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Preliminaries: Overview

• Training & testing Autonomous Driving policies using 
simulation

• AD policy controls the ego agent
• Behavior Simulator controls the motion for social agent 
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Problem Setup: Traffic Agent Behavior 
Simulation
• What: Predicting microscopic actions of all traffic agents
• Inputs: past trajectory of traffic agents (1.1 seconds), and map
• Outputs: future trajectory of traffic agents (8 seconds)
• Constraint:  Temporally autoregressive
• Settings:

• Goal-free 
• Goal-conditioned (controllability)
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Prior Work on Traffic Simulation
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Rule-based Imitation Learning Reinforcement Learning
✓  Easy to enforce rules
✓  Light compute

✓  Strong realism
✓  Efficient training

✓  Generalizable given a good reward

✗  Unrealistic
✗  Low capacity for complex interaction

✗  Drift / error propagation
✗  Open-loop; no corrective behavior

✗  Hard to capture human intent
✗  Realism gap

Examples: IDM[1], Waymax[2], nuPlan[3], 
CARLA[4]

Examples: MTVE[5], Trajeglish[6], SMART[7] Examples: GPU-Drive[8], HR-PPO[9]

RLFTSim:  Reinforcement Learning Fine-Tuning 
on top of pre-trained model (Imitation Learning) 
using a Rule-based Reward.
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Method: Post-training Framework

RL Post-training with:

• Objective: Realism Meta-Metric 

• Autoregressive base model (SMART)

• Chucked Trajectory Tokenization

• Anchoring to the reference model (KL 
divergence regularization term)
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RL Fine-Tuning
Reward: Realism Meta-Metric (RMM)
• Calculate:

• Histogram of the features of 32 rollouts
• Histogram of the features of the ground truth
(Over 8 seconds)

• Geometric mean of Likelihood of rollouts 
under the ground truth distribution
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Improved version: RMM Leave-One-Out

• Drawbacks of naively applying RMM reward:
• It is sparse: K=32 rollouts per-reward scalar reward
• High computation time

• Our solution: Meta-metric Leave-One-Out reward (MLOO)
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Analysis of Variance

• Unbiased Gradient estimation with MLOO
• Variance scaling of RMM

7



Analysis of Variance

• MLOO vs. RLOO variance scaling
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Controllability
• Add goals as either vector 

observations or map-to-
agent relationships via 
cross attention.

9

• Hindsight Experience Replay aids controllability learning since goal 
reaching events can be rare during exploration.

• To allow policy gradient updates to support HER, we use 
importance sampling to rescale the policy ratio.



Experiments: WOSAC Benchmark

• Waymo Open Sim Agent 
Challenge 

• Private test set

• Evaluates models on 
realistic traffic behavior 
generation.
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Experiments: 
Ablation Study on Reward Function
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Metametric Leave-One-
Out (MLOO) has higher:

• RMM
• Kinematic Realism
• Interactive Realism

MLOO: Metameric Leave-One-Out
RLOO : REINFORCE Leave-One-Out
ADE: Average Distance Error
RMM: Realistic Metametric



Qualitative Samples I: Collision
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Pre-train RLFTSim (Ours)



Qualitative Samples II: Collision 
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Pre-train RLFTSim (Ours)



Goal Conditioned Fine-Tuning (GCFT) Visualization. The goal point is shown with a magenta colored 
circle for the focus vehicle in center. The simulation is shown for various o goals. We have a U-turn goal 
in the left, and a left turn goal in the right.

Pre-train 
Successful U-turn

RLFTSim (Ours)
Successful U-turn

Pre-train 
Failed left turn

RLFTSim (Ours)
Successful left turn

Goal: U-turn Goal: Left turn

Qualitative Samples III: Controllability



Conclusion

Takeaways
•  Imitation Learning is not enough in traffic simulation
•  MLOO as a low-variance and dense reward signal
•  RLFTSim as a sample efficient and effective post-training method to 

enhance realism
•  Adaptation of Hindsight Experience Replay to distill controllability via 

goal point conditioning 
Next Steps
• RMM limitations
• Study of potential reward hacking issues
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Questions?
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Project page:
https://ehsan-ami.github.io/rlftsimPlease find us in Poster Session 6 

15:30 - 17:30  ExHall A, Poster #331

https://ehsan-ami.github.io/rlftsim
https://ehsan-ami.github.io/rlftsim
https://ehsan-ami.github.io/rlftsim
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