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ABSTRACT

Heterogeneous edge networks put computing close to users and sensors, but with strict latency, energy
and reliability requirements, resource managers need to decide where workloads execute, where to allo-
cate radio resources and compute resources, and when to move the workload to another node. Learning-
based policies are able to adjust to varying demand, but they have been hard to audit and can be too
complex to explain or infer by resource-limited devices. This review brings together the basic concepts
of edge computing technologies, optimization-based allocation, reinforcement learning approaches, ex-
plainable Al and efficient inference research. It marks a gap in co-design: Allocation performance, ex-
planation fidelity, and explanation cost are frequently considered a separate and isolated concern. We
present an explainable resource-allocation architecture, including a non-blocking explain path and a fast
control path, which is light weight. The fast path contains compact state representations, the constraints,
and the feasibility shield; the explanation path contains the most important state factors, the constraints
that were still kept active, the alternatives that were discarded, and the counterfactuals that were feasible
and could be acted on. An evaluation protocol derived from a review is given for comparing the latency,
deadline miss, energy, fairness, policy cost, explanation fidelity and operator usefulness. The paper also
does not make any claim of experimental validation of the proposed architecture. It ends with research
questions concerning temporal explanations, coordination with multiple agents, uncertainty, privacy,
and reproducible benchmarks.

Keywords: Edge intelligence, Mobile edge computing, Resource allocation, Task offloading,
Explainable artificial intelligence, Reinforcement learning, Real-time systems, Heterogeneous networks

I Introduction

The idea behind edge computing is to get the computing and storage closer to sensors, mobile users, vehi-
cles, and industrial equipment. It's not a tiny cloud, but it is about minimizing the distance between where
data is created and where it is used and the service is executed. There are variations in the types of proces-
sors, the availability of the accelerators, the amount of memory, the availability of energy, radio conditions,
and administrative control of the nodes. There's also a variation in workloads, such as sustained inference for
a camera stream, a hard deadline for a control workload, or partial offloading of a mobile application. Thus,
computation, communication, storage and placement of edge resources need to be coordinated across the
ever-changing collection of devices (Shi ez al., 2016) M- (Mach ez al., 2017) 31,

Previous research had shown that edge performance is not only compute scheduling based. Previous work
had shown that edge performance is not compute scheduling only based. Offloading, allocation and provi-
sioning are clearly distinguished in surveys, and, optimization studies utilize both wireless resources and
computational resources (Luo et al., 2021) [#] (Chen et al., 2016) P (Yang ez al., 2018) [1°]. Later learn-
ing-based methods tackle the challenge of making repeated decisions for dynamic and/or combinatorial sce-
narios, such as multi-user decisions (Xiong et al., 2020) (19 (Liu et al., 2019; Liu et al., 2023) (21, 31
(Baek et al., 2021) [33], vehicular decisions (Chen ez al., 2019) [221— (Yan e al., 2020) [24] and task graph
decisions (Bi et al., 2021) [23]. While their results are sufficient for the adaptive allocation to be a good de-
sign direction, there are other requirements in a production system. A controller has to comply with a period,
within which the service is to be executed, hard capacity and safety limitations, and the reasons for choosing
an allocation, when operators inquire about the reason for a missed service target.

Explainability is important because the allocation of edges to services has impact on the observable out-
comes of services, such as delay, energy consumption, fairness, and task completion. A deep policy could se-
lect a nearby node because the path is clogged, or decline a fast node accelerator due to its filled queue, or
opt to keep work local because the energy of the transmissions outweighs the energy of the faster node ac-
celerators. When the controller only identifies an action identifier, operators cannot easily tell where a rea
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sonable course of action or trade-off is coming from, or if it's a stale
state estimate, a model failure or an infeasible action. The
Explainable Al (XAI) provides means to explain the factors behind
the decisions and the action of the models (Ribeiro ez al., 2016) 7]
and (Arrieta et al., 2020) [38] and recent studies have used explain-
ability in Federated Resource Management and Federated Edge
Intelligence (Patni e al., 2024) B34 — (Nguyen ez al., 2025) [30]. The
strands are interrelated although not routinely measured in the same
manner as allocation policies, using real-time and resource measures.
This paper is a critical integrative review of that place of intersection.
It brings four contributions to the systems field: (1) a systems-level
formulation that considers allocation, explanation, and meeting dead-
lines as related issues; (2) a taxonomy that correlates the allocation
methods with the kind of explanation evidence they can provide; (3) a
light-weight architecture that separates the time-critical control loop
from the richer explanatory information; and (4) an evaluation proto-
col that yields measurable outcomes of performance, fidelity, and us-
ability. Architecture is a design proposal that is found from literature,
not tested algorithm. The paper is designed for guidance in implemen-
tation and experimentation, albeit not as a means to ensure trustwor-
thy and safe behaviour by itself.

IT Review scope and method

The review is organized into the following bodies of peer-reviewed
works: edge and mobile-edge foundations and surveys (Shi et al.,
2016) M- (Xu er al., 2021) [#], optimization and online resource allo-
cation (Chen et al., 2016) P= (Liu ez al., 2024) [18], learning-based
allocation and orchestration (Xiong et al., 2020) [19- (Baek er al,
2021) B3] and X AL explainable edge applications, and efficient infer-
ence (Patni e al., 2024) B4— (Deng et al., 2020) 491, The list of
sources covers the period 2015-2025 and the sources are comprised of
surveys, journal articles and a base conference paper. We grouped the
sources based on the decision problem they are solving, the learning
or optimization mechanism they employ and the evidence they give
regarding operational cost or explanation. The synthesis focuses on
the nodes and workloads that are not uniform, but rather have consid-
eration for nodes that are time sensitive.

This is an integrative critical review, not systematic review or quanti-
tative meta-analysis as per the PRISMA guidelines. The performance
measures listed in the cited studies are quite diverse and require a dif-
ferent workload model, network assumptions, objective functions,
simulators, and baseline so it is misleading to pool the values of the
performance measures listed in the cited studies. The review is not re-
ported as the number of screens counted or is not exhaustive. It has
been created with the aim of comparing design assumptions, estab-
lishing a set of dimensions that can be reproduced in future empirical
research purposes and to develop a framework that is available for fu-
ture empirical research to validate. In the tables, the designator repre-
sentative means that the papers within the range cited are representa-
tive of research clusters rather than that all the papers within the range
are conducted in the same manner or yield the same outcome.

III Edge resource allocation problem

A Heterogeneous system model

The time varying graph of end devices, access points, edge servers,
and cloud resources can be used to represent a practical edge system.
A capacity vector, that defines the CPU cycles, the accelerator
throughput, memory, storage and available energy of each compute
node, is defined. A capacity vector, which specifies the number of
CPU cycles, the number of accelerator cycles, memory, storage, and
available energy of each compute node, is defined. Network links
have bandwidth, propagation delay, loss and may be of different
costs. Tasks are received with characteristics like input volume, com-
pute necessities, deadline, dependence construction, class of confi-
dentiality and minimum service quality. Tasks come with features like
input volume, compute requirements, deadline, dependency structure,
class of confidentiality and minimum service quality. There are cer-
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tain tasks which can be divided into subtasks, and some which require
to be performed as part of a single task or a directed acyclic graph of
tasks. Observed tasks and node properties may not be exactly as they
are expected: Queues can be delayed, wireless quality can vary and
devices can come or go. The architecture surveyed in edge intelli-
gence and resource scheduling research is heterogenous (Luo et al.,
2021; Zhou et al., 2019; Xu et al., 2021) [4. 6. 8] which is the core of
the architecture.

B Decision variables and objectives

B Decision variables and objectives.

The controller can choose a serving node at every decision epoch, de-
termine whether to offload or not, set the CPU or accelerator share,
reserve bandwidth and transmit power, order tasks and decide
whether to replicate or migrate a service. A weighted sum of latency
and energy are typically minimized in the classical formulations un-
der the constraint of radio, compute and task (Chen et al., 2016) Bl
(Yang et al., 2018) [1°]. Throughput, Quality of experience, utiliza-
tion, cost, reliability and fairness are other objectives (Wu et al.,
2021; Liu ef al., 2024; Algerm et al., 2021) [17- 18. 23] There can be
bad compromises that are hidden in a single weighted sum, such as a
small reduction in the average latency that can be accompanied by a
large number of deadline misses for one service class. A good design
will therefore identify what outcomes are hard constraints, what out-
comes are optimization goals and what outcomes are monitored as
distributional safeguards.

C A review level formulation

Let y; be the observed state of the system, a; be the allocation action
and z; be the uncertain task and network conditions. One general goal
over horizon T is to minimize the expected total of weighted task la-
tency, energy, cost when the task is not completed on time, cost of mi-
grating a task from its origin node to destination node, and cost of
contention among tasks for a given node, while satisfying per-node
capacity constraints and per-task feasibility constraints. A lightweight
XAI system adds an extra explanation budget B, that could be defined
by time, memory or energy for the explanation generation and a qual-
ity criterion for the evidence that is associated with a decision.
However, we do not assume that the quality of explanation is auto-
matically expressed by a scalar reward and instead formulate this as a
constrained design problem. A policy is a function a, = ﬂ(xt),
whereas an explanation function produces e, = g(x,, a;, T, c[) con-
taining active constraints and the version of the model. These pro-
posed equations form a design vocabulary, which isn't an empirical
model that's fitted to a specific network.

The use of cash and/or food to determine how resources are
prioritized.

A optimization and heuristic control

A optimization and heuristic control.

Optimization-based allocation gives explicit objectives, constraints.
Large problems may be more tractable by decomposition and/or con-
vex relaxation, or be provably more efficient given certain assump-
tions using online heuristics (Sardellitti e al., 2015) [10- (Yang et al.,
2018) 1161 (Bi et al., 2021) [23]. They have the advantages of inter-
pretability of variables and clear relationship between constraints and
decisions. This allows them to be used as a baseline and for explana-
tion - the controller may report a bandwidth limit, a queue constraint
or an energy trade-off. Their limitations are they aren't successful if
the state is partially obscured, their model isn't correct, or the number
and type of edge nodes increases. Solving a large optimization prob-
lem repeatedly might exceed a real-time decision budget, particularly
if the number of tasks, and link conditions (or the rate of change) in-
crease quicker than the solver can converge.

C Social networks and the impact on communities

Reinforcement learning models sequential resource decisions as a
policy, which takes in action a state and then gets a reinforcement.
The published works use deep reinforcement learning to represent
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nonlinear relationships, and adapt to the dynamics of workloads;
some examples include IoT offloading, virtual edge systems, vehicle
networks, task graphs, augmented reality and task orchestration
(Xiong et al., 2020) [191-1241 (Chen er al., 2021) [27]— (Sheng et al.,
2021) [29], (Liu et al., 2023) 31— (Back er al., 2021) [33], Multi-agent
policies are policies which are spread across devices, or edge nodes,
and federated approaches aim to coordinate learning without central-
izing all data (Liu ef al., 2020; Yu et al., 2021) [20- 20] These tech-
niques may enhance adaptability, but their operational characteristics
are a function of state design, reward scaling, exploration control,
training data, and relationship between the simulated network and de-
ployed network. A high-reward policy can still result in inappropriate
actions, unstable policy when distribution shift, or hard-to-explain
policies to a network operator.

A lightweight constraint, C Real-time control is a flexible, yet
powerful constraint. C Real-time control is a flexible yet
powerful constraint

The low average inference latency is not the only thing that is real-
time allocation. A control decision has to be completed before the
time of scheduling or application and the tail of the distribution of the
latency matters. The performance of the models is in competition for
the same CPU, accelerator, memory and energy that is used to execute
user tasks. The cost of distributed decisions and large action spaces
are explicitly considered as system concerns in the development of
lightweight reinforcement learning for vehicular edge allocation (Wu
et al., 2025) [30], Research on efficient inference demonstrates that af-
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ter deployed, it is important to verify the accuracy and robustness of
compression and hardware acceleration (Sze et al., 2017; Deng et al.,
2020) [39- 401 to reduce the cost of the model. The objective is the en-
tire decision process for the proposed class of systems, namely,
telemetry acquisition, construction of the state, inference of the pol-
icy, feasibility checks, dispatch, and possibly any work of explanation
that prevents action. Explanation design needs to be designed within
that pathway and budgeted as part of that pathway.

V Explainability for edge allocation

The purpose of XAI methods is to respond to various queries and thus
cannot be considered to be the same. Global explanations explain the
overall policy behaviour, for example, which state features are affect-
ing allocations over a workload distribution. Local explanations pro-
vide explanations of one decision, i.e., why the task i was given in
node j at time t? Feature-attribution methods provide estimates of the
values of inputs that most affected an output; surrogate models can
help approximate a policy with a simpler local rule; counterfactuals
can help identify state changes that might lead to a different action;
and traces of the rules or constraints can be used to show which ex-
plicit conditions admitted or denied candidate actions. The LIME
method is a primitive illustration of local model-agnostic explanation
(Ribeiro ef al., 2016) [37] and more comprehensive XAl taxonomies
explore ideas, opportunities and limitations (Arrieta et al., 2020) [38].
When it comes to allocate resources, it's far better to have action level
evidence than a general statement that “CPU load was important.”

Table 1. Research clusters and their implications for the proposed design

Research cluster

Representative evidence Strength for allocation

Remaining issue for an explainable real-time design

Optimization and on- [?1-[18] [25]

line control

Deep and multi- [19]_[24] [27]_[29] [31]-

agent reinforcement 1331 cisions across varied edge

learning applications

Federated and multi- [20], [26] Coordinates distributed decisions

timescale learning while addressing data locality

Lightweight learning [3], [32] Reduces action or execution cost for

and orchestration constrained edge settings

XAI and explainable [341-[38] Provides explanation concepts and

edge applications task-specific edge or resource-man-
agement examples

Efficient inference [391 1401 Compression and hardware-aware

execution can reduce model cost

Explicit objectives, constraints, and
interpretable feasibility conditions

Learns nonlinear and sequential de-

Model assumptions and solver cost can limit adapta-
tion under partial observation and rapid state change
Policy behavior, generalization, invalid actions, and
operator-facing rationale need separate evaluation

Coordination overhead, privacy leakage through
traces, and explanation across agents

Compression and reduced action spaces must preserve
deadline performance and explanation fidelity

Few shared benchmarks for multi-resource placement
actions and hard deadlines

Needs post-compression calibration, safety checks,
and explanation-cost accounting

A helpful allocation explanation should have a question from the op-
erations. It can declare that the chosen node had fulfilled the deadline
estimate, accelerator memory condition and didn't find the uplink to
be congested; it can also specify that there was a competing node that
had a queue estimate higher than a threshold. If the estimated uplink
delay was less than a given value, then the next best node would be
available, and we would have a trade-off that would go further if we
lowered the uplink delay. These explanations must assume that the
controller has some state and constraints from the decision time. It is
risky to try to create an explanation at a later point in time, based on
current telemetry, as it may be a description of another network state.
The following should, therefore, be recorded with each explanation
record: temporal provenance, model version, input timestamp, and
uncertainty.

The direct evidence base is coming into being. In the field of resource
management, explainable Al has been used in hierarchical federated
learning (Patni et al., 2024) [34]; for aerial surveillance, an explain-
able edge framework has been created for the application of aerial
surveillance (Zhu et al., 2025) 1351 and for industrial inspection, an
explainable edge framework is also being developed for the use of in-
dustrial inspection (Nguyen et al., 2025) [3°]. While these works
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demonstrate the possibility of edge-side explanation in a task-specific
context, they do not provide a widely accepted way of using explana-
tion to explain real-time placement and resource actions across a
number of heterogeneous nodes. It is noted that there is a difference
in structure between explaining the prediction of a classifier and ex-
plaining a joint action over node placement, CPU share, radio capac-
ity and deadline constraints. A resource manager must be given expla-
nations that maintain this action structure and reveal which con-
straints are binding.

In addition, there are several aspects of explanation quality. Fidelity
asks if the explanation is correct, to mean the policy or explicit deci-
sion logic is available. Stability is asking the question of whether
small, irrelevant changes in the State give very misleading accounts.
Completeness: Does the important decision factors and constraints are
represented? Usefulness has to do with whether an explanation is use-
ful to the operator to diagnose the problem with a service or select a
corrective action. Confidence should reflect uncertainty in state esti-
mates, and in the explanation method. These attributes may come into
conflict: A concise explanation may be easily readable but lack con-
text, or a very detailed explanation may be costly to run on a com-
puter and hard to examine quickly. Therefore, the following explana
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tion metrics should be reported separately in a paper from the alloca-
tion reward and execution latency.

https://www.computersciencejournals.com/ijecs

Table 2. Explanation methods for resource-allocation decisions

Method Decision evidence it can provide

Edge cost and principal caveat

Constraint and rule trace
son an action was rejected
Feature attribution
action score
Local surrogate
rule around one state
Counterfactual
explanation ferent action
Temporal trace
comes around a service event

Feasible set, binding capacity, deadline test, and rea-
State features associated with a selected action or
Approximate local decision boundary or compact
Small feasible state change that would select a dif-

Sequence of state changes, allocations, and out-

Low cost when constraints are explicit; may not explain
learned preference among feasible actions

Can be costly or unstable under correlated telemetry; attribu-
tion is not causal proof

Requires sampling and fidelity checks; local validity may not
extend to nearby operating regimes

Must respect coupled network dynamics and hard constraints;
search can be expensive

Requires time-synchronized logging, retention controls, and
clear separation of observation from inference

Explanation-aware edge resource management architecture

10T « mobile « vehicles
Deadlines and privacy

Telemetry and state

» Queues ° links * energy
Freshness and confidence

f
Fast control path
- - Compact policy
Vel Feasibility shieid

Tasks and devices N~

=

Explanation service
Decision factors
Constraints ¢ alternatives

Audit and operator view
Timestamp ¢ model version
Counterfactual ¢ uncertainty

Heterogeneous edge
CPU « GPU « NPU » memory
Radio and storage

Figure 1. Explanation-aware edge resource management architecture

VI Proposed lightweight explainable framework

The framework comprises of six logical components: Telemetry and
state layer, compact allocation policy, feasibility shield, dispatch con-
troller, explanation service, audit store. Task descriptors, queue and
capacity summaries, link measurements, energy state, service dead-
lines and age or confidence of each measurement are included in
telemetry. The state layer converts these (and other) inputs into a
smaller size representation and labels stale or missing values. The
policy chooses one of the possible action templates, such as execute
locally, place on edge, cloud-fallback or adjust resource-share. A fea-
sibility shield performs deterministic checks prior to dispatch such as
capacity, memory, policy and deadline constraints. The separation is
layered so that the learned policy can recommend adaptive actions
and known invalid allocations are thwarted by explicit controls.

The architecture has a separation of a fast control path from an expla-
nation path. The fast path validates the state, compactly infers policy,
checks the constraints and dispatches the actions. Must satisfy a deci-
sion budget at a high percentile and not just as an average. The mini-
mal explanation record should be produced using existing policy out-
comes and constraint traces and not prevent dispatch. A more in-depth
explanation can be created "after the incident" or during an audit or
an operator. The requirement for a lightweight deployment is to be
applied to the whole service with buffers, feature transformations, ex-
planation models and logging. Some model compression techniques
(e.g., (Sze et al., 2017) B9 and (Deng et al., 2020) [401) and low-di-
mensional action representations (e.g., (Wu et al., 2025) [39)) are pos-
sible, but should be tested for fidelity and deadline behavior on the
target hardware.

The explanation service should output a concise structured record for
each action: decision identifier and time of the action; task and node
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identifiers or privacy-preserving aliases; placed and allocated re-
sources; top reason(s) for the decision; constraints in place; one or
more rejected alternatives with a reason for rejection; uncertainties;
freshness of the data; version of the model and policy; and, if it can be
computed reliably, a counterfactual threshold. The record should be
accurate and clearly differentiate between observed evidence and in-
ferred contribution. The state facts observed include “uplink conges-
tion estimate was high,” for example, the model attributions include
“congestion caused this placement.” It is important to keep these cate-
gories separate, in order to lower the chances of a plausible explana-
tion being confused with causal proof.

Compact action parameterization can be used to design a lightweight
policy. The controller is not required to check all combinations of
node, CPU share, bandwidth share and task ordering, but can do so
after masking out any infeasible nodes, and choosing a placement and
allocate a resource from a small number of levels found to be admis-
sible. An offline teacher policy can be compressed to an edge-deploy-
able model by a distillation stage and calibration and regression tests
are used to verify that the compressed policy still satisfies the con-
straint adherence and relevant decision behaviour properties. In an
optimization mode, or a lower confidence or stale telemetry, the hy-
brid controller may fall back to a heuristic. The design is based on the
complementary strengths of optimization and learning (Chen et al.,
2016) Pl (Yang et al., 2018) [16] and (Xiong et al., 2020) 19— (Baek
et al., 2021) 331 but takes a different approach to compact inference
than most of these previous works, in which it is an afterthought.

An explanation pathway should be selective. All decisions must have
a very small perturbation trace, enough so that one can be audited, but
not be required to run for each control step. They may occur due to a
deadline being missed, a low confidence state, an unusual action,
crossing a fairness threshold, and/or requesting an operator. A coun
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terfactual does not have to be computed over a restricted set of candi-
date changes, but rather by search over a restricted subset of the state
space. If the system can't satisfy the fidelity and/or time bound, it
should report that it is not able to provide an explanation and keep the
action trace instead of reporting false precision. Explanation sampling
should not systematically exclude rare, but important events.

In the framework, it is not assumed that the operator will give the au-
thorization to all allocations. Policy review may be at an alert or as
part of policy management, with the majority of real-time decisions
automated. The operator interface should display the selected action,

Real-time decision cycle with non-blocking explanation

https://www.computersciencejournals.com/ijecs

the constraints that will make the action be successful, and uncer-
tainty in a uniform manner, as well as a few alternatives. Auditing
view should be able to replay the events in a temporal manner, not
based on current measurements, but based on the decision-time state.
Any changes to the policy or constraints should be versioned and be
assessed as other policy changes. It is important to note that "explain-
ability" is a subset of "observability" and "governance", it does not re-
place capacity planning, access control, safety analysis or strict
validation.

Generate feasible
action candidates

Observe state
and freshness

Select compact
policy action

Record outcome
and explanation

Check constraints
and dispatch

Asynchronous diagnosis
Counterfactuals ¢ fidelity checks
Operator review

Figure 2. Real-time decision cycle with a non-blocking explanation path

VII Evaluation protocol

A valid assessment should be done according to at least four base-
lines: a conventional optimization or heuristic allocator, a learning
policy with no explanation, a post-hoc explanation pipeline with the
same learning policy, and the lightweight explainable design. If ap-
propriate, a multi-agent or federated baseline can help to separate the
effects of distributed training and coordination (Liu ez al., 2020; Yu et
al., 2021; Wu et al., 2025) [20-26.30]_ A1 policies will have the same
task arrivals, initial resource state, action constraints, and test traces.
Training and evaluation workload and network conditions should be
separated and generalization tested with held out workload and net-
work conditions. If a simulation-only result, the result should be
clearly indicated and, prior to making deployment claims, followed
by a hardware-in-the-loop or edge testbed evaluation.

Mean and median latency for a decision or task, 95th percentile and
99th percentile latency for a decision or task, ratio of tasks missed
deadlines, ratio of tasks successfully completed, energy consumption
per completed task, throughput of tasks, usage of resources, usage of
resources per user/service class, number of migration/offload opera-
tions performed, and fairness across users/service classes. Policy
overhead shall be measured and reported for inference time, peak
memory, model size, CPU/accelerator use and energy consumption of
the controller. These metrics are different from a policy that makes
average service better to one that is better at the tail of service in real-
time. The results should be broken down by node type, task class,
load level and connectivity state since the overall result may mask a
failure mode that can be focused on in a specific node/service.

Explanation evaluation should include generation latency and cost of
the resources used in addition to fidelity, stability, completeness and
usefulness of the operator. Evaluation may be based on the fidelity of
the explanation in following policy changes — or on the agreement of
a faithful local surrogate on perturbations sampled — as well as on the
constraints being checked directly against the recorded decision trace.
Stability can be measured in the face of controlled perturbations
which should not be used to make the decision. Prediction of a coun-
terfactual action change should be based on counterfactual feasibility,
or on the distance from the observed action, rather than its quality.
Usefulness of an operator depends on the task based study, for exam-
ple, the ability of the participants to understand the problem (why the
deadline was not met) or to select a safe corrective action. Just a sub-
jective satisfaction rating is not a good indicator of value in operation.
Ablation studies need to factor in only one or two of the following:
compact state design, action masking, feasibility shield, explanation
triggering, and model compression. Bursty arrivals, partial observ-
ability, device churn, wireless interference, sensor or telemetry delay,
and task mix changes constitute some of the stressors that should be
included in stress tests. Reliability tests should add missing state vari-
ables or corrupt state variables, and then verify if the policy works
without the uncertainty flags and with them. The system needs to be
assessed on the normal and rare high impact events. Reporting the
random seeds, workload generators, hardware specifications, explana-
tion settings, and policy parameters allows the results to be easily re-
produced and comparison of the methods to be made later. The proto-
col proposed is summarized in table III.

Table 3. Evaluation dimensions and reporting requirements

Evaluation dimension Recommended measures

Required reporting

Service performance
misses, completion rate, throughput
Resource cost
memory, model size, bandwidth
Allocation quality
lengths, constraint violations

p50/p95/p99 task and decision latency, deadline
Energy per task, controller energy, CPU/GPU use,

Utilization, fairness, migration frequency, queue

By task class, load, node type, and network condition
Separate workload cost from policy and explanation overhead
State objective weights and hard constraints; include baseline

parity
(continued on next page)
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Evaluation dimension Recommended measures

Required reporting

Explanation quality
sibility, confidence calibration
Operational usefulness
lection, trust calibration
Robustness and

reproducibility telemetry, distribution shift

Fidelity, stability, completeness, counterfactual fea-
Fault diagnosis accuracy/time, safe intervention se-

Performance under churn, bursts, stale/missing

Measure separately from reward and service latency

Use task-based operator study; do not rely on satisfaction
alone

Publish workload traces, seeds, hardware, policy and explana-
tion settings

VIII Research gaps and open questions

The first open problem is that there is no common standard on how to
measure explanation-aware allocation. Due to the variety of existing
work with respect to the network topology, the task model, the metric
and the baseline, cross-paper comparison is limited (Luo ez al., 2021)
(41 (Djigal er al., 2022) [5]. The benchmark should specify heteroge-
neous device profiles and arrival processes, deadlines, task dependen-
cies, trace uncertainty, and failure events, and enable researchers to
change objective weights and explanation budgets. It should include
common interfaces for Optimization, Single-Agent Learning, Multi-
Agent Learning and Hybrid Policies. It should also have a means of
measuring the effectiveness of the explanation records without rely-
ing on allocation results. This would enable distinguishing between
the improvement of policy quality and reduction of explanation cost
or enhancement of the understanding of the operators.

The second problem is: Temporal Explanation under varying state. A
local explanation may only be valid if referring to one decision but
not for a series of migrations, oscillations or missed deadlines.
Explanations for real systems must link actions over time, and explain
which state changes were significant and which were not significant,
and they must differentiate policy adaptation from measurement
noise. Counterfactuals need to respect dynamics: a change in the
bandwidth can change the placement in the queueing and the place-
ment downstream, therefore a static bandwidth one feature counter-
factual explanation might be misleading. Evidence is needed to sup-
port a temporal causal claim, as opposed to just a feature attribution
claim. A practical research avenue can be the logging of compact
state-action trajectories, and the subsequent comparison of the
controller's predicted outcomes of the logged trajectories with the out-
comes of the actual action. A practical research route may be the log-
ging of compact state-action trajectories, and then comparing the out-
come of the action with the predicted outcome of the logged trajecto-
ries by the controller before exposing the causal language to the
operators.

Thirdly, explaining and privacy are incompatible. Edge telemetry
could include user behaviors, industrial process state, location or de-
vice identity. Although a learning system is federated or decentralized
(Liu ef al., 2020; Yu et al., 2021) [20: 261 3 detailed explanation record
can be a new source of sensitive information. Further research will
evaluate data minimization, generation of explanations at the local
level, retention mechanisms, and aggregation without compromising
privacy. It should also explore who has access to explainations and
the response to disagreement between the local and network level ob-
jectives. Efficiency may be improved by a policy that disadvantages a
class of users or services and fairness must be deduced and stated in-
stead of being taken for granted from the sum of the utilities of the
policy.

Fourth, explainability needs to be evaluated in the presence of a shift
in the distribution and in the presence of adversarial or faulty input. A
concise explanation may accurately express a policy that has become
inappropriate due to the introduction of a new class of device, radio
environment or application. Confidence indicators should be dy-
namic, not only based on model uncertainty, but also based on the
freshness of the data used as input to the model, while out-of-distribu-
tion detection should steer data to safe fallbacks. Measuring the ex-
planation fidelity should be done post-quantization, pruning, distilla-
tion or hardware acceleration as it can change action boundaries due
to compression (Sze et al., 2017) (391, (Deng et al., 2020) (401, Future
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work should also determine the fidelity of explanation records in the
case of several agents coordinating and in the case of an online-up-
dated policy.

Lastly, an explanation needs to go beyond just its presence during hu-
man-centred evaluation. The operators should be evaluated for fault
diagnosis time, correctness of intervention, trust calibration, and the
capability of finding an incomplete and/or incorrect explanation. The
interface shouldn't show uncertainty, yet not be overpowering in attri-
butions. In service critical environments there will be a need to pro-
vide an explanation that is concise enough to be reviewed during an
incident and detailed enough to be audited afterwards. The require-
ments imply a tiered explanation presentation — the action explanation
for immediate monitoring, and the state, constraint and counterfactual
explanations for diagnosis, which can be expanded during that time.
The experience gained from edge applications in industry and aerial
edge applications (Zhu ef al., 2025; Nguyen ef al., 2025) [35: 36 pro-
vides a good starting point, but a domain-specific operator study is re-
quired for resource allocation.

Issues that can arise and are covered in this article include:

There are a number of limitations to this review. It has an integrative
and curated source set, not created using a registered systematic-re-
view protocol. The papers cover various edge architectures, applica-
tions and goals and are based on simulated environments in many
cases. The literature selected is still quite limited when it comes to di-
rect work to combine explainability, heterogeneous resource alloca-
tion and hard real-time guarantees together. The framework and eval-
uation protocol thus delineates a research agenda, not a contract to a
specific policy or explanation procedure that can achieve a specific
service level objective. To claim a deployment, it is necessary to per-
form measurements on representative hardware and workloads for the
specific deployment.

The quality of the allocation, real-time cost and explanation quality
should be considered as coupled but separately measurable properties
in a lightweight explainable edge resource manager. A large amount
of literature provides theoretical bases for edge scheduling, optimiza-
tion and adaptive learning (Shi ez al., 2016) [1— (Yi et al., 2023) [28]
and efficient inference (Sheng et al., 2021) [2%1— (Deng er al., 2020)
[40] however, design choices need to be made for their combination.
We suggest that the fast path policy should be compact, that feasibil-
ity checks should be done deterministically before dispatch, that the
explanation service is asynchronous, and that audit records are kept
for the dispatch time that captures the state, constraints, alternatives,
uncertainty and model version. The same workloads should be used
for future evaluations, and the following measures should be reported:
tail latency, deadline misses, energy, fairness, cost of controllers, ex-
planation fidelity, and outcomes of operators. In this way, explainabil-
ity becomes a verifiable component of the edge resource management
process and it can keep the difference between a valid explanation
and evidence that an allocation is optimal, fair, or safe.
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