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Abstract

The research trend of metacognitive AI deals with the study
of artificial intelligence systems that can self-monitor and/or
regulate resources. This concept has its roots in cognitive
psychology studies on human metacognition. It has led to
the understanding of how people monitor, control, and com-
municate their cognitive processes. An emerging research
trend in artificial intelligence is to build systems that pos-
sess these capabilities. This paper summarizes the key ideas
about metacognition from cognitive psychology, describes re-
cent attempts to instantiate these concepts in AI systems, and
discusses metacognitive capabilities observed in humans that
are not thoroughly explored in AI research.

Resource page — https://metacognition.syracuse.edu/

1 Introduction
The research trend of metacognitive artificial intelligence
deals with the study of AI systems that can self-monitor
and/or regulate resources. This line of work is inspired by
ideas from cognitive psychology on metacognition (Hen-
mon 1911; Flavell 1979; Nelson 1990; Metcalfe and Shima-
mura 1994) which in is defined as “the processes that moni-
tor our ongoing thought processes and control of the alloca-
tion of mental resources”(Ackerman and Thompson 2017).
Metacognition is a powerful concept regarded by some as a
self-monitoring process that is integral to the functioning of
the human mind (Demetriou et al. 1993). It has influenced
thinking regarding two philosophical challenges closely re-
lated to artificial intelligence - namely consciousness (Nel-
son 1996) and the symbol grounding problem (Taddeo and
Floridi 2007).

While the study of artificial metacognition from a com-
putational perspective is not new (e.g., see (Cox 2005; Cox
and Raja 2011) for a summary of earlier work) it has re-
ceived renewed attention in light of the recent advances
in AI. This paper describes and synthesizes this emerg-
ing trend. In particular, in late 2023, an interdisciplinary
group of researchers were brought together in the Workshop
on Metacognitive Prediction of AI Behavior, the results of
which are reported in (Shakarian and Wei 2025). In mid
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2025, a second iteration of the workshop was held in con-
junction with the SIAM Data Mining conference (Shakarian
et al. 2025). In addition to the interdisciplinary perspectives
of these workshops, there has been also exploration of the
topics at several AI conferences, relating to concepts such
as language (Shinn et al. 2023), vision (Zhang et al. 2025),
and data mining (Kricheli et al. 2024).

In this paper, we provide a synthesis of this emerging
trend, inspired by the interdisciplinary nature of the afore-
mentioned workshops and the ensuing discussions. In Sec-
tion 2 we review the requisite concepts from cognitive psy-
chology. Using these concepts as a guide, we will then dis-
cuss recent trends in metacognitive monitoring (Section 3)
and metacognitive architectures (Section 4). We will con-
clude the paper by discussing avenues for future inquiry in
Section 5.

2 Cognitive Psychology Concepts
Here we provide a brief synopsis of some relevant frame-
works for metacognition from the field of First, consider
the bi-level paradigm of Nelson and Narens (Nelson and
Narens 1994), where cognition consists of object-level and
meta-level processes. Object-level processes include tasks
such as perception, learning, reasoning, and planning while
meta-level processes monitor and assess the object-level
processes. Most of the work done by AI systems today as
focused on the object-level. Augmenting AI systems with
by working at the meta-level is our focus.

There are several ways to think about meta-level pro-
cesses, but perhaps the most natural way stems from the
widely-used dual-process theory used to classify more gen-
eral cognitive processes (Wason and Evans 1974) later pop-
ularized as “System 1 - System 2”1 or (colloquially) as
“thinking fast-thinking slow” (Kahneman 2012). In AI, we
tend to think of the System 1 - System 2 dichotomy as
the divide between fast perception/System 1 (e.g., a vision
model recognizing mathematical symbols) and slower rea-
soning/System 2 (e.g., solving a calculus problem). In sem-
inal paper on dual process theory (Evans and Stanovich
2013), the authors identify metacognition as the mecha-

1Note that later work uses the term ‘Type 1 - Type 2’ (Evans
and Stanovich 2013) as there can be more than one system at each
level. We use “system” as it is the more common term.
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nism by which incorrect perceptions (obtained quickly by
System 1) are overridden by a “reflexive mind” - a Sys-
tem 2 process for deeper reasoning. This aligns with a di-
chotomy in metacognition that is similar to dual process the-
ory as originally noted by (Flavell 1979) where metacogni-
tive processes are identified as “automatic” and “deliberate”.
Here “automatic” metacognition entails the emergence of
metacognitive “cues”(Ackerman 2019) – heuristics that in-
dicate provide information about the quality of the cognitive
action. For example, Feeling of Rightness (FoR) (Thomp-
son, Prowse Turner, and Pennycook 2011) refers to a per-
son’s intuition of the answer correctness. Other examples
include Feeling of Knowing (FoK) (Reder and Ritter 1992)
and Expectation Violation (Anderson and Fincham 2014),
among others. These cues, which occur quickly in the sub-
ject with no immediate explanation differ from deliber-
ate metacognition (i.e., the “reflexive” processes noted by
(Evans and Stanovich 2013)) that serves various purposes
with two principle activities including the communication
of cognitive state (Shea et al. 2014), seeking help (Undorf,
Livneh, and Ackerman 2021), and regulation of time invest-
ment (Ackerman 2013; Ackerman and Undorf 2017; Toplak,
West, and and 2014).

Another important dichotomy is metacognitive monitor-
ing and metacognitive control (Ackerman and Thompson
2017). Monitoring deals with the assessment of object-level
tasks while control deals with with the allocation of cog-
nitive resources for a given task. Various researchers have
identified how these two types of metacognition work to-
gether (Thompson 2009; Ackerman 2013; Shea et al. 2014).
A common feature in these paradigms is the triggering
of a metacognitive process. Here is where cues can often
play a role. However, metacognitive monitoring can involve
more than the cues of automatic (System 1) metacogni-
tion. For example it may require some deliberate (System
2) metacognition to transform cues into a representation
to communicate with other individuals (Shea et al. 2014).
Once the performance is assessed, further reasoning relat-
ing to metacognitive control can be performed which can be
thought of a “System 2 Intervention” with respect to per-
ceptual tasks (Thompson 2009) or an evolution of a solution
strategy for reasoning tasks (Ackerman 2013).

In what follows, we first look at aspects of metacognitive
monitoring realized in computational systems, then describe
several recent attempts at architectural approaches. This is
followed by examining less-studied areas such as metacog-
nitive control and reasoning - which are important areas for
future work.

3 Metacognitive Monitoring
Metacognitive monitoring - the use of cues on some Sys-
tem 1 output to trigger a reflection process - is perhaps
the most natural form of metacognition to implement com-
putationally. Here the System 1 is often a machine learn-
ing model, the cue is some type of detector, and the re-
flection process is an attempt to update the model output
to a more correct response. Neural attention for symbolic
reasoning (NASR) (Cornelio et al. 2022) is an example

of this paradigm. In that paper, a reasoning problem (So-
duku) is attempted by a neural model, producing a sym-
bolic output. This output is then evaluated by another neu-
ral model to identify components that are erroneous and are
then corrected by an application-specific symbolic solver.
This represents one approach to a metacognitive cue - a
model trained to identify errors. This neural model is sim-
ilar to the intuitive metacognitive cues of “Feeling of Right-
ness” observed in cognitive psychology experiments. Notice
that both the intuitions observed in psychology experiments
and the machine learning evaluator of NASR are both black
boxes. The idea with both a machine learning based cue and
an intuitive cue is not to address the problem, but rather pro-
vide insight in that something is incorrect.

Just as the cognitive psychologists have identified differ-
ent cues in human subjects, there have been different ap-
proaches to creating metacognitive cues in AI research. The
creation of cues to identify errors is probably the area where
the largest advances have been made. Here we outline a few
clear categories of this research.

1. Models that detect an error state. The strategy here is
given a perceptual result (e.g., the result of an image clas-
sification model), an auxiliary model, trained on the same
training data, can predict errors. Early work in this in-
clude (Daftry et al. 2016) which is used to predict vision
errors - perhaps the most straight-forward strategy for
creating such a model. The aforementioned NASR (Cor-
nelio et al. 2022) trained a model to predict reasoning
errors, here erroneous data was generated to train the
model. Abductive learning with new concepts (Huang
et al. 2023) instead relies on an out-of-distribution de-
tector to identify errors.

2. Use of an alternative model for the same task. In this
approach, in addition to the initial model trained for the
task, one or more alternative models is trained for the
same task (on the same data), the results of those models
is treated as a feature to learn an error detection module.
For example, in (Lee et al. 2024) the authors trained a
large number of auxiliary neural models of various ar-
chitectures on the same data for the same task and then
learned rules as to which of the auxiliary models pro-
viding a different result is indicative of an error in the
primary model.

3. Critique Models. Critique models have become a preva-
lent source of cues in large language models (Shinn et al.
2023; Xiong et al. 2025; Zhang et al. 2025; Yang et al.
2025). Often these models are trained on errors of LLM
output (to include reasoning paths), for example, for ex-
ample, Critic-V (Zhang et al. 2025) is trained on de-
graded GPT-4o reasoning paths. A key aspect that differ-
entiates this approach from approaches 1-2 above is that
the critique model not only is identifying possible errors,
but also provides natural language feedback - which can
be employed as a gradient signal for further refinement.

4. Consistency-based approaches. For models providing a
symbolic output, there is the potential for checking the
consistency of that output (i.e. the use of a verifier),
as that too could lead to errors. This has been exam-
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ined based on human-created requirements (Yang, Neary,
and Topcu 2024), but have also been examined from
the standpoint of rules learned from the training data
about configurations of label assignments relating to er-
ror (Kricheli et al. 2024).

While cues can lead to improved performance, this is not
necessarily the case, even when a cue can detect errors with
high accuracy. For example, in a multi-label classification
problem, even a cue that can very accurately identify an er-
ror may not lead to a correction that can provide improved
overall model accuracy (i.e., see Theorem 4.2 of (Shakarian,
Simari, and Bastian 2025)). However, that theoretical result
lies on a notion of reclassification - a relatively simple pro-
cess. As mentioned earlier, from a psychological perspective
(e.g., (Evans and Stanovich 2013; Ackerman and Thompson
2017)), a cue is viewed as a computationally inexpensive
trigger that leads to more resources intensive mental pro-
cesses. Viewed this way, the effectiveness of a cue is perhaps
best judged in the context of a larger system. For example,
the recent work on LLM metacognition (Yang et al. 2025)
leverages cues that identify errors with fairly low precision
of 0.488 yet leads to high accuracy for the overall problem
results (0.877). As the community gain clarity on reference
architecture(s) suitable for metacognition, it may then be-
come more useful to research cues by themselves, as they
can be evaluated in the context of an overall metacognitive
approach. We discuss architectures in the next section.

4 Metacognitive Architectures
There have been several proposed architectures for artificial
metacognition. Such work has generally focused on meet-
ing practical desiderata such at the proposed TRAP (Trans-
parency, Reasoning, Adaptability, and Perception) crite-
ria (Wei et al. 2024). From a more cognitively inspired per-
spective, researchers in the cognitive modeling community
have proposed a series of conjectures related to the cre-
ation of cognitively plausible metacognitive framework that
would extend the ACT-R framework (Lebiere et al. 2025).
Likewise, there are recent proposed extensions to the stan-
dard model of cognition (Laird, Lebiere, and Rosenbloom
2017) that add metacognitive capabilities (Laird et al. 2025).

Implemented architectures have varied greatly in ap-
proach and capabilities. One category includes architectures
focused on correcting perceptual outputs. We can think of
this as a “System 1” correction, e.g., the type of correc-
tion we do as people when we mistake one person for an-
other. Some of this work has focused on model training
how a metacognitive signal can be used to retrain a model
- for example (Taparia et al. 2025) leverages VLM out-
put as metacognitive cues in the training of a vision model
while (Sagar, Taparia, and Senanayake 2024) uses reinforce-
ment learning to characterize the failure landscape allow-
ing for fine-tuning. Likewise, hyperdimensional comput-
ing (HDC) (Kanerva 2009) has also been studied from a
metacognitive perspective by creating HDC-based frame-
works to leverage axillary models on residual errors. A dif-
ferent approach to metacognitive training, similar to the
earlier-mentioned NASR, is the use of abductive inference

to correct perceptual errors (Dai et al. 2019). Recent work
in this area leverages network activations to quickly iden-
tify perceptual errors and cue abductive inference (Hu et al.
2025).

At inference time, error detection rules provide a frame-
work for employing a variety of different metacognitive cues
focused on detection (Lee et al. 2024), learning of con-
straints (Kricheli et al. 2024), and correction (Xi et al. 2025).
The use of rules as a data structure to manage metacogni-
tive cues has a few advantages. In an application to LLM
correction, “Error Detection and Correction for Interpretable
Mathematics” (EDCIM) (Yang et al. 2025) leverages the ex-
plainability of metacognitive rules to prompt a more pow-
erful LLM to make corrections. As with training, abductive
inference can also be used at test-time, leveraging error de-
tection rules to ensemble models in out-of-distribution envi-
ronments (Leiva et al. 2025).

The architectures described in this section represent a step
toward realizing a metacognitive AI system. However, most
of the work is relegated to improving perceptual tasks or
LLM output, as opposed to controlling cognitive resources -
the cognitive resource regulation observed in humans (Evans
and Stanovich 2013; Ackerman and Thompson 2017). We
examine this as part of future inquiry in the next section.

5 Avenues for Future Inquiry
Cognitive psychologists have referred to humans as “cogni-
tive misers” (Toplak, West, and and 2014) due to their re-
luctance to allocate cognitive resources. As mentioned ear-
lier, “cognitive control” refers to the ability of humans to
self-regulate resources, in particular working memory, for a
given task. Further, in reasoning tasks, humans are observed
to repeatedly make decisions on whether to continue with
the tasks using special metacognitive cues such as “judg-
ment of solvability” (JoS). This is referred to as “metarea-
soning” (Ackerman and Thompson 2017). While the archi-
tectures of the previous section have made advances toward
metacognition, there is very little work on cognitive control
and metareasoning.

Some of the work does tend toward this direction though.
Critic-V (Zhang et al. 2025) performs rudimentary meta-
reasoning by examining reasoning traces from LLM output,
but does not leverage this information in metacognitive con-
trol. Meanwhile, EDCIM (Yang et al. 2025) does provide a
form a metacognitive control, calling to a more sophisticated
LLM when encountering error cues, but is doing so primar-
ily in the transformation of text to math equations - not for
reasoning. Federated learning (McMahan et al. 2017) also
provides a potential framework for metacognitive control, as
tradeoffs between accuracy, efficiency, and security (Zhang
et al. 2023; Yan et al. 2023) and cues relating to anoma-
lies, reputation, and trust are already being studied in this
paradigm (Chuprov, Memon, and Reznik 2023; Chuprov,
Bhatt, and Reznik 2023).

There are other research issues that would require further
study to advance these aims. In particular, a need for datasets
and benchmarks. Some recent work such as Multiple Distri-
bution Shift – Aerial (MDS-A) dataset (Ngu et al. 2025) and
the Natural Robustness Toolkit (NRTK) (Kitware 2025) are
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steps in this direction. Evaluation is also a challenge, and has
been a topic of discussion in recent workshops (Lanus and
Freeman 2025).

Additionally, several other subfields of AI have the poten-
tial to contribute to our understanding of artificial metacog-
nition. For example, belief revision (Darwiche and Pearl
1997) may inform correction of a knowledgebase based on
what we would call a “consistency-based” metacognitive
monitoring approach. In particular recent work combining
ideas from belief revision with machine learning (Schwind
et al. 2025; Aravanis 2025) can provide insights into a
framework for the development of a deliberate metacogni-
tive system (e.g., based on belief revision) based on auto-
matic metacognitive cues (e.g., based on detection of incon-
sistency). Another area of AI is the work on uncertainty esti-
mation (Cui, Mouchel, and Faltings 2025; Mena, Pujol, and
Vitrià 2021; He et al. 2025). We can think of these meth-
ods as also providing a form of metacognitive cue - what we
earlier referred to as “models that detect an error state.”

As a closing thought, the idea of using metacognition to
communicate internal cognitive state across agents, as dis-
cussed in (Shea et al. 2014) may provide a longer-term goal
for metacognitive AI research. If such a line of research is
successful, it would lead to agents with the ability to not
only conduct metacognitive monitoring and use that infor-
mation for cognitive control, but also provide a representa-
tion of that information to other agents to accomplish a goal
in a multi-agent setting - which would likely mark signifi-
cant progress in the field of AI.
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