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Abstract

Agentic systems interleave large language model (LLM) rea-
soning, tool usage, and tool observations over multiple itera-
tions to tackle complex tasks. The raw data from an agent’s
problem-solving process (the agents’ trajectory) is not an
ideal format for human analysis and oversight. There is a
need for tooling that converts this primary data into an eas-
ily navigable and understandable visual format for better hu-
man feedback. To address this opportunity, we developed the
Agent Trajectory Explorer, a tool designed to help AI devel-
opers and researchers visualize, annotate, and demonstrate
agent behavior.

Video — https://youtu.be/tosCdzT4MFE

Introduction
Current agentic systems, such as ReAct (Yao et al. 2022)
and SWE-Agent (Yang et al. 2024), sequentially interleave
powerful LLM reasoning, tool calling, and tool observations
to solve complex tasks. Specifically, an LLM generates a
thought which may invoke the use of a tool from an available
catalog, the tool is executed by the framework, and the out-
put is appended to the LLM context as an observation. The
next thought/action is then conditioned on all prior accumu-
lated context. Using this pattern an agent can work through
problems that would not be possible using an LLM alone.

The raw representation of an agents’ problem solving
behavior, or trajectory (a potentially large context prompt
incorporating instructions, reasoning, tool calling and out-
puts), is generally not ideal for human analysis. More im-
portantly, arriving at an answer or solution via a poten-
tially long sequence of LLM-driven reasoning and interac-
tion steps brings the issue of human oversight to the fore-
front. There is a need for tooling to convert raw agent trajec-
tory information into a visual representation that is easy to
navigate and understand by humans, and ideally provides a
medium for expression of feedback.

To address this need, we developed the Agent Trajectory
Explorer1, a tool designed to help agent developers and re-
searchers to examine, annotate, and demonstrate agent be-
havior in a convenient manner.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1We plan to open source the tool upon internal approval.

Figure 1: The Agent Trajectory Explorer consumes raw
agent trajectories representing agent behavior. Trajectories
are then formatted and visually presented. The system also
provides an opportunity to capture feedback.

Agent Trajectory Explorer
The Agent Trajectory Explorer is designed to enable AI
agent developers and researchers to examine agent trajec-
tories, and provide feedback for future improvement. The
system is a web based application implemented using the
Next.js web development framework (Vercel 2024). See fig-
ure 1 for a general overview of the application and how it is
positioned in the agentic systems workflow.

Formatting
The Agent Trajectory Explorer supports a formatting plug-
in framework enabling users to convert their own trajectory
files into a standard representation consumable by the tool.

At a system level, the user configures the application with
a directory containing a set of agent trajectories (in any valid
json format), and an appropriate formatting plug-in (a type-
script class (TypeScript 2024)) that is responsible for con-
verting raw json files to framework constructs that are then
used for exploration and visualization features.

Multiple trajectory formats can co-exist within the tool
by specifying a mapping that matches a top level type field
in the raw json to a formatting plugin. At runtime the sys-
tem looks for the type field and chooses the corresponding
formatter. This can be useful when working with multiple
agentic frameworks.

The Visual Paradigm
By default the Agent Trajectory Explorer assumes a
Thought/Action/Observation (TAO) visual paradigm in-
spired by ReAct (Yao et al. 2022). Agent behavior is ex-
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Figure 2: The trajectory is displayed as a sequence of turns, each of which contains a thought, action and observation.

pressed as a linear sequence of TAO triples. TAO is easy to
understand, conveniently ordering the agents problem solv-
ing process into reasoning, tool calling, and tool outputs. See
figure 2. Each of the TAO elements are rendered in a unique
way to facilitate ease of differentiation.

While a TAO paradigm covers many current agentic use-
cases we acknowledge that other paradigms exist (Xu et al.
2023; Shinn et al. 2024) and compatibility with the TAO vi-
sual model may vary. Its also unlikely that a universal vi-
sual paradigm will suffice given the flexibility of composi-
tion when applying the agentic pattern. As such, we expect
that the trajectory explorer will evolve to support new and
existing visual paradigms over time.

The explorer also supports a raw presentation mode
wherein the agent behavior is displayed as a sequence of
raw context elements (similar to the SWE-Agent inspector
(Yang et al. 2024)), reflecting the LLM inferencing process
that occurs as the agent is executed to generate new turns. As
such the tool provides multiple levels of abstraction, cater-
ing to different types of users, one focusing on the agents
reasoning and actions, and the other on the raw inference.

Feedback
While the primary function of the Trajectory Explorer is pre-
sentation of agent behavior, the tool does support a feedback
mechanism. Users can indicate positive or negative feedback
on particular thoughts and actions within a trajectory (see fig
2). While this feedback modality is limited, we expect to add
a richer set of feedback controls to the tool over time, such
as the ability to rewrite thoughts and actions, and addition
of commentary that can provide a basis for implementing
behavioral improvements.

Discussion
The Trajectory Explorer Tool is useful when working with
agents that solve complex problems over a series of turns us-
ing an observational reasoning pattern, and developers need
to review the agents’ behavior and provide feedback. The
tool also fills a niche of presenting the agent to other stake-

holders due to the easy to understand abstractions, and the
presentation that focuses on core behavioral elements.

However, we expect that agent trajectories will only get
more complex as new LLM interaction patterns are discov-
ered (Xu et al. 2023), and more complicated domains are
exposed to the technology (Jimenez et al. 2023). Alterna-
tive patterns of reasoning and interaction beyond linear TAO
such as trees (Yao et al. 2024) and graphs are more chal-
lenging constructs to both visualize and understand. And
more recently multi-agent systems (Guo et al. 2024; Xu et al.
2023; Wang et al. 2024) focus on agent profiles, interactions
between agents, and collective decision-making processes,
which introduce an additional layer of complexity for hu-
mans to understand. As agents become more complex, the
need for supportive tools like the Agent Trajectory Explorer
Tool will become essential.

Beyond the current scope of the Trajectory Explorer Tool,
we believe that interactive development and debugging of
agentic systems is important. In the context of chat bots Con-
stitution Maker (Petridis et al. 2024) demonstrated the value
of interactive critique. Similar functionality, in the context
of agentic systems, would help users design and implement
agents in a more natural iterative manner. Developing ef-
fective methods for providing human feedback, and under-
standing how to apply this feedback to the agent will be cru-
cial. Similarly, features like comparing trajectories before
and after changes, or between different versions of an agent,
will help AI developers work more effectively.

Conclusion
In conclusion, compound AI systems like agents can now
solve complex problems through a combination of LLM rea-
soning, tool usage, and environmental observations. As a
result, AI developers need effective methods for reviewing
these behaviors to debug issues, observe patterns, and pro-
vide feedback. To address this need, we present the Agent
Trajectory Explorer, a tool designed to help agent develop-
ers analyze agent trajectories and offer feedback for contin-
uous improvement.
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