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Abstract—Audio-to-motion generation is an important task 
with applications in virtual avatar creation for XR systems and 
intelligent robot control in daily life scenarios. However, most 
existing motion generation methods rely on a single encoder-
decoder architecture to model all body parts simultaneously, 
which limits their ability to capture the diverse and complex 
motions exhibited by humans. In this paper, we propose a 
novel method, SpeechCAT, that employs three separate encoder-
decoder modules to individually model the motions of the face, 
body, and hands. To capture the relationships and synchroniza-
tion among these body parts, we introduce a cross-attention 
mechanism to effectively learn their correlations. SpeechCAT 
ensures sufficient capacity to model the unique characteristics 
of each body part while preserving the coherence between 
them. Our experimental results demonstrate the superiority of 
SpeechCAT over baseline methods, highlighting its effectiveness 
in generating diverse, realistic, and synchronized motions with 
face, body, and hand parts. 

Index Terms—Audio-to-motion Generation, Multi-modal 

I. INTRODUCTION 

Given a human speech audio input, motion generation aims 
to synthesize synchronized human motion corresponding to 
the audio like another human being movements. This founda-
tional technique has broad applications, including film produc-
tion [1], virtual digital avatar generation [2], and human-robot 
interaction [3]. Consequently, this area of research has gar-
nered significant attention, with numerous studies contributing 
to advancements in the field [4]–[7]. Specifically, the generated 
motion can be directly used to drive the intelligent robot to 
interact naturally with the human user. 

Early works in audio-to-motion generation mainly focused 
on single motion domains, such as facial motion [8], hand 
gestures [9], or 3D body skeletons [10]–[12]. Although these 
studies achieved promising progress, they often lack the in-
tegration of multiple body parts, limiting their applicability 
to comprehensive human motion generation. Recent studies 
[13]–[15] have begun addressing this limitation by leverag-
ing holistic information to generate full-body human motion 
from speech. These methods integrated multiple body parts, 

including face, body, and hands, leveraging human mesh 
representation [16], [17] as the intermediate or final outputs. 

Human motion is a continuous and dynamic process, mak-
ing it computationally expensive to model. To address this 
challenge, the Vector Quantized Variational Autoencoders 
(VQ-VAE) framework [18] has been applied in generating 
human facial [19]–[21], body [22], and hand motions [13]. 
This approach effectively captures discrete representations of 
continuous motion, significantly reducing the computational 
burden while preserving motion quality. As for facial motions, 
these methods either adopted a lip regressor [15] to synthesize 
synchronized lip movements from audio or trained an encoder-
decoder model to produce synchronized mouth motions in a 
deterministic manner [13]. 

While these motion generation methods have demonstrated 
promising results, they overlooked the correlations among 
the three body parts. For instance, hand gestures are closely 
correlated with wrist positions, which, in turn, should affect 
forearm movement. Even though face motions, especially lip 
movements, are linked to the audio input directly, isolating the 
face domain from the body and hands hinders the generation 
of natural, synchronized human motions. This limitation shows 
the need to model across body parts correlations explicitly to 
enhance the realism and coherence of generated motion. 

To address this limitation, we propose a novel method, 
SpeechCAT, for audio-to-motion generation. Different from 
previous works, SpeechCAT includes three VQ-VAE to encode 
three discrete codebooks for the face, body, and hands, respec-
tively. Once the codebooks are fully trained, we concatenate 
the encoded audio features with body-hand-face triplet indices 
from the codebooks, which are then processed by a cross-
attention transformer module. To model the correlation and 
synchronization across different body parts of face, body, and 
hands, we perform the cross-attention across the three body 
parts. By this way, SpeechCAT explicitly captures and models 
the correlations and synchronization among the face, body, 
and hands, ensuring the generated motions are coherent and 
realistic across all domains. 
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Fig. 1. VQ-VAE module that learns the discrete codebook indexes by reconstruction of the input motion. Different from previous works, we propose to 
separate the body motions into three codebooks for face Zf , body Zb , and hand Zh , respectively. Each body part has its own encoder and decoder. 

Fig. 2. Overview of the motion generation module that takes the audio as input to generate the corresponding body motion. It first maps the audio feature 
to the motion indexes learned in the VQ-VAE. The core of the motion generator is a transfer to predict the motion index in an auto-regressive manner. The 
motion index is mapped into motion by the decoder of the VQ-VAE. 

Our experimental results demonstrate that SpeechCAT sig-
nificantly outperforms baselines that use a single VQ-VAE or 
without the cross-attention module, highlighting its effective-
ness in producing synchronized, diverse, and natural human 
motion. Especially, we find that the SpeechCAT can provide 
better synchronization in the generated motions. 

II. METHOD

The proposed SpeechCAT takes the audio as input to 
generate the face, body, and hand movements. The proposed 
framework comprises two modules including a VQ-VAE 
encoder-decoder and a cross-attentive transformer. The VQ-
VAE creates a mapping from motion sequences to discrete 
cookbooks for face, body, and hand parts. The transformer acts 
as a motion generator that takes audio as input to predict the 
index of the codebook, which can then be decoded to motion 
with the decoder from the VQ-VAE. 

A. Motion VQ-VAE

The overview of the VQ-VAE is illustrated in Figure 1.
It reconstructs the input motion to perform unsupervised 
feature learning. These features are constructed as codebooks. 
Specficially, to train the VQ-VAE for motions, we first define 
sequence motions of face Mf = (mf 

1 , ..., m fT ) ∈ R103×T ,
body M b = (mb

1, ..., m
b
T ) ∈ R63×T , and hand Mh = 

(mh
1 , ..., m

h
T ) ∈ R63×T , where T is the number of frames. 

The dimensions of each part are based on the SMPL-X model 
[16]. We encode these motions to the codebook Z = {zi}|Z| 

i=1. 
which contains discrete motion vectors zi ∈ Rdz that represent 
a quantized latent space. 

Different from previous method [13], which uses a 
shared codebook, we define separate codebooks for the face  |Zf | 
Zf = f  | Zb| 

z , body b = zb Z , and hand Zh 
i i =  i=1   i=1 

|
zh Zf | 
i i=1

, respectively, where the motion vectors are defined 
as zb , zh  

i i , 
fz ∈i  R64 . This separation ensures that each body 

part—face, body, and hands—has sufficient latent space to 
capture its unique motion characteristics. To model the correla-
tions between these parts, we employ a cross-attention mecha-
nism that integrates the information from their respective latent 
spaces. Specifically, we use three separated encoders to map 
the motion of the face Mf , body M b , and hand Mh into three 
different latent spaces for face Zf , body Zb , and hand Zh by 
quantization on the feature space. We then decode the latent 
space to the feature space and then decode these features back 
to the human motions. 

Optimization goal. The VQ-VAE is optimized by the loss 
component LV Q [18] which is composed of a reconstruction 
loss Lrec, an embedding loss Lembed and a commitment loss 
Lcommit, which can be written as the following: 

LV Q = Lrec(M1:T , M̂1:T ) + ∥sg[E1:T ] − Z1:T ∥    
Lembed

(1) 

+ β ∥E1:T − sg[Z1:T ]∥   
Lcommit

The Lrec is the MSE reconstruction loss, sg is the stop 
gradient operator for the codebook embedding loss and β is 
the trade-off hyperparameter for the commitment loss. We 
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combine the LV Q for face Mf , body M b , and hand Mh 

together as the loss for the motion VQ-VAE training. 

B. Motion Generator 

The overview of the motion generation is shown in Figure 2. 
The input audio x is first encoded with an audio encoder from 
wav2vec [23] and then is mapped to the late feature vector Z 
that learned from the VQ-VAE. Note the late space Z contains 
face Zf , body Zb , and hand Zh components. Essentially, the 
audio encoder is a classifier that predicts which class from the 
quantize a latent value from the codebook Z . We formulate 
the motion latent space prediction process as an autoregressive 
task [24]. Given a speech input and the previously predicted 
motion vector in Z , we use a transformer to predict the 
distribution of the next possible indexes of the motion vector 
in Z . The predicted latent space features can be decoded back 
to a motion through that trained decoder from the VQ-VAE. 
At inference, we start from the speech token and generate 
the next motion tokens in an auto-regressive manner, until the 
sequence is equal in size to the initial speech sequence. 

Optimization goal. To optimize the motion generator, we 
maximize the log-likelihood of our data distribution. Given 
that our sequence data likelihood can be mapped as p(Z | x) = |Z| 

i=1 p(Zi | x, Zi−1), we then have the following Transformer 
loss: 

Ltrans = EZ∼p(Z) [− log p(Z | x)] (2) 

Cross-Attention. In addition to causal self-attention, To 
enable the comprehensive communication and synchronization 
between different body parts i.e., body, hands, and face, 
SpeechCAT employs a cross-attention module formulated as 
follows: 

CrossAttention = Softmax 

 
Qpart1K

T 
part2 √ 

dk 

 

(3) 

where Qpart1 ∈ Rt×d and Kpart2 ∈ Rt×d represent the query 
and key matrices of paired two different body parts i.e., hands 
and body, face and hand, or hand and face. This cross-attention 
mechanism allows each body part to attend to other parts, 
effectively sharing information to improve cohesiveness in the 
generated motion. Each body part has its unique query, key, 
and value representations. Thus, the attention is directed across 
body parts rather than within a single part, ensuring motion 
that reflects coordinated gestures or body-language cues. 

There is a discrepancy in index quality between inference 
and training. While in training all i − 1 indexes are assumed 
to be correct, there is no guarantee that the indexes used 
for generation are relevant for the conditional probability. To 
address this issue, we replace α×100% of ground truth indexes 
as explained in [22]. This combined with index sampling from 
the predicted distributions ensures diversity for our motion 
generator. For the trade-off of stability, α was set to 0.4. 

III. EXPERIMENT 

To evaluate the ability of SpeechCAT, we conduct ex-
periments on the TalkSHOW dataset [13]. Specifically, an 

Method Body & Hand Face 
L2 ↓ Diversity ↑ MSD ↓ L2 ↓ LVD ↓ 

w/o cross-att. 12.47 0.37 0.1532 0.2039 0.0314 
One-code 12.007 0.32 0.1530 0.1892 0.0321 
SpeechCAT 11.7 0.43 0.1519 0.2048 0.0312 

TABLE I 
COMPARISON OF PROPOSED SPEECHCAT AND TWO BASELINES WITH 

MULTIPLE ERROR METRICS. WE SEPARATE THE BODY & HAND AND FACE 
SINCE THESE JOINTS ARE IN DIFFERENT MAGNITUDES. 

80%/10%/10% train-val-test split on the dataset is used and 
videos are between three and four seconds. We compare our 
SpeechCAT with two baselines. The first baseline One-code 
represents the method that uses only one latent space for 
face, body, and hand motions. Another baseline w/o cross-
att. represents our method without the cross-attention module 
between different body parts. 

A. Experimental setup 

Evaluation metrics: Even though we use a generative, non-
deterministic Transformer model, we test its ability to learn an 
informative and robust feature space, thus also using metrics 
such as coherence, synchronization, and stability. The full list 
of metrics used is the following: 

• L2 error: L2 distance between ground-truth and gener-
ated joints positions and reported as the average error in 
millimeters. 

• LVD: Landmark Velocity Difference calculates the veloc-
ity difference between ground-truth and generated joints. 
It specifically measures the synchronization between the 
speech and the generated motion, thus, we only use this 
metric on the face part. 

• Diversity: We calculate variance across 16 samples of 
body and hand motions for the same audio input. Since 
diversity mainly exists in the body and hand, we do not 
use the metric for the face region. 

• MSD: Mean Squared Displacement measures the average 
frame-to-frame displacement of joints, thus quantifying 
temporal smoothness. 

• BPSS: Body Part Synchronization Score is a weighted 
average of the following motion metrics, calculated across 
body parts including body, face, and hands: 

– Cross-Correlation: Computes the correlation be-
tween different body parts to measure general align-
ment. 

– Mean Phase Coherence: Measures phase alignment 
to capture synchronization in motion cycles. 

– Velocity and Acceleration Alignment: Cosine simi-
larity to capture alignment in the direction and speed 
of movement between body parts. 
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Fig. 3. A demonstration of the synchronization between the input audio and motion generated by SpeechCAT. The method generates motion consistent with 
the rhythm and tone of input audio. The intonation of the strengthening words “high” and “low” is directly expressed through the hand motions. 

Model Ablation Study 
Model corr ↑ mpc ↑ vel al ↑ acc al ↑ 
W/o cross-attention 0.429 0.623 0.853 2.674 
One-code 0.349 0.577 0.844 2.554 
SpeechCAT 0.618 0.732 0.881 2.761 

TABLE II 
PERFORMANCES ON THE MOTION GENERATION SYNCHRONIZATION 

ACROSS THREE BODY PARTS. METRICS INCLUDE CORRELATION (CORR), 
MEAN PHASE COHERENCE (MPC), VELOCITY ALIGNMENT (VEL AL), AND 

ACCELERATION ALIGNMENT (ACC AL). 

B. Motion Generation Analysis

We compare our SpeechCAT with two baselines in Table I,
evaluating the body & hand and face parts. From the table, 
it is evident that SpeechCAT outperforms the two baselines 
across most error metrics, with the exception of the L2 error 
for the face part. This result highlights the advantages of 
the proposed SpeechCAT with the cross-attention module and 
multiple encoder-decoder modules architecture. 

Notably, SpeechCAT demonstrates significant improve-
ments in diversity in body and hand parts, a critical met-
ric for the audio-to-motion generation task. The diversity 
performance drops substantially for the One-code baseline, 
underscoring the limitation of using a single encoder-decoder 
architecture. For the L2 error on the body and hand parts, the 
baseline without the cross-attention module exhibits the worst 
performance compared to the other methods. This emphasizes 
the necessity of the cross-attention mechanism in SpeechCAT 
for effectively modeling the correlations between body and 
hand motions. SpeechCAT does not achieve substantial im-
provements for the face region. This could be attributed to 
the relatively isolated nature of facial motions, which are less 
influenced by body and hand movements. 

Overall, we conclude that the proposed SpeechCAT effec-
tively maps the three body parts such as face, body, and hands 
into separate latent spaces, while leveraging cross-attention to 
model their correlations. This design ensures improved motion 
diversity, stability, and robustness, further enhanced by the 
transformer-based motion generator. 

C. Synchronization Analysis

For the audio-to-motion generation task, aligning differ-
ent body parts is crucial. To evaluate the synchronization 

among the face, body, and hand motions, we show the re-
sults in Table II using the BPSS metrics. The results show 
that the proposed SpeechCAT significantly outperforms the 
two baselines across all error metrics. Notably, SpeechCAT 
achieves substantial improvements in cross-correlation and 
mean phase coherence, which are specifically designed to 
assess the alignment and correlation among different body 
parts. These improvements demonstrate the effectiveness of 
our SpeechCAT in modeling the relationships between the 
face, body, and hands. In contrast, the One-code baseline 
yields the poorest performance across all metrics, highlighting 
the limitations of using a single shared latent space for all 
body parts. This underscores the advantage of employing 
separate latent spaces tailored to each body part, as proposed 
in SpeechCAT. Overall, the combined approach of separate 
latent spaces integrated with cross-attention in SpeechCAT not 
only enhances robustness but also ensures better coherence 
and synchronization across the body parts compared to using 
standalone VQ-VAEs. 

D. Qualitative Analysis

An example of generated full-body motion can be seen in
Figure 3. For the expression “high initial collisions” which is 
followed by a pause in speech to attract the listener’s attention, 
the model generates a body that lifts its hands in front with 
open palms. A similar motion is generated for the word “low” 
which is also used as a strengthening tone. The hands are lifted 
beforehand and slowly put down to accentuate the word. This 
is a natural expression that complements the intonation as well 
as the rhythm of the audio. 

IV. CONCLUSION

Our approach models the face, body, and hands sepa-
rately using a three-encoder-decoder architecture, capturing 
the unique variations in motion for each body part by mapping 
them into distinct latent spaces. To account for the correlation 
between these body parts, we introduce a cross-attention 
mechanism that learns and integrates the correlations among 
different body parts. Experimental results demonstrate the 
effectiveness of the proposed architecture in generating diverse 
and coherent motions across all body parts. 
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