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Abstract

Although lip-to-speech synthesis (L2S) has achieved signifi-
cant progress in recent years, current state-of-the-art methods
typically rely on intermediate representations such as mel-
spectrograms or discrete self-supervised learning (SSL) to-
kens. The potential of latent diffusion models (LDMs) in this
task remains largely unexplored. In this paper, we introduce
SLD-L2S, a novel L2S framework built upon a hierarchical
subspace latent diffusion model. Our method aims to directly
map visual lip movements to the continuous latent space of a
pre-trained neural audio codec, thereby avoiding the informa-
tion loss inherent in traditional intermediate representations.
The core of our method is a hierarchical architecture that pro-
cesses visual representations through multiple parallel sub-
spaces, initiated by a subspace decomposition module. To ef-
ficiently enhance interactions within and between these sub-
spaces, we design the diffusion convolution block (DiCB) as
our network backbone. Furthermore, we employ a reparame-
terized flow matching technique to directly generate the target
latent vectors. This enables a principled inclusion of speech
language model (SLM) and semantic losses during training,
moving beyond conventional flow matching objectives and
improving synthesized speech quality. Our experiments show
that SLD-L2S achieves state-of-the-art generation quality on
multiple benchmark datasets, surpassing existing methods in
both objective and subjective evaluations.

Introduction

Lip-to-speech (L.2S) synthesis is the task of generating au-
dible speech solely from visual lip movements (Milner and
Le Cornu 2015), which presents potential for diverse appli-
cations, including automated video dubbing, robust commu-
nication in challenging acoustic environments, and assistive
technologies for individuals with vocal impairments such as
dysphonia and aphonia. The primary challenge in L2S syn-
thesis lies in the ill-posed nature of mapping ambiguous vi-
sual cues to the complex acoustic features of speech. Tra-
ditional L2S methods (Prajwal et al. 2020; Wang and Zhao
2022; Kim, Kim, and Chung 2024) are largely confined to
constrained settings, characterized by limited vocabularies
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and speaker-dependent models, limiting their practicality in
unconstrained and real-world scenarios.

Recent advances in self-supervised learning (SSL) (Hsu
et al. 2021) and speech synthesis (Ren et al. 2020; Polyak
et al. 2021) have catalyzed significant progress in L2S, en-
abling the generation of high-fidelity speech from corre-
sponding visual inputs. The field has evolved from early,
constrained settings (Cooke et al. 2006; Harte and Gillen
2015) to robust multi-speaker systems that perform effec-
tively in unconstrained, real-world environments (Chung
et al. 2017; Afouras, Chung, and Zisserman 2018). The in-
tegration of SSL has been particularly transformative, al-
lowing models to learn rich semantic representations from
vast unlabeled data. For instance, recent studies (Hsu et al.
2023; Choi, Kim, and Ro 2023) have leveraged powerful
audio-visual SSL models like AV-HuBERT (Shi et al. 2022)
to achieve significant gains in the intelligibility of synthe-
sized speech. Concurrently, diffusion-based generative mod-
els (Défossez et al. 2022; Lipman et al. 2022) have emerged
as a powerful paradigm for L2S synthesis, setting a new
benchmark for synthesis quality (Choi, Hong, and Ro 2023;
Yemini et al. 2023; Choi et al. 2025; Kim et al. 2025).

Despite significant progress, existing L2S methods pre-
dominantly rely on generating intermediate representations,
such as mel-spectrograms or discrete SSL tokens. These rep-
resentations, while effective for conveying semantic content,
often fail to encapsulate the fine-grained acoustic details req-
uisite for high-fidelity waveform generation. This limitation
stems from two primary factors. First, the visual-to-audio
mapping is an inherently ill-posed, one-to-many problem:
a single lip movement sequence can correspond to multi-
ple valid speech renderings with variations in prosody, emo-
tion, and speaking style. Mel-spectrograms, as a physically-
defined acoustic representation, lack the flexibility to model
this diversity. Second, while discrete SSL tokens are potent
for semantic representation, they are inherently coarse and
may discard crucial acoustic details that are necessary for
perceptual quality. Other approaches (Liang et al. 2025a,b)
employ end-to-end training, bypassing explicit mapping
strategies to prevent potential information loss. However,
the resulting speech quality remains limited, suggesting that
such methods necessitate high-quality large-scale audio-



visual datasets to retrain vocoder. These shortcomings moti-
vates a central question: Can we identify an alternative rep-
resentation that more effectively captures the detailed acous-
tic characteristics required for high-fidelity L2S synthesis?

Fortunately, latest progress in text-to-speech (TTS) syn-
thesis (Wang et al. 2023; Du et al. 2024) have demonstrated
the effectiveness of neural audio codecs (Zeghidour et al.
2021; Défossez et al. 2022), which learn to encode and de-
code audio waveforms into discrete latent representations.
These codecs have shown remarkable performance in gen-
erating high-fidelity speech by capturing detailed acoustic
characteristics. The success of these codecs in TTS tasks
suggests that they are probably be beneficial for L2S syn-
thesis. However, existing L2S methods have not yet fully
explored the potential of audio codec latent vectors for L2S.
While Uni-Dubing (Lei et al. 2024) has explored incorpo-
rating Hifi-Codec (Yang et al. 2023) to synthesis speech, it
frames the problem as predicting multiple residual discrete
tokens within a language modeling paradigm. This method
presents significant challenges in L2S, because the limited
visual input provides insufficient information to support a
complicated language modeling task.

In this work, we present SLD-L2S, a novel L2S frame-
work to generate high-fidelity speech directly from visual
inputs using a hierarchical subspace latent diffusion model.
A key component of our framework is the decomposition
of visual representations into multiple subspaces to enable
more robust cross-modal mapping. Initially, visual repre-
sentations are extracted by a pre-trained visual encoder and
subsequently processed by our proposed subspace decom-
position module. To effectively model these decomposed
representations, we introduce diffusion convolution block
(DiCB) as the backbone of our generative model. Unlike
diffusion transformer (DiT) architectures (Peebles and Xie
2023), our DiCB leverages the inductive biases of convo-
lution to capture both temporal and cross-subspace depen-
dencies. Furthermore, we employ a reparameterized flow
matching (Lipman et al. 2022) objective to enable direct
prediction of continuous latents. To enhance speech intel-
ligibility, our training strategy extends beyond a standard
flow matching loss by incorporating two auxiliary loss: a
semantic consistency loss imposed on the latent vectors and
a speech language model (SLM) loss evaluated on the final
synthesized waveform. During the inference, the generated
latent vectors are decoded into the final audio waveform by
the pre-trained neural audio codec. Leveraging these archi-
tectural and methodological innovations, SLD-L2S achieves
state-of-the-art results on benchmark datasets. The primary
contributions of this work are summarized as follows:

O We propose a novel L2S framework for direct genera-
tion of the pre-trained audio codec latent vectors from visual
inputs via a hierarchical subspace latent diffusion model.

O We design diffusion convolution blocks, subspace de-
composition and recomposition modules to effectively map
different modalities representations in subspaces.

O We introduce a reparameterized flow matching tech-
nique for direct latent vector generation to improve the gen-
eration quality in L2S.
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Related Work
Multi-Speaker Lip to Speech Synthesis

Recent advances in deep learning have transformed L2S
synthesis, driving the field from speaker-dependent models
in constrained settings toward versatile multi-speaker sys-
tems. A pivotal development has been the integration of
SSL techniques, which enhances performance by leverag-
ing powerful semantic representations learned from vast un-
labeled audio-visual data. For instance, recent studies (Hsu
et al. 2023; Choi, Kim, and Ro 2023; Lei et al. 2024,
Liang et al. 2025a) have effectively used pre-trained SSL
models like AV-Hubert as potent feature extractors, yield-
ing significant improvements in speech intelligibility. Con-
currently, generative diffusion models have become a dom-
inant paradigm. Early approaches in this domain, such as
DiffV2S (Choi, Hong, and Ro 2023) and LipVoicer (Yem-
ini et al. 2023), employed denoising diffusion probabilistic
models (DDPMs) (Ho, Jain, and Abbeel 2020) to synthesize
mel-spectrograms conditioned on visual features and auxil-
iary inputs like vision-guided speaker embeddings and se-
mantic information from lip-reading models. More recent
works, including V2SFlow (Choi et al. 2025) and From
Faces to Voices (Kim et al. 2025) introduce flow matching
(Lipman et al. 2022) to further advancing synthesis qual-
ity and demonstrating the remarkable potential of diffusion
model for L2S.

Except generating intermediate representations like mel-
spectrograms or discrete SSL tokens, Uni-Dubbing (Lei
et al. 2024) has incorporated Hifi-Codec, which formulates
the problem as predicting discrete residual tokens. This
aligns with recent trends in TTS, where audio codecs are
increasingly used to improve speech quality. However, the
information-sparse visual modality provides constraints for
the high-precision categorical prediction of discrete tokens.
In contrast, our proposed SLD-L2S framework directly gen-
erates the latent vectors of a pre-trained audio codec from
visual inputs, utilizing a hierarchical subspace latent diffu-
sion model.

Neural Audio Codec

Neural audio codecs are a class of generative models engi-
neered for high-fidelity audio compression (Zeghidour et al.
2021; Défossez et al. 2022; Kumar et al. 2023). Architec-
turally, they comprise an encoder that maps continuous raw
waveforms into a sequence of discrete tokens, and a corre-
sponding decoder that synthesizes a high-quality waveform
from these tokens. The quantization of the output of en-
coder is typically achieved through residual vector quantiza-
tion (RVQ). This method recursively quantizes the residual
signal from previous quantization step, with each stage em-
ploying a distinct codebook to progressively capture more
detail.

Beyond compression, the audio codecs have become in-
strumental in generative speech tasks. By repurposing the
encoder of a pre-trained codec as acoustic tokenizers, speech
synthesis can be reframed as a conditional sequence-to-
sequence modeling problem, akin to tasks in natural lan-
guage processing (NLP). A prominent example is VALL-E



(Wang et al. 2023), which auto-regressively predicts discrete
acoustic tokens conditioned on textual and acoustic prompts.
However, this token-prediction approach is ill-suited for L2S
synthesis as previous discussions. Inspired by the approach
in NaturalSpeech?2 (Shen et al. 2023), which models the con-
tinuous latent space prior to quantization, we eschew the
problematic discrete prediction task. Instead, our method is
designed to directly generate the continuous latent vectors
of a pre-trained audio codec conditioned on visual inputs.

Flow Matching

Flow matching (Lipman et al. 2022) has emerged as a
powerful technique for generative modeling, garnering sig-
nificant attention across diverse domains, including image
(Esser et al. 2024), video (Zheng et al. 2024), and speech
generation (Chen et al. 2024). Its efficacy in L2S synthe-
sis has been demonstrated by recent works like V2SFLow
(Choi et al. 2025) and From Faces to Voices (Kim et al.
2025). Specifically, V2SFLow achieves speech generation
by generating speech through various acoustic attributes,
while From Faces to Voices maps these attributes through
a hierarchical visual encoder to enable L2S synthesis.
Given samples x; from a target data distribution and sam-
ples zo from a standard Gaussian, the core objective of flow
matching is to learn a continuous vector field vg(z¢,t) that
maps zg to z; along an ordinary differential equation (ODE)
path defined as dz; = vg(x¢,t)dt. A common approach for
training involves a simple linear flow, where the path is de-
fined as
xy = (1 —t)xo + tz1,t € [0,1]. (1)
For this specific linear path, the ground truth velocity field
is analytically given by v(zy, t) % = x1 — 19. We can
train a neural network vy to approximate this ground truth
velocity at any continuous point z; on the path from zy to
x7 attime ¢ € [0, 1] by minimizing the following objective:

EonPmﬁlePht [||U9(xt7 C, t) - (‘Tl - 1‘0)”%] )

where C represents the context information guiding the gen-
eration process. In our specific case, C corresponds to the vi-
sual representations extracted from the input video frames.

During inference, to generate new samples from the tar-
get distribution, we start by sampling o from the source
distribution. Then, the sample x; is iteratively updated us-
ing the learned velocity function vg (x4, C, t) until it approx-
imates x; at the target distribution. This process essentially
solves the ODE using numerical methods, commonly the
Euler method:

Tir1 = T + vg (g, C, t) At 3)

where At is the step size. This iterative procedure enables
sample generation from the target distribution by following
the learned velocity field, which effectively guides samples
from the source distribution.

Proposed Method

Overview

The overall architecture of our proposed L2S framework,
SLD-L2S, is depicted in Figure 1. The central principle of
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our approach is to learn a direct mapping from visual rep-
resentations to the continuous latent space of a pre-trained
neural audio codec. To achieve this, we employ a hierar-
chical subspace latent diffusion model that conditioned on
visual representations through multiple parallel subspaces.
Except traditional denoising loss, the entire framework is
also optimized with a multi-level loss function, designed to
ensure both the acoustic fidelity and the semantic consis-
tency of the synthesized speech.

Visual Frontend

The visual frontend of our framework is responsible for ex-
tracting linguistic features from the input video sequence.
To this end, we employ the visual frontend of AV-Hubert
Large (Shi et al. 2022), a self-supervised audio-visual model
pre-trained on the large-scale LRS3 (Afouras, Chung, and
Zisserman 2018) and VoxCeleb2 (Chung, Nagrani, and Zis-
serman 2018) datasets. Consistent with prior work, we find
AV-Hubert to be highly effective, as it provides visual rep-
resentations that are rich in phonetic content, which is well-
suited for L2S synthesis.

Hierarchical Subspace Latent Flowmatching

Subspace Decomposition The initial stage of our latent
flow matching model involves decomposing the visual rep-
resentation into a multi-subspace representation. First, the
visual features extracted from the AV-Hubert encoder are
temporally upsampled to match the resolution of the la-
tent space of target audio codec. Subsequently, instead of a
monolithic mapping, the upsampled features are channeled
into a set of parallel convolutional subspaces. Each sub-
space, consisting of layer normalization and 1D convolution,
is designed to learn a distinct subspace representation. These
parallel subspace representations are then concatenated to
form a unified tensor, which serves as the input to the DiCB
backbone. Following standard practice in diffusion models
(Peebles and Xie 2023), the time step ¢ and speaker embed-
ding c, are projected via an adaptive layer norm (AdalL.N)
block to generate scale and shift parameters for conditional
modulation within the network.

Diffusion Convolution Block The mapping from visual
to acoustic features is a complex cross-modal transformation
characterized by intricate, multi-scale dependencies. While
transformer-based architectures like the DiT excel in many
generative tasks, their monolithic self-attention mechanism
can be sub-optimal for capturing the localized and hierarchi-
cal patterns inherent in this problem. To address this, we in-
troduce the DiCB as the fundamental building block of our
generative model. Drawing inspiration from both DiT and
Conv2Former (Hou et al. 2024), DiCB is designed to effi-
ciently process the decomposed subspace representations.
In a significant departure from DiT, we replace the
standard self-attention and MLP layers with specialized
convolutional modules, inheriting design principles from
Conv2Former. This makes the DiCB architecture inherently
insensitive to variations in sequence length, a desirable prop-
erty for L2S applications. The core of each block is a con-
volutional attention module. Here, a depthwise convolution



Latent Flow Matching

NE) -

Input Video AdaLN

{ D,'Tcs }{ D,;;B J—

S OLA

I LN+Conv1d Il
I LN+Conv1d Il
I LN+Conv1d Il

Cat

TrConv1d
Scale, Shift

.
|ty MLP
|
!

| H LN+Scale, Shift H Convid

H LN+ScaIe Shift Conv1d

N — LN+Sca/e Shift Convid

Synthesized
Speech

Decoder

I LN+Conv1d I.

il 1-{_ LN+Scale, Shit {_Convid

134

DiCB

1
1
\Semantic

| Loss

1
1

1

1

S| h I

) peec 3
/Semantlc\ [Language :
i

1

1

1 L 1

(" bicB _): Diffusion Convolution Block !
Subspace Recomposition Module

t :Time Step : Speaker Embedding -
i s : Frozen : Low-rank Matrix /;'a .
1 €D : Add (© : Hadamard Prod

[ Visual Representations
[——_7: Subspace Representations
[C: Acoustic Representations
[E == 5] SLM Representations
: Semantic Representations

Figure 1: The model utilizes a latent flow matching approach to directly map visual features to the continuous acoustic latent
space. The architecture consists of three main stages: a subspace decomposition module processes visual features into parallel
pathways; a backbone of DiCBs, conditioned with AdaLN-SOLA, effectively refines these representations; and a subspace
recomposition module fuses them into a final latent vector. The model is trained with a multi-objective function, including a
flow matching loss for acoustic reconstruction, a semantic loss on the latent space, and an SLM loss on the final synthesized
waveform. During inference, the model generates the latent vectors for the codec to synthesize into speech.

with a kernel size of ¢ x k (where ¢ and k are the kernel
dimensions along time and subspace, respectively) is used
to model local feature dependencies, and the output is pro-
duced via a Hadamard product with the value projection.
This design efficiently models local and cross-subspace in-
teractions. This is followed by a convolutional feedforward
module, which facilitates channel-wise information mixing,
analogous to the FFN in a standard transformer block.

Another key feature of DiCB is its conditioning mech-
anism. Similar to DiT, we integrate the time step ¢ and
speaker embedding c, using an adaptive layer normalization
module. Specifically, we employ AdaLN-SOLA (Hai et al.
2024), which reduces parameterization and computational
overhead by using a single shared AdaLN module across
all blocks and timesteps. Furthermore, it incorporates a low-
rank adjustment mechanism to modulate the normalization
parameters based on the conditioning variables, which we
find stabilizes training and preserving performance.

Subspace Recomposition The final stage of our latent
flow matching model, the subspace recomposition module,
transforms the processed features from the DiCB backbone
into the target latent space format of the audio codec. The
output of the backbone, which now contains highly inte-
grated feature representations, is first conditioned on the
time step ¢ and speaker embedding ¢, using an AdaL.N layer.
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To address dimensional mismatch between DiCB outputs
and the latent vectors of the audio codec, a 1D convolu-
tion and a reshape operation are applied to project the tensor
to the correct output dimensions. Finally, we incorporate a
ConvNeXt block (Liu et al. 2022) to ensure a robust fusion
of information across the feature channels. This block en-
ables high-order interactions and allows the model to learn
an optimal combination of the multi-subspace features.

Training Objectives

Reparameterized Flow Matching Loss The standard
Flow Matching objective seeks to estimate the velocity field
vg by minimizing a mean squared error (MSE) loss, as de-
fined in Eq. 2. However, this formulation can be unstable
in our practice because it requires the network to regress a
noise-dependent random derivative. The stochastic nature of
this target prevents the use of auxiliary losses and compli-
cates optimization. Inspired by (Fu et al. 2025), we adopt a
reparameterized objective. Instead of directly predicting the
velocity field vy, we reformulate the output of our model to
be a direct estimate of the target data point, x1. This repa-
rameterization not only improves training stability but also
provides a more intuitive framework for incorporating aux-
iliary losses that operate in the data space. Specifically, we
define the output of our model dy(x;, cs,t) as a direct pre-



Method NFE LRS3-TED LRS2-BBC
UTMOST SCOREQ?T D-BERTT WER| SECST UTMOST SCOREQT D-BERTT WER| SECSt
Ground Truth —  3.5721  3.8105 - 071 - 30538  3.3008 - 135 -
Intelligible 1 27019 27024 08231 27.73 0.761* 23315 23437 07932 3650 0.701*
DiffV2s 1000 3.0681 33811 07408 35.81 0.627 29575 32721 07103 47.58 0.569
LipVoicer 400 24540  2.6598  0.7132 20.62 0588 23756  2.7973  0.6906 24.92 0.578
NaturalL2S 1 3.6598  3.7695  0.8068 30.37 0.628 3.5014  3.6702  0.7838 39.19 0.562
V2SFlow 30 3.6939 40710 08306 27.55 0.851* 34556 39157  0.8064 34.17 0.820*
Proposed 10 42096  4.6075 08284 3022 0.804* 4.1664 45706  0.8005 39.54 0.756*

Table 1: Lip-to-speech synthesis performance comparisons on LRS3-TED and LRS2-BBC dataset. 1: higher is better, |: lower
is better. The * indicates methods utilizing reference speaker embedding.

diction of the target sample x;. This relates to the velocity
field vy via the linear probability path defined in Eq. 1:
d@(ﬂjt,cs,t) = Tt + (1 —t)U‘g(It,Cs,t). (4)

Consequently, the velocity field vy is learned implicitly.
The reparameterized Flow Matching loss, £y, is then for-
mulated as a weighted MSE between the model’s prediction
and the target x;:

lldo (4, ¢, t) — 21|13
(1—1)?

where z¢ ~ pg, 1 ~ p1,and t ~ U(0,1).

Lrv =Eug 20t ©)

)

Auxiliary Losses To improve the perceptual quality and
content accuracy of the synthesized audio, we first incorpo-
rate SLM loss based on a pre-trained SLM. This SLM loss
facilitates knowledge transfer by enforcing consistency in
a high-level perceptual feature space. Specifically, we de-
code the predicted latent vector dg(z¢, cs,t) and the target
latent vector x; into waveforms using the audio codec’s de-
coder D,(-). We then extract feature representations from
both waveforms using the SLM and compute the squared L2
distance between them:

£SL1VI :Emg,xl,t [HSLM (Da (dG(xtﬂ Cs, t))) -

SLM (D) ] ©

Meanwhile, inspired by recent work on semantically-
aware audio codecs like X-codec (Ye et al. 2025), we intro-
duce a semantic loss to enforce content consistency directly
at the latent level. This loss ensures that the generated codec
latents retain the same core semantic content as the target la-
tents. To achieve this, we use a separately pre-trained seman-
tic decoder, Dg(+), which is trained in an auto-encoder setup
(with a corresponding semantic encoder) to reconstruct se-
mantic features (e.g., from HuBERT (Hsu et al. 2021) or
WavLM (Chen et al. 2022)) from the codec latents. The se-
mantic loss is the squared L2 distance between the recon-
structed semantic features of the predicted and target latents:

»Csem - Exg,xl,t [HDs(dG(xtacs»t)) - Ds(%)”%] ) (7)

where D;(-) is the pre-trained semantic decoder, which is
implemented as a multi-layer convolutional network.
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The final training objective for our SLD-L2S framework
is a weighted combination of these multi-objective losses:

®)

where A1 and \q are hyperparameters balancing the contri-
bution of each auxiliary objective. This multi-objective loss
structure allows the model to jointly optimize for percep-
tual quality and semantic content, leading to improvements
in overall synthesis performance.

L= EFM + )\LCSLA{ + >\2['sem7

Experimental Setup
Datasets

Our experiments are conducted on multi-speaker audio-
visual benchmarks: LRS3-TED (Afouras, Chung, and Zis-
serman 2018) and LRS2-BBC (Chung et al. 2017). The
LRS3-TED dataset, derived from TED and TEDx talks, con-
tains approximately 439 hours of footage from over 5,000
speakers across 150,000 utterances. The LRS2-BBC dataset
consists of 200 hours of data from BBC broadcasts, com-
prising 144,000 segments from a diverse set of speakers. We
only use the LRS3-TED corpus for training, following its of-
ficial pre-defined splits for training, validation, and testing.
To assess the generalization capabilities of each method, we
also evaluate on the LRS2-BBC test set.

Implementation Details

Our data pre-processing follows the pipeline in (Shi et al.
2022). For each video, we extract facial landmarks using
the dlib (King 2009) library, crop the mouth region-of-
interest (ROI), resize it to an 88x88 resolution and convert to
grayscale. These frames are then processed by a pre-trained
AV-Hubert Large model, which functions as our visual en-
coder, yielding 1024-dimensional feature vectors. For audio
synthesis, we employ X-Codec-hubert as our neural audio
codec, which operates at a 16 kHz sampling rate and was
pre-trained on the LibriSpeech corpus. The speaker identity
is provided via a 256-dimensional embedding c;, extracted
from a reference utterance using a GE2E (Wan et al. 2018).
For our auxiliary losses, semantic features are extracted us-
ing a pre-trained HuBERT-base-1s960 model and we use
WavLM (Chen et al. 2022) for calculating SLM loss. To



Method Naturalness? Intelligibility Similarity?t
Ground Truth  4.36 +o0.15 4.48 +o.15 -

Intelligible 2.82 +0.25 337 +0.26  3.02 +0.17
DiffVv2S 2.95 +o.27 298 +0.27  2.80 +0.23
LipVoicer 2.51 +o0.23 297 +0.29  2.59 +0.23
NaturalL2S 3.54 +o0.32 343 +0.27  3.21 +o0.21
V2SFLow 3.88 +0.25 3.69 +0.25  3.90 +o0.14
Proposed 4.17 +o0.24 3.65 +0.25  3.77 +0.15

Table 2: MOS results on LRS3 dataset.

align the temporal resolution mismatch between the video
and the audio, we upsample the visual features by using a
transposed convolution layer.

The architecture of our SLD-L2S model is configured
as follows. The subspace decomposition module partitions
the 1024-dimensional visual features into 8 subspaces. Each
subspace, containing a layer normalization and a 1D convo-
lution, processes the features before they are concatenated.
The backbone is composed of 12 DiCBs. Within each DiCB,
the convolutional attention module employs a kernel of size
(5, 7) for the time and subspace dimensions, respectively.
The convolutional feedforward module uses a kernel size of
3 and expands the channel dimension to 1024. Conditional
inputs are integrated via AdaLN-SOLA module, with the
low-rank adjustment matrix rank set to 32. Finally, the sub-
space recomposition module projects the output from each
of the 8 subspace streams to a dimension of 128. These are
then concatenated and fused into a single 1024-dimensional
vector. This fused representation is passed through Con-
vNeXt blocks, which consists of 3 layers with 512 hidden
channels to facilitate final cross-channel interactions before
producing the output. For training, we use the AdamW opti-
mizer initialized with a learning rate of 2e-4 and the cosine
learning rate decay strategy. The batch size is set to 16, and
the model is trained for 150K iterations on a single NVIDIA
H100 GPU over about five days. The AdamW scheme is
configured with 51 = 0.8, B2 = 0.99 The hyperparameters
for the auxiliary losses are set to A\; = 1 and A = 100.

Evaluation Metrics

We perform a comprehensive evaluation of our proposed
SLD-L2S framework using a suite of objective and subjec-
tive metrics. The evaluation is designed to assess three crit-
ical aspects of the synthesized speech: perceptual quality,
content intelligibility, and speaker similarity. For objective
evaluation, we employ the following metrics:

U Quality: We assess perceptual quality using UTMOS
(Saeki et al. 2022) and SCOREQ (Ragano, Skoglund, and
Hines 2024). Both are non-intrusive, reference-free models
that predict a mean opinion score (MOS) on a 1-to-5 scale,
designed to correlate with human quality judgments.

U Intelligibility: We measure intelligibility from two per-
spectives. First, the word error rate (WER) is calculated us-
ing the AUTO-AVSR (Ma et al. 2023). Second, we utilize
SpeechBERTScore (D-BERT) (Saeki et al. 2024), which
leverages NLP evaluation metrics. It calculates the cosine
similarity between the SSL embeddings of the synthesized
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Method UTMOStT SCOREQt D-BERT{ WER/ SECSt
Ours 4.2096 4.6075 0.8284  30.22 0.804
w/o DiCB  4.0835 4.5056 0.8184  30.70 0.618
w/o Repara  3.9540 4.2600 0.8249  29.70 0.809
w/o Lsem 4.1859 4.5830 0.8272  30.21 0.795
w/o Lspar 4.2885 4.6958 0.8207  29.99 0.776
w/o Lsermn  4.2507 4.6494 0.8157  30.53 0.771

Table 3: Ablation study results on the LRS3 dataset. Repara
indicates the inclusion of our reparameterized flow match-
ing object. DiCB signifies the replacement of our proposed
DiCB backbone with DiT, maintaining closely matched pa-
rameter sizes (DiCB: 57.7M, DiT: 57.8M).

and target speech, providing a semantic similarity score in
the range of —1 to 1.

U Speaker Similarity: We quantify speaker identity preser-
vation using speaker embedding cosine similarity (SECS).
This metric is calculated from speaker embeddings, which
are extracted from both the synthesized and target speech
using the Resemblyzer (Wan et al. 2018) library.

Subjective evaluation is conducted through a MOS test. A
group of 15 participants listened to 30 synthesized samples
and were asked to rate each clip on three criteria: naturalness
(how natural the speech sounds), intelligibility (how easy
the content is to understand), and speaker similarity (how
similar the synthesized speech is to the target speaker). All
criteria were rated with 5 points (from 1 to 5).

Results and Discussion
Comparison with State-of-the-Art Methods

We compare our proposed SLD-L2S framework against ad-
vanced L2S methods: Intelligible (Choi, Kim, and Ro 2023),
DiffV2S (Choi, Hong, and Ro 2023), LipVoicer (Yemini
et al. 2023), NaturalL2S (Liang et al. 2025a), and V2SFlow
(Choi et al. 2025). The results on the LRS3 and LRS2
datasets are presented in Table 1. Our analysis focuses on
key aspects including perceptual quality, efficiency, intelli-
gibility and speaker similarity. Notably, the LRS2 dataset is
not used during training in order to evaluate the robustness.

First, the results unequivocally establish SLD-L2S as the
new state-of-the-art in perceptual quality. As shown in Table
1, our model substantially outperforms all baselines on both
datasets in the reference-free quality metrics. On the primary
LRS3-TED benchmark, for instance, SLD-L2S surpasses
the strongest flow matching based competitor, V2SFlow, by
a margin of 0.5157 in UTMOS. Crucially, this superior syn-
thesis quality is achieved with exceptional computational ef-
ficiency. SLD-L2S requires only 10 number of function eval-
uations (NFE) at inference, representing higher efficiency
than other diffusion-based methods.

In terms of intelligibility, LipVoicer achieves the lowest
WER because its reliance on a powerful, pre-trained visual
speech recognition (VSR) model (Ma et al. 2023) to extract
semantic features. However, this comes at the cost of de-
graded speech quality, as indicated by its low UTMOS and
SCOREQ scores. Moreover, the require of a VSR model



Kernel size  UTMOST SCOREQ?T D-BERTtT WER] SECStT

Ours (5x7) 4.2096 4.6075 0.8284  30.22 0.804
3x5 4.2120 4.6016 0.8292  30.34 0.801
7x9 4.1914 4.5733 0.8291  30.17 0.800
9x11 4.2008 4.5852 0.8288  30.10 0.803

Subspaces UTMOS{ SCOREQt D-BERT{ WER| SECS{

Ours (8) 4.2096 4.6075 0.8284  30.22 0.804
4 4.1797 4.5638 0.8278  29.94 0.802
16 4.1752 4.5683 0.8295 29.92 0.802
32 4.1288 4.5219 0.8268 3035 0.799

Table 4: Ablation study results of different kernel size on
the LRS3 dataset. The kernel size is denoted as (time X sub-
space).

limits its applicability to scenarios where text transcripts are
unavailable. In contrast, SLD-L2S strikes a superior balance.
It generates intelligible speech, evidenced by its competi-
tive D-BERT scores, which outperforms nearly all the meth-
ods without using specialized VSR front-ends and is highly
competitive with the top performer, V2SFlow. This indicates
that our model effectively generates intelligible speech while
simultaneously preserving its perceptual quality.

For speaker identity preservation, V2SFlow achieves the
highest SECS score as its training objective explicitly in-
cludes a speaker embedding loss to enforce speaker simi-
larity. Despite not employing such a direct loss, our frame-
work achieves a highly competitive second-best SECS score.
This result underscores the effectiveness of our proposed
DiCB module in conditioning the generation process on the
speaker identity without requiring direct supervision.

The results of subjective evaluation, presented in Table
2, further validate the effectiveness of our framework. Our
model excels in naturalness, achieving an outstanding score
of 4.17 that notably surpasses all competitors and closely
approaches the ground truth. In terms of intelligibility, our
method ranks second with a score of 3.65. Focusing on
speaker similarity, our model obtains a highly competitive
score of 3.77, nearly matching the top-performing V2SFlow.
This evaluation also highlights the limitations of relying
solely on objective metrics. For instance, LipVoicer per-
forms well on the objective WER metric but scores poorly
in subjective tests, indicating that its poor acoustic quality
and unnaturalness can severely degrade the practical intel-
ligibility for human listeners. This discrepancy underscores
that perceptual quality is a critical goal for L2S systems, as
it directly impacts the ability of humans to comfortably un-
derstand the generated speech.

Ablation Study

To analyze the contribution of each component, we conduct
an ablation study with results presented in Table 3.

U DiCB Architecture: Replacing our DiCB backbone with
a parameter-matched DiT leads to a significant performance
collapse across nearly all metrics. This result underscores
the critical role of our DiCB design in achieving high-quality
synthesis and effective speaker conditioning.

U Reparameterized Training Objective: Reverting to the
standard velocity-prediction flow matching objective results
in a notable drop in perceptual quality (UTMOS, SCOREQ).
This confirms that our reparameterized approach is crucial
for improving training stability and synthesis quality.
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Table 5: Ablation study results of different number of sub-
spaces on the LRS3 dataset.

O Auxiliary Losses: Removing the semantic loss (w/o
Lsem) causes a minor drop in quality and speaker simi-
larity, suggesting its role as a helpful regularizer for the
latent space. More interestingly, removing the SLM loss
(wW/o Lgspar) reveals a trade-off: while this slightly im-
proves the acoustic quality metrics (UTMOS/SCOREQ), it
degrades both intelligibility (D-BERT) and speaker simi-
larity (SECS). This indicates that the SLM loss is crucial
for content and identity preservation, even if it introduces
a slight constraint on the acoustic non-intrusive metrics. Re-
moving both losses leads to a more pronounced degradation,
confirming their combined importance.

Analysis on the design choices of DiCB

We further ablate two key design choices for our DiCB mod-
ule: the convolutional kernel size and the number of sub-
spaces. The results are summarized below.

U Kernel Size. As shown in Table 4, model performance
is remarkably robust to the kernel size in the convolutional
attention module in DiCB. In contrast to the trend of using
large kernels in computer vision, smaller kernels perform
competitively in our task. The 5x7 kernel yields the best
balance across all metrics, validating our choice.

U Number of Subspaces. This proves to be a more sensitive
hyperparameter. Table 5 reveals a distinct performance peak
at our chosen configuration of 8 subspaces. Using fewer (4)
or more (16, 32) subspaces leads to a marked degradation in
perceptual quality (UTMOS/SCOREQ). This suggests that 8
subspaces achieve an optimal trade-off, effectively decom-
posing visual features without creating overly fragmented
representations that are difficult to integrate.

Conclusion

In this paper, we introduced SLD-L2S, a novel framework
that sets a state-of-the-art in lip-to-speech synthesis by di-
rectly mapping visual features to the latent space of audio
codec. Our method leverages an efficient, reparameterized
flow matching technique to train a hierarchical subspace net-
work. This network is built upon our proposed diffusion con-
volution block, which effectively captures the intricate rela-
tionships between visual and auditory modalities. Combined
with a dual semantic and SLM loss strategy for enhanced
content fidelity, SLD-L2S notably surpasses existing meth-
ods in perceptual quality. Our work validates the potential
of latent diffusion in lip-to-speech synthesis and provides a
robust blueprint for the future of high-fidelity L2S synthesis.
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