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MetaCoT-CTRL: Metacognitive Control for Reliable Chain-of-Thought
Reasoning in Large Language Models

Zichen Song(sls530@skku.edu; songzch21@lzu.edu.cn)
School of Applied Artificial Intelligence, Sungkyunkwan University, Seoul, 07930, South Korea
School of Information Science and Engineering, Lanzhou University, Gansu, 730000, CHINA

Abstract

Chain-of-thought (CoT) prompting improves the accu-
racy of large language models (LLMs) by externalizing
intermediate reasoning steps, yet these traces are of-
ten unreliable, containing local inconsistencies or spu-
rious steps that undermine interpretability and trust.
We propose MetaCoT-CTRL, a metacognitive control
framework that treats CoT as an explicit cognitive tra-
jectory subject to monitoring and correction. MetaCoT-
CTRL first generates a low-cost System-1 draft reason-
ing chain, then applies a conflict monitor to localize un-
reliable steps via contradiction, entailment, and task-
specific consistency signals. A System-2 targeted repair
module selectively revises only high-conflict segments,
preserving stable reasoning. To ensure robustness, the
repaired chains are further evaluated using causal consis-
tency and counterfactual validation under semantically
preserving input perturbations. A cognitive cost regu-
larizer discourages redundant or overly long reasoning.
Experiments on ANLI, SVAMP, and CommonQA show
that MetaCoT-CTRL improves reasoning reliability and
stability over existing CoT-based methods while main-
taining efficient inference.
Keywords: chain-of-thought; metacognition; cognitive
control; reasoning reliability; counterfactual robustness;
large language models; interpretability

Introduction
Large language models (LLMs) are increasingly used
as general-purpose decision assistants in tasks requiring
multi-step reasoning, such as natural language inference,
mathematical word problems, and commonsense ques-
tion answering. Chain-of-Thought (CoT) prompting has
become a widely adopted technique for improving per-
formance by externalizing intermediate reasoning steps
?. Beyond accuracy gains, CoT is often viewed as a
pathway to transparency, enabling users to inspect how
a conclusion is reached. However, growing evidence sug-
gests that CoT traces are not inherently reliable explana-
tions. Intermediate steps may contain local inconsisten-
cies, causal reversals, or redundant justifications, even
when the final answer is correct. Such pseudo-aligned
reasoning traces can inflate user trust while masking un-
stable or erroneous reasoning processes.

From a cognitive science perspective, this limitation
reflects a gap between generating a reasoning trace and
exercising control over the reasoning process. Human
cognition does not rely solely on producing candidate

solutions; it also involves monitoring for conflict, de-
tecting anomalies, and allocating additional cognitive re-
sources to repair uncertain steps. Classical dual-process
accounts distinguish fast, heuristic processing (System 1)
from slower, deliberative processing (System 2), coor-
dinated by metacognitive control mechanisms. In con-
trast, standard CoT prompting typically produces a sin-
gle, static reasoning trace without explicit mechanisms
for error localization or correction. Existing reliability-
enhancement methods, such as self-consistency or post-
hoc filtering, often operate at the level of whole chains,
either aggregating or discarding them, rather than iden-
tifying and repairing specific faulty steps. Moreover,
robustness is usually assessed only at the level of final
answers, despite the fact that effective cognition should
also exhibit stability of intermediate claims under se-
mantically preserving perturbations.

To address these limitations, we propose MetaCoT-
CTRL, a metacognitive control framework that treats
CoT as an externally observable cognitive trajec-
tory subject to monitoring, correction, and validation.
MetaCoT-CTRL begins with a low-cost System-1 draft
CoT that produces an initial answer and a set of explicit
intermediate claims. A conflict monitor then assigns
step-wise conflict scores using contradiction signals, en-
tailment checks, and task-specific invariance constraints,
identifying localized high-risk spans within the chain.
Guided by these signals, a System-2 targeted repair mod-
ule selectively revises only the high-conflict segments,
preserving stable reasoning steps rather than regener-
ating the entire chain. To ensure that repaired traces
reflect coherent reasoning, MetaCoT-CTRL further ap-
plies causal consistency validation and counterfactual ro-
bustness checks under semantically preserving input per-
turbations. A cognitive cost regularizer discourages un-
necessary length and redundancy, reflecting bounded ra-
tionality. We evaluate MetaCoT-CTRL on three bench-
marks spanning adversarial reasoning (ANLI), mathe-
matical consistency (SVAMP), and commonsense infer-
ence (CommonQA). Across tasks, MetaCoT-CTRL im-
proves not only answer accuracy but also the reliability
and stability of reasoning trajectories, demonstrating the
value of explicit metacognitive control for trustworthy
LLM reasoning.
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Figure 1: Overview of the MetaCoT-CTRL framework. Given an input x, a low-cost System-1 process
generates a draft chain-of-thought c(0) and initial answer ŷ(0). A conflict monitor evaluates step-wise contradictions,
entailment violations, and invariance constraints to localize a high-risk span H, which triggers targeted System-2
repair. The repaired chain is validated for causal consistency and counterfactual robustness, while cognitive cost
penalizes unnecessary length and redundancy. A controller then selects the reasoning trajectory and answer that
jointly optimize reliability and bounded cognitive cost.

Our contributions are threefold:

• We propose MetaCoT-CTRL, a metacognitive con-
trol framework that treats CoT as a cognitive trajec-
tory and improves reasoning reliability through step-
wise conflict monitoring, targeted repair, and valida-
tion.

• We introduce a localized conflict monitoring mech-
anism that identifies high-risk spans in a reasoning
chain using contradiction/entailment signals and task-
specific invariances, enabling selective System-2 repair
rather than full regeneration.

• We provide an empirical evaluation on ANLI, SVAMP,
and CommonQA demonstrating consistent improve-
ments in reasoning reliability and counterfactual sta-
bility over representative CoT-based baselines, while
controlling cognitive cost (verbosity and redundancy).

Background and Motivation
Chain-of-Thought and Its Limitations
Chain-of-Thought (CoT) prompting encourages LLMs
to express intermediate reasoning steps in natural lan-
guage, often yielding substantial performance gains on
tasks requiring multi-step inference ?. By transforming
an implicit computation into an explicit textual trajec-
tory, CoT is frequently interpreted as improving trans-
parency: intermediate steps appear to provide a ra-
tionale that can be inspected by users or downstream

verifiers. In practice, however, the epistemic status of
CoT remains ambiguous. A reasoning trace may be flu-
ent and structured yet contain incorrect intermediate
claims, unsupported assumptions, or causal reversals,
while still producing the correct final label or option.
This phenomenon resembles pseudo-alignment, where
surface-consistent explanations coexist with unstable in-
ternal reasoning ??. As a result, CoT can conflate legibil-
ity with validity: steps are readable, but not necessarily
justified.

Existing reliability-oriented approaches typically ad-
dress CoT errors through global selection or aggregation.
Self-consistency and diverse sampling methods generate
multiple independent chains and select the most frequent
answer, improving accuracy but providing limited guar-
antees about step-level correctness. Post-hoc filtering
and curation methods remove low-confidence steps or
discard entire chains based on heuristics such as likeli-
hood, entropy, or similarity to reference patterns. While
these strategies can be effective in aggregate, they often
lack error localization: failures are treated at the level
of the whole chain rather than pinpointing which step
is problematic. Consequently, they may discard chains
that are mostly correct but locally flawed, or retain
chains that appear coherent globally yet contain a criti-
cal unsupported leap. Moreover, most evaluations focus
on final-answer accuracy and do not quantify whether
intermediate claims are stable under semantically pre-
serving perturbations (e.g., paraphrases), even though
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such stability is central to the notion of robust reason-
ing. These limitations motivate a shift from treating
CoT as a static product to treating it as a process that
can be monitored and corrected.

Cognitive Control and Metacognition
Cognitive science has long distinguished between gen-
erating candidate responses and controlling the reason-
ing process that produces them. Dual-process theo-
ries describe fast, heuristic processing (often associated
with System 1) and slower, deliberative processing (Sys-
tem 2), with behavior emerging from their interaction
rather than from either system alone. Crucially, Sys-
tem 2 is not always engaged; it is recruited when the
agent detects conflict, uncertainty, or a mismatch be-
tween expectations and ongoing computation. This
recruitment is often framed as cognitive control, sup-
ported by metacognitive mechanisms that monitor inter-
nal states (e.g., conflict, confidence) and regulate strat-
egy selection.

In human reasoning, metacognition provides at least
three functions that are directly relevant to CoT relia-
bility. First, conflict monitoring identifies when current
reasoning is inconsistent with prior knowledge, contex-
tual constraints, or intermediate commitments. Second,
control allocation determines whether additional compu-
tation is warranted, trading off expected benefits against
cognitive costs. Third, error correction enables local re-
pairs: rather than restarting from scratch, reasoners of-
ten revise a specific step (e.g., correcting an arithmetic
operation or replacing a faulty premise) while preserving
the remainder of the reasoning trajectory. These prop-
erties suggest an actionable analogy for LLM reasoning:
CoT generation can be treated as System 1 drafting,
while reliability requires System 2-style monitoring and
correction guided by explicit metacognitive signals.

However, standard CoT prompting lacks an explicit
control loop. The model produces a chain as a one-shot
artifact, and any subsequent verification is typically ex-
ternal and global. To align CoT prompting with cogni-
tive accounts of reliable reasoning, a framework should
(i) produce explicit monitoring signals that localize likely
errors, (ii) perform selective intervention rather than full
regeneration, and (iii) evaluate outcomes in ways that
reflect robust cognition, including stability under coun-
terfactual variations and sensitivity to causal structure.
This motivates MetaCoT-CTRL as a metacognitive con-
trol approach to CoT.

Design Principles for Cognitive Reasoning
Our goal is to operationalize effective cognitive reason-
ing for LLMs: reasoning that is not only correct at
the final answer, but also coherent, stable, and efficient.
We therefore adopt three design principles that guide
MetaCoT-CTRL.

(1) Localize, do not only score. Reliability fail-
ures in CoT are often local: a single unsupported infer-
ence or mis-bound variable can invalidate an otherwise
sensible chain. Thus, effective control requires step-wise
monitoring signals that identify where a chain becomes
unreliable. We prioritize conflict measures that support
localization (e.g., contradiction across steps, entailment
violations with respect to the input, and task-specific
invariance checks) over monolithic chain-level scores.

(2) Repair selectively, do not always regener-
ate. Because many chains contain a mixture of correct
and incorrect steps, full regeneration is inefficient and
may discard useful partial structure. Inspired by human
error correction, we treat revision as a targeted interven-
tion: modify only the high-conflict span and its minimal
dependencies while preserving stable segments. This se-
lective repair supports both efficiency and interpretabil-
ity, since the differences between pre- and post-repair
trajectories can be inspected.

(3) Validate beyond the final answer. A correct
answer alone does not guarantee reliable reasoning. We
incorporate validators that test whether repaired chains
exhibit (i) causal coherence—whether cause–effect rela-
tions implied by steps are directionally plausible and
consistent with context—and (ii) counterfactual robust-
ness—whether key intermediate claims and the final an-
swer remain stable under semantically preserving pertur-
bations. These validators provide process-level evidence
that the reasoning trajectory reflects an effective cogni-
tive strategy rather than brittle pattern matching.

Finally, effective cognition must respect bounded re-
sources. We therefore explicitly model cognitive cost by
penalizing unnecessary length, redundancy, and long-
range inferential jumps. This cost-sensitive view con-
nects reliability with the classical notion of bounded
rationality: reliable reasoning should not only be cor-
rect but also economical and controlled. Together, these
principles motivate a metacognitive control loop for CoT
that can monitor, repair, and validate reasoning trajec-
tories while balancing accuracy against cognitive cost.

The MetaCoT-CTRL Framework
Metacognitive Control Pipeline
MetaCoT-CTRL formulates Chain-of-Thought (CoT)
reasoning as a controlled cognitive process rather than a
one-shot explanatory artifact. Given an input instance
x, the framework treats a reasoning trace as a sequence
of explicit intermediate states,

c = ⟨s1,s2, . . . ,sT ⟩, (1)

where each step st corresponds to a natural-language
claim produced by the model. The goal of MetaCoT-
CTRL is not only to predict a correct answer ŷ, but to
select a reasoning trajectory that is reliable, stable, and
economical.
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The framework introduces an explicit metacognitive
control loop that operates over candidate reasoning tra-
jectories. Starting from an initial draft c(0) generated
by a fast heuristic process (System-1), MetaCoT-CTRL
conditionally engages deliberative processes (System-2)
based on monitored conflict signals. Formally, the con-
trol objective is defined as maximizing a utility function:

U(c, ŷ | x) = V (c, ŷ | x)−λCconf(c | x)−µCcog(c), (2)

where V (·) measures reasoning validity and robustness,
Cconf captures detected conflicts within the chain, and
Ccog encodes cognitive cost. The hyperparameters λ and
µ regulate the trade-off between reliability and efficiency.
This formulation reflects bounded rationality: additional
computation is allocated only when expected gains out-
weigh cognitive cost.

Conflict Monitoring and Targeted System-2
Repair
The first stage of metacognitive control is conflict moni-
toring, which evaluates the initial draft chain c(0) at the
level of individual steps. Each step st is mapped to a
normalized propositional claim κt, yielding a claim set

K(c(0)) = {κ1,κ2, . . . ,κT0}. (3)

For each step, a conflict score γt is computed by aggre-
gating three complementary signals:

γt = α1Γself(t)+α2Γent(t)+α3Γinv(t), (4)

where Γself captures internal inconsistency with prior
steps, Γent measures lack of entailment support from the
input x, and Γinv encodes task-specific invariance viola-
tions.

Internal inconsistency is quantified as

Γself(t) = max
i<t

Contradict(κi,κt), (5)

using a contradiction detector or NLI-based scorer. En-
tailment conflict is defined as

Γent(t) = 1−Entail(x,κt), (6)

penalizing steps that are unsupported by the problem
statement. Invariance conflict Γinv(t) captures domain
constraints, such as inconsistent number bindings or il-
legal operator transitions in arithmetic reasoning.

Rather than collapsing conflicts into a single scalar,
MetaCoT-CTRL localizes a contiguous high-risk span,

H = argmax
[a:b]

b∑
t=a

γt, (7)

subject to a maximum span length constraint. This lo-
calization identifies where System-2 intervention is most
needed.

Targeted repair then revises only the localized span
H. The original chain is decomposed as

c(0) = cpre ⊕ cH ⊕ cpost, (8)

and System-2 generates a repaired segment c̃H condi-
tioned on x and cpre. The repaired chain is

c(1) = cpre ⊕ c̃H ⊕ cpost. (9)

By constraining edits to a localized region, MetaCoT-
CTRL preserves stable reasoning steps while correcting
high-conflict inferences, analogous to human local error
correction. Repair is applied for a bounded number of
iterations to prevent overcorrection.

Validation, Cognitive Cost, and Control
Policy
After repair, candidate reasoning trajectories are evalu-
ated using two validators that assess process-level reli-
ability. The first is causal consistency validation. Each
chain c is interpreted as a set of directed relations be-
tween claims,

E(c) = {(κi → κj)}, (10)
and assigned a causal coherence score

Vcausal(c | x) = 1
|E(c)|

∑
(i→j)∈E(c)

Causal(x,κi,κj), (11)

which penalizes implausible or directionally reversed re-
lations.

The second validator evaluates counterfactual robust-
ness. Given a set of semantically preserving perturba-
tions P(x) = {x(1), . . . ,x(M)}, robustness is measured as

Vcf(c, ŷ | x) = I[ŷ(m) = ŷ,∀m]+ 1
M

M∑
m=1

Sim(K(c),K(c(m))),

(12)
where Sim(·) measures stability of intermediate claims
across perturbations. This criterion ensures that rea-
soning is not brittle to superficial rephrasings.

Finally, MetaCoT-CTRL introduces a cognitive cost
term,

Ccog(c) = η1|c|+η2Redundancy(c)+η3Jump(c), (13)

penalizing excessive length, repetition, and long-range
inferential jumps. Given a small set of candidate trajec-
tories C (typically the draft and one repaired version),
the controller selects

(c∗, ŷ∗) = arg max
(c,ŷ)∈C

U(c, ŷ | x), (14)

thereby implementing metacognitive control as a cost-
sensitive selection process. This formulation allows
MetaCoT-CTRL to improve reasoning reliability while
respecting bounded computational resources.
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Table 1: Overall performance and reasoning reliability. Higher is better (↑) except cognitive cost (CC, ↓).
Method ANLI ↑ SVAMP ↑ CommonQA ↑ SSR ↑ CFS ↑ CC ↓
Step-by-Step (CoT) 49.8 66.1 61.4 0.71 0.62 1.00
Self-Consistency 51.3 69.4 62.7 0.73 0.64 1.48
Iterative Refinement 51.0 68.7 62.3 0.74 0.66 1.36
Effectiveness Ranking 50.9 68.2 62.1 0.75 0.65 1.18
MetaCoT-CTRL 53.1 72.6 64.2 0.81 0.74 1.05

Table 2: Statistics of benchmark datasets used in our
experiments.

Dataset Total Train Dev Test
ANLI R1 4,663 4,422 121 120
ANLI R2 9,637 9,393 121 123
ANLI R3 90,652 88,532 1,053 1,067
SVAMP 4,169 3,963 206 –
CommonQA 9,215 7,306 997 912

Experimental Setup

Benchmark Datasets

To evaluate whether metacognitive control improves
both answer correctness and process reliability, we con-
duct experiments on three benchmark families spanning
adversarial inference, arithmetic reasoning, and com-
monsense multiple-choice QA. These benchmarks are
commonly used to probe different sources of reasoning
failure and thus provide complementary stress tests for
CoT control.

ANLI. We use the Adversarial Natural Language In-
ference dataset (ANLI), which is organized into three
rounds (R1–R3) with increasing adversarial difficulty.
Each instance consists of a premise and hypothesis with
a three-way label (entailment/contradiction/neutral).
Following standard practice, we report results on each
round and their aggregate.

SVAMP. SVAMP consists of arithmetic word prob-
lems that require grounded quantity manipulation and
compositional reasoning. Unlike purely symbolic math,
SVAMP emphasizes language-induced confounds (e.g.,
distractors and paraphrased templates), making it suit-
able for assessing invariance violations such as number
binding and operator consistency. As gold test labels are
not publicly available, we report results on the develop-
ment set following prior work.

CommonQA. We use a commonsense multiple-
choice benchmark (CommonQA) in which each question
is paired with a small set of candidate answers. This set-
ting probes abductive and commonsense reasoning and
exposes failure modes where models generate fluent but
unjustified elimination rationales.

Dataset statistics (train/dev/test splits) are summa-
rized in Table 2. Throughout, we keep dataset prepro-
cessing minimal and follow the official splits.

Base Models and Implementation Details
Our primary evaluation uses a single instruction-
following LLM as the base reasoner. MetaCoT-CTRL
is model-agnostic: it requires no architectural modifi-
cations and is applied as a wrapper around any model
capable of generating CoT traces. The framework pro-
duces an initial draft CoT (System-1) and conditionally
triggers System-2 repair when monitored conflict exceeds
a threshold.

For all experiments, the System-2 intervention thresh-
old is set to the 75th percentile of conflict mass observed
on the development set. In practice, more than 92% of
instances require at most a single repair, and we disable
further repair to enforce bounded deliberation.

CoT formatting. All methods output a step-wise
reasoning trace followed by a final answer. Each reason-
ing step is canonicalized into a proposition-like claim κt

using a lightweight normalization prompt. For SVAMP,
the normalization additionally extracts quantity bind-
ings (number, entity, and relation).

Conflict monitor. The monitor combines contra-
diction among claims, entailment support from the in-
put, and task-specific invariance checks. Entailment and
contradiction are computed using an off-the-shelf NLI
scorer. Invariance checks for SVAMP include number
introduction penalties, unit mismatches, and operator
inconsistency.

Perturbation generator. For counterfactual vali-
dation, we generate M = 3 semantically preserving per-
turbations per instance using lexical substitution, clause
reordering, and minimal paraphrasing, with at most one
perturbation drawn from each category.

Baseline Methods
We compare MetaCoT-CTRL against representative
CoT-based reasoning enhancements:

Step-by-Step (CoT): a single reasoning chain is gen-
erated.

Self-Consistency: multiple independent chains are
sampled and the final answer is selected by majority vote.

Iterative Refinement: the model critiques and re-
vises its own chain iteratively.

Effectiveness Ranking: a chain-level scoring
method (ECCoT-style) selects the most effective reason-
ing trajectory without targeted repair.

All baselines use the same base model and decoding
budget.
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Table 3: Ablation results for MetaCoT-CTRL.
Variant ANLI ↑ SVAMP ↑ CommonQA ↑
w/o Conflict Monitor 50.7 68.1 62.0
w/o Targeted Repair 51.4 69.2 62.8
w/o Causal Validation 51.9 70.3 63.1
w/o Counterfactual Validation 51.6 69.7 63.0
w/o Cognitive Cost 52.4 71.1 63.6
Full MetaCoT-CTRL 53.1 72.6 64.2

Evaluation Metrics
Primary task performance is measured by Accuracy.
We additionally evaluate reasoning reliability using four
metrics.

Step Support Rate (SSR).

SSR(c | x) = 1
T

T∑
t=1

I
[
Entail(x,κt) ≥ τ

]
, (15)

where τ = 0.7 is a fixed entailment confidence threshold.
Conflict Mass (CM).

CM(c | x) = 1
T

T∑
t=1

γt. (16)

Counterfactual Stability (CFS).

CFS(x) = 1
M

M∑
m=1

I
[
ŷ(m) = ŷ

]
+ 1

M

M∑
m=1

Sim
(

K(c),K(c(m))
)

.

(17)
Cognitive Cost (CC).

CC(c) = η1|c|+η2 Redundancy(c)+η3 Jump(c). (18)

All sampling-based results are averaged over three ran-
dom seeds.

Experimental Results
Overall Performance
Table 1 reports accuracy and reliability metrics.
MetaCoT-CTRL consistently outperforms all baselines
across datasets, with the largest gains on SVAMP, where
errors are dominated by local arithmetic inconsistencies.
Improvements in accuracy are accompanied by substan-
tial gains in SSR and CFS, indicating more grounded
and stable reasoning trajectories. Cognitive cost remains
close to standard CoT, demonstrating that gains are not
driven by increased verbosity.

Metacognitive Control and Robustness
Conflict monitoring localizes uncertainty to a small num-
ber of steps, and targeted repair reduces conflict mass
while preserving low-conflict reasoning segments. Coun-
terfactual analysis shows that MetaCoT-CTRL main-
tains both answer and claim stability under paraphrase,
in contrast to standard CoT, which frequently alters in-
termediate commitments.

Ablation and Cognitive Interpretation
Ablation results (Table 3) show that removing conflict
localization leads to the largest performance drop, high-
lighting the importance of identifying where reasoning
fails. Removing validation components degrades stabil-
ity before accuracy, while removing cognitive cost reg-
ularization increases chain length with limited bene-
fit. These patterns support a cognitive interpretation
in which metacognitive control enables local error cor-
rection under bounded resources.

Conclusion
We presented MetaCoT-CTRL, a metacognitive con-
trol framework that reconceptualizes Chain-of-Thought
reasoning as a controlled cognitive process rather than a
static explanatory artifact. By introducing conflict mon-
itoring, localized System-2 repair, and process-level vali-
dation under bounded cognitive cost, MetaCoT-CTRL
operationalizes core principles from cognitive control
and metacognition within large language model reason-
ing. Across adversarial inference, arithmetic reason-
ing, and commonsense QA, the framework improves not
only answer accuracy but also the stability and sup-
port of intermediate reasoning steps, without relying on
extensive sampling or unrestricted refinement. Beyond
performance gains, MetaCoT-CTRL enables a process-
oriented evaluation of machine reasoning that aligns
with cognitive theories emphasizing monitoring, control
allocation, and bounded rationality. Metrics such as
step support, counterfactual stability, and cognitive cost
make it possible to analyze how and why a model arrives
at an answer, not merely whether it is correct. We view
this work as a step toward cognitively grounded reason-
ing systems in which transparency, robustness, and ef-
ficiency are jointly optimized, and as a foundation for
future research on adaptive metacognitive control.
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