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Abstract

This paper focuses on generating speech with
the acoustic style that meets users’ needs based
on their open-domain instructions. To con-
trol the style, early work mostly relies on pre-
defined rules or templates. The control types
and formats are fixed in a closed domain, mak-
ing it hard to meet users’ diverse needs. One
solution is to resort to instructions in free text
to guide the generation. Current work mainly
studies the instructions that clearly specify the
acoustic styles, such as low pitch and fast speed.
However, the instructions are complex, some
even vague and abstract, such as “Generate a
voice of a woman who is heartbroken due to a
breakup.” It is hard to infer this implicit style
by traditional matching-based methods. To ad-
dress this problem, we propose a new control-
lable model. It first utilizes multimodal LLMs
with knowledge-augmented techniques to infer
the desired speech style from the instructions.
The powerful language understanding ability
of LLMs can help us better elicit the implicit
style factors from the instruction. By using
these factors as a control condition, we design a
diffusion-based generator adept at finely adjust-
ing speech details, enabling higher flexibility
to meet complex users’ needs. Next, we verify
the output speech from three aspects, i.e., con-
sistency of decoding state, mel-spectrogram,
and instruction style. This verified feedback
can inversely optimize the generator. Extensive
experiments are conducted on three popular
datasets. The results show the effectiveness
and good controllability of our approach.

1 Introduction

The task of speech generation aims to enable ma-
chines to speak like humans, presenting the given
text in a fluent voice with an acoustic style that
meets the users’ needs (Tan et al., 2021). This
technology has a wide range of applications, such
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Figure 1: Open-domain instruction sample with implicit
acoustic styles for generating speech controllably.

as voice assistants, film/television dubbing, voice
navigation, etc. Early work (Purcell and Munhall,
2006) tries to convert or translate text into speech,
striving to ensure accurate pronunciation of text
content. These studies had relatively weak control
over the style of speech. To tackle this issue, some
studies used simple rules and templates, or a set
of fixed parameters (such as speed, duration, pitch,
volume, etc.) to roughly adjust aspects such as the
rhythm, intonation, and speed of speech. However,
rules and templates are often hand-crafted (Kim
et al., 2021), resulting in high creation cost and
poor scalability (Chary, 2024). Besides, the pa-
rameter adjustment was sophisticated and relied
on experts. Users need to struggle to learn these
parameters and conduct many experiments to mas-
ter their value settings. Otherwise, the generated
speech lacks naturalness and sounds stiff. One so-
lution is to resort to instructions which describe
acoustic style flexibly in free text, like “Please say
the following sentence in a female voice, with a
relatively low pitch, about 100 Mel, at a medium
volume, with a brisk pace.” This instruction can
be used as a prompt to guide the large model to
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yield speech meeting users’ intentions. This way is
more user-friendly and highly adaptable. Current
work mostly studies some closed-type instructions
that have to clearly present desired styles and val-
ues with standardized expressions or keywords, see
Fig.1(a). But in real applications, users’ instruc-
tions are open and complex, some are even abstract
and subjective. As shown in Fig.1(b), users may di-
rectly describe a scenario as an instruction, without
having to point out the detailed style aspects. This
complex open-domain control task is less studied,
and we thus focus on it to fill the research gap.

Due to the complexity of language, it is not
trivial to analyze these open-domain instructions.
They may be vague, such as “Generate a gentle
girl voice.” which describes the users’ needs by
a feeling term, lacking clear acoustic factors. Ex-
isting work mostly encodes the textual features of
instructions. That merely learns the single-variable
mapping between explicit keywords and acous-
tic factors in the instructions (Zhou et al., 2024).
However, the instruction-factor mappings are non-
unique and non-deterministic, e.g., “gentle voice”
involves the compound but not single factors, like
the female gender, a softness of pitch, a moderate
volume with low energy, and a speech rate of less
than 100 words per minute. That leads to an in-
ability to accurately grasp the semantic meaning of
the instructions, resulting in a distorted style of the
outcome. In addition, open instructions may mix
with noises, which are hard to distinguish. More-
over, users may also use informal expressions such
as omission, inversion, and repetition to describe
their needs, which further increases the challenges.

To address these challenges, we propose a new
controllable speech generation method that well
captures the abstract semantics in the open-domain
instructions. It can flexibly control the acoustic and
stylistic details of the speech to meet users’ diverse
needs. In detail, we first leverage the multimodal
LLMs to analyze the complex instructions. This
LLMs have a strong language understanding abil-
ity and are adept at identifying salient content in
the instructions via context to better infer users’
intentions. To reduce ambiguity, we retrieve rel-
evant speech samples as knowledge to augment
LLMs, making it easy to learn the implicit corre-
lations among the instruction words and acoustic
factors, such as pitch, volume, speed, timbre, emo-
tion, etc. This knowledge covers various expres-
sive ways, which can provide richer context to help

us better comprehend the open instructions with
informal expressions. We then develop a diffusion-
based speech generator and feed these factors as
conditions into it. This model is good at learn-
ing complex mapping relations between conditions
and outputs from the data. It applies each acous-
tic factor at different steps within a single learning
process. This step-by-step adjustment method can
avoid large deviations caused by one-time genera-
tion. Since that is generated in a continuous space,
the model can adjust the details of the outcome in-
crementally. That enables the generation of speech
to be highly controllable. Finally, we develop a
verifier to fully evaluate the results from multiple
perspectives, including the consistency in terms of
decoding state, mel-spectrogram, and style. Com-
pared with the single metric, it can avoid the bias.
The verified feedback can be fed back to the model
for self-optimization. In this way, we can yield
high-quality speech with good stability and control-
lability to better meet users’ real needs. Extensive
experimental results on three popular datasets show
our approach greatly outperforms other baselines.

The main contributions of this paper include,

• We reveal the limitations of traditional meth-
ods on control inflexibility and usage com-
plexity. Thus, we propose a new method with
the knowledge-augmented multimodal LLMs
technique to analyze the complex open instruc-
tions. It can precisely infer their underlying
acoustic style to better control the speech.

• We develop a strong verifier for reinforcement
learning, which can measure the generated
quality finely from multiple perspectives to
better assess the acoustic details of results.

• We build a large-scale speech dataset with
complex open-domain instructions. Based on
it and several popular datasets, we conduct ex-
tensive experiments to fully evaluate the con-
trollability and effectiveness of our method.

2 Approach

This task aims to generate a speech ŷ that matches
a certain voiceprint and is consistent with the style
instruction given by the user. The user’s input is
{V, C, I}, which includes the open-domain instruc-
tion I , the textual speech content C, and an optional
feature of a target person’s voiceprint V . As shown
in Fig.(2), our approach first encodes the semantics
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Figure 2: The architecture of our controllable speech generation model

of the input {V, C, I} and analyzes the instruction
I to infer the acoustic aspects of the expected con-
trol. We then design a generative diffusion model
and use these contents as conditions to guide it in
generating speech. Finally, we verify this output
from multiple perspectives to ensure its acoustic
aspects conform to the instructions’ requirements.
Next, we elaborate on each component.

2.1 Input Encoding and Instruction Analysis

A speech usually involves multiple acoustic fac-
tors (Yang et al., 2024b). For example, an “ener-
getic” speech may involve combinations of multi-
ple factors such as higher pitch, faster speed, and
greater volume. Traditional methods often require
an explicit description of these factors and their
values (Yamamoto et al., 2024). That is not user-
friendly, since most users do not know these pro-
fessional terms and their usage norms, making it
hard to obtain the desired speech. To tackle this
issue, we allow users to describe their needs in free
text. Considering that free text may be abstract and
general, it would not clearly indicate which voice
factors need to be adjusted, as well as the direc-
tion and degree of adjustment. It is difficult for the
machine to understand the user’s intention. Consid-
ering that LLMs possess remarkable language com-
prehension and pattern recognition abilities (Chang
et al., 2025), we thus use it to better analyze instruc-

tions and represent all input contents effectively.

Considering the users’ instructions may be ab-
stract and vague, for example, the user may want
“a cheerful and relaxed voice”, it has no terms ex-
plicitly mentioning the acoustic factors of pitch,
speed, etc. It is difficult for LLMs to clearly un-
derstand the voice style that users expect. One
solution is to provide demonstrations in the prompt
for LLMs (Brown et al., 2020), helping convert ab-
stract instructions into specific acoustic parameters.
That is, we collect some related audio-text pairs.
They can be used as a reference to assist LLMs in
learning the correlations among lexical expressions
and acoustic features. When similar text expres-
sions are found in the instructions, LLMs can use
these correlations to infer the desired voice effect,
avoiding potential deviations (Lewis et al., 2020).

Knowledge Augmentation: We collect abun-
dant audio-description pairs from external public
datasets, e.g., PromptSpeech (Guo et al., 2023), NL-
Speech (Yang et al., 2024b), to create a database
D = {⟨Ai, Si⟩}, where Ai denotes audio, Si is the
description. By taking the input instruction I as the
query, we retrieve the top-K most relevant samples
from it. A simple way is to directly calculate the
word matching between the query and the sample
text by using the BM 2.5 (Robertson et al., 2009)
algorithm, as slex. This method has a relatively
high precision but low recall (Thakur et al., 2021).
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The diverse expressions in user instructions may
differ from those in D. It is hard to retrieve sam-
ples with different expressions but the same mean-
ing (Arabzadeh et al., 2021). Another direction is
to encode the text into a dense vector, enabling the
capture of their semantics to better calculate their
cosine similarity (Huang and Huang, 2024). In de-
tail, we transform the query into the hidden states
hq based on an encoder, i.e., XLM-RoBERTa (Con-
neau et al., 2019). We then normalize it with the
special token “[CLS]” as eq = norm(hq[0]). Sim-
ilarly, we encode the style text Tn in D as ed. The
similarity is computed by the inner product be-
tween eq and ed, as sdense ← ⟨eq, ed⟩. However,
instructions usually have clear definitions and spe-
cific usages. The vector-based method may re-
trieve seemingly relevant but actually irrelevant
samples due to semantic generalization, thereby
harming the precision (Reichman and Heck, 2024).
To achieve high precision and recall simultaneously,
we exploit a hybrid method. That is, we first in-
dividually retrieve the candidates by each method.
We then re-rank them based on the integrated rele-
vance score srank = ωs · slex + (1− ωs) · sdense.

Instruction Inference: Given the retrieved au-
dio Ai, we first convert it into Mel-frequency spec-
trogram and discretize it into audio tokens ai using
the Qwen2-Audio encoder (Chu et al., 2024). Sim-
ilarly, we employ the Qwen text tokenizer (Yang
et al., 2024a) to encode the retrieved text descrip-
tions as ST = [t1, t2, . . . , tk]. Since the modali-
ties of these two contents are different, we design
the prompt and use the multimodal LLMs, e.g.,
Qwen2.5-Omni (Xu et al., 2025), to analyze the
user instructions and output the relevant style fac-
tor. Details of the prompt are provided in Appendix
A. In such LLMs, there is a Thinker module that
is good at processing multimodal inputs and yield-
ing high-level semantic representations. We or-
ganize the given audio and description tokens in
the ChatML format of Qwen2.5-Omni. We use
TMRoPE (Xu et al., 2025) to align these tokens
in the time dimension. That can ensure the syn-
chronous perception of audio-text. By inputting
them to the Thinker module, we can obtain the style
hidden state matrix H = [h1, h2, . . . , hT ] ∈ RT ×d.
Considering that the importance of these tokens
might vary, we employ a learnable style query
vector qstyle ∈ Rd to compute relevance weights
αi = softmax(q⊤

stylehi). We then project the ag-
gregated representation estyle = ∑T

i=1 αihi into

a linear MLP layer and conduct normalization to
obtain a style factor fs = norm(MLP (estyle).

Other Inputs Encoding: For the speech con-
tent C, we represent it by the text encoder in Fast-
Speech2 (Ren et al., 2020) to obtain a factor fc.
This encoder is adept at grasping the semantics in
C. As an option, we allow users to input a record-
ing of a certain person V for controlling the output
speech with a customized voiceprint. For example,
if a user desires the voice of a certain actor, we take
his speech as the input. We extract a voiceprint fac-
tor fv by a pre-trained encoder H/ASP (Heo et al.,
2020) which can finely capture characteristics of
the speaker’s voice. We then employ the variance
adapter in Hypernetworks (Li et al., 2024) to fuse
these factors (i.e., fs, fc, fv). It is good at grasping
correlations among these factors in a latent space
by weighted attention and gating mechanisms.

In detail, we first project them into a latent space,
obtaining z′

s = Ws·fs, z′
c = Wc·fc, z′

v = Wv·fv.
Then, we perform a first-stage hierarchical fusion
between the z′

c and z′
v to construct a fundamental

speech representation zbase = MLP([z′
c; z′

v]). That
enables the model to focus on speaking content
and voiceprint-related patterns before introducing
any style changes. In the second stage, we fuse the
projected style factors z′

s with zbase through a gated
attention mechanism. Two independent attention
modules are used to compute global weights over
zbase and z′

s, as Eq.(1), where wα is a trainable at-
tention vector, and Ub, Us are attention projection
matrices for zbase and z′

s, respectively.

{
αb = Softmax(w⊤

α tanh(Ub · zbase)),
αs = Softmax(w⊤

α tanh(Us · z′
s)).

(1)

The scalars αb, αs represent the global attention
weights applied to zbase and z′

s, indicating their
contribution to the final control factors. We then
concatenate zbase and z′

s to obtain zconcat, and feed
the result into two separate gating networks, which
generate dimension-wise soft masks, as Eq.(2).

{
gb = σ(Wb · zconcat + bg),
gs = σ(Ws · zconcat + bg).

(2)

The gating network operates based on the zconcat
and provides a learnable, dimension-wise control
mechanism, where Wb, Ws are trainable weight
matrices and bg is a shared bias. The sigmoid func-
tion σ(·) maps each gate value into the range [0, 1].
That can implement soft decisions to determine
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whether a particular prosodic dimension should
be suppressed or activated. cctrl is computed by
combining the globally weighted and locally gated
vectors as Eq.(3), where ⊙ denotes element-wise
multiplication. That enables the global attention
weights αb and αs to better capture the semantics
of structural and stylistic cues, respectively. Mean-
while, the gating vectors gb and gs operate at the
dimension level, determining whether each feature
should be preserved or suppressed.

cctrl = αb · (gb ⊙ zbase) + αs · (gs ⊙ z′
s). (3)

2.2 Controllable Speech Generation
To control the speech style finely, we design a new
model based on the conditional latent diffusion
framework (Rombach et al., 2022). This framework
takes a condition as input and is adept at learning
correlations between this condition and potential
features in the data. By viewing cctrl as a condition,
we can yield the desired speech. There are two
steps: forward noise injection and reverse denois-
ing. During the forward process, the trained audio y
is transformed into an easy-to-learn Mel-frequency
spectrogram x0, and is encoded in a latent space
by a pre-trained VAE (Kingma et al., 2013), as z0.
The model adds Gaussian noise ϵ ∼ N (0, 1) to
z0 step-by-step. That can learn the data patterns
under different noise, thereby better understanding
the intrinsic structure and distributions of the data.
In the tth step, zt can be derived as Eq.(4), where
ᾱt = ∏t

s=1(1− βt) is the preset noise scheduling
parameters, with {βt}Nt=1 ∈ [0, 1].

q(zt | zt−1) = N (zt;
√

1− βt zt−1, βt),
zt =

√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, 1).

(4)

In the reverse denoising process, the model uses
a multi-layer Transformer (Vaswani et al., 2017)
to learn the inverse transformation from the noise
distribution to the original data distribution. That
is, based on the condition cctrl, it predicts the noise
ϵ through the network ϵθ based on U-net (Ron-
neberger et al., 2015), and restores the latent ẑ0
step-by-step. At the tth step, this process can be
derived by Eq.(5). In this way, the model can adjust
the results based on the input conditions, thereby
enabling controllable generation.

p(zt−1 | zt, cctrl) = N
(
zt−1; ϵθ(zt, t, cctrl), σ2

t

)

(5)
During training, the model is optimized to make
the noise predicted by it as close as the real one

added. The denoising loss function is set as Eq.(6).

Ldn = Ez0,t,ϵ∼N (0,1)
[
∥ϵθ(zt, t, cctrl)− ϵ∥22

]
(6)

To avoid overfitting, we introduce a regularized co-
efficient ω ∈ [0, 1] to enhance the generalization
ability of the model, enabling it to generate rea-
sonable results under various conditions and data
distributions. The network ϵθ is derived as Eq.(7).

ϵ̂
(t)
θ (zt) = ω · ϵ(t)

θ (zt, t, cctrl) + (1− ω) · ϵ(t)
θ (zt, t)

(7)
ϵ
(t)
θ (zt, t) can be computed by empty input condi-

tion. The sampling direction is adjusted based on
the prediction difference with and without condi-
tions. We then employ another VAE to decode the
outputted latent ẑ0 into an Mel-frequency vector x̂0
that can yield a target audio ŷ using a vocoder.

2.3 Multi-dimensional Verification
To better learn the model, we evaluate the gener-
ated quality, e.g., whether the results match the
input conditions. That can be used as feedback to
optimize the model, avoiding training in the wrong
direction. Due to the complexity and high dimen-
sionality of speech, traditional methods may strug-
gle to analyze these complex features. To address
this issue, we propose a verifier to assess the consis-
tency of speech in multiple dimensions, including
decoding space, mel-frequency spectrum, and style.
That can help to ensure the speech quality.

Consistency of Decoding State: When the low-
dimensional latent z0 is transformed into a high-
dimensional Mel spectrogram by a VAE decoder
Dφ, the decoding hidden layer will learn and add
details such as frequency, time series, amplitude,
and energy, etc (Berrada et al., 2024). To make
generated speech more natural and smooth in terms
of these details, we calculate the consistency of
these intermediate decoding states. That is, we
separately decode z0 and ẑ0 by Eq.(8), and compare
the set of decoding features {φl}Ll=1 and {φ̂l}Ll=1.




(φ1, φ2, . . . , φL) = (Dl
φ(z0)), l ∈ [1, L],

(φ̂1, φ̂2, . . . , φ̂L) = (Dl
φ(ẑ0)), l ∈ [1, L].

(8)
Based on these intermediate features, we redefine
the training objective as the weighted sum of L2
distances between feature representations at differ-
ent decoding layers, as shown in Eq.(9).

Li = ∑L
l=1 ωl · 1

Cl

∑Cl
c=1

∥∥∥ρ
(c)
l (φ̂′(c)

l )⊙ (
φ

′(c)
l − φ̂

′(c)
l

)∥∥∥
2

2
(9)
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We normalize {φl}Ll=1 and {φ̂l}Ll=1, obtaining φ
′(c)
l

and φ̂
′(c)
l . Moreover, we mask out the outlier

regions using a binary ρ
(c)
l and apply the depth-

specific weighting coefficient ωl = e−l to give
lower weight to the deeper layers, where Cl de-
notes the number of channels in the l-th decoder
layer. That can prevent a numerical explosion and
make the overall training more stable.

Consistency of Mel-frequency Spectrum: The
decoded spectrogram x0 can be viewed as an im-
age. When x̂0 and x0 have a comparable structure,
they usually have similar energy distributions and
frequency characteristics. This enables the gener-
ated speech to be more similar to the real one in
terms of timbre, pitch, formants, etc. Thus, we
adopt a SSIM loss (Wang et al., 2004) that is adept
at capturing structural similarity, as Eq.(10).

Lmel = 1− SSIM(x0, x̂0). (10)

Consistency of Instruction Style: A good syn-
thesized speech should match the expected style
of the user’s instructions. That can form a rein-
forcement reward to guide the training direction
of the model. We use the multimodal large model
(MLLMs) M to extract the style factor f̂s of x̂0.
f̂s can cover various acoustic features such as fre-
quency, formant, spectral envelope, duration, etc.
These features can reflect the voice style like pitch,
timbre, and prosody. Based on fs derived from the
instruction module and f̂s, we then evaluate their
consistency by contrastive learning (Chen et al.,
2020). The loss function is based on Eq.(11).

Lcl = − log exp(sim(fs, f̂s)/τ)
∑K

k=1 exp(sim(fs, f̂s)/τ)
(11)

To train the model, we use reinforcement learn-
ing (Sutton and Barto, 2018) that can integrate vari-
ous control factors (e.g., verified metrics and style)
into the model naturally. The control factors are
regarded as decision variables in a Markov decision
process (Bellman, 1957). Our model selects the
denoising action at (i.e., the speech transformation
operation) based on the current state st (such as the
tth partial generated result, etc.) and the control
factors. Each action has a reward score R(st, at),
as Eq.(12), and it transitions to the next state st+1
based on the probability P (st+1 | st, at), where
the initial state is ρ0. The goal is to maximize the
expected total reward. Thus, the model can ad-
just the speech (e.g., the pitch, speed, timbre, etc.)

according to specific control requirements.

R(st, at) =
{

r(st+1) = r(ŷt), if t = T − 1,

0, Otherwise.
(12)

At tth step, we calculate the reward function r(·)
for ŷt by weighting two metrics, including the qual-
ity score evaluated by the UTMOS model (Saeki
et al., 2022), and the style similarity, as Eq.(13).

r(ŷt) = α · sim(fs, f̂s) + β ·UTMOS(ŷt) (13)

By applying weighted rewards, we further optimize
the RL objective function as Eq.(14), where || · || is
the KL divergence term, which is used to regularize
the objective and avoid overfitting. In this way, the
speech whose voice style matches users’ instruc-
tions better will receive a higher reward score.

Lrl(θ) = − r(ŷt) · log pθ(zt−1 | zt)

+
T∑

t=1
KL

(
pθ(zt−1|zt) ∥ ppre(zt−1|zt)

)

+ ∥ϵθ(zt, t, cctrl)− ϵ∥22
(14)

To better train the model, we combine all the losses
by weighting to form the joint objective, as Eq.(15),
where {λdn, λi, λmel, λcl, λrl} ∈ [0, 1] are the
weights. The details are given in Appendix B.

L = λdnLdn + λiLi + λmelLmel + λclLcl + λrlLrl.
(15)

3 Evaluations

We extensively evaluated the effectiveness of our
method with quantitative and qualitative analysis.

3.1 Data and Experimental Settings

To evaluate the control ability over the generated
results, we conducted the evaluation on two classic
datasets, including PromptSpeech (Guo et al., 2023)
and SpeechCraft (Jin et al., 2024). PromptSpeech
contains 28,000 speech samples, each paired with a
text prompt on four acoustic aspects: pitch, gender,
volume, and speed. SpeechCraft comprises over
2.25 million speech segments with 2,400 hours of
audio data. It was annotated with eight stylistic
aspects: pitch, energy, speed, gender, age, emo-
tion, word emphasis, and topic. Considering these
aspects are relatively fixed, they may not be able
to evaluate our open-domain controllability well.
Thus, we constructed a new dataset, called HPSC,
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Table 1: Performance comparison. The best results are represented in bold. The second-best results are underlined.
The improvements were significant using a statistical t-test with a p-value<0.005.

PromptSpeech

Method Mean↑ Gender↑ Age↑ Pitch↑ Energy↑ Speed↑ Emotion↑ WER↓ MCD↓ SSIM↑ STOI↑ SECS↑

PromptTTS++ 67.89 80.14 63.14 59.45 62.14 68.14 74.32 7.35 14.23 0.34 0.53 57.63
InstructTTS 61.36 84.62 51.36 52.45 54.21 62.73 62.81 8.24 9.97 0.48 0.68 62.13

Salle 56.19 77.84 47.56 50.93 51.37 56.17 53.27 6.93 13.17 0.32 0.58 56.23
ParlerTTS 65.09 86.82 60.71 55.34 63.16 58.61 65.92 9.74 20.78 0.36 0.61 54.80
CosyVoice 78.72 95.57 88.75 74.19 56.73 70.78 86.28 3.58 9.73 0.55 0.69 64.07
VoxInstruct 78.99 96.73 92.28 73.28 54.25 72.24 85.14 3.02 9.18 0.52 0.71 63.48

Ours 81.94 97.21 93.26 76.39 64.28 72.79 87.68 2.92 8.64 0.58 0.74 64.59

SpeechCraft

PromptTTS++ 67.32 78.57 62.08 60.45 60.23 70.31 72.31 11.53 17.39 0.31 0.56 58.73
InstructTTS 59.05 85.27 45.51 48.57 50.29 62.47 62.18 7.82 8.03 0.43 0.51 61.91

Salle 69.12 94.32 77.59 60.14 61.38 63.04 58.27 7.23 12.98 0.54 0.64 62.13
ParlerTTS 75.77 93.77 85.54 67.63 53.74 71.76 82.15 10.27 16.76 0.39 0.65 60.55
CosyVoice 77.61 92.63 87.28 73.87 57.34 71.28 83.27 3.07 10.62 0.57 0.69 62.17
VoxInstruct 79.21 95.27 91.83 76.35 59.53 72.12 80.17 2.53 9.27 0.54 0.77 64.23

Ours 82.42 96.54 93.31 78.28 65.31 75.42 85.64 2.51 7.95 0.58 0.78 65.19

HPSC

PromptTTS++ 45.30 68.42 42.72 46.58 32.74 50.21 31.13 12.25 19.23 0.27 0.46 43.25
InstructTTS 49.58 78.45 35.37 38.59 54.32 41.98 48.76 10.02 12.97 0.38 0.47 58.12

Salle 47.90 84.07 42.58 30.14 42.23 33.07 55.28 8.43 14.79 0.31 0.52 55.23
ParlerTTS 56.29 89.27 56.15 50.81 49.13 33.27 59.12 11.78 23.77 0.28 0.54 61.23
CosyVoice 62.63 88.34 77.58 47.19 52.85 48.07 61.72 3.85 9.21 0.41 0.57 56.29
VoxInstruct 65.77 92.27 78.84 58.23 53.25 47.82 64.19 3.79 11.57 0.43 0.61 59.88

Ours 71.83 94.31 80.29 62.45 58.78 60.39 74.81 3.42 8.29 0.49 0.68 62.36

in three steps, including data crawling and prepro-
cessing, fine-grained features extraction, instruc-
tion generation, and verification. The construction
details and the dataset are publicly available 1.

To evaluate the speech quality, we employed five
classic metrics in the field of speech generation, in-
cluding Mel-Cepstral Distortion (MCD) (Kominek
et al., 2008), Structural Similarity Index Mea-
sure (SSIM) (Wang et al., 2004), Word Error Rate
(WER) (Klakow and Peters, 2002), Short-Time Ob-
jective Intelligibility (STOI) (Taal et al., 2011), and
Speaker Embedding Cosine Similarity (SECS) (Sny-
der et al., 2018). These metrics excel at calculat-
ing the similarity between generated speech and
ground-truth in terms of spectrum, textual descrip-
tions of the content, and latent space representa-
tions. The smaller values of WER and MCD are,
or the larger values of SSIM, STOI, and SECS
are, the higher quality is. The details of the met-
rics were presented in Appendix C. In addition to
these matching-based metrics, we utilized some
style-related acoustic metrics, including gender,
age, pitch, energy, speed, emotion, and their aver-
age score (i.e., mean). That can better assess the
model’s controllability of the speech style. To de-
termine their values, we employed the pre-trained
classifiers, i.e., Wav2vec 2.0 (Baevski et al., 2020),
Emotion2vec (Ma et al., 2023), to identify the style
labels for the generated speech and the ground-
truth, and then calculated the accuracy. More de-

1https://opspch-demo.github.io/

tails of all methods were shown in Appendix B.

3.2 Comparisons Against State-of-the-Arts

We compared our method against six typical base-
lines, including: (1) PromptTTS++ (Shimizu et al.,
2024), which modeled the speech style using a
mixture density network; (2) InstructTTS (Yang
et al., 2024b), which used self-supervised learn-
ing and cross-modal metric learning to represent
style prompts, as well as learned acoustic features
in a discrete latent space; (3) VoxInstruct (Zhou
et al., 2024), which was based on a unified mul-
tilingual codec framework, using semantic to-
kens to represent the content and style instruc-
tion; (4) CosyVoice (Du et al., 2024), a scalable,
multilingual, multi-speaker, multi-style, and zero-
shot TTS based on supervised semantic tokens (5)
Salle (Ji et al., 2024a), using autoregressive and
non-autoregressive Transformers to balance the
control of style and content; (6) ParlerTTS (Lyth
and King, 2024), built upon an AudioCraft frame-
work that supported the control of some fixed styles.
We reimplemented these baselines following their
original settings, as shown in Appendix B.

As displayed in Tab.(1), our method achieved
the best performance across all datasets. The re-
sults showed that our method can generate voice
with styles that were consistent with user needs
quite well. On the closed-domain datasets Prompt-
Speech and SpeechCraft, our performance was sta-
ble, which reflected its good controllability. On
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the open dataset HPSC, our method surpassed the
best baselines (i.e., VoxInstruct) by over 13.54% in
terms of five quality metrics on average. Besides,
in terms of the average score of style-related acous-
tic metrics, our method had improved by more than
3.73%, 4.05%, and 9.21% against the best base-
lines (i.e., VoxInstruct) on three datasets, respec-
tively. This advantage is greater on the HPSC. This
reflected that our method had strong generalization
and instruction understanding ability.

3.3 Human Evaluations

Moreover, we evaluated the quality of synthesized
speech qualitatively by human assessment. We
adopted three popular metrics (Viswanathan and
Viswanathan, 2005), including QMOS for measur-
ing the acoustic quality; IMOS for gauging the
consistency with instructions; and RMOS for evalu-
ating the realness or human-likeness of the voice.
The setting and details of the scoring were shown in
Appendix D. As shown in Tab.(2), our model signif-
icantly outperformed other baselines in terms of all
metrics. That was consistent with the quantitative
results in section 3.2. That indicated our approach
can effectively generate high-quality speech that
met users’ needs based on their instructions.

3.4 Ablation Studies

To analyze the contribution of each component in
our model, we further conducted ablation studies
by removing four key modules from our frame-
work one by one, including (1) ReM that re-
moved the retrieval-enhanced part in knowledge
augmentation, carrying out style inference directly;
(2) InsI that discarded the instruction inference,
only extracting instruction features by the Fast-
Speech2 method; (3) MutiV that dropped the multi-
dimensional verifier, adopting only the standard
denoising loss for training.

As shown in Tab.(3), removing the retrieval-
enhanced module led to a noticeable degradation in
the accuracy of style factors, indicating its critical
role in inferring correct speech styles. Nevertheless,
this removal still outperforms several baselines (i.e.,
InstructTTS), suggesting that retrieval failures do
not lead to a model collapse. Eliminating the in-
struction inference or the multi-dimensional ver-
ifier module also resulted in a performance drop.
That indicated all components of our model were
beneficial for deducing users’ needs and building a
robust open-domain speech system.

3.5 Case Studies

To provide more insights into our model, we stud-
ied some generated cases. As illustrated in Fig.(3),
we displayed the Mel-spectrograms, pitch contours,
and energy curves of the generated speech based
on the open instruction “Please generate the appro-
priate voice based on the following scenario, All
of this just makes people feel hopeless, like there’s
a huge weight pressing down on everyone. She
said, ‘Maybe it’s time we end this relationship.’”
The overall pitch and energy were low, which was
consistent with the depressed emotional tone de-
scribed in the scenario. The long voice duration
matched the speaker’s inner turmoil and emotional
struggle. Moreover, we extracted style factors,
i.e., “Gender=Female; Emotion=Sad; Pitch=Low;
Energy=Medium; Speed=Medium; Age=Middle.”
That indicated the generated speech corresponded
to a middle-aged female with a sad emotional state,
characterized by a slower speaking rate, lower en-
ergy, and lower pitch. We can infer that our method
can correctly infer implicit styles in the instructions
and control the results according to these styles,
making it consistent with the user’s needs.
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(a) Mel spectrogram overlaid with pitch trend.
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Figure 3: Mel-spectrograms, pitch, and energy contours
of generated speech based on open testing instructions.

4 Related Work

Speech generation is a hot research topic that can
convert text symbols into speech signals (Dutoit,
1997). It has a wide range of applications (Tan et al.,
2021). For example, it can be used to build voice as-
sistants like Siri (Jampala et al., 2024), or the audio
book (Xin et al., 2023). Early work mainly stud-
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Table 2: Human evaluations, with 95% confidence intervals. Each score ∈ [1, 5]. Significant t-test, p-value<0.005.

Method PromptSpeech SpeechCraft HPSC
QMOS↑ IMOS↑ RMOS↑ QMOS↑ IMOS↑ RMOS↑ QMOS↑ IMOS↑ RMOS↑

PromptTTS++ 2.143±0.15 2.714±0.12 2.571±0.12 3.000±0.14 3.143±0.11 3.429±0.16 1.857±0.10 1.286±0.12 2.000±0.13
InstructTTS 3.429±0.14 3.286±0.17 3.857±0.15 3.286±0.09 3.143±0.17 3.714±0.13 3.286±0.12 2.143±0.17 3.286±0.15

Salle 2.143±0.14 2.000±0.12 2.429±0.15 3.571±0.15 3.714±0.12 3.286±0.14 2.429±0.15 1.286±0.12 2.000±0.13
PalerTTS 4.143±0.15 3.857±0.12 4.000±0.14 4.143±0.13 3.286±0.12 3.857±0.12 3.571±0.13 2.429±0.13 3.429±0.15
CosyVoice 3.857±0.14 4.143±0.18 3.857±0.12 4.000±0.15 3.857±0.13 3.714±0.14 3.429±0.12 3.000±0.13 3.429±0.15
VoxInstruct 4.000±0.15 4.286±0.13 4.143±0.13 3.857±0.16 4.143±0.14 4.000±0.13 3.857±0.14 3.714±0.11 3.571±0.14

Ours 4.286±0.12 4.571±0.11 4.286±0.13 4.286±0.12 4.429±0.12 4.143±0.15 4.143±0.13 4.000±0.12 3.857±0.13

Table 3: Ablation studies with 1000 randomly selected
samples. Two kinds of evaluated metrics: (1) the aver-
age score of five style factors (Mean), (2) the average
score of three human-evaluated metrics (MOS).

Model Variant Mean (%)↑ MOS↑

Full model 77.28 4.18
w/o retrieval-enhanced module 57.27 2.93
w/o instruction inference module 53.69 2.85
w/o multi-dimensional verifier 67.49 3.75

ied a word-to-speech mapping to make the speech
content match the text description (Wang et al.,
2017). However, the generated speech may have a
harsh sound and tone, lacking the natural rhythm
of humans. Researchers gradually turn to in-depth
analysis and control of the fine-grained acoustic
features (Ji et al., 2024b) like stress and rhythm, to
make the results more human-like.

To achieve controllability, the current work can
be summarized into three categories. The first one
is to introduce a variable to control the generation
process, such as discrete labels for modeling emo-
tional categories (Kim et al., 2021), or variables
for characterizing numerical attributes like pitch
or speed (Behr, 2021), etc. These variables are
latent and lack interpretability. Their learning of-
ten relies on manually annotated data or external
predictors (Wang et al., 2025), with poor scalabil-
ity. Another direction provides a reference speech,
letting the generated results imitate its style or
rhythm (Huang et al., 2022). This method requires
high-quality reference examples to reflect the style
expected by users. That has poor flexibility and is
sensitive to the selection of reference inputs. The
third direction allows users to describe their desired
styles by instructions (Guo et al., 2023) which are
used to build the prompts (Shimizu et al., 2024).
That can guide the LLMs to yield the style-matched
speech (Li et al., 2020). Some work studied the
closed-type instructions which clearly describe de-
sired styles or values with fixed or structured ex-
pressions (e.g., in a low, slow voice). They pro-

posed to capture the semantic context of instruc-
tions and learn the acoustic control features in a
discrete space (Yang et al., 2024b), or via cross-
attention (Lyth and King, 2024), or by codec lan-
guage model (Zhou et al., 2024). However, these
controls are often constrained by the limited types
of preset style keywords. This rigid input requires
professional experience, which is unfriendly for
ordinary users. In actual scenarios, users’ needs
are diverse. They would like to express instructions
freely and expect the machine to handle the rest au-
tomatically. That greatly enhances the usability and
accessibility of the speech generation system. How-
ever, instructions are complex, some even abstract,
e.g., “Say the following content with tears welling
up.” Due to the lack of clear acoustic factors, it is
hard for existing methods to deduce users’ inten-
tions from such vague instructions. Therefore, we
study these complex open-domain instructions and
propose a new knowledge-augmented method. It
can better elicit the implicit style factors, enabling
fine-grained control of speech generation.

5 Conclusion

This paper proposed to control speech generation in
a more user-friendly way by free-text open-domain
instructions. It addressed the issues of the lack of
control flexibility in existing methods. To tackle
the abstract semantics and vague issues in the in-
structions, we proposed to use multimodal LLMs
with knowledge-augmented techniques that can
well infer the implicit speech styles that users ex-
pect. Based on these styles as the condition, we
then developed a diffusion-based generator and
a multi-dimensional verifier for self-optimization.
By resorting to the powerful controllable ability of
the model, we can yield high-quality speech with
users’ satisfactory styles. Experimental results on
three popular datasets showed our method achieved
the best performance. Our demo is available at
https://opspch-demo.github.io/.
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Limitations

This paper presented a speech generation task to-
wards complex open-domain instructions and pro-
posed a highly controllable method. That facilitates
users to obtain the desired voice easily by free-text
description. Currently, this technology is mainly
applied in single-language scenarios, but not mixed-
language instructions, like Chinese-English. Since
Chinese is a tonal language, each syllable has a
fixed tone. The prosodic features are greatly in-
fluenced by tones. While English is an intonation
language, it relies on the pitch contour of phras-
es/sentences. The stress and intonation play a key
role in expressing semantics and emotions, which
are different from the prosodic patterns of Chinese.
When processing mixed Chinese-English instruc-
tions, the model may fail to disentangle the features
of these two languages, resulting in the tone curves
of English paragraphs being disturbed by the four
tones of Chinese. That can be alleviated by adding
a specialized language perception module. It can
identify the language type of the input text and call
the corresponding prosodic generation module of a
certain language. In addition, an adversarial train-
ing can be adopted to enable the generator to yield
speech that is more in line with English prosody
and reduce the interference of Chinese prosody.

Ethics Statement

This paper aims to generate expressive speeches
based on open-domain instructions. Normal use of
this technology does not pose risks. However, if it
is misused, there are certain potential risks. That is,
it could be misused to forge voices for deception,
impersonation, etc. This requires strengthening
technical supervision and regulation to avoid such
risks. For example, we can develop encryption

and watermarking technologies to mark and protect
the process, so as to prevent the generated speech
from being forged and misused. At the same time,
strengthening data security management, develop-
ing secure storage and transmission methods. Also,
we can conduct strict permission control and en-
cryption processing of user data to protect personal
privacy. In all experiments of this study, we only
used public datasets or voice samples obtained with
explicit user authorization. If the speech generation
system is deployed in real applications, we suggest
establishing user consent agreements to ensure that
the use of all voice content is legally authorized.
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A Prompt Design to Derive Style Factors

Considering that the users’ instructions are usually
complex and diverse, some users may not even
be able to express their needs clearly, resulting in
vague and abstract instructions. It is difficult to
obtain style features from them directly. Therefore,
we propose to employ the multi-modal large model
(MLLM) with RAG technology (Lewis et al., 2020)
to analyze these instructions. Based on the given
instructions, we first retrieve a set of audio-text
pairs which are used as reference samples to design
prompts for the MLLM. MLLM can compare and

correlate the users’ ambiguous instructions with
specific reference samples, thereby more accurately
inferring the style features in the users’ intentions,
such as timbre, speed, pitch, and emotion etc. In
this user-centered interactive way, we can enhance
users’ experience and satisfaction. The design de-
tails of the prompts are given in Fig.(4).

B Settings of All Evaluated Methods

We re-implemented each baseline with default set-
tings. We used publicly available datasets and pre-
trained models released under open-source licenses
(e.g., MIT). All resources were used in accordance
with their license terms and strictly for academic
research purposes. Each dataset was split into train/
validation/ test sets with an 85%/10%/5% split. It
contains no personally identifiable information or
offensive content. We tuned the model on a vali-
dation set and reported results on the test set. To
reduce bias, we repeated running 6 times and re-
ported the average performance.

Ours: We implemented our experiments on nine
Nvidia RTX 3090 GPUs for 48 hours. In the stages
of knowledge augmentation and instruction reason-
ing, the data retrieval size k was set to 10. ωs in
the relevance score function was set to 0.5. The
text features from the style reference database were
extracted by a pre-trained Qwen tokenizer, with a
fixed-length sequence of 30 tokens. For the audio
features, the waveform audio data was first con-
verted into a filter bank representation with 128
mel filter banks (mel-bins). We then processed
it by a pre-trained Qwen2-Audio model, with an
audio token sequence length of 30. These two fea-
tures were combined as an exemplar to feed into
Qwen2.5-Omni, helping it to infer the correct style.
In the training of the conditional diffusion model,
we applied the short-time Fourier transform (STFT)
with a window size of 1024 samples and a hop size
of 160 samples to derive a mel-spectrogram with
64 mel filter banks. Afterward, we used a vari-
ational autoencoder (VAE) model to encode the
spectrogram with a compression ratio of 4. That
can produce a feature vector with a frequency di-
mension of 16. The number of diffusion steps was
set to T = 1000. A linear scheduling strategy was
adopted during the diffusion process, where βt was
gradually increased (starting from 0), and αt was
decreased (from 1 to 0). The trade-off parameters
ω, α, β, τ were set to 0.3, 0.4, 0.6, 0.08, respec-
tively. The λdn, λi, λmel, λcl and λrl in Eq.(15) were
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Example Prompt Design:

You are an expert in inferring expressive speech style. Given:
(1) A user instruction that describes the desired voice style.
(2) A few retrieved examples. Each example includes:
– Audio of the speech
– Description text of the speech
Your goal is to analyze the user’s instruction from the retrieved examples to infer a matching speech style.

Instruction Input:
“I want a woman’s voice, she grabbed her hair, opened her mouth wide, and screamed in pain.”
Example 1:
<audio_start> audio1.wav <audio_end>
<text_start> ...a voice that sounds like a woman who just screamed from devastating news...<text_end>
Example 2:
<audio_start> audio2.wav <audio_end>
<text_start>... a voice that sounds like someone screaming from emotional collapse...<text_end>
Example 3:
<audio_start> audio3.wav <audio_end>
<text_start>...a voice that sounds like a woman screaming after hearing terrible news...<text_end>

... (more style examples retrieved but not shown)

Expected Output:
A sequence of tokens that reflects the style learned from the examples and instruction. Do not include any 
additional explanation or semantic reasoning.

Figure 4: Prompt for style factors generation with retrieval-augmented examples.

set to 1.0, 0.6, 0.3, 0.5, 0.4, respectively. The model
was optimized with a learning rate of 5.0× 10−5.
It was trained for 80 epochs in total with a batch
size of 4 per GPU. Our overall training process is
summarized in Algorithm 1.

Algorithm 1 Training process for our model.

1: Data: Training data Dtr = {(Ii, Ci, Vi, yi)}
2: Result: Trained the speech generator F̂
3: for each iteration 1→ T do
4: for each (I, C, V, y) in Dtr do
5: I → fs, C → fc, V → fv;
6: Fuse fs, fc, fv → cctrl;
7: Encode y → z0, add noise→ zt;
8: Learn denoising loss Ldn via Eq.(6) to

generate the ŷt;
9: Verify ŷt via Eq.(9-11);

10: Compute reward r(ŷt) via Eq.(12);
11: Optimize the RL loss Lrl via Eq.(14);
12: end for
13: end for
14: Optimize the joint loss Eq.(15) and update pa-

rameters to obtain a trained speech model F̂

PromptTTS++: We used a pre-trained style en-
coder based on BERT. The encoder consisted of 12
layers and 110 million parameters. We also used
a pre-trained content encoder Conformer, which

consists of 4 Transformer modules. Both encoded
representations were set to a dimensionality of 256
and concatenated as the input to the speech decoder,
which consists of an additional 4 Transformer mod-
ules. The output mel-spectrogram from the decoder
was further converted into a high-fidelity speech by
a pre-trained HiFi-GAN vocoder.

InstructTTS: There are three main modules, in-
cluding the style encoder, content encoder, and the
discrete diffusion decoder. The content encoder
adopts the architecture of FastSpeech 2, consisting
of a phoneme encoder and a variance adaptor. To
capture the style, we adopt a pre-trained prompt en-
coder and an audio encoder with two convolutional
layers and one multi-head attention module. Fol-
lowing the work of Ren et al. (2020), the decoder
was built based on a 12-layer, 8-head Transformer,
with an input dimension of 256.

VoxInstruct: We reimplemented the model
based on the LLaMA (Touvron et al., 2023) archi-
tecture. It consists of 12 Transformer layers (with
a hidden dimension of 1024) and a feed-forward
network (the dimension is 4096). LoRA adapters
were integrated into the MT5 (Xue et al., 2020)
text encoder with a rank of 16. We randomly mask
the entire text embedding sequence or the semantic
token sequence. The masked probability is set to
0.1 during training. Additionally, we employed
a cosine schedule to randomly mask a portion of
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tokens to enhance performance.
CosyVoice: We obtained the experimental re-

sults by using the pretrained checkpoint of Du
et al. (2024) and fine-tuning it on the training set.
We used a 6-layer text encoder with the same ar-
chitecture, with attention dimensions of 512 (for
the small model) and 1024 (for the large model).
We employed the Conformer ASR model (Gulati
et al., 2020) for speech tokenization, mapping the
input into discrete tokens through vector quantiza-
tion. The LLMs generate speech conditioned on
the tokens. In addition, we adopted a conditional
flow matching model to convert speech tokens into
mel-spectrograms, improving training efficiency.

Salle: The model comprised an autoregressive
and a non-autoregressive codec language model.
Both modules shared a 6-layer Transformer de-
coder with 16 attention heads (a hidden size was
512), and a feed-forward network (the dimension
is 2048). The AR model yielded the first layer of
codec tokens conditioned on both text and style
prompts. The NAR model predicted the remaining
layers conditioned only on text and previous acous-
tic tokens. We trained it for 200k steps, and set
the dropout rate as 0.1, with a cross-entropy loss
objective. We utilized AdamW optimizer with a
learning rate of 10−3.

PalerTTS: We reimplemented the model based
on the AudioCraft framework (San Roman et al.,
2023), using the Descript Audio Codec (44.1kHz,
9 codebooks) for residual vector quantization of
audio (Kumar et al., 2023). We employed a
decoder-only Transformer, where the transcript
was prepended to the input and the description was
incorporated via cross-attention. We removed word
dropout and relied only on free-text descriptions to
control speaker gender, accent, speaking rate, pitch,
and recording conditions. All control variables
were discretized and expanded into the prompts of
LLMs. Training was conducted on 45k hours of
data. Only a small amount of labeled audio was
required to yield speech.

C Evaluations Metrics

We evaluated the quality and style of the generated
speech using the following objective metrics. Their
specific formulations were presented below (Yu
et al., 2021).

Mel Cepstral Distortion (MCD): It is a widely
used objective metric in speech synthesis and voice
conversion tasks. It measures the spectral dis-

tance between a generated speech and the ground
truth based on their mel-cepstral coefficients. A
lower MCD indicates higher spectral similarity and
speech quality. Given the mel-cepstral coefficient
sequences of the reference speech c(r) and the syn-
thesized one c(s), the MCD is computed as Eq.(16).

MCD = 10
ln 10 ·

√√√√
D∑

d=1

(
c

(r)
d (t)− c

(s)
d (t)

)2
(16)

Structural Similarity Index (SSIM): The struc-
tural similarity between the generated and the
ground truth can indicate the generated quality.
To measure this similarity, we computed SSIM on
their log-Mel spectrograms. SSIM captures local
patterns of pixel intensities. It is well-suited for
comparing spectrogram structures. Given two log-
Mel spectrogram patches X and Y , µX , µY , σXY ,
C1 and C2 are constants. It is defined as Eq.(17).

SSIM(X, Y ) = (2µXµY +C1)(2σXY +C2)
(µ2

X+µ2
Y +C1)(σ2

X+σ2
Y +C2)

(17)
Word Error Rate (WER): It is commonly used

to evaluate the performance of automatic speech
recognition (ASR) systems. It measures the dif-
ference between a predicted transcription and the
ground-truth. WER is defined as the minimum
number of word-level edits needed to transform the
predicted results into the ground-truth, following
a normalization, as Eq.(18), where S, D, I are the
number of substitutions, deletions, insertions, re-
spectively; N is the words size in the ground-truth.

WER = S + D + I

N
(18)

Short-Time Objective Intelligibility (STOI):
STOI measures the average short-time correlation
between temporal-spectral representations of two
speeches. Let x(t) be the ground-truth, and x̂(t)
be the generated speech. Both signals are divided
into overlapping short-time frames and transformed
into temporal-spectral representations over K one-
third octave bands and T time frames. Let xk(t)
and x̂k(t) denote the temporal envelopes for band
k at time t, each as a short vector of length N .
The score is computed as Eq.(19), where corr(·, ·)
denotes the linear correlation coefficient between
the two short-time vectors in band k at frame t.

STOI = 1
KT

K∑

k=1

T∑

t=1
corr (xk(t), x̂k(t)) (19)
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Speaker Embedding Cosine Similarity
(SECS): It quantifies the speaker’s voiceprint
similarity between the generated speech and the
target speaker in terms of timbre, intonation, and
pronunciation. The higher this value, the better
the output speech performs in imitating the target
speaker’s characteristics, and sounds more natural.
Let e(r) and e(s) denote the speaker embeddings
extracted from the user input voiceprint and
generated speech, respectively, using a pre-trained
speaker encoder such as H/ASP. The SECS is
computed as Eq.(20).

SECS = cos(e(r), e(s)) = e(r) · e(s)

∥e(r)∥2 · ∥e(s)∥2
(20)

D Human Evaluation Settings

To qualitatively evaluate the TTS performance,
we introduce three human-evaluated metrics: (1)
QMOS, evaluating the acoustic quality in terms of
clarity, loudness balance, resonance naturalness,
and background noise. For example, checking
whether the speech “sounds pleasant.” (2) IMOS,
focusing on semantic-style consistency. It assesses
whether the generated speech follows the user’s
intention, such as conveying the specified style,
emotion, speech rate, or pitch. These aspects cor-
respond to the automatic metrics listed in Tab.(1)
(e.g., Emotion, Speed, Pitch, etc.) That is, if the
scores of 7 automatic metrics are low, the IMOS
score is also low; and vice versa. Thus, the human
evaluation results on 7 automatic metrics have been
reported in a macroscopic way. (3) RMOS mea-
sures the realness of the generated speech. It eval-
uates whether the speech exhibits smooth rhythm,
natural pauses, and nuanced emotional transitions.
As shown in Tab.(2), we reported the results and
provided 95% confidence intervals for all MOS
scores to ensure statistical reliability.

Before rating, all participants are required to
read the synthesis instruction and listen to both
the ground truth and the generated speech. They
then score each sample on a 5-point scale (‘5’ for
excellent, ‘4’ for good, ‘3’ for fair, ‘2’ for poor,
and ‘1’ for bad) (Yu et al., 2025). The evaluation
guideline was shown in Fig.(5). Each sample is
rated by 7 participants, recruited from undergradu-
ate students majoring in Computer Science or En-
glish, with a total payment of $1000. The raters’
agreements were measured by the kappa κ statis-
tic (Viera et al., 2005). The kappa κ scores were

0.81, 0.75, and 0.82 for QMOS, IMOS, and RMOS,
respectively, which indicated a good agreement.
The score of each metric is obtained by comput-
ing the arithmetic mean of all collected individual
ratings, as 1

N

∑N
i=1 si, where N is the number of

ratings, si ∈ [1, 5] is the rating given by the i-th
rater. A higher score indicates better quality.

E Ablation Study on Our Proposed
Verifier

We analyzed contributions of our verifier to the
generated quality by progressively removing its
components, including (1) MutiV, removing the
entire module and using only the standard denois-
ing loss for training; (2) ConsisD, throwing out the
decoding states consistency; (3) ConsisM, discard-
ing the metric of mel-spectrogram consistency; (4)
ConsisI, cutting off the metric of instruction style
consistency. As presented in the Tab.(4), each com-
ponent contributed to the overall quality. The drop
of ConsisI was greater. That is, the style consis-
tency component played a pivotal role in ensuring
that the generated speech satisfied the users’ in-
structions. By jointly integrating all components,
we can yield high-quality speech.
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Figure 5: Human evaluation guideline.

Table 4: Ablation study of each component in the multi-dimensional verifier. Three kinds of evaluated metrics: (1)
the score of five style factors, (3) three human-evaluated metrics (QMOS; IMOS; RMOS).

Model Variant Mean (%)↑ Gender↑ Age↑ Pitch↑ Energy↑ Speed↑ Emotion↑ WER↓ MCD↓ SSIM↑ STOI↑ SECS↑ QMOS↑ IMOS↑ RMOS↑

Full Model 77.28 92.09 85.03 68.45 75.05 65.28 78.79 3.20 8.29 0.55 0.73 64.04 4.26 4.27 4.19
w/o ConsisD 76.22 91.41 84.13 66.36 73.82 63.54 78.04 5.34 8.67 0.46 0.71 60.19 3.78 4.03 3.92
w/o ConsisM 75.88 91.27 83.89 66.20 72.66 63.04 78.24 7.43 9.87 0.38 0.66 58.16 3.59 4.08 3.63
w/o ConsisI 67.33 87.63 78.24 50.67 62.35 59.78 65.32 3.91 9.69 0.41 0.63 57.23 3.95 2.68 3.76
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