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Abstract001

We investigate the calibration of large language002
models’ (LLMs’) confidence across diverse003
tasks. The results of our preregistered study004
show that the current crop of LLMs are, like005
people, too sure they are right: confidence ex-006
ceeds accuracy, on average. However, this ten-007
dency toward overconfidence is moderated by008
a powerful hard-easy effect, wherein overconfi-009
dence is greatest on difficult tests; by contrast,010
easy tests actually show substantial underconfi-011
dence. We develop LifeEval, a test for evaluat-012
ing model calibration across levels of difficulty.013

1 Introduction014

Large Language Models have seen widespread015

adoption due to their ability to provide useful infor-016

mation through natural language (Bick et al., 2024).017

However, LLMs’ usefulness as guides, teachers,018

and advisers depends on their provision of truthful019

and accurate information (Afroogh et al., 2024).020

Hallucination, in which an LLM confidently re-021

ports falsehoods, fundamentally undermines their022

value (Kalai et al., 2025). That is why a proviso023

warns ChatGPT users, “ChatGPT can make mis-024

takes. Check important info” (OpenAI, 2025a).025

Other LLMs come with similar warnings.026

Ideally, an LLM ought to provide only truthful027

information. This is, of course, unrealistic for at028

least two reasons. First, it ignores the complex-029

ity of irreducible uncertainties. Few things can be030

known with certainty and perfect Bayesian rational-031

ity only provides probabilistic credences. Second,032

it neglects the limits in the LLM’s information (Tri-033

pathi et al., 2025). LLMs generally lack access034

to verifiable ground truth, and must rely on the035

imperfect information available to them.036

Accepting these constraints, a more realistic pos-037

sibility is well-calibrated confidence. That is, the038

LLM should be able to faithfully report the proba-039

bility that it is correct, conditional on its own limi-040

tations and vulnerability to error. This would allow041

users to rely on an LLM’s stated confidence. To do 042

so, users must trust that confidence indicates accu- 043

racy. This trust is essential to enable autonomous 044

systems to know when they are too uncertain to 045

to take action, among many other uses. Without 046

well-calibrated confidence, users might trust faulty 047

outputs or doubt accurate outputs. Hallucination 048

and miscalibration are therefore epistemic risks that 049

cut to the very heart of the usefulness of AI. 050

This motivates our tests of the confidence calibra- 051

tion of commercially available LLMs in a variety 052

of contexts. This work presents an analysis of 11 053

popular open- and closed-source LLMs on a variety 054

of reasoning tasks. We find that: 055

• LLMs are, on average, overconfident. 056

• Models are more overconfident on hard tasks 057

and underconfident on the easiest tasks. 058

• Reasoning models provide more nuanced con- 059

fidence estimates. 060

Moreover, we add to the current literature by 061

proposing a new test for measuring model calibra- 062

tion on Bayesian-inference tasks: LifeEval. This 063

framework allows for: 064

• A continuous measure of task difficulty 065

grounded in empirical probabilities. 066

• Monotonic scaling of task difficulty. 067

• Evaluation of model performance based off of 068

quantitative elements of the problem at hand 069

rather than qualitative ones. 070

2 Related Work 071

Human judgment is vulnerable to many biases, of 072

which overconfidence may be the most consequen- 073

tial (Kahneman, 2011). Well-calibrated confidence 074

is foundational to effective decision making, since 075

committing to a course of action requires sufficient 076

confidence in its consequences. Yet the calibra- 077

tion of human confidence judgments is notoriously 078

poor. People are overconfident and confidence 079
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judgments exhibit a “hard-easy” effect: overcon-080

fidence increases with difficulty, while undercon-081

fidence emerges on easier tasks (Lichtenstein and082

Fischhoff, 1977).083

The most parsimonious explanation for the084

hard-easy effect is that it can be explained as a085

regression-to-the-mean artifact, a byproduct of the086

noisy relationship between confidence and accu-087

racy (Boundy-Singer et al., 2023; Krueger and088

Mueller, 2002). Changes in difficulty have a more089

direct influence on accuracy than on confidence090

(Erev et al., 1994). As task difficulty increases,091

performance drops, but if confidence is imperfectly092

responsive to this drop in accuracy, overconfidence093

must grow. Conversely, as a task becomes easier094

and performance increases, noisy confidence judg-095

ments produce underconfidence.096

Other explanations for confidence biases empha-097

size motivational factors (Brown, 2012; Kruger098

and Dunning, 1999). We might hope that artifi-099

cially intelligent agents might be less biased by100

motivational factors and would therefore exhibit101

better-calibrated confidence. On the other hand, if102

LLMs’ confidence is, as with people, a noisy signal103

of accuracy, then we might expect to see similar104

confidence biases. Evidence suggests deep neural105

networks are routinely more certain than they are106

accurate (Oelrich et al., 2020; Abdar et al., 2021),107

and are often poorly calibrated (Guo et al., 2017;108

Xu et al., 2025a). Nevertheless, recent work has109

suggested that large language models might over-110

come these weaknesses through their increasing111

sophistication (Kadavath et al., 2022b; Xiao et al.,112

2025; Leng et al., 2025; Chhikara, 2025; Li et al.,113

2025).114

Some prior work has documented variation in115

confidence calibration, accompanied by variation116

in difficulty. As our own work will show, models117

are generally more overconfident on more difficult118

tasks. Investigating model calibration therefore re-119

quires variation in task difficulty. Prior methods120

have sought to assess difficulty of tasks through121

one of four approaches: (1) intuitive human as-122

sessment of that difficulty, (2) LLM as a judge123

(Hwang et al., 2025; Gobara et al., 2024), (3) scal-124

ing the context provided (Sung et al., 2025), or (4)125

a mixture of these methods. Unfortunately, these126

approaches rely on subjectivity of the annotator,127

model, or question author respectively. Tasks that128

are difficult for humans can be quite easy for fron-129

tier LLMs (Luong et al., 2025) while models may130

struggle with mundane human tasks (Philip and He-131

mang, 2024). Additionally, like humans, models 132

are subject to their own biases which may influence 133

their rating of task difficulty (Tabib and Deedar, 134

2025). Scaling the amount of context provided 135

can mitigate some of these issues; however, it is 136

not clear how each piece of context may impact 137

overall difficulty. Because of this, simply adding 138

or removing more context may not reflect the true 139

intellectual difficulty. Furthermore, in almost all 140

cases, evaluations rely on a coarse measure of dif- 141

ficulty rather than a continuous one. This leads to 142

artificial jumps in results as a question which is 143

barely ranked as a "medium" is treated the same as 144

one which is almost ranked as "hard." In contrast, a 145

continuous measure of difficulty allows for a more 146

precise analysis of model calibration and a greater 147

understanding of how difficulty relates to overall 148

calibration. 149

We contribute to this literature by first systemat- 150

ically studying confidence calibration in 11 large 151

language models across five different tests. Some 152

of these tests are more aligned with models’ abili- 153

ties than others, affording a post-hoc analysis of the 154

hard-easy effect. To isolate the effect of difficulty 155

from other task features, we develop a new task, 156

LifeEval, that affords a bias-free manipulation of 157

difficulty while holding constant other task charac- 158

teristics. LifeEval asks for probabilistic confidence 159

judgments that we then compare to empirical prob- 160

abilities. This method incorporates the benefits of 161

moderating difficulty while sidestepping the afore- 162

mentioned constraints of previous approaches. 163

3 Method 164

Our plan used six English-based question sets (see 165

Table 1) testing 11 large language models. Five of 166

these are marketed as reasoning models: DeepSeek- 167

R1 (DeepSeek, 2025), Gemini 2.5 Pro (Google, 168

2025b), GPT-o3 (OpenAI, 2025b), Claude Sonnet 169

4 (Anthropic, 2025b), and Claude Sonnet 3.7 (An- 170

thropic, 2025a).1 We compared these models to six 171

"chat" models: DeepSeek-V3 (DeepSeek, 2024), 172

Gemini 2.5 Flash (Google, 2025a), GPT-4o (Ope- 173

nAI, 2024) and Claude Haiku 3 (Anthropic, 2024) 174

as well as two locally-run, instruction-tuned, ver- 175

sions of Llama 3.1 (8B and 70B) (Meta, 2024a,b). 176

Following Kadavath et al. (2022a), we asked 177

models to state the confidence they were correct, 178

1In the interest of increasing the credibility of our results
we preregistered our research plans. This preregistration pre-
commited us to conducting and reporting a set of planned
analyses. Appendix A explains deviations from our preregis-
tered plans.
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Question Set Length After Cleaning Answer Fields Context Task Description

BoolQ 3270 2503 True, False None True or False trivia questions

SciQ 1000 995 A, B, C, D None Scientific trivia questions

LSAT-AR 230 86 A, B, C, D, E Premise for logical question Find optimal solution for complex situation

SAT-EN 206 173 A, B, C, D Passage Answering questions about a reading passage

HaluEval-QA 2000 1790 N/A Short passage Pre-generated Model responses to questions

LifeEval 808 751 Predicted age at death Sex, Minimum Age Estimate age at death given minimum age and sex

Table 1: The six question sets.

and also recorded token-level probabilities where179

available. For multiple choice questions sets, we180

had models state the probability that each answer181

option was correct. Open-weight models such as182

Llama 3.1-8B and 70B2, allowed us to analyze both183

stated confidence and token probabilities from final-184

layer logits. Moreover, for GPT-4o we were able185

to get the top 5 token probabilities and used that186

in place of a full token distribution. We fixed tem-187

peratures at 0 with deterministic, greedy-decoding,188

except where constrained by API limitations (e.g.,189

GPT-o3 enforced temperature = 1.0 and did not190

provide logprobs).191

Each model/question-set pairing yields confi-192

dence distributions, accuracy averages, and cali-193

bration metrics. We counted a response as correct194

if the answer option assigned the highest proba-195

bility matched the ground truth (with proportional196

scoring for ties). We compared confidence to ob-197

served accuracy to compute calibration statistics,198

most centrally Expected Calibration Error (ECE)199

(Naeini et al., 2015) and overconfidence. We evalu-200

ated all models under identical conditions so that201

observed differences in calibration or overconfi-202

dence could be attributed to the model.203

We designed our prompts to give our models204

the best chance at good calibration (Yang et al.,205

2024; Zhou et al., 2025; Xu et al., 2025b). For206

each question set, we employed one-shot prompt-207

ing that instructed the model to return its output208

in JSON format. Except for HaluEval, we also in-209

corporated a chain-of-thought prompting strategy210

to encourage more faithful, step-by-step reasoning.211

We repeated the system prompt within the input212

to reinforce adherence to the formatting rules. In213

the case of multiple choice questions (MCQ), we214

prompted models to select an answer and state the215

likelihood that each option is correct. This allows216

us to not only observe the confidence assigned to217

the response but also the distribution of confidence218

2Hardware constraints forced us to run Llama-70B in quan-
tized form. We used 4-bit quantization and upscaled the
weights to 16 bits for computation.

in other answer options. 219

4 Question Sets 220

We selected a variety of different question types 221

intended to capture a spectrum of conditions under 222

which calibration can succeed or fail. By exam- 223

ining calibration across these types of questions, 224

we seek a comprehensive understanding of model 225

calibration. 226

Some questions, like true/false items, entail a 227

two-alternative forced choice (so-called 2AFC for- 228

mats). Peak scoring focuses on the favored option 229

and the agent’s confidence that it is correct. It is 230

standard practice to assign responses to bins that 231

subdivide the range of confidence (Moore et al., 232

2015; Keren, 1988). This affords the calculation of 233

overconfidence and computed ECE over bins. Ta- 234

ble 1 contains a brief description of each question 235

set used in our analysis. 236

4.1 BoolQ and SciQ 237

To measure model calibration in general knowl- 238

edge, we used 1000 multiple choice questions 239

(MCQ) from the SciQ dataset (Johannes Welbl, 240

2017) as well as 3,270 True/False questions from 241

the BoolQ dataset (Clark et al., 2019). We scored 242

models against ground truth for each question. 243

4.2 LSAT-AR 244

To evaluate calibration in logical reasoning, we 245

used 230 questions from the LSAT Analytical Rea- 246

soning section (Zhong et al., 2021). Each ques- 247

tion contained five multiple choice answer options. 248

These tasks required multi-step reasoning, rule ap- 249

plication, and inference, making them well-suited 250

for testing whether models’ confidence appropri- 251

ately degrades as logical complexity increases. We 252

compared stated confidence and token-based prob- 253

abilities against correctness to compute ECE and 254

overconfidence for each model. 255
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4.3 SAT-EN256

For contextual understanding, we evaluated models257

on 1000 passage-based inference questions drawn258

from the SAT English section (Zhong et al., 2023).259

Each passage was accompanied by multiple choice260

comprehension questions requiring information ex-261

traction, inference, and reasoning about nuanced262

textual details. Our measure of calibration com-263

pares model confidence with actual accuracy across264

varying levels of passage complexity. This allowed265

us to test whether models maintain appropriate con-266

fidence when the answer depends on subtle contex-267

tual cues.268

4.4 HaluEval269

To assess confidence where LLMs are prone to hal-270

lucinating, we drew on the HaluEval question set271

(Li et al., 2023): 2000 question-answer pairs, 1000272

truthful answers and 1000 hallucinated answers.273

Here, we prompted models not to produce an an-274

swer, but instead to state their confidence in the275

given answer’s correctness. Because half of these276

answers were deliberately hallucinated, this setting277

provided a direct test of whether models could rec-278

ognize and signal their own fallibility. Calibration279

compared stated confidence with correctness.280

4.5 LifeEval281

We developed a new question set, which we call282

LifeEval, to manipulate difficulty while holding283

constant the nature of the question. LifeEval asks284

models to predict the lifespan of a person given285

their age and sex. Models were then asked to report286

the probability that their estimate would fall within287

one of several radii (1, 5, 10, or 20 years) of the true288

lifespan. We assessed actual probability using U.S.289

Social Security Administration Period Life Tables290

(Social Security Administration, Office of the Chief291

Actuary, 2025). Manipulating radius, age, and sex292

enabled us to vary task difficulty holding all else293

constant. Unlike other question sets currently avail-294

able, LifeEval distinguishes itself from existing295

benchmarks by providing a gradient of difficulty296

that the model can actively detect. For instance, if297

the model is told that a male has already lived 80298

years, it can be confident in its guess landing within299

a 20-year radius of the truth. However, if it only300

knows the sex and must get within 1 year, it should301

be clear to the model that the actual probability is302

low. We use the probability of success given the op-303

timal answer as a measure of task difficulty for our304

analysis. If there exists an answer to a question that 305

can theoretically capture 100% of the mass of the 306

conditional distribution, we can consider that ques- 307

tion easier than one where the theoretical maximum 308

is only 20%. By leveraging the empirical nature of 309

LifeEval, we can understand the difficulty of a ques- 310

tion as 1 minus its Maximum Achievable Score 311

(MAS) as seen in Figure 5. This approach affords 312

us another lens through which to understand model 313

calibration: how does a model react to changing 314

task difficulty? While there exist several methods 315

for quantifying task difficulty they all come with 316

their own drawbacks as discussed in Section 2. For 317

LifeEval we computed accuracy differently from 318

the other question sets, because we knew the true 319

probabilities against which we could compare the 320

LLMs’ responses. For a given question, let a be the 321

minimum age (e.g. 25), s be the sex, and r be the 322

radius around the model’s guess. Suppose a model 323

guessed ŷ(a, s) and has confidence c(a, s, r) that 324

ŷ(a, s) is within a radius r of the correct outcome. 325

We justify why our approach fits into the frame- 326

work of the other question sets as follows: Imagine 327

for a moment we had a large set of people Q where 328

person i ∈ Q died at age yi. Focusing on the subset 329

Qas = {i : yi ≥ a, sex(i) = s} of people of sex s 330

who lived until at least the age of a, we can think 331

of this as a binary question of asking about whether 332

the true yi falls in the interval with 333

accuracy(Qas) =
1

|Qas|
∑
i∈Qas

I
{
yi ∈ [r̂−, r̂+]

}
(1)

334

where I is the indicator function, r̂− = ŷ(a, s)− r, 335

and r̂+ = ŷ(a, s) + r. Imagining |Qas| → ∞, we 336

have accuracy(Qas) → p(ŷ(a, s), r|a, s), where 337

p(k, r|a, s) is defined as 338

P
(
y ∈ [k − r, k + r]

∣∣y ≥ a, s) (2) 339

By taking advantage of the actuarial life tables from 340

the social security administration (Social Security 341

Administration, Office of the Chief Actuary, 2025), 342

we compute p(k, r|a, s) as: 343

p(k, r|a, s) =
k+r∑

i=k−r

Si(a, s) · qi(s) (3) 344

Where qi(s) is the probability of death for a 345

person of a given sex to die at age i once they 346
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become i years old and Si(a, s) is the conditional347

probability that someone lives at least to age i given348

sex and minimum age. While qi(s) is provided by349

the life tables, we can compute350

Si(a, s) = P(live to age i|a, s)

=

i−1∏
j=a

(
1− qj(s)

)
.

(4)351

5 Confidence Scoring352

At its core, confidence calibration quantifies the353

alignment between subjective probability and ob-354

jective accuracy. When a model assigns a subjec-355

tive probability of 80%, good calibration demands356

it is correct 80% of the time (Dawid, 1982).357

We test models’ confidence in two ways: what a358

model says and what it thinks. The latter measure359

comes from final layer token probabilities, which360

are only available for open-source models or mod-361

els that provide access. We concede that next token362

probabilities are not necessarily a model’s certainty363

of a given answer being correct and may be im-364

pacted by the reasoning that precedes the answer365

token generation. However, we evaluated both to366

investigate which provides a better calibrated esti-367

mate of uncertainty.368

5.1 Stated Confidence369

For all question sets, we prompted models to pro-370

vide a numerical confidence score from 0 to 1.0371

representing the probability they are correct. In the372

case of multiple choice questions, models assigned373

probabilities to each of the answer options. In the374

instances where the provided probabilities did not375

sum to 1 we obtained normalized probabilities Pi376

as follows:377

Pi =
si∑
j∈S sj

, (5)378

where S is the set of options and each si represents379

a stated confidence for a given option.380

5.2 Confidence via Token Probability381

For models that return token probabilities in the382

form of either raw logit scores or log-probabilities383

over the top k tokens, we normalize over the viable384

tokens to compute a proper probability distribution.385

For example, if a model returns log-probabilities386

for only the top k tokens and the correct answer is387

among them, we exponentiate the log-probabilities,388

restrict to the subset of relevant tokens, and then 389

normalize as follows: 390

Pi =
pi∑
j∈T pj

391

where pi = eℓi is the exponentiated log-probability 392

for token i, and T is the set of target tokens in the 393

output (e.g. [’A’,’B’,’C’, ...] for multiple-choice 394

questions). This ensures that the resulting prob- 395

abilities sum to 1 over the restricted set and are 396

comparable across examples. 397

6 Metrics 398

For any multiple choice question set Q, we let 399

yi, ŷi ∈ {1, . . . ,K} denote the correct option 400

and the model’s chosen option, respectively, for 401

question i ∈ Q (where K denotes the number 402

of choices). We let Ci(k) ∈ [0, 1] denote the 403

model’s confidence that option k is correct, where 404∑K
k=1Ci(k) = 1. The confidence Ci(k) can refer 405

to either stated confidence or token-probability- 406

based confidence, depending on context. 407

6.1 Expected Calibration Error (ECE) 408

Expected Calibration Error (ECE) quantifies the 409

misalignment between a model’s predicted confi- 410

dence and its empirical accuracy (Pavlovic, 2025; 411

Naeini et al., 2015). We first partition a question 412

set Q into M disjoint bins by confidence: 413

Qm =
{
i ∈ Q :

m− 1

M
< Ci(ŷi) ≤

m

M

}
414

for m = 1, . . . ,M . We then compute 415

ECE(Q) =
1

|Q|

M∑
m=1

nm ·
∣∣acc(Qm)− conf(Qm)

∣∣
(6)

416

where nm is the number of questions in Qm. Prob- 417

abilities were grouped into ten equally spaced inter- 418

vals from [0, 1), with an additional bin dedicated 419

to the value 1.0. This eleventh bin identifies those 420

distinctive instances in which a model reports abso- 421

lute certainty by assigning a probability of exactly 422

1. 423

6.2 Overconfidence 424

Since ECE does not reveal whether miscalibration 425

is due to over- or underconfidence, we needed a 426

separate measure of overconfidence. We borrowed 427
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from previous works in psychology (Klayman et al.,428

1999) to define overconfidence over an entire ques-429

tion set Q as430

overconfidence(Q) = conf(Q)− acc(Q). (7)431

7 Results432

Models report 88% confidence on average in their433

favored answer option being correct. They are, in434

fact, correct for 79% of questions. The calibration435

plot shown in Figure 1 reveals that there is a strong436

positive relationship between confidence and ac-437

curacy. The diagonal identity line reflects perfect438

calibration. Observations to the southeast of the439

identity line, where confidence exceeds accuracy,440

indicate overconfidence.441

Figure 1: Calibration plot, showing accuracy condi-
tional on confidence; observations are averaged within
confidence bins, [0,0.1),[0.1,0.2)...[0.9,1),[1].

We find that models’ tendency toward overcon-442

fidence varies by question set. Figure 2 shows443

that models tended to be overconfident on some444

tasks like logical reasoning and hallucination detec-445

tion (LSAT-AR and HaluEval respectively). Models446

struggle to think through complex tasks and fail447

to adequately detect when they have gone astray.448

While accuracy was fixed for HaluEval at 52.12%449

and LifeEval had an upper bound of 56.8% we450

found that LSAT-AR proved to be the most diffi-451

cult of all the unbounded question sets with an av-452

erage accuracy of 58.6%. By contrast, while mod-453

els excelled at SciQ and SAT-EN, they remained454

consistently underconfident. The sole outlier was455

Llama-3.1-8B, likely due to its significantly lower456

parameter count.457

LifeEval’s four levels of difficulty afforded in-458

sight into how task difficulty affected confidence459

Figure 2: Overconfidence by question set and Model.

calibration. For the lowest radius (most diffi- 460

cult) tasks, models reported average confidence 461

of 34.2% but actual probability was only 9.6%. 462

Yet, like humans, models displayed a tendency to- 463

wards underconfidence when the task got easier 464

(i.e. the radius increased). Models reported 80.5% 465

confidence but actual probability was 92.0% for 466

their 20-year radius responses. 467

Comparing overconfidence by radius in Figure 468

3 reveals that as task difficulty increases (i.e., ra- 469

dius decreases), overconfidence increases. This 470

suggests that models’ reported confidence was in- 471

sufficiently sensitive to variation in task difficulty. 472

Figure 3: Overconfidence as a function of model and
radius; difficulty decreases with larger accuracy radius.

When analyzing the stated confidence values for 473

LifeEval, we found a disparity between larger rea- 474

soning models like DeepSeek-R1, which tended to 475

provide more nuanced estimates while their smaller 476

siblings provided less nuanced reports, as seen in 477

Table 2. We found that models tended to imitate hu- 478

man confidence reporting by rounding to the near- 479

est 5%. Stated confidence was a multiple of 5% for 480

91.4% of reports by non-reasoning chat models, 481

with some reporting a multiple of 5% for all of their 482

responses. By contrast, only 61.1% of stated confi- 483

dence was a multiple of 5% for reasoning models. 484

This highlights a key flaw in uncertainty estimation 485

via model reporting. By design, models imitate hu- 486

man behavior; this extends to confidence reporting 487
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Model Type Score (%) ECE Conf. (%) % Rnd Regression Coef. N

Claude-Sonnet-3.7 Reasoning 54.5 0.040 53.1 90.1 0.180 808
Claude-Sonnet-4 Reasoning 54.0 0.063 49.8 98.8 0.327 808
DeepSeek-R1 Reasoning 54.4 0.031 57.2 29.0 0.053 808
Gemini-2.5-Pro Reasoning 53.8 0.025 53.4 18.0 0.092 808
GPT-o3 Reasoning 54.2 0.029 54.1 69.8 0.189 761

Aggregate 54.2 0.037 53.5 61.1 0.168 751

Claude Haiku 3 Chat 53.0 0.267 79.8 100 0.996 808
DeepSeek-V3 Chat 53.3 0.124 63.7 100 0.782 808
Gemini-2.5-Flash Chat 53.8 0.098 63.6 48.9 0.192 808
GPT-4o Chat 54.5 0.085 59.8 100 0.604 808
Llama-3.1-70B Chat 53.5 0.185 72.0 99.5 0.874 807
Llama-3.1-8B Chat 48.4 0.142 59.9 100 0.941 800

Aggregate 52.8 0.150 66.5 91.4 0.732 751

Table 2: Performance metrics across various models on LifeEval split by model type. We report Mean Score,
Expected Calibration Error (ECE), Mean Confidence, Percentage of Rounded outputs, the Regression Coefficient
between difficulty and overconfidence, and number of completions (N ). LifeEval has a mean Maximum Achievable
Score (MAS) of 56.80%. We ran a regression comparing Overconfidence and question difficulty (1−MASquestion).
A higher regression coefficient implies the increased prevalence of the Hard-Easy effect. Aggregate rows take mean
of all columns except for N which is the size of the subset of questions answered by all models (Reasoning & Chat).

where, like humans (Wallsten et al., 1993), models488

tend to avoid precision.489

We observe stronger correlations between stated490

confidence and actual probability of being correct491

for reasoning models. This correlation is, on aver-492

age, 0.94 for the five reasoning models (GPT-o3,493

Deepseek-R1, Gemini 2.5-Pro and 2.5-Flash, and494

Claude Sonnet-3.7 and Sonnet-4) and only 0.48 for495

the other models.496

Finally, for GPT-4o and both versions of Llama-497

3.1 we were able to compare the stated confidence498

to the token probability of the answer for each499

question. We found that, in general, ECE for stated500

confidence is fairly aligned with token probabil-501

ities, with stated confidence being slightly better502

calibrated than token probabilities. This is likely503

due to token probabilities not being intended to504

capture the probability of correctness while stated505

confidence takes into account a much more holistic506

view. In contrast to stated probabilities that are507

often a multiple of 5%, less than 1% of token prob-508

abilities are multiples of 5%. We found that token509

probability tended to be higher than the stated con-510

fidence value. For a comparison by question set,511

see Figure 8 in the Appendix.512

8 Discussion 513

We document successful metacognition in large lan- 514

guage models. LLMs can faithfully report their con- 515

fidence in the accuracy of their judgments. Never- 516

theless, we find 9% overconfidence (the difference 517

between models’ 81% stated confidence and their 518

72% accuracy). This result fits in the range of hu- 519

man overconfidence documented across a variety of 520

tasks and settings: 30% overconfidence on the eco- 521

nomic forecasts of the Survey of Professional Fore- 522

casters (Campbell and Moore, 2024); 15% overcon- 523

fidence among laypeople answering general knowl- 524

edge questions (Lichtenstein and Fischhoff, 1977); 525

and just 3% overconfidence among trained fore- 526

casters scored with accuracy-compatible incentives 527

predicting geopolitical events (Moore et al., 2017). 528

Confidence corresponds more closely to the ac- 529

tual probability of being correct for self-reflective 530

reasoning models. Nevertheless, confidence re- 531

ported by the models in our study is less responsive 532

than is accuracy to variations in difficulty. Con- 533

sequently, we observe the “hard-easy” effect doc- 534

umented in human confidence judgments: Over- 535

confidence rises with difficulty (Erev et al., 1994). 536

This is particularly evident in LifeEval, a test we 537

devised to provide exogenous variation in difficulty 538

holding other task characteristics constant. 539

The hard-easy effect arises because confidence 540
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is a noisy signal of accuracy. Confidence is less541

responsive to difficulty than is accuracy. So the542

overall overconfidence we observe is partly a result543

of test items sufficiently difficult to produce over-544

confidence. However, there is more to it than that.545

Finite fallible agents will sometimes be wrong be-546

cause they do not know everything (Moore, 2023).547

For AI systems, out-of-sample judgments may in-548

clude these unknown unknowns–that is, relevant549

knowledge the agent lacks but is not aware of.550

It is possible to imagine a model refining its551

confidence in light of feedback. Commercial LLMs552

are refined through reinforcement learning with553

human feedback (RLHF). However, RLHF might554

actually increase the overconfidence models report555

(Tian et al., 2023). If human users prefer models556

that express confident assurance, RLHF may train557

the LLM to report greater confidence.558

LLMs’ competence and confidence have led559

many users to rely on them heavily and unquestion-560

ingly (Hou et al., 2025). This trust might be mis-561

placed if models express greater confidence than562

their accuracy justifies. When models are faced563

with tasks for which they cannot perform as well,564

they maintain the same high level of confidence.565

As we see in LifeEval, models fail to sufficiently re-566

duce their confidence as performance declines with567

task difficulty. For LLMs to deserve users’ trust,568

they must be able to reliably report their limita-569

tions. Many users are aware of LLMs’ impressive570

capabilities but are wary of adoption because of571

the unpredictable nature of hallucination. If users572

do not know when they need to seek additional re-573

sources they are forced to either constantly watch574

over the model or remove it from their workflow575

entirely.576

9 Future Work577

Psychological research distinguishes three forms578

of overconfidence in humans: overplacement is579

the exaggerated belief that you are better than oth-580

ers; overestimation is thinking you are better than581

you are; overprecision is the excessive certainty582

that you know the truth (Moore and Healy, 2008).583

We employed single-item confidence measures that584

ask, “How sure are you that this answer is correct?”585

These sorts of item-confidence measures perfectly586

confound overestimation and overprecision, since587

being too certain of your answer is the same as588

overestimating your chance of being correct. How-589

ever, it is possible to unconfound these two using590

higher-order measures. One approach elicits an es- 591

timate of the respondent’s score on some test, and 592

their certainty about that estimate. This affords the 593

possibility of being excessively certain of an under- 594

estimate, such as the student who is convinced she 595

failed an exam when in reality she passed. Future 596

research should distinguish between these different 597

forms of overconfidence in LLMs. 598

Future research should further examine how 599

language models perform on Bayesian inference 600

tasks. As LifeEval demonstrates, models consis- 601

tently struggle to appropriately reduce their confi- 602

dence as tasks become more difficult. Investigat- 603

ing this limitation across different domains may 604

help illuminate the underlying causes and potential 605

remedies. 606

In humans, one of the most useful general- 607

purpose debiasing strategies is getting people to 608

reflect on why it is they might be wrong (Lord et al., 609

1984). More specifically, inviting people to con- 610

sider what information they lack helps them moder- 611

ate their tendency toward overconfidence (Walters 612

et al., 2017). The better performance of the rea- 613

soning models we examine constitutes a striking 614

parallel. It is possible that prompts or training reg- 615

imens that encourage models to engage in more 616

reflection and self-criticism could further improve 617

calibration and reduce overconfidence. 618

Limitations 619

Some of the question sets we used contained er- 620

rors. Some of these errors were typos that made 621

the question more ambiguous. Other errors cut off 622

text or omitted figures referenced in the questions. 623

We chose to keep these questions for two reasons. 624

First, rewriting or labeling questions was problem- 625

atic because it would have introduced differences 626

from the source and reduced comparability to other 627

studies using the same question sets. Second, we 628

felt that the existence of such questions did not 629

detract from our work as models ought to be well- 630

calibrated regardless of a user’s prompt. If a model 631

does not understand a question, it should express a 632

lower confidence in its response. Therefore, when 633

considering key metrics such as ECE, a model’s 634

overall calibration should be largely independent 635

from the existence of a few unclear questions. 636

In their responses to LifeEval questions, some 637

models provided reasoning that referenced SSA ta- 638

bles. We felt that this was immaterial as regardless 639

of having access to the data, its confidence should 640
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be well calibrated. The over- and under-estimates641

we observe show that even when models have suf-642

ficient context they may not be able to properly643

provide well-calibrated confidence estimates644

For GPT-4o we were constrained to only the645

top 5 tokens. This meant that there were many646

instances where we did not have access to a certain647

answer option. Without this, we opted to assign648

a value of 0. While the true value is invariably649

higher, as this is for the least desired options we650

don’t expect this practice to impact our results in651

any way.652

Finally, the size of our question sets varied, as653

seen in Table 1. This does not undermine the valid-654

ity of our model-to-model comparisons. However,655

our overall results (such as the aggregate calibra-656

tion plot in Figure 1) does overweight BoolQ. See657

Figure 6 in the Appendix for a more granular view658

of model calibration on each question set.659

Ethical Considerations660

One of the authors is a Visiting Faculty Researcher661

at Google, which created some of the LLMs an-662

alyzed in this work; however, this manuscript’s663

work was conducted as part of their employment at664

a university, not at Google.665

While the misuse of generative AI has become666

a growing issue in recent years, we do not see a667

way in which our work greatly exacerbates this668

issue. LifeEval only utilizes two demographic669

identifiers for a person: sex and a minimum age670

level. Although it would be ill-advised, if an in-671

ference provider chose to incorporate LifeEval or672

a similarly structured question set into their train-673

ing data there would a possibility of model bias674

arising along these two axes. We encourage future675

researchers to exercise caution and transparency re-676

garding the inclusion of such demographic markers677

in training pipelines.678
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B Data Cleaning and Exclusion Criteria940

Any response that we could not parse, whether941

due to improper formatting or incomplete output,942

was omitted from our analysis. A few responses943

to multiple-choice questions provided all zeroes944

for their stated confidence scores. As we did not945

define a procedure for handling such cases in our946

pre-registration, we chose to drop them from our947

analysis. In some cases (n = 54), models attempted948

to hedge their responses by saying "maybe" or "I’m949

not sure". Although we find these cases promising950

from the standpoint of human computer interac-951

tion, we did not assign a scoring rubric for such952

responses and felt it improper to do so post-hoc953

in order to measure calibration from these ques-954

tions. Because of this, we chose to omit these cases955

from our analysis. To keep questions balanced956

across models, we further restricted evaluation to957

the subset of questions that every model answered958

successfully.959

C Scoring960

We define accuracy as961

accuracy(Q) =
1

|Q|
∑
i∈Q

I{ŷi = yi}, (8)962

where I is the indicator function, and confidence as963

confidence(Q) =
1

|Q|
∑
i∈Q

Ci(ŷi). (9)964

When Ci(k) represents token probabilities and the965

LLM’s temperature is 0, we have966

ŷi = argmax
k

[Ci(k)], (10)967

in which case C(ŷi) = maxk Ci(k), but in general968

this is not true when other decoding strategies are969

used.970

C.1 Scoring for HaluEval971

For HaluEval, we determined whether a provided972

answer was correct ahead of time. Therefore, we973

scored each question based on the provided label974

such that975

accuracy(Q) =
1

|Q|
∑
i∈Q

yi. (11)976

D AI Use Disclaimer 977

Generatve AI (ChatGPT, Gemini, RooCode) was 978

used, in part, throughout this research project to aid 979

the researchers in background research, generating 980

and debugging code snippets, document formatting, 981

and improving the readability of this text. The 982

methodology, analysis, and findings presented are 983

entirely the intellectual property of the researchers 984

and had no origin from generative AI. 985

E LifeEval Plots 986

Figure 4: LifeEval allows for the monotonic decrease
in task difficulty given age, sex, and radius. As the
Maximum Achievable Score (MAS) increases, the task
difficulty decreases.

Figure 5: Best age to guess as a function of minimum
age, gender, and radii. We see that the optimal age is
constant until a certain minimum age is reached. Addi-
tionally, we see Female’s have slightly higher overall
life expectancy.
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Figure 6: Side by side plots of all models (rows) and all question sets (columns). GPT-4o, Llama-3.1-70B, and
Llama-3.1-8B all display their token probabilities in red.
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Figure 7: Each plot displays the relationship between Stated Confidence and actual Score for various model families.
Each scatter plot illustrates how accurately a given family of models estimates their own performance to their true
score. The prevalence of horizontal lines show the tendency for certain models to round their probability estimates.

Figure 8: Comparison between the calibration error of stated confidence versus token probability for models when
available. In most cases, Stated ECE was lower then Token ECE. Given the nature of HaluEval, we did not get
token probabilities from the models. Because of this, HaluEval is left out from this analysis.
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Figure 9: Accuracy for each model on all question sets. SAT-EN and SciQ had the highest performance while
LSAT-AR saw the biggest variation between models.

Figure 10: ECE for each model on all question sets. Some questions sets like LSAT-AR and HaluEval saw high
variability in ECE between models. Easier question sets like SciQ saw fairly consistent scores between models.
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Claude-Sonnet-3.7 Claude-Sonnet-4 DeepSeek-R1 GPT-o3 Gemini-2.5-Pro

Question Set Metrics

BoolQ

Accuracy 83.14 84.30 84.50 86.06 84.90

Confidence 95.57 91.97 95.61 82.59 99.35

ECE 0.12 0.08 0.11 0.04 0.15

(%) Rounded 46.06 96.20 68.08 50.38 73.95

HaluEval

Accuracy 52.12 52.12 52.12 52.12 52.12

Confidence 59.91 95.68 61.07 53.84 60.14

ECE 0.08 0.45 0.11 0.02 0.11

(%) Rounded 99.94 100.00 99.27 55.08 100.00

LSAT-AR

Accuracy 41.86 45.35 95.35 96.51 96.51

Confidence 80.93 71.40 99.72 81.52 97.99

ECE 0.39 0.33 0.05 0.15 0.01

(%) Rounded 95.35 94.19 96.51 72.09 37.21

LifeEval

Accuracy 54.49 53.98 54.43 54.25 53.84

Confidence 53.11 49.79 57.23 54.13 53.42

ECE 0.04 0.06 0.03 0.03 0.03

(%) Rounded 90.15 98.80 29.03 69.77 17.98

SAT-EN

Accuracy 97.69 98.84 94.22 97.69 98.84

Confidence 84.16 82.63 87.06 75.55 92.74

ECE 0.14 0.17 0.10 0.22 0.07

(%) Rounded 97.11 100.00 94.80 83.82 63.01

SciQ

Accuracy 97.29 96.88 97.59 98.09 97.59

Confidence 92.49 91.72 93.41 82.65 95.44

ECE 0.05 0.05 0.04 0.15 0.03

(%) Rounded 73.37 99.60 66.23 77.19 29.75

Table 3: Performance of reasoning models across all question sets.

Model Claude Haiku 3 DeepSeek-V3 GPT-4o Gemini-2.5-Flash Llama-3.1-70B Llama-3.1-8B

Question Set Metrics

BoolQ

Accuracy 78.15 82.90 85.30 84.54 78.59 69.32

Confidence 89.76 92.94 93.26 99.30 90.60 85.98

ECE 0.12 0.10 0.08 0.15 0.12 0.17

(%) Rounded 99.88 91.33 98.36 89.93 88.17 96.28

HaluEval

Accuracy 52.12 52.12 52.12 52.12 52.12 52.12

Confidence 88.65 67.16 76.49 60.29 63.73 71.21

ECE 0.37 0.15 0.24 0.11 0.14 0.20

(%) Rounded 100.00 100.00 100.00 98.60 99.11 98.72

LSAT-AR

Accuracy 29.07 34.88 36.05 96.51 38.37 33.72

Confidence 67.39 63.84 85.58 97.48 89.53 88.80

ECE 0.42 0.32 0.50 0.04 0.52 0.57

(%) Rounded 89.53 90.70 90.70 98.84 100.00 94.19

LifeEval

Accuracy 53.02 53.26 54.55 53.79 53.52 48.39

Confidence 79.76 63.72 59.77 63.58 72.03 59.85

ECE 0.27 0.12 0.09 0.10 0.19 0.14

(%) Rounded 100.00 100.00 100.00 48.87 99.47 100.00

SAT-EN

Accuracy 88.44 94.80 93.06 98.84 91.91 83.82

Confidence 67.51 72.86 79.39 88.53 85.82 85.52

ECE 0.22 0.24 0.15 0.10 0.10 0.12

(%) Rounded 98.84 100.00 96.53 98.84 99.42 94.80

SciQ

Accuracy 94.07 97.09 96.88 96.68 95.38 91.06

Confidence 84.35 86.55 91.95 93.44 94.68 94.51

ECE 0.11 0.11 0.05 0.04 0.04 0.05

(%) Rounded 99.80 98.99 99.40 78.39 97.59 97.29

Table 4: Performance of chat models across all question sets.
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Provider Google OpenAI Anthropic Lambda DeepSeek Total

Spend (USD) 228.59 234.17 94.53 941.78 7.41∗ 1,506.48

Table 5: Total spend by provider. New users on Google’s platform receive $300 in compute credits which we did not
surpass. Lambda generously provided us with a $5, 000 research grant to cover our compute costs on their services.
We ran both Llama models using one NVIDIA H100 GPU over a combined 283 hours. We did not keep track of our
total spend on DeepSeek but we estimate the price based on publicly available pricing and our input and output
token counts.

Model Publisher Type Model Card

Claude Haiku 3 Anthropic Chat https://assets.anthropic.com/m/61e7d27f8c8f5919/original/Claude-3-Model-Card.pdf

Claude Sonnet 3.7 Anthropic Reasoning https://assets.anthropic.com/m/785e231869ea8b3b/original/claude-3-7-sonnet-system-card.pdf

Claude Sonnet 4 Anthropic Reasoning https://www-cdn.anthropic.com/6d8a8055020700718b0c49369f60816ba2a7c285.pdf

DeepSeek V3 DeepSeek Chat https://huggingface.co/deepseek-ai/DeepSeek-V3

DeepSeek R1 DeepSeek Reasoning https://huggingface.co/deepseek-ai/DeepSeek-R1

Gemini 2.5 Flash Google Chat https://modelcards.withgoogle.com/assets/documents/gemini-2.5-flash.pdf

Gemini 2.5 Pro Google Reasoning https://modelcards.withgoogle.com/assets/documents/gemini-2.5-pro.pdf

Llama 3.1 8B Meta Chat https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct

Llama 3.1 70B Meta Reasoning https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct

GPT 4o OpenAI Chat https://openai.com/index/gpt-4o-system-card/

GPT o3 OpenAI Reasoning https://openai.com/index/o3-o4-mini-system-card/

Table 6: Information about each model used.
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