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Abstract.

Building a Trustworthy Retrieval-Augmented Generation (RAG) chatbot for
Italy’s public sector presents challenges that go beyond selecting an appropriate
Large Language Model. A major issue is the retrieval phase, where Italian text
embedders often underperform compared to English and multilingual counterparts,
hindering precise identification and contextualization of critical information. Regu-
latory constraints further complicate matters by disallowing closed source or cloud
based models, forcing reliance on on-premise or fully open source solutions that
may not fully address the linguistic complexities of Italian documents. In our study,
we evaluate three embedding approaches using a publicly available Italian dataset:
a monolingual Italian approach, a translation based method leveraging English only
embedders with backward reference mapping, and a multilingual framework ap-
plied to both original and translated texts. Our methodology involves chunking doc-
uments into coherent segments, embedding them in a high dimensional semantic
space, and measuring retrieval accuracy via top-k similarity searches. Our results
indicate that the translation based approach significantly improves retrieval perfor-
mance over Italian specific models, suggesting that bilingual mapping can effec-
tively address both domain specific challenges and regulatory constraints in devel-
oping RAG pipelines for public administration.

Keywords. Trustworthiness, Generative AI Chatbot, Public Sector AI, Robustness,
Reliability, Retrieval-Augmented Generation (RAG), LLM, Data Privacy.

1. Introduction

The advent of Large Language Models (LLMs) built upon the Transformer architec-
ture [1] has fundamentally reshaped how information is processed across text, vision,
and audio modalities [2]. In particular, advancements in Generative AI have paved the
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way for sophisticated chatbot systems [3], which are now widely implemented in both
public and private sectors. However, despite their potential, these models are not with-
out limitations. They remain prone to hallucinations—generating false or incoherent out-
puts [4]—and often face difficulties in handling domain-specific knowledge, a challenge
that is especially critical in the public sector [5].

Retrieval-Augmented Generation (RAG) [6] has emerged as an effective framework
for enhancing the performance of LLMs by retrieving external knowledge and incor-
porating it into the generation process, all without the need for additional model train-
ing. However, its success is largely dependent on the quality of the underlying embed-
ding models, which must accurately represent semantic meaning to ensure effective re-
trieval. Implementing RAG in non-English and domain-specific contexts, such as the
Italian public sector, introduces additional challenges. Regulatory restrictions limit ac-
cess to advanced proprietary models, while Italian-language embeddings generally un-
derperform compared to their English counterparts. Moreover, public sector data often
comprises legal, administrative, and technical documents that require highly precise and
context-aware retrieval. These challenges highlight the need for optimizing both embed-
ding models and retrieval strategies to develop reliable and effective RAG applications
in multilingual and specialized domains.

In this study, we explore three different approaches for embedding Italian texts for
retrieval purposes. The first approach uses English-only embedding models, where Ital-
ian text is translated into English, and embeddings are generated from the translated text
while preserving references to the original Italian. The second approach utilizes models
specifically trained on Italian corpora, and the third approach applies multilingual em-
bedding models directly to the Italian text. By systematically comparing these methods,
we aim to highlight their respective strengths and limitations, thereby contributing to
more effective Italian text retrieval in future AI applications.

2. Background: Challenges & Opportunities

Our use case centers on creating a generative AI-powered chatbot specifically designed
for employees of a Government Organization (GO), with the goal of offering accessi-
ble and user-friendly support. The chatbot leverages a dataset of technical user manuals
for GO’s internal applications, with the primary objective of establishing a trustworthy
generative AI pipeline to serve as an assistant for GO’s employees. This pipeline is de-
signed to generate clear, non-technical, and easily understandable responses to employee
queries by extracting relevant information from the user manuals. A critical requirement
is to ensure that the generated answers are accessible and comprehensible, even to users
with no technical background, thereby improving both accessibility and usability. For
these reasons, the development choices in such a scenario must be the result of a trade-off
between performance, reliability, trustworthiness, and resource feasibility. Several ap-
proaches and technologies could be considered to achieve this goal. The most straight-
forward and immediately available option would be to use a pre-trained LLM, poten-
tially enhancing its performance through advanced prompting techniques like Few-Shot
learning or Chain-of-Thought. However, state-of-the-art models suitable for these appli-
cations are often proprietary and accessible only via API, which makes them unsuitable
for use in the public sector. Another option would be to fine-tune an LLM to specialize
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in the target domain and specific downstream tasks. While this approach could address
the limitations of off-the-shelf models—especially by utilizing open-source models—it
is still largely impractical due to the high computational and financial costs involved. A
more feasible alternative is provided by RAG, which we explore in detail below.

Retrieval Augmented Generation. As outlined in Section 1, RAG frameworks have
been developed to produce responses that extend beyond the pre-trained knowledge of
the LLM, grounding the model’s output in factual knowledge stored within a curated
knowledge base. More formally, the RAG framework operates by processing a collection
of data (which we assume to be unstructured text documents), denoted as ti ∈ T , for
i = 1, ...,m (with m documents). Each ti is divided into a set of smaller chunks, denoted

as c j ∈Cti , for j = 1, ...,n (with n chunks), forming the knowledge base K =
m⋃

i=1
Cti .

Each c j is transformed into a high-dimensional vector through an embedding mod-
ule, Enc, yielding e j ∈R

dEnc . All the resulting vectors are then stored in a vector database.
During inference, a user query q is encoded as q = Enc(q) ∈ R

dEnc , and its similarity to
the stored vectors is assessed using similarity measures such as cosine similarity. The
system then retrieves the top-k most relevant chunks, denoted as Cq, where |Cq|= k. Fi-
nally, the LLM, denoted as M, uses the query q and the retrieved chunks Cq to generate
a response y.

This framework offers several possible usage combinations:

• RAG-only: The system can be implemented using a standard RAG pipeline, relying on
off-the-shelf models for both retrieval and generation.

• RAG + Fine-Tuning: Alternatively, the RAG framework can be enhanced by fine-
tuning the embedding module (Enc), the generator (M), or both components to improve
performance for specific tasks or domains.

Considering the trade-offs in our use case, a RAG-only architecture stands out as
the most effective solution. It facilitates the integration of external knowledge sources,
such as user manuals, to generate accurate and up-to-date responses while minimizing
reliance on proprietary models. This approach eliminates the need for large-scale fine-
tuning, reducing both computational costs and the effort required for data preparation.
Recent studies also indicate that RAG can outperform traditional fine-tuning methods [7],
making it a practical and scalable option for real-world deployments.

3. Related Work

Embedding models are essential in retrieval systems as they transform text into dense
vector representations that capture semantic meaning [8]. The development of these mod-
els has evolved from word-based approaches, such as Word2Vec [9] and GloVe [10], to
contextualized models like BERT [11] and Sentence-BERT (SBERT) [12], which enable
improved text representations. Multilingual embedding models, including MPNet [13]
and Sentence-BERT [14], have demonstrated cross-lingual capabilities [15, 16]. More
recent models, such as E5-Multilingual [17] and BGE-Multilingual [18], are trained on
multilingual corpora and are specifically designed to generate embeddings that are ap-
plicable across different languages. For Italian text retrieval, research has focused on
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Figure 1. Comparison of two vector store construction strategies for a RAG pipeline in an Italian-language.
The standard approach (left) involves chunking and embedding documents directly in Italian before storing
them in a vector database. In contrast, the bilingual approach (right) translates chunks into English, computes
embeddings using English-language models, and stores them alongside backward references to the original
Italian text for later retrieval.

Italian-specific embedding models, such as those fine-tuned on Italian corpora [19–21].
The Italian language features distinct linguistic characteristics, including complex mor-
phology and syntax, which may not be fully captured by multilingual models. As em-
bedding models continue to evolve, ongoing research in both multilingual and language-
specific approaches is essential for refining text representations across diverse linguis-
tic contexts [22]. When applied to the public sector, the challenge of developing reli-
able and trustworthy AI systems is further amplified. The public administration domain
is characterized by specialized and technical language, demanding high precision in in-
formation retrieval and generation. Legal and regulatory documents, in particular, pose
additional challenges for LLMs [23, 24], highlighting that fine-tuned models tailored for
specific domains typically outperform general-purpose models, albeit at the expense of
large volumes of training data and substantial computational resources.

4. Methodology

The success of RAG pipelines depends on two critical factors: the accuracy of text em-
bedders in mapping chunks into a high-dimensional semantic space that effectively cap-
tures their meaning, and the ability of the LLM to interpret contextual information and
integrate it to generate accurate responses. To address this, following the approach pro-
posed by Iscan et al. [25], we explore whether translating Italian documents into English
and leveraging English-language embedding models can serve as a viable alternative to
using a fine-tuned model for Italian. This approach (i) eliminates the need for language-
specific fine-tuning, and (ii) allows the use of widely available English embedding mod-
els, which are the majority of publicly released resources.

Bilingual Mapping Approach. Let T (it) be a set of m Italian documents to be stored. As
illustrated in Figure 1, our goal is to construct a knowledge base optimized for English-
based retrieval, denoted as K(en), while preserving a reliable mapping to the original-
language content for response generation. To this end, each document t(it)i is trans-
lated into English using a deterministic offline translation function, resulting in t(en)

i =

Trit→en(t
(it)
i ). This offline approach ensures translation consistency and simplifies down-

stream processing by standardizing the pipeline in a single language from the outset. Fol-
lowing the standard RAG framework, each translated document t(en)

i is segmented into a
set of chunks c(en)

k ∈C(en)
ti , k = 1, . . . ,n, where n is the number of chunks per document.
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Figure 2. Comparison of two retrieval strategies in a RAG pipeline for an Italian-language public adminis-
tration chatbot. The standard approach (left) embeds the Italian query and retrieves relevant chunks from an
Italian embedding space. The bilingual strategy (right) translates the query into English, embeds it using an
English encoder, and performs retrieval in an English vector store, mapping results back to Italian via an in-
verted index.

The retrieval-ready knowledge base is then defined as K(en) =
⋃m

i=1 C(en)
ti . Meanwhile,

the corresponding original-language chunks are retained as c(it)j ∈ C(it)
ti , j = 1, . . . ,n.

By design, each English chunk c(en)
k has a one-to-one alignment with its Italian coun-

terpart c(it)j in the same position, such that: c(en)
k = Trit→en(c

(it)
j ). Each English chunk is

indexed and associated with a backward reference Ref(k) �→ c(it)j , preserving traceabil-
ity to the source content. All chunks in K(en) are embedded into a d-dimensional vec-
tor space using an English encoder Enc(en), yielding e

(en)
k = Enc(en)(c(en)

k ) ∈ R
d . These

pairs
(
c(en)

k ,e
(en)
k

)
are stored in a vector database for efficient retrieval. At inference time

(Figure 2), an Italian query q(it) is translated into English q(en) = Trit→en(q(it)), and em-
bedded as q(en) = Enc(en)(q(en)). Similarity is computed between q(en) and each chunk
embedding e

(en)
k using cosine similarity or �2 distance. The top-k most relevant chunks,

denoted Cq(en) , are retrieved and mapped back to their original Italian form via the stored
references, allowing responses grounded in the source language.

5. Experiments

We conducted our evaluation using a synthetic dataset provided by ReDix Informat-
ica [26], built from Wikipedia passages with questions automatically generated by a pro-
prietary model. The dataset comprises approximately 105k entries, each consisting of a
question, context, and answer. To obtain a balanced and computationally feasible subset,
we embedded all contexts using an oracle embedding model and applied a clustering
algorithm with k = 10, from which we sampled 50 complete triplets per cluster, yielding
a final evaluation set of 1k entries. The goal of the experiment was to assess the retrieval
performance of models not explicitly trained on Italian, particularly when working with
translated content. To isolate this aspect, we restricted the evaluation to question-context
pairs, excluding the answer field. As shown in Table 1, the selected embedding models
were trained on Italian, English, or multilingual corpora, allowing for a direct compari-
son across language-specific and cross-lingual settings. Retrieval was evaluated using the
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Table 1. Overview of embedding models

Model Language Variant Embedding Dims Max Tokens #Parameters Reference

Bertino Italian base 768 512 66M [20]
Gattina Italian base 768 512 109M [19]
Mmarco Italian base 768 512 109M [21]
GTE-EN English base 768 512 109M [27]
BGE English base 768 512 109M [18]
mGTE Multilingual base 768 8.192 305M [28]
KaLM-E Multilingual – 896 131.072 494M [29]

Retrieval Accuracy metric, which assigns a positive score when the ground-truth context
is retrieved as top-1 for a given question. Accordingly, each model was tested on the ver-
sion of the data that matched its training—original Italian for Italian models, translated
English for English models, and both versions for multilingual ones.

Table 2. Comparison of Retrieval Accuracy

Model Original (IT) Translated (EN)

BERTino 0.81 –
Gattina 0.70 –
Mmarco 0.66 –
GTE-en – 0.88
BGE – 0.79
mGTE 0.88 0.89

KaLM-E 0.86 0.72

The results, summarized in Table 2, indicate that the best overall performance is
achieved by the multilingual GTE model when applied to the translated version of the
documents. Interestingly, the same model also performs best on the original Italian texts,
demonstrating strong cross-lingual capabilities. Close behind is its monolingual variant,
GTE-en, which ranks second overall despite not being trained on Italian data. In con-
trast, models specifically trained on Italian consistently underperform compared to both
English and multilingual alternatives. Although this outcome may appear counterintu-
itive, it reinforces the relative strength of English and multilingual embedding models
in retrieval tasks, even when applied to non-English corpora. In this context, an Italian-
specific model ranks only as the fourth-best option for encoding the target document
collection.

At the same time, the results show how a bilingual-mapping approach as the one
described in Sec. 4 is a promising route to cope with the shortcomings posed by the
Italian-specific models landscape. In fact, enabling the use of English-only text embed-
ders through the translate-and-map procedure enables access to a broader selection of
open-source models, beyond those specifically trained on Italian or in a multilingual set-
ting.
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6. Conclusion and Future directions

In this work, we have addressed key challenges in developing RAG-powered systems for
the Italian language, particularly focusing on the retrieval module. We reviewed three
possible approaches for embedding and retrieving Italian texts: (i) monolingual Italian
models, (ii) monolingual English models via translation and bilingual mapping, and (iii)
multilingual models applied to both scenarios. Our results indicate that monolingual Ital-
ian models underperform compared to both English and multilingual alternatives. This
highlights the limitations of currently available Italian-specific models but also suggests
bilingual mapping as a promising strategy. By leveraging bilingual representations, we
can expand the pool of efficient open-source models, enhancing retrieval performance
without resorting to costly fine-tuning on the target language.
Beyond embedding quality, the effectiveness of retrieval also depends on how text is
chunked. In Public Administration, retrieval must respect logical or sequential structures
(e.g., ordered tutorial steps: c1 ≺ c2 ≺ ·· · ≺ cN). A purely vector-based approach may
fail to maintain these relationships, leading to two key issues: (i) retrieving a relevant
chunk c j may exclude its logical successor c j+1, and (ii) overlapping or branching struc-
tures may be lost. To address this, future work will focus on integrating structured re-
trieval policies into RAG-based agents to preserve order and logical dependencies. Addi-
tionally, we will explore efficient offline translation methods to further improve retrieval
robustness in multilingual settings.

7. Limitations

Since the private dataset lacks ground-truth passages, we do not have corresponding
results for it and rely solely on the WikipediaQA dataset. However, this approach may
lead to discrepancies, as the private dataset contains domain-specific knowledge with
specialized terminology that may not match the general knowledge found in Wikipedia.
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