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Abstract

This paper describes a background audio and speech genera-
tion system for the Inspirational and Convincing Audio Gener-
ation Challenge 2024. Our system mainly includes three mod-
ules, namely, a text-to-speech (TTS), speech synthesis base-
line, background text description extraction based on large lan-
guage models, and the corresponding background audio gener-
ation based on latent diffusion. We compare the influence of
text description extraction on the degree of correlation between
background audio and its corresponding speech. At the same
time, the results of different large language models on the back-
ground audio generated after description extraction are com-
pared. We also propose an alternative evaluation metric named
Overall Correlation Quality Score (OCQS) to evaluate the rele-
vance and naturalness between speech text and its background
audio. With the above evaluation metric, we test multiple mod-
els and find that the background audio generated by extracted
speech text and summarized by large language models achieve
better quality.
Index Terms: background audio generation, large language
model, speech synthesis

1. Introduction
In recent years, the rapid development of science and technol-
ogy has made significant progress in speech synthesis and back-
ground audio generation technology. However, generating nat-
ural and vivid background audio still faces many challenges and
barriers.

Emotional speech synthesis technology has also made sig-
nificant progress in recent years. For example, such as QI-TTS
[1], and StyleTTS2 [2], these models can generate more nat-
ural and emotional speech, improving the experience and ef-
fect of human-computer interaction. Models such as SpeechT5
[3] provide a good foundation of pre-trained models for high-
quality speech synthesis [4].

StableDiffusion [5] has made great progress in image syn-
thesis, and it is proven to have strong expression ability and effi-
cient training ability [6], which inspired researchers to apply la-
tent diffusion models (LDMs) in audio synthesis [7]. The audio
generation models based on the diffusion models have shown
good results in the background audio generation tasks. Rep-
resentative models in recent years include AudioLDM [8] and
AudioLDM2 [9]. These models utilize latent diffusion to gen-
erate high-quality background audios based on the text prompts
and adapt to various complex acoustic environments and needs.
At the same time, latent diffusion for language [10] and Natu-
ralSpeech 2 [11] show that the diffusion model also has a good
effect on speech synthesis. However, it should be noted that al-
though the above text-to-speech (TTS) and text-to-audio (TTA)

models both use the diffusion model, there is still no single uni-
fied model that can generate the matching background audio
when generating speech.

The superior performance of large language models in
terms of text information processing capabilities has been val-
idated in many tasks [12]. Tango [13] and Tango 2 [14] show
that the application of a large language model as a text-encoder
such as FLAN-T5 [15] in the field of TTA generation also has
great improvement and promising prospectives.

The Inspirational and Convincing Audio Generation Chal-
lenge 2024 (ICAGC 2024) [16] focuses on pushing the bound-
aries of current TTS technology by enhancing the emotional
depth and realism of generated audio. Its track 2 focuses on
creating a truly immersive experience through background au-
dio and speech fusion generation. Adding background audio
can significantly enhance the user experience and make it more
engaging [17]. However, no unified model currently exists for
direct background audio generation with speech. Therefore, the
approach is divided into two steps: first, synthesize the speech
and relevant background audio, and second, merge them to-
gether.

In this work, we propose a system that combines text-to-
speech (TTS), text-to-audio (TTA), and a large language model
(LLM) together, which generates audio that has both back-
ground audio and speech. At the same time, the effectiveness of
the system as well as the quality of the generated audio are val-
idated through our proposed Overall Correlation Quality Score
(OCQS) metric.

We adopt the AudioCaps dataset [18] to reproduce the re-
sults of AudioLDM2 [9], use the open source tool of GPT-
SoVITS 1 to complete the speech synthesis work, and utilize
of the large language model to extract and summarize the text
description. Then, background audio is generated through the
reproduced AudioLDM2 model. Finally, we evaluate the per-
formance of multiple large language models for comparison
purposes.

The remainder of this paper is organized as follows: Section
2 introduces the dataset that we used in this paper. Section 3 de-
scribes the background audio and speech generation system in
detail. Section 4 describes the evaluation metrics and discusses
the experimental results. Conclusions are summarized in Sec-
tion 5.

2. Dataset
In this paper, we use the AudioCaps dataset to train and re-
produce the AudioLDM2 model. AudioCaps is a comprehen-
sive dataset designed for the task of audio captioning, which in-
volves generating natural language descriptions for various au-

1 https://github.com/RVC-Boss/GPT-SoVITS
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Fig. 1: An overview of our system.

dio clips [18].
The ICAGC2024 dataset contains 358 speech training ut-

terances from 15 speakers and 389 sentences as the testing test
data covering various situations such as poetry recitation and
reading audiobooks [16]. The audios we evaluate are generated
from the input texts in the testing set of this dataset.

3. System Description
3.1. Overview

The main challenge in generating natural and contextual back-
ground audio is how to extract useful background audio descrip-
tions from the input text and pass it to the Text-to-Audio (TTA)
model to generate background audio. Given the successful ap-
plication of large language models in natural language process-
ing tasks [19], we directly utilize large language models to pro-
cess and summarize text information to generate practical and
contextual descriptions of background audio.

Furthermore, currently, there is a lack of recognized objec-
tive indicators to evaluate the correlation and naturalness of the
generated background audio along with the relevant speech. To
fill this gap, this paper proposes an Overall Correlation Quality
Score (OCQS) to evaluate the degree of correlation between the
background audio and the associated speech content in terms of
relevance and naturalness. OCQS considers the matching de-
gree, contextual consistency, and naturalness of the background
audio and speech. By analyzing the results, we can evaluate the
performance of the model and make ablation studies.

In terms of experimental design, this paper reproduces the
results of AudioLDM2 using the AudioCaps dataset for training
and performs the speech synthesis work using the GPT-SoVITS
toolkit. The large language model is used to extract the text in-
formation and generate a description of the background audio.
The background audio is then generated through our trained
AudioLDM2 model and the generated results are evaluated by
OCQS.

Fig. 1 briefly illustrates the architecture of our system. It
illustrates the three stages of our work, each representing a dif-
ferent focus of our efforts. In Stage 1, we train the AudioLDM2
model using the AudioCaps dataset. Stage 2 is the core of our
work, where we send the same input text to the speech syn-
thesis model GPT-SoVITS and a large language model. GPT-
SoVITS is responsible for completing the TTS task, and we use
the large language model’s text processing capabilities to obtain
a possible background audio description that is consistent with
the corresponding input text. Then, we sent the background au-
dio descriptions extracted by the large language model into the
reproduced AudioLDM2 model to generate the background au-
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Fig. 2: The workflow of Text-to-Speech

dio. Finally, in Stage 3, we merge the generated background
audio with the synthesized speech together to obtain the final
output with mixed background audio and speech.

3.2. Audio Generation Model

We train an AudioLDM2 model with the AudioCaps dataset.
Our AudioLDM2 training process includes the following steps:
First, we map the conditional information (in our case, text) to
the Language of Audio (LOA) [9] using models such as CLAP
[20]. This step generates estimations of the LOA, which are
crucial for the subsequent audio synthesis. Next, Audio Masked
Autoencoder (AudioMAE) [21] extracts features from the unla-
beled audio data. Then, an improved Unet [9] is used to achieve
self-supervised learning [22]. Lastly, a pre-trained HiFiGAN
model [21] to convert the generated spectrum into high-quality
audio.

3.3. The Synthesis Pipeline

We divide this section into two parts. The first part introduces
the synthesis of emotional speech, and the second part is about
the generation of background audio descriptions through a large
language model.

3.3.1. Emotional Speech Synthesis

We choose the GPT-SoVITS2 to perform emotional speech
synthesis. GPT-SoVITS is a powerful multi-language text-to-
speech (TTS) toolkit, that can synthesize high-quality speech
by using short speech samples as reference audio and relevant
text prompts as reference text, which fits well with our work
needs.

Fig. 2 briefly illustrates our TTS workflow. We first select a
clean speech audio with proper time duration and without noise
interference as the reference for the speech synthesis model.
After we choose the appropriate reference audio for each test-
ing speaker, we adopt the GPT-SoVITS toolkit to perform the
speech synthesis task.

We use the synthesized speech as part of our intermediate
products, which will be mixed with the synthesized background
audio in subsequent stages.

2 https://github.com/RVC-Boss/GPT-SoVITS
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3.3.2. Background Audio Description Generation

Since it is necessary to generate the corresponding background
audio description through the input text, we select several dif-
ferent large language models to generate the background audio
descriptions.

Fig. 3 briefly shows the workflow for generating audio
descriptions. We select a total of four large language mod-
els related to our research for experimental testing, which are
hunyuan-standard3 developed by Tencent, ERNIE3.5-8K4 de-
veloped by Baidu, Spark3.5Max5 developed by iFlytek, and
GPT-4o-mini6 developed by OpenAI. We start by giving all
of the large language models the same working instructions to
achieve an objective prompt input. We take into account that
using large language models can cause errors such as network
connection errors, restricted words, etc., which will not return
the desired background audio description correctly, so we make
additional correction efforts when we encounter errors. By an-
alyzing the returned error messages, we replace some words
forbidden by the large language model with synonyms and re-
generate the parts that cannot be generated properly due to the
fluctuations of the genetic network. Eventually, we use the Au-
dioLDM2 model with the description as input to generate the
background audio.

3.4. Audio Mixing

We use the Pydub7 library for audio mixing. We considered that
when mixing audio if the generated background audio is too

3 https://hunyuan.tencent.com/
4 https://qianfan.cloud.baidu.com/
5 https://xinghuo.xfyun.cn/
6 https://openai.com/
7 https://github.com/jiaaro/pydub

loud, it will become difficult to understand the speech content
correctly. When we mix the audio, we reduce the background
audio volume to a certain extent, so that the mixed audio can
clearly hear the human voice, to achieve a better overall effect.

4. Results and Discussions
4.1. Evaluation Metric

Currently, there is no golden standard for evaluating the degree
of Correlation between background audio and verbal speech
in terms of relevance and naturalness. Therefore, we propose
an alternative evaluation score, called the Overall Correlation
Quality Score (OCQS). It is used to assess the degree to which
the background audio relates to the content of the speech in
terms of relevance and naturalness. The evaluation criterion of
relevance requires the native speaker to comprehensively con-
sider the background scenes in which the speech may occur, so
as to evaluate whether the background audio matches with the
current estimated acoustic scene. The degree of naturalness re-
quires the judge to consider whether the background audio is
harmonious in the audio. The judge mainly performs evalua-
tion based on relevance, while naturalness is also considered.
The scoring of OCQS requires the judge to make a score be-
tween one and five points.

Eight different native speakers used the OCQR rating to
judge each audio generated by our system. The arithmetic mean
of the scores given by these judges was labeled as the score for
each audio.

4.2. Scoring validity

If more than one raters think there exists something wrong with
the audio, such as missing audio or having difficulty in under-
standing the sentence, the audio will be marked as problematic
audio, and the rating of the audio will be considered invalid.

We tested four different large language models on the re-
quired tasks in two parts. Due to the time and cost of scoring,
we did not score all the produced audio. So only the first part
scored all the generated audios, while the second part only ran-
domly chose 100 generated audios for scoring.

The first part contains 389 audio per task, and only one au-
dio file is reported as problematic. In the second part, each
task contained 100 randomly selected audio, and only three files
were reported as problematic.

Since the second part is scored by different groups of judges
from the first part, there may be differences in determining
whether there is difficulty in understanding the sentence con-
tent. According to the feedback during the scoring process, the
judges of the second part had more doubts about the understand-
ing of the sentences, so more files were reported as problematic.

4.3. Results

Fig 4 shows an example of audio generated by our system.
According to the experimental requirements, we define

method 1 as requiring the large language model to generate the
background audio description and define method 2 as directly
translating the input text as the background audio description.

The results of the first part are shown in Tab. 1. Using
the average score as the reference standard, method 1’s results
are significantly better than method 2’s, GPT-4o-mini’s perfor-
mance on method 2 is slightly better than Spark3.5Max’s, how-
ever, Spark3.5Max’s performance on method 1 is much better
than GPT-4o-mini’s.
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Tab. 1: Results in Part I evaluation with 389 sentences

Models&Methods Average Score

GPT-4o-mini:method 1 2.65
GPT-4o-mini:method 2 2.19

Spark3.5 Max:method 1 3.03
Spark3.5 Max:method 2 1.99

Tab. 2: Results in Part II evaluation with 100 sentences

Models&Methods Average Score

Hunyuan-standard:method 1 2.80
Hunyuan-standard:method 2 2.34

ERNIE-3.5-8K:method 1 2.90
ERNIE-3.5-8K:method 2 2.25

In the second part, as shown in Tab. 2, the result of method
1 is still better than that of method 2, showing that an additional
LLM-based text description for an acoustic scene is effective.

4.4. Discussions

Considering the performance of different large language mod-
els, we find that GPT-4o-mini is only slightly better than
Spark3.5Max on method 2, but performs worse than the other
large language models with method 1. We believe that the rea-
son might be models are developed in China and thus have more
powerful Chinese language processing capabilities.

5. Conclusion
This paper proposes a vivid background audio and speech gen-
eration system as well as an alternative evaluation metric for
measuring the relevance and naturalness between speech text
and its background audio. Our work finds that using general-
ized textual description leads to higher relevance and natural-
ness compared to directly using original input text for the Au-
dioLDM2 model. We tested 4 different large language models

in this study. Among the tested models, the background audio
generated by text descriptions from Spark3.5 MAX achieves the
best performance.
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