive
gg | 49 436 455 50 512 511 504 Case 1 There is definitely not enough room in that part of the venue.
38.4 ———— T T T T T T T T T T e
28 : 29 . 252 253 275 29 287 286 LLM aug There is plenty of room in that part of the venue.
20 4 1W P&R  The venue has enough space.
lg 1 g7 131 Sample quantity Our Masking sequence: There is definitely [not] [enough] room in that part of the venue.
0 1 5 3 4 5 6 3 10 PEGF Output: There is definitely plenty of room in that part of the venue.
—o—Acc (100%) -—m=r-sBLEU s-sBLEU PPL . . L
Case 2 The food was |o ality and thrown together quickly with little flavor.
(a) Text-davinci-oo3  ________________ VX (_JE_I_)_/_________E]____q____y____l_ _______________________
140 ~ 124 LLM aug the food was high quality and carefully prepared with delicious flavor.
117
120 + 105 109 13 a1 P&R The food was delicious and prepared with a lot of care!
100 1 gg 88 91 84 83 80 81 81 78 Our Masking sequence: The food was [low] quality and thrown together quickly with [little] flavor.
80 4 ‘——“\5‘5—0—0\.__._.\’ PEGF Output: The food was high quality and thrown together quickly with great flavor.
67
60 519 543 559 574 556 564 S77 Case 3 | am only giving this item num_num stars because of the absurd price.
42 7 375 AT T T T T oo
40 287 29 299 306 311 315 315 LLM Aug | am awarding this item num_num stars for its great value for money.
3429 —=
20 1 P&R | am only giving this item 5 stars because it works perfect and the price is fine.
18.6 Sample quantity
0 0 1 5 3 4 5 6 3 10 Our  Masking sequence: | am [only] giving this item num_num stars because of the [absurd] price.
——Acc (100%) —=—r-sBLEU s-sBLEU PPL PEGF Output: | am giving this item num_num stars because of the reasonable price.
(b) Text-davinci-002
Figure 5: Influence of sample quantity on model Figure 6: Qualitative examples of sentiment transfer. We manually used

performance in prompt templates. bold and italics to highlight the stylistically relevant phrases we discovered.
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