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Abstract

Recently, arbitrary text style transfer (TST) has made sig-
nificant progress with the paradigm of prompt learning. In
this paradigm, researchers often design or search for a fixed
prompt for any input. However, existing evidence shows that
large language models (LLMs) are prompt-sensitive and it is
sub-optimal to apply the same prompt to any input for down-
stream TST tasks. Besides, the prompts obtained by search-
ing are often unreadable and unexplainable to humans. To ad-
dress these issues, we propose an Adaptive Prompt Routing
(APR) framework to adaptively route prompts from a human-
readable prompt set for various input texts and given styles.
Specifically, we first construct a candidate prompt set of di-
verse and human-readable prompts for the target style. This
set consists of several seed prompts and their variants para-
phrased by an LLM. Subsequently, we train a prompt rout-
ing model to select the optimal prompts efficiently accord-
ing to inputs. The adaptively selected prompt can guide the
LLMs to perform a precise style transfer for each input sen-
tence while maintaining readability for humans. Extensive
experiments on 4 public TST benchmarks over 3 popular
LLMs (with parameter sizes ranging from 1.5B to 175B)
demonstrate that our APR achieves superior style transfer
performances, compared to the state-of-the-art prompt-based
and fine-tuning methods. The source code is available at
https://github.com/DwyaneLQY/APR

Introduction
Text style transfer (TST) is a task in natural language gener-
ation that falls under controllable text generation (Hu et al.
2017). Its objective is to alter the style attributes of the text
while preserving its style-independent content and ensuring
smooth expression. The textual style includes different at-
tributes within a text, such as emotions, politeness, humor,
and formality. TST is widely used in application scenarios,
e.g., data augmentation (Kaushik, Hovy, and Lipton 2020),
personalized dialogues (Zheng et al. 2021), and text detoxi-
fication (Nogueira dos Santos, Melnyk, and Padhi 2018).

The main challenge of TST is the scarcity of parallel data.
Most of the previous methods train models from scratch
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Figure 1: Illustration of results from negative-to-positive
sentiment transformation using GPT-2-XL with distinct
task-specific prompts for two input sentences sampled from
Yelp. For different input sentences, our routing framework
can adaptively select the prompt yielding a better style trans-
formation.

in an unsupervised manner, limiting their transfer perfor-
mances. Recent research shows that fine-tuning pre-trained
language models on style transfer datasets can achieve bet-
ter transfer performance (Krishna, Wieting, and Iyyer 2020;
Liu, Neubig, and Wieting 2021). However, these methods
still suffer from limited task data and expensive training /
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maintaining costs of separate models for different styles.
To tackle this problem, researchers explore prompt-based

methods for TST, as well-designed prompts can elicit the
zero-shot / few-shot generalization capability of large lan-
guage models (LLMs) in downstream tasks (Brown et al.
2020; Wei et al. 2022; Wang et al. 2022; Liu et al. 2023).
Promising results have been obtained in arbitrary TST by
using manual design prompt templates, as demonstrated by
Reif et al. (2022) and Suzgun, Melas-Kyriazi, and Juraf-
sky (2022). However, designing a suitable prompt manually
is still challenging. Deng et al. (2022) proposed a discrete
prompt search method based on reinforcement learning, and
their experiments show that a fixed prompt obtained by au-
tomatic prompt searching can usually achieve better style-
transfer performance.

However, a fixed prompt from manual design or automatic
searching is suboptimal for TST since the data are linguis-
tically diverse and LLMs are prompt-sensitive (Zhao et al.
2021; Lu et al. 2021; Mishra et al. 2022; Zhu et al. 2023).
As shown in Figure 1, different sentences require different
prompts to achieve optimal style transformation. For the first
sentence in Figure 1(a), the LLM with Prompt 1 generates
a better result while the LLM with Prompt 2 generates bet-
ter for the second sentence in Figure 1(b). Besides, although
automatic prompt searching methods that generate a prompt
from training data globally can perform better than manu-
ally designed prompts, the searched prompts are not human-
readable, making them hard to explain and adaptable under
practical scenarios. Therefore, it is necessary to select differ-
ent suitable and human-readable prompts for different input
texts for more accurate style transfer.

To address the above-mentioned issues, we propose an
Adaptive Prompt Routing (APR) framework to automati-
cally select suitable, human-readable prompts for various
input sentences to further stimulate the style-transfer per-
formance of the LLMs. First, we construct a set of diverse
and human-readable candidate prompts for the target style-
transfer task. It includes several manually designed seed
prompts with different degrees of detail about the task and
their paraphrased variants generated via the LLM (e.g., GPT-
3.5). These prompts are crucial in helping us identify suit-
able prompts for a wide range of input sentences. Next, we
train a prompt routing model on a small amount of artifi-
cial training data, which is based on the set of prompts and
raw text from original style transfer datasets. This training
process is done in a supervised manner, with prompts la-
beled using an evaluation-related style-transfer score func-
tion. This allows the prompt router to select the optimal
prompt for each input sentence during testing. Finally, we
choose the highest-quality output from multiple options gen-
erated by the LLM, all guided by the adaptively routed op-
timal prompt. This ensures that our APR achieves the best
possible style-transfer quality.

The main contributions of this work are two-fold: i) To
the best of our knowledge, our APR framework is first to
adaptively route prompts from a diverse and human-readable
prompt set for various input texts and given styles in arbi-
trary TST. Besides, our APR is lightweight and training-
efficient, making it easily adaptable to LLMs at different

scales; ii) We analyze the limitations of existing prompt-
based approaches for arbitrary TST and highlight the im-
portance of selecting suitable prompts for different input
sentences while ensuring that the prompts are easy for hu-
mans to understand. Extensive experiments on 4 public TST
datasets over 3 popular LLMs (with parameter sizes rang-
ing from 1.5B to 175B) demonstrate the effectiveness and
superiority of our proposed APR.

Related Work
Prompt Learning Prompt learning has become a popular
paradigm for stimulating the powerful generalization ability
of large language models (LLMs) to solve various down-
stream tasks (Brown et al. 2020; Sanh et al. 2021; Wei et al.
2022; Wang et al. 2022). However, LLMs are highly prompt-
sensitive (Zhao et al. 2021; Lu et al. 2021; Mishra et al.
2022; Zhu et al. 2023), making it challenging but necessary
to find suitable prompts (Liu et al. 2023). While prompt en-
gineering is a common choice (Petroni et al. 2019; Brown
et al. 2020; Jiang et al. 2020; Schick and Schütze 2021;
Gao, Fisch, and Chen 2020), it depends heavily on expert
knowledge and may not guarantee optimal performance.
Soft prompts (Lester, Al-Rfou, and Constant 2021; Gu et al.
2021; Li and Liang 2021; Liu et al. 2022, 2021), by opti-
mizing continuous vectors through backpropagation tend to
perform better but are expensive to optimize and challeng-
ing to explain. Another option is to optimize a fixed dis-
crete prompt directly (Shin et al. 2020; Deng et al. 2022),
which searches for tokens in the vocabulary space, but these
prompts still lack semantic meaning and are difficult to un-
derstand. Recently, researchers used low perplexity to select
human-readable prompts (Gonen et al. 2022). However, this
approach still provides a fixed prompt for any input.

Text Style Transfer The TST methods are often unsuper-
vised due to the absence of parallel data for supervised train-
ing (Xu et al. 2012; Zhang, Zhao, and LeCun 2015; Rao
and Tetreault 2018). However, previous unsupervised ap-
proaches, such as training TST models from scratch (Shen
et al. 2017; Li et al. 2018; Luo et al. 2019; John et al. 2019)
or fine-tuning pre-trained models (Krishna, Wieting, and
Iyyer 2020; Liu, Neubig, and Wieting 2021), have limited
performance and require large amounts of training data. Re-
cent studies have shown that prompt-based methods, lever-
aging the powerful generalization ability of LLMs, can make
significant progress on arbitrary TST in a few-shot/zero-
shot manner. Reif et al. (2022) improved LLM’s zero-shot
performance for arbitrary TST by using task-related ex-
emplars; Suzgun, Melas-Kyriazi, and Jurafsky (2022) pro-
posed a reranking method to select a high-quality output
from the LLM to improve performance. They both used
a fixed manually-designed prompt template to guide the
LLM. Meanwhile, (Luo et al. 2023) proposed a prompt-
based editing method that is more controllable, yet more
time-consuming than autoregressive generation.

Preliminary
In the arbitrary TST task, an input sentence x with an arbi-
trary source style s can be denoted as xs and a required tar-
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get style is denoted as t. This task aims to transfer sentence
xs from source style s to target style t while maintaining its
style-independent content. Besides, the output of style trans-
fer is expressed as yt. Since we mainly explore the prompt-
based method for TST, we take an off-the-shelf LLM G(·)
(e.g., GPT-2-XL) as our TST generator following the setting
of prompt learning. To obtain a target text yt, we first fill the
source text xs into a textual string prompt q, which provides
sufficient style transformation information to the LLM for
performing TST. The combined text of the source text xs

and the prompt q is denoted q||xs1 . Subsequently, we feed
it into LLM G(·) to generate the target text yt by sampling
from the output distribution G(p||xs).

Adaptive Prompt Routing
We introduce our Adaptive Prompt Routing (APR) frame-
work, which adaptively routes suitable prompts for the in-
put sentences in the source style from a set of diverse and
human-readable prompts. The overview of the inference
phase in APR is shown in Figure 2. APR relies on two key
components: a set of diverse and human-readable prompts
and a prompt router that selects a suitable prompt for each
input sentence. We manually design a few seed prompts and
paraphrase them via GPT3.5 to get the entire set of candi-
date prompts. Then, we annotate each candidate prompt ac-
cording to sampled raw texts from the origin dataset. Based
on the annotated prompt data, we train our prompt router
in a supervised manner. During testing, for a given input
sentence, we choose the prompt with the highest probabil-
ity of being optimal according to our prompt router and feed
it with the input sentence to the LLM to perform target style
transfer. Finally, we obtain the generated output by rerank-
ing the multiple sampled outputs of the LLM.

Diverse and Human-Readable Prompts
To increase the probability of finding more suitable prompts
for different input texts, we construct a diverse and human-
readable prompt set for the target transformation. Our pro-
cedure, similar to (Gonen et al. 2022), involves two steps:
manually designing a few seed prompts describing the target
transformation and obtaining a more diverse prompt set with
these seed prompts and paraphrased variants via GPT3.5.

Specifically, for a given style transfer task, e.g., transform-
ing sentences from informal to formal, we need to write
some natural language instructions about this informal-to-
formal transfer task as our seed prompts. (Reif et al. 2022)
and (Suzgun, Melas-Kyriazi, and Jurafsky 2022) provided
an example of manual style-transfer prompt. They take
a sentence rewrite type instruction as their style-transfer
prompt template, like “Here is a text: which is informal [x]
Here is a rewrite of the text, which is formal: ”, where [x]
is the source text. We include it as one of our seed prompts,
along with prompts inspired by the effective prompt fram-
ing technique (Mishra et al. 2022). These seed prompts can
provide different degrees of style-transfer details. For exam-
ple, we write a prompt like “Please complete the following
sentence, correcting any spelling error, grammar error, or
informal expressions in the [x]”. This type of prompt might

benefit the LLM to learn how to make sentences more for-
mal, such as “correcting spelling errors”, instead of simply
saying “... Here is a rewrite of the text, which is formal:”.

After collecting a few seed prompts, we use GPT-3.5 to
generate a larger and more diverse set of prompts using the
paraphrasing instruction. The resulting prompts have similar
meanings but different expressions and formats. Our para-
phrase instruction is “Suppose you are a prompting engi-
neer. Now, I need some prompts to ask GPT 3.5 to [req].
Here is an example prompt [seed] Please paraphrase it from
3 to 5 more prompts that are of the same meaning but more
diverse in types, such as QA, dialogue, and so on.”, where
[req] is the requirement or description of the target style-
transfer task, and [seed] is one of the seed prompts. Benefit-
ing from the powerful language ability of GPT-3.5, the gen-
erated prompts are often human-readable. To ensure read-
ability, we manually filter these prompts again. After com-
pleting the previous two steps, we can obtain a candidate
prompt set Q consisting of seed prompts and their para-
phrased variants for specific style transfer tasks. For each
experimental style-transfer task, |Q| is set to 20 unless speci-
fied otherwise (see our supplementary file for details). These
candidate prompts are human-readable and insufficiently di-
verse for the task description, prompt type, and expression.

Prompt Router
After constructing the diverse and human-readable prompt
set, we develop an LLM-specific prompt router to route suit-
able prompts for different input texts adaptively. Here, we
first describe a basic yet important score function for mea-
suring the generation quality, which can be applied to guide
the training of the prompt router and the output selection
at the LLM inference stage. Then, we introduce the prompt
router in detail, including how to create an annotated dataset
for its training and the formalization of the APR framework.
Finally, we introduce the inference procedure of style trans-
fer based on the LLM and our prompt router in our APR.

Style-Transfer Score Function A style-transfer score
function related to evaluation metrics is commonly used for
more directly accessing the model performance during train-
ing or selecting outputs during inference. We use a style-
transfer score function for annotating candidate prompts and
outputs reranking as in (Suzgun, Melas-Kyriazi, and Juraf-
sky 2022). Specifically, our score function has the same for-
mulation with (Deng et al. 2022), which is defined as:

S(xs, yt) = Content(xs, yt) + Style(yt), (1)

where Content(·) and Style(·) measure the content similar-
ity between source text xs and output yt, and the target style
strength of yt, respectively. For the Content(·), we imple-
ment it with BERTScore (Zhang et al. 2020), a BERT-base
metric; For the Style(·), we implement it with a style clas-
sifier trained on the sampled raw training text (100 samples
per style) of the specific style-transfer task.

Prompt Annotation What we expect our prompt router
to do is adaptively select a prompt q that is better than other
prompts in the candidate set Q for the input sentence xs. For
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Figure 2: The overview of our APR framework for inference. Given an input sentence xs
test with a negative sentiment. The

prompt router R(·) of our APR predicts the optimal prompt qopt from the task-specific prompt set Q = {qm}|Q|
m=1 by calculating

the probability p(qm||xs
test) for each prompt qm. This selected prompt, combined with the input sentence as qopt||xs

test, is then
fed into the LLM G(·) for style transformation. To obtain high-quality output, we sample multiple potential outputs yttestj |Kj=1

from the LLM and score them using a style-transfer score function S(·). The output ŷt with the highest score, like “i felt well
the night after”, is considered the final style-transfer result generated by the LLM.

this purpose, we train a prompt router in a supervised man-
ner. To obtain the labeled training data, we annotate each
candidate prompt for different input sentences.

First, we sample a bunch of source style sentences Xs =
{xs

1, ..., x
s
n, ...x

s
N} unless otherwise specified) from the

source style dataset Ds. For input sentence xs
n, we assign

a score independently to each prompt qm in the candidate
prompt set Q = {q1, ..., qm, ..., q|Q|=M}. To score each
prompt qm given input xs

n, we first add the input sentence
xs
n to the candidate prompt qm to obtain the complete in-

put qm||xs
n. Then, we feed input qm||xs

n to the LLM G(·),
which generates K candidate outputs ytk by sampling from
its output distribution P :

P = G(qm||xs
n). (2)

Next, we score each candidate output by the above style-
transfer score function S(·) and finally assign a score om,n

to prompt qm, where om,n is the maximum style-transfer
score of all sampled outputs:

om,n = max(S(xs
n, y

t
1), ..., S(x

s
n, y

t
k), ..., S(x

s
n, y

t
K)).

(3)
After scoring all the prompts in the candidate set Q for the

input xs
n, we divide the set Q into a positive sample set Qpos

and a negative sample set Qneg . Here, we use a dynamic se-
lection strategy based on the statistical characteristics of the
prompt scores. First, we calculate the mean u and standard
deviation v of scores over candidate prompts for input xs

n:

u =
1

M

M∑
m=1

om,n, (4)

v2 =
1

M − 1

M∑
m=1

(om,n − u)2. (5)

Then, we apply h = u + v as the threshold for sorting out
prompts. The prompts whose scores are greater than h are
chosen as positive samples, denoting as Qpos, and the rest
are as negative samples, denoting as Qneg .

Qpos = {qm|m = 1, 2, ...,M, om,n ≥ h}, (6)

Qneg = {qm|m = 1, 2, ...,M, om,n < h}, (7)

Finally, we assign a hard label c ∈ C = {1, 0} to each
prompt. For positive samples from set Qpos, we set their la-
bels c = 1; for negative samples from set Qneg , we set their
labels c = 0. We find that when the annotated prompt data is
limited, it is easier for the router to learn hard labels rather
than directly learning the computed floating point score. For
every source sentence xs

n within the sampled dataset Xs, we
assign labels to each prompt qm in the candidate prompt set
Q according to the style-transfer score.

Formalization of APR Based on the annotated prompts
data, we train our prompt router R(·), which consists of
two parts: a BERT encoder BERT (·) and one fully con-
nected (FC) layer FFN(·) followed by a sigmoid function
Sigmoid(·). The prompt router R(·) takes the complete in-
put qm||xs

n as its encoding sequence and returns the prob-
ability p of the prompt qm to be optimal for input text xs

n.
This can be formulated as:

p = R(qm||xs
n) = Sigmoid(FFN(BERT (qm||xs

n)))
(8)

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

18692



In our experiments, we initialize BERT (·) using a pre-
trained BERT-base model (Devlin et al. 2019) and take the
output of the CLS token as the input vector of the FC layer.

The training instance includes the input sentence, prompt,
and annotated label: (qm||xn, c). To optimize the prompt
router, we employ the Binary Cross-Entropy (BCE) loss as
the training objective. Then, we run the prompt router on all
the training instances based on the sampled data and com-
pute the average loss. After training, for a given input text
and a prompt from the candidate set, our prompt router can
provide the optimal prompt.

Inference During testing, given an input sentence xs
test,

we adaptively identify the optimal prompt qopt from the can-
didate set Q according to the prompt router (see Figure 2).

First, we enumerate each prompt qm in the candidate set
Q = {qm}|Q|=M

i=1 and create the router input by adding
the input sentence xs

test to each candidate prompt to form
qm||xs

test fed to prompt router R(·). The router predicts the
probability p(qm||xs

test) of each prompt being optimal for
the test input:

p(qm||xs
test) = R(qm||xs

test). (9)

The prompt qopt with the highest probability is regarded as
the optimal prompt:

qopt = argmax
qm

p(qm||xs
test), qm ∈ Q. (10)

Then, We select the optimal prompt qopt along with input
sentence xs

test for the LLM to perform style transfer. To ob-
tain the high-quality generated output from the LLM, we use
the reranking method proposed by Suzgun, Melas-Kyriazi,
and Jurafsky (2022). Specifically, We create the LLM input
qopt||xs

test by adding xs
test to qopt and feed it to the LLM

G(·). We sample K candidate outputs Y t
test = {yttestj}

K
j=1

from output distribution Ptest of the LLM:

Ptest = G(qopt||xs
test), (11)

and we score all these candidate outputs via Equation (1)
and select the output ŷt from Y t

test with highest score:

ŷt = arg max
yt
testj

S(xs, yttestj ), y
t
testj ∈ Y t

test. (12)

Experiments
Datasets We conduct experiments on 4 public TST
datasets, including Yelp, Amazon, GYAFC, and Shake-
speare. Yelp is a sentiment transfer dataset with positive and
negative reviews (Zhang, Zhao, and LeCun 2015). Amazon
is another sentiment transfer dataset including reviews from
the Amazon website (Li et al. 2018). GYAFC is a sentence
formality transfer dataset (Rao and Tetreault 2018). In our
experiments, we select the Family & Relationships domain
for a fair comparison with prior work. Shakespeare is a
dataset for Shakespeare authorship transfer (Xu et al. 2012).
Datasets statistics are shown in the supplementary file.

Evaluation Metrics We evaluate the performance of a
TST model from three dimensions. The first is Style Trans-
fer Strength (Sty.). It measures whether the generated sen-
tence has the target style attribute. In our experiments, we
fine-tune a classifier for each experimental dataset using the
pre-trained Roberta-Large (Liu et al. 2019). The second is
Content Preservation (Con.). It measures the content sim-
ilarity of the generated output and source sentence. Follow-
ing (Deng et al. 2022), we use a BERT-based(Zhang et al.
2020) metric to calculate the semantic similarity of the out-
put and source sentence. The final is Fluency (Flu.), which
measures whether the generated sentence is fluent. In our ex-
periments, we use a trained grammatical classifier (Krishna,
Wieting, and Iyyer 2020) to calculate fluency.

To evaluate the overall generation quality, we calculate
the average of sentence-level joint score J(·) over the test
set Xs

test, following the definition in (Krishna, Wieting, and
Iyyer 2020):
J(Style, Content, F luency) =∑
xs
test∈Xs

test

Style(xs
test) · Content(xs

test) · Fluency(xs
test)

|Xs
test|

.

(13)

We also report the popular geometric mean (GM) of scores
in all three dimensions.

Baselines Fine-tuning and prompt-based baselines are as
follows:
• Fine-tuning(FT): Fine-tuning methods could serve as a

strong baseline, as they use the full training data to update
the LLM parameters. We choose DiRR(Liu, Neubig, and
Wieting 2021) and STRAP(Krishna, Wieting, and Iyyer
2020) as our fine-tuning baseline. They fine-tune GPT-2-
XL and GPT-2-Large, respectively.

• Prompt-and-Rerank (P&R) (Suzgun, Melas-Kyriazi,
and Jurafsky 2022): P&R is the state-of-the-art prompt-
based method for TST by reranking. They conducted a
detailed discussion of specific syntax and semantics of
the prompt and manually designed a fixed prompt tem-
plate for arbitrary TST, formally similar to the previous
study (Reif et al. 2022).

• RLPrompt (Deng et al. 2022): RLPrompt is a state-of-
the-art discrete prompt search method. They use rein-
forcement learning to search optimal prompt tokens with
the best performance on the validation set.

• Low Perplexity (LP) (Gonen et al. 2022): Gonen et al.
(2022) recently proposed a method for automatic prompt
selection, which chooses i (e.g., 3) lowest perplexity
prompts in a human-readable prompt set.

Implementation Details We conduct experiments on
three different scale LLMs: GPT-2-XL (Radford and Wu
2019) with 1.5B parameters, GPT-J-6B (Wang and Komat-
suzaki 2021), and GPT-3.5-turbo with 175B parameters. For
the fine-tuning baselines, we evaluate their released outputs
using the same evaluation metric; for APR and other prompt-
based methods, we conduct experiments under a few-shot
setting (100 training examples per style). We train a few-
shot classifier in the style-transfer scoring function with a
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small number of samples, which is used for labeling prompts
and reranking. We employ the same decoding and rerank-
ing strategy for both APR and other prompt-based baselines.
Decoding has been done with top-10 sampling for GPT-2-
XL and GPT-J-6B, while GPT-3.5 uses its default setting.
We sample 30 candidate outputs for GPT-2-XL and GPT-J-
6B, and 5 for GPT-3.5 due to cost considerations. For more
details, please see the supplementary file.

Experimental Results
Main Results Table 1 shows the performance of our APR
and baselines on different TST datasets and different scales
LLMs. Compared to fine-tuning approaches, APR almost al-
ways generates outputs with better style-transfer quality on
different style-transfer datasets, as measured by joint score
and geometric mean, despite using significantly less training
data (only 100-shot for each style). In addition, significantly
higher fluency scores indicate that APR consistently gener-
ates more fluent and grammatical text than fine-tuning base-
lines. This is likely due to the inherent conflict between fine-
tuning an LLM on style data and its pre-training task of pre-
dicting the next token, which can compromise the model’s
ability to generate coherent text. In general, APR outper-
forms previous fixed prompt-based approaches in terms of
the joint score J(·) and geometric mean (GM) on different
scale LLMs and TST datasets. Compared to P&R, adap-
tive prompts are significantly more effective in enhancing
the performance of GPT-2-XL on both GYAFC and Shake-
speare, leading to a remarkable 39% and 37% improvement
in joint score, as well as 11% and 11% improvement in GM
score. The formality and authorship transfer tasks tend to be
more challenging than sentiment transfer, highlighting the
need for adaptively-routed prompts for LLMs with limited
size and ability to handle complex style-transfer tasks. and
APR’s performance is better and more stable than RLPrompt
and LP. Additionally, APR provides richer style-transfer in-
formation to LLMS by routing different prompts, resulting
in higher scores of style-transfer strength.

Human Evaluation To further verify the efficacy of APR,
we also conduct human evaluation. Here, we mainly focus
on the Amazon dataset, because APR doesn’t demonstrate
a significant advantage over other baselines when applied to
Amazon using GPT-2-XL, as indicated by automated met-
rics. Following the procedure of (Suzgun, Melas-Kyriazi,
and Jurafsky 2022), we select 50 source sentences from
Amazon, with 25 positive and negative examples each, and
corresponding outputs of DiRR(Liu, Neubig, and Wieting
2021), RLPrompt(Deng et al. 2022), P&R(Suzgun, Melas-
Kyriazi, and Jurafsky 2022), and APR. For a clearer com-
parison, we include human references for each example. To
ensure a fair evaluation, we recruited three graduate stu-
dents who are fluent in English to rate the different out-
puts and human references based on a 1-5 Likert scale in
terms of content preservation, target style strength, and flu-
ency. The evaluation is conducted on the same 50 examples,
with the order of the different outputs shuffled. The results
in Tabel 3 demonstrate that our APR outperforms all base-
lines in terms of preserving content and fluency. Although

Con. Sty. Flu. J GM Con. Sty. Flu. J GM
Method Dataset:Yelp Dataset:Amazon

GPT-2
DiRR (FT) 76.6 94.0 73.1 54.1 80.7 77.5 53.5 74.1 28.9 67.5
RLPrompt 67.3 76.7 91.0 44.2 77.7 59.5 47.6 90.6 23.6 63.5
P&R 72.9 82.7 89.4 53.8 81.4 61.5 59.3 84.4 29.0 67.5
LP 72.2 82.5 90.4 53.6 81.3 61.2 56.4 86.6 27.8 66.8
APR (Ours) 71.4 84.4 91.1 54.8 81.9 61.5 58.6 85.8 28.7 67.6

GPT-J-6B
P&R 74.7 84.8 90.1 56.5 82.9 64.6 55.6 87.0 28.2 67.8
LP 75.8 84.1 90.8 57.6 83.3 66.9 53.6 88.3 29.8 68.1
APR (Ours) 78.6 83.0 90.2 59.1 83.8 56.1 68.0 89.6 31.4 69.9

GPT-3.5-turbo
P&R 69.7 86.1 96.0 57.4 83.2 61.9 55.3 95.8 32.4 68.9
APR (Ours) 67.7 94.7 94.5 60.3 84.6 62.5 58.9 94.3 33.9 70.3
Method Dataset: GYAFC Dataset: Shakespeare

GPT-2
DiRR (FT) 78.5 62.6 80.4 41.2 73.4 - - - - -
STRAP (FT) - - - - - 40.7 73.9 87.8 26.4 64.2
RLPrompt 75.1 60.5 94.6 40.3 75.4 57.8 54.9 87.5 26.1 65.2
P&R 61.3 65.1 94.0 34.5 72.1 57.0 44.7 85.7 20.4 60.2
LP 65.1 71.8 95.4 42.0 76.3 55.8 57.8 87.8 26.4 65.6
APR (Ours) 67.2 78.3 96.5 47.8 79.8 55.5 60.3 89.5 28.0 66.9

GPT-J-6B
P&R 68.6 81.3 95.6 51.4 81.1 61.8 66.9 87.7 35.0 71.3
LP 71.7 74.1 96.0 49.2 79.8 61.0 66.0 88.6 34.7 70.9
APR (Ours) 73.7 79.6 97.6 55.5 83.0 61.2 71.1 90.2 38.3 73.2

GPT-3.5-turbo
P&R 50.5 99.6 99.2 50.0 79.3 50.3 92.5 95.8 43.7 76.4
APR (Ours) 74.0 76.8 98.6 56.4 82.4 50.7 91.0 95.3 43.6 76.0

Table 1: Comparison with baselines on different TST
datasets and LLMs. J(·) and GM are our main metrics,
which measure the overall style-transfer quality of genera-
tions. The best result on each aspect is highlighted in bold
and the second best result is underscored.

having a slightly lower style transfer strength compared to
P&R, our APR obtains the closest style-transfer quality to
ground truth data, as evidenced by the geometric mean of
the scores across all three dimensions.

Effectiveness Analysis of Adaptively Routing To ana-
lyze the effectiveness of the router in APR, we compare
two other strategies of selecting prompts from the prompt
set: 1) Select a prompt randomly (for each input); 2) Select
a fixed prompt with the top style transfer score (STS) on
the validation set (we take the average performance of top-
3 score prompts). The result is shown in Table 4. We can
observe that the performance of prompt selection based on
style transfer score is significantly better than random selec-
tion. Compared with the fixed prompts selected according
to the score, the prompt selected adaptively by the router
achieves better style transfer performance. This shows that
adaptively routing prompts by our prompt router is effective
and necessary in our APR framework.

Analysis of Positive Prompt Selection We analyze the
impact of different strategies for annotating positive prompts
in APR on model performance. We compare two strategies:
1) Dynamic: Select positive prompts for each input accord-
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System Prompt
Source text My ex of 3 years cheated.
Ground Truth My three years ex cheated on me.
RLPrompt My ex of 3 years cheated. Iran Include shortened plural Replace My ex of 3 years cheated.
P&R My ex of 3 years cheated, and I told

him to go to counseling.
Here is a text, which is informal: {My ex of 3 years cheated.} Here is a rewrite of the
text, which is more formal: {

APR My ex of three years cheated on me. User: Can you help me rephrase this informal text into a more formal tone? “My ex of 3
years cheated.” Assistant: Of course! Here’s a more formal version: “

Source text If He Likes You, You’ll Know!
Ground Truth If he is interested in you, you will just

know.
RLPrompt If he likes you, you’ll know. Iran Include shortened plural Replace If He Likes You, You’ll Know!
P&R If He likes you, you’ll know. Here is a text, which is informal: {If He Likes You, You’ll Know!} Here is a rewrite of

the text, which is more formal: {
APR If he likes you, you will know. You come across an informal sentence that needs to be rewritten formally: “If He Likes

You, You’ll Know!” How would you transform this sentence into a more formal tone? “

Table 2: Example outputs and their corresponding prompts from prompt-based methods on the informal to formal transfer task.
Improper generations are highlighted in bold.

Setting Con. Sty. Flu. GM
Ground-Truth 4.91 3.81 4.87 4.50
DiRR 4.53 2.69 4.69 3.85
RLPrompt 3.99 2.55 4.73 3.63
P&R 4.45 3.59 4.61 4.19
APR 4.65 3.55 4.77 4.29

Table 3: Human Evaluation on Amazon on the 5-Likert
score. The best result on each aspect is highlighted in bold
and the second best result is underscored.

Setting Con Sty. Flu. J GM
Random 59.1 72.9 96.2 38.3 74.5
STS 65.9 77.5 96.1 46.2 78.9
Router 67.2 78.3 96.5 47.8 79.8

Table 4: Comparing of prompt routing strategies in APR on
GYAFC using GPT-2-XL for inference.

ing to the statistical characteristics of their scores; 2) Top-i:
Select the top-i score prompts as the positive prompts. We
count the average number of prompts labeled as positive in
all the prompt training data built for different styles, and the
average performance (we calculate the average score of each
evaluation metric) on the 4 TST datasets with GPT-J-6B.
The average scores of J(·) and GM in Table 5 demonstrate
the dynamic strategy achieves the best performance.

Case Study Table 2 shows the prompts and outputs of
our APR and the previous prompt-based methods on the in-
formal to formal transfer task of the GYAFC dataset. The
optimal prompt from RLPrompt consists of five different
words “Iran Include shortened plural Replace”. However,
these words are challenging for humans to understand, and
it’s hard for us to intuitively understand how the LLM per-
forms style transfer based on these messy words. Regard-
ing performance, we observe that fixed prompts struggle
with diverse sentences. Considering the informal sentence:
“If He Likes You, You’ll Know!”, RLPrompt and P&R suc-

Setting #Avg. Pos. Con. Sty. Flu. J GM
Top-i(i = 1) 166.7 68 71.9 90.5 43.8 76.1
Top-i(i = 2) 329.5 66.4 75.1 91.8 45 76.9
Top-i(i = 3) 475.8 67.7 73.5 91.2 44.9 76.8
Dynamic 329.0 67.4 75.4 91.9 46.1 77.5

Table 5: Comparison of positive prompts selection strate-
gies: Average performance with GPT-J-6B on 4 datasets.
#Avg. Pos. indicates the average number of positive prompts
across all the prompt training data.

cessfully alter the tone from exclamatory to declarative and
modify the rectify incorrect capitalization (P&R ignores the
“H” in the second word “He”), although they ignore the in-
formal abbreviations “’ll”. However, for the sentence: “My
ex of 3 years cheated.”, RLPrompt directly copies it as out-
put while P&R exhibits more uncontrollable by introducing
expansions without making any modifications to the source
sentence. In contrast, for each informal source text, our APR
adaptively routes two prompts in different types, leading the
LLM to reach superior style transfer performance.

Conclusion
In this paper, we propose a novel prompt-based framework
for arbitrary text style transfer to effectively address the
importance of selecting suitable prompts for different in-
put sentences while ensuring that they remain readable to
humans. Our APR framework, adaptively routing human-
readable task-specific prompts, is both resource-efficient and
effective during training. Besides, our APR can be seam-
lessly adapted to various sizes of LLMs. Through extensive
experiments on various TST datasets and LLMs, we demon-
strate that the APR framework achieves superior perfor-
mance compared to existing prompt-based even fine-tuning
methods. In summary, this work contributes to the advance-
ment of TST research and highlights the importance of se-
lecting appropriate prompts in achieving effective and effi-
cient prompt-based TST systems.
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