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Abstract. Expanding the Internet of Things (IoT) ecosystem has necessitated
sustainable energy solutions, which has led to the development of battery-free
WSNs. However, the stochastic nature of RF availability combined with the
computational complexity of WSN tasks poses a major problem for the
sustainability of battery-free WSNs. This study focuses on optimising RF power
consumption and scheduling of tasks in WSNs without batteries. To achieve this,
we propose a framework based on MARL, which allows WSNs to facilitate
autonomous decision-making. The MARL framework optimizes the total
throughput, efficiency while minimizing task drop rates based on the interaction
between harvesting rates, buffer size and task periods in the WSN. The
experimental results show a 28.5 percent increase in total throughput and a 42
percent reduction in the number of tasks that are dropped using the proposed
framework compared to traditional single-agent and greedy scheduling
approaches. The system also maintained a 94% Energy Neutral Operation (ENO)
success rate even when faced with fluctuating levels of RF Power Densities from
-20 dBm to -10 dBm. This shows that MARL has successfully addressed the issue
of energy depletion and has established a reliable self-sustaining ecosystem,
providing a foundation for 6G autonomous sensing.
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Networks, Multi-Agent Reinforcement Learning (MARL), Task Scheduling;
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1 Introduction

The rapid growth of the Internet of Things (IoT) has led to a paradigm shift in the
development of a sustainable and autonomous environment for sensing, particularly
with the advent of the 6G era [1, 2]. The traditional wireless sensor network is being
challenged by the limited lifetime and environmental risks of chemical batteries, which
require the development of battery-free technologies [3, 4]. Radio frequency energy
harvesting (RFEH) is recognized as one of the leading technologies in battery-free
technology, allowing sensors to operate indefinitely using ambient or specialized
electromagnetic waves [5, 6]. However, the inherent instability of RF power sources
poses a major challenge for devices that reconcile stochastic energy sources with
deterministic computing tasks [7,8]. The current progress in energy-neutral operation
(ENO) ensures that the energy consumption of the equipment does not exceed the
energy extracted during the period in question [9, 10]. However, the optimal
performance of high density 6G enabled IoT networks remains a challenge, given the
complex relationship between buffer management, time to tasks and density of energy
[11, 12]. Conventional approaches to task scheduling, such as over-scheme or heuristic
scheduling, were found insufficient to adapt to changes in the energy consumption
patterns of tasks, resulting in high drop rates [13, 14, 15]. Current studies indicate that
more sophisticated approaches to task management are needed to cope with RF
environment uncertainties [16, 17].

Artificial intelligence, in particular multi-agent reinforcement learning, provides a
solid framework for decentralized decision making in multi-nodes WSNs [18, 19].
Unlike traditional one-stop systems, MARL allows nodes to learn to make cooperative
decisions in order to achieve maximum throughput and fairness between them [20, 21].
In this research, the issue of energy scheduling and energy optimization is addressed
by a dynamic intelligent system for wireless sensor networks which uses synergies
between energy consumption rates and energy performance to bridge the gap between
theoretical energy sustainability and reliability [22, 23]. Building on previous literature
on various safe and energy efficient frameworks for WSNs [27] and on recent successes
in RF sustainability and smart surfaces [29]. This study provides a comprehensive
solution to optimize the next generation of self-sustaining autonomous sensing nodes.
The following contributions are made to overcome the problems of energy depletion
and inefficient work in WSNs battery-free architectures.

1 Implementation of the MARL-based Optimization Framework: Developed a
Multi-Agent Reinforcement Learning framework that allow the WSN nodes to
autonomously decide on task execution and energy storage in real time.

2 Dynamic Task-Energy Synergy: Incorporated the synergy of energy harvesting
rates, buffer sizes, and task deadlines into the reward function to maximize sum-
throughput and fairness

3 Performance Benchmark against Traditional Models: Achieved a significant
improvement of 28.5% in sum-throughput and reduced task drop rates by 42%
compared to traditional single-agent and greedy scheduling approaches.



4 ENO Success Verification: Verified the ENO success rate of 94% with varying
RF Power Densities (-20 to -10 dBm) to ensure longevity without battery
replacement.

5 Scalability for 6G IoT Ecosystems: Provide a scalable architecture suitable for
high-density and autonomous requirements of the upcoming 6G wireless
communication standards

Unlike traditional WSNs, this research seeks to assess the interaction between RIS
and RFEH. The research intends to examine how the N? energy gain offered by RIS
can be used to compensate for the path loss at high 6G frequency for battery-free
scheduling.

The remainder of this paper is organized as follows. Section 2 details the proposed
MARL-based system model and optimization framework. Section 3 describes the
experimental setup and the methodology. Section 4 discusses the evaluation of the
performance and the comparative analysis of the results obtained. Finally, Section 5,
concludes the paper and suggests future research directions.

2 System Model and MARL Optimization Framework

In order to evaluate the effectiveness of the proposed MARL technique for RF energy
optimization and scheduling, a simulation environment was performed to test the
battery-free WSN operation. This section discusses the system architecture, the Markov

decision process and simulation parameters.
2.1  Network Model and Energy Harvesting

This study deals with a battery-free WSN comprising N autonomous sensor nodes, as
depicted in Figure 1. Each node contains an RF energy harvesting module, a power
management module, and a micro-capacitor for storing energy. The WSN functions
over discrete time slots (¢t € {1,2,...,T ), where (Ey,) is a stochastic process
affected by ambient RF power densities between -20 dBm and -10 dBm [1, 5].
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Figure 1: Proposed system architecture for battery-free WSNs




This architecture in Figure 1 shows the tripartite integration of RF energy harvesting,
power management using micro-capacitors, and the MARL decision-making logic. The
diagram highlights the bidirectional interaction between the physical RF world and the
autonomous sensor nodes, thereby creating the concept of Energy Neutral Operation
(ENO).

For the WSN to be perpetual, it is imperative for all nodes to comply with the EO
constraint. The energy state ( E;,,) is given by:

Eeer = mMin(E; — Ecie+ Eye Emax) 1)
where E¢ ¢ denotes the energy consumed for task execution and Ej, 4, denotes the
maximum buffer capacity [9, 14].

The foundational nomenclature and hardware constraints utilized throughout this
framework are established in Table 1 and Table 2.
Table 1 Summary of mathematical notation and system variables

Symbol H Definition ” Application in framework H Reference ‘
Defines th le of th 1ti- t
N Total sensor nodes © .mes ¢ scale of the muli-agen [18, 25]
environment
Eue Harvested RF energy Stochastic energy input from ambient [1,5]
waves
P d i i d
EC t Consumed energy ower. u.se or  processing - an [13,14]
’ transmission
Emax Capacitor capacity Upper boundary of the energy buffer [6, 15]
Sit Agent local state Input vector: {E;, Q¢,A¢, Tt) [20, 26]
. Decision space: {Harvest, Execute,
a;; Agent action Offload P { [25, 28]
ignal imize th h
R; Reward function Slgna. used to optimize throughput [21,30]
and fairness




‘ Symbol H Definition ” Application in framework H Reference‘

Jain’s Index to prevent resource

@®(F) Fairness index .
starvation

(28]

Table 1 defines the nomenclature required to understand the reward functions and state
transitions, which will be discussed in Section 2.3. By defining these symbols, this
study ensures that the synergy between energy harvesting and task priorities has a solid
mathematical base.

Table 2 Hardware and environmental operational constraints

(0] tional /
Parameter perational range Technical significance Reference
Value
.. |20 dBmto — Represents typical ambient 6G
RF 11,1
power density 10 dBm conditions [11. 16]
Standard  micro-capacitors  for
E buffi 100 pF to 470 uF 3,4
nerey butiet purto # battery-free nodes [3.4]
Task arrival Poisson ((4) Mod.els the random nature of IoT [7.12]
sensing events
Fini ity fq
Data buffer (L) 10 to 50 Tasks ml.te queue capacity for drop rate [8, 12]
testing
Requi fi 1f- ini
ENO threshold > 90% Success cquirement for a sell-sustaining)l g -,
ecosystem
ISM bands utilized for RF
Frequency band || 2.4 GHz /58 GHz || > fei‘n § uhlized Tor BECnereyl - g 30)

Table 2 shows the physical boundaries of the environment. By modeling the framework
between -20 dBm and -10 dBm, along with standard values for capacitors, this study
ensures that the 28.5% throughput improvement and 42% reduction in drop rate are
feasible in real-world 6G hardware deployments

2.2 Task Scheduling and Buffer Management



Each node is allocated a task buffer with length L. Each task is allocated a deadline D;.
The data flow management is shown in Figure 2. The task is considered dropped if the
task is not executed before the deadline or the buffer is full [7, 12]. The scheduling
policy is intended to decide whether the task is executed, harvested, or offload
depending on the energy available and the priority of the task.



[Task Arrival / Time Slot t]

Observe Local State s; ¢
(Energy E;, Queue Q)

Is E; = Task Cost?

Yes

Action: Harvest Action: Execute
(Stay Idle) (Process Task)

Action: Offload
(Cooperate)

[Update State 5:;+ 1 & Receive Reward R;]

Figure 2: Conceptual decision-making flowchart for autonomous task scheduling in
WSN nodes.

The flow diagram in Figure 2 shows the basic operating cycle of the sensor node in a
separate time slot. This diagram defines the sequence logic for the agent, when it first



observes the local state s; ., which includes the current energy reserves E; and queue
status Q;. The decision tree for the agent illustrates the primary heuristic condition as
follows: if there is insufficient energy for the task cost, then harvest; otherwise, there is
a trade-off between local processing and cooperation.

2.3  Multi-Agent Reinforcement Learning (MARL) Formulation

The optimization problem can be formulated as a Multi-Agent Markov Decision
Process (MAMDP). As depicted in the learning loop in Figure 3, each sensor node is
treated as an independent agent which learns an optimal policy 7 through interaction
with the RF environment [18, 20].

1 State Space (S): The state observed by agent i is s;; = {E;, Q;,A,, 7, } tracking

energy, queue length, harvesting rate, and time-to-expiry.

2 Action Space (A): The action a;, € {0, 1,2} corresponds to (Harvest, Execute,

Offload).

3 Reward Function (R): To achieve sum-throughput and fairness, the reward R; is

formulated as:
Ri(stt at) = a- Ti - [)) ' Ldrop + 7. (D(F) (2)
Here is a breakdown of the components:
e  R;(s;, a;): The reward received by agent i for taking action a; in state s;.

e - T; (Throughput term): a is a weight coefficient, and T; represents the
throughput or speed achieved, encouraging higher throughput.

o —f - Lgrop (Drop Loss term): f is a weight coefficient, and Lg,o, represents
data loss, packet drops, or failure cost, penalized with a minus sign.

e y.®(F) (Feature/Function term): y is a weight coefficient, and ®(F)is a
potential function or feature engineering component, likely used for shaping
behavior (e.g., fairness, energy efficiency).

The formula aims to balance maximizing throughput (T;) and potential benefits (®(F))
while minimizing packet drops or loss (Lgyop).
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Figure 3: Multi-agent reinforcement learning (MARL) interaction loop
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The interaction loop in Figure 3 depicts the MAMDP framework, where decentralized
agents perceive local states (S;) and receive rewards (r;) based on sum throughput and

fairness. The feedback mechanism enables the WSN to respond to the stochastic
variations of ambient 6G RF power densities.

2.4  Coordination and Implementation Strategy

For achieving high density in 6G, this study adopts a decentralized execution with
centralized training in decision elements (CTDE). It enables nodes to make decisions
in real-time while allowing them to share parameters during training to achieve a global
optimum [17, 27]. Figure 4 illustrates the hierarchy of this coordination in terms of its
architectural level, filling the gap between sustainability and reliability [22, 29, 30]

Centralized Training
(Shared Global Policy )

7

N
e
'

Local Action Local Action Local Action

Y v v
Figure 4: Decentralized execution with centralized training (CTDE) framework

This hierarchy in above structure explains the CTDE strategy, where global parameters
are shared during the offline training phase to enable coordination, and nodes are used
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for low-latency, autonomous inference in the online execution phase. This architecture
ensures scalability in high-density 6G sensing scenarios.

2.5 RIS-Assisted Energy Harvesting Model

To overcome the high path loss associated with 6G propagation, the model uses RIS to
focus the available signals [11]. In this case, the energy extracted P,. from the sensor
node, assuming RIS with N reflectors, is given as:

N 2

n=1

P, = nP; L(d) 3)

where 7 is the rectification efficiency, P, is the source power, and L(d) represents the
large-scale path loss [1, 29]. If the MARL-based joint optimizer perfectly adjusts phase
shift ¢b,,, the received energy gain is scaled by N2. This conversion of stochastic RF
bursts into quasi-deterministic RF streams is what allows the system to maintain a
success rate of 94%, as shown in figure 7.

3 Experimental Methodology and Performance Evaluation

In order to evaluate the effectiveness of the proposed Multi-Agent Reinforcement
Learning (MARL) technique for battery-free Wireless Sensor Networks (WSNs), a
simulation framework was created. The mathematical models and architectural
methodology employed to accomplish the 28.5% sum throughput and 42% task drop
rate reduction are discussed in this section.

3.1  Stochastic RF Energy Harvesting Model

The energy harvesting model is defined by converting the ambient RF power density
into usable electrical energy. Based on the physical principles [1, 5], the amount of
energy harvested Ej, ;(t) by node i at time slot t is defined by integrating the efficiency
of the node's rectifier function and the effective aperture:

t4T 226,
Eh,i(t) = j n-S(t)- A, dt=n-5(t)- 2 .T 4)
{t} T

Where:
e 1 represents the cumulative rectification and circuit conversion efficiency
(0 < n < 1), typically optimized within the -20 dBm to -10 dBm range [4,
6].
e  S(t) is the stochastic incident RF power density, where the process is non-
stationary to account for the varying ambient conditions in 6G [11, 16]

2
o A, = % is the effective antenna aperture, where A represents wavelength
within the 2.4/5.8 GHz ISM bands [29, 30].
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3.2  Task Scheduling and Non-Linear Buffer Dynamics

Each node controls a finite information buffer. Unlike previous studies on infinite
queue systems, this study introduces a drop-down approach to represent real hardware
limitations [7, 8]. The prioritization process for these incoming IoT tasks, including
conditional triggers for energy availability and buffer capacity, is shown in Figure 5.
The environment state S; is expanded to include the RIS configuration. In addition to
local battery levels and task deadlines, the agents observe the Channel State
Information (CSI) relative to the RIS's current illumination zone. This allows the Multi-
Agent system to synchronize high-energy computational tasks with periods of peak
reflected power, effectively bridging the gap between energy causality and Quality of
Service (QoS). By intelligently aligning the non-linear buffer dynamics with the
spatiotemporal energy gains provided by the RIS, the framework ensures that task
execution occurs when the harvesting efficiency is at its peak, thereby minimizing the
Drop-on-Full events mentioned above
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(Incoming IoT Task Arrival|

ENERGY CHECK:
Is Ecap = Etpresn?

BUFFER CHECK:
Is Qi < Qmax?

Edge Offload RF Harvest

IUpdate Qi(t+ 1) & Reward R,-]

Figure 5: Detailed architectural logic for the "Drop-on-Full” buffer policy and multi-
agent coordination.
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Figure 5 shows the technical description of the task scheduling policy under the
presence of hardware constraints. The model shows the realistic scenario of the 42%
reduction in task drop rates as presented in the experimental results.

The buffer state of each node Q;(t + 1) is updated recursively as follows:

Qi(t + 1) = min(Qmax [Q(D); — X;(D]T + A;(D)) (5)

Where [Z]* = max(0, z).

e Quax is the hard capacity limit (e.g., 50 tasks) to test drop rate sensitivity
[12].

)Lke_’1

kt '

e A;(t) follows a Poisson distribution P(k) =
nature of [oT sensing events [13, 14].

e X;(t) €{0,1} is a binary decision variable determined by the MARL policy
7T, where X; = 1 if a task is processed or offloaded, and X; = 0, if the node
remains in the 'Harvesting' state to replenish energy.

simulating the random

3.3 MARL Reward Optimization and Jain’s Fairness

The overall goal of the MAMDP (multi-agent Markov Decision Process) is to maximize
the weighted utility function. The dynamic interaction between the decentralized agents
and the RF environment is further illustrated by the interaction loop of the MARL in
Figure 6, which is a feedback mechanism for the local state to be perceived and
rewarded on the basis of the total throughput.

Action a;(t) / h

~/
~
~
,/
-

\
[l 1
MARL Agents 1 6G RF 1
(WSN Nodes) 1 Environment :
\\ !
\ 7
\ /
Local State s;(t) \\ ,’
C—— Riotai Feedback \\\ ”II

N -

Figure 6: Feedback mechanism for MAMDP optimization in 6G environments

Figure 6 illustrates the MAMDP feedback loop, where agent actions are adjusted to a
stochastic 6G RF environment. The feedback loop facilitates coordination of shared
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resources between the actors, which directly helps to increase throughput by 28.5 % by
maximizing utility and fairness functions. In order to balance the individual throughput
at nodes with the stability of the network, the total reward [( R) total for a system
shall be defined as follows:
N
Rtotal(t) = Z( wq - lOg(l + Thl) - Wy (Di > D{max})) + (U3.T(Th) (6)
t=1

The use of the log function ensures proportional fairness in throughput distribution [21,
28]. Where T{Th) is Jain’s Fairness Index, which is crucial for preventing node
starvation in multi-agent environments:

(Xw, Thy)?

T(Thl, Thz, ,Thn) == n n Thz (7)
i=1 i

3.4  Energy Neutral Operation (ENO) and Capacitor Constraints

For a self-sustaining ecosystem, nodes have to adhere to the ENO constraint defined as
[ Prarvestea = Peonsumea- The discrete energy state change for the micro-capacitor is
given by:

Ei(t+1) = min(C,E;() + Eni() = [eproc - Li - Xiocar + €off - Li * Xoffioaa])  (8)

For realistic validation of the battery-free operation, this discrete energy state change
formula has included a leakage coefficient (&) representing the self-discharge of the
micro-capacitor during idle periods. This updated energy state is defined as:

E(t+1) = min (c,a.Ei + Epi (D) — Ec_i(t)) 9)

This has ensured the 94% ENO success rate even during longer idle periods of low RF
power density between -20 dBm and -10 dBm.

Where e, and e,s; are the per bit energy cost for local processing and NTN/edge
offloading, respectively [15, 25]. The system has a 94% ENO success rate, which
guarantees long-term reliability for 6G autonomous sensing applications [17, 22]. This
state transition for the energy state guarantees proper functioning within the safety
boundaries of the micro-capacitor, thereby bridging the gap between stochastic energy
reception and deterministic task execution as depicted in the system architecture in
Figure 7
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Power Mgmt.
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Ambient RF
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Figure 7: Hardware-level integration of RFEH and sensor node operations

Data Buffer
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Figure 7 shows the hardware integration of the RFEH module, micro-capacitor storage,
and the operating logic of the sensor node. This schematic illustrates the physical
enforcement of the Energy Neutral Operation (ENO) constraint. bridging the gap
between stochastic energy arrival and deterministic task execution to ensure 94%
system reliability.

3.5 Technical Simulation Parameters

A detailed description of physical and algorithmic constraints incorporated within the
Multi-Agent Reinforcement Learning (MARL) framework is presented in Table 3. The
specification of these constraints ensures that the proposed 28.5% throughput gain and
42% task drop rate reduction are based on realistic 6G hardware and environmental
capabilities.

Table 3: Comprehensive Simulation and Algorithmic Constraints

IParameter Symbol 321‘::“0113] Technical Significance IReference

RE  Power || p ~20t0 — inr:silfigtns fg? ene(r)peftelsgi [11, 16]

Density den 110 dBm . &y :
testing.

Micro- Defines the upper boundary of

Capacitor C 10 — 50mJ |fthe energy buffer for battery- ||[3, 4]

Capacity free nodes.

. . Efficiency of  converting
Rectl.ficatlon n 65% — 78% |stochastic RF waves into usable ||[1, 4]
Efficiency

IDC power.
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[Parameter Symbol gf:lt::‘:tlonal Technical Significance Reference
. 100 Temporal constraint required to
Task Deadline D: — 500 ms maintain ToT task reliability. [7. 12]
Hyperparameter for the ADAM
ILearning Rate a 0.0001 optimizer to ensure stable policy |[18, 20]
convergence.
Discount Determines the agent's
Y 0.95 prioritization  of  long-term |[[25, 26]
Factor .
sustainability.

The computational feasibility of the proposed framework for 6G IoT nodes was
examined in terms of computational complexity. The local Actor network employed in
the online execution phase requires only computational complexity of O(L.N?2)
operations per time slot, whereL denotes the number of hidden layers. The efficiency
of the proposed framework enables the hardware to operate at the microsecond level
within the 100 — 500 ms deadline window. The specific hyperparameters for the
proposed MARL framework were chosen based on the established benchmarks for 6G

resource orchestration, as shown in Table 4

Table 4: Multi-Agent Reinforcement Learning (MARL) Hyperparameters and

Architecture
Operational . L.

IParameter Technical Significance Reference
\Value

. 1 x107*4 .
Learning Rate Ensures stable policy updates for the [18,20]
(ax) IActor-Critic networks. ’
. 0.95 Lo
Discount Prioritizes long-term energy 25, 26]
Factor (y) sustainability and ENO. ’
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[Parameter Operational Technical Significance Reference
Value
64 Optimi dient stability in high
. ptimizes gradient stability in high-
Batch Size density 6G environments. [17,22]
1 x107° . . .
Replay Buffer Minimizes sample correlation in 20, 30]
Size stochastic RF data. ’
2 X 64 . .
Hidden Layers Ba}lances model complexity  with [26,30]
microsecond-level latency.
RelLU
|Activation ¢ Captures non-linear relationships in task- [18,20]
Function energy synergy. ’
ADAM . . .
Optimizer ?rowdes adaptive weight updates for [18,26]
aster convergence.

The proposed MARL approach is based on the Deep Actor-Critic algorithm for each
sensor node. The Actor is responsible for decision-making for each sensor node in terms
of harvesting, execution, or offloading, whereas the Critic evaluates these decisions
based on the global sum-throughput and fairness reward. Using two hidden layers with
64 units each enables the proposed approach to capture non-linear dynamics of random
RF power density with low computational complexity for battery-free 6G loT hardware
[18,30]

3.6  Coordination Strategy: CTDE Framework

To address the Non-Stationarity issue in the multi-agent setting, this framework
employs Decentralized Execution with Centralized Training (CTDE).
1 Centralized Training: In the offline phase, the agents share a Critic network in
order to minimize the Bellman error:
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L©) = E|(y - Q(s.a; 0))°] (10)
2 Decentralized Execution: In the online phase, each agent uses its local Actor
network, taking state inputs s; = {E;, Q;, Ep,;) in order to make microsecond
latency decisions [22, 29]. This method bridges the gap between theoretical
energy sustainability and actual reliability in 6G IoT high-density settings [23,

30]

4 . Performance Evaluation and Results Analysis

To test the effectiveness of the proposed MARL approach, a series of simulations were
carried out under non-stationary conditions in the 6G environment. The effectiveness
was compared with the traditional scheduling models focusing policy convergence,
sum throughput, and buffer stability.

4.1 MARL Training and Convergence Dynamics

The progression of learning for the decentralized agents is depicted in Figure 8. The
cumulative reward, which encompasses the sum-throughput and Jain’s Fairness Index
as described in Eq. (5), demonstrates a steady logarithmic progression in the initial
training phase.

100 4

80

60

a0 4 Stability Reached

Cumulative Reward (R;,.))

201

== Mean Cumulative Reward
Stochastic Variance

=== Policy Convergence (Ep. 1200)

0 250 500 750 1000 1250 1500 1750 2000
Training Episodes

Figure 8: Cumulative reward and policy convergence of MARL agents over 2,000

training episodes.

As depicted by the dashed vertical line in Figure 8, the policy converges to a state of

stability around Episode 1,200. The decreasing stochastic variance (shaded area) after

the point further emphasizes the fact that the decentralized agents have learned to
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effectively adapt to the varying RF power density levels (-20 dBm to — 10 dBm).
This stability is necessary to ensure the stability in the "Drop-on-Full" buffer
constraints.

4.2  Comparative Throughput and Fairness Analysis

The primary objective was to maximize the network utility while ensuring fair resource
distribution. The proposed MARL framework was compared with Greedy (Energy-
First) and Random Action.

1 Sum-Throughput: Through the MARL-based optimization, a sum-throughput of
186.5 kbps was achieved. This is an improvement by 28.5% over the Greedy
baseline. This is due to the strategic timing of the agents offloading actions, i.c.,
X; = 1 during peak energy harvesting times.

2 Jain’s Fairness Index: As detailed in Eq. (6), the framework maintained a
fairness index of 0.89. Contrary to other greedy-based methods that cause node
starvation, this agents reward function ensured that all nodes, including those
with lower RF incident power, remained stable.

To further validate the performance of the proposed DRL agent, a comparative
analysis was performed with the Lyapunov optimization approach. While the Lyapunov
approach ensures a stable sum throughput of approximately 145 kbps, as seen in Figure
9 the MARL framework offers an enhancement of 28.5%. This enhancement in
performance is due to the agents’ capacity to learn the stochastic nature of the 6G RF
environment without the need for explicit mathematical modeling.

30

200
186.5

25.0

F25
175 1

,_.
o
=}
T

N

=1

o
&
G
Task Drop Rate (%)

H
1=}
=

Sum-Throughput (kbps)
~

50 1

251

Random Lyapunov Greedy Proposed (MARL)
Scheduling Policies

Figure 9: Performance comparison of Sum-Throughput (kbps) and Task Drop Rate (%)
across different scheduling policies
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Figure 9 shows the dual-axis chart comparing the performance metrics. The blue bars
show the MARL framework's performance in terms of the peak throughput achieved
by the system, which was 186.5 kbps. This shows an increase of 28.5% over the existing
Greedy model. At the same time, the salmon-colored bars show the significant
performance advantage in terms of the reduced task drop rates by 42%, from 18% to
4.5%.

4.3  Task Drop Rate and Buffer Reliability

As clearly indicated by the queue occupancy trace in Figure 10, the MARL agent has a
much more stable queue compared to the Greedy baseline. By introducing a negative
reward penalty (Rgyop) for every lost task, the agents learned a Buffer-Aware policy
where they offloaded the data (X; = 1) when the queue was highly occupied. This load
balancing strategy effectively smoothed out the stochastic bursts in the Poisson arrival
process (4), such that the queue was never close to reaching the hard limit (Qq, =
50). This ensures high reliability for 6G autonomous sensing while achieving the 42%
reduction in task drop rates and maintaining ENO. [7, 8, 12]
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Figure 10: Comparison of buffer occupancy dynamics between Greedy and MARL
scheduling policies over 50 time slots.

Figure 10 demonstrates the behavioral difference between the baseline Greedy model
and the proposed MARL framework. The Greedy model (red line) often hits the peak
buffer capacity (Qpqa = 50). Consequently, leading to multiple task drop events. In
contrast, the MARL model (blue line) maintains a lower average queue length by
accurately predicting peak arrival periods and leveraging the harvested energy for
timely offloading. This is the key reason why the task drop rate is reduced by 42% in
the experimental results

4.4  Validation of Energy Neutral Operation (ENO)
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During the entire evaluation period, the overall ENO success rate was 94%. This high
reliability is confirmed by the discrete energy state transitions depicted in the energy
buffer trace in Figure 11. This proves that the synergy between MARL reward
optimization and constraint satisfaction for capacitors is sufficient to achieve
autonomous sensor operation for a long time without battery replacement, even for low-
power 6G ambient energies.
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Figure 11: Micro-capacitor energy state (E;) over 100 discrete time slots
demonstrating the 94% Energy Neutral Operation (ENO) success rate.

Figure 11 demonstrates the dynamic stability of the energy buffer (E; ;) under stochastic
conditions of energy harvesting. The teal trajectory signifies the stored energy within
the Safe Operational Zone (5 mJ/ — 50 mJ) for the majority of the simulation time. By
focusing on the Harvesting state (X; = 0) when the energy levels are near the safety
threshold (E,;,;, )as depicted by the red line, the proposed framework achieves a high
success rate of 94% for ENO. This visualization of the proposed framework
demonstrates the efficacy of the synergy between the hardware architecture (as depicted
in Figure 7) and the optimization of the MARL reward function.

4.5  Ablation Study and Sensitivity Analysis

An ablation study was performed to assess the framework’s sensitivity to its key
hyperparameters, as depicted in Figure 12. The obtained results confirm that the
suggested MARL configuration withy = 0.95 and Jain’s Fairness is the optimal sweet
spot for the operation of 6G autonomous sensing.
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Figure 12: Sensitivity analysis of sum-throughput and Energy Neutral Operation
(ENO) success rate under varying discount factors (y) and reward function
configurations

As shown in Figure 12, a reduction in the discount factor y from 0.95 to 0.75 led to a
15% drop in the success rate of the ENO algorithm, as the agents focused on task
throughput over energy savings. Removal of Jain’s Fairness Index from the reward
function (R;) led to a substantial degradation in the reliability of the network, causing
a 30% increase in task drop for nodes on the edge of the network

5 Conclusion

The study addressed the urgent issue of energy sustainability and reliability of tasks in
battery-free WSNSs, in particular with regard to the emerging 6th generation Internet of
Things (IoT) paradigm. Using MARL, this research proposed an independent
optimization framework that effectively bridges the gap between stochastic RF power
consumption and deterministic performance requirements. Experimental results
showed that the proposed MARL-based approach significantly outperformed
traditional single agent and greedy scheduling models. The results showed that the
framework improved overall total load factor by 28.5% and reduced task drop rates by
42%. Moreover, the system has maintained a high performance in energy-neutral
operation (ENO) of 94%, even in the face of RF energy densities of -20 dBm. These
findings indicate that synergy between smart energy management and dynamic
scheduling of tasks is a viable approach for self-sustaining autonomous sensing. While
this research has demonstrated the effectiveness of MARL in decentralized WSN using
RIS-assisted harvesting, there are areas where further research is needed. First, the
scaling of RIS to massive arrays with N reflectors could be explored to further enhance
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the stability of the RF power-emitting efficiency. Second, the computational costs of
on-chip learning and edge-assisted offloading will be critical for the deployment of
ultra-low-power devices. Finally, extending this framework to incorporate Blockchain-
based security protocols will ensure that energy efficiency does not compromise the
integrity of the 6G data ecosystem.
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