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Lip-to-speech synthesis enables the transformation of visual information,
particularly lip movements, into intelligible speech. This technology has
gained increasing attention due to its potential in assistive communication for
individuals with speech impairments, audio restoration in cases of missing or
corrupted speech signals, and enhancement of communication quality in
noisy or bandwidth-limited environments. However, research on low-
resource languages, such as Bahasa Indonesia, remains limited, primarily due
to the absence of suitable corpora and the unique phonetic structures of the
language. To address this challenge, this study employs the LUMINA
dataset, a purpose-built Indonesian audio-visual corpus comprising 14
speakers with diverse syllabic coverage. The main contribution of this work
is the design and evaluation of an Attention-Augmented Bi-LSTM
Multimodal Autoencoder, implemented as a two-stage parallel pipeline: (1)
an audio autoencoder trained to learn compact latent representations from
Mel-spectrograms, and (2) a visual encoder based on EfficientNetV2-S
integrated with Bi-LSTM and multi-head attention to predict these latent
features from silent video sequences. The experimental evaluation yields
promising yet constrained results. Objective metrics yielded maximum scores
of PESQ 1.465, STOI 0.7445, and ESTOI 0.5099, which are considerably
lower than those of state-of-the-art English systems (PESQ > 2.5, STOI >
0.85), indicating that intelligibility remains a challenge. However, subjective
evaluation using Mean Opinion Score (MOS) demonstrates consistent
improvements: while baseline LSTM models achieve only 1.7-2.5, the Bi-
LSTM with 8-head attention attains 3.3-4.0, with the highest ratings
observed in female multi-speaker scenarios. These findings confirm that Bi-
LSTM with attention improves over conventional baselines and generalizes
better in multi-speaker contexts. The study establishes a first baseline for lip-
to-speech synthesis in Bahasa Indonesia and underscores the importance of
larger datasets and advanced modeling strategies to further enhance
intelligibility and robustness in low-resource language settings.
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1. INTRODUCTION

Humans naturally rely on both auditory and visual cues during speech perception, often monitoring a
speaker’s lip movements to supplement the received audio signal. This behavior is evident from infancy, as
children aged 4-12 months tend to focus on mouth movements while learning to speak, integrating visual and
auditory information simultaneously [1]. Similarly, individuals with hearing impairments can comprehend
spoken language by interpreting lip movements and other facial cues [2].

The proven value of visual speech cues has driven extensive research into generating text or speech from
visual input [3]. Lip-to-speech synthesis has applications in assistive communication for people with aphonia,
speech inpainting to restore missing audio segments [4], and improving speech clarity in noisy communication
environments, as demonstrated in recent work on WaveNet-based speech denoising [5] and more recent
advances in speech inpainting [6][7]. Over time, the field has advanced significantly, particularly for high-
resource languages such as English, Mandarin, and Japanese. Recent approaches have introduced encoder-
decoder architectures like Lip2Wav [8] and vocoder-based models [9], as well as diffusion-based [10] (e.g.,
GlowLTS [11], Diffusion LTS [12]) and transformer-based approaches [13][14], as well as newer frameworks
like RobustL2S [15] and NaturalL.2S [16], which produces natural-sounding, temporally aligned speech from
silent video. Other recent architectures, such as SVTS [17], Lip2AudSpec [18], and LipVoicer [19], and
Intelligible L2S [20] further demonstrate scalable, attention-guided, or lip-reading—conditioned speech
generation from video. These models often incorporate attention mechanisms to focus on the most informative
temporal segments of lip motion. Likewise, LSTM-based autoencoders, including Bi-LSTM and DBLSTM
variants, have shown strong performance in capturing bidirectional temporal dependencies for audio—visual
mapping tasks [21]-[23].

Despite these advances, research on lip-to-speech synthesis in low-resource languages such as Bahasa
Indonesia remains scarce. Widely used corpora in English, such as GRID [24], LRS2 and LRS3 contain tens
of thousands of sentences and hundreds of hours of recordings, enabling rapid model development. Additional
corpora such as TCD-TIMIT [25] and AVSpeech [26][27], and LUMINA Data in Brief [28] further expand
resources in English and provide new Indonesian benchmarks. In contrast, comparable resources in Bahasa
Indonesia are nearly absent. Table 1 illustrates the stark disparity in dataset availability across languages.

Table 1. Comparison of widely used audio-visual datasets and the Indonesian LUMINA dataset.

Dataset Language Speakers Utterances / Duration Characteristics
GRID [24] English 34 34,000 sentences Fixed grammar, controlled recordings.
LRS2 [29] English ~1,000 (TV) 100,000+ sentences Natural data from BBC, high variability.
LRS3 [30] English Multi-speaker 400+ hours TED Talks, large-scale, diverse accents.
Lip2Wav [8] English 5 ~120 hours Designed specifically for lip-to-speech.
AVSpeech [26] Multi-lang  150k+ speakers 3,000+ hours Large-scale, cross-lingual dataset.
LUMINA [31]  Indonesian 14 ~14,000 sentences (~12h)  Broad syllabic coverage, but limited in scale.

As shown, English corpora such as LRS2 [29][32] and LRS3 [30] provide over 100,000 sentences and
hundreds of hours of data, whereas LUMINA offers only 14 speakers and ~14,000 sentences (equivalent to
around 12 hours). Although LUMINA is the first dataset designed specifically for Indonesian lip-to-speech
synthesis with diverse syllabic coverage, its limited scale poses challenges for generalization, speaker
inclusivity, and model robustness. In addition, the linguistic properties of Bahasa Indonesia, dominated by
open syllables (CV), relatively flat prosody, and high homophony, introduce unique difficulties in mapping
visual to acoustic information [33][34].

Although recent studies have demonstrated the effectiveness of modern architectures such as
Transformers [13], Vision Transformers with autoencoders [14], and diffusion-based models, their application
requires extremely large-scale datasets and high computational resources. Such requirements are challenging
to meet in the Indonesian context, where data availability remains limited to small-scale corpora, such as
LUMINA, and computational constraints restrict the feasibility of training deep models. In contrast, Bi-LSTM
offers a balanced trade-off: it is computationally more efficient, capable of capturing bidirectional temporal
dependencies critical in modeling coarticulation effects of lip movements, and has been empirically proven to
generalize well even under low-resource conditions [21]. For these reasons, this study adopts Bi-LSTM as the
backbone of the multimodal autoencoder, while enhancing its performance through the integration of multi-
head attention to better capture informative temporal features.

Therefore, this study aims to establish a baseline system for lip-to-speech synthesis in Bahasa Indonesia
by proposing and evaluating an Attention-Augmented Bi-LSTM Multimodal Autoencoder, implemented as a
two-stage pipeline consisting of (1) an audio autoencoder to learn compact latent speech representations, and
(2) a visual encoder using EfficientNetV2-S with Bi-LSTM and multi-head attention to predict these latent
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features from silent video. The main contribution is not only the methodological design tailored for a low-
resource language but also providing the first quantitative benchmarks, achieving maximum scores of PESQ
1.465, STOI 0.7445, ESTOI 0.5099, and MOS improvements up to 4.0 in multi-speaker female scenarios. To
provide a clearer understanding of how this system is designed and implemented, the following section
describes the methodological framework in detail, including dataset preprocessing, model architecture, and
evaluation procedures.

2. THEORETICAL BACKGROUND

This section presents the fundamental theories related to autoencoders, Bidirectional Long Short-Term
Memory (Bi-LSTM), and attention mechanisms that underlie the development of the proposed model.
Additionally, it outlines the conceptual integration of Bi-LSTM and attention within a multimodal autoencoder,
implemented as a two-stage pipeline, which serves as the theoretical foundation of this research.

2.1. Autoencoder

An autoencoder is an artificial neural network architecture designed for representation learning [35] by
compressing input data into a lower-dimensional latent representation (encoding) and then reconstructing it
back to its original form (decoding). In the broader scope of machine learning, autoencoders are widely used
for tasks such as dimensionality reduction, anomaly detection, denoising, and feature extraction, since they can
learn directly from raw data without requiring labeled information. In the context of lip-to-speech synthesis,
an autoencoder maps a sequence of lip movement images into an information-rich latent space, which is then
converted into acoustic features such as Mel-spectrograms. This process enables the separation and
independent processing of visual understanding and speech production, aligning with machine learning
objectives to capture essential patterns and discard noise. By combining autoencoders with other architectures
such as CNNs, LSTMs, and attention mechanisms, the model can learn complex multimodal relationships and
be integrated with generative components [36] like neural vocoders [9] to produce intelligible and natural-
sounding speech.

2.2. Bidirectional Long Short-Term Memory (Bi-LSTM)

Long Short-Term Memory (LSTM) is a variant of the Recurrent Neural Network (RNN) designed to
address the vanishing gradient problem in sequential data through the use of gating mechanisms. LSTM
maintains important information via the cell state and regulates information flow through input, forget, and
output gates [37]-[39]. Bi-LSTM is an extension of LSTM that processes sequences in both forward and
backward directions, enabling each prediction to consider both past and future context [22],[40]. In lip-to-
speech synthesis, this bidirectional processing helps capture subtle transitions between visemes, which depend
on both preceding and subsequent phonemes [41].

2.3. Attention Mechanism

An Attention mechanism is included in this model, located specifically within the visual model. Its
function is to direct the model's attention to variations in the speaker's lip movements. The method involves
weighting the features extracted from a frame based on their relevance to frames preceding and succeeding it.
Unlike the typical use of Attention in text processing [42]-[44] where fully connected layers usually create 1-
dimensional K, Q, and V vectors, video processing here employs 2DConv layers to produce 2-dimensional
vectors containing spatial information. In the context of attention, the term “head” refers to an independent
mechanism where each instance performs its attention computation, as shown in Equation (1). The Lip-to-
Speech model developed in this study incorporates multi-head attention to acquire significant and relevant
features from lip movements. By employing this mechanism, the model can distribute its focus across multiple
heads, with each head operating in parallel on different subsets of information.

QK™
Attention(Q,K,V) = softmax <\/d_> 4 6))
k
The outputs of all heads are combined to form a final representation, as shown in Equation (2). This
approach produces richer and more comprehensive representations. Consequently, the lip-to-speech model can
capture more complex and distinctive features of lip movements, thereby providing the essential information
required for generating accurate speech predictions [11].
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Multi(Q,K,V) = Concat(Attention,, ..., Attention,)W° (2)

2.4. Integration of Bi-LSTM and Attention in a Multimodal Autoencoder
The combination of Bi-LSTM and attention mechanisms [45] within a multimodal autoencoder
framework, implemented as a two-stage pipeline, provides two primary advantages:
1. Bidirectional Context Modelling
Bi-LSTM captures both forward and backward temporal dependencies in visual lip movement data, which
is critical for predicting ambiguous phonemes.
2.  Dynamic Focus
Attention enables the model to emphasize relevant visual frames for specific phonemes, reducing
confusion caused by co-articulation or similar visemes.
This conceptual framework has been proven effective in speech recognition [23], machine translation [46], and
visual speech recognition [10],[47]. Importantly, the combination of Bi-LSTM and multi-head attention in a
two-stage multimodal pipeline allows richer temporal modeling and dynamic feature selection, which has been
shown in prior studies to improve robustness in low-resource scenarios. However, its application for Bahasa
Indonesia with a speaker-specific strategy in lip-to-speech synthesis remains underexplored, making it the
focus of this research.

3. METHODOLOGY

The methodology of this study is based on an Attention-Augmented Bi-LSTM Multimodal Autoencoder,
implemented as a two-stage pipeline that integrates both audio and visual information to synthesize speech
from lip movements. The overall architecture, illustrated in Figure 1, consists of two interconnected
components: (1) an audio autoencoder that learns compact latent representations of speech signals, and (2) a
visual encoder that predicts these latent features from silent lip movements. The input data consists of
synchronized audio and video extracted from the LUMINA dataset. Audio signals are segmented using a
sliding window, preprocessed into Mel-spectrograms, and then passed through the speech encoder—decoder
pipeline. In parallel, video sequences are preprocessed into grayscale frames and fed into a feature extractor,
followed by the visual encoder with attention and Bi-LSTM modules. The visual encoder predicts the latent
representation generated by the audio autoencoder, thereby creating a direct mapping between lip movements
and speech features.
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Figure 1. Two-Stage Audio—Visual Latent Prediction Pipeline

3.1. Dataset

This study employed the Linguistic Unified Multimodal Indonesian Natural Audio-Visual (LUMINA)
dataset (Figure 2) [31][28], a custom-built multimodal corpus specifically designed for Indonesian lip-to-
speech research. Unlike existing corpora such as GRID [24], which are primarily in English, LUMINA
provides synchronized audio and video recordings in Bahasa Indonesia, enabling experiments that address
language-specific phonetic and visual articulation characteristics. The dataset contains recordings of 14
speakers, including 9 males and 5 females. Each speaker contributed a series of utterances covering a diverse
range of Indonesian syllables, vowels, and consonant variations, ensuring sufficient phonetic coverage. Video
recordings were captured at 25 fps with a resolution of 1280x720 pixels, while audio was sampled at 16 kHz
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in WAV format. Each video was first resized to 250%150 pixels, with the cropping focused on the central lip
region, and then converted into grayscale frames to reduce computational complexity while preserving
essential visual cues.

The input video data in this study was processed in the form of sequential 20-frame segments, ensuring
that each training instance captured a continuous portion of lip movements. The choice of a 20-frame sequence
was motivated by both phonetic and computational considerations. Phonetic studies show that the average
duration of a syllable in Bahasa Indonesia is 0.2—0.25 seconds. Analysis of the dataset indicates that most
words consist of two syllables, followed by three-syllable words as the second most frequent. Thus,
approximately 0.7-0.8 seconds are required to pronounce three syllables, which represents a natural linguistic
unit. Since the video was recorded at 25 fps, this duration corresponds to 20 consecutive frames. This design
is consistent with earlier studies, such as Ephrat [48] which demonstrated that relatively short frame windows
(9—15 frames) can achieve strong performance. Although more recent lip-to-speech research [49][50] employs
longer frame windows (1-3 seconds) to capture broader temporal context, such approaches demand
significantly higher computational resources. Therefore, the use of 20 frames per sequence provides an optimal
balance between temporal coverage and computational efficiency.

I
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Figure 2. Example of the LUMINA dataset

In the experimental phase, objective evaluations were performed using PESQ, STOI, and ESTOI metrics
across all 14 speakers, as presented in Table 2. Based on these evaluations, the dataset was reorganized into
six subsets to facilitate a more systematic analysis of both speaker-dependent and speaker-independent
performance. As illustrated in Table 3, the subsets consist of two female speakers representing individual
female-specific cases, two male speakers representing individual male-specific cases, and two multi-speaker
groups comprising five female speakers and five male speakers, respectively. This partitioning provides a
balanced framework for comparing single-speaker and gender-based multi-speaker scenarios. The primary
motivation for selecting LUMINA lies in its speaker-specific structure and language focus. Previous studies
have demonstrated that restricting models to fewer or single speakers often yields higher accuracy due to
reduced inter-speaker variability [51]. Moreover, since research on lip-to-speech synthesis in Bahasa Indonesia
remains scarce, LUMINA offers a crucial foundation for advancing this domain.

Table 2. Evaluation Results of PESQ, STOI, and ESTOI for Individual Speakers

Mean
No. Speaker  NumberofData PESQ STOI ESTOI (PESQ, STOL, ESTOI)

1 m P08 1082 1.0959  0.1697  0.0327 0.4328
2 - P03 1022 1.0905 0.1653  0.0405 0.4321
3 <§t P10 1017 1.0904 0.1482  0.0331 0.4239
4 o Pl4 1090 1.0871 0.1445 0.0324 0.4213
5 P11 1018 1.0709 0.1410  0.0271 0.4130
6 P06 1113 1.1148 02012  0.0797 0.4652
7 P04 1093 1.1106  0.1979  0.0631 0.4572
8 - P01 1073 1.1083  0.1856  0.0711 0.4550
9 - P13 1025 1.0950 0.1971  0.0707 0.4543
10 <2C P07 1051 1.0990 0.1744  0.0452 0.4395
11 P12 1055 1.0809 0.1575  0.0505 0.4296
12 P09 1062 1.1006 0.1384  0.0160 0.4183
13 P05 1108 1.1061  0.0909  0.0255 0.4075
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Table 3. Dataset Subset Partitioning
Subset Speaker Number of Data

1 P06 (m) 1113
2 P04 (m) 1093
3 P08 (f) 1082
4 P03 (f) 1022
5 Male 5344
6 Female 5529

3.2. Audio Model

The audio component of the two-stage pipeline is designed as an autoencoder to learn a compact latent
representation of speech from its Mel-spectrogram [52], as shown in Figure 3. In the audio encoder stage, the
input Mel-spectrogram is processed through a sequence of 2D convolutional layers (Conv2D) with a kernel
size of 3%3, each followed by Batch Normalization to stabilize and accelerate training, and ReLU activation to
introduce non-linearity. This sequence of convolutional blocks is repeated iteratively, progressively reducing
the spatial dimensions while increasing the depth of feature maps to capture high-level acoustic features.
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Figure 3. Architecture of the Audio Model

After convolutional processing, the feature maps are flattened into a 1D vector, optionally passed through
a fully connected layer (MLP) to form the latent space variable. This latent space represents the most
informative and compressed features of the input speech. The latent dimension was set to 2048 as a compromise
between representation richness and computational efficiency: smaller dimensions may discard important
phonetic details, while larger ones could cause overfitting and increase training cost. The value of 2048 is
consistent with prior autoencoder-based speech modelling studies, and ensures sufficient capacity to preserve
acoustic diversity while remaining feasible for integration with the visual encoder. Table 4 summarizes the
encoder—decoder structure. The decoder mirrors the encoder but introduces ConvTranspose2D layers to restore
the original Mel-spectrogram dimensions. The process starts with a fully connected layer sized to match the
flattened output of the encoder, followed by an unflattening operation to recover the 2D feature map structure.
Subsequent transposed convolutional blocks progressively reconstruct the spectral resolution. The final
Conv2D layer, without activation or normalization, produces the output Mel-spectrogram with maximum
clarity and minimal distortion. The key difference between the encoder and decoder is the use of transpose
convolution layers in the decoder to upsample the feature maps, restoring the spectral resolution required for
accurate speech reconstruction. The design ensures that the reconstructed Mel-spectrogram closely matches
the original, minimizing mean squared error (MSE) loss during training.

3.3. Visual Model

The visual component of the two-stage pipeline is designed to map sequences of lip movements into latent
speech representations. Each input sequence consists of 20 consecutive video frames, cropped to a resolution
of 250x150 pixels cantered on the lip region [53] and subsequently converted into grayscale format. This
preprocessing step ensures that the model focuses on the articulatory region while reducing computational
complexity. The preprocessed frames are first passed through a 3D convolutional layer (Conv3D), followed by
Batch Normalization and ReL.U activation, to adapt the grayscale input into a feature space compatible with
the subsequent backbone network. The sequence is then fed into the EfficientNetV2-S backbone, which serves
as the principal feature extractor. EfficientNetV2-S was selected for its relatively lightweight architecture,
reduced parameter count, and fast inference time, while maintaining competitive representational quality [54].
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The extracted features are subsequently refined by a multi-head attention mechanism (Figure 4), which
distributes attention across multiple independent heads. This allows the model to emphasize subtle inter-frame
variations and assign higher weights to visually salient movements, thereby mitigating ambiguity caused by
coarticulation and visually similar visemes. Following the attention module, the features undergo further
compression through a sequence of Conv3D layers, ensuring that spatiotemporal information is retained while
dimensionality is reduced. The resulting feature maps are then flattened and projected into a 2048-dimensional
latent space via a fully connected layer. This dimensionality was selected as a balance between representation
richness and computational efficiency, and to ensure compatibility with the latent space of the audio
autoencoder.

Feature Extraction

(EfficientNetV2-S) Visual Encoder Latent Space
T e e T ) |

Input

-
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Conv: 3x3@24
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Figure 4. Architecture of the Visual Model

Finally, the encoded features are passed to a Bidirectional Long Short-Term Memory (Bi-LSTM) layer.
By processing the sequence in both forward and backward directions, Bi-LSTM captures long-range temporal
dependencies and incorporates contextual information from preceding and succeeding frames. This capability
is essential for modelling natural coarticulation effects and ensures that visual input is accurately mapped to
corresponding speech features. It is important to note that this study implements four different model variants:
=  Model 1 — LSTM: Utilizes a single LSTM without attention.
=  Model 2 — Bi-LSTM: Employs a Bi-LSTM without attention.
= Model 3 — Bi-LSTM + 4-head attention: Integrates a multi-head attention module with four heads before

the sequence modelling stage.
=  Model 4 — Bi-LSTM + 8-head attention: Incorporates eight attention heads combined with Bi-LSTM,

representing the most complete configuration

Table 5 corresponds to the full architecture of Model 4, which integrates the feature extractor, the multi-
head attention mechanism, and the Bi-LSTM module. For the other three models, the hyperparameter
configurations and base layers remain identical to those in Table 5. The only differences are the removal of
attention (Models 1 and 2) or the substitution of LSTM/Bi-LSTM in the sequence modelling stage. This
systematic design guarantees fair comparability across all experiments. All four models are trained under
identical hyperparameter settings, ensuring that performance variations can be attributed solely to architectural
differences rather than external factors. The core backbone of the architecture remains consistent, while specific
components are selectively enabled or disabled depending on the model specification. In this way, any observed
differences in performance can be directly linked to the inclusion of the attention module or the choice between
LSTM and Bi-LSTM sequence modeling.

3.4. Evaluation

The performance of the proposed two-stage pipeline was evaluated using a combination of objective
metrics, subjective listening tests, and statistical significance analysis. Before evaluation, all models were
trained using the Adam optimizer with a learning rate of 0.001 [54] and Mean Squared Error (MSE) as the loss
function, a configuration chosen to balance convergence speed and stability while minimizing reconstruction
error. After training, model outputs were systematically assessed through three objective measures, PESQ,
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STOI, and ESTOI, to capture speech quality and intelligibility, complemented by a Mean Opinion Score
(MOS) test involving 40 participants to reflect perceptual judgments. Finally, the Wilcoxon signed-rank test
was applied to determine whether the differences among model variants were statistically significant, ensuring
that both numerical and perceptual improvements were supported by robust statistical validation.

3.4.1. Objective Evaluation
Three established objective metrics were employed to evaluate the quality and intelligibility of the

generated speech:

e  Perceptual Evaluation of Speech Quality (PESQ) [55] A standardized measure that predicts perceptual
quality by comparing generated speech with reference ground truth signals. The PESQ score typically
ranges from —0.5 to 4.5. Higher scores indicate better quality and closer resemblance to the reference,
whereas values below 1.0 represent very poor perceptual quality.

e  Short-Time Objective Intelligibility (STOI) [56][57] An intelligibility metric that estimates how well a
listener can understand speech under noisy or degraded conditions. STOI scores range from 0 to 1. A
value close to 1 indicates highly intelligible speech, while values near 0 indicate unintelligibility. In
general, a STOI value of 0.75 is considered the threshold for acceptably intelligible speech.

e  Extended Short-Time Objective Intelligibility (ESTOI) [58] An extension of STOI designed to capture
longer temporal modulations that are important for speech comprehension. Like STOI, scores range from
0 to 1, with 0.75 commonly regarded as a threshold for acceptable intelligibility. ESTOI tends to be more
sensitive to spectral distortions and temporal fluctuations, and it may yield lower values than STOI in
conditions where background noise or spectral degradation significantly affect the signal.

These objective measures provide complementary insights: PESQ reflects perceptual similarity, while STOI

and ESTOI capture intelligibility under different temporal sensitivities. Together, they provide a quantitative

benchmark for evaluating reconstruction fidelity across various model variants.

3.4.2. Subjective Evaluation (MOS Test)

In addition to objective metrics, a Mean Opinion Score (MOS) test was conducted to evaluate perceptual
quality from a human listener's perspective. A total of 40 respondents participated in the test. Each respondent
was asked to rate the generated speech samples on a five-point scale (0-5), where 5 indicated speech that was
perceived as the clearest and most intelligible, and O indicated completely unintelligible output. Each
participant was presented with audio samples generated from all model variants (LSTM, Bi-LSTM, Bi-LSTM
with 4-head attention, and Bi-LSTM with 8-head attention) across all dataset subsets (individual speakers and
multi-speaker groups). The MOS for each condition was obtained by averaging the ratings across all
participants, providing a reliable measure of naturalness and intelligibility to complement the objective
evaluation metrics.

Table 4. Audio Model

Layer Type Kernel Input Output
Encoder

1 2D CNN (3,3) 1 128
2 Batch Normalization 2D

3 ReLU

4 2D CNN (3,3) 128 64
5 Batch Normalization 2D

6 ReLU

7 2D CNN (3,3) 64 64
8 Batch Normalization 2D

9 ReLU

10 2D CNN (3,3) 64 32
11 Batch Normalization 2D

12 ReLU

13 2D CNN (3,3) 32 16
14 Batch Normalization 2D

15 ReLU

16 2D CNN (3,3) 16 8
17 Batch Normalization 2D

18 ReLU

Latent Space

19 Flatten - 4,114,7) 3192
20 Linear - 3192 2048
21 Linear - 2048 3192

Eka Rahayu Setyaningsih (Bi-LSTM and Attention-based Approach for Lip-To-Speech Synthesis in Low-
Resource Languages: A Case Study on Bahasa Indonesia)



692 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 7, No. 4, December 2025, pp. 684-701

Layer Type Kernel Input Output

22 Unflatten - 3192 4,114,7)
Decoder

23 2D CNN Transpose 3.,3) 8 4
24 Batch Normalization 2D
25 ReLU
26 2D CNN Transpose 3.,3) 4 8
27 Batch Normalization 2D
28 ReLU
29 2D CNN Transpose 3.,3) 4 8
30 Batch Normalization 2D
31 ReLU
32 2D CNN Transpose 3.,3) 8 16
33 Batch Normalization 2D
34 ReLU
35 2D CNN Transpose 3.,3) 16 32
36 Batch Normalization 2D
37 ReLU
38 2D CNN Transpose 3.,3) 64 64
39 Batch Normalization 2D
40 ReLU
41 2D CNN Transpose 3.,3) 64 128
42 Batch Normalization 2D
43 ReLU
44 2D CNN Transpose (3,3) 128 1

Table 5. Visual Model

Layer Type Kernel Input Output
Feature Extrator

1 Conv3D (1,3,3) 1 3
2 Batch Normalization 3D

3 ReLU

4 Conv 3x3 - 3 24
5 Fused-MBConvl, k3x3 - - 24
6 Fused-MBConv4, k3x3 - - 48
7 Fused-MBConv4, k3x3 - - 64
8 MBConv4, k3x3, SE0.25 - - 128
9 MBConv6, k3x3, SE0.25 - - 160

Attention
10 Multihead Attention 8 160 512
Encoder

11 Conv3D (1,3,3) 512 256
12 Batch Normalization 3D

13 ReLU

14 Conv3D (1,2,2) 256 128
15 Batch Normalization 3D

16 ReLU

17 Conv3D (1,1,1) 128 64
18 Batch Normalization 3D

19 ReLU
20 Conv3D (L) 64 32
21 Batch Normalization 3D
22 ReLU
23 Conv3D (L) 32 16
24 Batch Normalization 3D
25 ReLU
26 Conv3D (1,1,1) 16 8
27 Batch Normalization 3D
28 ReLU
29 Flatten
30 BIiLSTM - 4000 2048
31 Linear - 2048 2048

4. RESULT AND DISCUSSION

The proposed pipeline was evaluated using a combination of objective metrics (PESQ, STOI, ESTOI)
and a subjective Mean Opinion Score (MOS) test. These complementary measures provide both quantitative
and perceptual insights into the quality and intelligibility of the generated speech, forming the basis for the
analysis presented in the following subsections.
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4.1. Audio Model

Before integrating the visual modality, an audio autoencoder was first developed as a baseline model to
establish a compact latent space for speech. The purpose of this stage is not to produce high-quality
reconstructed audio, but rather to ensure that the latent representation captures sufficient spectral and temporal
information. This latent space then serves as the target domain for mapping from visual input in the subsequent
multimodal pipeline. Designed to represent audio in a one-dimensional latent space of length 2048, the Audio
Autoencoder was developed primarily as a feature learning mechanism, rather than as a final speech synthesis
system. Its main objective is to capture compact yet informative latent representations of speech that can later
be aligned with visual features in the multimodal pipeline. Six instances of the model were trained, each
corresponding to the dataset subsets described earlier. As shown in Figure 5, both Training and Validation Loss
values consistently decreased over 250 epochs, demonstrating the model’s ability to learn a meaningful latent
representation. The Training Loss converged smoothly to a value around 10, while the Validation Loss
displayed higher fluctuations and remained generally above the Training Loss. These fluctuations are expected,
as the autoencoder focuses on compressing and reconstructing latent speech features, which may not always
generalize perfectly to unseen data.

Training Loss / Epoch Validation Loss / Epoch
-—S0L == - —_ 501 =— —
e ll':, \\
N
N \ \
— T S e T N e o
~ e ——— —-‘m‘:‘— -
(a) (b)

Figure 5. Visualisation of Audio Autoencoder Model (a) Training Loss (b) Validation Loss

Table 6 further illustrates the performance across subsets. A clear trend emerges: male voices achieve
higher STOI and ESTOI scores, indicating better intelligibility and robustness to noise. This advantage can be
attributed to their lower fundamental frequencies, which are less prone to distortion. Conversely, female voices
obtain higher PESQ scores, reflecting a perceptual impression of clarity and naturalness, despite being more
sensitive to high-frequency noise. Taken together, these results highlight a complementary trade-off: male
voices tend to preserve intelligibility under degradation, while female voices yield more natural perceptual
quality. The latent representations learned by the audio autoencoder are further visualized in Figure 6, which
compares the Mel-spectrograms of the ground truth (a) and the reconstructed output (b). While the
reconstructed spectrogram exhibits noticeable distortions, its structural similarity to the ground truth indicates
that the latent space successfully retains the essential spectral-temporal patterns of speech. This confirms that,
although not optimized for perfect audio reconstruction, the autoencoder effectively encodes information-rich
latent features that are adequate for subsequent mapping from visual input.

Table 6. Result of Audio Model
Speaker PESQ STOI  ESTOI
P06 (m) 1271 06646 04
P04 (m) 1.272 0.6795 0.3924
P08 (f) 1.337 0.6195 0.3483
P03 () 1.382 0.5836 0.3856

Male 1.45 0.7445 0.5099
Female 1.465 0.6825 0.4535

Eka Rahayu Setyaningsih (Bi-LSTM and Attention-based Approach for Lip-To-Speech Synthesis in Low-
Resource Languages: A Case Study on Bahasa Indonesia)



694 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 7, No. 4, December 2025, pp. 684-701

Mel spectrogram - Ground Truth

Mel spectrogram - Prediction

0 o
0.000 0.050 0.100 0.150 0.200 0.250 0.300 0.350 0.4000.450 0.000 0.050 0.100 0.150 0.2000.250 0.300 0.350 0.400 0.450
Time Time

Mel syectrogram (black and white) - Ground Truth Mel spectrogram (black and white) - Prediction
+0de e

-10 d8 10 dB

e 20 dB

-30 d8 008
-40 d8 40 d8
50 d8 50d8
60 dB 60 dB
-70 d8 -70d8
-80 d8 80 dB
| (a) | (b) |
Figure 6. Mel-Spectrogram Representation for (a) Ground Truth (b) Prediction

4.2. Visual Model

The audio autoencoder established in the earlier stage of this study provided a meaningful latent speech
space that captures essential spectral-temporal patterns of speech. This latent representation serves as the target
domain for mapping from visual input. Building on this foundation, the performance of the visual models was
evaluated, with the task of predicting these latent features directly from sequences of lip movements. Four
encoder variants were implemented on the LUMINA dataset: LSTM, Bi-LSTM, Bi-LSTM with 4-head
attention, and Bi-LSTM with 8-head attention. Table 7 summarizes the PESQ, STOI, and ESTOI results across
both individual speakers and multi-speaker subsets.

Table 7. PESQ, STOI, ESTOI for Visual Encoder
. Bi-LSTM + 4-head Bi-LSTM + 8-head

Speaker LST™M Bi-LSTM Attention Attention
PESQ STOI ESTOI  PESQ STOI ESTOI  PESQ STOI ESTOI PESQ STOI ESTOI
P06(m) 1.0323  0.0582 0.3133 1.163  0.5352  0.3399 1.153 0.5248 0.3273 1.152 0.5310 0.3341
P04(m) 1.0326  0.0429 0.3019 1.180 0.5598 0.3177 1.183 0.5614 03112 1.118 0.4119 0.3193
PO&(f) 1.0619 0.0794 0.3233 1272 0.5310 0.3443 1.272 0.5259 0.3423 1.262 0.5297 0.3449
PO3(f) 1.0322  0.0433 0.2172 1.218 0.4526 0.2982 1.209 0.4457 0.2949 1.203 0.4301 0.2825
Male 1.0319 0.4904 0.2518 1.152  0.5309 0.2904 1.150 0,5318 0.2889 1.154 0.5354 0.2934
Female 1.1711  0.5850 0.4023 1.205 0.6105 0.4308 1.214 0.6113 0.4329 1.210 0.6119 0.4330

A distinct difference is evident between male and female voices. Female subsets achieve higher PESQ
scores, reflecting greater perceptual clarity, while male subsets obtain higher STOI and ESTOI scores,
indicating stronger intelligibility due to their lower fundamental frequencies [59][60]. Architecturally, the
baseline LSTM performs the worst, as illustrated by the P06 subset, where STOI is only 0.0582. The
introduction of Bi-LSTM substantially improves intelligibility across all subsets, confirming the benefit of
bidirectional temporal modeling.

The addition of attention mechanisms provides further advantages in multi-speaker scenarios, particularly
in stabilizing intelligibility. For example, STOI in the female subset increases from 0.5850 with LSTM to
around 0.6119 with Bi-LSTM + attention. However, the use of 8-head attention does not consistently yield
improvements and, in some cases, reduces performance. A notable case is the P03 (female) subset, where
ESTOI decreases from 0.2982 with Bi-LSTM to 0.2825 with Bi-LSTM + 8-head attention, suggesting that
excessive attention heads may dilute focus and destabilize predictions.

Among the individual subsets, P03 (female) was selected for closer inspection, as it represents the
most notable decline when increasing the number of attention heads. This subset, therefore, provides a concrete
example to illustrate how over-parameterization in attention design can negatively impact spectral alignment
and intelligibility. To further investigate this phenomenon, attention weight distributions were visualized for
the Bi-LSTM models with 4-head and 8-head attention. As shown in Figure 7, the 4-head configuration
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produces sharper and more diagonal attention patterns, indicating that each head consistently attends to
temporally aligned and complementary regions of the input sequence. In contrast, the 8-head configuration
exhibits more diffuse and overlapping patterns, suggesting that the additional heads fail to provide new
discriminative information.
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Average Attention Map (4-Head)
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Figure 7. Visualization of Average Attention Distributions in Bi-LSTM with 4-Head and 8-Head Attention

Visual inspection of attention distributions in this case reveals that the use of eight heads tends to
spread the focus too evenly across temporal segments, reducing the model’s ability to emphasize the most
informative lip movements. This diluted focus correlates with the observed drop in ESTOI and highlights how
architectural complexity can sometimes hinder, rather than enhance, performance. These findings are
reinforced by STOI analysis, which consistently yields values below the intelligibility threshold of 0.75,
indicating degraded clarity under certain conditions. Figure 8 illustrates an example from the P03 subset,
comparing the ground truth and predicted outputs through waveform, mel-spectrogram, and energy
representations. The comparison shows that the predicted signal exhibits weakened formant structures and
shifted spectral transitions, leading to inconsistent envelope alignment.
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Figure 8. Waveform, Mel-Spectrogram, Energy Representation for (a) Ground Truth (b) Prediction
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STOI itself is a mathematical measure that compares the short-term spectral representations of the ground
truth and predicted signals. The process begins with waveform alignment, followed by transformation into the
frequency domain using the Short-Time Fourier Transform (STFT). Spectral energy is then projected onto
auditory-inspired frequency bands, and energy envelopes are extracted for each band across frames.
Correlations between ground truth and predicted envelopes are computed frame by frame and averaged into a
single STOI score. High correlation indicates good alignment, whereas deviations such as weakened formants,
frequency shifts, or temporal misalignment reduce correlation. In the case of P03 with Bi-LSTM + 8-head
attention, these deviations lowered the frame-wise correlations substantially, producing an overall STOI score
of 0.2825—well below the accepted intelligibility threshold of 0.75. This demonstrates that although the
generated speech may still be partially understandable to human perception, the algorithm penalizes the lack
of spectral correspondence.

As shown in Figure 9, the predicted mel-spectrogram deviates from the ground truth in several time—
frequency regions, particularly in formant transitions. These inconsistencies further reduce frame-wise
correlation and explain why the P03 subset, although producing speech that remains somewhat intelligible to
human listeners, still yielded STOI scores far below the 0.75 threshold under the Bi-LSTM + 8-head attention
model. Taken together, the results in Table 6 confirm that Bi-LSTM remains the most stable and effective
configuration overall, while attention mechanisms provide limited benefits and may even be detrimental when
over-parameterized. Nevertheless, these conclusions are based solely on objective evaluations. To obtain a
more comprehensive perspective, they must be complemented by subjective evaluation through the Mean
Opinion Score (MOS), which captures how human listeners perceive the synthesized speech.
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Figure 9. Heatmap Differences in (a) Mel-Spectrogram and (b) Energy

4.3. Mean Opinion Score (MOS)

In addition to objective evaluation, a subjective assessment was conducted using the Mean Opinion
Score (MOS) test to measure perceptual quality as judged by human listeners. Forty respondents participated
in the evaluation, each of whom was asked to rate the generated speech samples on a five-point scale ranging
from 0 (completely unintelligible) to 5 (highly clear and intelligible). Each participant was presented with
samples generated from all four model variants (LSTM, Bi-LSTM, Bi-LSTM with 4-head attention, and Bi-
LSTM with 8-head attention) across all dataset subsets, ensuring a comprehensive evaluation of both single-
speaker and multi-speaker conditions. The results in Table 8 reveal a clear and progressive trend: as the model
architecture becomes more advanced, perceptual ratings improve across all subsets. The baseline LSTM model
consistently received the lowest MOS values, reflecting its limited ability to capture temporal dependencies
and produce natural-sounding speech. The Bi-LSTM variant provided substantial improvements, underscoring
the advantage of bidirectional temporal modeling. The addition of attention mechanisms further enhanced
perceptual quality, with the Bi-LSTM + 8-head attention model achieving the highest MOS scores across both
individual and multi-speaker datasets. Notably, the improvement was more pronounced in the female subset,
which reached an average MOS of 4.0, compared to 3.6 in the male subset.

These findings also highlight gender-related differences in perceptual preference: synthesized female
voices consistently received higher MOS ratings than their male counterparts. This trend aligns with the
objective evaluation presented in Table 7, where female voices achieved higher PESQ scores, reflecting
perceptual clarity, while male voices performed better in intelligibility metrics. The MOS results confirm that
listeners preferred outputs with clearer perceptual quality, reinforcing the importance of spectral characteristics
in shaping subjective judgments. While the convergence between objective metrics and subjective MOS ratings
strengthens confidence in the overall effectiveness of the proposed models, it remains necessary to establish
whether the observed differences are statistically significant. Descriptive improvements, such as the consistent
gains of Bi-LSTM over LSTM or the higher MOS achieved by attention-based models, might still occur by
chance. To address this, the Wilcoxon signed-rank test was employed as a non-parametric method suitable for
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paired data across model configurations. This statistical validation ensures that the improvements observed are
not only perceptually meaningful but also statistically reliable, providing a stronger foundation for concluding
that the proposed architectural enhancements genuinely contribute to more effective lip-to-speech synthesis.

Table 8. Mean Opinion Score (MOS) across Models and Subsets
Subset LSTM Bi-LSTM  Bi-LSTM + 4 Head Attention  Bi-LSTM + 8 Head Attention

P06(m) 1.8 2.6 3.0 33
P04(m) 1.7 2.5 2.9 32
PO8(f) 2.2 3.0 34 3.7
PO3(f) 1.9 2.7 3.1 35
Male 2.0 2.8 32 3.6
Female 2.5 33 3.7 4.0

4.4. Statistical Significance Analysis (Wilcoxon Test)

To further validate the performance differences observed across the four visual models, a Wilcoxon
signed-rank test was conducted using the PESQ, STOI, and ESTOI metrics. The results are summarized in
Table 9. The analysis indicates that all three enhanced models, Bi-LSTM, Bi-LSTM with 4-head attention, and
Bi-LSTM with 8-head attention, performed significantly better than the baseline LSTM on PESQ and STOI (p
< 0.05). These findings confirm that bidirectional temporal modeling, as well as the integration of attention
mechanisms, provides substantial improvements over the conventional LSTM baseline. With respect to ESTOI,
significant improvements were also observed when comparing LSTM with Bi-LSTM and Bi-LSTM with 4-
head attention, whereas the comparison between LSTM and Bi-LSTM with 8-head attention did not achieve
statistical significance. This outcome suggests that while attention generally contributes to intelligibility,
increasing the number of attention heads may introduce variability that reduces consistency in capturing fine-
grained spectral-temporal details.

By contrast, pairwise comparisons among the Bi-LSTM variants (Bi-LSTM vs. Bi-LSTM + 4-head, Bi-
LSTM vs. Bi-LSTM + 8-head, and Bi-LSTM + 4-head vs. Bi-LSTM + 8-head) yielded no statistically
significant differences (p > 0.05) across any of the three metrics. These results indicate that once bidirectional
processing is introduced, the incremental gains from adding multi-head attention are not sufficiently large to
be distinguished statistically, even though numerical trends suggest slight improvements in certain cases.
Overall, the Wilcoxon analysis reinforces the conclusion that the major performance leap occurs in the
transition from LSTM to Bi-LSTM, which consistently improves both perceptual quality and intelligibility.
Meanwhile, the addition of multi-head attention contributes to perceptual stability and robustness in multi-
speaker contexts, as reflected in MOS results, but does not yield statistically significant gains beyond the
bidirectional baseline.

Table 9. Wilcoxon Results for Pairwise Model Comparisons Across PESQ, STOI, and ESTOI

Comparison PESQ (p-value) STOI (p-value) ESTOI (p-value)
LSTM vs. Bi-LSTM 0.031 (S) 0.031 (S) 0.031 (S)
LSTM vs. Bi-LSTM + 4-Head 0.031 (S) 0.031 (S) 0.031 (S)
LSTM vs. Bi-LSTM + 8-Head 0.031 (S) 0.031 (S) 0.438 (NS)
Bi-LSTM vs. Bi-LSTM + 4-Head 0.688 (NS) 0.438 (NS) 0.156 (NS)
Bi-LSTM vs. Bi-LSTM + 8-Head 0.156 (NS) 0.438 (NS) 0.438 (NS)
Bi-LSTM + 4-Head vs. 8-Head 0.125 (NS) 1.000 (NS) 1.000 (NS)

5. CONCLUSIONS

This study demonstrates the feasibility of lip-to-speech synthesis for Bahasa Indonesia using a two-stage
pipeline with an audio autoencoder and visual encoders. Quantitative evaluations revealed that while the best-
performing configuration, Bi-LSTM with attention, achieved improvements over the baseline LSTM—
reaching PESQ 1.465, STOI 0.7445, and ESTOI 0.5099—it still fell below the generally accepted intelligibility
threshold of 0.75. The results confirm that bidirectional temporal modeling and attention mechanisms can
enhance perceptual clarity and stability, particularly in multi-speaker conditions, yet excessive complexity, as
in the 8-head variant, can reduce intelligibility.

Beyond its methodological contribution, this study provides an initial benchmark for Bahasa Indonesia,
a low-resource language that has received little attention in prior lip-to-speech research. The findings reveal
both the opportunities and challenges of applying multimodal learning to languages with rich syllabic variation
and limited datasets. Practically, the ability to generate speech from silent video has direct implications for
assistive technologies in Indonesia, such as tools for individuals with aphonia or hearing impairment, as well
as applications in education, media accessibility, and communication under noisy conditions.
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Future work should focus on expanding speaker diversity, adopting larger-scale multimodal corpora, and
exploring more advanced architectures such as transformers or diffusion-based models to better capture
spectral-temporal alignment and raise intelligibility scores above the 0.75 threshold.
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