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Abstract— Collaborative Perception enables multiple agents,
such as autonomous vehicles and infrastructure, to share sensor
data via vehicular networks so that each agent gains an
extended sensing range and better perception quality. Despite its
promising benefits, realizing the full potential of such systems
faces significant challenges due to inherent imperfections in
underlying system layers, consisting of network layer imper-
fections and hardware-level noises. Such imperfections and
noises include packet loss in vehicular networks, localization
errors from GPS measurements, and synchronization errors
caused by clock deviation and network latency. To address
these challenges, we propose a novel end-to-end collaborative
perception framework, SCORPION, that harnesses the AI co-
design of the application layer and system layer to tackle
the aforementioned imperfections. SCORPION consists of three
main components: lost bird’s eye view feature reconstruction
(L-BEV-R) recovers lost spatial features during lossy V2X com-
munication, while deformable spatial cross attention (DSCA)
and temporal alignment (TA) compensate for localization and
synchronization errors in feature fusion. Experimental results
on both synthetic and real-world collaborative 3D object
detection datasets demonstrate that SCORPION advances the
state-of-the-art collaborative perception methods by 5.9 - 13.2
absolute AP on both standard and noisy scenarios.

I. INTRODUCTION

Connected and autonomous vehicles (CAV) rely heavily
on their onboard sensors to perceive and navigate in complex
driving environments. However, single-vehicle perception
systems often struggle with occlusions and limited sensing
ranges, potentially leading to severe consequences [3]. Col-
laborative Perception [4], [5], [6], [7], [8], [9], [2], [10],
[11], [12] addresses the limitation of single-agent sensing by
allowing multiple agents (vehicles/infrastructures) to share
sensor data via vehicular networks so that each vehicle gains
an extended sensing range and a better understanding of spa-
tial semantics, particularly in occluded areas. Recent research
also highlights that incorporating temporal consistency en-
hances the perception of dynamically moving objects [6],
[13], [14]. Thus, robust and accurate perception relies on
comprehending both spatial and temporal information for a
complete contextual understanding.

However, it’s important to note that collaborative percep-
tion relies on networks and hardware devices that are subject
to real-world constraints, significantly impacting both tempo-
ral and spatial information. Realizing collaborative percep-
tion thus requires a deep understanding of these underlying
systems. For instance, packet drops in Vehicle-to-Everything
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(V2X) communication result in lost spatial semantics, lead-
ing to missing crucial information needed for decoding the
final perception output, while network delays can cause tem-
poral misalignment during data fusion. Similarly, hardware
devices such as GPS+RTK [15] and onboard clock devices
often produce noisy measurements: localization errors in
vehicle pose can lead to spatial misalignment [16], and
clock deviation [6] can introduce temporal misalignment.
Fig. 1 and 2 illustrate the impact of these issues, highlighting
the need for AI solutions that account for the fundamental
limitations of underlying stacks.

Historically, efforts to enhance network reliability [17],
[18] and vision application performance [19], [20] were often
pursued independently, reflecting a longstanding division be-
tween network and application-layer advancements. Previous
work on collaborative perception application (Table I) often
focus on improving perception performance by designing
advanced fusion mechanisms [7], [1] and strategies to reduce
network bandwidth usage [4]. All these solutions assume
that the communication and perception environments are
ideal. A few recent work started to look at real-world
noises such as pose noise (localization noise) [2], [5], [13],
synchronization noise [6], and lossy communication [21].
However, none of these approaches take a holistic view of the
entire system stack, including fundamental constraints such
as packet encoding in vehicular networks or the interplay
between hardware noise and network impairments. This gap
significantly limits the practical deployment and scalability
of collaborative perception in real-world applications.

To bridge the gap, in this work, we present SCORPION , a
robust Spatial-temporal COllaboRative PerceptIon model on
lOssy Network. SCORPION is an end-to-end approach that
embodies the nascent philosophy of AI co-design across the
application and lower system layers (including lossy network
and noises of hardware devices) to directly address and
compensate for the inherent imperfections from these system
layers. At the core of SCORPION is a bird’s-eye view (BEV)-
based intermediate fusion: BEV effectively captures the
spatial layout with a consistent top-down view, facilitating
effective fusion from different viewpoints; meanwhile, inter-
mediate fusion strikes a balance between network resource
demands and accuracy, making it a practical approach in
collaborative perception [7], [2]. Based on the BEV feature
map, our three main components enhance spatial and tem-
poral understanding: (1) For spatial semantics, our lost BEV
feature reconstruction module incorporates realistic network
packet encoding and recovering strategies that can recover
spatial semantics lost during wireless V2X communication;
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Fig. 1. Motivating examples of various degrees of spatial and temporal misalignments. Spatial misalignments occur due to sensing errors (⋆) or dropped
network packets, while temporal misalignments arise from sensor asynchronization (⋆) and network delays. For simplicity and clarity, we focus on the
cases marked with (⋆) in this figure. This scenario is generated using the CoBEVT [1] model on the V2XSet Dataset [2]. TN and FP represent the True
Negative and False Positive detections made by the model.

(2) for temporal consistency, temporal alignment module
align synchronization errors by leveraging historical frame
information; and (3) for the correlation between temporal
features and spatial features, a deformable spatial cross-
attention module facilitates flexible mapping between ego
vehicle’s historical and neighbor’s features. By integrating
these components into a single transformer [22] architecture,
SCORPION demonstrates notable improvements over state-
of-the-art (SOTA) methods on the OPV2V, V2XSet, DAIR-
V2X datasets [7], [2], [23] in both standard and challenging
scenarios, achieving robust collaborative perception.

The main contributions of this work are as follows:
• Real-world networking and hardware challenges, like

lossy communication and sensor noise, are typically
addressed within domain-specific boundaries [6], [24],
[5]. SCORPION demonstrates the new potentials of
transformer-based AI to tackle these persistent issues,
expanding its scope to enable co-design across the entire
hardware-network-AI software stack.

• SCORPION achieves robust collaborative perception by
introducing a novel feature masking and reconstruc-
tion strategy specifically designed for vehicular net-
works (lost feature reconstruction), integrated with a de-
formable spatial cross-attention module and a temporal
alignment module, allowing simultaneous tolerance to
dynamic noisy environments with lossy V2X commu-
nication, localization errors, and synchronization errors.

• SCORPION outperforms SOTA methods in both stan-
dard and challenging scenarios, including extreme sens-
ing errors and congested network conditions. For exam-
ple, on the V2XSet dataset [2], SCORPION achieves
13.2%, 7.5%, and 5.9% higher accuracy than the SOTA
approaches in situations involving lossy networks, spa-
tial misalignment, and temporal misalignment.

II. BACKGROUND AND RELATED WORK

Collaborative Perception. Collaborative perception solu-
tions can be divided into three categories based on message-
sharing strategy: (1) Early fusion, (2) Intermediate fusion,
and (3) Late fusion. Late fusion integrates decisions from
independent models at the object level [26] and tends to
yield suboptimal accuracy due to the lack of cross-sensor
feature enrichment [27]. Early fusion shares raw sensor data,
which is network-resource intensive. To reduce bandwidth

TABLE I
COMPARISON OF DIFFERENT WORKS HANDLING SYSTEM IMPERFECTIONS.

Work Sensing
Errors

Sensor
Asynchronization

Lossy V2X
Network Fusion

EMP [24] ✗ ✗ ✗ Early
Harbor [9] ✗ ✗ ✗ Early
Where2comm [4] ✗ ✗ ✗ Intermediate
CoBEVT [1] ✗ ✗ ✗ Intermediate

RAO [6] ✗ ✓ ✗ Early
V2X-ViT [2] ✓ ✓ ✗ Intermediate
CoAlign [5] ✓ ✗ ✗ Intermediate
LCRN [21] ✗ ✗ ✓ Intermediate
SCOPE [13] ✓ ✓ ✗ Intermediate
VIPS [25] ✗ ✓ ✗ Late

SCORPION (Ours) ✓ ✓ ✓ Intermediate
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Fig. 2. Illustration of detection performance drop suffering from lossy
V2X wireless communication based on the V2XSet dataset [2]. The three
baseline methods, CoBEVT [1], V2X-ViT [2], and CoAlign [5] are trained
with no network packet loss and tested at various level of loss.

cost, existing methods [24], [6], [9] use partitioning, where
data from each vehicle’s nearby region is transmitted and
merged to create an extended view of the environment.

Intermediate fusion shares encoded features, reducing the
network resources needed compared to raw data. For ef-
fective feature fusion, AttFuse [7] applies self-attention to
analyze features at the same spatial locations across agents.
CoBEVT [1] shares Bird’s Eye View (BEV) features to
efficiently represent multi-view data and uses transformers
to fuse BEV features. Where2Comm [4] optimizes band-
width by identifying and sharing only essential information.
Beyond accuracy and bandwidth efficiency, some works
propose robust models to improve resilience in error-prone
scenarios. V2X-ViT [2] introduces an advanced attention
model to handle asynchronous error in V2X communication.
LCRN [21] achieves robust vehicle-to-vehicle communica-
tion under lossy communication by employing a repair net-
work. CoAlign [5] addresses pose estimation errors through
agent-object pose graph modeling to ensure pose consistency
across agents. While temporal and spatial misalignment and
lossy communication are common issues in reality, no cur-
rent work addresses all of these challenges comprehensively
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Fig. 3. The overall architecture of SCORPION. The framework consists of three major components: a lost BEV feature reconstruction (L-BEV-R) module,
a deformable spatial cross-attention (DSCA) module, and a temporal alignment (TA) module.

(see Table I). This motivates us to develop a more robust
collaborative perception network for practical scenarios.
Vehicle-to-Everything (V2X) Network. Collaborative per-
ception relies on transmitting sensing information between
agents. Technologies like DSRC [28] and C-V2X [29]
are designed for V2X communication. However, these
wireless networks are inherently unreliable. Communication
on vehicular networks often relies on UDP [30] as the
underlying transport protocol [31], [32], [33], which can have
a high loss rate under dynamic and fast-changing vehicle
topologies. Prior work on collaborative perception [2], [7],
[4], [1], [5], [6], [11] assumes that the transmission of
feature map or raw data will not get lost, which is not
realistic on a real-world V2V/V2X setup [33], [32]. The only
prior work explicitly addressing lossy communication [21]
oversimplifies the issue by simulating network loss with
random noise while ignoring the structured packet encoding
of shared feature maps, making it impractical for real
deployment. Therefore, we argue that tolerance to practical
lossy V2X communication is a vital characteristic that
collaborative perception models must address, as incomplete
shared intermediate features from lossy communication can
significantly compromise effectiveness (Fig. 2).

III. METHOD

In this paper, we focus on enhancing the robustness and
accuracy of collaborative perception, emphasizing temporal
and spatial understanding in the face of inherent system
imperfections. We propose a novel BEV-based intermediate
fusion framework SCORPION. Our framework consists of
three key components (Fig. 3): Lost BEV Feature Recon-
struction (L-BEV-R), Deformable Spatial Cross-Attention
(DSCA), and Temporal Alignment (TA).

A. Problem Formulation

At time t, N agents participate in a collaborative percep-
tion task, establishing a communication graph. We designate
the i-th agents as the ego vehicle, with other agents within the
communication range acting as collaborators. These collabo-
rators share perceptual information and metadata (e.g.,pose,
timestamps) with the ego vehicle for collaboration. Each
agent j ∈ {1, ..., N} encodes the point clouds into Bird’s
Eye View (BEV) features to extract local visual features.
Given the point cloud X

(t)
j of j-th agent at timestamp t,
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Fig. 4. Our Lost BEV Feature Reconstruction architecture.

the extracted feature is F
(t)
j = fenc(X

(t)
j ) ∈ RC×H×W ,

where fenc(·) is the feature encoder shared among all agents,
and C,H,W stand for the channel, height, and width. The
collaborator agents share the processed feature maps with the
ego agent for fusion and perception. In a realistic setup, fea-
ture maps go through lossy V2X communication, and poses
or timestamps of agents can contain noise. We show how
SCORPION handles the lost spatial features in §III-B, how
SCORPION addresses the misaligned spatial information in
§III-C, and how to maintain temporal consistency in §III-D.

B. Lost BEV Feature Reconstruction

Reconstructing the original signal from partial observation
of images has been a challenging task in computer vision. In
the context of realistic collaborative perception, our goal is
to address the critical issue of data loss in V2X communica-
tions, a gap not effectively bridged by current methods [2],
[1], [5]. Inspired by the masked-autoencoder (MAE) [34], we
design a customized Lost-BEV-Reconstruction (L-BEV-R)
network for intermediate feature recovery from other CAVs.
We treat the intermediate BEV feature map after the lossy
communication as partial images, where the locations with
features that are received as visible patches and treat the
locations of the features that get lost during V2X network
transmission as masked patches that require recovering.

The framework of the L-BEV-R network is shown in
Fig. 4, which is an encoder-decoder architecture based on
Vision Transformers [35]. We next elaborate on the details.
V2X Network Packet Encoding and Partitioning for Fea-
ture Maps. Previous work [36] on the system and network
community has proposed methods to encode raw point cloud
data into self-contained network packets. To the best of our
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Fig. 5. An example of an encoded feature map into a network packet.

knowledge, no prior work has discussed how to encode
and partition the intermediate feature maps into network
packets. In SCORPION, we detail the process of packing the
Bird’s-Eye-View (BEV) features into multiple self-contained
network packets. In the context of intermediate-fusion collab-
orative perception, network packet loss impacts by dropping
feature map values. Assuming a BEV feature map of size
RC×H×W , the actual transmission of the feature will break
the feature map into multiple network packets (Fig. 4(a)),
where the size of each packet is limited by Maximum
Segment Size (MSS). For V2X communication, MSS is in
the range of 50 bytes to 300 bytes [37], [36]. For example,
assuming a feature map of shape (C ′, H,W ) = (16, 4, 4)
where C ′ is the channel size after compression [7] and an
MSS of 280 bytes (Fig 5), a packet can hold information on
⌊280/((16+1)×4)⌋ = 4 cells in the BEV map, where “+1”
accounts for additional metadata of feature indices.
Fundamental Similarity of Network Packet Loss and
Feature Masking. As a network packet can cover a small
range of geometric locations in the BEV feature map, we can
see that packet losses are fundamentally similar to masking
input images in the MAE architecture. In this case, a packet
loss during the V2X communication indicates that the ego
vehicle will lose the 4 cells in the received feature map.
Based on this, our masking strategy in the L-BEV-R module
is straightforward: we place patches on the feature maps,
treat the patches that contain lost indices as masked patches,
and train an encoder-decoder network to recover them.
L-BEV-R Encoder. Our encoder is a variation of the
ViT [35] by extending the input space from 3-channel
RGB images to C channel BEV feature maps. Similar to a
standard ViT, we divide the feature map into patches of size
P ×P and add positional encoding to the patches generated
from a linear projection layer. A high portion (e.g.,75%) of
random patches will be masked during the training and the
encoder operates on the visible patches through a series of
Transformer blocks.
L-BEV-R Decoder. The input to the decoder is the full set
of patch-tokens consisting of both encoded feature patches
and masked patches representing the features that are lost
during V2X communication. The decoder has another se-
ries of Transformer blocks to reconstruct a feature map of
(C,H,W ). The reconstruction target is the pixel value of
the patch and is linearly projected to the original feature
map channel C. During the training of the L-BEV-R model,
we use the processed BEV feature maps generated from
the backbone network [7] as the ground truth and use
the mean squared error (MSE) as the loss function and
compute the loss only on masked patches. Later, we fixed the
parameters of the trained L-BEV-R model in the training of
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Fig. 6. The architecture of the proposed deformable spatial cross-attention
(DSCA) module.

the entire end-to-end collaborative perception model. During
testing and inference, the L-BEV-R module processes the
partial BEV feature from collaborators by reconstructing the
original feature map before fusing them with the ego feature.

C. Deformable Spatial Cross-Attention

After reconstructing the partial feature map shared by
collaborators, we proceed to fuse the multi-agent feature
to enhance the perception capability over single-agent per-
ception. Existing works [2], [7] propose to use attention-
based mechanisms to fuse multi-agent feature maps and
achieve SOTA performance in ideal environments. However,
the assumption that feature interaction only happens at the
same spatial location (i.e.,the same indices in the feature map
in the ego agent’s coordinate system) makes these methods
vulnerable to localization and synchronization errors, as
these errors may create misalignment of perceptual critical
areas. To mitigate such effects, we draw inspiration from [38]
and implement a simple yet effective Deformable Spatial
Cross-Attention (DSCA) component. The DSCA module
consists of deformable attention along with a max fusion
aggregation of multi-agent features (Fig. 6). Different from
prior work [13] that employs deformable attention locally on
only high confidence regions, DSCA in SCORPION models
the interaction of features globally from the entire feature
map that contains localization and synchronization error
and applies a max-pooling layer to aggregate most salient
features, resulting in better perception performance at higher
noise levels (see Sec. IV-B).
Deformable Spatial Cross-Attention Module. As depicted
in Fig. 6, we treat the ego feature F

(t)
i as the query feature Q

and obtain a default reference point sets (same as the naive
attention in [2]). To resolve the misalignment of BEV feature
maps, the DSCA performs multi-head cross-attention on a set
of sampled offset points. The deformable concept helps in
utilizing and learning the spatially spread-out features caused
by aforementioned misalignments. For each reference query
point q (i.e.,each cell in the BEV feature grid), we select X
points based on a learned offset and extract their features
as the attending features. A linear layer is used to learn the
2D spatial offset ∆q of the reference point q for sampling
positional offset at q + ∆q. The output at each query 2D
position from ego feature F

(t)
i to a collaborator feature F

(t)
j

is shown in Equation 1.

DSCA(q)i,j =

A∑
a=1

Wa

[
X∑

x=1

ϕ(WbF
(t)
i (q))F

(t)
j (q +∆qx)

]
(1)



where A is the total number of attention heads and a indexes
the attention head, Wa/b are learnable weights for each ego-
collaborator pair, and ϕ(·) is the softmax function.
Max Fusion. For each pair of the ego BEV feature and
a collaborator BEV feature, we generate a deformed cross-
attention map at each spatial location q. To aggregate the
attention features, we further apply a max-fusion at each
query point to extract the most salient feature. The final
output from the DSCA module at each query position is

DSCA(q) = max(DSCA(q)i,1, DSCA(q)i,2, ..., DSCA(q)i,N ) (2)

D. Temporal Alignment
Integrating historical observations has the potential to

enhance the temporal consistency of collaborative perception.
To capitalize on this potential, we treat past BEV feature
maps as additional input sources. These historical features
are aligned to the current timestamp using the ego vehicle’s
motion data. This alignment allows us to perform deformable
cross-attention alongside the reconstructed feature maps from
other agents, effectively leveraging both past and present
data to minimize errors and improve the robustness of the
perception system.
Historical Feature Alignment. Given the BEV queries Q

at current timestamp t and a history BEV feature F
(t−1)
i ob-

served at time t−1, we first align the historical feature to the
current timestamp using ego-agent motion with GPS+IMU
pose to make the features at the same BEV grid correspond
to the same real-world location. Note that such alignment
using ego-motion handles the shifts of static environments
but not dynamic objects in the scene. Inspired by [39], we
model the temporal correlation between features by using a
deformable temporal self-attention (DSA) layer, as follows:

DSA(qp, {F (t)
i , F

(t−1)
i }) =

∑
V ∈{F (t)

i
,F

(t−1)
i

}

DeformAttn(qp, V ) (3)

where qp denotes the BEV query located at p = (x, y) and
DeformAttn is the same deformable attention module in the
DSCA module. In our implementation, we merge the DSA
layer with the DSCA by stacking F

(t−1)
i with F

(t)
j , j ∈

{1, ..., N} as they are conceptually same but with different
parameter and meaning (i.e.,cross-agent attention vs.temporal
self-attention). The fused feature map is then obtained from
the max fusion of DSCA output F (t)

i fused ∈ RC×H×W and
goes through a series of standard transformer layers including
LayerNorm [22] and MLP [40].

E. Detection Head
We leverage both the regression decoder and classification

decoder to decode the final fused feature map F
(t)
i fused

into the predicted outputs. The regression and classification
decoders are MLP layers. The regression output is R7×H×W ,
where the first dimension 7 represents the position (x, y, z),
size (h,w, l), and yaw angle θ of the predicted bounding
boxes at each location. The classification output is the
confidence level of each predefined box to be a target vehicle
or background. Following existing work [19], we adopt the

TABLE II
PERFORMANCE COMPARISON ON THE V2XSET, OPV2V, AND DAIR-V2X

DATASETS IN PERFECT ENVIRONMENTS.

Model
V2XSet OPV2V DAIR-V2X

AP0.5 AP0.7 AP0.5 AP0.7 AP0.5 AP0.7

No Fusion 65.73 52.57 69.38 56.40 63.04 47.39
V2VNet [8] 87.82 74.28 86.76 73.38 65.09 48.18

F-Cooper [10] 82.82 69.38 89.22 79.66 70.54 52.21
AttFuse [7] 81.70 66.24 88.54 72.91 68.02 48.40

CoBEVT [1] 81.00 65.06 88.99 72.80 67.61 55.51
V2X-ViT [2] 82.32 71.21 86.74 75.70 70.87 54.35
CoAlign [5] 86.90 75.31 91.60 82.30 74.02 56.81
SCOPE [13] 87.55 75.67 89.60 80.71 74.15 56.52
SCORPION 88.32 77.78 93.10 85.10 74.65 56.76

smooth L1 loss for regressing the bounding boxes and a focal
loss [41] for classification.

IV. EXPERIMENTS

A. Datasets and Evaluation Metrics
Datasets. We validate our proposed method SCORPION

with LiDAR-based 3D object detection on three datasets: two
simulation datasets V2XSet [2], OPV2V [7] and a real-world
vehicle-to-infrastructure dataset DAIR-V2X [23].
Implementation Details. We build SCORPION based on the
Pytorch [42] and OpenCOOD framework [43] and train the
models on NVIDIA A100 GPUs [44]. Pointpillar [19] is used
as the backbone feature encoder with 0.4m × 0.4m voxel
size. We train our L-BEV-R network following the standard
MAE network training [34] for 100 epochs and freeze the
parameters in the end-to-end model training.
Evaluation Metrics. Following existing work [2], [7], we
adopt the Average Precision (AP) at Intersection-over-Union
(IoU) thresholds of 0.5 and 0.7 for evaluation.
Benchmark Comparison. We compare with seven state-
of-the-art (SOTA) intermediate fusion models: V2VNet [8],
F-Cooper [10], AttFuse [7], CoBEVT [1], V2X-ViT [2],
CoAlign [5] and SCOPE [13]. In addition, we also compare
our approach with single-agent perception (i.e.,No Fusion).

B. Quantitative Results
We compare the performance of 3D object detection with

other methods (Table II). Our proposed approach SCORPION
achieves the highest perception performance compared to the
baseline methods on all datasets. It achieves average im-
provements of 22.6%/25.2%, 23.8%/28.7%, and 11.6%/9.4%
on three datasets in AP@0.5/0.7 compared with ‘No Fusion’,
showing the benefits of collaborative perception. Compared
to prior SOTA collaborative perception methods, our method
improves AP@0.7 by over 2.4% on the V2XSet dataset,
2.8% on the OPV2V dataset and achieves comparable per-
formance with the best method on DAIR-V2X dataset.
Performance with Network Loss, Localization and Syn-
chronization Noise Together. Using data from V2X network
measurement [32], GPS errors [45], we evaluate SCORPION
under the coexistence of packet loss, localization, and syn-
chronization error. We summarized 5 diverse road settings
with a variety of loss rate (12% - 32%): (1) Urban Freeway
(UF), (2) Rural Freeway (RF), (3) Rural Road (RR), (4)
Suburban Road (SR), (5) Open Field (OF). The network



TABLE III
PERFORMANCE COMPARISON UNDER COMBINED NETWORK LOSS, LOCALIZATION AND SYNCHRONIZATION NOISE.

V2XSet OPV2V DAIR-V2X
Case Loss Rate SCORPION SCOPE CoAlign V2X-ViT SCORPION SCOPE CoAlign V2X-ViT SCORPION SCOPE CoAlign V2X-ViT
UF 26% 84.0/61.2 78.7/57.3 68.4/39.0 72.9/52.7 88.6/76.4 84.6/70.5 74.9/59.0 80.5/63.1 72.5/54.3 70.7/52.8 70.3/53.8 68.6/53.3
RF 20% 84.2/61.9 78.3/57.5 68.7/38.6 74.3/53.2 88.9/77.1 84.8/70.5 76.0/60.0 80.9/63.0 72.9/54.5 70.9/53.2 70.1/54.1 69.6/53.7
RR 32% 82.0/61.0 77.3/57.0 68.6/38.5 71.3/52.1 88.4/75.9 84.5/70.3 73.2/57.6 80.1/62.8 72.1/54.3 69.9/53.0 70.5/53.2 68.5/53.3
SR 15% 85.2/63.1 78.6/56.5 67.7/38.9 75.5/53.6 89.3/77.7 84.9/70.8 77.2/61.0 81.0/63.9 73.2/55.2 71.5/54.8 70.1/55.1 69.0/53.5
OF 12% 84.8/64.9 78.8/56.6 67.4/39.1 76.0/53.7 89.6/78.0 85.1/70.9 78.0/61.5 81.1/63.9 73.5/55.5 71.8/54.2 71.1/55.0 69.2/53.5
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Fig. 7. Performance comparison across models under various network
loss/localization/synchronization errors.

packet loss is simulated by randomly masking out the shared
feature maps. We simluate localization error by adding
Gaussian noise with a standard deviation of 0.6 m for urban
areas and 0.4 m for rural areas and open fields following
statistics from [45]. For synchronization latency, we set it to
100ms following existing work [2], [46]. We select the top 3
performing baseline methods from the perfect environment
setup, V2X-ViT, CoAlign and SCOPE for comparison in
later experiments. Note that the selected baselines have
partial designs on handling the system noises (Table I).

From the results in Table III, we note that SCORPION
outperforms existing baselines by over 4%, 2%, and 5% for
V2XSet, OPV2V, and DAIR-V2X dataset in absolute AP
when imperfect feature transmission, localization noises,
and synchronization errors exist together. These im-
provements stem from our holistic design, which effectively
handles feature loss (via L-BEV-R) and aligns misaligned
features caused by localization and synchronization errors
(via DSCA and TA).

C. Robustness to Individual Noise Factor

In this section, we evaluate the robustness of SCORPION
by analyzing its performance under different levels of in-
dividual noise factor: network loss, localization errors, and
synchronization errors.
Results under Various Network Loss Rates. Fig. 7 reveals
that our proposed method SCORPION shows superior per-
formance under all levels of network loss rates. An increase
in the network loss rates leads to a rapid and sharp decrease
in the perception performance for baseline methods, as per-
ceptual information gets lost in the shared feature maps. For
instance, with 40% network loss, SOTA methods like V2X-
ViT and CoAlign see reductions in AP@0.5 of more than

20% for V2XSet and OPV2V, and over 5% in DAIR-V2X,
compared to ideal communication conditions. Our method
consistently outperforms previous SOTA models in all levels
of network losses, clearly demonstrating the robustness of
SCORPION to network loss. Note that for higher network
loss, our method maintains higher improvements in accuracy
thanks to the L-BEV-R module. When the network loss rate
gets as high as 80%, our method outperforms the second-best
approach by 5.1%, 7.5% and 3.1% on V2XSet, OPV2V, and
DAIR-V2X dataset.
Results under Various Localization Errors. To demon-
strate the robustness under localization error, we vary the
localization noise from 0 to 1.6 m to the agents’ poses
in the datasets (2x higher than pervious work [13], [2],
[5]). As depicted in Fig. 7, our robust perception design
surpasses state-of-the-art methods that are pose-error aware,
enhancing average perception performance by 6.8%, 1.3%,
and 1.0% across the datasets, respectively. Comparing to
SCOPE [13], a SOTA baseline that also tackles spatial and
temporal misalignments, SCORPION shows 5.5% to 16.9%
performance under higher noise conditions because of the
DSCA models global feature interaction more precisely.
Unlike CoAlign [5], which relies on prior training of an
uncertainty estimator for bounding boxes, our end-to-end
model with the DSCA approach offers a simple yet effective
solution for addressing localization errors, thanks to the
deformable attention interaction with offset locations in the
misaligned feature maps.
Results under Various Synchronization Errors. The third
row of Fig. 7 illustrates the perception performance un-
der different levels of synchronization errors. Compared
to methods like V2X-ViT which have designs to handle
asynchronous time delay, our approach can still improve the
perception accuracy by 1.1% to 11.6% across datasets. The
performance boost is due to two key factors: (1) TA mod-
ule aligns historical feature information to the current ego
timestamp, mitigating the impact of asynchronous feature
interaction from other agents and allowing feature interaction
to focus on perceptually important areas from ego space; (2)
DSCA module facilitates perceptually critical information in-
teraction across agents under both spatial-temporal domains,
making the perception results more robust.

D. Ablation Study
Contribution of Major Components. To evaluate the

effectiveness of our proposed component, we progressively
remove the three key elements in our framework. Table IV
details the contribution of each component. The consistent
drop in detection accuracy demonstrates the effectiveness
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Fig. 8. Qualitative comparison results on the V2XSet dataset under localization error, synchronization error, and network loss altogether. The green
and red boxes are ground truth and prediction outputs, respectively.

TABLE IV
FEATURE COMPARISON AND PERFORMANCE METRICS ON V2XSET. FOR

BASELINE W/O DSCA, WE USE ATTENTION FUSION FROM [2].

DSCA TA L-BEV-R Lossy Network AP0.5 / AP0.7
✓ ✓ N 88.32 77.78
✓ N 86.59 75.48

N 86.09 73.52
✓ ✓ ✓ Y 86.01 70.83
✓ ✓ Y 83.82 69.83
✓ Y 81.79 69.51

Y 79.80 64.94

TABLE V
ABLATION STUDY RESULTS OF SCORPION (AP@0.5/0.7).

Dataset DAIR-V2X V2XSet OPV2V
Effect of offset point numbers in DSCA

2 89.25/78.82 91.25/77.30 71.94/53.42
4 (Default) 88.32/77.78 93.10/85.10 74.65/56.76
8 87.68/75.29 92.33/81.12 70.91/50.00
16 88.30/75.61 91.78/82.26 70.33/51.29

Effect of historical ego frame counts in TA
1 (Default) 88.32/77.78 93.10/85.10 74.65/56.76
2 87.98/77.98 92.76/84.54 73.24/54.72
3 88.30/77.43 92.33/84.27 71.96/54.36

of each component: L-BEV-R, DSCA, and TA. By adding
DSCA, AP@0.7 is improved by 2% compared to using
naive attention mechanism [2]. By further incorporating past
ego-agent features and performing temporal alignment, we
further improve AP@0.7 by another 2.5%, indicating the ef-
fectiveness of both the DSCA and TA modules. Furthermore,
incorporating the L-BEV-R module enhances SCORPION’s
robustness under lossy communication conditions [32], im-
proving AP@0.5 by 2.2% compared to baselines that do not
include feature reconstruction capabilities.
Impact of Offset Point Count in DSCA. We adjust the
deformable offset points from 2 to 16 in DSCA (Tabel V).
Noticeably, DSCA with 4 points achieves better detection
performance on all three datasets. This result shows that
SCORPION effectively extracts essential spatial semantics
by setting a reasonable offset point number.
Effect of Historical Ego Frame Count. As shown in
Table V, we evaluate the impact of incorporating different
numbers of historical information from the ego agent. The
finding is that using 1 historical frame is already beneficial

in achieving good performance gains over all datasets.
Visualization of Detection Results. To illustrate the percep-
tion capability of different models, we provide a detection
visualization1 comparison (Fig. 8) under 1.3 m of localization
error, 100 ms of asynchrony latency, and 35% of network
loss based on the existing measurement work on GPS [45]
and V2X network loss [32]. Baseline methods like SCOPE,
V2X-ViT, and CoAlign fail to accurately detect moving
objects because of the presence of three types of errors.
Our proposed SCORPION handles the network packet loss
through feature reconstruction and exploits the spatial and
temporal misalignments through the DSCA and TA module,
thus improving the detection accuracy.

V. CONCLUSION

This paper presents SCORPION, which expands AI’s
role in co-designing the hardware-network-AI software stack
by addressing persistent issues like lossy communication
and sensor noise in networking and hardware. SCORPION
demonstrates improved accuracy and robustness across ex-
tensive experiments, including normal and challenging sce-
narios that expose typical system issues. Future work will ex-
tend SCORPION to more complex perception scenarios and
incorporate additional sensor modalities, such as monocular
and stereo cameras.
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