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Supplementary Material

A. Leaderboard Snapshot

In Fig. 5 we show a snapshot of the nuPlan WOSAC leader-
board, with our SMART-tiny-CLSFT-RoaD entry high-
lighted (red box). We briefly discuss the other high-
performing methods to clarify how they are either orthogo-
nal to our approach or specialized to the WOSAC task, and
thus do not directly transfer to E2E driving.

SMART-tiny-DecompGAIL [10], SMART-tiny-RLFTSim
[1], and SMART-RI [29] use reinforcement learning (RL) to
optimize policies for the WOSAC task of matching the data
distribution. SMART-tiny-DecompGAIL does so by using
GAIL with PPO, while SMART-tiny-RLFTSim and SMART-
R1 directly optimize the WOSAC metric using RL (with
small differences in implementation). However, these meth-
ods do not translate well to E2E driving, where we typically
lack a well-defined reward function and RL tends to be too
data-inefficient given the high cost of high-fidelity simula-
tion.

By contrast, TrajTok [42] proposes an improved tok-
enizer for traffic models. This contribution is orthogonal
to our approach. However, it is only applicable to tokeniz-
ing short actions (e.g., one-step actions), and hence does
not translate to E2E driving, where policies typically pre-
dict multiple seconds into the future.

Finally, unimotion [19] proposes an alternative to the
CatK rollout approach, whereby it finds the closest action
to the ground truth not only among the top-K actions, but
among all actions. As a result, it does not require addi-
tional recovery actions (since it already tracks the ground-
truth trajectory as closely as possible), which yields a setup
more similar to our RoaD approach, where rollouts are
taken directly as demonstrations. However, this exhaus-
tive search makes the method unsuitable for E2E driving:
it requires predicting and evaluating all possible actions of
the policy, which is only feasible for small action spaces.
This excludes multi-token trajectory predictions, whose ac-
tion space grows exponentially with the horizon length, and
flow-matching policies, whose action space is continuous.
In their work, focussing on traffic models, they use either a
fixed set of up to 2024 actions or a set of up to 16 actions
predicted from action queries.

B. Experimental details: end-to-end driving

B.1. Simulation

For data generation, we run the simulator at 30 Hz to match
the frequency of the ground-truth logs and reuse the same

dataloader as for pre-training. For evaluation, we run the
simulator at 10 Hz, which matches the model’s training fre-
quency.

At each step, we render two camera views (front-facing
wide-angle and telephoto). The policy predicts 6.4s trajec-
tories, which are tracked by a downstream controller. As in
the main text, the controller models a 200 ms control de-
lay and ego-motion noise, and uses a dynamically extended
bicycle model for the ego-vehicle dynamics.

Scenes are reconstructed using 3D Gaussian Splatting
(3D-GS). Reconstruction quality degrades with distance
from the recorded trajectory. This is negligible for roll-
out generation, where expert-guided rollouts remain close
to the log, but can reduce visual fidelity during evaluation if
the ego vehicle deviates too far. To avoid such artifacts, we
discard rollouts whose ego trajectory deviates by more than
4 m from the recorded trajectory.

All other traffic participants, including vehicles and
pedestrians, replay their logged trajectories and do not re-
act to the ego vehicle. Consequently, they cannot avoid
rear-end collisions if the ego drives more slowly than in
the recording. Following prior work [4, 5], we therefore
count only “at-fault” collisions for the ego: rear-end colli-
sions caused by following vehicles are ignored, while lateral
collisions are still included.

B.2. RoaD fine-tuning

For RoaD rollout generation, we sample K=64 candidate
trajectories from the policy at a temperature of 0.8. To se-
lect the executed trajectory, we compute the ground-truth
distance d® as the average distance between the four cor-
ners of the ego vehicle along the predicted and ground-truth
trajectories over the first 20 time steps (2s). The same dis-
tance metric is used to decide whether to trigger the recov-
ery mode, with a threshold of d,,c=3 m. When recovery
is triggered, we linearly interpolate between the predicted
and ground-truth trajectories over N.=30 time steps and
follow the ground-truth trajectory thereafter. Recovery is
disabled in the last 4s of the episode because the controller
requires at least 4s of input trajectory.
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Figure 5. Snapshot of the WOSAC leaderboard with our SMART-tiny-CLSFT-RoaD entry highlighted (red box).
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