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Abstract

Textual style transfer is the task of transforming stylistic
properties of text while preserving meaning. Target “styles”
can be defined in numerous ways, ranging from single at-
tributes (e.g. formality) to authorship (e.g. Shakespeare). Pre-
vious unsupervised style-transfer approaches generally rely
on significant amounts of labeled data for only a fixed set
of styles or require large language models. In contrast, we
introduce a novel diffusion-based framework for general-
purpose style transfer that can be flexibly adapted to arbitrary
target styles at inference time. Our parameter-efficient ap-
proach, PARAGUIDE, leverages paraphrase-conditioned dif-
fusion models alongside gradient-based guidance from both
off-the-shelf classifiers and strong existing style embedders
to transform the style of text while preserving semantic in-
formation. We validate the method on the Enron Email Cor-
pus, with both human and automatic evaluations, and find that
it outperforms strong baselines on formality, sentiment, and
even authorship style transfer.

Introduction

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020; Song, Meng, and Ermon 2022) were origi-
nally popularized for image synthesis (Nichol and Dhariwal
2021; Saharia et al. 2022). More recently, however, diffusion
has been successfully applied to text. Diffusion-based lan-
guage models are increasingly competitive with traditional
approaches for text generation (Li et al. 2022; Gulrajani
and Hashimoto 2023; Han, Kumar, and Tsvetkov 2023; Han
et al. 2023), and on text-to-text modeling tasks (Mahabadi
et al. 2023; Yuan et al. 2023).

A key benefit of diffusion language models for text is their
high degree of controllability. Diffusion-based approaches
hierarchically denoise a continuous representation of an en-
tire sequence, and this process can be effectively guided with
gradient-based methods (Li et al. 2022; Han, Kumar, and
Tsvetkov 2023; Gulrajani and Hashimoto 2023). This dif-
fers from the dominant approach of autoregressive decod-
ing, where text is generated by sequentially sampling tokens.
Steering pretrained autoregressive models has proven diffi-
cult, as their text is greedily decoded and guidance must op-
erate on partial sequences (Li et al. 2022; Dathathri et al.
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Figure 1: We train paraphrase-conditioned text diffusion
models to reconstruct semantically consistent text from
noised word embeddings. At inference time, we guide the
reconstruction towards target styles with off-the-shelf mod-
els.

2020; Krause et al. 2020; Yang and Klein 2021). We lever-
age the controllability of nascent text diffusion methods and
adapt them to style transfer.

In textual style transfer, the objective is to transform the
style of the text to exhibit an attribute (such as “formal-
ity”), or a target author’s style, while preserving meaning
(Jin et al. 2022; Krishna, Wieting, and Iyyer 2020; Patel,
Andrews, and Callison-Burch 2022). The scarcity of style-
transfer datasets has motivated unsupervised style transfer
approaches that perform attribute and authorship style trans-
fer without paired data. These approaches generally require
retraining for new target styles.

In contrast, we introduce a plug-and-play diffusion frame-
work for unsupervised style transfer.! We initially train a
text diffusion model to reconstruct semantically consistent
text from paraphrases, but at inference time, we perform
new attribute or authorship style transfers by guiding recon-
struction with gradients from off-the-shelf models (Figure
1). This allows users to leverage the numerous text classifiers

'Our code is publicly available at
zacharyhorvitz/ParaGuide.

https://github.com/
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on platforms like Hugging Face? to specify target styles. Be-
yond guidance from classifiers, our method enables bring-
ing recent advances in representation learning to bear by
“plugging in” authorship representations like Style Embed-
dings (Wegmann, Schraagen, and Nguyen 2022) and Uni-
versal Authorship Representations (Rivera-Soto et al. 2021).
This enables our approach to perform challenging tasks like
low-resource authorship style transfer (Patel, Andrews, and
Callison-Burch 2022).
Our contributions are as follows:

. We propose a novel framework for textual style trans-
fer based on paraphrase-conditioned diffusion models,
PARAGUIDE.

Unlike existing style-transfer approaches, this frame-
work enables gradient-based guidance using off-the-
shelf models at inference time.

Beyond classifier guidance, we show that existing
authorship representations can be plugged in for
control. Even with limited available data, this al-
lows PARAGUIDE to competitively perform author-
ship style transfer.

Style transfer requires balancing style-transfer ac-
curacy with fluency and meaning preservation. Our
framework enables explicit control over this trade-off
through varying guidance strength ().

We validate our approach on formality and sentiment
transfer, where it outperforms strong baselines on au-
tomatic evaluations. Additionally, we perform a human
evaluation for formality transfer.

. PARAGUIDE represents early work exploring the promis-
ing benefits afforded by text diffusion models. To our
knowledge, we are the first to adapt these approaches to
unsupervised textual style transfer.

Related Work

Other unsupervised transfer approaches, like STRAP, cre-
ate pseudo-parallel corpora by corrupting texts to remove
stylistic attributes, then training models to reconstruct the
uncorrupted text (Krishna, Wieting, and Iyyer 2020; Riley
et al. 2021; Ma et al. 2020). These approaches cannot use
new stylistic representations without retraining and do not
incorporate control from off-the-shelf models. Additionally,
STRAP has been shown to require large amounts of style-
specific training data (Patel, Andrews, and Callison-Burch
2022). Prior work has explored applying controllable text
generation techniques to style transfer (Dale et al. 2021; Ku-
mar et al. 2021; Mireshghallah, Goyal, and Berg-Kirkpatrick
2022). Our approach is most similar in spirit to Mireshghal-
lah, Goyal, and Berg-Kirkpatrick (2022). Their approach
is also learning free and non-autoregressive, but performs
a discrete search which is very computationally expensive
for long sequences, cannot leverage the rich information
in gradients, and confines the search space at each step
to token-level substitutions. Recently, the emergent ability
of Large Language Models (LLMs) to perform in-context

*https://huggingface.co/models
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learning (Brown et al. 2020) has presented formidable base-
lines for text generation and style transfer (Reif et al. 2022;
Patel, Andrews, and Callison-Burch 2022). Unlike LLMs,
PARAGUIDE allows gradient-based control and can leverage
stylistic embeddings, and is not restricted to brittle guidance
through text-based prompts. Moreover, these approaches
typically require models with billions of parameters (Rad-
ford et al. 2019).

ParaGuide

Overview
PARAGUIDE has three primary steps:

1. Generating an initial paraphrase of an input text with

an autoregressive (AR) model.

Using a paraphrase-conditioned text diffusion model to
iteratively reconstruct the input text from this paraphrase
over a number of diffusion steps.

. At each diffusion step, computing gradients for arbitrary
differentiable losses, and using these gradients for guid-
ance towards a target style.

Here, we first use paraphrasing to generate an interme-
diate text that is semantically consistent with the input text
but without the original stylistic attributes (Krishna, Wiet-
ing, and Iyyer 2020). We then reconstruct the text with a
paraphrase-conditioned diffusion model. During reconstruc-
tion, we optimize some loss function specified by a guid-
ance model (Han, Kumar, and Tsvetkov 2023; Li et al. 2022;
Gulrajani and Hashimoto 2023). The result is a semantically
consistent output in the desired target style.

Initial Paraphrase Generation

At both training and inference time, PARAGUIDE requires
(paraphrase, original text) pairs. To generate this synthetic
data, we leverage an existing, publicly available model
(Zhang et al. 2020), specifically fine-tuned for paraphase
generation. We include additional information describing
this procedure in our Appendix. This aspect of our ap-
proach distills performant, but less controllable, autoregres-
sive paraphrasers into controllable diffusion models.

Paraphrase-Conditioned Diffusion

In this section, we introduce the components of our
paraphrase-conditioned text diffusion model.

Diffusion Diffusion approaches (Sohl-Dickstein et al.
2015; Ho, Jain, and Abbeel 2020; Song, Meng, and Ermon
2022), consist of two Markov chains, a forward process and
a reverse process. In the forward process, the original data
Xo is converted to pure Gaussian noise by incrementally
adding noise over multiple discrete time steps, {0, ...,T'}.
Each of these intermediate noised latents, x;, can be directly
sampled as follows:

Xt:\/axo—" Vl—&th;GtNN(O,I), (])

where €; is random noise and a; specifies a well-behaved
schedule such that a; — 0 as t — T'. The reverse process is
parameterized by a model, which is trained to reconstruct the
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original data from pure noise (x7) by iteratively estimating
€. (or equivalently xg) and working backwards in time, from
t=Ttot=0.

In the image domain, pixels are used as the representation
of xq. In contrast, text is discrete, and the underlying con-
tinuous domain is less obvious. Several existing text diffu-
sion approaches operate on word embeddings (Li et al. 2022;
Yuan et al. 2023; Gulrajani and Hashimoto 2023), while oth-
ers noise token logit simplexes, like SSD-LM (Han, Kumar,
and Tsvetkov 2023; Han et al. 2023; Mahabadi et al. 2023).
PARAGUIDE performs diffusion in word embedding space,
but incorporates several benefits of simplex methods.

Categorical Reparameterization While diffusion with
word logits has several desirable properties (Han, Kumar,
and Tsvetkov 2023), logits are a high dimension latent
representation (sequence length x vocabulary size), which
makes both training and inference slower and more mem-
ory intensive than operating directly on the word embedding
space. Also, unlike the probability simplex, pretrained word
embedding spaces are well-suited for meaning-preserving
style transfer, as neighbors are often semantically similar
(Mikolov et al. 2013).3 As a result, in PARAGUIDE, we em-
ploy noised word embeddings for our latent representations,
and define our forward process as:

Xt = VaE(W) + /(1 — ay)eq, 2
where w is our original text and F is an embedding lookup.
Rather than directly estimate the original word embeddings
in our reverse process, however, we estimate F(w) with a

diffusion model that first outputs a posterior over discrete
tokens, like Gulrajani and Hashimoto (2023):

vAVt NPG(-|Xt7t7p); (3)
where x; is our noised embedding, and p is our input para-
phrase. We sample intermediate tokens from this distribu-
tion like in SSD-LM (Han, Kumar, and Tsvetkov 2023),
and these tokens are embedded for the next ¢,,_ 1 th diffusion
step:

Xt—1 = \/CiltflE(VAVt) + (]. — dtfl)E; € ~ N(O,I) (4)

This approach still provides the controllability benefits of
SSD-LM, as gradient-based control can be applied to the
intermediate token predictions, which we will discuss in the
Guidance section.

Diffusion Model Architecture We build on the SSD-LM
architecture (Han, Kumar, and Tsvetkov 2023), which uses
a bidirectional ROBERTa encoder (Liu et al. 2019) to output
token probabilities at each diffusion step, conditioned on a
noised representation and timestep. However, we make sev-
eral changes to adapt their simplex-diffusion approach for
text-to-text tasks like paraphrasing. First, as noted in the pre-
vious section, we modify their model to operate on noised

3 Additionally, we observed that the original SSD-LM approach
of adding Gaussian noise to logits before a softmax operation re-
sults in almost completely noised text early on in the forward pro-
cess, and early steps could be discarded with little effect on our
final outputs.
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word embeddings, rather than word logits. Additionally, as
in Mahabadi et al. (2023), we also modify the original semi-
autoregressive approach to be entirely diffusion-based. Fi-
nally, like other text-to-text diffusion approaches (Mahabadi
et al. 2023; Yuan et al. 2023), we condition on an input (in
our case, the paraphrase, p), by concatenating it with our
noised latent representation. Unlike these approaches, we
incorporate stylistic guidance, as outlined in the Guidance
section.

Diffusion Model Loss Following Han, Kumar, and
Tsvetkov (2023) and Mahabadi et al. (2023), we train the
diffusion model by minimizing the cross entropy between
the model’s posterior at each diffusion timestep and the
ground-truth tokens w, but given the timestep ¢, noised em-
beddings x;, and paraphrase p:

L(0) = Epuyy1,m)[— log po(wlx¢, t, p)] (5)

Diffusion Noise Schedule Several approaches to diffusion
language modeling (Han, Kumar, and Tsvetkov 2023; Ma-
habadi et al. 2023; Han et al. 2023) have repurposed the co-
sine schedule (Nichol and Dhariwal 2021) from computer
vision, while others have adopted the sqrt schedule (Li et al.
2022; Yuan et al. 2023). In contrast, we train PARAGUIDE
with a dramatically less aggressive noise schedule:

T—-1

T

This schedule falls to zero much more slowly than the co-
sine and sqrt schedules, destroying information less quickly.
The schedule is motivated by our observation that skipping
early steps with the cosine schedule had no noticeable effect
on model outputs, and experiments that showed improved
fluency and meaning preservation.*

(6)

a; =

Diffusion Model Inference At inference time, we first
generate a paraphrase, p of our input text. We then sam-
ple initial noise x7 ~ N'(0, I). For each step in the reverse
process (¢t € [T, 1]), we then compute token logits using our
model:

I; = 10git89(.|xta t, p) 0
We then sample from the model’s posterior:>
w; ~ top-p(softmax(ly)) (®)

After sampling w;, we iteratively work backwards in time
by embedding these tokens using the word embedding
lookup, FE, and then adding noise to produce x;_1, the latent
for the previous diffusion timestep, following Han, Kumar,
and Tsvetkov (2023):

xt—1 = Va1 E(Wy) + (1 —ai—1)e; e ~ N(0,1) (9)
*We view less aggressive noise schedules as a possible alter-
native to self-conditioning (Strudel et al. 2022; Han et al. 2023;
Mahabadi et al. 2023), which handles information loss by also con-
ditioning diffusion language models on previous x;_1 predictions.
We found that self-conditioning improved fluency but hurt control.
3This is similar to the sampling approach used by Han, Kumar,
and Tsvetkov (2023) and clamping in Li et al. (2022)
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In this fashion, the model starts from random noise and an
input paraphrase, and then iteratively generates a semanti-
cally consistent output text. A critical advantage of applying
diffusion models to this task is that we can use gradient-
based guidance to steer our outputs towards specific target
styles. We discuss this in the next section.

Guidance

PARAGUIDE can incorporate guidance from any model that
is 1) differentiable and 2) uses the same tokenization scheme
as the base diffusion paraphraser:

lt = lt,inir - )\V]t Lguidance(lt,iniz) (10)
where 1; ;;; are the initial logit predictions at timestep ¢, and
Lguidance specifies a guidance loss.

Because our diffusion model employs a RoBERTa (Liu
et al. 2019) tokenization scheme, we can incorporate guid-
ance from the many available models built on the popular
RoBERTa encoder backbone. We explore two forms of guid-
ance loss for style transfer: The first is based on attribute
classifiers, and the second is based on distances in stylistic
embedding space.

Attribute Classifiers Following Han, Kumar, and
Tsvetkov (2023), we use a classifier, f¢(-) to generate
texts with a target attribute, y, by applying drift to the full
sequence of logits, 1;, at each intermediate diffusion step:

Lguidance(lt) = _log(f¢(y|lt)) (11)

Additionally, like Han, Kumar, and Tsvetkov (2023), we
can trivially adapt classifiers to accept logits, rather than
word embeddings, by using the softmax function with some
temperature, 7, to compute a probability simplex over the
vocabulary. We can then project with the classifier’s embed-
ding lookup, Ey:

€4t = softmax(l;t) x Eg (12)

This results in a linear combination of word embeddings
at each timestep €4+, based on each token’s assigned prob-
ability mass. These embeddings are passed to the attribute
model, and gradients are computed through them to increase
or decrease the probabilities of different tokens to maximize
the probability of attribute y. In contrast to SSD-LM (Han,
Kumar, and Tsvetkov 2023), PARAGUIDE applies this drift
to a diffusion model trained to reconstruct semantically con-
sistent text, which enables meaning-preserving style trans-
fer. We can balance the trade-off between semantic consis-
tency and style transfer by varying \.

Style Embedding Distance For authorship style transfer,
we take the novel approach of leveraging guidance from
stylistic embedding models, including Style Embeddings
(Wegmann, Schraagen, and Nguyen 2022), that are con-
strastively trained to identify authorship styles.

To guide our paraphrases with a style embedder, g4, we
compute the gradient of 1, with respect to its average dis-
tance in style embedding space to the target author’s n texts,

[Y17)’2-~-7Yn]3
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Algorithm 1: ParaGuide Style Transfer
Input:

Input Text in Source Style w,

Guidance Loss Lgyigance» Guidance Strength A
Output: Output Text in the Target Style

1: p = paraphraser(w)
2: X7 ~ N(O, 1)
3: fort="1T,....,1do

4 Ly i = logitsy (. |x¢, ¢, P)

5: if A # 0 then

6: fori=1,....kdo

7. lt — lt —A- Sin(’”%) . Vlt,i,,,v,Lguidance(lt,im‘t)
8: end for

9: endif

10: W ~ top-p(softmax(lt))

1: e~ N(0,I)

12: Xt—1 = \/EE(VAVt) + (]. — dt)e

13: end for

14: return wg

iy d(ge(le), 94(yi))

n

Lguidance (lt ) = ( 1 3)

We use cosine distance for d(-). At every diffusion step,
by minimizing the distance in style embedding space, we
steer the output text towards the target author’s style.

Guidance Schedule We observed that using the same A
for control at all diffusion timesteps leads to disfluent solu-
tions. Intuitively, large gradient steps at the end of the re-
verse diffusion process are undesirable, as optimizing the
control objective can lead to ungrammatical text. Simulta-
neously, large steps early on in the reverse process are also
undesirable, as these initial predictions are generally inco-
herent, and out of distribution for off-the-shelf models.

As a result, for all forms of guidance, we employ a sinu-
soidal schedule for controlling drift:

. t
A=A 51n(7rT) (14)
This increases and then anneals the strength of drift during
the reverse process. Additionally, we make k gradient up-
dates per diffusion step, like Li et al. (2022). PARAGUIDE’s
complete inference procedure is specified in Algorithm 1.

Experimental Setup
Dataset

We evaluate our method on the Enron Email Corpus, which
comprises several hundred thousand emails made public
during the US government’s investigation of Enron (Klimt
and Yang 2004; Peterson, Hohensee, and Xia 2011). The
dataset contains emails from the inboxes of 150 Enron em-
ployees, sent from over one thousand accounts.

The Enron corpus presents an ideal testbed for plug-and-
play style transfer of both authorship and attributes. For the
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former, email meta-data enables attributing messages to spe-
cific authors for authorship transfer. The emails also present
diverse stylistic attributes, including different degrees of for-
mality (Peterson, Hohensee, and Xia 2011) and divergent
rhetorical styles (Brown and Laudenbach 2021).

Ultimately, we need to evaluate whether our email style
transfer approach generalizes to new authors and texts.
Therefore, we randomly select 10% of addresses to be the
holdout authors for both authorship and attribute evalua-
tions. These 110 authors present a low-resource authorship
corpus, as the median holdout author has only 23 emails.
For our authorship experiments, we evaluate each approach
by selecting up to 5 test emails per holdout source author,
and transferring these to 5 other random holdout authors.

To build our training and validation datasets for attribute
style transfer, we use popular existing formality and senti-
ment classifiers to score texts from the holdout authors in
the Enron dataset. Critically, we set aside these external clas-
sifiers and avoid using them as guidance for PARAGUIDE
at inference time. In addition to the Enron corpus, we also
build a pretraining corpus from the Reddit Million User
Dataset (MUD) (Andrews and Bishop 2019; Khan et al.
2021), which includes 4 million comments by 400k different
Reddit users. We use the same paraphrasing procedure on
both the Enron and Reddit datasets to generate (paraphrase,
original text) training pairs.

Implementation Details

To train our diffusion model, we fine-tuned the publicly
available SSD-LM RoBERTa-Large checkpoint® (Han, Ku-
mar, and Tsvetkov 2023) with our previously stated modifi-
cations to the architecture and noise schedule. We first fine-
tune the diffusion model on Reddit paraphase pairs, and then
continue fine-tuning on the Enron non-holdout author para-
phrase pairs. We fine-tune all parameters except the word
embedding lookup. Additional implementation details are
included in our Appendix.

Baselines

Attribute Style Transfer For attribute transfer, we com-
pare to Mix and Match (M&M) (Mireshghallah, Goyal, and
Berg-Kirkpatrick 2022) and consider both the Disc and
HAM configurations from the original paper (Mireshghal-
lah, Goyal, and Berg-Kirkpatrick 2022). To better compare
with our approach, however, we replace the original BERT
model with RoBERTa-large and also include results where
we fine-tune this model on Enron Email training data.

We also implement a STRAP baseline (Krishna, Wieting,
and Iyyer 2020) with pretrained T5-Large models (Raffel
et al. 2020), fine-tuned on Reddit and then Enron paraphrase
pairs. In contrast to M&M and PARAGUIDE, which are
learning-free approaches, STRAP requires training attribute-
specific models on the Enron data classified by the external
classifiers. We fine-tune four STRAP models for informality,
formality, positive sentiment, and negative sentiment.

Shttps://huggingface.co/xhan77/ssdlm
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Authorship Style Transfer For the task of authorship
style transfer on the Enron Email Corpus, we consider
STRAP (Krishna, Wieting, and Iyyer 2020), and the BERT,
LING, and PARA approaches from Patel, Andrews, and
Callison-Burch (2022). We also consider a ChatGPT-3.5
style transfer approach, where we prompt the model with
up to 16 in-context examples of a target author’s style. In
contrast to our other approaches, we fine-tune 110 author-
specific STRAP models on 60% of each holdout author’s
data.

Evaluation Metrics

Attribute Style Transfer Following Mireshghallah,
Goyal, and Berg-Kirkpatrick (2022), we measure style
transfer accuracy with two classifiers. First, Internal Accu-
racy measures the style transfer accuracy of the classifier
used at inference time by Mix and Match and PARAGUIDE.
In contrast, External Accuracy measures the style transfer
accuracy using a classifier set aside for evaluation.

We measure textual Similarity by computing Mutual Im-
plication Score (MIS) (Babakov et al. 2022) and Fluency
with a model trained on the CoLA dataset (Morris et al.
2020; Warstadt, Singh, and Bowman 2019).” For an aggre-
gate metric of model performance, we compute a Joint met-
ric by taking the sentence-wise geometric mean of External
Accuracy, Similarity, and Fluency, similar to Krishna, Wiet-
ing, and Iyyer (2020).

For formality transfer, we additionally run a human eval-
uation of style-transfer approaches that scored highest on
our automatic evaluations. We asked annotators to compare
model outputs to the reference inputs, and score ({0,1})
their Similarity, Fluency, and Formality. We include addi-
tional details describing our human evaluations in the Ap-
pendix.

Authorship Style Transfer To evaluate authorship style
transfer, we adopt the Confusion metric from the evaluation
framework defined by Patel, Andrews, and Callison-Burch
(2022), where the authors utilize pretrained style embedders
(Wegmann, Schraagen, and Nguyen 2022; Rivera-Soto et al.
2021) to measure style transfer success. Confusion, which
is similar to style transfer accuracy, is the percentage of the
time that the style transfer output is closer to the target au-
thor than the source author in representational embedding
space. As with attribute transfer, we similarly compute Sim-
ilarity and Fluency, and Joint, but use Confusion in place of
transfer accuracy.

We compute the above metrics for both Style Embeddings
(Wegmann, Schraagen, and Nguyen 2022) and Univer-
sal Authorship Representations (UAR) (Rivera-Soto et al.
2021). Similar to our external style classifier for attribute
transfer, UAR provides a holdout embedding space that
PARAGUIDE does not directly optimize at inference time.

"textattack/roberta-base-CoLA
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Method

Int. Acc (— F,— 1) Ext.Acc(— F,— )

Sim (— F,— 1)

Fluency (— F,— I)

Joint (— F,— 1)

STRAPﬁne-tuned

0.45(0.8,0.1)

0.45 (0.76, 0.13)

0.50 (0.54, 0.47)

0.73 (0.75, 0.71)

0.31 (0.54, 0.08)

M&M (Disc)
M&M (Hamming)

M&Menron (Disc)
M&Menron (Hamming)

0.63 (0.59, 0.67)
0.58 (0.59, 0.57)
0.58 (0.62, 0.55)
0.51 (0.56, 0.46)

0.55 (0.4, 0.65)
0.51 (0.46, 0.57)
0.51 (0.47, 0.56)
0.47 (0.45, 0.48)

0.24(0.19, 0.3)
0.40 (0.29, 0.52)
0.31 (0.26, 0.37)
0.45 (0.35, 0.55)

0.62 (0.62, 0.62)
0.61 (0.61, 0.6)
0.61 (0.61,0.61)
0.62 (0.62, 0.62)

0.23 (0.19, 0.27)
0.26 (0.21,0.31)
0.24 (0.22, 0.26)
0.25 (0.23, 0.28)

PGuide (A = 1e4)
PGuide (A = 5e3)
PGuide (A = 1e3)
PGuide (A = 5e2)
PGuide (A = 2¢2)

0.97 (0.96, 0.99)
0.97 (0.96, 0.98)
0.95 (0.93, 0.98)
0.94 (0.9, 0.97)
0.91 (0.85, 0.98)

0.83 (0.68, 0.99)
0.82 (0.65, 0.99)
0.81 (0.64, 0.98)
0.81 (0.63, 0.98)
0.76 (0.58, 0.95)

0.40 (0.37, 0.44)
0.40 (0.36, 0.45)
0.45 (0.4, 0.49)
0.47 (0.44, 0.5)
0.52 (0.5, 0.53)

0.55 (0.59, 0.51)
0.56 (0.59, 0.52)
0.60 (0.62, 0.57)
0.61 (0.64, 0.58)
0.63 (0.65, 0.61)

0.45 (0.37,0.53)
0.45 (0.37,0.53)
0.47 (0.37, 0.56)
0.48 (0.39, 0.58)
0.48 (0.38, 0.59)

Table 1: Automatic Formality Evaluations. We report accuracy for both the Internal and External classifiers. The best results
are bolded. We also decompose results into formality (— F') and informality (— ) transfer.

Method Accuracy (— F,— 1) Sim (— F,— ) Fluency (— F,— ) Joint(— F,— 1)
STRAP ine-tuned 0.51 (0.10, 0.91) 0.35 (0.32, 0.37) 0.03 (0.04, 0.01) 0.00 (0.00, 0.00)
M&M (Hamming) 0.47 (0.14, 0.80) 0.49 (0.31, 0.67) 0.46 (0.27, 0.64) 0.20 (0.03, 0.36)

PGuide (A = 2e2) 0.65 (0.39, 0.90)

0.58 (0.54, 0.61)

0.69 (0.61, 0.77) 0.33 (0.23, 0.43)

Table 2: Human Formality Evaluations. We asked annotators to rate outputs from models with the highest automatic scores as
formal or informal (Accuracy), whether their meaning was similar to the original (Similarity), and whether the outputs were
well-formed/grammatical (Fluency). Joint aggregates these scores together at the sentence-level.

Results
Attribute Style Transfer

In this section, we review our evaluation results for attribute
transfer. We include representative outputs in the Appendix.

Automatic Evaluations Tables 1 and 3 present our auto-
matic evaluation results for formality and sentiment trans-
fer. For each approach, we display the average score for
each metric, along with the breakdown for formal/informal
(— F,— I) and positive/negative (— P, — N).
PARAGUIDE outperforms all other approaches on all ag-
gregate Joint metrics, across both sentiment and formality
experiments. Additionally, PARAGUIDE significantly sur-
passes all baselines on transfer accuracy. Despite the inher-
ent trade-off between transfer accuracy and meaning preser-
vation, on formality, PARAGUIDE (A = 2e2) outperforms
all baseline approaches on both transfer accuracy and mean-
ing preservation. On sentiment transfer, PARAGUIDE’s in-
creased accuracy incurs a larger cost to semantic similarity,
but this is expected in successful sentiment transfer, which
involves changing the polarity of texts (Jin et al. 2022).

Human Evaluation Table 2 displays the results of our hu-
man formality evaluation, where annotators rated the For-
mality, Similarity, and Fluency of model outputs. When
evaluated by humans, PARAGUIDE significantly outper-
forms the top performing baselines across all aggregate met-
rics (p = 0.05). Notably, this is even true for the Fluency
metric, where annotators rated whether outputs were rea-
sonable, coherent emails. This result was unexpected given
PARAGUIDE’s comparatively unimpressive automatic Flu-
ency scores, but could be explained by differences between

18221

email writing practices and the composition of the CoLA
training corpus (Warstadt, Singh, and Bowman 2019). In
contrast, the STRAP baseline dramatically underperforms
on our human evaluation. Manually inspecting outputs, we
found that the STRAP models we fine-tuned for attribute
transfer generate highly repetitive text. We suspect that this
results from fine-tuning on our limited dataset, and aligns
with previous work, which has shown that STRAP’s perfor-
mance is heavily reliant on dataset size (Patel, Andrews, and
Callison-Burch 2022).

Authorship Style Transfer

Table 4 presents our results on the challenging task
of low-resource authorship style transfer. When evalu-
ated with the Style embedding space, three of the four
PARAGUIDE configurations outperform every single base-
line (including ChatGPT-3.5) on Joint and Confusion. When
we consider the holdout UAR embedding space, however,
ChatGPT-3.5, which notably uses 400x more parameters
than PARAGUIDE, outperforms the other approaches. Con-
sidering only non-LLM methods, PARAGUIDE outperforms
all baselines on UAR Confusion, but is very narrowly out-
performed by STRAP on UAR Joint. This can be attributed,
however, to STRAP’s higher Fluency score, which was a
metric that was not predictive of human ratings on the for-
mality task. Additionally, in contrast to PARAGUIDE’s plug-
and-play approach, the STRAP implementation involves 110
separate models, each with 800 million parameters, fine-
tuned for every author.
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Method

Int. Acc (— P,— N) Ext. Acc (— P,— N)

Sim (— P,— N)  Fluency (— P,— N)

Joint (— P,— N)

STRAPﬁne-tlmed

0.11 (0.16, 0.05)

0.29 (0.38, 0.19)

0.5 (0.5, 0.49)

0.74 (0.72, 0.76)

0.18 (0.24, 0.12)

M&M (Disc)
M&M (Ham)
M&Memﬂon (DISC)
M&Mcnron (Ham)

0.2 (0.01, 0.38)
0.14 (0.02, 0.26)
0.1 (0.02, 0.18)
0.08 (0.02, 0.13)

0.5 (0.32, 0.67)
0.39 (0.23, 0.55)
0.38 (0.29, 0.47)
0.31(0.21,0.41)

0.34 (0.46, 0.22)
0.45 (0.58, 0.32)
0.4 (0.48, 0.33)
0.52 (0.6, 0.44)

0.63 (0.62, 0.64)
0.62 (0.6, 0.63)
0.62 (0.6, 0.64)
0.62 (0.61, 0.64)

0.21 (0.17,0.25)
0.19 (0.14, 0.24)
0.19 (0.16, 0.22)
0.16 (0.13,0.2)

PGuide (A = 1e4)
PGuide (A = 5e3)
PGuide (A = 1e3)
PGuide (A = 5e2)
PGuide (A = 2¢2)

0.73 (0.78, 0.68)
0.7 (0.76, 0.65)
0.65 (0.75, 0.54)
0.57 (0.71, 0.43)
0.35(0.47, 0.22)

0.8 (0.86, 0.74)
0.79 (0.87, 0.71)
0.75 (0.81, 0.69)
0.68 (0.74, 0.62)
0.56 (0.61,0.51)

0.13 (0.2, 0.06)
0.15 (0.22, 0.07)
0.25 (0.32, 0.18)
0.33 (0.37,0.28)
0.42 (0.44, 0.4)

0.43 (0.43,0.43)
0.43 (0.45,0.41)
0.48 (0.53, 0.43)
0.51 (0.55, 0.47)
0.59 (0.64, 0.55)

0.2 (0.27,0.13)
0.22 (0.3, 0.14)
0.28 (0.35,0.21)
0.29 (0.35,0.23)
0.29 (0.33,0.25)

Table 3: Automatic Sentiment Evaluations. Like for the formality results, we break down scores into positive (— P) and
negative (— N) transfer, and report scores for both the Internal and External classifiers.

Style UAR
Method Conf. Joint Conf. Joint Sim Fluency
PARA 0.42 0.335 0.26 0.202 0.64 0.85
BERT 0.31 0.076 0.30 0.061 0.13 0.35
LING 0.44 0.334 0.23 0.177 0.82 0.58
STRAPfine-tunea 0.47 0.344 0.32 0.218 0.54 0.83
ChatGPT-3.5 0.54 0.338 0.48 0.280 0.56 0.79
PGuide (A = 2.5e3) 0.74 0.431 0.36 0.209 0.42 0.64
PGuide (A = 1.5e3) 0.68 0.434 0.33 0.207 0.47 0.70
PGuide (A = 8e2) 0.64 0.426 0.33 0.217 0.50 0.74
PGuide (A = 2¢2) 0.50 0.353 0.29 0.204 0.52 0.78

Table 4: Evaluation metrics for authorship style transfer. We
evaluate using two authorship representations: Style (Weg-
mann, Schraagen, and Nguyen 2022) and UAR (Rivera-Soto
etal. 2021). For each metric, we bold the strongest approach,
and underline the most performant non-LLM method.

Style Transfer vs. Similarity and Fluency

Beyond showcasing PARAGUIDE’s strong performance, our
automatic evaluations in Tables 1, 3, and 4 demonstrate
control over the trade-off between transfer accuracy ver-
sus semantic consistency and fluency, via the A hyperpa-
rameter. We additionally visualize the affect of varying A
on authorship style transfer in Figure 2. When A is small,
the paraphrase-conditioned diffusion model reconstructs a
more semantically faithful, fluent output. However, we can
increase A\ to improve Confusion scores, at the cost of
semantic consistency and fluency. At the lowest setting,
PARAGUIDE’s Fluency and Similarity score are similar to
those of ChatGPT-3.5 (0.78 vs 0.79 and 0.52 vs 0.56).

Conclusion and Future Work

We introduce PARAGUIDE, a diffusion-based framework for
unsupervised textual style transfer. The approach harnesses
the controllability of text diffusion, alongside the availability
of off-the-shelf text classifiers and stylistic embedders, to
competitively perform both authorship and attribute transfer,
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Confusion (UAR)
ChatGPT.

Confusion (Style)

0.7 045
0.6 0.40
CHatGPT.
0.35
0.5 grrap
BiG 030
0.4 PARA
0.25
0.3 BERT LING
0 1 2 3 4 5 0 1 2 3 4 5
X103 x103
Fluency Sim
________________________ 0.8 LING
0.8 ChatGPT
PARA
0.7 0.6 chatcpT
S LRAF:
0.6 1LING
0.4
0.5
0.4 02
BERT BERT
0 1 2 3 4 5 0 1 2 3 4 5
X103 x103
Guidance (A)

Figure 2: As we increase the guidance hyperparameter A, we
steadily increase style transfer accuracy (Confusion), at the
cost of semantic consistency (Sim) and Fluency.

without ever having to retrain style-specific pipelines.

Our work demonstrates the potential of diffusion for text
generation, a landscape currently dominated by large, auto-
regressive language models. We are particularly excited
about pursuing work that explores scaling diffusion models,
better adapting them to the text domain, and the ways that
these non-autoregressive methods can work alongside and
complement current state-of-the-art approaches.

Ethical Statement

PARAGUIDE presents an effective diffusion-based frame-
work for style-transfer that uses fewer parameters than other
state-of-the-art methods, can be fine-tuned on a single GPU,
and avoids having to retrain models for new target styles.
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As a result, the approach could broaden the accessibility of
controllable text generation and empower individuals with
fewer resources to better personalize systems to their needs.
At the same time, we recognize that text generation ap-
proaches like ours have the potential to be leveraged by ma-
licious actors for impersonation and persuasion.
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