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Abstract—Energy Harvesting (EH)-assisted Backscatter IoT
networks offer a promising solution for sustainable connec-
tivity but face complex optimization challenges. While Deep
Reinforcement Learning (DRL) provides a viable model-free
solution, its black-box nature often obscures the underlying
decision mechanisms, leading to redundant state representations
and inefficient resource usage. To address these challenges,
we propose XAI-LyDRL, a novel framework that integrates
Lyapunov optimization with explainable artificial intelligence
(XAI)-based feature selection. We derive three key mechanistic
insights: (1) we empirically verify that the agent implicitly inter-
nalizes physical path-loss models, rendering explicit geometric
distance features redundant; (2) we unveil a regime-dependent
attention mechanism where the policy dynamically shifts focus
from queue stability to channel quality based on resource
constraints, confirming theoretical consistency with Lyapunov
optimization; and (3) we identify effective state sparsity where
optimal actions are primarily driven by bottleneck users. Guided
by these insights, we construct a streamlined policy that prunes
40% of the state space. Simulation results demonstrate that this
lightweight design achieves comparable stability and throughput
to full-scale models while providing an empirical foundation for
scalable deployment in resource-constrained edge devices.

Index Terms—Internet-of-Things, Energy Harvesting, Explain-
able AI, Deep Reinforcement Learning

[. INTRODUCTION

The Internet of Things (IoT) ecosystem is undergoing
an unprecedented expansion and transformation [1]. Mobile
Edge Computing (MEC) pushes resources to the network
edge, essential for meeting the low-latency and high-reliability
demands of mission-critical applications [2]. However, this
densification of edge intelligence faces a severe sustainability
bottleneck [3]. Conventional batteries are untenable for main-
taining massive distributed devices, especially in remote or
implantable applications where replacement is infeasible [4].

To address this, wireless power transfer (WPT) and
backscatter communication (BackCom) have emerged as
promising technologies [5]. WPT enables devices to harvest
energy from radio-frequency (RF) signals transmitted by ded-
icated power beacons (PBs) or hybrid access points (APs),
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thus creating a self-sustaining energy supply. Meanwhile,
BackCom allows devices to transmit data by modulating and
reflecting incident RF signals without generating an energy-
intensive active carrier, reducing communication power con-
sumption to the uW level [6], [7]. By harvesting energy
from ambient RF signals and transmitting data via reflection
modulation, the integration of Energy Harvesting (EH) and
BackCom effectively extends the lifespan of IoT networks.
To enhance spectral efficiency in these resource-constrained
environments, technologies such as Non-Orthogonal Multiple
Access (NOMA) are often employed, allowing multiple de-
vices to share the same time-frequency resources. However,
resource management in such networks is mathematically
intractable due to the stochastic nature of wireless channels,
energy arrivals, and task requests. Deep Reinforcement Learn-
ing (DRL) offers a viable solution due to its model-free ability
to learn policies directly from environmental interactions.
Mazhar et al. [8] proposed a DRL architecture integrating
cognitive NOMA and backscatter technology to minimize the
Age of Information. Hsu et al. [9] propose a DRL-based EH
scheduling scheme for NOMA-based networks to optimize
average binary scale satisfaction. However, DRL struggle
to enforce the strict stability constraints required by EH
systems. To address this, Lyapunov optimization theory has
been integrated with DRL [10], [11], giving rise to Lyapunov-
guided DRL (LyDRL) frameworks that provide theoretical
stability guarantees while leveraging the adaptability of deep
learning. Wu et al. [12] introduced a LyDRL approach that
effectively handles long-term energy constraints by stabilizing
energy queues while maximizing system throughput.
Nevertheless, it is often unclear which features actually
drive the agent’s decision-making process and which are
mere noise or redundant data, leading to extra computational
overhead. While in the context of EH, redundant input features
not only waste limited energy and computational resources,
but model lightweighting becomes as critical as performance
maximization. Recently, Explainable AI (XAI) has gained
traction as a powerful tool to enhance the transparency and
computational efficiency [13]-[15]. In this paper, we propose
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A

an XAl-aided feature selection method for EH-assisted MEC
networks. The main contributions are as follows:

« We empirically verify that the DRL agent effectively
internalizes the physical mapping between geometric dis-
tance and channel quality through training. Our analysis
reveals that explicit distance features contribute negligi-
bly to decision-making when Channel State Information
(CSI) is available. Then, we construct a lightweight state
space that reduces input redundancy by 40%.

« We unveil the adaptive nature of the Lyapunov-guided
policy through feature sensitivity analysis across different
resource regimes. We observe a distinct attention shift:
the agent prioritizes queue length information to ensure
stability under resource-constrained regimes, while shift-
ing focus to channel quality to maximize utility under
resource-abundant regimes. This result confirms that the
black-box DRL model has successfully learned the theo-
retical trade-off logic between the drift and penalty terms
inherent in Lyapunov optimization.

« Through trajectory-level attribution analysis, we identify
the intrinsic sparsity in multi-user concurrent decision-
making. We demonstrate that the agent’s optimal actions
are primarily driven by bottleneck users rather than the
uniform aggregation of all users. This discovery pro-
vides an empirical foundation for scalability in massive
IoT deployments, suggesting that future decision-making
frameworks can potentially decouple decision complexity
from network size.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As illustrated in Fig. 1, the system consists of one PB, one
AP integrated with an MEC server, and K Mobile Devices
(MDs), denoted by the set £ = {1,2,...,K}. The system
operates in time slots 7 € {1,2,...,T}, each with duration 7.

A. Channel Model and Energy Harvesting

Let /! ip and I , denote the channel power gains from the
PB to the i-th MD and from the i-th MD to the AP in time slot
t, respectively. We assume a quasi-static channel model where
the channel conditions remain constant within each time slot
but vary independently across slots. We define a compound
channel gain H! for the backscatter link as:

Hj =h; g x hi 4, (1)

where the indices are sorted such that the channel gains are
arranged in descending order without loss of generality. This
ordering is assumed to facilitate the Successive Interference
Cancellation (SIC) decoding order at the AP.

The MDs employ a dynamic mode selection policy denoted
by x € {0,1}. When x} = 1, the MD performs backscatter
communication. To enhance spectrum efficiency, the system
employs NOMA. The i-th MD splits the received RF energy
based on a reflection coefficient & € [0,1]. A portion o, P,
is reflected to backscatter data, while the remaining portion
(1 —ay)P, is directed to the energy harvesting circuit.

Adopting a practical non-linear energy harvesting model,
the amount of energy harvested by the i-th MD in time slot ¢
is explicitly coupled with the reflection coefficient:

—0y)Ph; g +d di)

a_ [ad
MO\ (M- )RR v v
where P, is the transmit power, and c;,d;,v; are circuit-specific
constants. This formulation explicitly captures the trade-off
where increasing the reflection coefficient for communication
directly reduces the energy available for harvesting.

To ensure long-term energy sustainability, we model the
energy dynamics using a virtual energy queue Q'

0! = max(Q} — Ef{ + E{{"™,0), 3)
where E;7™ accounts for the circuit energy consumption
dependrng on the mode selection:

Ef" =xiPr+ (1= x)x(f)’r, @)
where P; is the circuit power consumption during backscatter-
ing, and K represents the effective switched capacitance of the
local processor. In practice, the queue state Q! is maintained
computationally by recursively tracking the energy harvesting
and consumption at each time slot via Eq. (3).

2

B. Problem Formulation

The achievable total data throughput, summing both of-
floading and local computing data, is given by:

o P
Rtotal N Z TBIOg2 (1 + o2 +Imzer>

x=1
where ¢ denotes the number of CPU cycles required per bit, B
is the bandwidth, and o2 is the noise power. Our objective is
to maximize the long-term average system throughput while
ensuring the stability of all energy queues. This optimization
problem is formulated as

&)

2y i Y R o
T T T = i )

)C:» € {07 1}, Vie ¥ (6C)

0<oy <1, 6d)

0< f! < fmax, o)

where (6b) represents the queue stability constraint ensuring
that the average energy consumption does not exceed the
harvested energy over time.
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III. XAI-DRIVEN LIGHTWEIGHT LYDRL

The optimization problem &7; is a mixed-integer non-linear
programming (MINLP) problem. To solve it efficiently in real-
time, we propose a Lightweight framework, which integrates
Lyapunov optimization to handle stability constraints and XAl
to optimize the DRL state space representation.

A. Lyapunov-Guided DRL Framework

Using Lyapunov optimization theory, we transform the
long-term constraint (6b) into a per-slot drift-plus-penalty
minimization problem. We define the Lyapunov function as
L(Q") =1 YK (0!)2. The objective in each time slot becomes
minimizing the upper bound of the drift-plus-penalty term:

K
min )" Q(E(Y™ ~ Eff) =V Rl g

i=1
where V is a control parameter balancing queue stability and
throughput. We employ a DRL agent to solve Eq.(7). In the
standard LyDRL approach, the agent observes a comprehen-
sive state space .7, to make decisions. The state at time ¢

typically includes CSI, queue lengths, and device geometries:
y;ull - {h;}vhi\aD;thAaQr}a (8)

where h represents channel gains and D represents the phys-
ical distances of MDs to the PB and AP.

B. XAI-Driven Redundancy Diagnosis

To identify potential redundancies, we employ SHapley Ad-
ditive exPlanations (SHAP) [16], a game-theoretic approach to
interpret model predictions. We pre-train a LyDRL agent using
i and calculate the global importance value ¢; for each
feature J. As shown in Flgz’ 0~ (pdistance < ¢queue < (Pchanneh
which means the explicit distance inputs provide negligible
marginal information gain.

C. Proposed Lightweight-LyDRL Algorithm

We prune the state space by removing the redundant dis-
tance features, resulting in a compact state representation:

[iruned = {h%v hﬁx ) Q[}a (9)

This reduction decreases the input dimension from 5K
to 3K, leading to a significant reduction in the number of
parameters in the input layer of the Policy Network (Actor)

and Value Network (Critic). The detailed execution flow
operating on -%neq is summarized below:

1) Action: The policy network generates continuous of-

floading probabilities %' = 7g(.7),,,,4)- These are

mapped to binary decisions x’ € {0, 1}X.
2) Resource Optimization [12]: For MDs assigned to

local computing (x} = 0), the optimal CPU frequency

is derived analytically:

% fmax>
3K¢ in i )
Simultaneously, for offloading MDs (x} = 1), the optimal
reflection coefficient ¢ is obtained by solving the
following convex sub-problem via binary search:

fI =min (10)

1D
where 7, s = {i|x} = 1} denotes the set of offloading
users, and Ry ..(a) represents the NOMA backscatter
throughput dependent on «.
3) Reward Calculation: The reward r; is defined as:
K
=V 'Riotal - Z Qi (Eic,.;ms - Ezhz() (12)
i=1
4) Training: The policy is updated using experience tuples
(S &1, 11 ) stored in the replay buffer.

pruned’ pruned
By removing redundant geometric inputs, the Lightweight-

LyDRL reduces computational overhead and inference time,
making it highly suitable for deployment on edge devices with
limited processing capabilities, without compromising the
stability guarantees provided by the Lyapunov optimization.
Comprising 4,394 parameters in 32-bit floating-point format
(4 bytes/parameter), the 3f model utilizes merely 17.1 KB.

IV. SIMULATION RESULTS AND DISCUSSIONS
A. Parameter Settings

The scenario is similar with [12], including N = 10 MDs,
a AP located at Py = (0,0,10), and a PB positioned at
Pg=(10,10,5). MDs move randomly within a bounded region
[—2.5,2.5] x [—2.5,2.5]. The total simulation consists of 500
time frames, divided into episodes of length 50 frames each.
At the beginning of each episode, MD positions are randomly
reinitialized and virtual energy queues are reset to 0.

The wireless channel follows a distance-dependent path
loss model with By = 0.01 and path loss exponent 2.5.
The nonlinear energy harvesting model parameters are set to
¢c=2.463,d=1.635, and v =0.826 [17]. The transmit power
of PB is P, = 10 mW, and the circuit power during offloading
is P, = 0.01 mW. For local computation, the maximum CPU
frequency is fmax = 300 MHz with computation intensity
¢ = 100 cycles/bit and effective capacitance k = 10726 [18].
The communication bandwidth is B =2 MHz with noise
power Ny = 10~'7* W. The Lyapunov parameter is set to
V =10 to investigate the trade-off between queue stability
and computation rate.
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The memory-augmented DNN adopts a three-layer archi-
tecture [50,64,32,10], using Adam optimizer with learning
rate 1 = 0.01, batch size 128, and experience replay buffer
capacity 1024. The training update interval is set to 1 frame.

To quantify how different state features influence both
the policy decisions and the optimization objective, we first
conduct a global interpretability study under a fixed system
configuration. Specifically, we set the transmit power to P, =5
mW and the maximum local computing frequency to fmax =
300 MHz. In this experiment, we adopt a five-feature state
representation Y}ull. We compute Shapley values from two
complementary perspectives: (i) policy-based Shapley, which
attributes the contribution of each input feature to the policy
output (i.e., offloading probability) and (ii) reward-based
Shapley, which attributes the contribution to the Lyapunov-
driven objective used for action selection. For each feature
type, we aggregate Shapley attributions over time using the
mean absolute value, and further normalize them to obtain
global contribution proportions.

Fig. 2 reports the resulting global feature importance under
the fixed configuration. The distance-related features D/, and
D, contribute negligibly in both the policy and reward views:
their normalized proportions are below 0.5%. Channel gain-
related features hj and h/, dominate the feature importance,
accounting for 33.4% and 57.4% in the policy-based analysis,
and 46.8% and 51.3% in the reward-based analysis, respec-
tively. The queue feature Q' contributes 8.0% in the policy-
based view and 1.8% in the reward-based view, reflecting its
auxiliary role in balancing energy queue stability within the
Lyapunov optimization framework.

To validate the generalizability of our interpretability find-
ings and examine the stability of feature importance un-
der varying operational conditions, we conduct a systematic
parameter sensitivity study. Specifically, we vary the trans-
mit power P € {1,2,...,10} mW and the maximum local
computing frequency fmax € {200,250,...,500} MHz, which
jointly define the system’s energy harvesting capacity and
local computation capability. For each configuration, we train
an independent LyDRL policy and compute the normalized
Shapley-based feature importance from both policy and re-
ward perspectives. Fig. 3 and Fig. 4 reveal that across all
parameter configurations, the distance features Dy and Dp
remain around or below 1% in most cases and are consistently
much smaller than the channel and queue features in both
policy decisions and reward optimization. This pattern across
diverse operating regimes—ranging from resource-constrained
(low P, low fmax) to resource-abundant (high F;, high fnax)
scenarios—supports that distance inputs are largely redundant
given the presence of channel gain features. The learned poli-
cies universally prioritize channel measurements over explicit
distance information, confirming that the strong functional
dependency induced by the path loss model enables implicit
spatial reasoning through channel gains alone.

In addition, as Fig. 3 and Fig. 4 shown, in resource-
constrained regimes (e.g., ;, <3 mW or finx < 300 MHz),
the queue feature Q maintains substantial importance (10-

%)
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Fig. 3. Feature importance across transmit power F;. Distance features
remain negligible across all regimes, while queue importance decays as energy
constraints relax.
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Fig. 4. Feature importance across maximum frequency fmax. Queue feature
exhibits sharp decay and convergence toward channel-dominated attribution
at high computing capacity.

40%), reflecting the policy’s need to balance immediate
performance against long-term energy queue stability. As
constraints relax with increasing P, or fmax, the attribution
progressively converges toward a stable distribution dominated
by channel gains hp and hy (together exceeding 90%), while
Q diminishes to near-zero. This convergence pattern indicates
that the learned policy adaptively transitions from a queue-
aware energy management strategy in constrained regimes
to a channel-quality-driven offloading strategy in abundant
regimes. Notably, the rate of convergence differs across pa-
rameters: queue importance decays more sharply with respect
to fmax than P, suggesting that local computing capacity has
a more pronounced impact on decoupling queue dynamics
from decision-making. The stabilization of feature importance
distributions at high resource levels implies that the policy
reaches a regime where wireless link quality becomes the
sole bottleneck, and further resource augmentation yields
diminishing returns in altering decision strategies.

To empirically validate the redundancy of distance features
identified through Shapley analysis, we remove D4 and Dp
from the state representation. Specifically, we compare the
original five-feature state .%s,;; (denoted as 5f, based on [12])
with a reduced three-feature state .70 (denoted as 3f),
while maintaining identical network architecture, training pro-
tocol, and evaluation settings. This experiment serves to verify
whether the negligible Shapley attributions of distance features
translate into negligible performance degradation when these
features are entirely removed. Fig. 5 presents the global Shap-
ley proportions under the 3f configuration at , =5 mW and
Jmax = 300 MHz. The attribution distribution remains quali-
tatively consistent with the 5f case: channel gains hp and hy
jointly dominate both policy-based (90.9%) and reward-based
(96.9%) attributions, while the queue feature Q contributes
moderately (9.1% and 3.1%, respectively). Moreover, the
sensitivity analysis in Fig. 6 demonstrates that the feature im-
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portance trends under 3f mirror those observed under 5f across
varying P, and fmax: queue importance decays as constraints
relax, while channel gains progressively concentrate attribu-
tion mass. This structural consistency confirms that the learned
decision mechanism—characterized by channel-quality-driven
offloading in resource-abundant regimes and queue-aware
energy management in constrained regimes—remains intact
after removing distance inputs.

Table. I quantifies the performance comparison between 3f
and 5f configurations. The reduced state achieves a compu-
tation rate of 5.039 Mbps, which is very close to the 5.061
Mbps achieved by the full-state model, corresponding to only
a marginal 0.4% difference. Energy-related metrics exhibit
similar parity: harvested energy and consumed energy remain
close across both configurations. These results empirically
substantiate that explicit distance features provide no mea-
surable performance benefit, corroborating the Shapley-based
redundancy diagnosis.

While the preceding global analysis aggregates feature
importance across all users and time frames, it obscures the
heterogeneity in how individual users contribute to decision-

TABLE I
COMPARISON OF METRICS FOR 3F AND SF MODELS

Method Rate (Mbps) EH (J) Energy (J)
3f 5.039 0.160 0.192
5f 5.061 0.151 0.192

making at specific time instances. To unveil this user-level
heterogeneity, we conduct a trajectory-level Shapley analysis
on a representative episode segment. Specifically, we select
a stable trajectory window and compute the mean absolute
Shapley values for each user-feature pair under both policy-
based and reward-based perspectives. To further verify that
the bottleneck-user observation is not limited to a single
selected segment, we extend the analysis to multiple trajectory
windows. Specifically, we use the saved Shapley values at
steps 49, 99, 149, 199, 249, 299, 349, 399, 449, and 499,
and compute a user-level bottleneck score by aggregating the
mean absolute Shapley contributions of hg, hy, and Q. Fig. 7
presents (a) the full-trajectory bottleneck-user heatmap over
multiple trajectory windows and (b) the corresponding per-
user attribution heatmaps averaged over the segment.

The local attributions reveal a pronounced user-level hetero-
geneity in feature importance. As illustrated in the heatmaps,
only a subset of users (e.g., users 1, 7, 8, and 9) exhibit strong
channel-gain attributions (hp and h,), while the majority of
users display near-zero contributions during this segment.
Comparing the representative segment-level heatmaps with
the full-trajectory bottleneck map, the high-attribution users
are not limited to a single selected segment. Instead, several
users repeatedly exhibit large bottleneck scores across dif-
ferent trajectory windows, indicating that the learned policy
consistently focuses on a small subset of influential users. This
user-level selectivity indicates that, within a local decision
context, the learned policy prioritizes link-quality information
from a few bottleneck users whose channel states are most
informative for optimizing the global offloading strategy,
rather than treating all users uniformly. In contrast, users with
stable or favorable channel conditions contribute minimally to
the marginal decision value, as their offloading outcomes are
relatively predictable.

Moreover, the queue feature Q exhibits uniformly low
attribution across all users in both policy and reward views,
consistent with the global findings that queue dynamics ex-
ert limited influence under resource-relaxed regimes. This
suggests that, in the examined trajectory segment where
energy constraints are not binding, the policy’s attention shifts
predominantly toward wireless link quality rather than en-
ergy queue management. Taken together, this trajectory-level
analysis complements the global interpretability results by
elucidating which users and when along the trajectory channel
features dominate the decision process, thereby providing
actionable insights into the temporally adaptive nature of the
learned offloading policy.
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V. CONCLUSION

In this paper, we developed an XAl-driven LyDRL frame-
work for EH-assisted Backscatter MEC networks. By inte-
grating LyDRL with Shapley value analysis, we provided
a transparent view into the decision-making logic of DRL
agents, yielding three critical insights for future edge Al
design. First, we empirically verified that DRL agents implic-
itly internalize path-loss physics, rendering explicit geometric
distance features redundant. Pruning these features reduced
the state space by 40% without compromising stability or
throughput. Second, we revealed a regime-dependent attention
mechanism where the policy dynamically shifts its focus from
queue stability to channel quality as resource constraints relax,
confirming the agent’s alignment with theoretical Lyapunov
drift-plus-penalty logic. Third, our trajectory-level analysis
uncovered an intrinsic state sparsity in multi-user scenarios,
where optimal decisions are primarily driven by bottleneck
users. These findings demonstrate that XAl can serve as a
powerful tool for model compression and logic validation,
paving the way for deploying scalable, explainable, and
energy-efficient intelligence in IoT edge devices.
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