IMPROVING LIP-SYNCHRONY IN DIRECT
AUDIO-VISUAL SPEECH-TO-SPEECH TRANSLATION

Lucas Goncalves, Prashant Mathur*, Xing Niu*, Brady Houston, Chandrashekhar Lavania,
Srikanth Vishnubhotla, Lijia Sunt, Anthony Ferritto*

Amazon

ABSTRACT

Audio-Visual Speech-to-Speech Translation (AVS2S) typically
prioritizes improving translation quality and naturalness. How-
ever, an equally critical aspect in audio-visual content is lip-
synchrony—ensuring that the movements of the lips match the
spoken content—essential for maintaining realism in dubbed videos.
Despite its importance, the inclusion of lip-synchrony constraints in
AVS2S models has been largely overlooked. This study addresses
this gap by integrating a lip-synchrony loss into the training process
of AVS2S models. Our proposed method significantly enhances
lip-synchrony in direct audio-visual speech-to-speech translation,
achieving an average LSE-D score of 10.67, representing a 9.2%
reduction in LSE-D over a strong baseline across four language
pairs. Additionally, it maintains the naturalness and high quality of
the translated speech when overlaid onto the original video, without
any degradation in translation quality.

Index Terms— Audio-visual speech translation, Lip synchrony,
Automatic translation systems

1. INTRODUCTION

Traditionally, research has emphasized the importance of lip syn-
chrony — the alignment of translated audio with the visible mouth
movements of the original actors—as a key factor in maintaining the
quality and realism of dubbed content [1} 2, 13]. However, improving
lip synchrony should not compromise translation quality and natural-
ness [4}15]. Simply achieving a trade-off between lip synchrony and
translation quality may not significantly enhance the overall user ex-
perience. In this study, we aim to improve lip-synchrony in dubbed
videos while ensuring that translated speech is natural and of high
quality when overlaid on original videos, addressing the trade-off.
Recent advancements in audio-visual speech translation [6]] have
focused on generating translated audio-visual outputs from audio-
visual inputs. These approaches typically generate visuals by mod-
ifying lips to match the audio [7]] which can generate artifacts and
lead to two main problems 1) generation of deepfake (8] which raises
ethical concern [9] 2) generation of deepfake videos without safe-
guarding people’s identities and personalities ('likeness’) from being
digitally recreated without their consent [10]. Modifying a speaker’s
lip movements in automatic translations could violate these con-
cerns, potentially infringing on their image rights [11} [12]]. More-
over, generating high-quality video outputs in audio-visual speech
translation currently poses significant challenges. State-of-the-art
video generation models often produce artifacts, such as issues with
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teeth appearance [13], which can distract viewers and negatively af-
fect the overall viewing experience. In this work, we sidestep the
problem of modifying videos and our project solely focuses on im-
proving speech translation while maintaining the original visual con-
tent. This approach avoid introducing any visual artifacts and main-
tain the integrity of the original video.

While early works incorporated visual information to improve
translation quality of speech to speech translation models, none have
actively worked maintaining lip synchrony in the generated target
speech and original video [14} [15]. Current works like [6] do not
explicitly utilize lip-synchrony as a constraint in model training, and
the synchrony evaluations are performed only on the outputs where
both audio-visual are generated. In this work, we explore the idea of
leveraging visual inputs to enhance lip synchrony between generated
speech in target language and original video, at the same time, side-
stepping generation of visuals along with the speech. Our contribu-
tion focuses on integrating a lip-synchrony loss into training process
of audio-visual (AV) speech translation models. As discussed in [3]],
dubbers typically violate lip-sync in order to achieve better transla-
tion quality and naturalness in speech, so we explore ways to im-
prove lip-synchrony in the training process without compromising
on translation quality or naturalness of the translated speech.

2. RELATED WORK

Lip synchronization has emerged as a crucial research area with
wide-ranging applications, particularly in automatic dubbing for
translation [1]. Numerous studies have focused on improving syn-
chrony in dubbing through various approaches, such as isometric
translation, where translations are generated to match the length
of the source text [16]], and prosodic alignment, which seeks to
synchronize translated text with the source speech [17, [18]]. Addi-
tionally, joint training of translation and duration models has been
explored to enable a single model to learn both translation and phone
duration estimation [19][20]. While these methods effectively repli-
cate the prosody of the source speech (speech-pause structure), they
often overlook the critical aspect of lip synchronization in dubbing.

Prajwal et al. [21] introduced an approach to incorporate a lip-
sync discriminator, resulting in more accurate synchronization be-
tween arbitrary video and audio inputs. However, the aforemen-
tioned approaches suffer from issues such as mouth blurring and in-
consistent rendering of teeth. Other approaches, instead of directly
manipulating lip movements based on audio, Xie et al. [22] proposed
a two-stage framework. In the first stage, a generator is trained to
predict facial landmarks from the audio. In the second stage, these
predicted landmarks, combined with the target frame, are used to
generate the final output. However, this method has its limitations:
the generated reference landmarks are often inaccurate, and the ap-
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Fig. 1: AVS2S Framework Overview

proach may distort the actor’s identity, similar to the method pro-
posed by Choi et al. [6], where facial attributes are modified to match
the generated audio content. One issue with these techniques is that
there are ethical concerns about safeguarding individuals’ identities
and likenesses from being digitally recreated or modified without
consent [[10]. Unlike the previous approaches, we explore a research
area with two realistic constraints 1) where the original videos are
preserved 2) voice characteristics of original speakers are not mim-
icked.

3. METHODOLOGY

Our overall framework of Audio-Visual Speech-to-Speech Transla-
tion (AVS2S) system in depicted in Fig. [T]and is based off Choi et
al. [6]]. The framework consists of the following: visuals and speech
content from the original video are fed to an Audio-Visual (AV) En-
coder which processes lip region and speech content and convert
them into discrete unified audio-visual units. AV-Encoder used in
this work is a pre-trained multilingual AV-HuBERT [23]], presented
in the work of Choi et al.[6]]. Next, we have a translation module
which is a encoder-decoder network that translates source language
AV unit to target language AV unit based on the work of Kim et
al.[24]). Lastly, the vocoder is based on unit-based HiFiGAN frame-
work [25 26]. Essentially, we remove the visual generation com-
ponent from the AV Renderer [6]] and overlay the generated target
language speech on the original video.

In Choi et al.[6], AV Renderer component generates both speech
and visuals at the same time as they take the AV unit as input and feed
it to vocoder and wav2lip [[7] modules, which results in an inherent
lip-synchrony as both modules are utilizing same AV unit as input.
In our case, since we are not synthesizing face and instead overlaying
the generated speech on original video, the same lip-synchrony ele-
ment is lost. In this work, we aim to enhance lip-synchrony between
the translated output audio stream of an input video (with faces) from
one language to another using an AVS2S framework. The following
section provides details about the AVS2S framework which adds two
specific losses for lip-synchronization.

3.1. Duration Predictor

Since the unit-to-unit translation framework takes input as source AV
units and outputs target AV units, a duration predictor is typically
employed before the vocoder which pre-processes the units needed
to generate the target speech content. This predictor estimates the
duration of each speech unit and adjusts them accordingly based on
the desired target duration 26,124} |6]. This is done via a “length pre-
dictor” in AV2AV work, however, this model does not take into ac-
count duration of source language speech. In our initial experiments,
we saw AV2AV model generating videos shorter than source and this

Set #Videos | Total Duration
Trainval 4,004 30 hr
Test 412 51 min

Avg Duration
3.42 sec
2.32 sec

Table 1: LRS3 dataset statistics.

problem can be attributed to length predictor not using source speech
duration. In our work, since the output acoustic stream must be syn-
chronized with the source video, we use a standard duration loss,
computed between the source audio and the generated target speech,
as defined in Eq.

N
1 2
Lauw = ~ ; (log d? — log d;) ¢))

where N is the total number of speech units in the sequence, d is the
target duration, and d” is the predicted duration.

In addition to duration loss, we also employ a synchronization
loss, computed using the SyncNet model [27] as our AV sync expert.
Similar to the approach used in Wav2Lip [7], the synchronization
loss is defined as shown in Eq. 2}

N
Lsyne = % Z log (SyncNeti(AV)) 2)
i=1

where SyncNet'(AV) represents the synchronization score for the
i-th AV pair (source video and generated audio).

The overall loss used to fine-tune the duration predictor depicted
on the orange block in Fig. [T]is then formulated as:

»Clotal = »Csync + A Acdur (3)

4. EXPERIMENTAL SETTINGS

4.1. Dataset

We leverage LRS3 [28] which is a large-scale video data consisting
of thousands of spoken sentences collected from TED talks. The
dataset statistics are provided in Table[I} Importantly, there is no
overlap between the videos used in the test set and those used in the
Trainval sets. In our experiments, we use the Trainval set to fine-tune
the duration predictor, and perform evaluation on the test set.

4.2. Evaluation Metrics

We evaluate our system using several key metrics to ensure high-
quality audio-visual lip-synchronization, accurate speech translation
and audio quality (naturalness). The LSE-C (Lip Sync Error - Confi-
dence) [7] metric measures the average confidence score, indicating
the correlation between audio and video, with higher scores reflect-
ing better AV synchronization. The LSE-D (Lip Sync Error - Dis-
tance) [7] metric calculates the distance between lip and audio rep-
resentations, where lower scores signify better lip-synchronization.
The Perceptual Evaluation of Speech Quality (PESQ) is an industry-
standard metric for assessing audio quality, evaluating factors such
as audio sharpness, call volume, background noise, clipping, and
interference, with scores ranging from -0.5 to 4.5, where higher
scores indicate better quality. This metric is essentially our proxy to
measuring naturalness of speech. BLASER 2.0 [29] is a reference-
free metric that evaluates end-to-end speech-to-speech translation by
leveraging a multilingual multimodal encoder. It computes scores
based on the similarity of input and output speech embeddings,



En-Es En-Pt En-It En-Fr
Source || Synthetic | AV2AV | Ours Synthetic | AV2AV | Ours Synthetic | AV2AV | Ours Synthetic | AV2AV | Ours
LSE-C 1 7.63 2.22 2.13 2.45% 2.27 1.15 3.43* 2.24 2.23 2.97* 2.08 2.23 2.46
LSE-D | 6.88 12.08 11.6 10.68* 12.12 12 10.12% 11.92 11.67 | 10.89* 11.97 11.74 | 10.98*

Table 2: Lip-synchrony evaluations of our proposed method (Ours) against baseline models (Synthetic and AV2AV-Speech) across four
language pairs (English to Spanish (Es), Portuguese (Pt), Italian (It) and French (Fr).

which correlate well with human judgment. Finally, ASR-BLEU
is a metric that measures BLEU score [30)] (translation quality) by
comparing ASR outputs of generated speech to translations from
Amazon Translate

4.3. Implementation Details

For visual feature pre-processing, we follow a similar approach to
previous works by cropping the mouth region using a face detec-
tor and a facial landmark detector [6} 23]]. The audio is sampled at
16kHz. In training, as shown in Fig. |I} we extract units for both
inputs and targets using the frozen AV-Encoder, which can accept
either audio-visual or audio/video-only inputs.

We fine-tune the duration predictor, as depicted in Fig. [T] within
the orange box. At this stage, the unit-to-unit decoder is frozen, and
the duration predictor is trained using the loss function from Eq. 3
with A set to 10. The model is fine-tuned from the pretrained weights
from [6]], and we fine-tune duration predictor module for 200K iter-
ations. To ensure accurate synchrony evaluation, the vocoder gener-
ates the entire audio output at each step. We process one sample at
a time and accumulate the gradient to reach a batch size of 32. The
model is optimized using AdamW [31]] with a learning rate of 2E-4.

5. EXPERIMENTAL RESULTS

5.1. Baselines

We use the latest work of AV2AV [6] as a strong baseline for this
work. This is the only open-source AV translation model that has
research permissive license. In our experiments with AV2AV, we
did not evaluate their full audio-visual outputs. Instead, we use the
generated speech by AV renderer and overlay it on the original video,
similar to our approach. This was done to ensure fairness to our
approach and to avoid making any facial modifications to the original
videos. We call this system as AV2AV-Speech.

As another baseline (Synthetic), we leveraged machine trans-
lations via Amazon Translate and generated speech via Amazon
Pollyﬂ overlayed it on the original video to generate dubbed video.
We make sure that the speech generated by Polly is of similar
duration as that of source via Speech Markers feature in Polly.

5.2. Results

The results presented in Table [2| provide lip-synchrony scores of
our proposed method (Ours) against two baseline approaches across
multiple language pairs (English to Spanish, Portuguese, Italian, and
French). The “Source” column contains LSE-C and LSE-D scores
for the original video which serves as a reference point for the best
achievable lip-synchrony alignment (i.e. upper bound) between the
generated speech and the original video.

https://aws.amazon.com/translate/
Zhttps://aws.amazon.com/polly/

Language | System | PESQ | BLASER | ASR-BLEU
En-Es AV2AV | 1.047 0.798 35.13
Ours 1.051 0.797 35.18
En-Pt AV2AV | 1.043 0.709 28.17
Ours 1.050 0.708 28.53
En-It AV2AV | 1.037 0.732 2542
Ours 1.052 0.732 25.71
En-Fr AV2AV | 1.041 0.767 21.34
Ours 1.044 0.764 21.34

Table 3: Speech naturalness and translation quality evaluations of
our proposed method (Ours) against AV2AV-Speech baseline across
four language pairs (English to Spanish (Es), Portuguese (Pt), Italian
(It) and French (Fr).

From the results in Table2] we see that the Synthetic generation
of speech, when overlaid on original video, results in the worst align-
ment. This outcome is anticipated, as the synthetic speech is gener-
ated using off the shelf text-to-speech (TTS) technology, which lacks
an inherent understanding of temporal information across modali-
ties. While the lip-sync scores of AV2ZAV model are close to ground
truth as shown in [[6]], the results for the same model differs in ours
as we only leverage speech generated via AV2AV-Speech and skip
the face synthesis. Consequently, this approach face the same prob-
lem as Synthetic as there is no notion of lip-synchrony between the
synthesized speech and original video thus resulting in sub-optimal
alignment. This underscores the importance of introducing syn-
chrony constraints in the training process.

Our approach fine-tunes the duration predictor by adding the lip-
synchrony and duration losses as described in Section[3.1] Ours sig-
nificantly outperform both Synthetic and AV2AV-Speech approaches
in terms of lip-synchrony scores (p-value < 0.05). This indicates that
our methods are effective in enhancing the lip-synchrony of trans-
lated speech with the original video content.

While the motivation of our work is to improve lip-synchrony,
it should not come at the cost of degraded naturalness in speech
or translation quality [S]. Table [3| collects results for speech qual-
ity as measured by PESQ and translation quality as measured by
BLASER-2.0 (reference-free metric) and ASR-BLEU (reference-
based metric). We do not observe any degradation across four
language pairs in either naturalness or translation quality.

6. ABLATIONS

6.1. Duration Prediction

This ablation study assesses the impact of lip-sync loss (LS loss),
duration loss (D. loss), and model initialization on lip-sync perfor-
mance for English to Spanish translation, measured using LSE-C
(higher is better) and LSE-D (lower is better). As shown in Table 4]
our model (LS+D FT), which incorporates both lip-sync and dura-


https://aws.amazon.com/translate/
https://aws.amazon.com/polly/

System LSloss | D.loss | From Scratch? | LSE-C | LSE-D LSE-D (1) | LSE-C ({) | BLASER | ASR-BLEU
LS+D FT X 545 10.68 Ours 10.68 245 0.797 35.18
LS+D 196 11.03 Ours + Updated TM | 10.18 291 0.766 32.18
LSFT X X 1.76 11.70

Table 4: Ablation study to understand the affect of lip-sync loss (LS
loss), duration loss (D. loss) and initializing the model from pre-
trained checkpoint for English to Spanish language direction.

Prompt

| want to translate dialogues. Make sure the visemes of the source
sentence matches the visemes of target translations. Please
generate 3 paraphrases for the following sentence in {language}:
"{sentence}" and make sure these dialogues can be spoken in
similar duration as that of source. Try to make paraphrases similar
length or shorter than the original sentence.

Fig. 2: Prompt for generating paraphrases using Claude 3.0 Sonnet.

tion loss and is fine-tuned with parameters initialized from AV2AV
pre-trained checkpoint, achieves the best performance with the high-
est LSE-C (2.45) and lowest LSE-D (10.68). LS+D model, which is
randomly initialized achieves worse results in comparison to ours
(LSE-C: 1.96, LSE-D: 11.03). LS FT model which is fine-tuned
only with lip-sync loss without duration loss performs the worst with
LSE-C of 1.76 and LSE-D of 11.70. These results indicate that com-
bining both losses and leveraging pre-trained models significantly
enhances lip-sync quality in translation tasks.

6.2. Unit-to-Unit Translation with Paraphrasings

We sought to determine whether improved lip-synchrony could be
achieved by using a unit-to-unit translation model that generates
variations aligned with the original video. Training such a model
requires a parallel corpus of translated speech. However, existing
datasets, like LRS3, lack parallel source sentences with multiple tar-
get translations. To address this, we created multiple translation op-
tions from English (the source language) into our target languages
(Spanish, Portuguese, Italian, and French). For each English sam-
ple, we first generated a target translation using Amazon Translate,
which was then refined using a large language model (Claude 3.0
Sonnet) with a specific prompt in Figure 2] Finally, these transla-
tions were converted into speech using Amazon Polly.

We leveraged the pre-trained AV2AV encoder-decoder model [6]]
specifically designed for unit-to-unit translation and fine-tuned it on
the (spoken) paraphrased translations. During the fine-tuning pro-
cess, we ensure that each batch is organized such that four targets (3
paraphrases + 1 original) corresponding to a source input are con-
tained within the same batch. The unit-encoder receives a source
language token (L), which indicates the language to be compre-
hended, along with the source AV speech units us = {ul}’=,,
where T represents the number of units. The unit-decoder then
takes a target language token (L), which determines the output lan-
guage, and uses its previous predictions to autoregressively predict
the next AV speech unit in the target language.

Although this new training approach of unit-to-unit transla-
tion model with paraphrases achieve better lip-synchrony scores
over our strong system (Table [3), this comes at a cost to transla-
tion quality which violates our initial motivation of “not trading
off lip-synchrony improvements over speech translation quality and
naturalness”. We hypothesize that the drop in translation quality is
due to LRS3 containing many short sentences (c.f. avg. duration per
video in Table[I). While generating paraphrases, LLM changes the

Table 5: Ablation study with the updated translation model (Ours
+ Updated TM) on translation variations. These results are on
the English-Spanish language pair, but we observed similar trends
across all four language pairs.

System LSE-D 1 LSE-C |
Ours + Updated TM 10.18 291
Length Match 10.35 2.66
Original Translation 10.67 2.60

Table 6: Comparison of Ours+Updated TM with length matching
and original translation approaches for the English-Spanish setting.

meaning of the sentence for e.g. “And that’s powerful” is translated
as “Y eso es poderoso.” (And that is powerful.) and paraphrased as
“Es muy fuerte.” (It is very strong.) which is not a direct translation
of source.

To determine whether fine-tuning on translations that closely
match the original speech length improves lip-synchrony, we se-
lected the best length-matched paraphrase based on audio-visual
(AV) units based on the principle of isometric translations producing
better dubbing quality [[16]. Instead of training on four target trans-
lations, we trained the model using only this selected paraphrase.
Surprisingly, the results worsened compared to our Ours+Updated
TM approach, as shown by the Length Match results in Table [6]
(LSE-D: 10.18 vs. 10.35). Additionally, when we used speech
generated via text-to-speech (TTS) from the original translation
(i.e., translation from Amazon Translate), we observed a significant
degradation in LSE* metrics compared to Ours+Updated TM —
specifically, LSE-D: 10.18 vs. 10.67.

7. CONCLUSIONS

This study focuses on generating speech that aligns seamlessly with
the original video, avoiding the need for facial synthesis and en-
suring high-quality dubbing. Our AVS2S framework incorporates
lip-synchrony and duration loss to enhance the alignment between
speech and lip movements in audio-visual translation models. By
concentrating solely on improving lip-synchrony without altering fa-
cial features, our approach demonstrates significant improvements.
While our approach is effective, further research is required to refine
paraphrase generation, explore viseme variations across languages,
and extend evaluations. We also aim to explore longer speeches, al-
lowing for more nuanced paraphrasing that closely mirrors the orig-
inal sentences.
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