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Abstract—In closed-loop distributed multi-sensor integrated

sensing and communication (ISAC) systems, performance often
hinges on transmitting high-dimensional sensor observations over
rate-limited networks. In this paper, we first present a general
framework for rate-limited closed-loop distributed ISAC systems,
and then propose an autoencoder-based observation compression
method to overcome the constraints imposed by limited trans-
mission capacity. Building on this framework, we conduct a case
study using a closed-loop linear quadratic regulator (LQR) system
to analyze how the interplay among observation, compression, and
state dimensions affects reconstruction accuracy, state estimation
error, and control performance. In multi-sensor scenarios, our
results further show that optimal resource allocation initially pri-
oritizes low-noise sensors until the compression becomes lossless,
after which resources are reallocated to high-noise sensors.

Index Terms—Distributed ISAC system, autoencoder, 5G/6G
networks, closed-loop system.

I. INTRODUCTION

Recent advances in 5G/6G networks have enabled closed-
loop distributed integrated sensing and communication (ISAC)
systems [1], where sensing, communication, and control are
tightly coupled in real time [2]. These systems show strong
potential in applications such as autonomous driving [3], in-
dustrial automation [4], and UAVs [5]. Unlike conventional
decoupled designs, closed-loop ISAC jointly optimizes sensing,
communication, and control for robust estimation and decision-
making under rate limits, enhancing efficiency and resilience
amid bandwidth and network dynamics..

In such systems, a key challenge lies in the degradation
of sensing quality caused by rate-limited links, which in
turn affects control performance. To address this, model-based
methods such as principal component analysis (PCA) [6] and
AI-based approaches like autoencoders (AEs) [7] reduce the
dimensionality of signals (e.g., radar or channel observations).
In parallel, emerging research on semantic [8], [9] and goal-
oriented communication [10], [11] focuses on transmitting only
task-relevant information, rather than preserving full signal fi-
delity. While prior work has addressed observation compression
in single-sensor [11]–[13] and multi-sensor [14] closed-loop
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Fig. 1. System architecture of a closed-loop distributed ISAC system with rate-
limited links.

ISAC system, relatively few studies have systematically investi-
gated the interplay among observation dimension, compression
strategy, and control performance in general closed-loop ISAC
systems under rate-limited multi-sensor settings.

In this work, we aim to bridge this gap by developing
and analyzing a general framework for rate-limited closed-
loop distributed ISAC systems. Our contributions are: (i) We
propose a general closed-loop distributed ISAC framework
integrating sensing, compression, state estimation, and control,
with detailed descriptions of each component. (ii) We formulate
the observation compression problem in closed-loop distributed
ISAC systems under rate-limited communication, and present
an AE-based method for learning compact representations. (iii)
We conduct a detailed case study based on a linear quadratic
regulator (LQR) control problem to investigate the interplay
between state, observation, and compression dimensions, and
further explore optimal transmission resource allocation strate-
gies in multi-sensor scenarios.

II. CLOSED-LOOP DISTRIBUTED ISAC SYSTEM MODEL

Closed-loop distributed ISAC systems, as depicted in Fig. 1,
integrate sensing, communication, and control, with applications
in autonomous driving and UAV coordination. This section
outlines a general framework for such systems.
• State Model: We consider an environment with controllable

objects, such as cars. The combined state of the controllable
objects is denoted by xt and is governed by a first-order
Markov model xt+1 ∼ pobj(xt+1|xt,ut), where ut is a
control command and pobj(xt+1|xt,ut) represents the object
dynamics and response to the control command. This control
command could be in the form of steering and acceleration.



The true state is not directly observable by the network but
can be inferred via sensors.

• Sensor Model: The environment is equipped with S sen-
sors, (e.g., full-duplex ISAC-enabled base stations [15]) that
continuously sense and track the controllable objects. These
sensors collect high-dimensional raw observations (such as
channel measurements, images, or dense point clouds) and
forward them to a fusion center for state estimation and
prediction. We denote the observation from sensor s ∈
{1, . . . , S} by ys

t ∼ psmeas(y
s
t |xt), where psmeas(·|xt) is the

observation model of sensor s.
• Digital Twin and State Tracker: The fusion center maintains

a real-time model of the tracked objects in the form of a
digital twin (DT). Given observations Yt = y1:S

t and controls
U = u1:t, the DT models the posterior q(xt|Yt,Ut−1),
and the kinematics pDT(xt+k|xt,ut), for any k > 0.
Note that pDT(xt+k|xt,ut) may or may not be identical to
pobj(xt+k|xt,ut), depending on the fidelity of the DT. The
DT then provides a prediction on the states of the tracked
objects. Given observations Yt+ 1 with measurement model
pDT(Yt+1|xt+1) =

∏S
s=1 p

s
meas(y

s
t+1|xt+1), the state tracker

updates the posterior as
q(xt+1|Yt+1,Ut) ∝ pDT(Yt+1|xt+1) (1)ˆ

q(xt|Yt,Ut−1)pDT(xt+1|xt,ut)dxt.

Deploying a DT enhances system performance by evaluating
the impact of measurement distortion, aggregating environ-
mental information, forecasting dynamics, and allocating
transmission resources among multiple sensors to maintain
accurate state estimation [16], [17].

• Controller: Assuming a separation between state tracking and
control, the controller takes as input the posterior distribution
from the DT and determines the control command: ut+1 ∼
π(q(xt+1|Yt+1,Ut)), where π(·) denotes the control policy.
This policy is determined to optimize a control objective,
using methods such as model predictive control (MPC) or
reinforcement learning (RL). The resulting commands pursue
goals like guiding vehicles to target positions or stabilizing
UAV trajectories. These commands are then transmitted to the
controlled objects, influencing subsequent state transitions via
pobj(xt+ 2|xt+ 1,ut+1).

• Rate-Limited Links: Given the significant communication
constraints typical in distributed systems, directly transmitting
these raw observations y1:S

t could rapidly exceed the avail-
able network bandwidth [1], [18], [19]. Therefore, sensors
must apply local data compression methods and resource allo-
cation schemes, extracting and transmitting only task-relevant
information, thus maintaining accurate state estimation at the
fusion center without violating bandwidth limitations. Goal-
oriented semantic communication strategies have emerged as
promising solutions to enhance data compression efficiency
by capturing the most relevant information directly related to
the control objectives.
III. AUTOENCODER-BASED COMPRESSION FRAMEWORK

In this section, we formalize the compression problem in
rate-limited closed-loop distributed ISAC systems and propose

an AE-based framework for learning compact representations.

A. Rate-Limited Problem Description

As bandwidth is limited in closed-loop distributed ISAC
systems, sensors locally compress their observations and collab-
oratively allocate resources to ensure that critical information
reaches the fusion center. Specifically, each sensor s encodes
its raw observation ys

t into a compressed representation zs
t =

Fs
comp(y

s
t ;θ

s
comp) using a local compression function Fs

comp,
parameterized by θs

comp. The compressed data is transmitted
over a rate-limited link1 to the fusion center, where it is
reconstructed via a corresponding decompression function Fs

rec
with parameters θs

rec. The reconstruction process is defined as
ŷs
t = Fs

rec(z
s
t ;θ

s
rec). To meet communication constraints, the

total transmission dimension from all sensors at each time step
must satisfy

∑S
s=1 dim(zs

t ) ≤ rt, where dim(zs
t ) denotes the

compression dimension for sensor s. Generally, both the trans-
mission dimension budget rt and the compression dimension
zs
t may vary over time, enabling dynamic adaptation to channel

conditions, task requirements, or estimation uncertainty.2

B. Three Levels of Error in Distributed ISAC

To characterize performance under rate-limited communica-
tion, we consider three error levels, each tied to a stage of the
closed-loop ISAC pipeline:

• L1 – Reconstruction Error: Measures the difference be-
tween the original and reconstructed observations, indicat-
ing the compression and reconstruction effectiveness.

• L2 – Estimation Error: Quantifies the accuracy of the state
estimation by measuring the deviation between the fusion
center’s estimation and the true system state, reflecting the
impact of compression fidelity on tracking performance.

• L3 – Control Error: Captures the ultimate impact of com-
pression on system objectives by evaluating the incurred
control cost within the closed-loop operation, directly
linking compression quality to control effectiveness.

This multi-level error framework provides a comprehensive
perspective for analyzing how different compression strategies
affect reconstruction fidelity, state estimation accuracy, and
ultimately, closed-loop control performance.

C. Autoencoder-Based Compression Method

In this study, we focus on designing compression methods
that explicitly optimize for L1 – reconstruction error.3 We focus
on how minimizing reconstruction error impacts state estima-
tion and control performance in closed-loop distributed ISAC
systems. To this end, we develop an AE-based compression
framework tailored for minimizing reconstruction error. An AE
is a neural network architecture composed of an encoder and a
decoder [21]. The encoder compresses the input observation into

1For the sake of clarity, these links are assumed to be error-free and do not
incur any latency.

2While compressed observations reduce transmission delay and thereby
reduce sensing latency, the effects of control frequency and sensing latency
are not considered in this work [20].

3Although distributed sensors may cause interference or complementary
gains, this work focuses on observation compression in closed-loop distributed
ISAC systems and ignores such effects. Future work will incorporate task-driven
losses tied to estimation or control objectives.



a low-dimensional latent representation. The decoder attempts
to reconstruct the original observation from this compressed
data.

For each sensor, given a fixed compression dimension, the
AE is trained to minimize the long-term mean squared error
(MSE) between the original observation and its reconstruction:

Ls
MSE= lim

T→∞

1

T

T∑
t=1

∣∣ys
t −Fs

rec

(
Fs

comp(y
s
t ;θ

s
comp);θ

s
rec

)∣∣2. (2)

The AE learns a compact latent space tailored to the data
distribution under rate-limited constraints.

IV. CASE STUDY: CLOSED-LOOP LQR

To evaluate the proposed compression framework, we study
a closed-loop LQR problem [13], a fundamental paradigm in
control theory that provides closed-form solutions and strong
theoretical guarantees, and serves as a representative instance
of the distributed ISAC setting. It serves as a first-order approx-
imation for many more complex nonlinear control problems and
has been extensively used to study estimation and control under
communication constraints [13]. The schematic diagram of the
LQR system is shown in Figure 2. Our goals are: (i) to analyze
how system performance depends on the interplay among state,
observation, and compression dimensions; and (ii) to study how
to allocate limited communication resources across sensors with
different noise levels to enhance control performance.

A. Scenario Description

In distributed LQR systems, sensors send rate-limited obser-
vations of the plant to a fusion center, where a Kalman filter
estimates the state. The controller then generates commands
from this estimate, forming the closed loop.

1) State Model: The system dynamics are given by xt+1 =
Axt+But+vt, where xt ∈ RNx is the state of dimension Nx,
and ut ∈ RNu is the control of dimension Nu. The matrices
A ∈ RNx×Nx and B ∈ RNx×Nu represent the known system
dynamics and control input mappings, respectively. The process
noise vt ∼ N (0,Q) is with covariance matrix Q ∈ RNx×Nx .
At each time step, sensor s provides linear measurements:

ys
t = Csxt +ws

t , (3)

where ys
t ∈ RNs

y is the observation vector from sensor s with
observation dimension Ns

y , and Cs ∈ RNs
y×Nx is the known

observation matrix. The observation noise ws
t ∼ N (0,Rs) is

with covariance Rs ∈ RNs
y×Ns

y . The compressed data zs
t is

obtained using zs
t = Fs

comp(y
s
t ;θ

s
comp).

2) State Tracker: Prior to the state tracker, the compressed
measurements are decompressed using ŷs

t = Fs
rec(z

s
t ;θ

s
rec), and

then provided to the Kalman filter. The Kalman filter combines
them with the system model to estimate x̂t|t and its associated
covariance matrix Σt|t, following prediction and update steps
[22]. The prediction step relies on the DT of the real system
(2). When the observation ys

t is perfectly reconstructed and the
DT models the system correctly, the Kalman filter is optimal.
However, when there is reconstruction error in ŷs

t , the Kalman
filter becomes suboptimal.
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Fig. 2. Closed-loop Multi-sensor LQR system with rate-limited links.

3) Controller: In the controller, the LQR computes the
control input ut by minimizing the infinite-horizon cost:

J =

∞∑
t=1

(
x̃⊤
t Qgoalx̃t + u⊤

t Rgoalut

)
, (4)

where x̃t = xt − xdesired denotes the deviation from the
target state, and Qgoal and Rgoal are matrices penalizing state
deviation and control effort, respectively. When the observation
y is perfect, the optimal control input follows the LQR policy:
ut = −K x̂t|t, where K can be computed as described in [23].

Without compression, the LQR system achieves optimal per-
formance. However, compression over rate-limited links intro-
duces errors that may destabilize the system. In our experiments,
we fix the LQR parameters so that the system remains stable
with a stationary data distribution when the reconstruction
error is below a critical threshold. This setup enables us to
focus on the static impact of compression dimensions and
resource allocation strategies on performance, without dynamic
variations.

B. Experimental Setup and Baselines
1) LQR Parameter: We consider a vehicle control scenario

in our experiments. For the plant, we set

A =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

 ,B =


0.5∆t2 0

0 0.5∆t2

∆t 0
0 ∆t

 ,

with ∆t = 0.1, Nx = 4. The state xt ∈ R4 represents 2D
position and velocity, and the control ut ∈ R2 represents
the acceleration. Each sensor observes xt via (3) where Cs

is generated once and fixed, with each element independently
drawn from N (0, 1/50). The observation noise is set as ws

t ∼
N (0, I). We also set x̂0|0 = x0, Σ0|0 = 0.0001 I , Q = I , and
Rs = I . The LQR cost uses Qgoal = 0.1 I and Rgoal = I .

2) AE Implementation: In our implementation, both the
encoder and decoder are designed as fully-connected multi-
layer perceptrons. The encoder consists of four linear layers
with ReLU activations, with the number of neurons in each
layer set to 512, 1024, 512, and the target compression dimen-
sion dim(zs

t ), respectively. The decoder mirrors this structure
symmetrically to reconstruct the observation from the latent
representation. We run 1000 rounds of 200 steps each to collect
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Fig. 3. Performance comparison under different compression dimensions when the observation dimension is 20.
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Fig. 4. Performance comparison under different observation dimensions when the compression dimension is dim(zs
t ) = 4 (equal to the state dimension).

200,000 training samples, then test on another 1000 rounds (200
steps each). We compare the AE with classical PCA, expected
to be optimal for this linear problem, aiming to show that the
AE can at least match PCA’s performance.

3) Evaluated Methods: To simplify the descriptions in ex-
periments, we define the following testing mechanisms.

• AE/PCA-online: The AE/PCA algorithm compresses and
decompresses in a closed-loop system, where poor com-
pression performance can lead to accumulated error.

• AE/PCA-offline: The AE/PCA algorithm is applied to
previously collected data rather than used in closed-loop
experiments, it does not affect closed-loop performance.

• UC: Denotes the uncompressed case where the observation
dimension equals the x-axis compression dimension.

• UC (o): Denotes the uncompressed case with the observa-
tion dimension fixed at value o.

In line with the three-level compression framework from
Section III-B, we consider three levels of error: reconstruction
error, measured by |ŷs

t − ys
t |2; state estimation error, given by

|x̂t|t − xt|2; and the LQR cost, as defined in (4).
C. Results for A Single Sensor

We evaluate system performance in a single-sensor setting,
focusing on different observation and compression dimensions.

1) Impact of Varying Compression Dimensions: Firstly, we
evaluate system performance under different compression di-
mensions, with the observation dimension Ns

y fixed at 20 in
Fig. 3. As shown in Fig. 3(a), the AE consistently achieves
lower reconstruction error than PCA, demonstrating its stronger
representation capacity. As shown in Fig. 3(b) and Fig. 3(c),
when the compression dimension exceeds 4, the LQR cost

remains nearly identical to that of the non-compression results,
i.e., UC (20). However, when the compression dimension falls
below 4, the LQR cost increases significantly as the compres-
sion dimension decreases. This result leads to an important in-
sight: Compression is lossless when the compression dimension
is greater than or equal to the system’s state dimension. Below
this threshold, compression becomes lossy and degrades control
performance. Additionally, comparison with the uncompressed
case (UC), where the observation and compression dimensions
are equal, shows that compression-based methods can outper-
form UC when the compression dimension exceeds 4.

2) Lossless Compression at the State Dimension: We plot
the results for the case where the compression dimension is
fixed to the system’s state dimension, i.e., dim(zs

t ) = Nx = 4
in Fig. 4. As shown in Fig. 4(a), the reconstruction error is
nearly identical in both online and offline settings for PCA
and AE. As the observation dimension increases, reconstruction
error also increases due to a higher compression ratio, which
leads to more information loss. However, as shown in Fig. 4(b)
and Fig. 4(c), both PCA and AE achieve state estimation and
LQR performance comparable to the uncompressed baseline,
indicating lossless at this compression level. Furthermore, both
state estimation error and LQR cost decrease with higher ob-
servation dimensions, highlighting the benefit of richer sensing
information.

3) Lossy Compression Below the State Dimension: Fig. 5
shows the results when the compression dimension is reduced
to 3 (below the state dimension, i.e., dim(zs

t ) < Nx). As
shown in Fig. 5(a), although PCA performs slightly worse than
AE in offline reconstruction, this difference becomes critical
in the online setting. AE’s lower reconstruction error helps
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Fig. 6. LQR cost when the total transmission dimension is fixed at 6. The
x-axis represents the compression dimension of sensor 1, i.e., dim(z1

t ), while
the compression dimension of sensor 2 is given by dim(z2

t ) = 6− dim(z1
t ).

maintain system stability, while PCA leads to instability and
cumulative errors due to deviation from the LQR steady state.
Simultaneously, as the observation dimension increases, the
reconstruction errors of both PCA and AE also increase. For
state estimation error and LQR cost, as shown in Fig. 5(b)
and Fig.5(c), PCA performance degrades as the observation
dimension increases, due to a higher compression ratio that
limits the amount of transmittable information. This results in
larger reconstruction and state estimation errors. In contrast,
AE performance remains stable, as it can better extract useful
features from high-dimensional inputs.

D. Results for Multiple Sensors

1) Performance with Fixed Transmission Dimension: In the
multi-sensor scenario, we consider two distributed sensors,
each with an observation dimension of 20. Sensor 1 has
low noise with R1 = I , while sensor 2 has higher noise
with R2 = 10I . The resource allocation strategy is specified
as (dim(z1

t ),dim(z2
t )), denoting the compression dimensions

assigned to sensors 1 and 2, respectively. We first evaluate
performance under a fixed total transmission dimension rt,
comparing different allocation strategies. We then examine
the optimal performance and corresponding allocations across
varying rt.

Fig. 6 illustrates the system performance when the total
transmission dimension is fixed at 6, i.e., dim(z1

t )+dim(z2
t ) =

rt = 6. As shown in Fig. 6(b), when sensor 1’s compression
dimension increases, the LQR cost and state estimation error

TABLE I
COMPARISON OF COMPRESSION AND NON-COMPRESSION RESULTS WHEN

THE TOTAL TRANSMISSION DIMENSION IS FIXED TO 6

Method LQR Cost
Optimal allocation strategy (4,2) 32.41
UC (Sensor 1) 32.56
UC (Sensor 2) 54.44
UC (20) 31.94
UC (3) 113.52

first decrease and then increase. The best result occurs at the al-
location (4,2). As sensor 1 (the low-noise sensor) provides more
reliable observations, increasing its compression dimension
improves performance until lossless compression is effectively
achieved at dimension 4. Beyond that, allocating additional
resources to sensor 1 (e.g., (5,1)) reduces the transmission
dimension available to sensor 2, discarding potentially valu-
able complementary information. Meanwhile, Fig. 6(a) shows
the reconstruction error of sensors 1 and 2 across allocation
strategies. As sensor 1’s compression dimension increases, its
reconstruction MSE decreases consistently. For sensor 2, as the
compression dimension of sensor 1 increases, the MSE first
decreases and then increases. This rise is due to two factors:
initially, when the compression dimension of sensor 1 is low but
that of sensor 2 is high, the LQR system deviates from its stable
state, causing the sensor observations to fall outside the training
distribution of AE and degrading the reconstruction quality.
Later, as the compression dimension of sensor 1 increases,
sensor 2 suffers from lossy compression at a lower compression
dimension, and the reconstruction error increases again.

In Table I, we compare the optimal allocation strategy
that minimizes the LQR cost with several non-compressive
baselines. The optimal strategy outperforms both single-sensor
uncompressed schemes with an observation dimension of 20
(UC (Sensor 1) and UC (Sensor 2)). It shows that when the total
transmission dimension exceeds the state dimension, leveraging
observations from multiple sensors, even if partially lossy,
can improve control performance. Furthermore, compared to
UC (20) (where both sensors transmit uncompressed data, and
each sensor has an observation dimension of 20), the optimal
LQR cost from strategy (4,2) causes performance loss. This
is because the compression of sensor 2 is lossy. However,
compared to UC (3) (each sensor has an observation dimension
of 3), the optimal strategy achieves a significant performance
improvement.
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Fig. 7. Performance of the multi-sensor system with varying resource allocation
and transmission dimensions.

2) Performance under Different Total Transmission Dimen-
sion: Fig. 7 presents the reconstruction errors of the two
sensors, as well as the optimal results and corresponding
resource allocation strategies under different total transmission
dimensions. In Fig. 7(a), the reconstruction error of sensor 1 is
consistently lower than that of sensor 2. As shown in Fig. 7(b),
the LQR cost decreases as the total transmission dimension
increases. Regarding the optimal resource allocation, the strat-
egy tends to assign more bandwidth to the sensor with lower
observation noise (Sensor 1) as the total transmission budget
increases. However, once sensor 1’s compression dimension
exceeds 4, compression becomes effectively lossless. At this
point, the strategy shifts to allocate additional resources to
sensor 2, despite its higher observation noise, in order to further
improve overall system performance.

V. CONCLUSION AND FUTURE WORK

In this paper, we propose a general framework for closed-
loop distributed ISAC systems. To address the problem of
transmitting high-dimensional observations over rate-limited
links, we formulate the observation compression problem and
introduce an AE-based method to learn nonlinear representa-
tions. Through a detailed case study based on the LQR control
scenario, we explore the interplay among state, observation,
and compression dimensions, highlighting how compression im-
pacts reconstruction accuracy, state estimation, and overall con-
trol performance. Additionally, we investigate optimal transmis-
sion resource allocation strategies for distributed multi-sensor
systems under different sensor noise conditions. Although this
work primarily focuses on how reconstruction errors impact
the performance of closed-loop ISAC systems, future research
will explore how semantic information can be further leveraged
to improve compression efficiency in rate-limited, closed-loop

distributed ISAC systems beyond LQR (i.e., with more complex
non-linear sensing models, more complex state trackers, such as
the extended Kalman filter, and more complex control policies,
such as model-predictive control). In addition, the work should
be extended across the three layers of reconstruction, estimation,
and control errors.
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