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ABSTRACT

Aphasia affects a person's ability to retrieve words and coordinate the movements of the speech
articulators, resulting in impaired speech production and pronunciation. Current word prediction tools
do not use lip movement patterns, which limits their usefulness for people with speech disorders. This
study aims to predict the word a person intends to say by analyzing both lexical activation and
articulatory stability. A Multi-Frame Transformer (MFT) model that processes five consecutive frames
of lip movements is developed, along with a proposed Single-Frame Transformer (SFT) and three pre-
trained comparative models including BERT, RoBERTa, and a 3D CNN. The proposed MFT model
achieved an 84.50% accuracy, outperforming BERT with 63.33%, the 3D CNN with 51.11%, the Single-
Frame Transformer with 26.67%, and RoBERTa withll.11%. The proposed model maintained 74%
accuracy when word-finding information was missing and 58% accuracy when lip movement
information was missing. These findings show that motor signals are more critical for correct
prediction. The Multi-Frame Transformer (MFT) model can effectively predict intended words from lip
movement patterns, offering a foundation for future communication aids _for people with aphasia.
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1. INTRODUCTION

Communication is essential in daily human life, and the process of communication involves lexical
retrieval. Lexical retrieval is the brain's ability to find and say the right word at the right time [1].
However, for most people, this process happens without effort. But, for individuals with aphasia, which
is often caused by stroke or brain injury, word-finding becomes a daily struggle. A simple conversation
for a person with aphasia can turn into frustrating experience, and it could affect emotional health and
social life [2]. Traditional speech therapy and augmentative communication include tools such as
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example picture boards, cueing techniques, and computer-based word lists. These tools can offer aid to
individuals with speech disorders. However, these systems require physical attendance and assistance
from speech pathologists [3]. Advances in word prediction have progressed over time. Early n-gram
models considered only few previous words, while recurrent neural networks (RNNs) and LSTMs
improved the capability for modeling word sequences [4]. Recently, the emergence of the Transformer
architecture has advanced prediction tasks, using self-attention to analyze all parts of a sentence at once,
allowing the model to better understand the intended context. Besides, BERT has driven further
advances in natural language processing (NLP), yet its application in aphasias communication remains
underexplored [5].

Although word prediction technology has improved significantly in recent years, most existing models
still rely on written text. These models are unable to utilize important physical cues derived from speech
production, such as lip movements [5]. Word retrieval is not only about vocabulary, but also involves
motor planning for individuals with speech disorders to retrieve words. This gap leads to prediction
systems that do not fully support individuals who struggle with language and speech production [6].
Therefore, this study investigates whether a model can predict an intended word by using extracted
features from lip movement patterns rather than raw video together with partial lexical activation
signals. The aim of this study is to explore how well a Transformer-based model can predict a spoken
word using a combination of lexical and articulatory features. Specifically, the work focuses on three
main directions. First, it aims to design a model that can predict words and analyze the stability and
smoothness of a speaker’s lip movements. Second, it compares two approaches for processing video
information. The first approach analyzes a single moment in time, whereas the second observes a short
sequence of moments to capture movement over time. Third, it examines how the model responds when
some information is missing, whether the lexical signal is missing, or the motor signal is absent. These
conditions are intentionally created to understand how the model might perform under conditions
similar to aphasia. However, this study uses only healthy speakers with simulated deficits as a proof-
of-concept.

This study makes three useful contributions to the speech rehabilitation field. First, it provides a new
dataset of Malay words recorded with a lexical confidence index and lip movement features. Second,
this study introduces a Multi-Frame Transformer approach that captures changes in lip movement across
time. Third, this study demonstrates that combining visual articulatory features with lexical information
improves prediction performance. This model offers insight into how the system might still perform
when either cognitive or motor signals are impaired. This proof-of-concept provides a foundation for
the future development toward practical support for people with aphasia.

2. BACKGROUND

Lexical retrieval refers to the mental process of finding and producing a word from memory. For healthy
individuals, this process is fast, normal and automatic [7]. However, aphasia can disrupt this process.
Aphasia most often occurs after a stroke or brain injury, and it affects people in different ways. Some
individuals with aphasia have trouble accessing the mental vocabulary dictionary, which is known as a
lexical deficit. In other cases, people with aphasia may know exactly which word they want to retrieve,
but they struggle to move their lips and tongue appropriately to say it. This condition is called a motor
deficit or is known as apraxia in medical terms [8]. Yet, many aphasia patients experience both types of
problems at the same time. This makes communication unpredictable and frustrating for both the
speaker and the listener.

2.1 Conventional Word Prediction Models

The development of word prediction technology has taken many years of research. Early approaches to
word prediction systems used n-gram models. An N-gram model only processes a small number of
previous words to guess the next one [9]. These models work well for short or very predictable
sentences, but they fail when important information appears far away from the current word. Later,
recurrent neural networks (RNNs) and long short-term memory networks (LSTMs) introduced
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significant improvements [10]. These models maintain a hidden state that carries information through
a sequence. This hidden state allows them to remember earlier words. Even so, RNNs and LSTM:s still
process words one at a time.

2.2 Transformer Models

Transformers introduce a different approach to language processing. A Transformer uses a mechanism
known as self-attention instead of processing words sequentially. This mechanism allows the model to
look at every word in a sentence at the same time, enabling it to determine which words are most
relevant for predicting the next one. As a result, Transformers are more efficient and more effective at
capturing long-distance dependencies [11]. Models like BERT, which are built on the Transformer
architecture, have achieved new benchmarks across many standard language tasks. However, the
application of Transformer models to aphasia communication support remains a new and largely
underexplored area. Most existing work still assumes clean text input, whereas people with aphasia
often produce incomplete or unclear signals. Recent studies have used BERT for text prediction from
aphasic transcripts and Transformers for speech feature prediction. However, these models rely on text
or audio alone. None have combined lexical scores with visual lip features for word prediction.

2.3 Masking for Missing Signals

People with aphasia frequently produce partial information. For example, a person might know the
intended word but cannot pronounce it clearly because of motor difficulties. Another person might
produce clear lip movements but has low confidence in retrieving the correct word. A useful prediction
model needs to handle both motor difficulties and lexical retrieval deficits. Masking is a technique
where the model receives an extra piece of information, indicating which input features are available
and which are missing. The model then learns to rely on whatever signals are present rather than
assuming that all inputs will always be complete. In this study, masking is used to simulate different
types of aphasia conditions, such as when the lexical signal is weak or when the motor signal is weak.
Despite progress in both word prediction and video-based speech analysis, existing model that combine
lexical confidence scores with video-based articulatory features is limited, particularly in the context of
aphasia [12]. This gap in the literature is what motivates the current study. This model uses handcrafted
features, lexical confidence, articulatory stability, and jerk scores from lip landmarks, rather than raw
video frames.

3. EXPERIMENTAL PROCEDURES AND TESTING

This section outlines the experimental procedures including dataset development and feature extraction
for developing Transformer-based models to predict intended words from articulatory signals.

3.1 Dataset Development

This study consists of 900 video recordings from six healthy Malay native speakers, aged 22-35 year.
Each speaker pronounced 30 selected Malay words, with the dataset divided into training, validation
and testing sets. The training set consists of 540 video recordings, with 180 videos each for validation
and testing. A speaker-independent split was used, so recordings from the same person did not appear
in more than one dataset. The previous phase of this research developed a binary classification task to
analyze successful versus unsuccessful communication using a perceptron model. The current study
shifts from binary classification to multi-class classification using the previously proposed perceptron,
where the model predicts which of the 30 words the speaker intends to pronounce. To simulate aphasic
conditions, the dataset was augmented to represent four missing signal conditions:

a) Complete signals, where both x; and x, are accessible
b) Missing x; which simulates a lexical retrieval deficit
c) Missing x, which simulates a motor planning deficit
d) Missing both signals which simulates severe aphasia
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This augmentation results in 3,600 total samples, consisting of 900 original samples under the four
conditions. The training set contains 2,160 samples, while the validation and test sets each contain 720
samples.

3.2 Feature Extraction using Perceptron-based Framework

Prior to developing the Transformer model, a perceptron-based framework was established to extract
and validate the two core communication signals, lexical confidence (x;) and articulatory stability (x,)
is established. This framework was designed to mimic the decision logic of Phonomotor Treatment
(PMT), where successful communication requires both cognitive retrieval and motor planning to be
strong.

The perceptron framework uses AND-gate logic, meaning successful communication is predicted only
when both x; and x, are high. This framework was validated on healthy speakers, achieving 100%
accuracy in distinguishing successful from unsuccessful communication. More importantly, the
perceptron learned word-specific weights for each of the 30 words, revealing that some words rely more
on lexical confidence while others rely more on articulatory stability. These learned weights serve as
the foundation for the Transformer model in this current study.

3.2.1 Input Features

Table 1 shows the list of 30 Malay words, with their extracted feature values. Each sample consists of
three features extracted from each video frame:

a) x; (Lexical confidence): A continuous value between 0 and 1 derived from the word familiarity
index. A value of 1.0 indicates that the word is highly familiar, while a value close to 0 indicates
lower familiarity. This feature represents the cognitive component of word retrieval.

b) x, (Articulatory stability): A binary value of 0 or 1 indicating whether the lip movements are
stable (1) or unstable (0). This feature is derived from MediaPipe FaceMesh lip tracking, where
jerk scores are calculated and thresholded at the 90™ percentile. This feature represents the
motor planning component of speech production.

c) Jerk score: A continuous value between 0.0012 and 0.00996 measuring the smoothness of lip
movements. Lower values indicate smoother and more stable articulation.

All words have x, = 1 except for ‘kaki’. This finding is because the 90" percentile threshold was set
using healthy speakers with clear speech, so most words had stable lip movements. The word ‘kaki’ had
unstable movements due to its unique lip shape involving bilabial and velar sounds. This movement
produced jerk scores higher than the threshold.

Table 1. Feature Values for All 30 Malay Words

No. Word X1 Xo Jerk Score
(Lexical Confidence) (Articulatory Stability)
1 awak 0.1667 1 0.005941
2 ayam 0.6667 1 0.003812
3 baca 0.5000 1 0.005970
4 bangun 0.3333 1 0.005677
5 berjalan 0.2500 1 0.004789
6 buku 0.5833 1 0.002716
7 bunga 0.4167 1 0.004823
8 burung 0.3333 1 0.003380
9 duduk 0.5000 1 0.002784
10 ikan 0.7500 1 0.003628
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No. Word X1 Xo Jerk Score
(Lexical Confidence) (Articulatory Stability)

11 kaki 0.0000 0 0.003527
12 keluar 0.2500 1 0.005199
13 makan 0.8333 1 0.006413
14 mandi 0.6667 1 0.005588
15 marah 0.3333 1 0.006047
16 mata 0.5833 1 0.005867
17 minum 0.8000 1 0.004723
18 nak 0.9167 1 0.004894
19 nasi 0.7500 1 0.003156
20 rumah 0.5000 1 0.007088
21 sakit 0.8667 1 0.004037
22 saya 1.0000 1 0.002864
23 tangan 0.4167 1 0.003927
24 tengok 0.3333 1 0.003589
25 terima kasih ~ 0.9167 1 0.006741
26 tidak 0.9667 1 0.003358
27 tidur 0.6667 1 0.003386
28 tolong 0.5000 1 0.002895
29 tulis 0.4167 1 0.005233
30 ya 0.9833 1 0.003396

4. THEORITICAL PROCEDURE AND TESTING

As mentioned in Section 3, the perceptron framework validated that articulatory confidence (x;) and
articulatory stability (x,) are meaningful signals for predicting communication success. The perceptron
revealed that different words have different reliance patterns with some depending more on lexical
confidence, and others depending more on articulatory stability. However, the perceptron could only
answer a binary question, for example, "will communication succeed or fail?" Therefore, it could not
determine which word the speaker intended to say.

The current study extends this work by developing a Transformer model that uses the same x;, x5 and
jerk features to predict the specific word the speaker intends to pronounce. While the perceptron
provided a foundation, the Transformer can answer more clinically valuable questions such as, "what
word is the patient trying to say?" This motivation leads to the methods using articulatory confidence
(x1) and articulatory stability(x;), and the design of the proposed Transformer.

4.1 Proposed Transformer Architecture
This section describes the proposed Multi-Frame Transformer (MFT) architecture. The input structure,
data preparation pipeline, and each component of the Transformer model are explained in detail.

4.1.1 Input Structure for Transformer

Input to the Transformer model is structured as a sequence of vectors [13]. In contrast to the comparative
models that process input sequentially over time, the Transformer can capture temporal dependencies
by analyzing multiple consecutive frames. Sequences of five consecutive frames are created in this
study. The input tensor shown in Eq. (1) has the shape:

Input shape = (batch size,sequence length, number of features) = (32,5, 3) (D)
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4.1.2 Raw Input to Transformer: Data Preparation Pipeline
Transforming raw video data into Transformer input requires several steps:

Step 1: Feature Extraction from Video. Twenty-two lip landmarks using MediaPipe FaceMesh were
extracted from each video frame. Jerk scores were computed based on these landmarks, while x; was
derived from the word familiarity index. This process generates a series of feature vectors.

Step 2: Sequence Creation. Rather than processing frames independently, five consecutive frames are
combined into a single sample. This sequence is sufficient to capture articulatory patterns as a sequence
length of five was selected because it captures approximately 0.5 seconds of speech at a 10-fps analysis
rate while maintaining computational efficiency.

Step 3: Mask Generation. A mask value of 1 indicates that the feature is present in each frame, while
0 indicates that the feature is missing, thereby simulating the deficits associated with aphasia. The mask
is passed through the Transformer input, allowing the attention mechanism to ignore missing values.

Step 4: Batch Formation. Multiple samples are grouped into batches of size 32 for efficient processing.
The final input tensor has shape (32, 5, 3).

4.2 Proposed Transformer Architecture

The Transformer is a neural network architecture that relies entirely on attention mechanisms to capture
relationships between elements in a sequence. Unlike recurrent neural networks (RNNs) that process
sequences step-by-step, the Transformer processes all elements in parallel, making it more efficient and
better at capturing long-range dependencies [ 14]. Figure 1 shows the flow of the proposed Transformer
model for this study.

Input Preparation » Feature Embedding Layer Signal Availability Mask
Feed Forward Network (FFN) Multi-Head Self-Attention Positional Encoding

v

\4

Residual Connections and Layer Normalization Pooling and Classification Head

Figure 1. Flow of the Proposed Transformer Model

4.2.1 Feature Embedding Layer

Feature Embedding Layer is the first component of the Transformer architecture [15]. The input features
are 3-dimensional (X1, Xz, and jerk) and are initially in a low-dimensional space. To allow the model to
learn more information, a higher-dimensional space, where d,,,q.; = 128, is implemented using a linear
transformation:

embedding = Linear(X) = X - Wempea + Dembed 2)

In Eq. (2), Wempeq 1s @ weight matrix of shape (3, 128) and b,ypeq 1S @ bias vector of size 128. After
this projection, each frame is represented by a 128-dimensional vector, resulting in an output tensor of
shape (batch, 5, 128).

4.2.2 Signal Availability Mask

Component 2 in the proposed Transformer architecture is the Signal Availability Mask. To handle
missing signals which simulates aphasic deficits, a mask that zeroes out unavailable features is applied
before they enter the attention mechanism. For each feature in each frame, a mask value of 1 indicates
that the feature is accessible, while 0 indicates that it is missing. The mask is applied as:
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eXmaskea =X OM 3)

Eq. (3) shows that ® denotes element-wise multiplication. For example, when X is missing simulating
lexical retrieval failure, the mask for that feature is 0, setting x4 to 0. This allows the model to learn to
rely on available signals when others are missing.

4.2.3 Positional Encoding

Transformers process all frames in parallel, and Eq. (4) and Eq. (5) illustrate the third component, which
is positional encoding. To pass information about the position of each frame in the sequence, sinusoidal
positional encodings are added to the embedded inputs [ 16]. Sinusoidal positional encodings are defined
as follows:

pE y pos 4
(wos:20) = S0 00077dmoqer) @
PE. = cos(— P25 R

(wos,2i+1) = COS (750002 dmoae) ©

The position in the sequence is denoted by pos (0 to 4 for 5 frames), i is the dimension index,
and d,;40 = 128. These sinusoidal functions allow the model to learn the relative positions in the
sequence.

4.2.4 Multi-Head Self-Attention

The core innovation of the Transformer is the self-attention mechanism. For each frame, self-attention
computes a weighted sum of all frames in the sequence, where the weights represent how much each
frame should attend to the others. The attention mechanism is based on three matrices derived from the
input [17]:

I.  Query (Q): What information is the current frame looking for?
II. Key (K): What information does each frame contain?
III.  Value (V): What actual information is passed forward?

The attention weights are computed using the scaled dot-product attention formula:

T

Attention(Q,K,V) = softmax(Q

Jax

The division by /d} where d;, = 128/8 = 16 per head prevents the dot products from becoming too
large, which would push the softmax into regions with extremely small gradients like shown in Eq. (6).

) (6)

Multi-head attention runs this mechanism multiple times in parallel which have 8 heads in the proposed
model, each with different learned projections. This allows the model to attend to different types of
relationships simultaneously. For example, one head might learn to focus on changes in x; over time,
while another head learns patterns in jerk scores, and another one learns the relationship between x;
and x,.

4.2.5 Feed Forward Network (FFN)

After the multi-head attention, each frame is passed through a position-wise feed-forward network [18]:

FFN(x) = GELUxW, + b;)W, + b, (7)

Eq. (7) shows that W; which projects from 128 to 512 dimensions and GELU is the activation
function. W, then projects back from 512 to 128 dimensions. This FFN applies the same transformation
to each frame. This transformation allows the model to learn complex non-linear relationships that the
perceptron could not capture.
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4.2.6 Residual Connections and Layer Normalization

Each sub-layer (attention and FFN) is wrapped with a residual connection followed by layer
normalization:

Output = LayerNorm(x + Sublayer(x)) ()

Residual connections allow gradients to flow directly through the network, preventing the vanishing
gradient problem in deep networks [19]. Layer normalization stabilizes training by normalizing
activations across the feature dimension, as shown in Eq. (8).

4.2.7 Pooling and Classification Head

After passing through four encoder layers, a sequence of five vectors, each with a dimension 128, is
subjected to mean pooling to produce a single prediction for the entire sequence:

1 5
hpooled = g ht (9)

t=1

Eq. (9) shows that h; represents the representation of frame t. This pooled vector is then passed through
a two-layer classification head:

logits = W, - ReLU(W; - hyooted + b1) + b (10)

where W, maps 128 — 32, and W, maps 32 — 30 as shown in Eq. (10). The final output is a 30-
dimensional logits vector, which is converted to word probabilities using the softmax function in Eq.

(11):
elogitsi

30 elogitsj (11)

j=1

p(word;) =

The predicted word is the one with the highest probability as computed by Eq. (12):

¥y = arg max; p(word;) (12)
The cross-entropy loss function is defined as:

30
L=- e log(¥;) (13)

4

where y; is 1 for the true word and 0 for all others, and ¥; is the predicted probability for word i, as
shown in Eq. (13).
Figure 2 shows the summary flow of the proposed MFT Transformer using articulatory confidence (x;)
and articulatory stability (x,).
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INPUT (Partial Signals)
Xi (0-1) | X2 (0/1) | Jerk (0-0.01)
Shape: (batch, 5, 3)

v

FEATURE EMBEDDING LAYER
(Linear projection: 3 — d ;0401 =128)
Each feature vector is projected to a higher-dimensional space (128-dim),
Output shape: (batch, 5, 128)

v

SIGNAL AVAILABILITY MASK
[1,1,1] complete | [0,1,1] missing x4
Mask is applied to zero out missing features before attention

v

POSITIONAL ENCODING
Adds information about position in sequence (frame 1, 2, 3, 4, or 5)
Output shape: (batch, 5, 128)

TRANSFORMER ENCODER (x4 layers)

Multi-Head Self-Attention (8 heads)
Each head learns different relationships
between frames

Add & LayerNorm

(Residual connectio* + norm)

Feed-Forward Network (FFN)
Linear (128 — 512 — 128)
Activation: GELU

Add & LayerNorm

POOLING LAYER
Mean pooling across sequence: Average of 5 frame representations
Output shape: (batch, 128)

v

CLASSIFICATION HEAD
Linear (128 — 32) + ReLU + Dropout Linear (32 — 30),
Output shape: (batch, 30)

v

SOFTMAX + WORD PREDICTION
p(word) = softmax(logits)
¥ = argmax(p) — predicted word
Output: Word from 30 classes

v

OUTPUT

Figure 2. Summary Flow of the Proposed Transformer Model
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4.2.8 Loss Function

The model is trained using the cross-entropy loss function, which is the standard choice for multi-class
classification problems. Cross-entropy measures the difference between the predicted probability
distribution and the true distribution, where the correct word has probability 1 and all others have 0
[20]. The loss function is defined as:

30

L==)  Yilgd (14)
i=

Eq. (14) shows that y; is 1 for the true word and 0 for all other words, and ¥; is the predicted probability
for word i from the softmax output.

When the model outputs a low probability for the correct word, the loss imposes a larger penalty. This
loss is minimized by the optimizer during training, directing the model toward more accurate
predictions.

4.3 Training Configuration

The proposed MFT model was trained using the AdamW optimizer with a learning rate of 5e-4 and
weight decay of le-4. These parameters provide adaptive learning with regularization to minimize
overfitting. A batch size of 32 was selected to balance memory constraints against gradient stability.
The model was trained for 150 epochs, providing sufficient time for full convergence according to the
validation curve. Gradient clipping was applied at maxnem = 1.0 to prevent exploding gradients. A
ReduceLROnPlateau scheduler was employed to reduce the learning rate by a factor of 0.5 whenever
the validation loss plateaued for 10 epochs, ensuring stable convergence. Cross-entropy loss served as
the loss function, which is standard for multi-class classification tasks. All experiments were carried out
in a Google Colab environment using PyTorch 2.0. The model was trained on a CPU (Intel Xeon) due
to its modest parameter count of approximately 799,000 parameters, with a total training time of
approximately 20-30 minutes for 150 epochs.

4.4 Baseline Model for Comparison: Singel-Frame Transformer (SFT)

A simpler baseline model called the Single-Frame Transformer (SFT) is developed to evaluate the
effectiveness of the proposed Multi-Frame Transformer (MFT). The SFT uses the same architecture as
the MFT but with two key differences. First, the SFT processes only a single frame at a time instead of
five consecutive frames. This model has no access to temporal information about how lip movements
change over time. Second, it uses a smaller configuration with d 4. = 64, 4 attention heads, 3
transformer layers, and a feed-forward dimension of 256. This architecture results in approximately
153,000 trainable parameters compared to the MFT's 799,000 parameters.

The baseline serves three purposes. First, the SFT provides a benchmark to evaluate how processing
multiple frames improves performance over single-frame analysis. Second, the SFT allows the
contribution of temporal information to be separated from the impact of increased model capacity. By
comparing the SFT and MFT, it can be determined whether the MFT’s performance improvement
results from motion over time or simply from having more parameters. Third, the SFT offers a baseline
reference for the minimum performance expected from a Transformer-based model. The improvement
can be attributed to the additional temporal information captured by the multi-frame design if the SFT
performs poorly while the MFT performs well. This baseline is crucial for validating the core innovation
of this study.

This section outlined the experimental procedures used to develop Transformer-based models capable

of predicting intended words from articulatory signals. The dataset, feature extraction methods, model
architecture, and training configurations were also discussed in this section. The proposed Multi-Frame
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Transformer (MFT) processes five consecutive frames to capture temporal lip movement patterns,
alongside a baseline Single-Frame Transformer (SFT) implemented for comparison purposes.

S. DISCUSSION ON RESULTS

In this study, two Transformer models are proposed and compared against three pre-trained comparison
models to predict a speaker’s intended word from articulatory signals. The first proposed model, Single-
Frame Transformer (SFT), serves as a baseline. It processes only one frame at a time and uses a smaller
architecture with d,,q.; = 64, 4 attention heads, and 3 layers. The second proposed model, called the
Multi-Frame Transformer (MFT), processes sequences of five consecutive frames and uses a larger
architecture with d .41 = 128, 8 attention heads, and 4 layers. Three additional pre-trained models were
also implemented for comparison with the proposed models: BERT (Bidirectional Encoder
Representations from Transformers), ROBERTa (Robustly Optimized BERT Pretraining Approach), and
a 3D CNN Lip Reader. All models take the same three input features of lexical confidence (x;),
articulatory stability (x,), and jerk score. This section presents the results of all five models and
discusses the implications of their performance.

5.1 Comparative Pre-Trained Models

5.1.1 BERT (Bidirectional Encoder Representations from Transformers)

BERT is a pre-trained transformer model that learns contextual relationships by predicting masked
words using both preceding and following words. For this task, BERT was adapted to predict missing
words from partial communication inputs by converting the three features (x4, x,, jerk) into descriptive
text strings. BERT was trained for 20 epochs on the same dataset, as shown in in Figure 3.

BERT - Training and Validation Loss o BERT - Training and Validation Accuracy
33 = Train Loss Train Accuracy
= Validation Loss —— Validation Accuracy
Chance Level: 3.33%
30 0.8
2.5
> 0.6
8
g 5
Sz g
< 0.4
1.
0.2
1.0
T r : T T T v T 0.0 r T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Epoch Epoch

Figure 3. BERT Model Performance Loss and Accuracy

BERT achieved a best validation accuracy of 66.11% and a test accuracy of 63.33%. This performance
is above the chance level of 3.33% and demonstrates that pre-trained language models are capable of
leveraging semantic word relationships even without access to temporal lip movement data. However,
BERT's performance was still limited by its inability to access the temporal dynamics of articulation.

5.1.2 RoBERTa (Robustly Optimized BERT Pretraining Approach)

RoBERTa is a refined version of BERT trained with more data, dynamic masking, and larger batch
sizes. For this task, RoOBERTa was adapted using the same text input format as BERT and trained for 20
epochs. RoBERTa performed poorly, achieving only 11.11% validation accuracy and 11.11% test
accuracy, as shown in Figure 4. This result is only slightly above chance level of 3.33%. The poor
performance suggests that ROBERTa's larger and more complex architecture may have overfitted the
relatively small dataset with 2,160 training samples. Unlike BERT, which has 110 million parameters,
RoBERTa's larger capacity with 125 million parameters proved to be a disadvantage for this specific
task with limited training data.
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Figure 4. RoOBERTa Model Performance Loss and Accuracy

5.1.3 3D CNN Lip Reader

The 3D CNN Lip Reader uses 3D convolutional neural networks to process sequences of frames and
learn joint spatial-temporal features. For this task, the 3D CNN was adapted to process simulated 3D
inputs created from the 1D features of x4, x,, and jerk and arranged into a volume of shape (1, 5, 3, 3).
The model was trained for 50 epochs.
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Figure 5. 3D CNN Model Performance Loss and Accuracy

Figure 5 shows that the 3D CNN achieved a best validation accuracy of 55.56% and a test accuracy of
51.11%. The 3D CNN outperformed both RoOBERTa, demonstrating that processing temporal sequences
provides an advantage over single-frame analysis. However, the model’s performance was still lower
than that of BERT and significantly lower than that of the proposed MFT. The simulated 3D inputs from
1D features did not provide enough spatial information for the 3D CNN to fully capture the complexity
of lip movements.

5.2 Baseline Model: Single-Frame Transformer (SFT)

5.2.1 Training and Validation Performance

Single-Frame Transformer (SFT) was trained on 2,160 samples and validated on 720 samples over 100
epochs. The training loss dropped from 2.75 to 2.45 over 40 epochs, while the validation loss decreased
from 2.57 to 2.30. However, the model stopped early at epoch 46 because there was no improvement in
validation accuracy for ten consecutive epochs.

The validation accuracy started very low at 3.33% and slowly improved to a peak of 26.67%. This result
means that even after training, the SFT could only correctly predict the intended word in approximately
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one out of every four attempts, as shown in Figure 6. The training and validation losses remained close
to one another, indicating that while the model was not overfitting, it was also not learning effectively.

5.3 Proposed Model: Multi-Frame Transformer (MFT)
5.3.1 Multi-Frame Transformer (MFT) Findings

Multi-Frame Transformer (MFT) was trained on 2,156 samples. These samples are slightly fewer
because creating five-frame sequences reduces the total count. The model was validated on 716 samples
over 150 epochs. The training loss dropped from 1.39 to 0.66, while the validation loss decreased from
1.22 to 0.39. These loss values are considerably lower than the SFT, indicating that the MFT learned to
make more accurate predictions.

The validation accuracy improved over 150 epochs, as shown in Figure 7. It started at 7.26% and
steadily increased, reaching the best validation accuracy of 84.64% at epoch 128. Unlike the SFT, this
model continued to learn throughout the entire training process and showed no indications of early
stopping. By examining five consecutive frames, the MFT was able to learn how the lips move over
time. With this temporal information, the model could differentiate between words that might appear
similar within a single frame.
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Figure 6. SFT Model Performance Loss and Accuracy
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Figure 7. MFT Model Performance Loss and Accuracy

5.3.2 Test Set Performance
Evaluation on the test set of 716 samples achieved a test accuracy of 84.50% for the MFT. This result
represents an improvement over all comparative models presented in Table 2.

The MFT correctly predicted 605 out of 716 words. More importantly, the model's performance
achieved an improvement of 81.16% over random guessing of 3.33%. This result shows that the MFT
correctly identifies the intended word around eight to nine times for every ten attempts. The MFT
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demonstrates that temporal patterns in lip movements are crucial for differentiating between different
Malay words. The lip movements follow different trajectories over time when a person pronounces
"makan" (eat) and "minum" (drink). The MFT model learned to recognize these trajectories, whereas
the SFT, BERT, and RoBERTa were unable to capture the patterns [3].

Table 2. A sample table for the manuscript

Model Comparison Improvement (Pecentage Points)
MFT vs SFT (26.67%) +57.83
MFT vs BERT (63.33%) +21.17
MFT vs RoBERTa (11.11%) +73.39
MFT vs 3D CNN (51.11%) +33.39

5.3.3 Per-Word Prediction Performance

The SFT achieved a test accuracy of 26.67%, which is above the chance level of 3.33% on the test set
of 720 samples. The chance performance is calculated as 1/30, or 3.33% with 30 possible words to
choose from which represents the expected performance of random guessing. The confusion matrix
indicated a nearly random pattern of predictions, with correct guesses scattered across 30 words. Across
the entire test set, SFT correctly predicted very few words consistently, and most words were not
predicted correctly. The SFT model failed because speech is temporal in nature and the model could not
understand how lip movements change over time, which is essential for differentiation between words
that look similar within a single frame. As example, the words "baca" and "buka" might appear very
similar when only a single frame of lip movement is seen. The model cannot differentiate between these
words on how the lips change across several frames. This limitation shows that single-frame analysis is
not sufficient for word prediction based on articulatory signals.

Analysis of per-word F1-score showed that the MFT performed very well on most words. Ten words
achieved near-perfect F1-scores above 0.9, including "awak," "kaki," "makan," "minum," "sakit," and
"tidak." These words either tend to be higher frequent daily use or characterized by distinct lip
movement patterns. Twelve words including "bangun," "berjalan," "bunga," "keluar," "nasi," and "tidur"
have achieved good performance with F1-scores between 0.7 and 0.9. Five words of "mata," "tangan,"
"burung," "buku," and "ayam" showed moderate performance with F1-scores between 0.5 and 0.7. Only
three words showed poor performance with Fl-scores below 0.5, "baca" with 0.452, "tengok" with
0.400, and "mata" with 0.556, which these words may have similar lip movement patterns to other
words. Confusion matrix displays a strong diagonal pattern which means most predictions fell on or
near the correct word. The most common misclassifications included "baca" being frequently mistaken
for other words, reflecting its low recall of 29.2%, with "tengok" being correctly predicted only 25%
recall, and "mata" showing moderate confusion with visually similar words. Certain words have similar
lip movement patterns, for example, "baca" (read) and "buka" (open) involve similar lip shapes. The
confusion matrix provides valuable information to improve the model by focusing on the most
frequently confused word pairs.

5.4 Comparison between Proposed Models and Comparative Pre-trained Models

The MFT outperformed all comparative models as demonstrated in Table 3. It achieved 84.50%
accuracy, which is 21.17% higher than BERT (63.33%), 33.39% higher than the 3D CNN (51.11%),
57.83% higher than the SFT (26.67%), and 73.39% higher than RoBERTa (11.11%). These results
demonstrate that the MFT is better for the task of word prediction from articulatory signals.

The success of the MFT can be attributed to three key factors. The first factor is temporal
processing. The sequence length of five frames allowed the model to see how the lips move over time.
The feature that distinguishes different words is the pattern of lip movement over time. BERT and
RoBERTa did not incorporate any temporal information, whereas the 3D CNN only had simulated
temporal information derived from 1D features. The second factor is model capacity. With 799,000
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parameters, the larger capacity of the MFT provided greater learning capacity to capture complex
relationships compared to the SFT, which has 153,000 parameters. BERT and RoBERTa have much
larger capacities, ranging from 110 to 125 million parameters, but their pre-training on text did not
transfer well to the specific task of lip movement prediction. Figure 8 visualizes the five models’
performance comparison.

Table 3. Performance of Model Comparison

Performance Improvement over

ison Meth Model P
Comparison Method ode Accuracy (%)  Chance Level (%) arameters
Text-Based Pre- BERT (Text String) 63.33 60.00 110M
trained Transformer RoBERTa (Text String)  11.11 7.78 125M
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atio-Tempora
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Figure 8. Model Performance Comparison

The last factor is the attention mechanism. Unlike the 3D CNN, which uses convolutional filters, the
MFT employs self-attention to weigh the importance of different frames and different features. This
mechanism allows the model to focus on the most informative parts of the lip movement sequence. As
for example, in simple terms, the SFT tried to identify a song by listening to a single note. BERT and
RoBERTa tried to identify a song by reading its lyrics which are the text description without hearing
the melody. The 3D CNN tried to identify a song by looking at a low-resolution spectrogram. The MFT
listened to the entire melody. The melody over time is what makes each word unique.

5.5 Model Performance under Aphasia Simulation
5.5.1 Complete Signals (x1 + x3)

When both signals were accessible under complete communication conditions, the MFT achieved its
best performance accuracy with 84.50%. This result represents normal communication where the
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speaker can both retrieve the word (high x;) and articulate it stably (x, = 1). This condition serves as
the baseline for the other missing conditions.

5.5.2 Missing Xi (Lexical Deficit)

When lexical confidence (x;) was missing, a patient cannot retrieve the word but can still move their
lips stably. The proposed MFT model's accuracy dropped to 74%. This finding represents a drop of
10.50% from the complete signals condition and this result is important to show the model can partially
compensate for missing lexical information by relying on lip movement patterns alone. Even when the
patient cannot find the word in their memory, the system can observe their lip movements and correctly
guess the intended word about three out of four times.

5.5.3 Missing X: (Motor Deficit)

When articulatory stability (x,) was missing, simulating a patient who knows the word but has unstable
lip movements. The proposed MFT model's accuracy dropped to 58%, representing a decrease of
approximately 26% from the complete signals condition. This result indicates that motor signals are
more critical than lexical activation signal for accurate prediction. When the patient's lip movements
are unstable causes the model struggles to identify the intended word. This finding aligns with clinical
observations which patients with motor deficits (apraxia), are harder to understand than patients with
word-finding difficulties.

5.5.4 Missing Both Signals (Severe Aphasia)

When both signals were missing, this condition indicated severe aphasia, where the patient can neither
retrieve the word nor produce stable articulation. The proposed MFT model's accuracy remained around
57%. This is likely the same as the missing x, condition. This finding suggests that when motor
information is unavailable, the model cannot compensate effectively, even with lexical information.

Motor signals (x,) and the continuous jerk score appear to be more important than lexical signals (x;)
for accurate word prediction. When motor information was available (missing x; condition), the MFT
model maintained 74% accuracy. When motor information was missing (missing x, condition),
accuracy dropped to 58%. This suggests that a clinical system should prioritize capturing high-quality
articulatory data. For patients with apraxia of speech, additional support or alternative input modalities
may be needed. For patients with anomic aphasia, who have word-finding difficulties, the system may
be quite effective using only lip movement patterns. Figure 9 shows the MFT model’s performance
under different signal availability conditions.

Model Performance Under Different Signal Availability Conditions
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Figure 9. Model Performance under Different Signal Availability Conditions
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5.6 Discussion

To the best of our knowledge, this is the first study to apply Transformer-based models to predict
specific words from lip movement patterns for aphasia communication. Previous work has utilized
Transformers for text prediction from aphasic transcripts and for speech feature prediction. But none of
them have combined multi-frame lip movement features with lexical confidence scores for word
prediction in aphasia. The masking approach is consistent with prior simulation studies in aphasia
research [12]. This method is commonly used to address patient recruitment challenges and to allow
controlled testing of how models respond to missing signals. However, an important limitation is that
all participants were healthy speakers with simulated aphasic conditions. Masking techniques cannot
fully replicate real aphasic speech, which includes articulatory distortions and inconsistent performance.
Therefore, the results need validation with actual patients. The dataset is also small with only 900
recordings from six speakers, and the increase to 3600 samples came from artificial masking, not real
data. This may cause overfitting and limit how well the model works on new data. A speaker-
independent split was implemented to prevent data leakage, ensuring that recordings from the same
speaker did not appear in multiple splits. The model uses three handcrafted features from lip landmarks
rather than raw video input. While these features save computation, it may lose subtle lip movement
details.

The five-frame length was chosen based on phoneme duration, but the best length was not tested. The
articulatory stability features x, had low variety, with only one word below the threshold. This feature
may limit the model’s learning for unstable speech and should be improved in future data collection.
Previous studies have focused on binary classification using perceptron models, as in the prior phase of
this research. Other studies have used traditional machine learning approaches for gesture or speech
recognition, but studies specifically targeting the integration of lexical confidence scores with
articulatory stability metrics remain limited. The results show the potential of using multimodal
articulatory features for word prediction in simulated aphasic conditions. However, since no actual
patients were tested, clinical interpretations are speculative and need patient studies before any practical
recommendations can be made. The findings reflect proof-of-concept on healthy speakers with masked
signals.

This section presents the results of two Transformer models for predicting intended words from
articulatory signals. The Single-Frame Transformer (SFT) achieved test accuracy of 26.67%, showing
that a single-frame framework is insufficient for this task. The proposed Multi-Frame Transformer
(MFT) achieved test accuracy of 84.50%, with an improvement of 57.83% over the SFT. The MFT
performed particularly well on common words, with perfect or near-perfect accuracy on 10 words. The
model maintained 74% accuracy under aphasia simulation when lexical information was missing but
dropped to 58% when motor information was missing. This finding indicates that motor signals are
more critical for prediction tasks. These results demonstrate that Transformer models can effectively
predict intended words from articulatory signals, providing the groundwork for real-time
communication systems for individuals with aphasia.

6. CONCLUSION AND RECOMMENDATIONS

This study has successfully developed a Multi-Frame Transformer (MFT) model that predicts intended
words from articulatory signals. The proposed model achieved an 84.50% test accuracy on a 30-word
vocabulary. The model demonstrates potential as a future word suggestion system, but it requires
validation on actual patient data. The MFT outperformed the baseline Single-Frame Transformer (SFT),
and the three comparative pre-trained models, demonstrating that temporal patterns in lip movements
over five consecutive frames are crucial for word prediction. The model maintained an accuracy of 74%
when lexical information was missing under aphasia simulation which simulates anomic aphasia.
Additionally, the model achieved an accuracy of 58% when motor information was missing which
simulates apraxia of speech, indicating that motor signals are more important for accurate prediction.
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As a recommendation, future work should focus on validating the MFT with real patients with aphasia
to determine whether the findings translate to real-world speech patterns. Next, the dataset should be
expanded with more participants and real recordings form patients with aphasia, and the vocabulary
should be broadened beyond 30 words. Future work should investigate different sequence lengths to
find the best window for capturing lip movements. Furthermore, additional modalities such as audio
signals or facial expressions should be integrated to improve accuracy, particularly for patients with
motor impairments. Furthermore, the model should be implemented as a real-time communication aid
and tested in clinical settings. Finally, patient-specific adaptation should be explored, allowing the
model to learn from individuals’ unique speech patterns over time to improve personalized performance.
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    W 1


    W 2


  Output = LayerNorm ( x + Sublayer ( x ) )
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