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Abstract—This paper addresses the problems of co-design and
cooperation among radar and communication systems operating
in a shared spectrum scenario. Online learning facilitates using
the spectrum flexibly while managing and mitigating rapidly time-
frequency-space varying interference. We extend the previously
proposed Model-Based Online Learning (MBOL) algorithm [1]
to allocate frequency and power resources among co-designed
and collaborating sensing and communication systems in dynamic
interference scenarios. The proposed MBOL algorithm learns
a predictive spectrum model using online convex optimization
(OCO), assigns sub-bands between sensing and communications
tasks, and optimizes their power for the tasks at hand. The
performance of the proposed MBOL method is evaluated in
simulations using the proposed constrained regret criterion and
shown to improve the sensing and communications performance
compared to the baseline method in terms of lower and sub-linear
constrained regret.

Index Terms—model-based online learning, joint radar-
communications systems, reinforcement learning, online convex
optimization, model predictive control

I. INTRODUCTION

Congested or even contested radio spectrum motives the
development of future sensing and communications systems
that can cooperate or be co-designed joint radar-communication
(JRC) systems for mutual benefit [2], [3]. Cooperating systems
share awareness about the radio environment state and other
information among the agents and subsystems. In contrast, no
or little information is shared in non-cooperative scenarios. It
is necessary to develop methods for managing and mitigating
the interference in the time, space, and frequency domains
to achieve desired performance levels and reduce mutual
interference.

The coexisting systems and mobility make the shared
spectrum state change rapidly in time, frequency, and spatial
dimensions. Therefore, online learning methods using local
observations and the information shared among cooperative
systems facilitates using the spectrum resources efficiently. In
the context of opportunistic spectrum access, online learning
has been extensively studied for cognitive radios [4], [5]. In
addition, online learning-based spectrum sharing methods for
sensing and communications have been proposed in [6]–[8].
The methods in [6]–[8] are based on model-free reinforcement
learning (MFRL) [9] and do not take advantage of rich
structural information available on sensing and communication

systems. Consequently, MFRL algorithms are sample ineffi-
cient, especially when the decision space is large or continuous,
as in JRC systems. Moreover, with MFRL, it is complicated
to satisfy constraints typically employed in JRC systems. For
example, constraints are imposed on transmit power and to
guarantee desired performance levels in both sensing and
communications subsystems [10].

The Model-Based Online Learning (MBOL) approach was
proposed in our previous work [1] for resource allocation
in JRC systems to address the limitations of MFRL algo-
rithms. Model-based methods utilize certain levels of structural
modeling information, and unknown model parameters are
obtained by learning. Models make the learning more sample
efficient and explainable. We use MBOL to refer to model-
based reinforcement learning (MBRL) [11] and learning-based
model predictive control (LMPC) [12] algorithms that learn
online in real operational environments. The difference between
MBRL and LMPC is that the models in MBRL are typically
generic to address various problems. However, model predictive
control (MPC) considers the models sufficiently descriptive
[12]. Therefore, an LMPC algorithm may use more specific
parametric models to save computation and learning time. In
addition, MBRL algorithms may learn a global decision policy
instead of optimizing decisions online, as in LMPC.

The contribution of this paper is to extend the MBOL
algorithm proposed in [1] to co-designed JRC systems and
cooperative settings. In [1], the non-cooperative and adversarial
settings were considered. The proposed MBOL algorithm
allocates frequency and power resources in an agile manner
for co-designed dual-function radar communication (DFRC)
system. It utilizes the problem formulation and the optimization
approach developed in [10]. However, in contrast to [10], the
proposed MBOL method does not require the interference
statistics to be stationary. We evaluate the performance of the
proposed MBOL algorithm in simulations using the proposed
constrained regret criterion. The results show the effectiveness
of the MBOL method compared to [10] in dynamic interference
scenarios in terms of lower and sub-linear constrained regret.

II. PROBLEM DESCRIPTION

Consider a colocated and co-designed DFRC system op-
erating in a dynamic interference scenario. The scenario
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Fig. 1: Co-designed sensing and communications system
operating in diverse interference scenarios.

is composed of the DFRC system, a communications user
transmitting and receiving data from the DFRC system, and
cooperative, non-cooperative, and adversarial communications
or sensing systems shown in Fig. 1. The cooperative system
represents a system that can share information about the channel
state and interference statistics with the DFRC system. In
contrast, no information is shared among the non-cooperative
system. Lastly, the adversarial system represents intentional
interference sources.

In this paper, the goal is to allocate the subcarriers and power
resources for the DFRC system such that the communications
and sensing subsystems avoid mutual interference and causing
interference to the cooperative systems. However, we do
not explicitly try to avoid causing interference to the non-
cooperative systems as done in [1]. The time is divided into
slots similarly as in [6], [7], and the interference is assumed
to be quasi-stationary over a single time slot.

III. SIGNAL MODEL

For the sensing waveform xs(t), communications signal
xu(t) and cooperative signal xc(t), the signal at a receiver
(RX) i is written as follows

ri(t) =

Li∑
j=1

hi,j(t) [xs(t− τi,j) + xu(t− τi,j)]

+

Lci∑
j=1

hci,j(t)xc(t− τci,j) + vi(t) (1)

where the variables Li, hi,j(t), and τi,j denote the number of
resolvable paths, channel coefficient, and the propagation delay
for the path j, respectively. In addition, vi(t) represents white
Gaussian noise plus the interference from the non-cooperative
and adversarial systems. From now on, vi(t) is referred to as
the disturbance. The number of resolvable paths, channel, and
propagation delay for the cooperative signal are denoted as Lci,
hci,j(t), and τci,j , respectively. To indicate the signal at the
DFRC RX, we use notation i = s and at the communications
user RX i = u, as illustrated in Fig. 1.
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Fig. 2: Model-Based Online Learning (MBOL) framework.

The RX signal model in (1) can be written in discrete time
by first compensating for the line-of-sight path delay, and the
Doppler shift is removed in the case of the sensing system.
The signal at the RX i is

ri = Hi(xs + xu) +Hcixc + vi. (2)

The matrices Hi and Hci are Toeplitz matrices with dimension
N ×N . They can be assumed circulant matrices if a cyclic
prefix is employed, or if the Toeplitz matrix is large. Thus
the channel matrices in the frequency domain are written as
diagonal matrices Di and Dci, where the diagonal elements
are discrete Fourier transforms of the first columns of Hi and
Hci, respectively.

The covariance matrix of the disturbance vi is approximated
as a circulant matrix. It means that vi is modeled as colored
noise. Although the shared information from the cooperative
system is utilized, the launched signal xc is considered to
be an interfering signal. Therefore, the interference plus noise
covariance matrix in the frequency domain is written as follows

Ωi = DciRcD
H
ci +Ψi, (3)

where Rc and Ψi are the frequency domain covariance matrices
of the cooperative signal and disturbances, respectively. We
assume that Rc is diagonal such that Ωi for i ∈ {s, u} is also
a diagonal matrix. However, note that even if the cooperative
signal is orthogonal when launched from the transmitter (TX),
it may not be orthogonal at the RX.

IV. MODEL-BASED ONLINE LEARNING FORMULATION

The MBOL problem [1] is generally written as a partially
observable Markov decision process (POMDP) [13]. This
model comprises three main components: the agent, the
environment, and the sensor, as visualized in Fig. 2. The agent
desires to control the environment state s [k] using actions a [k]
where k is the time index. The state transitions are described
by a transition function s [k+1] ∼ fβ(s [k] ,a [k]) which is
a probability distribution and β are the model parameters to
learn. The agent observes the state using a sensor, giving the
observation z [k+1] ∼ h(s [k+1] ,a [k]) where the observation
model h is assumed known.
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We consider an MPC problem where the policy π(Ik) means
optimizing set of actions {a [k] , . . . ,a [k+H−1]} with respect
to objective

argmax
π

Eπ

[
k+H−1∑

i=k

r(s [i] , s [i+1] ,a [i])|Ik

]
(4a)

subject to s [i+1] ∼ fβ(s [i] ,a [i]), (4b)
E [cj(a [i] , s [i])] ∈ Cj , ∀ j = 1, . . . , NC , (4c)

where r(s [k] , s [k + 1] ,a [k]) is an immediate reward, H is
the planning horizon and Ik is the history of actions and obser-
vations. The equation (4c) represents all the imposed equality
and inequality constraints. The objective (4) is optimized at
each time slot k, and only the first action a [k] is taken in
the real environment. Finding an optimal solution to (4) may
not be feasible even if the parameters β are known. Thus, in
general, approximate or heuristic algorithms are employed to
solve this problem, such as reinforcement learning (RL) [9],
sampling-based optimization methods [14], or some relaxation.

A. States and observations

The state transitions of a POMDP should be Markovian.
However, finding a Markovian state presentation may not
be straightforward. Therefore, we introduce internal states
to represent states that may have memory. For the spectrum
sharing problem, the internal state x[k] comprises the chan-
nel and disturbance matrices (Ψs,Ψu,Rc,Ds,Du,Dcs,Dcu)
effective at the time slot k. The Markovian state s [k] is
approximated taking L most recent internal states x and actions
a. If the internal states are not fully observable, the observations
z are used instead. The observation is a noisy estimate of the
internal state where Ψi is estimated from secondary data, Rc

is shared via cooperative information sharing, and Di and Dci

are estimated from known pilot sequences. However, this paper
assumes that the internal state is fully observable, meaning
that the observations are noiseless.

B. Actions

The agent decides the DFRC operational parameters for the
upcoming time slot k + 1 by taking the action a [k]. Here the
action is a vector a = [p1, w1, p2, w2, . . . , pN , wN ] that contain
the allocated sub-band powers pn and selection variables wn ∈
{s, u} that describe whether channel n is used for sensing
purposes (wn = s) or communications (wn = u). The sum of
the powers in vector p is constrained to be less or equal to
the maximum total power Ptot. We denote the action space
satisfying the constraints mentioned above as A.

C. Rewards and constraints

The communications and sensing system performance is
evaluated in terms of mutual information (MI) under the
assumption of Gaussian disturbances. For communications,
MI corresponds to the communications rate. For sensing, MI is
obtained between the received signals and the target scattering
coefficient as in [10]. Both MIs depend on the received signal’s

signal-to-interference-plus-noise ratio (SINR). In the quasi-
stationary setting, the MI is defined as follows

Mi[k+1] =

N∑
n=1

I{wn[k]=i} log (1 + qi,n[k+1]pn[k]) (5)

where qi,n[k + 1] is the channel quality (channel gain divided
by the interference plus noise power) at the slot k+1, RX i and
sub-carrier n. Note that, wn[k] and pn[k] for all n = {1, ..., N}
is the action described in Section IV-B.

Based on (5), the sensing and communications functions are
co-designed by imposing a minimum rate constraint

E [Mu[k + 1]|Ik] ≥ C[k] (6)

and using the mutual information Ms[k + 1] as the reward
function r in (4a). In addition, the performance of the cooper-
ative system is maintained at a desirable level by imposing a
constraint for the maximum allowed interference power

Dcs[k + 1]
H
Dcs[k + 1]p [k] ≤ c[k] (7)

where c[k] is the upper-bound defined by the cooperative
system.

V. PROPOSED MBOL METHOD

The model fβ in (4b) describes the state transitions for the
channel matrices Di and Dci as well as for the interference
covariance matrix Ωi for all i ∈ {s, u}. However, this paper
concentrates on learning in the face of dynamic interference.
Thus we simplify the model such that Du, Dcu, and Dcs

remain unchanged during the learning period due to the non-
moving DFRC system, cooperative system, and communica-
tions user. The diagonal of the matrix Ds is modeled as a
multivariate complex zero-mean Gaussian random variable
according to the Swerling II model. The variances of the
diagonal elements are assumed to be known.

The interference can be divided into the interference from
the cooperative system and the disturbance, as shown in (3).
We assume that the matrix DciRcD

H
ci is known via cooperative

information sharing. However, the disturbance statistics Ψs

and Ψu for the upcoming time slot k + 1 are predicted from
the information in the state s [k]. This prediction is carried out
using linear multiclass logistic regression (MLR) algorithm
[15]. The classes are different disturbance levels σ2

n,l where
n = 1, ..., N is the sub-band index and l = 1, . . . , Nc is the
class index. This model is selected because of its simplicity
and guaranteed global converge properties. It also generalizes
the approach in [1], where we used a binary classification
algorithm to predict whether sub-channels are occupied or idle.

The predicted disturbance is quantized linearly on a log-
arithmic scale to represent the classes. The level σ2

n,l is an
average of the lower and the upper edges of the quantization
bins in the decibel scale. We normalize the power such that
0 dB indicates noise-only disturbance with variance σ2. The
probability distribution over the levels is expressed using the
softmax function. Thus, the distribution is written as follows

p(σ2
n,l[k + 1]|sn[k]) =

exp (βT
n,lsn[k])∑Nc

j=1 exp (β
T
n,jsn[k])

, (8)
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where vector βn,l for all channels n and levels l are the
parameters to be learned, and sn[k] is a channel-specific
state composed of L previous actions an and matrix elements
[Ψs]n,n and[Ψu]n,n. Thus, sn is decoupled among channels
to reduce the number of parameters to learn. Following the
MLR methodology, the loss function used for learning the
parameters βn,l is the logistic loss [15] where the target classes
σ2
n,l[k + 1] are obtained by quantizing the observations. The

updates are carried out online using the AdaGrad algorithm
[16], which is a specific first-order online convex optimization
(OCO) algorithm.

A. Controller

The objective in (4) is relaxed to a myopic MPC where
the horizon H is 1. We also assume that the interference
is independent of the most recent action but can depend
on the history of actions. This assumption is reasonable
when the length of a time slot is short in comparison to
the adaptation interval of the interference sources. Thus the
controller optimizes

argmax
p[k],w[k]∈A

E [Ms[k + 1]|Ik] (9a)

subject to E [Mu[k + 1]|Ik] ≥ C[k], (9b)

Dcs[k + 1]DH
cs[k + 1]p[k] ≤ c[k]. (9c)

This problem is a non-convex mixed-integer problem, but
a heuristic approach proposed in [10] is used to solve it.
The algorithm first computes the optimal power allocation
for communications by setting wn = u ∀ n and maximizes
E[Mu[k+1]|Ik] subject to (9c). Secondly, the minimal number
of sub-bands meeting the communications constraint in (9b)
is found. Lastly, the remaining sub-bands are allocated for the
sensing function, and the power is optimized according to (9).

Another subject for matter is the calculation of the expecta-
tions in (9a) and (9b). Since we approximate the problem using
quantized interference levels, (9a) and (9b) can be approximated
as follows (exclude k for clarity)

E [Mi] ≈
N∑

n=1

Nc∑
l=1

I{wn=i}p(σ
2
n,l) log

(
1 + q

(l)
i,npn

)
(10)

where q
(l)
i,n is the sensing channel quality of sub-channel n and

class l, and the probabilities p(σ2
n,l) are defined in (8).

VI. NUMERICAL EXAMPLES

We evaluate the proposed MBOL algorithm in four different
interference scenarios using Monte Carlo simulations. The
scenarios are enumerated and referred to as (i) Markovian,
(ii) Deterministic, (iii) Poisson, and (iv) Adversarial. The
simulation parameters are shown in Table I. We propose the
constrained regret as an evaluation criterion which is defined
as follows

RK = E

[
K∑

k=1

r∗kI{E[M∗
u [k+1]]≥C[k]} − rkI{E[Mu[k+1]]≥C[k]}

]
.

(11)

TABLE I: Simulation parameters.

Desciption Symbol Value

# of channels N 8
# of interf. levels Nc 5
Memory size L 64
Power budget Ptot 100
Monte Carlo iterations - 48
Model update interval - 8 slots
AdaGrad: Learning rate - 0.01
Noise power (per ch.) σ2 0.01
Ch. gain E

[
DH

i Di

]
Diagonal ∼ U (-45dB, 0dB)

Coop. interf. DciRcD
H
ci Diagonal ∼ U (0, 0.1)

Power constraint c ∼ U (0, Ptot)
Minimum rate C (i)-(iii): 10, (iv): 5
Disturbance levels σ2

n,l [0, 35] (normalized dB)

This criterion measures the amount of cumulative reward the
agent obtains less compared to the policy π∗. The constraint
violations are accounted by discarding the immediate rewards
when the rate in (9b) is not achieved. The policy π∗ is the
controller introduced in Section V-A, but using full knowledge
about the environment model, thus no need for learning.

The MBOL algorithm is compared to a controller in V-A that
does not use any predictive model; instead, it only uses the most
recent internal state. Also, we compare to an algorithm that
randomly selects sub-bands for communication or sensing with
equal probability and transmits continuously with equal power
allocation. Unfortunately, the model-free methods proposed in
[6]–[8] can not be used as a baseline because of the prohibitive
large and continuous action space, and the employed constraints
would require further extensions to the methods.

A. Simulation results

In the considered Markovian environment, each channel con-
tains a single non-cooperative emitter. Each emitter transitions
between idle and occupied states based on a randomly generated
two-state Markov chain. The interference power at RX is one
of the levels σ2

n,l sampled from a distribution that favors large
levels. The regret in this setting can be seen in Fig. 3a. It
shows that the MBOL algorithm obtains sub-linear regret,
which indicates that π would asymptotically achieve similar
performance compared to π∗. The regret is also clearly smaller
compared to the baseline algorithms. Due to lack of coherency
between time slots, the non-predictive method performs even
worse than the equally allocating baseline.

A deterministic environment contains three frequency
agile interference sources. The source dynamics are gen-
erated by selecting sub-band indices using the function
⌊(0.99 sin2(2πfmk)N + 1)⌋. The variable fm for each source
m is selected randomly between 0.1 and 0.7. The interference
power at RX from each source is one of the quantized
interference levels. In this case, the interference dynamics
are entirely deterministic. Therefore, in principle, the agent
could learn to predict the spectrum states perfectly. The sub-
linear regret in Fig. 3b reveals that the agent can learn the
dynamics to obtain smaller regret than the baseline methods.
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Fig. 3: Regret in four different interference environments. Pro-
posed MBOL algorithm performs better than the optimization
method not using predictive model.

The interference scenario based on Poisson distributions
is simulated as follows. Two distributions are used for each
channel to sample the number of time-slots being occupied and
idle. The expected time for a channel being occupied is two
slots, and idle is five. The RX interference power is sampled
similarly as in Markovian case (i). The regret performance is
shown in Fig. 3c. It shows that the MBOL approach obtains
lower regret than the baseline methods. In addition, the regret
looks sub-linear but not as distinctly as in the previous cases.

The state transitions are independent of actions in the cases
(i)-(iii). However, in case (iv), the interference power depends
on the previous actions. The more the agent allocates power to
a channel, the easier it is for the adversarial system to detect the
agent and interfere with the channels in the next time slot. When
the adversarial system does not detect activity, the channel is
left interference-free. The clearly sub-linear regret performance
of the MBOL approach can be seen in Fig. 3d. However, the
performance gain of the proposed approach may decrease when
the complexity of the adversarial system increases. Non-myopic
planning may be vital in such complicated scenarios.

Fig. 3 shows that the proposed MBOL algorithm outperforms
the baseline algorithms in terms of constrained regret in all
the considered environments and scenarios. The MLR model
can quickly capture the simulated dynamics to achieve a small
regret. However, in cases (i) and (iii), the regret is not distinctly
sub-linear, indicating that the linear MLR may not capture
the dynamics perfectly. The approximation error due to the
linear MLR model and the coarse quantization may lead to a

performance gap that is asymptotically seen as regret growing
linearly. The former problem could be reduced by using a
non-linear MLR model.

VII. CONCLUSIONS

In this paper, we proposed a Model-Based Online Learning
(MBOL) algorithm for co-designed and cooperative JRC sys-
tems. The proposed algorithm learns a probabilistic interference
model using OCO and employs a controller to plan over the
learned model. The simulation results demonstrate superior
performance for the proposed method in terms of low and sub-
linear constrained regret. However, the proposed approach could
be further improved by developing a non-myopic controller
for action-dependent interference scenarios. In addition, it may
be possible to improve the performance by using a non-linear
MLR transition model.
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