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Abstract. A mind map is a hierarchical visual
representation of a central idea and its associated
concepts. It is designed to facilitate the understanding
of complex information. Transforming long texts into
structured graphs is a complex task in natural language
processing. Existing approaches often rely on construct-
ing dense relation matrices at the sentence level or
on the one-pass generation with Large language model
(LLM), both of which suffer from severe computational
limitations and degradation in reasoning as the context
length increases. To overcome these limitations, we
propose a new text-to-mind map pipeline driven by
a hierarchical multi-agent framework. Our approach
first uses adaptive semantic segmentation with iterative
merging to partition long documents into coherent
segments. We then introduce a three step multi-agent
pipeline: a Core Identifier extracts key plot events via
a map reduce strategy, a Node Selector dynamically
filters out irrelevant passages using segmentation and
filtering logic, a Summarizer uses recursive batch
processing to synthesize the final text while adhering to
token constraints. Evaluation on six large and varied
datasets demonstrates the efficiency and robustness
of our method. The proposed framework preserves
essential semantic equivalence, achieving a BERTS F1
score of up to 0.65, thus generating visually navigable
mind maps from large texts. The code is available at
https://github.com/Noorius/Text-to-MindMap.

Keywords. Large language models, mind map,
text summarization, multi-agent framework, artificial
intelligence.

1 Introduction

In today’s digital era, where information is easily
accessible through the Web and media, people are
exposed an extensive amount of knowledge every
day, such as books, movies and reports. However,
much of this information exists in long-form text,
which can be complex for the brain to process
and retain. Visual formats, such as mind maps,
have been shown more effective in understanding
and memorizing. Mind maps transform texts
into structured visual representations, that make it
easy to recall and use information. Additionally,
creating mind maps by hand is a time-consuming
process that requires attentive reading, a deep dive
into a topic, and significant creativity. Although
mind maps are effective, the effort required to
design maps can be discouraging. It becomes
especially overwhelming when analyzing large
texts. This challenge is relevant because not
everyone has the skill to turn an idea into a visual
structured map [3, 4, 7, 45]. This motivates the
task of text to mind map summarization method.
Even with the recent advancements in Natural
Language Processing (NLP), the main challenge
is still in processing lengthy texts [2], and scaling
summarization to thousands of words is an open
problem. Existing text to mind map methods rely
mostly on neural-based approach trained on texts
from short news articles, and struggle to generalize
on lengthy documents due to quadratic scaling
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complexity in relation detection matrices. On
the other hand, modern Large Language Models
(LLMs) exhibit complex reasoning capabilities, but
applying them directly results in generating flat
summaries, rather than deep and balanced event
driven texts.

To address this gap, we propose a novel text
to multi-level mind map summarization approach,
specifically designed for long-form texts. Figure 1
illustrates an overview of our approach. Instead
of relying on syntactic parsing or one-pass LLM
summarization, our method proposes adaptive
semantic segmentation with multi-agent LLM
framework. First the document is segmented
based on local drops in cosine similarity of
neighboring sentence embeddings. Then a
hierarchical tree of text nodes is built. The
novelty of our approach is the introduction of a
Conflict-Aware Event Selection mechanism. We
instruct two specialized LLM agents to identify the
global story event and prune leaf nodes that do
not contribute to the main events. This makes
mind map concise and relevant to the document’s
core idea. For evaluation, the datasets are from
books, movies and reports domains. Therefore our
goal is to design a method that can process long
documents, produce mind maps, and preserve the
most important information.

The main contributions of this paper:

— Adaptive semantic segmentation algorithm
that dynamically chunks long documents
based on embedding similarity, which then
enables the construction of hierarchical text
trees.

— Multi-agent filtering mechanism, Conflict Iden-
tifier and Node Selector agents, that utilizes
event-driven theory to prune nodes, ensuring
the final mind map contains only significant
nodes.

— Length-aware summarization agent that gen-
erates a final text from the remained tree
nodes.
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2 Related Work

— Evaluation is done across six diverse datasets:
MovieSum, BookSum, SummScreenFD,
MENSA, QMSum, GovReport.  Automatic
evaluation metrics were used: ROUGE and
BERTScore. The results demonstrate the
robustness of our approach, achieving up to
0.6520 BERTScore F1 on government reports
and preserving deep semantic similarity on
noisy, full of dialogues transcripts of movies.

The paper is structured as follows. Section
2 reviews related work in summarization and
mind map generation.  Section 3 details the
proposed methodology, including the segmentation
and multi-agent algorithms. Section 4 presents
the experimental setup, datasets, and evaluation
results. Section 5 provides a discussion of the
observed metrics. Section 6 highlights limitations,
Section 7 concludes the paper and Section 8
provides source code.

Early research set the theoretical ground by
exploring how mind maps support memorization,
productivity, and improve understanding in problem
solving. The works explain effective strategies
for non-designers in manual mind maps creation
establishing different approaches. Grouping,
using imagery in a cluster that shares certain
characteristics is one of them. Keeping the
right balance between cluster discrimination
is also important, as increased differentiation
paradoxically decreases understanding [3, 45].
These methods of grouping, discrimination, and
visual hierarchy are still useful in modern automatic
diagram creation, which try to come close to
human designed maps.

Existing approaches is spread across rule-
based, sequence-to-graph, LLM prompting and
hierarchical graph summarization.  They also
differentiated by the way of representing a node.

2.1 Rule-based

First generation systems relied solely on rule-
based approaches. They first extract syntactic and
semantic structures using part-of-speech (POS)
tagging and parse trees, and then turn a syntax
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Book Tess of the D'Urbervilles chapter 31

Tess wrote a most touching and urgent letter to her

mother the very next day, and by the end of the week
a response to her communication arrived in Joan Durb
eyfield\'s wandering last-century hand. DEAR TESS,--
3 write these few lines Hoping they will find you we
11, as they leave me at Present, thank God for it. D
ear Tess, we are all glad to Hear that you are going
really to be married soon. But with respect to your

question, Tess, J say between ourselves, quite priva
te but very strong, that on no account do you say a

word of your Bygone Trouble to him. J did not tell e [ *
verything to your Father, he being so Proud on accou
nt of his Respectability, which, perhaps, your Inten
ded is the same. Many a woman--some of the Highest i
n the Land--have had a Trouble in their time; and wh
y should you Trumpet yours when others don\'t Trumpe
t theirs? No girl would be such a Fool, specially as
it is so long ago, and not your Fault at all. I shal
1 answer the same if you ask me fifty times...

Raw text

Text-to-
MindMap

Book Tess of the D'Urbervilles chapter 31

Tess writes a letter to her mother the next day, and b
y the end of the week receives a reply. Her mother giv
es Tess her best wishes and tells her not to tell Ange
1 anything about her past, for many women have trouble
in their time and she should not trumpet hers when oth
ers do not trumpet theirs. This advice reassures Tess
who dismisses her past, treading upon it and putting i
t out as a smoldering, dangerous coal. As a suitor, An
gel is more spiritual than animal. Tess worries when t
he two walk in public as a couple, thinking that it ma
y reach his friends at Emminster that he is walking ab
_  jout with a milkmaid. He thinks it absurd that a d'Urbe
rville hurt the dignity of a Clare. One evening Tess a
bruptly tells Angel that she is not worthy of him, but
Angel tells her that he will not have her speak as suc
h. Angel asks on what day they shall be married, but h
e does not want to think like this. The news of their
engagement reaches the other milkmaids and Dairyman Cr
ick. Tess tells the other girls that Angel ought to ma
rry cne of them, for all are better than she. The girl
s try to hate Tess for her relationship but Angel, but
find that they cannot

Summary

Tess recelves mother's
advice on seerecy

Tess confesses Unworthiness,

Tess finds peace in
her mother's advice.

Angel reassures her.
Book Tess of the
D'Urbervilles chapter 31

Tess fesls unworthy Clars and Tess sxplors meadows,
ofAngel’s love. enjaying nature and intimacy.

Mind Map

Fig. 1. Method overview

tree into a graph based on a set of rules.
They are evaluated qualitatively or on small,
domain specific datasets with limited structure
aware metrics. Usually nouns become nodes
and verbs represent a relationship between nodes,
sometimes accompanied with an image from
Google Image search. The core design is the
analysis of an individual sentence, then linkage to
the rest of sentences via coreference resolution
or co-occurrence. They are limited to capture
document level argumentation, therefore tend to
work on shorter texts. [1, 6,9, 11, 28, 29, 33, 42].
The innovative approach was the establishment of
multilevel mind maps to represent longer and more
complex texts via K-Means and agglomerative
clustering over ontology distance [9].

2.2 Neural Models

The other approach uses machine learning.
SVM-based classifier detects six nodes (why, what,

where, when, who, how), additionally named entity
recognition extracts a "what” node. The node is
represented as a named entity labeled by its class.
The structure is limited, domain is specific - news
articles [47].

Then neural networks have been implemented
to generate mind maps. The shared steps
are encoding a sentence with bidirectional long
short-term memory (BiLSTM), then computation of
pairwise governing relation matrix by: multi-hop
attention [44], bilinear scoring [13] or graph
convolutional network over coreference graphs
[49]. Then pruning the dense graph into a
tree using a recursive salience algorithm. The
difference from earlier methods is that the structure
is learned from the data, rather follows rules.
The relationship between sentences becomes
a classification task trained on pseudo-labeled
pairs from CNN news articles. The nodes are
represented in two ways: sentence and key phrase
nodes. All three approaches evaluated on 135
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CNN articles with human-annotated mind maps
[13, 44, 49]. However, it is not clear how well
the method is transferable to the long texts or to
scientific, legal or educational domains.

2.3 LLM-based

More modern systems use large language models
(LLMs) to generate mind maps via different
prompting techniques rather than training neural
architectures. Among them is iterative prompting.
It first generates a root, then either expands
or stops further branch expansion based on the
model’'s decision [16]. Another approach is based
on code generation. LLM generates LaTeX or
DOT code, which compiles into diagrams using
multi-agent pipeline [43]. Less sophisticated,
single prompt, methods summarize texts into
mind maps by basic prompting techniques [19,
26]. The nodes are generated by language
models inside a structural output. The difference
in approach from previous methods is in LLM’s
internal understanding of hierarchy, rather than
explicit relation detection. It makes it more domain
flexible, but reveals difficulty in structural control,
which requires additional verification agents or
postprocessing.

2.4 Hierarchical Tree / Summarization

Some approaches are not mind map generation
techniques, but are worth mentioning due to
hierarchical representations or summarization
algorithms of text, which could serve as a
useful intermediate step for mind map creation.
One approach builds a semantic link network of
various text units with semantic linkages, then
ranks them and selects top-k sentences [39].
RAPTOR, a next approach, builds a recursive
tree of summaries via GMM clustering and
LLM summarization [34]. The overall design is
hierarchical representation through clustering [6,
17,34,39] or plain summarization [20,40], although
most of them do not target mind map output.
These methods are relevant for our work because
they demonstrate how hierarchical conception can
assess on a long document.

Across all approaches, there are two dilemmas
for text-to-mind-map generation: scalability and
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domain transfer, as well as structural control and
semantic flexibility. Rule based methods often
limited with scalability because they rely on rules
and therefore limited in handling diverse text
structures [1, 6, 9, 11, 28, 29, 33, 42]. Machine
learning models require large labeled datasets,
constant updating, while it does not capture deep
semantic relations [47]. Neural sequence-to-graph
models provide the benchmark with large scale
and structure, but are limited to short news
articles [13, 44, 49]. LLM-based methods can
generalize across domains, but struggle with
deep hierarchies [16, 19, 26, 43]. Existing works
handle structure with rules or build hierarchies
rather than visualization, and no method combines
long inputs and cognitive usefulness of the
mind maps. Our Multi-Agent Text-to-MindMap
summarization method is designed precisely at
this gap. It combines: LLM-based generation,
structural constraints over long documents, and
comprehension friendly mind map visualization.
We evaluate it using summarization based
measures.

3 Methods

3.1 Pipeline Overview

The approach on Figure 2 establishes a pipeline
for converting text to mind map. The input is
a long document D consisting of the sentences
(s1,82,...,5,) With a target word count 7. The
output is a hierarchical tree, representing a mind
map, and a final summary text. The pipeline
consists of eight steps: sentence preprocessing,
sentence encoding, adaptive semantic segmen-
tation, recursive tree construction, core identifier
agent, node selector agent and finally, a mind
map with a summarization. First, the basic natural
language approach is used to preprocess the text.
An input is separated into individual sentences.
For each sentence we calculate the embeddings
representation.  Then we iterate through the
sentences and calculate the cosine similarity score
and delta norm score. This helps us to identify
relevant segments in the text. The next step
is processing each paragraph through recursive
segmentation, where text is divided into segments.
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On each recursive iteration clusters are divided
into even smaller segments. When algorithms
is reaches to the max leave depth and starts
backtracking, we start performing a node creation
process. We accumulate all leave nodes into a
list of summaries. The core identifier agent based
on the context identifies the core of the story, On
the next step the node selection agent prunes the
tree based on the selected leaves. At the end we
receive a mind map structure graph and summary.
The mind map is displayed in a circular structure,
where the root is in the center. Hyperparameters
were selected empirically based on preliminary
experiments to balance computational cost and
output granularity.

3.2 Sentence Encoding

Processing a long document requires splitting it
into a smaller semantic units. First the basic
cleaning is applied: removal of duplicate spaces
and special markup. Next step is the usage of
PySBD library [32] to split a text into individual
sentences. For semantic meaning representation
the all-mpnet-base-v2 embeddings [38] was
used from SentenceTransformers [30] to create
a sequence of embeddings E = (e, ea,...,ey,),
where e; is an embedding vector for sentence
s;- The vectors are normalized to unit length.
Having 768 dimensional dense vector space the
embeddings shows prominent results [10,27].

3.3 Adaptive Semantic Segmentation

Processing a long text exceeding a model’s context
may negatively affect the overall performance and
reasoning abilities [8,21,23].

To mitigate this, in Algorithm 1 we combine
sentences into smaller semantically relative seg-
ments. After each sentence in the text is
transformed to its corresponding embedding the
two main calculations are made to measure the
significance of change from sentence to the next
neighboring one. First, we compute cosine
similarity between two neighboring embeddings e;
and e;; in Equation 1:

1 1y €4
sim(i,i+1) = w (1)

It shows how similar they are in direction [25].
Using the foundational principles of the TextTiling
algorithm [12], instead of using a fixed threshold
value, the dynamic sliding windows is applied to
calculate a local mean p and standard deviation
o of similarity scores around the position i. The
window size is adaptive, defined as 5% of the total
number of sentences and bounded between 3 and
10 sentences. The border is placed at position i if
the similarity score drops below the local average
by margin as in Equation 2:

sim(i,i+1) < p— ko, (2)

where k, a scaling factor, set to 0.9

The minimum distance between consecutive
boundaries is 5 sentences. It mitigates extremely
small segments. When a strict number of
output segments is required, we apply an iterative
merging step. Each boundary has a gap score as
in Equation 3:

(p— sim(i, i+ 1)) 3)
g

If the total number of segments exceeds the
required target limit, then gaps with the lowest
score are iteratively removed. Algorithm merges
the pair resulting in the shortest merged segment
length. This process continues until the desired
number of segments are reached. At the end it
creates a list of segments where each has a set of

sentences.

3.4 Recursive Tree Construction

Mind map has a hierarchical structure. We
achieve that hierarchy by recursive segmentation
and summarization at the leaf nodes [46]. The root
node consists of all segments from the previous
step. For each node there are two stop conditions:
if the number of sentences in the node is under
a maximum leaf size (default is set to 7), or the
maximum tree depth is reached (default is set to 2).
If the node size does not fall under any condition,
then the adaptive segmentation is applied again
on its sentences to split further, creating child
nodes. If the stop criteria reached, then we
pass the texts from a leaf node into a LLM to
generate a short paragraph. Strict prompt rules
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Document

l

Text preprocessing ————»

Sentence 1
Sentence 2
Sentence 3

Node selector

Embedding

[0.04 -0.01 .]
[0.90.005 ..]
[-0.330.2..]

Core identifier

Semantic

—> )
segmentation

<—— Tree constructor €——

)\%ﬁﬁ%

Mind map creation

N E

Summarization

Fig. 2. Proposed approach

are used to describe events, resolve pronouns to
names, convert dialogues to indirect speech. This
measure help to mitigate hallucinations [15, 37].
The LLM generates texts with zero temperature for
reproducible outputs [24]. This process repeats
resulting a branch to end with the summary.

The tree is additionally processed during the
backtracking phase of the recursion. The
parent node generates a brief condensed outline
summary from its children nodes. The outline
serves as a short readable label displayed for the
parent node in the final mind map visualization.

Computacion y Sistemas, Vol. 30, No. 2, 2026, pp. 1047-1063

doi: 10.13053/CyS-30-2-6482

3.5 Agent 1: Core Identifier

At this stage, the recursive tree has short outlines
produced during backtracking step. These outlines
are used as short visual labels for the final mind
map. Whereas this current step operates with the
leaf level summaries. Simply concatenating all
leaf nodes results a final summary to be too long
and contain low informative passages. The current
stage filters irrelevant summaries and keeps only
summaries that contribute to central narrative. The
design is motivated by the prior evidence that long
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Algorithm 1 Adaptive Text Segmentation with
Iterative Merging

Algorithm 2 Core Identifier (Agent 1) with
Map-Reduce

Require: Sentences S = {si,...,sn}, Embeddings £ =
{e1,...,en}, Target segments 7', Threshold factor £ = 0.9
Ensure: Final list of text segments C

1: W < max(3,min(10, |n x 0.05])) > Dynamic window size

2: B« [0] > Initialize boundaries

3G« 0 > Dictionary for gap scores

4: fori=1ton —1do

5 sim, « rees(Cieiny)

6: end for

7: fori=1ton —1do

8: local_sims < {sim; | max(1,s — W) < j < min(n —
i+ W)}

9: p < mean(local_sims)

10: o + max(std(local_sims), 10~6)

11: if sim; < p — ko then

12: if  — B[last] > 5 then > Enforce minimum segment
length

13: Append i to B

14: Gli] + (p — sim;)/o > Store gap score

15: end if

16: end if

17: end for

18: Append n to B

19: C «+ Create initial segments from boundaries B

20: while |C| > T and |C| > 1 do

21: Find boundary index b corresponding to the minimum
score in G

22: Find b € G with minimum score
merged length

23: Merge the two adjacent segments in C' separated by
boundary b

24: Update C' and remove b from G

25: end while

26: return C

> Tie-break: min

texts can reduce model’s effectiveness [23]. This
step is dedicated to Core Identifier agent.

The agent receives a list of leaf summaries and
outputs a structured response. For short inputs
the agent proceeds the whole text at once. For
long inputs, the map-reduce method is applied: the
texts are chunked, each local chunk is analyzed
independently to extract interactions and short
term goals. Then the reduce step selects a subset
of globally important events and merges them
together into main core event with up to three
sub events. For domains without a narrative, the
instruction serves to identifying the main problem,
objective, or central topic of the text. The detailed
logic is in Algorithm 2.

A structured output is in a JSON object
containing three keys. Field analysis_scratchpad is

Require: Sentences S = {si,...,sn}, Max words per chunk
Wmaac = 1800
Ensure: Structured JSON response R with core_conflict
and sub_conflicts
! Nwords < 24y word_count(s;)
sif Nonds S Winaa then
R + PromptLLM(SinglePassPrompt, S)
else
C «+ SplitintoChunks(S, Winaz) > Preserve sentence
boundaries

ahwn

6 L+ 0 > List to store local conflicts
7 for each chunk c € C do

8: Tlocal < PromptLLM(LocalConflictPrompt, ¢)

9 if rpcq is valid then

10: Append rj,cq; t0 L

11: end if

12: end for

13: Eiopa < PromptLLM(ReducePrompt, L)
main physical events

14: R < ConstructConflict(Eopa)
sub-conflicts

15: end if

16: if R parsing fails or R is invalid then

17: R + FallbackDefault() > Ensure pipeline continuity

18: end if

19: return R

> Select 4

> Split into core and

an assisting field used for intermediate reasoning,
while the main pipeline relies on core_conflict field
- one or two sentences of what is pursued in the
text, and sub_conflicts field - up to three supporting
sub events.  This structured output reduces
response format variability, because otherwise
LLM may generate inconsistent or malformed
response formats [15].

3.6 Agent 2: Node Selector

At this step we have the core event identified by
Agent 1. Next is the second agent, Node Selector.
Its goal is to discard irrelevant summaries and
reduce the context text size for the final generation.
The Node Selector receives a numbered list of leaf
summaries and identified core event. As the result
it returns a list of integer indices corresponding
to the list of summaries, that are essential to
understand how core event began, escalated and
resolved.

To handle context window limitation problem
when processing a long document, the algorithm
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is performed in the chunking strategy. The input is
chunked into 30 passages. The agent processes
chunk independently to extract local candidates.
Then they are combined together and passed to
final selection again.

Node Selector agent has a length-aware
dynamic prompting. The strictness is adopted
based on the target summary length. For very
short texts, the agent is instructed to select from
3 to 5 passages. For longer texts, it is allowed to
keep up to 70% of the text. Moreover the prompt
instructs to include introduction, major decisions
and closing. To enforce it the algorithm guarantees
to include the last index, if the agent omits it.

To ensure the next agent receives enough con-
text, Node Selector implements an anti-starvation
mechanism.  After the selection process the
algorithm calculates the total word count of the
remained summaries. If the remained summaries
word count is below a threshold (default is set to
1.5 of the target summary length) then it falls to
uniform sampling.

As the result unselected leaf nodes summaries
are pruned from the final mind map.

3.7 Agent 3: Length-Controlled Summarizer

The final summarizer agent is responsible to
synthesize the remained leaf summaries into a
cohesive text while keeping self-restrained to a
predefined target word count 7. Large language
models struggle with generation constraints of
precise length [31, 41]. The summarization
is implemented as a recursive, length-aware
algorithm.

The agent first partitions the large number
of input passages into smaller batches. A
compression ratio is dynamically calculated based
on input length and target length 7. This ratio is
locally applied to each batch. The agent processes
each batch independently, generating intermediate
summaries.

The algorithm implements an early stopping
mechanism with a tolerance margin to prevent
over-compression. If concatenated intermediate
summaries length is within +£20% margin of the
global target length T, or intermediate texts are
shorter than T, then the recursion stops and
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returns result. Otherwise the concatenated text is
passed into the agent back again.

Prompt is dynamically adjusted based on the
current text length relative to 7. If it is close to
T, then the agent operates in a smooth mode,
instructing LLM to connect passages without
discarding details. On the other hand if input length
exceeds T, then the agent operates in a strict
mode, instructing LLM to drop minor details.

The final output is the main summary, while the
tree of remained nodes forms the visual structure
of the final mind map.

3.8 Visualization

On Figure 3 the pipeline produces a structural,
hierarchical final output for visualization. The
tree constructed from Recursive Tree Construction
phase is parsed, and only the selected leaf
summaries and their corresponding parent nodes
are retained in the final mind map as it is
demonstrated on Figure 4.

For the final graphical rendering, we import
the parsed structured output into SimpleMind, a
professional mind-mapping software that automat-
ically constructs a radial graph topology. The
central root node is rendered in a gold color, cloud
shaped figure. Each branch is displayed in a
unique color. Child nodes are connected to their
respective parent.

Table 1. Statistics of the evaluation datasets (test split).
SrLen: Avg. Source Length, SumLen: Avg. Summary
Length

Dataset Domain Size SrLen SumLen
MovieSum Movie Scripts 200 25,700 635
MENSA Narrative 50 24,508 670
GovReport Government 973 7,379 571
SummScreenFD TV Transcripts 337 5,645 109
BookSum Literature 950 4,682 354
QMSum Meetings 244 649 58
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Tess and Angel discuss
worthiness and past regrets.

Tess confesses unworthiness,

Tess regrets lost time with Angel.
< 2 Angel reassures her.

Tess reassures Angel of her love
and discusses wedding plans.

Tess reacts to unexpected visitors
during marriage discussion.

Tess disappears;
girls await her calmly.

Tess confirms her
engagement to Angel
Retty confirms Angel's
- marriage to Tess.
Marian kisses Tess, 12z
questions her motives.

Tess feels unworthy
of Angel's love.

Book Tess of the
D'Urbervilles chapter 31

Tess receives mother's
advice on secrecy

Tess finds peace in
her mother's advice.

Tess adores Clare's
idealized virtues and love
Tess idealizes Angel's
pure, spiritual love.-
Tess and Clare follow
country betrothal customs

Clare and Tess explore meadows,
enjoying nature and intimacy.

Tess agrees to walk with him,
overwhelmed by emotion.

Tess's joy with Angel
overshadows her past.

Fig. 3. Full Mind Map

Tess and Angel discuss
worthiness and past regrets.
Tess confesses unworthiness,
Angel reassures her.
Tess reassures Angel of her love
and discusses wedding plans.

Tess feels unworthy
of Angel's love.

Tess receives mother's
advice on secrecy

Book Tess of the
D'Urbervilles chapter 31

Tess finds peace in
her mother's advice.

Clare and Tess explore meadows,
enjoying nature and intimacy.

Fig. 4. After nodes pruning

4 Experiments and Results

4.1 Datasets

The experiments are conducted across six various
long-form summarization datasets to evaluate the
effectiveness of the pipeline. The datasets has
many domains, including literature, screenplays,
transcripts, and formal reports. It provides a robust
test for text comprehension and summarization.
The statistical details for each dataset are
presented in Table 2.
The evaluation includes:

— MovieSum [35] contains full movie screen-
plays and scripts. It transforms visual
descriptions and dialogues into a storyline.

— MENSA [36] contains long-form narrative
stories and fictional texts. It requires the
preservation of temporal event sequences.

— GovReport [14] contains government reports
and policy documents. It requires general-
ization capability to highly structured, factual
domains.

— SummScreenFD [5] contains transcripts from
television series. It requires tracking multi-
character interactions and resolving episodic
story arcs.

— BookSum [18] contains chapters from litera-
ture, novels, and plays. It requires plot tracking
and character resolution across long contexts.
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Table 2. Statistics of the evaluation datasets (test split).
SrLen: Avg. Source Length, SumLen: Avg. Summary
Length

Dataset Domain Size SrLen SumlLen
MovieSum Movie Scripts 200 25,700 635
MENSA Narrative 50 24,508 670
GovReport Government 973 7,379 571
SummScreenFD TV Transcripts 337 5,645 109
BookSum Literature 950 4,682 354
QMSum Meetings 244 649 58

— QMSum [50] contains transcripts of multi-
domain meetings. It requires to extract
decisions, action items, and conversational
shifts.

4.2 Experimental Setup and Metrics

All three agents were implemented in our
Text-to-MindMap pipeline using the Mistral
Small 3.2 large language model with 24 billion
parameters through Ollama library with tag
mistral-small3.2:24b. The experiments were
run on a single NVIDIA A100 40GB GPU.

Standard automatic evaluation metrics were
used to evaluate the quality of the gener-
ated summaries. Lexical overlap is measured
using ROUGE-1 (one gram), ROUGE-2 (bi
gram), ROUGE-L (longest common subsequence)
[22], and Geometric Mean of the ROUGE,
a single value balanced metric for n-gram
overlap. The calculations are described in
Equations 4, 7, 8. Lexical metrics can
penalize paraphrasing, therefore BERTScore [48]
is used to evaluate the deep semantic equiv-
alence. For reproducibility, BERTScore with
microsoft/deberta-xlarge-mnli checkpoint at
the 18th layer, without baseline rescaling, which
is the recommended configuration for evaluating
English text generation.

Table 3. Lexical overlap evaluation ROUGE metrics,
reported as Mean =+ Standard Deviation.

Dataset ROUGE-1 ROUGE-2 ROUGE-L Geo-Mean

GovReport 0.4748 + 0.0565 0.1585 + 0.0469 0.1865 - 0.0351  0.2399 =+ 0.0445
MovieSum 0.4238 4+ 0.0599 0.0968 + 0.0279 0.1712 + 0.0221  0.1906 + 0.0344
MENSA 0.3756 + 0.0483 0.0876 + 0.0240 0.1585 + 0.0193 0.1727 + 0.0274
BookSum 0.3734 + 0.0713  0.0688 + 0.0342 0.1817 +0.0331 0.1621 + 0.0496
SummScreenFD  0.2956 + 0.0651 0.0389 + 0.0290 0.1573 4 0.0345 0.1103 + 0.0550
QMSum 0.2861 +0.0928 0.0716 + 0.0541 0.1858 + 0.0647 0.1475 + 0.0772
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Count of overlapped N grams

ROUGE-N = Count of references N-grams’

(4)

where ROUGE-grams are sequences of n words
(e.g., unigrams for ROUGE-1, bigrams for ROUGE-
2). Overlap is measured between generated and
reference summaries:

Longest Common Subsequence(X,Y
Rics = Y] ( )7 (5)

Longest Common Subsequence(X,Y
]chs - g [X] d ( )7 (6)

(]- + BQ)RZCS‘PlCS (7)
Rlcs + 623(:5' ’

where longest common subsequence is the length
of words between the generated and reference
texts, |X| and |Y| are their lengths, and 5 is a
parameter controlling the relative importance of
precision and recall:

ROUGE-L =

Geo-Mean = /ROUGE-1 x ROUGE-2 x ROUGE-L. (8)

4.3 Results

The evaluation results: ROUGE metrics are
presented in Table 3, and BERTScore, deep
semantic equivalence, are detailed in Table 4.

Table 4. Semantic equivalence evaluation BERTScore
metrics, reported as Mean + Standard Deviation

Dataset Precision Recall F1

GovReport 0.6401 + 0.0400 0.6646 + 0.0343 0.6520 + 0.0361
MovieSum 0.6437 + 0.0468 0.6361 + 0.0408 0.6397 + 0.0430
MENSA 0.6403 + 0.0430 0.6387 + 0.0312 0.6394 + 0.0363
BookSum 0.6129 + 0.0489 0.5981 + 0.0476 0.6049 + 0.0458
QMSum 0.5666 + 0.0513 0.6026 + 0.0482 0.5834 + 0.0460

SummScreenFD  0.5687 + 0.0336 0.5660 + 0.0367 0.5670 + 0.0316

A comparative analysis between our framework
and the single-pass LLM baseline shows difference
in performance across datasets. The system
achieves its maximum semantic F1 score 0.6520
and its maximum ROUGE-1 score 0.4748 on
the GovReport dataset. MovieSum follows
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Table 5. Structural metrics of the generated mind maps
across datasets

Dataset Avg Nodes Avg Depth Compression Rate
MENSA 393.86 2.00 2.09
MovieSum 195.72 1.91 1.51
SummScreenFD 66.14 1.98 1.19
GovReport 58.92 1.77 1.69
BookSum 27.95 1.53 1.01
QMSum 1.84 0.31 1.34

closely with an F1 score of 0.6397. These
performances indicate that the proposed adaptive
semantic segmentation and multi-agent event
selection steps effectively extract key information
from structured documents and chronological
narratives. On MovieSum, our method outperforms
the baseline, improving ROUGE-1 by 44% relative
to the single-pass generation, 0.4238 and 0.2941.

We evaluated the physical properties of the
output trees to address the structural properties
of generated mind maps. Mind map must have
a readable branching structure, therefore in Table
5 we measured three key parameters: Average
Nodes, Average Depth, and Compression Rate.
Average Nodes is a total number of semantic
blocks in the tree. Compression Rate is the ratio
of the generated summary length to the target
reference length. In Table 5 it is demonstrated that
the tree adapts to the source document length. For
large datasets such as MovieSum and MENSA,
the algorithm reaches the maximum depth and
generates a highly detailed hierarchy with 195.72
and 393.86 average nodes. On the other hand,
for the QMSum dataset, with shorter source text
has flat structures with depth of 0.31 and 1.84
nodes. This confirms that the adaptive semantic
segmentation does not partition excessively when
the input text is already concise enough.

The system performance was evaluated across
all dataset based on four target summary
length buckets (<100, 100-500, 500-1500, and
>1500 words of target summary). The detailed
compression, semantic, and lexical metrics are
presented in Table 6. For short target summaries,
< 500 words, both the baseline and our method
perform equally. The baseline slightly outperforms
our method in lexical overlap, because the
single-pass baseline model captures the required

context without building a hierarchical tree. In
the medium-length category, 500-1500 words,
our method achieves a robust BERTScore F1
of 0.6550, outperforming the baseline’s 0.6243.
In long category, > 1500 words, where the
single-pass baseline fails. Its compression rate
drops to 0.15, which is inability to keep target
length, which results in low ROUGE-1 score.
In contrast, our multi-agent framework has a
perfect compression rate of 1.06 in the >1500
words category. Our method achieves its peak
performance of 0.7236 BERTScore F1. The
results confirm that our pipeline is suited for
generating comprehensive text summaries that
baseline cannot replicate.

5 Discussion

For datasets characterized by dense, informal, and
multi-speaker dialogue-oriented SummScreenFD
and QMSum lexical overlap scores are the lower,
0.2956 and 0.2861 ROUGE-1, respectively. This
performance decrease is a direct and expected
consequence of the strict instructions imposed
during the recursive construction of the tree.
The summarizing agent is constrained to convert
literal dialogue into indirect speech and to resolve
pronouns into entities. Consequently, exact
n-gram matches with human reference summaries
decrease significantly. However, the semantic
metrics of these datasets remain remarkably
stable, 0.5667 and 0.5834 BERTScore F1. This
stability confirms that plot developments, crucial
decisions and meeting conclusions are well
preserved in the final summary, thus validating
the robustness of the semantic compression
mechanism.

6 Limitations

Although the proposed hierarchical multi-agent
pipeline demonstrates strong performance on
various long datasets, it still has several limitations.
Firstly, the recursion during the tree construction
and the multiple agents result in linear complexity
scale O(n) with the number of segments compared
to single-pass summarization baseline.  This
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Table 6. Performance Stratified by Target Summary Length. Comparison between the proposed Hierarchical Multi-Agent
Method and the Single-Pass LLM Baseline (Mistral 24B, 128K context) across four length buckets. N denotes the number
of documents in each bucket. CompRate indicates the ratio of generated length to target length

Our Method

| Baseline

Length Group N CompRate = BERTScore F1

ROUGE-1

| CompRate BERTScore F1 ROUGE-1

< 100 words 532

500 — 1500 words 1141
> 1500 words 13

1.28 +£0.43 0.5749 +0.0400 0.2816 + 0.0731
100 - 500 words 1068 1.13 +0.54 0.5991 +0.0386 0.3791 + 0.0752 | 0.78 + 0.21
1.61 £ 0.45 0.6550 + 0.0363 0.4631 = 0.0583 | 0.66 + 0.38 0.6243 = 0.0435 0.4257 +£0.1110
1.06 £ 0.20 0.7236 + 0.0866 0.5068 + 0.0303 | 0.15 + 0.11

1.00 £ 0.27 0.5889 + 0.0398 0.2950 + 0.0777
0.6051 + 0.0383 0.3879 + 0.0724

0.5614 + 0.0573 0.1670 + 0.1170

makes the pipeline computationally expensive for
real-time applications. Secondly, the pipeline’s
reliability is highly dependent on the instruction-
following capabilities of the LLM. If the first agent
hallucinates or misinterprets the instructions, then
the sequential dependency between agents may
propagate an error throughout the pipeline.

7 Conclusion

In nowadays digitalized era where extensive
amount of information is produced every day there
should be an approach to handle it properly.
Since part of it is in the textual form then it
becomes a natural language processing task.
Among the solutions is implementing mind maps.
Mind map has recommended itself as an effective
tool in managing complex information.  They
are used in businesses, schools and universities.
However, drawing a mind map requires time to
read and analyze text, finding hidden patterns and
concluding them into one visual representation.
The main drawbacks of the manual way are
time consumption and lack of creativity in map
drawing. In this paper, we introduced a new
text-to-mind-map summarization pipeline designed
to address the limitations of the context window
and the degradation of reasoning typically seen
when processing long documents. The proposed
approach creates a mind map based on a
single text. By combining adaptive semantic
segmentation with a hierarchical multi-agent
framework, our approach efficiently divides long
texts into manageable and semantically related
segments. Subsequent extraction of key events
and recursive merging ensure the preservation
of logical structure and key narrative events.
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Furthermore, the approach demonstrated robust
results in ROUGE and BERT score across
multiple summarization datasets. Although the
pipeline achieved its highest lexical and semantic
scores on structured documents and chronological
narratives, it also maintained strong semantic
scores on highly conversational datasets despite
drops in exact n-gram matching. The approach
not only generates summaries but also constructs
a mind map, bridging the gap between raw text and
visualization. The proposed approach will make
understanding of complex texts easier, saving time
and impacting efficiency in performance. For
the future work, different evaluation metrics can
be used, then optimization of the computational
efficiency, and additionally experimenting with
various embeddings and language models are
applicable.

Code Availability

Code used for the pipeline and evaluation
is available at https://github.com/Noorius/Text-to-
MindMap. The repository contains a requirements
file specifying the versions of libraries used during
the process.
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