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Abstract. Generalization is a central challenge in autonomous driv-
ing, as real-world deployment requires robust performance under unseen
scenarios, sensor domains, and environmental conditions. Recent world-
model-based planning methods have shown strong capabilities in scene
understanding and multi-modal future prediction, yet their generaliza-
tion across datasets and sensor configurations remains limited. In addi-
tion, their loosely coupled planning paradigm often leads to poor video-
trajectory consistency during visual imagination. To overcome these limi-
tations, we propose DRIVEVA, a novel autonomous driving world model
that jointly decodes future visual forecasts and action sequences in a
shared latent generative process. DRIVEVA inherits rich priors on mo-
tion dynamics and physical plausibility from well-pretrained large-scale
video generation models to capture continuous spatiotemporal evolution
and causal interaction patterns. To this end, DRIVEVA employs a DiT-
based decoder to jointly predict future action sequences (trajectories)
and videos, enabling tighter alignment between planning and scene evolu-
tion. We also introduce a video continuation strategy to strengthen long-
duration rollout consistency. DRIVEVA achieves an impressive PDM-
based planning performance of 90.9 PDM score on the NAVSIM bench-
mark. Extensive experiments also demonstrate the zero-shot capability
and cross-domain generalization of DRIVEVA, which reduces average 1.2
error and collision rate by 78.9% and 83.3% on nuScenes and 52.5%
and 52.4% on the Bench2Drive built on CARLA v2 compared with the
state-of-the-art world-model-based planner.
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1 Introduction

Generalization has long been a fundamental goal in autonomous driving, as it is
essential for building systems that operate reliably in the real world [9,11,16,18,
26,48-51,77]. A capable autonomous driving model should not only perform well
on scenarios seen during training, but also remain robust under unseen traffic
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Fig. 1: DRIVEVA: unified video—trajectory rollout for planning. Given history
frames, DRIVEVA rolls out a future video clip (top). The ego trajectory is generated to-
gether with the video rollout and remains aligned with the visual scene evolution (mid-
dle). Bottom: zero-shot comparisons trained on NAVSIM and evaluated on nuScenes
(cross dataset) and CARLA (cross domain from real to simulation), showing large rel-
ative improvements over PWM [83] in displacement error and collision rate.

patterns, novel road layouts, and diverse sensor configurations [28,36,90]. This
ability is especially important for real-world deployment, where long-tail events,
domain shifts, and complex agent interactions are common. Recent advances in
large-scale pre-trained models have motivated researchers to develop autonomous
driving systems that can better transfer across tasks and domains [42, 43, 74].
This trend has led to the development of Vision-Language-Action (VLA) mod-
els [19, 20, 39, 74, 90|, which leverage pre-trained vision-language models as the
backbone and fine-tune them on driving-specific trajectory data. This strat-
egy can reduce the amount of task-specific training data required while still
achieving strong planning performance. However, despite these advances, true
generalization, especially zero-shot transfer across datasets, remains limited and
has yet to be fully realized. A key reason is that prevailing VLA pretraining on
static image—text pairs primarily transfers semantic knowledge (“what is what”),
but provides limited spatiotemporal and causal priors (“how the world moves”)
needed for robust closed-loop planning.

Recently, large-scale video generation models [35,62,76,88] have shown strong
generalization to unseen textual prompts and visual contexts. By learning from
massive video corpora, they capture realistic motion patterns and physically
plausible scene dynamics [6,35,62,68,69,81,82|, suggesting rich priors over real-
world temporal evolution. Notably, the ability of video generators to produce
temporally coherent future predictions under flexible conditioning aligns closely
with the goal of building generalizable driving world models. This motivates a
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key question: "Can large video generation models serve as a foundation
for generalizable autonomous driving video action models?"

To answer this question, we investigate how to build and fine-tune autonom-
ous driving models upon large-scale video generation models. Existing world-
model-based planning methods suffer from two major bottlenecks. First, they
often exhibit limited generalization across diverse datasets as the world knowl-
edge learned from one dataset is difficult to transfer effectively to another. Sec-
ond, they commonly suffer from inconsistency between visual and action rollouts,
because video imagination and trajectory generation are typically modeled sep-
arately or only loosely coupled [67,80]. To bridge the gap between generic video
generation and driving-oriented planning, the key challenge is to enable video
generation models not only to synthesize plausible future scenes, but also to
produce actionable driving trajectories that can directly guide vehicle planning.
Moreover, to effectively transfer the strong generalization capability of video
generation models from the visual domain to the planning domain, it is crucial
to maintain consistency between the predicted driving trajectories and the vi-
sual future evolution represented in the generated videos, as illustrated by the
qualitative comparisons in Fig. 3 and Fig. 4. Such alignment allows the seman-
tic understanding and physical priors learned from large-scale video data to be
naturally extended to autonomous driving behaviors.

In this paper, we propose a video-action model, called DRIVEVA, which in-
tegrates large-scale video priors with end-to-end planning and dense supervision
from world modeling. We find that video-level supervision is the main driver of
planning gains, rather than a merely auxiliary loss appended to a pipeline as
in most existing methods [39,67,78,87]. Concretely, enabling video supervision
boosts NAVSIMv1 PDMS from 71.4 to 90.9 (+19.5) over action-only optimiza-
tion (Table 5). The key is that video supervision provides dense temporal ground-
ing of scene dynamics, and planning benefits only when the predicted actions
are forced to stay consistent with the imagined future. As shown in Fig. 1, this
motivates our unified formulation: instead of modeling future visual imagination
and trajectory generation in separate stages, DRIVEVA places future video la-
tents and action tokens in a shared latent generative process and jointly decodes
them with a single DiT [56] in a shared latent space, so trajectories are generated
as action grounding of the same rollout rather than being optimized in a sep-
arate stage. This unified formulation yields tighter video—trajectory alignment.
Despite being generative, we observe that as few as two sampling steps already
reach near-optimal planning performance, enabling efficient recurrent decision
making. We further introduce a video continuation module to maintain long-
duration consistency by progressively rolling out future video clips [47,52]. Ex-
tensive experiments demonstrate that DRIVEVA achieves state-of-the-art PDM-
based planning performance on NAVSIM, and also transfers strongly to unseen
datasets across real driving scenes (e.g., nuScenes) and simulated scenes (e.g.,
Bench2Drive) in a zero-shot setting without target-domain fine-tuning, support-
ing the generalization capability of DRIVEVA.

Overall, our core contributions are as follows:
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— We propose DRIVEVA, a unified video-action world model for autonomous
driving that jointly models future visual imagination and trajectory pre-
diction within a shared latent generative process, alleviating the mismatch
caused by cascaded or loosely coupled planning pipelines.

— We design a unified DiT-based decoder that simultaneously generates future
video latents and action tokens, leading to stronger video-trajectory consis-
tency and tighter alignment between scene evolution and planned behavior.

— We introduce a video continuation module that progressively rolls out fu-
ture clips, preserving long-horizon structural consistency during recurrent
planning.

— Extensive experiments show that DRIVEVA achieves state-of-the-art PDM-
based planning performance on NAVSIM (90.9 PDMS), and delivers strong
zero-shot performance on nuScenes (trained on NAVSIM) with 78.9% lower
average L2 error and 83.3% lower collision rate than the state of the art. It
also improves generalization from real to simulation on Bench2Drive (CARLA),
reducing average L2 error by 52.5% and collision rate by 52.4%.

2 Related Work

2.1 Vision Language Action Models

VLAs. Recently, the rapid development of vision-language-action (VLA) mod-
els [19, 20, 39, 74, 90] has advanced a new paradigm for language-guided au-
tonomous driving: these models jointly integrate language understanding, en-
vironment perception, and vehicle control to accomplish driving tasks in an end-
to-end manner. This progress has been largely enabled by the continued evolution
of vision [16,22,54,57,70,71,79], language [1,58], and vision-language [8, 46, 64]
foundation models. Despite this progress, most existing driving VLAs are still
built upon vision-language models (VLMs) pre-trained on large-scale web data.
While such models are effective at transferring visual-semantic knowledge, their
pretraining data is primarily composed of static image-text pairs, which lim-
its their ability to capture temporal dynamics and physical interaction patterns
directly; They do not naturally inherit the spatiotemporal priors required for
adapting to new complex interactive scenarios. Consequently, the generalization
capability of current driving VLAs, especially when faced with unseen scenarios
and unseen behaviors, still exhibits clear limitations [90].

Generalization in VLAs. To address the generalization issue, existing driving
VLA methods mainly follow two directions: one focuses on targeted data con-
struction for corner cases, while the other relies on structured expert modeling
for long-tail behaviors [10,26,28,90]. However, stronger zero-shot generalization
remains insufficiently addressed. For example, Impromptu VLA [10] improves
robustness through a manually curated corner-case dataset [26,28], but relies on
predefined scenario categories and trajectory-centric supervision, limiting true
cross-dataset zero-shot transfer. DriveMoE [74], in contrast, addresses rare and
long-tail driving behaviors through scene- and skill-specialized experts [90], yet
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still depends on predefined skill partitions and benchmark-specific data distri-
butions, with limited evidence of transfer to unseen platforms or environments.
We argue that zero-shot driving capability is particularly critical for planning,
as it more directly measures whether a model can make reliable decisions when
encountering unseen corner cases rather than merely interpolating among ob-
served trajectory patterns, and also serves as an indicator of cross-platform and
cross-scenario generalization. In contrast, video-based world models can lever-
age dense frame-level supervision to learn physical dynamics from visual evo-
lution, offering a more scalable path toward generalization beyond fixed action
templates, benchmark-specific skill partitions, and manually defined corner-case
taxonomies [21, 39, 65,73, 87].

2.2 Video Model-based Autonomous Driving

Motivated by intuitive physical reasoning, world models aim to improve driv-
ing decisions by forecasting future scene evolution. Existing autonomous-driving
world models can be broadly divided into two lines: latent-dynamics models for
planning [63,75,87], and models that explicitly predict future visual observations
for decision making [39,78,80].

Latent-dynamics methods, such as LAW [38], World4Drive [87], AdaWM [63],
and Raw2Drive [75], learn compact future representations for planning, policy
optimization, or robustness, but generally treat the world model as an auxiliary
module for supervision or planning guidance rather than using explicit visual
rollouts at inference. In contrast, visually predictive approaches, including Fu-
tureSightDrive [78], Epona [80], DriveVLA-WO [39], and DriveLaW [67], more
directly exploit future visual prediction for planning. However, existing methods
still typically treat visual prediction as an auxiliary signal, an intermediate rea-
soning process, or a module loosely coupled with planning. Even in methods that
connect the two more explicitly, video and action generation are often maintained
as separate branches, with consistency relying on inter-module feature transfer
or multi-stage optimization. As a result, mismatches between imagined futures
and generated actions can accumulate over time, causing the executed actions
to deviate from the future evolution predicted by the world model.

Built on video diffusion backbones, recent VAM-style driving models such
as VaViM /VaVAM [3] explore video generative modeling for autonomous driv-
ing, suggesting that video generation priors can provide useful spatiotemporal
and physical priors for driving policies. Unlike latent world models that learn
dynamics from scratch in compact latent spaces [2,23-25], they can directly
exploit pretrained video representations that already encode rich physical dy-
namics. This suggests that a unified generative formulation of future video and
actions may provide tighter coupling between visual forecasting and planning,
while also improving transfer across data domains. Motivated by this observa-
tion, our method adopts a single shared generative process to jointly model future
imagination and action generation, and further investigates how data scale and
diversity affect generalization in autonomous driving.



6 M. Liu et al.
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Fig. 2: Overall pipeline of DRIVEVA. Given history observations, the ego state
(current velocity vz, vy ), and language instructions, the model first encodes conditional
signals into latent tokens through a text encoder and a video VAE [62]. A unified diffu-
sion transformer (DiT) [56] then jointly predicts future video latents and future action
tokens in a shared generative process, ensuring strong video-trajectory consistency. To
maintain long-horizon temporal coherence, a progressive video continuation strategy
recursively rolls out future video clips while updating predicted trajectories.

3 Preliminary

Flow Matching. Flow matching [45,53,60] models generation as a continuous-
time transformation from a simple source distribution to the target data distri-
bution. Let 24ata € R? be a data sample and € ~ N(0,I) be a noise sample. The
model learns a time-dependent velocity field vg : R? x [0,1] — R? that defines
the dynamics of a trajectory z(®) via

dx(®)
fls = vy (:1:(5),3) , 0 =¢ se [0,1]. (1)

Intuitively, the learned flow transports samples from noise at s = 0 to the data
manifold at s = 1.

For training, flow matching supervises the model on a prescribed inter-
polation path between € and xga;n- We use the standard linear interpolation
() = (1 — $)€ + STdata, Wwhose derivative is ) = Zgata — €. The network vy is
trained to regress this target velocity:

Liv =Es e zua |:Hv0 (I(S)7 s) A

i @

2
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At inference, generation starts from Gaussian noise and integrates the learned
velocity field from s =0 to s = 1:

1
M = z© +/ vp (:v(s),s) ds, z© ~ N(0,1). (3)
0

Video Generation with Conditional Flow Matching. Recent video gen-
erators [4,62] commonly perform flow matching in the latent space of a pre-
trained video autoencoder. Let F and D denote the encoder and decoder, re-
spectively. Given a conditioning signal ¢, we aim to generate a latent video
sequence z = {z1,..., 27, } and decode it to pixels with D.

Conditional flow matching learns a velocity field vg(z(*), s | ¢) that defines
the latent dynamics d‘:‘l—(:) = (2, s | ¢) with z(9 ~ A(0,I). Integrating
from s =0 to 1 yields the clean latent z"), which is then decoded by D. This
latent-space formulation is efficient and well-suited for long-horizon, condition-
controlled video synthesis.

4 Method

4.1 Problem Formulation

Given a language instruction 7 (including the high-level command) and a his-
tory observation buffer O = {F;_,,41, ..., F;}, which contains m-frame history
observations from F;_,,11 to F;. Our goal at the current timestep [ is to jointly
predict future actions (trajectories) and future visual imaginations. Specifically,
conditioned on T, the current ego state q; (represented by the ego velocity com-
ponents v, and vy ), and the visual history observations O, we predict:

1. An action chunk A; 1.4k = {a;y; € R3}X | consisting of K future actions
to be executed sequentially, where each action a;y; is a 3-D vector. The first
two dimensions encode the ego-vehicle (z,y) position, and the last dimension
encodes the yaw angle.

2. A future video clip Fiiiuen = {Fiy; }jvzl consisting of N frames that
depict the anticipated future visual evolution by executing A; 1.1+ k. In prac-
tice, we do not predict raw frames directly; instead, we predict their latent
representations, as detailed in Sec. 4.2.

After executing A; 1.1+ x, we obtain new observations, update O; using a slid-
ing window, and repeat the process until task completion. This rolling-horizon
setup reduces difficulty in long-horizon prediction to a progressive sequence of
short wvideo-continuation problems.

Joint Video—Action Modeling. Formally, DRIVEVA jointly models future
video imaginations and action chunks conditioned on C; := (O, T,q;). This
formulation can be viewed as unifying video continuation and IDM-style [17,89]
action grounding within a single end-to-end model, where actions are predicted
to be consistent with the imagined future. Instead of training two separate mod-
els [37,55,67] (a video prediction model and an inverse dynamics model) for
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the decomposed objective, we optimize a single model end-to-end with this joint
objective. This design encourages tighter video—action alignment through deep
cross-modal integration (Fig. 5 and Fig. 4). Moreover, since pretrained video
models already provide strong video-prediction priors from large web-scale data,
DRIVEVA focuses on adapting these priors to driving-domain video continuation
and learning action grounding from predicted visual futures. We further hypoth-
esize that this improves generalization power over conventional VLA training
from VLMSs, because our formulation explicitly learns temporal dynamics from
video frames, which are both used as conditional inputs and prediction targets.

4.2 Data Preprocessing

Text Instruction Encoding. We use a frozen text encoder from Wan2.2-TI2V-
5B [62] to encode the language instruction 7 (including the high-level command)
into a fixed-length token sequence T € R¥7*4 (Fig. 2). These encoded text to-
kens are injected into the backbone through a cross-attention mechanism, instead
of being concatenated with the visual/action stream, keeping the spatiotemporal
token sequence compact and decoupling text length for higher control flexibility.

Video Causal VAE with Wan2.2-TI2V-5B. We adopt the 3D-causal VAE
encoder from Wan2.2-TI2V-5B as the video encoder. Given a video clip F =
{F, };-V:D the encoder produces a temporally downsampled latent sequence:

V={V,;}l_,, V;eRMwx (4)

where n is the latent sequence length after temporal downsampling. In the origi-
nal WAN’s design, causality ensures that the first latent feature V; depends only
on the first frame observation Fi, so a single observed frame can be encoded as
a valid conditional latent at inference time.

To guarantee long-duration consistency, we further extend this single-frame
conditioning to a video-continuation setting by conditioning on a history obser-
vation buffer rather than only the current frame. Specifically, at current timestep
I, we encode the observation buffer O; = {F;_,,41,...,F;} into a sequence of
history latents: VM = {V,_,,11,..., Vi }. Thus, the first m-frame conditioning
latents are all derived from historical observations and provide long-range visual
priors for continuation. During training, we encode the full clip to obtain both

history latents Vlhis and future latents Vlf“t; during inference, we encode only O,

and generate future latents conditioned on the encoded history latents VP,

4.3 Consistent Video-Action Generation

At each current timestep I, DRIVEVA jointly predicts future video latents and
action tokens conditioned on (i) history latents VS, (ii) the current ego state qy,
and (iii) text/command tokens T, as in Fig. 2. This design matches training and
inference: both use a fixed-length history buffer and predict a short continuation

window, which can be chained to progressively generate long-horizon rollout.
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Input Tokenization. We raster-flatten each visual latent V, in V" and project
it into the model dimension:

V} = Proj(Flatten(Vy)) e REv*d Ly = h-w. (5)

The current ego state q; is embedded into Lg state tokens S; € RLs*4 ysing
an MLP. Each action a;; € R3? is also embedded into one token via an MLP,
yielding the action-token sequence A;i1.4+x € RExd,

Fixed Condition and Generative Targets. We split the model input into a
noise-free condition block and a generative target block:

Xt(cf))nd = [Sl? V27m+17 s ,V” S RLcondXdy (6)
Yél) = [V£+1, e 7V£+npred7 Al+1:l+K] c RLtthd' (7)

Here, npred is the number of future latent steps corresponding to the predicted

Qnd is kept
fixed at both training and inference. Given the conditional tokens X((:lo)nd and
text tokens T, a Diffusion Transformer (DiT) decoder predicts the conditional

velocity field for the generative targets:

future clip (after temporal downsampling). The condition block Xé

~ (1, l s
W = fo(XBa YL T)) (8)

where Y(#) is the noisy interpolation of the clean targets Y(()l) at flow time s,
and fp is the DiT decoder parameterized by 6.

4.4 Flow Matching Objective

Following the flow matching formulation in Sec. 3, we instantiate a conditional

flow over the generative target block Y(()l), conditioned on the fixed context block

X(l) q and text tokens T.

con

Flow-Matching Generative Loss. At timestep [, we denote the clean target
tokens as Y(()l). We sample s ~ U(0,1) and € ~ N (0,I), and construct the linear
interpolation Y() = (1 —s)e+ sY(()l), whose target velocity is Y (%) = Y(()l) —€.
We optimize the standard flow-matching regression loss:

~(l,s Y s 2
V) @) 2] : 9)

Lry = E1757Y51)7€ [

5 Experiments

5.1 Datasets

NAVSIM v1. We use the NAVSIM v1 benchmark [14] (built on OpenScene [13])
as our main PDM-based evaluation for safety-critical driving. It reports NC,
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Table 1: Performance comparison on NAVSIM Navtest using PDM-based
metrics. Methods are grouped by whether they employ an explicit world model: Tra-
ditional End-to-End Methods and World Model Methods.

Method ‘ Ref ‘ Image Lidar ‘ NCtT DACT ‘ TTCt Comf.t EPT PDMS?t
Constant Velocity - 68.0 57.8 50.0 100 19.4 20.6
Ego Status MLP [14] arXiv'23 ‘ 93.0 7.3 83.6 100 62.8 65.6
Traditional End-to-End Methods

VADvV2-Vg1g2 [33] ICLR’26 4 97.2 89.1 91.6 100 76.0 80.9
UniAD |[31] CVPR’23 v 97.8 91.9 92.9 100 78.8 83.4
TransFuser [12] TPAMI'23 v v 97.7 92.8 92.8 100 79.2 84.0
PARA-Drive [66] CVPR24 v 97.9 92.4 93.0 99.8 79.3 84.0
ReCogDrive-IL [41] ICLR’26 v 98.1 94.7 94.2 100 80.9 86.5
DiffusionDrive [44] CVPR’25 v v 98.2 96.2 94.7 100 82.2 88.1
World Model Methods

DrivingGPT [7] ICCV’25 4 98.9 90.7 94.9 95.6 79.7 82.4
LAW [38] ICLR’25 4 96.4 95.4 88.7 99.9 81.7 84.6
Epona [80] ICCV’25 4 97.9 95.1 93.8 99.9 80.4 86.2
Resim [72] NeurIPS’25 v - - - - 86.6
WOTE [40] ICCV’25 v v 98.5 96.8 94.9 99.9 81.9 88.3
DriveVLA-WO [39] ICLR’26 v 98.4 95.3 95.2 100 80.9 87.2
PWM [83] NeurIPS’25 v 98.6 95.9 95.4 100 81.8 88.1
Ours - v 99.2 97.5 98.7 100 83.5 90.9

DAC, TTC, Comfort (C.), and Ego Progress (EP), aggregated as PDMS =
NC x DAC x 5EP+5’]1:‘2TC+2C. )

nuScenes. For cross-dataset zero-shot evaluation, we evaluate on the nuScenes
validation split (150 scenes) from the 1,000-scene nuScenes dataset [5], and report
Displacement Error (DE) and Collision Rate (CR) following prior works [31,34].
Bench2Drive. Bench2Drive [32] is a CARLA v2 closed-loop benchmark [15]
with diverse interactive scenarios and evaluation routes. We evaluate: (1) From
real to simulation cross domain zero-shot transfer by testing a NAVSIM-trained
model directly on the Bench2Drive validation split; (2) sim-enhanced training
by mixing NAVSIM and Bench2Drive data, then evaluating on NAVSIM. Note
that transferring policies across real-world logs and simulation is challenging due
to the well-known reality gap in appearance, dynamics, and agent behaviors [30].

5.2 Training Detalils

We utilize Wan2.2-TI2V-5B [62] as our pre-trained backbone. Each training
sample consists of 4 history frames and 8 future frames at 2 FPS with a resolution
of 832 x 480. Training is performed on NVIDIA H20 GPUs with AdamW using
a learning rate of 10~ and weight decay of 0.01 under distributed bfl6 mixed-
precision training. We first train with a batch size of 80 for 20k steps for faster
convergence, and then continue fine-tuning for another 10k steps with an effective
batch size of 640 via gradient accumulation. We adopt a linear warm-up over the
first 1k steps starting from 1072 of the base learning rate, followed by a constant
learning rate schedule. The training objective combines a flow-matching loss for
future-frame generation with a trajectory prediction loss. During inference, we
use 2 sampling steps for flow-based sampling.
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Table 2: Zero-shot end-to-end motion planning performance on nuScenes [5]
and Bench2Drive (CARLA) [32]. All methods are trained on NAVSIM and directly
evaluated on the target datasets without target-domain fine-tuning.

nuScenes
Collision (%) |
1s 28 3s Avg.

Bench2Drive (CARLA)
L2 (m) | Collision (%) |
25 3s 1s 28  3s Avg.

Method Finetune Ref

L2 (m) |
25 3s

1s Avg. 1s Avg.

VLA-World Model Methods
DriveVLA-WO [39]] X
World Model Methods
PWM [83]
Ours

ICLR26 |0.43 1.26 2.60 1.43]0.22 0.66 1.42 0.77]1.01 2.77 522 3.00|1.49 2.53 3.53 2.52

- 0.33 0.76 1.43 0.84/0.00 0.07 0.12 0.06|0.69 1.29 2.03 1.33|1.38 1.97 2.65 1.79

X NeurIPS’25|2.06 3.91 6.00 399‘0.12 0.15 0.86 0.36|1.70 2.74 3.97 280‘4.01 3.73 3.53 3.76
X

Table 3: End-to-end motion planning performance on nuScenes [5] dataset.
* represents only using the front camera as input.

- Py 0
Method %TS:S&:?: Ref Input Auxiliary Supervision [éf (m)3i Y, ‘ 1(;011151;: Ra;; (/szjg.
ST-P3 [29] v ECCV’22 | Camera Map&Box&Depth 1.33 211 290 2.11]0.23 0.62 127 0.71
UniAD [31] v CVPR’23 | Camera Map&Box&Motion | 0.48 0.96 1.65 1.03|0.05 0.17 0.71 0.31
OccNet [61] 4 ICCV’23 | Camera  3D-Occ&Map&Box | 1.29 2.13 299 2.14|0.21 059 1.37 0.72
OccWorld [84] v ECCV’24 | Camera 3D-Occ 0.52 1.27 241 1.40|0.12 040 2.08 0.87
VAD-Tiny [34] v ICCV’23 | Camera Map&Box&Motion | 0.60 1.23 2.06 1.30| 0.31 0.53 1.33 0.72
VAD-Base [34] v ICCV’23 | Camera Map&Box&Motion | 0.54 1.15 1.98 1.22|0.04 0.39 1.17 0.53
GenAD [35] v ECCV’24 | Camera  Map&Box&Motion | 0.36 0.83 1.55 0.91|0.06 0.23 1.00 0.43
Doe-1 [86] v arXiv'24 | Camera® QA 0.50 1.18 2.11 1.26 | 0.04 0.37 1.19 0.53
Epona [80] 4 ICCV’25 | Camera® None 0.61 1.17 1.98 1.25|0.01 0.22 0.85 0.36
Ours X - Camera® None 0.33 0.76 1.43 0.84|0.00 0.07 0.12 0.06

5.3 Quantitative Comparison Results

Comparison Results on NAVSIM v1. As shown in Table 1, we evaluate our
DRIVEVA on the NAVSIM dataset using PDM-based metrics. As for the average
PDMS metric, our method not only surpasses previous traditional end-to-end
methods like DiffusionDrive [44], but also outperforms recent world model-based
methods, including latent-dynamics approaches such as LAW [38] and visually
predictive models that explicitly forecast future observations for decision mak-
ing, e.g., Epona [80], PWM [83] and DriveVLA-WO [39], etc. Notably, compared
to some recent methods such as WoTE [40] using multi-modal information as in-
puts, our method uses only front-view camera images, but still achieves a better
score on the PDM-based planning benchmark. We attribute these gains primar-
ily to our unified video-action formulation, which jointly models future video
imagination and ego trajectory prediction within a shared generative process,
leading to better alignment between what the model imagines and how it plans.

5.4 Cross-Domain Generalization

Zero-shot Evaluation. Table 2 evaluates strict zero-shot transfer, where all
methods are trained on NAVSIM and directly evaluated on nuScenes and Bench2-
Drive without fine-tuning. On nuScenes, DRIVEVA achieves the best perfor-
mance among world-model methods across all horizons, with an average L2
error of 0.84 and an average collision rate of 0.06. Under the same protocol,
camera-only input, and without auxiliary supervision, it substantially improves
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Fig.3: Video—trajectory consistency comparison in zero-shot unseen
nuScenes scenarios. In this left-turn scenario, our method produces trajectories that
follow the scene evolution in the generated future video. In contrast, PWM [83] pre-
dicts a straight trajectory while the generated video indicates a left-turn maneuver,
revealing a clear video—trajectory mismatch. Here, green denotes the GT trajectory
and red the predicted trajectory.

over PWM [83], reducing the average L2 error from 3.99 to 0.84 (78.9%) and the
average collision rate from 0.36 to 0.06 (83.3%).

On Bench2Drive, DRIVEVA also shows strong robustness under real-to—
simulation transfer. Compared with PWM, it lowers the average L2 error from
2.80 to 1.33 and the average collision rate from 3.76 to 1.79. It further out-
performs DriveVLA-WO [39], reducing the average L2 error from 3.00 to 1.33
(55.7%) and the average collision rate from 2.52 to 1.79 (29.0%). Moreover,
Table 3 shows that DRIVEVA, even without nuScenes training or fine-tuning,
surpasses baselines trained or fine-tuned on nuScenes, indicating that unified
video-action modeling learns transferable planning priors rather than relying on
target-domain adaptation.

5.5 Video—Trajectory Consistency Analysis

To verify video—trajectory consistency, we reconstruct ego motion from ground-
truth and generated future videos using DPVO [59]. After aligning each recon-
structed trajectory to its reference with a 2D similarity transform, we compute
the average L2 error over the future 4s horizon. Table 4 shows consistently low er-
rors on NAVSIM and zero-shot nuScenes, indicating that generated videos imply
motion aligned with the predicted trajectories. Fig. 4 further shows that DPVO
reconstructions from generated videos closely follow model predictions across
representative scenarios. More details and analyses are provided in Sec. S4 of
the supplementary material.

Why does DRIVEVA generalize better in zero-shot setting? Our zero-
shot visualizations in Fig. 3 provide a clear explanation: DRIVEVA maintains
strong video—trajectory consistency under domain shift, where the predicted tra-
jectory aligns well with the imagined future scene evolution. In contrast, PWM
often exhibits noticeable video—trajectory mismatch in zero-shot transfer, leading
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Table 4: Quantitative video—trajectory consistency measured by DPVO re-
construction. We run DPVO [59] on ground-truth future videos and generated future
videos to reconstruct camera trajectories. After 2D similarity alignment, we compute
the average L2 error over the future 4s horizon with respect to the corresponding ref-
erence trajectories. Lower is better.

Split / Scenario ‘ GT traj. vs. GT-video recon. Avg. L2 (4s) | Pred. traj. vs. Pred.-video recon. Avg. L2 (4s) |

NAVSIM 0.09 0.16
nuScenes 0.07 0.14
Average ‘ 0.08 0.15

Table 5: Ablation studies. "Video Loss" indicates video supervision during train-
ing. "CARLA Mix Training" denotes joint training with CARLA simulated data and
NAVSIM data. "Video Continuation" refers to video-to-video generation.

Planning Metric

ID | Video Loss CARLA Mix Training Video Continuation NC{ DACt TTCt Comfi EP{ PDMS}

1 X v v 95.0 89.0 939 86.6 59.7 7l4

2 v X v 99.0 97.3 984 100 832 905

3 v v X 949 956 942 100 769  84.6

4 v v v 99.2 97.5 98.7 100 83.5 90.9

Table 6: Future video frames. Table 7: Training strategy.
Future Frames ‘ NCt DACT TTCT Comf.t EPT PDMST Training Strategy ‘ NCt DACT TTCt Comf.t EPT PDMS?T
4 96.6 91.4 95.5 93.3 77.2 82.1 From Scratch 89.9 76.8 87.6 99.9 76.8 62.9
8 99.2 97.5 98.7 100 83.5 90.9 LoRA Fine-tune 92.4 88.0 91.0 99.9 67.5 74.9
12 98.6 94.4 97.5 99.8 79.5 86.7 Full Fine-tune 99.2 97.5 98.7 100 83.5 90.9
Table 8: Sampling steps. Table 9: Model size.

Steps | NCt DACt TTCt Comft EPT PDMSt Model Size | NCt DACt TTCt Comf.t EPT PDMSt
1 61.8 36.9 50.3 1.9 36.9 13.2 5B LoRA 92.4 88.0 91.0 99.9 67.5 74.9
2 99.2 97.5 98.7 100 83.5 90.9 14B LoRA 96.3 91.3 95.7 99.4 71.6 80.6
3 99.1 97.4 98.7 100 83.7 90.9 5B Full Fine-tune | 99.2 97.5 98.7 100 83.5 90.9

the planned motion to deviate from the future states implied by its imagination
and resulting in error accumulation in recurrent rollout. For instance, in Fig. 3,
PWM imagines a left-turning future, yet predicts a near-straight trajectory, re-
vealing a clear inconsistency between its visual rollout and planned motion.
Simulation-Enhanced Real-World Transferring. DRIVEVA further bene-
fits from joint training with simulation data, as shown in Table 5 (ID 2 vs. 4).
Simulated environments such as CARLA provide diverse, high-quality corner-
case scenarios that are hard to obtain at scale in real-world datasets, making
them a valuable source of transferable driving priors. By jointly training on
NAVSIM and simulation data, DRIVEVA achieves improved planning perfor-
mance in TTC (98.7) and PDMS (90.9) and maintains high performance in
other planning metrics on real-world benchmarks, showing that simulation can
enhance real-world planning.

5.6 Qualitative Analysis

The qualitative results in Fig. 5 further support the quantitative findings. Our
DRIVEVA generates future video imaginations that remain visually coherent
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(¢) Straight-driving scenario

Fig.4: DPVO-based qualitative analysis of video—trajectory consistency
on nuScenes. We visualize zero-shot nuScenes scenarios with temporal frames, in-
cluding lane-change, right-turn, and straight-driving cases. G'I' Future and Pred Fu-
ture denote the ground-truth and predicted trajectories, while DPVO(gt img) and

denote DPVO reconstructions from the ground-truth and predicted
future videos. The close alignment among these curves provides qualitative evidence of
video—trajectory consistency in DRIVEVA.

over time while producing trajectories that stay well aligned with the evolving
scene content. This strong video-trajectory consistency is a direct consequence of
our unified generation design: instead of predicting visual futures and actions in
separate stages, DRIVEVA jointly decodes them within a shared latent generative
process. As a result, the predicted trajectory more faithfully follows the semantic
layout and motion trends implied by the generated future frames. DRIVEVA not
only achieves better planning metrics, but also produces more trustworthy future
imaginations whose spatial evolution remains aligned with the intended driving
behavior.

5.7 Ablation Study

Effect of key designs. Table 5 shows that video supervision is the main driver
of the gain: removing Video Loss drops PDMS from 90.9 to 71.4. Removing
Video Continuation also degrades PDMS to 84.6, indicating that the video—
action coupling should be preserved during rollout. CARLA mix training further
improves PDMS from 90.5 to 90.9, showing the benefit of simulation data.
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Fig. 5: Visualization of predicted video imaginations and corresponding tra-
jectories. The predicted trajectories follow the scene evolution in the generated future
video frames, demonstrating strong video—trajectory consistency enabled by our uni-
fied generation framework.

Sampling steps. Table 8 shows that one sampling step is insufficient, while
two steps already reach 90.9 PDMS and three steps bring no additional gain.
This indicates that DRIVEVA can perform efficient planning with very few flow-
matching steps.

Prediction time horizon. Table 6 varies the video rollout length while fixing
the trajectory horizon to K=8 (4s). Eight future frames perform best, whereas
shorter rollouts insufficiently cover the action chunk and longer rollouts introduce
additional drift.

Training strategy. Table 7 compares training from scratch, LoRA [27], and
full fine-tuning. Full fine-tuning performs best, supporting that effective transfer
requires adapting the video prior under joint video-level supervision.

Model size. Table 9 further compares different model scales and tuning strate-
gies, showing that full fine-tuning the 5B backbone performs best.

6 Conclusion

In this paper, we propose DriveVA, a unified video—action world model for au-
tonomous driving. DriveVA jointly generates future video latents and trajectory
tokens within a shared conditional generative process, improving video—trajectory
consistency in real world rollout. Built on a large pretrained video generation
backbone and further enhanced with progressive video continuation, DriveVA
achieves state-of-the-art PDM-based performance on NAVSIM and shows strong
zero-shot transfer to nuScenes and Bench2Drive without target-domain fine-
tuning, which provides a new insight in this research domain.
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