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Abstract

This paper introduces a Multi-modal Diffusion model for
Motion Prediction (MDMP) that integrates and synchro-
nizes skeletal data and textual descriptions of actions to
generate refined long-term motion predictions with quan-
tifiable uncertainty. Existing methods for motion forecast-
ing or motion generation rely solely on either prior motions
or text prompts, facing limitations with precision or control,
particularly over extended durations. The multi-modal na-
ture of our approach enhances the contextual understand-
ing of human motion, while our graph-based transformer
framework effectively capture both spatial and temporal
motion dynamics. As a result, our model consistently out-
performs existing generative techniques in accurately pre-
dicting long-term motions. Additionally, by leveraging dif-
fusion models’ ability to capture different modes of predic-
tion, we estimate uncertainty, significantly improving spa-
tial awareness in human-robot interactions by incorporat-
ing zones of presence with varying confidence levels.

1. Introduction

Through collaboration and assistance, robots could sig-
nificantly augment human capabilities across diverse sec-
tors, including smart manufacturing, healthcare, agricul-
ture, construction and many others. Indeed, they can com-
plement the critical and adaptive decision-making skills
of human workers with higher precision and consistency
in repetitive tasks. However, one challenge prohibiting
human-robot collaboration is the safety of workers in the
presence of robots. To act safely and effectively together,
continuous knowledge of future human motion and location
in the common workspace with a measure of uncertainty is
pivotal. This real-time awareness allows robots to adjust
their trajectories to avoid collision and perform precise col-
laborative tasks [5, 25, 58].

Humans can predict future events based on their self-
constructed models of physical and socio-cultural systems.
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Figure 1. MDMP integrates skeletal motion and text to gener-
ate long-term motion predictions with uncertainty zones, shown in
both skeletal and 3D human mesh formats.

This skill, developed from childhood through observation
and active participation in society, enables them to an-
ticipate others’ movements. Researchers are now try-
ing to transfer this capability often refered as “Theory of
mind” [10] to machines by training them to learn similar
motion estimation tasks. Current methodologies fall into
two main categories: Human Motion Forecasting (see Sec-
tion 2.2) and Human Motion Generation (see Section 2.3).
While the former uses only a short input sequence of skele-
tal motion to predict its future trajectory, the latter relies ex-
clusively on textual prompts to generate motion sequences.
Despite advancements in text-to-motion models, chal-
lenges remain in controlling generation due to the expansive
action space a simple prompt can describe, which may not
always align with human expectations or behavior. More-
over, while some text-to-motion methods have been adapted
to perform tasks like motion editing or motion prediction by
conditioning their generative process on motion data during
sampling, our study demonstrates that, since they are only
fed with textual prompts during training, our method con-
sistently outperforms them in terms of accuracy metrics.
Conversely, motion prediction using past sequences is
a long-standing challenge that has achieved high accuracy
over short-term predictions but struggles with long-term
predictions. Even for humans, predicting someone’s im-
mediate future movement based on past motions is feasible,
but beyond one or two seconds, the multitude of possibili-
ties makes it nearly impossible without context. However,
knowledge of the intended action provides a rough idea of

CVPR
#6

036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054
055
056
057
058
059
060
061
062
063
064



CVPR
#6

065
066

067
068
069
070
071
072
073
074
075
076

077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092

093
094
095
096
097
098
099
100

CVPR 2025 Submission #6. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

A person puts their hands up while
walking and then puts them down.

He grabs something with his right hand and
then walks to his left and grabs something
with his left hand.

g
4
The person was pushed while walking but y

did not fall and continued.

A man postures his arms like holding
adance partner and dances the waltz.
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From a standing position, the person
slowly walks in circle, clockwise, and
then stops.

Figure 2. SMPL [34] Meshes of MDMP Predicted motions of different scenarios. The text descriptions vertically associated to the
motions as well as the blue frames are the inputs of the model. The orange frames are the predictions, darker colors indicate later frames.

future positions, as the contextual information of the action
guides intuition.

In Human Robot Collaboration (HRC), there is a crucial
need for longer-term predictions to coordinate precise in-
teractive tasks, avoid collisions, and maintain efficient tra-
jectory planning. As a result, our method uniquely com-
bines and synchronizes textual and skeletal data to gener-
ate precise, longer-term predictions. Indeed, this integra-
tion allows for a richer, more contextually aware generation
of motion predictions. To the best of our knowledge, this
model is the first to be trained on a combination of both
types of inputs to leverage context in motion.

In this work, inspired by MDM [50] (Motion Diffu-
sion Model) and LTD [37] (Learning Trajectory Dependen-
cies), we propose a transformer-based diffusion model with
a Graph Convolutional Encoder optimized for the spatio-
temporal dynamics of motion data. A key design element is
the use of learnable graph connectivity, as introduced by
Mao et al. [37], to more effectively capture joint depen-
dencies. Additionally, our Multi-modal Diffusion Model
for Motion Predictions (MDMP) harnesses the stochastic
nature of diffusion models to predict presence zones with
varying confidence levels. This uncertainty measure is par-
ticularly crucial for long-term motion predictions, where
uncertainty grows over time. By offering a spatial under-
standing of human presence, our model significantly en-
hances collision avoidance, improving safety and real-time
interaction in dynamic collaboration scenarios.

We summarize the contributions as follows: 1) A novel
multi-modal diffusion model trained on both textual and
skeletal data for precise long-term motion predictions. 2)
An uncertainty estimation method to significantly enhance
spatial awareness and safety in HRC scenarios. 3) A graph-
based transformer capturing spatial-temporal dynamics ef-
fectively. 4) A comprehensive validation of uncertainty es-
timation, with an open-source implementation.

2. Related Work

In this section, we review key works that inform our ap-
proach. We cover Diffusion Generative Models, Human
Motion Forecasting, and Human Motion Generation, high-
lighting the advancements and limitations in each area as
they relate to our method.

2.1. Diffusion Generative Models

Diffusion models [18, 46, 47] are neural generative models
based on a stochastic diffusion process as modeled in Ther-
modynamics. The training process involves two phases:
forward and backward. The forward process takes observed
samples x and progressively adds Gaussian noise until the
original information is completely obscured. In contrast,
the backward or reverse process employs a neural model
that learns to denoise a sample from pure noise back to
the original data distribution p(x), hence the term Denoising
Diffusion Probabilistic Models [18]. DDPMs have gained
prominence in generative modeling, initially demonstrating
excellent performance in image generation, and later in con-
ditioned generation [9] and latent text representation [41]
using CLIP [44]. Recently, diffusion models have also
been applied to various generation tasks, such as text-to-
speech [43], text-to-sound [56], and text-to-video [19].
While diffusion models excel in performance, a signifi-
cant trade-off is the lengthy inference time required for the
reverse process, which is impractical for real-time applica-
tions. However, many work such as DDIM [48] and Consis-
tency Models [49] tackles that issue and trade off computa-
tion for sample quality. Nichol et al. [40] found that instead
of fixing variances of distributions modeling the progres-
sively denoised data as a hyperparameter [18], learning it
would improve log-likelihood, forcing generative models to
capture all data distribution modes, and enable faster sam-
pling with minimal quality loss. Considering the paramount
importance of efficiency in HRC, we follow Nichol et al.’s
approach by learning variances and leverage the different
modes as a factor for uncertainty. Our method demonstrates
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better performance with just 50 time steps instead of 1000,
achieving over 20 times faster inference.

2.2. Human Motion Forecasting

Human Motion Forecasting aims to predict future full-body
motion trajectories in 3D space based on past observations
from motion capture data or real-time Human Pose Esti-
mation methods. This task is formulated as a sequence-to-
sequence problem, using past motion segments to predict
future motion. Deep learning methods have shown notable
results due to their ability to learn motion patterns and un-
derstand spatio-temporal relationships. Early methods em-
ployed RNNs [11, 20, 26, 32, 38], then CNNs [31, 57] and
GANs [8, 13,17,22,27,53, 60] but either accumulated er-
rors led to unrealistic predictions or faced limitations due
to prefixed kinematic dependencies between body joints.
GCNs have proven effective for the task [7, 29, 30, 33, 37,
59], considering that the human skeleton can be effectively
modeled as a graph. Transformer-based models, leveraging
self-attention [51] for long-range dependencies, have also
been adopted [2, 4, 39, 54]. Considering the efficiency and
accuracy of the previously mentioned methods, our denois-
ing model leverages GCNs to encode joint features due to
their effectiveness in capturing spatial patterns, and a Trans-
former backbone in the latent space to address the temporal
nature of motion data. However, since none of these meth-
ods can learn contextual information from the data they are
fed, they tend to diverge for durations beyond one second.

2.3. Human Motion Generation

Instead of predicting future motion based on past sequences,
some generative methods are conditioned on natural lan-
guage [1, 42] to overcome this short-term issue. This ap-
proach faces other challenges such as the vast variability of
possible motions corresponding to the same label. How-
ever, Text2Motion has garnered significant interest and var-
ied successful approaches. TEMOS [42] and T2M [15] em-
ploy a VAE to map text prompts to a latent space distri-
bution of language and motion. MotionGPT [21] furthers
this by proposing a unified motion-language framework.
MDM [50] proved that diffusion models are a better can-
didate for human motion generation, as they can retain the
formation of the original motion sequence and thus allows
them to easily apply more constraints during the denoising
process. Then, LDM [6] performed the Diffusion in the la-
tent space and MoMask [16] leveraged Masked Transform-
ers.

By fixing some parts of a motion sequence and filling
in the gaps, some of these Text2Motion baselines such as
MDM [50], MotionGPT [21] and MoMask [16] propose a
form of ”motion editing” by forcing their models to gen-
erate motions with preserved original data. Unlike these
methods, which only edit motions during sampling, our ap-

proach trains the model with both textual prompts and mo-
tion sequence conditioning to learn contextuality and guide
generation towards precise predictions. While these models
are compared on diversity and multi-modality metrics, our
goal is to minimize the distance between predictions and
ground-truth for accurate predictions in HRC.

3. Methodology

We now explain the architecture of our proposed MDMP
in detail. For an overview, please refer to Figure 3. As
part of the Diffusion Process MDMP progressively denoises
a motion sample conditioned by the input motion through
masking. Our architecture employs a GCN encoder to cap-
ture spatial joint features. We encode text prompts using
CLIP followed by a linear layer; the textual embedding
¢ and the noise time-step t are projected to the same di-
mensional latent space by separate feed-forward networks.
These features, summed with a sinusoidal positional em-
bedding, are fed into a Transformer encoder-only back-
bone [51]. The backbone output is projected back to the
original motion dimensions via a GCN decoder. Our model
is trained both conditionally and unconditionally on text, by
randomly masking 10% of the text embeddings. This ap-
proach balances diversity and text-fidelity during sampling.

Our method uses the building blocks of MDM [50],
but with three key differences: (1) a denoising model that
includes variance learning to increase log-likelihood and
perform uncertainty estimates, (2) the GCN encoder with
learnable graph connectivity, and (3) a learning framework
that incorporates contextuality by synchronizing skeletal in-
puts with initial textual inputs.

3.1. Problem Formulation

A motion sample can be represented by a temporal skele-
ton sequence X = {p'}¥, of length N where a frame p;
denotes a pose that can be modeled using different joint
feature representations depending on the dataset (see Sec-
tion 4.1). The simplest form that any representation can
easily revert to without any loss of information is the joints’
position in 3D space where p; = {x(1);,...,x(J);} with
joints z(5); € RM=3 and .J being the total number of joints.
Some parameterizations use rotation matrices (M = 9),
angle-axis (M = 4), or quaternion (M = 4) to represent
each joint, some also include information such as angular
and/or linear velocity.

3.2. The Variational Diffusion Process

A Diffusion model can be described as a Markovian Hierar-
chical Variational Auto-Encoder [35] with a constant latent
dimension. During training, we draw X from the data dis-
tribution, and at each time step ¢, the fixed encoder adds lin-
ear Gaussian noise centered around the output of the previ-
ous latent sample X,_; until its distribution becomes a stan-
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Figure 3. (Left) Architecture of MDMP. The denoising model takes as input a motion sample X; = {p{}~; from the previous latent
distribution, the diffusion time step ¢ and the conditioning parameters: Y = {p‘}7_, with n < N the motion input sequence and c the
textual embedding encoded by CLIP [44]. At each time step, MDMP outputs a prediction of the final motion Xo along with Vp, the
variance of each predicted joint feature. (Right) Overview of the Diffusion Process. On top is the denoising Process, where the Sampling
starts from ¢t = T" and recursively calls MDMP and uses the output along with X to diffuse back to X;_1 by calculating j9,; and g ;.

dard Gaussian at the final time step 7". Hence, the Gaussian
encoder is parameterized with mean p(X;) = /ar Xi—1
and variance ¥;(X;) = (1 — ay)I:

(X X—1) = N (X5 Var Xe—1, (1 — ax)I) )
T

q(X1.7|Xo) = Hq Xt|Xt-1) (2)
=1

Inspired by Nichol et al. [40], we use a cosine scheduler
for B; and vy = 1— 3 such that B¢, a; € [0, 1]. o is slowly
decreasing, so that for 7' = 1000, o is small enough to say
that X7 ~ N (0, I).

Then, during both training and inference, we use MDMP
(see Fig 3) as the decoder—conditioned at each step by the
previously mentioned inputs Y and c—to progressively de-
noise X; from a standard Gaussian. Instead of predicting
the noise ¢ as formulated in DDPM [18], we follow [45]
and [50] and predict the signal itself along with its vari-
ance: Xo, Vo = MDMP(X;,t,Y, ¢)

Then we use this prediction X, along with the current
X; to diffuse back to the posterior mean:

Var(l — a-1) Xt + y/a@—1(1 — ar) Xo

1—ay

t
=[] e @)
s=1

We use the simple objective from [18] to train our model:

3

Mo, t—1 =

with 5[75

lemple - EXONq(XO\c Y),t~[1,T] |:||XU - XUH ] (5)

One subtlety is that Lgmple provides no learning signal for
variances, as Ho et al. [18] chose to fix the variance rather
than learn it. However, in our framework, we leverage
learned variances to generate presence zones with varying
confidence levels to help ensure safety in HRC scenarios.

3.3. Learning the Variances of the Denoising process

To learn the reverse process variances, our model outputs a
vector Vj of the same shape as Xo, and-following Nichol et
al. [40]—we parameterize the variance as an interpolation
between §; and f3; in the log domain by turning this output
Vo into Xg ¢ as follows:

Yo,c = exp(Volog B + (1 — Vo) log Br) (0)

1— a1
1—
Then, we leverage the reparameterization trick x; =
arrg + /1 — aze with ¢ ~ N(0,1) to sample from an
arbitrary step of the forward noising process and estimate
the variational lower bound (VLB). As mentioned ear-
lier, the diffusion model can be thought of as a VAE [23]
where ¢ represents the encoder and pg(zi—1|z:) =
N(zy—_1; Lo ¢, So,¢) is the decoder, so we can write:

with fB; := 5t )

Lyip:=Lo+Li+...+Lr—1+ Lr (8)
Lo := —log pe(zo|z1) 9)

L1 := Dx(q(zi—1|ze, 2o)|lpe (e —1]we)) (10)
Ly := Dxi(q(@r|o)|lp(zr)) (11)
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Finally, with q(z¢_1|%¢, z0) = N (m—1; fi(ze, T0), Be 1)
we estimate L;_; and approximate Ly g with the expecta-
tion Et,Xo,e [Lt—l]‘

Since Lgimple does not depend on Xy ;, we define a new
hybrld objective: Lhybn'd = Lsimple + )\LVLB

Conversely to Nichol et al. [40], we apply a clamping on
V0 to prevent NaN values during the calculation of Lyyp.

3.4. Encoding the joint features with GCNs

To encode the spatial pose features, we leverage GCNs [52].
Instead of relying on a predefined sparse graph, we fol-
low Mao et al. [37] and learn the graph connectivity dur-
ing training, thus essentially learning the dependencies be-
tween the different joint trajectories. To this end, we use a
fully-connected graph with N nodes, N being the length
of the predicted sequence. The strength of the edges in
this graph is represented by the weighted adjacency matrix
A € RN*N_ The graph convolutional encoder/decoder then
takes as input a matrix H( ¢ RVY*F where in our case
F' is the number of body joint features. Given the input a
matrix H ™, the adjacency matrix A and a set of trainable
weights W € RF>*¥ a graph convolutional layer outputs a
matrix of the form: H (") = AH W, All operations are
differentiable with respect to both the adjacency matrix A
and the weight matrix W, which allows training on both.

3.5. Predicting Uncertainty

To derive an effective uncertainty index for each joint pre-
diction over time, we explore three different approaches
which we evaluate and compare in Section 4.4:

* Mode Divergence: This approach measures the variabil-
ity between multiple motion sequences generated from
the same input. We compute several predictions in par-
allel, calculate the standard deviation of these sequences,
and use this as the uncertainty index.

* Denoising Fluctuations: Here, we measure the fluctua-
tions during the denoising process as an uncertainty indi-
cator. As illustrated in Figure 1 which tracks the evolution
of the x-coordinate of key joints (head, hands, feet) from
random noise to the final prediction, earlier steps are very
noisy and progressively converge with more or less sta-
bility. Significant fluctuations in the last 20 timesteps are
used as an indicator of uncertainty.

* Predicted Variance: The final approach uses the learned
variance of the predicted distribution of each motion se-
quence Xg o as the uncertainty factor.

Both the second and third methods produce outputs in
the same dimensions as the model, including predictions
for root height, root angular and linear velocity, as well as
joint positions and velocities in the local reference of the
root. To calculate a single uncertainty index for each joint
at each timestep, we average all features associated to the
same joint.

4. Experiments and Results

In this section, we present the experimental setup and eval-
uation of our proposed model. We describe the dataset used
for training and testing, outlines and explains the choice of
metrics used for accuracy and uncertainty, and provide de-
tails on our model’s implementation. Our comprehensive
quantitative and qualitative evaluation, includes compari-
son with state-of-the-art Text2Motion baselines that pro-
pose Motion-Editing re-implemented for a fair comparison
with similar conditioning, analysis of uncertainty parame-
ters, and an ablation study to assess the effects of motion-
text fusion and architectural design choices.

4.1. Dataset

To train and evaluate our model, we use the Hu-
manML3D [15] dataset, which is the largest and most
diverse collection of scripted human motions. It com-
bines motion sequences from the HumanActl2 [14] and
AMASS [36] datasets, processed to standardize the mo-
tions to 20 FPS with a maximum length of 10 seconds per
sequence. HumanML3D comprises 14,616 motions with
44,970 descriptions, covering 5,371 distinct words, totaling
28.59 hours of motion data with an average length of 7.1s
and three textual descriptions per sequence. The dataset is
split for training and evaluation. For evaluation, we filter
the set to include only motions longer than 3s, allowing us
to condition the models on 2.5s of motion and predict at
least 0.5s into the future up until more than 5s for longer
recorded motions. After filtering, the evaluation set con-
tains 4,328 out of the initial 4,646 motion sequences.

4.2. Metrics for Accuracy and Uncertainty

To evaluate and compare the accuracy of our model we use
the Mean Per Joint Position Error (MPJPE) on 3D joint
coordinates, which is the most widely used metric for eval-
uating 3D pose errors. This metric calculates the average
L2-norm across different joints between the prediction and
ground truth. Since HumanML3D [15] pose representation
contains 263 redundant features per body frames including
joint positions, velocities and rotations we use a transfor-
mation process (described in the Appendix) to obtain the
3D joint positions in order to both calculate the MPJPE and
visualize the predicted sequences.

To further validate our method we have also added some
more metrics in the C.4 Section of the Appendix. First of
all, we have re-trained MDM [50] with skeleton data as an
input for a direct comparison, demonstrating the efficacy
of our architecture. Secondly, one issue with the MPJPE
is that it is biased towards one “ground-truth sequence”
and thus heavily penalizes frequency or phase shifts com-
mon in longer-term predictions, leading to misleadingly
large errors even if motions remain qualitatively realis-
tic. Hence we compared our method with baselines on the
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Figure 4. (Left) Temporal evolution of error in predictions. Quantitative Results on HumanML3D over MPJPE [mm]. (Right) 3D
Plots of Motion Predictions (orange) vs Ground truth (blue). Motion Sequence example associated to textual prompt: “from a standing
position, the person slowly walks in circle, clockwise, then stops”. Paler shades represents earlier frames.

NPSS [12] metric which measures similarity in frequency
spectra rather than absolute frame-by-frame error, making
it better suited to assess the quality of long-term predic-
tions by capturing perceptually relevant motion coherence.
Finally, we report results using metrics proposed by Guo
et al. [15], such as Frechet Inception Distance (FID), R-
Precision, and Multimodality. However, these metrics pri-
marily assess motion quality, semantic alignment with tex-
tual input, and variability rather than precise spatial accu-
racy. Additionally, they depend on pretrained feature ex-
tractors not tailored to motion-conditioned predictions.

To evaluate and compare our uncertainty indices, we
use sparsification plots, a common approach for assess-
ing how well estimated uncertainty aligns with true er-
rors [3, 24, 28, 55]. In our implementation, we compute
multiple motion sequences and rank each joint’s uncer-
tainty. By progressively removing the joints with the high-
est uncertainty and summing the remaining error, we obtain
the sparsification curve. The ideal reference, known as the
”Oracle”, is based on ranking joints by their true errors. A
well-performing and reliable uncertainty index should pro-
duce a curve that decreases monotonically and closely fol-
lows the oracle.

4.3. Implementation Details

Our models were trained on an NVIDIA Titan V GPU over
1.7 days and on NVIDIA Tesla V100 GPU over 1.2 days
with a batch size of 64. We used 8 layers of the Trans-
former Encoder with 4 multi-head attention for each, sep-
arated by a GeLU activation function and a dropout value
of 0.1. The GCN layer encodes the joint features from X}
into a latent dimension of 1024 when learning variances
and 512 without learning variances. 1024 corresponds to
the concatenation of the joint features of Xo [512] and Vj
[512]. To encode the text, we use a frozen CLIP-ViT-B/32
model. Each model was trained for 600K steps, after which
a checkpoint was chosen that minimizes the MPJPE metric
to be reported. Our generative process is conditioned by a
motion input sequence of 50 frames which represents 2.5
seconds at 20FPS. We also set A = 0.001 to prevent Lyig
from overwhelming Lyjnpe. We evaluate our models with
guidance-scale p = 2.5 but as discussed in the Motion &
Text ablation study Section 4.4 this can be adapted for spe-
cific applications (eg. short/long-term predictions).

To evaluate the effectiveness of our multimodal fu-
sion approach, we compare against state-of-the-art Mo-
tion Editing baselines MoMask [16], MotionGPT [21] and
MDM [50] which are all trained on HumanML3D [15].
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Sparsification Error vs. Sparsification Level
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Figure 5. (Left) Sparsification Error Plot. Quantitative Results of the uncertainty parameters: The Mode Divergence index closely follows
the Oracle curve, indicating the strongest alignment between uncertainty estimates and true errors. (Right) Joint Position Evolution over
the Denoising Process. The position is progressively denoised until it converges to its final prediction. The fluctuations are used as a

parameter for uncertainty.

We implement their pretrained versions (open-sourced)
and compare on the entire test set of HumanML3D us-
ing MPJPE. Conversely to Motion Editing, to ensure a fair
comparison setting we conditioned each baseline with only
the same motion prequel sequence of 50 frames and com-
pared the rest of the predicted sequence to the ground-truth.

4.4. Quantitative & Qualitative Results

Model Accuracy Evaluation over MPJPE: Unlike the im-
plemented baselines MoMask [16], MotionGPT [21] and
MDM [50] that treat motion data as a masked input during
sampling, our model is trained to leverage it as an additional
supervision signal, which we find to lead to significantly en-
hances performance, especially over longer sequences. In
Fig. 4 the temporal evolution chart shows that our model
outperforms these baselines in accuracy, with consistently
lower MPJPE values over time and a more gradual increase
in error. These results are also demonstrated qualitatively
in the 3D plots Fig. 4 (Right) (see Appendix & Video for
more examples) where our predictions align more closely
with the ground truth, especially towards the end of the se-
quence. Indeed, both baselines’ outputs fail to follow the
indicated trajectory (projection of the root joint in the XZ-
plane) whereas our model follows the “circle”, almost align-
ing with the ground truth on the last frame.

Uncertainty Parameters Evaluation: The results of
our comparison study between the different uncertainty in-
dices are presented in Fig. 5 (Left). The Sparsification Error
plot (explained in 4.2) shows that the best-performing index
is the Mode Divergence, which closely follows the Oracle
curve, indicating a strong alignment between uncertainty
estimates and true errors. These results are also demon-
strated qualitatively in the video as well as in the Additional
Experimental Results (Appendix) where we visualize the

evolution of the zones of presence with varying confidence
levels based on the different uncertainty indices. For clar-
ity and visibility, we limit the uncertainty visualization to
the “end-effector” joints—specifically the head, hands, and
feet—since these are the most critical in human-robot col-
laboration, and visualizing uncertainty for all joints would
create overly cluttered visuals. We calculate the mean un-
certainty across the X, y, and z coordinates for each key
joint, using this value as the radius of the sphere represent-
ing uncertainty around the end-effectors.

Uncertainty Results Interpretation: Although the De-
noising Fluctuations and Predicted Variance methods show
a general decline in their sparsification curves, the effect is
less pronounced, suggesting these indices are less reliable
for uncertainty estimation. The learned variance is sup-
posed to generally follow the same trends as the original
fixed schedule, consistently decreasing during denoising to
reduce stochasticity. However, its effectiveness as an uncer-
tainty factor is somewhat limited, as the final value, while
still meaningful, becomes slightly less informative. Sim-
ilarly, the instability of fluctuations diminishes their relia-
bility. In contrast, the Mode Divergence factor consistently
rises over time, aligning with the increasing error, making
it the most robust and dependable indicator (see video and
Appendix for visual confirmation in 3D plots).

Ablation Study - Motion and Text Effects: To evaluate
the relevance of our multi-modal contribution, we perform
an ablation study, presented in Table 1, comparing our stan-
dard approach to one where models are fed with either mo-
tion or textual inputs exclusively. Firstly, this study clearly
confirms that combining both types of inputs results in sig-
nificantly higher prediction accuracy. Secondly, the study
indicates that our model relies more heavily on motion in-
put sequences than textual prompts. Notably, it performs
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Time (seconds) 0.5s 1s 1.5s 2s 2.5s 3s 3.5s 4s 4.5s 5s 5.5s
Ours with motion & text 111.8 186.7 267.2 341.8 408.7 4748 5404 5925 6293 669.8 705.1
MDM [50] with motion & text 192.5 337.5 479.0 6043 7168 820.2 9064 976.3 10254 1091.9 1139.6
Ours with text no motion 254.8 418.6 609.5 796.8 9722 1105.1 1253.3 1383.8 1526.1 1624.8 1679.8
MDM [50] with text no motion 237.9 362.6 4829 5955 687.8 7832 871.6 9653 1039.6 1085.2 1143.8
Ours with motion no text 100.2 186.9 2719 3589 4457 528.6 608.7 677.6 739.1 810.8 902.0
MDM [50] with motion no text 406.1 614.5 852.3 1079.3 1288.6 1503.5 1684.8 1871.9 2001.6 2187.3 2332.0
Table 1. Ablation study: MPJPE (mm) to assess Motion and Text Effects
Time (seconds) 0.5s 1s 1.5s 2s 2.5s 3s 3.5s 4s 4.5s 5s 5.5s
Encoder/Decoder: Linear 118.6 205.5 298.8 385.5 472.0 551.3 629.7 692.0 741.0 791.9 852.1
Encoder/Decoder: GCN 111.8 186.7 267.2 341.8 408.7 474.8 5404 592.5 629.3 669.8 705.1
Learning the Variance: False 86.3 163.0 250.1 3324 409.3 4854 560.5 622.6 676.8 729.5 775.5
Learning the Variance: True 111.8 186.7 267.2 341.8 408.7 474.8 5404 592.5 629.3 669.8 705.1
Diffusion Steps: 1000 104.8 1922 280.6 360.9 438.3 482.1 553.6 6172 653.5 7023 745.8
Diffusion Steps: 50 111.8 186.7 267.2 341.8 408.7 474.8 540.4 592.5 629.3 669.8 705.1

Table 2. Ablation study: MPJPE (mm) to evaluate Architectural Design and Parameter Choice

slightly better without text for very short-term predictions.
This means that our model could be used in a HRC setting
for continuous operation between different actions, even
without specific action context. This capability is presum-
ably not possible with Text2Motion models, which perform
poorly without text, as the study shows. Finally, the study
confirms that textual information is most useful for longer-
term predictions where the stochasticity and variability of
potential scenarios are much higher.

Ablation Study - Architectural Design and Parame-
ter Choice: To assess our architectural contributions, we
conduct a deeper analysis with additional ablation studies
presented in Table 2. In the first study, we retrain our model
with both the encoder and decoder composed of simple lin-
ear layers, as in MDM [50]. The study confirms that learn-
able graph connectivity improves the understanding of hu-
man joint trajectory dependencies, especially for long-term
predictions. The second study evaluates our architectural
design that learns the variance of the motion sample distri-
bution. Although learning variances allow diffusion mod-
els to capture more data distribution modes with we lever-
age for uncertainty estimates, our study shows that it only
enhance accuracy over long-term predictions. In the final
study, inspired by Nichol et al. [40], we significantly reduce
the number of diffusion steps from 1000 to 50 which con-
siderably improves the computational efficiency-pivotal for
real-time Human-Robot Collaboration-and resulted in im-
proved accuracy over time.

5. Conclusion and Limitations

We present MDMP, a multimodal diffusion model that
learns contextuality from synchronized tracked motion se-
quences and associated textual prompts, enabling it to pre-
dict human motion over significantly longer terms than its
predecessors. Our model not only generates accurate long-
term predictions but also provides uncertainty estimates,
enhancing our predictions with presence zones of vary-
ing confidence levels. This uncertainty analysis was vali-
dated through a study, demonstrating the model’s capability
to offer spatial awareness, which is crucial for enhancing
safety in dynamic human-robot collaboration. Our method
demonstrates superior results over extended durations with
adapted computational time, making it well-suited for en-
suring safety in Human-Robot collaborative workspaces.

A limitation of this work is the reliance on textual de-
scriptions of actions, which can be a burden for real-time
Human-Robot Collaboration, as not every action is scripted
in advance. Currently, we use CLIP to embed these textual
descriptions into guidance vectors for our model. An inter-
esting future direction is to replace these descriptions with
images or videos captured in real time within the robotics
workspace. Since current Human Motion Forecasting meth-
ods already rely on human motion tracking data, often ob-
tained using RGB/RGB-D cameras, the necessary material
is typically already present in the workspace. Given that
CLIP leverages a shared multimodal latent space between
text and images, this approach could provide similar guid-
ance while being far less restrictive, making it more practi-
cal for dynamic and unsupervised HRC environments.
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