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Fig. 1: Top Left: trajectory-conditioned visual generation. Top Right: VLM-instructed
E2E Planning. Bottom: our unified future world modeling method. Compared with con-
ditioned future image generation models and VLM-instructed planning method, our
framework establishes the connection among the reasoning, action and visual genera-
tion spaces via joint VLM-guided trajectory planner and future frame generation.

Abstract. World models have become central to autonomous driving,
where accurate scene understanding and future prediction are crucial
for safe control. Recent work has explored using vision–language models
(VLMs) for planning, yet existing approaches typically treat perception,
prediction, and planning as separate modules. We propose UniDrive-
WM, a unified VLM-based world model that jointly performs driving-
scene understanding, trajectory planning, and trajectory-conditioned fu-
ture image generation within a single architecture. UniDrive-WM’s tra-
jectory planner predicts a future trajectory, which conditions a VLM-
based image generator to produce plausible future frames. These predic-
tions provide additional supervisory signals that enhance scene under-
standing and iteratively refine trajectory generation. We further compare
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discrete and continuous output representations for future image predic-
tion, analyzing their influence on downstream driving performance. Ex-
periments on the challenging Bench2Drive benchmark show that UniDrive-
WM produces high-fidelity future images and improves planning perfor-
mance by 7.3% in L2 trajectory error and 10.4% in collision rate over
the previous best method. These results demonstrate the advantages
of tightly integrating VLM-driven reasoning, planning, and generative
world modeling for autonomous driving. The project page is available at
https://unidrive-wm.github.io/UniDrive-WM.
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1 Introduction

Recent progress in multimodal large language models (MLLMs) has been pro-
pelled by the strong perception, reasoning, and instruction-following capabili-
ties of vision–language models (VLMs). In parallel, visual generation has ad-
vanced along two complementary lines: autoregressive (AR) token prediction
and diffusion-based continuous generation—enabling high-fidelity image synthe-
sis across diverse tasks. Motivated by these trends, a growing body of unified
models seeks to couple understanding and generation within a single VLM, al-
lowing the system to “think and generate” in a shared semantic space [5, 28, 55].

In autonomous driving, world models [35, 66, 66] are typically defined as
learned models that infer a latent representation of the current scene and pre-
dict future states conditioned on actions, ideally enabling robust planning and
control. While several VLM-based approaches have been explored, many rely
on text-only intermediates, first producing natural-language descriptions of fu-
ture trajectories or scenes, and then invoking a separate stage to decode tra-
jectories or render images. This pipeline introduces an information bottleneck:
rich visual–geometric cues are abstracted into text, incurring inevitable loss and
compounding errors across stages. Meanwhile, generative models can generate
visually plausible frames, but they typically lack explicit state estimation and
reasoning. In particular, they do not maintain structured representations of the
scene and cannot reliably condition on multi-view cues or high-level instructions,
which provides no differentiable bridge to the action space for verifiable planning.
Consequently, they struggle to answer causal queries (e.g., “what if the pedes-
trian accelerates?”), to enforce safety constraints, or to propagate plan-consistent
signals back into perception. In reality, a driver’s cognition is inherently joint:
perceive the current scene, anticipate the future trajectory, and imagine the next
visual scene. This motivates a unified formulation in which understanding, plan-
ning, and visual prediction are learned end-to-end within a single VLM frame-
work, allowing information to flow bidirectionally between reasoning, action, and
generation.

We present UniDrive-WM, a unified world model that jointly performs
scene understanding, trajectory planning, and future image generation within
a VLM-centric architecture. As illustrated in Fig. 1, multi-view observations,
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temporal history, and perception cues (e.g., subject bounding boxes) are en-
coded and projected into an LLM reasoning space. A trajectory planner then
produces a differentiable latent distribution over waypoints, bridging the rea-
soning (language–vision) space and the numeric action space. Conditioning on
the predicted trajectory, UniDrive-WM further performs trajectory-conditioned
future image prediction via two complementary designs: (i) a discrete AR path-
way that expands the visual codebook and detokenizes with MoVQGAN, and
(ii) an AR+diffusion pathway that predicts continuous latent features with a
flow-matching objective before pixel decoding. This design alleviates text-only
bottlenecks and enables bidirectional coupling—both information flow and gra-
dient flow—between reasoning, action, and generation. Extensive experiments
on the challenging Bench2Drive and nuScenes datasets show that UniDrive-WM
generates high-fidelity future image frames and outperforms counterpart meth-
ods on planning tasks across both open-loop and closed-loop metrics.

Our main contributions are summarized as follows:

– We present UniDrive-WM, a unified vision–language world model (VLM)
that seamlessly integrates scene understanding, trajectory planning, and fu-
ture image generation, enabling direct visual reasoning from spatio–temporal
observations.

– We develop and analyze two complementary decoding paradigms for trajectory-
conditioned future image prediction: a discrete autoregressive (AR) pathway
and a continuous AR+diffusion pathway, revealing their respective advan-
tages and trade-offs for autonomous driving.

– Extensive experiments demonstrate that our unified framework achieves
high-fidelity, planning-conditioned visual generation and significantly im-
proves both planning accuracy and perception performance on standard
driving benchmarks, verifying the effectiveness of the proposed framework.

2 Related Work

World Models for Autonomous Driving. The commonly accepted descrip-
tion of world models is understanding the current state and predicting the fu-
ture state. For autonomous driving tasks, recent world-modeling-based meth-
ods aim to infer the ego status and dynamic environments from past obser-
vations to enable future planning and prediction, reducing human control in
autonomous driving systems. Existing methods can be broadly categorized by
their output modality: some focus on visual scene generation or urban view
synthesis [12, 13, 14, 16, 27, 58], others emphasize future trajectory planning,
including diffusion-based planning [11, 30, 32, 54], while several works address
3D scene reconstruction and simulation in the form of occupancy [34, 43, 48],
LiDAR [36, 47, 51, 68], or point clouds [59, 60]. However, most of these ap-
proaches focus on a single prediction modality. Recent world models have also
been studied for visual navigation [8, 9] and driver-centric dynamics rollout [6].
In contrast, our model jointly performs trajectory planning and future image
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generation within a unified world-model framework, coupling planned motion
with predicted visual futures under a shared VLM backbone.
Unified Image Understanding and Generation. Recent studies have em-
phasized the importance of unifying image understanding and image generation
within a single framework. Early works such as Chameleon [40], Show-o [52],
Transfusion [67], and Janus [49] adopt discrete visual representations and treat
visual synthesis as autoregressive token prediction, where images are quantized
into discrete tokens analogous to text, enabling LLMs to interpret and generate
visual content in a unified token space. More recent models, including Meta-
morph [42] and the BLIP-3o family [3, 4], integrate autoregressive generation
with diffusion-based continuous decoding, often relying on additional visual en-
coders such as CLIP [37] or SigLIP [57] to enhance visual understanding. In con-
trast to these general-purpose unified models, our work advances this paradigm
in the autonomous driving domain by jointly predicting future frames and plan-
ning trajectories within a single VLM-based world model.
Vision–Language–Action Models. Recently, large vision–language–action
(VLA) models have emerged as powerful frameworks for embodied decision-
making. Built upon pretrained multimodal large language models (MLLMs),
these systems typically predict future actions through either discrete action de-
coders [2, 25, 61] or continuous diffusion-based policy heads [15, 29]. By lever-
aging large-scale and diverse training corpora, MLLMs provide strong seman-
tic grounding and generalization capabilities for downstream embodied tasks.
Recent driving-oriented VLA/action models further explore video-action priors
and geometry-aware action modeling for autonomous driving [33, 53]. In the
autonomous driving setting, we treat ego-vehicle trajectories as the continuous
action representation. Unlike standard manipulation or navigation environments,
however, driving scenes are highly dynamic and visually complex, requiring the
VLM to integrate richer contextual information—including temporal history,
perception features, and multi-view observations to generate reliable and scene-
consistent trajectory plans.

3 Method

In this section, we present our unified understanding, generation and planning
framework for autonomous driving. The pipeline is shown in Fig. 2. We begin
with the formulation of our method, followed by a detailed analysis of the sys-
tem architecture. We then analyze the model architecture for planning and image
generation. For image generation, we explore both (1) autoregressive image gen-
eration in a discrete visual representation and (2) diffusion-based generation in
a continuous visual representation, and discuss their performance and impact on
autonomous driving tasks. The task is defined as jointly predicting the future
scene state and planning trajectory:

{ŝt+n, ât:t+m} ∼ Pθ

(
s1:t, a1:t−1, l

)
, (1)
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Fig. 2: The pipeline of our UniDrive-WM framework. The pipeline consists of: (1) a
QT-Former-based encoder to extract historical context and multi-view visual input; (2)
the LLM for performing a reasoning task; and (3) the output layer, which generates
the planning trajectory and future image prediction and bridges the gaps between the
planning space, image space and reasoning space. For the output layer, we provide a
detailed analysis in Fig. 3.

which can be further decomposed as:

{ât, . . . , ât+m} ∼ Pθ({at, . . . ,at+m} | st, l) ,
ŝt+n ∼ Pθ(st+n | st, ât, . . . , ât+m, l) ,

(2)

where st represents the multi-modal state information at time t, including multi-
view images, historical context, and perception features; the model predicts the
future front-view image Ît+n as part of the future state ŝt+n, and at+m denotes
the predicted trajectory waypoint at time t+m; l is the high-level language or
instruction condition. The model therefore aims to jointly reason about the fu-
ture world state and plan consistent trajectories under a unified vision–language
world model.

3.1 Vision Language Model

A key component of a world model is understanding the current state and pre-
dicting the future state. Therefore, leveraging the Vision Language Model’s rea-
soning and understanding ability, UniDrive-WM understands the current scene
and instructs the trajectory planner and image generation module. We build
our model upon ORION [11], a VLM-based model for the autonomous driving
planning task.
Vision Encoder For the vision encoder, we adopt the QT-Former used by
previous methods [11]. Specifically, two sets of learnable queries are processed
through self-attention (SA) to exchange information and interact with image
features Fm with 3D positional encoding in the cross-attention module. After
that, the perception queries are fed into multiple auxiliary heads for object
detection, including critical objects, lanes, traffic states and motion prediction
of dynamic objects. Additionally, we use a set of history queries Qh ∈ R(Nh×Cq),
where Nh denotes the number of history queries and Cq represents the feature
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dimension, and a memory bank M ∈ R(Nh×n)×Cq to retrieve and store historical
information from the past n frames. The QT-Former is formulated as:

Qh = CA(Qh,M + Pt,M + Pt) , Q̂h = CA(Qh, Qs, Qs) . (3)

where CA denotes the Cross-Attention operation, and Pt denotes the relative
timestamp embedding at the current timestep t. The updated history queries
Q̂h are stored in the memory bank M , formulated as:

M =
[
Q̂t−n+1

h , · · · , Q̂t−1
h , Q̂t

h

]
(4)

Finally, a two-layer Multi-layer Perceptron (MLP) is used to convert the updated
history queries Q̂h and current scene features Qs to history tokens xh and scene
tokens xs in the reasoning space of the LLM.
Large Language Model. The large language model (LLM) serves as the rea-
soning core of our framework, enabling text-based understanding and high-level
reasoning tasks such as scene description, visual question answering, and ac-
tion reasoning. We fine-tune the LLM using LoRA [17] to efficiently adapt it to
domain-specific reasoning and instruction-following within autonomous driving
scenarios.

3.2 Trajectory Planner

The trajectory planner establishes a differentiable connection between the se-
mantic reasoning space of the VLM and the numerical action space of trajectory
prediction through distribution learning in a latent space. We formulate trajec-
tory generation as a conditional distribution problem, where the planner models
a multi-modal distribution over future trajectories conditioned on high-level rea-
soning embeddings from the VLM:

pθ(at:t+m | st, hVLM), (5)

where at:t+m denotes the predicted trajectory waypoints, st represents the cur-
rent state embedding, and hVLM denotes the high-level reasoning embedding
(hidden representation) extracted from the VLM, which encodes the fused multi-
view observations, temporal history, and textual instructions. A latent variable
za is introduced to capture the stochasticity of future motion in a Gaussian la-
tent space, and the planner learns to decode diverse yet semantically consistent
trajectories from za. In practice, we omit the explicit KL regularization term
used in conventional VAE objectives, as we empirically find it may destabilize
training in large-scale multimodal setups. This design provides a stable and dif-
ferentiable bridge between language-based reasoning and continuous trajectory
prediction.

3.3 Future Image Generation

Since driving scenes are continuous in nature, autonomous driving datasets nat-
urally contain dense future frames, allowing us to leverage abundant video data
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Fig. 3: The two design choices for image generation in a unified multimodal model.
For future image prediction, we use both Autoregressive and Autoregressive+Diffusion
architectures. (a) Left: Autoregressive architecture; (b) Right: AR+Diffusion architec-
ture.

to improve image generation quality. Inspired by recent advances in unifying
image understanding and generation, we adopt two different image generation
architectures for future image prediction, as illustrated in Fig. 3. We discuss
the design choices involved in building the understanding, planning, and image
generation modules within a unified VLM framework, and analyze their impact
on planning performance.

Formally, the future image prediction task can be formulated as:

pθ(Ît+n | st, hVLM), (6)

where st denotes the multi-modal state information (including multi-view ob-
servations, temporal history, and perception features), and hVLM is the high-
level reasoning embedding extracted from the VLM that encodes both visual
and textual context. The model aims to predict the future front-view frame Ît+n

conditioned on these multi-modal context embeddings. This unified probabilistic
formulation covers both the discrete autoregressive (AR) and the continuous
AR+Diffusion architectures, which instantiate different parameterizations of
the same conditional distribution pθ(·). We next describe the two paradigms
instantiated under this formulation.

Autoregressive Generation(Discrete Representation). As shown in Fig. 3(a),
for discrete image generation, we first activate the VLM’s visual generation abil-
ity by enlarging its codebook. Assume that the language–vision model uses a
joint codebook Z = ZL + ZI . Through enlarging this codebook, the VLM can
autoregressively perform multi-modal next-token prediction in both language
and vision spaces. We introduce special tokens ⟨image_start⟩ and ⟨image_end⟩
to indicate the boundaries of visual token sequences and when to use the vi-
sion head. Specifically, based on the input visual tokens and the planning token
at:t+m, the model autoregressively performs next-token prediction, represented
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as:

Pθ(q1:H·W | st, at:t+m) =

H·W∏
i=1

Pθ(qi | q<i, st, at:t+m) , (7)

where qi are the visual tokens, st represents the current multi-modal state
(including visual observations, temporal history, and perception features), and
at:t+m denotes the corresponding planning token that conditions the generation
of subsequent visual tokens.

AR+Diffusion Generation (Continuous Representation). Apart from
fully autoregressive generation, we also design an Autoregressive + Diffusion
architecture for improved visual quality, as shown in Fig. 3(b).

The diffusion-based generation can be formulated as a conditional denoising
process:

pθ(Ît+n | st, hVLM), (8)

where the decoder is conditioned on the high-level reasoning embedding hVLM
and the latent image features produced by the autoregressive module. Starting
from Gaussian noise X0 ∼ N (0, 1), the diffusion process gradually refines X0

toward the latent embedding X1 of the ground-truth future image.
After extracting continuous visual embeddings, we employ an autoregres-

sive transformer to generate corresponding latent image features conditioned on
hVLM. Given an input instruction, the prompt is tokenized and mapped into a
sequence of text embeddings C = [c1, . . . , cn] before the LM head. To enable
visual latent inference, we append a learnable query token Q to the sequence,
where Q is randomly initialized and updated throughout training. The trans-
former processes the combined sequence [C;Q], during which Q attends to the
semantic context encoded in hVLM and aggregates features relevant for image
synthesis. The output query token, denoted as Q∗, serves as the predicted vi-
sual latent representation and is supervised to match the ground-truth image
embedding X extracted by the vision encoder. To align Q∗ with X, we use a
flow-matching objective that models the continuous feature distribution. Given
the ground-truth image feature X1 and the text-conditioned latent query Q, we
sample a timestep t ∼ U(0, 1) and a noise vector X0 ∼ N (0, 1). A latent point
along the interpolation path is computed as

Xt = tX1 + (1− t)X0, (9)

and the corresponding target velocity is

Vt = X1 −X0. (10)

The diffusion transformer predicts the velocity Vθ(Xt,Q, t), and the flow-matching
loss is

LFM = E
[
∥Vθ(Xt,Q, t)−Vt∥2

]
. (11)

Notably, we freeze the vision encoder weights and fine-tune only the diffusion de-
coder. Although the decoder adopts a diffusion architecture, it is trained with a
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deterministic reconstruction loss rather than probabilistic sampling objectives.
Consequently, during inference, the model performs deterministic reconstruc-
tion, which reduces diversity but ensures stable and accurate prediction of fu-
ture frames in autonomous driving scenarios. We additionally apply CLIP-based
supervision between the decoded future image and the ground-truth image to
maintain semantic alignment, represented as:

LCLIP = 1− ⟨Eclip(Ipred), Eclip(Igt)⟩
∥Eclip(Ipred)∥2 ∥Eclip(Igt)∥2

, (12)

where ⟨·, ·⟩ denotes the Euclidean inner product, Eclip(·) denotes the embedding
produced by the CLIP image encoder, Ipred is the predicted image, and Igt is
the ground-truth image. This diffusion pathway complements the discrete au-
toregressive generation branch by providing a continuous, geometry-aware latent
space for future frame synthesis, leading to stable and semantically consistent
visual predictions within the unified world-model framework.

3.4 Joint Image Generation and Planning

To achieve joint image generation and planning, we place the planning token
immediately before the image tokens, so that the generation of each image to-
ken is conditioned on the generated planning representation. In this way, image
generation is jointly conditioned on the current-state visual embeddings and
the predicted trajectory of the future state, enabling the synthesis of consistent
future frames aligned with planned motion.

For the autoregressive generation, image token prediction is treated anal-
ogously to language generation and supervised through teacher-forcing with a
cross-entropy loss. We adopt the pretrained QT-Former from ORION [11] and
freeze its detection head during training. For the planning branch, following the
implementations of VAD [24] and ORION [11], we train only the planning head
with:

Lplan = Lcol + Lbd + Lmse, (13)

where Lcol denotes the collision loss, Lbd the boundary loss, and Lmse the mean
squared error loss.

For the autoregressive architecture, the overall objective is represented as:

L = LCE + Lplan, (14)

while for the autoregressive + diffusion architecture, where a learnable latent
query in the latent space serves as the conditional embedding for image genera-
tion, the full objective becomes:

L = LCE + Lplan + LFM + LCLIP, (15)

where LFM is the flow-matching loss and LCLIP is the CLIP-based semantic
alignment loss.
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4 Experiments

4.1 Training Details

We follow ORION [11] for the detection training setup and conduct all exper-
iments on 8×NVIDIA H200 GPUs. Following OmniDrive [44], we use EVA-
02-L [10] as the vision encoder and adopt Vicuna 1.5 [62] as the base LLM,
fine-tuned with LoRA (rank=16, α=16). The numbers of scene, perception, and
history queries are set to 512, 600, and 16, respectively, with a memory bank
size of 16 frames.

Input images are augmented and resized to 640×640. For future frame predic-
tion, we use a 192× 128 resolution for the autoregressive branch and 512× 1024
for the AR+Diffusion branch to balance quality and speed. The diffusion de-
coder uses 64 latent learnable query tokens. Additional hyperparameters and
implementation details are provided in the Appendix.

4.2 Dataset

We train and evaluate UniDrive-WM on the Bench2Drive [22] dataset and the
nuScenes [1] dataset. For Bench2Drive, following prior work, we use the base split
of 1000 driving scenes: 950 for training and 50 for open-loop validation. Each
scene covers roughly 150m of continuous driving in a distinct traffic scenario.
For closed-loop evaluation, we follow the official protocol consisting of 220 short
routes spanning 44 interactive scenarios (five routes per scenario). For nuScenes,
we adopt the official train/validation split for all experiments.

4.3 Training Pipeline

To enable planning and image generation while preserving the VQA capability
of the underlying VLM, we adopt a two-stage training strategy.
Stage 1: Joint Planning and Image Generation We train the full model
end-to-end, with the LLM updated via LoRA. For the autoregressive genera-
tor, the image-start token is placed immediately after the planning token to
enforce planning-conditioned autoregressive decoding. For the AR+Diffusion ar-
chitecture, the 64 learnable latent query tokens are appended after the planning
features in the latent space to condition the diffusion decoder.
Stage 2: Joint Planning, Image Generation, and VQA We continue train-
ing with mixed VQA and driving data while keeping the same architectural setup
as Stage 1. This stage reinforces the alignment of the vision–language–planning
space by jointly optimizing VQA, trajectory planning, and future image predic-
tion, enabling unified multimodal reasoning within a single framework.

4.4 Results

Evaluation of Trajectory Planning Results We evaluate our results on the
base validation set of Bench2Drive and nuScenes. We report both open-loop and
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Table 1: Closed-loop and Open-loop Results of E2E-AD Methods on the Bench2Drive
base set. C/L refers to camera/LiDAR. Avg. L2 is averaged over a 2-second prediction
horizon sampled at 2 Hz, similar to UniAD. * denotes expert feature distillation. NC:
navigation command, TP: target point, DS: Driving Score, SR: Success Rate.

Method Condition Modality Closed-loop Metric Open-loop Metric

DS↑ SR(%)↑ Efficiency↑ Comfortness↑ Avg. L2 ↓

TCP* [50] TP C 40.70 15.00 54.26 47.80 1.70
TCP-ctrl* TP C 30.47 7.27 55.97 51.51 -
TCP-traj* TP C 59.90 30.00 76.54 18.08 1.70
TCP-traj w/o distillation TP C 49.30 20.45 78.78 22.96 1.96
ThinkTwice* [21] TP C 62.44 31.23 69.33 16.22 0.95
DriveAdapter* [20] TP C&L 64.22 33.08 70.22 16.01 1.01

AD-MLP [56] NC C 18.05 0.00 48.45 22.63 3.64
UniAD-Tiny [18] NC C 40.73 13.18 123.92 47.04 0.80
UniAD-Base [18] NC C 45.81 16.36 129.21 43.58 0.73
VAD [24] NC C 42.35 15.00 157.94 46.01 0.91
MomAD [39] NC C 44.54 16.71 170.21 48.63 0.87
GenAD [64] NC C 44.81 15.90 - - -
DriveTransformer-Large [23] NC C 63.46 35.01 100.64 20.78 0.62
ORION [11] NC C 77.74 54.62 151.48 17.38 0.68

Ours(AR) NC C 79.22 56.36 158.44 28.01 0.64
Ours(AR+Diffusion) NC C 79.31 56.42 158.65 27.93 0.63

Table 2: Open-Loop Planning and perception metrics on Bench2Drive. Lower is better
for planning errors; higher is better for mAP/NDS.

Method L2 (m)↓ Box + Collision(%)↓ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ NDS↑

1s 2s 3s 1s 2s 3s

BEVFormer [31] – – – – – – 0.616 0.372 0.079 0.044 0.808 0.642
UniAD [18] 0.521 1.265 2.140 0.770 3.87 7.91 0.121 0.518 0.170 0.096 0.977 0.316
VAD [24] 0.454 0.912 1.477 0.102 0.202 0.296 0.509 0.385 0.0854 0.0308 0.594 0.604
Orion [11] 0.268 0.631 1.129 0.213 0.467 0.743 0.646 0.366 0.0765 0.0271 0.258 0.723
Ours(AR) 0.247 0.598 1.079 0.198 0.435 0.668 0.663 0.335 0.0740 0.0262 0.249 0.746
Ours(AR+Diff) 0.241 0.589 1.066 0.192 0.426 0.657 0.675 0.328 0.0733 0.0254 0.243 0.755

closed-loop evaluation results. As shown in Tab. 1, for closed-loop evaluation re-
sults on Bench2Drive, our method outperforms all the other methods that rely
on target point and navigation command as conditions. Results show that our
method achieves better performance compared with previous end-to-end meth-
ods and VLM-guided planning methods, which demonstrates the effectiveness
of the image generation modality in boosting the performance of the planning
task.

We also evaluate the open-loop performance on Bench2Drive in Tab. 2 and
nuScenes in Tab. 3. Notably, UniAD [18] computes L2 metrics and collision rate
at each timestep, whereas VAD [24] and ORION [11] consider the average of
all previous time steps. We follow the evaluation method of VAD and ORION
to evaluate our performance. Compared with previous methods that perform
either VLM-guided planning or end-to-end planning, our unified method achieves
better performance on both the planning and detection tasks, which shows the
effectiveness of future image prediction in improving the performance of the
planning task. These consistent gains across both Bench2Drive (synthetic) and
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Table 3: Further Open-Loop evaluation on nuScenes.

Metric VAD-Base [24] Doe-1 [65] Drive-VLM [41] OmniDrive [44] ORION [11] FSDrive [55] Ours(AR) Ours(AR+Diff)

Avg. L2 (m)↓ 1.25 0.70 0.40 0.84 0.34 0.60 0.30 0.29
Avg. col (%)↓ 1.09 0.21 0.27 0.94 0.37 0.19 0.31 0.31

Table 4: Future frame generation results on the Bench2Drive [22] and nuScenes [1]
datasets. AR: Autoregressive. AR+Diff: Autoregressive+Diffusion. Lower FID indi-
cates better visual fidelity.

Method Dataset DriveGAN [26]
[CVPR21]

DriveDreamer [45]
[ECCV24]

Drive-WM [46]
[CVPR24]

GEM [14]
[CVPR25]

Doe-1 [65]
[arXiv24]

FSDrive [55]
[NeurIPS25] Ours(AR) Ours (AR+Diff)

Type – GAN Diffusion Diffusion Diffusion AR AR AR AR+Diffusion

FID ↓ Bench2Drive 62.3 42.8 17.8 13.2 18.6 9.3 7.2 6.6
nuScenes 73.4 52.6 15.8 10.5 15.9 10.1 7.8 7.3

NuScenes (real-world) further indicate the strong generalization ability of our
method.

Evaluation of Image Generation Results We evaluate UniDrive-WM on
both the autoregressive and AR+Diffusion image generation branches. Qualita-
tive results are shown in Fig. 4 and Fig. 5, and quantitative results are provided
in Tab. 4. Across both settings, our method produces visually coherent future
frames that closely match the ground-truth scene evolution and remain consis-
tent with the predicted trajectory. These properties translate into competitive
or superior image generation quality, as reflected by low FID scores.

A particularly relevant comparison is FSDrive [55], a recent unified vision–
planning framework that conditions planning on image features. Unlike FS-
Drive, our approach conditions image generation directly on the planning to-
kens, enabling planning-conditioned future frame prediction in both the AR
and AR+Diffusion branches. This tighter coupling between planning and visual
prediction improves trajectory alignment and yields future frames that more
accurately follow the intended motion, contributing to our improved FID per-
formance.

Evaluation on VQA Following prior work, we report our Visual Question
Answering (VQA) results in Tab. 5, using DriveLM’s GVQA [38] dataset. Our
model achieves competitive performance against prior state-of-the-art methods
on the understanding task, demonstrating its effectiveness in driving-domain-
specific understanding.

4.5 Comparison of AR and AR+Diffusion Architecture

Speed The AR branch is intentionally lightweight (discrete tokens, shallow de-
coder); the AR+Diff branch is heavier (diffusion decoder) and mainly intended
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Current Frame Future Frame Predicted Future Image

Bench2Drive NuScenes

Current Frame Future Frame Predicted Future Image

Fig. 4: Qualitative future image prediction results on Bench2Drive and nuScenes using
the autoregressive (AR) architecture.

Current Frame Future Frame Predicted Future Image Current Frame Future Frame Predicted Future Image

Fig. 5: Qualitative future image prediction results on nuScenes using the AR+Diffusion
architecture.

for high-fidelity generation. In open-loop evaluation on Bench2Drive, the infer-
ence speed of AR is 2 fps and AR+Diff is 0.4 fps on an A100. We regard speeding
up the AR+Diff inference as future work.
Resolution and Compression Trade-offs In the AR architecture, spatial
resolution is tightly coupled to sequence length. Generating an H × W image
with a downsampling factor f requires H

f × W
f discrete tokens. Scaling up res-

olution quadratically increases the token count, which not only hits the LLM’s
O(N2) context limit but also severely slows down training convergence. In con-
trast, our AR+Diffusion branch decouples resolution from token length. The
VLM only needs to predict a compact sequence of continuous latents, which the
diffusion decoder maps to high-resolution outputs (e.g., 512×1024). This enables
high-fidelity geometric forecasting without overwhelming the reasoning context
window or hindering training efficiency.
Image Generation and Complementary Roles Beyond resolution con-
straints, the two paradigms exhibit distinct characteristics in representation
learning (Tab. 4). The discrete quantization in the AR branch acts as an in-
formation bottleneck that provides strong semantic regularization. This makes
its lightweight decoder highly robust for real-time, latency-sensitive closed-loop
control. In contrast, the continuous pathway of the AR+Diffusion branch avoids
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Table 5: Results on the DriveLM [38] GVQA benchmark.

Method Accuracy ↑ ChatGPT ↑ BLEU_1 ↑ ROUGE_L ↑ CIDEr ↑ Match ↑ Final Score ↑

DriveLM baseline [38] 0.00 0.65 0.05 0.08 0.10 0.28 0.32
Cube-LLM [7] 0.39 0.89 0.16 0.20 0.31 0.39 0.50
TrackingMeetsLMM [19] 0.60 0.58 0.72 0.72 0.04 0.36 0.52
SimpleLLM4AD [63] 0.66 0.57 0.76 0.73 0.15 0.35 0.53
OmniDrive [44] 0.70 0.65 0.52 0.73 0.13 0.37 0.56
FSDrive [55] 0.72 0.63 0.76 0.74 0.17 0.39 0.57

UniDrive-WM(ours) 0.73 0.67 0.77 0.76 0.20 0.40 0.59

Table 6: Ablation study of the detection head, planning head, and image generation
module for our AR architecture on Bench2Drive [22].

Detection head Planning head Image Gen L2 (m)↓ Box + Collision (%)↓ mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ NDS↑

1s 2s 3s 1s 2s 3s

✓ ✓ 0.482 1.135 2.146 0.387 0.898 1.77 – – – – – –
✓ ✓ – – – – – – 0.638 0.336 0.0726 0.0289 0.283 0.718
✓ ✓ 0.269 0.632 1.130 0.214 0.469 0.746 0.642 0.367 0.0767 0.0274 0.258 0.721
✓ ✓ ✓ 0.247 0.598 1.079 0.198 0.435 0.668 0.663 0.335 0.0740 0.0262 0.249 0.746

Table 7: Ablation study on open-loop evaluation on Bench2Drive. For the AR archi-
tecture, we analyze the effect of swapping the order of the planning and generation
heads.

Future Image Prediction Avg. L2 (m)↓ Avg. col(%)↓ FID↓

Generation + Planning 0.67 0.45 9.1
Planning + Generation (Ours) 0.64 0.43 7.2

token-by-token exposure bias and inherently preserves high-frequency geomet-
ric details. This yields higher-fidelity future frames and more precise long-term
trajectory alignment (e.g., lower L2 errors and higher NDS). Implemented as
parallel decoding heads on top of the same VLM planning backbone, the two
branches offer a natural deployment split: AR is suited to fast, reactive planning
where semantic stability is critical, while AR+Diffusion is preferable for offline
evaluation or high-fidelity geometric forecasting in complex scenes. Overall, the
two heads are complementary rather than competing, and together broaden the
applicability of UniDrive-WM.

4.6 Ablation Study

Table 8: Additional ablation of VQA
score on Chat-B2D.
Image Generation CIDEr ↑ BLEU ↑ ROUGE-L↑

- 65.7 52.4 77.5
✓ 66.7 53.5 78.6

We ablate the detection supervision
and the image generation module to
assess their contributions to plan-
ning, shown in Tab. 6. Removing the
image generation head noticeably de-
grades trajectory accuracy and in-
creases collision cases, indicating that
future frame prediction provides useful auxiliary signals for planning. Disabling



UniDrive-WM 15

detection supervision further harms planning performance by weakening percep-
tion quality. Together, these findings show that both perception and future frame
prediction play complementary roles, and that jointly optimizing all components
within a unified world model yields more reliable driving behavior.

We show experiments regarding changing the order of the planning and image
generation modules in the AR architecture in Tab. 7. Planning → Genera-
tion (Ours) shows improvements over Generation → Planning on planning-
related metrics and a much larger gain in visual quality, suggesting that the
prediction order matters; conditioning future prediction on planned trajecto-
ries aligns with the action→observation causal direction and provides a natural
mechanism to produce plan-consistent futures that better support planning.

We evaluate VQA performance on Bench2Drive [22] using the Chat-B2D QA
annotations [11], shown in Tab. 8. Compared with the model variant without
the image-generation module, incorporating image generation consistently im-
proves all VQA metrics. This indicates that the future frame prediction provides
additional structural cues that benefit question answering. Intuitively, better
modeling of future visual states enhances the model’s understanding of the cur-
rent scene, which aligns with human perception. We also show the visualization
of the VQA result in open-loop evaluation in the supplementary material. These
results demonstrate that our model not only comprehends the current scene,
but also performs effective future-state reasoning, enabling it to produce reli-
able, decision-oriented answers even in complex driving scenarios and challenging
weather conditions.

5 Conclusion and Future Work

We presented UniDrive-WM, a unified framework that integrates scene un-
derstanding, trajectory planning, and visual generation into a single world-
model–driven pipeline. Leveraging a vision–language model (VLM) as the back-
bone, our method predicts future image frames from current and historical
multi-view observations together with the planning tokens, and the planning-
conditioned visual predictions in turn enhance trajectory planning by providing
a visual forecast of the expected future scene. Experimental results demonstrate
that our approach not only achieves high-fidelity, planning-conditioned image
generation, but also yields significant gains in planning accuracy and collision
reduction. By conditioning the VLM on rich multi-view inputs, temporal history,
and perception features, UniDrive-WM establishes a coherent bridge between
reasoning, action, and visual imagination. Looking ahead, we plan to extend the
framework to more interactive and long-horizon driving scenarios, paving the
way toward next-generation world models for autonomous driving.
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