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Figure 1: Metacognitive Framework for LLM Ensembles

Abstract
In this paper, we propose a novel framework for quantifyingmetacog-
nitive processes in ensembles of Large Language Models (LLMs)
and extending the traditional teacher-student model through the
lens of dual-process cognitive theory. We introduce a Metacogni-
tive State Vector (MSV) that operationalizes metacognition across
five dimensions: emotional response analysis, correctness evalu-
ation, experiential matching, conflicting information estimation,
and problem importance task prioritization.
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In our formulation, the rapid, intuitive thinking of System 1
is mapped onto a smaller “student" (single LLM or ensemble of
bagged LLMs) while the deliberate, analytical reasoning of System
2 is mapped onto a larger “teacher" (ensemble of boosted LLMs)
using the MSV. Additionally, we utilize a graph-theoretic archi-
tecture to model ensemble interactions, enabling LLMs to assume
dynamic roles and transition between System 1 and System 2 for
improved decision-making. We view this work as a first step to-
wards establishing a true measure of emergent metacognition in
such systems.

CCS Concepts
•Computingmethodologies→ Cognitive science; Ensemble meth-
ods; • Theory of computation→ Machine learning theory.
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1 Introduction
1.1 Background and Motivation
The recent advent of Generative AI (GenAI) systems like Large
Language Models (LLMs) has transformed how we solve problems
[1, 10, 11] but our understanding of their decision-making processes
and metacognitive capabilities is significantly limited [3, 14]. In
addition, traditional approaches to model distillation and ensemble
methods have primarily focused on performance metrics rather
than the qualitative aspects of decision-making that characterize
human cognition [6, 13].

In this paper, we propose to bridge this gap by introducing a
framework, shown in Figure 1, that integrates the Dual-Process Cog-
nitive Theory from neuroscience with LLM ensemble architectures
[8] as a way to generalize the traditional Teacher-Student Model [6]
as well as to quantify metacognition in LLMs. Our framework helps
connect GenAI and human cognition by providing a theoretical
foundation for quantitatively measuring metacognition in AI sys-
tems using a 5-dimensional Metacognitive State Vector (MSV). This
MSV incorporates emotional responses, correctness evaluations,
and problem importance assessments by mapping neuroscience
principles to LLM ensembles, thereby advancing our understanding
of how AI systems can better mimic human metacognitive abilities.

1.2 Current Approaches and Limitations
Knowledge distillation in LLMs is often used to transfer knowledge
from a large, complex model (the teacher) to a smaller, more effi-
cient model (the student). The teacher model is usually trained on a
comprehensive dataset and then the student model is trained using
a combination of the original training data and the soft targets
provided by the teacher model; these soft targets are the probabil-
ities assigned to each class by the teacher model, which contain
more information than the hard targets [9, 15]. Current Teacher-
Student models in machine learning primarily focus on knowledge
transfer through probability distribution matching [6]. This kind
of knowledge distillation allows the student model to learn from
the nuanced patterns captured by the teacher model and can lead
to improved generalization, allowing the student model to have
significantly fewer parameters.

In fact, recent research has explored the use of neurobiologically-
inspired neural networks to improve the performance of student
models by leveraging insights from neuroscience to design architec-
tures that mirror the cognitive processes of the human brain, with
preliminary results in the context of math problem solving suggest-
ing significant potential for enhancing the capabilities of student
models [4, 9]. These models can also help transfer the metacogni-
tive skills of a strong LLM to a weaker one, thus enhancing the
student’s performance on various tasks [4]. Metacognition, often

called “thinking about thinking" in cognitive psychology, involves
the ability to evaluate and regulate one’s own cognitive processes.
In the context of LLMs, this can be quantified through various
methods such as emotional response analysis, correctness evalua-
tion, experiential matching, and problem importance assessment,
where these methods provide insights into how LLMs can mimic hu-
man metacognitive abilities, thus enhancing their decision-making
capabilities [1, 13].

1.3 Research Objectives
Our aim is to extend beyond these current approaches in order to
provide better understanding and deeper information processing
and knowledge representation of decision-making processes using
ensembles of LLMs. As such, we propose a computational frame-
work to enhance the sophistication and transparency of decision-
making in LLM ensembles and more closely approximate human
cognitive capabilities.

Our proposed framework has three primary objectives:

(1) Establish quantifiable metrics for metacognitive pro-
cesses in LLMs to help operationalize cognitive assessment
as a Metacognitive State Vector (MSV), as seen in Section 2.2

(2) Map the System 1 and System 2 cognitive processes onto dis-
tinct LLM ensemble architectures using the MSV to govern
role engagement and extend the teacher–student para-
digm into a dual-process framework for collaborative rea-
soning at inference-time as well as training-time, as seen in
Section 2.1

(3) Introduce a graph-theoretic control model for LLM ensem-
bles that allows for dynamic role transition mechanisms
which are grounded in cognitive neuroscience principles for
System 1/2 switching, as seen in Section 2.3

We see the Teacher-Student model as a special case of this gen-
eralized Dual-Process Cognitive framework consisting of System 1
(Student) and System 2 (Teacher) that allows for a more nuanced un-
derstanding of knowledge transfer and metacognitive capabilities
of LLMs. We adopt the System 1/System 2 framework as an explana-
tory scaffolding, where System 1 denotes a fast, low-cost path that
yields quick answers and System 2 denotes a slower, higher-cost
refinement process. Concretely, our implementation realizes these
as parallel aggregation and sequential refinement compute regimes
selected by control signals as determined by the MSV.

In addition, the MSV aligns with classic software engineering
principles, where its aggregate value can potentially serve as a
surrogate validation metric for the fit of the response to the initial
problem, while its individual components can provide granular met-
rics for verification of specific aspects of the response, thus bridging
cognitive science and established software QA frameworks.

To the best of our knowledge, this framework represents a sig-
nificant methodological advancement in conceptualizing artificial
metacognition, providing both theoretical foundations and practical
implementation strategies. Importantly, we do not claim that this
work demonstrates emergent metacognition in the human sense
of “thinking about thinking.” Rather, we present it as a control
framework for resource allocation and answer improvement and a
potential stepping stone towards a measurable version thereof.
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2 Theoretical Framework
2.1 Dual-Process Cognitive Model
Our framework builds upon Stanovich’s tri-process theory, which
distinguishes between System 1 (the Autonomous Set of Systems
(TASS)) and System 2 (the algorithmic mind and the reflective mind)
[13]. Wemap these components onto an LLM ensemble architecture
for each where System 1 is implemented as a bagged LLM ensemble
to smooth out predictions and System 2 is implemented as a boosted
LLM ensemble with defined roles and evaluation metrics for deeper
understanding and reasoning, as shown in Figure 1.

System 1 is characterized by fast, automatic, and often subcon-
scious processes while System 2 is slower, more deliberate, and con-
scious. System 1 processes tend to be quick and rely on heuristics,
making them efficient for routine tasks and immediate responses;
System 2 processes, on the other hand, involve analytical think-
ing, requiring more cognitive resources and time, and are engaged
when tasks demand careful consideration, logical reasoning, and
the evaluation of complex problems [13].

In the context of LLMs, mapping these cognitive systems onto
AI architectures involves distinguishing between tasks that can be
handled by pre-trained, automatic responses (analogous to System
1) versus those that require more sophisticated, context-aware pro-
cessing (analogous to System 2). For instance, an LLM might use
System 1-like processes to generate quick responses based on pat-
tern recognition and past data, while System 2-like processes might
be invoked for tasks requiring deeper understanding and reasoning,
such as evaluating the correctness of a response or assessing the
importance of a problem [10].

We model the interaction between these systems dynamically
using graph-theoretic approaches where we represent the ensemble
of LLMs as nodes in a graph, with edges denoting the interactions
and information flow between them and each node dynamically
taking on a role determined by the weights of itsMetacognitive
State Vector (MSV), as shown in Section 2.3; these roles can have
labels like Domain Expert, Critic, Evaluator, Synthesizer, etc. This
allows us to model how System 1 and System 2 processes influence
each other, providing insights into the emergent behavior of the
ensemble. For example, a graph-theoretic model can help visualize
how a quick, heuristic-based decision (System 1) might trigger a
more detailed, analytical review (System 2) when certain conditions
are met, such as the detection of a potential error or the need for a
more nuanced response [1, 2, 5].

The MSV has five dimensions which quantify metacognitive
processes in LLMs on a common [0,100] scale, although implemen-
tations may optionally normalize to [0,1] prior to activation (e.g.,
sigmoid/softmax). These metrics are essential for understanding
how LLMs can mimic human-like metacognition, where System 1
might generate an initial emotional response or heuristic judgment,
and System 2 might subsequently evaluate and refine this response
based on additional information and logical analysis [10, 13]. In
addition, by modeling these complex and multi-faceted interactions
dynamically and quantifying metacognitive processes, we can en-
hance the decision-making capabilities of AI systems, making them
more robust and sophisticated in handling a wide range of tasks.
This approach not only advances our understanding of AI but also

provides a deeper insight into the cognitive processes that underlie
human intelligence [2, 7].

2.2 Metacognitive State Vector (MSV)
We propose a comprehensive framework for quantifying metacog-
nitive processes across five primary dimensions, each implemented
through specific computational mechanisms as follows.

2.2.1 Emotional Response (ER) Implementation. The ER metric cap-
tures the affective components of cognitive processing by aggregat-
ing the emotion intensities {𝑣1, 𝑣2, . . . , 𝑣𝑛} for 𝑛 distinct emotions,
each bounded in [0, 100] [12], and the overall response is:

𝐸𝑅 =

𝑛∑︁
𝑖=1

𝜖𝑖𝑣𝑖 , with 𝜖𝑖 ≥ 0,
𝑛∑︁
𝑖=1

𝜖𝑖 = 1, (1)

with context-dependent weights 𝜖𝑖 . ER is pivotal in prioritizing in-
formation and identifying potential ethical concerns; high ER values
typically accelerate System 2 engagement. This can be implemented
via sentiment analysis using fine-tuned emotion recognition mod-
els, contextual valence shifters detection, physiological response
emulation through token-level analysis, ensemble agreement, etc.

2.2.2 Correctness Evaluation (CE) Framework. CE implements a
hierarchical evaluation structure:
𝐶𝐸 =𝛼1𝐹1 (logical_consistency) + 𝛼2𝐹2 (factual_accuracy)+

𝛼3𝐹3 (contextual_appropriateness)
(2)

where 𝐹1, 𝐹2, 𝐹3 are evaluation functions mapping to [0, 100],
𝛼1, 𝛼2, 𝛼3 are context-dependent weights, and

∑
𝑖 𝛼𝑖 = 1. The CE

dimension provides a comprehensive assessment of response qual-
ity confidence across multiple validity dimensions and aligns with
human epistemic monitoring. We convert this confidence score
signal to an 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦_𝑠𝑖𝑔𝑛𝑎𝑙 = 1 − 𝐶𝐸 where low values of
the uncertainty signal serve as robust triggers for System 2 inter-
vention, initiating more deliberative processing and potential role
transitions to domain experts or critics within the ensemble.

2.2.3 Experiential Matching (EM) System. EM quantifies alignment
through:

𝐸𝑀 =𝜔1𝐾 (response, knowledge_base)+
𝜔2𝑆 (response, historical_responses)

(3)

where 𝐾 (·, ·) measures knowledge base similarity, 𝑆 (·, ·) computes
historical response similarity, and𝜔1, 𝜔2 are adaptive weights based
on context. The EM dimension models relating new information
to existing/familiar knowledge structures, drawing parallels to
episodic and semantic memory integration in human cognition,
leveraging past experiences. We convert this familiarity score sig-
nal to an 𝑢𝑛𝑓 𝑎𝑚𝑖𝑙𝑖𝑎𝑟𝑖𝑡𝑦_𝑠𝑖𝑔𝑛𝑎𝑙 = 1 − 𝐸𝑀 where low values of the
unfamiliarity signal can trigger exploration of alternative knowl-
edge sources, while high scores reinforce confidence in generated
responses.

2.2.4 Conflicting Information (CI) Estimation. CI quantifies the
degree of inconsistency and contradictory information present:

𝐶𝐼 =𝛿1𝐷 (internal_consistency) + 𝛿2𝐷 (source_agreement)+
𝛿3𝐷 (temporal_stability) (4)
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where 𝐷 (internal_consistency) measures logical contradictions
within a single response, 𝐷 (source_agreement) evaluates disagree-
ment across multiple sources, 𝐷 (temporal_stability) assesses con-
sistency of information over time, and 𝛿𝑖 are context-sensitive
weighting coefficients with

∑
𝛿𝑖 = 1. The CI dimension serves

as a critical trigger for System 2 activation, as high conflict signals
the need for deeper analytical processing and aligns with cogni-
tive science research showing that humans engage deliberative
reasoning when confronted with contradictory information.

2.2.5 Problem Importance (PI) Task Prioritization Assessment. PI
implements a multi-factor evaluation:

𝑃𝐼 =𝛽1𝐶 (potential_consequences)+
𝛽2𝑈 (temporal_urgency) + 𝛽3𝐼 (scope_impact) (5)

where 𝛽𝑖 are the dynamically adjusted weights with 𝛽𝑘 >= 0
and

∑
𝛽𝑘 = 1, 𝐶 (·) evaluates potential consequences, 𝑈 (·) mea-

sures temporal urgency, and 𝐼 (·) assesses scope of impact. The PI
dimension captures the critical metacognitive function of resource
allocation based on task significance and parallels the human abil-
ity to prioritize cognitive resources toward high-stakes or time-
sensitive situations; high PI scores trigger more extensive System 2
processing, activating additional ensemble members and enabling
more thorough verification procedures.

2.3 Role Transition Dynamics
The interaction between ensemble members is modeled using the
graph-theoretic ensemble interactions graph, which is defined
as 𝐺 (𝑉 , 𝐸,𝑊 ) where 𝑉 = {𝑣1, . . . , 𝑣𝑛} represents the set of LLM
nodes and 𝐸 ⊆ 𝑉×𝑉 is the subset of all possible pairs of nodes where
each element 𝑒 ∈ 𝐸 is a directed edge from one node to another. In
addition, each edge is assigned a weight𝑊 (𝑒) = (𝑤 (𝑒), 𝜇 (𝑒) (𝑀))
depending on𝑤 (𝑒), the base weight of edge 𝑒 that is independent
of the metacognitive state, as well as the metacognitive transition
function, 𝜇 (𝑒), for edge 𝑒 that depends upon its Metacognitive
State Vector (MSV),𝑀 = (𝐸𝑅,𝐶𝐸, 𝐸𝑀,𝐶𝐼, 𝑃𝐼 ).

Each node 𝑣𝑖 updates its role based on the weight informa-
tion it receives with probability, 𝑃 (𝑟 ′ |𝑟, 𝑀) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑇 (𝑟, 𝑟 ′, 𝑀)),
where 𝑟 is the current role and 𝑟 ′ is the new role. Thus, the weights
on the MSV determine the role(s) each node assumes.

Finally, the FormalRole Transition Framework Γ = (𝑅, 𝑆,𝑇 ,𝑀)
represents the complete role transition systemwhere𝑅 = {𝑟1, . . . , 𝑟𝑘 }
is the set of possible roles, 𝑆 = {𝑠1, . . . , 𝑠𝑛} is the set of system states,
and𝑇 : 𝑅×𝑆 → P(𝑅) defines allowable transitions. The metacogni-
tive dimensions work in conjunction with each other to determine
when System 2 processes should be activated, which roles should
be engaged, and how ensemble resources should be allocated to
optimize response quality.

Analogy: A helpful analogy for this system would be a research
team (ensemble of LLMs) where each person (LLM node) has their
own mental (metacognitive) state and confidence levels. In addition,
each person decides their role based on their own mental (metacog-
nitive) state and the team’s overall approach (the ensemble role
designation) depends on how the individual roles are combined.
Information sharing between people (the nodes) affects their indi-
vidual role decisions and the overall team (ensemble) designation.

Node Role Metacognitive State Vector
ER CE EM PI CI

Node1 Critic 20 30 70 50 80
Node2 Expert 10 90 85 70 20
Node3 Critic 40 25 60 40 75

Table 1: Initial node configuration and role assignments.

Ensemble Dynamics for an Example System: Suppose we
have three nodes with the initial metacognitive state vector config-
uration shown in Table 1. The graph structure is defined as:

𝑉 = {Node1,Node2,Node3}
𝐸 = {(Node1,Node2), (Node2,Node3), (Node3,Node1)}
𝑊 (𝑒) = (𝑤 (𝑒), 𝜇 (𝑒)) for each 𝑒 ∈ 𝐸

The metacognitive activation function 𝜇 (𝑒) (𝑀𝑖 ) for edge 𝑒 origi-
nating from node 𝑖 is computed as:

𝜇 (𝑒𝑖 𝑗 ) (𝑀𝑖 ) = 𝜎 (𝛼1 · 𝐸𝑅𝑖 + 𝛼2 ·𝐶𝐸𝑖 + 𝛼3 · 𝐸𝑀𝑖 + 𝛼4 · 𝑃𝐼𝑖 + 𝛼5 ·𝐶𝐼𝑖 )
where 𝜎 (𝑥) = 1

1+𝑒−𝑥/𝜏 is the sigmoid function with 𝜏 being the
temperature parameter which controls the steepness of the sig-
moid function. Since the metacognitive values are in [0,100] and
weighted sums typically range 20-80, setting 𝜏 = 10 maps this to
[2,8], which gives a nice range of sigmoid outputs; alternatively,
with normalization of all inputs, the standard sigmoid can be used
with 𝜏 = 1. Similarly, 𝛼 are the edge-specific weights and might be
set to something like 𝜶 = (0.1, 0.2, 0.1, 0.3, 0.3).

In regards to role transition analysis, suppose Node1 (initially
Critic) considers a transition to a new role, Expert. The transition
scoring function would then be:

𝑇 (𝑟, 𝑟 ′, 𝑀𝑖 ) = 𝑤1 · 𝐸𝑅𝑖 +𝑤2 ·𝐶𝐸𝑖 +𝑤3 · 𝐸𝑀𝑖 +𝑤4 · 𝑃𝐼𝑖 +𝑤5 ·𝐶𝐼𝑖
For the transition Critic → Expert, we might use role-specific
weights like𝒘Critic→Expert = (0.1, 0.4, 0.1, 0.2, 0.2), which are learned
or set by domain experts. E.g., here higher weight is placed on Cor-
rectness Evaluation (CE), Conflict Information (CI), and Problem
Importance (PI) as these dimensions indicate the need for expert
consultation. The role transition probability is then computed using
the softmax function:

𝑃 (Expert|Critic, 𝑀1) =
exp(𝑇 (Critic, Expert, 𝑀1))∑
𝑟 ′∈Roles exp(𝑇 (Critic, 𝑟 ′, 𝑀1))

The ensemble’s overall role designation is determined through
weighted aggregation:

Ensemble Role = argmax
𝑅

∑︁
𝑖:role𝑖=𝑅

confidence𝑖

where confidence𝑖 is derived from the maximum CE value. There-
fore, each node evaluates potential role transitions using received
information and its current metacognitive state and the overall en-
semble role emerges from the weighted combination of individual
node roles and confidence levels. This framework thus enables dy-
namic adaptation where nodes with higher confidence (like Node2
with CE=90) have greater influence on ensemble behavior, while
metacognitive conflicts (like high CI or PI values) trigger appropri-
ate role and System 1/System 2 transitions to address uncertainty
and maintain system coherence.
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