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Supplementary Material

In this supplementary material, we present compre-
hensive implementation details regarding data construction
(Section 7) and reward design (Section 8), as well as ad-
ditional experimental results, including ablation studies on
the training pipeline and visualizations of the trajectory re-
finement process (Section 9).

7. Data Construction Details

7.1. Details of Pre-training Data
We assembled a diverse collection of open-source driving
QA datasets followed by ReCogDrive[19], including Driv-
eLM [32], LingoQA [28], ImpromptuVLA [5], NuScenes-
QA [29], NuInstruct [9], OminiDrive [34].

7.2. Details of SFT Dataset
CoT Construction. Following the data construction
paradigm outlined in [25], we generate high-quality CoT
supervision by systematically synthesizing future trajectory
data with scene-level semantics. In terms of dynamic en-
tities, we filter and identify agents that actively interact
with the ego vehicle based on spatio-temporal relationships.
These agents are classified into three distinct categories:
CIPO-1 refers to the leading vehicle in the current lane
which primarily imposes longitudinal constraints; CIPO-2
includes vehicles from adjacent lanes that are inferred to
merge or cut in based on lane geometry and relative ve-
locity; and motion interaction encompasses entities whose
predicted trajectories spatially intersect with the ego vehi-
cle, indicating a high risk of collision. Regarding static el-
ements, we leverage the NAVSIM map to reconstruct lane
topology and extract critical boundary features, such as road
curvature and lane centerlines, to ensure the drivable area is
strictly defined. Furthermore, Qwen3-VL-32B is employed
to provide fine-grained descriptions of environmental at-
tributes, translating visual cues. By integrating these dy-
namic interactions, static constraints, and semantic descrip-
tions, we curate scenarios to construct step-wise reasoning
annotations that logically bridge perception, prediction, and
planning. Details of CoT are shown in Fig. 10 and Fig. 11.
Base Inputs and Feedback Inputs Construction. For the
base inputs, we provide the vehicle’s current velocity, ac-
celeration, and historical trajectory as prompts to help the
model better predict its path, as shown in Fig. 6. For the
feedback inputs, we use Qwen3VL-32B to generate struc-
tured feedback by prompting it with the Wrong Trajectory
(ow), Ground Truth (ogt), detailed Navsim Metric Scores,

and task requirements. These explicit inputs enable the
teacher model to diagnose failure causes and generate de-
tailed corrective guidance. Details are shown in Fig. 7.

SFT Data Construction. To equip the model with a pre-
liminary capability for trajectory refinement, we construct
a feedback dataset by randomly sampling 4k correct and
4k incorrect responses from generated trajectories during
the inference stage. These responses are paired with cor-
responding feedback based on their evaluation against a
PDMS threshold s. Specifically, trajectory of responses
scoring above s are designated as “correct” (oc) and are ac-
companied by rule-based feedback (frule) to reinforce suc-
cessful behaviors. Conversely, responses trajectory scoring
below s are labeled as “wrong” (ow) and are associated with
teacher-guided feedback (f teacher), which provides correc-
tive feedback via inference from Qwen3-VL-32B.

8. Method Details

8.1. Detailed Rewards Design in RL

PDMS Reward. We input the trajectories predicted by
the model into the Navsim simulator for evaluation. The
simulator evaluates the driving quality of each trajectory
based on several key metrics, including No At-Fault Col-
lisions, Drivable Area Compliance, Ego Progress, Time to
Collision, and Driving Comfort. It then produces a com-
posite score, known as the Predictive Driver Model Score
(PDMS), which serves as the reward signal for this compo-
nent. This evaluation metric, PDMS, is used for the trajec-
tory reward rtraj, a continuous value ranging from 0 to 1.

Format Reward. The reward term rfmt is designed to
enforce structural validity, offering a total of 1.0 point
distributed evenly between two requirements. The first
half (0.5 point) is awarded if the output correctly incor-
porates two distinct sections: <think>...</think> and
<answer>...</answer>. The remaining 0.5 point validates
the syntax of the predicted trajectory points, ensuring the
output is well-formed and machine-parsable.

Goal Reward. To promote precise alignment between the
predicted endpoint and the ground truth, we employ a piece-
wise reward function, rgoal, calculated via the L1 distance.
The specific formulation is defined as follows:



Figure 6. Prompt design of VLA Model (Base Inputs).

Figure 7. Prompt design of Teacher Model (Feedback Inputs).

rgoal =



1 if 0 < dis < 2

0.8 if 2 ≤ dis < 4

0.6 if 4 ≤ dis < 6

0.4 if 6 ≤ dis < 10

0.2 if 10 ≤ dis < 15

0 if dis > 15

(10)

9. Experiment Details

9.1. Implementation Details
Model Architecture. We use InternVL3-8B [42], a
vision-language foundation model that combines a 300M-
parameter InternViT visual encoder with a 7B-parameter
Qwen2.5 language model. It features a resolution-adaptive
visual input mechanism that processes images by dynami-
cally adjusting the scale and granularity of feature extrac-
tion based on the content. This design specifically applies
fine-grained processing to complex regions and coarse fea-
ture extraction to simpler areas. This enables the model
to maintain high visual fidelity while optimizing computa-
tional efficiency.
Training Parameters and Hardware Configuration. The
training process comprises three stages: The first stage
conducts supervised fine-tuning on a large-scale, high-
quality driving knowledge dataset with diverse instruction-
following examples and scene-aware annotations, using 2
epochs, a batch size of 1, a learning rate of 1 × 10−5, 4
gradient accumulation steps, 0.05 weight decay, and 0.05
weight ratio. The second stage further fine-tunes the model
on a NAVSIM planning dataset (with CoT annotations) and
the feedback dataset, employing 2 epochs, a batch size of 2,
a learning rate of 4 × 10−5, 2 gradient accumulation steps,
and retaining the same weight decay and ratio (0.05 each).
The third stage applies reinforcement learning with GRPO
on a curated Navsim planning dataset, using a learning rate
of 2 × 10−6, a batch size of 3, 16 gradient accumulation

steps, 0.05 weight decay, 0.05 weight ratio, 8 generations, a
temperature of 1.2, and 2 iterations. This stage utilizes 32
NVIDIA H20 GPUs. Additionally, we configure the thresh-
old s = 0.8, the policy shaping parameter γ = 0.1, and set
the refinement response to k = 1. All experiments are con-
ducted on NVIDIA H20 GPUs, using PyTorch 2.5.0 with
CUDA 12.3 under Ubuntu. The first two stages are trained
with 16 GPUs for approximately 2 days and 8 hours, re-
spectively, the third stage with 32 GPUs for 18 hours. Dur-
ing inference, to generate CoT and trajectory, our model
achieves a latency of 0.1s (accelerated by vLLM). Detailed
hyperparameters are shown in Tab 7.

Table 7. Training hyperparameters of ELF-VLA

Stage Hyper-parameter Value

Pretrain

Epochs 2
Batch size 1
Learning rate 1× 10−5

Gradient accumulation steps 4
Weight decay 0.05
Weight ratio 0.05

2

Epochs 2
Batch size 2
Learning rate 4× 10−5

Gradient accumulation steps 2
Weight decay 0.05
Weight ratio 0.05

3

Epochs 3
Batch size 2
Learning rate 2× 10−6

Gradient accumulation steps 16
Weight decay 0.05
Weight ratio 0.05
Number of generations 8
Number of iterations 2
Temperature 1.2
Threshold(s) 0.8
Number of refiniements 1
Policy shaping weight(γ) 0.1



Figure 8. Comparison of feedback mechanisms. Unlike the binary signals in Rule-GRPO (a), our teacher-based feedback in ELF-
VLA (b) provides structured diagnostics and concrete, actionable strategies to guide trajectory refinement.

Metric. To evaluate trajectory prediction within the
NAVSIM benchmark, we adopt the Predictive Driver Model
Score (PDMS) for NAVSIMv1 [7] and the Extended Pre-
dictive Driver Model Score (EPDMS) for NAVSIMv2 [2]
as our primary closed-loop planning metrics.

For NAVSIMv1, PDMS integrates five sub-metrics: No
At-Fault Collision (NC), Drivable Area Compliance (DAC),
Time-to-Collision (TTC), Comfort (C), and Ego Progress
(EP) to produce a comprehensive closed-loop planning
score. Its calculation formula is defined as follows:

PDMS = NC×DAC×
(
5× EP + 5× TTC + 2× C

12

)
,

(11)
For NAVSIMv2, EPDMS metric includes several com-

ponents categorized as penalties or weighted subscores. Its
key metrics are No at-Fault Collision (NC), Drivable Area
Compliance (DAC), Driving Direction Compliance (DDC),
Traffic Light Compliance (TLC), Ego Progress (EP), Time
to Collision (TTC), Lane Keeping (LK), History Comfort
(HC), and Extended Comfort (EC). Its calculation formula
is defined as follows:

EPDMS = NC ×DAC ×DDC × TLC×(
5EP + 2LK + 2HC + 5TTC + 2EC

16

)
.

(12)

Comparison of Feedback Mechanisms. As outlined
in Sec 4.2, the distinction between Rule-GRPO and ELF-
VLA lies fundamentally in the mechanism and granularity
of the feedback. Rule-GRPO relies on static heuristics that
provide binary feedback which simply indicates correct-
ness or failure, subsequently referencing the ground truth
to guide the regeneration of the correct answer. In contrast,
ELF-VLA generates online, instance-specific feedback. By

leveraging the fine-grained metrics within PDMS, it ana-
lyzes the specific causes of error for each faulty trajectory,
providing detailed reasoning and constructive guidance to
steer the correction process. As illustrated in Fig. 8, rule-
based feedback offers limited constraints, and ELF-VLA’s
feedback delivers comprehensive diagnostics for precise
trajectory optimization.
High-Level Planning Accuracy. To evaluate the model’s
decision-making capabilities, we employ the high-level
planning accuracy metric, which assesses the precision
across two distinct dimensions: longitudinal speed and lat-
eral path. The longitudinal dimension classifies vehicle be-
havior into four discrete states: accelerate, decelerate, main-
tain speed, and stop. The lateral dimension encompasses
five directional maneuvers: keep lane, turn left, turn right,
change to the left lane, and change to the right lane. As
illustrated in Fig. 9, the ground truth labels are derived di-
rectly from the trajectories. Specifically, longitudinal states
are determined by calculating acceleration via a sliding win-
dow. For lateral maneuvers, we construct a road topology
graph to identify the specific action based on the alignment
between the future path and the lane structure.

9.2. More Ablation Studies
On Training Pipeline. Tab. 8 presents the ablation results
of the three-stage training pipeline for ELF-VLA. Using
only NAVSIM trajectory data for SFT, the model achieves a
PDMS of 85.3. Adding pretraining on a large-scale driving
QA dataset boosts the score to 87.4 PDMS, representing
a 2.1 increase. Incorporating Feedback-Grpo further im-
proves performance to 91.0 PDMS, a gain of 3.6. These
results demonstrate that both pretraining and the Feedback-
Grpo strategy play a crucial role in enhancing the model’s
understanding and reasoning capabilities.



Figure 9. Illustration of high-level actions and ground truth generation. The top panels list the discrete categories for longitudinal and
lateral planning. The bottom panels demonstrate the labeling criteria: longitudinal states are determined by sliding-window acceleration
analysis, while lateral behaviors are identified based on the relationship between the vehicle’s trajectory and map topology.

Table 8. Ablation Study on ELF-VLA Components. We evalu-
ate the effect of pre-training, supervised fine-tuning, and reinforce-
ment learning on driving performance using NAVSIM benchmark.

Model NC↑ DAC↑ TTC↑ CF↑ EP↑ PDMS↑

SFT 98.5 93.4 95.1 100 78.8 85.3
Pre+SFT 98.5 95.5 95.3 100 81.2 87.4
Pre+SFT+RL 98.9 98.1 96.0 100 85.3 91.0

Table 9. Performance of ELF-VLA without pre-training. “w/o”
denotes “without”.

Method NC↑ DAC↑ TTC↑ CF↑ EP↑ PDMS↑

InternVL3-8B(w/o pretrain) 97.9 93.9 94.4 100 82.8 86.9
ELF-VLA-8B(w/o pretrain) 98.1 97.0 94.4 100 86.2 90.0

On Pre-training for Feedback-GRPO. We conducted an
ablation study excluding pre-training datasets (see Tab. 9).
Even without pre-training, ELF-VLA achieves 90.0 PDMS,
surpassing the baseline (86.9 PDMS) by +3.1. This con-
firms that the performance gains are primarily driven by our
GRPO design rather than just pretrain data.
On Feedback Threshold s. We investigate the sensitivity
of the threshold s, which serves as the criterion for trigger-
ing the teacher model’s feedback mechanism (as formulated
in Sec. 3.1). Specifically, the teacher is invoked to generate
refinement guidance only when the model’s response score
falls below s. As shown in Tab. 10, the model achieves peak
performance at s = 0.8. Lower thresholds (e.g., 0 and 0.5)
yield suboptimal results, primarily because they restrict the
scope of correction to complete failures (score 0), neglect-
ing marginally poor samples that still require improvement.
By setting s = 0.8, we effectively expand the refinement
scope to capture and correct these suboptimal cases. Con-
versely, aggressively increasing the threshold to 0.9 leads

Table 10. Ablation Study on the Feedback Threshold s.

Threshold NC↑ DAC↑ TTC↑ CF↑ EP↑ PDMS↑

0 98.4 97.1 94.3 100 84.7 89.4
0.5 98.6 97.4 95.3 100 84.9 90.1
0.9 98.4 97.3 94.9 100 84.8 89.8
0.8 98.9 98.1 96.0 100 85.3 91.0

to a performance degradation. This suggests that samples
scoring in the range of [0.8, 0.9) are already sufficiently
high-quality. Forcing refinement on these valid responses
yields no positive gain and may instead introduce noise,
causing the optimization process to diverge from the opti-
mal policy. Consequently, our ELF-VLA employs s = 0.8
to balance correction coverage and training stability.

9.3. Visualization of Refinement Process
Fig. 10 and Fig. 11 presents additional qualitative exam-
ples demonstrating the efficacy of ELF-VLA in complex
scenarios. As illustrated, our structured feedback mecha-
nism plays a critical role in the refinement loop. First, it
validates the correctness of high-level planning decisions.
Second, and crucially, it rectifies the intermediate CoT rea-
soning process. This step effectively mitigates the risk of er-
ror accumulation, ensuring that the CoT serves its intended
purpose of enhancing trajectory prediction rather than intro-
ducing hallucinations or cascading faults. To achieve this,
we leverage the spatial reasoning capabilities of the teacher
model (Qwen3-VL-32B) to provide precise localization of
key obstacles. Furthermore, aided by the granular scoring
within PDMS, we conduct a detailed diagnosis of failure
modes, specifically categorized into safety failures and effi-
ciency failures. This comprehensive analysis culminates in
the generation of concrete, actionable correction strategies
to refine the final output.



Figure 10. Visualization of trajectory refinement process by ELF-VLA on the NAVSIM dataset. Visualization of the initial Wrong
Trajectories (red), the Ground Truth (green), and the final Refined Trajectory (blue).

Figure 11. Visualization of trajectory refinement process by ELF-VLA on the NAVSIM dataset. Visualization of the initial Wrong
Trajectories (red), the Ground Truth (green), and the final Refined Trajectory (blue).


