arXiv:2505.13082v1 [cs.SD] 19 May 2025

MultiActor-Audiobook: Zero-Shot Audiobook Generation
with Faces and Voices of Multiple Speakers

Kyeongman Park', Seongho Joo', Kyomin Jung"

1Seoul National University, South Korea,

zzangmane@snu.ac.kr, seonghojoo@snu.ac.kr, kjung@snu.ac.kr

Abstract

We introduce MultiActor-Audiobook, a zero-shot approach for
generating audiobooks that automatically produces consistent,
expressive, and speaker-appropriate prosody, including into-
nation and emotion. Previous audiobook systems have sev-
eral limitations: they require users to manually configure the
speaker’s prosody, read each sentence with a monotonic tone
compared to voice actors, or rely on costly training. How-
ever, our MultiActor-Audiobook addresses these issues by in-
troducing two novel processes: (1) MSP (Multimodal Speaker
Persona Generation) and (2) LSI (LLM-based Script In-
struction Generation). With these two processes, MultiActor-
Audiobook can generate more emotionally expressive audio-
books with a consistent speaker prosody without additional
training. We compare our system with commercial products,
through human and MLLM evaluations, achieving competitive
results. Furthermore, we demonstrate the effectiveness of MSP
and LSI through ablation studies.

Index Terms: human-computer interaction, audiobook genera-
tion, speech synthesis, face-to-voice

1. Introduction

Stories are complex literary works characterized by a wide
range of emotions and multiple speakers. Transforming such
texts into speech, as in the case of audiobooks, resembles hu-
man actors performing a script, where they convey the most
fitting prosody and emotions for each scene [1, 2, 3]. For in-
stance, reading a novel in a monotone voice would be unnat-
ural; instead, the emotion, tone, and pitch must dynamically
adapt to the context [4, 5, 6, 7, 8]. Furthermore, stories feature
not only narrators but also diverse characters, each requiring a
voice that reflects their distinct characteristics such as personal-
ity and physical traits like face [9, 10, 11, 12, 13, 14, 15, 16] to
achieve natural-sounding dialogue.

Traditional audiobook generation systems have generally
relied on two approaches. The first approach involves collecting
extensive, high-cost datasets, such as over 60 hours of profes-
sional voice actor recordings [1], to predict dynamic prosody
for each word embedding[1, 17, 18]. However, this method is
limited to the specific domain in which the data was collected
and incurs significant costs for data acquisition and model train-
ing. For example, [1] can only produce natural speech within
the scope of traditional Chinese oral art forms.

The second approach is manual annotating, where humans
meticulously select cadence, emotions, pitches, and tones for
each speaker and each sentences [3, 19, 20]. This annotated
data is then used with pre-trained prompt-TTS systems [2, 5, 6,
7, 12, 21]. While this method reduces costs for data collection
and model training, it still requires substantial human labor and

time to produce a single audiobook. For instance, NarrativePlay
[19] involved manually selecting from over 3,000 predefined
prosody patterns for each character.

To sum up, previous works often need costly data col-
lection, model training, or manual annotations. To address
these challenges, we propose MultiActor-Audiobook : Zero-
Shot Audiobook Generation with Faces and Voices of Multi-
ple Speakers. MultiActor-Audiobook introduces two innova-
tive processes: (1) Multimodal Speaker Persona Generation
and (2) LLM-Based Script Instruction Generation. Although
both processes operate in a fully automated and zero-shot man-
ner, MultiActor-Audiobook produces more emotionally expres-
sive and speaker-appropriate audiobooks.

During Multimodal Speaker Persona Generation, we create
a multimodal persona for each speaker. Specifically, LLM first
identifies all speaker entities within the novel, including both di-
alogue and narration. It then extracts descriptive features from
the text related to each character. Based on this textual persona
information, we utilize a text2image model to generate an Al-
generated face image that visually represents the character. Us-
ing this face image and its corresponding caption, we employ a
pretrained Face-to-Voice system [14] to produce a unique voice
sample that reflects each character’s distinctive prosody. By
leveraging visual information for each character, we can gen-
erate a more characteristic and fitting voice, and we can main-
tain speaker consistency throughout the story by anchoring each
speaker to their unique voice samples.

Then the LLM-based Script Instruction Generation process
employs GPT-40 [22] to create dynamic instructions for each
sentence in the novel. These instructions mainly include emo-
tional cues, tone, and pitch. During generation, we not only
provide the target sentence but also give the surrounding context
and each character’s persona information to LLM. By providing
this additional information, the LLM can predict more appropri-
ate and continual emotional expression for each sentence. With
these detailed emotional and contextual script instructions, the
TTS model can read each sentence more naturally and expres-
sively, leading to a better listening experience.

To evaluate our system’s performance, human annotators
and the MLLM (Multi-modal Large Language Model) com-
pare it with baselines, including powerful commercial products.
As a result, our system achieves comparable MOS scores to
the baselines in human evaluation and demonstrates an average
0.225-point improvement in MLLM evaluation. Additionally,
our ablation studies validate the effectiveness of each process
by showing consistent improvements across all metrics, high-
lighting its respective contribution to overall performance.



2. MultiActor-Audiobook

MultiActor-Audiobook aims to create audiobooks that deliver
speaker-aligned voice and natural emotional expressions. To
generate each speaker-algined voices in the story, it performs
Multimodal Speaker Persona Generation, and to ensure nat-
ural emotional expression, it utilizes LLM-Based Script In-
struction Generation.

2.1. Multimodal Speaker Persona Generation

In this process, the LLM identifies each character in the story
and generates audio samples and facial images that match each
character. The process includes three steps: (1) Extract all
speakers from the story and create captions, (2) Create Facial
personas for each character, and (3) Create audio personas for
each character.

2.1.1. Extract all speakers and their characteristics from story

We first input the entire story into the LLM and extract all
distinct characters with speaking lines, including the narrator.
The LLM also makes captions about the physical appearance
and personality traits of each character. Even if the story does
not explicitly describe their appearance or intonation, we guide
the LLM to infer these details through reasonable imagination
based on indirect descriptions in the narrative. An example
prompt is as follows :

e N
Analyze the following story and
extract:

1. The narrator: provide a
detailed description of the
narrator’s external features that
could be used to create a portrait.
If the narrator is a third-person
narrator, analyze the main character
in the story and treat them as the
narrator.

2. A list of characters with
speaking lines (dialogue) and

for each character, provide their
name or role in the story and a
description of their external
features that could be used to
create a portrait in one sentence.
If sufficient information is not
provided, use reasonable imagination
to infer their features based on
their role and context.)

- J

2.1.2. Create facial personas

Using the captions generated in the previous step, we create
Al-generated face images with a State-of-the-Art text-to-image
model, the Stable Diffusion Model. Specifically, considering
that the primary dataset used to train the backbone TTS model
is sourced from real human speech scenes, we employ a model
specialized in generating photorealistic human images'. Addi-
tionally, we filter out any samples that do not depict a human
face.

IThe model is able to freely download from https://
huggingface.co/SG161222/Realistic_Vision_V2.0

2.1.3. Create audio personas

Using the face images and captions generated in the previous
step, we create audio samples that match each character. Specif-
ically, we use the Masked Generation feature of FleSpeech to
synthesize short voice samples for each character using only
face images and captions.

2.2. LLM-Based Script Instruction Generation

In this process, we generate individual instructions for every
sentence in the story. This process consists of two steps: (1)
Identifying the speaker of each sentence, (2) Generating appro-
priate emotional instructions for each sentence.

2.2.1. Identify the speaker of each sentence

In this process, we input the entire story into the LLM to iden-
tify which character speaks each sentence. Since many dialogue
lines are spoken by characters other than the narrator, accurately
distinguishing the speaker of each line is crucial for the reader’s
experience. Once this process is complete, we match each sen-
tence with the correct speaker’s ID and persona information. An
example prompt is as follows :

e N\
You are analyzing a story. Based
on the full story and the current
sentence, determine who is speaking
the current sentence. Use the
following rules: 1. Refer to
the full context of the story to
identify the speaker. 2. Only
assign the speaker from the provided
list of characters below. 3.
Consider dialogue attribution
markers (e.g., ’'said Alice’) and
indirect clues in the story. 4. If
the sentence seems to be narration,
return the main character’s name.

2.2.2. Create Text Description of Each Sentence

In this process, we input the entire story, the target sentence,
and the speaker information of the target sentence into the LLM
to generate appropriate narration descriptions (e.g., Use a calm
and reassuring tone.). We instruct the model to avoid descrip-
tions unrelated to speaking and to ensure that the emotional
flow transitions naturally from the previous sentence to prevent
abrupt emotional shifts. An example prompt is as follows:

[Full Story] [Target Sentence] Based
on the full context of the story
and the current sentence, provide

a single, concise instruction

on how the sentence should be

read aloud emotionally. Make the
tone, pitch, pacing, and emotional
delivery needed for a professional
narration. If applicable, make a
smooth transition from the previous
emotion, and consider the emotions
between the characters.
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Figure 1: The MultiActor-Audiobook. At the left side of figure (a), we perform Multimodal Speaker Persona Generation to create each
speaker’s Al-generated face images and voice samples, and LLM-based Script Instruction Generation to annotate every sentence’s
speaking instructions. At the right side of figure (b), we input all the multimodal input to our backbone TTS model, the FleSpeech, to

generate speaker-aligned emotional audiobook.

2.3. Integration All Input Data

Finally, we input all the data generated from the previous two
processes—face images, face captions, audio samples, text de-
scriptions, and target texts—into FleSpeech [14], the back-
bone multimodal TTS system, to complete the audiobook on a
sentence-by-sentence basis. FleSpeech includes a unified multi-
modal prompt encoder, which is trained to map representations
from various modalities using query-based MLPs and a diffu-
sion process, allowing us to input text, audio, and visual data
all at once. The face images, face captions, and audio sam-
ples remain fixed for each character within a single story sam-
ple generation, while only the target text and text description
are updated for each sentence.

3. Experiments
3.1. Experimental Setup
3.1.1. Story Dataset

We use the story dataset ReedsyPrompts[23] in this paper. The
ReedsyPrompts contains appropriate length of stories, allowing
for diverse and distinctive speakers to appear within a single
story. We use only partial samples of the total training samples
since the heavy generation costs. In 12 samples, each story has
an average of 4.3 speakers and consists of an average of 175
sentences. The average audio length is 749.56 seconds.

3.1.2. MultiActor-Audiobook Implementation Details

For generating face images, we wuse the State-of-
the-Art photorealistic ~ Stable Diffusion model, the
SG161222/Realistic _Vision_V2.0. = We also utilize gpt-4o-
2024-08-06 for the LLM capabilities, and FleSpeech served as
the backbone TTS model, with the same parameter values as

reported in the original paper. None of the models perform any
additional training, and for the inference we use NVIDIA RTX
AS5000 GPU settings.

3.1.3. Baselines

The baselines are ElevenLabs, FakeyouTTS, F5-TTS, w/o Per-
sona, and w/o Instruction. ElevenLabs and FakeyouTTS are
well-known commercial TTS systems that do not support the
input of speaking descriptions or multimodal persona informa-
tion for speakers. Instead, they offer predefined character into-
nations that users can manually select. Therefore, we choose
the most suitable character intonation for each story. We gener-
ate each audiobook using the same stories as our system. Note
that ElevenLabs supports audiobook generation in a life-like
and emotionally rich mode.

F5-TTS allows specifying the speaking voice style of each
character but does not utilize visual persona information or
speaking descriptions. We use each character’s audio persona
to determine the voice style for each sentence.

w/o MSP is a version that uses the same backbone TTS
model of ours but masks the Multimodal Speaker Personas
which include face images, face captions, and audio samples,
relying solely on the target text and text descriptions.

w/o LST refers to a version that utilizes all input data except
for the LLM-based Script Instruction.

3.2. Main Experiments Results

We conduct a Mean Opinion Score (MOS) listening test with
five human evaluators and an MLLM evaluator. Character-
Voice Consistency measures how well the audiobook’s voices
align with the characters’ personality in the story, including fac-
tors such as gender, pitch, speed, volume, and intonation. MOS-
Q evaluates the overall audio quality, including aspects like



Ours w/o MSP w/o LSI ElevenLabs FakeYou F5-TTS
Char-Con 2.9i0,12 /3.9 2.6:{:0_17 /3.4 2.9:|:0,10 /ﬁ 4-2j:0.60 /3.7 Qio,gl /3.2 2.6i0,21 /3.7
MOS-Q 244029/33 224021/3.1 284020/34 4.64027/40 3.640025/3.7 3.440.25/3.7
MOS-E 294+021/46 251019/40 2.64012/3.7 424052/42 254027/44 1.8+031/39
MOS-S 2.64024/34 244015/33 254+012/3.1 434044/2.6 244023/3.2 2.0+030/2.6

Table 1: Human / MLLM average scores of Char-Consistency(Char-Con), MOS-Quality(MOS-Q), MOS-Emotion(MOS-E), and MOS-
Speaker(MOS-S) across our system and baselines. For each score, the value to the left of the slash (/) represents the average MOS
scores of human annotators, while the value to the right represents the MOS scores of the gpt-4o-audio-preview. We bold the best values

and underline the second best values.

Speaker Similarity Turning Points
Ours 51.334 146885.1
ElevenLabs 40.473 125309.6
FakeYou 48.640 108087.5
F5-TTS 51.332 57737.7

Table 2: The speaker embedding similarities and number of
turning points of our system and baselines. We bold the best
values and underline the second best values.

clarity, high-frequency, and naturalness. MOS-E assesses how
appropriately emotions are conveyed in each sentence, while
MOS-S measures how accurately the speaker is identified for
each sentence. For MLLM evaluations, we used the same ques-
tion provided to human evaluators and employed the audio-to-
text QA feature of gpt-4o-audio-preview.

The quantitative analysis involves the analysis of speaker
embedding similarity and the number of pitch turning points.
To evaluate the voice consistency of the audiobooks, we mea-
sure the speaker embedding every 10 seconds in a sample us-
ing an open-source speech embedding model?, and calculate
the average similarity. To assess emotional expressiveness, we
count the number of pitch turning points. A higher speaker em-
bedding similarity indicates better maintenance of voice consis-
tency within the sample, while a greater number of pitch turning
points suggests stronger emotional fluency.

3.2.1. Character-Voice Consistency

As shown in Table 1, ElevenLabs achieves the highest
Character-Consistency score in human evaluation, followed by
FakeYou. In the MLLM evaluation, our system scores the high-
est, while w/o LST achieves the second-highest score. Although
ElevenLabs’ audiobook generation does not support automatic
selection of an optimistic narrator voice, its substantial addi-
tional training cost may contribute to its superior performance
compared to other baselines.

For FakeYou, we manually selected the best-matched fa-
mous actors’ voices, such as Morgan Freeman, for each story,
which likely led to strong human evaluator preferences in the
Character-Consistency metric. However, the MLLM scores in-
dicate that our system also performs well compared to other
baselines, thanks to Multimodal Speaker Persona Generation.

2https://github.com/douglasl25/
SpeechIdentity?tab=readme-ov-file

3.2.2. MOS-Q, MOS-E, MOS-S

As shown in Table 1, ElevenLabs achieves the highest MOS-
Q scores in both human and MLLM evaluations, followed by
FakeYou. Compared to the zero-shot nature of our system, there
commercial products have a significant advantage in this metric
due to their substantial additional training costs.

For MOS-E and MOS-S scores, our system ranks second-
highest in human evaluation and achieves the highest scores
in MLLM evaluation. Its superior performance compared to
w/o MSP and w/o LSI demonstrates that both of our novel
processes—the Multimodal Speaker Persona Generation and
LLM-based Script Instruction Generation—are crucial for con-
veying appropriate emotional expressions.

Since w/o LSI outperforms w/o MSP across all metrics,
particularly in Char-Con and MOS-Q scores, we conclude that
multimodal inputs play a central role in audiobook quality, pri-
marily by enhancing the consistency of speaker identities.

3.2.3. Quantitative Analysis

As shown in Table 2, our system achieves the highest Speaker
Similarity and number of pitch turning points. From this,
we can conclude that our system maintains voice consistency
across each sample very well while also producing various lev-
els of emotional expressions, such as joy, love, and laughter,
which result in frequent pitch variations.

4. Conclusion

We introduce MultiActor-Audiobook, a zero-shot system for
generating emotionally expressive and speaker-appropriate au-
diobook without extra training or manual annotations. Our ap-
proach leverages two key processes: Multimodal Speaker Per-
sona Generation, and LLM-Based Script Instruction Gen-
eration. Experimental results show that our system achieves
mostly best or second highest scores in human and MLLM eval-
uations, and the best results in quantitative analysis, while elim-
inating the need for costly data collection and manual labeling.

5. Limitation

MultiActor-Audiobook exhibits lower quality than some com-
mercial systems, mainly due to the backbone TTS model, Fle-
Speech, which is trained on a smaller, less specialized dataset.
Large-scale audiobook datasets by professional voice actors
could improve performance. Additionally, since FleSpeech
was trained on specific face samples (e.g., TED lecturers), it
struggles with unseen Al-generated faces. Future multimodal
TTS systems with more diverse face samples could enhance
MultiActor-Audiobook’s performance.
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