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Abstract

World models have become central to autonomous driv-
ing, where accurate scene understanding and future predic-
tion 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 per-
forms driving-scene understanding, trajectory planning,
and trajectory-conditioned future image generation within
a single architecture. UniDrive-WM’s trajectory planner
predicts a future trajectory, which conditions a VLM-based
image generator to produce plausible future frames. These
predictions provide additional supervisory signals that en-
hance scene understanding and iteratively refine trajectory
generation. We further compare discrete and continuous
output representations for future image prediction, analyz-
ing their influence on downstream driving performance.
Experiments on the challenging Bench2Drive benchmark
show that UniDrive-WM produces high-fidelity future im-
ages and improves planning performance by 5.9% in L2
trajectory error and 9.2% in collision rate over the previ-
ous best method. These results demonstrate the advantages
of tightly integrating VLM-driven reasoning, planning, and
generative world modeling for autonomous driving. Code
will be released upon publication.

1. Introduction

Recent progress in multimodal large language models
(MLLMs) has been propelled by the strong perception,
reasoning, and instruction-following capabilities of vi-
sion—language models (VLMs). In parallel, visual gener-
ation has advanced along two complementary lines: au-
toregressive (AR) token prediction and diffusion-based con-
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Figure 1. Top: trajectory-conditioned visual generation. Middle:
VLM Instructed E2E Planning. Bottom: our unified future world
modeling method. Compared with conditioned future image gen-
eration models and VLM-Instructed planning method, our frame-
work establishes the connection between the reasoning, action and
visual generation space via joint VLM-guided trajectory planner
and future frame generation.

tinuous generation—enabling high-fidelity image synthesis
across diverse tasks. Motivated by these trends, a grow-
ing body of unified models seeks to couple understanding
and generation within a single VLM, allowing the system to
“think and generate” in a shared semantic space [4, 21, 39].

In autonomous driving, world models [25, 49, 49] are
typically defined as learned models that infer a latent repre-
sentation of the current scene and predict future states con-
ditioned on actions, ideally enabling robust planning and
control. While several VLM-based approaches have been
explored, many rely on text-only intermediates, first pro-
ducing natural-language descriptions of future trajectories
or scenes, and then invoking a separate stage to decode tra-
jectories or render images. This pipeline introduces an in-



formation bottleneck: rich visual-geometric cues are ab-+ Extensive experiments demonstrate that our unied
stracted into text, incurring inevitable loss and compound- framework achieves high- delity, planning-conditioned
ing errors across stages. Meanwhile, generative models visual generation and signi cantly improves both plan-
can generate visually plausible frames, but they typically ning accuracy and perception performance on standard
lack explicit state estimation and reasoning. In particular, driving benchmarks, verifying the effectiveness of the
they do not maintain structured representations of the scene proposed uni ed framework.

and can not reliably condition on multi-view cues or high-

level instructions, which provides no differentiable bridge 2. Related Works

to the action space for veri able planning. Consequently,
they struggle to answer causal queries (e.g., “what if the
pedestrian accelerates?”), to enforce safety constraints, ort
propagate plan-consistent signals back into perception. In
reality, a driver's cognition is inherently joint: perceive the

World Models for Autonomous Driving. The com-

6non|y acceptable description of world models is under-
standing the current state and predicting the future state.
For autonomous driving task, recent world modeling based

current scene, anticipate the future trajectory, and imaginemethOdS aim to infer the €go status and dynamic environ-
the next visual scene. This motivates a uni ed formulation ments from past observations to enable future planning and

in which understanding, planning, and visual prediction are Sr_ec_hctlon, treducmg t_hﬁ humal:hcc()jntrol In;hebaut(()jr;omotus
learned end-to-end within a single VLM framework, allow- riving systéms.  EXIsting methods can be broadly cate-

ing information to ow bidirectionally between reasoning, gorized by th?" ogtpgutlrfadzalltyt:h some fzcu; 0? ;"Su?l
action, and generation. scene generation [8, 9, 11, 42], others emphasize future tra-

iOri : | L th jectory planning [7, 24], while several works address 3D
_ We present UniDrive-WM, & uni ed world model that - seeng reconstruction in the form of occupancy [30, 34], Li-
jointly performs scene understanding, trajectory planning, pg 37, 511, or point clouds [43, 44]. However, most
andfuture image generation within a VLM-centric architec- o e approaches focus on a single prediction modality.

ture.lﬁr\f |IIustratedd in Fig. 1, multi-view obsert\){atlor;)s, teg— In contrast, our model jointly performs trajectory planning
poral history, and perception cues (e.g., subject boun NBand future image generation within a uni ed world-model

boxes) are e'ncoded and projected into an LLM reaso_ningframework, coupling planned motion with predicted visual
space. A trajectory planner then produces a dlf“ferentlablefutures under a shared VLM backbone.

latent distribution over waypoints, bridging the reason-
ing (language-vision) space and the numeric action space,

Conditioning on the predicted trajectory, UniDrive-WM Uni(;ad Irr?age Undﬁrstanginhg a}nd Generatic])cn. .R-ece_nt
further performs trajectory-conditioned future image pre- studies have emphasized the importance of unifying image

diction via two complementary designs: (i) a discrete AR understanding and image generation within a single frame-
pathway that expands the visual codebook and detokenizegvork' Egrly works such as Chameleon [,28]' Show-o [38],
with MoVQGAN, and (i) an AR+diffusion pathway that Transfusion [50], and Janus [35] adopt discrete visual rep-
predicts continuous latent features with a ow-matching ob- resentations and treat visual synthesis as autoregressive to-
jective before pixel decoding. This design alleviates text- kekn predlctllon, where |magesb?re quﬁ;t'zed_ Into dlscre;e
only bottlenecks and enables bidirectional coupling—both [OKENS analogous to text, enabling S to Interpret an
information ow and gradient ow—between reasoning, generate visual content in a uni ed token space. More

action, and generation. Extensive experiments on the chalfecent models, ir_wluding Metamorph [.29] and th? BL”.D'
lenging Bench2Drive dataset show that UniDrive-WM gen- 3_0 fa!“"y [2. 31, mtggrate autoregresswe gengratlon W'th
erates high- delity future image frames and outperforms diffusion-based continuous decoding, often relying on addi-

counterpart methods on planning tasks across both openIlonal wsugl encoders SUCh, as CLIP [26] or SigLIP [41] to
loop and closed-loop metrics. enhance visual understanding. In contrast to these general-

0 : tributi ized as follows: purpose uni ed models, our work advances this paradigm in
urmain contributions are summarized as follows. the autonomous driving domain by jointly predicting future

* We present UniDrive-WM, a unied vision-language frames and planning trajectories within a single VLM-based
world model (VLM) that seamlessly integrates scene \world model.

understanding, trajectory planning, and future image
generation, enabling direct visual reasoning from spa- Vision—Language—Action Models. Recently, large vi-
tio—temporal observations. sion—-language—action (VLA) models have emerged as
* We develop and analyze two complementary decodingpowerful frameworks for embodied decision-making.
paradigms for trajectory-conditioned future image predic- Built upon pretrained multimodal large language models
tion: a discrete autoregressive (AR) pathway and a con-(MLLMs), these systems typically predict future actions
tinuous AR+diffusion pathway, revealing their respective through either discrete action decoders [1, 19, 45] or contin-
advantages and trade-offs for autonomous driving. uous diffusion-based policy heads [10, 22]. By leveraging



Figure 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 vision input; (2) The LLM for performing reasoning task and (3) The output layer generates the planning trajectory,
future image prediction, which bridge the gaps between the planning space, image space and reasoning space. For the output layer, we
provide detailed analysis in Fig. 3.

large-scale and diverse training corpora, MLLMs provide model therefore aims to jointly reason about the future
strong semantic grounding and generalization capabilitiesworld state and plan consistent trajectories under a uni ed
for downstream embodied tasks. In the autonomous drivingvision—language world model.

setting, we treat ego-vehicle trajectories as the continuous o

action representation. Unlike standard manipulation or nav-2-1. Vision Language Model

igation environments, however, driving scenes are highly The key component of world model is understanding the
dynamic and visually complex, requiring the VLM to in-  cyrrent state and predicting the future state. Therefore
tegrate richer contextual information—including temporal leveraging the Vision Language Model's reasoning and un-
history, perception features, and multi-view observations to derstanding ability, UniDrive-WM understands the current
generate reliable and scene-consistent trajectory plans.  scene and instruct the trajectory planner and image image
In this section, we present our unied understanding, generation. We build our model upon Orion [7], a VLM-

generation and planning framework for autonomous driv- hased model for autonomous driving planning task.
ing. The pipeline is shown in Fig. 2. We begin with the

formulation of our method, followed by the detailed analy-
sis of the system architecture. We then analyse the mode
architecture for planning and image generation task. For

the image generation, we explore both (1) AutoregressivetWO sgt 0; Aearnablehquerlesh are 2roces§ed th:joggh self-
image generation in discrete visual representation and (Z)attenuon( ) to exchange their information and interact

Diffusion-based continuous visual representation, and dis-Wlth image fpatures(j,ﬁl W'tg\:’tD p?]smok?al encodmg n the.
cuss their performance and impact on autonomous driving(:r()ss""lttentlon module. er that the perception queries

tasks. The task is de ned as jointly predicting the future are fed into the multiple auxiliary heads for object detec-
scene state and planning trajectory: tion, including the critical objects, lanes, traf ¢ state and

motion prediction of dynamic objects. Additionally, we use

I\/ision Encoder For the vision encoder, we adopt QT-
Former used by previous methods [7]. Speci cally,

f84n ;Aem 9 P Spe arer ;1 (1) a set of history queries Q2 RN € ) and memory bank
_ M 2 RNnMC a to retrieve and store the past n frames
which can be further decomposed as: historical information. The QT-Former is formulated as:
fé&i;:8um g P-(fat;:::;ap,mgjst;l); @ On =CAQ :M+P M +P )
S8 n P (Stn jSti@e il em ), )

Qn = CA(Q ;Qs; Qs)
where s represents the multi-modal state information at
time t, including multi-view images, historical context, and Where R denotes the relative timestamp embedding. The
perception features; the model predicts the future front-view updated history querie8y, are stored in the memory bank
imagefi., as part of the future stae:, , and a.,, de- M, formulated as
notes the predicted trajectory waypoint at time t + m; | h [
is the high-level language or instruction condition. The M= Q" ; ;0 ;0 (4)



Figure 3. The two design choices for image generation in uni ed multimodal model. For the future image prediction, we use both
Autoregressive and Autoregressive+Diffusion architecture. (a) Left: Autoregressive architecture; (b) Right: AR+Diffusion architecture.

Finally, the two-layer Multi-layer Perceptron(MLP) is used objectives, as we empirically nd it may destabilize train-
to convert the updated history queri@g and current scene  ing in large-scale multimodal setups. This design provides
features Q to history tokens x and scene tokensn the a stable and differentiable bridge between language-based
reasoning space of LLM. reasoning and continuous trajectory prediction.

2.3. Future Image Generation

Large Language Model. The large language model As future frames naturally exist in autonomous driving

(LLM) serves as the reasoning core of our framework, en- datasets, we can utilize abundant video data to improve

abling text-based understanding and high-level reasoningimage generation quality. Inspired by recent advances in

tasks such as scene description, visual question answer[mifyin image understanding and generation. we build the
ing, and action reasoning. We ne-tune the LLM using 9 9 9 9 '

LoRA [12] to ef ciently adapt it to domain-speci ¢ rea- world model for autonomous driving. Here we adopt two

. ) . . - . different image generation architectures for future image
soning and instruction-following within autonomous driv- o ; L : .
ing scenarios. prediction, as illustrated in Fig. 3. We discuss the design

choices involved in building the understanding, planning,
and image generation modules within a uni ed VLM frame-
work, and analyze their impact on planning performance.
The trajectory planner establishes a differentiable connec-  Formally, the future image prediction task can be formu-
tion between the semantic reasoning space of the VLM and|ated as:

the numerical action space of trajectory prediction through p (Tun jst; hum); (6)
distribution learning in a latent space. We formulate tra- ) ) ) ]
jectory generation as a conditional distribution problem, Where s denotes the multi-modal state information (includ-
where the planner models a multi-modal distribution over N9 Multi-view observations, temporal history, and percep-

future trajectories conditioned on high-level reasoning em- tion features), and @iv is the high-level reasoning em-

2.2. Trajectory Planner

beddings from the VLM: bedding extracted from the VLM that encodes both visual
and textual context. The model aims to predict the future
P (Qcsm §St; hvim): (5) front-view framei\Hn conditioned on these semantic rep-

resentations. This uni ed probabilistic formulation covers

where awm denotes the predicted trajectory waypoints both the discrete autoregressive decoder and the continu-
s repreéents the current state embedding, apdshde- ous AR+Diffusion decoder, which instantiate different pa-

notes the high-level reasoning embedding (hidden represenf@meterizations of the same conditional distributioi Jp
tation) extracted from the VLM, which encodes the fused We next_descrlbe t_he two decoding paradigms instantiated
multi-view observations, temporal history, and textual in- under this formulation.

structions. A latent variable,zs introduced to capture the

stochasticity of future motion in a Gaussian latent space, Autoregressive Generation (Discrete Representation).
and the planner learns to decode diverse yet semanticallyAs shown in Fig. 3(a), for the discrete image generation, we
consistent trajectories fromyz In practice, we omit the rst activate the VLM's visual generation ability by enlarg-
explicit KL regularization term used in conventional VAE ing its codebook. Assume that the language—vision model



uses a joint codebook Z = ¢ + Z,. Through enlarg- point along the interpolation path is computed as
ing this codebook, the VLM can autoregressively perform
multi-modal next-token prediction in both language and vi-
sion spaces. We introduce special tokens himstgeti
and himageendi to indicate the boundaries of visual to-
ken sequences and when to use the vision head. Speci- Vi=X1 X o (10)
cally, based on the input visual tokens and the planning to- o ) )
kena.um ,the model autoregressively performs next-token 1he  diffusion  transformer predicts the velocity
prediction, represented as: V (X¢;Q;t), and thﬁ ow-matching loss is

i
Lem=E KV (X Q) V(K (11)

Xe=tX 1+(1 )X o 9)

and the corresponding target velocity is

Nev
P (Qunw ] St; ateem ) = P (Gi j O<i ; St @ttem )5
i=1 Notably, we freeze the vision encoder weights and ne-tune
(7) only the diffusion decoder. Although the decoder adopts
where ¢ are the visual tokens,; gepresents the current g diffusion architecture, it is trained with a deterministic
multi-modal state (including visual observations, temporal reconstruction loss rather than probabilistic sampling ob-
history, and perception features), ang.a denotes the jectives. Consequently, during inference, the model per-
corresponding planning token that conditions the generationforms deterministic reconstruction, which reduces diversity
of subsequent visual tokens. but ensures stable and accurate prediction of future frames
in autonomous driving scenarios. We additionally apply

AR+Diffusion Generation(Continuous Representation). ~ CLIP-based supervision between the decoded future image
Apart from fully autoregressive generation, we also design @nd the ground-truth image to maintain semantic alignment:
an Autoregressive + Diffusion architecture for improved _ ) )
. . —— L =1 cos Egpll ; Eciip(l ; 12
visual quality, as shown in Fig. 3(b). cLiP ol prea ); Ecip(l gt (12)
The diffusion-based generation can be formulated as a,ere cos(u; v) =

conditional denoising process: i+ Ecip() denotes the embedding

produced by the CLIP image encodeyed is the predicted
image, and §; is the ground-truth image. This diffusion
pathway complements the discrete autoregressive genera-

where the decoder is conditioned on the high-level reason-tion Pranch by providing a continuous, geometry-aware la-
ing embedding by and the latent image features produced €Nt space for future frame synthesis, leading to stable and
by the autoregressive module. Starting from Gaussian noiséemantlcally consistent visual predictions within the uni ed
Xo N(0:1), the diffusion process gradually re nes %  World-model framework.

f[oward the latent embeddingof the ground-truth future 2 4. Joint Image Generation and Planning

image. . _ :

After extracting continuous visual embeddings, we em- 10 achieve joint image generation and planning, we place
ploy an autoregressive transformer to generate correspondt'® Planning token immediately before the image tokens, so
ing latent image features conditioned o k. Given an that the generation of each image token is conditioned on
input instruction, the prompt is tokenized and mapped into 1€ 9énerated planning representation. In this way, image
a sequence of text embeddings C =.[c:::c,] before generation is jointly conditioned on the current-state visual

the LM head. To enable visual latent inference, we ap- embeddings and the predicted trajectory of the future state,

pend a learnable query token Q to the sequence Whereenabling the synthesis of consistent future frames aligned

Q is randomly initialized and updated throughout training. With plaﬂned motion. o ) ,
The transformer processes the combined sequence [C;Q], o' the autoregressive generation, image token predic-

during which Q attends to the semantic context encoded N IS treated analogously to language generation and su-
in hyuv and aggregates features relevant for image Synthe_perwsed through teacher-forcing with a cross-entropy loss.

sis. The output query token, denoted as, @erves as the Ve adopt the pretrained QT-Former from ORION [7] and

predicted visual latent representation and is supervised td'€€Z€ its detection head during training. For the planning
match the ground-truth image embedding X extracted by Pranch, following the implementations of VAD [18] and
the vision encoder. To align Qwith X, we use a ow-  ORION[/], we train only the planning head with:

matching objective that models the continuous feature dis- Lpan=L col + L ba+ L meg (13)
tribution. Given the ground-truth image feature >and

the text-conditioned latent query Q, we sample a timestep where L.o denotes the collision losspkthe boundary loss,

t U(0;1) and a noise vector X3 N(0;1). A latent and Lysethe mean squared error loss.

p (1\t+n j st; hvim); (8)



Table 1. Closed-loop and Open-loop Results of E2E-AD Methods in Bench2Drive under base set. C/L refers to camera/LiDAR. Avg. L2
is averaged over the predictions in 2 seconds under 2Hz, similar to UniAD. * denote 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(%)" Efciency" Comfortness" Avg. L2 #
TCP* [36] 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* [15] TP C 62.44  31.23 69.33 16.22 0.95
DriveAdapter* [14] TP C&L 64.22  33.08 70.22 16.01 1.01
AD-MLP [40] NC C 18.05 0.00 48.45 22.63 3.64
UniAD-Tiny [13] NC C 40.73  13.18 123.92 47.04 0.80
UniAD-Base [13] NC C 4581 16.36 129.21 43.58 0.73
VAD [18] NC C 42.35 15.00 157.94 46.01 0.91
MomAD [27] NC C 4454  16.71 170.21 48.63 0.87
GenAD [47] NC C 4481  15.90 - - -
DriveTransformer-Large [17] NC C 63.46 35.01 100.64 20.78 0.62
ORION [7] 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

For the autoregressive architecture, the overall objective3.2. Dataset

Is represented as: We train and evaluate UniDrive-WM on the Bench2Drive
L=L ce+L pian (14) dataset [16], a clolsed—loop benchmark built on CARLA
v2 [5]. Following prior work, we use the base split of 1000
while for the autoregressive + diffusion architecture, where driving scenes: 950 for training and 50 for open-loop val-
alearnable latent query in the latent space serves as the condation. Each scene covers roughly 150 m of continuous
ditional embedding for image generation, the full objective driving in a distinct traf ¢ scenario. For closed-loop evalu-
becomes: ation, we follow the of cial protocol consisting of 220 short
routes spanning 44 interactive scenarios ( ve routes per sce-

L=L cetLpantL em+L cup; (19) nario).

where Lgy is the ow-matching loss and &, p is the CLIP- - T
based semantic alignment loss. 3.3. Training Pipeline
) To enable planning and image generation while preserving
3. Experiments the VQA capability of the underlying VLM, we adopt a
3.1. Training Details two-stage training strategy.
We follow ORION [7] for the detection training setup and
conduct all experiments on 8 NVIDIA H200 GPUs. Fol-
lowing Omnidrive [31], we use EVA-02-L [6] as the vision
encoder and adopt Vicuna 1.5 [46] as the base LLM, ne-
tuned with LoRA (rank=16, =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 prediction, we use a 192 128 resolu-
tion for the autoregressive branch and 256 256 for the
AR+Diffusion branch to balance quality and speed. The dif- Stage 2: Joint Planning, Image Generation, and
fusion decoder uses 64 latent learnable query tokens. Addi-VQA. We continue training with mixed VQA and driv-
tional hyperparameters and implementation details are pro-ing data while keeping the same architectural setup as
vided in the Appendix. Stage 1. This stage reinforces the alignment of the vi-

Stage 1: Joint Planning and Image Generation. We
train the full model end-to-end, with the LLM updated via
LoRA. For the autoregressive generator, the image-start to-
ken is placed immediately after the planning token to en-
force planning-conditioned autoregressive decoding. For
the AR+Diffusion architecture, the 64 learnable latent query
tokens are appended after the planning features in the latent
space to condition the diffusion decoder.



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 [23] - - - - - - 0.616 0.372 0.079 0.044 0.808 0.642
UniAD [13] 0.521 1.265 2.140 0.0077 0.0387 0.0791 0.121 0.518 0.170 0.096  0.977 0.316
VAD [18] 0.454 0.912 1.4770.00102 0.00202 0.002960.509 0.385 0.0854 0.0308 0.594 0.604
Orion [7] 0.268 0.631 1.1290.00213 0.00467 0.007430.646 0.366 0.0765 0.0271 0.258 0.723
Ours(AR) 0.247 0.598 1.0790.00198 0.00435 0.006680.663 0.335 0.0740 0.0262 0.249 0.746

Ours(AR+Diffusion) 0.251 0.608 1.092 0.00202 0.00441 0.007020.670 0.332 0.0736 0.0258 0.247 0.752

sion—-language—planning space by jointly optimizing VQA, VAD [18] and ORION [7] considers the average of all pre-
trajectory planning, and future image prediction, enabling vious time-steps. We follow the evaluation method of VAD
uni ed multimodal reasoning within a single framework. and ORION to evaluate our performance. Compared with
) i previous methods that either purely do VLM-guided plan-
3.4. Evaluation Metrics ning and end-to-end planning methods, our uni ed method
For closed-loop evaluation, we follow the evaluation achieves better performance on both the planning and de-
pipeline of Bench2Drive [16], which adopts four key met- tection tasks, which shows the effectiveness of future im-
rics: Driving Score (DS), Success Rate (SR), Ef ciency, age prediction in improving the performance of the plan-
Comfortness. The Success Rate measures the percentling task.
age of routes successfully completed within the designated
time limit. The Driving Score follows the CARLA [5]  3.6. Evaluation of Image Generation Results

protocol, combining route completion and violation penal- \y evaluate UniDrive-WM on both the autoregressive and

ties—whe.re infractions propo.rtionally reduce the score ar.ipiffusion image generation branches. Qualitative re-
through discount factors. Ef ciency and Comfortness re- g5 are shown in Fig. 4, and quantitative results are pro-

spectively assess the speed pgrformapce and ride smoothjijed in Tab. 3. Across both settings, our method pro-
ness of the autonomous driving policy throughout the g,ces visually coherent future frames that closely match the

episode. ground-truth scene evolution and remain consistent with the

For open-loop evaluation, we report the L2 trajectory er- regicted trajectory. These properties translate into compet-
ror and collision rate. We also evaluate the 3D detection per-jsve or superior image generation quality, as re ected by

formance using standard nuScenes metrics, including mAPyo FID scores.
MATE, mASE, mAOE, mAVE, and NDS, which respec-
tively measure detection accuracy, translation error, scale

ﬁrror, Orﬁnt?:t'or; e:[rror,fvelocny edr.r °tf' and the Oviri':l(l;fettec- planning on image features. Unlike FSDrive, our approach
lon quafily. Foruture frame prediction, we use thecne conditions image generation directly on the planning to-

In_cep_tion Distance (FID) to evaluate how closely the dis- kens, enabling planning-conditioned future frame predic-
tribution of the generated frames matches that of the realtion in both the AR and AR+Diffusion branches. This

future frames. tighter coupling between planning and visual prediction im-

3.5. Evaluation of Trajectory Planning Results proves trajectory alignment and yields future frames that
o more accurately follow the intended motion, contributing
We evaluate our results on the base validation set ofyg our improved FID performance.

Bench2Drive. We both report the open-loop and close-loop
evaluation results. As shown in Tab. 1, for close-loop eval-
uation results, our method outperforms all the other meth- Analysis of Image Generation Methods. We com-
ods that relies on target point and navigation command aspare the discrete autoregressive (AR) and continuous
conditions. Results show that our method achieves betterAR+Diffusion paradigms within our uni ed framework.
performance compared with previous end-to-end methodsDue to its sampling-based formulation, the diffusion de-
and VLM-guided planning methods, which demonstrates coder exhibits higher variance than the AR approach. How-
the effectiveness of image generation modality in boosting ever, AR generation is fundamentally constrained by the
the performance of planning task. number of image tokens: increasing the image resolu-
We also evaluate the open-loop performance ontion requires inserting more tokens, which substantially
Bench2Drive in Tab. 2. Notably, UniAD [13] computes slows training and adaptation of the VLM. In contrast, the
L2 metrics and collision rate at each timestep, whereasAR+Diffusion architecture operates in a continuous latent

A particularly relevant comparison is FSDrive [39], a
recent uni ed vision—planning framework that conditions



Table 3. Future frames generation results on the Bench2Drive [16] dataset. AR: Autoregressive. Lower FID indicates better visual delity.

DriveGAN [20 DriveDreamer [32 Drive-WM [33 GEM [9 Doe-1 [48 . e
Method [CVPRZ:[L] ] [ECCV24][ ] [CVPR2£1] ] [CVPR[213] [arxiv2[4]] FSDrive [39] Ours(AR) Ours (AR+Diffusion)
Type | GAN Diffusion Diffusion Diffusion AR AR AR AR+Diffusion
FID# | 62.3 42.8 17.8 13.2 18.6 9.3 6.4 7.1

Table 4. Ablation study about detection head, planning head, and image generation module for our AR architecture on Bench2Drive [16].

Detection head Planning head Image Gjpn L2 (m)# ‘ Box + Collision# ‘ mAP" mATE# mMASE# mAOE# mMAVE# NDS"
| 1s 2s 3s| 1s 2s 3s |
X X 0.482 1.135 2.1460.00387 0.00898 0.017 — - — - - -
X X — — - - — — 0.638 0.336 0.0726 0.0289 0.283 0.718
X X 0.269 0.632 1.1300.00214 0.00469 0.007460.642 0.367 0.0767 0.0274 0.258 0.721
X X X 0.247 0.598 1.0790.00198 0.00435 0.006680.663 0.335 0.0740 0.0262 0.249 0.746

offs. The AR branch provides real-time generation and fast
decision-making due to its discrete token-based design, but
its representational capacity is limited by token granular-
ity. The AR+Diffusion branch leverages continuous embed-
dings and learnable latent queries, yielding superior perfor-
mance on visually complex or reasoning-intensive scenes.
Its continuous latent representation enables more exible
conditioning and improves reconstruction delity in future
frame prediction.

3.7. Ablation Study

We ablate the detection supervision and the image genera-
tion module to assess their contributions to planning, shown
in Tab. 4. Removing the image generation head noticeably
degrades trajectory accuracy and increases collision cases,
indicating that future frame prediction provides useful aux-
iliary signals for planning. Disabling detection supervision
further harms planning performance by weakening percep-
tion quality. Together, these ndings show that both percep-
tion and future frame prediction play complementary roles,
and that jointly optimizing all components within a uni ed
world model yields more reliable driving behavior.

4. Conclusion and Future Works

We presented UniDrive-WM, a uni ed framework that in-
tegrates scene understanding, trajectory planning, and vi-
sual 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 cur-
rent and historical multi-view observations together with
the planning tokens, and the planning-conditioned visual
predictions in turn enhance trajectory planning by provid-
ing a visual forecast of the expected future scene. Ex-
perimental results demonstrate that our approach not only
space, where feature alignment is independent of image resachieves high- delity, planning-conditioned image gener-
olution, enabling higher- delity future frame prediction. ation, but also yields signi cant gains in planning accu-

Overall, these two pathways offer complementary trade-racy and collision reduction. By conditioning the VLM

Figure 4. Visualization about autoregressive future image predic-
tion results. Left: Current frame; Middle: Future frame; Right:
Predicted future image.



on rich multi-view inputs, temporal history, and perception

features, UniDrive-WM establishes a coherent bridge be-
tween reasoning, action, and visual imagination. Looking
ahead, we plan to extend the framework to more interactive[12]
and long-horizon driving scenarios, paving the way toward
next-generation world models for autonomous driving.
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Supplementary Material

A. More Results
A.1. More Results about Close-Loop Evaluation

We add additional close-loop evaluation results about multi-
ablility on Bench2Drive in Tab 5. Compared with baseline
methods, we achieve better performance in Merging, Over-
taking, Emergency Brake, and Trafic Sign ablility, which
shows that benefiting from the VLM’s reasoning ablility
and the future image prediction ability, our method achieves
better results on multi-ability, along with the Mean score.

A.2. Visualization of AR+Diffusion Future Image
Prediction

We show additional visualization results of our
AR+Diffusion architecture in Fig. 5. The results demon-
strate the architecture’s ability to generate plausible future
frames.

A.3. Further Comparison between AR and
AR-+Diffusion Architecture

We provide further comparison between our proposed
AR architecture and AR+Diffusion architecture, shown in
Tab. 6. Results show that the AR architecture shows slightly
better results compared with AR+Diffusion architecture.
We regard it as that the token-space insertion of image
tokens provides a more explicit supervision for the plan-
ning compared with inserting learnable queries in hidden
states. However, AR+Diffusion has the potential to gener-
ate higher-resolution outputs(512  512), offering superior
generation quality. For AR-based architectures, increasing
image resolution significantly increases the number of vi-
sual tokens, which in turn slows down convergence during
training and speed during inference. For AR+Diffusion ar-
chitecture, future works may be using discrete predicted im-
age tokens as additional conditioning signals for the diffu-
sion model to diffuse the final VAE features to further im-
prove the planning performance.

A.4. Results on VQA

We report our Visual Question Answering (VQA) results in
Tab. 7. We adopt standard natural language generation met-
rics for evaluation. CIDEr measures the semantic relevance
between generated answers and human references using
TF-IDF-weighted n-grams. BLEU evaluates n-gram preci-
sion to quantify lexical overlap, while ROUGE-L computes
the longest common subsequence to capture sequence-level
similarity and structural consistency.

Current Frame Future Frame Predicted Future Image

Figure 5. Visualization of AR+Diffusion result. Left: Current
frame; Middle: Future frame; Right: Predicted future image.

We evaluate VQA performance on Bench2Drive [16] us-
ing the Chat-B2D QA annotations [7]. Compared with the
model variant without the image-generation module, incor-
porating image generation consistently improves all VQA
metrics. This indicates that the future frame prediction
provides additional structural cues that benefit question an-
swering. Intuitively, better modeling of future visual states
enhances the model’s understanding of the current scene,
which aligns with human perception. We also show the vi-



Table 5. Multi-Ability Results under Bench2Drive base set. * denote expert feature distillation. C/L refers to camera/LiDAR. NC:

navigation command, TP: target point.

Method Condition  Modality Ability (%)

Merging  Overtaking Emergency Brake Give Way  Traffic Sign  Mean
TCP* [36] TP C 16.18 20.00 20.00 10.00 6.99 14.63
TCP-ctrl* TP C 10.29 4.44 10.00 10.00 6.45 8.23
TCP-traj* TP C 8.89 24.29 51.67 40.00 46.28 34.22
TCP-traj w/o distillation TP C 17.14 6.67 40.00 50.00 28.72 28.51
ThinkTwice* [15] TP C 27.38 18.42 35.82 50.00 54.23 37.17
DriveAdapter* [14] TP C&L 28.82 26.38 48.76 50.00 56.43 42.08
AD-MLP [40] NC C 0.00 0.00 0.00 0.00 435 0.87
UniAD-Tiny [13] NC C 8.89 9.33 20.00 20.00 1543 14.73
UniAD-Base [13] NC C 14.10 17.78 21.67 10.00 14.21 15.55
VAD [18] NC C 8.11 24.44 18.64 20.00 19.15 18.07
DriveTransformer-Large [17] NC C 17.57 35.00 48.36 40.00 52.10 38.60
ORION NC C 25.00 71.11 78.33 30.00 69.15 54.72
Ours(AR) NC C 29.81 74.04 79.84 40.00 71.30 59.01

Table 6. Further comparison about future image prediction result. DS and SR denote Driving Score and Success Rate separately.

Future Image Prediction Closed-loop ‘ Open-loop ‘ Ability Average
DS"  SR(%)" | Avg.L2(m@#  Avg. col(%)# |
Ours(AR+Diffusion) 78.24 55.58 0.65 0.45 57.86
Ours(AR) 79.22 56.36 0.64 0.43 59.01
Table 7. Additional ablation about VQA score. tiple auxiliary heads responsible for object detection (e.g.,
critical objects and lanes), traffic state estimation, and mo-
Image Generation CIDEr" BLEU" ROUGE-L" tion prediction for dynamic agents. We report the 3D object
] 65.7 50.4 775 detect?on performance using the outputs produced by the
X 66.3 52.9 78.3 detection head.

sualization of the VQA result in open-loop evaluation in
Fig 6. These results demonstrate that our model not only
comprehends the current scene, but also performs effec-
tive future-state reasoning, enabling it to produce reliable,
decision-oriented answers even in complex driving scenar-
ios and challenging weather conditions.

B. Additional Details on Detection Module

For the detection module, we follow ORION [7] to con-
struct our detection pipeline. In the QT-Former, we initial-
ize learnable scene queries Qs 2 RNs ©a and perception
queries Qp 2 RNe Ca_ where Ng and Np denote the num-
bers of scene and perception queries, and Cg is the query di-
mension. These queries interact with the image features Fp,
and their associated 3D positional encodings Py, through a
cross-attention module.

The updated perception queries are then passed to mul-



Multi-View Input BEV

Q1: "Could you describe the overall environment and objects captured in the images provided?"

AL: "The scene depicts an intersection during what appears to be early evening or late afternoon, given the dark sky. The road is clear with no visible obstacles, and the traffic lights are
showing red. There are no pedestrians or other vehicles in the immediate vicinity. The surroundings include a billboard, some trees, and a few buildings, suggesting a suburban setting. The
road surface looks smooth and well-maintained."

Q2: "Which objects in the scene are critical, and what effects do they have on the ego vehicle's movement?"

AZ2: "Traffic light at <-1.33, 24.63> showing red, indicating the need to stop.."

Q3: "Please describe your driving behavior and explain the reasons."

A3: "You should keep and lanefollow. The decision to keep the current speed and follow the lane is influenced by the absence of any immediate obstacles or other vehicles requiring a change
in direction or speed. The red traffic light ahead requires the vehicle to come to a complete stop before proceeding.”

Q1: "Could you describe the overall environment and objects captured in the images provided?"

AL: "The scene depicts an urban street during daytime under clear weather conditions. The road is dry and well-maintained, with clearly marked lanes and a double yellow line dividing the
opposing traffic directions. There are two vehicles ahead in the same lane as the ego vehicle, both traveling in the same direction. The traffic lights ahead are green, allowing for uninterrupted
travel. The surrounding buildings are multi-story structures typical of a city environment, with storefronts and signage visible along the sidewalks."

Q2: "Which objects in the scene are critical, and what effects do they have on the ego vehicle's movement?"

A2: "Car at <-2.52, 17.73> is 17.73 meters ahead and 2.52 meters to the left of the ego vehicle, moving at a similar speed, may influence lane choice..”

Q3: "Please describe your driving behavior and explain the reasons."

A3: "You should maintain your current speed and follow the lane. The decision to maintain speed and follow the lane is influenced by the presence of the car ahead in the same lane, which is
moving at a similar speed, suggesting a safe following distance. The green traffic light ahead indicates that there are no immediate stops required, allowing for continuous motion. The road
conditions are favorable, with no visible obstacles or hazards."

Q1: "Could you describe the overall environment and objects captured in the images provided?"

Al: "The scene depicts a rainy highway with reduced visibility due to the weather conditions. The road surface appears wet, indicating recent or ongoing precipitation. A blue car is visible in the
right lane, moving away from the viewer's perspective. The surrounding area includes a barrier on the right side and greenery beyond it, with overhead signs providing direction or exit
information. The overall atmosphere suggests caution due to the slippery road conditions and limited visibility."

Q2: "Which objects in the scene are critical, and what effects do they have on the ego vehicle's movement?"

A2: "Blue car at <2.83, 24.21> in the right lane, moving at a speed of 5.44 m/s, heading away from the ego vehicle, and potentially influencing lane-changing decisions.."

Q3: Please describe your driving behavior and explain the reasons."

A3: "You should maintain your current speed and prepare to change lanes to the left. The decision to change lanes is influenced by the need to navigate around the blue car in the right lane,
which is moving at a different speed and trajectory. The wet road conditions require careful maneuvering to avoid skidding or losing control during the lane change. Ensure there is sufficient
space in the left lane before initiating the lane change to maintain safety."

Figure 6. Visualization of our VQA result on Bench2Drive open-loop evaluation. For each scene, we show the multi-view input images
and the Bird’s Eye View(BEV). The question-answer includes the model’s understanding of the current state and reasoning about the ego
vehicle’s movement and driving behavior. Red text highlights our method’s scene comprehension and reasoning.
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