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Abstract

Introduction: Wireless Sensor Networks (WSNs) face significant challenges in balancing energy
efficiency, latency, and reliability while operating under severe resource constraints. Current methods
either optimize network layers separately or use static cross-layer coordination, which doesn't work
well when conditions change.

Purpose: The aim of this study is to introduce a Constrained Multi-Objective Reinforcement Learning
Model (CMORLM) for optimizing Joint Routing, Medium Access Control (MAC), and Duty Cycling
Optimization (DCO) in low-power WSNs.

Methods: In this paper, we have suggested the CMORLM approach as a constrained Markov Decision
Process (MDP) with three competing goals: lowering Energy Consumption (EC), lowering End-to-
End-Latency (EEL), and raising Packet Delivery Ratio (PDR). There are strict limits on the amount of
residual energy, the buffer size, and the Quality of Service (QoS) requirements. Lagrangian Constraint
Handling (LCH) and multi-objective policy gradients are combined within the primal-dual
optimization method. For routing, MAC, and DCO, the policy network uses a shared encoder with
factorized heads. Federated Gradient Aggregation (FGA) is used for distributed learning across Sensor
Nodes (SN).

Results: Testing in NS-3 shows that EC is 34.2% lower, EEL is 41.3% higher, and PDR is 16.5%
higher than Traditional Layered Protocols (TLP). Network Lifetime (NL) goes up by 38.4%. The
constraint violation rate (CVR) is still below 1%. This is 23 times less than the CMORLM that was
suggested. Ablation studies show that joint optimization increases the EC by 44.7% over single-layer
control.

Conclusion: The suggested CMORLM works well on networks with 50 to 200 nodes and can handle
changes in traffic, node failures, and mobile sinks. To enable operator control over performance trade-
offs through weight configuration, Pareto frontier analysis is performed.

Keywords: WSNs, reinforcement learning, multi-objective optimization, constrained Markov
decision processes, cross-layer optimization, energy efficiency

JEL Classifications: C44, C61, L.96, C63



1 Introduction

WSNs are now a key technology for Internet of Things (IoT) apps. These uses include environmental
monitoring, factory automation, and smart farming and healthcare systems (Trigka & Dritsas, 2025).
Typically, these networks consist of 100 to 1,000 resource-constrained nodes powered by batteries
with strictly limited operational lifespans. The nodes are used in situations where it is not possible or
practical to change the batteries by hand. The main challenge in designing a WSN is finding the optimal
balance between Network Lifetime (NL) and Quality of Service (QoS) for data collection applications
(Aburukba & El Fakih, 2025; Khan, Mazhar et al., 2025). Energy efficiency directly affects how well
a deployment will work (Behera et al., 2022). Network performance in WSN emerges from complex
interactions across multiple protocol layers (Kumar et al., 2025). The routing decisions established and
implemented in determine the multi-hop forwarding paths data packets take, from source to sink
(Schlichter et al., 2025). As Bhutani et al. (2025) explain, Medium Access Control (MAC) protocols
also control channel access, preventing collisions and retransmissions. Also, Rottleuthnerv et al. (2025)
say that Duty Cycling Optimization (DCO) controls when radios go to sleep and wake up. At the same
time, these three control aspects rely on each other in important ways. Conversely, achieving energy
efficiency in routing via minimum-hop circuits sometimes requires low transmission power.
Ekpenyong et al. (2022) and Salim (2023) say that this affects contention at the physical layer (MAC).
For example, delays might get much worse if they coincide with long periods of sleep and many work
changes. Another thing to consider is that routing that uses less energy may affect MAC-layer
contention. In the past, when building WSN protocol stacks, each layer had to work as well as possible.
Routing protocols often employ heuristics that are either manually adjusted or left unchanged.

These protocols consider many factors to determine forwarding pathways, such as the number of hops,
the number of transmissions expected, and the amount of residual energy (RE). But these decisions
don't account for contention levels at the MAC layer or the delays introduced by DCO (Islam & Lee,
2019). One distinguishing feature of MAC protocols is that they are configured using parameters that
have already been specified. Because of this, it is harder for them to adapt to changes in the network
or traffic flow. The current tiered structure does not allow it to fully leverage the potential benefits of
interactions across different protocol levels. The research by Feng et al. (2025) shows that this makes
it less likely that performance will become better. Researchers have proposed many cross-layer
optimization strategies to address these limitations. Conversely, most currently available
methodologies are either analytical models or metaheuristic algorithms. Mustafa et al. (2025) assert
that all methodologies require fundamental knowledge of network architecture, channel conditions,
and traffic flows. Because of this, these technologies aren't used sufficiently in the real world.

In rare cases, the way packages are delivered may change over time. Interference and fading are two
factors that can negatively affect a network's performance. Unexpected changes in connections can
occur when nodes fail. Recent developments in reinforcement learning have enabled networks to learn
from mistakes and adapt to their environment. Terven's (2025) research shows that Deep
Reinforcement Learning (DRL) is effective in complex decision-making situations. However, there
are still significant challenges in using RL within Wireless Sensor Networks (WSNs). Real-world
implementations are subject to stringent safety protocols. Priyadarshi (2024) and Luong et al. (2019)
posit that safety nets (SNs) are essential for preventing buffer overflows, ensuring service quality, and



maintaining energy levels above a critical point. Therefore, methods in unconstrained multi-objective
reinforcement learning (UMORL) could impose considerable restrictions on the actions allowed
during the exploration phase.

Moreover, network operators need to understand the trade-offs in performance that arise when multiple
goals conflict. These trade-offs encompass factors such as energy consumption, response time, and
reliability. Consequently, operational effectiveness may be diminished by these inherent compromises.
Network operators require a clear understanding of performance implications, transcending manual
modifications and reward functions that lack automation and user-friendliness. Furthermore, to
optimize constrained sensor node resources, the implementation of distributed learning methodologies
and lightweight policy frameworks is essential to mitigate substantial computational requirements (EI-
Hajj, 2025).

This work employs a CMORLM to address these challenges within the joint routing, MAC, and DCO
framework. The proposed CMORLM uses a constrained Markov Decision Process that incorporates
operational safety limits alongside energy, delay, and reliability requirements to model the cross-layer
control problem. The primal-dual optimization method combines policy gradient techniques with
Lagrangian Constraint Handling (LCH) to change the weights of policy parameters and constraint
penalties. Constrained-prediction networks ensure that actions are safe to take by checking whether
they can be performed before they are carried out. The policy architecture uses a shared feature encoder
for routing, MAC, and DCO. It also has factorized output heads to make decision making easier and
reduce the number of actions available. Federated Gradient Aggregation (FGA) enables distributed
learning by allowing nodes to update their own policies and periodically synchronize their parameters
within clustered communication structures. We perform Pareto frontier analysis to enable operators to
control performance trade-offs by adjusting weights. In this context, CMORLM is clearly defined as
a decision-support framework. Operator preferences are represented by configurable objective weights,
and Pareto frontier analysis provides a systematic method for rational decision-making regarding
trade-offs among energy, latency, and reliability.

The proposed framework offers four primary contributions. First, it unifies routing, MAC, and duty-
cycle optimization into a single constrained reinforcement learning model with clear safety
requirements and conflicting performance goals. Second, it uses a primal-dual reinforcement learning
algorithm that simultaneously optimizes policies and satisfies constraints by adjusting the Lagrange
multiplier as needed. Third, it uses a factorized neural network architecture and a distributed training
protocol to address communication and computational challenges in WSNs with limited resources.
Fourth, many tests have shown that joint optimization, multi-objective formulations, and methods for
handling constraints achieve much better results than traditional layered protocols and current
learning-based approaches.

From a decision sciences perspective, managing a WSN is a complex Multi-Criteria Decision-Making
(MCDM) problem. Network operators are frequently forced to make subjective trade-offs between
conflicting Key Performance Indicators (KPIs), such as extending battery life versus ensuring ultra-
low latency. Therefore, this study frames the proposed CMORLM not merely as an automated routing
protocol, but as an intelligent decision-support framework. By utilizing configurable objective weights
and Pareto frontier analysis, our model empowers network managers with explicit, rational control



over system performance, ensuring that operational policies align directly with strategic business or
application requirements.

The rest of this work is set up as follows: Section 2 discusses related work; Section 3 discusses the
system model and problem formulation; and Section 4 discusses the proposed CMORLM. Section 5
discusses how the experiment was set up, Section 6 presents the results and analysis, and Section 7
discusses the limitations and potential future developments.

2 Literature Review
2.1 RL-Driven Routing Adaptation in Low-Power loT/WSN

Recent studies treat routing in Low-Power and Lossy Networks (LLNs/WSNs) as a sequential decision
problem in which link quality, congestion, and node energy evolve with delay. Dey and Ghosh (2024)
introduced multi-agent RL for adjusting IPv6 Routing Protocol for Low-Power and Lossy
Networks (RPL) routing objectives under non-stationary conditions. Lei and Liu (2024) applied RL to
routing with explicit load-balancing intent. In AMI-style mesh networks, Santos et al. (2024) used Q-
learning to refine RPL-type routing decisions. Moving closer to explicit trade-off handling, Halloum
et al. (2026) proposed multi-objective RL for adaptive routing with load balancing. However, these
routing-centric works largely assume MAC behavior and duty cycling are fixed or externally tuned.

2.2 RL for MAC-Layer Scheduling and Access Control

At the MAC layer, RL has been applied for adapting scheduling and access parameters, particularly
for IEEE 802.15.4e Time Slotted Channel Hopping (TSCH). Zerguine et al. (2025) developed an RL-
based TSCH scheduling method to improve performance under varying interference and traffic
conditions. Ben Yaala et al. (2025) similarly optimized TSCH scheduling with RL for Industrial
Internet of Things (IIoT)/LLN environments. Further, Panda et al. (2025) advanced prioritized multi-
agent RL TSCH schedulers. Most MAC and scheduling studies treat routing and duty cycling as given,
and schedule optimization is not jointly aligned with routing-induced load shifts or duty-cycle-driven
neighbor availability.

2.3 RL-Enabled Duty Cycling and Energy-Aware MAC Operation

Duty cycling remains central to low-power WSN operation because idle listening and overhearing
frequently dominate Energy Consumption (EC) in sparse traffic regimes. Latif et al. (2025)
implemented an RL-based intelligent duty-cycle MAC protocol that adapts sleep and wake behavior
using experimental performance feedback. Khan, Ullah et al. (2025) applied RL to improve B-MAC-
style operation. Further, these works demonstrate that RL can tune the duty cycle. However, routing
and MAC scheduling are typically treated as external factors. Duty cycling directly alters neighbor
availability, forwarding delay, and retransmission probability and contention patterns.

For system-level energy optimization, DRL has also been used by embedding energy cost directly into
the learning objective. Yuan et al. (2024) verified DRL for EC optimization in WSN peer-to-peer



communication. However, such energy-centric studies often focus on a subset of protocol decisions or
assume simplified MAC/routing settings.

2.4 Synthesis of Gaps Toward Joint Multi-Objective Constrained Control

Across routing-focused (Dey & Ghosh, 2024; Halloum et al., 2026; Lei & Liu, 2024; Santos et al.,
2024), MAC/scheduling-focused (Ben Yaala et al., 2025; Panda et al., 2025; Zerguine et al., 2025),
and duty-cycle-focused (Khan, Ullah et al., 2025; Latif et al., 2025) studies, a consistent limitation is
the predominantly single-layer learning design. Three gaps are most relevant to the present scope. First,
cross-layer coupling is under-modelled: routing changes contention and load distribution; MAC
scheduling changes service rates and collision rates in the network; and duty cycling changes
connectivity and forwarding feasibility, yet these are rarely optimized under a single policy. Second,
multi-objective trade-offs are handled inconsistently: even when routing is formulated as a multi-
objective problem (Halloum et al., 2026), MAC and duty-cycle trade-offs are not jointly optimized.
Third, constraint satisfaction is frequently evaluated after training rather than embedded into the
learning formulation; duty-cycle bounds, deadline-miss limits, and reliability requirements are
typically treated as post hoc checks.

These gaps motivate a unified multi-objective constrained reinforcement learning formulation for
joint routing—-MAC—duty cycling in low-power WSN, where energy—latency—reliability trade-offs
are jointly optimized, and operational constraints are enforced during learning rather than offline
tuning.

3 System Model and Problem Formulation

3.1 System Model
Figure 1: WSN and Cross-Layer Control Model
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Note: This figure illustrates the system architecture. (a) Depicts the multi-hop network topology where sensor nodes (blue) route data to
the sink node (orange) via intermediate relays. (b) Details the proposed cross-layer control framework, highlighting the strong
interdependencies between the Routing layer (next-hop selection), the MAC layer (transmission power and contention window), and the
duty cycling layer (sleep/wake durations) to optimize network performance.

For modelling the WSN it is represented as directed graph G = (V, E), where 'V’ contains ‘N’ sensor
nodes '{ny,...,ny}’, and sink node 'ng’. Directed link (n;n;) € E exists when 'n;’ is within



transmission range of ‘n;’. Each node 'n;’ has finite initial energy 'Eiinit’and buffer capacity 'B;" and
generates packets at a rate ‘A;". Packets reach 'ng’ via multi-hop forwarding by intermediate relays

(Figure 1a).

Traffic varies from periodic sensing with near-constant rates to event-driven, bursty arrivals. Network
supports heterogeneous traffic classes with different QoS targets, including latency bounds. D,,,, for
time-critical flows and minimum delivery requirements PDR,,;, for reliability-sensitive flows.
Forwarding follows a store-and-forward operation where the queue at node 'n;’ evolves from local and
upstream arrivals vs. successful downstream transmissions. Buffer overflow causes drops. Each node
radio has four states—transmit, receive, idle listening, and sleep—and EC follows the first-order radio
dissipation model.

Transmit energy for an L bit packet over distance d is defined in Equation 1:
Etx(L: d) = Eelec - L + €Eamp ° L-ad<, (1D

where Egj. is the per-bit energy cost for transmitter electronics; €4y, is the amplifier energy

coefficient, and «a is the path loss exponent, ranging from 2 for free space propagation to 4 for multi-
path fading environments. Receiving a packet consumes energy proportional to packet length, as
shown in Equation 2:

Erx(L) = Egtec - L. (2)

In idle listening, the radio monitors a channel without data exchange and consumes power as P4, per
unit time. In sleep mode, power drops to Py, but transitions between sleep and active states incur

switching energy Ej,,itcn- Residual Energy (RE) at node n; evolves according to cumulative EC across
all radio activities.

At a discrete time step t, the energy level updates as described by Equation 3:
Ey(t + 1) = Ey(t) — (EL(0) + EL(6) + Elgge (8) + Elieey (6) + Elyieen (1)) 3)

Node n; becomes non-functional when RE falls below the minimum threshold E%,;,, required for basic

operation.

Channel access follows carrier-sense multiple access with collision avoidance principles. Interference
occurs when multiple nodes within mutual range transmit simultaneously. Signal to interference plus
noise ratio at receiver n; from transmitter n; is assumed by Equation 4:

Py - Gyj
No + Yker P - Gij’

where P, is transmission power; G;; is channel gain; Ng* is noise power; [ identifies a set of

interfering transmitters.



Joint optimization spans three protocol layers (Figure 1b). At the routing layer, each node n; uses a
forwarding policy that maps buffered packets to the next hop in A, = N(i) U {®}, where @ is drop
action. At the MAC layer, carrier sense access is controlled by discrete actions A, .. including transmit
power levels {P;, ..., Py} and contention window options {CW,in’ CWinea’ CWinax}, and backoff

methods.

Duty cycling control determines the temporal pattern of sleep and wake periods. Duty cycle action
Afiuty is sleep duration Sileepand subsequent active listening window Tliisten for node n;. Duty cycle

ratio is defined as the fraction of time the radio remains active and is computed using Equation 5:

Tliisten
DC; = . (5)

i
sleep + isten

Joint action at time t is a; = (aloyte, Agacs afluty) and this captures simultaneous routing, MAC, and
duty cycle decisions. These layers are coupled because routing affects transmission attempts and
collision exposure, while duty cycling controls when nodes contend for the channel, and MAC
parameters determine forwarding success.

To formulate the joint optimization problem, the following standard assumptions are made regarding
the network environment:

Traffic Model: The network supports heterogeneous traffic. Periodic sensing follows a Constant Bit
Rate (CBR), while event-driven traffic follows a Poisson arrival process, simulating unpredictable
environmental bursts.

Channel and Interference Model: Wireless propagation is modeled using a log-distance path loss
model with multi-path fading. Interference is calculated using the Signal-to-Interference-plus-Noise
Ratio (SINR), assuming carrier-sense multiple access with collision avoidance (CSMA/CA).

Failure Model: Node failures occur either deterministically due to energy depletion (when residual
energy falls below Eix) or stochastically due to hardware/environmental anomalies (modeled as
random node deactivations).

3.2 Problem Formulation

The optimization problem balances 3 competing objectives that characterize network performance.
Network average EC calculates energy efficiency per PDR in Equation 6:

N T
D ST @
1=

Z N P_delivered
i=1"1

Ja(m) = : (6)
where EF°™%™e () denotes the total energy consumed by node i at time step 7, P2¢"eTe? represents
the total number of packets successfully delivered to the sink that originated from node 7, NV is the total
number of sensor nodes, and 7 is the total operational time horizon.



Subsequently, End-to-End Latency (EEL) is measured as the average delay experienced by packets
from generation at source nodes to reception at the sink. The EEL objective is shown in Equation 7:

1 . ti
]2 (71') = E pEP( Tparrwal _ Tpgenera zon)’ (7)

where P is the set of all successfully delivered packets, | P | is the total number of such packets, Trf‘"i”“l

is the exact timestamp when packet p successfully arrives at the sink, and T,/ eneration s the timestamp
when packet p was originally generated at the source node.

Reliability is computed using PDR, defined as the fraction of generated packets that reach the sink
within the timeout period.

Reliability objective in Equation 8:
Z N pdetivered
— (8)

N .
P generated
z i
i=1
P generated -

where is the total number of packets generate node i during the operational period, an
h ) the total ber of packets g ted by node i during the operational period, and
P_delivered
l

J3(m) =

is as defined previously.

For each node i and time t the energy constraint in Equation 9:
Ci(0): Ey(t) = Epyin. 9)

Buffer constraints prevent packet drops due to overflow.

Buffer constraint for node i in Equation 10:
C;(8):Qi(t) < B, (10)

QoS constraints ensure application requirements are met.

Latency-sensitive applications impose per-packet delay bounds in Equation 11:
C3 (p): T#rrival _ Tz;qeneration < Dmax' (11)

for all PDR as p belonging to time-critical traffic classes.

Reliability-critical applications enforce minimum PDR requirements in Equation 12:
C4:J3(m) = PDRyip. (12)

Feasible policy space Il¢.q4sip1e cOnsists of all policies that satisfy these constraints in expectation over
the policy-induced state distribution.

Joint routing—MAC-DCO problem is modelled as constrained multi-objective MDP (S, 4, P, 1, C,y).
State space Saggregates node results as s; = (E;, Q;, N;, A%7%) that captures RE, queue occupancy,
neighbor connectivity, and experimental traffic rate. Action space A = Ayoyre X Apmac X Aguey 18 joint

action @ = (Arouter AmMac, Aaury) for simultaneous cross-layer control. Transition kernel $P S \times



A \times S \to [0,1]$ models stochastic packet arrivals, channel variations, collisions, and energy
depletion. Reward vector r = (ry,13,73) encodes three objectives using immediate rewards derived
from Equations (6) to (8) and constraint vector C = (C;, C,, C3, C,) quantifies constraint violations
under each state—action pair. Discount factor y € [0,1)is used.

A constrained multi-objective optimization problem seeks a stochastic policy m: § — A(A) that maps
states to probability distributions over actions.

Value functions for each objective under policy m are defined in Equation 13:
ViE(s) = Ex[ X, ¥ (s a) | so = s, (13)

for objectives k € {1,2,3}. Feasibility conditions require expected cumulative constraint costs to
remain below specified thresholds §; over an infinite horizon, and this is formulated in Equation 14:

E, [z vt Ci(se, at)] <6;,Vi€l234. (14)
t=0

The objective is to identify the Pareto frontier of policies 7" € Ifoqsip1e Such that no policy ' €

Hfeasipie €Xists satisfying V,f’ (s9) = V,f* (sp) for all objectives kwith strict inequality for at least one
objective.

4 Proposed CMORLM
Figure 2: The proposed CMORLM for Joint Cross-Layer Control
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Note: The workflow of the Constrained Multi-Objective Reinforcement Learning Model (CMORLM). The agent observes the WSN
state (energy, buffer, neighbors, channel) and utilizes a Joint Policy Network to output cross-layer actions. The environment returns
multi-objective rewards (energy, latency, reliability) and constraint violation costs. A Primal-Dual parameter update mechanism is
employed to optimize the policy while strictly enforcing operational constraints via Lagrange multipliers.

The proposed CMORLM uses a factorized neural policy for distributed learning across nodes. As
summarized in Figure 2, the workflow includes a state simulation model, multi-objective reward
construction, constraint-aware policy optimization, and distributed coordination. Learning proceeds



iteratively, and each node detects its local state and selects joint cross-layer actions via a learned policy.
It receives objective feedback on energy, latency, and reliability, checks constraint satisfaction, and
updates parameters via gradient-based primal-dual optimization. The primal step improves the
weighted objective, and the dual step updates Lagrange multipliers using experiential constraint
violations.

4.1 State, Action, and Observation Design

A. State Representation: The state space S is the Cartesian product of local node states. Each node
n; maintains the local state (Equation 15):

si = (E;, Qi, N, ¢;) € R%, (15)

where E; € [0,1] is normalized RE, Q; € [0,1] is the normalized buffer occupancy Q;/B;, N; €
RNmax*4 i5 a neighbor feature matrix, and ¢; € R captures channel statistics over a history window
of length H. Each row of N; corresponds to a neighbor n; € N(i) and is (EJ' dij Qj hj), encoding
neighbor RE, normalized distance, neighbor buffer occupancy, and hop count to the sink; N; is zero-

C

padded up to Ny,,. Channel features c; include average collision rate pf°", RSSI measurements, and

observed interference. The global state is s = [sy, ..., sy] € RV*%s,
B. Action Decomposition: The joint action space is decomposed (Equation 16) as:

A = Aroute X Ayac %X Aduty- (16)

For node n;, the routing action space is ALy, = N (i) U {drop} with | AL, 1=I N(i) | +1, where
aloyute Selects the next hop (or drops). The MAC action is a4, = (P}, CW') € P x W, where P =
{Piow» Pmed> Prign} and W = {CWinin, CWinea, CWiay}, giving | Alysc 1= 9 combinations.

The duty-cycling action is afiuty = (Tsileep,T‘};,ake) € Tsieep X Twake > with Tsieep =
{100, 250,500,1000} ms and T,,qke = {50,100,200} ms, generating IAiMy |= 12 options; the
duty ratio follows Equation 5. At timestep t, a; = (aloyrer Abrac) afiuty) € A, and the per-node joint

action cardinality is | A" |=| Aboyre || Abac 'l Aguey |-

C. Observation Aggregation for Distributed Learning: Under distributed learning, each node
n;forms observations without centralized coordination. As defined in Equation 17:

0; = (Sifgglobal) €0, (17)

where s; is the local node state and Sg;opq = (E, Q, 1) aggregates network statistics: average RE as E,
average buffer occupancy Q, and total traffic load 1. These global statistics are broadcast by the sink
via periodic beacons every as Tj.qc0n. Partial observability occurs due to stale global updates and
hidden neighbor states, so nodes maintain neighbor belief states $jusing last-received information and
predictive models.



D. Feature Engineering and Normalization: State features are pre-processed to improve training
stability and convergence. Energy and buffer variables use min—max normalization as defined in
Equation 18:
X — X
F=—TT"—, (18)

Xmax — Xmin

where Xp,in» Xmax are physical bounds. The transmission range scales distances is R, as c?l-j =
d;;j/Rtx. Channel features are standardized using running statistics for the collision rate as p; ou b =
(pi —up)/0,, wWhere pu,, g,are exponentially weighted moving averages updated as defined in

Equation 19:
e = Bpe—1 + (1= Bxy, (19)

with = 0.99. Temporal dependence is modeled by concatenating the current state with the previous
H — 1 states to form [S;_py41, ..., S¢], providing short-term historical data to project and network
dynamics.

4.2 Multi-Objective Reward and Preference Modelling

A. Reward Decomposition: The multi-objective problem converts the three objectives in Equaitons

6 to 8 into timestep rewards for policy learning. The energy reward for node n; at time t penalizes

consumption as defined in Equation 20:

E_consume (t)
L

, (20)
Eref

i) =~

where E...r is a reference transmission energy for normalization, and the network reward is 1y (t) =

> iV: 1 r{ (t). The EEL reward penalizes delivery delay using Equation 21:

i eneration
1 Tparrwal _ Tpg

, (21)

r(t) = —
2(t) P Dros

DEP:

where P, is the set of packets delivered at t and D,..f is a reference delay; if | P, |= 0, then r,(t) = 0.
The reliability reward follows Equation 22, rewarding deliveries and penalizing drops:

| Ptdelivered | —| Pdropped |
_ t
T3 (t) - | Ptotal I ) (22)
t
where pfetivered Ptdmpmd, and P}°'*are delivered, dropped, and total packets at timestep t.

B. Multi-Objective Scalarization: The three reward components are combined using weighted
scalarization as defined in Equation 23:

r(se,ar) = wirg (£) + worp () + wars(t), (23)



where w = (wy, Wy, w3), w; = 0, and Y5_; w; = 1. The weights control the policy trade-off and its
position on the Pareto frontier.

C. Reward Normalization Method: Each reward component is standardized using Equation 24:

1 (1) — pe (t)

OETEE (24)

i (t) =

where u; (t), oy (t) are running mean and standard deviation updated by Equation 19 with f = 0.99,
and € = 1078, The final scalar reward uses normalized components: 7(s;, a;) = wy 7 () + w,7, (t) +
w35 (6).

4.3 Constraint Handling via Primal-Dual Optimization

A. Lagrangian Formulation: The constrained multi-objective problem in Section 3.6 is solved using
a primal—dual method that converts it into a saddle-point optimization via a Lagrangian penalty on
constraint violations, Equation 25,

L©O.2) =J(©O) = ) 2 [6:(6) - 51, (25)

where 6 are policy parameters, J(8) = Yx_, Wi I/;ZT" (sp) is the weighted value (Equation 13), C;(8)
is the expected cumulative cost for constraint i, §; is the threshold (Equation 14), and A =
(A4, 4,, 13, A4) are nonnegative multipliers enforcing constraints. The solution seeks a saddle point
(6% X17) satisfying Equation 26:

L(6*,A) < L(O", A7) < L(6,17), (26)

forall 8,1 > 0.

B. Primal-Dual Update Mechanism: The primal step performs gradient ascent on the Lagrangian to
improve the weighted objective while accounting for constraint costs, Equation 27,

VoL(6,2) = Vol (0) = ) 2 VoCi(0). @7)

The objective gradient uses a sample-based policy-gradient estimator in Equation 28:

M
T
1 N
Vo (0) ~ = E > Vologmy (al' | s7) AT, (28)
t=0
m=1

where M is the number of trajectories, T is episode length; AT is the GAE advantage (discount y,
parameter A;45). Constraint gradients are estimated similarly using Equation 29:



M

VoCi(6) =

T
1 A
) D Velogm (al Is1") (L (29)
t=0
=1

m=

where Ai’ft‘ is the discounted cumulative cost for constraint i from timestep t. The primal parameter

update follows Equation 30:
Ok+1 = Ok + agVgL (O, Ax), (30)

with learning rate ag.

The dual-step updates the multipliers based on the constraint violation. The dual gradient is assumed
in Equation 31:
Vy,L(0,2) = 6; — Ci(0), (31)

and the projected dual update is defined in Equation 32:
Aigsr = max(0,4; + a; [Ci(6) — i), (32)

where « is the dual learning rate. Multipliers decrease when C;(6;) < §; and increase when C;(6,) >
4;, tightening enforcement on violations.

C. Safe Exploration via Constraint Prediction: A constraint prediction network C¢:S XA -

R*estimates expected constraint costs for candidate state—action pairs and is trained by supervised
regression. For constraint i, the target is the Monte Carlo return defined in Equation 33:

T
Vi = Z V(t,_t) ci(ser,ap), (33)

t'=t

where c;(s,a) is the immediate constraint cost. Training minimizes the MSE between C¢ (sp.ap),
y; over-collected trajectories. At execution, actions are sampled from my(a | s) are screened by C¢;

predicted violations beyond a safety margin are rejected and resampled; a conservative fallback is used.
The safety rule is assumed in Equation 34:

a~ 1s.), IfCu(sy,a) <6 +¢€;,Vi
at ={ T[g( |St) ¢(St a) A 6l l’ (34)

Asafer Otherwise

where €; > 0 is a safety buffer and ay4f, is a conservative action (e.g., minimum power with
maximum contention window).

4.4 Joint Policy Network for Routing—MAC-DCO

A. Neural Network: Joint policy uses a Deep Neural Network (DNN) with shared encoder and task-
specific output heads (Figure 3). The shared encoder ¢g: S — R% maps raw state inputs to latent
features for routing, MAC, and DCO actions using fully connected layers with ReLU activations.



It has three hidden layers with dimensions [d, 256, 128, 64] where d; is a state dimension, and
layer normalization is applied after each hidden layer. Encoder produces h = ¢g(s) € R®* and
this feeds to policy heads.

Figure 3: Neural network for joint policy
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Note: The architecture of the deep neural network used for the joint policy. It features a shared feature encoder that maps raw state inputs
to a latent representation (/). This latent vector is then fed into three factorized, task-specific output heads: Routing (next-hop selection),
MAC (power and contention window), and Duty Cycling (sleep and wake times), thereby reducing the overall action space complexity.
A separate Value Network is used for advantage estimation

Three policy heads map the shared latent vector h € R%*to layer-specific action distributions. The
(6r) 64
'R

routing head 7, .:

— A(A,oue) Outputs a categorical next-hop distribution using SoftMax as
defined in Equation 35:

EXP(froue (P 01 ) gy )
a' €Aroute Ex p(froute (h; er)a’) '

T[route(aroute | S; 6) = Z (35)

where fioue(h; 6,) € RMrouel s the routing logit vector.

The MAC head nlsfgng : R®* — A(Apmac) factorizes the joint action (P CW) into independent SoftMax
distributions over power and contention window, Equation 36:

Tymac(P,CW 1 5;0) = mp(P | 5,08 ) - oy (CW | 5;857), (36)

where mp, mey, are separate SoftMax distributions over power levels and contention windows,

parameterized by disjoint subsets of MAC head weights 8F and 85" . The duty-cycling head

néﬁt‘;): R6* — A(Aguy)similarly factorizes (Tsleep’ Wake)as in Equation 37:

l
T[duty( Tsleep: Twake i S5 0 ) = T[sleep( Tsleep i S5 H; cep ) ' nwake( Twake | S5 Qt\ivake ) (37)

The full joint policy is the product of head outputs, given by Equation 38:



Ty ( Arouter AMAC) Aduty | S) = T[route( Aroute | 's; 97‘) ' T[MAC( amac |'s; Hm ) ) T[duty( Aguty | S; Qd )' (38)

with 8 = {O,,,c, 6,, 01, 04}. Actions are sampled independently from each head during exploration,
and selected greedily by selecting each head’s mode during deployment.

B. Policy Network Parameterization: Policy parameters '8’ are initialized with Xavier initialization
to preserve gradient variance. The parameter count is nearly 256 X 128 + 128 X 64 + 64 X (|
Aroute | H1 P 1 +I W | +| Tgpeep | +1 Tyake 1) = 45,000 for typical cases with | N(i) |< 8. Entropy
regularization is added to promote exploration via Equation 39:

]reg (6) =J(6) + By Es_ymo [H(ﬂe( ‘Is ))]; (39)
where H(tg(:] ) = — Y aeaTg (a | s)log my(a | s) and By decays from 0.1 to 0.01 during training.

C. Value Network for Advantage Estimation: A value network Vy,(s) outputs a scalar estimate and
is trained by minimizing the TD Bellman MSE in Equation 40:

Ly (l[}) = E(st,rt,st+1)~D [(le (se) — yt)z]' (40)

with y, = 1 + yVy(S¢41). Advantages of using GAE as defined in Equation 41:

At = (v AGAE)I Ot+1r (41)
1=0

where 8; = 13 + YV (Se1) — Vi (se) and Agap = 0.95.

D. Factorization for Action Space Reduction: The joint action space | A |=| Aoute | X1 Aprac 1X1
Agyey 11s large (e.g., = 9 X9 X 12 = 972 for 8 neighbors), so factorization is used. The routing—
MAC-duty product in Equation 38 reduces handling from O(l Aroyte Il Amac Il Aguey 1) to O(l
Aroute | +1 Ayac | +1 Agyey 1), while cross-layer coupling is preserved via the shared encoder h =
¢g(s). Inside the MAC head, Equation 36 replaces | P || W |outputs with | P | +] W |, assuming a
conditional near-independence of the assumed state. The policy-gradient term decomposes additively
across heads as in Equation 42:

Velogﬂe (a | S) = velognroute (aroute | S) + vBlogn'MAC (aMAC | S)
+V910 gnduty (aduty | S )' (42)

enabling efficient sampling and gradient computation with shared-encoder coupling retained.

4.5 Distributed Learning and Communication Overhead Control

A. Distributed Learning Paradigm: A hybrid distributed network is used: each SN runs a local policy
for real-time decisions, while parameters are periodically synchronized via aggregation at the sink.
The network is partitioned into K clusters; nodes in cluster k maintain local parameters 6;, compute



updates from local trajectories and send them to a cluster head. Cluster heads aggregate updates and
synchronize with the sink, which performs global updates and broadcasts refreshed parameters back
to clusters.

B. Local Agent Design with Global Coordination: Each node n; acts as an agent using g, and stores
the experience in a buffer B;up to Byq,. When B;is full or after Ty, the node computes a local
gradient as in Equation 43:
1 .
g=157 Q. Vologm(als)i(sa), (43)
i

(s,a,r,s")EB;

where advantage estimates A(s, a) are computed using the local value network and stored trajectory
rewards. Cluster heads aggregate node gradients with data-size weighting (Equation 44):

“ Yjev, |Bj 17

iEVE

where the weighting reflects each node's relative contribution to the data. The sink aggregates across

clusters (Equation 45):
K

| Vi |
global = N Ik (45)

k=1

and updates 6 < 6 + @ ggi0pai> then broadcasts the parameters back to all nodes via the cluster heads.

C. Asynchronous Updates and Staleness Control: To avoid synchronization delays, nodes can
transmit gradients asynchronously with version/timestamp metadata. Cluster heads accept updates
only if t — 7; < 7,4, and down-weight stale gradients using Equation 46:

Ik = z wi (t —7) - i, (46)
1€V

where the staleness weight function is defined as w;(At) = Exp (—Agq1eAt)with decay rate Agpqie =
0.1.

D. Communication-Efficient Gradient Aggregation: To reduce bandwidth for | 8 |~ 45,000,
gradients are sparsified by sending only top-k magnitudes (Equation 47):

S; = {:1 gillj] 1= threshold({l g;[m] I}z, )} (47)
where threshold(:, k) returns the k™ largest value in the set and quantized with b-bit stochastic
rounding (Equation 48):

N - [1alill
9:[j1 = Sign(g;:JD - [ ls S, (48)



where s = Max; | g;[j] I/ (2 — 1) is the quantization scale factor transmitted alongside quantized
values.

E. Bandwidth Overhead and Adaptive Synchronization: Per-cycle upload cost for sparse quantized
gradients is assumed by Equation 49:

Czipload = Lpeqdger + kK (b+Log , 16 1), (49)

where Lyqqq4er 18 the packet header size in bits, k is the number of transmitted gradient components, b
is the quantization bit-width, and Log , | 8 | bits encode each component index.

while the full-precision download cost is CLynioaq = Lheader+! 6 I+ 32 bits. The synchronization
interval adapts to congestion using Equation 50:

Tsync (t+1) =Min (Tsrjrllgécr Tsync(t)(1+nadapt IQ'(t)>chresh)) ) (50)

where T¢yq? is the maximum allowed interval, 74445, = 0.1 is the adaptation rate, Q(¢) is the average
buffer occupancy, Q¢presn = 0.7 is the congestion threshold, and I ., is the indicator function.

4.6 Training Procedure and Complexity Analysis

A. Training Algorithm: Training integrates constrained multi-objective policy optimization with
distributed learning and safe exploration. Learning runs in episodes of duration Tep;soqe, Where nodes

execute the current policy while the network processes traffic, and training continues until convergence.

Each iteration cycles through three phases: (a) trajectory collection via distributed policy execution,
where nodes sample actions, observe transitions, and log rewards and constraint costs into local replay
buffers; (b) local gradient computation, applying the primal—dual updates in Equations 30 and 32 using
mini-batches, with advantage-based policy gradients and Lagrange multiplier updates from constraint
violations, followed by gradient sparsification/quantization to cut communication; and (c) global
synchronization, where the sink aggregates updates using Equations 44 and 45 update shared
parameters and broadcast them back to nodes. Termination occurs when |l Vgll< €4,44 = 10™*and

constraint violations satisfy max ;[C;(0) — §;]+ < €const = 0.01over consecutive evaluation episodes.
Algorithm 1: Constrained Multi-Objective RL for Joint Cross-Layer Control

Input: WSN environment, initial policy parameters 0o, initial Lagrange multipliers Ao

Output: Trained policy n* 0 satisfying constraints

1: Initialize policy network 6 «— 0o, value network y «— o, multipliers A «— Ao
2: Initialize replay buffers B_i «— @ for all nodes i € V

3: For episode k = 1 to K_max Do

4: // Trajectory Collection Phase

5: For Eachnode n i € V in parallel Do

6: Reset local state s_i «— initial state



7:
8:
9:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34.
35:
36:
37:
38:
39:
40:
41:
42:
43:
44.
45:
46:

For timestept=1to T episode Do
Sample action: a i,t ~7m 0(:|s_1,t)
Apply constraint prediction safety check (Eq. 34)
Execute action, observe reward r_i,t, next state s_i,t+1, constraint costs c_i,t
Store transition (s_i,t,a it,r i,t,s i,t+1,c i,t)in B i1
End For
End For

// Local Gradient Computation Phase
For Each node n_ 1 € V in parallel Do
Sample mini-batch M from B_i
Compute advantages A using GAE (Equation 41)
Compute policy gradient: g i"mt «— V_0 L(0, &) (Equation 27)
Compute value loss gradient: g i*"V «— V_y L_V(y) (Equation 40)
Apply gradient sparsification (Equation 47) and quantization (Equation 48)
Transmit compressed gradient (g_i"x, g_i*V) to cluster head
End For

// Global Synchronization Phase

For each cluster head ¢_k, do
Aggregate gradients from cluster: g k «— X w_ig i (Equation 44)
Transmit cluster gradient g_k to sink

End For

At sink node:

Aggregate cluster gradients: g_global < X (|V_k|/N) g_k (Equation 45)
Update policy: 0 < 6+ a_0 g _global*n

Update value network: y «— vy +a_y g global*V

// Dual Variable Update
Evaluate constraint costs: C_1(0) fori € {1,2,3,4}
Update multipliers: A_i < Max(0, A i+ a A[C i(0) - & i]) (Equation 32)

Broadcast updated parameters (0, y, A) to all cluster heads
Cluster heads disseminate to nodes in their clusters

// Convergence Check

If ||g_global|| <& grad and max i[C 1(0) - 0 i] + <eg const Then
Break

End If

47: End For

48

: Return Trained policy n* 6



B. Hyperparameter Configuration: The training procedure involves numerous hyperparameters that
control learning dynamics, exploration behavior, and constraint enforcement. The hyperparameter
settings are determined using a preliminary grid search over critical parameters and fixed based on
empirical performance across diverse network scenarios. Table 1 summarizes the complete
hyperparameter configuration employed throughout experimentation.

Table 1: Hyperparameter Configuration for Training

Category Parameter Symbol Value
Encoder hidden dimensions [hy7 Ry hs) [256° 128 64]
Network Architecture Value network dimensions [hl hZ] [64232]
Activation function - ReLU
Policy learning rate ay 3x107*
. Value learning rate ay, 1x1073
Learning Rates -
Dual learning rate a, 1.5x 1073
Dual-primal ratio K 5.0
. Discount factor y 0.99
Discount and GAE
GAE parameter Acar 0.95
Initial entropy coefficient pnit 0.1
Exploration Final entropy coefficient Iginal 0.01
Entropy decay rate - 0.995
Episode length Tepisode 1000
Training M?x.imum ePisodes Komax 5000
Mini-batch size M 128
Replay buffer size Brax 10000
Energy threshold 6, 0.2E;,;t
. Buffer threshold 6, 0.9B;
Constraints
Latency threshold O3 500ms
PDR threshold N 0.85
Synchronization interval Tsyne 50
Clusters K 4
Distributed Learning Gradient sparsity k 4500
Quantization bits b 8
Staleness decay Astate 0.1
L. Reward momentum B 0.99
Normalization - 8
Epsilon € 10
Gradient threshold €grad 104
Convergence -
Constraint threshold €const 0.01

Note: Summary of the hyperparameter settings used for training the CMORLM in the NS-3 simulation environment. The table details
the neural network architecture dimensions, learning rates for the primal-dual updates, exploration coefficients, and specific thresholds
for energy, buffer, latency, and reliability constraints. EC: Energy Consumption; EEL: End-to-End Latency; PDR: Packet Delivery Ratio;
NL: Network Lifetime; CVR: Constraint Violation Rate; SN: Sensor Node; TLP: Traditional Layered Protocols; CMORLM: Constrained
Multi-Objective Reinforcement Learning Model. All reported values are averaged over multiple simulation runs in NS-3.

The learning rate schedule uses constant rates throughout training rather than adaptive decay, since
entropy regularization and diminishing exploration naturally stabilize learning in later episodes. The
dual learning rate is set 5 times larger than the primal rate (x = 5) to ensure Lagrange multipliers adapt
quickly to constraint violations, maintaining feasibility throughout training.



C. Computational Complexity Analysis: Computational complexity is expressed using state
dimension dg, action sizes, network size N, and training horizon. Per timestep, each node performs
policy/value forward evaluation, action sampling, and (during update rounds) gradient computation.

Forward evaluation through the shared encoder costs O(dy) (Three FC layers: O(dg X 256 +
256 X 128 + 128 X 64)). The three heads add 0(64 | Ayouce | +64(1 P | +1 W ) + 64( Tsieep | +1
Twake I)), which is O(1)for typical settings (e.g., | Aroute | 8,1 P 1= 3,1 W |=3,| Tgieep 1= 4,
Tware 1= 3). Thus, the total forward pass per node is 0 (dy).

45,000. Advantage estimation via GAE over trajectories of length Tepisoqe = 1000 costs O (Tepisode)-
Hence, per-episode training at each node is O (Tepisogedst!| 0 | d).

Aggregation scales with sparse gradient size k after sparsification. A cluster head aggregating |
Vi Inode updates costs O(| Vi, | k)with k =~ 4500; the sink aggregates K = 4 clusters in O(Kk).
Network-wide aggregation per synchronization is O(Nk).

Sparse gradient uploads and parameter broadcasts dominate communication. Each node transmits
O(k(b +1log, | 6 1)) bits per sync (quantization b = 8); amortized over Tsypn, = 50 steps this is
O(k/Tsync) =~ 90 bits per step. Broadcasting parameters costs O(| 6 |) bits per sync, amortized to
O(l 8 1/Tsync) = 900 bits per step.

Across Kq, = 5000 episodes of Tepisoqe = 1000 steps, total compute is O(KmaxTepisoaeNds) =
0(5 x 10%d,) for N = 100. The learned policy runs in 0(d,) per node per timestep, supporting real-
time inference with sub-10 ms forward execution on constrained nodes.

S Experimental Set-up
5.1 Simulation Environment and Configuration

Experiments are conducted in NS-3 v3.35 using IEEE 802.15.4 PHY/MAC. Propagation follows a
log-distance path loss model with indoor exponent @ = 3.5. Nodes emulate TelosB constraints (10 kB
RAM, 48 kB flash, 2700 mAh at 3 V). Energy uses Egjec = 50 nJ/bit, €4y = 100 pJ/bit/m?, transmit
power 0-10 dBm, Py = 0.426 mW, Pgee, = 0.003 mW, and Egyitcn = 0.05 mJ. Topologies
include (i) a 10 x 10 grid with 50 m spacing, (i1) 100 random nodes in 500 x 500 m, and (ii1) a clustered
layout with 4 clusters of 25 nodes. The sink is placed at the perimeter for grid/random layouts and at
the center for clustered layouts. The timestep is 10 ms, and each run lasts 5000 Sec.

5.2 Workloads and Network Scenarios

Periodic sensing uses CBR 100-byte packets every 5, 10, 20 Sec. (Heavy/Moderate/Light). Event-
driven traffic follows Poisson arrivals with A0 = 0.1 events/s, each triggering S-packet bursts.
Environmental monitoring combines a 20-second. periodic background with event bursts having
exponential inter-arrival (Mean 60 Sec.). Network size varies from 50-200 nodes (baseline: 100,



average degree: 6.8), with 20% of nodes as anchors at maximum power. Robustness scenarios include
10% random node failures at ¢ = 2000 Sec, a mobile sink moving at 1 m/s, and a load shift from light
to heavy at t = 1500s. QoS uses D,,,, = 500ms (critical) or 2000 ms (tolerant) and PDR,,,;,, = 0.9
(sensitive) or 0.7 (best-effort), including two-class heterogeneous (D45’ PD R,y )settings.

5.3 Baselines and Comparative Methods

A. Baseline 1: TLP: RPL(ETX) + ContikiMAC with fixed CW = 16, max power, and static 10%
duty cycle.

B. Baseline 2: EAH Cross-Layer: Heuristic cross-layer scheme with energy-weighted routing
metric M = wg (1 — E;/Einit) + wphi(wg = 0.6, wy, = 0.4), link-quality-based power control, and
buffer-threshold duty cycling (>50% increase, <20% decrease).

C. Baseline 3: Q-LRO: Tabular Q-learning for routing only (a = 0.1, y = 0.95, € -greedy
0.3—0.05); MAC and duty fixed.

D. Baseline 4: DQN-JA for EC: DQN with joint routing—MAC—duty actions for single-objective
EC (FC [128,64,32], buffer 10 k, target update 100, LR 1073).

E. Baseline 5: UMORL with the proposed rewards but without primal—dual constraint handling.

5.4 Evaluation Metrics and Statistical Protocol

Primary metrics are energy per PDR (Equation (6)), EEL (Equation 7), PDR within 5 Sec. (Equation
8), and NL (time until the first node falls below as E,;;;,). Constraint satisfaction is reported as a
normalized violation rate over energy (E;(t) < E,in), buffer overflow drops, latency deadline misses
(> Dpnax ), and reliability violations (PDR < PDR,,;,). Learning efficiency includes convergence
speed (episodes to 95% final), sample efficiency (interactions to converge), and stability (return
variance over the last 100 episodes). Each setting uses 10 independent seeds with mean + std;
significance uses two-sample t-tests with Bonferroni correction (p < 0.01) and Cohen’s d. Robustness

!

is tested via £50% sweeps on ‘w’, '8’, and learning rates.

6 Results

6.1 Overall Performance Comparison

As shown in Table 2 and Figure 4 (a), the proposed CMORLM achieves EC of 8.42 + 0.31 mJ/packet
compared to 12.78 £ 0.52 mJ/packet for the TLP and 11.84 + 0.48 mJ/packet for the EAH Cross-Layer,
representing 34.2% and 28.7% reductions. Q-LRO achieves 10.21 £+ 0.44 mJ/packet, DQN-JA
consumes 9.15 + 0.38 mJ/packet, and UMORL achieves 8.51 + 0.34 mJ/packet.

EEL for proposed CMORLM is 287 + 18 ms vs. 489 + 24 ms for TLP (41.3% reduction), 470 £ 22 ms
for Energy Aware Heuristic (EAH) (38.9% reduction), 412 + 28 ms for Q-Learning Routing Only (Q-
LRO), and 298 + 19 ms for DQN Joint Action (DQN-JA) and 356 + 31 ms for UMORL. The proposed
CMORLM achieves 24.0% lower latency than UMORL (p<0.001). PDR reaches 91.2 + 1.4% for
proposed CMORLM compared to 78.3 = 2.8% for TLP, 82.7 £ 2.1% for EAH, 84.5 + 2.4% for Q-
LRO, and 88.9 £+ 1.7% for DQN-JA and 83.1 £ 3.2% for UMORL. Cohen's d effect size between the
proposed CMORLM and UMORL is 3.12.



Figure 4: Performance Comparison and Convergence Analysis
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Note: Comprehensive performance evaluation of the proposed CMORLM against five baselines (Traditional Layered Protocol [TLP],
Energy-Aware Heuristic [EAH], Q-Learning Routing Only [Q-LRO], DQN Joint Action [DQN-JA], and Unconstrained MORL
[UMORLY]). (A) Energy consumption per packet, (B) End-to-End Latency, (C) Packet Delivery Ratio, and (D) Network Lifetime. Box
plots represent the distribution over 10 independent simulation runs. The convergence curves (bottom) demonstrate the training
progression of RL-based methods over 2000 episodes.

Table 2: Overall Performance Metrics

Method EC (mJ/pkt)y EEL(ms) PDR(%)  NL(s) gl’)'i'svoe;egs‘;“ce
Proposed CMORLM  8.42+031%  287+18* 912+ 14* 4782+ 142* 1842 = 127
TLP 1278+052 489+ 24 783+28  3456+218 N/A

EAH 11.84+048 47022 82.7+2.1 3644+ 196 N/A

Q-LRO 1021+044 41228 845+:24 4021+ 174 1234 + 98
DQN-JA 9.15+038  298=19 889=17 4512+ 158 1765 = 134
UMORL 851+034  356+31 83.1+32  3892+287 1798 = 119

Note: Quantitative comparison of the proposed CMORLM against baseline methods across key metrics: Energy Consumption (EC),
End-to-End Latency (EEL), Packet Delivery Ratio (PDR), Network Lifetime (NL), and convergence speed. Values are presented as



Mean =+ Standard Deviation over 10 independent runs. * indicates statistical significance (p<0.01) compared to all baselines using a two-
sample t-test with Bonferroni correction.

NL extends to 4782 + 142 seconds under the proposed CMORLM, vs. 3456 + 218 seconds for TLP
(38.4% improvement), 3644 + 196 seconds for EAH (31.2% improvement), 4021 + 174 seconds for
Q-LRO, 4512 £ 158 seconds for DQN-JA, and 3892 + 287 seconds for UMORL. The proposed
CMORLM requires 1842 + 127 episodes to reach 95% of final performance (Figure 4b), which is
comparable to 1765 + 134 episodes for DQN-JA and 1798 + 119 episodes for UMORL. Q-LRO
converges in 1234 + 98 episodes. Sample efficiency is 2.84x10"8 timesteps, and this is within 8% of
UMORL.

6.2 Multi-Objective Trade-off and Pareto Analysis

The proposed CMORLM generates distinct Pareto-optimal solutions across variable objective weight
configurations (Table 3). Energy prioritized configuration with weights w = [0.7,0.15,0.15] achieves
7.21 + 0.28 mJ/packet EC, 342 = 21 ms EEL, and 88.4 + 1.6% PDR. Balanced configuration with w =
[0.33,0.34,0.33] achieves 8.42 + 0.31 mJ/packet and 287 + 18 ms EEL and 91.2 + 1.4% PDR.
Reliability prioritized configuration with w = [0.15,0.15,0.7] achieves 9.87 + 0.36 mJ/packet, 251 +
16 ms, and 94.6 = 1.2% PDR.

Table 3: Pareto Solutions with Different Weight Configurations

ight Configurati

Weight Configuration EC (mJ/pkt) EEL (ms) PDR (%) NL(s)
[W1, W2, W3]

Energy-prioritized 7.2140.28 342 +21 88.4+1.6 5124156

[0.7,0.15, 0.15]
Balanced [0.33, 0.34, 0.33] 8.42+£0.31 287 + 18 912+14 4782+142
Latency-prioritized

10.34+0.42 214 + 14 89.7+1.8 4156+ 178
[0.15, 0.7, 0.15]
Reliability-prioritized

9.87 £0.36 251+ 16 94.6+12 4298+ 164
[0.15, 0.15, 0.7]
DQN-JA (Energy-Only) 9.15+0.38 298 + 19 88.9+1.7 4512+ 158
UMORL

8.51+0.34 356 +31 83.1+£3.2 3892 +287

[0.33, 0.34, 0.33]

Note: Performance metrics of the CMORLM under various Pareto-optimal objective weight configurations (w1,w2,w3). The weight
vector components correspond to preferences for [Energy Efficiency, Latency Reduction, Reliability]. This demonstrates the framework's

capability as a decision-support tool, allowing network operators to dynamically prioritize specific performance metrics based on
application requirements. Values are Mean + Standard Deviation over 10 runs.

EEL prioritized configuration with w = [0.15,0.7,0.15] achieves minimum EED of 214 + 14 ms. EC
increases to 10.34 £+ 0.42 mJ/packet, and PDR reduces to 89.7 £+ 1.8%. The energy EEL trade-off shows
anearly 43% increase in energy for a 37.4% reduction in EEL when shifting from an energy-prioritized
to an EEL-prioritized network. The energy reliability trade-off shows that a 36.9% increase in energy
generated, @ 7.0% improvement in PDR relative to energy-to-reliability-prioritized settings. Energy
prioritized configuration extends NL to 5124 + 156 seconds. This surpasses the balanced configuration
@ 7.1% and the EEL prioritized configuration by 23.3%. Reliability-prioritized configuration achieves
94.6 = 1.2% PDR, representing a 6.5% improvement over DQN-JA at 88.9 = 1.7% PDR. Balanced
configuration provides intermediate performance across all metrics.



DQN-JA, which optimizes only EC, achieves 9.15 £ 0.38 mJ/packet. UMORL with balanced weights
achieves 8.51 + 0.34 mJ/packet and 356 + 31 ms EEL. PDR degrades to 83.1 + 3.2%. Proposed
CMORLM’s balanced configuration achieves 9.8% higher PDR than UMORL. Pareto frontier spans
EC range [7.21, 10.34] mJ/packet, EEL range [214, 342] ms, and PDR range [88.4, 94.6]%. Weight
adjustment enables navigation along the frontier. Energy-constrained deployments select w =
[0.7,0.15,0.15] and EEL critical applications select w = [0.15,0.7,0.15] and reliability sensitive
applications select w = [0.15,0.15,0.7].

6.3 Constraint Satisfaction and Safety Verification

The proposed CMORLM maintains an aggregate constraint violation rate of 0.8 + 0.3% compared to
18.4 + 2.7% for UMORL and 12.6 + 2.1% for DQN-JA (Table 4). Energy CVR in 0.2 + 0.1% of node
timestep pairs for proposed CMORLM compared to 8.7 + 1.4% for UMORL and 5.3 + 1.2% for DQN-
JA. The primal dual optimization mechanism enforces a minimum RE threshold as E,,;, = 0.2E;,,;;
across all nodes throughout the operation.

Table 4: Constraint Violation Rates (CVR)

Method Energy Buffer Latency Reliability Aggregate
Violations (%)  Violations (%) Violations (%)  Violations (%) Rate (%)
Proposed CMORLM 0.2 £0.1 0.4+0.2 1.1+04 1.2+0.5 0.8+0.3
TLP 42+0.8 2.8+£0.6 324+32 28.7+29 170+ 1.6
EAH 3.1+£0.7 2.1+£0.5 26.8+£2.8 223+24 13.6+1.4
Q-LRO 2.8+0.6 34+0.7 21.2+25 189£22 11.6+1.3
DQN-JA 53+1.2 72+1.6 14.8+£2.1 13.1£1.9 12.6+2.1
UMORL 87+14 11.6+2.2 243+2.6 289+3.1 18.4+£2.7

Note: Comparison of Constraint Violation Rates (CVR) across different methods. Violations are tracked for Energy (residual energy
dropping below minimum threshold), Buffer (packet drops due to overflow), Latency (exceeding maximum delay bounds), and
Reliability (falling below required PDR). The proposed CMORLM strictly enforces these limits during training, resulting in the lowest
aggregate violation rate. Values are Mean + Standard Deviation over 10 runs.

Buffer overflow violations reach 0.4 + 0.2% for proposed CMORLM compared to 11.6 + 2.2% for
UMORL and 7.2 + 1.6% for DQN-JA. TLP exhibits 2.8 + 0.6% buffer violations, EAH shows 2.1 +
0.5%, and Q-LRO experiences 3.4 + 0.7% violations. Latency CVR in 1.1 = 0.4% of PDR for proposed
CMORLM vs. 24.3 + 2.6% for UMORL and 14.8 + 2.1% for DQN-JA and 32.4 + 3.2% for TLP.
Maximum EEL bound D,,,, = 500 ms is maintained for 98.9% of PDR under the proposed
CMORLM. Lagrange multiplier 13, EEL constraint stabilizes at 0.42 + 0.08 during training.

Reliability constraint violations occur in 1.2 £ 0.5% of evaluation windows for proposed CMORLM
compared to 28.9 £ 3.1% for UMORL and 13.1 £ 1.9% for DQN-JA. EAH violates reliability
requirements in 22.3 + 2.4% of windows, and TLP experiences a 28.7 £ 2.9% violation rate. The
proposed CMORLM maintains PDR above threshold across 98.8% of operation duration where PDR
falls below PDR,,;, = 0.85. The aggregate violation rate for proposed CMORLM (0.8 £+ 0.3%) is 23
lower than UMORL (18.4 + 2.7%) and 15.8% lower than DQN-JA (12.6 + 2.1%). TLP and EAH
achieve 17.0 = 1.6% and 13.6 = 1.4% aggregate rates. All pairwise comparisons between proposed
CMORLM vs. baselines have p < 0.001. Lagrange multiplier evolution during training shows 4, for
energy constraint converges to 0.28 + 0.05, and A, for buffer constraint to 0.18 = 0.04, and A5 for EEL



constraint to 0.42 + 0.08, and A, for the reliability constraint to 0.35 = 0.06. Dual learning rate ratio
Kk = 5.0is used.

6.4 Ablation Study and Component Analysis

The proposed CMORLM proves consistent performance across diverse network configurations, traffic
patterns, quality of service requirements, and dynamic operating conditions (Table 5). For scalability
analysis, network sizes from 50 to 200 nodes are tested across three topology types (Figure 6). EC for
the 100-node random topology baseline is 8.42 + 0.31 mJ/packet, increasing to 9.21 + 0.38 mJ/packet
at 200 nodes (17.5% increase) and decreasing to 7.84 + 0.29 mJ/packet at 50 nodes (6.9% reduction).

Table 5: Network Configuration and Traffic Pattern Analysis

Configuration EC (mJ/pkt) EEL (ms) PDR (%) NL (s)
Scalability

50 nodes (random) 7.84+0.29 264+ 16 92.1+1.2 5234 £ 168
100 nodes (random) 8.42 +0.31 287 £ 18 912+1.4 4782 + 142
150 nodes (random) 8.96 £0.35 302 +20 90.8 £ 1.6 4456 + 178
200 nodes (random) 9.21 £0.38 318+22 90.3+1.7 4198 £ 186
Topology (100 nodes)

Grid (10x10, 50m spacing) 8.12+0.28 276 £ 17 91.8+1.3 4921 + 152
Random (500%500m) 8.42 +£0.31 287 £ 18 912+14 4782 £ 142
Clustered (4%25 nodes) 8.67 £0.34 294 £ 19 90.6+1.6 4634 £ 164
Traffic Pattern

Periodic (20s interval) 7.92 +0.27 268 £ 15 924+1.2 5042 £+ 158
Event-driven (Poisson A=0.1) 8.76 £0.36 301 +£21 90.1 £1.8 4512+ 172
Environmental (periodic+events) 8.42 +0.31 287+ 18 912+1.4 4782 + 142

Note: Robustness and sensitivity analysis of the proposed CMORLM under varying operational conditions. The model is evaluated
across different network scales (50 to 200 nodes), spatial topologies (Grid, Random, Clustered), and traffic generation patterns (Periodic,
Event-driven, Environmental). The baseline configuration uses 100 nodes with a random topology and environmental traffic. Values are
Mean + Standard Deviation over 10 runs.

To quantify the contribution of each protocol layer and objective, an ablation study was conducted,
with the results summarized in Figure 5. For energy-only optimization, it achieves 7.89 £+ 0.29
mJ/packet (6.3% reduction vs. full method) (see Figure 5A), 418 + 34 ms EEL (45.6% increase)
(Figure 5B), 81.2 +2.8% PDR (11.0% degradation) (Figure 5C), and 15.2 £2.3% CVR (19% increase)
(Figure 5D). As further depicted in Figure 5, for routing only optimization with fixed MAC and duty
cycling, it achieves 10.21 + 0.44 mJ/packet, 412 + 28 ms EEL, 84.5 + 2.4% PDR, and 11.6 + 1.8%
CVR. MAC-only optimization achieves 11.34 + 0.51 mJ/packet, 376 =26 ms EEL, 79.8 + 2.6% PDR,
and 19.7 = 2.5% CVR. Duty only optimization achieves 12.18 £ 0.58 mJ/packet, 321 + 22 ms EEL,
77.4 £3.1% PDR, and 21.3 £2.8% CVR.



Figure 5: Ablation Study Results
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Note: Ablation study evaluating the contribution of individual components in the CMORLM framework. The x-axis represents different
model variants: 'Full' (proposed joint method), 'w/o Const' (model without Lagrangian constraint handling), and single-layer
optimizations ('Energy-only', 'Routing', 'MAC', 'Duty'). The metrics evaluated are (A) Energy Consumption, (B) End-to-End Latency,
(C) Packet Delivery Ratio, and (D) Constraint Violation Rate. Results confirm that joint cross-layer optimization with constraint handling
yields the best balanced performance.

The full method achieves 21.3% lower energy than routing-only, 34.7% lower than MAC-only, and
44.7% lower than duty-only. EEL reductions are 43.6% vs. routing-only, 31.0% vs. MAC-only, and
11.9% vs. duty-only. PDR improvements are 7.9%, 14.3%, and 17.8% over routing-only, MAC-only,
and duty-only. CVR for the full method at 0.8% compare to 11.6% for routing only, 19.7% for MAC
only, and 21.3% for duty only. Crucially, as shown by the 'w/o Const' bars in Figure 5, the configuration
without constraint handling achieves 18.4% CVR with 24.0% higher EEL and 9.7% lower PDR than
the full method, despite a comparable EC of 8.51 mJ/packet. Statistical significance testing confirms
all pairwise comparisons between the full method and ablated configurations across EC, EEL, PDR,
and CVR metrics.

6.5 Scalability, Robustness, and Sensitivity Analysis

The proposed CMORLM proves consistent performance across diverse network configurations, traffic
patterns, QoS requirements, and dynamic operating conditions (Table 6). For scalability analysis,
network sizes from 50 to 200 nodes are evaluated across three topology types (Figure 6).

EC for the 100-node random topology baseline is 8.42 + 0.31 mJ/packet, increasing to 9.21 £+ 0.38
mJ/packet at 200 nodes (17.5% increase) and decreasing to 7.84 + 0.29 mJ/packet at 50 nodes (6.9%
reduction).



Figure 6. Scalability analysis
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Note: Scalability analysis illustrating the impact of network size (ranging from 50 to 200 nodes) on four key performance indicators:
Energy Consumption (blue line), End-to-End Latency (green line), Packet Delivery Ratio (orange line), and Network Lifetime (purple
line). The shaded areas represent the standard deviation across 10 independent runs, demonstrating the model's robust performance under
increasing network density.

For topology variations, grid deployment achieves 8.12 + 0.28 mJ/packet with 91.8 + 1.3% PDR,
random topology achieves 8.42 + 0.31 mJ/packet with 91.2 + 1.4% PDR, and clustered deployment
achieves 8.67 £ 0.34 mJ/packet with 90.6 = 1.6% PDR. Grid topology has regular node spacing and
predictable neighbor connectivity. Clustered topology exhibits 6.8% higher EC. For traffic pattern
analysis, periodic sensing at 20-second intervals achieves 7.92 + 0.27 mJ/packet, 268 £ 15 ms EEL,
and 92.4 + 1.2% PDR. Event-driven monitoring with Poisson arrivals increases energy to 8.76 £ 0.36
mJ/packet and EEL to 301 + 21 ms, while reducing PDR to 90.1 + 1.8%. Environmental monitoring
combining periodic background with event bursts achieves intermediate performance at 8.42 + 0.31
mJ/packet, 287 = 18 ms EEL, and 91.2 = 1.4% PDR.

Table 6: QoS Requirements and Robustness Analysis
Scenario EC (mJ/pkt) EEL (ms) PDR (%) CVR (%)
QoS Variations
Latency-Critical

(D max = 500 ms) 8.42 +0.31 287+ 18 91.2+14 08+03
Delay-Tolerant

(D max=2000 ms) 7.68£0.26 412 +28 93.1£12 04+£02
Reliability-Sensitive

(PDR 2 0.9) 9.12+0.34 274 + 17 93.8+1.1 0.6+£0.3
Best-Effort (PDR > 0.7) 7.21+£0.28 321+23 88.6+2.1 1.2+04
Robustness

Node Failure

(10% at t=2000s) 9.08 £0.42 324 +£26 89.4+21 24+07
Mobile Sink (1 m/s) 8.67 +0.36 312+23 90.6+18 1.6+0.5
Traffic Variation (Light—Heavy) 8.91+0.34 298 £21 90.8+1.5 14+04

Note: Evaluation of the CMORLM's adaptability to strict Quality of Service (QoS) variations and dynamic network disruptions.
Scenarios include varying latency and reliability constraints, as well as robustness tests involving sudden node failures (10%
deactivation), a mobile sink, and abrupt traffic load shifts. Values are Mean + Standard Deviation over 10 runs.



For variations in QoS requirements, EEL-critical applications can achieve an average EEL of 287 +
18 ms, a 0.8 + 0.3% violation rate, and an EC of 8.42 + 0.31 mJ/packet. EEL-tolerant applications
relaxing the constraint of EC to 7.68 + 0.26 mJ/packet. EEL is 412 + 28 ms, and PDR is 93.1 £ 1.2%.
Reliability-sensitive scenarios that enforce and achieve 93.8 £ 1.1% PDR. EC is 9.12 + 0.34 mJ/packet.
Best effort scenarios with relaxed minimize EC to 7.21 + 0.28 mJ/packet while PDR is 88.6 +2.1%.

For robustness evaluation under dynamic network conditions, node failure with 10% random
deactivation at seconds produces 9.08 + 0.42 mJ/packet, 324 + 26 ms EEL, 89.4 £2.1% PDR, and 2.4
+ 0.7% CVR. Policy adapts routing paths around failed nodes within 156 + 34 seconds. A mobile sink
scenario with a 1 m/s velocity achieves 8.67 + 0.36 mJ/packet, 312 + 23 ms EEL, 90.6 + 1.8% PDR,
and 1.6 £ 0.5% CVR. Traffic variation from light to heavy load results in 8.91 + 0.34 mJ/packet, 298
+ 21 ms EEL, 90.8 £ 1.5% PDR, and 1.4 + 0.4% CVR.

For hyperparameter sensitivity analysis, multi-objective weights are adjusted. Energy latency
reliability ranges span [7.89, 10.87] mJ/packet, [214, 342] ms, and [88.4%, 94.6%]. For CVR, tighter
thresholds reduce violations, while EC or EEL increases them. Learning rate variations affect
convergence speed by up to 30% (1624 to 2187 episodes). Final performance metrics vary by less than
4%.

Table 7: Hyperparameter Sensitivity Analysis

C
Parameter Baseline Variation Range Impact of EC Impact of EEL In(i;;':gence
Energy Weight (wi) 0.33 0.165 - 0.495 7.89 -9.21 mJ/pkt 298 - 342 ms +5%
842 - 10.87
EEL Weigh 34 .17 -0.51 214 -31 +69
Weight (w2) 0.3 0.17-0.5 mpht 318 ms 6%
Reliabili igh 42 - 1012
cliability  Weight 53 0.165 - 0.495 8 012 pDR:88.4-94.6%  +4%
(w3) mJ/pkt
E Threshol
( 6“)"rgy reshold — op init  0.1-03E init  £2% +3% +8%
1
EEL Threshold (85) 500 ms 250 - 750 ms +4% 234 - 298 ms +7%
. ~ 1.5 x 107* - 4.5 x
Primal LR (a_6) 3x10* 104 +3.2% +2.8% 1624 - 2187 ep

Note: *Impact measured as deviation from baseline. Convergence in episodes to 95% final performance.

The robustness of the CMORLM is further evidenced by its resilience to environmental volatility. As
shown in Table 6, when subjected to a 10% random node failure, the policy dynamically reroutes traftic,
maintaining an 89.4% PDR with only a marginal increase in latency. Furthermore, the hyperparameter
sensitivity analysis (Table 7) demonstrates that the model is not overly brittle; variations in learning
rates and objective weights (£10%) result in less than a 5% fluctuation in overall energy consumption
and latency. This stability is critical for practical decision-making, as it ensures that operators do not
need to perfectly fine-tune hyperparameters to achieve near-optimal, safe network performance.

7 Conclusion and Future Work

This work presents CMORLM for joint MAC-DCO routing in low-power WSNs. The CMORLM
integrates primal dual optimization with multi-objective policy learning. Hard constraints are enforced
on RE, buffer capacity, and QoS requirements. The proposed CMORLM achieves 34.2% reductions



in EC and EEL, and a 16.5% improvement in PDR, compared to TLP stacks. NL extends by 38.4%,
and CVR is below 1%. This is a 23 reduction compared to UMORL. In ablation studies, joint cross-
layer optimization achieves 44.7% improvement in EC over single-layer control. Multi-objective
formulation provides balanced performance across competing objectives. LCH ensures safe operation
without catastrophic failures during learning. The CMORLM proves robust performance across
network scales from 50 to 200 nodes and adapts to dynamic conditions, including node failures, mobile
sinks, and traffic variations. Pareto frontier analysis shows that operator control over energy latency-
reliability trade-offs is achieved through weight configuration.

Despite its advantages, this study has several limitations that present avenues for future research. First,
regarding deployment, there remains a 'sim-to-real' gap; while the model accounts for TelosB hardware
constraints, deploying deep neural networks on microcontrollers with only 10 kB of RAM requires
further model quantization and pruning. Second, regarding scalability, the reliance on periodic global
state synchronization and centralized gradient aggregation at the sink introduces communication
overhead that scales linearly with the network size, potentially creating a bottleneck for networks
exceeding 200 nodes. Finally, the current framework assumes relatively stationary traffic statistics
during training episodes. In highly non-stationary environments—such as rapid, unpredictable
mobility or extreme, sudden interference—the RL agent may experience performance degradation
before the policy has sufficient time to adapt.

Future work includes Federated Learning (FL) methods to eliminate centralized parameter aggregation
and integration with energy-harvesting mechanisms for perpetual network operation—an extension to
mobile sensor networks with dynamic topology. Transfer Learning (TL) across different deployment
environments to reduce training time. Formal verification of safety constraints using Lyapunov
stability analysis. Investigation of model-based RL could improve sample efficiency. Hierarchical
multi-agent formulations may address scalability beyond 200 nodes through decentralized
coordination.

Managerial Implications: For industry practitioners and network managers, the proposed framework
offers a systematic tool to navigate the inherent trade-offs in IoT deployments. Instead of relying on
trial-and-error heuristics, operators can use the CMORLM to guarantee strict Quality of Service (QoS)
and safety constraints (e.g., preventing premature battery depletion). This translates to reduced
maintenance costs, fewer network outages, and more predictable performance in resource-constrained
environments.
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