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Abstract—Fault localization is a fundamental task for reliable
and automated telecommunication network operation, while
root-cause analysis (RCA) goes a step further by identifying
the underlying cause of an observed network fault. Recent
large language model (LLM)-based RCA approaches provide
strong diagnostic capability but can be computationally ex-
pensive for deployment. This paper investigates whether such
capability can be distilled into a compact small language model
(SLM). We formulate TeleLogs RCA as an eight-class closed-
set classification problem and distil diagnostic knowledge from
an OTel-LLM-8.3B teacher into a LoRA-fine-tuned Qwen2.5-
1.5B student with a sequence-classification head. Under a strict
train/validation/test protocol, the two-stage knowledge-distillation
(KD) student achieves 84.72% accuracy and 83.59% macro-F1.
Its dominant failure is confusion between excessive serving-cell
downtilt (C1) and higher-throughput neighbouring-cell coverage
(C3), producing 97 direct class swaps. We therefore introduce a
lightweight evidence-aware specialist that explicitly binds drive-
test measurements to engineering parameters. The hierarchical
system reaches 94.44 % accuracy using four interpretable features
and 95.49% using the full structured representation, reducing
C1/C3 swaps from 97 to 4. Controlled perturbations further
reveal severe SLM sensitivity to telemetry serialization, while the
structured evidence remains invariant for all 864 test samples,
localizing the remaining robustness bottleneck to SLM-based
routing. The student also reduces peak GPU memory by 4.53 x
and improves throughput by 1.51x over the teacher. These results
demonstrate both the deployment potential of compact telecom-
specific SLMs and the importance of explicit relational evidence
processing for reliable RCA.

Index Terms—telecommunication root-cause analysis, small
language model, knowledge distillation, LoRA, TeleLogs, model
compression, network automation.

I. INTRODUCTION

Modern 5G and emerging 6G networks are increasingly
software-defined, telemetry-rich, and operationally heteroge-
neous. Dense radio deployments, mobility, inter-cell interfer-
ence, handover control, and dynamic resource allocation create
fault signatures that may appear similar at the key performance
indicator level [1]-[3]. Therefore, detecting a degradation in
throughput or coverage is only the first step: network operation
and management systems must also infer the most plausible
underlying cause. Root-cause analysis (RCA) is therefore a
central capability for self-optimizing and self-healing mobile
networks. Conventional RCA solutions rely on expert rules,
fault trees, statistical learning, or graph-based dependency
modelling [4]-[6]. Although effective in well-defined settings,

these approaches can be costly to maintain as network config-
urations, fault types, and operational evidence evolve.

Language models provide a complementary route because
they can jointly process textual instructions, structured mea-
surements, and domain descriptions. Recent studies have ex-
plored LLM-based agents for incident diagnosis, tool-assisted
cloud RCA, and procedure-guided multi-agent troubleshooting
[7]-[10]. In the mobile-network domain, Sana et al. introduced
TeleLogs and showed that generic instruction-tuned and rea-
soning models perform poorly on specialised 5G troubleshoot-
ing unless they are adapted to the task [11]. Their results
demonstrate the value of domain-specific post-training, but
also expose a deployment challenge: high-capacity reasoning
models require substantial memory and inference resources.

This challenge is particularly relevant to operational RCA,
where the same bounded diagnostic decisions are executed
repeatedly and may need to run close to network-management
platforms. Recent surveys and model studies show that small
language models (SLMs) can offer lower latency, smaller
memory footprints, and easier domain adaptation than general-
purpose LLMs [12]-[14]. Belcak et al. further argue that many
agentic workloads are narrow, repetitive, and therefore better
matched to specialised SLMs than to monolithic generalist
models [15]. For telecom RCA, this suggests that the opera-
tional decision module does not necessarily need open-domain
conversational breadth; instead, it needs reliable discrimination
among a fixed set of technically similar fault causes.

Knowledge distillation (KD) provides a natural mechanism
for transferring task knowledge from a high-capacity teacher
to a smaller deployable student [16]. In the present work, the
teacher remains the stronger telecom RCA classifier, while
the central question is whether its fine-grained class-boundary
information can be retained by a compact student through soft-
label supervision and parameter-efficient adaptation [17].

We investigate not only how much telecom RCA capability
survives compression, but also what reasoning capability is
lost. An OTel-LLM-8.3B classifier is distilled into a Qwen2.5-
1.5B sequence classifier using LoRA. Error analysis shows
that the compact student struggles primarily with cross-
table discrimination between coverage- and neighbour-related
causes. We therefore augment the SLM with a lightweight
structured-evidence specialist and evaluate the resulting hier-
archy under both the standard TeleLogs test set and controlled



evidence-order perturbations. The main contributions are:

o a strict two-stage KD evaluation of a 1.56B telecom RCA
classifier, achieving 84.72% accuracy on the 864-sample
TeleLogs test set;

« an evidence-aware C1/C3 specialist that raises full eight-
class accuracy to 94.44% with four interpretable features
and 95.49% with the complete feature set; and

« a controlled robustness study showing that structured tele-
com evidence is permutation-invariant while the compact
SLM remains highly sensitive to telemetry serialization,
identifying SLM-based routing as the principal remaining
robustness bottleneck.

II. RELATED WORK
A. Root-Cause Analysis in Communication Networks

Traditional network RCA combines domain knowledge with
statistical or graph-based inference. Wireless-network studies
have applied fault localisation, graph neural networks, and
spatial dependency modelling to KPI-driven diagnosis [4]-
[6], [18]. These approaches provide structured inference but
are generally designed around predefined features or graph
structures.

B. Language Models for RCA and Operational Diagnosis

LLM-based systems extend RCA from fixed feature
pipelines toward natural-language reasoning, tool use, and
multi-agent workflows [7]-[9]. More generally, agent architec-
tures decompose complex objectives into planning, execution,
tool calling, and reflection stages [19], [20]. These systems
improve flexibility and human-readable interaction, but their
reliance on large generative models may be unnecessary when
the downstream decision is a bounded classification problem.
The closest work is the TeleLogs study by Sana et al
[11]. It formulates 5G troubleshooting as the identification
and explanation of one of eight root causes and proposes
supervised fine-tuning followed by reinforcement learning
for reasoning models. Their domain-adapted Qwen2.5-RCA
models substantially outperform generic reasoning baselines,
establishing TeleLogs as a challenging specialised benchmark.
Our work addresses a different operational objective: rather
than generating long reasoning traces with models up to 32B
parameters, we compress the final C1-C8 diagnostic capability
into a 1.5B sequence classifier and evaluate both predictive
quality and inference cost.

C. Small Language Models and Knowledge Distillation

SLMs have gained attention for on-device inference, pri-
vacy, lower serving cost, and rapid task specialisation [12]-
[14]. From a systems perspective, Belcak et al. argue for
SLM-first agentic designs in which specialised models han-
dle narrow recurring calls and larger models are reserved
for genuinely open-ended tasks [15]. Telecom RCA fits this
pattern because the evidence format is structured and the
final action space is fixed. KD transfers information from a
teacher distribution to a smaller student, allowing the student
to learn inter-class similarity that is absent from one-hot targets

[16]. Parameter-efficient methods such as LoRA further reduce
adaptation cost by updating low-rank matrices rather than all
backbone parameters [17]. Our focus differs from general
model compression by examining whether fine-grained cross-
table telecom reasoning survives distillation and how explicit
structured evidence can compensate when it does not.

III. METHODOLOGY
A. Task and Compact Student

TeleLogs contains 2400 training and 864 official test sam-
ples, each combining eight candidate RCA definitions with 5G
drive-test measurements and engineering parameters [11]. The
eight classes describe downtilt, overshooting, neighbouring-
cell throughput, overlapping coverage, frequent handovers,
PCI-mod-30 interference, excessive vehicle speed, and insuf-
ficient scheduled resource blocks. We formulate the task as
direct eight-class classification,

y = arg max clx). 1
j=arg max  po ) (D
The teacher model is an OTel-LLM-8.3B sequence-

classification model trained for TeleLogs RCA [21]. The stu-
dent is based on Qwen2.5-1.5B-Instruct [22] with a sequence-
classification head for eight RCA classes. To reduce training
cost, we fine-tune the model using LoRA adapters [17] applied
to attention and feed-forward projection layers, while the
classification head is saved as a trainable module. The final
student has 1.56B total parameters, with 18.48M trainable
parameters during LoRA fine-tuning.

B. Two-Stage Knowledge Distillation

For input z;, let ¢/’ and ¢; denote the teacher and student
class distributions softened using temperature 7. The student
minimizes

L=oalcg+ (1-a)Dxe (¢ |l4]) )

where v = 0.5 and 7 = 2.

Training proceeds in two stages. First, the LoRA-adapted
student is trained using hard C1-C8 labels to establish task
alignment. The resulting checkpoint then initializes Stage 2,
where Eq. (2) uses cached teacher probabilities to refine the
decision boundaries.

C. Evidence-Aware Hierarchical RCA

The strict student exhibits concentrated confusion be-
tween C1 (excessive serving-cell downtilt) and C3 (higher-
throughput neighbouring cell). We therefore extract structured
evidence by associating drive-test and engineering records
through PCI rather than table-row position. The Core-4 repre-
sentation contains pre-handover total tilt, mean pre-handover
RSRP, mean post-handover throughput, and throughput gain.
A second variant uses 23 features covering antenna configu-
ration, radio quality, throughput, neighbour margins, mobil-
ity, and resource allocation. A logistic-regression specialist
(C = 0.1) is trained only on C1/C3 training samples after
median imputation and standardization.



The SLM remains the primary eight-class model and ac-
tivates the specialist only when its predicted class is C1 or
C3:

QSLM € {Cla C3}7
otherwise.

. {gas(s(o:)» )

USLM,
IV. EXPERIMENTAL SETUP

A. Evaluation Setup

We evaluate on the released TeleLogs train/test split with
2400 training samples and 864 test samples. The original
2400 training examples are divided into 2160 training and 240
validation samples using a stratified split with random seed
42. All hyperparameter decisions and checkpoint selection are
performed using the training and validation subsets only. The
official 864-sample test set is evaluated only after the model
checkpoint has been fixed. For the two-stage KD student, the
checkpoint with the highest validation macro-F1 is selected
for final evaluation.

The maximum sequence length is set to 5000 tokens. Using
the Qwen tokenizer, the test prompts have an average length
of 2359 tokens, a median length of 2356 tokens, a 95th-
percentile length of 2681 tokens, and a maximum length of
2857 tokens. Consequently, all 864 test prompts are fully
contained within the 5000-token inference window and no test
sample is truncated.

All experiments were conducted on a single NVIDIA DGX
Spark equipped with the GB10 Grace Blackwell Superchip, a
Blackwell-architecture GPU, a 20-core Arm CPU, and 128 GB
of coherent LPDDR5x unified memory. We report accuracy,
macro-F1, confusion matrices, latency, throughput, and peak
allocated GPU memory.

B. Controlled Robustness Evaluation

To examine whether the compact RCA model relies on
superficial serialization cues, we construct deterministic per-
turbations of the same 864 TeleLogs test samples using
random seed 2026. These perturbations preserve the ground-
truth RCA label, all numerical KPI values, cell identifiers, and
the temporal order of the user-plane measurements.

Four conditions are considered: (i) option order, which
permutes the display order of the C1-C8 candidate definitions
while preserving each identifier-definition pair; (ii) table or-
der, which swaps the complete user-plane and engineering-
parameter sections; (iii) engineering-row order, which per-
mutes only the cell rows of the engineering table while
preserving every row; and (iv) combined, which applies all
three perturbations. The resulting benchmark is therefore a
TeleLogs-based controlled perturbation test rather than a sep-
arate official randomized split.

As a sanity check, structured features are extracted in-
dependently from every original and perturbed prompt. For
all four perturbations, both the Core-4 and complete 23-
feature representations are identical for 864/864 samples, with
a maximum numerical difference of zero.
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Fig. 1. Confusion matrix of the strictly evaluated two-stage KD student

TABLE I
STRICT RCA AND HIERARCHICAL REFINEMENT RESULTS.
System Acc.(%) F1(%) C1—C3 C3—Cl1
Strict two-stage KD 84.72 83.59 75 22
+ Core-4 94.44 94.46 13 0
+ All-feature 95.49 95.55 4 0

V. RESULTS AND ANALYSIS

A. Strict Two-Stage KD Performance

Under the strict evaluation protocol, the two-stage KD
student achieves 84.72% accuracy and 83.59% macro-F1 on
the 864-sample official TeleLogs test set, corresponding to
732 correctly classified samples. The corresponding confusion
matrix is shown in Fig. 1.

The errors are highly non-uniform across RCA classes. In
particular, 75 C1 samples are directly misclassified as C3,
while 22 C3 samples are misclassified as C1. Thus, 97 of the
student’s errors are direct C1/C3 swaps. The student correctly
identifies only 22 of 108 C1 samples and 75 of 108 C3
samples, whereas the remaining RCA classes are substantially
better separated. This concentration motivates a more detailed
examination of the C1/C3 boundary.

B. Evidence Analysis of the C1/C3 Boundary

To determine whether the C1/C3 errors arise from insuffi-
cient information in the telemetry, we additionally train binary
structured classifiers using only C1/C3 samples. The Core-4
representation reaches 92.59% accuracy and 92.56% macro-
F1, while the complete 23-feature representation reaches
98.15% accuracy, 98.15% macro-F1, and 99.49% ROC-AUC.
For reference, the eight-class teacher achieves 97.69% accu-
racy when evaluated on the same C1/C3 subset. Although these
binary results are not directly comparable to the eight-class
teacher, they indicate that the telemetry contains sufficient
discriminative evidence to resolve the C1/C3 boundary.



C. Evidence-Aware Hierarchical RCA

Table I shows that explicit evidence specialization sub-
stantially improves the end-to-end eight-class RCA result.
The Core-4 specialist increases accuracy from 84.72% to
94.44% and macro-F1 from 83.59% to 94.46%. The all-feature
specialist further increases accuracy to 95.49% and macro-F1
to 95.55%.

The improvement is concentrated exactly where expected.
The number of direct C1/C3 swaps decreases from 97 for
the strict two-stage KD student to 13 with Core-4 and only
4 with the full specialist. C1 correct predictions increase
from 22/108 to 84/108 and 93/108, respectively, while C3
correct predictions increase from 75/108 to 97/108 for both
hierarchical variants. Overall, the all-feature hierarchy reduces
the number of test errors from 132 to 39, corresponding to a
70.5% reduction in classification errors.

The main SLM routes 206 samples to the specialist. Among
these, 194 are true C1/C3 samples, while 12 belong to other
classes. Twenty-two true C1/C3 samples are not routed be-
cause the SLM predicts a different RCA class. For the all-
feature specialist, 190 of the 194 routed true C1/C3 samples
are classified correctly (97.94%). This indicates that, once the
correct boundary is activated, the structured specialist is highly
effective; the remaining limitation is primarily the routing
decision.

D. Robustness and Failure Localization

Table II reveals a strong distinction between candidate-
option ordering and evidence serialization. Reordering the
eight RCA candidate definitions has essentially no effect on
the main student: accuracy remains exactly 84.72%, while
macro-F1 changes only from 83.59% to 83.41%. The hierar-
chical systems are similarly stable, with the all-feature model
decreasing by only 0.12 percentage points in accuracy.

In contrast, changing the serialization of the telemetry
causes severe degradation. Swapping the user-plane and engi-
neering tables reduces the main-model accuracy from 84.72%
to 18.52%, while permuting only the engineering-table rows
reduces it to 23.38%. The combined perturbation results
in 18.87% accuracy. These changes cannot be attributed to
context truncation: all original and perturbed prompts remain
below 2857 tokens and are therefore fully contained within
the 5000-token inference window.

The degradation cannot also be attributed to altered physical
evidence. For each of the 864 samples, both the Core-4
and complete 23-feature representations extracted from every
perturbed prompt are numerically identical to those obtained
from the original prompt, with a maximum absolute feature
difference of zero. Therefore, the structured evidence repre-
sentation is invariant to the tested permutations.

The routing statistics further localize the failure. Under the
original input order, 194 of the 216 true C1/C3 samples are
routed to the specialist. Under table-order perturbation, none
of the 216 true C1/C3 samples is routed; engineering-row and
combined perturbations similarly route zero C1/C3 samples.
Consequently, the hierarchical specialist cannot recover the

prediction despite receiving an invariant evidence representa-
tion. These results dentify the SLM-based routing stage, rather
than the structured specialist itself, as the principal robustness
bottleneck.

The contrast between stable option-order performance and
severe telemetry-order degradation suggests that the com-
pressed SLM does not merely memorize the physical position
of the C1-C8 answer candidates. Instead, it appears sensitive to
how heterogeneous network evidence is serialized, suggesting
reliance on positional or serialization cues when binding drive-
test measurements to engineering parameters.

E. Efficiency and Deployment Cost

As shown in Table III, the distilled student reduces the
parameter count from 8.31B to 1.56B, corresponding to a
5.33x reduction. It decreases mean end-to-end latency from
608.56 to 404.25 ms. Throughput increases from 1.64 to 2.47
samples/s, representing a 1.51x improvement. Peak allocated
memory is reduced from 15.74 to 3.48 GB, corresponding
to a 4.52x reduction. The structured specialist is a logistic-
regression model operating on at most 23 scalar features and
therefore adds negligible model size relative to the 1.56B-
parameter SLM.

F. Task-Level Comparison

For task-level context, the current GSMA Open Telco
Leaderboard reports a TeleLogs score of 96.3% for OTel-
LLM-8.3B-QnA, while the original TeleLogs study re-
ports 95.86% pass@1 for the 32B Qwen2.5-RCA reasoning
model [11], [23]. Our 1.56B hierarchical classifier achieves
95.49% on the official 864-sample TeleLogs test set. Since
the GSMA leaderboard and our work use different evaluation
interfaces and protocols, these values should be interpreted
only as task-level context rather than as a direct ranking
comparison.

VI. DISCUSSION

The results suggest that output-level KD preserves broad
telecom RCA capability more effectively than fine-grained
relational reasoning. The dominant C1/C3 errors require the
model to associate serving and neighbouring PCIs across
heterogeneous telemetry tables and relate them to antenna con-
figuration, radio quality, and handover-dependent throughput.
The strong performance of the structured specialist indicates
that this information is present in the input, but is not rep-
resented reliably by the compressed SLM. The Core-4 result
further shows that much of the lost capability can be recovered
using only a small number of physically interpretable telecom
features rather than a complex auxiliary model.

The perturbation study exposes a different limitation at the
system level. Although the structured evidence is exactly in-
variant to the tested permutations, specialist activation depends
entirely on the SLM prediction. Table and engineering-row
permutations therefore cause the router to bypass the specialist,
even when the underlying evidence remains unchanged. This
identifies robust routing, rather than specialist accuracy, as



TABLE II
CONTROLLED ROBUSTNESS EVALUATION.

Condition Strict KD Acc. Core-4 Acc.  All-feature Acc.  True C1/C3 routed
Original 84.72 94.44 95.49 1947216
Option order 84.72 94.44 95.37 192/216
Table order 18.52 18.52 18.52 0/216
Engineering-row order 23.38 23.38 23.38 0/216
Combined 18.87 18.87 18.87 0/216
TABLE III and future directions,” IEEE Communications Surveys Tutorials, vol. 28,

TEACHER-STUDENT EFFICIENCY COMPARISON.

Metric OTel Teacher Student
Parameters 8.31B 1.56B
End-to-end latency 608.56 ms 404.25 ms
Throughput 1.64 samples/s  2.47 samples/s
Peak allocated GPU memory 15.74 GB 3.48 GB

the main target for future improvement. Possible directions
include evidence-aware gating, canonical telemetry serializa-
tion, and permutation-robust representations, which should be
developed on training/validation data and evaluated on unseen
perturbations.

From an agentic-network-management perspective, the pro-
posed architecture is best viewed as a compact RCA decision
module rather than a complete autonomous agent. It can
provide a structured diagnosis to higher-level planning and
orchestration components while keeping repeated, bounded
telecom reasoning computationally lightweight.

VII. CONCLUSION

This paper presented a compact evidence-aware architecture
for closed-set telecom RCA. Under a strict evaluation protocol,
the 1.56B two-stage KD student achieves 84.72% accuracy
on TeleLogs, while the proposed structured specialist raises
full eight-class accuracy to 95.49% and reduces direct C1/C3
swaps from 97 to four. Controlled perturbations show that
the structured evidence remains permutation-invariant, while
the SLM-based router is sensitive to telemetry serialization,
revealing a clear remaining robustness challenge. Together
with a 5.33x parameter reduction, 4.52x lower peak GPU
memory, and 1.51x higher throughput than the teacher, the
results support compact evidence-aware SLMs as practical
RCA modules for future automated and agentic network
management.
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