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Abstract—Zero-touch network service automation in the 
future mobile networks, alike 6G, is a key enabler for their agile 
network service management and closed-loop handling. Towards 
this new technological breakthrough, there exist several SotA 
global standards, for instance the Zero-touch network and service 
management (ZSM) intelligent framework, that manage to 
instantiate, deploy, and govern a variety of such closed-loops (thus 
enabling zero-touch administration) of the 6G end-to-end user 
resource demanding network services across versatile 
management domains (from the resource layer, business and to 
the service layer, above). However, the hierarchical closed-loop 
automation (from top to bottom and the opposite) of the service 
handling operation of virtually numerous such closed loops, due to 
the extreme computational and networking resource-hungry 6G 
applications, together with the plethora of end-users is left as on 
open challenge. In such trivial occasions, it is almost non avoidable 
that there will exist intent conflicts between users and resources. 
These conflicts, if not detected at all, will create bottlenecks in the 
idle network conditions of 6G testbeds, deployments and inter-
domain scenarios, therefore causing disharmony in the ZSM 
concept. In this paperwork, we depict a ready-state software 
prototype solution that is based on a Private LLM (Qwen 2.5) that 
is properly and ad-hoc configured to detect such intent-based 
contradictions and alongside provide very astute eXplainability 
(XAI) features and quick conflict recognition. The results received 
appear quite promising. 

Keywords—Autonomous intent-driven cellular networks, 
Closed-loop management, 6G zero-touch network service 
management, Intent contradiction detection, Large language Models 
(LLMs) 

I. INTRODUCTION 
6G zero-touch intent-driven network service administering 

tackles the increased and future expected complexity of the 
numerous 6G network services (URLLC, eMBB, mMTC) and 
testbeds (e.g., the 6G Continuum concept) [2] and [3], by 
declaring via human readable format (declarative knowledge) 
through intents. Zero-touch, network domain autonomy and 
closed-loop automation (CLA) are technically the same 
concepts that promise to reduce as much as possible the human 
intervention, and implement fully autonomous 6G cellular 
agents, by self-monitoring, self-provisioning, and self-healing  
(intent-based conflict reconciliation) the predefined end-user  

service SLA criteria via the intents language format. Whereas 
legacy policy-based CLA techniques suffer from complete lack 
of pliability among complicated network operations, the intent-
driven ZSM SotA handling technologies use intentions in an 
utterly declarative language to perform communication through 
various domains (resource, business, and service-oriented), and 
more easily prescribe constraints, dynamics, and objectives 
(SLAs, and SLOs) between closed loops. Such intent-motivated 
CLs allow 6G management systems to establish communication 
objectives via such intent bricks, offering an E2E fully 
autonomous framework for high operational efficiency and 
administration. 

Considering to network policy which corresponds to a causal 
construction of predefines rules (e.g., in the form of an “event-
condition-activity” assertion) that define in which manner a 
goal is successfully granted and admitted into executable 
specific network components configurations. On the other hand, 
the intent concept is more incognito and abstracted from the 
underlying low-level network configurations and aims to 
prescribe on what exactly is the goal, without defining how that 
goal should become accomplished [5]. Most recently, intent-
based networking has advanced to a paramount significance in 
the industry, academia, research world, as well as most 
importantly perhaps in the standardization bodies, being 
positioned as a key elemental driver of the uprising 6G 
architecture components and conceptual technologies [6]. Thus, 
the proper conception of intent gradually stepped forward from 
the high-level policy [5] to goal-oriented constraints and 
requirements [6]. During the time this article is being written, 
several standard bodies, like TM Forum, 3GPP SA5, and ETSI 
ZSM [4], define an intent as ”the formal specification of all 
expectations, including requirements, goals, and constraints 
given to a technical system” [5]. Intent is a set of expectations 
for a service or product, focusing on functional and non-
functional requirements. It can be quantitative or qualitative, 
high-level business-oriented or low-level technology-oriented. 
Intent does not mandate implementations but abstracts products, 
services, and resources from different parties. The details of 
management and operations are encapsulated, exposing only 
outcomes to the intent owner. Network technologies like 
virtualization, softwarization, and cloudification facilitate 
abstraction and are key to intent-driven management (IDM). 
Advancements in 5G make IDM more realistic in 6G research. 
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At the same instance, intent conflicts, or disagreements can 
emerge during the ZSM instantiation progress. The important 
problem of conflicts that can occur when multiple intents are 
acting simultaneously is not well addressed in the literature 
currently in publication. With the construction of a 6G intent 
management engine that prioritizes conflict detection, and 
therefore, as an aftermath, resolution, this research seeks to 
guarantee "conflict reconciliation" among autonomous 6G 
domains. From an implementation and architectural perspective, 
it investigates decentralized consensus through the use of AI 
from the Business Plane to the Resource Layer, utilizing 
TMF921A IDAN for intent processing. 

For the scope of such most efficient, in terms of declarative 
format, highest XAI scores, accuracy of conflict detection, and 
best-effort user admission, in this paperwork we utilize as a 
workable tool a private LLM we pre-configured and ad-hoc 
hyper-parameterized, together with some important regular 
expressions, to achieve this intent disagreement preemptive 
recognition and consistency. 6G-ACCORD [1] is a collaborative 
framework that uses private Large Language Models (LLMs) 
for automation of shared networks. It enables conflict resolution 
and collaboration among stakeholders in a shared intent-based 
6G network by abstracting diverse network infrastructures into 
declarative intents across business, service, and network planes. 
LLM-based agents negotiate resources, mediated by 6G-
ACCORD, to achieve consensus that aligns multi-party business 
and network goals. 6G-ACCORD’s evaluation on a 6G Open 
RAN testbed [2] and [3] reveals that it builds autonomous agents 
with comparable accuracy to state-of-the-art algorithms while 
being flexible to spatio-temporal business and network 
variability. 

The rest of the paper is organized as follows. Section II. 
presents the most recent related research attempts. In Section 
III., we follow the TM Forum autonomous network framework 
(TMF921) ontology description for the intents representation. 
Section IV. depicts our pre/post training configurations and 
policies followed to conform 6G-ACCORD to the Qwen2.5 
LLM. In the next Section V. we describe a PoC scenario of our 
engine’s capabilities. Section VI. is dedicated to the validation 
and evaluation of our results. Finally, VII. concludes this 
research.  

II. RELATED LITERATURE WORK 
The SotA (up-to-date) research outputs on intents handling, 

including conflict detection and resolution, among 6G mobile 
networks remains still in a quite premature level, although the 
research area topic is very intensive and innovative. The latter 
includes intent modeling and low-level translation-
configuration after a disagreement occurrence [7]. Rapid 
advances in natural language processing (NLP) and natural 
language understanding, driven by IT and cloud giants, have 
been used to construct semantics graphics, eliminate ambiguity, 
convert intents into policy descriptions, and eliminate ambiguity 
in understanding, interacting, and creating network services as 
intents [8]. Most of the literature concentrates on policy-centric 
goals, like directing analytics, closed loop events, and service 
behavior for elastic service management or putting high-level 
security policies into place without the need for specialized 
knowledge of network security operations [9] and [10]. 

Intent translation involves mapping customer-facing 
business intent to policy descriptions of management and 
operations processes, such as network or device configuration, 
service configuration, or traffic forwarding rules. However, 
existing direct intent translation & intent contradictions 
solutions are insufficient for end-to-end (E2E) networks due to 
the high complexity of multiple vendors and network domains. 
To address this, authors proposed creating a dedicated platform 
in their IBN architecture, inserting an intent management layer 
between business and network layers to receive business intents, 
translating them into network operation policies, and ensuring 
their fulfillment. This approach also enables bottom-up E2E 
service orchestration, where each network domain produces an 
abstracted representation of its performance and behavior 
correlated with the intent [9], and [11] – [13]. 

Conflicts in intent-based systems with several closed-loop 
control processes are the main topic of Baktir et al’s research 
[14].  By employing fitness values or penalties for each intent, 
which stand in for the penalty of not meeting or only partially 
meeting their KPIs, they suggest a way to resolve these conflicts.  
Based on these penalties, the intent manager determines an 
overall penalty. During dispute resolution, an assessment agent 
evaluates possible KPI modifications, chooses measures to 
reduce the anticipated penalty, and carries out these activities. 
To govern packet priority and maximum bit rate, Perepu et al. 
[15] model a situation in which an intent manager must satisfy 
three separate intents for several services.  When improving one 
objective KPI has a negative impact on another, conflicts occur.  
They employ a model-free multi-agent reinforcement learning 
technique in which lower-priority intents are proportionately 
degraded as each agent adjusts a parameter according to intent 
prioritization. 

Author(s) in [16] introduced a novel approach that combines 
large language models (LLMs) and Explainable Artificial 
Intelligence (XAI) to manage real-time signal interference in 5G 
and 6G cellular networks. The approach provides accurate 
interference predictions, balanced by the LLM's complex 
architecture, and interpretable explanations for transparency. 
The framework has been evaluated, showing lower interference 
latency rates of 0.95s compared to traditional techniques and a 
stable confidence score of 0.87 throughout the system. This 
XAI-driven LLM demonstrates the potential of incorporating 
LLMs and XAI into wireless networks to improve resilience in 
next-generation networks. Research activity in [17] discusses 
the increasing interest in semantic communication due to 
advancements in Fifth and Sixth Generation (5G/6G) and IoT 
communication technologies. Large Language Models (LLMs) 
are used to understand and generate human-like text based on 
extensive training on diverse datasets. The article presents a 
framework and modules for efficient communication in IoT 
networks using LLMs under the umbrella of semantic 
communication. It also discusses applications and challenges in 
developing such systems. A most recent and quite breakthrough-
related attempt in [18] integrates Artificial Intelligence (AI) in 
6G networks which is expected to revolutionize connectivity, 
reliability, and decision-making. However, the performance of 
AI models is crucial for network efficiency. This paper proposes 
a novel approach using Large Language Models (LLMs) 
empowered Chain-of-Thought (CoT) method to reason about AI 



model performance degradation in 6G networks. The approach 
uses an LLM as a "teacher" model and a CoT "student" model 
to reason about performance declines. 

III. 6G AUTONOMOUS NETWORKS AND INTENT-BASED 
OPERATION 

As 5G and 6G advance, autonomous and customer-driven 
network management remains a significant challenge. To enable 
autonomy on a large scale, it is crucial to separate customer 
needs from network and resource-centric operations. Intent-
driven management (IDM) architecture, conforming to the TM 
Forum autonomous network framework (TMF921), is suggested 
for this purpose. The intent is divided into three categories: 
business intent, service intent, and resource intent. The IDM 
architecture and concepts are illustrated using a sophisticated 
E2E use case to enable intent-driven autonomous management 
for multi-vertical and cross-operator service provision and 
assurance. This approach helps to abstract service expectations 
and conceal implementation specifics from clients, promoting 
network autonomy [19]. 

Fig. 1. Example of a 6G autonomous networks reference architecture 
(IG1251) [21]. 

As depicted in Figure 1, the futuristic concept of 6G-IBN 
focuses on the Autonomous Networks Reference Architecture 
(IG1251). It highlights the concept of an Autonomous Domain 
(AD) where intelligence is decentralized and localized. The 
particular architectural adaptation emphasizes Single Domain 
Autonomy and Cross Domain Collaboration. 6G is expected to 
have dynamic environments, diverse customers, and 
heterogeneous technologies. Network operators face two 
unanswered problems as mobile networks transition from 5G to 
6G: automation and intimate relationships with vertical sectors. 
Automation is necessary for complex 6G administration and 
operations. Verticals demand clear service needs, but struggle to 
articulate them in a way that complies with network 
provisioning processes due to their lack of networking 
competence. Simplifying service specifications is a crucial step 
towards network autonomy [20]. 

The concept of intent has evolved from high-level policy to 
goal-centric criteria, now defined as the formal specification of 
all expectations, including requirements, goals, and constraints 
given to a technical system. Intents can be high-level business-
oriented or low-level technology-oriented, quantitative or 
qualitative. They aim to abstract resources, goods, and services 

offered by many parties, separating implementation specifics 
and requirements. Network technologies that enable abstraction, 
such as cloudification, virtualization, and softwarization, are 
essential for achieving intent-driven management (IDM). IDM 
in 6G research is more feasible due to progress in 5G. 

The fundamental problem from 5G/6G closed loops is user 
service request disagreements (conflicts). The research domain 
of agile conflict detection/consistency verifier and conflict 
resolution is highly intensive, and the nucleus mathematical 
domain core behind best-effort consensus utility maximization 
is not fully underlined by the research community. However, 
there is a deep belief that decentralized Artificial Intelligence, 
solutions from advanced game theory, like Matching Theorems, 
Collaborative Consensus, and multiple Equilibria solving, will 
be the lighthouse of such direction [24] – [28]. 

When the previously declared intent functions' target 
parameter values are out of alignment, conflicts occur. As part 
of the 6G-ACCORD beyond-SotA solutions, the Nash social 
welfare function is suggested to analyze this contradiction issue 
and find the best value for the parameter. The MNO receives the 
recommended optimal value and estimated target values for 
decision-making. However, due to the lack of an automated 
decision-making process, performance may suffer as the 
complexity of handling this decision-making process increases 
with the number of contradictions. The discussion of intent 
conflict reconciliation is out of scope of this paperwork. Still, 
however the encompass of our pretrained-preconfigured Private 
Large Language Model (LLM) (Qwen 2.5) for the input requests 
contradictions detection emerges as a highly compact accuracy 
solution with extremely potent speed of detectability and 
XAI/RLHF features. The latter is of paramount importance for 
the declarative output process in case there is such case(s) of 
multiple intents conflicts, even among numerous MNOs. 

Fig. 2. Detailed-level diagram of the Intent Management Engine for intent 
handling/conflict detection (6G-ACCORD). 

 

 



The Intent Conflict Resolution Drivers (6G-ACCORD) are 
a sub-component of the 6G-ACCORD system, which performs 
three trilateral duties: intent conflict detection, intent conflict 
consistency check, and intent conflict resolution. These duties 
help prevent network utility bottlenecks and customer 
unfairness, verify the consistency of intent request input, and 
reach the main reconciliation or conflict consensus agreement 
reaching point. These features are being projected in Figure 2. 
The "Intent Management Engine (6G-ACCORD)" is a separate 
super component that focuses on intent policy conflict resolution 
and optimization. It includes the "Intent Optimization Engine & 
Decision Maker" component, which uses a holistic strategy to 
detect, check/verify, and reconcile intent conflicts. The 
algorithm detects conflicts between incoming intents and 
existing intents in the database through pair-wise regular 
expression comparisons. If all pair-wise comparisons pass 
without conflict, the incoming intent is introduced to the 
database. Filtering rules aim to decrease the number of 
candidates that may conflict with the incoming intent before 
intent entry to the manager. The introduction of Private LLMs 
and Machine Reasoning (query engine and knowledge-based 
database) transforms the intent detection engine more intelligent 
and adds better explanation to the manager as more intents arrive 
and are handled.  

IV. POST-TRAINING AND FINE-TUNING QWEN2.5 FOR 6G-
ACCORD 

For the purpose of multiple intent inputs/multiple 
MNOs/multiple 6G network domain managers (south-north 
bound), we adapted Qwen 2.5-Coder private LLM instance as 
an ad-hoc (for our 6G-ACCORD intent engine) solution. The 
Qwen2.5-Coder series is a significant upgrade from its 
predecessor, CodeQwen1.5. It includes six models, including 
Qwen2.5-Coder-(0.5B/1.5B/3B/7B/14B/32B), built upon the 
Qwen2.5 architecture [30] and pre-trained on over 5.5 trillion 
tokens. These models demonstrate impressive code generation 
capabilities while retaining general and math skills. They have 
achieved state-of-the-art performance across over 10 
benchmarks, including code generation, completion, reasoning, 
and repair . The release of the Qwen2.5-Coder [29] series aims 
to advance research in code intelligence and support wider 
adoption by developers in real-world applications. 

A large-scale, coding-specific pretraining dataset with over 
5.5 trillion tokens has been created, sourced from public code 
repositories and web-crawled data. The dataset uses weak 
model-based classification and scorers to recall and clean 
potential code data, filtering out low-quality content. The 
approach includes file-level and repository-level pretraining for 
comprehensive coverage. The dataset includes code, 
mathematics, and general texts to optimize performance and 
balance coding expertise with general declarative language 
understanding, most appropriately fitted for the TMF921 intent 
recognition. An instruction-tuning dataset is also developed to 
transform models into coding assistants for downstream 
applications. The dataset covers a wide range of coding-related 
problems and solutions.  

A. Pretraining Phase 
We developed a new method for generating high-quality 

text-code mixed datasets for code generation. We used a coarse-

to-fine hierarchical filtering approach instead of a conventional 
URL-based multi-stage recall method, allowing for precise 
control over each filter's responsibility and natural assignment 
of quality scores. This applies to the generic pair-wise filtering 
rules we instantiated as part of the 6G-ACCORD intent conflict 
detection engine, mentioned before. The text-code grounding 
data was cleaned using smaller models, such as fastText, to 
avoid semantic complexity. The mathematical capabilities of 
Qwen2.5-Coder were enhanced by integrating the pre-training 
corpus from Qwen2.5-Math into the (internal-open-source) 
dataset. High-quality general natural language data from the pre-
training corpus of the Qwen2.5 model was included to preserve 
the model's general capabilities. All code segments were 
removed to avoid overlapping with the code data, ensuring the 
independence of different data sources. 

B. File-Level Pretraining 
A very significant factor we considered upon the pretraining 

procedure of the pre-built specific private LLM, was that during 
the simulation phase we tested the intents inputs, for instance 
whether they contained conflicts or not, in a file-based batch 
mode. In this manner we were actually able to perform realistic 
Monte-Carlo simulations of the confusion matrix generation of 
our 6G-ACCORD intent handling engine inside the intent 
disagreement domain, surplus derive some important critical 
benchmarking metrics (like AOPC (Area Over Perturbation 
Curve) / Sufficiency, Comprehensiveness (or Necessity), and 
Groundedness/Hallucination (especially for RAG/Generative 
tasks)). File-level pretraining involves learning from individual 
code files, with a maximum sequence length of 8,192 tokens, 
covering 5.2T of high-quality data and focusing on next token 
prediction. 

C. Training Policy 
As regards to the pure training phase, we supplied the 

conventional Qwen2.5-Coder to become fine-tuned using tens 
of millions of low-quality instruction samples, followed by fine-
tuning with high-quality samples. The instruction model was 
mixed-tuned, using tree-sitter-languages to parse code snippets 
and extract basic logic blocks. Offline direct preference 
optimization (DPO) was used for code execution feedback, with 
multilingual code sandboxes and LLM-as-a-judgment for 
complex code snippets [29] and [30]. 

V. 6G-ACCORD: INTENT CONTRADICTION DETECTOR PROOF-
OF-CONCEPT (POC) 

The cognitive function (CF) in CAN is responsible for 
autonomous provisioning of each 6G networking KPI. 
However, default intent-driven engines struggle to identify 
conflicts within intents, leading to contradictions that become 
apparent only after execution. To avoid this, an extra workflow 
interface has been added to the 6G-ACCORD intent engine, 
providing detection and resolution capabilities for 
contractionary services among TMF-based declarative intents. 
The interface offers two options: "ADMIT THE SERVICE" 
(no conflict detected among multiple intents), allowing the 
service to proceed with SLAs establishment, AS-IS, or "DO 
NOT ADMIT THE SERVICE" (conflict detection), 
preventing the execution of a single Network Control Parameter 
or KPI without concern for contradiction. 



As part of our experimenter, we have prototyped a software 
GUI web portal, or a chat-bot, able to interact into a human 
under stable language format, with the 6G end-users, for the 
intent requests. The portal utilizes technologies such as Few-
shot prompting with the optimized private LLM (Qwen 2.5-
Coder), TMF-based intent representation (TTL format), 
YoloV8-based live object detection, and Kubernetes (K8s) for a 
deployment experiment. The user requests the deployment of 
YoloV8 object recognition and live video streaming, which is 
processed by the optimized LLM. This request is converted into 
an intent representation based on TMF, which is then used to 
create a Kubernetes (K8s) manifest file. The service is deployed, 
and the live object detection stream is started by applying the 
manifest file to the K8s cluster. The process involves a Natural 
Language User Request, Converting Request to Intent 
Representation, Creating a Kubernetes Deployment File, and 
Installing the Service. 

At first, as a case paradigm, the user submits a request to use 
YoloV8 to create a live object detection service on a Kubernetes 
cluster. The user indicates that low latency is required. The user 
enters text in the designated field on the (intent input) interface:  

"I want to stream live videos from my camera and to detect 
the objects inside the live video using YOLOv8 algorithm. 
Please deploy the object detection in a k8s platform using low 
latency and give GPU support if available. The stream should 
be uninterrupted." 

Since there is no conflict detected, the resulting Kubernetes 
manifest file, thus the 6G URLLC service will be deployed, as 
shown in the next Figure 3. 

Fig. 3. Deployment status and live streaming (6G-ACCORD decision). 

VI. BENCHMARKING RESULTS & VALIDATION 
Benchmarking Explainable AI (XAI) metrics for Large 

Language Models (LLMs) like Qwen 2.5 is a complex task that 
involves assessing the quality of an explanation (intent 
disagreement recognition) generated by an XAI method. XAI 
methods for LLMs include Gradient-based Methods, such as 
Integrated Gradients, Saliency Maps, Perturbation-based 
Methods, and Attention-based Methods [31]. Attention-based 
Methods directly leverage attention weights from Transformer 
models, while Prompt-based/Intrinsic Explanations involve 
prompting the model itself to explain its reasoning. To 
benchmark XAI metrics with Qwen 2.5 in Python, one can use 
a perturbation-based approach and evaluate faithfulness. For 
example, to understand why Qwen 2.5 classified a piece of text 
as "positive" or "negative" sentiment, one can use a 
perturbation-based approach and evaluate faithfulness. This 

approach ensures that the XAI explanations accurately reflect 
the actual behavior of the model and align with human 
reasoning. 

We decide to access the (self-conflict-generating) following 
intent with three different XAI metrics [31]: “I want to run an 
URLLC Metaverse service in my 6G mobile oculus device with 
less than 10 dB SINR value and 250Mhz CPU.” (a) We use 
LIME benchmarking tools. LIME works by perturbing the input 
and observing the effect on predictions. The model must output 
a classification (e.g., Positive, Negative, Intent Conflict, No 
Conflict, etc.). For this, we'll prompt the LLM with structured 
instructions. Thus, LIME will return a list of word/token-
importance pairs. Positive scores tend to increase the likelihood 
of intent conflict, whereas a negative score decreases likelihood 
(or may be irrelevant). (b) AOPC (Average Output 
Probability Change). The AOPC measures faithfulness of 
explanations by quantifying how much the model's output 
changes when top-k important tokens are removed. If removing 
the most important tokens (per LIME or another explainer) 
significantly alters the model's prediction, the explanation is 
more faithful. (c) We compute the Jaccard similarity score, by 
estimating the XAI Stability metric, which quantifies whether 
an explanation changes significantly when the input changes 
slightly. We tabulate our evaluation results into the next table 
(Table I.) The estimated AOPC value stands for 11.6%, which 
means the average drop in predicted probability after removing 
the top 5 important tokens indicates that the explanation is 
reasonably faithful. XAI Jaccard (Stability) is valued at 0.657. 

TABLE I.  6G-ACCORD/QWEN2.5-CODER (32B PARAMETERS) XAI 
FEATURES IMPORTANCE 

Lime AOPC Jaccard 

Tokens Score Token 
Removed 

Resulting 
Probability 

Delta 
(Drop) 

Top-5 
Tokens 

Perf. 

'10 dB': 0.42  0.75 0.10 3/7 = 0.428 

'URLLC': 0.37  0.73 0.12 3/7 = 0.428 

'Metaverse': 0.31  0.70 0.15 3/7 = 0.428 

'250Mhz': 0.29  0.72 0.13 5/5 = 1.0 

'oculus': 0.12  0.77 0.08 5/5 = 1.0 

'less': 0.10 X - - - 

'6G': 0.09 X - - - 

'CPU': 0.08 X - - - 

'run': -0.02 X - - - 

'I want': -0.04 X - - - 

 

Finally, Figure 4. illustrates the classifications report 
analysis based on the confusion metrics from the 6G-ACCORD 
intent contradiction detection engine. It manages to perform 
quite well by achieving a precision-recall accuracy of 93%, and 
an f1-score of 93%, additionally. These numerical results 
validate the viability nature of our intent engine alongside its 
very keen eXplainability characteristics for intent conflicts 
recognitions in the 6G future mobile networks at an early stage. 

 



Fig. 4. 6G-ACCORD private LLM’s confusion matrix. 

VII. CONCLUSION 
Zero-touch network service automation in future mobile 

networks, particularly 6G, is crucial for agile service 
management and closed-loop handling. Global standards like 
the Zero-touch network and service management (ZSM) 
intelligent framework enable this. However, hierarchical closed-
loop automation is challenging due to computational and 
networking resource-demanding 6G applications and end-users. 
Intent conflicts between users and resources can create 
congestions in idle network conditions, causing disharmony in 
the ZSM concept. A ready-state software prototype solution is 
presented, based on a Private LLM (Qwen 2.5) that detects 
intent-based contradictions and provides robust eXplainability 
features and quick conflict recognition. 
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