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Abstract—Air-ground cooperative perception (AGCP) inte-
grates connected and autonomous vehicles (CAVs), roadside units
(RSUs), and uncrewed aerial vehicles (UAVs) to provide wide-area
coverage and high-resolution perception by leveraging their com-
plementary perception and communication capabilities. However,
the dynamic and heterogeneous characteristics of the air-ground
network introduce strong cross-layer coupling across perception,
communication, and computation, thereby complicating the coor-
dination of cooperation update intervals and cooperation partner
selection. To address these challenges, we develop a unified
AGCP framework that jointly models LiDAR-based multi-agent
perception, together with its associated communication band-
width allocation and computation latency models, under dynamic
mobility and time-varying resource conditions. Building on this
framework, a multi-objective optimization problem is formulated
to characterize the interplay between update interval selection
and cooperation partner choice, aiming to balance perception
accuracy and end-to-end latency. A Tchebycheff distance-based
formulation is utilized to normalize and integrate multiple
objectives into a unified optimization metric. To efficiently solve
this highly coupled problem, an attention-enhanced hierarchical
reinforcement learning algorithm is proposed, which leverages a
two-level Markov decision process combined with an attention-
enhanced actor-critic architecture. Simulation results validate
that the proposed algorithm achieves a desirable trade-off
between perception performance and end-to-end latency.

Index Terms—Air-ground cooperative perception, connected
and autonomous vehicles, uncrewed aerial vehicles, multi-
objective optimization, hierarchical reinforcement learning.

I. INTRODUCTION

INTELLIGENT transportation systems are rapidly advanc-
ing toward highly connected and autonomous architectures,

wherein overall safety and operational efficiency rely criti-
cally on accurate and comprehensive environmental perception
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[1]. However, single-vehicle perception is fundamentally lim-
ited by sensor occlusion, restricted perception range, and
constrained on-board computational resources, particularly in
complex and densely populated urban environments [2]. Con-
sequently, cooperative perception (CP) has gained substantial
traction as a paradigm in which multiple agents exchange
sensory information to achieve collective situational awareness
and enhance perception robustness [3]. For instance, even
when a vehicle’s sensors are temporarily occluded by a large
truck, a pedestrian may still be detected through camera or
LiDAR data shared by a neighboring vehicle. Throughout this
paper, perception refers to the high-level understanding of
the environment, such as object detection, classification, and
localization [4], [5], [6], rather than sensing in the integrated
sensing and communication context, which mainly concerns
signal-level target parameter estimation [7], [8]. Accordingly,
this work addresses LiDAR-based cooperative object detection
evaluated by detection accuracy.

With the rapid progress of multimodal perception, edge
computing, and 5G/6G communications technologies, CP has
evolved from traditional vehicle-centric implementations to
more sophisticated air-ground integrated systems. A promi-
nent emerging direction is the incorporation of heterogeneous
agents, including connected and autonomous vehicles (CAVs),
roadside units (RSUs), and uncrewed aerial vehicles (UAVs),
into a unified air-ground cooperative perception (AGCP)
framework [9], [10], [11]. These agents contribute comple-
mentary capabilities: (i) vehicle-to-vehicle (V2V) cooperation
enables low-latency information exchange among nearby
vehicles, thereby mitigating short-range occlusion effects
[12]; (ii) vehicle-to-infrastructure (V2I) cooperation lever-
ages RSUs’ stable power supply and enhanced computational
capacity to broaden perception coverage and alleviate onboard
processing burdens [13]; and (iii) UAV-assisted perception
provides elevated viewpoints capable of monitoring line-of-
sight-constrained regions and large intersections [14]. By
integrating these modalities, an air-ground perception network
can simultaneously achieve wide-area situational awareness
together with fine-grained local accuracy.

Despite its significant potential, the practical realization
of AGCP remains challenging due to the highly dynamic,
heterogeneous, and tightly coupled nature of perception,
communication, and computation processes. The mobility
of vehicles and UAVs, together with rapidly time-varying
wireless channels, induces continuous fluctuations in percep-
tion visibility and link quality [15], rendering CP inherently
time-varying and necessitating frequent strategy adaptation
[16]. A central challenge therefore lies in jointly coordinating
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the cooperation update interval and partner selection. The
cooperation update interval is defined as the time duration
between consecutive updates of the cooperation strategy,
determining the frequency at which the system re-evaluates
and reconfigures its connections, whereas partner selection
is defined as the decision of which neighboring agents are
chosen to participate in cooperative perception within each
update interval. These two factors are strongly interdependent;
namely, frequent updates improve responsiveness but incur
higher signaling overhead [17], whereas infrequent updates
enhance stability at the cost of adaptability [18]. More-
over, perception, communication, and computation are tightly
intertwined. For example, aggressive feature compression mit-
igates transmission delay but degrades perception fidelity and
increases reconstruction and fusion complexity, while trans-
mitting dense features improves accuracy at the expense of
bandwidth consumption and communication latency. These
cross-layer interdependencies establish a complex coupled
trade-off, wherein optimizing one process inevitably impacts
the others [19]. Consequently, any static or simplified mod-
els fail to capture the evolving balance between perception
accuracy and end-to-end latency in dynamic air-ground envi-
ronments, highlighting the need for holistic modeling and
adaptive coordination mechanisms that jointly account for cou-
pled perception, communication, and computation dynamics.

Recent studies have investigated the aforementioned com-
plex problem from multiple perspectives. In communication
scheduling and cooperation coordination, mobility-aware
frameworks have been proposed to determine cooperation part-
ners and data exchange timing under bandwidth constraints.
For instance, Zhu et al. presented an opportunistic V2V
relaying strategy to assist V2I perception uploads, improving
detection accuracy in dynamic networks [20], while Qu et al.
designed an adaptive policy that enables CAV pairs to switch
between independent and CP modes in response to network
variations [21]. Beyond coordination, several works jointly
considered communication, computation, and perception.
Hu et al. proposed CodeFilling, a codebook-based message
compression and information-filling framework that signif-
icantly reduces bandwidth consumption without degrading
perception performance [22]. Sarlak et al. jointly optimized
CP formation, V2X channel allocation, and transmit power,
thereby enhancing end-to-end transmission efficiency and
perception quality under LTE/5G NR-V2X conditions [23].
Robustness under imperfect communication has also been
investigated, including interruption-aware cooperative frame-
works that predict and compensate for delayed or missing fea-
tures, and asynchronous fusion methods such as CoBEVFlow
[24] and LRCP [25], which mitigate latency-induced misalign-
ment via temporal flow estimation. Beyond these model-based
designs, deep reinforcement learning (DRL) has been increas-
ingly adopted to handle the dynamic and high-dimensional
decision-making of air-ground cooperative networks. In par-
ticular, a body of work has studied DRL-based UAV-assisted
integrated sensing, computation, and communication, where
Liu et al. jointly scheduled tasks and allocated resources to
balance sensing, computation, and communication in air-
ground cooperative networks [7], and Qin et al. employed
soft actor-critic to jointly optimize user association, UAV

trajectory, and power allocation in multi-UAV ISAC networks
[8]. Another active direction concerns multi-modal trajectory
planning for cooperative sensing and communication, exempli-
fied by the emergency-oriented air-ground trajectory planning
of Liu et al. for networks comprising CAVs, base stations,
and UAVs [26]. Despite these advances in coordination effi-
ciency, resource trade-off optimization, and communication
robustness, existing works share a common limitation: the
cooperation strategy is implicitly assumed to be reconfigurable
at no cost, so the rate at which cooperation is updated is
either fixed a priori or left unmodeled. As a result, the
temporal dimension of cooperation is treated as a given rather
than a decision, and its coupling with partner selection is
neglected. Consequently, how to adaptively coordinate the
cooperation update interval and partner selection so as to
balance perception accuracy and end-to-end latency remains
an open problem, which motivates the holistic and adaptive
framework proposed in this work.

Motivated by these gaps, this paper proposes a unified
AGCP framework that jointly models perception, commu-
nication, and computation. In contrast to existing schemes
that regard cooperation as instantaneously reconfigurable, this
work recognizes that reconfiguring the cooperation strategy
incurs switching overhead, giving rise to a fundamental trade-
off between the temporal stability and spatial adaptivity of
cooperation. Accordingly, the cooperation update interval is
modeled as an explicit decision variable and jointly optimized
with partner selection, supported by a comprehensive system
model that characterizes perception accuracy and end-to-end
latency under heterogeneous agents and dynamic network con-
ditions. The main contributions of this paper are summarized
as follows:

• We propose an integrated AGCP framework that jointly
models CAVs, RSUs, and UAVs within a hetero-
geneous perception-communication-computation system.
This framework captures the intrinsic coupling among
perception, communication, and computation under
dynamic traffic and network conditions, providing a con-
sistent foundation for system-level optimization.

• We model the cooperation update interval as an explicit
decision variable and formulate a multi-objective opti-
mization problem that jointly optimizes it with cooper-
ation partner selection, capturing their interaction across
short- and long-term horizons under time-varying com-
munication and computation conditions. A Tchebycheff-
based scalarization is further introduced to normalize
and balance perception accuracy and end-to-end latency
within a unified optimization framework.

• To efficiently solve this coupled problem, we propose
an attention-enhanced hierarchical reinforcement learning
(AHRL) algorithm based on a two-level Markov decision
process (MDP), in which the high-level agent adaptively
determines the cooperation update interval and the low-
level agent selects cooperation partners. An attention
mechanism captures the correlations among candidates,
and proximal policy optimization (PPO) is adopted for
stable training under the non-stationary dynamics induced
by the hierarchical structure.
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Fig. 1. Illustration of the air-ground cooperative perception scenario.

The remainder of this paper is organized as follows.
Section II presents the system models for perception, commu-
nication, and computation, and provides the formal problem
formulation. Section III introduces the proposed solution,
detailing the hierarchical MDP and the AHRL algorithm.
Section IV provides comprehensive simulation results and
performance evaluations. Finally, Section V concludes the
paper.

II. SYSTEM MODEL

A. Air-Ground Cooperative Perception Framework

This study considers an AGCP system composed of het-
erogeneous intelligent agents, including CAVs, RSUs, and
UAVs, as shown in Fig. 1. The objective of the system
is to improve the perception accuracy of a designated host
vehicle, referred to as the ego-CAV, by dynamically establish-
ing cooperative relationships with nearby cooperation partners
that exhibit complementary perception and communication
capabilities. This work focuses on the cooperative decision-
making of a single ego-CAV, which independently selects its
own cooperation partners that act solely as feature senders
without altering their own perception behavior. To effectively
manage the cross-layer coupling, the ego-CAV employs a
hierarchical decision-making structure. As illustrated in Fig. 1,
the decision process is decomposed into two timescales: a
high-level decision determines the cooperation update interval
(denoted as K) to govern the frequency of strategy updates,
while a low-level decision selects the specific agents that
participate in cooperative perception and information sharing
during the corresponding interval.

Once the decisions are made, the selected coopera-
tion partners, including the neighboring CAVs, RSUs, and
UAVs, transmit compressed features to the ego-CAV. These

features correspond to compact, high-level activations
extracted from the agents’ local perception backbones,
enabling the exchange of rich semantic information while
avoiding excessive bandwidth costs. UAVs provide top-down
aerial coverage to mitigate ground-level occlusions, RSUs
offer stable infrastructure-assisted viewpoints with reliable
communication, and neighboring CAVs contribute horizontal
perspectives to enhance spatial completeness. Within this
framework, each RSU is modeled as a fixed roadside unit
deployed on existing poles or gantries, equipped with a
mechanically stable LiDAR sensor, an edge computing module
for local feature extraction, and a C-V2X/DSRC communica-
tion interface for feature transmission, which is consistent with
typical intelligent roadside infrastructure described in [27] and
[28]. Owing to their fixed, elevated installation and grid power
supply, RSUs deliver stable wide-area coverage and reliable
links. Although the deployment incurs non-negligible installa-
tion and maintenance costs, such infrastructure is increasingly
shared across multiple intelligent transportation services, so
its amortized cost per perception task remains moderate. The
UAVs are assumed to follow given flight trajectories, and their
trajectory optimization and onboard energy consumption are
not jointly optimized in this work, which instead focuses on
the cooperative perception decision-making, i.e., the coordina-
tion of the cooperation update interval and partner selection.
The shared features are transmitted over three distinct commu-
nication modalities: UAV-to-CAV links for aerial perception,
CAV-to-CAV links for vehicle-level cooperation, and RSU-to-
CAV links for infrastructure-assisted perception. As indicated
by the colored arrows in Fig. 1, UAV-to-CAV (orange), CAV-
to-CAV (blue), and RSU-to-CAV (red) links jointly facilitate
efficient feature exchange among heterogeneous cooperation
partners.

Upon receiving multi-source features, the ego-CAV inte-
grates them with its local perception backbone to construct a
unified feature representation. This fusion process effectively
captures complementary spatial and semantic cues across
cooperation partners, enabling the ego-CAV to detect objects
that would otherwise be occluded or beyond its perception
range. As illustrated in Fig. 1, the proposed cooperative
perception framework can substantially improve the perception
accuracy compared with stand-alone perception.

B. LiDAR-Based Cooperative Perception Pipeline

A LiDAR-based perception system for CAVs is considered,
wherein CP is leveraged to enhance perception accuracy [4],
[29]. As shown in Fig. 2, the perception pipeline comprises
five sequential modules: point cloud acquisition, point cloud
preprocessing, feature extraction, feature selection, and multi-
agent feature fusion. The design enables each CAV i ∈ V to
process its local LiDAR observations, selectively share con-
densed spatial information, and fuse shared features with its
own to attain a comprehensive environmental understanding.

Data acquisition provides a point cloud for each CAV
i, denoted by Pi = {pi,` ∈ R4}Ni`=1, where each point
pi,` = (x, y, z, r) contains 3D coordinates and reflectance
intensity. The raw point cloud undergoes a series of prepro-
cessing operations, yielding a refined point cloud formulated
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Fig. 2. LiDAR-based cooperative perception pipeline illustrating point cloud
preprocessing, feature extraction, confidence-guided feature selection, and
multi-agent feature fusion across CAVs, RSUs, and UAVs.

as P̄i = Ti ◦ FROI ◦ Vdown(Pi). Here, Vdown performs voxel-
based downsampling to control computational complexity,
FROI extracts points within a predefined region of interest, Ti
transforms points into the ego-CAV coordinate frame, and ◦
denotes the function composition operator. The preprocessed
point cloud is subsequently encoded into a high-dimensional
bird’s-eye view (BEV) feature map via a feature encoder E ,
given as

FBEV,i = E(P̄i;θenc) ∈ RH×W×D, (1)

where H , W , and D denote the height, width, and channel
dimensions, respectively [30].

To enable communication-efficient cooperation, a
confidence-guided feature selection mechanism is utilized.
A spatial confidence map Ci is obtained by first
computing raw scores via the detection head D and
subsequently normalizing them across channels, expressed by
Ci = maxch

(
σ(D(FBEV,i))

)
, where σ(·) denotes the sigmoid

function and maxch(·) represents the channel-wise maximum
operator [6]. Optionally, a Gaussian smoothing filter may
be applied to improve robustness. For i 6= ego, a binary
communication mask Mi is then obtained by thresholding
Ci with a predefined threshold τ , defined as

Mi(h,w) =

{
1, Ci(h,w) > τ,

0, otherwise.
(2)

This mask realizes a device-side filtering step, by which
each sender, whether a CAV, RSU, or UAV, encodes its 3D
point-cloud data into a compact BEV feature map and locally
retains only the high-value regions for transmission. Such
device-side filtering, however, is performed independently by
each agent based solely on its own confidence map, and
therefore captures only the high-value information within a
single agent. The selection of the most informative cooperation
partners consequently remains a system-level decision that
depends on the joint configuration of all candidates.

For the ego-CAV, the mask is set to one, i.e., Mego = 1.
The resulting mask prunes the BEV feature map by element-
wise multiplication, yielding a sparse map Zi = FBEV,i�Mi

for transmission. As a receiver, CAV i fuses its local fea-
tures with sparse features from neighbors in Si. All received
maps, {Zj}j∈Si , are first warped into the ego-CAV frame
using transformation matrices, and the aligned maps are then

aggregated with an attention-enhanced fusion operator Fatt [5].
The fusion step is described by

Ffused,i = Fatt (FBEV,i, {W(Zj ,Tj→i)}j∈Si) , (3)

where W(·) denotes the warping operation. Fatt is realized
as a multi-head attention operator that, for each BEV spatial
location, treats the ego feature as the query and the spatially
co-located features from cooperation partners as keys and
values, thereby fusing multi-source features in a position-
wise manner. The fused features are subsequently fed to
the detection head to produce final predictions, denoted as
{b`, c`, s`}Ndet

`=1 = D(Ffused,i;ψ). Here, b` ∈ R7 encodes
(x, y, z, l, w, h, θ), representing the center coordinates, dimen-
sions, and heading angle, respectively. c` is the class label, s`
is the confidence score, and Ndet is the number of detections.

Perception accuracy is quantified by average precision (AP)
[31]. For each detection, the intersection over union (IoU)
with a ground-truth box g` is defined as IoU(b`,g`) =
|b` ∩ g`|/|b` ∪ g`|. Detections are classified as true positives
(TP) when the IoU exceeds a threshold (e.g., 0.7). Otherwise,
they are categorized as false positives (FP). AP is computed
as the area under the precision-recall curve, described by

AP =
M∑
m=1

(
R(m)−R(m− 1)

)
P (m), (4)

where R(m) and P (m) denote the recall and precision at
operating point m, respectively.

C. Computational and Communication Cost Modeling
This section establishes a comprehensive cost model to

quantify the end-to-end latency, formulated from the perspec-
tive of the ego-CAV whose objective is to select an optimal
set of cooperation partners CAP(n) through a binary decision
vector x(n) at the decision time slot n. For conciseness,
an individual selected cooperation partner is hereafter also
referred to as a collaborator, particularly when indexed by
a subscript k in the cost expressions. The model adopts a
parallel processing paradigm, where the end-to-end latency is
determined by the critical path among concurrent computation
and communication tasks. Specifically, the framework assumes
that: (i) all cooperating senders conduct feature extraction and
mask generation in parallel with data transmission; (ii) the ego-
CAV performs its initial data preprocessing simultaneously
with the senders’ operations; and (iii) the final fusion step
begins only after both local preprocessing and data reception
from all selected cooperation partners are completed.

1) Computation Model: The computation latency Lcomp of
a task is defined as the ratio between the required number of
floating point operations (FLOPs), Φ, and the computational
capability Cc, described by Lcomp = Φ

Cc
.

The total workload Φ consists of three principal components
in the perception pipeline. The first component represents
the computational cost of sensor data preprocessing and the
backbone feature extractor (e.g., a 3D voxel-based neural
network), denoted as Φpreproc. Two variants are considered:
Φpreproc full, referring to the full high-complexity feature
extraction performed by a sender to produce rich feature
maps; and Φpreproc light, a lightweight version adopted by
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the ego-CAV when it expects to enhance perception with
cooperation partners’ features. The second component, Φmask,
corresponds to the cost of the mask generation module that
identifies critical regions for transmission, thereby improving
communication efficiency. The third component, Φfusion(k),
denotes the cost of the fusion module that integrates feature
maps from k cooperation partners, whose complexity grows
with the number of sources involved.

Based on these definitions, the computational workload
for each role is formulated as follows. Specifically, for the
No Cooperation Role, an independent ego-CAV executes
lightweight preprocessing and its detection head on local sen-
sor data, without performing any feature fusion, formulated by
Φno collab

ego = Φpreproc light
ego + Φfusion(1). Although the notation

Φfusion(1) is adopted for notational consistency, it represents
the computation of the detection head and post-processing
on a single input stream, rather than an actual feature fusion
operation. In the Send-Only Role, a collaborator k performs
full-scale feature extraction to produce rich feature maps and
then generates a communication mask for transmission. The
reason a sender performs full-scale rather than lightweight
extraction is dictated by the confidence-guided feature selec-
tion pipeline in Section II-B. To generate the communication
mask Mk, the sender must first run the complete backbone
and detection head to obtain the spatial confidence map Ck,
and only then can it threshold Ck to select the high-value
regions for transmission. The full-scale extraction is thus a
prerequisite for feature compression rather than an optional
choice. By contrast, the ego-CAV acts as a receiver and does
not generate any mask, so it only needs lightweight prepro-
cessing before fusion. Since the detection head computation
is already encompassed within Φpreproc full

k , no additional
fusion-related processing is required; hence, the workload is
defined as Φsend

k = Φpreproc full
k + Φmask. Finally, for the

Receive-Only Role, the ego-CAV first performs lightweight
preprocessing and then fuses its local features with those
received from all cooperation partners in CAP(n), expressed
as Φreceive

ego (n) = Φpreproc light
ego + Φfusion(|CAP(n)|+ 1).

2) Communication Model: Communication latency is mod-
eled for three types of links: UAV-CAV, RSU-CAV, and
CAV-CAV. The formulation is grounded in large-scale channel
statistics, including line-of-sight (LoS) and non-line-of-sight
(NLoS) occurrence probabilities as well as log-normal
shadowing effects, to quantify the expected end-to-end com-
munication performance. All expectations are taken with
respect to large-scale channel states [32].

The unified derivation begins with the expected received
power Pr across channel states s, each occurring with proba-
bility ps. Let PLs denote the path loss for state s (excluding
shadowing). The corresponding linear-domain attenuation fac-
tor, incorporating log-normal shadowing with standard devia-
tion σs, is described as ζs = 10−PLs/10 exp

(
1
2

(
ln 10
10

)2
σ2
s

)
.

Accordingly, the expected received power is formulated as

Pr = PtGtGr 10−Lmisc/10
∑
s

psζs, (5)

where Pt is the transmit power, Gt and Gr are the antenna
gains, and Lmisc denotes the miscellaneous losses in decibels.

The channel bandwidth is dynamically allocated from a
finite spectral pool shared among cooperation partners of
the same type. For a collaborator k transmitting to the
ego-CAV at time slot n, the allocated bandwidth is deter-
mined by a fair-sharing rule, expressed as Bk→ego(n) =
Btotal, type(k)/Ntx, type(k)(n). For brevity, let B , Bk→ego(n).
The signal-to-interference-plus-noise ratio (SINR) and the
corresponding expected achievable rate Rexp are given by

SINR =
Pr

N0B + I
, Rexp = B log2

(
1 + SINR

)
, (6)

where N0 denotes the noise power spectral density and I
represents the interference power. Consequently, the commu-
nication latency required to transmit a payload of size S
from collaborator k to the ego-CAV at slot n is calculated
as Lcomm

k→ego(n) = S/Rexp.
Path-loss characteristics PLs and probabilities ps depend

on the specific link type. For links exhibiting probabilistic
visibility conditions, we have pNLoS = 1 − pLoS, and the
channel state is modeled as s ∈ {LoS,NLoS}.

a) UAV-CAV links: The LoS probability between a UAV
and a CAV depends on the elevation angle θ, geometrically
defined by θ = arctan((hUAV − hCAV)/dh), where hUAV and
hCAV denote the antenna heights and dh is the horizontal
separation. The LoS probability follows the Al-Hourani model
[33], given as

pUAV-CAV
LoS (θ) =

1

1 + a exp
[
− b(θ − a)

] , (7)

where (a, b) are parameters fitted to the specific urban
morphology. The expected path losses for LoS and NLoS con-
ditions follow a log-distance model with zero-mean Gaussian
shadowing, expressed as

PLUAV-CAV
LoS (d) = PL0 + 10 nL log10

(
d

d0

)
+Xσ,L, (8)

PLUAV-CAV
NLoS (d) = PL0 + 10 nN log10

(
d

d0

)
+Xσ,N, (9)

where d is the 3D distance, nL and nN denote the path-loss
exponents for LoS and NLoS states, respectively, and PL0 is
the free-space reference loss at 1 m.

b) RSU-CAV links: Following the 3GPP urban micro-cell
(UMi) street-canyon model, the LoS probability for RSU-CAV
links is a piecewise function of the 2D distance d2D [32], given
as

pRSU-CAV
LoS (d2D) =



1, d2D ≤ 18 m,
18

d2D
+ exp

(
−d2D

36

)
×
(

1− 18

d2D

)
, d2D > 18 m.

(10)

The corresponding LoS and NLoS path losses are empiri-
cally modeled as functions of the 3D distance d3D and carrier
frequency fc [32], expressed as

PLRSU-CAV
LoS (d3D) = 32.4 + 21 log10(d3D)

+ 20 log10(fc) +Xσ,L, (11)

PLRSU-CAV
NLoS (d3D) = 22.4 + 35.3 log10(d3D)
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+ 21.3 log10(fc)

− 0.3 (hCAV − 1.5) +Xσ,N, (12)

where hCAV denotes the CAV antenna height in meters.
c) CAV-CAV links: For CAV-CAV, the link condition

is deterministically identified based on geometric visibil-
ity among vehicles rather than probabilistic channel states.
According to the 3GPP TR 37.885 vehicular channel model
[34], three visibility conditions are distinguished, namely
LoS, vehicle-non-line-of-sight (NLoSv), and NLoS. The LoS
condition applies when the direct path between the two CAVs
is unobstructed. The NLoSv condition is assigned when the
direct path is blocked, specifically by other vehicles, which act
as mobile obstacles that introduce an additional but moderate
blockage attenuation Lblk on top of the LoS path loss. In
contrast, the NLoS condition corresponds to obstruction by
static environmental structures such as buildings, which causes
a more severe attenuation governed by a distinct path-loss
exponent. The three conditions are formally expressed as

PLCAV-CAV
LoS (d) = PL0 + 10βL log10

(
d

d0

)
+Xσ,L, (13)

PLCAV-CAV
NLoSv (d) = PLCAV-CAV

LoS (d) + Lblk, (14)

PLCAV-CAV
NLoS (d) = PL0 + 10βN log10

(
d

d0

)
+Xσ,N, (15)

where βL and βN denote the path-loss exponents for LoS
and NLoS states, respectively. Lblk represents the additional
attenuation caused by vehicle blockage. Xσ,• captures the
large-scale shadowing effects.

3) Overall Latency Synthesis: The end-to-end latency of
the cooperative task is synthesized by combining the compu-
tation and communication models under a parallel processing
paradigm. A sender-side task for collaborator k at slot n
consists of local computation followed by data transmission,
where the latency is defined as Lk,task(n) = Lcomp

k,send(n) +
Lcomm
k→ego(n).
The ego-CAV can initiate the final fusion only after its own

initial preprocessing is completed and the last message from
all selected cooperation partners has arrived. Consequently,
the data-ready latency is described by the critical path among
parallel events, given as

Ldata ready(n) = max
(
Lcomp

ego,preproc(n), max
k∈CAP(n)

{Lk,task(n)}
)
.

(16)

A switching latency is incurred if the set of cooperation
partners changes with respect to the previous decision step,
capturing network re-association and application-level pipeline
reconfiguration. This is formulated as Lswitch(n) = Lconst

switch ·
I(CAP(n) 6= CAP(n− 1)), where I(·) is the indicator function.
Finally, the total end-to-end latency at step n accumulates
these components, expressed as Ltotal(n) = Lswitch(n) +
Ldata ready(n) + Lcomp

ego,postproc(n).

D. Problem Formulation

Building upon the previously described perception pipeline
and cost models, this section formally defines the overarching
optimization problem of the system.

1) Decision Variables: To characterize the hierarchical con-
trol structure, two sets of decision variables are introduced
as follows. The problem is defined over a sequence of steps
indexed by n, within the mission duration.

• Cooperation Partner Selection: For any given time step
n, the set of active cooperation partners CAP(n) is deter-
mined from the candidate pool V \ {ego}. This selection
status is represented by a binary vector x(n), where
each element xk(n) indicates whether collaborator k
is included in the cooperation set, i.e., xk(n) = 1 if
collaborator k is selected and xk(n) = 0 otherwise.

• Cooperation Update Interval: The high-level controller
governs the cooperation update interval of the partner
selection process. At each of its decision points m, it
selects an integer km from a discrete set of admissible
frequencies K, implying that the partner selection vector
x(n) is updated every km time steps.

2) Objective Function: The system is designed to balance
two competing objectives: maximizing the perception accuracy
(quantified by AP) and minimizing the end-to-end latency
Ltotal(n). To achieve a unified scalar objective, the Tchebycheff
method is used to minimize the maximum weighted deviation
from the ideal point (APmax, Lmin). The reason for using
the max operator instead of a weighted sum is that the max
formulation always penalizes the worst of the two normalized
objectives, thereby enforcing a balanced improvement of both.
In contrast, a weighted-sum objective allows a large gain
in one objective to compensate for a severe degradation in
the other, which may lead to degenerate solutions that, for
instance, minimize latency while substantially sacrificing per-
ception accuracy. The max operator avoids such an imbalance
and is therefore better suited to the accuracy-latency trade-
off targeted in this work. The normalized distances from
this ideal point are given as dAP,n = APmax−AP(sn,x(n))

APmax−APmin

and dL,n = Ltotal(n)−Lmin

Lmax−Lmin
, where sn represents the global

environmental state at step n (including agent positions and
occlusion conditions), which determines the baseline infor-
mation availability for the AP calculation given the partner
selection x(n). And Ltotal(n) is derived from the previously
defined computation and communication models.

Based on these normalized distances, the overall optimiza-
tion problem is formulated to determine the decision variable
sequences that minimize the cumulative Tchebycheff distance
over the entire horizon, described by

min
{x(n)},{km}

∑
n

max {λAP dAP,n, λLdL,n}

s.t. C1: xk(n) ∈ {0, 1}, ∀n, k ∈ V \ {ego},
C2: km ∈ K, ∀m,
C3: xk(n) ≤ An(k), ∀n, k,
C4: Φi(n) ≤ Fikm∆T, ∀n, i ∈ {ego} ∪ CAP(n),

C5: xk(n)
(
SINRmin − SINRk→ego(n)

)
≤ 0, ∀n, k,

C6: xk(n) (Confmin − Confk(n)) ≤ 0, ∀n, k,
C7:

∑
k∈Vtype

xk(n)Bmin ≤ Btotal, type, ∀n, type,

C8: Ltotal(n) ≤ Lmax, ∀n. (17)
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where λAP and λL (λAP , λL ≥ 0) are weighting factors that
balance the trade-off between perception accuracy and end-
to-end latency. Specifically, C1 and C2 define the domains
of the binary partner-selection and integer interval-selection
variables. C3 enforces partner availability, allowing collabora-
tor k to be chosen at step n only if its availability indicator
An(k) is active. C4 limits the computational workload to
ensure per-window feasibility. The workload Φi(n) represents
the total operations to be completed within one cooperation-
update window of length km∆T and must be processable by
the hardware capability Fi within this duration. C5 guarantees
a minimum communication link quality, requiring the average
SINR (SINRk→ego(n)) to exceed SINRmin, while C6 imposes
a perception confidence constraint ensuring that the confidence
score Confk(n) derived from Ck remains above Confmin. C7
addresses shared bandwidth limitations by ensuring that the
aggregate bandwidth demand does not exceed Btotal, type for
each agent type. C8 constrains the end-to-end latency below
the maximum permissible limit Lmax.

III. HIERARCHICAL MARKOV DECISION PROCESS
MODELING

The optimization problem introduces a decision-making
hierarchy characterized by distinct temporal scales. Specif-
ically, cooperation partner selection determines the optimal
set of collaborators for the current decision cycle (short-term
execution), whereas the cooperation update interval governs
the duration of this cycle to balance responsiveness against
switching overhead (long-term planning). To effectively man-
age this cross-scale coupling, the cooperative decision-making
problem is reformulated as a hierarchical Markov decision
process (HMDP) comprising two interconnected layers.

A. Markov Decision Process Reformulation

1) Low-Level MDP: The low-level agent operates under a
cooperation update interval k specified by the high-level layer
and determines the cooperation partners to be maintained for
the subsequent k time steps so as to optimize the cumulative
reward.

a) Low-level state slt: At each low-level decision time
step t, the state slt provides comprehensive information about
all C candidates and consists of the following three matrices.
1) Candidate Spatial Matrix Ft ∈ RC×Df , wherein C denotes
the number of candidates and Df is the spatial feature dimen-
sion. Each row ft,i represents candidate i and is defined as the
concatenation ft,i = [oi,pt,i, vt,i,θt,i], where oi ∈ {0, 1}3 is
a one-hot vector for the agent type (CAV, RSU, UAV), pt,i ∈
R3 denotes the 3D spatial coordinates, vt,i ∈ R is the scalar
speed, and θt,i ∈ R2 represents the orientation (yaw and roll).
Since each low-level decision spans only a short cooperation
interval of k steps, within which the relative geometry among
candidates varies slightly, this coarse motion representation is
sufficient to support reliable partner selection. 2) Candidate
Confidence Matrix Gt ∈ RC×Dg , wherein each row gt,i is
derived from the perceptual confidence map of candidate i and
reflects its perceptual quality. 3) Candidate Resource Metrics
Mt ∈ RC×Dr , wherein each row mt,i quantifies the resources
of candidate i, consisting of compute capacity, LoS, NLoS,

NLoSv probability, total bandwidth, the number of cooperation
partners, and an availability flag. Consequently, the low-level
state is given by the tuple slt = (Ft,Gt,Mt).

b) Low-level action alt: The action is represented by a
binary partner-selection vector xt ∈ {0, 1}C , where xt[i] = 1
indicates that the i-th candidate is selected as a cooperation
partner; this action persists for the next k time steps.

c) Low-level reward rlt: The cumulative low-level reward
over the interval of length k is defined as Rlt =

∑t+k−1
τ=t rτ ,

where the instantaneous reward rτ is described by a
Tchebycheff distance that balances perception accuracy and
end-to-end latency, given as rτ = −max(dAP,τ , dL,τ ) with
the normalized distances defined as dAP,τ = APmax−AP(sτ ,xτ )

APmax−APmin

and dL,τ = Ltotal(τ)−Lmin

Lmax−Lmin
. Herein sτ denotes the system state

at time τ , AP(·) is the perception accuracy measured by AP,
and Ltotal(τ) is the end-to-end latency synthesized from the
previously defined computation and communication models.

2) High-Level MDP: The high-level agent is tasked with
configuring the cooperation update interval for the low-level
agent. It operates on a longer time scale, typically spanning
P low-level decision cycles.

a) High-level state sht : The state sht provides a high-
level abstraction of the environment and decision history and
consists of three components. 1) Global Environment Sum-
mary: Aggregated statistics derived from the low-level state,
including the mean spatial matrix F̄t, the mean confidence
matrix Ḡt, and the mean resource metrics M̄t, all of which
are averaged across the C candidates. 2) Historical Decision
Information: Including the previously selected interval kprev,
the cumulative low-level reward from the last low-level inter-
val Rlprev, and the cumulative high-level reward from the
last high-level interval Rhprev. Since the environment summary
is obtained by spatially averaging the low-level state over
the C candidates, it is only a compressed observation and
does not fully capture the underlying high-level state. The
high-level decision process is thus partially observable. The
historical decision information provides a compact summary
of the unobserved low-level evolution during the previous
interval, which helps the high-level agent make informed
decisions under this partial observability. Consequently, the
high-level state is represented as the concatenation sht =
(F̄t, Ḡt, M̄t, kprev, R

l
prev, R

h
prev).

b) High-level action aht : The action aht is the selection
of a cooperation update interval k from a predefined discrete
set K = {k1, k2, . . ., kN}.

c) High-level reward rht : The high-level reward over its
decision period is defined as the sum of instantaneous rewards
accumulated across P consecutive low-level cycles and is
described by Rht =

∑t+P kprev−1
τ=t rτ . Here, kprev denotes the

interval chosen by the previous high-level action. Additionally,
rτ follows the previously defined Tchebycheff-type formula-
tion that balances perception accuracy and end-to-end latency
via the normalized distances dAP,τ and dL,τ .

B. Reinforcement Learning Solution
An AHRL algorithm is adopted to solve the formulated

HMDP. Specifically, PPO is used to jointly optimize the
policies of the high-level and low-level agents under an actor-
critic framework. This hierarchical design decouples long-term
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Fig. 3. Overall architecture of the proposed hierarchical reinforcement
learning framework for AGCP.

strategic planning from short-term tactical execution, allowing
each agent to specialize in its respective decision-making task
[35].

As illustrated in Fig. 3, the proposed AHRL algorithm
consists of two interconnected decision layers operating at
different temporal scales. The high-level agent adjusts the
cooperation update interval, whereas the low-level agent
dynamically selects cooperation partners by leveraging an
attention network to model inter-candidate dependencies. Each
layer maintains its own actor-critic pair, and both are optimized
jointly using PPO [36] with shared rollout buffers and general-
ized advantage estimation (GAE) [37]. The training objective
follows the instantaneous reward rτ defined previously via the
Tchebycheff distances dAP,τ and dL,τ , thereby aligning policy
optimization with perception accuracy and end-to-end latency.

1) Policy and Value Network Architectures: The high-
level agent learns the corresponding policy πθh(k|sht ) and
the value function Vφh(sht ). Since sht is a compact vector, a
two-layer fully connected network (FCNet) is utilized. The
transformation is given as h(1) = σr(W

(1)sht + b(1)) and
ht ≡ h(2) = σr(W

(2)h(1) + b(2)), where W (i) and b(i)

denote the weights and biases, and σr(·) represents the ReLU
activation function. The shared representation ht is then fed
into two output heads. The actor head applies a linear layer
followed by a softmax to produce a probability distribution
over the discrete set of decision frequencies,

πθh(· | sht ) = σsm (Wπht + bπ) , (18)

whereas the critic head uses a linear layer to estimate the state
value, Vφh(sht ) = WV ht + bV .

The low-level agent learns the policy πθl(x|slt) and the value
function Vφl(s

l
t). The state slt describes a set of C candidate

collaborators, each characterized by its spatial, perceptual, and
resource features. These candidates are not independent, as any
two of them exhibit latent pairwise relationships, including the

spatial relation of their viewpoints, reflected by the position
and orientation entries of Ft, and the contention for shared
communication resources, reflected by the bandwidth and
cooperation-count entries of Mt. Since such relationships
are not explicitly available, a multi-head self-attention net-
work is utilized to capture inter-candidate dependencies, in
which each candidate attends to all others and the attention
weights are learned in a data-driven manner. Unlike the fusion
operator Fatt in Section II-B, which attends across agents
at each spatial cell to aggregate perceptual feature maps,
the attention here operates at the decision level, attending
across candidate collaborators to inform the partner-selection
action. This makes attention particularly well-suited to the
task under consideration. The candidate set is time-varying
in size as agents enter and leave the ego-CAV’s range, which
the permutation-invariant attention handles without retraining.
The value of a candidate is relative rather than absolute,
depending on its viewpoint complementarity or redundancy
with others, which attention explicitly models. Node features
X ∈ RC×(Dfeat+Dgrid) are embedded and refined through L
attention blocks [38], described by

h
(0)
j = σr (LN (Winxj + bin)) , (19)

H(i) = LN
(
H(i−1) + MHA

(
H(i−1)

))
, (20)

H(i) = LN
(
H(i) + FFN

(
H(i)

))
, (21)

where LN(·) denotes layer normalization, and H(L) is the final
set of node embeddings. A global representation is obtained
by mean and max pooling, given as hmean = 1

C

∑C
j=1 h

(L)
j

and hmax = maxj h
(L)
j , forming hcritic = [hmean | hmax ],

while the actor head operates on the flattened node embeddings
hactor = vec(H(L)).

For the action parameterization, the actor outputs logits for
C independent Bernoulli variables, and the partner-selection
vector x = (x1, . . ., xC) follows

πθl(x | slt) =
C∏
j=1

p
xj
j (1− pj)1−xj , (22)

where pj = σ(fπ(hactor))j , with fπ(·) denoting the policy
head network. The critic head estimates the scalar state value
via Vφl(s

l
t) = fV (hcritic).

2) Training With Proximal Policy Optimization: PPO is
adopted to train both the high-level and low-level agents
under an actor-critic paradigm, thereby stabilizing learning
by constraining the magnitude of policy updates. For each
agent, the value function is fitted, and the policy is improved
in alternating steps.

The temporal-difference (TD) residual at time t is given as
δt = rt + γVφ(st+1) − Vφ(st), where γ ∈ (0, 1] denotes the
discount factor. The generalized advantage estimator (GAE) is
described by an exponentially weighted sum of TD residuals,
expressed as ÂGAE(γ,λ)

t =
∑∞
l=0(γλ)lδt+l, where λ ∈ [0, 1]

controls the bias-variance trade-off. In practice, truncated
rollouts are used, and the target value is set to V targ

t =

Â
GAE(γ,λ)
t + Vφ(st). The value-function loss is then defined

by the mean-squared error LVF(φ) = Et[(Vφ(st) − V targ
t )2],

and the parameters φ are updated by minimizing LVF(φ).
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TABLE I
SIMULATION ENVIRONMENT PARAMETER SETTINGS

For policy improvement, the probability ratio between the
new policy πθ and the behavior policy πθold is defined as
rt(θ) = πθ(at | st)/πθold(at | st). The PPO clipped surrogate
objective is described by

LCLIP(θ) = Et
[
min

(
rt(θ)Ât, clip

(
rt(θ), 1− ε, 1 + ε

)
Ât

)]
,

(23)

where Ât ≡ ÂGAE(γ,λ)
t and ε > 0 specifies the clipping range

[36]. The overall loss to be minimized combines the policy
surrogate, the value-function loss, and an entropy bonus to
encourage exploration, given as L(θ, φ) = Et[−LCLIP(θ) +
c1L

VF(φ)− c2H(πθ(· | st))], where c1, c2 ≥ 0 are weighting
coefficients and H(·) denotes the policy entropy. Trajectories
are collected at both temporal scales, and the parameters of
the two agents are updated jointly using shared rollouts.

IV. SIMULATION RESULTS

In this section, a comprehensive evaluation of the pro-
posed AHRL algorithm is conducted in AGCP scenarios with
dynamic networks.

A. Simulation Setup

1) Simulation Environment and Parameters: The simula-
tion scenario is implemented using the CARLA and AirSim
simulators to emulate urban expressway conditions, with
underlying data sourced from the AirV2X dataset [9]. The
setup models a heterogeneous network comprising two UAVs,
one RSU, and five CAVs, including one designated ego-
CAV. To accurately quantify computational overhead, the total
computational load (FLOPs) is obtained by precisely count-
ing constituent atomic operations (additions, multiplications,
comparisons, and indexing) across the entire architecture. For
the perception configuration, we employ PointPillar as the
backbone network for 3D object detection. The detection range
is set to [−140.8, 140.8] m along the x-axis, [−40, 40] m along
the y-axis, and [−3, 1] m along the z-axis. The voxel size
is configured as (0.4, 0.4, 4) m, ensuring a balance between
feature resolution and processing efficiency.

To reflect realistic deployment diversity, the computing
capabilities of CAVs, UAVs, and the RSU are set from
6 TFLOPS to 15 TFLOPS, from 6 TFLOPS to 12 TFLOPS, and
from 30 TFLOPS to 80 TFLOPS, respectively. Communication
operates in the 5.9 GHz V2X band, with type-specific band-
width pools assigned to different cooperation partners: 40 MHz
to 100 MHz for CAVs, 40 MHz to 80 MHz for UAVs, and

TABLE II
HYPERPARAMETER SETTINGS

80 MHz to 160 MHz for the RSU. These bandwidth resources
are adaptively allocated among active links according to the
current network load. Transmission power is differentiated by
the type, set to 18 dBm to 23 dBm for CAVs, 23 dBm to
28 dBm for UAVs, and 28 dBm to 33 dBm for the RSU, while
the noise spectral density remains fixed at 1 × 10−20 W/Hz.
The transmission data size is set between 0.976×106 bits and
72× 106 bits, depending on the selected threshold value. The
time duration of one time slot is set to 200 ms. A switching
latency of 10 ms is introduced to capture coordination over-
head during partner reconfiguration. The complete simulation
parameters are summarized in Table I.

The reinforcement learning (RL) framework adopts a
hierarchical PPO architecture, in which a high-level policy
determines the cooperation update interval, and a low-level
attention-enhanced policy selects optimal cooperation part-
ners. To ensure stable convergence under dynamic vehicular
environments, all hyperparameters are tuned through ablation
studies. The learning rate is set to 5 × 10−5 with a discount
factor of 0.99 and a GAE parameter of 0.95 to balance
temporal credit assignment and sample efficiency. The PPO
clipping threshold is 0.1, the entropy coefficient is 0.01, and
the value-function regularization uses a coefficient of 0.5 with
a clipping value of 5.0. These settings jointly stabilize policy
updates while maintaining adequate exploration. Each training
iteration uses a batch size of 4096, subdivided into 128 mini-
batches over 10 stochastic gradient descent (SGD) epochs. The
attention-enhanced graph module employs a hidden dimension
of 128, two layers, four attention heads, and a dropout rate
of 0.05 to enhance the robustness of feature aggregation.
The detailed hyperparameter configurations are summarized
in Table II.

2) Evaluation Metrics: Three metrics are utilized to evalu-
ate the proposed AHRL algorithm and the baseline methods,
capturing the trade-off between perception accuracy and sys-
tem cost at each simulation step. Tchebycheff Distance acts
as the primary optimization objective by scalarizing the trade-
off between perception accuracy and end-to-end latency. It is
defined as the maximum of the two dynamically normalized
distances, with its negative value serving as the ego-CAV’s
reward. Additionally, Average Precision measures the ego-
CAV’s perception accuracy at an IoU threshold of 0.5. Finally,
End-to-End Latency captures the total system delay, includ-
ing processing-transmitting latency and switching latency.
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Fig. 4. Training performance comparison of HPPO-AT with reinforcement
learning baselines.

B. Training and Performance Comparison

To validate the effectiveness of the proposed framework,
several hierarchical RL baselines are compared, including
hierarchical proximal policy optimization (HPPO) [36], [39],
HPPO with a gated recurrent unit (HPPO-GRU) [39], hierar-
chical deep Q-network (HDQN) [35], hierarchical importance
weighted actor-learner architecture (HIMPALA) [40], and
three off-policy hierarchical actor-critic baselines, namely
hierarchical soft actor-critic (HSAC) [41], hierarchical deep
deterministic policy gradient (HDDPG) [42], and hierarchical
twin delayed DDPG (HTD3) [43]. To distinguish it from other
baselines, the proposed AHRL algorithm is referred to as
HPPO-AT in this section. Specifically, HPPO serves as an
ablation of the attention mechanism where both high- and low-
level policies are standard two-layer multilayer perceptrons
(MLPs). HPPO-GRU is a variant using a GRU-based high-
level policy to capture temporal dependencies, while the
low-level policy remains an MLP. HDQN represents a value-
based counterpart replacing PPO with deep Q-network (DQN),
where the high-level policy is an MLP and the low-level policy
adopts a Factorized DQN to handle multi-discrete collaborator
actions. HIMPALA is a hierarchical version of IMPALA
with V-trace, using feed-forward MLPs for both policy layers.
HSAC, HDDPG, and HTD3 are off-policy actor-critic vari-
ants that adopt the same hierarchical structure as HPPO-AT;
since both the persistence-interval and collaborator-selection
actions are intrinsically discrete, their actors output relaxed
categorical distributions through the Gumbel-Softmax repa-
rameterization, and transitions are reused from a replay buffer
for value-function updates.

As shown in Fig. 4(a) and Fig. 4(b), the training conver-
gence of all methods is evaluated under two compression
thresholds. A threshold of 0.9818 (98% mask ratio) yields
highly compressed feature maps with reduced accuracy but
low data payload, whereas a threshold of 0.981 (78% mask
ratio) enables richer feature transmission at higher bandwidth
cost.

Under the high-compression setting (Fig. 4(a)), HPPO-AT
achieves the best performance, converging near −48 with
the smallest steady-state fluctuation among all methods. It
consistently surpasses HPPO and HPPO-GRU by roughly
1 reward unit and outperforms HDQN by about 2 units.
Among the remaining hierarchical baselines, the off-policy
actor-critic methods HDDPG and HSAC stabilize around
−50.5, HIMPALA converges near−52, and HTD3 remains the
lowest at about −53. The advantage of HPPO-AT stems from

Fig. 5. Training performance comparison of HPPO-AT with non-learning
baselines.

the attention-enhanced low-level policy, which focuses on
partners providing spatially complementary and semantically
informative features while down-weighting redundant observa-
tions. Meanwhile, the high-level policy adaptively adjusts the
persistence interval K to avoid unnecessary reconfigurations
and reduce the end-to-end latency Ltotal(n).

When the compression threshold is relaxed (Fig. 4(b)), all
methods exhibit lower episode rewards because the increased
data payload leads to higher transmission latency and a larger
Tchebycheff distance, despite better perception accuracy. Even
so, HPPO-AT remains the top performer, converging around
−51 with stable performance, followed by HPPO-GRU and
HPPO at about −51.8 and −52, respectively. HDQN and
HSAC converge to a comparable level near −53, HIMPALA
near −55, HTD3 near −56, and HDDPG performs worst
at about −57.8. The off-policy methods again fall behind
the PPO-family baselines, confirming that their replay-based
updates cannot keep pace with the shifting low-level dynamics
induced by the hierarchical structure. By contrast, the attention
mechanism of HPPO-AT continues to select the most infor-
mative partners under varying bandwidth conditions. At the
same time, the high-level policy shortens K during congested
intervals to maintain responsiveness. As a result, HPPO-AT
consistently achieves the smallest Tchebycheff distance.

In addition to the RL baselines, five non-learning baseline
strategies are evaluated to provide a comprehensive perfor-
mance context. No-Cooperation (No-Coop) is a baseline that
never selects cooperation partners, fixing the low-level action
to an all-zero vector to measure the ego-CAV’s performance in
isolation, whereas Full-Cooperation (Full-Coop) is a greedy
baseline that always selects all available cooperation partners,
fixing the low-level action to an all-one vector. Frequent-
Random fixes the high-level decision to the fastest update
interval (k = 1) and selects a random set of cooperation
partners; conversely, Infrequent-Random fixes the high-level
decision to the slowest update interval (k = 5) while also
selecting random partners. Finally, All-Random is a pure-
chance baseline in which both the high-level policy and the
low-level policy are sampled uniformly at random.

Fig. 5(a) and Fig. 5(b) compare HPPO-AT with the above
non-learning strategies to evaluate the necessity of adap-
tive coordination between AP and end-to-end latency. Under
the high-compression setting, HPPO-AT achieves the highest
reward and converges near −48, while all non-learning strate-
gies perform significantly worse. Full-Coop, despite complete
feature exchange, suffers from severe latency accumulation
and remains near −60. No-Coop avoids communication delay
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but forfeits cooperative gains, stabilizing around −51. Among
the low-level random baselines, Infrequent-Random performs
best at approximately −55, All-Random is intermediate near
−55.5, and Frequent-Random is the lowest at −55.5 to −56.
This ranking suggests that infrequent high-level updates are
advantageous in this environment, as they reduce unnecessary
reconfigurations and maintain temporal consistency for the
low-level policy.

When the compression threshold is relaxed to the medium
level, the rewards of all methods decline, as the larger
data payload increases communication delay and enlarges
the Tchebycheff distance despite improved perception accu-
racy. In this setting, Full-Coop achieves higher AP through
richer shared features and surpasses No-Coop, yet its accu-
mulated latency still limits its reward, stabilizing near −58.
Although the relative ordering of the low-level random strate-
gies remains unchanged, their performance gaps narrow.
Infrequent-Random still performs best, while All-Random and
Frequent-Random follow more closely, suggesting that with
reduced compression and richer exchanged features, sensitiv-
ity to the high-level update interval diminishes. HPPO-AT
remains the top performer, converging around −51 with a
margin of roughly 7 reward units over the best non-learning
baseline. Its hierarchical policy balances AP and latency by
selecting informative yet cost-efficient partners and adapting
the persistence length K to network conditions. These results
show that fixed or stochastic strategies cannot accommo-
date tightly coupled perception-communication-computation
dynamics, whereas HPPO-AT maintains robust CP under
increasing network load.

C. Comprehensive Performance Evaluation
To enable a comprehensive comparison across all meth-

ods, this section presents episode-level results over a full
100-step testing episode. The reported metrics include the
average Tchebycheff distance, average AP, and average end-
to-end latency.

Table III summarizes the episode-averaged AP, end-to-end
latency, and Tchebycheff distance under the two compres-
sion thresholds. In the high-compression setting, HPPO-AT
achieves the best overall performance, yielding the smallest
Tchebycheff distance (0.4821) and the highest AP (0.2985),
thus demonstrating the most effective balance between per-
ception accuracy and latency. HPPO-GRU and HPPO follow
with competitive accuracy and moderate latency, while HDQN
and HIMPALA deliver lower accuracy and larger distances due
to weaker policy convergence. The off-policy methods HSAC,
HDDPG, and HTD3 tend to converge to policies that over-
aggressively prune cooperation partners in order to minimize
latency, thereby sacrificing the cooperative perception gain.
This tendency is most evident for HSAC, whose converged
policy selects almost no collaborators, so that its AP (0.2909),
latency (22.10 ms), and Tchebycheff distance (0.5075) nearly
coincide with those of the non-cooperative No-Coop baseline.
HDDPG exhibits a similar degeneration with low latency but
a larger Tchebycheff distance, while HTD3 yields the lowest
AP among all RL methods. Among the non-learning strategies,
No-Coop achieves the minimum latency (22.10 ms) but suffers
from limited perception accuracy. In contrast, Full-Coop incurs

TABLE III
COMPREHENSIVE PERFORMANCE OVER A 100-STEP EPISODE UNDER

DIFFERENT COMPRESSION THRESHOLDS

the largest communication delay (69.43 ms) while producing
the lowest AP, indicating that unselective full feature exchange
is inefficient under tight bandwidth constraints. The low-
level random strategies lie between these extremes, offering
moderate AP and latency but no meaningful improvement in
the overall Tchebycheff distance.

When the compression threshold is relaxed to 0.981, all
methods exhibit larger Tchebycheff distances, as the increased
transmission load raises end-to-end latency despite higher
perception accuracy. HPPO-AT remains the best-performing
method, achieving both the highest AP (0.4067) and the small-
est distance (0.5249), demonstrating strong robustness across
compression regimes. HPPO-GRU and HPPO also perform
competitively but fall short of HPPO-AT due to their lower
AP. Although HSAC attains relatively low latency, HDDPG
and HTD3 do not, and all three suffer from reduced AP,
leading to larger Tchebycheff distances, with HDDPG reach-
ing 0.5790. This confirms that off-policy actor-critic methods,
which rely on stale replay-buffer transitions under the non-
stationary hierarchical dynamics, struggle to learn an effective
cooperation policy. In contrast, non-learning strategies degrade
more noticeably, with No-Coop showing the largest distance
(0.7409). Moreover, because the Tchebycheff weights are set
to λAP : λL = 5 : 1, the objective is dominated by per-
ception accuracy, making accuracy the primary performance
bottleneck once latency optimization saturates.
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Fig. 6. Step-wise performance trends under the high-compression threshold.

Fig. 6 presents the step-wise performance under the high-
compression setting, with each marker representing a 10-step
average. Within the RL group (Fig. 6(a), (c), and (e)),
HPPO-AT consistently attains the highest or joint-highest
mean AP across nearly all sampled steps, with HPPO fol-
lowing most closely. The three off-policy baselines, HSAC,
HDDPG, and HTD3, remain visibly lower, and the gap widens
at the perception troughs around step 10 and step 60, where
HTD3 drops to the lowest AP of about 0.235. As shown
in Fig. 6(c), HPPO-AT maintains the smallest Tchebycheff
distance throughout the episode, whereas the off-policy meth-
ods incur the largest distances at the peaks around step 0
and step 60, with HTD3 reaching roughly 0.69 at step 60.
These trends confirm the superior perception-latency trade-off
of HPPO-AT among the RL methods. The end-to-end latency
in Fig. 6(e) reveals two distinct off-policy behaviors. HSAC
and HDDPG converge to a near-constant latency of about
22 ms, almost a flat line at the lower bound, indicating that
their policies select few or no collaborators and thereby forfeit
the cooperative perception gain, consistent with their lower AP
in Fig. 6(a). In contrast, HTD3 remains at a persistently high
latency of around 55 ms with little variation, yet without any
corresponding accuracy advantage, yielding the least efficient
trade-off among the RL methods. HPPO-AT instead adapts
its latency to the network condition, ranging from about
33 ms in favorable intervals to roughly 47–63 ms when richer
cooperation is beneficial, while HPPO-GRU and HPPO follow
similar adaptive patterns. This adaptivity, rather than a fixed

TABLE IV

SUMMARY OF SENSITIVITY ANALYSIS: AVERAGE EPISODE AP AND
END-TO-END LATENCY UNDER DIFFERENT CONFIGURATIONS

aggressive or conservative cooperation level, is what enables
HPPO-AT to sustain both high AP and a low Tchebycheff
distance.

For the non-learning strategies shown in Fig. 6(b), (d), and
(f), the perception curves exhibit noticeably stronger fluctu-
ations. Across most sampled steps, HPPO-AT and No-Coop
achieve the highest AP among this group, whereas Full-Coop
consistently yields the lowest AP over a substantial portion
of the episode. All-Random and the two random-interval
schemes fall between these extremes but display pronounced
variability. In terms of latency, No-Coop maintains the small-
est and nearly constant end-to-end delay of approximately
22 ms, while Full-Coop incurs the largest latency through-
out, and All-Random generally remains above HPPO-AT
across the episode. Consequently, all non-learning strategies
result in larger Tchebycheff distances than HPPO-AT. Overall,
HPPO-AT sustains the most stable and efficient perception-
latency trade-off, maintaining strong coordination even under
severe feature compression.

All algorithms exhibit correlated fluctuations in AP, Tcheby-
cheff distance, and end-to-end latency across steps. These
variations arise from the dynamic properties of the AGCP
environment rather than from learning instability. Each
10-step interval corresponds to a different network condition
in which vehicle density, LOS visibility, and link quality
evolve over time. Occlusions or dense traffic temporarily
reduce perception coverage and thus lower AP, while open
scenes improve AP but marginally increase latency due to
heavier feature transmission. The consistency of these trends
across all methods confirms that the environment imposes
shared dynamics. Under these varying conditions, HPPO-AT
remains consistently superior, demonstrating strong robustness
to network fluctuations.

D. Sensitivity Analysis

Table IV provides a concise overview of the sensitivity
experiments. As the perception weight λAP increases relative
to λL, the ego-CAV tends to maintain cooperation and transmit
richer features, thereby achieving higher AP at the expense of
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increased end-to-end latency. When λAP : λL = 5 : 1, the
system attains the highest accuracy of 0.4067 with a moderate
end-to-end latency of 90.09 ms. In contrast, when the end-to-
end latency weight dominates, the ego-CAV learns to suppress
almost all cooperative actions in order to minimize latency.
This behavior leads to a non-cooperative regime, as evidenced
by the identical outcomes under λAP : λL = 1 : 3 and
1 : 5, both of which yield the minimal end-to-end latency
of 22.10 ms but the lowest AP of 0.2914. Once cooperation
is abandoned, further increasing λL no longer changes the
performance, which explains the observed saturation.

Regarding collaborator composition, the inclusion of aerial
cooperation partners provides a noticeable improvement in
both perception gain and end-to-end latency. The CAV-UAV
and CAV-RSU-UAV configurations achieve AP values around
0.40, corresponding to more than 30% improvement compared
with CAV-only cooperation, albeit with end-to-end latency
increasing to approximately 91 ms. The CAV-RSU configu-
ration provides a modest perception enhancement (0.3033)
with the lowest end-to-end latency, highlighting the low-
overhead yet spatially limited role of RSUs. UAVs, by contrast,
offer substantial perception benefits owing to their elevated
viewpoint and wide coverage, but incur higher communication
and fusion costs. These observations underline the comple-
mentary advantages of heterogeneous cooperation partners:
UAVs contribute depth and coverage diversity, whereas RSUs
provide a stable ground-based context with minimal end-to-
end latency.

Finally, the compression threshold τ controls the trade-off
between feature fidelity and communication efficiency. Recall
from Section II-B that τ is applied to the normalized spatial
confidence map Ci to generate the binary transmission mask.
A feature cell is transmitted only if its confidence exceeds
τ , so a larger τ retains fewer cells and yields a higher mask
ratio, i.e., more aggressive compression. The three values are
selected from the distribution of confidence scores to represent
three distinct operating points, where τ = 0.01 corresponds
to a low-compression regime in which nearly all feature
cells are transmitted, τ = 0.981 to a medium-compression
regime with about a 78% mask ratio, and τ = 0.9818 to
a high-compression regime with about a 98% mask ratio.
Since the confidence scores are densely concentrated within a
narrow high-value range, even a small change in τ within this
range translates into a markedly different mask ratio, which
is why the medium- and high-compression thresholds appear
numerically close yet lead to clearly different compression
levels. Lower thresholds enable denser feature sharing and
thus yield the highest AP (0.6710), but cause significant end-
to-end latency (235.32 ms) due to the larger data volume
and associated transmission delays. As τ increases, both AP
and end-to-end latency consistently decrease, reflecting the
inherent perception-communication trade-off. The difference
between the medium threshold (τ = 0.981) and the high-
compression setting (τ = 0.9818) illustrates the diminishing
benefit of more aggressive compression: although end-to-end
latency is further reduced, the accompanying drop in AP
becomes disproportionately large, suggesting that excessive
compression may remove critical perception details.

Fig. 7. Step-wise performance of HPPO-AT under various weighting config-
urations λAP : λL.

Fig. 8. Step-wise performance of HPPO-AT under various collaborator
configurations.

1) Impact of Objective Weights λAP and λL: Fig. 7
illustrates how different objective weights shape the step-
wise behavior of HPPO-AT over a full episode. When the
perception term dominates, that is, for λAP : λL = 5:1
and 3:1, all curves start from a similar baseline but the
corresponding AP trajectories exhibit a pronounced surge
after step 60, with peak values approaching 0.58. This gain
is accompanied by a gradual increase in end-to-end latency,
which rises from around 80 ms at the beginning to about
110 ms by the end of the episode. For the balanced setting
λAP : λL = 1:1, the AP curve also improves in the later steps
but falls short of the perception-dominant cases, while the
end-to-end latency stays in the 70-80 ms range before dropping
sharply at the final step, indicating that the ego-CAV eventually
adopts a more conservative cooperation pattern. When end-
to-end latency is prioritized, namely for λAP : λL = 1:3 and
1:5, the end-to-end latency curves remain nearly flat around
22 ms across all steps, showing that the ego-CAV consistently
suppresses most cooperative transmissions to reduce
communication and processing cost. The corresponding
AP trajectories fluctuate only moderately around their
initial level. Overall, this experiment demonstrates that
HPPO-AT offers clear and interpretable control over
the perception-latency trade-off, with behavior evolving
coherently over the episode according to the designed
objective weights.

2) Impact of Collaborator Types: Fig. 8 illustrates the step-
wise evolution of AP and end-to-end latency under different
collaborator configurations. The two UAV-assisted settings,
CAV-UAV and CAV-RSU-UAV, exhibit nearly identical tra-
jectories. Their AP curves remain close to the ground-only
configurations during the first 60 steps and then rise
sharply, reaching peak values around 0.58. This pronounced
improvement originates from the UAV’s elevated viewpoint,
which supplies complementary coverage where ground-based

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:34:46 UTC from IEEE Xplore.  Restrictions apply. 



PENG et al.: ATTENTION-ENHANCED HIERARCHICAL REINFORCEMENT LEARNING FOR AGCP 10511

Fig. 9. Step-wise performance of HPPO-AT under different compression
thresholds.

cooperation partners suffer from occlusions. Their end-to-
end latency curves follow a similar pattern and increase
steadily from approximately 80 ms to more than 110 ms over
the episode. The CAV-RSU and CAV-CAV configurations
show almost the same behavior throughout the entire episode.
Their AP curves overlap closely, including a noticeable drop
near step 60 followed by a mild rebound. Across the entire
episode, the AP of CAV-RSU remains consistently slightly
higher than that of CAV-CAV, indicating the mild but stable
perception benefit provided by roadside assistance. The end-
to-end latency curves of these two configurations are also
tightly aligned, decreasing from about 71 ms toward 22 ms as
the episode progresses. Notably, CAV-RSU maintains slightly
lower end-to-end latency than CAV-CAV, indicating that RSUs
provide stable support with negligible communication latency
but do not substantially alter the perception trend. Overall,
the results reveal a clear separation between air-ground and
ground-only cooperation. Air-ground configurations provide
the largest perception gains but incur higher communication
and fusion delay. Within the ground-based settings, CAV-RSU
consistently outperforms CAV-CAV, offering slightly higher
AP and marginally lower end-to-end latency across the entire
episode.

3) Impact of Compression Threshold: Fig. 9 illustrates
the step-wise evolution of perception accuracy and end-
to-end latency under three compression thresholds. The
low-compression setting exhibits the highest perception accu-
racy throughout the episode. Its AP curve undergoes a
pronounced increase around step 20, rising from approxi-
mately 0.55 to above 0.70, and subsequently remains within
the 0.68-0.73 range. This superior AP is accompanied by
the largest latency, which increases steadily to nearly 280 ms,
drops sharply near step 60, and then rises again toward the
end of the episode. Under medium compression, AP stays
near 0.30 during the early steps and then experiences a
marked growth after step 60, peaking around 0.58 before
slightly declining. The corresponding latency remains mod-
erate and shows a gradual upward trend from about 80 ms to
slightly above 100 ms. The high-compression setting produces
the lowest perception accuracy, with AP maintained in the
0.27-0.33 range and only mild step-wise fluctuations. How-
ever, it also achieves the smallest latency, decreasing from
roughly 60 ms toward 30 ms, except for a brief rise near
step 60. This consistent reduction results from aggressively
compressed feature maps that minimize transmission load.
Overall, these results indicate that HPPO-AT maintains coher-
ent adaptation behavior under varying compression levels,

TABLE V

ABLATION STUDY UNDER DIFFERENT COMPRESSION THRESHOLDS

preserving performance stability while respecting resource
constraints.

E. Ablation Study

To justify the key design choices and verify the benefit of
jointly optimizing the update frequency and partner selection,
an ablation study is conducted with five variants. HPPO-AT
is the complete proposed method. HPPO removes the multi-
head attention from the low-level policy, replacing it with a
plain MLP, to isolate the contribution of the attention-based
policy. NoFusionAT retains the attention-based policy but
removes the multi-head attention from the perception fusion
network, so as to assess the attention-based fusion operator.
Fix-Frequency disables the high-level policy by fixing the per-
sistence interval to a constant value while keeping the dynamic
partner selection, isolating the gain of adaptive frequency
control. Fix-All further fixes both the update frequency and the
partner set, corresponding to a fully static strategy. Note that
the dynamic-frequency with fixed-partner case is not included,
since once the partner set is fixed, no collaborator switching
occurs and the high-level interval becomes inconsequential;
this variant therefore degenerates to Fix-All.

Table V reports the ablation results under the two compres-
sion thresholds. The complete HPPO-AT consistently attains
the highest AP and the smallest Tchebycheff distance in both
settings, confirming the effectiveness of the overall design.
Removing the attention-based fusion operator (NoFusionAT)
causes the most pronounced accuracy drop, with AP falling
from 0.2985 to 0.2882 under high compression and from
0.4067 to 0.3798 under medium compression, which shows
that the multi-head attention in the fusion network is essential
for selectively aggregating informative features from heteroge-
neous collaborators. Removing the attention from the low-level
policy (HPPO) leads to a smaller but still consistent degra-
dation in the Tchebycheff distance, indicating that attention
also helps the policy identify spatially complementary and
semantically relevant partners.

Regarding the joint optimization, Fix-Frequency, which
retains dynamic partner selection but fixes the update interval,
achieves a larger Tchebycheff distance than HPPO-AT (0.4969
versus 0.4821, and 0.5338 versus 0.5249), demonstrating that
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adaptive frequency control provides an additional gain on top
of partner selection. The fully static Fix-All performs the
worst by a clear margin, yielding the lowest AP and the
largest latency and Tchebycheff distance in both regimes,
as it neither prunes redundant collaborators nor adapts the
reconfiguration frequency to network conditions. These results
jointly verify that the multi-head attention, the attention-based
fusion operator, and the joint optimization of update frequency
and partner selection each contribute to the performance of the
proposed framework.

V. CONCLUSION

This paper proposed a unified AGCP framework and
an attention-enhanced hierarchical reinforcement learning
algorithm to address the intricate coupling of perception,
communication, and computation in heterogeneous networks.
Simulation results confirmed that the proposed approach effec-
tively balanced perception accuracy with end-to-end latency,
significantly outperforming existing baselines in dynamic envi-
ronments. These results validated the effectiveness of the
proposed framework in tackling the intrinsic challenges of
dynamic decision-making in AGCP systems, including the
tight coupling between cooperation update intervals and part-
ner selection across multiple time scales and time-varying
environments. Future work will focus on real-world UAV-
CAV testbed validation and on extending the framework
to large-scale, non-stationary scenarios. In particular, since
the current design considers a single ego-CAV, an impor-
tant direction is to support multiple ego-CAVs deciding
concurrently, where conflicting partner-selection policies and
shared-bandwidth contention can be resolved via multi-
agent reinforcement learning under a centralized-training with
decentralized-execution paradigm. Another important direction
is to jointly optimize the UAV flight trajectories and their
onboard energy consumption together with the cooperative
perception decisions, so that UAVs can actively adjust their
positions to improve perception coverage while respecting
their limited battery budget.
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