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Realistic Closed-Loop Simulation RLFTSim

Challenges & Contributions

Qualitative Samples

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, Waymax, nuPlan, CARLA Examples: MTVE, Trajeglish, SMART Examples: GPU-Drive, HR-PPO

ExperimentsMLOO: Dense and Low-variance Reward Takeaways

RQ1: Does MLOO-based RL fine-tuning improve simulation realism?

RQ3: Is there an effective approach to condition rollouts on specific goals?
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Comparison of generated trajectories for a right-turn into a parking 
lot. SMART-tiny results in a collision while RLFTSim safely 
completes the maneuver.

Controllability analysis in a parking lot scenario. 
After goal-conditioned fine-tuning, we can generate novel 
behaviors.

Comparison of generated trajectories along a freeway. SMART-tiny 
results in a rear-end collision while RLFTSim adheres to safe 
driving behavior.

Controllability analysis in a stop sign intersection scenario. After 
goal-conditioned fine-tuning, we can generate rollouts with 
different driving intents.

RQ2: Are alternative reward functions as effective as MLOO in post-training?Challenge: RMM as an RL Reward MLOO: Leave-One-Out Reward

Theoretical Guarantees

Prop. 1: Unbiased Policy Gradient Prop. 2: RMM Variance Scaling Prop. 3: MLOO vs. RLOO Variance
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Closed-loop RL beats open-loop imitation
Imitation alone cannot fix error accumulation in closed-loop traffic 
simulation.

MLOO: a dense, low-variance reward
First RL use of the WOSAC realism meta-metric, with O(1/N²T) 
variance — quadratic reduction vs. RLOO.

State-of-the-art realism on WOSAC
RMM 0.7867 — outperforms CAT-K and prior fine-tuning baselines; 
model-agnostic across SMART and TrafficBots.

Controllability without losing realism
Goal-conditioned fine-tuning with Hindsight Experience Replay 
distills steerable behaviors from a single seed scenario.
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Autoregressive Simulation

• Imitation drifts. Small errors compound in closed-loop rollouts, pushing agents into states never seen 
in training.

• Realism is the bottleneck. AV safety validation needs simulators whose distributions match real 
driving — not just plausible trajectories.

• Post-train, don't restart. Aligning a strong pre-trained simulator beats training from scratch — given the 
right reward.

• RLFTSim: on-policy RL fine-tuning that aligns simulator rollouts with real-world driving distributions.

• MLOO: a dense, low-variance per-rollout reward aligned with the WOSAC realism meta-metric, with 
unbiased gradients and O(1/N²T) variance scaling.

• Goal-conditioned controllability: distilled via Hindsight Experience Replay and a balanced reward, 
steerable without sacrificing realism.

Questions?
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S4: Sample Alternative Goals and Condition New 
Rollouts. Scale Policy Ratio to Improve Stability

S2: Generate Rollouts and Compute 
Rewards
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