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Abstract—Text-to-speech (TTS) technology has made signifi-
cant advancements. However, generating high-quality, control-
lable emotional speech remains challenging due to the complex
nature of emotions and speaker variability. In this paper, we
propose EFTTS, a controllable, zero-shot emotional TTS model.
EFTTS extracts emotional features using a self-supervised emo-
tion representation model and utilizes conditional flow matching
to model emotion features with text inputs. This approach
allows for precise emotional control and decouples emotion from
other paralinguistic features. Additionally, we introduce zero-
shot emotion transfer to generate emotionally appropriate speech
that is closely aligned with the input text and reference speech.
Experimental results show that EFTTS outperforms existing
methods in terms of emotional expressiveness, naturalness, and
synthesis quality, offering a promising solution for high-quality,
controllable emotional speech synthesis. Demo samples are avail-
able at https://bigbroes.github.io/EFTTS/.

I. INTRODUCTION

Text-to-speech (TTS) technology aims to synthesize high-
quality speech. In recent years, TTS has made significant
progress, with some end-to-end models achieving human-level
performance[1]-[3]. With the increasing application of speech
synthesis technology in fields such as voice assistants and text-
to-speech reading, the focus of research has shifted towards
generating more expressive and stylistically rich emotional
speech.

Although significant progress has been made in emo-
tional speech synthesis, achieving high-quality and controllable
speech synthesis remains a challenge. This is primarily due
to the varying ways in which emotions are expressed across
different speakers and text transcriptions. Some earlier works
in emotional speech synthesis have employed sequence-to-
sequence models[4], where attention mechanisms allow the
model to focus on emotionally salient parts of the speech.
However, Seq2Seq models face typical challenges of auto-
regressive models, such as long-term dependencies and repeti-
tion issues. With the development of end-to-end models, some
have demonstrated their powerful capabilities in text-to-speech.
For example, [5] uses categorical labels to select predefined
emotional embeddings to control speech generation. [6] selects
the center of emotion clusters based on labels and uses
them as emotional embeddings to synthesize speech. However,
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such approaches fail to capture the rich emotional variations
present in speech, resulting in synthesized speech that ex-
hibits overly averaged emotional expressions. Reference-based
methods have made significant advancements [7]. Global Style
Tokens (GST)[8], enables speech synthesis without requiring
explicit style labels. GST calculates the similarity between
reference audio and style tokens using an attention module,
which allows the model to generate style embeddings that
guide the synthesis process. Building upon this, [9], [10]
have extended this approach, transferring style control from
random styles to emotional speech generation. However, this
approach lacks the ability to directly control the emotion in
advance. Furthermore, [11] employs multi-level, fine-grained
style modeling to capture the style in the reference speech by
combining utterance-level and frame-level emotional embed-
dings. Despite these advancements, traditional reference-based
methods that rely on a simple reference encoder still struggle
to separate emotion from other paralinguistic features, such as
speaker identity and prosody. Additionally, since the content
of the reference audio often differs from the speech that needs
to be generated, these methods typically produce synthesized
speech that is overly similar to the reference in both style and
emotional expression, leaving little room for flexibility. This
limits the model’s ability to adapt to the emotional nuances of
the input text, making the generated speech sound more like
a replication of the reference, rather than a proper adjustment
to the emotional context conveyed by the text.

With the rise of generative models like diffusion[12] and
flow matching[13], [14] in TTS, emotional speech generation
has also made substantial progress. [15] uses an emotional
classifier to guide the diffusion process in generating emotional
speech, while [16] leverages features from speech recognition
models (SER) as conditions to mix different emotional types,
enabling controllable speech synthesis in terms of emotional
variety and intensity. However, these methods still face chal-
lenges in terms of synthesis speed and capturing emotion that
is tightly linked to the input text.

In response to these challenges, we propose EFTTS, a
controllable emotional speech synthesis and zero-shot emotion
transfer model based on a self-supervised emotional repre-
sentation model and conditional flow matching. The main
contributions of our work are as follows:



« We extract unique emotional features for each speech
sample through a self-supervised speech emotion repre-
sentation model (Emotion2Vec) rather than learning only
the average representation of each emotion, which also
decouples emotion from other paralinguistic information.

« We predict the emotional features corresponding to the in-
put phonemes through conditional flow matching, model-
ing emotion features that are closely aligned with the text,
rather than relying on a global average representation,
thereby enabling high-quality and controllable emotional
generation.

« Combining the reference encoder and emotional features
from conditional flow matching in zero-shot emotion
transfer. This approach enables emotion transfer that is
more naturally aligned with the input text, rather than
rigidly copying the emotion in reference speech.

To ensure author anonymity, the link to the audio demo page
will be added after the review process.

II. PROPOSED METHOD

In this paper, we introduce EFTTS, an end-to-end control-
lable zero-shot emotional text-to-speech model, which utilizes
a self-supervised pre-trained model to extract emotional repre-
sentations and employs conditional flow matching (CFM) [17]
to model and sample from the emotional distribution. This
enables the model to predict corresponding emotional features
for speech from text input. Fig. 1 and Fig. 2 illustrates the
training and inference frameworks of the model, respectively.
During zero-shot generation, we combine the emotional fea-
tures from the emotion encoder and CFM to obtain richer
emotional characteristics. The specific details of the model will
be introduced in the following sections.

A. Overview of EFTTS

Our model is built upon the StyleTTS2[18] framework,
which follows an encoder-decoder structure for the TTS back-
bone. An improved ISTFTNet[19] decoder accepts aligned
text embeddings, emotional features, pitch (Fj), and en-
ergy to directly generate waveforms, as represented by
Decoder(e, Fy, N, haiign), thus avoiding the two-stage loss typ-
ically associated with generating mel spectrograms.

Similar to StyleTTS2, we integrate a phoneme-level BERT
[20] text encoder to enrich the prosodic information within
the phoneme embeddings. These embeddings are then used
to predict the duration, Fy, and energy for speech synthesis.
The ground truth duration is obtained from a pre-trained ASR
model, while the Fj energy is derived from a pitch extractor.

For speech emotion representation, we employ the Emo-
tion2Vec base model, a self-supervised model designed to
capture speech emotion features. We use it to extract utterance-
level emotional features for each speech sample. Conditional
Flow Matching (CFM) is then applied to model the vector field,
representing the transition from noise to the emotional feature
distribution. The predicted emotional features are obtained by
solving the ordinary differential equation (ODE) governing
this flow. These features are subsequently integrated into the

duration predictor, pitch predictor, and decoder through an
adaptive normalization method (AdalN)[21]. This integration
ensures that the synthesized emotional speech is more closely
aligned with the context and content of the original text, pro-
ducing a more natural and contextually appropriate emotional
expression.

We employ both a Multi-Period Discriminator (MPD) and
a Multi-Resolution Discriminator (MRD)[22] to evaluate the
quality of the synthesized speech across multiple temporal
periods and frequency resolutions, ensuring that both fine-
grained details and global structures are effectively captured.
By optimizing the adversarial training losses based on these
evaluations, we improve the overall quality of the synthesized
speech, leading to more natural and realistic outputs.

All modules are jointly trained using the following loss
function:

Liointty = Lmel + Laur + Lpy + Ln + Lepm + Loan (1)

This comprehensive training strategy ensures the generation
of high-quality and emotionally expressive speech.

B. Emotion Encoder

In our approach, we utilize Emotion2Vec[23], a state-of-
the-art speech emotion representation model, as the emotion
encoder. Emotion2Vec has demonstrated exceptional perfor-
mance across a range of downstream tasks in speech emotion
recognition, establishing it as a versatile and robust tool for
extracting emotional features from speech data. The model
is trained using a large, unlabeled collection of emotional
speech datasets in an unsupervised manner[24], [25]. Through
this process, it learns to capture highly generalized emotional
features that are not only applicable to a specific emotion
but can also generalize across different emotional expressions
and contexts. Emotion2Vec employs a combination of online
distillation and a masked prediction approach, which enhances
its capacity to extract specialized emotional features from
each individual speech sample. Online distillation allows for
real-time adaptation and learning from new data, while the
masked prediction strategy encourages the model to learn to
predict missing emotional information from context, thereby
improving its ability to model complex emotional expressions.
This combination helps mitigate the common issue of overly
averaged emotional representations, where traditional models
tend to smooth out subtle emotional variations, making it
difficult to capture the finer nuances of emotion in speech.
Emotion2Vec, by contrast, preserves the richness and diversity
of emotional expression, enabling more accurate and control-
lable emotional speech synthesis. It also effectively decouples
emotion from other acoustic features, avoiding the issues of
insufficient and non-generalizable emotion feature extraction
that arise from training an emotion encoder from scratch.

By leveraging the power of Emotion2Vec, we obtain emo-
tion features that are most aligned with the speech’s semantic
context, effectively avoiding the issue of overly averaged
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Fig. 2. Inference structure of the EFTTS.

emotions. At the same time, the self-supervised model’s ca-
pabilities allow us to decouple emotion from other paralin-
guistic information, ensuring a more precise and contextually
appropriate emotional representation.

C. Conditional Flow Matching

Flow Matching (FM) is a continuous flow process that learns
a time vector field vg(z,t) from an initial distribution to a
target distribution, used to describe changes in probability
flow. The data distribution is represented as p;(x), the prior
distribution as pg(x), and the true vector field u(x,t) repre-
sents the transformation from the prior distribution to the data
distribution. The flow is defined by the ordinary differential
equation (ODE):

dx(t

dt

If a learnable neural network can accurately fit the true

vector field, it will be able to obtain the probability path p;

for transforming the distribution. The loss function for Flow
Matching is given by:

~—

u(z,t) 2)

Lrm(0) =Eyp, (2 lve(z,t) — ulx,t)|? 3)

Training diagram of our model. The pitch extractor, PL-bert, and ASR modules are frozen during training. The emotion encoder extracts the utterance-

where 6 represents the learnable parameters, and ¢ ~ U[0, 1].
However, the Eq.(3) is often difficult to compute because
pe(x) and u(z,t) cannot be directly determined. To address
this issue, Conditional Flow Matching (CFM) incorporates
the data sample x; as a condition into the true vector field
u(x), transforming it into a conditional vector field u;(x). By
learning this conditional vector field, it is ultimately possible
to obtain the conditional probability path p.(z|x1), with the
loss function being

Lorm(0)

Voiceflow[13] demonstrated that the conditions in the Eq.(4)
can be further generalized. Any condition c (text or speech) has
the same optimization objective for the conditional probability
path as in the Eq.(4). We integrate the text and emotion labels
into the model condition ¢, whose probability distribution is
p(c). The generation target is the speech feature vector z that
contains emotional information, while the noise z( is sampled
from the standard normal distribution N'(0, ). x1 and x( are
the boundaries of the conditional distribution p:(x|c). The
conditional vector field u(z, t|c) can be defined by the ordinary
differential equation dr = w;(x|c)dt, and our optimization
objective can be expressed as:

= Et,Pl(wl)wpt(wla:lﬂ‘Ua(x7t) - ut(x"rl)HZ 4)

min By, a0)(0) 06 (2, £, €) = ue(z]c)]|” )

[II. EXPERIMENTS
A. Experimental Setup

We utilized the English portion of the Emotional Speech
Dataset (ESD) [4] for all our experiments. The dataset consists
of recordings from 10 English speakers, each expressing five
emotional states: neutral, happy, angry, sad, and surprised,
resulting in 17500 samples in total. Each speaker provides
350 parallel utterances per emotional state, resulting in ap-
proximately 1.2 hours of speech data per speaker. To ensure
consistency and reproducibility, we allocated 20 samples per
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emotion for each speaker for validation and test set, which
were exclusively used to evaluate the model’s generalization
and robustness on unseen data. This setup allowed us to
rigorously assess the model’s ability to learn and generalize
across diverse emotional expressions.

To process the audio, we first extracted Mel-spectrograms by
applying a short-time Fourier transform (STFT) with a hop size
of 256, a window size of 1,024, and a fast Fourier transform
(FFT) size of 1,024. The resulting spectrograms were then
mapped to 80 Mel frequency bins to represent the energy
distribution across the Mel scale. In addition, we utilized
Phonemizer[26] to convert the text into phoneme sequences.
This tool preserves punctuation and stress markers, allowing us
to obtain phoneme representations that contain more rhythmic
and prosodic information which are crucial for conveying
emotion.

The parameters of Emotion2Vec were frozen throughout the
training process. The features from Emotion2Vec are projected
to a 128-dimensional space through a linear layer. The duration
and prosody predictor is a sequence prediction model based
on LSTM, which predicts the duration, F'0, and energy of
the speech. The model leverages the hpeq from the PL-bert to
inform the prediction of these prosodic features.

The model was jointly trained on 4 NVIDIA RTX 4090D
GPUs for 100 epochs, using the AdamW optimizer [27] with
B1 = 0, By = 0.99, weight decay A\ = 104, learning rate
v =5 x 107" and a batch size of 16.

For the Conditional Flow Matching (CFM) module, the
number of function evaluations (NFE) for the ODEs was ran-
domly sampled from 1 to 4 during training for computational
efficiency and fixed to 3 during inference to balance speed and
quality.

B. Evaluation

For subjective metrics, we employed mean opinion scores
to evaluate the naturalness (nMOS) and emotional similar-
ity (eMOS) of the synthesized speech. 20 participants who
majored in English were recruited for the evaluation, and 20
samples were randomly selected from each emotional category
in the test set. Participants were asked to rate the speech on
a scale from 1 to 5 based on its naturalness and emotional
similarity. The results are presented with a 95% confidence
interval.

For objective metrics, we calculated the Mel Cepstral Distor-
tion (MCD)[28], which reflects the spectral difference between
the synthesized speech and the reference speech, serving as
an indicator of the generated speech’s acoustic quality and
fidelity. Additionally, we used the Emotion2Vec+large model
to compute the Emotion Recognition Accuracy (ERA).

C. Comparison

We selected Emodiff[15] and EmosphereTTS[29] for com-
parison to evaluate the results of controllable emotional speech
synthesis.

TABLE I
RESULTS OF CONTROLLABLE EMOTIONAL SPEECH SYNTHESIS WITH
EMOTION LABELS.

Emotion nMOS(CDT eMOS(CD)T MCDJ]  ERAT
Angry 423(£0.07) 424(X0.7) 480  86.60%
Happy 3.98(+£0.06)  4.03(+£0.10) 496  71.34%
Netural 4.10(£0.08)  4.18(£0.09) 493  81.00%
Sad 4.11(£0.07)  4.13(+£0.06) 483  82.34%
Surprised  4.23(£0.06)  4.20(+£0.06) 481  85.67%
Average  4.13(X0.07) 4.16(X0.08) 487  81.40%

TABLE 11
CONTROLLABLE EMOTIONAL SPEECH SYNTHESIS COMPARED TO
BASELINE MODELS.

Model nMOS(CI)T eMOS(CI)t MCD| ERA?T
Ground truth ~ 4.46(£0.06)  4.39(£0.06) — 97.34%
Emodiff 3.76(£0.06)  3.62(£0.05) 5.98 68.77%
Emosphere 3.92(+£0.07)  3.96(10.06) 5.63 72.34%
Ours 4.13(+£0.07)  4.16(+0.08) 4.87 81.40%

Emodiff: This is a diffusion-based TTS model where emo-
tion can be manipulated by a proposed soft-label guidance
technique derived from classifier guidance.

EmosphereTTS: This model employs Cartesian-Spherical
Transformation to extract emotion vectors, enabling the syn-
thesis of controllable emotional speech.

IV. RESULTS
A. Controllable Emotion Speech Synthesis

To achieve controllable emotional speech synthesis with-
out reference audio, we use the emotion label and prosodic
text embedding from PL-BERT to guide CFM, generating
corresponding emotional features. In the experiments, we
selected a fixed speaker and generated 300 speech samples
for each emotion. The subjective metrics were obtained from
50 samples. The experimental results are shown in Table I. It
can be observed that the five emotions perform well in both
subjective and objective metrics. EFTTS achieves an average
MCD of 4.87, with an average nMOS of 4.13 and sMOS
of 4.16, demonstrating human-level performance in emotional
speech synthesis. As shown in Fig. 3, the t-SNE visualization
of the emotional features generated by CFM demonstrates that
our approach effectively models emotion distribution. Table II
demonstrates that our model outperforms the baselines in terms
of both subjective and objective metrics, showcasing its robust
capability for emotional speech synthesis.

B. Zero-shot Cross-speaker Emotion Transfer

To achieve zero-shot emotion transfer, we first input the
reference audio into both the emotion encoder and Conditional
Flow Matching (CFM) model to obtain the emotion features
as erf and epeq, respectively. These two features are then
combined in a weighted manner, with the ratio controlled by
a parameter 3. The resulting emotion feature é is given by the
following equation:

e = 5 * €pred + (1 - B) * Cref (6)
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Fig. 3. t-SNE visualization of the emotional features generated by CFM.
The distinct clustering of emotions shows the model’s ability to capture and
separate different emotional features.

TABLE III
RESULTS OF ZERO-SHOT EMOTION TRANSFER.
Emotion nMOS(CI)T eMOS(CI)T MCD] ERA?T
Angry 4.25(£0.10)  4.29(+£0.12) 4.73 97.67%
Happy 4.05(£0.09)  4.02(£0.14) 491  84.64%
Netural 4.08(£0.12)  4.20(x0.14) 4.87 97.34%
Sad 4.17(£0.14)  4.19(x0.12) 4.86 99.34%
surprised  4.19(£0.09)  4.18(+£0.13) 475 98.67%
Average 4.14(£0.13)  4.18(%0.10) 4.83 95.33%

Through our experiments, we found that the best emotion
transfer performance occurs when § = 0.5, as CFM predicts
the corresponding emotion for the input phonemes, while the
emotion encoder extracts the emotion from the reference.
Both features play a crucial role in enhancing the quality
of synthesized emotional speech. We selected one reference
speech for each of the five emotions and randomly sampled
300 transcriptions to perform emotion transfer. Similarly, the
subjective metrics were calculated from 50 samples. The sub-
jective and objective metrics shown in Table III demonstrate
that EFTTS achieves precise and high-quality emotion transfer
with minimal loss in speech quality.

C. Ablation Study

To validate the effectiveness of the proposed method, we
conducted ablation experiments to evaluate the contributions
of Emotion2Vec as the emotion encoder and CFM in gen-
erating emotional features. As a baseline, when ablation of
Emotion2Vec, we employed a 3-layer simple convolutional

TABLE IV
COMPARISON METRICS OF ABLATION STUDY
Model nMOS sMOS MCD ERA
Full Model — — — —
w/o Emotion2Vec -0.26 -0.33 +0.46 -15.67%
w/o CFM -0.07 -0.13 +0.02 -4.43%

downsampling network to transform the reference Mel spectro-
gram to a 128-dimension vector. In the case of ablating CFM,
we used only the emotional features from the Emotion2Vec
encoder, i.e., § = 0. It is important to note that, in this
setting, the model still requires the input of the reference
speech. Therefore, the full model results are based on the
emotion transfer task. The experimental results, as shown in
Table IV, demonstrate a significant decline in both subjective
and objective metrics, with statistical significance, thereby
validating the effectiveness of our method.

V. CONCLUSION

In this paper, we introduced EFTTS, a novel control-
lable emotional Text-to-Speech model designed to address
the challenges in generating high-quality, emotionally expres-
sive speech. Our approach leverages self-supervised emotion
representation through the Emotion2Vec model and utilizes
conditional flow matching to model and transfer emotion
features from input text. This combination allows EFTTS
to produce speech that not only captures a wide range of
emotional expressions but also closely aligns with the content
and context of the input text, making it suitable for a variety of
real-world applications in voice assistants, entertainment, and
accessibility tools.

Our experimental results demonstrate that EFTTS outper-
forms existing TTS models in terms of both subjective and
objective evaluation metrics. In particular, EFTTS achieves
notable advancements in emotional expressiveness and natu-
ralness, as evidenced by subjective and objective metrics. Fur-
thermore, the zero-shot emotion transfer capability of EFTTS,
where emotional features are transferred from reference speech
highlights its potential for flexible and scalable emotional
speech synthesis.
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