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Abstract001

How do large language models (LLMs) per-002
ceive task difficulty, and how does this percep-003
tion shape their problem-solving capabilities?004
While existing work on the epistemology of005
LLMs has mainly focused on confidence, dif-006
ficulty perception offers a novel perspective007
on models’ knowledge and reasoning process.008
This question becomes especially relevant in009
the context of large reasoning models (LRMs),010
where test-time compute can be allocated in the011
form of special thinking tokens depending on012
problem difficulty. Our experiments with six013
LRMs on mathematical, competitive program-014
ming, science, and social reasoning tasks reveal015
that difficulty perception is not random; instead,016
its ranking highly correlates between different017
models; we present evidence that models per-018
form better on problems they deem easier, a019
correspondence stronger than that of verbalized020
confidence. We also show that cues overstat-021
ing problem difficulty in prompts can cause022
reasoning inefficiency. Our findings establish023
difficulty perception as a concept separate from024
verbalized confidence in model epistemology025
while highlighting risks from simple prompt026
injections with hints of difficulty.027

1 Introduction028

As large language models (LLMs) are widely used029

in various domains such as mathematics (Imani030

et al., 2023), the sciences (Jablonka et al., 2024;031

Ziems et al., 2024), coding (Guo et al., 2024),032

medicine (Thirunavukarasu et al., 2023), and so-033

cial interactions (Liu et al., 2024), it is important034

to probe their knowledge and reasoning processes.035

Existing works on model epistemology (Steup and036

Neta, 2005), however, have largely focused on037

the elicitation and calibration of models’ confi-038

dence (Tian et al., 2023; Xiong et al., 2024) and039

how models respond to uncertainty markers in040

prompts (Zhou et al., 2023). Yet a key gap re-041

mains in understanding how models perceive and042

The following is a 
competitive programming 
problem [...]
Your task is to solve the 
problem above by writing a 
Python script [...]

Choose among 'very easy', 
'easy', 'moderate', 'hard', and 
'very hard' to describe the 
question difficulty.

I think it’s 
hard…

I think it’s 
easy…

[question perceived as easy / 
hard]

[reasoning] [solution]

RQ1

RQ2

[question]
Note that this is an easy / 
hard question.

RQ4

[reasoning] [solution]

[token allocation]

RQ3

Figure 1: In this paper, using an array of math, coding,
science, and social reasoning tasks, we investigate (in
RQ1, Section 4.1) properties of models’ verbalized dif-
ficulty perception, (in RQ2, Section 4.2) the relation
between difficulty perception and performance, and (in
Section 4.3) how cues of difficulty in prompt affect per-
formance (RQ3) and token allocation (RQ4).

interpret problem difficulty itself. 043

This gap is particularly salient with the emer- 044

gence of large reasoning models (LRMs)—models 045

which produce special reasoning tokens before 046

their final answer (Jaech et al., 2024; Guo et al., 047

2025; Qwen Team, 2025b). They have achieved 048

impressive performance on a range of tasks, thanks 049
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to the allocation of reasoning tokens on difficult050

problems. Accordingly, it is crucial to understand051

how test-time scaling shapes models’ perceived dif-052

ficulty and stands against the manipulation of such053

perception.054

In this paper, we introduce and investigate the055

concept of difficulty perception in a series of ex-056

periments on various tasks spanning mathematics,057

coding, science and social reasoning. We show that058

difficulty perceptions are not arbitrary but instead059

correlated across different models; such percep-060

tions are separate from verbalized confidence and061

match models’ performance better; furthermore,062

prompts that overstate problem difficulty result in063

significantly higher token usage while performance064

remains the same or worsens. Through these ex-065

periments, our research establishes difficulty per-066

ception as a key concept in model epistemology,067

while also highlighting efficiency risks from simple068

prompt injections with hints of difficulty.069

2 Related Work070

Epistemology of LLMs Epistemology is the071

study of knowledge (Steup and Neta, 2005), which072

can provide more transparency in the decision-073

making process of black-box systems like LLMs.074

In the context of LLM research, much focus has075

been placed on uncertainty or confidence towards076

their own responses. The majority of existing077

works studied the elicitation of model’s confidence078

in various environments and techniques to calibrate079

such confidence to match actual performance (Tian080

et al., 2023; Xiong et al., 2024; He et al., 2025).081

Zhou et al. (2023) instead examined how epis-082

temic markers in prompts can affect model capa-083

bilities. In this paper, we propose a new perspec-084

tive on model epistemology: difficulty perception.085

Through the elicitation of difficulty ratings and086

prompting with difficulty markers, our methods uti-087

lize elements of previous work in a new context.088

Our experiments establish difficulty perception as089

a concept separate from verbalized confidence and090

enjoying a higher level of correspondence to perfor-091

mance. Our behavioral approach is complementary092

to Lugoloobi and Russell (2025), which linearly093

probes internal activations to find difficulty repre-094

sentations.095

Sycophancy in LLMs LLMs are known to con-096

form to bias factors by users rather than truth, a097

phenomenon known as sycophancy. Sharma et al.098

(2024) investigated sycophancy in situations involv-099

ing a user’s stated preference, questioning, opinion, 100

and mistakes. Some works in the literature look 101

into mitigation methods, such as finetuning on syn- 102

thetic data (Wei et al., 2023) or finetuning specific 103

components of LLMs responsible for sycophancy 104

(Chen et al., 2024). Our study of how difficulty 105

cues can affect models echoes existing findings on 106

sycophancy, where such cues can also be consid- 107

ered part of a user’s belief. 108

Reasoning models Recently, language models 109

capable of producing designated reasoning or 110

thinking tokens have gained traction, as they un- 111

lock a new dimension of scaling through such to- 112

kens (Jaech et al., 2024; Guo et al., 2025; Qwen 113

Team, 2025b; Yang et al., 2024; Qwen Team, 114

2025a). Through the premise that test-time com- 115

pute, i.e., the amount of reasoning tokens, can be 116

expended according to problem difficulty, these 117

models have claimed superior performance on 118

olympiad mathematics, science, and coding bench- 119

marks compared to their vanilla instruction-tuned 120

counterparts. In this paper, we examine how the 121

performance of these models can be manipulated 122

through difficulty cues at various reasoning bud- 123

gets. 124

3 Methodology 125

3.1 Data 126

In this study, we draw on four English-language 127

datasets that collectively span mathematics, com- 128

petitive programming, science, and social reason- 129

ing, yielding a diverse and comprehensive bench- 130

mark of 658 problems. 131

1. AIME (Lin, 2025). This dataset consists of 60 132

olympiad-level problems from the 2024 and 133

2025 editions of the American Invitational 134

Mathematics Examination, covering various 135

topics in number theory, geometry, combina- 136

torics, etc. 137

2. E2H-Codeforces and E2H-ARC. This is part 138

of the Easy2Hard benchmark (Ding et al., 139

2024), which contains problems in various 140

domains accompanied by difficulty levels de- 141

rived from multiple sources (e.g., human rat- 142

ings and LLM leaderboards)1. We perform 143

1Note that while Ding et al. (2024) employed GPT-4 to
verify the derived difficulty levels, our purpose is different (we
perform model analysis instead of building a dataset) and we
study difficulty perception of a wider range of models rather
than a single one.
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stratified sampling (with respect to difficulty144

ratings provided in the benchmark) to obtain145

200 problems in the competitive programming146

(Codeforces) subset and another 200 in the147

multiple-choice science question-answering148

subset (ARC (Clark et al., 2018)) that resem-149

ble the original difficulty level distribution.150

3. LLM Coordination (Agashe et al., 2025).151

This benchmark evaluates the ability of LLMs152

to coordinate in card, cooking, and maze153

games. We make use of the QA portion of154

the benchmark, consisting of 198 single-turn,155

multiple-choice questions involving theory-of-156

mind, joint planning, and environment com-157

prehension capabilities.158

3.2 Models159

We consider six popular reasoning models: Gemini160

2.5 Flash (Comanici et al., 2025), GPT-5 mini (Ope-161

nAI, 2025), DeepSeek R1 0528 Qwen3 8B (Guo162

et al., 2025), Qwen3 {14B, 32B} (Qwen Team,163

2025a), and DeepSeek R1 Llama 8B (Guo et al.,164

2025). For each of these, we consider reasoning165

budgets of 0, 1024, and 8192 tokens for comprehen-166

siveness. The non-zero budgets are implemented167

as soft constraints through the Gemini API and168

effort levels “low” and “medium” in the OpenAI169

API, while the reasoning tokens of the open mod-170

els are cut off exactly at the indicated budgets. At171

the cutoff position, we manually insert the follow-172

ing sentence recommended by Qwen Team (2025a)173

and continue the generation:174

Considering the limited time by the user,
I have to give the solution based on the
thinking directly now.\n</think>.\n\n

175

We note that for the 0-token budget, we use “min-176

imal” effort for GPT-5 mini (no option with zero177

reasoning is available for this model) while Llama178

3.1 8B Instruct and Qwen3 8B are used as the non-179

reasoning version for the Deepseek distilled mod-180

els.181

All inference is done with four trials (to account182

for random variations) and we report pass@1 for183

performance. See Appendix A for more details on184

inference.185

3.3 Research Questions and Experiments186

RQ1. How do models perceive difficulty? Char-187

acterizing the distribution of difficulty ratings is188

crucial for establishing how models internally cat- 189

egorize task difficulty, revealing whether models 190

share a similar ordering of problem difficulty or 191

exhibit divergent internal notions of what counts 192

as “difficult.” To do this, we elicit difficulty ratings 193

on a Likert scale (Joshi et al., 2015) from models 194

through the inclusion of the following prompt after 195

problem statements. 196

Without solving the question above,
choose a word among ‘very easy’, ‘easy’,
‘moderate’, ‘hard’, and ‘very hard’
which best describes the difficulty of
the question.

197

For each pair of model and problem, we sample 198

eight times and determine the difficulty perception 199

as the majority vote, i.e., self-consistency (Wang 200

et al., 2023). We also compare perceived difficulty 201

to verbalized confidence with similar prompts: “the 202

difficulty of the question”, “easy”, and “hard” are 203

replaced respectively by “your confidence in suc- 204

cessfully solving the question”, “low”, and “high”. 205

Additionally, we also elicit difficulty ratings con- 206

ditioned on models’ reasoning processes. Specif- 207

ically, we prompt models with a conversation in- 208

cluding a problem statement, the models’ solution, 209

and a second user message asking 210

Now that you have answered the question,
choose a word among ‘very easy’, ‘easy’,
‘moderate’, ‘hard’, and ‘very hard’
which best describes the difficulty of
the question.

211

RQ2. What do perceived difficulty and perfor- 212

mance relate? Here we examine the accuracy of 213

models on problems it identifies as belonging to 214

each difficulty level listed above. The inference 215

here is independent of the difficulty ratings pro- 216

cess in RQ1, ensuring that models are not biased 217

by their own ratings. Again, here we also make 218

comparisons to verbalized confidence; we do not 219

utilize other forms of confidence estimation (e.g., 220

using logits of answer token) in order to ensure fair 221

and direct comparisons to the form of perceived 222

difficulty we are proposing. 223

RQ3. How do cues of difficulty in prompts af- 224

fect LLM reasoning? If model performance is 225

indeed connected to perceived difficulty, a natural 226

question is whether models are sensitive to manip- 227
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ulation of such perception. One simple form of228

this manipulation can be to inject cues of difficulty229

along with prompts. Specifically, after problem230

statements we add231

Note that this is a(n) {level} question.
232

where {level} is one of very easy, easy, mod-233

erately difficult, hard, and very hard. These levels234

are aligned with our difficulty perception extraction235

in RQ1. We report average performance changes236

when models are prompted with cues that either237

overstate, similarly state, or understate problem238

difficulties compared to models’ own perception.239

RQ4. Token count analyses. Here we examine240

how models allocate tokens according to their own241

difficulty perception and cues of difficulty as stated242

in prompts.243

Robustness Check For each experiment, we ex-244

amine whether our findings still hold when numeri-245

cal difficulty ratings are elicited instead of the word246

counterpart. In particular, we use the prompt247

Without solving the question above,
choose a single integer from 1 to 5
which best describes the difficulty of
the question, where 1 is the easiest and
5 is the hardest.

248

to extract difficulty ratings before problem solv-249

ing and mention the same numeric scale to obtain250

perception after problem solving:251

Now that you have answered the question,
choose a single integer from 1 to 5
which best describes the difficulty of
the question, where 1 is the easiest and
5 is the hardest.

252

Figures and tables for robustness check will be253

included in Appendix E. While outside the pri-254

mary scope of this work, we also include an explo-255

ration of the alignment between model-perceived256

difficulty and human judgment (E2H-Codeforces),257

alongside ratings derived from LLM leaderboards258

(E2H-ARC), in Appendix B. Note that we also per-259

form some fine-tuning experiments (investigating260

how knowledge exposure affects difficulty percep-261

tion) with limited findings (Appendix C).262

4 Results 263

4.1 Difficulty Perception 264

We begin by examining how different models per- 265

ceive task difficulty across datasets and reasoning 266

budgets. In Figure 2, we first observe that perceived 267

difficulty distributions vary across different models 268

and tasks: for instance, E2H-ARC registers ratings 269

towards the easier side while E2H-Codeforces prob- 270

lems result in ratings more concentrated around 271

“moderate"). However, the “very hard" extreme is 272

rare for all datasets. 273

very easy easy moderate hard very hard
Difficulty Rating

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of
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et

E2H-ARC

very easy easy moderate hard very hard
Difficulty Rating

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
of

 D
at

as
et

E2H-Codeforces

GPT-5 mini
Gemini 2.5 Flash
Deepseek Llama 8B
Deepseek Qwen3 8B
Qwen3 14B
Qwen3 32B

Reasoning
Budget

None
Low
Medium

Figure 2: Perceived difficulty distribution varies by mod-
els and tasks.

In Figure 3, we illustrate the Spearman corre- 274

lation between the difficulty ratings by different 275

models. Despite aforementioned results that mod- 276

els have different difficulty perception distributions, 277

we see that perception is still highly correlated 278

between different models, with 90% of the cor- 279

relation values lying above 0.513 and a median of 280

0.662. This means that if a problem A is perceived 281

as easier than a problem B for a model, we are 282

likely to see the same ranking by a different model. 283

Finally, we also see that different reasoning budgets 284

(none, low, medium) with the same model some- 285

times do, but not always, result in a high correlation 286

among each other (enclosed in red) compared to 287

other models. 288
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Figure 3: Difficulty ratings are positively rank-
correlated between models. This suggests that different
models have a common sense of whether one problem is
more difficult than another. In the correlation heatmap,
n, l, and m stand for none, low, and medium reasoning
budgets, respectively.

Next, we investigate how verbalized confi-289

dence (Tian et al., 2023; Xiong et al., 2024; He290

et al., 2025) and verbalized difficulty perception291

(the concept we propose) are related. Figure 4292

(Top) illustrates the Spearman correlation between293

how models rate the difficulty of each problem and294

how confident they are about successfully solving295

the same problem. In most cases, we observe a296

low negative correlation, with the mean of -0.34.297

This means a model being confident about solving298

a problem only corresponds slightly to the event299

that it thinks the problem is easy. As such ver-300

balized confidence and difficulty perception are301

separate concepts from the perspective of LLMs,302

which highlights the importance of studying diffi-303

culty perception in its own right.304

Finally, we compare difficulty perception before305

and after problem solving (i.e., conditioned on mod-306

els’ own solution). Figure 4 (Bottom) shows (1)307

the Spearman correlation between difficulty per-308

ception before and after problem solving and (2)309

the distribution of changes in perception, with the310

unit of analysis being individual problems; here the311

0.6 0.4 0.2 0.0 0.2
Spearman Correlation

GPT-5 mini

Gemini 2.5 Flash

Deepseek Llama 8B

Deepseek Qwen3 8B

Qwen3 14B

Qwen3 32B

M
od

el

Perceived Difficulty vs Confidence

0.0 0.2 0.4 0.6 0.8 1.0
Spearman Correlation

GPT-5 mini

Gemini 2.5 Flash

Deepseek Llama 8B

Deepseek Qwen3 8B

Qwen3 14B

Qwen3 32B

M
od

el

Perceived Difficulty Before
vs After Problem Solving

GPT-5 mini
Gemini 2.5 Flash
Deepseek Llama 8B
Deepseek Qwen3 8B
Qwen3 14B
Qwen3 32B

Reasoning
Budget

None
Low
Medium

Figure 4: Top. A weak correlation here indicates
that difficulty perception and confidence are separate
concepts from the perspective of the LLMs. Bottom.
Strong positive correlation between perceived difficulty
conditioned and unconditioned on models’ solution is
recorded across multiple models and budget levels.

word-based scale from “very easy” to “very hard” 312

is converted into a numerical scale from 1 to 5, and 313

a problem being rated “very hard” when a model 314

is conditioned on its answer but “hard” when the 315

model is unconditioned will result in a change of 316

+1, for instance. We observe a strong positive cor- 317

relation as well as a mode at 0 (with the majority 318

of instances ranging from −1 to +1) in the change 319

histograms for most models and reasoning budget, 320

which indicates that models mostly do not change 321

how they perceive problem difficulty after they 322

have solved the problem. 323

As for robustness check, we find that numerical 324

perception results in distributions that are some- 325

what more uniform compared to the word-based 326

counterpart (distribution plots in Figure A3 and en- 327

tropy measures in Table A3). There are still very 328

strong rank correlations between the perceptions 329

of different models (Figure A4), with the majority 330

of correlation values greater than 0.5. Figure A5 331

(Top) then shows weak correlations between numer- 332

ical difficulty perception and verbalized confidence, 333
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which aligns with our existing findings. Finally,334

Figure A5 (Bottom) confirms consistent trends in335

the numerical case for perceptions before and after336

problem solving.337

Takeaway 1. Difficulty perceptions are not ar-
bitrary; instead its ranking is highly correlated
across models. Verbalized confidence and per-
ceived difficulty are separate concepts with weak
correlation. Difficulty perception of models to-
wards a problem often persists before and after
problem solving.

338

4.2 Relation Between Difficulty Perception339

and Performance340

Figure 5 shows the performance of Qwen3 32B341

at different reasoning budgets on problems they342

deem easy, moderately difficult, or hard as well as343

those they have moderate, high, and very high con-344

fidence about. We see a clear trend where higher345

performance is attained at problems with easier346

perception: the model achieves a 96.1%, 73.1%,347

and 29.0% pass@1 on problems it perceives as348

“easy”, “moderate”, and “hard”, respectively. This349

shows that difficulty perception is a measure with350

intuitive connections to model performance.351
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93.3

Qwen3 32B

Figure 5: Models perform better on problems they per-
ceive as easier, similar to how models perform better on
problems they are more confident about.

Effort
Metric None Low Medium
Per. Difficulty -0.650 -0.655 -0.601
Verbal. Confidence 0.357 0.351 0.540

Table 1: Perceived difficulty is more correlated to perfor-
mance compared to verbalized confidence across effort
levels. Here the unit of analysis is each combination of
(task, model, perceived difficulty level), resulting in 78
to 93 data points for each correlation calculation.

Importantly, we note that verbalized confidence352

is not as predictive of model performance as per- 353

ceived difficulty. Concretely, Table 1 presents the 354

Spearman correlation between pass@1 and diffi- 355

culty perception as well as verbalized confidence, 356

when both are converted to a 1-to-5 numerical 357

scale. While perceived difficulty consistently re- 358

sults in strong negative correlations above 0.6 in 359

absolute terms, the confidence counterparts range 360

from 0.36 to 0.54. This observation is intriguing 361

as perceived difficulty and confidence are concep- 362

tually similar metrics. We attribute this empirical 363

discrepancy to (1) LLMs reflecting human data 364

and being overconfident, as discussed in prior stud- 365

ies (Xiong et al., 2024), and (2) difficulty markers 366

being potentially included in pretraining data more 367

as accurate, objective problem labels (e.g., “Diffi- 368

culty level: easy") rather than self-expressions of 369

uncertainty (e.g., “I am 99% sure this is correct.") 370

We obtained similar findings for numerical per- 371

ceptions. Figure A6 illustrates examples of dif- 372

ficulty perception-performance and confidence- 373

performance correspondences with Qwen3 32B. 374

Table A4 shows the same trend as above with per- 375

formance correlations. 376

Takeaway 2. Models perform better on problems
they perceive as easier. Difficulty perception cor-
relates with performance more than verbalized
confidence.

377

4.3 How Difficulty Cues Affect Performance 378

and Token Allocation 379

Table 2 shows how performance changes when 380

cues are given. We consider a variable that is the 381

difference between the injected cue and a model’s 382

own perceived difficulty of problems; this variable 383

is negative when the cue understates difficulty and 384

positive when the cue overstates difficulty. Overall, 385

models exhibit minor variations in performance, 386

with most improvements and drops being within 387

a 5% margin. With non-zero effort levels, the 388

Deepseek-distilled Llama model becomes an out- 389

lier where performance deteriorates more signif- 390

icantly, up to -8.7%, as the injected cue further 391

overstates problem difficulty. 392

Does this imply that models are only slightly 393

sensitive to difficulty cues? We investigate further 394

through token counts analyses. Figure 6 (Middle) 395

shows percentage changes in the number of tokens 396

that each model allocates when cues are introduced, 397

compared to a baseline without prompt injection 398
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Cue - Perceived Difficulty
Model -3 -2 -1 0 1 2 3

Effort: none
Deepseek Qwen3 8B -1.0 -1.2 -1.1 -0.5 -0.2 -0.0 -0.9
Deepseek Llama 8B -1.3 0.5 0.3 0.8 -0.1 -1.8 -1.5
Qwen3 14B -1.1 -1.2 -0.5 0.3 0.6 0.7 -0.3
Qwen3 32B 2.1 -0.2 0.3 -0.2 0.5 -0.9 0.4
GPT-5 mini -2.7 -1.6 0.2 0.6 0.4 1.0 -0.3
Gemini 2.5 Flash 0.4 -2.1 -0.5 -0.0 0.5 0.0 -0.5

Effort: low
Deepseek Qwen3 8B -2.8 -1.4 -1.9 -2.8 -1.8 -3.2 -3.6
Deepseek Llama 8B 3.3 1.6 -0.5 -0.8 -2.3 -3.8 -5.3
Qwen3 14B -2.0 -2.1 -0.1 -0.8 -0.4 0.2 -0.5
Qwen3 32B 1.9 0.1 0.4 0.6 1.0 0.3 -0.4
GPT-5 mini -2.2 -4.8 -0.1 -0.3 -1.5 -1.5 -0.3
Gemini 2.5 Flash -0.5 0.8 1.4 0.9 1.0 0.7 0.5

Effort: medium
Deepseek Qwen3 8B 2.8 -0.1 0.1 -1.4 -1.8 -2.4 -3.0
Deepseek Llama 8B -0.7 0.1 -2.9 -3.6 -3.2 -6.0 -8.7
Qwen3 14B 1.3 0.9 0.2 -0.3 0.5 0.3 0.3
Qwen3 32B 4.6 -1.6 0.4 0.1 0.4 0.5 0.0
GPT-5 mini -3.0 -5.9 -1.4 -0.0 -1.0 -0.6 -0.2
Gemini 2.5 Flash 1.8 -2.5 0.3 0.6 -0.1 0.0 -0.8

Table 2: Performance-wise, models are mostly resistant to difficulty cues, but less so as more reasoning budget is
allowed. Numbers here are changes in pass@1 (%) compared to when no cue is given.

(Figure 6 (Top)). Among the considered models,399

we see that Qwen and Deepseek-distilled Qwen400

models use more tokens when prompted with more401

overstating cues: at cue-perception difference +3,402

these models allocate from 15% to 20% more to-403

kens. This indicates inefficiency, where more re-404

sources are used while performance stays sim-405

ilar or becomes worse, as seen in Table 2. At406

the same time, while the Deepseek-distilled Llama407

model actually allocates less compute (up to 5%408

fewer tokens) with more overstating cues, perfor-409

mance worsens by up to 8.7% as mentioned above.410

We note that this pattern of inefficiency applies411

also when we give models zero reasoning budgets412

(Figure 6 (Bottom)). Deepseek Llama 8B here413

especially shows much more variations in token414

counts, with increases of up to 60%. As such, mod-415

els, non-reasoning or reasoning alike, suffer from416

ineffective overthinking when cues overstating417

difficulty are injected.418

We also examine the generated texts themselves.419

The +3 (overstating) manipulation consistently in-420

creases the model’s use of “easier” language. In421

contrast, the −3 (understating) manipulation shows422

a weaker and noisier reduction in “easy” wording 423

compared to the original responses. Table A5 pro- 424

vides representative examples where the manipu- 425

lation introduces these cues in the manipulated re- 426

sponse and removes similar cues from the original 427

response. 428

Finally, we highlight a practical risk: excessive 429

resource allocation can occur due to prompts men- 430

tioning difficulty, whether as benign use cases (e.g., 431

a student prompting “I am solving this problem 432

and it seems really difficult") or deliberate attacks 433

(e.g., hidden texts on a website or system prompts 434

through an API provider saying “the following con- 435

tent is extremely difficult to summarize/extract in- 436

formation from"). These manipulations require no 437

black-box access (unlike steering approaches such 438

as Lugoloobi and Russell (2025)) yet are still im- 439

pactful. We call for the development of models 440

that are robust to such scenarios, not only at the 441

performance level (which stays stable as in Table 2) 442

but also in terms of token consumption. 443
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Figure 6: Top. Models allocate more tokens to problems
they perceive as harder; the higher error margin in the
“very hard" category simply reflects the fact that the
category is rare, as mentioned in Section 4.1. Middle.
Qwen and Deepseek-distilled Qwen models allocate
up to 20% more tokens when given cues overstating
problem difficulty. Here only the open-weight models
are shown, since we do not have access to the reasoning
tokens of GPT-5 mini and Gemini 2.5 Flash. Bottom.
Deepseek Llama 8B are extremely sensitive to difficulty
cues with a zero reasoning budget, while Qwen and
Deepseek-distilled Qwen models again spend up to 20%
more tokens on prompts with overstating cues.

Takeaway 3. Prompt injections that overstate
problem difficulty make models allocate more
tokens while performance either stays stable or
declines.

444

In the Appendix, we show consistent findings for445

numerical perception in Figure A8 and Table A1.446

5 Conclusions 447

In this study, we proposed the concept of difficulty 448

perception as a novel lens into model epistemol- 449

ogy. Through comprehensive experiments with six 450

large reasoning models and tasks in mathematics, 451

coding, science, and social reasoning domains, we 452

have shown that (1) perceived difficulty is consis- 453

tent across models, (2) such perception correlates 454

strongly with problem performance and more so 455

than verbalized confidence, and (3) prompts with 456

cues overstating problem difficulty consistently de- 457

creases reasoning efficiency, for both reasoning and 458

non-reasoning models alike. Our findings establish 459

difficulty perception as a promising subject of study 460

with clear separation from verbalized confidence in 461

the epistemology of LLMs, while implying risks of 462

efficiency declination from simple difficulty-hinted 463

prompt injections, whether benign or malicious. 464

Limitations 465

A limitation of our study is the number of mathe- 466

matical problems we were able to run experiments 467

on (60 AIME problems), due to the enormous costs 468

of LRMs with extended thinking traces together 469

with our compute limitation, especially for the 470

prompt injection experiments. We plan to extend 471

this work with more math problems from E2H- 472

AMC (another subset of the Easy2Hard benchmark 473

with various competition problems at all levels). 474

We encourage the community to build upon our 475

work and investigate properties and uses of dif- 476

ficulty perception in various tasks in natural lan- 477

guage processing. 478

Furthermore, our research opens up a series of 479

interesting questions to be answered: do models 480

internally represent difficulty and can probing such 481

representations provide a tool for difficulty percep- 482

tion steering (c.f., Lugoloobi and Russell (2025))? 483

What are the characteristics of texts produced by 484

models with different difficulty perception and/or 485

prompts containing different difficulty cues? These 486

questions will allow for more insights into the work- 487

ing mechanisms of models as well as control meth- 488

ods for trustworthiness. 489

Ethical Considerations 490

Our research describes prompt injections that could 491

be misused to degrade the efficiency of reasoning 492

models. We call for responsible use of models and 493

the development of models that are more robust to 494

such manipulation. 495
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A Inference Details651

For the open-source models (Llama 3.1 8B, Qwen3652

{8B, 14B}, and the Deepseek-R1 series) and Gem-653

ini 2.5 Flash, we adopt the recommended pa-654

rameters (Qwen Team, 2025a): Temperature=0.6,655

TopP=0.95, and TopK=20 for thinking mode and656

Temperature=0.7, TopP=0.8, and TopK=20 for non-657

thinking mode. For GPT-5 mini, we use the default658

parameters provided by their official API since they 659

are mostly not customizable. We generously cap 660

generation at 40,000 tokens for thinking tokens and 661

regular tokens combined. 662

Our inference was done on the Gemini API for 663

Gemini 2.5 Flash, OpenAI API for GPT-5 mini, 664

and vLLM (Kwon et al., 2023) for the open-source 665

models. A single run through all of our experi- 666

ments (four trials for each problem and model pair) 667

amount to around $500 in API credits, while our 668

local inference on a 4xRTX A5000 server takes 669

around 400 GPU hours, where the main expense is 670

on the prompt injection/manipulation experiment. 671

In order to ensure valid responses on difficulty 672

perception, we made use of structured output tools 673

provided by the OpenAI API and vLLM. 674

B Comparison with Human Difficulty 675

Judgements 676

In Figure A1, we show that verbalized difficulty 677

judgements from models largely align with how 678

humans judge difficulty in E2H-Codeforces. How- 679

ever, we see very weak positive correlations with 680

the ratings derived from LLM leaderboards as in 681

the case of E2H-ARC. 682
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Figure A1: Models largely agree with human
judgements on E2H-Codeforces, but deviate from
leaderboard-derived ratings on E2H-Codeforces

C Fine-tunning 683

To ensure fair comparisons, we only fine-tune open 684

models, with which the exact fine-tuning methods 685
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Cue - Perceived Difficulty
Model -3 -2 -1 0 1 2 3

Effort: none
Deepseek Qwen3 8B -1.5 -0.8 -0.3 -0.9 -0.6 0.2 -0.6
Deepseek Llama 8B 0.4 0.8 0.9 0.0 -0.7 -1.8 -2.9
Qwen3 14B 0.1 -2.0 -0.3 0.2 0.6 0.7 0.0
Qwen3 32B 0.4 -0.3 0.3 -0.2 0.7 -0.7 0.0
GPT-5 mini 2.1 -1.6 -0.7 0.8 0.7 0.1 0.5
Gemini 2.5 Flash -1.8 -1.3 -0.4 0.6 0.4 0.1 0.7

Effort: low
Deepseek Qwen3 8B -2.6 -0.9 -1.8 -2.5 -2.4 -2.2 -5.7
Deepseek Llama 8B 0.5 -2.0 -1.5 0.6 -1.7 -1.7 -3.1
Qwen3 14B -1.0 -1.7 -0.5 -0.8 -0.3 -0.4 -0.9
Qwen3 32B 2.6 0.2 0.2 0.7 0.9 -0.1 0.3
GPT-5 mini -4.8 -4.0 -1.0 -0.5 -0.9 -1.2 -0.2
Gemini 2.5 Flash -0.4 0.7 1.9 0.3 1.1 0.9 0.2

Effort: medium
Deepseek Qwen3 8B 1.5 0.1 -0.8 -1.6 -3.1 -2.6 -2.2
Deepseek Llama 8B 0.1 -3.1 -3.2 -4.1 -3.8 -4.9 -6.9
Qwen3 14B 1.3 1.2 -0.0 -0.6 0.8 0.3 -0.5
Qwen3 32B 2.2 -0.4 0.2 -0.1 0.7 0.0 0.3
GPT-5 mini -2.0 -6.4 -1.4 -0.2 -0.8 -0.8 -0.1
Gemini 2.5 Flash -1.6 -0.3 0.1 0.3 -0.4 0.3 -0.8

Table A1: In the numerical case, prompt injections with difficulty cues also cause minor variations, which is
somewhat more significant for medium budget and Deepseek Llama 8B.

and hyperparameters can be controlled. This ap-686

pendix describe the results, explains how we collect687

chains of thought for fine-tuning and gives the train-688

ing configurations we used. Also note the fact that689

the fine tunning experimentation was done on a690

subset of our dataset.691

C.1 The Effect of Knowledge on Difficulty692

Perception693

Figure A2 visualizes the distribution of difficulty694

perception through each epoch of fine-tuning. Sur-695

prisingly, we found that the change in distribu-696

tion is not always towards the easier direction.697

While Qwen3 8B has an increased proportion of698

“very easy” and “very hard” predictions (both to699

22%) with a decrease in “moderate” predictions,700

Qwen3 14B only experiences a significant increase701

by 19.4% in “moderate”; at the same time, Llama702

3.1 8B has a decrease of 11.3% in “easy” but the703

change in all other categories stays within 10%.704

As such, the considered models do not show a uni-705

form trend in adjusting their difficulty perception706

based on their knowledge, against our cognitive707

intuition. Figure A7 gives similar observations in708

the numerical case. 709

Takeaway Models do not adjust their difficulty
perception based on their knowledge the same
way.

710

C.2 Solution Derivation for Fine-Tuning 711

Coordination–Theory of Mind (ToM) Data Gen- 712

eration. Supervision targets were produced with 713

a multi-turn chat prompt comprising: (i) a sys- 714

tem block that required short, faithful, check- 715

able justifications and provided game-specific 716

hints for Hanabi, Overcooked, and CollabGames 717

(generic cases used collaboration-style guidance); 718

(ii) user/assistant stubs establishing the environ- 719

ment and directive (assistant stubs: “I under- 720

stand the environment. Please tell me how I can 721

help.” and “I understand. Please provide the sce- 722

nario/question.”); and (iii) a final user turn append- 723

ing the question with a suffix that quoted the exact 724

gold answer (“{answer_text}”) and instructed 725

the model to repeat it verbatim in Answer:. 726

The generation loop invoked gpt-4.1, parsed 727

Explanation and Answer, then forced the answer 728
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Figure A2: Contrary to our hypothesis, injecting more
knowledge into models through fine-tuning does not
always lead to easier perception.

to the gold text, and validated that both lines were729

present, contained no banned/meta phrasing, and730

matched the gold answer; failures retried up to 10731

attempts. Successful pairs were written to CSV and732

serialized for SFT as a 5-turn chat input with a733

two-line label:734

Explanation: <TOM_Explanation>735

Answer: <normalized answer text>736

Example Supervision Signal (GPT-4.1).737

Hanabi ToM question, 5-turn chat738

prompt; brief rationale followed by the739

selected answer.740

Explanation: The next playable card for741

the Green stack is Green 2, and Bob’s742

Card 1 is Green 2. Revealing rank 2 743

will identify this card as immediately 744

playable, following the convention to 745

give Play Clues for cards that can be 746

played right away. 747

Answer: Reveal Bob’s rank 2 cards. 748

AIME (2024–2025) Data Management. The 749

problems were obtained from the Mathematical As- 750

sociation of America’s AIME 2024 and 2025, and 751

the solutions were manually curated from AoPS to 752

maximize per-problem multiplicity. For 2024, we 753

collected 30 problems with 73 training examples 754

with unique solutions, and for 2025, 62 solutions 755

across 30 problems. The two years were then 756

combined into a single corpus of 135 instances. 757

E2H-Codeforces Data Management. Begin- 758

ning with the E2H seed dataset, each problem was 759

augmented into multiple chat-style training pairs 760

to capture alternative solution strategies. Redun- 761

dancy was controlled via duplicate-solution screen- 762

ing, reducing the pool from 180 to 154 solutions 763

(26 removed). 764

C.3 Training Configuration 765

We fine-tuned models for 3 epochs using the trl li- 766

brary with the paged_adamw_8bit optimizer and a 767

cosine learning rate schedule. We utilized QLoRA 768

for parameter-efficient adaptation, quantizing base 769

weights to 4-bit nf4 with double quantization and 770

bfloat16 compute. LoRA adapters were applied 771

to all attention and MLP modules. Detailed hyper- 772

parameters are listed in Table A2. 773

Hyperparameter Value
Learning Rate 2× 10−4

Scheduler Cosine (0.05 warmup)
Optimizer Paged AdamW 8-bit
Batch Size 32 (effective)
LoRA Rank (r) 32
LoRA Alpha (α) 64
LoRA Dropout 0.05
Target Modules Attention (q,k,v,o) & MLP
Max Context Tokenizer Limit (No Packing)

Table A2: Hyperparameters used for SFT.

QLoRA configuration. Base weights were quan- 774

tized to 4-bit nf4 with double quantization and 775

bfloat16 compute; all other hyperparameters as 776

above. 777
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D Prompt Templates778

In this appendix, we describe the prompt templates779

used for each of the considered datasets.780

D.1 AIME781

We include guidance on the answer range from the782

official AIME problem sheets, and use a standard783

chain-of-thought prompt.784

{problem statement}
Your final answer should be an integer
ranging from 0 to 999, inclusive. Please
reason step by step, and put your final
answer within \boxed{}.

785

D.2 E2H-Codeforces786

We follow the formatting used on Codeforces,787

where the programming problems were sourced788

from.789

The following is a competitive
programming problem.

# {problem name}

{problem statement}

## Input
{input spec}

## Output
{output spec}

## Example
### Input
{sample inputs}

### Output
{sample outputs}

790

We add the following information to specify the791

task and answer formatting:792

Your task is to solve the problem above
by writing a Python script that reads
input from standard input (stdin) and
prints the desired outputs to standard
output (stdout). Please ensure your
solution is efficient and handles all
edge cases. Make sure to include any

793

necessary imports and helper functions.
Your code should be ready to run
and should not include any additional
explanations or comments.

794

D.3 Coordination-TOM 795

We utilize the exact same prompts provided by 796

the original authors of LLM Coordination (Agashe 797

et al., 2025). 798

USER: {game description}
ASSISTANT: I understand the game. Please
tell me how I can help.
USER: {directive}
ASSISTANT: I understand. Please provide
the scenario.
USER: {question} Think step by step.

799

E Robustness Check 800

Here we present a series of evidence that while 801

difficult perception in the numerical form has 802

some distinct properties, several of our findings 803

persist. 804

• Figure A3 shows that the distribution of nu- 805

merical difficulty perception is more uniform 806

than the word form we have been investigat- 807

ing. Table A3 concretizes this observation 808

with the average entropy across all models 809

and reasoning budgets for each form. 810

• In Figure A4, we again observe a rank corre- 811

lation between the ratings of different models, 812

where the distribution is now skewed more 813

towards 1, with the majority of Spearman cor- 814

relation values greater than 0.5. 815

• Figure A6 illustrates the correspondence be- 816

tween easier perception and higher perfor- 817

mance for Qwen3 32B. 818

• Figure A5 shows that the correlation between 819

difficulty perception and verbalized confi- 820

dence as well as difficulty perceptions before 821

and after problem solving. 822

• Figure A8 and Table A1 demonstrates the inef- 823

ficiency caused by overstating difficulty cues 824

for the numerical case. 825
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Dataset Word Numerical
AIME 1.043 1.294
E2H-ARC 1.000 1.036
E2H-Codeforces 1.654 1.880
LLM Coordination 1.374 1.555

Table A3: The average entropy of difficulty perception
distributions in the word and numerical forms on each
dataset. The numerical form results in more spread-out
distributions and accordingly somewhat higher entropy
measures.

Effort
Metric None Low Medium
Per. Difficulty -0.631 -0.687 -0.733
Verbal. Confidence 0.507 0.473 0.610

Table A4: For the numerical case, perceived difficulty
is also more correlated to performance compared to
verbalized confidence across effort levels. Correlations
are calculated based on 75 to 100 data points for each
setting.
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Condition Mode Term problem_id Sentence
Overstating (+3) introduced hard E2H-Codeforces_91 “But why is the problem rated as hard?”
Overstating (+3) introduced easy E2H-Codeforces_91 “This seems too easy. . . ”
Overstating (+3) removed easy E2H-Codeforces_153 “But perhaps the easiest way is to. . . ”
Understating (−3) introduced easy E2H-Codeforces_57 “Wait that seems too easy.”
Understating (−3) removed easy E2H-Codeforces_128 “Once we have that, grouping is easy.”
Understating (−3) removed hard E2H-Codeforces_97 “This seems like a very hard problem.”

Table A5: Comparison of manipulated and original thoughts.
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Figure A4: Numerical difficulty ratings are positively
rank-correlated between models, and more so than word
ratings. In the correlation heatmap, n, l, and m stand for
none, low, and medium reasoning budgets, respectively.
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Figure A5: Top. Numerical perceived difficulty overall
shows more correlation to verbalized confidence com-
pared to word-based counterparts. Bottom. We still
observe strong positive correlation between perceived
difficulty conditioned and unconditioned on models’ so-
lution is recorded across multiple models and budget
levels.
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Figure A7: Injecting more knowledge into models
through fine-tuning also does not always lead to eas-
ier perception in the numerical case.
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Figure A8: Replication of Figure 6 for the numerical
case, with the same findings
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