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Supplementary Material

1. Appendix

We organize the supplementary material as follows. First, in
Sec.2 we discuss IRL-VLA’s main contribution and broader
impacts. In Sec.3, we provides details of the evaluation met-
rics used on NAVSIM and describes IRL-VLA’s implemen-
tation much more details for image backbone, semantic rea-
soning and 3d reasoning, including all key hyperparameters.
Sec.4 we presents additional qualitative results, including
extensive visualizations on NAVSIM and Bench2Drive. In
Sec.5 we discuss the limitation of the IRL-VLA.

2. Main Contribution and Broader Impacts

The framework of VLA. We propose a VLA architec-
ture that simultaneously incorporates the scenario general-
ization capability of LLM-based methods [3, 14] and the
strong 3D understanding capacity [1, 2, 11, 12] of E2E mod-
els. Compared to existing end-to-end (E2E) solutions on
NavSim[2, 11, 12] , our work extends a more robust and
comprehensive BEV representation[5] in engineering prac-
tice. This is achieved by simultaneously integrating learn-
ing tasks such as semantic segmentation, vectorized object
detection, and high-precision vector map reconstruction.

Why use RL? The VLA[3] and end-to-end[2, 12] ap-
proaches for imitation learning primarily focus on mini-
mizing the discrepancy between predicted trajectories and
ground truth trajectories. However, these methods gener-
ally exhibit suboptimal performance in closed-loop evalu-
ation. Among existing closed-loop evaluation approaches
on NavSim, state-of-the-art algorithms are predominantly
scorer-based methods[10, 11]. These approaches predict
multiple trajectories along with their corresponding scores
and employ rule-based selection mechanisms to choose
the optimal trajectory based on these scores. To achieve
higher scores, these methods typically need to predict a
larger number of trajectories, thereby expanding the selec-
tion space. In contrast, our proposed IRL-VLA leverages
reinforcement learning to enable the model to directly learn
the optimal policy, rather than merely imitating historical
trajectories or pursuing high-scoring trajectories. This al-
lows our method to achieve superior performance during
inference with only a minimal number of candidate trajec-
tories.

Why use Reward World Model? When employing re-
inforcement learning, it is necessary to compute the reward
for trajectories predicted by the policy in real time. Existing
approaches typically feed the predicted trajectories directly
into a simulator, which then calculates the correspond-
ing rewards—a methodology known as RLVR (Reinforce-

ment Learning with Verifiable Rewards)[13]. However, this
simulation-based reward computation requires significant
time overhead and necessitates a heterogeneous comput-
ing pipeline to balance the time costs between RL sampling
and simulator execution. This complexity in pipeline de-
sign leads to challenges in cluster management for large-
scale applications. Our proposed Reward World Model of-
fers a distinct solution by adopting the RLAIF (Reinforce-
ment Learning with Al Feedback) paradigm[7]. This ap-
proach involves training a reward world model on large-
scale datasets, enabling the direct use of this model to ob-
tain rewards during the reinforcement learning process. By
decoupling the complex environment setup from the rein-
forcement learning framework, our method achieves greater
simplicity and efficiency in large-scale applications.

In summary, our work successfully streamlines a com-
plex autonomous driving reinforcement learning architec-
ture—which originally relied on simulators and heteroge-
neous distributed computing—into an elegant and unified
reinforcement learning framework consisting of a policy ac-
tion model and a reward world model.

3. Implementation Details

3.1. Image backbone

We use an energy efficient backbone for real-time
VoVNetv2-99[8, 9] for our image backbone. The input
camera is set to a resolution ofof 256 x 704.

3.2. Semantic reasoning

To enhance the processing and fusion efficiency of mul-
timodal information in autonomous driving scenarios, we
propose the VLM Command Guidance module (incorpo-
rating multi-class speed-planning and path-planning com-
mands) to optimize the traffic efficiency of autonomous
driving models. This module is built upon the Senna-
VLM][6] framework, which employs a multi-image en-
coding strategy and multi-view prompting mechanisms to
achieve efficient and comprehensive scene understanding.
The details of VLM Command are shown below:

Speed Plan Command: Emergency Decel, Full Stop,
Creeping, Regenerative Braking, Controlled Decel, Mild
Decel Linear, Mild Decel, Mild Accel, Mild Accel NonLin-
ear, Mild Accel Linear, Aggressive Accel, Constant Speed
Loose, Constant Speed Strict

Path Plan Command: Swerving, Sharp Left Turn,
Slight Left Turn, Sharp Right Turn, Slight Right Turn,
Straight Strict, Left LaneChange, Lane Micro Adjust, Right
LaneChange



3.3. 3D reasoning

To enhance 3D reasoning in autonomous driving scenarios,
we train 3d object detection, hd map construction and bev
segmentation in BEV representation. And use this BEV fea-
ture, 3d object embedding and hd map embedding as con-
ditions in diffusion process. The BEV grid size is set to
128 x 128, covering a perception range of 64 x 64 meters
along the x and y directions in the ego coordinate space. We
aggregate features from 30 agents and one ego vehicle to
provide implicit guidance for the subsequent trajectory dif-
fusion process. Additionally, the explicit outputs of objects
and maps enable the planner to perform collision detection
and drivable area checks, enhancing the planning process
beyond feature-based trajectory selection alone.

3.4. NAVSIM V2 Metrics

The NAVSIMV2 Navhard benchmark provides a non-
reactive simulation environment and employs the Extend
Predictive Driver Model Score (EPDMS) as its close-loop
planning metric:
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where EPDMS integrates two sub-metrics group:
Mpew = {NC,DAC,DDC,TLC} and M,, =

{TTC,EP,HC,LK,EC}. No At-Fault Collision (NC),
Drivable Area Compliance (DAC), Driving Direction
Compliance (DDC), Lane Keeping(LK),Time-to-Collision
(TTC), History Comfort (HC), Extended Comfort(EC),
Traffic Light Compl. (TLC) and Ego Progress (EP) to
produce a comprehensive closed-loop planning score.

3.5. Bench2Drive Metrics

We summarize here the evaluation metrics used in the
Bench2Drive benchmark[4], which are adopted in our ex-
periments. These metrics are designed for closed-loop end-
to-end autonomous driving and capture task success, rule
compliance, efficiency, and ride comfort.

Success Rate measures whether the agent can reach the
destination within the time limit while strictly following
traffic rules. A route is counted as successful only if no
infractions occur and the full mission is completed.

Driving Score extends the official CARLA driving score
by jointly considering route completion and penalties for
different types of infractions. It reflects the agent’s ability to
progress toward the goal while maintaining safe and lawful
behavior.

Driving Efficiency evaluates whether the ego vehicle
maintains an appropriate speed relative to surrounding traf-
fic. The score is computed at multiple checkpoints dis-
tributed along the route and reflects the agent’s capability
to drive efficiently rather than overly conservatively.

Comfortness assesses driving smoothness based on ac-
celeration, jerk, yaw dynamics, and other indicators of ride
quality. Bench2Drive evaluates smoothness on short tra-
jectory segments, ensuring stability against isolated outlier
frames. This metric reflects passenger comfort and the nat-
uralness of the agent’s motion.

4. More Qualitative Results
4.1. Compare with other SOTA

In the Figure. 1, we present different stages of the Navsimv2
navhard dataset: stage 1 contains real-world data, while
stage 2 consists of synthetic scenario data.  Over-
all, we compared with IRL-VLA-IL, the reinforcement-
learning—driven IRL-VLA achieves higher traffic efficiency
and improved safety.

Specifically, in stage 1, Figures 2 and 4, the trajec-
tory of IRL-VLA-IL nearly comes to a stop, whereas IRL-
VLA successfully passes through. In stage 1, Figures 1
and 3, IRL-VLA produces trajectories that are more com-
fortable and efficient than those generated by imitation-
learning—based methods.

For the synthetic scenarios, in stage 2, Figures 1, 2, and
4, IRL-VLA again demonstrates higher traffic efficiency
than the imitation learning baselines. In stage 2, Figure 3,
the lead vehicle is stationary; the trajectory from IRL-VLA-
IL leads to a collision (due to similar non-synthetic scenar-
ios in which the lead vehicle is moving), while IRL-VLA
safely avoids the situation.

4.2. Failure Cases

In the Figure.2, we also present IRL-VLA failure cases on
Navsim benchmark. In the failure cases, we still observe
several problematic situations, such as unsafe driving or vi-
olations of traffic rules. In Figure 1, IRL-VLA-IL drives in
the wrong direction, while IRL-VLA runs onto the curb. In
other images, the ego vehicle is positioned in the oncoming
lane in the synthetic data, and none of the trajectories return
successfully to the correct lane.

5. Limitation

Although IRL-VLA demonstrates SOTA performance on
the NAVSIMv2 navhard benchmark, several limitations
should be acknowledged for completeness. 1) Although
the RWM removes the need for a high-fidelity simulator,
it relies on rule-based EPDMS metrics as supervision sig-
nals. These metrics reflect human-designed heuristics rather
than real human preferences, which may limit alignment
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Figure 1. Comparisons on the NAVSIM V2 Navhard benchmark.

with human comfort and social norms. Incorporating hu-
man feedback or preference-based rewards is left for future
work. 2) While simulation-free RL improves scalability,
the lack of environment interaction also restricts the pol-

icy’s ability to recover from compounding errors or explore
novel emergent behaviors. The RWM approximates reward
but does not model dynamic environment transitions, which
means IRL-VLA still inherits part of imitation learning’s
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Figure 2. Failure cases of IRL-VLA on the NAVSIMV2 Navhard benchmark.

covariate shift.
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