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Abstract

Deployment of large language models in 6G and
O-RAN edge environments is constrained by la-
tency, hardware, and privacy requirements that
make cloud-hosted inference impractical. While
sub-2B small language models (SLMs) are suit-
able for local deployment, their general-purpose
pretraining provides limited telecommunications-
domain knowledge, and existing fine-tuning ap-
proaches overlook the diversity of knowledge ar-
eas and reasoning types the domain encompasses.
We propose lightweight task-specific LoRA fine-
tuning, training one compact adapter per task cat-
egory over a shared frozen backbone, and eval-
uate on the GSMA ot-full benchmark across six
task categories using three SLMs. Our results
show that SLMs with lightweight LoRA adapters
not only narrow the performance gap with larger
models but occasionally surpass them, while each
adapter introduces only a small fraction of ad-
ditional parameters relative to the frozen back-
bone'. These findings suggest that lightweight
task-specific adaptation offers a practical and effi-
cient path toward edge-native telecommunications
intelligence.

1. Introduction

Integration of language model intelligence into next-
generation wireless networks has emerged as a promising
direction to automate network management, fault diagno-
sis, and standards-based reasoning (Yin et al., 2026; Zhou
et al., 2024). In 6G and O-RAN architectures, language
models could support intelligent RAN applications, includ-
ing log analysis, configuration assistance, and protocol-level
question answering (Chen et al., 2026). Deploying large-
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scale models in these environments remains impractical
due to tight control-loop latency requirements, limited edge
hardware resources, and privacy constraints that preclude
offloading sensitive network telemetry to external cloud
endpoints (Qu et al., 2025).

SLM:s in the sub-2B parameter range are a natural candidate
for edge deployment (Lu et al., 2025), but their general-
purpose pretraining leaves them with limited exposure to
telecommunications-specific knowledge. Supervised fine-
tuning (SFT) is a natural way to adapt these models to
the telecommunications domain (Wei et al., 2021; Ouyang
et al., 2022). Many existing approaches treat telecommuni-
cations as a single monolithic fine-tuning target, overlook-
ing the diversity of knowledge areas and reasoning types
it encompasses (Zou et al., 2026; Zhou et al., 2026). The
telecommunications domain spans tasks as varied as stan-
dards comprehension, fault diagnosis, numerical computa-
tion, table understanding, and document classification —
each requiring distinct reasoning capabilities. Training a
single adapter across all of these simultaneously risks intro-
ducing conflicting optimization signals that degrade per-task
performance (Mueller et al., 2024; Yu et al., 2020).

In this work, we show that lightweight LoRA fine-tuning
can substantially improve SLMs on telecommunications
tasks while preserving their deployment-friendly model size.
By updating only a small set of adapter parameters, this
approach injects telecommunications-domain knowledge
into compact models with minimal additional overhead. We
evaluate on the GSMA ot-full benchmark (GSMA, 2025)
using SLMs from three model families, and compare them
against larger zero-shot reference models.

Our contributions are as follows. First, we show that
lightweight task-specific LORA fine-tuning enables SLMs to
narrow the performance gap with larger models on telecom-
munications tasks. Second, we demonstrate that this is
achievable with minimal parameter overhead, as each LoRA
adapter remains compact relative to the frozen backbone.
Third, we provide a systematic evaluation across seen and
unseen data splits and an ablation over LoRA rank, offer-
ing practical guidance for deploying lightweight adapters in
resource-constrained O-RAN environments.
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2. Methodology
2.1. GSMA ot-full Benchmark

We evaluate on the GSMA ot-full benchmark, a uni-
fied telecommunications evaluation suite that consolidates
eight task categories: TeleQnA (Maatouk et al., 2026),
6G-Bench (Ferrag et al., 2026), 3GPP-TSG (Zou et al.,
2025), ORANBench (Gajjar & Shah, 2025a), srsRAN-
Bench (Gajjar & Shah, 2025b), TeleLogs (Sana et al., 2025),
TeleMath (Colle et al., 2026), and TeleTables (Ezzakri et al.,
2025). These categories span diverse knowledge areas and
reasoning types, from standards-based multiple-choice QA
and document classification to numerical computation, ta-
ble comprehension, and fault diagnosis. We focus our pri-
mary evaluation on six categories that support a unified
exact-match protocol: TeleQnA, 6G-Bench, 3GPP-TSG,
ORANBench, srsRANBench, and TeleTables. TeleMath
and TeleLogs are excluded and left for future work, as they
require task-specific scoring and domain-specific evaluation
beyond the shared pipeline used in this study. Table 1 sum-
marizes the evaluated subsets. Since the dataset provides no
predefined splits, we partition each subset into 60% training,
20% validation, and 20% test using a fixed random seed.
Each adapter is trained and selected on its corresponding
splits, and we additionally evaluate on both the training data
(seen) and test split (unseen) to assess generalization.

2.2. Lightweight Task-Specific LoRA Fine-Tuning

Instead of training a single adapter across all task categories
simultaneously, we train one lightweight LoRA adapter
per category over a shared frozen backbone. This avoids
conflicting optimization signals that arise when tasks differ
in required knowledge and reasoning patterns, allowing
each adapter to specialize within its corresponding data
distribution. Since only the adapter parameters are updated
while the backbone remains frozen, the number of trainable
parameters per adapter is a small fraction of the total model
size, making each adapter compact and storage-efficient.

Formally, let 6 denote the frozen parameters of the base
model. For each category ¢ € {1,---,6}, we introduce a
LoRA adapter Af, = BA, where B € R¥*" A € R"*4,
and r < d. Rather than updating the full weight matrix,
LoRA constrains the weight update to a low-rank subspace,
adding only 2dr trainable parameters per target module
while keeping the backbone entirely frozen. Each adapter is
trained independently by minimizing the training loss over
its corresponding training split:
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Since each adapter is trained exclusively on its correspond-
ing category, gradient updates remain focused on a sin-

Table 1. Overview of evaluated task subsets in GSMA ot-full

Category Task Type Total
TeleQnA Multiple-choice QA 10,000
6G-Bench Multiple-choice QA 3,720
3GPP_TSG Document classification 2,000
ORANBench Multiple-choice QA 1,500
srsRANBench Multiple-choice QA 1,500
TeleTables Multiple-choice QA 500

gle task distribution. In many O-RAN deployment scenar-
ios, the task category may be inferred from the requesting
xApp/rApp context, requiring no additional routing mech-
anism beyond what is already implicit in the deployment
context. For more ambiguous requests where the category
cannot be inferred, a lightweight routing component could
be incorporated in future work.

3. Evaluation Setup
3.1. Backbone Models

We evaluate three sub-2B SLMs: Llama-3.2-1B (Al@Meta,
2024b), Qwen3-0.6B (Yang et al., 2025), and EXAONE-
4.0-1.2B (Bae et al., 2025). These models span three
model families — Llama, Qwen, and EXAONE - and are
selected for their suitability for edge deployment under strict
memory and compute constraints. For comparison, we in-
clude the zero-shot performance of large-scale reference
models from each corresponding family: Llama-3.1-8B-
Instruct (Al@Meta, 2024a), Qwen3-8B (Yang et al., 2025),
and EXAONE-3.5-7.8B-Instruct (An et al., 2024). These
models serve as a reference point to assess how closely
SLMs with fine-tuned LoRA adapters can approach the
performance of models several times larger.

3.2. Training Configuration

We apply LoRA with rank » = 16 and scaling factor o = 32,
targeting the query, key, value, output, gate, up-projection,
and down-projection matrices. All adapters are trained with
a cosine learning rate scheduler with linear warmup and
an initial learning rate of 5 x 10~%, with early stopping
based on validation loss. All experiments are conducted on
a NVIDIA RTX 3090 with random seed 42.

3.3. Evaluation Protocol

We evaluate each adapter using two metrics. Pass@1 mea-
sures whether the model produces the correct answer in
a single generation under greedy decoding, and serves as
the primary metric throughout our experiments. Maj@#k
extends this by generating k& candidate outputs through tem-
perature sampling and selecting the most frequent answer
as the final prediction, offering a more robust performance
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Figure 1. Pass@1 comparison across six telecom benchmark categories

estimate when model outputs exhibit variability. We set k
as 4 in all sampling-based evaluations. Additionally, we
conduct a rank ablation study by varying r € {4, 8,16, 32}
to analyze the trade-off between adapter capacity, memory
overhead, and task performance.

4. Results

4.1. Overall Effectiveness across Telecom Tasks

Pass@1 Accuracy Figure 1 presents the Pass@1 of each
backbone model before and after fine-tuning, alongside zero-
shot performance of large-scale reference models. Across all
six task categories and three backbone models, our approach
consistently improves accuracy over the zero-shot baseline,
demonstrating that LoRA adaptation effectively compen-
sates for limited telecommunications-domain knowledge.
The improvement is particularly pronounced in knowledge-
intensive categories such as TeleQnA, ORANBench, and
srssRANBench. Most notably, in 6G-Bench, EXAONE-4.0-
1.2B achieves 79.6%, surpassing its large-scale reference
model at 68.1%. In 3GPP-TSG, absolute performance re-
mains lower due to the difficulty of 16-class document clas-
sification, but fine-tuning consistently yields improvements.
Overall, the performance gap between LoRA-adapted SLMs
and large-scale reference models is substantially reduced,
supporting the feasibility of compact telecom-specialized
models in edge environments.

Majority Voting (Maj@4) Figure 2 reports Maj@4 under

Table 2. Comparison of Seen/Unseen performance

Llama-3.2-1B  Qwen3-0.6B EXAONE-1.2B

Category Seen Unseen Seen Unseen Seen Unseen

TeleQnA 66.38 57.15 72.02 58.15 69.40 56.45
6G-Bench 63.28 61.74 30.14 28.05 8348 79.60
3GPP_TSG 53.50 45.25 3633 30.00 26.00 19.00
ORANBench 75.78 61.67 50.67 45.00 6533 64.33
srssRANBench 92.12 86.05 76.47 78.41 7936 78.74
TeleTables 58.33 27.00 21.00 12.00 25.67 17.00

majority voting over four sampled outputs. Compared with
Pass@1 under greedy decoding, Maj@4 yields consistent
additional gains across most task categories and backbone
models, indicating that the fine-tuned models produce stable
and consistent predictions under repeated sampling. The
benefit of majority voting is most visible in categories where
individual predictions exhibit higher variability, such as
ORANBench and 3GPP-TSG, where aggregating multiple
outputs helps recover the most consistent prediction. For
categories with clearer answer boundaries such as srsSRAN-
Bench, the gap between Pass@1 and Maj@4 is smaller,
suggesting that greedy decoding already captures the domi-
nant prediction in most cases.

4.2. Generalization and Resource Efficiency

Generalization Table 2 compares adapter performance on
the training data (seen) and held-out test split (unseen). The
performance gap between the two settings remains consis-
tently small across task categories and backbone models,
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Figure 3. Effect of LoRA rank on Maj@4 evaluated on 3GPP-
TSG.

indicating that the fine-tuned adapters generalize to held-
out samples within the same benchmark. A particularly
interesting case is srsRANBench with Qwen3-0.6B, where
unseen performance slightly exceeds seen performance, in-
dicating strong generalization in this category. The limited
degradation from seen to unseen evaluation suggests that
the adapters learn task-relevant representations rather than
simply memorizing training examples, supporting their prac-
tical applicability in deployment scenarios where models
must handle previously unseen telecommunications queries.

Effect of LoRA Rank Figure 3 analyzes the effect of LoORA
rank on task performance and adapter storage size across
r € {4,8,16, 32}, evaluated on 3GPP-TSG using Maj@4
and adapter file size in MB. Performance improves steadily
as rank increases from 4 to 8 (34.25% to 41.75%), reflecting
the benefit of higher adapter capacity for capturing task-
specific patterns. In contrast, increasing the rank from 16 to
32 yields only a marginal gain (40.75% to 41.75%), while
doubling the adapter file size from 43.03 MB to 86.03 MB,

LoRA adapters, despite their compact size, can match or
even surpass the performance of models several times larger
on telecommunications tasks. Rather than relying on cloud-
scale LLMs, compact models can be effectively adapted
by updating only a small set of LORA parameters while
keeping the backbone frozen. Experiments on six GSMA
ot-full task categories across three sub-2B backbones con-
firm that LoRA-adapted SLMs consistently improve over
their zero-shot baselines and substantially close the gap to
larger reference models, highlighting their potential as on-
device inference engines for O-RAN and 6G environments
where latency, hardware, and privacy constraints preclude
cloud-hosted models. Several limitations and future direc-
tions remain. A direct comparison with a monolithic adapter
trained jointly across all categories would provide a clearer
empirical basis for the per-category adaptation strategy. Fu-
ture work may also explore answer-only loss masking to im-
prove fine-tuning efficiency, adapter merging (Yadav et al.,
2023; Yu et al., 2024) to consolidate specialized knowledge
into a single generalist adapter, and extension to federated
learning settings where adapters are trained locally across
distributed edge nodes without sharing raw network data.
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