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Abstract—In large-scale Internet of things networks, efficient
medium access control (MAC) is critical due to the growing num-
ber of devices competing for limited communication resources.
In this work, we consider a new challenge in which a set of nodes
must transmit a set of shared messages to a central controller,
without inter-node communication or retransmissions. Messages
are distributed among random subsets of nodes, which must
implicitly coordinate their transmissions over shared communi-
cation opportunities. The objective is to guarantee the delivery
of all shared messages, regardless of which nodes transmit them.
We first prove the optimality of deterministic strategies, and
characterize the success rate degradation of a deterministic
strategy under dynamic message-transmission patterns. To solve
this problem, we propose a decentralized learning-based frame-
work that enables nodes to autonomously synthesize deterministic
transmission strategies aiming to maximize message delivery
success, together with an online adaptation mechanism that
maintains stable performance in dynamic scenarios. Extensive
simulations validate the framework’s effectiveness, scalability,
and adaptability, demonstrating its robustness to varying network
sizes and fast adaptation to dynamic changes in transmission
patterns, outperforming existing multi-armed bandit approaches.

Index Terms—Decentralized Learning, Distributed Coordina-
tion, Internet of Things, Medium Access Control

I. INTRODUCTION

ITH exponentially growing devices in modern wireless

Internet of things (IoT) networks, medium access con-
trol (MAC) to coordinate multiple nodes contending for shared
communication opportunities (in time, frequency, etc.) is in-
creasingly challenging, especially under tight resources and
large node counts [1-3]. Distributed random access strategies,
such as slotted ALOHA, are generally preferred because they
minimize signaling overhead and do not require centralized
scheduling [4]. These advantages become particularly impor-
tant as the network size grows, although the occurrence of
collisions, i.e., the risk that two or more nodes attempt to
access the same transmission resource, remains a significant
challenge. This challenge becomes more complex in large-
scale IoT deployments for tasks such as critical infrastructure
monitoring. When multiple nodes report the same event,
e.g., multiple sensors alarm on an industrial anomaly [5-
7], handling resource contention in a collision-free manner
becomes critical.
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In this work, we consider a complex problem, in which
a set of nodes must deliver a set of shared messages to
a central controller, without inter-node communication or
retransmissions. Unlike conventional random access scenarios,
where each node transmits its own independent data, the
presence of shared messages introduces additional complexity.
Specifically, these messages are distributed among random
subsets of nodes, indicating that multiple nodes may simul-
taneously attempt to transmit the same message over shared
communication opportunities. We refer to the nodes that have
to send one or more messages in the current time slot as the
active nodes, and all the nodes that have to send the same
message belong to the same active set. Complexity arises
because nodes need to coordinate who should transmit a shared
message and over which transmission opportunity without
retransmissions or central coordination, and the network must
rely on implicit mechanisms to ensure each shared message
is delivered successfully. In this case, a practical mitigation is
permitting message repetition across communication opportu-
nities (e.g., IRSA-type schemes [8]) to increase the chance that
at least one copy of each shared message finds a collision-free
opportunity.

Fig. 1 demonstrates an example example where message
repetition is crucial. Consider four nodes and two shared
messages, /1 (possibly available to nodes ni,mg) and I
(possibly available to nodes ns,n4). There are three shared
transmission opportunities. We further assume that, at each
time slot ¢, the set of active nodes can only be one of
{ng,ng}, {ng,n4}, {nl,ng,n4}, or {nl,n3, n4}. We show
by contradiction that, under such an activity pattern, any
strategy that restricts each node to transmit its message on a
single opportunity will fail, and message repetition is required
to guarantee the sucessful delivery of all shared messages.
Specifically, assume there exists a successful strategy in which
every node transmits at most once at each t (i.e., each node
picks exactly one opportunity). We consider different possible
active sets step by step: (i) When the active set is {n1,na, 14},
nodes n; and no must ensure [ is received. Because there is
no retransmission or inter-node coordination, and neither one
node knows whether the other holds [, n; and ny must both
attempt to transmit, yet they cannot do so on the same opportu-
nity (as that would cause a self-collision for /1). Similarly, n4
(which carries [5) must avoid colliding with the transmissions
of n; and no to deliver I, successfully. With only three
opportunities available, this forces ni, no, and ny to occupy
three distinct opportunities; (ii) Next consider the active set
{n1,mn3,n4}. It follows the same reason as in (i) that n3 and ny4
must attempt to transmit, but cannot use the same opportunity
as that would result in a self-collision for l5. Moreover, n;
(carrying [;) must use an opportunity different from those
chosen by ng and n4 to prevent an inter-message collision.
Because ny and n4 already had fixed (distinct) opportunities
from step (i), these constraints force ng to choose the same
opportunity that no used in step (i); (iii) Now consider the



Fig. 1: Example scenario where message repetition is crucial.
Panels (a)-(d) demonstrate how a strategy with message rep-
etition handles four possible active sets of shared messages
with limited communication opportunities, ensuring that for
every active set at least one copy of each shared message can
be delivered without collision.

active set {ns,n3}. From the assignments deduced above, no
and n3 have been driven to the same opportunity, so they
would collide when both are active. That collision would cause
both messages to fail delivery at that time slot ¢, contradicting
the assumption that the single-transmission strategy always
succeeds. In contrast, as shown in Fig. 1, a strategy that allows
controlled message repetition, i.e., assigning nj to transmit on
both opportunity 1 and opportunity 2, ny on opportunity 1,
n3 on opportunity 2 and ny4 on opportunity 3, ensures that
for every possible active set at least one copy of each shared
message finds a collision-free opportunity.

Recognizing the significance of message repetition for trans-
mission success, our goal is to maximize the probability of
successful delivery of shared messages under strict resource
limits. This objective is of practical importance in many IoT
applications, particularly those involving critical monitoring
tasks. For example, when multiple sensors detect the same
fault in an industrial process, it is essential to ensure that
the fault notification reaches its destination at least once. In
these cases, traditional throughput-maximizing approaches are
inefficient, as they assume each packet of individual node
carries independent information; instead nodes must coordi-
nate implicitly to guarantee at least one delivery per shared
message. Achieving this goal becomes particularly challenging
in dynamic environments where the set of nodes transmit-
ting messages changes over time. Dynamic node activation
patterns, which evolve probabilistically from one time slot
to the next, result in constantly shifting active sets. This
unpredictability is compounded by the fact that activation
probabilities are neither known in advance nor static; they may
depend on conditional relationships between nodes or emerge
randomly. For example, a node may be more likely to be active
if another correlated node is also active, or activations of two
nodes may be independent of each other. Crucially, each node
only knows its own activation status at any given moment,
making real-time coordination with other nodes challenging.

We also address IoT networks operating in continuously
evolving environments, where new sources of messages may
emerge, nodes may move, and the phenomena being mon-
itored could change [9, 10]. This requires the communica-

tion protocol adapting to time-varying activation probabilities
and handling the inherent uncertainty in node activations.
These challenges, i.e., the lack of global information and
the dynamics of message transmission scenarios, make it
essential to develop efficient and decentralized access control
mechanisms that ensure reliable and timely message delivery,
while allowing to tune transmission strategies in accordance
with changes in node activation patterns. These scenarios
are especially relevant for ultra-reliable low-latency commu-
nication (URLLC) and energy-constrained IoT deployments
[11], where strict latency and power budgets rule out costly
retransmissions and prolonged coordination.

A. Related Work

Several works in the literature address scenarios that share
similarities with the one proposed in this paper. In [12], the
authors introduce a framework for critical IoT applications
by prioritizing alarm messages over standard messages for
all nodes. They assume that the number of active nodes is
random and unknown in each time slot, deriving a random-
coding achievability bound on the misdetection and false
positive probabilities of both message types over a Gaussian
multiple access channel. Although their focus is on message
type classification, the random nature of node activation aligns
with some aspects of our problem. In [13], the authors focus on
improving detection performance in grant-free random access
systems where node activation patterns are correlated. This
correlation aids to enhance system performance, but the work
primarily emphasizes activity detection rather than message
delivery coordination which are central to our approach.

The work in [14] is the closest one to the current paper. The
authors consider a scenario where a single shared message
must be sent by a set of nodes over shared resources, with
signaling constraints necessitating a random access scheme.
The nodes must coordinate implicitly without inter-node com-
munication to ensure that at least one transmission avoids
a collision. They propose a solution based on a distributed
version of Thompson sampling for Bernoulli multi-armed
bandit (MAB) algorithms that can operate independently on
each node after an initial training phase. While effective, their
approach does not fully address scalability concerns as the
number of nodes grows. Our work differs in that we consider
the transmission of multiple shared messages and explicitly
address the need to adapt to dynamic activation probabilities
that govern the active sets and can continuously evolve. Other
works, such as [15] and [16], focus on throughput maximiza-
tion by leveraging correlations in activation patterns. Similarly,
in [17], the authors propose a resource allocation algorithm to
design a random access scheme that maximizes both through-
put and sum-rate by leveraging correlated activation patterns.
These works are focused on throughput optimization, which
contrasts with our goal of improving the reliability and success
probability of transmitting shared messages.

Learning-based techniques have recently been explored in
throughput maximization tasks [18-22]. In [18], multi-agent
reinforcement learning (MARL) is used to design grant-
free random access schemes suited for massive machine-
type communication (mMTC) scenarios. Similarly, in [19],
reinforcement learning (RL) is employed to develop a coor-
dinated random access scheme for industrial IoT networks,
where nodes generate sporadic, correlated traffic. However,
both RL and MARL approaches tend to suffer from scalability
issues, especially in large-scale random access schemes. A
more lightweight approach is proposed in [21], where the
authors develop a stochastic gradient descent-based algorithm



to optimize slot allocation probabilities. While promising,
their method assumes knowledge of activity estimation errors,
which may not always be available in real-world settings.
The work in [23] propose a graph neural network (GNN)-
based, distributed framework to optimize uplink schedul-
ing requests in industrial IoT scenarios, reducing redundant
scheduling messages and communication overhead; unlike our
work, which targets reliable transmission of multiple shared
messages, their focus is on scheduling-request reduction and
efficient distributed coordination. Finally, a related problem is
explored in [22], where the authors aim to reliably transmit
a shared alarm message by superposing individual signals.
Unlike the collision model we adopted, this approach does not
require coordination between the nodes and relies on signal
superposition for reliable transmission.

In this work, we extend the study of decentralized MAC
scenarios by introducing the challenge of transmitting multiple
shared messages under dynamic activation probabilities while
maintaining low complexity and scalability, filling a gap not
fully addressed by previous methods.

B. Our Contributions

In this work, we address a novel MAC problem where
multiple shared messages must be transmitted by nodes over
shared communication resources. Due to strict constraints on
signaling overhead, nodes are required to rely on a local access
scheme with no centralized coordination or explicit commu-
nication among nodes. The main challenge is to guarantee
every shared message delivered at least once, which requires
nodes implicitly coordinating their transmissions in a fully
decentralized manner, under dynamic node activation patterns
and without the possibility of retransmissions. More in detail,
our contributions can be summarized as follows:

1) We propose a new MAC problem for coordinated trans-
mission of multiple shared messages over limited re-
sources. Analyzing its theoretical foundations, we prove
that, if a unique optimal protocol exists for this task,
it must be deterministic. Randomized (i.e., stochastic)
solutions only exist as convex combinations of equally
optimal deterministic strategies. Moreover, we show that
this problem is NP-hard.

2) We develop an unsupervised and stateless learning-
based method to solve the proposed problem. Our
method is lightweight and decentralized, where each
node deploys a local deep neural network (DNN) to
select transmission opportunities. It eliminates the need
of inter-node communication and central coordination,
significantly simplifying the protocol design and system
requirements.

3) We derive a theoretical upper bound on the degradation
of transmission success probability when node activa-
tion probabilities change due to environment variations,
indicating resilience of our solution to mild environment
changes. When these changes are significant, we intro-
duce an online learning mechanism to maintain solution
robustness to time-varying environments.

4) We perform extensive experiments to show that our
framework outperforms baselines, scales to large net-
works, and exhibits robustness to dynamic environment
changes. All code is available on GitHub'.

The remainder of this paper is structured as follows. Sec. II
formulates the problem setting and Sec. III presents theoretical

ICode available at: https://github.com/Lostefra/Learning-Dec-MAC.

findings. In Sec. IV, we detail our proposed unsupervised
learning framework and online learning mechanism, which
are then evaluated through numerical simulations in Sec. V.
Finally, conclusions are drawn in Sec. VL.

II. PROBLEM FORMULATION

We consider a wireless network consisting of N nodes
N = {ni,...,nx}, which are tasked to transmit a set of
L shared messages £ = {l;...,I1} to a central controller
S using M > L orthogonal transmission opportunities (in
time, frequency, etc.). At any given time t,” message | € £
becomes available to a subset of active nodes, denoted as A;,
where A, € N and 0 < |A4;| < N. These active nodes
are responsible for transmitting message [ to the controller.
Importantly, nodes belonging to .4; are not aware of which
other nodes are also responsible for transmitting the same
message, nor do they have direct communication with each
other. The objective of the system is to ensure that each
message | € L is successfully transmitted to S at least once
over the M transmission opportunities. This must be achieved
regardless of which specific node transmits the message,
emphasizing the reliability of shared message delivery rather
than individual node success. The inherent challenge lies in
the absence of inter-node awareness, i.e., each node does not
know which other nodes are responsible for transmitting the
same message as itself, precluding explicit coordination. An
overall depiction of the scenario is provided in Fig. 2.

The coordination problem highly depends on the pattern
according to which the nodes become active. We model all
active nodes at time ¢t as A = A; || A2 || ... || AL, where
- || - is the concatenation operator. Here, a node that is active
for ¢ messages simultaneously is counted ¢ times. For the
cardinality of A, we have |A] < L- N = K. We model
A as a random variable with probability mass function p(.A).
Note that A is sampled from all possible subsets of active
nodes, i.e., A € Ry = {P1,...,Pax}, where the probability
of the set P; is p; for i = 1,...,2%. To account for possible
correlations among nodes that are active for the same message
(e.g., device groups that tend to co-activate), we allow p(.A) to
exhibit certain correlation structure. A convenient and flexible
way to encode this structure is to place a Dirichlet prior on the
probability vector over the 2% possible activation patterns. By
definition, these probabilities belong to the standard (2% —1)-
dimensional simplex

2K
K
A2 = (p17"'7p2K>: § plzla pzZO . (1)
i=1

Since A2" can be seen as a sample of a Dirichlet distribution,
we can model it as

,Pox ) ~ Dir(aq,...,a9x) , 2)
where a1, ..., asx are the concentration parameters with each
a; > 0. These parameters determine the shape of the Dirichlet
distribution. If a; > 1, the distribution is more concentrated
around the center of the (2% — 1)-dimensional simplex. If
a; < 1, the distribution tends to favor extreme values, inducing
a strong preference for a few recurring patterns. When all
parameters are «; = 1 for i = 1,...,2%, the Dirichlet
distribution becomes the uniform distribution over the simplex.

(pl,.‘.

2For simplicity, we omit the subscript ¢ in following expressions to improve
readability.
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Fig. 2: Reference scenario comprising N nodes transmitting
L messages over M communication opportunities to a cen-
tral controller S. Nodes n; and no transmit over the same
communication opportunity msy simultaneously, resulting in a
“collision”.

Each active node n € A; needs to decide which communica-
tion opportunities it uses to transmit message /. It is allowed to
use multiple communication opportunities to transmit the same
message, the principle behind which is to leverage repetitions
to improve throughput and reliability, as in irregular repetition
slotted ALOHA (IRSA) schemes [8]. We model this decision
as a vector x;,, € {0,1}, referred to as a move, where
[Xi,n]m = Tin,m = 1 if node n transmits message [ over the
m-th opportunity. We represent the moves of all nodes for
all messages in a tensor X € {0, 1}2*N*M ‘hence we have a
total of 2EVM different possible moves. We say a transmission
to be successful if the central controller receives all messages
L. Furthermore, a message is received successfully through
the m-th opportunity only if at most one node transmits over
communication opportunity m. In this context, we model the
condition for a successful transmission as

E(A,X) = /\I<3me {1,..., M}

=1
L 3)
neA; =1 nEAT
£l

where A represents the logical and operator and I(-) denotes
the indicator function, which returns 1 if the condition is met
and 0 otherwise.

For example in Fig. 2, consider nodes ni,ngo,...,ny with
message availabilities (I1,12), (I2,13), (I3),...,(I1), respec-
tively. Node n; sends message {; on communication opportu-
nities my and mo; ny sends ls on m3 and I3 on mo; n3 sends
l3 on my; ny sends I, on my,. The transmission is successful,
i.e., the success indicator (.4, X) in (3) is equal to 1, although
n1 and ng both transmit on my resulting in a collision. This
is because for every shared message [ there exists at least
one transmission opportunity m satisfying the two required
conditions: (i) exactly one active node for [ transmits on m,
and (ii) no node transmitting any other message uses the same
m. Concretely, [, is received via m; (only ny transmits /; on
my1), la is received via mg (only no transmits [, on ms3),
l3 is received via my (only n3 transmits [3 on my), and so
on up to Iy, on mys. Since each | € £ has at least one such
interference-free opportunity, the conjunction over messages in
(3) evaluates to 1 and the collective transmission is successful.

We define a local strategy of node n to transmit message
[ as a random variable ®;,, whose support is the set of

all possible moves, and its probability mass function (PMF)
G1.n(x1,n) € [0,1] represents the probability that node n
chooses move x;,, € {0,1}™ when it is active to transmit
message [. Moreover, we define the joint strategy of all nodes
as a random variable ¥ whose PMF v (X) € [0, 1] is the joint
PMF of {®;,};27,_;. ie..

L N
1/1(X) =P (\II = X) = H H ¢l,n(xl,n) 5 “4)

I=1n=1

where P(-) denotes a probability. We can then get the expected
probability of successful transmission according to the law of
total probability as

E[¢|®.p]= Y p(A) Y €AX) X)),

.AGR_A XE{O,l}LXNX]M

where E[] is the expectation, and formulate an optimization
problem to maximize the probability of successful transmis-
sion by finding the optimal joint strategy W* as

E[¢ [ ¥ p] = max E[{|W¥.p], (6)

referred to as the problem of shared messages’ transmission.
In Section III, we conduct theoretical analysis to provide
interpretations for problem (6) and its optimal solution. In
Section IV, we develop a decentralized learning-based method
to solve problem (6) and leverage online learning that adapts
our method to dynamic wireless scenarios. In Section V,
we evaluate the proposed method in extensive numerical
experiments to show superior performance.

III. THEORETICAL ANALYSIS

In the problem of shared message transmission (6), un-

derstanding the behaviors and properties of the optimal joint
strategies is critical, as it provides valuable insights to ef-
ficiently guide the search of solutions. Before proceeding,
we define deterministic and randomized joint strategies of
problem (6) as follows.
Definition 1 (Deterministic joint strategy). A joint strategy ¥
is said to be deterministic if its PMF takes binary values. That
is, for every node n € A/ and for every message [ € L, there
exists a unique move x;,, € {0,1}" such that

¢l,7a(xr7n) = 17 (7)
¢l,n(xl,n) = 07 vXl,n 7é X;(,n . (8)

Equivalently, the joint PMF (X)) satisfies
P(X) € {0,1}, VX e {0, 1}NxM 9)

implying that the strategy always selects the same moves.
Definition 2 (Randomized joint strategy). A joint strategy ¥
is said to be randomized if there exists at least one node n € N’
and one message [ € L for which the corresponding PMF ¢, ,,
is non binary-valued. That is, there exists at least one move
X, 5 € {0,1}M such that

0< Pyn(xin) <1. (10

That is, the joint strategy W inherently involves probabilistic
decision-making.

One of the key questions is whether deterministic strategies
are sufficient to achieve optimality or randomization is needed.
Deterministic strategies are easier to interpret and provide
predictable behavior compared to randomized strategies, as
they represent a specific subset within the broader class of



randomized strategies and each node makes always the same
move given the same problem setting. This motivates us to
characterize the deterministic / randomized property of the
optimal strategies for problem (6) in the following theorem.
Theorem 1. The set of optimal joint strategies for the op-
timization problem defined in (6) either consists of a single
deterministic joint strategy or includes a finite number D > 1
of deterministic joint strategies along with infinitely many
randomized ones, i.e., ¥ X € {0, 1}LXNxM;

N, P(X)e{0,1}:E[¢ | T =E[ | O]
@
(WL (X)) € {0,1},D > 1A

(2

3{®)}52,, ¢i(X) €[0,1] :

E[$ | ®;] =E[¢ | )] =E[{ [ @],

(1)

where @ is the exclusive or, the existence of an element x is
denoted by Jz, while Jlx specifies that x exists uniquely.

Proof. See Appendix A. O

Theorem 1 reveals a fundamental property of the opti-
mal joint strategies for problem (6). That is, the optimal-
ity landscape is structured in one of two distinct ways: (i)
it is possible that there exists a unique deterministic joint
strategy that achieves the maximum expected performance;
(ii) if there are multiple optimal deterministic joint strategies
(i.e., a finite set of them), there exists an infinite number of
randomized strategies - constructed as convex combinations
of those deterministic strategies - that also achieve the same
optimal performance. Therefore, it suffices to focus only
on deterministic joint strategies when solving problem (6)
without loss of optimality. This result motivates to search
for deterministic joint strategies, which offer a clear and
unambiguous rule for decision-making, without resorting to
probabilistic rules. While Theorem 1 provides interpretations
for the optimal solution and narrows down the search space
of transmission strategies, problem (6) remains significantly
difficult to solve. In the following theorem, we formally show
that (6) is a NP-hard problem.

Theorem 2. The optimization problem in (6) is NP-hard.

Proof. See Appendix A. O

Theorem 2 states that it is indeed challenging to solve
problem (6), which corroborates our intuitive observations
from its nature of limited resources, message sharing and local
information availability. The result identifies the complexity of
conventional heuristic methods when solving problem (6) and
motivates to leverage learning-based approaches to develop
efficient and scalable solutions in a decentralized manner.

In a general case, it is possible that node activation proba-
bilities vary over time due to many different factors, such as
new sources of messages, changes in the wireless environment,
node mobility, and so on. This indicates that the distribution of
active node sets .4, modeled by p(A), can vary over time. As
a consequence, an important property that requires attention
is the robustness of a joint strategy W to distribution changes
of A caused by external environment factors, i.e., how much
¢ = E[¢ | P, p'] can degrade if the distribution shifts to
p” and the expected probability of successful transmission
becomes & = E[¢ | W, p”]. If we model p’ and p” as
two independent and identically distributed (i.i.d.) realizations
of the same Dirichlet distribution and consider ¥ to be
deterministic, the following theorem derives an upper bound

on the probability that the degradation exceeds a threshold
error, i.e., [¢ —&"| > n with € [0, 1] the threshold error.
Theorem 3. Given p',p"” ~ Dir(ay,...,asx) [c¢f. (2)], a
deterministic joint strategy ¥, and defining ¢ = E[{ |
U, p), & =E[¢| @, p"] and a. = min{a;}2,, then

2

P(|§/*f”|277)<m,

(12)

Sfor any threshold n € (0, 1].
Proof. See Appendix A. O

Theorem 3 quantifies the performance degradation of the
transmission strategy caused by environment changes, i.e.,
distribution shifts of active node sets .A. The result indicates
that when distribution shifts are mild, the transmission strategy
is able to maintain satisfactory performance without need of
re-design. Moreover, the bound derived in (12) is particularly
useful when we consider large scenarios comprising many
nodes and messages. Having fixed  and o, an increase in the
number of nodes IV or in the number of messages L results
in a smaller upper bound, allowing for a lower degradation of
the value of E[¢ | ¥, p’] when p’ shifts to p”.

IV. MAC PROTOCOL LEARNING

With the deterministic nature of the optimal transmission
strategy [cf. Theorem 1] and the NP-hard complexity of the
shared message transmission problem [cf. Theorem 2], we
propose a decentralized, unsupervised, and stateless learning-
based (DUSL) algorithm to solve problem (6). Firstly, DUSL
is decentralized, where each node n € A is associated with
a distinct DNN and determines independently its strategy
to transmit messages L over the M opportunities, with-
out requiring communication among nodes. Secondly, DUSL
is unsupervised because we update DNN parameters using
only acknowledgments (ACKs) for successful transmissions
as feedback, without relying on any oracle or ground truth.
Thirdly, DUSL is stateless since it does not need explicit
knowledge of the distribution of active node sets p, but instead
learns to coordinate nodes’ message transmission through trial
and error during the training phase.

DUSL conducts centralized training with decentralized ex-
ecution (CTDE). At training time, we leverage a central-
ized feedback mechanism to guide the learning process, and
perform a stochastic training procedure that enables gradi-
ent backpropagation for optimization with non-differentiable
ACK feedback. At inference time, each node deploys the
learned policy locally in a decentralized manner, without the
operational overhead of a central controller. Moreover, the
learned policy is applied in a deterministic manner, where each
node follows a fixed decision rule based on the trained DNN
parameters to improve computational and energy efficiency,
reduce inference latency, and provide interpretability. The
overall training and inference procedures are presented in
Algorithms 1-2 and depicted in Fig. 3. We provide details
in the following subsections.

A. DNN parameterization

We parameterize the transmission strategy of each node n as
a set of L DNNs [24, 25], each corresponding to one message.
For each message [, the transmission decision is computed by
a dedicated DNN that consists of a single input neuron, H
hidden layers, and M output neurons as

) =W o (WO _io (- Wis)),  a3)
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Fig. 3: DUSL learning framework: Each node independently
determines communication strategies for messages using L lo-
cal DNNs, where feedback ¢ guides local training procedures.

where {Wg)h}ff:l € REwxFr-1 are the linear operation
matrices for the [-th DNN of node n, Fj, is the feature
dimension at layer h, and o(-) is the nonlinearity. The single
neuron input s does not encode any node-specific state but is
solely used to facilitate the exploration of new moves. Details
are further discussed in Sec. IV-B. The M output neurons of
each DNN are passed through a sigmoid activation function
to obtain probabilities, i.e.,

A0

2, 1 = 0(Z), m=1,...,M,  (14)
where [ZS)]m represents the probability that the [-th mes-
sage is transmitted utilizing the m-th available transmission

opportunity by node n. Each DNN can be represented as
a nonlinear mapping Xl’n(s,W,(Ll)), where Wy(ll) collects the
parameters {ngl,)h},}?’:1 for the I-th network. To determine

the transmission move of each active node {x;,}Z,, we

independently sample from L - M Bernoulli distributions with

the corresponding probabilities {[i:)]m}%’:ﬁ’l:ﬁ

The success of the m-th Bernoulli variable for the [-th DNN
indicates that the node attempts to use the m-th opportunity to
transmit the [-th message. We note that this parameterization
does not prevent a node from selecting the same transmission
opportunity for multiple messages. However, as detailed in the
following section, the training procedure relies on centralized
ACK feedback and thus, DUSL will implicitly coordinate
nodes and disfavor self-colliding strategies over time to in-
crease the number of successful ACKs. Extending the DNN
parametrization to ensure selecting each resource at most once
is left for future work.

B. Training Procedure

Our training algorithm is based on a reward-driven policy
gradient approach, similar to the REINFORCE algorithm [26]
but in an unsupervised manner and in a CTDE setting. At its
core, the objective is to maximize the reward, i.e., expected
success rate E[¢ | W, p] [cf. (5)], over the transmission
decisions taken by all active nodes. The following steps break
down the procedure:

1) Initialization. For each message [ € £ and node n € N,
we initialize a neural network policy 7 ,, with parame-
ters 0; . Each 7 ,, outputs M independent probabilities
corresponding to the M transmission opportunities. We
set the total number of training epochs 7', a learning rate

3The probability [ZELZ)]"L =0 form = 1,..., M by default if the node
does not belong to the active set of the [-th message.

2)

3)

4)

A € RT, and an exploration decay factor ¢ € RT that
controls the injected randomness during training.
Exploration and action selection. At each epoch t, a set
of active nodes A is sampled from the overall node set,
and a scalar s is sampled from a Gaussian distribution
s ~ Gaussian(0, e~<*). This noise s is injected to induce
stochasticity in the action selection and to guide the
policy exploring the action space during training. The
decay factor e~¢! decreases over time, which enables a
shift from exploration to exploitation. For each active
node n € A; corresponding to message [, the policy
71, (s) is queried to output a set of probabilities for the
M opportunities

5 (D)

(Z,, |m = min(s). 15)

5 (1 . -
The value of ZEL?m is interpreted as the probability
of using the m-th transmission opportunity to transmit

the [-th message. For each Z a Bernoulli random

variable m;", is sampled as

n,m?

O] )

my’, ~ Bemoulli(ZnTm (16)

These sampled outcomes determine the move x;, of
node n for message .

Reward computation. The reward signal £ is the only
centralized element of the DUSL framework and is used
exclusively for policy updates. Specifically, a central
controller collects the messages resulting from the joint
transmissions, computes a unique scalar reward ¢ that
measures overall transmission success, and broadcasts
this feedback to all N nodes at each iteration. Specifi-
cally, the controller attempts to decode every communi-
cation opportunity after each joint transmission, i.e., it
builds per-message ACKs y; € {0,1} (1 if message [
was decoded on any ogportunity), and broadcasts the
scalar reward & = [],_; y for policy updates. The
reward signal is positive if, and only if, the collective
transmissions were successful, which indicates that ev-
ery shared message was received by the controller at
least once. Therefore, each node learns to optimize its
behavior based on system-wide performance rather than
individual transmission success, promoting coordinated
strategies without direct inter-node communication. We
remark that ¢ is only needed for policy updates, but
not required during deployment. This ensures that the
trained system operates in a completely decentralized
manner, i.e., each node can execute its learned policy
locally without the operational overhead of a controller.
Policy gradient update. Each neural network policy
is updated with gradient descent in an unsupervised
manner. However, since the reward £(A,X) is non-
differentiable [cf. (3)], the gradient cannot be computed
directly. We leverage the policy gradient following the
REINFORCE update rule, which is a stochastic approx-
imation for the true gradient [27-30]. The update for the
parameters 0; ,, is then given by:

61,0 010\ Vo, Jogmn(my ,,...,mi7%|s) £(AX)

a7
The preceding update has three main components: (i)
learning rate )\, which controls the step size; (ii) log-
probability gradient Vg,  logm ,(-) , which computes
the sensitivity of the chosen actions with respect to



Algorithm 1 DUSL training procedure

1: Initialize a DNN 7 ,, with parameters 6; ,, V(I,n) € L x N, total
number of training epochs 7', an exploration decay factor ¢ € R, and
a learning rate A € Rt

2: fort € {1,...,T} do

3: Sample Ulel A; = A and s ~ Gaussian(0, e ~¢?)

4: forl € L,n e A do

5: Get probabilities [ZS)]m — 7 n(s)

6: Sample m™ ~ Bernoulli(ZS?m) ,me{l,--- , M}

7: Determine move X; ,, € X according to mlln, e ,m%L
8: end for

9: Compute £(.A, X) centrally and broadcast it to A

10: forl € L,n € A do

11 O1n — 01,0 +\-Ve, , logm,n (mll cm, s) £(A,X)
12: end for

13: end for

Algorithm 2 Deterministic inference procedure

1: Precomputation Phase:

2: forallleﬁandne./\/'dpl

3 Compute probabilities [Zil)]m — 7, (0)
4 Round to binary values m} ,...,mM <+ [Zﬁffl], cey [ZS?M}
5 Compute and store move x; , € X based on ml1 s mlj‘i
6: end for '
7: Inference Phase:

8: Sample the active node sets Ule A=A

9: foralll € £L and n € A; do

0: Retrieve precomputed move x; j,

1: end for

the network parameters; (iii) reward weighting (A, X),
which reinforces actions resulting in higher rewards.

5) Iteration. The process repeats over I’ epochs iteratively,
refining transmission policies through observed rewards.
As the exploration noise s decays, the DNNs focus more
on exploiting the learned strategies that maximize the
transmission success.

C. Deterministic Inference

Unlike training - where exploration via a stochastic policy is
essential for learning - we switch the trained stochastic DNN-
based policy to a deterministic transmission strategy during
inference to improve computational and energy efficiency,
reduce inference latency, and enhance interpretability. From
Theorem 1 in Section III, the optimal solution of the shared
message transmission problem (6) is either a deterministic
strategy or a convex combination of deterministic strategies;
hence, an optimal policy can be taken deterministic during
inference. Specifically, we set the exploration noise to zero
s = 0 that fixes the input of DNNs, and precompute network
outputs {7}, (0) };,, to obtain decision vectors of nodes. Then,
we round these output probabilities to the nearest integers (0
or 1) to determine transmissions for all nodes and messages.
This is a deterministic strategy, which remains unchanged over
time and depends only on the distribution of active nodes over
shared messages p, not instantaneous realizations of active
node sets. Alg. 2 summarizes the above inference procedure.
This deterministic inference enjoys the following benefits:

o Computational and energy efficiency. Since input remains
fixed and outputs can be precomputed, the system avoids
querying the neural networks repeatedly during inference,
reducing unnecessary energy consumption.

e Reduced inference latency. Precomputed decisions allow
for immediate access to the optimal action, significantly
reducing the time required for MAC decisions.

o Interpretability. The deterministic decisions provide a
clear and unambiguous rule for communication, facili-

tating easier analysis of the MAC layer.

While the training procedure requires a stochastic policy to
explore and learn effective strategies via policy gradients, the
inference procedure leverages deterministic and precomputed
decisions to provide efficient and interpretable MAC.

D. Online Learning Mechanism

While Theorem 3 guarantees that, under mild changes in the
node activation distribution p, the trained transmission strategy
{7 n}i,n is capable of maintaining satisfactory performance
with bounded degradation |’ —¢&”|, practical scenarios may ex-
perience severe distribution shifts in p. In these cases, {7/, }i.n
could suffer from significant performance degradation. To
overcome this issue, we propose an online learning mechanism
to tune the offline trained strategy and adapt it to the shifted
activation statistics in a real-time manner. The online learn-
ing mechanism is based on a reward-driven policy gradient
approach as well, where the objective remains to maximize
the expected success rate E[£ | W, p] over the transmission
decisions taken by all active nodes. Similarly to the offline
training procedure, it computes the instantaneous objective at
each time step and leverages the latter to update neural net-
works’ parameters with policy gradient, while requiring only
feedback from the central controller for objective computation
based on acknowledgments of successful transmissions.

Specifically, given the offline trained policies {7/, }1» With
parameters {0;‘  }1.m» We consider two online tuning strategies:
(1) full adaptation, which updates all parameters of {Wfkn}l,m
and (ii) partial adaptation, which updates only a subset of
parameters while freezing the others. The former adapts more
thoroughly to distribution shifts in time-varying environments
and may yield better performance, while the latter reduces
computational cost and speeds up the real-time online learning
procedure, which is beneficial in resource-constrained settings.

For either full adaptation or partial adaptation, let {7}, ,}i.»
be the transmission policies at each time step ¢ during infer-
ence. The nodes deploy their policies {7}, ,}i», With the ex-
ploration variable s to determine which opportunities are used
and, therefore, the complete set of moves to transmit messages.
Consequently, the remote server computes the transmission
success rate £ and distributes it to nodes as feedback. Based
on this feedback, each node updates full or partial parameters
of its own policy 7}, , with gradient ascent locally, in an
unsupervised manner through policy gradient.

E. Learning Complexity

The proposed DUSL directly outputs M probabilities -
one per communication opportunity - thereby framing the
problem as a structured prediction task where each binary
decision determines whether to use a specific opportunity for
transmission. However, the distributed MAB approach based
on Thompson sampling presented in [14] requires each active
node to choose from 2 possible arms, each corresponding to
a unique combination of the M opportunities. This exponential
increase not only escalates the memory requirements but also
imposes a severe burden on the learning process.

From a learning-theoretic perspective, the hypothesis class
for selecting among 2" actions entails a multi-class classifica-
tion problem with an exponentially large label space because
each unique combination of communication opportunities is
treated as a distinct class label, which leads to a Vap-
nik—Chervonenkis (VC)-dimension [31] equal to 2*. As the
VC-dimension grows, the sample complexity - the number of
training examples required to achieve a desired generalization



error - scales poorly. Under standard assumptions®*, the sample
complexity for learning the distributed MAB using Thompson
sampling approach scales as

o (2M + log(1/6)> ’

€2

where € is the target generalization error, § is the confidence
level, and the exponential factor is due to VC-dimension given
by the need to choose among 2 actions. In contrast, by
outputting M independent probabilities, the proposed DUSL
effectively decomposes the task into M binary classification
problems, each corresponding a binary decision. This factor-
ization reduces the hypothesis class complexity, decreases its
effective VC-dimension to M, and consequently lowers the
sample complexity. This allows DUSL to reduce the sample
complexity for learning to

0 <M+1og(1/6)) 7

€2

thereby providing an exponential-to-linear improvement com-
pared to distributed MAB. This improvement in sample ef-
ficiency translates into faster convergence and more reliable
learning performance, particularly in scenarios where M is
large.

V. NUMERICAL RESULTS

In this section, we present the simulation results for the
proposed algorithm. As discussed in Sec. II, a general way
to model the distribution p of active node sets A is by
sampling its PMF from a Dirichlet distribution. However, it
is challenging to define concentration parameters that capture
correlated node activation patterns, which may be due to
physical proximity of nodes, or to bound the minimum and
maximum number of active nodes. Moreover, as the number
of nodes and messages increases, generating the distribution p
completely becomes impractical because it requires defining a
PMF for |R 4| = 2¥ possible events [cf. (1)]. Therefore, we
define two feasible methods to determine p that allow for the
expression of possible pattern correlations and boundaries:

1) Conditional activation: In this setting, we characterize
the activation of a node conditionally to the others. We
consider L Bayesian networks (BNs) to determine the
active node set A; of message [ € L for [ =1,...,L.
Each BN is modeled by a directed acyclic graph com-
prising a set of nodes V = {V}}, ..., VlNl} representing
N, variables. These variables are arranged in a linear
sequence, where each has at most one incoming and
one outgoing edge, forming a path from a source to
a sink. Specifically, the variable V; in the sequence
determines the i-th active node in A; and the conditional
dependencies between node activations are modeled by
conditional probability tables. We get N; active nodes
transmitting message [ by sampling from the joint prob-
ability function defined by the BN, which is given by
the chain rule of probability as

N;
PV VR VI =TTV | Vi, V). (18)

i=1

4These sample complexity estimates hold under standard learning theory
assumptions [32]: (i) training samples are drawn i.i.d. from a fixed distribution,
(ii) the loss function is bounded, (iii) the hypothesis class has finite complexity
(e.%., VC-dimension), and (iv) the output structure is fixed, either as a single
2M _way output or M binary outputs.

2) General activation: In this setting, each node in the
active node set A; of each message [ is selected inde-
pendently from the others. We consider L multinomial
distributions to determine A; for [ = 1,..., L. Specifi-
cally, we sample A; through N; independent draws:

A; ~ Multinomial(N;, d} , ..., dN), (19)

where d} is the probability that node i is selected in
the active set A;. Consequently, we can bound the
cardinality of the active set transmitting [ as |.4;| < N.

For both cases, we evaluate the proposed algorithm for both
static and dynamic scenarios. The former considers a fixed
distribution of activation patterns p over time, while the latter
includes time-varying shifts in p. Additional experiments in-
vestigating unbalanced message availability, temporal correla-
tion, and learned policy statistics are provided in Appendix B.

A. Implementation Details and Baselines

Each DNN used for testing DUSL consists of three layers
with layer dimensions [256, 128, M]. The model is trained
using the Adam optimizer with a learning rate A = 103, and
employs ReLU activations. We also investigate a variant of our
DUSL algorithm, where each node deploys a single DNN that
generates L M output neurons to simultaneously determine
its transmission choices for all messages. For baselines, the
most relevant one is the distributed MAB approach leveraging
Thompson sampling proposed in [14], where each active node
chooses which opportunities to use for message transmission
in a distributed manner. In this approach, the action space
consists of all possible 2/ subsets of communication oppor-
tunities, and each node learns a policy over this combinatorial
space through bandit feedback, resulting in a higher learning
complexity as discussed in Sec. IV-E. Another baseline to
compare against our method is a random strategy, where each
node selects a random subset of opportunities for transmission
of each message [ € L at each time step, with each opportunity
being independently chosen with probability ﬁ. While this
naive approach does not leverage any learning or coordination,
it serves as a useful lower-bound reference. Across multiple
runs, fixed random seeds are used to ensure reproducibility.

B. Conditional Activation Patterns

In this section, we first evaluate our method in static
scenarios for different numbers of nodes N, channels M,
and messages L under conditional activation patterns, and
then consider dynamic scenarios in which the distribution of
active node sets p changes over time, resulting in different
conditional activation patterns. In each of the following cases,
we average performance curves over 15 different independent
runs to ensure the robustness of the methodology.

Scenario definition. To construct the BN for each message
l € L, we employ a hierarchical sampling process to define
the structure of the active node set .A;. We start by randomly
selecting four root nodes, each of which can activate up to
four child nodes. This branching process continues recursively,
forming a tree-like structure with directed edges representing
conditional dependencies. To maintain computational tractabil-
ity and avoid an excessively large set of active nodes, we
introduce constraints on the tree’s expansion at deeper levels.
Specifically: (i) Up to level 4, each node can activate four child
nodes; (ii) From level 5 to level 8, each node activates at most
three child nodes; (iii) Beyond level 8, the branching is limited
to two child nodes per node. This controlled growth ensures
that the resulting BN remains compact and the sampled
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Fig. 4: Training in static scenarios with conditional activation
patterns and L = 1.

active sets A; are of manageable size while preserving a rich
structure of conditional dependencies.

Static scenarios. Fig. 4 presents the performance of our
algorithm for a single message, i.e., L = 1, under two different
setups. The first one in Fig. 4a comprises a small scenario
with N = 16 and M = 4, where the size of active node set
is | A;| = 4. We see that the proposed DUSL and the baseline
MAB achieve similar performance, as both of them prove to be
effective in this simple scenario. However, as shown in Fig. 4b,
if we increase the number of nodes to 64, the MAB does not
scale and cannot solve the optimization problem. Conversely,
the proposed DUSL exhibits good performance, being able to
converge in these more complicated setting too. In Fig. 4b, it is
possible to evaluate the impact of the exploration decay factor
e: if e = 1, i.e., almost no exploration noise is fed to network,
the learning process is slower, but in the end, achieves better
performance than the case with ¢ = 0. In the latter case, the
input fed to the neural network is always noisy, facilitating
exploration at early training phases, but also preventing to
converge to better values at the end of the training. A good
trade off is to set a decaying ¢, such that the training is faster at
the beginning and the final convergence is not compromised.

In Fig. 5, we extend the scenario to multiple messages (L =
2 and L = 4). The configurations of the first case in Fig.
5a include N = 64 nodes and M = 32 opportunities with
|A;| = 4 active nodes per message, and that of the second case
in Fig. 5 include N = 64 nodes and M = 64 opportunities
with |A;| = 2. With multiple messages, the complexity of the
problem increases as the nodes must coordinate to successfully
send all the messages. In these large-scale settings, we omit to
present the distributed MAB approach as it is already proved
to be ineffective for L = 1 and N = 64, and it becomes
more computational and memory inefficient for greater M. For
instance, with M = 32, each node would need to consider 232
possible arms, requiring at least 232 steps to sample each arm
even once, and maintaining at least 2 - 232 counters to track
successes and failures, which is clearly impractical in terms
of both convergence time and memory requirements.

In this scenario, we also investigate a variant of our DUSL
architecture in which each node deploys a single DNN with
LM outputs determining the joint assignment of all L mes-
sages to the M transmission resources at that node. In Fig. 5,
we explicitly compare the two designs: Single-DUSL refers
to the single-DNN-per-node architecture, while Multi-DUSL
denotes the original design with L independent DNNs per
node (one per message). Empirically, Single-DUSL delivers
comparable final success rates but consistently exhibits slower
convergence than Multi-DUSL. We attribute this behaviour to
the stronger coupling induced by joint assignment: a single
network must learn to discriminate among L M decision
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Fig. 5: Training in static scenarios with conditional activation
patterns and multiple messages.

targets and its neurons jointly contribute to all messages, which
increases the learning complexity compared to having one
network dedicated to each message. Although the single-DNN
design reduces the number of distinct parameter sets, in our
large-scale settings the reduced per-message expressivity and
the more challenging optimization outweighed those advan-
tages. For the remainder of the experiments we focus on Multi-
DUSL and, for brevity, simply refer to it as DUSL.

Dynamic scenarios. In Fig. 6, we examine adaptation
capabilities of the proposed online learning mechanism in
dynamic scenarios, where nodes are required to quickly adjust
their transmission strategies according to variations in the
activation distribution p. We set N, M, and L as that in
Fig. 5, and change the environment periodically, i.e., allow
the model to adjust within a very limited amount of time after
the environment changes. We test the following four variants:
i) DUSL with full adaptation, where all parameters of the
offline trained model are updated online; ii) DUSL with partial
adaptation, where the first hidden layer of the offline trained
model is frozen and the rest parameters are updated online;
iii) DUSL without offline training, where all parameters are
randomly initialized and updated online; iv) Offline trained
DUSL without online learning. For each of the first three cases
including online learning, we consider two learning schemes
with different exploration variables ¢ = 1 and € = 0.

We see that the proposed online learning mechanism adapts
the offline trained policy quickly to distribution shifts and
maintains the performance of DUSL in dynamic scenarios.
Online DUSL initialized at the offline trained model achieves
the best performance, compared to the other variants, where
partial adaption reduces the learning complexity and improves
the adaption rate because it updates only a subset of model
parameters online. We remark that the changes in p are harsh
and each change is highly uncorrelated to the other in this
scenario [cf. (18)], as the sampling form the BN is uniform
and there is a limited number of possible active sets. This
highlights the robustness of the online learning mechanism
in challenging dynamic scenarios, which leads to significant
performance improvements for each change of p.

C. General Activation Patterns

In this section, we evaluate the proposed method in general
activation patterns, where there are no significant dependencies
between the nodes’ activations. We consider both static and
dynamic scenarios, and average performance over 15 different
independent runs to ensure robustness.

Scenario definition. As discussed, we use L multinomial
distributions to model the activation patterns for messages L.
For each [, the probabilities of the multinomial distribution
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(d},...,dN) are sampled from a Dirichlet distribution:

(d},....d") ~Dir(ly) , (20)

where 1y is a vector of ones of length N. This is a
common case for a Dirichlet distribution, where all of the
concentration parameters have the same value, resulting in no
prior knowledge favoring one node activation over another.
Particularly, when all concentration parameters are equal to
one, the Dirichlet distribution is equivalent to a uniform
distribution over the open standard (K — 1)-simplex, i.e., it
is uniform over all points in its support.

Static scenarios. In Fig. 7, we show the performance of
our algorithm in general activation setting for L = 1 for
static scenarios. The simpler scenario shown in Fig. 7a is
easily solved by both DUSL and the distributed MAB baseline.
However, in the more complex scenario shown in Fig. 7b
where we increase the number of nodes from 16 to 64, DUSL
is the only successful approach to reach convergence. The
exploration decay factor € has a notable impact; with reduced
exploration, i.e., ¢ = 1, the training is slower but in the end
achieves better performance than the case in which ¢ = 0.

In Fig. 8, we extend the analysis to multiple messages,
considering L = 2 and L = 4. The first scenario in Fig. 8a
features N = 64, M = 32, and |A4;| = 4 active nodes
per message, while the second in Fig. 8b presents N = 64,
M = 64, and |A;| = 2. Unlike the conditional case, the nodes
must coordinate their transmissions without any structured
dependencies to rely on. Consequently, the general activation
case is more difficult, and convergence is slower. In these
cases, we omit results for the distributed MAB approach due to
similar reasons as those discussed in Sec. V-B, because MAB
already proves to be ineffective for L = 1 and N = 64, and
computationally and memory inefficient for greater M too.

Dynamic scenarios. Finally, Fig. 9 shows the performance
of DUSL in dynamic environments for general activation
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tion patterns and multiple messages, where 5 changes of p4
occur.

patterns using the proposed online learning mechanism. We
set N and M as in Fig. 8, and evaluate whether the online
learning mechanism adapts quickly to shifts in the probability
distribution p. In these tests, the online learning mechanism
proves to be effective to transfer knowledge. The online
DUSL initialized from offline trained models, either with full
adaptation or partial adaptation, exhibits the best adaption per-
formance. The online DUSL initialized from scratch requires
significantly more time to converge, whereas the offline DUSL
without online learning mechanism performs worst with much
lower success rates. In addition, we note from these results
that fine-tuning through partial adaptation is generally the most
computationally efficient solution, as it requires less operations
to be performed online due to partial layer freezing in DNNs
and achieves comparable performance to full adaptation.

VI. CONCLUSION

In this work, we introduced a novel decentralized MAC
protocol learning framework considering the transmission of
multiple shared messages under limited transmission oppor-
tunities and dynamic node activation patterns. We proposed
DUSL, a deep learning-based, unsupervised framework, to
address the inherent coordination challenge due to the lack of
inter-node communication. We provided theoretical insights
into the problem of decentralized coordination, proving the
optimality of deterministic strategies. We also derived bounds
on the degradation of success probability due to changes
in node activation probabilities, which is crucial for under-
standing system robustness in dynamic environments. Through
extensive simulations, we demonstrated the scalability and
adaptability of our proposed framework, and its superiority
to baselines like distributed MAB. These results validate our
approach as an efficient solution for learning low-complexity,
scalable, and reliable MAC protocols, particularly for URLLC
scenarios and energy-constrained IoT applications.



APPENDIX A
PROOF OF THEOREMS 1, 2, AND 3
Proof of Theorem 1. The optimization problem in (6) is
standard linear programming problem

max E[¢ | ¥] = max wly 1)

subject to simplex constraints 2 > 0 and 174 = 1, since

E[¢|¥]= ) E[¢|¥=X]

XE{O,l}LXNXIW

= > 9(X) D palA) €A X)

Xe{o’l}LxNxM AER 4

= D X uX) =Ty,
XE{O,I}LXNXZM
where w(X) =3 4, Pa(A) §(A,X) € [0,1] is the proba-
bility of successful transmission given X. The Lagrangian of
(21) is

(22)

L(¢7 >‘a V) = wT¢ - )‘T¢ + V(]-T’(:b - 1)

= v+ (w-A+v1)Ty,
where A and v are the Lagrangian multipliers, the former
for the 25M inequality constraints, the latter for the equality

constraint. Maximizing with respect to 1 gives the dual
function

(23)

g()\,V):SipL('l,b,A,l/):—l/, (24)
where sup,, is the supremum of % and w —A+v1 = 0 is the
dual feasibility condition, otherwise g(A,r) is not bounded
from above as L is a linear function of ?». By considering the
dual feasibility condition, the dual problem is therefore
ing(A,v)=— L A= 1<0.

Ig\nglg( V) v, s w+rl< (25)
Here, from the dual constraint we get —v1 > w, that is a
vector inequality, equivalent to VX € {0, 1}EXNxM >
w(X), and consequently —v > max w(X), so the dual solution
is found at max w(X). We note that since the primal problem
(21) is a linear optimization problem, strong duality holds,
therefore the primal and the dual optimal objectives are equal:

_ Toly — i _
max E[¢|®] = max w P = r;\l’llflg()\,u) = m)z(lxw(X) .
(26)
If X* = argmax w(X) is unique, then

max E[{ [ W] =w(X") and 9(XT) =1, (27
i.e., W is the only optimal joint strategy and it is deterministic.
On the other hand, if there is a set {X;}2, such that X} =
argmax w(X) Vi € {1,..., D}, then

D
max E[¢ | ®]=w(X]) and Y o(X))=1, (28

i=1

i.e., there exists a finite set {W/}2 | of optimal deterministic
joint strategies, where ¢}(X7) = 1 and {(X}) = 0 Vi, k €
{1,...,D},i # k, and an infinite set {¥7}2°; of optimal
randomized joint strategies, where ¢7(X};) < 1 Vjk €
{1,...,D}.

]

Proof of Theorem 2. The proof is straightforward since Theo-
rem 1 allows to consider deterministic joint strategies only to
solve (6) without loss of optimality. When considering only
deterministic joint strategies, the problem in (6), framed as
standard linear programming problem in (21), can be reduced
to an instance of a NP-hard problem, i.e., 0-1 knapsack
problem [33], that is

n
max E C;, Ty ,
x
i=1

s.t. Zwi x; <C, z;€{0,1}Vie{l,...,n},

i=1

(29)

where x = ¥, ¢ = w, w = 1, and C = 1. To conclude
the proof, we note that in our setup the inequality constraint
in (29) is equivalent to an equality constraint, as w = 1
and exactly one x; = 1, i € {1,...,n}, is needed to solve
the maximization problem. In fact, we can have at most one
z; = 1 to do not violate the inequality constraint, and we
need at least one z; = 1, as if z; =0 Vi€ {l,...,n} then
>, ¢ x; =0, which is indeed the global minimum.

O
Proof of Theorem 3. Defining by X the moves of all the nodes
according to ¥, we can represent the set of values of A for
which the condition for a successful transmission holds as

S=1{A: €AX)=1, VAc R4} , (30)

and consequently we get the expected probability of successful
transmission as &' = »_ , s P (A) and £ = s DA (A).
Using the aggregation property of the Dirichlet distribution,
we can model (¢/,1 —¢’) and (£”,1 — &) as samples of a
Dirichlet distribution of order two:

(£l7 1- 5/) ’ (5//7 1- 5”) ~ Dir Z A, Z oA
Aes AERAN\S
= Dir (as,aF) ,
(3D

where « 4 is the concentration parameter associated to both
Pa(A) and pli(A) VA € Ry, and g = 3 4csaa and
ap Y Acr,\s @A are concentration parameters of a
Dirichlet distribution of order two. Since the marginal dis-
tributions of a Dirichlet distribution are Beta distributions,
we know that & and £” follow a Beta distribution, that is
¢, ¢" ~ Beta(ag,ar). We can now compute E[|¢' —¢”|] and
a bound for Var(|¢’ — ¢”|) which are helpful for the proof,
where Var(-) is the variance. We can obtain the former as

E[l§" - ¢"| = E[¢' - ¢"] P(§' =€)

(32)

+ EE"-&N1P(E¢ <) =0,
since we can apply linearity of expectation and get
Bl — ¢ =F[¢" — ¢ = as _ as —0.
€ - ¢ =B - €)= -2
(33)



On the other hand, Var(|¢' — ¢”|) can be written as

Var(l¢' - €"|) = E[l¢’ - ¢" "] - E[l¢’ - ¢")?

0 0
= Var(¢' — ¢") +E[¢' — 1P —E[l¢ - ¢"|)?
0 (34)
—_——
= Var(¢') + Var(¢”) — 2 Cov(¢/, ¢")

_ 2 ag ap
o (a5+ap)2 (1+a5—|—ap) ’

where the expected values are zero because of (32, 33) and the
covariance is zero given the i.i.d. assumption on p’, and p’}.
By setting @ = ag + ap, we can bound Var(|¢ —£”]) as

Var(|¢" - ¢"[) =

2 ag ap
a? (1+a)
< 2 o? 2 < 2
a2 (1+a) 14+a” 14+a. 2K
(35
In the first inequality, we leverage the fact that concentration
parameters are non-negative, hence o > ag and o > ar. On
the other hand, the second inequality holds as o = Z?Zl o >
ae - 2K, where a, = min{ai}?fl. We can then obtain (12)
by applying Chebyshev’s inequality:
P(g" =" zm) =P (||¢ = " - Ellg' = "] =)
_ Var(lg' — €]
- n? (36)
2
n? (14 a. 2K)°
Finally, since £ and £”, and consequently [¢' — &
bounded in [0, 1], it suffices to consider n € (0, 1].

<
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APPENDIX B
ADDITIONAL EXPERIMENTS
A. Unbalanced Message Availability
First, we investigate the performance of DUSL in a scenario
with unbalanced message availability. We adopt the condi-
tional activation pattern setting with N = 64 nodes, M = 32
communication opportunities, and L = 2 messages. The
imbalance is introduced in the cardinality of the active sets:
at each time step, the first message (1) is available to a set of
| A1| = 8 nodes, while the second message (l2) is available to
only a single node, i.e., | A2| = 1. The results are presented in
Fig. 10a. As shown, the DUSL framework successfully learns
an effective transmission protocol, with all variants of DUSL
significantly outperforming the random baseline. In particular,
the high-exploration case (¢ = 0.0) converges the fastest, while
the low-exploration case (¢ = 1.0) learns more slowly but still
reaches a comparable performance level, indicating that DUSL
is robust to asymmetries in message distribution.

B. Temporal Correlation in Activation Patterns

In the second experiment, we study the impact of temporal
correlation in the activation patterns. We extend the conditional
activation scenario by introducing a mechanism where the
active sets can persist over multiple time steps. Specifically,
for each message [ at each time step t, after a new active
set A;(t) is sampled, we also sample an integer persistence
duration b;; uniformly from {0,...,byax}. The active set
A;(t) then remains unchanged for the next b; ; time steps, i.e.,

0.8

02

°
S
°
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—— DUSL (e = 1.0)

DUSL (e = 3-107%)
—— DUSL (¢ = 0.0)
—— Random

—— DUSL (e = 1.0)

DUSL (e = 3-107%)
—— DUSL (¢ = 0.0)
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Success rate
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(a) N =64, M = 32,
|.A1‘ =38, |.A2| =1.

Fig. 10: (a) Training in a static scenario with conditional
activation patterns and unbalanced message availability, and
(b) training in a static scenario with temporally correlated
conditional activation patterns.

(b) N = 64, M = 32,
| Al =4, L =2, bmax = 10.
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(a) Message transmissions and opportunity use counts per trial in
conditional activation scenario.
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(b) Message transmissions and opportunity use counts per trial in
general activation scenario.

Fig. 11: Statistical analysis of learned policies for N =
64, M =64, L = 4,|A;| = 2.

A(t) = At +1) =--- = Ay(t + by,). For this experiment,
we set N =64, M = 32, L = 2, |A;| = 4 for both messages,
and byax = 10. The results, shown in Fig. 10b, demonstrate
that DUSL is robust to such temporal correlation as well.
DUSL quickly adapts and converges to a high success rate,
whereas the random policy’s performance remains low. This
suggests that the DUSL framework can effectively operate
in environments where the underlying state exhibits temporal
dependencies.

C. Learned Policy Statistics

To better understand the strategies developed by DUSL,
we now investigate the statistics of the learned policies for
two representative scenarios: the conditional activation case
from Fig. 5b and the general activation case from Fig. 8b.
Both scenarios use N = 64, M = 64,L = 4, and |A4;| = 2.
Figure 11 presents these statistics. The left plots of Fig. 11a
and Fig. 11b show the distribution of the total number of
message transmissions per trial for each of the L = 4
messages, presented as violin plots. In both scenarios, the
policies leverage message repetitions to ensure delivery. This
can be observed from the wide distributions and that the
expected transmission counts significantly greater than the



number of active nodes (|.4;| = 2). This demonstrates that the
algorithm learns to build significant robustness into its strategy
to maximize the success probability.

The right plots in Fig. 11 show the use counts of commu-
nication opportunities, displaying the mean usage (blue bar)
and the 25-75 percentile range (black bars) for the M = 64
opportunities. A key finding is that for both learned policies,
the 25th percentile for opportunity usage is in most cases
1. This is a critical outcome: it signifies that in at least
25% of the trials, these opportunities experience exactly one
transmission. As a use count of 1 represents a successful,
collision-free transmission, the fact that the learned policies
consistently ensure this condition is met across a wide range
of opportunities is a primary reason for their high success
rates. Importantly, successful decoding does not require every
opportunity to be collision-free, but only requires the L mes-
sages being delivered at least once. In other words, it suffices
that there exist at least L out of the M opportunities that
are used correctly (i.e., produce a collision-free transmission
of the corresponding message), while the remaining M — L
slots may contain collisions without harming overall success,
which explains why the policies can tolerate a certain number
of collisions yet still achieve high success rates.
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