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Abstract—Large Language Models (LLMs) have recently rev-
olutionized text-to-speech (TTS), enabling natural, high-fidelity
synthesis. Yet systems like CosyVoice2 and Spark-TTS need over
100,000 hours of training data, limiting low-resource languages.
We argue that for TTS to “speak better,” the solution is
not just adding data but training with its “listening” counter-
part—automatic speech recognition (ASR). Prior work on the
Machine Speech Chain (MSC) shows joint TTS–ASR training
improves low-resource performance but relies on two separate
models and complex pipelines. To address this, we propose a
Unified Speech Chain (USC), a decoder-only LLM that processes
text and speech as token sequences within a single architecture.
We further introduce a Multi-Stage Chain Loop (MSCL) that
leverages unpaired and unlabeled text and speech for self-
improvement. Extensive experiments in low-resource settings
show USC significantly improves TTS intelligibility, lowering
word and character error rates, while MSCL further exploits
unlabeled data, yielding additional gains.

Index Terms—Unified Speech Chain, Low-Resource Lan-
guages, Speech Synthesis, Speech Chain

I. INTRODUCTION

Text-to-Speech (TTS) has advanced dramatically over the
past decade, evolving from rule-based and statistical models to
neural architectures capable of generating natural, expressive,
and high-fidelity speech. A key driver of this progress is
the rise of Large Language Models (LLMs), which excel at
sequence modeling and have recently been extended from text
to speech. Models such as VALL-E [1], CosyVoice2 [2], and
Spark-TTS [3] demonstrate not only human-like synthesis but
also controllability features such as prompt-driven prosody
and voice transfer. These advances mark a shift from task-
specific pipelines toward general-purpose generative models,
where a single architecture can flexibly handle diverse speech
generation scenarios.

Most LLM-based TTS systems cast speech generation
as an autoregressive sequence prediction task over discrete
units—semantic, prosodic, or acoustic—derived from quan-
tized speech representations (e.g., HuBERT [4], EnCodec
[5]). This formulation unifies linguistic and acoustic modeling
and allows seamless integration with pretrained decoder-only
LLMs (e.g., GPT-2 [6], Qwen2.5 [7]), bridging text and speech
within a single generative model.

Despite these advances, a major limitation remains: ex-
treme data dependence. State-of-the-art LLM-TTS systems
often require more than 100,000 hours of paired speech–text
data, which is impractical for low-resource languages and
domains. Without such massive supervision, intelligibility and
robustness degrade significantly. To address data scarcity,

SPEAR-TTS [8] decomposes the task into Reading (text-to-
semantic) and Speaking (semantic-to-acoustic) modules, lever-
aging pretraining and back-translation. Similarly, Align2Speak
[9] employs a pretrained ASR model as an external reward to
optimize TTS via preference optimization. While effective, this
approach still cannot exploit the vast amount of unpaired or
unlabeled speech and text, which is much easier to collect.

We argue that for TTS to “speak better,” the solution lies
not merely in adding more data, but in training together with
its “listening” counterpart—Automatic Speech Recognition
(ASR). Prior work on the Machine Speech Chain (MSC) [10]
demonstrated that coupling TTS with ASR in a self-improving
loop can leverage unlabeled data. However, MSC relies on
two separate models and complex training strategies (e.g.,
straight-through estimation via Gumbel-Softmax), which limits
simplicity and scalability.

In this research, we simplify the process by adopting a
unified decoder-only model, following recent work such as
CosyVoice2 [2] and Spark-TTS [3], and multitask models like
VoxtLM [11]. Although VoxtLM provides a flexible multitask
model, it was not designed to address our central question:
whether TTS can “speak better” by explicitly training with
its listening counterpart. More importantly, it neither couples
listening (ASR) and speaking (TTS) in a loop, nor tackles the
challenges of low-resource TTS.

Building on these insights, we propose the Unified Speech
Chain (USC), a decoder-only LLM that processes both text
and speech as token sequences within a single architecture,
jointly optimizing TTS and ASR. To further exploit diverse
data sources, we introduce a Multi-Stage Chain Loop (MSCL)
method that enables USC to self-improve by iteratively lever-
aging paired, unpaired, and unlabeled data. By unifying gener-
ation and recognition in a single model and incorporating self-
improving loops, our approach provides a scalable and low-
resource-friendly alternative to existing pipelines. In summary,
our work bridges the gap between state-of-the-art LLM-TTS
systems and speech chain approaches, introducing a unified
and loop-based method tailored to low-resource scenarios.

Our contributions are threefold:
• Unified Speech Chain (USC): We design a decoder-

only LLM that integrates TTS and ASR within one
architecture, simplifying training while enabling cross-
task benefits.

• Multi-Stage Chain Loop (MSCL): We propose a novel
training method that exploits unpaired and unlabeled
text/speech, enhancing adaptability in low-resource sce-



Fig. 1. Unified Speech Chain integrating TTS (Speaking) and ASR (Listening). Both speech and text are tokenized into discrete units, processed in a single
Decoder-only SpeechLM, and reconstructed through a vocoder or text de-tokenizer.

narios.
• Comprehensive Evaluation: We demonstrate that USC

with MSCL consistently improves TTS intelligibility and
robustness across model sizes, data scales, and languages,
establishing a new paradigm for low-resource LLM-TTS.

II. PROPOSED APPROACH

A. Unified Speech Chain LLM

To enable both ASR and TTS within a single system, we
propose the Unified Speech Chain (USC), a model that casts
listening and speaking as two directions of the same generative
process. As shown in Fig.1, both text and speech are repre-
sented as sequences of discrete tokens: text is segmented with
Byte Pair Encoding (BPE), while speech is discretized into
semantic units derived from HuBERT [4] features clustered
with K-means. Special tokens are introduced to mark task
boundaries (e.g., start/end of speech for TTS, start/end of
text for ASR), allowing the model to distinguish between
modalities within a single sequence.

These unified token streams are processed by a decoder-
only LLM backbone (Qwen2.5-0.5B), which learns shared
cross-modal representations. Within this setup, ASR is formu-
lated as speech-to-text generation, and TTS as text-to-speech
generation, both unified under the same generative model.
Importantly, the chain loop enables pseudo-labeling: text can
be converted into pseudo speech-unit sequences, and speech
into pseudo text-unit sequences. This allows USC to learn not
only from paired data but also from unpaired and unlabeled
inputs, setting the foundation for the Multi-Stage Chain Loop
(MSCL) training strategy described in the next section.

B. Training Procedure

To train the model, we construct task-specific input–output
sequences, with the overall design illustrated in Figure 1. In
both tasks, the model is provided with mixed text–speech
sequences enriched with special tokens that mark task bound-
aries, enabling it to distinguish between modalities within a
unified sequence.

• TTS task (Speaking)
– Input: UT ⟨SS⟩ US ⟨ES⟩
– Target: ⟨Ig⟩ US ⟨ES⟩

• ASR task (Listening)
– Input: US ⟨ST ⟩ UT ⟨ET ⟩
– Target: ⟨Ig⟩ UT ⟨ET ⟩

As shown in Figure 1, US and UT denote sequences of
discrete speech and text tokens, respectively. The special
tokens ⟨SS⟩ / ⟨ES⟩ and ⟨ST ⟩ / ⟨ET ⟩ indicate the start and
end of speech and text spans, while ⟨Ig⟩ marks positions to
be ignored when calculating the loss. For multilingual training,
⟨SS⟩ and ⟨ST ⟩ are defined per language to provide clear task
and language boundaries.

The model is optimized on paired speech–text data ac-
cording to the procedure outlined in Algorithm 1. Note that
both tasks are optimized with a token-level cross-entropy loss
computed only over the target span.

C. Multi-Stage Chain Loop

The Multi-Stage Chain Loop (MSCL) extends USC beyond
supervised learning by enabling the model to leverage both
labeled and unlabeled data. As illustrated in Figure 1, Stage
1 consists of supervised training on paired speech–text data.



Algorithm 1: Training USC-LLM model

Initialize USC-LLM model
while not converged do

Sample a batch of data Btts and Basr

Ltts ← USC-LLM(Btts) // Speaking
Lasr ← USC-LLM(Basr) // Listening
Ltotal ← Ltts + Lasr

Back-propagation to update parameters
end

Once this baseline model is trained, MSCL proceeds to Stage
2, where the model generates pseudo-labels from unpaired
data, as shown in Figure 2. Specifically, when given text-only
inputs, the model operates in TTS mode to synthesize pseudo
speech tokens, while for speech-only inputs it operates in ASR
mode to produce pseudo text tokens.

In Stage 3, these pseudo-labeled pairs are merged with real
supervised data to form enriched training corpora. The model
is then retrained in a chain loop, where recognition and genera-
tion iteratively reinforce each other. This process allows USC
to continuously self-improve, effectively exploiting unpaired
and unlabeled resources that would otherwise remain unused.

III. EXPERIMENTAL SETUP

A. Datasets and Evaluation Protocol

• Monolingual Setup: We use the LJSpeech dataset [12],
which contains 24 hours of English speech, and par-
tition it into training, development, and test sets with
an 80/10/10 split. The proposed model is trained under
multiple configurations, varying model size, training set
size, and the use of the MSCL method.

• Multilingual Setup: To evaluate generalization and ro-
bustness in low-resource conditions, we extend training
to a multilingual corpus covering English (EN), Span-
ish (ES), French (FR), Vietnamese (VI), Chinese (ZH),
Japanese (JA), and Indonesian (ID). Specifically, English
data is drawn from LJSpeech (24 h); Spanish (24 h),
French (19 h), Chinese (6 h), and Japanese (14 h) from
CSS10 [13]; Vietnamese (15 h) from VIVOS [14]; and
Indonesian (24 h subset) from INDSpeech [15]. Each
language is split into training, development, and test sets
following the 80/10/10 ratio.

• Evaluation Metrics: Intelligibility is evaluated using
word error rate (WER) and character error rate (CER),
with Whisper-Large V2 [16] for transcription and the
JiWER library for error calculation. Speech naturalness is
measured using UTMOS [17], a widely used automatic
naturalness metric.

B. Implementation Parameters

We employ Qwen2.5-0.5B as the pretrained backbone of
USC-LLM. The model is optimized using the AdamW [18]
optimizer with a learning rate of 1 × 10−4, β1 = 0.9, and

Fig. 2. Pseudo speech and pseudo text are generated from unlabeled data,
then combined with real data to optimize USC-LLM model

TABLE I
PERFORMANCE OF TTS-ONLY AND USC-LLM ON LJSPEECH UNDER

VARYING DATASET SIZES AND MODEL DEPTHS

Data
Size

Layer
Depth

TTS-based LLM USC-LLM

WER↓ CER↓ UTMOS↑ WER↓ CER↓ UTMOS↑

50%
12L 70.08 57.43 - 71.05 58.69 -

24L 26.35 18.67 - 20.94 14.96 -

75%
12L 40.95 32.90 - 30.70 24.28 -

24L 13.44 8.94 3.90 12.90 8.77 3.90

100%
12L 24.24 18.75 3.91 20.51 15.98 3.91

24L 10.27 6.66 3.91 10.06 6.56 3.92

100% VITS [21] 13.74 3.59 3.87 - - -

β2 = 0.999, and is trained on a single NVIDIA A100 GPU
with a batch size of 8.

For speech tokenization, we adopt the mHuBERT [19]
model. This quantizer model maps the features extracted from
the 11th layer of mHuBERT into 1,000 discrete tokens. To
reconstruct waveforms from token sequences, we employ a
Grad-TTS acoustic model trained on the same dataset as USC-
LLM, followed by a pretrained HiFi-GAN [20].

IV. EXPERIMENTAL RESULTS

A. Monolingual USC-LLM

The experimental results in Table I show that the proposed
USC model with joint ASR+TTS loss improves performance
in most settings. Across different data availability levels (50%,
75%, and 100%), the joint-loss formulation yields lower error
rates than training with TTS loss alone, for both the smaller
(12-layer) and larger (24-layer) configurations. With the full
dataset, the 12-layer USC-LLM reduces WER by 4% and CER
by 3% relative to the TTS-only baseline, while the 24-layer
variant achieves comparable gains, confirming the robustness
of the approach.



TABLE II
IMPACT OF THE MSCL METHOD ON SPEECH SYNTHESIS TASK.

Labeled
Data PsData

Labeled+ASR PsData Labeled+TTS PsData Labeled + ASR-TTS PsData

WER↓ CER↓ WER↓ CER↓ WER↓ CER↓
24L (LB) 50% - 20.94 14.96 20.94 14.96 20.94 14.96

24L 50% 25% 15.50 10.70 22.00 16.35 19.65 14.48

24L 50% 50% 13.76 9.56 20.68 15.27 20.36 15.19

24L (UB) 100% - 10.06 6.56 10.06 6.56 10.06 6.56

24L (LB) 75% - 12.90 8.77 12.90 8.77 12.90 8.77

24L 75% 15% 12.20 8.64 11.57 7.83 11.70 7.83

24L 75% 25% 11.58 7.55 10.04 6.64 10.64 6.85

24L (UB) 100% - 10.06 6.56 10.06 6.56 10.06 6.56

UB: Upper Bound LB: Lower Bound PsData: Pseudo Data

TABLE III
IMPACT OF THE MSCL METHOD ON ASR

DataSize ASR-TTS
PsData

USC-LLM Multi-model MSC [10]

WER↓ CER↓ WER↓ CER↓
50% - 13.78 7.86 - -

50% 50% 13.16 7.21 - 3.5

75% - 10.39 5.22 - -

75% 25% 9.34 4.41 - -

100% - 8.82 4.08 - 3.1

TABLE IV
EVALUATION OF USC-LLM ON MULTILINGUAL DATASETS

Layer
Size Lang

TTS-based LLM USC-LLM

WER↓ CER↓ WER↓ CER↓

12L

ZH 37.62 17.32 36.65 16.28

EN 13.64 9.08 10.58 6.70

FR 20.38 10.30 18.00 8.39

ID 43.03 15.40 35.62 11.98

JA 31.03 13.65 30.31 13.36

ES 10.75 4.66 9.09 3.84

VI 22.93 12.51 23.82 13.06

24L

ZH 36.54 15.86 36.12 15.53

EN 10.97 7.00 10.15 6.19

FR 18.04 8.32 17.82 7.97

ID 35.06 12.78 35.73 12.28

JA 30.67 13.15 31.59 13.91

ES 8.92 3.46 8.40 3.35

VI 23.76 13.01 22.64 12.53

We further benchmarked USC-LLM against VITS, a strong
TTS baseline. Specifically, the 24-layer USC-LLM achieves
lower WER (10.06 vs. 13.74) and slightly higher UTMOS [17]
(3.92 vs. 3.87) than VITS, indicating improved intelligibility

without sacrificing naturalness. These results demonstrate that
USC-LLM effectively enhances speech quality and robustness,
particularly under resource-limited conditions.

B. Multi-Stage Chain Loop
Table II reports the results of the proposed MSCL method

for TTS. Each row specifies the proportion of labeled and
pseudo-labeled data used. For example, a configuration with
50% labeled data may be combined with 50% ASR pseudo
data, 50% TTS pseudo data, or both. When only 50% of the
data is labeled, incorporating ASR pseudo-labels reduces WER
by 5–7% and CER by 4–5%, while TTS pseudo-labels yield
limited gains due to model instability. With 75% labeled data,
however, both ASR and TTS pseudo-labels improve perfor-
mance, with TTS contributing an additional 2% reduction in
WER and CER.

Table III further shows that MSCL also improves ASR
performance, reaching accuracy close to that of the multi-
model MSC, though slightly lower. Crucially, USC with MSCL
remains unified and substantially easier to train than MSC’s
dual-model approach.

Overall, these findings demonstrate that MSCL effectively
exploits unlabeled and unpaired text and speech, yielding
consistent improvements even under low-resource conditions.

C. Multilingual USC-LLM
We further evaluate our approach on multilingual low-

resource datasets using both 12-layer and 24-layer model
configurations. As shown in Table IV, the ASR+TTS loss im-
proves performance across most languages, yielding absolute
reductions of 1–2% in both WER and CER relative to the TTS-
only baseline. For instance, with the 12-layer model, the CER
for English (EN) and French (FR) decreases by approximately
3% and 2%, respectively. Notably, Spanish (ES) achieves
particularly strong results, with WER and CER reaching 9.09%
and 3.84%, respectively. Even in more challenging settings
such as Chinese, which has only about 6 hours of training
data, and Indonesian, which contains repetitive utterances,
USC still provides measurable improvements, underscoring its
robustness in diverse and low-resource conditions.



V. CONCLUSION

We presented a Unified Speech Chain (USC) LLM de-
signed for low-resource speech synthesis. Whereas state-of-
the-art LLM-TTS models achieve strong performance only
with massive paired datasets, and speech chain approaches re-
quire multiple models and complex optimization, USC unifies
listening (ASR) and speaking (TTS) within a single decoder-
only architecture. Together with the Multi-Stage Chain Loop
(MSCL), this technique can exploit paired, unpaired, and unla-
beled data, yielding consistent improvements in intelligibility
and robustness, while maintaining naturalness at least on par
with strong baselines.

Beyond these empirical gains, our work highlights a broader
perspective: bridging the gap between LLM-TTS and speech
chain paradigms through a unified, loop-based method tailored
to data-scarce settings. Future directions include enhancing
multilingual optimization and extending USC toward expres-
sive speech generation with controllable attributes such as
emotion and speaking style.
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