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Abstract. In complex multi-agent traffic environments, the accuracy and safety 

awareness of trajectory prediction directly affect the reliability of decision-mak-

ing in autonomous driving systems. Existing approaches primarily focus on fit-

ting historical motion patterns, while lacking effective mechanisms for modeling 

interactive conflicts and risk-inducing behaviors, making it difficult to achieve 

stable prediction in high-density scenarios. To address these limitations, this pa-

per proposes a conflict-aware and dynamically adaptable trajectory prediction 

framework for multi-agent traffic scenes. First, a two-dimensional time-to-colli-

sion (2D-TTC) matching mechanism is developed to jointly evaluate longitudinal 

and lateral TTC values, enabling the selective identification of influential inter-

acting agents and suppressing irrelevant interaction noise at the source. Second, 

a dynamic model-switching strategy based on global interaction intensity is in-

troduced to adaptively adjust network complexity according to traffic density and 

risk levels, thereby balancing prediction accuracy and computational efficiency. 

Furthermore, a conflict-aware weighted loss function is incorporated during 

training to enhance the model's sensitivity to high-risk interaction samples at the 

parameter-learning level, improving its ability to recognize potentially dangerous 

behaviors. Experiments conducted on the Waymo Open Dataset demonstrate that 

the proposed method achieves reductions in Average Displacement Error (ADE) 

and Final Displacement Error (FDE) compared with representative baseline mod-

els, while simultaneously improving inference efficiency. In addition, the method 

exhibits stronger risk perception and earlier conflict recognition under the post-

hoc safety metric Alert Rate (AR). These results indicate that the proposed frame-

work significantly enhances safety awareness and scene adaptability without 

compromising prediction accuracy, offering new insights and practical engineer-

ing value for safety-critical modeling and risk-aware trajectory prediction in in-

telligent transportation and autonomous driving systems. 

Keywords: Multi-Agent Interaction, Dynamic Model Switching, Safety-Aware 

Prediction. 
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1 Introduction 

Accurate trajectory prediction in complex multi-agent traffic environments is essential 

for safe decision-making in intelligent transportation systems and autonomous driving 

[1]. By inferring future motion from historical observations, trajectory predictors pro-

vide key inputs for planning and control. However, real-world traffic involves hetero-

geneous participants, dense interactions, and diverse behaviors, making traditional sin-

gle-agent or purely kinematic models insufficient in highly dynamic scenes [2][3]. 

Deep learning has significantly advanced multi-agent trajectory prediction. Social-

LSTM [4] captures temporal dependencies via RNNs, while Social-GAN [5], GATraj 

[6], and related attention/GNN-based methods model spatial interactions and achieve 

substantial improvements in ADE and FDE. Nevertheless, two major limitations re-

main: 

(1) Lack of explicit conflict modeling—Most models treat all neighbors equally, 

causing irrelevant-interaction noise and reduced stability in dense traffic; 

(2) Static architectural complexity: Fixed-capacity models cannot adapt to changing 

scene difficulty—leading to inefficiency in simple scenes and inadequate modeling in 

high-risk ones. 

Moreover, mainstream evaluation focuses on accuracy metrics (ADE, FDE), while 

quantitative assessment of safety awareness—crucial for autonomous driving—re-

mains largely unexplored. 

To address these gaps, we propose a conflict-aware and dynamically adaptive tra-

jectory prediction framework. The key components are: 

(1) A 2D-TTC-based conflict matching mechanism that jointly evaluates longitudi-

nal and lateral time-to-collision to identify high-impact neighbors and filter interaction 

noise. 

(2) A dynamic model-switching strategy driven by global interaction intensity, ena-

bling the predictor to adjust its complexity according to scene risk. 

(3) A conflict-informed weighted loss, enhancing sensitivity to high-risk interactions 

and aligning predicted behavior with safety principles. 

(4) A post-hoc safety metric (Alert Rate, AR) to evaluate early risk recognition. 

Experiments on the Waymo Open Dataset [7] demonstrate that the proposed method 

reduces ADE by 2.3%, improves inference efficiency by 9.8%, and achieves substan-

tially better conflict early-warning performance than strong baselines. These results 

show that the framework enhances both prediction accuracy and safety awareness, of-

fering a practical path for risk-aware trajectory modeling in autonomous driving and 

intelligent transportation systems. 

2 Literature Review 

Trajectory prediction in multi-agent traffic environments is a central problem in intel-

ligent transportation systems and autonomous driving. Early approaches—including 

Constant Velocity (CV) and Constant Acceleration (CA) models—rely on simplified 

motion assumptions [8] and thus fail to capture complex interactions or abrupt intention 
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changes. With the development of deep learning, neural networks have increasingly 

been used to extract temporal dependencies and interaction cues automatically, signif-

icantly improving predictive capability. 

RNN-based architectures (e.g., LSTM, GRU) have been widely employed to model 

the sequential nature of agent motion. Social-LSTM [4] introduced Social Pooling to 

capture spatially neighboring influences, followed by Social-GAN [5], which leverages 

adversarial learning for multimodal trajectory generation. More recent approaches such 

as GATraj [6] and Trajectron++ [9] utilize attention mechanisms and graph neural net-

works to encode relational structures among agents, achieving state-of-the-art perfor-

mance in various datasets. 

Despite these advances, existing models often lack explicit reasoning about potential 

conflicts. While several works incorporate risk heuristics such as time-to-collision 

(TTC) or collision probability [2], these components are typically appended as external 

modules rather than integrated into the trajectory generation pipeline. Furthermore, 

many interaction encoders treat all neighboring agents equally, introducing substantial 

irrelevant-noise in dense urban settings and weakening robustness. 

Recent research has explored adaptive architectures to improve responsiveness to 

dynamic traffic environments. For instance, the Density-Adaptive Mobility Model 

(DAMM) [10] adjusts interaction ranges and influence probabilities according to scene 

density, while TRACER [11] employs adaptive interaction extraction with trajectory 

generation and auxiliary intention-recognition tasks. However, these methods generally 

rely on density or domain cues rather than conflict-aware triggers, limiting their preci-

sion in high-risk scenarios and creating insufficient synergy between safety perception 

and adaptability. 

Most trajectory prediction studies still evaluate models primarily through accuracy 

metrics (ADE, FDE), overlooking the need for explicit safety awareness. As a result, 

models may achieve low positional error yet fail to detect high-risk interactions, which 

is problematic for safety-critical applications. The present work addresses this gap by 

integrating conflict-aware representation learning and a risk-sensitive weighted loss, 

emphasizing safety perception alongside predictive accuracy.. 

In summary, although recent trajectory prediction research has made progress in 

temporal modeling and accuracy enhancement, three major challenges remain: 

(1) Lack of explicit conflict modeling—risk signals are seldom integrated into end-

to-end prediction and rarely differentiate interaction intensity; 

(2) Insufficient dynamic adaptability—Existing adaptive mechanisms primarily re-

spond to density or domain-shift patterns rather than conflict-driven cues; 

(3) Incomplete safety evaluation—current metrics emphasize accuracy but provide 

limited assessment of early conflict recognition. 

This work tackles these challenges through a framework combining conflict-aware 

matching, dynamic structural adaptation, and safety-oriented loss design to enhance 

both prediction accuracy and risk perception. 
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3 Methodology 

3.1 Problem Formulation 

The goal of trajectory prediction is to infer the future motion states of a traffic agent 

based on its observed historical state sequence. For a target agent, let the observed se-

quence within an observation window of length  𝑡𝑜𝑏𝑠𝑒  be denoted as 𝑋 =
{𝑝1, 𝑝2 , … , 𝑝𝑡𝑜𝑏𝑠𝑒 }, where each state 𝑝𝑡 = {𝑥𝑡, 𝑦𝑡, … , 𝑎𝑡} includes spatial coordinates, 

velocity, acceleration, and other dynamic attributes at time 𝑡. The prediction task aims 

to generate the future state sequence within a prediction horizon 𝑌 =
{𝑝𝑡𝑜𝑏𝑠𝑒+1, 𝑝𝑡𝑜𝑏𝑠𝑒+2, … , 𝑝𝑡𝑜𝑏𝑠𝑒+𝑡𝑝𝑟𝑒𝑑 }. 

To model multi-agent interactions, the input is further extended to include the col-

lective state of all 𝑛 agents in the scene at each time step. The scene state at time 𝑡 is 

represented as a matrix (𝑝𝑡 ∈ 𝑅𝑛×𝑑, where 𝑑 denotes the feature dimension of each 

agent). This formulation enables the model to capture the dynamic spatial–temporal 

dependencies and interaction relationships among multiple agents in traffic environ-

ments. 

3.2 Two-Dimensional TTC (2D-TTC) Conflict Matching Mechanism 

To address the limitation of implicit conflict modeling in existing trajectory prediction 

frameworks, this study introduces a two-dimensional time-to-collision (2D -TTC) 

matching mechanism to identify key interacting agents. The procedure is as follows: 

Local Coordinate Transformation. 

A target-centric coordinate frame is constructed using the agent’s initial position and 

heading, ensuring interaction evaluation is independent of global map geometry. 

Two-Dimensional TTC Computation. 

Longitudinal and lateral TTC are computed as 

𝑇𝑇𝐶𝑥 =
𝑥𝐵−𝑥𝐴−𝑙𝐴

𝑣𝐴
𝑥 −𝑣𝐵

𝑥  

𝑇𝑇𝐶𝑦 =
𝑦𝐵 −𝑦𝐴−𝑤𝐴

𝑣𝐴
𝑦

−𝑣𝐵
𝑦  

𝑇𝑇𝐶𝑎𝑣𝑔 = (|𝑇𝑇𝐶𝑥| + |𝑇𝑇𝐶𝑦|)/2 

where 𝑥𝐴, 𝑦𝐴 , 𝑥𝐵,𝑦𝐵  are the transformed coordinates; 𝑣𝐴
𝑥, 𝑣𝐴

𝑦
, 𝑣𝐵

𝑥, 𝑣𝐵
𝑦

  are velocity com-

ponents in the local frame; and 𝑙𝐴 , 𝑤𝐴 denote the length and width of the target agent. 

Conflict Identification. 
A neighbor is considered a key interacting agent if 𝑇𝑇𝐶𝑎𝑣𝑔 < 3𝑠 at any point in the 

observation window. This removes irrelevant neighbors and reduces interaction noise. 
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3.3 Dynamic Model Switching Strategy Based on Global Interaction 

Intensity 

To improve adaptability across scenes with different complexity levels, we adopt a dy-

namic model-switching strategy. 

Global Interaction Intensity. 

Scene-level complexity is quantified using the proportion of key interacting agents. 

The global interaction intensity 𝐼 is defined as: 

𝐼 = 
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑓𝑙𝑖𝑐𝑡  𝑟𝑒𝑙𝑎𝑡𝑒𝑑 𝑎𝑔𝑒𝑛𝑡 𝑝𝑎𝑖𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡 𝑝𝑎𝑖𝑟𝑠
 

Higher values of  𝐼 indicate dense or highly interactive scenes (e.g., congested traf-

fic), while lower values correspond to sparse or low-risk environments. 

Model-Switching Rule. 

Based on validation results across different  𝐼 intervals, the system selects during 

inference the model that best matches the current scene intensity, enabling a balance 

between prediction accuracy and computational cost. 

3.4 Dynamic Model Switching Strategy Based on Global Interaction 

Intensity 

To increase sensitivity to high-risk interactions, a conflict-informed weighting term is 

incorporated into the loss: 

𝜔𝑖𝑗
𝑡 = 𝑠𝑖𝑗 ⋅ 𝝈(𝑇𝑇𝐶𝑖𝑗

𝑝𝑟𝑒𝑑
− 𝑇𝑇𝐶𝑖𝑗

𝑡𝑟𝑢𝑒) 

where the severity index 𝑠𝑖𝑗 ∈ [0,1] is computed by 𝑆𝐼 = 𝑒−(
𝑇𝑇𝐶2

2𝑃𝑅𝑇2)
[12], and 𝝈(·) is the 

Sigmoid activation. 𝑇𝑇𝐶𝑖𝑗
𝑝𝑟𝑒𝑑

 and  𝑇𝑇𝐶𝑖𝑗
𝑡𝑟𝑢𝑒  denote the predicted and ground-truth TTC 

values, respectively. Based on this weighting strategy, we design a regularization loss 

using a two-dimensional Gaussian distribution: 

𝐿𝑟𝑒𝑔 = −
1

𝑁2
∑ ∑ ∑ (1 + 𝜔𝑖𝑗

𝑡 ) ⋅ 𝑙𝑜𝑔 (𝓝(𝑥𝑖
𝑡 , 𝑦𝑖

𝑡 | 𝜇1,𝑖
𝑡 , 𝜇2,𝑖

𝑡 , 𝜎1,𝑖
𝑡 , 𝜎2,𝑖

𝑡 , 𝜌𝑖
𝑡))𝑁

𝑗=1
𝑁
𝑖=1

𝑡𝑝𝑟𝑒𝑑

𝑡=𝑡𝑜𝑏𝑠𝑒+1  

where 𝓝(·)  denotes the probability density of a bivariate Gaussian distribution; 

𝜇1,𝑖
𝑡 , 𝜇2,𝑖

𝑡  are mean position estimates; 𝜎1,𝑖
𝑡 , 𝜎2,𝑖

𝑡  are standard deviations; and 𝜌𝑖
𝑡  is the cor-

relation coefficient. 

By assigning larger weights to conflict-prone samples, the model learns safer and 

more risk-aware trajectory distributions. 

3.5 Overall Model Architecture 

The proposed Conflict-Aware Multi-Agent Trajectory Prediction model (CM-TP) 

adopts an encoder–decoder architecture. The complete pipeline is illustrated in Figure 

1 and consists of the following components: 
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Fig. 1. Overall architecture of the proposed Conflict-Aware Multi-Agent Trajectory Prediction 

model (CM-TP) 

As illustrated in Table 1, the CM-TP framework follows an encoder–decoder archi-

tecture that integrates temporal modeling, interaction reasoning, and semantic category 

encoding. Feature preprocessing reduces trajectory variance, while the temporal en-

coder extracts multi-scale motion patterns. The interaction encoder focuses on high-

risk neighbors selected via 2D-TTC, reducing noise in dense traffic scenes. Category 

embeddings enhance behavior differentiation across agent types. Finally, a Gaussian 

decoding head generates uncertainty-aware future trajectories. 

Table 1. Overview of CM-TP Model Architecture 

Module Description 

Feature Engineering 
Applies displacement normalization and relative-motion encoding 

to reduce scene dependency and highlight interaction cues. 

Temporal Encoding 
Combines 1D CNN + Transformer + LSTM to capture short-term 

motion patterns and long-range temporal dependencies. 

Interaction Encoding 

Utilizes 2D-TTC filtering to select key interacting agents, fol-

lowed by attention-based fusion to generate interaction-aware fea-

tures. 

Category Encoding 
Introduces agent-type embeddings (car, cyclist, pedestrian) to 

model heterogeneous motion behaviors. 

Decoding & Prediction 
Outputs a bivariate Gaussian distribution (μ, σ, ρ) for each future 

step, enabling probabilistic trajectory prediction. 

4 Experimental Design 

4.1 Dataset and Experimental Environment 

4.1.1 Dataset Introduction. Experiments are conducted on the Waymo Open Motion 

Dataset (WOMD), a large-scale benchmark for urban multi-agent trajectory prediction. 

WOMD contains real-world driving data collected from multiple U.S. cities, with each 

scene lasting about 20 seconds at 10 Hz. The dataset includes heterogeneous traffic 

participants—vehicles, cyclists, and pedestrians—and captures dense interactions and 

diverse risk conditions, making it well suited for evaluating safety-aware forecasting 

models. 
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A total of 798 scenes are used for training, 202 for validation, and 150 for testing. 

Since portions of the official WOMD test trajectories are not publicly released, the val-

idation set is used as the test set for reporting performance. To improve generalization, 

an internal split of the training set is adopted for hyper-parameter tuning and early stop-

ping. 

For preprocessing, the observation window is set to 𝑡𝑜𝑏𝑠𝑒 = 2 s (20 frames) and the 

prediction horizon to  𝑡𝑝𝑟𝑒𝑑 = 3 s (30 frames), along with additional 4-frame and 6-

frame down-sampling for training efficiency. All trajectories are transformed into a tar-

get-centric local coordinate system defined by the agent’s initial position and heading 

direction, removing map-dependent variations and stabilizing interaction representa-

tion. 

4.1.2 Experimental Environment. All experiments are conducted on a workstation 

running Windows 11, equipped with an Intel Core i5-13490F CPU, NVIDIA GeForce 

RTX 4070Ti GPU (12 GB VRAM), and 32 GB RAM. The software environment con-

sists of Python 3.10, PyTorch 2.1.0, and CUDA 12.2. 

4.1.3 Model Implementation Details. The CM-TP model adopts a lightweight hierar-

chical encoding–decoding architecture. The temporal encoder uses a 1D convolution 

layer (kernel = 3, stride = 1, channels = 64) followed by a two-layer Transformer En-

coder (hidden dim = 256, 8 heads) to capture both local motion trends and long-range 

dependencies. 

The interaction encoder applies the proposed 2D-TTC–based conflict-matching 

mechanism to retain only safety-relevant neighbors, after which gated attention aggre-

gation is performed to obtain a 256-dimensional interaction representation. 

A category embedding module (dim = 32) models behavioral differences among 

cars, bicycles, and pedestrians, and pooled category-level features are fused with inter-

action features. 

The decoder is a single-layer LSTM (hidden size = 256, 6 steps), which outputs bi-

variate Gaussian parameters for probabilistic trajectory prediction. 

For training, Adam is used with an initial learning rate of 1 × 10−5 , batch size 64, 

and 300 epochs with Early Stopping. The TTC threshold in the conflict-matching mod-

ule is selected based on preliminary calibration experiments. All experiments use fixed 

random seeds for reproducibility. 

4.2 Baseline Models 

To evaluate the effectiveness and generalizability of the proposed CM-TP framework, 

five representative trajectory prediction models—covering RNN-, GAN-, GNN-, and 

attention-based approaches—are selected as baselines. All models are re-trained using 

identical data splits, optimization settings, and evaluation metrics (ADE, FDE, AR) to 

ensure a fair comparison. A brief overview is provided in Table 2. 
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Table 2. Overview of Baseline Models 

Model Description 

LSTM 
Classical LSTM encoder–decoder capturing temporal dependen-

cies in single-agent motion. 

Social-LSTM[4] 
Early interaction-aware model using Social Pooling to aggregate 

neighboring agents’ features. 

Social-GAN[5] 
GAN-based multimodal predictor enhancing trajectory diversity 

via adversarial learning. 

TrafficPredict[13] 
4D spatiotemporal graph model capturing both category-level and 

instance-level correlations. 

GATraj[6] 
Graph Attention Network–based method focusing on key interac-

tions in dense traffic scenes 

These baselines span the dominant modeling paradigms in multi-agent trajectory 

forecasting and provide strong reference points for evaluating the CM-TP model. 

4.3 Evaluation Metrics 

To comprehensively evaluate both the prediction accuracy and safety-awareness capa-

bility of the proposed CM-TP model, three categories of metrics are adopted: Average 

Displacement Error (ADE), Final Displacement Error (FDE), and Alert Rate (AR). 

ADE and FDE assess trajectory prediction accuracy, while AR quantifies the model’s 

ability to anticipate potential traffic conflicts. 

Accuracy Metrics. 

Accuracy is evaluated using ADE and FDE, defined as: 

𝐴𝐷𝐸 =
1

𝑁×𝑇
∑ ∑ ‖𝑝̂𝑖

𝑡 − 𝑝𝑖
𝑡‖2

𝑇
𝑡=1

𝑁
𝑖=1  

𝐹𝐷𝐸 =
1

𝑁
∑ ‖𝑝̂𝑖

𝑇 − 𝑝𝑖
𝑇 ‖2

𝑁
𝑖=1  

ADE measures average alignment over the prediction horizon, while FDE focuses 

on the final-step error, reflecting long-term prediction reliability. 

Safety Metrics. 

To measure the model’s capability to foresee potential risks, we introduce the Alert 

Rate (AR), computed based on the Time-to-Collision (TTC) matrices.  

For a scene containing 𝑁 dynamic agents, TTC matrices for the observation phase, 

prediction phase, and ground-truth future evolution are denoted as 𝑇𝑇𝐶𝑖𝑗
𝑜𝑏𝑠𝑒, 𝑇𝑇𝐶𝑖𝑗

𝑝𝑟𝑒𝑑
 

and 𝑇𝑇𝐶𝑖𝑗
𝑡𝑟𝑢𝑒 , respectively. We define the indicator function: 

𝛿𝑖𝑗 = {
1, 𝑖𝑓 𝑇𝑇𝐶𝑖𝑗

𝑝𝑟𝑒𝑑 <  𝑇𝑇𝐶𝑖𝑗
𝑡𝑟𝑢𝑒

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

A positive indicator (𝛿𝑖𝑗=1) implies that the model anticipates the conflict earlier 

than what is observed from the ground-truth future trajectory—providing the decision-

making system with additional safety margin. (This corresponds to the distinction 
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illustrated in Figure. 2, where two predictions with similar geometric accuracy may 

differ significantly in safety implications.) 

 

Fig. 2. Comparison of safety-awareness between different trajectory predictions. 

To avoid counting irrelevant weak interactions, only the set 𝒫 of agent pairs whose 

𝑇𝑇𝐶𝑖𝑗
𝑜𝑏𝑠𝑒  is below a predefined threshold is considered. AR is then computed as: 

𝐴𝑅 =
1

|𝒫|
∑ 𝛿𝑖𝑗(𝑖,𝑗)∈𝒫  

In this study, AR is evaluated under three TTC thresholds—6 s, 4 s, and 2 s—cov-

ering low-, medium-, and high-risk interaction levels.  

Efficiency Metrics. 

Real-time performance is measured using inference time: 

𝐸𝑡𝑖𝑚𝑒 = ∑ 𝑡𝑖
𝑒𝑛𝑑 − 𝑡𝑖

𝑠𝑡𝑎𝑟𝑡𝑁
𝑖=1  

where 𝑡𝑖
𝑠𝑡𝑎𝑟𝑡 and 𝑡𝑖

𝑒𝑛𝑑 represent the start and end timestamps of the inference process 

for the i-th trajectory in the evaluation set.  

4.4 Experimental Results and Analysis 

4.4.1 Statistical Description of the Dataset. To support the subsequent evaluation of 

trajectory prediction models, we conduct a statistical analysis of the dataset constructed 

from the WOMD. Using the sliding-window segmentation strategy, continuous multi-

agent trajectories are transformed into fixed-length samples. The resulting dataset fol-

lows a tensor format of  [𝑁, 𝑇, 𝐻], where 𝑁 is the total number of samples, 𝑇 the num-

ber of time steps, and 𝐻 the feature dimension. 

Sample Statistics. 

Table 3 summarizes the number of samples in the training, validation, and test sets. 

Table 3. Sample Statistics 

Dataset Number of Samples 

Training 13553 

Validation 9001 

Test 5695 
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Trajectory and Category Distribution. 

To understand the composition of different traffic participants, Table 4 reports the 

number of trajectories corresponding to vehicles (Veh), bicycles (Bic), and pedestrians 

(Ped). These statistics reflect the diversity and imbalance inherent in urban traffic 

scenes. 

Table 4. Trajectory Count and Category Distribution 

Dataset Number of Traj Veh Bic Ped 

Training 274382 329043 179787 156322 

Validation 440088 222123 119237 98728 

Test 274382 140787 71476 62119 

4.4.2 Overall Performance Comparison. We compare the proposed CM-TP model 

with five representative baselines—LSTM, Social-LSTM (SL), Social-GAN (SG), 

TrafficPredict (TP), and GATraj—under identical data splits and training settings. 

Evaluation is conducted on the Waymo dataset using ADE, FDE, AR (under TTC < 6 

s), and 𝐸𝑡𝑖𝑚𝑒. Results are summarized in Table 5. 

Table 5. Performance Comparison on the Waymo Dataset 

Model 𝐴𝐷𝐸  𝐹𝐷𝐸 𝐴𝑅 𝐸𝑡𝑖𝑚𝑒 

LSTM 3.7880 6.7014 0.4935 19.8441 

SL 2.7786 4.9727 0.5134 75.6183 

SG 2.4633 4.3829 0.5019 56.6678 

TP 1.6288 2.9519 0.5211 120.1134 

GATraj 0.8602 1.4996 0.5236 104.8178 

CM-TP 0.8408 1.5086 0.6482 95.4253 

CM-TP achieves accuracy on par with the strongest baselines (e.g., GATraj), while 

delivering a substantial improvement in safety awareness, evidenced by the highest AR 

score. The gain comes from the conflict-aware matching and risk-weighted probabilis-

tic modeling introduced in our framework. Although its inference time is moderately 

higher than LSTM-based models, CM-TP remains computationally comparable to 

modern attention- and GNN-based approaches. 

 

Fig. 3. Visualization of trajectory prediction results in selected scenarios 
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Figure 3 illustrates qualitative comparisons in three representative scenarios. CM-

TP produces trajectories that are not only geometrically accurate but also more con-

servative and stable in high-risk or highly interactive scenes, highlighting its improved 

safety sensitivity. 

4.4.3 Ablation Study. To examine the independent contribution and joint effect of each 

core component in the proposed CM-TP framework, we conduct a comprehensive ab-

lation study. Specifically, we remove or replace the 2D-TTC conflict matching module, 

the interaction modeling layer, and the distribution-weighted loss to analyze their in-

fluence on prediction accuracy, safety sensitivity, and inference efficiency. All variants 

are trained under identical configurations to ensure fair comparison. Table 6 summa-

rizes the structural definitions of the ablated models:  

Table 6. Definitions of Ablation Model Variants 

Model Structural Description 

ST-TP Temporal encoder + category embedding 

CT-TP Temporal encoder + interaction encoder + category embedding 

CM-TP Temporal encoder + 2D-TTC conflict matching + interaction encoder + cat-

egory embedding 

SI-TP CM-TP + SI-weighted loss 

TTC-TP CM-TP + TTC-difference–weighted loss 

To facilitate comparison, ADE, AR, and 𝐸𝑡𝑖𝑚𝑒 are selected as the primary evaluation 

metrics. Table 7 reports the performance of all ablated models under the full testing set 

and three risk thresholds (TTC < 6 s, 4 s, 2 s). 

Table 7. Performance Comparison Across Ablation Settings 

AR 

Model  ADE 
𝑇𝑇𝐶 < 6 

Ped 

𝑇𝑇𝐶 < 4 𝑇𝑇𝐶 < 2 
𝐸𝑡𝑖𝑚𝑒 

ST-TP 1.1016 0.6125 0.6513 0.7070 82.5952 

CT-TP 0.8727 0.6719 0.6958 0.7777 112.9965 

CM-TP 0.8408 0.6482 0.6972 0.7575 95.4253 

SI-TP 0.7779 0.6971 0.7647 0.8080 97.1324 

TTC-TP 0.8661 0.7376 0.7819 0.8787 96.8676 

The results reveal several insights: 

(1) Interaction modeling (CT-TP) significantly improves ADE over the pure tem-

poral model (ST-TP), confirming the importance of capturing multi-agent dependen-

cies. 

(2) Conflict matching (CM-TP) enhances prediction in high-risk conditions (TTC < 

4 s), verifying the necessity of noise filtering and conflict-aware neighbor selection. 

(3) Risk-weighted losses (SI-TP, TTC-TP) further strengthen safety sensitivity, with 

TTC-TP achieving the highest AR across all thresholds, highlighting the effectiveness 

of leveraging TTC discrepancy during training. 
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These findings collectively demonstrate that the proposed components contribute to 

both accuracy and risk awareness, and their combination yields the best overall perfor-

mance. 

4.4.4 Performance Comparison Across Different Risk Levels. To systematically 

evaluate model behavior under varying traffic risk conditions, the conflict-rate interval 

[0%, 100%] is divided into ten equal-risk bins, each representing an increasingly chal-

lenging interaction setting—from low-risk sparse traffic to highly interactive and colli-

sion-prone scenarios. 

For each risk bin, we compute the average ADE for all baseline models (LSTM, SL, 

SG, TP, GATraj), the ablation models (ST-TP, CT-TP, CM-TP), and the final proposed 

model (CM-TP (Proposed)). The performance trends are visualized as bar charts, as 

shown in Figure 4. 

 

Fig. 4. Performance comparison under different risk-level scenarios 

4.4.5 Performance of Dynamic Model Switching. Based on the observations in Sec-

tion 4.4.4, we determine the optimal model-switching configuration for the given da-

taset. To further examine the adaptability of multi-model collaboration in dynamic sce-

narios, we design a conflict-rate–based switching experiment. 

We select long-horizon trajectory sequences (>19 s) from the test set, resulting in a 

total of 2359 usable samples. These scenarios feature continuously evolving traffic den-

sity, interaction complexity, and conflict rates, making them ideal for evaluating dy-

namic model selection. So each sample is predicted under two settings: 

(1) Single-model prediction (no switching) 

(2) Dynamic switching, where the model is selected based on the current risk level  

We compute the cumulative ADE and FDE over the full trajectory horizon. The re-

sults are summarized in Table 8. 

Table 8. Cumulative Prediction Errors with and Without Dynamic Model Switching 

Model ADE FDE 

LSTM 60.1584 103.1845 
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Model ADE FDE 

SL 40.1278 75.5694 

SG 38.1204 66.9565 

TP 26.8674 51.5852 

GATraj 16.6451 30.6396 

ST-TP 19.1478 36.7726 

CT-TP 16.4434 30.0257 

CM-TP 16.8458 31.1135 

Mix-Model 15.9508 29.0564 

The dynamic switching model (“Mix-Model”) achieves the lowest cumulative ADE 

and FDE across the long-horizon sequences, outperforming all single-model baselines. 

The improvement is particularly notable in high-risk segments, where matching model 

complexity to interaction intensity allows more accurate trajectory adaptation. These 

findings highlight the advantage of combining conflict-aware filtering and dynamic 

structural adjustment, confirming the practical feasibility of multi-model cooperative 

prediction in real-world autonomous driving scenarios. 

5 Discussion and Conclusion 

5.1 Research Summary 

This study addresses multi-agent trajectory prediction in urban traffic by introducing a 

conflict-aware and dynamically adaptive framework. A 2D-TTC–based matching 

mechanism is proposed to identify truly influential neighbors, effectively reducing in-

teraction noise. A risk-weighted probabilistic loss further incorporates conflict severity 

into the learning process, enabling the model to emphasize high-risk samples and gen-

erate safety-consistent trajectory distributions. Additionally, a dynamic model-switch-

ing strategy adjusts prediction complexity according to scene-level interaction inten-

sity, balancing accuracy, robustness, and efficiency. 

Experiments on the Waymo Open Motion Dataset demonstrate that CM-TP outper-

forms representative baselines (LSTM, Social-LSTM, Social-GAN, TrafficPredict, 

GATraj) on ADE/FDE while also achieving stronger early conflict recognition under 

the AR safety metric. Moreover, the proposed switching mechanism stabilizes perfor-

mance in long-horizon sequences. Overall, CM-TP integrates interaction filtering, risk-

aware optimization, and structural adaptivity into a unified solution, advancing both 

prediction accuracy and safety sensitivity for autonomous driving. 

5.2 Engineering Significance and Future Work 

The proposed conflict-aware and adaptive prediction framework has practical engineer-

ing value in real traffic applications: 
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(1) Improved Risk Anticipation——by combining 2D-TTC filtering with risk-

weighted distribution modeling, the system offers earlier detection of hazardous inter-

actions, benefiting downstream planning and emergency intervention modules. 

(2) Adaptive Real-Time Deployment——the dynamic switching mechanism allo-

cates computational resources according to scene complexity, enabling efficient oper-

ation in both low-risk and high-density environments—critical for onboard autonomous 

driving systems. 

(3) Lightweight V2X Compatibility——since the conflict-matching module relies

only on geometric and kinematic inputs, it can be easily integrated into vehicle–infra-

structure cooperation systems with limited bandwidth and sensing capability. 

Future work may further enhance the framework along several directions: 

(1) Richer Risk Modeling——incorporating acceleration anomalies, intention in-

consistency, and safety zones to build a more comprehensive interaction-risk de-

scriptor. 

(2) Safety-Aware Learning Objectives——embedding AR-like safety indicators di-

rectly into supervised loss functions or reinforcement learning rewards to jointly opti-

mize accuracy and safety performance. 
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