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Abstract

Emotional Text-to-Speech aims to synthesize
speech with human-like naturalness and ex-
pressiveness. However, existing systems rely
on sentence-level labels, which fails to capture
the subtle nuances of human affect. Based on
cognitive appraisal theories, we argue that emo-
tional expression is not generated in isolation
but is deeply influenced by speaker’s Personal
Experience and the conversational Context.

To overcome the information bottleneck in-
herent in traditional annotations, we present
Emotional-Context-Speech, a large-scale,
context-aware speech corpus derived from
multi-speaker audiobooks. This dataset pro-
vides not only transcriptions but also dialogue
context, personal experience, open-vocabulary
emotion labels, and paralinguistic descriptions.

Experimental results demonstrate that TTS
model trained using additional context and
experience descriptions as inputs, called
Emotional-Context-TTS 1, significantly out-
performs existing methods in terms of emo-
tional expression accuracy and naturalness.

1 Introduction

Intelligent speech interaction is a fundamental re-
search topic in artificial intelligence. It has wide
applications in fields such as education, mental
health, and finance. A core component of these
systems is Emotional Text-to-Speech (TTS). The
goal of Emotional TTS is to generate speech that
sounds natural and human-like. While recent stud-
ies have made progress in controlling emotional
expression, the naturalness is still not optimal.

The primary limitation of current research lies in
the definition of “Emotion”. Existing methods typ-
ically rely on sentence-level labels, such as simple

*Work done during an internship at VUI Labs.
†Corresponding author
1Checkpoints and features are available on https://

huggingface.co/Insects/Emotional-Context-Speech.

Figure 1: Emotional-Context-Speech sample example.

single-category discrete emotion labels (Diatlova
and Shutov, 2023; Guo et al., 2023a,b) or brief nat-
ural language instructions (Xu et al., 2024; Yang
et al., 2024; Zhou et al., 2025). These annotations
predominantly focus on isolated utterance analysis,
making it difficult for models to deduce the under-
lying causal logic behind emotional expression.

However, human emotion is complex. Robert
Plutchik suggests that emotions are combinations
of basic feelings, leading to thousands of variations
(Plutchik, 2001). More importantly, emotion is not
generated in isolation. Cognitive theories (Scherer
et al., 2001), such as Arnold’s “appraisal-arousal”
model (Arnold, 1960) and Lazarus’s cognitive-
appraisal theory (Lazarus, 1991), emphasize that
an individual’s cognition of the environment deter-
mines their emotional response.

To bridge the gap between theoretical insights
and current modeling practices, we advocate for a
method shift from sentence-level to context-aware
modeling. We concretize the abstract notion of
“environmental cognition” into two core dimen-
sions: Personal Experience, representing the in-
dividual’s historical cognitive baseline, and con-
versational Context, representing the immediate
interaction environment. Based on this perspec-
tive, we construct Emotional-Context-Speech, a
large-scale, context-aware speech dataset derived
from multi-speaker audiobooks. The original novel
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texts corresponding to the audiobooks provide rich
textual information, enabling us to extract detailed
descriptions of the dialogue scenarios and the char-
acters’ personal backgrounds. As shown in Figure
1, our dataset provides the aforementioned descrip-
tions, Open-Vocabulary (OV) Emotion categories,
and additional paralinguistic descriptions.

To efficiently construct this dataset, we develop
an automated pipeline that combines Large Lan-
guage Model (LLM) with acoustic analysis. Since
relying solely on text is insufficient to capture the
exact emotional expression of a sentence, we in-
novatively quantify traditional acoustic features
and incorporate them as inputs to the LLM. This
enables the LLM to comprehend both the seman-
tic content (from the novel text) and the speech
expression (from the audio signal) simultaneously.
Recognizing that emotional expression in speech is
highly correlated with paralinguistic information,
we further task the LLM with generating a descrip-
tive paralinguistic annotation for each sample.

To validate our approach, we trained a TTS
model using this dataset, conditioned on personal
experience, context, paralinguistic descriptions,
and OV-Emotions, named Emotional-Context-
TTS. Our contributions are summarized as follows:

• Theoretical Advancement: We demonstrate
that personal experience and conversational
context are essential for defining emotional
expression. Supported by cognitive theories,
we propose shifting Emotional TTS tasks
from sentence-level to context-aware control.

• Dataset Construction: We construct
Emotional-Context-Speech, the first large-
scale human speech corpus containing
annotations of personal experience, context,
OV-Emotions, and paralinguistic.

• Natural Emotional TTS: Experimental re-
sults demonstrate that the personal experience
and context enables Emotional-Context-TTS
to outperform existing methods, providing a
novel direction for future research.

2 Related Work

2.1 Speech Emotion Datasets

Early research on emotional speech datasets pri-
marily relied on laboratory-recorded data. For in-
stance, MSP-IMPROV (Busso et al., 2016) and
EMOVO (Costantini et al., 2014) gathered samples

by asking actors to perform specific emotions. Sim-
ilarly, datasets like SEMAINE (McKeown et al.,
2011) and RECOLA (Ringeval et al., 2013) in-
duced emotional behaviors through guided interac-
tions. To capture more naturalistic data, recent
studies have shifted towards in-the-wild collec-
tion, such as CMU-MOSEI (Zadeh et al., 2018),
MSP-Podcast (Lotfian and Busso, 2017), and MER
datasets (Lian et al., 2023, 2024), aggregating
large-scale emotional speech from online media.
Despite their scale, these datasets predominantly
focus on sentence-level annotations, treating each
utterance as an isolated event.

Conversational datasets such as IEMOCAP
(Busso et al., 2008) and MELD (Poria et al., 2018)
introduce dialogue history, significantly improv-
ing emotion analysis by providing contextual cues.
However, they lack explicit definitions of the speak-
ers’ experience. Without establishing these "his-
torical cognitive baselines", it remains difficult to
deduce the causal logic of emotional expression in
interactions, thereby affecting the accurate defini-
tion and analysis of emotion expression.

2.2 Controllable Emotional TTS

Early approaches such as EmoSpeech (Diatlova
and Shutov, 2023), Emodiff (Guo et al., 2023a)
and PromptTTS (Guo et al., 2023b) relied on sin-
gle discrete emotion labels. While enabling basic
control, this rigid classification fails to capture the
continuity of human affect, resulting in stereotyp-
ical performances. EmoMix (Tang et al., 2023)
improves expressive capability through multi-label
fusion, yet it remains constrained by the limited
number of predefined label categories.

To address complexity, CosyVoice 2/3 and Ed-
itX (Du et al., 2024b, 2025; Yan et al., 2025) es-
tablished instruction control for open-vocabulary
emotions, while InstructTTS (Yang et al., 2024),
EmoVoice (Yang et al., 2025b), StoryTTS (Liu
et al., 2024b) and IndexTTS v2 (Zhou et al., 2025)
achieved emotional expression control via natural
language. These works have enhanced the diversity
of emotional expression; however, the underlying
logic of the expression remains ill-defined.

Crucially, all the aforementioned paradigms lack
the modeling of cognitive factors—specifically
Personal Experience and conversational Context.
Without these factors, models cannot deduce how
to appropriately express a specific emotion, thereby
limiting both the accuracy and the naturalness.
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3 Dataset Construction

The Emotional-Context-Speech dataset is de-
signed to enhance the naturalness and expressive
precision of emotional speech synthesis by incor-
porating conversational contexts and characters’
personal experiences. We curate our data from pub-
licly available multi-speaker audio dramas. These
resources not only yield highly expressive vocal
performances but also provide a rich textual foun-
dation—via the corresponding novels—that facili-
tates the extraction of contextual information.

Although LLMs have demonstrated exceptional
capabilities in text analysis and summarization
(Radford et al., 2019; Liu et al., 2024c; Shen et al.,
2024), they typically lack direct access to the acous-
tic details within audio. Simultaneously, Large Au-
dio Language Models often struggle to capture the
complex causal logic behind emotions. To address
this challenge, we design a pipeline that integrates
quantifiable acoustic features with textual context,
leveraging the reasoning capabilities of LLMs to
generate acoustically aligned annotations.

3.1 Data Alignment

Since audio dramas typically lack timestamped
transcriptions, we implement an automated
pipeline to align audios with the novel texts.

3.1.1 Audio and Text Preprocessing
• Audio Processing: We utilize Whisper (Rad-

ford et al., 2023)2 to transcribe each audio
episode into text. Subsequently, we employ
the Montreal Forced Aligner (MFA) 3 to
perform forced alignment, obtaining precise
word-level timestamps.

• Novel Text Extraction: We acquire manually
proofread novel texts and extract character
dialogues based on quotation marks. To en-
sure alignment robustness, we filter out overly
short utterances (length < 5), as these short
phrases (e.g., simple interjections like “Hi”)
are prone to ambiguous repetitive matching.

3.1.2 Robust Sequential Matching
We adopt a sequential buffering strategy to align
the transcribed text with the novel dialogues.
Specifically, we maintain a sliding buffer of the

2https://huggingface.co/openai/whisper-large-v3
3https://github.com/MontrealCorpusTools/Montreal-

Forced-Aligner

novel text and process the audio transcripts se-
quentially. Considering that Automatic Speech
Recognition (ASR) outputs may contain errors or
homophones, we perform matching at the phonetic
level (e.g., Chinese Pinyin). Similarity is calcu-
lated using the SequenceMatcher from the difflib
library 4. This ensures that the audio segments are
correctly mapped to their corresponding text.

3.2 Context-Aware Annotation
To prevent the LLM from relying solely on context
to infer emotions, we incorporate the audio modal-
ity via Acoustic Feature Quantization. We then
employ Chain-of-Thought to reason over both con-
text and acoustic statistics, generating acoustically
aligned annotations.

3.2.1 Acoustic Feature Quantization
We extract key prosodic features to represent
the paralinguistic characteristics of the speech.
These features include F0, speech rate, pause
count/duration, spectral centroid, Root Mean
Square (RMS), MFCC variance, and Harmonic-
to-Noise Ratio (HNR).

To make these continuous signals comprehen-
sible to the LLM, we discretize them into integer
tokens. For features such as RMS, F0, HNR, SC,
and MFCC variance, we compute statistics from
a randomly sampled subset (1,000 samples) to de-
termine the dynamic range. We divide the range
between the minimum and maximum values into
10 intervals, with 5 additional extended intervals to
handle potential outliers. Furthermore, time-series
features (RMS, F0, HNR, SC) are downsampled to
10 Hz. This discretization converts complex audio
signals into structured token sequences, enabling
the LLM to analyze them alongside the text.

To empirically validate the effectiveness of our
quantization in bridging the modality gap, we con-
ducted an ablation study on the IEMOCAP (Busso
et al., 2008), which demonstrates a clear perfor-
mance gain in LLM-based emotion classification.
Detailed results are provided in Appendix B.

3.2.2 Chain-of-Thought Annotation
We employ DeepSeek-V3.2 (Liu et al., 2024a; Guo
et al., 2025) as the annotator. We explicitly trig-
ger the model’s Chain-of-Thought (CoT) reasoning
capability to to thoroughly analyze the characteris-
tics of audio features. The prompts used for model
annotation are presented in Appendix A.

4https://docs.python.org/3/library/difflib.html
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Figure 2: The automated annotation pipeline for Emotional-Context-Speech. After aligning speech segments with
the novel text, the LLM generates annotations by integrating quantized acoustic features with the narrative context.

The annotation process follows the following
structured reasoning path:

1. Contextual Analysis: Summarize the dia-
logue context and the character’s personal ex-
perience based on the novel content.

2. Multimodal Fusion: Analyze how the acous-
tic features correlate with the current context.

3. Annotation Generation: Finally, output a
comprehensive set of labels, including:

• Paralinguistic Description: A natural
language description of the speech.

• Emotion Reasoning: The cause of the
emotion derived from context and per-
sonal experience.

• Emotion Labels: An open-vocabulary
list of emotion categories.

To ensure the reliability of the annotations gen-
erated via this pipeline, we conducted a rigorous
human validation study. The evaluation confirms
that the LLM-generated labels are highly accurate
and further corroborates the necessity of context
for emotional judgment. Detailed statistics are pre-
sented in Appendix C.

4 Emotional-Context-TTS

Recent advancements in TTS models have demon-
strated the scalability of LLM-based method in
emotional speech synthesis. However, traditional
models rely solely on text transcriptions (x) or sim-
ple emotion instructions as input, forcing the model

to “guess” the appropriate emotion and prosody
without understanding the underlying “cause” (con-
text) and the “subject” (personal experience).

In this study, building upon the CosyVoice2 (Du
et al., 2024a,b), we reformulate the input space
to shift the generation method from a single text-
conditioned task (p(·|x)) to a context-aware task
(p(·|x, C)). We leverage additional dialogue con-
text annotations and personal experience to guide
the generative capabilities of models.

4.1 Context-based Semantic Modeling

The first stage of our framework focuses on gen-
erating discrete semantic tokens based on input
descriptions. This stage determines the prosody,
rhythm, and emotional tone.

4.1.1 Input Reformulation

In LLM-based TTS models (Figure 3, Left), the
LLM predicts semantic tokens s conditioned only
on the text x. Due to the lack of situational con-
straints, this often leads to “averaged” or generic
emotional expressions.

In our approach (Figure 3, Right), we explicitly
inject the rich metadata as conditions. We define
the Augmented Condition Set C as:

C = [cexp; cctx; cpara; cemo] (1)

where cexp, cctx, and cpara correspond to the de-
scriptions of the context, personal experience, and
paralinguistic details, respectively, while cemo de-
notes the open-vocabulary emotion categories.

18842



Figure 3: Comparison with conventional TTS methods. By integrating Personal Experience, Conversational Context,
Paralinguistic descriptions, and Open-Vocabulary Emotions, EmotionalContextTTS captures the underlying logic
of emotional expression.

4.1.2 Semantic Generation
We utilize the discrete semantic tokens from the
CosyVoice2 model as the prediction target s. The
generation process is formulated as an autoregres-
sive task. Our LLM aims to maximize the likeli-
hood of s conditioned on the augmented context:

p(s | x, C; θLLM ) =
T∏

t=1

p(st | s<t,x, C; θLLM )

(2)

By concatenating the text x with the descriptive
prompts in C, the LLM is enabled to infer the logic
behind the utterance expression.

4.2 Flow-based Acoustic Reconstruction
Once the semantic tokens s are generated, the
second stage is responsible for reconstructing the
high-fidelity acoustic waveform. For this stage,
we adopt the Conditional Flow Matching (CFM)
decoder from CosyVoice2.

The CFM model serves as a universal acoustic
renderer. It learns a time-dependent vector field
vt to transform a simple Gaussian prior p0(y) into
the target mel-spectrogram distribution p1(y). To
achieve high-fidelity zero-shot generation, the flow
is conditioned on the upsampled semantic tokens
s, the speaker embedding espk, and the reference
mel-spectrogram yref :

dyt = vt(yt, t, s,yref , espk)dt (3)

Finally, a HiFi-GAN vocoder converts the mel-
spectrograms into waveform audio.

5 Experimental Setup

In this section, we detail the experimental setup,
including the test dataset construction, model con-
figuration, baselines, and evaluation metrics.

5.1 Dataset Preprocessing
We conduct experiments using the Emotional-
Context-Speech dataset. To ensure rigorous evalua-
tion, we reserve one distinct audio drama series for

validation and testing, while the remaining data is
used for training. To ensure data quality, we filtered
samples with alignment errors using Paraformer-zh
(Gao et al., 2022, 2023) 5.

To rigorously benchmark the accuracy of the par-
alinguistic descriptions generated by our proposed
pipeline, we employed Qwen3-Omni-Captioner
(Xu et al., 2025) 6to generate an alternative set of
annotations for fair comparison. These descrip-
tions were subsequently unified and summarized
by Qwen3-8B (Yang et al., 2025a) 7. The final
training set comprises approximately 730k samples
(1,335 hours) covering 3,359 emotion categories.

5.2 Emotion Test Set Construction

To accurately assess the impact of context and per-
sonal experience on emotional expression, we cu-
rated a high-quality Emotion Test Set (ETS) from
the validation split. We specifically constructed
two subsets to evaluate different capabilities:

5.2.1 ETS-C: Complex Multi-Emotion

We screened samples containing at least two dis-
tinct emotion categories within a single utterance.
Through manual inspection, we selected 25 high-
expressiveness samples to evaluate the model’s
ability to handle complex emotional expression.

5.2.2 ETS-P: Precise Emotion Category

We randomly selected an additional 100 samples
and employed an ensemble OV-emotions annota-
tion using GPT-4o Audio Preview, Gemini 2.5 Pro,
and Gemini 2.5 Flash to analyze the audio and con-
text. Combining these predictions with the original
DeepSeek labels, we conducted a rigorous human
evaluation with 7 annotators. Only labels where at
least 5 annotators agreed were retained, resulting
in 25 samples with highly precise emotion labels.

5https://github.com/modelscope/FunASR
6https://github.com/QwenLM/Qwen3-Omni
7https://github.com/QwenLM/Qwen3
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5.3 Model Configuration
We utilize the pre-trained CosyVoice2-0.5B LLM
checkpoint as the backbone. This module is fine-
tuned on our dataset to predict semantic tokens
conditioned on the augmented contextual inputs.
Then, we directly employ the CFM decoder from
CosyVoice2 without further training to reconstruct
waveforms from the generated semantic tokens.

The model was trained on 8 H100 GPUs for
20 epochs. We used the Adam optimizer with a
constant learning rate of 1e-5. The batch size was
set to approximately 22,000 frames per GPU per
step, with gradient accumulation performed every
2 steps. The final model was obtained by perform-
ing weight averaging on the top-5 checkpoints with
the best validation performance.

5.4 Emotion Expression Baselines
To fairly evaluate the effectiveness of context-
aware control, we compared our method against
two categories of mainstream systems that support
natural language input or multi-emotion modeling.
The prompts used are presented in Appendix D.

Commercial Closed-source Systems:

• Gemini 2.5 Pro/Flash TTS8

• GPT-4o Audio Preview 9

Open-source Systems:

• CosyVoice 2/3 (Du et al., 2024b, 2025)

• StepAudio 2 Mini (Wu et al., 2025)

• Higgs Audio v2 (Boson AI, 2025)

• IndexTTS v2 (Zhou et al., 2025)

5.5 Evaluation Metrics
We adopt a comprehensive evaluation combining
objective metrics and subjective assessments:

5.5.1 Zero-shot Performance Metrics
Following the evaluation protocol of F5-TTS
(Chen et al., 2025), we employ traditional objective
metrics, including Character Error Rate (CER) and
Speaker Similarity (SIM), on the Seed-TTS test-zh
dataset (Anastassiou et al., 2024). Furthermore,
we incorporate automated quality assessment met-
rics, specifically UTMOS (Saeki et al., 2022) and
UVMOS (Wang et al., 2025), to evaluate the zero-
shot synthesis quality and stability.

8https://aistudio.google.com/generate-speech
9https://platform.openai.com/docs/models/gpt-4o-audio-

preview

Model
Train Cfg. Metrics

E C Pa OV CER↓ SIM↑ UT MOS↑ UV MOS↑

CosyVoice 2 - - - - 1.4±0.2 75.2±0.2 3.5 4.7

Emotional
ContextTTS

- - - ✓ 1.8±0.2 74.5±0.3 3.5 4.7
✓ ✓ - ✓ 1.7±0.2 74.7±0.3 3.5 4.7
✓ ✓ ✓Dpsk ✓ 1.6±0.2 74.7±0.3 3.5 4.7
✓ ✓ ✓Omni ✓ 1.6±0.2 74.8±0.3 3.5 4.7

Ground Truth - - - - - - 2.8 4.5

Table 1: Evaluation of zero-shot capabilities on Seed-
TTS zh-test set. ‘Train Cfg.” denote the inputs used
during training. During inference, all models follow
prompt speech style without any instruction.

5.5.2 Emotional Expression Evaluation
Given that traditional objective metrics struggle to
quantify the naturalness and accuracy of emotional
expression, we integrate model-based automated
evaluation (Saeki et al., 2024; Chen et al., 2022;
Hsu et al., 2021; Ma et al., 2024) 10 with subjective
listening tests. The subjective evaluation involves
scoring on a 1–100 scale and a Human-AI dis-
crimination task (determining whether the speech
is real or synthesized). To ensure the accuracy
of subjective ratings, we recruited 10 native Chi-
nese speakers as evaluators, comprising 5 graduate
students from general disciplines and 5 graduate
students specializing in speech AI. This compre-
hensive evaluation framework allows us to rigor-
ously analyze the emotional expressiveness of the
TTS model, while simultaneously benchmarking
the capabilities and limitations of existing mod-
els in the specific task of emotional assessment.
The prompts used for model annotation and the
interface design of the subjective evaluation are
presented in Appendix E.

6 Experimental Results

In this section, we present the evaluation results of
our proposed Emotional-Context-TTS. We analyze
its zero-shot synthesis capabilities, the effective-
ness of our automated annotation pipeline, and
the impact of context-aware modeling on emo-
tional naturalness and accuracy.

6.1 Zero-shot Synthesis Quality

As shown in Table 1, we evaluate the zero-shot ca-
pabilities of Emotional-Context-TTS on the Seed-
TTS zh-test set. E, C, Pa, and OV correspond
to Personal Experience, Context, Paralinguistic

10https://deepmind.google/models/gemini/pro
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Model
Prompts Gemini 3 Pro Score (1–100) Subjective Score (1–100)

Exp Ctx Para Emo ETS-C ETS-P Avg. ETS-C ETS-P Avg. HA(%)

Commercial Closed-source Systems
Gemini 2.5 Pro Preview ✓ ✓ - ✓ 65.8±4.8 73.2±4.0 69.5±3.1 53.9±4.6 51.6±6.9 52.8±4.0 33.1
Gemini 2.5 Flash Preview ✓ ✓ - ✓ 66.4±4.6 74.4±3.6 70.4±3.0 46.1±5.8 48.8±6.6 47.4±4.3 25.6
GPT-4o Audio Preview ✓ ✓ - ✓ 71.7±3.6 75.1±3.0 73.4±2.3 29.4±4.8 19.7±4.6 24.6±3.5 12.4

Open-source Systems
CosyVoice 2 - - - ✓ 72.2±4.1 77.0±2.6 74.6±2.4 55.6±7.5 60.9±5.6 58.2±4.6 44.7
CosyVoice 3 - - - ✓ 71.1±4.1 78.0±2.8 74.6±2.5 59.0±6.3 58.6±5.7 58.8±4.1 42.2

HiggsAudio v2
- - - ✓ 66.5±4.2 71.7±2.6 69.1±2.5 - - - -
✓ ✓ - ✓ 71.1±3.0 71.6±2.4 71.3±1.9 17.0±5.4 17.2±6.1 17.1±3.9 7.8

IndexTTS v2
- - - ✓ 64.5±4.5 73.3±3.2 68.9±2.8 - - - -
✓ ✓ - ✓ 67.1±4.4 73.6±2.6 70.3±2.6 53.7±8.4 46.0±9.2 49.8±6.1 39.6

StepAudio 2 Mini
- - - ✓ 72.0±3.8 76.0±2.6 74.0±2.3 - - - -
✓ ✓ - ✓ 70.4±3.7 76.4±2.6 73.4±2.3 36.9±6.4 44.0±6.9 40.5±4.7 30.0

Ours

Emotional-Context-TTS

- - - ✓ 71.4±4.0 78.0±2.6 74.7±2.4 58.9±5.8 61.3±5.6 60.1±3.9 50.0
✓ ✓ - ✓ 72.6±3.5 76.5±2.8 74.6±2.2 61.8±4.7 61.7±4.1 61.8±3.0 51.0
✓ ✓ ✓Dpsk ✓ 73.2±3.6 74.1±3.5 73.6±2.5 62.8±4.6 62.4±5.1 62.6±3.3 51.3
✓ ✓ ✓Omni ✓ 73.8±3.8 78.0±2.7 75.9±2.3 64.7±4.4 63.0±5.3 63.9±3.3 51.8

Ground Truth - - - - 73.9±4.7 85.1±2.0 79.5±2.7 78.6±4.1 80.2±3.3 79.4±2.5 79.3

Table 2: Evaluation of emotional expression naturalness across different test sets. “ETS-C” and “ETS-P” correspond
to the test sets described in 5.2.1 and 5.2.2. “HA” represents the Human-AI Rate. The top three performing systems
are highlighted with First , Second , and Third background colors. All scores are reported as mean±95% CI.

Description, and OV-Emotions, respectively. Re-
garding paralinguistic features, ✓Dpsk denotes
generated by DeepSeek, while the ✓Omni repre-
sents the annotations by Qwen3-Omni-Captioner.
As illustrated in the results, fine-tuning on the
Emotional-Context-Speech dataset leads to a slight
performance decrease in metrics compared to the
CosyVoice2. Despite this decline, the model main-
tains robust stability and high synthesis quality.

6.2 Emotional Expression Quality

While Emotional-Context-TTS may not exhibit
superior zero-shot performance, it is specifically
optimized for natural emotional expression via
instruction-based multi-emotion fusion. We con-
duct a evaluation using both LLM-as-a-judge and
human subjective scoring.

6.2.1 Performance and Reliability
As presented in Table 2, Emotional-Context-TTS
consistently outperforms both commercial closed-
source systems and state-of-the-art open-source
baselines across Gemini 3 Pro Score and subjec-
tive Score. This establishes the effectiveness of our
proposed architecture. However, a notable discrep-
ancy exists between the Gemini 3 Pro scores and
human ratings. While the LLM-based evaluator
tends to assign higher scores with lower variance,

human evaluators are more discerning, revealing
significant performance gaps. This divergence un-
derscores that while automated metrics provide a
useful proxy, relying solely on LLM-based eval-
uation is currently insufficient for accurately as-
sessing the nuance and naturalness of emotional
speech, necessitating rigorous subjective testing.

6.2.2 Impact of Context and Experience
The ablation study within the Emotional-Context-
TTS reveals a progressive improvement in syn-
thesis quality. The integration of personal experi-
ence and context with the baseline emotion control
yields substantial gains in both naturalness and
emotional accuracy. Furthermore, the Human-AI
rate increases significantly as these components
are added. This empirical evidence validates our
core theoretical premise: emotional expression
is not an isolated event but a complex reaction
shaped by the speaker’s history and the dia-
logue environment. Consequently, incorporating
these dimensions is essential for achieving highly
realistic emotional TTS.

6.2.3 Analysis of Paralinguistic Annotations
The incorporation of paralinguistic descriptions
consistently enhances the model’s emotional ex-
pressiveness, although descriptions generated by
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Prompts SpeechBERT Score (Avg.) Subjective

Exp Ctx Para Emo WavLM HuBERT Emo2Vec Score (Avg.)

- - - ✓ 76.3±0.7 77.4±0.8 88.1±3.1 70.3±3.0

✓ ✓ - ✓ 76.5±0.7 77.4±0.8 89.0±3.4 71.1±2.9

✓ ✓ ✓Dpsk ✓ 76.6±0.8 77.6±0.9 87.2±3.5 73.1±2.9

✓ ✓ ✓Omni ✓ 76.9±0.8 77.9±0.9 88.4±2.9 73.8±3.0

Table 3: Prosodic similarity with ground truth.

Qwen3-Omni-Captioner yielded slightly higher
scores. These results demonstrate that our annota-
tion methodology successfully generating acous-
tically aligned annotations. While the annotation
quality has not yet reached parity with specialized
models, it presents a novel method for zero-shot
audio analysis using LLMs.

6.3 Analysis of Prosodic Similarity
Table 3 presents the evaluation of prosodic simi-
larity between generated speech and the ground
truth. We observe a monotonic increase in subjec-
tive scores as Exp, Ctx, and Para are progressively
integrated. This trend indicates that the model
relies on these contextual cues to deduce the un-
derlying emotional logic of the dialogue, thereby
generating prosody that is more appropriate and
aligned with the ground truth.

In contrast, objective metrics derived from pre-
trained features11 exhibit marginal variance and
inconsistent fluctuations (Emotion2Vec). This dis-
crepancy exposes a critical limitation of current
self-supervised representations: while they demon-
strate strong performance in recognizing highly ex-
pressive, sentence-level emotional samples, they
struggle to capture the fine-grained nuances inher-
ent in complex, authentic emotional expressions.
Consequently, although objective metrics serve as
a supplementary reference, they remain insufficient
for rigorously evaluating the naturalness and emo-
tional correctness of complex synthesized speech.

6.4 Performance on Simulated Data
To further investigate the significance of personal
experience and context, we conducted evaluations
on extended scenarios. Specifically, we employed
GPT-4.1 to generate continuation text based on the
narratives in ETS-C and ETS-P, creating a simula-
tion environment to test the model’s capabilities.
Since the generated continuation may not necessar-
ily align with the paralinguistic descriptions of the

11https://github.com/Takaaki-Saeki/
DiscreteSpeechMetrics

Model
Prompts Subjective Score

Exp Ctx Para Emo Avg. HA(%)

CosyVoice 2 - - - ✓ 71.5±3.4 39.8
CosyVoice 3 - - - ✓ 73.3±3.8 48.2

Emotional
ContextTTS

- - - ✓ 74.4±2.22 47.2
✓ ✓ - ✓ 76.2±1.8 53.4

Table 4: Subjective evaluation results on the continua-
tion content of the test sets.

original sentence, we refrained from conducting
further comparisons on the Para condition. The
prompts used are presented in Appendix F.

As shown in Table 4, even when conditioned
solely on OV-Emotion labels, Emotional-Context-
TTS achieves an average score of 74.4, outper-
forming the CosyVoice2/3 baselines. Furthermore,
incorporating Exp and Ctx leads to a significant
performance gain, boosting the average score to
76.2. This improvement underscores the necessity
of these semantic cues for synthesizing natural and
accurate emotional speech. A similar trend is ob-
served in the HA metric, where the inclusion of
Exp and Ctx elevates the score to 53.4%, demon-
strating that leveraging character background and
context enables the synthesized speech to more
closely resemble human-level expressiveness.

7 Conclusion

In this paper, we propose a method shift from
sentence-level to context-aware Emotional TTS
to enhance the naturalness and accuracy of syn-
thesized speech. We argue that emotional expres-
sion is not isolated but driven by the causal logic
of a speaker’s Personal Experience and the con-
versational Context. To support this, we intro-
duce the Emotional-Context-Speech dataset and
the Emotional-Context-TTS model. A key contri-
bution is our automated pipeline that integrates
quantized acoustic features with textual narra-
tives, enabling LLMs to generate precise, speech-
aligned annotations for experience, context, open-
vocabulary emotions, and paralinguistic details.
Experimental results indicate that objective met-
rics, such as LLM-based judges or embedding sim-
ilarity, fail to fully capture the nuances of com-
plex emotional expression. Subjective evaluations
demonstrate that incorporating Personal Experi-
ence and Context is essential for authentic emo-
tional expression, while also validating the correct-
ness and effectiveness of our annotation pipeline.
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Limitations

Evaluation Scale: Evaluating contextual consis-
tency requires human judges to deeply compre-
hend character backgrounds and complex dialogue
scenarios before listening, which imposes a sub-
stantial cognitive burden. Consequently, the cu-
rated Emotion Test Sets (ETS-C and ETS-P) re-
main relatively limited in the number of distinct
utterances. Although our study involved 10 pro-
fessional judges and produced thousands of data
points to ensure statistical reliability, scaling up
context-aware evaluations without overburdening
evaluators remains an important methodological
challenge for future work.

Data Bias and Generalization: The training
data is primarily derived from audio dramas, which
naturally exhibit a “performative” nature. While
this provides rich emotional expression, it may
differ from authentic, “in-the-wild” conversations.
Automatically acquiring and aligning implicit cog-
nitive information (e.g., character backstories) at
a large scale in fully natural settings is currently
highly challenging. Although our text continua-
tion simulation (Section 6.4) suggests the model
possesses a degree of generalization to novel situ-
ations, further validation in open, daily conversa-
tional scenarios is necessary.

Language and Cross-lingual Transfer: The pri-
mary Emotional-Context-Speech dataset is con-
structed within a Chinese linguistic context. Man-
darin Chinese is a tonal language where pitch
is tightly coupled with lexical meaning, intro-
ducing specific complexities into emotion mod-
eling that differ from non-tonal languages. While
our ablation study demonstrated that our acous-
tic feature quantization pipeline also yielded
performance gains on the English IEMOCAP
dataset—providing encouraging preliminary evi-
dence for cross-lingual feasibility—systematically
exploring and verifying the transferability of our
context-aware method to a broader range of lan-
guages remains a key focus for our future research.

Ethics Statement

This research relies on the Emotional-Context-
Speech dataset, which was constructed by crawl-
ing publicly available audiobooks for research pur-
poses only. Since we do not own the copyright
of the source materials, the raw audio data cannot

be publicly distributed; therefore, no specific li-
cense for data distribution is discussed. The dataset
contains no Personally Identifiable Information
(PII) and has been filtered for safety. We acknowl-
edge potential risks regarding deepfake misuse and
LLM-induced annotation bias; thus, any released
artifacts (e.g., model checkpoints or code) will be
subject to strict non-commercial licensing. Hu-
man evaluations were conducted with informed
consent and voluntary participation, ensuring the
anonymity and rights of all evaluators.
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A Chain-of-Thought Annotation Prompt
for the Context Speech Dataset

Figure 4 illustrates the system prompt for Deepseek
V3.2, which integrates context with quantized tra-
ditional acoustic features.
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B Ablation Study on Acoustic Feature
Quantization

To evaluate the necessity and effectiveness of
our acoustic feature quantization module, we con-
ducted an ablation study on the standard IEMO-
CAP dataset (using the Session 5 subset). We
framed the evaluation as a 4-class emotion classifi-
cation task using DeepSeek-reasoner. The model
was prompted to predict the emotion category us-
ing a dialogue context window of up to 30 sen-
tences.

We compared the classification accuracy under
two settings: relying solely on textual transcripts
versus integrating our quantized acoustic tokens
alongside the text. To ensure statistical reliability,
the evaluation was repeated over five independent
runs across 1,241 samples.

As detailed in Table 5, incorporating the quan-
tized audio features yielded a consistent absolute
improvement of 2.3% in mean accuracy. This em-
pirical evidence confirms that our heuristic quan-
tization effectively bridges the modality gap, en-
abling text-based LLMs to effectively “perceive”
audio variations and significantly enhance their
emotion comprehension capabilities.

C Validation of LLM-based Annotations

To rigorously validate the quality of the annota-
tions generated by DeepSeek-V3.2, we conducted
a human evaluation study. Based on the emotion
intensity output by the model, we randomly se-
lected 60 samples from our dataset (20 low, 20 mid,
and 20 high intensity). We invited 5 human anno-
tators to conduct a blind evaluation, scoring the
accuracy of the generated “Emotion Labels” and
“Paralinguistic Descriptions” on a 5-point scale (1
= completely inaccurate, 5 = highly accurate).

To assess the impact of context on human per-
ception, the evaluation was conducted under two
distinct conditions: (1) w/o Context, where anno-
tators evaluated the generated labels based solely
on the isolated utterance audio, and (2) w/ Context,
where annotators were provided with the dialogue
history and character background.

As shown in Table 6, the annotations achieved
an average score approaching 4.0/5.0, demonstrat-
ing the high reliability of the labels generated by
our pipeline. Notably, the human ratings signifi-
cantly increased across all intensity levels when
annotators were provided with the context. This
finding perfectly echoes the core thesis of our pa-

per: environmental cognitive information is not
only critical for AI generation but is also an es-
sential prerequisite for accurate human emotion
comprehension and judgment.

D TTS Inference Prompt

To ensure a fair performance comparison across dif-
ferent TTS systems, we employed distinct prompts
tailored to each model. The prompt for Gemini 2.5
Pro/Flash TTS is shown in Figure 5; the prompt
for GPT-4o-audio-preview is displayed in Figure 6;
and the prompt used for other systems is presented
in Figure 7.

E Evaluation Protocol for Emotional
Naturalness and Accuracy

E.1 Gemini 3 Pro Annotation Prompts
The prompt utilized for scoring audio samples via
Gemini 3 Pro is shown in Figure 8.

E.2 Subjective Evaluation Interface Design
To facilitate accurate subjective evaluation, we
designed specialized annotation interfaces, as de-
picted in Figures 9–12. Given that our analysis
focuses on Chinese audio, the native interface used
by annotators was in Chinese. For clarity, we also
present English versions of these interfaces, which
were regenerated by Gemini 3 Pro and Nano Ba-
nana Pro.

F Data Simulation Prompt

Figure 13 displays the prompt used by GPT-4.1 to
generate a follow-up sentence (data simulation),
conditioned on the character’s personal experience,
dialogue context, and current utterance.

G Annotation Fee Payment

The manual annotation process takes approxi-
mately 4 hours. Each annotator is compensated
¥400 (approx. $55), a rate considered competitive.
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Setting Run 1 Run 2 Run 3 Run 4 Run 5 Mean Accuracy

w/o Audio Features 65.51% 65.75% 65.43% 65.43% 65.43% ∼65.5%
w/ Quantized Audio 68.73% 67.12% 66.64% 68.49% 67.93% ∼67.8% (+2.3%)

Table 5: Emotion classification accuracy on IEMOCAP (Session 5) over 5 independent runs.

Setting Label Low Intensity Mid Intensity High Intensity

w/o Context Emotion Labels 3.68 ± 0.45 3.72 ± 0.35 3.86 ± 0.41
Paralinguistic Des. 3.91 ± 0.32 3.76 ± 0.35 3.90 ± 0.36

w/ Context Emotion Labels 3.87 ± 0.38 3.97 ± 0.35 4.06 ± 0.42
Paralinguistic Des. 4.08 ± 0.28 3.97 ± 0.35 4.06 ± 0.35

Table 6: Human validation scores (1-5) for LLM-generated annotations.

Figure 4: The annotation system prompt used by Deepseek V3.2 for the Context Speech Dataset. We feed the
novel context and quantized traditional acoustic features into the LLM. Leveraging its Chain-of-Thought (CoT)
capabilities, the model performs an in-depth analysis of the intrinsic information and inter-correlations among
inputs. It finally generates the outputs in sequence: analysis rationale, causes of emotion, paralinguistic descriptions,
dialogue scenario, personal experiences, and open-set emotion labels.
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Figure 5: The prompt used for Gemini Pro/Flash TTS inference.

Figure 6: The prompt used for GPT-4o Audio Preview inference.

Figure 7: The prompt used for inference with other methods. The underlined text denotes the additional input when
incorporating personal experience and context.
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Figure 8: Evaluation via Gemini 3 Pro. The model assesses the naturalness and accuracy of emotional expression
in the synthesized speech, conditioned on the character’s personal experiences, conversational context, and target
open-vocabulary emotion categories, as guided by the illustrated prompt.

Figure 9: The Chinese interface for the subjective evaluation of emotional expression accuracy and naturalness.
(a) The instruction page, which presents the task definition and annotation protocol to the annotators. (b–c) The
annotation interface. Conditioned on the character’s background, dialogue context, target emotion, and textual
utterance, annotators listen to the audio samples to rate the Subjective Score and determine whether the sample is a
human recording.
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Figure 10: The English interface for the subjective evaluation of emotional expression accuracy and naturalness.

Figure 11: The Chinese interface for the subjective evaluation of prosody similarity. (a) The instruction page, which
details the task description and annotation protocol for the annotators. (b–c) The annotation interface. Annotators
are instructed to listen to the reference audio followed by the generated samples, and then rate the Subjective Score
for prosodic similarity.

Figure 12: The English interface for the subjective evaluation of prosody similarity.

Figure 13: The prompt used by GPT-4.1 for text continuation. Conditioned on the character’s personal experience,
dialogue context, emotion category, and current utterance, the model generates a follow-up sentence that aligns
with the specific emotional state, thereby facilitating data simulation.
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