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Abstract—The adoption of Vision Foundation Models (VFMs) in high stakes
scenarios has spurred the demand for task specific, high performance models.
However, the lack of explainability of VFMs makes it challenging to ensure safety,
reliability, and resilience across tasks when facing data distributions different from
those seen during training. Recently, approaches based on metacognition, the
human ability to regulate cognitive processes, have emerged as a promising way to
understand these large models. This paper surveys the interdisciplinary connection
between metacognition and state of the art VFMSs, and further examines its
relationship with knowledge distillation (KD), a widely used technique in VFMs. The
paper concludes by outlining possible avenues for future research on the topic.

etacognition, or “cognition about cognition,”
was introduced by Flavell in 1979 and later
expanded by Brown in 1987."2 In psychol-
ogy, it refers to an individual’s ability to monitor, reg-
ulate, and adapt their cognitive processes. Although
metacognition has been extensively studied in diverse
fields, including schizophrenia research, programming
education, manufacturing, aerospace, and military ap-
plications, its definitions and applications vary.'® Here,
we draw upon Flavell's framework, which conceptu-
alizes metacognition as comprising four interrelated
elements: knowledge, experience, goals, and strate-
gies. Together, these elements support self reflection,
adaptive learning, and informed decision making. Re-
cent work formalizes metacognition as a system-level
capability in Al.2% 23
A similar paradigm applies to VFMs, which are
large scale models trained on vast multi-modal data
to learn general-purpose visual representations. Just
as metacognition improves human cognition, it allows
artificial intelligence (Al) systems to self-monitor, detect
errors, adapt learning strategies, and optimize per-
formance. Although interest in metacognitive Al has
fluctuated, the rise of Artificial General Intelligence
(AGI) has rekindled its significance.® This is particu-
larly prevalent in agentic systems and generative Al,
where adaptability and self-improvement are crucial.*
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While systems like ChatGPT and Deepseek Al already
employ metacognitive strategies to refine reasoning
and outputs, their application to VFMs remains un-
derexplored.> While highly cognitive agents can reflect
upon and improve their own knowledge, inducing this
behavior across task-specific VFMs is highly challeng-
ing in the absence of external feedback. KD provides
an effective computational mechanism to emulate this
process, allowing a model to refine its internal rep-
resentations through guidance from a teacher model.
In this sense, KD can be viewed as an operational
analogue of metacognitive learning, enabling VFMs to
inherit not only structured knowledge but also self-
evaluative and generalization behaviors across model
scales.

This work examines metacognitive Al in VFMs, par-
ticularly its role in improving explainability, uncertainty
estimation, adaptive learning, and error detection. Our
key contributions are: (i) unifying metacognitive ap-
proaches in Al to enhance self-awareness and inter-
pretability in VFMs; (ii) bridging metacognition and KD,
highlighting their intersection in self-regulating learning
strategies, and (iii) identifying research challenges and
future directions to develop more robust VFMs.

To examine VFMs from a metacognitive perspective,
Figure 1 presents our adapted framework. Building on
Flavell’s four components, we emphasize the compo-
nents that best explain key functional properties of
current VFMs. In particular, we divide metacognitive
strategies into monitoring and control, and omit explicit
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goals from the figure to concentrate on mechanisms
that are directly reflected in existing model behavior.
Although the overall aim is reliable prediction grounded
in sound semantic reasoning, the framework highlights
the components and processes that support this aim in
practice. We then relate these metacognitive compo-
nents to core properties of VFMs, showing how their in-
teractions can improve performance, adaptability, and
trustworthiness across different applications.

Metacognitive Knowledge refers to an awareness
of one’s cognitive processes. In VFMs, this corre-
sponds to understanding their representational struc-
ture, learning capabilities, and limitations. Given their
large parameter spaces and black-box nature, devel-
oping such knowledge requires interpretable model-
ing approaches. Techniques such as modeling patch
embedding distributions in VFMs or linearly combining
concept prototypes enhance interpretability by reveal-
ing structured semantic representations.!’ Post hoc
methods, including saliency maps and attention vi-
sualization, further support explanation of inference
mechanisms.'* Beyond post hoc analysis, structured
concept-based architectures strengthen metacognitive
knowledge by introducing explicit semantic layers.For
example, VLG-CBM integrates visually grounded con-
cepts, such as objects and attributes detected by an
open-vocabulary detector, as an intermediate concept
layer for image classification®'. By incorporating an
interpretable concept bottleneck, the model exposes
semantically meaningful reasoning pathways, improv-
ing transparency and structured decision making. Ad-
ditionally, VFMs trained to detect object recognition
errors without label access exemplify self-assessment
capabilities.”® Together, these approaches enhance
explainability and representation awareness, which are
essential for reliable adaptation in complex computer
vision tasks. Figure 1 illustrates how metacognitive
knowledge, along with monitoring, experience, and
control, maps onto key functional properties of Vision
Foundation Models, supporting explainability, adapta-
tion, and error awareness.
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FIGURE 1. Metacognition in Vision Foundation Models.

Metacognitive Monitoring enables assessment of
input reliability and detects domain shifts. This con-
nects to VFMs in two ways. First, VFMs, due to their
rich feature representations, can help verify whether
an input aligns with the training distribution of an
Al system, thus working as monitors themselves.
Second, VFMs themselves require monitoring post-
deployment, especially after fine-tuning for specific
tasks. This monitoring can be used for both checking
inputs for distribution shifts (out-of-distribution (OOD)
detection) and misclassification detection (uncertainty
estimation). Recent work on large language models
further distinguishes metacognitive ability from task-
level cognition, providing quantitative perspectives on
monitoring.2*

As VFMs are adapted to downstream tasks through
task-specific fine-tuning, their ability to detect OOD
inputs often degrades due to overfitting to task-aligned
features. This loss of generality weakens the broad
representations that are essential for robust OOD de-
tection. Parameter-efficient tuning strategies help miti-
gate this effect by preserving shared and semantically
rich features during adaptation. For example, fine-
tuning Vision Language Models (VLMs) such as CLIP
using multimodal concept matching maintains seman-
tic alignment across modalities, leading to improved
OOD detection performance.'? Consistent with this ob-
servation, benchmark studies show that although fine-
tuning improves task-specific accuracy, it can reduce
the ability to recognize novel or shifted inputs if ro-
bustness is not explicitly considered.'® Together, these
findings highlight the need to balance task adaptation
with the retention of generalizable representations in
order to ensure reliable metacognitive monitoring ca-
pabilities in VFMs.

To present metacognitive monitoring in VFMs more
intuitively, we draw an explicit parallel with human
metacognitive monitoring, as illustrated in Figure 2.
In humans, metacognitive monitoring involves esti-
mating confidence in one’s knowledge, recognizing
incorrect information, and identifying situations where
knowledge is insufficient, commonly referred to as
knowledge gaps. Analogously, in VFMs, uncertainty
estimation supports reliable inference, misclassifica-
tion detection enables error awareness, and OOD
detection indicates when an input lies outside the
model’s learned knowledge. Similar mechanisms have
emerged in large language models (LLMs), where self-
consistency checks improve inference reliability, hal-
lucination detection mitigates erroneous outputs, and
OOD detection facilitates the identification of knowl-
edge gaps.

Metacognitive Control refers to the ability to regulate

Authorized licensed use limited to: Northeastern University. Downloaded on April 27,2026 at 19:56:10 UTC from IEEE Xplore. Restrictions apply.

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Intelligent Systems. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/MIS.2026.3684015

‘ Metacognitive

L Monitoring
v v v
For Humans For VFMs For LLMs

‘ Self—consistency}
"

Confidence ‘ Uncertainty

Estimation L Estimation Check
"

Error ‘Misclassiﬁcation ‘ Hallucination
Detection L Detection L Detection
"

ooD }

Detection

Understanding OOD ‘
| Knowledge-gap Detection

FIGURE 2. Mapping among metacognitive monitoring in hu-
mans, VFMs, and LLMs.

and modify cognitive processes based on internally
monitored signals. Unlike metacognitive monitoring,
which estimates the current cognitive state, metacogni-
tive control involves taking deliberate actions to adjust
reasoning, learning strategies, or resource allocation
in order to improve performance and reliability. In the
context of VFMs, this may include dynamically adapt-
ing feature usage, modifying learning dynamics, or
reallocating computational effort based on uncertainty,
task complexity, or performance feedback. Such con-
trol mechanisms become particularly important when
VFMs are adapted to downstream tasks through fine-
tuning, where maintaining generalization and reliability
is challenging. A representative example is the self-
distillation mechanism used in DINO,?° where a model
learns from soft targets generated by an exponential
moving average of its own parameters. This process
enables the model to refine its representations using
informative internal guidance rather than relying solely
on hard labels. However, existing approaches do not
explicitly ground this adaptive behavior in structured
knowledge about the learned representations them-
selves. Incorporating more explicit representational
awareness into such control mechanisms remains an
important direction for the next generation of VFMs.

Metacognitive Experience refers to the internal eval-
uative signals that arise from a model’s inference
process and shape how it interprets its own cog-
nitive state. Unlike metacognitive monitoring, which
estimates properties such as uncertainty or distribu-
tion shift, metacognitive experience concerns how the
model internally evaluates those signals and whether
they influence subsequent reasoning or adaptation. In
humans, such experiences include feelings of confi-
dence, perceived difficulty, or a sense of knowing.

In VFMs, metacognitive experience can be inter-

preted as calibrated confidence, perceived prediction
difficulty, or reflective reassessment of outputs. Con-
fidence calibration plays a central role in this pro-
cess, as it determines whether predicted probabilities
meaningfully reflect reliability. Recent work shows that
fine-tuning transformer-based foundation models can
significantly alter calibration behavior. For example,
Bayesian parameter-efficient fine-tuning mitigates un-
derconfidence and improves reliability in few-shot set-
tings."® Similarly, calibrated robust fine-tuning (CaRot)
enhances both OOD generalization and confidence
alignment in VLMs."”

Beyond calibration, self-reflection represents a
stronger form of metacognitive experience, where a
model revisits and refines its own outputs based on
internal evaluative cues. While LLMs have demon-
strated improvements through reflective reasoning
strategies,'® comparable mechanisms remain largely
unexplored for VFMs. Existing work on model intro-
spection primarily analyzes internal representations
or decision pathways,'® but does not explicitly frame
these processes as evaluative signals that guide sub-
sequent inference. Developing self-reflective VFMs
that leverage internal confidence and difficulty signals
to dynamically refine predictions could enable a clearer
separation between monitoring and experience, ulti-
mately improving reliability and adaptability in real-
world deployments.

Building on the metacognitive framework described
earlier, we reinterpret KD as a computational mech-
anism that aligns with metacognitive control and self-
reflection in VFMs. We believe KD will play a critical
role in enhancing the efficiency, adaptability, and gen-
eralization of VFMs by distilling structured knowledge
into more task-oriented and informative representa-
tions.® This process allows VFMs to acquire structured
knowledge representations, thus leading to more effi-
cient self-supervised learning and better feature ab-
straction.” From a metacognitive perspective, KD can
act as self-reflection on current knowledge and sort out
irrelevant information thus enhancing self-monitoring
and adaptation in VFMs. Self-distillation methods like
DINO allow VFMs to refine internal representations us-
ing earlier predictions as guidance, serving as an oper-
ational analogue of metacognitive reflection, enabling
VFMs to evaluate and refine learned representations
over successive training cycles.?° Progressive distilla-
tion, where a student model undergoes multiple itera-
tions of knowledge refinement, further reinforces self-
improving learning paradigms.® However, challenges
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remain in integrating explicit self-awareness mech-
anisms into KD for VFMs. Current KD approaches
often inherit biases from the teacher model, lack
mechanisms for interpretable feature selection, and
struggle with adapting to novel, OOD scenarios.® Fu-
ture research should explore self-reflective distillation
where VFMs actively assess their learning trajectory
and uncertainty levels to optimize knowledge trans-
fer dynamically. Additionally, uncertainty-aware distilla-
tion techniques could allow VFMs to focus on chal-
lenging instances, further aligning with metacognitive
self-regulation principles. By embedding metacognitive
control and monitoring into KD, VFMs can evolve
into more self-aware, efficient, and generalizable Al
systems that are capable of adaptive learning, robust
decision making, and improved inference reliability.

While metacognition has gained traction in language
models through chain of thought reasoning, its inte-
gration into VFMs remains substantially unexplored.
Although VFMs enhance general Al performance, their
ability to assess prediction reliability (e.g., confidence
calibration) and refine outputs (e.g., self-reflection) is
still in its infancy. In short, we highlight the following
key research opportunities:

Confidence Calibration: Fine tuning often degrades
VFMs’ confidence calibration. Future research could
explore meta learning strategies to preserve calibra-
tion post fine-tuning or self-assessment modules that
analyze internal features to detect anomalies.

Metacognitive Feedback Loops: Similar to human
learning, VFMs could benefit from a human in the loop
framework, incorporating real time feedback for more
reliable adaptation. Unlike standard lifelong learning,
this approach actively integrates external validation
into the learning process.

Limited Self Reflection: While self reflection has
improved reasoning in LLMs, its application to VFMs
remains unclear.'® Self-consistency and rational reflec-
tion could refine vision-based predictions, especially in
high-stakes tasks like medical imaging or autonomous
navigation. A lack of these mechanisms leads to per-
sistent errors in complex scenarios.

Task Specific Adaptation: VFMs require substantial
computational resources due to large-scale pretraining
and high inference cost. Metacognitive control could
enable adaptive feature extraction, allocating computa-
tional resources based on task complexity to improve
efficiency. A key research question is whether VFMs
can dynamically select relevant components through

post hoc dynamic architectures that support metacog-
nitive adaptation.

This paper has discussed the integration of metacogni-
tive principles into VFMs to enhance their performance,
adaptability, and reliability. By aligning metacognitive
factors such as experience, monitoring, knowledge,
and self-reflection with the core concepts of VFMs,
we highlight the potential for improving model reliabil-
ity, decision making, and overall generalization. While
metacognitive approaches have been well researched
in language models, their generalization to computer
vision is still underdeveloped. Future research in areas
such as confidence calibration, self-monitoring, and
adaptive learning algorithms can pave the way for
more powerful and efficient VFMs to solve real-world
problems across different applications.
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