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To safely navigate the transportation network, 
Autonomous Vehicles (AVs) need to perceive, predict, 
and interact with their surrounding transportation system. 
This study focuses on the prediction component, where 
an AV uses the spatial temporal information of its 
surrounding agents to predict their future trajectories. 
Using these predictions, AVs can prepare for safely 
interacting with other road users, e.g., avoiding collisions, 
improving decision-making performance, etc. 

This study puts forward a learning-based trajectory 
prediction method for different road users, including 
vehicles, pedestrians, and cyclists. The proposed model 
uses history position information of traffic agents, and 
predicts future positions of subjects within a finite horizon. 

Instead of developing different model architectures for 
different agent types, a generic model architecture is 
proposed to learn trajectory patterns. This common 
architecture is then trained using agent-specific datasets, 
providing individualized models for different agent types. 

 A unified architecture for trajectory prediction of 
heterogeneous agents will reduce the load of model 
maintenance and is therefore useful is practice
 Unlike the existing literature, the proposed model uses 

only the history trajectory of an agent, and does not 
require information from other agents present in the 
environment
 A single architecture facilitates transfer learning where 

one can use a trained model for one type of agent and 
use it for another agent type with minimal additional 
training using an agent-specific dataset
 The proposed architecture outperforms the EKF 

benchmark in both average and final displacement 
errors across all agent types
 The proposed architecture can predict trajectories 

within a rather long horizon (about 5 seconds) with 
rather small final displacement errors
 The cyclist trajectory prediction performance is lower 

than the other two agents, due to the small size of the 
cyclist dataset

We evaluate the model on the recently released Lyft L5 
dataset—a public dataset collected by autonomous vehicles.
 Different agents are identified and tracked using onboard 

sensors of an AV
 Time-series multi-dimensional trajectories are obtained for 

each agent type

Three models are trained on the unified architecture using three 
datasets:

Evaluation metrics:
 Average displacement error (ADE): the average 

displacement error of all predicted time steps of a trajectory, 
averaged across all predicted trajectories.

 Final displacement error (FDE): the displacement error of the 
last time step of a predicted trajectory, averaged across all 
predicted trajectories

Pedestrian trajectory predictionCyclist trajectory prediction Vehicle trajectory prediction

Our proposed method against the EKF benchmark over the test dataset:

An example vehicle trajectoryAn example pedestrian trajectoryAn example cyclist trajectory

Showcasing the performance of our model on example trajectories:

Agent type Training set Test set
Vehicles 450,000 3,000
Pedestrians 191,094 1,096
Cyclists 31,813 164

Overall benchmark performance of the proposed model against 
the EKF benchmark: The values in each cell show the 
ADE/FDE evaluation metrics in meters over a 4.5-sec-long 
prediction horizon:

Takeaways:

 The proposed model outperforms the EKF benchmark across 
all agent types based on both ADE and FDE evaluation 
metrics 

 ADE of the pedestrian trajectory prediction is around a single 
step length of an adult (0.71m to 1.49m)

 ADE of the vehicle trajectory prediction is less than the 
average vehicle length (around 4.20m)

 ADE of the cyclist trajectory prediction is about 3 times of the 
average bicycle length (around 1.70m)

Method Pedestrian Vehicle Cyclist
EKF 3.98/10.06 15.21/43.87 7.89/22.52
This work 0.89/2.58 2.95/7.03 5.96/14.18
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