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Abstract

This paper presents a metacognitive architecture for revis-
ing an AI agent’s Theory of Mind (ToM) to address misin-
terpretations in human–AI interaction. The ability to revise
an agent’s interpretations of users’ mental states and char-
acteristics is critical for maintaining trust and positive per-
ceptions, especially in AI-mediated social interactions. To
enable ToM revision, we introduce a two-level metacogni-
tive architecture that integrates knowledge-based AI (KBAI)
with LLMs. The architecture comprises a cognitive layer that
performs the agent’s core tasks, and a metacognitive layer
that introspects on the cognitive layer using a Task–Method–
Knowledge (TMK) model of the agent. The metacognitive
layer (1) revises its interpretation of the user in response to
user feedback and (2) communicates the revision process to
the user.

Motivation
Artificial intelligence (AI) agents often face situations in
which revising their interpretations of users is crucial. For
example, social AI agents that use large language models
(LLMs) are inherently prone to misinterpreting users’ inten-
tions, preferences, or characteristics in AI-mediated social
interactions (Wang 2024). Such mistakes in user interpreta-
tion erode trust in human–AI interactions and harm percep-
tions of the agent’s intelligence and likability (Honig and
Oron-Gilad 2018; Lee et al. 2024; Salem et al. 2015).

In human–AI communication, after users recognize the
agent’s misinterpretation, they may provide feedback to help
the agent revise its interpretation. This brings us to the The-
ory of Mind (ToM) revision (Wang 2024). During ToM re-
vision, the agent introspects, revises its interpretation of the
user based on user feedback, and communicates the revi-
sion to the user. ToM revision can shape users’ percep-
tions of the agent and enhance trust when misinterpretations
arise (Ashktorab et al. 2019; Wang 2024).

A promising approach to supporting ToM revision is to
provide AI agents with a metacognitive structure. Metacog-
nition is the process of “reasoning about one’s own reason-
ing” (Cox 2005). It provides a higher-level mechanism for
agents to reflect on and adapt their behavior (Cox and Raja
2007). Our prior work on metacognition in AI focused on
endowing an agent with a theory of its own mind to support
self-explanation (da Miranda et al. 2025). We extend this

line of research by enabling the agent not only to explain,
but also to revise its interpretation of the user in response to
feedback.

In this work, we introduce a metacognitive architecture
for ToM revision. The architecture integrates knowledge-
based AI (KBAI) with LLMs. It comprises two layers: a
cognitive layer that performs the agent’s core tasks, and a
metacognitive layer that uses the Task–Method–Knowledge
(TMK) model to introspect on the cognitive layer. The
metacognitive layer responds to user feedback by identify-
ing misinterpretations, revising its interpretation, and com-
municating the revision via a step-by-step explanation.

ToM Revision in SAMI
SAMI is an AI social agent deployed in Georgia Tech’s On-
line Master of Science in Computer Science program for
ten semesters, serving over 11,000 users. It recommends
social connections among users based on shared interests
and characteristics extracted from their online posts (Kakar
et al. 2024). During deployment, users frequently requested
revisions to the agent’s knowledge base. These requests
aimed either to (1) correct LLM-induced misinterpretations,
in which the agent failed to infer the contextual meaning of
extracted entities, or to (2) update user information due to
external changes.

For example, the agent may misinterpret a user’s current
location when the user mentions both a prior and a cur-
rent location in their self-introduction post: “I am an AI re-
searcher in Atlanta, but I was born in Seoul.” In this ex-
ample, the agent misinterprets “Seoul” as the current loca-
tion and generates recommendations accordingly. The user
then provides feedback indicating the misinterpretation: “I
am not in Seoul. I am in Atlanta.” This feedback triggers
the agent’s ToM revision. The agent extracts relevant en-
tities from the feedback and localizes the source of mis-
interpretation. It updates the knowledge base by changing
the user’s primary location from “Seoul” to “Atlanta”. Fi-
nally, the agent communicates the revision process to the
user through a step-by-step explanation as follows:

• Extract entities: I am analyzing your feedback, and it
seems that I mistook your location as “Seoul” instead of
“Atlanta.”

• Locate relevant task: I traced the issue back to my



entity-extraction step for your introduction post.
• Identify misinterpretation: I misinterpreted “Seoul” in

“I was born in Seoul” as your current location.
• Revise knowledge base: I updated my knowledge base

by replacing “Seoul” with “Atlanta” as your current lo-
cation.

Metacognitive Architecture for ToM Revision
We present a metacognitive architecture for ToM revision
(Figure 1). The architecture comprises two layers: a cog-
nitive layer (Level 1) and a metacognitive layer (Level 2).
At Level 1 (the cognitive layer), the agent performs its core
tasks. At Level 2 (the metacognitive layer), it introspects on
Level 1 to identify the causes of misinterpretations about the
user, revise its interpretation, and generate a revision mes-
sage. For a detailed description of the architecture, see our
full paper (Kim, Islam, and Goel 2026).

Level 1 Reasoning
At Level 1, the agent generates initial social recommenda-
tions based on users’ introduction posts. The agent first clas-
sifies the type of post. If the post is an introduction, the agent
extracts entities such as hobbies, locations, and academic
interests. The agent stores the extracted information in a
knowledge base. It then applies a matchmaking algorithm
over the knowledge base to identify users with shared at-
tributes. Finally, it generates personalized recommendation
messages (Kakar et al. 2024).

Task, Method, Knowledge Representation
To support Level 2 introspection over Level 1, we use
TMK to represent the agent’s Level 1 reasoning process.
TMK enables ToM reasoning by providing the agent with a
structured, interpretable self-model of its internal processes.
It encodes three components: Tasks denote the goals the
agent tries to achieve, Methods specify how tasks are ex-
ecuted, and Knowledge refers to the information the agent
uses (Goel and Rugaber 2014). For ToM revision, we fo-
cus on the Task model. It decomposes the agent’s Level 1
process into interpretable units, such as “Identify and Ex-
tract Entities from the post.” This expressiveness provides
the structural basis for localizing where a misinterpretation
has happened (Goel and Rugaber 2017).

Level 2 Reasoning
At Level 2, the metacognitive layer leverages TMK to in-
trospect on Level 1. When a user’s post is classified as
feedback requesting a revision, the agent executes Level 2
to identify the cause of the misinterpretation and revise
its interpretation of the user. First, the agent extracts task-
relevant entities, the specific information the user is re-
questing to revise, from the user feedback. It then identi-
fies the Task in the TMK that led to the misinterpretation.
Using the identified task, the agent performs a dictionary
lookup in a solution library to retrieve the associated revi-
sion function. We constructed this solution library from mis-
interpretations observed during deployment and their corre-
sponding revision functions. The agent then applies the re-

Figure 1: Overview of the two-level metacognitive architec-
ture for ToM revision. Level 1 executes the agent’s primary
tasks, and Level 2 introspects on Level 1 to revise the agent’s
interpretation of the user.

trieved function to update the user data stored in the knowl-
edge base. At each stage, the agent generates intermediate
natural-language messages describing its reasoning and ac-
tions. These messages are compiled into a single step-by-
step revision message and presented to the user.

Discussion
To examine the behavior of the proposed architecture across
different misinterpretation scenarios, we employed a con-
trolled synthetic data check (Nauta et al. 2023). We used
20 cases derived from real user data and misinterpretations
observed during SAMI’s deployment. Of the 20 cases, the
metacognitive architecture completed revisions in 15 cases.
In these cases, the agent identified the task-relevant mis-
interpretation, revised its knowledge base for the user, and
generated an explanation of the revision. These results sug-
gest that the architecture can improve the interpretability and
transparency of an AI agent’s behavior by revising and com-
municating its interpretation of the user.

More broadly, this work offers a generalizable architec-
ture for developing trustworthy AI agents. It demonstrates
how a metacognitive layer can support introspection for
ToM revision. Furthermore, our work highlights the com-
plementary benefits of combining KBAI and LLMs. KBAI,
including TMK, the solution library, and the knowledge
base, supports more interpretable and controlled agent be-
havior (Pan et al. 2024; Gaur and Sheth 2024). At the same
time, LLMs provide the semantic flexibility needed to gen-
erate natural-language reasoning and responses. Our work
points to new directions for designing AI agents that foster
trust in human–AI interaction through transparent ToM re-
vision and communication.
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