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Abstract. Existing Retrieval Augmented Generation solutions struggle
when they deal with narrative texts. This kind of texts comes with ad-
ditional levels of complexity, starting from non-linear narration, through
diversity of characters, to hidden meanings carried by form and language.
This paper proposes approach to overcome these obstacles by incorpo-
rating text aspects described in theory of literature into current state-of-
the-art solutions. The improvement is achieved by utilizing meticulously
designed graph-based knowledge layout, where each important aspect
of narrative text is appropriately reflected. The layout consists of mul-
tiple layers, which empowers ability to capture inner meanings of the
text on different levels of abstraction and in different aspects. This arti-
cle proposes complete technical solution that enables efficient work with
narrative texts. Additionally, it provides a study on the most effective
configuration of the framework and the importance of each aspect in
the source texts. Experiments have shown that for narrative texts our
approach significantly improves current state-of-the-art results.

Keywords: RAG · narrative texts · graph-based knowledge organiza-
tion

1 Introduction

Large Language Models (LLMs) have revolutionized nowadays IT. Their abil-
ity to interact with a human in natural language changed our way of thinking
about human-machine collaboration, and transformed approach to build modern
software. The capabilities of LLMs are even broader thanks to Retrieval Aug-
mented Generation (RAG) framework. By using RAG, model can be provided
with additional context, what enables it to use information absent it the original
training dataset.
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Therefore, the area of large language models is one of the fastest growing
areas of the computer sciences. Almost every day comes with new ideas and
solutions. Enhanced with RAG, large language models can operate on very dif-
ferent sources, from dispersed notes to technical documents. Recent research
on RAG, including work on incorporating graphs of knowledge in the process,
enabled even broader selection of sources and texts to be effectively handled.

Despite this development, there is lack of approaches that could work specif-
ically with literary, narrative texts. This kind of texts comes with very specific
set of challenges that need to be precisely addressed. The aim of this work is to
reuse and improve some state-of-the-art tools and techniques, then adapt them
to work with narrative texts.

The main contributions of the paper include:

– definition of main characteristics of narrative texts in the context of Retrieval
Augmented Generation;

– introduction of graph-oriented data organization optimized towards narra-
tive texts, and implementation of the tools that enable construction and use
of proposed graph;

– exploration and systematization of prompt engineering capabilities to select
the best prompts for summarizations used in graph construction;

– comparison of impact of input parameters on retrieval quality and cost-
effectiveness;

– adaptation of existing datasets (QuALITY [21], NarrativeQA [8]) for ques-
tion answering without predefined answer options and implementation of the
benchmarks.

2 Related Work

The enhancements for Retrieval Augmented Generation are currently under ac-
tive research. The framework firstly has been introduced by P. Lewis et. al [11].
It quickly developed from this naive RAG, through several phases of improve-
ments, into more advanced RAG systems, and finally into many mature and
sophisticated approaches called modular RAG [6]. The current efforts focus on
adjusting RAG to specific needs and use cases, including dynamically tailoring
retrieval process [27], mixing specialized and general models in retrieval process
[30], hybrid retrieval approaches [33], enabling parallel paths of searching for
information [16] or including self-correctness mechanisms [12]. There are plenty
of works studying both best practices in RAG [28] and methods of testing and
benchmarking it [26, 9].

Utilizing graphs for RAG is also a fast growing area [22]. Usually, it is based
on graph of knowledge that contains entities described in a document or multi-
ple documents. Also, different documents can be independent entities themselves
[29]. In most cases the graph is built using large language model and detailed
prompt engineering techniques, that lead to recognition of entities and relations
by model itself. The applicability of this kind of solutions varies from medicine
[31], through education [2], to road traffic [7] and customer services [32]. The
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recent advancement in this area is Graph RAG [5]. It proposes a multi-step
approach, where firstly, a graph of knowledge containing entities from the text
is built, and later identified entities are clustered and post-processed (which
includes graph learning and summarization techniques) to enable better under-
standing of the structure of the text.

The most recent work related to our study is RAPTOR [25]. It introduced
the idea of multilayered tree of summarizations for RAG that captures text
meaning on different levels of generalization. It differs from the previous solutions
as it is not based on graph of knowledge of any kind. Our research builds on
the RAPTOR components, extending their capabilities and adapting specifically
towards narrative texts. In current study we reuse clustering algorithm described
by RAPTOR. Also, RAPTOR proved that it is more efficient to use retrieval
method called collapsed tree, meaning search for retrieval equally amongst all
the nodes within the constructed tree (graph), instead of the tree traversals (e.g.
from the most general information to more specific).

3 Proposed solution

The characteristics of narrative texts have the fundamental meaning for this
study. Narrative text can be defined as a kind of text that tells a story about
events or situations, usually, but not obligatorily, in chronological order. It is
focused on telling the story that may be fictitious or based on real events. It
includes characters, theme, setting and objects, as well as relations between
them. It is told by a narrator that can be a part of the presented world or an
independent observer. The narrator can have and present his/her own opinions
on the presented events [3, 14, 17].

Narrative texts are especially difficult for large language models. Firstly, they
are burdened with all of the difficulties related to long texts, including the fact
that typically they are longer than the allowed model context. Furthermore, even
if the model can digest the whole text, it significantly suffers from lost-in-the-
middle problem — a phenomenon where for a long text, the model tends to
overlook details described in the middle of text [13].

Secondly, there are many difficulties related specifically to narrative texts.
They include intertwining threads, intended inconsistencies in narration, time
jumps, foreshadowing, analepses, prolexes and discontinuities that leave space
for guesswork for the reader.

The next class of problems is brought by the characters described in texts.
They can have their own perspectives and ways of thinking; sometimes the very
narrator is one of the characters that interact with the others, which additionally
increases the difficulty of understanding the context. Also, narration can be
carried out from point of view of many characters. Moreover, often characters
can change their way of thinking and behavior during the story, which influences
the storytelling.

Similar problems are entailed with setting of the story. It can highly impact
characters and their decisions. They can be situated in real historical conditions
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or in imaginary world. In some cases both approaches overlap, and fictional
universe is situated inside real historical circumstances.

Another important factor is the language and style of the story. It is espe-
cially related to narrative texts, where language often plays a crucial role. It
includes different types of the figures of speech, like metaphors, hyperbolas, per-
sonifications, as well as the use of symbols, allegory and irony. In many cases the
used language allows us to understand the hidden meaning of the narration.

Accordingly, Robert DiYanni [3] defines following constitutive aspects of nar-
rative texts :

– Plot and Structure
– Character
– Setting
– Point of View
– Language and Style
– Theme
– Irony and Symbol

Each of those characterizes different way of looking at and thinking about
text. Identified aspects make it possible to build a graph that accounts for all
of them, with increasing levels of generalization. The general structure of the
designed graph is presented in Figure 1.
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Fig. 1. The general structure of the proposed graph (different colors denote different
aspects).
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The graph is built in stages. The first step follows naive RAG approach, the
whole text is cut into small parts called chunks, which become starting nodes
for building a graph. For each chunk, an embedding is calculated using selected
embedding model. The optimal chunk size for solution was a matter of exper-
iments, the detailed analysis is provided in the evaluation chapter. Next, the
created chunks are grouped into clusters. The clusters gather chunks that are
semantically similar and together capture common aspect or idea. For creat-
ing clusters we utilized algorithm proposed by RAPTOR adapted for narrative
texts purposes. It allows to dynamically adjust clusters size and total number of
needed clusters. In order to achieve that, RAPTOR’s algorithm uses Gaussian
Mixture Models (GMM) with Uniform Manifold Approximation and Projection
(UMAP) for dimension reduction [15], and Bayesian Information Criterion (BIC)
for determining total number of clusters [25]. In this study, we let selected large
language model to assess which clusters are related to which aspects. It is done
by prompting LLM to select the best matching aspects for each of previously
built clusters. In rare cases (less than 5%), when it is not possible to find clusters
suitable for some of the aspects, the first clustering stage is repeated.

When this stage is finished, the model is prompted to prepare summariza-
tions for each cluster. These summarizations are aspect oriented, meaning they
always request the model to focus on given aspect of the text. We experimented
with different prompt engineering techniques, including few-shot prompting [1]
and in-context learning [4]. The best overall results are achieved using prompts
with detailed description on how we understand specific aspect, and with low
generation temperature. However, overly long and detailed prompts with many
examples for in-context learning generally cause deterioration of summarizations
quality. Increasing the answer temperature also negatively impacts prompt fol-
lowing and leads to regression.

When summarizations are ready, they are added to graph as nodes of first
level of generalization. Also, embeddings get calculated in this step. Next, sep-
arately for each aspect, there is a subsequent phase of clustering. It is done
on newly added nodes with summarizations treated as base chunks. As cap-
tured aspects are already set up, in the consecutive phases we do not perform
additional selection of matching aspect, but we reuse previous summarization
strategy. The process is repeated iteratively, until it is not possible (there are
not enough nodes) to create clusters for next level of generalization.

Experiments showed that also adding special nodes that extract details from
chunks improved overall quality. In this case, model is prompted to get the most
important details from given chunk, and the result is treated as content for
additional node. While it is possible to add virtually unlimited number of such
nodes, experiments revealed that adding more than two does not have further
positive impact. It is additionally analyzed in experiments section.

When the process is finished, the graph is ready to be used in RAG. The
retrieval process goes the same way as in naive RAG approach. There is em-
bedding vector calculated for question, and a chosen number of nodes with the
highest cosine similarity of embedding are retrieved. We conducted experiments
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in order to check efficiency of utilizing graph traversals. Neither enforcing start
from the most specific, nor the most general node, before further traversal across
the connected layers, positively impacted the overall quality.

As the retrieval process comes with no change in comparison to vanilla RAG,
it potentially can be extended by some of the techniques for retrieval improve-
ment, such as reranking [11] or HyDE [23], in order to further increase the
correctness of answers. It could be a topic for further studies.

The solution is by design model-independent and should work with any large
language model. For the conducted experiments, we used two models from the
GPT family. GPT models are transformer-based architectures that use self-
attention and autoregressive decoding to generate coherent and context-aware
text [34]. Specifically, we used GPT-3.5 Turbo for graph building and summa-
rizations due to its efficiency and cost-effectiveness in handling structured data
representations and content condensation. For tasks requiring deeper contextual
understanding and nuanced classification, such as determining the character of
a cluster and generating final answers, we employed GPT-4 [20]. A compari-
son of the models used is presented in Table 1. For embeddings, we used the
text-embedding-ada-002 model from OpenAI, which provides 1536-dimensional
embeddings optimized for various tasks [19].

Table 1. Comparison of Used Models

Model Context Length Training Data Parameters
GPT-3.5 Turbo 16,385 tokens up to September 2021 20B (estimated)

GPT-4 8,192 tokens up to December 2023 1.76T (estimated)

4 Evaluation

4.1 Tools and datasets

As baselines, we use RAPTOR and naive RAG. Naive RAG has been imple-
mented using LangChain toolkit [10]. In experiments for all solutions we retrieve
top 5 best matching nodes (chunks) to inject to context. We confirmed that it
guarantees the best quality across all datasets and baselines.

As datasets we choose two sets that contain narrative texts:

– QuALITY [21]. It is a multiple choice question-answering dataset that con-
sists of selection of long texts and answers prepared by human respondents.
Questions have been designed to be not answerable using only small parts of
the text. They need understanding of broader context scattered throughout
the text in order to be properly solved.
Additionally, there is set of questions that are marked as difficult ones. These
are questions that were found especially difficult by humans when time for
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answer was limited. In current work we use them as a separate set. The first
of the experimental sets contains all the questions, the second one only the
difficult ones.

– NarrativeQA [8]. This dataset is prepared to assess the ability to under-
stand texts by language models. It is build using publicly available books
and movie scripts. Also, this one is designed to evaluate the ability of under-
standing text as a whole. Therefore, to answer most of the questions there
is strong necessity of understanding the context, including theme, settings
and relations between characters and objects.

Both datasets have been reworked to match the criteria of proposed solution.
From both of them, we selected the examples that can be qualified as narrative
texts. It has been done in the first step by selecting content that comes from
Project Gutenberg [24], and in the second step by manual verification and ad-
justments. For QuALITY, the final extracted subset consisted of 259 documents,
with 4923 total questions, among them 2606 hard questions. For NarrativeQA,
we used 706 documents and total of 21894 questions. QuALITY, by default,
expects selection of a matching answer from given options. It has been changed
for our purposes. We treat the correct answer as ground truth, but let the model
generate the full answer without guiding with predefined options.

For building benchmarks, we used RAGAS framework [26]. It is production-
grade testing tool that allows testing and benchmarking wide range of LLM-
based solutions. It introduces two metrics suitable for analyzed case:

– Answer Semantic Similarity. This metric measures how closely the model-
generated answer aligns with the ground truth in meaning. This is done by
converting both the generated answer and the ground truth into vector em-
beddings and computing their cosine similarity, which ranges from 0 to 1.
A score of 1 indicates identical semantic meaning, while a score closer to
0 suggests little to no similarity. In our case, we used text-embedding-ada-
002 model to generate embeddings. This approach ensures that even if the
wording differs, semantically similar answers receive high scores.

– Answer Correctness. This metric evaluates both the factual correctness
and semantic alignment of a generated answer with the ground truth. It
considers whether the response contains correct factual information while
maintaining semantic similarity. The factual correctness score is computed
using the F1 Score:

F1Score =
|TP |

|TP |+ 0.5× (|FP |+ |FN |)

where TP , FP , and FN represent true positives, false positives, and false
negatives in factual claims. In our case, GPT-4 was used to verify factual
correctness. The final Answer Correctness score is computed as a weighted
average of the acquired F1 Score (75%) and the Answer Semantic Similarity
score (25%). This ensures that generated responses are both factually reliable
and semantically relevant.
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We present overall results for both of the metrics. For the detailed experi-
ments we use mainly results for Answer Correctness, as it is more sensitive and
provides better judgment over the real answers quality.

4.2 Results

The main experiment was conducted to quantify the general answer quality. It
has been done using described metrics on datasets. The results are plotted in
Figure 2.

QuALITY QuALITY (hard) NarrativeQA
0%

10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

An
sw

er
 C

or
re

ct
ne

ss

Comparison of Answer 
 Correctness

52
%

39
%

33
%

76
%

70
%

64
%81

%

77
%

67
%

QuALITY QuALITY (hard) NarrativeQA
0%

10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

An
sw

er
 S

em
an

tic
 S

im
ila

rit
y

Comparison of Answer 
 Semantic Similarity

61
%

52
%

47
%

86
%

80
%

74
%91

%

87
%

77
%

Naive RAG Raptor Current work

Fig. 2. Comparison of Answer Correctness and Answer Semantic Similarity across
systems and datasets.

In all analyzed cases, proposed solution performs better than baselines. For
Answer Correctness, the current work provides gain of 29-38% in comparison to
naive RAG, and 3-7% in comparison to RAPTOR. For Answer Semantic Simi-
larity, respective numbers are 30-35% for naive RAG, and 2-4% for RAPTOR. It
is worth mentioning that as at the time of writing RAPTOR is state-of-the-art
solution on QuALITY leaderboard [18].

Next, we have analyzed impact of a single aspect on overall answer quality.
It is verified by gathering results both for solution with only one aspect, and for
all aspects excluding selected one. It is worth noting that even with one aspect
results can reach even more than 50% of correctness. It is caused by presence of
base text chunks, which in some cases is enough to generate adequate answers.
The combined results are plotted on Figure 3.
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Fig. 3. Measurement of impact of one given aspect or its absence on the overall Answer
Correctness.

For all the datasets, there are similar observations. The most important as-
pects turn out to be: Plot and Structure, Character, Setting and Theme. As-
pects with the lowest impact on Answer Correctness are: Language and Style,
and Irony and Symbol. However, even that last aspect has visible impact on the
quality, so none of them should be discarded in order to achieve the best results.

Separate analysis was conducted to check impact of number of nodes with
extracted details on the Answer Correctness. It was done by building graphs
with number of such nodes ranging from from 0 to 5. The results are presented
in Figure 4.
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Fig. 4. Impact of number of generated nodes with details per chunk on the Answer
Correctness.

It can be observed that there is high positive impact of the first added node
(improvement by 1% to 4% on Answer Correctness) and the second node (in
this case the improvement is lower, from 1% to 2%). Adding further nodes does
not improve correctness; in some cases it can even lead to regression.

The improvement after adding a first node can be explained by a more syn-
thetic form of the text it provides. Introduced solution makes all the details
better isolated and easier to use by the model during answer generation. The
improvement that is added by a second node is the result of the freedom of the
prompted model to generate content. Thanks to this, two nodes can differ by
structure, method of selecting important details and ways of their presentation.

Adding a third and further nodes does not amplify this effect. Observations
suggest that further nodes become too similar, and in new nodes there are not
enough unique details to be cognitively valuable. Regression can also appear in
the phase of retrieval. It can happen that mainly nodes from the detailed layer
are selected, which limits nodes of generalization layers in the results returned
to context. It affects negatively the Answer Correctness of the model.

Also, we checked how the number of graph nodes added to context impacts
the Answer Correctness. It is strictly related to the overall number of tokens of
a context. Results are shown in Figure 5.
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Fig. 5. Impact of number of used top matching nodes and tokens on the Answer Cor-
rectness.

The best results for all solutions were achieved while using between 3 and 6
top matching nodes, which translates to circa 1000 - 1500 tokens (context + final
prompt). Further addition of nodes decreases the correctness of answer and leads
to regression. This behavior can be explained by lost-in-the middle phenomenon
[13]. When the number of nodes (tokens) is too high, the model is overloaded
with information and loses the essence of the answer, which could have been
better captured in smaller portions of text.

It is worth highlighting that proposed solution significantly outperforms base-
lines when using a lower number of top matching nodes, providing good results
even in cases when 1 or 2 top nodes are used. In the best cases it produces
results that are 21% and 64% better than baselines (in comparison to RAPTOR
and to naive RAG respectively). Moreover, in current work even ther results
acquired with a single top node (circa 500 tokens) are of satisfying quality, rang-
ing from 60% for NarrativeQA to 76% for QuALITY. It can be explained by
multiaspectuality of the proposed approach, as there is a high chance that the
gist of the answer is already captured by one of the nodes. This feature makes
our research especially useful when cost-effective solution is expected, as it can
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produce equally good results as baselines with three times less tokens. It is also
well suited for time-sensitive solutions, as much less data needs to be retrieved.

Finally, we analyzed the impact of length of chunks and summarizations in
the graph on the Answer Correctness. The results are plotted in Figure 6.
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Fig. 6. Impact of length of chunks and summarization on Answer Correctness.

The best results were achieved for text of length between 200 and 600 tokens.
With longer texts, the correctness is gradually decreasing. This process also can
be explained by the lost-in-the-middle phenomenon. In case of excessive contexts,
crucial details get diluted in the long text and are more difficult to understand
and use by the model. Overall, the best Answer Correctness is obtained with max
token number set to 200 (ranging from 67% for Narrative QA, through 77% for
QuALITY (hard), to 81% for QuALITY). Consequently, we applied this value
to other experiments.

5 Conclusions

In the paper we present a novel approach to building RAG solutions for narrative
texts. It utilizes identified aspects of narrative text in order to build a graph that
captures a plethora of internal meanings. Furthermore, the graph is extended
with nodes that carry details from the base text, which additionally improves the
overall quality of the answers. Our experiments have proven that it outperforms
the current state-of-the-art solution on well-adopted datasets (e.g. QuALITY)
for the task of answering questions about narrative texts. Therefore, our solution
can be treated as a starting point for further exploration of this topic. The most
interesting and promising future work directions include research on heuristics
of retrieval from the graph and applicability of use of dedicated models that are
specialized for tasks related to graph building.

Acknowledgments. This paper is based on a master’s thesis defended in March 2025
at Warsaw University of Technology.
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