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ARTICLE INFO ABSTRACT

Keywords: The rapid deployment of artificial intelligence (AI) in real-world pipelines has made explainable decision-
Explainable Al making a core requirement for validation, auditing, and responsible use. This survey reviews explainable Al
Benchmark analysis (XAI) methods, with attention to deployable systems, across seven domains: computer vision (CV), natural lan-

Feature attribution
Performance diagnostics
Robustness assessment
Computational efficiency
Interpretability methods

guage processing, tabular data, time series, graphs, reinforcement learning, and recommendation systems. To
strengthen practical transparency for advanced deep models for visual intelligence, we synthesize evidence on
visual interpretability, characterizing where models attend, how features are integrated across modalities, and
how representations evolve across hierarchies. Guided by PRISMA-S search principles, we conducted a docu-
mented multi-library search across six source categories and applied explicit inclusion and exclusion criteria to
assemble the literature analyzed here. The survey covers 189 works from 2014 to 2026, with primary synthesis
drawn from the 2020 to 2026 period and foundational pre-2020 methods retained where they remain standard
tools. We organize methods into seven families and, for CV, systematically catalog representative techniques by
mechanism, model access, explanation output, and evaluation protocol. Across families, we discuss faithfulness,
robustness, and computational cost, emphasizing the balance between efficiency and fidelity that governs prac-
tical deployment. To ground the visual interpretability analysis in a concrete system, we apply three established
visualization techniques to our lightweight RGB-D saliency detection network (LiSalNet), producing Grad-CAM
localization maps, multimodal fusion impact maps, and multiscale hierarchical visualizations with channel ac-
tivation statistics that reveal how cross-modal evidence and semantic abstraction emerge across network depth.
Evidence from human studies is summarized to characterize reported effects on trust, reliance, task accuracy,
and cognitive load.

1. Introduction generate visual or token-level importance maps indicating which im-
age regions, words, or features most influence a model decision [9,10].
Local surrogate approaches, such as LIME, approximate the behaviour of
a complex model around a specific instance using a simpler interpretable
model [11]. Counterfactual explanations identify minimal and feasible
input changes that would alter the prediction of the model towards a
desired outcome [12,13]. Concept-based methods map internal repre-
sentations to human-understandable concepts and measure a model’s
sensitivity to those concepts [14]. Prototype-based models explain pre-
dictions by comparing an input with learned representative examples or

Explainable Artificial Intelligence (XAI) refers to a set of methods
and evaluation practices that make model behaviour more understand-
able, testable, and actionable for human stakeholders [1]. XAI methods
are commonly grouped into feature attribution, saliency based visual-
ization, local surrogate modeling, counterfactual explanation, concept
based analysis, and prototype or case based reasoning [2-6]. Feature
attribution methods estimate the contribution of input variables to a
prediction using gradient based or game theoretic principles, as demon-
strated by Integrated Gradients and SHAP [7,8]. Saliency methods
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parts [15-17]. Although these methods share the general goal of improv-
ing transparency, they differ substantially in faithfulness, robustness,
human usefulness, and computational cost.

This review covers XAl research published between 2020 and 2026,
the period during which the field moved from method proposals to-
ward evaluation, benchmarking, and deployment-oriented analyses. The
review spans seven domains: computer vision (CV), natural language
processing, tabular data, time series, graph learning, reinforcement
learning, and recommendation systems, with a primary technical focus
on CV given the maturity and diversity of XAI work in that domain.
Multimodal and vision-language models are discussed, which introduce
distinct explainability challenges such as cross-modal attribution and at-
tention propagation [18,19]. The survey uses consistent terminology for
explanation quality following earlier calls for a more rigorous science
of interpretable machine learning [20-23]. Faithfulness refers to the ex-
tent to which an explanation reflects the model’s actual decision process,
while robustness refers to its stability under input perturbations, random
initialization, sampling variation, or distribution shift [21-23].

Despite rapid progress, XAl research faces persistent unresolved chal-
lenges. Early surveys mapped the opportunities and open problems that
continue to shape the field [24]. Studies often use different definitions,
datasets, perturbation rules, and evaluation metrics, making results
difficult to compare across methods and domains [3,5,21]. Many meth-
ods are still assessed through visual inspection or isolated case studies
rather than rigorous quantitative tests, and the lack of agreed eval-
uation metrics remains a central obstacle [20,22,25]. Gradient-based
and perturbation-based methods remain sensitive to baseline selection,
masking strategy, and small input changes [26-28]. Prototype-based
and concept-based models offer more interpretable structures, but their
alignment with human reasoning requires systematic validation [15,17].
High-stakes applications may require models that are interpretable by
design rather than relying solely on post hoc explanations [29]. Toolkits
such as Quantus and OpenXAI have begun to standardize evaluation,
yet they reveal that explanation rankings vary widely across metrics and
experimental settings [23,30]. These limitations motivate a review link-
ing XAI method families to evaluation protocols, application domains,
human evidence, and practical deployment constraints.

1.1. Motivation and gaps

Practitioners across roles depend on explanations for different pur-
poses. Researchers use them to troubleshoot models and validate be-
haviour. Engineers identify spurious signals and address biases. Auditors
verify compliance and discover risk exposures. Domain experts need to
trust predictions that guide medical care, financial decisions, or resource
allocation [31]. Despite the breadth of available XAI methods, current
literature shows four recurring gaps.

Evaluation inconsistency. Attribution results vary widely with
baseline and path sampling choices, and Shapley values are computa-
tionally expensive for large models [7,8]. Local surrogates are sensitive
to sampling and neighborhood definitions, producing contradictory ex-
planations [11]. Saliency maps can appear convincing while being
independent of model weights, as sanity checks confirm [26]. Concept
definitions and proxies may not align with user understanding [14], and
counterfactual methods must balance feasibility, proximity, and fairness
[12]. Surveys consistently highlight a lack of consensus on definitions
and metrics, as well as limited adoption of rigorous evaluation protocols
[31.

Sparse human evidence. User studies are often small, use narrow
tasks, or draw on unrepresentative samples, limiting the generalizabil-
ity of conclusions about trust, reliance, and task accuracy. Evidence
on how people interpret prototype explanations remains particularly
limited [15].

Missing cost reporting. Many papers omit computational cost infor-
mation, leaving practitioners without the information needed to assess
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deployment feasibility [32]. Stability under perturbations, reinitializa-
tion, and distribution shift also receive limited attention.

Absent visual interpretability protocols. CV pipelines that inte-
grate information across modalities and hierarchical scales are rarely
accompanied by consistent visual analysis. Studies display saliency
maps without clarifying how multimodal fusion alters feature selec-
tivity, which spatial regions benefit discriminatively after fusion, or
how representations evolve from low-level textures to high-level seman-
tics across network depth. Gradient-based visualizations are sensitive to
layer choice and noisy gradients, and attention maps in transformer ar-
chitectures are not always aligned with class evidence [33]. These gaps
motivate a unified visual interpretability analysis that measures fusion
contributions through gradient-derived impact maps, highlights discrim-
inative regions with Grad-CAM overlays and isolated heatmaps, and
exposes scale-specific representation changes with channel activation
statistics.

1.2. Contributions of this study

This survey addresses the four gaps mentioned above through the
following contributions.

Seven family taxonomy: XAI methods are organized into feature
attribution, saliency maps, surrogate and rule-based models, counter-
factual and recourse methods, concept-based techniques, prototypes
and example-based explanations, and mechanistic analyses. Each fam-
ily is placed on axes of intrinsic versus post hoc, local versus global,
and model-specific versus model-agnostic, with typical roles, evaluation
concerns, and documented limitations recorded in a comparative table.

Documented survey of 189 works: Following PRISMA-S search
principles, a multi-library search across six source categories with ex-
plicit inclusion and exclusion criteria assembles the literature analyzed
[34]. The review covers 189 works, with primary synthesis from 2020 to
2026, and foundational pre-2020 methods retained where they remain
standard tools. A standardized extraction form captures method details,
model families, datasets, licenses, evaluation metrics, reported compu-
tational characteristics, sampling budgets, code availability, and human
study designs.

Technical analysis with CV emphasis: The survey provides a
technical analysis of XAI method families across seven domains, with
primary depth in CV. For CV, representative methods are cataloged by
mechanism, recording the model access each requires, the explanation
it produces, and the evaluation protocol typically applied (Table 6).
Cross-domain trends in faithfulness, robustness, and computational cost
are characterized, and the balance between efficiency and fidelity that
governs practical deployment is discussed.

Visual interpretability analysis: To ground the visual interpretabil-
ity discussion in a concrete system, three established visualization
techniques are applied to LiSalNet, our lightweight RGB-D salient ob-
ject detection network. The analysis covers (i) multimodal feature fusion
impact analysis identifying which spatial regions gain discriminative
benefit after cross modal fusion versus those that remain redundant,
(ii) Grad-CAM localization with overlay and isolated heatmaps exposing
attention concentration and failure modes, and (iii) multiscale feature
hierarchy visualization across low, mid, and high-level representations
with channel activation statistics that quantify sparsity trends and show
how semantic abstraction emerges with network depth.

Human and developer synthesis: Controlled and field studies re-
porting effects on trust, reliance, task accuracy, and cognitive load are
summarized, and findings are translated into a developer workflow cov-
ering explanation hooks, logging practices, and guardrails across the
model lifecycle.

Governance and reproducibility assessment: Drawing on the 189
works, we characterize how governance and reproducibility reporting
vary across method families and domains. We observe that documen-
tation artifacts such as datasheets, model cards, and explainability fact
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Fig. 1. Survey roadmap includes sections on introduction, background and scope, review protocol, results and analysis, and conclusion.

sheets appear more frequently in vision and NLP work than in graph or
reinforcement learning, and that high faithfulness methods rarely dis-
close deployment costs while efficiency-oriented methods show greater
sensitivity to seed variation and distribution shift. We discuss how
current regulatory frameworks translate into concrete technical require-
ments, and identify the reporting gaps that most limit reproducibility
across the surveyed literature.

Open challenges: Actionable research directions are identified, cov-
ering unified benchmarks, larger-scale human studies, robust evaluation
baselines, and governance-integrated deployment pipelines.

1.3. Research questions

Five research questions organize the review and connect each results
section to practical decisions.

RQ1 (Models and methods). Which model families and explana-
tion methods appear across the seven surveyed domains, and what
patterns emerge in how methods differ by mechanism, model ac-
cess, explanation output, and evaluation protocol? See Section 5.1.
RQ2 (Data and metrics). Which datasets and evaluation metrics
are used to assess XAI methods, and how do protocol choices affect
the comparability of reported results? See Section 5.2.

RQ3 (Human and developer factors). What effects do explana-
tions have on trust, reliance, and task accuracy in reported human
studies, and how are explanation outputs integrated into developer
workflows? See Section 5.3.

RQ4 (Efficiency and robustness). What efficiency strategies are
documented for explanation pipelines, and how stable are explana-
tion outputs across input variation, random seeds, and distribution
shift? See Section 5.4.

RQ5 (Governance and reproducibility). How do current gov-
ernance frameworks relate to XAl deployment, and what repro-
ducibility patterns are observed across the included studies? See
Section 5.5.

1.4. Study outline

Fig. 1 summarizes the section structure. Section 2 introduces core
XAI concepts, defines the seven family taxonomy, and states the scope
and boundaries. Section 3 describes the search and selection method-
ology covering eligibility criteria, search strategy, extraction, quality
appraisal, and synthesis. Section 4 presents the visual interpretability
analysis applied to LiSalNet, covering fusion impact maps, Grad-CAM
localization, and multiscale feature hierarchy visualization. Section 5 re-
ports results across RQ1 through RQ5. Section 6 closes with conclusions
and directions for future work.

2. Background and scope

This section defines the core concepts and taxonomic framework
used throughout the review. The framework separates intrinsic and post
hoc approaches, local and global explanation aims, and model agnostic
and model-specific tools, and applies across the seven domains cov-
ered: CV, natural language processing (NLP), tabular data, time series,
graph learning, reinforcement learning, and recommendation systems.
The goal is a stable conceptual base that supports fair comparison, con-
sistent reporting, and practical method selection. CV receives primary
technical depth, given the maturity and diversity of XAI work in that
domain, though the taxonomy and scope boundaries apply across all
seven domains.

2.1. Core concepts and taxonomy

XAI encompasses several families of methods, each with specific
roles. Feature attribution assigns importance scores to input features
based on their contribution to model output, supporting feature rank-
ing, compliance auditing, and risk assessment across tabular, image,
and text data [35,36]. Saliency maps highlight regions or tokens that
influence a prediction, supporting visual checks and error analysis in
vision and sequence tasks [37,38]. Surrogate and rule-based models ap-
proximate a complex predictor with a simple human-readable structure
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Fig. 2. End-to-end XAI MIND map organizing the full pipeline from data types and tasks through model access and hooks, explanation method families (attribution and
saliency, surrogates and rules, counterfactuals and recourse, concepts, examples and prototypes, mechanistic analyses), evaluation and safety metrics (faithfulness,
fidelity, stability, safety probes), reproducibility reporting, serving parameters, and deployment environments. The map serves as a navigation guide connecting

method selection to the evaluation protocol and deployment context.

near a point or across a region, aiding debugging and policy review
[39,40]. Counterfactual and recourse methods generate nearby inputs
that flip a decision under feasibility and fairness constraints, providing
actionable guidance and audit trails [41,42]. Concept-based methods
link internal representations to human concepts and test sensitivity,
enabling domain experts to query models using field-specific concepts
[43,44]. Prototype and example-based methods explain a prediction by
reference to learned prototypes or selected cases, supporting case-based
reasoning and instruction [16,45]. Mechanistic analyses probe internal
units, layers, and circuits to reveal computations and failure modes, in-
forming safety reviews and model improvement [10,46,47]. Each XAI
family serves a distinct explanation goal. Attribution supports ranked
importance, saliency helps triage vision errors, surrogates enable local
what-if analysis, counterfactuals guide user action, concept methods as-
sist expert review, prototypes support case-based understanding, and
mechanistic analyses audit internal behaviour [48].

Three axes organize these families. Timing separates intrinsic meth-
ods built into the model from post hoc methods applied after training.
Intrinsic models expose structure and facilitate global audits; post hoc
tools preserve model accuracy but require rigorous tests of faithful-
ness and stability [49,50]. Scope separates local explanations for a
single prediction from global summaries across the data. Local tools
aid user-facing decisions and debugging; global tools reveal patterns
and interactions that guide policy and monitoring [51,52]. Dependency
separates model-agnostic tools from model-specific tools. Model agnos-
tic tools are broadly applicable but incur higher computational costs,
whereas model-specific tools exploit structural properties to achieve
greater efficiency and precision [53,54]. These axes intersect with data

type and risk level. Image classifiers often pair saliency or CAM vari-
ants with deletion and insertion tests, while tree ensembles favour
model-specific attributions that deliver exact or fast scores.

Fig. 2 sketches the taxonomy by mechanism and aim, placing each
family along the three organizational axes of timing, scope, and de-
pendency, and illustrating how attribution, counterfactuals, and mech-
anistic analyses occupy distinct regions of the design space [5,48,55].
Table 1 complements Fig. 2 by recording, for each family, its expla-
nation form and representative methods, its taxonomic placement, the
validation dimensions recommended, and its relevance to this review.
The evaluation concerns listed there are operationalized in the review
protocol (Section 3) and the results synthesis (Section 5).

2.2. Design choices and goals

Design choices drive faithfulness, stability, and cost across all method
families. Attribution depends on the baseline, path schedule, and sam-
pling budget; inappropriate settings distort importance scores and
compromise evaluation reliability [61-63]. Perturbation-based saliency
depends on the mask design, deletion or insertion protocol, and step
size; unstable settings can inflate the results [64]. Surrogates depend
on neighborhood definition, kernel, and model class; small changes can
flip rules and harm trust [65,66]. Counterfactuals depend on feasibil-
ity, proximity, diversity, and fairness constraints; missing any of these
constraints yields unsafe recourse advice [59,67]. Concept-based meth-
ods depend on the quality of concept sets and validation protocols;
proxy concepts can mislead users and mask bias [60,68]. Prototype
methods depend on prototype learning and matching quality; weak



H. Khan, F. Alqahtani, W. Jiang et al.

Table 1

Computer Science Review 62 (2026) 101037

Validated taxonomy-oriented summary of major XAI method families, synthesized from established XAI taxonomies, survey of surveys evidence, and recent evaluation

literature.

XAI method family

Explanation form and representa-
tive methods

Taxonomic placement

Recommended validation
dimensions

Relevance to this review

Feature attribution and
perturbation-based
explanations [2,5]

Visual saliency, activation,
and CAM style explanations
[9,10,26,37]

Surrogate and rule-based
explanations [2,5,11,39]

Counterfactual explanations
and algorithmic recourse
[12,13,41,59]

Concept-based explanations
[14,43,44,601]

Prototype, example-based,
and case-based explanations
[15-17,45]

Mechanistic, representa-
tion level, and transformer
relevance analysis [10,19,46]

Human-centered and domain-
specific evaluation layer [22,
31,47,56,58]

Feature, token, pixel, or region
level importance scores; exam-
ples include Integrated Gradients,
SHAP, DeepLIFT, occlusion, and
removal-based attribution
Heatmaps or relevance maps over
image regions, tokens, layers, or
attention pathways; examples
include Grad-CAM, Score-CAM,
LayerCAM, and transformer
relevance propagation
Interpretable local or global
approximations of black box be-
haviour; examples include LIME,
rule lists, decision trees, anchors,
and local symbolic approximations
Alternative input states that would
change a prediction; examples
include nearest counterfactuals,
diverse counterfactuals, and causal
recourse, and intervention-based
recourse

Explanations grounded in human-
understandable concepts or
concepts directions; examples
include TCAV, completeness-aware
concepts, and human-centered
concept explanations

Predictions explained through
similar training cases, learned
prototypes, image parts, or rep-
resentative examples; examples
include ProtoPNet, ProtoTree, and
PIP-Net

Analysis of neurons, layers, cir-
cuits, attention, and relevance
flows, internal representations,
and learned mechanisms

Not a separate method family;

a validation layer applied to the
above families in specific do-
mains, stakeholder contexts, and
deployment settings

Mostly post hoc; local expla-
nations that can be aggregated
globally; model-specific when
gradient-based or model-agnostic
when perturbation-based

Mostly post hoc and model-
specific; usually local; primarily
used for visual, multimodal, and
transformer-based models

Usually post hoc and model ag-
nostic; local or global, depending
on surrogate design

Mostly post hoc, local, and user-
facing; generally model agnostic
but often constrained by domain
or causal assumptions

Usually model-specific and
representation-based; supports
both local and global analysis;
bridges technical and domain
expert interpretation

Intrinsic or post hoc; usually
local but may support a global
model inspection through
learned prototypes

Model-specific and architecture-
dependent; often global or meso
level, but supports local explana-
tion through activation or circuit
tracing

Cross-cutting across all XAI fam-
ilies; depends on the user group,
task risk, data modality, and
deployment setting

Faithfulness, sensitivity, baseline
dependence, deletion/inser-

tion behaviour, infidelity, and
ranking stability [22,23,30]

Localization quality, visual
plausibility, faithfulness, layer
choice sensitivity, sanity checks,
perturbation tests, and robust-
ness under input and model
randomization [22,23]

Local fidelity, stability across
sampling neighborhoods, com-
pactness, rule comprehensibility,
coverage, and agreement with
the target model [22]

Validity, proximity, sparsity, fea-
sibility, diversity, actionability,
causal plausibility, robustness,
and fairness constraints

Concept validity, purity, com-
pleteness, and sensitivity

to the concept choice, ex-
pert alignment, and human
interpretability

Prototype purity, coverage,
representativeness, diversity,
human perceived similarity, class
consistency, and case selection
bias

Internal validity, reproducibil-
ity, causal intervention tests,
architectural comparability,
scalability, and evidence that in-
ternal components causally affect
outputs

Task performance, calibrated
trust, reliance, cognitive load,
clinical or domain relevance,
explanation usefulness, re-
producibility, and governance
readiness

Central across vision, NLP, tabular,
graph, and time series settings; recent
work emphasizes scalable attribution,
benchmark consistency, and cost-
aware evaluation

The primary focus of the CV technical
analysis in this review; recent sur-
veys confirm that visual plausibility
alone is insufficient for faithfulness
assessment [56-58]

Useful in tabular, policy, and audit
settings; recent surveys highlight
instability and the need to report
neighborhood, sampling, and kernel
settings

Increasingly important for high-
stakes and regulated domains; Recent
surveys emphasize moving from ex-
planation toward actionable and fair
recourse

Relevant where domain concepts

are meaningful, such as medicine,
science, and safety auditing; recent
work stresses the concept validation
rather than assuming concept quality

Useful for domains where examples
are natural evidence; recent prototype
models improve interpretability, but
still require systematic human and
quantitative validation

Increasingly relevant for transform-
ers, large language models, and
safety-oriented audits, evaluation
standards remain less mature than for
attribution or perturbation methods

This review treats medical imaging,
pathology, and drug discovery, CV
and language models as application
contexts where method families must
be evaluated with domain-specific
evidence

training yields brittle cases and poor coverage [69,70]. Across all fam-
ilies, implementation choices affect stability and cost across random
seeds, input noise, data augmentations, and model retraining. Common
evaluation metrics include deletion and insertion AUC, comprehensive-
ness and sufficiency, infidelity and sensitivity scores [18,38]. Controls
include randomization tests, input invariance checks, and stress tests
under distribution shift [71-73].

Practical selection guidelines follow from these design dependen-
cies. For high-risk tasks, combine attribution with deletion and insertion
curves, and add randomization checks, prioritizing methods that main-
tain stable scores across seeds and noise [74,75]. For constrained
budgets, prefer model-specific tools that exploit structure for efficiency,
or approximate schemes with verified fidelity bounds [61,76]. For
user-facing recourse, choose counterfactual methods that are subject to
domain constraints and entail trade-offs among feasibility, proximity,
and fairness [77]. For domain expert review, use concept-based tests
with validated concept definitions and report agreement with attribu-
tion or counterfactual signals [78]. For developer workflows, integrate
explanations into debugging pipelines and apply sanity checks when

settings change [79,80]. The evolution of these method families and
their evaluation protocols is traced in recent taxonomic surveys [5,81].

2.3. Scope and boundaries

The review covers CV, NLP, tabular data, time series, graph learn-
ing, reinforcement learning, and recommendation systems in both re-
search and deployment contexts, with primary technical depth in CV.
Multimodal coverage appears only where needed to note distinct eval-
uation requirements [85]. Outside the scope are unverifiable demon-
strations, proprietary systems without evaluation details, essays without
measurable outcomes, and domain-specific legal analyses without tech-
nical validation [86]. Methods include intrinsic and post hoc, local and
global, and model-agnostic and model-specific tools. Where reported
in included studies, faithfulness, stability, and human study outcomes
are discussed; computational cost information is noted where disclosed.
Foundational pre-2020 sources are retained where they define methods
that remain in standard use; the primary synthesis and characterization
draw on works from 2020 to 2026 [87].



H. Khan, F. Alqahtani, W. Jiang et al.

Table 2
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Comparative positioning of the proposed survey against representative XAI review literature. Each row characterizes a prior study across its scope, evidence base,
and treatment of CV, with the final column stating how the proposed survey extends it.

Study Main scope Coverage and Main XAI focus Treatment of CV How proposed survey extends it
evidence base
Ali et al. [82] Trustworthy Al 410 articles, mainly Data, model, and post hoc Discusses visual explana- Updates evidence from 2020 to

Kalasampath et al. [83]

Gipiskis et al. [57]

Chaddad et al. [84]

Cheng et al. [56]

Ahmed et al. [58]

Proposed survey

and XAI taxonomy

Application-level
XAI review

XAl in se-
mantic image
segmentation

Explainable deep
learning for
medical image
computing

XAl in CV

XAI in medical
imaging

XAI methods,

technical anal-
ysis, protocols,
and open gaps

2016 to 2022

Literature searched up
to 2024

Google Scholar with
citation chaining;
segmentation focused,
up to 2024

Three medical
datasets (brain tumor,
skin cancer, chest X-
ray) with four CNN
models

534 retrieved; 83
selected after screen-
ing; January 2018 to
December 2025

PRISMA systematic
review; 980 records
identified; 133 studies
included; 2026

452 screened
records; 189 works
from 2014 to 2026

explainability; explanation
assessment

XAI applications across
healthcare, finance, agri-
culture, cybersecurity, law,
and education

XAl for dense prediction and
segmentation tasks

Grad-CAM++,
EigenGradCAM, XGradCAM,
AblationCAM, LayerCAM

Attribution, activa-
tion, perturbation, and
transformer-based XAI

Saliency, attention,
gradient-based, rule-based,
GNN, and multimodal
explanations

Seven method families
with primary CV tech-
nical depth; human
studies, governance, and
reproducibility

tions, but is not a CV technical
analysis

Covers visualization methods
in application contexts without
technical model analysis

Strong focus on CV, medical,
and industrial segmentation

Strong medical imaging and
CAM family focus

Strong CV focus across clas-
sification, detection, and
segmentation tasks

Strong radiology and pathology
relevance

Technical analysis of CV
methods by mechanism,
model access, and eval-
uation protocol; visual
interpretability applied to
LiSalNet covering fusion im-

2026; adds technical analysis

of CV methods by mechanism,
robustness-aware characterization,
and reproducibility-focused discussion
Adds method family taxonomy, evalu-
ation protocol discussion, and human
study synthesis across seven domains

Extends to seven domains under a
unified review framework and adds
human study synthesis and gover-
nance discussion absent from the
segmentation scope

Places CAM methods within a wider
seven-family taxonomy covering at-
tribution, surrogates, counterfactuals,
concepts, prototypes, and mechanistic
analysis

Extends beyond CV to NLP, tabu-

lar, time series, and graph learning,
RL, and recommendation systems;
adds systematic review protocol, hu-
man study synthesis, and governance
discussion

Generalizes beyond medical imag-
ing to seven domains; adds technical
CV analysis through visual inter-
pretability protocols and addresses the
standardization gap with a structured
review framework

Provides an updated, protocol-
oriented, and deployment-aware
survey linking method choice,

CV technical analysis, human ev-
idence, and governance discussion
across seven domains

pact, Grad-CAM localization,
and multiscale hierarchy
visualization

Table 2 positions the proposed survey against six representative
XAI reviews published between 2023 and 2026. The comparison shows
that existing reviews either address individual domains such as medi-
cal imaging or image segmentation, or cover application areas without
protocol-level evaluation. None simultaneously addresses technical CV
analysis by mechanism, human study synthesis, visual interpretability
protocols, and governance discussions across seven domains. The pro-
posed survey fills this gap by providing a structured, deployment-aware
review that connects method characterization, evaluation evidence, and
audit-oriented reporting [88].

3. Search and selection methodology

This section describes the search strategy, source coverage, and
selection criteria used to assemble the literature analyzed in this sur-
vey. The review window is fixed from 2020 to 2026. Peer-reviewed
archival venues are strictly preferred over preprints. Foundational pre-
2020 sources are retained where they define methods and reporting
standards that remain in standard use. The scope covers seven domains:
vision, natural language processing, tabular data, time series, graphs,
reinforcement learning, and recommendation systems. Method families
include feature attribution, saliency maps, surrogate models, counter-
factuals, concept methods, prototypes, and mechanistic analyses. The
section details the search sources, eligibility criteria, and selection steps.
Search queries, source lists, and selection decisions are documented for
reproducibility.

3.1. Protocol and governance

The search objectives, eligibility criteria, and query families were de-
fined before conducting searches to ensure consistent and reproducible
selection. The scope, inclusion boundaries, screening decision logic, and
data extraction schema were documented at the outset and applied
uniformly throughout the selection process. Source lists, query strings,
run dates, and platform versions were recorded to enable the search
to be reproduced. Version control procedures were applied to research
scope, eligibility criteria, search strings, and analysis. Any amendments
to the original scope or criteria were logged, along with their rationale
and the affected steps. Records were screened against a standardized
checklist to maintain consistency in decisions, and a brief rationale was
documented for each exclusion to build an audit trail. Data handling
procedures complied with all applicable license terms, and restricted
corpora remained subject to those terms. The final documentation pack-
age contained the search queries, the selection flow, screening decisions,
and the extraction records used to produce the synthesis in this survey
[871.

3.2. Eligibility and screening

Study selection follows written criteria agreed upon before con-
ducting the search. The goals are topical relevance, research merit,
and results that others can verify. The scope encompasses XAl for CV,
natural language processing, tabular data, time series, graph learning,
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reinforcement learning, and recommendation systems. Records must be
in English with full text available. A standardized checklist is applied
to all records to maintain consistency in decisions. Reviewers docu-
ment a brief rationale for each inclusion or exclusion decision to build
an audit trail. Reference lists and citation chains are reviewed under
the same inclusion criteria. Records from multiple sources are dedupli-
cated before screening to prevent double-counting. When a preprint has
a corresponding peer-reviewed version, the archival publication is re-
tained, and the preprint is linked. The criteria below govern inclusion
and exclusion.

Inclusion

« Topic fit: Work on XAI with quantifiable evaluation metrics.
Includes methods and evaluations for feature attribution, saliency,
rule and surrogate models, counterfactuals and recourse, concept-
based techniques, prototype or example-based explanations, mech-
anistic analyses, human studies, benchmarks, and toolkits with
reported metrics.

Time and language: Published in English, with the full text
available.

Sources and venues: ACM Digital Library. IEEE Xplore, NeurIPS
and ICML proceedings (Curran Associates and PMLR). ACL
Anthology for NLP venues, AAAI and IJCAI conference proceed-
ings, arXiv preprints when no archival version exists, and selected
standards and policy documents from NIST, ISO, and IEC, the EU AI
Act, the IEEE Standards Association, ACM policy, and OpenRAIL.
OpenReview is used only for ICLR final versions. Archival venues
are preferred over preprints.

Contribution type: Method, evaluation, dataset, or benchmark,
toolkit, or system report with quantitative results.

Reporting: Clear description of setup, datasets, protocols, and met-
rics. Studies must report at least one quantitative evaluation metric

.

[ Indexing databases

[ Digital libraries

[ Publisher portals

XAI
Information
Sources

[ ML and Al proceedings

[ CV and NLP venues

[ Preprints and standards

AN AN A
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and specify the dataset used. Records missing both a dataset name
and a performance metric are excluded.

Exclusion

Out of scope: Unverifiable demonstrations. Proprietary systems
without evaluation details. Essays without measurable outcomes.
Domain-specific legal analyses lacking technical evaluation compo-
nents. Long multi-modal deep dives outside the primary domains.
Non-research items: Editorials, opinion pieces, tutorials, confer-
ence posters, or abstracts without accompanying full papers.
Coverage: Non-English items. Work published outside the 2020 to
2026 timeframe. Records with missing full text.

Insufficient detail: Records with missing or unclear methodolog-
ical descriptions, datasets, evaluation metrics, or experimental
configurations.

Access and licensing: Benchmarks without public splits or terms
that permit academic use.

Duplicates: Duplicate records or preprints superseded by a peer-
reviewed version.

.

.

.

.

Records are screened first by title and abstract, then by full text,
against the inclusion and exclusion criteria listed above, with a brief
rationale documented for each exclusion decision.

3.3. Information sources and search strategy

The search strategy employs multiple digital libraries, conference
archives, journal platforms, preprint services, and policy repositories.
This approach captures XAI research across CV, natural language pro-
cessing, tabular data, time series, graph analysis, reinforcement learning,
and recommender systems. Fig. 3 illustrates the main digital libraries
and conference series that form the core search sources, showing the

Scopus

Web of Science

ACM Digital Library

IEEE Xplore

SpringerLink

ScienceDirect

Wiley

Taylor and Francis

NeurIPS (Curran)

PMLR (ICML, AISTATS, UAI)

AAAI

TICAI

CVF Open Access (CVPR, ICCV, ECCV)

ACL Anthology (ACL, EMNLP, TACL)

arXiv preprints

OpenReview (ICLR)

— J L _JU _JU _Jo _Jo _Jo _JL _JU _JL _Jo Jo Jo _Jo JL _J_ J

NIST, ISO/IEC, EU AI Act, OpenRAIL

Fig. 3. Hierarchy of digital libraries, proceedings, and policy sources used for the XAI search, organized from broad indexing databases through publisher portals to

domain-specific archival venues.
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Title relevance
Remaining 340
Excluded 112

Quality appraisal
Remaining 189
Excluded 4

Excluded 78

Included

Abstract content
Remaining 262
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Identification total 452

ACM Digital Library (ACM conferences and journals)
IEEE Xplore (IEEE journals, WACYV, ICDM, etc.)
CVF Open Access (CVPR, ICCV, ECCV)

NeurlPS proceedings (Curran Associates)

PMLR / ICML proceedings

AAAI Conference and workshops

189

Domain suitability
Remaining 193
Excluded 9

Excluded 42

Methodological scope
Remaining 202
Excluded 18

Full-text relevance
Remaining 220

1JCAI proceedings

ACL Anthology (ACL, EMNLP, TACL, workshops)

Other venues (ICLR, ECML, MLSys, WebConf)

Journals and books from other publishers

arXiv preprints

Standards and policy (NIST, ISO/IEC, EU AT Act, OpenRAIL)

Fig. 4. Selection flow summarizing the identification and screening of 452 XAl records across six stages, yielding 189 works analyzed in this survey.

Table 3

Sources, venue mapping, fields searched, filters, and archival preference, grouped by the six source categories in Fig. 3.

Source category Venue mapping

Fields searched Filters

Archival rule

Indexing databases
Digital libraries
Publisher portals

Scopus, Web of Science
ACM Digital Library, IEEE Xplore
SpringerLink, ScienceDirect, Wiley, Taylor and

Title, abstract, author keywords
Title, abstract, author keywords
Title, abstract, author keywords

English; 2020 to 2026 Prefer archival
English; 2020 to 2026

English; 2020 to 2026

Prefer archival
Prefer archival

Francis

ML and Al proceedings NeurIPS (Curran), PMLR (ICML, AISTATS, UAI), Title, abstract, author keywords English; 2020 to 2026 Archival
AAAI, 1IJCAI

CV and NLP venues CVF Open Access (CVPR, ICCV, ECCV), ACL Title, abstract, author keywords English; 2020 to 2026 Archival

Anthology (ACL, EMNLP, TACL)
arXiv, OpenReview (ICLR), NIST, ISO/IEC, EU AL
Act, OpenRAIL

Preprints and standards

Title, abstract, author keywords

English; 2020 to 2026  Preprint linked to archival;

standards reference only

hierarchical relationship between broad indexing databases and domain-
specific archival venues used to ensure comprehensive coverage. Core
sources include the ACM Digital Library, IEEE Xplore, which covers
major CV venues (CVPR, ICCV, WACV, ICDM), NeurIPS proceedings
archived by Curran Associates, and the Proceedings of Machine Learning
Research for ICML and related conferences. Additional archival sources
include the AAAI Digital Library, IJCAI proceedings, and the ACL
Anthology, which covers ACL, EMNLP, TACL, and associated work-
shops. Other conference sites include ICLR, ECCV, ECML, MLSys, and
the Web Conference. Journals and books from other publishers are
queried through their own platforms. Preprints are taken from arXiv
only when no archival or camera-ready version is available. Standards
and policy documents are collected from NIST, ISO, IEC, the EU Al
Act, the IEEE Standards Association, ACM, and the OpenRAIL license
family. Searches are limited to English-language records from 2020 to
2026. A small curated set of foundational XAI papers from 2014 to
2019 is added by backward citation chaining from key methods such
as LIME, SHAP, Integrated Gradients, and Grad-CAM. Boolean query
families target seven method categories: feature attribution, saliency
maps, surrogate and rule-based models, counterfactual and recourse
approaches, concept-based techniques, prototype and example-based ex-
planations, and mechanistic circuit-level analyses. Additional queries
target evaluation metrics, faithfulness criteria, human-subject studies,
decision-support applications, and computational efficiency measure-

ments. Fielded searches span titles, abstracts, and author keywords for
each source. Backward and forward citation chaining is applied to seed
papers in top venues. Recent XAI tracks in flagship conferences are
hand-searched. Deduplication proceeds by DOI match, then exact ti-
tle, then normalized title with an author-year tiebreaker. The retained
record keeps the most complete metadata available. All merges are
logged for reproducibility. The Preferred Reporting Items for Systematic
Reviews and Meta-Analyses flow documents the steps for identification,
screening, eligibility, and inclusion. Fig. 4 summarizes these stages us-
ing a radial PRISMA diagram, showing the record counts at each of
the six screening stages and the reasons for exclusion that reduced
the initial pool of 452 records to the 189 works analyzed in this
survey.

Table 3 summarizes data sources, venue mappings, search fields,
temporal filters, and archival preferences, and follows the same six
source categories shown in Fig. 3. It documents query procedures for
each source and export processes for automated deduplication and log-
ging. Fig. 5 reports the yearly selection profile after deduplication and
screening, revealing the growth in XAI publications after 2019 and con-
firming that the 2020 to 2026 window captures the period of most active
methodological development. It shows the number of XAI papers per
publication year from 2014 to 2026, with publications from 2014 to
2019 classified as foundational literature and 2020 to 2026 forming the
main review window.



H. Khan, F. Alqahtani, W. Jiang et al.

Yearly Selection of Papers

Scope
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Publication year

Fig. 5. Year-wise distribution of the 189 works analyzed in this survey from 2014
to 2026. Foundational methods from 2014 to 2019 are retained as standard tools;
the primary synthesis window covers 2020 to 2026.

Table 4
Data items captured for each included study.

Field block Details captured

Bibliography Title, authors, venue, year, DOI, stable identifiers, links to code
or data if disclosed

Method family and Method family; intrinsic or post hoc; local or global; model-

scope agnostic or model specific

Model and training
Datasets and splits

Metrics and
definitions
Protocol settings

Efficiency and
hardware
Human studies

Controls and stress
tests

Governance and
risk
Reproducibility
assets

Reporting gaps

Model family, architecture tags, training objective, datasets
used for training or fine-tuning if relevant

Dataset names, size, domain, license, version pins, splits,
leakage notes

Primary and secondary metrics, exact definitions or references,
graders if any

Seeds, shots, baselines or background sets, path or step counts,
sampling budgets, prompt patterns if used

Devices, precision, batch size, peak memory, throughput, end-
to-end latency, energy or carbon if reported

Design, tasks, sample sizes, blinding, outcomes, effect sizes
where available

Sanity checks, ablations, robustness tests, adversarial or noise
tests, retraining-based tests

Bias or fairness analysis, privacy notes, license clarity, policy
or audit notes

Released code, models, configs, commit hash, data availability,
run logs

Missing fields, unclear settings, absent seeds, absent energy,
other gaps with flags

3.4. Extraction and appraisal

Each included study is converted into a uniform record using a locked
extraction form. Extraction fields capture seven categories of informa-
tion: method characteristics, experimental details, evaluation protocols,
computational metrics, reproducibility information, human study de-
signs, and governance considerations. Units are normalized where safe.
Original units are preserved and flagged when normalization is not pos-
sible. Records receive gap flags when items are missing or unclear.
Quality appraisal scores each record on five pillars: methodological clar-
ity, evaluation protocol transparency, presence of validation controls or
sanity checks, reproducibility indicators, and governance and risk as-
sessment reporting. A three-level scale is used for each pillar, with marks
of adequate, partial, or absent, scored as 2, 1, and 0, respectively. See
Table 4 for the data items captured.
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3.5. Synthesis, contamination, and threats

Results are synthesized by domain and method under matched set-
tings. Matched settings are operationally defined as studies that share all
of the following conditions: the same baseline input or background set,
the same sampling budget, the same model architecture family, the same
evaluation dataset and split, the same random seed specification, and the
same hardware profile or a documented equivalent. For each method
family and task type, performance metrics (deletion/insertion AUC,
comprehensiveness, sufficiency) and computational metrics (latency,
memory, energy) are compared only under these identical experimental
conditions. Where studies report them, sensitivity to baselines, back-
ground sets, and sampling budgets is noted as a factor affecting stability.
Duplicate and near-duplicate records are removed during deduplica-
tion, and contamination concerns such as train-test overlap and leakage
are noted where the source studies discuss them. Where reported, pre-
diction accuracy is summarized alongside computational cost. Threats
to validity include selection bias from database coverage, publication
bias from positive reporting, metric mismatch across studies, bench-
mark drift over time, confounding by compute budget, code or data
unavailability, and reviewer disagreement. To mitigate these threats,
the review applies multi-source database searches, systematic citation
chaining, PRISMA-style reporting, documented searches, and explicit
recording of negative findings. The National Institute of Standards and
Technology (NIST )’s four principles of explainable AI guide the controls.
These principles state that explanations must be evidence-based, mean-
ingful to users, accurate in reflecting the system’s process, and bounded
by known knowledge limits [89]. They inform risk reporting and high-
light where current studies fall short. By transparently documenting
synthesis and threats, the review supports reproducible and trustwor-
thy conclusions. In summary, the pipeline proceeds as follows. Search
objectives, eligibility criteria, and queries are defined before searching.
Multi-library searches across six source categories retrieve an initial pool
of 452 records, which are deduplicated by DOI, title, and author-year
tiebreaker. Records are screened by title and abstract, then by full text,
against the inclusion and exclusion criteria, yielding 189 works analyzed
in this survey. Each work is recorded in a uniform extraction form, and
results are synthesized by domain and method family, with threats to
validity documented and mitigated through PRISMA-style reporting and
explicit recording of negative findings [87].

4. Visual interpretability techniques

This section presents our LiSalNet framework for visual interpretabil-
ity as a complement to the synthesis in Sections 3 and 5. It is neither a
review of visual interpretability papers nor an empirical comparison of
competing methods. Rather, it is an illustrative and methodological con-
tribution that shows how three established visualization techniques can
be applied together in a unified pipeline to expose model reasoning in a
concrete and auditable way. The goal is to address the gap identified in
Section 1.1, where reviewed studies lacked consistent visual protocols
that simultaneously show the impact of fusion, attention localization,
and multiscale feature behaviour. The visualizations use techniques doc-
umented in the reviewed literature, namely gradient-weighted class
activation mapping [9], fusion impact analysis using gradient signals
[85], and hierarchical feature visualization [10], which are applied to
representative examples to illustrate their complementary roles. They
are not new empirical results and should be read as a demonstration
of best practices rather than as primary evidence. The three components
are organized as follows. Section 4.1 analyzes multimodal feature fusion
and its interpretable impact through gradient weighted visualizations
(Fig. 6). Section 4.2 details Grad-CAM for localizing discriminative re-
gions (Fig. 7). Section 4.3 examines multiscale feature hierarchies from
low-level to high-level representations (Fig. 8).
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Source, Feature,

Feature, Impact

Fig. 6. Multimodal feature fusion impact analysis. The pipeline shows sensor inputs, extracted features, fused representation, and impact map. High-impact regions
indicate maximal discriminative benefit, while low-impact areas suggest redundancy.

RGB GradCam HeatMap

%

o

HeatMap

RGB GradCam

Fig. 7. Gradient weighted class activation mapping for visual attention localization. Each row shows the input, a Grad-CAM overlay with warm colours for high
attention and cool colours for low attention, and an isolated heatmap showing raw activation intensity. (For interpretation of the references to colour in this Figure

legend, the reader is referred to the web version of this article.)

4.1. Multimodal feature fusion impact analysis

Multimodal fusion combines complementary information from het-
erogeneous sensors to improve robustness and discriminative power.
Fig. 6 traces the progression from raw sensor inputs through interme-
diate feature representations to fusion outcomes and their interpretable
impact. High-impact regions concentrate on semantically meaningful ar-
eas such as object boundaries and foreground regions, while low-impact
areas correspond to redundant or background information. The first col-
umn (Source; ) presents RGB images capturing photometric appearance
and texture. The second column (Feature, ) shows feature maps from the
RGB encoder, downsampled by 8% to 16x with 256 to 512 channels. The
third column (Source,) displays the complementary modality, depth for
RGB-D fusion or thermal for RGB-T fusion. The fourth column (Feature,)

10

provides the corresponding representations from the secondary encoder
with matched spatial and channel dimensions.

The fifth column (Fusion) visualizes the integrated feature space af-
ter the fusion operator, which must preserve spatial correspondence
while maximizing information gain. The sixth column (Impact) quan-
tifies which spatial regions contribute most to the final prediction, with
high-impact regions marking where fusion provides the greatest benefit
and low-impact regions indicating redundancy. The benefits differ by
scenario: in the cat image (row 1), RGB provides texture, while depth
disambiguates spatial geometry and sharpens the facial region; in the
fire extinguisher (row 3), fusion sharpens boundaries and suppresses the
background.

Fusion can be performed early (raw sensor concatenation), late
(score level combination), or at the intermediate feature level, and
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Fig. 8. Multiscale feature hierarchy visualization from low-level to high-level representations. Each row displays input and output (I/0), low-level features (LL) that
capture edges and textures, mid-level features (ML) that encode part-based representations, and high-level features (HL) that abstract semantic class information. Bar

charts quantify channel activation distributions.

cross-modal attention modules compute query, key, and value projec-
tions across modalities to weight evidence adaptively by scene context.
The fusion process is written as

Fiisea = ¢F, F530), @
where F; € RI>WXC1 and F, € REXWXC, are the features from the two
modalities, ¢ is the fusion operator parameterized by 6, and Fy 4 €
RHXWxCou is the integrated representation. The impact map I € RF>*W
is

|

which highlights the regions where fusion contributes most to the
prediction.

dy
aFfused

(2)

4.2. Gradient weighted class activation mapping

Grad-CAM produces coarse localization maps from the gradient of
the target class score with respect to the final convolutional feature
map, followed by global average pooling to obtain channel-wise im-
portance weights. Fig. 7 applies Grad-CAM across object categories and
localizes discriminative regions even for small objects such as ants and
for multi-instance scenes with more than one subject. The first column
(RGB) shows the input resized to the model resolution. The second col-
umn (Grad-CAM) overlays the gradient-weighted activation map, with
discriminative regions in warm colours and less relevant areas in cool
colours. The third column (HeatMap) shows the raw activation inten-
sity without the overlay, giving a clearer view of the spatial attention
distribution.

Grad-CAM extracts feature maps A € R#*W from the last convo-
lutional layer, where k indexes channels and H and W are the spatial
height and width. For a target class ¢, the importance weight «; for
channel k is

a9y~
0A¥, ’

| aw
=sz 3)

i=1 j=1

11

where y“ is the class score before softmax. The Grad-CAM heatmap

HxXW s
LE}rad—CAM €R X 1s
k
LS, q.cam = ReLU <2 asA > , 4
k

where ReLU keeps only positive influences. The map is upsampled to
the input resolution by bilinear interpolation and normalized to [0, 1].
The examples in Fig. 7 show precise localization across scenarios: row
1 activates strongly on the animal body and head, the ant in row 2 con-
centrates on the thorax and legs despite its small size, and the dog scene
in row 3 highlights both animals, indicating multi-instance attention.

Beyond gradient-based maps, attention heatmaps offer complemen-
tary visualization by reading learned attention weights directly from
transformer architectures. They visualize the attention scores A, €
RN*N from the self attention operation, where N is the number of to-
kens or spatial patches. For a query token g;, the attention weight to key
token k; is

q; -k j

Vi )
where d; is the key dimension. These weights reveal which spatial
regions or semantic concepts the model associates during prediction.
Unlike Grad-CAM, which needs a backward pass, attention heatmaps are
available from forward pass activations, which makes them efficient for
real-time interpretation, and multi-head attention yields several maps

per layer that expose diverse feature relationships across representation
subspaces.

A, j) = softmax < %)

4.3. Multiscale feature hierarchy visualization

Deep networks build hierarchical representations across multiple
scales of abstraction. Fig. 8 shows this hierarchy across input and output
(I/0), low-level (LL), mid-level (ML), and high-level (HL) represen-
tations, where channel activation distributions become progressively
sparser with depth as the network shifts from dense texture detection
to selective semantic encoding. The first column (I/0) displays the in-
put image with the binary ground truth mask to establish the task goal,
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and the bar charts above each feature panel summarize the distribu-
tion of activation magnitudes across channels. The second column (LL)
shows low-level features from early layers, typically at 1/4 or 1/2 of the
input resolution with 64 to 128 channels, capturing edges, corners, tex-
tures, and colour gradients with high spatial fidelity but limited semantic
content.

The third column (ML) shows mid-level features from intermediate
layers, downsampled to 1/8 or 1/16 resolution, with 256 to 512 chan-
nels, which encode part-based representations, spatial relationships, and
moderate semantics, balancing spatial precision and abstraction. The
fourth column (HL) shows high-level features from deep layers, down-
sampled to 1/16 or 1/32 resolution with 512 to 2048 channels, which
abstract away spatial detail and encode semantic class information,
global context, and task-specific discriminative cues. The activation bar
charts quantify feature diversity and sparsity: low-level features are
dense and nearly uniform with many active channels, mid-level fea-
tures are moderately sparse with selective activation, and high-level
features are highly sparse with a few dominant channels encoding class-
specific patterns. Sparsity is measured by the Gini coefficient or the
L,/L, norm ratio, with values closer to 1 indicating higher sparsity.
The Gini coefficient is

¥, Qi-C-1)-q

G =
C
C Z,‘:] a;

, (6)

where C is the number of channels, g; is the activation magnitude of
channel i sorted in ascending order, and G € [0, 1]. The L,/L, ratio is

a
o lall

\/Clall,

where a € RC is the channel activation vector, with R ~ 1 for uniform
activations and R < 1 for sparse ones. This analysis informs architec-
tural design by identifying which layers contribute most to performance,
guiding pruning, and exposing redundancy. Removing low-level features
in dense prediction causes boundary localization errors, while removing
high-level features degrades semantic classification, which is why multi-
scale architectures add lateral connections that fuse high-level semantic
and low-level spatial information.

)]

5. Results and analysis

This section reports XAI results from 2020 to 2026 in a single, repro-
ducible format. Section 5.1 defines the base predictors and their hooks
in Table 5. Section 5.2 fixes datasets, protocols, and metrics in Table 7
so scores are comparable. Section 5.3 summarizes reported effects on
trust, reliance, accuracy, and time in Table 8 and provides a devel-
oper workflow with hooks, logs, and guardrails in Table 9. Section 5.4
presents an adaptation menu of efficiency levers with their supported ef-
ficiency and fidelity effects and the validation each requires in Table 10.
Section 5.5 aligns governance and reproducibility with current standards
and delivers a concise checklist.

5.1. Landscape: models and methods

This section charts the landscape of XAl models from 2020 to 2026 in
Table 5, where each row supports benchmarking. Domain sets the area
and Task the goal, such as classification, detection, segmentation, fore-
casting, node or edge prediction, control, click-through rate (CTR), or
sequence modeling. Family names the model line, and Input sets the
default image size or token budget used for timing and floating-point
operations per second (FLOPs) for frameworks. Prec lists numeric pre-
cision, fp16 for most vision and natural language processing (NLP)
encoders, and fp32 for forecasting, graphs, tabular, and reinforcement
learning (RL). XAI hooks specify the accessible model components,
for example, gradients, attention, intermediate layers, masks, feature
importance, or subgraph views. Typical data lists representative bench-
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marking datasets, and Env records the runtime for frameworks such
as PyTorch, JAX, or TensorFlow. Vision classification uses convolu-
tional networks and Vision Transformers at 224 with fp16 [90-92].
Object detection covers architectures such as DETR and YOLO [93,94].
Segmentation includes SegFormer and Mask2Former [95,96]. NLP spans
masked encoders and encoder—-decoder sequence-to-sequence models
[97,98], together with causal and mixture of experts language mod-
els [99,100]. Time series covers Temporal Fusion Transformers and
Informer [101,102] as well as TimesNet and PatchTST [103,104]. Graph
learning includes Graphormer, spectral attention, and hybrid GPS [105-
107]. RL includes MuZero and DreamerV3 [108,109]. Recommender
systems include DCN v2 for CTR and the sequence models S3-Rec and
DuoRec [110-112].

Explanation methods pair with these model families across the
seven domains. For CV, Table 6 catalogs representative techniques by
mechanism, recording the model access each requires, the explana-
tion it produces, the evaluation typically applied, and its publication
venue. Gradient and activation saliency maps include Grad-CAM, Grad-
CAM++, and Score-CAM [9,37,113,114], complemented by perturba-
tion methods such as RISE, occlusion, and meaningful perturbations
[27,115,116]. For NLP, common choices include Integrated Gradients
and DeepLIFT [7,117], the local surrogates LIME and SHAP [8,11],
and concept testing with TCAV [14]. Graph explainers return sub-
graph masks through GNNExplainer or PGExplainer [118,119], and
reinforcement learning relies on agent saliency and rollout perturba-
tions [27,120]. Across all domains, validation uses checks such as sanity
tests and ROAR [26,74], following the input specifications and numeri-
cal precision in Table 5 and logging fixed random seeds, preprocessing
pipelines, batch sizes, peak memory, and median latency.

Several cross-domain trends emerge from the synthesized evidence.
Gradient-based methods such as Grad-CAM and Integrated Gradients
dominate vision and NLP for their low overhead but trade localization fi-
delity for speed, especially under distribution shift. Perturbation-based
methods such as RISE and SHAP, and exact Shapley estimators, score
higher on deletion and insertion benchmarks but cost far more, mak-
ing them impractical for edge deployment. Surrogate methods such as
LIME are the least stable, adequate in tabular and recommender settings
but contradictory in high-dimensional vision and NLP. Graph learning
and reinforcement learning show the largest evaluation gaps, with fewer
standardized benchmarks, smaller human study samples, and less com-
putational profiling than vision and NLP. Three patterns cut across all
domains: high-faithfulness methods trade off against efficiency and en-
ergy transparency while low-overhead methods trade stability for speed;
human-subject evidence is the weakest part of the evidence base ev-
erywhere, with small samples and inconsistent effect-size reporting;
and the absence of energy reporting recurs throughout, leaving prac-
titioners unable to make informed deployment decisions under resource
constraints.

5.2. Data and metrics

Table 7 summarizes the task benchmarks and task metrics used
across the model families cataloged in Table 5. For vision classification,
ImageNet Real is evaluated with Top-1 accuracy [157]. Object detec-
tion uses Open Images V6 with mean average precision (mAP) [158],
and segmentation uses Waymo Open with mean intersection over union
(mIoU) [159]. For natural language understanding, SuperGLUE pro-
vides accuracy and F1 [160]. Time series forecasting on ETT and ECL
is evaluated with mean absolute error (MAE) and mean squared er-
ror (MSE) [102]. Graph learning follows the Open Graph Benchmark
(OGB) using accuracy and ROC AUC [161]. For reinforcement learning,
DA4RL reports normalized return for offline evaluation, and Procgen re-
ports average return across procedurally generated environments [162,
163]. Recommender systems use MIND for news recommendation and
KuaiRec for short-video recommendation, both evaluated using AUC,
NDCG, and HR@K [164,165]. Tabular learning follows TabPFN style
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Table 5
Base predictor catalog by domain, task, model family, input format, precision, XAI hooks, typical datasets, environment, and references.
Domain Task Family/model Input Prec. XAI hooks Typical data Env. Ref.
Vision Cls ConvNeXt 224 x 224 fpl6 grad, layers ImageNet-1K PyTorch [90]1
Cls Vision Transformer 224 x 224 fplé grad, attn JFT-300M, ImageNet-21K, JAX or PyTorch [91]
ImageNet-1K
Det DETR 800 x 1333 fpl6 grad, attn COoCo PyTorch [93]
Det YOLOX 640 x 640 fpl6 grad, layers COoCco PyTorch [94]
Seg SegFormer 512 x 512 fpl6 grad, attn ADE20K, Cityscapes PyTorch [95]
Seg Mask2Former 512 x 512 fpl6 grad, attn COCO, ADE20K, Cityscapes, PyTorch [96]1
Mapillary
Seg Segment Anything Model prompt + im- fpl6 masks, prompts,  SA-1B, zero-shot segmenta- PyTorch [121]
age attn tion
Cls/Feat DINOv2 224 x 224 or fp16 layers, attn LVD-142M, ImageNet, dense PyTorch [122]
variable tasks
Cls/Backb. MambaVision 224 x 224 fpl6 grad, layers ImageNet-1K, COCO, PyTorch [123]
ADE20K
Det YOLOv12 640 x 640 fpl6 grad, layers, MSCOCO 2017 PyTorch [124]
attn
NLP NLU/Cls ELECTRA pre-trained encoder 512 tok fpl6 grad, attn BookCorpus, Wikipedia, TF or PyTorch [125]
GLUE
Long seq Longformer 4096 tok fpl6 grad, attn Long-document tasks PyTorch or TF [126]
Cls DeBERTa 512 tok fpl6 grad, attn GLUE, SuperGLUE PyTorch [971
Gen T5 / Seq2Seq Transformer 512 tok fpl6 grad, attn C4, supervised text-to-text JAX or PyTorch [98]
tasks
Gen LLaMA 2 causal LM 4k tok fpl6 grad, attn Web text and code PyTorch [99]1
Gen Mixtral MoE LM 32k tok fpl6 grad, attn Web text and code PyTorch [100]
Seq Mamba SSM long tokens fpl6 states, language, audio, genomics PyTorch [127]
activations
Gen Gemma open LM 8k tok fp16/bf16  grad, attn web text, code, instruction JAX or PyTorch [128]
data
Gen/Reason  DeepSeek-R1 long context fpl6/bfl16  grad, attn, reasoning, math, code, STEM  PyTorch [129]
traces
Gen/MoE Qwen3 long context fp16/bf16  grad, attn multilingual web, code, math ~ PyTorch [130]
Tabular Cls TabNet p features fp32 masks UCI, credit, census PyTorch [131]
Cls FT-Transformer p features fp32 grad, attn Tabular benchmarks PyTorch [132]
Cls TabPFN / prior-fitted Transformer  p features fp32 post-hoc feat. Small tabular classification PyTorch [133]
import.
Cls/Reg TabR p features fp32 retrieval, feat. public tabular benchmarks PyTorch [134]
contrib.
Cls/Reg TabM p features fp32 ensemble public tabular benchmarks PyTorch [135]
contrib.
Cls/Reg TabPFN v2 p features fp32 post-hoc feat. small/medium tabular data PyTorch [136]
import.
Time series  Fest Temporal Fusion Transformer LxD fp32 attn, var-select Multi-horizon forecasting PyTorch [101]
data
Fest TimesNet / TimesBlock LxD fp32 grad Forecasting benchmarks PyTorch [103]
Fest PatchTST / patch Transformer LxD fp32 attn Long-horizon forecasting data  PyTorch [104]
Fest TimesFM context fp32/bfl16  attn, residuals large-scale time-series corpus ~ JAX [137]
window
Fest Moirai LxD fp32/bf16  attn, patches LOTSA, Monash, zero-shot PyTorch [138]
data
Fest Chronos tokenized fp32/bf16  token scores, public and synthetic time- PyTorch [139]
series attn series data
Fest Time-MoE variable fpl6/bfl6  attn, experts Time-300B, multi-domain PyTorch [140]
context data
Graph GNN Graphormer n nodes fp32 subgraph, attn OGB, OGB-LSC PyTorch [105]
GNN Spectral Graph Transformer n nodes fp32 attn Graph benchmarks PyTorch [106]
GNN GraphGPS / hybrid Transformer n nodes fp32 attn OGB, graph benchmarks PyTorch [107]
GNN Exphormer n nodes fp32 sparse attn graph benchmarks, OGB PyTorch [141]
GNN SGFormer n nodes fp32 global attn large-graph benchmarks PyTorch [142]
GNN Graph Mamba Networks n nodes fp32 states, layers long-range graph benchmarks  PyTorch [143]
GNN Graph-Mamba n nodes fp32 states, node long-range graph sequence PyTorch [144]
selection data
RL Control MuZero planning model 96 x 96 or fp32 saliency Atari, Go, chess, shogi JAX or reimpl. [108]
state
Control DreamerV3 world model 64 X 64 or fp32 saliency, latent Atari, DMControl, Minecraft JAX [109]
state states
Control EfficientZero V2 image or fp32 latent states, Ataril00K, Proprio Control, PyTorch [145]
state rollout Vision Control
Control Genie world model video/image fp16/bfl6  latent actions, unlabelled video, interactive JAX [146]
prompt rollouts worlds
Control TD-MPC2 state or fp32 latent states, DMControl, Meta-World, PyTorch [147]
image planning ManiSkill2
Control Genie 3 world model text/image fp16/bf16  latent rollouts interactive generated internal/research [148]
prompt environments preview

(continued on next page)
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Table 5 (continued)
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Domain Task Family/model Input Prec. XAI hooks Typical data Env. Ref.
Recsys CTR DCN-V2 hybrid model id + cont. fp32 feat. contrib. Criteo, web-scale ranking TF or PyTorch [110]
data
Seq S3-Rec self-supervised model seq ids fp32 attention Amazon sequential data PyTorch [111]
Seq Contrastive sequential model seq ids fp32 attention Amazon sequential data PyTorch [112]
Graph/LLM LLMRec graph + text fpl6 graph aug., recommendation graphs PyTorch [149]
token scores
Seq/Gen TIGER generative retrieval semantic id fpl6 token scores Amazon, sequential data PyTorch [150]
seq
Seq Mamba4Rec seq ids fp32 states, sequence Amazon, MovieLens PyTorch [151]
saliency
Seq Selective Gated Mamba seq ids fp32 states, gates sequential recommendation PyTorch [152]
data
Table 6

Representative explainable Al methods for CV, grouped by mechanism. For each method we list the model access it requires, the explanation it produces, the evaluation

typically applied, and its publication venue.

Method Family Model access required Explanation output Typical evaluation Venue, year
Grad-CAM [9] Gradient-based CAM Gradients and last Class-discriminative Weakly supervised localization, pointing ICCV, 2017
convolutional feature heatmap game, class discrimination study (AMT)
maps
Grad-CAM++ [114] Gradient-based CAM Gradients and feature Heatmap with im- Average drop, confidence increase, win WACV, 2018
maps proved multi-instance percentage
localization
XGrad-CAM [153] Axiom-based Gradients and feature Heatmap satisfying sen- Class discrimination study, confidence drop BMVC, 2020
gradient CAM maps sitivity and conservation (perturbation analysis), axiom analysis
axioms (sensitivity and conservation)
LayerCAM [154] Hierarchical Gradients at multiple Multi-layer fused Weakly supervised localization and IEEE TIP, 2021
gradient CAM layers heatmap segmentation

Score-CAM [37]
Ablation-CAM
[155]

Eigen-CAM [156]
Occlusion
sensitivity [116]
Meaningful
perturbations [27]
RISE [115]
Transformer

attribution [10]

ProtoPNet [15]

ProtoTree [16]

PIP-Net [17]

TCAV [14]

Sanity checks [26]

ROAR [74]

Gradient-free CAM

Gradient-free CAM

Gradient-free CAM

Perturbation
Perturbation
Perturbation, black
box

Relevance
propagation

Prototype, intrinsic

Prototype tree,
intrinsic
Prototype, intrinsic

Concept-based, post
hoc

Evaluation protocol

Evaluation protocol

Forward passes with
masked activations

Forward passes with
channel ablation

Activations of the
convolutional layer

Forward passes with
sliding occlusion
Gradients and learned
mask optimization

Forward passes with
random masks

Attention and gradient-
based relevance

Learned prototype layer
Soft decision tree over

prototypes
Patch-based prototypes

Activations and concept
activation vectors

Model and label
randomization

Iterative remove and
retrain

Class heatmap without
gradients

Class heatmap
Heatmap from principal
components of feature
maps

Occlusion saliency map

Optimized saliency
mask

Saliency map for any
black-box model

Relevance map for
vision transformers

Prototype activations
and similarity scores

Prototype decision path

Sparse prototype scores

Concept sensitivity
scores

Pass or fail diagnostic

Accuracy-degradation
curve

Average drop, confidence increase, dele-
tion/insertion AUC, energy-based pointing
game

Average drop and percent increase in
confidence and activation score, win
percentage

Localization assessment

Classification accuracy, occlusion, feature
visualization

mask representativeness across con-
stant/noise/blur perturbations, minimality
of deletion region

Deletion game (softmax suppression), mask
representativeness across constant/noise/blur
perturbations, minimality of deletion region
Positive and negative perturbation AUC,
segmentation pixel-accuracy/mloU/mAP,
token-F1 on Movie Reviews (ERASER)
Classification accuracy on CUB-200-2011
and Stanford Cars, qualitative prototype
visualization

Top-1 accuracy, number of prototypes as
interpretability measure, ensemble accuracy
Classification accuracy, prototype correlation
with ground-truth object parts, sparsity ratio,
out-of-distribution detection

Statistical significance testing, sorting and
activation maximization, ground truth track-
ing on synthetic dataset, bias analysis on
standard networks

Randomization test, data label permutation
test, similarity measured by Spearman rank
correlation, Gradients and Grad-CAM pass,
Guided BackProp and Guided Grad-CAM fail
Retraining benchmark

CVPR Workshops,
2020
WACV, 2020

IJCNN, 2020

ECCV, 2014

ICCV, 2017

BMVC, 2018

CVPR, 2021

NeurIPS, 2019

CVPR, 2021

CVPR, 2023

ICML, 2018

NeurIPS, 2018

NeurIPS, 2019

OpenML evaluations using accuracy, AUC, and log loss [133]. Regardless
of the benchmark, the evaluation protocol, including preprocessing,
splits, random seeds, and any task-specific evaluator, should be reported
explicitly so that scores remain reproducible and comparable across

studies.

Beyond these task benchmarks, XAI methods are assessed with
explanation-specific metrics that quantify how well an explanation re-
flects the model rather than how well the model performs its task.
Faithfulness is commonly measured by deletion and insertion AUC and

by comprehensiveness and sufficiency [38,115], reliability by infidelity
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Table 7

Task benchmarks and task metrics by domain for the surveyed model fami-
lies. These are the datasets and task-level metrics on which the base predictors
and their explanations are evaluated; explanation-specific evaluation metrics are
summarized in Section 2.2 and recorded per method in Table 6.

Domain Task Dataset Size Metric Ref

Vision Cls ImageNet Real. 50k Top-1 acc [157]
Vision Det Open Images V6 1.9M mAP [158]
Vision Seg Waymo Open large mloU [159]
NLP NLU SuperGLUE 8 tasks Acc, F1 [160]
Time series Fcst ETT, ECL 1.3M MAE, MSE [102]
Graph Node/Link OGB varies Acc, ROC AUC [161]
RL Offline D4RL many Norm. return [162]
RL Procgen Procgen 16 games  Avg. return [163]
Recsys News MIND 160k users AUC, NDCG [164]
Recsys Video KuaiRec 22M inter. AUC, NDCG, HR@K [165]
Tabular Cls TabPFN suite small tasks Acc, AUC, logloss [133]

and sensitivity [75], and trustworthiness by randomization-based sanity
checks [26]. These metrics, their typical use, and representative meth-
ods are described in Section 2.2 and recorded per method in Table 6.
Protocol choices, including the baseline or background set, masking
strategy, sampling budget, and layer selection, strongly affect these
scores, so comparability across studies requires reporting these settings
alongside the metric.

5.3. Human and developer factors

Human and developer factors define whether explanations help
real work. Human factors encompass how users interpret, trust, rely
upon, and act upon Al explanations, including cognitive load and time.
Developer factors encompass how teams design, integrate, log, and gov-
ern explanation capabilities in tools and services. This section reads
Tables 8 and 9 together with the model catalog in Table 5. Table 8
quantifies effects in controlled and field studies from 2020 to 2026.
Domain and Task set the context. Explainer names the method in plain
terms, for example, gradient class activation mapping, heatmaps, or
token highlights, and expands names on first use, for example, class
activation mapping (CAM) and Shapley additive explanations (SHAP).
Design encodes the experiment and its control: w for within subjects, b

Computer Science Review 62 (2026) 101037

for between subjects, and fld for field deployment, with the baseline in
parentheses, such as no explainer or a hint baseline. N is the sample size.
Four stacked columns report direction and magnitude for trust, reliance,
accuracy, and time using each study’s tests, where “+small” denotes
a small positive change and “neutral” denotes no reliable change, and
Notes lists the main measures. Evidence shows that explanations can
increase trust and acceptance of Al recommendations, while comple-
mentary accuracy gains are not reliably achieved by explanations alone
[166]. Learning to defer frameworks route hard cases to human ex-
perts, with algorithmic guarantees of improved combined team accuracy
[167]. Field studies in public services and healthcare report faster work
and modest accuracy gains when advice includes provenance and con-
fidence cues [168-171]. Confidence displays help users act selectively
[172]. Interface wording can shift trust without changing accuracy, so
preregistration and blinded analyses are required [173]. Table 9 turns
these results into an engineering plan. The phases mark where work
happens: Train, Eval, Debug, Ship, and Monitor. Surface identifies the
user interface, for example, a notebook, dashboard, integrated develop-
ment environment (IDE), service, or operations. Task states the activity.
Explainers list the methods to expose. Hooks lists the signals to en-
able, for example, gradients, attention, forward passes, and masks. Logs
name artifacts to capture like seeds, inputs, outputs, explanations, and
diffs. Guardrails list enforceable rules such as rate caps, privacy filters,
and removal of personally identifiable information (PII). Env provides
the runtime, such as PyTorch, JAX, or a production stack in opera-
tions. Recommended practices include power analysis, reporting effect
sizes with confidence intervals, releasing prompts and seeds, fixed color
scales, class-aligned explanations, uncertainty labels, a simple control
map, out-of-scope warnings, and complete user interface toggle logs.

5.4. Efficiency and robustness

Table 10 summarizes practical adaptation choices that improve the
efficiency of predictors and serving stacks while preserving task perfor-
mance. The table is intentionally conservative: it reports only effects
directly supported by the cited studies and avoids fixed claims about
latency, memory reduction, energy savings, or robustness scores unless
such values are measured under the same model, dataset, input size,
batch size, precision, hardware, and evaluation protocol.

The selected levers cover six common efficiency directions.
FlashAttention and FlashAttention-2 reduce attention memory traf-
fic while preserving exact attention computation [174,175]. GPTQ

Table 8
Human effects of explanations. Control is merged into design to save space. Abbrev: w within, b between, fld field; ne no explainer; hb hint baseline; bau business as
usual.
Domain Task Explainer Design N Effect Effect on reliance  Effecton  Effect Notes (measures)
on trust accuracy  on time
Vision Triage Grad-CAM heatmap w (ne) 48 +small neutral + small +small Likert, accuracy, time [166]
NLP Fact check token highlights b (hb) 120  neutral +small neutral +small accuracy, time [166]
Public sector ~ Screening saliency plus policy notes  fld (bau) 80 +small neutral neutral +small decision quality, time [168]
Clinical Diagnosis aid  advice with confidence fld (no advice) 26 +small +small +small +small accuracy, time [171]
Mixed Review with confidence display b (no confidence) 160  +small lower overuse +small neutral accuracy, clicks [172]
confidence
Table 9
Developer workflow for explanations with hooks, logs, and guardrails.
Phase Surface Task Explainers Hooks Logs Guardrails Env
Train Notebook  slice debug grad, attention, occlusion grad, attn, layers seed, input, output, clip values, seed lock PyTorch
explanations, commit
Eval Dashboard compare models Grad-CAM, shap, rise grad, mask, forward dataset id, metric, input limits, report cache  PyTorch, JAX
explanation stats, diffs
Debug IDE failure drilldown saliency, counterfactual mask layers, mask, grad case id, steps, diffs, notes PII strip, export policy PyTorch
Ship Service online audit light saliency, feature attributions minimal hooks sampled requests, rate caps, privacy filter PyTorch
summary stats
Monitor  Ops drift and bias watch  concept tests, attribution shift layers, grad drift metrics, alert log rollback, review queue any
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Table 10

Adaptation menu for efficient predictors and serving stacks.

Computer Science Review 62 (2026) 101037

Lever (with citation) Technique

Setting

Supported efficiency effect

Supported fidelity or accuracy
effect

Validation needed before use

Attention kernel [174,
175]

FlashAttention /
FlashAttention-2

Quantization [176] GPTQ

Sparsity [177] SparseGPT

Token reduction [178] Token Merging

(ToMe)
Token pruning [179] DynamicViT
Early exit [180] FastBERT

exact attention kernel

one-shot 3/4-bit
weight PTQ

one-shot 50-60%
sparsity

r tokens merged per
block

hierarchical dynamic
token sparsification

uncertainty-based
adaptive exit

Reduces memory traffic in atten-
tion and improves throughput,
especially for long sequences;
FlashAttention-2 further improves
parallelism and work partitioning
over FlashAttention

Compresses GPT-family models

to 3 or 4 bits per weight without
retraining; the paper reports quan-
tizing 175B-parameter models in
about four GPU hours and running
OPT-175B on a single A100 after
compression

Prunes GPT-family models to at
least 50% sparsity without retrain-
ing; the paper reports execution
on OPT-175B and BLOOM-176B in
under 4.5 hours and up to 60%
unstructured sparsity in large
models

Merges similar tokens inside trans-
former blocks without requiring
retraining; the paper reports about
2x throughput for ViT-L/ViT-H
image models and 2.2x through-
put for ViT-L video in tested
settings

Uses lightweight prediction mod-
ules to estimate token importance
and dynamically prune redun-
dant tokens at different layers;

the paper reports pruning 66% of
input tokens, reducing FLOPs by
31-37%, and improving through-
put by over 40% in tested vision
transformers

Adds student classifiers to inter-
mediate Transformer layers and
exits early for easier samples;

the paper reports tunable infer-
ence speedups from about 1x to
12x over BERT, depending on the
selected threshold

Exact attention computation; no
approximation-induced accu-
racy loss is expected apart from
numerical precision differences

Reports negligible degradation
relative to FP16 baselines, mainly
measured by perplexity and down-
stream zero-shot accuracy; the
paper also reports end-to-end in-
ference speedups of about 3.25x
on A100 and 4.5x on A6000 in its
tested setup

Reports minimal accuracy loss,
measured mainly through per-
plexity and zero-shot accuracy;
larger models are shown to be
more compressible

Reports small accuracy drops of
about 0.2-0.3% in the reported
image and video settings; when
used during training, it also re-
ports 2x throughput for ViT-B
audio with about 0.4% mAP drop

Reports an accuracy drop within
0.5% on ImageNet for various
vision-transformer models under
the reported pruning setting

Reports competitive accuracy with
small performance loss through
self-distillation across twelve
English and Chinese NLP datasets

Validate numerical agreement,
batch size, sequence length, pre-
cision, and hardware-specific
throughput

Requires representative calibra-
tion data and task-level validation;
activation quantization is not in-
cluded, and multiplication speedup
is limited by mixed-precision
hardware support

Actual inference speedup depends
on sparse-kernel support and
hardware compatibility; semi-
structured 2:4 or 4:8 sparsity

is more hardware-friendly than
unstructured sparsity

Tune r for each model, input res-
olution, modality, and dataset;
exact latency and memory gains
should be measured on the target
hardware

Requires training or fine-tuning

of the token prediction modules;
actual speedup should be validated
for the target model, batch size,
input resolution, and hardware

Requires task-specific fine-tuning
and self-distillation of branch clas-
sifiers; the exit threshold must be
calibrated for the required speed
and accuracy trade-off

compresses GPT family models through one-shot 3/4-bit post-training
weight quantization and reports efficient inference with minimal degra-
dation in the tested settings [176]. SparseGPT performs one-shot prun-
ing of large GPT-style models to high sparsity without retraining, with
accuracy evaluated primarily through perplexity and zero-shot perfor-
mance [177]. ToMe improves the throughput of vision, video, and audio
transformers by merging similar tokens within transformer blocks [178].
DynamicViT reduces computation by dynamically pruning less informa-
tive tokens using learned token-importance prediction modules [179].
FastBERT reduces average inference cost by allowing easy samples to
exit from intermediate Transformer layers through uncertainty-based
adaptive inference [180].

For each method, the table separates the supported efficiency effect
from the supported fidelity or accuracy effect. This distinction matters
because an efficiency method may reduce computation in the original
paper yet still require local validation before deployment. Quantization
requires representative calibration data, sparsity requires hardware or
library support for sparse inference, token merging and token pruning
require tuning for the model, resolution, and dataset, and early exit
methods require task-specific threshold calibration. Robustness is there-
fore treated as a validation requirement rather than a universal fixed
score. In this work, an adaptation is accepted only after rechecking
task performance, numerical agreement where applicable, and stability
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under the target deployment conditions. This makes Table 10 a practical
guide for selecting efficient configurations without overstating results
beyond the evidence in the cited papers. The levers in Table 10 act
on the predictor and the serving stack, which set the compute budget
within which explanations are produced; they do not by themselves
reduce the cost of an explanation method. Explanation cost is a sep-
arate concern. Gradient and CAM methods are inexpensive, requiring
one or a few backward passes, whereas perturbation and removal-based
methods, such as RISE, occlusion, and Shapley estimators, are domi-
nated by the number of forward passes and scale poorly to large inputs.
Documented strategies for reducing explanation cost include amortized
estimators that predict attribution in a single forward pass [61] and
structure-exploiting computation for tree ensembles [76]. The stability
of the resulting explanations across input variation, random seeds, and
distribution shifts is treated as a validation requirement rather than a
fixed score, and the patterns observed across the surveyed studies are
summarized in Section 5.5.

5.5. Governance and reproducibility

Governance expectations for explainable Al are increasingly shaped
by risk management and documentation regimes such as the NIST Al
Risk Management Framework, ISO/IEC 42,001, and the EU Al Act,
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which together call for documented risk assessment, human oversight,
and post-deployment monitoring of high-risk systems. These regimes
define obligations but leave open the concrete artifacts that make an ex-
planation pipeline auditable. Peer-reviewed proposals supply several of
these artifacts: Datasheets for Datasets, Data Cards, and Data Statements
structure the documentation of a dataset’s source, license, preprocess-
ing, and known limitations [181-183], and model cards summarize a
model’s intended use, evaluation conditions, and limitations [184]. For
explanations specifically, explainability fact sheets propose criteria for
assessing explainable approaches [185], and evaluation toolkits such
as Quantus provide standardized faithfulness and robustness metrics
that can be logged with an explainer’s configuration [23]. Empirical
surveys of Al research find that key experimental, data, and method de-
tails are frequently under-reported, which limits reproducibility [186];
widely recommended practices therefore include preregistering and re-
leasing the protocol, pinning code and dependencies, fixing and logging
random seeds, versioning datasets, and publishing an executable envi-
ronment with the code [187]. For human subject studies, preregistered
analysis plans and de-identified data sharing are advisable where per-
mitted, and auditing frameworks situate such practices within broader
accountability processes [188,189]. Across the studies we reviewed,
governance and reproducibility reporting are uneven, and the follow-
ing patterns are qualitative observations rather than measured effects.
Methods that report strong faithfulness, such as perturbation-based
approaches and exact Shapley estimators, tend to be the most computa-
tionally demanding and rarely report energy use or edge device latency,
whereas efficiency-oriented methods, such as gradient saliency and at-
tention heatmaps, are more often reported as sensitive to seed variation
and distribution shift. Human-subject evidence is comparatively lim-
ited, with small sample sizes and inconsistent reporting of effect sizes,
and documentation or licensing artifacts appear more frequently in vi-
sion and NLP work than in graph or reinforcement learning. These
observations point to a need for a shared evaluation infrastructure that
records faithfulness, robustness, computational cost, human outcomes,
and governance artifacts within a single reproducible protocol.

6. Conclusion

This survey establishes a comprehensive framework for explainable
artificial intelligence (XAI) from 2020 to 2026, linking model architec-
tures and explanation methods across seven domains to standardized
datasets, evaluation protocols, human outcomes, computational char-
acteristics, and governance requirements. The synthesis shows that
faithfulness and stability depend critically on matched baselines, fixed
random seeds, and controlled sampling budgets. Human outcomes are
nuanced: explanations can increase trust and acceptance of Al rec-
ommendations, yet complementary accuracy gains are not reliably
produced by explanations alone and emerge only under specific con-
ditions and calibrated interface design. The survey offers actionable
guidance through lifecycle workflows, an adaptation menu that docu-
ments efficiency and fidelity trade-offs for each lever, and governance
artifacts that map policy to technical implementation.

Several gaps remain open. The field needs unified benchmark suites
that pair architectures with explanation methods under standardized
protocols and contamination detection. Faithfulness evaluation should
converge on documented baselines, sampling budgets, and shared
toolchains that report deletion and insertion AUC alongside robustness
metrics. Human studies should scale to realistic workloads with pre-
registered analyses and confidence intervals. Computational research
should extend to long sequences and streaming settings and document
energy constraints for edge deployment. Robustness protocols should
cover seed variation, noise, augmentation, retraining, and distribution
shift. Governance integration should be tightened to ensure that every
release ships with SPDX licenses, risk registers, and software bills of
materials, as well as commit-pinned repositories and validation-ready
containers. By turning explanations from ad hoc demonstrations into
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standardized, auditable components, this survey helps practitioners se-
lect methods with evidence-based confidence, researchers run rigorous
evaluations, and auditors verify compliance through systematic val-
idation. The path forward rests on shared benchmarks, transparent
reporting, and governance-aware design.
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