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Integrated Sensing and Communication (ISAC)

What is ISAC?
ISAC is a design paradigm where wireless systems combine sensing (e.g., detecting objects,
measuring distance, tracking movement, etc.) with communication (e.g., sharing data among
connected devices).

Outlook
ISAC is expected to play a major role in future wireless technologies, enabling
networks that both connect devices and understand the environment.
ISAC expected to support innovations in autonomous driving, smart homes,
healthcare, and security.
ISAC has moved from a research topic to something explicitly visible in 3GPP feasibility /
study work.
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Why ISAC? From separation to integration

Traditionally, communication and sensing use orthogonal resources:
time, frequency, space, hardware, ...
separation is natural because the design goals are different

Central question: Can we share resources instead of separating them?
ISAC paradigm: one transmitted signal supports

data communication
sensing tasks such as ranging, tracking, and detection

Potential gains:
hardware reuse
spectrum efficiency
new functionalities and use cases
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System Model

A base station simultaneously
communicates with users
senses the environment through
reflected echoes

Monostatic setting: the base station
transmitter and radar receiver are
co-located.
The same transmitted signal /
waveform is used for

message transmission
environment inference

Basestation

Communication 

User/Target 1

Communication 
User/Target Kc

 Target Kc+1

 Target Ns
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System Model

Single communication user case

Y∗ = H∗(η)X (W ) + Z∗, ∗ ∈ {radar, comm}.

where
X (W ): transmitted signal carrying message W
H∗(η): propagation channel, parameterized by environment variable η
Z∗: additive white Gaussian noise

Channel state η is IID across coherence blocks.
Each coherence block is treated as one channel use, i.e., Y∗, Z∗ and X are matrices of size
number of antennas times coherence block length
This supports:

coding across many blocks for communication
per-block estimation for sensing
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Key Observation

Y∗ = H∗(η)X (W ) + Z∗, ∗ ∈ {radar, comm}.

Same transmitted signal: X
Two distinct inference tasks:

decode the message W from (Ycomm, Hcomm)
estimate the environment η embedded in Hradar(η) from (Yradar, X )

ISAC is therefore not just a hardware-sharing problem:
it is a joint inference and waveform-design problem
... and not simply coexistence
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Modeling Gap between Communications and Sensing

Communications
Typically discrete-time
Information-theoretic foundations
Example: capacity analysis

Sensing / radar
Often continuous-time
Waveform-centric design
Example: ambiguity function and
sidelobe control; MMSE
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Toward a Unified fFramework

Y∗ = H∗(η)X (W ) + Z∗, ∗ ∈ {radar, comm}.

Use a common discrete-time formulation.
This enables:

joint information-theoretic analysis
explicit rate–distortion tradeoff characterizations
tractable optimization over signaling strategies
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Communication Metric

1
TCoherenceTime

I(X ; Ycomm | Hcomm)

Standard achievable-rate metric when CSI is available at the communication receiver.
Practical justification: modern systems estimate the channel via pilots and perform
coherent detection.
Extension:
Duality between channel capacity and rate distortion with two-sided state information;
Thomas M. Cover, Mung Chiang; TIT 48(6), 2002
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Sensing Metrics

Detection-oriented metrics:
ROC: probability of detection vs false alarm
Aveage probability of error

Estimation-oriented metrics:
MMSE E[∥η − η̂∥2]
More general distortion E[d(η, η̂)]
Performance depends on posterior distribution P(η | Yradar, X )
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Joint design problem

Two competing goals:
maximize communication rate
minimize sensing distortion

Design variable:
input distribution PX (possibly under power or other structural constraints)
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Capacity–distortion region

An information-theoretic approach to joint sensing and communication; M Ahmadipour,
M Kobayashi, M Wigger, G Caire; TIT 70 (2), 2024
Achievable pairs (R, D) satisfy: union over all admissible PX (possibly under power or
other structural constraints) of

R ≤ 1
TCoherenceTime

I(X ; Ycomm | Hcomm),

D ≥ E
[
d(η, η̂(Yradar, X ))

]
.
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Two extreme operating points

Communication-optimal point
maximize I(X ; Ycomm | Hcomm)
e.g., Gaussian signaling with water-filling in classical AWGN settings
best rate, but typically worst sensing distortion

Sensing-optimal point
minimize E[d(η, η̂(Yradar, X ))]
often favors structured waveform families
best sensing, but typically low communication rate
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What should the tradeoff region look like?

A line segment: orthogonalization is
optimal
A rectangle: no tradeoff at all
In practice: a curved region between
the two extremes
Figure from "An information-theoretic
approach to joint sensing and
communication"
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Tradeoff 1: random vs deterministic

On the fundamental tradeoff of integrated sensing and communications under Gaussian
channels; Y Xiong, F Liu, Y Cui, W Yuan, TX Han, G Caire; TIT 69 (9), 2023
Communication needs randomness to carry information.
Sensing often prefers restricted structure, and in many settings even deterministic
waveforms.
This creates a first, very basic tension:

more randomness helps communication
more structure helps sensing
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Tradeoff 2: subspace mismatch
On the fundamental tradeoff of integrated sensing and communications under Gaussian
channels; Y Xiong, F Liu, Y Cui, W Yuan, TX Han, G Caire; TIT 69 (9), 2023
Communication prefers focused beams toward users.
Sensing prefers exploration of the angular scene.
Tension:

focusing energy boosts communication
spreading energy improves scene awareness

Alignment matters: if user and target subspaces overlap, the tradeoff softens.

18 / 34



Representative achievable strategies

Gaussian signaling with covariance
shaping

communication-friendly
can shape spatial/temporal resources

Structured waveforms (e.g.,
semi-unitary families)

sensing-friendly
can attain sensing-optimal MMSE
behavior in specific models

Hybrid strategies
to “interpolate” between the two
strategies

Figure from "On the fundamental
tradeoff of integrated sensing and
communications under Gaussian
channels"
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Motivation for our first direction

Much of the prior theory focuses on
A single communication user. But practical systems are inherently multi-user.
Overly idealized CSI-TX assumptions for the environment.

This introduces new tensions that are not present in the single-user setting.
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Our model: monostatic-sensing fading MIMO broadcast channel

Downlink MIMO broadcast channel
with multiple communication users
Monostatic sensing at the base station
Statistical CSI at the transmitter
Fading model captures uncertainty
that makes this setting nontrivial
Sensing task: MMSE AoA estimation

Basestation

Communication 

User/Target 1

Communication 
User/Target Kc

 Target Kc+1

 Target Ns
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Modeling heterogeneous knowledge at the transmitter

Channel of communication users: relatively well known / already acquired and being
tracked
Channel of other targets: higher uncertainty
We model this asymmetry through Von Mises priors with different concentration
parameters
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Achievable signaling scheme
Superposition-based design:

deterministic component for sensing
Gaussian component for communication

Optimization variables:
beamforming vectors
power allocation variables

This lets us sweep between nearly deterministic and nearly Gaussian signaling.
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Tradeoffs we study
Number of communication users and sensing targets
Number of antennas
Angular separation / subspace mismatch
Random-versus-deterministic signaling balance
Prior uncertainty levels
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Motivation for our second direction

MMSE is a natural sensing metric, but it is analytically hard.
Classical CRB-based tools have limitations:

they require sufficient smoothness
they are often most meaningful at high SNR
they can fail in important fading models, e.g., Nakagami, or detection tasks, e.g., probability
of error

Goal: develop converse bounds that are
more general than CRB-style bounds
applicable beyond smooth MMSE settings
useful for both continuous and discrete sensing tasks
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Approach 1: Ziv–Zakai type bounds
Applied to AoA estimation problems
Extended to correlated MIMO inputs, beyond prop to itentity covariance structures
Offers a route to lower bounds on estimation error in regimes where CRB is fragile or
inadequate
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Approach 1: Takeaways

Ziv–Zakai bound captures: threshold effects and low SNR regime

Provides a more realistic benchmark than CRB

Key message: CRB tells us how well we can refine an estimate;
Ziv–Zakai tells us whether we can avoid confusing it in the first place.
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Approach 2: rate-distortion viewpoint

Core idea: relate sensing distortion to a suitable rate-distortion function
This creates a separation between

the sensing task itself
the communication channel through which “sensing information” is conveyed

An outer bound is the union over all allowed input distributions PX of

R ≤ 1
TCoherenceTime

I
(
Ycomm; X | Hcomm

)
D ≥

∫
R−1

η, d

(
I(η; Yradar |X = x)

)
dPX (x)
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Approach 2: Nakagami Fading Example
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Approach 2: Lane Occupancy Detection Example
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Key result

The achievable sensing distortion can be lower bounded through an appropriate remote
rate-distortion function and further via Shannon-type lower bound

continuous sources
discrete sources

The relevant argument of this function is tied to sensing mutual information.
This yields a flexible converse framework well beyond the standard CRB route.
The RDC is not uniformly better than BCBR. Depending on the specific distortion metric
and channel model, tighter bound be derived.
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Open questions

How tight are these converse bounds in practically relevant regimes?
What signaling and estimation strategies can approach them?
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Conclusions

ISAC creates genuine fundamental tradeoffs, not just engineering compromises.
Information theory offers a unified language for communication and sensing.
Multi-user Multi-targets structure and channel uncertainty make the problem substantially
richer.
Many important questions remain open.
Future directions include

Multi-user Multi-targets ISAC capacity characterizations
Stronger and more structured achievable schemes
Tighter converse bounds for practical sensing metrics
Integration with AI-driven air-interface and waveform design
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Thank you

Questions?
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