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Reinforcement Learning for Intelligent Network Slicing

Shuaishuai Guo, Yutong Zhong, Zhenyu Feng, Shengqi Kang, Jichao Chen

• This paper provides a comprehensive survey of explainable deep rein-
forcement learning (XDRL) techniques for intelligent network slicing in
6G AI-driven Radio Access Networks (AI-RAN).

• It identifies key challenges and outlines promising research directions to
achieve transparent, trustworthy, and human-centric AI-RAN systems
for future 6G networks.
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Abstract

The advent of the sixth generation (6G) wireless networks envisions an ar-
tificial intelligence (AI)-native radio access network (AI-RAN), where deep
reinforcement learning (DRL) emerges as a key enabler for intelligent and
autonomous network slicing. Despite the demonstrated performance gains of
DRL-based solutions in dynamic resource allocation and slice orchestration,
their opaque decision-making nature raises critical concerns regarding trust,
accountability, and operational deployment. To bridge this gap, explainable
deep reinforcement learning (XDRL) has recently attracted significant atten-
tion as a means to enhance transparency, interpretability, and controllability
of AI-RAN slicing policies. This survey provides a comprehensive overview of
the state of the art in explainable DRL for intelligent network slicing. We
first review the fundamental principles of DRL in the context of RAN slicing
and identify the unique explainability challenges posed by high-dimensional,
multi-slice environments. We then categorize existing XDRL approaches into
post-hoc explanation, symbolic abstraction, and human-in-the-loop steering,
analyzing their methodologies, strengths, and limitations. Furthermore, we
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highlight benchmark environments and experimental testbeds that have been
employed to evaluate XDRL in realistic network scenarios. Finally, we out-
line key open challenges, including scalability, generalization across traffic
patterns, integration with large language models (LLMs), and alignment with
intent-based networking, and discuss promising research directions toward
achieving transparent, trustworthy, and human-centric AI-RAN in 6G.

Keywords: Explainable deep reinforcement learning (XDRL), 6G AI-RAN,
intelligent network slicing, transparency and interpretability, intent-based
networking

1. Introduction

As the demand for increasingly diverse and sophisticated services continues
to grow, network slicing has emerged as a pivotal technique for resource
partitioning and optimization across multiple virtual networks [1, 2, 3, 4].
This approach enables the deployment of customized, efficient, and service-
specific virtualized networks, each tailored to accommodate distinct traffic
types, such as enhanced mobile broadband communications (eMBB), ultra-
reliable low-latency communications (URLLC), and massive machine-type
communications (mMTC) within fifth-generation (5G) wireless systems [5, 6].
Looking ahead, the vision for sixth-generation (6G) networks is to provide
unprecedented connectivity characterized by ultra-high data rates, ultra-low
latency, and the capability to support an enormous number of devices [7, 8].
In addition to simply enhancing throughput and coverage, 6G networks
are expected to serve as the technological foundation for a wide variety of
emerging applications, including autonomous vehicles, industrial automation,
smart cities, holographic communications, and immersive virtual/augmented
reality experiences [9, 10]. To achieve these ambitious goals, 6G networks
will inevitably rely on the integration of advanced technologies such as AI,
machine learning, and automation, which enable real-time adaptation and
optimization in highly dynamic communication environments [11, 12, 13].
In particular, AI-driven radio access networks (AI-RAN) are envisioned as
a cornerstone of 6G, leveraging AI techniques to enable self-organization,
autonomous decision-making, and intelligent resource allocation [14, 15].

In 6G networks, it is expected that each network slice can be customized
and optimized to meet specific service requirements, thereby providing a
flexible and efficient way to address the diverse demands of future appli-
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cations. For instance, a holographic-type communication (HTC) slice may
prioritize ultra-high throughput and extremely low latency to enable real-time
holographic conferencing and immersive virtual education [16]. A tactile In-
ternet with digital twins (TI-DT) slice would instead emphasize ultra-reliable,
deterministic latency to ensure seamless interaction between physical systems
and their digital counterparts, supporting mission-critical applications such as
industrial automation and remote robotic control [17, 18]. Similarly, AI-native
service slices may allocate resources for distributed training and inference of
large-scale models at the network edge, while ubiquitous sensing and com-
munication (USC) slices integrate sensing and communication functions to
support vehicular networks, smart transportation, and environment monitor-
ing [19]. In addition, space-air-ground-sea integrated network (SAGSIN) slices
can provide global, seamless connectivity by orchestrating resources across
satellites, unmanned aerial vehicles (UAVs), terrestrial, and maritime nodes
[20, 21]. The ability to intelligently manage and optimize these heterogeneous
slices in real time is therefore critical for ensuring that each service achieves
its required performance levels and complies with service-level agreements
(SLAs). In the context of 6G, where service heterogeneity is expected to be
more complex than ever before, network slicing becomes not only useful but
indispensable [22].

To effectively address the resource management challenges in network
slicing, traditional approaches primarily rely on mathematical optimization or
heuristic algorithms. For instance, rigorous optimization frameworks typically
model resource allocation as mixed-integer problems solved via approxima-
tions [23], or utilize advanced techniques such as Lyapunov optimization to
maximize objectives under dynamic constraints [24]. Due to the NP-hard
nature of these problems, heuristic approaches have been widely adopted to
reduce computational complexity. Typical examples include adaptive Hungar-
ian algorithms for bandwidth allocation [25], heuristics for soft slicing that
balance utilization and dissatisfaction [26], and online placement algorithms
based on the "power of two choices" for large-scale networks [27]. While these
methods improve acceptance ratios and solving speed compared to brute-force
baselines, they struggle to deliver optimal performance in the highly complex
and non-stationary environments inherent to 6G [28]. This limitation arises
primarily from their reliance on static, manually engineered rules that lack the
adaptability to handle rapidly varying channel conditions and multi-objective
trade-offs. Consequently, in the context of 6G AI-RAN, heuristic algorithms
are often unable to meet the required performance guarantees, necessitating
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the shift towards learning-based approaches [3].
To meet these challenges, deep reinforcement learning (DRL) has been

reconginized as a powerful technique for optimizing complex and dynamic
decision-making processes in communication networks [29, 30]. DRL, a subset
of machine learning, enables an agent to learn optimal policies through
continuous interaction with the environment, receiving feedback in the form
of rewards [31]. In the context of AI-RAN, DRL has shown great promise
in optimizing resource allocation [32], traffic routing [33], scheduling [34],
and, most importantly, dynamic slice management [35]. Its ability to handle
uncertainty, adapt to traffic fluctuations, and discover sophisticated policies
beyond human-designed heuristics makes it particularly attractive for 6G
network slicing [36]. By leveraging DRL, the network can autonomously
learn to allocate radio resources, bandwidth, and power across multiple slices,
thereby improving overall efficiency and user experience [37].

Despite these advantages, DRL suffers from a significant drawback: its
black-box nature [38, 39]. While DRL-based solutions have demonstrated
impressive performance in optimizing resource management tasks, the under-
lying decision-making process remains opaque and difficult to interpret. In
traditional network management systems, operators rely on well-understood
algorithms and protocols, which allow them to verify and trust the system’s
behavior. In contrast, the opacity of DRL models raises serious concerns about
transparency, trustworthiness, and accountability [40]. Network operators
and users alike may be reluctant to rely on AI systems that make decisions in
ways that cannot be explained or validated, particularly in safety-critical or
regulation-sensitive applications. This lack of interpretability could therefore
become a major barrier to the practical deployment of DRL in AI-RAN
systems [41, 42].

To deal with this, explainable deep reinforcement learning (XDRL) has
been introduced as a promising paradigm aimed at enhancing the interpretabil-
ity of DRL models [43]. XDRL seeks to make the decision-making process
of DRL transparent and understandable, allowing network operators to gain
insights into the rationale behind the actions chosen by the agent. Techniques
such as symbolic abstraction [44], rule extraction [45], policy distillation [46],
and post-hoc explanations [47] are employed to either approximate or directly
reveal the internal logic of DRL models. These explainability mechanisms can
improve operator trust, support human oversight, and ensure compliance with
service requirements and regulatory standards. In this way, XDRL serves as
a crucial bridge between the high performance of DRL and the necessity of
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human-centric, transparent, and trustworthy AI systems [38].
The integration of XDRL into intelligent network slicing is particularly

relevant for 6G, as it combines the adaptability and efficiency of DRL with
the interpretability required for real-world deployment [35]. By making DRL-
based slicing decisions explainable, network operators are empowered to better
monitor system behavior, diagnose potential issues, and intervene when nec-
essary [48]. Moreover, XDRL opens the door to designing AI-RAN systems
that are not only optimized for performance but also aligned with broader
goals such as fairness, accountability, and sustainability [38]. This alignment
is critical for ensuring that AI-driven 6G systems meet both technical per-
formance targets and societal expectations [49]. Table 1 presents a detailed
comparison between our work and existing literature, highlighting the distinct
research gaps addressed herein. This paper aims to provide a comprehen-
sive survey of state-of-the-art XDRL techniques and their applications to
intelligent network slicing in 6G AI-RAN environments. We review the core
concepts, methods, and evaluation frameworks for XDRL, analyze existing
challenges and limitations, and identify key research directions that must be
pursued to realize transparent, reliable, and human-centric AI solutions in
next-generation networks.

Table 1: Comparison between our work and existing work.
Reference Scenario Focus

[2] 5G network Role of slicing in meeting diverse 5G cases
Service management and orchestration

[4] 5G network Slicing solutions for RAN
End-to-end network slicing

[22] 6G mobile and
heterogeneous network

Resource management
Power allocation, spectrum allocation

[29] Decentralized and
autonomous networks

DRL in communications and networking
From basic RL to advanced DRL models

[30] Communication in
multi-agent systems

Classification and analysis
of MADRL with communication

[50] 5G and beyond Analyzes the role of XAI
in a range of 5G enabling technologies

[51] 6G network XAI for 6G wireless communications
Vehicular networks and real-time/high-stakes scenarios

Our work 6G AI-RAN Explainability in DRL for RAN slicing
Evaluation benchmarks and testbeds for XDRL

The rest of the paper is organized as follows: In Section 2, we discuss the
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challenges of applying DRL in AI-RAN and outline the need for explainability.
In Section 3, we review the core concepts of XDRL and describe the different
techniques used to explain DRL in intelligent network slicing. Section 4 high-
lights the evaluation frameworks and testbeds used to assess XDRL methods
in real-world network scenarios. Section 5 identifies the open challenges and
future research directions in XDRL for AI-RAN. Finally, Section 6 concludes
the paper, summarizing the key findings and discussing the potential impact
of explainable AI in the 6G era.

2. Challenges of DRL in AI-RAN

Deploying DRL in AI-RAN for 6G network slicing faces a broad spectrum
of technical and operational hurdles that extend well beyond interpretability.
First, the learning environment is inherently non-stationary: traffic demand,
channel conditions, interference patterns, mobility, and even slice definitions
evolve across time scales from milliseconds (PHY/MAC) to hours (diurnal
load) and seasons (long-term planning) [3]. This violates the Markov and
stationarity assumptions commonly used in DRL formulation and destabilizes
policy learning [52]. Second, the partial observability of RAN states—due to
delayed/aggregated key performance indicators (KPIs), measurement sparsity,
and privacy constraints—forces agents to act under uncertainty and stale
information, often requiring memory-based policies or belief tracking [35].
Third, the sample inefficiency of DRL clashes with stringent online safety and
SLA guarantees: naive exploration in live networks can degrade quality of
service (QoS), breach URLLC reliability, or waste spectrum/energy; purely
simulated training, in turn, suffers from sim-to-real gaps (mismatched propa-
gation models, unmodeled interference, hardware non-linearities) [53]. Fourth,
reward design [54] is intrinsically multi-objective and hierarchical: throughput,
latency/jitter, reliability, fairness, energy efficiency, carbon footprint, and cost
must be optimized jointly across users, cells, and slices; poorly shaped rewards
induce perverse incentives (e.g., favoring short flows, starving cell-edge users)
and unstable training [55].

Scalability and coordination introduce additional barriers. In dense de-
ployments (macro & small cells [56], UAVs [57, 58], and low earth orbit (LEO)
satellites in SAGSIN [59]), decentralized or multi-agent DRL (MADRL) must
address non-stationarity caused by other learning agents, credit assignment
across layers, and communication overhead for coordination—while respect-
ing fronthaul/backhaul constraints [60]. Safety and constraint satisfaction
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are paramount: hard constraints (e.g., 10−5 block error rate (BLER) for
URLLC, maximum transmit power, interference budgets, spectrum masks)
must be enforced at all times [53, 61], not only in expectation; yet standard
DRL optimizes long-term returns and offers no guarantees without additional
mechanisms (shielding, Lyapunov- or constrained Markov decision process
(CMDP)-based methods, or safe policy optimization) [62, 63]. Stability and
convergence of training are fragile under high-dimensional continuous actions
(power, physical resource block (PRB) allocation, beamforming, numerology)
and delayed/rare-event rewards (e.g., outage, violation bursts), which im-
pede temporal credit assignment [35, 64]. Exploration–exploitation [65] is
constrained: aggressive exploration risks SLA breaches, whereas conservative
exploration traps policies in locally optimal behaviors that fail to adapt to
regime shifts (new services such as holographic-type communications or tactile
Internet with digital twins). Data quality and availability are uneven across
cells and time; logs can be biased (collected under legacy heuristics), noisy
(measurement errors), or censored (privacy), hindering off-policy learning
and evaluation [66, 67]. Finally, operationalization challenges—edge com-
pute budgets, energy limits, model lifecycle management, online evaluation
with counterfactual uncertainty, robustness to adversarial traffic or spoofed
KPIs, and reproducible benchmarking—must be addressed before wide-scale
deployment [15, 68, 69].

Black-box challenges occupy a central position because they entangle
nearly all concerns above—safety, compliance, debugging, and operator trust
[41, 51]. The opacity of DRL manifests at multiple levels: (i) Policy opac-
ity (global). High-capacity function approximators (deep networks) encode
policies that are difficult to summarize [70]. Operators cannot easily an-
swer: Which features drive allocation decisions across slices? Under what
traffic/channel state information (CSI) regimes will the policy throttle HTC
in favor of TI-DT? How do beamforming and PRB assignments co-adapt
with mobility and interference? Without global explanations, it is hard to
validate that policies align with design intent (e.g., fairness for cell-edge users,
carbon-aware scheduling). (ii) Decision opacity (local). For a specific ac-
tion—say, reallocating PRBs from an AI-native inference slice to an URLLC
TI-DT slice at the cell edge—operators need case-level rationales: What
counterfactuals would have flipped the decision? Which KPIs (queue length,
predicted latency violation risk, control channel utilization) were pivotal?
Local explanations must be temporally aware, since current actions depend
on long-term predictions and eligibility traces; static feature attributions
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can mislead when action value stems from expected future congestion relief
[71]. (iii) Temporal credit assignment and causality. DRL policies exploit
long-horizon effects (e.g., proactively shaping traffic to prevent future queuing)
[72]. Explanations must expose temporal causal chains—how a short-term
power backoff reduces interference spillover, thereby lowering URLLC delay
tails several frames later. Post-hoc saliency maps on instantaneous features
miss these delayed effects; counterfactual and causal explanations (e.g., do-
calculus-inspired or structural causal model (SCM)-backed analyses) are
needed to justify sequences of actions [73, 74]. (iv) Constraint compliance and
assurance. Operators require evidence that actions satisfy hard constraints
before execution. Typical post-hoc explainable AI (XAI) provides plausibility
but not guarantees [75]. DRL must pair with ante-hoc mechanisms—policy
certificates [63], conservative value bounds [76], conformal risk control [77],
or shielded action filters [78]—to deliver explanations that include formal
compliance claims (e.g., predicted probability of violating 1 ms end-to-end
(E2E) latency < 10−5 under uncertainty sets). (v) Multi-agent explanations
and scalability. In distributed AI-RAN, coordinated decisions (inter-cell in-
terference coordination, handover orchestration, cooperative beamforming)
arise from multiple agents’ interactions [79]. Explanations must attribute
outcomes to agents and communication messages—who influenced whom and
why—while remaining compact and fast enough for near-real-time operations
on edge hardware [80, 81]. (vi) Robustness, drift, and security. Explanations
should surface sensitivity to distribution shifts (e.g., festival traffic spikes, new
HTC codecs), adversarial perturbations (spoofed KPI injections), and model
drift [82]. Operators need why a policy’s reliance on a feature (e.g., predicted
channel quality indicator (CQI)) has grown, and what safety fallbacks trigger
when confidence drops.

Addressing these facets requires a blended toolbox that complements
performance with interpretability and assurance. Policy distillation and
abstraction can compress black-box policies into interpretable surrogates
(decision trees, rule lists, symbolic automata, or linear-threshold ensembles)
with fidelity tracking [44, 45]; hierarchical or options-based DRL exposes
human-comprehensible sub-policies (e.g., “load-shed HTC,” “protect TI-DT
control plane”), improving simulatability [83]. Counterfactual and contrastive
explanations articulate minimal state changes that alter actions (e.g., “if
predicted URLLC queueing delay had been < 0.2 ms, the PRB reallocation
would not occur”), which are actionable for operators [84, 85]. Causal explana-
tions [74] and value decomposition [86] clarify how components (interference,
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mobility, queue state) contribute to Q-values across time, aiding root-cause
analysis. Uncertainty-aware outputs—calibrated value/policy confidence [87],
risk measures, conformal prediction sets—allow explanations to include con-
fidence and risk alongside rationales [77], enabling guardrails (shields) that
veto unsafe actions [78]. Constraint-aware DRL (CMDPs, Lyapunov RL,
Lagrangian methods) should externalize dual variables or certificates as part
of the explanation payload, linking actions to explicit constraint satisfaction
[76, 88, 89, 90]. Finally, human-in-the-loop (HITL) oversight benefits from
explanation-aligned rewards and feedback channels: operators can critique
rationales (not just outcomes), steering policies toward compliance, fairness,
and sustainability objectives [91].

In summary, deploying DRL in 6G AI-RAN and network slicing faces
profound challenges: highly non-stationary environments, lack of real-time
safety guarantees, complex multi-objective reward design, and multi-agent
coordination. Among these, the black-box nature of DRL policies remains
the central barrier, as operators demand not only high performance but also
trustworthy global understanding, local decision rationales, provable long-
term constraint satisfaction, and robustness against distribution shifts and
adversarial attacks. Therefore, a comprehensive, safety-first, and explainable
framework is needed to overcome the aforementioned challenges.

3. From Black Box to Assured Control: Explainable DRL for 6G
Network Slicing

XDRL targets the core limitation of DRL in AI-RANs—opacity by turning
high-performance policies into auditable, simulatable, and assurance-ready
control [40]. In 6G settings with heterogeneous slices, operators must un-
derstand why a policy reallocates PRBs, throttles an HTC slice, or raises
modulation and coding scheme (MCS) under specific predicted CQI and
queue states, and how such actions satisfy latency/reliability and interference
constraints. XDRL therefore aims not only to make decisions understand-
able, but to couple each action with evidence about compliance, risk, and
counterfactual behavior, thereby supporting trust, debugging, and policy
governance.

At a conceptual level, XDRL enhances DRL pipelines by incorporating
three key complementary axes that must be integrated, rather than treated as
separate components, as illustrated in Fig. 1. These axes include: (i) post-hoc
interpretability, which provides transparent explanations of trained policies
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and the individual decisions made by the system; (ii) symbolic/structured
surrogates, which translate complex policy logic into human-readable formats,
making it easier for users to understand and trust the reasoning of system;
(iii) HITL alignment and steering, where explanations are used not only to
facilitate user feedback but also to ensure the system’s actions align with
human intentions and operational goals.

While the integration of post-hoc interpretability, symbolic surrogates,
and HITL alignment offers a powerful framework for enhancing DRL sys-
tems, the balance between these axes involves inherent trade-offs that must
be carefully managed. Post-hoc interpretability provides transparency and
helps demystify the system’s decisions; however, it can be limited by the
complexity of the model—offering only high-level explanations that may lack
the granularity needed for deep understanding in complex tasks. On the other
hand, symbolic surrogates can offer more detailed and structured reasoning,
but they may oversimplify certain aspects of the policy or fail to capture the
full range of decision-making nuances, which could lead to misinterpretations.
HITL alignment introduces a critical human element to guide the system’s
actions, ensuring that policies are aligned with human values and operational
goals. However, it also relies on human feedback, which can be subjective,
inconsistent, and slow, potentially creating a bottleneck in real-time appli-
cations. Therefore, achieving an optimal balance among these approaches
by considering their specific strengths and limitations in particular scenarios
represents a promising strategy. This approach ensures the system remains
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Figure 1: AI-RAN architecture integrating AI modules with conventional RAN components.
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both transparent and adaptable while maintaining high performance and user
trust.

In practice, successful implementations of XDRL integrate these axes
into a unified, continuous feedback loop. Explanations serve to clarify the
underlying rationales and highlight areas of uncertainty, while operators
provide critical feedback and impose necessary constraints on the system’s
behavior. Based on this feedback, the policy is either updated to improve
performance or protected from potentially harmful changes. At the same
time, symbolic surrogates play a crucial role in tracking the reliability of the
model and detecting drift in policy performance, ensuring that the system
remains aligned with its intended objectives over time.

Concretely, post-hoc explanation provides both global and local insight [92,
93]. Global views quantify which features (e.g., predicted CQI, queue length,
interference budgets, mobility indicators) drive action preferences across
regimes, using attribution methods such as integrated gradients [94], Shapley
additive explanations (SHAP) [92], or permutation tests [95], complemented
by policy probes [96] (e.g., sensitivity to cell-edge load or URLLC risk). Local
views deliver case-specific rationales and counterfactuals: “Had the predicted
URLLC tail latency been < 0.2ms, the PRB reallocation from the AI-
native inference slice would not have occurred.” Saliency for high-dimensional
inputs (e.g., radio maps, spectrum waterfalls) highlights which subbands or
beams triggered a decision [97], while contrastive explanations articulate the
minimal state change required to flip an action, making remediation actionable
[98]. Post-hoc methods provide both global feature importance and local
counterfactual rationales, delivering actionable transparency essential for
trustworthy AI-RAN in 6G.

Structured surrogates translate black-box policies into compact control
logic to aid simulation, verification, and auditing [44]. Distillation into deci-
sion trees [99], rule lists [100], linear-threshold ensembles [101], finite-state
abstractions [102], or options/hierarchical graphs [103] yields simulatable
controllers whose behavior can be stepped through under traffic/channel
scenarios. Fidelity metrics (agreement rates, calibrated error bounds) [104]
and coverage [105] (the share of states explained by simple rules) quantify
when a surrogate suffices and when to fall back to the original policy. To
capture delayed effects that are central to RAN control, SCM-backed analyses
map state–action–KPI relations and support do-interventions and counter-
factual queries across time, exposing temporal credit assignment: e.g., how
a conservative power backoff now reduces interference spillover and URLLC
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violations several frames later [74]. Structured surrogates distill black-box
policies into compact, simulatable controllers, enabling formal verification,
scenario stepping, and temporal credit-assignment analysis.

Because explainability without assurance is insufficient for safety-critical
slices, XDRL should surface uncertainty and constraints alongside rationales.
Uncertainty-aware heads (ensembles, distributional/value quantiles) provide
calibrated confidence in Q-values and policies [87, 106]; risk measures (e.g., con-
ditional value at risk (CVaR)) explain how tail performance is controlled [107];
conformal prediction sets report finite-sample guarantees for latency/outage
risks [77]. Constraint-aware DRL can externalize dual variables or certificates
as part of the explanation payload, linking an action to explicit compliance
narratives—power, interference, BLER, and E2E latency budgets—before
execution. In multi-agent AI-RAN, explanations must also attribute outcomes
across agents and coordination messages (“who influenced whom and why”)
while remaining lightweight enough for edge inference [15, 81].

HITL integration closes the governance loop. Interactive explanations
let operators critique not only outcomes but also rationales [108]; constraint-
based steering transforms critiques into guardrails and shields that pre-filter
unsafe actions [78]; reward shaping and preference learning align long-horizon
objectives with fairness, carbon-awareness, and regulatory policies [91]. Over
time, this process builds organization-specific explanation taxonomies (what
evidence is needed for which slice and context) and playbooks (what corrective
actions follow a given explanation pattern). XDRL ensures safety-critical
trustworthiness with HITL governance that enables operators to steer via re-
wards learning, and evolve slice-specific explanation taxonomies and corrective
playbooks for 6G AI-RAN.

Within intelligent network slicing, these capabilities yield tangible benefits.
For HTC, explanations decompose how bandwidth, beam selection, and MCS
jointly determine instantaneous throughput and jitter [111], with confidence
indicators for immersive quality of experience (QoE) guarantees [112, 113]. For
TI-DT, temporally grounded narratives justify proactive resource hardening
that reduces future URLLC violation probabilities [114]. For AI-native slices,
explanations quantify the latency–energy–accuracy trade-offs of edge–cloud
offloading and how load shedding decisions are triggered [15]. In USC and
SAGSIN, multi-agent attributions and compliance certificates enable cross-
domain coordination under tight fronthaul/backhaul and spectrum constraints
[115, 116]. To provide a synthesized view of the XDRL landscape, Table
2 categorizes existing approaches based on their mechanisms, objectives,
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Table 2: Overview of XDRL axes in RAN slicing: techniques, objectives, applicability, and
trade-offs.
Category Core Tech-

niques
Objectives Applicability

to RAN
Slicing

Key Trade-
offs (Pros /
Cons)

Ref.

Post-hoc
Inter-
pretabil-
ity

Integrated
Gradients,
SHAP, Permu-
tation Tests,
Policy Probes,
Rationale &
Counterfac-
tual Explana-
tions

Debugging
& Actionable
Transparency:
Providing
global and
local insight
into which
features drive
decisions.

Root Cause
Analysis:
Identifying
interference
sources or
bottleneck
features in
multi-cell co-
ordination;
Offline audit-
ing.

(+) Model-
Agnostic;
Transparency;
High Fidelity.
(–) High
Computa-
tional Cost;
Lacks Causal-
ity Guaran-
tees.

[97]
[109]
[110]

Symbolic
Surro-
gates

Decision
Trees, Logical
Rules, Linear-
Threshold
Ensembles;
Finite-State
Abstractions
and Hierar-
chical Op-
tions/Graphs,
SCMs

Verification
& Auditing:
Converting
black-box
policies into
explicit logic
or causal
graphs.

Edge In-
ference:
Lightweight
rules suitable
for resource-
constrained
RAN nodes;
Verifiable
admission con-
trol.

(+) Fast
Inference;
Formally Veri-
fiable.
(–) Accuracy-
Complexity
Trade-off;
Limited Cov-
erage in Com-
plex Regimes.

[42]
[44]

HITL &
Assur-
ance

Uncertainty-
Aware DRL,
Risk Mea-
sures, Shield-
ing, Con-
strained DRL,
Interactive
RL

Safety & In-
tent Align-
ment: En-
suring safety
and align-
ing policies
with operator
feedback and
regulatory re-
quirements.

Conflict Res-
olution: Man-
aging compet-
ing objectives
via safety
shields in crit-
ical slices.

(+) Safety
Guaran-
tees; Intent
Aligned.
(–) Requires
Rapid Human
Feedback;
Conservative
Bounds.

[48]
[107]
[108]
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and applicability to RAN slicing. As illustrated, post-hoc methods serve as
the baseline for offline debugging and root-cause analysis, whereas symbolic
surrogates are uniquely positioned for real-time edge inference due to their
low latency. Furthermore, HITL and assurance mechanisms are highlighted
as indispensable for safety-critical conflict resolution between slices.

Emerging alongside these techniques, the integration of large models,
particularly large language models (LLMs), represents a paradigm shift in
bridging the semantic gap between numerical DRL policies and human un-
derstanding. Recent frameworks have begun to leverage the reasoning and
generative capabilities of these models for intelligent network slicing and
open RAN (O-RAN) control. Notably, the pioneering SliceGPT framework
[117] integrates a custom-trained GPT-3.5 agent with blockchain to enable
dynamic slice brokerage, multi-stakeholder resource sharing, and LLM-driven
optimization. In parallel, prompt-augmented multi-agent frameworks utilize
domain-specific LLMs with learnable soft prompts to generate semantically
structured state representations [118], achieving superior reward performance
in dynamic O-RAN scenarios without expensive fine-tuning. Furthermore,
recent LLM-based systems [119] demonstrate enhanced resource efficiency
by dynamically allocating isolated slices and implementing permission-aware
registration. From an orchestration perspective, visionary frameworks now
employ LLMs for intent-to-requirement translation and cross-domain lifecycle
management [120], effectively handling the complexity of 6G environments.
Finally, to address the black-box nature of decision-making, approaches like
composable XAI [110] use prompt engineering to convert opaque DRL de-
cisions into human-readable textual explanations, directly addressing the
transparency challenge in high-stakes optimization tasks.

To synthesize these methodologies into a unified system, we advocate a
practical deployment blueprint “triad”: during training, explanation-aligned
rewards and uncertainty regularization; at inference, a lightweight explain-
ability head coupled with a safety shield; during operations, human-feedback
loops and drift monitoring with surrogate fidelity tracking.

In sum, XDRL reframes DRL for AI-RAN from a high-performance black
box into a transparent, risk-aware, and policy-compliant controller. By
unifying post-hoc interpretation, symbolic surrogates, causal/counterfactual
reasoning, uncertainty and constraint reporting, and HITL governance, XDRL
provides the evidential substrate required to deploy learning-based slicing at
6G scale—maintaining performance while earning operator trust and satisfying
regulatory and SLA obligations.
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4. Evaluation and Testbeds

Rigorous evaluation of explainable DRL for 6G AI-RAN must jointly assess
control performance, explanation quality, and assurance value (uncertainty,
constraint compliance, safety), and it must do so under realistic traffic, channel,
and multi-agent coordination conditions. Rather than isolating metrics and
environments into separate silos, we advocate an integrated protocol that:
(i) quantifies how well policies optimize slicing objectives; (ii) verifies that
explanations are faithful, stable, and operationally useful; (iii) reports evidence
and guarantees for risk and constraints; and (iv) validates sim-to-real transfer
on progressively more realistic testbeds.

What to measure (metrics). Performance should be captured at user-, cell-,
and slice-level: throughput/spectral efficiency, latency and tail latency (e.g.,
95/99/99.9th percentiles) [121], reliability/BLER [122], outage/packet loss,
SLA satisfaction rate, energy efficiency and carbon footprint, as well as con-
vergence/stability and sample efficiency during training. Fairness across users
and slices (e.g., Jain’s index [123], minimum-rate guarantees, cell-edge protec-
tion) and cross-layer efficiency (PRB utilization, power budgets, interference
spillover) are equally central. Explainability requires multi-faceted criteria:
fidelity (agreement between explanations/surrogates and the underlying pol-
icy), coverage (fraction of states/actions for which a concise explanation
applies) [124], simplicity (size/depth of trees, rule count, symbol complexity),
stability/robustness (consistency of explanations under small input perturba-
tions and across time), counterfactual validity (do predicted minimal changes
actually flip actions) [125], and temporal adequacy (can explanations account
for delayed effects relevant to queueing and interference dynamics) [73]. Be-
cause explainability without guarantees is insufficient for safety-critical slices,
assurance metrics should accompany every report: uncertainty calibration
(expected calibration error for value/policy heads) [126], risk control (CVaR or
tail-risk at target quantiles) [107], constraint satisfaction (power, interference,
latency, BLER budgets met per-step, not only on average) [88], and certificate
quality (tightness of conformal bounds or Lagrange multipliers exposed by
CMDP/Lyapunov methods). For learning from logs or shadow-mode oper-
ation, include off-policy evaluation diagnostics (e.g., importance sampling
variants, doubly robust estimators, effective sample size) and sensitivity anal-
yses to logging-policy drift [127, 128]. Finally, human factors—operator trust,
task completion time, error detection uplift, and perceived usefulness—should
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Table 3: Evaluation framework for AI-RAN.
Dimension Core Metrics Key Insights
Network Performance Throughput/Spectral Efficiency

Latency (mean, P95/P99/P99.9)
Reliability (BLER)
Outage/Packet Loss
SLA Satisfaction Rate
Energy & Carbon Efficiency

Track performance across
multiple granularities (user,
cell, slice) to ensure compre-
hensive QoS assessment and
identify bottlenecks

Fairness & Resource Efficiency Jain’s Fairness Index
Minimum-rate Guarantees
Cell-edge Protection
PRB Utilization
Power Budget Adherence
Interference Spillover

Ensure balanced allocation
across users/slices and cross-
layer efficiency

Explainability Quality Fidelity (explanation-policy agree-
ment)
Coverage (fraction of explainable
states)
Simplicity (tree depth, rule count)
Stability (robustness to perturba-
tions)
Counterfactual Validity
Temporal Adequacy

Multi-faceted validation of
explanation utility, not just
interpretability

Safety Assurance Uncertainty Calibration (ECE)
Risk Control (CVaR at target
quantiles)
Per-step Constraint Satisfaction
Certificate Tightness (conformal
bounds)

Quantified guarantees
mandatory for safety-
critical slices

Offline Learning Validity Off-policy Evaluation (IS, DR es-
timators)
Effective Sample Size
Sensitivity to Logging-policy Drift

Essential diagnostics before
shadow-mode or live deploy-
ment

Human Factors Operator Trust
Task Completion Time
Error Detection Uplift
Perceived Usefulness

Measured via controlled
studies or field logs; expla-
nations must improve opera-
tions, not just scores
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be measured via controlled studies or field logs to verify that explanations
improve operations, not just scores. Table 3 summarizes our evaluation frame-
work spanning network performance, fairness, explainability, safety, offline
learning validity, and human factors—each essential for validating AI-RAN
systems deployments. Additionally, the computational complexity and infer-
ence latency overhead associated with explainability mechanisms represent an
important yet under-examined research direction. Although existing XDRL
methods typically report manageable computational costs within their evalua-
tion frameworks, standardized cross-method comparisons against vanilla DRL
baselines on large-scale real-world platforms remain scarce. Notably, emerging
evidence suggests that interpretability and efficiency may not necessarily be
mutually exclusive: well-architected XDRL methods have shown potential to
maintain or improve E2E latency by producing policies that converge faster
or require fewer online environment interactions [48].

How to evaluate (protocols). Start with controlled simulation to stress distinct
regimes (stationary vs. bursty HTC, URLLC with deterministic latency
bounds, mobility gradients, interference-limited cells). Use train/validation/
test splits in the space of traffic/channel seeds to prevent overfitting explana-
tions to familiar regimes. Progress to hardware-in-the-loop (HIL) [129] and
over-the-air emulation where the policy runs on edge hardware with realistic
timing, and continue into shadow deployment [130] in live networks: the policy
makes “ghost” decisions while the legacy controller acts, enabling counterfac-
tual auditing and safe A/B trials with canary cells and automatic rollback
[131]. Throughout, log explanations with their confidence and constraint
evidence, and audit drift [82] by tracking surrogate fidelity and explanation
stability over weeks.

Where to evaluate (testbeds and simulators). A diversified stack of environ-
ments reduces the sim-to-real gap. Packet-level simulators such as NS-3
[132] and OMNeT++ families [133] (e.g., SimuLTE/Simu5G [134]) enable
detailed PHY/MAC modeling, realistic scheduler hooks, and trace-driven
traffic. Software RANs like OpenAirInterface [135] or srsRAN (4G/5G)
[136] allow real-time experiments with software-defined radios (SDRs) and
commodity hardware, exposing practical fronthaul/backhaul and timing con-
straints. Large-scale wireless emulators (e.g., the Colosseum-class platforms
[137, 138]) provide multi-node, interferer-rich, mobility-aware channels with
real-time control, ideal for testing robustness and multi-agent coordination.
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Table 4: Testbed and simulation stack for AI-RAN.
Category Representative

Platforms
Validation Capabilities Realism Trade-off

Packet-Level Simulators NS-3 [132], OM-
NeT++ [133], Si-
muLTE/Simu5G [134]

Detailed PHY/MAC model-
ing, scheduler hooks, trace-
driven traffic, large-scale pa-
rameter sweeps

High control, low
hardware cost; limited
channel/timing real-
ism

Software RANs OpenAirInterface
[135] ,
srsRAN(4G/5G)
[136]

Real-time execution with
SDRs, fronthaul/backhaul
constraints, practical timing
effects

Medium scale, exposes
implementation bugs;
requires RF expertise

Large-scale Wireless Emulators Colosseum [137, 138] Multi-node RF emulation,
mobility, interference, multi-
agent coordination at scale

Controlled repeatabil-
ity with realistic prop-
agation; costly infras-
tructure

City-Scale Testbeds POWDER [139], COS-
MOS [140], Arena-
type [141] deployments

Over-the-air trials, het-
erogeneous radios, edge
compute, cross-domain
(space/air/ground) integra-
tion

Full realism, uncon-
trolled interference;
limited reproducibility

O-RAN-Compliant Environments Near-RT RIC with
xApps/rApps, E2 in-
terface testbeds [142]

Policy governance, explain-
ability artifact integration,
SLA auditing via control
messages

Standards-aligned de-
ployment; API matu-
rity varies

DRL Toolkits Gym-like APIs [143] Unified observation/action
spaces, reproducible logging,
hyperparameter tuning

Abstraction layer;
must preserve domain
fidelity

City-scale testbeds (e.g., POWDER [139], COSMOS [140], Arena-type [141]
deployments) support over-the-air trials with heterogeneous radios and edge
compute, essential for space–air–ground–sea integration scenarios and cross-
domain coordination. O-RAN–compliant environments (near-real-time RAN
intelligent controller (Near-RT RIC) with xApps (Near-RT RIC applications),
rApps (non-real-time RIC (Non-RT RIC) applications), and E2 interfaces)
[142] are crucial to evaluate explainability artifacts in place: explanations and
certificates can be attached to control messages, enabling policy governance
and SLA audits. Finally, DRL toolkits (Gym-like APIs [143]) are useful
as scaffolding to wrap the above environments with standardized observa-
tion/action spaces, logging, and reproducible evaluation harnesses. Table 4
presents an overview of representative testbed and simulation platforms across
different types. Each platform type offers distinct validation capabilities and
presents different trade-offs between control, scalability, and realism.

What to report (results and evidence). Beyond headline throughput/latency,
results should present: (i) Pareto frontiers [144] showing trade-offs among
performance, fairness, and energy; (ii) risk curves (tail latency vs. relia-
bility target) and constraint dashboards with per-step violation rates; (iii)
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fidelity/coverage–complexity plots for surrogates to demonstrate when simple
explanations suffice; (iv) counterfactual audits quantifying the fraction of
explanations whose predicted minimal changes actually flip actions in replay
or HIL, with confidence intervals; (v) temporal attributions that expose
multi-slot causal chains (e.g., how proactive power backoff reduces URLLC
violations several frames later); and (vi) HITL gains (operator task time
reduction, incident detection lift) from user studies or field logs. Robustness
studies should include distribution shifts (festival spikes, codec upgrades for
HTC, mobility surges), ablations of measurement noise and KPI spoofing,
and multi-agent stress where coordination messages are delayed or dropped.

Putting it together. We recommend a three-stage pipeline: (1) Simulation
stage to iterate on algorithms with full observability, rich counterfactual
logging, and cheap ablations; (2) Emulation/HIL stage to test timing, SDR-in-
the-loop PHY impacts, and explanation latency/overhead; (3) Shadow/limited
rollout stage with canary cells under an O-RAN framework, where every action
is paired with an explanation, uncertainty, and constraint certificate, and
automatic shields veto unsafe actions. Success criteria span performance
(SLA compliance and fairness), explainability (fidelity, coverage, stability, and
counterfactual validity), and assurance (calibration, risk, and zero-violation
guarantees in hard-constrained slices). This E2E approach ensures that
learning-based slicing is not only fast and efficient but also transparent,
risk-aware, and policy-compliant in the operational realities of 6G AI-RAN.

5. Open Challenges and Future Directions

Despite rapid progress, deploying XDRL at 6G scale remains an open
endeavor that spans algorithms, systems, and governance. We highlight
key gaps and outline concrete research directions, integrating scalability,
generalization, language-mediated explanations, intent alignment, and ethics/
regulation into a single roadmap tailored to AI-RAN and intelligent network
slicing.

5.1. Scalability of XDRL at 6G Scale.
As slices, cells, and control knobs proliferate (PRB assignment, power,

beamforming, numerology, edge offloading), both policies and explanations
must scale in space (high-dimensional state/action), time (multi-slot effects),
and agents (distributed control) [145]. Lightweight, streaming explanations
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that operate within edge compute budgets are needed: on-device attribu-
tion heads with bounded latency/overhead [146]; policy distillation into
compact surrogates whose fidelity–coverage–complexity frontier is explic-
itly tracked [147]; and hierarchical/option-based abstractions that expose
human-comprehensible sub-policies (e.g., “protect TI-DT control plane,” “shed
HTC under interference surge”) [103]. Future work should formalize anytime
explainability—producing progressively refined rationales under tight dead-
lines—and investigate efficient multi-agent attributions that identify “who
influenced whom and why” without saturating fronthaul/backhaul. A promis-
ing direction is budgeted XDRL [148], where explanations are optimized
jointly with control under compute/energy/time constraints and come with
accuracy–latency trade-off certificates.

5.2. Generalization Under Traffic, Mobility, and Interference Shifts.
Real networks exhibit bursty loads, codec upgrades, handover storms, and

emergent slices. Explanations that overfit to training regimes become mis-
leading when distributions shift [149]. Beyond standard data augmentation,
future XDRL should incorporate invariance discovery (e.g., causal representa-
tion learning that factors out spurious correlations) [150, 151], risk-sensitive
objectives (CVaR-aware policies with tail-focused explanations) [152], and
uncertainty-calibrated [126] rationales that degrade gracefully (“low-confidence
explanation — falling back to conservative control”). Off-policy evaluation
with doubly robust estimators [127] and sensitivity analyses must be extended
to the explanation layer, quantifying how robust rationales remain when
replayed under new traffic/channel seeds. We also advocate explanation-
time domain randomization [153]: stress-testing explanations by injecting
controlled perturbations to KPIs and measurements to assess stability.

5.3. Language-enabled Explanations via LLMs—Grounded and Verifiable
LLMs can translate symbolic traces, counterfactuals, and certificates into

operator-facing narratives, but must be prevented from hallucinating [154].
Research is needed on grounded natural language explanations (NLEs) that
are compiled from structured evidence [155]: feature attributions with confi-
dence, SCM-backed do-intervention outcomes, constraint duals from CMDPs/
Lyapunov methods, and conformal risk bounds. Tool-augmented LLMs [156]
should be restricted to read-only access to these artifacts and required to
emit traceable claims (each sentence linked to an evidence token), enabling
automated explanation linting for consistency. Additional directions include
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operator preference learning from language feedback; bilingual/controlled-
vocabulary NLEs [157] for global operations centers; and safety prompts [158]
that force disclosure of uncertainty, alternatives, and expected impact on
SLAs.

5.4. Alignment with Intent-Based Networking (IBN).
Operators express high-level intents (“keep URLLC tail latency < 1ms at

99.999%,” “ensure HTC smoothness above mean opinion score (MOS) thresh-
old while capping energy”) that must be compiled into constraints, rewards,
and monitors [159]. XDRL should provide a bidirectional mapping: (i) intent
→ policy & shield, translating intents into CMDP constraints [90], risk tar-
gets, and reward shaping; (ii) policy → intent compliance report, generating
per-action explanations that reference the intents, including counterfactuals
(“if the HTC demand had been 15% lower, no PRB reallocation would be trig-
gered”) and pre-execution assurance (“predicted violation probability < 10−5”).
Future work includes intent refinement (suggesting minimally invasive edits
to intents when infeasible), conflict arbitration among competing intents, and
lifecycle management where explanation drift flags when a deployed policy
no longer realizes the original intent.

5.5. Ethical, Regulatory, and Auditing Requirements
With learning-based control affecting service access and quality, expla-

nations must support fairness, privacy, and accountability [160]. Research
priorities include: (i) fairness-aware XDRL that surfaces how actions impact
protected or disadvantaged cohorts (e.g., cell-edge users) and quantifies trade-
offs on Pareto frontiers; (ii) privacy-preserving explanations (e.g., differential
privacy (DP) aware attribution that releases aggregate rationales without
leaking user-level data) [161]; (iii) audit-ready artifacts [162] that bind each
action to evidence—uncertainty calibration metrics, constraint certificates,
and SCM-backed causal justifications—signed and stored for post-incident
analysis; and (iv) red-teaming explanations [163] against adversarial KPI
spoofing or social engineering, with detectors that cross-check narratives
against machine-verifiable traces. Coordination with O-RAN ecosystems
is key so that explanations and certificates can travel alongside E2 control
messages for real-time governance.
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Figure 2: The XDRL-O-RAN integration architecture, featuring the RIC layer, XDRL
framework layer, and O-RAN component layer, interconnected through standardized
interfaces for data exchange and intelligent decision optimization.

5.6. Bridging Sim-to-Real and Standardization
To ensure transferability, both explanations and policies should be eval-

uated jointly across a ladder of environments, ranging from packet-level
simulators (NS-3/Simu5G) to software-defined RANs (srsRAN /OpenAirIn-
terface), wireless emulators (Colosseum-class), and large-scale city testbeds.
Throughout this process, it is crucial to maintain consistent logging APIs for
attributions, counterfactuals, and certification purposes. Fig. 2 illustrates the
complete integration architecture of XDRL with O-RAN. The architecture
consists of three primary layers: (1) The top-tier RIC layer comprises the
Non-RT RIC and Near-RT RIC, interconnected via the A1 interface for policy
management and model distribution; (2) The XDRL framework layer inte-
grates multiple reinforcement learning agents and a policy engine responsible
for intelligent decision optimization; (3) The O-RAN component layer includes
the central unit, distributed unit, and radio unit, coordinated through the
interfaces. The Near-RT RIC exchanges real-time control and monitoring
data with O-CU/O-DU via the E2 interface. This E2E architecture supports
intelligent management from user equipment to intelligent control.
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5.7. Putting the Roadmap Into Practice
We envision a deployable stack where: (1) training integrates explanation-

guided rewards [164] and uncertainty regularization; (2) inference includes a
lightweight explanation head and a safety shield that vetoes actions lacking
sufficient confidence or violating certificates; (3) operations run HITL critique
with drift monitors on both the policy and explanations; and (4) LLM-based
NLEs are strictly grounded in machine-checkable artifacts. Success will be
measured by consistent SLA attainment across slices, low tail-risk under
shifts, high surrogate fidelity at bounded complexity, valid counterfactual
rates, and demonstrated operator trust gains in field studies. Advancing along
this path will turn learning-based slicing from a high-performance black box
into transparent, risk-aware, and policy-compliant control suitable for the
operational realities of 6G AI-RAN.

6. Conclusion

This paper positioned XDRL as the linchpin for trustworthy, large-scale
automation in 6G AI-RAN, where intelligent network slicing must satisfy strin-
gent SLAs under non-stationary traffic, partial observability, and tight safety
constraints. We synthesized a holistic toolkit that unifies post-hoc interpreta-
tion, symbolic surrogates, causal/counterfactual reasoning, uncertainty cali-
bration, and constraint-aware control—embedded within a HITL governance
loop—to transform high-performance black-box policies into transparent,
risk-aware, and policy-compliant controllers. We proposed evaluation proto-
cols and testbed pathways that couple performance with explanation fidelity,
coverage, stability, counterfactual validity, and assurance metrics, facilitating
sim-to-real transfer and auditability. Finally, we outlined a forward-looking
roadmap on scalability, generalization, language-grounded explanations, in-
tent alignment, and ethics/regulation. Advancing along this path will enable
learning-based slicing to deliver not only peak efficiency but also verifiable
reliability, fairness, and accountability in operational 6G networks.
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