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Abstract

Autonomous driving holds transformative potential but re-
mains fundamentally constrained by the limited perception
and isolated decision-making with standalone intelligence.
While recent multi-agent approaches introduce cooperation,
they often focus merely on perception-level tasks, overlook-
ing the alignment with downstream planning and control, or
fall short in leveraging the full capacity of the recent emerg-
ing end-to-end autonomous driving. In this paper, we present
UniMM-V2X, a novel end-to-end multi-agent framework that
enables hierarchical cooperation across perception, predic-
tion, and planning. At the core of our framework is a multi-
level fusion strategy that unifies perception and prediction
cooperation, allowing agents to share structured queries and
cooperatively reason about the environment to achieve glob-
ally consistent and safe decision-making. To address the scal-
ability and complexity issues, we incorporate a Mixture-of-
Experts (MoE) architecture to dynamically enhance the BEV
representation to handle multiple downstream tasks. We fur-
ther extend MoE into the decoder to better capture diverse
motion patterns. Extensive experiments on the DAIR-V2X
dataset demonstrate the effectiveness of our approach, achiev-
ing state-of-the-art (SOTA) performance with a 39.7% im-
provement in perception accuracy, a 7.2% reduction in pre-
diction error, and a 33.2% improvement in planning per-
formance compared with UniV2X, showcasing the strength
of our MoE-enhanced multi-level cooperative paradigm. The
code is included in the supplementary materials.

Introduction

Traditional autonomous driving pipelines, with their modu-
lar structure, suffer from error propagation and limited gen-
eralization. As (Li et al. 2024; Philion and Fidler 2020)
improved environmental perception through bird’s-eye-view
(BEV) representations, end-to-end autonomous driving has
been widely studied in (Hu et al. 2023; Jiang et al. 2023;
Jiaet al. 2025; Sun et al. 2024). Although end-to-end au-
tonomous driving offers a solution by directly mapping raw
sensor data to final control, this standalone-intelligence sys-
tem is constrained by sensor range and the difficulty in in-
ferring other agents’ intentions, struggling with rare crit-
ical events. Vehicle-to-Everything (V2X) communication
emerges as a key enabler to overcome these limitations by
facilitating real-time information exchange.

As shown in Figure 1(a), V2X communication is widely
applied in cooperative perception, improving environmental
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Figure 1: V2X communication modes in the VICAD
(Vehicle-to-Infrastructure Cooperation Autonomous Driv-
ing) problem (Yu et al. 2022). (a) Cooperative perception
methods focus on multi-agent detection and tracking, but
may not align with planning objectives. (b) Vanilla solutions
fuse features directly to generate planning outputs, with lim-
ited interpretability and compromised safety. (c) Module re-
sults can be supervised, but only enable perception-level co-
operation. (d) Our design employs multi-level, multi-agent
cooperation that integrates perception and prediction to en-
able cooperative decision-making.

awareness and system robustness through multi-agent  co-
operation (Xu et al. 2022b,a; Chen et al. 2019a; Hu et al.
2022b). However, since the objectives of cooperative per-
ception are typically optimized for intermediate metrics such
as detection accuracy or segmentation quality, they do not
necessarily align with ultimate planning goals, leading to
representations that may be accurate but not necessarily rel-
evant for decision-making (Zeng et al. 2019). For instance,
a cooperative perception system might precisely detect dis-
tant static objects, while failing to prioritize dynamic agents
that directly impact motion decisions. To address this is-
sue, several end-to-end cooperative autonomous driving ap-
proaches are designed to optimize the final  planning per-



Motion & Planning

Perception

MapFormer [TT]¢

TrackFormer [ T]

Inf

H

2WJ04220
{30muonoN [

BEV Featurg

V2X Communication

{inf j——{Vveh]

Track Queries

e

\.

rercenionseoll [ [ B

S ——

Prediction Le\l |:| |:|

Motion Queries

4

Map Queries  Occ. Maps

MapForme :

TrackFormd

Expert
BEV Feature

-

Jauueld

2WI04200
UoISN4220

M30NUOIION
Sluoisndles]

Figure 2: The overview of the UniMM-V2X framework. The system performs explicit
perception-level and prediction-level information from multiple agents to enhance downstream planning.
coder and motion decoder are equipped with MoE architectures,

multi-level fusion by integrating
Both the BEV en-
where the encoder generates task-adaptive BEV features

tailored for various downstream tasks, and the decoder employs specialized experts to model diverse motion patterns, enabling
more robust and safety-aware planning performance. This unified MoE-enhanced multi-level fusion framework facilitates ef-
fective cooperation among agents throughout the entire autonomous driving pipeline.

formance. CooperNaut (Cui et al. 2022) encodes LiDAR
information into compact point-based representations, al-
lowing it to be transmitted as messages between vehicles.
However, as shown in Figure 1(b), this method is a vanilla
solution, which significantly hinders the interpretability of
the decision-making process. UniV2X (Yu et al. 2025), on
the other hand, employs a query-based network architec-
ture which is similar to UniAD (Hu etal.  2023), integrat-
ing sparse-dense hybrid data transmission for more efficient
V2X communication. However, the fusion mechanism re-
mains confined to the perception level, failing to fully ex-
plore the potential of multi-agent end-to-end cooperative au-
tonomous driving, as illustrated in Figure 1(c).

Due to the complexity of end-to-end autonomous driv-
ing, relying solely on perception-level fusion is often in-
sufficient, as accurate multi-agent motion prediction plays
a more critical role in ensuring safety and efficiency. To
address this, we propose UniMM-V2X, an MoE-enhanced
multi-level fusion framework that performs cooperative in-
formation fusion at both the perception and prediction lev-
els, addressing the VICAD problem identified in (Yu et al.
2025). At the perception level, we transmit track and map
queries from different agents to facilitate cooperation and
exchange the occupied probability map to support  dense
scene understanding. Based on this, we also transmit motion
queries at the prediction level for cooperation. In each co-
operation level, we employ attention-based dynamic fusion
methods to ensure efficient multi-agent cooperation. More-
over, the interpretability of queries at both the instance and
scene levels enhances the reliability of the system.

In additional, conventional end-to-end autonomous driv-
ing systems often fail to effectively adapt upstream mod-
ules to downstream tasks, resulting in limited flexibility

and suboptimal task performance. In order to overcome
this limitation, we innovatively integrate the MoE archi-
tecture into both the BEV encoder and motion decoder to
address the complex joint demands of perception, predic-
tion and planning. The MoE-enhanced encoder dynamically
generates task-specialized BEV representations, supporting
diverse autonomous driving tasks. Meanwhile, the MoE-
equipped decoder, placed within motion prediction module
for optimal performance, further dynamically generates mo-
tion queries via expert branches, each modeling distinct mo-
tion patterns such as keeping forward, turning left, or turning
right, enabling more stable and safety-aware trajectory guid-
ance for downstream planning. This design is motivated by
the fact that the motion module is more tightly coupled with
the final planning stage than the others.

Our contributions are summarized as follows:

* To the best of our knowledge, we are the first to ex-
plore multi-level cooperation in multi-agent end-to-end
autonomous driving, enabling cooperation across both
perception and prediction, thereby improving decision-
making accuracy and reliability under complicated driv-
ing scenarios to a considerable extent.

* We innovatively integrate the MoE architecture into both
the encoder and decoder of the end-to-end autonomous
driving framework, with the encoder enhancing BEV
representations to support a wide variety of autonomous
driving tasks, and the decoder enabling dynamic adapta-
tion to different motion patterns.

* We compare UniMM-V2X with both single-agent end-
to-end autonomous driving systems and several existing
cooperative methods, achieving SOTA performance in
perception, prediction, and planning.
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Figure 3: MoE-enhanced encoder and decoder in UniMM-V2X. The encoder enriches BEV feature extraction for diverse
downstream tasks (e.g., detection, tracking, mapping, motion prediction), while the decoder generates motion queries through
motion-specific experts (e.g., going forward, turning left, turning right) to improve planning quality.

Related Works
End-to-End Autonomous Driving

End-to-end autonomous driving has attracted growing atten-
tions. Early methods (Codevilla et al. 2018, 2019; Zhang
et al. 2021; Prakash, Chitta, and Geiger 2021) skip inter-
mediate tasks, leading to poor interpretability and optimiza-
tion. Recent works address this by introducing interme-
diate representations and unified architectures. ST-P3 (Hu
et al. 2022a) builds interpretable maps from perception;
UniAD (Hu et al. 2023) unifies perception, prediction, and
planning via a query-based framework; VAD (Jiang et al.
2023) and SparseDrive (Sun et al. 2024) reduce compu-
tational cost through vectorization and sparse design; Dif-
fusionDrive (Liao et al. 2025) employs diffusion models
for planning. However, these methods are limited to single-
agent inputs. In this work, we extend the paradigm to a
multi-agent setting by incorporating cross-agent communi-
cation, joint perception and prediction fusion to achieve co-
operative planning within a unified end-to-end framework.

Cooperative Autonomous Driving

V2X communication in cooperative autonomous driving has
its roots in early frameworks such as Cooper (Chen et  al.
2019b) and F-Cooper (Chen et al. 2019a). With the emer-
gence of Transformer-based architectures, methods like (Liu
et al. 2020; Hu et al. 2022b; Xu et al. 2022b) have improved
communication strategies by learning when, where and with
whom to communicate. CooperNaut (Cui et al. 2022) goes
further by linking perception and control into a unified end-
to-end framework, enabling direct cooperation-based deci-
sion making. UniV2X (Yu et al. 2025) introduces a sparse-
dense hybrid communication protocol with cross-view inter-
action, effectively coordinating vehicle-to-infrastructure in-
formation and improving overall planning outcomes. How-
ever, these methods either adopt vanilla fusion strategies or
perform fusion only at the perception stage, limiting their ef-
fectiveness in downstream planning. In contrast, we propose
a multi-level fusion framework that operates across both per-
ception and prediction stages, enabling agents to coopera-
tively reason from spatial observations to motion intents for
safer and more cooperative planning.

Mixture of Experts

MOoE operates under the principle of conditional computa-
tion with a learnable gating function selecting specialized
parameters. (Shazeer et al. 2018) enables MoE-based scal-
ing in Transformers by replacing standard feed-forward net-
works (FFNs) with sparsely activated expert modules. Sub-
sequently, GShard (Lepikhin et al. 2020), Switch Transform-
ers (Fedus, Zoph, and Shazeer 2022), and ST-MoE (Zoph
et al. 2022) extend this idea to large-scale encoder-decoder
architectures, addressing training instability and fine-tuning
challenges. GLaM (Du et al. 2022) later explores a decoder-
only formulation to improve inference efficiency. For E2E-
AD system, DriveMoE (Yang et al. 2025) applies MoE to
schedule sensors and guide the actions. Motivated by the po-
tential of MoE for multi-task handling, we integrate it into
both the BEV encoder and motion decoder of our model,
where the encoder generates task-specialized BEV repre-
sentations for multiple task transformers, while the decoder
enhances trajectory prediction by routing queries to experts
specialized in distinct motion patterns.

Method
Overview

The overall framework of UniMM-V2X is illustrated in Fig-
ure 2. It performs explicit multi-level fusion across agents by
integrating information at both the perception level and the
prediction level, thereby enhancing the safety and robustness
of downstream planning decisions. The MoE architecture
is also integrated into both the BEV encoder and the mo-
tion decoder. The encoder generates feature representations
that are better adapted to the distinct needs of various tasks,
while the decoder exploits expert specialization to more pre-
cisely capture diverse motion patterns, ultimately delivering
more robust and planning-aware trajectory outputs.

The framework consists of three main components:  im-
age encoders, a multi-agent perception module, and a multi-
agent motion and planning module. The image encoder in-
corporates the MoE architecture to extract task-adaptive vi-
sual features from input images of different agents, produc-
ing more expressive and flexible representations. The per-
ception module performs cooperative detection,  tracking,
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Figure 4: Multi-level fusion in UniMM-V2X. (a) Perception-level fusion introduces positional priors via reference point em-
beddings and uses attention-based dynamic fusion across agents. (b) Prediction-level fusion employs anchor-based embedding
and dynamic fusion to support motion reasoning in complex multi-agent settings.

and mapping. The motion and planning module first gener-
ates predicted trajectories using the MoE-based motion de-
coder (MotionMoE), then fuses these predictions from mul-
tiple agents to produce safer and more reliable planning de-
cisions for the ego vehicle. Together, the perception-level
and prediction-level fusion form a unified multi-level fusion
framework that enables effective cooperation across agents
throughout the decision-making process.

Mixture of Experts Design

To effectively address the complex joint demands of per-
ception, prediction and planning in end-to-end autonomous
driving, we place the MoE architecture in both the BEV en-
coder and motion decoder (MotionMoE), as shown in Fig-

ure 3. We adopt a standard sparse MoE design (Shazeer et al.

2017; Fedus, Zoph, and Shazeer 2022), in which traditional

FFNs are replaced by a set of expert networks. Each input
token is dynamically routed to a small, specialized subset of
experts via a learned gating mechanism.

Given token embeddings x € R V*¢ | the gating network
produces logits G(x) € R¥E  for E experts. To enable
sparse routing, Gumbel noise is added to the logits, and the
top-k experts are stochastically selected for each token:

X ~
MoE(x) = Gi(x) - fi(x), €))

i€l j (x)

where f; is the i-th expert, G;(x) the normalized routing
weight, and Ik (x) the selected experts. To avoid expert col-
lapse and ensure balanced usage, we add a load balancing
loss (Fedus, Zoph, and Shazeer 2022):

L moe = A (Var(p) + Var(l)), ()

where p are the routing probabilities, I the expert loads, and
A a weighting factor, encouraging uniform expert activation.

Within the encoder, we replace the FFNs with the MoE
block to enable adaptive and specialized processing:

21 = MoE(CrossAttn(SelfAttn(z!" ))), (3)

where 2! is the BEV feature representations at layer I, and
the MoE module selectively activates top- k experts (e.g.,

k = 2) to process the attended BEV features. Similarly, in
the decoder, we replace the FFNs with the MoE architecture
in the MotionMoE module to generate motion queries Qﬁh
and Q:}Ih“ that adapt to diverse motion patterns.

Multi-Agent Perception-Level Fusion

In perception-level fusion, we incorporate track fusion, map
fusion, and occupancy fusion. Among them, track fusion
is particularly critical, because the resulting track queries
function as crucial contributing inputs for downstream tasks.
To enhance their quality, we introduce TrackFusion mod-
ule, which dynamically builds associations in perception be-
tween agents through attention, as illustrated in Figure 4(a).
The designs of the map fusion and occupancy fusion mod-
ules are provided in the Appendix, where the former uses an
MLP and the latter adopts a max operation.

In the TrackFusion block, an attention mechanism is em-
ployed to model complex inter-agent query relationships and
perform weighted feature fusion based on learned relevance
scores, overcoming the limitations of hard matching meth-
ods that rely on fixed distance thresholds in previous works.
Initially, queries from other agents Q1" are transformed
into the ego-vehicle’s coordinate system using an MLP:

%ther — MLP ( [ Q%ther, R ] ), (4)

where R is the rotation matrix. Subsequently, the reference
point information PS"e" and P " are integrated as spatial
contextual priors into the dynamic feature correlation learn-
ing process, as formulated below:

Qa = MHSA(X4 +MLP(P,)), (5)
X a = Concat(Q}™, Q5her), (6)
P4 = Concat(P°h, pother), (7

We employ an MLP to embed the spatial ~ coordinates of
each agent into a learnable representation. These spatial em-
beddings are concatenated with agent-specific queries and
jointly fed into a multi-head self-attention (MHSA) mecha-
nism. This design allows the model to capture semantic de-
pendencies across agents while incorporating their relative
spatial positions, enabling context-aware and spatially sensi-
tive feature fusion that enhances cooperative understanding.



Cross-View Prediction-Level Fusion

In prediction-level fusion, as shown in Figure 4(b), we
fuse motion queries from multiple agents through TrajFu-
sion module to enable cooperative motion prediction of sur-
rounding objects across agents, which in turn improves the
performance of final planning decisions.

The fusion process begins with other agents transmitting
their trajectory queries Q§i"° to the ego agent via inter-agent
communication. To spatially align the heterogeneous trajec-
tory data, we first transform the agent-level anchors P ,chors
derived from Q4" into the coordinate frame of the ego-
vehicle using the rotation matrix R :

P et = MLP([ Panehors R1). ®)

The transformed positional information is then projected
through an MLP for position embedding:

"R/tlher — MLP([Qg/tlher’ Pl\c;[ther])' )

The ego-agent motion queries and the positionally enhanced
queries from other agents are then concatenated and pro-
cessed via an attention-based mechanism:

Fy = Concat(Q)sh, N}’,}her), (10)
Qum = MHCA(MHSA(Fy ), Qa). (11)

Here, the MHSA component captures intra-agent contex-
tual dependencies within the combined motion queries Fy; ,
allowing the model to identify salient behaviors and mo-
tion patterns. Then the multi-head cross-attention (MHCA)
incorporates perception-aware context by attending to the
fused perception queries Q4 . These perception queries are
historically enriched and semantically aligned, thereby pro-
viding a strong contextual prior that guides motion reason-
ing under complex multi-agent interactions.

Learning

The overall training objective is to jointly optimize multi-
ple sub-tasks involved in end-to-end autonomous driving.
Specifically, the loss function consists of six components:
detection and tracking, online mapping, occupancy predic-
tion, motion prediction, trajectory planning, and the auxil-
iary load balancing term introduced by the MoE module.

L=L track T Lmap + Locc + Lmot + Lplan + Lmoe' (12)

All components are jointly optimized in an end-to-end man-
ner to achieve unified perception, prediction, and planning.

Experiments
Experimental Settings

The overall frameworkis trained with the challenging
DAIR-V2X dataset (Yu et al. 2022), which comprises ap-
proximately 100 scenes captured at 28 complex traffic in-
tersections in the real world. The perception range of the
ego vehicle is[-51.2m, =51.2m, 51.2m, 51.2mvhile that
of the infrastructure is [0, =51.2m, 102.4m, 51.2M\e use
the AdamW optimizer with a learning rate of 1 x 10 and
a weight decay of 0.01. We train the tracking stage for 40

epochs on 8 NVIDIA A800 GPUs, and subsequently per-
form end-to-end motion and planning training for 20 epochs
using the same GPU setup. During training, the MoE lay-
ers select the top-2 experts for each token to balance spe-
cialization and computational efficiency. Evaluation metrics
of each task are described in the Appendix. We also imple-
ment UniMM-V2X on the V2X-Sim dataset (Li et al. 2022),
a large-scale simulation benchmark with diverse traffic sce-
narios for cooperative autonomous driving, and implement
details and results are provided in the Appendix.

Main Results

We compare UniMM-V2X against a range of baselines, in-
cluding several single-agent end-to-end autonomous driv-
ing models (Jiang et al. 2023; Hu et al. 2023; Sunet al.
2024), as well as multi-agent cooperative driving frame-
works. For the cooperative baselines, we evaluate both coop-
erative perception methods (Lu et al. 2023; Hu et al. 2022b;
Xu et al. 2022a,b) and fully end-to-end cooperative driving
approaches (Cui et al. 2022; Yu et al. 2025). To facilitate
comparison, the primary evaluation metrics are highlighted
with a gray background in the result table.

Planning. The planning results are summarized in Ta-
ble 1. Our method achieves the lowest average L2 error
of 1.49m, reducing by 33.2% compared with UniV2X (Yu
et al. 2025), outperforming all the baselines, including
advanced single-agent methods and existing V2X ap-
proaches. More importantly, UniMM-V2X demonstrates su-
perior safety, attaining the lowest average collision rate of
0.12%, which represents a 52.0% reduction compared to
UniV2X (Yuet al. 2025), significantly mitigating poten-
tial driving risks. Although our approach introduces slightly
higher communication overhead due to the transmission of
motion queries, the improvements in safety performance
clearly justify the additional cost.

Perception. Table 2 presents the performance of UniMM-
V2X on perception tasks. Compared to the SOTA no-fusion
baseline (Sun et al. 2024), our method achieves a +0.098 im-
provement in mAP and a +0.297 improvement in AMOTA,
demonstrating the effectiveness of cooperation. We also
compare our approach with several cooperative perception
methods (Lu et al. 2023; Hu et al. 2022b; Xu et al. 2022a,b),
and observe significantly better performance. Compared to
the SOTA end-to-end cooperative driving framework (Yu
et al. 2025), our method achieves an improvement of 39.7%
in mAP and 77.2% in AMOTA, without introducing addi-
tional communication cost at the perception level. For oc-
cupancy tasks, as shown in Table 3, UniMM-V2X improves
IoU-n by +0.8% compared to UniV2X (Yu et al. 2025).

Prediction. The motion prediction results are shown in
Table 4. UniMM-V2X achieves the best performance with
0.64m minADE, 0.69m minFDE and 13.2% MissRate, re-
ducing errors by 7.2% and 6.8% on minADE and minFDE
respectively compared with UniV2X (Yu et al. 2025). These
improvements contribute significantly to the improvement
of the final planning performance mentioned above.



Method L2 Error (m)! Collision Rate (%) Trans. Cost
Ls 2s 3s  Avg. | ls 2s 3s  Avg. (BPS)!

VAD#* (Jiang et al. 2023) 1.65 272 380 272 | 086 121 128 1.12 -
UniAD* (Hu et al. 2023) 1.26 222 3.06 2.18 | 0.88 1.18 132 1.13 -
SparseDrive* (Sun et al. 2024) | 1.02 1.69 237 1.69 | 046 123 128 0.99 -
Vanilla 136 229 332 232 ]103 088 132 1.08 | 819x10
V2VNet (Wang et al. 2020) 196 237 341 258 | 074 088 103 088 | 8.19x10/
CooperNaut (Cui et al. 2022) 269 407 550 409 | 1.18 132 176 142 | 8.19x10/
UniV2X (Yu et al. 2025) 145 219 3.04 223 |0.15 015 044 025 | 8.09x10°
UniMM-V2X \ 0.78 1.63 2.05 1.49 \ 0.05 0.15 0.15 0.12 \ 9.32x10°

Table 1: Planning performance. *: Single-agent no fusion method. We achieve improvements in reducing L2 error and collision
rate, enhancing overall system safety.

Method Detection | Tracking Mapping Trans. Cost
mAP1 AMOTA! | Lane (%)t Crossing (%)t | (BPS)L

UniAD* (Hu et al. 2023) 0.181 0.197 13.3 8.7 -
SparseDrive* (Sun et al. 2024) 0.324 0.130 - 5.2 -
Early Fusion 0.243 0.209 16.7 17.8 8.19x107
Late Fusion 0.236 0.263 13.4 9.1 6.60x10
CoAlign” (Lu et al. 2023) 0.261 0.234 - - 8.19x10
Where2comm! (Hu et al. 2022b) 0.221 0.106 - - 5.40x10°
CoBEVT" (Xu et al. 2022a) 0.264 0.243 15.6 16.4 2.56x10°
V2X-ViT" (Xu et al. 2022b) 0.261 0.287 - - 2.56x1(P
UniV2X (Yu et al. 2025) | 0302 | 0241 | 17.7 19.7 | 2.17x 10
UniMM-V2X \ 0.422 \ 0.427 \ 17.9 20.3 \ 2.17x10°

Table 2: Perception performance. *: Single-agent no fusion method. 7: Cooperative perception methods. We significantly
improve all performance metrics without increasing transmission cost.

Ablation Study entire pipeline, multi-level fusion is essential. Our results
confirm that this strategy delivers substantial improvements
across all tasks including perception, prediction and plan-
ning, highlighting the strength of multi-level fusion in deliv-

ering end-to-end performance gains.

We conduct ablation studies on the effectiveness of the
multi-level fusion and the MoE design.  The results are
shown in Table 5 and Table 6.

Effect of Multi-Level Fusion. As shown in Table 5,

perception-level fusion significantly improves the perfor-
mance of both detection (+0.187) and tracking (+0.160).
This is because the perception information from the infras-
tructure effectively complements that of the ego vehicle.
However, the performance of motion prediction and plan-
ning does not exhibit a similar improvement, and in some
cases even degrades. This may be attributed to the fact that
the goals of accurate perception and safe decision-making
are not always fully aligned. On the other hand, incorpo-
rating only prediction-level fusion enhances planning safety
with -0.33m for L2 Error and -0.09% for Collision Rate,
as infrastructure can supplement  motion information for
objects that are not visible to the ego vehicle, and refine
low-confidence predictions. Nevertheless, perception per-
formance remains similar to the single-agent baseline, since
no fusion is applied at the perception stage.

To ensure consistent performance gains throughout the

Effect and Configuration of MOoE. As shown in Ta-
ble 5, integrating MoE into the BEV encoder significantly
enhances environmental understanding, improving both per-
ception and planning performance. Using MoE only in the
motion decoder yields limited gains, likely due to insuf-
ficient task-specific BEV features. The best results occur
when MoE is applied to both encoder and decoder, with the
encoder providing task-adaptive BEV representations that
better support downstream modules.

Since all decoder modules are Transformer-based, any
FFNs in these modules can be replaced with MoE. We con-
duct ablation studies under our end-to-end cooperative au-
tonomous driving framework with multi-level fusion to de-
termine the optimal expert number and placement. All vari-
ants employ the MoE-based encoder, where spatially spe-
cialized experts consistently enhance performance. For the
perception decoder, MoE is applied only in TrackFormer,



Method | IoU-n (%)t | ToU-f(%)1 Method | minADE (m)!  minFDE (m)! MR!
UniAD* (Hu et al. 2023) | 16.3 \ 13.1 UniAD* (Hu et al. 2023) 0.78 0.82 0.21
UniV2X (Yu et al. 2025) ‘ 279 ‘ 26.0 SparseDrive* (Sun et al. 2024) 1.02 1.87 0.34
UniMM-V2X | 23.0 | 237 UniV2X (Yu et al. 2025) | 0.69 0.74 0.17

UniMM-V2X | 0.64 0.69 0.13

€699

Table 3: Occupancy prediction performance. “n
and “f” denote near

(30x30m) and far (50x50m) Table 4: Moion prediction performance. *: Single-agent no fusion

ranges. *: Single-agent no fusion method. method.
Multi-Level Fusion MoE Perception Motion Prediction Planning L2 Error (m) Coll. (%)
P-Level M-Level | Enc. Dec. | mAPt AMOTA? minADE (m)! s 2s 3s  Avg.l Avg.l
- - |- - | 0181 0.197 0.78 | 126 222 306 218 | 113
- - v - 0.238 0.269 0.81 1.28 197 292 2.06 0.39
- - - v 0.179 0.198 0.78 1.24 184 298 2.02 0.54
- - v v 0.240 0.267 0.75 1.02 173 282 1.85 0.24
v - v v 0.427 0.427 0.74 091 1.78 247 1.72 0.40
- v v v 0.238 0.271 0.65 096 1.53 2.08 1.52 0.15
v v v v 0.422 0.427 0.64 078 1.63 2.05 149 0.12

Table 5: Ablation study results. We conduct experiments to evaluate the effectiveness of multi-level fusion and the MoE
mechanism. P-Level and M-Level refer to the perception level fusion and motion prediction level fusion, while Enc. and Dec.
indicate applying MoE to the BEV encoder and motion decoder, respectively.

Num. | P M | mAPt | AMOTA! | L2 (m)! | CR (%)!
4 | - - | 0240 | 0229 1.77 0.39
4 | v - 0235 | 0230 1.85 0.34
4 v | 0237 | 0231 1.60 0.20
4 | v v 0230 | 0229 1.78 0.37
8 | - -] 0421 | 0425 1.66 020
8§ | v -] 0366 | 0347 1.75 0.43
8 v | 0422 | 0427 1.49 0.12
8§ | v v | 0368 | 0351 1.68 0.25
16 | - - | 0403 | 0.374 1.71 0.36
16 | v - 035 | 0341 176 0.41
16 | - v | 0401 | 0374 1.64 0.15
16 | v v 0361 | 0339 1.72 0.20

Table 6: Ablation on MoE expert number and decoder
placement conducted within the multi-level fusion frame-
work. All the experiments utilize the MoE-based encoder.
“P” indicates MoE applied to the perception decoder and
“M” denotes its placement in the motion decoder.

since its track queries impact motion prediction more than
other decoders like MapFormer or OccFormer.  As shown
in Table 6, using 8 experts and placing MoE in the motion
decoder achieves the best results. Regarding the number of
experts, too few experts limit the specialization, while too
many experts cause data sparsity and under-utilization. Ad-
ditionally, in terms of decoder placement, limited token di-
versity in the perception decoder reduces MoE benefits and
may introduce gating noise. In contrast, placing MoE in the
motion decoder, which is more tightly coupled with the final

planner, enables better adaptation to diverse future behav-
iors, leading to more flexible and accurate planning.

Conclusion

In this work, we proposed UniMM-V2X, an end-to-end
framework designed for robust multi-agent cooperative driv-
ing. UniMM-V2X innovates by explicitly fusing informa-
tion at both perception and prediction levels across agents.
To effectively handle the inherent  heterogeneity and dy-
namic nature of such cooperation, we integrated MoE mod-
ules into both the BEV encoder and the motion decoder,
enabling adaptive processing optimized for  diverse driv-
ing tasks and motion patterns. Extensive evaluations on
the DAIR-V2X benchmark demonstrate the effectiveness of
our approach: UniMM-V2X achieves SOTA performance
with significant improvements across the autonomous driv-
ing pipeline. Critically, this includes substantial gains in de-
tection (39.7% improvement), tracking accuracy (77.2% in-
crease), motion prediction (7.2% reduction in error), and no-
tably enhanced planning safety (33.2% reduction in L2 error
and 52.0% lower collision rate) compared to UniV2X. These
results strongly validate the effectiveness of MoE-enhanced
multi-level fusion in providing a flexible and scalable solu-
tion for complex cooperative driving scenarios. The current
evaluation is limited to an open-loop setting, ~ which can-
not fully capture the impact of downstream feedback and
control interactions. Future work will focus on extending
UniMM-V2X to closed-loop evaluation, developing more
communication-efficient fusion strategies, and further en-
hancing the robustness and scalability of multi-agent coor-
dination under real-world constraints.
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Technical Appendix

Implementation Details

MoE Settings. The architecture of both the encoder and
decoder in our model consists of 6 layers of MoE, provid-
ing sufficient depth to capture spatial and temporal depen-
dencies across multi-agent observations. Each MoE layer is
equipped with 8 experts, employing top-2 expert routing to
dynamically select relevant experts. Furthermore, we intro-
duce a load balancing loss weight of A = 0.03 to ensure a
balanced utilization of all experts. This setup enables adap-
tive specialization in processing tasks, improving the overall
efficiency and performance of the model.

Perception. The perception decoder is configured with 6
layers, and the perception range is set to a radius of 50 me-
ters around the ego vehicle. We use a tracking threshold of
0.25, which is the minimum matching confidence required
to associate objects across consecutive frames. A relatively
low threshold ensures robustness when dealing with occlu-
sion or partial views in challenging environments.

For the perception-level fusion, we focus on three
key components: TrackFusion, MapFusion and OccFusion.
TrackFusion, which plays a critical role in downstream
tasks, is detailed in the main text. For MapFusion, we fuse
map queries using an MLP network:

Q. = MLP([Q}", Q¢™er]), (1)

where Qg‘her is transformed into the coordinate frame of
the ego vehicle. This transformation ensures that the map
queries are aligned with the perspective of the ego vehi-
cle. For OccFusion, aligned occupancy maps from different
agents are combined using the following a max operation:

P= maX(Pveh’ ﬁother)) (2)

1, P(x,y)>1 , 3)

O =
() 0, otherwise

where |;°th°r is transformed into the view of the ego vehicle
via a coordinate transformation, andt = 0.1is the threshold
used for occupancy determination in our experiments.

Prediction. In the prediction module, we define 6 motion
modes per target, which allows the model to account for the
uncertainty and multi-modality of future behavior. This en-
hances the ability of the model to predict a range of complex
future trajectories. For trajectory-related tasks, the model
uses 4 past steps and predicts the next 12 steps in the future.

Comparative Experiments. To evaluate the effectiveness
of our method, we conduct a series of comparative experi-
ments across several fusion strategies and SOTA cooperative
perception methods. We perform evaluations on the DAIR-
V2X (Yu et al. 2022) and V2X-Sim (Li et al. 2022) datasets,
using the following fusion strategies:

* No Fusion: No fusion of infrastructure datais per-
formed. For this baseline, we compare against the
UniAD (Huet al. 2023) framework as well as the
VAD (Jiang et al. 2023) and SparseDrive (Sun et al.

2024) single-vehicle end-to-end SOTA algorithms  to
demonstrate the importance of multi-agent cooperation.

* Early Fusion: Raw data from the infrastructure is di-
rectly fused at the initial stage, following the setup from
UniV2X (Yu et al. 2025).

 Late Fusion: Infrastructure perception results are fused
using the Hungarian method (Kuhn 1955).

* Intermediate Fusion: We reproduce current SOTA co-
operative perception methods, including V2X-ViT (Xu
et al. 2022b), Where2comm (Hu et al. 2022b),
CoBEVT (Xu et al. 2022a), and CoAlign (Lu et al. 2023).
For a fair comparison, we use only the image data from
the infrastructure and standardize evaluation settings.

For planning comparisons, we evaluate the performance
of several representative baselines and fusion strategies. The
vanilla method generates the final trajectory by simply fus-
ing BEV features and passing them through an MLP to gen-
erate final planning results. For the V2VNet (Wang et al.
2020) and CooperNaut (Cui et al. 2022) methods, we use
approaches similar to UniV2X (Yuetal. 2025), where the
BEV features are fused and passed into the UniAD (Hu
et al. 2023) framework for further processing. The results
for UniV2X (Yu et al. 2025) are directly reproduced from
the official checkpoints for comparison.

Training. Our training process is divided into four stages
to ensure efficient learning of cooperative driving:

+ Stage 1: Pre-train the perception module of the infras-
tructure, which includes tasks such as detection, tracking
and mapping.

 Stage 2: Pre-train the perception part of the ego vehicle.

 Stage 3: Introduce cooperation into the system and train
the cooperative perception tasks between the ego vehicle
and other agents.

o Stage 4: Freeze the perception modules and focus on
training the cooperative prediction and planning tasks,
followed by fine-tuning to optimize overall performance.

Others. The temporal query length is set to 5, meaning the
model processes information from the past five frames. This
enables the model to leverage historical context for more sta-
ble object association and trajectory prediction. To balance
task-specific performance with computational efficiency, we
set the number of queries for tracking, mapping, and motion
prediction to 1500, 300, and 500, respectively. The track-
ing queries ensure high recall in dense multi-object tracking
scenarios, while the mapping and motion branches benefit
from more compact and focused query sets, optimizing their
respective tasks.

Experiments
Evaluation Metrics

We comprehensively evaluate our  framework across six
key tasks relevant to autonomous driving: object detection,



Method ‘ 1s 2 3

L2 Error (m)!

Collision Rate (%)
Avg. ls 2s 3s

Avg.
No Fusion 2.87 3.66 478 377 | 122 133 133 129
UniV2X 244 292 390 3.09 | 1.00 0.88 0.77 0.88

UniMM-V2X | 2.00 2.22 3.16

246 | 0.66 0.77 1.00 0.81

Table 1: Planning performance on V2X-Sim dataset (Li et al. 2022).

multi-object tracking, online mapping, occupancy predic-
tion, motion prediction, and planning, along with transmis-

sion cost to reflect communication overhead in the coopera-
tive autonomous driving settings.

Object Detection and Multi-Object Tracking.  Follow-
ing the standard NuScenes protocol (Caesar et al. 2020),
we evaluate detection performance using mean Average Pre-
cision (mAP) based on the n-points interpolated precision-
recall curve, which quantifies the average overlap between
the predicted and ground-truth bounding boxes across dif-
ferent thresholds:

AP, “

1 2
ré€ =5 ., 1.0

TP
= 5, ¥ TP, TN, ©)
r r r

where TP,, FP,, and FN, represent true positives, false pos-
itives, and false negatives at IoU threshold r.

For tracking, we employ Average Multi-Object Tracking
Accuracy (AMOTA), which captures both association accu-
racy and detection quality over recall levels:

X

AP,

AMOTA = — MOTA,,  (6)

1 2
ré —=—, =7 1.0

FN, +FP, +IDSW, - (1 - r)GT

MOTA = max(0, 1 - GT ),

(M
where IDSW, denotes identity switches, and GT is the to-
tal number of ground-truth objects. Our detection and track-
ing experiments focus on the ’Car” class, which is the most
safety-critical in autonomous driving scenarios.

Online Mapping. We assess the quality of high-definition
map prediction using the IoU between predicted and ground-
truth semantic map elements (e.g., lane markings, pedestrian
crossings) from a BEV perspective:

|Prediction N Ground Truth| ®)
[Prediction (/Ground Truth|’

This metric reflects the accuracy and completeness of online
semantic map generation of the model.

Occupancy Prediction. We follow UniAD (Hu et al.
2023) and measure scene-level semantic segmentation per-
formance using IoU across two spatial ranges: near (30 x
30n) and far (50 x 5&h). The metric evaluates the model’s
ability to differentiate between occupied and free space cov-
ering both static infrastructure (e.g., buildings, sidewalks)
and dynamic agents (e.g., vehicles, pedestrians).

IoU =

Motion Prediction. We evaluate future trajectory fore-
casting using the following metrics:

¢ Minimum Average Displacement Error (minADE): av-
erage €, distance between predicted and ground-truth
points over the best-matching trajectory.

¢ Minimum Final Displacement Error (minFDE): £, dis-
tance at the final prediction timestamp.

* Miss Rate (MR): percentage of ground-truth trajectories
that deviate beyond a threshold 6 (typically 2m) from all
predicted modes.

Formally, forK predicted trajectories Ykanda ground-truth
Y, we compute:

minADE = rr;infl KE =Y, b, ©)
t=1

minFDE = rrkmin//f/T" -Yr b (10)

Planning. We assess planning accuracy and safety using
two primary metrics:

* L2 Error: average{; distance between predicted and ex-
pert trajectories over time.

» Collision Rate: the percentage of predicted trajectories
that result in collisions with obstacles or other agents.

We report these metrics at 1s, 2s, and 3s prediction hori-
zons to reflect both short-term and long-term planning qual-
ity. The settings are the same as in ST-P3 (Hu et al. 2022a).

Transmission Cost. To evaluate communication effi-
ciency, we measure the bandwidth consumption using Bytes
Per Second (BPS). Following the protocol of UniV2X (Yu
et al. 2025), we assume that the communication frequency
is 2 Hz and that all transmitted data including features and
queries are serialized using 32-bit floats. Calibration matri-
ces and ego-pose data are excluded from transmission cost
computation. BPS reflects the total bandwidth required to
support cooperation, and enables a trade-off  analysis be-
tween performance and communication overhead. The slight
increase in communication overhead of UniMM-V2X com-
pared to UniV2X (Yu et al. 2025) is due to the introduction
of motion prediction level fusion.

Results on V2X-Sim Dataset

We also implement our proposed UniMM-V2X framework
on the V2X-Sim dataset (Li et al. 2022), which is crucial
to evaluate the robustness of our model across various sim-
ulated cooperative driving scenarios. The V2X-Sim dataset



offers a valuable benchmark to test the performance of our
approach in a simulated environment with multiple cooper-
ative agents.

V2X-Sim Dataset. The V2X-Sim dataset is a large-scale
simulated dataset built on the CARLA platform, specifically
designed for V2X-based cooperative autonomous driving re-
search. It consists of 100 diverse urban driving scenes, which
include a range of driving environments with varying levels
of complexity and dynamic scenarios. Each scene features
multiple connected vehicles equipped with multi-view cam-
eras, LIDAR sensors, and high-definition (HD) maps. The
dataset provides rich annotations for tasks such as object de-
tection, multi-object tracking, motion prediction, and plan-
ning. These characteristics make V2X-Sim an ideal dataset
for evaluating end-to-end multi-agent cooperation and as-
sessing the effectiveness of different cooperative strategies
in realistic driving contexts.

Method | minADE (m) !  minFDE (m) !
No Fusion 0.79 0.97
UniV2X (Yu et al. 2025) 0.76 0.92
UniMM-V2X ‘ 0.64 0.75

Table 2: Motion prediction performance on the V2X-Sim
dataset (Li et al. 2022).

Experiment Settings and Results. In our experiments,
we select two vehicles from the V2X-Sim dataset:  one is
designated as the ego vehicle, and the other as the cooperat-
ing agent. To ensure a fair comparison with existing meth-
ods, we use only the front-view camera data.

For training, we use a total of 80 scenes from the
V2X-Sim dataset, ensuring a diverse range of driving en-
vironments. We use 10 scenes for validation and another
10 scenes for testing to evaluate the generalization abil-
ity of the model across different scenarios. In the original
UniV2X (Yuet al. 2025) framework, the planning evalu-
ation follows a non-standard timing protocol. To maintain
consistency and fairness in our evaluation, we adopt the stan-
dard evaluation protocol at 1s, 2s, and 3s intervals, which is
widely used in the field to assess the accuracy and safety of
autonomous driving systems.

The performance results for planning and motion predic-
tion tasks are summarized in Table 1 and Table 2. These re-
sults show that, compared to the SOTA end-to-end multi-
agent cooperative approach UniV2X (Yuet al. 2025), our
UniMM-V2X framework achieves significant improvements
in key performance metrics. Specifically, our model reduces
the L2 error by 20.39%, indicating a marked improvement
in the accuracy of the planned trajectories. Additionally, the
collision rate is lowered by 7.95%, which demonstrates a
considerable enhancement in driving safety by minimizing
risky behaviors in complex driving scenarios.

Furthermore, in terms of motion prediction, we observe
a 15.8% reduction in the motion prediction error, which is
crucial for improving planning performance. More accurate
motion predictions provide the planner with better estimates
of future trajectories, thereby enabling more informed and

precise decision-making in dynamic and complex driving
environments. This substantial improvement in prediction
accuracy directly contributes to the overall safety and ef-
ficiency of the cooperative driving system, reinforcing the
importance of accurate multi-agent cooperation.

Method | Mem. (MB)! | FPS t | Trans. (MB)!
UniV2X | 6301 | 586 | 8.09x10°
UniMM-V2X | 6483 | 539 | 9.32x10°

Table 3: Inference complexity and transmission cost.

Efficiency of the System

To assess the practicality and efficiency of  our proposed
method, we compare the inference complexity and com-
munication cost with UniV2X (Yu et al. 2025), as summa-
rized in Table 3. Specifically, we report GPU memory usage
(Mem.), processing speed in frames per second (FPS), and
the total amount of data transmitted across agents (Trans.).
These metrics are critical in understanding the trade-offs be-
tween computational efficiency and model performance in
real-time multi-agent cooperative driving scenarios.

Overall, UniMM-V2X achieves competitive runtime per-
formance while introducing moderate increases in mem-
ory and communication overhead. Compared to the baseline
UniV2X, our full model increases memory usage by approx-
imately 2.9% and reduces FPS by 0.47, primarily due to the
incorporation of the MoE architecture and multi-level fusion
across agents. This additional computational overhead, how-
ever, is offset by substantial improvements in downstream
performance, as demonstrated in the main text. The intro-
duction of the MoE layer enables adaptive processing with
specialized experts, which enhances model expressiveness
and task-specific performance with only a marginal increase
in computational cost.

While there is a slight increase in communication over-
head due to the need for transmitting more information be-
tween agents, the benefits in terms of motion prediction
accuracy and planning safety more than justify the addi-
tional cost. In particular, the improved cooperation between
agents leads to more robust predictions and safer planning
in complex driving environments. Therefore, UniMM-V2X
achieves a favorable trade-off, achieving an effective balance
between performance, efficiency, and scalability for real-
time multi-agent autonomous driving systems.

Qualitative Visualization

In this section, we present qualitative results to illustrate the
effectiveness of our MoE-enhanced multi-level end-to-end
cooperative autonomous driving framework across various
driving tasks. As shown in Figure 1, the visualizations cover
arange of scenarios, including left turns, straight driving,
and right turns, highlighting the excellent performance of
UniMM-V2X in enhancing perception, prediction, and final
planning.
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Figure 1: UniMM-V2X’s planning performance on the DAIR-V2X dataset (Yu et al. 2025), including left turn, going straight,
and right turn.
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