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Abstract001

Math word problems (MWPs) are critical K-12002
educational tools, and customizing them to stu-003
dents’ interests and ability levels can enhance004
learning. However, teachers struggle to find005
time to customize MWPs for students given006
large class sizes and increasing burnout. We007
propose that LLMs can support math education008
by generating MWPs customized to student009
interests and math education standards. We010
use a joint human expert-LLM judge approach011
to evaluate over 11,000 MWPs generated by012
open and closed LLMs and develop the first013
teacher-annotated dataset for standards-aligned014
educational MWP generation. We show the015
value of our data by using it to train a 12B016
open model that matches the performance of017
larger and more capable open models. We also018
use our teacher-annotated data to train a text019
classifier that enables a 30B open LLM to out-020
perform existing closed baselines without any021
training. Next, we show our models’ MWPs022
are more similar to human-written MWPs than023
those from existing models. We conclude by024
conducting the first study of customized LLM-025
generated MWPs with grade school students,026
finding they perform similarly on our models’027
MWPs relative to human-written MWPs but028
consistently prefer our customized MWPs. 1029

1 Introduction030

Math word problems (MWPs) are natural language031

math questions paired with numerical solutions,032

and are critical elements of K-12 math education033

because they help verify mastery of a math concept034

(Daroczy et al., 2015; Pearce et al., 2013; Schwartz,035

2023; Verschaffel et al., 2020). In all K-12 grades,036

personalizing MWPs to students’ interests and abil-037

ity levels supports learning by increasing their inter-038

est in math and ensuring problems are within their039

readiness level (Baker et al., 2020; Bernacki and040

Walkington, 2018; Nasir and Hand, 2008; Pinkard041

1We will release our data/code/models upon publication.

et al., 2020; Walkington, 2013). Typically, teach- 042

ers manually write or curate MWPs customized 043

to students’ interests or ability levels. However, 044

with competing responsibilities, limited time, and 045

increasing burnout (Kuncl and Christensen, 2024), 046

teachers must often rely on standard question sets 047

from educational websites or practice tests for end- 048

of-year examinations, which are limited in quantity, 049

not customized, and not always easily searchable 050

for math standards/topics (VDOE). We propose 051

that large language models (LLMs) can address 052

this challenge by automatically generating MWPs 053

aligned with students’ interests and ability levels 054

given their vast natural language ability and increas- 055

ing level of math reasoning (Ahn et al., 2024). 056

However, given recent work has found LLMs 057

struggle to generate educational MWPs (Ari- 058

yarathne et al., 2025; Christ et al., 2024), further 059

study must be conducted before directly using them 060

in educational settings. We aim to explore and 061

enhance LLMs’ capacity to generate educational 062

MWPs tailored to students’ interests and ability lev- 063

els as indicated by alignment with math standards 064

from the US. Recent work has generated educa- 065

tional MWPs with LLMs customized to students’ 066

interests (Christ et al., 2024), but not math stan- 067

dards. Other work has generated math practice 068

problems, including MWPs, with LLMs aligned 069

with math topics (Ariyarathne et al., 2025; Sun 070

et al., 2025), but they only generate problems with- 071

out solutions. Two other works have generated 072

MWPs with LLMs using reference problems (Ni- 073

yarepola et al., 2022; Zong and Krishnamachari, 074

2023), but they too generate problems without solu- 075

tions. To be useful to students and teachers, gener- 076

ated problems must have solutions written in clear 077

natural language and be aligned with a math stan- 078

dard (e.g., single-step whole number multiplication 079

not exceeding 100) rather than general math topics 080

like multiplication to allow teachers fine-grained 081

control over output MWPs. We refer to this task as 082
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standards-aligned educational MWP generation.083

To evaluate LLMs’ ability to generate standards-084

aligned educational MWPs, we use a joint hu-085

man expert and LLM judge approach to assess086

over 11,000 MWPs generated by LLMs based087

on four criteria that make MWPs educational and088

standards-aligned. We adapt the first three criteria,089

Solvability, Accuracy, and Educational Appropri-090

ateness, from Christ et al. (2024) and introduce091

Standards Alignment, a new criterion. The nuance092

needed to simultaneously identify problems that093

have solutions readable for teachers/students, are094

educationally appropriate, and effectively incor-095

porate a math standard motivates the need for in-096

volving real teachers in evaluations, as it can take097

teachers many years to develop this expertise.098

Our study has five phases. In phase one, we099

use a joint expert-LLM judge approach to anno-100

tate a small human-written MWP dataset for grade101

school math standards given there are no datasets102

fully annotated for these standards. In phase two,103

we use the labeled data to prompt a LLM to gen-104

erate over 3,000 MWPs that teachers annotate for105

our four criteria to expand the amount of training106

and prompting data for this task. In phase three,107

we train a mid-size (12B) LLM using the second108

phase’s annotation data to validate our data for109

training standards-aligned educational MWP gen-110

erators. In this stage, we further show the quality of111

our annotated data by using it to train a small text112

classifier that filters outputs from both our trained113

model and an existing 30B LLM without further114

training. In phase four, we evaluate over 8,000115

MWPs from our models as well as several open116

and closed baselines with an LLM judge aligned117

with feedback from teachers. In phase five, we con-118

duct the first study of customized LLM-generated119

MWPs with real grade school students.120

Through our evaluations, we find performance121

gaps in the task of generating standards-aligned122

educational MWPs between open and closed mod-123

els and between smaller and larger open models.124

We validate our data by demonstrating both that125

training on it is sufficient to nearly close the gap126

in performance between smaller and larger open127

LLMs and filtering outputs using our text classifier128

is enough to help a 30B LLM outperform closed129

baselines without any training. We also show our130

data and models’ outputs are higher quality and131

more similar to human-written MWPs than outputs132

from comparison models on several automatic met-133

rics. Finally, we show students prefer our generated134

MWPs to human-written MWPs while performing 135

similarly on them. Our key contributions are: 136

• We find open models, especially small ones, 137

struggle to generate standards-aligned educa- 138

tional MWPs relative to closed models. 139

• We annotate over 3,000 MWPs with real teach- 140

ers, which we filter to create the first train- 141

ing dataset for standards-aligned educational 142

MWP generation, the Standards-Targeted Ed- 143

ucational Math dataset (STEM). 144

• We use our data to create two models for 145

standards-aligned educational MWP genera- 146

tion that achieve SOTA performance, which 147

we release alongside all of our annotated data. 148

• We conduct the first study of custom LLM- 149

generated MWPs with grade school students, 150

demonstrating their value in K-12 education. 151

2 Related Work 152

Math Question/Answer (QA) Datasets There 153

are several popular datasets for training and evaluat- 154

ing LLMs on grade school math, including GSM8K 155

(Cobbe et al., 2021), GSM-Hard (Gao et al., 2023), 156

ASDIV (Miao et al., 2020) and SVAMP (Patel et al., 157

2021). Many works have developed other grade 158

school math benchmark datasets or large training 159

datasets consisting of different solution rationales 160

for existing datasets, particularly GSM8K, includ- 161

ing both those that are human written (Kim et al., 162

2023; Mishra et al., 2023) and synthetic (Li et al., 163

2024a,b; Mitra et al., 2024; Shi et al., 2023; Tang 164

et al., 2024; Toshniwal et al., 2024; Yu et al., 2023; 165

Yuan et al., 2023; Yue et al., 2023). 166

Because existing datasets are designed to train 167

and evaluate grade school math reasoning, they are 168

not aligned with training standards-aligned educa- 169

tional MWP generators. Training data for such gen- 170

erators must contain high-quality grammar, have 171

both questions and answers, contain readable so- 172

lutions for teachers and students, be segmented 173

by grade level and standards, have questions that 174

are appropriate for the given grade levels and stan- 175

dards, have questions similar to teacher-written 176

questions, and contain content appropriate for a 177

school setting. We consider high-quality grammar 178

and similarity to MWPs students see in a classroom 179

setting as minimally sufficient criteria any poten- 180

tially useful training dataset must possess. Existing 181
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Input Output
Math Standard: 

multi-step arithmetic 
operations with 

decimals

Student interest: 
aliens

Question: A group of space aliens are preparing for their annual UFO 
festival. They need to buy fuel for their UFOs. Each UFO requires 2.5 
gallons of fuel to travel to the festival, and there are 5 UFOs going. 
The fuel costs $3.25 per gallon. How much will the space aliens 
spend on fuel in total for the 5 UFOs to travel to the festival?

Solution: To find the total cost of fuel for the 5 UFOs, we first need to 
calculate the total amount of fuel needed for the UFOs.
…
The final answer is 40.63 Accurate

Solvable and 
Appropriate

Figure 1: Generating standards-aligned educational MWPs with LLMs. To be educationally useful, problems must
be solvable, accurate, educationally appropriate, and aligned with a math standard.

datasets that contain these minimum sufficiency cri-182

teria and are aligned with one or more of the other183

criteria defined above are GSM-Hard (Gao et al.,184

2023), GSM8K (Cobbe et al., 2021), MathInstruct185

GSM8K (Yue et al., 2023), ASDIV (Miao et al.,186

2020), SVAMP (Patel et al., 2021), EGSM (Christ187

et al., 2024), and Mathwizards (Ariyarathne et al.,188

2025), although none contain all criteria.189

Math Word Problem (MWP) Generation Clos-190

est to our work is Ariyarathne et al. (2025), who use191

LLMs to generate elementary MWPs aligned with a192

specific math topic like single-digit addition. How-193

ever, they do not generate solutions, nor do they194

align their problems with the full language of math195

standards, which specify both topics and complex-196

ity constraints MWPs must follow (e.g., single-step197

single-digit addition). Further, they do not conduct198

evaluations involving real teachers and, instead,199

rely on automated evaluations and evaluations with200

non-education college students. Another closely201

related work is Sun et al. (2025), who use LLMs to202

generate math problems aligned with a math topic203

and difficulty level. However, they do not generate204

solutions, nor are their problems aligned with math205

standards; instead, they are aligned with general206

math topics like the Pythagorean theorem. Further,207

they do not involve teachers in their evaluations and208

instead rely only on automatic evaluation methods.209

Most other MWP generation works use LLMs210

or traditional NLP approaches to generate MWPs211

based on pre-specified equations, re-write existing212

MWPs, or provide new MWPs based on reference213

problems (Jiao et al., 2023; Koncel-Kedziorski214

et al., 2016; Kumar and Sreenivasa Kumar, 2025;215

Norberg et al., 2023; Niyarepola et al., 2022; Qin216

et al., 2023, 2024; Wang et al., 2021; Wu et al.,217

2022; Zhou and Huang, 2019; Zong and Krishna-218

machari, 2023; Zhou et al., 2023), each of which219

limit the originality and range of outputs and can220

often lead to rephrasing training data. These ap-221

proaches also only generate problems without solu- 222

tions and require additional input from users, which 223

is infeasible for teachers or students who want to 224

generate customized MWPs, making them incom- 225

parable to our work. To address these issues, we 226

generate MWP question/answer pairs based on a 227

grade level and standard simultaneously without 228

requiring input reference problems or equations. 229

3 Methods 230

We define math word problems (MWPs) as natu- 231

ral language questions describing contextual math 232

scenarios paired with solutions written in a natu- 233

ral language, chain-of-thought (CoT) (Wei et al., 234

2023) format. We study generating MWPs with 235

LLMs aligned with a math standard provided in the 236

prompt, as shown in Figure 1. We evaluate gener- 237

ated MWPs based on the grade levels, standards, 238

evaluation criteria, and automatic metrics defined 239

below and conduct a multi-stage pipeline to gen- 240

erate training data and train models for the task 241

of standards-aligned educational MWP generation 242

(see Appendix A for a visual of this pipeline). 243

Grade Levels and Standards Studied We study 244

generating MWPs for grades 3-5 in the US. We 245

choose to study grades 3-5 for two reasons: 1) 246

choosing a narrow grade range allows us to fully 247

assess models’ abilities to generate MWPs for all 248

relevant math standards in these grade levels, as 249

each grade has many standards that can be assessed 250

with MWPs, and 2) these are the grade levels for 251

which MWPs are most used and, therefore, where 252

a MWP generator would be most useful (Daroczy 253

et al., 2015; Pearce et al., 2013; Schwartz, 2023; 254

Verschaffel et al., 2020). Expanding to other grade 255

levels is a promising direction for future work but 256

would dilute teacher annotation efforts given a fixed 257

annotation budget. We use MWP math standards 258

from the Virginia Standards of Learning (VA SOL) 259
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because they reference bounded difficulty levels260

and number ranges for all standards, while the261

Common Core standards, which are used in many262

US states, are not always as specific (Initiative; Vir-263

ginia Department of Education). For all grades,264

VA SOLs are hierarchical and build on one another265

such that standards encountered later rely on those266

learned previously (Virginia Department of Educa-267

tion). We provide a mapping of VA SOLs to Com-268

mon Core standards in this paper’s repo, enabling269

future work to switch between these standard sets270

without needing to retrain our models.271

Evaluation Criteria We evaluate MWPs on four272

criteria. The first three criteria are adapted from273

Christ et al. (2024). Solvability evaluates if ques-274

tions are possible to solve and have one correct275

answer. Accuracy assesses if generated CoT solu-276

tions are accurate. We label MWPs with accurate277

final answers but inaccurate, confusing, or overly278

complicated reasoning as inaccurate because our279

solutions must be readable for teachers and stu-280

dents. Educational Appropriateness evaluates if281

teachers be comfortable giving the MWP to one of282

their students. An educationally appropriate MWP283

is one that makes sense, does not contain gram-284

mar errors or conflicting information, and is about285

topics appropriate for 3rd-5th grade students in a286

school setting. The final criterion we introduce in287

this work is Standards Alignment, or if the MWP288

effectively incorporates a pre-specified math stan-289

dard. While the latter three criteria are hard to290

precisely define, they are similar to those used in291

other MWP generator works (Christ et al., 2024;292

Jiao et al., 2023; Qin et al., 2023, 2024) and are293

meant to model how real teachers evaluate MWPs,294

which is why emphasize teacher involvement in295

evaluating MWPs. See Appendix H for MWPs that296

do and do not meet these criteria.297

Automatic Evaluation Metrics Readability au-298

tomatically assesses the appropriateness of MWPs.299

We use a composite of 8 readability metrics to300

comprehensively assess readability: the Automated301

Readability Index (ARI) (Kincaid et al., 1975),302

Flesch-Kincaid Grade Level (FKGL) (Flesch,303

1948), Flesch Reading Ease (FRE) (Kincaid et al.,304

1975), CAREC and CAREC-M (Crossley et al.,305

2019), Coh-Metrix L2 Reading Index (CML2RI)306

(Crossley et al., 2008), New Dale-Chall (Chall and307

Dale, 1995), and the Simple Measure of Gobbledy-308

gook (SMOG) (Mc Laughlin, 1969). We use min-309

max scaling to normalize each metric in the range310

of [0, 1] and flip the CML2RI and FRE scores so 311

that higher scores represent more difficult to read 312

texts to match the other metrics. We then report 313

the average of these scaled metrics to capture the 314

overall reading complexity of each MWP. In gen- 315

eral, lower reading levels are preferred for MWPs 316

because high reading levels can harm student per- 317

formance, especially for those struggling in math 318

(Walkington et al., 2018). We also calculate each 319

MWP’s average token length, which is a proxy 320

for complexity given that longer questions often 321

include more mathematical operations. 322

Like prior work (Christ et al., 2024; Jiao et al., 323

2023; Zhou et al., 2023), we use Perplexity (PPL) 324

and BERTScore to evaluate the quality of our syn- 325

thetic MWPs and compare them to human-written 326

MWPs, respectively. Lower PPL suggests higher- 327

quality MWPs, which we calculate with GPT-2. 328

We use BERTScore (Zhang et al., 2020) to com- 329

pute the semantic similarity of synthetic MWPs 330

to each other and compare it to that of human- 331

written MWPs. A higher BERTScore for syn- 332

thetic MWPs suggests they are more similar to 333

each other than human-written MWPs, and a lower 334

BERTScore suggests the opposite. We compute 335

BERTScore for synthetic MWPs relative to human- 336

written MWPs to identify if they are similar and use 337

the BERTScore of human-written MWPs relative 338

to each other as a reference. For all comparisons 339

to human-written MWPs, we use ASDIV’s 3rd- 340

5th grade subset since it is the only human-written 341

English MWP dataset labeled for grade level. 342

3.1 Labeling Existing Data for Math 343

Standards 344

MWPs with labels for math standards are re- 345

quired for training or prompting models to generate 346

standards-aligned educational MWPs. However, no 347

grade school math question/answer datasets are la- 348

beled for standards. ASDIV (Miao et al., 2020) has 349

labels for grade and math topics like addition, but 350

not standards, so we used a four-stage approach 351

to label its 3rd-5th grade MWPs (n = 1,027) for 352

VA SOLs. In stage one, an undergraduate edu- 353

cation student labeled MWPs for all relevant VA 354

SOLs, as MWPs may address more than one stan- 355

dard. In stage two, a research team member with 356

K-12 teaching experience checked the labels and 357

made adjustments, often reducing the number of 358

VA SOLs associated with MWPs in cases where 359

the student over-labeled MWPs. We also identified 360

and removed two MWPs that were unsolvable and 361
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rewrote several others to make them solvable.362

In stage three, we prompted Llama 3.3 70B IT363

(Meta) with each ASDIV MWP and its VA SOLs364

from stage two and asked if the question included365

each VA SOL. See Appendix J.1 for the prompt.366

We also used a few-shot prompt (see Appendix J.2)367

for generating readable CoT solutions for the AS-368

DIV subset given it does not have solutions in this369

format. We compared generated solutions against370

ground-truth answers to ensure solution accuracy.371

In stage four, our research team member with K-12372

teaching experience reviewed the Llama 3.3 stan-373

dard labels and made adjustments to remove VA374

SOLs that were not incorporated in MWPs. To375

ensure solution quality, we had Gemma 3 27B IT376

(Team et al., 2025) review generated solutions and377

rewrite any it deemed were too complex or con-378

tained incorrect/unnecessary intermediate reason-379

ing (see Appendix J.3 for the prompt). Finally,380

the undergraduate education student reviewed solu-381

tions to ensure intermediate reasoning steps were382

accurate and the solution was readable for teach-383

ers/students. This resulted in a final dataset with384

1,025 MWPs with gold labels for VA SOLs and385

CoT solutions (see Appendix I for an example).386

3.2 Synthetic Data Generation and Expert387

Annotation388

While our labeled dataset provides MWPs for389

prompting, it is not sufficient for training a390

standards-aligned educational MWP generator391

given its small size. As shown in Appendix D,392

most of the 23 VA SOL combinations in the labeled393

dataset only have a few MWPs they are associated394

with. Further review of VA SOLs revealed another395

15 combinations of standards that can be addressed396

by MWPs but are not in the labeled dataset. To397

address these gaps, we generated a large synthetic398

dataset (n = 3,012) and evaluated it with teach-399

ers. We generated these data with Llama 3.3 70B400

IT (Meta) using the prompt in Appendix J.4. We401

generated roughly 90 samples per VA SOL combi-402

nation that is not in our labeled dataset and roughly403

80 samples per VA SOL combination that is in the404

labeled dataset but has less than 100 samples to405

ensure coverage of all relevant VA SOLs while em-406

phasizing those that are not already included.407

Next, teachers annotated generated MWPs408

through Prolific. Annotators (n = 1,372) identified409

as US teachers and were paid $12/hour. Annota-410

tors labeled MWPs for solvability, accuracy, edu-411

cational appropriateness, and standards alignment412

using the directions in Appendix B. See Appendix 413

B for demographics and time spent per MWP. Each 414

MWP was annotated twice; if the annotators dis- 415

agreed on any criteria, the MWP was annotated a 416

third time. We assigned final labels based on major- 417

ity vote. We labeled a question as meeting all cri- 418

teria (MaC) if it was labeled as solvable, accurate, 419

educationally appropriate, and standards-aligned. 420

The first two annotators agreed on solvability 421

90.1 ± 1.2% of the time, accuracy 76.6 ± 1.5% of 422

the time, educational appropriateness 77.5 ± 1.5% 423

of the time, standards alignment 75.3 ± 1.6% of 424

time, and MaC 65.5± 1.7% of the time. The agree- 425

ment rate for solvability and appropriateness is 426

higher than that reported in Christ et al. (2024), 427

while the agreement rate for accuracy and MaC is 428

lower. The lower accuracy agreement rate could 429

be because accuracy in this work evaluates both 430

final answer and intermediate reasoning accuracy 431

as well as solution readability, whereas Christ et al. 432

(2024) only evaluated final answer accuracy. The 433

lower MaC agreement rate could be because it is 434

based on agreement across four metrics instead of 435

three like Christ et al. (2024). However, to ensure 436

only the highest quality data are included in our 437

training dataset, we had each MWP annotated by 438

Gemma 3 27B IT using few-shot examples and the 439

same directions given to annotators (see Appendix 440

J.5 for the prompt). We flipped the label for MWPs 441

teachers marked as MaC but Gemma 3 27B IT did 442

not, ensuring our final dataset contains only the 443

highest-quality MWPs and reducing potential hu- 444

man labeling errors. We retained the label for any 445

MWP humans identified as not MaC and Gemma 446

3 27B IT identified as MaC to rely on teachers’ 447

expertise in cases where MWPs do not MaC due to 448

a nuance only human experts can identify. 449

3.3 Standards-Targeted Educational Math 450

Dataset 451

Our annotation process identified 1,552 MWPs that 452

MaC, and we compile these MWPs along with the 453

labeled ASDIV subset into a new dataset we call 454

Standards-Targeted Educational Math (STEM). Ta- 455

ble 1 shows STEM’s advantages over other grade 456

school MWP datasets. Notably, STEM is the only 457

dataset annotated by teachers for math standards 458

and with solutions designed to be readable for stu- 459

dents and teachers, making it best suited for train- 460

ing a standards-aligned educational MWP genera- 461

tor. On other metrics, STEM is similar to existing 462

datasets. STEM’s question length is in the middle 463
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Dataset N
Contains
Answers

Teacher
Annotated

Readable
Solutions

Full Math Standard
Annotated Length Readability BF1

Mathwizards 3,999 ✗ ✗ ✗ ✗ 39.5 (14.5) 0.365 (0.179) 73.0
GSM-Hard 1,319 ✓ ✗ ✗ ✗ 72.9 (25.6) 0.367 (0.178) 73.1
GSM8K 8,792 ✓ ✗ ✗ ✗ 67.0 (24.4) 0.371 (0.177) 73.1
MathInstruct GSM8K 6,403 ✓ ✗ ✗ ✗ 66.2 (23.9) 0.371 (0.178) 73.2
ASDIV 2,305 ✓ ✗ ✗ ✗ 45.1 (15.8) 0.363 (0.179) 73.6
SVAMP 1,000 ✓ ✗ ✗ ✗ 47.3 (11.7) 0.356 (0.178) 75.9
EGSM 2,093 ✓ ✓ ✗ ✗ 57.2 (15.7) 0.358 (0.164) 73.1
STEM (Ours) 2,577 ✓ ✓ ✓ ✓ 53.9 (18.4) 0.384 (0.177) 73.6

Table 1: Characteristics of datasets that can be used to train grade school MWP generators. N is the deduplicated
number of questions, Length is average question length (in tokens), readability is measured by a composite of 8
readability metrics, and BF1 is BERTScore F1. Standard deviations, where applicable, are in parentheses.

of the range for grade school math datasets, while464

its average readability is slightly higher than these465

datasets. STEM’s BERTScore is similar to that466

of human-written datasets, suggesting its MWPs467

are similar. Overall, these metrics highlight that468

STEM is similar to human-written data but tailored469

to standards-aligned educational MWP generation.470

3.4 Finetuning on Annotated Data471

To validate our dataset’s quality, we use it to fine-472

tune a mid-size open LLM, Gemma 3 12B IT473

(Team et al., 2025). We first conduct Supervised474

Finetuning (SFT) using STEM. Next, we conduct475

Kahneman-Tversky Optimization (KTO) (Etha-476

yarajh et al., 2024) on our SFT model with our an-477

notated data given MaC labels are binary. Next, we478

train a ModernBERT text classifier (Warner et al.,479

2024) using our annotation data to label MWPs480

for MaC that reaches 79% accuracy and a 0.861481

AUC-ROC on a held-out test set. We then use this482

classifier on top of our trained KTO model to fil-483

ter MWPs to only those labeled as high quality,484

resulting in EDUMATH 12B.2 We also stack our485

classifier on top of Qwen 3 30B (Yang et al., 2025)486

to create EDUMATH 30B. Appendix C.3 shows487

ablations for EDUMATH 12B’s training. Both fine-488

tuning stages and automatic filtering using our text489

classifier significantly improve model performance,490

showing the quality of our data. See Appendix C491

for further training details and hyperparameters.492

4 Evaluating EDUMATH Models493

Next, we rigorously evaluate both EDUMATH494

models using our evaluation criteria and automatic495

evaluations. We compare 1,000 MWPs from each496

EDUMATH model to those of open and closed497

2Using a post-processing classifier is akin to how propri-
etary models reach SOTA performance by using classifiers or
multiple models (e.g., OpenAI (2025a))

models to see if small models trained on our high- 498

quality data outperform larger, general purpose 499

models. For closed models, we evaluate 250 500

MWPs from each of GPT-4o (OpenAI et al., 2024), 501

GPT-4.1 (OpenAI, 2025b), and GPT-4.5 (OpenAI, 502

2025b). We use a smaller set of MWPs for closed 503

models due to API cost. For open models, we eval- 504

uate 1,000 MWPs from Gemma 3 12B IT (Team 505

et al., 2025), Gemma 3 27B IT (Team et al., 2024), 506

Qwen 3 30B IT (Yang et al., 2025), and Qwen 3 507

235B IT (Yang et al., 2025). We prompt each model 508

using 8-shot examples from STEM for a given math 509

standard and ask it to create a new MWP based 510

on the same math standard (see Appendix J.4 for 511

prompting details). Like other MWP generator 512

works (Ariyarathne et al., 2025; Christ et al., 2024; 513

Sun et al., 2025), this prompting approach ensures 514

fair comparisons across models by providing high- 515

quality examples of MWPs in the expected format 516

and keeping the prompt fixed across models. 517

4.1 Main Results 518

Performance on Evaluation Criteria Using our 519

Gemma 3 27B IT annotator, we evaluated each 520

model’s MWPs for solvability, accuracy, educa- 521

tional appropriateness, and standards alignment. 522

To reduce LLM calls, we annotate for all criteria to- 523

gether and have the LLM output if the MWP MaC 524

along with its reasoning (see Appendix J.5 for an 525

example). To validate our labels, our research team 526

member with K-12 teaching experience and under- 527

graduate education student labeled 100 randomly 528

selected samples from our evaluation set. The an- 529

notators agreed with each other 76% of the time 530

on MaC and had an average agreement rate of 75% 531

with Gemma 3 27B IT for MaC. The Cohen’s 𝜅 532

for MaC between the annotators (0.34) was nearly 533

equivalent to the 𝜅 for MaC between the annotators 534

and Gemma 3 27B IT (0.30). Both Cohen’s Kap- 535
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Model PPL ↓ BF1 ASDIV BF1
Question
Length

Solution
Length

Question
Readability

Solution
Readability MaC

A
PI

GPT-4o 16.1 (0.33) 75.2 74.2 63.5 (1.10) 152.3 (5.13) 0.378 (0.004) 0.399 (0.004) 92.8 (1.6)
GPT-4.1 16.3 (0.35) 75.3 74.3 64.5 (1.30) 150.2 (4.34) 0.385 (0.004) 0.400 (0.004) 92.8 (1.6)
GPT-4.5 15.7 (0.33) 75.0 74.1 61.8 (1.09) 150.6 (4.06) 0.383 (0.004) 0.399 (0.004) 92.0 (1.7)

Pu
bl

ic

Gemma 3 12B IT 11.3 (0.10) 77.2 74.0 84.7 (0.72) 240.8 (3.49) 0.372 (0.002) 0.376 (0.002) 63.9 (1.5)
Gemma 3 27B IT 12.2 (0.12) 77.1 74.5 76.1 (0.73) 215.1 (3.17) 0.371 (0.002) 0.378 (0.002) 75.4 (1.3)
Qwen 3 30B IT 12.3 (0.10) 76.9 74.0 68.1 (0.70) 202.9 (3.12) 0.383 (0.002) 0.383 (0.002) 87.3 (1.0)
Qwen 3 235B IT 12.5 (0.12) 76.1 74.1 66.5 (0.64) 186.5 (2.53) 0.392 (0.002) 0.378 (0.002) 89.0 (1.0)
EDUMATH 12B (Ours) 9.5 (0.10) 74.5 73.8 54.9 (0.54) 166.7 (2.45) 0.389 (0.002) 0.381 (0.002) 85.9 (1.2)
EDUMATH 30B (Ours) 12.0 (0.13) 76.1 73.8 60.4 (0.71) 163.5 (2.28) 0.380 (0.002) 0.379 (0.003) 94.6 (0.9)*

Table 2: Comparing LLMs for standards-aligned educational MWP generation. PPL is perplexity, BF1 is BERTScore
F1, ASDIV BF1 compares each model’s MWPs to ASDIV’s 3rd-5th grade subset, length is average token length,
readability is a composite of 8 metrics, and MaC is meets all criteria. Bold indicates the best performance in each
metric (where applicable) and a * indicates the difference between the best open MaC performance and second best
open MaC performance is significant at the p < 0.01 level. Standard errors, where applicable, are in parentheses.

pas suggest fair agreement, which is expected given536

MaC is a composite metric indicating agreement537

across four evaluation criteria and has unbalanced538

labels. Given the agreement rates and Cohen’s Kap-539

pas are nearly identical between experts and our540

automated annotator, we are confident in our labels.541

Table 2 shows the MaC rate for each model. Our542

30B model outperforms every baseline in MaC,543

while our 12B model outperforms Gemma 3 27B544

IT and nearly matches Qwen 3 30B IT, two larger545

and more capable models. The table also shows546

performance gaps between open and closed models547

and between smaller open and larger open models548

that our data/models eliminate or nearly eliminate,549

suggesting our data are sufficient for enabling open550

models to meet SOTA performance.551

Comparison to Human-written MWPs Table552

2 also shows PPL, BERTScore, and the aver-553

age question and solution length and readability554

for each model’s MWPs. Our 12B model has555

the lowest PPL among all models and our 30B556

model has the lowest PPL among larger models,557

suggesting their MWPs are high quality. Our558

12B model’s BERTScore is most similar to AS-559

DIV’s within-dataset BERTScore among all mod-560

els, while our 30B model ties with Qwen 3 235B561

IT in having a BERTScore closest to ASDIV’s562

among the open models excluding EDUMATH563

12B. The BERTScores of our models’ MWPs com-564

pared to ASDIV are roughly equivalent to ASDIV’s565

within-dataset BERTScore, suggesting their MWPs566

are similar in diversity to human-written MWPs,567

while the MWPs from other models have higher568

BERTScores for this comparison. Our models’ av-569

erage question lengths are most similar to those570

of STEM and ASDIV, suggesting their complexity,571

as measured by this proxy, is similar to teacher- 572

written MWPs. Our models have the shortest solu- 573

tions among open models, though the closed base- 574

lines have the shortest solutions among all models. 575

Shorter solutions are preferable to longer, more 576

verbose ones that may be daunting to read. 577

For readability, all models output questions with 578

readability similar to STEM. For solution readabil- 579

ity, all open models’ solutions have lower read- 580

ability than STEM, while closed models exceed 581

STEM’s readability, denoting a strength of open 582

models. Overall, Table 2 suggests the EDUMATH 583

models’ MWPs are high quality and similar to 584

human-written MWPs. The alignment between our 585

models’ performance across the automated evalu- 586

ation criteria and higher rates of MaC further in- 587

dicates our human evaluation criteria effectively 588

identify high-quality MWPs. 589

Performance by Math Topic Although there 590

are 38 math standard combinations, they can be 591

grouped into combinations of one or more of 8 592

math topics: addition/subtraction, multiplication/- 593

division, fractions, decimals, perimeter/area/vol- 594

ume, patterns, elapsed time, and measurement con- 595

version. Exploring MaC rates by topic can high- 596

light the topics each model struggles with and suc- 597

ceeds at. Table 3 shows this comparison, while 598

Appendix E shows further analysis of common 599

error types for each model. EDUMATH 12B per- 600

forms best at time problems and struggles the most 601

with fraction problems, while EDUMATH 30B per- 602

forms best at conversion problems and struggles the 603

most with multiplication/division problems. EDU- 604

MATH 30B is the only model for which perfor- 605

mance on each topic is above 90%, further high- 606

lighting its SOTA performance. 607
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Model Add/Sub Mult/Div Fractions Decimals

Perimeter/
Area/

Volume Patterns Time Conversion
A

PI

GPT-4o 91.7 91.3 88.9 96.2 96.4 100.0 92.3 100.0
GPT-4.1 89.4 91.3 88.9 96.2 98.2 95.0 92.3 100.0
GPT-4.5 90.2 89.3 82.2 92.3 94.6 100.0 100.0 100.0

Pu
bl

ic

Gemma 3 12B IT 63.0 59.2 61.5 62.2 79.4 77.0 67.3 66.7
Gemma 3 27B IT 71.5 69.9 82.3 77.7 80.5 90.2 85.2 74.5
Qwen 3 30B IT 82.1 81.9 91.1 87.0 93.6 97.6 93.5 88.7
Qwen 3 235B IT 84.0 83.6 89.5 91.7 97.3 97.6 94.4 94.4
EDUMATH 12B (Ours) 88.0 81.0 78.6 93.0 92.9 84.8 98.1 92.5
EDUMATH 30B (Ours) 94.3 92.0 92.2 95.2 98.8 97.5 93.5 100.0

Table 3: Meets all criteria rate for each model by topic. Bold indicates the best performance for each topic.

5 Evaluating MWPs with Students608

While we show our models’ MWPs are high quality609

and can be customized to student interests (see Ap-610

pendix F), it is critical to ensure students perform611

similarly on their MWPs relative to human-written612

MWPs and to identify if students prefer their cus-613

tomized MWPs to non-customized MWPs. To test614

this, 3rd-5th graders solved a worksheet with one615

MWP generated by EDUMATH 30B and aligned616

with topics they are interested in and one written617

by humans, either from existing data (K5Learning618

or ASDIV’s 3rd-5th grade subset) or written by our619

research team member with K-12 teaching experi-620

ence if a worksheet’s math topic was not captured621

in existing data (see Appendix G.3 for an exam-622

ple). We also asked students which MWP they pre-623

ferred and why. We tested these worksheets in two624

experimental settings at two elementary schools625

(see Appendix G.2 for school demographics). All626

worksheets were screened by teachers to ensure627

the MWPs were appropriate. At the first school,628

4th graders (n = 82) solved one worksheet for each629

of four weeks where both the LLM-generated and630

human-written MWP were the same for all students.631

Each MWP was aligned with a standard students632

were currently learning and the LLM-generated633

MWP was based on a topic teachers identified as in-634

teresting to students. At the second school, 3rd-5th635

graders (n = 12) receiving services through a math636

interventionist completed one or two worksheets637

with the same human-written MWP for every stu-638

dent in each grade level and a customized LLM-639

generated MWP for each student in that grade level,640

depending on how many standards they were learn-641

ing (see Appendix G.2 for details). To inform the642

customized MWPs, the interventionist surveyed643

students to identify topics they were interested in,644

resulting in deep customization for each student.645

These two experimental conditions allow us to test646

differential effects of customization at the class 647

and individual level, while also testing our MWPs 648

across all grade levels we study. 649

In this experiment (see Appendix G.1 for full 650

results), students performed similarly on human- 651

written and LLM-generated MWPs, further sug- 652

gesting EDUMATH 30B’s MWPs are human qual- 653

ity. Students preferred the LLM-generated MWPs 654

over the human-written MWPs in both conditions. 655

In School 2 (customization at the individual level), 656

every student but one preferred the LLM-generated 657

MWPs. Students most often reported liking the 658

LLM-generated MWP because they liked the topic 659

it was about. These results offer compelling evi- 660

dence that LLMs can support math education by 661

providing customized MWPs that excite students. 662

6 Conclusion 663

We explore standards-aligned educational MWP 664

generation and create the first dataset to train mod- 665

els for this task and the only one verified by teach- 666

ers to have readable solutions. We also evaluate 667

existing models at this task and fully release our 668

annotations to aid future research. We demonstrate 669

the quality of STEM and our annotated data by 670

using them to develop the EDUMATH models, 671

the first standards-aligned educational MWP gen- 672

erators. Our evaluations show EDUMATH 12B 673

matches the performance of larger and more capa- 674

ble open models, while EDUMATH 30B sets a new 675

SOTA. We also conduct the first study of custom 676

LLM-generated MWPs with grade school students, 677

finding they perform similarly on our MWPs rela- 678

tive to human-written MWPS, while preferring our 679

MWPs. Our findings suggest LLMs can contribute 680

to K-12 education by generating customized prac- 681

tice problems to reduce teacher burdens. Future 682

research should develop models and data for other 683

grade levels and types of math problems. 684
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Limitations685

One limitation of this work is that we restricted686

it to the study of 3rd-5th grade MWPs. While687

these are the grade levels for which MWPs are688

most highly used, all grade levels use MWPs to689

some degree, and we believe other grade levels are690

therefore compelling areas for future work. An-691

other limitation of our work is that our MWPs are692

text-only, and many MWPs students encounter are693

multi-modal, containing both images/tables/figures694

and text. Generating these multi-modal MWPs695

is an interesting and challenging direction for fu-696

ture work. While we use a standard prompt for all697

evaluated models to make fair comparisons across698

models, future work could examine prompt engi-699

neering approaches to improve the performance700

of specific models. The high cost of human an-701

notation is a limitation of MWP generator studies702

broadly, and we hope our annotations, trained text703

classifier, and Gemma 3 27B IT automated anno-704

tator can help motivate future work in automatic705

classification efforts. Lastly, while we aligned our706

Gemma 3 27B IT automated annotator with hu-707

man experts over multiple rounds of iteration and708

reached an average agreement rate on par with that709

of the agreement rate between human experts, it is710

possible the model missed nuances in MWPs that711

only teachers with years of experience can identify.712

Future work should thus continue to involve teach-713

ers in the evaluation process of model outputs.714

Ethics Statement715

All data used in this study come from open-access716

datasets and, therefore, should not contain any pri-717

vate sensitive information. EDUMATH may gener-718

ate questions that are not educationally appropriate719

and further research should be conducted before de-720

ploying the model directly in classroom contexts.721
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A Model Development Pipeline1055

Figure 2 visually displays the process of devel-1056

oping the STEM dataset and EDUMATH models1057

described in Section 3.1058

B Annotator Directions and1059

Demographics1060

Figures 3, 4, 5, and 6 display the directions pre-1061

sented to annotators for annotating MWPs for solv-1062

ability, accuracy, educational appropriateness, and1063

Variable Mean
Age 39.3 (11.7)
Time Taken Per MWP (in seconds) 117.0 (75.0)

Percentage

Female 67.1
Race or Ethnicity

White 73.6
Black 12.0
Asian 5.9
Mixed 5.4
Other 2.8
Prefer not to say 0.3

Table 4: Annotator demographics and average time
spent per MWP. Standard deviations, where appropriate,
are in parentheses.

standards alignment, respectively. If an annotator 1064

answered "No" to solvability or any other criteria, 1065

they were instructed to select "NA" for the remain- 1066

ing criteria given that a failure to meet one of the 1067

criteria automatically means a MWP does not MaC. 1068

This saved the annotators time, as they did not need 1069

to unnecessarily annotate the remaining criteria. Ta- 1070

ble 4 displays annotator demographics and average 1071

time spent per MWP. Our human annotation study 1072

was approved by the institutional review board at 1073

our host university. 1074

C Model Training Details and 1075

Hyperparameters 1076

C.1 EDUMATH 12B 1077

For the supervised finetuning (SFT) training stage, 1078

we trained Gemma 3 12B IT on the STEM dataset 1079

for 5 epochs using 4 A6000 GPUs, a 85/15 train/- 1080

validation split, a learning rate of 1e-6, a batch 1081

size of 1, and a 10% warm-up ratio. We saved the 1082

model every 1,500 training steps and selected the 1083

model with the lowest validation loss as our final 1084

model (this was the model after step 10,000). For 1085

the Kahneman-Tversky Optimization (KTO) train- 1086

ing stage, we continued training our SFT model on 1087

a dataset of 4,039 rows that combined our anno- 1088

tated data and the ASDIV 3rd-5th grade subset. We 1089

trained on this dataset using 4 A100 80GB GPUs 1090

for 5 epochs with an 85/15 train/validation split, 1091

learning rate of 5e-6, batch size of 8, a 10% warm- 1092

up ratio, and desirable/undesirable weights based 1093

on inverse class frequency. We saved the model 1094

every 500 steps and selected the model with the 1095
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ASDIV 3rd-5th
Grade Subset (1K)

Llama 3.3 70B IT Few-shot
Prompting Synthetic Data (3K)

Teacher Annotation

Solvability

Accuracy

Educational
Appropriateness

Standards Alignment

STEM (2.5K)
Gemma 3 12B IT SFT

KTO

Two-stage
Trained LLM

Annotated Data (3K)

ModernBERT

SFT EDUMATH
Classifier

EDUMATH
12B

Qwen 3 30B IT

EDUMATH 30BFilter Outputs
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Automated
Filtering

Figure 2: Visual of STEM dataset and EDUMATH models’ development process. Blue rounded rectangles denote
LLMs, red cylinders denote data sources, purple rectangles denote model interventions/training processes, green
funnels denote a dataset filtering process, directional arrows represent inputs/outputs, and MaC denotes meets all
criteria.

Is this question solvable? A solvable question means that it can be solved with the informa-
tion present and does not contain a mathematical scenario that is impossible (e.g., giving
away more money or items than you have).

- Yes

- No

Figure 3: Annotator directions and response options for annotating MWPs for solvability.
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Is the solution for this question correct? If the answer is correct but the reasoning is wrong,
does not make sense, and/or is too complicated for a student/teacher to read, answer “No.”

- Yes, the solution and reasoning are correct.

- No. The solution is incorrect.

- No. The solution is correct, but the reasoning contains an error, does not make sense,
and/or is too complicated for a student/teacher to read.

- NA

Figure 4: Annotator directions and response options for annotating MWPs for accuracy.

Would you feel comfortable giving this question to a student in a 3rd-5th grade school setting?

- Yes: This question is understandable and appropriate for a school setting.

- No: This question contains material inappropriate for a school setting (e.g., language about
harming someone).

- No: This question is strange, confusing, contains conflicting information, and/or is not
based in reality (e.g., contains misinformation).

- No: This question requires no mathematical operations to solve because it gives the answer
away.

- No: It is inappropriate for a different reason.

- NA

Figure 5: Annotator directions and response options for annotating MWPs for educational appropriateness.
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Does the question adequately address important elements from the pre-specified math
topic(s)?

If more than one math topic is listed, then the question should incorporate important
elements of EACH listed math topic. If one of the topics lists multiple mathematical
operations like addition, subtraction, and division, it is okay if the question just addresses
one of those operations.

Select the most appropriate option below.

- Yes: The question addresses important elements from the specified topic(s)

- No: The question is too hard for the given topic(s).

- No: The question does not address some important parts of the specified topic(s).

- No: The question does not address the specified topic(s) at all.

- No: The question requires additional math topics or operations that are not listed in the
specified math topic(s).

- NA

Figure 6: Annotator directions and response options for annotating MWPs for standards alignment.
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Model MaC
Gemma 3 12B IT 63.9 (1.5)

SFT 76.2 (1.3)*
KTO 81.0 (1.2)*

KTO + Classifier 85.9 (1.2)*

Table 5: EDUMATH finetuning stages ablation. MaC
denotes the share of 1,000 MWPs from each model
that meet all criteria according to our Gemma 3 27B IT
annotator. Standard errors are in parentheses and a *
indicates a statistically significant difference between
the current and previous stage at the p < 0.01 level.

lowest validation loss as our final model, which1096

was the final model checkpoint.1097

C.2 Text Classifier1098

We trained our ModernBERT (Warner et al., 2024)1099

text classifier such that a prediction of 1 means a1100

MWP does not MaC and a prediction of 0 means1101

a MWP does MaC. The training dataset combined1102

our annotation data and MWPs from the ASDIV1103

3rd-5th grade subset that addressed standards that1104

were not already in our annotated dataset for a total1105

of 3,664 rows. We combined the data in this way1106

to ensure that all standards were represented in our1107

training data without over-representing positive ex-1108

amples for standards that were already in the anno-1109

tated dataset. Given that there were a higher share1110

of MWPs that MaC after adding in the ASDIV 3rd-1111

5th grade subset (39.9% of rows did not MaC), we1112

trained the model using a loss term weighted by the1113

inverse class balance. We trained the model using1114

an A6000 GPU for 10 epochs with an 80/10/101115

training/validation/test split, learning rate of 1e-5,1116

batch size of 8, and a 10% warm-up ratio, selecting1117

the model checkpoint with the lowest validation1118

loss as our final model (this was the model check-1119

point after epoch 6). This model achieved a test1120

accuracy of 79.0% and AUC-ROC of .861.1121

C.3 Finetuning Ablation1122

Table 5 shows an ablation for each EDUMATH1123

12B finetuning stage. Notably, each stage results in1124

a statistically significant increase in MaC relative1125

to the preceding stage, demonstrating the value of1126

our annotated data for training standards-aligned1127

educational MWP generators.1128
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Figure 7: Count for each standard in the ASDIV 3rd-5th
grade subset. A mapping of each standard number to its
text is provided in the paper repo.

D Standard Counts in Labeled ASDIV 1129

Subset 1130

Figure 7 displays the count of MWPs from each 1131

standard included in the ASDIV 3rd-5th grade sub- 1132

set. 1133

E Error Analysis 1134

Common Error Types by Model Using our 1135

Gemma 3 27B IT annotator’s CoT, we can also 1136

compute the frequencies of the types of errors each 1137

model makes to highlight their relative strength- 1138

s/weaknesses. We can look at the proportion of 1139

overall MaC errors based on solvability, accuracy, 1140

educational appropriateness, and standards align- 1141

ment as well as the proportion of each specific error 1142

type made for each criteria individually based on 1143

the response options given to human annotators 1144

reported in Appendix B (with the exception of solv- 1145

ability, which only has one response option). These 1146

frequencies are calculated by prompting Gemma 3 1147

27B IT to identify the specific criteria failure and 1148

error type for that criteria in the Gemma 3 27B IT 1149

annotator’s CoT (see Appendix J.6 for the prompt 1150

used for this experiment). This experiment thus 1151

allows us to pinpoint the specific error that makes 1152

each MWP not MaC, which is a framework other 1153

related work has followed (Ariyarathne et al., 2025; 1154

Christ et al., 2024; Jiao et al., 2023). We show re- 1155

sults for this experiment in Tables 6, 7, 8, and 9. 1156

Failures in any of the four criteria are equally 1157

harmful to student learning because a failure in any 1158

area makes the question inappropriate to give to a 1159

student. As shown in Table 6, overall models tend 1160

to avoid making solvability and educational appro- 1161

priateness errors. The majority of errors for each 1162

model, therefore, are for accuracy and standards 1163
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Model Solvability Accuracy Educational Appropriateness Standards Alignment
A

PI
GPT-4o 5.6 50.0 0.0 44.4
GPT-4.1 0.0 61.1 0.0 38.9
GPT-4.5 5.0 50.0 0.0 45.0

Pu
bl

ic

Gemma 3 12B IT 7.1 43.1 2.5 47.3
Gemma 3 27B IT 4.4 48.8 0.8 46.0
Qwen 3 30B IT 1.5 37.2 0.8 60.5
Qwen 3 235B IT 0.9 38.6 1.7 58.8
EDUMATH 12B (Ours) 0.8 31.7 5.0 62.5
EDUMATH 30B (Ours) 5.5 41.7 0.0 52.8

Table 6: Proportion of overall errors from each evaluation criteria by model, or P(criteria failure | error).

Model Wrong Answer
Right Answer,

Poor or Confusing Reasoning

A
PI

GPT-4o 33.3 66.7
GPT-4.1 45.5 54.5
GPT-4.5 50.0 50.0

Pu
bl

ic

Gemma 3 12B IT 45.9 54.1
Gemma 3 27B IT 42.3 57.7
Qwen 3 30B IT 22.9 77.1
Qwen 3 235B IT 36.4 63.6
EDUMATH 12B (Ours) 44.7 55.3
EDUMATH 30B (Ours) 26.7 73.3

Table 7: Classification of accuracy errors for each model. See Figure 4 for directions presented to our Gemma 3
27B IT automated annotator.

alignment, which are the more nuanced criteria.1164

As shown in the annotator directions in Ap-1165

pendix B, there are two primary reasons a question1166

would be labeled as inaccurate: 1) The solution is1167

incorrect or 2) The solution is correct but contains1168

a reasoning error, does not make sense, or is too1169

complicated for a student/teacher to read, both of1170

which would be equally harmful to student learn-1171

ing. As shown in Table 7, all models except GPT1172

4.5 make a majority of their accuracy errors from1173

the latter error type, highlighting that they tend to1174

arrive at the right answer most of the time, even1175

when they make an accuracy error.1176

As shown in Appendix B, there are four primary1177

reasons a MWP could be labeled as educationally1178

inappropriate, including containing inappropriate1179

material for a school setting, being strange or un-1180

realistic, requiring no mathematical operations to1181

solve, or being inappropriate for another reason.1182

Of these errors, containing inappropriate material1183

for a school setting would provide the most direct1184

harm to young learners. As shown in Table 8, no1185

models make this most harmful error type, which is1186

an improvement over the results reported in Christ1187

et al. (2024) for older models. EDUMATH 30B1188

and the GPT models avoid educational appropri-1189

ateness errors altogether, whereas the other models 1190

tend to make mistakes in outputting MWPs that 1191

are strange or unrealistic, with the exception that 1192

Gemma 3 27B IT has an equal share of MWPs that 1193

require no mathematical operations to solve. 1194

As shown in Appendix B, there are four reasons 1195

why a MWP would not be aligned with a standard 1196

or standards: 1) It is too hard for the standard(s), 1197

2) It does not address important parts of the stan- 1198

dard(s), 3) It does not address the standard(s) at 1199

all, or 4) It requires the use of additional math top- 1200

ics beyond those listed in the standard(s), each of 1201

which would be equally harmful to student learning. 1202

Table 9 shows the majority of standards alignment 1203

errors for each model are for MWPs that are miss- 1204

ing important parts of the prespecified standard(s). 1205

Many models also frequently make MWPs that re- 1206

quire additional math topics to solve, while it is 1207

less frequent that they make MWPs that are too 1208

hard to solve for the given standard(s) or do not 1209

address the standard(s) at all. These results suggest 1210

that models are generally able to incorporate some 1211

important elements from prespecified standard(s) 1212

when writing MWPs even when they do not fully 1213

align the problems with those standards. 1214
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Model Strange Harmful No Ops Other

A
PI

GPT-4o 0.0 0.0 0.0 0.0
GPT-4.1 0.0 0.0 0.0 0.0
GPT-4.5 0.0 0.0 0.0 0.0

Pu
bl

ic
Gemma 3 12B IT 88.9 0.0 11.1 0.0
Gemma 3 27B IT 50.0 0.0 50.0 0.0
Qwen 3 30B IT 100.0 0.0 0.0 0.0
Qwen 3 235B IT 100.0 0.0 0.0 0.0
EDUMATH 12B (Ours) 100.0 0.0 0.0 0.0
EDUMATH 30B (Ours) 0.0 0.0 0.0 0.0

Table 8: Classification of appropriateness errors for each model. See Figure 5 for directions presented to our Gemma
3 27B IT automated annotator.

Model Too Hard
Missing Important

Parts
Does Not

Address Standard
Requires

Additional Topics

A
PI

GPT-4o 0.0 100.0 0.0 0.0
GPT-4.1 0.0 71.4 0.0 28.6
GPT-4.5 0.0 77.8 11.1 11.1

Pu
bl

ic

Gemma 3 12B IT 5.8 61.0 3.5 29.7
Gemma 3 27B IT 7.7 71.6 1.7 19.0
Qwen 3 30B IT 3.8 79.5 0.0 16.5
Qwen 3 235B IT 0.0 85.1 0.0 14.9
EDUMATH 12B (Ours) 2.7 74.7 9.3 13.3
EDUMATH 30B (Ours) 5.3 78.9 0.0 15.8

Table 9: Classification of standards alignment errors for each model. See Figure 6 for directions presented to our
Gemma 3 27B IT automated annotator.

F Customizing MWPs to Student1215

Interests1216

While Christ et al. (2024) showed it was trivial to1217

generate MWPs aligned with student interests with1218

LLMs, we ran an experiment to verify this for our1219

EDUMATH models. For this experiment, we gen-1220

erated 1,000 MWPs from both EDUMATH models1221

based on a randomly selected topic from a list of1222

188 topics 3rd-5th grade students might be inter-1223

ested in. We then instructed Gemma 3 27B IT to1224

indicate whether the MWP effectively incorporated1225

the prespecified topic, which we used to calculate1226

the proportion of generated MWPs that success-1227

fully included a topic (see Appendix J.7 for details1228

on the prompts and topics used in this experiment).1229

Based on this experiment, 95.5% of EDUMATH1230

12B and 97.7% of EDUMATH 30B MWPs success-1231

fully included a pre-specified topic, indicating both1232

models are effectively able to incorporate student1233

interests.1234

G Student Study Details 1235

G.1 Student Study Full Results 1236

Table 10 displays the main results from the student 1237

study for each experimental condition, which was 1238

approved by the institutional review board at our 1239

host university. As shown in the table, students 1240

in both experimental conditions solved the human- 1241

written and LLM-generated MWPs at a similar 1242

rate, with the differences in solve rate being sta- 1243

tistically insignificant. However, students in both 1244

conditions preferred the LLM-generated MWPs to 1245

the human-written MWPs, though the preference 1246

for the LLM-generated MWPs was much stronger 1247

in School 2 (customization at the individual level), 1248

which is expected. In School 2, every student ex- 1249

cept one preferred the LLM-generated MWP over 1250

the human-written one. Table 11 shows a break- 1251

down of the reasons students indicated for prefer- 1252

ring one problem over another in each experimen- 1253

tal condition. As shown in the table, in School 1 1254

students who preferred the LLM-generated MWP 1255

most often preferred it because they liked the topic 1256

it was about (e.g., the student interest used to guide 1257
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the generation), whereas their preference reason1258

was more varied in cases where they preferred the1259

human-written MWP. In School 2, the vast major-1260

ity of students preferred the LLM-generated MWP1261

because they liked the topic. In this condition, the1262

one student who preferred the human-written MWP1263

over the LLM-generated MWP preferred it because1264

they liked the topic it was about.1265

G.2 Student Demographics1266

Table 12 displays the school-level demographics1267

for both schools included in the student study, while1268

Table 13 shows the number of students per grade1269

level and number of worksheets per student in the1270

second student experimental condition (customiza-1271

tion at the individual level). We report demograph-1272

ics at the school level to avoid collecting any per-1273

sonally identifying information for individual stu-1274

dents. While the first school is considerably more1275

diverse than the second, all students included from1276

the second school were receiving support from a1277

math interventionist, suggesting they were strug-1278

gling in school.1279

G.3 Sample Student Worksheet1280

Figure 8 shows an example student worksheet used1281

for the first week of data collection in the first exper-1282

imental condition (student interest customization1283

at the class level rather than individual level).1284

H Sample Annotated Data1285

H.1 Example that Meets All Criteria (MaC)1286

Grade Level: 41287

1288

Standard: Single-step or multi-step multiplication1289

with whole numbers using a) a two-digit factor1290

and a one-digit factor, b) a three-digit factor and1291

a one-digit factor or c) a two-digit factor and a1292

two-digit factor1293

1294

Question: A Pokémon trainer has 14 boxes of1295

Poké Balls to store her Pokémon. Each box can1296

hold 25 Poké Balls. How many Poké Balls can the1297

trainer store in total?1298

1299

Solution:1300

To find the total number of Poké Balls the trainer1301

can store, we need to multiply the number of boxes1302

(14) by the number of Poké Balls each box can1303

hold (25).1304

14 x 25 = 3501305

This means the trainer can store a total of 350 Poké 1306

Balls. 1307

The final answer is 350. 1308

1309

Annotation: This MWP MaC because it is solv- 1310

able, has an accurate solution, contains content 1311

appropriate for a school setting, and is aligned with 1312

the pre-specified educational math standard. 1313

H.2 Solvability Negative Example 1314

Question: Maria is baking cookies for her school 1315

bake sale. She plans to make batches of cookies 1316

with 2 1/6 cups of flour each. If she has 3 1/6 cups 1317

of flour, how much more flour does she need to 1318

buy to make all the cookie batches? 1319

1320

Annotation: The problem does not define how 1321

many batches of cookies Maria wants to make, 1322

making it unsolvable. 1323

H.3 Accuracy Negative Example 1324

Question: Ms. Carter has 378 pencils that she 1325

wants to divide equally among 14 classrooms. 1326

Each classroom should get the same number 1327

of pencils. How many pencils will be left after 1328

distributing them equally? 1329

1330

Solution: 1331

To find out how many pencils will be left, we need 1332

to divide the total number of pencils (378) by the 1333

number of classrooms (14). 1334

378 ÷ 14 = 27 with a remainder. 1335

Let’s calculate it step by step: 1336

14 × 27 = 378 1337

But let’s check how much is exactly divisible: 1338

14 × 27 = 378 1339

Since 14 × 27 = 378, that means all 378 pencils are 1340

used up. 1341

Wait — let’s divide correctly: 1342

378 ÷ 14 = 27, because 14 × 27 = 378. 1343

So, 378 - (14 × 27) = 378 - 378 = 0. 1344

But let’s double-check the multiplication: 1345

14 × 20 = 280 1346

14 × 7 = 98 1347

280 + 98 = 378 1348

Yes, 14 × 27 = 378 1349

So, 378 ÷ 14 = 27 with no remainder. 1350

But the problem asks how many are left — so if all 1351

are distributed, the remainder is 0. 1352

Wait — let’s do the division carefully: 1353

378 ÷ 14 1354

14 goes into 37 two times (14 × 2 = 28), subtract: 1355
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Please solve the word problems below and then answer the questions about which word problem 

you liked best. Please make sure to show your work.  

1. Marcus and his friends are starting a recycling project to help the school raise some money 
for charity. They were tasked to collect different materials and create useful things from 
those. If Marcus was able to gather 25 milk bottles, and John was able to gather 20 milk 
bottles, how many milk bottles do they have available for recycling? 
 
 
 
 
 
 
 
 

2. Superman needs to collect some dog bones for his best friend Krypto. If he found 15 dog 

bones in the Fortress of Solitude and 25 dog bones at the Daily Planet, how many dog bones 

does he have for Krypto?  

 

 

 

 

 

 

Which word problem did you like best?  

 

 

 

 

Why did you like that word problem the best?  

Figure 8: Sample student worksheet for first experimental condition in the student study. The second MWP is the
one customized to a student interest at the class level (Superman).
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Variable
Human-written MWP

Solve Rate
LLM-generated MWP

Solve Rate
Preferred

LLM-generated MWP
School 1 (customization at class level) 68.2 70.6 64.0*
School 2 (customization at individual level) 73.7 68.4 94.7*

Table 10: Main results for student study. A * denotes the difference in the share of students who preferred the
LLM-generated MWP to the human-written MWP is statistically significant at the p < 0.01 level.

Preference Reason School 1 (customization at class level) School 2 (customization at individual level)

L
L

M
-g

en
er

at
ed

Liked Topic 48.5 77.8
Easy 17.6 16.7
Challenging 13.9 0.0
Liked Math Operation 10.3 5.5
More Realistic 0.0 0.0
Contained More Context 3.6 0.0
Other 6.1 0.0

H
um

an
-w

ri
tte

n

Liked Topic 20.4 100.0
Easy 25.8 0.0
Challenging 19.4 0.0
Liked Math Operation 12.9 0.0
More Realistic 3.2 0.0
Contained More Context 0.0 0.0
Other 18.3 0.0

Table 11: Breakdown of reasons indicated by students when explaining why they preferred one MWP over the other
for each experimental condition.

37 - 28 = 91356

Bring down the 8 → 981357

14 goes into 98 seven times (14 × 7 = 98), subtract:1358

98 - 98 = 01359

So, 378 ÷ 14 = 27 with a remainder of 0.1360

Therefore, there are 0 pencils left.1361

But let’s check: 14 × 27 = 378 — yes, exactly.1362

So, all pencils are distributed.1363

The final answer is 0.1364

1365

Annotation: This solution is inaccurate because it1366

conducts many unnecessary checks to ensure the fi-1367

nal answer is correct, leading it to be inappropriate1368

to present to a student/teacher.1369

H.4 Educational Appropriateness Negative1370

Example1371

Question: Ms. Applebaum is organizing a field1372

trip for her 4th-grade class. She has 25 permission1373

slips to collect, but 7 students have already1374

returned theirs. She wants to divide the remaining1375

permission slips equally among the 13 students1376

who still need to turn them in. What fraction of a1377

permission slip does each student need to turn in?1378

1379

Annotation: This question is not educationally1380

appropriate because it is not based in reality. It is1381

not possible for students to turn in a fraction of a 1382

permission slip. 1383

H.5 Standards Alignment Negative Example 1384

Grade Level: 4 1385

1386

Standard: Single-step or multi-step multiplication 1387

with whole numbers using a) a two-digit factor 1388

and a one-digit factor, b) a three-digit factor and 1389

a one-digit factor or c) a two-digit factor and a 1390

two-digit factor 1391

1392

Question: The school is preparing for the annual 1393

book fair. They ordered 24 boxes of books, and 1394

each box contains 15 books. If the school wants to 1395

arrange the books into displays with 8 books per 1396

display, how many displays can they make? 1397

1398

Solution: 1399

First, we need to find the total number of books 1400

ordered. To do this, we multiply the number of 1401

boxes (24) by the number of books in each box 1402

(15). 1403

24 x 15 = 360 1404

So, there are 360 books in total. 1405

Next, we need to determine how many displays 1406

they can make. To do this, we divide the total 1407
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Variable School 1 (customization at class level) School 2 (customization at individual level)
Economically Disadvantaged 27.4 1.4
English Language Learner 18.3 6.9
Race or Ethnicity

White 45.8 62.8
Black 10.7 5.5
Asian 12.2 15.2
Hispanic 22.5 12.4
American Indian 0.2 0.0
Native Hawaiian 0.2 0.0
Mixed 8.4 4.1

Table 12: Demographics for students in both experimental conditions reported at the school level.

Grade Level Number of Students Number of Worksheets/Student
3 2 1
4 7 2
5 3 1

Table 13: Number of students and number of worksheets
per student by grade level for the second experimental
condition in the student study (customization at the in-
dividual level).

number of books (360) by the number of books per1408

display (8).1409

360 ÷ 8 = 451410

Therefore, the school can make 45 displays.1411

The final answer is 45.1412

1413

Annotation: This MWP is not standards aligned1414

because the standard calls only for multiplication1415

and the solution requires division in addition to1416

multiplication.1417

I Example Problem from ASDIV Subset1418

Below is an example 4th grade MWP from the1419

labeled ASDIV 3rd-5th grade subset. The question1420

comes directly from the ASDIV dataset, while the1421

solution is generated by Llama 3.3 70B IT using1422

the prompt in Appendix J.2.1423

1424

Example ASDIV 3rd-5th Grade Subset MWP1425

Grade: 41426

1427

Standard: Single-step division with remainders1428

for a one-digit divisor and a two- or three-digit1429

dividend1430

1431

Question: Jawbreakers come in packages of 8.1432

Sarah ate 20 Jawbreakers. How many Jawbreakers1433

does she have left?1434

1435

Solution:1436

To find out how many Jawbreakers Sarah has left, 1437

we first need to determine how many packages of 1438

Jawbreakers she bought. 1439

Since each package has 8 Jawbreakers, we need to 1440

divide the total number of Jawbreakers she ate (20) 1441

by the number of Jawbreakers in each package (8). 1442

20 / 8 = 2 with a remainder of 4 1443

This means she ate 2 and a half packages of Jaw- 1444

breakers. 1445

Since you cannot buy half a package, this means 1446

she must have bought at least 3 packages to eat 1447

20 Jawbreakers (2 packages would only have 16 1448

Jawbreakers). 1449

To find how many Jawbreakers she has left, we 1450

need to multiply the number of Jawbreakers per 1451

package (8) by the number of packages she bought 1452

(3) and subtract the total number she ate (20) 1453

8 x 3 = 24 1454

24 - 20 = 4 1455

The final answer is 4. 1456

J Prompts 1457

J.1 Standards Annotation Prompt for ASDIV 1458

Subset 1459

Figure 9 displays the prompt for annotating the 1460

ASDIV 3rd-5th grade subset for standards and sub- 1461

standards using Llama 3.3 70B IT to ensure that 1462

each listed standard/substandard is incorporated 1463

in the problem, where the standards/substandards 1464

contain the direct text from the Virginia Standards 1465

of Learning (SOLs). We use a temperature of 0 to 1466

ensure the model selects the most probable next 1467

token during generation. 1468

J.2 Solution Generation Prompt for ASDIV 1469

Subset 1470

Figure 10 displays the prompt for generating step- 1471

by-step, readable solutions for the ASDIV 3rd-5th 1472
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You are an experienced elementary school teacher. You are tasked with reading an educa-
tional standard(s) and its substandards and then assessing a word problem and its solution to
determine whether the problem meets the standard(s) and substandards. When responding,
say "Yes." or "No." to indicate whether the problem meets the specified standard(s). Please
put detailed reasoning after "Yes." or "No." You only need to say "Yes." or "No." once to
indicate whether the problem meets the standard(s) and substandards as a whole. Only
say "Yes." if the problem exactly matches the operations and constraints mentioned in
the standard(s) and substandards. For example, if the standard mentions multiplication
within a certain number range, then the problem will only meet that standard if it requires
multiplication within that range.

Standards: {insert standards}

Substandards: {insert substandards}

Word Problem: {insert word problem}

Solution: {insert solution}

Figure 9: Prompt for annotating ASDIV 3rd-5th grade subset for standards.

grade subset using Llama 3.3 70B IT. The few-1473

shot examples are consistent across prompts and1474

were manually constructed by our research team1475

member with K-12 teaching experience. We use1476

a temperature of 0 to ensure the model selects the1477

most probable next token during generation.1478

J.3 Solution Annotation and Revision1479

Prompts for ASDIV Subset1480

Figures 11 and 12 display the prompts for anno-1481

tating the appropriateness of the solutions for the1482

ASDIV 3rd-5th grade subset generated using the1483

prompt in Appendix J.2 and revising inappropriate1484

solutions, respectively. Both prompts are passed to1485

Gemma 3 27B IT and the few-shot examples are1486

consistent across prompts and were manually con-1487

structed by our research team member with K-121488

teaching experience. We use a temperature of 0 for1489

both prompts to ensure the model selects the most1490

probable next token during generation.1491

J.4 MWP Generation Prompt1492

Figure 13 displays the standard prompt used for1493

generating MWPs throughout this study. The 8-1494

shot examples are filled in with randomly-selected1495

examples for the particular grade level and standard1496

for the query. STEM is used for the few-shot exam-1497

ples in the experiments in Section 4, while the AS-1498

DIV 3rd-5th grade subset is used for the few-shot1499

examples when generating annotation data in Sec-1500

tion 3.2. For standards that were not in the ASDIV1501

3rd-5th grade subset when generating annotation1502

data, the few-shot examples were populated with 1503

8 randomly-selected samples from the same grade 1504

level as the standard. For all models, we use a tem- 1505

perature of 1 to strike a balance between creativity 1506

and selecting the most probable next token when 1507

generating MWPs. 1508

When customizing MWPs to student interests in 1509

Section F, the formatted string "about {topic}" is 1510

added to the prompt such that the first sentence after 1511

the 8-shot examples reads, "Write a new question 1512

about {topic} based on the grade level and math 1513

topic(s) below." In this string, "{topic}" is filled 1514

in with a random selection from the list of topics 1515

reported in Appendix J.7. 1516

J.5 Gemma 3 27B IT Annotator Prompt and 1517

Sample Output 1518

Figure 14 displays the prompt for annotating 1519

MWPs using Gemma 3 27B IT. The 25-shot 1520

examples are consistent across all model queries 1521

and are examples our research team manually 1522

constructed when aligning the automated annotator 1523

with expert feedback over multiple rounds of 1524

prompt iteration. We use a temperature of 0 to 1525

ensure the model selects the most probable next 1526

token during generation to improve accuracy and 1527

reproducibility of model annotations. Below is 1528

an example output for a MWP that did not MaC 1529

according to the annotator. 1530

1531

Example Gemma 3 27B IT Annotator Output 1532

Grade: 3 1533
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You are an experienced elementary school teacher. You are tasked with developing step-by-
step solutions to math word problems for your students. The solutions should outline all
the necessary steps, show complete work, and be written in a way a grade school student
would understand. Make sure you separate your solution by writing “Solution:” and then
the solution and end your solution with saying “The final answer is _” where “_” is filled in
with the final answer. Here are some examples:

{3-shot examples}

Question: {insert question}

Solution:

Figure 10: Prompt for generating readable solutions to the ASDIV 3rd–5th grade subset.

You are an experienced elementary school teacher tasked with evaluating solutions for word
problems for 3rd-5th grade students written by a less experienced teacher. The word problem
and solution you will evaluate will be based on a grade level and math topic(s) and your job
is to determine whether the solution is accurate, high quality, and appropriate/readable for
young learners.

An accurate solution is one where the final answer and intermediate reasoning are both
correct. If the final answer is correct but the intermediate reasoning is wrong, does not make
sense, is unnecessarily repetitive, and/or is too complicated for a student/teacher to read, the
solution is not accurate.

Here are some examples of successful evaluations:

{7-shot examples}

Now evaluate this word problem’s solution and remember to answer "Yes." or "No." followed
by your reasoning:

Grade Level: {insert grade level}

Math Topics: {insert math topics}

Question: {insert question}

Solution:

{insert solution}

Is the solution accurate?

Figure 11: Prompt for annotating whether generated solutions for the ASDIV 3rd–5th grade subset are appropriate.
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You are an experienced elementary school teacher tasked with rewriting solutions for
word problems for 3rd-5th grade students written by a less experienced teacher. The
word problem and original solution will be based on a grade level and math topic(s) and
will contain reasoning identifying what is wrong with the original solution. Your job
is to use the reasoning to rewrite the solution to ensure it is accurate, high quality, and
appropriate/readable for young learners.

An accurate solution is one where the final answer and intermediate reasoning are both
correct, there is not unnecessary repetition, and the wording is not too complicated for a
student/teacher to read.

Here are some examples of successful solution rewrites:

{5-shot examples}

Now rewrite this word problem’s solution:

Grade Level: {insert grade level}

Math Topics: {insert math topics}

Question: {insert question}

Solution:

{insert solution}

Reasoning for why the solution is inaccurate:

{insert reasoning}

Corrected Solution:

Figure 12: Prompt for revising inappropriate solutions for the ASDIV 3rd–5th grade subset as flagged using the
prompt in Figure 11.
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You are an experienced teacher tasked with writing word problems and solutions for 3rd-5th
grade students. The question you write will be based on a grade level and math topic(s). The
question’s content should exactly match and incorporate ALL of the mathematical topics
and constraints listed in the math topic(s). The question and answer pair you write should
be solvable with the information presented in the question, contain an accurate solution, and
contain language and context appropriate for a 3rd-5th grade student in a school setting (i.e.,
no harmful language and topics should be appropriate for school settings).

Here are some examples:

{8-shot examples}

Write a new question based on the grade level and math topic(s) below. Make sure to
incorporate all of the information in the math topic(s) into your question; for example, if the
math topic(s) mention remainders, the problem you write should require a remainder. Also
make sure to write "Question:" followed by your question and "Solution:" followed by your
solution.

Grade Level: {insert grade level}

Math Topics: {insert math topics}

Question:

Figure 13: Standard prompt for generating new MWPs.

1534

Math Topic:1535

Single-step or multi-step addition and/or subtrac-1536

tion with whole numbers less than 1,0001537

1538

Question: Maria is making bracelets for her1539

friends. She has 235 beads. She wants to make 61540

bracelets and use the same number of beads on1541

each bracelet. How many beads will be left over1542

after she makes the bracelets?1543

1544

Solution:1545

Maria has 235 beads and wants to make 6 bracelets.1546

1547

To find out how many beads will be left over, we1548

need to divide the total number of beads (235) by1549

the number of bracelets (6).1550

1551

235 ÷ 6 = 39 with a remainder of 1.1552

1553

This means Maria can put 39 beads on each1554

bracelet and she will have 1 bead left over.1555

1556

The final answer is 1.1557

1558

Annotation: No. While the question is solvable,1559

has an accurate solution, and is educationally ap- 1560

propriate, it is not standards aligned. Specifically, 1561

the question only incorporates division and does 1562

not include addition or subtraction as stated in the 1563

math topic. 1564
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1565

You are an experienced elementary school teacher tasked with evaluating word prob-
lems and solutions for 3rd-5th grade students written by a less experienced teacher.
The word problem and solution you will evaluate will be based on a grade level and
math topic(s) and your job is to determine whether the problem and solution are high quality.

There are four criteria you will use to evaluate the word problem: solvability, accuracy,
educational appropriateness, and standards alignment. Questions that meet all four criteria
are labeled as high quality. Any word problem or solution that does not meet one or more of
the criteria is labeled as not high quality. Here is more information about how to evaluate a
word problem and solution based on the four criteria:

Solvability:

A solvable question means that it can be solved with the information present and does not
contain a mathematical scenario that is impossible (e.g., giving away more money or items
than you have).

Accuracy:

An accurate solution is one where the final answer and intermediate reasoning are both
correct. If the final answer is correct but the intermediate reasoning is wrong, does not make
sense, is unnecessarily repetitive, and/or is too complicated for a student/teacher to read, the
solution is not accurate.

Educational Appropriateness:

An educationally appropriate question is one you would feel comfortable giving to a student
in a 3rd-5th grade school setting. Educationally appropriate questions contain content and
context appropriate for students in a school setting. There are four main reasons why a
question would be educationally inappropriate:

1. It contains material inappropriate for a school setting (e.g., language about harming
someone)

2. It is strange, confusing, contains conflicting information, and/or is not based in reality
(e.g., contains misinformation)

3. It requires no mathematical operations to solve because it gives the answer away

4. It is inappropriate for a different reason

Standards alignment:

A standards aligned question is one that adequately addresses important elements from
EACH pre-specified numbered math topic. If more than one math topic is listed, then the
question should incorporate important elements of EACH numbered math topic. If only one
math topic is included, then it is okay if the question only incorporates elements of that
topic. You should only evaluate whether the question incorporates elements from EACH
listed topic; you should not penalize questions that could incorporate other topics that are
not in the numbered list of topics. If a specific numbered topic lists multiple mathematical
operations like addition, subtraction, and/or division, it is okay if the problem just addresses
one of those operations; if a topic says "the question may include OTHER TOPIC," then

1566
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it is okay if the question does not include that other topic, as it is optional. However, the
problem should incorporate meaningful elements of EACH numbered topic; for example, if
a numbered topic lists decimal division, the problem should incorporate decimal division.
There are four main reasons why a question would not be standards aligned:

1. It is too hard for the given topic(s)

2. It does not address some important parts of the numbered topic(s) or one or more of the
numbered topic(s)

3. It does not address the numbered topic(s) at all

4. It requires additional math topics or operations that are not listed in the specified math
topic(s)

Here are some examples of successful evaluations:

{25-shot examples}

Now evaluate this word problem and remember to answer "Yes." or "No." followed by your
reasoning.

Grade Level: {insert grade level}

Math Topics: {insert math topics}

Question: {insert question}

Solution:

{insert solution}

Is this question high quality?
1567

Figure 14: Prompt for annotating MWPs with Gemma 3 27B IT.
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J.6 Gemma 3 27B IT Prompt for Identifying1568

Failure Types in Annotated MWPs1569

Figure 15 displays the prompt for labeling the error1570

types in model-annotated MWPs using Gemma 31571

27B IT. The 8-shot examples are consistent across1572

model queries and were manually constructed by1573

our research team. We use a temperature of 0 to1574

ensure the model selects the most probable next1575

token during generation.1576
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1577

You are an experienced elementary school teacher tasked with reading an evaluation of
a word problem and solution for 3rd-5th grade students written by a less experienced
teacher and identifying the main error in the problem and/or solution that they noticed.
You will have acess to the grade level, math topic, question, solution, and the less
experienced teacher’s evaluation of the word problem. Your job is to read the evaluation
and identify which of the four criteria below it failed to incorporate as well as which
specific error it made for the criteria it failed to incorporate. If the word problem violates
more than 1 criteria according to the evaluation, your job is to identify the most im-
portant criteria the word problem failed to incorporate. The criteria and associated errors are:

Solvability:

A solvable question means that it can be solved with the information present and does not
contain a mathematical scenario that is impossible (e.g., giving away more money or items
than you have). A question is not solvable for one of two reasons:

1. It cannot be solved with the information present

2. It contains a mathematical scenario that is impossible

Accuracy:

An accurate solution is one where the final answer and intermediate reasoning are both
correct. A solution is inaccurate if:

1. The final answer is wrong

2. The final answer is correct but the intermediate reasoning is wrong, does not make sense,
is unnecessarily repetitive, and/or is too complicated for a student/teacher to read

Educational Appropriateness:

An educationally appropriate question is one you would feel comfortable giving to a student
in a 3rd-5th grade school setting. Educationally appropriate questions contain content and
context appropriate for students in a school setting. There are four main reasons why a
question would be educationally inappropriate:

1. It contains material inappropriate for a school setting (e.g., language about harming
someone)

2. It is strange, confusing, contains conflicting information, and/or is not based in reality
(e.g., contains misinformation)

3. It requires no mathematical operations to solve because it gives the answer away

4. It is inappropriate for a different reason

Standards alignment:

A standards aligned question is one that adequately addresses important elements from
EACH pre-specified numbered math topic. There are four main reasons why a question
would not be standards aligned:

1. It is too hard for the given topic(s)

2. It does not address some important parts of the numbered topic(s) or one or more of the
1578
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numbered topic(s)

3. It does not address the numbered topic(s) at all

4. It requires additional math topics or operations that are not listed in the specified math
topic(s)

Here are some examples of successful evaluations:

{8-shot examples}

Now evaluate this word problem and remember to both identify which criteria the problem
failed to incorporate using the "Error Type:" heading and the specific error it made for that
criteria using the "Specific Error:" heading. The text in the "Specific Error:" heading should
exactly match one of the error types for the criteria defined above. Do not include any
information other than the specific error type in the "Specific Error:" heading. Make sure to
include BOTH the error type and the specific error in your response.

Grade Level: {insert grade level}

Math Topics: {insert math topics}

Question: {insert question}

Solution:

{insert solution}

Evaluation: {insert model annotation}

Error Type:
1579

Figure 15: Prompt for labeling error types in model-annotated MWPs with Gemma 3 27B IT.
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J.7 Gemma 3 27B IT Student Interest1580

Annotation Prompt1581

Figure 16 displays the Gemma 3 27B IT prompt for1582

annotating whether a generated MWP successfully1583

incorporates a randomly-selected student interest1584

from the list below. We use a temperature of 0 to1585

ensure the model selects the most probable next to-1586

ken during generation. The list of student interests1587

contains the 43 topics introduced in Christ et al.1588

(2024) as well as 145 additional topics obtained1589

by prompting GPT 4o to generate a list of topics1590

3rd-5th grade students would be interested in to1591

see whether our models are able to incorporate a1592

diverse range of student interests into generated1593

MWPs.1594

Topics: [’Superman’, ’Batman’, ’Wonder Woman’,1595

’Barbie’, ’Power Rangers’, ’basketball’, ’soccer’,1596

’football’, ’volleyball’, ’field hockey’, ’Fortnite’,1597

’Spiderman’, ’Iron Man’, ’Captain America’, ’Cap-1598

tain Marvel’, ’Thor, the God of Thunder’, ’Black1599

Panther’, ’Taylor Swift’, ’swimming’, ’Pokémon’,1600

’Super Mario’, ’Naruto’, ’unicorns’, ’Hello Kitty’,1601

’Minecraft’, ’lacrosse’, ’cheer leading’, ’LeBron1602

James’, ’Steph Curry’, ’Patrick Mahomes’, ’Ser-1603

ena Williams’, ’dogs’, ’cats’, ’dinosaurs’, ’Harry1604

Potter’, ’cars’, ’planes’, ’trains’, ’pizza’, ’cookies’,1605

’ice cream’, ’candy’, ’Frozen (Elsa and Anna)’,1606

’Star Wars’, ’Paw Patrol’, ’My Little Pony’, ’Min-1607

ions’, ’Jurassic Park’, ’SpongeBob SquarePants’,1608

’Disney Princesses’, ’Toy Story’, ’The Incredibles’,1609

’Scooby-Doo’, ’Peppa Pig’, ’Dora the Explorer’,1610

’Pikachu’, ’Thomas the Tank Engine’, ’Sonic the1611

Hedgehog’, ’Transformers’, ’Cinderella’, ’Moana’,1612

’Shrek’, ’Winnie the Pooh’, ’Tom and Jerry’,1613

’Sesame Street’, ’The Lion King’, ’Alice in Won-1614

derland’, ’The Little Mermaid’, ’Peter Pan’, ’Al-1615

addin’, ’The Jungle Book’, ’Pocahontas’, ’Beauty1616

and the Beast’, ’Frozen’, ’Ratatouille’, ’Finding1617

Nemo’, ’Cars’, ’Up’, ’The Simpsons’, ’Looney1618

Tunes’, ’Teenage Mutant Ninja Turtles’, ’Myth-1619

ical Creatures (dragons, unicorns)’, ’Dinosaurs’,1620

’Space and Astronauts’, ’Robots’, ’Aliens’, ’Ex-1621

ploring the Ocean’, ’Underwater Creatures’, ’Pi-1622

rates’, ’Fairies’, ’Wizards’, ’Magic Tricks’, ’Time1623

Travel’, ’Detectives and Mystery’, ’Inventions’,1624

’The Avengers’, ’The Justice League’, ’Dance and1625

Ballet’, ’Music Instruments’, ’Art and Drawing’,1626

’Science Experiments’, ’Cooking and Baking’,1627

’DIY Crafts’, ’Board Games’, ’Puzzles’, ’Riddles’,1628

’Pets (cats, dogs, hamsters)’, ’Farm Animals’, ’Zoo1629

Animals’, ’Wildlife Conservation’, ’Plants and1630

Gardening’, ’Hiking and Nature’, ’Weather and 1631

Meteorology’, ’The Solar System’, ’Camping’, 1632

’National Parks’, ’Trains and Railroads’, ’Planes 1633

and Aviation’, ’Cars and Racing’, ’Construction 1634

Vehicles’, ’Firefighters’, ’Police Officers’, ’Doc- 1635

tors and Nurses’, ’Astronauts and Space Explo- 1636

ration’, ’Animals and Wildlife’, ’Space and As- 1637

tronomy’, ’Robots and Technology’, ’Underwater 1638

Life’, ’Fairy Tales and Folklore’, ’Outer Space’, 1639

’Music and Instruments’, ’Insects and Bugs’, ’His- 1640

torical Figures’, ’Countries and Cultures’, ’Myth- 1641

ical Creatures’, ’Magic and Wizards’, ’Friend- 1642

ship and Relationships’, ’Ocean Life’, ’Cars and 1643

Vehicles’, ’Famous Inventors’, ’Famous Artists’, 1644

’Ancient Civilizations’, ’Space Exploration’, ’Gar- 1645

dening’, ’Environmental Conservation’, ’Pirates 1646

and Treasure’, ’Famous Scientists’, ’Computer 1647

Programming’, ’Unexplained Mysteries’, ’Plan- 1648

ets and the Solar System’, ’Cartoons and Ani- 1649

mated Shows’, ’Photography’, ’Books and Read- 1650

ing’, ’Volcanoes’, ’Mythology’, ’Ancient Egypt’, 1651

’Reptiles and Amphibians’, ’Recycling’, ’Fairy 1652

Gardens’, ’Indoor Games’, ’Marine Biology’, ’Vir- 1653

tual Reality’, ’Natural Disasters’, ’Construction 1654

and Building’, ’the Circus and Performing Arts’, 1655

’Science Fiction’, ’Pottery and Ceramics’, ’Famous 1656

Explorers’, ’Birds and Bird Watching’, ’Famous 1657

Landmarks’, ’Health and Nutrition’, ’Myths and 1658

Legends’, ’Fashion and Clothing’, ’DIY Science 1659

Projects’, ’Cultural Festivals’, ’Forests and Trees’, 1660

’Mummies’, ’Famous Composers’, ’Circus Ani- 1661

mals’, ’Geology’, ’Farm Life’, ’Travel and Adven- 1662

ture’, ’Ballet and Dance’, ’Whales and Dolphins’, 1663

’Mystery Stories’, ’Hiking and Camping’, ’Games 1664

and Puzzles’, ’Space Aliens and UFOs’] 1665
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Your goal is to read a math word problem and determine whether it effectively includes
a pre-specified topic. If the question does not effectively include the topic, write "No."
followed by your reasoning. If the question does effectively include the topic, write "Yes."
followed by your reasoning.

Now evaluate whether this problem includes the specified topic and remember to exactly
answer "Yes." or "No." followed by your reasoning.

Topic: {insert topic}

Question: {insert question}

Does the question effectively incorporate the specified topic?

Figure 16: Prompt for annotating whether MWPs successfully include a pre-specified topic.
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