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Abstract—The 3rd Generation Partnership Project (3GPP)
produces technical specifications with long documents, hierar-
chical clause structures, and many tables, which makes auto-
mated question answering difficult. While Retrieval Augmented
Generation (RAG) has improved robustness for knowledge in-
tensive tasks, existing systems can still miss the right clauses
in long specifications and may retrieve incomplete evidence for
standards questions. This paper presents ClauseRouteRAG, a
RAG framework for multiple choice question answering over
3GPP specifications. ClauseRouteRAG first selects a small set of
relevant clauses by aggregating evidence from an initial retrieval
pass. It then retrieves passages within these clauses using dense
retrieval and BM25 with rank fusion. Finally, it reranks the
candidate passages using overlap of technical identifiers extracted
from the question and the retrieved passages, and it prompts
the language model to answer using only the provided evidence.
Experiments on TeleQnA Release 17 and Release 18 show that
ClauseRouteRAG consistently improves over LLM only baselines
and a naive RAG pipeline, reaching an overall accuracy of 0.849
on TeleQnA under the default setting.

Index Terms—Telecommunications, Retrieval Augmented Gen-
eration, Large Language Model, 3GPP

I. INTRODUCTION

Large language models (LLMs) have recently shown strong
performance in natural language understanding and genera-
tion, making them attractive for building interactive assistants
that answer technical questions [1]. Deep learning methods
have also been widely explored in telecommunications-related
tasks, including modulation signal representation learning and
few-shot signal modulation classification [2], [3]. In telecom-
munications, many questions must ultimately be resolved
against standards documents, where correctness depends not
only on fluent explanations but also on precise evidence
traceable to authoritative text. The 3rd Generation Partnership
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Project (3GPP) specifications are essential references in global
telecommunications [4], yet their scale, complex structure,
and frequent updates make it difficult to locate the exact
clauses needed for practical engineering questions. These
characteristics have motivated efforts to combine LLMs with
retrieval-augmented generation (RAG), grounding responses in
relevant specification clauses rather than relying solely on the
model’s pretraining [5], [6].

Recent work on RAG for 3GPP question answering mainly
builds indices over 3GPP releases and retrieves relevant seg-
ments as evidence for generation [7]. TelecomRAG [8] and
Chat3GPP [9] follow this direction by chunking specifica-
tions, building efficient indexes, and retrieving supporting
passages so answers can be checked against the original
text. These systems improve grounding and make it easier to
trace responses to the specifications, but they still struggle on
questions that require evidence from multiple clauses. When
the needed conditions are scattered and many passages share
similar wording, retrieval may return incomplete or distracting
context, which can lead to missed constraints or wrong clause
attribution.

To reduce retrieval noise and improve evidence coverage
in telecom standards QA, researchers have explored structure-
aware retrieval. Sousa et al. [10] organize 3GPP-oriented cor-
pora by clustering chunk embeddings with bisecting k-means
and use the resulting clusters to constrain the retrieval space.
Yuan et al. [11] propose a KG-RAG framework that integrates
a telecom knowledge graph with retrieval-augmented gener-
ation to retrieve structured, up-to-date domain evidence for
standards such as 3GPP and O-RAN. Even so, these methods
add extra work to build and update clusters or graphs as the
specifications change, and they can still miss the exact clause
conditions needed for questions that span several clauses.

Based on these observations, we propose ClauseRouteRAG,
a retrieval augmented generation framework for ques-
tion answering over 3GPP telecommunications standards.



ClauseRouteRAG adds routing at the clause level, so retrieval
first focuses on a small set of candidate clauses and avoids
distraction from long and repetitive text. Within the selected
clauses, it uses dense retrieval together with BM25, which
helps when queries contain abbreviations, different phrasing,
or terms that appear in tables. This design improves evidence
coverage for questions that involve more than one clause and
keeps the evidence easy to trace in the generation stage.
Our main contributions are summarized as follows:

e« We introduce ClauseRouteRAG, a RAG framework tai-
lored to 3GPP specifications that performs clause-level
routing to identify a compact candidate set and reduce
retrieval interference in long, similarly worded standards
documents.

o We design a hybrid retrieval module with rank-based
fusion, along with an entity/anchor-coherence reranking
strategy, to improve evidence completeness and clause-
level traceability for complex multi-clause queries.

+ We evaluate ClauseRouteRAG on open-source 3GPP QA
benchmarks and show consistent accuracy improvements
over strong LLM-only and RAG baselines.

II. RELATED WORK

Recent advances in LLMs have enabled their application
to interpreting complex telecommunications standards, par-
ticularly 3GPP specifications [S]. However, general-purpose
LLMs may lack domain-specific proficiency and up-to-date
knowledge when answering technical queries, motivating re-
search on telecommunications domain adaptation [7]. Exist-
ing approaches are commonly grouped into two complemen-
tary paradigms [11], [12]. The first adapts model param-
eters through domain-specific pre-training or fine-tuning to
strengthen internal knowledge, while the second relies on
retrieval-augmented generation (RAG) to incorporate external
evidence at inference time.

In telecom domain adaptation, recent work puts emphasis
on clear evaluation and practical deployment settings. Tele-
QnA [13] provides a benchmark with 10,000 multiple choice
questions from standards and research articles, which supports
consistent measurement of telecom knowledge.Using such
benchmarks, TelecomGPT [14] and Tele-LLMs [15] study
standard pipelines for telecom adaptation, including continual
pre training and instruction tuning on curated telecom corpora.
In parallel, model efficiency has been explored for practical
3GPP use cases by combining fine-tuning with low-bit quanti-
zation under hardware constraints [16], highlighting the need
to balance accuracy and deployment cost.

RAG for 3GPP specifications has progressed from basic ev-
idence retrieval to optimization and structure-aware modeling.
Early frameworks, including Telco-RAG [17], TelecomRAG
[8], and Chat3GPP [9], build 3GPP-grounded assistants by
combining specialized indexing with retrieval mechanisms
such as hybrid lexical-semantic matching. Subsequent methods
refine retrieval quality by incorporating text—table handling
[18], leveraging long-context modeling [19], [20], and in-
troducing routing mechanisms to narrow the search space

[21]. Beyond direct semantic matching, other lines of work
organize the embedding space for retrieval [10] or integrate
knowledge graphs to model structured relations [11]. More
recent systems, such as TelcoAl [22] and DeepSpecs [23],
adopt agentic and structure-aware retrieval to better handle
diagrams, cross-references, and evolving specifications.

III. METHODOLOGY

In this section, we introduce the methodology of
ClauseRouteRAG, as shown in Fig. 1. The overall architecture
involves several key phases, including data pre-processing,
indexing, retrieval, and generation, ensuring both efficiency
and accuracy in processing and retrieving information from
the 3GPP technical documents.

A. Preprocessing of Document Texts

We preprocess 3GPP specifications into a passage corpus
with explicit structure information to support retrieval aligned
with clause boundaries. Our knowledge base is built from
the TSpec-LLM collection [15] and covers Release 17 and
Release 18 specifications. All inputs are converted into a
consistent .docx format, and temporary or corrupted files
are filtered to improve parsing robustness. To reduce retrieval
noise, we remove sections that rarely contribute to standards
reasoning, such as the table of contents, reference lists, and
clearly non normative materials.

Unlike many telecom RAG pipelines that discard tables
during extraction, ClauseRouteRAG preserves tabular content
as retrievable evidence. In 3GPP specifications, critical param-
eters and constraint mappings are often stated in tables, and
excluding them can remove decisive evidence for standards
queries. For each table, we linearize every data row into a
compact passage using the header as field names. Given header
cells {h;}72; and row values {v;}}.;, we construct

m
trow:@(hj:’uj)v (1
j=1
where @ denotes string concatenation with separators. Each
trow 1S stored with its source file, recovered clause identifier,
title path, and table index and row index.

We further segment the cleaned narrative text into chunks
that follow the document headings, and we prepend the full
title path to each chunk so that each passage remains self
contained and traceable to its source clause. Clause identifiers
are recovered from local headings and textual patterns, and
when explicit clause markers are missing, we assign the
passage to the nearest preceding heading and inherit the
closest available ancestor clause identifier. We set the chunk
length to 250 tokens, which has shown strong performance
for 3GPP question answering in prior telecom RAG studies.
[17], [21] All passages, including narrative chunks and table
row passages, are stored with metadata fields that include the
source file, clause identifier, title path, and a stable passage
index for indexing and retrieval.
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Fig. 1. Overview of ClauseRouteRAG for 3GPP specifications. ClauseRouteRAG builds dense and BM25 indexes over the same passage corpus, along with
a clause mapping and an identifier cache. At inference time, it runs a broad hybrid retrieval, aggregates evidence to select candidate clauses, then retrieves
and reranks passages within these clauses to form the final evidence set for answer generation.

B. Index Construction and Retrieval Caches

ClauseRouteRAG builds dense and sparse indices over the
same passage corpus, using embeddings for semantic simi-
larity and BM25 for lexical matching. We also precompute
a clause-to-passage mapping and cache technical identifiers
from each passage. These lightweight caches support clause
routing and reranking without scanning the full corpus for each
query.

For dense retrieval, each passage p; with text x; is encoded
into an /5 normalized embedding vector

fenc(xi)
”fenc(mi) ||2 .
For a query ¢, we compute e, in the same way and define a
dense relevance score by inner product

2

e, =

Sdense(q; Z) = e;rei~ (3)

For sparse retrieval, we rank passages with BM25 [24].
Dense and sparse scores are not calibrated on the same scale,
so we merge their rankings using reciprocal rank fusion [25].
Let Tdense(?) and Tgparse(?) be the ranks of passage p; under
dense retrieval and sparse retrieval. The fused score is

1 1
<~ + =,
krrf + Tdense(z) krrf + rsparse(z)

where k¢ is a smoothing constant.
Each passage is associated with a clause identifier ¢; recov-
ered during preprocessing. We build a clause mapping

M(e) ={ile=c}, (5)

“4)

Shyb <Q7 Z) =

and store the parent chain for dotted clause identifiers, for
example 5.2.1 — 5.2 — 5.

To support reranking for technical queries, we cache a
set of surface form identifiers for each passage. For passage
pi, we extract an identifier set F;, such as specification
numbers, abbreviations, and formatted tokens that often serve
as anchors in 3GPP reasoning. These identifiers are extracted
using lightweight pattern-based rules together with named-
entity recognition, and are retained in their surface forms for
matching and reranking. From {F;} we build postings lists

Ple)={ilecEi}, (6)
and compute an inverse document frequency weight

N +1

IDF(e) = log e BT

+1, (7
where [V is the number of passages.

C. Retrieval with Clause Routing

ClauseRouteRAG retrieves a compact evidence set that is
relevant to the query and traceable to clause-level sources.
Given a query g, it extracts query signals, routes the search
to a small set of candidate clauses, then retrieves and reranks
passages within the routed space. Compared with prior routing
approaches, our method uses a non-parametric clause selection
step grounded in the explicit hierarchical structure of 3GPP
documents and aggregates first-pass retrieval evidence at the
clause level before restricting the second retrieval pass.



We extract lightweight signals from ¢ that include explicit
clause references, specification identifiers, and a set of techni-
cal identifiers E/; such as abbreviations, formatted tokens, and
specification numbers. When the query contains an explicit
clause reference, we also include its parent clauses using the
dotted identifier hierarchy.

Clause routing identifies candidate clauses before the second
retrieval pass. We first run hybrid retrieval over the full index
and obtain the top L passages, denoted by /. Each retrieved
passage p; is associated with a clause identifier c¢;. For each
clause ¢, we compute a clause score by averaging the scores
of the top K. passages within ¢

S@:%— >

! e TopKa Uy (c)

Shyb(qa Z)a (8)

where Ur(c) = {i € UL | ¢; = ¢}. We then select the
top N clauses ranked by S(c) and union them with any
explicitly referenced clauses and their parent clauses, forming
the candidate clause set C.

Given C, we construct a candidate pool of passages

V= J M. )
CEC~

If the query contains a specification identifier, we filter V
by the corresponding source document and fall back to the
unfiltered pool when the filter yields an empty set. We then
run hybrid retrieval within )V and keep the top M passages as
reranking candidates.

We rerank these candidates using identifier overlap. For each
candidate passage p;, we compute

sid(q,1) = Z IDF (e),

ecE,NE;

(10)

normalize siq(q,%) within the candidate set, and combine it
with the hybrid retrieval score

Sﬁnal(qvi) = (1 - ﬂ)shyb(Q7i) + Bgid(qa Z) (11)

Finally, we return the top K., passages ranked by Sfnai(g, )
as evidence for answer generation.

We set retrieval and fusion hyperparameters on a held
out validation split, and we report the default values in
Section IV-A. We use k;;y = 60 following the near optimal
setting reported for reciprocal rank fusion. [25]

D. Generation Phase

Given the top K., evidence passages returned by the
retrieval stage, ClauseRouteRAG builds two task-specific
prompts, as shown in Fig. 2 and Fig. 3. For multiple choice
questions, the prompt concatenates the retrieved passages with
their structural metadata, appends the question and options,
and constrains the model to output a single selected option in
a fixed format. For open-ended questions, the prompt provides
the same retrieved context and asks the model to produce a
short direct answer, which matches the LLM-Eval style used
in prior telecom QA evaluation.

PROMPT FOR MULTIPLE-CHOICE QUESTIONS

System: You are an expert telecom engineer. Use only the provided
context to answer the multiple-choice question.If the context is insuf-
ficient, output “Insufficient context”. Output format: “answer option X
[option content]”.

Context: {Retrieved passages p1, . . .
title paths}

, DKo, With clause identifiers and

Question: {Question}
Options: {Options O = {o1,...,0n}}

Answer: [Model output]

Fig. 2. Prompt used for multiple-choice question answering.

PROMPT FOR OPEN-ENDED QUESTIONS

System: You are an expert telecom engineer. Use only the provided
context to answer the question. Give a short direct answer grounded in
the context. If the context is not sufficient, output “Insufficient context”.

Context: {Retrieved passages pi, . ..
identifiers}

Question: {Question}

yPKe, With sources and clause

Answer: [Model output]

Fig. 3. Prompt used for open-ended question answering.

IV. EXPERIMENTS
A. Overall

In this section, we use the default settings for
ClauseRouteRAG as shown in Table I. Based on these
settings, we conduct experiments on 3GPP benchmarks to
evaluate the effectiveness of ClauseRouteRAG.

TABLE I
DEFAULT SETTINGS USED IN CLAUSEROUTERAG EXPERIMENTS.

Parameter Setting
Backbone LLM Llama3-8B-Instruct
Dense embedding model BGE-M3
Sparse retrieval BM25
Rank fusion RRF with k¢ = 60
Chunk length 250 tokens
First pass retrieval size L =200
Clauses selected by routing N =20
Passages per clause for routing score Ka=3
Reranking candidate size M =50
Reranking weight B8 =0.15
Evidence passages to LLM Kev =5

B. Datasets, Models and Baselines

We evaluate ClauseRouteRAG on multiple choice question
answering over 3GPP specifications, and the retrieval knowl-
edge base in all experiments is constructed from the TSpec-
LLM.



a) Datasets: There are two open-source evaluation
datasets available for 3GPP multiple choice question answer-
ing in our experiments, namely TeleQnA, the TSpec-LLM
benchmark dataset and Tele-Eval.

o TeleQnA. We use TeleQnA [13] and report results on the
Release 17 split with 734 questions and the Release 18
split with 780 questions. We report accuracy for each split
and their macro average.

o TSpec-LLM benchmark dataset. We also evaluate on
the benchmark dataset released with TSpec-LLM [15].
It contains 100 multiple choice questions derived mainly
from 3GPP series 36 and 38. This dataset complements
TeleQnA by focusing on questions that require careful
reading of the specification text.

o Tele-Eval. We report results on Tele-Eval [26], an open-
ended telecommunications question-answer dataset intro-
duced to complement multiple choice evaluation. Tele-
Eval contains 26,225 questions for Release 17 and 32,402
questions for Release 18. To manage evaluation costs, we
sample 500 questions each from two Release, following
Chat3GPP’s preprocessing procedure. We evaluate Tele-
Eval with LLM-Eval, using Mixtral-8x7B-Instruct [27] as
the judge model. Figure 4 shows the judging prompt used
for LLM-Eval.

LLM-EVAL JUDGE PROMPT FOR TELE-EVAL

System: You are a strict evaluator for telecommunications question
answering. Decide whether the model answer matches the reference
answer for the given question. Return only “Yes or No”.

Question: {Tele-Eval question}
Reference Answer: {Reference answer}

Model Answer: {Model answer}

Fig. 4. Judging prompt used for LLM-Eval on Tele-Eval.

b) Models: To test how ClauseRouteRAG behaves with
different backbone LLMs, we run the same retrieval and
prompting pipeline with three instruction tuned models:
Llama3-8B-Instruct [28], Qwen2.5-7B-Instruct [29], and Phi-
4-mini-Instruct [30].

c) Baselines: We compare ClauseRouteRAG with widely
used LLM and RAG baselines for question answering over
telecom standards. For the LLM baseline, we use LLlama-3-8B-
Tele-it, the best-performing model reported in the Tele-LLMs
series and instruction tuned for telecommunications [26].

For RAG baselines, we include Chat3GPP [9], Telco-RAG
[17], and Telco-oRAG [21], which are open-source systems
built for 3GPP-style documents.We also implement a Naive
RAG baseline, which implements the standard retrieve-then-
generate pattern without any domain-specific optimizations.

C. Results

We evaluate ClauseRouteRAG on the TSpec-LLM bench-
mark dataset. For TSpec-LLM, we report accuracy on the

Easy, Intermediate, and Hard subsets, as well as the overall
score, to measure performance under different levels of ques-
tion difficulty.

TABLE 1T
ACCURACY ON THE TSPEC-LLM BENCHMARK DATASET.

Method Easy Inter. Hard Overall
Base model 0.500 0.510 0.316 0.470
Naive RAG 0.706 0.790 0.700 0.720

ClauseRouteRAG 0.900 0.842 0.902 0.890

Table II shows that ClauseRouteRAG achieves the best
overall accuracy at 89%. It also remains strong across difficulty
levels, and it brings the largest gain on the Hard subset
compared with the base model.

We next evaluate ClauseRouteRAG on TeleQnA. Following
common practice in telecom question answering, we exclude
answer options in retrieval and add the options only in the final
generation prompt. For Chat3GPP, Telco-RAG, and Telco-
oRAG, we report the best accuracy values stated in their
papers. We report accuracy for the Release 17 subset and the
Release 18 subset using the corresponding release knowledge
base. We also report an Overall score computed by evaluating
the full TeleQnA set under a single knowledge base that
contains documents from both Release 17 and Release 18.

TABLE III
ACCURACY ON TELEQNA. “=” INDICATES THAT THE RESULT IS NOT
REPORTED. “FINE-TUNING” MEANS THE BACKBONE MODEL USED IN THE
REFERENCED RESULT IS TELECOM TUNED.

Method Rell7 Rell8 Overall Fine-tuning
Llama3-8B-Tele-it 0.531 0.571 0.552 Yes
Telco-RAG 0.725 0.784 - Yes
Chat3GPP 0.783 0.791 0.787 No
Telco-oRAG - 0.809 - Yes
ClauseRouteRAG 0.837 0.856 0.849 No

Table III shows that ClauseRouteRAG achieves the best
overall accuracy among the methods listed in this compar-
ison. ClauseRouteRAG improves over Chat3GPP on both
Release 17 and Release 18 without using a finetuned back-
bone model. Compared with Telco-RAG and Telco-oRAG,
ClauseRouteRAG reaches higher accuracy without training an
extra router component, which suggests that the gains come
from evidence selection in retrieval.

We further report results on Tele-Eval using LLM-Eval. We
compare ClauseRouteRAG with the same set of baselines. We
report scores for the Release 17 subset and the Release 18
subset, and we report an Overall score under the same setting
as TeleQnA.

Table IV shows that retrieval helps on open ended questions,
and ClauseRouteRAG gives the strongest results in this setting.
The gains indicate that clause routing and reranking still
improve evidence quality when answers are not restricted to
multiple choice options. The results also show that a general



TABLE IV
ACCURACY ON TELE-EVAL USING LLM-EVAL.

Method Rell7 Rell8 Overall

Base model 0.241 0.232 0.236
Naive RAG 0.356 0.368 0.362
Llama3-8B-Tele-it 0.287 0.271 0.279
Chat3GPP 0.487 0.542 0.515
ClauseRouteRAG 0.553 0.592 0.573

backbone with ClauseRouteRAG can match or exceed telecom
finetuned baselines under the same judge protocol.

We study how ClauseRouteRAG performs with different
backbone LLMs on the TeleQnA Release 17. Figure 5 com-
pares the base model, naive RAG, and ClauseRouteRAG using
three instruction tuned backbones.

|I:l Base Model [ Naive RAG [ ClauseRouteRAG (Ours) ‘

Phi4-mini | R | L 77.6%
Instruct
Qwen2.5-7B | 59.8% 1 78.8%
Instruct
Llama3-8B | 47.6% ‘ 70 83.7%
Instruct

0 20 40 60 80
Accuracy (%)

Fig. 5. Accuracy on TeleQnA Release 17 with different backbone LLMs.

Figure 5 shows that retrieval improves accuracy across
all evaluated backbones, and ClauseRouteRAG provides an
additional improvement over naive RAG. After applying
ClauseRouteRAG, the smaller Phi-4-mini-Instruct reaches a
similar accuracy level to Qwen2.5-7B-Instruct, which suggests
that the method can help lightweight models remain compet-
itive on standards question answering.

D. Ablation Study

We quantify the contribution of key components in
ClauseRouteRAG. We start from a Naive RAG baseline and
add one component at a time. All runs use the same backbone
model and the same default settings as in Section IV-A.

TABLE V
INCREMENTAL ABLATION RESULTS ON TELEQNA RELEASE 17. EACH
ROW ADDS ONE COMPONENT TO THE PREVIOUS SETTING.

Stage Method Rell7
Baseline Naive RAG (dense only) 0.640
Retrieval + BM25 in hybrid retrieval (RRF) 0.672
Indexing + Table row passages retained 0.702
Routing + Clause routing 0.812
Rerank + Identifier overlap reranking 0.837

Table V shows that clause routing brings the largest gain.
This step restricts retrieval to a small set of relevant clauses,

which reduces interference from similar wording across long
specifications. BM25 and table row passages help when ques-
tions rely on exact tokens, abbreviations, or parameter values.
Identifier overlap reranking provides a smaller but consistent
gain by preferring evidence that matches the key identifiers in
the query.

V. CONCLUSIONS

In this paper, we introduce ClauseRouteRAG, a clause-
level RAG framework for 3GPP telecommunications stan-
dards. ClauseRouteRAG selects a small set of relevant clauses,
retrieves evidence within these clauses using dense retrieval
and BM25, and reranks candidates with technical identifier
overlap. This design reduces noise from long specifications
and keeps the final evidence traceable to clause locations.
Experiments show consistent gains over LLM-only and RAG
baselines.

However, several limitations remain. Identifier extraction
uses lightweight rules and NER, which can miss implicit an-
chors or inconsistent aliases. The current pipeline treats tables
as linear text and does not model table structure or figures.In
future work, we plan to explore further optimizations to better
support a wider range of tasks within the telecommunications
domain.
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