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Abstract—Long-range wide-area network (LoRaWAN) has
become a foundational technology in the Internet of Things
(IoT) landscape due to its long-range (LoRa) communication and
energy efficiency (EE). However, its default adaptive data rate
(ADR) mechanism struggles to adapt to dynamic environments
and dense network deployments, where co-channel interference
and the coupling between transmission parameters limit its
ability to ensure reliable and energy-efficient communication.
To address these challenges, this article proposes MARLTC, an
ADR mechanism based on multi-agent reinforcement learning
(MARL) that jointly optimizes spreading factor (SF) and trans-
mission power using realistic observable metrics, including recent
transmission history, observed signal-to-noise ratios (SNRs), and
distribution of SFs in the network. The transmission configu-
ration problem is modeled as a cooperative Markov game and
solved using the centralized training with decentralized execution
(CTDE) paradigm, where pretrained policies are deployed at
end devices to infer suitable transmission parameters with
reduced convergence time. The results using a realistic LoRaWAN
simulator show that MARLTC achieves up to 67.9% faster
convergence, 62.1% higher EE, and a 5.0% better packet delivery
ratio (PDR) compared to state-of-the-art approaches, highlighting
its scalability and responsiveness in dense deployments. The
practical feasibility of MARLTC is further validated using
physical LoRaWAN hardware, proving that the resulting policies
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meet the memory and timing constraints of resource-constrained
IoT devices.

Index Terms—Internet of Things (IoT), long-range (LoRa)
communications, LoRa wide-area network (LoRaWAN), multi-
agent reinforcement learning (MARL), wireless networks.

I. INTRODUCTION

ONG-RANGE (LoRa) communications, which operate

under the LoRa wide-area network (LoRaWAN) pro-
tocol, have become a cornerstone technology in Internet of
Things (IoT) deployments due to their low power require-
ments and extended communication range [1], [2]. LoORaWAN
was conceived for sparse network scenarios characterized by
infrequent transmissions and small data payloads over long
distances [3], [4], [5]. Emerging deployments in domains
such as smart cities, industrial automation, and large-scale
environmental monitoring increasingly involve dense networks
with a growing number of end devices [6], [7]. Such large-
scale, dynamic systems require fundamentally new approaches
to programming and runtime coordination beyond traditional
mechanisms, as also highlighted in the context of next-
generation large-scale computing systems [8]. At the MAC
layer, LoORaWAN employs a pure ALOHA protocol, which
enables low power consumption by eliminating the need for
carrier sensing. However, in dense deployments, this unco-
ordinated access often causes frequent packet collisions and
increased co-channel interference, leading to reduced energy
efficiency (EE), lower network reliability, and poorer overall
system performance.

A common strategy to mitigate interference is to adjust the
transmission parameters of the involved end devices, such as
the spreading factor (SF) and transmission power. Co-channel
interference consists of co-SF interference, which arises when
devices using the same SF transmit on the same channel,
and inter-SF interference, which results from the imperfect
orthogonality among different SFs. This interference creates
a strong coupling among the transmission parameters of end
devices, making the optimization of EE and network reliability
challenging in dense networks. LoRaWAN’s adaptive data
rate (ADR) mechanism dynamically adjusts the transmission
parameters of end devices to optimize EE and network per-
formance [9]. However, it relies on historical averages of link
quality metrics, updating parameters only after a given number
of uplink messages [10], [11], [12], [13], [14]. This limits
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ADR’s responsiveness to channel changes. Moreover, although
interference significantly affects communication reliability, the
default ADR does not explicitly account for it [15], [16], [17],
[18], [19], causing performance degradation as networks scale
[20], [21].

To overcome these limitations, proactive or context-aware
approaches, such as link quality prediction based on his-
torical data, mobility, or location information, have been
investigated [10], [22], [23], though they often rely on con-
textual information that is complex or unfeasible to obtain in
realistic deployment scenarios [14], [24]. Some works have
explored reinforcement learning (RL) for optimizing trans-
mission parameters in LoRa networks, but most approaches
focus on a single gateway and overlook interdevice interac-
tions, limiting network scalability [25], [26], [27], [28], [29].
Multiagent RL (MARL) addresses these issues by facilitat-
ing coordinated learning among devices to enhance overall
network performance, scalability, and convergence time [30],
[31], [32], [33]. Despite the potential of RL- and MARL-
based methods for optimizing LoRa transmission parameters,
existing approaches often rely on simplified network models
that overlook interference in dense multigateway scenarios,
depend on instantaneous feedback metrics that are not directly
observable in practical deployments, and assume that compu-
tationally intensive agent training can be performed on end
devices. Thus, developing adaptive mechanisms that operate
effectively under interference and realistic deployment con-
straints remains an open challenge.

In this article, we present MARLTC, a MARL-based trans-
mission control mechanism for dense LoRaWAN networks
that jointly optimizes the SF and transmission power to
enhance EE and reliability. MARLTC explicitly accounts
for co-channel interference and aims to guarantee a user-
defined packet delivery ratio (PDR) target while minimizing
energy consumption. We explore multiple policy variants:
one optimized for EE, another for packet delivery, and a
third enabling dynamic tradeoffs between these objectives.
This allows tailoring to specific application needs and sup-
ports comparative evaluation across diverse network scenarios.
The transmission configuration problem is modeled as a
cooperative Markov Game. We adopt a centralized train-
ing with decentralized execution (CTDE) paradigm tailored
to the LoRaWAN architecture, where policy optimization
is performed centrally using information aggregated across
gateways, whereas inference is executed independently on
each end device using local observations and infrequent,
lightweight feedback from the closest gateway. By leveraging
the collaborative learning capabilities of MARL, MARLTC
adapts to dynamic channel conditions and interference patterns
while maintaining scalability, provided that the communication
overhead from shared state information remains bounded. It
also enables coordinated, distributed decision-making with-
out requiring access to global state or synchronized control,
supporting practical deployment in large-scale LoRaWAN
networks with minimal protocol modifications and commu-
nication overhead. We evaluate MARLTC using FAST-LoRa
[34], a novel open-source simulation framework designed for
efficient and realistic LoORaWAN network evaluation and anal-
ysis. We evaluate MARLTC across diverse urban deployments,
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demonstrating its effectiveness in improving EE and reliability
compared to state-of-the-art ADR schemes. To ensure real-
world viability, we implement a model-conversion pipeline
that translates PyTorch-based policies into lightweight C code.
We validate the practical feasibility of this implementation on
physical LoRaWAN hardware, proving that MARLTC satisfies
the strict memory and real-time execution constraints of IoT
hardware.

The main contributions of this article are summarized as
follows.

C1: We propose MARLTC, a novel ADR mechanism based
on MARL, which optimizes EE and reliability in
dynamic and dense LoORaWAN networks.

C2: We introduce an interference-aware state and reward
design that models interdevice coupling via aggregated
SF occupancy and transmission history, and enforces
reliability through a PDR constraint, enabling energy-
optimal, LoORaWAN-compliant decentralized adaptation.

C3: We develop a scalable cooperative Markov game for-
mulation for LoRaWAN ADR integrating CTDE, a
shared policy across end devices, and asynchronous
uplink-aligned updates, enabling interference-coupled
optimization in dense deployments.

C4: We demonstrate through extensive simulations using the
FAST-LoRa framework [34] that MARLTC outperforms
state-of-the-art ADR mechanisms in terms of EE and
reliability across diverse urban scenarios.

C5: We verify the hardware feasibility of MARLTC via a
model-conversion pipeline. Experimental results on a
physical LoRaWAN testbed demonstrate a 76% reduc-
tion in memory footprint and negligible inference
latency, confirming that the policies are compatible with
resource-constrained IoT hardware.

The remainder of this article is organized as follows.
Section II reviews state-of-the-art ADR mechanisms for opti-
mizing LoRaWAN performance, Section III formulates the
analytical model underpinning MARLTC, and Section IV
describes the proposed framework. Sections V and VI present
a comprehensive evaluation of MARLTC against current
state-of-the-art algorithms. Section VII assesses the practical
feasibility of deploying MARLTC policies on a physical
LoRaWAN testbed. Finally, Section VIII summarizes key
findings, discusses limitations, and outlines future research
directions.

II. RELATED WORK

Various research efforts have proposed enhancements of
the transmission parameter selection mechanisms, ranging
from minor algorithmic adjustments to more sophisticated
solutions. More broadly, the challenge of coordinating dis-
tributed components under locality and interaction constraints
has long been studied in distributed and parallel systems,
for example, in locality-aware programming models such as
Javasymphony [35], which highlights the importance of explic-
itly considering communication and coordination behavior.
For example, ADR+ [21] improved link quality estimation
by averaging multiple previously received packets rather than
relying on single-packet metrics. G-ADR and EMA-ADR [13]
built on this approach by applying Gaussian and exponential
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moving average filters, respectively, to enhance performance
in noisy environments. EXPLoRa [36] mitigated congestion
by distributing SFs according to the number of end devices,
and I-ADR [37] improved convergence reliability by assigning
initial SFs based on the signal strength of the first received
transmission. Blind ADR [38] improved reliability and EE
by eliminating reliance on link quality metrics and cyclically
alternating among predefined transmission settings. LR-ADR
[10] applied linear regression to predict future link quality
based on historical packet reception metrics, achieving better
performance in dynamic environments. MADERE [22] esti-
mated the distance to gateways using received signal strength
and selected transmission parameters based on the predicted
future location of end devices. KDR [23] used trajectory
estimation combined with a k-nearest neighbors algorithm
applied to a buffer of previous signal-to-noise ratio (SNR)
samples to predict future SNR values, thereby enabling the
preemptive selection of transmission parameters. HADR [39]
and RM-ADR [14] dynamically adapted ADR strategies based
on mobility status, determined through positional informa-
tion or coordinated decision-making between the network
server (NS) and end devices. The method proposed in [24]
adjusted transmission configurations to meet quality of service
requirements, prioritizing communication reliability and EE in
dynamic LoRa scenarios.

Some approaches have explored RL for transmission param-
eter selection [25], [26], [27], [28], [29]. In [25], an algorithm
based on DRL is presented, which found suitable transmission
settings for end devices, minimizing energy consumption and
the bit error rate. ADRL [26] employed geometric methods
to predict the trajectory of the end device and a lightweight
KNN-based approach to forecast signal strength [23], [40],
[41]. Then, deep RL was used to optimize transmission
parameters, minimizing energy consumption while maximiz-
ing packet delivery and ensuring duty cycle compliance.
LoRa-MAB [27] adopted a distributed approach that achieves
solid performance but suffers from low EE due to a prolonged
exploration phase and additional communication overhead.
LP-MAB [28] mitigated these issues by shortening the explo-
ration period and employing a centralized strategy where the
NS manages the transmission parameters of end devices in
a LoRaWAN network. LoRa-RL [29] leveraged deep RL to
enhance EE in a scenario with multiple end devices and
a single UAV-based gateway, showing strong results with
pretrained agents.

While existing RL-based methods have shown great poten-
tial in optimizing transmission parameters for individual
LoRa devices, they often focus on single-gateway optimiza-
tion without fully capturing the interactions among multiple
devices sharing the same channel and resources in the net-
work, such as interference. Building upon these foundations,
MARL enables coordinated learning across multiple agents,
allowing devices to adapt their transmission strategies col-
laboratively [30]. This leads to improvements in scalability
and overall network efficiency under dynamic conditions.
The work [31] presents a MARL framework for adap-
tive wireless network management, where each end device
autonomously adjusts its transmission parameters using a local
agent that optimizes a reward function balancing application-
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specific performance with global network fairness. The work
demonstrated improved adaptability and responsiveness com-
pared to single-agent and ADR-based approaches. However,
this approach employs simplified network models that do
not fully account for dense multigateway deployments and
interference among end devices. Moreover, the study does
not address the practical feasibility of conducting compu-
tationally intensive agent training on resource-constrained
end devices. Zhao et al. [32] propose a MARL algorithm
for energy-efficient transmission in LoRaWAN-based sensor
networks, optimizing link quality, energy use, and packet
collisions. However, its focus on underground environments
limits applicability to standard LoRaWAN deployments. In
[33], the proposed MARL-based framework optimizes trans-
mission parameters by leveraging instantaneous estimates
of EE and communication reliability. While this frame-
work demonstrates notable improvements over Semtech’s
ADR mechanism in terms of EE, it relies on instantaneous
network performance metrics, derived from an analyti-
cal model, that are not directly observable in practical
LoRaWAN deployments. Although the model is validated
using an established simulation framework, it lacks realis-
tic updates from gateways and the NS needed to capture
the dynamics of operational deployments and channel con-
ditions, which significantly limits the framework’s practical
applicability.

In contrast to prior MARL-based approaches, MARLTC
is designed to operate under realistic LoRaWAN network
and protocol constraints. Unlike [31] and [32], which adopt
simplified interference abstractions, MARLTC explicitly mod-
els both co-SF and inter-SF interference, including capture
effects, in dense multigateway urban scenarios. Addressing the
observability assumptions identified in [33], MARLTC adheres
strictly to the LoRaWAN protocol constraints by relying exclu-
sively on locally available transmission histories and sparse,
aggregated feedback provided by the NS, thereby avoiding
the use of instantaneous global network metrics that are not
observable in practical deployments. Finally, distinct from
approaches requiring on-device training, MARLTC adopts a
centralized training, decentralized execution paradigm aligned
with the LoRaWAN architecture, in which computationally
intensive policy optimization is performed at the NS while
resource-constrained end devices execute only lightweight
inference. This design enables scalable and interference-aware
adaptive transmission control in dense LoRaWAN networks
under realistic deployment conditions.

III. SYSTEM MODEL

In this section, we introduce the key components of the
LoRaWAN architecture and the transmission reliability model
(including co-channel interference) that forms the basis of our
method.

A. LoRaWAN Network

We consider a LoORaWAN network comprising n end devices
and m gateways. Let € = {e}, ez, ..., e,} denote the set of end
devices and G = {g1,82,...,&n} the set of gateways. We
introduce the indices i, j € {1,...,n} to refer to end devices
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ei,ej € £ and k € {1,...,m} to refer to gateways g € G.
The index i is typically used to represent a reference end
device, while j may denote another device in the network
for modeling interference, with the convention that i # j.
Each end device e; is configured with a transmission power
pi € P, an SF f; € F, and a coding rate r; € R, where
P, F, and R denote the respective finite sets of admissi-
ble transmission powers, SFs, and coding rates, respectively
[34]. Gateways serve as receivers and are responsible for
collecting uplink transmissions from the end devices. The
network adopts a star topology, as is standard in LoRaWAN
deployments, whereby all end devices communicate directly
with any gateway within their communication range. Gateways
are interconnected through an NS, which is responsible for
coordinating network operations. The NS performs device
registration, manages the scheduling of uplink and downlink
transmissions, executes ADR algorithms, and enforces policies
aimed at ensuring scalability, reliability, and EE.

B. Transmission Reliability

LoRa transmission reliability depends on two conditions:
1) the received signal strength indicator (RSSI) exceeds the
receiver’s sensitivity threshold, and 2) the signal remains free
from collision with concurrent transmissions [42]. Accord-
ingly, the PDR from end device e; to gateway g; is modeled
as the product of these two probabilities

PDRj = i - Lix (D

where y;; is the probability that the RSSI is sufficient, and
Zir 1s the probability of the packet not being corrupted by an
interfering transmission [26], [33].

1) Received Signal Strength Indicator: The RSSI at gate-
way g from end device e; is calculated using the log-distance
path loss model, which effectively captures signal attenuation
in urban and rural environments. This model incorporates
transmission power, the distance between end devices and
gateways, and shadowing effects resulting from environmental
variability. Formally, RSSI is given by

RS S Iy = pi — PL(dp) — 10ylog, (Z—'(’:) - N, 2)
where p; is the transmission power of end device e;, PL(dy)
is the mean path loss at reference distance dj, y is the
path loss exponent, dj. is the distance between end device
e; and gateway g, and N, is a Gaussian-distributed variable
representing shadowing. The SNR of a transmission from end
device e; arriving at gateway g; can generally be calculated
as [43] SNRy, = RSS I — Ny, where Ny is the noise floor in
dBm.

To determine the probability ¢ that the signal strength is
sufficient for decoding, we rewrite RSS I as zj; — Ny, with
ik = p,'—PL(do)— 10’}/ 10g10 (dik/d()) and Nik ~ N(O, O’). Then,

Yi =P (RSSIy > ny)

1 1 Zik — 1y,
=P (N < zik — 15, =—+—erf( : 3)
( m =3t V2o
where 7, is the sensitivity threshold corresponding to SF f;,
and erf is the Gauss error function.
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2) Interference: To model interference effects ({i), we
begin by calculating the time interval during which trans-
missions from two end devices, e¢; and e¢;, may overlap. We
assume that successful decoding requires at least the final five
preamble symbols to be received without collision [44], [45].
The critical time interval is

T;=T; + T; = (npr = 5) T @)

where 7, is the number of preamble symbols. Considering
Poisson packet generation [33], [45], [46], the probability that
the transmission of end device e; interferes with the one of ¢;
is

hij=1— e (5)

where A denotes the average packet generation rate of the
involved end devices. The Poisson packet generation model is
widely adopted in the literature and state-of-the-art simulation
frameworks, as it captures both the discrete and inherently
random nature of message transmissions typical of low-power
wide-area networks [45], [47], [48]. While practical traffic
may deviate from a Poisson process, the average interfer-
ence probability is primarily determined by the aggregated
activity of the concurrently active devices. Furthermore, since
MARLTC operates on gateway-level aggregated metrics (e.g.,
SNR), variations in the traffic model affect these measurements
without altering the underlying optimization framework. To
assess robustness, we have also implemented a bursty traffic
model, in which each end device transmits with a per-interval
probability scaled by a burst factor. Additional evaluation
results under this model are provided in the Appendix.

The LoRa modulation allows decoding below the noise floor
as long as the signal-to-interference ratio (SIR) remains above
a spreading-factor-dependent threshold w. s, [45], [49]. Hence,
the probability that a transmission from e; interferes with a
transmission from e; received at g, is

P(RSS I — RSS I < wyy)

=P(Nj — Ny < wgrp — @ik — Zjx))

1 1 wﬁf-—(Zik—zjk))
=— 4+ —erf[ ———" ). 6
22 ( 220 ©

The combined probability that e;’s transmission remains
uncorrupted by all other devices is then

o= ]

JElL.NY, i)

(1—hijP(RSS]ik—RSSIjk<U.)ﬁ.fj)). (7)

This formulation adopts a pairwise independence approx-
imation, commonly used in stochastic wireless network
analysis for dense deployments [45], [49], [50]. Instead
of modeling the joint interference from all simultaneous
transmitters, which is generally intractable, it approximates
interference as independent pairwise capture events. This
captures the dominant first-order behavior of LoRa reception,
including SIR-based capture and spreading-factor-dependent
interference, while neglecting cumulative and higher order
interference effects.
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3) End Device PDR and EE: To calculate the overall PDR
of a single end device e;, considering all available gateways,
the gateway-specific PDRs can be combined as follows:

PDR;=1- [] (1-PDRy). (8)
ke{l..K}

The resulting end-to-end PDR is thus a nonseparable stochastic
objective function of the joint transmission configuration. This
mapping explicitly captures the interagent coupling induced
by shared spectrum access and spatial reuse across multiple
gateways, providing the physical-layer foundation for the
proposed multi-agent problem. Subsequently, the EE of an
end device e¢; can be defined as the number of payload bits
successfully transmitted per amount of energy consumed by
the end device. The EE in bits/mJ can be calculated as follows:
EE, = SL PR ©)
CPi T;
where L is the number of payload bytes, 7; is the time
required for transmitting a single packet, and C, is the
power consumption in mW using a transmission power setting
pi € P.

IV. MARLTC: A MULTIAGENT ADR

MARLTC is a MARL framework for adaptive transmission
control in dense LoRaWAN networks. MARLTC optimizes
the SF and transmission power of end devices, considering
co-channel interference to meet application-specific reliability
targets while minimizing energy consumption. In this section,
we describe the problem formulation, training with multiple
policies, and the resulting transmission selection algorithm.

A. Multiagent Problem Formulation

We formulate the transmission parameter selection problem
as a cooperative Markov game, a multi-agent extension of
Markov decision processes [51]. We aim to maximize the EE
while maintaining a minimum required PDR by adjusting the
SF and transmission power settings of end devices, as follows:

arg max Z EE; (10a)
F.pP .
i€f{l,...,n}
with PDR
PDRRE 2 PDRM Vie(l,...,n) (11a)
where, ' = {f1,....f,} and P = {p1,...,p,} denote the

SF and transmission power settings for all n end devices.
The EE EE; and PDR PDR; of each device are modeled as
functions of the transmission parameters of all devices, i.e.,
EE; = EEi(F,P) and PDR; = PDR;(F,P). PDRT™ denotes
the maximum achievable PDR of device e¢;, and PDREhr is its
configurable threshold. Both metrics are stochastic quantities
induced by the underlying wireless channel and the collective
co-channel interference patterns of concurrent devices. This
formulation represents a constrained stochastic optimization
problem over a coupled joint action space, where the PDR
constraint enforces the feasibility of admissible transmission
configurations and prevents the policy from converging to
energy-efficient but unreliable operating regimes.
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A Markov game [51] for n agents is defined by a set of states
S, a collection of action sets {A4;,...,.4,}, and a collection of
observation sets {O1,...,0,}, one for each agent. The state
transition function 7 : S x A; X ,..., xA, — & specifies the
probability distribution over the next state, given the current
state and the joint actions of all agents. Each agent e; receives
local observations o; : S — O; and selects actions according
to a stochastic policy 7y, : O; x A; — [0,1]. In MARL, each
agent is associated with a reward function r, : S x A; - R,
aiming to learn a policy that maximizes its expected cumu-
lative return R; = Zszo ¥'ri, where vy is the discount factor
and T denotes the time horizon. This multi-agent system is
formally characterized as a decentralized partially observable
Markov decision process (Dec-POMDP). In this framework,
the global network state evolves according to a Markovian
transition kernel driven by joint agent actions, while individual
end devices operate under partial observability, mitigating the
inherent nonstationarity of the dense network through the
coordination logic learned during centralized training.

In our specific problem, we adopt a CTDE approach.
During training, interconnected gateways and the NS collect
transmission data and global context to learn a shared policy
applicable to all agents. This centralized training phase lever-
ages the broader network view available at the gateways to
improve policy coordination and convergence. Once training
is complete, policy inference is executed independently at each
end device, based on a combination of local observations and
a limited amount of aggregated network information.

All end devices are assumed to be homogeneous in capabil-
ities and objectives. In terms of capabilities, each end device is
endowed with an identical set of controllable actions, namely
the selection of the SF and the transmission power level.
This assumption does not preclude differences in manufacturer,
hardware generation, or other device-specific characteristics;
rather, it reflects the practical deployment scenario considered
in this work, in which all devices comply with the LoRaWAN
standard and therefore expose a common configuration space
to the MARL agents. With respect to objectives, all agents are
trained to optimize a common global goal, namely, maximiz-
ing the overall EE of the network while satisfying a prescribed
PDR requirement. Consequently, all agents pursue identical
optimization criteria and act within the same action space,
while remaining responsive to different local observations
induced by spatially and temporally varying network condi-
tions, such as differences in experienced interference levels.
This allows for a shared formulation where observation spaces,
action spaces, reward functions, and policy structures: O; =
Oj, Ai = Aj, i = 1rj, me, = mg, Vi, j € {1,...,n}. This
shared policy supports scalability, efficient coordination, and
generalization while enabling robust adaptation to dynamic
and heterogeneous network conditions.

1) Observation: The observation space comprises a com-
pact feature set designed to capture the dominant latent
variables of the network, specifically link quality and
co-channel interference. We define the local observation of
every agent e; at its individual step 7 as

of = (H]. 4. PDR}") (12)
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where H is the transmission history set, which contains
information about the past i packet transmissions from end
device e; that were successfully received by at least one
gateway in the network; g7 is the share of end devices currently
configured to use each SF f € F; and PDR?" is a value
controlling the desired relative PDR threshold normalized to
an interval of [0, 1]. While this observation does not constitute
a sufficient statistic for the global network state, it minimizes
the information overhead during decentralized execution while
preserving the essential features required to approximate the
gradient of the joint objective function. We define the trans-
mission history set of past packet transmissions included in
observations as follows:

H = (HF D 1) (13)

where 7—[:’(1) represents the last packet transmission before 7,
and Hf’(h) represents the Ath last packet transmission before 7.

Each transmission set is defined as follows:

HE = (S NR,...,SNRIY, 70, prt” )

im >Ji (14)
where SNRT is the normalized SNR of the vth last packet
transmission before 7 from end device e; as received by
gateway g,, and £ and p™ are the normalized SF
and transmission power settings used for that transmission.
Normalization is used to map the actual SNR of packet
transmissions to the [-1, +1] interval, as suggested by [52],
following initial experiments that indicate improved training
results. Transmissions with an SNR below S NR™" = —-20 dB
should not be received by a gateway, even with the SF
resulting in the highest receiver sensitivity. Values above
SNR™% = 10 dB indicate transmission strength well above
the requirements. Although RSSI could be employed to assess
transmission quality, we opted for SNR based on empirical
observations that demonstrated that SNR provides a more
reliable and discriminative metric for characterizing link qual-
ity in our target scenarios. This choice is also motivated by
the fact that SNR inherently accounts for both the received
signal power and the noise floor, yielding a more informative
indication of link quality. Moreover, in LoRaWAN systems,
RSSI typically spans a wide range (e.g., approximately from
—140 to —40 dBm), whereas SNR generally ranges from
about —20 to + 10 dB, directly representing how much
the signal stands above background noise and interference,
offering a narrower and more consistent range that correlates
more closely with actual decoding performance. In short, the
narrower and more informative range of SNR facilitates RL
by reducing the effective observation space, thereby improving
learning stability and convergence in interference-rich, dense
network scenarios. Consequently, the agents’ observations
were designed to incorporate SNR measurements as they led to
improved performance and more consistent learning outcomes.

We include g} in observations to give agents the ability to
recognize and avoid congested SF settings. The value PDR/"
controls the desired relative PDR threshold. We apply max-
min scaling using PDR™_-™n = ( to allow no priority
to be given to achieved PDR and PDR""-"%* = (.95 to
limit the priority given to achieved PDR. While PDR can
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theoretically have a value of 1 (100% of all packets success-
fully received), we observed during initial experiments that
setting such a strict PDR constraint hindered the learning of
our agents. The PDR threshold is included in observations
to allow dynamic, individual, and continuous adaptation of
PDR prioritization. For additional details on the design and
implementation of MARLTC, including how these observation
metrics are obtained, we refer the reader to Section IV-F.

2) Action: The action taken by each agent based on the
observation made in its step 7 is

ai = (f7. py)

where f7 € JF is the SF setting, and p] € P is the
transmission power setting chosen by the agent and assigned
to the end device for future transmissions. Concluding, each
agent’s set of possible actions is A = F x P, resulting in an
action space dimension |F| X [|P].

3) Reward: We define the reward function as

15)

.o _PDR; o
o _|EE. if g > PDR; 6
! 0, otherwise

where EE; is the normalized EE, PDR,; is the PDR considering
the current network configuration, PDR]"*" is the theoretically
maximum achievable PDR, and PDRf’” is the specified PDR
threshold controlling the prioritization of PDR over EE, all
of an end device e;. The main EE objective is addressed by
basing the reward function on the EE of each end device.
The PDR constraint introduced in (1la) is addressed by
including the desired PDR threshold as a condition within
the reward function. A hard constraint (yielding a reward of
zero when the PDR threshold is violated) was deliberately
chosen over a soft penalty formulation. This design strictly
prevents the agent from exploiting the reward function by
sacrificing communication reliability for extreme EE, while
simultaneously eliminating the need to tune an additional
penalty coefficient hyperparameter. We normalize EE using the
theoretically maximum achievable EE end devices [52], which
depends on the assumed power consumption profile and the
SF resulting in the shortest packet transmission time, and it is
considered identical for all end devices within the network. Its
value is empirically determined by simulating a network with
an end device placed at the same location as a gateway and
using the lowest possible transmission power setting, as well
as the SF resulting in the shortest packet transmission time.

B. Training Environment

For the training of MARL policies, we developed a cus-
tom training environment based on FAST-LoRa' [34], which
enables the generation of observations and rewards in response
to actions from agents, as described in Section IV-A. FAST-
LoRa incorporates detailed physical-layer effects, including
co-spreading and inter-SF interference and capture effects. The
training environment simulates a LoRaWAN network in which
multiple agents, each representing an end device, interact
with a dynamic and interference-prone wireless channel. Each
episode starts by initializing the FAST-LoRa simulator with the

1CodeOcean capsule available athttps://codeocean.com/capsule/1001925
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spatial layout of end devices and gateways, as well as with rel-
evant physical-layer and MAC-layer parameters. End devices
are initialized with default transmission settings, including
the well-known ADR Backoff mechanism, which allows them
to adapt their parameters in the event of connectivity loss.
Throughout the simulation, end devices periodically attempt
to transmit packets, and the simulator models whether these
transmissions are successfully received by any gateway based
on sampled SNR values and interference conditions.

A buffer maintains a history of successful transmissions
(H]) for each agent, which is later used to construct observa-
tions. Agents receive observations once they have accumulated
enough transmission history. These observations include recent
transmission performance, current network-wide SF usage, and
a normalized target PDR. Based on this, each agent selects
new transmission parameters (e.g., SF and power level), which
are assumed to be successfully applied. The environment
continues to simulate transmissions, generate observations
and rewards, and accept actions from agents until a fixed
simulation time horizon is reached. Rewards are computed
to incentivize efficient and reliable communication, balanc-
ing EE and successful delivery. Communication loss triggers
adjustments in transmission settings using a simplified ADR
back-off mechanism aligned with the Semtech specification
[53]. In FAST-LoRa, the ADR backoff mechanism is modeled
through the function 6pgrpackoss(-), Which encapsulates the
configuration parameters governing how an end device reacts
to prolonged communication loss. Specifically, 04prpackorf =
(naDprR_ack_LimiT>-NADR _Ack_rimirr) defines the timeout thresh-
olds and the set of admissible transmission parameters used
during recovery. The parameter napr ack rLmvir specifies the
maximum number of consecutive uplink transmissions without
receiving an ADR response before the end device explicitly
requests new transmission parameters, while naApr ACK DELAY
determines the additional number of uplink attempts after
which recovery actions are triggered. To support reproducibil-
ity and further research, the full implementation of MARLTC
is publicly available at [54].

C. Policy Optimization

To train policies shared among all agents interacting with
an environment, we use proximal policy optimization (PPO)
[55], a well-known state-of-the-art RL algorithm suitable for
multi-agent scenarios. The training process is implemented
using Ray RLIib,> version 2.23.0, which provides scalable
and flexible RL primitives for multi-agent environments. RLIlib
supports asynchronous agent interaction by allowing agents to
operate on independent internal time steps. Specifically, while
global environment time progresses uniformly at step ¢, only
a subset of agents may receive an observation and produce
an action at that point. For this purpose, we have introduced
the concept of an individual step 7 for each agent, which
maps to the global time step ¢ at which the agent receives
an observation and takes an action. This enables accurate
temporal tracking and robust policy updates, even when agents
interact with the environment at irregular or asynchronous
intervals.

2https://docs.ray.io/en/releases-Z.23.O/rllib/index.html
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TABLE I
HYPERPARAMETER USED FOR TRAINING

Hyperparameter Value
n ~ U({50,..,500})
m 4
L 1000 m
X ~U([0, L)*) m?
Y {(500 + 250 cos %7”, 500 + 250 sin Z;CTW)V? e{1,., K}} m?
EE™® 16 bits/mJ
h 20

NADR_ACK_LIMIT = 64, nADR_ACK_DELAY = 32
2 x 24 x 3600 s
Fully connected, ReLLU activation function

OADRBackosf(+)

P, Dy 4 layers with [256, 256, 256, 64] neurons
shared parameters between ®, and ®v
o Adam [57] with 81 = 0.9 and 82 = 0.999
a 5-107°
vy ~ LogUniform, (0.9, 0.999)
€ 0.25
A 0.9
c1 ~ LogUniform,(0.01, 1)
c2 ~ LogUniform,,(107*,1072)
Niter 100
Nstep 4096
Nepoch 5
Tominibatch 128
Npopulation 4
ey 5
”ff,b:r;hu,r-an 0
Presample 0.25
" Fr= ZQV:OA;T ri
P 0.25
o 0.2

D. Training Hyperparameters

While there are well-known recommendations for the initial-
ization of certain hyperparameters [52], others require proper
tuning to achieve satisfactory results. To this end, we employ
population-based training (PBT) [56], a hyperparameter tuning
strategy commonly used in numerous deep RL tasks, which
provides faster results than sequential optimization and uses
fewer computational resources than parallel random or grid
search. The set of hyperparameters chosen for training has
been summarized in Table I.

Based on prior studies on LoRaWAN scalability, each
gateway can reliably support several hundred to a few thousand
devices [21], [58], [59]. During the training, the number
of end devices n is sampled uniformly from 50 to 500
when initializing each training environment, enabling coverage
of various congestion levels. Devices are placed randomly
according to a uniform distribution (X) within a (1000-m?)
area to ensure spatial diversity. This configuration forces the
learning agent to generalize over a wide set of radio conditions
and traffic patterns, promoting robustness and increased EE
across deployments. We employ m = 4 gateways in a circular
pattern (Y) with identical positions across all environments
to reduce model complexity and focus learning on device-
side adaptation. While this introduces structural bias into
the learned policies, it enables tractable training and repro-
ducibility while preserving key characteristics of multigateway
setups.

Agents adjust transmission parameters after every h = 20
packet transmissions, matching Semtech’s ADR implementa-
tion for comparability and alignment with existing standards.
Each training environment simulates a network for T = 2
days of virtual time. By observing the learning curves across
multiple training runs (see Section IV-E), we found that this


https://docs.ray.io/en/releases-2.23.0/rllib/index.html

35128

simulation horizon consistently allowed agents to converge
within the simulation period, exposing them to both early
phase and steady-state network behavior.

Policy and value function networks share weights and
follow an architecture adapted from [52], tuned via ablation
studies. Optimization uses Adam [57] with a reduced learning
rate @ = 5- 1073, which provided stable convergence during
early experiments. All other optimizer settings follow the
defaults. PPO hyperparameters, including the reward discount
factor vy, value loss coeflicient ¢, and entropy regularization
coeflicient ¢, and their initialization distributions, are adopted
from [52]. PBT is employed to dynamically tune these critical
parameters during training.

Each trial (distinct hyperparameter configuration) trains for
njer = 100 iterations, with ngy., = 4096 steps per iteration.
This setup ensures sufficient experience collection even under
the extreme case of 500 devices, each transmitting every
second and achieving a 100% PDR. In realistic conditions,
where the PDR is lower, this configuration is ample to populate
the replay buffer. Collected experiences per iteration are used
for nepocn = 5 training epochs with minibatches of size
Rinivaren = 128, as standard in PPO. This setup balances
training stability with sample efficiency.

PBT runs with np,puaion = 4 concurrent trials. Exploitation
and exploration occur every ”5[; = 5 iterations. Due to com-
putational constraints, noburn-in is applied (ngg purn in = 0)s
which may lead to premature pruning of trials. Trials are
ranked by average reward 1 = 7, from the previous iteration.
The bottom p = 0.25 quantile is replaced by clones of better-
performing trials, with hyperparameters either resampled with
probability p,esampie = 0.25 or perturbed by a factor o = 0.2
[56].

E. Trained Policies

This section presents the three distinct policies trained in
this work, each optimized for different tradeoffs between EE
and PDR. These policies reflect varying operational priorities,
ranging from aggressive energy saving to reliable communi-
cation, with one policy also enabling dynamic adjustment at
runtime.

P1: A policy maximizing the priority of the achieved EE
without considering any PDR constraints.

P2: A policy maximizing the PDR while aiming to achieve

maximum EE.

P3: A policy that can be dynamically reconfigured to achieve

the desired PDR while aiming to achieve maximum

EE. Instead of a uniform distribution for the PDR"",

we employ a power-transformed uniform distribution D.

This is because this policy behavior is most sensitive to

changes in the PDR threshold value in the upper range,

requiring increased focus on that range during training.

The PDR thresholds employed in each policy have been

summarized in Table II. The training progress of the best-

performing trial resulting in the final policies is visualized

in Fig. 1. It shows the finally achieved mean EE and PDR

of end devices and the share of end devices with a final

PDR below the configured PDR™ across all environments

simulated within a training iteration, as well as the observed
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Fig. 1. Learning curves of policies P1-P3 (left to right). P1 maximizes EE,
P2 maximizes PDR while maintaining EE, and P3 targets a configurable PDR.
The figure includes the average EE, PDR, and the fraction of devices below
the PDR target (P2-P3), illustrating convergence during training.

TABLE I

PDR THRESHOLDS USED FOR THE DIFFERENT
TRAINED POLICY VARIANTS

Description PDR Threshold (PDR™")

Static Low PDR Priority 0
Static High PDR Priority 0.95
Dynamic PDR Priority D(0,0.95)

Policy
Policy 1 (P1)
Policy 2 (P2)
Policy 3 (P3)

variations of these metrics. The results indicate that the policy
convergence occurred during the training.

F. MARLTC Algorithm

This section describes the proposed MARLTC algorithm for
the efficient selection of transmission parameters in LoRaWAN
networks. MARLTC employs similar metrics as standard
ADR algorithms [60]. Therefore, only minor modifications to
existing LoRaWAN NSs are required to integrate MARLTC.
MARLTC is also compatible with standard LoRaWAN end
devices since it does not require any modifications to their
firmware or the communication protocol. By leveraging the
well-known centralized training and decentralized execution
MARL paradigm, the pretrained policies are deployed at the
end devices, which dynamically perform inference on these
policies to determine the optimal transmission parameters of
end devices.

As shown in Algorithm 1, at the end devices, MARLTC first
requires as input the trained policy (), the number of SNR
measurements in observations (%), and the required PDR™".
This is especially relevant when a dynamic policy is used
(i.e., P3). Upon initializing a MARLTC instance, a buffer # is
created to store information on received packet transmissions.

Whenever a new packet transmission occurs, information
about that transmission, such as the measured SNR and the
transmission parameters used, is normalized and stored in the
NS. Once the buffer reaches the required size h, the closest
gateway sends the transmission history H and the aggregated
network information g% to the end device using a downlink
message. The SNR history is encoded using one absolute
8-bit value per gateway, followed by 19 delta-encoded samples
quantized on 4 bits each (range from -8 to + 7 dB), and q} is
represented using 1 byte. Considering the best four gateways,
this results in a total downlink payload of 43 bytes. It is
worth noting that gateways do not participate in the decision-
making process and incur no additional computational load
beyond standard LoRaWAN operation. Moreover, the down-
link updates remain within standard LoRaWAN payload limits
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Algorithm 1 MARLTC Algorithm

Require:
n > Input decision policy (used at end device)
h > History buffer size
PDR™" > Target packet delivery ratio threshold

1: procedure INIT

2: Initialize measurement buffer H of size n
at the NS

3: end procedure

> Executed

4: procedure ONPACKETDECODED(SNR, f,p,qyr) » Exe-
cuted at the NS each time a new packet from e; is decoded
at any gateway

5: H ﬂ normalize(S NR, f, p) » Buffer maintained at
NS

6: if H is full then

7: qy < normalize (g7, > qy)

8: Send (H, gy) to end device e;

9: (f.p) « n(H,qp, PDR™) > Inference at end

device ¢;

10: Configure transmission parameters (f, p)

11: ‘H <« 0 »Clear buffer at NS

12: end if

13: end procedure

(below the 51-byte MACPayload limit at low data rates, SF10-
SF12 in EU868, avoiding fragmentation and ensuring practical
feasibility) and are sent every h = 20 packets, which aligns
with the default behavior of LoRaWAN’s ADR mechanism.
Upon reception of this information, the end device creates
an observation by adding its PDR prioritization parameter
PDR™ _ This observation is then passed to the trained policy
m, which returns updated SF and transmission power settings.
The end device subsequently configures these new parameters
for future transmissions. Then, MARLTC clears the buffer and
waits for the next set of received packet transmissions.

For statically trained policies (P1 and P2), the desired
PDR PDR™ is kept constant at the value used during policy
training. Conversely, for dynamically trained policies (P3), it
can be set to any value between 0 and 1, where 0 maximizes
EE, and 1 maximizes the PDR while preserving the highest
possible EE. It is essential to note that in this work, we assume
that policies are trained for predefined network layouts. For
the real-world application of MARLTC in different networks,
policies might need to be retrained using the actual network
layouts. In this regard, the investigation of general policies
applicable to arbitrary network layouts with variable numbers
and positions of gateways will be explored in future work.

V. EVALUATION SETUP
This section outlines the evaluation setup, describing the
simulation framework used, the performance metrics, and the
baselines.

A. FAST-LoRa
We developed a simulated evaluation environment based
on FAST-LoRa [34], following the same principles used to
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implement a training environment for MARLTC policies.
However, we adjust it to the task of comparing the per-
formance of different ADR algorithms. Unless otherwise
specified, experiments are assessed through multiple simu-
lation runs per algorithm to minimize bias due to random
statistical variation. The same sequence of LoRaWAN net-
works is used for each algorithm being compared to reduce
the risk of statistical bias.

The simulation environment requires a set of identical ADR
algorithm instances—one for each end device—capable of
optimizing transmission parameters using information avail-
able at the NS level of a LoRaWAN network. It also depends
on a fully initialized FAST-LoRa module for simulating trans-
missions and an ADR backoff module to recover transmission
parameters when communication is lost. The simulation runs
for a specified duration 7', with optional configuration param-
eters Tyymover a0 Puymover, €nabling random replacement of
end devices during runtime. Randomness in the simulation
is controlled to ensure reproducibility and consistent network
behavior across algorithm comparisons.

During each simulation loop, the current network state
is stored for later analysis, and packet transmissions are
simulated based on a predefined packet generation rate. Obser-
vations from successful transmissions, including the SNR,
PDR, SF, and transmission power, are made available to
the respective ADR instances, which may use this data to
update device settings. The ADR backoff mechanism runs
in parallel to support recovery. If device turnover is enabled,
randomly selected end devices are periodically removed and
replaced with new ones, along with new ADR and ADR
backoff instances. At the end of the simulation, the full record
of network states and performance is returned for metric
evaluation.

B. Metrics

We evaluate MARLTC and its competitors using the instan-
taneous and final average EE, PDR, and convergence time
(tconv)- The average EE in a network at simulation time step 7
is defined as follows:

. 1<
EE = - EET 17
"Zl , (17)

where n is the total number of end devices in the network
and EE] is the EE of end device ¢; at simulation time step

7. Similarly, the average PDR in a network at simulation is
defined as

n
PDR' = %ZPDR{ (18)
i=1
where PDR] is the PDR of end device e¢; at simulation
time step 7. We also define the final EE and PDR of a
network, denoted as EEf;,, and PDRf;n, respectively, as the
average EE and PDR within the final 5% of the simulation
time 7.

The convergence time f.,,, provides valuable insights into
how fast a given ADR mechanism reaches suitable transmis-
sion parameters. We define t.,,,, as the earliest instant at which
the network enters a stable state in terms of the average EE
EET and packet delivery ratio PDR™ remaining within a £5%
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band around their respective final values for a continuous
window of AT =0.05 x T

feom = min{t ‘ Vrelt i+ AT] :

PDR"—PDRypa
PDRﬁna]

EE —EEjy
EEﬁnal

<E/\’

< e} (19)

where € = 0.05 (5%), and 7 denotes the metric sampling
instants during the simulation.

C. Baselines

We compare MARLTC against three well-known state-of-
the-art baselines: ADR, G-ADR, and LP-MAB. ADR is the
default ADR mechanism proposed by Semtech, commonly
used as a baseline in LoRaWAN research. For evaluation, we
implemented ADR as specified in [60], adapting it to comply
with the EU863-870 LoRaWAN channel plan [61]. ADR
maintains a buffer of recent SNR values and uses the maximum
value to estimate the link margin, which then determines the
number of steps to adjust the SF and transmission power.
G-ADR is an enhanced version of the default ADR algorithm
introduced in [13], aiming to improve stability by mitigating
the impact of SNR outliers. Instead of using the raw maximum
SNR value, G-ADR applies Gaussian filtering to the buffer
of received SNRs, removing values that fall outside a defined
statistical range. The filtered average of the values is then used
in place of the maximum SNR when calculating transmission
parameter adjustments. G-ADR prevents overly optimistic
link quality estimates, reducing the likelihood of performance
degradation due to aggressive data rate increases. LP-MAB
[28] is an ADR mechanism based on the multiarmed bandit
(MAB) framework, where each transmission configuration is
modeled as an arm. The algorithm combines nonstationary
adversarial and stochastic strategies, employing exponential
weighting for exploration and exploitation alongside suc-
cessive elimination. We implemented LP-MAB in Python
according to the original paper, using a transmission power-
based reward and EXP3 probability updates, while explicitly
maintaining exploration and exploitation phases with a sliding
observation window.

VI. EVALUATION RESULTS

In this evaluation section, we comprehensively assess the
performance of the proposed MARLTC algorithm compared to
existing solutions under a variety of network conditions. The
evaluation begins with a comparison between dynamic and
static policies employed by MARLTC, establishing the settings
used for subsequent experiments. We then analyze multiple
variants of MARLTC across diverse scenarios, including net-
works with a variable number of end devices, gateways, end
device placement areas, exposing also the policy to conditions
not observed during training and assessing its generalization
to unseen configurations. In addition, we evaluate dynamic
network conditions by simulating periodic addition and
removal of end devices, demonstrating the low convergence
time and rapid responsiveness of MARLTC under topology
changes. This multifaceted analysis highlights the adaptability
and effectiveness of MARLTC under heterogeneous network
conditions.
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Fig. 2. Performance metrics of MARLTC policies over ten runs. Static policies
(MARLTC-S-EE, MARLTC-S-PDR) target maximum EE or PDR, while
dynamic policies (MARLTC-D-EE, MARLTC-D-PDR) allow configurable
PDR.

A. MARLTC Policies Comparison and Fairness Analysis

The performance of MARLTC using different trained poli-
cies is evaluated over ten independent runs, with a time limit
of T =3 days per run. The simulated environment comprises
n = 500 end devices randomly distributed within a square area
of 1000 m? and connected to m = 4 gateways positioned as
specified in Table I. No device turnover is considered in this
experiment. We compared the following trained policies.

1) MARLTC-S-EE using a static policy trained to always
aim for maximum EE (P1).

2) MARLTC-D-EE dynamic policy (P3) with PDR"" = 0
to maximize EE. This policy enables the dynamic con-
figuration of the desired PDR using the input parameter
PDR™.

3) MARLTC-S-PDR involves a static policy trained to
always aim for a maximum PDR while maintaining the
highest possible EE (P2).

4) MARLTC-D-PDR dynamic policy (P3) with PDR™" = 1
to maximize the PDR. This policy enables the dynamic
configuration of the desired PDR using the input
parameter PDR™".

Fig. 2 shows the average and standard deviation of the
convergence time, EE, and PDR across all simulations per
algorithm. While the quality of the network state achieved by
MARLTC using statically trained policies (for either a max-
imum PDR or EE) exceeds the performance with a dynamic
policy configured to prioritize either EE or the PDR, the
convergence time using the dynamic policy is lower. Despite
their larger state and action space, the dynamic policies may
converge faster due to the lower quality network states they
tend to produce, effectively reducing the difficulty of reaching
the performance threshold. The effects of reduced convergence
times are evaluated in Section VI-D.

The EE and PDR of the network over simulation time are
shown in Fig. 3, with average and standard deviation across
all simulations per algorithm. The final EE of MARLTC using
the dynamic policy (where prioritization of EE over the PDR
can be adjusted at runtime) remained 11.9% below the final
EE of MARLTC using the corresponding static policy (non-
adjustable at runtime). Similarly, the final PDR of MARLTC
with the same dynamic policy configured for maximum PDR
priority remained 4.3% below the PDR achieved using the
corresponding static policy. The ability to adapt an algorithm’s
behavior at runtime appears to come at the cost of reduced
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TABLE III
JAIN FAIRNESS INDEX ACROSS END DEVICES

Metric MARLTC-D-EE MARLTC-D-PDR MARLTC-S-EE MARLTC-S-PDR
PDR 0.98 0.99 0.92 1.00
EFE 0.51 0.48 0.55 0.44
100 _
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Fig. 3. Network performance over simulation time for different MARLTC
policies.

maximum performance with respect to the prioritized metric.
Specifically, the observed final EE and PDR are consistently
lower compared to those achieved by statically trained policies.

A further relevant dimension in the performance evaluation
of MARLTC concerns fairness across end devices. While
aggregate metrics such as mean PDR and EE quantify overall
network efficiency, they do not capture whether performance
is evenly distributed among nodes or the potential starvation
of some devices receiving significantly worse transmission
parameters than others. To explicitly assess this aspect, we
compute the Jain fairness index [62] across end devices based
on PDR and EE. This metric provides a normalized measure
between 0 and 1, where values close to one indicate uniform
performance across devices and lower values reveal increasing
disparity. Table III reports the Jain fairness index over ten
runs for all evaluated policies. With respect to PDR, all
policies attain high fairness indices, indicating that reliability
is distributed nearly uniformly across devices under both static
and dynamic settings. This demonstrates that the learning
process does not enhance aggregate reliability at the expense
of a subset of nodes, thereby preventing starvation in packet
delivery. The Jain index for EE is inherently lower due to the
spatial distribution of end devices. To meet target PDR levels,
end devices must employ different transmission parameters,
which reduces EE fairness. This also reflects the tradeoff
between PDR and EE: stricter PDR constraints reduce EE
fairness, while stringent energy constraints degrade PDR fair-
ness. Overall, although MARLTC does not explicitly optimize
for fairness, its Markov game formulation and reward design
implicitly promote balanced performance across end devices.

B. Scalability Analysis With Increasing Number of EDs

To assess the performance and scalability of MARLTC
in dense LoRaWAN networks compared to baseline algo-
rithms, we conduct a series of experiments in which the
number of end devices is systematically varied. We employ
the same simulation configuration described in Section VI-A,
varying the number of end devices n, which takes values of
200, 500, 1000.

Fig. 4 presents the performance metrics obtained across
all simulations for each algorithm, evaluated under varying
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numbers of end devices in the network. Table IV provides
a comparative analysis of the metrics achieved by each
algorithm relative to those attained by the ADR algorithm,
which serves as the main baseline. As can be observed,
MARLTC performed well with a varying number of end
devices, even in network sizes not seen during training. First,
the results indicate vastly reduced network convergence times
with MARLTC in all tested configurations compared to ADR,
G-ADR, and LP-MAB, with reductions of 33.9%, 67.9%, and
16.6%, respectively.

Among all MARLTC variants, the final PDR consistently
exceeded that of ADR, with gains ranging from 9.1% to
24.1% across the evaluated network scenarios, highlighting
the algorithm’s effectiveness in maintaining reliable packet
delivery even under high congestion. Notably, the MARLTC
variant statically prioritized for high PDR outperformed
G-ADR in networks comprising 1000 end devices, achieving
a 5.0% higher final PDR alongside a substantially greater
final EE, with an increase of 62.1%. Only the version stat-
ically configured with a high EE priority reached a final EE
comparable to ADR, with an average improvement of 1.2%,
although this came at the cost of a reduced final PDR, which
was, on average, 14.7% lower than ADR. The difference
between MARLTC variants and ADR and G-ADR slightly
decreased with an increasing number of end devices, espe-
cially for versions with high, nonadjustable PDR prioritization.
LP-MAB achieved a final PDR comparable to MARLTC-
S-EE, though slightly lower than other variants due to its
exploration phases that test different transmission parameter
combinations. Its final EE remained just below G-ADR, as
the reward reduces transmit power but does not penalize high
SFs, increasing time-on-air (ToA) and energy consumption.

Comparing network state over simulation time with dif-
ferent algorithms (shown in Fig. 5), we observe different
convergence behavior in MARLTC, LP-MAB, ADR, and
G-ADR. In networks with a lower number of end devices
[Fig. 5(a)] and relatively low congestion (initial PDR around
98%), most MARLTC algorithms assigned transmission
parameters to end devices, resulting in a high EE already with
an initial update after 20 000 s, thereafter quickly converging
to the final network state. LP-MAB exhibited slower but
stable convergence, maintaining PDR comparable to MARLTC
variants while slightly lagging in EE. In networks with a
higher number of end devices [Fig. 5(b)] and relatively high
congestion (initial PDR around 66%), the transmission param-
eter assignment by MARLTC algorithms resulted in more
gradual convergence to the final network state. The MARLTC
algorithm that used a policy trained for static, nonadjustable
high PDR (MARLTC-S-PDR) was especially affected by high
initial network congestion, explaining the overproportional
increase in convergence time with an increasing number of
end devices compared to other MARLTC algorithms. LP-MAB
maintained moderate PDR under these conditions, highlighting
its robustness but lower EE compared to MARLTC variants.

Takeaway: MARLTC improves PDR while maintain-
ing EE with reduced convergence times that enable the
prompt adaptation of transmission parameters to changing
LoRaWAN conditions, improving responsiveness and effi-
ciency. MARLTC also scales with the number of end devices.
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Fig. 4. Network performance for varying numbers of end devices uniformly distributed within a (1000-m?) area.

TABLE IV

RELATIVE PERFORMANCE METRICS COMPARED TO THE DEFAULT ADR MECHANISM FOR DIFFERENT NUMBERS OF END DEVICES. NEGATIVE VALUES
INDICATE REDUCTIONS, AND POSITIVE VALUES INDICATE IMPROVEMENTS RELATIVE TO ADR

Metric teonv (% difference) EEinar (% difference) PDRyinar (% difference)
Number of end devices 200 500 1000  Mean 200 500 1000  Mean 200 500 1000 Mean
Algorithm
MARLTC-S-EE -51.0  -592  -51.7  -540 +0.4 +2.2 +0.9 +1.2 -15.5 -14.0 -14.4 -14.7
MARLTC-D-EE -57.2  -609 -533 -57.1 -104 -10.1  -11.9 -10.8 +9.4 +10.1 +9.1 +9.6
MARLTC-S-PDR -55.7 -493 -339 -463 -40.0 -41.1 -43.6  -41.6 +24.1 4241 +20.1 +22.8
MARLTC-D-PDR -63.6 -679 -579 -63.1 -33.6 -350 -37.7 -355 +19.0 +18.8 +153  +17.7
G-ADR -20.6 9.2 -5.6 -11.8 -63.2  -63.5 -652 -640 +27.3 4253 +144 4223
LP-MAB -16.6  -124  -26.5 -185 -83.0 -840 -854 -84.1 -3.7 -8.6 -20.0 -10.8
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Fig. 5. Network performance over time for (a) 200 and (b) 1000 end devices uniformly distributed within a (1000-m?) area, showing the effect of network

size on convergence and stability.

C. Performance Analysis for Different Placement Areas

In this experiment, we evaluate MARLTC performance
under varying spatial distributions of end devices, including
those not seen during training. This allows us to assess the
generalization ability of the learned policies when exposed to
unseen environmental conditions. It is important to note that
evaluating the policies in a substantially different environment
in terms of area represents a worst case scenario, which
enables the assessment of the limits of generalization and
the behavior of learned strategies under conditions beyond the
training environment. In such cases, retraining may be required
in practice, as agents must learn the environmental and channel
characteristics to determine appropriate transmission configu-
rations. In practice, this process can be accelerated by initializ-
ing the policy with parameters from a previously trained model
rather than training from scratch. By leveraging prior knowl-
edge embedded in the pretrained weights, the learning process
can converge more rapidly and require fewer interactions with
the environment, thereby improving adaptation efficiency and
enhancing real-world deployment feasibility.

For this experiment, simulation parameters remain
unchanged, except for end-device positions (X), which are

uniformly distributed within square areas of size L x L m?
(see Table I), where L € {500, 1000,2000} m, to simulate
different spatial densities. The results are presented in Fig. 6
and Table V. As in Section VI-B, all MARLTC variants
achieved reduced convergence times compared to ADR,
G-ADR, and LP-MAB, with improvements ranging from
17.3% to 75.3%. All the baselines experienced an increased
convergence time as a function of the placement area,
especially LP-MAB, due to its exploration time, where
suboptimal transmission parameters may be selected. The
MARLTC variant trained with a fixed high EE priority slightly
outperformed ADR in final EE (by 2.4%) in the network with
a (1000-m?) placement area, i.e., the same configuration used
during training. In all other scenarios, this variant’s final EE
fell below that of ADR but consistently exceeded LP-MAB
and G-ADR’s performance. While all the learning-based
algorithms (MARLTC and LP-MAB) achieved a higher final
PDR than ADR in networks with placement areas up to
1000 m?, their performance declined in scenarios with larger
spatial areas of 2000 m?. This is because the models were
trained in a different spatial environment of 1000 m?2, where
the highest SFs (e.g., SF12) provided little benefit relative
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TABLE V

RELATIVE PERFORMANCE METRICS COMPARED TO THE DEFAULT ADR MECHANISM FOR DIFFERENT PLACEMENT AREAS (IN SQUARE METERS).
NEGATIVE VALUES INDICATE REDUCTIONS, AND POSITIVE VALUES INDICATE IMPROVEMENTS RELATIVE TO ADR

etric teconv (% difference inal (% difference) inal (% difference
Metri (% difte ) EE; (% difte PDRy (% diff )
Placement area (m?2) 500 1000 2000  Mean 500 1000 2000 Mean 500 1000 2000  Mean
Algorithm
MARLTC-S-EE <753 -583 -41.6  -584 -5.3 +2.0 -1.4 -1.6 +140 -139 -612 -203
MARLTC-D-EE 752 575 402 577 <158 97 -69  -108 4214 +9.6  -32.8  -0.6
MARLTC-S-PDR -59.7 -50.8 -38.6 497 426 412 -353 -39.7 4311 +241 -114 +14.6
MARLTC-D-PDR -62.7 623 249 -499 -37.7  -345  -259  -327 4304 +18.8  -29.6 +6.5
G-ADR -104  -9.2 -1.6 -9.1 -62.0 -63.5 -585 -613 +32.8 4253 +1.2  +19.8
LP-MAB -68.2  -124  +614 -6.4 -87.5 -840 -845 -853 4257 -8.6 -66.4  -164
to their increased ToA, interference, and energy cost. As a 100 £ 60
result, the agent pruned these actions to maximize its reward, g
especially for MARLTC-S-EE and LP-MAB, which optimizes ‘g S 540
EE without enforcing any PDR requirement. When deployed 8 2 9,
. . .. . o
in larger areas without retraining, this learned preference 2
persists, limiting coverage for distant end devices and causing 0 200 400 600 800 1000 1zod B 0T o011 D
the observed drop in PDR Distance to closest gateway (m) Spreading factor
Fig. 7 provides further insights into the assigned transmis- (a)
sion parameter settings of MARLTC. Fig. 7 (left) presents w0 ¥
the distribution of assigned SF configurations as a function of g .
the distance to the nearest gateway, estimated using Gaussian ‘g 5 3
kernel density estimation. The background shading in gray 8 e an
. . . . o
indicates the corresponding average PDR of end devices across @ 20
the distance range. Fig. 7 (right) illustrates the distribution of 0 200 400 600 800 1000 Y A 9 10 11 12
the SF settings in networks with a placement area of 2000 m?. Distance to closest gateway (m) spreading factor
We observe that ADR [Fig. 7(c)] used all the available SF (b)
settings, while MARLTC [Fig. 7(a) and (b)] avoided using 100 K60
the highest SF setting, which would have resulted in a longer g
communication range and better PDR for the end devices g i §4°
further away from the closest gateway. This led to the drop & £ 84
of the final PDR observed in network variants with larger %
placement areas (refer to Fig. 6). This reflects the need for 0 200 400 600 800 1000 1200 & 033 5 10 11 12
training environments that resemble the target deployment in Distance to closest gateway (m) Spreading factor
terms of area. In future work, we will explore the development (c)

of more general policies trained across randomized area sizes
and channel conditions to enhance spatial generalization.

Takeaway: MARLTC generalizes well to unseen end-device
placements, consistently reducing convergence times across
all spatial distributions. The performance decrease in larger
areas, caused by the natural underutilization of high SFs
during training, reflects the need for training environments to
resemble the target deployment in terms of area.

D. Dynamic End Device Turnover
To analyze the importance and impact of the convergence
time of MARLTC and competitor algorithms, we evaluate

Fig. 7.

SF distributions and PDR over distance to closest gateway in a

2000-m? network. (a) MARLTC-S-EE. (b) MARLTC-S-PDR. (c) ADR.

their performance in dynamic network conditions introduced
through periodic device turnover. In this scenario, 10%, 20%,
or 50% of the initial n 200 end devices are randomly
replaced every 10 h throughout the simulation, emulating
real-world deployments where devices may frequently join
or leave the network, challenging the adaptability of the
algorithms.
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TABLE VI

RELATIVE DIFFERENCES IN EEfinq AND PDRjiq COMPARED TO THE
DEFAULT ADR BASELINE FOR VARYING TURNOVER AMOUNTS. POS-
ITIVE VALUES INDICATE IMPROVEMENTS RELATIVE TO ADR, AND
NEGATIVE VALUES INDICATE REDUCTIONS

Metric EFEfing (% difference)  PDRyinq (% difference)
Turnover 10% 20% 50% Mean 10% 20% 50% Mean
Algorithm

MARLTC-S-EE  +6.7 +10.2 +25.5 +14.1 -26.1 -27.6 -21.9 -25.2
MARLTC-D-EE  -2.3 +49 +223 +83 -12 -62 9.7 -57
MARLTC-S-PDR -354 -30.7 -19.2 -284 +13.6 +8.6 +1.8 +8.0
MARLTC-D-PDR -26.0 -19.7 +1.2 -14.8 +8.6 +50 -1.9 +3.9

G-ADR -62.1 -62.5 -59.3 -61.3 +164 +11.0 +3.2 +10.2

LP-MAB -79.4 -754 -53.1 -69.3 -21.9 -289 -42.1 -31.0

Fig. 8 shows the EE and PDR across all simulations,
while Table VI reports differences relative to ADR as the
baseline. Due to the high variability in the final EE and
PDR caused by the periodic replacement of end devices, the
convergence time defined in 19 cannot be reliably measured
and is therefore intentionally omitted from Fig. 8. The results
show that the policy trained for static prioritization of EE
achieved, on average, a 14.1% higher final EE than ADR, with
an increasing lead at higher portions of end devices replaced
(6.7% EE with 10.2% of end devices, 25.5% with 50% of end
devices). All MARLTC variants’ final EE was less affected
by an increasing portion of replaced end devices than ADR,
G-ADR, and LP-MAB. The final PDR remained independent
of replaced end devices or slightly increased with a growing
portion of replaced end devices for all MARLTC variants,
compared to a clear increase of the final PDR for ADR
and a minimal decrease of the final PDR for G-ADR and
LP-MAB. In network variants with 50% of end devices
regularly replaced, the MARLTC variant using a static, non-
adjustable policy trained to prioritize the PDR obtained the
highest final PDR among all MARLTC variants. However,
its performance remained, on average, 2.2% below that of
G-ADR, which achieved the overall highest final PDR.

Fig. 9 provides insights into the average EE and PDR over
time of networks with periodical end device replacement.
The effects of fast convergence times of most MARLTC
variants observed in earlier scenarios become clearly visible in
Fig. 9. Algorithms that assign transmission parameters so that
significant EE gains are achieved during early optimization
steps tend to maintain higher overall EE under periodic end-
device turnover. This effect becomes more pronounced as the
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proportion of replaced devices increases [see Fig. 9(a) and (b)].
Most MARLTC variants demonstrated strong performance
under these conditions.

Takeaway: MARLTC outperformed the ADR baselines in
dynamic networks with device turnover, primarily due to its
reduced convergence times.

E. Generalization to Varying Gateway Density and Topology

To complement the analysis in Section VI-C, where we
evaluated MARLTC under varying spatial distributions of end
devices, we now assess its generalization capability beyond
the training scenario by varying the number of gateways and
the intergateway radius. This evaluation considers deploy-
ment conditions not seen during training and represents a
meaningful stress test of the learned ADR policies under
infrastructure and topology changes. We simulated networks
of n = 100 devices for T = 9 h per run, averaging results
over ten independent runs. The number of gateways was
varied in m = {1,4,8,16,32} and the intergateway radius
in r = {50, 150,250,350,500} m. We recall that the model
was trained with four gateways and a 250-m radius. For each
configuration, we computed the average EE and PDR.

As shown in Fig. 10, EE increases monotonically with
gateway density across all radii, reaching up to 2.02 bits/mJ at
32 gateways and 350 m, while PDR remains consistently high
(up to 0.85). The higher gateway density enables the use of
lower SFs and transmission power levels, which reduces ToA
and transmit energy, thereby improving EE while maintaining
high reliability. Performance near the training configuration
is comparable across neighboring radii, indicating that the
learned policy does not overfit to a specific spatial scale.
Even under substantial infrastructure changes, PDR remains
above 0.78 in most multigateway scenarios, while EE scales
proportionally with the available infrastructure. In the extreme
single-gateway case, both EE and PDR decrease uniformly
across radii, reflecting inherent network constraints rather than
instability of MARLTC.

Takeaway: MARLTC generalizes effectively to varying
gateway densities and spatial layouts. It maintains reliable
packet delivery while adapting EE to the available infrastruc-
ture, confirming robustness beyond the training scenario.

VII. DEPLOYMENT FEASIBILITY

In this section, we discuss the practical deployability of
MARLTC in physical LoRaWAN environments, focusing on
protocol compliance, system architecture, and embedded exe-
cution constraints under realistic operational conditions.

As described in Section IV, MARLTC is designed to operate
within the constraints of the LoORaWAN specification and does
not require modifications to the MAC protocol. It embeds
the aggregated network state and SNR history into standard
downlink messages. The downlink payload for the observation
tuple fits within the maximum payload size defined by the
LoRaWAN regional parameters for the considered data rates.
The periodicity of the updates is aligned with the default
ADR backoff mechanism, thereby ensuring that control traffic
remains sparse and predictable while respecting duty-cycle
constraints. Moreover, the CTDE architecture is naturally com-
patible with LoORaWAN’s star-of-stars topology, as it preserves
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training configuration (4 gateways, 250 m) is highlighted in red.

a strict separation between infrastructure-level communication
and the learning process. The training workload, including
experience buffering, policy optimization via Ray RLIib, and
hyperparameter tuning, is assumed to be executed at the NS.
Typically hosted on cloud or edge infrastructure, this com-
ponent supports continuous MARL training and aggregation
without affecting packet routing, while remaining independent
of gateway computation and firmware constraints. In this work,
we assume models are flashed on end devices; while our eval-
uation indicates that the trained models are sufficiently general
to handle varied conditions, implementing bandwidth-efficient
remote retraining and redeployment remains an interesting
direction for future work.

The decentralized execution of the trained policy on end
devices makes the transition of MARLTC from simulation to
physical LoORaWAN deployments constrained by the limited
memory, compute capacity, and energy budget of LoRaWAN
end devices. While Ray RLIib provides scalability and conve-
nience during training, the resulting PyTorch models may not
be directly suitable for resource-constrained host microcon-
trollers in LoRaWAN end devices. To address this, MARLTC
exports trained models to the open neural network exchange
(ONNX) format, a standard intermediate representation for
neural networks that enables interoperability across frame-
works. It then uses the ONNX Runtime [63] to perform model
quantization and subsequently compiles the resulting model
into dependency-free C code using the onnx2c library [64].
This translates ONNX computation graphs into standardized
and platform-agnostic C source code that serves as a flexible
template for embedded deployment, facilitating final compila-
tion for specific target platforms.

To verify the practical feasibility of MARLTC under embed-
ded constraints, we evaluate the model size, inference latency,
and decision parity across the model conversion pipeline.
By measuring the agreement between the original PyTorch

TABLE VII

PERFORMANCE COMPARISON OF MARL POLICIES ACROSS PYTORCH,
ONNX, AND C-COMPILED VARIANTS. LATENCY IS REPORTED IN uS
AND DECISION PARITY IN %

Model Variant Size (KB) Latency (us) Parity (%)
PyTorch RayRLlib 801.6 352.8 100.00
Pl ONNX FP32 712.6 31.6 100.00
ONNX INT8 192.0 16.1 100.00
C-Compiled INTS 188.0 352.0 100.00
PyTorch RayRLIib 775.7 160.9 100.00
P ONNX FP32 712.6 18.7 100.00
ONNX INT8 192.0 13.6 93.07
C-Compiled INTS 188.0 351.1 93.07
PyTorch RayRLlib 767.9 230.7 100.00
P ONNX FP32 712.6 23.1 100.00
ONNX INT8 192.0 15.2 99.84
C-Compiled INTS 188.0 351.6 99.84

model and its C-compiled counterparts, we ensure that the
optimization process preserves the integrity of the control
logic. For this purpose, we deploy the compiled models
on a small-scale LoRaWAN testbed comprising Waveshare
SX1262 LoRa HATs attached to Raspberry Pi 5 nodes and an
SX1302-based gateway. Although more powerful than typical
microcontrollers, this setup validates that the inference code
can execute concurrently with a standard LoRaWAN protocol
stack without interference. This experiment, therefore, serves
as a functional validation of deployability rather than a strict
lower bound evaluation of resource usage. While the end-
to-end orchestration of MARL policies across massive fleets
remains a distinct systems-engineering challenge, our results
provide empirical evidence that the underlying policy execu-
tion is fully compatible with LoRaWAN hardware constraints.
By isolating and validating this primary computational bot-
tleneck, these findings establish the necessary foundation for
future large-scale, field-integrated adaptive control. To support
reproducibility, all trained and compiled models are released
as open-source artifacts.

The results reported in Table VII confirm the effectiveness
of the model compression pipeline. High decision parity (up
to 100%) across variants proves that quantization maintains
control logic integrity while enabling deployment on resource-
constrained hardware. The C-compiled INT8 models achieve
a binary footprint of 188.0 kB, fitting comfortably within the
Flash memory limits of mid-range industrial microcontrollers.
They also present a 76% reduction from the PyTorch original
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and a 4x reduction compared to FP32 variants. While the
bare-metal C latency increases to approximately 350 us, this
is primarily due to the transition from the highly optimized,
hardware-accelerated kernels of the ONNX Runtime to the
generic execution of standard C code. Regardless, this execu-
tion time remains negligible compared to typical LoRaWAN
ToA or interpacket intervals.

VIII. CONCLUSION

This article presented MARLTC, a MARL-based ADR
framework for dense LoRaWAN networks that jointly opti-
mizes transmission power and the SE. MARLTC explicitly
accounts for co-channel interference and supports recon-
figurable tradeoffs between EE and reliability. MARLTC
formulates transmission parameter selection as a cooperative
Markov game, enabling coordinated learning of transmission
strategies that adapt to interference and dynamic channel
conditions while remaining scalable in large-scale networks.
Multiple policy variants are trained to meet diverse appli-
cation requirements, maximizing EE, maximizing the PDR,
or balancing both, allowing for tailored performance across
varied deployment scenarios. MARLTC is validated using
FAST-LoRa, a realistic open-source simulator that incorporates
detailed physical-layer effects, including co-SF and inter-SF
interference, demonstrating the practicality and effectiveness
of the approach. Evaluations across static and dynamic con-
ditions demonstrated that MARLTC consistently outperforms
state-of-the-art ADR mechanisms. Convergence time was
reduced by up to 67.9%, with comparable or improved final
EE and PDR. In dense deployments with 1000 end devices,
the static PDR-prioritized policy achieved 62.1% higher EE
and a 5.0% higher PDR than G-ADR. Under periodic end-
device turnover (up to 50%), MARLTC retained a 27.4%
EE advantage over ADR, highlighting its responsiveness to
dynamic topologies. To bridge the gap between simulation and
deployment, we developed a model-conversion pipeline that
translates trained policies into dependency-free, standalone
C implementations. Experimental validation on a physical
LoRaWAN testbed confirmed that MARLTC policies achieve
a 76% reduction in memory footprint and negligible inference
latency, satisfying the strict resource and timing constraints of
IoT hardware. These results demonstrate that MARLTC consti-
tutes a practical, scalable, and readily integrable enhancement
to existing ADR mechanisms in LoRaWAN networks. In
future work, we will improve generalization to unseen deploy-
ment conditions by training general policies across randomized
area sizes to better handle varying spatial domains and extend
mobility support. We also plan to explore interference and
reliability in large-scale real-world testbeds, providing com-
plementary insights to the simulation results.

APPENDIX

We conducted supplementary simulations using a bursty
traffic model with 200 end devices over 9 h, where per-
interval transmission probabilities were scaled by dynamic
burst factors sampled uniformly between 1 and 10. For each
packet interval, the effective transmission rate was A;; =
A x burst_factor, with 4 = 1/packet interval. Overlapping

IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 15, 1 AUGUST 2026

TABLE VIII

PDR UNDER BURSTY (B) AND POISSON (P) TRAFFIC FOR DIFFERENT
AVERAGE TRANSMISSION INTERVALS

Avg. Transmission Interval (s) PDR (B) / (P)

250 0.52/0.78

500 0.72 7/ 0.81

1000 0.84 / 0.85

2000 0.95/70.99
transmissions were then modeled as h;; = 1 — e_/l"fT"/f, where

T}; denotes the interference interval between end devices i and
Jj. Table VIII reports the PDR under Poisson and bursty traffic,
averaged across the four MARLTC variants. For both traffic
models, higher traffic intensity resulting from shorter packet
intervals increases the number of transmitted packets and
slightly reduces PDR, while MARLTC consistently maintains
stable adaptation dynamics across all variants.
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