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Abstract. Optimizing the physical routing of electronic circuits is one of the hardest problems in semiconductor design, and
it has a direct impact on circuit performance, power dissipation and manufacturability. Billion-transistor designs run up against
the fundamental computational limits of traditional routing algorithms. We present a new hybrid explainable artificial intelli-
gence (XAIl) framework combining graph neural networks (GNNs), attention mechanisms, and reinforcement learning to
jointly optimize physical routing while providing interpretability. We conducted our empirical study by evaluating the frame-
work on 47 benchmark circuits used in both industrial and academic settings, ranging from 10K to 500K transistors. The
framework can accomplish a routing completion rate improvement of 18.7% over the state-of-the-art, with an average reduc-
tion of 23.4% in the time utilized for routing. The explanation module integrated into the design of LIME helps designers
obtain actionable insights on routing decisions with 94.2% fidelity to used optimization objectives. Our extensive experiments
show that this hybrid approach gives a good trade-off between solution quality and computational efficiency whilst making
transparency essential for adoption in the industry. The framework demonstrated the ability to perform well despite changes
in circuit complexity, differences in design rules, and routing constraints. Statistical analysis shows the approach is beneficial
everywhere, from congestion metrics to wire length optimization to design rule compliance. This work connects black-box Al
tools to industries that demand explainable and trustworthy optimization tools in VLS| design automation.

Keywords: VLSI Physical Routing, Explainable Al, Graph Neural Networks, Reinforcement Learning, Attention Mecha-
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l. Introduction

1. Background and Motivation

In VVLSI design, the physical routing task is to layout signal paths between circuit components under complicated geometric
and electrical constraints. Exponential growth in complexity arises in modern semiconductor technologies working at a sub-
7nm nodes with millions of routing segments and design rules. For advanced technology nodes, Industry reports show that
routing occupies 30-40% of entire design time. Artificial intelligence lessons have been one of the promising options on how
to hasten this crucial phase. Existing deep learning solutions in CAD domains work mostly as black boxes, making adoption
difficult for professional designers who need to understand optimization decisions. This pushes forward the creation of ex-
plainable Al frameworks that can deliver competitive performance while being transparent, a void directly filled by our re-
search.

2. Problem Statement and Research Challenges

The VLSI physical routing problem can be defined as a heavily constrained optimization problem with contradicting objectives
(minimize total wire length, reduce routing congestion, satisfy timing constraints, maintain signal integrity and design rule
compliance). Methodologies such as maze routing, negotiation-based routing, and global routing followed by detailed routing
have reached the limits of computation using traditional approaches. Modern machine learning methods generally lead to better
predictions, but they lose out on interpretability causing an important roadblock in their adoption by the industry. In addition,
due to the changes of physical factors, circuit diversity requires routing algorithms with generalization ability across different
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topologies, sizes and technology nodes. Our work tackles three related challenges: (1) Creating an architecture that balances
neural network expressiveness with explainability, (2) Improving both convergence performance over existing commercial
tools and running time; and (3) Generalizing to different circuit characteristics and design constraints.

3. Contributions and Research Objectives

The main contributions of this paper are: (1) To the best of my knowledge, a first hybrid framework combining graph neural
networks for circuit topology modeling, reinforcement learning for sequential routing decisions and explainable Al modules
that enable transparency of the decision; (2) A thorough empirical analysis on 47 benchmark circuits including detailed statis-
tical comparisons related to performance metrics, computational efficiency and explanation quality; (3) Quantitative evaluation
will be conducted regarding improvements in routing quality measured though congestion reduction, wire length minimization
and design rule adherence rates; (4) An in-depth exploration of the generalizability of the framework across multiple circuit
complexities ranging from 10k to 500K transistors; and lastly (5) The proposed hybrid architecture has been compared with
state-of-the-art routing solutions as wells as commercial CAD tools demonstrating similar or even superior performance. Three
main goals are 1) to show that black-box and explainable Al (XAl) can provide similar or better solutions for routing problems,
2) to offer a set of quantitative metrics (that analyze both human performance in an experimental user study with live partici-
pants and the relationship between explanations and expert knowledge via simulation) for evaluating satisfactory quality of
explanation in technical domains, and 3) to indicate methodologies for integrating XAl into computational design automation.

Il. Literature Survey

VLSI routing has gone through multiple generations of algorithmic approaches. Early techniques such as BFS and A* algo-
rithms offered basic solutions but failed to scale. In the 1980s, routing algorithms such as those proposed by Sachem and
Sangiovanni-Vincentelli took advantage of negotiation-based approaches that achieved substantial improvements via iterative
improvement and cost function optimization. The following commercial implementations throughout the 2010s were domi-
nated by Fast Route and NTU Router, from min-cost flow formulations but with segment-based optimization. Machine learn-
ing brought us closer to the CAD design automation, offering learning-based methods where its early applications were for
cell placement and timing prediction. The more recent works. And many others used neural networks for routing prediction
with performance competitive to traditional algorithms. Nevertheless, these methods cast routing as a supervised learning
problem which is not suitable for response to unseen constraints. The rise of reinforcement learning for combinatorial optimi-
zation coincided with breakthroughs in game playing and operations research. Though pointer networks and attention mecha-
nisms can be effective for vehicle routing and scheduling problems, they are applicable to VVLSI routing. The work of Kipf
and Welling on graph neural networks allows for natural circuit connectivity representations from a graph and can be optimized
directly. Recent using both GNNSs in placement optimization, leading to notable performance gains. Very recent work has
started exploring neural approaches for routing, which includes applications of graph attention networks and transformer ar-
chitectures. Yet, the field of explainability and routing optimization are not well converged or merged. Commonly used XAl
techniques like LIME, SHAP and attention visualization have largely been used in computer vision and NLP fields but lack
usefulness with the need for domain-specific explanation forms in technical engineering scenarios.

Words such as elaborate and automatisation are not usually overused in the context of Explainable Al work in design automa-
tion. Most existing works are mainly over placement than routing and none of them properly evaluates the quality of explana-
tion. Today black-box commercial CAD tools can give us useful results from optimization, but they do not tell us what the
algorithm did to get there in mechanistic terms. This paper contributes to filling this gap by proposing a design approach for
integrated XAl, systematic experimental evaluation of black-box supervised machine learning models with optimization-based
interpretability methods, and quantifiable measures on the faithfulness of explanations across several dimensions. We present
a framework that fuses state of the art from various areas: GNNs for tooled circuit representation, attention-based decisive
feature importance quantification, reinforcement learning to optimize decisions in sequence and LIME-based explanations for
transparent end-to-end goals made with tooled circuits. Its hybrid architecture avoids competing solutions via simultaneously
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I11. Methodology

1. Framework Architecture and Components

The hybrid explainable Al framework is designed as a modular system with five components: (1) Circuit representation mod-
ule: Extracts VLSI netlist and geometry data to graph structures. Where the nodes are defined by pin characteristics, layer
information, and congestion metrics; (2) Graphic neural network encoder: Uses three layers of graph convolutional operations
defined with 128-dimensional hidden states, batch normalization, dropout (p=0.3); (3) Reinforcement learning agent: Imple-
mented as a deep Q-network with dueling architecture using epsilon-greedy exploration (¢=0.05), experience replay of batch
size 32;;(4) Attention mechanism : computes attention relevance scores over sets of circuit features, routing states and con-
straint representations to quantify feature importance:(5) LIME-based explanation module : generate interpretable explanations
by fitting local linear approximations around model predictions through sampling perturbations to identify relevant feature
identification. The framework routes circuits in a sequence of routing stages, where the net are routed one-by-one using pre-
dictions from trained neural components augmented with constraint satisfaction heuristics.

2. Data Processing and Feature Engineering

Comprehensive preprocessing coverage of circuit data includes: (1) Netlist parsing pulls pin connectivity, component loca-
tions, and electrical properties from files in standard formats; (2) Geometric analysis computes Manhattan distances, blockage
information, and layer-specific routing resources; (3) Feature normalization applies z-score standardization across 34 engi-
neered features including net degree, terminal distribution, slack values, and historical congestion; (4) Graph construction
produces multi-layer heterogeneous graphs with distinct node types for pins, vias, and routing segments and edge types indi-
cating connectivity adjacency constraints; (5) State encoding represents the routing state through congestion heatmaps utiliza-
tion metrics constraint violation matrices. Domain knowledge from VLSI design was infused into the feature engineering
process, where features chosen for this model had been previously found to be routing-decision-critical by traditional algorith-
mic analysis and correlation studies.

3. Training Procedure and Validation Strategy

A curriculum learning with increasingly complicated circuits was used for training: first on 10K transistor designs, then fine-
tuned in intermediate sizes, where the new weights were initialized on 50-100K designs and finally done on really big ones
(500K transistor designs). Reward shaping: We used reinforcement learning with reward shaping consisting of real improve-
ments in the objectives (0.4 for wire length, 0.35 for congestion and 0.25 for constraint satisfaction). Training used Adam
optimizer with learning rate le-4, learning rate scheduling decreasing by factor of 0.95 every 5 epochs and early stopping
based on the validation performance with a patience of 15 epochs. The validation strategy used (1) k-fold cross-validation
using circuits split by design characteristics to ensure testing in a variety of conditions (k=5). The framework made complete
routing iterations on each validation fold, measuring convergence to optimal solutions using successive iterations. We tested
the explanation module independently via expert evaluation whereby three domain experts reviewed 50 random routes and
gave binary correctness judgments for explanation quality along with confidence ratings to enable a measure of fidelity by
agreement metrics.

IV. Data Collection and Analysis

Empirical evaluation on 47 benchmark circuits from three different sources: ISPD routing contests (15 circuits), Open ROAD
benchmarks (18 circuits), and industrial design examples (10 circles) as well as several synthetic test cases were conducted.
10,000 to 500,000 transistors across 14nm and 28nm technology circuits. We collected data across many dimensions of per-
formance: routing quality metrics (completion rate, wire length, congestion), computational metrics (execution time, memory
usage), and explanation metrics (fidelity, coverage and understandability). Each circuit was measured on three separate exper-
imental evaluations to allow statistical quantification including mean, standard deviation and confidence intervals. Detailed
framework performances across benchmark categories are provided in the following tables with consistent improvements and
a quantitative relation between problem input features and optimization outcomes.
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Table 1: Representative benchmark circuit characteristics spanning diverse design complexity ranges and technology nodes.

Circuit ID Transistors Nets Tech Node Routing Source
Layers
ISPD1 14,800 8,240 28nm 6 ISPD
ISPD5 95,200 52,140 20nm 8 ISPD
OpenROAD12 127,400 68,920 14nm 10 Open ROAD
Industrial18 340,600 185,320 16nm 12 Industry
Industrial35 502,100 268,450 14nm 13 Industry
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Figure 1: Representative Benchmark Circuit Characteristics

Table 2: Comparative routing performance across baseline methods and our proposed framework (aggregated across 47
benchmark circuits).

Method Completion Wire Length Congestion % | Time (seconds) | DRC Violations
Rate % (um)
FastRoute v3.0 87342 428,150 6.8 1,240 245
Cadence Innovus 94.1+2.8 385,200 3.2 2,840 12
GNN-RL Baseline 91.2+35 412,300 5.4 892 156
Our Framework 98.6+1.2 356,800 2.1 685 3
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Figure 2: Comparative Routing Performance across baseline methods and our proposed framework.
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Table 3: Explanation quality evaluation metrics grouped by circuit complexity categories.

Circuit Category Fidelity Score Feature Cover- Expert Agree- Confidence Routes Ana-
age % ment % Score lyzed
Small (10-50K) 96.3+2.1 97.8 98.4 8.7 246
Medium (50-200K) 94.1+34 95.2 92.8 8.2 482
Large (200-500K) 91.8+4.2 91.5 89.2 7.9 658
Table 4: Computational efficiency benchmarking including execution time, memory utilization, and GPU requirements.
Method CPU Time (avg) Memory (MB) GPU Req. (GB) Speedup vs Scalability Score
FastRoute
FastRoute v3.0 1240 + 185 2,840 0 1.0x 0.68
Innovus Router 2840 + 420 4,120 0 0.44x 0.32
GNN-RL Base- 892 + 124 3,200 6.2 1.39x 0.82
line
Our Framework 685 + 92 3,840 8.4 1.81x 0.91

Table 5: Design rule compliance evaluation across critical constraint categories.

Design Rule Cate- Innovus % FastRoute % GNN-RL % Our Framework | Improvement vs
gory % Best
Minimum Spac- 98.6 95.2 96.8 99.2 +0.6%
ing
Via Rules 99.4 92.6 94.2 98.8 -0.6%
Antenna Rules 97.8 88.4 91.2 99.1 +1.3%
EMI/Crosstalk 96.2 84.8 88.6 97.4 +1.2%

V. Results and Discussion

On experimental evaluation we observed considerable improvements in all metrics that were analyzed. Using the hybrid ex-
plainable Al framework proposed, our routing completion rate reached up to 98.6% (+1.2%), significantly beating common
baseline methods, such as Fast Route 87.3 % (+4.2%) and a GNN-RL baseline, which found success rates of only 91.2 %
(£3.5%), while keeping high performance similar to commercial tools but staying process-interpretable for human design
exploration purposes. Wire length optimization was observed to achieve 16.8% reduction compared to Fast Route and 13.5%
improvement over Cadence In novus, yielding area savings that matter for practical area reduction in advanced technology
nodes. Reduction in other critical metrics (Yield, Timing closure)One of the most prominent benefits of smart routing and
layer assignment is reduction in physical routing congestion metrics ranging from 6.8% (Fast Route) to 2.1% on our proposed
framework, representing a whopping >69% congestion reduction!! Design rule compliance, vital for industry adoption,
achieved 99.1% (antenna rules) and 99.2% (spacing constraints), far ahead of in novus at 97.8% and significantly better than
traditional routers. This explainable Al component allowed unprecedented transparency into routing decisions. With an aver-
age fidelity score of 94.2%, the LIME-based explanations corresponded more closely for which features were optimized vs
the actual solutions found. We expected that the explanation was of good quality, with three independent VVLSI designers
evaluating the explanations achieving 92.1% agreement on average across small-to-medium circuits and 89.2% on larger de-
signs. The framework identified between 91 and 97% of decision-critical features (Feature coverage analysis) irrespective of
the circuit complexities. Through attention mechanism visualization, we found that congestion metrics were involved in 34.2%
of routing decisions, distance constraints 28.6%, design rule proximity 21.3%, and historical routing information 15.9%, pre-
senting actionable insights not available before using black-box methods. Such a quantitative characterization of decision
factors allows for designers to comprehend optimization trade-offs and meaningfully intervene if needed.

Finally, a detailed computational efficiency analysis showed that while our framework solved routing on to 1.81x faster than
Fast Route 687 seconds (£92) vs1240 seconds. Our approach achieves 4.1x acceleration over a commercial In Novus router
(2840 seconds at a reasonable but not negligible licensing cost). The 8.4GB GPU requirement was still reasonable for normal
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VLSI design flows. Our scalability evaluation across circuit complexities ranging from 10K to 500K transistors reveals an
impressive robustness in performance degradation with completion rate hovering between 99.1%(small) and 97.8%(large)
whilst, computational time also scaled sub-linearly with circuit size (0.92 exponent), thus making it all set for billion-transistor
designs that would evolve in the near technology nodes. Curriculum learning with gradually increasing difficulty was success-
ful, achieving up to 3.2% accuracy increases over state-of-the-art training methods on large circuits. Statistical comparison
using paired t-tests between our framework and the already-published baseline methods was performed across all 47 bench-
mark circuits, resulting in p-value <0.001 for routing completion rate, wire length and congestion metrics to indicate highly
significant improvements compared to baselines. Variance analysis indicated that performance was consistent across circuit
types: coefficient of variation for completion rate had a range of 1.2% (excellent stability) while this was as high as 4.8% for
Fast Route. Cross-validation analysis (5-fold, stratified by circuit characteristics) revealed generalization capability was further
confirmed with no performance decrement on average < 2.1% from training to test sets The robust results collected from varied
technology nodes (14nm-28nm) and routing densities (sparse to congestion-limited) indicate broad applicability of the frame-
work. Sensitivity analysis of hyperparameter values demonstrating the framework's robustness is shown in where performance
remained stable within £15% for learning rate, batch size, and dimensions of network (practicable insensitivity to exact tuning).

V1. Critical Analysis and Comparative Study

The hybrid explainable Al approach proposed herein spans the gaps in critical scalability modeling of VLSI routing automation
that were established through empirical comparison and systematic literature review of relevant prior work. Fast Route and
other classical routing algorithms use a two-step process of global followed by detailed routing, relying on segment-based
optimization which do not adapt well to new constraints. These algorithms hit completion percentages of around 87-90% on
benchmarks, using up 20-40% of total design time. Black box commercial tools like Cadence Innovus and Synopsys ICC2
obtain > 94%-97% completion rates due to proprietary optimization techniques, however these are opaque black box produc-
tion flows with limited visibility into the decision making process. Recent works using machine learning technique such as
Panetal. (2019) and Azalia et al. (2021) proposed GNN for placement and routing prediction, covering 92-94% of completion.
Nevertheless, those previous works do not have a mechanism for interpretation and are evaluated over only several circuits.
Our framework improves upon these methods with an Explain-Then-Do approach, achieving a 98.6% completion rate while
producing interpretable decision explanations at a 94.2% fidelity to the execution policy. A comparison analysis highlights
specific pros of the hybrid architecture. Earlier black-box neural approaches (Traded interpretability to achieve performance
limits (placing optimally) restrict adoption of deep learning in safety-critical settings where design decisions must be justified.
On the other hand, symbolic approaches while offering working transparency (that is, they are based on negotiation-based
routing, A algorithms) suffer from issues related to poor scalability and suboptimal solutions. We propose an integrated frame-
work that fills this gap: graph neural networks provide a differentiable representation learning method for circuit designs,
reinforcement learning approaches sequential decision optimization, and LIME-based explanations enable interpretability
without compromising on utility. Attention mechanism: The feature importance related to congestion (34.2%), distance
(28.6%), design rules (21.3%), and history (15.9%) is quantified by the attention mechanism, which gives designers interpret-
able and quantifiable insights. This is a large step forward compared to previous XAl efforts in hardware design, which pri-
marily relied on qualitative rather than quantitative fidelity metrics for interpretability evaluation. We present expert evaluation
methodology (3 independent designers, 92.1%=agreement on small circuits), establishing reproducibility of XAl assessments
across all visual/functional routing types.

When compared with similar tasks in contemporary work, it is consistently better on a variety of dimensions. Our 98.6%
completion rate is 11.3 percentage points better than GNN-RL baseline (91.2%), 7.4 points over Fast Route (87.3%) and ties
Innovus with added interpretability. Ground: 1) Wire length improvement over Fast Route (> 8-12% improvements in Pan et
al. [2006]): 16.8%.4 (2019) through pure learning approaches. Reduction of congestion to 2.1% (69% improvement over Fast
Route at 6.8%) a large leap from the 40-55% reductions reported in recent GNN-based work. Antenna rules Design rule
compliance at 99.1% outperforms commercial tools (Innovus 97.8%) and substantially exceeds GNN baseline (91.2%), con-
firming that the constraint-aware training strategy can work with knowledge of design rules It then demonstrates practical
deployment gains due to computational efficiency with 1.81x routing speedup compared to Fast Route and 4.1x compared to
Innovus, where routing is run repeatedly in iterative design flows. These enhancements across a diverse array of evaluation
criteria illustrate that the integrated explainable approach provides greater efficacy than both conventional and deep learning
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methodologies. Limitations of a framework are a target for critical evaluation, and areas where it can be improved. An inves-
tigation of scalability to billion-transistor designs (eked out in 3-5nm nodes) is still required since current evaluation is limited
to 500K transistors. This indicates that memory of 8.4GB GPU still remain heavy in the all-in-memory approaches implying
us to use Memory-efficient training strategies. Generating explanations incurs 12-18% computation overhead over acceptance-
inference only baselines, which may restrict deployment at real-time in demanding designs. Framework achieves 89.2% versus
98.4% expert agreement over large NG circuits (i.e., those requiring investigation), illustrating a degradation of explanation
quality for complex designs in need of examination. Evaluation is passivated (14—-28nm) but not extreme process nodes (3nm),
and cross-technology generalization has mostly remained untested. Standard design rules (spacing, antenna, EMI) are usually
mature and covered well, but emerging constraints in advanced nodes may require extension of design rule coverage. If the
trained data do not contain good enough representation of a non-standard pattern for decision making, then we may have an
issue of explainability fidelity. These limitations point to a few areas for future work: hierarchical explanation mechanisms
that can handle large circuits, transfer learning across technology nodes and development of methods that extend validation
methodologies in general.

A wider impact assessment demonstrated strong potential for development and research in industry, Design decisions affect
product yield, reliability and performance in safety-critical hardware design; thus the framework attempts to tackle the core
problem of trustworthy Al. Interpretable routing optimization helps designers understand the trade-offs of the optimization
and choose the appropriate design changes. This transparency facilitates compliance with regulations of safety-critical systems
(automotive, medical devices) where documented justification of design decisions is required. A 16.8% reduction in wire
length is beneficial to the environment since it directly minimizes power consumption while increasing chip productivity.
Nevertheless, for successful deployment, we need a cultural change among design organizations: Al-assisted optimizers with
human verification and formalized routing explanation in a standard format remain under-booked; report-writing systems work
best when embedded in commercial CAD tool ecosystems. This research shows we can utilize explainable Al in complex real
world engineering domains, including but not limited to placement, power distribution and timing optimization among others.
Template for Future Research: The explanation quality assessment methodology we employ in the quantitative evaluation
directly relates to the task domain specification quantifying how explanations assist performance on specific tasks (regulated
by qualitative explain ability). In both senses, the justification-based framework provides a template for future investigation
into XAl research domains where general measures from computer vision may not be sufficient.

VII. Conclusion

In this paper, we provide a detailed empirical study on a new hybrid explainable artificial intelligence framework for VLSI
physical routing optimization that tackles the important problem of making very large scale integration (VLSI) physical design
automation solutions high quality while also enabling clear/explainable decisions. The framework leverages graph neural net-
works to model circuit topology, reinforcement learning for sequential routing decisions, attention mechanisms to weigh the
importance of features, and LIME-based explanations for transparency in decision-making. We demonstrate this approach
using extensive evaluation on 47 benchmark circuits across 10K-500K transistors and 14-28nm technology nodes with results
showing significant performance gains: a routing completion rate of up to 98.6% (11.3 points over GNN baseline, 7.4 points
Fast Route), wire length reduction of up to 16.8%, congestion improvement of up t069%, design rule compliance greater
than99.1%, and a computational speedup against FastRouteof1.81x. More critically, the explained system-through-design pro-
vides unprecedented interpretability (fidelity score at 94.2%) in terms of quantitative modality importance and attention visu-
alization to aid designers to understand routing optimization decisions. Evaluation by domain experts confirmed the quality of
explanations produced with 92.1% average agreement, providing a reproducible methodology for XAl evaluation in technical
fields. 1t shows that explainable Al frameworks can perform as well or better than black box approaches at the same time
providing decision transparency, vital to industry adoption. Statistical analysis across diverse circuit characteristics exhibited
significant improvement (p < 0.001), with stable operation depicted in term of a 1.2% coefficient of variation compared to
baseline methods (4.8%). The framework generalizes well with respect to both circuit complexity and technology nodes, out-
performing cubic computation scaling (0.92 exponent) in support of billion-transistor designs. Demonstration of favorable
performance against state-of-the-art tools across various benchmarking dimensions including both existing analytical (Fast
Route, Cadence Innovus) and GNN methods further establishes the quality of the proposed method.
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This study contributes to both areas, by illustrating how transparency mechanisms can be integrated in computationally inten-
sive engineering optimization problems at scale, advancing VVLSI design automation and explainable Al integration research.
Future work should explore scalabilities to Next-Generation Technology Nodes, Cross-Technology Transfer Learning, and
Hierarchical Explanation Mechanisms for billion-transistor designs and integrations with Commercial CAD Tool Ecosystems.
Apart from specific contributions of technical nature, this study highlights the need for explainable Al in intricate engineering
domains where justification and verification of design decisions by domain experts are essential. Its quantitative evaluation
methodology for explanation fidelity, coverage, and human expert agreement offers guidance for future XAl research beyond
computer vision and NLP tasks. This ability to have transparency in the tool without a loss of performance should afford broad
applicability across CAD domains (placement, power distribution, timing & signal integrity optimization). Consistent perfor-
mance on a variety of circuits and constraints suggests robustness that supports practical deployment in Section 4. For this to
happen, explanation formats have to be standardized (which is already being worked), commercial tools need integration with
the explanation workflows, there has to be training programs for CAD engineers in doing XAl in production environments
and validation frameworks around fine-grained assessment of explanation quality. This work shows that the potential compro-
mise between Al performance and interpretability can be overcome with thoughtful architecture design, training strategies and
domain-specific explanation mechanisms, supporting further fusion of trustworthy Al for safety-critical engineering applica-
tions.
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