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Abstract001

Training large language models for complex002
reasoning is bottlenecked by the scarcity of003
verifiable, high-quality data. In domains like004
physics, standard text augmentation often in-005
troduces hallucinations, while static bench-006
marks lack the reasoning traces required for007
fine-tuning. We introduce the Infinite Prob-008
lem Generator (IPG), an agentic framework009
that synthesizes physics problems with guaran-010
teed solvability through a "Formula-as-Code"011
paradigm. Unlike probabilistic text genera-012
tion, IPG constructs solutions as executable013
Python programs, enforcing strict mathemat-014
ical consistency. As a proof-of-concept, we015
release ClassicalMechanicsV1, a high-fidelity016
corpus of 1,335 classical mechanics problems017
expanded from 165 expert seeds. The corpus018
demonstrates high structural diversity, span-019
ning 102 unique physical formulas with an av-020
erage complexity of 3.05 formulas per prob-021
lem. Furthermore, we identify a "Complexity022
Blueprint", demonstrating a strong linear cor-023
relation (R2 ≈ 0.95) between formula count024
and verification code length. This relationship025
establishes code complexity as a precise, proxy-026
free metric for problem difficulty, enabling con-027
trollable curriculum generation. We release the028
full IPG pipeline, the ClassicalMechanicsV1029
dataset, and our evaluation tools to support re-030
producible research in reasoning-intensive do-031
mains.032

1 Introduction033

The adaptation of Large Language Models (LLMs)034

to specialized, high-reasoning domains remains035

fundamentally constrained by data scarcity. While036

general-purpose models excel at surface-level lan-037

guage tasks, domains requiring rigorous multi-038

step deduction—such as undergraduate physics039

and advanced mathematics—demand training data040

that web-scale corpora cannot adequately provide041

as noted by Arora et al. (2023) and Xu et al.042

(2025). Unlike natural language understanding 043

tasks, physics problem solving requires identifying 044

implicit constraints, selecting appropriate physi- 045

cal laws, and executing precise mathematical rea- 046

soning. Synthetic Dataset Generation (SDG) has 047

emerged as a scalable solution (Ushio et al., 2022; 048

Long et al., 2024), yet ensuring correctness in gen- 049

erated reasoning chains remains an open challenge. 050

We focus on physics problems at the level of the 051

Joint Entrance Examination (JEE), a high-stakes en- 052

trance test attempted by over one million students 053

annually in India. JEE problems are character- 054

ized by long-horizon, multi-step reasoning across 055

tightly coupled concepts, fundamentally resisting 056

shallow pattern-matching approaches (Arora et al., 057

2023). We target this domain because it provides 058

an ideal stress test for reasoning depth. Recent 059

benchmarks such as JEEBench (Arora et al., 2023) 060

and UGPhysics (Xu et al., 2025) establish valuable 061

evaluation standards; however, these datasets are 062

static and designed primarily for testing. They 063

lack the large-scale, diverse, fine-tuning-ready cor- 064

pora with executable reasoning traces required to 065

train robust reasoners, creating a persistent test- 066

ing–training gap. 067

To address this gap, we introduce the Infinite 068

Problem Generator (IPG), an agentic framework 069

for scalable and verifiable problem generation. 070

Starting from expert-written seed problems, IPG 071

systematically expands datasets by translating the 072

underlying mathematical logic of a problem into 073

multiple distinct physical contexts (Lu et al., 2024; 074

Chen and Yen, 2024). While surface narratives and 075

numerical values vary, the core physical reasoning 076

remains invariant, preserving educational value and 077

logical rigor. 078

Crucially, we move beyond reliance on LLM 079

self-consistency. As illustrated in Figure 1, 080

IPG adopts a Formula-as-Code paradigm, treating 081

physics equations not as text tokens but as exe- 082

cutable Python functions. We employ a Program- 083
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Figure 1: Overview of the proposed pipeline. Problem Analysis extracts constraints to guide Constrained
Generation, while Code-Based Verification ensures the solvability of the resulting variations through Python
execution.

of-Thought verification mechanism (Gao et al.,084

2023; Mirzadeh et al., 2024), requiring every gen-085

erated problem to be solvable by an automatically086

generated Python script. This execution-based087

verification filters mathematically invalid genera-088

tions and ensures that all problems in the result-089

ing dataset admit correct and consistent solutions090

(Li and Zhang, 2024). Using this pipeline, we cu-091

rate 165 high-quality seed problems from standard092

textbooks and expand them into a corpus of 1,335093

verified problems, achieving approximately an 8×094

expansion per seed.095

Beyond generation, we analyze the structural096

determinants of problem difficulty. Our analysis097

reveals a reproducible Complexity Blueprint: the098

number of integrated physics formulas correlates099

linearly (R2 ≈ 0.95) with the length and structural100

complexity of the corresponding solution code.101

This relationship provides a proxy-free mechanism102

for controlling difficulty, enabling curriculum-style103

dataset construction without human annotation.104

Our contributions are threefold:105

1. Agentic Verification Framework (IPG):106

We propose an agentic generation pipeline107

that couples narrative variation with code-108

execution verification, mitigating mathemati-109

cal hallucinations in synthetic physics data.110

2. ClassicalMechanicsV1 Dataset: We re-111

lease a training-ready corpus of 1,335112

undergraduate-level physics problems with ex- 113

ecutable solution paths and verified numerical 114

correctness. 115

3. Complexity Blueprint: We demonstrate a 116

quantifiable relationship between structural 117

problem properties and solution complexity, 118

enabling difficulty-controlled problem genera- 119

tion for adaptive learning. 120

2 Related Work 121

2.1 Synthetic Data and Question Generation 122

Automatic Question Generation (AQG) has shifted 123

from rigid template-based systems to flexible neu- 124

ral approaches (Chen and Yen, 2024). While early 125

systems like E-QGen required extensive domain- 126

specific schemas, recent works leverage the gen- 127

erative priors of LLMs. Strategies such as back- 128

translation (Lu et al., 2024), planning-first pipelines 129

(Li and Zhang, 2024), and summarization-based 130

filtering (Ushio et al., 2022) have improved fluency. 131

However, most existing methods rely on unstruc- 132

tured text corpora or large knowledge bases as in- 133

puts. In domains like physics, where problems rely 134

on precise initial conditions rather than general text, 135

these methods struggle to maintain logical coher- 136

ence. Our framework departs from text-scraping by 137

operating on expert-written seeds, systematically 138

expanding them via controlled logical variations 139

rather than linguistic perturbation. 140

2



Method Domain Paradigm Exec. Verify Dataset

PAL (Gao et al., 2023) Math Inference Exec. inference GSM-hard
MathGenie (Lu et al., 2024) Math Augment Exec. filtering MathGenieLM
MetaMath (?) Math Augment Answer-match verify MetaMathQA

IPG (Ours) Physics Agentic Seed Gen. exec verify ClassicalMechanicsV1

Table 1: Comparison of related works. IPG applies an agentic seed paradigm to physics with generative execution
verification.

2.2 Agentic Reasoning & Verification141

Single-pass LLM generation is notoriously brit-142

tle for long-horizon reasoning (Long et al., 2024).143

Concurrently, the Program-of-Thought (PoT)144

paradigm—exemplified by PAL (Gao et al., 2023)145

and PoT (Chen et al., 2023)—demonstrated that of-146

floading logic to a Python interpreter significantly147

reduces calculation errors. Recent work has begun148

to merge these streams, using execution to filter149

synthetic data (Li and Zhang, 2024; Sistla et al.,150

2025). However, most prior work uses execution151

as a post-hoc filter (generating 100 samples and152

keeping the 10 that run). We integrate PoT directly153

into the generation loop, using execution traces to154

drive the expansion itself. This ensures that every155

generated variation is not just syntactically valid,156

but mathematically executable by design.157

2.3 Benchmarks vs. Training Resources158

The fragility of LLMs in physics is well-159

documented by benchmarks such as JEEBench160

(Arora et al., 2023), UGPhysics (Xu et al., 2025),161

and PhysicsEval (Siddique et al., 2025). Further-162

more, Mirzadeh et al. (2024) showed that models163

often rely on surface-level pattern matching, fail-164

ing when simple variables are permuted . Cru-165

cially, these benchmarks are evaluative, not in-166

structional. They provide questions and final an-167

swers but lack the dense, step-by-step code traces168

required to fine-tune a model to reason. Our work169

fills this void by providing a dataset that is "training-170

ready"—complete with intermediate code repre-171

sentations suitable for supervised fine-tuning and172

reinforcement learning approaches.173

2.4 Positioning174

Table 1 contextualizes our contribution. While175

approaches like MathGenie (Lu et al., 2024) and176

MetaMath (?) have successfully scaled mathemat-177

ical data, they often result in variations that are178

structurally repetitive or lack physical context. Our179

work is the first to combine seed-based expansion180

with executable verification specifically for the181

physics domain, ensuring both structural diversity 182

and rigorous correctness. 183

3 Methodology 184

We propose the Infinite Problem Generator 185

(IPG), an agentic synthetic data pipeline designed 186

to facilitate domain adaptation in high-reasoning 187

domains. IPG instantiates a multi-stage workflow 188

that expands expert-written seed problems into ver- 189

ified training instances using executable reasoning. 190

As illustrated in Figure 1, IPG follows a 191

Generate–then–Verify paradigm composed of three 192

phases: Problem Analysis, Constrained Genera- 193

tion, and Code-Based Verification. 194

3.1 Input Representation and Design Choices 195

3.1.1 Seed Tuple Definition 196

IPG operates on a Seed Tuple 197

S =
(
Qseed, Aseed

)
, 198

where Qseed is an expert-authored physics ques- 199

tion and Aseed is its reference solution, sourced 200

from standard undergraduate physics textbooks 201

(Verma, 2010). 202

3.1.2 Executable Axioms (Formula-as-Code) 203

Rather than representing equations as symbolic 204

LATEX strings, IPG encodes physics formulas as ex- 205

ecutable axioms implemented as Python functions. 206

For example, the kinematic relation v = u+ at is 207

represented as: 208

kinematics.final_velocity(u, a, t) 209

This design choice is not intended as a constrained 210

execution interface: IPG is restricted to invoking 211

pre-defined, domain-validated axioms rather than 212

generating free-form code. This enforces modular- 213

ity, limits spurious operations, and enables runtime 214

verification of numerical reasoning, extending prior 215

Program-of-Thought approaches (Gao et al., 2023; 216

Chen et al., 2023) to a structured, domain-specific 217

setting. 218
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3.2 Phase I: Problem Analysis and Context219

Expansion220

In Phase I, IPG analyzes the seed tuple S to con-221

struct the logical space required for controlled vari-222

ation.223

Underlying Principle Extraction: IPG identi-224

fies the core physical principles governing S and225

enumerates admissible real-world instantiations.226

For example, a seed involving angular acceleration227

of a pulley may be mapped to scenarios such as228

tire rotation, tape spools, fishing reels, or conveyor229

rollers. These mappings define narrative contexts230

without altering the underlying mechanics.231

Concept Mapping via Chapter Dictionary: As232

shown in Figure 1, IPG queries a predefined Chap-233

ter Dictionary to map the extracted principles to234

relevant curriculum units. A seed originating in235

Rotational Motion may activate additional chap-236

ters such as Circular Motion or Rectilinear Motion.237

The resulting union forms an Available Formula238

Library composed of executable axioms drawn239

from all activated chapters. For multi-step prob-240

lems, IPG iteratively re-queries the Chapter Dictio-241

nary if the current library does not map to the seed242

solution, ensuring sufficient logical coverage.243

Constraint Extraction: IPG constructs a Vari-244

able Dictionary245

V = {(vi, ui,Ri)}ni=1,246

, where each variable vi is associated with a unit247

ui and a valid physical range Ri (e.g., m > 0, µ ∈248

[0, 1]). These constraints guide parameter sampling249

and prevent physically implausible instantiations.250

3.3 Phase II: Constrained Problem251

Generation252

Given the expanded logical context, IPG gener-253

ates N variations (target N = 10) while explicitly254

decoupling linguistic variation from numerical rea-255

soning.256

Narrative Round-Robin: IPG cycles through257

the scenario set identified in Phase I, generating258

a fixed number of problems per scenario. Each259

variation is required to be solvable using only the260

selected executable axioms, preventing hidden de-261

pendencies on unstated formulas.262

Problem Signature and Uniqueness: To detect263

and reject duplicates, each problem is assigned a264

Problem Signature:265

Σ =
(
{IDf1 , IDf2 , . . . , IDfk}, vtarget

)
, 266

where IDfj denotes the identifiers of the in- 267

voked executable axioms and vtarget is the queried 268

variable. Signatures are stored in a hash set; colli- 269

sions trigger regeneration. 270

Difficulty Control: Problem complexity is con- 271

trolled by limiting the size of the active formula 272

subset. IPG is asked to select between 3 and 5 ax- 273

ioms per instance, empirically encouraging multi- 274

step reasoning and cross-chapter integration. 275

3.4 Phase III: Solution Generation via Code 276

Execution 277

To mitigate hallucination, IPG requires that each 278

generated problem be accompanied by an exe- 279

cutable Python solution. The solution is con- 280

structed by invoking only functions from the 281

executable axiom library within a standardized 282

solve() routine. Code is executed in a sand- 283

boxed environment and accepted only if it satisfies 284

three criteria: (1) Syntactic Validity, ensuring the 285

script executes without runtime errors; (2) Numer- 286

ical Solvability, requiring that the output is finite 287

(excluding NaN or ∞); and (3) Physical Sanity, 288

verifying that results satisfy basic sign and magni- 289

tude constraints (e.g., t > 0). 290

3.5 Robustness and Efficiency 291

IPG incorporates an internal retry loop informed 292

by execution feedback. Failed attempts are re- 293

prompted with structured error traces, enabling tar- 294

geted correction. Across successful generations, 295

IPG requires between 22 and 122 LLM calls per 296

accepted problem, reflecting a deliberate trade-off 297

favoring correctness and diversity over raw through- 298

put. 299

4 Experimental Setup 300

4.1 Dataset Construction 301

4.1.1 Seed Data Curation 302

We curated 165 problem-solution pairs from Con- 303

cepts of Physics (Verma, 2010), specifically target- 304

ing Classical Mechanics (Chapters 3–10). This se- 305

lection includes both textual exercises and “Worked 306

Out Examples” to capture a wide range of pedagog- 307

ical variations and difficulty levels. 308
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4.1.2 Formula Digitization309

The physics formula set was extracted from the310

Gyan Sutra compilation. Utilizing Gemini 2.5 Pro311

(Comanici et al., 2025), we transformed these math-312

ematical expressions into a structured Python li-313

brary. This “Formula-as-Code” dictionary includes314

explicit docstrings and functional implementations315

to facilitate execution-based verification.316

4.2 Model Configuration and Baselines317

Agentic Generation (IPG): We utilized Gemini318

2.5 Flash (Comanici et al., 2025) to orchestrate319

all workflow phases. The agent operates within a320

fixed retry budget for automated error correction321

and signature collision handling. Notably, full for-322

mula definitions were embedded directly within323

the context window rather than retrieved via RAG,324

ensuring the model maintained full visibility into325

the implementation logic during synthesis.326

Zero-Shot Baseline: To isolate the contribution327

of our agentic workflow, we generated a control328

dataset (N = 1, 650) using a single-prompt ap-329

proach with the same base model. This baseline330

was designed to match the instructional density of331

the Agent output but lacked the intermediate analy-332

sis, constraint extraction, and iterative verification333

steps.334

4.3 Evaluation Framework335

4.3.1 Intrinsic Dataset Metrics336

We evaluate the quality of the generated corpus337

using a number of intrinsic metrics including the338

following:339

• Valid Execution Rate: The percentage of340

problems where the generated code success-341

fully produces finite, non-null numeric values.342

• Physical Sanity: A filter detecting physically343

unrealistic values (e.g., mass m < 0 or astro-344

nomical displacements |x| > 1015).345

• Signature Uniqueness: The ratio of unique346

(Formula Set, Unknown Variable) tuples to347

the total population.348

• Lexical Diversity (TTR): The Type-Token349

Ratio, calculated as TTR =
Nunique
Ntotal

× 100,350

used to measure vocabulary richness.351

4.3.2 Extrinsic Stratified Audit352

We employed Gemini 3 (Research and DeepMind,353

2025) as an independent judge for semantic vali-354

dation. To probe the model’s performance across355

varying reasoning depths, we utilized a stratified 356

stress-test comprising three distinct tiers: 357

• Single-Step Baseline (0–1 Formulas): Es- 358

tablishes a performance floor for conceptual 359

knowledge retrieval. 360

• Reliability Benchmark (2–3 Formulas): 361

Represents standard textbook-level complex- 362

ity and serves as the control group. 363

• Complexity Stress-Test (4–6 Formulas): A 364

long-tail subset designed to challenge context 365

retention, variable tracking, and multi-step 366

functional derivation. 367

The judge evaluated samples against a 12-point 368

error taxonomy to isolate specific failure signa- 369

tures, such as signature mismatches or physical 370

impossibilities, quantifying the reliability trade-off 371

at higher complexity tiers (N ≥ 4). 372

5 Results and Analysis 373

We present a comprehensive analysis of the Classi- 374

calMechanicsV1 corpus (N = 1, 335), quantifying 375

structural diversity, reasoning depth, and code scal- 376

ability. To ensure the dataset targets the “reasoning 377

gap,” we initially generated 1,415 candidates and 378

pruned 80 instances (< 6%) that required fewer 379

than two deductive steps. Notably, our execution- 380

based verification flagged only two problems in 381

the final subset as numerically unstable (produc- 382

ing NaN or ∞), confirming the robustness of the 383

Generate-then-Verify paradigm. 384

Chapter Seed Dataset Generated

Count % Count %

Kinematics 30 18.18 185 13.86
Newton’s Laws 16 9.70 149 11.16
Friction 11 6.67 87 6.52
Work, Power, Energy 21 12.73 200 14.98
Circular Motion 20 12.12 178 13.33
Centre of Mass 29 17.58 181 13.56
Rigid Body Dynamics 38 23.02 355 26.59

Total 165 100.0 1,335 100.0

Table 2: Comparative distribution of problems per chap-
ter across seed and generated datasets.

5.1 Structural Distribution & Complexity 385

We define “Reasoning Complexity” as the number 386

of unique physics axioms (formulas) required to 387

derive a solution. As shown in Table 3, the dataset 388

exhibits a Gaussian-like distribution centered at 389
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a mode of 3 formulas (57.5% of corpus). This390

clustering confirms the agent’s proficiency at gen-391

erating Intermediate-Depth Reasoning—chains392

that link multiple concepts (e.g., Kinematics →393

Energy) without becoming unwieldy.394

Foundational Instances (0–1 Formulas): A395

small subset (5.6%) serves as a conceptual base-396

line, testing definitions (e.g., Center of Mass coor-397

dinates) rather than derivations.398

Deep Reasoning (4–6 Formulas): The “Com-399

plexity Tail” (N = 260) represents long-horizon400

problems requiring the integration of up to 6 dis-401

tinct physical laws, significantly exceeding the402

depth of standard benchmarks like GSM8K.403

Formulas per Problem Count Percentage (%)

0 38 2.69
1 42 2.97
2 261 18.44
3 814 57.53
4 198 13.99
5 60 4.24
6 2 0.14

Total 1335 100.00

Table 3: Distribution of generated physics problems by
the number of unique formulas required for a solution.

5.2 Inter-Chapter Reasoning (Domain404

Mixing)405

A key indicator of quality is Domain Mixing—the406

ability to combine concepts from disparate chapters407

(e.g., Friction + Rotational Motion). While seed408

problems are chapter-specific, the IPG agent suc-409

cessfully breaks these boundaries. As detailed in410

Table 4, the number of unique formulas used often411

exceeds the chapter’s native library. For instance,412

Rigid Body Dynamics utilizes 53 unique formulas413

(vs. 20 native), indicating the agent actively pulls414

auxiliary laws from Kinematics and Energy to con-415

struct solvable scenarios. This confirms that the416

dataset contains integrated physics problems rather417

than isolated textbook drills.418

5.3 The Complexity Blueprint: Code as a419

Proxy for Difficulty420

A central finding of this work is the “Complexity421

Blueprint.” We hypothesized that in a Program-of-422

Thought regime, code length is not random but a di-423

rect proxy for logical depth. Our analysis confirms424

a strong linear correlation (R2 ≈ 0.953) between425

the number of required formulas and the length of426

the verification code.427

Chapter Library Total Unique Used

Kinematics 33 32
Newton’s Laws 10 17
Friction 2 9
Work, Power, Energy 9 42
Circular Motion 20 25
Centre of Mass 18 46
Rigid Body Dynamics 20 53

Table 4: Comparison of available library formulas ver-
sus unique formulas utilized per physics domain in the
generated dataset. Higher usage indicates cross-domain
mixing.
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Figure 2: The “Complexity Blueprint.” Code length
scales linearly with formula count, demonstrating sys-
tematic reasoning without hallucination.

As visualized in Figure 2, we observe a consis- 428

tent “cost” of at least 250 characters per additional 429

physical law. This linearity has two critical impli- 430

cations: first, No Hallucination, as the model does 431

not bloat code with irrelevant logic; length scales 432

strictly with physical necessity. Second, Control- 433

lable Generation, where code length can serve as 434

a reliable, proxy-free metric for estimating problem 435

difficulty, enabling the generation of curriculum- 436

style datasets without expensive human labeling. 437

5.4 Lexical & Semantic Diversity 438

We calculated the Type-Token Ratio (TTR) to 439

assess linguistic variety. The dataset achieves 440

a TTR of 5.94. In the context of physics, this 441

relatively focused vocabulary is a positive sig- 442

nal of domain adherence, reflecting the consis- 443

tent use of precise technical terminology rather 444

than generic synonyms. Table 5 confirms this, 445

showing high-frequency distribution across spe- 446

cific identifiers like angular_acceleration 447

and normal_force, indicating correct domain 448

mapping rather than simple pattern matching. 449
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Unknown Variable Frequency

acceleration 33
displacement 27
mass 23
normal_force 22
angular_acceleration 21
work_done 21
v 20

Table 5: Distribution of the top 7 target unknown vari-
ables.

5.5 Failure Mode Analysis450

We conducted a qualitative audit using a 12-point451

error taxonomy, revealing a distinct “Fragility Shift”452

as complexity increases (Table 6).453

The Reliability Zone (2–3 Formulas): In this454

tier, validity exceeds 99%. The primary “error” is455

the inclusion of Unused Variables (≈ 12%), such456

as providing atmospheric pressure in a basic gravity457

problem. We argue these are features, not bugs—458

they act as natural distractors that test a model’s459

ability to filter irrelevant information.460

The Fragility Zone (4+ Formulas): At high461

complexity, errors shift to Signature Mismatches462

(≈ 15%), where the agent correctly derives inter-463

mediate values but fails to chain them to the fi-464

nal target variable. This highlights specific lim-465

itations in current LLMs regarding maintaining466

long-horizon variable contexts, which this dataset467

is specifically designed to expose.468

5.6 Analysis of Low-Complexity and Pruned469

Instances470

Across the dataset, we observe 38 generated prob-471

lems with zero formulas—all belonging exclusively472

to the Centre of Mass chapter—and 42 single-473

formula problems distributed across multiple do-474

mains. Our analysis indicates that these cases are475

not inherently erroneous; rather, they correspond476

to single-step reasoning chains that fall below the477

complexity threshold of our multi-step benchmark.478

Domain-Specific Complexity Spikes: A no-479

table concentration of low-complexity problems in480

Centre of Mass arises from the domain’s core struc-481

ture. Many problems reduce to direct coordinate or482

weighted-average calculations. While physically483

meaningful, these represent computationally shal-484

low reasoning paths. Similarly, a substantial frac-485

tion of single-formula problems originates from486

Rigid Body Dynamics, largely due to the preva-487

lence of definitional relations such as τ = Iα and488

L = Iω. When a scenario directly provides inertia489

and angular velocity, solving for angular momen- 490

tum becomes a valid but trivial task, appearing as a 491

“defective” instance within a multi-step reasoning 492

context. 493

Robustness of Dynamics and Energy: In con- 494

trast, Newton’s Laws (Chapter 5) and Work, Power, 495

and Energy (Chapter 7) produced very few pruned 496

instances (5 and 8 problems, respectively). These 497

domains naturally encourage formula coupling, re- 498

quiring multiple interacting quantities such as mass, 499

force, and acceleration. Consequently, these chap- 500

ters serve as more robust sources for the 2+ step 501

reasoning chains necessary for effective domain 502

adaptation. 503

Quantitative Expansion Limits: This behavior 504

is reflected in Table 2. Although the agent tar- 505

gets a 10× expansion per chapter, this objective 506

is not consistently achieved. For instance, while 507

Chapter 5 reaches 9.31× and Chapter 7 reaches 508

9.52×, Centre of Mass only achieves 6.24× (181 509

problems from 29 seeds). This shortfall suggests 510

that the agent frequently encounters the uniqueness 511

constraint as a primary failure mode, particularly 512

in domains where candidate problems fail to be 513

meaningfully distinct. 514

These observations suggest a potential link be- 515

tween the emergence of low-complexity instances 516

and the model’s tendency to optimize against vali- 517

dation checks—prioritizing “safe” but simple prob- 518

lems to pass filters—rather than genuinely increas- 519

ing reasoning depth. 520

5.7 Deep Content Audit: Text-Code 521

Alignment 522

We assessed alignment between word problem nar- 523

rative and Python logic to detect semantic halluci- 524

nations. 525

The audit revealed that narrative richness and rea- 526

soning complexity scale together (Table ??). While 527

the Defective cluster relied on sparse definitions, 528

the Core cluster successfully integrated environ- 529

mental details (e.g., atmospheric pressure) as effec- 530

tive distractors. For complex problems, the model 531

correctly identified sophisticated principles, such 532

as conservation of momentum being insufficient 533

for pure rolling scenarios. However, strict physical 534

constraints (e.g., friction requirements) remain the 535

primary risk factor during execution. 536
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Dataset (Formulas) Key Finding Primary Category Incidence

0–1 Exhibit Triviality, not incorrectness Math/Logical ∼100%
2–3 Unused distractor variables; correctly filtered Variable Hallucination ∼12%
4–6 Sound logic; random values may violate constraints Logic/Text Alignment ∼4–15%

Table 6: Analysis of failure modes. The columns display the specific finding followed by the category categorization.

6 Limitations537

Semantic and Conservation Constraints:538

While Program-of-Thought verification ensures539

numerical correctness and unit consistency, it does540

not fully replace a symbolic physics engine. In541

highly complex scenarios (N ≥ 5 interacting542

formulas), there remains a residual risk of semantic543

inconsistency, where a solution is mathematically544

valid but physically implausible (e.g., a car545

accelerating at 20g due to random parameter546

initialization). Although we enforce strict range547

constraints to mitigate such cases, future work548

could integrate formal constraint solvers (e.g., Z3)549

to enforce higher-order conservation laws more550

rigorously.551

Visual Grounding: Our framework operates in552

the text–code modality. While the agent can de-553

scribe physical setups (e.g., a block on an inclined554

plane), it does not generate corresponding visual555

diagrams. As reasoning models increasingly incor-556

porate multimodal inputs, extending IPG with pro-557

grammatic diagram synthesis (e.g., TikZ or SVG558

generation) represents an important direction for559

future work.560

Domain and Axiomatic Scope: Our proof-of-561

concept focuses on Classical Mechanics. Extend-562

ing the framework to domains such as Electromag-563

netism or Optics would require expanding the ax-564

iomatic library and supporting continuous field rep-565

resentations, which are less amenable to discrete566

formulation. Additionally, the Formula-as-Code567

paradigm captures algebraic reasoning effectively568

but does not yet model geometric intuition or first-569

principles calculus derivations.570

Inference Cost: The generate-and-verify571

paradigm prioritizes correctness over efficiency.572

The iterative rejection loop—used to resolve573

execution errors and signature collisions—incurs574

higher computational cost per sample than575

lightweight text-based augmentation. Future work576

may incorporate lightweight solvability predictors577

or small-model filters to improve generation578

efficiency.579

7 Conclusion and Future Work 580

We presented the Infinite Problem Generator, an 581

agentic framework for addressing the scarcity of 582

high-quality reasoning data in specialized domains. 583

By decoupling narrative generation from numeri- 584

cal reasoning through Program-of-Thought (PoT) 585

verification, we expanded 165 expert-written seed 586

problems into 1,335 unique, executable variations, 587

achieving a 99.85% verification success rate. Our 588

intrinsic analysis identified a reproducible Com- 589

plexity Blueprint, demonstrating a linear correla- 590

tion between the number of integrated formulas and 591

solution code length (R2 ≈ 0.953). This result sug- 592

gests that code-based solution structure can serve 593

as a proxy-free signal for problem difficulty, en- 594

abling controlled scaling of reasoning depth while 595

reducing logical inconsistencies common in text- 596

only generation. 597

Future work will focus on three directions: 598

1. Expanded Curriculum Coverage: Extend- 599

ing beyond Classical Mechanics to other un- 600

dergraduate physics domains such as Electro- 601

magnetism and Optics, and to adjacent sci- 602

ences, by scaling the underlying formula li- 603

brary and adapting verification logic. 604

2. Multimodal Extensions: Incorporating vi- 605

sualization modules capable of generating 606

aligned diagrams (e.g., SVG or TikZ) along- 607

side textual problem statements, supporting 608

geometry- and diagram-intensive reasoning. 609

3. Adaptive Assessment: Leveraging the pro- 610

posed complexity signal to construct sys- 611

tems that dynamically assemble difficulty- 612

controlled problem sets for curriculum design 613

and adaptive testing. 614
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A.2 Diversity Metrics729

Text Uniqueness: Percentage of problems with730

unique wording computed as unique texts
total texts × 100.731

Higher values indicate less repetition in problem732

statements.733

Duplicate Texts: Number of problems with734

non-unique wording, calculated as total texts −735

unique texts. Lower is better for dataset diversity.736

Diversity (Type-Token Ratio / TTR): Vocabu-737

lary richness measured as unique words
total words × 100 across738

all problem texts. Higher values indicate more var-739

ied language and less repetitive wording.740

Unique Formulas: Total count of distinct for-741

mula identifiers used across all problems, com-742

puted as |set(all formula IDs)|. Indicates breadth743

of physics concepts covered.744

Unique Unknowns: Total count of distinct un-745

known variables being solved for, computed as746

|set(all unknown vars)|. Shows variety in problem747

objectives.748

Avg Word Count: Mean number of749

words per problem statement, computed as750

mean(word counts). Indicates average problem751

description length.752

A.3 Quality Metrics753

Valid Answers: Percentage of problems754

with non-null numerical results, computed as755
problems with results

total problems × 100. Should ideally be 100%.756

Unrealistic Values: Count of numerical results757

that are either extremely large (|value| > 1015)758

or extremely small (|value| < 10−15), which may759

indicate computational errors or physically implau-760

sible scenarios.761

Avg Code Length: Mean character count762

of solution code snippets, computed as763

mean(len(code)). Provides insight into solu-764

tion complexity.765

B Failure Mode Taxonomy766

We employed a 12-point taxonomy to systemat-767

ically assess failure modes across all generated768

problems (formula counts: 0, 1, 2, 3, 4, 5, 6). Each769

problem was evaluated against the following cate-770

gories:771

B.1 Structural Failures772

1. Execution/Validation failures: Generated code773

fails to execute or produces runtime errors.774

2. Missing required fields: Problem JSON775

lacks essential fields such as problem text, formu- 776

las, or unknown variables. 777

3. Formatting inconsistencies: Non-standard 778

formatting or structure that deviates from expected 779

schema. 780

B.2 Mathematical Failures 781

4. Insufficient formulas (0-1): Problems requiring 782

complex reasoning but using fewer than 2 formulas, 783

resulting in trivial solutions. 784

5. Syntax errors in code: Python code contains 785

syntax errors preventing execution. 786

6. Null/unrealistic results: Code executes but 787

produces NaN, Inf, or physically implausible nu- 788

merical values. 789

7. Wrong formula IDs: Formula identifiers do 790

not match the Formula Dictionary or are misapplied 791

to the problem context. 792

B.3 Logical Failures 793

8. Signature mismatches: Declared problem sig- 794

nature (formula set + unknown variable) does not 795

align with actual solution logic. 796

9. Variable issues: Problems contain undefined 797

variables, unused distractor variables, or variable 798

naming inconsistencies. 799

10. Physics impossibilities: Solutions violate 800

fundamental physics constraints (e.g., conservation 801

laws, friction bounds µ > 1). 802

B.4 Semantic Failures 803

11. Hallucinations: Problem narrative contains 804

fabricated physical scenarios or introduces con- 805

cepts not grounded in the formula set. 806

12. Minor template artifacts: Residual tem- 807

plate text or placeholder values from generation 808

prompts. 809

13. Low uniqueness: Near-duplicate problems 810

with minimal variation from existing problems in 811

the dataset. 812

C Agent Prompt Templates 813

Below are the system prompts used for the Problem 814

Generator agent. 815

C.1 Step 1: Problem Analysis 816

817
sys_call1 = """ 818
You are a physics problem analyzer. Your task is to 819

analyze a physics question and its solution, 820
then extract key information. 821

822
INPUT: 823
- Chapter Dictionary: {chapters_json} 824
- Physics Question: {question} 825
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- Solution: {solution}826
827

TASK:828
Analyze the question and solution, then provide:829

830
1. RELEVANT CHAPTERS: Identify exactly 2 chapters831

from the provided description in Chapter832
Dictionary that are most relevant to solving833
this problem.834

835
2. VARIABLES: List all physical quantities836

(variables) involved in the problem. For each837
variable, specify:838

- A reasonable range of values [minimum, maximum]839
- The SI unit of measurement840

841
3. ALTERNATE SCENARIOS:842

- Generate 6 real-world scenarios that could be843
used to create physics problems using the844
same core concepts as the original question.845

- Only the physical setting should change, while846
the underlying ideas remain the same.847

- Each scenario should be 1-2 sentences and848
should only change the physical situation.849

850
OUTPUT FORMAT (JSON):851
{852
"relevant_chapters": ["chapter_name_1",853

"chapter_name_2"],854
"variables": {855
"variable_name": {856
"range": [min_value, max_value],857
"unit": "unit_string"858

}859
},860
"alternate_scenarios": [861
"scenario description 1",862
"scenario description 2",863
"scenario description 3",864
...865
"scenario description 6"866

]867
}868

869
Provide only the Strictly JSON output, no870

additional explanation, not any other871
characters preceding or following the JSON.872

"""873874

C.2 Step 1A: Formula Verifications875

876
sys_call1a = ’’’877
You are a physics formula verifier. Your task is to878

check if a given set of formulas is sufficient879
to solve a physics problem.880

881
INPUT:882
- Original Solution: {solution}883
- Identified Chapters: {identified_chapters}884
- All Formulas Chapterwise: {all_chapters_json}885

886
TASK:887
"Check if the solution can be fully solved using888

only the formulas available in the chapters889
listed in Identified Chapters."890

1. For each step in the original solution, attempt891
to map it carefully and thoroughly to one or892
more formulas from the chapters whose names893
appear in Identified Chapters.894

- Ensure you do not incorrectly return NO if a895
valid mapping actually exists.896

2. If all steps can be matched with these formulas,897
output YES.898

3. If any step cannot be mapped, output NO and899
identify a missing chapter from the complete900
chapter list.901

- The missing chapter must be distinct from those902
already present in Identified Chapters.903

- Choose the most relevant chapter that contains904
the formula or concept needed for the unmapped905
step.906

907
OUTPUT FORMAT (JSON):908
If formulas are sufficient:909

{{ 910
"status": "YES" 911

}} 912
913

If formulas are NOT sufficient: 914
{{ 915
"status": "NO", 916
"missing_chapter": "chapter_name", 917
"reason": "2-line explanation of what 918

formula/concept is missing" 919
}} 920

921
Provide only the Strictly JSON output, no 922

additional explanation, not any other 923
characters preceding or following the JSON. 924

’’’ 925926

C.3 Step 2: Constrained Problem Generation 927

928
sys_call2 = ’’’ 929
You are a physics problem generator. Your task is 930

to create a new physics word problem based on 931
provided scenarios and formulas. 932

933
INPUT: 934
- Available Formulas: {available_formulas} 935
- Alternate Scenario: {alternate_scenarios} 936
- Variables and Ranges: {variables} 937
- Previous Problems (avoid duplicates): 938

{previous_problems} 939
940

TASK: 941
Generate a NEW physics word problem following these 942

rules: 943
944

1.Pick the alternate scenario. 945
2.Select 3-5 formulas from the available formulas 946

(use their formula_ids). 947
- The most important requirement is that the 948

physical situation described in the word 949
problem maps correctly to the selected 950
formulas. 951

There must be no conceptual mismatch between the 952
scenario and the equations used. 953

- The chosen formulas do not all need to come from 954
the same chapter you may select any formulas 955
from the available_formulas list. 956

3.Create a word problem fully based on the chosen 957
formulas and scenario. 958

4.The problem must be solvable using only the 959
selected formulas no additional equations 960
should be needed. 961

5.Assign specific numerical values to all variables: 962
- Each value must fall within its allowed range. 963
- Mark exactly one variable as "NaN" (the unknown 964

to be solved). 965
6. Ensure the new problem is meaningfully different 966

from previous ones. 967
968

OUTPUT FORMAT (JSON): 969
{{ 970
"word_problem": "Complete problem statement as 971

text", 972
"formula_ids": ["formula_id_1", "formula_id_2"], 973
"variables": {{ 974
"variable_name_1": {{ 975
"value": numerical_value, 976
"unit": "unit_string" 977

}}, 978
"unknown_variable": {{ 979
"value": "NaN", 980
"unit": "unit_string" 981

}} 982
}} 983

}} 984
985

IMPORTANT: 986
- The word problem should be a complete, standalone 987

problem that a student could solve 988
- Include all necessary context and information in 989

the problem statement 990
- Use clear, simple language 991
- Exactly ONE variable must have value "NaN" 992

993
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Provide only the Strictly JSON output, no994
additional explanation, not any other995
characters preceding or following the JSON.996

’’’997998

C.4 Step 2A: Problem Analysis999

1000
sys_call2a = ’’’1001
You are a physics problem generator. Your previous1002

attempt had an issue. Generate a corrected1003
physics word problem.1004

1005
PREVIOUS ERROR: {error_message}1006

1007
INPUT:1008
- Available Formulas: {available_formulas}1009
- Alternate Scenario: {alternate_scenarios}1010
- Variables and Ranges: {variables}1011
- Previous Problems (avoid duplicates):1012

{previous_problems}1013
1014

TASK:1015
Generate a new physics word problem that corrects1016

the previous mistake.1017
1018

Guidelines:1019
1.Pick the scenario.1020
2.Select 3-5 formulas from the available formulas1021

(use their formula_ids).1022
- The selected formulas must logically match the1023

chosen scenario1024
- there should be no mismatch between the physical1025

situation and the equations used.1026
3.Create a word problem fully based on the chosen1027

formulas and scenario.1028
- Difficulty level: The problem should be at least1029

JEE Mains level, requiring clear conceptual1030
understanding and 1-3 steps of reasoning.1031

4.The problem must be solvable using only the1032
selected formulas no additional equations1033
should be needed.1034

- Optionally state direction/sign convention1035
(downward positive) to avoid sign ambiguity.1036

5.Assign specific numerical values to all variables:1037
- Each value must fall within its allowed range.1038
- Mark exactly one variable as "NaN" (the unknown1039

to be solved).1040
6. Ensure the new problem is meaningfully different1041

from previous ones.1042
7. Explicitly fix the error from the last version.1043

1044
Clarity Requirement:1045
Avoid any ambiguity regarding: Which variable is1046

being asked for, and Which variable1047
corresponds to each given numerical value.1048

However, do not spoon-feed the answer the problem1049
may still include a small element of inference1050
or interpretation, as in real exam-style1051
questions.1052

1053
OUTPUT FORMAT (JSON):1054
{{1055
"word_problem": "Complete problem statement as1056

text",1057
"formula_ids": ["formula_id_1", "formula_id_2"],1058
"variables": {{1059
"variable_name_1": {{1060
"value": numerical_value,1061
"unit": "unit_string"1062

}},1063
"unknown_variable": {{1064
"value": "NaN",1065
"unit": "unit_string"1066

}}1067
}}1068

}}1069
1070

Provide only the Strictly JSON output, no1071
additional explanation, not any other1072
characters preceding or following the JSON.1073

’’’10741075

C.5 Step 3: Solution Code Generation 1076

1077
sys_call3 = ’’’ 1078
You are a Python code generator for physics 1079

problems. Your task is to write code that 1080
solves a physics word problem. 1081

1082
INPUT: 1083
- Word Problem: {word_problem} 1084
- IDs for Allowed Formulas: {formula_ids} 1085
- Variables: {variables_dict} 1086
- All Available Formulas: {available_formulas} 1087

1088
TASK: 1089
Write Python code that solves for the unknown 1090

variable in the problem. 1091
1092

REQUIREMENTS: 1093
1. Import only: math, numpy (if needed) 1094
2. Define all known variables from the variables 1095

dictionary 1096
3. Use ONLY the formulas whose formula_ids are 1097

specified in the input 1098
4. For each of mentioned Formula IDs, while 1099

accessing, directly copy their corresponding 1100
"python_code" from available_formulas 1101

5. Use these copied functions by calling them 1102
inside the solve() function 1103

6. Solve for the unknown variable (the one with 1104
value "NaN") 1105

7. Return a single float value as the answer 1106
8. Include try-except error handling 1107
9. Define everything inside a function called 1108

solve() 1109
1110

CODE STRUCTURE: 1111
‘‘‘ 1112
import math 1113
# import numpy as np # only if needed 1114

1115
# As-it-is Copied functions from available_formulas 1116

based on the given formula_ids 1117
1118

def solve(): 1119
try: 1120

# Define known variables 1121
variable_1 = value_1 1122
variable_2 = value_2 1123

1124
# Use the provided formula functions 1125
# result = formula_function(...) 1126

1127
# Return the computed answer 1128
return answer 1129

except Exception as e: 1130
return None 1131

‘‘‘ 1132
1133

OUTPUT: 1134
Provide ONLY the complete Python code. No 1135

explanations, no markdown formatting, just the 1136
raw code. 1137

’’’ 11381139

C.6 Step 3A: Solution Code Correction 1140

1141
sys_call3a = ’’’ 1142
You are a Python code generator for physics 1143

problems. Your previous code failed. Generate 1144
corrected code. 1145

1146
PREVIOUS ERROR: {error_message} 1147

1148
INPUT: 1149
- Word Problem: {word_problem} 1150
- IDs for Allowed Formulas: {formula_ids} 1151
- Variables: {variables_dict} 1152
- All Available Formulas: {available_formulas} 1153

1154
TASK: 1155
Write Python code that solves for the unknown 1156

variable in the problem. 1157
1158
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REQUIREMENTS:1159
1. Import only: math, numpy (if needed)1160
2. Define all known variables from the variables1161

dictionary1162
3. Use ONLY the formulas whose formula_ids are1163

specified in the input1164
4. For each of mentioned Formula IDs, while1165

accessing, directly copy their corresponding1166
"python_code" from available_formulas1167

5. Use these copied functions by calling them1168
inside the solve() function1169

6. Solve for the unknown variable (the one with1170
value "NaN")1171

7. Return a single float value as the answer1172
8. Include try-except error handling1173
9. Define everything inside a function called1174

solve()1175
10. FIX THE PREVIOUS ERROR: {error_message}1176

1177
CODE STRUCTURE:1178
‘‘‘1179
import math1180
# import numpy as np # only if needed1181

1182
# As-it-is Copied functions from available_formulas1183

based on the given formula_ids1184
1185

def solve():1186
try:1187

# Define known variables1188
variable_1 = value_11189
variable_2 = value_21190

1191
# Use the provided formula functions1192
# result = formula_function(...)1193

1194
# Return the computed answer1195
return answer1196

except Exception as e:1197
return None1198

‘‘‘1199
1200

OUTPUT:1201
Provide ONLY the complete Python code. No1202

explanations, no markdown formatting, just the1203
raw code.1204

’’’12051206

D Dataset Samples1207

Below are the raw data from some samples of the1208

generated dataset.1209

D.1 0-Formula Problem from Centre of Mass1210

1211
{1212
"chapter": "9.Centre of Mass",1213
"word_problem": "A miniature freight train car1214

with a mass of 50.0 kg is coasting along a1215
track at an initial velocity of 10.0 m/s. It1216
collides head-on with a stationary miniature1217
caboose...",1218

"execution_result": "0.5",1219
"signature":1220

"fids=[]|unknown=coefficient_of_restitution_e",1221
"formula_ids": [],1222
"unknown_var": "coefficient_of_restitution_e",1223
"variables": {1224
"mass_m": { "value": 50.0, "unit": "kg" },1225
"initial_velocity_v": { "value": 10.0, "unit":1226

"m/s" },1227
"final_velocity_u1": { "value": 2.5, "unit":1228

"m/s" },1229
"final_velocity_u2": { "value": 7.5, "unit":1230

"m/s" },1231
"coefficient_of_restitution_e": {1232
"value": null, "unit": "dimensionless"1233

}1234
},1235
"code": "import math1236

1237
def solve():1238

try: 1239
# Define known variables 1240
mass_m1 = 50.0 # mass of freight train 1241
mass_m2 = 50.0 # mass of caboose 1242
v1_init = 10.0 # init vel of freight train 1243
v2_init = 0.0 # init vel of caboose 1244
v1_final = 2.5 # final vel of freight train 1245
v2_final = 7.5 # final vel of caboose 1246

1247
# Formula for coefficient of restitution 1248

(e): 1249
# e = (relative vel after) / (relative vel 1250

before) 1251
# e = (u2 - u1) / (v1 - v2) 1252

1253
num = v2_final - v1_final 1254
den = v1_init - v2_init 1255

1256
coeff_e = num / den 1257

1258
return coeff_e 1259

except Exception as e: 1260
return None", 1261

"validation_result": { 1262
"valid": true, 1263
"unknown_var": "coefficient_of_restitution_e" 1264

} 1265
} 12661267

D.2 6-Formula Problem from Rigid Body 1268

Dynamics 1269

1270
{ 1271
"chapter": "10.Rigid Body Dynamics", 1272
"word_problem": "A dart with a mass of 0.015 kg 1273

is thrown horizontally...", 1274
"execution_result": "0.12492187503051848", 1275
"signature": "fids=[10_A...]|unknown=h", 1276
"formula_ids": ["10_I", "10_A", "10_Q", "10_R", 1277

"9_K", "8_C"], 1278
"unknown_var": "h", 1279
"variables": { 1280
"m": { "value": 0.015, "unit": "kg" }, 1281
"M": { "value": 12.0, "unit": "kg" }, 1282
"R": { "value": 0.25, "unit": "m" }, 1283
"v0": { "value": 40.0, "unit": "m/s" }, 1284
"h": { "value": null, "unit": "m" } 1285

}, 1286
"code": "import math 1287

1288
def calculate_inertia_solid_cylinder_axis( 1289

mass: float, radius: float) -> float: 1290
return (1 / 2) * mass * radius**2 1291

1292
def calculate_moment_of_inertia_discrete( 1293

masses: list[float], radii: list[float]) -> 1294
float: 1295

if len(masses) != len(radii): 1296
raise ValueError(’Masses/radii length 1297

mismatch’) 1298
return sum(m * r**2 for m, r in zip(masses, 1299

radii)) 1300
1301

def calculate_com_velocity_1d( 1302
masses: list[float], velocities: list[float]) 1303

-> float: 1304
total_mass = sum(masses) 1305
if total_mass == 0: return 0.0 1306
tot_mom = sum(m*v for m,v in zip(masses, 1307

velocities)) 1308
return tot_mom / total_mass 1309

1310
def solve(): 1311

try: 1312
# Define known variables 1313
m = 0.015 # Dart mass in kg 1314
M = 12.0 # Log mass in kg 1315
R = 0.25 # Log radius in meters 1316
v0 = 40.0 # Initial speed in m/s 1317

1318
# Step 1: Calculate Velocity of COM 1319
V_cm_system = calculate_com_velocity_1d( 1320

masses=[m, M], velocities=[v0, 0.0]) 1321

13



1322
# Step 2: Quadratic coefficients from1323

conservation1324
# m * h^2 - (m + M) * R * h + (1/2) * M *1325

R^2 = 01326
a_coeff = m1327
b_coeff = - (m + M) * R1328
c_coeff = (1/2) * M * R**21329

1330
# Solve quadratic for h1331
disc = b_coeff**2 - 4 * a_coeff * c_coeff1332
if disc < 0: return None1333

1334
h_sol1 = (-b_coeff + math.sqrt(disc)) /1335

(2*a_coeff)1336
h_sol2 = (-b_coeff - math.sqrt(disc)) /1337

(2*a_coeff)1338
1339

# Check physical validity (within radius R)1340
if 0 <= h_sol2 <= R + 1e-9:1341

return h_sol21342
elif 0 <= h_sol1 <= R + 1e-9:1343

return h_sol11344
else:1345

return h_sol21346
1347

except Exception as e:1348
return None",1349

"validation_result": {1350
"valid": true,1351
"unknown_var": "h"1352

}1353
}13541355
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