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Abstract—Recent advances in Large Language Models
and neural audio codecs have significantly improved zero-
shot Text-to-Speech (TTS) systems; However, maintaining
tonal accuracy in languages such as Vietnamese remains a
formidable challenge. Existing models often exhibit unsta-
ble prosody or phonetic biases that result in a noticeable
foreign accent. In this paper, we propose Vi-SparkRL, a
Reinforcement Learning enhanced framework designed to
preserve Vietnamese tonal integrity in lightweight zero-
shot Text-to-Speech models. Our approach introduces
Group Sequence Policy Optimization, which performs
sequence-level optimization to mitigate training instability
and mode-collapse issues common in token-level reinforce-
ment learning for continuous audio signals. Furthermore,
we design a comprehensive multi-objective reward mech-
anism that integrates a specialized VietTone Reward for
positional tonal matching, alongside constraints for intelli-
gibility, speaker similarity, and acoustic quality. Evaluated
on the PhoAudiobook dataset, Vi-SparkRL achieves a
Word Error Rate of 2.85% and a tonal accuracy of (.96,
significantly outperforming traditional Supervised Fine-
Tuning and competitive baselines. Our results demonstrate
that sequence-level RL effectively aligns TTS models with
the complex prosodic requirements of tonal languages
while maintaining high naturalness.

I. INTRODUCTION

Recent advances in Large Language Models (LLMs)
and neural audio codecs have revolutionized Text-to-
Speech (TTS) systems, enabling high-quality zero-shot
voice cloning from a short reference audio.Recent LLM-
based TTS systems formulate speech synthesis as lan-
guage modeling over discrete audio tokens [1], [2], [3],
[4], [5], achieving high-quality zero-shot cloning for
resource-rich languages. Spark-TTS-0.5B [6] simplified
this paradigm via BiCodec, decoupling semantic and

global tokens in a single-stream framework. Despite
this rapid progress, tonal languages such as Vietnamese
remain a persistent challenge for zero-shot TTS. Viet-
namese possesses six lexical tones where [y trajectory
dictates meaning [7]; confusing tones such as hdi and
ngd changes semantics entirely. Multilingual systems
like XTTS-v2 [8], [9] and GPT-SoVITS [10] produce
unstable prosody and phonetic bias on Vietnamese [11],
because token-level cross-entropy loss does not enforce
tonal constraints.

RL-based post-training has been applied to TTS
through preference optimization [12], [13], Group Se-
quence Policy Optimization (GSPO) for emotional and
cross-lingual control [14], [15], and diffusion-model
alignment [16], [17]. Although these studies demon-
strate the viability of RL for improving TTS qual-
ity, none specifically addresses tonal accuracy in tonal
languages or incorporates a language-specific prosodic
reward into the RL loop.

A further limitation of existing RL approaches for
TTS lies in the choice of policy optimization algorithm.
Group Relative Policy Optimization (GRPO), adopted
by EMORL-TTS and Align2Speak, operates at the token
level, computing importance ratios per token indepen-
dently. As shown in the GSPO paper [18], this effec-
tively yields a single sample per token position, leading
to high-variance gradient estimates—particularly severe
for speech, where acoustic token sequences far exceed
their text counterparts (e.g., ~250 tokens for a five-
second utterance at 50 Hz vs. fewer than 20 text tokens).
Since prosody is an inherently sequence-level phe-
nomenon, Group Sequence Policy Optimization (GSPO)
instead computes importance ratios at the sequence
level with length normalization, providing stable gra-



dient signals aligned with the holistic nature of speech
production [18].

In this work, we propose Vi-SparkRL', an RL-
enhanced framework preserving Vietnamese tonal in-
tegrity in lightweight (0.5B) zero-shot TTS. Built on
Spark-TTS-0.5B [6], it introduces two innovations: (1)
the adaptation of GSPO to acoustic modeling—to our
knowledge, the first sequence-level policy optimization
for speech synthesis; and (2) a dedicated VietTone Re-
ward measuring positional tonal matching. Both are in-
tegrated into an online multi-objective loop scoring gen-
erated waveforms in real time for intelligibility (WER
via Whisper Large V3 [19]), speaker similarity (SIM via
ECAPA-TDNN WavLM [20], [21]), and acoustic quality
(UTMOS [22]).

We evaluate Vi-SparkRL on the PhoAudiobook
dataset [23], a 941-hour professionally narrated Viet-
namese corpus with high audio quality (SI-SNR:
491dB) and long segment duration (mean 11.665).
Unlike earlier resources such as VIVOS [11] (15 hours)
or viVoice [24] (inconsistent quality), it provides the
reliable prosodic baseline essential for RL-based tonal
alignment, where reward models require high-fidelity
reference signals.

The main contributions of this work are as follows:

o We propose Vi-SparkRL, the first RL-based frame-
work designed to optimize Vietnamese tonal accu-
racy in lightweight (0.5B) zero-shot TTS, address-
ing a critical gap for tonal languages.

e We adapt GSPO to the acoustic modeling
phase—to our knowledge, the first sequence-level
RL applied to speech synthesis—stabilizing train-
ing and mitigating mode-collapse issues inherent in
token-level GRPO for long-form audio.

o We design a multi-objective reward integrating a
novel VietTone Reward for positional tonal match-
ing with WER, SIM, and UTMOS -constraints,
outperforming SFT and competitive baselines on
PhoAudiobook.

II. METHODOLOGY

The Vi-SparkRL framework integrates an end-to-end
online audio evaluation loop into the RL training phase.
At each step, the LLM generates G token sequences,
decoded into 16kHz waveforms via the frozen BiCodec
[5] and scored in real time by the multi-objective reward

' Audio samples and a web-based demonstration are available at:
https://anonymous-tts-demo.github.io/gspo_sparktts/

models to compute group-relative advantages for the
policy update.

A. Group Sequence Policy Optimization (GSPO)

To enhance the prosody and naturalness of the base-
line SparkTTS model, we employ Group Sequence
Policy Optimization (GSPO). Unlike PPO, GSPO elim-
inates the separate value function via group-relative
advantages. For each prompt x, a group of GG sequences
{y1,y2,...,yq} is generated from 7y, and the advantage
of each sequence 7 is estimated by normalizing its
reward R; within the group:

A=k (1)
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where R and op denote the mean and standard
deviation of the group rewards {Ri,..., Rg}.

To ensure stable alignment for continuous audio sig-
nals, we apply sequence-level importance sampling with
length normalization. Unlike token-level methods that
compute a separate ratio per token, GSPO optimizes the
joint probability of the entire acoustic token sequence,
mitigating the high-variance issue in long-form synthe-
sis:

G
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where the sequence-level importance ratio is length-
normalized over the |y;| acoustic tokens:
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Here mp(y; | «) denotes the joint probability of the
complete acoustic token sequence, mg , is the behav-
ior policy used for sampling, and 7 is the frozen
reference policy constraining divergence via the KL
term (8 = 0.01). The exponent 1/|y;| normalizes for
sequence length, which is the key mechanism distin-
guishing sequence-level GSPO from token-level GRPO.
The procedure is summarized in Algorithm 1.



Algorithm 1 GSPO for TTS
Require: Dataset D, policy my, reference ¢, learning

rate n
1: for each prompt x € D do
7reold — 71—9

Sample G sequences {y1, . . .
for i =1to G do

wave; <— BiCodec_Decode(y;)

R; < Riora(Wave;, z)
end for
A; < (R; — R)/(op +¢) forall i
5i(6) + (mo(ys | @)/mo,(yi | )"
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11: end for
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B. Multi-objective Hybrid Reward System

A core contribution of our work is the design of a hy-
brid reward function Ry, that simultaneously optimizes
for acoustic quality, speaker identity, and linguistic ac-
curacy. The total reward is defined as:

Rtotal =2.0x Z

ke{mos, sim, wer, tone }

—1.0 4
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where Wmpos = 0.4, Wem = 0.3, Wyer = 0.2, and wWiope =
0.1, scaled to [—1,1] for stable gradient updates. The
higher weight on acoustic naturalness reflects its role as
the primary quality anchor, while the VietTone reward
acts as a complementary fine-grained tonal constraint
whose impact is validated in the ablation study in the
next section.

1) Standard Reward Components: Following estab-
lished practices in RL-based TTS alignment [12], [13],
[15], we adopt three widely-used reward signals. Acous-
tic Realism is measured via UTMOS [22], with the
raw MOS score smos € [1,5] normalized as 7mes =
(clip(Smos, 1,5) — 1) /4. Speaker Identity Preservation
is computed using cosine similarity between ECAPA-
TDNN WavLM embeddings [20], [21] of the refer-
ence and generated audio: 7Tgm = (COS(Eref, €gen) +
1)/2. Linguistic Faithfulness is enforced via Whis-
per Large V3 [19] transcription, with 7y, = 1.0 —
min(WER (teXtyef, teXthyp ), 1.0).

2) Language-specific Prosody: VietTone Reward: To
strictly enforce tonal integrity, we propose a dedicated
VietTone Reward (7 ,.) providing a granular linguistic
signal during the RL phase, targeting the tonal confu-
sions that standard zero-shot models frequently produce.

Let 7 (s) be a transformation function that extracts
a sequence of lexical tone marks from a string s using
Unicode normalization (mapping tones to a discrete set
{0,...,5} representing: ngang, huyén, sdc, hdi, nga,
ndng). For each generated audio sample, we first obtain
a hypothesis transcript textyy, using Whisper Large V3.
The reward is then calculated as the positional match
rate against the reference text texts:

L
1
Ttone = Z ]2:; I [T(teXtref)j = T(teXthyp)j] (5)

where L denotes the total number of syllables in the
reference text and I[-] is the indicator function. We note
that rne Operates on ASR-recognized tone marks and
therefore reflects the perceptual recoverability of tones
by the ASR model rather than a direct measurement of
Fp contours; a direct acoustic Fy analysis is discussed
as future work in Section III-C. The mechanism of this

Table I
ExXAMPLE OF VIETTONE REWARD CALCULATION BASED ON POSITIONAL
TONAL MATCHING.

Type Vietnamese Sentence  Tones Match Score
T(s)

Ref. "Hoc di doi v6i hanh"  [3, O,
0,2, 1]

Hyp. "Hoc di déi v6i hanh" [3, 0, V,v,xv,x
2,2, 5]

Final Positional Match Rate 3/5 0.60

reward is illustrated in Table 1. Although the hypothesis
is phonetically similar to the reference, deviations in
the third and fifth tones (e.g., “ddi” vs. “d6i”) yield
a penalized score of 0.60. This constraint discourages
“tone-deaf” generations, a common SFT failure mode.

III. EXPERIMENTS
A. Experimental Setup

1) Dataset Selection and Partitioning: From the 941-
hour PhoAudiobook corpus [23], we select 14,000 ut-
terances with WER < 0.1 measured by Wav2Vec 2.0
[25], split 80/10/10 into 11,200 for GSPO training, 1,400
for validation, and 1,400 for zero-shot testing with no
speaker overlap across partitions.

Audio is tokenized via BiCodec [5] into global
style embeddings and temporal semantic tokens, for-
matted as prompt-only causal LM sequences for TRL
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Figure 1. Training dynamics of Vi-SparkRL. Top: SIM (1) and
UTMOS (71); Bottom: WER () and Tone Accuracy (7). Smoothed
trends (window w = 50) are superimposed on raw step-wise values.

[26] compatibility. The baseline Vi-SparkTTS-0.5B [6]
(0.5B params) shares the identical architecture with Vi-
SparkRL, so gains are attributable solely to GSPO and
the reward design.

2) Training of the Baseline Model: We fine-tune
Vi-SparkTTS-0.5B with Low-Rank Adaptation (LoRA)
(r = 16, a = 32, dropout 0.05) on all attention and feed-
forward network (FFN) projections using cross-entropy
loss over BiCodec tokens.

3) Reinforcement Learning Setup: The converged
SFT LoRA adapters are merged into the base weights
as mer; a fresh LoORA set serves as the active policy 7y
optimized with GSPO.

During training, the active policy generates K = §
candidate acoustic trajectories per prompt using a sam-
pling temperature of 0.9, scored by the multi-objective
reward defined in Eq. (4). The Kullback—Leibler (KL)-
divergence regularization coefficient is set to 5 = 0.01,
the peak learning rate to 1 x 1079, and the sequence
clipping epsilon to ¢ = 3 x 10~%. All experiments
were executed on four NVIDIA A100 (80GB) GPUs
in a Distributed Data Parallel (DDP) configuration via
the Accelerate library. To ensure a fair comparison, all
baseline models in Table II were re-evaluated on our
PhoAudiobook test set using identical metric pipelines
(Whisper Large V3 for WER, ECAPA-TDNN WavLM
for SIM, and UTMOS for acoustic quality). Tone Ac-
curacy is reported only for our models, as no existing
baseline provides this metric.

Table 11
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART TTS MODELS.

Model Architecture WER| UTMOST SIM{ RTF|
VITS [27] Variational Autoencoder 0.0521 3.55 0.62 0.05
XTTS-v2 [9] Autoregressive GPT 0.0785 3.82 0.69 0.65

0.0488 3.75 0.65 0.08
0.0550  3.90 072  0.25

MeloTTS [28]  VITS-based
OpenVoice [29] Flow Matching

F5-TTS [30] Flow Matching 0.0395  4.05 0.79 045
Fish-Speech VQ-VAE + LLM 0.0412  4.02 0.80 0.52
[31], [32]

Valtec-TTS [33] Flow-matching/VITS 0.0425 3.92 0.76  0.12

Ours Group Sequence RL  0.0285 4.10 0.75 0.38
Baseline Supervised Fine-Tuning mmm Vi-SparkRL (Ours)
6.54
6
5
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Figure 2.  Objective evaluation on PhoAudiobook test set across

three training paradigms: zero-shot baseline, SFT, and Vi-SparkRL.

B. Result Analysis and Discussion

Fig. 1 confirms that GSPO training is stable over
1,800 steps with no reward hacking: WER converges
rapidly within the first 250 steps, Tonal Accuracy im-
proves gradually throughout, UTMOS trends upward,
and SIM remains steady, indicating that KL regulariza-
tion (8 = 0.01) preserves speaker identity. The final
results in Table II show that Vi-SparkRL consistently
outperforms all baselines, with each training stage yield-
ing consistent gains across all four metrics.

1) Acoustic Quality and Tonal Integrity: As shown
in Fig. 2, Vi-SparkRL achieves the highest UTMOS and
lowest WER among all three paradigms, with the most
pronounced gain occurring in Tonal Accuracy. Isolating
the VietTone reward (GSPO without tone: 0.88 — Vi-
SparkRL: 0.96) confirms it directly addresses the tonal
confusion that GSPO alone cannot resolve: while GSPO
improves general intelligibility and naturalness, it lacks
an explicit mechanism to penalize pitch-contour devia-
tions. As both Tonal Accuracy and WER derive from
the same Whisper transcription, part of the observed
correlation between them is expected; nonetheless, the
tonal gain remains consistent across the test set.

2) Speaker Consistency and Training Dynamics:
Fig. 2 also reveals that SIM improves substantially from



Table III
ABLATION STUDY ON RL ALGORITHMS AND REWARD COMPONENTS.

Method WER| UTMOS1 SIM?T Tone?
Pretrained (zero-shot) 0.0654 3.21 0.49 0.78
SFT baseline 0.0412 3.65 0.68 0.85
+ GRPO 0.0350 3.85 0.70 0.90
+ GSPO (no tone)  0.0345 4.08 0.78 0.88
Vi-SparkRL 0.0285 4.10 0.75 0.96

the zero-shot baseline to SFT but decreases slightly
under Vi-SparkRL, reflecting an inherent trade-off: ag-
gressive pitch alignment via the VietTone reward can
shift Fj contours away from the reference speaker’s
characteristics. The gap relative to top baselines (F5-TTS
0.79, Fish-Speech 0.80) nonetheless remains modest and
stays competitive with flow-matching systems such as
OpenVoice (0.72) and Valtec-TTS (0.76).

3) Ablation Study: Table III isolates the contribution
of each component.

Token-level GRPO yields marginal gains over SFT
due to high-variance advantage estimation on long
acoustic sequences, while sequence-level GSPO sub-
stantially improves naturalness with stable convergence.
GSPO alone leaves tonal accuracy largely unchanged;
adding the VietTone reward produces the largest single-
component gain, with a minor SIM trade-off. We adopt
WER over Phoneme Error Rate as the intelligibility
reward because grapheme-to-phoneme conversion bot-
tlenecks multi-generation rollouts.

C. Limitations

Our tonal metric operates on ASR-recognized tone
marks and does not directly measure F{y realization; a
correct recognized tone implies perceptual recoverability
by the ASR model but does not fully guarantee native-
level acoustic realization. Likewise, our evaluation is
objective-only. Direct acoustic Fp-contour analysis and
native-listener subjective tests (naturalness and tone-
perception MOS) would further validate the perceptual
tonal gains and are left for future work.

IV. CoNcLuSsION

Vi-SparkRL demonstrates that sequence-level GSPO
with a language-specific VietTone Reward effectively
preserves tonal integrity in Vietnamese zero-shot TTS,
outperforming existing baselines.
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