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Abstract

Cooperative perception allows agents to extend per-
ceptual capabilities through inter-agent commu-
nication. However, most existing methods still
adopt a frame-wise paradigm, which limits the
exploitation of spatio-temporal consistency in dy-
namic scenes. Therefore, when observations are
partially occluded or degraded, these methods are
unable to leverage historical context for compen-
sation, leading to unstable perception and reduced
detection accuracy. To address these challenges,
we propose World4V2X, the first world model
framework tailored for V2X cooperative percep-
tion. The proposed method first introduces a spatial
observability modeling module that defines spatial
consistency boundaries to distinguish reliable re-
gions from uncertain ones, thereby enabling spa-
tial consistency modeling over multi-agent hetero-
geneous observations. Building upon this, we con-
struct a consistency-guided world modeling mod-
ule. Specifically, a temporal consistency evolution
mechanism leverages features from historical and
current frames to model the state evolution of the
scene, capturing environmental dynamics and pro-
ducing temporal consistency beliefs. Meanwhile,
a consistency-guided deterministic reconstruction
mechanism exploits spatial boundaries and tempo-
ral beliefs to perform diffusion-based refinement
for robust cooperative perception. Extensive ex-
periments on the OPV2V and V2XSet datasets
demonstrate that World4V2X achieves state-of-the-
art perception performance across diverse V2X sce-
narios.

1 Introduction

As autonomous driving technology continues to advance,
higher levels of driving automation are imposing increas-
ingly stringent requirements on the accuracy and robustness
of perception systems [Yu er al., 2025]. To meet these grow-
ing demands, cooperative perception leverages vehicle-to-
everything (V2X) communication to facilitate the exchange

*Corresponding authors.

: : Detection (Single Vehicle)
i @) Ego car @) Connected car @ Undetectable car £ | m
i @ @M Detectable car History position g

X
@—> Local preception | Feature extraction J”
(I) Single Vehicle Perception -=-====--=-=====--=

~ Detection (Frame-wise)

[Comd)
e W o1

Different
—>» methods for
feature fusion

Suueys XA

uondoorog
ssaooxdarg

------------- (II) Traditional Cooperative Perception =====-=--=---=

World Modeling Detection (Consistency-driven)

(©] . 5 .
':? § g World Spatial & Temporal consistency
2 g .
& g2 representation L, @ @@g‘h é
N Ué‘ Z Reconstruction @ (I ]
= <

._ Spatial & Temporal
Consistency

L——(1IT) World4V2X for Robust Cooperative Perception—————

Figure 1: Comparison between World4V2X and existing pipelines.
Single-vehicle perception is limited by occlusion and the sensor
range. The traditional cooperative perception strategy alleviates
these issues through feature exchanges, but relies solely on infor-
mation from the current frame. In contrast, World4V2X adopts a
consistency-driven world model paradigm. By enforcing spatial and
temporal constraints, it robustly reconstructs the world state beyond
instantaneous observations.

of sensing features among multiple agents, thereby extending
the effective perceptual range as well as enhancing object de-
tection accuracy and robustness [Bai et al., 2024] [Zimmer et
al., 2024] [Liu et al., 2025]. By aggregating complementary
information from diverse viewpoints, it enables vehicles to
perceive objects that may be partially or even fully occluded
from a single perspective [Li et al., 2021] [Ren et al., 2024],
as shown in Figure 1-II. This capability is critical in various
environments, where occlusions caused by traffic participants
and adverse weather conditions can severely degrade the per-
ception ability of individual vehicles [Wang et al., 2020].

In recent years, research on V2X cooperative perception
has focused primarily on improving perception accuracy [Xu
et al., 2022a] and reducing the incurred communication over-
head [Hu er al., 2022]. However, most existing approaches
still adopt a frame-wise modeling paradigm, in which per-
ception and feature fusion are performed independently at
each time step. They rely totally on instantaneous sensory
inputs, without modeling the spatio-temporal dependencies
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that are inherent in dynamic traffic scenes. As a result, such
frame-wise perception strategies struggle to systematically
exploit the continuity of motion and the temporal evolution
trend across consecutive frames. When facing challenging
conditions such as severe occlusions, intermittent observa-
tion losses, or noisy sensory inputs, they often suffer from
pronounced instability, leading to flickering detections and
structural inconsistencies.

World models constitute a modeling paradigm with envi-
ronmental state representation, temporal reasoning, and scene
reconstruction capabilities, providing a promising avenue for
solving the above problems. By maintaining an internal rep-
resentation of the environment state, they capture temporal
continuity and state transition dynamics, which in turn im-
prove the stability and consistency of outcomes [Zuo et al.,
2025]. However, directly extending them to V2X coopera-
tive perception is non-trivial. The existing world models are
largely developed for single-agent settings and typically rely
on centralized, ego-centric modeling assumptions [Wang et
al., 2024a] [Zheng et al., 2025]. In contrast, V2X cooperative
perception operates in a multi-agent, distributed, and hetero-
geneous environment. Here, observations are not only tempo-
rally sparse and intermittent but also originate from multiple
agents with diverse viewpoints, sensing ranges, and sensor
configurations, which substantially complicates the spatio-
temporal consistency modeling and cross-agent state align-
ment tasks. As a result, how to construct and maintain an in-
ternal environmental representation from multi-agent obser-
vations, while leveraging spatio-temporal information to per-
form environment reconstruction and refinement for achiev-
ing stable and reliable cooperative perception remains a criti-
cal problem.

To address the above challenges, we integrate world mod-
eling into V2X cooperative perception for the first time and
propose a task-aligned world model, as shown in Figure 1-III.
Since the behaviors of other entities are latent and uncontrol-
lable, we focus on modeling intrinsic environmental dynam-
ics and temporal momentum to evolve the world state, while
treating state transitions as explicit changes in scene config-
uration. To establish the world representation, a spatial ob-
servability modeling (SOM) module is‘applied to characterize
spatial reliability and establish a spatial consistency boundary
for a subsequent consistency-guided world modeling (CWM)
module. Within this module, a temporal consistency evo-
lution (TCE) mechanism first leverages historical observa-
tions to infer temporal consistency beliefs as temporal priors.
Afterward, a consistency-guided deterministic reconstruction
(CDR) mechanism introduces a diffusion-based refinement
process to perform targeted reconstruction by jointly exploit-
ing the spatial boundary derived from the SOM module and
temporal priors. By integrating the above proposed modules,
we introduce World4V2X, a consistency-driven world mod-
eling framework that treats cooperative perception as a struc-
tured state estimation task rather than a frame-wise feature
fusion process. By enforcing spatial and temporal consis-
tency in a deterministic reconstruction pipeline, World4V2X
exhibits improved perception accuracy and yields a robust
and interpretable alternative to conventional frame-wise co-
operative perception systems.

Specifically, our contributions are summarized as follows:

1. We introduce World4V2X, to our knowledge, the first
world model for V2X cooperative perception. It estab-
lishes a paradigm that prioritizes spatio-temporal consis-
tency over frame-wise fusion, improving the adaptabil-
ity of agents in diverse V2X scenarios.

2. We propose a TCE mechanism that captures environ-
mental dynamics to generate temporal consistency be-
liefs, enforcing physical continuity in the evolving world
representation.

3. We introduce a CDR mechanism that leverages spatio-
temporal constraints for deterministic diffusion-based
refinement, enabling stable and consistent world repre-
sentations for cooperative perception.

4. Extensive comparative and ‘ablation experiments on
the OPV2V and V2XSet datasets demonstrate that
World4V2X consistently outperforms the state-of-the-
art (SOTA) methods across diverse V2X settings.

2 Related Work

2.1 Cooperative Perception

Cooperative perception has attracted widespread attention in
the field of autonomous driving, with several high-quality
datasets driving its development [Xu et al., 2022b] [Li et al.,
2022] [Xu et al., 2022a] [Yu et al., 2022] [Xu et al., 2023].
Some works have focused on improving perception accuracy
through expressive fusion mechanisms, such as Transformer-
based architectures like AttnFuse [Xu et al., 2022b], V2X-
ViT [Xu et al., 2022a] and V2VFormer [Lin et al., 2024]. In
addition to attention-based designs, CoAlign [Lu et al., 2023]
introduces graph optimization to mitigate positional mis-
alignments. TraF-Align [Song et al., 2025] further addresses
asynchronous perception by performing trajectory-aware fea-
ture alignment. In parallel, another line of research empha-
sizes the trade-off between perception performance and com-
munication efficiency. Where2comm [Hu ez al., 2022] lever-
ages confidence maps to select critical regions, whereas MR-
CNet [Hong et al., 2024] incorporates motion-aware commu-
nication to improve robustness. CoSDH [Xu er al., 2025] for-
mulates communication as a supply—demand problem with
an intermediate—late hybrid fusion strategy, and Confidence-
V2X [Tan et al., 2026] further employs a sparse communi-
cation strategy based on confidence-driven and information-
gated approaches. However, these methods are primarily lim-
ited to frame-wise paradigms that are unable to model the
spatio-temporal consistency of the environmental evolution.

2.2 World Model

A world model refers to a paradigm that possesses environ-
mental representation, temporal awareness, and generative re-
construction capabilities [Wang et al., 2025]. Tt constructs in-
ternal representations that are both predictive and inferable,
enabling reasoning beyond immediate observations [Ding et
al., 2025]. Various models, including variational autoen-
coders (VAEs) [Abrol et al., 2020], large language models
(LLMs) [Vafa er al., 2024], and diffusion-based generative
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Figure 2: Overview of World4V2X. The SOM module explicitly models sensor reliability, outputting a spatial-observability pair (M}, U?)
that serves as the spatial consistency boundary. The TCE mechanism captures temporally latent dynamics to generate a temporal consistency
belief h! by a consistency updating operator ®. The CDR mechanism integrates the spatial boundary and temporal belief as consistency
constraints to guide the deterministic refinement of the world representation for cooperative perception.

models [Wang et al., 2024al, have been widely used to con-
struct world models across different application domains, in-
cluding autonomous driving [Guan et al., 2024]. For exam-
ple, DriveDreamer-2 [Zhao er al., 2025] explores controllable
future scene generation tasks conditioned on textual guidance
by applying an LLM. World4Drive [Zheng et al., 2025] incor-
porates semantic priors derived from foundation vision mod-
els to support multimodal trajectory reasoning work. Drive-
WM [Wang e al., 2024b] focuses on spatio-temporal latent
modeling for multi-view future prediction tasks, and LAW [Li
et al., 2025] employs self-supervised latent dynamics to en-
hance end-to-end driving decisions with reduced reliance on
costly perception annotations. In contrast with the existing
world models that were primarily designed for single-agent
settings, the proposed World4V2X is a task-aligned world
model that targets cooperative perception.

3 Methodology

In this section, we provide a detailed introduction to the algo-
rithmic workflow of World4V2X.

3.1 Overview

The overall framework of World4V2X is illustrated in Fig-
ure 2. At each time step, each agent first applies the SOM
module to explicitly identify reliable and uncertain regions,
establishing a spatial consistency boundary. After V2X com-
munication is performed, the shared features are aggregated
into a unified world representation, which is then processed
by the CWM module. Within this module, a TCE mechanism
infers a temporal consistency belief from the historical ob-
servations, providing a temporal prior over the current scene.
Subsequently, a CDR mechanism refines the noisy world rep-
resentation through a deterministic diffusion-based process
under the joint guidance of spatial and temporal consistency.
The final reconstructed world representation is fed into the
detection head for performing 3D object detection.

3.2 Spatial Observability Modeling Module

Given a time ¢, agent ¢ captures its raw perceptual data and
extracts the result as a BEV feature map X} € RHEXWxD,
where D denotes the number of feature channels, and H and
W represent the spatial dimensions.

Modeling spatial observability is critical for establishing
spatial consistency, as it determines whether a region is reli-
able or uncertain for subsequent world modeling. To achieve
this, we predict a dense confidence map:

Cl=o(c(x})) €0,V (1)

where ¢ () is a lightweight estimator achieved by a 2D con-
volution and o (-) denotes the sigmoid function. This map
quantifies the local reliability of the spatial structure.

Rather than applying a hard thresholding scheme that com-
pletely discards uncertain regions and destroys structural con-
tinuity [Hu et al., 2022], we use a soft modelling strategy. The
raw confidence predictions are transformed into an observ-
ability map M! € [0,1)" ", which is applied to the BEV
feature map to obtain reliable observations:

X=X/ oM =xfo8(Cl), 2)

where S (+) denotes the operator for performing normaliza-
tion and scaling, which can enhance the relative confidence
difference while preventing mask degradation. ® denotes the
element-wise multiplication operation.

A spatial observability pair (M!, U!) is generated as a spa-
tial consistency boundary, where Ul = 1 — M! highlights
unobserved regions. This pair provides spatial consistency
for the subsequent world modeling, as M enforces align-
ment with the sensing results obtained in the observed areas,
and U! indicates the need for the temporal consistency beliefs
generated by the TCE mechanism to be reconstructed. By ex-
plicitly modeling this boundary, the reconstructed world rep-
resentation is still based on reliable observation, while main-
taining spatial consistency with the generated reconstruction.
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Figure 3: Overview of the CDR mechanism. It uses temporal con-
sistency beliefs as temporal priors to guide the diffusion-based re-
finement process.

Finally, the resulting preprocessed feature X! is treated as
a reliable observation, which is sent to other agents during
V2X communication.

3.3 World Modeling with Consistency Guidance

After performing V2X communication, agent ; aggregates the
features received from its neighbors on its own features to
form a collaborative observation Xf We treat it as the world
representation at time ¢, which preserves the spatial structure
required for cooperative perception while serving as the in-
ference target for the subsequent reconstruction process.

In practical V2X systems, the collaborative world repre-
sentation inevitably contains uncertainty caused by the resid-
ual localization errors and communication delays induced
across different agents. To consider the impact of these uncer-
tainties, we employ an uncertainty representation module to
obtain the noisy world state F! | by sampling a noise timestep

s~{1,2,...,5}:
Fl,=Va, Xi+V1-a, ¢

where @, defines the cumulative noise schedule at step s.
e ~ N(0,I) denotes standard Gaussian noise, which facili-
tates learning under uncertainty instead of contributing to the
semantics of the inferred world state.

Here, F}  serves as a common inference scaffold for the
subsequent stages, where it is' deterministically reconstructed
under the joint guidance of spatial consistency boundaries and

temporal consistency beliefs.

e~ N(0,I), (3)

Temporal Consistency Evolution

Instead of performing a frame-wise process independently at
each time step, we exploit temporal consistency to capture the
evolution of the environment state, thereby supporting infer-
ences beyond instantaneous observations.

To achieve this, agent ¢ is required to update a temporal
belief memory 7—[: at each frame, which encapsulates the his-
torical evolution of the scene. This memory serves as a com-
pact internal state that accumulates long-term temporal con-
text and provides a stable reference for evaluating newly ob-
served features.

Building upon it, we integrate information from multiple
sources to infer a temporal consistency belief hf. Specifi-
cally, at time ¢, three complementary inputs are taken: the
previous temporal belief memory 7—[?1, the current collab-

orative observation Xf, which provides instantaneous multi-
agent sensing information, and the previously reconstructed
world representation Fﬁ_l, which represents the world state
derived from the previous frame.

On the basis of these inputs, a temporal consistency belief
h is inferred through a learnable consistency updating oper-
ator:

K2

hf = @ (H 7 XL F) )

where ®(-) is implemented as a lightweight fusion network
that is composed of stacked convolutional layers with a gat-
ing mechanism. It aligns the historical beliefs with the current
observation and the previously reconstructed state, which per-
forms two critical functions. First, by jointly analyzing ’Hﬁ_l
and Ff_l, it aggregates historical information to form a tem-
poral consistency belief regarding the current scene. Second,
by aligning the temporal belief with the incoming observa-
tion Xf, it serves as a form of state transition that corrects
the accumulated drift and suppresses inconsistent short-term
fluctuations.

After the belief h! is obtained, the temporal belief memory
is updated through a recurrent mechanism to prepare for the
next time step:

#; = Update(H; ', hi), )

where Update (-) is implemented by a multi-layer spatial
GRU to selectively retain long-term historical context while
incorporating new information.

The resulting belief h! represents a temporal consistency-
aware hypothesis concerning the current world state. Unlike
raw or instantaneous observations, it encodes temporally co-
herent scene semantics and serves as a temporal prior for the
subsequent reconstruction module, guiding stable and consis-
tent world refinement.

Consistency-Guided Deterministic Reconstruction

The workflow of this module is illustrated in Figure 3,
which deterministically recovers a coherent world state under
spatio-temporal consistency constraints, rather than perform-
ing generative synthesis or stochastic imagination. Instead of
synthesizing representations from scratch, we approach this
process as a refinement task, aiming to preserve observation-
supported structures while correcting inconsistencies.

Unlike the stochastic sampling procedures of generative
models that introduce diversity, we formulate reconstruc-
tion as a deterministic diffusion-based refinement process, in-
spired by DDIM [Song et al., 20201, where the reverse trajec-
tory is fully constrained by spatial and temporal priors, ensur-
ing stable and physically consistent reconstruction for V2X
systems.

Given the noisy representation Fis, during inference, the
conditional denoiser predicts two noise components using a
shared network:

~obst rocct) __
(ez' ) €4 )—

co (Fi hi,s), (6)
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where €2 estimates the noise in reliable regions, and ¢9¢¢*

targets unobserved areas that require inference guided by
temporal consistency. These noise components are spatially
fused to enforce the dual consistency constraints:

e =M! @ eotst L Ul @ eeet, (7

where ® denotes the element-wise multiplication operation.
This asymmetric conditional inference scheme ensures that
reconstruction is observation-driven in well-observed regions
and belief-driven in occluded areas, with both processes uni-
fied within a single deterministic refinement step.

Following the diffusion standard formulation, we first esti-

mate the noise-free world representation Ff
¢ =t
Bt F.,—vl—-as€
K2 \/a Y
which serves as the intermediate clean estimate. Then, F} |,
is computed through the reverse schedule:

®)

s=S—=1. (9

7

F} . | = ReverseStep(F; _, s, ¢}),

As the denoising process progresses, the final recon-
structed world F} = F? achieves a unified consistency,
which is spatially anchored to the available sensor evidence
and temporally coherent with the historical evolution of the
scene. This representation is fed into the detection head for
3D object detection.

3.4 Training Loss

World4V2X is entirely driven by the perception objective,
without requiring any ground-truth supervision. Thus, ‘it
learns to reconstruct the world state only when it really ben-
efits the downstream detection task. This design ensures that
the reconstructed world state is temporally consistent and
task-oriented, rather than behaving as an unconstrained gen-
erative prior.

Given the reconstructed BEV feature f‘ﬁ our detection
head predicts object heatmaps and 3D box parameters. We di-
rectly train World4V2X in an end-to-end manner by adapting
the standard CenterPoint loss formulation [Yin et al., 20211,
where a Gaussian focal loss supervises the heatmap classifi-
cation process, and a Smooth-L 1 regression loss is applied to
the offsets, height, dimensions and orientation.

4 Experiments

We evaluate the proposed algorithm using the widely adopted
object detection task, with comprehensive experiments con-
ducted on two public datasets, i.e., OPV2V [Xu er al., 2022b]
and V2XSet [Xu er al, 2022a], under both synchronous
(sync) and asynchronous (async) settings.

4.1 Experimental Setup

Datasets

OPV2V is the first large-scale simulated V2V dataset gener-
ated by OpenCDA [Xu et al., 2021] and CARLA [Dosovit-
skiy et al., 2017]. Tt consists of 11,464 LiDAR-based multi-
agent frames covering 73 scenarios in 9 cities with diverse

road structures. The official split includes 6764, 1981, 2719
frames for training, validation, and testing.

V2XSet is a CARLA-based dataset for V2X perception tasks
under realistic communication constraints, including local-
ization noise and transmission delays. It contains 11,447
multi-agent LiDAR frames, with 6694, 1920, and 2833
frames for training, validation, and testing, respectively.

Evaluation Metrics

To evaluate the performance of the tested algorithms, we
compare the object detection accuracies achieved for vehicles
under cooperative perception, which are measured with the
average precision (AP) values produced at intersection-over-
union (IoU) thresholds of 0.5 (AP@50) and 0.7 (AP@70).

Implementation details

To comprehensively validate the performance of the algo-
rithms, the environment is divided into sync and async modes.
In the sync mode, there is no communication delay or pose
misalignment, and each algorithm is evaluated under ideal
conditions. In the async mode, we set the transmission de-
lay to 200 ms, and the latency of the backbone calculation to
10 ms. Gaussian noise is added to simulate the pose errors
of non-ego vehicles: N(0,c?) on the 2D centers of the true
global pose(, y), and N(0,02) on its yaw angle 6,. The
parameter for both types is set to 0.2.

During the training phase, an agent is randomly selected as
the ego car. When testing, a fixed ego car is used to evalu-
ate all models. The communication range is set to 70 m, and
the number of connected vehicles is limited to 5. PointPil-
lars [Lang et al., 2019] is used as the feature encoder, and the
voxel size is set to (0.4m, 0.4m, 4m), capping the maximum
number of points per voxel at 32.

Given that computational efficiency is critical for real-time
V2X systems, we set the number of denoising steps S = 2
in the CDR mechanism by considering the trade-off between
algorithmic performance and computational cost. We use the
Adam optimizer with a learning rate of 0.001 and a gradual
weight decay factor of 0.0001. The batch size is set to 4. The
proposed model is trained using an A100 GPU.

Comparison Methods

We compare World4V2X with single car perception
and 6 SOTA methods: V2X-ViT [Xu et al., 2022al,
Where2comm [Hu et al., 20221, Select2Col [Liu ez al., 2024],
ERMVP [Zhang et al., 2024], CoST [Tang et al., 2025], and
Confidence-V2X [Tan et al., 2026].

4.2 Quantitative results

Object detection performance. Table 1 shows the 3D de-
tection results produced on 2 datasets under different en-
vironments. On the OPV2V dataset, in the sync setting,
World4V2X achieves an AP@50 score of 96.9, surpassing
the second-best model, CoST, by 3.5% (93.4). At the same
time, its AP@70 score of 92.8 exceeds the second-best value
of 88.9 by 3.9%. In the async setting, World4V2X contin-
ues to demonstrate its dominance by achieving AP@50 and
AP@70 scores of 95.6 and 85.3, respectively, which are 3.3%
and 3.2% higher than the corresponding second-best scores.
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OPV2V V2XSet

Method Publications Sync Async Sync Async

AP@50 AP@70|AP@50 AP@70|AP@50 AP@70|AP@50 AP@70
Single car - 67.9 60.2 67.9 60.2 61.3 44.7 61.3 44.7
V2X-ViT [Xu et al., 2022a] ECCV 2022| 91.2 83.3 90.0 75.2 87.2 75.6 85.2 60.6
Where2comm [Hu ef al., 2022] NIPS 2022|| 90.5 84.2 88.7 74.1 84.1 70.7 82.9 61.1
Select2Col [Liu et al., 2024] TVT 2024| 87.9 79.7 85.8 72.3 82.3 72.5 79.5 62.4
ERMVP [Zhang er al., 2024] CVPR 2024|| 922 85.6 89.8 82.1 85.2 74.7 81.1 65.9
CoST [Tang et al., 2025] ICCV 2025| 934 88.9 923 80.8 91.5 81.4 88.2 72.3
Confidence-V2X [Tan et al., 2026]| AEI2026| 92.1 85.2 89.7 79.5 88.5 80.0 85.5 70.3
‘WorlddV2X (Ours) | - - | 969 928 | 956 853 | 921 847 | 91.6 787

Table 1: Performance achieved on the OPV2V and V2XSet datasets under sync and async settings.
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Figure 4: Performance achieved on the OPV2V and V2XSet datasets
under various noise settings.

Similar results can be drawn from the V2XSet dataset, which
shows that World4V2X achieves superior performance.

Robustness to position and rotation errors. To evaluate
the consistency of the proposed approach, in the async set-
ting, we vary the noise levels to assess the sensitivity of the
tested methods to position and rotation errors. As shown in
Figure 4, when the noise level increases, the performance of
all the models gradually decreases. However, World4V2X
consistently maintains its lead, demonstrating strong robust-
ness in complex environments. This robustness can be at-
tributed to two factors. First, the TCE mechanism captures
environmental evolution dynamics, which helps correct lo-
cal misalignments by enforcing physical continuity. Second,
the CDR mechanism conditions the refinement process on
temporal consistency beliefs, enabling the model to filter out
stochastic inconsistencies caused by localization and rotation

Where2comm

World4V2X

O False Defectiqq oy
| O Miss Detection ™

Figure 5: Visualization of the detection results produced for a bend
on the OPV2V dataset. Owing to the spatio-temporal consistency
constraints within World4V2X, its detection results are more stable
than those of other methods, avoiding abrupt variations in the detec-
tion outputs produced across consecutive frames.

errors induced during the inference process.

4.3 Qualitative Results

Visualization of the object detection results. We ran-
domly select a scene to demonstrate the detection results pro-
duced by Where2comm, ERMVP, CoST, and World4V2X.
As shown in Figure 5, the other methods exhibit significant
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Figure 6: Heatmaps generated by World4V2X. The central heatmap displays the temporal consistency belief distribution generated by the
TCE mechanism. A dynamic attention shift is observable: as the car moves left, the belief intensity (bright yellow) actively shifts toward the
forward direction to anticipate potential risks, even in regions that can not be unobserved by local sensors. Conversely, the attention given to

the traversed rear region naturally decreases (darker red).

# Component Sync Async
SOM TCM CDR AP@50 AP@70 AP@50 AP@70
0o v v v 92.1 84.7 91.6 78.7
1 v v 89.8 80.5 89.0 71.5
2 Vv v 90.7 79.8 90.0 70.1
3 Vv 87.8 67.2 86.7 63.3

Table 2: Ablation studies for assessing the contribution of the main
model components on the V2XSet dataset.

biases, including false detections (detecting non-existent ob-
jects), missed detections (failing to detect actual objects), and
high-error detections (low degrees of overlap between the
predicted and actual bounding boxes). Owing to its ability to
maintain spatial and temporal consistency, World4V2X pro-
vides more precise and comprehensive perception capabili-
ties. This is evidenced by the fact that its predicted bounding
boxes closely match the actual targets.

Visualization of heatmaps. We visualize the attention dis-
tribution produced by World4V2X in a challenging occlusion
scenario. As shown in Figure 6, while the local perception
ability of the ego car is limited by its range, the TCE mech-
anism successfully integrates historical dynamics with V2X
messages to infer a global temporal consistency belief. Since
the vehicle is moving to the left, the algorithm generates a be-
lief that intelligently concentrates high confidence (indicated
by the bright yellow clusters) in the forward direction. This
highlights the critical objects located in the future path of the
vehicle, even those that are outside of its sensing range. Si-
multaneously, the attention given to the regions that have al-
ready traversed behind the ego vehicle gradually decreases
(shown in darker shades), as these areas pose less risk to the
current process. This temporal belief acts as a semantic spot-
light, guiding the subsequent reconstruction module to effi-
ciently allocate its generative capacity.

4.4 Ablation Studies

We investigate the contribution of each core component
contained in World4V2X by comparing the full framework
(Model 0) with three architectural variants. Model 1 removes
the SOM module. This system lacks a spatial consistency
boundary for distinguishing between reliable and uncertain
regions. The noise estimation task is instead treated uni-
formly during the reconstruction process. Model 2 excludes
the TCE mechanism. Its reconstruction process lacks the
guidance of temporal priors and relies solely on the current
spatial context without leveraging historical dynamics for sta-
bilizing the refinement. Model 3 removes the TCE and CDR
mechanisms, serving as the baseline for frame-wise fusion.
It directly feeds the max-pooling aggregated features into the
detection head without the reconstruction process.

As shown in Table 2, Model 0 achieves the best perfor-
mance, validating that robust cooperative perception arises
from the interaction among all three components. Remov-
ing any module leads to a notable performance degradation,
indicating that each component plays a vital role.

5 Conclusion

This paper introduces World4V2X, the first world modeling
framework for achieving robust V2X cooperative perception.
Unlike the traditional approaches, World4V2X advances the
paradigm from frame-wise fusion to a task-aligned world
model that is driven by spatio-temporal consistency. By
integrating spatial observability modeling with consistency-
guided world modeling, by means of its TCE and CDR mech-
anisms, it enables robust and stable cooperative perception
beyond instantaneous observations. Extensive experiments
conducted on two datasets demonstrate that World4V2X con-
sistently outperforms the SOTA methods across diverse and
challenging environments. In the future, we plan to explore
the potential of this world model framework for use in down-
stream planning tasks, as well as real-world deployments im-
plemented under varying communication bandwidths.
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