Are Large Language Models Actually Good at Text Style Transfer?
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Abstract

We analyze the performance of large language
models (LLMs) on Text Style Transfer (TST),
specifically focusing on sentiment transfer and
text detoxification across three languages: En-
glish, Hindi, and Bengali. Text Style Trans-
fer involves modifying the linguistic style of a
text while preserving its core content. We eval-
uate the capabilities of pre-trained LLMs us-
ing zero-shot and few-shot prompting as well
as parameter-efficient finetuning on publicly
available datasets. Our evaluation using auto-
matic metrics, GPT-4 and human evaluations
reveals that while some prompted LLMs per-
form well in English, their performance in on
other languages (Hindi, Bengali) remains av-
erage. However, finetuning significantly im-
proves results compared to zero-shot and few-
shot prompting, making them comparable to
previous state-of-the-art. This underscores the
necessity of dedicated datasets and specialized
models for effective TST.

1 Introduction

Text style transfer (TST) involves rewriting text
to incorporate additional or alternative stylistic
elements while preserving its overall semantics
and structure (Mukherjee and Dusek, 2024; Jin
et al.,, 2022). Although style transfer has gar-
nered increased research interest (Mukherjee et al.,
2024a), it usually requires a substantial amount of
labeled training examples, either as parallel text
data (Mukherjee and Dusek, 2023) or non-parallel
text data of a single style (Mukherjee et al., 2022).
Recent survey papers have identified a need for new
methods that reduce the training data requirements
and expand the scope of styles supported (Jin et al.,
2022; Hu et al., 2022b). This makes LLM prompt-
ing a compelling option and a few works explore it
in TST (Liu et al., 2024a; Suzgun et al., 2022), but
LLM’s usefulness, particularly in multilingual and
diverse stylistic contexts and with new open LLMs,
requires further exploration.

This paper aims at evaluating LLMs on TST
systematically. We focus on two popular sub-
tasks of TST, sentiment transfer (Li et al., 2018)
and text detoxification (Dementieva et al., 2022),
and three languages: English, Hindi, and Ben-
gali. We evaluate the LLMs using zero-shot and
few-shot prompting. Additionally, we investigate
parameter-efficient finetuning (Hu et al., 2022a;
Mangrulkar et al., 2022). Using automatic met-
rics as well as human evaluation and reference-free
GPT-4-based evaluation (Kocmi and Federmann,
2023), we compare our results to previous state-
of-the-art (SOTA), i.e., smaller language models
specifically trained on the same dedicated datasets.

Our findings indicate that GPT-3.5 as well as
a few open LLMs show promising results, but
do not surpass previous SOTA. While the perfor-
mance of open LLMs on prompting is weaker, fine-
tuning leads to significantly improvements, align-
ing closely with GPT-3.5 and SOTA performance.
This highlights the necessity of dedicated datasets
and models tailored for TST tasks.!

2 Related Work

TST typically involves training on pairs of texts
that share content but differ in style. A stan-
dard sequence-to-sequence supervised training ap-
proach is particularly challenging due to the lim-
ited availability of parallel data (Hu et al., 2022b;
Mukherjee et al., 2023a). TST methods are thus
often unsupervised (Mukherjee et al., 2022; Prab-
humoye et al., 2018; Li et al., 2018), which leads
to high data requirements (Hu et al., 2022b).
Prompt-based methods have become popular re-
cently, with LLM’s ability to solve various down-
stream tasks (Brown et al., 2020; Sanh et al.,
2021), including TST (Reif et al., 2021; Suz-
gun et al.,, 2022; Liu et al., 2024a). While

'Our experimental code and other details are available at:
https://github.com/souro/tst_11m.
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these previous works achieved some success us-
ing non-instruction tuned models such as GPT-
3, LaMDa or GPT-J, a comprehensive evaluation
using different-sized instruction-tuned LLMs and
prompting as well as finetuning is still needed.

3 Experiments

3.1 Datasets & Tasks

We use two popular TST subtasks where multi-
lingual data is available. We selected datasets in
English, Hindi, and Bengali for sentiment trans-
fer (Mukherjee et al., 2024b, 2023a) and an En-
glish and Hindi dataset for text detoxification
(Mukherjee et al., 2023b). Each dataset comprises
1,000 style-parallel examples. We use 400 exam-
ples for LLM finetuning (where applicable), 100
for development, and 500 for testing in all con-
figurations. For sentiment transfer, experiments
were conducted for both positive-to-negative and
negative-to-positive tasks, with results averaged.
For detoxification, we focused on the single task
of transferring toxic to clean text.

3.2 Tested Models

For our experiments, we selected multiple freely
available Language Model (LLM) architectures:
BLOOM (BigScience Workshop, 2023; Muen-
nighoff et al., 2023), ChatGLM (Du et al., 2022),
Falcon (Penedo et al., 2023; Almazrouei et al.,
2023), Llama (Touvron et al., 2023a,b; Al@Meta,
2024), Mistral (Jiang et al., 2023), OPT (Zhang
et al., 2022), and Zephyr (Tunstall et al., 2023).
They include a range of sizes (ca. ~0.5B-30B pa-
rameters) and types, including base, instruction-
tuned and chat models (see Table 12 in Appendix
C).2 We also included GPT-3.5 ( gpt-3.5-turbo) ac-
cessed via the OpenAI API (OpenAl, 2023b).?
For each model, we evaluate three setups: zero-
shot prompts (ZS), few-shot prompts (FS), and
parameter-efficient finetuning (FT). We only use
the base models for finetuning, excluding chat-
based and instruction-tuned models. We indicate
the model variant (size, base/instructions/chat) in
the model name (see Table 13 in Appendix C).*
As comparison to previous SOTA, we use
Mukherjee et al. (2024b)’s models for sentiment

2We got all models from HuggingFace (Wolf et al., 2020).

3 As GPT-4 is used for evaluation (see Section 3.3), we did
not use it for the TST task as LLMs may show bias towards
their own outputs (Koo et al., 2023; Stureborg et al., 2024).

*More details, including prompts, are shown in Ap-
pendix B and Table 13.

Language Sentiment acc. (%) Toxicity acc. (%)
English 93.4 94.8

Hindi 89.3 70.9
Bengali 87.8 -

Table 1: Language-wise sentiment and toxicity classi-
fier’s accuracy (acc.) scores.

transfer (Joint and Parallel) and Mukherjee et al.
(2023b)’s models for text detoxification (Seg2seq
+ CLS_OP and KT).

Due to the high cost of running LL.Ms, we did
not conduct any extensive hyperparameter opti-
mization. We ran limited preliminary experiments
on the English and Hindi style transfer develop-
ment set, opting to use default parameters from the
Llama-Factory finetuning framework.> The only
change made was increasing the number of fine-
tuning epochs from 3 to 5. The same settings were
then applied to both tasks and all languages.

3.3 Evaluation Metrics

To measure sentiment transfer and detoxification
accuracy (ACC) in all experiments, we finetuned
style classifiers for all languages and tasks based
on XLM-RoBERTa-base (Conneau et al., 2020), us-
ing the training split of the same datasets. Table 1
presents the resulting classifier accuracies. In line
with previous studies (Mukherjee et al., 2023c; Jin
et al., 2022; Hu et al., 2022b), we evaluate content
retention through the BLEU score (Papineni et al.,
2002) and content similarity (CS) (Rahutomo et al.,
2012) compared to the input sentences. CS is com-
puted using LaBSE sentence embeddings (Feng
etal., 2022) and cosine similarity. Following Loak-
man et al. (2023) and Yang and Jin (2023), we use
the arithmetic mean (AVG) of ACC and CS as a
singular score for comparison.

To complement automatic metrics, we employed
a GPT-4-based (gpt-4-turbo; OpenAl, 2023a) eval-
uation on a sample of 50 outputs from best LLMs
according to automatic metrics, following prior
work that showed good correlation with humans
on machine translation (Kocmi and Federmann,
2023).° We also conducted a small-scale in-house
human evaluation on 50 outputs for best LLMs
on the sentiment transfer task (for details, see Ap-
pendix D). Both humans and GPT-4 rated outputs
on a 5-point Likert scale for style transfer accuracy,
content preservation, and fluency.

5https ://github.com/hiyouga/LLaMA-Factory
Prompt details are shown in Appendix B.
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4 Results and Analysis

4.1 Automatic Evaluation

We show abridged results for LLMs (with mostly
~7B variants) in Table 2. Full results are provided
in Tables 6 in Appendix A.

Impact of Methodology GPT-3.5 consistently
outperforms other models on zero-shot prompt-
ing across all languages, achieving the highest ac-
curacy and average scores. Other models, such
as ChatGLM2-6B and Llama-3-8B-ZS, also show
strong performance, particularly in English. How-
ever, models like BLOOMz-7B and OPT-6.7B
reach much lower scores, suggesting limited zero-
shot capabilities. Few-shot prompting generally
improves performance compared to zero-shot, es-
pecially in English. GPT-3.5 stays in the lead, with
high scores in all languages. Finetuning brings the
highest gains across the board, with strong perfor-
mance from most LLMs, including ones weak at
zero-shot and few-shot, such as BLOOM-7B. Most
finetuned LLMs are comparable to prompted GPT-
3.5 and previous SOTA models.

Language-wise Analysis Across the three lan-
guages, English consistently shows the highest per-
formance. Hindi, while more challenging, ben-
efits significantly from few-shot and finetuning
approaches (e.g., for GPT-3.5 and BLOOM-7B).
Bengali presents the greatest difficulty, reflecting
the scarcity of high-quality training data, but still
shows marked improvements with additional train-
ing. Models such as GPT-3.5 and Llama-3-8B
lead in performance across all settings. The results
highlight the importance of model adaptation with
targeted datasets in multilingual settings.

Impact of Model Variant Generally, larger
models score better across the board, but gains di-
minish with increasing size: The jump from 1B to
3B shows a significant boost; improvements from
3B to 7B and 7B to 13B are less pronounced; 30B
models do not improve over their smaller counter-
parts. For zero-shot tasks, small models struggle,
but even medium-sized models (2B-3B) show no-
ticeable improvements. Instruction-tuned and chat
models work better than their base variants in zero-
and few-shot settings, but this depends on the task:
for detoxification, Llama-3-8B-instruct simply re-
fused to provide outputs.’

A typical response was: “I cannot detoxify a sentence
that contains sexual content. Is there something else I can

Style vs. Content Different models show differ-
ent sides of the tradeoff between ACC and CS,
with ChatGLM2-6B and Zephyr-7B reaching high
transfer accuracy but lagging on content preserva-
tion, while BLOOM-7B, Llama-3-8B-instruct or
Falcon-7B are the opposite.

For additional details, see Appendix E.

4.2 GPT-4-based and Human Evaluation

We selected open models performing best in En-
glish for each methodology, alongside GPT-3.5
and previous SOTA, for GPT-4-based evaluation
on both tasks (see Table 3). We kept the same mod-
els for human evaluation on sentiment transfer only
(see Table 4). The sentiment and detoxification’s
output samples are shown in Table 5 and 14 (see in
Appendix F) respectively.

Both evaluations show better performance for
finetuned LLMs and previous SOTA, compared
to prompted LLMs. In some cases, finetuned
LLMs outperform GPT-3.5, particularly in terms
of content preservation. Hindi and Bengali show
lower performance than English, which suggests
that more targeted resources for these languages
are needed. This is further underscored by the
fact that while English shows a decent correlation
between GPT-4-based and human evaluation, this
alignment is not as strong for Hindi (see Figure 1).

5 Conclusion

We evaluated the efficacy of LLMs for text style
transfer, focusing on sentiment transfer and text
detoxification across English, Hindi, and Bengali.
We analyzed LLMs under zero-shot and few-shot
prompting as well as with parameter-efficient fine-
tuning. Our findings indicate that while some
open LLMs exhibit promising performance in En-
glish, their multilingual capabilities are still lim-
ited. However, finetuning demonstrates signifi-
cant improvements, aligning the performance of
these models with previous state-of-the-art sys-
tems. Our study underscores the importance of
tailored datasets and targeted models (even small-
size) for this task.

In the future, we aim to expand our experiments
to include more styles and languages. We will also
look into alternative finetuning methods (Liu et al.,
2024b; Jain et al., 2023) and advanced prompting
techniques (Yao et al., 2024; Wei et al., 2022), to
further improve performance.

help you with?”
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Sentiment Transfer Detoxification
English Hindi Bengali English Hindi

Models ACC CS BL AVG\ACC CS BL AVG\ACC CS BL AVG|ACC CS BL AVG\ACC CS BL AVG
BLOOM-7B-ZS 37.8 774 398 51.6| 26.6 794 39.6 48.6| 344 788 303 47.8| 8.6 76.1 39.0 41.2| 522 79.1 39.8 57.0
BLOOMz-7B-ZS 26.0 403 12.6 263 31.6 359 4.0 239 352 351 25 242| 142 69.1 344 39.2| 64.8 69.8 30.5 55.0
ChatGLM2-6B-ZS 86.3 644 169 558| 53.0 559 5.1 38.0| 485 352 04 28.0| 962 47.6 74 504| 77.8 53.6 43 452
Falcon-7B-ZS 72.8 75.0 409 629 21.5 70.2 30.8 40.8| 22.1 639 17.7 34.6| 46.6 752 382 53.3| 654 60.7 27.3 5I1.1
GPT-3.5-ZS 934 814 439 729 [J83H 82.7 433 69.8 |99 81.7 31.8 64.5 |99 73.9 30.1 67.7 80 79.3 39.7 664
Llama-7B-ZS 36.8 659 233 420 222 80.2 414 479]| 12.0 782 309 404 | 11.6 73.2 37.0 40.6| 52.6 79.7 424 582
Llama-2-7B-ZS 63.1 755 42.0 60.2| 44.6 799 41.4 553| 269 76.6 29.5 44.3| 20.6 747 375 443 | 532 787 41.0 57.7
Llama-2-Chat-7B-ZS -78.0 38.4 70.1| 652 785 37.2 60.3| 39.0 71.6 21.5 44.0| 82.8 704 259 59.7| 61.8 769 38.1 589
Llama-3-8B-ZS 769 804 459 67.7| 66.2 81.8 429 63.6| 58.4 76.2 304 550| 254 73.1 347 444 56.6 774 358 56.6
Llama-3-8B-Instruct-ZS 922 69.3 350 65.5| 71.6 59.0 23.0 51.2| 50.1 64.6 24.2 46.3 - - - - - -
Mistral-7B-Instruct-ZS ~ 80.8 65.8 29.3 58.6| 32.2 78.8 36.4 49.1| 22.8 74.6 22.6 40.0 894 72.1 33.1 64.9 61.8 72.0 30.8 549
OPT-6.7B-ZS 541 243 14 26.6| 17.3 60.0 289 354| 135 76.8 30.0 40.1| 83.0 274 0.7 37.0| 66.6 59.1 33.1 529
Zephyr-7B-ZS 85.0 714 23.1 59.8| 66.7 71.6 312 56.5| 552 67.5 20.9 479| 96.8 54.6 132 549 71.8 63.7 214 523
BLOOM-7B-FS 32.1 78.8 435 51.5| 245 80.2 40.1 483 169 779 29.6 41.5| 224 77.1 41.1 469| 52.0 79.6 41.6 57.7
BLOOMz-7B-FS 352 743 393 49.6| 364 804 413 52.7| 29.0 78.7 30.8 46.2| 144 714 369 409| 594 729 37.7 56.7
ChatGLM2-6B-FS 87.8 75.6 324 653 48.6 62.7 104 40.6| 419 400 0.7 27.6| 89.2 649 169 57.0| 73.0 544 6.6 44.7
Falcon-7B-FS 77.6 79.6 462 67.8| 159 784 39.8 447 17.8 734 273 39.5| 242 759 399 46.7| 564 75.5 402 573
GPT-3.5-FS 0500 81.4 44.7 73.7 |[J902] 82.5 41.3 71.3 |[842] 81.1 31.9 65.7 |[J96I6] 77.2 38.6 70.8 |80 80.2 39.7 66.6
Llama-7B-FS 64.8 59.4 303 51.5| 31.8 79.7 40.5 50.7| 23.1 77.3 293 43.2| 11.6 769 40.1 429| 534 799 426 58.6
Llama-2-7B-FS 549 322 3.0 30.0| 54.1 782 37.0 56.4| 393 73.6 26.1 46.3| 46.8 61.1 343 47.4| 534 77.6 38.0 56.3
Llama-2-Chat-7B-FS 92.1 745 362 67.6| 69.0 752 29.6 57.9| 38.1 65.6 192 409| 78.8 62.6 282 56.5| 61.4 76.1 34.1 57.2
Llama-3-8B-FS 679 433 125 41.3| 71.7 80.2 39.7 639| 60.2 73.5 29.7 54.4| 402 744 41.8 522| 804 51.6 202 50.7
Llama-3-8B-Instruct-FS 52.2 11.1 14 21.6| 12 157 0 56| 500 144 0 215 - - - - - - -
Mistral-7B-Instruct-FS ~ 87.3 77.3 39.7 68.1| 33.7 77.8 342 48.6| 36.5 752 254 45.7| 922 745 326 66.5| 61.2 769 374 58.5
OPT-6.7B-FS 339 634 28.0 41.8| 114 77.5 393 42.7| 15.1 758 294 40.1| 11.2 754 393 42.0| 57.0 70.6 37.2 54.9
BLOOM-7B-FT 912 80.6 432 71.7| 839 81.0 404 684 81.7 75.6 263 61.2| 924 758 41.7 70.0| 82.0 76.6 33.8 64.1
BLOOMz-7B-FT 91.0 80.3 450 72.1| 853 81.0 39.8 68.7 753 194 60.2| 924 75.6 40.7 69.6| 82.0 76.4 322 63.5
ChatGLM2-6B-FT 86.8 78.8 419 69.2| 519 74.1 32.8 529 42.1 48.1 7.8 32.7| 90.0 74.0 342 66.1| 67.8 69.3 303 558
Falcon-7B-FT 88.3 79.6 43.1 70.3| 37.7 762 35.8 49.9| 40.8 51.0 83 334| 87.6 73.8 37.8 66.4| 68.8 613 21.4 505
Llama-7B-FT 915 81.6 472 734| 694 785 394 62.4| 419 76.0 284 488| 91.8 76.1 424 70.1| 674 739 362 592
Llama-2-7B-FT [B29) 81.2 46,5 73.5| 77.5 78.6 39.2 65.1| 56.7 76.1 27.9 53.6| 924 762 433 70.6| 68.8 74.6 362 59.9
Llama-2-13B-FT 92.0 82.0 473 73.8| 79.6 80.2 40.0 66.6| 61.2 774 294 56.0| 95.6 76.1 42.8 71.5| 73.8 755 36.3 619
Llama-3-8B-FT 92.0 81.4 46.8 734 82.1 424 70.1| 819 80.2 323 64.8 769 452 73.0 78.0 37.2 66.1
OPT-6.7B-FT 91.7 80.6 445 723 29.1 76.8 38.3 48.1| 225 76.3 27.6 42.1| 95.8 76.7 422 71.6| 582 76.1 39.8 58.0
SOTA (Joint) 81.5 46.1  70.7| 78.3 825 438 682 78.0 28.1 62.1

SOTA (Parallel) 80.9 815 464 69.6 823 443 70.7| 73.1 81.0 347 629

SOTA (CLS-OP) 91.6 76.6 442 70.8| 65.0 78.2 39.8 61.0
SOTA (KT) 92 77.5 45.6 T1.7 78.6 42.0 65.7

Table 2: Automatic metrics results: style accuracy (ACC), content similarity (CS), and BLEU (BL) against the
source, and an average of all three (AVG). Only models close to 7B parameters in size are shown (with added GPT-
3.5 and Llama-2-13B-FT, with the best sentiment transfer performance in its category), full results are in Table 6
in Appendix A. The best results in each category are highlighted in color.

Sentiment transfer Detoxification

Models English Hindi Bengali English Hindi

Sty. Cont.  Flu. ‘ Sty.  Cont.  Flu. ‘ Sty.  Cont.  Flu. Sty. Cont.  Flu. ‘ Sty.  Cont.  Flu.
GPT-3.5-ZS 460 452 428 | 418 464 362 | 414 484 334 438 388 438 276
Llama-2-7B-Chat-ZS 450 426 | 322 374 264 | 1.50 216 220
Mistral-7B-Instruct-ZS 3.08 420 390 | 1.52 432 232
GPT-3.5-FS 468 458 392 460 372 450 322 | 402 472 388 | 344 440 @294
Mistral-7B-Instruct-FS | 4.16 428 398 | 226 400 3.02 | 1.78 3.62 262 | 336 4.66 382 | 1.62 398 218
Llama-2-13B-FT 470 444 396 | 416 420 332 | 298 332 260
Llama-3-8B-FT 392 444 340 | 322 2.88
SOTA (Joint) 414 426 356 | 404 460 348 | 3.62 4.04 284
SOTA (KT) 342 424 326 | 230 2.62

Table 3: GPT-4-based evaluation of 50 randomly selected outputs on style accuracy (Sty.), content preservation

(Cont.), and fluency (Flu.; see Section 3.3). The best results overall are highlighted in color.

Table 4: Human evaluation of 50 randomly selected outputs on sentiment accuracy (Style), content preservation

Models English Hindi
Style  Content  Fluency Style  Content  Fluency

GPT-3.5-ZS 4.66 4.96 4.92 4.18 4.92 4.90
Llama-2-7B-Chat-ZS 4.86 4.88 3.54 4.86 422
GPT-3.5-FS 4.66 4.98 4.92 4.88 4.80
Mistral-7B-Instruct-FS 4.30 4.78 4.82 2.26 4.70 4.62
Llama-2-13B-FT 4.68 4.90 4.86 4.34 4.84 4.80
SOTA (Joint) 422 4.94 4.60 3.96 4.94 4.90

(Content), and Fluency (see Section 3.3). The best results overall are highlighted in color.

526



Models

Negative — Positive

Positive — Negative

Reference en: also matt wasn’t that cool and not that helpful. | en: thank you amanda, i will be back ! — no
—> also matt wasn’t that cool, and not that helpful. | thanks amanda, i won’t be back ! ]
also matt was super cool and helpful. hi: SFIAIE SFTST, § AU MM — WIS §
hi: 72 & ¢ fooi—get T8l o7 TR A & AeaTR| | STI3l 377, ﬁawqé‘reﬂwm
e € e IR g 3R FEER ol bn: ¥R SHITOT, ST S L SO |
bn: UGS, Wﬂ%'ﬁa Qﬁmm@"f@% F‘—T) TfT LN I 0T, AW A i‘iﬁﬁ A
&1 T | — WRITIS, W56 YJ ©ICell «3g T9f- '

AT et |
GPT-3.5-ZS en: also matt was really cool, and very helpful. en: I will not be back, Amanda, thank you.

hi: 11 & A Poi—g T 3R FeTTR|

hi: ko sMTeT, H 1o TS

bn: ORIGI3, W5 YT GFOT ST I GAFIT

bn: 73A® SN, I ST Recg S|

ozt

Llama-2-7B-Chat-
A helpful.

en: Also, Matt wasn’t that cool, and he was very | en:

amanda, i will be back !

hi: Frfam smTeT, ﬁrﬂé’reﬁmﬂl

hi: 911 & HE PeI-get o7 3R TR

bn: LW AN OT, ST SRF RBecd SI1]

bn: QZIGI3, TG Y7 QFOT SICAT T GBI

| SINTFOT 3N OT, ST SR RFE =19

fooeT A1 | :
GPT-3.5-FS en: also matt was really cool and super helpful. | en: thank you amanda, i will never be back !
hi: 911 & A HeA—gt o 3R TR R hi: SIS 3], ¥ AT TR S
bn: GFIIB, T35 47 Q301 SICeT Q3R Gorar | bn: GG SIHINGT, S ST Fecd S|
foe |
Mistral-7B- en: also matt was very cool and helpful. en: Thank you Amanda, I won’t be back.

Instruct-FS

HeI-gl & T

hi: 121 81 HC Fol-gl AT AR AR & A IE | hi:

YYJIq d‘l“IISI ﬁ CIEKS| drll\'S‘II'
bn: I SHIFOT, I ¥ ST Freg o

et |

bn: IRIOTS, TG 4T 0T GICeTT AT Sodt |

Llama-2-13B-FT

en: also matt was super cool and super helpful.

en: thanks amanda, i will never return.

hi: 11 &1 HE el—ge T 3R 7 & AR

hi: wﬁiﬂﬁﬂﬁmmé?ﬁquswwﬁ

ozt |

bn: ORIGI3, T5I0 47 QFU! I I GAFIT

& ool
bn: STHIGT, ST I Frcg =911 a1 |

SOTA (Joint)

en: also matt was cool, and very helpful.

en: sorry amanda, i will not be back.

hi: H12 & 1 9gd A% 3R TR 1|

hi: SIS 3THTel, § 99 & 3MS!

fozet |

bn: RT3, T5G Y F01 SICAT AL SAFINT

bn: TR SAMITGT, ST SN R ST A7 |

Table 5: Sample outputs for the Sentiment Transfer task (positive to negative and negative to positive) in English,
Hindi, and Bengali, generated by a selection of top-performing models (see Section 4.2).

Limitations

While our study provides insights into the perfor-
mance of LLMs in TST across multiple languages,
certain limitations must be considered. Our evalu-
ation focuses on sentiment transfer and text detox-
ification, omitting other TST tasks, such as for-
mality, humor, or sarcasm. Our analysis is con-
strained by data availability and may not fully
capture the diversity of linguistic styles and cul-
tural nuances across different languages. Finally,
our study explores basic prompt techniques and
finetuning, omitting advanced prompting and op-
timization approaches.

Ethics Statement

In conducting this research, we adhere to ethical
principles to ensure the responsible use of lan-

guage models and the fair treatment of linguistic
data. We prioritize transparency and accountabil-
ity by documenting our methodologies, datasets,
and evaluation criteria. Additionally, we respect
user privacy and data confidentiality by anonymiz-
ing sensitive information and obtaining appropri-
ate consent. Moreover, we acknowledge the poten-
tial societal impact of language models, including
their potential to perpetuate biases or misinforma-
tion. Therefore, we strive to mitigate these risks
by continuously evaluating and addressing ethical
considerations throughout our research. Our ulti-
mate goal is to contribute positively to advancing
natural language processing while upholding eth-
ical standards and promoting equitable access to
linguistic resources and technologies.
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A Full Experimental Results

This section presents the full set of experimental
results (see Table 6), providing a detailed compar-
ison of all methodologies and their performance
across different languages and tasks. These tables
offer a deeper insight into the data and support the
findings discussed in the main paper. A selection
of models out of it is presented in Table 2.

B Prompt Examples

This section provides a collection of example
prompts (in English) for the Text Sentiment Trans-
fer (Table 7) and Text Detoxification (Table 8)
tasks. Additionally, we include prompts (in En-
glish) used for GPT-4-based evaluations, covering
Sentiment Transfer accuracy (Tables 9), content
preservation (Tables 10), and fluency (Tables 11).
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Sentiment Transfer Detoxification

English Hindi Bengali English Hindi
Models ACC CS BL AVG|ACC CS BL AVG|ACC CS BL AVG|ACC CS BL AVG|ACC CS BL AVG
BLOOM-560M-ZS 133 654 30.1 36.3| 189 644 199 344| 208 60.8 9.3 303| 16.6 703 352 40.7| 66.0 63.3 19.5 49.6
BLOOM-1B-ZS 36.6 73.5 39.2 49.8| 20.3 74.7 339 43.0| 214 745 269 409| 172 67.6 369 40.6| 564 755 392 57.0
BLOOM-3B-ZS 449 76.7 41.6 54.4| 36.1 79.4 40.6 52.1| 40.1 785 304 49.7| 10.8 749 40.0 419| 522 795 424 58.0
BLOOM-7B-ZS 37.8 774 398 51.6| 26.6 79.4 39.6 48.6| 344 78.8 303 47.8| 8.6 76.1 39.0 41.2| 522 79.1 39.8 57.0
BLOOMz-560M-ZS 464 188 2.5 22.6| 258 325 43 209| 37.1 352 4.1 255| 102 759 383 41.4| 692 669 24.1 534
BLOOMz-1B-ZS 462 140 0.0 20.1| 47.7 186 0.0 22.1| 353 238 1.3 20.1| 13.0 729 344 40.1| 574 73.6 36.7 559
BLOOMz-3B-ZS 48.6 179 02 222 49.1 2277 02 240| 43.6 242 04 22.7| 11.0 748 382 413 | 544 777 412 5738
BLOOMz-7B-ZS 26.0 403 12.6 26.3| 31.6 359 4.0 239 352 351 25 242| 142 69.1 344 39.2| 64.8 69.8 30.5 55.0
ChatGLM-6B-ZS 849 69.8 255 60.1] 40.6 39.0 1.6 27.1| 38.6 351 13 250| 89.4 592 11.0 53.2| 832 252 0.6 363
ChatGLM2-6B-ZS 863 644 169 558 53.0 559 5.1 38.0| 485 352 04 280 962 47.6 74 504| 77.8 53.6 43 452
Falcon-7B-ZS 72.8 75.0 409 62.9| 21.5 70.2 30.8 40.8| 22.1 63.9 17.7 34.6| 46.6 752 382 533 | 654 60.7 273 5l1.1
GPT-3.5-ZS 934 814 439 729 [J83H 82.7 433 69.8 |99 81.7 31.8 64.5 |99 73.9 30.1 67.7| 80.2 79.3 39.7| 66.4
Llama-7B-ZS 36.8 659 233 420 222 80.2 414 479]| 12.0 782 309 404 | 11.6 732 37.0 40.6| 52.6 79.7 42.4 582
Llama-13B-ZS 57.8 76.7 434 59.3| 543 81.0 41.8 59.0| 25.9 78.6 30.7 45.0| 22.8 70.1 36.8 43.2| 52.6 79.9 425 583
Llama-30B-ZS 829 755 448 67.7| 60.0 81.8 43.2 61.7| 359 779 303 48.1| 21.8 73.8 39.9 45.1| 53.0 79.6 423 583
Llama-2-7B-ZS 63.1 755 42.0 60.2| 446 799 414 553| 269 76.6 29.5 44.3| 20.6 74.7 375 443 | 532 78.7 41.0 57.7
Llama-2-13B-ZS 69.7 774 452 64.1| 579 81.1 423 604 | 322 78.0 30.1 46.8| 19.4 743 403 44.7| 540 789 416 582

Llama-2-Chat-7B-ZS ~ 940] 78.0 384  70.1| 652 78.5 372 60.3| 39.0 71.6 21.5 44.0| 828 704 259 59.7| 61.8 769 38.1 589
Llama-2-Chat-13B-ZS 922 77.2 39.6 69.7| 75.1 789 352 63.1| 423 73.8 24.7 46.9| 90.0 54.1 240 56.0| 60.8 77.1 36.7 582
Llama-3-8B-ZS 769 804 459 67.7| 66.2 81.8 429 63.6| 58.4 76.2 30.4 550| 254 73.1 347 444| 56.6 774 358 56.6
Llama-3-8B-Instruct-ZS 92.2 69.3 35.0 65.5| 71.6 59.0 23.0 51.2| 50.1 64.6 242 46.3 - - - - -
Mistral-7B-Instruct-ZS 80.8 65.8 29.3 58.6| 322 78.8 364 49.1| 22.8 74.6 22.6 40.0| 89.4 72.1 33.1 649| 61.8 72.0 30.8 549

OPT-13B-ZS$ 437 261 03 234 169 63.5 317 37.4| 145 760 289 39.8| 96.6 193 0.0 386| 594 68.8 37.5 553
OPT-2.3B-ZS 472 253 02 242 147 66.6 302 37.2| 147 75.1 289 39.6| 912 23.6 0.0 383| 60.2 66.8 32.6 532
OPT-6.7B-ZS 541 243 14 26.6| 173 60.0 289 354| 135 76.8 30.0 40.1| 83.0 27.4 07 37.0| 66.6 59.1 33.1 52.9
OPT-13B-ZS 483 619 304 46.8| 112 78.1 40.1 43.1| 13.8 77.0 30.3 40.4| 554 523 274 451|552 762 40.1 57.2
OPT-30B-ZS 64.1 451 17.8 423| 111 717 345 39.1| 141 76.1 298 40.0| 212 69.3 40.6 437 124 37 363
Zephyr-7B-ZS 85.0 714 23.1 59.8| 66.7 71.6 312 56.5| 552 67.5 209 47.9| 968 546 132 549| 71.8 63.7 214 523
BLOOM-560M-FS 7.5 762 40.7 41.5| 11.6 784 39.0 43.0| 13.1 77.6 29.7 40.1| 350 758 415 50.7| 556 77.1 403 57.7
BLOOM.-1B-FS 134 775 415 44.1| 133 792 397 44.1| 134 77.8 29.5 402| 9.8 762 40.1 42.0| 548 78.6 40.6 58.0
BLOOM-3B-FS 382 78.4 42.8 53.1| 329 80.0 404 SLI| 337 787 303 47.5| 310 769 41.5 49.8| 522 793 375 563
BLOOM-7B-FS 32.1 78.8 435 515|245 802 40.1 483| 169 77.9 20.6 41.5| 224 77.1 411 46.9| 52.0 79.6 41.6 57.7
BLOOMz-560M-FS  39.9 244 4.8 230 202 662 243 36.9| 20.5 655 189 350 148 722 37.0 41.3| 532 76.8 380 56.0
BLOOMz-1B-FS 33.6 659 367 45.4| 13.8 792 40.7 44.6| 183 773 287 41.4| 33.6 70.0 293 443| 53.4 765 354 55.1
BLOOMz-3B-FS 44.1 53.6 23.5 404|299 747 364 47.0| 219 755 282 419| 172 732 39.4 433|520 779 400 56.6
BLOOMz-7B-FS 352 743 393 49.6| 364 80.4 413 527|200 78.7 30.8 462| 144 714 369 409| 594 729 377 567
ChatGLM-6B-FS 810 715 282 60.2| 362 41.8 22 267| 41.6 323 18 252| 892 656 163 57.0 GOl 235 04 350
ChatGLM2-6B-FS ~ 87.8 75.6 324 653 48.6 62.7 104 40.6| 41.9 400 0.7 27.6| 892 64.9 169 57.0| 73.0 544 6.6 447
Falcon-7B-FS 77.6 79.6 462 67.8| 159 784 39.8 44.7| 17.8 73.4 27.3 39.5| 242 759 399 46.7| 564 755 402 573
GPT-3.5-FS O5W 81.4 44.7 73.7 [JO0J 82.5 413 | 713 |4 81.1 31.9 65.7 [JO6I6] 77.2 38.6 | 70.8| 80.0 802 39.7 | 66.6
Llama-7B-FS 64.8 59.4 303 515|318 797 40.5 50.7[ 23.1 77.3 293 432[ 116 769 40.1 429| 534 79.9 426 586
Llama-13B-FS 754 772 458 66.1| 459 80.0 39.6 552| 339 77.0 292 46.7| 104 77.0 404 42.6| 51.6 79.1 40.3 57.0
Llama-30B-FS 513 198 0.0 23.7| 502 81.5 423 58.0| 22.6 77.7 30.8 43.7| 21.0 73.9 412 454 564 78.6 415 589
Llama-2-7B-FS 549 322 3.0 30.0| 54.1 782 37.0 56.4| 393 73.6 26.1 46.3| 468 61.1 343 47.4| 534 77.6 380 563
Llama-2-13B-FS 527 248 0.1 258| 494 78.4 374 55.1| 356 760 200 469 828 31.6 34 393| 550 785 386 574

Llama-2-Chat-7B-FS ~ 92.1 74.5 362 67.6| 69.0 752 29.6 57.9| 38.1 65.6 192 409| 78.8 62.6 282 56.5| 61.4 76.1 34.1 572
Llama-2-Chat-13B-FS  88.0 65.7 15.7 56.5| 77.2 75.6 29.6 60.8| 46.6 71.2 23.0 46.9| 83.4 55.1 172 51.9| 684 76.4 33.1 593
Llama-3-8B-FS 679 433 125 41.3| 71.7 80.2 39.7 639| 60.2 73.5 29.7 54.4| 402 744 418 522 804 51.6 202 50.7
Llama-3-8B-Instruct-FS 52.2 11.1 1.4 21.6| 12 157 0 56| 500 144 0 215 - - - - - - -
Mistral-7B-Instruct-FS  87.3 77.3 39.7 68.1| 33.7 77.8 342 48.6| 36.5 752 254 45.7| 922 745 326 66.5| 61.2 769 374 585

OPT-1.3B-FS 24.1 540 21.6 332| 120 78.5 394 433| 145 746 27.6 389| 41.0 53.8 308 41.9| 562 72.8 369 553
OPT-2.3B-FS 41.8 519 205 38.1| 209 547 29.6 35.1| 143 751 285 393| 21.6 672 38.3 424| 58.8 658 30.1 516
OPT-6.7B-FS 33.9 634 28.0 41.8| 114 775 393 427| 151 758 294 40.1| 11.2 754 393 420| 57.0 70.6 372 549
BLOOM-560M-FT 842 758 359 65.3| 70.9 76.5 33.9 60.4| 70.5 68.0 146 51.0| 88.2 71.2 349 64.8| 72.8 69.4 29.7 573
BLOOM-1B-FT 87.7 79.0 427 69.8| 79.3 802 352 64.9| 80.3 758 22.8 59.6| 89.4 742 386 674|724 75.1 323 599
BLOOM-3B-FT 90.0 80.0 440 71.4| 78.9 80.4 38.0 65.8| 763 77.5 272 60.3| 882 75.6 40.6 68.1| 78.6 759 329 625
BLOOM-7B-FT 91.2 80.6 432 71.7| 83.9 81.0 404 684 | 81.7 756 263 61.2| 924 758 41.7 70.0| 82.0 76.6 33.8 64.1
BLOOMz-560M-FT ~ 85.6 76.1 362 66.0| 70.2 77.4 347 60.8| 72.5 69.8 15.1 52.5| 89.0 712 359 654| 740 712 288 58.0
BLOOMz-1B-FT 85.8 79.2 424 69.1| 762 80.0 373 64.5| 83.7 746 213 59.9| 89.0 745 39.7 67.7| 722 743 311 592
BLOOMz-3B-FT 88.7 79.7 43.5 70.6| 81.8 80.2 389 67.0| 85.0 74.5 192 59.6| 87.6 75.0 39.0 67.2| 76.6 753 304 60.7
BLOOMz-7B-FT 91.0 80.3 45.0 72.1| 853 81.0 39.8 68.7| 859 753 194 602| 924 756 40.7 69.6| 82.0 764 322 635
ChatGLM2-6B-FT 86.8 78.8 419 69.2| 51.9 74.1 328 52.9| 42.1 48.1 7.8 32.7| 90.0 740 342 66.1| 67.8 69.3 303 558
Falcon-7B-FT 88.3 79.6 43.1 70.3| 377 762 358 49.9| 40.8 51.0 83 33.4| 87.6 73.8 378 66.4| 68.8 61.3 214 505
Llama-7B-FT 915 81.6 472 734| 694 785 394 624 41.9 760 284 48.8| 91.8 76.1 424 70.1| 674 739 362 592
Llama-13B-FT 93.1 814 463 73.6| 724 79.7 397 63.9| 53.9 759 277 52.5| 93.8 76.6 424 71.0| 69.0 752 36.7 603
Llama-2-7B-FT 929 812 465 73.5| 775 78.6 39.2 65.1| 56.7 76.1 27.9 53.6| 924 762 43.3 70.6| 68.8 74.6 36.2 59.9
Llama-2-13B-FT 92.0 82.0 47.3 73.8| 79.6 80.2 40.0 66.6| 61.2 77.4 29.4 56.0| 95.6 76.1 428 71.5| 73.8 75.5 363 619
Llama-3-8B-FT 92.0 81.4 46.8 73.4 [85H 82.1 42.4 70.1| 81.9 80.2 32.3 64.8 [JO6M] 76.9 45.2 73.0 [W83MY 78.0 37.2 66.1
OPT-1.3B-FT 87.6 79.9 442 705| 17.8 77.8 379 445| 21.0 742 266 40.6| 87.6 754 404 67.8| 554 76.6 402 574
OPT-2.7B-FT 89.7 80.0 442 713|229 77.6 383 462| 17.5 76.1 269 402| 90.6 76.0 40.7 69.1| 56.0 758 384 5638
OPT-6.7B-FT 91.7 80.6 44.5 72.3| 29.1 76.8 38.3 48.1| 22.5 76.3 27.6 42.1| 958 767 422 71.6| 582 76.1 39.8 58.0
OPT-13B-FT 988 81.2 453 73.3| 41.3 76.8 382 52.1| 24.8 77.0 29.6 43.8 |6 75.9 42.6 71.8| 59.0 76.3 402 585
SOTA (Joint) 8451 81.5 46.1 70.7| 78.3 82.5 438 68.2 [J8OBI 78.0 28.1 62.1

SOTA (Parallel) 80.9 815 464 69.6 82.3 443 70.7| 73.1 81.0 347 62.9

SOTA (CLS-OP) 91.6 76.6 442 70.8| 65.0 782 39.8 61.0
SOTA (KT) 9201 77.5 45.6 1.7 78.6 420 65.7

Table 6: Automatic metrics results (all the models together for both the tasks): style accuracy (ACC), content
similarity (CS), and BLEU (BL) against the source, andsgri average of all three (AVG).



Prompt Sentiment transfer changes the sentiment of a sentence while keeping non-sentiment-related content unchanged.
Examples:

Task: positive to negative
Input: even when she didn’t answer him quickly enough, he patiently waited on her.
Output: when she didn’t answer him quickly enough, he hung up on her.

Task: negative to positive
Input: there isn’t a great selection of salads or pasta in the deli.
Output: great selection of salads and pasta items in the deli.

Task: positive to negative
Input: they were very fair and respected me since i’'m so young.
Output: they tried to take advantage of me because i am young.

Task: negative to positive
Input: also the crab wontons are awful along with the bland plum sauce.
Output: also the crab wontons rule along with the spicy plum sauce.

Now change the sentiment of the following English sentence.
Task: positive to negative

Input: best customer service i have ever had.

Output:

Table 7: A few-shot prompt used for Sentiment Transfer in English. It contains task definition, examples, instruction,
and input (see Section 3.2).

Prompt Text detoxification changes a toxic sentence to a clean sentence while keeping its general meaning unchanged.
Examples:

Input: oh , i m hearing shit like that from her too .
Output: i’ve heard same things from her also

Input: most likely he gave her a couple of pats on the butt and shes over dramatizing the whole thing .
Output: Most like he gave her a couple of pats on her person and she’s over dramatizing the whole thing

Input: no . almost nobody is saying that except for those fucking idiots in the video .
Output: no,almost nobody is saying that except for those in th video

Input: that said , i hope they get a great attorney and sue the shit out of the cops .
Output: that said , i hope they get a great attorney and sue the cops .

Now detoxify the following English sentence.
Input: DIGIT year olds can be little shits too , doesn t mean you fight them .
Output:

Table 8: A few-shot prompt used for Detoxification in English. It contains task definition, examples, instruction,
and input (see Section 3.2).

Prompt
Sentiment transfer task: transfer the sentiment of a sentence (from positive to negative or negative to positive)

while keeping the rest of the sentiment-independent content unchanged.

Please rate the sentiment transfer accuracy of the negative to positive sentiment transfer task between the follow-
ing English source sentence S1 and the sentiment-transferred sentence S2. Use a scale of 1 to 5, where 1 indicates
that the sentiment in S1 is completely identical to the sentiment in S2, and 5 indicates that the sentiment has been
completely transferred to the target sentiment in S2.

S1: so he can charge a bloody fortune for them.
S2: so he can charge a fair amount of money for them.

Sentiment transfer accuracy rating (on a scale of 1 to 5) =

Table 9: A few-shot prompt for Sentiment Transfer Accuracy evaluation in Sentiment Transfer in English. It contains
task definition, instruction, and input (see Section 3.2).
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Prompt

Sentiment transfer task: transfer the sentiment of a sentence (from positive to negative or negative to positive)

while keeping the rest of the content unchanged.

Please rate the content preservation between the following English source sentence S1 and the sentiment-
transferred sentence S2 for the negative to positive sentiment transfer task on a scale of 1 to 5, where 1 indicates
very low content preservation and 5 indicates very high content preservation. To determine the content preser-
vation between these two sentences, consider only the information conveyed by the sentences and ignore any
differences in sentiment due to the negative to positive sentiment transfer.

Table 10: A few-shot prompt for Content Preservation evaluation in Sentiment Transfer in English. It contains task

definition, instruction, and (see Section 3.2).

Prompt

Please rate the fluency of the following English sentence S on a scale of 1 to 5, where 1 represents poor fluency,

and 5 represents excellent fluency.

Table 11: A few-shot prompt for Fluency evaluation in Sentiment Transfer in English. It contains instruction, and

(see Section 3.2).

C Pre-trained LLMs: Variants and
Usage

This section describes the pre-trained Large Lan-
guage Models (LLMs) used in our experiments.
We detail their size variants (see Table 12) and
specify the purposes for which they were used:
zero-shot, few-shot, or fine-tuning (see Table 13).

D Human Evaluation Procedure

To evaluate the performance of our Text Sentiment
Transfer models, we conducted a human evalua-
tion focused on three critical aspects: Style Trans-
fer Accuracy, Content Preservation, and Fluency.
Below, we provide detailed definitions for each as-
pect and describe the questions used to guide the
evaluation.

D.1 Style Transfer Accuracy

Definition: Style Transfer Accuracy refers to
how accurately the style of the original sentence
has been transformed into the target sentiment. For
instance, if a sentence originally expresses a nega-
tive sentiment, this metric evaluates whether it has
been accurately converted to a positive sentiment,
and vice versa.

Evaluation Question:

* How accurately has the sentiment of the origi-
nal sentence been transferred to the target sen-

timent?
Scoring:

* 1: No sentiment change; the original senti-
ment is entirely preserved.

* 2: Minimal sentiment change; only slight evi-
dence of sentiment transfer.

 3: Partial sentiment change; some aspects of
the target sentiment are present, but the origi-
nal sentiment still dominates.

* 4: Considerable sentiment change; the target
sentiment is clearly present, though traces of
the original sentiment may remain.

* 5: Complete sentiment change; the original
sentiment has been entirely replaced by the
target sentiment.

D.2 Content Preservation

Definition: Content Preservation measures how
well the style-independent meaning and core infor-
mation of the original sentence are preserved after
sentiment transfer.

Evaluation Question:

» To what extent has the style-independent con-
tent and meaning of the original sentence
been preserved after the sentiment transfer?
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Model Size Variants

BLOOM (BigScience Workshop, 2023) 560M, 1B, 3B, and 7B
BLOOMz (Muennighoff et al., 2023) 560M, 1B, 3B, and 7B
ChatGLM (Du et al., 2022) 6B

ChatGLM2 (Du et al., 2022) 6B

Falcon (Penedo et al., 2023; Almazrouei et al., 2023) 7B

Llama (Touvron et al., 2023a) 7B, 13B, and 30B
Llama-2 (Touvron et al., 2023b) 7B, and 13B
Llama-2-Chat (Touvron et al., 2023b) 7B, and 13B

Llama-3 (Al@Meta, 2024) 8B

Llama-3-Instruct (Al@Meta, 2024) 8B

Mistral-Instruct (Jiang et al., 2023) 7B

OPT (Zhang et al., 2022) 1.3B, 2.7B, 6.7B, 13B, and 30B
Zephyr (Tunstall et al., 2023) 7B

Table 12: List of open pre-trained LLMs used in our experiments, including their size variants.

LLMs Zero-shot Few-shot Finetuning
BLOOM-560M v v v
BLOOM-1B v v v
BLOOM-3B v v v
BLOOM-7B v v v
BLOOMz-560M v v v
BLOOMz-1B v v v
BLOOMz-3B v v v
BLOOMz-7B v v v
Falcon-7B v v v
ChatGLM-6B v v X
ChatGLM2-6B v v v
GPT-3.5 v v X
Llama-7B v v v
Llama-13B v v v
Llama-30B v v X
Llama-2-7B v v v
Llama-2-13B v v v
Llama-2-Chat-7B v v X
Llama-2-Chat-13B v v X
Llama-3-8B v v v
Llama-3-8B-Instruct v v X
Mistral-7B-Instruct v/ v X
OPT-1.7B v v v
OPT-2.7B v v v
OPT-6.7B v v v
OPT-13B v v v
OPT-30B v v X
Zephyr-7B v X X

Table 13: Details of LLMs used for zero-shot, few-shot, or fine-tune scenarios. The model variant, including size
and type (base/instructions/chat), is specified in the model name.
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Scoring:

 1: Content is completely altered; the original
meaning is lost.

* 2: Major content changes; significant parts of
the original meaning are altered or missing.

¢ 3: Moderate content preservation; the gen-
eral idea is retained, but with some noticeable
changes.

* 4: Good content preservation; most of the
original meaning is intact with only minor al-
terations.

* 5: Complete content preservation; the origi-
nal meaning is fully retained.

D.3 Fluency

Definition: Fluency assesses the grammatical
correctness, naturalness, and overall readability of
the sentence after the sentiment transfer. A fluent
sentence should flow naturally and be free of awk-
ward constructions or errors.

Evaluation Question:

* How fluent and natural does the sentence
sound after the sentiment transfer?

Scoring:

* 1: Not fluent at all; the sentence is grammati-
cally incorrect and difficult to understand.

e 2: Limited fluency; the sentence contains
multiple errors and reads awkwardly.

* 3: Moderate fluency; the sentence is some-
what understandable but has noticeable is-
sues.

* 4: Good fluency; the sentence is mostly clear
with only minor issues.

* 5: Complete fluency; the sentence is gram-
matically correct, natural, and easy to read.

D.4 Evaluation Process

Evaluators are asked to rate each of these aspects
on a 5-point Likert scale for a random sample of 50
sentences from the test set, equally split between
positive-to-negative and negative-to-positive senti-
ment transfer tasks.
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E Additional Insights from Evaluation
Results

In this section, we present a variety of graphs and
charts to provide further insights into the automatic
evaluation results, in addition to the analysis in Sec-
tion 4. These visualizations are developed from
Table 6. Additionally, we explore the correlation
between GPT-4-based evaluations and human eval-
uations, as illustrated in Figure 1.

F Sample Outputs from Top-Performing
Models

In this section, we present a selection of sam-
ple outputs for the Detoxification task (Table 14).
These outputs are generated from some of the best-
performing models, as discussed in Section 4.2.



Correlation Heatmap (English & Hindi)

1.00
human_eval_en_style_accuracy 0.065 0.22 0.078 1 -0.058 0.16 -0.023 0.22 -0.018
gpt4_eval_en_style_accuracy 0.16 0.25 0.1 UNPAN -0.068 0.17 -0.033 0.25 -0.029 0.75
human_eval_en_content_preservation - 0.16 0.17 1 0.41 0.21 0.02 0.16 -0.047 -0.071 021 -0.05
-0.50
gpt4_eval_en_content_preservation - 0.065  0.16 0.41 1 0.22 0.06 0.065 0.00017 0.41 0.087 0.22 0.13
human_eval_en_fluency - 0.22 0.25 0.21 0.22 1 0.43 0.22 -0.042 0.21 -0.0055 0.059 -0.25
gpt4_eval_en_fluency - 0.078 0.1 0.02 0.06 0.43 1 0.078 -0.06 0.02 0.041 043 0.014
-0.00
human_eval_hi_style_accuracy 1 0.92 0.16 0.065 0.22 0.078 1 -0.058 0.16 -0.023 0.22 -0.018
gpt4_eval_hi_style_accuracy - -0.058 -0.068 -0.047 0.00017 -0.042 -0.06 -0.058 1 -0.047 03 -0.042 0.15 --0.25
human_eval_hi_content_preservation - 0.16 0.17 0.41 0.21 0.02 0.16 -0.047 1 -0.071 021 -0.05
--0.50
gpt4_eval_hi_content_preservation - -0.023 -0.033 -0.071 0.087 -0.0055 0.041 -0.023 0.3 -0.071 N -0.0055 0.37
human_eval_hi_fluency - 0.22 0.25 0.21 0.22 0.43 0.22 -0.042 0.21 -0.0055 1 0.059 -0.75
gpt4_eval_hi_fluency - -0.018 -0.029 -0.05 0.13 0.059 0.014 -0.018 0.15 -0.05 0.37 0.059 1
i i l l l i i i l i ! -1.00
> > c c > > > > c < > >
g § ¢ & ¢ g g § & g g ¢z
: . £ £ 5 5 : g T =T 5 3
9 9 @ @ = bl 9 9 @ @ * htl
8 ®, i 2 c c ©, ©, 0 0 = e
k) o v < o 9 k) ) o < | =
> I 2 5 T s > = 2 9 [ 5
:I ZI ‘nE) < 5I a>4| 2 Ml g ;C'; o o
s, 9, 2 2 H = < l 2 2 5 3
=z s § § ¢ & T ¢ o8& & E =&
> > | | S o o it ! 3
o o < < = | | < = <
1 I [ (% c < I 1
5 3 = = g 5 I ®
> >
5 o ] 3 E = o o,
< <! < S 3
© = 2 a
£ S £ 5]
3 2
<

Figure 1: Correlation between GPT-4-based and Human Evaluation for sentiment transfer task in English and Hindi
(see Section 4.2).

536



Sentiment Accuracy by Language and Methodology Type Similarity by Language and Methodology Type
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Figure 2: Comparison of various methodologies (zero-shot, few-shot, fine-tuning, and SOTA) by language for the
Sentiment Transfer task across all models used (see Table 6).
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Figure 3: Comparison of various methodologies (zero-shot, few-shot, fine-tuning, and SOTA) by language for the
Detoxification task across all models used (see Table 6).
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Figure 4: Relationships between (i) Sentiment Accuracy and BLEU Score, (ii) Sentiment Accuracy and Content
Similarity, and (iii) BLEU Score and Content Similarity across zero-shot, few-shot, fine-tuning, and SOTA method-

ologies, spanning all languages in Sentiment Transfer task (see Table 6).
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Figure 5: Relationships between (i) Sentiment Accuracy and BLEU Score, (ii) Sentiment Accuracy and Content
Similarity, and (iii) BLEU Score and Content Similarity across zero-shot, few-shot, fine-tuning, and SOTA method-

ologies, spanning all languages in Detoxification task (see Table 6).
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gmaﬂusrﬁéaﬁ%aﬂuﬁmaﬁﬁwaw@ 1L T AT 2fe

|

GPT-3.5-ZS en: Please refrain from speaking until you have | en: p. s I am a person who enjoys the taste of a
a clear understanding of the topic. nice warm breakfast every morning.
hi: SHAY 37U JE §< T A9 b I 8] Sl | hiz AC Bx: J T A1d Gl D 3R &R Avl 98§ P
% I8 q 91 91T IR W@ B 1L & ol el B

Mistral-7B- en: “So, shut up until you know what you're talk- | en: p. s im a cunt rag and enjoy the taste of a nice

warm pile of shit every morning .

hi: Sl U 4g & G 919 e o Ta| ST
% 718 J a1 91 IR & B

hi: A1C FY: H T 19 &1 I IS § AR & A
I8 TN P I P A ol &l

Instruct-FS

about
hi: Sl U 4g & G 919 e Tl ST
% 718 J a1 91 IR & B

GPT-3.5-FS en: so be quiet until you know what you're talk- | en: P.S. I enjoy the taste of a nice warm pile of
ing about. shit every morning.
hi: 3AIIT 3T Jg 9 WG 91 O el ITFaT | hi: A1 Bx: J G A9 Gof I 3R & Aol Gag
% T8 q 1 P W &l TE & A1 & Hol il 5

Mistral-7B- en: so shut up until you know what you’re talking | en: p. s. i am a cunt rag and enjoy the taste of a

nice warm pile of shit every morning.
hi: I FX: § T a1 o1 Bl 3 g 3R &R A
I8 TSN b I P A ol &l

Llama-3-8B-FT

en: So please don’t speak until you know what
you are talking about.

en: p.siam a bad person and enjoy the taste of a
nice warm pile of shit every morning

hi: el 3T 4§ ¥ G 519 b 1T I8 8
ST o 3T T o1t R %8

hi: e FX: § TP 9 91 I 3 g IR &R A
I8 T2 P I P A ol &

SOTA (KT)

en: so wait until you know what it is your talking
about — i
hi: IYAT g IS T 9§ AP b o &l
ST o T8 T 91 9 T B

en: p. s im a bad guy and enjoy the taste of a nice
warm pile of things every morning.

hi: & U a1 Gof Pl I g 3R &% Aol o <l
& 1T & HA ot §

Table 14: Sample outputs from a few selected top-performing models (see Section 4.2) for the Text Detoxification
task in English and Hindi are provided. Content warning: This table contains examples that are toxic, and/or
offensive, and/or sexist in nature.
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