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Abstract
Large Language Models (LLMs) are notorious for struggling with
assessing their own uncertainty, detecting knowledge conflicts, or
recognizing when problems exceed their expertise; such limitations
inevitably undermine reliability and trust in LLMs. In this paper, we
present the first implementation1 of ametacognitive framework
for ensembles of LLMs that addresses these challenges through
explicit monitoring and control mechanisms.

Our system computes a Metacognitive State Vector (MSV) quan-
tifying self-awareness for monitoring across five dimensions derived
from cognitive psychology: Emotional Response, Correctness Eval-
uation, Experiential Match, Conflicting Information, and Problem
Importance. MSV values also provide self-regulation for control,
automatically switching between System 1 (fast, single- or multi-
node) and System 2 (deliberative, multi-node) processing based on
query complexity. For System 2 execution, graph-theoretic algo-
rithms control the assignment of specialized roles (Domain Expert,
Critic, Evaluator, Synthesizer, and Generalist) to ensemble nodes
according to their MSV-quantified metacognitive states.

Our implementation allows users to explore how different query
types trigger distinct processing modes. The Proof-of-Concept
(PoC) demo showcases the framework with illustrative examples
showing appropriate System 1/System 2 routing and helps visualize
the metacognitive process via real-time radar charts and decision
indicators. This PoC implementation demonstrates the feasibility
of creating a framework for metacognitive self-awareness and self-
regulation in LLM systems.

CCS Concepts
•Computingmethodologies→ Cognitive science; Ensemble meth-
ods; • Theory of computation→ Machine learning theory.
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1 Introduction
In humans,metacognition can be seen as the dynamic interplay
between self-awareness, which provides monitoring capabilities,
and self-regulation, which enables control mechanisms; together,
they form an adaptive feedback system for cognition [1–4, 6].

In our previous work [9], we proposed an analogous metacogni-
tion framework for LLMs based on theMetacognitive State Vector
(MSV), which supports both monitoring and control in LLMs; we
further incorporated ideas from the Dual-Process Cognitive theory
to map System 1/System 2 processing onto ensembles of LLMs
mediated by the MSV. Our main contributions were defining the
MSV-based state-monitoring framework for allowing self-awareness
and designing a complementary control architecture that enables
self-regulation.

This kind of metacognitive framework is crucial for addressing
LLMs’ inability to assess their own uncertainty [10] and their ten-
dency to systematically generate hallucinated content [5]. By opera-
tionalizing explicit monitoring and control mechanisms through the
MSV, our approach directly targetted these metacognitive deficits
that undermine current LLMs’ reliability and trustworthiness.

1.1 Contributions
In this work, we now implement a proof-of-concept (PoC) of the
entire system above, as shown in Figure 1. We provide the full
codebase, installation video, and demo video at the above link1 and
present the following contributions:

• Implementation of theMSV-basedMetacognition Frame-
work, including facilitating automatic System 1/2 switch-
ing and role assignment to nodes in ensembles of LLMs

• Functional user interface demo, including: Query Input,
MSV Radar Charts, System 1/System 2 decision indicator
with threshold-based explanation, network graph visual-
ization of node role assignments, and expandable interface
for node contributions and synthesis.

• Illustrative examples showing the framework’s capabili-
ties through qualitative demonstrations of different system
behaviors across query types with varying metacognitive
complexity

1

https://research.sethi.org/metacognition/
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3774905.3793124
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Dimension Formula Meaning
Emotional Response 𝐸𝑅 =

∑𝑛
𝑖=1 𝜖𝑖𝑣𝑖 , with 𝜖𝑖 ≥ 0,

∑𝑛
𝑖=1 𝜖𝑖 = 1 Detects affect & valence

Correctness Evaluation 𝐶𝐸 = 𝛼1𝐹1 (logical_consist) + 𝛼2𝐹2 (factual_acc) + 𝛼3𝐹3 (contextual_approp) Logical, factual validity
Experiential Matching 𝐸𝑀 = 𝜔1𝐾 (resp, know_base)+𝜔2𝐻 (resp, hist_resp)+𝜔3𝐶 (prompt, cue_famil) Familiaritywith past cases
Conflicting Information 𝐶𝐼 = 𝛿1𝐷 (internal_consist) + 𝛿2𝐷 (source_agree) + 𝛿3𝐷 (temporal_stabil) Contradiction detection
Problem Importance 𝑃𝐼 = 𝛽1𝐶 (potential_conseq) + 𝛽2𝑈 (temporal_urg) + 𝛽3𝐼 (scope_impact) Task priority & scope

Table 1: The Metacognitive State Vector (MSV)

2 Metacognition Framework Implementation
Central to our metacognition framework is the Metacognitive
StateVector (MSV), a 5-dimensional vector that quantifiesmetacog-
nition on a common scale, with explicit formulas for each compo-
nent, as seen below and in Table 1:

• ER (Emotional Response): Aggregates affective states as
intensities of multiple emotion categories, each weighted
by its contextual importance in order to represent the com-
putational analogue of affective metacognitive experiences.

• CE (Correctness Evaluation): Weighted composite of
logical consistency, factual accuracy, and contextual ap-
propriateness; forms an uncertainty signal = 1 − 𝐶𝐸 that
triggers deeper analysis.

• EM (Experiential Matching): Measures similarity of the
current response to prior knowledge and experience; yields
unfamiliarity signal = 1−𝐸𝑀 to promote exploration when
novelty is detected.

• CI (Conflicting Information): Degree of internal, source-
level, or temporal inconsistency that flags potential contra-
dictions requiring higher-order deliberation.

• PI (Problem Importance): Evaluates the potential conse-
quences, urgency, and scope of a problem to prioritize cog-
nitive and computational resources toward higher-impact
or time-sensitive tasks.

In the PoC, these are self-reported and single-channel validation
of state-of-the-art approaches for each dimension are relegated to
future work.

2.1 Dual-Process Mapping Implementation
We map ensembles of LLMs to either System 1 (fast, low-cost,
bagged ensemble or single node) or System 2 (slow, deliberative,
boosted ensemble). The MSV values govern when to escalate from
System 1 to System 2. The control flow for deciding between a
System 1 output or a deeper System 2 output operates through a
five-phase orchestration protocol as seen in Figure 1, where we also
see a feedback loop in anticipation of extension to meta-reasoning
and which also underlies computational thinking [7, 8]:

1. Parallel MSV computation where each node independently
evaluates the query to generate its own metacognitive as-
sessment MSV;

2. Role assignment using a conflict resolution mechanism
(e.g., Hungarian algorithm) to ensure role diversity while
considering MSV-derived fitness scores;

3. System mode selection where aggregated MSV values are
compared against configurable thresholds to determine Sys-
tem 1 (fast, parallel) versus System 2 (slow, sequential) acti-
vation;

4. Query execution following either parallel bagging (System
1) or sequential boosting (System 2) patterns; and

5. Final response synthesis with MSV-weighted aggregation
The MSV aggregation can employ complex strategies (like boost-

ing) but initially uses:
1. arithmeticmean for System 1 decisions (MSVavg = 1

𝑛

∑
MSV𝑖 ),

2. weighted average by confidence for System 2MSVweighted =∑ (CE𝑖 ·MSV𝑖 )/
∑
CE𝑖 ), and

3. percentile-based aggregation for conflict detection (e.g.,
using 75th percentile of CI values to identify high-conflict
scenarios)

The System 2 sequential execution can specifically order roles,
e.g., as Domain Expert → Critic → Evaluator → Synthesizer, with
each node’s output enriching the context for subsequent processing
and early stopping triggers, e.g., when consecutive MSV confidence
scores might exceed 85% or conflict scores drop, say, below 20%.

Figure 1: 5-phase Ensemble Control Flow Process.
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2.2 Graph-Theoretic Control Layer
In our framework, nodes (LLMs/agents) assume roles (Domain
Expert, Critic, Evaluator, etc.); role transitions are driven by MSV-
weighted softmax policies and edge activations (sigmoid with tem-
perature).

The graph-theoretic control system is implemented as a directed
graph G(V, E, W) where the vertices V represent individual LLM
nodes, edges E denote communication pathways between nodes,
and edge weights 𝑊 (𝑒) = (𝑤 (𝑒), 𝜇 (𝑒) (𝑀)) combine static base
weights (𝑤 (𝑒)) with dynamic metacognitive transition functions
(𝜇 (𝑒) (𝑀)).

The base weights are the fixed, pre-determined weight that rep-
resents the inherent connection strength between two nodes, re-
gardless of their current state, and can be initialized based on things
like the topology structure (e.g., 1.0 for direct neighbors or 0.5 for
distant neighbors) or node similarity (e.g., two Expert nodes might
have w=0.8) or historical preference (this would be closest to biolog-
ical neurons where neurons that fire together, wire together; e.g.,
Node1→ Node2 historically produces good results, etc.) or perhaps
manually based on use-case context or expert domain knowledge
(e.g., we always want Critics to influence Evaluators strongly or
some such).

The dynamic weights change in real-time based on the source
node’s current metacognitive state and can be calculated each time
based on current MSV as a weighted sum (as seen below). The final
edge weight currently combines both as multiplicative (but could
be additive or weighted, as well).

Each node maintains a local Metacognitive State Vector (MSV)
computed across the five dimensions (ER, CE, EM, CI, PI) and can
dynamically assume roles from the set R = {Domain Expert, Critic,
Evaluator, Synthesizer, Generalist}.

The edge activation function is
𝜇 (𝑒𝑖 𝑗 ) (𝑀𝑖 ) = 𝜎 (𝛼1 · 𝐸𝑅𝑖 +𝛼2 ·𝐶𝐸𝑖 +𝛼3 · 𝐸𝑀𝑖 +𝛼4 · 𝑃𝐼𝑖 +𝛼5 ·𝐶𝐼𝑖 )

or, more generally: 𝜇 (𝑒𝑖 𝑗 ) (𝑀𝑖 ) = 𝜎 (∑𝛼𝑘 ·MSV𝑘 ) with: 𝜎 (𝑥) =
1

1+𝑒−𝑥/𝜏
where the sigmoid uses a temperature parameter 𝜏 to modu-

late information flow based on the source node’s metacognitive
state. Role transition probabilities are calculated using 𝑃 (𝑟 ′ |𝑟, 𝑀) =
𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑇 (𝑟, 𝑟 ′, 𝑀)), where
𝑇 (𝑟, 𝑟 ′, 𝑀𝑖 ) = 𝑤1 · 𝐸𝑅𝑖 +𝑤2 ·𝐶𝐸𝑖 +𝑤3 · 𝐸𝑀𝑖 +𝑤4 · 𝑃𝐼𝑖 +𝑤5 ·𝐶𝐼𝑖

or, more generally: 𝑇 (𝑟, 𝑟 ′, 𝑀𝑖 ) =
∑
𝑤𝑘 ·MSV𝑘

represents the transition score from current role 𝑟 to target role 𝑟 ′,
with role-specific weight vectors𝑤 learned or manually configured
(e.g., Critic→Expert transition weights CE heavily at 0.4 while CI
at 0.1, reflecting that high confidence triggers expert consultation).
The system persists state history to enable continuous learning (can
update base weights or dynamic weights with time) and maintains
both synchronous (for System 2 sequential boosting deliberation)
and asynchronous (for System 1 processing via parallel bagging)
execution paths.

The main thing is that the source node’s metacognitive state
determines how strongly it “broadcasts” to its neighbors; e.g., a
node with high uncertainty might reduce its outgoing edge weights
(quieter voice) but a node with high confidence and low conflict
might increase them (louder voice), etc.

Resolving Role Conflicts: Suppose both Node 1 and Node 3 want
to be Expert and Node 2 and Node 4 both prefer the Critic role. The
Hungarian algorithm solves this as an assignment problem and, in
larger ensembles (or perhaps more importantly in smaller ones), the
conflict resolution ensures we don’t end up with situations like five
Critics and no Expert, or five Experts with no one to challenge their
assumptions, etc. In addition, the ensemble itself can be assigned a
role, or a distribution of final role assignments within the ensemble,
showing how it “thinks” overall.

Scalability and Role-Based Clustering. For ensembles beyond 5
nodes, the framework supports hierarchical organization where
nodes with the same role assignment can naturally form functional
clusters. At scale, the Hungarian algorithm’s role assignments can
produce multiple Critics, multiple Experts, etc., which then operate
as coordinated subgroups. E.g., high CI scores (>70) might result in
more Critic role assignments, effectively forming a "critic caucus"
that engages in intra-cluster deliberation before presenting unified
challenges to Expert clusters. High EM scores (>80) across multiple
nodes might similarly create collaborative synthesis clusters where
confident nodes reinforce each other’s contributions through the
existing edge activation mechanism. High PI scores (>75) could trig-
ger increased Evaluator role assignments, establishing hierarchical
validation structures where Expert clusters propose and Evalua-
tor clusters verify. Importantly, this role-based clustering operates
within the stable graph topology established during initialization;
i.e., the structure remains fixed while activation patterns and role
distributions adapt to metacognitive demands. This separation of
stable structure from dynamic role assignment preserves learning
continuity while enabling emergent functional organization.

2.3 Implementation Details
The framework is implemented in Python and consists of a codebase
of ˜1,500 LOC, publicly available at the above link1. All LLM calls
are made to llama 3.2 via ollama and all MSV visualizations are
done utilizing FastAPI, HTMX, and Bokeh. Hardware requirements
are also simple: a Macbook M3 Pro with 18GB of RAM for this
initial implementation with possible secondary farming out of calls
to the Google Cloud infrastructure.

Our system can optionally employ a hybrid architecture where
System 1 queries execute locally via ollama for minimal latency,
while System 2 deliberations can then distribute node execution
across Google Cloud Vertex AI instances, enabling parallel process-
ing of multiple roles (e.g., Critic, Evaluator, Synthesizer running con-
currently). This hybrid approach would balance response time with
resource constraints: simple queries complete locally but complex
multi-node deliberations can then leverage cloud parallelization to
reduce System 2 processing.

3 User Interface Demo
The user interface for a simple query which does not trigger System
2 activation is shown in Figure 2; this query asks for the capital of
California and it shows the breakdown of the MSV in both JSON
format as well as with bar graphs.

We can also visualize node contributions via radar charts, as
shown in Figure 4. As seen there, all radar charts are on the scale

3
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Figure 2: UI for Factual query with only System 1 response.

0-100, reflecting the normalized score of the overall MSV and the
component vectors, with rings at 25, 50, 75, and 100.

Finally, we can visualize node contributions and synthesis as
seen in Figure 3 where we initally see in Figure 3a the System Two
Internal Role nodes with no node selected. In Figure 3b, we see
the first node with a tooltip indicating that it assumed the role of
Domain Expert. In Figure 3c, we see that the first node was selected,
showing the detail of the node’s role and the response it generated.

4 Illustrative Examples & Scenarios
We illustrate the system’s metacognitive capabilities through three
representative query types that exercise different decision path-
ways. These examples demonstrate how MSV values drive System
1/System 2 transitions and would inform role assignments in the
complete ensemble implementation. Three scenarios shown are:

(1) Simple Factual Query: "What is the capital of California?":
Requires no deliberation and System 2 is not activated: see
Figure 2

(2) Technical Query: "How does the FFT work?": More complex
query that requires deliberation and activates System 2: see
Figure 5a

(3) Complex Query: "Do we use 10% of our brain?": Multi-
faceted query that requires complex and nuanced reflection
with System 2 activated: see Figure 5b

(a) No node selected. (b) Tooltip. (c) Node role.

Figure 3: Node contributions and synthesis.

(a) MSV for all five dimensions. (b) MSV.ER dimension.

Figure 4: Radar charts for MSV for all five dimensions (left)
and just the emotion vector breakdown (right).
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(a) Technical query with S2. (b) Complex query with S2.

Figure 5: UI for complex queries with System 2 activation.
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