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Supplementary Material

In the supplementary material, we first present the method-
ology detail of our proposed VLA-World, including Group
Relative Policy Optimization (GRPO), short-term trajectory
prediction, and theoretical analysis of VLA-World. Then,
we provide the details of the datasets and implementation.
Furthermore, we present additional experimental results to
demonstrate the effectiveness of VLA-World.

A. Method Details
A.1. Group Relative Policy Optimization
In the final training stage of VLA-World, we adopt Group
Relative Policy Optimization (GRPO) [9] to unleash the
latent reasoning and decision-making capabilities. Un-
like traditional PPO [8], which relies on a computationally
heavy value function (Critic) that often struggles with high-
dimensional visual dynamics, GRPO operates in a value-
free paradigm. It leverages group-wise statistics to estimate
baselines, significantly reducing memory overhead while
stabilizing training.

For each driving scenario prompt o, the current policy
πθ samples a group of G candidate rollouts (outputs), de-
noted as {o, o1, . . . , oG}. These candidates represent diverse
reasoning paths, ranging from conservative yielding to as-
sertive maneuvering. Instead of relying on a neural reward
model, we employ a set of lightweight, rule-based verifiers
to compute rewards. These include outcome rewards (e.g.,
collision checking, generation quality, temporal consistency)
and format rewards (e.g., strict compliance with the required
output structure). Each rollout is evaluated to produce a
scalar reward set {r1, r2, . . . , rG}.

To determine the relative quality of each reasoning path,
we compute the normalized advantage for the i-th rollout
within the group:

Ai =
ri − µ

σ
, µ =

1

G

∑
j

rj , σ = std(r1, . . . , rG) (1)

This group-based normalization effectively serves as a dy-
namic baseline, encouraging the model to prioritize trajecto-
ries that outperform the group average. The policy is then
updated by maximizing the following surrogate objective:

J(θ) = E

[
1

G

G∑
i=1

min

(
πθ(τi | o)
πθold(τi | o)

Ai, clip
)]

− βDKL(πθ, πold).

(2)

where the KL-divergence term ensures the policy does not
deviate excessively from the reference model (the SFT check-
point), preventing reward hacking.

By optimizing this objective, VLA-World effectively per-
forms Self-Verification: it learns to implicitly discard hal-
lucinatory or unsafe trajectories and reinforces the internal
chain-of-thought that leads to compliant and safe driving
behaviors. This mechanism allows the model to refine its
logical consistency purely through rule-based feedback, re-
sulting in a robust planner that is both explainable and physi-
cally grounded.

A.2. Short-term Trajectory Prediction
To ensure the synthesized future views are physically plausi-
ble and consistent with the vehicle’s movement, we employ
a physics-grounded trajectory predictor. This module esti-
mates the ego-vehicle’s future position P̂t+τ at a look-ahead
horizon τ (e.g., 0.5s), conditioned on both the historical state
sequence H and the high-level mission goal g (e.g., Left).
We formulate this prediction as a superposition of inertial
dynamics and intentional control.
Kinematic State Estimation. First, we extract the vehicle’s
instantaneous kinematic state from the discrete historical
trajectory H = {Pt−N , . . . ,Pt}, where Pi ∈ R2 denotes
the coordinates in the ego-frame. We approximate the current
velocity vt and the historical inertial acceleration ahist using
a finite difference method:

vt =
Pt −Pt−1

∆t
, ahist =

vt − vt−1

∆t
(3)

where ∆t represents the sampling interval. The term ahist
captures the vehicle’s momentum prior to any new control
inputs.
Intention-Driven Refinement. A pure constant-
acceleration model often fails to capture sudden maneuvers
dictated by the mission goal. To address this, we introduce a
goal-conditioned acceleration term agoal. The navigational
command c is mapped to a target spatial offset or a virtual
waypoint, implying a required trajectory deviation. We
derive agoal as the constant acceleration required to shift the
vehicle from its current state St = {Pt,vt} to the target
state determined by c within the horizon τ .
Fusion and Prediction. The final predicted trajectory is
modeled as a linear fusion of the historical inertia and the
future intention. We define the effective acceleration aeff
using an adaptive weighting factor λ ∈ [0, 1]:

aeff = (1− λ)ahist + λagoal (4)

where agoal =
2
τ2 (∆Pideal − vtτ), and ∆Pideal represents

the theoretical displacement required by the command c.
Consequently, the predicted position P̂t+τ is computed via



the kinematic equation:

P̂t+τ = Pt + vtτ +
1

2
aeffτ

2 (5)

This formulation allows our model to seamlessly transition
between momentum-based continuity (e.g., straight-line driv-
ing) and intention-based maneuvering (e.g., sharp turns),
providing a robust geometric prior for the subsequent frame
generation process.

A.3. Theoretical Analysis of VLA-World
In this section, we provide a theoretical analysis for VLA-
World by formalizing autonomous driving as a joint opti-
mization problem. We demonstrate that VLA-World aligns
better with the driving objective than independent VLA or
World Model paradigms.
The Joint Modeling Objective. The central object of au-
tonomous driving is the joint distribution of the planned
ego-trajectory τt:t+H and the anticipated short-term future
environment xt+1, conditioned on observation history o1:t
and goal g. According to the probability chain rule, this joint
distribution factorizes as:

p(τt:t+H , xt+1 | o1:t, g) =
p(τt:t+H | o1:t, g)︸ ︷︷ ︸

Policy (Decision)

· p(xt+1 | o1:t, τt+1)︸ ︷︷ ︸
World Model (Imagination)

(6)

We define the ultimate driving objective J(ω) as the ex-
pected task return R (aggregating safety, comfort, and rule
compliance) over this joint distribution:

J(ω) = Epω(τ,x|o,g)
[
R(τt:t+H , xt+1)

]
(7)

Learning to drive is thus equivalent to learning a parameter
set ω that shapes this joint distribution to maximize reward.
VLA-World explicitly parameterizes and optimizes both fac-
tors in Eq. (6), whereas previous paradigms only address
one.
Analysis of VLA Models. A pure VLA model implicitly in-
tegrates out the future state xt+1, modeling only the marginal
policy distribution:

πVLA(τ | o, g) ≈
∫

p⋆(τ, x | o, g) dx (8)

From a variational inference perspective, ignoring the ex-
plicit future state x leads to a loose approximation of the
optimal policy. For any auxiliary distribution q(x | o, τ)
describing the environment dynamics, the log-likelihood of
the optimal policy is bounded by the Evidence Lower Bound
(ELBO):

log p⋆(τ | o, g) ≥ Ex∼q

[
log p⋆(τ, x | o, g)−log q(x | o, τ)

]
(9)

Theoretical Insight: A VLA model that discards xt+1 is
mathematically equivalent to optimizing a loose lower bound
where the predictive information about scene evolution is
lost. It tries to match the marginal directly without under-
standing the underlying causal variable x. In contrast, VLA-
World models the joint numerator p(τ, x | o, g) directly. By
explicitly generating xt+1, VLA-World tightens this bound,
effectively using the "imagined" future to reduce the uncer-
tainty in policy estimation.
Analysis of World Models. Classical world models focus
on learning the transition dynamics pWM(xt+1 | o, τ) via a
reconstruction objective:

JWM(θ) = E
[
− log pθ(xt+1 | o, τ)

]
(10)

Crucially, this objective is weakly coupled to the driving
decision. A world model seeks to maximize pixel fidelity,
not driving safety. The planning is typically performed by a
separate search procedure on top of this frozen model:

τWM = argmax
τ

Ex∼pWM [R(τ, x)] (11)

Theoretical Insight: Any mismatch between generative accu-
racy (reconstruction) and planning utility (safety) creates a
performance bottleneck. A high-fidelity simulation of a colli-
sion is valid for Eq. (11) but disastrous for the agent. Unlike
VLA-World, pure world models do not back-propagate the
decision reward R into the model parameters θ, leaving the
imagination disconnected from the consequence.
Analysis of VLA-World. VLA-World unifies the policy πω

and world model pω into a single autoregressive transformer.
The gradient of our objective J(ω) (from Eq. (7)) naturally
decomposes to update both components:

∇ωJ(ω) =

E
[
∇ω log πω(τ | o, g) ·R︸ ︷︷ ︸

Policy Gradient

+∇ω log pω(x | o, τ) ·R︸ ︷︷ ︸
World Model Gradient

]
(12)

This reveals the core mechanism: Both the decision term
and the imagination term are optimized by the same driving
reward R. In our implementation, we employ reinforcement
learning with GRPO. Let u denote the full sequence of to-
kens including trajectory τ , future frame x, and reasoning
language. We maximize:

JGRPO(ω) = Eu∼πω

[
log πω(u | o, g) ·A(u)

]
(13)

Because u contains the future-image tokens, the imagination
is no longer just minimizing reconstruction error; it is being
reinforced to generate futures that lead to high-reward out-
comes (e.g., highlighting risks that aid safety). This forms
an imagination-decision loop. Finally, we show that VLA-
World is a strictly more expressive hypothesis class than
either baseline.



VLA as a special case: If we mask the imagination branch
(force pω(x | . . . ) to be a delta function or ignore it), Eq. (6)
collapses to the marginal policy πω(τ | o, g), recovering a
standard VLA.

World Model as a special case: If we freeze the param-
eters of pω(x | o, τ) and use an external optimizer for τ ,
we recover the trajectory search of standard World Models
(Eq. (11)).

B. Experiments

B.1. Dataset

We evaluate trajectory planning and future frame generation
on the nuScenes dataset [1] following the traditional end-to-
end methods [2, 4, 6], VLA [5, 12, 15] and world models [7,
13, 14, 16]. The nuScenes comprises 1,000 driving scenes,
each about 20 seconds long, recorded with a 32-beam LiDAR
and six cameras offering a full 360-degree view. The dataset
includes 28,130 training samples, 6,019 validation samples,
and 193,082 unlabeled samples.

Pretraining Stage. To endow the VLM with an intuitive
understanding of physical dynamics, we construct a visual
generation pretraining dataset as shown in Fig. 1 (a) (≈500k).
In this stage, the model functions strictly as a generative
world model. The input prompt consists of current multi-
view observations alongside explicit definitions of the ego-
centric coordinate system and physical units. The objective
is to autoregressively predict the discrete visual tokens corre-
sponding to a future frame (e.g., ∆t = 0.5s) for a specified
camera view. This pretraining forces the model to internalize
spatiotemporal evolution laws, such as agent motion and ego
motion from large-scale data, establishing a foundational
imagination capability without the complexity of high-level
linguistic reasoning.

SFT and RL Stages. For the Supervised Fine-Tuning (SFT)
and Reinforcement Learning (RL) stages, we introduce a
multi-step learning paradigm as illustrated in Fig. 1 (b)
(≈20k). The input is augmented with detailed vehicle kine-
matics (velocity, acceleration), historical trajectories, and
high-level mission commands. The model output is struc-
tured into a causal reasoning sequence: it first parses the
scene via <perception> and estimates a short-term <predic-
tion>, which conditions the generation of the future <visual>
frame. Crucially, the model then explicitly reasons over this
imagined future in the <think> block to assess potential risks
before determining the high-level <action> and regressing
the precise long-term trajectory points in <answer>. This
structure unifies generation and planning, allowing GRPO-
based RL to optimize the consistency between the imagined
future and the executed safety maneuvers.

User: You‘re an autonomous agent. 
Coordinates: X-axis is perpendicular, and 
Y-axis is parallel to the direction you‘re 
facing. You’re at point (0,0). Units: 
meters. This is the CAM_FRONT image of 
the current frame, you can generate 
CAM_FRONT image at the 0.5 second in 
the future. 

(a) Pretrain

VLA-World: <visual><|3201|><|5650|><|14568|><|4649|><|16284|>
<|7406|><|10079|><|1101|><|9913|><|4199|><|13129|><|5459|><|488
4|><|8197|><|9094|><|11826|><|2606|><|8936|><|1678|><|11034|><|
7588|><|9520|><|11765|><|7376|><|9053|><|9784|><|8653|><|1415
|><|6608|><|3411|><|7268|><|1014|><|6360|><|1527|><|5656|>
These are the visual tokens of CAM_FRONT image at the 0.5 
second in the future. </visual>

(b) SFT and RL User: Here are current six images from the car.
Velocity (vx,vy): (+0.01,+0.51) Heading Angular 
Velocity (v_yaw): (-0.00) Acceleration (ax,ay): (-
0.03,+0.20) Historical Trajectory (last 2 
seconds): [(-0.02,-1.56), (0.01,-1.08), (0.02,-
0.81), (0.02,-0.51)]\nMission Goal: LEFT Traffic 
Rules: Avoid collision with other objects. please 
output the CAM_FRONT_LEFT image at the 0.5 
second in the future and plan waypoints (0.5s 
intervals) for the next 3 seconds.

VLA-World:<perception>Front object detections: Front object detected, 
object type: pedestrian, object id: 1, position: (-4.51, 3.25), size: (0.71, 
0.74)… Distance to both sides of road shoulders of current ego-vehicle 
location: Current ego-vehicle‘s distance to left shoulder is 1.5m and right 
shoulder is 14.0m.</perception>
<prediction>Based on the past trajectory, the predicted trajectory 0.5s 
later is (-0.04,0.52), and the direction is Left.</prediction>
<visual><|13289|><|15718|><|5836|><|14115|><|10457|><|1175|><|16359|><|5
454|><|3364|><|5096|><|10636|><|14899|><|3735|><|5422|><|6872|>…<|54
54|><|5746|><|11527|><|8178|><|9063|><|12329|><|2740|> These are the 
visual tokens of CAM_FRONT_LEFT image at the 0.5 second in the 
future.</visual>
<think>Notable Objects: pedestrian at (-4.51, 3.25). Potential Effects: 
within the safe zone of the ego-vehicle at 2.0 second.</think>
<action>TURN LEFT WITH A QUICK ACCELERATION</action>
<answer>[(-0.06,0.56), (-0.21,1.36), (-0.53,2.47), (-1.08,3.68), (-2.03,5.11), 
(-3.26,6.40)]</answer>

Figure 1. Data sample of (a) pretraining stage, (b) supervised fine-
tuning, and (c) reinforcement learning.

B.2. Implementation Details
We build our model upon the Qwen-VL family [11]. All
training stages, including pretraining, supervised fine-tuning,
and reinforcement learning, are conducted on 8 A100 GPUs,
and inference is performed on 4 A100 GPUs. The pretrain-
ing and supervised fine-tuning stages use the LLaMA Fac-
tory framework [17], and the reinforcement learning stage is
trained with the Easy-R1 framework [10]. We adopt multi-
view images as input and set the maximum pixel count to
524,288, with a gradient accumulation step of 2. During pre-
training, the model is trained for 30 epochs using AdamW
with an initial learning rate of 5 × 10−4 and a per-device
batch size of 16. For supervised fine-tuning, we train for 12
epochs with AdamW and an initial learning rate of 1× 10−4.
Starting from the supervised fine-tuning checkpoint, we fur-
ther optimize the model for one epoch using Group Relative
Policy Optimization. The policy is trained with a learning
rate of 1× 10−6 and a global batch size of 16. To retain the
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Figure 2. Comparison between our VLA-World and the state-of-the-art FSDrive [15] on generating the future frame at next 0.5 seconds.

Table 1. Evaluation of trajectory planning L2 errors (ST-P3) on
nuScenes with varying input view resolutions.

Res. L2 Error (m) ↓

1s 2s 3s Avg.

36000 0.03 0.14 0.98 0.38
52884 0.11 0.27 0.52 0.30

behavior learned during supervised fine-tuning and ensure
stable optimization, we apply a KL divergence regularization
term with a coefficient of 1 × 10−2. For each prompt, we
sample 8 candidate responses to estimate the policy gradient.
A cosine learning rate scheduler with a warm-up ratio of 0.1
is applied throughout all training stages to stabilize early opti-
mization. We evaluate trajectory planning performance using
L2 displacement error and collision rate, following widely
adopted protocols in prior work [2, 3, 6, 12, 15]. UniAD [4]
computes both metrics at each individual timestep, whereas
ST P3 [3] and VAD [2, 6] report the average values over
all preceding timesteps. For fair comparison, we follow the
respective evaluation strategies of each method. In addi-
tion, consistent with recent approaches in generative predic-
tion [13, 14], we adopt the Fréchet Inception Distance to
quantify the visual fidelity of synthesized future frames.

B.3. More Discussion

Effectiveness of Input Resolution. Tab. 1 investigates the
sensitivity of our model to input view resolutions. The results
demonstrate that higher resolution inputs generally yield bet-
ter planning performance, particularly over longer time hori-
zons. Although the lower resolution (36, 000) is competitive
at short intervals (1s), the higher resolution model (52, 884)
demonstrates superior robustness, achieving the lowest av-
erage L2 error of 0.30m. This indicates that maintaining

Table 2. Evaluation of trajectory planning L2 errors (ST-P3) on
nuScenes with varying model sizes.

Method L2 Error (m) ↓

1s 2s 3s Avg.

Qwen2-VL-2B 0.11 0.27 0.52 0.30
Qwen2.5-VL-3B 0.05 0.08 0.76 0.29
Qwen2-VL-7B 0.03 0.03 0.47 0.18

Table 3. Evaluation of trajectory planning L2 errors (ST-P3) on
nuScenes with training strategy.

Method L2 Error (m) ↓

1s 2s 3s Avg.

w/o. Mixed 0.27 0.47 0.73 0.49
Qwen2-VL-2B 0.11 0.27 0.52 0.30

high-fidelity visual information is crucial for mitigating er-
ror accumulation in trajectory prediction.
Effectiveness of Model Size. Tab. 2 presents an ablation
study on the effect of model size by varying the backbone
among Qwen2-VL-2B, Qwen2.5-VL-3B, and Qwen2-VL-
7B. The results demonstrate a clear scaling law: increasing
the model capacity significantly enhances trajectory planning
performance. The Qwen2-VL-7B model achieves state-of-
the-art results with an average L2 error of 0.18m, outper-
forming the 2B and 3B variants by a substantial margin
(approximately 40% relative improvement). This suggests
that the stronger reasoning and generalization capabilities
inherent in larger parameters are essential for handling the
complex causal dependencies in autonomous driving scenar-
ios, particularly for maintaining accuracy over longer time
horizons (e.g., reducing 3s error to 0.47m).
Effectiveness of Training Strategy. In Tab. 3, we conduct
an ablation study to verify the contribution of our multi-task
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Figure 3. Comparison of 3-second future trajectory predictions generated by our VLA-World and the state-of-the-art FSDrive [15]. Zoom in
for a better view.

mixed dataset. We compare the full Qwen2-VL-2B model
against a baseline trained without mixed data (w/o. Mixed).
The results reveal that removing the diverse supervision
signals leads to a significant performance degradation, with
the average L2 error increasing from 0.30m to 0.49m. This
substantial gap underscores the critical role of mixed-task
training (combining perception, reasoning, and planning) in

learning robust feature representations, enabling the model
to generalize better across varying time horizons.

B.4. More Visualization

We visualize the generation and trajectory planning results
with the SOTA FSDrive [15]. More visualization results can
be found in the video demo in our supplementary materials.



Generation Results. We present a qualitative comparison
of the generated 0.5s future frames in Fig. 2. As illustrated
by the red-highlighted regions, the baseline method (FS-
Drive, bottom row) struggles to maintain object coherence
during the prediction horizon. It exhibits noticeable artifacts,
including geometric distortion of vehicles and a loss of high-
frequency details in the background, indicating a lack of
robust spatiotemporal constraints. Conversely, VLA-World
(top row) demonstrates significantly improved visual fidelity.
By effectively leveraging the trajectory-aware conditioning,
our model preserves the structural rigidity of dynamic agents
and the sharpness of the scene. The generated frames ex-
hibit high photorealism and consistency, validating that our
short-term prediction successfully mitigates the hallucina-
tion artifacts common in pure VLA.
Trajectory Planning. We provide visualizations of the 3-
second future trajectories predicted by VLA-World and FS-
Drive. As shown in Fig. 3, VLA-World produces noticeably
more precise trajectory predictions than FSDrive, especially
near the 3-second horizon where the deviation from the
ground truth becomes minimal. This improvement stems
from our paradigm: first predicting the future state, then gen-
erating the corresponding 0.5-second future frames based
on that prediction, and finally reasoning over the imagined
scene to refine the outcome. In contrast, FSDrive lacks such
reflective and iterative reasoning capabilities, which leads to
cumulative drift over longer temporal horizons.
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