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Abstract

While prompt-based text-to-speech (TTS) mod-
els enable natural language-driven speaking
style control, they often provide limited fine-
grained control and apply a single global style
across an utterance. This restricts practical use
cases that require continuous style attribute in-
terpolation across utterances and time-varying
style transitions within a single utterance. In
this paper, we propose novel techniques to
achieve both capabilities in existing prompt-
based TTS models. For inter-utterance style
interpolation, we compute direction vectors
between contrastive style prompts in the em-
bedding space and perform simple interpola-
tion, enabling smooth transitions between style
characteristics. For intra-utterance style tran-
sition, we first identify a strong attention bias
toward early tokens in autoregressive TTS de-
coders, causing the initial audio realization to
dominate subsequent generation. To mitigate
this effect, we introduce KV-cache swapping
and sliding-window attention masking. Exper-
iments demonstrate that our proposed inter-
utterance interpolation achieves a 99-100%
success rate in gender conversion, up to 36
Hz pitch variation, and up to 1.6 syllables-
per-second speed change. Our intra-utterance
transition maintains a speaker similarity of
0.81-0.91 and achieves perceptual smoothness
scores of 3.48-4.48.

1 Introduction

Recent advances in text-to-speech (TTS) synthesis
have introduced prompt-conditioned models that
accept natural-language descriptions of speaking
style (Guo et al., 2023; Yang et al., 2024; Lacombe
et al., 2024). This approach offers a flexible in-
terface for convenient and expressive voice gen-
eration; instead of preparing reference audio or
selecting from a fixed set of style presets, users can
describe intent directly in text (e.g., "calm male
voice", "fast and high-pitched speech").
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Figure 1: Overview of our training-free style control
methods. (A) Inter-utterance style interpolation pro-
vides continuous control between source and target
styles by adjusting the strength factor «.. (B) Intra-
utterance style transition unlocks style transitions
within a single utterance during generation.

Despite this progress, achieving fine-grained and
predictable control from natural language style
prompts remains challenging. Many speech at-
tributes, such as pitch and speed, vary continuously.
However, current prompt-conditioned TTS mod-
els mostly accept coarse, discrete categorical terms
(e.g., "fast", "slightly fast", "very fast", etc.) and
small prompt edits do not reliably produce smooth,
monotonic, and predictable changes in acoustic at-
tributes (Korotkova et al., 2024; Ji et al., 2025).
This is partially because current models assume
a fixed global style condition (Leng et al., 2023;
Yang et al., 2024; Ji et al., 2024), generating speech
that is stylistically consistent but difficult to steer
at a finer resolution.

These limitations are critical because many real-
world applications require both continuous and



time-varying control. Audiobook narration benefits
from gradual changes in speed or pitch to convey
tension and emphasis (Guo et al., 2024). Conversa-
tional agents may need to shift tone within a single
response to match discourse structure (Liu et al.,
2024). Motivated by such use cases, we focus on
two complementary controllability goals that are
not well supported by prompt-based TTS models:
(1) inter-utterance style interpolation: continuous
control between contrastive style attributes (e.g.,
selecting an intermediate speaking rate between
fast and slow) and (2) intra-utterance style transi-
tion: style transition within a single utterance (e.g.,
starting fast and gradually slowing down).

In this paper, we propose training-free meth-
ods that achieve both continuous inter-utterance
controllability and intra-utterance style transition
for natural-language-based TTS, as illustrated in
Figure 1. We discover that existing models im-
plicitly contain such controllability that can be
unlocked via inference-time interventions. For
inter-utterance control, we show that a simple
representation-level approach is sufficient. Interpo-
lating between style embeddings induced by con-
trastive prompts allows for finer control than dis-
crete prompt edits.

In contrast, intra-utterance style transition re-
veals a qualitatively different obstacle. We identify
a previously unreported phenomenon, termed style
self-referencing: the first few seconds of generated
speech disproportionately govern subsequent gen-
eration and can substantially reduce the effect of
the natural-language style prompt. Consequently,
naive inference-time solutions, such as interpolat-
ing style embeddings or swapping prompts during
generation, fail to produce reliable intra-utterance
transitions.

Based on this analysis, we introduce novel
inference-time mechanisms that directly counter-
act the self-referencing. Specifically, we employ
(1) key-value (KV) cache swap and (2) sliding-
window self-attention masking, both aiming to re-
duce the dominance of early-generated tokens. To-
gether, these unlock smooth intra-utterance style
transitions without fine-tuning.

Our contributions are as follows:
* We introduce two complementary forms
of controllability in natural language-

conditioned TTS: inter-utterance style control
and intra-utterance style transition.

* We identify and characterize self-referencing

in autoregressive TTS generation, where early-
generated speech dominates later segments
and overrides natural language guidance.

* Our proposed methods are entirely training-
free, achieving fine-grained style control
through inference-time techniques.

* We provide comprehensive evaluation demon-
strating effective continuous control over
pitch, speed, and gender attributes while main-
taining speech quality.

2 Related Work

2.1 Style Controllable Text-to-Speech

The pursuit of controllable TTS has primarily
evolved through two paradigms: reference-based
conditioning and, more recently, natural language-
based prompting.

Reference-based approaches. Early TTS mod-
els conditioned synthesis on reference audio
to capture style attributes. Global Style Tokens
(GST) (Wang et al., 2018) and VAE-based meth-
ods (Zhang et al., 2019; Hsu et al., 2019) model
prosodic variations as continuous latent variables,
enabling style interpolation in the latent space.
More recently, large-scale autoregressive models
such as VALL-E (Wang et al., 2023; Chen et al.,
2024), CosyVoice (Du et al., 2024, 2025), Natural-
Speech 3 (Ju et al., 2024), and Spark-TTS (Wang
et al., 2025b) achieve human-parity synthesis by
conditioning on reference speech. Despite their fi-
delity, these approaches require reference audio,
which prevents users from synthesizing specific
styles in the absence of matching acoustic samples.

Natural language-based approaches. To over-
come the reliance on reference audio, recent re-
search has shifted towards controlling TTS via nat-
ural language descriptions. PromptTTS (Guo et al.,
2023) pioneers this by learning a mapping between
textual descriptions and acoustic style latents, en-
abling attribute control (e.g., gender, pitch, speed)
through prompts. This line of work has been rapidly
extended by models such as InstructTTS (Yang
et al., 2024), which employs cross-modal met-
ric learning to follow free-form instructions, and
Parler-TTS (Lyth and King, 2024), which lever-
ages large-scale synthetic annotations to achieve
high-fidelity description-guided synthesis. How-
ever, these models generally treat style prompts as
static characteristics applied globally to the entire
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(a) Overview of the inter-utterance style interpolation.
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Figure 2: Inter-utterance Style Interpolation. (a) Given a source-target style prompt pair, we extract their
embeddings e(®) and e from the text encoder and compute the direction vector d = e(*) — e(*), By varying the
interpolation strength a,, we generate new style embeddings to continuously control the speaking style attributes.
(b) UMAP visualization of the embedding space shows that interpolated embeddings (colored points with o €
{0.4,0.8,1.2,1.6}) form a smooth trajectory between source (male) and target (female) style representations.

utterance. Current architectures often lack mecha-
nisms to interpret time-varying prompts (e.g., "start
calmly and become excited") or to continuously
modulate style intensity within an utterance, result-
ing in largely monotonic expressivity.

2.2 Fine-Grained Speaking Style Control

Significant efforts have progressed from predict-
ing prosodic features via variance adaptors in
non-autoregressive models like FastSpeech-2 (Ren
et al.,, 2021) and FastPitch (Lancucki, 2021)
to more explicit manipulation of intra-utterance
dynamics. Recent advancements such as Lina-
Style (Lemerle et al., 2025) and WeSCon (Wang
et al., 2025a) achieve word-level emotional control
through synthetic data interleaving and multi-stage
inference, respectively. Furthermore, models like
ELaTE (Kanda et al., 2024) and EmoCtrl-TTS (Wu
et al., 2024) extend this control to non-verbal vo-
calizations and continuous arousal-valence trajec-
tories, allowing for a more dynamic emotional flow
than traditional text-driven predictions.

The integration of LLMs allows intuitive, zero-
shot emotion control through natural-language
prompts, as explored in PUE (Gao et al., 2025).
However, while recent training-free methods like
EmoSteer-TTS (Xie et al., 2025) enable fine-
grained emotion modulation via activation steering,
they focus primarily on manipulating distinct emo-
tional attributes rather than ensuring smooth, con-
tinuous style transitions across time. Consequently,
achieving natural intra-utterance style transitions
remains an open challenge.

3 Inter-Utterance Style Interpolation

In this section, we present our method to achieve

continuous inter-utterance style control by manipu-
lating direction vectors between contrastive style
prompts in the style embedding space.

3.1 Analysis: Style Vectors in Embedding
Space

To investigate the characteristics of natural lan-
guage style embeddings, we analyze how con-
trastive style attributes are represented in the em-
bedding space. Specifically, we prepare multiple
pairs of style prompts that differ only in a single
target attribute. For example, for gender control,
we use pairs like "A male voice with clean au-
dio" and "A female voice with clean audio", where
only the gender token varies while other attributes
in the prompt remain identical. We encode these
prompts using the prompt text encoder and extract
only the embeddings corresponding to the target
style attribute tokens (e.g., "male" and "female").
To visualize their distribution, we project these at-
tribute embeddings into a lower-dimensional space
using UMAP (Mclnnes et al., 2018).

As shown in Figure 2b, we observe that embed-
dings of the same attribute form tight clusters: all
"male" tokens cluster together, and all "female" to-
kens form a separate cluster. Importantly, these con-
trastive attribute clusters (e.g., "male" vs. "female")
are well-separated in the embedding space. This
clear separation suggests that linear interpolation
between contrastive attribute vectors can produce
continuous style transitions.
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Figure 3: Inter-utterance style interpolation results. (a) Gender conversion success rate, (b) average FO change for
pitch control, (c) average speaking rate change for speed control. All attributes show monotonic changes with « in
the positive range, demonstrating continuous controllability.

Attribute Direction Success A Metric SIM
Gender Female — Male  99.0% - -
Male — Female 100.0% - -

Pitch High — Low 96.3% —36.1Hz 0.76

Low — High 93.0% +35.8Hz 0.78

Speed Quick — Slow 942% —1.4SPS 0.84

p Slow — Quick 957% +1.6SPS 0.84

Table 1: Objective evaluation of inter-utterance style
interpolation.

3.2 Method

We implement a simple embedding vector in-
terpolation method for continuous style control.
Let EG) = {e(ls), egs), o el(s)} and E® =
{ egt), eét), v el(t)} denote the text encoder outputs
for the source and target style prompts, respectively.
Since the two prompts differ only in the attribute
tokens, we compute the direction vector for the set
of attribute token positions, .A. Then, the direction
vector is computed as below:

(el(-t) - el(-s)), e A

We apply the direction vector only to the positions
corresponding to the attribute tokens. The interpo-
lated embedding is computed as:

1

d;
2

)

L Je vad ifica
! egs) otherwise

2

where o € R is the interpolation strength. When
a = 0, the output reproduces the source style;
when o = 2, it produces the target style; and inter-
mediate values yield smoothly interpolated styles.
Values outside [0, 2] correspond to extrapolation
beyond the original style range.

Figure 2a illustrates our method. Given a source-
target style text pair, we extract their embeddings

Style Change ()

Attr. Direction MOS
0.5 1.0 2.0

Gender Female — Male 0.09 0.12 1.74 425
Male — Female 0.18 0.62  2.00 4.40

Pitch High — Low 095 1.09 1.71 4.26
Low — High 0.68 1.18 1.62 429

Speed Quick — Slow 026 0.75 1.62 3.99
P Slow — Quick 043 145 1.77 4.32

Table 2: Subjective evaluation of inter-utterance style
interpolation.

from the text encoder and compute the direction
vector between the contrastive tokens. By adding
the scaled direction vector a-d to the source embed-
ding, we obtain the interpolated style representation
E’. This representation is then fed to the decoder
through cross-attention to generate speech with the
desired style characteristics. We empirically verify
that applying interpolation to all tokens yields simi-
lar performance to our attribute-only approach (see
Appendix B).

3.3 Experimental Results

Setup. We evaluate our inter-utterance style in-
terpolation on three attributes: gender, pitch, and
speed. We take 400 sentences from the LibriTTS-
R (Koizumi et al., 2023) test set and generate
speech using the Parler-TTS-mini model (Lacombe
et al., 2024; Lyth and King, 2024). Further details
are provided in the Appendix A.

Objective Evaluation. Figure 3 presents that our
method achieves effective style control across all
tested attributes. For gender conversion, the success
rate increases with «, achieving near-complete con-
version at o« > 1.5 (98% for Female—Male, 100%
for Male—Female). For pitch and speed, which
are continuous attributes, our method enables
smooth and gradual control. Pitch (FO) changes



linearly with «, achieving up to 36.1 Hz decrease
(High—Low) and 35.8 Hz increase (Low—High)
at @ = 2.0, with intermediate values producing
perceptibly distinct pitch levels. Similarly, speak-
ing rate varies proportionally with a;; Quick—Slow
reduces syllable-per-second (SPS) (Wang et al.,
2025b) by 0.7 at o« = 1.0 and 1.4 at o = 2.0, while
Slow—Quick increases SPS by 1.1 and 1.6, re-
spectively, demonstrating fine-grained continuous
control. Table 1 summarizes the results at o = 2.0.

Subjective Evaluation. In Table 2, we show hu-
man evaluation results where participants rated
both style change (—2 to +2) and naturalness
(MOS, 1-5) (see Appendix A.3 for details). For
continuous attributes (pitch and speed), partici-
pants consistently rated intermediate interpolation
strengths (a = 0.5, 1.0) lower than full conversion
(o = 2.0), confirming gradual style transitions. At
a = 2.0, all conversion directions achieved strong
perceived style change (scores 1.62-2.00) while
maintaining high naturalness (MOS above 3.99).

4 Intra-utterance Style Transition

In this section, we address the novel challenge
of varying style within a single utterance during
autoregressive generation. We first describe our
initial attempts and analyze why they fail, then
present our solution.

4.1 Intuition: Why Naive Approaches Fail

Building upon our inter-utterance style interpola-
tion (Section 3), we initially attempted to achieve
intra-utterance style variation during autoregressive
generation in a similar manner. Specifically, we ex-
pected that switching the style embedding from
E®) to E at a transition point t* would cause the
autoregressive decoder to generate all subsequent
tokens (¢ > t*) with the target style.

However, this naive approach fails to produce de-
sired style transitions. In fact, the generated speech
continues to exhibit the initial style characteristics
even after modifying the style embeddings. This
unexpected behavior, where the same manipulation
that works across utterances fails within a single
utterance, motivated us to investigate the decoder’s
attention patterns.

Early-Token Bias in Cross-Attention. To un-
derstand why modifying style representations mid-
generation fails, we analyze the cross-attention pat-
terns between generated audio tokens and style
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Figure 4: Cross-attention weights between style text
tokens (rows) and generated audio tokens (columns)
across multiple decoder layers. Attention weights are
actively updated during early generation, then remain
nearly constant throughout subsequent generation.

text tokens. Figure 4 visualizes the cross-attention
weights in the autoregressive decoder across mul-
tiple layers, where rows correspond to style text
tokens and columns correspond to audio token po-
sitions during generation.

In the early generation phase, the decoder ac-
tively attends to style tokens with dynamically
changing attention patterns. This indicates that the
model incorporates style information from the text
prompt to establish the acoustic characteristics of
the speech. In contrast, in the following generation
phase, the attention weights across all style tokens
become fixed and show minimal variation. Rather
than continuing to query the style representation,
the decoder maintains a consistent attention distri-
bution focusing on relatively less informative (e.g.,
"with", "<EOS>") tokens.

This observation suggests that prompt-based
autoregressive TTS models follow a "set-and-
maintain" strategy: the model establishes style
characteristics during initial generation and subse-
quently maintains consistency by relying on these
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Figure 5: Intra-utterance style transition. To convert speaking style mid-generation, we combine multiple
techniques to avoid style self-referencing: (a) prepare an initial KV-cache derived from the target style prompt, and
(b) swap the original KV-cache and style embeddings, together with (c) sliding-window attention masking.

early acoustic representations through autoregres-
sive (i.e., self-attention) conditioning. We term this
phenomenon style self-referencing. Once the style
is encoded in the early audio tokens, the decoder be-
comes resistant to new style information provided
through cross-attention.

This early-token attention bias explains why
our initial approach fails: even when we replace
the style representation at t*. Therefore, achiev-
ing intra-utterance style variation requires not
only modifying the cross-attention style input but
also addressing the persistent influence of early-
generated tokens on autoregressive generation.

4.2 Method

Motivated by this analysis, we combine KV-cache
swapping and sliding-window attention masking
to enable intra-utterance style transitions. Figure 5
illustrates the overall process.

Dual Decoder Setup. To enable style transitions
during generation, we prepare two decoder in-
stances. Decoder-A generates speech in source
style, conditioned on the original style represen-
tation E(®) until the desired transition point ¢*. In
parallel, Decoder-B generates the initial n (where
n < t*) tokens to construct KV-cache for the target
style, conditioned on the modified style representa-
tion E’ obtained through vector interpolation (Sec-
tion 3). Note that the additional cost of Decoder-B
is marginal, as most of the latency comes from

autoregressive token generation.

KV-Cache Swap. As the generation reaches the
desired transition point t*, we swap the initial KV-
cache in Decoder-A with that from Decoder-B for
initial n positions across all layers:
Ki) Vi) < KLV o)

We set n = next + k. Here, niex is the number of
tokens in the text prompt (the linguistic content to
be spoken), and k is an additional buffer that covers
the early audio tokens where style characteristics
are actively encoded during initial generation. This
initial region is critical because, as discussed in our
analysis, the decoder establishes style information
not only through the prompt representation but also
through these early generated tokens.

Simultaneously, we also replace the style repre-
sentation used in cross-attention with the modified
version E’. This ensures that both the initial KV-
cache and the incoming style information reflect
the target style.

Sliding-window Attention Masking. In addi-
tion, we discover that KV-cache swap alone is in-
sufficient because standard self-attention allows the
decoder to attend to all previously generated tokens.
This means that even after replacing the initial re-
gion with target style KV-cache, the decoder can
still access the original style information encoded
in tokens from positions in-between (n + 1 to t*).



Attribute Direction Window Size A Metric SIM Trans. (%) Smoothness
256 —12.4 Hz 0.81 96.2 4.20
High — Low 384 —8.97 Hz 0.85 73.1 3.79
512 —109 Hz 0.87 80.0 4.20
. Full —11.5Hz 0.90 55.6 4.00
Pitch
256 +27.4 Hz 0.84 96.2 348
. 384 +19.6 Hz 0.87 73.1 3.79
Low — High
512 +16.6 Hz 0.88 80.0 4.20
Full +5.5Hz 0.91 57.7 4.00
256 —2.29 SPS 0.81 88.0 3.82
. 384 —1.74 SPS 0.84 80.8 3.82
Quick — Slow
512 —1.93 SPS 0.86 80.8 4.48
Full —1.34 SPS 0.90 77.8 4.33
Speed
256 +1.02 SPS 0.86 92.0 3.87
Slow — Quick 384 +0.74 SPS 0.87 92.0 4.00
512 +0.69 SPS 0.89 76.0 3.79
Full +0.54 SPS 0.91 84.6 4.18

Table 3: Intra-utterance style transition results. A Metric indicates the average pitch (Hz) or speed (SPS) difference
between the first and last 3-second segments. SIM indicates speaker similarity between the two segments. Trans.
indicates the percentage of samples where listeners perceived a style transition. Smoothness rates the naturalness of
style transition on a 1-5 scale. Results are reported using a KV-cache buffer size of k = 48.

These intermediate tokens, already generated un-
der the source style, would continue to influence
subsequent generation and prevent effective style
transition.

To address this issue, we introduce sliding-
window attention masking (Beltagy et al., 2020;
Xiao et al., 2024) that restricts self-attention to
only two specific regions: (1) the initial n positions
containing target style KV-cache and (2) the most
recent w tokens in the local window.

Formally, let ¢ denote the current query position,
j denote the key position, n denote the size of
the replaced initial KV region, and w denote the
sliding-window size. For a token at position ¢ > t*
(after the style transition point), the attention mask
is defined as:

0 ifj<n,i—w<j<i
My = { J=T / @)
—oo otherwise

where M;; = 0 allows attention and M;; = —o0
blocks attention after softmax.

By attending only to the replaced initial region
and recent tokens, the decoder gradually adopts the
new style characteristics while maintaining local
coherence. Note that local coherence is crucial for
the overall quality and naturalness of the generated
speech (Ye et al., 2025). Tokens generated immedi-
ately after t* are influenced by both the new style
(from the replaced initial region) and the local con-

text (from the recent window), enabling smooth
style progression rather than abrupt transitions. See
the Appendix E for the full algorithm.

4.3 Experimental Results

Setup. To generate sufficiently long speech for
observing style transitions, we select 400 samples
from the LibriTTS-R test set with text token lengths
between 50 and 70. We compare different sliding-
window sizes w € {256,384,512, Full} to ana-
lyze the effect of attention scope on style transi-
tion effectiveness and speech quality, where “Full”
denotes standard self-attention without sliding-
window masking. See Section 4.4 for the ablation
study on the KV-cache size k.

Objective Results. Table 3 presents the results
for different window sizes and style attribute
changes. As expected, smaller windows produce
more pronounced changes: window size of 256
achieves +27.4 Hz for Low—High pitch conver-
sion (vs. +5.5 Hz for Full) and —2.29 SPS for
Quick— Slow speed conversion (vs. —1.34 SPS for
Full). However, speaker similarity decreases with
smaller windows (0.81 for size 256 vs. 0.90-0.91
for Full), demonstrating a trade-off between transi-
tion strength and identity preservation.

Subjective Results. Subjective evaluations con-
firm this trade-off. For the perceptual transition



Attribute Direction Style diff SIM
Pitch High — L_ow —4.3Hz 0.92

Low — High —2.40Hz 0.92
Speed Quick — Slow —0.23 SPS 0.93

Slow — Quick —0.27 SPS 0.91

Table 4: Style transition results when only replacing the
style embedding without KV-cache swap.

detection, window size of 256 achieves the highest
rate (88.0-96.2% across attributes), while Full at-
tention showed lower detection rates (55.6-84.6%).
For smoothness, all configurations achieved scores
above 3.48, with larger windows (512, Full) reach-
ing up to 4.48, implying that more gradual transi-
tions appear more natural.

Effect of Window Size. This trade-off arises
from the attention mechanism’s access to style
information. After the KV-cache swap at t*, in-
termediate tokens (positions n + 1 to t*) retain
the original source style. Smaller windows rapidly
forget these intermediate source-style tokens, min-
imizing their influence on subsequent generation
and enabling stronger, more abrupt style transitions.
In contrast, larger windows allow the decoder to
attend to more intermediate tokens for longer, pro-
ducing gradual blending that appears smoother but
weakens the transition effect.

4.4 Analysis

Style Replacement Without KV-Cache Swap.
In Table 4, we investigate whether simply replacing
the style representation mid-generation is sufficient
for style transition, without any KV-cache swap.
The results show that replacing only the style rep-
resentation produces minimal style change. This
confirms our analysis in Section 4.1; due to the
early-token bias, the model continues to attend to
the cached style information from the initial to-
kens, making the newly introduced style represen-
tation ineffective. This demonstrates that the pro-
posed KV-cache swap is essential for achieving
intra-utterance style transitions.

Joint Effect of Window and KV-Cache Size.
Our method has two key hyperparameters: the
sliding-window size w and the KV-cache region
size n = Nnext + k. We conduct a grid search
over window sizes (w € {256,384, 512}) and ad-
ditional KV-cache tokens (k € {0, 32,48}) to ana-
lyze their joint effect on style transition.
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region size (n = Ny + k) for High—Low pitch con-
version.

Figure 6 visualizes the pitch difference
(High—Low) for each configuration. Negative val-
ues indicate successful pitch reduction toward the
target style. The results validate two key design
decisions in our method. When swapping only the
text region (k = 0), all window sizes produce re-
versed pitch changes (4-6.8 to +16.2 Hz), indicat-
ing that the KV-cache corresponding to the text
region alone lacks sufficient target style informa-
tion. However, extending the swap to include the
initial KV-cache (k > 32) for acoustic tokens en-
ables successful conversion across all window sizes
(—5.3 to —12.4 Hz). This supports our findings that
the model encodes critical style information in the
initial KV-cache positions beyond the prompt, and
our KV-cache swap must include these positions
(i.e., £ > 0) to achieve effective transitions.

5 Conclusion

We presented a training-free approach for fine-
grained speaking-style control in prompt-based
TTS, addressing both inter-utterance style interpo-
lation and intra-utterance style transition. For inter-
utterance control, we showed that continuous at-
tribute intensity can be adjusted smoothly by inter-
polating along style directions in the text encoder’s
embedding space, improving monotonicity and al-
lowing precise control without degrading speech
quality. For intra-utterance control, we identified
a style self-referencing effect in autoregressive de-
coding that limits mid-utterance prompt changes.
We proposed a method to mitigate this issue using
KV-cache swapping and sliding-window attention
masking to produce clearer, smoother transitions
while largely preserving the speaker identity.



Limitations

This work focuses on three attributes (pitch, speed,
and gender), but there is room for extension to other
style attributes such as emotion and intonation. Ad-
ditionally, there is a trade-off depending on the
window size in the intra-utterance style transition.
Smaller windows produce more pronounced style
transitions but reduce speaker similarity, while
larger windows better preserve speech quality but
weaken the desired effect; further improvements to
mitigate this trade-off remain a direction for future
work. While the additional memory and computa-
tional costs are minimal, intra-utterance style tran-
sition requires two decoder inferences; practicality
could be improved through lightweight approaches.
Meanwhile, the proposed methods have only been
validated on natural language prompt-based autore-
gressive TTS models, and their applicability to non-
autoregressive or diffusion-based models that lack
KV-cache structures remains an open question. Fi-
nally, although training-free continuous style con-
trol for prompt-based TTS is the objective of this
research, there are opportunities for extending this
to training-based approaches.

Ethics Statements

While our proposed style control methods do not
aim to mimic the real person’s voice and focus on
enhancing the controllability of speech synthesis,
the domain requires ethical consideration regard-
ing potential misuse. Continuous style interpola-
tion techniques could be exploited to imitate or
manipulate a specific speaker’s voice, potentially
leading to fraud, disinformation, or non-consensual
voice cloning. To prevent such risks, detection tech-
nologies that distinguish synthetic speech from real
speech, as well as mechanisms such as audio wa-
termarking, should be developed in parallel.
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A Experimental Details

A.1 Objective Evaluation Metrics

We use the following metrics for objective evalua-
tion across both inter-utterance and intra-utterance
experiments:

Pitch Measurement. We measure the average
fundamental frequency (FO) in Hz using PENN
(Pitch Estimator Neural Network) (Morrison et al.,
2023).

Speed Measurement. We compute speaking rate
as syllables per second (SPS): the total number of
syllables divided by the utterance duration (Wang
et al., 2025b).

Speaker Similarity. We extract speaker embed-
dings using a fine-tuned WavLM' (Chen et al.,
2022) and compute cosine similarity between au-
dio segments to verify that speaker identity is pre-
served.

Gender Classification. For gender conversion
evaluation, we use a pre-trained gender classifica-
tion model” to measure the conversion success rate.

A.2 Dataset and Model

For inter-utterance style interpolation, we selected
400 sentences from the LibriTTS-R (Koizumi et al.,
2023) test set. For intra-utterance style variation,
we selected 400 samples from the LibriTTS-R test
set where the text token length is between 50 and
70 to ensure sufficiently long speech for observing
style transitions. All audio samples were generated
using the Parler-TTS-mini model (Lacombe et al.,
2024; Lyth and King, 2024).

A.3 Inter-Utterance Style Interpolation

Objective Evaluation. We generate speech at
various interpolation strengths and measure the
change compared to the original style («
0). For gender conversion, we evaluate a €
{0.5,1.0,1.5,2.0}, while for pitch and speed
conversion, we extend the range to a €
{-1.0,-0.5,0.5,1.0, 1.5, 2.0} to examine both in-
terpolation and extrapolation. We use the metrics
described in Appendix A.1.

!microsoft/wavim-base-plus-sv
2alefiury/wav2vec2-large-xlsr-53-gender-recognition-
librispeech
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Subjective Evaluation. We recruited 15 partici-
pants to evaluate the converted speech across dif-
ferent interpolation strengths o € {0.5,1.0,2.0}.
Figure 8 shows the evaluation interface. For each
sample, participants were presented with two au-
dio clips: the source audio and the converted audio.
The evaluation target (Gender, Pitch, or Speed) and
conversion direction were clearly indicated. Par-
ticipants could listen to both audio samples mul-
tiple times before rating two criteria. First, they
evaluated the Style Conversion Score, indicating
whether the converted audio changed toward the
target style on a 5-point scale: —2 (opposite di-
rection), —1 (slightly opposite), O (no change), +1
(slightly changed), and +2 (fully changed). Second,
they rated the Audio Quality (MOS) on a 5-point
scale ranging from 1 (Bad) to 5 (Excellent).

A.4 Intra-Utterance Style Transition

Objective Evaluation. To measure style transi-
tion effectiveness, we extract the first 3 seconds and
the last 3 seconds of each generated utterance and
compute the difference in style attributes between
these segments using the metrics in Appendix A.1.
Specifically, we calculate the Pitch diff (difference
in average FO) and Speed diff (difference in speak-
ing rate) between the two segments. Additionally,
we compute Speaker Similarity (SIM) using co-
sine similarity between speaker embeddings to ver-
ify that speaker identity is preserved across the
transition.

Subjective Evaluation. We evaluated both the
detectability and smoothness of style transitions
using the interface shown in Figure 9. For each
sample, participants listened to a single audio clip
containing the style transition, with the intended tar-
get (e.g., Speed) and direction (e.g., Quick — Slow)
displayed. Participants answered two questions: Q1
(Style Transition Detection), a binary choice of
whether they perceived the speech changing in the
intended direction; and Q2 (Smoothness), rating
the naturalness of the transition on a 5-point scale
from 1 (Very Unnatural) to 5 (Very Natural). The
detection rate is reported as Trans. (%) in Table 3.

B Full Vector vs. Attribute-Only Vector
Interpolation

In Section 3, we apply the direction vector only to
attribute token positions ¢ € A, leaving other token
embeddings unchanged. An alternative approach is
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Figure 7: Inter-utterance style interpolation results when shifting all tokens. Results are comparable to attribute-only
interpolation (Figure 3), demonstrating that manipulating only attribute tokens is sufficient for effective style control.

£ Style Conversion Evaluation

Progress: 1/120

@ Evaluation Target: Gender
Conversion Direction: Female > Male

Compare the two audio samples below and evaluate whether the converted audio has changed toward Male.

@ source Audio (Female) @ converted Audio (Target: Male)

> 0:00/0:01 0O i > 0:00/0:01 O i

| Evaluation
Q1. Did the converted audio change toward 'Male'?

Style Conversion Score
-2 -1

Opposite (Female)

0o 1 2

Slightly opposite No change Slightly changed Fully changed (Male)

Q2. How is the quality of the converted audio?

Audio Quality (MOS)
1 2

Bad

Submit & Next

03 4 5

Poor Fair Good Excellent

Figure 8: Evaluation interface for inter-utterance style
interpolation. Participants compared source and con-
verted audio, rating both the style conversion effective-
ness (Q1) and audio quality (Q2).

to shift all token positions toward the target style
representation.

We compare these two strategies by con-
ducting experiments where all tokens are
shifted. For attribute tokens, we vary a €
{-1.0,-0.5,0.5,1.0,1.5,2.0}, while for non-
attribute tokens, we apply a separate interpolation
factor 5 € {—0.5,—0.25,0,0.25,0.5,0.75,1.0}
with increments of 0.25.

Figure 7 presents the results when shifting all
tokens. Compared to the attribute-only results in
Figure 3, both approaches achieve similar perfor-
mance across all three attributes: gender conver-
sion reaches a 99—-100% success rate at o = 2.0,
pitch changes reach up to —32.4 Hz (High—Low)
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{2 style Transition Evaluation

@ Evaluation Target: Speed
Intended Transition: Fast + Slow

* Please listen carefully to check if the style changes in the direction indicated above.

> 0:00/0:12 o

Q1. Style Transition Detection
Did you perceive the speech changing in the 'Fast » Slow’' direction?

© Yes, | perceived it (0)
No (X}

Q2. Naturalness of Transition (Smoothness)
How naturally does the transition flow?

(= 2} 4 H

Neutr

1 2

Unnatura

Natur Very Natural

Submit & Next

Figure 9: Evaluation interface for intra-utterance style
transition. Participants evaluated whether they detected
the intended style transition (Q1) and rated the natural-
ness of the transition (Q2).

and +35.4 Hz (Low—High), and speed changes
reach up to —1.5 SPS (Fast—Slow) and +1.7 SPS
(Slow—Fast).

Table 5 summarizes the results at o 2.0
and 8 = 1.0. Compared to the attribute-only
approach (Table 1), the full vector interpolation
achieves comparable success rates and acoustic
feature changes while maintaining similar speaker
similarity. Since the full vector approach requires
additional hyperparameter tuning for non-attribute
tokens without providing clear benefits, we adopt
the simpler attribute-only strategy in our main ex-
periments.



Attribute  Direction Success (%) A Metric SIM
Gender Female — Male 99.3 - -
Male — Female 100 - -

Pitch High — Low 91.3 —324Hz 0.79

Low — High 93.5 +35.4Hz 0.79

Speed Fast — Slow 95.5 —1.5SPS 0.85

P Slow — Fast 95.75 +1.7SPS  0.85

Table 5: Full vector interpolation results at « = 2.0
(attribute tokens) and 5 = 1.0 (non-attribute tokens).

C Quantitative Analysis of Early-Token
Attention Bias

To quantitatively support the observation in Section
4.1.2 that cross-attention weights stabilize after the
initial generation phase, we compute the variance
of attention weights across style tokens at each
audio generation position.

Specifically, let a; € RIS denote the attention
weight distribution over style tokens S at audio
position . We compute the variance of this distri-
bution:

(&)

_ at)Q

where a; 4 is the attention weight from audio posi-
tion ¢ to style token s, and a; is the mean attention
weight at position .

Figure 10 shows the attention variance across
audio positions for multiple decoder layers. During
the initial generation phase, the variance fluctuates
significantly, indicating active attention weight up-
dates as the model establishes style characteristics.
After this phase, the variance stabilizes, confirming
that fixed attention weights are assigned across all
style tokens. This quantitative analysis supports our
claim that the decoder actively queries style infor-
mation during early generation and subsequently
maintains a static attention pattern.

D Style Prompt Examples

Table 6 lists the style prompts used in our exper-
iments for inter-utterance style interpolation and
intra-utterance style variation. For each attribute,
we define source and target prompts that differ only
in the attribute-specific keywords (underlined).

For intra-utterance experiments, we use the same
prompts but apply the direction vector manipula-
tion at the transition point during autoregressive
generation.
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Figure 10: Attention weight variance across audio gener-
ation positions for different decoder layers. During early
generation, variance fluctuates as the model actively up-
dates attention weights to establish style characteristics.
Afterward, variance becomes stable, indicating fixed
attention patterns.

Attribute  Prompt

“A male voice speaks moderate at a medium
pitch with monotone modulation and a clean
quality.”
“A female voice speaks moderate at a medium
pitch with monotone modulation and a clean
quality.”

Gender

“A male voice speaks normally at a high pitch
and a clean quality.” o

“A male voice speaks normally at a low pitch
and a clean quality.”

Pitch

“A male voice speaks quickly at a normal pitch
and a clean quality.”
“A male voice speaks slowly at a normal pitch
and a clean quality.”

Speed

Table 6: Style prompts used in experiments. The at-
tribute keywords (underlined) are the tokens where di-
rection vectors are computed and applied.

E Algorithm for Intra-utterance Style
Variation

Algorithm 1 provides the complete procedure for
our intra-utterance style variation method, combin-
ing direction vector interpolation, a dual-decoder
setup, KV-cache swap, and sliding window atten-
tion masking.



Algorithm 1 Intra-utterance Style Transition via Direction Vector and KV-cache Swap

Require: Text prompt P, source style text S, target style text 7', source keyword, target keyword,

transition point t*, window size w, prefix steps k, strength «

Ensure: Generated audio with style transition

1:

[ T N T N T N T N T N S S e S

R A A

// Extract direction vector
Extract direction vector d from S and 1" at keyword positions
n<« |P|+k // text length + prefix steps
// Initialize decoders with style embeddings
Initialize Decoder A with source style embeddings E(*)
Apply direction vector: E <« E® +qo-dat keyword position
Initialize Decoder B with target style embeddings E
// Phase 1: Pre-compute target KV-cache
fort =1tondo
Generate with Decoder B to build K{?), v{?)

1lm>» ¥ 1in

. end for
: // Phase 2: Generate until transition with sliding window
:fort=1tot* do

Apply sliding window mask M [z, j] with window size w > Eq. 4
Generate audio token with Decoder A

: end for
: // Phase 3: Swap at transition point
L K|

A)

1in>

V(B

Vi KL Vi > Eq. 3

. EG)  E
. // Phase 4: Continue generation with sliding window
: fort =1t* + 1 toenddo

Apply sliding window mask M [i, j] with window size w > Eq. 4
Generate audio token with Decoder A

. end for
: return Generated audio sequence
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