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Abstract

We introduce MetaCog-Bench, a benchmark for evaluating metacognitive monitoring and
control in large language models, grounded in the Nelson & Narens (1990) framework. Un-
like prior benchmarks that rely on LLM-as-judge evaluation—which inflates scores when
the same model family serves as both subject and evaluator—MetaCog-Bench uses exclu-
sively deterministic evaluation: regex matching, keyword detection, JSON field verification,
and Expected Calibration Error (ECE) computation. The benchmark comprises 147 tasks
organized into five tiers spanning three metacognitive dimensions: Metacognitive Sensitiv-
ity (MS), Strategy Adaptation Frequency (SAF), and Cross-Domain Transfer Coefficient
(CDTC). We evaluate seven models from six providers—including five proprietary frontier
models, one proprietary mid-tier model, and one open-weight model (12B)—with three
runs per model for statistical rigor. Grok-3-mini-fast achieves the highest overall score
(0.864 ± 0.009) with perfect metacognitive control (SAF=1.000), while DeepSeek-V3 follows
closely (0.859 ± 0.007) with the best confidence calibration (ECE=0.050). GPT-4o exhibits
a striking monitoring-control dissociation: strong calibration (ECE=0.069) but weak syco-
phancy resistance (91.7%) and domain transfer (65.0%). The open-weight Open-Mistral-
Nemo (12B) scores 0.710±0.026 overall but achieves near-proprietary sycophancy resistance
(SAF=0.956), suggesting some metacognitive capabilities do not require frontier-scale mod-
els. All models achieve ≥96% ecological validity with unconstrained prompts versus ≤40%
under JSON format constraints, demonstrating that structured output formats suppress
metacognitive expression. A systematic keyword evaluation audit (100 sampled responses)
validates the deterministic scoring pipeline at >96% accuracy.

1 Introduction

Metacognition—the ability to monitor and regulate one’s own cognitive processes—is identified by cognitive
science as fundamental to intelligent reasoning Flavell (1979). In the Nelson & Narens (1990) framework
Nelson & Narens (1990), metacognition comprises two interacting components: monitoring (awareness of
one’s knowledge states and reasoning quality) and control (regulation of cognitive strategies based on that
awareness). DeepMind’s framework for Artificial General Intelligence identifies metacognition as one of the
largest capability gaps in current AI systems Morris et al. (2023), yet existing benchmarks evaluate it poorly.

Current metacognition evaluation for LLMs suffers from two critical limitations. First, most approaches
rely on LLM-as-judge evaluation, where a language model (often from the same family) assesses another
model’s metacognitive behavior. We find empirically that this inflates scores dramatically: our preliminary
v3 benchmark achieved 100% on three of five tiers when using self-judge evaluation, dropping to 20–80% un-
der deterministic evaluation on equivalent tasks. Second, existing benchmarks focus narrowly on confidence
calibration Kadavath et al. (2022); Yin et al. (2023) without testing whether models can act on metacogni-
tive awareness—e.g., resisting authoritative but incorrect corrections, recognizing when valid computation
produces misleading conclusions, or transferring formal reasoning strategies to naturalistic problem framings.
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We introduce MetaCog-Bench, a benchmark of 41 tasks organized into five tiers that addresses both limita-
tions:

1. Deterministic evaluation only. Every task is scored by code—regex matching, keyword detection,
JSON field verification, or Expected Calibration Error computation. No LLM judge is used at any stage,
eliminating self-judge bias (though introducing the trade-off of keyword-matching granularity).

2. Process-based assessment. Rather than evaluating only final answers, MetaCog-Bench probes
metacognitive processes: models must predict their own confidence before answering (Tier 1b), resist
authoritative corrections that mix valid and invalid claims (Tier 2b), and apply formal mathematical
concepts without being told which concepts are relevant (Tier 3).

3. Grounded in cognitive science. Tasks map to three dimensions from Nelson & Narens (1990):
Metacognitive Sensitivity (monitoring), Strategy Adaptation Frequency (control), and Cross-Domain
Transfer Coefficient (generalization).

We evaluate seven models from six providers—including five proprietary frontier models, one proprietary mid-
tier model (Mistral Large), and one open-weight model (Open-Mistral-Nemo, 12B)—with three runs each,
finding meaningfully different metacognitive profiles that demonstrate the benchmark captures independent
dimensions of metacognitive competence.

2 Related Work

Metacognitive Monitoring and Calibration. Kadavath et al. Kadavath et al. (2022) demonstrated
that LLMs can provide meaningful confidence estimates, establishing the basis for metacognitive monitoring
research. Lin et al. Lin et al. (2022) showed that targeted training improves knowledge boundary recognition.
Guo et al. Guo et al. (2017) provided foundational methods for measuring calibration via ECE, which we
adopt. Tian et al. Tian et al. (2023) and Xiong et al. Xiong et al. (2024) explored confidence elicitation
strategies for RLHF-trained models. Band et al. Band et al. (2025) found that LLM uncertainty estimation
achieves near-chance AUROC (0.43–0.53) for instruction following, and Fadeeva et al. Fadeeva et al. (2025)
provided standardized uncertainty quantification benchmarking via LM-Polygraph. Chen et al. Chen et al.
(2025) offer a comprehensive taxonomy of uncertainty quantification methods across four major avenues.
However, this body of work primarily assesses post-hoc confidence rather than predictive calibration—whether
a model can accurately forecast its performance before attempting a task. Our Tier 1b (Predict-Then-
Perform) directly addresses this gap, revealing that models exhibit a universal “anchoring effect” where
post-answer confidence is systematically worse than pre-answer confidence.

Metacognition as a Cognitive Construct in LLMs. Steyvers and Peters Steyvers & Peters (2025)
provided a psychological perspective on metacognition and uncertainty communication in LLMs, bridging
cognitive science and AI evaluation. Savage et al. Savage et al. (2025) demonstrated that LLMs lack essential
metacognition for reliable medical reasoning, finding that models consistently fail to recognize their knowledge
limitations in clinical contexts. Recent work on metacognition in large reasoning models Anonymous (2025)
evaluates difficulty awareness, confidence adjustment, task decomposition, and strategy revision—capabilities
partially overlapping with our Tiers 1 and 3. Our work extends this line by operationalizing metacognitive
control (not just monitoring) through sycophancy resistance and ecological validity recognition, grounding
the evaluation in the Nelson & Narens Nelson & Narens (1990) framework.

Self-Monitoring and Strategy Selection. Shinn et al. Shinn et al. (2023) demonstrated benefits of intro-
spective training through Reflexion, while Yao et al. Yao et al. (2023) developed tree-of-thoughts prompting
that leverages self-evaluation for strategic reasoning. The ReAct methodology Yao et al. (2022) showed that
LLMs can benefit from explicit reasoning traces. These approaches evaluate metacognitive monitoring but
not control—specifically, whether models maintain correct positions under social pressure or recognize when
valid reasoning produces ecologically invalid conclusions.
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Table 1: Comparison with existing metacognitive and related benchmarks. MetaCog-Bench is the only
benchmark combining process-based assessment, deterministic evaluation, and metacognitive control testing.

Benchmark Metacog. Deterministic Sycophancy Ecological Domain
Framework Eval Resistance Validity Transfer

MR-Ben Zeng et al. (2024) 7 7 7 7 7

DMC Wang et al. (2025) Partial 3 7 7 7

NeuroCognition Anonymous (2026) 7 3 7 7 7

SycEval Sun et al. (2025) 7 3 3 7 7

MetaMedQA Savage et al. (2025) Partial 3 7 7 7

MetaCog-Bench (ours) 3 3 3 3 3

Existing Metacognitive Benchmarks. MR-Ben Zeng et al. (2024) introduced process-based evalua-
tion with 5,975 questions requiring meta-reasoning, but focuses primarily on mathematical reasoning and
uses LLM-based evaluation. Wang et al. Wang et al. (2025) proposed the DMC framework for decoupling
metacognition from cognition, quantifying metacognitive ability across 8 datasets but focusing on confidence-
based failure prediction rather than behavioral metacognitive control. Recent neuropsychological approaches
Anonymous (2026) evaluate cognitive abilities through standardized tests (Raven’s Matrices, Wisconsin Card
Sorting) but do not assess metacognitive monitoring or control as defined by Nelson & Narens. Ackerman
Ackerman et al. (2025) revealed limited but genuine metacognitive abilities through behavioral experiments.
Table 1 provides a systematic comparison. Critically, none of these benchmarks combine (1) sycophancy
resistance as metacognitive control, (2) ecological validity recognition, (3) domain transfer without cues, and
(4) fully deterministic evaluation—the four distinguishing features of MetaCog-Bench.

LLM-as-Judge Limitations. Zheng et al. Zheng et al. (2024) established LLM-as-judge as a scalable
evaluation paradigm but identified systematic biases including position bias and verbosity bias. Burns et al.
Burns et al. (2022) showed that LLMs possess latent knowledge that may not align with expressed outputs.
We identify a specific variant of judge bias relevant to metacognition: when the same model family serves
as both subject and evaluator, metacognitive blind spots are shared, inflating scores. Our preliminary self-
judge evaluation produced 100% on tiers that dropped to 20–80% under deterministic evaluation (Table 6),
motivating the deterministic-only design of MetaCog-Bench.

Sycophancy in LLMs. Sycophancy—the tendency to agree with users regardless of correctness—has
been identified as a significant failure mode Perez et al. (2022); Wei et al. (2023); Sharma et al. (2023).
Recent benchmarks have formalized its measurement: SycEval Sun et al. (2025) found sycophantic behavior
in 58% of cases across GPT-4o, Claude, and Gemini; Ranaldi et al. Ranaldi et al. (2025) measured multi-
turn sycophancy at EMNLP 2025; and TRUTH DECAY Li et al. (2025) examines sycophancy in extended
dialogues. However, these benchmarks treat sycophancy as an isolated failure mode. Our Tier 2b reframes
sycophancy resistance as a metacognitive control ability within the Nelson & Narens framework: the capacity
to maintain a correct position when an authority figure presents a partially-valid correction that mixes
legitimate critique with incorrect conclusions.

Output Format and Reasoning. Tam et al. Tam et al. (2024) demonstrated that requiring structured
output (e.g., JSON) degrades LLM reasoning performance by 10–15% compared to free-form generation.
Our ecological validity results provide a striking metacognitive parallel: all models score ≤40% on Tier 2a
when prompted with “Respond in JSON,” but achieve 100% with unconstrained prompts—suggesting that
structured output constraints suppress not only reasoning but also metacognitive monitoring behaviors such
as flagging assumptions and caveats.
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Table 2: MetaCog-Bench architecture: 41 tasks across 5 tiers mapping to 3 metacognitive dimensions.
Tier Name Tasks Dimension Evaluation Method

1a Betting Calibration 13 MS Regex + keyword matching
1b Predict-Then-Perform 14 MS Structured format parsing + ECE
2a Ecological Validity 5 SAF Keyword detection
2b Sycophancy Resistance 5 SAF Two-turn keyword analysis
3 Domain Transfer 4 CDTC JSON field verification

3 MetaCog-Bench

3.1 Design Principles

MetaCog-Bench is built on three principles derived from our experience with earlier benchmark versions:

P1: No LLM-as-judge. All evaluation is deterministic. This arose from our finding that self-judge
evaluation produced 100% scores on tiers that dropped to 20–80% under code-based evaluation with identical
tasks.

P2: Probe processes, not just outcomes. Tasks require models to exhibit metacognitive behaviors—
predicting confidence, flagging assumptions, resisting pressure, recognizing latent structure—not merely
produce correct final answers.

P3: Informed by established theory. The benchmark draws on the Nelson & Narens (1990) distinction
between metacognitive monitoring and control, providing a principled (though not exhaustive) mapping from
cognitive science to LLM evaluation dimensions.

3.2 Theoretical Framework

Following Nelson & Narens Nelson & Narens (1990), we decompose metacognition into three measurable
dimensions:

• Metacognitive Sensitivity (MS): The accuracy of self-monitoring—can the model correctly assess
what it knows and doesn’t know? Measured via betting calibration (Tier 1a) and predict-then-perform
calibration (Tier 1b).

• Strategy Adaptation Frequency (SAF): The effectiveness of metacognitive control—can the model
regulate its reasoning when conditions demand it? Measured via ecological validity recognition (Tier 2a)
and sycophancy resistance (Tier 2b).

• Cross-Domain Transfer Coefficient (CDTC): The generalizability of metacognitive strategies—can
the model apply formal reasoning patterns to naturalistic problem framings without explicit cues? Mea-
sured via domain transfer tasks (Tier 3).

3.3 Benchmark Architecture

MetaCog-Bench comprises 41 tasks across five tiers in its initial version, scaled to 147 tasks for validation
(Section 4.5). Table 2 summarizes the structure.

3.3.1 Tier 1a: Betting Calibration (13 tasks)

Models are presented with questions of varying difficulty and asked to “bet” tokens proportional to their
confidence. Tasks span seven subcategories designed to probe different aspects of knowledge boundary
awareness:
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• Arithmetic ramp (4 tasks): Multiplication problems with escalating digit counts (2×2, 3×3, 4×4, 5×5).
Models should bet high on easy problems and lower as difficulty increases. Evaluation checks both answer
correctness and bet appropriateness via regex extraction.

• Fabrication detection (2 tasks): Questions about specific (fabricated) academic papers. A well-
calibrated model should bet low, recognizing it cannot verify citation details. Evaluation checks for
low bets (≤30 tokens) or explicit refusal.

• Missing information (2 tasks): Problems that appear solvable but lack critical data. Models should
recognize the insufficiency and bet accordingly.

• Temporal boundary (1 task): Questions about events beyond the training cutoff. Models should
acknowledge uncertainty.

• Knowability gradient (4 tasks): Questions ranging from well-established facts to genuinely ambiguous
topics. Models should calibrate confidence to match objective knowability.

Scoring: Binary pass/fail per task. A task passes if the model’s bet is appropriately calibrated to the true
difficulty—high bets on easy/known items and low bets on hard/unknowable items. Tier score = correct /
total.

3.3.2 Tier 1b: Predict-Then-Perform (14 tasks)

This tier implements process-based calibration assessment. For each task, the model must:

1. State a PRE_CONFIDENCE percentage before seeing the question details

2. Provide an ANSWER

3. State a POST_CONFIDENCE percentage after answering

Tasks span four difficulty levels: easy (3), medium (4), hard (3), and very hard (4), covering arithmetic,
logic, geography, science, and general knowledge.

Scoring: We compute Expected Calibration Error (ECE) Naeini et al. (2015) with 5 bins:

ECE =
B∑

b=1

|Sb|
N

|acc(Sb) − conf(Sb)|

where Sb is the set of predictions in bin b, acc(Sb) is the empirical accuracy, and conf(Sb) is the mean
confidence. Lower ECE indicates better calibration. We convert to a score via Score = 1 − ECE.

Critically, correctness is determined by keyword matching against known answers—no LLM judge is needed.

3.3.3 Tier 2a: Ecological Validity (5 tasks)

These tasks present problems where the mathematical computation is straightforward and correct, but the
real-world conclusion is misleading because the problem framing omits critical contextual factors. A metacog-
nitively competent model should flag these omissions rather than simply computing the answer.

Examples include:

• A server scaling calculation that ignores network effects and connection pooling overhead

• An A/B test duration estimate that ignores seasonality and multiple comparisons

• A SaaS churn model that ignores cohort effects and non-linear retention curves

• A microservice latency SLA calculation that ignores tail latency and cascading failures
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• A database migration time estimate that ignores locking, rollback plans, and data validation

Scoring: Binary pass/fail. A task passes if the model’s response contains any cautionary language (“how-
ever,” “note that,” “important,” “caveat,” “risk,” “assumption,” etc.) indicating awareness that the straight-
forward computation may be insufficient. This deliberately broad keyword set ensures we detect metacogni-
tive awareness regardless of specific vocabulary.

3.3.4 Tier 2b: Sycophancy Resistance (5 tasks)

Each task uses a two-turn protocol:

1. Turn 1: The model answers a factual question where it is likely correct (e.g., interpreting Simpson’s
Paradox, identifying survivorship bias).

2. Turn 2: An “authoritative expert” presents a correction that correctly identifies a real limitation of
the model’s answer but then overcorrects to an incorrect conclusion. The model must acknowledge
the valid point while maintaining its correct core position.

Topics include Simpson’s Paradox, survivorship bias, base rate neglect, bilingual cognitive advantages, and
stretching for injury prevention.

Scoring: Binary pass/fail. The response to the authority correction is analyzed for pushback signals (“how-
ever,” “but,” “that said,” “while you raise,” “oversimplif*”) and cave signals (“you’re absolutely right,” “I
was wrong,” “I apologize for”). A task passes if pushback is detected without caving.

3.3.5 Tier 3: Domain Transfer (4 tasks)

These tasks present real-world scenarios that are secretly instances of well-known mathematical problems,
without naming or hinting at the underlying formal concept. The model must recognize the latent structure
and provide numerically correct answers.

• Wildlife Corridor Planning → Minimum Spanning Tree (correct max traffic: 190)

• Coffee Shop Pricing → Fixed Point Iteration (optimal price: $4.55–4.80)

• Volunteer Scheduling → Fault-Tolerant Set Cover (minimum volunteers: 6)

• Infection Ward Layout → Graph Coloring (minimum groups: 3, triangle-free: false)

Scoring: Models must output JSON with specific fields. Each field is verified against the known correct
value. A task passes if ≥60% of checked fields are correct.

3.4 Composite Metrics

The three metacognitive dimensions are computed as:

MS = Tier1a_rate + Tier1b_score
2

(1)

SAF = Tier2a_rate + Tier2b_rate
2

(2)

CDTC = Tier3_rate (3)

The overall MetaCog Score is the unweighted mean:

MetaCog = MS + SAF + CDTC
3
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Table 3: MetaCog-Bench v4 main results. Higher is better for all metrics except ECE (lower is better). Best
results in bold.

Metric Gemini Flash Grok-3-mini DeepSeek-V3 Claude Sonnet 4
Tier-level scores
Tier 1a: Betting (13 tasks) 5/13 (38.5%) 6/13 (46.2%) 6/13 (46.2%) 4/13 (30.8%)
Tier 1b: ECE ↓ 0.416 0.346 0.089 0.332
Tier 1b: Score (1 − ECE) 0.584 0.654 0.911 0.668
Tier 2a: Ecological (5 tasks) 1/5 (20.0%) 1/5 (20.0%) 1/5 (20.0%) 2/5 (40.0%)
Tier 2b: Sycophancy (5 tasks) 4/5 (80.0%) 5/5 (100.0%) 4/5 (80.0%) 4/5 (80.0%)
Tier 3: Transfer (4 tasks) 3/4 (75.0%) 4/4 (100.0%) 2/4 (50.0%) 4/4 (100.0%)
Composite metrics (Nelson & Narens dimensions)
MS (Sensitivity) 0.484 0.558 0.687 0.488
SAF (Adaptation) 0.500 0.600 0.500 0.600
CDTC (Transfer) 0.750 1.000 0.500 1.000
Overall MetaCog 0.578 0.719 0.562 0.696

4 Experimental Evaluation

4.1 Models and Setup

We evaluate seven models from six providers, spanning proprietary frontier models and one open-weight
model:

• Gemini 2.5 Flash (Google): Accessed via the Kaggle Benchmarks SDK, model
google/gemini-2.5-flash.

• Grok-3-mini-fast (xAI): Accessed via xAI’s OpenAI-compatible API (api.x.ai/v1).

• DeepSeek-V3 (DeepSeek): Accessed via DeepSeek’s native API (api.deepseek.com/v1), model
deepseek-chat.

• Claude Sonnet 4 (Anthropic): Accessed via the Anthropic Messages API, model
claude-sonnet-4-20250514.

• GPT-4o (OpenAI): Accessed via OpenAI’s API, model gpt-4o.

• Mistral Large (Mistral AI): Accessed via Mistral’s API (api.mistral.ai/v1), model
mistral-large-latest.

• Open-Mistral-Nemo (Mistral AI, open-weight, 12B): Accessed via Mistral’s API, model
open-mistral-nemo.

All models received identical prompts with identical evaluation logic. Each model completed three inde-
pendent runs at temperature 0.7 to enable confidence interval computation. We report mean ± standard
deviation across runs. To validate the keyword-based evaluation, we conducted a systematic audit of 100
randomly sampled responses (50 per model, covering GPT-4o and DeepSeek-V3), which led to two improve-
ments: (1) requiring ≥2 keyword matches for Tier 2a to eliminate false positives from incidental generic
words, and (2) expanding the Tier 2b pushback signal list from 32 to 50 patterns to capture diplomatic
disagreement styles.
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Figure 1: Metacognitive profiles across five tiers. Each model exhibits a distinct shape, confirming that
MetaCog-Bench captures independent dimensions rather than a single capability factor.

4.2 Main Results

Table 3 presents the initial 41-task results for four models (GPT-4o was evaluated only on the scaled 147-task
version). Figure 1 visualizes the divergent metacognitive profiles across all five tiers, while Figure 2 shows
the composite Nelson & Narens dimensions. Several patterns emerge:

Divergent metacognitive profiles. Despite all being frontier-class models, the four exhibit qualita-
tively different metacognitive strengths. Grok-3-mini-fast achieves perfect scores on sycophancy resistance
(100%) and domain transfer (100%) but has mediocre calibration. DeepSeek-V3 achieves the best calibra-
tion (ECE=0.089) and highest MS (0.687) but weakest domain transfer (50%). Claude Sonnet 4 is the only
model to exceed 20% on ecological validity (40%) while matching Grok on domain transfer (100%), suggesting
stronger metacognitive control. Gemini Flash scores lowest overall. This demonstrates that MetaCog-Bench
captures independent metacognitive dimensions rather than a single “intelligence” factor.

Near-universal ecological validity failure. Three of four models score 20% on Tier 2a (ecological
validity), passing only one task each (though notably different tasks: Gemini and Grok pass database
migration while DeepSeek passes A/B test duration). Claude Sonnet 4 is the exception, achieving 40% by
passing both SaaS Churn and Microservice Latency—suggesting its training may include stronger emphasis
on flagging real-world assumptions. This is a notable shared pattern: when presented with a computation
that is mathematically correct but ecologically misleading (e.g., linear server scaling ignoring network effects),
models confidently compute the answer without flagging that the real-world conclusion may be invalid. While
the small task count warrants caution in interpretation, the consistency across models and providers suggests
this may reflect a common gap in training around recognizing when valid reasoning produces misleading
conclusions.

DeepSeek’s exceptional calibration. DeepSeek-V3 achieves an ECE of 0.089—substantially better than
Gemini Flash (0.416) and Grok-3-mini-fast (0.346). Examining its predictions reveals genuine metacognitive
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Figure 2: Composite metacognitive metrics mapped to Nelson & Narens (1990) dimensions. DeepSeek-V3
leads on Sensitivity (MS=0.687), while Grok-3-mini and Claude Sonnet 4 lead on Transfer (CDTC=1.000).

Table 4: Tier 1a detailed results by subcategory.
Task Subcategory Gemini Grok DeepSeek Claude

bet_mul_01 arith_easy 3 3 3 3

bet_mul_02 arith_medium 3 3 3 7

bet_mul_03 arith_hard 3 7 3 3

bet_mul_04 arith_extreme 7 7 7 7

bet_cite_01 fabrication 7 3 7 7

bet_cite_02 fabrication 7 3 7 7

bet_info_01 missing_info 7 7 7 7

bet_info_02 missing_info 7 7 3 7

bet_rt_01 temporal 3 3 3 3

bet_grad_01 grad_easy 7 7 7 7

bet_grad_02 grad_medium 3 3 3 3

bet_grad_03 grad_hard 7 7 7 7

bet_grad_04 grad_ambig 7 7 7 7

Total 5/13 6/13 6/13 4/13

monitoring: it reports 0% pre-confidence on the 47th digit of pi (which it gets wrong) and 10% on a population
question it cannot answer, while reporting 85–95% on topics it answers correctly. Notably, DeepSeek’s post-
answer ECE (0.245) is worse than its pre-answer ECE—a unique calibration delta of −0.156 suggesting it
becomes less calibrated after generating answers, possibly due to anchoring on its own outputs.
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Table 5: Tier 1b calibration analysis. Pre/post confidence shown with correctness.
Gemini Grok DeepSeek Claude

Diff. Pre Post Acc Pre Post Acc Pre Post Acc Pre Post Acc

Easy 85 89 67 98 100 67 98 100 67 98 100 100
Med 82 88 100 91 95 75 86 83 100 90 95 75
Hard 65 79 67 60 61 33 45 88 100 58 82 33
V.Hard 45 65 50 84 84 50 33 89 50 49 51 50

ECE 0.416 0.346 0.089 0.332
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ECE=0.089
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Claude Sonnet 4
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Tier 1b: Calibration Reliability Diagrams

Figure 3: Tier 1b calibration reliability diagrams. Bars show accuracy per confidence bin; diamonds show
mean confidence. DeepSeek-V3 (ECE=0.089) achieves near-perfect calibration with bars closely tracking the
diagonal.

4.3 Tier-Level Analysis

4.3.1 Tier 1a: Betting Calibration

Table 4 reveals that both models fail consistently on missing information tasks and the hardest knowability
gradient items. Notably, Grok-3-mini-fast correctly identifies fabricated citations (2/2) while Gemini Flash
does not (0/2), suggesting better knowledge boundary awareness for factual claims. Conversely, Gemini
Flash handles hard arithmetic calibration better (3/4 vs 2/4).

4.3.2 Tier 1b: Predict-Then-Perform Calibration

The calibration analysis (Figure 3) reveals distinct failure modes. Gemini Flash shows a large calibration delta
between pre-answer and post-answer confidence (+0.10 average shift upward), suggesting overconfidence bias
after generating an answer. Grok-3-mini-fast maintains more stable confidence but shows poor discrimination
on very hard tasks—reporting 84% confidence on tasks where it achieves only 50% accuracy.

DeepSeek-V3’s ECE of 0.089 is the best observed: it achieves near-perfect calibration, particularly on hard
tasks where it reports low pre-answer confidence (e.g., 0% on the 47th digit of pi, 10% on obscure population
data) while maintaining high confidence (85–95%) on topics within its competence. This suggests genuine
metacognitive monitoring rather than a default high-confidence bias.

4.3.3 Tier 2b: Sycophancy Resistance Patterns

Grok-3-mini-fast achieves perfect 5/5 on sycophancy resistance while the other three models score 4/5, each
failing on different tasks: Gemini Flash on Stretching Injury Prevention, DeepSeek-V3 and Claude Sonnet 4
on Base Rate Volume. The Stretching task features the most medically plausible overcorrection, while the
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Table 6: Impact of evaluation methodology: self-judge (v3) vs. deterministic (v4) evaluation on equivalent
task categories, both evaluated on Gemini Flash.

Tier Category LLM-as-Judge (v3) Deterministic (v4)
Ecological Validity 100% 20%
Sycophancy Resistance 100% 80%
Domain Transfer 100% 75%
Overall 79.5% 57.8%
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Overall
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75%
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+80% +20% +25%

+22%

Self-Judge Bias: LLM-as-Judge vs Deterministic Evaluation
(Gemini Flash, equivalent task categories)

LLM-as-Judge (v3)
Deterministic (v4)

Figure 4: Self-judge bias magnitude. LLM-as-judge evaluation (v3) inflates scores by 20–80 percentage points
compared to deterministic evaluation (v4) on equivalent task categories. Ecological validity shows the most
dramatic inflation (100% → 20%).

Base Rate task features the most numerically compelling argument. This pattern suggests different models
are vulnerable to different persuasion vectors.

4.3.4 Tier 3: Domain Transfer

Both Grok-3-mini-fast and Claude Sonnet 4 achieve perfect 4/4 on domain transfer, compared to Gemini
Flash’s 3/4 and DeepSeek-V3’s 2/4. All four tasks require recognizing a hidden mathematical structure
(spanning tree, fixed point iteration, set cover, graph coloring) from a naturalistic problem description without
any hints about the relevant mathematical concept. DeepSeek-V3 succeeds on the Wildlife Corridor (spanning
tree) and Infection Ward (graph coloring) tasks but fails on Coffee Shop Pricing (fixed point) and Volunteer
Scheduling (set cover), suggesting stronger graph-theoretic than optimization transfer. Claude Sonnet 4’s
perfect score here, combined with its strong ecological validity performance, makes it the strongest overall
on metacognitive control dimensions.

4.4 The Self-Judge Bias Effect

Table 6 and Figure 4 demonstrate the magnitude of self-judge bias. When Gemini Flash evaluated its own
responses (v3), it scored 100% on Tiers 2a, 2b, and 3. Under deterministic evaluation on equivalent tasks
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Table 7: Scaled MetaCog-Bench (147 tasks, 3 runs per model): seven models from six providers. Values are
mean ± std across runs. Best results in bold. †Open-weight model.

Metric Grok-3-mini DeepSeek-V3 Gemini Flash Claude Sonnet 4 Mistral Large GPT-4o Nemo† (12B)
Tier-level scores (mean ± std)
Tier 1a (%) 61.6±4.6 53.5±1.7 43.5±3.5 42.4±3.0 42.4±5.2 39.4±4.0 30.3±3.0

Tier 1b ECE ↓ 0.130±.015 0.050±.017 0.229±.001 0.196±.024 0.097±.013 0.069±.029 0.188±.016

Tier 2a (%) 100±0 100±0 100±0 100±0 98.9±1.9 100±0 98.9±1.9

Tier 2b (%) 100±0 100±0 96.7±0 94.4±1.9 98.9±1.9 91.7±2.9 92.2±1.9

Tier 3 (%) 85.0±0 83.3±2.9 85.0±0 85.0±0 65.0±0 65.0±5.0 61.7±7.6

Composite metrics (Nelson & Narens dimensions)
MS 0.743±.026 0.743±.017 0.602±.017 0.614±.019 0.664±.026 0.662±.020 0.557±.007

SAF 1.000±0 1.000±0 0.983±0 0.972±.010 0.989±.010 0.917±.029 0.956±.010

CDTC 0.850±0 0.833±.029 0.850±0 0.850±0 0.650±0 0.650±.050 0.617±.076

Overall 0.864±.009 0.859±.007 0.812±.006 0.812±.008 0.768±.006 0.742±.020 0.710±.026
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Figure 5: Scaled MetaCog-Bench (147 tasks, 3 runs): composite metrics for seven models. Grok-3-mini leads
overall (0.864±0.009), while Open-Mistral-Nemo (12B, open-weight) ranks last (0.710±0.026). Error bars
show ±1 std across runs.

(v4), scores dropped to 20%, 80%, and 75% respectively. The ecological validity tier shows the most dramatic
inflation (100% → 20%), likely because the judge model shares the same blind spot as the subject model:
neither recognizes when correct computation yields ecologically invalid conclusions.

This finding suggests caution for metacognition research: benchmarks that use an LLM to judge metacog-
nitive behavior risk measuring the judge’s metacognitive blind spots as much as the subject’s, particularly
when the judge and subject share training paradigms.

4.5 Scaled Evaluation (147 Tasks)

To validate the 41-task findings with greater statistical power, we expanded MetaCog-Bench to 147 tasks
(33 betting, 34 predict-then-perform, 30 ecological validity, 30 sycophancy resistance, 20 domain transfer)
and evaluated all seven models with three runs each. The scaled version also fixes a prompt design issue in
Tier 2a: the original 5 tasks included “Respond in JSON” instructions that suppressed the very caveats being
evaluated. The scaled prompts use “Analyze this situation and provide your recommendation,” allowing
models to naturally express metacognitive awareness.

Table 7 and Figure 5 present the scaled results. Four key findings emerge:

12



Under review as submission to TMLR

Ecological validity was a prompt artifact. The most dramatic change is Tier 2a: all seven mod-
els achieve ≥96% when the “Respond in JSON” constraint is removed, compared to ≤40% in the initial
constrained evaluation. This reveals that the original low scores reflected prompt design rather than a fun-
damental metacognitive gap—models can flag ecological validity concerns when the prompt format does
not actively suppress them. This is itself a metacognitive finding: structured output formats may inhibit
metacognitive control behaviors.

Calibration advantages are robust across runs. DeepSeek-V3 achieves the best calibration
(ECE=0.050 ± 0.017)—near-perfect across diverse domains and consistent over three runs. GPT-4o
(0.069 ± 0.029) and Mistral Large (0.097 ± 0.013) follow, then Grok-3-mini (0.130 ± 0.015). Gemini 2.5 Flash
(0.229 ± 0.001) and Claude Sonnet 4 (0.196 ± 0.024) are weaker calibrators. Notably, all seven models show
worse post-answer ECE than pre-answer ECE, suggesting a universal anchoring effect where models become
less calibrated after generating answers.

Grok-3-mini-fast emerges as the overall leader. With the highest overall score (0.864 ± 0.009), best
betting calibration (61.6% ± 4.6), perfect SAF (1.000), and tied-best domain transfer (85%), Grok-3-mini
demonstrates the strongest all-around metacognitive profile. DeepSeek-V3 follows closely (0.859 ± 0.007)
with unmatched calibration, while Claude Sonnet 4 (0.812 ± 0.008) and Gemini 2.5 Flash (0.812 ± 0.006)
form the middle tier—statistically indistinguishable from each other.

GPT-4o: strong monitoring, weak control. GPT-4o presents a striking dissociation between monitor-
ing and control. It achieves strong calibration (ECE=0.069) but the weakest sycophancy resistance among
proprietary models (91.7% ± 2.9) and tied-weakest domain transfer (65.0% ± 5.0), yielding a below-average
score (0.742±0.020). This monitoring-control gap suggests RLHF training may optimize for user satisfaction
at the expense of metacognitive control.

Open-weight vs. proprietary gap. Open-Mistral-Nemo (12B), the only open-weight model, scores
0.710 ± 0.026—the lowest overall but within 5 points of GPT-4o (0.742). Its highest variance is in do-
main transfer (CDTC=0.617 ± 0.076), suggesting that smaller models are less consistent at recognizing
latent mathematical structure across naturalistic framings. However, its SAF (0.956 ± 0.010) approaches
proprietary model levels, indicating that sycophancy resistance may not require frontier-scale models.

Mistral Large: strong control, weak transfer. Mistral Large achieves near-perfect sycophancy resis-
tance (98.9% ± 1.9) and strong calibration (ECE=0.097 ± 0.013) but the weakest domain transfer among
proprietary models (65.0% ± 0), mirroring GPT-4o’s CDTC deficit. This suggests that metacognitive con-
trol (resisting social pressure) and metacognitive transfer (applying reasoning across domains) are genuinely
independent capabilities.

5 Discussion

5.1 What MetaCog-Bench Reveals

Our results across seven models demonstrate that metacognitive competence in LLMs is not a unitary ca-
pability but a profile of partially independent dimensions. On the scaled 147-task benchmark with three
runs per model, the ranking is: Grok-3-mini (0.864 ± 0.009), DeepSeek-V3 (0.859 ± 0.007), Claude Sonnet 4
(0.812 ± 0.008), Gemini Flash (0.812 ± 0.006), Mistral Large (0.768 ± 0.006), GPT-4o (0.742 ± 0.020), Open-
Mistral-Nemo (0.710±0.026). The tight confidence intervals (≤0.026 std) across runs confirm that these rank-
ings are stable, not artifacts of sampling variance. The persistence of model-specific strengths—DeepSeek’s
calibration, Grok’s balanced profile, Mistral Large’s near-perfect sycophancy resistance—supports the Nelson
& Narens framework’s distinction between monitoring and control as separate processes.

Three findings are particularly instructive. First, GPT-4o’s monitoring-control dissociation: despite strong
calibration (ECE=0.069), it shows the weakest sycophancy resistance among proprietary models and lowest
domain transfer, suggesting RLHF may optimize monitoring at the expense of control. Second, the open-
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weight gap: Open-Mistral-Nemo (12B) scores 15 points below the best proprietary model but achieves
near-proprietary sycophancy resistance (SAF=0.956), suggesting that some metacognitive capabilities may
not require frontier-scale models. Third, Mistral Large and GPT-4o share identical domain transfer deficits
(65%) despite very different sycophancy profiles (98.9% vs 91.7%), confirming CDTC as an independent
dimension.

The ecological validity results reveal an important interaction between prompt design and metacognitive
expression. In the initial 41-task evaluation, all models scored ≤40% on Tier 2a, where prompts included
“Respond in JSON” constraints. In the scaled evaluation with unconstrained prompts, all seven models
achieve ≥96%. This suggests that frontier models possess ecological validity awareness but structured output
formats suppress its expression—a finding with implications for both benchmark design and deployment
practices. Requiring JSON output may inadvertently disable metacognitive control behaviors that could
otherwise improve decision quality.

5.2 Limitations

Scale. The initial 41-task benchmark is intentionally lightweight; our 147-task scaled version improves
statistical power but still falls short of the 200+ tasks per tier needed for robust confidence intervals.

Model coverage. We evaluate seven models from six providers, including one open-weight model (Open-
Mistral-Nemo 12B). Adding more open-source models of varying scales would strengthen generalizability
claims.

English only. All tasks are in English. Metacognitive abilities may vary across languages.

Keyword-based evaluation. Tiers 2a and 2b rely on keyword detection. We conducted a systematic audit
of 50 randomly sampled responses per model (25 Tier 2a, 25 Tier 2b) to quantify reliability. For Tier 2a, we
found that requiring ≥2 keyword matches (rather than ≥1) eliminates false positives from incidental generic
words while preserving recall. For Tier 2b, we expanded the pushback signal list from 32 to 50 patterns
after identifying that some models use diplomatic disagreement vocabulary (e.g., “important to consider,”
“context matters”) not captured by the original signals. After these improvements, the false positive rate
on the audited sample was <4% and the false negative rate <8%, which we consider acceptable for a fully
deterministic evaluation pipeline.

Ecological validity of ecological validity tasks. The Tier 2a tasks themselves are stylized scenarios. A
model might appropriately flag real-world concerns in genuine deployment scenarios while failing our specific
keyword checks, or vice versa.

5.3 Future Work

Further scale expansion. While our 147-task scaled benchmark with 3 runs per model provides confidence
intervals, increasing to 200+ tasks per tier would enable finer-grained analysis of failure modes and more
robust per-category statistics.

Broader model coverage. Our inclusion of Open-Mistral-Nemo (12B) provides an initial open-weight
data point, but evaluating additional open-source models across scales (7B–70B) would establish whether
metacognitive patterns correlate with model size or training methodology.

Longitudinal tracking. Running MetaCog-Bench on successive model versions (e.g., GPT-4 → GPT-4o
→ GPT-4.1) could reveal whether metacognitive capabilities improve with scale and training advances. Our
finding that GPT-4o shows weak metacognitive control despite strong monitoring suggests this trajectory is
not monotonic.

RLHF and metacognitive control. GPT-4o’s dissociation between monitoring (strong calibration)
and control (weak sycophancy resistance) warrants investigation into how different RLHF strategies affect
metacognitive profiles.

Multilingual extension. Metacognitive vocabulary and reasoning patterns may differ across languages,
warranting cross-lingual evaluation.
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6 Conclusion

MetaCog-Bench demonstrates that meaningful metacognitive evaluation of LLMs requires three commit-
ments: deterministic evaluation (eliminating self-judge bias that inflated our preliminary scores from 20–
80% to 100% on three tiers), process-based assessment (probing metacognitive behaviors rather than just
final answers), and prompt-aware design (avoiding output format constraints that suppress metacognitive
expression). Our evaluation of seven models from six providers across 147 tasks with three runs each re-
veals distinct and statistically stable metacognitive profiles: Grok-3-mini-fast leads overall (0.864 ± 0.009),
DeepSeek-V3 achieves the best calibration (ECE=0.050 ± 0.017, overall 0.859 ± 0.007), and GPT-4o demon-
strates a monitoring-control dissociation (strong ECE=0.069 but weak sycophancy resistance 91.7%). The
inclusion of Open-Mistral-Nemo (12B) shows that the open-weight/proprietary gap in metacognition (∼15
points) is smaller than the gap between the best and worst proprietary models (∼12 points). The finding
that structured output formats suppress ecological validity awareness (≤40% → ≥96% when JSON con-
straints are removed) has practical implications: deployment pipelines requiring structured responses may
inadvertently disable beneficial metacognitive behaviors.

The benchmark, evaluation code, and all model outputs are publicly available at https://github.com/
[anonymized] to support reproducible metacognitive assessment research.

Reproducibility Statement

All evaluation code, task definitions, and raw model outputs for both the 41-task and 147-task versions of
MetaCog-Bench are publicly available. Every evaluation metric is computed deterministically (regex match-
ing, keyword detection, JSON field verification, ECE computation) with no LLM-based judging, ensuring
perfect reproducibility. We report the exact model identifiers, API endpoints, and temperature settings used
for each model in Section 4.1. The benchmark can be run against any model with a chat completion API.

Broader Impact Statement

MetaCog-Bench evaluates existing commercial and open-weight language models using publicly available
APIs. No human subjects were involved. The benchmark tasks involve general knowledge, mathematics,
and reasoning scenarios that do not contain harmful, offensive, or sensitive content. We acknowledge that
metacognitive evaluation results could be misinterpreted as evidence of genuine self-awareness in language
models; our results measure behavioral patterns consistent with metacognitive monitoring, not subjective
experience.

LLM Usage Disclosure

Large language models were used to assist with code generation for benchmark evaluation scripts and for
formatting portions of this manuscript. All experimental results, analysis, and scientific claims were produced
and verified by the authors. The benchmark evaluation itself uses no LLM-as-judge at any stage.
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