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Abstract—Zero-touch Service Management (ZSM) delegates
the control of 6G virtualised resources to AI/ML pipelines,
increasingly built on time-series models whose opacity under-
mines operator trust and conflicts with regulatory requirements.
Existing XAlI-for-networking proposals largely (i) reuse tabu-
lar methods unsuited to networking time series and (ii) treat
explanations as post-hoc artefacts for humans rather than as
first-class signals inside the MAPE-K loop. This PhD aims to
close this two-fold gap by designing XAI native to time-series
predictors on networking data and by feeding their outputs —
with Machine Reasoning (MR) over a knowledge base — into
the Plan stage of MAPE-K. We present the problem context,
a structured state of the art on MAPE-K-based ZSM and on
XAI for sequential models, three research questions, an initial
methodology, an evaluation plan grounded on injected ground
truth, and a three-year roadmap.

Index Terms—Explainable AI, Zero-Touch Service Manage-
ment, MAPE-K, 6G, time-series, Machine Reasoning.

I. INTRODUCTION AND PROBLEM CONTEXT

The shift towards 6G is tightly coupled with Zero-touch
Service Management (ZSM), standardised by ETSI [1],
which realises end-to-end automation through closed-loop
control inspired by the IBM MAPE-K (Monitor—Analyze—
Plan—Execute—Knowledge) blueprint [2]. Because 6G traffic is
inherently temporal — bursty traffic, flash crowds, slice lifecy-
cle events — time-series models have become the standard tool
for KPI prediction and proactive control [3]. The state of the
art consistently reports recurrent architectures (RNNs, LSTMs)
as the dominant family in deployed network-management
pipelines and on public 5G datasets [4]-[6], while attention-
based and state-space models (Transformers, Mamba) are
emerging in the research literature; the methodology proposed
here applies to time-series predictors as a class, and we will
use LSTMs as the primary instantiation for compatibility with
existing testbeds before porting to attention-based predictors
in Year 3.

Two corner cases illustrate why explainability cannot be
deferred to a dashboard. (i) An auto-scaling decision triggered
by an LSTM forecast may violate an enterprise SLA: the
operator must justify the action to the customer and, under
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the EU AI Act [7], to a regulator, but a black-box prediction
provides no admissible rationale. (ii)) A sequence anomaly
detector flags a base station; without a causal explanation
linking the alert to specific input sub-sequences, the operator
cannot decide between hardware failure, configuration drift
or benign traffic anomaly. Surveys [8]-[10] consistently argue
that explainability is a technical, operational and regulatory
requirement.

Thesis statement. Sequential XAl attributions, when made
faithful to time-series-predictor dynamics on networking data
and consumed by a Machine-Reasoning layer at the Plan stage
of MAPE-K, yield ZSM control decisions that are simulta-
neously more accurate, more stable, and logically auditable
than both prediction-only and post-hoc-explained baselines.
An early high-level formulation appeared in [11]; the present
paper adds the formal research questions (RQ1-RQ3), the gap
analysis of Fig. 1, the three-contribution methodology (C1-
C3), and the evaluation plan.

II. STATE OF THE ART

A. XAI methods and their limits for sequential models

XAI methods are commonly categorised as global vs. local,
model-agnostic vs. model-specific [12]. SHAP [13], permuta-
tion importance [14], LIME [15], attention weights and Layer-
wise Relevance Propagation (LRP) are the canonical tools. For
sequential models, however, gradient- and feature-based attri-
butions conflate the time and feature domains [16]; SHAP’s
kernel explainer scales exponentially with sequence length
[17]; attention weights are unreliable as faithful importance
measures [18]; and recent work shows that different post-hoc
explainers can disagree on the same input [19], undermining
their use as control signals.

Sequence-tailored frameworks such as TimeSHAP [17] and
TSR [16] were validated on healthcare/finance, not on net-
working time series, which combine heavy categorical features
(slice, cell, QCI), multi-scale temporality (from us packet-
level to minute-scale orchestration) and strong spatial diversity.
AlChronoLens [4], [5] partly addresses this by linking legacy
XAI to temporal properties of mobile-network sequences via
a Gramian Angular Field representation, but it remains post-
hoc and human-facing: explanations are produced for offline



auditing, not as machine-readable signals consumed by a
controller.

B. MAPE-K-based closed-loop automation and XAl in ZSM

The ETSI ZSM reference architecture [1] explicitly inherits
the MAPE-K blueprint [2]. The H2020 AI@EDGE NSAP [6]
embodies a closed-loop architecture with a Data Collection
Pipeline (Monitor), Artificial Intelligence Functions for pre-
diction and anomaly detection (Analyze) — including LSTM-
based time-series anomaly detection [6] — and an Intelligent
Orchestrator (Plan/Execute). Closely related doctoral work
[20] addresses multi-criteria, data-driven resource orchestra-
tion for MEC within similar closed-loop architectures. A
recent 6G zero-touch security survey [10] confirms MAPE-
K-equivalent loops as the de facto target.

Across these works, three integration mechanisms recur
between XAl and the closed loop: (i) reward shaping, where
SHAP- or symbolic-derived signals enter the reward of a DRL
agent [21]; (ii) constraint incorporation, where explainability
metrics act as constraints in federated optimisation [22], [23];
and (iii) steering, where an explainer modifies a DRL agent’s
actions at runtime, as in EXPLORA for the Open RAN [24].
Complementary lines couple anomaly detection with LLMs to
produce natural-language rationales for human operators [25],
and recent surveys cover explainable DRL for AI-RAN and
causal/RL learning for 6G stakeholders [9], [26]-[28].

Two limitations therefore systematically emerge. First, most
XAl-for-networking works apply off-the-shelf XAI without
adapting it to sequential, mixed-feature networking data [14],
[19]. Second, when XAl is integrated into the loop, it operates
over tabular feature vectors or DRL state vectors — not over
the temporal attribution maps of a time-series predictor —
and either guides a black-box DRL agent or is routed to a
human via an LLM. The fundamental question of why a time-
series predictor produced a given temporal output, expressed
in a form a Machine-Reasoning planner can consume, remains
open.

C. The gap

Figure 1 summarises this positioning. No work simultane-
ously (i) tailors XAI to the sequential and mixed-feature
nature of networking data and (ii) feeds the resulting
sequential attributions into a MR-based Plan stage of a
MAPE-K loop.

III. RESEARCH QUESTIONS

RQ1. How can XAI methods natively capture the temporal
structure of time-series predictors on networking data, and
produce attributions whose faithfulness is provably higher than
that of independence-assuming post-hoc methods, measured
against injected ground-truth shapelets and causal proxies?

RQ2. Under which conditions does feeding XAI attribu-
tions into the Plan stage of a MAPE-K loop improve deci-
sion quality (SLA violations, OPEX, decision latency) versus
prediction-only and post-hoc-explained DRL baselines, and

High
Loop-integrated
but generic XAl

° Rezazadeh '23/'24

(reward shaping)
Roy '23/24
® (FL constrain

L constraints)

EXPLORA / Fiandrino '23
® (stee

ring, O-RAN)

Off-the-shelf XAl,
explanation only

Bellard '20 (SHAP traffic class.)
Renda 21 (fuzzy QOE)

Chawla '22 (feedback AD)

o Munir23
(neuro-symbolic)

o Mekrache 25
(XAL+LLM)

Proposed PhD
contribution

*

Sequential XAl
+ MR-based MAPE-K
for ZSM

Sequence-tailored XAl,
but not networking

TimeSHAP (Bento '20, fraud)
TSR (Ismail '20)

TimeSliver (Pandey '26)

Integration in closed-control loop (MAPE-K)

Saad '22 (FL trust) Vareille 23 (causal eval.)

AlChronoLens '24/'25

networking,
but human-facing)

simultaneously tailors XAl to sequential networking data AND closes the loop with Machine Reasoning.
Low High

XAl tailored to RNN/LSTM + networking-data characteristics

Fig. 1. Positioning along two axes: tailoring to networking time series
(horizontal) and integration into a MAPE-K-equivalent loop (vertical). The
proposed PhD targets the upper-right quadrant.
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Fig. 2. Proposed architecture mapped onto MAPE-K. C1 (Analyze): se-
quential XAI for time-series predictors on networking data. C2: routing
of attributions from Analyze to Plan. C3 (Plan): Machine Reasoning over
predictions, attributions and a knowledge base.

what formal properties (faithfulness, stability, discretisability)
must the attributions satisfy?

RQ3. What representation of XAI outputs and causal
knowledge allows a Machine-Reasoning layer to produce
decisions that are simultaneously (a) empirically competitive
with reward-shaping and steering DRL orchestrators [21], [24]
and (b) logically auditable against operator intents and SLA
rules?

IV. EARLY IDEAS AND METHODOLOGY

The PhD comprises three coupled contributions, sum-
marised in Fig. 2 as an extension of the MAPE-K loop [2].

C1 — Sequential XAl for networking time-series predic-
tors. We will combine attention-guided scoring with sequen-
tial pattern mining (PrefixSpan / frequent-episode mining)
over categorical sub-sequences. Attention is used as a prior
[18], then validated against patterns co-occurring with the
predicted outcome, yielding attributions that are both attention-
guided and empirically grounded. This addresses two limita-
tions of the closest competitors: TimeSHAP [17] lacks native



categorical-feature support and incurs exponential SHAP cost;
AlChronoLens [4], [5] is post-hoc and human-facing, and does
not output the discrete, machine-consumable attributions a MR
planner requires.

C2 — XALI in closed-loop control. Attributions are routed
into the Plan stage rather than to a dashboard. They (a)
augment the state of the decision module, weighting predic-
tions by causal support and gating actions whose explanation
is unstable, and (b) expose drift to operators for offline
correction, preserving auditability [7] without putting humans
on the fast path.

C3 — XAI + Machine Reasoning. The Plan stage is im-
plemented as a Machine Reasoning module [29] consuming (i)
time-series-predictor outputs, (ii) sequential XAI attributions
and (iii) a knowledge base of operator intents, SLA thresholds
and causal relations learned from telemetry. MR produces root-
cause diagnoses and rule-grounded actions. Unlike reward-
shaping [21] and steering [24] approaches, the DRL agent
is replaced — not augmented — by a logically inspectable
reasoner.

Evaluation methodology

Faithfulness of CI. Attributions will be evaluated against
three criteria: (a) faithfulness via insertion/deletion curves on
held-out traces [30]; (b) stability under input perturbation [17];
and (c) causal validity, via precision/recall against ground-truth
causes following [31]. To sidestep the lack of ground-truth in
operator data, we will inject controlled shapelets into synthetic
traces generated with open mobile-traffic simulators seeded by
public 5G datasets, and verify their recovery.

Closed-loop performance of C2/C3. We will compare four
configurations on the same testbed: (BO) prediction-only RL;
(B1) post-hoc XAI on (BO) consumed by a human; (B2)
reward-shaping DRL with sequential XAI signals [21]; (B3)
the proposed C2+C3. Metrics: SLA violation rate, OPEX
proxy, faithfulness, decision latency. To address generalisation,
the evaluation will span at least two distinct ZSM tasks —
slice resource allocation and anomaly detection — on an
OpenAirInterface-based testbed.

From 5G data to 6G claims. Public datasets are pre-
dominantly 5G/B5G, a constraint shared with most XAI-for-
networking studies. The methodology is architecture-agnostic:
it does not assume a specific air interface, the MR layer
is decoupled from the radio stack, and the knowledge base
uses telemetry abstractions present in both 5G and 6G Al-
native designs [28]. Year 3 will add a Transformer port and a
sensitivity analysis on synthetic 6G-like traces.

V. RESEARCH ROADMAP

Year 1 (current). Literature review; problem formulation;
first prototype of sequential XAl for an LSTM KPI predictor
with shapelet-based faithfulness evaluation (RQ1).

Year 2. Integration into a MAPE-K loop on an Ope-
nAirlnterface testbed; comparison against BO-B2 on slice
allocation (RQ?2); first MR module and causal-graph learning
from telemetry (RQ3).

Year 3. Extension to a second task (anomaly detection);
Transformer port; end-to-end evaluation; open-source release;
thesis writing.
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