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Abstract— Collaborative perception leverages rich visual ob-
servations from multiple robots to extend a single robot’s
perception ability beyond its field of view. Many prior works
receive messages broadcast from all collaborators, leading to
a scalability challenge when dealing with a large number of
robots and sensors. In this work, we aim to address scalable
camera-based collaborative perception with a Transformer-based
architecture. Our key idea is to enable a single robot to
intelligently discern the relevance of the collaborators and
their associated cameras according to a learned spatial prior.
This proactive understanding of the visual features’ relevance
does not require the transmission of the features themselves,
enhancing both communication and computation efficiency.
Specifically, we present ActFormer, a Transformer that learns
bird’s eye view (BEV) representations by using predefined BEV
queries to interact with multi-robot multi-camera inputs. Each
BEV query can actively select relevant cameras for information
aggregation based on pose information, instead of interacting
with all cameras indiscriminately. Experiments on the V2X-Sim
dataset demonstrate that ActFormer improves the detection
performance from 29.89% to 45.15% in terms of AP@0.7
with about 50% fewer queries, showcasing the effectiveness
of ActFormer in multi-agent collaborative 3D object detection.

I. INTRODUCTION

Collaborative perception, such as collaborative object de-
tection [1] and semantic segmentation [2], empowers au-
tonomous robots to share their perceptual insights, fostering
a comprehensive understanding of their surrounding envi-
ronments. It addresses challenges such as occlusions and
sparse sensory information over long distances, which often
impede individual perception. Nevertheless, scalability poses
a notable challenge to current learning-based collaborative
perception methods. This challenge mainly stems from the
passive nature of existing approaches, which incorporate all
accessible sensor data at some point, rather than actively
requesting only the essential information before initiating any
form of communication with collaborators.

Certain prior approaches [3, 4, 5] involve selective data
usage to minimize communication overhead. However, the
decision-making process for selecting sensor data still relies
on transferred feature representations of the sensor measure-
ments from other collaborators. As a result, these approaches
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Fig. 1. Baseline v.s. ActFormer. Baseline densely attends BEV queries to
every 2D image feature. ActFormer actively selects queries based on spatial
information and achieves more scalable collaborative perception.

are not truly active and struggle to scale up effectively when
dealing with a large number of sensors or robots. Hence, this
work aims to address the problem of scalable collaborative
3D perception based on 2D camera input. We propose to
enable the ego-robot to actively and intelligently request and
use information, as opposed to passive and indiscriminate
utilization of all available camera images.

Inspired by the recent advances of Transformer for
camera-based single-robot perception [6, 7], we design our
method based on this query-based framework that leverages
a learnable grid-shaped bird’s eye view (BEV) queries cor-
responding to the target 3D space, to interact with the 2D
camera features for 3D representation learning. Yet existing
query-based methods like BEVFormer [7] are not designed
to handle scalable camera-based collaborative perception.
Therefore, each BEV query is supposed to interact with
multi-agent multi-camera input in a dense manner, severely
limiting the scalability and efficiency of the collaborative
perception system, as shown in Fig. 1 (top branch).

In practice, querying all available sensory streams densely
is highly redundant and inefficient. Our key idea is to
optimize the query graph by enabling each BEV query to
identify the most relevant 2D camera features based on the
poses of robots and their cameras. To implement this idea
effectively, we employ a learnable active selection module.
This module takes input in the form of the ego robot’s BEV
features and the poses of collaborators, generating an interest
score for each BEV query with respect to the available
cameras. Only the high-score queries will be involved in the
computation during the collaboration. Our method, termed
ActFormer, creates a sparse query graph for extracting a
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robust BEV representation from multi-robot multi-camera in-
put, as illustrated in Fig. 1 (bottom branch), largely boosting
both efficiency and scalability for collaborative perception.
We test ActFormer in the task of collaborative 3D object
detection from 2D images and conduct comprehensive exper-
iments on the widely-used V2X-Sim [8] dataset. Quantitative
and qualitative results show that ActFormer not only boosts
the detection performance by a large margin compared to
the baseline method (45.88% → 53.33% for AP@0.5;
29.89% → 45.15% for AP@0.7), but also reduces the
computational cost with 50% fewer queries. In summary, our
major contributions are summarized as follows:

• We conceptualize a scalable and efficient collaborative
perception framework that can actively and intelligently
identify the most relevant sensory measurements based
on spatial knowledge, without relying on the sensory
measurements themselves.

• We ground the concept of the scalable collaborative
perception with a Transformer, i.e., ActFormer, which
uses a group of 3D-to-2D BEV queries to actively
and efficiently aggregate the features from multi-robot
multi-camera input, only relying on pose information.

• We conduct comprehensive experiments in the task of
collaborative object detection to verify the effectiveness
and efficiency of our ActFormer.

II. RELATED WORKS

A. Collaborative perception

Collaborative perception has been shown to enhance the
adaptability, robustness and efficiency of individual au-
tonomous vehicle systems [2, 5, 9, 10, 11, 12, 13, 14].
Many of them deploy feature-level collaborative perception
techniques, where the intermediate features produced by the
deep neural networks are shared among a team of robots,
be it as a swarm of drones [3, 15] or a fleet of autonomous
vehicles [16, 17, 18]. Due to the high dimensionality of the
intermediate features, collaboration cost is a critical issue to
be considered. When2com [3] applies an attention mecha-
nism over all the potential collaborators to fuse their features.
Who2com [4] deploys a multi-stage handshake mechanism
where the ego agent determines who to connect with based
on the first stage of information exchange. V2VNet [16]
trains a graph neural network for information aggregating.
DiscoNet [1] learns about message selection via knowledge
distillation [19] from an oracle model that is trained with
the complete scene observation. STAR [17] learns to amor-
tize communicating the intermediate representations over a
few consecutive time steps with a spatio-temporal masked
autoencoder [20].

Where2comm [5] shares with us a similar insight to use
spatial information to guide collaboration, but its confidence
map is based on LiDAR encodings and it still requires obtain-
ing the feature representations of the sensor measurements
from collaborator robots. Meanwhile, most methods focus on
the input of 3D LiDAR point clouds instead of 2D camera
images. CoCa3D [12] tackles camera-based detection with

the help of depth estimation. However, they did not address
the scalability and efficiency issues. In a word, it is still
underexplored how to actively request and exploit the sensor
information of neighboring robots for scalable collaborative
3D perception from 2D camera images, without relying on
the sensor measurements themselves.

B. Transformer-based camera-only 3d perception

3D perception tasks have been central to autonomous
driving research [21, 22, 23, 24, 25, 26]. Recently, Trans-
formers [27] are successfully adopted into camera-only 3D
perception tasks, including but not limited to 3D object
detection [6], semantic scene completion [28], etc. Many
of these Transformer-based models achieve superior perfor-
mance by modeling an intermediate BEV representation be-
fore producing the task-specific outputs. [29, 30, 31] estimate
the depth distribution then project the 2D image features
to 3D space to get the BEV voxel features. Some treat the
grid-shaped BEV features as queries or proposals and apply
attention mechanisms over them and input features [32, 33].
Their BEV features are directly associated with the task
outputs such as the object bounding boxes or voxel labels.

However, when involved with BEV features, the multi-
head attention mechanism in the original Transformer can
induce expensive computational costs since the number of
queries is likely to be large. To overcome such computational
bottleneck, deformable attention [34] is proposed which
changes the original attention head from attending every
token to only some of the tokens by learnable offsets:

DfmAttn(q, p, F ) =

Nhead∑
m=1

Wm

Nkey∑
n=1

Amn ·W ′
mF (p+∆pmn)

(1)
where q, p, F represent the query, reference point, and visual
features, respectively. Nhead denotes the number of attention
heads and Nkey is the number of sampled keys per attention
head. Wm ∈ RC×(C/Hhead ) and W ′

m ∈ R(C/Hhead )×C are the
learnable weights, where C is the feature dimension. Amn ∈
[0, 1] is the normalized attention weight

∑Nkey
n=1 Amn = 1 .

∆pmn ∈ R2 are the predicted offsets to the reference point
p. F (p+∆pmn) represents the feature at location p+∆pmn

in an image, extracted by bilinear interpolation as in [35].
It is adopted from [36] and extended to BEV representation
learning in the BEVFormer [7], which is the state-of-the-art
method in camera-only 3D object detection.

In BEVFormer [7], 3D query points are projected from
3D BEV space to 2D image space. Denote the BEV queries
set as grid-shape Q ∈ RH×W×C then q ∈ R1×C represents
the query at a spatial location (x, y) ∈ RH×W , denoted as
q = Q(x, y). Then the spatial cross attention between the
query q and image features:

SCA (q, F ) =
1

|Rhit |
∑

i∈Rhit

Nref∑
j=1

DfmAttn (q,P(q, i, j), Fi)

(2)
note that only the images whose field of view is hit by query
q, denoted as the set Rhit , are considered. For each BEV

14717



Initial BEV 𝐐

⊕

Selective Deformable Attention

BEV Encoding 

Pose-guided

Selective Attention

×3

Image
Backbone

Multi-Camera Features 𝑭

Pose Emb. 

Active Selection Network:

⊕

Dense

Gated

Pose {𝐓𝑐𝑘𝑖}

Ego-Agent

𝐏𝐄𝒌𝒊⊕𝐐

Dense

Interest  
score map

Sparse Queries

Gated

𝐏𝐄𝐤𝐢 𝐐

Pose 
Comm.

Queries 
Comm.

𝒌-th Partner

(a) Pose-guided Selective Attention

(b) Active Selection Network

(𝑥′, 𝑦′)

𝐪

𝑰𝒌𝒋= 𝑴𝒌𝒋

𝐏𝐄𝒌𝒋⊕𝐐

𝑴𝒌𝒋

(𝒙,𝒚)

𝑴𝒌𝒊

(𝒙, 𝒚)

…
…

…

…

𝑭𝒌𝒊 𝑭𝒌𝒋

Fig. 2. Method overview. After partners broadcast their pose information to the ego car, our approach leverages selective deformable attention to
obtain active sparse queries for images. Selective deformable attention consists of two crucial components: (a) Pose-guided Selective Attention, which
efficiently focuses on multi-agent image features using active queries, enabling us to emphasize regions of interest; and (b) Active Selection Network,
which concatenates pose embeddings with BEV queries and produces an interest score map. Subsequently, this interest score map is multiplied by the
BEV query using a gated network to obtain the active query. This process aims to enhance collaboration efficiency and generate active sparse queries.

query q, project function P(q, i, j) gets the j-th reference
point on the i-th view image by transforming with matrix
Ti. And Nref indicates the number of reference points along
a z-axis on each BEV query position. Hence for each query q,
a pillar of 3D reference points (x, y, zj)

Nref
j=1 are projected to

different image views through the specific projection matrix
of cameras, which can be written as:

p = Pk(q, i, j) = Ti(x, y, zj)
⊺ =

(
x′
ij , y

′
ij

)
∀q, i, j (3)

x′
ij , y

′
ij are in the image space and p is the 2D reference point

as in Eq. 1. Our ActFormer is built based on deformable
attention. We extend the above SCA with an active selection
mechanism that further selects queries based on the current
vehicles’ poses and enables scalable and efficient multi-agent
collaboration.

III. METHOD

Since the task focuses on autonomous driving, we refer to
the collaborating robots as vehicles for clarity. Specifically,
during the collaboration, any vehicle, referred to as the ego
vehicle when considering its perception, can actively select
information from other vehicles, referred to as the partners,
to attend to, based on its current Bird’s Eye View (BEV)
representation and the relative poses of the others. Then the
ego vehicle collaborates on active BEV queries with the
corresponding partners’ features and updates its own BEV
representation accordingly. Finally, it decodes the detection
output based on the updated BEV representation.

A. Motivation

Imagine a scenario where an ego vehicle encounters a
complex urban intersection with multiple partner vehicles
in the same scene. Each vehicle is equipped with multiple
cameras placed at various poses. Collaborative perception

enables these vehicles to share their observations and achieve
a higher level of perception than they could individually. Our
motivation stems from the idea that how vehicles collabo-
ratively perceive should be closely related to their relative
poses. Different camera poses result in varying viewpoints,
each capturing unique information. However, conventional
collaborative methods often treat all viewpoints equally,
overlooking the fact that these camera perspectives offer
different insights into the environment—some unique, some
overlapping, and some redundant. Consequently, the ego
vehicle may not fully capitalize on the diverse perspectives
available, leading to indiscriminate collaboration that gen-
erates excessive communication and computation. Actually,
communication may not be necessary when some partners
share very similar observations.

Therefore, we believe that leveraging the poses can effec-
tively guide collaboration. When a vehicle is provided with
its partners’ poses and their cameras’ poses, it can estimate
and assign varying degrees of significance to different camera
viewpoints based on their spatial relationship and relevance
to the ego’s perception. In doing so, the ego vehicle can make
informed and proactive selections about which sensory inputs
to prioritize, thereby enhancing its perception capacity while
reducing communication redundancy. This active selection
mechanism recognizes the importance of the ego’s self-
awareness and adaptability and empowers ego vehicles to
make contextually relevant decisions. This not only improves
perception but also fosters a more dynamic, scalable, and
efficient collaborative environment for autonomous robots.
We will elaborate on the details in the following sections.

B. Definition

Consider N agents in total each with M cameras in the
scene. Let B be the ego agent’s BEV feature encoding.
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Let {Xi}Mi=1 and Y be the observation sets of all cameras
and the perception supervision of ego agent, respectively.
The objective of collaborative perception is to achieve the
maximized perception performance of all agents as a function
of the number of selected agents N ; that is,

ξΦ(N) = argmax
θ,P

N∑
k=1

g
(
Φθ

(
B
(
{{Xi}Mi=1}

N
k=1

))
,Y

)
(4)

where g(·, ·) is the perception task, specifically it can be
3D object detection evaluation metrics such as bounding
boxes for mAP evaluation. Φ is the perception network with
trainable parameter θ, and {{Xi}Mi=1}Nj=1 are the messages
transmitted from the jth agent (each with M features) to
the ego agent. The network learns BEV representation from
the camera observations via BEV feature encoding which is
detailed below and outputs object detection results. Note that
when N = 1, there is no collaboration and ξΦ(1) reflects the
single-agent perception performance.

C. Details

BEV feature encoding. We adopt the BEV encoder
backbone in BEVFormer [7] to obtain BEV representations
and perform the 3D object detection task. BEVFormer
has demonstrated state-of-the-art performance in single-car
3D object detection tasks. This architecture is based on
a Transformer-based design that incorporates efficient de-
formable attention layers as an alternative to traditional
multi-head attention mechanisms. This choice mitigates the
computational cost associated with modeling extensive se-
quences, such as pixels or voxels. In the deformable attention
layer, 3D BEV queries are transformed into 2D reference
points and projected onto the respective camera’s features.
Therefore, it is notable that when applied to multi-agent col-
laboration, communication overhead scales with the number
of 3D-to-2D queries, increasing in tandem with the number
of partner vehicles and cameras involved. To achieve efficient
collaboration, we augment deformable attention module with
a coordinate-based active selection network to assign each
query with an interest score I = {Iki}Ncar,Nview

k=1,i=1 where Iki ∈
[0, 1]. Here Ncar and Nview mean the total number of agents
and image views for each agent. We use Attn to denote each
query point’s attention weights result following Eq. 1:

Attn (q, Fki) = DfmAttn (q,Pk(q, i, j), Fki) (5)

And based on that we develop the pose-guided selective
attention (PSA) layer:

PSA (q, F ) =

Ncar∑
k=1

1

|Rhit |
∑

i∈Rhit

Iki
Nref∑
j=1

Attn (q, Fki) (6)

Here q ∈ R1×C directly follows Eq. 2. Note the difference
is that, Pk(q, i, j) is specifying projection matrix of the i-th
camera of k-th vehicle denoted as T′

k ·Ti with image fea-
ture Fki , indicating car-to-car then ego-to-image transform.
Iki = 0 means that query q will not attend to this camera
image. We introduce how I is obtained in the below.

Active selection. As mentioned above, the active selection
mechanism outputs the interest score Iki ∈ [0, 1] via a
simple network. As illustrated in Fig. 2, it takes as input the
BEV query q, along with the aforementioned transformation
matrices Tcki

= T′
k ·Ti. The network that outputs interest

score map I is formulated as:

I = σ (MLP(concat(q,PE(Tcki
))) (7)

Here PE(·) embeds transform matrix to a pose embedding,
and σ represents sigmoid non-linearity which serves as a
gated selection module. The goal is to generate a collection
of interest scores for each query q with regards to every
feature Fki of the i-th camera from k-th car then use it
to guide collaboration. From another perspective, this also
forms a BEV map Mki ∈ RH×W for each feature indicating
what queries are interested in it, as visualized in Fig. 3 (A) in
the experiment section. And naturally for query q at (x, y):
Iki = Mki(x, y). This map serves to highlight the relevance
and significance of each feature for the ego’s perception. The
sigmoid gating ensures the resulting interest scores will be
lining towards 0 or 1. During inference, for those queries
with low interest scores, we set a threshold ϵ ≪ 1 and only
select those that have the value above it. More formally, the
query should collaborate with the i-th image of k-th vehicle
only if Iki > ϵ.

Task specific decoder head. Under collaborative condi-
tions, we generate collaborative BEV encoding with PSA.
Subsequently, the BEV encoding is fed into a Deformable
DETR head [36] for 3D bounding boxes prediction. Further
experience shows that the collaborative BEV encoding sig-
nificantly improves 3D detection performance on the basis
of collaboration, and effectively leverages information from
different perspectives.

IV. EXPERIMENTS

A. Experiment setup

Dataset. We conducted experiments using the V2X-Sim
Dataset [8], an extensive dataset that simulates complex ur-
ban driving scenarios using the CARLA simulator [37]. Our
training dataset comprises 80 scenes, while the validation
and testing dataset consist of 10 scenes each. The dataset
is sampled at a rate of 5 Hz. Furthermore, we adapted the
V2X-Sim Dataset to match the data format of the nuScenes
standard [38] in the MMDet3D framework [39]. We pre-
processed the voxel grids within a range of [−51.2m, 51.2m]
in the x and y-axes and lifted Nref = 4 points on the z-axis.
We also aimed to test our method on real-world datasets.
However, current options have some limitations. The DAIR-
V2X dataset [40] focuses on vehicle-to-infra collaboration,
which is not applicable to our case. Additionally, the vehicle-
to-vehicle dataset V2V4Real [41] has not yet released the
camera data. We look forward to testing our method on real-
world data once it becomes available in the future.

Baseline. We conducted a direct comparison between
ActFormer and the BEVFormer version 1 model, which
was extended to collaboration using all queries. We refer
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TABLE I
COLLABORATIVE 3D OBJECT DETECTION RESULTS WITH DIFFERENT

NUMBERS OF VEHICLES USING NUSCENES CENTER DISTANCE METRIC.

Paradigm Method AP with different Ncar
1 2 3 4 5

Single-agent BEVFormer [7] 52.1 N/A N/A N/A N/A

Multi-agent Co-BEVFormer 52.1 53.8 55.0 56.1 60.8
ActFormer 51.7 54.8 55.8 58.9 61.2

TABLE II
COLLABORATIVE 3D OBJECT DETECTION RESULTS FOR DIFFERENT

NUMBERS OF VEHICLES EVALUATED WITH BOUNDING BOX AP@IOU.

Method mAP AP@IoU=0.5 / AP@IoU=0.7 with Ncar
1 2 3 4 5

Co-BEVFormer @0.5 32.54 34.15 38.74 43.34 45.88
@0.7 19.76 22.16 24.03 26.05 29.89

ActFormer @0.5 31.40 37.42 40.41 44.70 53.33
@0.7 19.71 25.48 31.23 36.31 45.15

to this baseline as Co-BEVFormer. This comparison allows
us to assess the impact of the proposed active selection
mechanism. The results of this comparison under different
numbers of cars are presented in Table II. We also compare
the performance with some existing collaborative perception
models. They rely on different collaboration strategies and
are all based on LiDAR inputs. All methods are listed in
Table III for a comprehensive comparison. It is important to
note that our study represents a novel approach for efficient
camera-only collaborative perception, which distinguishes it
from previous efficiency methods based on other modalities.

Implementation details. Our implementation consists of
a 3-layer Pose-Guided Selection Attention (PSA) network
and a 3-layer temporal self-attention mechanism from the
backbone of BEVFormer, serving as the encoder for our
framework. For Pose Embedding (PE), we embed the 4x4
homogeneous matrix into a 256-dimensional vector, match-
ing the feature embedding dimension. Each query feature is
concatenated with the Pose Embedding of the corresponding
image. Then the result of concatenation is fed to the active
selection network that consists of two linear layers to produce
an interest score for each query. During inference, we remove
queries with interest scores less than a predefined threshold,
chosen as ϵ = 0.01. This selection operation effectively
reduces the number of queries communicated among the
vehicles, resulting in approximately a 40% reduction in
computations and operations.

Evaluation metrics. For the 3D object detection task,
we report the Average Precision (AP) under two different
bounding box Intersections Over Union (IOU) thresholds,
namely 0.5 and 0.7, following the settings of previous works.
Additionally, an alternative evaluation metric is utilized in
the nuScenes dataset, which uses center distance difference
as the mAP threshold. As BEVFormer was originally tested
under this setting, we also evaluated our method using the
same metric for a fair comparison. Results are listed in table
I. Our performances under the two types of metrics appear
to be consistent.

TABLE III
ACTFORMER COMPARED WITH OTHER COLLABORATION METHODS ON

V2X-SIM FOR THE DETECTION TASK. “L” AND “C” INDICATE LIDAR
AND CAMERA, RESPECTIVELY.

Method Modality Detection
AP@IoU=0.5 AP@IoU=0.7

When2com [3] L 44.02 39.89
Who2com [4] L 44.02 39.89

Where2comm [5] L 59.10 52.20
V2VNet [16] L 68.35 62.83
DiscoNet [1] L 69.03 63.44

Co-BEVFormer C 45.88 29.89
ActFormer C 53.33 45.15

B. Quantitative results

Comparison with BEVFormer. We employed the BEV-
Former as the single-agent detection model, without any
collaboration, and refer to it as the single-agent BEV-
Former. This model achieved an mAP of 52.1 under the
nuScenes metric, which is reasonably competitive compared
to the results reported in the original paper. For multi-
vehicle, we trained the same backbone with inputs from
all participating vehicles’ images combined, which we term
as Co-BEVFormer. The detection results for both mod-
els are presented in Tables I and II with different met-
rics. It is evident that ActFormer demonstrates performance
improvements through collaboration and outperforms Co-
BEVFormer, which simply aggregates multi-agent observa-
tions as input. The performance margin becomes even more
pronounced as the number of vehicles increases, particularly
under the challenging AP@IoU=0.7 metric.

Comparison with the state of the arts. Further, we
conducted a comprehensive comparison of our camera-based
approach with several strong LiDAR-based methods, includ-
ing When2Com, Who2Com, DiscoNet, where2comm, and
V2VNet, as presented in Table III. Despite the inherent chal-
lenges of performing 3D object detection from 2D images
compared to LiDAR-based detection, ActFormer surpasses
two LiDAR-based baselines and outperforms the camera-
based baseline. This achievement can be attributed to the
development of a spatial-information-guided interest score
map for queries, facilitating the exchange of only perti-
nent messages and thereby ensuring efficient and effective
collaboration. It is also important to note that this BEV
query-based active collaboration approach sets our work
apart from previous efforts in the field. Table IV provides
an illustrative comparison of the different message fusion
methods employed in these collaboration systems.

Efficiency. The proposed query selection method not
only leads to substantial performance improvements but also
significantly reduces the number of query points, by approx-
imately 50%, compared to the non-active utilization of all
queries. This reduction not only minimizes communication
overhead but also alleviates the computational burden, as
the number of queries directly impacts the computation
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TABLE IV
COMPARISONS OF COMMUNICATION APPROACHES IN COLLABORATIVE

PERCEPTION SYSTEMS, FOLLOWING THE DEMONSTRATION IN [5].

Method Message Message fusion
When2com [3] Full feature map Attention per-agent
V2VNet [16] Full feature map Average per-agent
DiscoNet [1] Full feature map MLP attn per-location

Where2comm [5] Sparse feature map Attention per-location
ActFormer Active BEV queries Deformable attn per-query

complexity in the subsequent attention mechanism. The
percentage of query reduction for different numbers of agents
compared to the Co-BEVFormer baseline is listed in Table V,
presented as the percentage PNcar = Nact/Nori. Here, Nori
and Nact indicate the average number of the original non-
active queries and the average number of active queries for
all agents, respectively. These results are averaged over the
testing dataset, demonstrating that our method reduces query
points for all agents, even for a single agent.

C. Qualitative results

We present visualization results of the interest score maps
in Fig. 3. Figure 3 (A) illustrates the total interest score maps
at two active attention layers for both the ego car and its three
partner vehicles. The interest score maps of all cameras on
the same vehicles are combined together for visualization.
The color map ranging from blue to yellow represents the
interest score, ranging from 0 to 1, indicating the level of
interest for the active queries. Notably, in the first layer, the
ego car chooses queries to attend to each partner vehicle in
areas that are farther away from the ego’s own observation.
Specifically, the blue regions on the interest score maps
for partners overlap with the ego’s viewpoints, which have
already been covered by the ego’s selections, as shown by
the almost entirely yellow interest score map on the left. This
behavior aligns with the logic of collaboration: by querying
observations that are more challenging to access, the ego
car gathers additional information. In the second layer,
the network learns to identify crossroads, indicating that it

TABLE V
COMPARISON ON EFFICIENCY. NORI AND NACT STAND FOR THE NUMBER

OF NON-ACTIVE QUERIES OF ORIGINAL APPROACHES AND THAT OF

ACTIVE QUERIES OF ACTFORMER, RESPECTIVELY.

Components of different Ncar
1 2 3 4 5

Nori 4.45k 15.8k 23.5k 27.3k 31.5k
Nact 2.50k 8.46k 15.3k 13.7k 23.2k
PNcar 55.98% 53.28% 65.01% 50.53% 73.60%

has acquired a general understanding of the scene beyond
the specific object detection task. It focuses its attention
on vehicles within the intersection and objects outside the
road. This observation underscores the significance of the
interaction between BEV queries and the spatial information
provided by each partner.

Figure 3 (B) provides a visual comparison of the percent-
ages of queries utilized when different numbers of vehicles
are collaborating, along with the corresponding detection
performance. It is evident that as more vehicles partici-
pate, ActFormer consistently uses significantly fewer queries
than the baseline and achieves a larger margin in detection
performance. This clearly demonstrates the efficiency and
effectiveness of ActFormer for multi-agent object detection.

V. CONCLUSION

This paper proposes ActFormer, an efficient and scalable
method for multi-robot collaborative 3D object detection
from 2D images with active 3D-to-2D queries. It utilizes
the poses of collaborating partners and actively selects a
sparse set of BEV queries to interact with the 2D image
features for BEV representation learning. Comprehensive
experiments prove that it significantly reduces information
redundancy while still enhancing the detection performance.
We believe ActFormer is a versatile method for multi-agent
perception and plan to extend it to multi-modality input and
different perception tasks in our future works.
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