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Abstract001

Recent studies have documented “accuracy col-002
lapse” in Large Language Models on complex003
reasoning tasks – planning puzzles, multi-hop004
questions, mathematical word problems – fuel-005
ing debate about whether LLMs can reason or006
merely pattern-match. However, these tasks007
conflate numerical computation with spatial008
reasoning, language parsing, and knowledge re-009
trieval, leaving open whether failures stem from010
these auxiliary demands or from mathemati-011
cal processing itself. We address this gap by012
probing the most fundamental level: can LLMs013
reliably compose elementary arithmetic oper-014
ations? Using a carefully constructed bench-015
mark that systematically varies difficulty across016
controlled dimensions – operation count, digit017
magnitude, and precision requirements – we018
evaluate four frontier models on 1,152 test019
cases spanning eight categories of numerical020
computation. We document a striking “cliff ef-021
fect”: accuracy collapses from 72.6% on easy022
tasks to 33.0% at medium difficulty – a 40023
percentage point drop in a single step – then024
plateaus through harder levels. Statistical anal-025
ysis confirms that easy-task performance dif-026
fers significantly from all other difficulty levels,027
while medium, hard, and expert levels do not028
differ significantly from each other. This step-029
function pattern – strong performance followed030
by sudden collapse rather than gradual degra-031
dation – mirrors findings from puzzle-based032
evaluations but emerges here at the level of033
basic arithmetic, suggesting a general architec-034
tural limitation rather than task-specific failure.035
Error analysis reveals that 81.6% of incorrect036
answers are rounding issues rather than reason-037
ing failures, though categories requiring exact038
symbolic manipulation (e.g., fraction addition)039
show 100% genuine calculation errors.040

1 Introduction041

Large Language Models can write poetry, summa-042

rize legal documents, and pass medical licensing043

exams. But ask one to compute “23/29 + 10/31 +044

5/17 + 4/13 + 27/43” and report the exact result, 045

and confidence in these systems begins to fracture. 046

This paper investigates a deceptively simple ques- 047

tion: can LLMs do math? The answer, we find, 048

reveals something fundamental about how these 049

systems process information. 050

The growing deployment of LLMs in domains 051

requiring numerical accuracy – financial analysis, 052

scientific research, healthcare, engineering – makes 053

this question practically urgent. A model that ap- 054

pears competent on routine calculations but fails 055

unpredictably on slightly harder variants poses gen- 056

uine risks. Yet standard benchmarks rarely strat- 057

ify performance by difficulty, leaving practitioners 058

without clear guidance on where model capabilities 059

end. 060

We move beyond asking whether LLMs can 061

perform arithmetic to asking where their numer- 062

ical capabilities break down, and what the pattern 063

of breakdown reveals about underlying computa- 064

tional mechanisms. Our central hypothesis is that 065

LLMs perform well on easy numerical tasks pri- 066

marily through pattern matching against training 067

data, while lacking the compositional reasoning ca- 068

pabilities required for genuine mathematical com- 069

putation. If true, this predicts a specific empirical 070

signature: strong performance on simple problems 071

that resembles memorization, followed by catas- 072

trophic failure when problems exceed the training 073

distribution – rather than the gradual degradation 074

we would expect from a system that truly under- 075

stands arithmetic. 076

To test this hypothesis, we developed a bench- 077

mark that systematically varies problem difficulty 078

across controlled dimensions: the number of se- 079

quential operations, the magnitude of numbers in- 080

volved, and the precision required in outputs. We 081

evaluate four frontier models from two major fam- 082

ilies (Claude and GPT) across eight categories of 083

numerical reasoning, from basic multiplication to 084

compound interest calculations. Our strict evalua- 085
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tion criterion – requiring exact answers rather than086

approximations – reflects the precision demands of087

real-world numerical applications.088

The results reveal what we term the “cliff effect”:089

model accuracy drops from 72.6% on easy tasks to090

33.0% on medium difficulty – a collapse of nearly091

40 percentage points in a single step. Performance092

then plateaus, with hard and expert tasks showing093

only modest additional decline. This cliff-then-094

plateau pattern is statistically robust (p < 0.0001095

across multiple tests) and appears in both model096

families, suggesting a fundamental architectural097

limitation rather than a training artifact.098

Critically, pairwise statistical comparisons show099

that easy-task performance differs significantly100

from all other difficulty levels, while medium, hard,101

and expert levels do not significantly differ from102

each other. This structure supports the memoriza-103

tion hypothesis: easy problems fall within a “zone104

of competence” where pattern matching succeeds,105

while all harder problems fall outside it, forcing106

models to attempt genuine computation with uni-107

formly poor results.108

This work makes three primary contributions.109

First, we provide empirical characterization of110

the cliff effect, documenting a consistent pattern111

of catastrophic performance collapse at the easy-112

medium difficulty boundary and providing quanti-113

tative evidence for the memorization-reasoning dis-114

tinction in LLM numerical processing. Second, we115

offer a methodological framework for difficulty-116

stratified evaluation – our benchmark design, op-117

erationalizing difficulty through controlled param-118

eter variation, offers a template for capability as-119

sessment that reveals boundaries rather than aver-120

ages, applicable beyond numerical tasks. Third, we121

provide decomposition of error types – by distin-122

guishing rounding errors from genuine calculation123

failures and first-step errors from accumulated mis-124

takes, we offer a more nuanced picture of where125

and how LLMs fail at numerical tasks.126

2 Background127

2.1 Numeric Hallucinations as a Fundamental128

Limitation129

Large Language Models have demonstrated re-130

markable capabilities across diverse natural lan-131

guage tasks, yet they exhibit a critical vulnerabil-132

ity in numerical reasoning that undermines their133

reliability in quantitatively-intensive applications.134

Research has documented that despite impressive135

performance on many benchmarks, LLM systems 136

frequently generate false outputs and unsubstan- 137

tiated answers when processing numerical infor- 138

mation (Shi et al., 2023). Comprehensive reviews 139

have characterized hallucination as content that 140

lacks sense or fidelity to provided sources – a chal- 141

lenge that remains persistent for LLMs in contexts 142

where accuracy is paramount (Ji et al., 2023). 143

The severity of this limitation becomes appar- 144

ent in high-stakes domains. Studies in clinical 145

settings have revealed that LLMs produce inac- 146

curate or misleading quantitative information at 147

rates comparable to or exceeding traditional search 148

engines, even when these models demonstrate so- 149

phisticated language understanding (Singhal et al., 150

2023). Medical LLMs exhibit statistically signifi- 151

cant error rates in numerical responses and clinical 152

recommendations despite their advanced architec- 153

tures (Nori et al., 2023). Systematic analyses have 154

demonstrated that hallucinations occur in over half 155

of LLM outputs in certain domains (Ji et al., 2023), 156

with recent work documenting that models halluci- 157

nate at least 69% of the time on factual queries in 158

some topics (Dahl et al., 2024). 159

A fundamental insight emerging from this liter- 160

ature is that LLMs process numerical data differ- 161

ently than traditional computational systems. Un- 162

like calculators or programming languages that ex- 163

ecute explicit algorithms on numerical representa- 164

tions, LLMs handle numbers as textual tokens – se- 165

quences of characters processed through the same 166

attention mechanisms applied to natural language 167

(Shao et al., 2025). This architectural choice leads 168

to systematic errors in arithmetic operations and 169

numerical fact recall, with error patterns that differ 170

qualitatively from human mathematical mistakes. 171

2.2 Reframing Numeric Errors as 172

Metacognitive Failures 173

We propose reframing numeric hallucinations not 174

as isolated computational errors but as symptoms of 175

limited metacognitive capability – failures in what 176

might be termed computational self-awareness. 177

LLMs struggle with explicit confidence reporting, 178

often producing poorly calibrated estimates even 179

when they internally track aspects of their relia- 180

bility (Steyvers and Peters, 2025). When models 181

produce incorrect numerical answers, they typi- 182

cally lack adequate metacognitive mechanisms to 183

recognize errors or appropriately flag uncertainty 184

to users. 185

Recent work has begun exploring computational 186
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approaches to metacognition. Azaria and Mitchell187

(2023) demonstrate that LLMs’ internal states con-188

tain information about output reliability, training189

classifiers on hidden layer activations to detect con-190

fabulations. Kuhn et al. (2023) develop semantic191

uncertainty measures that achieve better calibration192

by computing uncertainty at the level of meaning193

rather than specific word sequences. These ap-194

proaches suggest that signals relevant to numerical195

reliability exist within model computations, even if196

current systems lack mechanisms to act on them.197

The metacognitive framing has practical implica-198

tions. Without such capabilities, LLMs cannot reli-199

ably distinguish between problems they can solve200

and those that exceed their competence, creating201

the conditions for the “illusion of competence” we202

investigate in this work.203

2.3 Why Difficulty Scaling Reveals Reasoning204

Boundaries205

Central to our methodology is the hypothesis that206

controlled difficulty scaling can reveal the bound-207

ary between memorization and genuine reasoning.208

Standard LLM evaluation typically reports accu-209

racy across problem sets without stratifying by dif-210

ficulty. Yet the distribution of problem difficulty in211

training data is highly non-uniform: simple arith-212

metic facts, common percentage calculations, and213

familiar formula applications appear far more fre-214

quently than complex multi-step problems with215

unusual parameters. If LLMs acquire numerical ca-216

pabilities primarily through pattern memorization,217

we would expect strong performance on problems218

resembling training examples and sharp degrada-219

tion when problems diverge from familiar patterns.220

This prediction aligns with observations about221

LLM generalization more broadly. Holtzman et al.222

(2020) document that language models exhibit sys-223

tematic biases reflecting corpus statistics, with gen-224

eration quality degrading when prompted toward225

low-probability regions. Lin et al. (2022) show that226

models systematically reproduce human miscon-227

ceptions that appeared in training data, suggesting228

imitation rather than reasoning.229

Recent empirical work provides strong support230

for this approach. Shojaee et al. (2025) employ con-231

trollable puzzle environments – Tower of Hanoi,232

River Crossing, and Blocks World – that allow233

precise manipulation of compositional complex-234

ity while maintaining consistent logical structures.235

Their findings reveal a striking pattern: Large236

Reasoning Models exhibit complete accuracy col-237

Difficulty Ops Digits Precision

Easy 1 2 1 decimal
Medium 2 4 2 decimals
Hard 3 6 2 decimals
Expert 4 8 3 decimals

Table 1: Operationalization of difficulty levels through
number of sequential operations, digit magnitude, and
required decimal precision.

lapse beyond model-specific complexity thresholds, 238

with reasoning effort paradoxically decreasing as 239

problems become harder. Mirzadeh et al. (2025) 240

demonstrate similar fragility in mathematical rea- 241

soning, showing that simply altering numerical val- 242

ues while preserving problem structure causes sys- 243

tematic performance degradation. More strikingly, 244

adding a single irrelevant clause to math word prob- 245

lems causes up to 65% performance drops across 246

state-of-the-art models. 247

The compositionality gap literature reinforces 248

these findings. Press et al. (2023) show that lan- 249

guage models can correctly answer individual sub- 250

questions while failing to compose answers into 251

correct solutions – and importantly, that this gap 252

does not decrease with model scale. This finding 253

directly contradicts the intuition that larger models 254

should exhibit more robust compositional reason- 255

ing, instead suggesting that scaling primarily im- 256

proves memorization capacity while leaving com- 257

positional mechanisms unchanged. 258

Our work extends this research program in a 259

crucial direction: by focusing on elementary arith- 260

metic rather than complex puzzles or word prob- 261

lems, we can isolate numerical computation from 262

other cognitive demands. Arithmetic provides a 263

cleaner test case – a problem like “compute 23/29 + 264

10/31 + 5/17” requires only the application of well- 265

defined algorithms that any calculator executes per- 266

fectly. If LLMs fail on such tasks in difficulty- 267

dependent ways, we have isolated evidence about 268

numerical processing specifically. 269

3 Methodology 270

3.1 Benchmark Design and Difficulty 271

Operationalization 272

The core innovation of our approach is the opera- 273

tionalization of “difficulty” as a composite of three 274

measurable parameters that scale together across 275

four levels (Table 1). 276

Operations refers to the number of sequential 277

computational steps required (e.g., a single divi- 278
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sion vs. a chain of four divisions). Digit magni-279

tude controls the size of numbers involved, directly280

increasing the computational load. Decimal preci-281

sion determines the granularity of expected outputs,282

testing whether models maintain precision through283

calculations or introduce rounding errors.284

This design enables us to distinguish between285

two hypotheses: (1) if LLMs possess genuine arith-286

metic reasoning capabilities, performance should287

degrade gradually as difficulty increases; (2) if288

LLMs primarily rely on memorized patterns from289

training data, we expect strong performance on290

easy problems (likely encountered during training)291

with dramatic collapse when problems exceed the292

distribution of training examples.293

3.2 Test Categories294

We evaluate eight categories of numerical reason-295

ing, each probing different computational capabili-296

ties:297

Division Precision. Multi-step division chains298

that test precision maintenance. Easy problems299

involve single divisions (e.g., $1000 ÷ 7); ex-300

pert problems chain four sequential divisions with301

larger operands.302

Compound Calculations. Sequential percent-303

age changes applied to a base value, simulating304

real-world financial scenarios. The number of per-305

centage operations scales with difficulty, and per-306

centages include decimal precision at higher levels.307

Weighted Averages. Computing overall aver-308

ages from multiple groups with different sizes and309

means. Difficulty scales via the number of groups310

(2–5) and the precision of group statistics.311

Geometry with Unit Conversion. Cylindrical312

volume calculations followed by unit conversion313

(cubic feet to gallons). This category maintains314

two operations across all difficulties but scales the315

precision of input dimensions.316

Large Multiplication. Direct multiplication of317

integers, scaling from 2-digit × 2-digit (easy) to318

8-digit × 8-digit (expert). This category isolates319

pure arithmetic capability.320

Inverse Percentage Calculations. Given a final321

price after sequential percentage changes, recover322

the original price. This requires algebraic reasoning323

beyond forward calculation.324

Fraction Addition. Adding fractions with co-325

prime denominators, requiring least common de-326

nominator computation. The number of fractions327

increases with difficulty (2–5 fractions), and de-328

nominator magnitude scales accordingly.329

Compound Interest. Standard compound inter- 330

est calculations with monthly compounding. Diffi- 331

culty scales via principal magnitude, rate precision, 332

and time period (6–24 months). 333

3.3 Test Generation and Evaluation 334

Test cases are generated programmatically using 335

parameterized templates with controlled random- 336

ization. Each test case includes: (1) the natural 337

language problem statement, (2) the exact expected 338

answer computed at high precision, (3) metadata 339

including category, difficulty level, and generation 340

parameters. To ensure reproducibility, all experi- 341

ments use a fixed random seed (seed=42). For each 342

category-difficulty combination, we generate 3 test 343

cases, yielding 96 unique problems (8 categories 344

× 4 difficulties × 3 instances). 345

The generation framework avoids “nice” num- 346

bers that might appear frequently in training data. 347

For instance, division problems use arbitrary divi- 348

dends and divisors rather than round numbers, and 349

percentage changes include decimal components at 350

medium difficulty and above. 351

We employ a strict exactness criterion for eval- 352

uation. A response is marked correct only if the 353

extracted numerical answer matches the expected 354

value within floating-point tolerance (relative error 355

< 10−9). This stringent standard is deliberate: in 356

high-stakes applications, approximate answers are 357

often as problematic as entirely wrong ones. 358

3.4 Models and Experimental Setup 359

We evaluate four frontier models spanning two 360

major LLM families: Claude Sonnet 4.5, Claude 361

Haiku 4.5, GPT-4.1, and GPT-4.1-mini. This selec- 362

tion enables both within-family comparisons (stan- 363

dard vs. compact variants) and cross-family com- 364

parisons (architectural and training differences). 365

Each model is evaluated at three temperature set- 366

tings: 0.0 (deterministic), 0.5 (balanced), and 1.0 367

(high variability). All models receive identical sys- 368

tem prompts emphasizing exact computation. The 369

full benchmark comprises 1,152 individual API 370

calls (96 problems × 4 models × 3 temperatures). 371

4 Results 372

4.1 Overall Performance and the Cliff Effect 373

Across all 1,152 test cases, models achieved an 374

overall accuracy rate of 38.28% under our strict 375

exactness criterion. However, this aggregate fig- 376

ure masks a dramatic performance gradient across 377
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Difficulty Accuracy N

Easy 72.6% 288
Medium 33.0% 288
Hard 26.7% 288
Expert 20.8% 288

Table 2: Overall accuracy rates across difficulty levels,
demonstrating the cliff effect with a 39.6 percentage
point drop from easy to medium difficulty.

Comparison p-value Sig.

Easy vs. Medium < 0.0001 ***
Easy vs. Hard < 0.0001 ***
Easy vs. Expert < 0.0001 ***
Medium vs. Hard 0.6097 ns
Medium vs. Expert 0.0061 **
Hard vs. Expert 0.5792 ns

Table 3: Pairwise statistical comparisons (Bonferroni-
corrected) showing easy-task performance differs signif-
icantly from all other levels, while medium, hard, and
expert levels largely do not differ from each other.

difficulty levels (Table 2).378

The performance drop from easy to expert tasks379

spans 51.7 percentage points – a 71.3% relative380

decline. Critically, the majority of this decline381

(39.6 percentage points) occurs in a single step:382

from easy to medium difficulty. Performance then383

plateaus, with only modest additional decline from384

medium through expert levels.385

This cliff-then-plateau pattern is statistically ro-386

bust. A chi-square test of independence con-387

firms that difficulty level significantly affects per-388

formance (χ2 = 200.08, p < 0.0001). The389

Kruskal-Wallis H-test corroborates this finding390

(H = 199.91, p < 0.0001). Spearman correla-391

tion analysis reveals a moderate negative relation-392

ship between difficulty and accuracy (ρ = −0.371,393

p < 0.0001).394

Pairwise comparisons with Bonferroni correc-395

tion illuminate the structure of this effect (Table 3).396

The pattern is clear: performance differs signifi-397

cantly between easy and all other levels, but differ-398

ences among medium, hard, and expert are largely399

non-significant. This supports the interpretation400

that models possess a qualitatively different capa-401

bility on easy tasks – potentially pattern matching402

or memorization – that fails to generalize to harder403

variants.404

4.2 Model and Family Comparisons405

Both model families exhibit the cliff effect, though406

with notable differences in baseline performance407

Family Overall Easy Expert Drop

Claude 47.0% 81.9% 27.1% 54.9pp
GPT 29.5% 63.2% 14.6% 48.6pp

Table 4: Model family performance comparison show-
ing both Claude and GPT exhibit substantial accuracy
collapse from easy to expert difficulty.

Figure 1: Model performance trajectories across diffi-
culty levels. All four models exhibit the cliff effect, with
sharp decline from easy to medium followed by plateau.
Claude models consistently outperform GPT models at
all difficulty levels.

(Table 4). Figure 1 visualizes performance trajecto- 408

ries across all four models. 409

Claude models outperform GPT models at ev- 410

ery difficulty level, with particularly strong perfor- 411

mance on easy tasks (81.9% vs. 63.2%). However, 412

both families show substantial collapse: Claude’s 413

54.9 percentage point drop and GPT’s 48.6 percent- 414

age point drop both represent catastrophic perfor- 415

mance degradation. 416

At the individual model level, Claude Sonnet 417

4.5 achieves 48.3% overall accuracy (80.6% easy, 418

30.6% expert), while Claude Haiku 4.5 achieves 419

45.8% (83.3% easy, 23.6% expert). GPT-4.1 420

achieves 29.2% (62.5% easy, 13.9% expert) and 421

GPT-4.1-mini achieves 29.9% (63.9% easy, 15.3% 422

expert). Notably, the compact models within each 423

family perform comparably to their larger counter- 424

parts, suggesting that model scale alone does not 425

explain the cliff effect. 426

4.3 Category-Specific Patterns 427

Performance varies substantially across task cate- 428

gories, with patterns that illuminate the memoriza- 429

tion hypothesis. Figure 2 presents accuracy rates 430

across all category-difficulty combinations. 431

We observe a striking divergence between “sim- 432

ple” categories (arithmetic, division precision) and 433

“complex” categories (compound calculations, fi- 434
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Figure 2: Error rate heatmap by category and difficulty.
Arithmetic maintains near-zero error rates across diffi-
culties, while compound calculations and financial math
show complete failure beyond easy level. Geometry con-
version fails uniformly due to precision requirements
with irrational numbers.

nancial math, fractions). Simple arithmetic – the435

category most likely to appear verbatim in train-436

ing data – shows the highest easy-task perfor-437

mance (approximately 100%) and the most grace-438

ful degradation (44.4pp drop to expert). Complex439

multi-step problems, which require genuine com-440

positional reasoning, show more severe collapse441

(69.4pp drop) and near-floor expert performance442

(7.4%).443

Individual category accuracy rates reveal fur-444

ther patterns. Arithmetic achieves 98.6% over-445

all accuracy, maintaining near-perfect performance446

even at expert level. Weighted Averages achieves447

53.5%, with high easy-task accuracy degrading448

moderately. Division Precision and Fractions each449

achieve 46.5%, though with different error pro-450

files (discussed below). Compound Calculations451

achieves only 25.0%, with complete failure beyond452

easy level. Financial Math achieves 16.0%, and453

Geometry Conversion achieves 0% across all dif-454

ficulties – the latter reflecting our strict evaluation455

criterion applied to calculations involving irrational456

numbers (π).457

4.4 Error Pattern Analysis458

To understand how models fail, we classified all459

1,152 responses by error type (Table 5). Figure 3460

visualizes error type distribution across difficulty461

Error Type Freq. %

Final-step error 534 46.4%
Correct 441 38.3%
First-step error 159 13.8%
Intermediate error 10 0.9%
Arithmetic error 8 0.7%

Table 5: Distribution of error types across all test cases,
with final-step errors (primarily rounding issues) domi-
nating the error profile.

Figure 3: Error type distribution by difficulty level.
The proportion of correct responses (green) decreases
sharply from easy to medium, then plateaus. First-step
errors (purple) increase with difficulty, indicating harder
problems cause immediate pattern-matching failure.

levels. 462

The dominance of final-step errors (46.4%) ini- 463

tially suggests models reason correctly but fail at 464

the last step. However, first-step error rates vary 465

dramatically by difficulty: 10.1% (Easy), 12.8% 466

(Medium), 13.5% (Hard), and 18.8% (Expert). The 467

easy-to-expert difference is statistically significant 468

(p = 0.026, Bonferroni corrected). This finding 469

supports the hypothesis that harder problems cause 470

models to fail at the outset of reasoning – consis- 471

tent with pattern-matching failure when problems 472

fall outside training distributions. 473

Model-specific error patterns reveal architec- 474

tural differences. GPT models exhibit substantially 475

higher first-step error rates across all difficulty lev- 476

els (16.7–31.9%) compared to Claude models (0– 477

11.1%), suggesting they more frequently fail to 478

initiate correct reasoning chains. Claude models 479

show lower baseline first-step errors but steeper 480

increases with difficulty. 481

4.5 Rounding vs. Calculation Failures 482

Given the high prevalence of final-step errors, we 483

conducted detailed analysis of the 711 incorrect re- 484

sponses to distinguish formatting issues from gen- 485
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uine reasoning failures. A striking 81.0% of errors486

classified as “incorrect” are rounding or precision487

issues – cases where models computed substan-488

tively correct answers but failed to match our strict489

exactness criterion. Only 18.4% represent genuine490

calculation failures (small errors 5–20%: 2.1%;491

large errors 20–100%: 1.4%; precision errors 1–492

5%: 0.6%).493

This finding has important implications. First, it494

suggests our strict evaluation criterion may over-495

state failure rates – models are often computing496

substantively correct answers but failing to format497

outputs precisely. However, maintaining strict eval-498

uation is defensible: in high-stakes applications,499

small errors matter. Second, the 18.4% genuine500

calculation error rate still represents a substantial501

failure mode, and these errors are not uniformly502

distributed.503

Category-level analysis reveals where true cal-504

culation failures concentrate. Fractions stand out:505

100% of fraction errors are genuine calculation fail-506

ures, not formatting issues. This category requires507

finding common denominators and maintaining ex-508

act rational arithmetic – operations that cannot be509

approximated. Division Precision also shows high510

true-error rates (39.0%), reflecting accumulated511

precision loss in multi-step division chains. In con-512

trast, Arithmetic shows 100% rounding issues (no513

true calculation errors), and Geometry Conversion514

shows 99.3% rounding issues.515

4.6 Effect Size and Practical Significance516

Beyond statistical significance, we assessed practi-517

cal significance via effect size measures. Cohen’s518

h for the easy-versus-expert accuracy difference is519

1.091, indicating a large effect that substantially520

exceeds conventional thresholds (h > 0.8). The521

effect is robust across both model families and522

persists when controlling for temperature settings.523

Temperature variations (0.0, 0.5, 1.0) produced524

modest effects on output consistency but did not525

alter the fundamental cliff pattern.526

5 Discussion527

5.1 Evidence for the Memorization-Reasoning528

Boundary529

The cliff effect we observe is consistent with the hy-530

pothesis that LLMs rely heavily on pattern match-531

ing from training data rather than executing gen-532

uine mathematical reasoning. Several features of533

our results support this interpretation.534

The cliff structure itself. If LLMs possessed ro- 535

bust arithmetic reasoning capabilities, we would ex- 536

pect gradual performance degradation as problems 537

become more complex – each additional operation 538

or digit introducing incremental difficulty. Instead, 539

we observe a discontinuous pattern: strong per- 540

formance on easy tasks (72.6%), catastrophic col- 541

lapse at medium difficulty (33.0%), then a plateau 542

through hard and expert levels. This step-function 543

pattern suggests a qualitative transition – from prob- 544

lems that can be solved via pattern recognition to 545

problems that cannot – rather than a quantitative 546

accumulation of difficulty. 547

The pairwise comparison structure. Statisti- 548

cal comparisons reinforce this interpretation. Easy- 549

task performance differs significantly from all other 550

difficulty levels (p < 0.0001), but medium, hard, 551

and expert levels do not differ significantly from 552

each other. This is precisely what we would ex- 553

pect if easy problems fall within a “memorization 554

zone” while all harder problems fall outside it, forc- 555

ing models to attempt genuine computation with 556

uniformly poor results. 557

Category-specific patterns. The divergence 558

between simple and complex categories provides 559

further evidence. Arithmetic – the category most 560

likely to appear verbatim in training corpora – 561

shows near-perfect easy-task accuracy and grace- 562

ful degradation. Fraction addition, which requires 563

compositional reasoning (finding common denomi- 564

nators, maintaining exact rational representations) 565

that is unlikely to be directly memorized, shows 566

100% genuine calculation failures. 567

First-step error patterns. The increase in first- 568

step errors from easy to expert difficulty (10.1% → 569

18.8%) indicates that models increasingly fail to 570

even begin correct reasoning on harder problems. 571

If models possessed genuine reasoning capabilities, 572

we would expect them to start correctly but accu- 573

mulate errors through multi-step chains. Instead, 574

harder problems cause immediate failure – consis- 575

tent with pattern-matching systems encountering 576

unfamiliar inputs. 577

5.2 The Illusion of Competence 578

Our results expose a troubling phenomenon we 579

term the “illusion of competence”: LLMs can ap- 580

pear highly capable on numerical tasks that happen 581

to resemble their training distribution, while pos- 582

sessing little ability to generalize beyond it. 583

Consider a practitioner evaluating an LLM for fi- 584

nancial calculations. Testing with simple problems 585
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– single-step percentages, small-number arithmetic,586

familiar formula applications – might yield impres-587

sive results (our models achieved 72.6% accuracy588

on easy tasks, with Claude reaching 81.9%). This589

could reasonably lead to deployment decisions. Yet590

the same models fail catastrophically on problems591

only slightly more complex (33.0% at medium dif-592

ficulty), potentially introducing errors into high-593

stakes calculations.594

The illusion is particularly dangerous because595

the boundary between competence and failure is596

not transparent. A model that correctly computes597

“What is 15% of $1,000?” may fail on “A prod-598

uct increased by 23.7%, then decreased by 11.4%.599

What is the net change?” – despite both being “per-600

centage problems” from a user’s perspective. Users601

have no reliable way to predict which problems fall602

within the model’s effective capability.603

Our findings argue for difficulty-stratified evalu-604

ation as a standard practice. Benchmarks that test605

only within the easy zone will systematically over-606

estimate real-world reliability. Conversely, bench-607

marks that aggregate across difficulty levels may608

obscure the sharp competence boundary that prac-609

titioners need to understand.610

5.3 Implications for AI Safety and611

Governance612

The cliff effect has implications beyond academic613

interest. As LLMs are deployed in domains re-614

quiring numerical accuracy – financial services,615

healthcare, scientific research, engineering – the616

illusion of competence poses genuine risks.617

Our findings suggest several governance con-618

siderations. First, deployment decisions for619

numerically-intensive applications should require620

difficulty-stratified evaluation, not aggregate accu-621

racy metrics. Second, the unpredictability of the622

competence boundary argues for human oversight623

in numerical workflows. Third, if current architec-624

tures fundamentally lack compositional arithmetic625

capability – as the cliff pattern and fraction-error626

findings suggest – then improving numerical reli-627

ability may require architectural innovation rather628

than scaling or fine-tuning alone.629

6 Conclusion630

This paper investigated the boundary between mem-631

orization and reasoning in LLM numerical compu-632

tation, finding evidence for a sharp capability cliff633

that has implications for both scientific understand-634

ing and practical deployment. 635

Our benchmark evaluation of four frontier mod- 636

els across 1,152 test cases reveals a consistent pat- 637

tern: LLMs achieve 72.6% accuracy on easy nu- 638

merical tasks but collapse to 33.0% when difficulty 639

increases even modestly – a 40 percentage point 640

drop in a single step. Performance then plateaus, 641

with hard and expert tasks showing only modest 642

additional decline. This cliff-then-plateau pattern 643

is statistically robust and appears in both model 644

families, suggesting fundamental architectural lim- 645

itations. 646

The structure of this collapse supports the hy- 647

pothesis that LLMs rely primarily on pattern match- 648

ing rather than compositional reasoning for numer- 649

ical tasks. Easy problems, which likely resem- 650

ble training examples, elicit strong performance; 651

harder problems produce uniformly poor results 652

regardless of how much harder they become. The 653

finding that medium, hard, and expert difficulty 654

levels do not differ significantly from each other – 655

while all differ significantly from easy – suggests a 656

qualitative transition rather than gradual degrada- 657

tion. 658

For practitioners, our findings counsel caution: 659

impressive performance on simple tests does not 660

guarantee reliability on harder variants, and the 661

boundary between competence and failure is nei- 662

ther transparent nor predictable from problem 663

surface features. For researchers, the cliff of- 664

fers a tractable phenomenon for investigating the 665

memorization-reasoning distinction and develop- 666

ing systems with more robust numerical capabili- 667

ties. For policymakers, our methodology provides 668

a template for capability evaluation that reveals 669

boundaries rather than averages – information es- 670

sential for governing systems increasingly embed- 671

ded in consequential decisions. 672

Limitations 673

Several limitations constrain the generalizability of 674

our findings. 675

Model selection. We evaluated four mod- 676

els from two families. While these represent 677

frontier systems, the LLM landscape is diverse. 678

Other architectures (e.g., mixture-of-experts mod- 679

els, reasoning-specialized systems like o1) may 680

exhibit different patterns. 681

Task coverage. Our eight categories, while di- 682

verse, do not exhaust mathematical reasoning. We 683

did not test geometry proofs, algebraic manipula- 684
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tion, calculus, or statistical inference. The cliff685

effect’s generality across mathematical domains686

remains to be established.687

Difficulty operationalization. Our difficulty688

scaling combines operation count, digit magnitude,689

and decimal precision. Other operationalizations690

– semantic complexity, variable substitution, word691

problem structure – might reveal different patterns.692

Evaluation stringency. Our strict exactness cri-693

terion, while defensible, may not reflect all use694

cases. Some applications tolerate approximation;695

others require exactness beyond our criterion. The696

81.6% rounding-error finding suggests our headline697

accuracy figures should be interpreted cautiously.698

Sample size per cell. With 3 test cases per699

category-difficulty combination, some category-700

specific findings rest on limited observations. The701

overall cliff pattern is robust, but category-level702

conclusions warrant replication.703

Prompt sensitivity. We used a single prompt704

template emphasizing exactness. Alternative705

prompts – chain-of-thought instructions, few-shot706

examples, different formatting requests – might707

elicit different performance profiles.708

Ethical Considerations709

This work investigates fundamental limitations in710

LLM numerical reasoning, with several ethical di-711

mensions warranting discussion.712

Potential Benefits. By documenting the cliff713

effect and the boundary between apparent compe-714

tence and genuine capability, this research can in-715

form safer deployment practices. Practitioners may716

use our findings to implement appropriate human717

oversight in numerically-intensive applications, po-718

tentially preventing errors in high-stakes domains719

such as finance, healthcare, and engineering.720

Potential Risks. We acknowledge that detailed721

characterization of LLM failure modes could theo-722

retically be misused to exploit model weaknesses.723

However, we believe the benefits of transparency –724

enabling informed deployment decisions and moti-725

vating architectural improvements – outweigh these726

risks.727

Deployment Implications. Our findings sug-728

gest that benchmark performance on easy prob-729

lems may dramatically overstate real-world relia-730

bility. We urge practitioners deploying LLMs in731

numerically-sensitive contexts to conduct difficulty-732

stratified evaluation rather than relying on aggre-733

gate accuracy metrics, and to maintain human over-734

sight for calculations exceeding routine complexity. 735

Reproducibility Commitment. To support ver- 736

ification and extension of our findings, we commit 737

to releasing our benchmark generation code, test 738

cases, and evaluation scripts upon publication. 739
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A Performance Degradation Analysis806

Figure 4 presents relative performance normalized807

to easy tasks and absolute performance drop, com-808

paring the two model families.809

Figure 4: Performance degradation relative to easy tasks
(left) and absolute performance drop from easy level
(right). Both families show sharp initial decline, with
GPT showing steeper relative degradation.

B Individual Model Performance810

Table 6 presents detailed accuracy rates for each811

model across all difficulty levels.812

Model Overall Easy Med Hard Expert

Claude Sonnet 4.5 48.3% 80.6% 45.8% 36.1% 30.6%
Claude Haiku 4.5 45.8% 83.3% 44.4% 31.9% 23.6%
GPT-4.1 29.2% 62.5% 22.2% 18.1% 13.9%
GPT-4.1-mini 29.9% 63.9% 19.4% 20.8% 15.3%

Table 6: Individual model accuracy across difficulty
levels, revealing comparable performance between com-
pact and standard variants within each family.

C Error Decomposition by Category 813

Table 7 shows the distribution of rounding issues 814

versus true calculation errors across all eight cate- 815

gories. 816

Category Rounding True Error

Arithmetic 100% 0%
Weighted Averages 98.5% 1.5%
Geometry Conversion 99.3% 0.7%
Compound Calculations 95.4% 4.6%
Inverse Calculations 93.9% 6.1%
Financial Math 91.7% 8.3%
Division Precision 61.0% 39.0%
Fractions 0% 100%

Table 7: Category-level error decomposition show-
ing fractions exhibit 100% genuine calculation failures
while arithmetic shows 100% rounding issues.

D First-Step Errors by Model 817

Table 8 presents model-specific first-step error rates 818

at easy and expert difficulty levels. 819

Model Easy Expert

Claude Sonnet 4.5 2.8% 6.9%
Claude Haiku 4.5 0.0% 11.1%
GPT-4.1 16.7% 25.0%
GPT-4.1-mini 20.8% 31.9%

Table 8: Model-specific first-step error rates showing
GPT models exhibit substantially higher baseline failure
rates and steeper increases with difficulty than Claude
models.
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