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Reconstructing Trajectories as Storylines: Steering LLM Agents in
Narrative Space
Anonymous Author(s)

Figure 1: Steering LLM agents within narrative space. Compared to conventional agent interfaces where users are hard to
maintain a clear global view of the agent’s trajectory, NarraSteer reconstructs agent trajectories as storylines within a narrative
space, allowing users to follow the storyline as it unfolds, identify narrative gaps, and steer the agent at a glance.

Abstract
Large language model agents produce multi-step trajectories to
automate complex tasks but often leave users struggling to steer.
Existing steering methods focus on single-step correction, offering
no global view of the agent’s trajectory that effective steering re-
quires. To investigate this gap in data storytelling, we conducted
a formative study (𝑁 = 8) revealing a fundamental misalignment
between the agent’s trajectory and the user’s thinking flow that
prevents effective steering. Based on these findings, we propose Nar-
raSteer, a system that reconstructs agent trajectories as storylines
and visualizes them within a narrative space, supporting users to
follow the storyline as it unfolds, identify narrative gaps, and steer
the agent at a glance. We evaluated NarraSteer through a user study
(𝑁 = 16) comparing it against a tree-based baseline. Results show
that NarraSteer significantly increases the insight count (+13.2%)
of generated stories without compromising logicality, improves
perceived control, and enables easier agent steering.
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1 Introduction
As Large Language Models (LLMs) have demonstrated impressive
capabilities, researchers have increasingly used them to build au-
tonomous agents across diverse domains, including software engi-
neering [68], data analysis [18], and web navigation [74]. Unlike
traditional LLMs that generate a single output, LLM agents operate
over multi-step interaction trajectories, which consist of external
observations, internal reasoning, and executable actions [43].

Although these agents can perform complex tasks autonomously,
they often produce results misaligned with user intent. This stems
from their multi-step black-box trajectories, where agents may
gradually drift from the user’s original goals [14]. To address this
misalignment, one natural approach is to adapt existing steering
techniques from traditional LLMs. Existing steering methods for
traditional LLMs generally fall into two categories: pre-interaction
and post-interaction. Pre-interaction methods enable users to bet-
ter convey intent and prevent misunderstanding [4, 33, 65, 79–81].
Post-interaction methods enable users to efficiently modify or re-
fine the results generated by LLMs [23, 61, 73, 76]. While both
approaches can help users better steer LLM agents by clarifying
intent, they cannot prevent agents from gradually drifting from
the user’s original goals across multi-step trajectories. Without an
intuitive global view of what has been explored, what has been
missed, and what directions remain, users struggle to identify such
drift, making effective steering costly and difficult.
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In this paper, we study how to provide a global view of agent
trajectories for effective steering in data storytelling. Data story-
telling is particularly suited for this investigation, as its goals evolve
dynamically throughout exploration [45], demanding continuous
alignment between the agent’s trajectory and the user’s intent. To
better understand what hinders users from gaining a global view
of agent trajectories, we first conducted a formative study with 8
experienced data storytelling experts. Each participant was asked
to guide an LLM agent in producing a slide-based data story while
thinking aloud. Through observation and interviews, we identified
a fundamental misalignment between the agent’s trajectory and
the user’s thinking flow. The agent acts at the operational level,
exposing only how tasks are executed (e.g., “reading CSV with 1,031
rows,” “writing script to rank models by rating,” “writing script to
compare models”). In contrast, users think at the narrative level, rea-
soning about why a particular data pattern occurs (e.g., “why does
Xiaomi outsell Samsung?” “what drives Poco’s high ratings despite
its low price?”). This misalignment prevents users from forming
a global view of the agent’s trajectory, making effective steering
difficult. Building on these findings, we redesign the agent’s action
space to operate at the narrative level, enabling us to visualize the
agent’s trajectory within a narrative space. This provides users
with an intuitive global view of what the agent has explored, what
it has not, and what paths remain, allowing them to visually steer
the agent-generated storyline. Finally, we evaluate our approach
through a user study (𝑁 = 16) comparing NarraSteer against a tree-
based baseline. Results show that NarraSteer significantly increases
insight count without compromising logicality, improves perceived
control, and enables users to steer the agent with less effort. Our
contributions include:

• A formative study (𝑁 = 8) revealing a fundamental mis-
alignment between the agent’s trajectory and the user’s nar-
rative thinking, from which we derive three design goals.

• A proof-of-concept prototype that reconstructs agent tra-
jectories as storylines within a narrative space, enabling
users to follow, evaluate, and steer the storyline at a glance.

• A user study (𝑁 = 16) showing that NarraSteer increases
the insight count of data stories, improves perceived control,
and enables easier agent steering over a tree-based baseline.

2 Related Work
Our work builds upon research in LLM agents, LLM steering meth-
ods, and data storytelling systems. Despite progress in each area,
existing approaches do not provide users with a global view of agent
trajectories for effective steering, which motivates our approach.

2.1 LLM Agents
With the rapid development of LLMs, researchers have increasingly
employed them as the reasoning core of autonomous agents [72].
Unlike traditional LLMs that generate a single output, LLM agents
operate over multi-step interaction trajectories consisting of exter-
nal observations, internal planning, and executable actions [43]. To
construct such agents, two paradigms have been widely adopted:

One prominent paradigm is ReAct, which interleaves reason-
ing and action within an iterative loop [75]. Researchers have fur-
ther enhanced ReAct agents through two main approaches. In-
context learning methods enhance agent capabilities by enrich-
ing the prompting context. For example, Reflexion enables learn-
ing from past failures through episodic memory with verbal feed-
back [56]. CodeAct proposes executable python code as a unified ac-
tion space for reasoning and tool execution [67]. Beyond in-context
learning, training-based methods optimize LLM parameters to im-
prove agent performance. For example, AgentTuning employs su-
pervised fine-tuning on high-quality interaction trajectories data to
generalize agent abilities [78]; ETO employs reinforcement learning
on both successful and failed exploration trajectories to iteratively
improve agent performance [57]. The other paradigm is Plan-and-
Execute, which separates planning from action by decomposing
tasks into structured plans before sequential execution [24, 60, 66].
To address the rigidity of static planning, recent work has intro-
duced dynamic planning mechanisms. AdaPlanner dynamically
revises its plan in response to execution failures, modifying the
following plan logic to recover from unexpected environmental
feedback [59]. ADaPT recursively decomposes sub-tasks as-needed
when the agent fails to execute them [46].

Although these agents can perform complex tasks end-to-end,
they often produce results misaligned with user intent. This mis-
alignment arises because agents may gradually drift from user goals
over multi-step trajectories. To address this, we provide users with
an intuitive global view of the agent’s trajectory. This global view
enables users to see what has been explored and what remains,
allowing them to identify drift and steer effectively.

2.2 Steering LLMs
Due to the ambiguity of natural language, LLMs often produce
outputs that are misaligned with user intent. To address such mis-
alignments, recent studies have introduced two types of steering
methods: pre-interaction and post-interaction.

Pre-interaction methods enable users to clarify intent and bet-
ter guide LLMs. DirectGPT, VizTA, and InterChat enable users to
combine textual and visual inputs to convey intent to LLMs [4, 33,
65]; Patchview allows users to steer LLM-powered worldbuilding
through a dust-and-magnet visualization [7]. LightVA and LEVA
present users with recommended next steps, allowing them to guide
the agent’s visual analytics process through selection [80, 81]. Post-
interaction methods enable users to efficiently refine the results
generated by LLMs. Stepwise and Phasewise facilitate verifiable
data analysis by structuring LLM output into editable phases [23];
NeuroSync externalizes the LLM’s understanding of user intent as
an editable interactive graph [79]. WaitGPT improves LLM data
analysis by visualizing generated code as interactive graphs in real-
time [73]; DynaVis facilitates visualization editing by transforming
natural language commands into interactive widgets for immediate
visual feedback [61]; CoLadder breaks coding tasks into steps with
a tree structure for modular modification [76].

However, effective agent steering goes beyond clarifying intent
at each turn. It requires an intuitive global view of the agent’s
trajectory. Users must be able to see where the agent has been,
what it has overlooked, and what directions remain unexplored.

2
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We therefore propose an approach that provides such a global view,
enabling users to identify drift and steer effectively.

2.3 Data Storytelling
Data storytelling is an inherently iterative process involving cycles
of data exploration and narrative organization [16, 45]. It requires
users to extract insights from complex data and weave them into
coherent narratives that effectively communicate findings. Existing
surveys have provided comprehensive overviews of data story-
telling authoring tools [29, 30], which allow users to move fluidly
between data exploration and narrative construction.

For example, InsideInsights, Gravity, and Gravity++map insights
into visual networks in real time to help users organize complex nar-
rative threads [34, 41, 42]. CLUE, SenseMap, GraphTrail, and Ellipsis
capture exploration provenance as graphs, allowing users to reuse
analysis steps when constructing data stories [11, 16, 40, 50]. More
recently, LLMs have been introduced to further automate and en-
rich this process. Jupybara integrates LLMs into Jupyter Notebooks
to transform analysis processes into data stories [64]. InsightLens
employs LLMs to distill complex insights from conversation history
to help users better organize data stories [71]. InReAcTable employs
retrieval-augmented generation to recommend insights that are
both relevant to the user’s query and narratively coherent with the
current analytical context [2].

Building on these capabilities, researchers have built LLM agents
that generate data stories end-to-end from raw data [6, 20, 53, 54].
However, this end-to-end paradigm overlooks the iterative nature
of data storytelling, where goals evolve dynamically and users need
to steer the narrative as it unfolds. This motivates us to provide an
intuitive global view of the agent’s storyline construction process,
so users can steer in time as ideas emerge.

3 Formative Study
To investigate what prevents users from gaining a global view of
agent trajectories for effective steering in data storytelling, we
conducted a formative study 1. We first describe the study design,
then present our key findings. Informed by these findings, we derive
a set of design goals that guide the development of our system.

3.1 Study Design
3.1.1 Participants. We recruited 8 participants (3𝑤𝑜𝑚𝑒𝑛, 5𝑚𝑒𝑛;𝑀𝑎𝑔𝑒

= 24.25, 𝑆𝐷 = 4.02) with rich data storytelling experience across
different disciplines (𝑀𝑒𝑥𝑝 = 3.38, 𝑆𝐷 = 2.55). All participants have
experience using LLM agents in their daily work (5+ days a week).

3.1.2 Apparatus and Tasks. We selected Manus [36] as our exper-
imental platform, as it was a state-of-the-art publicly accessible
LLM agent at the time of our study. In our study, participants were
asked to create and iteratively refine data story slides based on a
smartphone sales dataset [3]. The final slides needed to address two
questions: (1)Which models are the best-sellers? (2)Which models
should be recommended to customers? Upon completion, participants
presented their final slides to the experimenter, which encouraged
active engagement throughout the task.

1This study was approved by [redacted]

3.1.3 Procedure. The study lasted about 70 minutes and consisted
of three parts. Before the study, all participants reviewed and signed
an informed consent form. Participants first completed a demo-
graphic questionnaire and were introduced to the study purpose
and Manus platform, including hands-on practice (~15 min). They
then completed a data storytelling task using Manus while thinking
aloud, iterating until satisfied, and presented their final slides to the
experimenter (~40 min). Finally, based on their task performance,
participants were interviewed about their interaction behaviors,
steering challenges, and desired steering mechanisms (~15 min).
All task sessions were video-recorded and interview sessions were
audio-recorded. Each participant received $10 compensation.

3.1.4 Data Analysis. To analyze user and agent activities, two re-
searchers independently coded half of the video recordings based
on think-aloud transcripts to establish initial categories, then col-
laboratively refined them until reaching consensus and applied
them to the remaining videos. They also transcribed the interview
recordings and conducted content analysis [25], with disagreements
resolved through discussion.

3.2 Study Results
Study results (see Fig. 2) show that completing a data storytelling
task required an average of 9.88 iterations (𝑆𝐷 = 3.30), with each
iteration averaging 294.49 seconds (𝑆𝐷 = 87.55). In each itera-
tion, participants reviewed the previous output, submitted a new
prompt, and Manus autonomously executed the task through a
multi-step trajectory before presenting the results. We coded user
activity into four categories: Trajectory Review (2071𝑠, 9.06%), Re-
sult Review (6522𝑠, 28.53%), User Prompting (5645𝑠, 24.70%), and Idle
(8619𝑠, 37.71%). We coded agent activity into two categories: Agent
Working (11386𝑠, 49.81%) and Idle (11471𝑠, 50.19%). Combining these
behavioral data with interviews, we identified a fundamental mis-
alignment between the agent’s trajectory and the user’s thinking
flow. The agent acts at the operational level, exposing only how
tasks are executed (e.g., “reading CSV with 1,031 rows,” “writing
script to rankmodels by rating,” “writing script to comparemodels”).
In contrast, users think at the narrative level, reasoning about why
a particular data pattern occurs (e.g., “why does Xiaomi outsell Sam-
sung?” “what drives Poco’s high ratings despite its low price?”). We
next present how this misalignment prevents users from forming a
global view of the agent’s trajectory and the resulting story:

3.2.1 Hard to Tell When the Story Drifts. While the agent was
running, its trajectory only exposed how the data was ex-
plored, but revealed nothing about the reasoning or findings
behind it, leaving participants no chance to catch the drift in
time (B1). As P2 noted, “I could see the agent was running Python
scripts to analyze brand sales and then drilling into model sales of
Poco, but I had no idea why it chose that direction or how it planned
to shape the story.” Unable to connect what the agent was doing
to where the story was going, participants defaulted to waiting
rather than steering. As a result, participants sat idle for 74.10%
of the agent’s working time, and most (5/8) did not notice
misalignments until the agent had finished (O1).
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Figure 2: Activity timelines of each study session. Each timeline consists of two rows: the upper row shows user activities and
the lower row shows agent activities. Timelines are scaled to equal length for comparison. Idle time is prominent across all
participants, particularly during agent working phases.

Table 1: This table summarizes key findings from our formative study, highlighting observed behaviors (O1–O3), steering
barriers (B1–B3), and corresponding design goals (DG1–DG3).

Observation Steering Barrier Design Goal

O1: Idle During Agent Working.
Participants sat idle for 74.10% of agent
working time; most (5/8) noticed
misalignments only after the agent had
finished

B1: Hard to Tell When the Story Drifts.
The trajectory exposed only operational steps, not
the narrative reasoning behind them, leaving
participants no chance to catch drift in time

DG1: Redesign Agent Actions at the
Narrative Level.
Reframe agent actions at the narrative
level so users can interpret and steer each
step in terms of storytelling goals

O2: Repeated Trajectory-Story
Switching.
4/8 participants repeatedly switched
between the trajectory and the story to
trace each conclusion

B2: Hard to Trace How the Story Was Built.
The trajectory bore no explicit link to the
resulting story, leaving participants struggling to
trace how the agent arrived at each conclusion

DG2: Reconstruct Agent Trajectories
as Storylines.
Chain narrative-level actions into a
storyline so the trajectory directly
mirrors how the story was built

O3: Costly Context Building.
Participants spent 29.41% of their time
reviewing results to build context,
exceeding the 24.70% spent
formulating prompts

B3: Hard to See Where the Story Could Go.
The trajectory carried no narrative structure,
making it hard for participants to build a context
of what had been explored and what remained

DG3: Visualize Agent Trajectories
within Narrative Space.
Visualize the trajectory within a narrative
space so users can see explored and
unexplored directions at a glance

3.2.2 Hard to Trace How the Story Was Built. After the agent pre-
sented the final story, its trajectory bore no explicit link to the
resulting story, leaving participants struggling to trace how
the agent arrived at its conclusions (B2). As P1 noted, “The
story claimed Poco had the highest average sales per model because
of its processor performance, but that didn’t feel right. I wanted to
verify it, but I couldn’t tell which step in the trajectory led to that
conclusion.” Without a clear mapping between the trajectory and
the story, participants could only check the trajectory step by step
against the story. P1 added, “Every conclusion had to be verified
this way, which was really time-consuming.” As a result, several
participants (4/8) repeatedly switched between the trajectory
and agent-generated story, trying to reconstruct how each
conclusion was reached (O2).

3.2.3 Hard to See Where the Story Could Go. The agent’s tra-
jectory carried no narrative structure, making it hard for
participants to build a context of what the agent had ex-
plored and what remained (B3). As P7 noted, “I couldn’t get any
narrative logic from the trajectory, and when the slides came out all at
once, it was hard to absorb. I had to spend a lot of time going through
them just to figure out what had been covered. Otherwise I wouldn’t
even know what to ask next.” This experience was common across
participants. Participants spent 28.53% of their time review-
ing the agent-generated results, exceeding the 24.70% spent
formulating prompts (O3), suggesting that building a narrative
context from the agent’s output was a significant bottleneck for
deciding where to go.
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Table 2: Six narrative transition types and their corresponding data changes. To ensure narrative consistency [19], each
transition differs from the current node by exactly one substitution in 𝑑𝑖𝑚,𝑚𝑒𝑎𝑠𝑢𝑟𝑒, or 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠.

Relation Narrative Meaning Data Change Example

similarity
The two nodes share similar narrative
logic Replace 𝑑𝑖𝑚𝑖 or𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖

𝑑𝑖𝑚𝑠 : [brand]→
[model]

contrast
The two nodes present contrasting
patterns Replace 𝑑𝑖𝑚𝑖 or𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖

𝑚𝑒𝑎𝑠𝑢𝑟𝑒: [price]→
[sales]

elaboration
The latter node elaborates on the
previous one with finer details

Replace 𝑑𝑖𝑚𝑖 with its breakdown dim; or add a
condition in 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖

𝑑𝑖𝑚: [brand]→
[model]

generalization
The latter node generalizes the previous
one to a broader level

Replace 𝑑𝑖𝑚𝑖 with its aggregation dim; or remove
a condition from 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖

𝑑𝑖𝑚: [model]→
[brand]

cause-effect
There exists a causal relation between the
two nodes Replace𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖 with a causal measure 𝑚𝑒𝑎𝑠𝑢𝑟𝑒: [price]→

[sales]

sequence
The two nodes occur in a specific
temporal order

Replace 𝑑𝑖𝑚𝑖 with a temporal dim; or replace a
time value in 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖

𝑓 𝑖𝑙𝑡𝑒𝑟𝑠: [year=2023]
→ [year=2024]

3.3 Design Goals
Informed by the three observations (O1–O3) and steering barriers
(B1–B3), we derive three design goals (DG1–DG3) to bridge the
misalignment between the agent’s trajectory and the user’s thinking
flow (see Table 1).

DG1: Redesign Agent Actions at the Narrative Level (de-
rived from B1 & O1). To help users tell when the story drifts, we
redesign agent actions at the narrative level, exposing the narrative
reasoning behind each action. This allows users to steer in time.

DG2: Reconstruct Agent Trajectories as Storylines (derived
from B2 & O2). To help users trace how the story was built, we
chain narrative-level actions so that the trajectory directly mirrors
the storyline. This allows users to follow the storyline as it unfolds.

DG3: Visualize Agent Trajectories within Narrative Space
(derived fromB3&O3).To help users seewhere the story could go,
we visualize trajectories within narrative space, revealing explored
and unexplored directions. This allows users to steer at a glance.

4 NarraSteer
To address the three design goals, we introduce NarraSteer (Fig. 3).
We first present the definition of data storyline as the agent’s
narrative-level action space (DG1, Sec. 4.1), then describe how
the agent constructs it by proposing and selecting narrative tran-
sitions (DG2, Sec. 4.2), and visualize it within the narrative (DG3,
Sec. 4.3). Finally, we demonstrate a usage scenario that illustrates
how users steer the agent on NarraSteer (Sec. 4.4).

4.1 Definition of Data Storyline
Given a tabular dataset 𝐷 and a user’s exploration scope, focus, and
narrative 𝑔𝑜𝑎𝑙 , a data storyline is constructed as a tree:

𝑆𝑡𝑜𝑟𝑦 := (𝑔𝑜𝑎𝑙, 𝑓 𝑜𝑐𝑢𝑠, 𝑠𝑐𝑜𝑝𝑒, 𝑟, 𝑁 , 𝐸)

where 𝑠𝑐𝑜𝑝𝑒 ⊆ 𝐷 is the set of attributes (columns) selected
for exploration; 𝑓 𝑜𝑐𝑢𝑠 ⊆ 𝑠𝑐𝑜𝑝𝑒 is the set of attributes that define
the narrative focus of the story; each node 𝑛𝑖 ∈ 𝑁 represents an
exploration within 𝑠𝑐𝑜𝑝𝑒 ; each edge 𝑒𝑖 ∈ 𝐸 represents the narrative

transition from 𝑛 𝑗 to 𝑛𝑖 , where 𝑛 𝑗 is the parent of 𝑛𝑖 ; and 𝑟 = 𝑛0
denotes the root node.

4.1.1 nodes. We define each story node 𝑛𝑖 ∈ 𝑁 as a four-tuple
representing a data exploration within 𝑠𝑐𝑜𝑝𝑒 :

𝑛𝑖 := (𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖 , 𝑑𝑖𝑚𝑖 , 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖 , 𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑠𝑖 )

where𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖 ∈ 𝑠𝑐𝑜𝑝𝑒 is a numerical attribute being analyzed
(e.g., sales, price), and 𝑑𝑖𝑚𝑖 ∈ 𝑠𝑐𝑜𝑝𝑒 is a categorical attribute being
explored (e.g., brand, year), with (𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖 ∪ 𝑑𝑖𝑚𝑖 ) ∩ 𝑓 𝑜𝑐𝑢𝑠 ≠

∅ ensuring each node remains anchored to the narrative focus;
𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖 is an array of filter conditions defining the data subspace
being explored (e.g., 𝑏𝑟𝑎𝑛𝑑 = 𝑆𝑎𝑚𝑠𝑢𝑛𝑔); and 𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑠𝑖 is a set of
data insights discovered within this context, where each element is
defined as:

𝑖𝑛𝑠𝑖𝑔ℎ𝑡 := (𝑡𝑦𝑝𝑒, 𝑠𝑐𝑜𝑟𝑒, 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛)

where 𝑡𝑦𝑝𝑒 is the insight type, drawn from 12 types identified in
priorwork [28, 69]:𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑐𝑒 ,𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔_𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 ,𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔_
𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 , 𝑜𝑢𝑡𝑙𝑖𝑒𝑟 , 𝑡𝑟𝑒𝑛𝑑 , 𝑒𝑣𝑒𝑛𝑛𝑒𝑠𝑠 ,𝑚𝑒𝑎𝑛_𝑐ℎ𝑎𝑛𝑔𝑒 , 𝑠𝑙𝑜𝑝𝑒_𝑐ℎ𝑎𝑛𝑔𝑒 ,
𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑐𝑟𝑜𝑠𝑠_𝑚𝑒𝑎𝑠𝑢𝑟𝑒_𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑓 𝑎𝑙𝑙𝑏𝑎𝑐𝑘 ; 𝑠𝑐𝑜𝑟𝑒 ∈ [0, 1]
quantifies the significance of the insight, following the scoring
method of QuickInsights [8]; and 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 is a template-based
natural language description of the insight. Among these insights,
𝑓 𝑎𝑙𝑙𝑏𝑎𝑐𝑘 is a special type when the user explicitly directs explo-
ration but no other insight is found; it carries a score of 0 and
an LLM-generated 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 based on the chart rendered from
𝑛𝑖 .𝑚𝑒𝑎𝑠𝑢𝑟𝑒 , 𝑛𝑖 .𝑑𝑖𝑚, and 𝑛𝑖 .𝑓 𝑖𝑙𝑡𝑒𝑟𝑠 .

4.1.2 edges. We define each edge 𝑒𝑖 ∈ 𝐸 as a narrative transition
from 𝑛 𝑗 to 𝑛𝑖 :

𝑒𝑖 := (𝑛 𝑗 , 𝑛𝑖 , 𝑠𝑟𝑐_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 𝑗 , 𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑖 , 𝑛𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒𝑖 )

where 𝑠𝑟𝑐_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 𝑗 ∈ 𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑠 𝑗 and 𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑖 ∈ 𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑠𝑖 are
the insights that anchor the transition at each end; and𝑛𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒𝑖 :=
(𝑟𝑒𝑙𝑖 , 𝑟𝑒𝑎𝑠𝑜𝑛𝑖 ), where 𝑟𝑒𝑙𝑖 is the type of narrative relation drawn
from previouswork (Table 2) [55, 82] and 𝑟𝑒𝑎𝑠𝑜𝑛𝑖 articulates the nar-
rative logic behind the 𝑟𝑒𝑙𝑖 transition from 𝑠𝑟𝑐_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 𝑗 to 𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑖 .
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4.2 Storyline Construction
Given a narrative 𝑔𝑜𝑎𝑙 , dataset 𝐷 , 𝑓 𝑜𝑐𝑢𝑠 , 𝑠𝑐𝑜𝑝𝑒 , and root node 𝑟 ,
the LLM agent iteratively expands the storyline starting from 𝑟

by identifying candidate transitions from the current node 𝑛𝑖 (Sec.
4.2.1) and selecting the most appropriate edge 𝑒∗

𝑘
along with its

target node 𝑛∗
𝑘
(Sec. 4.2.2). This process repeats from 𝑛∗

𝑘
until no

further meaningful transition can be identified.

4.2.1 Candidate Identification. Given the current node 𝑛𝑖 and its
incoming edge 𝑒𝑖 , along with the narrative 𝑔𝑜𝑎𝑙 , the agent follows
the ReAct paradigm [75] to identify candidate transitions. It in-
terleaves Chain-of-Thought reasoning [70] with four tool calls,
using the current storyline and few-shot examples [10] as context:
browse_columns and browse_column_values for exploring data
within 𝑠𝑐𝑜𝑝𝑒 and determining a goal-relevant candidate node 𝑛𝑘 ;
calc_insights for computing insights in 𝑛𝑘 , retaining only those
with score ≥ 𝜃 (default 0.7 [28]) as candidate 𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑘 ; and pro
pose_next_step for submitting an edge 𝑒𝑘 = (𝑛𝑖 , 𝑛𝑘 , 𝑒𝑖 .𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡,
𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑘 , 𝑛𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒𝑘 ) to C according to the narrative transition
rules (Table 2). The agent autonomously determines the number of
transitions to propose, up to three, stopping when no goal-relevant
transition with valid insights can be identified.

4.2.2 Storyline Extension. Given the candidate set C, the current
storyline, and the narrative 𝑔𝑜𝑎𝑙 , the agent selects the most ap-
propriate transition by evaluating each candidate edge 𝑒𝑘 ∈ C
via a multiple-choice prompt [21]. Since storylines vary consid-
erably across users and datasets, few-shot examples are omitted;
instead, the prompt provides explicit definitions of four evaluation
dimensions adapted from [2]: logicality, coherence, diversity, and
relevance. The agent selects the most appropriate candidate as 𝑒∗

𝑘
,

and the storyline is updated as 𝑆𝑡𝑜𝑟𝑦′ = 𝑆𝑡𝑜𝑟𝑦 ∪ {𝑛∗
𝑘
, 𝑒∗

𝑘
}. Upon

selecting 𝑒∗
𝑘
, the system generates a Vega-Lite chart for 𝑛∗

𝑘
based on

𝑒∗
𝑘
.𝑠𝑟𝑐_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 and 𝑒∗

𝑘
.𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 , making 𝑒∗

𝑘
.𝑡𝑔𝑡_𝑖𝑛𝑠𝑖𝑔ℎ𝑡 visually

salient while maintaining color consistency with the prior chart.

4.3 Visualizing Storyline within Narrative Space
To help users track how the storyline is constructed and identify
unexplored narrative directions, we construct a disc with 𝑓 𝑜𝑐𝑢𝑠 at
the center and other attribute 𝑎𝑡𝑡𝑟 ∈ 𝑠𝑐𝑜𝑝𝑒 as an anchor distributed
along the circumference. A line connects the center to each anchor,
and each story node 𝑛𝑖 is placed on the line between 𝑛𝑖 .𝑚𝑒𝑎𝑠𝑢𝑟𝑒

and 𝑛𝑖 .𝑑𝑖𝑚 (e.g., if 𝑛𝑖 .𝑚𝑒𝑎𝑠𝑢𝑟𝑒 is 𝑠𝑎𝑙𝑒𝑠 and 𝑛𝑖 .𝑑𝑖𝑚 is 𝑏𝑟𝑎𝑛𝑑 , 𝑛𝑖 is
placed on the line between 𝑠𝑎𝑙𝑒𝑠 and 𝑏𝑟𝑎𝑛𝑑). Nodes on the same
line are placed sequentially from the circumference toward the
center, following the order they appear in the storyline. 𝑛𝑖 .𝑓 𝑖𝑙𝑡𝑒𝑟𝑠
do not affect node placement and are displayed as annotations
directly on the node. The distribution of nodes across this space
reveals the narrative directions covered by the storyline and those
yet to be explored, forming a narrative space (Fig. 3d2).

Within the narrative space, each node 𝑛𝑖 is rendered as a square
marker oriented toward the center, and each edge 𝑒𝑖 as a bezier
curve labeled by 𝑒𝑖 .𝑛𝑎𝑟𝑟𝑎𝑡𝑖𝑣𝑒.𝑟𝑒𝑙 . While the agent constructs the sto-
ryline, candidate edges are displayed as dashed lines and candidate
nodes in gray. Once confirmed, they turn solid and are connected
by filled curves. During storyline construction, users can drag the
attribute anchors along the circumference to adjust the layout for

better observability. Users can also steer the construction process
through drag interactions. When dragging from a node, the system
generates candidate nodes via attribute and filter substitution, dis-
played in gray within the narrative space. As the user drags through
a candidate node without releasing, the system immediately gen-
erates the next set of candidates from that node, allowing users to
steer the agent toward a specified trajectory in a single continuous
drag (Fig. 3d4). Upon release, a confirmation dialog presents the
dragged trajectory as a sequence of nodes, where users can review
and adjust the filter conditions of each node before clicking “Ex-
plore” (Fig. 3d5). Clicking “Explore” to steer the agent to explore
the specified storyline, determining the insights (𝑛𝑖 .𝑖𝑛𝑠𝑖𝑔ℎ𝑡𝑠) and
narrative edges (𝑒𝑖 ) along the way. Any node along this trajectory
for which no significant insight is found will be assigned a 𝑓 𝑎𝑙𝑙𝑏𝑎𝑐𝑘
insight. Together, this space allows users to follow the storyline as
it unfolds, identify narrative gaps, and steer the agent at a glance.

4.4 Usage Scenario
We illustrate the envisioned usage of NarraSteer through Elena, a
senior data storytelling expert. Elena is tasked with creating a data
story from a Middle East oil production and economy dataset [52].
To complete the task efficiently while maintaining a sense of control,
she opens NarraSteer. Elena first uploads the dataset to NarraSteer,
where each attribute appears as a card showing its key statistics.
To explore how oil prices have influenced economic indicators over
time, she sets Year as the narrative focus (Fig. 3d1). A disc then
appears with Year at its center and all other attributes as anchors
along the circumference, forming the narrative space (Fig. 3d2).

She then prompts, “How have rising oil prices shaped the economy
of a typical country in the Middle East?” The agent first explores
[Oil_Price, Year], detecting a slope change at Year=2012: rising at
$3.73/step before, then declining at $1.67/step after. Based on this
node, proposes two candidate transitions: an elaboration edge to
[Oil_Price, Year≤2012], capturing a steady rise from $18.0 to $105.0;
and a similarity edge to [GDP, Year], where average GDP grew from
$642B to $3,141B over the same period. After evaluating both on log-
icality, coherence, diversity, and relevance, the agent selects the elab-
oration edge. The agent continues, forming a storyline [Oil_Price,
Year] → [Oil_Price, Year≤2012] → [Oil_Price, Year≤2012, Coun-
try=Qatar]→ [Exports, Year≤2012, Country=Qatar]→ [GDP, Year
≤2012, Country=Qatar] → [Unemployment, Year≤2012, Country=
Qatar]: Qatar’s exports climbed in lockstep with oil prices, GDP
surged from $7.4B to $186.8B, and unemployment remained evenly
low, averaging just 0.75% throughout the period (Fig. 3b). Through-
out this process, each step of the agent’s storyline construction is
reflected in the narrative space, allowing Elena to easily tell whether
the agent is drifting from her intent.

Having learned that Qatar’s prosperity was entirely oil-driven,
Elena becomes curious about a contrasting case. She prompts from
[Oil_Price, Year≤2012]: “Is there a country whose economy was less
affected by rising oil prices?” (Fig. 3c). The agent identifies Israel as
the most representative case through tool calls, correctly adding
[Oil_Price, Year≤2012, Country=Israel] → [Exports, Year≤2012,
Country=Israel], but then selects [GDP_per_capita, Year≤2012,
Country=Israel] instead of [GDP, Year≤2012, Country=Israel] as the
next step. Noticing that this deviates from the parallel structure she
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Figure 3: The interface of NarraSteer. Top (d): The interface consists of three panels: (d1) a data overview panel where users
configure the narrative 𝑠𝑐𝑜𝑝𝑒 and 𝑓 𝑜𝑐𝑢𝑠 for each attribute; (d2) a narrative space panel displaying the storyline as nodes placed
on lines between the 𝑓 𝑜𝑐𝑢𝑠 center and attribute anchors along the circumference, with the active storyline highlighted in
orange and candidate nodes shown as gray nodes connected by dashed edges, labeled by narrative relation types; (d3) a story
panel showing each node as a chart with its insight description, and each edge as a narrative transition labeled with its relation
type and reasoning; (d6) a chat input box for users to prompt the agent. (d4) users can drag across candidate nodes to steer the
agent toward a specified storyline; (d5) upon release, a confirmation dialog allows users to review and adjust filter conditions
before clicking “Explore”. Bottom: Usage scenario snapshots (a–f); see Sec. 4.4 for details.

used for Qatar, Elena decides to steer the agent directly. She drags
from [Exports, Year≤2012, Country=Israel] → [GDP, Year≤2012,
Country=Israel]→ [Unemployment, Year≤2012, Country=Israel],
specifying the exact trajectory she wants (Fig. 3d4). A confirmation
dialog appears showing the three-node trajectory; Elena verifies
that the filters are correct and clicks “Explore” (Fig. 3d5). The agent
abandons its exploration from [GDP_per_capita, Year≤2012, Coun-
try=Israel] and instead follows the specified path, revealing that
Israel’s exports remained stable at around 30% of GDP regardless
of oil price fluctuations, GDP grew steadily from $62.0B to $263.6B,
and unemployment improved from 13.5% in 2003 to 6.8% by 2012,
driven by internal structural reform rather than oil revenues.

Satisfied with how effectively the drag interaction allowed her
to steer the agent, Elena notices that the Inflation line remains
unexplored for both countries (Fig. 3e). She uses the same drag
interaction to add [Inflation, Year≤2012, Country=Qatar] and [Infla-
tion, Year≤2012, Country=Israel] to complete both storylines. The
resulting narrative space reveals a stark contrast: Qatar’s economy
was entirely oil-driven, with exports, GDP, and employment all
rising in lockstep with oil prices; Israel’s growth was decoupled
from oil, with stable exports, steady GDP expansion, falling un-
employment, and inflation declining to near zero through internal
reform (Fig. 3f).
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4.5 Implementation
We implemented NarraSteer with a decoupled frontend-backend ar-
chitecture. The frontend uses Vue3 [63], TypeScript [37], and Vega-
Lite [51] for chart rendering. The backend is built on FastAPI [47]
with Google Gemini-3-flash-preview as the language model [15].
We employed LangChain [26] and LangGraph [27] to orchestrate a
ReAct agent [75] that iteratively explores the dataset through tool
calls, enabling structured multi-step reasoning over tabular data.
Statistical insights are extracted using pandas [35] and scipy [62].

5 User Study
To evaluate whether NarraSteer’s narrative space visualization
enables more effective agent steering in data storytelling, we con-
ducted a user study 2. We first describe the study design, followed
by a summary of the key findings.

5.1 Study Design
5.1.1 Participants. We recruited 16 participants (6 women, 10 men;
𝑀age = 23.44, 𝑆𝐷 = 2.50) with data analysis experience (𝑀exp = 2.44
years, 𝑆𝐷 = 1.36). All participants reported using LLM agents
in their daily work (5+ days per week). Three participants had
also taken part in our formative study, whose prior experience
enriched their post-task interview feedback. Each participant was
compensated with $15 for their participation.

5.1.2 Baseline and Apparatus. Since our research goal is to in-
vestigate how to provide a global view of agent trajectories for
effective steering, we do not compare against existing SOTA data
storytelling systems [2]. These systems focus on story construction
itself rather than steering the agent during the process. Instead,
we adopt a baseline that renders the agent’s trajectory as a node-
link tree (see supplemental materials), as tree representations are
widely used for LLM steering in prior SOTA LLM-based data story-
telling work [9, 80]. To ensure a fair comparison, the baseline also
adopts the redesigned storyline construction pipeline rather than
general-purpose agent trajectories, as our formative study already
established that the latter hinders effective steering. Both condi-
tions support identical interaction modalities, including drag-based
steering and text prompting.

5.1.3 Task. Participants completed a data storytelling task using a
distinct tabular dataset: a macroeconomic indicators dataset [39]
and a Middle East oil production dataset (the dataset used in Sec.
4.4) [52]. Each task consisted of two phases. participants were as-
signed the role of a data journalist and asked to identify a narrative
focus of their choice, then steer the agent to explore story-worthy
patterns about the narrative focus. In the second phase, participants
reviewed their exploration history, selected the most compelling
story segment, and articulated its narrative logic.

5.1.4 Procedure. The study lasted approximately 95 minutes and
consisted of three phases. Participants first signed an informed
consent form, completed a demographic questionnaire, and received
a brief introduction to the study (∼5 min). They then completed
two conditions in counterbalanced order across four groups, each
consisting of a system introduction (∼15 min), an open-ended data
2This study was approved by [redacted]

exploration task (∼10 min), a story consolidation task (∼5 min),
a post-condition questionnaire (∼5 min), and a break (∼10 min).
Finally, participants took part in a post-study interview based on
their questionnaire responses (∼10 min). All sessions were video-
recorded and audio-recorded with participants’ consent.

5.1.5 Measures. We collected three types of measures: story qual-
ity, user perception, and user behavior. Story quality was assessed
by recording insight count and insight uniqueness [48, 49], where
insight uniqueness is defined as the inverse of the number of dupli-
cated insights in the story. In addition, three experts (>= 2 years
data storytelling experience) independently rated the logicality
of each story on a 7-point Likert scale, evaluating whether narra-
tive transitions between insights were coherent and well-justified.
Inter-rater reliability was measured using the intraclass correlation
coefficient (ICC). User perception was measured using the NASA-
TLX [17] and a custom 4-item 7-point Likert scale for perceived
control. User behavior was examined through screen recording
analysis and post-study interviews.

5.1.6 Data Analysis. For quantitative measures, we used Wilcoxon
signed-rank tests to compare NASA-TLX, perceived control, and
logicality scores between conditions, and paired 𝑡-tests to compare
insight count and insight uniqueness. Effect sizes were reported as
rank-biserial correlations 𝑟 for Wilcoxon tests and Cohen’s 𝑑 for
paired 𝑡-tests. For qualitative data, two researchers independently
conducted content analysis [25] on screen recordings and interview
transcripts, with disagreements resolved through discussion.

Figure 4: Insight count, insight uniqueness, andmean logical-
ity ratings between NarraSteer (N) and baseline (B). Center
dots and error bars showmeans with 95% CIs. Insight unique-
ness is normalized by each participant’s total insight count.

5.2 Study Results
Among the three participants who had also taken part in the for-
mative study, all reported that both conditions offered greater con-
trollability than Manus. As P1 noted, “With Manus, I could only see
things like running code or generating charts, which meant nothing
to me. Here, I could see what the agent was actually looking at in the

8



929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

Reconstructing Trajectories as Storylines: Steering LLM Agents in Narrative Space Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

Figure 5: Ratings of Perceived workload between NarraSteer and baseline. Dots and error bars show means and 95% CIs.
Performance (D) is reverse-scored, where higher values indicate better performance.

Figure 6: Ratings of perceived control between NarraSteer
and baseline across four Likert-scale items. Red indicates
lower agreement and blue indicates higher agreement.

data and where it was heading.” P2 added, “The way it was laid out
made it much easier to read. I didn’t have to dig through action logs
to figure out what was going on.” The following sections report the
quantitative and qualitative findings in detail.

5.2.1 Task Completion. Regarding task completion (Fig. 4), partici-
pants using NarraSteer generated significantly more insights than
the baseline (𝑀𝑁 = 6.438 vs. 𝑀𝐵 = 5.688; 𝑍 = −2.324, 𝑝 = 0.035,
𝑑 = 0.581), suggesting a broader narrative coverage. However,
neither insight uniqueness (𝑝 = 0.602) nor expert-rated logical-
ity (𝑝 = 0.645) showed significant differences between conditions.
Inter-rater reliability for logicality was good (ICC(2, 𝑘) = 0.76,
95% CI [0.57, 0.87], 𝑝 < 0.001). This suggests that NarraSteer en-
abled participants to explore more insights without compromising

the logical coherence of their stories. Analysis of post-study inter-
views and screen recordings sheds light on the reasons behind this
increase, which we discuss in Sec. 5.2.3.

5.2.2 User Perception. Regarding perceived workload (Fig. 5), par-
ticipants using NarraSteer reported significantly lower mental de-
mand (𝑀𝑁 = 10.125 vs. 𝑀𝐵 = 12.250; 𝑍 = 1.998, 𝑝 = 0.046,
𝑟 = 0.499) and significantly higher perceived performance (𝑀𝑁 =

12.688 vs. 𝑀𝐵 = 10.688; 𝑍 = −1.973, 𝑝 = 0.049, 𝑟 = 0.493). The
lower mental demand likely stems from the synergy between nar-
rative space visualization and drag interactions, reducing the effort
of formulating prompts. The improved perceived performance may
be attributed to the broader narrative coverage reflected in the
higher number of insights. However, one participant (P15) reported
notably higher mental demand under NarraSteer, which we discuss
in Sec. 5.2.4. Other NASA-TLX dimensions showed no significant
differences (all 𝑝 > 0.05).

Regarding perceived control (Fig. 6), NarraSteer achieved sig-
nificantly higher ratings for identifying fully explored directions
(Q1: 𝑍 = −2.896, 𝑝 = 0.004, 𝑟 = 0.724), judging missing narrative
angles (Q2: 𝑍 = −2.259, 𝑝 = 0.024, 𝑟 = 0.565), and actively deciding
which direction to explore (Q3: 𝑍 = −2.327, 𝑝 = 0.020, 𝑟 = 0.582).
Detecting agent drift showed a marginal trend but did not reach
significance (Q4: 𝑍 = −1.922, 𝑝 = 0.055, 𝑟 = 0.481). Post-study
interviews shed light on the reasons why some participants found
drift detection still challenging, which we discuss Sec. 5.2.4.

5.2.3 User Behavior. Analysis of video recordings and interviews
revealed distinct behavioral patterns when using NarraSteer.

NarraSteer Facilitates Easier Agent Steering. In the baseline
condition, some participants (7/16) used drag interactions at most
once. They relied primarily on follow-up prompts to explore new
directions. As P5 explained, “Dragging in the tree wasn’t intuitive.
When I tried to drag, all child nodes were just stacked below the
parent regardless of what attributes they explored. Their position had
nothing to do with their content, so I had no sense of where I was
going.” In NarraSteer, nearly all participants (15/16) actively used
drag interactions. As P5 noted, “On the disk, I could tell what each
node was about just from where it sat. So when I dragged toward
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a direction, I already knew what I was asking the agent to explore.
It felt intuitive and fast.” This difference suggests that NarraSteer
provided a clearer global overview, enabling participants to steer
the agent with less effort, more perceived control, and ultimately
explore more directions in less time.

NarraSteer Facilitates timely Agent Steering. In the baseline
condition, only a few participants (5/16) interrupted or redirected
the agent during execution. As P9 explained, “Relying solely on
the text in the tree, it was sometimes hard to immediately judge
whether the agent was heading in the right direction.” This difficulty
was amplified when the dataset contained unfamiliar or similarly
named attributes, which further slowed judgment of participants. In
NarraSteer, this pattern shifted: more participants (10/16) actively
interrupted or redirected the agent toward more relevant narrative
directions. As P6 noted, “Whenever the agent added a new node on
the disk, it showed up right next to the attributes it was exploring, so
I could immediately see whether it was going where I wanted. That
was much easier than reading through text in the tree.” However, P6
also noted limitations: “As the storyline grew, nodes moved closer to
the center while attribute anchors stayed on the outer ring, making it
a bit harder to see what each node was about.” This may explain the
lack of significant improvement in Q4.

5.2.4 User Feedback. Post-study interviews revealed both positive
experiences and areas for further improvement.

NarraSteer Supports Smoother Visual Navigation. Several
participants (5/16) noted that NarraSteer reduced the need to switch
attention between the data overview panel and the exploration
panel. Unlike the baseline, where users frequently consulted the
data overview to identify relevant attributes, NarraSteer encodes
attribute information directly within the narrative space. As P12
noted, “With the tree, I kept flipping back to the left panel to look
up information about the dataset. With the disk, the attributes were
already laid out around the circumference, so I no longer needed
to do that. Everything felt more visually fluid.” This reduction in
panel switching may partly account for the lower mental demand
observed under NarraSteer.

NarraSteer Expands Narrative Possibilities. A few partic-
ipants (4/16) noted that the baseline tree implied a fixed set of
exploration paths, whereas NarraSteer made every point in the
space feel like a potential direction. As P3 noted, “With the tree,
each node only had a few branches, so it felt like I had a limited set of
choices. With the disk, it felt like a continuous space where I could go
in any direction, which opened up my thinking.” P4 further distin-
guished the two: “The tree felt more like a mind map that helped me
organize existing ideas, while the disk felt more like brainstorming
that opened up my thinking.”

Fast Generation Speed of Agents Hinders Effective Steer-
ing in NarraSteer. Some participants (2/16) found the agent’s
generation speed too fast to keep up with, leaving insufficient time
to evaluate and steer before the next step was produced. As P15,
who reported the highest mental demand and lowest Q4 rating,
noted, “Each prompt could trigger multiple nodes generated in quick
succession. Even in the NarraSteer, things were moving so fast that I
could barely tell whether the nodes were actually going in the direction
I wanted.” P15 added, “I found it easier to just wait for everything to
finish and review it all at once.”

6 Discussion
Aligning Agent’s Trajectory with User’s Thinking Flow. Fully au-

tonomous agents like Manus [36] perform well when task bound-
aries are clear, but struggle with open-ended tasks like data sto-
rytelling, where goals evolve dynamically throughout exploration.
Our formative study reveals that the fundamental barrier is the
misalignment between agent’s trajectory and user’s thinking flow,
so merely exposing what the agent is doing does not improve under-
standing or control. NarraSteer addresses this by redesigning the
agent’s action space into human-interpretable narrative units that
align with user thinking. This allows agent trajectories to be exter-
nalized in forms users can directly interpret and steer, resonating
with recent work on externalizing LLM states [13, 58, 79].

Complexity of the Narrative Space. Data storytelling involves in-
herently complex narrative spaces: every combination of attributes
and filters can yield distinct insights, and this combinatorial com-
plexity grows rapidly with scope. We constrain this complexity by
capping attributes per node at two, simplifying the narrative space
layout for rapid comprehension. This also ensures that each insight
can be conveyed through the two most effective visual encoding
channels [32, 38]. Despite this simplification, the constraint covers
the majority of insight types adopted from prior work [28, 69], with
only one three-attribute exception: scatterplot_clustering. If wider
coverage is needed, treating each attribute anchor as a magnet
is one viable approach: nodes with three or more attributes can
then be positioned through multi-magnet attraction [7, 22, 77]. This
offers a path toward greater scalability.

FutureWork.Our study also revealed several opportunities for im-
provement. Some participants found the agent too fast to steer, sug-
gesting a need for pace control mechanisms, such as adjustable gen-
eration speed or pauses between transitions. Prior work suggests
that such interaction can foster the reflective thinking that open-
ended tasks demand [31, 44]. Additionally, some participants noted
that longer storylines moved nodes farther from corresponding at-
tribute anchors and made it harder to maintain a global view. This
issue may be mitigated by collapsing non-active trajectories [1, 12],
which could reduce visual clutter and help preserve overview clar-
ity at scale. Beyond data storytelling, the principle of aligning the
agent’s trajectory with the user’s thinking flow may apply to other
open-ended analysis tasks, such as information foraging [58] and
design ideation [5], to promote a sense of control.

7 Conclusion
We presented NarraSteer, a system that addresses the challenge of
steering LLM agents in data storytelling. Through a formative study
(𝑁 = 8), we identified a fundamental misalignment between the
agent’s trajectory and the user’s narrative thinking. To bridge this
gap, NarraSteer redesigns the agent’s action space at the narrative
level, reconstructs its trajectory as a storyline, and visualizes it
within a narrative space. A user study (𝑁 = 16) showed that Nar-
raSteer increases insight count, improves perceived control, and
enables users to steer the agent with less effort. We hope that the
core principle of aligning agent trajectories with user thinking flow
can inform the design of future human-agent collaboration systems
beyond data storytelling.
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