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Article
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Abstract: Although emotional speech synthesis has seen significant progress, existing methods often
struggle to generate naturally fluent emotional expression and face trade-offs between emotional
richness and overall speech quality. We propose a Emotionally Expressive Speech and Singing Voice
Synthesis with Large Language Models via Flow Matching, LLFM-Voice, a unified framework that
enhances emotional expressiveness in both speech and singing voice synthesis. Our method leverages
the contextual modeling capabilities of large language models and incorporates emotional information
through an autoregressive mechanism. To further capture musical nuances in singing, we design
a fine-grained emotional generator that integrates vocal techniques, tension, and pitch for precise
control of expressive singing. In addition, we introduce a flow matching-based acoustic model that
models the temporal evolution of mel spectrograms instead of predicting them directly, thereby
mitigating artifacts introduced by conventional spectral modeling. Experiments show that LLFM-Voice
outperforms baseline systems across multiple emotional expressiveness metrics, producing speech
with richer emotional content and singing voices with more natural melodic expression.

Keywords: emotional speech synthesis; singing voice synthesis; large language models; flow matching;
fine-grained emotional generator

1. Introduction
Text-to-Speech (TTS), also known as speech synthesis, aims to convert input text into high-quality

speech with natural prosody and emotional expressiveness. It has been widely adopted in applications
such as virtual assistants, audiobooks, and smart navigation systems. Singing Voice Synthesis (SVS),
built upon TTS, introduces fine-grained control over pitch, rhythm, and musical prosody, enabling the
generation of stylistically diverse singing voices from lyrics and musical scores. This technology plays
a crucial role in areas such as digital music production and virtual vocal performers.

From a technological perspective, speech synthesis has evolved from traditional methods such
as concatenative synthesis and Hidden Markov Models (HMMs) [1–3] to advanced generative deep
neural network architectures [4–8]. A seminal milestone was Google’s WaveNet, which employed an
autoregressive structure to directly generate speech waveforms, laying the groundwork for neural
vocoders. This was followed by the Tacotron series, which adopted end-to-end sequence-to-sequence
architectures and significantly improved the naturalness of synthetic speech. Microsoft’s FastSpeech
series addressed inference efficiency and alignment stability by leveraging non-autoregressive model-
ing. Baidu’s DeepVoice series adopted a modular design that facilitated scalability and multi-speaker
modeling, while Transformer-TTS introduced a fully parallelized architecture to enhance the robust-
ness of long-form text synthesis. These advancements have led to substantial improvements in speech
quality, timbre control, and emotional expression, forming the foundation of modern TTS and SVS
systems.
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Building upon these high-fidelity synthesis frameworks, Emotional TTS has emerged as a promi-
nent research direction. Existing approaches incorporate emotion tags (e.g., anger, joy, sadness) to
enable basic emotion control [9–12]. However, significant challenges remain in dynamic emotion
modeling and expressive singing voice synthesis. First, most current methods adopt static emotion
representations, which fail to capture the temporal evolution of emotions and their contextual depen-
dencies, resulting in unnatural and discontinuous emotional transitions. Second, compared to speech,
emotional expression in singing is inherently more complex and influenced by multiple interacting
factors, including pitch, rhythm, melody, lyrics, and singing style. Current models still struggle to
achieve accurate and expressive emotional control in this domain.

To address these limitations, we propose a novel framework—LLFM-Voice: Emotionally Expres-
sive Speech and Singing Voice Synthesis with Large Language Models via Flow Matching. Our
approach aims to enhance the emotional naturalness of synthesized speech and singing voices while
maintaining high synthesis quality. The main contributions of this work are as follows:

• Emotion prompting via Large Language Models. Leveraging the powerful contextual under-
standing and generative capabilities of large language model (LLM), the system utilizes emotional
speech prompts to generate speech with dynamic emotional expressiveness, achieving smoother
emotional transitions and more human-like emotional speech synthesis.

• Fine-grained emotional generator for singing voice synthesis. Based on music theory, we design
a fine-grained emotional generator for SVS by integrating singing-specific characteristics such
as vocal techniques, expressive tension, and pitch. This enables precise control over emotional
intensity, emotional transitions, and variations in singing style throughout the song.

• Flow matching-based acoustic model. We propose a flow matching-based acoustic model that
does not directly predict the Mel-spectrogram. Instead, it models the dynamic transformation
from an initial distribution to the Mel-spectrogram using flow matching, aiming to improve the
stability and quality of the synthesized speech.

2. Related Work
In the field of TTS and SVS, a unified coding and decoding architecture is generally used. As

shown in Figure 1, the architecture mainly consists of three core modules: content front-end, acoustic
model and vocoder. The input text is first converted into linguistic features by the content front end,
then mapped to the mel spectrogram by the acoustic model, and finally the target speech is synthesized
by the vocoder.

Figure 1. The architecture of TTS and SVS

In recent years, the development of TTS technology has primarily followed two representative
pathways: models based on Variational Autoencoders[13–16] and those utilizing diffusion-based
generative frameworks[17–19]. Building on these advancements, researchers have extensively explored
emotion modeling and expressive SVS, aiming to improve the naturalness and emotional richness of
synthesized speech.

2.1. Emotionally Expressive TTS

In the domain of explicit emotion modeling, EmoTTS [20] enhances expressiveness by incor-
porating emotion vectors, enabling the generation of speech that reflects various emotional states
such as anger, joy, and sadness. EmoQ-TTS [21] further proposes a fine-grained emotion control
mechanism, allowing dynamic modulation of emotional intensity over time to produce more subtle
and natural emotional expressions. MixEmotion [22] focuses on emotion blending, fusing multiple
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emotional categories during synthesis to create speech with multi-layered emotional dynamics, thereby
improving its realism and variability. Additionally, EmoDiff [23] introduces diffusion-based generation
to model emotions in a stepwise denoising process, enhancing both the controllability and naturalness
of emotional expression, while addressing the ambiguity issues common in conventional TTS models.
Despite these advancements, existing emotional TTS approaches still have notable limitations. Most
systems rely on static emotion labels and fail to capture the dynamic evolution of emotions within a
given context. As a result, emotional transitions in synthesized speech—especially in long-form text or
dialogue scenarios—often appear abrupt and lack coherence.

2.2. Emotionally Expressive SVS

Compared to speech synthesis, singing voice synthesis (SVS) demands a higher level of emotional
expressiveness. Singing conveys not only emotional information but is also influenced by various
musical factors such as melody, rhythm, and lyrical semantics. To address this complexity, researchers
have explored a range of emotion control techniques in SVS. XiaoiceSing [24], a high-quality and
emotionally rich AI singing system, models emotional trajectories with high precision, significantly
enhancing the expressiveness of the generated vocals. ViSinger [25], built upon the VITS framework,
optimizes duration modeling and prosody control, improving the adaptability of the system to various
singing styles. DiffSinger [26], leveraging diffusion models, applies progressive denoising to improve
naturalness across timbre, rhythm, and emotional depth, advancing the state of high-quality SVS.
However, most existing SVS models still struggle with fine-grained emotion control. Accurately
simulating emotional transitions across diverse melodies remains a challenge, and the expressive
quality of synthesized singing often falls short compared to real human performances.

Unlike existing approaches, our framework eliminates the need for explicit emotion labels. Instead,
the model utilizes the contextual reasoning capabilities of large language models (LLM) [27], which
are guided by emotionally informative prompt speech to extract emotion cues from surrounding
context. In addition, to address the complexity of emotional expression in singing, we propose a music
theory-guided modeling approach. By leveraging flow matching, the system generates fine-grained,
multi-dimensional expressive features for singing voice, enabling deeper understanding and more
precise control of musical emotion. Finally, we design a flow matching-based acoustic model that
achieves high-quality expressive speech synthesis while maintaining excellent audio fidelity.

3. Background of Flow Matching
In this study, we employ a flow matching approach for two purposes: generating expressive

singing parameters and synthesizing mel spectrograms within the speech synthesis model. In the
field of image generation, Stable Diffusion 3 [28] introduces a novel generative framework called flow
matching, which models data generation via an ordinary differential equation (ODE) solver. Compared
to traditional diffusion probabilistic models [8], Flow Matching eliminates the need for designing a
reverse process and avoids complex mathematical formulations. Instead, it constructs a straight-line
path in probability space to achieve generative capabilities similar to those of diffusion models. This
approach not only offers higher generation efficiency and a simpler gradient formulation, but also
demonstrates significant improvements in training speed and overall performance.

As shown in Figure 2, In this approach, the data evolves from an initial distribution x0 ∼ p0 to
a target distribution x1 ∼ p1, where p0 denotes the prior distribution and x1 represents the desired
data distribution. The evolution is defined over a continuous time interval t ∈ [0, 1]. Unlike feature-
dependent modeling strategies, this method initializes p0(x) as a standard Gaussian distribution
N(0, 1), enabling the model to sample from unbiased noise and thereby reduce potential entanglement
among data features.
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Figure 2. The process of flow matching.

To construct a continuous density trajectory between p0 and p1, a neural network is typically
employed to predict a time-dependent vector field v(xt, t), which characterizes the direction and
magnitude of data movement in the latent space over time. Most existing implementations adopt
a U-Net architecture for this purpose. Given the predicted vector field, the evolution path can be
recovered by numerically solving the associated ordinary differential equation (ODE). The forward
dynamics can be discretized using the Euler method, as shown in Equation 1:

xt+∆t = xt + ∆t · v(xt, t) (1)

Here, ∆t = 1/N denotes the integration step size, where N is the total number of sampling steps, and
xt represents the system state at time t.

During training, the objective is to guide the neural network to learn a vector field vt(x) that
closely approximates the optimal vector field ut(x), which corresponds to a linear interpolation
between the initial and target distributions. To achieve this, we define the following flow-matching
loss function:

LFM(θ) = ∥vt(x)− ut(x)∥2 (2)

Here, θ denotes the parameters of the neural network, ut(x) = x1 − x0 represents the target directional
vector, and vt(x) is the estimated vector field generated by the model.

However, conventional flow matching methods typically treat all time steps uniformly during
training, without accounting for variations in learning difficulty across different time intervals. In
practice, when t approaches 0 or 1, the optimal vector field tends to align closely with the mean of the
corresponding distribution, making the prediction task relatively easier. In contrast, the intermediate
time steps often involve more complex dynamics and are therefore harder to model accurately. To
address this issue, we introduce a time-weighted training strategy based on a log-normal distribution,
which emphasizes learning in the mid-range of the temporal domain. The corresponding weighted
loss function is defined as follows:

LFMLog(θ) =
1√
2π
· 1

t(1− t)
exp

(
−
(

log
t

1− t

)2
)
· ∥v(x(t), t)− (x1 − x0)∥2 (3)

This weighting scheme assigns smaller penalties to intermediate time steps, thereby enhancing the
model’s ability to fit the more ambiguous regions of the trajectory. Conversely, higher weights are
applied near the boundaries (e.g., as t→ 0 or t→ 1), which facilitates faster convergence toward an
optimal solution.

4. LLFM-Voice
This section presents our proposed system LLFM-Voice, and elaborates on its core components.

As shown in Figure 3, the system adopts a modular training strategy and comprises four key modules:
the LLM-driven emotional content front-end, the fine-grained emotional generator,the flow matching-
based acoustic model and the vocoder.
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Figure 3. The overall framework of LLFM-Voice.

• TTS mode: Directly uses the content representation Ocontent generated by the large language
model front-end as input to the acoustic model, without invoking the fine-grained emotional
generator.

• SVS mode: Utilizes the singing expressiveness generator to produce five-dimensional expressive
parameters— phoneme duration(Opdur), pitch (Opit), singing technique (Otech), energy (Oenr), and
tension (Otsn). These parameters are then combined with Ocontent as input to the acoustic model,
enhancing emotional and stylistic expressiveness.

4.1. LLM-Driven Emotional Content Front-End

This paper proposes an LLM-driven emotional content front-end, which models the content
front-end as an autoregressive speech token prediction task based on LLM. Compared with tradi-
tional rule-based speech modeling methods, LLM demonstrate significant advantages in contextual
understanding, emotional expressiveness, and long-range sequence modeling, owing to their powerful
sequence modeling capabilities.

As shown in Figure 4, the proposed method takes the input text Itext, speaker voiceprint Ispk, and
content representation Icontent as inputs, and uses an LLM to autoregressively generate the output
content representation Ocontent for acoustic modeling. The construction of the input sequence is the core
component of speech content modeling with LLM. The LLM must establish cross-modal associations
between text and speech features while maintaining semantic consistency over long temporal spans.
To address this, we design the input sequence structure as follows:

[ S , Ispk, Itext = {xi}i∈[1:U], T , Icontent = {yj}j∈[1:L], E ] (4)

Here, S and E denote the start and end of the sequence, respectively. T is a special token used
to guide the LLM in recognizing the transition point between different content representations. Itext

represents the input text sequence, Ispk denotes the speaker voiceprint, and Icontent is the input content
representation.
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Figure 4. Architecture of LLM-driven autoregressive emotional content front-end

In the network architecture, the content encoder adopts the embedding layers of a Transformer [7]
to learn contextual representations. The text encoder integrates a BPE tokenizer [29] with a Transformer-
based architecture to enhance modeling flexibility and generalization. The autoregressive emotional
content front-end consists of multiple Transformer encoder blocks, followed by a final linear layer
with a Softmax activation to predict the probability distribution of the output content representation
Ocontent.

During training, the content front-end learns to generate accurate speech content representations
based on known input sequences using an autoregressive prediction strategy. A special token T is
inserted between Itext and Icontent to signal the context-switching point, thereby assisting the LLM
in aligning text and acoustic features. A masked multi-head attention mechanism is employed to
ensure that, at each time step t, the model can only attend to current and preceding tokens, preventing
information leakage and preserving causality. As a result, the loss function focuses solely on the
input content representation Icontent and the predicted representation Ocontent, and is optimized using a
cross-entropy loss.

LLLM = − 1
L + 1

L+1

∑
l=1

log q(yl) (5)

Here, L denotes the length of the content representation sequence, and q(yl) represents the posterior
probability of yl , obtained from the final Softmax layer.

During inference, leveraging the contextual learning capabilities of the LLM, we propose an
emotional embedding method that does not require an additional emotion recognition model. A
speech sample with emotional expression is provided as a prompt, from which both the text encoding
and content representation are extracted and used as the prompt text encoding Prompttext and the
prompt content representation Promptcontent, respectively. These components are then used to construct
the input sequence as follows:

[ S , Ispk, Prompttext, Itext = {xi}i∈[1:U], T , Promptcontent] (6)

Under this mechanism, the prediction of the content representation Icontent is conditioned on the
implicit emotional features embedded in the prompt content representation Promptcontent. Due to the
autoregressive nature of the LLM, the generated content representation can progressively inherit the
emotional characteristics of the prompt speech, enabling smooth emotional transitions and natural
emotional migration.

The core advantages of this method are as follows: (1) It eliminates the need for an external
emotion recognition model by allowing the LLM to internally model emotional features. (2) It adopts
a prompt-based learning mechanism, enabling the LLM to infer emotionally aligned content repre-
sentations from example speech prompts. (3) It supports dynamic emotional control, allowing the
emotional expression of synthesized speech to be adjusted flexibly by providing different emotional
speech prompts.
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The specific training and inference process is as follows:

Algorithm 1 The traning proces of LLM-driven emotional content front-end

Require: Content front-end LLM(θ); Dataset Dtrain = {(Itext, Ispk, Icontent)}M
m=1; Number of training

rounds Niter; Learning rate η;
1: for i = 1, 2, . . . , Niter do
2: From Dtrain sample (Itext, Ispk, Icontent)
3: Forward propagation:

Ocontent = LLM([ S , Ispk, Itext = {xi}i∈[1:U], T , Icontent = {yj}j∈[1:L], E ])
4: Calculates the loss function:

LLLM = − 1
L+1 ∑L+1

l=1 log q(yl)
5: Backward propagation: Calculate the gradient ∇θ LLLM
6: Take gradient descent step on θ ← θ − η · ∇θ LLLM
7: end for
8: return LLM(θ)

Algorithm 2 The inference proces of LLM-driven emotional content front-end

Require: LLM(θ), Input text Itext, Target speaker voiceprint Ispk, Prompt text Prompttext, Prompt
content Promptcontent, Maximum sequence length Nmax

1: Set the time step t = 1, Initializing the output Ocontent = ∅
2: for t = 1, 2, . . . , Nmax do
3: yt = LLM([ S , Ispk, Prompttext, Itext, T , Promptcontent, Ocontent])
4: Update Ocontent = Ocontent ∪ {yt}
5: If yt = E , break
6: end for
7: return Ocontent

4.2. Fine-Grained Emotional Generator

To enable more fine-grained emotional expressiveness in singing voice synthesis, we propose a
fine-grained emotional generator. This module takes the input lyrics and MIDI as inputs and generates
key expressive parameters for singing. It works in coordination with the content front-end and acoustic
model to achieve high-quality singing voice synthesis. As illustrated in Figure 5, the generator receives
the text sequence Itext, the note sequence Inote, and the note duration sequence Indur as inputs, and
outputs a set of multi-dimensional expressive parameters, including phoneme duration Oodur, pitch
Opit, singing technique Otech, energy Oenr, and vocal tension Otsn.
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Figure 5. The architecture of fine-grained emotional generator

Specifically, a melody encoder is first used to extract musical features such as rhythm, style, and
vocal range by processing the note sequence Inote and note duration sequence Indur. Meanwhile, a
text encoder processes the text sequence Itext along with the note duration sequence Indur to extract
semantic information from the lyrics. Both encoders are based on Transformer architectures and
produce the melody encoding Emidi and text encoding Etext, respectively. Then based on principles of
music theory, we further design a hierarchical expressiveness predictor composed of the following
components:

(1) Duration Predictor: Phoneme duration Opdur, as the most fundamental feature, is predicted
directly from the text encoding Etext. A residual connection is applied to obtain the content encoding
Econtent for subsequent modeling stages.

(2) Pitch Predictor: Pitch Opit serves as the core parameter of vocal expressiveness. It is predicted
by the pitch predictor using both the melody encoding Emidi and the content encoding Econtent, and
serves as the basis for modeling downstream expressive features.

(3) Singing Technique Predictor: The singing technique Otech is primarily influenced by pitch Opit

and Emidi.
(4) Energy Predictor: The energy parameter Oenr is predicted based on the combination of melody

encoding Emidi, content encoding Econtent, and pitch Opit.
(5) Tension Predictor: As the most implicit expressive parameter, tension Otsn is modeled by

integrating the melody encoding Emidi, content embedding Econtent, pitch Opit, and energy Oenr.
As a relatively simple feature, phoneme duration is predicted directly by a fully connected layer

in the duration predictor. In contrast, the pitch, singing technique, energy, and tension predictors
adopt a flow matching method to model vector fields, and incorporate dilated convolutional networks
to enhance the modeling capacity. As illustrated in Figure 6, the input to this network includes the flow
matching distribution xt at time step t, the text encoding Etext, the melody encoding Emidi, the time
step index t, and relevant expressivity parameters such as pitch Opit and energy Oenr, depending on
the specific prediction task. The time step t is converted into a temporal encoding Et using sinusoidal
positional encoding from the Transformer and is projected to match the channel dimension of other
inputs.
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Figure 6. The architecture of dilated convolutional networks which is used to predict vector field v(xt, t) of flow
matching

In the dilated convolutional network, dilated convolutions expand the receptive field by inserting
gaps within the convolutional kernel, thereby improving the model’s ability to capture long-range
temporal dependencies without increasing computational cost. The mathematical formulation is as
follows:

y[i] =
K−1

∑
k=0

x[i + 2i∗rate · k] · w[k] (7)

Here, x[i] denotes the input signal, w[k] represents the convolution kernel weights, K is the kernel size,
i indicates the i-th layer among the N dilated convolutional layers, and rate refers to the predefined
dilation factor.

Furthermore, at the output layer of the dilated convolution network, a gated activation unit is in-
troduced using a Tanh-Sigmoid mechanism to enhance nonlinear feature modeling, as illustrated in the
equation. This gating mechanism helps suppress gradient vanishing and improves the model’s adapt-
ability to various contextual conditions, thereby enhancing the stability of the generated expressive
parameters.

y = σ(gate) · tanh(filter) (8)

In this mechanism, the gate and filter correspond to the first and second halves of the input feature
channels, respectively. The gate component σ(gate) is computed using a Sigmoid function to generate
gating coefficients, which dynamically regulate the information flow. The filter component tanh( f ilter)
applies a Tanh activation to capture nonlinear features, ensuring that the activation values remain
within the range (−1, 1).

During training, each expressivity parameter is optimized individually. The overall loss function
is defined as follows:

Ltotal = Lpdur + LFMpit + LFMenr + LFMtech + LFMtsn (9)

Among them, Lpdur denotes the mean squared error between the predicted phoneme duration Odur

and the target phoneme duration Tpdur. The remaining four losses are flow matching losses LFMlog,
consistent with those used in the multi-dimensional perceptual flow matching acoustic model, as
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defined in Equation 3. This loss function ensures that the predicted vector field v(xt, t) aligns with the
evolutionary trajectory of the target expressive parameters, thereby enhancing the naturalness and
expressiveness of the generated results.

The detailed training procedure is as follows:

Algorithm 3 The training process of the fine-grained emotional generator

Require: Dataset Dtrain = {(Itext, Inote, Indur, Tpdur, Tpit, Ttech, Tenr, Ttsn)}M
m=1; Fine-grained emotional

generator G(θ); Number of training rounds Niter; Learning rate η;
1: for i = 1, 2, . . . , Niter do
2: From Dtrain sample (Itext, Inote, Indur, Tpdur, Tpit, Ttech, Tenr, Ttsn)
3: Randomly sample t from [0, 1]
4: Samples xpit

0 , xtech
0 , xenr

0 , xtsn
0 from a random normal distribution N(0, 1)

5: Forward propagation:

Opdur, v(xpit
t ), v(xtech

t ), v(xenr
t ), v(xtsn

t ) = G(xpit
t , xtech

t , xenr
t , xtsn

t , t, Itext, Inote, Indur)

6: Calculates the loss function: Ltotal = Lpdur + LFMpit + LFMenr + LFMtech + LFMtsn
7: Backward propagation: Calculate the gradient ∇θ Ltotal
8: Take gradient descent step on θ ← θ − η · ∇θ Ltotal
9: end for

10: return G(θ)

4.3. Flow Matching-Based Acoustic Model

In this section, we present the proposed flow matching-based acoustic model in detail. The model
employs a conditional flow matching method under optimal transport to learn the distribution of mel
spectrograms and generates samples from this distribution conditioned on a set of acoustic features. As
illustrated in Figure 7, we design a series of flow matching blocks to predict the vector fields required
for solving the associated ordinary differential equation (ODE).

Figure 7. The architecture of flow matching-based acoustic model.
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Before feeding features into the proposed flow matching module, various modal inputs are first
encoded into a unified representation. Specifically, a sinusoidal positional encoding mechanism based
on the Transformer is used to generate temporal encodings Et for each time step. Speaker voiceprint
Ispk are linearly projected into speaker encodings Espk. For the complex content representation Icontent, a
Transformer encoder is applied to capture contextual dependencies, yielding content encoding Econtent.
Meanwhile, the pitch sequence Ipitch is embedded using a Transformer embedding layer to obtain
pitch encoding Epitch. Additionally, the flow state distribution at each time step t is constructed using
a linear interpolation formula: xt = x0 · t + x1 · (1− t). All encoded features are then concatenated
along the feature dimension and fed into the flow matching block of the acoustic model to enhance the
expressiveness of vector field prediction.

Existing flow matching models typically employ U-Net [30] architectures for vector field esti-
mation. To better adapt to the specific requirements of speech modeling, we design a hierarchical
flow matching block. In this module, the input to the MLP is composed of three components: the
speaker encoding Espk, expressive parameters, and a prompt mask. The expressive parameters include
four dimensions: pitch Opit, singing technique Otech, energy Oenr, and vocal tension Otsn. In speech
synthesis tasks, these parameters are not required and are thus input as zero matrices.The prompt
mask is a mechanism proposed in this paper to incorporate the prompt content generated by the
content front-end. It is constructed as a binary 0–1 vector with a length matching the content features:
the first segment (equal in length to the Prompt content) is filled with zeros, and the remaining part
(aligned with the output content length) is filled with ones. This mask guides the model to learn the
positional relationship between the prompt and the output, enabling selective embedding of emotional
and semantic information from the prompt into the generated features. Then each flow matching block
employs two mechanisms for conditional information injection:

(1) Scale Shift, as shown in Equation 10, uses learnable scaling and bias parameters (γ, β) to
modulate the feature distribution:

ScaleShift(x) = x ∗ γ + β (10)

(2) Gate Shift, as shown in Equation 11, introduces a gated activation to dynamically regulate
information flow:

GateShift(x) = x(1 + α) + α (11)

Here, α, γ, and β are learnable parameters, and x represents the input feature matrix.
More specifically, the temporal encoding Et is passed through a 1D convolution to obtain two

learnable parameters (γt, βt), which are used to modulate features along the time dimension. The
conditional matrix is passed through a multilayer perceptron (MLP) to produce six adaptive parameters
(α1, γ1, β1, α2, γ2, β2), enabling conditional feature encoding.Each flow matching block sequentially
performs the following operations:1) Layer normalization and conditional feature modulation on the
input; 2) Cross-dimensional interaction through a multi-head self-attention mechanism; 3) Dynamic
gating via the Gate Shift mechanism; 4) Residual connections to preserve original features and improve
training stability; 5) Feature integration via 1D convolution to produce the final predicted vector field
v(zt, t).

The core design principle of this architecture is that the closer a block is to the output layer,
the stronger its sensitivity to conditional information should be. In acoustic modeling tasks, timbre-
related features are assigned greater importance, while features such as energy exert relatively weaker
influence. The perceptual feature block adaptively learns to adjust the weights of different types of
features, allowing the model to dynamically optimize the fusion strategy according to task-specific
needs. The specific training process is as follows:
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Algorithm 4 The training process of flow matching-based acoustic model.

Require: FMAC(θ); Dataset Dtrain = {(Icontent, Ispk, Ipit, Itech, Ienr, Itsn, Tmel)}M
m=1; Number of training

rounds Niter; Learning rate η;
1: for i = 1, 2, . . . , Niter do
2: From Dtrain sample (Icontent, Ispk, Ipit, Itech, Ienr, Itsn, Tmel)
3: Randomly sample t from [0, 1]
4: Samples x0 from a random normal distribution N(0, 1)
5: Calculate xt = x0 + (x1 − x0) ∗ t

6: mask prompt[i] =

{
0, i < ⌊p · L⌋
1, i ≥ ⌊p · L⌋

, where p ∼ U (0, 0.5), L = length o f Icontent

7: Forward propagation:
v(xt, t) = FMAC(xt, t, prompt mask, Icontent, Ispk, Ipit, Itech, Ienr, Itsn)

8: Calculates the loss function:
LFMLog = 1√

2π
· 1

t(1−t) exp
(
−
(
log t

1−t
)2
)
· ∥v(x(t), t)− (x1 − x0)∥2

9: Backward propagation: Calculate the gradient ∇θ LFMlog
10: Take gradient descent step on θ ← θ − η · ∇θ LFMlog
11: end for
12: return FMAC(θ)

5. Results
To evaluate the effectiveness of the proposed method in both speech and singing voice conversion

tasks, we conduct experiments on a Mandarin multi-speaker speech dataset and a Mandarin single-
singer singing dataset. The two primary datasets used in this study are AISHELL-3 [31] and Opencpop
[32].

(1) AISHELL-3
Aishell-3 is a high-quality, multi-speaker Mandarin speech synthesis dataset publicly released

by the AISHELL Foundation. It comprises 218 Mandarin Chinese speakers with a balanced gender
distribution, making it suitable for multi-speaker modeling and voice conversion tasks. The dataset
includes over 85,000 utterances with a total duration of approximately 85 hours. Recorded at a
sampling rate of 44.1 kHz, 16-bit depth, in a professional studio environment, it ensures exceptional
audio clarity. To construct the speech test set, we excluded 10 randomly selected speakers from the
training process and randomly sampled 10 utterances per speaker, resulting in a total of 100 speech
samples.

(2) Opencpop
Opencpop is a dataset specifically designed for Chinese singing voice synthesis (SVS) and singing

voice conversion (SVC) tasks, developed and released by the Pop Song Research Group. This dataset
features the following characteristics: The recordings were captured in a professional, noise-free envi-
ronment, making it highly suitable for singing research. The dataset was performed by a professional
female singer to ensure clear articulation and consistent timbre. It encompasses 100 Chinese pop
songs with a total duration of approximately 5.2 hours. The audio was sampled at 44.1 kHz with
16-bit PCM encoding. Word-by-word aligned lyrics annotations are provided to ensure rhythmic
consistency during singing transitions. Additionally, precise pitch curves are included, facilitating
accurate modeling of pitch variations. To construct the singing voice test set, we randomly selected 10
scores from the dataset that were not used in training and extracted 10 vocal segments from each score,
resulting in a total of 100 singing samples.

5.1. Data Processing

In this paper, we extract a variety of key information from raw speech data, including text
phonemes, content representation, voiceprint information, pitch, energy and singing voice, for sub-
sequent analysis and modeling.The content representation Icontent is extracted using a pre-trained
automatic speech recognition model, SenseVoice[33], which provides high-precision linguistic fea-
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tures. Speaker identity features Ispk are obtained using the pre-trained speaker verification model
Camplus[34], which captures speaker-dependent characteristics. Pitch information Ipitch is extracted
using the pre-trained neural pitch estimation model RMVPE[35], which directly derives pitch features
from raw audio, ensuring high accuracy and robustness. Energy Ienergy is calculated as the root mean
square (RMS) energy of each frame in the speech signal. The singing technique are derived from the
publicly available Opencpop dataset provided by SinTechSVS [36]. Text features are converted to the
phoneme level using the Seq2Seq method [37]. For tension extraction, the WORLD harmonic analysis
method [38] is employed to extract the full harmonic H f ull and half harmonic Hbass in singing voices.
The formula for calculating tension is defined as follows:

T = log
r

l − r
(12)

r =
RMS(H f ull − Hbass)

RMS(H f ull)
(13)

Here, H f ull represents the full harmonic, Hbass represents the half harmonic, and RMS denotes the root
mean square of the data.

5.2. Model Configuration

In the LLM-driven emotional content front-end, the input text Itext has a vocabulary size of
51,866 and is first mapped to a 512-dimensional embedding. This embedding is then processed by a
Transformer encoder consisting of 6 layers, 16 attention heads, a hidden dimension of 4096, and an
output dimensionality of 1024, resulting in the text encoding Etext. The input content representation
Icontent is projected from 4096 to 1024 dimensions, yielding the content encoding Econtent. The input
speaker embedding, originally 192-dimensional, is linearly projected to 1024 dimensions. The LLM
itself adopts a Transformer encoder architecture with 14 blocks, 16 attention heads, a hidden size of
4096, and an output size of 1024. The final layer is a linear projection to a 4097-dimensional vector for
predicting the one-hot encoding of the output content representation Ocontent.

In the fine-grained singing expressiveness generator, the input text Itext shares the same vocabulary
size of 51,866 and is embedded into 256-dimensional vectors. The note input Inote has a vocabulary size
of 128 and is also embedded into 256-dimensional vectors. The note duration input Indur is projected
via a linear layer into 256 dimensions. Both the melody encoder and the text encoder adopt the same
Transformer encoder structure, each consisting of 4 layers, 2 attention heads, and a hidden size of
256. The duration predictor is implemented as a single fully connected layer. The pitch predictor,
singing technique predictor, energy predictor, and tension predictor are all implemented using flow
matching. The underlying dilated convolutional network consists of 20 dilated convolution layers. The
time step t and the flow matching distribution zt are first fused and projected into a 256-dimensional
representation, which is then processed through the dilated convolutional layers to produce a 512-
dimensional output. Expressive parameters, along with the melody encoding Emidi and the text
encoding Etext, are stacked and passed through a 1D convolutional layer to obtain a 512-dimensional
hidden representation. A final convolutional layer outputs a 1-dimensional vector field v(xt, t).

In the flow matching-based acoustic model, the time encoding is first passed through a one-
dimensional convolutional layer with an output channel size of 512× 2 to produce two parameters,
γt and βt required for feature conditioning. The multi-head self-attention mechanism employs 4
attention heads with a hidden dimension of 400. The multilayer perceptron (MLP) consists of two
linear layers, with a hidden size of 400 and an output size of 400× 6, generating the conditional
parameters α1, γ1, β1, α2, γ2, β2Finally, the entire multi-dimensional perception network outputs a
100-dimensional predicted vector field v(xt, t) through a one-dimensional convolutional layer.
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5.3. Training Setup

In this study, we independently trained three core modules—namely the content front-end, the
fine-grained emotional generator, and the flow matching-based acoustic model—on both the speech
and singing voice datasets. The Adam optimizer was employed for parameter optimization, and each
model was trained for 100 epochs to ensure full convergence. A learning rate schedule with a warm-up
mechanism was adopted, defined as:

lr = lri ∗ warmup0.5 ∗min(step−0.5, step ∗ warmup−1.5) (14)

where lri denotes the initial learning rate and warmup represents the number of warm-up steps. The
initial learning rates and warm-up steps were set to (0.002, 3000) for the content front-end, (0.001, 2500)
for the acoustic model, and (0.004, 3000) for the fine-grained emotional generator.

In addition, a dynamic batch size strategy was adopted, with the batch size adjusted according to
the total frame length of the input content representation Icontent. Specifically, the maximum number
of frames was set to 20,000 for the content front-end, 10,000 for the acoustic model, and 30,000 for the
fine-grained emotional generator, balancing training efficiency and memory usage.

5.4. Baseline Models and Evaluation Metrics

This work selects both emotional speech synthesis models and singing voice synthesis models as
baselines to evaluate performance across speech and singing tasks. These baseline systems cover main-
stream approaches based on variational autoencoders and diffusion models, ensuring comprehensive
and scientifically rigorous comparisons.

(1) Baseline Models for Speech Synthesis:
1) VITS [13] (ICML 2021): A classic speech synthesis model based on the variational autoencoder

(VAE) architecture. It is widely adopted in TTS tasks for its efficient feature modeling capabilities.
2) Mixed Emotion TTS [22] (IEEE Transactions on Affective Computing, 2022): A TTS model

incorporating mixed emotional embeddings to improve emotional expressiveness.
3) EmoDiff [23] (ICASSP 2023): An emotional speech synthesis method based on diffusion models,

enabling expressive generation through emotion-aware denoising processes.
(2) Baseline Models for Singing Voice Synthesis:
1) Visinger [25] (ICASSP 2022): A singing voice synthesis model based on the VITS architecture,

using a variational autoencoder framework for high-quality singing waveform generation.
2) Diffsinger [26] (AAAI 2022): A diffusion-based singing synthesis model that progressively

denoises latent representations to generate high-fidelity singing audio.
3) ComoSpeech [19] (Proceedings of the 31st ACM International Conference on Multimedia, 2023):

A state-of-the-art diffusion-based singing synthesis approach. It preserves high-frequency details
and formant features during the generation process through a carefully designed denoising schedule,
resulting in more natural and perceptually clearer singing output.

(3) Evaluation index:
1) Mean Opinion Score (MOS): A subjective evaluation metric that measures the naturalness of

synthesized speech. Scores are provided by 10 native Mandarin speakers with good pitch perception.
2) Mel Cepstral Distortion (MCD): An objective metric that calculates the spectral distance between

the converted speech and the target speech. Lower values indicate better conversion quality.
3) Word Error Rate (WER): Evaluates speech intelligibility by using an automatic speech recogni-

tion (ASR) system. Lower WER values indicate better intelligibility.
4) Speaker Mean Opinion Score (SMOS): A subjective measure of speaker similarity between

converted and target speech. Evaluated by the same 10 Mandarin-speaking listeners, it reflects
perceived voice timbre similarity.

5) Speaker Embedding Cosine Similarity (SECS): An objective metric based on cosine similarity
between speaker embeddings of original and converted speech. Higher scores indicate better speaker
identity preservation.
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6) Variance Mean Opinion Score (VMOS): A subjective evaluation metric that assesses the emo-
tional expressiveness of synthesized speech. Scores are provided by 10 listeners who are native
Mandarin speakers with good pitch perception, aiming to evaluate how well the emotional content is
conveyed in the synthesized speech.

7) Emotion Embedding Cosine Similarity (EECS): An objective metric based on the emo2vec [39]
emotional embedding model. It computes the cosine similarity between the emotion vectors of the
synthesized speech and the target speech. Higher values indicate better emotional consistency and
preservation.

8) F0 Pearson Correlation (FPC): This metric calculates the Pearson correlation coefficient between
the pitch contours of the target and synthesized speech, measuring the pitch retention capability of the
system. It is defined as:

FPC =
∑(F0target − F̄0target)(F0converted − F̄0converted)√

∑(F0target − F̄0target)2 ·
√

∑(F0converted − F̄0converted)2
(15)

where F0target and F0converted denote the pitch trajectories of the target and synthesized speech, re-
spectively. A correlation coefficient r = 1 indicates perfect pitch alignment (melodic consistency),
r = 0 indicates no correlation, and r = −1 indicates an inverse correlation, implying extreme pitch
mismatch.

5.5. Experimental Results

(1) Speech Synthesis
1) Speech Quality Evaluation
The primary objective of speech synthesis is to generate speech that is natural, clear, and expres-

sive, achieving high-quality standards in terms of naturalness, timbre consistency, and intelligibility.
To comprehensively evaluate the performance of the proposed highly expressive speech synthesis
system, we conducted experiments on a speech test set and assessed the results using MOS, MCD, and
WER metrics.

As shown in Table 1, the proposed LLFM-Voice significantly outperforms baseline models in
speech quality, achieving the best results in both MOS (4.12) and WER (3.86%). Compared to VITS,
LLFM-Voice leverages the contextual learning capability of large language models to more accurately
model the relationship between text semantics and speech content, resulting in smoother and more
natural synthesized speech. Additionally, the autoregressive emotional embedding employed in
LLFM-Voice enables smoother emotional transitions across the speech sequence, further enhancing
the naturalness of emotional expression. Compared to Mixed Emotion TTS, LLFM-Voice shows clear
improvements in both MCD and WER. This demonstrates that autoregressive modeling with large
language models can more precisely predict phonetic features, ensuring speech clarity and avoiding
the phoneme blurring issues often caused by static emotional embeddings. Compared with EmoDiff,
LLFM-Voice also yields superior results in MCD and WER. Although EmoDiff utilizes diffusion models
to enhance emotional expressiveness, its denoising process may cause phoneme oversmoothing, which
compromises clarity and fine-grained control of emotional variation. In contrast, LLFM-Voice, driven
by a large language model-based content front-end, more effectively models prosody, rhythm, and
dynamic emotional changes in speech, thereby significantly enhancing the expressiveness of the
synthesized output.
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Table 1. Speech Quality Evaluation

Evaluated Models MOS(↑) MCD(↓) WER(↓)
GT 4.34± 0.05 - 1.79%
VITS 3.92± 0.04 5.52 7.48%
Mixed Emotion 3.22± 0.05 7.21 26.97%
EmoDiff 3.88± 0.04 5.94 13.31%

LLFM-Voice (Ours) 4.12± 0.05 5.12 3.86%

2) Speech Timbre Similarity Evaluation
To comprehensively evaluate the performance of different speech synthesis methods in terms

of speaker timbre preservation, we utilize two metrics: Speaker Mean Opinion Score (SMOS) and
Speaker Embedding Cosine Similarity (SECS).

As shown in Table 2 and Figure 8, LLFM-Voice demonstrates outstanding performance in both
SMOS (4.03) and SECS (0.85), significantly outperforming VITS and Mixed Emotion TTS, and achieving
speaker similarity scores comparable to EmoDiff. These results indicate that LLFM-Voice, through
autoregressive modeling powered by a large language model, can more accurately predict speaker tim-
bre features, producing synthetic speech that closely resembles the target speaker’s voice. Compared
to VITS, LLFM-Voice shows substantial improvements in both SMOS and SECS, suggesting that VITS,
which relies solely on a variational autoencoder to model timbre, may suffer from timbre blurring
or loss of speaker individuality. In contrast, LLFM-Voice benefits from the contextual representation
learned by the large language model, which effectively enhances speaker identity consistency. Relative
to Mixed Emotion TTS, LLFM-Voice achieves a significant advantage in the SECS metric. This implies
that traditional methods based on static emotional embeddings have limitations in timbre control and
struggle to preserve speaker-specific characteristics. LLFM-Voice, by employing an autoregressive
mechanism, allows the synthesized speech to gradually inherit the target speaker’s timbre features,
thus improving stability and speaker fidelity. Compared to EmoDiff, LLFM-Voice yields a higher
SMOS and slightly better SECS. Although EmoDiff, as a diffusion-based model, can improve speaker
similarity to some extent, its denoising process may result in the loss of fine-grained timbre details,
thereby affecting overall clarity. LLFM-Voice, on the other hand, leverages the semantic understand-
ing and emotional embedding capabilities of large language models to maintain more natural and
consistent timbre, while also delivering better subjective perceptual quality.

Table 2. Speech Timbre Similarity Evaluation

Evaluated Models SMOS(↑) SECS(↑)
VITS 3.58± 0.04 0.75
Mixed Emotion 3.23± 0.06 0.63
EmoDiff 3.71± 0.05 0.82

LLFM-Voice (Ours) 4.03± 0.04 0.85
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Figure 8. Speech Timbre Similarity Evaluation

3) Emotional Similarity Evaluation
To evaluate the emotional expressiveness of different speech synthesis methods, we generated

and assessed 100 synthesized utterances for each of four primary emotion categories: happiness,
sadness, anger, and surprise. The textual content of each utterance was carefully designed to align with
the target emotion. The Emotion Embedding Cosine Similarity (EECS) metric was used to measure
emotional accuracy by calculating the cosine similarity between the emotional embedding of the
synthesized speech and that of the target emotion. A higher EECS value indicates better emotional
alignment.

As shown in Table 3 and Figure 9, LLFM-Voice outperforms both Mix-Emotion and Diff-EMO
across all emotion categories, achieving the highest EECS scores. This demonstrates that LLFM-Voice
possesses more accurate emotional modeling capabilities and can generate speech that more closely
reflects the intended emotional state. Compared to Mix-Emotion, LLFM-Voice shows substantial
improvements in all categories. This suggests that traditional methods relying on mixed emotional
embeddings face limitations in controlling emotional intensity and dynamic variation, often resulting
in flat or less expressive synthesized speech. In contrast, LLFM-Voice benefits from the contextual
modeling strength of large language models, enabling more precise prediction of emotional cues
and producing speech with more natural intensity and expressive detail. When compared to Diff-
EMO, LLFM-Voice performs better in the categories of happiness, sadness, and surprise, while slightly
underperforming in the anger category. This implies that diffusion models may hold certain advantages
in modeling extreme or highly intense emotions. However, the denoising process inherent to diffusion
models may lead to the loss of subtle emotional details, affecting the overall stability of emotional
expression. LLFM-Voice, driven by the autoregressive learning capacity of large language models,
is able to capture the dynamic evolution of emotion within context, resulting in smoother and more
natural emotional transitions in the synthesized speech.

Table 3. Emotional Similarity Evaluation

Evaluated Models happiness sadness anger surprise

Mix-Emotion 0.62 0.55 0.59 0.67
Diff-EMO 0.79 0.77 0.89 0.78

LLFM-Voice (Ours) 0.92 0.83 0.82 0.82
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Figure 9. Emotional Similarity Evaluation

(2) Singing Voice Synthesis
1) Singing Voice Quality Evaluation
To comprehensively evaluate the quality of synthesized singing voices, we adopt three metrics:

MOS, MCD, and WER, which respectively assess perceptual quality, timbre fidelity, and intelligibility.
As shown in Table 4, LLFM-Voice achieves the best performance across all evaluation metrics. It

obtains the highest MOS (4.18), and also surpasses all baseline models in MCD (5.23) and WER (5.87%),
demonstrating its ability to generate singing voices with higher audio fidelity, clarity, and naturalness,
while improving overall intelligibility. Compared to Visinger, LLFM-Voice shows significant improve-
ments on all metrics. This indicates that although the VITS-based Visinger can effectively learn the
mapping between phonemes and acoustic features, it still struggles with capturing expressive nuances,
maintaining timbre stability, and handling detailed control. In contrast, LLFM-Voice benefits from
a large language model-driven autoregressive content front-end, which enhances semantic-acoustic
alignment and results in more naturally expressive and fluent singing voices. Compared to Diff-
singer, LLFM-Voice also outperforms in MOS, MCD, and WER. While diffusion models like Diffsinger
improve perceptual quality through progressive denoising, they may introduce artifacts or timbre
distortion, especially in melodic segments with significant pitch variation. LLFM-Voice addresses this
limitation by employing hierarchical modeling of expressive features, allowing dynamic adjustment of
energy, pitch, and vocal techniques in response to melodic changes, thereby improving both quality
and intelligibility. When compared to ComoSpeech, LLFM-Voice achieves better MOS and MCD scores,
though it shows a slightly higher WER. This suggests that ComoSpeech, with its diffusion probabilistic
modeling, has advantages in modeling high-frequency details and formant structures, contributing to
clearer audio quality. However, its longer iterative inference process may introduce instability, which
can negatively affect lyric intelligibility. LLFM-Voice, by integrating the semantic modeling capability
of large language models with fine-grained control of singing expressiveness, ensures high-quality
synthesis while improving the coherence and emotional layering of the singing voice, thus offering a
superior overall listening experience.
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Table 4. Singing Voice Quality Evaluation

Evaluated Models MOS (↑) MCD (↓) WER (↓)
GT 4.52± 0.04 - 3.12%
Visinger 3.62± 0.05 6.45 7.21%
Diffsinger 3.89± 0.04 6.02 6.78%
ComoSpeech 3.97± 0.06 6.13 6.32%

LLFM-Voice (Ours) 4.18± 0.05 5.23 5.87%

2) Singing Voice Timbre Similarity Evaluation
To evaluate the timbre consistency of different singing voice synthesis methods, we adopt two

core metrics: Speaker Mean Opinion Score (SMOS) and Speaker Embedding Cosine Similarity (SECS).
As shown in Table 5 and Figure 10, LLFM-Voice achieves the best performance in both SMOS (4.13)

and SECS (0.84), demonstrating superior timbre preservation capabilities compared to all baseline
methods. Compared to Visinger, LLFM-Voice shows substantial improvements in both SMOS and
SECS. This suggests that while Visinger, built on the VITS architecture, can capture acoustic features, it
struggles with timbre stability, especially over long singing sequences, where timbre drift may occur.
In contrast, LLFM-Voice leverages an autoregressive content front-end combined with fine-grained
emotional control, allowing the synthesized timbre to remain consistent throughout extended singing
passages and across variations in pitch and rhythm. When compared to Diffsinger, LLFM-Voice
outperforms in SECS, indicating that diffusion models may suffer from timbre degradation during the
denoising process. The stochastic nature of diffusion sampling may also introduce timbre variance,
resulting in less stable vocal output. LLFM-Voice, on the other hand, benefits from semantically
grounded modeling powered by large language models, which strengthens the alignment between
text, melody, and vocal timbre, leading to improved consistency. Relative to ComoSpeech, LLFM-Voice
achieves a higher SMOS score, though the improvement in SECS is marginal. This suggests that
ComoSpeech, based on DDPM-style progressive denoising, has certain advantages in preserving fine-
grained timbre details. However, its diffusion process may introduce nonlinear distortions, leading to
slightly reduced subjective timbre consistency. By contrast, LLFM-Voice employs hierarchical modeling
of expressive features, allowing the synthesized timbre to adapt more naturally to pitch and prosodic
changes while better matching the target voice, thus enhancing the perceived timbre coherence.

Table 5. Singing Voice Timbre Similarity Evaluation

Evaluated Models SMOS (↑) SECS (↑)
Visinger 3.62± 0.05 0.73
Diffsinger 3.89± 0.04 0.79
ComoSpeech 3.86± 0.06 0.81

LLFM-Voice (Ours) 4.13± 0.05 0.84
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Figure 10. Singing Voice Timbre Similarity Evaluation

3) Evaluation of Emotional Expressiveness in Singing Voice Synthesis
To assess the emotional expressiveness of different singing voice synthesis methods, we adopt

two key metrics: Variance Mean Opinion Score (VMOS) and F0 Pearson Correlation (FPC).
As shown in Table 6 and Figure 11, LLFM-Voice achieves the best performance on both VMOS

(4.03) and FPC (0.79), demonstrating its ability to generate singing voices that are not only natural
but also rich in emotional expressiveness. Compared to Visinger, LLFM-Voice shows significant
improvements in both metrics. While Visinger, based on the VITS architecture, can generate clear
singing audio, it exhibits limitations in expressive control, particularly when handling highly dynamic
emotional transitions. In contrast, LLFM-Voice leverages an autoregressive content front-end, enabling
dynamic adjustments of pitch, rhythm, and energy throughout long-form singing sequences, result-
ing in more accurate emotional portrayal. Relative to Diffsinger, LLFM-Voice also shows marked
improvements in both VMOS and FPC. Although diffusion models can retain some emotional cues
during the denoising process, their non-autoregressive architecture often leads to discontinuities in
emotional progression, resulting in rigid transitions. LLFM-Voice, with its context-aware modeling
capability powered by a large language model, ensures smoother emotional flow and more natural
expressiveness in synthesized singing. When compared to ComoSpeech, LLFM-Voice demonstrates
a more noticeable gain in VMOS, while the improvement in FPC is relatively modest. This suggests
that ComoSpeech, using DDPM-based progressive denoising, excels in preserving detailed acoustic
features and prosodic stability. However, its pitch variation tends to be relatively flat, limiting its
ability to express dynamic emotional changes. In contrast, LLFM-Voice employs hierarchical modeling
of expressive singing features, allowing finer control over pitch, vocal techniques, energy, and tension,
thereby enhancing emotional depth and dynamic variation in synthesized singing.

Table 6. Evaluation of Emotional Expressiveness in Singing Voice Synthesis

Evaluated Models VMOS(↑) FPC(↑)
GT 4.32± 0.04 1.00
Visinger 3.12± 0.06 0.69
Diffsinger 3.25± 0.05 0.74
ComoSpeech 3.32± 0.04 0.76

LLFM-Voice (Ours) 4.03± 0.03 0.79
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Figure 11. Evaluation of Emotional Expressiveness in Singing Voice Synthesis

As illustrated in Figure 12, we further analyzed the pitch contour of generated singing voices.
LLFM-Voice is capable of producing vibrato with natural tremolo characteristics during sustained
notes, as well as appropriate melodic ornaments such as pitch slides and turns, based on emotional
semantics. Thanks to the contextual modeling of the large language model, the system achieves smooth
pitch transitions between phonetic units. In contrast, Visinger and ComoSpeech, despite offering some
level of pitch control, lack musical expressiveness in the form of ornamental techniques like vibrato or
pitch transitions. Diffsinger can synthesize vibrato in certain segments, but its lack of strong contextual
continuity often leads to abrupt transitions.

(a) ViSinger (b) Diffsinger

(c) Comospeech (d) LLFM-Voice

Figure 12. The pitch contour of generated singing voices

6. Conclusion
In this paper, we propose LLFM-Voice, a unified framework designed to enhance emotional ex-

pressiveness in both speech and singing voice synthesis. Leveraging the contextual learning capability
of LLM, our method generates emotionally rich speech guided by a prompt utterance. Additionally,
we introduce a fine-grained emotional generator for singing, built upon a flow matching model, which
integrates multimodal features such as melody, rhythm, and prosody. This enables precise control over
emotional transitions and vocal style diversity, forming a highly expressive SVS system. Furthermore,
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we propose a flow matching-based acoustic model that maintains high audio quality while producing
emotionally expressive speech. The proposed LLFM-Voice framework achieves superior performance
in terms of timbre consistency, emotional naturalness, and expressive richness, outperforming existing
methods. Experimental results demonstrate that LLFM-Voice excels across key emotional expressive-
ness metrics including EECS, VMOS, and FPC, producing speech and singing voices that are both
emotionally richer and melodically more natural.

7. Future Work
In the current implementation of the LLM-driven emotional content front-end, emotional embed-

ding is primarily guided by acoustic and textual features from prompt speech through autoregressive
modeling. However, the full potential of prompt-based reasoning in large language models remains
underutilized. Future work will explore converting the prompt speech into semantic guidance cues
for the LLM and incorporating natural language instructions (e.g., "generate a cheerful sentence in
Chinese") to directly generate emotionally expressive speech in different dialects. This direction aims to
further enhance the generalization and controllability of large language model-based speech synthesis
systems.
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Abbreviations
The following abbreviations are used in this manuscript:

TTS text to speech
SVS singing voice synthesis
ODE ordinary differential equation
MOS Mean Opinion Score
MCD Mel Cepstral Distortion
WER Word Error Rate
SMOS Similarity Mean Opinion Score
SECS Speaker Embedding Cosine Similarity
EECS Emotion Embedding Cosine Similarity
FPC F0 Pearson Correlation
ICML International Conference on Machine Learning
ICASSP IEEE International Conference on Acoustics, Speech and Signal Processing
AAAI Association for the Advancement of Artificial Intelligence Conference
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