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Abstract

Zero-shot text-to-speech (TTS) supports diverse speech
synthesis without speaker-specific data but struggles to accu-
rately transfer emotions from reference to target text. Tradi-
tional approaches treat emotion as part of a global style, lead-
ing to inconsistent emotional expressiveness. To address this,
we propose EATS-Speech, an Emotion-Adaptive Transforma-
tion Synthesis framework. EATS-Speech employs Emotion
Priority Synthesis through a parallel pipeline that decomposes
speech into non-emotion style, emotion, and content. It prior-
itizes emotion generation to enhance expressiveness. Further-
more, it introduces Emotion-Adaptive Transformation Synthe-
sis, where an LLM-based converter learns text-emotion map-
ping patterns from the reference speech and transfers them to
the target text. Experiments on the LibriTTS dataset demon-
strate the improvements in emotional expressiveness and ac-
curate emotion adaptation. Speech demos are available at
https://test1341.github.io/demo/.
Index Terms: Zero-shot TTS, Emotion-Adaptive Transforma-
tion Synthesis, Emotion Priority Synthesis, LLM-Based Con-
version

1. Introduction
Zero-shot text-to-speech (TTS) is a powerful paradigm for syn-
thesizing natural speech in diverse styles without requiring
speaker-specific training data [1] [2] [3]. By conditioning on
reference speech, zero-shot TTS models can capture and trans-
fer various style attributes, such as prosody, pitch, and speaker
identity, to generate speech for unseen speakers or styles [4]
[5] [6]. Its capability has enabled multiple applications, from
personalized voice assistants to expressive audiobook narration.
However, it remains a significant challenge for the TTS model
to accurately model and transfer emotion.

In traditional zero-shot TTS approaches, emotion is one of
the style attributes embedded within a global representation of
the reference speech [7] [8]. While the traditional approach ef-
fectively captures speaker identity and prosodic patterns, it in-
troduces two key issues. Firstly, emotion, a perceptually salient
factor for human listeners, is often overshadowed by other style
attributes when modeled as part of a unified representation [9]
[10]. It leads to insufficient emotional expressiveness in the
synthesized speech. Secondly, emotion is closely tied to the
semantic content of the text [11] [12]. Directly using the refer-
ence emotion without considering its alignment with the target
text can result in emotionally inconsistent or incorrect outputs,
as illustrated in Figure 1 (A).
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Figure 1: Comparison Between Previous and Proposed Zero-
Shot TTS Frameworks.

To address the first issue, considering the significant role
of emotion in human perception [13] [14], decoupling emotion
from other style attributes and prioritizing its synthesis is im-
perative [15] [16]. By isolating emotion-specific features from
non-emotional style components, the synthesis process can con-
centrate on generating emotionally expressive speech before in-
corporating additional attributes. Regarding the second issue, a
mechanism is required to dynamically adapt the reference emo-
tion to the semantic expression of the target text. By harnessing
the semantic understanding capabilities of large language mod-
els (LLMs) [17] [18], one can construct a transformation model
that converts the reference emotion into an emotion congruent
with the target content.

We proposed EATS-Speech, Emotion-Adaptive Transfor-
mation, and Priority Synthesis for Zero-Shot Text-to-Speech.
As shown in Figure 1 (B), firstly, it decomposes the reference
speech into emotion representations and non-emotion style at-
tributes. These emotion representations are then transformed
to match the target text’s emotion using an LLM-based emo-
tion conversion model, which takes the reference text, emotion
representation, and target text as input. Finally, the target emo-
tion representation, non-emotion style features, and target text
are combined to generate the target speech that preserves the
reference style while aligning emotional expressions with the
content. The contributions are as follows:
• Emotion Priority Synthesis: EATS-Speech proposes a

novel zero-shot speech synthesis framework based on emo-
tion disentanglement. It decouples speech into three parallel
streams: non-emotion style, emotion, and content, enabling
parallel synthesis. The emotion branch employs fine-grained
emotion representation at a granular level, prioritizing emo-
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Figure 2: The overview of our proposed model. (A) Illustration of the EATS-Speech Architecture; (B) Illustration of Disentangled
Speech Synthesis with Emotion Tokenizer.

tional processing to enhance expressiveness.
• Emotion-Adaptive Transformation Synthesis: EATS-

Speech leverages the semantic understanding capabilities of
LLMs by introducing an emotion-aware LLM converter into
the emotion branch of the parallel synthesis framework. The
converter learns emotion expression patterns from reference
text-emotion pairs, ensuring that the synthesized speech’s
emotions align with the target text rather than the reference
speech, thereby improving emotional consistency.

• Experiments on the LibriTTS [19] datasets demonstrate that
EATS-Speech enhances emotional expressiveness in synthe-
sized speech, effectively adapting emotion to the target con-
tent.

2. Method
EATS-Speech, as illustrated in Figure 2(A), is built upon a dis-
entangled speech synthesis framework with an Emotion Tok-
enizer, which decouples speech into three parallel streams: non-
emotion style, emotion, and content. The non-emotion style
represents speaker-specific characteristics unrelated to emo-
tion, such as speaking habits and timbre. The emotion branch
captures fine-grained, duration-aware emotional attributes at
the frame level, considering the intrinsic relationship between
speaking speed and emotional expression. The content branch
is derived directly from the target text, ensuring accurate lin-
guistic content generation. To address the challenge of guaran-
teeing emotional consistency between synthesized speech and
its corresponding text, an Emotion-Aware LLM is integrated
into the emotion branch. The emotion-aware LLM takes the
emotion tokens extracted from the reference speech, the con-
tent of the reference text, and the target text as input. It first
learns emotion-expression patterns from the reference emotion-
text pairs and subsequently transfers these patterns to the target
text, enabling emotion-adaptive synthesis.

The framework is built upon two essential components:
• Disentangled Speech Synthesis with Emotion Tokenizer,

which prioritizes emotional attributes in the synthesis pro-
cess, improving emotional expressiveness.

• Emotion-Aware LLM for Emotion Transformation,
which transfers emotion-expression habits from the reference
to the target text, ensuring emotional consistency.

The detailed methodologies for these components are de-
scribed as follows.

2.1. Disentangled Speech Synthesis with Emotion Tok-
enizer

The Emotion Tokenizer extracts emotion tokens from speech.
It comprises three components: a pre-trained frame-level emo-
tion2vec module, an emotion projector, and a residual vector
quantization (RVQ) encoder.

The training framework of the Emotion Tokenizer, shown
in Figure 2(B), is based on a normalized flow transformer-
based speech reconstruction model [1]. To achieve emotion-
prioritized speech synthesis, we transform the synthesis process
into parallel streams. The speech comprises three components:
non-emotion style, emotion, and content. Since speech dura-
tion is closely linked to emotional expression, the duration is
allocated to the emotion branch. The Emotion Tokenizer is a
component of the emotion branch.

In the emotion branch, the input speech is first processed
through the emotion2vec [20] module, which extracts frame-
level emotional features at 50 Hz with a dimensionality of 768.
These features are then projected to a lower dimensionality of
512 via the emotion projector, maintaining the same 50 Hz fre-
quency. Subsequently, the features are passed through a 3-bit
RVQ encoder. A codebook of 1024 entries represents each RVQ
encoding.

For the non-emotion style branch, the input speech is ini-
tially converted into the mel spectrogram. It is followed by a
prompt encoder to extract the fixed 512-dimensional style con-
dition features. The prompt encoder’s architecture mirrors the
condition encoder in Tortoise-TTS [21]. A gradient reversal
mechanism is applied based on utterance-level emotional clas-
sification, which is performed using emotion2vec to ensure that
this branch remains emotion-independent. Finally, the style
condition features are projected onto the corresponding emotion
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categories (8 classes) via the projector, ensuring the separation
of emotion.

In the content branch, the input text is first passed through
a text embedding layer. This embedding is used as a content
condition and input into the normalized flow transformer. The
Multi-reference Timbre Encoder (MRTE) [22] is then employed
to align the text length with the length of the emotion token.

The loss function for training the Emotion Tokenizer de-
noted as LET, is defined as:

LET = LRVQ + LGR + LNF + LVocoder (1)

Where:
• LRVQ is the RVQ reconstruction loss. It is computed as the

Mean Squared Error (MSE) loss:

LRVQ = MSE(ê, e) (2)

Here, ê represents the decoded emotion tokens, and e repre-
sents the original emotion features.

• LGR is the gradient reversal loss [23]. It is computed as the
cross-entropy loss between the projected non-emotion style
features and the emotion2vec utterance classification, with a
gradient reversal applied:

LGR = − logP (ŷ|fstyle) (3)

where ŷ is the predicted emotion classification, and fstyle rep-
resents the non-emotion style features.

• LNF is the reconstruction loss of the mel spectrogram. It is
computed as the MSE loss between the mel spectrogram pre-
dicted by the Normalized Flow Transformer and the actual
mel spectrogram corresponding to the emotion tokens:

LNF = MSE(m̂,m) (4)

Here, m̂ represents the predicted mel spectrogram, and m
represents the ground truth mel spectrogram.

• LVocoder is the vocoder loss. It is computed by randomly crop-
ping a segment from the predicted speech and comparing it
to the corresponding segment from the ground truth speech
using MSE loss:

LVocoder = MSE(ŝrand, srand) (5)

Here, ŝrand represents the randomly cropped predicted speech
segment, and srand is the corresponding ground truth segment.

2.2. Emotion-Aware LLM for Emotion Transformation

The structure of the Emotion-Aware LLM is shown in Figure 3.
The input to the model consists of the emotion tokens extracted
from the reference speech, the reference text corresponding to
the reference speech, and the target text to be synthesized.

This module is built on a retrained GPT-2 [17] decoder-
only Transformer. We first extract the reference emotion tokens
from the speech using the pre-trained Emotion Tokenizer. The
reference emotion tokens, the reference text, and the target text
are projected into an embedding space with the exact dimen-
sions. All streams of the speech sequence are processed sep-
arately and then combined. The text and emotion sequences
are augmented with different learnable positional embeddings.
This embedding sequence is then processed through a stack of
causal Transformer layers.

It employs autoregressive prediction, generating each to-
ken sequentially based on previous tokens. The key difference
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Reference Text Reference Speech

Text Token Ⅰ Emotion Token  Ⅰ

Target Text

Text Token Ⅱ
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Text Embedding Text EmbeddingEmotion Tokenizer
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Figure 3: The overview of the Emotion-Aware LLM.

lies in using emotion tokens, which emphasize the emotional
features of speech. Thus, this large model is designed to be
emotion-aware, as it integrates both semantic and emotional
cues in its generation process.

The training of this module consists of two steps. The first
step focuses on training the model to map from text to emotion
tokens. In this step, the model learns to predict the next emotion
token given a sequence of text and its corresponding emotion
tokens. The loss can be formalized as:

Lstep1 = −
T∑

t=1

logP (êt|e<t, t) (6)

where êt represents the predicted emotion token at time step
t, e<t denotes the previous emotion tokens, and t represents
the text sequence. The model learns to predict the next emotion
token êt based on the previous tokens and the text.

The second step involves training the model for emotion
transformation, where the reference emotion tokens eref and ref-
erence text tref are given, and the target emotion tokens etarget are
generated based on the target text ttarget. It is done autoregres-
sively, where each target emotion token is generated sequen-
tially based on the previous tokens, the reference emotion to-
kens, and the reference text. The loss for this step can be for-
mulated as follows:

Lstep2 = −
T∑

t=1

logP (êt|e<t, eref, tref, ttarget) (7)

This formulation allows the model to learn the mapping
from the reference speech’s emotional features to the target
speech’s emotional features, conditioned on the target text. The
Emotion-Aware LLM effectively learns to transform emotional
features through these two stages.

3. Experiments
3.1. Dataset

The LibriTTS [19] dataset is used. All comparison and ablation
experiments are conducted at a sampling rate of 16 kHz.

LibriTTS is a multi-speaker English corpus. It amounts
to 585 hours and over 2300 speakers. Train-clean-100, train-
clean-360, and train-other-500 are merged as the training set.
Dev-clean and dev-other are merged as a development set. Test-
clean and test-other are merged as the test set.
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Table 1: Comparison Experiments on LibriTTS Datasets. SBS
refers to SpeechBERTScore, and ED refers to Emotion Discrep-
ancy. EMOS and SMOS scores are reported with 95% confi-
dence intervals. The best results are bold.

Model EMOS (↑) SMOS (↑) SBS (↑) UTMOS (↑) WER (↓) ED (↓)
LibriTTS Development Set

GT 4.15 ± 0.10 4.28 ± 0.14 1.000 4.087 0.163 0.000
YourTTS 3.34 ± 0.14 3.38 ± 0.16 0.788 3.119 0.192 1.289

TransferTTS 3.35 ± 0.12 3.40 ± 0.12 0.830 3.304 0.216 1.243
VALL-E 3.28 ± 0.17 3.61 ± 0.12 0.798 3.681 0.264 1.215
E2-TTS 3.71 ± 0.15 3.67 ± 0.13 0.829 3.610 0.181 1.221

CosyVoice 3.57 ± 0.09 3.99 ± 0.10 0.823 3.894 0.220 1.014
EATS-Speech 4.05 ± 0.12 4.01 ± 0.14 0.831 3.902 0.170 0.594

LibriTTS Test Set
GT 4.31 ± 0.15 4.35 ± 0.14 1.000 4.203 0.141 0.000

YourTTS 3.36 ± 0.16 3.36 ± 0.16 0.781 3.146 0.198 1.288
TransferTTS 3.32 ± 0.13 3.38 ± 0.15 0.821 3.065 0.264 1.346

VALL-E 3.38 ± 0.13 3.39 ± 0.15 0.695 3.220 0.276 1.399
E2-TTS 3.51 ± 0.15 3.52 ± 0.13 0.818 3.553 0.195 0.802

CosyVoice 3.78 ± 0.16 3.82 ± 0.16 0.819 3.734 0.238 1.023
EATS-Speech 3.96 ± 0.16 3.88 ± 0.14 0.825 3.882 0.192 0.571

3.2. Experiments Setup

For EATS-Speech training, we first download the pre-trained
weights for emotion2vec base [20]1. Using the pre-trained
weight, we train the Emotion Tokenizer on the LibriTTS train-
ing sets, each for 300k steps on an NVIDIA A800 GPU with
a batch size of 16. The AdamW optimizer is used with an ini-
tial learning rate of 2.0 × 10−4, which decays by a factor of
0.9991/8 every epoch. After training, we freeze the emotion to-
kenizer and train the emotion-aware LLM for 500k steps under
the same conditions. Finally, we freeze the emotion-aware LLm
and the Emotion Tokenizer and fine-tune the Normalized Flow
Transformer module of the EATS-Speech by 20k steps.

3.3. Comparison Experiments

Since EATS-Speech is fundamentally a zero-shot TTS model
with emotion-adaptive capabilities, its core architecture and op-
erational paradigm remain consistent with conventional zero-
shot TTS frameworks. To ensure a fair and rigorous evalua-
tion, we restrict our comparisons to models that operate within
the zero-shot TTS paradigm. Furthermore, given that EATS-
Speech incorporates both AR and NAR components in its de-
sign, we include state-of-the-art models representing both AR
and NAR approaches in our comparative analysis.

For this purpose, we compare EATS-Speech against five
prominent zero-shot TTS models: YourTTS [1], TransferTTS
[24], VALL-E [25], E2-TTS [26], and CosyVoice [27]. These
models were carefully selected to represent both AR and NAR
paradigms, ensuring a balanced comparison that reflects the ar-
chitectural innovations of EATS-Speech. To maintain experi-
mental fairness and eliminate potential biases, all comparative
models are retrained on the same dataset.

3.4. Subjective Evaluations

In the subjective evaluation, 20 human evaluators, trained on
unannotated data to understand emotion and speech quality con-
cepts, rate randomly selected samples on a scale of 1 to 5 for
naturalness and emotion alignment.

We use the Emotion Mean Opinion Score (EMOS) to as-
sess how well the synthesized speech’s emotional expressive-
ness aligns with the text content and the Speaker Similarity
Mean Opinion Score (SMOS) to assess how closely the syn-
thesized speech resembles the target speaker. The results are

1https://huggingface.co/emotion2vec/emotion2vec plus base

Table 2: Ablation Study. SBS refers to SpeechBERTScore, and
ED refers to Emotion Discrepancy.

Model SMOS (↑) EMOS (↑) SBS (↑) UTMOS (↑) WER (↓) ED (↓)
LibriTTS Development Set

EATS-Speech 4.05 ± 0.12 4.01 ± 0.14 0.831 3.902 0.170 0.594
-w/o Decoupling 3.55 ± 0.14 3.83 ± 0.13 0.723 3.862 0.184 0.926
-w/o Conversion 3.62 ± 0.17 3.87 ± 0.15 0.756 3.772 0.181 0.920

LibriTTS Test Set
EATS-Speech 3.96 ± 0.16 3.88 ± 0.14 0.825 3.882 0.192 0.571
-w/o Decoupling 3.45 ± 0.15 3.68 ± 0.14 0.706 3.704 0.204 0.939
-w/o Conversion 3.54 ± 0.14 3.73 ± 0.14 0.738 3.660 0.206 1.056

shown in Table 1, where GT represents the ground truth speech.

3.5. Objective Evaluations

We evaluate EATS-Speech using four key metrics: Speech-
BERTScore (SBS) [28], UTMOS [29], and Word Error Rate
(WER). SBS measures the semantic alignment between the syn-
thesized speech and ground truth. UTMOS evaluates the over-
all naturalness and perceptual quality, while WER, based on a
Wav2Vec 2.0-large ASR model [30], assesses word-level syn-
thesis accuracy. The results are presented in Table 1.

To specifically validate the emotion-adaptive capabilities of
EATS-Speech, we introduce Emotion Discrepancy (ED) as a
dedicated metric. It is computed using the utterance-level em-
beddings from emotion2vec large [20] to measure the alignment
of emotional expressiveness between the synthesized speech
and the ground truth. ED is quantified using Euclidean distance,
where a smaller value indicates higher emotional consistency
between the synthesized and reference speech.

Considering both subjective and objective metrics, the
results demonstrate EATS-Speech’s effectiveness in emotion
alignment, with significant improvements in emotional expres-
siveness and consistency. Additionally, enhancements in some
other metrics indicate that resolving emotional consistency im-
proves the coordination of diverse speech attributes, further op-
timizing synthesis quality and speaker similarity.

3.6. Ablation Study

Ablation studies are performed to evaluate the effectiveness
of emotion decoupling and emotion conversion in the EATS-
Speech framework. The experimental setup follows the same
procedure as in the comparison experiments.

-w/o Decoupling refers to training EATS-Speech without
emotion decoupling, where the emotion tokenizer is not used
for gradient reversal of the emotion during the style condition-
ing process. -w/o Conversion refers to training EATS-Speech
without the emotion-aware LLM, where only the emotion2vec
model is used to assist in the zero-shot TTS synthesis, omitting
the emotion conversion step. The results are presented in Ta-
ble 2. The results show that emotion decoupling and emotion
conversion contribute significantly to the model’s performance,
with their absence leading to reduced emotion alignment and
expressiveness in the synthesized speech.

4. Conclusion
This paper proposes a novel framework, EATS-Speech, intro-
ducing Emotion-Adaptive Transformation and Emotion Priority
Synthesis. With Disentangled Speech Synthesis and Emotion-
Aware LLM, our approach ensures emotionally expressive and
consistent speech synthesis. Experimental results on the Lib-
riTTS dataset demonstrate the superiority of EATS-Speech in
achieving emotional adaptation and expressiveness.
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