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Abstract
Large-scale autoregressive text-to-speech (TTS) models can

generate speech that is nearly indistinguishable from human
speech. However, training large language models (LLMs) is
challenging due to memory and computational constraints. This
paper describes our TTS method for the 2024 Conversational
Voice Clone Challenge (CoVoC). Our approach modifies the
LauraGPT model to synthesize mixed Chinese and English text
by expanding the Chinese pinyin vocabulary and reducing the
number of layers in the decoder-only Transformer architecture.
Despite using minimal training data, the performance gap be-
tween our method and other constrained systems is relatively
small in both subjective and some objective evaluations. This
paper discusses our attempt to train lightweight LLMs for zero-
shot TTS and analyzes the factors contributing to low perfor-
mance. Our audio samples can be accessed online1.
Index Terms: text-to-speech, speech recognition, human-
computer interaction, computational paralinguistics

1. Introduction
Text-to-speech (TTS) aims to produce natural and human-like
speech from provided text. Recent advancements in deep neu-
ral network-based TTS have significantly improved the field.
However, developing a speech synthesis system that achieves
high expressiveness, naturalness, and speaker similarity re-
mains challenging.

Numerous methods have been proposed, significantly im-
proving TTS applications and transforming human-machine in-
teractions. Previous works introduced a two-stage TTS system:
the first stage[1, 2, 3, 4, 5, 6, 7] generates intermediate speech
representations, such as mel-spectrograms or linguistic features
from the input text, and the second stage[8, 9, 10, 11, 12, 13]
produces raw waveforms based on these representations. How-
ever, this two-stage approach can lead to error propagation and
relies on human-defined features, limiting the system’s perfor-
mance. To address these issues, single-stage models[14, 15]
that directly generate waveforms from the input text have been
proposed. Although these models have shown great success,
they often struggle with speaker similarity and have difficulties
in achieving fully human-like speech.

Recent advancements in neural speech synthesis have sig-
nificantly improved the quality and naturalness of synthesized
speech. The increase in available data[16] and the success of
large language models (LLMs) in natural language processing
(NLP) have inspired new approaches. A notable development in
this field is zero-shot TTS, where systems generate speech for
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unseen speakers without additional training. TTS systems based
on LLMs[17, 18] have shown remarkable abilities in zero-shot
generalization. Wang et al.[17] introduced VALL-E, which uses
Encodec’s encoder[19] to process waveform features and a lan-
guage model to predict output tokens, followed by Encodec’s
decoder to generate waveforms. This method demonstrates
high speaker similarity using just one utterance from an un-
seen speaker. The increased scale of model size and enriched
training data have advanced generative modeling, particularly in
text and image generation[20]. Recently, speech synthesis also
starts to demand larger models and datasets. Early results from
large-scale TTS models have demonstrated capabilities such as
zero-shot speaker adaptation[17].

However, using large language models like LLaMA[21] is
often constrained by limited computational resources and fi-
nancial costs[22], making them unsuitable for personal devices
with lower compute power and GPU memory. To address these
limitations, we propose a zero-shot TTS system based on a
lightweight LLM. First, we use a codec encoder to obtain dis-
cretized tokens. Our lightweight LLM then generates output
tokens based on the text, and finally, a codec decoder generates
waveforms from these tokens. To mitigate errors in speech gen-
erated from lengthy texts, we introduce a chunking method. De-
spite using minimal training data and computational resources,
our system achieves results comparable to other systems in both
subjective and some objective evaluations. This approach sug-
gests that LLM-based TTS systems can be developed even with
limited training data and computational power.

2. Proposed Method
Our proposed speech synthesis system is built on the LauraGPT
model[23] and is designed to synthesize high-quality audio
from textual input, supporting both Chinese and English lan-
guages. Initially, the pre-trained LauraGPT model was only
available for English text-to-speech synthesis. We expanded the
phoneme vocabulary to encompass Chinese pinyin phonemes,
enabling the system to perform mixed-language text-to-speech
synthesis.

2.1. Audio Codec

We utilized an open-source, pre-trained codec model named
audio-codec-encodeczh-en-general-16k-nq32ds640-pytorch
from the Funcodec toolkit[24]. This codec employs 32 code-
books, downsamples the original audio by a factor of 640, and
supports both Chinese and English speech at a sampling rate of
16KHz. The model is a variational autoencoder (VAE)[25] that
uses residual vector quantization (RVQ)[26] to generate several
parallel sequences of discrete latent representations. Trained on
a large-scale dataset[24], it is robust across various scenarios.



Figure 1: An overview of our proposed system

Compared to Encodec[19] and SoundStream[26], this
model uses magnitude spectrum loss to enhance middle and
high-frequency signals. It also integrates structured dropout to
smooth the code space and accommodate various bandwidths
within a single model. Instead of random initialization, it ini-
tializes codes using k-means clustering for a more systematic
approach. Additionally, the model maintains codebooks with an
exponential moving average and a dead-code-elimination mech-
anism, ensuring a high utilization factor for the codebooks.
These innovations collectively contribute to the model’s supe-
rior performance in speech processing.

2.2. Lightweight LLM

For LLMs, considering that constraints often encounter in de-
vices with limited GPU memory, we try to optimize our model
for such environments. Specifically, we develop a compact
model by downsizing the decoder-only Transformer compo-
nents. This was achieved by reducing the number of layers from
12 to 6, resulting in a substantial decrease in the model’s param-
eter count from 40 million to 20 million. This reduction in size
ensures the model remains effective and efficient, even under
resource-constrained conditions. The model structure is shown
on the right side of Figure1.

2.3. Model Structure

The structure of our model is shown on the left side of Figure1.
It comprises three components: a lightweight LLM backbone,
an audio encoder, and a codec vocoder. For audio inputs, we
feed them into the audio encoder, while the audio outputs are
discretized into tokens using the audio tokenizer. Text data, both
inputs, and outputs are processed by the text tokenizer, which
is an open-source tokenizer from Qwen[27]. The LLM then
predicts the next audio tokens. Finally, we use a one-step codec
vocoder to convert audio tokens into raw waveforms.

2.4. Chunking

The aforementioned method is the one we submitted to the
CoVoC challenge. Due to time constraints, there were some
issues with the results we submitted. After the submission, we
dedicated efforts to resolve some of these problems, particularly

those related to long text audio synthesis. In our initial submis-
sion, all text was input directly, regardless of length. This ap-
proach led to poor quality of long audio due to the degradation
problem of the LLM when handling extended sequences[28].
After the submission deadline, we have made progress in ad-
dressing this issue.

To handle lengthy input texts more effectively, we adopt
a chunking mechanism. The primary objective is to enhance
the stability and effectiveness of the audio generation process,
particularly for texts that exceed the typical length parameters.

Our approach involves splitting the input text into smaller,
but more manageable chunks. This method helps reduce the
impact of LLM degradation caused by synthesizing long au-
dio sequences. By breaking down the text, we generate audio
sequentially, sentence by sentence. This allows our system to
focus on the precise phonetic and intonational nuances of each
segment, ensuring higher accuracy and natural fluency in the
audio output.

The sentence-by-sentence approach offers significant ad-
vantages in terms of error management and control. Deviding
the generation process means that any potential discrepancies or
inaccuracies can be more readily identified and addressed at the
sentence level, rather than having to review and revise an entire
block of generated audio. This granularity in error detection
and correction enhances the overall quality of the synthesized
speech.

2.5. Inference

During the inference stage, audio inputs are first fed into the au-
dio encoder to generate a sequence of tokens. Simultaneously,
any accompanying text data is chunked, then processed by the
text tokenizer. The LLM then leverages these tokens to predict
the subsequent audio tokens in the sequence. Once the LLM
has completed its predictions, the codec vocoder converts the
predicted tokens into a continuous waveform that can be played
as natural-sounding speech.



3. Experiments
3.1. Data

The CoVoC challenge encompasses a range of diverse train-
ing datasets, including the 10K-hour WenetSpeech4TTS[29]
dataset, 180 hours of Mandarin spontaneous conversational
speech data, and 100 hours of high-quality spoken conversa-
tions. All the audio data is in mono-channel WAV format with
a sample rate of 16KHz.

Specifically, WenetSpeech4TTS is a large-scale, multi-
domain Mandarin dataset with accurate transcriptions. The
MAGIC DATA Mandarin Chinese Conversational Speech Cor-
pus contains 180 hours of mobile-recorded speech data, fea-
turing coherent conversational data labeled with non-verbal in-
formation such as laughter and coughs, as well as speech or
mixed speech that is difficult to distinguish. HQ-Conversations
includes 100 hours of natural and expressive speech from 200
speakers. For the Constrained Track, we are only allowed to
train with the above datasets.

For our system, we need a training dataset that is both seg-
mented and speaker-specific. Therefore, we selected a subset of
the WenetSpeech4TTS dataset for the initial pretraining phase
of our model. The WenetSpeech4TTS dataset is a compre-
hensive resource that includes a wide variety of speech data.
Specifically, we only use the Premium subset, which comprises
approximately 945 hours of speech data. This subset contains
speech data with DNSMOS[30] greater than 4.0, and we hy-
pothesized that using higher-quality speech data can effectively
reduce the amount of required pre-training data. The quality
and diversity of the data within this subset are conducive to de-
veloping a model that can synthesize speech that is both natural
and clear.

Following the pretraining phase, we fine-tuned our model
using the 100-hour HQ-Conversations dataset. The goal of this
fine-tuning process was to further enhance the naturalness and
expressiveness of the synthesized speech. By training on this
dataset, our model could better capture the subtleties of human
speech, such as intonation, rhythm, and emotional nuances.

Our approach to training involves a combination of pre-
training on a large, diverse dataset followed by fine-tuning on
a smaller, high-quality dataset. This method is designed to opti-
mize both the efficiency and effectiveness of our speech synthe-
sis system. It allows us to balance the need for a comprehensive
training experience with the practical constraints of computa-
tional resources and training time.

3.2. Training Setting

In our research, we used the dataset provided by the challenge
for system development. Specifically, we utilized a pre-trained
codec model to extract discrete tokens and kept the model pa-
rameters frozen without any further training. For training our
decoder-only Transformer backend, we initially pre-trained the
model using the Premium subset of WenetSpeech4TTS, which
consists of 945 hours of speech data.

Subsequently, we fine-tuned our model using the 100-hour
HQ-Conversations dataset. During the pre-training phase, we
set the learning rate to 0.001, warmup steps to 10,000, and used
a batch size of 160, completing a total of 50 epochs. In the fine-
tuning phase, we adjusted the initial learning rate to 0.0001 and
reduced warmup steps to 100, training for 360 epochs. Other
experimental settings remained the same as the default. All
training was conducted on an 8 NVIDIA A6000 GPU server.

3.3. Results of the Submitted System

The test set we used is a standardized dataset provided by the
CoVoC organizers. It contains prompt audio from 20 speakers
and 430 well-designed texts. These texts include complex syn-
thetic scenarios such as reflective pauses in spoken contexts,
superimposed words, long texts, colloquialized phrases, and
mixed Chinese and English. These varied and intricate contexts
are designed to thoroughly evaluate the TTS system’s perfor-
mance.

The evaluation process consists of both subjective and ob-
jective assessments. The subjective evaluation uses the mean
opinion score (MOS) to assess four criteria: speech quality
(SQ), speech naturalness (SN), speaker similarity (SS), and
speech spontaneous style (SSS). The objective evaluation mea-
sures include the character error rate (CER) and speaker em-
bedding cosine similarity (SECS). Our subjective and objective
evaluation scores for the submitted systems are shown in Table
1.

Table 1: The evaluation score of our submitted system under the
constrained task and the official baseline in the unconstrained
task

Criteria Before Deadline
(Constrained)

Official Baseline
(Unconstrained)

After Deadline
(Constrained)

SN 3.41± 0.14 4.07± 0.1
SQ 3.35± 0.19 4.16± 0.13
SS 2.88± 0.14 3.62± 0.1

SSS 2.95± 0.13 3.78± 0.1
CER 34.28% 6.86% 22.22%
SIM 0.76007 0.84866 0.76951

3.4. Post-submission Analysis

3.4.1. Overview

After obtaining the scores for each criterion of our submitted
system, we conducted a detailed analysis of the generated test
audio. This analysis aimed to identify and resolve the issues that
arose during the audio generation phase. We then improved our
system as in Section 2.4.

In the absence of subjective evaluations by the organizers,
our post-submission analysis is limited to objective measures.
While this limitation poses some challenges, it also allows us
to provide a targeted and quantitative assessment of system per-
formance.

3.4.2. Prompt Speaker Perspective

After analyzing the objective scores of the audio we submit-
ted, we find that our system performs better on SIM metrics
when dealing with longer audio that is clearly articulated. This
enhanced performance can be attributed to the wealth of vo-
cal characteristics present in extended audio clips, allowing the
system to more accurately capture and replicate the distinctive
features of the speaker’s voice.

Conversely, the system’s performance declines when faced
with shorter, more vaguely articulated, or less audible audio.
The brevity of the audio may offer insufficient characteristic
information, and vague or indistinct pronunciation can lead to
the loss or distortion of critical speech features, resulting in de-
creased performance.

In terms of CER metrics, our system performs particularly
poorly when the prompt audio is long or the text contains a large



number of spoken words, especially in the case of mixed Chi-
nese and English input. Long audio and complex linguistic in-
put may increase processing complexity. Mixed-language input
increases the uncertainty of the language model because the sys-
tem has to process the phonetic features and grammatical struc-
tures of both languages simultaneously. This can lead to poor
performance in tokenization, particularly when the training data
is insufficient to cover these linguistic features.

3.4.3. Utterance Perspective

We conducted an in-depth analysis of the corpus of test texts,
meticulously designed to simulate the complexities of natural
spoken language. These characteristics can lead to undesirable
performance of our system.

The length of these texts varies from concise to extensive
narratives. A key feature of these texts is the extensive use of
colloquial expressions, particularly filler words. Such linguistic
elements are ubiquitous in spoken interactions and serve vari-
ous functions, such as providing pauses in thought, emphasizing
certain points, or simply filling in gaps in the flow of conversa-
tion. For TTS systems, excessively long input text can lead to
degradation of LLM performance[31] and poorer quality of the
generated audio. In contrast, the natural generation of spoken
expressions relies on the breadth of the training data[32].

Additionally, the texts exhibited a notable prevalence of
repetitive words or phrases. This phenomenon is common
in spoken language, where repetition can serve to underscore
a message or provide a momentary buffer for the speaker to
gather thoughts. The presence of such repetitions adds authen-
ticity to the texts, making them more representative of everyday
speech patterns. However, for the audio synthesized by our TTS
system, it sometimes produces ambiguous patches of repeated
words and does not generate the overlapping sound effect found
in everyday conversations.

A particularly noteworthy aspect of the text is the mixture of
Chinese and English. The inclusion of these two languages not
only enriches the text but also poses challenges to language pro-
cessing and comprehension. Our system can synthesize mixed
Chinese and English input due to the expansion of the Chinese
and English phoneme vocabulary.

The emotional tone of the text is reflected in various ex-
pressions, including skepticism, surprise, and other emotional
states. This rich interplay of emotions showcases the text’s abil-
ity to convey the nuanced and dynamic interplay of human emo-
tions in communication. Since the audio inputs to our system
are all calm prompt audio, the synthesized voices are unable
to make emotional adjustments in response to the emotional
changes in the text.

Faced with synthetic texts featuring intricate spoken lan-
guage and nuanced emotional expressions, our system performs
less well due to being trained on a smaller scale of data. We
plan to increase the amount of training data to address these
problems.

3.4.4. Results of the chunked system

We found that the selection of chunk size is a critical factor that
can significantly influence the outcome of TTS tasks. We con-
ducted experiments to determine the optimal chunk sizes, eval-
uating their impact on the performance of our language model
and the quality of the generated audio. Various chunk sizes were
tested to find a balance that minimizes degradation while main-
taining the fluidity of the synthesized speech. The results of
these experiments are detailed in Table 2 and Table 3.

Table 2: SIM score of our system at different chunk sizes

Chunk Size Score

100 0.77205
150 0.76951
200 0.76554

Table 3: CER score of our system at different chunk sizes

Chunk Size Score

100 25.88
150 22.22
200 22.65

Combining objective metrics, we found that the best results
were obtained when using a chunk size of 150 characters. Fur-
ther analysis revealed that a too large chunk size reproduces
the problem of long text input, leading to performance degra-
dation and making the generation process less effective. Con-
versely, too small chunk sizes lead to fragmentation of linguistic
elements, often segmenting individual words or phrases prema-
turely. This interference with natural language fluency prevents
the model from generating smooth and contextually accurate
audio, resulting in poorer outcomes.

After addressing the problem of long text generation, our
system achieved an improvement in CER scores.

However, the sentence-by-sentence generation method does
have its drawbacks, sometimes resulting in incoherent audio.
Despite this, it also presents an opportunity to incorporate nat-
ural pauses and intonation more flexibly for inter-sentence af-
fective shifts in future iterations of the system. This potential
for dynamic emotional expression is an area we plan to explore
further in our future works.

Also, we plan to optimize the system further by scaling up
the training data and including emotional speech data. This will
help enhance the system’s performance and its ability to gener-
ate more natural and expressive audio outputs.

4. Conclusions
This paper describes the TTS system with which we partic-
ipated in the 2024 CoVoC challenge. The system leverages
a lightweight LLM to synthesize mixed Chinese and English
speech. A chunking method is used to generate audio from
lengthy texts. Despite the constraints of minimal training data
and computational resources, the proposed method demon-
strates competitive performance in both subjective and objective
evaluations.
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