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Figure 1: Motions in the future one second generated from different methods on the MoGaze dataset [33] with best prediction boxed
in green. Our method can generate human motions that are more close to the ground truth (GT) than other methods.

ABSTRACT

Human motion prediction is important for virtual reality (VR) appli-
cations, e.g., for realistic avatar animation. Existing methods have
synthesised body motion only from observed past motion, despite the
fact that human gaze is known to correlate strongly with body move-
ments and is readily available in recent VR headsets. We present
GazeMoDiff – a novel gaze-guided denoising diffusion model to
generate stochastic human motions. Our method first uses a graph
attention network to learn the spatio-temporal correlations between
eye gaze and human movements and to fuse them into cross-modal
gaze-motion features. These cross-modal features are injected into a
noise prediction network via a cross-attention mechanism and pro-
gressively denoised to generate realistic human full-body motions.
Experimental results on the MoGaze and GIMO datasets demon-
strate that our method outperforms the state-of-the-art methods by
a large margin in terms of average displacement error (15.03% on
MoGaze and 9.20% on GIMO). We further conducted an online user
study to compare our method with state-of-the-art methods and the
responses from 23 participants validate that the motions generated
by our method are more realistic than those from other methods.
Taken together, our work makes a first important step towards gaze-
guided stochastic human motion prediction and guides future work
on this important topic in VR research.

Index Terms: Human-centered computing—Human computer
interaction—Interaction paradigms—Virtual reality; Computing
methodologies—Machine learning—Machine learning approaches—
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1 INTRODUCTION

Generating realistic human body movements is a key research chal-
lenge in the area of virtual reality (VR) and is the basis for safe,
smooth, and immersive human-environment [12] and human-human
interactions [22, 29]. Human motion prediction (HMP) enables a
number of exciting applications, such as redirected walking to create
the illusion of unlimited virtual interaction spaces [3, 53] or to steer
users away from physical boundaries, such as walls, and thus avoid
collisions [17, 66]. Human motion prediction can also provide users
with a low-latency experience by preparing VR content in advance
based on the predicted future human poses [9, 23] and it has been
used to generate human-like motions for virtual agents to enhance
the interaction experience [6, 14].

Previous work on HMP has typically generated human motions
in a deterministic way, i.e. by producing only a single prediction
at a time [7, 8, 19, 41]. Recently, in light of the fact that human
motion is stochastic by nature [4, 10], researchers have turned to
stochastic human motion prediction, i.e. generating a number of
reasonable human motions at a time [4, 5, 10, 62]. Stochastic human
motion prediction suits the needs of many VR applications. For
example, to minimise the collision risk in a virtual environment, it is
necessary to consider multiple possible future trajectories to warn
the users. To produce realistic virtual agents, it is also beneficial to
synthesise diverse human motions that users can peruse and select
from according to their personal preferences. However, existing
stochastic HMP methods typically generate human motions using
only past observed motions and neglect other modalities, in particu-
lar human eye gaze. With rapid advances in eye tracking technology,
human eye gaze information has become readily available in many
VR head mounted displays (HMDs), such as HTC Vive Pro Eye,
Varjo VR-3, and Vision Pro, and has demonstrated its potential for
gaze-based interaction [50] and gaze-contingent rendering [26,27] in
VR. In addition, a large body of work in the cognitive sciences and
human-centred computing has shown that human body movements
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are closely coordinated with human gaze behaviour [24, 25, 49]. De-
spite this close coordination, information on eye gaze has not been
used for stochastic human motion prediction so far.

To address this limitation we propose GazeMoDiff 1 – the first
Gaze-guided human Motion Diffusion model to generate realis-
tic and diverse human motions. At the core of our method is a
spatio-temporal graph attention network (ST-GAT) that models the
correlations between eye gaze and different body joints across each
time step and fuses them into cross-modal gaze-motion features.
The gaze-motion features are then injected into a noise prediction
network via a cross-attention mechanism to generate realistic and
diverse human motions through progressive denoising. We report
extensive evaluations of our method using common metrics for
stochastic HMP and visualisation analysis on two public datasets:
MoGaze [33] and GIMO [66]. We show that our method signifi-
cantly outperforms state-of-the-art methods by 15.03% on MoGaze
and 9.20% on GIMO in terms of average displacement error, and
15.24% on MoGaze and 8.92% on GIMO in final displacement error.
To evaluate the realism of the motions generated by our method, we
further perform an on-line user study to compare the performances
of different methods by human intuition. The 414 responses from
23 participants demonstrate that our method can generate motions
that are more realistic than the state of the art.

The main contributions of our work are three-fold:

• We propose a novel gaze-guided diffusion model for stochas-
tic HMP: Our model first extracts cross-modal gaze-motion
features using a ST-GAT, and then injects these features into a
noise prediction network via a cross-attention mechanism, and
finally generates diverse human motions through progressive
denoising.

• We provide extensive evaluations of our method using com-
mon metrics for stochastic HMP and visualisation analysis on
two publicly available benchmarks and show that our method
significantly outperforms the state-of-the-art methods.

• We perform an on-line user study for subjective assessment and
the responses from 23 participants validate that the motions
generated by our method are more realistic than that from other
methods.

2 RELATED WORK

2.1 Human Motion Prediction
Human motion prediction is a fundamental research topic in vir-
tual reality (VR). Early studies commonly considered HMP as a
deterministic sequence prediction task, tackling it with recurrent
neural networks (RNN) [16, 18, 37, 41], graph neural networks
(GNN) [35, 36] and Transformers [1, 42]. Noticing that human mo-
tion trends are inherently stochastic, recent works began to predict
human motions in a stochastic way using generative models such as
variational autoencoder (VAE) [2,39], generative adversarial network
(GAN) [5, 28, 34], and Flow networks [62]. Generative approaches
model motion possible distribution rather than a single trajectory.
It meets the demands of many VR applications such as collision
warning during human-human interaction and human-environment
interaction. These methods often design diversity-aware loss or sam-
pling [39,62] to enforce diversity. However, the predicted sequences
were not plausible. Recently, the emergence of the denoising dif-
fusion model [20], which has shown both diversity and realism in
generalisation in the fields of image generation [43, 45, 64] without
any explicit diversity constraints. Several works [4, 10, 48] have ap-
plied diffusion in the field of stochastic motion prediction and have
achieved more realistic results. However, those methods only gener-
ate predictions based on observed poses and neglect other potentially

1Code and pretrained models will be released upon acceptance

Figure 2: Diffusion process and reversed process in DDPM.

exploitable information in VR scenarios from other modalities. To
fill this gap, our work introduces a naturally available modal, gaze,
into a diffusion-based model for the first time.

2.2 Correlations between Eye Gaze and Body Motions
Intuitively, a period of gaze information seems related to inten-
tion [31], which can drive future motion trends. Extensive work
in cognitive science and the human-computer interaction has also
demonstrated this correlation between gaze and subsequent mo-
tion.Some research [27, 32, 63] have shown that in many everyday
activities, such as free viewing or object searching, head movements
are closely associated with eye movements. Emery et al. [15] fo-
cused on how eye, hand, and head movements coordinate in a virtual
world, and then leveraged that coordination to enhance gaze estima-
tion. Sidenmark et al. [49,51] also have revealed the coordination of
eye, head and torso movements during gaze shifts in VR.

Although the aforementioned works have indicated the strong
relationship between eye movements and human motion trends, ex-
isting stochastic HMP methods have not considered this correlation
yet. We are the first to leverage the correlation between gaze and
motion, which enhances the realism and trustworthiness of stochas-
tic HMP. This gaze-motion correlation ultimately leads to superior
quantitative performance, as we show in this work.

2.3 Denoising Diffusion Models
Denoising Diffusion Models, or more precisely, Denoising Diffusion
Probabilistic Models (DDPM) [13,20,47,52] are a group of the most
ingenious generative models. They aim to model reversing a Markov
chain of the diffusion process illustrated in Fig. 2. During training,
noisy samples are obtained by incrementally adding noise to raw
samples. The DDPM model then progressively reverses the diffusion
process by predicting noise and denoising the samples. The loss is
computed as the difference between predicted noise and Gaussian
noise added during the diffusion process. In the inference stage,
given a well-trained DDPM, it can generate diverse samples from a
Gaussian distribution via the reversed diffusion process.

Owing to the power of generating diverse and high-quality sam-
ples, these models have been applied in image/video generation
[21, 47], anomaly detection [60], objection detection [11], 3D re-
construction [61], time series forecasting [46] and imputation [54].
In a similar context, Tevet et al. [55] proposed a text-driven hu-
man motion synthesis method with diffusion models. Recently,
Barquero et al. [4] utilised a latent diffusion model to sample the di-
verse behaviour code to predict stochastic motions. Chen et al. [10]



presented an end-to-end motion prediction framework based on dif-
fusion models without complicated loss constraints and training
processes. Their work has demonstrated competitive performance
in this domain. Although these diffusion-based methods have made
significant contributions to stochastic HMP, unrealistic results can
be yielded by only focusing on past human poses and neglecting
other important information from other modalities. To address these
problems, our gaze-guided diffusion model takes into account the
coordination between gaze and human movements. By incorpo-
rating gaze information, we aim to generate more reasonable and
plausible human motion predictions. This integration of gaze and
human movement data allows for a more holistic understanding of
human behaviour, resulting in improved motion synthesis that better
aligns with intentions.

3 THE GAZEMODIFF MODEL

Our diffusion model for gaze-guided stochastic human motion fore-
casting takes past body poses and gaze information as input. We
encode the human pose p ∈ R j×3 using the 3D positions of all hu-
man joints, where j denotes the number of human joints. Gaze
gi ∈ R1×3 is defined as the unit direction vector. Given a H-frame
observed sequence x = [(g1, p1),(g2, p2), ...,(gH , pH)], our goal is
to train a model that can predict k different following F-frame fu-
ture human motions. It can be formulated as P = fp(x,k), where
p = {p0,p1, ...,pk} and pi = [pH+1, pH+2, ..., pH+F ]. An overview
of our model is shown in Fig. 3. At a high level, our model consists
of a cross-modal fusion module to fuse human gaze and full body
poses as well as a motion generation module.

3.1 Gaze-motion Fusion
Recent works have demonstrated that a graph structure is a particu-
larly effective representation to learn abstract correlations between
body joints [35,36,38]. We treated gaze as a “virtual joint” and com-
bined gaze and poses together as a fully connected spatial-temporal
graph X ∈R3×( j+1)×(H+F), where later F-frame poses were padded
with the last observed frame.

We further employed an approximate discrete cosine transform
(DCT) [39] that selected the first L components. By leveraging
this transformation, the time dimension was reduced to L from
H + F , which both improved the smoothness of generation and
reduced computational complexity [40] Given the original spatial-
temporal graph X ∈ R3×( j+1)×(H+F), the DCT spatial-temporal
graph Y ∈ R3×( j+1)×L was obtained by DCT.

Previous work on graph attention networks (GATs) has shown
good results for human pose aggregation [57]. We designed the
Gaze-motion Fusion module GazePoseFuse(·), illustrated in Fig. 3,
to model the spatio-temporal correlations in the defined graph and
fuse the gaze-motion features. The Gaze-motion Fusion module was
composed of a stack of temporal GAT layers and spatial attention
GAT layers with skip connections. In this module, the number
of middle blocks m is 4 and there is a layer normalisation, tanh
activation function and a dropout layer after each middle block. The
attention head of each spatial GAT layer and temporal GAT layer is
8. The output feature dimension of the start, middle, and end block
is 16, 16, and 3, respectively. The gaze-motion feature is calculated
as:

H ′′ = GazePoseFuse(Y ) (1)

Given the input H ∈ R f×( j+1)×L of each block, where f is the
feature dimension of input, we first aggregated features along the
temporal dimension and obtain H ′ = [h′1,h

′
2, ...,h

′
L] ∈ R f×( j+1)×L

in the following way:

h′i = LeakyReLU

(
1

Nhead

Nhead

∑
n=1

L

∑
k=1

α
n
ikhk

)
(2)

where h′i ∈ R f×( j+1) is the output feature of node i, hk is the input
feature of node k, and Nhead denotes the number of heads for atten-
tion. We fused different output features from each head by averaging
them. For each head, the attention matrix αn

ik represents interactions
between each timestamp, calculated as follows:

α
n
ik =

exp(LeakyReLU(an [hi ⊕hk]))

∑
T
l=1 exp(LeakyReLU(an [hi ⊕hl ]))

(3)

where an is a parameter vector ∈ R2 f ( j+1)×1

A weigh matrix W ∈ R f× f ′ was then used to transfer feature
dimension from H ′ ∈ R f×( j+1)×L to H̄ ′ ∈ R f ′×( j+1)×L.

To further capture correlations between joints and the gaze feature,
we proposed a spatial graph attention network layer. Specifically, the
spatial GAT layer was in a similar manner to the temporal GAT layer,
differing primarily in how attention coefficients were computed.
Rather than aggregating along the temporal axis as in the temporal
GAT, the spatial GAT aggregated features across spatial dimensions
as follows:

h′′i = LeakyReLU

(
1

N̄head

N̄head

∑
n=1

j+1

∑
k=1

ᾱ
n
ikh̄′k

)
(4)

where h′′i ∈ R f ′×L is the output feature of node i and N̄head denotes
the number of heads for attention. We also applied an average
function to fuse different output features from each head in spatial
GAT. For each head, the attention matrix ᾱn

ik represents interactions
between each timestamp, calculated as follows:

ᾱ
n
ik =

exp
(
LeakyReLU

(
ān [h̄′i ⊕ h̄′k

]))
∑

j+1
l=1 exp

(
LeakyReLU

(
ān
[
h̄′i ⊕ h̄′l

])) (5)

where ān is a parameter vector ∈ R2 f ′L×1

3.2 Motion Generation
We formulated the motion generation task as an inverse diffusion
process, which contains iterative noise prediction and denoising
steps.

Noise prediction. Inspired by text-driven noise prediction net-
work [65], we designed a noise prediction network εθ . This net-
work is developed to predict the noise at the current time step
given the gaze-motion features H ′′ and noisy motion sequence
Y t ∈ R3×( j+1)×L from the previous time step. As illustrated in
Fig. 3, εθ consists of n stacked self-attention block, cross-attention
block and multilayer perception(MLP) block with skip connections.
The predicted noise at time step t is formulated as follows:

ε̄ = εθ

(
Y t ,H ′′, t

)
(6)

To capture more complex representations and better model the
temporal correlations within the noisy gaze-motion sequence Y t ∈
R3×( j+1)×L, we first employed a linear transformation to project
the sequence into a higher-dimension latent space Y t ∈R3×( j+1)×L′

.
We then apply an efficient self-attention block [65] to further model
temporal correlations between each frame:

Y = Dropout
(

softmax(Q)softmax
(

K⊤
))

LN(V)+Y t (7)

where LN is layer normalisation, Q ∈ RL×d , K ∈ RL×d , and V ∈
RL×d are calculated using the original self-attention mechanism
[56]:

Q = WqY t ,K = WkY t ,V = WvY t (8)

where Wq, Wk and Wv are learnable parameter matrices.



Observation

C
ro

ss-A
tt

iDCT

Prediction

...

Motion Generation 

DCT

Padding Last 
Frame

(0,1)N 

Tem
poral G

A
T

Layer

G
aze

-m
o

tio
n

Featu
res

Gaze-motion Fusion 

Sp
atia

l G
A

T
Layer

Tem
poral G

A
T

Layer

Sp
atia

l G
A

T
Layer

Tem
poral G

A
T

Layer

Sp
atia

l G
A

T
Layer

×m

Self-A
tt

M
LP

D
en

o
isin

g

C
ro

ss-A
tt

Self-A
tt

M
LP

D
en

o
isin

g

×n ×n

Noise Prediction Noise Prediction

Start Block Middle Block End Block

Figure 3: Overview of the proposed method GazeMoDiff. GazeMoDiff first uses a spatio-temporal graph attention network to extract and fuse
features from eye gaze and human motions, then injects these features into a noise prediction module via a cross-attention mechanism, and finally
generates diverse human motions through progressive denoising.

We then applied a step hint module to inform about how many
steps of noise have been added thus far. We first obtained the
timestep embedding et using position embedding [56]. The gaze-
motion historical features H ′′ were also fused with a learned linear
projection of the timestep embedding, e = et +W′H ′′. This fused
embedding e was then injected into the output of the self-attention
block using a feature-wise linear modulation:

w = φw (ψ (et)) , b = φb (ψ (et)) , Y′ = SiLU(w ·Y+b) (9)

where (·) denotes element-wise multiplication, φw and φb are linear
projections, and ψ is a single layer MLP with SiLU activation func-
tion. This modulation allowed the step hint embedding to influence
the self-attention features. We also applied this block after each
cross-attention and MLP block, enabling the timestep embedding to
provide hints throughout the network.

To incorporate the historical gaze-motion features H ′′ and lever-
age their impact on noise prediction, we utilised cross-attention
blocks. These blocks enable a deeper exploration of how the histor-
ical features influence the noise predictions at different denoising
steps. In addition, computing the contributions of different attention
heads in parallel better integrates information from both modalities
(gaze and motion) from multiple perspectives. Potentially, the noisy
motions can also provide feedback to update H ′′, leading to a col-
laborative learning process. In the cross-attention block, Qc and Vc
were calculated by gaze-motion historical features H ′′ while Kc was
calculated by the output of self-attention block Y′. The output of the

cross-attention block was calculated as follows:

Yc = Dropout
(

softmax(Qc)softmax
(

K⊤
c

))
LN(Vc)+Y′ (10)

Qc = W′
qH ′′,Kc = W′

kY′,Vc = W′
vH ′′ (11)

Finally, we employed a two-layer MLP with GELU activation
function and dropout to further extract features. An output projection
layer was added at the end to align with the noise dimension.

In our implementation, the noise prediction network contained 4
self-attention blocks, 4 cross-attention blocks, and 4 MLP blocks.
Each attention operation used 8 attention heads. The timestep em-
bedding dimension and the latent space dimension were both set to
512.

Denoising. In a vanilla approach, the denoised sequence was
generated directly from the Gaussian noise input. However, due
to the accumulation of prediction noise errors, the information of
observation in the padded sequence is far away from the truth in the
latter steps. In each denoising step, the observed sequence was also
available to guide the generation in the original space. Thus, we
employed an ingenious prediction mask mechanism [10]:

Y t−1 = DCT
(

M⊙ iDCT
(

Y t−1
orig

)
+(1−M)⊙ iDCT

(
Y t−1

pred

))
(12)

where M = [1,1, . . . ,1︸ ︷︷ ︸
H

,0,0, . . .0︸ ︷︷ ︸
F

]⊤ ∈ R(H+F)×1 is a mask vector

indicating which frames are observed. Y t−1
orig is obtained by adding



t −1 iterations of Gaussian noise, and Y t−1
pred is obtained by denoising

the output Y t from the previous iteration:

Y t−1
orig =

√
β̄t−1Y +

√
1− β̄t−1ε, β̄t =

t

∏
i=1

βi,βi ∈ [0,1] (13)

Y t−1
pred =

1√
βt

Y t − 1−βt√
1− β̄t

εθ

(
Y t ,H ′′, t

)+(1−β )ε (14)

where t denotes the t-th noise iteration, βi controls noise level, and
ε ∼ N(0, I). At the start, Y t is sampled from Gaussian noise.

Through this iteration process, we can obtain the full generated
sequence p̄ = iDCT(Y 0). The last H frames were predicted motions.

The detailed inference procedure is illustrated in the supplemen-
tary material.

3.3 Training
In the training stage, the observation and prediction sequences are
both available. Thus, we trained the model on the full-motion se-
quence X f ull ∈R3×( j+1)×(H+F) without pre-padding. First, we also
transfer into the DCT space Y f ull ∈ R3×( j+1)×L. We then add noise
to Y f ull to generate a noisy sequence Y t

f ull via Equation 13. Then we
predict the noise through Equation 1 and Equation 6

We then optimised all parameters in our pipeline by minimising
the l2 loss between the predicted noise εθ (Y t ,H ′′, t) and true noise
ε:

L = Eε,t

[∥∥∥ε − εθ

(
Y t

f ull ,H
′′, t
)∥∥∥2

]
(15)

The detailed training procedure is shown in the supplementary
material.

4 EXPERIMENTS

4.1 Datasets
Only a limited number of datasets contain synchronised recordings
of both eye gaze and full-body human motion. We evaluated our
method on two such public datasets: MoGaze [33] and GIMO [66].

MoGaze. The MoGaze dataset provides motion capture and eye-
tracking data recorded simultaneously from 6 participants perform-
ing place and pick actions. It contains over 3 hours of movement
and gaze recordings captured at 30 Hz. The pose of the human body
is expressed using 3D coordinates and Euler angles of 21 joints,
while the gaze is represented as a direction vector. Following prior
work [4, 10, 62] on stochastic HMP, we represented the pose using
only the 3D coordinates of each joint. The gaze vector was treated
similarly to a virtual joint, with coordinates computed as the vec-
tor sum of the head joint coordinates and the gaze direction vector.
This unified representation of both pose and gaze solely in joint
coordinate space allowed us to apply existing stochastic models to
compare easily. Without special notes, all baselines+gaze donate
to this implementation. Pose sequences from p1, p2, p4, p5, and p6
were used for training while that from p7 was used for testing.

GIMO. The GIMO dataset contains motion and gaze data cap-
tured from 11 participants. The action categories include sitting or
laying on ob jects, touching, holding, reaching to ob jects, opening,
pushing, trans f erring, throwing, swapping ob jects, etc. The skele-
tal model consists of 23 joints. As with MoGaze, we represented
the pose using only the 3D coordinates of each GIMO skeleton
joint, and the gaze was represented as a direction vector. To enable
training and evaluation, we followed the official dataset splits in
GIMO [66]. The training set comprises motion and gaze recordings
from 12 scenes, while the test set contains data from 14 scenes,

including 12 known environments and 2 new, unseen environments.
This evaluation protocol allows the assessment of generalisation
capabilities to novel scenes.

4.2 Evaluation Metrics
To evaluate the performance of our model, we employed five com-
monly used metrics following prior stochastic HMP works [4,10,62].

Average Pairwise Distance (APD) measures diversity as the
average L2 distance between all motion examples generated by the
model. Higher APD indicates more diverse predictions.

Average Displacement Error (ADE) and Final Displacement
Error (FDE) measure accuracy. ADE is the average L2 distance
between ground truth and predicted motions over the whole future
sequence. FDE is the L2 distance at the final timestep. Lower ADE
and FDE indicate more accurate predictions.

Multi-Modal Average Displacement Error (MMADE) and
Multi-Modal Final Displacement Error (MMFDE) are are metrics
specifically designed to handle the multi-modal nature of predictions
in stochastic HMP tasks. These metrics take into account the fact that
there can be multiple plausible ground truth sequences for a given
input. The multiple plausible ground truth sequences are obtained
by clustering similar past motions. Lower MMADE and MMFDE
indicate a better ability to generate multi-modal predictions.

4.3 Baselines
We compared our approach with the following state-of-the-art meth-
ods in stochastic HMP.

• DLow [62]: DLow is a latent flow-based model to generate
diverse motion via diversity-promoting sampling and loss.

• CVAE [62]: CVAE is a conditional variational autoencoder
utilised in DLow [62] as a pre-trained generative model which
can also forecast stochastic motions.

• BeLFusion [4]: BeLFusion is a latent diffusion-based model
to predict diverse motion benefited from disentangling the
behavioural representation from past poses and motions.

• HumanMac [10]: HumanMac is an end-to-end single-loss
stochastic HMP model with a DCT Completion fashion in the
inference.

4.4 Implementation Details
We set the observation and prediction time window to 0.5 seconds
(15 frames) and 2 seconds (60 frames) for both the MoGaze and
GIMO datasets, following common practices in stochastic human
motion prediction tasks. [4, 10, 62] As baselines are not evaluated
on MoGaze and GIMO, We need to train them from scratch. For
a fair comparison, all training hyperparameters and settings were
kept at their default values. All experiments were conducted in an
Nvidia TITAN X GPU with 12GB memory using the PyTorch 1.7.1
framework. For both datasets, we applied the same training and
hyperparameter settings, we jointly trained the gaze-motion fusion
network and the noise prediction network using Adam optimiza-
tion [30] with an initial learning rate of 0.0003 and the multi-step
learning rate scheduler (γ = 0.9). The batch size was 32. We ap-
plied a standard diffusion process as proposed by [52] that degraded
1000 steps in the training and sampled 100 steps in the inference.
We selected the Cosine scheduler [44] in the diffusion following
HumanMAC [10]. The multi-modal ground truth threshold was set
as 0.4 referred to previous work [4].

4.5 Quantitative Results
The quantitative results on MoGaze [33] and GIMO [66] are shown
in Table 1, Overall, our model outperforms state-of-the-art methods
on all accuracy metrics.



Table 1: Comparison of GazeMoDiff with the state-of-the-art methods on both MoGaze and GIMO. The best results are in bold and the second
best results are underlined.

Results on MoGaze [33] Results on GIMO [66]

APD ↑ ADE ↓ FDE ↓ MMADE ↓ MMFDE ↓ APD ↑ ADE ↓ FDE ↓ MMADE ↓ MMFDE ↓

CVAE [62] 17.900 1.070 1.644 1.091 1.667 20.297 1.292 2.059 1.294 2.054
DLow [62] 22.277 0.807 1.261 0.840 1.274 24.538 1.084 1.688 1.090 1.687
BeLFusion [4] 17.099 0.899 1.306 0.908 1.313 17.959 0.840 1.220 0.845 1.221
HumanMAC [10] 11.867 0.732 1.089 0.779 1.144 15.040 0.815 1.121 0.821 1.118

Ours 14.037 0.622 0.923 0.632 0.930 14.907 0.749 1.021 0.754 1.026

Results on MoGaze. As shown in Table 1, GazeMoDiff achieves
the lowest ADE, FDE, MMADE and MMFDE compared to all other
methods, substantially surpassing the best state-of-the-art Human-
MAC. For average displacement error(ADE), our method achieved
an improvement of 15.03% (0.622 vs. 0.732) over HumanMAC [10].
On final displacement error (FDE), we obtain a 15.24% performance
gain (0.923 vs. 1.089). These significant improvements demonstrate
the value of jointly modeling historical gaze and joint movements for
guiding human motion prediction. On multi-modal version accuracy
metrics, our method improves the MMADE performance by 18.87%
(0.632 vs. 0.779) and the MMFDE performance by 18.81% (0.930
vs. 1.144). The greater gains on the multi-modal metrics reveal
our model is more capable of producing multimodal predictions
aligned with the stochasticity of human nature. A Wilcoxon signed-
rank test [59] indicates a statistically significant ADE difference
(p < 0.01) between our proposed method and HumanMAC. Al-
though diversity reduces due to gaze-guided predictions, compared
to DLow with the highest APD, our method outperforms by 22.92%,
26.80%, 30.40% and 27.00% in terms of ADE, FDE, MMADE and
MMFDE. It implies the predictions of DLow are not plausible so
the diversity is meaningless somehow.

Results on GIMO. As shown in Table 1, our method GazeMoDiff
is still superior among the state -of-the-art methods in all accuracy
metrics. Our model lowers ADE by 9.20% compared to HumanMAC
(0.815 to 0.749) and reduces FDE by 8.92% (1.212 to 1.021). On
multi-modal accuracy, we attain 8.16% and 8.23% improvements in
MMADE and MMFDE respectively. This demonstrates the strong
generalisation ability of our approach to a new dataset. A Wilcoxon
signed-rank test again showed a significant ADE difference (p <
0.01) versus HumanMAC. DLow also shows the highest APD values
but particularly low accuracy on this dataset. Our method is superior
to DLow by 30.9%, 39.51%, 30.83% and 39.18% in terms of ADE,
FDE, MMADE and MMFDE, respectively. Additionally, previous
work [55] pointed out that methods with high diversity metrics but
low accuracy may suffer failure predictions. We will further discuss
this phenomenon in Sect. 4.6.

4.6 Visualisation Analysis

We visualised the predicted pose in the future one second. We
compared our method to the best diversity baseline, DLow [62], and
the best accuracy approach, HumanMAC [10]. For each method, we
randomly generate 10 predictions for comparison.

Visualisation results on the MoGaze dataset. We illustrated a
representative visualisation from the MoGaze dataset [66] in Fig. 1.
The observed motion sequence involves a turn to the right, and the
ground truth pose shows a second later, this person continues the
turn by about 90 degrees further to the right. We can observe that
predictions of HumanMAC [10] and DLow [62] generally continue
walking in the same forward direction as the observed last frame,
failing to anticipate the full turning trajectory. The best predictions
from baselines labelled in green also differ from the ground truth
obviously. In contrast, by incorporating gaze guidance, our method
is able to recognise that the person intends to keep turning right. As

a result, the best prediction from our method is precisely facing the
true direction of motion in the ground truth and other predictions
generally align with the ground truth. Due to the inherent uncertainty
in predicting future speed, the body orientations of our predictions
differ slightly from one another, reflecting the range of plausible
orientation angles given the observed turning motion. In addition,
generated poses are plausible without any angle distortions or strange
limb lengths.

Visualisation results on the GIMO dataset. We also illustrated
a typical visualisation from the GIMO dataset [66]. As depicted
in Fig. 4, predictions from our methods are more similar to the
ground truth. Furthermore, it is evident that all predictions from
our method are generally realistic. In contrast, other methods yield
predictions that include some implausible outcomes boxed in red.
Corresponding with prior findings [10], we argued that some base-
lines like DLow achieved high APD but suffered from implausible
cases. Despite the high APD calculated for these implausible predic-
tion samples, they are meaningless and misleading for downstream
tasks in fact. In contrast, predictions from our approach look natural
with diversity.

4.7 Ablation Study
We conducted an ablation study to comprehensively analyse the
individual contributions of various modules within our framework
and evaluate the specific impact of incorporating gaze information.

We thoroughly assessed the performance of our model by com-
paring it to variants that exclude specific modules:

• Oursw/o gat : Without spatio-temporal attention graph network

• Oursw/o CA : Without cross attention in the noise predicting
network

• Oursw/o gaze : Without gaze as a virtual joint

Furthermore, we also compared our method to two diffusion
baselines that incorporate gaze guidance.

• BeLFusiong: We introduce gaze into BeLFusion by regarding
gaze as a virtual joint as described in Sect. 4.1.

• HumanMACg: We introduce gaze into HumanMac in the same
way.

As we report in Table 2, our model outperforms all variants and
baseline methods with gaze. It reveals that each module integrated
into our framework significantly contributes to the generation of
accurate predictions. There are three notable findings worth dis-
cussing. 1) Compared to GazeMoDiff, the variant without gaze
presents obviously lower accuracy in terms of both ADE and FDE,
which demonstrates gaze information is effective. 2) Despite the
variant without gaze not surpassing the performance GazeMoDiff,
it notably outperforms other baselines without gaze, as presented
in Table 1. This finding underscores the superiority of our pro-
posed framework, whether or not gaze information is involved. 3)
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Figure 4: Motions in the future one second generated from different methods on the GIMO dataset [66] with best prediction boxed in green and
implausible cases marked in red. Our method can generate realistic motions while other methods produce some implausible predictions.

Our approach outperforms both BeLFusion and HumanMAC which
incorporate gaze information in terms of all accuracy metrics, show-
ing the effective utilisation of gaze information to enhance overall
performance.

Table 2: Ablation study on MoGaze [33]. The best results are in bold.

APD ↑ ADE ↓ FDE ↓ MMADE ↓ MMFDE ↓

Oursw/o gat 11.088 0.678 1.002 0.691 1.011
Oursw/o CA 13.252 0.676 0.957 0.686 0.966
Oursw/o gaze 12.478 0.677 1.048 0.710 1.063

BeLFusiong 15.711 0.654 1.018 0.659 1.012
HumanMACg 13.783 0.650 0.959 0.660 0.967

Ours 14.037 0.622 0.923 0.632 0.930

5 USER STUDY

To perform a comprehensive evaluation of the perceived realism of
the generated samples, we conducted a user study to assess model
performance based on human perception and intuition. Participants
were tasked with ranking samples predicted by different motion
forecasting models. By collecting subjective rankings directly from
individuals, the user study provided an intuitive approach to evaluate
aspects of the predictions that are challenging to assess objectively,
such as naturalness, continuity, and the overall plausibility of the
motions to a human observer.

5.1 Assessment Details
We randomly selected 6 sequences from the MoGaze dataset and
12 sequences from the GIMO dataset. The difference in the num-
ber of selections between the two datasets can be attributed to the
difference in the variety of actions included. While the MoGaze
dataset consists of only two actions, the GIMO dataset contains a
larger number of diverse actions. We compared our method with the
best accuracy baseline HumanMAC and the best diversity baseline
DLow. Each method generated 10 predictions from random noise.
The participants in our study were then instructed to rank these pre-
dictions based on overall realism, considering the following three
key aspects:

• If these motions appeared plausible. Participants can identify
any angle distortions, excessively short or long limbs, or poses
that seem implausible.

• If these motions are continuous. Participants can check if
there are any sudden or unreasonable changes during the whole
motion.

• If these motions align with the ground truth. Participants
can measure the similarity between each motion and ground
truth.

The online questionnaire utilised in our study was created using
the Jotform platform2. The interface of our user study can be found
in the supplementary material. A total of 23 individuals participated
in our user study. This user study is approved by the University.

5.2 Evaluation

As shown in Table 3, it is evident that our method outperformed
both DLow and HumanMAC, achieving the highest average rank-
ing of 1.691. This indicates that our method was perceived as the
most realistic by the participants overall. Remarkably, our method
received the highest percentage of first-place rankings, with 49.52%,
indicating that it was consistently ranked as the most realistic op-
tion. Additionally, it obtained a respectable 31.88% of second-place
rankings. On the other hand, our method had the lowest percent-
age of third-place rankings at 18.60%, suggesting that it was least
frequently perceived as the least realistic option. In comparison,
DLow obtained the highest percentage of second-place rankings at
39.13%, but its first-place percentage was lower, at 26.33%. This
reveals that DLow was less frequently considered the most realistic
option but often ranked as the second most realistic. HumanMAC,
on the other hand, had the highest percentage of third-place rankings
at 46.60%, indicating that it was frequently perceived as the least
realistic prediction. Moreover, its first and second-place percentages
were the lowest among the three methods. To further validate our
findings, we conducted a paired Wilcoxon signed-rank test, which
revealed a statistically significant difference (p < 0.01) between our
method and the second-best method, DLow, in terms of average
rankings from all responses.

2· https://www.jotform.com/



Table 3: Results of the on-line user study. The lower number of
average rank is better.

Average Rank ↓ 1st 2nd 3rd

DLow 2.082 26.33% 39.13% 34.54%
HumanMAC 2.227 24.15% 28.99% 46.86%
Ours 1.691 49.52% 31.88% 18.60%

6 DISCUSSION

Our study marks a notable advancement in the emerging field of
incorporating eye gaze cues for stochastic human motion prediction
in VR research. We have successfully demonstrated the effective-
ness of our proposed method in generating realistic human motion
predictions.

Introducing gaze information. Introducing gaze as a modality
allows the model to generate more realistic and goal-directed poses.
Gaze cues provide valuable information about a person’s intentions
and planned actions. In addition, the integration of gaze modality is
highly practical. Modern VR headsets are equipped with built-in eye-
tracking modules that can capture gaze data in real time. This means
that gaze signals are readily available when using these devices,
without the need for additional peripheral hardware. As presented in
Table 1 and Table 2, gaze information indeed improves the accuracy
of our model.

Potential for extension to other modalities. Our proposed ap-
proach, GazeMoDiff, has the potential to be extended to incorporate
additional modalities beyond gaze. It serves as a multimodal human
motion prediction framework, where various guidance information
can be utilised to enhance the generation of reasonable motions. By
incorporating modalities such as facial expressions, hand gestures,
and physiological signals, the GazeMoDiff framework can be ex-
panded to capture a more comprehensive range of cues for motion
prediction. This multimodal approach can potentially lead to more
contextually appropriate motion generation.

Limitations. We followed prior works [4,10,62] to select APD as
our diversity metric. But measuring different prediction distances in
this way is too simple and crude, and it is susceptible to extreme val-
ues. As shown in Fig. 4, we observed cases where HumanMAC [10]
and DLow [62] were prone to produce distorted poses. Movement
trends were diverse measured by a high APD But extremely implau-
sible. For accurate metrics, ADE and FDE, the error is the smallest
one among all predictions. Image an extreme case in a model that
generated 1 very accurate prediction and 99 distorted and unrealistic
predictions. It would be evaluated as a state-of-the-art model in the
APD-ADE-FDE metrics system. However, the most of predictions
are useless and misleading for downstream analysis. That is also
why we evaluated further through visualisation analysis and user
study. Besides, in our work, we predicted future motions by gaze
and pose data. Gaze data is naturally available while pose needs to
be captured by the wearable device. This may limit the application
scenarios and be detrimental to the user experience.

Future work. In our future research endeavours, we aim to
explore the potential for extending our framework to incorporate
a variety of modalities, such as gaze, emotional text, physical pa-
rameters, and scene information. Existing datasets only consist of
partial modalities like MoGaze [33] (Motion and Gaze), GIMO [66]
(Motion and Gaze) and EBEDB (Gesture and Emotional label) [58].
It is worth exploring new datasets aggregating more modalities to
enable more comprehensive multi-modal motion modeling and pre-
diction. Additionally, to address the limitations associated with
device dependency, we plan to develop a device-free approach. This
approach would leverage different modalities, including gaze, mo-
tion, emotion, and scene information directly captured from video
through learning-based estimation methods. By eliminating the need
for users to wear specific devices or deploy complex sensors, this
device-free method holds the potential to be applied in augmented

reality or mixed reality scenarios, enhancing user experience and
portability. Furthermore, we recognise the need for improved met-
rics for stochastic human motion prediction. While metrics such
as ADE, FDE, and APD have been widely used, there is room for
further refinement and development of metrics that better capture the
quality and usefulness of predicted motions. Enhancing the metrics
will contribute to more accurate and comprehensive evaluations of
human motion prediction methods.

7 CONCLUSION

In this work, we were the first to explore the effectiveness of eye gaze
on generating realistic and diverse human motions. We proposed a
novel gaze-guided diffusion model that first extracts spatio-temporal
features from gaze and motion data and then uses these features
to generate realistic human motions through a denoising diffusion
process. Extensive experiments demonstrated that our method out-
performs the state-of-the-art methods by a large margin in terms
of prediction accuracy and an on-line user study validated that our
method can generate motions that are more realistic than other meth-
ods. As such, our work makes an important step towards generating
more realistic human motions for virtual agents and guides future
work on cross-modal human behaviour generation.
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