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Abstract

Deep Reinforcement Learning (DRL) has achieved remarkable success in optimizing com-
plex control tasks; however, its opaque decision-making process limits accountability and
erodes user trust in safety-critical domains such as autonomous driving and clinical deci-
sion support. To address this transparency gap, this study proposes a hybrid DRL frame-
work that embeds explainability directly into the learning process rather than relying on
post hoc interpretation. The model integrates symbolic reasoning, multi-head self-atten-
tion, and Layer-wise Relevance Propagation (LRP) to generate real-time, human-inter-
pretable explanations while maintaining high control performance. Evaluated over 20,000
simulated episodes, the hybrid framework achieved a 91.9% task-completion rate, a 19.1%
increase in user trust, and a 15.3% reduction in critical errors relative to baseline models.
Human-Al interaction experiments with 120 participants demonstrated a 25.6% improve-
ment in comprehension, a 22.7% faster response time, and a 17.4% lower cognitive load
compared with non-explainable DRL systems. Despite a modest #4% performance trade-
off, the integration of explainability as an intrinsic design principle significantly enhances
accountability, transparency, and operational reliability. Overall, the findings confirm that
embedding explainability within DRL enables real-time transparency without compro-
mising performance, advancing the development of scalable, trustworthy Al architectures
for high-stakes applications.

Keywords: explainable artificial intelligence (XAI); real-time explainability; explainable
reasoning; human-AlI collaboration; deep reinforcement learning (DRL); trustworthy Al
Al-driven control systems

MSC: 68T05; 68T07

1. Introduction

Deep Reinforcement Learning (DRL) has emerged as a central paradigm for sequen-
tial decision-making and control, achieving human-level or superior performance in do-
mains such as strategic game playing, continuous robotic control, autonomous naviga-
tion, and healthcare applications, including optimal sepsis treatment strategies [1,2]. De-
spite these successes, the opacity of DRL models remains a major obstacle to their deploy-
ment in safety-critical domains. These models are often perceived as “black boxes,”
providing limited insight into the reasoning behind their actions. This opacity arises from
the inherent complexity of deep neural architectures, often comprising millions of
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parameters entangled in nonlinear relationships, which makes them intrinsically difficult
to interpret [3,4]. Such opacity, frequently referred to as the “black-box problem” [5], ob-
scures the causal relationships between states, actions, and outcomes, thereby limiting ac-
countability and the ability of human operators to trace and validate agent decisions [6].

Explainable Artificial Intelligence (XAI) seeks to overcome this opacity by develop-
ing interpretable representations of Al decision processes [7,8]. Within the DRL context,
XAl techniques encompass saliency maps, policy distillation, attention mechanisms, and
symbolic reasoning, each aiming to establish transparent mappings between observed
states, selected actions, and resulting outcomes [9]. The growing global integration of Al
in safety-critical systems, projected to exceed GBP 250 billion by 2025 with an annual
growth rate of 16.5%, underscores the urgency of explainable and trustworthy Al adop-
tion. Furthermore, emerging regulatory frameworks such as the EU Al Act and ISO/IEC
42001 [10] increasingly mandate transparency, auditability, and risk awareness as prereg-
uisites for responsible Al innovation [11].

Motivated by these challenges, the present study introduces a hybrid DRL frame-
work with built-in real-time explainability. Unlike post hoc explainability approaches, the
proposed framework integrates symbolic reasoning, multi-head self-attention, and Layer-
wise Relevance Propagation (LRP) directly into the learning process, enabling transpar-
ency during both training and inference. By embedding explainability as a design princi-
ple rather than an afterthought, this work bridges the gap between algorithmic perfor-
mance and operational requirements for transparency, timeliness, and regulatory compli-
ance.

The black-box nature of DRL critically hinders adoption in safety-critical domains,
where explainability is essential for human oversight, error mitigation, and accountability
[4]. For example, DRL-based sepsis treatment systems must provide interpretable justifi-
cations for therapy recommendations [12], and in autonomous vehicle control, hybrid ex-
plainable Al frameworks have been proposed to improve decision transparency and
safety in real-time [13]. Empirical evidence from recent clinical evaluations shows that
45% of physician rejections of Al-generated treatment plans stem from a lack of transpar-
ency, leading to treatment delays in 18% of cases [14]. Similarly, in autonomous driving
and robotic control, unexplained Al agent actions were responsible for 38% of reported
accidents in 2024, generating approximately GBP 22 billion in global liability costs [15].
These findings highlight that technical accuracy alone is insufficient for real-world adop-
tion when explainability and accountability are absent.

Existing XAI methods in DRL remain predominantly post hoc and introduce compu-
tational latencies that limit real-time applicability. Post hoc approaches such as SHAP and
LIME, though insightful, often involve inference delays in the range of 150-350 ms [16],
exceeding the sub-50 ms explainability requirement necessary for dynamic control and
safety-critical decision environments [17]. As a result, a substantial gap persists between
the algorithmic sophistication of modern DRL systems and the operational prerequisites
of real-time explainability, transparency, and robustness under uncertainty [18]. Bridging
this gap is therefore central to advancing trustworthy and deployable DRL systems.

Moreover, symbolic reasoning frameworks, although computationally efficient,
struggle to scale to high-dimensional state spaces (IS| > 10°), while attention-based mod-
els can exhibit instability and overfitting when not properly regularized [4,19]. These lim-
itations collectively illustrate the technical difficulties of existing approaches in reconcil-
ing performance with explainability, an issue the proposed hybrid architecture directly
addresses by combining symbolic reasoning, attention mechanisms, and LRP within an
integrated optimization process.

Recent reinforcement learning-based control frameworks have advanced adaptive
and model-free regulation under output-feedback constraints [11,20-22]. These
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developments mark a shift from purely model-free optimal control toward safety-aware

and interpretable reinforcement learning. Nevertheless, most existing approaches remain

predominantly performance-driven and depend on post hoc or limited explainability
mechanisms.

Recent empirical studies indicate that nearly 80% of clinicians report distrust in Al-
driven recommendations due to a lack of transparency, resulting in a 28% reduction in
adoption rates [23]. Conversely, transparent and interpretable Al systems have been
shown to enhance operator confidence, reduce cognitive load, and improve decision-mak-
ing efficiency by 20-30% in clinical and mission-critical settings [24]. These insights estab-
lish a compelling motivation for research at the intersection of DRL and XAI, aimed at
reconciling high-performing policy optimization with human-centered explainability.

Building upon these imperatives, this study pursues the following three primary ob-
jectives:

1. Todevelop anovel hybrid DRL framework that integrates symbolic reasoning, multi-
head self-attention, and LRP for real-time explainability.

2. To comprehensively evaluate the model’s performance, safety, and robustness across
diverse safety-critical simulations, quantifying the trade-offs between explainability
and performance.

3. To assess the framework’s impact on human-AlI collaboration, measuring trust, com-
prehension, response time, and cognitive load.

The proposed methodology translates these objectives into a concrete hybrid DRL
framework that embodies the principles of transparency, accountability, and trustworthi-
ness. The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature on explainable reinforcement learning (XRL), highlighting current methods,
limitations, and emerging trends. Section 3 presents the methodology, including the
model formulation, architecture, and training pipeline. Section 4 describes the experi-
mental setup, evaluation procedures, and ethical considerations. Section 5 reports the ex-
perimental results, encompassing performance analyses, robustness assessments, and hu-
man-Al interaction studies. Section 6 provides an in-depth discussion of the findings,
their implications, and limitations. Finally, Section 7 concludes the paper with a summary
of key contributions and outlines directions for future research on trustworthy and ex-
plainable Al systems.

2. Literature Review
2.1. Explainable Al in DRL

Explainable Artificial Intelligence (XAI) has become a foundational research area
aimed at making Al decision-making transparent, interpretable, and accountable to hu-
man stakeholders [7,8]. Within the DRL context, explainability extends beyond visualiza-
tion or saliency to include mechanistic insight, that is, understanding why an agent selects
a particular action in a given state [9].

Existing XAI approaches in DRL can be broadly categorized into four classes:

1. Saliency- or gradient-based methods, which attribute importance to state features by
computing 0Q(s,4;0)/0s and visualizing relevance maps [9].

2. Policy distillation and surrogate modeling, where complex neural policies are ap-
proximated by simpler interpretable surrogates such as decision trees or rule lists
using Kullback-Leibler divergence [1].

3. Attention mechanisms, which assign learnable weights a to highlight the most influ-
ential components in policy decisions [4]:

a; = softmax(f(s; W))i,
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4. Symbolic reasoning, which encodes or approximates state—action mappings through
logical or probabilistic structures [2].

Recent surveys confirm that over 75% of XRL studies rely on post hoc analysis,
achieving explainability at the cost of computational latency (100-400 ms per inference)
[17,24,25]. While symbolic approaches are efficient (<50 ms), they often fail to scale to high-
dimensional state spaces (IS| > 106) [19]. Conversely, attention-based models are more
scalable but can suffer from overfitting and instability if not carefully regularized [4]. This
trade-off underscores the need for integrated frameworks that jointly optimize transpar-
ency and performance during training.

Beyond explainability, reinforcement learning-based control methods have also ad-
vanced adaptive regulation and robustness in nonlinear and partially observable environ-
ments. Jiang et al. [20] proposed an adaptive output-feedback optimal regulator for con-
tinuous-time strict-feedback nonlinear systems using data-driven value iteration, whereas
Shi et al. [22] developed a two-dimensional model-free Q-learning-based fault-tolerant
controller for batch processes. More recent frameworks, such as [11] and [21], have intro-
duced safety-aware and explainable control mechanisms that link explainability with op-
erational reliability. These studies mark an evolution from purely performance-driven re-
inforcement learning control toward approaches that integrate safety and explainability.
However, their explainability remains largely post hoc or limited to specific safety con-
straints. The present study extends this trajectory by embedding symbolic reasoning,
multi-head attention, and Layer-wise Relevance Propagation directly within the learning
process to achieve real-time transparency and trustworthy control in safety-critical do-
mains.

2.2. Challenges in Safety-Critical Al Systems

Al systems deployed in safety-critical domains—including healthcare, manufactur-
ing, and autonomous transport—require transparency to satisfy regulatory, ethical, and
operational standards [11]. Empirical evidence demonstrates that model opacity directly
increases risk aversion among users. In healthcare, DRL-based sepsis treatment models
improved outcomes but still faced 42% rejection of recommendations due to explainability
gaps [14]. Similarly, autonomous vehicle studies report that 38% of control failures
stemmed from non-interpretable model behavior, resulting in significant liability costs
[15].

These findings highlight the necessity of real-time explainability for ensuring human
supervision, legal accountability, and compliance with evolving frameworks such as the
EU AI Act and ISO/IEC 42001.

2.3. Human-AlI Interaction

The success of explainable DRL depends on user trust, comprehension, and cognitive
ergonomics. Transparent decision processes enhance user confidence, reduce perceived
complexity, and shorten response times during collaboration [23,24]. Similar findings in
explainable extended reality systems indicate that integrating interpretability directly into
interactive environments significantly improves user comprehension and trust [26]. Em-
pirical studies in high-risk decision environments show that explainable systems can in-
crease operator comprehension by 25-30% and reduce cognitive load by up to 20% [23].
Consequently, explainability should be evaluated not only in terms of algorithmic accu-
racy but also through human-centered metrics such as perceived trustworthiness, explain-
ability, and ease of justification.

2.4. Research Gaps

Despite progress, several critical gaps remain in XRL research:
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e  Limited real-time explainability: Most DRL systems rely on post hoc XAI methods
with high latency (150-350 ms) [17,24], unsuitable for dynamic control tasks that de-
mand sub-50 ms response.

e  Fragmented integration of explainability mechanisms: Symbolic reasoning and atten-
tion are rarely co-designed; they typically operate in isolation [4,17].

e Insufficient robustness analysis under uncertainty: Only 12% of 2024 studies explic-
itly examine how explainability performs under sensor noise or human-in-the-loop
variability [27].

e  Narrow user evaluation scope: Many human-Al studies use expert-only samples,
limiting generalizability of trust metrics [23].

To address these gaps, this study develops a scalable, robust, and real-time interpret-
able DRL framework designed for broad applicability across safety-critical sectors. Build-
ing on this review, the following methodology section introduces the proposed hybrid
DRL system model, which integrates symbolic reasoning, attention mechanisms, and LRP
to operationalize the trustworthy and explainable control paradigm emphasized through-
out the literature.

3. Methodology: Model Design and Implementation
3.1. Preliminaries

This subsection formalizes the mathematical background underlying the proposed
hybrid DRL framework. Let the decision-making process be modeled as a Markov Deci-
sion Process (MDP) defined by the tuple (S, A, P, 1, v), where S denotes the state space, A
denotes the action space, P denotes the transition dynamics, r denotes the reward func-
tion, and y € [0, 1) denotes the discount factor controlling the balance between immediate
and future rewards.

The learning objective is to find a policy m(- | s) that maximizes the expected cumu-
lative discounted reward:

J(@) = Eso~p0,at~n(-Ist).st+1~P(-|st,at) [ Z ?:0 vt r(Se,ar, Se41)], ¥ €10, 1) )

In value-based reinforcement learning, the Bellman optimality equation defines the
optimal action-value function Q*(s, a):

Q*(s,a) = Eg_p( .15, a) [r(s, a,s")+ y mgx Q” (s’,a’)] 3)

To enhance stability, the Double-Deep Q-Network (DDQN) employs a target net-
work, whose update rule is given as follows:

y=r+yQ (S’, argmax Q (s',a’; 0); 9‘),L(9) = (y-Q(s,0) @)

These formulations serve as the foundation for the hybrid DRL framework described
in the subsequent subsections, where symbolic reasoning, attention mechanisms, and LRP
are integrated to improve explainability and performance.

3.2. Research Approach

This section operationalizes the concept of trustworthy and explainable control sys-
tems, translating the theoretical motivations and objectives outlined previously into a con-
crete hybrid DRL architecture. The proposed methodology is designed to ensure that ex-
plainability is not an auxiliary feature but an intrinsic component of the learning process.
By embedding explainability directly into the reinforcement learning pipeline, the frame-
work aims to bridge the long-standing gap between algorithmic efficiency and human-
centered transparency in safety-critical decision environments.
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This study therefore adopts a mixed-methods research approach, which combines
quantitative evaluation of model performance, safety, explainability, and robustness with
qualitative analysis of trust, comprehension, response time, and cognitive load. Key quan-
titative metrics include task-completion rate (TCR), safety score (SS), decision accuracy
(DA), error rate (ER), and latency. Qualitative data are collected from surveys, interviews,
usability testing, and eye tracking to capture operator perceptions and cognitive re-
sponses.

A 2 x 3 factorial design is implemented independently in both simulation domains to
evaluate the impact of explainability components—symbolic reasoning, attention mecha-
nisms, and LRP—across varying environmental uncertainties (low, medium, and high)
[23]. This dual-perspective design enables a holistic assessment of how the integrated sys-
tem model fulfills the overarching goal of trustworthy and explainable control in dynamic,
high-stakes contexts.

3.3. Model Development

Building on the mixed-methods framework described above, the model development
phase translates the conceptual foundations of trustworthy and explainable control into a
concrete hybrid DRL architecture. The design philosophy follows an “explainability-by-
construction” approach, where explainability is integrated directly into each computa-
tional layer rather than appended as a post hoc analysis. This ensures that the resulting
system model not only optimizes control performance but also generates transparent, hu-
man-interpretable reasoning for every action.

The proposed hybrid DRL model integrates three complementary components:

1. Symbolic Reasoning: Decision trees map state—action pairs to logical rules, defined
as follows:
a; if ¢(s) € Rule;

Tree(s) = {(Z) otherwise

®)

Features are extracted via a function ¢(s): S - RY where d = 128. Trees are trained
using the CART algorithm with maximum depth 12 and minimum split size 10, optimiz-
ing the Gini impurity criterion. This symbolic layer provides a transparent mapping be-
tween observed states and agent actions, offering interpretable rule-based justifications
for system behavior.

2. Multi-Head Self-Attention: Attention weights are computed across h = 12 heads as
follows:

MultiHead (Q,K,V ) = Concat (head,, ..., head,) W° (6)
where

head; = Attention (QWL-Q, KWK, VWiV)

: QK"
Attention(Q, K, V) = softmax <\/d_> %4
K
with di= 64 and learnable projection matrices W%, WX, W/ € R*>% and W° € Rhxd
[4]. The attention mechanism highlights salient state features driving decisions, thereby
aligning quantitative importance scores with human-interpretable cues of relevance.
3. LRP: Relevance scores are propagated backward through layers using the following:

l Zij I+1
Ri() = Z}. (—JR("’ ))’ Zij = XWij (7)

Skzigte J

where € = 10-¢ stabilizes the division, and wijdenotes the layer weights [8]. LRP comple-
ments the attention and symbolic layers by attributing numerical relevance to each neu-
ron’s contribution, enabling a transparent end-to-end trace of decision formation.
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Together, these three components form a cohesive system model that embodies the
study’s overarching objective: uniting deep learning efficiency with real-time explainabil-
ity. The symbolic layer provides discrete reasoning, the attention mechanism supplies
contextual weighting, and LRP delivers continuous attribution—collectively ensuring that
the hybrid DRL architecture remains both high-performing and inherently explainable.

3.4. DRL Architecture and Training

Extending the explainability-by-design paradigm introduced in the previous subsec-
tion, the training phase operationalizes the hybrid DRL architecture within a unified op-
timization pipeline. This ensures that explainability mechanisms, symbolic reasoning,
multi-head attention, and Layer-wise Relevance Propagation (LRP), are integrated during
learning rather than appended afterward. Consequently, each training episode simulta-
neously optimizes task performance and the generation of human-understandable expla-
nations.

Figure 1 illustrates the interaction between the four main modules: Perception and
Environment, Learning Core, Explainability Layer, and Human—AlI Interaction. The per-
ception—environment loop supplies state and reward signals to the learning core, where
the DDQN backbone integrates attention-based feature focusing and experience replay
for policy optimization. The explainability layer fuses symbolic reasoning and Layer-wise
Relevance Propagation to produce interpretable outputs, which are then presented to hu-
man operators to foster trust and provide feedback for continuous refinement. Solid ar-
rows denote inference/data flow, dashed arrows represent training processes, and dotted
arrows indicate explainability and human-feedback pathways.

Perception & Environment

State Input

%ﬂ\’leward

Environment

State, Reward

Learning Core

Attention

Replay Buffer
7

.
Focus ,/Experience (dashed) Insights

Explainability Layer

a ] a
DDON LRP Rules -l

Explanations  ~ Feedback (dashed)
Human-Al Interaction

Fusion Explanation

User Trust

Figure 1. Conceptual architecture and information flow of the proposed hybrid DRL framework

integrating real-time explainability.

This architecture can be readily implemented in real-world control systems such as
autonomous driving or clinical decision support, where the perception-learning—explain-
ability pipeline operates in real time to optimize actions, generate human-interpretable
explanations, and continuously refine decision policies through user feedback.

The model extends a Double-Deep Q-Network (DDQN), updated as follows:

05.@;0) « s, @ 0) + a(r + yQ(s',argmax 0(s',a’s 0);07) - 0(s,0;0)) ®)

with target network parameters 67, learning rate o = 0.00003, and soft target updates (t =
0.003).



Mathematics 2025, 13, 3805

8 of 24

The network architecture includes six convolutional layers with filter sizes (512, 256,
128, 64, 32, 16), 3 x 3 kernels, ReLU activation, and batch normalization; four fully con-
nected layers with units (2048, 1024, 512, 256) and dropout rate 0.3; and a final output
layer sized to the cardinality of the action space |Al.

Training uses an e-greedy policy (€ annealed from 1.0 to 0.01 over 20,000 episodes), a
replay buffer of 500,000 transitions, and prioritized experience replay (PER) with g =10.7,
arer= 0.6. The reward function is as follows:

+1 if task completed
R(s,a,s") =1 0.5 if unsafe action 9)
-0.1 otherwise
Within each training iteration, relevance signals from LRP and attention maps are
computed in tandem with Q-value updates, while the symbolic layer incrementally re-
fines its decision tree rules using the same experience replay data. This synchronized op-
timization loop guarantees that explainability metrics evolve jointly with performance
metrics, maintaining a consistent balance between accuracy and transparency. The com-
plete training procedure is summarized in Algorithm 1.
The model is implemented in Python 3.10 utilizing TensorFlow 2.14 and PyTorch 2.1,
trained on four NVIDIA RTX 4090 GPUs equipped with 128 GB RAM.

Algorithm 1 Hybrid DRL Training with Real-Time Explainability
1. Initialize Q(s,a;0), target network parameters 0~ «<— 0, replay buffer D, decision tree
T, attention weights a, and LRP scores R
2. for episode =1 to 20,000 do
3. Observe state si~ Env
Select action a: ~ e-greedy(Q(s;0))
Execute action a:, observe reward r:, and next state st
Store transition (st, at, 11, s#1) in D with priority pr= 15t +€
Sample a minibatch {(s; a;, ri, si1)} from D using PER
Compute target:

® NG

Yi=T1i+7vQ ( Sivr argmax Q (s, a’; 0); 9‘)
a

9. Update 0 via Adam optimizer minimizing

ZWi(J’i - Qs a;; 9))2
=1

where wi o« pi#
10. Update target network parameters:
-« 10+ (1 — 1)6~
11. Compute attention weights ai= MultiHead(st), and relevance scores Ri=
LRP(Q(st,a0))
12. Update decision tree T with (s as,a; Ri) using CART
13. Generate explanation: Explain(ss,ar) = T(s;) U a; U R;
14. End for

To ensure reproducibility and transparency, Table 1 summarizes the key hyperpa-
rameters and configuration settings used during model training. These include learning
and optimization parameters, attention-specific configurations, and prioritized experience
replay (PER) coefficients. The early-stopping criterion is also reported to provide clear
guidance for replicating convergence behavior.
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Table 1. Key training parameters and early-stopping criterion (Hybrid DRL, 2024-2025).

Parameter Symbol/Setting Description
Random seed o Ensures consistent initialization for reproducibility across training
runs.
Batch size 64 Number of samples per training batch.
Learning rate 3 x10-° Adam optimizer with exponential decay (decay rate 0.95).
Number of attention heads 12 Controls granularity in the multi-head self-attention mechanism.
Target update rate ©=0.005 Soft update coefficient for the target network.
Replay buffer size 1 %106 Capacity of prioritized experience replay (PER).
PER parameters a=0.6, =04 Define prioritization strength and importance-sampling correction.
Discount factor v =0.99 Balances immediate vs. future rewards.
, o ALoss <10 for 10 . e .
Early-stopping criterion epochs Training halts once convergence stability is achieved.

Framework

PyTorch 2.3 Implementation environment for the hybrid DRL model.

In summary, Section 3 established the theoretical and architectural foundations of the
proposed hybrid DRL framework, integrating symbolic reasoning, attention, and LRP
mechanisms in an explainability-by-design structure. The following section describes the
experimental setup and evaluation protocol through which these design principles are
empirically validated.

4. Experimental Setup and Evaluation
4.1. Data Collection

Data were collected from two simulated environments:

1. Autonomous Vehicles: The CARLA simulator (v0.9.15) generated 12,000 driving sce-
narios covering urban traffic, pedestrian avoidance, and adverse weather (rain, fog)
with sensor noise ranging from 5 to 20% Gaussian, consistent with standards for
20242025 [15], ensuring temporal relevance and reproducibility. State inputs com-
prised 128 x 128 RGB images, 64-channel LIDAR point clouds, and vehicle dynamics
(speed, acceleration). The continuous control action space consisted of steering € [-1,
1], throttle € [0, 1], and brake € [0, 1].

2. Sepsis Treatment: A synthetic dataset of 8000 patient cases generated based on 2024
MIMIC-IV and eICU-CRD protocols, simulating treatment decisions [14]. State fea-
tures included 32 clinical variables such as heart rate, blood pressure, SOFA score,
and lactate levels. Actions corresponded to discrete antibiotic dosing (five levels) and
fluid administration (three levels).

Participants performed domain-specific decision-making and monitoring tasks cor-
responding to their expertise, ensuring balanced exposure to both explainable and non-
explainable DRL variants.

Human-AlI interaction studies involved 120 participants (60 clinicians and 60 engi-
neers), recruited in 2024 using stratified sampling to ensure demographic diversity (age
25-55, 50% female). Participants engaged with the model in controlled laboratory settings
using 4K displays, Tobii Pro eye tracking, and haptic feedback devices. Collected data
comprised performance metrics (TCR, SS, DA, ER, latency), trust and comprehension var-
iables (Likert surveys, interviews, response times, cognitive load via NASA-TLX), and at-
tention metrics (fixation duration, saccade frequency).

4.2. Human—AlI Interaction Studies

Participants engaged in human-in-the-loop experiments, receiving real-time expla-
nations through interactive dashboards displaying decision trees, attention heatmaps, and
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LRP relevance scores. Trust, comprehension, explanation clarity, usability, and satisfac-
tion were measured using seven-point Likert scales. Semi-structured interviews (45 min
each) explored qualitative perceptions regarding explanation effectiveness and system re-
liability. Usability tests assessed response times, error rates, cognitive load, and visual
attention via eye tracking. All experimental conditions were standardized for sound, light-
ing, and duration to ensure internal validity and minimize bias.

4.3. Evaluation Metrics
4.3.1. Quantitative Metrics
e  Task-Completion Rate:

TCR = Successful Tasks % 100 (10)

Total Tasks

e  Safety Score:

Safe Actions

SS = x 100 (11)

Total Actions

¢  Decision Accuracy:

DA = Correct Actions % 100 (12)

Total Actions

. Error Rate:

ER = Critical Errors % 100 (13)

Total Actions

e Latency: Mean time in milliseconds to generate explanations.
e (Q-Value Convergence: Mean squared Bellman error (MSBE):

MSBE = E[(Q(s,4;0) ~ y)*] (14)

4.3.2. Explainability Metrics

e  Trust Score (TS): Mean seven-point Likert scale rating.
e  Comprehension Level (CL):

Participants Understanding Explanations
CL = P Cha x 100

(15)

Total Participants

e  Explanation Clarity (EC): Mean seven-point Likert scale rating.

e  Response Time (RT): Mean time in seconds to process explanations.

e  Cognitive Load (CLD): Mean NASA-TLX score (0-100).

e  Attention Efficiency (AE): Fixation duration in milliseconds per explanation [1].
Statistical analyses include paired t-tests, ANOVAs, MANOVAs, linear regressions,

and mixed-effects models with significance level p < 0.05. The hybrid model is bench-

marked against baseline DDQN and non-explainable DQN variants.

4.4. Ethics, Fairness, and Bias Mitigation

The hybrid DRL framework embeds ethical auditing throughout training and evalu-
ation in line with the EU AI Act (2024) and IEEE P7003 standards. Fairness was evaluated
using three key metrics:

e  Demographic Parity (DP): Outcomes are independent of sensitive attributes (e.g.,
age, gender).

. Autonomous driving: ensures unbiased collision-avoidance decisions;

e  Healthcare: guarantees equal likelihood of treatment recommendations;

e  Equalized odds (EOs): true- and false-positive rates are balanced across groups;

. Autonomous driving: equal hazard detection accuracy under varied conditions;

e  Healthcare: comparable diagnostic sensitivity and specificity for all patients.
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e Disparate impact (DI): ratio of favorable outcomes between groups within 0.8 <DI <
1.25.
e Autonomous driving: equitable policy updates in mixed-traffic contexts.
e  Healthcare: proportional treatment allocation across demographics.
Fairness metrics were monitored continuously, with deviations below 5% across de-
mographic groups. Adaptive loss re-weighting maintained ethical compliance while pre-
serving task efficiency and convergence stability.

5. Results and Analysis

This section presents the empirical evaluation of the proposed hybrid DRL frame-
work, focusing on performance, robustness, computational efficiency, and uncertainty
handling. Results are reported for both autonomous vehicle and sepsis treatment do-
mains, in accordance with the experimental setup described in Section 4.

5.1. Model Performance

The hybrid DRL model achieved competitive performance while maintaining real-
time explainability. In the autonomous vehicle domain, the task-completion rate (TCR)
reached 91.9%, compared with 96.2% (DDQN) and 95.8% (DQN) (F(2, 11,997) = 15.67, p <
0.001). In sepsis treatment simulations, decision accuracy (DA) was 90.2%, compared with
94.8% (DDQN) and 94.3% (DQN) (F(2, 7997) = 13.89, p < 0.001).

Although the hybrid model exhibited a modest TCR reduction of = 4%, safety scores
improved markedly, achieving 95.8% (vehicles) and 92.5% (sepsis), surpassing baselines
by 3-3.4%. The error rate decreased by 15.3% (from 6.0% to 5.1%; t(19,999) =5.23, p <0.001),
while mean inference latency (42 ms) satisfied the sub-50 ms real-time requirement.

The mean squared Bellman error (MSBE) converged to 0.015 after 15,000 episodes,
confirming stable convergence and efficient policy optimization (Table 2; Figure 2).

Table 2. Model performance metrics for the 20242025 simulations. Abbreviations: DDQN = Dou-
ble-Deep Q-Network; DQN = Deep Q-Network; TCR = task-completion rate; SS = safety score; DA
= decision accuracy; ER = error rate; MSBE = mean squared Bellman error; P95 = 95th percentile

latency; d = Cohen’s d effect size.

Domain Metric Hybrid DRL DDQN DQN A (vs. DDQN) 95% CI/Effect Size (d) p-Value

Vehicles TCR (%) 91.9 96.2 958 4.3 95% CI [-4.9,-3.7]; d =0.84 <0.001
SS (%) 95.8 924 921 +3.4 95% CI [+2.8, +3.9]; d =0.78 <0.001
DA (%) 91.2 95.6 953 44 95% CI [-5.0, -3.8]; d =0.81 <0.001
ER (%) 49 5.8 6.0 -0.9 95% CI [-1.2,-0.6]; d =0.65 <0.001
Latency (ms) 42 — — — — —

Tail Latency (P95, ms) 48 -

0.015 0.012 0.013 +0.003 95% CI [+0.002, +0.004] 0.02

MSBE [

Sepsis TCR (%) 88.7 93.0 926 4.3 95% CI [-4.8,-3.8]; d =0.86 <0.001
SS (%) 92.5 894 89.1 +3.1 95% CI [+2.6, +3.7]; d =0.75 <0.001
DA (%) 90.2 948 943 46 95% CI [-5.2,-4.0]; d =0.88 <0.001
ER (%) 5.3 6.2 6.4 -0.9 95% CI [-1.3, -0.6]; d =0.68 <0.001
Latency (ms) 44 — — — — —

Tail Latency (P95, ms) 49 -

MSBE

0.018 0.014 0.015 +0.004 95% CI [+0.003, +0.005] 0.03
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Task Completion Rate Comparison (2024-2025)

mmm Hybrid DRL
N DDQN
= DON

Task Completion Rate (%)

Sepsis
Domain

Figure 2. Task-completion rate (TCR) comparison across autonomous vehicle and sepsis domains
(2024-2025). Abbreviations: DRL = Deep Reinforcement Learning; DDQN = Double-Deep Q-Net-
work; DQN = Deep Q-Network; TCR = task-completion rate. Error bars represent +SD.

Table 2 includes 95% confidence intervals and Cohen’s d effect sizes to highlight the
practical significance of observed differences in task performance and safety metrics. The
hybrid DRL model maintained a P95 latency of 4849 ms, confirming real-time stability
under load while preserving high safety scores and robust convergence.

The performance-explainability balance observed here aligns with trends in the XRL
literature, where integrating explainability mechanisms typically yields a 3-8% decrease
in completion rate but offers notable safety and transparency improvements
[2,17,21,25,28,29]. This confirms the framework’s ability to preserve functional perfor-
mance while embedding real-time explainability.

5.2. Sensitivity and Robustness Analyses

Sensitivity analyses (Figures 3-5) examined the framework’s stability with respect to
learning rate, attention-head configuration, and environmental noise. When the learning
rate (a) increased from 2.0 x 1075 to 5.0 x 105, TCR declined by =0.03% and error rate rose
by =0.02%, confirming a predictable inverse relationship between convergence speed and
stability (Figure 3).

Sensitivity to Learning Rate (2024-2025)

91.910 [- -5.1100
-5.1075
91.905 |-
- 5.1050
91.900 |- o\?
. -51025 &
o
2
6 91.895 [- -5.1000 G
.
= -5.0975
= —
91.890 AT
- 5.0950
01.885 -
- 5.0025
TCR (%)
91.880 |- Error Rate (%) - 5.0900
. i

. | I L .
2.0x107° 2.5%x107° 3.0x107° 3.5x107° 4.0x107° 4.5x107° 5.0x107°
Learning Rate

Figure 3. Sensitivity to learning rate (2024-2025). Abbreviation: TCR = task-completion rate.
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Sensitivity to Attention Heads (2024-2025)
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Figure 4. Sensitivity to attention heads (2024-2025).

Robustness to Noise (2024-2025)
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Figure 5. Robustness to noise (2024-2025). Abbreviations as in Figure 2; SS = safety score.

Varying the number of attention heads (8 — 18) improved comprehension level from
90% to 94%, though latency increased from 36 ms to 50 ms (Figure 4). This demonstrates
the explainability—speed trade-off that governs real-time explainability in DRL architec-
tures.

Noise-robustness evaluation (Figure 5) further validated the model’s resilience under
0-20% Gaussian perturbations. At the 20% noise level, hybrid model TCR decreased by
only 1.3%, compared to a 2.3% decline for DDQN and a safety score drop below 90%. The
attention mechanisms mitigated noise-induced degradation by =65%, outperforming
DDQN (45% mitigation).

Collectively, Figures 3-5 confirm the hybrid model’s robustness and reliability under
varying parameter and environmental conditions, maintaining real-time explainability
without compromising learning stability.

5.3. Computational Efficiency and Uncertainty

Despite integrating symbolic reasoning, multi-head attention, and LRP layers, the
hybrid DRL system remained computationally efficient. The architecture required only
1.5 GFLOPS per episode, representing a 20% overhead compared to DDQN (1.25
GFLOPS), while maintaining a mean inference latency of 42 ms, well below the 50 ms real-
time threshold (Figure 6).
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Computational Cost Comparison (2024-2025)
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Figure 6. Computational cost comparison (2024-2025). Abbreviations as in Figure 2; GFLOPS =
Giga Floating-Point Operations Per Second.

Training completed in 96 h on four NVIDIA RTX 4090 GPUs, compared with 80 h for
DDQON and 75 h for DON. This additional compute cost is considered acceptable given
the framework’s integrated explainability and significantly enhanced safety outcomes.

Under progressive uncertainty (5%, 10%, and 20% noise), TCR declined modestly (=
1-3%), while safety score remained above 92% across all conditions (F(2, 19,997) =11.23, p
<0.001). As shown in Figure 7, both TCR and SS degrade gracefully under noise, confirm-
ing operational stability and adaptive robustness.

Performance Under Uncertainty (2024-2025)

= TCR (%)

N§ \

Low (5\%) Medium (10\%) High (201%)
Uncertainty Level

7

80 1

=
3

Performance (%)
IS
8

Figure 7. Performance under uncertainty (2024-2025). Abbreviations as in Figure 2.

The results presented above demonstrate that the proposed hybrid DRL framework
effectively balances performance, safety, and explainability across both simulated do-
mains. While the inclusion of symbolic reasoning, multi-head attention, and LRP layers
introduced a modest computational over-head (*20%) and a minor reduction in task-com-
pletion rates (#4%), the system consistently delivered superior safety scores, lower error
rates, and sub-50 ms inference latency. The sensitivity and robustness analyses further
confirmed that these outcomes are stable under parameter variation and environmental
uncertainty, establishing the model’s scalability and reliability in safety-critical contexts.

Building on these quantitative findings, the next section provides a qualitative and
interpretive discussion of the model’s contributions, theoretical implications, and human-
Al interaction outcomes, linking empirical performance to the broader objectives of trust-
worthy and explainable reinforcement learning.
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6. Discussion and Human-AI Evaluation

Building on the quantitative findings presented in Section 5, this section interprets
the empirical outcomes in light of the study’s central objective, to develop a trustworthy
and explainable DRL framework for safety-critical applications such as healthcare and
autonomous systems. It connects performance, explainability, and human-centered met-
rics to provide a holistic interpretation of how the proposed hybrid DRL architecture ad-
vances current understanding in explainable reinforcement learning (XRL). Specifically,
the discussion addresses the following four interrelated dimensions:

1. Human-Al interaction and user trust outcomes;

2. Theoretical and architectural contributions to explainability;
3. Domain-specific and societal implications;

4. Methodological limitations and avenues for future research.

6.1. Human—AI Evaluation and User Trust Outcomes

The hybrid DRL framework produced substantial improvements in user trust, com-
prehension, and cognitive efficiency, validating the model’s capacity to enhance explain-
ability without degrading real-time performance. Table 3 summarizes quantitative re-
sults, while Figures 8-12 illustrate core human—Al interaction patterns.

Table 3. Human-Al interaction metrics (2024-2025). Abbreviations as in Table 2. Effect sizes (d) and
95% confidence intervals are reported for comparisons between the hybrid DRL and DDQN models.

Metric Hybrid DRL DDQN DQN A (vs. DDQN) 95% CI/Effect Size (d) p-Value
User Trust Score (1-7) 6.0 5.0 49 +1.0 95% CI [+0.8, +1.2]; d =1.05 <0.001
Comprehension Level (%) 91.3 65.7 65.2 +25.6 95% CI [+22.1,+29.0]; d =1.23  <0.001
Explanation Clarity (1-7) 6.1 4.8 4.7 +1.3 95% CI [+1.1, +1.5]; d =1.10 <0.001
Response Time (s) 29 3.7 3.8 -0.8 95% CI [-1.0, -0.6]; d = 0.97 <0.001
Cognitive Load (0-100) 56 68 69 -12 95% CI [-13.8,-10.2]; d =0.90  <0.001
Attention Efficiency (ms) 350 410 415 -60 95% CI [-68, —52]; d = 0.88 <0.001

Subgroup Response Time and Cognitive Load (2024-2025)

60 B Response Time (s)
N Cognitive Load (0-100)

50 o

40 4

o
/

10

clinicians Engineers
Group

Figure 8. User trust score distribution (2024-2025).



Mathematics 2025, 13, 3805 16 of 24

Comprehension and Response Time (2024-2025)
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Figure 9. Comprehension and response time (2024-2025). Abbreviations as in Figure 2.

Cognitive Load and Attention Efficiency (2024-2025)
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Figure 10. Cognitive load and attention efficiency (2024-2025). Abbreviations as in Figure 2.

Trust vs. Comprehension Correlation (2024-2025)
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Figure 11. User trust vs. comprehension correlation (2024-2025). Blue dots represent individual par-
ticipant data points, and the red line shows the fitted linear regression. R? = coefficient of determi-
nation correlation between comprehension level (%) and user trust score (1-7 Likert scale). The
strong positive relationship (R? = 0.94, p < 0.001, N = 120) demonstrates that higher comprehension
significantly enhances user trust.
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Response Time vs. Explanation Clarity (2024-2025)
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Figure 12. Response time vs. explanation clarity (2024-2025). Orange dots represent individual par-
ticipant data points, and the blue line shows the fitted linear regression. A weak negative correlation

(R2=0.09, p <0.05, N = 120) suggests that clearer explanations modestly reduce decision latency.

Table 3 presents the human—AlI interaction results, including 95% confidence inter-
vals and effect sizes (d) to quantify the magnitude of user trust and comprehension im-
provements. Across all metrics, large effects (d > 0.8) demonstrate substantial practical
gains in trust, clarity, and cognitive efficiency.

User trust increased by 19% (mean = 6.0/7), significantly outperforming DDQN
(5.0/7) and DQN (4.9/7) baselines (F(2117) = 16.89, p < 0.001). Comprehension reached
91.3%, representing a 25.6% improvement, accompanied by faster response times (2.9 s
vs. 3.7 s; 1(119) = 5.67, p < 0.001) and lower cognitive load (56 vs. 68; t(119) =5.23, p <0.001).
Attention efficiency improved by 60 ms (350 vs. 410 ms; t(119) =4.89, p <0.001), indicating
that users processed visual explanations more effectively.

As shown in Figure 11, user trust and comprehension exhibited a strong positive cor-
relation (R?=0.94, p <0.001), confirming that enhanced understanding directly fosters user
confidence. In contrast, Figure 12 shows a weak negative correlation (R? = 0.09) between
explanation clarity and response time, suggesting that clearer explanations accelerate de-
cision-making. An MANOVA across all human-centered variables confirmed significant
multivariate improvements (p < 0.001), reinforcing the model’s capability to deliver ex-
plainable, cognitively aligned Al behavior.

6.2. Explainability Contributions and Theoretical Significance

The ablation analysis (Figure 13) revealed the distinct functional impact of each ex-
plainability mechanism. Symbolic reasoning contributed 45% of comprehension gains,
achieving 90% rule accuracy (F(1119) = 10.23, p < 0.001). Multi-head attention improved
comprehension by 35% and raised user trust by 0.5 points, with 92% feature alignment to
human reasoning (F(1119) = 9.89, p < 0.001). Layer-wise Relevance Propagation (LRP) en-
hanced explanation clarity by 0.2 points and identified 89% of critical neurons (F(1119) =
9.45, p <0.001).
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Explainability Component Contributions (2024-2025)
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Figure 13. Explainability component contributions (2024-2025).

These findings substantiate that embedding explainability during learning, rather
than as a post hoc step, yields stable, transparent explainability without impairing accu-
racy or latency.

Theoretically, this demonstrates a viable “explainability-by-construction” paradigm,
addressing the long-standing trade-off between transparency and efficiency in XRL.

Unlike post hoc methods that introduce 100400 ms latency [17,24], the hybrid design
achieves sub-50 ms real-time explainability.

This scalability (IS = 108) and compliance with ISO/IEC 42001 and EU Al Act re-
quirements for explainability establish the framework as a reference model for deploya-
ble, auditable DRL systems [11].

6.3. Comparative and Domain-Specific Implications

The hybrid DRL framework showed strong cross-domain adaptability across
healthcare and autonomous control environments.

In healthcare, the model reduced treatment rejections by 25% and improved patient
outcomes by 8%, supporting the NHS 2025 Al adoption goal of 45% RL-based systems
[30].

In autonomous driving, the model’s 95.8% safety score corresponded to an 18% re-
duction in simulated accident rates, representing potential annual liability savings of GBP
4 billion [15].

These findings reinforce the model’s practical feasibility, as it consistently maintains
real-time explainability (<50 ms latency) and operational robustness under uncertainty,
key attributes of deployable Al systems in safety-critical environments. This performance
aligns conceptually with the feasibility principles outlined by Miuccio et al. [31], who pro-
posed a feasible multi-agent reinforcement learning (MARL) framework for wireless
MAC protocols that emphasizes communication-efficient coordination and practical de-
ployability under network constraints. Although their work addresses communication
feasibility rather than explicit real-time latency, it establishes a precedent for embedding
feasibility constraints directly within the learning process.

The proposed hybrid DRL framework extends this notion to dynamic, safety-critical
control domains, empirically demonstrating feasibility through low-latency explainable
operation and stable cross-domain convergence. Moreover, its feasibility is consistent
with other hybrid systems shown to balance explainability and performance, notably the
symbolic reasoning [32] and reinforcement learning-based optimization [33] approaches
that sustain real-time explainability and scalability. These complementary results further
reinforce the present study’s emphasis on feasible and trustworthy Al architectures.
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These results validate that embedding explainability directly within DRL training
enhances user trust and reduces operational risk while addressing broader regulatory and
economic requirements, including compliance with UNECE WP.29, ISO/IEC 42001, and
the EU AI Act for explainability and accountability.

As illustrated in Figures 14 and 15, clinicians reported higher user trust (11 vs. 10, p
=0.004) and comprehension (90% vs. 89%, p = 0.008), while engineers showed lower cog-
nitive load (53 vs. 59, p = 0.006) and faster response times (2.7 s vs. 3.1 s, p = 0.002).

These subgroup differences indicate that the explainability-by-design approach
adapts effectively to user expertise and task context.

Robustness to Noise (2024-2025)
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Figure 14. Subgroup user trust and comprehension (2024-2025). Abbreviations as in Figure 2.
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Figure 15. Subgroup response time and cognitive load (2024-2025).

Qualitative interviews (Figure 16) further revealed clear user preferences: decision
trees (88%) and attention heatmaps (82%) were favored for their transparency and intui-
tive design, whereas LRP heatmaps (12%) were considered too complex. This highlights
the importance of user-tailored explanation formats, reinforcing the human-centered de-
sign philosophy advocated by recent XAI frameworks [8,23,29].
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Figure 16. Explanation preference (2024-2025).

6.4. Limitations

Despite its strong empirical and theoretical outcomes, the study has several limita-

tions:

Simulation reliance: Synthetic datasets (CARLA, MIMIC-IV) may omit rare or ex-
treme cases (~5% of instances).

Sample scope: While statistically powered (=0.85), the 120-participant study limits
analysis by age or experience.

Hardware cost: GPU dependence (4x RTX 4090) increased computational cost by
~25%, constraining scalability.

Explanation complexity: 15% of non-technical users found LRP outputs less intuitive,
requiring extra training.

Simplification risk: Decision trees oversimplified ~3% of high-dimensional cases.
Latency outliers: 1.5% of scenarios exceeded the 50 ms real-time threshold.
Attention variability: +10% individual variation in gaze tracking affected reproduci-
bility of attention metrics.

These limitations delineate the study’s generalizability boundaries and identify areas

for methodological refinement in future research.

6.5. Future Work

Future research should extend this work along several strategic directions:

Integrate causal inference to capture inter-feature dependencies and improve expla-
nation depth [2].

Conduct real-world trials in hospitals and autonomous fleets to validate generaliza-
bility [16].

Explore multi-agent reinforcement learning (MARL) for cooperative decision-mak-
ing in complex systems [27].

Optimize edge deployment (e.g., NVIDIA Jetson) to maintain latency <30 ms in low-
power environments [4].

Expand participant diversity, including broader demographics and cultural back-
grounds [23].

Model continuous action spaces for finer medical and robotic control [34].

Use GAN-based simulations to generate rare edge cases and improve robustness [35].
Collectively, these directions will reinforce the link between algorithmic transpar-

ency and human trust, ensuring that next-generation DRL systems operate ethically, ro-

bustly, and in real time across safety-critical sectors.
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6.6. Summary of Key Insights

The findings confirm that embedding explainability directly into the learning pro-
cess, through the integration of symbolic reasoning, multi-head attention, and Layer-wise
Relevance Propagation (LRP), can deliver real-time, transparent decision-making without
materially compromising DRL performance.

The hybrid framework consistently improved user trust, comprehension, and cogni-
tive efficiency, achieving reliable explanations within the sub-50 ms latency threshold re-
quired for safety-critical operation.

These results validate the study’s central premise that explainability-by-construction
provides a more stable and scalable alternative to traditional post hoc interpretation meth-
ods.

Moreover, the model’s robustness across healthcare and autonomous control do-
mains demonstrates that explainable reinforcement learning can satisfy emerging govern-
ance and regulatory standards such as ISO/IEC 42001 and the EU AI Act.

In summary, the proposed framework establishes a theoretically grounded and prac-
tically deployable approach to trustworthy DRL, advancing the broader objective of align-
ing autonomous intelligence with human explainability and accountability.

7. Conclusions and Practical Takeaways

This study presented a hybrid DRL framework that integrates real-time explainabil-
ity through symbolic reasoning, multi-head self-attention, and Layer-wise Relevance
Propagation (LRP). Across 20,000 simulated episodes, the model achieved a 91.9% task-
completion rate, a 19% increase in user trust, and a 15% reduction in error rate. Although
a modest =4% performance trade-off was observed, the framework substantially im-
proved transparency, accountability, and reliability, directly addressing critical safety and
explainability challenges in high-stakes environments.

The embedded explainability mechanisms generated interpretable, human-aligned
decision logic. Symbolic reasoning contributed roughly 45% to comprehension gains, self-
attention achieved 92% feature alignment, and LRP correctly identified 89% of key neural
activations. Collectively, these elements enhanced comprehension by 25%, lowered cog-
nitive load, shortened response time, and increased attentional efficiency, confirming the
effectiveness of the explainability-by-construction paradigm rather than post hoc inter-
pretation.

In autonomous vehicle and clinical decision support settings, the hybrid framework
produced tangible safety and performance gains, an 18% reduction in simulated accidents
and an 8% improvement in patient outcomes, while maintaining real-time inference la-
tency of 42 ms and explanation delivery under 50 ms in 98.5% of cases. These results
demonstrate the framework’s suitability for resource-constrained edge deployment and
compliance with emerging standards, including ISO/IEC 42001 and the EU AI Act.

Despite promising outcomes, limitations remain. The reliance on simulated datasets
and a moderate sample size (N = 120) constrains external generalizability. Furthermore,
the model’s GPU requirements and occasional explainability challenges for non-technical
users highlight the need for further optimization.

Future research should extend validation to real-world trials in clinical and autono-
mous system contexts, integrate causal reasoning to enrich explanation depth, and opti-
mize deployment on low-power hardware such as NVIDIA Jetson platforms. These steps
aim to achieve full operational readiness by 2026 and advance the goal of trustworthy,
explainable DRL in dynamic, safety-critical applications.

In summary, this work demonstrates that hybrid explainability architectures are both
technically feasible and operationally necessary for building accountable, human-aligned
Al systems. The key takeaways are as follows:
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e  Real-time explainability (<50 ms latency) scalable to edge devices.

e Balanced trade-off (~4% performance loss) offset by +19% user trust and —15% error
rate.

e High domain impact: -18% accidents (autonomous vehicles) and +8% patient out-
comes (sepsis).

e  Symbolic reasoning, attention, and LRP jointly improved comprehension (+25%) and
reduced cognitive load.

e C(Clear pathway to large-scale deployment by 2026 under established regulatory
frameworks.
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