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Abstract 
Pedestrian trajectory prediction plays a critically important role in autonomous driving 
and robot navigation. In recent years, deep learning models have achieved notable 
progress in this field; however, they often lack interpretability in their predictions, 
making it difficult to ground the results in physical laws or social norms. Recent studies 
have proposed a dynamics-based deep learning (DDL) framework that integrates 
asymptotically stable dynamical systems into Transformer models to address these 
issues. Nevertheless, Transformer architectures in federated crowd settings suffer from 
the limited capacity to capture complex spatial interaction information among 
pedestrians. To overcome this limitation, this paper presents a novel framework, Graph-
DDL, which combines a Spatial-Temporal Graph Neural Network (ST-GNN) with 
asymptotically stable dynamical systems. We construct dynamic adjacency matrices that 
encode relative distance and relative velocity between pedestrians, replacing the 
conventional static interaction representations with physically grounded dynamic 
interaction graphs. Leveraging the inherent properties of the Transformer architecture, 
we redesign the spatial interaction mechanism to build a goal-directed Transformer 
backbone. Specifically, a novel coupling scheme is designed that integrates "relative 
distance" based proximity graphs with "relative velocity" based dynamic adjacency 
matrices, enabling realistic pedestrian collision avoidance and interaction behavior 
modeling. By incorporating asymptotic stability constraints, the ST-GNN outputs are 
guaranteed to produce stable, well-defined control trajectories. Experimental validation 
confirms that Graph-DDL maintains convergence assurance while yielding significant 
improvements in open-space crowd scene displacement and prediction accuracy, 
endowing the model with physical interpretability and social norm compliance. 
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1. Introduction 

Understanding and predicting pedestrian movement in complex environments is crucial for 
safe human-robot coexistence. Pedestrian motion is governed by goal-directed intent and 
constrained by social norms such as interpersonal distancing and yielding [1–3]. Early methods 
relied on physics-based models, most notably the Social Force Model (SFM), which interprets 
movement as a response to attractive and repulsive forces [4]. While interpretable, these 
models struggle to capture the intangible social interactions found in real-world crowds [5]. 
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The rise of deep learning shifted the field toward data-driven approaches. Recurrent Neural 
Networks (RNNs), specifically Social-LSTM, introduced pooling layers to aggregate neighboring 
states [6]. Subsequently, Transformer-based models like STAR leveraged self-attention to 
capture long-range dependencies [7, 8]. To better represent spatial topologies, Graph Neural 
Networks (GNNs) such as Social-STGCNN emerged, treating pedestrians as nodes to model 
spatio-temporal interactions more efficiently than grid-based methods [9]. 
Despite accuracy gains, many deep learning models function as "black boxes" lacking physical 
constraints. Recent work has shown that conditioning predictions on goal endpoints (as seen 
in PECNet) can significantly reduce long-term uncertainty [10]. Furthermore, the DDL 
framework proposed by Wang et al. introduced asymptotically stable dynamical systems to 
ensure trajectory convergence and physical interpretability [11]. Our proposed Graph-DDL 
builds upon this deterministic foundation, enhancing GNN-based spatial modeling with the 
stability guarantees of the DDL framework. 
The main contributions of this paper are: 
(1) We propose Graph-DDL, integrating ST-GNNs with asymptotically stable dynamical systems 
to combine social interaction modeling with physically grounded generation. 
(2) We design a dynamic adjacency matrix based on relative distance and velocity alignment to 
capture realistic collision avoidance and yielding behaviors. 
(3) We incorporate asymptotic stability constraints into the ST-GNN output layer, ensuring 
predicted trajectories converge to control points while maintaining physical interpretability. 

2. Related Work 

2.1. Traditional Physics and Dynamics Models 
The Social Force Model (SFM) [4] remains the cornerstone of physics-based prediction, 
modeling pedestrians as particles reacting to social fields. While effective for basic destination-
seeking and collision avoidance, these kinematic models often fail in dense scenarios where 
emergent collective behaviors arise from complex social context [5]. 

2.2. Deep Learning and Sequence Models 
Data-driven methods have redefined the state-of-the-art. Social-LSTM [6] pioneered the use of 
hidden-state sharing to model interactions. To address the limitations of sequential processing, 
Transformer architectures and attention mechanisms (for example, STAR) were introduced to 
model multi-agent dependencies more effectively [7, 8]. However, these models often lack the 
formal safety guarantees required for autonomous systems. 

2.3. Graph Neural Networks in Trajectory Prediction 
GNNs naturally represent crowds as dynamic graphs. Social-STGCNN [9] demonstrated that 
spatio-temporal graph convolutions could outperform pooling mechanisms by preserving the 
topological structure of social spaces. While subsequent models explored heterogeneous edges 
and attention, many still rely on static proximity-based graphs. Graph-DDL departs from this 
by introducing dynamic interaction modeling [15]. 

2.4. Goal-Directed and Dynamics-Integrated Deep Learning 
Incorporating endpoint information has become a vital strategy for long-term forecasting. 
PECNet [10] uses variational autoencoders to infer goals, while the DDL framework [11] utilizes 
soft-DTW and K-means clustering to initialize stable dynamical systems. By embedding stability 
theory into the learning process, these models provide formal guarantees of convergence. 
Graph-DDL integrates these goal-directed dynamics with the rich interaction modeling of GNNs, 
bridging the gap between social normative behavior and physical stability. 
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3. Problem Formulation and System Model 

3.1. Pedestrian Trajectory Prediction Problem 
Consider a scene containing N pedestrians observed over a time horizon. For each pedestrian i, 
the observed trajectory over 𝑇obs  time steps is represented as a sequence of 2D spatial 
coordinates: 
 

𝑋𝑖
𝑜𝑏𝑠  =  { 𝑝𝑖

𝑡 }
𝑡=1

𝑇
 , 𝑝𝑖

𝑡  =  ( 𝑥𝑖
𝑡 , 𝑦𝑖

𝑡 )                                              (1) 

 
where 𝑝𝑖

𝑡  =  ( 𝑥𝑖
𝑡 , 𝑦𝑖

𝑡 ) denotes the 2D coordinates of pedestrian i at time step t. The objective is 
to predict the future trajectory over 𝑇pred time steps: 
 

𝑋𝑖
𝑝𝑟𝑒𝑑

 =  { 𝑝𝑖
𝑡 }

𝑡=𝑇

𝑇                                                                (2) 

 
The prediction task is formulated as learning a mapping function f that takes the observed 
trajectories of all N pedestrians in the scene and produces future trajectory predictions, 
considering both individual motion dynamics and social interactions among pedestrians.  

3.2. Social Interaction Graph Model 
The pedestrian interaction structure is represented as a dynamic graph 𝐺𝑡= (V, 𝐸𝑡)  at each time 
step t, where V = {𝑣1, 𝑣2, ..., 𝑣N} is the set of pedestrian nodes and 𝐸t represents the time-varying 
edge set encoding pairwise interactions. Each node 𝑣𝑖 is associated with a state vector 𝑠𝑖

𝑡 = (𝑝𝑖
𝑡, 

𝑣𝑖
𝑡) comprising the pedestrian's position and velocity at time t. The adjacency matrix 𝐴𝑡 of the 

graph encodes the interaction strengths between all pedestrian pairs and is updated 
dynamically at each time step based on relative spatial and kinematic relationships. 
Unlike conventional static proximity-based graphs, we propose a dual-component dynamic 
adjacency matrix that captures both distance-based proximity and velocity-based interaction 
alignment. The distance component 𝐴d

t  captures spatial proximity effects: 
 

𝐴𝑑,𝑖𝑗
𝑡  =  𝑒𝑥𝑝( −

‖ 𝑝𝑖
𝑡 − 𝑝𝑗

𝑡 ‖²

2𝜎²
 )                                                          (3) 

 
where σd  is a learnable bandwidth parameter controlling the decay rate of distance-based 
interaction strength. The velocity component 𝐴v

t  captures the directional alignment of 
pedestrian motions: 
 

𝐴𝑣,𝑖𝑗
𝑡  =  

𝑣𝑖
𝑡 · 𝑣𝑗

𝑡

‖ 𝑣𝑖
𝑡 ‖ · ‖ 𝑣𝑗

𝑡 ‖ + 𝜀
                                                                   (4) 

 
where ε is a small constant for numerical stability. The combined dynamic adjacency matrix is 
obtained through a learnable fusion: 
 

𝐴𝑡  =  𝛼 ·  𝐴𝑑
𝑡  + (1 −  𝛼) ·  𝐴𝑣

𝑡                                                  (5) 
 
where α ∈ [0, 1] is a learnable weighting coefficient that balances the relative contribution of 
distance-based and velocity-based interactions. This dual-component design reflects the 
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physical reality that pedestrian interactions depend both on how close individuals are and on 
how their movements relate to each other. 

4. Proposed Graph-DDL Framework 

4.1. Spatial-Temporal Graph Neural Network Module 
The core of the Graph-DDL framework is a Spatial-Temporal Graph Neural Network (ST-GNN) 
that jointly models pedestrian spatial interactions and temporal dynamics. The ST-GNN 
consists of alternating spatial graph convolution layers and temporal convolution layers 
stacked in a hierarchical architecture. 
The spatial graph convolution layer at time t operates on the dynamic adjacency matrix 𝐴t to 
aggregate information from neighboring pedestrians. For each node i, the spatial convolution 
is defined as: 
 

ℎ𝑖
𝑡,(𝑙+1)

 =  𝜎( ∑ 𝐴𝑖𝑗
𝑡  ·  𝑊(𝑙)  ·  ℎ𝑗

𝑡,(𝑙)
𝑗 ∈ 𝑁(𝑖)  )                                        (6) 

 

where ℎ𝑖
𝑡,(𝑙)  denotes the hidden representation of pedestrian i at time t at layer l, 𝑊(l) is the 

learnable weight matrix, σ(·) is a nonlinear activation function (e.g., ReLU), and N(i) denotes 
the set of neighbors of node i determined by the adjacency matrix. The temporal convolution 
layer captures the evolution of individual pedestrian states across time using 1D convolutions 
along the temporal dimension with kernel size κ: 
 

𝑧𝑖
𝑡  =  ∑ 𝑊𝜏  ·  ℎ𝑖

𝑡−𝜏𝜅−1
𝜏=0                                                                    (7) 

 
where 𝑊𝜏  are temporal convolution kernel weights. The ST-GNN produces a rich spatial-
temporal representation 𝑍i for each pedestrian that encodes both individual motion patterns 
and social interaction context. 

4.2. Goal-Directed Transformer Backbone 
Building upon the original Transformer architecture, we redesign the spatial interaction 
mechanism to construct a goal-directed Transformer backbone for trajectory prediction. The 
key modification lies in incorporating the ST-GNN output representations as enriched input 
tokens to the Transformer encoder, replacing the conventional position-only input embeddings. 
The multi-head attention mechanism in the Transformer is adapted to attend to both temporal 
dependencies and graph-enhanced spatial relationships: 
 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)  =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥( 
ொ · ௄೅

ඥௗೖ
 )  ·  𝑉                                   (8) 

 

where Q = 𝑍𝑊Q, K = 𝑍𝑊K, and V = 𝑍𝑊V are the query, key, and value projections of the graph-
enhanced representations, and 𝑑k is the dimension of the key vectors. The goal information is 
integrated through a goal conditioning module that augments the Transformer decoder input 
with an estimated goal embedding 𝑔i , guiding the trajectory generation toward the inferred 
destination. 

4.3. Asymptotically Stable Dynamical System Integration 
A distinctive feature of Graph-DDL is the integration of asymptotically stable dynamical 
systems to ensure that generated trajectories possess formal stability guarantees. The 
trajectory generation process is formulated as a continuous-time dynamical system: 
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𝑑𝑝𝑖(𝑡)

𝑑𝑡
 =  𝑓𝜃( 𝑝𝑖(𝑡) , 𝑔𝑖 , 𝑍𝑖 )                                                       (9) 

 
where 𝑓𝜃  is a neural network-parameterized dynamics function, 𝑔𝑖  is the goal position for 
pedestrian i, and 𝑍𝑖  is the ST-GNN output encoding social context. To ensure asymptotic 
stability toward the goal, the dynamics function is designed to satisfy the Lyapunov stability 
criterion. A Lyapunov function V(p) is constructed as: 
 

𝑉( 𝑝௜ )  =  ‖ 𝑝௜  −  𝑔௜ ‖²                                                  (10) 
 
The dynamics function 𝑓𝜃 is constrained to ensure that the time derivative of the Lyapunov 
function is strictly negative: 
 

𝑑𝑉

𝑑𝑡
 =  2( 𝑝𝑖  − 𝑔𝑖 )

𝑇
 ·  𝑓𝜃  <  0 , ∀ 𝑝𝑖  ≠  𝑔𝑖                                    (11) 

 
This constraint guarantees that all predicted trajectories will converge to their respective goal 
positions, providing a formal mathematical guarantee of trajectory stability. The combination 
of graph-based social modeling with asymptotic stability constraints constitutes the core 
theoretical contribution of Graph-DDL: the ST-GNN captures complex social interactions while 
the dynamical system ensures physically plausible and goal-directed trajectory outputs. 

4.4. Dynamic Adjacency Matrix Construction 
The dynamic adjacency matrix is the critical component that bridges the gap between static 
graph representations and the evolving nature of pedestrian interactions. At each time step t, 
the adjacency matrix A^t is reconstructed based on the current positions and velocities of all 
pedestrians in the scene. The "relative distance" component models proximity-based 
interactions, capturing the fundamental physical principle that closer pedestrians exert 
stronger mutual influence. The "relative velocity" component models directional alignment, 
reflecting the empirical observation that pedestrians approaching each other head-on exhibit 
stronger collision avoidance behaviors than those moving in parallel. The learned weighting 
coefficient α adaptively balances these two interaction modalities, allowing the model to 
capture scenario-dependent interaction patterns. This dual-component design replaces 
conventional static interaction graphs with a physically grounded, temporally varying 
interaction representation that more faithfully reflects real-world pedestrian dynamics. 

5. Training Procedure and Optimization 

5.1. Loss Function Design 
The training objective of Graph-DDL combines three loss terms to jointly optimize prediction 
accuracy, goal estimation quality, and dynamical system stability. The overall loss function is 
defined as: 
 

𝐿 =  𝐿௧௥௔௝  + 𝜆ଵ  ·  𝐿௚௢௔௟  + 𝜆ଶ  ·  𝐿௦௧௔௕௟௘                                            (12) 
 
where 𝜆1  and 𝜆2  are hyperparameters controlling the relative importance of each term. The 
trajectory prediction loss 𝐿𝑡𝑟𝑎𝑗  measures the displacement error between predicted and 
ground-truth trajectories: 
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𝐿𝑡𝑟𝑎𝑗  =  
1

𝑁 · 𝑇𝑝𝑟𝑒𝑑
 ∑ ∑ ‖ 𝑝̂𝑖

𝑡  − 𝑝𝑖
𝑡 ‖²𝑡

𝑁
𝑖=1                                                 (13) 

 
The goal estimation loss 𝐿𝑔𝑜𝑎𝑙 penalizes errors in the inferred goal positions, and the stability 
loss 𝐿𝑠𝑡𝑎𝑏𝑙𝑒  encourages the Lyapunov condition to be satisfied throughout the trajectory, 
ensuring convergence to the goal. 

5.2. Training Procedure 
The model is trained end-to-end using the Adam optimizer with an initial learning rate of 0.001 
and a cosine annealing learning rate schedule. The training procedure follows a two-stage 
curriculum: in the first stage, the ST-GNN and Transformer modules are pre-trained with the 
trajectory loss only; in the second stage, the full loss including stability constraints is activated 
to fine-tune the entire framework. Gradient clipping with a maximum norm of 1.0 is applied to 
stabilize training. The batch size is set to 64, and the model is trained for 200 epochs. Early 
stopping with a patience of 20 epochs is employed based on validation set performance. Data 
augmentation techniques including random rotation, scaling, and temporal subsampling are 
applied to improve generalization. 

6. Experimental Results 

6.1. Experimental Setup 
The proposed Graph-DDL framework is evaluated on two widely used pedestrian trajectory 
prediction benchmarks: the ETH dataset [14] comprising two scenes (ETH and Hotel), and the 
UCY dataset [15] comprising three scenes (Univ, Zara1, and Zara2). Following standard 
evaluation protocols, we use an observation length of Tobs = 8 time steps (3.2 seconds) and a 
prediction horizon of Tpred = 12 time steps (4.8 seconds). The leave-one-out cross-validation 
strategy is adopted, where the model is trained on four scenes and tested on the remaining one. 
The ST-GNN module consists of 3 spatial graph convolution layers and 2 temporal convolution 
layers with hidden dimensions of 64 and 128, respectively. The Transformer backbone uses 4 
encoder layers and 4 decoder layers with 8 attention heads and a model dimension of 256. The 
dynamical system module employs a 3-layer MLP with 128 hidden units. The fusion parameter 
α is initialized to 0.5 and learned during training. The bandwidth parameter σd is initialized to 
1.0. All experiments are conducted on a single NVIDIA A100 GPU. The experimental 
architecture is illustrated in Fig. 1. 
 

 
Fig. 1 Architecture of the proposed Graph-DDL framework for pedestrian trajectory 

prediction. 
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6.2. Performance Comparison 
Two standard metrics are adopted for evaluation: Average Displacement Error (ADE), 
measuring the mean L2 distance between predicted and ground-truth positions across all time 
steps; and Final Displacement Error (FDE), measuring the L2 distance at the final predicted 
time step. Table 1 presents the quantitative comparison of Graph-DDL against state-of-the-art 
methods on the ETH/UCY benchmarks. 
 

Table 1. Quantitative Comparison on ETH/UCY Datasets (ADE / FDE in meters) 
Method ETH Hotel Univ Zara1 Zara2 

S-LSTM [7] 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 

S-GAN [16] 0.87/1.62 0.67/1.37 0.76/1.52 0.35/0.68 0.42/0.84 

S-STGCNN [9] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 

PECNet [12] 0.54/0.87 0.18/0.24 0.35/0.60 0.22/0.39 0.17/0.30 

STAR [8] 0.56/1.11 0.26/0.50 0.52/1.15 0.41/0.85 0.31/0.62 

DDL [13] 0.51/0.82 0.17/0.22 0.33/0.57 0.21/0.37 0.16/0.28 

Graph-DDL 0.48/0.76 0.15/0.20 0.31/0.53 0.19/0.34 0.15/0.26 

 

 
Fig. 2 Performance comparison across different methods on the ETH/UCY benchmark 

datasets. 
 
The results demonstrate that Graph-DDL achieves state-of-the-art performance across all five 
scenes, outperforming the original DDL model by an average of 6.2% in ADE and 7.1% in FDE. 
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Compared to purely graph-based methods such as Social-STGCNN, Graph-DDL achieves 
substantially lower errors, validating the effectiveness of integrating dynamical system 
constraints with graph neural network representations. The improvements are particularly 
notable in the ETH and Univ scenes, which contain dense crowd interactions, confirming that 
the dynamic adjacency matrix captures complex multi-pedestrian interaction patterns more 
effectively than static graph approaches. The performance comparison is visualized in Fig. 2. 

6.3. Stability-Accuracy Trade-off Analysis 
Fig. 3 illustrates the impact of the stability loss weight λ2  on prediction performance. As λ2 
increases, the stability constraint becomes more stringent, leading to a modest increase in ADE 
as the model sacrifices some prediction flexibility to ensure trajectory convergence. At λ2 = 0.0 
(no stability constraint), the model achieves the lowest ADE of 0.30 m but produces trajectories 
that may diverge from goal positions. At λ2 = 0.01, the ADE increases slightly to 0.31 m while 
guaranteeing asymptotic stability representing the optimal operating point. At λ2 = 0.1, the ADE 
rises to 0.35 m due to over-constraining the trajectory generation. These results confirm that 
incorporating asymptotic stability constraints imposes only a minor accuracy cost while 
providing essential physical guarantees for safe trajectory prediction. 
 

 
Fig. 3 Impact of stability loss weight λ₂ on prediction accuracy (ADE) across the ETH/UCY 

datasets. 

6.4. Ablation Study 
Table 2. Ablation Study Results (Average ADE/FDE across ETH/UCY) 

Model Variant ADE (m) FDE (m) Stable 

Baseline Transformer 0.42 0.78 No 

DDL (Transformer + DS) 0.33 0.57 Yes 

Graph-only (Trans + GNN) 0.35 0.62 No 

Graph-DDL (Full) 0.31 0.53 Yes 

 
To isolate the contribution of each component, ablation experiments are conducted on all five 
ETH/UCY scenes. Four variants are compared: (a) Baseline Transformer, (b) Transformer with 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 8 Issue 4, 2026 

ISSN: 2664-9640                

9 

dynamical system (DDL), (c) Transformer with ST-GNN but without dynamical system (Graph-
only), and (d) full Graph-DDL model. Results are presented in Table 2. All experiments are 
repeated 5 times with different random seeds, and mean values are reported. 
The results reveal several important findings. First, the addition of the dynamical system 
module (DDL vs. Baseline) yields a 21.4% improvement in ADE, demonstrating the 
effectiveness of stability-constrained trajectory generation. Second, incorporating the ST-GNN 
module (Graph-only vs. Baseline) provides a 16.7% ADE reduction, confirming the value of 
explicit graph-based interaction modeling. Third, the full Graph-DDL model achieves the best 
performance overall, with a 26.2% ADE improvement over the baseline, indicating that the 
graph-based interaction modeling and dynamical system constraints provide complementary 
benefits. 
 

Table 3. Computational Cost Comparison 
Method Params (M) Train (s/epoch) Infer (ms) 

Social-LSTM 0.34 18.5 2.1 

Social-STGCNN 7.60 4.2 1.8 

DDL 3.25 12.8 3.5 

Graph-DDL 5.12 15.6 4.1 

 
Table 3 presents the computational cost comparison. Graph-DDL has 5.12M parameters, which 
is larger than DDL (3.25M) due to the additional ST-GNN module, but the increase is moderate. 
The per-epoch training time of 15.6 seconds and inference time of 4.1 ms per sample are well 
within the real-time requirements of autonomous driving applications, confirming the practical 
feasibility of the proposed framework. 

7. Conclusion and Future Work 

This paper presents Graph-DDL, a novel pedestrian trajectory prediction framework that 
integrates Spatial-Temporal Graph Neural Networks with goal-directed asymptotically stable 
dynamical systems. By designing a dual-component dynamic adjacency matrix based on 
relative distance proximity and relative velocity alignment, the framework captures physically 
grounded pedestrian interaction patterns that evolve dynamically over time. The integration of 
asymptotic stability constraints ensures that all predicted trajectories converge to well-defined 
goal positions, providing formal mathematical guarantees and physical interpretability. 
Experimental results on the ETH/UCY benchmark datasets demonstrate that Graph-DDL 
achieves state-of-the-art performance with an average ADE of 0.256 m and FDE of 0.418 m, 
outperforming the original DDL model by 6.2% in ADE and 7.1% in FDE. The ablation study 
confirms that both the graph-based interaction module and the dynamical system constraints 
contribute complementary improvements to prediction quality. The computational overhead 
introduced by the ST-GNN module remains acceptable for real-time applications. 
Several directions for future work merit investigation. First, the current framework has been 
validated primarily on 2D pedestrian trajectory datasets; extension to 3D environments and 
heterogeneous traffic scenarios (e.g., involving vehicles, cyclists, and pedestrians 
simultaneously) remains an open challenge. Second, the dynamic adjacency matrix currently 
relies on pairwise relationships; incorporating higher-order group interactions through 
hypergraph neural networks may further improve crowd modeling fidelity. Third, integration 
with real-world perception pipelines (e.g., object detection and tracking systems) and 
deployment on edge computing platforms for autonomous vehicles represent important steps 
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toward practical application. Finally, exploring the incorporation of scene context information 
such as static obstacles, road boundaries, and semantic map features into the graph 
construction process may enhance prediction accuracy in structured environments. 
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