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Abstract
This paper presents a novel metric learning approach to address
the performance gap between normal and silent speech in vi-
sual speech recognition (VSR). The difference in lip movements
between the two poses a challenge for existing VSR models,
which exhibit degraded accuracy when applied to silent speech.
To solve this issue and tackle the scarcity of training data for
silent speech, we propose to leverage the shared literal content
between normal and silent speech and present a metric learning
approach based on visemes. Specifically, we aim to map the
input of two speech types close to each other in a latent space
if they have similar viseme representations. By minimizing the
Kullback-Leibler divergence of the predicted viseme probabil-
ity distributions between and within the two speech types, our
model effectively learns and predicts viseme identities. Our
evaluation demonstrates that our method improves the accuracy
of silent VSR, even when limited training data is available.
Index Terms: visual speech recognition, silent speech, metric
learning

1. Introduction
Visual speech recognition (VSR), also known as lipreading,
aims to recognize spoken words based solely on visual inter-
pretation of lip movements [1, 2]. Since VSR is independent
of background noise or sound quality, it has attracted signif-
icant attention as an alternative to traditional speech recog-
nition, which relies on audio input. VSR also serves as a
valuable communication tool for individuals with hearing or
speech impairments. Consequently, VSR has already been im-
plemented in practical systems such as the silent speech inter-
face (SSI) [3, 4], which enables users to input text or operate
smartphones through non-vocalized (i.e., silent) speech.

One of the major challenges in VSR is the difference in
speech format, especially between vocalized (i.e., normal) and
silent speech. Studies indicate that in silent speech, individu-
als tend to move their mouths more extensively than they do
in normal speech [5, 6]. Currently, most VSR datasets contain
normal speech data, as they are readily obtainable from TV pro-
grams [7] or the internet [8]. Consequently, VSR models in-
tended for silent speech are typically trained on normal speech
data, resulting in sub-optimal performance [9, 10].

A common approach to address the issue of data variance
in VSR is to augment the training data to cover all possible vari-
ants by collecting or creating them automatically. This method
has proven successful in speaker-independent [11] and pose-
invariant lipreading [12, 13]. However, it is challenging to ap-
ply this approach to silent speech recognition due to the scarcity
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Figure 1: Our method employs metric learning in a latent space
to establish relationships between normal and silent speech in-
stances through shared visemes.

of public datasets and the need for manual data collection. In
practice, the largest available dataset for normal speech contains
over 150,000 samples [8], while the largest dataset for silent
speech has only up to 4,600 samples [10].

In this paper, we present a novel metric learning method
based on visemes. We observe that normal and silent speech
may visually differ, but share the same literal contents (i.e., un-
derlying texts). In the context of VSR for silent speech, it is de-
sirable for a model to recognize input videos from normal and
silent speech as similar when they have the same literal repre-
sentation (or expected outputs). Visemes, the smallest units of
visually indistinguishable lip movements [14] that are uniquely
derived from phonemes and words, can capture the shared infor-
mation between normal and silent speech†. Thus, we propose to
focus on visemes to develop our novel metric learning method.

To facilitate the proposed learning method and address the
accuracy imbalance between normal and silent speech, we pro-
pose to utilize a two-stage VSR model [16, 17], comprising a
video-to-viseme (i.e., visual) model and a viseme-to-text (i.e.,
language) model. Our method enforces the visual model to map
input videos of normal and silent speech close to each other in a
latent space, provided they share the same viseme (see Fig. 1).
Specifically, each point in the latent space represents a proba-
bility distribution as estimated visemes, and we minimize the
Kullback-Leibler (KL) divergence between the two probabil-
ity distributions of the two types of speech. Additionally, our
method extends to visemes within the same speech type, but
presenting in different positions within the same text. This al-
lows the model to learn viseme identities, as well as to estimate
visemes independently.

†This is because visemes are uniquely decided based on a group
of phonemes, the smallest units of speech sounds [15], which are also
uniquely derived from words or sentences.
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Figure 2: Two-stage VSR model incorporating a visual model and a language model. Our approach incorporates metric learning into
the visual model outputs, representing viseme probability distributions of normal and silent speech data inputs.

The main contribution of this study is to propose a
novel learning method to leverage already existing yet limited
amounts of silent speech data more efficiently. Our method
achieves better performance without collecting single additional
speech data, even that of normal speech. In addition, we demon-
strate that our method’s effectiveness is further enhanced by
accounting for data imbalance between the two speech types.
Experimental results show that our method improves the perfor-
mance of the model by nearly 3% from a baseline. Furthermore,
the model trained with 400 silent speech data using our method
performs comparably to the baseline model trained with twice
the amount of data.

2. Related work
This section provides a summary of the existing literature re-
garding the differences in lip movements between normal and
silent speech. Additionally, we explore the advantages of incor-
porating visemes as an intermediate feature in lipreading mod-
els as compared to alternative approaches.

2.1. Normal speech and silent speech

Research examining lip movements during normal and silent
speech has utilized facial electromyography (EMG) signals [5]
and ultrasound images [6] to establish significant differences
between the two types of speech. Specifically, studies have
shown that the absence of auditory feedback in silent speech
leads speakers to rely more on somatosensory feedback to en-
sure proper pronunciation, resulting in larger lip movements,
particularly when articulating bilabial consonants such as “p”,
“b”, and “m”. Notably, two additional studies [9, 10] have re-
ported a decline in performance during silent speech recogni-
tion, a challenge that remains unresolved. Petridis et al. [10]
observed that a model trained on normal speech achieved 8.5%
lower accuracy when tested on silent speech compared to nor-
mal speech using their original dataset.

2.2. Viseme-level lipreading

Current research on VSR has primarily focused on developing
end-to-end models [2,7], which necessitate significant amounts
of paired video and text data to capture the context of the in-
putted utterances. Alternatively, lipreading models that gener-
ate other tokens, such as sub-words [18], phonemes [19, 20],
or visemes [16, 17], have also been investigated. These models
employ an external language model that predicts spoken texts
based on the output tokens, facilitating the prediction of unseen

words during training. Moreover, several studies [16, 17] have
identified a common challenge in both end-to-end and viseme-
level two-stage models, namely, differentiating homophones:
words that possess unique meanings but similar lip movements.
This issue arises due to the fact that the number of visemes is
significantly smaller than the number of phonemes. In the latter
models, language models can have decoding systems that cor-
respond to homophones, leading to more efficient utilization of
visual information from small datasets.

3. Proposed method
We first explain the model architecture and then introduce two
kinds of metric learning, inter-speech and within-speech types,
applied to the outputs of the visual model (Fig. 2).

3.1. Two-stage VSR model

As a pioneering work for mitigating the imbalance between
normal and silent speech, we aim to explore the potential of
viseme information. In our work, we develop a two-stage model
for VSR that explicitly incorporates this information following
Fenghour et al. [16,21,22]. It consists of a visual model that pre-
dicts from input videos viseme sequences and a language model
that generates from the predicted viseme sequences the output
texts. Note that the input video is a sequence of colored images.
We convert them to grayscale and crop around their lips using
Dlib [23]. It turns into a tensor with the shape of T×112×112,
where T is the number of frames.

The visual model consists of a visual front-end that ex-
tracts spatial and temporal features from the input tensor and
a viseme classifier that outputs the predicted viseme sequences.
In the visual front-end, a 3D convolutional layer captures the
changes in lip shapes, and then 2D ResNet-18 follows to output
a 512-dimensional feature vector for each video frame. For the
viseme classifier, we employ an encoder-decoder architecture.
Specifically, we utilize a transformer’s encoder with repeated
self-attention and feed-forward networks and three fully con-
nected layer blocks with 1,024, 2,048, and 1,024 nodes, respec-
tively. The last layer of the classifier consists of a linear layer
and a softmax function, which yields probability distributions
for visemes. Each frame is classified into 17 classes, including
13 viseme classes and four special characters for space, start of
sentence (SoS), end of sentence (EoS), and padding.

The language model is based on an attention architecture
and two layers of the gated recurrent unit (GRU) with 256
nodes. Specifically, the first layer of the GRUs serves as an
encoder, where attention weights are calculated against its out-
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put, and the second one does as a decoder. The language model
takes as inputs the viseme sequences predicted by the visual
model, where each combination of visemes is regarded as a dis-
tinct class, and every possible word is considered a target text
label. During the training of the language model, the decoder
uses the ground truth as input. In contrast, during inference, the
decoder uses a context vector calculated from attention weights
that access the encoder’s last hidden state to predict the next
word based on all previously predicted words. The visual model
and the language models are trained so that cross-entropies be-
tween their output and the ground truth are minimized. We de-
note the cross-entropy loss function for normal speech data as
LNCE and that for silent speech data as LSCE.

3.2. Metric learning for inter-speech type

Although normal and silent speech exhibits different lip move-
ments, the predicted viseme probability distributions should be
similar regardless of speech type, as long as they have the same
viseme. To fill this gap, we propose two loss functions based
on KL divergence, derived from different handling manners of
the two types of speech. Let PN (PS) be the target distribu-
tion of normal (silent) speech and QN (QS) be the predicted
distribution of normal (silent) speech. For both speech types,
the predicted distribution Q = {q1, ..., qL} ∈ RC×L is gener-
ated by the visual model, where L is the length of the viseme
sequence and C is the number of viseme classes. The ground
truth of the viseme sequence corresponding to Q is given as
Y = {y1, ..., yL} ∈ NL, where (yl)

L
l=1 ∈ {1, ..., C}. We use

the average of all distributions classified into the same viseme
within each speech type as the representative distribution for
the viseme label. The alignment of distributions is represented
as S = {s1, ..., sC} ∈ RC×C , where (sc)

C
c=1 ∈ RC is the

representative distribution for viseme class c defined as:

sc =

∑
yl=c ql

m
, (1)

where m represents the number of times the viseme label c ap-
pears in the true viseme sequence Y , i.e., m = #(yl = c). By
aligning each distribution included in S with the viseme label of
Y , we create the target distribution P = {p1, ...,pL} ∈ RC×L

(for example, if y2 = 8, s8 is allocated to p2).

3.2.1. Metric learning with single KL divergence
In this method, we regard normal speech as the primary speech
type and silent speech as its variant. Specifically, we leverage
the KL divergence to bring the predicted distribution of silent
speech close to the target distribution of normal speech by min-
imizing the following LKL:

LKL = DKL(PN||QS) = PN log
PN

QS
. (2)

3.2.2. Metric learning with weighted KL divergence
Next, we regard both types of speech as variants of speech in
general (i.e., we regard them as of equal importance). Such a
point of view lets us consider a weighted distribution that de-
pends on the number of training data used for each speech type
to the target distribution of the KL divergence. The weighted
distribution M can be defined as:

M =
NNPN +NSPS

NN +NS
, (3)

where NN and NS represent the number of normal and silent
speech data, respectively. The predicted distributions of normal

and silent speech approach to the distribution M by minimizing
the following sum of KL divergences:

LWKL = DKL(M ||QN) +DKL(M ||QS). (4)

Note that M becomes equal to PN if NN/NS → ∞, which
represents the situation of the current VSR for silent speech.

3.3. Metric learning for within-speech type

Even when people pronounce the same word in the same speech
type, differences in speaker [24] and location [25] can cause
variations in their lip movements. Inspired by this, we consider
within-class variances in viseme probability distributions. By
reducing such differences through metric learning within each
speech type, the model can classify the distributions into their
true visemes more accurately. To achieve this, we bring all
distributions close to a representative distribution if they show
the same viseme through minimizing the KL divergence LNKL

(LSKL) for normal (silent) speech data as follows:

LNKL = DKL(PN||QN) = PN log
PN

QN
, (5)

LSKL = DKL(PS||QS) = PS log
PS

QS
. (6)

4. Evaluation
This section describes experiments conducted to evaluate the
performance of the proposed method for silent speech VSR.

4.1. Database

To conduct our experiments, we used the AV Digits
database [10], the only publicly available dataset that contains
both normal and silent speech. This limited dataset comprises
39 speakers who repeated 10 brief phrases (including “Excuse
me”, “Goodbye”, “Hello”, “How are you”, “Nice to meet you”,
“See you”, “I am sorry”, “Thank you”, “Have a good time”,
“You are welcome”) five times each in both speaking modes.
Following the methodology of [10], we split the dataset into
training, validation, and test sets of 1,000 utterances (from 20
speakers), 400 utterances (from 8 speakers), and 550 utterances
(from 11 speakers), respectively. Additionally, we augmented
the amount of training data for normal speech by incorporat-
ing the OuluVS2 database [12], which includes 1560 utterances
(from 52 speakers) with the same vocabulary as the AV Digits
database. In total, we utilized 2560 utterances (from 72 speak-
ers) for normal speech and 1,000 utterances (from 20 speakers)
for silent speech during the training phase by combining these
two datasets. Since the datasets only include text-based labels,
we transformed them into viseme sequences by first translat-
ing texts to phoneme sequences using the Carnegie Mellon Pro-
nouncing (CMU) Dictionary, and then mapping the phonemes
to visemes according to Lee and Yook’s approach [14].

4.2. Training settings

Following previous studies [16,21,22], the visual and language
models were trained separately while fixing the visual front-end
with weights pre-trained by [7]. Note that we conducted a thor-
ough exploration of various parameters, including the weights
for loss terms, and adopted the parameters that achieved the best
performance. To train the visual model, we used the Adam op-
timizer [26] with an initial learning rate of 10−5 and a mini-
batch size of 64 for 50 epochs, and decreased the learning rate
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Table 1: Performance comparison of different loss functions
during training. A lower score indicates higher accuracy.

Loss function
VER (%) WER (%)

Normal Silent Normal Silent

LNCE 5.87 12.49 11.58 22.55

LNCE + LSCE (Baseline) 5.30 7.48 10.21 12.91
+ LNKL 5.24 7.77 7.36 13.45
+ LSKL 5.10 7.20 8.70 12.42
+ LNKL + LSKL 5.22 7.07 8.48 12.24

LNCE + LSCE + LKL 5.21 7.17 8.12 11.06
+ LNKL 5.15 6.92 7.85 10.85
+ LSKL 5.13 7.35 9.36 10.71
+ LNKL + LSKL 5.11 6.96 7.85 10.73

LNCE + LSCE + LWKL 5.16 6.89 8.70 10.73
+ LNKL 5.09 6.71 8.00 10.88
+ LSKL 5.10 6.89 8.76 11.00
+ LNKL + LSKL 5.03 6.66 8.20 9.97

by 50% if the validation loss did not improve over five epochs.
For the language model, we employed the same settings, except
for the initial learning rate and mini-batch size, which were set
to 5 · 10−4 and 10, respectively. During all experiments, the
language model was trained on the viseme sequences predicted
by the visual model using normal speech data.

4.3. Evaluation metrics

For evaluation, we used two metrics: viseme error rate (VER)
for the visual model outputs and word error rate (WER) for the
language model outputs. We calculated VER as follows:

VER =
VS + VD + VI

VN
, (7)

where VN is the total number of visemes in the ground truth.
VS , VI , and VD represent the number of visemes substituted for
wrong classifications, inserted for those not to be present, and
deleted for those to be present, respectively. WER refers to the
same concept as VER yet is against words instead of visemes.

4.4. Experimental results

We conducted 13 experiments with different combinations of
loss functions to evaluate the accuracy of our proposed method,
and the results are summarized in Table 1. Initially, to con-
firm the issue with silent speech, we trained the model solely
on normal speech data using the cross-entropy LNCE. This
resulted in the largest performance drop for silent speech in
both VER and WER, with values of 6.62% and 10.97%, re-
spectively, compared to normal speech. To serve as a baseline
for comparison, we used the model trained only with the clas-
sification loss function LNCE + LSCE, which achieved higher
accuracy than the adaptation approach pre-trained with normal
speech and then fine-tuned with silent speech. Additionally,
we incorporated two kinds of metric learning for inter-speech
type, namely LKL and LWKL. Both approaches improved ac-
curacy for silent speech, leading to a 1.85% and 2.18% decrease
in WER, respectively, compared to the baseline. These results
demonstrate the effectiveness of using metric learning between
normal and silent speech, and treating them with equal con-
sideration. For further improvement, we added metric learn-
ing for within-speech type, i.e., using only LNKL, only LSKL,
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Figure 3: Impact of decreasing training data for silent speech
on VER, from 1,000 to 200 by 200. The number of normal
speech data remained constant at 1,000. The shaded area rep-
resents the range m ± σ, where m is the mean and σ is the
standard deviation of VER over five experiments.

or both. The best accuracy achieved for silent speech was
6.66% in VER and 9.97% in WER, using the loss function
LNCE + LSCE + LWKL + LNKL + LSKL, which showed that
metric learning within each speech type could reduce the vari-
ances in the output distributions.

In these experiments, we utilized 2,560 normal speech data
and 1,000 silent speech data in the training process. However,
recent major studies [7,8,27] have employed VSR datasets con-
sisting of tens of thousands of normal speech data, emphasizing
the need to evaluate the effectiveness of our proposed method
in more realistic scenarios. To assess its robustness to an im-
balanced amount of data used for each speech type, we reduced
the number of utterances per speaker from 50 to 40, 30, 20, and
10 in silent speech data, by modifying NS in Equation 3. Each
experiment using the same number of data was conducted five
times, with different training data excluded in each run. Fig-
ure 3 shows that the proposed method consistently achieved a
lower VER for silent speech than the baseline method across
all training data settings. Notably, the proposed model trained
on 400 silent speech data exhibited comparable accuracy to the
baseline model trained on twice the amount of data.

5. Conclusion
We proposed a novel approach to improve the accuracy of
silent speech prediction using a VSR model trained on nor-
mal speech. Specifically, we presented a viseme-based metric
learning method that addressed the limited availability of silent
speech datasets by focusing on the common viseme represen-
tations between normal and silent speech. Our approach em-
ployed metric learning techniques to learn visemes inter- and
within-speech types, allowing us to efficiently leverage silent
speech data while accounting for variations within the same
speech type. Through extensive experimentation with various
loss functions, we demonstrated that our proposed method con-
sistently outperformed the baseline approach, even under chal-
lenging conditions. In future work, we plan to extend our ap-
proach to larger normal speech datasets to facilitate VSR on
silent speech data with unknown vocabulary, which was not in-
cluded in the 10 phrases used in our experiments.
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