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Abstract—The application of Large Language Models (LLMs)
and Retrieval-Augmented Generation (RAG) systems in the
telecommunication domain presents unique challenges, primarily
due to the complex nature of telecom standard documents and
the rapid evolution of the field. The paper introduces Telco-
RAG,1 an open-source RAG framework designed to handle
the specific needs of telecommunications standards, particularly
3rd Generation Partnership Project (3GPP) documents. Telco-
RAG addresses the critical challenges of implementing a RAG
pipeline on highly technical content, paving the way for applying
LLMs in telecommunications and offering guidelines for RAG
implementation in other technical domains.

I. INTRODUCTION

Large language models (LLMs) are designed to understand,
generate, and process text by leveraging extensive training
data. These models, built upon architectures such as Trans-
formers, employ deep learning techniques to analyze and
predict language patterns [1]. Their capabilities are largely
attributed to the vast amount of text they process during
training, allowing LLMs to develop a nuanced understanding
of language, context, and even idiomatic expressions. The
utility of LLMs extends across various domains, among which
telecommunications, where models can improve operational
efficiency and enhance customer satisfaction [2].

Standalone language models rely solely on their inter-
nal representations and learned parameters to generate text,
which showcases modest knowledge in technical domains such
as telecommunication standard documents [3]. Two primary
methodologies have emerged to address this challenge: fine-
tuning and retrieval-augmented generation (RAG). Fine-tuning
enables language model specialization via further training of
a fraction of the parameters using a domain-specific dataset.
However, fine-tuning can incur a high computational cost
[4] and is not suited for rapidly evolving domains where
new knowledge needs to be incorporated on a regular basis.
RAG stands out as an appealing alternative due to its cost-
effectiveness, adaptability, and scalability [5]. In the RAG
paradigm, knowledge from external sources is fetched in
real-time when a query is addressed to the system. This is
particularly tailored for quickly evolving fields [6].

In the telecommunication industry, a retrieval-augmented
language model that masters complex industry-specific knowl-

1https://github.com/netop-team/telco-rag

edge, such as the content of technical standards, would hold
significant practical value [7]. For instance, it would allow
the development of an advanced chatbot for professionals.
Such a tool would increase the accuracy and speed with
which telecommunications professionals access and comply
with international standards, fostering quicker development
cycles and improved regulatory adherence.

In this work, we concentrated our efforts on telecommuni-
cation standards, and specifically 3rd Generation Partnership
Project (3GPP) documents. This focus was motivated by
the aforementioned practical utility of a chatbot specialized
in 3GPP and by the observation that even state-of-the-art
language models, such as GPT-4, exhibit scarce knowledge
of this content [3].

We have identified that the conventional RAG setup, which
typically extracts three to five data segments of 512 tokens
each [8], does not adequately meet the intricate demands of
telecommunications standards. Consequently, we have devel-
oped a specialized RAG pipeline named Telco-RAG specifi-
cally optimized for 3GPP documents.

Besides, through our design and methodology, we aim to
provide generally applicable guidelines to overcome the com-
mon challenges faced when implementing an RAG pipeline
in highly technical domains. These include identifying the
most impactful hyperparameters to tune, recommending de-
fault settings [9], reducing the high random access memory
(RAM) usage, and refining the user’s query [10]. We expect
that the Telco-RAG, which we make publicly available as an
open-source chatbot for 3GPP standards, and the associated
results will contribute substantially to integrating AI in the
telecommunications field.

II. METHODOLOGY

RAGs improve the quality of the LLM-generated responses
by providing the LLM with external sources of knowledge
based on a large corpus of documents. RAG pipelines start by
splitting the document corpora into fixed-sized long (chunk
size) segments called chunks. Using an embedding model,
each chunk is transformed into a vectorial representation
capturing the semantics of the segment. When a query is pre-
sented, the system identifies the relevant chunks by computing
a similarity between the chunks’ embeddings and the query’s
embedding. Lastly, RAG presents the relevant chunks, called
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Fig. 1. The proposed Telco-RAG architecture.

the context, alongside the query to a LLM that generates the
final response.

Any implementation of a RAG system for telecommunica-
tions will face four critical challenges: sensitivity to hyperpa-
rameters [9], vague user queries [10], high RAM requirements,
and sensitivity to the quality of the prompts [11]. In particular,
poor prompts affect the capacity of the LLMs to comprehend
the context of the queries and correctly reply to them. More-
over, vague queries limit the precision of the retrieval stage.

Fig. 1 depicts the proposed Telco-RAG tailored for LLM
deployment in the telecommunications sector. The proposed
system aims to improve the retrieval and processing of tech-
nical documents, focusing specifically on 3GPP standards. It
features a dual-stage pipeline, including a query enhancement
stage and a retrieval stage. The query enhancement stage
includes four steps: initially, it employs a custom glossary of
technical terms to augment the query, enhancing contextual
understanding. Subsequently, a neural network (NN) router
selectively identifies relevant documents from the document
corpus. This sub-selection optimizes the accuracy and ef-
ficiency, reducing the number of documents loaded in the
preliminary retrieval (step 3), which provides the first round of
context used to further refine the queries (step 4). Following
this, the retrieval stage utilizes the NN router to select the
documents (step 1) on which the RAG realizes the second
retrieval (step 2). Note that using the improved query boosts
the accuracy of the second retrieval thanks to the more accu-
rate embedding representations. The pipeline finalizes with a
generating component, relying on a state-of-the-art language
model such as GPT-3.5, which generates responses based on
retrieved context.

A. Hyperparameters Optimization

As numerous studies have shown, hyperparameter optimiza-
tion can provide large gains for retrieval-augmented models
(see [8], [12]). Therefore, using a synthetic dataset constructed

for this purpose, we conducted a meticulous optimization
of the chunk size, context length, indexing strategy, and
embedding models (see Sec. III). These hyperparameters are
explained below

• Chunk Size: Determines the length of each text segment
the RAG processes at once.

• Context Length: Length of the context yielded by re-
trieval component.

• Embedding Models: Algorithms that transform text into
numerical representations.

• Indexing Strategy: The FAISS index2 [13] by which the
model assesses the relevance of each text chunk related
to the given query.

B. Query Augmentation

Numerous studies indicate significant improvements when
augmenting vague queries in RAG pipelines [10]. In telecom
documents, two major issues arise with vague queries: the
abundance of technical terms and abbreviations in questions,
and the inability of the RAG to discern user intent, leading to
the retrieval of irrelevant, albeit similar, information.

1) Lexicon-enhanced Queries: In this section, we address
the challenge posed by the prevalence of technical terms and
abbreviations in questions, which are often difficult to capture
accurately in the embedding space. To tackle this issue, we
utilized the “Vocabulary for 3GPP Specifications” [14] to
construct two dictionaries: one for abbreviations and another
for terms with their definitions. Integrating these dictionaries
into our query enhancement block of the pipeline- see Fig. 1-
allowed us to refine the embedding process. For each question,
we enriched the embedding with the definitions of relevant
terms from the dictionaries. This process refines the similarity
evaluation between the question and potential answers by

2FAISS is a library by Facebook AI Research optimized for efficient
similarity search and clustering of dense vectors in large datasets on modern
CPUs and GPUs.



incorporating domain-specific knowledge. We also integrated
relevant terms from the dictionaries in our final prompt, built
using the retrieved context, user query, and the defined terms
and definitions. This ensures that the LLM was prompted with
the necessary technical vocabulary and definitions to process
the question effectively. This method was employed in the
Glossary Enhancement block of our pipeline, see Fig. 1.

2) Generating Candidate Answers: We use a language
model to generate all plausible answers based on the prelimi-
nary context selected in Retrieval 1. Then, we add these gener-
ated candidate answers to enhance the user’s query, clarifying
its intent and preventing the retrieval of irrelevant information.
The embedded enhanced query improves the identification of
the relevant information in the corpora, yielding a superior
final answer quality.

C. Enhancing the RAM Usage of the Telco-RAG

For large document corpora, the dataset of the embedded
chunks becomes so voluminous that it exceeds the limitations
of RAM capacities. Besides, we show in this work that for
highly technical documents, smaller chunks yield better per-
formance (see Sec. III-A2). However, the smaller the chunks,
the more the text segments to be processed by the RAG, which
increases the required RAM resources. To deal with this issue,
we recall that the 3GPP standards categorize specifications
into 18 distinct series [15]. Each series provides the technical
details of a specific aspect of mobile telecommunications
technologies (radio access, core network components, security,
etc). To improve the RAG usage efficiency, we developed an
NN router tailored to predict relevant 3GPP series based on
queries. This model enables selective loading of embeddings,
thus drastically reducing the RAM usage.

The architecture of the NN router incorporates two distinct
input channels. The first channel processes input 1, a 1024-
sized vector embedding the initial user query, while the second
channel processes input 2, an 18-sized vector. Each entry of
this vector is defined as the inner product between query
embeddings and the embedding of each 3GPP series summary
description, generated through a dedicated LLM.

Central to our model are two adjustable trainable parame-
ters, α and β, which modulate the influence exerted by each
input stream on the resultant output. The overall architecture
is illustrated in Fig. 2.

For the processing of the embedded query, our model
implements a series of linear transformations that reduce its
dimensionality from 1024 to 256. This reduction incorporates
dropout layers to mitigate overfitting and a batch normalization
layer to enhance training stability. Concurrently, the second
input stream begins with a dimensionality of 18, preprocessed
through a softmax layer, which is then expanded to 256
dimensions, to process jointly the contributions from both
input streams in the decision-making process. The outputs
from these pathways are weighted by 2 trainable parameters,
α and β. These weighted outputs are summed up into a unified
representation, which our neural network model utilizes to
ascertain the target 3GPP series with heightened accuracy.
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Fig. 2. The proposed NN router architecture.

Integrating this NN model into Telco-RAG framework
significantly elevates the ability to discern and categorize
standards-related queries, paving the way for more targeted
and efficient information retrieval.

To train the NN router, we created a synthetic dataset
comprising 30,000 questions from 500 documents from 3GPP
Release 18, and their originating series that served as target
labels. The adoption of synthetic data for training and testing
our NN router reduces the risk of overfitting the dataset on
which we test Telco-RAG pipeline [16].

D. Prompt Engineering

Prompt engineering plays a crucial role in RAG systems,
particularly in ensuring that the RAG maintains focus on the
user’s question while comprehending the broader context [11].

In our study, we designed a structured, dialogue-oriented
prompt, as prompt engineering literature has shown better
LLM performance with this format [17]. More specifically,
the final prompt of Telco-RAG starts with the query followed
by the definitions of the terms and abbreviations. After that,
the prompt includes the generated context. Importantly, the
proposed prompt includes the query repetition, before the
related options and query instruction helping the model to
effectively generate a relevant response. The designed format
of the LLM prompt is as follows:

*Please provide the answers to the following multiple-
choice question: <Question>
*Terms and Definitions: <Defined Terms>
*Abbreviations: <Abbreviations>
*Considering the following context: <Retrieved Context>
*Please provide the answers to the following multiple-
choice question: <Question>
*Options: <Options>
*Write only the option number corresponding to the
correct answer.



TABLE I
ARCHITECTURES OF THE COMPARED RAGS.

Name Embedding
Model

Chunk
Size

Context
Length

Candidate
Answers

Glossary
Enhancement

NN
Router

Enhanced
Final Prompt

Benchmark RAG -3-large[1024 size] 500 1500-2500 IndexFlatIP No No No
Telco-RAG -3-large[1024 size] 125 1500-2500 IndexFlatIP Yes Yes Yes

III. EXPERIMENTAL RESULTS

In this section, we present the performance of Telco-RAG
framework in enhancing the capabilities of LLMs applied to
the telecom domain. To achieve this task, we have used two
sets of multiple choice questions (MCQs), one optimization
set and one evaluation set, specifically created to assess the
knowledge of LLMs in telecommunications. The optimization
set is composed of 2000 MCQs generated following the
methodology presented in [3] and based on documents from
3GPP Rel.18. The second set consists of the 1840 TeleQnA
MCQs related to 3GPP documentations [3]. The purpose of
Telco-RAG is to effectively help professionals with complex
queries from telecom domain. The MCQ format, though
very convenient for evaluation purposes, does not realistically
correspond to the type of queries that will be submitted to
the system. i.e., the user will likely do not provide any option
to the LLM. Hence, we decided not to include the options
in the retrieval process and use them solely to assess Telco-
RAG accuracy. In the following results, accuracy measures the
fraction of correct answers of Telco-RAG to the queries in the
datasets.

Table I presents the main parameters of Telco-RAG and
the RAG benchmark architecture compared throughout the
following experiments.

A. Hyperparameters Optimization

1) Selecting the Embedding Model: In this experiment, we
compare the performance of two OpenAI embedding models
for the Telco-RAG framework: 1) Text-embedding-3-large and
text-embedding-ada-002 [18]. Text-embedding-3-large extends
the capabilities of its predecessor text-embedding-ada-002.
Text-embedding-3-large is trained using Matryoshka Repre-
sentation Learning [19], a technique that allows the shortening
of the embedding vectors, which reduces computational and
RAM requirements, while preserving a stronger performance.
Our results show that, on average, the text-embedding-3-
large model, with a fixed embedding dimension of 1024,
improves the accuracy of Telco-RAG by 2.29%, over the text-
embedding-ada-002 model.

2) Chunk Size Optimization: We have assessed the influ-
ence of varying chunk sizes— 125, 250, and 500 tokens—on
the accuracy of RAG systems. Importantly, there is an inverse
relationship between chunk size and Telco-RAGaccuracy.
These results highlight the critical importance of optimizing
chunk size, which has led to an average improvement of 2.9%
in accuracy when selecting as chunk size 125 tokens instead
of 500 tokens, for equal context length.
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Fig. 3. RAG’s accuracy vs context length.

3) Context Length Optimization: Fig. 3 shows the linear
regression fitted on the RAG accuracy computed for a diverse
set of context lengths, with different configurations. The results
show an ascending trend of the accuracy as a function of
context length. As a side note, we have noticed a drop in
performance when the context length gets larger than 1500
tokens. However, this is alleviated by presenting the query
twice, before and after the context, as discussed in Sec. II-D.

4) Indexing Strategy Selection: In our research, we have
evaluated the impact of different indexing strategies in the
accuracy of Telco-RAG: 1) IndexFlatL2, 2) IndexFlatIP, and 3)
IndexHNSW. IndexFlatL2 is based on the Euclidean distance
while IndexFlatIP uses Euclidean dot product. In constrast,
IndexHNSW is an approximate method for efficient searching
in high-dimensional data spaces using Euclidean distance.
IndexHSNW has shown considerably inferior performance
compared to IndexFlatIP and IndexFlatL2. Importantly, despite
marginal differences in terms of accuracy, IndexFlatIP has
outperformed IndexFlatL2 in 80% of our experiments.

B. Query Augmentation

In this section we evaluate the gain in accuracy brought by
enhancing the user queries through the methodology described
in Sec. II-B.

1) Lexicon-enhanced Queries: To validate the effectiveness
of this approach, we applied it to a subset of lexicon-focused
questions from TeleQnA [3], which were designed to evaluate
the understanding of abbreviations and technical terms within
the telecommunications sector. Our results presented in Table
II have shown that the designed RAG framework enhances the
baseline LLM accuracy on lexicon questions, i.e., from 80.2 %
to 84.8%. However, Lexicon-enhanced queries have achieved



an accuracy rate exceeding 90% on these questions, gaining
6% compared to the same RAG pipeline without the lexicon
enhancement.

TABLE II
IMPACT OF LEXICON-ENHANCED QUERIES.

Baseline (No Context) Benchmark RAG Telco-RAG

80.2% 84.8% 90.8%

2) Enhancing User’s Query With Candidate Answers: To
retrieve a better context, we enhance the user’s query with
candidate answers generated by an LLM (step 4 of the query’s
enhancement stage). Table III presents the accuracy of Telco-
RAG with and without the usage of these candidate answers.
Specifically, we can observe that for the text-embed-ada-002
embedding model, the addition of candidate answers consider-
ably improves the query embedding representations, bringing
a 3.56% average accuracy gain. The accuracy of the RAG with
text-embed-ada-002 including refined queries is larger than the
one achieved using text-embed-3-large without refined queries.
Furthermore, with text-embed-3-large, we observe a gain of
2.06% on average accuracy when using candidate answers in
the retrieval process.

TABLE III
RAG’S ACCURACY WITH AND WITHOUT REFINED QUERY.

Embedding Chunk Context Initial Refined
Model Size Length Accuracy Accuracy

Text-embed-ada-002 125 750 0.729 0.777 (+4.8%)
Text-embed-ada-002 250 2000 0.770 0.795 (+2.5%)
Text-embed-ada-002 500 2000 0.740 0.774 (+3.4%)
Text-embed-3-large 125 750 0.744 0.780 (+3.6%)
Text-embed-3-large 250 2000 0.784 0.796 (+1.2%)
Text-embed-3-large 500 2000 0.774 0.788 (+1.4%)

C. RAM Usage Analysis in the Telco-RAG

Selecting a 125-token chunk size increases the RAM re-
quirements of the Telco-RAG (see Sec. II-C). However, the
integration of the designed NN router can tackle this issue.
Fig. 5 presents the histogram of RAM usage for the 2000
MCQs in the optimization set. NN router dynamically se-
lects the number of documents processed by the Telco-RAG
pipeline based on their relevance to the query, as opposed to
a fixed number of documents processed by the Benchmark
RAG architecture. This method introduces variability in RAM
usage among different queries, which results in the probability
density function (PDF) in Fig. 5. Our results show that the NN-
enhanced RAG model leads in average to a RAM consumption
of 1.25 GB, thus reducing of 45% the requirement of 2.3 GB
-obtained by the Benchmark RAG solution.

As presented in Sec. II-C, the proposed NN router reduces
the RAM usage of the designed RAG by selecting a limited
number of retrieved documents, whose content relates with

the query. To assess the capability of the NN router, we have
compared it to GPT 3.5 and GPT 4 and provided to each model
the questions of our optimization dataset including with each
of their prompt the related 3GPP series description, Therefore,
we have asked the three model to indicate the top k most
related 3GPP series. Table IV shows the accuracy determined
by subsequently verifying if the correct 3GPP series was
among the top k retrieved ones.

The results in Table IV highlight that the proposed NN
model outperforms both GPT 3.5 and GPT 4 in identifying
relevant 3GPP Series for a query, leading to an average
accuracy gain of 37.8% and 11.1%, respectively.

TABLE IV
ACCURACY COMPARISON OF THE NN ROUTER WITH GPT 3.5 AND THE

GPT 4 AT FINDING THE MOST RELEVANT 3GPP SERIES FOR A GIVEN
QUESTION.

Top k NN Router GPT 3.5 GPT 4

k=1 51.3% 19.9% 30.4%
k=3 80.6% 36.6% 70.8%
k=5 88.3% 50.3% 85.6%

The ability of the designed NN router to accurately deduce
the applicable 3GPP series for a given query reduces the
consideration of irrelevant content. This reduction not only
lowers the computational complexity of the retrieval steps but
also the overall resources needed for processing the retrieved
content.

D. Enhanced Prompt Formatting

In this section, we highlight the accuracy gain brought by
the prompt presented in Sec. II-D, which we have designed for
LLM answering MCQs related to telecom domain. Our anal-
ysis of the results revealed a 4.6% average gain in accuracy,
compared to the original JSON format of TeleQnA questions
This result suggests that human-like query structures can
significantly elevate the contextual understanding and accuracy
of LLM models.

E. Overall Performance

In this section, we present the accuracy of the Telco-RAG
on the evaluation MCQs, i.e., 1840 3GPP-related questions
from TeleQnA [3]. Specifically, we consider three groups of
MCQs, Rel. 17 MCQs, Rel. 18 MCQs, and the overall set of
TeleQnA MCQs related to 3GPP documentations. For each of
these sets of MCQs, we compare the performance of GPT 3.5
with Telco-RAG, GPT 3.5 with the Benchmark RAG, and GPT
3.5 without RAG. Fig. 4 highlights that Telco-RAG leads to
notable gains in all the experiments. Importantly, Telco-RAG
results an average improvement of 6.6% and 14.45% compared
to GPT 3.5 with and without the Benchmark RAG.

IV. CONCLUSIONS

This paper presented Telco-RAG, a novel RAG framework
for processing 3GPP telecommunications standards and sup-
porting LLM in telecom use cases. We have demonstrated
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that refinements in chunk sizes, embedding models, index-
ing strategies, and query structuring significantly boost RAG
system performance and accuracy. The provided solutions are
general and can deal with frequent challenges encountered
in building RAG pipelines for highly technical domains. We
expect that the Telco-RAG, which we make publicly available,
and the associated results will contribute substantially to the
integration of AI in the telecommunications field.
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