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Abstract

Precise environmental perception is critical for the reli-
ability of autonomous driving systems. While collabora-
tive perception mitigates the limitations of single-agent
perception through information sharing, it encounters a
fundamental communication-performance trade-off. Existing
communication-efficient approaches typically assume MB-
level data transmission per collaboration, which may fail
due to practical network constraints. To address these is-
sues, we propose InfoCom, an information-aware frame-
work establishing the pioneering theoretical foundation for
communication-efficient collaborative perception via ex-
tended Information Bottleneck principles. Departing from
mainstream feature manipulation, InfoCom introduces a
novel information purification paradigm that theoretically op-
timizes the extraction of minimal sufficient task-critical in-
formation under Information Bottleneck constraints. Its core
innovations include: i) An Information-Aware Encoding con-
densing features into minimal messages while preserving
perception-relevant information; ii) A Sparse Mask Genera-
tion identifying spatial cues with negligible communication
cost; and iii) A Multi-Scale Decoding that progressively re-
covers perceptual information through mask-guided mecha-
nisms rather than simple feature reconstruction. Comprehen-
sive experiments across multiple datasets demonstrate that
InfoCom achieves near-lossless perception while reducing
communication overhead from megabyte to kilobyte-scale,
representing 440-fold and 90-fold reductions per agent com-
pared to Where2comm and ERMVP, respectively.

Code — https://weiquanmin.github.io/infocom

Introduction

The reliability and safety of modern autonomous driving
systems are significantly dependent on precise environmen-
tal perception (Hu et al. 2023; Zhao 2024; Liu et al. 2024;
Zeng et al. 2024, 2025; Ni et al. 2025; Yao et al. 2025; Chen
et al. 2025). Collaborative perception addresses the limi-
tations inherent to single-agent perception by complemen-
tary information exchange, thus enhancing perception per-
formance (Han et al. 2023; Gao et al. 2025; Li et al. 2025;
Huang et al. 2025). Related strategies have been widely
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Figure 1: From redundant spatial features to essential infor-
mation: InfoCom’s theoretically grounded information pu-
rification ensures minimal sufficient information for percep-
tion, enabling KB-scale, near-lossless collaborative percep-
tion beyond feature manipulation.

adopted in safety-critical tasks, including object detection
(Xia et al. 2025; Zhou et al. 2026), path planning (Qiu et al.
2022), and occupancy prediction (Song et al. 2024).

The core trade-off of pragmatic collaboration is balancing
perception performance against communication bandwidth
consumption (Hu et al. 2024a). Existing communication-
efficient approaches primarily fall into two categories: (1)
feature selection approaches, which selectively transmit crit-
ical features, but suffer from high bandwidth consump-
tion due to their high dimensionality (Hu et al. 2022;
Zhao, Zhang, and Zou 2023); and (2) feature compression
approaches mapping feature into low-dimensional spaces
while preserve spatial structures (Zhang et al. 2024; Hu et al.
2024b). Despite progress, these solutions share significant
limitations: they assume MB-level data transmission per col-
laboration and potentially underestimate practical network
constraints. While 5G achieves 3.5 MB/s averages in vehic-
ular scenarios, rates may fluctuate below 0.4 MB/s (Thorn-
ton and Dey 2024), risking incomplete perception cycles
within an acceptable time (Qiu et al. 2022). More fundamen-
tally, most methods lack a theoretical analysis characterizing
the communication-performance trade-off, thereby restrict-



ing their real-world applicability and optimization potential.

Here, we rethink what is a “good” communication-
efficient mechanism for addressing the above problems. In
particular, Information Bottleneck (IB) provides a mathe-
matical framework for learning a minimal sufficient rep-
resentation Z from observed data X with target Y,
which balances maximization of task-relevant informa-
tion 7(Z;Y) and minimization of redundant information
I(Z; X) (Tishby and Zaslavsky 2015). While IB aligns in-
tuitively with our objective, its direct application conflicts
with extreme compression requirements. This incompatibil-
ity stems from the data processing inequality I(Z;Y) <
I(X;Y) (Beaudry and Renner 2012), which creates an
inherent tension between radical compression and high-
precision perception (Tian et al. 2021). Consequently, this
limitation reveals that existing feature-based approaches re-
main constrained by the high-dimensional redundancy of
spatial bird’s-eye view (BEV) features, compromising task-
critical information under practical network constraints.

To address this, we propose a novel information purifi-
cation paradigm that directly focuses on purifying mini-
mal sufficient information using information-theoretic cri-
teria distinct from feature-space operations. We instan-
tiate this paradigm as InfoCom, an information-aware
communication-efficient collaborative perception frame-
work comprising three key modules: i) an Information-
Aware Encoding module that leverages an extended IB prin-
ciple to condense and preserve perception-relevant informa-
tion from intermediate features, generating minimal suffi-
cient messages; ii) a Sparse Mask Generation module that
identifies spatial cues critical for collaborative decision-
making through efficient filtering and quantization at neg-
ligible communication cost; and iii) a Multi-Scale Decoding
module that employs mask-guided progressive reconstruc-
tion to recover perceptual information rather than simple re-
constructing features.

InfoCom delivers three principal advantages: i) Extreme
communication efficiency: It maintains near-lossless percep-
tion performance while requiring only kilobyte-scale (KB)
message transmission instead of the current megabyte-level
(MB). ii) Plug-and-play modularity: Its standardized design
enables seamless integration with existing collaborative per-
ception models by replacing communication layers. iii) The-
oretical and empirical co-analysis: Beyond achieving SOTA
empirical performance, it establishes a pioneering theo-
retical analysis that supports communication-performance
trade-offs, fundamentally advancing heuristic approaches.

To validate InfoCom, we conducted extensive experi-
ments on three representative datasets: OPV2V (Xu et al.
2021), V2XSet (Xu et al. 2022), and DAIR-V2X (Yu et al.
2022). Experimental results show that InfoCom surpasses
existing feature-based Where2comm (Hu et al. 2022) and
ERMVP (Zhang et al. 2024), with 440-fold and 90-fold
reduction in communication volume. Meanwhile, InfoCom
enhanced the mean AP of collaborative perception mod-
els with weaker feature extraction by 1.27% while reducing
bandwidth consumption from 34.3 MB to 2.7 KB.
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Related Work
Communication-Efficient Collaborative Perception

Collaborative perception enables agents to share comple-
mentary information, leading to a more comprehensive un-
derstanding of the traffic environment compared to a single
perception system (Zimmer et al. 2024; Hu et al. 2025; Xie
et al. 2025; Tao et al. 2025). This paper concentrates on the
mainstream intermediate collaboration, which involves the
aggregation of intermediate features (Xiang et al. 2024; Wei
et al. 2025). The core challenge of this paradigm lies in bal-
ancing the communication-performance trade-off inherent
in multi-agent information exchange (Hu et al. 2022). Exist-
ing solutions primarily fall into two categories. Feature se-
lection approaches conserve bandwidth by selectively trans-
mitting critical feature segments while discarding nonessen-
tial data (Liu et al. 2020a,b; Wang et al. 2023). A repre-
sentative example is Where2comm (Hu et al. 2022), which
employs spatial importance weighting to select key infor-
mation. Feature compression approaches employ encoding
techniques to reduce high-dimensional features into com-
pact representations while preserving spatial information
for transmission (Hu et al. 2024b). For example, ERMVP
(Zhang et al. 2024) achieves state-of-the-art communication
efficiency through spatial filtering and clustering.

However, existing methods share two common limita-
tions: i) they typically assume MB-scale bandwidth avail-
ability, whereas practical mobile networks often operate sig-
nificantly below theoretical rates and render this assumption
potentially unrealistic; and ii) they lack rigorous theoretical
foundations for optimizing collaborative message reduction.

Information Bottleneck

Our approach builds upon the Information Bottleneck (IB)
theory (Tishby, Pereira, and Bialek 2000; Tishby and Za-
slavsky 2015). The objective of IB is to summarize raw ob-
servation X into a compact representation Z while max-
imally preserving task-relevant information Y. This opti-
mization is formally expressed as:

Z =argmin —I(Z;Y) + pI(Z; X), (D
z

where I(-;-) denotes mutual information and S serves as
a Lagrange multiplier that balances information sufficiency
I(Z;Y) and minimality /(Z; X). IB principle has been suc-
cessfully applied in various domains, including representa-
tion learning and domain generalization (Yuan et al. 2024;
Wang et al. 2025; Wu and Deng 2023). More importantly,
its core concept aligns intuitively with our goal.

However, applying the standard IB to collaborative per-
ception encounters a fundamental limitation: its optimiza-
tion objective merely trades off representational minimality
against sufficiency, making it challenging to achieve extreme
compression and high-accuracy perception simultaneously
(Tian et al. 2021). To address this, we propose two key in-
novations: i) an extension of the IB principle using an ultra-
low-dimensional feature space for preserving critical infor-
mation under extreme compression, and ii) a mask-guided
multi-scale decoding mechanism that ensures near-lossless
perceptual accuracy through progressively spatial cues.
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Figure 2: System overview. InfoCom is a communication-efficient collaborative perception framework based on a novel in-
formation purification paradigm, consisting of three core modules: (1) Information-Aware Encoding condenses task-critical
information from high-dimensional intermediate features into minimal sufficient representations by extending the Information
Bottleneck principle; (2) Sparse Mask Generation identifies essential spatial cues with minimal communication overhead; (3)
Multi-Scale Decoding progressively recovers perceptual information through mask-guided reconstruction.

Methodology

Method Overview

Problem Formulation. Consider a collaborative percep-
tion system comprising /N agents. Let X; denote the raw
observation of the i-th agent and Y; its corresponding la-
bel. The objective of communication-efficient collaborative
perception is to maximize the multi-agent perception perfor-
mance under limited communication costs, that is,

N
argmax Zm(f0<Xi,{Pj—>i})v Y;),

0, {Pj—it1<i j<N,j#i i=1
N
S.t. Z
i=1

where P;_,; denotes the learnable message transmitted from
agent j to 4, fy is the collaborative perception model param-
eterized by 6, m is the perception performance metric (here
focusing on 3D object detection), function c quantifies band-
width consumption, and B denotes the system-level commu-
nication budget. In contrast to existing work that typically
requires MB, our objective is to maximize the sufficiency of
the message P. while maintaining ﬁ at the KB scale.

@

N
c(Pj=i) < B,
=1

Overall Pipeline. The overall workflow of InfoCom is il-
lustrated in Fig. 2. To maintain compatibility with existing
collaborative systems, our solution only requires replacing
the communication layer and incorporating an Information
Bottleneck regularizer into the training loss. Specifically,
each agent extracts intermediate BEV features from envi-
ronmental readings using a local encoder network and trans-
forms them into a unified coordinate system with pre-shared
pose. Subsequently, a customized Information-Aware Com-
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munication mechanism compresses messages at the trans-
mitter and decompresses them at the receiver. This mecha-
nism comprises: i) an Information-Aware Encoding that ex-
tracts minimal sufficient messages, ii) a Sparse Mask Gen-
eration that identifies spatial cues, and iii) a Multi-Scale De-
coding that reconstructs processable features. Finally, the
receiving agent aggregates multi-view features via a fusion
network to generate 3D object detection results.

Information-Aware Communication

Information-Aware  Encoding. We introduce an
Information-Aware Encoding (IAE) module based on
the extended IB principle. To resolve IB’s compression-
performance dilemma, we first extend the standard Markov
Chain fromY - X - ZtoY - X - Z — (E,M)
where information-aware feature £ € RN*P satisfies
D < Cx HxWand Z € RVXCXHXW g intermediate
feature. This extension creates a low-dimensional space
for extreme compression while decoupling spatial cues as
auxiliary information M. Accordingly, we reformulate Eq.
(1) to derive the new IB objective as follows:
E,M =argmin—I(E,M;Y)+ pI(E,M;Z). (3)
E,M
In collaborative systems, the mapping from X to Z is
handled by a fixed encoder. For the Information-Aware En-
coding process Z — FE, we follow existing work to de-
rive a tractable variational approximation (Alemi et al. 2017;
Fu et al. 2025), which are instantiated via the proposed
Information-Aware Encoder (IAEncoder). Specifically, for
the ¢-th agent, the encoding process of IAE is represented as

(ui,0;) = IAEncoder(Z;),

4
Ei:Mi—FUi@GZ‘,GZ‘NN(O,I). ()



The IB principle governs E as minimal sufficient for per-
ception tasks, which achieves information-aware process-
ing. Under a N(0,I) prior, IAEncoder generates Gaus-
sian parameters p and o rather than complete E. This en-
ables closed-form computation of the KL divergence for
I(E;; Z;) during training and straightforward implementa-
tion of the reparameterization trick for stochasticity iso-
lation. Regarding network architecture, IAEncoder com-
prises three residual-like blocks designed to accommodate
resource-constrained agents while ensuring robust feature
extraction. Further details are provided in the Appendix.

Sparse Mask Generation. As an essential component of
InfoCom, this module compensates for critical spatial pri-
ors in perception tasks with minimal communication over-
head and thereby mitigates information loss under extreme
compression. According to the data processing inequality, a
higher dimensional compression ratio D/(C x H x W) im-
plies a greater risk of task-relevant information loss. Con-
versely, extreme compression of E frees bandwidth for
transmitting auxiliary information. To this end, we intro-
duce a Sparse Mask Generation that expands the commu-
nication unit on the sender side from solely P; = {E;} to
P; = {E;, M;}. The spatial importance mask M; € R7xW
is generated by the Sparse Mask Generator (SMGenerator
in short) through multi-scale feature extraction, preserving
perceptual cues across varying granularities:

M; = Wi ([Convews(Zi)|s € 13,5, 7 + Z),  (5)

where W; is projection layer and [-, -] represents channel
concatenation.

We note that the initial mask M; suffers from high-
entropy redundancy issue, as it is neither sparse nor com-
pressed. Therefore, we propose a joint compression post-
processing comprising two steps: filtering and quantization.
In the filtering stage, our empirical observations (see Fig. 4b)
indicate that only a minimal number of spatial cues benefit
the task ; thus, we retain only the top-k critical positions:

M? = TopK(M;, k), k= |a-HW], (6)

where o denotes retention ratio and is empirically set to 0.1.
In the quantization stage, we demonstrate that spatial cues
remain effective without high-precision (see Fig. 4c):

M b 1
~i).0,2 —1), §=—,
0 ) 26 —1

where b is uniform quantization bit-width, defaulting to 4.
Finally, the non-differentiability of this post-processing
is resolved using the straight-through estimator like (Ben-

gio, Léonard, and Courville 2013), % ~ 8%:9. The sparse

mask M achieves efficient compression via extreme spar-
sity and low-precision representation. When integrated with
the Multi-Scale Decoding, it delivers spatial priors at negli-
gible communication cost while significantly mitigating in-
formation loss in E.

M = Clamp (Round( (N

Multi-Scale Decoding. At the receiver k, the efficient
reconstruction of actionable features from message units
P = {E,M!},i € {1,...,N} \ {k}, is a pivotal
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step for translating communication efficiency into percep-
tion performance. To this end, we propose Multi-Scale
Decoding (MSD), which leverages the highly compressed
information-aware feature F and the sparse mask M1 to re-
construct BEV feature progressively with a focus on percep-
tual information. The MSD comprises three core steps. !
Feature Initialization. The E is expanded into a lower-

resolution initial feature map FY, € RE"*H"*W yia fully
connected and transposed convolutional layers, where C° >
C, HY < H,and WY < W. This establishes the foundation
for subsequent spatial reconstruction.

Mask-Guided Modulation. Taking F2, as the target, the
dequantization mask M9 - § € RE*W is downsampled to
the resolution H° x WY via a convolutional layer, yield-
ing M°. The features are then modulated by the mask as
FY = FY% ® MP°. This modulation directs the subsequent
progressive reconstruction toward task-critical regions for
enhancing perceptual information recovery.

Multi-Scale Reconstruction. Building upon mask-guided
modulation, this phase employs cascaded decoding blocks
with multi-scale masks for progressive upsampling. Let F"
denote the output of the i-th block, with resolution C x H* x
W' that satisfies 2C* = C~1, H* = 2H*! and W?*
2Wi~L, After K iterations, the feature map F'X reaches the
target resolution C' x H x W of intermediate feature Z.

Multi-Scale Decoding processes all messages to action-
able BEV features Fy.y = {F/ |i e {1,...,N}\ {k}}at
the k-th agent. Finally, the resulting set Fy.x U {Z}} is fed
directly into a standard fusion network to aggregate multi-
source information, ensuring compatibility with collabora-
tive perception systems.

Overall Loss

To enable end-to-end training, we follow existing works by
decomposing the IB objective in Eq. (3) into a supervised
loss and a regularization term (Wu and Deng 2023; Chen
et al. 2023). The overall loss function is shown as follows:

L = Ly + BKL(p(E|Z)||7(E)), (8)

where Lgeeer denotes the standard detection loss consis-
tent with existing collaborative perception models (Lu et al.
2023), the KL(+) divergence term instantiates the IB regu-
larization with p(E|Z) representing the stochastic mapping
Z — E parameterized by the IAEncoder. Under Gaussian
prior assumption 7(E) = A (0, I) for variable E, this regu-
larization term admits a closed-form solution.

Theoretical Analysis

Here, we provide a theoretical analysis, where Lem. 1 es-
tablishes the noise bound for the compression process, and
Prop. 1 demonstrates that InfoCom achieves communication
efficiency, information retention, and noise suppression.

Lemma 1. (Noise Suppression Bound of Collaborative
Features) Consider an agent’s observation X, intermedi-
ate feature Z, message unit P = {E, M} consisting of the
information-aware feature E and the sparse mask M, and

"For notational simplicity, agent ID subscripts are omitted.



Dataset \ Comm. Method

| Comm. Volume | AP@30 | AP@50 | AP@70

No Collaboration 0 0.8665 0.8464 0.7288

Late Collaboration 6.250 KB 0.9622 0.9499 0.8495

OPV2V Standard Colla. (Lu et al. 2023) 34.375 MB 0.9709 0.9653 0.9229
(Xu et al. 2021) Where2comm (Hu et al. 2022) 3.439 MB 0.9548 0.9463 0.8820
ERMVP (Zhang et al. 2024) 0.741 MB 0.9618 0.9557 0.9127

InfoCom (Ours) 7.875 KB 0.9702 0.9650 0.9202

No Collaboration 0 0.8032 0.7719 0.6222

Late Collaboration 6.250 KB 0.9321 0.9076 0.7120

V2XSet Standard Colla. (Lu et al. 2023) 34.375 MB 0.9317 0.9212 0.8426
(Xu et al. 2022) Where2comm (Hu et al. 2022) 3.439 MB 0.8834 0.8604 0.7417
ERMVP (Zhang et al. 2024) / OOM OOM OOM

InfoCom (Ours) 7.875 KB 0.9360 0.9273 0.8488

No Collaboration 0 0.7278 0.6844 0.5665

Late Collaboration 6.250 KB 0.7993 0.6709 0.4708

DAIR-V2X Standard Colla. (Lu et al. 2023) 24.609 MB 0.8294 0.7843 0.6353
(Yu et al. 2022) Where2comm (Hu et al. 2022) 2.462 MB 0.8048 0.7539 0.6070
ERMVP (Zhang et al. 2024) 0.531 MB 0.8217 0.7791 0.6324

InfoCom (Ours) 5.922 KB 0.8228 0.7789 0.6385

Table 1: Performance comparison on three representative collaborative perception datasets. All communication-efficient meth-
ods are built upon CoAlign, with the best and second-best results highlighted in bold and underlined, respectively.

the perceptual target Y with task-irrelevant noise Yy satis-
fying Y L Yn. Under the Markov chain (Y,Yy) = X —
Z — (E, M), the following inequality holds:

I(E,M;YN) < I(E,M;Z) — I(E,M;Y). (9
Furthermore, due to the entropy constraint of M,

I(E,M;Z) < I(E;Z)+H(M) < I(E;Z)+log (H:V) + kb, (10)
where k = |« - HW | is the number of retained spatial po-
sitions and b is the quantization bit width.

Proof. Since (E,M) is a function of Z, the data
processing inequality applied to the Markov chain
Y,)Yv) —- Z — (E,M) gives I(E,M;Z) >
I(E,M;Y,Yy). Decomposing the mutual information
yields I(E, M;Y,Yy) = I(E, M;Yy) + I(E, M;Y|Yy).
Since Y L Yy, we have H(Y|Yy) = H(Y), and thus
I(E,M;Y|Yyn) > I(E, M;Y). Substituting and rearrang-
ing gives I(E, M;Yy) < I(E,M;Z) — I(E,M:Y). Fi-
nally, decomposing I(F,M;Z) = I(E;Z) + I(M; Z|E)
and applying I(M; Z|E) < H(M) <log (HIXV) + kb estab-
lishes the stated bound. O

Proposition 1. (Theoretical Foundations of Information-
Aware Communication in Collaborative Perception) The
InfoCom achieves communication-efficient collaborative
perception through three interconnected mechanisms with
theoretical foundations: (1) bandwidth reduction via filter-
ing and quantization, (2) preservation of task-relevant in-
formation, and (3) suppression of task-irrelevant noise.

Proof. (1) Bandwidth reduction: The P = {E,M}
achieves substantial bandwidth reduction through explicit
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design choices: £ € RP with D <« C x H x W en-
ables dimension reduction, while the sparse mask M selects
only k < H x W positions with b-bit quantization. Lem. 1
provides the information-theoretic foundation through the
bound (10), which constrains the fundamental entropy of P.

(2) Perceptual preservation: The detection 108s Lgetect
implicitly maximizes I(FE, M;Y’), ensuring preservation of
task-relevant information for perceptual accuracy.

(3) Noise suppression: From Lem. 1, I(E,M;Yyn) <
I(E,M; Z)—-I(E, M;Y); thus, minimizing I (E, M ; Z) via
IB regularization and maximizing I(F, M;Y") via detec-
tion loss jointly suppress noise. Furthermore, quantization
processes provide additional regularization through the data
processing inequality, enhancing robustness. O

Experiments
Experimental Settings

Datasets and Evaluation Metrics. We follow existing
work (Wei et al. 2025) and conduct experiments on three
representative collaborative perception datasets: the simu-
lated OPV2V (Xu et al. 2021) and V2XSet (Xu et al. 2022),
and the real-world DAIR-V2X (Yu et al. 2022). For DAIR-
V2X, we follow standard practices to extend annotation cov-
erage (Lu et al. 2023). 3D object detection performance is
evaluated using Average Precision (AP) at Intersection over
Union (IoU) thresholds of 0.3, 0.5, and 0.7. Communication
volume is measured in human-readable units to estimate ac-
tual transmission requirements per agent.

Baselines. InfoCom’s communication efficiency is
validated against SOTA feature-based alternatives,
Where2comm (Hu et al. 2022) and ERMVP (Zhang



AttFuse (Xu et al. 2021)

MKD-Cooper (Li et al. 2024)

Comm. Method | Comm. Volume | AP@30 AP@50 AP@70 | AP@30 AP@50 AP@70
Standard Colla. 34.375 MB 0.9546 0.9327 0.8039 0.9575 0.9360 0.8153
Where2comm 3.438 MB 0.9173 0.9004 0.8023 0.9134 0.8974 0.7957
ERMVP 0.701 MB 0.9212 0.9041 0.7917 0.9112 0.8946 0.7848
InfoCom (Ours) 2.718 KB 0.9575 0.9360 0.8153 0.9640 0.9490 0.8340

Table 2: Evaluation of communication-efficient methods using alternative collaborative perception models on OPV2V dataset.
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Figure 3: Qualitative comparison on OPV2V dataset.

et al. 2024). For fairness, all non-communication compo-
nents and customizable settings of the base collaborative
perception model remain fixed. The default base employs
the multi-scale CoAlign framework (Lu et al. 2023), while
single-scale models, AttFuse (Xu et al. 2021) and MKD-
Cooper (Li et al. 2024), validate cross-model applicability.
We concurrently report performance for standard intermedi-
ate, late, and no collaboration as baseline references. More
experiment details are provided in the Appendix.

Main Results

Comparison of Communication-Efficient Methods. As
summarized in Tab. 1, experimental results reveal three
superiorities inherent to InfoCom. i) Exceptional commu-
nication efficiency: InfoCom requires only kilobyte-level
communication volume, comparable to Late Collaboration
but significantly lower than other feature-based solutions.
Specifically, its bandwidth consumption is over 400 times
lower than Where2comm, only 1% of that of ERMVP, and
over 4000 times lower than Standard Collaboration. ii) Su-
perior perception performance: InfoCom maintains percep-
tion performance on par with the bandwidth-intensive Stan-
dard Collaboration despite minimal communication over-
head, while significantly outperforms Where2comm. More-
over, ERMVP exhibits the smallest performance gap rela-
tive to InfoCom. iii) Optimal communication-performance
trade-off: InfoCom demonstrates state-of-the-art efficiency
in performance gain per unit bandwidth. For example, on
the OPV2V dataset, InfoCom achieves 1.8 x 102 aver-
age performance gain per kilobyte, substantially exceeding
Where2comm (3.2 x 107°) and ERMVP (1.7 x 10~%).
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D | Component | Variant | Mean AP
1| / \ InfoCom (Full) | 09518
2 | IAE | Simple Encoder | 0.9320
3 Simple Generator 0.9379
4 w/o STE 0.8845
5 w/o Mask 0.8839
6 w/o Multi-Scale Rec. 0.9439

Table 3: Effects of the different components on InfoCom.

Validation of Different Collaborative Models. To eval-
uate compatibility, we integrated communication-efficient
methods into the base AttFuse and MKD-Cooper models,
with results presented in Tab. 2. The findings reaffirm core
conclusions in Tab. 1 while also revealing a notable perfor-
mance enhancement. For example, the InfoCom-integrated
MKD-Cooper variant surpassed the original model by
1.27% in mean AP. Although AttFuse and MKD-Cooper
generate suboptimal single-scale intermediate features com-
pared to CoAlign’s multi-scale representations, InfoCom’s
information purification mechanism enhances feature qual-
ity by simultaneously suppressing noise interference and ex-
tracting task-critical information. This approach effectively
compensates for the feature constraints inherent in weaker
collaborative perception backbones.

Qualitative Analysis. The visualization results in Fig. 3
further demonstrate that InfoCom achieves better 3D object
detection. Specifically, it outperforms existing methods in
prediction accuracy, localization precision, and false posi-
tive suppression. These intuitive results are highly consistent
with the quantitative analysis presented earlier.

Deeper Analysis

Runtime Analysis. Using identical hardware configura-
tions with a 3090 GPU, we evaluated additional execution
time across varying agent densities on the OPV2V. The re-
sultant time is reported in Fig. 4a, derived from 20 experi-
mental trials. The results show that Where2comm achieves
the shortest computation time, approximately half of Info-
Com, whereas ERMVP incurs the most substantial com-
putational overhead. Note that total system latency con-
sists of both data transmission time and computation time.
Where2comm’s MB-level data transmission demands sub-
stantially offset its computational advantages. Conversely,
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Figure 4: Runtime and trade-off analysis for InfoCom.
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Figure 5: Deeper visualization analysis for InfoCom.

InfoCom’s KB-level communication overhead demonstrates
significant potential for overall latency optimization.

Validation of Spatial Cue Sparsity. By progressively ad-
justing the retention ratio of sparse mask M in Fig. 4b, we
empirically demonstrate that transmitting more than 10%
of spatial cues yields only marginal performance gains (<
0.2% AP on average). This results from the inherent spar-
sity of point cloud data. Accordingly, controlling the spar-
sity of bandwidth-dominant M is essential for optimizing
InfoCom’s communication efficiency.

Feasibility of Low-Precision Representation. Fig. 4c re-
veals redundancy in high-precision floating-point represen-
tations of spatial cues. Experiments demonstrate that quan-
tizing M to 4-bit precision reduces communication overhead
by a factor of 8 while slightly affecting perception perfor-
mance (AP fluctuation < 0.18%). Critically, InfoCom’s uni-
form quantization strategy incurs negligible computational
costs and additional burden.

Feature-Level Comparative Visualization. Fig. 5 visu-
alizes feature disparities in a two-agent scenario, depict-
ing: (a) the perspective of the right agent from Fig. 5b,
(b) collaborative perception results, and (c-e) feature com-
parisons between standard collaboration and InfoCom, with
yellow regions indicating higher activation values. Info-
Com’s task-driven information purification mechanism fun-
damentally redefines information transmission by conveying
KB-scale critical perception data rather than spatially struc-
tured key features. This approach eliminates explicit feature-
level alignment constraints, resulting in significant feature
map disparities evident in Figs. Sc and Se, yet maintains un-
compromised perception performance. As shown in Fig. 5d,
both prediction heads exhibit consistent response intensities
in target regions while equally suppressing background.
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Tab. 3 summarizes the ablation study on InfoCom’s three
key components: IAE, SMG, and MSD. The first row, rep-
resenting the complete framework, serves as the baseline.
Rows 2, 3, and 5 evaluate simplified implementations of in-
dividual components. These results demonstrate a positive
contribution for each key element. Specifically, rows 2 and 3
indicate that the simplified variants of IAE and SMG under-
perform relative to the complete modules. Row 4 reveals that
the non-differentiability introduced by quantization and fil-
tering operations during joint compression post-processing
necessitates an appropriate gradient estimation technique.
Row 5 indicates that spatial cues effectively mitigate in-
formation loss under aggressive compression. Finally, row
6 shows that replacing Multi-Scale Decoding with single-
masked reconstruction in the final stage leads to marginal
performance degradation.

Conclusion

We propose InfoCom, a novel communication-efficient
framework for collaborative perception. Compared to ex-
isting methods, it delivers three distinct advantages: re-
ducing communication volume from megabytes to kilo-
bytes by condensing perception-critical information rather
than manipulating redundant spatial features; providing the-
oretical analysis based on information principles to ad-
dress the empirical limitations of heuristic designs; and en-
abling plug-and-play functionality via a standardized mod-
ular architecture. These advantages originate from three
complementary innovations: Information-Aware Encoding,
Sparse Mask Generation, and Multi-Scale Decoding. Com-
prehensive evaluations on OPV2V, V2XSet, and DAIR-V2X
datasets consistently demonstrate superior communication
efficiency and perception performance.
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