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Figure 1. Holistic co-speech motion generation examples. Given a speech signal as input, our approach generates variable and coordinated
holistic body motions. From top to bottom: the speech transcript, the corresponding audio, and three generated samples. In particular, to
emphasize important keywords, our method ensures that facial expressions, head movements, and body motions work in unison.

Abstract

This paper addresses the problem of generating lifelike
holistic co-speech motions for 3D avatars, focusing on two
key aspects: variability and coordination. Variability al-
lows the avatar to exhibit a wide range of motions even with
similar speech content, while coordination ensures a harmo-
nious alignment among facial expressions, hand gestures,
and body poses. We aim to achieve both with ProbTalk, a
unified probabilistic framework designed to jointly model fa-
cial, hand, and body movements in speech. ProbTalk builds
on the variational autoencoder (VAE) architecture and in-
corporates three core designs. First, we introduce product
quantization (PQ) to the VAE, which enriches the repre-
sentation of complex holistic motion. Second, we devise a
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novel non-autoregressive model that embeds 2D positional
encoding into the product-quantized representation, thereby
preserving essential structure information of the PQ codes.
Last, we employ a secondary stage to refine the preliminary
prediction, further sharpening the high-frequency details.
Coupling these three designs enables ProbTalk to generate
natural and diverse holistic co-speech motions, outperform-
ing several state-of-the-art methods in qualitative and quanti-
tative evaluations, particularly in terms of realism. Our code
and model will be released for research purposes at https:
//feifeifeiliu.github.io/probtalk/.

1. Introduction

Studies in psychology and linguistics suggest that communi-
cation is not just about what we hear; it is a comprehensive
sensory experience integrating non-verbal signals like body
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poses, hand gestures, and facial expressions, all crucial to
effective communication [16, 26]. Consequently, the auto-
matic generation of realistic full-body movements synchro-
nized with speech is vital for offering more immersive and
interactive user experiences.

This problem has seen considerable research interest. An
early approach by Habibie et al. [21] mapped speech signals
to holistic motions using a deterministic regression model.
While effective in some respects, this method risked produc-
ing repetitive and less human-like avatars due to identical
motions for the same speech content. To improve on this,
TalkShow [59] introduced a hybrid approach, using deter-
ministic modeling for facial expressions and probabilistic
modeling (specifically, VQ-VAE [52]) for hand and body
movements. Despite achieving a greater variety in body
gestures, TalkShow still suffers from the low diversity in
facial movements. Moreover, the separate modeling strategy
used in TalkShow can cause disjointed coordination among
different body parts.

Recent studies have shown the efficacy of probabilistic
models like VQ-VAE in learning diverse facial movements
[41, 56] or body gestures [3, 32, 36], suggesting a promising
direction for holistic motion modeling. Inspired by their
successes, we aim to develop a variational framework that
jointly models facial expressions, hand gestures, and body
poses from speech. This framework is designed to capture
both the variability and holistic coordination in co-speech
motion. Specifically, the probabilistic nature introduces es-
sential variability to the resulting motions, allowing avatars
to exhibit a wide range of movements for similar speech,
while the joint modeling improves the coordination, encour-
aging a harmonious alignment across various body parts.
Yet, developing such a framework is not straightforward.
Directly using models like VQ-VAE results in inexpressive
speaking avatars, as holistic motion has a higher complexity
than that of individual body parts. Moreover, the temporal
granularity within VQ-VAE is typically too coarse [3, 59],
constraining its ability to generate high-frequency motions
with necessary details.

To address these challenges, we present ProbTalk, a novel
framework based on the variational autoencoder (VAE) ar-
chitecture, comprising three core designs. First, we apply
product quantization (PQ) to VAE [18, 55]. PQ partitions
the latent space of holistic motion into multiple subspaces
for individual quantization. The compositional nature of
PQ-VAE affords a richer representation so that the complex
holistic motion can be represented with lower quantization
errors. Second, we devise a novel non-autoregressive model
that integrates MaskGIT [10] and 2D positional encoding
into PQ-VAE. MaskGIT [10] is a training and inference
paradigm that simultaneously predicts all latent codes, sig-
nificantly reducing the steps required for inference. The 2D
positional encoding, accounting for the additional dimension

introduced by PQ, effectively preserves the 2D structural
information of time and subspace in product-quantized la-
tent code. Last, we employ a secondary stage to refine the
preliminary predicted motion, further sharpening the high-
frequency details, especially in facial movements.

To the best of our knowledge, our proposed method is
the first approach to explicitly address the issue of holistic
body variability and coordination in co-speech motion gen-
eration. We quantitatively evaluate the realism and diversity
of our synthesized motion compared to ground truth and
SOTA methods and ablations on the SHOW dataset [59].
Experimental results demonstrate that our model surpasses
state-of-the-art methods both in qualitative and quantitative
terms, with a particularly notable advancement in terms of
realism.

2. Related Work
2.1. Human Motion Generation

Human motion generation is a popular research field and
includes many sub-tasks. According to the input conditions,
existing works in this field can be categorized into text-,
audio-, and scene-driven motion generations [66]. The text-
driven motion generation aims to generate human motion
based on the action category [19, 40, 44], or from textual
descriptions [20, 38, 45, 46, 62]. The audio-driven motion
generation focuses on generating conversational gestures in
response to speech input, so-called co-speech motion gener-
ation [15, 59, 61], or generating 3D dance motion based on
audio input [30, 51, 67]. The scene-driven motion genera-
tion is conditioned on the scene context [5, 37, 54]. Besides,
some works [8, 22, 49] target the motion completion task
that utilizes sparse keyframes as constraints to generate a
full motion sequence. We refer the readers to a recent review
paper [66] for a comprehensive overview.

2.2. Co-Speech Motion Generation

Early approaches to co-speech motion generation are rule-
based [9, 27, 29, 47]. They adopt linguistic rules to trans-
late speech into a sequence of pre-defined gesture segments.
However, this process is time-consuming and labor-intensive
as it involves expert knowledge and extensive effort to define
the rules and segment the gestures. Recent attention has
shifted towards learning-based methods, leveraging advance-
ments in deep learning [17, 23, 52]. These methods aim to
estimate the mapping or probability distribution of co-speech
motion, taking into account various condition modalities, in-
cluding acoustic features [14, 28, 31, 65], linguistic features
[14, 28, 31, 65], speaker identities [36, 61], and emotional
cues [48, 60]. Beyond exploring diverse co-speech motion
conditions, many approaches employ various probabilistic
models to generate a wide spectrum of co-speech motions,
including Generative Adversarial Networks (GANs) [1, 61],
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VAEs [31], VQ-VAE [3, 58], normalizing flows [2], and
diffusion models [4, 65].

However, these methods primarily focus on body motion
while overlooking face motion. To address this limitation,
TalkShow [59] introduced a separate modeling approach that
creates probabilistic body movements while maintaining de-
terministic facial movements, enriching motion diversity and
retaining facial detail. However, this method risks a lack
of whole-body coordination, as it generates facial and body
movements independently, potentially leading to unnatural
alignment. To address this, Liu et al. [34] introduced a cas-
caded network architecture for synthesizing speech gestures
based on ground truth (GT) facial movements. However,
this approach is heavily dependent on the availability of GT
facial data, which is generally not accessible in many sce-
narios. In a different vein, Habibie et al. [21] proposed a
method for the simultaneous generation of 3D whole-body
motions associated with speech, thereby ensuring bodily co-
ordination without the necessity for GT data. Despite their
merits, both methods operate in a deterministic manner, lim-
iting their variability, such as producing a range of diverse
motions given the same speech input.

Unlike previous method, we propose a unified probabilis-
tic framework for co-speech motion generation. Our ap-
proach not only attains coordination between the facial and
body movements but also ensures their motions are variable
and diverse.

3. Method

Preliminary. We define a sequence of GT holistic body
motion as M1:N = {mn|mn ∈ R376}Nn=1, where N is the
sequence length and each individual pose mn is represented
by 6D [64] SMPL-X [42] parameters, including jaw pose,
body pose, hand pose, and facial expression parameters. The
corresponding speech audio is encoded using a wav2vec
2.0 encoder [6], leading to a sequence of audio features
A1:N = {an|an ∈ R768}Nn=1.

3.1. Method Overview

Given a speech recording, our goal is to synthesize variable
and coordinated holistic body motion. To this end, we pro-
pose a unified probabilistic framework named ProbTalk to
jointly model facial, hand, and body movements in speech.
Compared to the deterministic method used by [21], our
probabilistic framework facilitates the generation of more
varied holistic co-speech motions. It is also important to
note that, unlike the previous method [59], which models
the face, body, and hands separately, our design has a note-
worthy benefit in that facial expressions, hand gestures, and
body poses are synthesized jointly. This crucial aspect of
our approach ensures that the generated motions are not dis-
connected movements of individual body parts, but rather

coordinated movements of the whole body.

3.2. Unified Probabilistic Motion Generation

To estimate diverse holistic human motion, we leverage the
recent advances of PQ-VAE [18, 55] to learn a multi-mode
distribution space for holistic body motions, thereby creat-
ing an expressive motion representation that allows us to
capture the possible variability inherent in the holistic body
motion. Concretely, we begin by encoding and quantizing
the holistic body motion into G groups of finite codebooks,
from which we can sample a wide range of plausible body
gestures (Sec. 3.2.1). Subsequently, we introduce a novel
non-autoregressive model over the learned codebooks, en-
abling us to predict diverse body motions (Sec. 3.2.2). Our
Predictor is designed for efficient inference and effective
prediction. Then, we obtain the preliminary holistic human
motion by decoding codebook indices sampled from the
distribution. Lastly, we refine the preliminary motion by a
sequence-to-sequence model to capture intricate details, thus
enabling a more accurate synchronization with the audio
(Sec. 3.2.3). Fig. 2 illustrates our idea.

3.2.1 Motion PQ-VAE

Given a holistic motion sequence M1:N , we aim to recon-
struct the motion sequence by learning a discrete representa-
tion that can capture the intricate variations of holistic mo-
tion. The classical VQ-VAE, as described in [52], comprises
an auto-encoder and a discrete codebook that learns to cap-
ture data patterns in the latent space of the auto-encoder. Due
to the limited codebook combinations, VQ-VAE’s ability to
represent diverse data patterns is constrained by substantial
quantization errors. Drawing inspiration from prior research
[18, 55], we introduce a product quantization (PQ) approach
to address this challenge. Specifically, PQ partitions the
latent space into G separate subspaces, each of which is
represented by a separate sub-codebook. We denote the g-th
sub-codebook as Cg = {cgk}Kk=1. Similarly, the latent fea-
ture zn is partitioned into G sub-features {zgn}Gg=1 and then
independently quantized with their corresponding codebook:

ẑgn = arg min
cgk∈Cg

∥cgk − zgn∥ ∈ Rdc

, (1)

where cgk denotes the embedding of the k-th code in the code-
book Cg, and dc indicates the dimensionality of each code
embedding. Then, the quantized sub-features {ẑgn}Gg=1 are
fed into the decoder for the synthesis. Compared to clas-
sic vector quantization, PQ has an expansive representation
capacity. For example, assuming that VQ and PQ have the
same memory cost, the size of their respective code combi-
nations are K × G and KG, where K ≫ G (in our case,
K = 128, G = 4). This means that PQ can handle expo-
nentially larger data patterns with the same memory cost
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Figure 2. Overview of the proposed ProbTalk, a unified probabilistic framework designed to jointly model facial, hand, and body movements
in speech. Specifically, ProbTalk first learns a PQ-VAE of holistic body motion, where the latent space is partitioned into subspaces, each of
which is quantized using a dedicated codebook. Then, we predict the PQ codes based on the masked code context. In each iteration, we
add 2D positional encoding (2D-PE) to embeddings of masked PQ codes to conserve the original structural integrity of the PQ codes. The
predicted motion is refined in the secondary stage, further sharpening the high-frequency details.

and reduce quantization errors. By leveraging PQ within the
VAE, we can effectively capture the complex diversities of
holistic motion.

The loss function Lpq for optimizing PQ-VAE consists
of three components: a reconstruction loss, a velocity loss,
and a “commitment loss” that encourages the feature to stay
close to the chosen code. Let V1:N−1 = {vn}N−1

n=1 , vn =
mn − mn+1 denotes the velocity of GT motions M1:N ,
and V pq

1:N−1 = {vpqn }N−1
n=1 , v

pq
n = mpq

n −mpq
n+1 denotes the

velocity of predicted motions Mpq
1:N = {mpq

n }Nn=1, the loss
function Lpq can be formulated as:

Lpq =L1(M1:N ,Mpq
1:N ) + L1(V1:N−1, V

pq
1:N−1)

+ β ∥Z − sg [C]∥ ,
(2)

where L1 is L1 reconstruction loss, sg [·] indicates stop gra-
dient, and β is the weight of the “commitment loss”. Expo-
nential moving average (EMA) and codebook reset (Code
Reset) are used in the codebook updating [50, 62].

3.2.2 Non-autoregressive Modeling for Prediction

While applying PQ-VAE significantly enhances the ability to
represent complex holistic motions with lower quantization
errors, it also introduces specific challenges. In particular,
the longer sequence of latent code introduced by PQ-VAE re-
quires more inference steps, thereby reducing the efficiency.
Moreover, modeling the intricate relationships across the
temporal sequence and subspace is not straightforward.

To tackle these issues, we propose a non-autoregressive
model featuring two critical designs: MaskGIT and 2D posi-
tional encoding. Coupling these two designs enables us to

train our Predictor efficiently and effectively, leading to 8x
inference speedup and improved prediction performance.

MaskGIT-like Modeling. Due to the sequential nature
of traditional autoregressive models, the increased code se-
quence length of PQ-VAE results in an augmented number
of inference steps, reducing inference efficiency. Motivated
by [10], we tackle this issue by designing a MaskGIT-like
Predictor that begins with generating all codes simultane-
ously and then refines the codes iteratively conditioned on
the previous generation at inference time, as shown in Fig. 2.

In each training iteration, we initially get a sequence of
pseudo-GT codes X from PQ-VAE, represented as one-hot
vectors. Subsequently, a binary mask I is sampled, in which
a value of 0 indicates that the corresponding elements in X
should be substituted with a distinct [MASK] code. This
process is represented by the formula X̃ = I⊙X+(1−I)⊙
X[MASK], where X[MASK] is the index vector of [MASK].
The Predictor is trained to predict missing codes based on the
conditions and unmasked codes. Subsequently, the Predictor
generates the logits of the codes X̂ , taking into account
multi-modal inputs, including audio A, motion context M c,
and identity D, as well as the masked code sequence X̃:

X̂ = Predictor(X̃;A,M c, D). (3)

Then, we use cross entropy loss Lce to optimize our
Predictor:

Lpredict = Lce(X, X̂). (4)

During inference, our model predicts all codes in parallel
during each iteration. However, it only retains the most
confident predictions and masks out the remaining codes
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for re-prediction in the next iteration. This iterative process
continues until all codes are generated accurately.

2D Positional Encoding. Transformer models [11, 53]
conventionally represent both input and output data as one-
dimensional sequences, incorporating a singular dimensional
positional encoding to indicate the exact position of each
element. However, this approach often overlooks certain
explicit relational dynamics inherent to multi-dimensional
data configurations. In our specific context, the intricate 2D
structural correlations, which span both temporal sequences
and various subspaces, may become obscured or less accessi-
ble when the PQ codes are linearized into a one-dimensional
continuum. Consequently, converting PQ codes into a one-
dimensional format requires the model to undergo a complex
relearning process to decode and understand these interrela-
tionships anew.

To circumvent this loss of multi-dimensional relational
clarity, we design a bi-dimensional positional encoding strat-
egy to conserve the original structural integrity of the PQ
codes. This dual encoding schema assists the model in re-
taining and comprehending the complex interplay of rela-
tionships that exist between the codes, drawing inspiration
from [7]. For the n-th code of the g-th subspace, the two-
dimensional positional encoding egn is derived by summing
the temporal encoding αn and the spatial encoding βg:

egn = αn + βg. (5)

Both αn and βg are instantiated through sine and cosine
functions [53]. This synthesis of temporal and subspace
encodings seeks to retain a robust representation of the data’s
multi-dimensional character within the Transformer model’s
operational framework.

3.2.3 Motion Detail Refinement

The initially estimated motion outlines the overall style of
the motion towards variability and coordination, yet neglects
to capture the high-frequency details, particularly the swift
transitions in facial movements. To further improve the
preliminary motion, we introduce a motion detail refine-
ment module to refine the preliminary motion utilizing a
deterministic sequence-to-sequence model. This approach
effectively captures intricate and fast-moving motion details,
thereby enhancing the accuracy of the preliminary motion
and achieving more precise synchronization with the audio.

The Refiner has a similar network structure to the Pre-
dictor with the absence of MaskGIT-like modeling and 2D
positional encoding. The Refiner takes combined motion
M̃1:N , input audio A1:N , mask I and speaker identity D1:N

as input, and outputs refined motion Mr
1:N :

Mr
1:N = Refiner(M̃1:N ;A1:N , I,D). (6)

Decoder BlockConditions

Condition 
Encoders

Self-Attention

AdaIN

AdaIN

Cross-Attention

AdaIN

FFNSpeech Audio

Motion Context

Speaker Identity

Figure 3. Our framework is designed to generate co-speech motion,
utilizing multi-modal conditions. In detail, the audio and motion
context are individually processed by their respective condition
encoders. Following this, the encoded outputs are concatenated and
forwarded to a cross-attention layer. Besides, an AdaIN layer [24]
is integrated to facilitate the incorporation of speaker identity.

The combined motion M̃1:N is the combination of motion
context M c

1:N and the preliminary motion Mp
1:N :

M̃1:N = I ⊙M c
1:N + (1− I)⊙Mp

1:N . (7)

Here, M c
1:N is generated by adding zeros to the desired mo-

tion prefix or suffix to fit our model’s needs—this is known
as “zero padding”. On the other hand, Mp

1:N comes from the
output of a PQ-VAE’s decoder, which takes predicted PQ
codes as its input.

More details are given in the supplemental material.

3.3. Multi-Modal Conditioning

Finally, our framework is designed to support multi-modal
conditioning. We incorporate modalities beyond audio, such
as motion contexts, into our Predictor and Refiner models,
as shown in Fig. 3. This enables us to facilitate motion
completion and editing. Additionally, since speakers often
present different motion styles, we utilize the modality of
speaker identity to differentiate these styles.

Motion Contexts. Our framework supports motion context
as a speech modality, allowing for smooth and contextual-
aware transitions in extended motion sequences. This leads
to the capability of audio-driven motion completion. During
training, the motion context is represented by the random
masked ground truth (GT) motions, denoted as M c

1:N =
I⊙M . Here, I ∈ RN represents the mask, and the unmasked
frames serve as context frames. With the motion contexts,
our Predictor generates preliminary motion by filling in the
masked frames in a bidirectional manner. This preliminary
motion is then refined by our Refiner, ensuring a seamless
transition with the unmasked frames.
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Habibie et al. [18]

TalkShow [48]

ProbTalk (Ours)

Ground Truth
Figure 4. Qualitative comparison with SOTA methods. The co-speech motion generated by ProbTalk is more realistic, especially in terms of
the timing, magnitude, and frequency of movements. We highlight the arm movements in grey. Best viewed in color.

Components FGD ↓ Var ↑

PQ Mask 2D R Holistic Body Face Body Face FPS ↑
- - - - 6.51 7.32 26.06 0.47 0.11 530
✓ - - - 4.41 5.17 15.69 0.39 0.16 132
✓ ✓ - - 4.89 6.33 14.30 0.24 0.15 1176
✓ ✓ ✓ - 4.76 5.42 15.49 0.27 0.16 1071
- ✓ - ✓ 6.93 9.22 8.59 0.26 0.17 1048
✓ - - ✓ 4.27 5.37 6.38 0.38 0.20 132
✓ ✓ - ✓ 4.65 6.11 5.77 0.23 0.16 1039
✓ ✓ ✓ ✓ 3.98 5.21 5.59 0.26 0.17 1067

Table 1. Ablation study on each key component of our methods.
“Mask” denotes the MaskGIT-like modeling, “2D” denotes the 2D
postional encoding, and “R” denotes the Refiner.

FGD ↓ Var ↑

Holistic Body Face Body Face FPS ↑
Habibie et al. [21] 44.60 44.17 43.66 0. 0. 24733
TalkShow [59] 6.60 7.93 7.69 0.94 0. 205
Separate 4.47 5.32 6.63 0.20 0. 991
Simultaneous-R 7.53 11.11 6.59 0. 0. 8990
Simultaneous-P 4.76 5.42 15.49 0.27 0.16 1071
ProbTalk (Ours) 3.98 5.21 5.59 0.26 0.17 1067

Table 2. Comparison with state-of-the-arts and various baselines.

Speaker Identity. Considering that speakers often display
different motion styles, we leverage the modality of speaker
identity D to differentiate these styles, preventing shifts
in motion style. Inspired by [63], an Adaptive Instance
Normalization (AdaIN) layer [24] is introduced after each
layer, facilitating the incorporation of speaker identity.

4. Experiments
4.1. Dataset

In this section, we evaluate our approach on the SHOW
dataset [59]. It is a database of 3D holistic body mesh an-
notations with synchronous audio from in-the-wild videos,
including 26.9 hours of talkshow videos from 4 speakers.
We select video sequences longer than 6 seconds and divide

the dataset into 80-10-10% train, validation and unseen test
splits.

4.2. Experimental Setup

Implementation Details. Our framework is trained sequen-
tially, beginning with the PQ-VAE, followed by the Predictor,
and lastly, the Refiner. We employ AdamW as the optimizer,
with [β1, β2] = [0.9, 0.99] and a learning rate of 0.0001 for
each of the three parts. A batch size of 128 is used to train
all three parts for 100 epochs. The window size τ is set to 8.

For the PQ-VAE, the number of codebooks is G = 4, and
for each codebook, the number of codes is K = 128. The
weight of the “commitment loss” term is set to β = 0.25.
For the Predicter, the mask ratio is controlled via a cosine
scheduler, following [10], and the number of iterations dur-
ing inference is T = 8.

Evaluation Metrics. We evaluate the performance of var-
ious approaches from multiple perspectives, which encom-
pass realism, diversity, and inference efficiency. Specifically,
we employ the following commonly used metrics:
• FGD: Fréchet Gesture Distance is proposed by Yoon et

al. [61], which measures the difference between the distri-
butions of the latent features of the generated gestures and
ground truth. We report three variants of FGD: Holistic,
Body, and Face. These metrics serve to evaluate the per-
ceived plausibility of the respective synthesized gesture
components.

• Variance: As used in [41, 59], diversity is assessed by
quantifying the variance among multiple samples originat-
ing from the same condition.

• FPS: Frame Per Second refers to the number of individual
frames that are processed in one second, measuring the
inference efficiency. In our experiment, we evaluate the
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FPS performance of each method using a TITAN Xp GPU
with a batch size of 1.
Besides, we report both the first-order and second-order

L2 errors to measure the reconstruction performance of PQ-
VAE.

4.3. Qualitative Analysis

In our qualitative comparison of ProbTalk with TalkShow
[59] and the method by Habibie et al. [21], we aim to show-
case the superior generation quality of our approach. Utiliz-
ing the same speech recording, we generated nine samples
with each method. These samples are overlaid for a di-
rect comparison with the Ground Truth (GT), as depicted in
Fig. 4. The figure clearly demonstrates that the GT motion in-
cludes four instances of swinging movements within a given
time frame. The methods of Habibie et al. and TalkShow
fail to capture this repetitive motion pattern, leading to mo-
tions that are slower and less lifelike. In contrast, ProbTalk
accurately captures the timing, magnitude, and frequency of
these swings, showcasing its precision in emulating realistic
motion dynamics.

4.4. Quantitative Analysis

Comparison with State-of-the-Art Methods. In our com-
parative analysis, presented in Table 2, our method demon-
strates superior performance over existing state-of-the-art
methods across all FGD metrics. Notably, our approach
shows significant advancements in FGD (Holistic), indicat-
ing its capacity for generating realistic holistic body motions.
This can be attributed to our proposed unified probabilistic
framework. Additionally, our method excels in Var (face),
indicating its effectiveness in producing diverse facial expres-
sions. Compared to the TalkShow model [59], our approach
also achieves a higher FPS, highlighting both its efficiency
and effectiveness.

To further showcase the effectiveness of our framework
design, we evaluate various baseline models, ensuring a fair
comparison by employing similar techniques such as PQ-
VAE, MaskGIT, and 2D positional encoding. The results
are presented in Tab. 2. The “Separate” model, akin to Talk-
Show [59], treats body and facial motions independently.
Conversely, the “Simultaneous” model, following Habibie
et al. [21], where the entire body motion is modeled jointly,
employing either a “P”redictor or a “R”efiner. Our results
indicate that “Simultaneous-R” performs the least effectively
in terms of FGD (Holistic) and FGD (Body), underscoring
the strength of our probabilistic approach in body motion
generation. Our method shows significant improvements in
FGD (Holistic) and FGD (Face) compared to “Simultaneous-
P”, emphasizing the importance of the Refiner in our frame-
work. Notably, our method surpasses the “Separate” model,
demonstrating the benefits of joint modeling.

FGD ↓ L2 Errors ↓

K G Holistic Body Face 1st-order 2nd-order
512 1 5.43 6.11 24.91 3.47 0.21
1024 1 4.73 5.37 22.49 3.41 0.20
2048 1 4.73 5.49 22.29 3.38 0.20
4096 1 5.05 5.98 24.57 3.35 0.20
128 2 3.60 4.30 19.36 3.10 0.20
128 4 1.72 1.88 13.10 2.71 0.18

Table 3. Reconstruction performance of PQ-VAE with different
codebook size K and the number of codebooks G.

Model Ablation. We evaluate the effect of each component
and report the results in Tab. 1, from which several important
conclusions are drawn:

• PQ plays a crucial role in enhancing the realism of the
generated motion. Nevertheless, it comes with a trade-off in
terms of inference efficiency. When compared to the base-
line, incorporating PQ leads to significant improvements
in FGD. However, it also results in inefficiency during in-
ference due to the lengthier code sequence, which requires
more iterations in the autoregressive inference process.

• The integration of MaskGIT proves to be effective in
achieving faster inference times, as evidenced by a signifi-
cant boost in FPS. However, this improvement comes at the
expense of a decrease in the realism of the generated mo-
tion. While MaskGIT enhances the efficiency of our method,
it also negatively impacts the FGD (Body), which in turn
affects the overall realism of the holistic body motion, as
indicated by the FGD (Holistic) evaluation.

• 2D positional encoding (2D-PE) proves to be beneficial
in generating more realistic holistic body motion. When
compared to the method without 2D-PE, incorporating 2D-
PE leads to significant improvements in various FGD metrics.
This highlights the importance and effectiveness of 2D-PE in
enhancing the quality and realism of the generated motion,
especially when the integration of MaskGIT results in a
decrease in the realism of the generated motion.

• Refiner proves beneficial in refining high-frequency
details, particularly in the case of face motion. Incorporating
this design yields significant improvements in FGD (face).
Furthermore, it also contributes to the overall generation of
more lifelike body motion, as demonstrated by the observed
improvements in FGD (body).

4.5. Sensitive Analysis

Effect of Product Quantization. To demonstrate the
superior representation capability of PQ, we present the re-
construction performance of VAE across various codebook
sizes K and the number of codebooks G. The results are
summarized in Tab. 3. It is noteworthy that increasing the
codebook size K does not yield a significant improvement
in the model’s performance concerning MAJE and MAD.
Moreover, it adversely affects the model’s performance in
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FGD ↓ Var ↑
T Holistic Body Face Body Face FPS ↑

Autoregressive - 4.27 5.37 6.38 0.38 0.20 132

MaskGIT

1 4.99 6.95 5.74 0.30 0.19 3660
2 4.29 5.82 5.59 0.28 0.18 2689
4 4.03 5.34 5.60 0.27 0.17 1770
8 3.98 5.21 5.59 0.26 0.17 1067
16 3.97 5.16 5.56 0.25 0.17 569

Table 4. Performance of MaskGIT with different number of itera-
tions T .

FGD ↓ Var ↑

Holistic Body Face Body Face
1D-Sine 4.65 6.11 5.77 0.23 0.16
1D-Trainable 4.51 6.07 5.72 0.25 0.17
2D-Sine 3.98 5.21 5.59 0.26 0.19
2D-Trainable 5.03 6.84 6.12 0.21 0.15

Table 5. Performance of different positional encoding methods.

terms of FGD. This observation suggests that a relatively
small codebook size K suffices, primarily due to the imple-
mentation of advanced codebook update strategies, namely,
EMA and CodeReset. Conversely, a substantial improve-
ment is evident across almost all metrics as we increase the
number of codebooks G, highlighting PQ-VAE’s proficiency
in representing realistic human motion.

Effect of MaskGIT. To evaluate the impact of MaskGIT,
we conducted a comprehensive analysis of the model’s per-
formance across varying numbers of iterations, denoted as
T . The results are presented in Tab. 4. In comparison to
autoregressive modeling, MaskGIT demonstrates a notable
enhancement in inference efficiency, albeit accompanied by
a reduction in the realism of the generated motion. As we
observe the influence of the number of iterations (T ) on the
performance metrics, an important trend emerges. An in-
crease in T leads to a significant rise in the FGD metrics,
indicating improved motion quality. However, this improve-
ment is countered by a slight decrease in variance and in-
ference efficiency. Furthermore, when we extend T from
8 to 16, we do not observe a substantial increase in either
the FGD score or the model’s variance. This phenomenon
suggests that there exists an optimal range of iteration counts
within which realism enhancement plateaus. In conclusion,
the judicious selection of the iteration count parameter, T ,
allows for striking a balance between markedly improved
inference efficiency and the preservation of motion realism.

Effect of the Positional Encoding. We conducted an
assessment of the impact of various positional encoding
methods, and the results are presented in Tab. 5. “Sine”
indicates that positional encoding parameters are generated
using sine and cosine functions [53], whereas “Trainable”
indicates that these parameters are learned during the training
process [11]. The data in the table clearly illustrates that 2D

FGD ↓ Var ↑

Holistic Body Face Body Face
Audio 6.18 6.99 9.65 0.33 0.21
+ Identity 4.75 6.49 5.61 0.24 0.19
+ Motion Context 3.98 5.21 5.59 0.26 0.19

Table 6. Effect of different input modalities.

positional encoding, formulated through sine and cosine
functions, significantly outperforms other methods across all
evaluated metrics. In contrast, 2D positional encoding with
learned parameters exhibits the worst results. This disparity
underscores the critical role of stable structural information
in positional encoding.

Effect of Multi-Modal Conditioning. To assess the effect
of each input modality, we conduct a sequence of incremen-
tal experiments. The results are detailed in Tab. 6. The
data presented in this table clearly indicates that each input
modality significantly enhances the realism of the gener-
ated motion. Notably, the integration of identity information
imposes a constraint on the motion style, thereby ensuring
stylistic consistency throughout the motion sequence. Addi-
tionally, the inclusion of motion context plays a crucial role
in facilitating the generation of smoother and more continu-
ous movements, particularly when creating extended motion
sequences.

5. Conclusion

In this study, we introduce ProbTalk, the first approach
specifically designed to tackle the challenges of holistic body
variability and coordination in the co-speech motion gener-
ation. The first step in our approach is the incorporation of
PQ into the VAE, which significantly enhances the repre-
sentation of complex, holistic motions. Next, we develop
a unique non-autoregressive model that integrates 2D posi-
tional encoding, leading to efficient and effective inference.
Finally, we utilize a secondary stage to refine the initial pre-
dictions, thereby improving the richness of high-frequency
details. The experimental results validate that our approach
delivers state-of-the-art performance in both qualitative and
quantitative aspects.
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