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Abstract. It is natural for us to walk and talk simultaneously. This
paper tackles the challenge of replicating such natural behaviors in 3D
avatar motion generation driven by concurrent multi-modal inputs, e.g .,
a text description “a man is walking” alongside a speech audio. Existing
methods, constrained by the scarcity of aligned multi-modal data, typi-
cally combine motions from individual modalities sequentially or through
weighted sum. However, they often result in mismatched or unrealistic
movements. To overcome these limitations, we propose MOCO, a novel
diffusion-based framework capable of processing multiple simultaneous
inputs—including speech audio, text descriptions, and trajectory data—to
generate coherent and lifelike motions without requiring aligned multi-
modal data. Our key innovation lies in decoupling the motion generation
process. During each denoising step, the diffusion model independently
generates motions for each modality from the input noise and assem-
bles the body parts according to predefined spatial rules. The resulting
combined motion is then diffused and serves as the input noise for the
subsequent denoising step. This iterative approach enables each modal-
ity to refine its contribution within the context of the overall motion,
progressively harmonizing movements across modalities. Consequently,
the generated motions become increasingly natural and fluid with each
iteration, achieving coherent and synchronized behaviors. We evaluate our
approach using a purpose-built multi-modal benchmark. Experimental
results demonstrate that MOCO outperforms existing baselines, advanc-
ing the field of multi-modal motion generation for 3D avatars. The code
will be released on https://feifeifeiliu.github.io/MOCO.
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1 Introduction

Imagine watching a virtual talk show where the host delivers engaging dialogue
complemented by expressive gestures, natural body movements, and precise
⋆ Corresponding author.
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movement paths. The host walks across the stage following a scripted trajectory,
uses hand gestures to emphasize points based on their speech, and shifts posture
in response to both the conversation’s flow and predefined text instructions—all
occurring in perfect harmony. This level of realism transforms the viewing expe-
rience, making interactions feel genuine and immersive. Achieving such lifelike
behavior is no small feat, yet it is essential for enhancing user engagement in
applications ranging from virtual reality to interactive gaming and beyond.

Driving a 3D avatar to perform such lifelike motions involves managing
multiple control signals, such as text descriptions, speech audio, and trajectory
data. Multi-modal signals may be provided concurrently, for instance, a text
prompt like “a man is walking” alongside a speech audio clip. However, most prior
works primarily focus on single-modality control, such as text-to-motion [18,53]
or speech-to-gesture [17,62]. Recent studies [66,71,72] have explored designing
unified models capable of addressing multi-modal signals by leveraging datasets
from different generation tasks. Nevertheless, these models typically process only
one modality at a time, combining motions conditioned on different inputs in a
limited and sequential manner when multiple control signals are present.

a man is walking 

step aside, 
then sit down

keep sitting 
on a chair

stand up 
from a chair

walk forward

Zoom In

Zoom In

Given Trajectory

Input Audio:

Input Audio:

Fig. 1: Examples of Multi-Modal Controlled Motion Generation. Given multiple
control signals of different modalities—including text descriptions, speech audio, and
trajectory data—our MOCO framework generates realistic and coherent holistic body
motion. This includes both body movements and detailed features such as facial
expressions and hand gestures, all closely aligned with the provided conditions. To
clearly illustrate this, we highlight two clips with temporal zoom, showcasing the natural
integration of speech gestures and lower-body movements in our generated motions.
Additional visual results are provided in Fig. 4 and the supplementary materials.
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The primary challenge in achieving simultaneous multi-modal control of mo-
tion generation is the scarcity of aligned multi-modal data. While collecting
additional multi-modal data could help, it requires significant resources. In addi-
tion, the activity regions in speech-to-gesture datasets are often limited, making
it hard to train models that can generate trajectory-controlled speech gestures.
Some efforts address this issue by combining the predictions of text-driven model
and audio-driven model through weighted sum [12, 61]. [34] suggested using
speech scripts as pseudo text labels to create aligned text-audio-motion datasets,
replacing scripts with movement descriptions during inference. However, these
approaches face inherent limitations: for weighted sum, the predominance of
standing poses in speech-to-gesture datasets creates imbalanced model corrections;
for pseudo-labels, the use of speech scripts as training labels limits generalization
to diverse motion descriptions during inference. To overcome these challenges,
we propose a novel diffusion-based framework, named Multi-MOdal Controlled
COherent Motion Synthesis (MOCO). MOCO exploits a natural spatial decompo-
sition: speech audio primarily drives upper-body dynamics—–gestures and facial
expressions–—while text descriptions mainly influence lower-body movements
such as walking and stance shifts (see Appendix A for supporting statistics). To
achieve this, MOCO is first trained on multiple datasets, ensuring that the model
can independently generate motions conditioned on either text or speech inputs.
At each denoising step, the model generates motions for each modality separately
from the input noise and assembles the body parts according to predefined spatial
rules, i.e. combining audio-driven upper-body motion with text-driven lower-body
motion. This combined motion is then diffused and used as the input noise for
the next denoising step. The separation ensures that each body part’s motion is
highly aligned with its corresponding input condition, while the iterative process
conditions each generation step on the current state of the combined motion.
This allows each modality to refine its contribution within the context of the
overall movement. Consequently, with each iteration, the motions generated
for different body parts become increasingly harmonized, resulting in natural
movements that exhibit coherent and synchronized behaviors. Furthermore, this
decoupled generation process enables our framework to incorporate trajectory
control into co-speech motion generation. We can leverage trajectory data to
generate text-driven motion and combine it with audio-driven motion, producing
speech gestures that closely align with the given trajectory.

To facilitate the evaluation of this novel task, we develop a multi-modal
benchmark comprising 1,000 test clips which are generated from 40 fundamental
text descriptions of body movements (e.g ., “walk forwards” and “step back and
sit down”) and 694 audio clips from eight different speakers. Each test clip
integrates two text prompts describing a movement with two speech audio clips.
We rigorously evaluate our approach against baseline methods using both text-
to-motion and speech-to-gesture metrics. Experimental results demonstrate that
our method outperforms existing baselines, advancing the field of multi-modal
controlled motion generation for 3D avatars.
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2 Related Work

2.1 Multi-Modal Conditioned Motion Generation

In recent years, human motion generation has received significant attention, largely
driven by advancements in dataset collection. Various scenarios have been explored
depending on the input conditions, including action labels [19], text descriptions
[6, 14, 18, 21, 24, 25, 32, 53, 56, 65, 67], speech audio [17, 28, 36–38, 44, 47, 62, 69],
music [31, 49, 54], scene context [22, 41], spatial signal [52, 59], and even the
motion of another person [11,20,40,42,51,55]. Beyond single-modality control,
research efforts have been extended to handle integrating multi-modal signals. For
instance, some works considered speaker identity, speech audio, and transcripts
to generate conversational gestures [2,3,60,64], while other works jointly leverage
text and scene inputs for motion generation [10,15,57,63]. Moreover, some works
focus on integrating various datasets to train unified motion models that enhance
scalability and applicability across multiple scenarios [13,26,66,70,72].

A critical limitation persists, however: current models depend heavily on
aligned multi-modal training data, limiting their ability to handle novel input
combinations (e.g ., text with audio, audio with trajectory) unseen in training.
To address this, FreeTalker [61] and SynTalker [12]—the latter concurrent with
the first version of this paper [39]—propose combining predictions from text-
driven and audio-driven models through weighted sum. Liu et al. [34] suggested
using speech scripts as pseudo text labels (e.g ., “A male speaker is saying: ‘I am
shocked by what you have done.’ ”) to create aligned text-audio-motion datasets
for training and replace these scripts with movement descriptions during inference.
However, the weighted sum method poses challenges, as the speech-driven model
exerts significantly stronger correction forces than the text-driven model. This
imbalance often generates motions that overly favor speech conditions while
suppressing text conditions (Appendix E). Regarding pseudo labels, the reliance
on speech transcripts as supervisory signals creates a domain gap between
the transcript distribution and the motion-description distribution, thereby
constraining generalization to diverse motion descriptions.

2.2 Diffusion-based Methods in Motion Generation

The diffusion model has been recognized as one of the most advanced generative
paradigms and has also gained significant attraction in human motion generation.
Its applications can be categorized into two primary streams according to the
space where the denoising process is implemented. One representative method
in the first stream is the Human Motion Diffusion Model (MDM) [53], which
operates directly in the original motion space to perform denoising [1,27,29,33,73].
This approach offers several advantages, including high editability and strong
controllability, enabling operations such as concatenation and combination within
the original motion space during the denoising process. The second stream is
exemplified by the Motion Latent Diffusion model (MLD) [14], which conducts
denoising in the latent space of a Variational Autoencoder (VAE) [8, 16, 46].
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Utilizing the VAE latent space improves efficiency in representing complex motion
data and significantly reduces the computational load required for diffusion
processes, resulting in faster inference speeds. In this work, we select MDM as
the foundational model due to its superior editability [5, 43,48].

2.3 Compositional Motion Generation

A complementary line of work generates complex motion by composing multi-
ple actions or sub-motions. Spatial composition assembles motions of different
body parts: SINC [5] combines multiple text-driven actions through body-part
masks in a VAE-based, offline manner. Temporal composition instead sequences
multiple actions over time and focuses on seamless transitions between them,
as in TEACH [4], T2LM [30], and FlowMDM [9]. STMC [43] unifies both axes,
bringing per-denoising-step body-part composition into the diffusion framework
with a DiffCollage-style [68] mechanism for temporally overlapping actions. All
these methods compose homogeneous, text-only conditions; we instead build on
the per-step composition paradigm and extend it to heterogeneous audio, text,
and trajectory control, placing MOCO at the intersection of compositional and
multi-modal motion generation.

3 Method

In this section, we begin with a brief introduction to the Motion Diffusion Model
(MDM) [53], which serves as our foundational model (Sec. 3.1). Then, we describe
our framework’s data representations and important model components (Sec. 3.2).
Next, we explain our multi-modal decoupled denoising strategy for holistic motion
generation (Sec. 3.3). Finally, we address a more complex scenario where the
trajectory condition is included and utilize a Large Language Model for motion
planning (Sec. 3.4). An overview of our framework can be found in Fig. 2.

3.1 Preliminary: Motion Diffusion Model

MDM is a diffusion-based motion generation model [53]. The same as other
diffusion models, it regards diffusion as a Markov noising process (xt)

T
t=0 that

starts from a training sample x0. As the time step t increases, the distribution
of xT approaches a standard normal distribution. Besides, MDM models the
conditional distribution p(x0 | c) by reversing the diffusion process through
iterative denoising on xT . To achieve this, it minimizes a loss function that
penalizes the difference between the original and denoised samples. Moreover,
it performs sampling from p(x0 | c) iteratively, predicting x0 at each timestep t
and computing xt−1 until t reaches 0.

MDM adopts the classifier-free guidance [23] to adjust its adherence to the
conditioning signal c. Specially, its denoiser G is trained on both conditioned
and unconditioned data by randomly setting c as ∅, which allows G(xt, t,∅) to
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Fig. 2: Overview of MOCO. At each denoising step t, the input conditions and
noisy data are fed into their respective denoisers to predict clean motion, which is
then diffused for the next iteration. Specifically, the upper-body motion conditioned on
speech audio and the lower-body motion conditioned on text description are combined
to form the overall body motion. The blue arrows in the figure highlight two key
points. One indicates that the denoising process of v0 is completed before body motion
denoising. The other shows that after the denoising process, the detailed facial and
hand movements, and the combined body motion are integrated together to produce
the final holistic motion.

approximate the unconditional data distribution. During sampling, it adjusts the
strength of c using a scaling factor s:

Gs (xt, t, c) = G (xt, t,∅) + s · (G (xt, t, c)−G (xt, t,∅)) , (1)

where Gs denotes the denoiser with the classifier-free guidance.

3.2 Data Representation and Model Architecture

Data Representation. Our framework incorporates four data modalities:
motion, text, audio, and trajectory. The motion data is represented as m =
{mn}|Nn=1 ∈ RN×491, where N is the number of frames. Specifically, the motion
data for each frame is denoted as mn = {bn, dn}, with b ∈ R205 representing
the body pose [43], and d ∈ R286 capturing detailed facial expression and hand
movements. The text embeddings are encoded using the CLIP model [45] and
are denoted as ctext ∈ R512. Audio features are extracted via the Wav2Vec2
model [7] and represented as caudio ∈ RN×768. Finally, the trajectory data is
encoded as ctraj ∈ RN×2, representing the position on the XY-plane for each
frame.

Model Design. Our framework includes four transformer-based denoisers: one
for text-to-motion (T2M), one for speech-to-gesture (S2G), one for trajectory-



Multi-Modal Controlled Coherent Motion Generation 7

to-velocity (T2V), and one for speech-to-details (S2D) that synthesizes facial
expressions and hand poses:

b̂0 = GT2M(bt, t, ctext), b̂0 = GS2G(bt, t, caudio), (2)

v̂0 = GT2V(vt, t, ctraj), d̂0 = GS2D(dt, t, caudio). (3)

We denote the sampling with classifier-free guidance for each denoiser as Gs
u,

where u ∈ {T2M, S2G, T2V, S2D}.
For the T2M denoiser conditioned on a text embedding ctext, we follow

prior works [14, 53] by treating ctext as a token and applying self-attention to
incorporate the semantic information in ctext into the motion generation process.
In contrast, the other denoisers are conditioned on sequential data; therefore, we
utilize cross-attention to model the relationships between the input sequences
and the generated motion. Additionally, the T2M and T2V denoisers are trained
on HumanML3D [18], while the S2G and S2D denoisers are trained on the
BEAT2 [36] dataset. All denoisers adhere to the objective function and diffusion
paradigm described in Sec. 3.1. The computational complexity of each component
is reported in Appendix F.

a man is walking a man is walking step aside, then 
sit down

keep sitting on 
a chair

stand up from 
a chair walk forwardText Description

Speech Audio

(a) Synchronous Conditions (b) Asynchronous Conditions
0 8 (sec) 0 35 (sec)

Fig. 3: Examples of synchronous and asynchronous conditions. Synchronous
conditions occur when all condition signals are provided within the same time interval.
In contrast, asynchronous conditions involve multiple conditions, each corresponding to
different time intervals.

3.3 Multi-Modal Decoupled Denoising

In this section, we introduce our multi-modal decoupled denoising strategy
for generating motion in scenarios where text and speech audio are provided
synchronously—that is, within the same time interval—as shown in Fig. 3 (a).

Our key observation is that the speech audio naturally guides upper-body
gestures (including head and arm poses), while text descriptions mainly influence
lower-body movements (including spine and leg poses) like walking or shifting
stance. In a diffusion context, this implies that the joint conditional probability
p(bt−1 | ctext, caudio, bt) can be approximated by the product of two probabilities:
p(bt−1,lower | ctext, bt) and p(bt−1,upper | caudio, bt). Mathematically, this can be
represented as follows:

p(bt−1 | ctext, caudio, bt) ≈ p(bt−1,lower | ctext, bt) · p(bt−1,upper | caudio, bt). (4)
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Here, bt represents the motion at denoising step t, which is composed of the upper-
body motion bt,upper and the lower-body motion bt,lower. A detailed derivation of
Eq. (4) is provided in Appendix B.

Based on this observation, we can decouple the multi-modal controlled de-
noising process into distinct streams. The text-driven stream p(bt−1 | ctext, bt)
can be formulated as follows:

b̂text
0 = Gs

T2M(bt, t, ctext), btext
t−1 =

√
αt−1 b̂

text
0 +

√
1− αt−1 ϵ, (5)

where αt =
∏t

s=1(1 − βs) represents the cumulative product of (1 − βs) up
to timestep t, and βs is the variance schedule controlling the amount of noise
added at each timestep. The variable ϵ ∼ N (0, I) is Gaussian noise sampled
from a standard normal distribution [53]. Similarly, the audio-driven stream
p(bt−1 | caudio, bt) is defined as:

b̂audio
0 = Gs

S2G(bt, t, caudio), baudio
t−1 =

√
αt−1 b̂

audio
0 +

√
1− αt−1 ϵ. (6)

Finally, the body motion bt−1 at step t is computed as follows:

bt−1 = I ⊙ btext
t−1 + (1− I)⊙ baudio

t−1 , (7)

where I ∈ R205 is a binary vector with entries set to 1 for the lower body and 0
for the upper body; ⊙ denotes element-wise multiplication.

The decoupled denoising allows each body part’s motion to be precisely guided
by its corresponding input condition, ensuring high fidelity to the control signals.
Furthermore, each stream adjusts its output based on the current overall motion,
promoting coordination among the body parts. As this process continues, the
motions generated for different body parts become increasingly synchronized,
resulting in natural and coherent full-body movements.

3.4 Trajectory and Motion Planning

The above subsection handles the multi-modal decoupled denoising for syn-
chronous conditions. We now extend our MOCO framework to tackle more
complex, challenging yet more realistic scenarios, such as incorporating trajectory
control and leveraging Large Language Model (LLM) for motion planning.

Trajectory Control. Following the approach of Petrovich et al . [43], we
represent the global transition of body pose using the velocity vector v = [ṙx, ṙy, θ̇],
where ṙx and ṙy are the linear velocities of the pelvis in the x and y directions,
respectively, and θ̇ is the angular velocity about the body’s vertical (Z) axis.
Given the trajectory data ctraj, we first predict v̂0 using Eq. (3). To enhance
prediction accuracy, we incorporate loss guidance into our method. During each
denoising step for predicting the velocity vector, we compute v̂0 using Eq. (3)
and apply loss guidance as follows:

Lguidance = FK(v̂0)− ctraj, (8)
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where FK represents the differentiable Forward Kinematics function [58] that
converts linear and angular velocities into the trajectory. We follow the method-
ology of InterControl [58] and optimize Lguidance with respect to v̂0 using the
second-order LBFGS optimizer [35]. This optimization ensures that the predicted
global transitions closely match the provided trajectory data.

Once v̂0 is predicted, we substitute the velocity component in b̂0 with v̂0
during each iteration of its generation. This substitution guides the generation
process to adapt the remaining elements of b̂0 to align with v̂0, thereby ensuring
consistency with the provided trajectory data.

Table 1: Example of an LLM-generated motion timeline.

Condition Start Time End Time Body Part
c1 = kneel down fs

1 fe
1 spine, legs

c2 = stand up from ground fs
2 fe

2 spine, legs
c3 = run forward fs

3 fe
3 spine, legs

c4 = audio clip 1 fs
4 fe

4 head, arms
c5 = audio clip 2 fs

5 fe
5 head, arms

Motion Planning. In real-world applications, models could face audio condi-
tions paired with complex text descriptions, which can challenge their ability to
handle intricate semantics. One approach to address this challenge is decompos-
ing complex textual descriptions into basic motion units and generating them
separately [50]. However, this decomposition often introduces more complex
conditions—such as asynchronous conditions, as illustrated in Fig. 3.

To address these challenges, we propose an LLM-based motion planning
pipeline. Our pipeline begins by using an LLM to generate a “motion timeline”
from the input text and audio conditions. Particularly, we carefully design a
prompt that instructs the LLM to decompose complex text into elementary
motion units, insert appropriate pose transitions, and specify the start and end
times and the body parts involved for each condition. More details are provided
in Appendix C. For example, when given the text condition “kneel down then
walk forward” along with two audio clips, the LLM produces a motion timeline
comprising multiple intervals, as detailed in Tab. 1.

Notably, the transition condition c2 is automatically generated by the LLM,
which ensures a smooth stance changes and avoids abrupt movements. Users,
however, have the flexibility to customize the timeline. We then adopt the strategy
of STMC [43], generating body masks according to a predefined timeline. At each
denoising step t, the body pose across the entire timeline is generated as follows:

b̂0 =

J∑
j=1

Ij ⊙Gs
j

(
bt,fs

j :f
e
j
, t, cj

)
, (9)

where Ij represents a binary mask corresponding to the motion generated by
the j-th condition, and Gs

j ∈ {Gs
T2M, Gs

S2G} denotes the denoiser utilized for the
j-th condition. The operator ⊙ stands for element-wise multiplication.
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Similarly, the facial and hand movements at step t are computed by:

d̂0 =

J∑
j=1

GS2D

(
dt,fs

j :f
e
j
, t, cj

)
. (10)

Since the text-to-motion dataset, HumanML3D, lacks facial and hand movement
data, the denoiser GS2D is only trained on the speech-to-gesture dataset. Therefore,
in intervals without audio clips, we maintain the model’s temporal continuity by
setting the conditional input cj to the empty condition ∅. Finally, we employ
DiffCollage [68] to ensure smoother transitions at the interval boundaries.

4 Experiments

4.1 Datasets

Task-Specific Datasets. The HumanML3D dataset is a large Text-to-
Motion dataset created by amalgamating motion sequences from the Human-
Act12 and AMASS datasets [18]. It consists of 14,616 motions and 44,970 de-
scriptions composed of 5,371 distinct words, totaling 28.59 hours of motion
data. To align the data representation—specifically, to use SMPL-X parame-
ters for representing joint rotations—we utilize only the AMASS portion of
HumanML3D because it has an official SMPL-X version. The BEAT2 dataset is
a large-scale Speech-to-Gesture dataset specifically designed for research in
speech-to-gesture generation [36]. It contains synchronized recordings of speech
audio and corresponding 3D motion capture data of human gestures, totaling
60 hours of data from 25 speakers. In addition to audio and motion data, the
dataset includes valuable annotations such as text transcriptions and emotional
states. Here, we select speakers with IDs lower than 10, resulting in a total of
10.15 hours of training data.

Multi-Modal Benchmark. We create a multi-modal benchmark of 1,000 test
clips to evaluate our proposed task effectively. Each test clip is automatically
constructed and contains two text descriptions and two audio clips. To create
these clips, we manually collect 40 texts focusing on lower-body movements that
commonly occur during speech delivery or conversation. We then split the audio
from the BEAT2 test set into clips using a Voice Activity Detector (VAD). To
serve as ground truth for computing evaluation metrics (Sec. 4.2), we selected
motion samples from AMASS and BEAT2 corresponding to each text and audio
clip. This structured construction enables controlled and repeatable comparisons
under concurrent multi-modal conditions and isolates the challenge of resolving
conflicting cross-modal signals. Accordingly, the benchmark is intended to probe
compositional consistency rather than broad coverage of open-ended semantics.
More details about the benchmark are provided in Appendix H.
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Table 2: Comparison with baselines. We highlight the best performance in bold and
use underlining to indicate the second-best performance.

Text2Motion Speech2Gesture
FID+ ↓ R1 ↑ M2T ↑ M2M ↑ FID-A ↓ BC ↑ L1div ↑

GT (Ground Truth) 0.000 40.0 0.781 1.000 - - -
Weighted Sum [61] 1.335 6.8 0.546 0.537 2.17 2.20 4.08
Pseudo-Text [34] 1.593 2.2 0.511 0.503 2.22 2.55 6.43
SynTalker [12] 0.985 9.8 0.601 0.603 6.60 2.95 9.12
MOCO 0.862 24.6 0.649 0.639 3.83 2.72 8.62

4.2 Metrics

We evaluate our method using two categories of metrics: text-to-motion and
speech-to-gesture [18, 36, 43]. For text-to-motion, FID+ assesses realism by mea-
suring the distribution difference between real and generated motions using five
random 5-second clips per test sample. R1 evaluates alignment by recording
the frequency of correct text prompts appearing in the top-1 retrieved text.
M2T (motion-to-text) and M2M (motion-to-motion) measure alignment through
cosine similarity between embeddings of generated motions and ground truth
texts or motions. In the speech-to-gesture category, FID-A similarly measures
the realism of motion generated based on speech audio. Beat Consistency (BC)
evaluates how well gestures synchronize with the rhythm and beats of the speech,
while L1 Diversity (L1Div) quantifies gesture diversity by calculating the average
L1 distance between multiple gesture clips. This comprehensive set of metrics
thoroughly evaluates our method across key dimensions.

4.3 Comparison with Baselines

Baseline Setting. To effectively evaluate the performance of our method, we
propose a series of baselines inspired by reasonable settings and prior works. These
include: Weighted Sum, a method that follows [61] by combining the predictions of
text- and audio-conditioned models through weighted sum; Pseudo-Text, a method
that follows [34] by using pseudo text descriptions of a speaker’s speech as the text
condition during training; and SynTalker [12], an open-source multi-modal motion
generation method performing weighted sum in body-part-specific latent space.
Notably, because these baselines cannot handle asynchronous conditions, we align
the text time intervals with the audio time intervals to construct synchronous
conditions for all baseline methods. The results are reported in Tab. 2.

Result Analysis. As shown in the table, our proposed method, MOCO,
exhibits robust performance across both sets of metrics, delivering competitive
results in both text-to-motion and speech-to-gesture tasks simultaneously. This
underscores the effectiveness of MOCO in generating condition-aligned motions
when multi-modal conditions are provided concurrently.
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Weighted Sum and Pseudo-Text achieves good results on speech-to-gesture
metrics but poor performance on text-to-motion metrics, indicating their limited
ability to handle multi-modal data. We explain this further in Appendix E.

SynTalker also notices the importance of separating different body parts,
resulting in an improvement in text-to-motion metrics compared to Weighted
Sum and Pseudo-Text. However, its insufficient decoupling of conditions and
suboptimal joint latent space—negatively impacted by repetitive patterns in the
speech-to-gesture data—results in limited expressiveness and unstable movements.
This is reflected in its less competitive performance in R1 and FID-A.

Beyond the baselines above, STMC [43] is particularly relevant, as its per-
step composition paradigm inspired our multi-modal decoupled denoising. Since
STMC is text-only and does not natively accept speech audio, we adapt it to
our concurrent setting and conduct a dedicated comparison, including a user
study (Appendix G.1 and Appendix G.5). There, STMC attains competitive
text-to-motion scores, yet MOCO produces more natural and better-synchronized
motion, as confirmed by quantitative metrics, additional naturalness metrics, and
the subjective user study.

4.4 Ablation Study

To assess the impact of key designs within MOCO, we conduct an ablation study
presented in Tab. 3. This study systematically examines the effects of body
masking (Body Mask), weight sharing (Share Weight), and combination at each
step (Per-Step Comb.) on the model’s performance across text-to-motion and
speech-to-gesture metrics. In addition, we introduce the Transition Smoothness
Ratio (TSR) to measure temporal coherence at segment boundaries, defined as
the ratio between the mean frame-to-frame speed within transition windows and
the mean speed in non-transition regions.

Body Masking. In Variants 1 and 2, we test our hypothesis that speech audio
guides upper-body motion (head and arms) while text descriptions influence
lower-body movements (spine and legs). In Variant 1, we expand the body mask
to include the spine along with the head and arms (Body Mask = head, arms,
spine). This modification results in a worse FID+ and a slight decrease in R1,
indicating a decline in text-to-motion performance. Moreover, it does not produce
significant improvements in speech-to-gesture metrics, suggesting that including
the spine in the body mask fails to enhance gesture generation and instead
compromises text-driven motion performance.

Variant 2 further adjusts the body mask to include the legs and spine (Body
Mask = legs, spine), which significantly degrades text-to-motion metrics and Beat
Consistency. This mainly stems from a mismatch: the texts in our multimodal
benchmark describe diverse actions such as “walk,” “sit,” and “turn right,” whereas
the speech-to-gesture data are mostly standing gestures. Controlling lower-body
motion with audio makes it hard to align with these texts, while controlling
upper-body motion with text complicates beat alignment. Although Variant 2
yields a notable improvement in FID-A—reflecting a bias in the speech-to-gesture
data toward standing-in-place motions—its overall performance still degrades.
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Table 3: Ablation study on key designs within MOCO. We highlight the best perfor-
mance in bold and use underlining to indicate the second-best performance achieved
by our method.

Method Share
Weight

Body Mask
1 − I

Per-Step
Comb.

Text2Motion Speech2Gesture TSR ↓FID+ ↓ R1 ↑ M2T ↑ FID-A ↓ BC ↑ L1div ↑

GT - - - 0.000 40.0 0.781 - - - -
MOCO ✗ head, arms ✓ 0.862 24.6 0.649 3.83 2.72 8.62 0.90
Variant 1 ✗ head, arms, spine ✓ 0.921 22.4 0.634 3.86 2.81 8.35 0.90
Variant 2 ✗ spine, legs ✓ 1.234 7.9 0.554 2.75 2.19 5.11 0.95
Variant 3 ✓ head, arms ✓ 0.866 22.1 0.656 4.24 2.68 8.95 0.85
Variant 4 ✗ head, arms ✗ 0.832 24.4 0.645 3.99 2.27 8.60 1.17

In contrast, our original method (Body Mask = head, arms) effectively balances
the influences of both text and audio inputs. By assigning the upper body to
be guided by audio and the lower body by text, we achieve superior results
across both text-to-motion and speech-to-gesture metrics. This demonstrates the
advantage of our approach in producing coherent and contextually appropriate
motions that align well with the provided conditions.

Weight Sharing. In Variant 3, we enable weight sharing (Share Weight = ✓),
following previous multi-modal methods [12,34,61], while keeping the body mask
and transition method unchanged. Compared to the full MOCO model (without
weight sharing), enabling weight sharing results in worse performance across
several metrics, including R1 and FID-A. This decline suggests that sharing
weights between modalities may limit the model’s ability to capture modality-
specific nuances, thereby reducing its effectiveness in generating accurate and
realistic motions for both text-to-motion and speech-to-gesture tasks.

Combination at Each Step. Variant 4 performs body-part combination
only at the final denoising step t = 0 (Per-Step Comp. = ✗). Lacking iterative
coordination to aggregate holistic motion information, this baseline exhibits
temporal discontinuities (reflected by high TSR) and reduced body coherence.
A user study (Sec. 4.6) and qualitative results in the supplementary videos
further confirm that MOCO produces more natural and synchronized motions.

4.5 Qualitative Analysis

To clearly illustrate the overall performance of MOCO, we visualize four generated
samples and their corresponding conditions in Fig. 4. The lighter color of the
mesh and the text description background indicates the start of each sequence,
while the darker color indicates the end. These results exhibit natural speech-
driven upper-body gestures synchronized with diverse lower-body motions such as
jogging, walking, and sitting, demonstrating MOCO’s ability to generate coherent
and realistic motions that closely align with the given multimodal signals. A
detailed analysis of these examples is provided in the figure caption. Additional
qualitative results, including comparisons with baselines, are included in the
supplementary materials.
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jogs forwards walk in a circle 
counterclockwise slowly walk backwards step back and sit down turn around then sit 

down in a chairturn right quickly walk backwards run

(a) (b) (c) (d)

Fig. 4: Qualitative results. We visualize four samples generated by MOCO. Darker
colors represent later points in time. The results demonstrate that MOCO is capable of
generating coherent and realistic motions that highly align with the given multi-modal
control signals. Figures (a), (b), and (d) present natural speech gestures coordinated
with various lower-body movements as specified by the text inputs, such as jogging,
walking in a circle, turning right, running, and so on. Figure (c) displays natural speech
movements while sitting down. Figure (d) reveals a limitation of MOCO. When standing
up or sitting down, the foot should remain stationary. However, the foot highlighted in
the red box slides, leading to unrealistic results.

Table 4: User study results comparing MOCO against baseline methods.

Baseline Better Text Following (%) Better Beat Synchronization (%)

Neither Baseline MOCO (Ours) Neither Baseline MOCO (Ours)

Pseudo-Text 1.0 0.0 99.0 13.0 12.5 74.5
Weighted Sum 0.0 0.0 100.0 13.5 3.5 83.0

Baseline Better Body Coherence (%) Better Temporal Fluidity (%)

Neither Baseline MOCO (Ours) Neither Baseline MOCO (Ours)

Combine Once
(Variant 4) 12.0 17.0 71.0 12.6 42.6 44.8

4.6 User Study

Tab. 4 presents the results of a user study comparing MOCO with three meth-
ods. Specifically, we evaluate MOCO against Pseudo-Text and Weighted Sum,
introduced in Sec. 4.3, and Combine Once (Variant 4 in Sec. 4.4), to assess
overall performance in text following and audio beat synchronization. Additional
experimental details are provided in Appendix G.4.

As shown in the table, MOCO achieves significant advantages over both
Pseudo-Text and Weighted Sum, demonstrating the effectiveness of our decoupled
denoising strategy in generating motion aligned with multi-modal conditions. Fur-
thermore, when compared to Combine Once, our method was rated significantly
higher in both body coherence and temporal fluidity. This indicates that MOCO
does more than merely combine different body parts controlled by separate
conditions; it ensures that each body part aligns with its corresponding condition
while enhancing coordination among all body parts. To further strengthen these
findings, we additionally conduct a larger-scale pairwise preference study with 51
participants comparing MOCO against STMC, where MOCO is preferred with
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statistical significance on audio synchronization and naturalness (p < 0.05); full
protocol and results are reported in the supplementary material.

5 Discussion and Limitations

MOCO achieves effective multi-modal motion generation, but its fixed body-
part assignment can be suboptimal when control signals conflict. For instance,
when text descriptions specify arm movements (e.g ., “wave hands”), this rigid
separation leaves the upper body solely governed by audio, preventing the model
from following text instructions involving arm motions. To mitigate this limitation,
MOCO allows users to configure body-part control through the motion timeline
(see Appendix D), enabling text to drive upper-body motion when needed.

Our multi-modal benchmark is also deliberately focused on compositional
consistency under controlled settings rather than open-ended semantic coverage,
enabling precise and repeatable evaluation of cross-modal integration but not
claiming generalization to arbitrary text–audio pairs. Future work may explore
adaptive body-part assignment or residual blending that dynamically handles
spatially overlapping actions, moving beyond fixed spatial rules toward context-
aware fusion while keeping the interpretability of decoupled generation.

6 Conclusion

This study presents MOCO, a novel diffusion-based framework to generate
realistic and coherent holistic body motions from multi-modal control signals,
including text descriptions, speech audio, and trajectory data. Our key innovation
lies in a decoupled denoising process where, during each denoising step, the model
independently generates motions for each modality and assembles them according
to predefined spatial rules. This approach ensures that the generated motion is
closely aligned with each condition while producing realistic and coherent whole-
body movements. Experimental results demonstrate that our approach delivers
state-of-the-art performance both qualitatively and quantitatively, advancing the
field of multi-modal controlled motion generation.
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