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ABSTRACT

The multidisciplinary �eld of Human-Data Interaction (HDI) inves-
tigates human engagement with data, conceptually extending the
paradigm of Human-Computer Interaction (HCI) beyond computer
interfaces to data systems. As a specialized sub�eld within HDI,
Human-Graph Interaction (HGI) focuses on the cognitive and pro-
cedural mechanisms through which individuals interpret, navigate,
and analyze graph-structured representations. Concurrently, devel-
opments in arti�cial intelligence (AI) have facilitated Agent-Graph

Interaction (AGI), a domain in which autonomous agents reason
over, manipulate, and execute operations on graph abstractions
to perform user-de�ned tasks. This tutorial o�ers the �rst uni�ed
survey of HGI and AGI, reviewing methods that support human in-
teraction and agentic capabilities such as planning, execution, and
coordination. We highlight shared and complimentary challenges,
and research opportunities for the data management community.
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1 INTRODUCTION

Human-Graph Interaction (HGI) studies how users understand, ex-
plore, and analyze graph-structured data. As an instance of Human-

Data Interaction (HDI) [57], it integrates insights from multiple
disciplines (e.g., computer science, cognitive psychology, human-
computer interaction (HCI)) to design e�ective tools and systems
for supporting graph-centered interactions (see Section 2.2 for de-
tails). Similar to HDI, HGI focuses on visualization, navigation, and
querying, addressing challenges such as complexity, scalability, and
cognitive load in extracting meaningful insights from graphs.

While humans have directly interacted with data for decades,
rapid advances in large language models (LLMs) and AI agents [59]
in recent years have made it feasible for humans to delegate an
expanding range of tasks to autonomous systems capable of inter-
preting goals, understanding context, and acting without contin-
uous human oversight. This shift has given rise to the paradigm
of Agent-Data Interaction (ADI), in which autonomous AI agents
access, interpret, transform, and leverage data to make decisions or
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complete tasks. Within this emerging paradigm, there is growing
interest in Agent-Graph Interaction (AGI)1 where agents model in-
formation as graphs (e.g., knowledge graph) [4] and interact with
these structures to carry out user-speci�ed objectives.

Building upon these recent developments, this tutorial provides
a comprehensive review of the emerging literature on both HGI and
AGI, systematically examining how each paradigm addresses the
challenges of interacting with graph-structured data and repre-
sentations. Regarding HGI, we survey foundational methodologies
and systems designed to facilitate human interaction with graph
schemas, queries, and underlying data. Within AGI, we examine
emerging techniques that empower autonomous agents to model,
navigate, and execute operations on diverse graph abstractions.
By systematically synthesizing these two paradigms, this tutorial
highlights the conceptual convergence between human and agent
operational modalities on graphs, emphasizing their shared com-
putational challenges, complementary capabilities, and prospective
avenues for future research at their intersection.

The scope of this tutorial is summarized below. While several
surveys and tutorials cover graph-related topics (e.g., [4, 6, 9, 33, 41]),
to the best of our knowledge, none systematically address this
combined focus.

• Unpacking HGI and AGI: We �rst introduce HDI and
position HGI as a specialized domain within it. Next, we
examine AGI under the broader umbrella of Agent-Data
Interaction (ADI), highlighting its shared challenges and
distinct characteristics relative to HGI.

• Facets of human interactions with graphs: In this part,
we review various frameworks presented in the literature
for interacting with graph schemas, queries, and data and
their contributions to the advancement of HGI.

• Facets of agentic interactions with graphs: In this part,
we review techniques from the AI literature that enable
agentic interaction with diverse graph abstractions, sup-
porting four core agent capabilities: task planning, task
execution, memory management, and multi-agent coordina-

tion. Crucially, we highlight the conceptual convergence
between these agentic capabilities and human cognitive
modalities in HGI – speci�cally drawing parallels between
agent decision-making processes and human engagement
with graph schemas, queries, and data.

• Future research directions: Finally, we outline key open
problems in human-graph and agent-graph interactions
and discuss the data management community’s potential
role.

1In this paper, AGI refers strictly to Agent-Graph Interaction, rather than Arti�cial
General Intelligence.
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Table 1: Overview of topics.

Topic Key Papers Demo

Introduction

Overview of HDI, HGI, and AGI [4, 11, 20, 28, 57] No
Human-Graph Interaction (HGI)

Human Interaction with Graph Schemas [1, 13] Yes ([14])
Human Interaction with Graph Queries [7, 8, 33, 47, 62] Yes ([48])
Human Interaction with Graph Data [7, 24, 51, 58, 71] Yes ([58])

Agent-Graph Interaction (AGI)

Agent Interaction with Task Planning Graph [21, 36, 56, 66, 74] No
Agent Interaction with Task Execution Graph [12, 42, 43] No
Agent Interaction with Memory Graph [27, 29, 67, 68] No
Multi-agent Interaction with Agent Coordination Graph [4, 26] No

Future Research Directions

2 TUTORIAL OUTLINE

Organized top-down across four sections, this tutorial �rst estab-
lishes its scope by de�ning Human-Data Interaction (HDI), Human-

Graph Interaction (HGI), and Agent-Graph Interaction (AGI). It then
details HGI methods for interacting with graph schemas, queries,
and data representations, followed by an exploration of LLM-agent
engagement with graph-structured abstractions in AGI. The pre-
sentation concludes with open research directions. Table 1 outlines
the organization of the tutorial: the key papers covered and live
tool demonstrations.

2.1 OVERVIEW: HDI, HGI, AND AGI

Human–Data Interaction (HDI) studies how people engage with
large, complex, and heterogeneous datasets. It integrates perspec-
tives from computer science, human–computer interaction (HCI),
cognitive psychology, and design to build systems that enable ef-
fective data understanding and decision-making [57]. Although
closely related, HDI and HCI di�er in scope. HCI broadly focuses
on the design and evaluation of interactive computing systems,
whereas HDI speci�cally examines how users access, interpret, and
control data within those systems. Thus, HCI is system-oriented,
while HDI is data-oriented.

Definition of HDI. De�nitions of HDI vary. Some emphasize hu-
man sensemaking through embodied, physical interactions with
data. For example, Elmqvist [20] uses “HDI” to refer to the “human

manipulation, analysis, and sensemaking of large, unstructured, and

complex datasets.” Others focus on embodied interaction techniques
that facilitate exploration. For instance, Cafaro [11] observed that
HDI encompasses “technologies that use embodied interaction to

facilitate the users’ exploration of rich datasets.” A broader view
conceptualizes HDI as the interplay between humans, data, and
algorithms, including how human decisions generate data and how
algorithmic outputs in�uence users [57].

Hornung et al. [28] adopt a human-centered perspective on HDI,
emphasizing that one of its main goals should be designing in-
teractions that help stakeholders achieve desired outcomes while
avoiding unintended consequences. They argue that understanding
and shaping the consequences of data use requires considering
complex contextual factors, including the beliefs, values, and norms
of those involved.

Evaluating HDI Frameworks. To evaluate HDI systems, prior

work [57] proposes several criteria, including clarity, intuitiveness,
informativeness, usability, and aesthetic qualities such as elegance
and attractiveness. E�ective systems should also provide intuitive
feedback and support semantically meaningful data exploration.

Human–Graph Interaction (HGI). HGI is a speci�c form of HDI

centered around graph data, which is widely used to model rela-
tionships in domains such as social networks, biology, and knowl-
edge representation [53]. We focus on frameworks and techniques
that facilitate embodied interaction, thereby assisting diverse users
in exploring and making sense of graph datasets. Speci�cally, we
examine user interaction across three primary facets of graph data
systems: (i) schemas, which de�ne structure and constraints, (ii)
queries, which specify patterns of interest, and (iii) data, including
raw graphs and query results. We elaborate on them in Section 2.2.

Agent–Graph Interaction (AGI). Recent advances in LLMs have en-

abled a new paradigm: Agent–Graph Interaction (AGI), where au-
tonomous agents, rather than humans, interact with graph-structured
data to perform tasks. AnAI agent perceives its environment, makes
decisions, and executes actions to achieve goals. LLM-based agents
extend this capability with language understanding, planning, mem-
ory, and tool usage [64]. Graphs provide a natural representation for
many aspects of agent behavior, including reasoning, dependencies,
and memory structures. Consequently, AGI explores how agents
leverage graphs for task planning, execution, memory management,
and coordination [4]. We elaborate on these facets of interactions
in Section 2.3.

Conceptual Convergence of HGI and AGI. Although human inter-

actions involving schemas, queries, and graph data super�cially
diverge from agentic operations over graph abstractions during
execution and decision-making, Table 2 delineates their conceptual
parallels, thereby establishing a bridge between HGI and AGI.

2.2 HUMAN–GRAPH INTERACTION (HGI)

To the best of our knowledge, HGI has not yet been given a widely
accepted de�nition. Accordingly, we build upon the di�erent def-
initions of HDI introduced in Section 2.1 and de�ne HGI as fol-
lows: “human manipulation, analysis, exploration, and sensemaking

of graph-structured datasets to achieve desired outcomes.” In this
section, we review the frameworks that facilitate it.

HGI generally adopts either a visual or a textual modality [6, 7].
We prioritize visual interaction frameworks in this tutorial due to
distinct cognitive and practical advantages. Cognitively, the visual
cortex leverages parallel, preattentive processing to interpret data,
avoiding the high working-memory demands of sequential textual
decoding [17, 63]. Practically, visual interfaces lower the barrier to
entry by abstracting formal query and schema syntax, rendering
complex graph analysis intuitive to domain specialists [6]. Conse-
quently, this approach adheres to fundamental HDI imperatives,
including usability, intuitiveness, and aesthetic engagement.

2.2.1 Interaction with Graph Schemas. Graph schemas organize
data and enforce constraints, serving both descriptive (guiding users
or systems) and prescriptive (enforcing data constraints) roles. How-
ever, practical support for schema interaction remains limited [52].

The LSG Abstraction. A popular abstraction is the labeled schema

graph (LSG) [1], where node and edge types are represented using
labeled shapes and connections. While simple, LSG su�ers from
visual clutter due to textual labels and limited expressiveness for
advanced schema features such as constraints and label expressions.

The LICS Abstraction.To address the limitations of LSG, the labeled
iconized composite schema (LICS) abstraction has been proposed in
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Table 2: Conceptual bridge between HGI and AGI.

HGI Facet AGI Facet Conceptual Bridge

Graph Schema Interaction Interaction with Task Planning Graph Schemas serve as “planning” abstractions for humans, facilitating the understanding, retrieval, and exploration of graph data,
whereas the Task Planning Graph serves as a planning “schema” that enables AI agents to execute a given task.

Graph Query Interaction Interaction with Task Execution Graph Graph queries enable humans to navigate graph data through query execution whereas Task Execution Graphs enable agents to
navigate relevant data through task execution.

Graph Data Interaction Interaction with Memory Graph Graph data interactions enable humans to explore and retrieve information, whereas memory graph interactions enable agents to
explore and retrieve contextual knowledge.

the context of property graphs [13]. LICS uses composite geometric
shapes and icons to represent schema elements e�ectively, guided
by principles and theories from HCI, visualization, and cognitive
psychology. This reduces visual clutter while improving expres-
siveness. It is implemented using a Map–Paint paradigm, where
schema elements are �rst mapped to visual categories and then ren-
dered by leveraging various relevant theories and principles. Tools
such as PASCAL [14] demonstrate how LICS supports intuitive
visualization and exploration of moderate-complexity schemas.

2.2.2 Interaction with Graph�eries. Query formulation and ex-
ecution constitute a primary paradigm for user interaction with
graph data systems.

The LAG Abstraction. Early approaches rely on the labeled atomic

graph (LAG) abstraction [7, 62], where nodes and edges are repre-
sented as simple shapes and queries are constructed through direct
manipulation. Common query construction methods include: (i)
edge-at-a-time, (ii) pattern-at-a-time, and (iii) query-by-example.
Most LAG-based systems use manual interface design, which limits
�exibility and adaptability. Data-driven approaches improve this
by dynamically generating interfaces based on underlying data [8].
However, LAG struggles with complex graph models such as prop-
erty and knowledge graphs, where multiple predicates per node or
edge lead to cluttered or incomplete representations.

The LCG Abstraction. The labeled composite graph (LCG) abstrac-
tion addresses these issues in the context of property graphs by us-
ing composite visual elements to encode predicates [47]. Node and
edge properties are represented through color, size, and structure,
enabling richer visualization without additional user interaction.
The LCG o�ers not only richer features than the LAG model, but
also its design embraces principles from HCI, visualization, and
cognitive psychology to enhance usability and aesthetics. LCG is
supported by the VEDA [47] visual language and implemented in
systems such as SIERRA [48], which facilitate intuitive property
graph query construction and visualization.

2.2.3 Interaction with Graph Data. Finally, we review e�orts to
visually interact with graph data and query results.

Direct Interaction With Graphs.Direct interactionwith large graphs

is challenging due to their topological complexity [70]. To address
this, visualization techniques such as hybrid layouts and graph
thumbnails improve readability and navigation [3, 24, 51, 71].

Interaction Through �ery Results. Another approach focuses on

interaction through query results. For a set of small– or medium–
sized graphs (e.g., chemical compounds), systems highlight match-
ing subgraphs and support ranking based on similarity. Systems like
FERRARI [58] enable iterative query formulation and exploration,
where users re�ne queries based on intermediate results. For large
networks (e.g., social networks), three main strategies are used: (i)

summarization-based methods, (ii) region-based exploration, and
(iii) feature-based techniques [7].

Interaction Through Summarization. Graph summarization o�ers

an alternative by compressing entire datasets into manageable rep-
resentations, preserving essential structure while reducing com-
plexity. A variety of graph summarization techniques have been
proposed in the literature (e.g., [41]). While these e�orts primarily
focus on algorithmic techniques for summary construction, the sys-
tematic investigation of human interaction with such summaries
remains largely underexplored.

2.3 AGENT-GRAPH INTERACTION (AGI)

In the previous section, we surveyed research on human-graph in-
teraction, focusing on how people engage with graphs to carry out
interactive tasks. With the rapid advancement of large language
models (LLMs) and AI agents, however, it has become increas-
ingly feasible for humans to delegate various tasks to autonomous
systems. Accordingly, we now turn to recent work on AI agents
interacting with graph-structured data/abstraction to perform user-
speci�ed tasks on behalf of humans. We de�ne AGI as follows:
“Manipulation, analysis, exploration, and sensemaking of graphs by

AI agents to achieve human-de�ned tasks.”

2.3.1 Agent Interaction With Task Planning Graphs. Planning is a
fundamental capability of AI agents, requiring them to interpret
user requests and generate structured sequences of actions [30].
Graph-based representations play a central role by supporting rea-
soning, task decomposition, and decision-making.

Knowledge Graph for Task Reasoning. First, knowledge graphs (KGs)

improve task reasoning by providing rich, multi-hop contextual
information. Agents interact with KGs to retrieve relevant sub-
graphs based on task-speci�c entities and relationships, enabling
deeper understanding and more informed reasoning. Methods such
as ToG [55], KG-CoT [74], RoG [45], MindMap [61], and PoG [56]
use KG retrieval, relation-path generation, and multi-stage graph
exploration to enhance this capability, while some approaches also
represent an agent’s internal reasoning as graph structures (e.g.,
GoT [69] and Graph of Thoughts [5]).

Task Dependency Graph for Task Decomposition. Task decompo-

sition can be modeled using task dependency graphs (TDGs), which
represent subtasks as nodes and their dependencies as directed
edges in an acyclic structure. Agents use TDGs to determine ex-
ecution order and identify feasible subtask sequences. Existing
approaches to TDG-based planning include LLM-based methods
that rely on textual representations (e.g., AgentKit [65], Villager-
Agent [18]), reinforcement learning approaches that optimize ex-
ecution paths through reward mechanisms (e.g., DAG-Plan [21],
LGC-MARL [31]), and graph neural network methods that leverage
structural information to select optimal subtask sequences (e.g.,
FGRL [49], GNN4TaskPlan [66]).
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State Space Graph for Decision Search. Decision-making during

planning is supported by state space graphs (SSGs), where nodes
represent possible states and edges represent transitions between
them. Agents perform search over these graphs to identify action
sequences that lead to desired goals (e.g., GBOP [36]).

Together, these graph-based frameworks provide a uni�ed foun-
dation for improving the e�ciency, scalability, and e�ectiveness of
AI agent planning.

2.3.2 Agent InteractionWith Task Execution Graphs. The execution
phase of an AI agent involves carrying out planned actions by lever-
aging both external tools and interactions with its environment.
Graph-based representations play a crucial role in organizing these
processes and enabling e�cient execution.

Tool Graph for Tool Usage. Tool usage can be structured through

tool graphs, which explicitly represent tools (e.g., APIs, functions,
or libraries) as nodes and their dependencies or information �ow as
edges. By interacting with such graphs, agents can determine appro-
priate sequences of tool invocations for a given task. Approaches
model tool usage as directed acyclic graphs [75], restrict possible
tool selections based on sparse usage patterns [42, 44], or construct
uni�ed graphs of tools and resources [43]. These strategies improve
e�ciency, scalability, and reliability, while also reducing errors such
as hallucinated tool calls.

Environment-Interaction Graph. Environment interaction is facili-

tated through environment-interaction graphs, whichmodel relation-
ships between agents and environmental entities, including spatial,
functional, or dependency-based connections. These graphs can be
constructed using heuristic rules or learned dynamically from data.
Examples include scene graphs [12] that provide structured repre-
sentations of environments and learning-based methods that adap-
tively update relationships using attention mechanisms [22, 50]. By
interacting with them, agents can better perceive relevant environ-
mental factors and make informed decisions.

Overall, graph–based abstractions enable agents to coordinate
tool usage and environment interaction e�ectively, enhancing exe-
cution accuracy, adaptability, and performance in complex tasks.

2.3.3 Agent Interaction With Memory Graph. Memory enables AI
agents to store and recall experiences, improving accuracy and
adaptability over time. Graph-based memory structures are partic-
ularly e�ective, as they capture relationships among information,
enhancing pattern recognition and long-term reasoning. Knowl-
edge graphs are used for long-term memory [2], often organized
hierarchically to support both �ne-grained details and high-level
abstractions [15, 19, 68].

Graphs for Memory Retrieval. For memory retrieval, graph-based

retrieval-augmented generation (RAG) techniques allow agents
to e�ciently access relevant information. Some methods improve
accuracy by identifying meaningful subgraphs using semantic and
structural signals [25, 27, 40, 46], while others enhance e�ciency
through optimized subgraph selection and path pruning, reducing
computational cost and latency [16, 29].

Graphs for Memory Maintenance.Memory maintenance focuses

on dynamically updating graph structures as new information be-
comes available. Recent approaches introduce adaptive graph ar-
chitectures that incrementally incorporate new experiences while

preserving consistency [67]. Hierarchical dynamic graphs further
support tracking both immediate context and long-term goals [68].
E�cient updatemechanisms such as incremental expansion [23, 25],
language model–guided updates [32], and reinforcement learning
strategies [60] help maintain scalability and relevance.

Overall, graph–based memory systems enable agents to retrieve
and update knowledge e�ectively, supporting robust long-term
learning and reasoning.

2.3.4 Graph for Multi-agent Interaction. In multi-agent systems,
graphs model communication and coordination [26]. An agent co-

ordination graph (ACG) represents agents as nodes and communi-
cations as edges [4]. These graphs can be dynamically learned to
optimize coordination strategies and improve task performance.

2.4 THE ROAD AHEAD

Although good progress has been made, research on both human–
graph and agent–graph interaction remains at an early stage, leav-
ing many promising avenues for future work. The �nal part of this
tutorial outlines a non–exhaustive set of open challenges.

HGI for complex data models, algorithms, and facets. To date,
HGI research primarily addresses traditional graph representations
(e.g., property graph), creating a evident void regarding higher-order
structures (e.g., hypergraphs) and deep learning paradigms (e.g.,
Graph Neural Networks). Interaction with these complex models
and algorithms remain insu�ciently investigated. Moreover, as
remarked earlier, human interaction with graph summarization
techniques remains largely uncharted.

AGI for graph data management. AGI research has paid lit-
tle attention to graph data management [54, 72, 73]. At the same
time, LLMs have begun reshaping data management research more
broadly [38, 39]. As users increasingly delegate various tasks to
agents, new frameworks are needed to ensure accurate, reliable
retrieval and clear presentation of results.

Closing the loop: Human-agent interaction for graphs.We
need to better integrate human and agent roles. While HGI assumes
humans directly interact with graphs and AGI focuses on agents
executing tasks over graph abstractions, there is limited understand-
ing of how users should engage with agents and interpret their
outputs. Bridging this gap will require leveraging HGI insights to
make agent results more meaningful and usable.

E�ective abstractions for interacting with large graphs. Fi-
nally, existing HGI and AGI techniques largely target small to
medium-sized graphs. Scalability poses a major challenge. Future
HGI work should incorporate insights from cognitive psychology
and information visualization to develop improved abstractions for
large schemas, queries, and datasets. Likewise, as agent tasks grow
more complex, increasingly large and intricate graph abstractions
will challenge both accuracy and scalability in AGI systems.
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