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Abstract—Metacognition—“thinking about thinking”—is crucial for intelligent
behavior, encompassing self-monitoring, error analysis, and strategic regulation of
cognitive processes. This article examines how Hyperdimensional Computing
(HDC) can advance metacognition in AI. We demonstrate how HDC’s
high-dimensional operations enable self-awareness, dynamic memory retrieval,
and iterative learning. By unifying symbolic and subsymbolic representations,
HDC provides transparent self-monitoring and regulation, essential for adaptive
decision-making. We illustrate these concepts with examples, highlighting how
brain-inspired methods can foster greater interpretability in AI systems. Finally, we
discuss open challenges—such as developing advanced encoding schemes and
integrating neural networks—to further enhance self-regulatory capabilities in
next-generation AI.

M etacognition, commonly defined as “think-
ing about thinking," encompasses cognitive
monitoring, self-regulation, and reflection. It

consists of three primary components: metacogni-
tive knowledge (awareness of one’s cognitive pro-
cesses), metacognitive monitoring (tracking and eval-
uating thought processes), and metacognitive control
(adjusting strategies to optimize learning or problem-
solving)1,2. These elements form the foundation for
advanced cognitive functions such as Higher-Order
Thinking Skills (HOTS), which facilitate critical reason-
ing, problem-solving, and creative thought3.

Developing interpretable artificial intelligence (AI)
models that exhibit true metacognitive abilities is chal-
lenging because such systems must not only perform
primary cognitive tasks but also monitor, evaluate, and
adjust their own reasoning processes4,5. In practice,
this requires the incorporation of several key compo-
nents1:

1) Self-Monitoring and Feedback Loops: The sys-
tem needs to continuously track its uncertainty and
confidence, adjusting its reasoning dynamically.

2) Inquiry-Based Adaptation: AI should engage in
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hypothesis testing, exploring multiple possible so-
lutions before committing to a decision.

3) Error Analysis and Correction: The ability to
record and examine patterns of failures is critical,
allowing the system to learn from mistakes and
refine subsequent behavior.

4) Interpretable Decision-Making: To ensure trans-
parency, the system should generate meta-
explanations of its reasoning, leveraging symbolic
representations or natural language to elucidate
its thought processes.

Each of these components demands sophisticated
computational introspection and dynamic self-
regulation—a combination that has proven difficult
to achieve in conventional AI architectures.
Hyperdimensional Computing (HDC), also known
as Vector Symbolic Architecture (VSA), offers a
promising approach to bridging the gap in these
challenges by naturally supporting transparent, robust,
and brain-inspired methods for integrating these
metacognitive functions.

HDC is an emerging computing paradigm inspired
by the information-processing mechanisms of biolog-
ical brains6. It uses high-dimensional vectors (hyper-
vectors) to represent and manipulate data, which can
be useful for various cognitive tasks7,8. Certain aspects
of HDC have made it relevant to metacognitive pro-
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cesses:
1) Transparency: HDC algebra reveals the logic of

how and why systems make decisions, unlike
artificial neural networks9,10. This transparency
could potentially be useful for metacognitive pro-
cesses that involve reflecting on one’s own cogni-
tive states.

2) Working memory: VSA naturally gives rise to
associative memory. Metacognition often involves
monitoring and controlling working memory pro-
cesses, so this could be a potential area to ex-
plore11.

3) Brain-inspired computing: HDC/VSA is de-
scribed as mimicking human brain functionalities
when learning and reasoning in high-dimensional
spaces. This brain-inspired approach might offer
insights into metacognitive processes.

Hyperdimensional Computing
HDC uses very high-dimensional vectors, called hyper-
vectors, to encode symbols and data. These distributed
representations allow both the robustness of connec-
tionist (neural) models and the compositional, sys-
tematic structure typical of symbolic approaches. The
framework relies on operations such as binding, su-
perposition, and permutation. These operations enable
the construction of complex structured representations
from simple building blocks without losing the benefits
of distributed (and noise-tolerant) encoding, enabling
cognitive processing and neural-symbolic integration.
Holistic representation: In HDC, entire data records
(e.g., representing an episode or a fact) can be en-
coded as a single hypervector through holistic trans-
formation.

hx = ϕi (x), i = 1, · · · , D,ϕi ∼ Φ (1)

where each element of the hypervector is encoded
through a process whose parameters are sampled
i.i.d. from some distribution Φ. This encoding maps
information in the data “evenly" over the elements,
and the resulting hypervector can be recognized via
vector similarity both for conventional retrieval and
for analogical mapping — features that can support
metacognitive processes such as self-monitoring and
error-checking.
Structured processing: The HDC operators allow
hypervectors to be composed in a structured fashion,
which provides a natural substrate for analogical pro-
cesses by measuring similarity in hypervector space,
including memory retrieval, alignment, and inference.
These analogical operations are fundamental in many

cognitive theories and are closely linked to metacog-
nitive functions such as evaluating one’s own prob-
lem–solving strategies.

The basic HDC operators are bundling (⊕), binding
(⊙), and permutation (ρ), which respectively implement
superposition, variable binding, and ordering. Bundling
aggregates hypervectors via element-wise addition
such that the resulting hypervector remains similar to
its constituents12. In contrast, binding combines hyper-
vectors via element-wise multiplication or convolution
so that the result encodes both inputs but is dissimilar
to any individual component13. Permutation produces
dissimilar vector and the degree of permutation can
model displacement or position in a sequence.
Working Memory: With the HDC operators, sequence
encoding and recall for tasks like the n-back or serial
recall can be modeled within HDC/VSA. These models
mimic key properties of human working memory—such
as robustness to noise and rapid retrieval—which are
central to theories of metacognition where one moni-
tors and regulates one’s own cognitive processes.
Integration of Symbolic and Subsymbolic Repre-
sentations: As shown in Figure 1, by providing a
single format that can represent both raw data and
structured symbolic information, HDC forms a bridge
between connectionist (neural) and symbolic models.
This unification is seen as a pathway toward systems
that can “think about their own thinking,” a core idea in
metacognitive architectures.

HDC for Metacognitive Modeling
From a computational perspective, metacognition in AI
involves metareasoning, computational introspection,
and self-reflective learning14. Metacognitive AI sys-
tems operate at two distinct levels: a cognitive level,
which performs tasks such as problem-solving and
learning, and a meta-level, which oversees and reg-
ulates the cognitive processes15. Meta-level decision-
making in AI encompasses several essential functions,
including meta-knowledge acquisition, where the sys-
tem develops an understanding of its reasoning strate-
gies, and meta-explanation, where it assesses and
explains its own reasoning processes16,17. AI models
that leverage these principles have shown promise
in areas such as automated planning, self-diagnosing
systems, and adaptive learning environments18,19.
Self-monitoring and Dynamic Feedback: In the do-
main of higher-order thinking, metacognition is crucial
for structuring learning processes that enable inquiry-
based problem-solving. The key pillars of metacog-
nition in HOTS include planning, where learners de-
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FIGURE 1. Structured processing of HDC. (a) HDC encodes structured data and processes such as deterministic finite state
automata (DFA). (b-c) HD operators supports the processing and the comparison of DFA’s.

FIGURE 2. A high-level view of the HDC approach to graph representation. After a graph is encoded into a single “graph
hypervector,” it can be processed and queried—enabling tasks such as information retrieval, node and graph reconstruction,
and graph matching.

velop strategies before tackling a problem; monitoring,
which involves continuous self-assessment of com-
prehension and performance; and evaluation, where
learners adjust their strategies based on feedback20,21.
Notably, inquiry-based learning approaches—where
students generate and refine knowledge through ex-
ploration—have been shown to enhance metacog-
nitive engagement22,23. These findings suggest that
metacognition-based AI models should incorporate dy-
namic feedback loops that allow for strategic adapta-
tion, similar to human cognition.

Existing HDC models offer a natural framework for
modeling metacognition in AI systems. The HDC oper-
ators enable the construction of composite representa-
tions that can encode not only primary task information
but also meta-level data. This compositionality makes it
possible to bind task elements with self-monitoring sig-
nals, allowing a system to assess its performance and
adjust its approach dynamically. In Figure 2, we show
an example of HDC-based graph processing24,25. In
particular, GrapHD uses one hypervector to represent
and memorize the graph structure.

In practice, the robustness and high dimensionality
of HDC representations facilitate rapid retrieval and
comparison based on similarity26,27,28,29. An AI system
can, for example, compare its current state hypervector
with stored prototypes to monitor its comprehension

and performance continuously. This mechanism sup-
ports the planning, monitoring, and evaluation pillars
of metacognition—key aspects that underpin inquiry-
based problem-solving. Moreover, recent work on
learning transformation hypervectors further suggests
that HDC models can adapt their internal strategies in
response to feedback, mirroring the dynamic feedback
loops seen in human metacognitive processes30.

Error analysis and self-correction: Another critical
aspect of metacognition in AI is error analysis and self-
correction. Studies in self-regulated learning indicate
that learners often misjudge their understanding, lead-
ing to inefficient study strategies31. For instance, re-
search on practice testing suggests that while students
recognize testing as a monitoring tool, they often fail
to acknowledge its memory-enhancing benefits32. This
discrepancy between perception and reality has been
linked to fluency illusions, where learners overestimate
their comprehension due to ease of processing33,34.
To address this challenge, AI models should imple-
ment probabilistic reasoning mechanisms to assess
confidence levels and adjust decision-making accord-
ingly35. Bayesian updating and reinforcement learn-
ing are potential methodologies that allow AI sys-
tems to refine their reasoning through iterative self-
assessment36.

HDC models can contribute to error analysis and
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self-correction in metacognitive AI systems in several
ways. First, HDC’s high-dimensional representations
support rapid similarity searches. By comparing the
hypervector representing a current reasoning state
with those of known correct or expected outcomes,
the system can detect discrepancies that may indi-
cate errors or fluency illusions. In addition, because
bundling (via superposition) and binding operations
in HDC naturally aggregate information, the resulting
hypervectors can encode not only the primary data
but also meta-information about the reliability of that
data. This property can be harnessed to develop
probabilistic measures of confidence, which align with
Bayesian updating and help the system calibrate its
self-assessment. The operations in HDC (binding, su-
perposition, permutation) allow the model to decom-
pose and recompose information37. This decomposi-
tion supports targeted error analysis (by ’unbinding’
components) and, subsequently, correction when the
system identifies a misalignment between its predicted
and actual results.
Self-testing: Furthermore, research in human learn-
ing and memory suggests that metacognition is most
effective when learners engage in multiple retrieval
attempts over time38. However, empirical studies show
that learners frequently adopt a "one-and-done" strat-
egy, where they cease testing after a single correct
retrieval39,40. This phenomenon has direct implica-
tions for AI: metacognitive AI systems should simu-
late repeated self-tests and adjust their learning path-
ways based on prior successes and failures. Self-
questioning mechanisms, akin to those used in human
learners, could enhance AI interpretability by enabling
systems to probe their own reasoning structures41.

Existing HDC models naturally support the kind of
repeated retrieval and self-questioning that character-
izes effective metacognition9,42,43. In HDC, information
is stored in robust, high-dimensional hypervectors, and
retrieval is accomplished through similarity measures.
This mechanism allows a system to perform itera-
tive self-tests: for example, by repeatedly querying its
memory with a hypervector representing its current
understanding, the system can monitor consistency
and detect potential errors over time. Moreover, HDC’s
operations facilitate the decomposition of composite
representations. This enables the system to “self-
question” by isolating specific components of its rea-
soning structure, much like a human learner probing
for understanding gaps. If a retrieval does not match
expectations (e.g., the similarity score is lower than
a threshold), the model can adjust its internal repre-
sentations or learning pathways, effectively simulating
dynamic feedback loops akin to Bayesian updating or

reinforcement learning.

Discussion

While traditional HDC/VSA excels in distributed rep-
resentation and efficient computation, it often falls
short in feature extraction and hence bottom-up self-
adaptation. We outline several opportunities for future
work when it comes to metacognitive models:

Self-Monitoring and Decomposition: A key
metacognitive capability in HDC is the ability to
compare current hypervectors—representing internal
states or outputs—with prototypes or expectations.
This comparison supports crucial functions such as
error detection and strategy adjustment. A major
challenge remains in robustly recovering individual
components from composite hypervectors, particularly
in scenarios involving high-dimensional factorization44.
Future work should explore improved mechanisms for
structured decomposition to enhance self-monitoring
in HDC-based systems.

Flexibility and Generalization: For a system to
effectively reflect on its own performance, it must
strike a balance between generalization and speci-
ficity—learning from past experiences while retaining
the ability to track fine-grained details. The discussion
on forming generalized versus specific representations
highlights this metacognitive tradeoff, emphasizing the
need for adaptable encoding strategies that can shift
between broad pattern recognition and precise recall.
This flexibility is particularly important in dynamic en-
vironments where decision-making benefits from both
heuristic-based reasoning and exact memory retrieval.

Integrating Learning and Adaptation: Traditional
HDC/VSA approaches rely on randomized encoding,
which does not inherently involve learning. However,
metacognition requires the ability to adapt representa-
tional and retrieval strategies in response to new expe-
riences. Incorporating learning transformations could
extend HDC/VSA frameworks for metacognitive adap-
tation. In particular, hybrid approaches that integrate
HDC/VSA with neural networks offer a promising path
for incorporating advanced metacognitive functions.
Neural networks can be used to generate or inter-
pret hypervectors for their useful mechanisms such
as attention. When combined, HDC and neural net-
works could enable a unified cognitive system where
symbolic and subsymbolic representations work in tan-
dem.
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