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ABSTRACT

Existing text-to-speech systems predominantly focus on

single-sentence synthesis and lack adequate contextual mod-

eling as well as fine-grained performance control capabilities

for generating coherent multicast audiobooks. To address

these limitations, we propose a context-aware and emotion

controllable speech synthesis framework specifically engi-

neered for multicast audiobooks with three key innovations:

a context mechanism for contextual consistency, a disen-

tanglement paradigm to decouple style control from speech

prompts for semantic consistency, and self-distillation to

boost emotional expressiveness and instruction controllabil-

ity. Experimental results show superior performance across

the generation of narration, dialogue, and the whole chapter,

significantly outperforming existing baselines. Ablation stud-

ies are conducted to validate the effectiveness of our proposed

methods. Demo samples can be found in https://everest-

ai.github.io/.

Index TermsÐ Audiobook Generation, Context-aware,

Style Control, Emotional TTS

1. INTRODUCTION

Long-form audiobooks, a widely adopted content format, in-

tegrate information delivery and auditory engagement. How-

ever, traditional production methods, whether fully manual or

human-involved, face high costs and long production cycles,

especially for multicast albums with multiple characters.

In response, researchers have recently developed auto-

mated solutions for high-quality audiobook generation [1–5].

AudioStory [2] employs an LLM to process instruction in-

puts, decomposes long audio into structured subtasks, and

generates short clips sequentially. MultiActor-Audiobook [1]

utilizes a Transformer-based multimodal model to capture

character traits, uses LLMs for emotional guidance, and
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synthesizes speech at the sentence level. Dopamine Audio-

book [3] and MM-StoryAgent [4] adopt multi-agent pipelines

for story-based generation, but integrate existing TTS systems

such as CosyVoice [6] rather than proposing new synthesis

methods. Similarly, Shaja et al. [5] proposed a system en-

hancing immersion via spatial audio, which also relies on

established TTS backbones. A key limitation across these

methods is the lack of explicit inter-sentence modeling, re-

sulting in inadequate contextual consistency.

Several industry approaches have incorporated context

modeling for long-form speech. MoonCast [7] targets pod-

cast generation with long-context modeling and colloquial

scripts; MOSS-TTSD [8] achieves state-of-the-art long-

segment quality via efficient codecs and data pipelines;

CoVoMix [9] and koel-TTS [10] focus on conversational

expressiveness. Despite these advances, such systems remain

largely tailored to podcasts, modeling long context in an

simplistic manner that lacks fine-grained controllabilityÐa

critical requirement for audiobooks, which demand precise

narrative flow and expressive multi-character portrayal.

Some prior efforts partially address context or controlla-

bility but exhibit inherent shortcomings. The prosody analy-

sis in [11] offers data without synthesis capabilities; TACA-

TTS [12] improves long-sequence continuity but lacks emo-

tional control; the memory module in [13] over-relies on ex-

tended context, which we find can introduce redundancy and

persona inconsistency. CosyVoice 2 [6] uses instructed data

to improve controllability, yet still falls short in scene adapta-

tion for audiobooks.

To overcome these limitations, we propose a novel speech

synthesis framework tailored for long-form multicast audio-

books named Audiobook-CC. Our main contributions in-

clude:

• We introduce a context modeling mechanism for long-

form audiobook generation, which dramatically im-

proves semantic consistency across context.

• A disentanglement training paradigm is designed to de-

couple the style of the generated speech from speech

prompt, which facilitates the tone of generated speech

following more the semantic information of given text.
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Fig. 1. An overview of Audiobook-CC. (a) The audiobook generation pipeline: long-form fiction is segmented into chapters,

followed by textual and character persona analysis. Narrations and dialogues are extracted, assigned to voices through casting,

and synthesized using the proposed architecture, resulting in a neutral-style multicast audiobook. (b) Detailed architecture of

the proposed controllable long-context speech synthesis model.

• A self-distillation method is proposed to highly en-

hance the emotional expressiveness and instruction

controllability of generated speech.

2. METHODOLOGY

We address four key challenges in long-form multicast audio-

book synthesis: contextual scenario adaptability, semantic-

prosodic consistency, character persona stability and control-

lability.To tackle these challenges, we propose the Audiobook-

CC system, an integrated audiobook generation pipeline il-

lustrated in Fig. 1(a).

The main architecture of our proposed speech generation

model shown in Fig.1(b) leverages CosyVoice2 [6]. We pre-

serve its text&speech tokenizer and flow-matching modules,

but notably substitute the HiFi-GAN vocoder with BigVGAN

to enhance audio fidelity and robustness. Our work mainly

focuses on exploring how to better utilize contextual infor-

mation and enhance controllability in the training process of

large language models. For auto-regressive LLMs, the orga-

nization of sequential structures is of critical importance. In

our system, it is constructed as follows:

[V, seqC, S , seqE, {W i}, T , {U j}, E ] (1)

The symbols S and E denote the start and end of a

sequence, while T marks the switch between text tokens

and speech tokens. The text tokens W i are obtained by pro-

cessing the input text with a text tokenizer. Similarly, the

speech tokens U j are derived using the same speech tokenizer

in cosyvoice2.

A speaker embedding V , derived via Cam++ [14], is

prepended to the input. Contextual information is structured

into pre-context Cpre and post-context Cpost, demarcated

by preS / preE and poS / poE , respectively. The full contextual

sequence is formed as:

seqC = preS , {Cm
pre}, preE , poS , {Cn

post}, poE (2)

Control inputs (e.g., emotion or volume) are denoted El,

with EM and /EM marking the boundaries. The controllable

sequence is constructed as:

seqE = EM , {El}, /EM (3)

We train an autoregressive (AR) speech language model

conditioned on the speaker embedding V , contextual seqC,

controllable seqE, text tokens W i, and GT tokens U j , to pre-

dict the shifted speech token sequence Ũj , formulated as:
N∏

j=1

p(Ũj | V, seqC, seqE,W, Ũ<j ; θAR) (4)

We detail the training and inference strategies of our system

below.

2.1. Contextual Consistency

While pre-context Cpre and post-context Cpost intuitively en-

hance contextual consistency, training solely on textual con-

text without explicit speaker modeling still requires prompt

speech for voice specification during inference. Conse-

quently, synthesized speech prosody remains constrained

by the prompt speech, limiting semantic-prosodic alignment

and narrative coherence in long-form synthesis.

Semantic Consistency Enhancement: To improve align-

ment between synthesized audio and text semantics while



mitigating excessive prosodic interference from prompt au-

dio, we adopt a decoupled training strategy. Rather than

the traditional coupled ªprompt-targetº training model, we

employ independent modeling that focuses on the adaptive

relationship between target audio prosody and text semantics.

This approach reduces cross-audio prosodic interference at

the data level and enhances consistency between synthesized

audio and current text semantics.

Persona Consistency Enhancement: To avoid acous-

tic timbre shifts caused by insufficient prompt matching

while decoupling, we propose a multi-constraint prompt se-

lection mechanism with three refinements: 1) prompts are

selected within the same chapter with voiceprint similarity

constraints [14] to reduce cross-chapter variance; 2) an op-

timal similarity threshold is experimentally determined to

balance voice stability and prosodic diversity; 3) high-quality

labeled multi-emotional speech data is incorporated to allevi-

ate sample sparsity and ensure consistent persona expression

across emotions.

2.2. Controllability

This section introduces our controllability enhancement strat-

egy, focusing on training and inference mechanisms.

Controllability Enhancement: During training, fiction

or persona-derived instructions are decomposed into discrete

attribute labels. For example, ºshouting angrilyº decom-

poses into ºvery angry, low volume, slow speedº for an ill

elderly person, and ºvery angry, high volume, fast speedº

for a healthy personÐfacilitating explicit attribute–acoustic

feature mapping learning. During inference, a third module

converts user instructions into attribute combinations. This

discretization mitigates linguistic ambiguity and enhances

control precision.

Emotional Intensity Enhancement: To alleviate the

scarcity of high-intensity emotional samples, we employ a

self-distillation strategy consisting of three key steps: First,

samples with varying intensity levels are synthesized using

a pre-trained emotional TTS model; Second, the generated

samples are filtered through PER, speaker similarity and

pitch to guarantee quality; Third, the intensity distribution is

balanced via targeted data augmentation.

3. EXPERIMENTAL SETUP

3.1. Experimental Setup

Datasets and Training: There were three stages in our

training. First, 1 million hours audiobook data was used

to finetune CosyVoice2 for audiobook domain adaptation.

Second, a 100K hours context-aware dataset and 500 hours

recordings labeled with instructions were employed to further

finetune the model. It is worthy to note that each sentence in

context-aware dataset was annotated with timestamp, speaker

IDs and position information in the whole chapter. Third,

to enhance the expressiveness and controllability of instruc-

tions, a data augmentation dataset of 5k hours was constructed

based on the model after two-stage training. During the train-

ing, the model was optimized with AdamW Optimizer [15]

by setting learning rate to 1e-5 for first two stages but 1e-6

for the last stage. 64 NVIDIA A800 GPUs are employed to

train the model with batch size of 384 for 720K, 300K and

10K steps respectively for three stages.

To evaluate on audiobook scenarios, three test sets were

constructed: a narrative test set Test-NAR consists of 100

paragraphs with each paragraph over 240 sentences. A dia-

logue test set Test-DIA composed of 570 dialogue sentences.

15 chapters varying from 2000 to 4000 sentences were used

to construct a chapter test set Test-CHAP including both

narration and dialogue parts.

Model Evaluation: For comprehensive evaluation of our

system, we used two subjective assessment methods [16]:

Single-sentence Mean Opinion Score (S-MOS) for dialogue

samples, and Multi-sentence Mean Opinion Score (M-MOS)

for narration and long-chapter samples. We randomly sam-

pled 20 paragraphs (from Test-NAR), 60 sentences (from

Test-DIA) and 10 chapters (from Test-CHAP) for subjec-

tive ratings, with 50 Chinese native speakers recruited to

score both S-MOS and M-MOS. We further compared it

with two baselines via ABX tests: single-sentence (S-ABX)

for dialogue, and multi-sentence (M-ABX) for narration and

chapters.

Besides subjective evaluations, we use objective met-

rics, PER [17] and SS [14], to guarantee the stability of the

model. Our proposed model was evaluated and compared

under the following three configurations: Infer-ctx: infer-

ence using only the additional context sequence. Infer-inst:

inference using only the additional instruction sequence.

Infer-ctx&inst: inference incorporating both context and

instruction sequences.

3.2. Main Results

The results from Table 1 and Fig.2 show that the proposed

system largely exceeds both baseline models for all test se-

tups. By comparing the results between the narration and di-

alogue tests, the results of the dialogue tests are more advan-

tageous than those of the narration tests for both MOS and

ABX tests.It is also worthy to mention that the speech generation

strategy of Infer-Ctx&Inst does benefit from combining

context-aware narration generation and instructed dialogue

generation. From Fig.2, Ctx&Inst achieves the most prefer-

able result compared to just Infer-Ctx and Infer-inst, which is

consistent with the results in Table 1.
3.3. Ablation Analysis

To validate key components of our framework, four ablation

experiments were conducted. Experiments 1–3 focus on con-

text awareness, using a 100 k-hour audiobook chapter dataset

for training, Test-DIA for evaluation, and SS [14], PER [17]



Table 1. The S-MOS and M-MOS of different context models

Model
Narration

M-MOS

Dialogue

S-MOS

Chapter

M-MOS

Baseline

CosyVoice2 3.91±0.07 3.84±0.09 3.88±0.07

MOSS-TTSD 3.78±0.11 3.67±0.07 3.72±0.09

Proposed

Infer-ctx 4.06±0.08 3.93±0.06 4.13±0.09

Infer-inst / 3.96±0.08 /

Infer-ctx&inst / 4.11±0.06 4.25±0.11

Fig. 2. Preference test results

and S-MOS as unified metrics. Experiment 4 focuses on

instruction, adopting dedicated training dataÐincluding 500

hours of high-quality emotional data and 5,300 hours of

augmented dataÐand tailored assessment methods.

Table 2. Performance Comparison of Context Strategy

Model SS PER S-MOS

Non-Decoupled 0.87 1.33 3.45±0.09

Decoupled-0.68 0.69 1.19 3.86±0.06

Decoupled-0.8 0.79 1.84 3.82±0.07

Decoupled-0.8 + context 0.80 1.67 3.93±0.06

Decoupled vs Non-Decoupled Models: We compared

two strategies for the context-aware module: the non-decoupled

model, where audio prompts and targets are identical, and the

decoupled model, in which distinct prompts and targets are

selected via a specific strategy. Results in Table 2 show

the non-decoupled model achieves excessively high SS [14],

indicating over-similar timbre, prosody, and emotionÐand

thus impractical for audiobook due to insufficient character

diversity.

Impact of Decoupling Threshold: Audio clips within

chapters were clustered using different thresholds to generate

distinct speaker IDs. A lower threshold reduced SS [14], with

occasional timbre discontinuities but yielded slightly higher

S-MOS than higher thresholds. Conversely, an excessively

high threshold is hypothesized to increase SS [14], approach-

ing non-decoupled model performance, while risking lower

S-MOS, based on tested threshold trends.

Effect of Contextual Text Input: We evaluated the influ-

ence of contextual text on the context-aware module by feed-

ing the Text-Speech Language Model with two input types:

target text alone, or target text plus its preceding and sub-

sequent sentence. The context-augmented model achieved a

higher S-MOS, with listening tests confirming improved co-

herence. Next, we present an example.

ª叫师父给你多喂几碗符水，看你还胡说八道。我猜是师兄功力大进º

While this sentence shows no explicit emotional indicators, the model nat-

urally incorporated laughter into the synthesis based on the prior contextual

ª一旁的夏姝噗嗤笑个不停，º

Fine-Grained Emotional Control: We used the Chi-

nese emotional speech test set from CV3-Eval [18] to eval-

uate controllability, modifying the original instructions into

three types of emotional states: ªhigh-intensity single emo-

tionº, ªlow-intensity single emotionº, and ªmixed emotionº.

Three metrics are employed for emotional evaluation: emo-

tion classification F1-score [19] for single emotions; S-MOS

[16] and SS [16] for mixed emotions. Results in Table 3

show our model exhibits stronger H-L (discriminability be-

tween ªhigh-intensityº and ªlow-intensityº) emotion control

on ªText-Unrelatedº test set and outperform baseline mod-

els [6] in high-intensity emotion control. Table 4 shows that

our model also outperforms the baseline model [6] in terms

of mixed emotion performance.

Table 3. Comparison of F1 scores For Single Emotion

Model
Text-Related Text-Unrelated

angry happy sad angry happy sad

CosyVoice2-H 0.79 0.96 0.68 0.07 0.62 0.53

CosyVoice2-L 0.77 0.92 0.68 0.00 0.68 0.38

Infer-inst-H 0.72 0.92 0.98 0.31 0.54 0.65

Infer-inst-L 0.62 0.91 0.94 0.00 0.39 0.32

∆CosyVoice2(H-L) 0.02 0.04 0.00 0.07 -0.06 0.15

∆Infer-inst(H-L) 0.10 0.01 0.04 0.31 0.15 0.33

Table 4. Performance Comparison For Mixed Emotion

Model
Text-Related Text-Unrelated

SS S-MOS SS S-MOS

CosyVoice2-instruct 0.74 3.67±0.06 0.75 3.35±0.07

Infer-inst 0.77 4.08±0.07 0.78 3.87±0.09

4. CONCLUSIONS

The paper proposes a controllable, context-aware TTS frame-

work for multicast audiobooks, with 3 innovations: a context

mechanism for contextual consistency, a disentanglement

paradigm to decouple style control from speech prompts for

semantic consistency, and self-distillation to boost emotional

expressiveness and controllability. Experiments show the

framework outperforms baselines in narration, dialogue, and

chapter generation, with ablation studies validating its key

components.In future, we can expand chapter data or select



specific data to mitigate data sparsity, and explore reinforce-

ment learning for performance improvement.
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