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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

AV Stack




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 e ~
Behavior Simulation

* Settings:
* Goal-free
* Goal-conditioned (controllability)

Ego Agent

Agent 1

Agent 2




Prior Work on Traffic Simulation

. Rulebased [ lmitationLearning | Reinforcement Learning

v Easy to enforce rules v Strongrealism v Generalizable given a good reward
v Light compute v Efficient training

X Unrealistic X Drift / error propagation X Hard to capture human intent

X Low capacity for complex interaction X Open-loop; no corrective behavior X Realism gap

(E:’f;r_ifs‘ DM, Waymax, nuPlant, Examples: MTVE®, Trajeglishe, SMART® Examples: GPU-Drives, HR-PPO®

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:
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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)
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Improved version: RMM Leave-One-Out

* Drawbacks of naively applying RMM reward:
* [tis sparse: K=32 rollouts per-reward scalar reward
* High computation time

* Our solution: Meta-metric Leave-One-Out reward (MLOQO)

Meta-metric Leave-One-Out (MLOO). To achieve a bet-
ter density-variance trade-off, we introduce a dense per-
rollout reward signal, RMMIZ-VILOO, defined as:

New reward
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Analysis of Variance

e Unbiased Gradient estimation with MLOO

* Variance scaling of RMM

Proposition 1 (Unbiased gradient estimation with MLOO).
Let 7.y = (71,...,7n) be N ii.d. rollouts sampled from
the policy my. Applying REINFORCE with per-rollout re-
ward RMM?ILOO as defined in Eq. 2, the policy-gradient
estimator

N
g= Z Vo log ma (7;) RMMMEOO 3)

=1

is an unbiased estimator of VgE[RMM (7.ny_1)].

Proposition 2 (Variance Scaling with Simulator Bias). Un-
der Assumption I, for N rollouts of length T, the realism
meta-metric Eq. | satisfies

Var(RMM) = 0((Neff - T)—1> , )
where Neff = N/K is the effective sample size, Kk =

K
maxq kg > 1, and kg = Y ,_, Q% ;/qQk.a measures the
mismatch between the simulator bin probabilities qj. 4 and
the ground-truth bin frequencies oy, 4 for feature dimension

d.



Analysis of Variance

* MLOO vs. RLOO variance scaling

Proposition 3 10! ;
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Generate and Score Rollouts Select Alternative Goals

og o ‘; e — \ 4 II N\ / ‘\‘»
Controllability L a1 L
 Add goals as either vector = f 9 ) * —
observations or map-to- * *
agent relationships via :I ‘T = - I
cross attention. \ Y, [ N *

* 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.
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Experiments: WOSAC Benchmark

° Waymo Open Sim Agent Table 1. Traffic simulation benchmarking results.

C h a lle N ge Model RMM1 Kinematict Interactivef Map-basedt
TrafficBotsV1.5 [37] 07167 04304 0.7114 0.8871
VBD [13] 0.7375 04169 0.7819 0.8636
MVTE [31] 07469  0.4503 0.7706 0.8859
) Trajeglish [22] 07409 04166 0.7845 0.8703
* Private test set KiGRAS [42] 07761  0.4691 0.8064 0.9126
DROPE-Traj [41] 0.7786 04779 0.8065 0.9144
GUMP [11] 07596  0.4780 0.7887 0.8832
BehaviorGPT [44] 07637 04333 0.7997 0.9064
UniMM [17] 07839 04914 0.8089 0.9188
e Evaluates models on TrajTok [38] 07861 04887 0.8116 0.9231
P - - SMART-tiny [34] 07755 04759 0.8039 0.9102
realistic traffic behavior SMART-tiny [34] (ref. model)’ | 07824  0.4854 0.8089 0.9180
neration. SMART-tiny CAT-K [39] 07856  0.4931 0.8106 0.9205
generatio ‘ RLFTSim (ours) 07867 04927 0.8129 0.9210
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Experiments:

Ablation Study on Reward Function

Metametric Leave-One-
Out (MLOO) has higher:
 RMM

¢ K| Nnema t| C Rea '.| SM Reward RMM7 Kinematic{  Interactivef  Map-based?t minADE]
. . SMART-tiny [34] (ref. model) = 0.7804 3.2e-4) 0.4904 (5.2e-4)  0.8032 (4.1e-4)  0.9167 (5.6e-4)  1.3016 (4.2¢-3)
* Interactive Realism " RADEREOO - - 0.7801 @) 04897 (2en 08032 ies) 09161 iy~ 13302505
RMMRLOO 0.7821 33e4) 0.4913 5.1e-4)  0.8065 (42e4) 0.9169 (6.0e-4)  1.3229 (4.4e-3)
- RMMMLO0 0.7830 3.3e-4) 0.4924 5.0e-4) 0.8070 4.1e-4) 09182 (5.7¢-4)  1.3150 (4.4e-3)
Col.+Off.+ADE 0.7803 33e-4) 0.4896 (5.2¢-4) 0.8039 4.1e-4) 0.9162 (5.9¢-4) 1.3313 (4.5¢-3)
Collision+Offroad 0.7786 3.5¢e-4) 0.4891 (5.2e-4) 0.8037 4.2¢-4) 0.9117 (6.4e-4) 1.3461 (4.3¢-3)

Table 2. Ablation study on the reward function on the full valida-
tion set. Standard errors are shown in parentheses.

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

RMM: Realistic Metametric
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Qualitative Samples I: Collision
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Qualitative Samples lI: Collision
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Qualitative Samples lll: Controllability

Goal: U-turn Goal: Left turn

g I
I
|
Pre-train RLFTSim (Ours) Pre-train RLFTSim (Ours)
Successful U-turn Successful U-turn Failed left turn Successful left turn

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.



Conclusion

Takeaways
* |Imitation Learning is not enough in traffic simulation
* MLOO as alow-variance and dense reward signal

* RLFTSIim 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

15
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