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Abstract

While training-time scaling has revolutionized
generative models, inference-time compute
scaling remains largely unexplored in speech
synthesis. In this work, we investigate meth-
ods to effectively utilize computation during
inference to improve the performance of non-
autoregressive Text-to-Speech (TTS) systems,
specifically those based on Conditional Flow
Matching (CFM). By analyzing CFM synthe-
sis behavior, we identify distinct performance
plateaus during the denoising process. To over-
come these limitations, we propose TTS? - a
multi-stage, test-time compute framework that
optimizes TTS quality. By combining Ordi-
nary Differential Equation (ODE) and Stochas-
tic Differential Equation (SDE) generation dy-
namics with stochastic search and specialized
verifiers, our approach enables guided trajec-
tory optimization for timbre consistency, con-
tent accuracy, and audio fidelity. To the best
of our knowledge, this work is the first to
formalize and study test-time scaling for non-
autoregressive speech synthesis. Source code,
models, and audio demos are publicly available
at (Source code).

1 Introduction

Concurrent with the significant advancements in
generative models across various domains, recent
speech synthesis technologies have produced high-
quality models trained on large-scale datasets, capa-
ble of delivering stable, controllable, and exception-
ally human-like speech (Chen et al., 2025; Eskimez
et al., 2024; Zhou et al., 2025; Du et al., 2025). A
primary driver of this breakthrough is the principle
of scaling laws, which correlate performance gains
with increases in training data, compute, and model
parameters (Kaplan et al., 2020). However, as the
diminishing availability of high-quality data and
the exponential growth of required computational
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resources cause traditional scaling laws to reach sat-
uration, the focus is shifting away from purely scal-
ing training efforts (Snell et al., 2025). Specifically,
recent research demonstrates that allocating more
compute during inference through sophisticated
sampling and search techniques can significantly
enhance response accuracy and reasoning quality,
offering a new trajectory for test-time performance
gains.

Inspired by the success of Large Language Mod-
els (LLMs), many state-of-the-art Text-to-Speech
(TTS) systems utilize autoregressive modeling over
discrete speech units, achieving impressive zero-
shot capabilities (Xie et al., 2025; Wang et al.,
2025). However, the inherent limitations of au-
toregressive approaches, including high inference
latency and exposure bias, remain significant chal-
lenges. Furthermore, the inherent limitations of
existing speech tokenizers raise concerns regarding
the representational quality of discrete speech to-
kens. In contrast, non-autoregressive (NAR) TTS
models, which model directly in continuous space,
offer the advantage of fast, parallel inference while
effectively balancing quality and speed (Ju et al.,
2024). Progressing from diffusion models to Condi-
tional Flow Matching (CFM) (Lipman et al., 2023)
with Optimal Transport paths, these NAR models
have achieved high-fidelity speech synthesis with
remarkable precision (Chen et al., 2025; Eskimez
et al., 2024).

Under the next-token prediction paradigm, test-
time computation in LLMs is relatively straight-
forward, as each discrete step produces a com-
plete, interpretable token. In contrast, diffusion-
based models operate through a denoising mech-
anism where intermediate outputs are inherently
noisy, making it difficult to evaluate the model’s
progress mid-inference. Furthermore, previous re-
search has shown that simply increasing the num-
ber of denoising steps is an ineffective way to
scale inference compute, as performance typically
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plateaus after a certain number of function evalu-
ations (NFEs) (Karras et al., 2022). Motivated by
the significant limitations in current research re-
garding inference-time scaling for TTS, this work
investigates methods to effectively utilize com-
pute through various exploration and exploitation
techniques, specifically within Conditional Flow
Matching based models. To the best of our knowl-
edge, we are the first to explore test-time scaling
methods in NAR speech synthesis. We first pro-
vide an analysis of speech synthesis behavior in
CFM models throughout the denoising process.
Building on these insights, we propose a multi-
stage test-time compute framework that optimizes
both performance and efficiency. This is achieved
by leveraging the flexibility of search algorithms
and differential equation solvers, integrated with
a diverse array of verifiers specifically addressing
timbre consistency, content accuracy, and overall
audio fidelity, to evaluate and refine output quality
throughout the scaling process.

Our main contributions are summarized as fol-
lows:

* We formalize the problem of inference-time
scaling in flow-based TTS models and ana-
lyze critical design aspects for performance
optimization.

* We propose a multi-stage test-time scaling
framework that flexibly integrates various
search strategies and verifiers to optimize mul-
tiple dimensions of audio quality.

» Experiments across diverse evaluation sets
demonstrate the superiority of our approach
in achieving timbre consistency, content pre-
cision, and high-fidelity speech output.

2 Background
2.1 Conditional Flow Matching for TTS

Recent zero-shot text-to-speech models increas-
ingly adopt Conditional Flow Matching (Chen
et al., 2025; Eskimez et al., 2024; Le et al., 2023),
which learns a continuous vector field that deter-
ministically transports a simple prior to the empir-
ical data distribution (Lipman et al., 2023). For-
mally, let 21 denote the target mel-spectrogram and
zo ~ N(0,I) be a sample drawn from a standard
Gaussian prior. To ensure computational efficiency,
these models typically utilize a linear interpolant,
where the intermediate state z; at time ¢ € [0, 1] is
defined as:

2y = (1 —t)zo + toy (1)

The generative process is governed by an Ordi-
nary Differential Equation (ODE), where a neural
network vg(x¢,t) is trained via regression to ap-
proximate the target vector field:

dxy = vy, t)dt )

During inference, solving this ODE maps the
initial noise x( to the fully generated speech rep-
resentation x;. Crucially, unlike the fully-formed
discrete tokens in autoregressive models, any in-
termediate state x; is a noisy, incomplete mel-
spectrogram. These sub-terminal states lack re-
solved acoustic or linguistic properties, complicat-
ing the application of standard speech evaluation
metrics during the generation trajectory.

2.2 Test-Time Scaling and Search Strategy

Test-time scaling (Muennighoff et al., 2025) signif-
icantly enhances output quality in discrete domains,
such as autoregressive speech language models
(Wu et al., 2026; Ye et al., 2025), where algo-
rithms like Monte Carlo Tree Search can branch
at fully-formed tokens under the guidance of step-
wise reward models. In contrast, for diffusion or
flow-based models, the straightforward approach of
scaling the number of denoising steps—has shown
diminishing returns. Therefore, alternative search-
based approaches must be considered.

Applying analogous search mechanisms to con-
tinuous, CFM-based TTS poses a fundamental ar-
chitectural challenge. As established, a standard
ODE solver yields a single, deterministic trajectory
from a specific noise prior zq to the target mel-
spectrogram z1, inherently lacking the branching
points required to construct a search space. Al-
though a fixed mapping exists between the initial
noise and the final sample, the primary source of
explicit randomness lies in the sampling of these
initial priors. Consequently, scaling the number
of initial noise candidates becomes the only viable
axis for test-time scaling within a purely ODE-
based framework.

To enable test-time exploration, recent litera-
ture (Kim et al., 2025a) reformulates the ODE into
a Stochastic Differential Equation (SDE). By inject-
ing stochasticity—typically via a standard Wiener
process dw;—the SDE framework allows a single
initial noise state to diverge into a diverse distribu-
tion of generative paths.
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2.3 Verifiers as Guidance for Inference-Time
Search

In the context of test-time scaling, verifiers serve as
feedback mechanisms that guide the search toward
outputs better aligned with preferred characteristics.
Specifically, given a verifier f(x1) : RP? — R
which evaluates the quality of a candidate and re-
turns a scalar score, our objective is to identify a
sampling trajectory that maximizes the value of
f(x1) Ma et al., 2025).

In CFM-based TTS models, output mel-
spectrograms are converted into waveforms via a
vocoder. For particle sampling, which requires eval-
uating noisy steps for selection, the clean data man-
ifold is estimated using the posterior mean derived
from Tweedie’s formula (Robbins, 1992). By utiliz-
ing the learned velocity field vg(z¢, t), we project
the noisy intermediate representation x; forward to
its estimated clean output, denoted as 21 (¢):

Z1(t) = x¢ + (1 — t)vg (w4, t) 3)
3 Methodology

To address the limitations of single-strategy test-
time search, we propose TTS?, a method for Test-
Time Scaling for Flow-matching based Text-to-
Speech. First, we introduce an inference-time SDE
conversion to enable particle sampling in flow mod-
els. By tracking the evolution of intermediate noisy
representations, we identify distinct phases of fea-
ture convergence. As illustrated in Fig. 1, TTS?
leverages this by reformulating the generation flow
into a branching search space, transitioning through
three targeted phases to sequentially optimize se-
mantics, timbre, and acoustic fidelity.

3.1 Stochastic Continuous Flow via Linear
Interpolant

The standard inference procedure for CFM relies
on an ODE solver to integrate the learned velocity
field vg(z¢,t). However, as discussed in Sec.2.2,
the deterministic nature of this sampling process
precludes the branching mechanisms necessary for
test-time particle search.

To construct a robust search space while main-
taining simplicity and compatibility with off-the-
shelf CFM models, we reformulate the determinis-
tic ODE into an SDE built directly upon the stan-
dard linear interpolant. Following recent adapta-
tions of flow models for stochastic generation (Kim
et al., 2025a), we inject stochasticity into the linear
flow. This allows a single initial state to diverge

into a diverse manifold of candidate trajectories.
The modified sampling process is defined by the
SDE:

1
dxy = |vg(xe,t) — ig(t)QVm log py(xy) | dit

+g(t)dw; (4)

where ¢(t) is a time-dependent diffusion coeffi-
cient controlling the injected noise, V5, log p(x¢)
is the score function (which can be approximated
via the velocity field), and w; represents a standard
Wiener process. By retaining the linear interpolant
underlying the base ODE, this SDE provides the
critical exploratory noise dw; necessary to drive
our multi-stage search. This stochastic formulation
serves as the generative engine across all phases
that use SDE-based sampling of our work.

3.2 The dynamics of projected intermediate
representations

To guide the generative process, we analyze speech
signal dynamics to characterize model behavior
throughout the denoising process. Since the x; are
too noisy for direct evaluation, we project them
onto the clean data manifold via the posterior mean
(Sec.2.3, Eq.3) and transform them into waveforms
using the Vocos vocoder. As shown in Fig. 2 for the
F5-TTS (Chen et al., 2025) model, evaluating these
states reveals distinct convergence phases. Lin-
guistic intelligibility (WER) converges first during
the initial flow steps. Next, speaker identity (SIM)
establishes and plateaus during the intermediate
stages. Finally, acoustic details are refined during
the later stages of the integration process.

3.3 Multi-Stage Reward Trajectory

Based on empirical observations above of gener-
ation flow, speech features converge sequentially.
Specifically, linguistic intelligibility (WER) estab-
lishes first at £1, followed by speaker identity (SIM-
0) at to, defining the phase boundaries 0 < t; <
to < 1. To dynamically align our computational
strategy with this progression, we initialize N par-
allel trajectories, denoted as {zi}Y,, and divide
the generative flow ¢ € [0, 1] into three targeted
operational phases, as summarized in Algorithm 1.

Phase 1: SDE Warm-up (0 < ¢t < t;) In the ini-
tial stage, the primary objective is establishing the
general semantic and phonetic structure. Because
the Gaussian prior dominates early representations,
estimated clean signals are excessively noisy and
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Figure 1: Overview of TTS2. Compute is aligned across the flow via a branching SDE search space. Trajectories
begin with an unguided warm-up, refine speaker features through an SMC search, and converge using an ODE

Best-of-N selection to finalize acoustic details.
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Figure 2: Estimated speech metrics for the F5-
TTS (Chen et al., 2025) model evaluated on projected
intermediate representations 21 (¢) across the generative
flow using the SDE solver, illustrating the sequential
convergence of semantic and speaker identity features.

reward gradients unstable. Thus, NV particles are
propagated purely via the unguided SDE to branch
out and increase candidate diversity. This explo-
ration allows the model to generate the underlying
semantic information before converging at ¢;.

Phase 2: Timbre-guided Sequential Monte
Carlo (t; <t < t3) Beyond t;, semantic fea-
tures stabilize, and the model shifts to optimizing
speaker characteristics. Since SIM converges next
at t9, we deploy Sequential Monte Carlo (SMC)
steering targeted at speaker identity. At each step,
we estimate each particle’s clean data manifold via
the Tweedie projection for our linear interpolant
(similar to Eq. 3). Decoding, evaluating, and resam-
pling these projected states based on SIM scores
prunes suboptimal paths, thereby concentrating
SDE resources on trajectories that best capture the
target speaker’s timbre.

Algorithm 1 TTS?: Test-Time Scaling for Flow-Matching
Text-to-Speech

Require: Speaker ref. s.r, Num of Particles [V, boundaries
t1, to, Step size At
Ensure: Final high-fidelity waveform y*
1: Imit: Xo = {z3,..., 20} ~ N(0,1)
2: fort =0to 1 — At step At do

3: if 0 <t <ty then /I Phase 1: SDE Warm-up
4: fori=1...Ndo )

5: Zi 1 a¢ < SDE_step(zy) // algorithm 3

6: elseif t; <t < t5 then /! Phase 2: Timbre SMC
7: fori=1...N do )

8: Tt ¢ < SDE_step(zy)

9: 1 + Tweedie(z{ Ay, ¢)

10: U Vocoder (&%)

11: w' < exp(SIM(9’, sret)/B)

12: Normalize W = {w?,...,w™} // section D.2
13: Resample X a: using W

14: else /I Phase 3: ODE Refinement
15: fori=1...Ndo )

16: Ty ag < ODE_step(z})

17: Terminal Selection: // Best-of-N

18: fori =1...N do

19: y* < Vocoder(z4)
20: return arg max,; UTMOS(y")

Phase 3: Acoustic Refinement via Deterministic
ODE (t2 <t <1) By the time the flow reaches
t2, semantic and speaker information are estab-
lished, making further SDE branching unnecessary.
Injecting stochasticity at this late stage merely in-
troduces noise and computational overhead, risking
performance degradation. Therefore, we transition
to a deterministic ODE solver to integrate the re-
maining flow and converge fine-grained acoustic
details. Finally, at t = 1, we perform a terminal
Best-of-N (BoN) selection using UTMOS to isolate
the highest-fidelity waveform, ¥*.

57789



4 Experimental Setup
4.1 Models and Datasets

To demonstrate the architectural generalization of
the TTS? framework, we evaluate our multi-stage
search across representative CFM-TTS models: F5-
TTS, E2-TTS (Eskimez et al., 2024), and Matcha-
TTS (Mehta et al., 2024). All models utilize their
officially released pre-trained checkpoints without
additional fine-tuning. For zero-shot evaluation of
F5-TTS and E2-TTS, we utilize the Seed-TTS test-
en (Anastassiou et al., 2024) and Seed-TTS test-zh
to assess performance on English and Mandarin,
alongside the standard LibriSpeech-PC (Meister
et al., 2023) test-clean benchmark. For Matcha-
TTS, we conduct evaluations on the LISpeech (Ito
and Johnson, 2017) dataset.

4.2 Evaluation Metrics

We follow established zero-shot TTS protocols
(Chen et al., 2025) for our objective evaluation
of our method:

* Linguistic Intelligibility: Word Error Rate
(WER) evaluated utilizing the Whisper-large-
v3 model (Radford et al., 2023).

* Speaker Similarity: Cosine similarity com-
puted between the speaker embeddings of
the reference prompt and the synthesized ut-
terance (SIM-o0), extracted via WavLM-large
(Chen et al., 2022).

* Acoustic Naturalness: Objectively quanti-
fied using the UTMOS (Saeki et al., 2022)
predictor to estimate Mean Opinion Score.

For subjective evaluation, comparative Mean Opin-
ion Score (CMOS) and Similarity Mean Opinion
Score (SMOS) are assessed by human listeners
on the LibriSpeech-PC test-clean subset. Detailed
crowd-sourcing and evaluation procedures are de-
ferred to Appendix C. The computational budget
is evaluated using the Real-Time Factor (RTF), a
standard metric for assessing real-world TTS appli-
cations. The RTF measures execution efficiency by
calculating the ratio of the model’s audio genera-
tion time to the actual duration of the synthesized
speech.

4.3 Baselines and Search Configurations

We employ two common approaches as baselines
for test-time scaling: Best-of-N using an ODE
solver and Sequential Monte Carlo using an SDE

solver. BoN selects the single candidate with the
highest reward from /N independently generated
samples. Meanwhile, SMC (Kim et al., 2025b)
maintains a population of N particles and performs
resampling based on importance weights at each
denoising step. To maintain a constant inference
budget of 256 NFEs across all experiments, we
set N = 8 and the number of denoising steps to
32. We determine the phase boundaries ¢1 and ¢o
for each model based on the convergence analy-
sis presented in Section 3.2; the specific values
and our search-based validation procedure are de-
tailed in Appendix A. Additionally, to verify ro-
bustness across different synthesis backends, we ex-
pand our evaluation beyond the default Vocos (Siuz-
dak, 2024) vocoder to include alternative vocoders
such as BigVGAN (gil Lee et al., 2023) and HiFi-
GAN (Kong et al., 2020).

5 Experimental Results

Table 1, 2, 3 present the detailed evaluation results
across three key dimensions: objective metrics,
subjective assessments, and computational perfor-
mance speed. The following subsections detail our
observations drawn from these results.

5.1 Objective Evaluation

We first observe that given a fixed computational
budget—measured by the Number of Function
Evaluations for flow-based models such as E2-TTS
and F5-TTS, solely increasing the number of inte-
gration steps yields only marginal improvements.
For instance, scaling from 32 to 256 steps for E2-
TTS on LibriSpeech-PC improves the WER by
0.14%. In contrast, allocating the same compu-
tational budget to search-based methods, such as
BoN sampling and SMC, produces significantly
greater gains. However, optimizing generation with
respect to a single verifier introduces distinct trade-
offs between evaluation metrics, reflecting both the
inherent biases of individual verifiers and the risk
of reward hacking.

Specifically, approaches utilizing a single SIM-
o verifier achieve the highest speaker similarity
scores—with BoN SIM-o on E2-TTS reaching
a SIM-o score of 0.76 on LibriSpeech-PC—but
typically at the expense of a degraded WER.
Conversely, UTMOS-optimized variants improve
speech naturalness, with F5-TTS using BoN UT-
MOS reaching a UTMOS of 4.08, while sacrificing
speaker similarity. Additionally, given the same
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Table 1: Evaluation results on LibriSpeech-PC test-clean, Seed-TTS test-en and test-zh. Best in bold, second-best

underlined.
LibriSpeech-PC test-clean Seed-TTS test-en Seed-TTS test-zh
Model Steps N (WER (%) | SIM-07 UTMOS+ WER (%) | SIM-o1 UTMOS 1 WER (%) SIM-01 UTMOS }
Ground Truth - - 2023 069 409 2.06 0.73 3.53 1.26 076 278
E2-TTS 256 - 249 071 375 177 0.73 363 1.80 0.78 2.94
E2-TTS - 263 072 37! 179 0.73 3.60 182 078 291
+BoNSIM-o 32 8 263 076 371 1.93 076 344 186 080 281
+BoNUTMOS 32 8§ 229 072 400 185 072 374 184 076 303
+SMCSIM-o 32 8 237 0.73 3.76 216 074 366 2,09 0.81 2.9
+SMCUTMOS 32 8§ 226 072 383 208 0.73 371 1,96 077 302
+TTS (ours)y 32 8 2.8 073 401 178 075 391 189 0.80 3407
F5-TTS 256 - 241 0.68 3.92 1.68 0.68 378 1.54 0.75 2.93
F5-TTS - 236 066 3091 170 0.67 376 159 0.75 2.9
+BoNSIMo 32 8§ 224 071 388 178 072 368 163 078 292
+BoNUTMOS 32 8§ 222 067 408 1,65 066 389 164 0.75 312
+SMCSIM-o 32 8§ 239 0.71 3.0 172 070 371 167 077 300
+SMCUTMOS 32 8 228 066 402 164 066 380 170 074 306
+TTS* (ours) 32 8 218 0.68 410 L63 070 395 142 078 3.5

verifier and computational budget, BoN consis-
tently outperforms SMC. This suggests that when
employing a single test-time search strategy, pre-
serving the natural Ordinary Differential Equation
solver trajectory of the CFM model yields superior
generation quality.

Our multi-stage framework, TTS?, which com-
bines search with step-wise guidance by apply-
ing different verifiers at specific stages of the in-
tegration process, consistently outperforms both
BoN and SMC under the same inference budget.
It achieves the best overall balance across WER
and UTMOS while maintaining competitive SIM-
o performance. This success is achieved thanks
to multi-reward balancing, an equilibrium that no
single-verifier baseline manages to attain simul-
taneously. Notably, TTS? with E2-TTS achieves
a WER of 2.08% on LibriSpeech-PC, falling be-
low even the ground-truth WER of 2.23% without
being directly optimized for intelligibility. Regard-
ing multilingual capabilities, TTS? with F5-TTS
achieves superior performance across all three met-
rics on both the Seed-TTS test-en and fest-zh bench-
marks. Specifically, its WER of 1.42% on test-zh
represents a substantial reduction over the baseline
F5-TTS score of 1.59%.

5.2 Subjective Evaluation

Subjective evaluations further corroborate these
findings. As shown in Table 2, TTS? achieves a
CMOS of 1.43 and an SMOS of 3.56, outperform-
ing all BoN and SMC variants by a substantial mar-
gin and exceeding the next-best method by over
0.85 CMOS points. This confirms that the improve-
ments in perceptual quality are meaningful and
consistent with the objective evaluation metrics.

5.3 Computational Efficiency

We further analyze the computational efficiency of
each method in Table 3. BoN variants achieve the
lowest RTFs, at 1.64 and 1.66 respectively, because
candidate generation is straightforward and highly
parallelizable. In contrast, SMC incurs a substan-
tially higher RTF of up to 7.00 due to its sequential
resampling steps and frequent queries to the re-
ward model. TTS? achieves a moderate RTF of
2.84; while this introduces a slight overhead com-
pared to the 256-step baseline model, it remains
significantly more efficient than SMC. Considering
that TTS? consistently outperforms the alternative
approaches across most objective and subjective
metrics, this trade-off between efficiency and qual-
ity is highly favorable. This positions TTS? as a
practical and effective framework for high-quality,
inference-time scaling.

Overall, the evaluation results demonstrate that
while test-time scaling inherently improves output
quality, the strategic allocation of computation is
just as critical as the total budget itself. Single-
verifier baselines reveal a fundamental tension: op-
timizing for a single aspect of speech quality tends
to degrade others. In contrast, TTS? resolves this
tension through staged computation that progres-
sively refines distinct quality dimensions. By shift-
ing from a uniform increase in NFEs to a multi-
stage framework, we demonstrate that performance
is maximized when search strategies and verifiers
are tailored to specific phases of the generative
trajectory. This finding suggests a broader princi-
ple for generative models with structured sampling
paths: the structured composition of test-time com-
pute across distinct stages can be more impactful
than its overall magnitude.
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Figure 3: Compute scaling behavior. Naive ODE-step scaling quickly saturates, while particle scaling in TTS?
provides sustained gains in speaker similarity and acoustic naturalness.

Table 2: Subjective evaluation results (CMOS and Conversely, given the same NFEs, scaling the

SMO.S) on the LibriSpeech-PC test-clea.n subset. Com- particle population N € {2,4,8,...,64} in TTS2
parative MOS evaluates preference against the respec-

. . unlocks sustained improvements across all metrics.
tive 32-step base model. 95% confidence intervals are P

By expanding the search space during the SDE

provided. . .

Warm-up and Timbre Crystallization phases, the

Model Steps N CMOS 1 SMOS Sequential Monte Carlo (SMC) verifiers success-

F5-TTS 32 - 0314014 2864017 fully isolate intermediate representations with su-

BoN SIM- 2 414014 3.29+0.1 . .

:ng [SJTM((’)S 32 g 8.53 i 8.16 % perior SIM-o0 and UTMOS scores without compro-

+SMC SIM-o 32 8 048£0.13 3.02+0.19 mising WER. Notably, all tested particle budgets
+SMCUTMOS 32 8 0.51+0.13  2.93+0.19 . . .

+TTS? (ours) 32 8 1434015 3.59+018 yield strict Pareto improvements over a compute-

equivalent 256-step naive ODE baseline, validating
Table 3: Real-time factor (RTF) comparison under dif- ~ dynamic branching as a fundamentally superior
ferent inference-time scaling strategies. RTF is com-  scaling dimension. Detailed numerical results for

puted for 10s SpCCCh on a single NVIDIA A100. Lower Scahng parameters are provided in Appendix B
is better.

5.5 Vocoder Robustness

Model Steps N RTF| L.

FSTTS pyo 3 To ensure our framework optimizes for general
+BoN SIM-o 2 8 L66 speech properties rather than overfitting to a sin-
+BoNUTMOS 32 8 1.64 e T .

+ SMC SIM-o > s 700 gle vocoder’s l?lases, we c.ondu.cted an ablation
+SMCUTMOS 32 8  6.04 study by replacing Vocos with BigVGAN, a struc-
+ TTS? (ours) 32 8 284

turally different GAN-based vocoder. The exper-
iment is conducted on F5-TTS, keeping the same
TTS? pipeline and NFE budget. The results in Ta-
ble 4 show that TTS? consistently improves over
To isolate the efficacy of our multi-stage compute  the baseline regardless of the vocoder choice, sug-

. 2 . . . . .
allocation, we compare TTS” against a naive de- gesting the reward signal reflects genuine mel-
noising scaling baseline. We scale the inference  gpectrogram quality.

budget of the F5-TTS base model along two dis-
tinct axes: uniformly increasing the Ordinary Dif-  Table 4: Objective evaluation metrics for F5-TTS with
ferential Equation (ODE) integration steps, and  different vocoders.

increasing the particle population size (/N) within

5.4 Impact of Inference-Time Scaling

; L. Method Vocoder WER (%)] SIM-ot UTMOS 1
our framework, using a fixed denoising steps of 32. Baseline (ODE, NFE=256)  Vocos 2.41 0.68 392
As illustrated in Figure 3, naive ODE scaling Bascline (ODE, NFE=256) BigVGAN  2.04 0.65 364
. . TTS' (NFE=256) Vocos 2.18 0.68 4.10
(from 2 to 2048 steps) plateaus rapidly. While TTS? (NFE=256) BigVGAN 204 0.67 375

acoustic naturalness (UTMOS) and intelligibility
(WER) improve up to 32 steps, injecting additional
computation into a deterministic trajectory yields
marginal gains and occasionally degrades speaker ~ To demonstrate that the TTS? framework gener-
similarity (SIM-o0) due to over-integration artifacts.  alizes beyond the E2-TTS and F5-TTS architec-
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tures, we applied it to Matcha-TTS, an optimal-
transport CFM model. We tested on the LISpeech
dataset with both Vocos and HiFiGAN vocoders
at 40 NFEs. As shown in Table 5, TTS? improves
over the Matcha-TTS baseline across almost all
metrics, for both vocoders. This further confirms
that the benefits of our approach are architecture-
agnostic and robust to vocoder variations. Detailed
experimental setup and evaluation procedures for
this single-speaker configuration are provided in
Appendix G.

Table 5: Evaluation results on Matcha-TTS using Vocos
and HiFiGAN.

Method Vocoder WER (%) SIM-o1 UTMOS 1

Matcha-TTS (ODE) Vocos 3.01 0.82 4.10
Matcha-TTS + TTS? Vocos 3.01 0.83 4.25
Matcha-TTS (ODE) HiFiGAN 2.01 0.84 4.14
Matcha-TTS + TTS? HiFiGAN 2.01 0.85 4.25

6 Conclusion

We study inference-time scaling for non-
autoregressive text-to-speech models based on
Conditional Flow Matching. Our analysis shows
that increasing the number of denoising steps alone
provides limited gains due to performance plateaus
during the synthesis trajectory. To address this
limitation, we introduce a multi-stage test-time
compute framework that combines search-based
inference with stage-wise verifier guidance. This
approach enables more effective allocation of
inference computation and improves timbre
consistency, content accuracy, and speech quality
under the same compute budget. Experimental
results demonstrate consistent improvements
over standard inference and single-verifier search
methods. These findings highlight inference-time
scaling as a promising direction for advancing
NAR speech synthesis without additional training.

Limitations

Although TTS? demonstrates promising results,
several limitations warrant consideration for future
improvements:

Static Phase Boundaries Our current frame-
work relies on static, dataset-level phase bound-
aries (t; and to) determined via average conver-
gence plateaus. While effective for the models and
datasets evaluated, these static boundaries may not
be strictly optimal for every individual utterance,
particularly for highly out-of-domain prompts or

zero-shot application to new languages. Develop-
ing an adaptive, per-utterance method for estimat-
ing these transitions dynamically during inference
remains an important direction for future research.

Reward Overfitting and Verifier Trade-offs
While both our objective metrics and human eval-
uations confirm consistent quality improvements,
reliance on specific verifiers invariably introduces
the risk of reward overfitting—where the search
algorithm might exploit the verifier’s blind spots
rather than genuinely improving acoustic quality.
Furthermore, as demonstrated by our single-verifier
baselines, there is an inherent trade-off when op-
timizing strictly for naturalness (UTMOS) versus
speaker similarity (SIM-o0). Although TTS? suc-
cessfully balances these dimensions through its
multi-stage design, the framework’s efficacy is fun-
damentally tied to the quality and complementarity
of the chosen verifiers.

Integration of Speech Language Models While
recent test-time scaling approaches in text and vi-
sual generation leverage Large Language Models
(LLMs) or Vision-Language Models (VLMs) as
verifiers, our framework currently relies on task-
specific discriminative models. Exploring the in-
tegration of unified, large-scale Speech Language
Models (SLMs) as holistic verifiers could poten-
tially mitigate reward overfitting and provide a
more comprehensive signal for trajectory optimiza-
tion.
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A Empirical Justification of ¢, and ¢,

The phase boundaries ¢; and t9 are critical hyperpa-
rameters that dictate the transition between seman-
tic formation, timbre crystallization, and acoustic
refinement within our multi-stage framework.

Heuristic Initialization. As analyzed in Section
3.2 and illustrated in Figure 2, the convergence of
linguistic and speaker features across the generative
flow follows a predictable trajectory. Therefore,
our primary method for selecting ¢; and to relies
on a static heuristic derived directly from these
convergence plateaus. Specifically, for F5-TTS, we
set t1 = 0.3 and t5 = 0.6, while for E2-TTS, we
use t1 = 0.1 and 5 = 0.4.

Search-Based Validation. To rigorously vali-
date these heuristic boundaries, we investigated an

alternating, metric-driven search procedure adapted
from the IntMeanFlow framework. Initializing
with our heuristic peaks, the search alternates itera-
tively (Algorithm 2): we first freeze ¢; to optimize
t2, and subsequently freeze t5 to refine ¢;, utiliz-
ing SIM-o as the objective reward function over a
held-out validation subset of the Emilia dataset.

Algorithm 2 Alternating Search for Phase Boundaries

Require: Base model, validation set V, heuristic initializa-
tions ti‘”, t(QO), total inference steps K = 32
Ensure: Optimized boundaries t7, 5
I: Let T = {+, 2,..., 521} be the set of valid discrete
timesteps
2: Initialize t1 + tgo), to < t§°>
3: while not converged do
// Step 1: Freeze t1, search ta over subsequent timesteps
4. to ¢ argmaxieT, t>t, SIM(TTSQ(tl, t;V))
// Step 2: Freeze ta, search t1 over preceding timesteps
5: t1 < argmaxie T, t<ty SIM(TTS2(t, t2;V))

6: return tq, to

Our empirical evaluations revealed that this dy-
namic search converged to boundaries nearly iden-
tical to our static heuristic initialization. Further-
more, the computationally intensive search yielded
no statistically significant improvement in the fi-
nal acoustic fidelity or speaker similarity over the
heuristic baseline. Consequently, we employ the
static, peak-based initialization in all primary ex-
periments, as it achieves optimal generation qual-
ity while avoiding the prohibitive computational
overhead of a dedicated test-time hyperparameter
search.

B Detailed Scaling Results

Table 6 provides the comprehensive numerical re-
sults for the inference-time scaling ablation dis-
cussed in Section 5.4. We compare the impact of
scaling the total compute budget via two distinct
methods: uniformly increasing the number of func-
tion evaluations (NFE) using a deterministic ODE
solver, and increasing the particle population size
(N) within the TTS? framework. For TTS?, the
base integration steps are kept constant at 32.

C Subjective Evaluation Details

To evaluate the perceptual quality and speaker sim-
ilarity of our proposed method, we follow the
subjective evaluation protocols established in F5-
TTS (Chen et al., 2025), specifically measuring
Comparative Mean Opinion Score (CMOS) and
Similarity Mean Opinion Score (SMOS).
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Table 6: Objective evaluation metrics for F5-TTS com-
paring deterministic ODE step scaling (NFE) against
particle population scaling (V) in TTS?. Best values
for each compute tier are highlighted.

NFE N WER(%)| SIM-ot UTMOS

Naive ODE Scaling
4 - 20.58 0.47 1.89
8 - 2.84 0.63 3.52
16 - 2.44 0.67 3.95
32 - 2.36 0.66 3.91
64 - 2.30 0.66 3.92
128 - 2.32 0.66 3.92
256 - 2.41 0.66 3.92
512 - 2.40 0.66 3.92
1024 - 2.49 0.66 3.92
2048 - 2.46 0.66 3.91
TTS? Population Scaling (Ours)
32 2 2.25 0.67 3.96
32 4 2.13 0.67 4.03
32 8 2.15 0.67 4.10
32 16 2.14 0.68 4.15
32 32 2.11 0.68 4.18
32 64 2.11 0.68 4.21

For the evaluation, we sample 30 synthe-
sized utterances per model configuration from the
LibriSpeech-PC test-clean subset. We recruited
20 fluent English speakers to participate in the
double-blind listening tests, with instructions to
use headphones in a quiet environment. To as-
sess acoustic naturalness and prosody, we mea-
sure CMOS by asking listeners to rate their prefer-
ence between paired audio samples (our proposed
model versus the baseline) on a standard 7-point
scale ranging from —3 to +3. To assess zero-shot
speaker modeling accuracy, we measure SMOS by
presenting listeners with the ground-truth reference
prompt followed by the synthesized utterance, ask-
ing them to rate the speaker similarity on a 5-point
scale from 1 to 5.

D Detailed Algorithm Description
D.1 Stochastic Denoising Step

Phase 1 in algorithm 1 applies one stochastic de-
noising update to each particle, as summarized in
algorithm 3. Starting from the current particle x:,
we first evaluate the model velocity, convert it to the
corresponding score under the chosen interpolant,
form the reverse-time drift, and then apply one
Euler—-Maruyama update. The diffusion strength
follows the square schedule used in our implemen-
tation, so stronger noise is injected at earlier steps

Algorithm 3 SDE_STEP: one-step stochastic denoising

Require: particle x;, step t, step size At, flow model ug
Ensure: updated particle x;, o,
I: vi + ug(xt,1)
Sz P ( )vt Xt
D g+ g(t)
f < vi — Etsi
: Sample z ~ N (0,T)
D Xpag X+ AL+ gV ALz

[>T I VSR

and gradually vanishes near the end of sampling.

D.2 SMC Weight Normalization and
Resampling

During the Timbre SMC phase (t; < t < t9),
the particle weights are updated using the reward
increment scaled by the temperature parameter (3,
and then normalized as

~i w'

w S ;V: i . ®))

Following standard Sequential Monte Carlo prac-

tice (Kim et al., 2025b), resampling is triggered
when the effective sample size (ESS) falls below a
threshold 7:

N  -j 2
(T )
ESS= —FK—4 < ©6)
> i (W)?

When the ESS criterion is satisfied, particles
with larger normalized weights are more likely to
be selected as ancestors, while low-weight parti-
cles are discarded. After resampling, all particle
weights are reset uniformly.

D.3 Implementation Details

For all TTS? experiments, we use classifier-free
guidance strength ¢ = 2.0, sway sampling coeffi-
cient —1.0, generation speed 1.0, and target RMS
0.1.

For the procedure in algorithm 1, we fix the
weight-temperature parameter to 5 = 1.0, and the
ESS resampling threshold in eq. (6) to 7 = 0.5.

In the stochastic phase, we use the square dif-
fusion schedule in algorithm 3, namely g(t) =
A(1—t)2. Following prior work (Kim et al., 2025a),
we fix the diffusion scale to A = 0.03.

E Latency Breakdown

Table 7 provides a detailed latency breakdown of
the TTS? framework across its three phases. As ex-
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pected, the SMC search phase dominates the com-
putational budget due to the evaluation of multiple
particles.

Table 7: Per-phase latency breakdown for TTS? (N =
8).

similarity and acoustic fidelity. These objective sta-
tistical findings corroborate the subjective CMOS
and SMOS evaluations presented in Appendix C,
firmly validating the effectiveness of our proposed
multi-stage verification framework.

Table 9: SIM Statistical Analysis

Phase NFE N RTF % of Total
Method (B)  Overall Mean & 95% CI Wilcoxon p-value  Win/Loss (Ours vs. B)  Significance
Warm-up (SDE) 13 8 1.63 23.4% Ours (TTS?) 0.682 + 0.005 — — —
F5-TTS (Base) 0.678 % 0.005 p=00011 627/500 Significant
SMC Search 7 8 6.97 53.8% sme_utmos 0.663 + 0.004 p<0.001 802/325 Significant
bon_utmos 0.665 = 0.005 p<0.001 987/ 140 Significant
bon_sim 0.713 % 0.004 p<0.001 276/851 Significant (B Wins)
ODE Refinement 12 8 176 22.9% cr‘nc)lm 0.712 % 0.005 p<0.001 240/ 887 S:gn:ﬁZalut I W:n:)
Total 32 8 284 100 %

F Statistical Significance

To rigorously validate the objective improvements
of TTS?, we conducted Wilcoxon Signed-Rank
tests comparing our approach against all baseline
models on both UTMOS and SIM-o metrics. The
results of these statistical analyses are presented in
Table 8 and Table 9.

As shown in Table 8, TTS? significantly out-
performs all baseline methods in terms of overall
speech naturalness (UTMOS), yielding p-values
< 0.001 across all pairwise comparisons. The
substantial win/loss ratios against both the base
F5-TTS model (892 wins to 235 losses) and single-
verifier variants further demonstrate a robust and
consistent margin of improvement. Moreover, the
95% confidence interval of our approach (4.098 +
0.016) shows no overlap with the majority of the
baselines, establishing a clear statistical superiority
in generating high-fidelity audio.

Table 8: UTMOS Statistical Analysis

Method (B)
Ours (TTS?)
F5-TTS (Base)
bon_utmos

Overall Mean & 95% CI  Wilcoxon p-value  Win / Loss (Ours vs. B)  Significance

4.098 +0.016 — — —

3.916 + 0.021 p<0.001 892/235 Significant
4.080 £ 0.016 p<0.001 891/236 Significant
p<0.001 607 /520 Significant
p <0.001 909/218 Significant
p <0.001 964 /163 Significant

4.021 +£0.023
3.904 £ 0.022
3.878 £0.022

sme_utmos
sme_sim
bon_sim

Regarding speaker similarity (Table 9), TTS?
achieves significant improvements over the base
model, BoON UTMOS, and SMC UTMOS baselines.
While methods exclusively optimized for SIM-o
(such as BoN SIM-o0 and SMC SIM-o0) understand-
ably achieve higher speaker similarity scores, they
suffer from severe degradation in speech natural-
ness, as evidenced by their poor UTMOS perfor-
mance. In contrast, TTS? maintains highly com-
petitive SIM-o performance while strictly outper-
forming all variants in naturalness, successfully
resolving the inherent trade-off between speaker

G Detailed Setup for Cross-Architecture
Generalization

Since Matcha-TTS and the LISpeech dataset are
designed for single-speaker synthesis rather than
zero-shot voice cloning, our experimental setup
and evaluation protocols differ from those used
for F5-TTS and E2-TTS. Specifically, we utilize
the official LISpeech test split to synthesize utter-
ances based on their corresponding ground-truth
transcripts. To measure speaker similarity (SIM-o)
in this context, we compute the cosine similarity
between the embeddings of the synthesized utter-
ance and the ground-truth audio of the identical
test utterance, which serves as the reference. This
setup allows us to rigorously evaluate the model’s
ability to reconstruct the target speaker’s voice in a
standard single-speaker scenario.
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