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Agent State Diagram: High-level sequential updates on the agent’s planned workflow

Live Action Pills: Precise updates on the agent’s current tool or action being executed

Fig. 1: The Agentic Trace Display helps users follow what an AI agent is doing as it works through querying a knowledge graph. At
the top, the State Diagram shows what stage the agent is in within its larger workflow. Meanwhile, the Live Action Pill at the bottom
offers real-time, detailed updates about the tool or action the agent is executing. With these two views, users can track both the overall
process and the agent’s specific actions as they happen.

Abstract—We explore how visualizations can help users understand what an AI agent is doing as it builds and runs queries over
data. As part of the LinkQ system, a natural language interface for querying knowledge graphs with a large language model (LLM), we
designed two complementary views: a State Diagram that shows where the agent is within a larger workflow, and a Live Action Pill that
gives real-time updates about the agent’s current task. In a study with 14 practitioners, we found that these visuals helped participants
build stronger mental models of the agent’s behavior while also increasing their confidence in the system. However, we also observed
that users sometimes trusted incorrect outputs simply because the agent appeared to be doing the “right” thing. Our findings point to
both the value and risk of visualizing agent behavior in interactive AI systems.

Index Terms—Natural language interface, knowledge graphs, large language models, query builder, trustworthy design, explainable AI

1 INTRODUCTION

Agentic AI systems are increasingly being used to support data analysis
tasks. However, these systems are often opaque, leading to miscal-
ibrated user trust. Users may blindly trust the agentic model and
overlook critical failure modes, or, without a proper understanding of
what the model is doing, be too skeptical to use the tool altogether.

In this paper, we present a dual Agentic Trace Display designed to
enhance the transparency in LinkQ [18], an agentic natural language
interface for querying knowledge graphs [15]. The display consists
of two complementary visual components. The first is a State Dia-
gram that outlines the high-level stages of the agentic workflow while
highlighting the agent’s current state within the pipeline. The second
is a Live Action Pill situated within the chat panel, which provides a
real-time description of the agent’s current task (e.g., executing the
action “Fuzzy searching for the ‘The Godfather’ entity...”).
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We intentionally build on familiar visualizations, such as workflow
diagrams and real-time status indicators, to explore how visual traces
of agentic workflows can influence user understanding and trust. We
conducted a think-aloud study with 14 practitioners on both targeted and
open-ended exploratory knowledge graph querying tasks. Participants
reported that the Agentic Trace Display improved their mental model
of what the agent was doing (its behavior) and what it would do next
(its intentions), resulting in higher reported trust and confidence in the
LinkQ system as a whole. At times we observed that the Agentic Trace
Display instilled confidence in LinkQ’s incorrect answers, suggesting
a nuanced role for trace visualizations in agentic AI tools.

For the remainder of this paper, we briefly discuss related work in this
area, describe the design of the Agentic Trace Display, and report the
findings of our think-aloud study. Finally, we discuss the implications
for calibrating trust in agentic AI systems with visualization design.

2 BACKGROUND & RELATED WORK

The Agentic Trace Display visualizes the agent’s workflow in
LinkQ [18], a natural language interface that supports querying knowl-
edge graphs (KGs). KGs are a common data structure for modeling
complex relationships in data, often used for question-answer and rec-
ommendation systems in domains such as web search, life sciences, and
cyber-security [9, 36]. For a thorough background on KGs, including
their use cases and historical challenges, see [15, 17, 20].

For this paper, we follow Anthropic’s definition of agentic workflows:
structured processes where large language models (LLMs) interact with



tools through predefined paths to ensure reliability in completing tasks1.
LinkQ’s workflow utilizes LLMs for dynamic tool-calling, where tools
are different functions that represent components of the KG querying
pipeline (e.g., API calls, entity resolution, query construction, and so
on). Sapkota et al. [29] outline the conceptual differences between AI
agents and agentic AI. Dhanoa et al. [8] provide design patterns for
agentic visualization with respect to human sensemaking [27]. For the
remainder of the work, we use LLM and agent interchangeably, as well
as a tool and function.

The usage of LLMs for facilitating query building (particularly for
KGs) has been proposed dating back to 2019 [2, 26], and their unifica-
tion has been studied in two distinct roadmaps [19, 24]. The past two
years has shown increasing promise for utilizing LLMs for various types
of data exploration and visual analysis tasks [1, 4, 11, 33, 34, 34, 35].
The resurgence of agentic AI, as well as its cataloged challenges (e.g.,
hallucinations, accountability) demonstrates that visualization plays an
essential role in illuminating the behavior and explainability of these
technologies [8, 21].

This said, the integration of LLM agents into visualization tools
introduces new risks—particularly in how users interpret, trust, and
rely on LLM outputs, regardless of their correctness [28]. Research in
explainable AI has shown that LLMs can inadvertently lead to over-
reliance on AI [5], resulting in overtrust for model recommendations
(even when errors are present) [12, 13], or can confuse users when LLM
outputs clash with their mental models of the data [6]. Our qualitative
study (Section 5) shows that the Agentic Trace Display provides high
transparency into the agent’s workflow, empowering users to ‘trust’ the
LLM. This trust still needs to be fine tuned, as prior research (as well
as some feedback from our study) indicates that well-designed agentic
visualizations can foster overtrust.

3 AGENTIC TRACE DISPLAY

Briefly, LinkQ is a natural language interface designed to let users ask
questions about data in a KG and have an agent generate a query to
answer those questions. Tools that the agent may use to answer the
user’s question include: (1) iterative question refinement, (2) entity
resolution, (3) property or relation resolution, (4) query generation,
(5) query execution, (6) results summarization. For more detailed
information about LinkQ, see the open source project at https://
github.com/mit-ll/linkq.

4 WORKFLOW VISUALIZATIONS

As LinkQ progresses through the agentic workflow, the system tracks
both general and specific workflow states and displays them to the user.
State Diagram: The state diagram is located in the top panel of LinkQ
(see Figures 1 and 2) and provides users with a transparent mental
model of how the system works. The state diagram displays four
primary protocol states: (1) Question Refinement, (2) KG Exploration,
(3) Query Generation, and (4) Results Summarization. Each state also
shows a detailed breakdown of sub-states. As the user interacts with
LinkQ, the diagram highlights the precise stage the system is currently
in, e.g., KG Exploration → LLM fuzzy searches for entity – and also
reduces the size and brightness of the inactive states. This helps the
user identify what the LLM is currently doing and which steps come
next. As users become more familiar with the system, they can choose
to display only the high level states, or hide the state diagram altogether
(Figure 3).

Live Action Pill: For simplicity, LinkQ’s chat panel hides agentic
responses from the LLM that are not directed at the user (although
power users can choose to show all messages). While the user waits for
LinkQ to finish answering their question, the chat panel shows the Live
Action Pill, a fine-grained loading message that explains what the LLM
is doing at every step, shown in Figure 4. The Live Action Pill provides
more specific detail than the State Diagram, showing messages such as:

• ENTITY FUZZY SEARCH: [search string]
1https://www.anthropic.com/engineering/

building-effective-agents

• PROPERTIES SEARCH: [entity ID]

• TAIL SEARCH: [head entity ID, property ID]
Although not explicitly discussed in their release notes2, OpenAI

has recently implemented a similar ‘live action pill’ to represent the
thinking process of GPT-5. From our understanding, GPT-5 labels the
live action pill itself (because the chat is free-form) while LinkQ’s live
action pill is labeled in a structured way based on which stage of the
workflow it is in.

5 QUALITATIVE STUDY

We conducted a think-aloud study [23] focusing on practitioners’ anal-
ysis workflows, exploration strategies, and overall confidence in an
agent when using LinkQ. The study design was largely based on recent
evaluations for LLM data analysis systems [11, 33, 35].

We recruited participants from several departments across two or-
ganizations. All 14 participants conduct data analysis on a daily ba-
sis and had at least some experience with either LLMs or KGs (see
Table 1). The study consisted of exploring and answering both tar-
geted and exploratory questions about two different knowledge graphs,
Wikidata [37] and BRON (a cybersecurity KG [14]).

Experience with KGs with LLMs

1 (None) 0 / 14 0 / 14
2 (Slight) 4 / 14 0 / 14
3 (Some) 2 / 14 3 / 14
4 (Moderate) 3 / 14 0 / 14
5 (Extreme) 5 / 14 11 / 14

Table 1: A breakdown of our participants’ experience with KGs and LLMs
from our qualitative study. Experience was self-reported on a Likert
scale of 1-5, where each level was described in terms of how often or
thoroughly they developed, trained, interacted with, or queried KGs and
LLMs in their work.

For this workshop paper, we discuss the overall feedback we received
about the Agentic Trace Display and remark on how participants’ work-
flows and confidence was impacted by the agent itself. More details
about the study protocol is available in our Appendix A.

5.1 Visualization Usage
Feedback: The state diagram (Figure 2) was by far the participants’
preferred visual component in LinkQ, with participants remarking that
it greatly contributed to their understanding and trust in the agent’s
workflow. Participants frequently mentioned that the state diagram
"shed light" on the agent’s process, making its operations more trans-
parent and comprehensible: “I really like the state diagram while it’s
running because it’s giving so much insight into what’s going on. It
makes the LLM workflow more explainable.” This visual aid, paired
with the live action pill, not only made the process more engaging
but also provided users with a clearer sense of the workflow, allowing
them to anticipate potential issues and debug more effectively. Another
participant noted, “One, it’s a lot more engaging than waiting for the
query, and two, it’s helping me understand what’s actually happening
in the process.” Overall, nearly every participant told us they would
prefer if all LLM-assisted tools incorporated an ‘agentic trace display’
to better illuminate an agent’s behavior.
Areas for Improvement: Some participants suggested that the level of
detail in the state diagram could be reduced over time as users become
more familiar with the system. One participant commented, “Once you
get familiar with the system, then an abbreviated version of the state
diagram might be enough. You won’t need to see every single state.”
Agentic AI systems can seek to balance detail and simplicity in order
to maintain the effectiveness of their agent-based state diagrams. For
example, for expert users, the live action pill could remain visible for

2https://help.openai.com/en/articles/
6825453-chatgpt-release-notes
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Fig. 2: The State Diagram (described in Section 4) highlights the high-level workflow of the agent as well as the specific sub-stage (Question
Refinemnt → User asks question). The other stages that are not active have reduced size and brightness.

Fig. 3: The State Diagram collapsed (using the top right dropdown), with only primary steps in the agent’s workflow on display and sub-stages hidden.
Each state is highlighted as the agent works through its pipeline.

Fig. 4: While the user waits for the LLM to generate a query, the chat
panel shows a Live Action Pill that explains that the LLM is fuzzy search-
ing for the entity Academy Award for Best Picture 2025.

small-scale updates on the agent’s workflow, while a state diagram can
be hidden or displayed by choice. An example is shown in Figure 3.

Future Opportunities: Another interesting direction discussed by
participants was the ability to ‘edit’ or ‘restart’ the agent’s workflow by
interacting with the state diagram itself. For example, if users found
that the agent did not resolve an entity correctly, they wanted to click on
the “LLM fuzzy searches for entity” state, and begin a dialogue either
visually or through the chat panel to help correct the agent’s misstep.
Participants were critical about LLM-based systems often having an
agent restart its workflows from scratch when given user feedback,
rather than picking up from a specific point in time. Interactive trace
visualizations could incorporate this type of timestamped agent-editing
in the future.

5.2 Potential for Overtrust

At times during our study, asking a question in LinkQ would result in an
incorrect answer (e.g., because of an incorrectly written query or wrong
entity resolution). We found participants sometimes overtrusted the
agent’s incorrect answer and would use the supporting visualizations to
rationalize reasons why the agent might be right. For example, when
one participant was searching for a list of movies that won Best Picture,
the agent generated a query that incorrectly flagged Gladiator as a
winner in 2023. The participant remarked: “It says Gladiator won best
picture in 2023, but isn’t that movie old? I know a second one came
out recently, so maybe that’s when it won?”

Even when performing question-answering over domain-specific
data that participants were familiar with (i.e. with the BRON cyber-
security KG), participants still justified incorrect outputs from LinkQ
that they were uncertain about. For example, when retrieving vulnera-
bilities associated with Google Chrome, LinkQ (incorrectly) returned
no results. One participant told us, “I think that makes sense, since

Google Chrome probably has a lot of support, it probably doesn’t have
any vulnerabilities.” We believe that the added visual transparency,
largely in part through the agentic trace display, may have resulted in
overconfidence in the agent’s outputs. The insights into what the LLM
is doing at every step tended to sway participants into believing the
agent was always accurately performing its tasks.
Implications: Our findings align with recent work that shows how an
LLM’s tendency to “smooth over” inconsistencies or outright lie can
result in overreliance on AI [5, 13, 16, 25, 31]. Transparently-designed
visualizations, while useful for revealing LLM reasoning and agentic
behavior, may inadvertently exacerbate overtrust by reducing a user’s
scrutiny of AI outputs – as suggested (unintentionally) by one partici-
pant: “I really liked that the interface was flexible enough that someone
could accept the information at face value.”

Similar to current research in explainable AI [3, 32], it is likely
that visualization designs for agentic AI workflows will need to shift
towards challenging users’ assumptions around AI outputs—rather
than purely clarifying system behavior—especially in this new era
of LLM-based data analysis tools. Potential strategies could include
visualizations that explicitly highlight where uncertainty exists in the
system workflow (which does not exist in our State Diagram), as well
as proactively suggesting contradictory or alternative interpretations via
in-line visualizations. Work in trustworthy visualization design [12, 22]
can help developers understand when trust might be falsely gained
through paired visualization and LLM design.

6 LIMITATIONS & FUTURE WORK

While our Agentic Trace Display focused on simple, widely recogniz-
able visualizations to isolate their effects on user perception, future
work could build on the findings in this paper by exploring more novel
or expressive ways of visualizing agentic behavior. For example, fu-
ture designs might incorporate richer temporal traces, uncertainty cues,
history of state transitions, or interactive debugging elements.

Our think-aloud study involved 14 participants belonging to differ-
ent departments within two organizations. Our participants are highly
educated and experienced in data science, and displayed inquisitive
behaviors when interacting with an agentic AI system. All participants
had at least some to very high LLM experience, suggesting that our find-
ings may not generalize to “every day users” who are unfamiliar with
LLMs or trustworthy design. Consequently, future studies can extend
the research presented in this paper to examine how trust is impacted
in users who are not inherently skeptical of AI, and consequently may
not make the effort to question LLM-based systems.

7 CONCLUSION

This workshop paper presented an Agentic Trace Display, composed of
a paired State Diagram and Live Action Pill to improve transparency in
agentic AI workflows. Integrated into LinkQ, a natural language inter-
face for knowledge graph querying, these visualizations gave users real-
time insight into the agent’s internal reasoning and execution pipeline.

Our think-aloud study revealed that participants found the trace
visualizations highly useful for forming accurate mental models of



the agent’s behavior, which in turn fostered confidence in system out-
puts. However, we also observed instances where the same visual
cues contributed to overtrust, particularly when the agent produced
incorrect results. These findings point to a potential design tension in
agentic systems: visualizations that clarify system behavior may also
unintentionally reinforce user belief in incorrect outputs.

Going forward, we encourage designers of LLM-based systems to
incorporate trace-based visualizations, but also promote critical reflec-
tion through trust-calibrating mechanisms. As agentic AI continues to
advance, visualization will play a critical role in balancing usability
with user skepticism.
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A APPENDIX

A.1 Study Design
Protocol: Participants were recruited from a professional network
of practitioners who currently or have previously worked with KGs
and LLMs. Each evaluation lasted between 1–1.5 hours and were
conducted either in-person or virtually using a video conferencing
tool. All participants consented to the study prior to its start. Two
authors conducted a qualitative, think-aloud study that consisted of
questions that had pre-determined correct or incorrect answers, as well
as open-ended questions that had no correct or incorrect answer. Finally,
participants were asked a series of follow-up questions to gather their
feedback on the tool. The resultant qualitative data was analyzed with
a focus on emergent themes [7] related to our original research goals.

Participants: We followed a saturation-based approach [10] in which
participants were recruited until no new themes emerged during data
collection. Our evaluation consisted of 14 participants who have a
BS (3/14), an MS (7/14) or a PhD (4/14). Participants ranked their
experience for KGs and LLMs on a Likert scale of 1 (none) to 5
(extreme), shown in Table 1. All of the participants in our study work
in AI, ML, and data science with a focus in the cybersecurity domain.

Knowledge Graphs: Participants first used LinkQ with the Wikidata
KG [37] and were tasked with finding answers for randomly sampled
questions from the the Mintaka question bank [30]. Next they used the
BRON cybersecurity KG [14] to answer questions about cybersecurity,
for example “Find critical vulnerabilities for Google Chrome in 2024”.
We selected Wikidata KG because of its domain-agnostic, general-
purpose use that all participants were familiar with. In contrast, we
chose the BRON KG because of its domain-specificity in cybersecurity.
While all of our participants are knowledgeable in cybersecurity, only
3/14 had used BRON previously.
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