
• Generative adversarial imitation 
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• Adversarial training analogue GAN 
• Match the state-action occupancy 
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Experiment Results

Why Trajectory Prediction?
• In highly interactive driving scenarios, 

accurate prediction of other road participants 
is critical for safe and efficient navigation of 
autonomous cars.

What Is Trajectory Prediction?
• Accurate probabilistic predictions for 

uncertain behavior of other road users

Figure 1: Interaction between multiple  
vehicles 

Figure 2. Trajectory prediction on auto- 
nomous driving

R Bhattacharyya et al. “Multi-Agent Imitation Learning for Driving Simulation,”  2016. 

Imitation Learning

• Dataset: US Highway 101 NGSim dataset 
• Study area length: 640 meters (2,100 feet) 
• Five main lane 
• 45 minutes of data 

• Platform: Single thread on 3.1 GHz Intel 
Core i7 Processor. 

Experimental Setup

• Computation Time (Testing): 
• Single Agent: 0.083s 
• 22 Agents: 0.79s

Evaluation Metrics
• root mean squared error (RMSE) of the 

predicted variable v:

Average  
RMSE(m)

1 Agent 22 Agents
Logititude Lateral Logititude Lateral

PS-GAIL 1.13 0.38 1.33 0.44
1-step AGen 0.42 0.19 0.43 0.18
2-step AGen 0.56 0.26 0.56 0.26

• Average Position RMSE on a 2.5 s window

Average  
RMSE(m)

1 Agent 22 Agents
top 5% top 10% top 5% top 10%

PS-GAIL 1.13 0.38 1.33 0.44
1-step 
AGen

0.42 0.19 0.43 0.18

• Top Average Position RMSE on a 2.5 s window

How to obtain accurate Prediction?
• Prediction is challenging due to the difficulty in 

modeling various driving behavior, or learning 
such a model. 
• Interaction between multiple vehicles 
• Time varying behavior of vehicles 
• Individual differences among various 

vehicles

• Learn a policy that imitates an expert 
policy given demonstrations generated 
by the expert policy. 

• Demonstrations are in form of action-
state sequences

GAIL

Figure 3. Imitation learning on driving behaviors

Figure 4. (above) 
Occupancy 
distribution of 
individual and 
averaged behaviors 
Figure 5. (left) 
Adversarial 
structure of PS-
GAIL

Interaction between multiple vehicles
• Multiple policy networks 

• Memory consumption, computation time, 
uncertain number of networks 

• Parameter Sharing (PS-GAIL) 
• single policy network 

• homogeneous: learned policy is averaged over all 
vehicles 

• constant model: unable to capture time-varying 
behavior, e.g. sudden accelerating 

Recursive Least Square (RLS-PAA) Nonlinearity of RNN 

• RLS-PAA is efficient for identification of time-varying 
systems. 

• Linear system in the open loop

• Feedback GRU-based RNN as input feature extractor 
• Couple input and output in the closed loop

• Introduce a blocking technique to approximately 
tackle this dilemma

AGen

• The feature extractor is obtained from 
PS-GAIL, an RNN consists of 64 
GRUs.  

• Wasserstein GAN with gradient penalty 
(WGAN-GP) 

• Gradient penalty of 2.

Offline Feature Extractor

• Critic: 2-norm difference between the the expert trajectory and 
the roll-out from the policy network 

• Compare both 1-step AGen and 2-step AGen 
• Sampling time is 0.1 s,  
• Forgetting factor is chosen to be λ = 0.99 

Online Adaption

• AGen outperforms PS-GAIL in a variety of 
metrics 
• Average Position RMSE on a 2.5s window 
• Top Position RMSE on a 2.5s window 
• Variance 
• Trajectory Visualization 

Experiment Results

• AGen combined RLS-PAA-
based online adaptation with 
pretrained policy network from 
PS-GAIL to account for 
individual differences and time-
varying behavior 

• Reduce RMSE in a 2.5 s time 
window by 60%

Conclusions
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