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Abstract

The exploration and retrieval of information from large, unstructured document collections remain challenging. Unsupervised techniques
such as clustering and topic modeling provide only a coarse overview of thematic structure, while traditional keyword searches often
require extensive manual effort. Recent advances in Large Language Models (LLMs) and Retrieval-Augmented Generation (RAG)
introduce new opportunities by enabling focused retrieval of relevant documents or chunks tailored to a user’s query. This allows for
dynamic, chat-like interactions that streamline exploration and improve access to pertinent information. This paper introduces Topic-RAG,
a chat engine that integrates topic modeling with RAG to support interactive and exploratory document retrieval. Topic-RAG uses
BERTopic to identify the most relevant topics for a given query and restricts retrieval to documents or chunks within those topics. This
targeted strategy enhances retrieval relevance by narrowing the search space to thematically aligned content. We utilize the pipeline
on 4,711 articles related to nuclear energy from the Impresso historical Swiss newspaper corpus. Our experimental results demonstrate
that Topic-RAG outperforms a baseline RAG architecture that does not incorporate topic modeling, as measured by widely recognized
metrics such as BERTScore (including Precision, Recall, and F1), ROUGE, and UniEval. Topic-RAG also achieves improvements in
computational efficiency for both single and batch query processing. In addition, we performed a qualitative analysis in collaboration with
domain experts, who assessed the system’s effectiveness in supporting historically grounded research. Although our evaluation is focused
on historical newspaper articles, the proposed approach more generally integrates topic information to enhance retrieval performance
within a transparent and user-configurable pipeline effectively. It supports the targeted retrieval of contextually rich and semantically
relevant content while also allowing users to adjust key parameters such as the number of documents retrieved. This flexibility provides
greater control and adaptability to meet diverse research needs in historical inquiry, literary analysis, and cultural studies. Due to copyright
restrictions, the raw data cannot be publicly shared. Data access instructions are provided in the repository, and the replication code is

available on GitHub: link.

Keywords: Topic Modeling, Large Language Models, Retrieval-Augmented Generation, Information Retrieval, Semantic Chunking.

Plain Language Summary

In the digital age, researchers often face the challenge of search-
ing through vast collections of documents to find relevant
information, a process that can be time-consuming. This
is particularly difficult when dealing with large volumes of
unstructured texts, such as historical newspapers and books.
Traditional keyword searches often fall short of quickly provid-
ing the most pertinent results. However, recent advancements
in Natural Language Processing (NLP) have created new op-
portunities for more efficient information retrieval.

This research aims to address these challenges by intro-
ducing Topic-RAG, a novel system designed to help historians
and researchers quickly locate relevant information, surpass-
ing the limitations of traditional search methods. Topic-RAG
employs topic modeling to analyze large document collections
and group them by underlying themes. When a user submits a
query, Topic-RAG retrieves relevant documents and generates
detailed answers based on the most pertinent content.

The key innovation of Topic-RAG lies in its use of ad-
vanced methods for understanding the themes within docu-

ments. It focuses only on the most relevant sections to provide
quicker and more accurate responses. This system is particu-
larly beneficial for those working with complex and extensive
historical or literary collections, helping them find the right
information to support their research. With Topic-RAG, re-
searchers can save time and obtain precise, contextually rel-
evant answers, making it a valuable tool for scholars across
various fields, particularly in the humanities.

1. Introduction

The increasing availability of digitized and born-digital his-
torical documents presents both significant challenges and op-
portunities for researchers. While these extensive collections
offer immense potential to move beyond the limitations of
traditional close-reading-based research practices, their sheer
volume necessitates advanced tools for efficient retrieval and
comprehension (S4 and Maia [2021). Traditional document
retrieval systems often struggle to extract contextually relevant
information from such collections, especially in specialized
fields like historical research. To overcome these limitations,

This is an Open Access article, distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives licence
(http://creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is unaltered and is properly cited. The written permission of Cambridge University

s must be obtained for commercial re-use or in order to create a derivative work.

Pre
https://doi. org/10 1017/chr.2025.10018 Published online by Cambridge University Press


https://github.com/KeerthanaMurugaraj/Topic-RAG-for-Historical-Newspapers
https://doi.org/10.1017/chr.2025.10018

researchers are increasingly exploring hybrid models that in-
tegrate state-of-the-art NLP techniques. Among these are
Retrieval-Augmented Generation (RAG) frameworks (Lewis
et al.|2020), which combine document retrieval and text gen-
eration into a unified workflow.

RAG (Lewis et al.[2020) combines retrieval methods with
Large Language Models (LLMs) to enhance their generation
capabilities by incorporating relevant information from a spe-
cific corpus as context. This allows RAG to produce more
contextually accurate answers and serves as a cost-effective
alternative to fine-tuning LLMs on new corpora. However,
existing RAG models primarily rely on vector similarity match-
ing, which limits their ability to capture latent semantic re-
lationships between queries and documents. To address this
limitation, we propose Topic-RAG, a framework that integrates
topic modeling into the RAG pipeline to rerank retrieved re-
sults semantically. By leveraging latent topics in both queries
and documents, Topic-RAG enhances the precision and se-
mantic relevance of the retrieval process.

Several topic modeling methods exist, including traditional
models such as Latent Semantic Analysis (LSA) (Deerwester
et al.|1990), Latent Dirichlet Allocation (LDA) (Blei, Ng, and
Jordan [2003), and Non-Negative Matrix Factorization (NMF)
(Lee and Seung [1999). These methods have demonstrated
effectiveness in various NLP tasks, such as text categoriza-
tion, summarization, and sentiment analysis (Blei 2012; Wu
et al. 2017), making them valuable techniques for process-
ing textual data. However, they are sometimes inadequate
at capturing nuanced relationships within texts, particularly
when dealing with complex, unstructured datasets like histori-
cal archives or large-scale literary collections. This limitation
becomes particularly apparent when thematic coherence and
topic organization are essential for understanding the con-
tent (AlSumait, Barbard, and Domeniconi 2008). Traditional
techniques like LDA, while widely adopted, focus on word
co-occurrence patterns and assume a fixed number of topics,
which can lead to challenges in modeling the rich seman-
tic structures found in modern corpora (Chang et al. 2009).
Moreover, these methods cannot fully utilize the semantic
depth offered by modern sentence embeddings (Reimers and
Gurevych [2019), which excel at encoding contextual rela-
tionships across documents. The need for systems that go
beyond surface-level similarity is clear. Effective document
retrieval should leverage deeper thematic understanding, en-
abling the selection of contextually relevant and semantically
rich documents. Addressing these gaps could lead to significant
advancements in information retrieval, particularly for large,
complex datasets.

To bridge this gap, we propose a novel RAG framework
that integrates BERTopic (Grootendorst|2022), a state-of-the-
art topic modeling technique that generates topic representa-
tions based on contextual embeddings. BERTopic has been
shown to outperform traditional methods like LDA and LSA
in capturing nuanced thematic structures. Our approach en-
hances the retrieval of contextually relevant documents by
leveraging advanced sentence embeddings for a more refined
and precise retrieval process. By integrating modern embed-
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ding techniques with topic modeling, our method dynamically
identifies topics and retrieves documents that are closely aligned
with the user’s query.

Our contributions are summarized as follows.

e We introduce the Topic-RAG framework, which combines
the strengths of RAG with advanced topic modeling tech-
niques, specifically BERTopic. This framework integrates
contextual topic modeling using Jina AI's BERT-based
embedding modeF| to generate document embeddings
and employs a class-based ranking technique (C-TF-IDF)
(Grootendorst|2022) to produce class-specific topic em-
beddings. This approach enables more precise document
retrieval by leveraging both semantic content and thematic
relevance.

e We propose Topic-RAG+, designed to handle long docu-
ments more effectively. Our implementation incorporates
a chunking strategy within the indexing system, which
first groups documents based on their topics and then stores
them after performing semantic chunking.

e We present an interactive, user-driven retrieval system that
allows flexible adjustment of the number of documents
retrieved for a given query based on Cosine similarity,
providing an alternative to the traditional top-k strategy.
For response generation, we leverage a quantized version

of the Llama 3.1 8B Instructﬁ model, which balances per-
formance and computational efficiency while delivering
contextually rich outputs.

e We introduce a tailored prompt for a systematic evaluation
of our approaches, asking the underlying Llama 3.1 8B
model to generate diverse questions and answers based on
a set of input documents. We design the prompt to instruct
the model to create questions of varying types (fact-based,
inference-based, analytical, causal, and opinion-based),
covering key aspects such as main events, actions taken,
consequences, technical details, and impact. We manu-
ally curate the generated questions, and the final results
produced by Topic-RAG are evaluated using a variety of
metrics, including BERTScore, ROUGE, and UniEval.

e We conducted a qualitative evaluation of our Topic-RAG+
method using nine challenging questions that require in-
depth analysis from a historical perspective, showcasing its
potential and identifying key areas for future improvement.
In this evaluation, we leveraged the method’s capability
to retrieve a broader range of relevant documents and
generate comprehensive responses to complex queries.

The proposed framework offers significant value for Hu-
manities researchers, particularly historians working with large
collections of unstructured text. By integrating topic modeling,
document retrieval, and advanced text generation, Topic-RAG
enables users to retrieve documents that are both content-
relevant and thematically aligned with their research. It al-
lows natural language queries, overcoming the limitations of

a. |https://huggingface.co/jinaai/jina-embeddings-v2-base-en
b. |https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
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keyword-based searches, while the flexibility of user-driven
retrieval ensures access to the most pertinent documents. Addi-
tionally, the framework supports local processing, addressing
data privacy and legal restrictions by keeping sensitive collec-
tions securely stored on local hardware.

This work is part of a collaboration between the Digi-
tal History and Computer Science departments at the Uni-
versity of Luxembourg, aimed at fostering interdisciplinary
research between historians and computer scientists. Our ex-
periments utilize a subset of 4,711 digitized Swiss newspaper
articles from 1971 to 1986, which contain keywords linked
to themes surrounding “nuclear power” and “nuclear safety".
These were selected from the broader Impresso corpus | of
historical newspapers (Ehrmann et al.|2020; Diiring, Bunout,
and Guido [2024). Importantly, the selection was applied to
the original French and German texts, rather than to any
machine-translated versions.

The rest of the paper is organized as follows. Section
reviews the background and related work. Section describes
the proposed system. Sectionpresents experimental results,
including dataset details, ground-truth Q&A preparation, and
quantitative and qualitative evaluations of Topic-RAG against
baseline RAG. Section [5| highlights the system’s advantages,
Section E] concludes the paper, and Section [7|discusses future
research directions.

2. Background & Related Work

In this section, we provide a brief introduction to LLMs and
RAG, followed by a discussion of keyword search limitations
and NLP applications in historical research.

2.1 Large Language Models (LLMs)

LLMs are a subclass of deep neural networks based on the
Transformer architecture (Vaswani et al.2017), which were
trained on large-scale corpora of raw text, often consisting
of hundreds of billions to trillions of tokens. These models
process input texts as sequences of subword tokens, which are
embedded as vectors and passed through multiple layers of
multi-head self-attention to capture contextual dependencies
across the entire sequence. LLM:s are typically developed as
foundation models, general-purpose pre-trained models that can
be adapted to a wide range of downstream tasks. These models
are autoregressive, meaning they are trained to predict the next
token in a sequence, including their own previously generated
tokens.

Recent years have witnessed an unprecedented expan-
sion in the scale and capability of LLMs. Notable models
include GPT-3 and GPT-4 (Brown et al. 2020; Achiam et
al. [2023), PaLM (Chowdhery et al. |[2023), Llama (Touvron
et al. 2023), Mistral (Jiang et al. 2023), Claude (Anthropic
2024), and DeepSeek (DeepSeek-Al et al. 2025). These mod-
els have demonstrated strong zero-shot and few-shot perfor-
mance across a wide range of NLP tasks, often surpassing

c. https://impresso-project.ch
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task-specific systems. Instruction-tuned variants, such as In-
structGPT (Ouyang et al. 2022), Llama 3 Instruct, and others,
extend the capabilities of foundation models by fine-tuning
them on curated datasets of prompts and responses. These
models are optimized to follow human instructions more ef-
fectively across tasks like summarization, reasoning, and dia-
logues. A key component of this fine-tuning process is known
as Reinforcement Learning from Human Feedback (RLHF), in
which human preferences are used to rank model outputs. A
reward model is then trained on this data, guiding the base
LLM to produce more aligned and helpful responses through
reinforcement learning. This shift has propelled LLMs from
general language modeling toward interactive systems capable
of following complex instructions, reasoning, and multi-turn
dialogues.

Recent research has leveraged LLMs for solving com-
plex domain-specific problems: for example, "BioMedLM"
(Bolton et al.|[2024) for biomedical question answering, "Math-
Prompter" (Imani, Du, and Shrivastava 2023) for improving
mathematical reasoning, novel methods for historical text sum-
marization, "HistBERTSum-Ext" (Lamsiyah, Murugaraj, and
Schommer 2023) and "HistBERTSum-Abs" (Murugaraj, Lam-
siyah, and Schommer [2025) were proposed for extractive and
abstractive approaches, respectively, and "CodeT5+" (Wang
et al.|2023) for advanced code generation and understanding.
In education, models like "EduChat" (Dan et al.[2023) enable
personalized and compassionate intelligent education, serving
teachers, students, and parents, while in legal and policy analy-
sis, LLMs have been applied to extract and reason over complex
legislative documents (Yao et al.|2024). HiST-LLM (Hauser et
al. 2024) is a benchmark for evaluating large language models
on structured historical knowledge. It uses the Seshat Global
History Databankﬂ which spans thousands of historical data
points across various periods and world regions. The Qur’an
QA 2023 Shared Task (Malhas, Mansour, and Elsayed [2023)
evaluated systems, including LLMs, for their ability to extract
semantically accurate answers from religious and historical
texts in Arabic, using the Holy Qur’an as a benchmark corpus.

Moreover, open-source ecosystems like Hugging Face’s
Transformer§f] API and inference-acceleration libraries such
as Unslot Gro and Replicateﬂ have democratized access
to powerful LLMs, fostering experimentation in low-resource
and domain-specific applications. The evolution of LLMs con-
tinues to reshape fields like education, healthcare, and digital
humanities through models specialized in question answering,
summarization, and RAG.

2.2 Retrieval-Augmented Generation (RAG)

Building and fine-tuning LLMs “from scratch” is practically
infeasible for most research groups around the world due to
the enormous amounts of training data and computational

d. hetps://seshat-db.com/

e. hetps://huggingface.co/transformers/
f. hetps://unsloth.ai/

g. hetps://grog.com/

h. https://replicate.com/


https://impresso-project.ch
https://doi.org/10.1017/chr.2025.10018

resources they require. RAG (Lewis et al. [2020) therefore
presents a fascinating fusion of classic retrieval techniques with
LLM-based text generation. In essence, it enables custom text
data to be integrated into an LLM by converting an input query
(typically a question formulated in natural language) into an
appropriate vector representation known as an “embedding”
(Mikolov et al. 2013} Devlin et al. 2019). This query vector
is then compared to a pre-indexed set of document vectors
from a domain-specific corpus or application. The most similar
document vectors are then subsequently fed into the LLM’s
context to generate answers that are tailored to both the back-
ground knowledge of the LLM and the retrieved documents.
Notable contributions in this area include Yahoo’s NGTfl and
Facebook’s FAISﬂ (Douze et al.|2024) index structures, which
facilitate an efficient form of Approximate Nearest-Neighbor
(ANN) search among the query and document vectors. A
general RAG workflow is depicted in Figure

Retrieval-phase
User Query
l Top 'k' DocuMENTS

Document
Embeddings

|
-—> Vector —— ]
Database |

|

[ Generator

lGeneration-phase

‘ Generated Response

Figure 1. Baseline RAG workflow.

2.3 Keyword Search Challenges & NLP in Historical Re-
search

Traditional keyword searches in humanities contexts often
require scholars to engage in multiple rounds of query refine-
ment, significantly increasing the time and cognitive effort
spent on finding the relevant information. Oberbichler and
Pfanzelter [2021| explicitly discusses the problems posed by
keyword-based corpus building in humanities research. They
note that simple keyword queries often fail to capture nuanced
or ambiguous terms, especially in historical texts, leading to
both excessive noise and unintentional omissions. This serves
as their motivation for introducing text-mining methods to
construct a more representative, topic—speciﬁc newspaper cor-
pus. Kroll, Mainzer, and Balke 2022 demonstrates that when
researchers attempt to retrieve narrative-level information,
such as tracking a historical event across different sources, they
must decompose their inquiry into a series of discrete keyword
searches and then manually reassemble the results, a process
that both fragments contexts and introduces a semantic gap.
Hoeber et al.[2024| observed that humanities researchers typi-
cally reformulate their keyword queries multiple times to filter
out false positives and recover relevant variants, underscoring

i. https://github.com/yahoojapan/NGT
j- hteps://github.com/facebookresearch/faiss
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how keyword-based search interfaces fail to support complex
exploratory tasks.

Given these challenges, the extensive digitization of his-
torical records has transformed how historians analyze large
textual datasets by enabling the use of NLP techniques. NLP
facilitates the automated processing and analysis of vast doc-
ument collections, enabling researchers to address tasks that
would be impractical to perform manually. Foundational tech-
niques in NLP, particularly relevant to the analysis of historical
texts, include word count analysis or dictionary-based named-
entity recognition (NER). These methods provide essential
tools for quantifying language use, identifying key actors or
concepts, and uncovering thematic trends across large docu-
ment corpora. For example, word-count analysis has proven
instrumental in tracking the rise and fall of specific terms across
historical periods.

This approach has significantly contributed to numerous
historical studies, including the groundbreaking quantitative
analysis of Culturomics (Michel et al. 2011), which utilizes
millions of digitized books to uncover patterns in cultural and

linguistic trends. As a result, the Google N-Gram Viewelﬁ was
developed by Google in collaboration with various authors
(Michel et al. 2011). This multilingual online tool enables users
to explore linguistic and cultural trends by analyzing changes
in the frequency of words and phrases over time. The tool
utilizes n-grams extracted from a vast corpus of digitized books
spanning the period from 1500 to 2022.

Greenfield (Greenfield 2013) utilized Google’s N-Gram
Viewer to explore theories on how cultural and physiological
attributes have changed over two centuries between 1800 and
2000. The author found a significant increase in the usage of
words associated with individualism (e.g., “choose”, “unique”)
and self-focus (e.g., “self”, “get”), indicating a cultural shift
toward individualistic values and personal autonomy. Con-
versely, words tied to community, social responsibility, and
traditional values (e.g., “obliged”, “give”) declined, reflecting
a move away from collectivist norms. The authors attribute
these changes to societal transformations, including industri-
alization, urbanization, and advancements in technology and
education, which emphasize independence and self-expression.

Another study (Lansdall-Welfare et al. 2017) analyzed a
large corpus of historical British newspapers using NLP tech-
niques, including n-gram frequency analysis, NER, named-
entity disambiguation (NED), and temporal trend analysis to
uncover broad trends in history and culture. These trends
included patterns in gender bias, geographical focus, tech-
nology, and politics, as well as precise identification of dates
for key events. The authors presented that simple content
analysis enables the detection of specific events, such as wars,
epidemics, coronations, and conclaves, with high accuracy. Ad-
vanced NLP techniques are neural-network—based methods
that go beyond foundational approaches like counting word
frequencies or rule-based extractions. Neural-based NER and
neural topic modeling were employed to further enhance these
works by moving beyond word counting to identify mentions

k. hhttps://books.google.com/ngrams/
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of specific names, places, and other entities, thereby provid-
ing deeper insights into the corpus. Several studies (Marjanen
et al. 2021; Indukaev 2020) have focused on applying classi-
cal topic-modeling techniques, particularly LDA (Blei, Ng,
and Jordan |[2003) and NMF (Lee and Seung|1999), to analyze
discourse dynamics and conduct thematic analysis. More re-
cently, the authors (Hills and Miani|[2023) have investigated
unsupervised techniques for thematic analysis and topic mod-
eling. They highlight three main approaches in Historical
NLP: counting words or documents, analyzing the semantic
meaning of words (e.g., sentiment analysis), and organizing
data through methods like topic modeling, with a particular
emphasis on LDA. (Zundert et al. 2022). Thus, to summarize,
recent studies in the historical domain continue to strongly
rely on LDA and NMF (Oiva 2020; Marjanen et al. 2021}
Maltseva et al. 2021; Bodrunova 2021; Uban, Caragea, and
Dinu 2021; Grant et al. 2021; Gryaznova and Kirina 2021; Lin
and Peng 2022; Karamouzi, Pontiki, and Krasonikolakis 2024;
Chappelle, Auelua-Toomey, and Roberts 2024).

Despite their popularity, classical models often fail to cap-
ture nuanced semantics in historical texts, and neural topic
modeling methods have gained popularity for capturing com-
plex text relationships using deep learning. Neural topic model-
ing methods—such as Top2Vec (Angelov|2020) and BERTopic
(Grootendorst[2022), which uses contextual embeddings and
clustering to yield more coherent topics. However, only a
handful of studies have explored neural approaches in histori-
cal topic modeling. (Arseniev-Koehler et al. 2020; Zundert et
al.[2022; Cvejoski, Sinchez, and Ojeda|2023; Ginn and Hulden
2024). Moreover, BERTopic has been shown to outperform
classical models in various domains (Egger and Yu |2022a; Orr,
Van Kessel, and Parry 2024; Rajwal et al. |2024; Murugaraj
et al. 2025) yet their adoption in historical research remains
scarce. We believe that this gap presents an opportunity for
further exploration, motivating us to employ BERTopic, a
cutting-edge topic-modeling method, and integrating it into
an RAG framework to further enhance the accuracy and con-
textual relevance of its response generation. To the best of our
knowledge, this is the first work that systematically investi-
gates a combination of topic modeling and RAG to enhance
historical newspaper analysis.

3. Topic-RAG Methodology

We propose Topic-RAG, a novel RAG framework that inte-
grates topic modeling to improve the retrieval of contextually
relevant documents in response to user queries. The inclusion
of topic modeling enables a deeper understanding of the un-
derlying themes within a query, ensuring more precise and
relevant document retrieval. As illustrated in Figure [2] the
proposed framework comprises five main steps: 1) data prepa-
ration, 2) topic modeling, 3) vector indexing, 4) retrieval of
topics & documents, and 5) response generation. These steps
are detailed below.

https://doi.org/10.1017/chr.2025.10018 Published online by Cambridge University Press

3.1 Data Preparation

The data preparation step integrates data pre-processing
and document embedding, ensuring that the documents are
cleaned, transformed, and represented in vector form for sub-
sequent analysis. The input documents—in our use case, a
collection of historical newspaper articles—are pre-processed
and vectorized to apply a topic modeling algorithm, which
generates topic representations. The first step involves Data
Pre-Processing, including minimal normalization to remove
unwanted patterns from the documents. To achieve this, we
utilized Python’s Regex library to remove noisy patterns and
irrelevant elements commonly found in unstructured text.

Special characters (e.g. #, $, and @) were removed, ex-
cessive whitespace was normalized, irrelevant alphanumeric
codes were discarded, and all text was lower-cased for consis-
tency. By limiting this pre-processing to essential steps, we
retain core information while ensuring the documents remain
well-structured for embedding and retrieval tasks. We de-
liberately avoided aggressive pre-processing techniques, such
as stopword removal or lemmatization, to preserve semanti-
cally relevant content and maintain the original textual struc-
ture. These pre-processing steps were specifically tailored to
the characteristics of our historical newspaper dataset; other
datasets may require different or additional cleaning proce-
dures depending on their structure, quality, and content. Our
method is designed to be broadly applicable across various
textual data types, not limited to historical sources. The core
requirements for data preparation in our system are as follows.
First, the input texts should be grammatically coherent and
easily interpretable by modern language models to ensure lan-
guage clarity. Second, the document collection must offer
comprehensive topical coverage of the subject areas relevant
to the expected queries. Finally, each document must have a
unique identifier, with optional metadata such as title, date, or
category, to support traceability. These minimal requirements
enable robust retrieval and generation without the need for
domain-specific pre-processing.

We next employ Jina AI's BERT-based embedding model
to create Document Embeddings for the entire collection. This
model leverages the capabilities of the “Bidirectional Encoder
Representations from Transformers” (BERT) framework (De-
vlin et al. 2019) to create dense, high-dimensional vector rep-
resentations that capture the semantic content and contextual
nuances of each document. These embeddings frequently serve
as a foundation for further downstream tasks, such as cluster-
ing, indexing, and efhicient retrieval, by enabling a machine-
readable, context-aware representation of the document cor-
pus.

3.2 Topic Modeling

Using document embeddings generated with the Jina Al
model, we leverage BERTopic (Grootendorst|[2022) to ex-
tract latent topics within the collection. This state-of-the-art
topic modeling technique has been shown to outperform tra-
ditional models like LDA (Blei, Ng, and Jordan 2003) and
NMEF (Lee and Seung 1999) across several benchmarks (Eg-
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Figure 2. Overview of the proposed Topic-RAG framework.

ger and Yu 2022b; Mendonga and Figueira [2024; Cheddak
et al. 2024). BERTopic introduces an innovative approach to
topic extraction by employing a so-called “Class-based Term
Frequency-Inverse Document Frequency” (C-TF-IDF) scor-
ing technique| Moreover, it also utilizes advanced sentence-
based embedding models to represent documents as high-
dimensional dense vectors, followed by dimensionality reduc-
tion using UMAP (Mclnnes, Healy, and Melville|[2020). Clus-
ters are then identified using HDBSCAN (Mclnnes, Healy,
and Astels2017), which dynamically determines the optimal
number of topics, enabling precise and adaptive topic model-
ing.

BERTopic’s combination of contextual embeddings, di-
mensionality reduction, and its advanced topic representa-
tion method, C-TF-IDF, makes it highly effective in han-
dling complex datasets compared to traditional approaches.
C-TF-IDF builds on the traditional (TF-IDF) weighting
scheme by incorporating cluster information, enabling more
precise topic representations. It is implemented using the
TfidfTransf orme library from Scikit-learn. Specifically,
the C-TF-IDF method (Grootendorst||2022) aggregates all
documents from a specific class ¢ into a single virtual docu-
ment. The score for a term ¢ in class ¢ is then calculated as the
product of the normalized class-based term frequency ff; and
the inverse term frequency across all classes 1f;, as follows.

1. https://www.maartengrootendorst.com/blog/cthdf/
m. https:/scikit-learn.org/stable/modules/generated/sklearn.feature_
extraction.text. Thdf Transformer.html
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C-TF-IDF; = tf; - log <1+Acf) (1)
t

where:

Frequency of term ¢ in class ¢

e = - ;
fic Total number of terms in class ¢’
A = Average number of words per class;

¢f; = Frequency of term ¢ across all classes.

This process results in a list of topic representations, with
each document being assigned to the closest topic based on its
embedding. These topic representations consist of the top-k
keywords that best capture the theme of each topic. We then
save the BERTopic model using the built-in methods provided
in the same library. The saved model includes the document
embeddings, topics, and all other associated parameters, mak-
ing it easy for future use.

3.3 Vector Indexing

We next create a vector index to store document vectors using
the FAISS library (Douze et al.|2024), which is designed for ef-
ficient vector indexing and similarity search. Instead of the flat
embedding storage structure commonly used in baseline RAG
systems, we propose a more organized indexing framework
called the “Topic-Document Index.” This framework leverages
topic information from BERTopic to group document em-
beddings by their corresponding topics before storing them
in a FAISS index. By utilizing BERTopic’s topic-document


https://www.maartengrootendorst.com/blog/ctfidf/
https://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text.TfidfTransformer.html
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mapping, this structured approach reduces redundancies and
improves retrieval efficiency through topic-aware searches.
Clustering documents under their respective topics facilitates
rapid and precise retrieval of the most relevant embeddings for
a given query, significantly enhancing the effectiveness of the
retrieval process.

The document index functions similarly to a dictionary,
where topic IDs serve as keys, while their associated document
embeddings are grouped as values. This structure provides
flexibility to refine searches based on the context of the user’s
query, thereby improving the precision and relevance of the
results. By organizing documents according to their topics,
the Topic-Document Index ensures that the retrieval process con-
siders both the content of the documents and their thematic
relationships. This approach delivers more contextually rele-
vant responses to user queries, thereby enhancing the quality
of the generated answers.

3.4 Retrieval of Topics & Documents

The Topic-RAG workflow is initiated when a user submits a
query, as depicted in Figure [2under the “Retrieval of Topics &
Documents” We use the same embedding model employed for
encoding the input documents and utilize the saved BERTopic
model, as outlined in Sectionand Sectio to generate
query embeddings and topic representations for the user query.

While BERTopic typically assigns a single topic to a
query, we enhance query interpretation by leveraging the soft-
clustering probabilities computed during HDBSCAN cluster-
ing, as provided by BERTopic. These probabilities indicate
the degree of association between the query and each topic,
enabling the identification of multiple relevant topics while
filtering out weaker associations. This approach prioritizes
topics that significantly contribute to the query’s semantic
meaning, ensuring that irrelevant or marginally related topics
are excluded. To refine our topic selection, we first identify
the dominant topic that is assigned to the query by using
BERTopic. We then use the highest topic probability as a
reference point to set a threshold, usually 50% of the dominant
topic’s probability, to include additional relevant topics. In
other words, we treat the top-assigned topic as an anchor, and
include other topics whose probabilities are at least 50% of
the dominant topic’s score. This strategy helps us to capture
adjacent or semantically similar topics that may also be relevant
to the query, without allowing irrelevant or noisy topics to
enter the context. The 50% threshold represents a conservative
yet inclusive setting that provided a stable balance between
capturing secondary relevance and avoiding topic drift. Based
on practical observations during development, we found that
higher thresholds often excluded meaningful secondary topics,
while lower thresholds risked introducing unrelated content.
Once the relevant topics are selected, we use their indices to re-
trieve the corresponding documents from the Topic-Document
index.

Unlike traditional methods that retrieve a fixed number of
documents (e.g., the top-k), our framework provides flexibility
by allowing users to specify the number of documents they
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 How many documents would you like to select in topic 4 for further processing from the 611 documents?
Query :['Summarize the pro’s and cen's for nuclear power usage in 1970s and 1980s']

° Top 10 Cosine Similarities:
Rank 1: UID: GDL-1978-02-08-a-i0137, Similarity: 0.8144
Rank 2: UID: JDG-1979-02-09-a-i0122, Similarity: 0.8066
Rank 3: UID: GDL-1984-08-01-a-i0016, Similarity: 0.8023
Rank 4: UID: JDG-1984-08-20-a-i0028, Similarity: 0.7953
Rank 5: UID: GDL-1984-06-21-a-i0051, Similarity: 0.7938
. Rank 6: UID: FZG-1984-09-17-2-i0136, Similarity: 0.7926
Rank 7: UID: LLE-1984-06-09-a-i0141, Similarity: 0.
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Figure 3. Example of a user’s input prompt, allowing the user to adjust the
number of documents retrieved for the given query.

wish to retrieve for a given query. This is achieved by further
ranking the sets of documents within the filtered topics based
on the Cosine similarities of the documents’ embedding vectors
with the embedding vector of the query, as shown by the user
prompt in Figure This user-driven approach enables tailored
document retrieval, allowing adjustments based on the specific
needs and preferences of the query, rather than relying on a
fixed top-k retrieval strategy. This flexibility is particularly
advantageous when sending retrieved documents to the LLM-
based generator model, ensuring a better understanding of
and response to the query.

Additionally, we ensure traceability in the Topic-RAG
framework by maintaining a link between the retrieved docu-
ments and their original sources. All relevant metadata, includ-
ing user input, document IDs, and topic IDs, are preserved
throughout the RAG process. This traceability allows users to
cross-check sources and verify information, a feature that is
often absent in default RAG systems.

3.5 Response Generation
In the final step, the retrieved documents, along with the
original query and metadata, are sent to the LLM to gen-
erate a concise and coherent response, depicted in Figure
as the “Response Generation”. For this purpose, we utilize the
instruction-finetuned version of Llama 3.1 8B, which is known
for its strong benchmark performance across various natural
language processing tasks. This model excels in metrics such as
Accuracy, Exact Match, and F1 score, making it a robust choice
for generating contextually rich and informative responses.
The selection of the 8B variant is a strategic decision, of-
fering an optimal balance between performance and computa-
tional efficiency. Its smaller size enables deployment in diverse
computing environments without requiring high-end hard-
ware, ensuring accessibility. Additionally, its streamlined ar-
chitecture facilitates rapid inference, providing a seamless user
experience while maintaining high-quality outputs. While
this balance makes it a versatile and efficient option, it is worth
noting that larger models typically exhibit higher accuracy
and provide more nuanced responses in complex scenarios, as
evidenced by their superior benchmark scores

n. hteps://huggingface.co/meta-llama/Llama-3.1-8B
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4. Experimental Results

In this section, we describe our experimental setup, the dataset
used, and the data preparation steps, including the creation
of both human-generated and synthetic ground-truth data.
We also outline the evaluation metrics employed to assess and
compare our approach with the baseline RAG method. Finally,
we present the results, emphasizing the performance of our
proposed method compared to the baseline.

4.1 Experimental Setup

All experiments in this study were conducted on a personal lap-
top, specifically a MacBook Pro Max M3 with 36 GB of RAM,
highlighting that further high-performance computing (HPC)
resources are not necessary for performing our neural-network
tasks. For topic modeling, we utilized BERTopic version 0.16.3
to extract and organize topics from document collections. The
proposed method was implemented in Python, leveraging its
extensive library ecosystem for NLP. For vector indexing, we
employed FAISS (using the CPU version), a highly efficient
library for vector similarity search that enabled the fast re-
trieval of relevant documents. Document embeddings were
generated using the Hugging Face Jina Al base model. For
the generation task within the Topic-RAG system, we used a
quantized version of the Llama 3.1 8B Instruct model, which is
optimized for generating contextually relevant responses based
on the retrieved documents. This setup seamlessly integrated
topic modeling, efficient document retrieval, and high-quality
response generation, forming the backbone of the proposed

approach.

4.2 Dataset
The dataset used in this research comprises 4,711 digitized
Swiss newspaper articles and adverts published between 1971
and 1986 on topics surrounding “nuclear power” and “nuclear
safety”. The dataset is a subset of a keyword-based collection
of ca. 160,000 articles written in French and German, which
were extracted from the Impressd®| corpus of historical me-
dia collections (Ehrmann et al. 2020} Diiring, Bunout, and
Guido 2024). We relied on French and German keywords
to detect as many relevant articles with references to nuclear
power as possible. An extensive OR-query was compiled of
manually selected keywords and keyword suggestions gener-
ated via French and German corpus-based word embeddings
(as described in (Diiring, Bunout, and Guido [2024)). This
approach yielded a list of 42 keywords, which included syn-
onyms and spelling variations such as those caused by poor
OCR (e.g., "nucliér", "atornique"). We acknowledge that for
a keyword-based approach, flaws in OCR and article layout
recognition can lead to both false positive and false negative
results.

Each of the articles and adverts in the dataset is assigned
a unique identifier (UID), facilitating efficient tracking and
retrieval. These UIDs serve as key references throughout the
research, allowing for easy cross-referencing between different

o. |https://impresso-project.ch/app/
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analyses and findings. The articles were originally published
in French and German and translated into English using the
Google Translateﬂlibrary in Python. This library provides un-
restricted access to the Google Translate API, enabling seamless
bulk language translation and detection. To ensure the qualit
of the translations, we employed an LLM (gpt—3.5—turbo[%
to automatically assess semantic alignment between the orig-
inal texts and their translated counterparts. The model was
prompted to generate structured evaluation reports covering
dimensions such as factual consistency, fluency, terminology,
and tone. To validate these automated assessments, we manu-
ally reviewed approximately 100 randomly selected translation
reports across source languages. These manual checks con-
firmed that the translations were generally correct, fluent, and
semantically faithful to the source texts. We did not observe
any critical translation errors or omissions that would justify
exclusion.

Moreover, the articles contained various formatting issues
such as unwanted patterns, characters, tags, and other incon-
sistencies that could hinder analysis. We therefore initiated
the data pre-processing phase discussed in Section which
involved identifying and removing these extraneous elements.
This included eliminating irrelevant patterns, cleaning up un-
necessary characters, and removing unwanted tags, ensuring
that the dataset was refined and suitable for further analysis
and processing.

Top 10 Topics by Document Count

2000

1500

1000

Document Count.

500

Topic Name

Figure 4. Top-10 topic distribution.

Utilizing BERTopic’s self-optimizing framework, the
model automatically inferred that 20 topics most effectively
captured the latent semantic structure of the corpus. Rather
than being manually predefined, this number emerged from
the algorithm’s internal optimization process, which balances
topic coherence and cluster compactness to yield a thematically
rich, data-driven representation of the content. Among the
identified topics, the top-10 ranked by document frequency
are presented in Figure 4 while the corresponding top-10
topic terms are shown in Figure

The articles cover a wide range of topics related to nuclear
power, including discussions on the construction of nuclear
power plants, energy policies, and the authorization of new
plants. They also address the aftermath of major nuclear ac-

p. https://pypi.org/project/googletrans/3.1.0a0/
q. hetps://platform.openai.com/docs/models/gpt-3.5-turbo
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cidents, such as the Three Mile Island incident and the Cher-
nobyl disaster, highlighting the global impact and concerns
about nuclear safety. Additional topics include radiation pro-
tection, public health concerns related to radioactive exposure,
and debates on energy initiatives aimed at securing a reliable
power supply. Furthermore, there were articles about the chal-
lenges of managing radioactive waste, including storage and
disposal issues, along with international research and agree-
ments concerning the reprocessing of nuclear fuel and waste
management. These topics reflect the complexity and diversity
of perspectives on nuclear power as represented in the media.

Topic 0: kaiseraugst, power, plant, nuclear, federal, council, construction, energy, authorization, plants

Topic 1: nuclear, island, plant, power, accident, mile, harrisburg, reactor, american, pennsylvania

Topic 2: chernobyl, soviet, accident, reactor, moscow, said, disaster, plant, ussr, nuclear

Topic 3: radiation, radioactivity, milk, dose, irradiation, switzerland, commission, protection, federal, radioactive
Topic 4: energy, initiative, initiatives, nuclear, power, plants, policy, new, supply, electricity

Topic 5: waste, radioactive, storage, nuclear, years, switzerland, problem, highly, energy, plants

Topic 6: waste, dumping, radioactive, sea, switzerland, atlantic, barrels, research, london, convention

Topic 7: chernobyl, energy, policy, nuclear, council, federal, debate, session, power, accident

Topic 8: reprocessing, fuel, hague, la, tonnes, cogema, waste, irradiated, fuels, french

Topic 9: waste, cedra, radioactive, storage, final, 1985, guarantee, research, highly, project

Figure 5. Top-10 topics and corresponding terms.

4.3 Synthetic Q&A Generation

Due to the lack of annotations in our original dataset and to
systematically evaluate our Topic-RAG system, we generated
synthetic Q&A pairs automatically by using an LLM. This
approach allowed us to conduct a controlled and scalable eval-
uation, while acknowledging that it does not replicate the
complexity of questions typically crafted by domain experts
or historians. As an initial step, our focus was on generating
single-document-answerable questions to validate the core
functionality of our pipeline before extending it to more com-
plex cross-document scenarios. To this end, we instructed
the LLM to generate five diverse Q&A pairs for the first 100
documents, resulting in over 500 Q&A pairs in total. These
questions were designed to cover a wide range of types in-
cluding fact—based, inﬁrence—based, analytical, causal, and opinion-
based questions, addressing various aspects of the documents,
such as key events, consequences, actions taken, involved par-
ties, technical details, and their impact on the population or
environment.

To support the evaluation, we manually selected a repre-
sentative subset of 50 Q&A pairs as ground truth for a detailed
analysis. The 50 Q&A pairs were selected to reflect a repre-
sentative range of question types and clarity levels rather than
simply choosing the most easily answerable cases. While care
was taken to ensure diversity, we acknowledge the potential
for unintentional selection bias, which we plan to mitigate in
future iterations. To ensure transparency and traceability, we
extracted the exact lines from the original article that the LLM
used as the basis for each answer, labeling these as supporting
lines. These were verified manually to minimize hallucinations
and to ensure alignment between the generated Q&A pairs
and the source text.
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We employed prompting techniques to create these rele-
vant Q&A pairs, leveraging the recent Unslot library, which
facilitates faster training and inference for LLMs. For this
task, we utilized the Llama 3.1 8B Instruc model to generate
the synthetic Q&A pairs. A sample of the prompt design is
shown in Figure @ Since each Q&A pair was generated from
a single document, no question required synthesis across mul-
tiple articles, and this constraint defines our current scope of
evaluation.

instruction = (
"Given the following context, generate five diverse questions and answers for
this context. "
"The questions should be clear, vary in type (e.g., fact-based,
inference-based, analytical, causal, and opinion-based) "
"and cover various aspects of the content. Answers should be long, complete,
well-explained, human-readable, and within the "
"provided context. Extract the exact lines of the context used to generate the
Q&A: {doc} as supporting lines for each guestion and answer.")

Figure 6. Sample prompt for generating synthetic Q&A pairs.

4.3.1 Human Validation of Synthetic Q&A Pairs

To guarantee the quality and reliability of the generated Q&A
pairs, we conducted a manual evaluation of a randomly sam-
pled subset of approximately 100 pairs from the full set. We
reviewed each pair for relevance, factual correctness, and align-
ment with the supporting lines extracted from the original
documents. In addition, the supporting lines themselves were
verified to eliminate potential hallucinations. This assessment
verified that the answers were grounded in the source text and
that the questions were clear, coherent, and contextually ap-
propriate. Not all Q&A pairs were fully accurate; in such cases,
they were flagged and excluded from further analysis. This
human validation process served as an essential quality con-
trol step, both to assess the overall reliability of the synthetic
Q&A generation pipeline and to support the construction of a
reliable ground-truth dataset, which provides a quantitative
benchmark for evaluating the performance of our Topic-RAG
system.

4.3.2 Ground-Truth Data Preparation

Once the human validation process is finished, the ground-
truth Q&A pairs are constructed through a refinement and
filtering process. This involves incorporating human feedback
to improve or enhance the phrasing, structure, and accuracy
of the LLM-generated Q&A pairs. An illustrative example of
this process is provided below.

e Generated Question: “What are the implications of the
IAEA’s qﬂér of advice and assistance to the Soviet Union in
dealing with the aﬁermath ofthe Chemobyl accident?”

e Generated Answer: “The IAEA’s offer of advice and as-
sistance demonstrates a willingness to collaborate and prouide
expertise in addressing the crisis. This could potentially lead
to a more effective and efficient response to the accident, and

r. https://github.com/unslothai/unsloth
s. |https://huggingtace.co/unsloth/Meta-Llama-3.1-8B-Instruct
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may also help to rebuild trust between the Soviet Union and the
International community.”

e Supporting Lines: “..the IAEA, which brings together 112
members, including the USSR, offered its advice and any neces-
sary assistance to the soviet union last Wednesday to deal with
the aftermath Qf the accident..”

e Human Validation: “The answer could be expanded to in-
clude additional context about the IAEA, such as its membership
of 112 countries, to emphasize the signiﬁcance of its global ex-
pertise and inﬂuence.”

e Modified Answers: “The IAEA, comprising 112 member
countries, inclnding the USSR, actively Qﬁers advice and assis-
tance, showcasing a commitment to collaboration and expertise
in managing the crisis. This approach could facilitate a more
effective and efficient response to the incident while also con-
tributing to rebuilding trust between the Soviet Union and the
International community.”

The questions and answers were reformulated with the
help of the supporting lines extracted during the synthetic
Q&A generation as mentioned in Section [+.3] We manually
selected 50 Q&A pairs as the “ground truth” based on these
adjustments to ensure they are accurate and relevant. These
ground-truth pairs act as the standard references for evaluating
our Topic-RAG method with the baseline RAG method. By
comparing the RAG responses to the ground truth, we can
measure key aspects like accuracy, relevance, and coherence.
This approach helps us thoroughly evaluate how well our RAG
method retrieves and generates information, improving the
overall user experience in practical applications.

4.4 Evaluation Metrics

In this subsection, we outline the various evaluation metrics we
employed to assess the performance of our proposed method.
We discuss both traditional metrics, such as BERTScore and
ROUGE, and more recent advanced metrics like UniEval,
each providing valuable insights into specific performance
characteristics.

4.4.1 BERTScore

BERTScore (Zhang et al.|2020) is a widely adopted automatic
evaluation metric in various NLP tasks, and we use it for assess-
ing the quality of text generated by LLMs. It uses contextual
embeddings to represent the reference and candidate tokens
and then computes token-level cosine similarity between them.
BERTScore also calculates Precision (Pgggr), Recall (RggrT),
and F1 (Fpggrr) using the Cosine similarity values and by the
greedy matching technique. Precision measures how well the
tokens in the candidate text (%) are represented in the reference
text (x). Recall measures how well the tokens in the reference
text (x) are captured in the candidate text (). F1 is the har-
monic mean between the Precision and Recall. Scores range
from 0 to 1, with higher values indicating better alignmemﬂ

t. hetps://huggingface.co/spaces/evaluate-metric/bertscore
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Specifically, given the reference sentence x =
(x1,x2,...,x,) and a corresponding candidate sentence
x = (X1,%2,..., %), it uses contextual embeddings to repre-
sent the tokens using the pre-trained BERT based embedding
model. The reference sentence is first tokenized, and the
embedding model converts it into a sequence of vectors
(X1,X2,...,X,). Similarly, the candidate sentence is tokenized
and converted into embedding vectors (Xq,Xp, ..., Xy). Then
the similarity between each reference token x; and candidate
token ; is computed using their respective vectors (x;, X;) as
follows: (Zhang et al.[2020).

X,’-Xj

)

Cosine(x;, X —
(xi ’) IIx;l - ||x,||

This reduces to x; - X; as both x;, X; are pre-normalized
vectors. Then, for each token x; in x, it finds the token %; in
x that has the maximum Cosine similarity to calculate Pgggr.
Similarly, for each token %; in %, it finds the token x; in x
that has the maximum Cosine similarity to compute Rgggr.
Finally, F1ggrr combines Pggpr and Rgpry using harmonic
mean as follows.

Pyerr = 1 Z maxx; - X; (3)

x,Gx

R % 4

BERT = [ E glgixz (4)
Prert - R

Fyppy = 2 - LBERT - RBERT 5)

PggRT *+ RBERT

Extensive experiments by the authors of|Zhang et al.| (2020)
have demonstrated that BERTScore, which measures token-
level semantic similarity between a generated candidate text
and a reference text, correlates strongly with human judgment.
In this work, we use BERTScore to evaluate the semantic
fidelity of generated answers against ground-truth references.
By computing BERT Score Precision, Recall, and F1, we aim
to provide a nuanced evaluation of the effectiveness of our

proposed method.

4.4.2 Recall-Oriented Understudy for Gisting (ROUGE) Evalu-
ation

ROUGE (Lin [2004) is a set of metrics popularly used for eval-
uating the quality of the generated text, particularly in NLP
tasks like text generation, summarization, and machine trans-
lation. It measures the overlap between n-grams, word se-
quences, and pairs of words between the gold standard text and
the generated text. ROUGE has several variants like ROUGE-
N, ROUGE-L, ROUGE-W, and ROUGE-S. In this work, we
use ROUGE-N, ROUGE-L, and ROUGE-LSum"} which are
widely used for evaluating text generation tasks.

u. https://huggingface.co/spaces/evaluate-metric/rouge/blob/main/
README.md
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¢ ROUGE-N: N-Gram Based Overlap quantifies the over-
lap of n-grams (e.g., unigrams, bigrams) between the gen-
erated text and the reference text. In this study, we specifi-
cally compute ROUGE-1 and ROUGE-2, corresponding
to unigram (single word) and bigram (two-word sequence)
overlaps, respectively. The formula for ROUGE-N is given

as:

RN = Number of overlapping n-grams ©)
Total number of n-grams in reference

where N = 1,2,.... With its multiple variants, we can eval-

uate the generated text regarding content overlap, fluency,
and coherence.

¢ ROUGE-L: Longest Common Subsequence measures
the Longest Common Subsequence (LCS) between the
reference and generated text. The advantage of using
ROUGE-L is that it does not need consecutive matches be-
tween the words instead it looks for in-sequence matches.
Unlike the n-gram-based measure, it automatically includes
the longest in-sequence common n-grams without explic-
itly mentioning the pre-defined n-gram value. ROUGE-L
captures sentence-level structure similarity by identifying
the longest subsequence of words that appear in both texts,
and it measures Precision, Recall, and F1 as follows.

Length of LCS

R-L(Precisi =
(Precision) Length of generated text

)

Lenght of LCS

R-L{Recall) = Length of reference text

(8)

1+ B?) - Precision - Recall
2 . Precision + Recall

R-L(F1) = ¢ 9)
Here, B is the weighting factor to balance Precision and
Recall and is normally set to 1.

e ROUGE-Lsum is the variant of ROUGE-L developed to
capture the summary-level similarity. ROUGE-L consid-
ers the entire input text as a single unit, ignoring sen-
tence boundaries like newlines. ROUGE-Lsum builds
upon ROUGE-L splits the text into sentences based on
newlines and then computes ROUGE-L for each sentence
pair in the reference and generated text. Finally, it averages
these scores across all sentence pairs:

>~ LCS across all sentences

ReLsum(Precision) =
sum(Precision) Total length of generated text

(10)

(11)

> LCS across all sentences

R-Lsum{Recall) = Total length of reference text

(1 + B2) - Precision - Recall

R-L: F1) =
sum(F1) 2 - Precision + Recall

(12)

where 3 is the weighting factor to balance Precision and
Recall, and is normally set to 1.
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4.4.3 UniEval

UniEval (Zhong et al.2022) is the automatic multi-dimensional
evaluation framework for Natural Language Generation
(NLG) tasks. It aims to overcome the limitations of traditional
evaluation metrics (e.g., BLUE (Papineni et al. 2002)), which
often fail to assess all the necessary aspects of generated text.
The evaluation dimensions in UniEval']include Coherence,
Consistency, Fluency, and Relevance. Coherence evaluates
whether the sentences in the generated text are logically con-
nected and form a clear, understandable narrative or argument.
It ensures that the text lows smoothly and makes sense as a
whole. Consistency evaluates the factual alignment between
the generated text and the reference text. Fluency measures the
quality of the sentences in terms of readability and grammar.
Finally, Relevance determines how well the generated text
captures the key information from the original document. In
this study, we employed UniEval-sum, a pre-trained evaluator
specifically designed for text summarization tasks. Further
details regarding the training process of this evaluator can be
found in the original paper (Zhong et al.|2022). The authors
highlighted that, based on extensive experiments conducted
across three NLG tasks, UniEval demonstrates a better corre-
lation with human judgments compared to existing evaluation
metrics.

4.5 Quantitative Evaluation with Baseline Method

In this subsection, we present a comparison of the performance
of our proposed method, Topic-RAG, with a well-established
baseline RAG method. We structure our evaluation into two
main components: retrieval quality is assessed through lexi-
cal and semantic similarity between the query and retrieved
documents, reflecting how well the system locates relevant
material; generation quality is evaluated using BERT Score,
ROUGE, and UniEval as discussed in Subsection By as-
sessing both methods based on the same evaluation criteria,
we aim to highlight the areas where our method excels and
demonstrates superior results or introduces innovative bene-
fits. The purpose of this comparison is to objectively evaluate
the performance of our proposed approach relative to existing
methods, highlighting both its strengths and areas for improve-
ment to provide a clear and comprehensive understanding of
its overall effectiveness.

We implemented a modified version of the original
Retrieval-Augmented Generation (RAG) architecture as pro-
posed by Lewis et al. (2020), and we refer to it as Base-RAG.
For the retrieval component, we analogously utilized the
FAISﬂlibrary, which supports efficient vector indexing and
several methods for similarity search. For the generation com-
ponent, we employed the quantized version of Llama 3.1 8B
Instruct to generate coherent and contextually relevant text
based on the retrieved documents. This setup leverages the
strengths of FAISS for fast and scalable retrieval and the Llama
model’s robust capabilities for generating high-quality text.

v. lhttps://huggingface.co/MingZhong/unieval-sum
w. https:/github.com/tacebookresearch/taiss
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4.5.1 Retrieval Quality

To evaluate retrieval quality, we assessed both lexical and se-
mantic alighment between the retrieved documents and the
ground truth documents across a set of 50 queries. The ground
truth documents refer to the original source passages used to
generate synthetic Q&A pairs via an LLM (as described in
subsection . For each query, we examine whether the
retrieval system is able to return the same document that was
originally used to generate the Q&A pair, thereby serving as
a reference for evaluating retrieval accuracy. A boxplot sum-
marizes a distribution by displaying its median, quartiles, and
range, making it easy to compare performance and variability
across methods.
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Figure 7. Evaluation of retrieval quality using BERTScore for BaseRAG and
TopicRAG across 50 queries.

In comparing retrieval quality between TopicRAG and
BaseRAG, both semantic (BERTScore) and lexical (ROUGE)
metrics consistently favor TopicRAG as the superior system.
As shown in Figure |7, TopicRAG achieves markedly higher
BERTScore values across all three submetrics, including Preci-
sion, Recall, and F1. While BaseRAG’s scores cluster around
the 0.78-0.81 range with wider interquartile ranges and longer
lower whiskers, TopicRAG exhibits tighter distributions with
many individual scores near 1.0. Notably, despite an unex-
pected dip in the median of TopicRAG’s Precision (approx-
imately 0.83), its Recall and F1 scores remain substantially
higher than those of BaseRAG, indicating that it retrieves more
semantically relevant content overall. The dense concentration
of high-scoring points and narrower variance further affirm
TopicRAG’s reliability and semantic robustness. The difference
is even more pronounced when evaluating lexical alignment
using ROUGE metrics, as seen in Figure (8] Although Topi-
cRAG consistently scores above 0.9 in ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-Lsum, their medians typically vary,
indicating moderate token-level overlap. In contrast, BaseRAG
performs substantially worse: its ROUGE-1 median hovers
near 0.3, while ROUGE-2 and ROUGE-Lsum are close to 0.1
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or lower, with wide variability and multiple low outliers. This
dramatic gap in ROUGE performance illustrates that BaseRAG
frequently retrieves documents with little to no lexical over-
lap with the ground truth, undermining its effectiveness in
scenarios that depend on token-level alignment.
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Figure 8. Evaluation of retrieval quality using ROUGE for BaseRAG and Topi-
cRAG across 50 queries.

Although ROUGE scores remain relatively low across the
retrieved outputs, BERTScore results offer a compelling in-
dication of TopicRAG’s retrieval quality. ROUGE evaluates
exact token overlap between the retrieved document and the
ground truth, and its low values suggest limited lexical match-
ing. However, this does not necessarily imply poor retrieval,
particularly in settings where documents may express similar
meaning using different phrasings. In contrast, BERTScore,
by leveraging contextual embeddings, provides a more ro-
bust measure of semantic similarity. The consistently high
BERTScore values across Precision, Recall, and F1 suggest
that TopicRAG retrieves documents that are semantically close
to the reference passages, even if their surface forms differ.
This pattern validates TopicRAG’s effectiveness in retrieving
content that captures the intended meaning of the source, sup-
porting its utility in applications where semantic alignment is
more critical than exact wording.

4.5.2 Generation Quality

We evaluated our proposed method by comparing the gen-
erated answers with a set of 50 ground truth Q&A pairs.
These pairs were prepared using synthetic data—generation
techniques and have been validated by human experts. We
evaluated by comparing the performance of our method with
the baseline using various metrics, including BERTScore (Pre-
cision, Recall, and F1), ROUGE (R-1, R-2, R-L, R-Lsum)
in terms of F1 score, and UniEval. We visualized our results
using box plots. Each box represents the inter-quartile range
(IQR), which contains the middle 50% of the values. The box


https://doi.org/10.1017/chr.2025.10018

Cambridge Large Two

spans from the first quartile (Q1, 25th percentile) to the third
quartile (Q3, 75th percentile), with a line at the median (50th
percentile). The whiskers extending from the box indicate
the range of the scores, excluding outliers. Circles outside the
whiskers represent outliers, which are values that are signifi-
cantly higher or lower than the rest of the data. The central
line within each box indicates the median, which represents
the middle value of the distribution.

Distribution of BERTScore n=50

(¢]
o
0.90
o
Q
0.85 o)
o
g
3
a
0.80
0.75 o)
o
0.70
o
S N N S N N
& & o & & o
¢ o’ & o X &
1% & & o/ & &
Q_Y' RS A g2 B2,
S i $ oF
&K oF
Score Type

Figure 9. Evaluation of generation quality using BERTScore for BaseRAG and
TopicRAG across 50 queries.
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Figure 10. Evaluation of generation quality using ROUGE for BaseRAG and
TopicRAG across 50 queries.

The three box plots in Figure EI, Figure and Figure
visualize the performance of Topic-RAG versus Base-
RAG using three different evaluation metrics: BERTScore,
ROUGE scores, and UniEval scores. Topic-RAG shows a high
BERTScore precision, recall, and F1 score compared to Base-
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RAG. Topic-RAG’s Recall reaches up to 0.95, while Precision
and F1 remain above 0.85 for most of the samples. Base-RAG
shows lower precision, recall, and F1 scores, while the out-
liers (circles) occasionally indicate better performance, but the
median is lower than for Topic-RAG. Moreover, Topic-RAG
outperforms Base-RAG across all ROUGE metrics, particularly
in ROUGE-1 and ROUGE-2, where the median scores for
Topic-RAG are higher than those for Base-RAG, indicating
that it generates responses with better word overlap at the
unigram and bigram levels. For ROUGE-L and ROUGE-
Lsum, Topic-RAG’s median is around 0.2-0.3, suggesting
that it performs better in matching longer, more meaningful
text sequences than Base-RAG, whose median is much lower.
Topic-RAG also performs better than Base-RAG in terms of
the UniEval metric. Topic-RAG has tighter box plots with
fewer outliers, indicating a very stable performance across all
queries. Overall, our approach outperformed the Base-RAG
model, demonstrating the advantages of incorporating topic
modeling in the retrieval phase.
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Figure 11. Evaluation of generation quality using UniEval for BaseRAG and
TopicRAG across 50 queries.

Additionally, the retrieval time of Topic-RAG was significantly
reduced compared to the baseline method. This improvement
is due to our method’s ability to avoid processing the entire
document corpus. Unlike basic RAG approaches that perform
exhaustive searches over every document to retrieve relevant
information, our method employs a more efficient retrieval
strategy. By utilizing topic indices and embedding-based re-
trieval, it focuses only on the subset of documents most relevant
to the query’s topic representation. This focused approach re-
duces the amount of data that needs to be processed, resulting
in faster retrieval and generation times without compromis-
ing the quality of the output response, as shown in Figure
and Figure We measured processing time for both
single and multiple queries and also tracked the time based
on the number of retrieved documents. Topic-RAG’s com-
putation time remains low when retrieving a small number
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of documents, but increases as more documents are retrieved.
In contrast, Base-RAG’s computation time remains relatively
constant, as it performs exhaustive searches regardless of the
number of retrieved documents. Our results demonstrate that
Topic-RAG offers a substantial improvement in computational
efficiency compared to Base-RAG, particularly in scenarios in-
volving large document corpora. By focusing retrieval efforts
on a smaller, topic-relevant subset of documents, Topic-RAG
reduces processing time while maintaining high-quality re-
sponses. This makes it a more scalable and efficient solution
for real-time retrieval-augmented generation tasks.
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Figure 12. Processing time for a single query.
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Figure 13. Processing time for 5 queries.

4.6 Topic RAG+ to Handle Long Documents

We also implemented an enhanced version of our Topic-RAG
framework by introducing a chunking strategy to handle long
documents more efficiently and improve retrieval performance.
We refer to this improved version as Topic-RAG+. The key
difference between this Topic-RAG+ and Topic-RAG lies in
the way document embeddings are stored and managed.

In the traditional Topic-RAG, documents are processed
and stored based on their overall topic, with each document
treated as a single, coherent unit. The embeddings of entire
documents are computed, and these embeddings are then in-
dexed based on their topic association. This approach works
well for smaller documents, where the entire content can be
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effectively represented in a single embedding. However, this
method encounters limitations when dealing with long doc-
uments, as they may contain multiple subtopics, which can
result in inefficiencies during the retrieval process.

To address the challenge of efficiently handling long doc-
uments and improving retrieval, we incorporated a semantic
chunking strategy within the indexing process. Long docu-
ments are split into smaller, semantically meaningful chunks
using the SemanticChunker of LangChainE], an advanced
tool that segments documents based on the semantic coher-
ence of the subsequent sentences. SemanticChunker divides
each document into semantically coherent segments by an-
alyzing sentence-level embedding similarity. This allows it
to detect subtle topic shifts, even within documents that dis-
cuss multiple related subjects, thereby improving alignment
between chunks and the underlying thematic structure. This
chunking process ensures that each chunk represents a specific
part of the document, capturing a meaningful portion of the
content.

First, we apply BERTopic to our corpus to perform topic
modeling, ensuring that the global context and primary themes
of the documents are preserved. Once the documents are
assigned to topics, we map them accordingly, creating a
document-topic mapping. In each topic, we apply the se-
mantic chunking strategy to break down the documents into
smaller, topic-relevant chunks. Each chunk is then embedded
using the same embedding model as in Topic-RAG, and the
resulting embeddings are stored again in the FAISS vector
index for efficient retrieval. Additionally, we store essential
metadata separately, including the document IDs (UIDs), the
chunk IDs (CIDs), the chunk contents, and the chunk embed-
dings. This process enables the retrieval system to focus on
semantically meaningful chunks rather than entire documents,
significantly improving retrieval efhiciency and accuracy.

The chunking strategy improves the granularity of the
retrieval process. Instead of retrieving entire documents that
may contain irrelevant information, the system can focus on
retrieving the most relevant chunks to the query, ensuring the
responses generated are more focused and relevant. During
retrieval, each chunk is indexed with this metadata, which also
includes the chunk position, ensuring the system can maintain
accurate tracking of the chunk’s location within the original
document.

The chunking strategy also improves the scalability of
the Topic-RAG+ framework. Since large documents are bro-
ken down into smaller chunks, the retrieval process becomes
more efficient even when dealing with extensive document
collections. This is particularly valuable for applications that
require processing vast amounts of data, such as scientific re-
search papers, legal documents, or news archives. By working
with chunks rather than entire documents, the system can
scale more effectively to handle larger datasets without sacri-
ficing retrieval performance or accuracy. The combination of
semantic chunking and metadata-based storage ensures that
Topic-RAG+ remains scalable, adaptable, and capable of han-

x. https://python.langchain.com/docs/how_to/semantic-chunker/
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dling large datasets, making it a robust solution for complex,
long-document retrieval tasks. By preserving both the global
document context through topic modeling and the semantic
integrity of each chunk, this approach ensures that long docu-
ments are handled effectively, making it ideal for large corpora
like historical newspaper archives.

4.7 Case Study: Qualitative Evaluation from a Historian’s
Perspective

In addition to the quantitative analysis of Topic-RAG provided
in the previous subsection, we also employed Topic-RAG+ for
a qualitative evaluation over nine complex queries (depicted
in Table |1} These queries were formulated by our historian
domain experts specifically based on this corpus and research
objectives, reflecting the typical lines of inquiry historians
follow when analyzing archival newspapers, rather than being
derived from a particular published source.

Here, documents were dynamically retrieved based on
user input (100 documents), ensuring that the majority of
relevant documents were considered. The chunking strategy
proved highly effective in efficiently handling such queries.
The remainder of this section presents an additional case study
evaluating these complex queries, conducted independently
by expert historians. This qualitative assessment by domain
experts complements our quantitative analysis and reinforces
the strength of our method by examining the system’s ability
to support historically grounded research inquiries.

For this purpose, we identified nine intentionally challeng-
ing queries that require a combination of analytical, opinion-
based, factual, and inference-based reasoning. From a histori-
ographical perspective, it is essential to recognize newspapers
not merely as carriers of factual information but both as re-
flections of their contemporary world and as active agents that
promote interpretations of this world alongside the political
and/or religious orientations of their creators. Especially for
this case study, newspapers are less relevant for the retrieval
of historical facts but rather as carriers of a past “Zeitgeist”.
Traditionally, historians have sought to approach this goal by
close reading and synthesizing large volumes of text. Scholars
quickly reach their limits here: the abundance of archived
materials has forced those working with traditional methods
to either invest considerable time or make rigorous choices
regarding the number of newspaper titles or the temporal
coverage. LLMs present an exciting opportunity to augment
and scale these research practices by delegating tasks. In the
context of this case study, we have experimented with the
following:

e the classification of themes and viewpoints according to
theoretical frameworks and analysis of the distributions
across newspaper titles and over time,

e the detection and mapping of opinion-based arguments
expressed by different stakeholders such as journalists, ac-
tivists, Or experts,

e the distinction between editorial text striving for neutral
coverage and the explicit statement of opinions,
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o the detection of subtle expressions of opinion within seem-
ingly neutral coverage, e.g., expressed through omissions
and stylistic choices.

These tasks were translated into specific queries to support
a research project on the representation of the debate over
nuclear power technologies in Switzerland in the 1970s and 80s.
Note that these queries would be hard to answer for a human
since they require in-depth analysis of a large number of texts
and abstract reasoning, and pattern recognition. Results, as
presented in Table |1} are overall promising, especially in light
of queries for elusive concepts such as “scientific experts”, “fear”,
or “environmentalism”, which keyword-based approaches can
hardly capture. A closer look at the results serves to better
illustrate the strengths and some shortcomings of the system.

Seemingly precise instructions as those in Query 2 (“Which
articles take an explicit position in fm/or or against the Volks-
begehren?”), yielded summaries of the viewpoints of stakehold-
ers first in full text and then accompanied by a list representa-
tion of the same information.

Query 3, with the task of retrieving a list of scientific ex-
perts, yielded some good results but also clear mistakes. A pos-
itive example is the following, quoted from the output: “**Mr.
Hans-Rudolf Lutz"", Director of Kaiseraugst SA, engaged in dis-
cussions with the municipality about the safety of the nuclear power
plant.” Other output was flawed: poor article segmentation
linked Dr. Josef Amstutz, superior general of the Bethlehem
Mission Society, to concerns over nuclear waste. A closer in-
spection showed that poor article segmentation in the input
newspaper data caused the system to incorrectly merge two
distinct articles.

The response for Query 5 about the media creating a sense
of fear among their readers yielded encouraging results which
demonstrates the potential of Topic-RAG+ to generate rele-
vant content that is too elusive for standard keyword queries:
“The Neue Ziircher Zeitung wrote that this kind ofanxiety makes
minds sensitive to all negative informatian which is welcomed and
promptly disseminated by the mass media, often inﬂated to the point
of grotesqueness or distorted, which further increases the psychological
effect.”

Similarly encouraging is the output for Query 8, which
asks for experts on nuclear waste. The system correctly identi-
fied a number of experts and presented them together with a
summary of their representation in the newspapers: “1. Orro
Luscher, an engineer from Winterthur, Switzerland, who suggests
that radioactive residues can be used forfuture applications, such as
sterilizing medical and surgical accessories.”

There are, however, also clear limitations with the current
setup, which require future work. In its current configuration,
the system displays a clear preference and strong performance
for summarization. The research-motivated queries, on the
other hand, require higher levels of abstraction (ratios, evolu-
tion over time, etc.) as well as precise contextualization. To
a researcher, it matters who exactly said what, where, and
when. In this regard, output in the form of lists and tables
with rich contextual information originating from metadata
is preferable to mere summaries. Our corpus is dominated
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by Topic 0, containing 1,966 articles, while the other topics
contain between 23 and 326 articles. This seemingly resulted
in a bias towards Topic 0 when linking queries to topics. More
focused queries and more explicit instructions regarding the
expected output may help to address the problems we have
observed.

Overall, and despite these limitations, the system has shown
its potential to comprehend complex queries, to map them
to corresponding topics, and to perform complex reasoning.
These first experiments demonstrate, however, that the sys-
tem is in principle capable of delivering such output and may
perform significantly better with adjusted prompting.

5. Strengths of the Proposed System

In this section, we highlight the key advantages of our Topic-
RAG and Topic-RAG+ systems over baseline RAG. The fea-
tures outlined below collectively contribute to more accurate,
context-aware, and reliable responses, making our approach
highly effective for a range of applications, from historical
research to domain-specific tasks.

1. Better Query Understanding: Our method leverages
topic modeling to provide a broader interpretation of
queries by using probabilities to identify multiple rele-
vant topics, instead of relying on BERTopic’s single-topic
assignhment. In cases where a query is narrowly focused,
the retrieval method naturally prioritizes documents dom-
inated by a single topic. For example, in the query: "Give
an overview of the year in which environmental topics
were first discussed in the different newspapers. As output,
produce a table with the following columns: newspaper
title, date of publication, article title, 10-word article sum-
mary.” Relevant topic IDs are 5, 6, 8, 9, 10, 12, 13, 14, 16,
18, and 19. This diversity highlights the need to capture
multiple themes to retrieve a representative and meaning-
ful set of documents. However, in some cases, such as the
more focused query: “How did the newspapers of Eastern
European countries (Prague, Bucharest, Fast Berlin, Bu-
dapest, and Sofia) report on the Three Mile Island nuclear
accident?” Only a single topic (Topic ID: 1) is dominant.
In such cases, our multi-topic pipeline naturally prioritizes
documents with high relevance to that one topic, effec-
tively behaving like a single-topic retrieval system. This
approach captures topic overlaps in real-world queries, re-
sulting in a more accurate and nuanced understanding of
query intent.

2. Flexible Document Retrieval: Users can retrieve a flexi-
ble number of documents based on Cosine similarity scores,
providing more control compared to traditional top-k re-
trieval. This flexibility allows adjusting the number of
retrieved documents according to the query’s complexity
or user preferences.

3. Contextual Document Retrieval and Noise Reduc-
tion:Our method ensures better coverage and diversity
in retrieved documents by capturing the full scope of the
query, overcoming the limitations of the single-topic ap-
proaches, and filtering out documents that are semantically
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related but contextually irrelevant. This reduces noise in
the retrieval process and enhances the quality of responses.

4. Traceability:A key advantage of our Topic-RAG system
is its ability to maintain a comprehensive record of the
original documents, UID, chunk IDs, and associated meta-
data throughout the retrieval and generation process. This
structured tracking ensures transparency and traceability,
enabling users to understand the source, context, and re-
liability of the retrieved information. Unlike a baseline
RAG system, which typically focuses on entire document
embeddings and retrieval, our approach delivers richer,
context-aware outputs by utilizing this metadata. This fea-
ture is especially valuable for applications that require high
accountability, such as historical research, legal analysis, or
academic work, where understanding the provenance of
information is crucial.

5. Adaptability to Diverse Domains: We evaluated our
proposed method using the Impresso dataset. Although the
current experiments are focused on this specific dataset and
question type, the proposed Topic-RAG framework is de-
signed to generalize across domains due to its modular and
unsupervised architecture. Specifically, BERTopic allows
adaptive topic discovery from unstructured corpora, and
RAG dynamically retrieves semantically relevant context
using dense embeddings, enabling the system to operate
effectively across diverse content without requiring re-
training of the underlying LLM. Because our method is
fully unsupervised and does not rely on annotated data or
domain-specific fine-tuning, it is more broadly applica-
ble to new domains and corpora. The method’s ability to
identify and retrieve thematically coherent document clus-
ters helps reduce noise and improve the efficiency of RAG.
Future work will examine this potential by applying the
approach to a wider range of datasets and question formats.

6. Conclusion

We implemented a Topic-RAG system that integrates topic
modeling within the Retrieval-Augmented Generation (RAG)
architecture to enhance both retrieval accuracy and retrieval
time. Our Topic-RAG system leverages BERTopic for topic
modeling, which allows the system to efficiently focus on docu-
ment subsets relevant to the query’s topic, rather than perform-
ing exhaustive searches over the entire corpus. This results in
faster retrieval times and more accurate responses. Addition-
ally, we developed a Topic-RAG+ system by incorporating a
chunking strategy to handle long documents more effectively.
The chunking strategy, powered by a semantic chunker from
LangChain, splits lengthy documents into semantically mean-
ingful chunks, ensuring that the system can manage large and
complex documents without losing important context.
Topic-RAG outperformed the baseline RAG in terms of
evaluation metrics such as BERTScore, ROUGE, and UniEval
scores. Additionally, Topic-RAG+ showed significant poten-
tial in handling complex queries within a real-time historical
research case study. These improvements signify the efficacy
of incorporating topic modeling and chunking strategies to
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refine document retrieval and generation processes.

The importance of these advancements is particularly no-
table in the context of Humanities research, where vast archives
of historical, literary, and cultural documents need to be an-
alyzed and interpreted efficiently. Humanities scholars often
work with large, unstructured corpora, such as historical news-
papers, literary works, or cultural texts, which present unique
challenges for retrieval systems. The Topic-RAG and chunk-
ing strategies enable more accurate, contextually relevant doc-
ument retrieval, making it easier to uncover insights from large
datasets. This system enhances researchers ability to quickly
access and synthesize information, providing a powerful tool
for exploring historical narratives, conducting literary analysis,
and gaining deeper insights into cultural trends. Furthermore,
by improving retrieval accuracy and reducing computational
time, our approach significantly aids scholars in overcoming
the limitations posed by large-scale document collections in
the humanities.

7. Future Work

While our current study focused on a mid-sized corpus ( 4.7K
documents, future work will aim to scale Topic-RAG to much
larger corpora (e.g., 100K—-1M documents) to simulate real-
world archival research environments. We plan to benchmark
retrieval and generation performance across different corpus
sizes and document granularities, including cross-document
reasoning and multi-hop question answering. Also, we plan
to focus on generating more complex and nuanced questions
to better align with the requirements for complex reasoning
and rich contextualization required in historical research. We
plan to test the Topic-RAG system on a broader set of di-
verse questions to evaluate its generalizability and robustness
across different domains and query types. Specifically, we
have identified the following areas to address shortcomings we
observed during the first evaluations: the quality of relevant
topic identification by the system, the interpretation of queries
regarding expected output formats (list, summary, table, etc.),
the preservation of relevant provenance information, and the
integration of recent advances in explainable Al research for
more transparency of system out.

Additionally, we intend to experiment with different and
forthcoming versions of LLMs, both for retrieval and gener-
ation tasks, to assess how model size influences the system’s
performance in terms of accuracy, retrieval time, and response
quality. Moreover, we will explore the integration of fine-
tuning on domain-specific corpora to improve the contextual
understanding of the model. These future directions will help
us enhance the scalability, adaptability, and overall efficacy
of our Topic-RAG system, making it a useful tool for various
research fields, particularly in the Humanities.
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Table 1. Qualitative assessment of Topic-RAG’s responses to complex historical queries. "Task" outlines the historian’s informational intent, "Query Type"
categorizes the nature of the question, and "Comments" provide expert feedback on the relevance and quality of the generated responses.

No | Query Task Query Type Comment

1 | Which arguments did proponents and op- | Analyze different view- | Analytical, The query focuses on the national public vote on 18th
ponents of the 1979 Volksbegehren put for- | points and  capture | Opinion-based February 1979, which would have effectively made it very
ward? opinion-based arguments hard to build nuclear power plants in Switzerland® The

from various stakeholders system, however, chose topic 0 on the Kaiseraugst nu-
clear plant project, which was historically important in
the context of the question. Other topics (11, 15, 17) sur-
rounding public policy, votes, and mobilization would
have likely been more appropriate here. Nevertheless,
the answer does adequately summarize positions for and
against the Kaiseraugst nuclear plant.

2 | Which articles take an explicit position in | Identify explicit state- | Fact-based, Again, the system chose topic 0 to answer a question on
favor of or against the Volksbegehren? ments. Opinion-based the national vote. The query asks for specific articles

to be identified, instead the output gives an adequate
summary of the positions of the main stakeholders.

3 | Give me aname list of all scientific experts | Combine fact collection | Fact-based, Ana- | This complex query asks about the representation of sci-
mentioned in the articles in the context of | with analysis of mention | lytical entific experts in the debate surrounding Kaiseraugst.
the debate about the Kaiseraugst nuclear | frequency, summariza- This time, the chosen topic 0 is appropriate. The sys-
plant, and in how many articles they are | tion, and classification. tem successfully identified five scientific experts and de-
mentioned. Then, for each expert quoted, scribed their roles adequately. The output continues with
give a summary of the statement and clas- a general classification of their views and a verbose reflec-
sify the theme the person spoke about. tion on their statements, which is, however, too generic

to be of use.

4 | Give an overview of the yearin which envi- | Summarize, track topic | Fact-based, Ana- | The system correctly selected all topics surrounding en-
ronmental topics were first discussed in the | emergence over time lytical, Causal vironmental issues, especially those concerning nuclear
different newspapers. As output, produce waste. The output includes—as expected—article titles
a table with the following columns: news- with date and a short summary. Results are grouped by
paper title, date of publication, article title, topic, not by newspaper title, as expected from the query.
and 10-word article summary. With 9,000 words, the output is surprisingly long and hard

to process.

5 How did articles create a sense of fear in | Interpret emotional | Inference-based, | The system successfully identified two relevant quotes
their readers? Use quotes from the articles | impact and rhetorical | Analytical, in the articles, but then goes on to point to very generic
to exemplify your answer. techniques Opinion-based statements about nuclear power and fear. Again, topic 0

has beenidentified, but articles about the Gosgen nuclear
power plant are referenced, which suggests a broader
scope after all.

6 | Which articles strongly advocate nuclear | Analyze positions and | Analytical, The query asks for individual articles, but the system out-
power? What are the arguments they put | their evolution over time Opinion-based, puts a summarization of the positions of individual actors
forward, and which articles strongly oppose Causal in the debate.
nuclear power? What are the arguments
they put forward? Do arguments change
over time

7 | Give me 10 examples of articles that either | Identify subtle biasandre- | Inference-based, | The query explicitly asks for 10 articles, but the output
subtly argue in favor of or against nuclear | trieve relevant articles. Analytical, is again a generic summarization of positions, limited to
power but appear to be neutral at first sight. Opinion-based topic 0.

8 Which experts are linked to the nuclear | Identifyentitieswithaspe- | Analytical, Fact- | The outputis as expected in the form of a list of experts
waste topic? cific profile based together with a brief summary of their profession and

positions in the debate. It is not clear how comprehen-
sive and relevant the list of seven experts is. The query
specifies the topic of nuclear waste, but only topic 5 was
selected, while topics 6, 8,9, 10, 12, 13, 14, 16, 18, and 19
should also have been relevant in this context.

9 Describe the ratio of articles concerned with | Analyze and compare con- | Analytical The topic selection is wrong, but the output contains an
Swiss national politics compared to interna- | tent distribution adequate summary of the articles linked to the topic.
tional politics.

a. https://www.bk.admin.ch/ch/d/pore/va/19790218/det296.html
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