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1 Introduction
1.1 Background and Motivation

The recent growth of multimedia platforms requires ad-
vances in cross-lingual communication technologies, driven
by the increasing demand for seamless interaction in online
meetings, global content dissemination, and virtual educa-
tion [Cheng et al., 2024; Choi et al., 2024]. Audio-only
Speech-to-Speech Translation (S2ST) systems have demon-
strated significant progress, particularly with end-to-end
models [Di Gangi et al., 2019; Inaguma et al., 2019] and
techniques like pseudo-labeling to address data limitations
[Dong et al., 2022]. Nevertheless, they exhibit performance
degradation in noisy acoustic environments [Huang et al.,
2023; Han et al., 2024]. Furthermore, audio-only modal-
ities do not convey the full communicative context present
in visual speech cues, such as lip articulation, which is cru-
cial for perceptual realism and intelligibility, in particular
when audio is compromised [Choi et al., 2024; Goncalves
et al., 2025]. Audio-Visual Speech-to-Speech Translation
(AV-S2ST) addresses these limitations by integrating visual
information [Choi et al., 2024; Huang et al., 2023; Cheng
et al., 2023; Han et al., 2024], with the aim of improving
noise robustness [Huang et al., 2023; Han et al., 2024] and
providing a more concrete translation that includes synchro-
nized visual speech output [Choi et al., 2024; Cheng et al.,
2024; Goncalves et al., 2025]. This capability is crucial
for applications demanding high fidelity and realism [Choi
et al., 2024], including virtual conferencing, media dubbing
[Cheng et al., 2024], and accessibility tools.

1.2 Challenges in AV-S2ST

The development of effective AV-S2ST systems faces sig-
nificant obstacles. Conventional approaches often employ
cascaded systems that integrate Automatic Speech Recog-
nition (ASR), Neural Machine Translation (NMT), Text-to-
Speech (TTS), and Talking Face Generation (TFG) modules

[Choi et al., 2024; Cheng et al., 2024; Huang et al., 2023;
Goncalves et al., 2025]. However, these pipelines are sus-
ceptible to error propagation [Choi et al., 2024; Huang et al.,
2023; Cheng et al., 2024], increased latency [Choi et al.,
2024; Cheng et al., 2024], and inflexibility, particularly for
unwritten languages where intermediate textual representa-
tions are not available [Choi et al., 2024; Huang et al., 2023].

Consequently, the field is moving towards direct end-
to-end models. This paradigm shift, while promising, intro-
duces different research challenges.

1. Data Scarcity: Parallel audio-visual translation data
are considerably scarcer than their audio-only or text
counterparts [Choi et al., 2024; Huang et al., 2023; Han
et al., 2024], posing a major obstacle to training data-
intensive end-to-end models [Choi et al., 2024; Huang
et al., 2023; Cheng et al., 2024].

2. Lip-Synchrony: Achieving precise temporal alignment
between the translated audio and generated lip move-
ments (lip-synchrony) is key for tangible quality but
technically demanding and often requires dedicated
mechanisms for visual data processing.

3. Isometric Translation: Ensuring the duration of the
translated AV output matches the source target reference
is critical for applications like dubbing to avoid artifacts
from frame repetition or truncation. This requires effec-
tive duration modeling, often termed isometric transla-
tion.

4. Speaker Preservation: Maintaining the vocal timbre
and facial identity of the source speaker in the translated
output is often desirable for preserving authenticity.

5. Multilingual Generalization and Robustness: Devel-
oping models that perform robustly across many lan-
guage pairs, handle low-resource languages, and main-
tain accuracy under various noise conditions remains a
challenge.
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1.3 Context and Scope of the Review

Although the domain of direct audio-only Speech-to-Speech
Translation (S2ST) has been addressed in prior survey liter-
ature [Sarim et al., 2025; Gupta et al., 2024], the sub-field
of Audio-Visual S2ST (AV-S2ST) has undergone a distinct
and accelerated evolution. In around 3 years, referencing the
2022-2024 timeframe of the core papers, we have witnessed
rapid advancements in AV-S2ST, driven by new methodolo-
gies aimed at mitigating the preceding challenges. This con-
centrated progress necessitates a systematic literature review
to synthesize the current state of the art.

Key innovations include the adoption of self-supervised
learning (SSL) frameworks, notably AV-HuBERT and its
variants, for learning unified audio-visual representations,
and the utilization of discrete units for textless translation.
Other techniques such as cross-modal distillation, adapted
target forcing mechanisms for multimodal inputs, dedicated
lip-synchrony constraints, and bounded duration predictors
are actively being researched.

2 Background and Theoretical
Approaches

The advancement of AV-S2ST is built upon theoretical foun-
dations and model architectures originating from speech pro-
cessing, multimodal learning, and machine translation. This
section details the pivotal approaches referenced in the se-
lected literature, focusing on the shift towards direct trans-
lation and the enabling role of self-supervised learning and
discrete representations.

2.1 From Cascaded Pipelines to Direct
End-to-End Systems
Initial efforts in S2ST, and subsequently AV-S2ST, often
adopted cascaded architectures. These typically involve dis-
crete stages: ASR converts source speech to text, NMT trans-
lates the text, TTS synthesizes target language audio, and
potentially TFG creates visual speech [Choi et al., 2024;
Cheng et al., 2024; Goncalves et al., 2025]. While lever-
aging specialized modules, this approach introduces sig-
nificant latency due to sequential processing [Choi et al.,
2024; Cheng et al., 2024] and suffers from error propagation,
where errors in earlier stages (e.g., ASR) negatively impact
downstream modules [Choi ef al., 2024; Huang et al., 2023;
Cheng et al., 2024]. Furthermore, cascaded systems often
require textual representations, limiting their applicability to
languages without established writing systems [Choi et al.,
2024; Huang et al., 2023]. A comparison of these two archi-
tectures is illustrated in Figure 1.

To avoid these issues, the academy has increasingly ex-
plored direct end-to-end models [Choi ef al., 2024; Huang
etal.,2023; Cheng et al., 2024; Han et al., 2024; Dong et al.,
2022]. These models aim to map the source modality (au-
dio or audio-visual speech) directly to the target modality
(target language audio-visual speech) within a single, jointly
optimized neural network [Choi et al., 2024; Huang et al.,
2023]. Pioneer works like Translatotron demonstrated the
feasibility of direct S2ST [Dong et al., 2022], often em-
ploying multi-task learning strategies where auxiliary tasks
like ASR or ST guide the primary translation task. Mod-

Pereira et al. 2026

els like AV-TranSpeech [Huang et al., 2023] and AV2AV
[Choi et al., 2024] explicitly adopt this direct, multimodal
paradigm. While promising for reducing latency and poten-
tial errors [Choi et al., 2024; Cheng et al., 2024], direct mod-
els intensify the need for large parallel datasets [Huang et al.,
2023; Choi et al., 2024] and require sophisticated architec-
tures to handle the complex cross-modal and cross-lingual
mapping [Han et al., 2024; Di Gangi et al., 2019; Inaguma
etal.,2019].

2.2 Self-Supervised Learning for Speech
and Audio-Visual Representations

SSL has become a cornerstone for advancing speech pro-
cessing tasks, particularly in addressing data scarcity. These
models learn powerful representations from vast amounts of
unlabeled data, which can then be fine-tuned for downstream
tasks.

In the audio domain, models like HuBERT (Hidden
Unit BERT) have proven highly effective [Huang et al., 2023;
Cheng et al., 2024; Han et al., 2024; Choi et al., 2024].
HuBERT employs a masked prediction approach similar to
BERT for text [Huang et al., 2023; Han et al., 2024]. It
first generates target labels (discrete hidden units) for masked
audio segments using an offline clustering step (e.g., k-
means) on features like Mel-Frequency Cepstral Coefficients
(MFCCs) or learned representations from a previous itera-
tion [Han et al., 2024; Choi et al., 2024]. The model is then
trained to predict these discrete units for the masked portions
of the input audio sequence [Han et al., 2024]. This forces
the model to learn rich contextualized acoustic and linguis-
tic representations. Wav2vec 2.0 is another influential SSL
model, often using a contrastive loss objective on masked
segments [Huang et al., 2023; Dong et al., 2022]. Pre-trained
SSL encoders like these are frequently used as powerful fea-
ture extractors in direct S2ST and AV-S2ST systems [Huang
et al., 2023; Dong et al., 2022].

Extending SSL to the multimodal domain, AV-
HuBERT adapts the HuBERT pre-training objective for syn-
chronized audio and visual (lip movement) inputs [Huang
et al.,2023; Han et al., 2024; Cheng et al., 2023; Choi et al.,
2024]. AV-HuBERT typically uses separate front-end net-
works (e.g., CNNs for audio, ResNets for visual) to extract
features, fuses them (e.g., element-wise addition or concate-
nation), and feeds the result into a Transformer backbone
[Huang er al., 2023; Han et al., 2024; Choi et al., 2024].
In summary, it applies masking independently to both audio
and visual streams and predicts shared, discrete units derived
from audio features or iteratively refined multimodal features
[Han et al., 2024; Choi et al., 2024]. To encourage true mul-
timodal learning and prevent over-reliance on one modality,
modality dropout is often employed during pre-training, ran-
domly masking out entire streams [Choi et al., 2024]. The
goal is to learn unified audio-visual representations that are
robust and informative regardless of whether the input is
audio-only, visual-only, or both [Choi ez al., 2024]. XLAVS-
R [Han et al., 2024] explicitly builds upon an audio-only SSL
model (XLS-R) and injects visual modality during continued
AV pre-training using an AV-HuBERT-like objective. The
core mechanisms of both HuBERT and AV-HuBERT are de-
picted in Figure 2.
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Input Primary Pre-trainin; Typical Use Case
Model Name Modalli)ty(ies) O}l;jective ¢ in }l,{peviewed Papers
HuBERT Cheng et al. Audio Masked Prediction (predict- - Generating discrete units for
[2023]; Huang et al. ing clustered hidden units) target speech (textless approach)
[2023]; Choi et al. - Base model for extensions
[2024]; Han et al. (e.g., AV-HUBERT)
[2024]; Cheng et al.
[2024]
Wav2Vec 2.0 Huang Audio Contrastive Prediction (over - Pre-trained audio encoder for
et al. [2023]; Dong masked features or quan- S2ST models (often as
et al. [2022] tized units) baseline or component)
AV-HuBERT Choi  Audio-Visual Masked Prediction (pre- - Learning unified AV
et al. [2024]; Huang dicting shared units, often representations
et al. [2023]; Han et al. audio-derived or iteratively - Foundation for AV-S2ST &
[2024]; Cheng et al. refined) Audio-Visual Speech Recognition
[2023] (AVSR)
- Modality-agnostic feature
extraction
Audio . . -
XLS-R Han et al (Multilingual) Contrastive / Quantized - Large-scale multilingual
[2024] Prediction  (similar to audio pre-training
Wav2Vec 2.0) - Base model for XLAVS-R

audio-visual adaptation

Table 1. Summary of Key SSL Models Referenced in Reviewed Papers

2.3 Discrete Units as Intermediate
Representation

A key technique enabled by SSL models like HuBERT and
AV-HuBERT is the use of discrete units [Choi et al., 2024,
Cheng et al., 2023; Huang et al., 2023; Han et al., 2024]. By
applying a quantization method (typically k-means cluster-
ing) [Choi et al., 2024; Han et al., 2024] to the learned rep-
resentations (e.g., from an intermediate Transformer layer),
the continuous speech signal can be mapped to a sequence of
discrete tokens, similar to words or subwords in text. These
discrete units serve as effective intermediate targets for text-
less speech processing tasks [Choi et al., 2024; Huang et al.,
2023; Cheng et al., 2024]. In the context of S2ST/AV-S2ST,
the translation model learns to map source speech features
(or units) to target language discrete units [Choi et al., 2024;
Cheng et al., 2024; Huang et al., 2023]. A separate unit-
based vocoder (or AV synthesizer) then converts these target
units back into the target waveform and visual speech [Choi
etal.,2024; Cheng et al., 2024; Huang et al., 2023]. This ap-
proach avoids direct regression onto complex spectrograms
or waveforms, potentially simplifying the learning task [Choi
etal.,2024; Cheng et al., 2024], and crucially, it allows lever-
aging large audio-only parallel data (like A2A datasets) for
training AV-S2ST systems by extracting units from the au-
dio stream while utilizing the modality-agnostic properties
of models like AV-HuBERT [Choi et al., 2024]. Models
like TransFace [Cheng et al., 2024] and AV2AV [Choi et al.,
2024] are explicitly built upon this unit-based translation ar-
chitecture. A comparison between the main SSL models
and their input modalities is shown in Table 1, discriminat-
ing their primary pre-training objectives and what they are
mainly used for within the reviewed literature.

3 SLR - Methodology

This systematic literature review was conducted following a
defined protocol based on established guidelines for system-
atic literature reviews [Kitchenham and Charters, 2007]. The
methodology ensured a structured and reproducible approach
for identifying, evaluating, and synthesizing research focused
on end-to-end multilingual Audio-Visual Speech-to-Speech
Translation (AV-S2ST) systems. To facilitate the manage-
ment of this complex process, enhance transparency, and en-
sure adherence to the protocol, the web-based tool Parsifal!
was utilized throughout the review stages. The use of dedi-
cated tools like Parsifal is recommended in SLR methodolo-
gies to support tasks such as study screening, data extraction,
and quality assessment, thereby reducing manual burden and
potential bias [Shintaku et al., 2016; Felizardo et al., 2012;
Marshall and Brereton, 2015]. This structured tool support
is particularly beneficial for reviews assessing complex ar-
chitectures and generalization across studies [Inaguma et al.,
2019]. The article selection criteria and steps are shown in
Figure 3.

3.1 Scope Definition and Research
Questions

The review’s scope was centered on recent advancements in

direct AV-S2ST. The primary research question guiding this

review was:

SLRQI1: How can multilingual audio-visual speech-
to-speech translation (AV-S2ST) models effectively integrate
audio-visual modalities to improve translation accuracy and
robustness across multiple languages, while ensuring precise
lip synchronization, even considering the scarcity of datasets
and noisy environments?

I'See https://parsif.al/ for more information on Parsifal.
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(a) Typical Cascaded AV-S2ST Pipeline

Source AV Input

(b) Direct End-To-End AV-S2ST Pipeline
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( ) Generated Video
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Figure 1. Comparison of AV-S2ST Architectures

Secondary questions addressed techniques for handling
data scarcity and noise, and the specific evaluation metrics
suitable for AV-S2ST:

SLRQ2: Which techniques improve the translation of
AV-S2ST models given of a lack of large-scale multilingual
audiovisual datasets, including noisy environments, and how
does visual information contribute to robustness?

SLRQ3: Which metrics are used to evaluate AV-S2ST
models, and how do they balance translation accuracy
(BLEU) with audiovisual synchronization (LSE-D, MOS)?

Parsifal was used to document these questions and the
associated PICOC (Population, Intervention, Comparison,
Outcome, and Context) framework elements during the plan-
ning phase.

3.2 Study Selection Criteria

The selection of literature was governed by the following spe-
cific inclusion criteria:

L1. Does the article analyze how visual information
contributes to the intelligibility and perceptual quality of
the translated speech?

I.2. Does the article propose new methods or improvements
for end-to-end AV-S2ST models?

I.3. Does the article address specific challenges in translat-
ing multiple languages, such as cross-lingual interference
or zero-shot learning?

I.4. Does the article address data limitations and test
methodologies to improve performance in low-resource
scenarios?

L.5. Does the article investigate how different audiovisual
fusion strategies affect translation accuracy and natural-
ness?

L.6. Does the article propose or evaluate new metrics to bal-
ance translation fidelity and audiovisual synchronization?

The following exclusion criteria were also applied con-
sistently during the screening phases within the tool:

E.1. Does the article emphasize only one language or not
discuss strategies for multilingual translation?

E.2. Does the article focus on speech translation but
without considering audiovisual integration?

E.3. Does the article ignore important perceptual aspects,
such as the realism of lip synchronization or combined
audiovisual quality?

E.4. Does the article not test methods that can be gener-
alized to AV-S2ST models or not discuss implications for
practical cases?

E.5. Does the article deal only with speech recognition
or synthesis, without addressing translation between
languages?

E.6. Does the article use standard translation or synthesis
metrics without adapting the evaluation for an audiovisual
context?

3.3 Search Strategy and Selection
Process

The literature search utilized major scientific databases
(ACM Digital Library, Elsevier ScienceDirect, [IEEE Xplore)
and ArXiv, for more recent articles, as presented in Table 2.
Search results were imported into Parsifal for screening. The
search covered publications in English from 2019 to 2025.

To ensure comprehensive coverage of the relevant liter-
ature within the defined scope, a systematic search strategy
was implemented using a combination of primary keywords
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Figure 2. Core Mechanisms of HuBERT and AV-HuBERT
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Research Question
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Recommendations

Systematic Literature Review Methodology
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Analysis of Results

Systematic Search and
Initial Screening

Full Evaluation of
Selected Studies

Figure 3. Step-by-Step Approach to Articles Selection and Analysis

Sources URLs

ACM Digital Library ~ https://dl.acm.org/
Elsevier ScienceDirect
IEEE Xplore

ArXiv

https://www.sciencedirect.com/
https://ieeexplore.ieee.org/

https://arxiv.org/
Table 2. Database/Search Engines

and structured search strings derived from the research ques-
tions and core concepts of AV-S2ST, multilinguality, mul-
timodality, and specific technical challenges. Figure 4 out-
lines the principal keywords used in English, along with an
example of the Boolean search logic employed across the
targeted databases. The search string is sorted to the most
recently included, based on relevant articles selected. The
search strings were applied to the title, abstract, and keyword
fields of the publications within the selected databases.

An initial pool of 180 articles was selected. The selec-
tion made is represented in Figure 5, with the stages: Title
and abstract screening, reducing to 80; abstract and conclu-
sion review, reducing to 40; and full-text assessment, reduc-
ing to 20. The final set included six primary studies focusing
directly on AV-S2ST: [Choi et al., 2024], [Goncalves et al.,
2025], [Huang et al., 2023], [Cheng et al., 2023], [Cheng
etal., 2024], and [Han et al., 2024]. Additionally, three foun-
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Keywords

speech-to-speech translation, multimodal translation, audiovisual translation,
multilingual translation, lip synchronization, seli-supervised learning, end-to-end
translation, audiovisual speech recognition, neural franslation models, multimodal
representation, noise robustness, translation metrics, muliimodal benchmark,
discrete speech units, real-time translation.

Search String

("speech-to-speech translation” OR "S25T" OR "speech franslation”)
AND
("end-to-end” OR. "direct” OR "unit-based” OR "seli-supervised" OR "cross-modal”
OR "transformer”)
AND
("audio-visual” OR. "multimodal” OR "lip-synchrony” OR "lip-sync” OR "visual
speech” OR "talking head”)
AND

("multilingual” OR "cross-lingual”’ OR "zero-shot" OR "low-resource language”)
AND

("BLEU" OR. "word error rate” OR "WER" OR "LSE-D" OR "LSE-C" OR. "MOS" OR
"synchronization™)

Figure 4. Keywords And Search String

dational audio-only S2ST studies were included to provide
essential context on direct translation paradigms, multilin-
gual strategies, and data augmentation techniques that influ-
enced the AV-S2ST field: Di Gangi et al. [2019], Inaguma
et al. [2019], Dong et al. [2022].

3.4 Data Extraction and Synthesis

A predefined data extraction form guided the systematic
collection of information from the nine selected studies.
Extracted data included model architectural techniques,
datasets, metrics, results, challenges, and limitations. The
extracted data facilitated a qualitative synthesis using the-
matic analysis to compare approaches, identify trends, and
consolidate findings related to the research questions, as pre-
sented in Section 4.

4 Results and Analysis

This section synthesizes the primary findings from the sys-
tematic review of the nine final selected articles. The primary
studies selected for this review are summarized in Table 3,
which outlines their core contributions.

The results highlight key architectural trends, represen-
tation learning strategies, methods for addressing core chal-
lenges such as data scarcity, synchronization, and noise ro-
bustness, and the performance evaluation landscape within
the reviewed literature.

Analysis of the selected studies reveals convergence to-
wards specific techniques and architectural choices for direct
AV-S2ST. We can have a clearer look at the objectives of each
model and its accepted inputs and processed outputs in Ta-
ble 4.

4.1 End-to-End Frameworks and
Unit-Based Translation

The reviewed literature strongly favors end-to-end sequence-
to-sequence architectures, moving away from traditional cas-
caded systems. These models often utilize Transformer or
Conformer backbones [Di Gangi et al., 2019; Huang et al.,
2023; Dong et al., 2022]. A central technique enabling text-
less translation is the use of discrete units derived from SSL
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models, primarily HuBERT or its multilingual variants like
mHuBERT [Huang et al., 2023; Cheng et al., 2024; Choi
et al., 2024]. These units serve as intermediate targets, sim-
plifying the translation process. For instance, AV2AV [Choi
et al.,2024] employs a unit-to-unit translation framework op-
erating on units from a pre-trained mAV-HuBERT. Similarly,
TransFace [Cheng et al., 2024] uses mHuBERT units to feed
its parallel audio-visual synthesizer (Unit2Lip). This unit-
based paradigm is foundational to several of the state-of-the-
art direct models reviewed [Choi et al., 2024; Cheng et al.,
2024; Huang et al., 2023].

4.2 Multimodal Fusion and
Representation Learning

Integrating audio and visual streams effectively is the key
technique for cutting-edge models. The principles of AV-
HuBERT, focusing on masked prediction over fused modal-
ities, are also mostly influential [Huang et al., 2023; Cheng
et al., 2023; Han et al., 2024; Choi et al., 2024]. Key strate-
gies identified include:

e Unified AV Representations: Learning modality-
agnostic features, often through pre-training with
modality dropout, allows models like AV2AV [Choi
et al.,2024] to be trained using audio-only derived units
but perform inference with AV inputs.

* Cross-Modal Learning & Distillation: Techniques
like stream mixup [Cheng et al., 2023] interpolate
AV features to bridge the modality gap, while AV-
TranSpeech [Huang et al., 2023] uses cross-modal dis-
tillation, transferring knowledge from audio-only S2ST
models to improve AV-S2ST performance, particularly
beneficial when AV data is scarce.

¢ Audio-Enhanced AV Pre-training: XLAVS-R [Han
et al., 2024] demonstrates the effectiveness of leverag-
ing massive audio-only multilingual SSL pre-training
(using XLS-R) before injecting visual components and
continuing with AV self-supervised learning.

The techniques and approaches taken for each model ana-
lyzed in this study are summarized in Table 5.

4.3 Multilingual Strategies
Addressing translation across multiple languages is basis
strategy for several studies:

¢ Large-Scale Cross-Lingual Models: XILAVS-R [Han
et al., 2024] explicitly targets cross-lingual AV repre-
sentation learning for over 100 languages, achieving
strong zero-shot transfer capabilities.

» Target Forcing Adaptations: For direct speech input,
simply prepending a language token is less effective
than in NMT. Di Gangi et al. [2019] explored modifica-
tions like merging learnable language embeddings with
the entire input feature sequence to provide stronger lan-
guage conditioning.

e Shared Architectures: Using shared encoders/de-
coders for multiple languages, as explored in early mul-
tilingual S2ST work [Di Gangi et al., 2019; Inaguma
et al., 2019], promotes knowledge transfer and can im-
prove performance on lower-resource language pairs,
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Model Objective Input Output
AV-TranSpeech Huang Robust Audio-Visual Speech-to-Speech Translation (AV-  Audio-Visual Audio
et al. [2023] S2ST) without intermediate text, focusing on noise robustness.
MixSpeech Cheng et al. Cross-modality self-learning (Audio — Visual) for Visual Audio & Visual &  Text
[2023] Speech Translation (V2T) and Recognition (VSR). Audio-Visual
XLAVS-R Han et al. Cross-lingual AV speech representation learning for noise-  Audio-Visual Text
[2024] robust AVSR and AVS2TT in multiple languages (>100).
AV2AV Choi et al. [2024] Direct Audio-Visual Speech to Audio-Visual Speech Transla-  Audio-Visual Audio-Visual
tion (AV2AV) with unified representation.
TransFace (Unit2Lip)  Direct Talking Head Translation (AV-S2ST) using discrete  Audio &  Audio-  Audio-Visual
Cheng et al. [2024] units and parallel AV synthesis for speed and isochrony. Visual
Lip-Sync Loss Integration = Improving lip-synchrony in Direct Audio-Visual Speech-to-  Audio-Visual Audio
Goncalves et al. [2025] Speech Translation (AVS2S) without degrading quality.
Table 4. Overview of Models and Objectives from the Articles
Model SSL Base Model / Uses Discrete Fusion Method / Multilingual
Approach Units? Modality Handling Approach
AV-TranSpeech Huang ez al. [2023] AV-HuBERT Yes Cross-Modal Distillation No (Focus: Bilingual)
(Features/Init) (from Audio-only S2ST)
MixSpeech Cheng et al. [2023] AV-HuBERT No Audio-Visual Stream Mixup  Yes
(Encoder Features) (Direct V2T/VSR)  with Curriculum Learning (Evaluated on
AVMuST-TED)
XLAVS-R Han et al. [2024] XLS-R (Audio-only) Yes Visual Modality Injection; Yes
followed by AV (Targets for Learned Audio Features; (>100 Languages;

AV2AV Choi et al. [2024]

TransFace Cheng et al. [2024]

Improving Lip-Synchrony Goncalves et al. [2025]

adaptation (AV-HuBERT
objective)

Pre-training)

mAV-HuBERT Yes
(Custom Multilingual

AV Pre-training)

HuBERT / mHuBERT Yes
(for Unit Generation)

N/A No

(Focus on Loss Integration)

Single-round AV training

Unified AV Representation
(Implicit Fusion in
mAV-HuBERT)

N/A (Focus on Unit-based
AV *Synthesis*)

Early Fusion
(Audio-Visual Concat))

Cross-lingual Repr.)

Yes
(Many-to-Many
Unit Translation)

No (Focus: Synthesis)

No (Focus: Sync)

Table 5. Summary of Architectural and Representation Learning Techniques
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Selection by relevance and
methodological accuracy

180 articles 80 articles 40 articles 20 articles 9 articles
Title and abstract Full-text
screening assessment

Figure 5. Articles Selection

though managing inter-language interference is a chal-
lenge [Inaguma et al., 2019].

4.4 Lip Synchrony and Duration Control
Achieving high perceptual quality in the generated audiovi-
sual output requires precise control over two critical tempo-
ral aspects: lip synchrony and translation duration . Ensuring
that the synthesized lip movements align perfectly with the
translated audio (lip-synchrony) and that the output video’s
length matches the source (isometric translation) is essen-
tial for realism. The reviewed literature presents several tar-
geted architectural and training strategies to address these
challenges directly.

* Explicit Lip-Sync Loss: To directly optimize visual
alignment, Goncalves et al. [2025] successfully inte-
grated a lip-synchrony loss function based on SyncNet
into the training loop, specifically targeting the duration
predictor module. This significantly reduced lip-sync
error (LSE-D by 9.2%) without compromising transla-
tion quality or audio naturalness.

e Isometric Translation: TransFace [Cheng et al.,
2024] addresses the need for output video duration to
match the input (critical for dubbing) by introducing
a Bounded Duration Predictor. This module normal-
izes predicted unit durations to precisely match a target
length, achieving 100% length compliance in their ex-
periments.

* Parallel Synthesis Architecture: Models generating
audio and video streams concurrently from a shared
representation (like the discrete units used by AV2AV
[Choi et al., 2024] and TransFace [Cheng et al., 2024])
inherently facilitate synchronization, contrasting with
cascaded approaches where timing mismatches can ac-
cumulate.

4.5 Data Scarcity

Handling data scarcity for AV models is a great obstacle to ef-
fective training, and studies have diverse approaches to over-
come these barriers. In the table below (Table 6) we can
quickly identify the main datasets used by each model (and
referred article) and key reported results.

e Pseudo-Labeling: Dong et al. [2022] provided a
systematic study demonstrating that large volumes of
pseudo-labeled data (generated via ASR->MT->TTS)
can significantly improve direct S2ST when used for
pre-training and specialized fine-tuning strategies like
mixed-tuning or prompt-tuning (yielding up to +11.6
BLEU).

* Leveraging Audio-Only Corpora: Multiple studies
effectively utilize abundant audio-only parallel data
(A2A) or SSL corpora. AV2AV [Choi et al., 2024]
trains its core unit translator using units derived solely
from audio inputs leveraging mAV-HuBERT’s modal-
ity robustness. XLAVS-R [Han et al., 2024] bases
its strong performance on extensive audio-only pre-
training before AV adaptation. AV-TranSpeech [Huang
et al., 2023] employs cross-modal distillation specif-
ically to transfer knowledge from audio-only trained
models.

4.6 Noise Robustness
The integration of visual information is consistently shown
to improve robustness against acoustic noise.

* AV-TranSpeech: Huang et al. [2023] explicitly focuses
on robustness, demonstrating substantial BLEU score
improvements (e.g. +7 BLEU gain reported) compared
to audio-only systems under various noise levels (bab-
ble, music, speech) and SNRs.

* XLAVS-R: Han et al. [2024] highlights noise robust-
ness as a key outcome of its cross-lingual AV repre-
sentations, reporting significant WER reductions (up to
18.5%) and BLEU gains (up to 4.7) on noisy AV test
conditions within the MuAViC benchmark.

* MixSpeech: Cheng et al. [2023] reports enhanced ro-
bustness and BLEU score improvements (+1.4 to +4.2)
in noisy scenarios on the AVMuST-TED dataset.

5 Performance Evaluation Overview

The evaluation methodologies for AV-S2ST, as detailed in
Table 6, are inherently multifaceted, requiring a combination
of metrics to assess translation quality, audiovisual synchro-
nization, perceptual realism, and robustness. Translation per-
formance is predominantly measured using BLEU scores,
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where models like TransFace report scores as high as 61.93
on the LRS3-T dataset, and techniques like pseudo-labeling
demonstrate significant gains of over 11 BLEU points against
baselines.

Beyond translation accuracy, lip-synchrony is critically
evaluated using LSE-D and LSE-C, with targeted loss func-
tions showing marked improvements, such as a 9.2% reduc-
tion in distance error. The perceptual quality and realism of
the generated video are further quantified by Mean Opin-
ion Scores (MOS) and Fréchet Inception Distance (FID).
Furthermore, a significant focus is placed on noise robust-
ness, where audio-visual models consistently demonstrate
superiority over audio-only systems, with one study show-
ing a BLEU score of 23.9 versus 0.1 in a -10dB noise condi-
tion. This comprehensive evaluation approach underscores
the field’s focus not only on linguistic accuracy but also on
the critical audiovisual aspects that define the user experi-
ence.

5.1 Datasets

Commonly used corpora include LRS2/3 [Afouras et al.,
2018a,b], VoxCeleb2 [Chung et al., 2018], MuAViC [Anwar
et al., 2023], LRS3-T [Huang et al., 2023], AVMUST-TED
[Cheng et al., 2023], TedEn2Zh [Liu et al., 2019], CVSS-
C [Jia et al., 2022], alongside SSL corpora like AVSpeech
[Ephrat ez al., 2018], mTEDx [Salesky et al., 2021], and Vox-
Populi [Wang et al., 2021]. Noise data sets such as MUSAN
[Snyder et al., 2015] are frequently used for robustness tests.

5.2 Metrics

A combination of metrics is typically reported in the re-
searched papers:

e Translation Quality: ASR-BLEU [Papineni et al., 2002;
Post, 2018] is the standard metric, measuring quality by
comparing the ASR transcription of the translated audio
against reference text. Itis calculatedas BLEU = BP-
exp (ij:l wy, log pn>, where B P is a brevity penalty
and p,, is the modified n-gram precision.

* Audiovisual Synchronization: Lip-sync error is mea-
sured using LSE-D (Distance), the Euclidean distance
between audio and lip movement embeddings, and
LSE-C (Confidence) [Prajwal et al., 2020], the con-
fidence score from a pretrained lip-sync expert model.
For both metrics, lower values indicate better synchro-
nization.

¢ Quality: MOS for perceptual evaluation (naturalness,
image fidelity, overall quality).

* Isometry: Length Ratio (LR) and Length Compliance
(LC) [Cheng et al., 2024].

The combined use of these diverse metrics provides a
holistic evaluation of AV-S2ST systems, reflecting the multi-
faceted nature of the task. While ASR-BLEU remains the
standard for assessing linguistic accuracy, the widespread
adoption of specialized metrics such as LSE-D and LSE-
C for synchronization, MOS for perceptual quality, and LC
for isometry is particularly revealing. This comprehen-
sive evaluation framework demonstrates the field’s matu-
rity; progress is no longer measured by translation fidelity

Pereira et al. 2026

alone, but also by how well models address the specific multi-
modal challenges that define high-quality audio-visual trans-
lation. These results, therefore, underscore the significant ad-
vancements in direct AV-S2ST, driven by SSL and unit-based
methods that are increasingly validated against this full suite
of targeted metrics.

6 State of Art and Limitations

The analysis of the selected studies also several limitations
and challenges, which in turn suggest important directions
for future research. These limitations are brought together in
Table 7.

Some of the observed limitations revolves around data
availability and quality. The significant scarcity of large-
scale, parallel AV-S2ST corpora remains a major impedi-
ment, often compelling researchers to rely on audio-only
datasets combined with modality-agnostic representations
[Choi et al., 2024], synthesized data, or pseudo-labeling tech-
niques [Dong et al., 2022]. While strategies like leveraging
extensive audio-only pre-training [Han et al., 2024] or cross-
modal distillation [Huang et al., 2023] show promise, the per-
formance ceiling may still be constrained by the lack of gen-
uine parallel AV data. Furthermore, the AV data available for
pre-training covers fewer languages compared to audio-only
resources [Han et al., 2024; Choi et al., 2024], and the qual-
ity of data generated by external pipelines (ASR, MT, TTS)
for pseudo-labeling can introduce noise or bias [Dong et al.,
2022].

Evaluation methodologies also present challenges. The
prevalent use of ASR-BLEU for assessing translation qual-
ity is heavily dependent on the accuracy of the ASR sys-
tem, which can be unreliable for synthesized speech or under-
represented languages, potentially masking true translation
performance [Huang et al., 2023; Han et al., 2024; Cheng
et al., 2023]. Moreover, evaluation is frequently confined to
language pairs involving English (e.g., X-En, En-X), limiting
insights into performance across a wider linguistic spectrum
[Huang et al., 2023; Han et al., 2024; Di Gangi et al., 2019;
Inaguma et al., 2019].

Regarding modeling, scaling end-to-end multilingual
models to surround a vast number of languages effectively
while managing computational resources (GPU memory,
training time) remains a significant hurdle [Han et al., 2024;
Choi et al., 2024; Di Gangi et al., 2019; Inaguma et al., 2019].
Ensuring model robustness not just against controlled noise
types but also across diverse real-world acoustic and visual
conditions, different domains, and speaker variations neces-
sitates further research [Huang et al., 2023; Han et al., 2024;
Cheng et al., 2023].

In addition, critical aspects of output quality, specif-
ically synchrony and temporal consistency, present ongo-
ing challenges. While techniques like explicit sync losses
[Goncalves et al., 2025] and bounded duration predictors
[Cheng et al., 2024] address these directly, achieving a per-
fect balance between precise lip-synchrony, strict isometry
(duration matching), translation fidelity, and natural speech
prosody is complex [Goncalves et al., 2025; Cheng et al.,
2024]. The visual realism of generated faces, particularly
in zero-shot speaker scenarios, also warrants continued im-
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Article Title (Abbreviated) / Key Model

Main Datasets Used

Key Reported Results (Examples)

AV2AV: Direct Audio-Visual Speech to Audio-Visual
Speech Translation Choi et al. [2024]

AV-TranSpeech: Audio-Visual Robust Speech-to-Speech
Translation Huang ef al. [2023]

Improving Lip-Synchrony in Direct AV S2ST Goncalves
et al. [2025]

TransFace: Unit-Based Audio-Visual Speech Synthesizer
Cheng et al. [2024]

Leveraging Pseudo-labeled Data to Improve Direct S2ST
Dong et al. [2022]

XLAVS-R: Cross-Lingual AV Speech Representation
Learning Han et al. [2024]

MixSpeech: Cross-Modality Self-Learning Cheng et al.

LRS2/3, VoxCeleb2, mTEDx,

AVSpeech (for mAV-HuBERT pre-train);
VoxPopuli, nTEDx (for A2A train);
MuAViC, LRS3-T (for Fine-tune/Eval.)

LRS3-T (Eval.), CVSS-C (S2ST Train),
MUSAN (Noise)

LRS3 (Train/Eval.)

LRS2 (Unit2Lip Train), LRS3-T (Translation Eval.)

Fisher Spanish, TedEn2Zh (Primary);
MLS.Es, Giga-Sub (Secondary/PTL)

MuAViC (AV Pre-train/Fine-tune/Eval.);
~436K hrs Audio-Only (A Pre-train);
FLEURS (OOD Eval.); MUSAN (Noise)

AVMUST-TED (Proposed), LRS2, LRS3, CMLR

AV2AV (MuAViC X-En): 26.57 BLEU (Es-En),
31.27 BLEU (Fr-En);

AV2A (LRS3-T En-Es 200h): 50.9 BLEU;
AV-Renderer (LRS3): 7.91 LSE-C,

6.65 LSE-D, 3.18 FID

AV-S2ST (LRS3-T En-Es): 45.2 BLEU /
3.82 MOS (Clean);

Substantial improvement vs. A-only in noise
(e.g.,23.9 vs 0.1 BLEU at -10dB);
Low-Resource (10h AV + CoVoST):

+7.6 BLEU (avg.)

Avg. 4 pairs: 10.67 LSE-D (9.2% improvement),
2.72 LSE-C;
No degradation in PESQ, BLASER, ASR-BLEU.

Unit2Lip (LRS2): 7.19 LSE-C/ 7.34 LSE-D
(vs. original audio), 5.14 FID,

x4.35 speedup vs. U2S+Wav2Lip;
TransFace (LRS3-T): 61.93 BLEU (Es-En),
47.55 BLEU (Fr-En); Bounded: 100% LC

Fisher (Es-En): 43.6 BLEU (+11.6 vs baseline);
TedEn2Zh (En-Zh): 20.8 BLEU (+9.6 vs baseline);
MOS: +0.19 (Fisher), +0.61 (TedEn2Zh) with PTL.

AVSR (Avg. 9 lang., Noisy, AV): 37.3% WER
(XLAVS-R 2B), up to 18.5% WER impr. vs baseline;
AVS2TT (Avg. 6 X-En, Noisy, AV):

18.7 BLEU (XLAVS-R 2B), up to 4.7 BLEU impr.

V2T (AVMUST-TED): +1.4 to +4.2 BLEU (avg.);

[2023]

One-to-Many Multilingual End-to-End Speech Transla- MuST-C
tion Di Gangi et al. [2019]
Multilingual End-to-End Speech Translation Inaguma MuST-C

et al. [2019]

VSR (LRS2): 25.5% WER; VSR (LRS3): 28.0% WER;
VSR (CMLR): 11.1% WER.

SLT (MuST-C, M-Pre+ASR): Impr. > 1 BLEU
in NI, It, Pt vs baseline; Comparable perf. in
De, Es, Fr; Langdetect: >95% correct lang.

Comparable performance to cascade in high-resource
settings; Improved performance in low-resource settings.

Table 6. Comparison of Main Datasets Used and Key Reported Results (Examples) from Reviewed Studies

provement [Choi et al., 2024; Cheng et al., 2024].

These systems often depend heavily on the quality of the
underlying pre-trained SSL models [Choi et al., 2024; Huang
etal.,2023; Cheng et al., 2024; Han et al., 2024; Cheng et al.,
2023], and ethical considerations regarding facial data pri-
vacy and the potential for misuse (e.g., deepfakes) must be
continually addressed [Goncalves et al., 2025].

7 Future Research

The limitations outlined above naturally guide future re-
search efforts in the field. A critical need exists for the cre-
ation and expansion of diverse, large-scale parallel AV-S2ST
datasets, covering a wider range of domains and languages
(including low-resource ones such as specific variants of Por-
tuguese). Continued exploration of data augmentation, min-
ing techniques, and refinement of pseudo-labeling strategies
[Dong et al., 2022] will remain vital in the interim. Establish-
ing language-specific benchmarks, for example, for different
Portuguese accents under various noise conditions, would
also facilitate more targeted evaluation and development.

Further research is needed to refine synchronization
and duration control mechanisms. This includes developing
models that can dynamically balance isometry with natural
speech rhythm (addressing limitations of methods like those
in Cheng et al. [2024]) and enhancing lip-sync loss func-
tions or architectural components to work robustly across
speakers and languages without degrading translation qual-
ity [Goncalves et al., 2025]. Fine-tuning synchrony models

in specific accents is also a viable direction.

Improvements in modeling should focus on enhancing
multilingual scalability and efficiency (addressing challenges
noted by Han er al. [2024]; Di Gangi et al. [2019]; In-
aguma et al. [2019]), improving zero-shot cross-lingual per-
formance, and increasing robustness to real-world acoustic
and visual variability beyond benchmark noise conditions
[Huang et al., 2023; Han et al., 2024]. Investigating inno-
vative architectures that better leverage the complementary
nature of AV information is ongoing.

Developing more reliable evaluation metrics, particu-
larly automatic metrics for AV synchrony and perceptual
quality that are less dependent on ASR [Huang ez al., 2023;
Han et al., 2024], is essential to push progress. Enhancing the
visual realism of synthesized talking heads, especially pre-
serving speaker expressiveness in zero-shot scenarios [Choi
et al., 2024; Cheng et al., 2024], remains important. Lastly,
continuous attention must be paid to ethical considerations,
developing safeguards against misuse, and ensuring data pri-
vacy as these powerful generation technologies mature.

8 Discussion

This section revisits the secondary research questions posed
in Section 3.1 to provide direct answers based on the findings
synthesized from the selected literature. By consolidating the
results, we demonstrate how the systematic literature review
fulfilled its objectives in clarifying the state of the art in AV-
S2ST.
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Limitation Category Description of Limitation

Data

e Lack of large parallel datasets for AV2AV or AV-S2ST, necessitating the use of A2A, synthesized, or

pseudo-labeled data [Choi et al., 2024; Dong et al., 2022].

Quality of data generated by external pipelines (ASR, MT, TTS) for pseudo-labeling or evaluation can

limit final performance [Dong ef al., 2022].

e AV data for pre-training is less abundant and covers fewer languages than audio-only data [Han et al.,
2024; Choi et al., 2024].

Evaluation

¢ Dependency on ASR quality for calculating BLEU in speech translation tasks, which can be imprecise,
especially for synthesized speech or non-English languages [Huang et al., 2023; Han et al., 2024].

* Evaluation frequently limited to translations to/from English (X-En, En-X) due to data and ASR tool
restrictions [Huang et al., 2023; Han et al., 2024; Di Gangi et al., 2019].

Modeling

Multilingual models can face difficulty scaling to many languages effectively [Han et al., 2024; Di Gangi

etal., 2019].

* High computational and GPU memory costs for training and running large AV models, especially Trans-
formers [Choi et al., 2024; Han et al., 2024].

* Robustness to diverse noise types and generalization to varied domains require more investigation [Huang

et al., 2023; Han et al., 2024; Cheng et al., 2023].

Synchronization,
Isotropy, Quality

» Forced isotropy (to avoid visual artifacts) can lead to unnatural speech rhythm (accelerated/slowed) if

translation length differs significantly [Cheng et al., 2024].

Balancing lip-sync optimization with translation quality and speech naturalness remains a challenge

[Goncalves et al., 2025].

* Visual generation quality (realism of lips/face), especially in zero-shot scenarios, can still be improved
[Choi et al., 2024; Cheng et al., 2024].

Dependencies
and Methods

* Performance is dependent on the quality of representations/units from pre-trained SSL models.
* Impact of external textual data on lip translation (V2T) not explored in some works focused on direct AV
interaction [Cheng et al., 2023].

Ethics and Use

Privacy concerns due to the use of visual data (faces).
Potential for misuse of technology to create deepfakes or generate non-consensual content [Goncalves
etal., 2025].

Table 7. Summary of Identified Limitations
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SLRQ2: Which techniques improve the transla-
tion of AV-S2ST models given a lack of large-scale mul-
tilingual audiovisual datasets, including noisy environ-
ments, and how does visual information contribute to
robustness?

The review identified two primary strategies to mitigate
data scarcity. The first is the effective use of pseudo-labeling,
where large volumes of unlabeled data are used to pre-train
models, yielding significant improvements in BLEU scores.
The second, and more prevalent, strategy is leveraging large,
existing audio-only corpora. This is achieved through tech-
niques like cross-modal distillation, where knowledge from
robust audio-only models is transferred to the audio-visual
model , and through the use of powerful pre-trained audio
SSL models as a foundation before adapting them with vi-
sual data. Regarding robustness, the integration of visual in-
formation consistently proves to be a key factor. Studies ex-
plicitly demonstrate that the visual stream (lip movements)
provides complementary information that makes the models
more resilient to acoustic noise . This is quantitatively sup-
ported by significant gains in BLEU scores and reductions
in WER in noisy conditions when compared to their audio-
only counterparts, confirming that visual cues are integral to
achieving robustness.

SLRQ3: Which metrics are used to evaluate AV-
S2ST models, and how do they balance translation accu-
racy (BLEU) with audiovisual synchronization (LSE-D,
MOS)?

The evaluation of AV-S2ST models is inherently mul-
tifaceted, requiring a suite of metrics that go beyond simple
translation accuracy. While ASR-BLEU remains the stan-
dard for assessing linguistic quality, it is almost always com-
plemented by specialized metrics to address the multimodal
nature of the task. The balance between accuracy and syn-
chronization is achieved by jointly reporting on:

* Audiovisual Synchronization: Measured by LSE-D
(Distance) and LSE-C (Confidence), which quantify the
alignment between lip movements and the generated au-
dio.

* Perceptual Quality: Assessed through Mean Opinion
Scores (MOS), where human evaluators rate aspects
like naturalness and overall quality.

e Temporal Consistency: Evaluated using metrics like
Length Compliance (LC) to ensure the output duration
matches the source, a critical factor for applications like
dubbing.

This combined evaluation framework demonstrates that
the field prioritizes not only what is being said (translation
accuracy) but also how it is being presented (synchronization
and realism).

9 Threats to Validity

This section addresses the potential threats to the validity
of our study. Acknowledging these limitations is crucial for

Pereira et al. 2026

contextualizing the findings and ensuring transparency in the
research process. The discussion is structured around four
primary categories of validity threats: construct, internal, ex-
ternal, and conclusion validity, with a description of the mit-
igation strategies employed for each.

9.1 Construct Validity

Construct validity refers to the alignment between the theo-
retical constructs of the research questions and the specific
operational measures used, primarily the search strategy. A
potential threat in this regard is the formulation of a search
string that may not fully capture all relevant literature, po-
tentially omitting pertinent studies due to keyword selection.
To mitigate this threat, the search query was systematically
developed based on an initial set of keywords derived from
primary articles in the AV-S2ST field. This initial string was
then iteratively refined throughout the screening process to
enhance its comprehensiveness. Furthermore, a wide range
of synonyms and related terms was used within boolean logic
to maximize coverage across different terminologies used in
the literature, as detailed in Figure 4.

9.2 Internal Validity

Internal validity concerns potential biases introduced by the
researchers during the review execution, particularly in the
study selection and data extraction phases. A primary threat
is the risk of subjective judgment leading to inconsistent ap-
plication of the selection criteria. This threat was mitigated
by establishing strict and explicit inclusion and exclusion cri-
teria prior to the screening process. The entire review work-
flow was managed and documented using the Parsifal web-
based tool, which enforces a systematic and traceable pro-
cess, thus minimizing the potential for researcher bias and
ensuring consistent adherence to the predefined protocol.

9.3 External Validity

External validity refers to the generalization of the conclu-
sions drawn from this review to the broader field of AV-S2ST.
The main threat to external validity lies in the scope of our
search, which was limited to publications from 2019 to 2025
and a specific set of scientific databases. Consequently, our
findings may not be fully generalizable to research published
outside this time frame or in other venues. To mitigate this,
our search strategy was designed to be comprehensive within
its defined scope, including not only major peer-reviewed
databases like IEEE Xplore and the ACM Digital Library
but also the ArXiv pre-print server. This inclusion is criti-
cal for capturing the most recent and cutting-edge research
in a rapidly advancing field like artificial intelligence.

9.4 Conclusion Validity

Conclusion validity addresses the degree to which the con-
clusions drawn are reasonable and supported by the data ex-
tracted. In a qualitative synthesis, such as this review, a po-
tential threat arises from the possibility of misinterpreting the
findings of the primary studies. To address this, a standard-
ized data extraction form was utilized to ensure that infor-
mation was collected consistently between all selected arti-
cles. The synthesis process itself was based on thematic anal-
ysis, focusing on identifying recurring patterns, techniques,
and challenges across studies, rather than drawing conclu-
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sions from a single source. The structured presentation of
these findings in tables (e.g., Table 4, Table 5) further con-
tributes to the transparency and reliability of the conclusions
presented in this review.

10 Conclusion

This systematic literature review analyzed the current land-
scape of direct, end-to-end Audio-Visual Speech-to-Speech
Translation (AV-S2ST) models, synthesizing architectural
innovations and core techniques from studies published be-
tween 2019 and 2025. The findings reveal a decisive trend
away from traditional cascaded pipelines towards unified, di-
rect systems. This paradigm shift is critically enabled by two
synergistic advancements: the use of self-supervised learn-
ing (SSL) models, such as AV-HuBERT, to learn robust mul-
timodal representations, and the adoption of discrete units to
facilitate textless translation .

The review highlights that the field is maturing beyond
simple proof-of-concept, with researchers now developing
targeted solutions for the core challenges of AV-S2ST, in-
cluding dedicated mechanisms for improving lip-synchrony,
ensuring isometric translation, and enhancing noise robust-
ness. A key contribution of this synthesis is the confirmation
that the visual stream is not merely supplementary but is in-
tegral to achieving higher-quality and more resilient speech
translation.

While significant progress has been made, the continued
evolution of AV-S2ST will depend on addressing the persis-
tent challenges of data scarcity and the development of more
comprehensive evaluation frameworks. Overcoming these
hurdles will be crucial for transitioning these powerful tech-
nologies from research to robust, real-world deployment, ul-
timately enhancing the dissemination of audio-visual content
across linguistic barriers.
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