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Abstract
Lip-to-speech synthesis in the wild remains challenging due to
the limited visual information. While self-supervised models
have shown promising results in relatively high-quality lip-to-
speech synthesis, their computational demands make them im-
practical for edge devices. To address this issue, we introduce
LightL2S, a novel multi-speaker lip-to-speech system designed
to achieve ultra-low complexity for edge deployment. To re-
duce the computational cost, we adopt a much more efficient
architecture MoViNet for visual encoder instead of using the
conventional ResNet-18. Furthermore, we introduce Zipformer
blocks to efficiently learn prosodic information and quantized
self-supervised audio representations from the output features
generated by MoViNet. Finally, we employ the differentiable
digital signal processing vocoder to synthesize speech. Experi-
mental results demonstrate that LightL2S can generate reason-
able speech even with a computational complexity of only 0.8
GMacs.
Index Terms: lip to speech synthesis, computational efficiency,
speech synthesis, self-supervised learning, DDSP

1. Introduction
Visual modality plays an important role in human communica-
tion. When listening to a speaker, we often rely on facial cues
to better understand the content. In extremely noisy environ-
ments or when speech is unavailable, visual cues become even
more crucial for comprehension. Motivated by these observa-
tions, lip-to-speech synthesis aiming to generate speech from
lip movements has garnered increasing attention in recent years,
especially with the rapid development of deep learning [1–10].
By converting silent visual inputs into intelligible speech, this
technology has the potential to assist individuals with speech
impairments in regaining their ability to communicate. Addi-
tionally, it also plays an important role in silent secret commu-
nication scenarios and long-distance surveillance.

Achieving high-quality lip-to-speech synthesis in real-
world scenarios remains challenging due to the limited informa-
tion in the visual modality. The task in unconstrained environ-
ments, commonly referred to as ’lip-to-speech in the wild’, was
first introduced in SVTS [1]. This system combines 3D con-
volutions and ResNet-18 [11] as the visual frontend, employs
Conformers [12] for sequence modelling, and finally utilizes
a neural vocoder to establish a scalable architecture for lip-to-
speech synthesis. Experimental results on the LRS3 [13] dataset
demonstrate that SVTS can effectively generate intelligible
speech in real-world conditions. The ReVISE [2] system adopts
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a similar structure but leverages AV-HuBERT [14], which is a
self-supervised audio-visual model consisting of a ResNet-18
based visual encoder and Transformer blocks. Specifically, Re-
VISE utilizes a pre-trained AV-HuBERT to predict discrete self-
supervised learning (SSL) units and a unit-HiFiGAN vocoder
for speech synthesis. The integration of AV-HuBERT has led
to significant improvements in synthesis performance. Similar
frameworks, such as Multi-task [3] and Intelligible-L2S [4] also
further extend the framework proposed in SVTS, enhancing the
intelligibility of the synthesized speech. Despite these advance-
ments, most of existing methods remain computationally ex-
pensive and require extensive training data. Specifically, self-
supervised models like AV-HuBERT need high computational
costs, which is impractical for deployment on edge devices.

In this paper, we propose LightL2S, an efficient lip-to-
speech synthesis system that is optimized for edge devices
with ultra-low complexity. Motivated by SVTS and its sub-
sequent works, we introduce several key modifications to en-
hance efficiency while maintaining performance. Firstly, we
adopt MoViNet [15] as the visual frontend, due to it can achieve
competitive accuracy with low memory usage when compared
with computationally expensive ResNet18-based models. For
the generation of pitch and discrete SSL units, we replace the
Conformer backbone with Zipformer [16], reducing complex-
ity without sacrificing capacity. Finally, we use a differen-
tiable digital signal processing (DDSP) [17] module to gen-
erate speech, following NaturalL2S [10]. The DDSP module
provides an acoustic inductive bias for natural speech synthesis
at light computational cost. The proposed framework balances
synthesis quality and computational efficiency, making it suit-
able for edge-device deployment.

We conduct experiments on the LRS3 dataset, and the re-
sults demonstrate that our model achieves competitive perfor-
mance compared to previous methods. While the intelligibility
of the synthesized speech is worse than some state-of-the-art
systems, the generated speech remains reasonably natural, and
the overall quality is satisfactory. Notably, LightL2S operates
with only 0.8 GMacs and requires no text supervision or large-
scale data for training. These results suggest that LightL2S of-
fers a promising solution for resource-limited deployment. To
the best of our knowledge, this is the first attempt to achieve
lip-to-speech synthesis in the wild with such low complexity.

2. Proposed Approach
2.1. Overview

The proposed LightL2S framework contains three main com-
ponents: the MoViNet visual frontend, the Zipformer backbone,
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Figure 1: Overview of the proposed LightL2S.

and the DDSP vocoder. The input silent lip moving video is first
passed to the visual frontend to extract visual features, and the
Zipformer backbone then processes these features, capturing
temporal dynamics and learning the mapping from lip move-
ments to self-supervised learning (SSL) units and fundamental
frequency (F0) values. These outputs are finally passed to the
DDSP vocoder to generate speech. The overall architecture of
the LightL2S system is shown in Figure 1. In the following
three parts, we describe each component in detail.

2.2. Visual Frontend

Mobile Video Networks (MoViNets) [15] are a family of ef-
ficient video recognition frameworks that can reduce mem-
ory consumption while maintaining strong performance. Their
architecture is optimized by TuNAS [18], which searches
for the most efficient structure based on MobileNet-V3 [19].
MoViNets utilize 3D convolutions as the backbone and offer
several variants (A0–A6), with A0 having the lowest computa-
tional complexity and A6 the highest computational load. To
ensure low computational cost while preserving effectiveness,
we adopt MoViNet-A0 as the visual frontend and modify it for
the lip-to-speech synthesis task. Specifically, we remain the
temporal dimension while applying average pooling and adjust
the output dimension of the final layer to align with the input
size of the Zipformer backbone.

2.3. Zipformer Backbone

Zipformer [16] is a transformer-based model designed to im-
prove computational efficiency, particularly for processing long
temporal sequences. It adopts a U-Net-like structure that down-
samples frame rates in intermediate blocks, which enables
multi-scale temporal modelling. Each Zipformer block is re-
designed with two Conformer blocks, where the computed at-
tention weights are reused for computational efficiency. Ad-
ditionally, Zipformer incorporates BiasNorm to retain length
information and introduces two novel activation functions,
SwooshR and SwooshL, which accelerate convergence while
enhancing performance.

We incorporate prosodic modelling by predicting funda-
mental frequency (F0) from lip movements, which is because
F0 plays a key role in DDSP vocoder-based synthesis by guid-
ing the generation of speech periodicity. The visual features
extracted by the visual frontend have a frame rate of 25 Hz,
while the SSL units and F0 are sampled at 50 Hz and 100 Hz,
respectively. To address this mismatch, we remove the default
downsampling operation after the final Zipformer block and in-
troduce a transposed convolution layer to upsample the output
by a factor of four, aligning it with the F0 sampling rate. To en-
sure robust F0 prediction for different speakers while maintain-

ing low complexity, we employ a 1D convolution conditioned
on a reference speaker embedding.

Additionally, we generate semantic representations by in-
troducing SSL units as content supervision following [2, 4].
The Unit predictor first downsamples the upsampled features
to match the sampling rate of SSL units and then predicts the
SSL units through a fully connected layer. These predicted SSL
units are supervised with cross-entropy loss against, where the
target SSL units are derived through K-means clustering (with
200 clusters) applied to the sixth-layer features of HuBERT-
BASE [20]. Previous works [21, 22] have demonstrated that
these discrete representations effectively capture phoneme-level
semantic information while eliminating speaker-specific char-
acteristics. Moreover, SSL-based supervision removes the need
for paired text annotations, making it more practical for low-
resource deployment scenarios.

We optimize our model using smoothed cross-entropy loss
for the predicted units and L1 loss for the predicted F0 se-
quences, which can be given by:

Lunit = − 1

N

N∑
i=1

C∑
j=1

qi,j log

(
exp(Ui,j)∑C

k=1 exp(Ui,k)

)
, (1)

qi,j = (1− α)yi,j +
α

C
, (2)

LF0 = ∥F0 − F̂0∥1, (3)

where N is the number of frames for SSL units, and C is the
unit vocabulary size. Ui,j represents the predicted logit for the
j-th speech unit of the ith frame , and yi,j denotes the corre-
sponding one-hot label derived from ground-truth speech. The
target distribution qi,j is obtained by label smoothing with a
smoothing factor α, which is set to 0.1 in our experiments. The
F0 and F̂0 represent the ground-truth and predicted values, re-
spectively.

2.4. DDSP Vocoder

The DDSP vocoder combines traditional signal processing the-
ory with deep learning through differentiable components, es-
tablishing an interpretable paradigm for speech synthesis. Ex-
periments in [10] have demonstrated that the DDSP vocoder is
helpful in the lip-to-speech synthesis task. Additionally, it high-
lights that end-to-end training of the vocoder effectively im-
proves the quality of synthesized speech. Motivated by these re-
sults, we adopt DDSP as the vocoder and train the entire model
in an end-to-end manner.

Based on the source-filter model, the DDSP vocoder gener-
ates the final speech by decomposing it into periodic and ape-
riodic parts. In our experiment, the periodic excitation signal
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Table 1: Experimental results on LRS3 dataset. The ↑ and ↓
indicate that higher or lower values are better, respectively. The
∗ indicates that the methods with reference speaker embedding.

Method UTMOS↑ WER↓ SECS↑ LSE-C↑ GMacs

VCA-GAN [23] 1.31 89.6 0.42 5.23 29.55
Multi-task [3] 1.29 56.8 0.45∗ 5.20 14.62
DiffV2S [5] 3.07 35.8 0.63 7.21 –
IntelligibleL2S [4] 2.70 27.7 0.76∗ 7.94 32.34
NaturalL2S [10] 3.66 30.4 0.63 8.08 34.23
LightL2S 2.93 64.8 0.72∗ 8.01 0.80
Ground Truth 3.59 0.71 – 7.63 –

is generated from the predicted F0 and the aperiodic excitation
is sampled by a Gaussian noise. These two excitation signals,
along with the speaker embedding and the semantic represen-
tations, are input into Conformer blocks to estimate the pa-
rameters for speech synthesis: harmonic amplitudes, harmonic
phases, noise magnitude, and noise phase.

The synthesis process of the periodic part involves generat-
ing a series of harmonics by modulating the base phase with in-
teger multiples and selectively dropping out any harmonics that
exceed the Nyquist frequency. The estimated amplitudes are ap-
plied to these harmonics, and their sum yields the raw harmonic
signal. The estimated harmonic phase is then used to obtain
an all-pass filter to refine the harmonic signal in the frequency
domain. In parallel, the noise component is refined through a
locally time-variant finite impulse response filter using the esti-
mated noise magnitude and phase parameters. Finally, the har-
monic and noise components are summed to produce the final
synthesized speech. We apply the multi-resolution Short-Time
Fourier Transform(STFT) loss to optimize the vocoder,

LSTFT =
∑
L

∑
ℓ

∑
k

∥Xℓ,k − X̂ℓ,k∥1, (4)

where Xℓ,k and X̂ℓ,k denote STFT of the ground-truth and pre-
dicted speech at frequency bin k of frame ℓ, respectively. In our
experiment, the overlap between adjacent frames is 75% and
the window size L is set to {64, 128, 256, 512, 1024, 2048}.

When only applying the L1 loss on spectrograms, the gen-
erated results tend to capture overall trends while ignoring lo-
cal details, resulting in the high-frequency information loss and
leading to a blurry and over smoothed spectrogram. To ad-
dress this problem, we incorporate an adversarial loss to en-
hance the perceptual quality of the synthesized speech. How-
ever, commonly used discriminators in vocoders, such as the
multi-scale discriminator (MSD) and multi-period discrimina-
tor (MPD) [24], fail to efficiently improve the speech quality
in our preliminary experiments. We observe that the DDSP-
generated signals are more easily distinguishable by these time-
domain discriminators while the generator is hard to eliminate
this gap. To mitigate this issue, following [25], we adopt the
multi-resolution spectrogram discriminators [26] consists of six
sub-discriminators. Each sub-discriminator employs 2D convo-
lutions to distinguish spectrograms at different resolutions. The
corresponding loss function is formulated as follows:

Ladv =

6∑
i=1

E(Xj,k,X̂j,k)

(
Di(X̂j,k)− 1

)2
, (5)

LD =

6∑
i=1

E(Xj,k,X̂j,k)

[
(Di(Xj,k)− 1)2 +

(
Di(X̂j,k)

)2]
,

(6)

where Di(·) denotes the output of the i-th sub-discriminator
and LD is the adversarial loss for discriminator.

Our final loss for training the entire generator of LightL2S
is Ltotal = λSTFTLSTFT + λunitLunit + λF0LF0 + λadvLadv, where
λunit, λF0, and λadv are hyperparameters that balance the contri-
butions of the different loss terms. In our experiments, we set
λSTFT = 45, λunit = 5, λF0 = 20, and λadv = 5.

3. Experiments
3.1. Datasets

We conduct our experiments on the LRS3 dataset, which con-
tains over 400 hours of spoken videos from TED and TEDx
videos. It contains around 150,000 utterances with a vocabu-
lary of over 50,000 words and has been one of the most popular
corpora in lip reading and lip-to-speech research fields. We fol-
low the splits from the original paper in our experiment.

3.2. Data Preprocessing

We first extract the 68 facial landmarks using dlib [27] and align
the face images to a mean face shape. Then, we convert the im-
age into grayscale and normalize each frame. Finally, we crop
an 88 × 88 mouth region for model input. In the audio stream,
the audio data is sampled at 16kHz and the corresponding mel-
spectrogram is obtained with 80 mel-filterbanks, 640 window
size, and 160 hop size. The ground-truth fundamental frequency
is obtained by the RAPT algorithm [28] with the window size
of 640 and hop size of 160. The reference speaker embedding
is extracted through the ESPnet [29], which is a deep learning
toolkit for speech processing.

3.3. Model Configuration

As discussed in Section 2.2, we use MoViNet-A0 as the visual
frontend and the output dimension is set to 192. For the Zip-
former backbone, we follow the Zipformer-S configuration with
6 stacks, each containing 2 blocks. The embedding dimensions
for Zipformer blocks are set to {192, 256, 256, 256, 256, 256},
while the feed-forward dimensions are configured as {512, 768,
768, 768, 768, 768}. The multi-head attention mechanism uses
{4, 4, 4, 8, 4, 4} attention heads per block, and the convolutional
layers have kernel sizes of {31, 31, 15, 15, 15, 31}. The DDSP
vocoder consists of three Conformer blocks, each with a hidden
dimension of 256 and eight attention heads in the multi-head
attention module. The DDSP vocoder generates 32 harmon-
ics, with both the noise magnitude and noise phase represented
by vectors of dimension 256. For the discriminators, the input
multi-scale spectrograms are computed at six different scales,
with the number of filters at each scale set to {64, 128, 256,
512, 1024, 2048}.

3.4. Training Details

We train our model on a single NVIDIA A100 40GB GPU us-
ing the AdamW [30] optimizer with β1 = 0.8, β1 = 0.99 and
weight decay of λ = 0.01. The initial learning rate is set to
5e-4, with an exponential learning rate decay for adaptive op-
timization. During training, we randomly sample frames from
video sequences, limiting the maximum sequence length to 100
frames and the minimum to 25 frames. To optimize GPU mem-
ory usage, waveform segments are restricted to 16,000 samples,
with corresponding semantic representations and predicted F0
randomly selected. The model is trained for 100 epochs us-
ing BF16 mixed precision. Specifically, we pre-train the model
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Table 2: MOS results on LRS3 dataset.

Method Naturalness↑ Intelligibility↑ Similarity↑
VCA-GAN [23] 1.54±0.33 1.89±0.51 1.47±0.28

Multi-task [3] 1.82±0.39 2.77±0.34 1.90±0.41

DiffV2S [5] 3.69±0.46 3.49±0.33 3.25±0.30

IntelligibleL2S [4] 3.29±0.43 3.72±0.31 3.43±0.27

NaturalL2S [10] 4.10±0.31 3.98±0.29 3.51±0.27

LightL2S 3.63±0.45 3.20±0.34 3.72±0.25

Ground Truth 4.51±0.24 4.51±0.22 –

without the discriminator for 80 epochs and subsequently fine-
tune it with the discriminator for an additional 20 epochs.

3.5. Evaluation Metrics

Both objective and subjective metrics are chosen to evaluate
the performance of the proposed model. For objective evalua-
tion, we assess the quality of the synthesized speech using non-
intrusive metrics UTMOS [31]. To measure the intelligibility
of synthesized speech, we compute the word error rate (WER)
using Auto-AVSR [32]. We also measure LSE-C with a pre-
trained SyncNet [33] to evaluate the audio-visual synchroniza-
tion confidence. Additionally, we measure Speaker Embedding
Cosine Similarity (SECS) between the speaker embeddings ex-
tracted by Resemblyzer [34] to evaluate the speaker similarity.
For subjective evaluation, we conduct a listening test with 10
participants to simultaneously evaluate the naturalness, intelli-
gibility, and speaker similarity of the synthesized speech. Par-
ticipants are asked to rate 30 randomly selected samples for
each aspect on a scale from 1 to 5.

4. Results
4.1. Objective Evaluation

We evaluate our model against baseline on the LRS3 dataset and
report the complexity of each method for 1-second video inputs.
Notably, Intelligible-L2S [4], DiffV2S [5], and NaturalL2S [10]
use AV-HuBERT, while VCA-GAN [23] and Multi-task [3] do
not. It is worth noting that ReVISE is not included due to the
lack of publicly available code. Similarly, since DiffV2S has
not been released, its complexity are not reported. The results,
shown in Table 1, highlight that the proposed LightL2S out-
performs methods that do not rely on AV-HuBERT in terms
of UTMOS. Our model even surpasses Intelligible-L2S, indi-
cating that LightL2S can synthesize speech with a high de-
gree of naturalness even with ultra-low complexity. However,
there remains a gap in WER when compared with Multi-task
and other AV-HuBERT-based methods. This gap may be due
to: (1) Multi-task relying on paired text annotations, which in-
troduces additional text modality during training, and (2) the
differences in model scale and training data compared to AV-
HuBERT-based methods. We will study these issues in fu-
ture. In terms of audio-visual synchronization, LightL2S per-
forms better than most methods except NaturalL2S. Addition-
ally, LightL2S achieves superior speaker similarity compared to
all methods except Intelligible-L2S. These results indicate that
LightL2S is capable of producing speech that is better synchro-
nized with the video, while also retaining more speaker-specific
timbre information from the speaker embedding.

4.2. Subjective Evaluation

The subjective evaluation results are presented in Table 2.
Among the compared methods, NaturalL2S achieves the high-

Table 3: Results of the ablation study of the proposed model on
the LRS3 dataset.

Method UTMOS↑ WER↓ SECS↑ LSE-C↑ GMacs

Baseline 2.93 64.8 0.72 8.01 0.80
w/o GAN loss 1.58 67.2 0.63 7.69 0.80
320 hop length 2.55 64.8 0.71 7.81 0.65

Conformer Backbone 2.74 66.3 0.70 7.71 1.09

est scores in both naturalness and intelligibility. Notably, the
performance of LightL2S is comparable to IntelligibleL2S and
DiffV2S while maintaining an exceptionally low computational
cost. Interestingly, although NaturalL2S surpasses Ground
Truth in objective speech quality metrics (as shown in Table 1),
human listeners still perceive Ground Truth as more natural.
This discrepancy highlights the gap between objective and sub-
jective evaluations. Additionally, LightL2S achieves the high-
est speaker similarity MOS, demonstrating its strong ability to
preserve speaker identity. The superior intelligibility of In-
telligibleL2S, DiffV2S, and NaturalL2S can be attributed to
their utilization of AV-HuBERT. Despite LightL2S exhibiting
a higher WER than the Multi-task model in objective evalua-
tions, subjective preference leans towards LightL2S. This high-
lights the importance of human preference in assessing lip-to-
speech methods, especially when these methods are ultimately
designed for human users. Subjective evaluation results em-
phasize the significance of perceptual factors such as natural-
ness and quality in shaping user preference. In summary, the
subjective evaluation results further validate the efficiency of
LightL2S.

4.3. Ablation Study

We conduct the ablation study to investigate the impact of the
key design choices in our model. The results are shown in Ta-
ble 3. Firstly, we evaluate the effectiveness of the discriminator,
the results show that the multi-resolution spectrogram discrim-
inator can improve the entire performance of the model, partic-
ularly in terms of speech quality. Next, we evaluate the impact
of the hop length in the DDSP vocoder. While aligning the
sampling rate of F0 with the SSL units is intuitively beneficial
and helps reduce complexity, the results indicate that a 160 hop
length performs better in terms of quality metrics. This is be-
cause the 160 hop length can better capture the prosodic infor-
mation to improve speech quality. Finally, we compare the per-
formance of the Conformer with that of Zipformer backbone.
By replacing the Conformer with the Zipformer, the overall per-
formance is improved and the computational complexity is even
lower. These results indicate that the Zipformer can effectively
capture the temporal information from the visual features.

5. Conclusion
In this paper, we propose LightL2S, an ultra-low complexity
lip-to-speech synthesis system method. The proposed model in-
tegrates the MoViNet visual frontend, Zipformer backbone, and
DDSP vocoder to synthesize speech from lip movements. Ex-
perimental results on LRS3 dataset demonstrate that our method
achieves competitive synthesis quality while maintaining ultra-
low computational complexity. However, the intelligibility of
the synthesized speech remains a challenge due to the con-
straints imposed by the lightweight architecture. In future work,
we aim to enhance speech intelligibility by incorporating ad-
vanced modelling that can be deploymed on edge devices.
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