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Abstract

3D multi-person motion prediction is a highly complex task,
primarily due to the dependencies on both individual past
movements and the interactions between agents. Moreover,
effectively modeling these interactions often incurs substan-
tial computational costs. In this work, we propose a compu-
tationally efficient model for multi-person motion prediction
by simplifying spatial and temporal interactions. Our ap-
proach begins with the design of lightweight dual branches
that learn local and global representations for individual
and multiple persons separately. Additionally, we introduce
a novel cross-level interaction block to integrate the spa-
tial and temporal representations from both branches. To
further enhance interaction modeling, we explicitly incor-
porate the spatial inter-person distance embedding. With
above efficient temporal and spatial design, we achieve
state-of-the-art performance for multiple metrics on stan-
dard datasets of CMU-Mocap, MuPoTS-3D, and 3DPW,
while significantly reducing the computational cost. Code is
available at https://github.com/Yuanhong-Zheng/EMPMP.

1. Introduction

3D multi-person motion prediction focuses on predicting
the future positions of skeletal joints for multiple individ-
uals based on the historical motions. It has broad applica-
bility across various domains, including human-computer
interaction [5, 25, 34, 35], virtual/augmented reality [13,
16, 36, 37], sports analysis [6, 24], and surveillance sys-
tems [8, 18]. This task is challenging as it necessitates
not only accurate prediction of individual poses through the
modeling of historical temporal data, but also a comprehen-
sive representation of inter-person interactions.

Early studies for 3D motion prediction commonly fo-
cused on single-person pose forecasting [15, 22, 27, 28,
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Figure 1. Comparison of our model with state-of-the-art methods
on the 3DPW dataset. Our approach outperforms others while re-
quiring significantly fewer parameters.

30, 31, 39, 46], where the graph neural networks and
Transformer-based networks were commonly employed to
extract joint-wise features. For example, PGBIG [28]
proposed to alternately extract features through spatial
and temporal graph convolutional networks, while STC-
Former [39] learned cross-joint and cross-frame interaction
with Spatial-Temporal Criss-cross attention. Though ef-
fective for individual poses, these methods ignored inter-
person interactions critical for multi-agent scenarios. Mean-
while, several works on multi-agent trajectory prediction [4,
10, 21, 49] have been proposed by treating the agents as
points within an interactive system, and conducting trajec-
tory prediction with local context extraction and global in-
teraction modeling. However, these works overlook the in-
trinsic structural information of individual agents, such as
the human skeletal configuration.

Recent research has increasingly focused on multi-
person motion prediction, integrating trajectory estimation
for global movement and pose forecasting for fine-grained
joint-level dynamics [20, 33, 41, 45, 47]. MRT [45] pro-
posed a multi-scale Transformer model with two encoders
to capture individual and inter-person interactions respec-
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tively. TBIFormer [33] conducted motion prediction by
modeling the body part interactions. JRT [47] employed
Transformer-based architectures to model both individual
joints and inter-person relation, while T2P [20] separately
modeled human pose and trajectory. To the best of our
knowledge, all of these methods rely on Transformer-based
architectures to capture spatial or temporal interactions.
Despite their success in multi-person motion prediction
tasks, these models often encounter challenges, including
the large number of parameters and the high computational
cost associated with Transformer architectures. Further-
more, while they predominantly emphasize the spatial in-
formation, there has been limited exploration on the tempo-
ral sequential data.

In this work, we propose the Efficient Multi-Person
Motion Prediction (EMPMP) network, which leverages a
lightweight architecture to effectively capture both spatial
and temporal interactions. We first introduce the Multi-
level Estimation (ME) block, designed to efficiently extract
spatial and temporal features for both individual and inter-
person representations. Furthermore, we present the Cross-
level Interaction (CI) block, which facilitates the fusion
and updating of multi-level features through learned affine
transformations. To enhance the modeling of social inter-
actions, we explicitly incorporate inter-person distance into
individual representation. Extensive experiments on stan-
dard datasets demonstrate that our approach achieves state-
of-the-art performance across multiple evaluation metrics,
while utilizing only 1% to 10% of the parameters compared
to existing methods. As depicted in Fig. 1, our model out-
performs others on the 3DPW dataset, achieving superior
performance with a minimal number of parameters.

2. Related Works

Single-Person Pose Forecasting. The task of single-person
pose forecasting aims to predict future human poses based
on past observations. Early approaches primarily relied on
models such as Hidden Markov Models (HMM) [22] and
Gaussian Processes (GP) [44]. Recurrent Neural Networks
(RNNs) were also widely applied for sequential human
pose forecasting [12, 15, 27, 43]. For example, ERD [15]
combined nonlinear encoders and decoders with RNNs to
jointly model human representation and dynamics, while
NAFMP [27] utilized Lie algebra and a hierarchical recur-
sive network to capture both local and global contexts. To
mitigate error accumulation in frame-by-frame predictions,
feed-forward models like Graph Convolutional Networks
(GCNs) and Transformer-based architectures were intro-
duced to model long-range dependencies [14, 28, 30, 31].
For instance, LTD [30] proposed learning graph connectiv-
ity to capture long-range dependencies in joint sequences,
while HRI [31] leveraged attention mechanisms to guide
predictions based on historical patterns. Despite their suc-

cess in pose forecasting tasks, these methods are mainly re-
stricted to single-person scenarios, and they are not suitable
for real-world applications involving multiple individuals
and inter-person interactions.

Multi-Person Motion Prediction. This task focuses on
predicting the individual movements of people while cap-
turing their complex interactions with others in the scene.
Current approaches commonly rely on Transformer-based
networks [20, 33, 41, 45, 47], with various design strate-
gies to capture spatial or temporal information. For exam-
ple, MRT [45] combines local and global encoders to cap-
ture both individual and multi-person features, while TBI-
Former [33] transforms pose sequences into body-semantic-
based part sequences for fine-grained interaction modeling.
JRT [47] models joint relationships using relative distances
and physical constraints. SoMoFormer [4 1] represents mo-
tion as joint sequences and encodes joint types, identities,
and global positions. T2P [20] decouples the task into local
pose and global trajectory predictions. While these methods
effectively model interactions, they often require high pa-
rameter counts and computational resources. In this work,
we propose a novel lightweight network to efficiently cap-
tures spatial and temporal representations as well as their
interactions, achieving state-of-the-art results with signifi-
cantly lower computational cost.

MLP-based Lightweight Neural Networks. It is cru-
cial to maintain a lightweight architecture while ensuring
high performance. Conventional approaches, such as model
pruning [38], knowledge distillation [26], and sparse at-
tention [11], have been widely adopted. MetaFormer [48]
showed that the Transformer’s strength primarily lies in its
overall design rather than Self-Attention, motivating MLP-
based alternatives. MLP-Mixer [40] and CycleMLP [9]
replace attention with linear layers, achieving competitive
performance with fewer parameters. For the single-person
3D pose forecasting task, Motion Mixer [7] captures spa-
tial and temporal dependencies with separate MLPs, while
SiMLPe [17] integrates DCT [3] and cascaded MLPs to
strengthen temporal representations. GraphMLP [23] com-
bines MLPs and GCN in a unified framework for 3D pose
forecasting from 2D images or historical motions. In this
work, we integrate MLPs into 3D multi-person motion pre-
diction for the first time, and propose novel lightweight yet
effective local-global and spatial-temporal interaction oper-
ations for enhanced representation learning.

3. Method

Given the historical 3D observation of multi-person joint
sequences X = {zf}L € R3/*FP*T which consists of
P persons, T' time frames, and J joints per person, our
goal is to predict the future joint sequences Y = {y} }1:F,
for the next 7" frames. In this paper, we propose the Ef-
ficient Multi-Person Motion Prediction (EMPMP) network
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Figure 2. Framework of our EMPMP network. The input is mapped to order-agnostic feature space by PIPS and DCT stages. The Joint
Embedding and ESTFL stages are designed to capture spatial and temporal representations as well as their interactions via lightweight
architectures. The Prediction Head, IDCT and IPIPS stages are used to map the representation to predicted motion.

with lightweight yet expressive spatial and temporal inter-
actions for 3D multi-person motion prediction. The frame-
work is presented in Sects. 3.1- 3.4, with network training
and implementation details in Sect. 3.5.

3.1. Overall Framework

Our EMPMP network conducts 3D multi-person motion
prediction through a cascaded pipeline as shown in Fig. 2.
The framework comprises three core modules: the Joint
Embedding for encoding skeletal geometry, the Efficient
Spatial-Temporal Feature Learning to model multi-level
spatial and temporal interactions, and the Prediction Head
for future motion prediction mapping, as detailed in the sub-
sequent subsections.

To resolve order ambiguity of individuals, we intro-
duce Permutation-Invariant Person Sorting (PIPS), which
reorders individuals by descending pairwise distances in
the first frame, yielding order-agnostic features X' €
R37XPXT (please refer to supplementary material for de-
tails). Following this, we apply Discrete Cosine Trans-
form (DCT) to compress temporal dynamics into a low-
frequency spectrum X" = DX’, where D € RT*T is the
DCT coefficient matrix conducted on temporal dimension.

3.2. Joint Embedding

The joint embedding stage transforms the DCT-processed
input X" into a high-dimensional feature space through a
linear projection, integrating spatial joint information into a
structured representation:
Z=X"Wy+by, ZeREP*T (1)

where Wy € R3/*C and by € R are learnable parame-
ters shared across all individuals (P) and frames (7"). This

embedding integrates spatial features into a shared feature
space, enabling holistic pose modeling rather than isolated
joint processing.

3.3. Efficient Spatial-Temporal Feature Learning

The Efficient Spatial-Temporal Feature Learning (ESTFL)
stage forms the core of our framework, designed to capture
inter-person spatial dependencies and inter-frame temporal
dynamics within the sequential multi-person representation
Z € ROXPXT Tt comprises two main components: the
Multi-level Estimation (ME) block and Cross-level Interac-
tion (CI) block, described as follows.

3.3.1. Multi-level Estimation (ME) Block

The ME block is proposed to capture temporal informa-
tion for both individual and multi-person representations. A
dual-stream architecture is employed to capture both local
(individual) and global (scene-level) dynamics.

Local Temporal Feature Update. The local stream fo-
cuses on capturing individual motion patterns through it-
erative temporal feature updates. In each iteration, a shared
temporal linear transformation (T-linear) is applied across
all persons, followed by layer normalization and residual
connection. Formally, the ¢-th iteration of local update is:

Zi =77V B(ZT W), i=1,..,N, (2
where Z) = Z, W} € RT*T and b} € R are learnable
parameters, and § denotes layer normalization. By sharing
these parameters across all persons, this iterative process
progressively refines fine-grained individual motion under-
standing while preserving computational efficiency.

Global Temporal Feature Update. The global stream is
designed to learn temporal interactions across all individ-
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uals within the scene. We merge the person (P) and tem-
poral (T') dimensions of Z to form a global representation
79 € RY*PT which encodes dynamics of the entire scene.
A linear transformation along the person-temporal dimen-
sion (PT-linear) is applied with a residual connection, and
the global features are iteratively refined by:

Zi =723 (2T WE ), =1 M, )

where W7 € RFT*FT and b) € RPT are learnable pa-
rameters for the j-th iteration, and ~y is layer normaliza-
tion. By progressively refining the global representation,
the global stream effectively captures the temporal depen-
dencies across all individuals in the scene.

The multi-level features of ZY € RE*F*T and Z)' €
RE*PT are subsequently integrated in the Cross-level In-
teraction (CI) block, enabling a comprehensive interaction
between individual motion details and global scene dynam-
ics for enhanced motion prediction.

3.3.2. Cross-level Interaction (CI) Block

The CI block facilitates efficient information exchange be-
tween local and global representations. For simplicity, we
omit the superscripts and denote the local and global fea-
tures as Z; and Z, respectively.
Local Refinement with Global Representation. The
global representation Z, captures high-level temporal in-
teractions across all individuals in the scene, providing es-
sential contextual information to enhance local features of
each individual. To refine local representations, we apply
affine transformations with scale S € R“*T and translation
H € RY*T learned from Z, via linear transformations:
S=7ZWs+bs, H=Z,Wpg+bgy, (@)
where Wg, Wy € RPTXT and bg,by € RT are learn-
able parameters, and they are employed to integrate global
context across individuals and temporal frames. To main-
tain consistent global influence across all individuals, S and
H are shared across persons, yielding expanded representa-
tions 5, H € RE*P*T  The refined local representation is
then computed by applying these transformations:

Zl=p(Z1®(1+8)+H), (5)

where © denotes the Hadamard (element-wise) product,
and p is layer normalization. This process dynamically ad-
justs local features using global context, ensuring that the
refined representations capture both individual motion de-
tails and scene-level temporal dynamics.

Inter-person Distance Embedding. To further refine the
local representation, we incorporate the spatial relationships
between individuals in the scene by computing an inter-
person distance matrix D € RP*F*T which captures the

spatial interactions between individuals at each time frame.
The matrix element is defined as

Dpll)zt = ||xglhip - 'Tfj]ip”2a (6)

where D), ., represents the Euclidean distance between the
hips of the p;-th and ps-th persons at time ¢. This distance
matrix is then linearly transformed along its first dimension
to produce the distance embedding:

7(D) = DWp + bp, )

where Wp € RP*C and bp € R are learnable parame-
ters. The embedded distance 7(D) € R*P*T is then used
to refine the local representation:

Zl = Z1 +&(Z] + 7(D)), ®)

where ¢ represents layer normalization. This process en-
sures that the local representation incorporates both individ-
ual motion dynamics and the spatial relationships between
individuals, thereby improving the model’s accuracy in pre-
dicting multi-person motions.

Global Refinement with Local Representation. To re-
fine the global representation using local information from
7, € REXPXT e first compress the local features across
individuals and time into a compact representation for affine
transformation. Specifically, we combine the P and 7' di-
mensions of Z, resulting in Z;2, € RE*FT and apply a
linear transformation to learn the global translation:

G = ZppgWa + bg, )

where Wg € RPTXPT b ¢ RPT are learnable parame-
ters. Based on above learned translation, the refined global
representation is computed as

Zy=2Zy+7(Zy + G), (10)

where 7 is layer normalization. This process ensures that
the global representation is enriched with detailed local dy-
namics while maintaining stable feature distributions.

Finally, the refined local and global representations are
combined into a unified feature:

7% — Zl* +aZ;, VAR= RC’XPXT7 (11)

where ” denotes dimension transform for compatibility, and
« is the combination parameter.

The CI block enables bidirectional information exchange
between local and global representations, significantly im-
proving the model’s ability to capture complex motion dy-
namics while ensuring computational efficiency.

The ESTFL stage employs a dual-block architecture,
consisting of the ME block for multi-level feature learning
and the CI block for cross-level information exchange. This
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straightforward yet effective design allows the model to
capture multi-level spatial and temporal interactions, boost-
ing its ability to predict motion dynamics. Experimental
results demonstrate the superior performance of above de-
signs, showing substantial improvements in both accuracy
and efficiency for 3D multi-person motion prediction task.

3.4. Prediction Head and Loss Function

Given Z* € RE*P*T  the prediction head is designed to
map the high-dimensional features to joint-wise representa-
tions through linear transformation in two dimensions:

ZZZ*WT-f—bT, Z:ZWC+bC7 (12)

where Wr € RT™*T" by € R™ and Wo € RO*% be €
R37 are learnable parameters that perform the transforma-
tions in temporal (7") and feature (C') dimensions, respec-
tively. The final joint sequence is obtained by applying In-
verse DCT cross the temporal dimension as Y/ = D17,
followed by Inverse PIPS to restore the order and generate
a permutation-invariant prediction Y € R37*PxT"

The loss function consists of two components including
the mean joint loss and the velocity loss as utilized in [17]:

L= £Joint +£Vel. (13)

The mean joint loss quantifies the discrepancy between the
predicted and ground-truth joint sequences by:

P T J
oin 1 j AD,J
ol = o= 3O 3 It =g a4
p=1t=1 j=1

where v, 7 e R3 represents the predicted world coordinates
of the j-th joint for the p-th person at the ¢-th frame, and
997 is the corresponding ground truth. The velocity loss
accounts for the predicted and ground-truth velocities be-

tween consecutive frames:

Vel 1 S DyJ _ ;D]
L = 7 e o™ = o]

p=1 t=1 j=1

2
)

5)
where the predicted and ground-truth velocities are com-
puted as follows:

Y RN AR ER SO
By incorporating both joint and velocity constraints, the loss
function enforces consistency in both spatial and temporal
dynamics, thereby enhancing the accuracy and realism of
the motion prediction.

3.5. Network Training and Implementation Details

Our network is built on the framework proposed in
Sects. 3.1- 3.4. For the hyper-parameters, we set the com-
bination parameter « = 0.2 in Eq. (11), and we take

K = 4 stages of ESTFL to efficiently capture the spa-
tial and temporal features. Each ESTFL stage consists of
N = 16, M = 1 iterations for local and global temporal
feature updates, respectively. The feature channel dimen-
sion is set to C' = 45 for experiments on CMU-Mocap and
MuPoTs-3D datasets, and C' = 39 for experiments on the
3DPW dataset.

The network is trained with batch size 128 and learning
rate 3 x 104 by Adam optimizer. During training, we apply
data augmentation after PIPS stage, with random vertical-
axis rotations and person order permutations as [41]. All
experiments are conducted on a single NVIDIA 3090 GPU.
Our code will be released if the paper is accepted.

4. Experiments

In this section, we first present the dataset settings and eval-
uation metrics, followed by comparisons of the experimen-
tal results. Additionally, we conduct ablation studies to in-
vestigate the effectiveness of our designs.

4.1. Datasets and Evaluation Metrics

3DPW and AMASS. The 3DPW dataset [42] is a large-
scale collection containing over 51,000 frames of human ac-
tivities in unconstrained environments, with scenes involv-
ing two individuals. The AMASS dataset [29] is a com-
prehensive motion capture dataset, featuring over 40 hours
of motion data from 300+ subjects performing more than
11,000 distinct motions. These datasets are used in four
distinct settings: 1) 3DPW-Ori: As in [41, 47], the input
consists of 1030ms (16 frames) and the prediction horizon
is 900ms (14 frames) based on the original 3DPW dataset.
2) 3DPW-RC: This setting is similar to 3DPW-Ori, but with
camera displacements removed to enhance the realism of
human motion, as in [47]. 3) AMASS/3DPW-Ori: The
model is pre-trained on AMASS, then fine-tuned and eval-
uated on 3DPW-Ori, with pre-training and fine-tuning con-
figurations matching those in [41, 47]. 4) AMASS/3DPW-
RC: Similar to AMASS/3DPW-Ori, but the model is fine-
tuned and evaluated on 3DPW-RC instead, as in [47].

CMU-Mocap. The CMU-Mocap dataset [1] consists of
140 subjects and 2,605 sequences featuring one or two indi-
viduals. Following [45], 6,000 synthetic scenes with three
individuals are generated, each consisting of 60 frames at
a frame rate of 15 FPS. The CMU-Syn setting includes
three motion prediction tasks: predicting 1 second of mo-
tion from 1-second input (1s/1s) for short-term prediction,
predicting 2 seconds from 2-second input (2s/2s) for long-
term prediction, and predicting 3 seconds from 1-second in-
put (1s/3s) for extended forecasting. For the 1s/1s setting,
we randomly sample 30 frames from 60 during training, in-
creasing the training samples to enhance model robustness.
MuPoTS-3D. The MuPoTS-3D dataset [32] contains over
8,000 frames across 20 real-world scenes with up to three
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-;f Settings 3DPW-Ori | 3DPW-RC CMU-Syn 3?)1\}?@50511 3?)D}§I®SI§/C CMU-Syn/MuPoTS
= In/Out Length ‘ 1030ms / 900ms 2s/2s Is/1s 1030ms / 900ms 2s/2s ‘ Is/1s
MRT [45]'2021 167.1 134.2 160.7 83.5 145.3 124.8 181.0 93.1
@ SoMoFormer [41]'2022 150.0 107.7 148.3 77.0 114.6 96.4 162.0 89.1
& TBIFormer [33] 2023 149.9 124.1 169.7 91.0 140.4 114.3 173.4 93.2
E JRT [47] '2028 154.9 114.0 157.6 84.3 131.9 102.3 161.5 93.0
T2P [20]'2024 137.5 110.1 136.4 75.9 121.1 100.4 163.6 94.7
Ours 131.8 99.5 128.0 73.5 119.9 92.1 160.1 92.4
MRT [45]'2021 66.9 552 61.5 36.3 59.2 52.3 70.1 41.6
SoMoFormer [41]'2022 57.8 444 56.7 34.4 46.3 40.0 63.7 39.3
E TBIFormer [33] 2028 60.2 51.2 64.6 40.3 56.4 474 68.3 44.0
> JRT [47]2028 58.5 47.0 56.6 34.0 47.2 39.5 64.7 412
T2P [20]'2024 56.3 46.9 54.6 342 494 42.4 64.0 42.0
Ours 53.3 41.3 50.2 324 48.6 38.4 62.9 40.6
MRT [45]'202! 125.1 123.6 95.5 60.0 115.3 110.8 135.1 81.2
SoMoFormer [41]'2022 118.3 114.9 87.1 55.2 97.5 101.4 130.8 80.6
E TBIFormer [33] 2028 1159 115.5 96.9 63.6 110.3 108.0 137.7 84.4
< JRT [47] 2023 123.0 120.5 95.8 61.6 114.1 112.5 125.7 78.4
T2P [20]'2024 115.1 115.1 94.5 59.9 110.1 108.7 147.7 92.8
Ours 98.6 96.6 83.2 52.3 95.0 90.6 124.9 76.2

Table 1. Performance comparisons across multiple settings using MPJPE, VIM, and APE metrics. Our method achieves superior perfor-
mance with significantly fewer parameters. The best result is highlighted in bold.

subjects. Similar to strategy in [45], for the CMU-Syn/
MuPoTS setting, the models are trained on CMU-Syn, and
performance is evaluated by predicting 15 frames (1s) and
30 frames (2s) of motion sequences on MuPoTS-3D dataset.
Evaluation Metrics. We evaluate model performance us-
ing metrics of Mean Per Joint Position Error (MPJPE) [19],
Visibility-Ignored Metric (VIM) [2] and Aligned Mean Per
Joint Position Error (APE). MPJPE measures the mean Eu-
clidean distance between predicted and ground truth 3D
joint positions across all frames. VIM assesses the per-
frame accuracy by computing mean joint-coordinate dis-
tance. APE removes global displacement, focusing on local
posture prediction. For these metrics, lower values indicate
better performance. Due to space constraints, we report av-
erage values for key frames in APE and VIM. Further de-
tails on selection scheme and additional metrics are avail-
able in the supplementary material.

4.2. Experimental Results

We evaluate our approach on 3D multi-person motion pre-
diction tasks in three scenarios: standard, incorporating pre-
training, and cross-dataset, to comprehensively assess the
model’s effectiveness and generalizability.

Results on 3DPW-Ori and 3DPW-RC. As shown in the
first and second columns of Tab. 1, our model outperforms
previous methods in both 3DPW-Ori and 3DPW-RC set-
tings for standard multi-person motion prediction tasks,
demonstrating significant superiority. The substantial re-
ductions in MPJPE, VIM, and APE highlight the effec-

tiveness of our approach. Notably, our model achieves
state-of-the-art performance with only 0.04M parameters,
as shown in Tab. 2, which constitutes less than approxi-
mately 1.2% of the parameter count of prior models. Ad-
ditionally, our model requires less GPU memory and com-
putational FLOPs, and more detailed comparisons on com-
putational costs can be found in the supplementary material.

Settings 3DPW SDPW_ CMU-Syn & MuPoTS
Pretrain
In/Out Length ‘ 1030ms / 900ms 2s/2s Is/1s
MRT [45] 6.55M 6.55M 6.29M 6.29M
SoMoFormer [41] 12.91M 12.91M 1291M 12.91M
TBIFormer [33] 3.39M 3.39M 7.31IM 4.24M
JRT [47] 3.68M 3.68M 3.68M 3.68M
T2P [20] 4.50M 4.50M 4.60M 4.50M
Ours 0.04M 0.65M 0.17M 0.05M

Table 2. Model Parameters (in Millions) for different settings.
3DPW refers to the settings of 3DPW-Ori and 3DPW-RC, 3DPW-
Pretrain covers AMASS/3DPW-Ori and AMASS/3DPW-RC, while
CMU-Syn&MuPoTS include CMU-Syn and CMU-Syn/MuPoTS.

Results on CMU-Syn. As demonstrated in the third and
fourth columns of Tab. 1, our model outperforms the com-
pared methods across all three evaluation metrics for both
short-term (1s/1s) and long-term (2s/2s) motion prediction
in the CMU-Syn setting, while maintaining a lightweight
design with less parameters as shown in Tab. 2. Further-
more, the results for the extended forecasting task (1s/3s)
are presented in Tab. 3, where our EMPMP consistently sur-

10849



Metric | MPIPE | VIM | APE
Out Length ‘ Is 2s 3s ‘ Is 2s 3s ‘ Is 2s 3s
MRT [45] 89 145 189|65 97 128 |86 102 111

SoMoFormer [41] | 84 151 202 |66 108 140 |81 101 112
TBIFormer [33] 98 165 218 |72 114 148 |88 103 116

JRT [47] 88 154 206|160 105 147 |89 106 118
T2P [20] 89 139 17765 89 117|87 103 116
Ours 84 130 167 60 85 113 77 93 103

Table 3. Performance comparison in Mocap-Syn (1s/3s) setting.

passes the other methods within the 3s prediction horizon,
particularly for long-range predictions at 2s and 3s.
Results on AMASS/3DPW-Ori and AMASS/3DPW-RC
with Pre-training. For tasks involving a pre-training strat-
egy, we utilize a 0.65M-parameter model to enhance our
modeling capability, ensuring a fair comparison (please re-
fer to the supplementary material for further details). As
shown in Tab. 1, our model achieves state-of-the-art per-
formance in four out of six comparisons, while remaining
highly competitive in the other two.

Results on CMU-Syn/MuPoTS for Cross-Dataset Eval-
uation. As shown in the last two columns of Tab. 1, our
model excels in cross-dataset evaluation, achieving the best
performance in the 2s/2s setting while using fewer parame-
ters. For the 1s/1s setting, our model attains the best APE
and competitive MPJPE/VIM results, demonstrating strong
generalization capabilities.

4.3. Ablation Study

In this subsection, we conduct detailed ablation studies
to assess the effectiveness of our designs and the impact
of hyper-parameters. All of the models are evaluated by
MPIPE in the 3DPW-Ori and CMU-Syn settings.
Effectiveness of Multi-level Estimation. The ME block
integrates individual and multi-person features via local and
global temporal feature update mechanisms. As shown in
the first and second rows of Tab. 4, removing either the local
temporal feature update (LTFU) or the global temporal fea-
ture update (GTFU) stream results in a performance decline
compared to the network that includes both components, as
seen in the third row. These comparisons underscore the
importance of both streams and highlight the effectiveness
of the proposed ME block.

Effectiveness of Cross-level Interaction. The CI block en-
hances local and global representations through interaction
via learned affine transformations (LRwGR and GRwLR).
As shown in Tab. 4, removing the entire CI block (third
row), or individually removing either the local or global re-
finements (fourth and fifth rows), significantly reduces per-
formance compared to the model with CI block (last two
rows). This clearly validates the critical role of each compo-
nent. Notably, we learn both scale and translation parame-
ters during local refinement, whereas global refinement em-

ploys only translation. Further ablation studies in the sup-
plementary material confirm the effectiveness of these de-
sign choices in managing affine transformations.

LTFU GTFU LRwGR GRwLR DE \ MPJPE
X v X X X 160.4 (0.04M)
v X X X X 143.4 (0.07M)
v v X X X 140.9 (0.10M)
v v X v X 137.7 (0.12M)
v v v X X 133.8 (0.14M)
v v v v X 129.8 (0.16M)
v v v v v | 128.0 (0.17M)

Table 4. Ablation study on different components in the CMU-Syn
(2s/2s) setting. LTFU: Local Temporal Feature Update; GTFU:
Global Temporal Feature Update; LRwGR: Local Refinement
with Global Representation; GRwWLR: Global Refinement with
Local Representation; DE: Inter-person Distance Embedding. The
number of parameters (in Millions) is shown in parentheses.
Effectiveness of Distance Embedding. In the CI block, we
explicitly integrate inter-person distance embedding (DE)
to refine local representations by capturing spatial relation-
ships between individuals. As illustrated in the last two
rows of Tab. 4, the model without the distance embedding
operation exhibits decreased performance compared to our
full model, validating the effectiveness of this component.

Learn Multi-level feat. Learn Cross-level feat. ‘ MPJPE Params FLOPs

Self-Attention CI block 131.7 3.28M 39.83G
ME block Cross-Attention 133.6  0.26M 3.07G
ME block CI block 128.0 0.17M 1.67G

Table 5. Comparisons with Attention-based design in CMU-Syn
(2s/2s) setting. Network with our designs achieves superior per-
formance with fewer parameters and lower computational cost.

Comparison with Attention-based Design. In our model,
multi-level temporal features are learned through linear lay-
ers and layer normalization within the ME block, whereas
cross-level interactions are achieved through learned affine
transformations in the CI block. By contrast, previous mod-
els have predominantly employed Attention-based mecha-
nisms for both feature learning and interaction. Besides
comparing our method against traditional Attention-based
architectures in Sect. 4.2, we further investigate the ef-
fectiveness of our ME/CI block by replacing them with
Attention-based designs (details in supplementary mate-
rial), as shown in Tab. 5. Results indicate that Attention-
based design incurs higher computational costs and yields
inferior MPJPE scores. Conversely, our proposed design
achieves superior performance while substantially reducing
the number of parameters and computational FLOPs.

Impact of Hyper-parameters. We examine the impact
of essential hyper-parameters, including the number of lo-
cal/global temporal feature update iterations (N/M) and the
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Figure 3. Qualitative results in the 3DPW-RC setting involve predicting 14 frames using 16 frames of input. Different colors are used to
distinguish between individuals in the sequence.
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4.4. Qualitative Results

In this section, we provide a qualitative comparison be-

4 81216202428 1 2 4 6 810 1 2 3 456
N M K

—e— CMU-Syn 3DPW-Ori ---- SOTA(3DPW-Ori) SOTA(CMU-Syn)

Figure 4. Performance curves with varied hyper-parameters in
CMU-Syn (2s/2s) and 3DPW-Ori (1030ms/900ms) settings. N/M
represent the iteration number of local/global temporal feature up-
dates per ME block, and K denotes the number of ESTFL stages.

number of ESTFL stages (K). As illustrated in Fig. 4, the
optimal configuration (N = 16, M = 1, K = 4) achieves
the best performance for both the CMU-Syn (2s/2s) and
3DPW-Ori (1030ms/900ms) settings. Our EMPMP model
outperforms state-of-the-art methods across most hyper-
parameter variations, highlighting its robustness for hyper-
parameters. Notably, our network with M < 2 presents
consistently superior performance than cases of M > 2,
indicating that excessive global iterations may lead to over-
smoothing of temporal features and thus degrade prediction
accuracy. Further ablation studies with different values of
combination parameter « in Eq. (11) are detailed in supple-
mentary material, with a = 0.2 producing the best results.

tween our model and existing methods using the 3DPW-RC
setting, as illustrated in Fig. 3. The ground truth consists
of two subjects performing distinct actions: the left subject
remains largely static with minimal leg movement, while
the right subject executes a full turn, exhibiting more dy-
namic motion. Our model outperforms previous methods
in predicting the movements of both subjects. For the left
subject, our model preserves subtle details of the pose with
greater precision. For the right subject, our model captures
the dynamic motion while ensuring stability, maintaining
temporal coherence and realism throughout the movement.
Additional visualization results demonstrating the effective-
ness of our model are provided in supplementary material,
further highlighting the superiority of our EMPMP network.

5. Conclusion

In this paper, we introduce EMPMP, an efficient architec-
ture for 3D multi-person motion prediction. Our design
uses a dual-branch structure to capture multi-level spatial-
temporal features and a cross-level interaction strategy for
information exchange, significantly reducing parameters
and computational complexity. Experiments across multi-
ple datasets validate our approach’s efficiency and accuracy.
Future work will explore stochastic motion prediction and
advanced feature fusion strategies.
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