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ABSTRACT: Predicting human motion based on historical motion sequences is a fundamental problem in computer
vision, which is at the core of many applications. Existing approaches primarily focus on encoding spatial dependencies
among human joints while ignoring the temporal cues and the complex relationships across non-consecutive frames.
These limitations hinder the model’s ability to generate accurate predictions over longer time horizons and in scenarios
with complex motion patterns. To address the above problems, we proposed a novel multi-level spatial and temporal
learning model, which consists of a Cross Spatial Dependencies Encoding Module (CSM) and a Dynamic Temporal
Connection Encoding Module (DTM). Specifically, the CSM is designed to capture complementary local and global
spatial dependent information at both the joint level and the joint pair level. We further present DTM to encode
diverse temporal evolution contexts and compress motion features to a deep level, enabling the model to capture both
short-term and long-term dependencies efficiently. Extensive experiments conducted on the Human 3.6M and CMU
Mocap datasets demonstrate that our model achieves state-of-the-art performance in both short-term and long-term
predictions, outperforming existing methods by up to 20.3% in accuracy. Furthermore, ablation studies confirm the
significant contributions of the CSM and DTM in enhancing prediction accuracy.

KEYWORDS: Human motion prediction; spatial dependencies learning; temporal context learning; graph convolu-
tional networks; transformer

1 Introduction
Human motion prediction, the process of forecasting future pose sequences based on historical data,

serves as a cornerstone for enabling intelligent and safe interactions between robots or machines and the
physical world. Consequently, human motion prediction has attracted remarkable attention and is at the
core of wide applications, such as autonomous driving [1,2], human tracking [3], motion generation [4], and
human-robot interactions [5,6].

Early attempts in human motion prediction primarily employed latent variable models, such as the
Hidden Markov Model (HMM) [7], Gaussian Processes (GP) [8], and Restricted Boltzmann Machine
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(RBM) [9]. These models aimed to establish a correlation between past and future human motions. However,
unlike inanimate physical movements governed by deterministic laws, human motion involves intricate
dynamic contexts. Consequently, these initial mathematical models faced significant challenges in accurately
capturing the complex dynamics of human motion, resulting in suboptimal forecasting outcomes.

Recently, with the improvement of computational power and the availability of large datasets, a
large number of deep learning methods have been proposed and show improved results. The general
human motion prediction algorithms encompass a sequence-to-sequence model whereby the historical
pose sequence is encoded to a hidden temporal dynamic context that is decoded to obtain the future
pose sequence. For example, references [10–12] employed recurrent neural networks (RNN), including long
short term memory (LSTM), gated recurrent unit (GRU), to capture temporal information via a frame-
wise reading method. However, these methods fail to encode long-term temporal dependencies, which
only generate accurate predictions at short-term horizons. References [1,13,14] utilized convolutional neural
networks (CNN) to encode the input pose sequence into a long-term latent variable, which can capture
sufficient short- and long-term temporal correlations. In the aforementioned motion forecasting models,
they directly extract motion information only from consecutive frames. Unfortunately, existing methods
focus exclusively on consecutive frames and neglect the important temporal cues provided by non-adjacent
frames, which are often crucial for accurate long-term predictions. Moreover, existing models treat all frames
as equally important, which limits prediction accuracy by ignoring the varying relevance of different frames
in the sequence. Embracing the above challenges, we propose a novel Temporal Cues Learning strategy
and design a Dynamic Temporal Encoding Module that first utilizes a temporal relation matrix to flexibly
establish diverse temporal dependencies from consecutive or non-consecutive frames, and then employs
a temporal compression matrix to condense the captured shallow temporal information to deep level for
improving information density and smoothness.

Moreover, early approaches only encode the motion information from the temporal dimension, which
ignores the complementary motion features from related joints at the spatial dimension. Specifically, in
the “Walking” and “Swimming” action, the arms and the legs usually show a mirror symmetry tendency
and a side synchronization tendency. Some existing human motion prediction models have demonstrated
that extracting the spatial coherence information from related joints and capturing the temporal dynamic
context from the whole sequence simultaneously are positive for improving prediction performance. Several
studies [15–18] have utilized a spatio-temporal graph to map known spatial dependencies among joints,
while others [1,19–21] have employed graph convolutional networks (GCN) to reveal and aggregate intrinsic
spatial relationships within a single frame. Nevertheless, these methods often struggle to accurately depict
the complex and variable nature of human motion by focusing solely on establishing singular spatial
dependencies across different joints. In contrast, transformer-based algorithms have gained prominence
due to their ability to encode both local and global features effectively in various computer vision tasks,
including human motion prediction [22,23]. Our study introduces a novel Cross Spatial Dependencies
Encoding Module leveraging the transformer architecture, which adeptly extracts both local and global
spatial dependency information across the entire human body, including joint level and joint pair level.

Inspired by the latest advancements in human motion prediction, we are dedicated to mastering the
intricate spatial relationships among individual joints or joint pairs within frames, as well as the complex
temporal connections spanning any distance within a pose sequence. The model handles the identification
and connection of non-consecutive frames in a learned manner. Specifically, the Dynamic Temporal
Encoding Module (DTM) employs a temporal relation matrix that is learned during training to capture
temporal dependencies not only from consecutive frames but also from non-consecutive frames that are
contextually relevant. This matrix enables the model to dynamically learn and establish connections between
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discontinuous frames based on their temporal relevance to the overall motion sequence. As illustrated
in Fig. 1, we have developed an advanced framework called the Multi-level Spatial and Temporal Learning
Model (STM). This framework is structured around two fundamental modules: the Cross Spatial Dependen-
cies Encoding Module (CSM) and the Dynamic Temporal Connection Encoding Module (DTM). (1) The
CSM dissects each human body frame into distinct joints and joint pairs, which are then simultaneously
processed through parallel self-attention layers designed to effectively integrate local and global associated
features. This process is further enhanced by employing a multi-head mechanism capable of deriving various
motion representations, thereby capturing a comprehensive range of spatial motion features at different
spatial levels. (2) In contrast, the DTM treats each joint in every frame as an individual time step. It constructs
an adjacency matrix that serves as a foundational tool for establishing temporal correlations between any
two frames in the pose sequence. To achieve this goal, a strategic employment of a temporal compression
matrix condenses and interprets temporal data efficiently, thus enhancing predictive capabilities.

Figure 1: The architecture of our proposed method. (a) the pipline of multi-level spatial and temporal learning model,
(b) the cross spatial dependencies encoding module, (c) the dynamic temporal connection encoding module

Overall, the key contributions of this paper are summarized as follows:

• We propose a novel cross spatial dependencies encoding module to simultaneously ensure the local and
global spatial coherence from joint level and joint pair level.
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• We introduce a dynamic temporal connection encoding module as the key realization of Temporal
Cues Learning, which captures diverse and informative temporal evolution patterns, including non-
consecutive dependencies, and compresses them to deeper levels to enhance motion smoothness.

• Our method achieves the state-of-the-art performance on both short- and long-term predictions. On
the Human 3.6M dataset, our model improves MPJPE by 17.8% over DeepSSM and 25.3% over STSGCN
for long-term predictions. On the CMU Mocap dataset, we achieve 3.9% improvement over STSGCN
and 17.9% over TIM for long-term predictions at 1000 ms.
The rest of the paper is organized as follows. We review the related works in the field of human

motion prediction in Section 2. We then introduce the details of the proposed method in Section 3.
Thereafter, Section 4 presents the experimental setup and performance evaluation on the Human 3.6M and
CMU Mocap datasets. Finally, Section 5 concludes the paper and outlines potential future work.

2 Related Work
In this section, we review the background of human motion prediction, reviewing key challenges in the

field and summarizing relevant prior works that have laid the foundation for our approach.

2.1 Human Motion Prediction
In the field of human motion prediction, initial methodologies were categorized under latent variable

models, including the Hidden Markov Model (HMM) [7], Gaussian Processes [8], and the Restricted
Boltzmann Machine (RBM) [9]. The efficacy of deep learning models across a broad spectrum of computer
vision tasks has been well-documented [24–26]. In recent years, researchers have developed a variety of deep
learning strategies to effectively capture the temporal dynamics present in historical motion sequences [27–
29], surpassing the performance of traditional methods in motion prediction. For instance, the ERD
framework [11] employs an Encode-Decode architecture with recurrent layers to model motion information
and generate future motion predictions. The Res-GRU [10] introduces a sequence-to-sequence model with a
residual module before the GRU layer, encoding first-order motion directions. Despite their advancements,
these models often fail to fully capture the structural intricacies of the human body, leading to inaccurate or
distorted future pose predictions.

Addressing this gap, the S-RNN model [30] creates a spatio-temporal map to represent human structure,
using LSTM to extract interactions among body parts. Similarly, the ConSeq2Seq model [13] employs a
hierarchical CNN structure to simultaneously construct spatial and temporal correlated features. However,
these methods tend to rely on manually predefined correlations, which can limit their robustness and
comprehensive characterization. The LTD approach [1] treats the human body as a generic graph via GCN,
automating the exploration of graph connections to learn long-range spatial relationships. The GAGCN
method [15] utilizes an adaptive adjacency matrix to capture complex dependencies across diverse action
types, while the DD-GCN [16] employs a dense graph with 4D adjacency modeling to illustrate temporal
dynamics between frames. Nonetheless, these GCN-based approaches primarily focus on individual spatial
relationships among joints and often struggle to encapsulate the full spectrum of complex and variable spatial
dependencies. To address this, we propose a cross spatial dependencies encoding module, designed to learn
both local and global spatial dependency information from a variety of motion representations at the joint
and joint-pair levels.

2.2 Spatio-Temporal Dependencies Learning
Human motion is a coordinated movement involving multiple joints, exhibiting pronounced temporal

evolution trends. A fundamental challenge in human motion prediction lies in effectively encoding the
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spatial and temporal contextual information. Previous studies [30,31] have relied on predefined spatial and
temporal relationships based on prior knowledge, such as kinematic chains. In contrast, S-RNN proposes a
generic and principled spatio-temporal graph combined with an RNN to explicitly capture the interrelation-
ships for accurate motion prediction [30]. This approach defines local spatial relationships among human
joints, leading to satisfactory long-term prediction performance. HMR utilize Li algebra based the human
global kinematic tree to represent the human spatial connection and utilizes a hierarchical recurrent network
for learning temporal evolution [31]. However, this predefined approach for spatio-temporal relations lacks
flexibility in modeling motion features effectively. Recently, researchers have proposed various data-driven
models to flexibly capture relevant motion features from pose sequences. The STGCN method utilizes
a signal adjacent matrix to effectively model the spatial relationships among joints in a pose and the
temporal correlations of the same joint across neighboring frames [19]. The MPT method proposes a semi-
constrained graph to comprehensively encode the relationships between joints, explicitly encoding prior
skeletal connections and adaptively learning implicit dependencies between joints for a more comprehensive
representation [32]. The STSGCN designs a signal-graph framework with a space-time separable module
to divided the spatio-temporal connectivity into space and time affinity matrices to avoid the space-time
cross-talk [5]. The MSR method combines and decodes motion features from fine to coarse scale, as well
as from coarse to fine scale, in order to capture the evolutionary characteristics between historical and
future pose sequences [33]. The SPGSN approach adopts an adaptive graph scattering between joints and
fuses decomposed motion information from both graph spectrum and spatial dimensions [34]. The STGA
employs a gating network to learn the cross dependencies of spatial and temporal information, effectively
aggregating decoupled features from various action types [15]. Additionally, it has been demonstrated in [1]
that compressing time information enhances the smoothness of temporal evolution, thereby assisting in
performance improvement. Consequently, we propose a dynamic temporal connection encoding module
designed to capture sufficient contextual dynamics from both continuous and discontinuous frames and
subsequently compress these features to obtain more concise evolutionary patterns at deep level.

Table 1 shows the comparison of the existing methods, although the existing methods achieving good
performance, but there still some problems, including 1) Limited spatial dependency modeling, where
many models fail to capture complex relationships between joint pairs; 2) Rigid predefined relationships,
restricting flexibility in modeling dynamic motion features; 3) Inadequate handling of non-consecutive
temporal dependencies, which impacts long-term prediction accuracy.

Table 1: Comparison of related works

Method Spatial modeling Temporal modeling Key limitation
ERD [11] Uses recurrent layers for encoding

motion
Encode-Decode architecture Struggles to capture body structure

intricacies
Res-GRU [10] Sequence-to-sequence model with

residual module
GRU-based encoding of motion

directions
Limited in capturing spatial

dependencies
S-RNN [30] Spatio-temporal map with LSTM

for part interactions
LSTM for temporal evolution Relies on manually predefined

correlations
ConSeq2Seq [13] Hierarchical CNN structure for

spatial and temporal features
CNN-based temporal feature

learning
Dependency on predefined

correlations
LTD [1] GCN-based graph for spatial

relationships
Graph-based learning of spatial

dependencies
Limited in capturing complex

spatial dependencies
GAGCN [15] Adaptive adjacency matrix for

capturing dependencies
Uses GCN for temporal dynamics Struggles with complex joint-pair

relationships
DD-GCN [16] Dense graph with 4D adjacency

modeling
4D graph for temporal dynamics Focuses more on spatial than

temporal dependencies
STGCN [19] Signal adjacency matrix for spatial

relationships
Temporal correlations between

neighboring frames
Not fully address complex

temporal dependencies

(Continued)
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Table 1 (continued)

Method Spatial modeling Temporal modeling Key limitation
STSGCN [5] Space-time separable module for

spatial and temporal matrices
Divides space-time into separate

matrices
Fail to encode complex spatial and

temporal dependencies
MSR [33] Fine-to-coarse motion feature

decoding
Evolutionary characteristics

between sequences
Overlook subtle temporal

dependencies
STGA [15] Gating network for cross-spatial

and temporal dependencies
Aggregates features across action

types
Struggle with long-term

dependencies

To address these challenges, we propose a novel approach that integrates both spatial and temporal
dependencies across multiple levels: The Cross Spatial Dependencies Encoding Module (CSM) captures both
local and global multi-level spatial dependencies, addressing the limitations of current GCN-based methods;
and the Dynamic Temporal Connection Encoding Module (DTM) is designed to learn consecutive and non-
consecutive temporal dependencies, enabling our model to perform better on long-term prediction tasks.

3 Our Approach
In this section, we initially provide a concise overview of our approach, followed by a detailed

description of the proposed cross-level spatial dependencies encoding module. Subsequently, we elaborate
on the designed dynamic temporal connection encoding module and discuss the employed loss function for
training our model.

3.1 Overview
Problem Formulation The human motion prediction model is to capture the spatial connected

information and temporal evolution context to extrapolate the future pose sequence based the historical
pose sequence. We denote the historical pose sequence of T frames as X1∶T = ⟨x1 , x2, x3, ..., xT⟩ ∈ RT×J×3,
the predicted pose sequence of future t frames represented as X̃1∶T = ⟨x̃T + 1, x̃T + 2, x̃T + 3, ..., x̃T + t⟩ ∈ Rt×J×3,
where xi ∈ RJ×3 is a human pose at frame i that total consist of J joint.

Method Overview The process of Spatial and Temporal Learning Model is shown in Algorithm 1. We
can see that the proposed method consists of two key components. (1) A module for encoding cross spatial
dependencies is employed to establish local and global spatial correlations from joint level and joint pair
level, thereby obtaining complementary and robust spatial related information. (2) These features are fed
into a dynamic temporal connection encoding module to adaptively capture the temporal evolution context
between any two frames in the entire sequence. Subsequently, the features are compressed to deep level for
enhancing compactness and smoothness.

Algorithm 1: Multi-level spatial-temporal learning pipeline
Input: Input motion sequence X (size T × J × 3)
Output: Predicted future motion sequence X̂
Step 1: Spatial Encoding (CSM)
for each frame t in X do

for each joint k in J do
Calculate local and global spatial dependencies.
Apply self-attention to capture spatial features
Update spatial features with attention weights.

(Continued)
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Algorithm 1 (continued)
end
Aggregate spatial features to form xr

k .
end
Spatially encoded features x̄s are obtained.
Step 2: Temporal Encoding (DTM)
for each pair of frames (i, j) do

Compute temporal dependencies.
Capture motion evolution patterns over time.

end
Apply temporal compression to condense temporal information. Temporal evolution features X′′1∶T
are obtained.
Step 3: Prediction
Using spatio-temporal features X′′1∶T to predict future poses.
return X̃1∶T as the predicted future motion sequence.

3.2 Cross Spatial Dependencies Encoding Module
For the task of human motion prediction, an efficient model for capturing spatial dependencies is

crucial in extracting complementary features that are spatially related, which enhance the performance of
prediction. Hence, a multi-level spatial dependencies encoding module are explored to promote the various
local-global spatial coherence form joint and joint pair level. The details of our module are presented as
follows. Firstly, we constructs an adjacency matrix based on the human body’s anatomical structure. This
matrix represents the initial spatial relationships between joint pairs. In particular, we set pk and xk to denote
the joint pairs and joints information of frame k and fed them to our module as two branches. Existing
GCN or Transformer-based methods directly extract information from the related joints at each iteration are
inappropriate. However, these methods ignore the fact that directly fusing information from spatial related
joints may introduce noise. For instance, joint d exhibits spatial correlation with joint c, and joint c in turn
demonstrates spatial correlation with joint e. Existing methodologies enable the transmission of information
from joint d to joint e through joint c. Therefore, we propose to investigate implicit spatial correlations using a
cross-spatial learning submodule (SLS) to capture complementary motion information. Taking the example
of the joint branch, this submodule utilizes the updated search features (xr

k) obtained after the r-th iteration
as well as the original auxiliary information (xk) derived from the joints to explore relevant motion cues.

[MSA (LN (xr
k)) ⊕ xr

k] ●Mr
q ⇒ Qr ,

[MSA (LN (xk)) ⊕ xk] ●Mk ⇒ K ,
[MSA (LN (xk)) ⊕ xk] ●Mv ⇒ V ,

(1)

where MSA (⋅) is several parallel self-attention layers. LN (⋅) is layer normalization. ⊕ denotes residual
connection. Mr

q , Mk , and Mv denote the linear mapping matrices. Q, K, and V represent the query matrix,
key matrix, and value matrix, receptively. In the first iteration operation x 1

k is the same as xk .
The formula for SLS is expressed as follows,

xr
k = softmax(Qr ● K/

√
d) ● V (2)

where softmax (⋅) denotes the softmax activation function, and d is the dimensions of matrices. xr
k is joint

feature of frame k after the r-th iteration.
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Finally, we aggregate xr
k and pr

k via an adaptive fusion module and then input them into MSA to perform
feature extraction. Formally,

x̄s =MSA (LN (AF (xr
k , pr

k))) (3)

where x̄s is a comprehensive matrix that aggregates information from spatial connected joints and joint pairs.
AF (⋅) denotes adaptive fusion module which selectively aggregates xr

k and pr
k according to their feature

contributions for prediction.

3.3 Dynamic Temporal Connection Encoding Module
The essence of human motion prediction lies in capturing the underlying temporal evolution rela-

tionships to extrapolate motion information. To address this task, it is crucial to consider the temporal
evolution by encoding interactions and interdependencies among poses (frames). Traditionally, researchers
have employed RNNs and TCNs to capture the temporal evolution from pose sequences. However, these
models, which utilize frame-by-frame and sequence-to-sequence methods, are limited in their ability to
extract continuous information from rigidly connected adjacent frames and capture implicit patterns of
temporal evaluation. Nevertheless, strong connections may also exist between temporally separated poses.
For example, in periodic movements such as walking and eating, the hand motion may exhibit high similarity
with historical movements. Disregarding these crucial non-consecutive temporal evolution features that are
concealed within the inconsecutive pose sequence results in a significant degradation of accuracy. Hence,
we propose a dynamic temporal connection encoding module comprising two key components. Firstly, we
consider each pose as a time node and disregard the temporal order between poses, which construct a graph
structure consisting of a series of time nodes. Consequently, we employ a temporal matrix to enable the
model to flexibly encode the temporal relationship between any two time nodes. Formally, given a historical
pose sequence which processed by our CSM generate X̄1∶T = ⟨x̄1 , x̄2, x̄3, ..., x̄T⟩, the operation of a temporal
adjacency matrix can be formulated as,

X′1∶T = σ(D(Γ(X̄1∶T)AT)) (4)

where Γ (⋅) denote reshape operation. AT ∈ RT×T is a temporal adjacency matrix. D (⋅) is reshape and
mapping operations. σ (⋅) is an activation function. X′1∶T ∈ RJ×3×T is a motion feature that aggregates the
complementary temporal evolution contexts from time continuous or discontinuous associated poses.

Further, we compresses motion features into a deeper latent representation for promoting the continu-
ation of the temporal information and assist the model in obtaining smoother temporal evolution features.
The formula is expressed as,

X′′1∶T=σ (D (′1∶T AC)) (5)

where AC ∈ RJ×N is a compresses matrix. X′′1∶T ∈ RN×J×3 is the compressed motion information.

3.4 Loss Functions
Following existing [32,35], we utilize the weighted position loss and bone length loss as our cost

functions. Training aims to minimize the L2 distance between the ground truth and the prediction position
for all joints in the future pose sequence.

(1) The weighted position loss ensures the consistency between the forecasted joint position and the
ground truth, enhancing the accuracy of our predictions. The formulation of this loss function is
as follows:
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ξp =
1

t × J

T+t
∑

k=T+1

J
∑
j=1
∥(x j

k − x̃ j
k) ○ α j

k∥2
(6)

where x j
k , x̃ j

k , and α j
k respectively denote the ground truth, prediction, and associated weight of the joint j in

frame k.

(2) The weighted loss for bone length is employed to supervise the model in generating consistent pre-
dicted bone lengths across different poses, thereby mitigating the occurrence of unnatural movements
and inter-frame discontinuities. Formally,

ξb =
1

t × L

T+t
∑

k=T+1

L
∑
l=1
∥(Bb

k − B̃b
k) ○ βb

k∥2 (7)

where Bb
k and B̃b

k respectively represent the ground truth and prediction bone length of bone b in frame k.
βb

k denotes the corresponding weight. L is the total number of bones in a pose.

4 Experiments
In this section, we present the results of our experiments, comparing the performance of our model

with existing methods. We analyze the key findings, highlighting the advantages of our approach.

4.1 Experimental Settings
4.1.1 Datasets

Human 3.6M is the largest available human motion dataset, includes 3.6 million 3D skeleton poses with
15 actions performed by 7 subjects (e.g., “Directions”, “Eating”, “Purchases”, and “Walking”). Each skeleton
pose is represented by the 3D coordinates of 32 joints. This dataset was recorded using a Vicon motion capture
system. Following the preprocessing protocol employed in previous studies [32,34,36], we downsampled the
frame rate from 50 to 25 frames per second (FPS) and eliminated duplicate and constant joints. We employ
5 subjects (S1, S5, S6, S7, S8) for training, S5 and S11 utilized for testing and validation.

CMU Mocap is a challenging and publicly available collection of human motion data, consisting of 6
categories and 23 subcategories (e.g., “Human Interaction”, “Locomotion”). Each human subject is repre-
sented by a skeleton comprising 31 joints. Following the methodology employed in previous works [1,12],
we select 25 representative joints for each pose and adopt the same training/test split approach. To evaluate
our proposed model, we employ a set of 8 actions including “Basketball”, “Directing Traffic”, “Jumping”, and
“Washing Window”.

4.1.2 Parameter Settings
We implemented our model using PyTorch on an Nvidia Tesla A40 GPU. The Adam optimizer was

employed for training the model. The learning rate was initialized as 0.001 with a decay of 0.95 every 2 epochs.
The batch size was set to 16, and the gradient clipping threshold was set to 5. The model was trained for 50
epochs. During the training stage, we utilized a sequence of historical poses consisting of 10 frames (400 ms)
as input to predict future poses comprising of 25 frames (1000 ms). In the MSM module, there were four
spatial encode heads incorporated. The adjacent matrix size for the MSM module was 10 × 10.
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4.1.3 Performance Metric
We adopt the Mean Per Joint Position Error (MPJPE) in millimeter to evaluate the performance of all

approaches. MPJPE calculates the spatial distance between the ground truth and predicted joint locations.
The formula for MPJPE is given by:

MPJPE = 1
J

J
∑
i=1
∥x̃i − xi∥2 (8)

where x̃i is the predicted position of the i-th joint, xi is the ground truth position, and J is the total number
of joints in the dataset. As suggested by [1,35,37], we divide the forecast results into short-term (0–400 ms)
and long-term predictions (400–1000 ms).

4.2 Comparison with Existing Methods
4.2.1 Human 3.6M

We present a comprehensive summary of the Mean Percentage of Joint Position Error (MPJPR) achieved
by various methods on 15 human actions using the Human 3.6M dataset, as shown in Table 2. In total, we
compare our method with 11 state-of-the-art models, namely LSTM3LR [11], Res-GRU [10], HP-GAN [38],
Bi-GAN [39], ConSeq2Seq [13], HMR [31], LTD [1], DM-GNN [12], DeepSSM [40], Traj-Net [41], and
STSGCN [5]. Based on empirical evidence, STM outperforms the alternatives, particularly DeepSSM and
STSGCN, in terms of performance. Notably, STM demonstrates a significant average accuracy improvement
of 19.7% and 21.3% compared to DeepSSM and STSGCN, respectively. For periodic actions such as “Eating”
and “Walking”, all algorithms deliver satisfactory prediction results. However, for non-periodic actions like
“Photo” and “Purchases”, models that encode spatial relationships (e.g., GCN-based models [1,5]) show
significant improvements compared to those that solely rely on temporal context (e.g., [10,11]). Unfortunately,
even these GCN-based models [1,5,12] fail to capture sufficient spatial information effectively. In contrast,
our proposed CSM focuses on exploring multi-level local and global spatial dependencies which consistently
enhance performance in complex and challenging motions. So, the main reasons STM outperforms existing
models is its multi-level spatial-temporal learning framework. While many traditional models focus on either
spatial dependencies or temporal dependencies, STM integrates both at multiple levels, capturing complex
relationships that others miss. The Cross Spatial Dependencies Encoding Module (CSM) enables STM
to capture fine-grained spatial dependencies between joint pairs, allowing it to better understand human
motion, especially in challenging scenarios like non-periodic actions (e.g., “Photo” and “Purchases”). Addi-
tionally, STM’s ability to learn non-consecutive temporal dependencies through the Temporal Cues Learning
strategy improves its long-term prediction accuracy. This is particularly useful for motion sequences where
dependencies between frames are not strictly sequential.
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We also present visualizations of the prediction results obtained from HMR [31], LTD [1], DM-
GNN [12], STSGCN [5], and our proposed method. Fig. 2 illustrates the forecasted outcomes for the
actions “Smoking” and “Walking”. Our model exhibits superior performance compared to existing methods,
generating future pose sequences that closely align with ground truth data. Notably, in the case of the
“Smoking” action, our model successfully captures both hand movements and stationary leg states, which are
not effectively captured by other models. Consequently, these models exhibit significant errors in forecasting
leg positions.

Figure 2: The visual results on Human 3.6M dataset

4.2.2 CMU Mocap
To further evaluate our model, we conducted extensive experiments on the CMU Mocap dataset. Our

Spatial and Temporal Learning Model (STM) is compared with six previous methods, namely Res-GRU [10],
LTD [1], DM-GNN [12], STSGCN [5], LPJP [42], and TIM [4]. The short-term and long-term prediction
performance under the MPJPE metric is presented in Table 3. The proposed STM consistently outperforms
the alternatives for both periodic and non-periodic actions. Additionally, our model demonstrates competi-
tive long-term prediction performance with an average improvement of 4.0% over STSGCN and 17.9% over
TIM at 1000 ms. These results highlight the benefits of extracting diverse temporal evolution contexts from
motion sequences to generate accurate long-term predictions.
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The advantage of STM lies in its ability to model both spatial and temporal dependencies across multiple
levels. The CSM captures fine-grained spatial dependencies between joint pairs, allowing the model to
better handle complex human motion patterns. Unlike models like LTD and DM-GNN, which focus on
spatial dependencies but struggle with non-periodic actions, STM excels in these cases due to its integrated
temporal learning capabilities. The DTM, through Temporal Cues Learning, captures both consecutive and
non-consecutive temporal dependencies, enabling STM to make accurate long-term predictions, especially
for non-periodic actions such as “Jumping” and “Direction Traffic.” This ability to capture both short- and
long-term dependencies contributes to STM’s superior performance.

As shown in Fig. 3, we qualitatively compare our STM with HMR [31], LTD [1], DM-GNN [12], and
STSGCN [5] on the CMU Mocap dataset. These results demonstrate that our STM produces more authentic
future motions for the “Jumping” and “Direction Traffic” actions, exhibiting a higher similarity to the ground
truth. In comparison, LTD, DM-GNN, and STSGCN exhibit inaccuracies in certain joints such as the left
ankle and right hand during long-term predictions.

Figure 3: The visual results on CMU Mocap dataset

4.3 Ablation Study
We further investigate the efficacy of individual components comprising the proposed Multi-level

Spatial-Temporal Memory (STM) through a series of ablation studies. In this section, we initially analyze the
impact of the cross-spatial dependency encoding module and subsequently evaluate the dynamic temporal
connection encoding module using Human 3.6M dataset.
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4.3.1 Cross Spatial Dependencies Encoding Module
The cross-spatial dependencies encoding block in our model is designed to capture both local and

global spatial coherence at joint level and joint pair level. As shown in Table 4, removing this block
leads to a significant decrease in short-term prediction accuracy, while only slightly affecting long-term
prediction performance. Our focus on capturing spatially correlated features solely from joints or joint
pairs results in reduced accuracy, indicating a failure to leverage sufficient and complementary multilevel
spatial information.

Table 4: Performance comparision of encoding diverse spatial dependencies

Joint Joint pair 80 160 320 400 1000
13.4 27.5 46.2 59.4 98.7

✓ 10.5 23.7 44.2 57.4 95.1
✓ 10.1 22.8 45.6 55.7 96.4

✓ ✓ 8.7 18.9 39.3 47.8 87.6

4.3.2 Dynamic Temporal Connection Encoding Module
The module is specifically designed to capture temporal connections from consecutive or inconsecutive

frames and condense the motion sequence to deep level, thereby intensifying the temporal context. As
demonstrated in Table 5, removing this module leads to a significant degradation in performance. This
confirms that solely exploring temporal evolution from connected frames fails to provide sufficient motion
contexts. Additionally, as shown in Table 6, we further investigate the effects of capturing diverse temporal
correlations and compressing motion sequences separately. It is observed that both approaches result in an
improvement in prediction accuracy.

Table 5: Performance comparision of using DTM

DTM 80 160 320 400 1000
12.3 25.4 51.1 60.4 97.8

✓ 8.7 18.9 39.3 47.8 87.6

Table 6: Comparison of the number of different compress frame

Compress frame 80 160 320 400 1000
10 11.2 23.7 51.2 60.8 99.4
8 10.7 23.8 49.5 58.3 98.5
6 10.3 22.4 46.7 58.4 96.8
5 8.7 18.9 39.3 47.8 87.6
4 9.8 21.8 45.8 55.9 94.6

5 Conclusion
In this paper, we propose a novel algorithm termed Multi-level Spatial and Temporal Learning Model for

motion prediction, which consists of a Cross Spatial Dependencies Encoding Module (CSM) and a Dynamic
Temporal Connection Encoding Module (DTM). The CSM captures spatial correlation information at the
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joint level and joint-pair level, respectively, and then adaptively fuses them, especially when extracting
correlation information from the original motion features to avoid noise introduced. The DTM encodes
temporal context from temporal continuous or discontinuous frames and compresses motion sequences
to a deep level that allows the model to acquire supplementary and smooth temporal evolution patterns.
Overall, our approach addresses key limitations of existing methods by effectively capturing both spatial
and temporal dependencies across diverse frame sequences. The extensive experiments conducted on the
Human 3.6M and CMU Mocap datasets demonstrate that our model achieves state-of-the-art performance,
outperforming existing methods by up to 20.3% in accuracy. Furthermore, ablation studies confirm the
significant contributions of the CSM and DTM in enhancing prediction accuracy. Our approach not only
improves motion prediction accuracy but also provides a robust framework for modeling diverse human
actions in dynamic environments.
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