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Figure 1: MindTrellis is an interactive visual system that enables human-AI collaborative knowledge construction, where
users can both query information and contribute insights to an evolving knowledge graph. (a) File Manager – allows users to
upload and organize documents. (b) Knowledge Canvas – displays the knowledge graph where users can explore and directly
manipulate nodes and relationships. (c) Chat Panel – enables users to query information, request expansions, and issue
modification commands through natural language.
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ABSTRACT
Synthesizing information from multiple documents into structured
understanding is inherently iterative, yet current approaches pro-
vide limited support. LLM-based systems let users query informa-
tion but produce structures that users cannot reshape; manual tools
like mind maps offer full control but lack intelligent assistance;
and commercial tools have begun combining retrieval with user
contribution, but not within a unified visual knowledge structure.
We present MindTrellis, an interactive visual system that addresses
this gap by letting users and AI collaboratively build a knowledge
graph combining document-derived and user-contributed knowl-
edge. Users can query the graph to retrieve document-grounded
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information, and contribute new concepts, relationships, and hi-
erarchical organization to re�ect their developing understanding.
A multi-agent pipeline coordinates intent disambiguation, knowl-
edge placement, and coherence maintenance across both pathways.
In a controlled study where 12 participants created slide decks,
MindTrellis outperformed a retrieval-only baseline in knowledge
organization and cognitive load, with participants valuing progres-
sive graph expansion and the ability to integrate their own insights.
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1 INTRODUCTION
As digital resources continue to expand, knowledge workers face
increasing challenges in understanding and synthesizing informa-
tion from multiple sources. Developing a coherent understand-
ing is inherently an iterative process: users explore information,
form mental models, re�ne their understanding, and reorganize
their knowledge as they learn [40]. However, current tools provide
limited support for this evolving process, creating a gap between
how human understanding develops and how systems facilitate
knowledge construction. Traditional visualization tools based on
mind maps [4] and concept maps [37] allow users to construct and
modify knowledge representations, o�ering full control over struc-
ture. However, they lack su�cient intelligent assistance, largely
relying on users' manual operations, which makes the process
tedious and cognitively demanding when dealing with complex,
multi-source information. In recent years, researchers have devel-
oped automatic knowledge graph construction methods that use
extraction algorithms to identify entities and relationships from
text corpora [18], but this process involves minimal human partici-
pation and produces structures optimized for machine consumption
rather than human understanding. Since the emergence of Large
Language Models (LLMs), retrieval-augmented generation (RAG)
systems [27] have enabled users to query knowledge bases through
natural language. Recent systems such as Graphologue [21], Sense-
cape [51], Selenite [29], and Luminate [50] further integrate LLMs
with graphical representations to support visual exploration of com-
plex information. Yet these systems treat the underlying knowledge
structure aslargely static: users can retrieve information and receive
AI-generated visualizations, but cannot add their own concepts,
modify relationships, or reorganize how the structure is arranged.
The broader pattern of users shaping the same representations they
consume from is well established in interactive systems [17, 59],

and commercial tools such as NotebookLM and Notion AI already
let users both query and contribute to underlying knowledge stores.
These commercial tools, however, distribute retrieval and contribu-
tion across separate panes or database views rather than integrating
them within a single visual knowledge structure.

Multi-document knowledge construction is fundamentally itera-
tive [42]: users externalize their developing mental models [23], test
relationships between concepts [5,37], and continuously reorganize
their representations as understanding deepens [3, 40]. Research
on knowledge visualization suggests that spatial representations
reduce cognitive e�ort [25] and that the cognitive value of working
with multiple representations lies in the transformations between
them [3]. A system designed to support this process should there-
fore integrate AI-assisted retrieval and user contribution within
a shared visual structure, so that users can see how new content
relates to existing knowledge and reorganize the whole as their
understanding evolves.

We presentMindTrellis, an interactive visual system for multi-
document knowledge construction whose design centers on a visual
knowledge graph as the primary shared artifact (Fig. 1). In one di-
rection, users canquerythe knowledge base to retrieve information
grounded in their uploaded documents. In the other direction, users
cancontributeto the knowledge structure by adding new concepts,
modifying relationships, and reorganizing the hierarchy to re�ect
their developing understanding; the system simultaneously syn-
chronizes these contributions to the underlying knowledge base
to maintain consistency between the visual representation and
stored knowledge. The resulting representation is what we call aco-
created knowledge graph: a hybrid of document-derived content and
user-contributed insights that evolves through the collaboration
between human understanding and AI assistance.

However, enabling this co-creation introduces new technical
challenges. User input is inherently ambiguous: a query like�Ex-
pand the e�ects of deforestation on causing global warming�could be
a request for information retrieval, a command to expand the knowl-
edge structure, or both simultaneously. When users contribute new
knowledge, the system needs to determine where this information
belongs within the existing taxonomy, which requires understand-
ing both the new content and the current graph topology. As the
knowledge graph evolves through user contributions, the system
must also maintain coherence and consistency, avoiding contradic-
tions and redundancies. To address these challenges, we developed
amulti-agent pipelinein MindTrellis where specialized components
collaborate to support seamless bidirectional interaction: classify-
ing user intent, routing inputs to appropriate processing pipelines,
handling retrieval at multiple granularity levels, and executing
structural modi�cations while maintaining graph coherence.

Based on the co-created knowledge graph and the multi-agent
system, MindTrellis supports two complementary interactions for
controlling and modifying the knowledge graph, within a uni�ed
environment. Through the chat interface, users can issue natural
language commands to query information, add nodes, or restruc-
ture relationships. Through the visual canvas, users can directly
manipulate [19] the graph by clicking to select nodes, dragging to
reposition elements, and using toolbar controls to expand topics or
create connections.
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To evaluate MindTrellis, we conducted a controlled user study
with 12 participants comparing our system against a baseline system
that combines a RAG interface with automatically generated graph
visualizations. The baseline supports the query direction, where
users can ask questions and view document-grounded answers as
node diagrams, but does not allow users to modify the generated
structure or add their own concepts. Participants rated MindTrel-
lis signi�cantly higher on knowledge organization e�ectiveness
and reported lower frustration when exploring unfamiliar topics.
Qualitative feedback highlighted that progressive expansion of the
knowledge graph, where new nodes branch from existing ones
rather than appearing all at once, reduced participants' cognitive
overload and helped maintain a coherent mental model. Partici-
pants also valued the ability to integrate their own insights into
the evolving structure. These �ndings suggest that enabling users
to actively shape knowledge representations, rather than passively
consuming system-generated structures, can meaningfully improve
outcomes in information exploration tasks.

In summary, our contributions in this paper include:
� The design and implementation of MindTrellis, an interactive

system for knowledge construction from multi-document sources,
featuring a visual knowledge graph where document-derived and
user-contributed knowledge coexist, manipulable through both
natural language and direct manipulation.

� A multi-agent pipeline that addresses the technical challenges
of intent parsing, knowledge placement, and coherence mainte-
nance, validated through quantitative evaluation.

� Findings from a controlled user study demonstrating that MindTrel-
lis improves knowledge organization e�ectiveness and reduces
cognitive load compared to retrieval-only baselines.

2 RELATED WORK
2.1 Knowledge Visualization and

Externalization
As both digital and physical resources continue to expand, people
increasingly recognize the value of visualizing knowledge [14, 32]
to aid in learning and understanding complex information [5, 43].
Knowledge visualization provides a structured way to externalize
thoughts, which is particularly useful for understanding complex
or multi-faceted subjects [54]. Di�erent forms of visualization, es-
pecially graph-based representations, can signi�cantly enhance
critical thinking [22, 30] and comprehension [11, 41], which in-
cludes concept maps [9, 26, 38] and mind maps [15, 56]. Overall,
these visualization techniques support memory retention and com-
prehension as well as facilitate deeper cognitive engagement and
a more structured understanding of complex topics. However, not
all visual forms are equally e�ective, and the choice of represen-
tation can shape what people notice, how they reason, and what
knowledge they construct.

Carneiro et al. [6] compared textual and graphical represen-
tations for argument analysis and found that graph-based inter-
faces better support reasoning over non-linear argument structures,
where relationships between claims are di�cult to convey through
sequential text. Binks et al. [3] studied how users move between
map-based and textual representations during essay writing, �nd-
ing that the cognitive value lies not within any single representation

but in the representational transformationsbetween them�the pro-
cess of re-expressing and reorganizing knowledge across formats.
Their characterization of transformation properties (cardinality,
explicitness, and representation type change) suggests that sys-
tems for knowledge work should facilitate �uid movement between
complementary representations. Larkin and Simon [25] o�ered an
earlier theoretical account of these e�ects, showing that spatial
and diagrammatic representations can reduce cognitive e�ort by
supporting perceptual inference and reducing search compared to
informationally equivalent text. The above work motivates us to
design MindTrellis that goes beyond static visualization to support
interactive construction and manipulation of knowledge structures.

2.2 Bidirectional Interaction Between
Representations

Bidirectional interaction between coupled representations is a well-
established design pattern in interactive systems and programming
languages [16]. In such systems, users can shape the same artifact
they consume from, and the system keeps both views synchronized.
Sketch-n-Sketch [17] enables users to write programs that generate
SVG graphics and then directly manipulate the rendered output;
the system infers corresponding program updates through trace-
based synthesis, keeping code and visual artifact synchronized.
Penrose [59] maps mathematical notation to diagrams through a trio
of domain-speci�c languages and constraint-based optimization,
translating formal speci�cations into visual layouts. B2 [58] bridges
code and interactive visualizations in computational notebooks by
treating data queries as a shared intermediate representation, so
that interactions with a chart reify as code and vice versa. The
pattern extends to other domains as well: Cascaval et al. [7] apply
bidirectional editing to parametric CAD programs, where users
can manipulate geometry directly and the system solves an inverse
problem to update program parameters. In each of these systems,
two views of a single underlying artifact are kept in sync through
deterministic or constraint-based mechanisms�a pattern we refer
to asrepresentational synchronization. The mapping is mechanical
rather than interpretive, the system does not need to infer what the
user intends, because the editing modality is spatially explicit (a
code panel versus an output canvas) and the artifact on both sides
is the same.

As bidirectional interaction extends from structured authoring
and design tools into constructing knowledge structures from mul-
tiple documents, the nature of the pattern changes. The coupled
representations are no longer two views of one artifact but two
distinct kinds of content: source documents and an evolving knowl-
edge graph. Users contribute concepts that may not appear in any
source document [40], so the graph becomes a hybrid of document-
derived and user-contributed knowledge�a structure richer than
either source alone. Because retrieval and contribution share the
same natural language input channel, the system must determine
which activity a given input represents. A statement like�Expand
the e�ects of deforestation on the cause global warming�could be a
question seeking retrieval or a suggestion to add a new concept to
the graph. Shahriari et al. [47] studied natural language interaction
for editing visual knowledge graphs and found that distinguishing
between edit intent and information queries is a central design
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challenge. The transformation between representations is therefore
AI-mediated and semantically interpretive, requiring the system
to classify user intent before determining how to act. Intent dis-
ambiguation, coherent placement within an evolving structure,
and maintenance of a hybrid artifact are requirements speci�c to
knowledge-level bidirectionality; they do not arise in the represen-
tational synchronization paradigm, where editing modalities are
structurally partitioned and mappings are deterministic.

2.3 Interactive Systems for Knowledge
Management

Traditional knowledge management tools primarily support static
representations, requiring users to manually create, organize, and
update all connections and relationships [9]. However, manual con-
struction becomes cognitively demanding as datasets grow larger
and more complex, and the resulting structures often lack the vi-
sual sca�olding needed to help users organize and make sense of
information across sources [14]. A parallel line of research has fo-
cused on automatic knowledge graph construction, where systems
extract entities and relationships from text corpora using named
entity recognition, relation extraction, and knowledge base popu-
lation techniques [20]. While these approaches can process large
volumes of documents e�ciently, they are designed primarily for
machine consumption�producing structured databases optimized
for computational queries�rather than human knowledge build-
ing. The resulting knowledge graphs re�ect algorithmic decisions
with no mechanism for incorporating human insight or adapting
to individual users' evolving understanding. Furthermore, errors
in automatic extraction propagate through the structure without
opportunities for user correction or re�nement.

The progression from manual authoring to automatic construc-
tion to LLM-augmented exploration re�ects a broader trajectory in
knowledge representation systems [20, 40]. Manual visualization
tools o�er full user control but no intelligent assistance [9, 37]. Au-
tomatic knowledge graph systems leverage computational power
but exclude human participation, producing structures that may
not align with how users need to understand information [12, 34].
Recent LLM-augmented systems generate structured visualizations
from LLM outputs but provide limited support for users to reshape
the underlying knowledge structure.

Graphologue [21] converts LLM text responses into interactive
node-link diagrams, enhancing comprehension of complex answers,
but the generated structure remains a read-only output that users
cannot re�ne to re�ect their evolving understanding. Sensecape [51]
supports multilevel exploration through hierarchical diagrams at
di�erent abstraction levels, yet the knowledge structure itself is
system-determined. Selenite [29] addresses the cold-start problem
in sensemaking by generating comprehensive overviews of options
and criteria from LLMs, sca�olding exploration of unfamiliar do-
mains. Luminate [50] takes a di�erent approach by structuring
the design spaceof LLM outputs, enabling users to explore diverse
responses along meaningful dimensions rather than converging on
a single answer. Dück et al. [13] support claim retrieval in large
document corpora through multiple exploration pathways, combin-
ing keyword search with hypothesis-driven retrieval and consis-
tency checking. Each of these systems advances a speci�c aspect of

LLM-augmented knowledge exploration, yet the resulting represen-
tations are generated by the system and not persistently editable
by users�users can navigate and query but cannot contribute their
own knowledge to an evolving shared structure.

Commercial tools have also begun incorporating AI capabilities
for knowledge work. NotebookLM1 supports document-grounded
question answering over user-uploaded sources and recently added
AI-generated mind maps that visualize connections between source
concepts. Notion AI2 enables retrieval and content generation
across a workspace of pages and databases. Miro AI3 o�ers AI-
assisted diagram generation on a collaborative visual canvas, while
Excalidraw4 and Lucidchart5 support text-to-diagram conversion
with AI features. Several of these tools already support forms of
knowledge-level bidirectionality. NotebookLM and Notion AI, for
example, let users both query and contribute to underlying knowl-
edge stores. However, NotebookLM's core interaction is document-
grounded question answering; mind maps are a secondary output
of that process rather than the central artifact users build upon.
Notion AI, similarly, operates entirely within a page-and-database
structure with no visual knowledge graph at all. Contributions and
retrievals thus remain distributed across separate views rather than
integrated within a single visual structure. Research on knowledge
visualization suggests this separation has cognitive consequences:
Carneiro et al. [6] found that graph-based interfaces better support
reasoning over non-linear structures than equivalent textual repre-
sentations, Larkin and Simon [25] showed that spatial representa-
tions reduce cognitive e�ort by supporting perceptual inference,
and Binks et al. [3] found that the cognitive value of knowledge
representations lies in the transformations between them. Together,
these �ndings suggest that integrating retrieval and contribution
within a single visual knowledge structure may support reason-
ing that separate-pane designs do not a�ord. In such a structure,
users can see how new content relates to existing knowledge and
reorganize the whole.

On the technical side, Retrieval-Augmented Generation (RAG) [27]
has become a foundational approach for grounding LLM responses
in external knowledge bases, combining generative capabilities with
document retrieval to improve factual accuracy [48]. Subsequent
work has extended RAG through hierarchical retrieval strategies
such as RAPTOR [45], which recursively clusters and summarizes
text chunks to enable retrieval at varying levels of granularity.
Multi-agent architectures [57] have further expanded the capabili-
ties of LLM systems by coordinating specialized components for
complex tasks. However, existing agent architectures are designed
primarily for task completion rather than knowledge structure evo-
lution [52, 53]�they treat the knowledge base as a static resource
to be queried, not a shared artifact to be co-constructed. MindTrel-
lis addresses the challenges with a multi-agent pipeline, enabling
knowledge construction to be treated as collaborative rather than
system-determined.

Across the research and commercial landscape surveyed above,
research systems advance retrieval, visualization, or AI-assisted
1https://notebooklm.google.com
2https://www.notion.com/product/ai
3https://miro.com
4https://excalidraw.com
5https://www.lucidchart.com
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exploration but produce structures users cannot reshape; commer-
cial tools have begun supporting knowledge-level bidirectionality
but distribute retrieval and contribution across separate views. The
theoretical and empirical evidence on knowledge visualization sug-
gests that spatially integrating both activities within a uni�ed visual
structure may yield cognitive bene�ts that separate-pane designs
do not a�ord. MindTrellis pursues this direction, enabling users
and AI to co-construct an evolving knowledge graph where both
querying and contributing operate on the same structure grounded
in source documents.

3 DESIGNING MINDTRELLIS
To understand user needs for knowledge building from multiple
sources, we conducted a formative study that informed six key chal-
lenges; we then derived design goals that guided the development
of MindTrellis.

3.1 Formative Study
We recruited six graduate students with diverse academic back-
grounds (three female and three male) in computer science (two),
neuroscience (two), and human-computer interaction (two). The
study included a 20-minute knowledge exploration task where par-
ticipants studied three psychology documents they had no prior
familiarity with, followed by a 10-question open-book quiz testing
their comprehension of the material. Participants �rst explored
using only the three source documents without any AI assistance,
then explored the same materials using a linear chatbot interface
powered by a RAPTOR retriever (the same retriever used in our
main user study). After completing both phases, we conducted semi-
structured interviews covering their information-seeking strategies,
challenges encountered, and preferences for tool support. The in-
terviews were audio-recorded and transcribed for analysis. Two
authors independently conducted initial open coding of the tran-
scripts, then collaboratively aligned codes and constructed themes.
We identi�ed six key challenges that motivated our design.

C1: Navigating and synthesizing multiple documents is
cognitively demanding. When exploring without AI assistance,
participants found it tedious to locate and integrate information
scattered across three separate documents. P6 described the expe-
rience as�pretty tedious... I was slightly annoyed because I had to
keep switching back and forth.�P2 noted the di�culty of tracking
information across sources:�I found it in one note but couldn't �nd
the corresponding keyword�in another. The cognitive burden of
manually navigating, cross-referencing, and synthesizing content
left participants fatigued and prone to missing relevant connections,
motivating the need for AI-assisted tools.

C2: Connecting related concepts across sources remains
di�cult. Even with AI assistance, participants struggled to rec-
ognize when the same concept appeared across documents with
di�erent terminology. P3 observed that�the wording is di�erent,
maybe they use di�erent terminology to describe the same thing.�
While the RAG-based chatbot could retrieve relevant passages, it
did not explicitly surface connections across sources or help users
reconcile di�erent framings of the same concept. The burden of
integration remained on users in both phases, who had to manually

identify that two di�erently-worded passages referred to the same
underlying idea.

C3: Retrieved content lacks structural organization for
knowledge building. While the RAG-based chatbot reduced nav-
igation burden by retrieving relevant information, participants
found that linear text responses made it di�cult to understand
relationships between concepts. P1 requested�a mind map� be-
cause�a pile of text is not as intuitive as a diagram.�P5 similarly
suggested�a mind map or matrix map to visualize the informa-
tion,� and P3 wanted�an outline with a list of keywords that lets
me navigate back to the original content.�These comments reveal
a mismatch between how conversational LLM interfaces present
information and how users naturally organize knowledge: users
need to see not only individual facts but also how concepts relate
hierarchically and semantically.

C4: LLM-generated content poses trust and veri�cation
concerns. While participants appreciated RAG-assisted retrieval
e�ciency, many hesitated to trust responses without veri�cation.
P4 articulated this tension:�the problem with AI tools is for academia.
I cannot see from where that content is coming.�P3 noted that for
important tasks, they�might even want to use backtracking for every
question to go back to the source and make sure it didn't hallucinate.�
P6 felt�less con�dent compared to the notes. I'm worried if there will
be hallucination.�Without clear provenance linking LLM-generated
content to source materials, users face an uncomfortable choice
between e�ciency (accepting AI output) and accuracy (manually
verifying everything).

C5: Exploration does not culminate in an evolving knowl-
edge structure. When using the chatbot, participants found that
interactions were transient; each query produced an independent
response with no persistent structure building over time. P6 noted
that the chatbot�doesn't remember the conversation history�and
wished follow-up questions could build upon previous context. P3
described a similar issue with retention: after receiving responses
from the chatbot, P3 re�ected�I don't remember anything,�sug-
gesting isolated responses fail to support lasting knowledge con-
struction. E�ective knowledge building is cumulative: users pro-
gressively expand understanding by building on prior knowledge
and constructing comprehensive mental models. When each inter-
action exists in isolation, users cannot see their exploration history
or develop a coherent overall structure.

C6: AI-generated structures are static and non-modi�able.
Even when LLM provides organized output, participants wanted to
reshape it according to their own understanding, but found existing
systems did not support such customization. P5 emphasized that
�this kind of exploration is very personal�and�the logic follows how
you understand the thing,�expressing desire to�customize�how
information is structured. P1 similarly wished to�export a docu-
ment... then iterate and update�the content. Knowledge building is
inherently personal and iterative: users develop understanding by
actively reorganizing and re�ning information structures. Systems
producing static, non-editable output prevent users from engaging
in this essential process.
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3.2 Design Goals
Drawing from the challenges identi�ed in our formative study
(C1�C6), we established the following design goals to guide the
development of MindTrellis.

D1: Represent multi-sourced knowledge through a co-
created, visually-structured graph (C1, C2, C3). A co-created
knowledge graph combines the hierarchical organization of mind
maps with the semantic relationships of concept maps [44], enabling
users to see how concepts connect in an intuitive, layered format.
This representation makes structural relationships explicit and vis-
ible, reducing the cognitive e�ort of navigating multiple sources
(C1) and understanding conceptual connections (C3). Integrating
information from multiple sources into a uni�ed visual structure
also helps users identify cross-document connections that might
otherwise remain hidden (C2). The knowledge graph is co-created
in the sense that AI provides intelligent assistance in organizing
and connecting information, while users retain the ability to shape
and re�ne the structure according to their understanding.

D2: Enable bidirectional interaction for cumulative knowl-
edge building (C5, C6). Bidirectional interaction allows users to
both query from and contribute to the knowledge structure [1, 2].
In the query direction, users retrieve information grounded in their
documents, with responses organized within the evolving knowl-
edge graph. In the contribution direction, users actively shape the
structure by adding concepts, modifying relationships, and reorga-
nizing hierarchies to re�ect their developing understanding. This
transforms users from passive consumers into active co-creators.
Contributions persist and accumulate [35], allowing the knowl-
edge graph to evolve continuously as users explore and re�ne their
mental models (C5). Supporting modi�cation of AI-generated struc-
tures enables the personal, iterative re�nement essential to deep
knowledge building (C6).

D3: Support �exible interaction with transparent prove-
nance (C4).Two complementary interaction modes accommodate
diverse preferences and task demands [8]. Natural language in-
teraction through a chat interface enables conversational queries
and structural modi�cation commands. Direct manipulation on a
visual canvas [19, 33] provides precise control through clicking,
dragging, and toolbar operations. Natural language is e�cient for
complex queries and bulk operations; direct manipulation o�ers
spatial understanding and �ne-grained control. Regardless of in-
teraction mode, transparent provenance allows users to trace any
information back to its source document, directly addressing trust
concerns by supporting veri�cation when needed (C4).

4 MINDTRELLIS
Guided by the design goals established in Sec. 3.2, we developed
MindTrellis to enable human-AI collaborative knowledge construc-
tion. Achieving this goal requires addressing three technical chal-
lenges: �rst, user input is inherently ambiguous, as the same natural
language statement could be a query seeking information or a con-
tribution intended to modify the knowledge structure; second, users
navigating unfamiliar topics need information at varying levels of
granularity; and third, when users contribute new knowledge, the
system must determine appropriate placement within the existing
structure while maintaining coherence.

To address these challenges, we developed a multi-agent ar-
chitecture that coordinates specialized components: an Oracle for
intent classi�cation, an Adaptive Retriever that supports variable-
granularity retrieval, and a Map Manager for coherent knowledge
placement. These components operate on a shared knowledge graph
that evolves through user interaction.

4.1 System Overview
MindTrellis enables users to both retrieve information from and
contribute insights to an evolving knowledge graph through two
complementary pathways (Fig. 1, Fig. 3). In thequery pathway ,
users pose questions to explore the knowledge base. The system
searches for relevant information, synthesizes a response grounded
in the uploaded documents, and optionally expands the knowl-
edge graph with newly retrieved content. This pathway supports
exploratory information seeking, allowing users to progressively
deepen their understanding of unfamiliar topics (D1, D2). In the
contribution pathway , users add new concepts, modify exist-
ing relationships, or reorganize the knowledge structure to re�ect
their developing understanding. The system interprets these con-
tributions, determines appropriate placement within the existing
hierarchy, and integrates the changes while maintaining structural
coherence. This pathway enables users to externalize their insights
and shape the knowledge representation according to their own
mental models (D2, D3). These two pathways interact with a shared
knowledge graph that combines the hierarchical structure of mind
maps with the semantic relationships of concept maps. The graph
evolves continuously as users query and contribute, capturing both
the information retrieved from documents and the organizational
decisions made by users. This co-created representation accumu-
lates the user's explorations and serves as a lasting artifact that
re�ects their learning journey (D1).

To handle the complexity of supporting both pathways, MindTrel-
lis employs amulti-agent pipeline consisting of three specialized
components: the Oracle coordinates user interactions and classi-
�es intent; the Adaptive Retriever searches the knowledge base
at varying levels of granularity; and the Map Manager interprets
contribution commands and executes modi�cations to the graph.
These components collaborate to provide seamless bidirectional
interaction, detailed in Sec. 4.4.

Users engage with MindTrellis through two complementary in-
teraction techniques:direct manipulation on the canvas (Fig. 2f),
where users can create nodes, drag connections, and reorganize the
layout; andnatural language in the chat panel (Fig. 2g), where
users can issue queries, request expansions, or specify modi�ca-
tions through conversational commands. This combination accom-
modates diverse interaction preferences while supporting both
exploration and contribution (D3), detailed in Sec. 4.5.

4.2 User Scenario
Before detailing the technical components, we present a user sce-
nario to demonstrate how MindTrellis supports knowledge explo-
ration and construction. Suppose Robert is an undergraduate stu-
dent preparing for a course on climate change. With no prior knowl-
edge of the subject, he uploads documents and readings shared by
his professor and uses MindTrellis to explore the key concepts.
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