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Abstract001

Accurate estimation of item (question or task)002
difficulty is critical for educational assessment003
but suffers from the cold start problem. While004
Large Language Models demonstrate superhu-005
man problem-solving capabilities, it remains006
an open question whether they can perceive the007
cognitive struggles of human learners. In this008
work, we present a large-scale empirical anal-009
ysis of Human-AI Difficulty Alignment for010
over 20 models across diverse domains such as011
medical knowledge and mathematical reason-012
ing. Our findings reveal a systematic misalign-013
ment where scaling up model size is not reliably014
helpful; instead of aligning with humans,015
models converge toward a shared machine016
consensus. We observe that high performance017
often impedes accurate difficulty estimation, as018
models struggle to simulate the capability lim-019
itations of students even when being explicitly020
prompted to adopt specific proficiency levels.021
Furthermore, we identify a critical lack of in-022
trospection, as models fail to predict their own023
limitations. These results suggest that general024
problem-solving capability does not imply an025
understanding of human cognitive struggles,026
highlighting the challenge of using current027
models for automated difficulty prediction.028

1 Introduction029

Accurate estimation of item difficulty is the030

cornerstone of educational assessment (Hambleton031

et al., 1991; Hsu et al., 2018; AlKhuzaey et al.,032

2021; Peters et al., 2025). It underpins critical033

applications such as curriculum design, automated034

test generation, and automated item generation035

with controlled difficulty levels (DeMars, 2010;036

Lord, 2012). Traditionally, obtaining accurate037

difficulty parameters (e.g., within Item Response038

Theory (IRT) models (Baker, 2001; Lalor et al.,039

2024)) relies on extensive field testing, a process040

that requires administering questions to large041

cohorts of real test-takers to observe response042

patterns. This reliance creates a significant cold 043

start problem: newly generated questions lack the 044

historical response data necessary to statistically es- 045

timate their parameters, effectively rendering them 046

unusable in adaptive systems until they undergo 047

expensive and time-consuming pre-testing cycles. 048

Prior approaches to Item Difficulty Prediction 049

(IDP) generally treated the task as a supervised 050

learning problem, relying on linguistic features or 051

deep learning models trained on known item param- 052

eters estimated based on item response data (Hsu 053

et al., 2018; Benedetto, 2023; Li et al., 2025b). 054

While effective within specific domains, these 055

methods depend heavily on the availability of his- 056

torical performance data for training, limiting their 057

utility in cold-start scenarios (i.e., no historical 058

tested data is available for training). The emer- 059

gence of LLMs (OpenAI, 2024b; Hurst et al., 2024; 060

Touvron et al., 2023; Qwen-Team, 2024, 2025a) 061

offers a potential paradigm shift. With their vast 062

pre-training and exceptional problem-solving capa- 063

bilities, LLMs seemingly possess the knowledge 064

required to analyze complex content. However, it 065

remains an open question whether these general- 066

purpose models can align with human percep- 067

tion of difficulty without task-specific fine-tuning. 068

There is a fundamental distinction between solving 069

a problem and evaluating its difficulty: a model 070

that effortlessly surpasses human baselines in per- 071

formance may fail to recognize the cognitive hur- 072

dles faced by an average learner (Sweller, 1988, 073

2011; Noroozi and Karami, 2022; Li et al., 2025c). 074

This study investigates this Human-AI Difficulty 075

Alignment, exploring whether off-the-shelf LLMs 076

can bridge the gap between their own capabilities 077

and the student struggles, whose difficulty values 078

are obtained from real student field testing. 079

To investigate this, we propose a comprehensive 080

empirical study that evaluates this Difficulty Align- 081

ment through two distinct lenses: the model as an 082

external observer (predicting others’ difficulty) 083
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and an internal actor (experiencing difficulty it-084

self). Our study operates at scale, benchmark-085

ing over 20 LLMs, spanning both open-weights086

and closed-source families, including reasoning-087

specialized models, across four diverse educational088

domains: language proficiency (Cambridge) (Mul-089

looly et al., 2023), reasoning and logic (SAT Read-090

ing/Writing, SAT Math), and professional medical091

knowledge (USMLE) (Yaneva et al., 2024).092

We structure our investigation around three pri-093

mary dimensions to disentangle the relationship094

between intrinsic capability and extrinsic percep-095

tion. First, we go beyond simple ground-truth cor-096

relation to analyze inter-model consensus, examin-097

ing whether models form a cohesive machine per-098

ception that systematically diverges from students.099

Second, we quantify the capability-perception gap100

using Item Response Theory (IRT). By treating101

the model pool as a cohort of synthetic students,102

we derive empirical machine difficulty based on103

the actual correctness of LLMs, allowing us to test104

for the Curse of Knowledge, where items challeng-105

ing for humans are trivial for machines. Finally,106

we evaluate Metacognitive Alignment and Profi-107

ciency Simulation (Tseng et al., 2024; Zhang et al.,108

2024b), rigorously testing whether models possess109

the introspection to predict their own limitations or110

the flexibility to authentically simulate the cogni-111

tive struggles of lower-proficiency students.112

Key Findings.113

1. Systematic Misalignment: Contrary to stan-114

dard capability metrics, scaling does not reliably115

translate into alignment. Increasing model scale116

does not improve difficulty predictions; instead,117

models form a cohesive Machine Consensus,118

aligning significantly stronger with each other119

than with human reality.120

2. Limits of Simulation: Neither extrinsic ensem-121

bling nor proficiency simulation serves as a re-122

liable fix for the misalignment. Ensemble per-123

formance is strictly bounded by weaker models,124

while proficiency simulation proves highly in-125

consistent as models struggle to authentically126

mimic different proficiency levels.127

3. The Curse of Knowledge: Our IRT-based anal-128

ysis reveals a fundamental mechanistic diver-129

gence: the difficulty derived from models’ actual130

correctness correlates even worse with humans131

than their explicit perceptions. Items that are132

difficult for humans are frequently trivial for133

models, and this capability exhibits significant 134

inertia even under weak student prompts. 135

4. Metacognitive Blindness: We identify a criti- 136

cal lack of introspection. With AUROC scores 137

hovering near random guessing, models fail to 138

predict their own limitations, indicating that ex- 139

plicit difficulty estimates are effectively decou- 140

pled from the model’s actual correctness, lacking 141

the internal signal to ground their predictions. 142

2 Formulation and Evaluation Metrics 143

2.1 Task Formulation 144

We formalize the IDP task as a function approxima- 145

tion problem over a dataset D = {(xi, a∗i , yi)}Ni=1. 146

Each entry comprises the item context xi (includ- 147

ing the question stem, optional passages, and can- 148

didate options), the ground truth answer a∗i , and 149

the difficulty label yi ∈ Y obtained from real- 150

world student field testing. The label space Y 151

adapts to the domain, ranging from continuous val- 152

ues (e.g., yi ∈ [0, 1]) to discrete categories (e.g., 153

Y = {Easy, Medium, Hard}). 154

Let M denote the set of LLMs under evalua- 155

tion. We investigate the alignment between human 156

difficulty yi and AI cognition through two distinct 157

modalities: Difficulty Perception (the model’s esti- 158

mation as an observer) and Problem-Solving Capa- 159

bility (the model’s performance as an actor). 160

The Observer View: Difficulty Perception. In 161

this mode, the model simulates an educator or test 162

developer tasked with estimating item difficulty. 163

To isolate perception from solving capability, the 164

model is provided with the full item context xi, 165

the correct solution a∗i , and an optional proficiency 166

prompt p. The predicted difficulty ŷi,m for model 167

m ∈ M is formulated as: 168

ŷi,m = ϕ (Genm(xi, a
∗
i , p)) (1) 169

where Genm(·) denotes the natural language gen- 170

eration process, and ϕ(·) is a parsing function that 171

maps the generated response to a normalized nu- 172

merical difficulty score. 173

The Actor View: Intrinsic Capability. To as- 174

sess the model’s actual performance, we evaluate 175

it in a standard zero-shot test-taking setting where 176

the correct answer is hidden. The model generates 177

a solution: 178

âi,m = ψ(Genm(xi, p)) (2) 179
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where ψ(·) extracts the final answer. The binary180

correctness vi,m ∈ {0, 1} is subsequently deter-181

mined by vi,m = I(âi,m = a∗i ).182

2.2 Evaluation Framework183

To analyze the divergence between human and184

AI cognition, we evaluate alignment across two185

distinct dimensions: Perceived Difficulty (what186

models predict) and Empirical Difficulty (what187

models experience). We adopt Spearman’s Rank188

Correlation (ρ) as the unified metric for both di-189

mensions, as it robustly measures monotonicity, the190

ability to correctly distinguish that item A is harder191

than item B, while remaining invariant to system-192

atic scaling shifts. Moreover, Spearman correlation193

allows unified comparison across heterogeneous194

label granularities, discrete or continuous.195

Perception Alignment (ρpred). This metric eval-196

uates the model’s accuracy as an observer. We197

calculate the Spearman correlation between the198

model’s predicted difficulty scores ŷi,m and the199

human ground truth yi.200

ρpred,m = Spearman({ŷi,m}Ni=1, {yi}Ni=1) (3)201

A higher ρpred,m indicates that the model’s explicit202

perception of difficulty aligns with the human hi-203

erarchy. For simplicity, we omit the subscript m204

when not referring to a specific model.205

Capability Alignment (ρirt). This metric evalu-206

ates the model’s alignment as an actor. To quantify207

this, we first derive the Empirical Machine Diffi-208

culty βi using Item Response Theory (IRT). We209

treat the set of models M as a population of syn-210

thetic examinees and construct a binary correctness211

matrix. We fit a Rasch Model (1-Parameter Lo-212

gistic Model) where the probability of model m213

answering item i correctly is:214

P (vi,m = 1 | θm, βi) =
1

1 + exp(−(θm − βi))
(4)215

Here, βi represents the intrinsic machine difficulty216

of item i, estimated via Marginal Maximum Likeli-217

hood Estimation. Crucially, we then calculate the218

correlation between this empirical difficulty and219

human difficulty:220

ρirt = Spearman({βi}Ni=1, {yi}Ni=1) (5)221

With ρpred and ρirt, we can obtain a systemic view222

of the Human-AI Difficulty Alignment.223

2.3 Proficiency Simulation 224

To systematically investigate the model’s abil- 225

ity to simulate different cognitive states and 226

align with student populations, we define a set 227

of four distinct proficiency configurations P = 228

{p0, plow, pmid, phigh}. These configurations serve 229

as system-level instructions that condition the 230

model’s generation process. 231

• Baseline: No Proficiency (p0). This represents 232

the control setting (or vanilla mode). We provide 233

the model with standard instructions to predict 234

difficulty or solve the problem without adopt- 235

ing a specific student proficiency. This setting 236

evaluates the model’s intrinsic alignment, i.e., 237

its default perception of difficulty. 238

• Low-Proficiency Student (plow). We prompt 239

the model to simulate a student with limited 240

subject mastery. This proficiency aims to test 241

whether the model can suppress its own knowl- 242

edge to accurately estimate high-difficulty items 243

for struggling learners. 244

• Average-Proficiency Student (pmid). This pro- 245

ficiency represents the median student. This 246

serves as a proxy for the general population av- 247

erage. 248

• High-Proficiency Student (phigh). We simulate 249

a top-tier student who has high proficiency in 250

the subject. This setting investigates whether 251

the model aligns closely with the most capable 252

subset of the human population. 253

For different domains, the proficiency prompts 254

are slightly different to align with the domain- 255

specific scenarios, as shown in the Appendix D. 256

Moreover, we do not provide much description on 257

what a low/average/high-proficiency student would 258

be like, since this is also a part of the investigation 259

on how the model understands them. 260

2.4 Experimental Setup 261

Datasets. The key challenge for Human-AI Dif- 262

ficulty Alignment is to find the dataset that has 263

the ground truth difficulty values that are obtained 264

from real student field testing, since most of the 265

existing research on IDP is conducted on private 266

datasets or datasets from multiple resources, result- 267

ing really large discrepancy between the model’s 268

capability and the real students’ performance. To 269

ensure the robustness of our findings across differ- 270

ent educational domains, we select four datasets 271

3



Model USMLE Cambridge SAT-R SAT-M Average

GPT-3.5-Turbo 0.09 0.20 0.26 0.40 0.24
GPT-4o 0.19 0.48 0.38 0.55 0.40
GPT-4o-mini 0.05 0.42 0.26 0.49 0.31
GPT-4.1 0.30 0.49 0.49 0.48 0.44
GPT-4.1-mini 0.20 0.46 0.48 0.45 0.40
GPT-o4-mini 0.28 0.36 0.46 0.29 0.35
GPT-5 0.36 0.36 0.38 0.25 0.34

Llama2-7B 0.05 0.00 0.08 0.03 0.04
Llama2-13B 0.00 0.10 0.14 0.16 0.10
Phi3 0.01 -0.01 0.09 0.30 0.10
Phi3.5 0.06 0.06 0.12 0.32 0.14
Llama3.1-8B 0.04 0.04 0.23 0.43 0.19
Qwen2.5-7B 0.10 0.16 0.22 0.49 0.24
Qwen2.5-32B 0.09 0.44 0.30 0.56 0.35
Phi4 0.11 0.40 0.38 0.50 0.35
Qwen3-8B 0.03 0.35 0.20 0.46 0.26
Qwen3-32B 0.11 0.38 0.23 0.52 0.31

DeepSeek-R1 0.28 0.40 0.50 0.44 0.40
QWQ-32B 0.20 0.41 0.43 0.52 0.39
R1-Qwen32B -0.01 0.40 0.25 0.42 0.27
Qwen3-32B (R) 0.21 0.42 0.33 0.48 0.36

Average 0.13 0.30 0.29 0.41 0.28

Table 1: The Spearman’s rank correlation results. Over-
all alignment remains weak, indicating systematic
misalignment.

covering reading comprehension, verbal reason-272

ing, math reasoning, and specialized professional273

knowledge.274

USMLE (Medical Knowledge): Sourced from275

the United States Medical Licensing Examination276

(Yaneva et al., 2024), this dataset represents a high-277

stakes, knowledge-intensive domain. It contains278

667 items developed by the NBME and FSMB,279

ensuring high reliability with field-test data from280

over 300 medical students per item. We utilize the281

provided continuous difficulty values (transformed282

p-values), which range from [0, 1.3].283

Cambridge (Linguistic Proficiency): Sourced284

from the Cambridge Multiple-Choice Questions285

Reading Dataset (Mullooly et al., 2023), this286

dataset evaluates English reading comprehension287

through 120 text passages and 793 distinct ques-288

tions. A key characteristic is the long context win-289

dow required for inference. We utilize the rescaled290

IRT b-parameters provided in the dataset as ground291

truth, which represent continuous difficulty values292

in the range of [0, 100].293

SAT Reading & Writing (Verbal Reasoning):294

Comprises reading comprehension and writing me-295

chanics questions from standardized US college ad-296

mission tests. This dataset challenges the model’s297

ability to process rhetorical structure and stan-298

dard English conventions. The dataset contains299

Figure 1: The violin plot of the difficulty prediction
distributions of several representative models. Current
advanced models exhibit severe distribution shift.

1338 questions after removing the figure-dependent 300

questions. Unlike the datasets above, the ground 301

truth difficulty is provided as discrete categories: 302

{Easy,Medium,Hard}. 303

SAT Math (Mathematical Logic): Includes al- 304

gebra, geometry, and data analysis problems from 305

the SAT. This dataset tests the model’s ability to 306

gauge difficulty in multi-step logical reasoning and 307

mathematical computation tasks. Similar to the ver- 308

bal component, it contains 1385 questions, and the 309

difficulty values are provided as discrete categories: 310

{Easy,Medium,Hard}. 311

Models. We evaluate a comprehensive suite of 312

over 20 LLMs to disentangle the effects of mod- 313

els. We establish a high-performance baseline us- 314

ing proprietary models, including the GPT series 315

(GPT-3.5-Turbo (OpenAI, 2024b), GPT-4o (Hurst 316

et al., 2024), GPT-4o-mini (OpenAI, 2024a), 317

GPT-4.1 (OpenAI, 2025b), GPT-4.1-mini (Ope- 318

nAI, 2025b), GPT-o4-mini (OpenAI, 2024c), GPT- 319

5 (OpenAI, 2025a)), which represent the current 320

state-of-the-art in general-purpose tasks. The 321

general instruction-following open-weights mod- 322

els including Llama2-7B (Touvron et al., 2023), 323

Llama2-13B (Touvron et al., 2023), Llama3.1- 324

8B (Dubey et al., 2024), Qwen2.5-7B (Qwen- 325
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Figure 2: The Spearman correlation trends when greed-
ily ensembling the predictions of the top-K models.
The curve indicates the upper bound of the ensemble
performance, which is still weak.

Team, 2024), Qwen2.5-32B (Qwen-Team, 2024),326

Phi3 (Abdin et al., 2024a), Phi3.5 (Abdin et al.,327

2024a), Phi4 (Abdin et al., 2024b), Qwen3-8B, and328

Qwen3-32B (Qwen-Team, 2025a). To specifically329

investigate the impact of reasoning capabilities,330

we incorporate reasoning-focused open-weights331

models, including DeepSeek-R1(0528) (DeepSeek-332

AI, 2025), QWQ-32B (Qwen-Team, 2025b), R1-333

Distill-Qwen2.5-32B (DeepSeek-AI, 2025), and334

Qwen3-32B (reasoning mode).335

3 The Landscape of Explicit Perception336

We first establish a baseline for zero-shot IDP, ex-337

amining whether current state-of-the-art LLMs can338

intrinsically estimate item difficulty without access339

to student response data. The results, summarized340

in Table 1, reveal three primary findings regard-341

ing the current limitations of Human-AI difficulty342

alignment.343

3.1 Systematic Misalignment344

Key Finding 1: Systematic Misalignment.

We observe a systematic misalignment be-
tween human perception and LLM estimation
of difficulty across all domains. Contrary to
standard capability metrics, scaling does not
reliably translate into alignment: increased
model scale and reasoning power do not linearly
translate to better predictions, as even frontier
models consistently fail to capture human diffi-
culty rankings. Crucially, this misalignment is
not driven by random noise but by a cohesive
Machine Consensus, where models exhibit rel-
atively stronger alignment with each other
than with human reality.

345

Figure 3: Heatmap showing the correlation change
when applying specific personas compared to the base-
line. The impact of individual personas is highly
inconsistent and noisy.

Despite their profound problem-solving capa- 346

bilities, LLMs struggle with cold-started IDP. 347

As shown in Table 1, Spearman’s ρ averages 348

below 0.50, with significant domain sensitiv- 349

ity: alignment is stronger in logic-driven tasks 350

like SAT Math (ρ ≈ 0.41) but collapses in 351

knowledge-intensive domains like USMLE (ρ ≈ 352

0.13). Counter-intuitively, scaling laws do not 353

linearly translate to difficulty estimation. New- 354

generation models (e.g., GPT-5, ρ = 0.34) and 355

reasoning specialists fail to outperform generalist 356

baselines like GPT-4.1 (ρ = 0.44), indicating that 357

reasoning power does not linearly translate to better 358

difficulty alignment with humans. 359

Figure 1 identifies the root cause: severe distri- 360

bution shift and variance collapse. While ground 361

truth difficulty spans a broad spectrum, model pre- 362

dictions are narrowly clustered and systematically 363

skewed towards lower values. Advanced models 364

effectively overestimate student capability, lack- 365

ing the granularity to distinguish specific degrees 366

of human struggle. 367

Finally, we observe a Machine Consensus that 368

diverges from human reality. While alignment with 369

ground truth is low, inter-model correlations are rel- 370

atively higher (indicated by the detailed heatmaps 371

in Appendix B Figure 4, 5, 6, 7). This consensus is 372

capability-dependent: while weaker models exhibit 373
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Model USMLE Cambridge SAT-R SAT-M Average

GPT-3.5-Turbo 0.14 (0.05) 0.32 (0.12) 0.31 (0.06) 0.53 (0.13) 0.33 (0.09)

GPT-4o 0.22 (0.04) 0.50 (0.02) 0.49 (0.11) 0.65 (0.09) 0.47 (0.07)

GPT-4o-mini 0.12 (0.07) 0.46 (0.04) 0.35 (0.09) 0.57 (0.08) 0.38 (0.07)

GPT-4.1 0.31 (0.01) 0.51 (0.02) 0.60 (0.11) 0.63 (0.15) 0.51 (0.07)

GPT-4.1-mini 0.23 (0.03) 0.49 (0.03) 0.56 (0.08) 0.56 (0.11) 0.46 (0.06)

GPT-o4-mini 0.26 (-0.02) 0.46 (0.10) 0.56 (0.10) 0.49 (0.20) 0.44 (0.10)

GPT-5 0.39 (0.03) 0.52 (0.16) 0.57 (0.19) 0.40 (0.15) 0.47 (0.13)

Llama2-7B 0.09 (0.02) -0.03 (-0.03) 0.10 (0.03) 0.14 (0.11) 0.08 (0.03)

Llama2-13B 0.03 (0.03) 0.02 (-0.06) 0.12 (-0.02) 0.19 (0.03) 0.09 (-0.01)

Phi3 0.04 (0.04) 0.08 (0.09) 0.07 (0.01) 0.01 (-0.04) 0.05 (0.03)

Phi3.5 0.02 (-0.03) 0.17 (0.12) 0.18 (0.03) 0.35 (0.03) 0.18 (0.04)

Llama3.1-8B 0.01 (-0.03) 0.20 (0.16) 0.33 (0.10) 0.55 (0.11) 0.27 (0.09)

Qwen2.5-7B 0.13 (0.03) 0.34 (0.18) 0.36 (0.14) 0.63 (0.13) 0.37 (0.12)

Qwen2.5-32B 0.16 (0.07) 0.47 (0.04) 0.41 (0.12) 0.64 (0.08) 0.42 (0.08)

Phi4 0.14 (0.03) 0.45 (0.05) 0.47 (0.09) 0.56 (0.06) 0.41 (0.06)

Qwen3-8B 0.06 (0.04) 0.41 (0.07) 0.31 (0.11) 0.56 (0.10) 0.34 (0.08)

Qwen3-32B 0.19 (0.08) 0.43 (0.05) 0.39 (0.16) 0.61 (0.09) 0.41 (0.10)

DeepSeek-R1 0.26 (-0.01) 0.42 (0.02) 0.59 (0.09) 0.62 (0.18) 0.47 (0.07)

QWQ-32B 0.23 (0.04) 0.46 (0.11) 0.50 (0.08) 0.62 (0.08) 0.45 (0.08)

R1-Qwen32B 0.07 (0.08) 0.46 (0.06) 0.17 (0.02) 0.35 (0.00) 0.26 (0.04)

Qwen3-32B (R) 0.23 (0.04) 0.45 (0.06) 0.37 (0.10) 0.59 (0.08) 0.41 (0.07)

Average 0.16 (0.03) 0.36 (0.07) 0.37 (0.09) 0.49 (0.10) 0.35 (0.07)

Table 2: Spearman correlation results using the ensem-
ble average of all persona configurations. The values in
red parentheses indicate the absolute improvement over
the baseline. While smaller models show negligible
gains, stronger models like GPT-5 exhibit a signifi-
cant sensitivity to personas.

stochastic behavior, advanced models converge374

on a shared, non-human machine perception375

of difficulty. This confirms that the Human-AI376

Difficulty Alignment is a stable, systematic mis-377

alignment rather than random error.378

3.2 Ensemble and Proficiency Simulation379

Key Finding 2: Limits of Simulation.

Neither extrinsic ensembling nor intrinsic
role-playing serves as a reliable solution for
alignment. We find that ensemble performance
is strictly bounded by individual model capa-
bilities: rather than contributing diverse insights,
weaker models introduce noise that degrades
the performance of high-capability baselines.
Similarly, proficiency simulation shows highly
inconsistent results, as models struggle to au-
thentically mimic different proficiency levels or
suppress their intrinsic knowledge: it fails as a
faithful cognitive model, but proficiency ensem-
bling can act as a variance-reduction heuristic.

380

We first perform a greedy ensemble analysis, it-381

eratively aggregating the predicted difficulty scores382

of the top-K performing models. As shown in383

Figure 2, the performance trend implies an upper384

bound for alignment capability that is strictly gov-385

erned by the density of high-quality models within386

Domain
IRT Capacity Cognitive Divergence

Global Saturated Savant Brittle
(ρ) (90% M ✓) (H⇑ M⇓) (H⇓ M⇑)

USMLE 0.134 75.6% 70.4% 0.0%
Cambridge 0.309 35.6% 22.1% 0.4%
SAT-R 0.304 45.5% 25.5% 0.0%
SAT-M 0.386 54.6% 32.2% 1.3%

Table 3: Analysis of implicit difficulty alignment based
on Machine IRT. H: Human difficulty; M: Model diffi-
culty. Saturated represents the total ratio of items that
90% of the model can solve correctly. Savant represents
the ratio of items that are hard for humans (difficulty top
33%) but trivial for most models (correct for 90% of the
models). Brittleness represents the ratio of items that
are easy for humans, where most of the models fail. The
saturated rate and savant rate present the diagnosis
of Human-LLM Difficulty Misalignment.

the pool. In domains with a dense cluster of ca- 387

pable models (SAT Math), the ensemble acts as a 388

denoising mechanism, steadily improving correla- 389

tion from 0.56 to a peak of 0.66. However, this gain 390

is fragile: once the threshold (K = 14) is crossed, 391

adding weaker models causes immediate signal 392

dilution. In sparse domains like USMLE, this di- 393

lution happens immediately, confirming that the 394

long tail of weaker models introduces destructive 395

noise rather than helpful diversity. Thus, extrinsic 396

aggregation is not a scalable solution but a bounded 397

analysis. 398

We further explore explicit cognitive simulation 399

by prompting models to adopt specific student pro- 400

ficiencies. A granular analysis in Figure 3, the 401

changing ratio of utilizing different proficiencies, 402

reveals that single-proficiency simulation is highly 403

unstable: adopting a specific role often either im- 404

proves or degrades alignment, suggesting models 405

struggle to faithfully simulate a specific cognitive 406

state in isolation. 407

However, Table 2 reveals another crucial nuance: 408

while individual simulations are stochastic, the en- 409

semble average of proficiencies consistently im- 410

proves alignment. This benefit is particularly ev- 411

ident in frontier models; for instance, GPT-5 im- 412

proves its average correlation to 0.47 compared to 413

its baseline of 0.34. This suggests that while mod- 414

els cannot reliably act as a specific student, aggre- 415

gating their intrinsic variations provides a more ro- 416

bust estimate than a single pass, effectively smooth- 417

ing out the randomness of individual proficiency 418

prompts. This improvement does not indicate suc- 419

cessful student simulation, but rather reflects noise 420

averaging over inconsistent internal states. 421
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USMLE Cambridge SAT Reading&Writing SAT Math

Model Baseline Weak Medium Strong Baseline Weak Medium Strong Baseline Weak Medium Strong Baseline Weak Medium Strong Average

GPT-3.5-Turbo 0.868 0.862↓ 0.882 0.877↑ 0.632 0.628↓ 0.612 0.613 0.660 0.667 0.685 0.687↑ 0.727 0.750 0.749 0.762↑ 0.729
GPT-4o 0.952 0.960 0.957 0.955↑ 0.900 0.893↓ 0.898 0.897 0.871 0.870↓ 0.874 0.874↑ 0.908 0.907↓ 0.915 0.913↑ 0.909
GPT-4o-mini 0.925 0.928 0.933 0.934↑ 0.786 0.765↓ 0.783 0.793↑ 0.780 0.786 0.787 0.783↑ 0.899 0.898↓ 0.898 0.901↑ 0.849
GPT-4.1 0.895 0.906 0.906 0.898↑ 0.919 0.922 0.922 0.918 0.888 0.915 0.913 0.905↑ 0.904 0.905 0.896 0.910↑ 0.908
GPT-4.1-mini 0.966 0.939↓ 0.966 0.957 0.897 0.868↓ 0.895 0.880 0.895 0.892↓ 0.907 0.904↑ 0.922 0.920↓ 0.927 0.925↑ 0.916
GPT-o4-mini 0.780 0.799 0.810 0.772 0.909 0.895↓ 0.898 0.904 0.908 0.898↓ 0.909 0.904 0.906 0.909 0.909 0.902 0.876
GPT-5 0.946 0.939↓ 0.942 0.946 0.958 0.957↓ 0.956 0.961↑ 0.976 0.978 0.976 0.977↑ 0.924 0.914↓ 0.926 0.923 0.950

Llama2-7B 0.712 0.718 0.687 0.700 0.397 0.397 0.405 0.409↑ 0.396 0.380↓ 0.401 0.392 0.230 0.224↓ 0.221 0.222 0.431
Llama2-13B 0.775 0.720↓ 0.763 0.768 0.459 0.428↓ 0.455 0.436 0.469 0.477 0.466 0.461 0.267 0.264↓ 0.262 0.268↑ 0.484
Phi3 0.844 0.843↓ 0.843 0.844 0.493 0.489↓ 0.489 0.504↑ 0.632 0.662 0.638 0.649↑ 0.774 0.777 0.788 0.770 0.690
Phi3.5 0.867 0.853↓ 0.870 0.865 0.559 0.550↓ 0.540 0.551 0.647 0.646↓ 0.645 0.642 0.775 0.787 0.784 0.782↑ 0.710
Llama3.1-8B 0.891 0.897 0.892 0.880 0.646 0.633↓ 0.649 0.639 0.685 0.683↓ 0.674 0.674 0.766 0.751↓ 0.778 0.771↑ 0.744
Qwen2.5-7B 0.850 0.856 0.847 0.852↑ 0.675 0.686 0.663 0.690↑ 0.730 0.719↓ 0.727 0.736↑ 0.895 0.900 0.897 0.894 0.789
Qwen2.5-32B 0.922 0.931 0.921 0.933↑ 0.783 0.812 0.812 0.803↑ 0.812 0.813 0.819 0.816↑ 0.919 0.917↓ 0.920 0.921↑ 0.866
Phi4 0.921 0.918↓ 0.928 0.924↑ 0.798 0.791↓ 0.778 0.784 0.802 0.802 0.801 0.798 0.919 0.913↓ 0.908 0.913 0.856
Qwen3-8B 0.903 0.907 0.909 0.901 0.767 0.776 0.765 0.768↑ 0.820 0.816↓ 0.811 0.802 0.919 0.926 0.916 0.925↑ 0.852
Qwen3-32B 0.946 0.957 0.948 0.948↑ 0.845 0.863 0.849 0.856↑ 0.881 0.879↓ 0.868 0.868 0.927 0.932 0.923 0.926 0.901

DeepSeek-R1 0.961 0.966 0.955 0.967↑ 0.933 0.919↓ 0.931 0.922 0.964 0.959↓ 0.968 0.954 0.914 0.919 0.915 0.913 0.941
QWQ-32B 0.954 0.948↓ 0.960 0.954 0.898 0.890↓ 0.899 0.899↑ 0.921 0.922 0.915 0.920 0.953 0.943↓ 0.943 0.941 0.929
R1-Qwen32B 0.939 0.936↓ 0.940 0.940↑ 0.856 0.827↓ 0.868 0.849 0.886 0.877↓ 0.881 0.884 0.944 0.947 0.942 0.941 0.904
Qwen3-32B (R) 0.954 0.963 0.969 0.966↑ 0.907 0.904↓ 0.898 0.897 0.932 0.917↓ 0.926 0.925 0.952 0.943↓ 0.938 0.938 0.933

Table 4: Problem-solving accuracy across different personas. An arrow ↑ or ↓ is added if the accuracy is improved
or degraded compared to the baseline with the corresponding persona. The magnitude of change is marginal,
indicating that models struggle to significantly suppress or enhance their intrinsic capabilities on command.

4 Capability vs. Perception422

While the previous section examined the model as423

an external observer attempting to predict student424

struggles, we now turn our focus to the model as425

an internal actor. To understand the root causes426

of the observed misalignment, in this section, we427

disentangle the relationship between what models428

predict and what they experience.429

4.1 The Curse of Knowledge430

Key Finding 3: The Curse of Knowledge

Our IRT-based analysis reveals that the difficulty
derived from models’ actual correctness corre-
lates even worse with human than what they
explicitly perceive. This stems from a distinct
mechanistic divergence: items that are con-
ceptually difficult for humans are frequently
trivial for models, resulting in high saturation
rates on hard items. Furthermore, this capability
exhibits significant inertia: even when explic-
itly prompted to simulate a lower-proficiency
student, models fail to meaningfully suppress
their problem-solving capability.

431

We shift our perspective from prediction to ex-432

perience by treating our suite of 21 models as a433

cohort of students to estimate intrinsic machine434

difficulty (b parameter) via Item Response Theory435

(IRT). In addition, to further quantify and analyze436

the divergence, we define additional metrics to be437

conditional on human difficulty tiers: the Savant438

Rate measures the percentage of items within the439

top 33% of human difficulty that are solved by over440

90% of models, while the Brittleness Rate mea-441

sures the percentage of items within the bottom 442

33% of human difficulty where the model pass rate 443

is below 50%. 444

Table 3 exposes a profound Cognitive Diver- 445

gence, where the correlation of model IRT dif- 446

ficulty is even lower than the model perception. 447

In domains like USMLE, the misalignment is ex- 448

tremely discouraging. The Savant Rate of 70.4% 449

implies that for over two-thirds of the questions, 450

humans find most difficult, can be solved by over 451

90% of models easily. Coupled with a massive 452

dataset-wide saturation of 75.6%, this creates a flat 453

difficulty that explains the poor alignment. 454

In contrast, reasoning domains like SAT Math 455

show partial alignment but remain limited by hyper- 456

competence. While the correlation (ρ = 0.386) is 457

higher than in knowledge domains, the Savant Rate 458

is still significant at 32.2%. It indicates that even 459

in logical reasoning, one-third of the problems that 460

challenge humans are trivial for machines. Fur- 461

thermore, with 54.6% of all items being saturated, 462

models are getting too powerful capabilities to sim- 463

ulate student struggles. 464

Finally, we examine whether simulating profi- 465

ciencies shifts intrinsic capability. As shown in Ta- 466

ble 4, while applying a proficiency generally shifts 467

accuracy in the expected direction, the magnitude 468

is negligible (typically < 1% change). This reveals 469

the Curse of Knowledge. Highly capable models 470

are too strong to fail, and their intrinsic objective 471

to maximize correctness overrides proficiency in- 472

structions. This prevents them from authentically 473

simulating the specific misconceptions of strug- 474

gling students, as they cannot unsee the correct 475

answers they already possess. 476
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Model USMLE Cambridge SAT-R SAT-M Average

GPT-3.5-Turbo 0.54 0.51 0.49 0.65 0.55
GPT-4o 0.62 0.59 0.54 0.63 0.60
GPT-4o-mini 0.55 0.57 0.51 0.63 0.56
GPT-4.1 0.55 0.61 0.58 0.57 0.57
GPT-4.1-mini 0.55 0.56 0.59 0.62 0.58
GPT-o4-mini 0.52 0.59 0.55 0.53 0.55
GPT-5 0.60 0.73 0.72 0.60 0.67

Llama2-7B 0.49 0.50 0.46 0.54 0.50
Llama2-13B 0.48 0.49 0.50 0.54 0.50
Phi3 0.47 0.48 0.49 0.62 0.51
Phi3.5 0.50 0.51 0.48 0.58 0.52
Llama3.1-8B 0.53 0.51 0.49 0.63 0.54
Qwen2.5-7B 0.53 0.52 0.47 0.57 0.52
Qwen2.5-32B 0.55 0.54 0.49 0.62 0.55
Phi4 0.53 0.54 0.57 0.65 0.57
Qwen3-8B 0.55 0.52 0.49 0.64 0.55
Qwen3-32B 0.62 0.52 0.52 0.61 0.57

DeepSeek-R1 0.64 0.53 0.64 0.62 0.61
QWQ-32B 0.65 0.58 0.59 0.65 0.62
R1-Qwen32B 0.58 0.54 0.55 0.65 0.58
Qwen3-32B (R) 0.69 0.56 0.54 0.58 0.59

Average 0.55 0.55 0.54 0.60 0.56

Table 5: AUROC (Area Under the ROC Curve) that
measures the alignment between predicted difficulty
and the model’s own correctness. A value of 0.5 indi-
cates random alignment. Most models hover near 0.55,
revealing a critical lack of self-awareness: they fail
to predict their own potential errors.

4.2 Metacognitive Blindness.477

Key Finding 4: Metacognitive Blindness.

Our AUROC analysis reveals a critical lack of
introspection: models are unable to accurately
predict their own potential limitations. With
AUROC scores hovering near random guessing
(approximately 0.55) across most models, we
find that explicit difficulty estimates are ef-
fectively decoupled from the model’s actual
correctness. This suggests a fundamental blind
spot: because models cannot reliably identify
which tasks exceed their own capabilities, they
lack the necessary internal signal to ground their
estimates of human difficulty.

478

A fundamental question remains regarding479

whether the model’s perception of difficulty is480

aligned with its own problem-solving capability.481

To quantify this Metacognition, we formulate dif-482

ficulty prediction as a binary classification task re-483

garding the model’s own correctness.484

For a given item xi, we assign a label li = 1 if485

the model answers incorrectly (vi = 0) and li = 0486

if it answers correctly (vi = 1), using the predicted487

difficulty score ŷi as the prediction probability. We488

calculate the Area Under the Receiver Operating489

Characteristic Curve (AUROC) to measure sepa- 490

rability, where the value represents the probability 491

that the model assigns a higher difficulty score to 492

an item it answers incorrectly compared to one it 493

answers correctly. An AUROC of approximately 494

0.5 indicates random alignment where the model 495

lacks self-awareness, whereas values significantly 496

greater than 0.5 demonstrate positive metacogni- 497

tion where the model correctly identifies its failure. 498

Table 5 presents the results of this analysis and 499

exposes a critical Metacognitive Blind Spot across 500

the majority of evaluated LLMs. Despite achiev- 501

ing high problem-solving accuracy, most models 502

exhibit AUROC scores ranging between 0.50 and 503

0.60. This weak internal alignment implies that 504

they lack the introspection to identify when a task 505

exceeds their capabilities. Furthermore, even fron- 506

tier models fail to demonstrate robust metacogni- 507

tion. While GPT-5 and DeepSeek-R1 show slight 508

deviations from random guessing by achieving lo- 509

calized highs of 0.73 on Cambridge and 0.64 on 510

USMLE, respectively, their overall discrimination 511

remains poor, with averages hovering near or be- 512

low 0.67. These values indicate that even the most 513

advanced models still struggle to reliably distin- 514

guish between questions they can answer and 515

those they cannot, highlighting that accurate 516

self-awareness remains a persistent deficiency 517

in current LLMs. 518

5 Conclusion 519

This study demonstrates that Large Language Mod- 520

els currently struggle to align with human percep- 521

tion of difficulty despite their advanced problem- 522

solving capabilities. We find that increasing model 523

scale does not guarantee better alignment but rather 524

fosters a machine consensus that systematically 525

diverges from student reality. Our investigation 526

attributes this failure to a fundamental capability 527

gap where models cannot effectively suppress their 528

knowledge to simulate struggling students, cou- 529

pled with a critical lack of metacognitive introspec- 530

tion regarding their own limitations. Ultimately, 531

these results highlight that bridging the gap be- 532

tween solving a problem and estimating its diffi- 533

culty requires more than just stronger models or 534

proficiency prompting, calling for new approaches 535

to ground machine cognition in human educational 536

needs. 537

8



Limitations538

Our investigation into proficiency simulation re-539

lied on zero-shot prompting strategies. While this540

reflects the most common and accessible usage541

of LLMs, it assumes that models can internally542

calibrate to a proficiency level without examples.543

We did not explore few-shot prompting with real544

student error patterns or fine-tuning on student re-545

sponse logs (Student Trace Modeling). It is possi-546

ble that few-shot scenarios can improve the corre-547

lation between the Human-AI alignment. However,548

in this paper, we focus on the intrinsic capability549

of LLMs that are not affected by further learning550

or training processes.551
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A Related Work955

A.1 Item Difficulty Prediction956

Conventional item difficulty prediction in large-957

scale assessments typically depends on item re-958

sponse data collected through field testing, where959

newly created items are embedded in operational960

forms (but not scored) and then analyzed within961

classical test theory (CTT) or item response the-962

ory (IRT) frameworks (Hsu et al., 2018; Benedetto,963

2023). Within these frameworks, CTT operational-964

izes difficulty as the proportion correct (p-value),965

whereas IRT models the probability of a correct966

response as a function of latent ability and item967

parameters via statistical models such as logit/pro-968

bit links (DeMars, 2010; Hsu et al., 2018). De-969

spite their accuracy, field-testing and calibration970

are frequently criticized as time-consuming and971

costly, because data collection can take several972

months and IRT calibration may require administer-973

ing items to several thousand examinees (Hamble-974

ton et al., 1991; Hsu et al., 2018; AlKhuzaey et al.,975

2024). Embedding non-scored pretest items into976

operational tests also lengthens administrations and977

raises concerns about test-taker engagement and978

item exposure, which can compromise test security979

in high-stakes contexts (Loukina et al., 2016; Hsu980

et al., 2018; Benedetto, 2023). Expert-based diffi-981

culty ratings have been proposed as an alternative,982

but they are seldom used at scale due to subjectivity983

and weak alignment with psychometric difficulty,984

with reported evidence suggesting weak alignment985

between expert judgments and IRT-based difficulty986

estimates (Conejo et al., 2014). In response, text-987

based item difficulty modeling predicts difficulty988

directly from item text and related metadata using989

machine learning, thereby avoiding response-data990

collection and potentially reducing time, cost, and991

reliance on subjective ratings (Sano, 2015; Loukina992

et al., 2016; Huang et al., 2017; Hsu et al., 2018).993

Early text-based work was dominated by feature994

engineering grounded in linguistic, cognitive, or995

psychometric theory, exemplified by combining996

linguistic indicators and item-level metadata, but997

such approaches can require substantial manual998

extraction and may generalize poorly across do-999

mains (Perkins et al., 1995; Loukina et al., 2016).1000

The learned representations (Devlin et al., 2019)1001

are typically combined with regressors/classifiers1002

such as CNNs or LSTMs for prediction, with em-1003

pirical results showing that a CNN yielded supe-1004

rior performance to both a regular CNN variant1005

and a TF-IDF+SVM baseline on TOEFL reading 1006

comprehension items (He et al., 2021). More re- 1007

cently, transformer-based small language models 1008

have been fine-tuned end-to-end for item difficulty 1009

prediction, with BERT first explored in large-scale 1010

assessment settings in 2021 and subsequent work 1011

showing that fine-tuned BERT and DistilBERT can 1012

outperform traditional linguistic/readability fea- 1013

tures and TF-IDF or Word2Vec-based approaches, 1014

while DistilBERT can match BERT performance 1015

at lower cost (McCarthy et al., 2021; Benedetto, 1016

2023). In parallel, large language models have 1017

been used to directly predict difficulty or to gen- 1018

erate auxiliary inputs and features, such as ratio- 1019

nales, predicted answers, reasoning steps, uncer- 1020

tainty proxies, or simulated test-taker behaviors, 1021

that are then fed into downstream models for dif- 1022

ficulty estimation (Rogoz and Ionescu, 2024; Li 1023

et al., 2025b; Feng et al., 2025; Zotos et al., 2024; 1024

Dueñas et al., 2024). Across this section, the choice 1025

of modeling paradigm reflects a recurring trade-off 1026

between predictive power and interpretability, and 1027

some studies report that hand-crafted linguistic and 1028

metadata features can contribute more than BERT 1029

embeddings in specific settings (Tack et al., 2024). 1030

A.2 Student Simulation 1031

Student simulation refers to the use of artificial 1032

agents to generate learner-like behavior or data 1033

(e.g., behavioral traits, performance patterns, and 1034

learning progression), and is conceptually distin- 1035

guished from student modeling systems that pri- 1036

marily infer latent states for adaptation (Chrysafi- 1037

adi and Virvou, 2013). Early work emphasized 1038

three enduring motivations for student simulation: 1039

enabling teachers to “practice the art of tutoring,” 1040

supporting learning-by-teaching with a simulated 1041

peer, and allowing formative evaluation of instruc- 1042

tional materials without relying entirely on hu- 1043

man learner data (VanLehn et al., 1994). Be- 1044

fore the LLM era, building such simulations of- 1045

ten required extensive hand-crafting of dialogue 1046

moves and misconception models in rule-based 1047

tutoring systems (Graesser et al., 2005), or large- 1048

scale human role-play data collection for tutoring 1049

dialogues (Stasaski et al., 2020). With the advent of 1050

large language models, student simulation has been 1051

reframed as more feasible and scalable, driven by 1052

capabilities such as reproducing population-level 1053

behavioral distributions (Weber et al., 2024), ex- 1054

pressing reasoning/misunderstanding in natural lan- 1055

guage (Zhang and Aslan, 2021), and supporting 1056
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more agent-like behavior via memory and plan-1057

ning (Park et al., 2023). Simulated students have1058

been used across major contexts including data gen-1059

eration, teacher training, learning by teaching/col-1060

laboration, and content evaluation, illustrating their1061

broad educational utility (Käser and Alexandron,1062

2024).1063

LLM-based student simulation methods vary1064

with the simulation goal, including modeling1065

student traits, performance patterns, or learning1066

progression, and are commonly instantiated via1067

prompting, fine-tuning on learner traces, and agen-1068

tic designs that support memory and planning (Cor-1069

bett and Anderson, 1994; Rasch, 1993; Lord, 2012;1070

Embretson and Reise, 2013). Prompt-based role1071

conditioning remains a common baseline, where1072

the simulator is instructed to “act as” a student1073

with specified demographic/background/affective1074

attributes (Markel et al., 2023; Lee et al., 2023),1075

though direct prompting can struggle to reliably1076

instantiate the intended persona characteristics. To1077

better capture authentic learning dynamics (e.g.,1078

iterative struggle and revision), some approaches1079

fine-tune LLMs on real student submission trajecto-1080

ries and temporally ordered traces (Miroyan et al.,1081

2025; Ross et al., 2025). In parallel, agentic de-1082

signs extend simulators beyond static role-play by1083

endowing them with memory/reflection/decision-1084

making components, building on the broader no-1085

tion of LLM-based generative agents (Park et al.,1086

2023). Cognitive grounding can be strengthened1087

by integrating knowledge tracing or IRT as internal1088

state mechanisms to control and drive simulated1089

behavior over time (e.g., evolving mastery/ability1090

and its interaction with task difficulty), rather than1091

only relying on surface-level role-play (Corbett1092

and Anderson, 1994; Rasch, 1993; Embretson and1093

Reise, 2013). Despite these advances, the prior1094

studies explicitly caution that fluent language out-1095

put does not guarantee behavioral fidelity and note1096

that many simulated-learner studies lack empirical1097

realism validation, motivating more standardized1098

and context-aware evaluation practices (Käser and1099

Alexandron, 2024). Liu et al. (2025) propose lever-1100

aging LLMs as synthetic examinees to estimate1101

item difficulty through IRT calibration, demonstrat-1102

ing that model-generated responses can approxi-1103

mate human-derived item parameters under cer-1104

tain conditions. In contrast, our work does not1105

treat alignment as a purely psychometric estimation1106

problem, but instead interrogates the cognitive va-1107

lidity of such alignment by disentangling difficulty1108

perception, intrinsic capability, and metacognitive 1109

awareness. 1110

A.3 LLM Self-Awareness 1111

Numerous benchmarks study model self- 1112

knowledge through abstention, but they typically 1113

instantiate abstention under a single failure mode, 1114

such as unanswerable questions (Yin et al., 2023; 1115

Amayuelas et al., 2024), multiple-choice questions 1116

with no correct option (Madhusudhan et al., 2025), 1117

or underspecified inputs (Slobodkin et al., 2023; 1118

Zhang et al., 2024a; Li et al., 2025a). Closely 1119

related, verbalized uncertainty elicits a model’s 1120

explicit expression of doubt and uses it as a down- 1121

stream signal of whether the model can answer 1122

appropriately (Lin et al., 2022; Tian et al., 2023). 1123

However, several studies report that verbalized 1124

uncertainty can be brittle and may generalize 1125

poorly as a practical uncertainty-quantification 1126

mechanism (Vashurin et al., 2024; Lin et al., 2022; 1127

Xiong et al., 2024). At the same time, other work 1128

shows that these signals can be improved: Kapoor 1129

et al. (2024) demonstrates that fine-tuning can 1130

strengthen verbalized uncertainty, while Kadavath 1131

et al. (2022) shows that suitable prompting can 1132

elicit explicit correctness probabilities that become 1133

increasingly calibrated as model scale increases. 1134

Beyond uncertainty elicitation, abstention behavior 1135

itself has been improved via fine-tuning (Chen 1136

et al., 2024; Brahman et al., 2024) and via 1137

explanation generation to justify refusals (Deng 1138

et al., 2024), and related benchmarks also evaluate 1139

policy compliance and safety-related refusal 1140

behavior (Brahman et al., 2024; Mueller et al., 1141

2024; Mazeika et al., 2024). With the recent 1142

surge of interest in large reasoning models, MiP- 1143

Overthinking further reports that longer “thinking” 1144

traces may not improve abstention on unsolvable 1145

questions and can even exacerbate overconfident 1146

answering (Fan et al., 2025). Complementing 1147

these lines of work, we study self-knowledge in the 1148

context of educational difficulty estimation: rather 1149

than only asking whether a model can abstain, 1150

we test whether its explicit difficulty judgments 1151

provide an introspective signal about its own 1152

likelihood of error on the same items. Our results 1153

indicate a pronounced metacognitive gap, difficulty 1154

estimates are only weakly predictive of failure 1155

cases, highlighting that off-the-shelf LLMs may 1156

lack the self-awareness needed to ground difficulty 1157

prediction in genuine student struggles. 1158
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B Consensus of Machines1159

Figure 4, 5, 6, 7 show the consensus heatmaps of1160

the spearman correlation between the models on the1161

USMLE, CMCQRD, SAT Math, and SAT Reading1162

datasets. The heatmaps show that the correlation1163

between the models is relatively higher than the1164

correlation between the models and the human.1165
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Figure 4: The consensus heatmap of the spearman correlation between the models on the USMLE dataset.
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Figure 5: The consensus heatmap of the spearman correlation between the models on the CMCQRD dataset.
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Figure 6: The consensus heatmap of the spearman correlation between the models on the SAT Math dataset.
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Figure 7: The consensus heatmap of the spearman correlation between the models on the SAT Reading dataset.
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C Case Study1166

Figure 8 shows the violin plot of the difficulty pre-1167

diction results of GPT-5 with different personas.1168

The violin plot shows that the Low-Proficiency1169

persona effectively expands the distribution, more1170

closely resembling the Ground Truth. However,1171

a systematic underestimation persists, indicating1172

that the model remains optimistic about student1173

performance compared to reality.1174

Figure 8: The violin plot of the difficulty prediction
results of GPT-5 with different personas. The Low-
Proficiency simulation effectively expands the distri-
bution, more closely resembling the Ground Truth.
However, a systematic underestimation persists, in-
dicating that the model remains optimistic about
student performance compared to reality.

21



D Experimental Prompts1175

Figure 9, 10, 11 show the prompt templates for1176

difficulty prediction, including Low-Proficiency1177

Student, Medium-Proficiency Student, and High-1178

Proficiency Student across four tasks. Figure1179

12, 13, 14 show the prompt templates for ques-1180

tion answering, including Low-Proficiency Stu-1181

dent, Medium-Proficiency Student, and High-1182

Proficiency Student across four tasks.1183
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Prompt for Difficulty Prediction: Low-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are a weak student with low-level

medical proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 0 to

1.0, where 0 is the easiest and 1.0 is the hardest. Analyze the difficulty step by step,
and provide the final value in \boxed{...}:

[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are a weak student

with low-level English proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 1 to

100, where 1 is the easiest and 100 is the hardest. Analyze the difficulty step by step,
and provide the final value in \boxed{...}:

[Item Context]

------------------------------ For SAT Reading -------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are a weak student with low

-level English proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are a weak student with low-

level math proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

Figure 9: Prompt templates for difficulty prediction (Low-Proficiency Student) across four tasks.
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Prompt for Difficulty Prediction: Medium-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are an average student with

medium-level medical proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 0 to

1.0, where 0 is the easiest and 1.0 is the hardest. Analyze the difficulty step by step,
and provide the final value in \boxed{...}:

[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are an average

student with medium-level English proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 1 to

100, where 1 is the easiest and 100 is the hardest. Analyze the difficulty step by step,
and provide the final value in \boxed{...}:

[Item Context]

------------------------------ For SAT Reading -------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are an average student with

medium-level English proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are an average student with

medium-level math proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

Figure 10: Prompt templates for difficulty prediction (Medium-Proficiency Student) across four tasks.
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Prompt for Difficulty Prediction: High-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are a good student with high-

level medical proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 0

to 1.0, where 0 is the easiest and 1.0 is the hardest. Analyze the difficulty step by
step, and provide the final value in \boxed{...}:

[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are a good

student with high-level English proficiency.

(User Prompt)
Analyze the difficulty values of the question. The difficulty values range from 1

to 100, where 1 is the easiest and 100 is the hardest. Analyze the difficulty step by
step, and provide the final value in \boxed{...}:

[Item Context]

------------------------------ For SAT Reading -------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are a good student with

high-level English proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are a good student with

high-level math proficiency.

(User Prompt)
Analyze the difficulty levels of the question. The difficulty levels contain 3

categories: easy, medium, and hard. Analyze the difficulty step by step, and provide the
final category in \boxed{...}:

[Item Context]

Figure 11: Prompt templates for difficulty prediction (High-Proficiency Student) across four tasks.
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Prompt for Question Answering: Low-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are a weak student with low-level

medical proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are a weak student

with low-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

------------------------------ For SAT Reading -------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are a weak student with low

-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are a weak student with low-

level math proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

Figure 12: Prompt templates for question answering (Low-Proficiency Student) across four tasks.
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Prompt for Question Answering: Medium-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are an average student with medium-
level medical proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are an average student
with medium-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For SAT Reading --------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are an average student with
medium-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are an average student with medium
-level math proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

Figure 13: Prompt templates for question answering (Medium-Proficiency Student) across four tasks.
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Prompt for Question Answering: High-Proficiency Student

---------------------------------- For USMLE ---------------------------------

(System Prompt)
Suppose you are a student taking the USMLE exam. You are a good student with high-

level medical proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For Cambridge -------------------------------

(System Prompt)
Suppose you are a student taking the Cambridge English Test. You are a good student

with high-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

------------------------------ For SAT Reading -------------------------------

(System Prompt)
Suppose you are a student taking the SAT Reading exam. You are a good student with

high-level English proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

-------------------------------- For SAT Math --------------------------------

(System Prompt)
Suppose you are a student taking the SAT math exam. You are a good student with high-

level math proficiency.

(User Prompt)
Answer the question below step by step, and provide the final answer in \boxed{...}:
[Item Context]

Figure 14: Prompt templates for question answering (High-Proficiency Student) across four tasks.
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