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Abstract

Zero-shot text-to-speech models can clone a
speaker’s timbre from a short reference au-
dio, but they also strongly inherit the speak-
ing style present in the reference. As a re-
sult, synthesizing speech with a desired style
often requires carefully selecting reference au-
dio, which is impractical when only limited or
mismatched references are available. While
recent controllable TTS methods attempt to ad-
dress this issue, they typically rely on abso-
lute style targets and discrete textual prompts,
and therefore do not support continuous and
reference-relative style control. We propose
ReStyle-TTS, a framework that enables con-
tinuous and reference-relative style control in
zero-shot TTS. Our key insight is that effective
style control requires first reducing the model’s
implicit dependence on reference style before
introducing explicit control mechanisms. To
this end, we introduce Decoupled Classifier-
Free Guidance (DCFG), which independently
controls text and reference guidance, reducing
reliance on reference style while preserving text
fidelity. On top of this, we apply style-specific
LoRAs together with Orthogonal LoRA Fu-
sion to enable continuous and disentangled
multi-attribute control, and introduce a Tim-
bre Consistency Optimization module to mit-
igate timbre drift caused by weakened refer-
ence guidance. Experiments show that ReStyle-
TTS enables user-friendly, continuous, and rel-
ative control over pitch, energy, and multiple
emotions while maintaining intelligibility and
speaker timbre, and performs robustly in chal-
lenging mismatched reference—target style sce-
narios. The project webpage is available at
https://cucl-2.github.io/Restyle-TTS.

1 Introduction

Recent zero-shot text-to-speech (TTS) systems can
synthesize speech for unseen speakers from only a
short reference audio clip. By conditioning on this
reference, these models can preserve the speaker’s

identity (timbre) while following the input text.
However, the generated speech is often strongly
influenced by the speaking style present in the refer-
ence audio, including prosody and emotion, which
fundamentally limits controllability in zero-shot
TTS. As a result, synthesizing speech with a de-
sired style often requires carefully selecting refer-
ence audio that matches the target style, which is
time-consuming and sometimes impossible when
only limited or mismatched reference audio is avail-
able. This issue is especially pronounced when the
available reference conveys a different style from
the target, such as attempting to generate angry
speech when only a happy reference clip is avail-
able.

This limitation naturally motivates research on
controllable TTS like InstructTTS (Guo et al.,
2023; Yang et al., 2024; Liu et al., 2023). While
these approaches have demonstrated promising re-
sults, most of them assume a fixed or predefined
speaker space and therefore do not support true
zero-shot speaker generalization from short refer-
ence audio. More recent work attempts to bridge
the gap between voice cloning and controllability
by enabling timbre cloning while allowing style
manipulation. IndexTTS2 (Zhou et al., 2025) and
Vevo (Zhang et al., 2025) achieves style control
through a style prompt audio, but still requires care-
fully selecting suitable reference samples. Control-
Speech (Ji et al., 2024), EmoVoice (Yang et al.,
2025), and CosyVoice (Du et al., 2024b, 2025) in-
stead allow users to specify style through language-
based prompts on top of voice cloning, which is
more user-friendly. However, text-based style con-
trol remains unstable due to the complex and many-
to-many relationship between textual descriptions
and acoustic realizations. Moreover, these meth-
ods typically rely on absolute target styles and do
not support continuous and reference-relative style
control, where attributes are adjusted incrementally
with respect to the reference, which is more intu-
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Model Timbre Source Style Source Continuous Control Control Type
IndexTTS2 / Vevo Reference Audio Style Audio No Absolute
ControlSpeech / EmoVoice / Cosy Voice Reference Audio Text Description No Absolute
StyleFusion TTS Reference Audio Audio or Text No Absolute
ReStyle-TTS (Ours) Reference Audio Style LoRA Yes Relative

Table 1: Comparison of controllable zero-shot TTS methods.

itive and user-friendly. A structured comparison of
representative controllable zero-shot TTS methods
is summarized in Table 1.

Achieving continuous and reference-relative
style control while preserving zero-shot voice
cloning capability is challenging due to a funda-
mental trade-off. If the model remains strongly
dependent on the reference audio, the generated
speech is tightly constrained by the reference style,
leaving little room for flexible control. Conversely,
simply weakening the influence of the reference
audio often degrades speaker timbre consistency,
undermining the core objective of zero-shot TTS.
To address this challenge, we propose ReStyle-
TTS. We first introduce Decoupled Classifier-Free
Guidance (DCFG), which separately controls the
guidance strengths from text and from the refer-
ence audio, allowing us to reduce the reliance
on the reference audio during generation while
maintaining text fidelity. Building on this, we ap-
ply style-specific LoRAs together with Orthogonal
LoRA Fusion to inject explicit and continuously ad-
justable style factors (e.g., pitch, energy, and emo-
tions) on top of the base model. Orthogonal LoRA
Fusion enables the independent and simultaneous
control of multiple style attributes. Finally, since
reducing reference guidance can introduce timbre
drift, we incorporate a Timbre Consistency Opti-
mization module that explicitly reinforces speaker
timbre preservation during training.

With these components, ReStyle-TTS enables
controllable zero-shot TTS that provides user-
friendly, continuous, and relative control over
speaking style while preserving speaker timbre. We
also evaluate our method on several challenging
scenarios, including generating angry speech from
happy references, a case that previous approaches
have not effectively addressed.

Our contributions are summarized as follows:

* We propose ReStyle-TTS, a controllable
zero-shot TTS framework that enables user-
friendly, continuous, and reference-relative
control of speaking style while preserving
speaker timbre.

* We demonstrate that ReStyle-TTS can effec-
tively control pitch, energy, and emotions, and
it excels in handling scenarios where the ref-
erence and target styles are mismatched.

2 Related Works

Zero-shot TTS. Zero-shot text-to-speech (TTS)
aims to synthesize speech for unseen speakers with-
out explicit speaker-specific training and can be
broadly categorized into non-autoregressive (NAR),
autoregressive (AR), and hybrid architectures. In
the NAR domain, Voicebox (Le et al., 2023) formu-
lates TTS as a text-guided speech infilling problem,
trained via flow matching (Lipman et al., 2022).
E2-TTS (Eskimez et al., 2024) and F5-TTS (Chen
et al., 2024a) simplify the alignment process by ap-
pending filler tokens to the text sequence, avoiding
the need for duration models. In AR-based ap-
proaches, models such as AudioLM (Borsos et al.,
2023), VALL-E (Wang et al., 2023), and Spark-
TTS (Wang et al., 2025) model discrete audio se-
mantic and acoustic tokens, leveraging powerful
language modeling techniques for speech gener-
ation. Hybrid architectures like CosyVoice (Du
etal., 20244a,b, 2025), Seed-TTS (Anastassiou et al.,
2024), and IndexTTS2 (Zhou et al., 2025) autore-
gressively model semantic tokens and then employ
flow matching to generate mel spectrograms. To
reduce the information loss caused by discrete to-
ken modeling, continuous token modeling has been
explored in DiTAR (Jia et al., 2025) and MELLE
(Meng et al., 2024), inspired by continuous rep-
resentation learning in image generation, such as
MAR (Li et al., 2024).

All these models perform well in zero-shot TTS,
but they often inherit the speaking style of the refer-
ence. This makes synthesizing speech in a desired
style time-consuming, as it requires carefully se-
lecting reference audio, which may be infeasible
when suitable references are unavailable. Ideally,
synthesized speech should allow for flexible style
control.

Controllable Speech Synthesis. Early control-
lable TTS models, such as FastSpeech2 (Ren
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et al., 2020) and FastPitch (Lancucki, 2021), pri-
marily controlled prosody by explicitly predict-
ing low-level attributes like pitch, energy, and du-
ration. Later advancements introduced control
through discrete textual tags (Kim et al., 2021;
Gao et al., 2025) and moved toward prompt-based
control, where natural language descriptions spec-
ify the desired speaking style. Notable models
include InstructTTS (Yang et al., 2024), Prompt-
Style (Liu et al., 2023), and PromptTTS (Guo et al.,
2023). However, these models are either speaker-
independent or rely on predefined speaker identities
or embeddings for timbre, meaning they cannot per-
form true zero-shot speaker cloning from a brief
reference audio clip.

More recent approaches attempt to bridge the
gap between voice cloning and controllability by
enabling timbre cloning while allowing style ma-
nipulation. SC VALL-E (Kim et al., 2023) achieves
style control by adjusting a latent style control vec-
tor; however, this vector itself is not interpretable.
Vevo (Zhang et al., 2025) and IndexTTS2 (Zhou
et al., 2025) achieve style control by providing a
separate style prompt audio. ControlSpeech (Ji
et al., 2024), EmoVoice (Yang et al., 2025), and
CosyVoice (Du et al., 2024b, 2025) instead enable
style control through language-based style prompts
on top of voice cloning, which is more user-friendly.
StyleFusion TTS (Chen et al., 2024b) further sup-
ports style control using both textual descriptions
and style audio simultaneously.

However, all these methods cannot support con-
tinuous or relative control, and they disregard the
inherent style of the reference audio. A more user-
friendly interaction would instead allow relative
adjustments, such as slightly increasing the pitch
or making the speech sound a bit angrier.

Style Control in Image Generation using LoRA.
In the field of image generation, it is common prac-
tice to train LoORA models to modify the style of
generated images (Gandikota et al., 2024; Frenkel
et al., 2024) and to combine multiple LoRA models
for controlling a blend of styles (Shah et al., 2024;
Zhong et al., 2024; Ouyang et al., 2025; Zheng
et al., 2025). However, in the TTS domain, the
style of speech is inherently embedded in the ref-
erence audio. The model is trained to replicate
the style from the reference audio to the generated
audio. As a result, the direct application of LoRA-
based style control methods from image generation
is not suitable for TTS.

3 Method

3.1 Overview

Style control using LoRA has been widely adopted
in image generation, where LoRAs fine-tuned on
specific datasets (e.g., anime or Van Gogh paint-
ings) can control image styles during inference.
However, this approach doesn’t directly apply to
zero-shot TTS systems due to the key difference
in the use of reference audio. In image generation,
outputs are guided solely by text prompts, while
zero-shot TTS systems rely on both text and refer-
ence audio during inference. The model learns to
replicate not only the timbre but also the style of
the reference audio, making precise style control
difficult.

To address this issue, we propose ReStyle-TTS,
which uses Decoupled Classifier-Free Guidance
(DCFG) to reduce the model’s dependency on the
reference audio while maintaining faithfulness to
the text. After this decoupling step, a series of Style
LoRA modules can be trained to control various
attributes such as pitch or emotion, and we further
introduce an Orthogonal LoRA Fusion mechanism
to combine multiple Style LoRAs without mutual
interference. However, weakening the reference
dependency may reduce timbre consistency. There-
fore, we additionally propose a Timbre Consistency
Optimization (TCO) module to explicitly preserve
the speaker timbre encoded in the reference audio.
An overview of ReStyle-TTS is shown in Figure 1.

3.2 Decoupled Classifier-Free Guidance

In standard zero-shot TTS systems, classifier-free
guidance (CFG) is commonly used to balance con-
ditional and unconditional predictions during gen-
eration (Du et al., 2024a,b; Chen et al., 2024a). Let
fa,t denote the predicted audio representation con-
ditioned on both the reference audio a and the text
t,and let fz  denote the unconditional prediction.
The conventional CFG formulation is:

f = fat + Aete(far — fo.0), (1)

where Acfg controls the overall guidance strength.
Increasing A.f; enhances the influence of the con-
ditional inputs but does not distinguish between
text guidance and reference guidance, since both
are entangled within f, ;. As a result, adjusting
Acfg simultaneously affects text fidelity and style
dependency—reducing the weight of the reference
also weakens textual alignment.
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Figure 1: The overall framework of ReStyle-TTS. The proposed method consists of three logically coordinated
components: (1) Decoupled Classifier-Free Guidance (DCFG) reduces the model’s dependency on the reference
style while maintaining text fidelity; (2) Orthogonal LoRA Fusion (OLoRA) reduces interference among multiple
style-specific LoORAs by projecting each LoRA onto the orthogonal complement of the subspace spanned by the
others; and (3) Timbre Consistency Optimization (TCO) reinforces speaker identity preservation through a

similarity-based reward mechanism.

To disentangle these effects, we introduce De-
coupled Classifier-Free Guidance. We separately
compute intermediate predictions conditioned on
(i) text only, fg ¢, and (ii) both reference and text,
fa,t- DCFG combines them as follows:

focrc = fou + M(for — fo,.2) + Aa(fat — o),
(2

where \; and )\, are independent guidance
strengths for text and reference. Specifically, )¢
controls how strongly the model follows the text,
while )\, determines how much it depends on the
reference audio.

When \; = Aefg and Ay = 1 + Acgg, DCFG re-
duces to the standard CFG formulation. By lower-
ing A, while keeping A; fixed, we explicitly reduce
the model’s reliance on the reference style without
harming text alignment. This makes subsequent
style control feasible, rather than relying entirely
on the style present in the reference audio.

3.3 Style LoRA and Orthogonal LoRA Fusion

With DCFG reducing the model’s dependency on
reference style, the generated audio is no longer
bound to the prosody or emotion of the reference.
This enables us to introduce controllable style mod-
ification using LoRA, inspired by its successful ap-
plication in image generation (Zhong et al., 2024;
Ouyang et al., 2025; Zheng et al., 2025). Simi-
larly, we fine-tune style-specific LoORAs on audio
datasets annotated with particular attributes such as

high/low pitch or different emotions. Each LoRA
thus captures a single interpretable attribute direc-
tion in the model parameter space.

Following the practice in the image domain, the
influence of each LoRA can be continuously ad-
justed by scaling its magnitude, enabling smooth
control of style intensity (Gandikota et al., 2024).
Moreover, since each LoRA specializes in a single
attribute, it is desirable to combine multiple LoRAs
to control several attributes simultaneously. How-
ever, directly adding LoRA weights often leads to
interference between adapters (Shah et al., 2024;
Zhong et al., 2024; Ouyang et al., 2025; Zheng
et al., 2025), resulting in entangled or unstable
styles.

To address this, we propose Orthogonal LoRA
Fusion (OLoRA), a training-free mechanism for
combining multiple style LoRAs. OLoRA jointly
orthogonalizes the parameter subspaces of indi-
vidual LoRAs and performs weighted fusion to
compose multiple style attributes without retrain-
ing. Formally, for a linear layer with N trained
LoRAs, let {AW;}Y, denote their low-rank up-
dates, where AW; = B;A;. We first decorre-
late them by projecting each AW, onto the or-
thogonal complement of the subspace spanned by
all others. Denote v; = vec(AW;) € RP and
V_i=[v1,...,0i—1,Vit1,...,vn], and compute
the projection matrix P_; = V_;(V_;)™ using least
squares or SVD. The orthogonalized update is then
0; = (I — P_;)v;, which is reshaped back to AW,
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In contrast to sequential projection schemes that are
sensitive to the fusion order and may yield inconsis-
tent compositions, OLoRA performs joint orthogo-
nalization by projecting each adapter against the en-
tire subspace spanned by the remaining ones, result-
ing in an order-independent fusion process. Cru-
cially, since the number of LoRAs is significantly
smaller than the parameter dimension (N < D),
the style vectors occupy a sparse subspace within
the high-dimensional manifold. This sparsity en-
sures that orthogonal projection effectively elimi-
nates interference.

The orthogonalized LoRAs are fused through
a weighted combination, and the final generation
of ReStyle-TTS is expressed using the following
unified formulation:

fReStyle =0zt + N\ (gg,t — g@,@) + A (ga,t - gg,t),

3)
Gag = £, “)
N ~
AWige = Y i AW (5)
=1

Here, © denotes the base model parameters, A;
and )\, control the text and reference guidance
strengths, and each «; provides continuous con-
trol over its corresponding style attribute.

3.4 Timbre Consistency Optimization

While DCFG relaxes the dependency on the refer-
ence audio and OLoRA enables flexible style con-
trol, these modifications may weaken the preser-
vation of speaker timbre. To explicitly enhance
timbre consistency without altering the main train-
ing objective, we introduce Timbre Consistency
Optimization (TCO), a lightweight reinforcement
strategy guided by speaker similarity rewards.

In standard flow-matching training, the model pa-
rameters 6 are optimized by minimizing the mean
squared error between the predicted and target
flows: Lem(0) = Ey )|l fo(x) — y||3. To incorpo-
rate timbre feedback, we sample speech generated
by the current model and evaluate its speaker sim-
ilarity against the corresponding reference audio,
which serves as a reward signal r. To reduce re-
ward variance, we maintain an exponential moving
average (EMA) baseline by = pubi—1 + (1 — p)ry,
and define the advantage as A; = r; — b;. To avoid
the training instability and computational overhead
of policy gradients, we instead adopt an advantage-
weighted regression strategy (Peng et al., 2019) that

reweights the flow-matching loss using a smooth,
bounded weight w; = 1 + Atanh(SA;), where A
controls the reward strength and 5 modulates sen-
sitivity to advantage. The total objective becomes
Liotal = Wy - LEM.

This formulation can be viewed as a reward-
modulated weighting of the original supervised
loss. Samples with higher speaker similarity re-
ceive stronger gradient emphasis, while those
with lower similarity are naturally down-weighted.
Since no gradient is propagated through the gen-
eration or reward computation, TCO preserves the
stability and efficiency of standard flow-matching
training. As a result, TCO effectively reinforces
timbre consistency between generated and refer-
ence speech.

4 Experiments

4.1 Experimental Setup

Dataset. We trained separate LoRA modules on
different subsets of the VccmDataset (Ji et al.,
2024). The VccemDataset is composed of Lib-
riTTS (Zen et al., 2019) and several emotion-
focused audio datasets (Christophe et al., 2016;
Zhou et al., 2021; Dupuis and Pichora-Fuller,
2010). Specifically, we used subsets corresponding
to high and low pitch, high and low energy, and
multiple emotion categories including angry, dis-
gusted, fear, happy, sad, surprised, and neutral,
while excluding contempt due to insufficient data.
For evaluation, we conducted controllable zero-
shot speech synthesis experiments on the Seed-TTS
test set (Anastassiou et al., 2024) and additionally
used the VcemDataset (Ji et al., 2024) test set for
the contradictory-style setting, which requires emo-
tional audio to create mismatched reference—target
conditions.

Implementation. Instead of training the TTS
model from scratch, we fine-tune the well-known
F5-TTS (Chen et al., 2024a). During LoRA train-
ing, we inject LoORA adapters into all linear layers
with a rank of 32 and an alpha value of 64. The
AdamW optimizer is used with a learning rate of
1 x 1075 and a batch size of 30,000 audio frames.
Because the amount of audio data varies across sub-
sets, we fixed the total training time to 250 hours
rather than keeping the number of epochs constant.
In DCFG training, the masked speech input is first
dropped with a rate of 0.3, and then the input con-
taining both masked speech and text is dropped
with a rate of 0.2. In Timbre Consistency Opti-
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Figure 2: Continuous single-attribute control with style-specific LoRAs.

mization, the reward strength coefficient is set to
A = 0.2, the advantage sensitivity to 3 = 5.0, and
the EMA momentum for the baseline to © = 0.9.
For standard CFG, a common choice is Aty = 2.
When using our DCFG, the setting Ay = 2 and
Aq = 3 is equivalent to this conventional configu-
ration. In order to reduce the model’s dependence
on the reference audio, we instead set A, = 0.5.

Evaluation. Following ControlSpeech (Ji et al.,
2024), we report not only the Word Error Rate
(WER) and timbre similarity (Spk-sv) between the
reference and synthesized speech, but also measure
attribute-specific control effectiveness. For sub-
jective evaluations, we conduct MOS-SA (Mean
Opinion Score—Style Accuracy) evaluations to mea-
sure the accuracy of the synthesized speech’s style.
The evaluation details can be found in Appendix B.

4.2 Single-Attribute Control

To verify that ReStyle-TTS can continuously con-
trol individual attributes without harming intelligi-
bility or speaker identity, we first activate a single
style LoRA at a time and sweep its strength over a
range of values. Figure 2 summarizes the results
for pitch (high/low), energy (high/low), and six
emotions (angry, sad, fear, happy, disgusted, sur-
prised). The reported metrics are averaged over the
Seed-TTS test set.

For the prosodic LoRAs (pitch and energy),
the attribute curves vary smoothly as the LoRA
strength changes, while WER and Spk-sv remain
almost constant. Notably, negative scaling of a
‘high-attribute’ LoRA naturally produces the oppo-
site effect, effectively enabling bidirectional con-
trol even when only one side of the attribute was
trained. For emotional LoRAs, we similarly ob-
tain monotonic control over the emotion similar-

ity score as the LoRA strength increases. Unlike
text-prompt-based methods, where emotion is typ-
ically specified by discrete labels or natural lan-
guage descriptions and is therefore difficult to ad-
just continuously, our method yields a smooth in-
tensity knob for each emotion. These results con-
firm that ReStyle-TTS enables precise and continu-
ous single-attribute manipulation for both low-level
prosody and high-level emotion.

4.3 Multi-Attribute Composition

To further evaluate whether different Style LoRAs
can be jointly applied without introducing notice-
able interference, we activate two LoRAs simulta-
neously and sweep their strengths over a 2D grid.
Figure 3 presents representative combinations. The
reported metrics are averaged over the Seed-TTS
test set. Across all evaluated pairs, the controlled
attributes vary smoothly along their respective axes.
Modulating the strength of one LoRA primarily in-
fluences its target attribute, while the other attribute
remains largely stable. Meanwhile, both WER and
speaker similarity remain stable over the entire 2D
space, suggesting that simultaneous multi-attribute
manipulation does not compromise intelligibility
or timbre preservation.

To further push the analysis, we activate three
Style LoRAs simultaneously and evaluate how the
model behaves in the resulting three-dimensional
control space. As shown in Figure 4, the surfaces
for pitch, energy, and anger each show smooth and
monotonic variation along their respective control
axes.

4.4 Relative Style Control

A key advantage of ReStyle-TTS is its ability to
perform relative style control: attributes are ad-
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Figure 3: Two-attribute joint control results.
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Figure 4: Three-attribute joint control results.

justed with respect to the reference audio rather
than pushed toward a fixed absolute target. This
interaction paradigm is more predictable and user-
friendly. Previously, we reported only averages
over the entire Seed-TTS test set. To assess relative
control, we examine how the Style LoRA affects
the attribute of each individual sample. Figure 5
plots reference energy against generated energy
under different LoRA scales. Across all scales,
the points form clear linear trends with regression
slopes ranging from 0.77 to 1.22 and intercepts con-
sistently near zero. This pattern indicates that the
LoRA induces a roughly proportional change. As
a result, the relative ordering among reference sam-
ples is preserved, in contrast to absolute control,
which would drive the slope toward 0 and collapse
all samples toward the same target value. Figure 6
shows energy trajectories for eight reference sam-
ples. All curves vary smoothly and monotonically
while starting from distinct baselines correspond-
ing to each sample’s inherent style, further confirm-
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Figure 5: Reference energy vs. generated energy under
different LoRA strengths.
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Figure 6: Energy trajectories of five randomly selected
samples as the High Energy LoRA scale varies.

ing our relative control.

4.5 Contradictory-Style Generation

We further evaluate ReStyle-TTS in a
contradictory-style setting on the VccmDataset
test set, where the reference audio and the target
style intentionally do not match. Concretely,
the reference provides the speaker’s timbre but
carries an emotion or prosodic pattern that is
different from the desired target. A more detailed
explanation is provided in Appendix D.

Table 2 reports the results for emotion transfer
under such mismatched conditions. Compared with
text-prompt-based controllable TTS, ReStyle-TTS
more reliably follows the target emotion instead
of the emotion implied by the reference audio, in-
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Ref \ Target Angry Disgusted Fear Happy Sad Surprised Neutral
Angry - 48.4/63.4/78.6/82.4 61.2/71.2/80.3/88.7 78.4/84.2/86.2/92.1 65.8/72.1/79.4/86.8 64.7/74.5/80.7/90.3 58.4/74.2/78.9/84.6
Disgusted 61.9/70.2/80.2/87.1 - 57.8/70.6/80.4/89.9  83.5/86.5/89.3/96.8 73.5/78.3/80.6/85.6 59.8/75.2/81.3/92.7 61.9/73.9/80.5/88.2
Fear 51.4/60.9/79.2/85.7  65.7/75.9/78.5/83.5 - 82.9/85.7/90.4/100.0 80.0/84.3/86.7/92.9 55.7/73.4/81.2/95.1 54.3/68.2/78.6/81.7
Happy 65.2/73.5/88.5/100.0 55.8/65.2/79.3/86.2 52.1/70.2/80.6/90.8 - 81.1/82.0/81.4/83.9 62.6/70.5/80.2/87.6 52.3/65.4/81.6/91.4
Sad 55.4/65.2/78.8/81.6  66.8/75.5/80.3/88.0 67.2/75.2/80.5/85.3  81.1/83.2/86.6/97.4 - 60.5/72.5/79.7/83.8 57.1/72.3/80.4/90.9
Surprised 72.0/78.5/83.6/100.0  57.0/65.4/80.2/90.4 58.9/70.0/79.5/82.7 72.0/79.2/79.8/84.0  62.0/78.9/82.3/92.0 - 62.0/73.6/80.7/88.5
Neutral 53.3/72.9/80.6/94.4  57.8/70.1/79.2/85.6 64.2/80.2/83.7/91.2  70.7/78.5/80.3/88.9  66.7/75.4/78.4/83.3 67.8/72.9/80.5/86.9 -

Table 2: Emotion transfer matrix for contradictory-style generation. Each off-diagonal cell reports the ACC (%) in
the format CosyVoice / EmoVoice / IndexTTS2 / ReStyle-TTS.

Ref — Target CosyVoice EmoVoice ReStyle-TTS
Pitch

Low — High 74.9 72.4 90.2
High — Low 76.9 73.1 92.8
Energy

Low — High 87.5 76.1 924
High — Low 88.6 75.9 93.0

Table 3: Contradictory-style generation results for pitch
and energy.

dicating that weakening the reference-style depen-
dence via DCFG and then applying Style-LoRAs
is effective for overriding the original style. We
also examine contradictory-style control over pitch
and energy in Table 3. The results show that our
method can consistently move pitch and energy in
the desired opposite direction. We also provide a
subjective evaluation of MOS-SA in Appendix D.
These experiments confirm that ReStyle-TTS can
handle challenging contradictory-style generation
scenarios for both emotion and prosody.

4.6 Ablation Studies

We conducted ablation studies on DCFG and TCO
in Table 4 and provide additional ablation stud-
ies on Orthogonal LoRA Fusion and the hyperpa-
rameter selection of A, in DCFG in Appendix E.
The reported metrics in Table 4 are averaged over
the 10 attributes shown in Figure 2, with LoRA
strengths set to 2.0 for prosody control and 4.0
for emotion control. Regarding the control inten-
sity metric Attr A (rel.), we calculate the relative
percentage change for prosody attributes and the
absolute change in logits for emotion attributes,
ensuring that the magnitudes remain comparable
across different attribute types.

With standard CFG, text and reference guid-
ance are coupled, preventing independent control.
A high CFG weight (e.g., Aty = 2, equivalent
to Ay = 2 and A\, = 3) enforces strong text fi-
delity and speaker similarity but severely limits
style controllability. Conversely, a low CFG weight

Setting Attr A (rel.) T WER(%) | Spk-sv 1
default (A, = 2, \, = 0.5) 51.2% 2.31 0.79
w/0 DCFG (At = 2) 2.1% 1.83 0.90
w/0 DCFG (Actg = 0.5) 7.6% 2.67 0.85
w/o TCO 51.0% 2.32 0.71

Table 4: Ablation study on DCFG and TCO.

(e.g., Acfg = —0.5, equivalent to A\; = —0.5 and
Ao = 0.5) leads to severe distortion and unusable
WER exceeding 1.0, which is omitted in the Table.
An intermediate setting (Acr; = 0.5, 1.e., Ay = 0.5
and A\, = 1.5) maintains intelligibility but still
relies too heavily on the reference to enable effec-
tive style control. Overall, under CFG, improving
controllability inevitably degrades text fidelity, and
there exists no suitable value that can simultane-
ously achieve both controllability and text faithful-
ness. This motivates DCFG, which decouples and
independently calibrates text and reference guid-
ance. Furthermore, removing the Timbre Consis-
tency Optimization module leads to a marked de-
cline in speaker similarity, demonstrating its critical
role in preserving timbre when reference guidance
is reduced.

5 Conclusion

In this paper, we propose ReStyle-TTS designed
to enable continuous and relative style control in
zero-shot speech synthesis. To achieve this, we
first introduced Decoupled Classifier-Free Guid-
ance (DCFGQG) to relax reference audio dependency
while maintaining text fidelity. To achieve flexible
manipulation, we leveraged Style-LoRAs with Or-
thogonal LoRA Fusion, allowing for the precise,
simultaneous adjustment of multiple attributes. Fur-
thermore, Timbre Consistency Optimization (TCO)
was incorporated to ensure robust identity preserva-
tion. Experiments demonstrate that ReStyle-TTS
effectively supports user-friendly style control and
excels in challenging contradictory-style genera-
tion scenarios, offering a practical solution for ex-
pressive and controllable speech synthesis.

9264



Limitations

Although ReStyle-TTS successfully enables user-
friendly relative and continuous style control, a
primary limitation lies in its scalability to new at-
tributes. Specifically, introducing control for a new
style dimension requires collecting a correspond-
ing dataset and performing additional LoRA fine-
tuning.

Ethics and Potential Risks

The advancement of high-fidelity, zero-shot text-to-
speech systems with flexible style control, such as
ReStyle-TTS, brings significant ethical considera-
tions. While our framework enhances user interac-
tion and creative content generation, the ability to
clone a speaker’s identity from a short audio clip
and manipulate their emotional expression poses
potential risks for misuse, such as unauthorized
voice cloning, deepfake generation, and the spread
of misinformation. To mitigate these risks, it is
crucial to ensure that such models are deployed
responsibly. We strongly advocate for the integra-
tion of robust audio watermarking, the continuous
development of synthetic speech detection models,
and the establishment of strict protocols requiring
explicit consent from voice contributors prior to
synthesis.
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A Equivalence Between DCFG and
Standard CFG

We show that standard classifier-free guidance
(CFQ) is a special case of our Decoupled CFG
(DCFG).

fCFG = fa,t + Acfg(fa,t - f@,@)

()
- (1 + )\cfg) fa,t - )\cfg f®,®~

focke = fou+ M(foi — fo.o) + Aalfar — fo.1)
=1+ M=) for+ X far — M foo
(2)
To recover the CFG form, the coefficients of the
three terms must match between (1) and (2):

14+ X — Ay =0,
)\a =1+ )\cfga
At = Acte.
Solving yields:
)\a =1+ Acfg? )\t = )\cfg-

Substituting these values into (2) gives exactly
the standard CFG expression.

B Evaluation Details

For objective evaluations, following Control-
Speech (Ji et al., 2024), we report not only the
Word Error Rate (WER) and timbre similarity (Spk-
sv) between the reference and synthesized speech,
but also measure attribute-specific control effective-
ness. For WER, we employ Whisper-large-v3 (Rad-
ford et al., 2023) for transcription. To evaluate tim-
bre similarity (Spk-sv) between the original prompt

and the synthesized speech, we utilize the base-
plus-sv version of WavLLM (Chen et al., 2022). For
volume, we compute the /2 norm of the amplitude
of each short-time Fourier transform (STFT) frame.
Pitch values are estimated using the Parselmouth
toolkit, which extracts the fundamental frequency
(fo) and computes the geometric mean across all
voiced regions. To evaluate emotion, we employ
the official Emotion2Vec model (Ma et al., 2023)
to compute speech emotion logits and classifica-
tion accuracy. For subjective evaluations, we con-
duct MOS-SA (Mean Opinion Score — Style Ac-
curacy) evaluations to measure the accuracy of the
synthesized speech’s style via crowdsourcing. We
randomly select 30 samples from the test set for
subjective evaluation, and each audio sample is lis-
tened to by at least 10 testers. Testers are asked to
rate the style accuracy on a 5-point scale ranging
from 1 to 5.

C Relative Style Control

LoRA Strength (low - high)

20 40 60 80 100
Energy (aiopa = 0)

Figure 7: Linear regression analysis of energy control
across different LoRA scales.

08

>
LoRA Strength (low — high)

0.2 1.0

0.0 0.2 0.4 06 08 1.0
Angry (iora = 0)

Figure 8: Linear regression analysis of angry control
across different LoRA scales.

As illustrated in Figure 7, we visualize the rela-
tionship between the baseline style and the modi-
fied style. The x-axis represents the energy of the
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Ref \ Target Angry Disgusted Fear Happy Sad Surprised Neutral
Angry - 3.42/3.61/3.95/4.18 3.58/3.79/4.05/4.31 3.91/4.12/4.32/4.52 3.49/3.72/4.00/4.23 3.63/3.84/4.15/4.41 3.38/3.68/3.95/4.09
Disgusted 3.61/3.82/4.05/4.29 - 3.47/3.76/4.10/4.36  4.02/4.21/4.40/4.61 3.71/3.93/4.10/4.24 3.46/3.81/4.15/4.47 3.59/3.74/4.05/4.28
Fear 3.33/3.54/3.95/4.17 3.68/3.91/4.00/4.08 - 3.98/4.23/4.45/4.68 3.87/4.06/4.25/4.39 3.41/3.69/4.10/4.46 3.29/3.57/3.95/4.02
Happy 3.74/3.92/4.35/4.69 3.36/3.58/3.95/4.21 3.31/3.69/4.05/4.43 - 4.01/4.12/4.20/4.29 3.62/3.83/4.10/4.34 3.35/3.62/4.10/4.42
Sad 3.45/3.64/3.95/4.13 3.72/3.91/4.10/4.31 3.63/3.82/4.05/4.25 4.03/4.14/4.35/4.58 - 3.52/3.79/4.00/4.16 3.44/3.71/4.10/4.37
Surprised 3.88/4.09/4.40/4.71 3.41/3.63/4.00/4.27 3.49/3.71/3.95/4.12 3.91/4.03/4.20/4.35 3.58/3.97/4.25/4.49 - 3.61/3.83/4.10/4.32
Neutral 3.39/3.78/4.20/4.46 3.51/3.69/4.00/4.24 3.67/3.99/4.20/4.41 3.79/4.01/4.20/4.43 3.55/3.77/4.00/4.14 3.66/3.81/4.10/4.34 -

Table 5: Emotion transfer matrix for contradictory-style generation. Each off-diagonal cell reports the MOS-SA
(5-point scale) in the format CosyVoice / EmoVoice / IndexTTS2 / ReStyle-TTS.

generated speech when the LoRA scale is set to 0
(serving as the reference baseline), while the y-axis
displays the energy values obtained under varying
LoRA strengths.

It can be observed that as the LoRA strength
increases, the slope of the fitted regression line
steepens, rising from 0.77 to 1.22. This monotonic
increase in slope demonstrates that ReStyle-TTS
achieves true relative control by scaling the inher-
ent attributes of the reference audio rather than
overwriting them with fixed absolute values. In ad-
dition to relative prosody control, we also present
the results for angry in Figure 8 as an example of
relative emotion control.

D Contradictory-Style Generation

In this section, we provide a detailed explanation
of the experimental setup for Contradictory-Style
Generation. Our approach diverges from the orig-
inal usage of the VccmbDataset in ControlSpeech.
Each sample in the VcemDataset consists of an
audio clip, its corresponding transcription, and a
style prompt. However, the original ControlSpeech
evaluation did not address scenarios where the style
of the reference audio conflicts with the target style.
For instance, attempting to synthesize angry speech
when only a happy reference clip is available. To
evaluate this capability, we utilize the audio sam-
ples from the VcecmDataset as reference audio. For
each reference, we attempt to synthesize speech
targeting every emotion category that differs from
the reference’s inherent emotion. The synthesis
accuracy is then quantitatively evaluated using the
Emotion2Vec model. Regarding the specific con-
trol configurations: for ReStyle-TTS, we simply
apply the Style-LoRA corresponding to the target
emotion. For the natural language-controlled base-
lines, CosyVoice and EmoVoice, we provide the
specific style instruction: ‘I’'m saying this with
great {emotion}.” We also provide a subjective
evaluation of MOS-SA in Table 5. The results are
consistent with the objective evaluation, and our

Figure 9: Ablation Study of Orthogonal LoRA Fusion.

High Pitch LoRA (aiora = 1.0)

0.08

0.06 106

—e— Spk-sv
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Figure 10: Ablation Study of \,.

ReStyle-TTS achieves the best performance across
all contradictory-style generation scenarios.

E Ablation Studies

For Orthogonal LoRA Fusion, we also conducted
ablation studies. As shown in Figure 9, the con-
trol of pitch and energy becomes fully entangled,
making it impossible to adjust them independently.

We further performed ablation experiments on
the parameter )\,. Since DCFG decouples the
model’s reliance on the text and the reference audio,
we fixed \; = 2, a commonly used setting to main-
tain strong text dependency, and varied \,, which
governs the trade-off between timbre similarity and
controllability. The results are shown in Figure 10.
It can be observed that A\, governs the trade-off
between timbre similarity and controllability. We
ultimately chose A, = 0.5, sacrificing some timbre
similarity to achieve better controllability, while
using Timbre Consistency Optimization to com-
pensate for the lost timbre similarity.
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Table 6: Single-attribute control results using Cosy Voice backbone.

Strength  -2.0 -1.5 -1.0 -0.5 0.0 +0.5 +1.0 +1.5 +2.0

Pitch 1651 160.8 1554 1489 1425 1362 1308 125.6 122.7
Energy 49.8 47.2 43.5 39.1 35.8 314 28.2 25.1 23.6

Strength 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

Angry 0.10 0.16 0.28 0.42 0.56 0.68 0.74 0.77 0.79
Happy 0.06 0.12 0.24 0.38 0.52 0.64 0.71 0.75 0.76

F Generalization to Different Model
Backbones

We further verify the generalizability of our pro-
posed framework by applying it to a different
model backbone, CosyVoice (Du et al., 2024b). For
rapid validation, we evaluated Low Pitch, Low En-
ergy, Angry, and Happy attributes. Notably, we rely
solely on LoRA strength to modulate the style of
Cosy Voice, bypassing its native text-based instruc-
tions. The results demonstrate that ReStyle-TTS
generalizes effectively to different backbones for
both single-attribute and multi-attribute control.

As shown in Table 6, sweeping the LoRA
strength on the CosyVoice backbone yields smooth
and monotonic transitions for both prosodic and
emotional attributes, consistent with the observa-
tions on F5-TTS. Furthermore, we applied Orthog-
onal LoRA Fusion (OLoRA) to Cosy Voice for joint
Energy-Pitch control. As illustrated in Table 7, ad-
justing the strength of one attribute has minimal im-
pact on the other (e.g., varying Pitch strength across
a 30Hz range results in less than 1.0 unit of Energy
fluctuation). These results confirm that our decou-
pling and fusion mechanism is backbone-agnostic
and maintains high disentanglement across differ-
ent model architectures.

Table 7: Joint Energy-Pitch control on CosyVoice using
OLoRA.

Energy \ Pitch  -2.0 -1.0 0.0 +1.0 +2.0

Measured Pitch
2.0 147.0 1425 1355 1285 1215
-1.0 147.8 1427 1357 1287 121.7
0.0 148.5 143.0 136.0 129.0 1220
+1.0 1493 1433 1363 1293 1223
+2.0 150.0 1435 1365 1295 1225
Measured Energy
2.0 42.5 422 42.0 41.8 41.5
-1.0 38.5 38.2 38.0 37.8 37.5
0.0 345 342 34.0 33.8 335
+1.0 30.5 30.2 30.0 29.8 29.5
+2.0 26.5 26.2 26.0 25.8 25.5
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