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ABSTRACT

We present ReCoM, an efficient framework for generating high-
fidelity and generalizable human body motions synchronized with
speech. The core innovation lies in the Recurrent Embedded Trans-
former (RET), which integrates Dynamic Embedding Regularization
(DER) into a Vision Transformer (ViT) core architecture to explicitly
model co-speech motion dynamics, enabling joint spatial-temporal
dependency modeling. We enhance the model’s robustness, noise
resistance and cross-domain generalization. To mitigate inherent
limitations of autoregressive inference, including error accumula-
tion and limited self-correction, we propose an iterative reconstruc-
tion inference (IRI) strategy, which refines motion sequences via
cyclic pose reconstruction. Extensive experiments on benchmark
datasets validate ReCoM’s effectiveness, achieving state-of-the-art
performance across metrics. Notably, it reduces the Fréchet Ges-
ture Distance (FGD) from 18.70 to 2.48, demonstrating an 86.7%
improvement in motion realism.

Index Terms— co-speech gesture generation, VQ-VAE, vision
transformer, zero-shot generation, human motion generation

1. INTRODUCTION

Human motion generation is a broad concept aimed at creating nat-
ural and realistic human motions, including whole-body movements
such as walking, dancing, etc. Recently, many excellent works have
emerged, such as [[1} 2} 3114} 15/ 6], all of which have made outstand-
ing contributions to the field of human motion generation.

Co-speech gesture generation is an important subtask in human
motion generation. It involves the automatic generation of expres-
sions and gestures that are seamlessly aligned with speech, and it
primarily focuses on upper-body movements, including the motion
of the body, hands, and face. This research area holds significant
importance for human-computer interaction, digital entertainment,
virtual reality, intelligent robots, and other domains. These gestures
can help to enrich speech presentation, thus achieving a more natural
and fascinating communication experience.

Presently, the field has drawn significant attention. Studies such
as those in [7, 8] use VQ-VAE. Studies in [9} 8] manage to perform
the step-by-step processing and transformation of data by means of
cascaded architectures. The study in [10] takes DiT [11] as its main
architecture. Furthermore, studies [12} |13} 14] adopt diffusion mod-
els as their principal architectures. Moreover, the research in [15]
introduces product quantization to the VAE and enriches the repre-
sentation of complex holistic motion.

* indicates equal contribution. fdenotes corresponding author (email:
yunlian.sun@njust.edu.cn). Thanks to the National Natural Science Founda-
tion of China under Grants 62476131 and 62377004 for funding.

Though achieving impressive results, these approaches face
challenges. One is ensuring that the model learns appropriate gesture
features meeting the demands of fidelity and generalization. Another
is that large gesture datasets are hard to acquire. Fortunately, many
good pose estimation methods were proposed [16} 117, [18]), fulfilling
the need for acquiring high-quality datasets. Hence, we emphasize
addressing the first challenge.

Our motivation for ReCoM mainly stems from two observations.
Firstly, we noticed that previous methods don’t adequately fit the
dataset, meaning these models might lack sufficient learning ability.
For instance, we observed that the Habibie et al.[19] method gen-
erates gestures with excessively large jitter amplitudes. TalkS SHOW
[7]], which occasionally produces jittery motions, frozen movements,
and noticeable penetration in animation, results in low fidelity. Sec-
ondly, we found that prior methods lack robust generalization capa-
bilities, as evidenced by their poor performance on out-of-domain
datasets. For instance, ProbTalk [15] demonstrates suboptimal per-
formance on generalization datasets, and sometimes its visualized
motions are overly slow. Given humans’ strong perceptual sensitiv-
ity to unnatural human motions, these issues may lead to a poor user
experience when applied.

Due to the aforementioned issues, we propose corresponding
improvement strategies. Our model’s competitive edge, as demon-
strated in Section [4] stems from three key improvements. (1) We
innovatively design the RET module atop the ViT[20] architecture,
as in Figure[I] enabling joint spatial-temporal dependency model-
ing. (2) We propose dynamic Embedding Regularization (DER), a
key data processing strategy. DER applies dropout [21, 22| after
the embedding layer, active during training but inactive during in-
ference. This reduces complex co-adaptations in large models [21]],
introduces noise to enhance robustness, and improves generalization.
(3) We introduce an Iterative Reconstruction Inference (IRI) strategy
for the inference phase, specifically designed to address the inherent
limitations of autoregressive inference.

In summary, our contributions are as follows:

* Our work leverages the structural characteristics of ViT to de-
sign RET, which enables the model to effectively perceive and
process spatio-temporal information. Additionally, we pre-
serve the scalability of ViT and its compatibility with other
models, providing insights for adopting appropriate model
structures for gesture generation.

* By deploying effective strategies, we significantly enhance
the model’s learning capability and effectively improve its
generalization ability, thereby preventing the model from
generating frozen movements or penetration artifacts in ani-
mations when handling out-of-domain audio inputs.

* To address the limitations of autoregressive inference, we in-
troduce a novel inference strategy (IRI), prudently adopt the
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Fig. 1. Training and inference of ReCoM.
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Fig. 2. Our ReCoM pipeline.

CFG strategy, and explore a temporal smoothing process tai-
lored to Transformer-encoder models. These strategies have
a positive impact on the model.

2. METHOD

2.1. Pipeline Overview

Given a speech recording, our ReCoM aims to generate high-fidelity
gestures corresponding to it. The overall pipeline is in Figure ]
In our method, we use Ofqce € R to represent face parameters.
It consists of §; and 0., where §; € R represents jaw pose and
0. € R'° represents FLAME IIZ]] expression parameters. M.
denotes a 1" frame gesture clip, and My.r represents the correspond-
ing reconstructed gesture clip. 7" is the number of the fixed frames
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Fig. 3. Face generator

€ RT*63 and M" € RT*% represent body

and hand poses. Ei.: = {e1,...,e} € R**%* denotes codebook
vectors, and Z1.+ = {z1,...,z:} € R**5* denotes latent vectors,
where ¢t = % = 22. Aj.r is the MFCC (Mel-Frequency Cepstral
Coefficients) feature of audio. id represents the speaker’s identity
drawn from a predefined set.

during training. M?®

2.2. Face Generator

For the face, following [[7], we adopt an encoder-decoder architec-
ture, as illustrated in Figure[3] We learn face parameters through loss
function as follows:

Lfaee = Ljaw (0]7 9]) + Lezpression(oe, ée)7 (1)
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Fig. 4. Fusion module. We employ hybrid convolution to fuse audio
and gesture features, enabling their interaction and forming a unified
representation. Subsequently, intrinsic convolution downsamples the
mixed features into the latent space.

where Ljqw and Legpression are L1 and Lo reconstruction losses,
resp. 0 denotes the corresponding reconstructed parameter.

2.3. Gesture Codebook

In the process of reconstructing and generating the hand and upper
body parts, we use a two-stage approach. In the first stage we use
VQ-VAE [24], which can learn a discrete representation and ensure
that the poses are accurately reconstructed through latent vectors.

Our goal in this stage is to train VQ-VAE well enough to recon-
struct pose data, preparing it for the generation task in the next stage.
As in [7], we use a loss function Ly q:

Lvo = Lyee(Myr, Mi.r) + Leg(Z1:t, Evt) 4+ Lo (Muy.r, Mur), (2)

where L;cc, Leq and L, are reconstruction loss, codebook loss and
velocity loss, resp.

2.4. Gesture Generator

The second stage focuses on generating high-fidelity gestures and
enhancing model generalization. To save training time, we train the
generator in the indice space of the codebook, with the loss function
employing only cross-entropy loss as follows:

Les = CrossEntropy(1i.t, ViT(fusion(IYtt,al;t),id)), 3)

where I € R**? are the indices of poses. fusion module is shown

m
in Figure a1:+ denotes the audio feature after downsampling. ;¢
denotes the indices of poses being masked.

To accelerate loss convergence, we incorporate the ground truth
pose (GT) as an additional auxiliary input. Thus, our gesture gener-
ator is fed with A;.7 and GT pose data Mi.r in the training phase.

As shown in Figure[T] we first use two codebook encoders to get
pose indices I;.; and use an audio encoder and 1 x 1 convolution to
get audio feature a1.¢. Then, we apply a masking strategy (like [25])
to I1.+ and pass the masked I;.; through an embedding layer to map
1.+ and a1+ to the same dimensions. For pose features, we employ
the DER strategy to enhance the model’s learning capability by intro-
ducing random perturbations. DER applies dropout after the embed-
ding layer, active during training but inactive during inference. This
introduces noise to enhance robustness, and mitigates overfitting to
improve generalization. Later, we fuse the audio and pose features
using a fusion module and then input them into the ViT model. No-
tably, the input operation is carried out channel-wise, splitting the
body and hand poses into two channels (injecting spatial informa-
tion into the third dimension of the features). This is similar to an
image with a shape of width x height x 2. We represent hand and
body features as two channels within a single feature map (as shown
in Figure[d), where each channel corresponds to one component yet

Method Diversity! FGD| MAE] BC—

Aand UN  8.4988 30.102 355114 0.8570
Aand EN  9.3009 100.10  35.8544 0.8569
Band UN 8.2614 10.846 354285 0.8574
Band EN  8.9830 24816 35.9665 0.8579
Cand UN  8.3830 16.744 354646 0.8567
Cand EN  10.971 143.08  36.6753 0.8578

Table 1. A represents training with the Empty condition at a 10%
probability. B denotes training with the dropout operation at a 10%
probability. C represents using neither of the two strategies, i.e., not
conducting any processing on the speech condition. EN represents
enabling Equation 4] during inference, while UN represents not en-
abling.

is closely interconnected. Meanwhile, the width and height of the
feature maps correspond to the temporal and spatial dimensions of
the gesture clips respectively. For the temporal dimension, we do
not perform compression, while for the spatial dimension, we con-
duct downsampling using intrinsic convolution. The integration and
decoupling of spatio-temporal information at the feature map level
enable the module to gain enhanced spatio-temporal understanding
capabilities. Thus, channel-wise processing is crucial for the effec-
tiveness of the RET module, as it is essential to fuse spatio-temporal
information.

In the ViT model, we first apply patchEmbed to different chan-
nels of the input data. Then, we add id and position encoding, both
of which are fed into /N ViT blocks (V is 15) to obtain the predicted
indices 1. Finally, by applying the loss function to I and I, we can
train the model to converge.

2.5. Training Detail

After extensive experimentation, we find DER and masking strate-
gies help to alleviate overfitting. These strategies introduce large
random perturbations to the input data, not only guiding the model
to learn more robust features, but also improving the generalization
ability of the model. Additionally, we apply an Exponential Moving
Average (EMA) technique during model training, which stabilizes
the learning process in our supervised framework by maintaining a
moving average of model parameters.

We use CFG [26] to train our model, but replace the Empty con-
dition in Equation 3] with a dropout operation, which effectively en-
hances the performance of the model. During inference, we use the
following Equation[d]in the last neural network layer before softmax
to guide the generation process:

logit = s - RET(a1:¢,id) — (s — 1) - RET(¢,id), “)

where s is guidance scale, and logit is the guided generation result.
We can control the speaker’s gesture style through id. In addition,
we conduct experiments, as shown in Table [1} to prove that in our
model, it is better to use dropout than the Empty condition during
training.

3. INFERENCE PHASE

In the inference phase, we divide the process into face and gesture
inference. For face inference, we use the VAE architecture from



Diversityt FGD| MAE| BC—
ReCoM 8.9830 24816 35966 0.8579
w/o CFG 8.2614 10.8462 35428 0.8574
w/o IRI 8.7314 39.9367 31.785 0.8570
w/o EMA 8.1029 27.6172 35436 0.8570
w/o DER 6.9025 146.394  35.295 0.8545
w/o masking ~ 8.4321 71.0111 35.685 0.8560

Table 2. Ablation results on the SHOW dataset.
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section @] Given audio input, the facial model trained on facial
distributions generates a FLAME [23]] result.

3.1. Iterative Reconstruction Inference

For the gesture inference part, we propose a novel inference strategy,
which is termed IRI, to enhance the generation results, as shown in
Figure[T] Specifically, the method initially takes speech features and
fully masked motion indices as inputs. Then, the speech features
and indices are repeatedly input into RET module to predict masked
indices until all are recovered. In each iteration, the model auto-
matically selects results that exceed the confidence threshold, while
indices with results below the threshold are retained for re-prediction
in the next iterations. The threshold is adaptively decreased in a lin-
ear manner in order to reduce the difficulty of data reconstruction.
Making predictions in a fully non-chronological order helps allevi-
ate the cumulative errors in the temporal sequence.

3.2. Temporal Smoothing Process

To generate long gesture sequences, we need to concatenate different
result segments. We propose the Smoothing strategy as shown in
Figure[I] Specifically, we divide the speech audio into several short
segments in chronological order. For audio with a frame rate of 30
FPS, we split it into segments with 88 frames each. For segments
S; (excluding the first), we incorporate the last 8 frames of segment
Si—1 into the segment S;. This enables information from several
independent segments to be transmitted in a temporal sequence.

4. EXPERIMENT

We train and test on the SHOW dataset with 27 hours data [7]]. For
generalization experiments, we test on BEAT2-English dataset with
26 hours data [8], without any fine-tuning.

Quantitative Comparisons. We compare ReCoM with [19],
TalkSHOW [7]] and ProbTalk [[15]]. We select a series of metrics to

Method Diversityt FGD|  MAE] BC—

GT 9.4850 0 0 0.8676
Habibie 7.5246 239.178  98.6942  0.9477
TalkSHOW  6.8678 66.1574  36.7540 0.8713
ProbTalk 7.6758 18.7028 36.0005 0.7837
ReCoM 8.9830 24816 359665 0.8579

Table 3. In-domain evaluation on SHOW. Downward (), upward
(1), and rightward (—) arrows indicate that lower, higher, and GT-
closer values are better, respectively. Bold and underlined denote the
best and second-best results.

Method Diversityt FGD|  MAE] BC—

GT 14.8500 0 0 0.8351
Habibie 7.5242 239.184  92.2333  0.9477
TalkSHOW  8.6990 98.3199 72.2534 0.8729
ProbTalk 8.2616 100.067 71.6509 0.8178
ReCoM 11.1303 96.7793  71.5830  0.8469

Table 4. Out-of-domain evaluation on BEAT2.

ensure a comprehensive and accurate assessment of the model’s per-
formance across multiple aspects. These metrics include Diversity
[8], FGD (Fréchet Gesture Distance) [27.28]], MAE (Mean Abso-
lute Error), and BC (Beat Consistency Score) [29]]. These metrics
can effectively represent the performance of the gesture model. As
shown in Table [3]and Table ] the experimental results demonstrate
that our model has high fidelity and good generalization ability.

Perceptual Study. Objective metrics do not always reflect
model performance. Therefore, to further verify the visual perfor-
mance of ReCoM, we conduct a perceptual study. We generate a
total of 81 visual videos for testing: 50 from the SHOW test set,
and the remaining 31 are generated from wild TED audio. Twenty
participants were asked to evaluate the videos generated by different
methods. Each assessed all 81 test samples (presented in random
order) and were asked to select their most preferred option. The
results are presented in Figure 5]

Ablation Study. As shown in Table[2] to validate the effective-
ness of our design, we conduct ablation experiments by removing
our improvement strategies. Although our ReCoM is not the best in
all metrics, we choose it because FGD has the biggest impact on vi-
sual effect. Spectral analysis using short-time Fourier transform in-
dicates that IRI’s increase in MAE is concentrated in high-frequency
bands and that IRI preserves, or even slightly improves, accuracy at
low and mid frequencies. This shows that IRI functions by selec-
tively smoothing high-frequency micro-motions. Experiments with
exponential and cosine decay thresholding yield results comparable
to linear decay, implying that IRI’s effectiveness depends more on
the iterative process itself than on the thresholding strategy.

5. CONCLUSION

We design RET by retaining the structural characteristics of ViT,
and enable the model to process spatio-temporal information through
channel-wise operations. Additionally, we apply some strategies to
improve model learning, and use a new inference strategy to enhance
the generation results. Our ReCoM achieves impressive results, not
only improving fidelity but also enhancing generalization.
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