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Abstract
Artificial metacognition is the study of AI systems that moni-
tor their internal processes and control allocation of computa-
tional resources. In this paper, we describe three observations
that cut across recent studies. These include (1) symbolic
representation enables metacognitive cues, (2) metacognitive
detection is easier than correction, and (3) multiple perceptual
models can enable correction. We provide a general reference
framework that can capture the ideas behind several differ-
ent studies, explore each of these observations, and discuss
directions for future research.

1 Introduction
Metacognition is defined in the psychology literature as “the
processes that monitor our ongoing thought processes and
control the allocation of mental resources” (Ackerman and
Thompson 2017) and is well-studied in that discipline (Hen-
mon 1911; Flavell 1979; Nelson and Narens 1994; Metcalfe
and Shimamura 1994). Adapting these ideas to artificial intel-
ligence has given rise to artificial metacognition (Cox 2005;
Cox and Raja 2011), which can be defined as the study of
AI systems that monitor their internal processes and control
allocation of computational resources. This area has seen a
resurgence in the past few years (Shinn et al. 2023; Kricheli
et al. 2024; Zhang et al. 2025; Shakarian 2026). In this paper,
we summarize three cross-cutting observations from recent
artificial metacognitive studies, in particular:
1. Symbolic representation enables metacognitive cues
2. Detection is easier than correction without new informa-

tion
3. Multiple perceptual models can enable correction

The first item is important because metacognitive cues are
what is used to trigger a metacognitive process. The design
of these cues is often a challenge, because if the information
were available to the AI system, it would simply use it di-
rectly without need for metacognition. However, a symbolic
representation affords additional analysis such as identifica-
tion of excessive symbols (Yang et al. 2025; Ngu, Lee, and
Shakarian 2024) or inconsistency (Kricheli et al. 2024; Leiva
et al. 2026). The second item provides insight into the design
of metacognitive systems. This observation is supported by
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Figure 1: Cognitively Inspired Reference Architecture for Ar-
tificial Metacognition. The “algorithmic mind” and “reflec-
tive mind” follow the tripartite model of Stanovich (2009).

a formal proof which accounts for some empirical results on
correction. It also suggests that fast correction without rea-
soning may not be feasible when relying on a single model.
The third observation revisits the correction issue and iden-
tifies several results that suggest the use of multiple models
combined with reasoning can provide a path to correction.

In this paper, we provide a reference framework, discuss
each of these items in turn, and outline directions for future
research.

2 Metacognitive Reference Architecture
By way of technical preliminaries, we present a general
framework for artificial metacognition. This framework
is primarily focused on metacognitive processes for han-
dling perceptual information, as most work on artificial
metacognition has focused on handling perceptual errors.
We will discuss implications of the results of this paper for
meta-reasoning, the metacognitive processes around reason-
ing (Ackerman and Thompson 2017), later in the paper.

The architecture is depicted in Figure 1. The framework
has two axes. The first axis, following Nelson and Narens
(1990, 1994), separates the object level (in this case, percep-
tion) from the meta level (processes that assess the object
level). The other axis is the System 1–System 2 (dual process



theory) divide (Wason and Evans 1974; Kahneman 2012)
where we distinguish near-instantaneous processes that re-
quire low working memory (System 1) from deliberate pro-
cesses that require more working memory (System 2). Per-
ceptual input (e.g., raw data x) is initially processed by a
System 1 process on the object level which has been labeled
as “The Autonomous Set of Systems” or TASS (Evans and
Stanovich 2013). This is represented as a series of functions
f1, . . . , fn (Shakarian, Simari, and Bastian 2025; Leiva et al.
2026). Normally, these will be well-trained models and when
the perceptual input (e.g., x) is understood, we will use the
notation fi instead of fi(x) to refer to the set of propositions
(i.e., class labels) produced by model fi on the object. So,
for example, α ∈ fi means that model fi predicted label α.
We use gt for the set of ground truth labels for the object.
Hence, the statement α ∈ fi, α /∈ gt means that model fi
incorrectly predicted class α for the object. This allows for
a probabilistic characterization of precision and recall for a
given model that we will use in this paper:

Precision: Pα,i := P(α ∈ gt | α ∈ fi) (1)
Recall: Rα,i := P(α ∈ fi | α ∈ gt) (2)

The following example from Shakarian, Simari, and Bastian
(2025) illustrates a toy scenario in this notation.
Example 2.1 Let fcar be a model that, given a sample x, re-
turns a subset of labels {ford , toyota, dodge, us, japan}. So,
for example, for perceptual input x, fcar(x) = {dodge, us}.

The next portion of the architecture is the set M of poten-
tial signals known as metacognitive “cues” (Ackerman 2019;
Thompson, Prowse Turner, and Pennycook 2011).1 The set
of cues present for a given perceptual input x we will denote
M(x) (and again, we will use M when x is understood). Fol-
lowing the intuition of cognitive psychologists that cues trig-
ger higher cognitive processes (Evans and Stanovich 2013),
if cue c is present inM(x), then we disregard the return value
of fi(x). We note that in Figure 1 the cues, part of “metacog-
nitive monitoring” (Ackerman 2019), are still part of System
1. This is because these processes are part of “automatic”
metacognition (Flavell 1979). Cues can trigger a metacog-
nitive control process (Ackerman and Thompson 2017) in
which the agent makes decisions based on the cues, often to
allocate additional cognitive resources (Thompson 2009) or
to communicate cognitive state (Shea et al. 2014). In artificial
metacognition, metacognitive cues have been instantiated in
various ways, such as an outlier detector (Huang et al. 2023),
a model supervised on errors (Cornelio et al. 2023), a model
supervised on errors of reasoning traces in LLMs (Tyen et al.
2024), an additional output layer (Hu et al. 2025), alternative
class labels (Kricheli et al. 2024), or alternative models (Lee
et al. 2024).

In the presence of a metacognitive cue, we can recompute
precision and recall values as follows:

Precision: P c
α,i := P(α ∈ gt |α ∈ fi, c /∈ M) (3)

Recall: Rc
α,i := P(α ∈ fi, c /∈ M | α ∈ gt) (4)

1The term “conditions” was used in some work (Kricheli et al.
2024; Xi et al. 2025).

These interpretations of precision and recall lead to what
Shakarian, Simari, and Bastian (2025) define as an error-
detecting metacognitive cue with respect to model i, class
α when the original precision (Expression 1) is less than or
equal to the precision when we account for the cue (Expres-
sion 3). Several algorithms for learning rules instantiating
error-detecting metacognitive cues and maximizing the in-
crease in precision have been introduced (Kricheli et al. 2024;
Lee et al. 2024; Xi et al. 2025). The idea in those papers is
that there is some set of candidate cues M′ and we use such
approaches to selectM ⊆ M′ that is most effective. We note
that rules are not the only way to instantiate metacognitive
cues, but we will often refer to them as they provide trans-
parency in the understanding of the artificial metacognitive
processes.

3 Symbolic Representation Enables
Metacognitive Cues

Cognitive psychologists have identified the communication
of cognitive state as one of the functions of metacogni-
tion (Shea et al. 2014). We can think of this communication
of cognitive state as being in the form of a metalanguage
which critiques the underlying thought process. Here, we
think of the cognitive state as the output of the model or
agent. For example, in psychology, the metacognitive cue of
expectation violation (Anderson and Fincham 2014) could
lead to the identification of an inconsistency in the cognitive
state of a human. In other words, this metacognitive cue may
lead a human to search for an inconsistency between what is
perceived and some domain knowledge.

In artificial metacognition, this type of expectation vio-
lation also occurs. For example, aligning with how humans
experience expectation violation, Cornelio et al. (2023) found
that a learned model, called a “mask predictor,” could iden-
tify errors in visual Sudoku that would lead to a correction
mechanism that included a symbolic solver (e.g., return-
ing 0 in the output vector position corresponding with the
part of the symbolic output deemed incorrect). This algings
with the view of cognitive psychologists such as Evans and
Stanovich (2013), where a fast, autonomous metacognitive
cue would cause a person to allocate more working memory
toward a task. In terms of Figure 1, given mask predictor mp
from Cornelio et al. (2023), we define the metacognitive cue
M(x) = {ci such that mp(f(x))[i] = 0}.

However, it also seems that with an artificial metacogni-
tive system the representation itself can be used to derive
a metacognitive cue. Let us return to our example (adapted
from Shakarian, Simari, and Bastian 2025) and look at a
sample metacognitive cue.
Example 3.1 Consider model fcar from Example 2.1 and
the metacognitive cue c1 := toyota ∧us . Intuitively, this cue
occurs when the input is classified as both toyota and us by
the model.

The metacognitive cue in Example 3.1 can be viewed in
several ways. First, this could arise from a function that eval-
uates the output of the model, as in Cornelio et al. (2023)
(e.g., the mask predictor). If we use a black box approach, as
in that work, c1 would not be defined as in Example 3.1 but



Figure 2: Balanced Error Accuracy, Error F1-score, and con-
straints F1-score results of the metacognitive cue-learning
approach of Kricheli et al. (2024) (“Focused EDR”) for vary-
ing noise ratios on the ImageNet50 dataset. Constraints F1
measures agreement between the recovered constraints and
a held-out ground-truth set. From Kricheli et al. (2024).

rather as an output of a secondary model. However, the work
of Kricheli et al. (2024) uses a rule-learning approach (“Er-
ror Detection Rules” or EDR) in which such a constraint can
be learned from the errors of the model. This approach could
not only serve as an error-detecting cue, but that it could also
recover ground truth constraints (see Figure 2 from Kricheli
et al. (2024)). We note that during training, the process is the
reverse of what was observed in the cognitive psychology
literature about metacognition: the representation was used
to derive the cue. However, the cue’s use during inference in
Cornelio et al. (2023) more resembles the view of cognitive
psychology. We note that Kricheli et al. (2024) did not use
the cue to make corrections at inference time, but rather used
the cue to re-train the model with constraints. When com-
pared to Cornelio et al. (2023), the inference-time correction
mechanism is absent in Kricheli et al. (2024). Later work
on error-detection rules presented reasoning-based correc-
tion (Leiva et al. 2026).

Kricheli et al. (2024) recovered a logical constraint while
Cornelio et al. (2023) detected an unspecified error in part of
the symbolic output. While it is easy to assume that the black-
box model may just be identifying inconsistencies like c1 in
Example 3.1, there is another possibility. It could be that the
symbols returned by the model are likely to indicate an error.
In our running example, the cue toyota∧japan could also be
an error-detecting cue (e.g., the model was not well-trained
on Toyota cars). Another place where a string of symbols,
though correct, may indicate an error would be with genera-
tive AI approaches. For example, in Shakarian et al. (2023) it
was noted that long chains of addition produced by an LLM
attempting to solve a math word problem were indicative
of error. Likewise, such symbolic output can be evaluated
with heuristics as done in Ngu, Lee, and Shakarian (2024)
by applying Gini and entropy measures to symbol counts.
These techniques were used together to create metacogni-
tive cues in EDCIM, an LLM wrapper to solve math word
problems (Yang et al. 2025). An advantage of this approach
was that the precise issue with the symbols (lack of diversity,

explosion of a certain symbol type) was fully explainable,
and that information could be reported back to the LLM in
a corrective step. Another rule-based metacognitive system
known as RECOVER (Cornelio and Diab 2024) also lever-
ages metacognitive rules to alert the system to failure and
leverage symbolic output to improve LLM-generated recov-
ery plans. An example of the corrective re-prompting used
in EDCIM is shown in Figure 3.

Correction one-shot example

Question: A plane on a search mission flew east from an airport , turned , and flew 
west back to the airport . The plane cruised at 300 km/h when flying east , and 400 
km/h when flying west . The plane was in the air for 7 hours . How far did from the 
airport did the plane travel ? 

Equations:

time_east + time_west = 7

300*time_east = 400*time_west

distance = 300*time_east + 400*time_west


The equations have been extracted incorrectly for the following reasons:

-The answer is incorrect.

-There might be too many plus and minus symbols

-The equations might bee too complex


Please extract the equations again for the given question.

-The equations should have fewer mathematical symbols. 

-The equations should be simpler.


Corrected Equations:

time_east + time_west = 7

distance = 300*time_east

distance = 400*time_west

Figure 3: One-shot example for Answer Correction from
Yang et al. (2025).

Another approach in which the representation of state can
be used to derive a cue would involve an evaluation of the
model output with a logical reasoner against a set of con-
straints as done in Yang, Neary, and Topcu (2024). Here
again c1 would not be explicit, but the emergence of an
inconsistency itself would be the cue. This approach may re-
quire the presence of domain knowledge, but in some recent
work one can rely on the internal consistency of the model
output (Leiva et al. 2026). We also note that this observation
is only stating that symbolic representation can enable cues,
it does not preclude other sources of cues. Statistical methods
such as out-of-distribution detection (Hendrycks and Gim-
pel 2017) and conformal prediction (Angelopoulos and Bates
2023) can also provide cues. We have seen evidence of such
techniques employed in a metacognitive strategy with ab-
ductive learning. Here an outlier detection model was used
to trigger reasoning (Huang et al. 2023). The cognitive psy-
chology literature documents a variety of cues that humans
use, and we would expect a general intelligence to have a
metacognitive capability that can employ cues of different
types.

4 Detection Is Easier than Correction
without New Information

A study by Huang et al. (2024) showed strong empirical ev-
idence against intrinsic LLM self-correction. In that study,
they found that several previously explored methods for LLM
self-correction failed when issues such as prompt design, un-
fair baselines, and use of oracles were more rigorously ac-



counted for. A later work, EDCIM (Yang et al. 2025) provided
a useful approach as a model router, i.e., if a metacognitive
cue was identified (e.g., see Figure 3), then a more power-
ful/expensive model was re-prompted. In this way, a smaller
LLM could do most of the work and the more expensive
model was used sparingly. However, it seems that this setup
could still not escape the result of Huang et al. (2024). If the
same model was re-prompted, the results did not improve
over the baseline “CRITIC” LLM correction routine (Gou
et al. 2024), which verifies outputs via external tools (e.g., a
code interpreter) rather than metacognitive cues.

A similar finding came about with an attempt to create
“correction” rules, an extension of the EDR framework. Cor-
rection rules were used successfully for a binary classifica-
tion problem (Lee et al. 2024), but they did not provide a
significant performance increase when extended to multi-
class classification (Xi et al. 2025). However, the limited
improvement in classification occurred despite good perfor-
mance in error detection. This is evidenced by an examination
of the precision–recall tradeoff of the combined detection-
correction approach, shown for one of the experiments in
Figure 4. Here we see an increase in precision (computed as
per Expression 3) but little change in F1.

Figure 4: Results from Xi et al. (2025) after application of
error detection and correction rules to the LRCN trajectory
classification model (for the “Drive” class) as a function
of hyperparameter ϵ (which can be interpreted as allowable
recall reduction). Note improved precision but little change
in F1.

We now show why the results of studies like Huang et al.
(2024) and Yang et al. (2025) may be the best achievable
with a single model. Let us consider the following example.

Example 4.1 Consider fcar of Example 2.1, and suppose
that its precision, measured over the whole population, is
Pdodge = 0.75, Pford = 0.55, and Ptoyota = 0.65. Now
consider a set S of eleven samples that fcar cannot tell apart.
Suppose the ground truth over S is distributed as shown in
Figure 5. Let c2 be the cue associated with these samples.
Clearly, c2 is error detecting: disregarding these samples

would improve precision, since the best the model can do is
classify all of them as dodge. This makes c2 a useful warning
to a user of fcar . However, without another model, the best
possible “correction” would be to label these samples as
dodge, as any other choice would lead to worse accuracy.

Figure 5: The eleven samples of Example 4.1. All samples are
associated with cue c2 and appear the same to fcar . Ground
truth class boundaries are shown in solid lines.

Examples of this sort led to an analytical result proved
in a “limits of reclassification” theorem in Shakarian,
Simari, and Bastian (2025) (Theorem 4.2 of that paper), the
statement of which is below.

Limits of Reclassification Theorem. Given disjoint
classes α, β (i.e., the model can return one or the other
but not both), cue c and model f , if we have that
P(β ∈ gt | α ∈ f, c ∈ M) ≤ P(β ∈ gt | β ∈ f), then:
P(β ∈ gt | β ∈ f) ≥P(β ∈ gt | β ∈ f ∨ (α ∈ f, c ∈ M)).

This statement generalizes Example 4.1: the precondition
compares the precision of the target class β (the class we
wish to correct to) on the cued samples with its overall preci-
sion. In Example 4.1 the classes toyota and ford both meet
the precondition, so the precision for those classes would
decrease (thus decreasing overall accuracy). This gives no
option for correction. However, this result does not account
for the use of different models or representations, which is
the focus of the next section.

5 Multiple Perceptual Models Can Enable
Correction

The negative result of the prior section does not mean that
correction is not possible. The theorem’s precondition holds
most clearly when the samples look identical to the classifier;
correction becomes possible when that condition is broken,
as the following approaches show.

The Limits of Reclassification Theorem does not comment
on correction via logic-based repair, as done in Cornelio et al.
(2023). Likewise, other neurosymbolic approaches take a
similar strategy: STLnet (Ma et al. 2020) at inference time
and abductive learning (Dai et al. 2019) at training time.
These approaches can be viewed as leveraging properties
of returned logic (such as inconsistency or non-entailment)



driving the repair procedure. The aforementioned papers re-
quire domain knowledge encoded in the logic.

There is an LLM-analog to logic-based repair noted in
Tyen et al. (2024). Here an additional classifier is used to
identify reasoning trace mistakes from the LLM, and when
these are pointed out with the classifier, the authors showed
that the LLM is able to perform correction. However, we
note that in the general case (without the use of an addi-
tional classifier) that LLM self correction without additional
knowledge generally does not lead to improved results. See
Kamoi et al. (2024) for a survey.

The Limits of Reclassification Theorem also does not ad-
dress the case where multiple models are used. We can think
of this as providing a counterpoint to Example 4.1, as done
in Example 5.1.

Example 5.1 Consider fcar of Example 2.1, and a second
model f ′

car . This model performs worse than the first, but
partitions the eleven samples (identified by cue c2) of Fig-
ure 5 differently, as shown by the classification boundary in
Figure 6. In group A of Figure 6, f ′

car returns dodge and in
group B it returns ford . We note that there are other sam-
ples not depicted (that are not associated with c2) which look
identical to f ′

car in these two groups (but samples in group
A look different to f ′

car than samples in group B).

Figure 6: The eleven samples of Example 5.1. All samples are
associated with cue c2 and appear the same to fcar . Ground
truth class boundaries are shown in solid lines. The dashed
line shows the classification boundary of model f ′

car .

In Example 5.1 the second model (f ′
car ) does not perform

as well as the first. We also note that c2 only provides use-
ful error detection for over half of the samples (group B).
However, it encounters the same problem as with the first
model (there is no good correction for the predictions of
f ′
car within group B).2 That said, we can see that this clearly

provides more information once we have the second model.
For example, we can think of a cue c3 defined as follows:
c3 := c2 ∧ (ford ∈ f ′

car ). We note that this new cue violates

2If we consider cue c2 and f ′
car predicting ford , then the preci-

sion would be 0.57, but picking toyota or dodge makes the preci-
sion for that population worse.

the precondition of the Limits of Reclassification Theorem.
This cue not only detects an error in the first model, but
provides an easy correction to fcar . This is the strategy em-
ployed by Lee et al. (2024), where additional models are used
as metacognitive cues. In that work, the authors trained ad-
ditional models in an arbitrary manner, so that model-class
label pairs could serve as candidate cues, creating set M′

(the set from which an algorithm will pick the cues to use,
M).

This resolves the problem of identifying potential failure
modes or correction opportunities a priori. It differs from tra-
ditional ensembles in that there is no requirement for models
to vote on a particular class label. Rather, the use of the model
can be determined directly from the learned metacognitive
cues. In this way, the designer can train models on different
datasets and/or with different hyperparameters and use them
as candidate cues. This leaves the rule learner to figure out
which ones will be the most useful.

However, the paradigm presented in Lee et al. (2024) does
have some shortcomings. First, it requires the identification
of a lead model. Here, the other models only serve as cues.
This differs from a perspective in cognitive psychology that
there is a collection of System 1 perceptual systems referred
to as “The Autonomous Set of Systems” or TASS (Evans
and Stanovich 2013). In Lee et al. (2024), what should be in
the TASS is relegated to use as a metacognitive cue, which
raises the question: if one trains a collection of models for a
given task, how do we know which should be the perceptual
model and which ones should be cues? A second limitation
with this setup is that there is no reasoning about what to do
in a failure case. However, this is mostly due to the fact that
Lee et al. (2024) examine a binary classification problem. To
mirror the concepts of the cognitive psychologists (Ackerman
and Thompson 2017; Evans and Stanovich 2013), we would
want the cues to trigger a reasoning process. This also makes
sense, because if we simply use other models as cues, it is
not clear which one we use to assign a class label in the case
where multiple cues are present (associated with different
class labels).

A different way to deal with the problem is to treat all per-
ceptual models as part of the TASS and reason jointly over
their outputs, the metacognitive cues, and domain knowl-
edge. This is the approach taken in Leiva et al. (2026), de-
picted in Figure 7 where there arenmachine learning models
which are considered along with metacognitive cues and do-
main knowledge to reach a class assignment. Like Lee et al.
(2024), it uses multiple models (though here it relies on a
reasoning process to do so). However, unlike that work, it
does not require any model to have primacy. It also uses
metacognitive cues, as in earlier work (Kricheli et al. 2024;
Xi et al. 2025; Yang et al. 2025). Its cue candidates (de-
termining set M′), however, must be engineered. Further,
like the neurosymbolic work (Cornelio et al. 2023; Ma et al.
2020; Dai et al. 2019) it can leverage domain knowledge as
well. All of these inputs are considered together in a rea-
soning process (using abductive inference) at inference time.
However, unlike the proposal of cognitive scientists (Ack-
erman and Thompson 2017; Evans and Stanovich 2013),
the reasoning process here happens for all perceptual input,
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Figure 7: Overview of Consistency-based Abductive Rea-
soning Approach from Leiva et al. (2026). Here n machine
learning models perceive a novel environment. Their results
are considered with domain knowledge and metacognitive
information about the models (learned independently and
with the same training data) to abduce a set of results that
exhibit consistency and reduce perceptual errors.

rather than being triggered by a metacognitive cue. Despite
these shortcomings, Leiva et al. (2026) show that multi-
ple models with lower precision (due to errors detected via
metacognitive cues) can provide superior performance when
combined. Specifically, their approach outperformed both a
voting-based ensemble and the best single model on object
detection.

6 Directions for Future Research
The observations of this paper also suggest further areas
of exploration. First, symbolic representations can provide
metacognitive cues, but what about other types of represen-
tations? For example, can vector representations of the output
layers of the models also provide potential cues (Ma et al.
2025)? There is also some evidence that activation patterns
could provide the same (de Sousa Ribeiro and Leite 2021).
Perhaps the work on mechanistic interpretability (Bereska
and Gavves 2024) can be leveraged to provide cues as well.
However, we note that symbolic representations provide in-
herently explainable cues, a property lost when a vector rep-
resentation is used. Further, symbolic representations also
afford logic-based repair as a correction mechanism. Losing
this quality with vector representations would exacerbate the
“detection is easier than correction” problem.

Second, the observations of this paper raise several ques-
tions on computational efficiency and the allocation of com-
putational resources. For example, consider an LLM that re-
turns an unbounded output of logical symbol statements. De-
termining with exact methods whether those statements are
consistent is at least linear in the output. While tractable con-
sistency checking is possible for certain fragments of logic,
exact consistency checking is NP-complete even for propo-
sitional logic, and undecidable in general for first-order and
higher-order logic. Part of the reason why metacognitive cues
exist in humans is that they are used to essentially regulate
computational resources. The development of fast methods
to identify potential logical inconsistencies (e.g., Cornelio
et al. 2023; Hu et al. 2025) may become more important.

Third, there is the question of what to do once a metacog-
nitive signal is seen. In recent work on abductive ensem-
bling (Leiva et al. 2026) the metacognitive cue is wrapped
into a corrective process. While these methods improve re-

sults, they do not conserve computational resources. This
is because the more expensive process occurs in any case,
whether it be formal reasoning (Leiva et al. 2026) or expen-
sive LLM calls (Gou et al. 2024).

Finally, artificial metacognition research has largely been
centered on correction of perceptual (vision in particular)
and language models. Comparatively little recent work, how-
ever, has addressed meta-reasoning (Ackerman and Thomp-
son 2017). In particular, this would involve finding cues that
can tell the system if reasoning should continue, accept cur-
rent results, conduct more exploration, re-obtain sensory in-
put, allocate more time, or allocate more memory. That said,
there has been earlier work on meta-reasoning (Horvitz 1987;
Russell and Wefald 1991; Cox and Raja 2011), which may
see renewed interest, especially as global computational de-
mands increase.
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