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Abstract
In this paper, we propose a novel multi-stream framework

for automatic cued speech recognition (ACSR) that directly pro-
cesses the upper-body region, addressing hand-lip asynchrony
without requiring explicit segmentation or synchronization. Our
model integrates two distinct modalities: (i) an appearance-
based stream leveraging the ResNet18 for feature extraction and
(ii) a skeletal stream based on a modulated graph convolutional
network (GCN). For graph construction, we incorporate, for the
first time in ACSR, 3D pose parameters inferred from the PIXIE
model. Both modalities are coupled with temporal convolu-
tion for short-range dynamics learning and a BiGRU encoder
for long-term sequence modeling. In addition, we introduce an
alignment module that combines CTC with two auxiliary losses,
improving each modality performance and enabling effective
late fusion during inference. Our model achieves state-of-the-
art performance across three benchmark datasets, demonstrat-
ing its effectiveness.
Index Terms: cued speech recognition, 3D human reconstruc-
tion, PIXIE, GCN

1. Introduction
Cued speech (CS) is a visual communication system designed
by Cornett [1] to facilitate speech perception for the deaf and
hard-of-hearing. Unlike traditional speechreading, which suf-
fers from viseme-to-phoneme ambiguity, CS offers a complete
visual representation of spoken language, by combining lip con-
tour patterns with hand positional and gestural cues. Specif-
ically, hand configurations represent consonants, while hand
positions relative to the mouth, along with mouthing patterns,
encode vowels [2]. Given its structured nature, CS has been
adopted in multiple languages, such as French, British English,
and Mandarin Chinese [3].

Despite the growing research interest in ACSR, the task re-
mains challenging, primarily due to the intricate interaction be-
tween hand and mouth cues, necessitating their simultaneous
processing. Complexity increases with the natural asynchrony
occuring between modalities, where the manual cue often pre-
cedes mouth articulation by approximately one syllable. Be-
yond multimodal complexity, data scarcity further exacerbates
the problem. While various single-cuer and multi-cuer CS cor-
pora have been collected [4–8], the availability of large-scale
annotated datasets remains limited. The absence of extensive
training corpora hinders the development of robust, data-driven
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models, often resulting in reduced generalization across differ-
ent cuers and linguistic contexts. In addition, the natural inter-
cuer articulation variability, hand positioning inconsistencies,
and occlusions further hinder recognition. This paper addresses
these challenges, developing a robust system capable of ac-
curately predicting a sequence of phonemes from RGB video
without prior knowledge of phoneme-level segmentation.

Accurate detection and tracking of both manual and non-
manual cues is a critical aspect of ACSR. Early approaches em-
ploy artificial markers to facilitate articulation tracking [9, 10],
while most contemporary ACSR schemes rely on computer vi-
sion techniques. For instance, some works [4, 11, 12] explore
Kanade-Lucas-Tomasi lip tracking, as well as Gaussian mixture
models (GMMs) and adaptive background mixture models for
hand region segmentation. Other works, including our previous
work [13], exploit the dynamic nature of gestures by incorpo-
rating motion-based algorithms for tracking. With advances in
deep learning, recent approaches have shifted towards 2D and
3D human skeletal-based detection [14–17], leveraging pose re-
gression models [18–21]. Given that hand articulation typically
precedes lip articulation, many studies introduce explicit syn-
chronization mechanisms, such as shifting the hand stream us-
ing a predefined temporal offset, as our previous work [13], or
employing cross-modal attention techniques [22, 23]. Our first
innovation here is that our proposed approach abstains from
hand and mouth cue segmentation and synchronization, directly
processing the entire upper-body region. This enables the model
to learn synchronization implicitly, without ad-hoc alignment
techniques. By processing the entire upper-body region, our
framework automatically captures multi-cue dependencies, im-
plicitly.

Another key aspect of ACSR is the visual representation of
manual and non-manual articulation, as well as the modalities
used. Most studies extract RGB appearance features from lip
and hand regions using 2D- or 3D-CNNs [12–14, 17, 22, 23].
Recent works have explored skeletal-based representations [15,
16], employing pose estimation models to derive 3D joint co-
ordinates, sometimes combining hand position relative to the
mouth with appearance or skeletal features [14, 17]. However,
most skeleton-based methods focus mainly on coordinate-based
embeddings, neglecting rotational dynamics. Our approach ex-
tends our previous works [13, 14], which incorporate 3D joint
embeddings, by introducing, for the first time in ACSR, 3D pose
rotation parameterization, yielding a richer skeletal represen-
tation that combines rotation parameters, positional keypoints,
and facial expression features. For that purpose, we leverage
the PIXIE human pose and shape reconstruction model [24]
to infer 3D joint-rotation parameters and facial expression fea-
tures, as well as the MediaPipe holistic model [20] to gener-
ate 3D joint coordinates. To model skeletal representations, we
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Figure 1: Architecture of the proposed ACSR system. RGB frames and skeletal features are processed in parallel streams, using a
ResNet18 and modulated-GCN, respectively, each followed by 1D-CNN and BiGRU modules. Both streams are supervised under a
primary CTC loss, an auxiliary short-term CTC loss, and a KL-divergence loss. During inference, their representations are fused,
yielding the final phoneme predictions.

adopt a modulated GCN [25], which enhances feature adapt-
ability through dynamic weight modulation. Moreover, we
couple the modulated GCN with an attention mechanism that
focuses on critical skeletal joint movements, further enhanc-
ing feature representations. Assuming that integrating multi-
ple modalities could complement each other, we introduce a
multimodal framework with two parallel streams: one process-
ing RGB appearance features and the other handling 3D pose
data. Note that RGB appearance features are extracted via the
ResNet18 [26].

The final key component in ACSR concerns sequence learn-
ing, as well as the alignment of feature representations to
phoneme sequences. Early methods rely on GMM-HMMs [4,
12], while recent approaches employ BiLSTMs [22] and Bi-
GRUs [15, 16] in conjunction with CTC decoding. Time-depth
separable convolutional encoders [13, 14] and Transformer-
based models [17, 23] have also been investigated for cross-
modal fusion. However, Transformers require large-scale train-
ing data, which are not readily available in CS. We have also
explored attention-based encoder-decoder architectures [13],
however, these often struggle with alignment issues. To ad-
dress this, we adopt a temporal convolution layer, which cap-
tures short-term motion dynamics between adjacent frames, in
conjunction with a BiGRU encoder [27] that effectively learns
long-range dependencies. For alignment, instead of using a
student-teacher model like in [22], our method combines CTC
with two auxiliary loss functions, enhancing the representation
capacity of both modalities. This constitutes another innovation
of our work. Notably, the two modalities are trained separately,
and their scores are properly fused during inference.

To summarize, the main contributions of this work are: (i)
the design of a novel multi-stream framework for ACSR that
directly processes upper-body videos, without requiring sepa-
rate hand-lip processing and explicit synchronization; (ii) the
first use of 3D pose rotation parameterization in ACSR, coupled
with a modulated GCN and an attention mechanism, enhanc-
ing skeletal modeling and improving motion dynamics learn-
ing; and (iii) the integration of an innovative alignment module
that combines CTC with two auxiliary losses, enhancing feature
representation capacity and improving multimodal fusion.

We evaluate our approach on three CS datasets: a
French [7], a British English [5], and a multi-cuer Mandarin
Chinese [6] corpus. Our system outperforms state-of-the-art

methods on all datasets, with a 12.35% absolute error reduc-
tion on French, 12.37% on British English, and 11.3% on Man-
darin, compared to the next best result, under a multi-cuer (MC)
experimental paradigm. Further, we also report recognition re-
sults on the Mandarin CS dataset under a cuer-independent (CI)
setup for the first time.

2. Methodology
To address ACSR, we introduce a multi-stream framework, il-
lustrated in Fig. 1. Our system involves two main components:
(i) an appearance modality utilizing a 2D-CNN-based model
coupled with a 1D-CNN and a BiGRU encoder for spatio-
temporal feature extraction; and (ii) a skeletal modality rely-
ing on a GCN module followed by a 1D-CNN and a BiGRU
encoder for modeling temporal motion dynamics. Both modali-
ties are trained separately, each using an alignment module that
combines CTC with two auxiliary losses, ensuring robust mul-
timodal fusion during inference. Further details follow.

2.1. Appearance Representation Modeling

Unlike prior works [12,13,16,22] that segment hand and mouth
regions for separate processing, our approach preserves holis-
tic spatial information of visual cues. Specifically, our model
focuses on the entire upper-body region, allowing the simulta-
neous capture of hand and mouth articulation while reducing
dependence on precise segmentation of these regions. To dy-
namically define the upper-body region, we utilize MediaPipe’s
holistic human pose detector [20], which estimates 543 whole-
body keypoints, including 33 for the torso, 468 for the face, and
21 for each hand. If the MediaPipe detector fails, missing val-
ues are filled using the last detected ones. In particular, we crop
the upper-body region using the minimum and maximum x and
y coordinate values of the detected keypoints.

To learn spatial embeddings from the extracted upper-body
region, we adopt the ResNet18 [26] model. Pretrained on Im-
ageNet [28], ResNet18 captures high-level feature representa-
tions and effectively recognizes intricate patterns in visual data,
which are crucial for our task. The upper-body images are
rescaled to 256×256 pixels before being fed into the network.
After global average pooling, each frame is represented by a
512-dimensional (dim) feature vector.
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2.2. Rotation-Aware 3D Skeletal Modeling

To improve the efficacy of our system, we integrate an addi-
tional stream processing the cuer’s skeletal data. In particu-
lar, we employ a GCN-based module, comprising a modulated
GCN [25] coupled with a self-attention mechanism [29]. As
depicted in Fig. 1, the model commences with graph construc-
tion, which is based on 3D joint-position and 3D joint-rotation
features. In particular, for generating the 3D keypoints of the
cuer pose, we employ the MediaPipe model [20] (see also Sec-
tion 2.1). Regarding 3D joint-rotation parameter regression,
we adopt the PIXIE 3D human pose and shape reconstruction
model [24]. Specifically, the PIXIE model, employing a mod-
erator to estimate the 3D hand, body, and shape parameters,
outputs 55 joints corresponding to the SMPL-X kinematic tree,
namely 15 for each hand, 23 for the body, 1 for the head, and 1
for the jaw. Each joint’s rotation is parameterized as a 6D vector
encoding 3D orientation, except for the jaw, which uses Euler
angles. Additionally, PIXIE extracts 50 facial expression fea-
tures. Since the hands and mouth are the primary articulation
in CS, we perform skeleton graph reduction, selecting 10 nodes
per hand and 7 for the upper body, including jaw.

The resulting graph G = (V, E) is processed by a GCN
module, where V represents the set of nodes corresponding to
the skeletal joints J , and E corresponds to the structural edges
within the skeleton. For each node i, we concatenate two types
of information into a D-dim feature vector qi ∈ RD , with
D = 9: the 3D joint position, extracted from MediaPipe and
the 3D rotation parameters derived from PIXIE. To capture the
intricate relational dynamics of the cuer’s skeletal joints, we ap-
ply a modulated GCN model that integrates both weight and
affinity modulation techniques. For weight modulation, a learn-
able weight matrix L ∈ RD′×J is introduced for each node i,
and the GCN forward propagation is defined as follows:

Qout = σ((L⊙ (WQin))Â),

where ⊙ denotes element-wise multiplication, Qin ∈ RD×J

represents the input features, Qout ∈ RD′×J is the updated
feature vector, σ() is the activation function, W ∈ RD′×D in-
dicates the learnable weight matrix, and Â is the normalized
adjacency matrix. The adjacency matrix A ∈ {0, 1}J×J spec-
ifies the graph’s connectivity, where a value of 1 indicates di-
rect connection, and 0 indicates no link. Affinity modulation is
achieved by adding a learnable mask B ∈ RJ×J to A.

To enhance GCN capacity to model dynamic dependencies,
we complement it with a self-attention module, which involves
spatial, temporal, and channel attention [30]. To prevent over-
fitting, we also incorporate a DropGraph technique [31]. Our
system consists of ten such units, followed by a global average
pooling layer in the spatial domain, yielding a 256-dim feature
vector. To also incorporate information concerning mouthing
patterns, we concatenate the resulting feature vectors with the
50 facial expression parameters. The resulting features are then
fed into a linear projection layer, yielding 512-dim features.

2.3. Temporal Modeling

To effectively model both short-term and long-range dependen-
cies, the resulting feature maps of both modalities are propa-
gated into a temporal processing pipeline, consisting of a tem-
poral convolution followed by a BiGRU model. In particular,
a 1D-CNN is applied to the extracted appearance and skeletal
embeddings in order to capture local temporal context. To learn
long-term motion dynamics, the extracted representations are

then fed into a 2-layer BiGRU model with hidden state dimen-
sionality of 512. The resulting features are then passed through
a dense fully-connected layer with softmax activation, generat-
ing the probability distributions over phoneme classes.

2.4. Training Strategy

The appearance and skeletal modalities are trained separately,
using a CTC loss LLT

CTC (LT: long-term) that is applied to
the generated probability distributions of Section 2.3. This
loss maps the sequence representations with the phoneme se-
quence without requiring frame-level labels. Moreover, we
introduce an additional CTC loss LST

CTC (ST: short-term) ap-
plied to the posterior probability distributions extracted from
the 1D-CNN layer. The latter posteriors are generated by pass-
ing the short-term temporal features through a fully-connected
layer and a softmax activation. Inspired by [32], we also
incorporate a KL-divergence loss formulated as: LV =
KL(softmax(DST ), softmax(DLT )), where DST and DLT

denote the short-term and long-term posteriors, respectively.
This additional loss function mitigates inconsistencies in the
learned representations and enhances compatibility between
short-term and long-term feature learning. The final training
objective is computed as: LM = LLT

CTC + LST
CTC + 0.5LV .

2.5. Ensemble Module

During inference, the two modalities are combined through an
ensemble module. Specifically, the posterior probabilities gen-
erated by the final fully-connected layer of each modality are
fused. To achieve effective fusion, each modality is assigned
a distinct weight, depending on its performance during valida-
tion. The weighted posteriors are then summed to produce the
final scores: pfused = 1.0papp + 0.8pskel .

3. Experimental Framework
The proposed model is evaluated on three datasets: French CS
[7], British English CS [5], and Mandarin Chinese CS [6]. For
the French CS dataset, we use the official split, with 979 train-
ing videos, further using 108 videos for validation, and 108 test
videos. The dataset provides 720×576-pixel RGB frames at 50
fps and includes 34 phonetic classes, represented via 8 lip pat-
terns, 8 handshapes, and 5 hand positions. The British English
CS dataset comprises 98 sentences, and we apply 5-fold cross-
validation, splitting the data into 60% for training, 20% for val-
idation, and 20% for testing. The dataset provides 720×1280-
pixel RGB frames at 25 fps and involves 44 phonemes, encoded
through various lip patterns, hand positions and shapes. The
Mandarin Chinese CS dataset consists of 4,000 videos (1,000
sentences) from 4 cuers, recorded at 1280×720-pixel frames
and 30 fps, covering 40 phonemes. We evaluate the model un-
der two settings: (i) The MC split, using 4-fold cross-validation
with 60%, 20% and 20% of videos being used for training, val-
idation, and testing, and (ii) The CI split, where each fold in-
cludes data from three cuers for training and validation (80%-
20%), while testing is performed on the fourth cuer videos.

System training involves 50 epochs and a batch size of 2.
Optimization is performed using the Adam optimizer [33] with
an initial learning rate of 0.0001 reduced by a factor of 0.5 per
iteration, and a weight decay of 0.0001. To enhance generaliza-
tion, data augmentation techniques, such as random cropping
and horizontal flipping, are applied. In addition, pose position
and rotation parameters are normalized within the range [0, 1].
Experiments are conducted on an Nvidia RTX 3090 GPU.
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Figure 2: Performance comparison of different modality con-
figurations in terms of PER (%) on the French, British English,
and Mandarin Chinese CS datasets (MC setting).

4. Experimental Results
In this section, we present the performance evaluation of our
proposed approach. Performance is quantitatively assessed on
the datasets of Section 3, using phoneme error rate (PER, %) as
the evaluation metric.

Initially, we investigate the impact of each modality by
comparing the performance of the RGB- and skeletal-based
streams alone, as well as their fusion. As illustrated in Fig. 2, the
appearance stream consistently outperforms the skeletal stream
alone across all datasets. Nevertheless, the combination of both
modalities further enhances recognition accuracy, leading to ab-
solute PER reductions of 0.75% on the French dataset, 0.97%
on British English, and 2.25% on Mandarin Chinese, compared
to the RGB-only model. This suggests that while the RGB
modality effectively captures discriminative features, the skele-
tal modality enriches the representations, improving recognition
accuracy.

In addition, in Table 1, we report an ablation study evalu-
ating different aspects of our model, highlighting the benefits
of using the BiGRU, as well as incorporating 3D joint-rotation
parameters into the skeletal graph and integrating facial expres-
sion features. Furthermore, we examine the impact of auxil-
iary loss functions on system performance. Results show that
the BiGRU outperforms both BiLSTM and Transformer-based
models, demonstrating its effectiveness in capturing long-term
temporal dependencies. Further, integrating joint-rotation fea-
tures into the skeletal graph together with facial expressions
yields better performance than position-only modeling, while

Table 1: Ablation study evaluating the impact of auxiliary loss
functions, sequence learning models, and different skeletal rep-
resentations on ACSR performance. The evaluation is con-
ducted in terms of PER (%) on the French CS dataset. The
following notation is used: Temporal convolution (TCN), joint-
position (JP), joint-rotation (JR), and facial expressions (F).

Backbone Models LLT
CTC LST

CTC LV French

R
G

B

ResNet18+TCN/BiLSTM ✓ ✓ ✓ 10.00
ResNet18+TCN/Transformer ✓ ✓ ✓ 12.60
ResNet18+TCN/BiGRU ✓ ✓ ✓ 9.10

Sk
el

. JP+MGCN+TCN/BiGRU ✓ ✓ ✓ 18.60
JR/F+MGCN+TCN/BiGRU ✓ ✓ ✓ 16.42
JP/JR/F+MGCN+TCN/BiGRU ✓ ✓ ✓ 12.80

B
ot

h

Ours
✓ 19.25
✓ ✓ 11.58
✓ ✓ ✓ 8.35

combining all leads to further reductions in PER. Finally, the
incorporation of the two auxiliary loss functions significantly
enhances system performance, leading to absolute PER reduc-
tions of 10.90%, which demonstrates the effectiveness of our
alignment-driven optimization approach.

In Table 2, we compare our model against state-of-the-
art approaches on the French and British English CS datasets.
Our method significantly outperforms all considered alterna-
tives, achieving the lowest PER of 8.35% on the French and
16.23% on the British CS datasets. Notably, while previous
methods rely on hand-mouth segmentation and synchroniza-
tion, our model learns more robust feature representations di-
rectly from the upper-body region, showing the advantage of
a holistic approach over region-specific processing. Finally, in
Table 3, we evaluate our model on the Chinese CS dataset under
both MC and CI setups. Our approach outperforms all systems,
achieving 3.50% PER for the MC data split. Moreover, the
proposed model yields 28.63% PER under the CI experimen-
tal framework, representing the first such result in the literature.
Note that the large variation in system performance across the
three languages mainly stems from the considerable disparities
in dataset sizes, which directly impact the model’s learning and
generalization capabilities.

5. Conclusions
In this work, we introduce a novel multi-stream framework for
ACSR. Our approach integrates appearance spatial features, ex-
tracted via ResNet18, with skeletal features modeled through
a modulated GCN. The skeleton graph is constructed using
3D joint positions inferred from MediaPipe, as well as joint-
rotation and facial expression parameters derived from PIXIE.
Short-term temporal dependencies are captured through a 1D-
CNN, while a BiGRU encoder is used for long-term sequence
learning. In addition, we incorporate a CTC-based visual align-
ment module with two auxiliary losses. Our findings high-
light the effectiveness of processing the entire upper body, al-
lowing the model to learn hand-lip synchronization implicitly,
while the integration of 3D pose rotation parameterization en-
hances skeletal feature expressiveness. Additionally, our align-
ment mechanism significantly improves feature representation.
Our system outperforms state-of-the-art methods across three
benchmark datasets.

Table 2: PER (%) comparison of state-of-the-art on the French
and the British English CS datasets. The following notation is
used: hand (H), mouth (M), and hand position (P).

Model Feature streams French British

Fully Conv [13] H+M+P - 36.25
TDS-CTC [14] H+M+P+Skel. - 32.58
Student CTC [22] H+M+P - 28.6
CB + VLA [23] H+M - 33.6
3S-BiGRUs [15] H+M+Skel. 20.7 -
3S-BiGRUs+LM [16] H+M+Skel. 25.8 -
Ours Full Frame 8.35 16.23

Table 3: PER (%) comparison of state-of-the-art on the Chinese
CS dataset under MC and CI settings. The following notation
is used: hand (H), mouth (M), and hand position (P).

Model Feature streams MC CI

Student CTC [22] H+M+P 68.2 -
CB + VLA [23] H+M 24.5 -
FedCSR [34] H+M+Skel. 14.8 -
Ours Full Frame 3.50 28.63
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