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Abstract001

Adaptive learning refers to educational tech-002
nologies that track learners’ learning progress003
and adapt the instructional process based on004
individual learners’ learning performance. It is005
increasingly recognized as critical for develop-006
ing an effective learning support tool. Vision007
Language Models (VLMs) have seen adoption008
in mathematics education, and students have009
been using them as learning aids for person-010
alized instruction. However, it is unknown011
whether VLMs have the ability to provide ap-012
propriate mathematical instruction based on dif-013
ferent learner profiles. Current VLMs lack a014
systematic evaluation framework for this as-015
sessment in mathematics education. To ad-016
dress this gap, we draw on the learner model017
from the adaptive learning framework and pro-018
pose a learner model-based rubric. Our rubric019
formalizes adaptivity assessment into three as-020
pects: cognitive aspects, motivational aspects,021
and complexity. We also evaluate two addi-022
tional dimensions of VLM responses: correct-023
ness (of answers and solutions) and quality024
(of the response itself). Our experimental re-025
sults show measurable differences in adaptiv-026
ity across models, and also reveal that current027
VLMs struggle to consistently produce learner028
model-based instructional responses, especially029
when receiving limited learner information.030

1 Introduction031

As artificial intelligence shows growing use in ed-032

ucation, there is a corresponding rise in large lan-033

guage model-powered tools for providing math-034

ematical instructions and pedagogical support.035

Learners increasingly adopt VLMs as personal tu-036

toring agents to answer mathematical problems037

and provide personalized solution feedback (Baral038

et al., 2025; Cherian et al., 2024; Gupta et al., 2025;039

Liu et al., 2024). Personalization is both a defin-040

ing characteristic of personal tutoring and a critical041

principle in education, as educators have histori-042
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Figure 1: Overview of the learner model-based adap-
tivity schema. The framework delineates the interplay
between learner profile and instructional scaffolding.

cally adapted their instruction to provide personal- 043

ized and differentiated learning support based on 044

diverse learner backgrounds (Bernacki et al., 2021). 045

To provide personalized learning to address dif- 046

ferent individuals’ learning needs, it is vital to 047

understand learners’ learning performance before 048

making instructional decisions. Adaptive learning, 049

as one of the most effective educational approaches, 050

can provide personalized learning instruction and 051

feedback by adapting the learning process to dif- 052

ferent learners’ needs continuously (Imhof et al., 053

2020; Shute and Towle, 2018; Vanzo et al., 2025; 054

Zheng et al., 2022). Its goal is to maximize the 055

effectiveness of instruction through tracking learn- 056

ers’ prior academic background and learning per- 057

formance, adjusting the content to suit different 058

learners (Shute et al., 2000). A foundational com- 059

ponent of adaptive learning is the learner model, 060

which captures key aspects of a learner, such as 061

learning performance and learning attitudes, in or- 062

der to support individualized instruction. Several 063
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studies have demonstrated that adaptive learning064

is superior to one-size-fits-all teaching approaches065

(Bloom, 1984; Vandewaetere et al., 2011).066

Current VLMs primarily collect learner informa-067

tion from conversational interactions (Kumar et al.,068

2023). When learners do not explicitly share de-069

tails about their learning performance, behaviors,070

or needs, it becomes difficult to infer these learn-071

ers’ profiles, which limits instructional decision-072

making. Subsequently, it remains unclear whether073

VLMs generate truly appropriate answers and solu-074

tions to support individual learners’ needs (Sharma075

et al., 2025).076

This paper addresses this gap by developing an077

adaptive rubric grounded in the learner model of078

adaptive learning frameworks. Our rubric incorpo-079

rates core evaluation factors from learner models,080

including cognitive and motivational aspects. For081

example, learners’ attitudes are a key factor influ-082

encing mathematics learning performance (Wen083

and Dubé, 2022). The adaptive rubric evaluates084

whether the VLMs’ responses offer positive guid-085

ance to address learners’ negative learning attitudes086

toward mathematics, rather than ignoring them.087

The rubric aims to assess VLMs’ adaptive capa-088

bilities in mathematics education and their capac-089

ity to deliver pedagogical instruction that aligns090

with learners’ knowledge backgrounds. Accord-091

ingly, our research question is: “To what extent092

can VLMs demonstrate adaptive capabilities in093

mathematics education?”094

The rubric formalizes the design decisions un-095

derlying VLMs’ mathematical instruction and feed-096

back across three dimensions: adaptivity, correct-097

ness, and quality. Among these, adaptivity is the098

core evaluation of the rubric, taking inspiration099

from the taxonomy of adaptivity for learning. The100

measurement of adaptivity focuses on three aspects,101

including cognitive aspects, motivational aspects,102

and complexity aspects, as illustrated in Figure 1.103

Furthermore, to better understand if VLMs can104

differentiate among learner profiles, we simulated105

three learner profiles (high-, intermediate-, and low-106

performance) for evaluation. In general, we find107

that these VLMs struggle to provide feedback that108

is appropriately tailored to different learner profiles.109

The constructed model generation pipeline and110

rubric design are available at https://anonymous.111

4open.science/r/Adaptive-LLMs-9C92/.112

2 Background & Related Work 113

2.1 Adaptive Learning: The Learner Model 114

Adaptive learning was initially influenced by 115

Snow’s book on aptitude-treatment interactions 116

(Cronbach and Snow, 1981). Later in 1984, Bloom 117

proposed the 2 Sigma problem, which highlighted 118

the importance of adaptive learning (Bloom, 1984). 119

Subsequently, research spearheaded by Shute and 120

Towle (2018) identified and established three core 121

models for adaptive learning, including the learner 122

model, content model, and instructional model. 123

The learner model forms the foundation of adap- 124

tive learning by integrating assessment informa- 125

tion and supporting inferences about learners’ pro- 126

ficiencies (Shute and Towle, 2018). Personalization 127

within adaptive learning systems begins with sys- 128

tematically appraising learner characteristics (Zhou 129

et al., 2023). The systematic review of Bernacki 130

et al. (2021) identified key learner characteristics 131

across four dimensions: cognitive factors, beliefs 132

and motivations, social and cultural factors, and 133

emotions and affect. For instance, understanding 134

a learner’s prior knowledge is essential before pro- 135

viding instruction, as it helps avoid content that 136

is either too simple or overly challenging. Sim- 137

ilarly, Plass and Pawar (2020) categorized vari- 138

ables that can be adapted in instructional responses 139

into four domains: cognitive, motivational, affec- 140

tive, and sociocultural. Within the motivational 141

domain, self-efficacy reflects a learner’s perceived 142

capacity to perform domain-specific tasks. As a re- 143

sult, a learner may display a generally positive atti- 144

tude toward learning while simultaneously holding 145

low confidence in completing specific mathematics 146

tasks (Kaskens et al., 2020; Wen and Dubé, 2022). 147

Our work synthesized insights from previous re- 148

search and considered the VLMs’ conversational 149

attributes for the adaptive rubric construction. 150

2.2 The Role of (V)LMs in Education 151

In the domain of mathematics, (V)LMs have 152

demonstrated remarkable proficiency as "solvers," 153

achieving superior performance on both text-based 154

(e.g., GSM8K (Cobbe et al., 2021), MathQA 155

(Amini et al., 2019)) and vision-based benchmarks 156

(e.g., MATH-Vision (Wang et al., 2024), Math- 157

Verse (Zhang et al., 2024)). However, a critical dis- 158

tinction exists between automated solvers and edu- 159

cational agents: solvers prioritize problem-solving 160

efficiency and final answer correctness (Yan et al., 161

2025), whereas educational agents must provide 162
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pedagogically transparent guidance and scaffolding163

appropriate to the learner’s zone of proximal devel-164

opment (Cai et al., 2025). Recent work suggests165

that LLMs can mimic tutor-like behavior in inter-166

active sessions (Vanzo et al., 2025), and Scarlatos167

et al. (2025) further highlights their potential role in168

knowledge tracing. Despite this progress, existing169

work tends to overlook the multimodal nature of170

authentic mathematics learning. Real-world mathe-171

matical tasks often require students to reason across172

modalities, integrating textual instructions with ge-173

ometric diagrams, data visualizations, and function174

plots. The emergence of VLMs, including GPT-4V,175

LLaVA, and Qwen-VL, enables joint visual-textual176

reasoning (Lu et al., 2023). Current evaluation177

paradigms, however, largely mirror text-only set-178

tings, emphasizing visual question-answering ac-179

curacy rather than instructional reasoning quality180

(Lee and Zhai, 2025). Such accuracy-focused eval-181

uations fail to capture a model’s ability to explain182

visual concepts or adapt guidance to a learner’s con-183

text, leaving limited empirical evidence on whether184

multimodal models can serve as effective adaptive185

tutors.186

2.3 Empirical Study in Adaptive Learning187

The integration of VLMs into educational tech-188

nologies represents a paradigm shift for intelligent189

tutoring systems (Liu et al., 2025). While genera-190

tive model-based systems offer the potential for191

real-time customization of instructional content192

based on student behavior (Banjade et al., 2024;193

Lin et al., 2023), their capacity to deliver contex-194

tually appropriate guidance remains questionable.195

Notably, Borchers and Shou (2025) employed a196

prompt variation framework to assess pedagogical197

adaptivity, revealing that even state-of-the-art mod-198

els frequently fail to adjust their feedback strategies199

when critical context (e.g., student performance or200

knowledge components) is introduced or removed.201

This suggests a "context insensitivity" where mod-202

els revert to generic tutoring scripts rather than203

responding to the specific state of the learner. To204

address this gap, we aim to provide a rigorous,205

rubric-based assessment of how well VLMs adhere206

to specific learner profiles.207

3 Rubric Design for Adaptivity208

Evaluation209

Our rubric is designed to evaluate whether VLMs210

demonstrate adaptive capabilities in adapting in-211

struction and feedback for learners with different 212

abilities and backgrounds in mathematics educa- 213

tion. The axes on which the initial construction of 214

the adaptive rubric was mainly based on three key 215

evaluation dimensions: adaptivity, correctness, and 216

quality. Among these, adaptivity constitutes the 217

core focus of the rubric, while correctness and qual- 218

ity serve as complementary control dimensions. In 219

this work, we define a VLM response as comprising 220

two components: an answer and a solution. Here, 221

the "solution" encompasses all explanatory and in- 222

structional content beyond the final answer, includ- 223

ing reasoning steps, feedback, and guidance. The 224

proposed rubric is designed to evaluate whether 225

model outputs meet a baseline standard of adap- 226

tive instructional behavior. At a high level, the 227

adaptivity dimension assesses whether model re- 228

sponses are appropriately aligned with both the 229

instructional intent of the prompt and the learner’s 230

background. The correctness dimension evaluates 231

whether the answers and solutions are mathemati- 232

cally valid. The quality dimension examines over- 233

all VLM response quality. 234

Adaptivity. The adaptivity dimension includes a 235

total of nine key questions (Q1–Q9; see Appendix 236

A.1). The evaluation elements of these questions 237

were selected based on the core factors of the adap- 238

tive learning environments (Bernacki et al., 2025; 239

Plass and Pawar, 2020), while considering the in- 240

teractive characteristics of VLMs. The primary 241

factors in this rubric include: the learner’s cur- 242

rent mathematical knowledge, the learner’s math 243

learning attitude, the learner’s self-efficacy, the so- 244

lution’s mathematical knowledge scope, the solu- 245

tion difficulty, and the solution complexity. For 246

instance, when a learner presents a negative math 247

learning attitude, an adaptive response should offer 248

positive feedback and instruction to help the learner 249

address the math problem, rather than continuing 250

the conversation in a negative tone or ignoring 251

it. Solution complexity is assessed across Q6–Q9, 252

examining whether the LLM response helps the 253

learner understand and explain the math question, 254

providing relevant examples, offering additional 255

similar math exercises for reinforcement, and de- 256

livering step-by-step and detailed instructions. 257

Correctness. This dimension mainly focuses 258

on assessing if the VLM responses provide valid 259

and correct instruction and feedback, addressing 260

the specific math questions. Both the answer and 261

the solution should be correct and consistent to de- 262

termine the correctness of the response (Q10–Q12; 263
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User Prompt Example

I am a student from Grade 4, I don’t like learning mathematics and I am not 

confident in mathematics. Now I have mastered mathematics topics such as 

number and data in grade 4. I got 390 in the TIMSS 2019 Math Test. Can 

you teach me this math question? 

Graph-based

Math Question

Learner Profiles

High-performance Intermediate-performance Low-performance

Grade level: Grade 4 / Grade 8

Math learning attitude: Very like!
Confidence: Very confident!

Taught the mathematics topics: All 

math topics in Grade 4.
Math achievement in TIMSS 2019: 615

Grade level: Grade 4 / Grade 8

Math learning attitude: Very like!
Confidence: Confident

Taught the mathematics topics: All 

math topics in Grade 4.
Math achievement in TIMSS 2019: 550

Grade level: Grade 4 / Grade 8

Math learning attitude: Dislike
Confidence: Not confident

Taught the mathematics topics: A part 

of math topics in Grade 4.
Math achievement in TIMSS 2019: 390

LLM Model Outputs

Group 1

Group 2

Group 3

Group 4

LLM Response

Answer

Solution

The answer is C.

Let's solve this step by step. I know 

you said you don't like math, but this 

problem is actually like a fun puzzle.....Adaptive Rubric

Annotation

Rubric
Adaptivity

Quality

Test Groups

Group 1

Input: 

• Math questions only 

Group 2

Input: 

• Math questions

• User prompt 

Group 4

Input: 

• Math questions

• Full system prompt

• User prompt 

Group 3

Input: 

• Math questions

• System prompt (without 

TIMSS benchmark)

• User prompt 

700

500

300

625
Advanced

550
High

475
Intermediate

400
Low

TIMSS Math 

Benchmark

Correctness

Figure 2: Overview of the adaptive rubric–based evaluation pipeline. Learner profiles and mathematics questions
are combined under four test groups with increasing learner-specific information, provided to VLMs to generate
instructional responses, and annotated by experts using the proposed rubric.

see Appendix A.2). In this dimension, three ques-264

tions were used to evaluate the correctness of the265

answer and its solution. Notably, a completely cor-266

rect solution is defined as one that includes both267

complete and valid mathematical reasoning and268

yields a correct final answer. If the solution demon-269

strates accurate mathematical reasoning but ends270

with an incorrect final answer, it should be labeled271

as partially correct.272

Quality. In contrast to the correctness dimen-273

sion, this dimension primarily focuses on broader274

VLM performance and overall response quality.275

The quality dimension includes a total of seven276

questions (Q13–Q19; see Appendix A.3). These277

questions are used to explore whether the response278

has any quality issues, such as hallucinations, math-279

ematical reasoning, faithfulness, coherence, consis-280

tency, grammatical and formatting, and length.281

4 Methodology282

To empirically evaluate the adaptive capabilities of283

VLMs in mathematics education, we implement284

a structured evaluation pipeline grounded in the285

proposed learner model–based rubric. As illus-286

trated in Figure 2, the pipeline constructs learner287

profiles, pairs them with mathematics questions288

under varying contextual conditions, elicits instruc-289

tional responses from VLMs, and evaluates the290

resulting outputs through expert annotation. This 291

methodology adopts a quasi-experimental design 292

that simulates realistic tutoring interactions by sys- 293

tematically varying two key factors: learner profiles 294

and test groups (the availability of learner-specific 295

contextual information). The following subsec- 296

tions describe the dataset construction process, the 297

formalization of learner profiles, and the expert 298

annotation procedure used to quantify model per- 299

formance across the rubric’s dimensions. 300

4.1 Dataset and Model Selection 301

We draw mathematics items from the Trends 302

in International Mathematics and Science Study 303

(TIMSS) 2019 and 2023 with official permission 304

from the International Association for the Evalua- 305

tion of Educational Achievement (IEA)(Fishbein 306

et al., 2021, 2025). From the full assessment pool, 307

we construct a stratified dataset of Q = 10 repre- 308

sentative questions, with five questions sampled 309

from Grade 4 and five from Grade 8. To em- 310

phasize multimodal reasoning, we prioritize visu- 311

ally grounded items, resulting in 90% of the se- 312

lected questions requiring graphical or diagram- 313

matic interpretation. We evaluate a set of M = 5 314

VLMs spanning both proprietary and open-source 315

paradigms. The proprietary models include GPT-5, 316

GPT-o1, and Gemini-2.5-Flash, while the open- 317
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Math Question
VLMs’ Response

Hey there! It's totally okay to feel unsure about math sometimes. But you're really good with 

numbers and data, and that means you have a strong math brain! I know you can do it. Let's 

tackle this puzzle together, step-by-step.

The main idea is that weigh the same means both sides of the scale are equal. Think of it 

like an addition problem! We’ll turn each picture into numbers. First scale: 1 kg + 2 kg on the 

left balances a pineapple on the right. So the pineapple = 1 + 2 = 3 kg. Second scale: 

pineapple + 2 kg balances the big gray weight. That’s 3 kg + 2 kg = 5 kg. So the big gray 

weight = 5 kg. Third scale: big gray weight + 1 kg balances the watermelon. That’s 5 kg + 1 

kg = 6 kg. Answer: 6 kg (choice D).

Tip for problems like this: Replace each picture with a number you find from the earlier 

balances. Add the weights on one side to find the unknown on the other side. You did it step 

by step—nice work!

Adaptivity 

Evaluation

Q: Does the response take the learner’s 

prior math knowledge into account?

A: Yes

Q: Does this response try to build a 

positive attitude in the learner?

A: Yes

Q: Does this response intend to 

improve the student’s self-efficacy for 

completing this mathematics task?

A: Yes

Q: Does the solution meet the Common Core 

standard at this grade level?

A: Yes

Q: Is the solution at an appropriate difficulty 

level for the learner? 

A: Yes

Q: Does this response explain the meaning 

of this math question to help the learner 

understand the problem?

A: Yes

Q: Does this response provide an example 

aligned with this math question’s topic?

A: No

Q: Does this response provide additional 

practice similar to this math question?

A: No

Q: Does the response provide cues (e.g., 

step-by-step, signals of importance) to guide 

the learner?

A: No

Figure 3: A case study of the adaptive evaluation process for a Grade 4 math problem. The upper panel shows the
VLM-generated response with motivational support and step-by-step scaffolding, while the lower panels illustrate
the annotation workflow, where Q1–Q9 map directly to the adaptivity rubric in Appendix A.1.

source models consist of Qwen3-VL-30B-A3B-318

Instruct and Llama3.2-11B-Vision-Instruct. The319

detailed computational costs and model selection320

are provided in Appendix B.321

4.2 Learner Profiles and Context Conditions322

To simulate realistic tutoring scenarios, we con-323

struct learner profiles derived from authentic324

TIMSS statistics and formalize each learner as a325

tuple ℓ = (a, c, p, s), where a denotes learning326

attitude, c denotes self-reported confidence, p rep-327

resents prior topic coverage, and s corresponds328

to the learner’s TIMSS achievement score; across329

Grade 4 and Grade 8, we instantiate six profiles330

spanning three performance tiers (high, interme-331

diate, and low). Building on this formulation, we332

study context sensitivity by defining four input con-333

text conditions Ck with monotonically increasing334

learner-specific information:335

C1 = {q}, C2 = {q, (a, c, p)},336

337
C3 = {q, S, (a, c, p)}, C4 = {q, S, (a, c, p, s)}.338

where q denotes the mathematics question and339

S denotes a system prompt specifying grade-level340

learning objectives.341

4.3 Expert Annotation and Evaluation 342

Our experimental design follows a full factorial 343

structure. The total volume of model-generated 344

responses is calculated as: 345

N = |G| × |P |︸ ︷︷ ︸
Learner Profile

× |C|︸︷︷︸
Context

× |Q|︸︷︷︸
Task

× |M |︸︷︷︸
Model

= 600 346

where we account for |G| = 2 grades, |P | = 3 347

performance tiers, |C| = 4 context conditions, 348

|Q| = 5 questions per grade, and |M | = 5 mod- 349

els. Data annotation was conducted by four domain 350

experts trained in the Learning Sciences program. 351

Prior to annotation, each expert completes a one- 352

hour one-on-one training session that introduces 353

the rubric and includes discussion of at least three 354

representative case studies to calibrate the scor- 355

ing criteria. Each response was evaluated using 356

structured numerical ratings defined by the rubric 357

(see Appendix A). The rubric items were imple- 358

mented in a Google Form, and annotators rated 359

each VLM response using this instrument. Adap- 360

tivity score and Correctness score were positively 361

keyed, whereas Quality score was computed as 362

one minus the error score, such that higher values 363

consistently indicate better performance. A case 364
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Model
Adaptivity (Q1-9) Correctness (Q10-12) Quality (Q13-19)

GPT-5 52% 51% 64% 72% 70% 79% 90% 89% 92%

GPT-o1 46% 44% 47% 68% 63% 65% 90% 88% 91%

Gemini-2.5-Flash 65% 68% 70% 82% 80% 85% 95% 94% 96%

Llama3.2-11B-VL 50% 53% 48% 19% 28% 20% 65% 63% 65%

Qwen3-30B-VL 71% 71% 70% 56% 57% 52% 76% 74% 72%

Table 1: Performance comparison of VLMs across dimensions. Values denote the average percentage of scores
achieved across the rubric for each dimension. Learner profiles are denoted by icons: High- ( ), Intermediate-
( ), and Low-performance ( ). Bold denotes the best performance; underline denotes the second best.

study is shown in Figure 3, the color-coded group-365

ings represent the distinct dimensions of adaptivity.366

These annotations demonstrate how qualitative text367

outputs are converted into binary numerical scores368

(Yes=1, No=0). To validate the reliability of the369

annotation process, a subset of 120 responses was370

independently annotated by core coders, yielding a371

strong inter-rater agreement with a Cohen’s Kappa372

of κ = 0.87. Detailed agreement metrics for each373

model are reported in Appendix C.374

5 Results375

We examine the relationship between learner pro-376

files and VLMs’ performance in adaptivity, cor-377

rectness, and quality. Our analysis investigates378

whether these dimensions exhibit systematic varia-379

tion across learner profiles and model-related fac-380

tors (VLMs and test group), reflecting models’ sen-381

sitivity to learner differences and available con-382

textual information. Table 1 summarizes overall383

performance patterns across VLMs and learner pro-384

files. The reported values represent the mean per-385

centage of total possible points achieved within386

each dimension. For example, a 70% Adaptiv-387

ity score indicates the model satisfied 70% of the388

Q1–Q9 criteria. To provide deeper insight into389

specific adaptive behaviors, Table 2 disaggregates390

the Adaptivity dimension. It reports detailed per-391

formance on individual sub-metrics (e.g., Cogni-392

tive, Motivational, Complexity) across the four test393

groups (G1–G4), revealing how the availability of394

context influences specific instructional strategies.395

To provide evidence for these relationships, we396

employ a series of two-way analyses of variance397

(ANOVA), with learner profile and model-related398

factors as independent variables. Further details399

of the analysis are reported in Appendix D and400

Appendix E.401

5.1 Experimental analysis 402

Adaptivity (Q1–Q9). We analyzed how adaptivity 403

scores relate to learner profiles (high-, intermediate- 404

, and low-performance), VLMs, and test groups. 405

Overall, adaptivity scores showed significant rela- 406

tionships across VLMs and across test groups, with 407

no significant interaction involving learner profiles. 408

Adaptivity varied substantially across mod- 409

els, with a significant main effect of VLMs, 410

F (4, 705) = 41.81, p < .001, indicating differ- 411

ences in adaptivity performance across models. 412

Tukey HSD post hoc comparisons indicated that 413

Gemini-2.5-Flash and Qwen3-VL-30B achieved 414

significantly higher adaptivity scores than GPT-5, 415

GPT-o1, and Llama3.2-11B-VL, whereas differ- 416

ences between Gemini-2.5-Flash and Qwen3-30B- 417

VL were not statistically significant. In contrast, 418

adaptivity scores showed no significant association 419

with learner profiles, F (2, 705) = 1.72, p = .18, 420

and no significant interaction between learner pro- 421

file and VLMs, F (8, 705) = 1.63, p = .11. 422

A complementary analysis examined adaptiv- 423

ity as a function of learner profile and test group 424

(Groups 1–4, reflecting increasing contextual infor- 425

mation). The results showed a significant relation- 426

ship between contextual information and adaptivity: 427

responses generated with access to additional con- 428

text exhibited higher adaptivity scores. This pattern 429

was supported by a significant main effect of test 430

group, F (3, 708) = 92.73, p < .001. Tukey HSD 431

comparisons revealed that Group 1 (math question 432

only) scored significantly lower than Groups 2, 3, 433

and 4, with no significant differences emerging 434

among Groups 2, 3, and 4. 435

Correctness (Q10–Q12). Correctness scores 436

showed a similar pattern, with variation driven pri- 437

marily by model differences rather than learner 438

profiles or test groups. Across both analyses, cor- 439
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Dimensions

Model Performance by Group and Overall (O)

Proprietary Models (%) Open-Source Models (%)

GPT-5 GPT-o1 Gemini-2.5-flash Llama3.2-11B-VL Qwen3-30B-VL

Metric G1 G2 G3 G4 O G1 G2 G3 G4 O G1 G2 G3 G4 O G1 G2 G3 G4 O G1 G2 G3 G4 O

C
og

ni
tiv

e CK (Q1) 31 94 94 89 77 53 66 68 67 63 53 100 100 100 88 36 47 83 78 61 67 100 100 100 92

CCS (Q4) 61 94 94 89 85 83 97 100 97 94 83 94 100 100 94 72 92 72 86 81 94 97 94 97 96

DL (Q5) 44 94 86 89 78 61 86 86 89 81 72 74 89 97 83 67 72 58 75 68 92 100 86 86 91

M
ot

iv
.

LA (Q2) 3 92 89 78 65 22 43 27 47 35 6 97 100 100 76 11 33 86 81 53 39 94 100 100 83

SE (Q3) 0 53 47 53 38 8 11 8 3 8 0 100 97 97 74 3 11 61 53 32 17 94 92 97 75

C
om

pl
ex

ity

Expl. (Q6) 6 75 81 61 56 17 83 51 42 48 64 100 97 97 90 69 86 72 86 78 92 100 89 97 94

Exam. (Q7) 0 8 11 6 6 6 14 0 0 5 3 12 8 8 8 3 8 8 3 6 8 8 3 0 5

Prac. (Q8) 0 42 44 22 27 0 0 0 0 0 0 0 0 0 0 0 0 8 8 4 0 0 0 0 0

SBS (Q9) 17 86 86 86 69 58 86 78 89 78 92 100 97 94 96 72 64 58 78 68 100 100 100 100 100

Average 19 68 68 63 55 33 60 51 52 49 36 77 78 78 76 37 50 61 64 55 45 86 85 86 81

Table 2: Detailed adaptivity dimension performance. Values represent the percentage (%) of responses satisfying
rubric criteria. Row metrics are: Cognitive (CK: Current Knowledge, CCS: Content Scope, DL: Difficulty Level),
Motivational (LA: Learning Attitude, SE: Self-Efficacy), and Complexity(Expl.: Explanation, Exam.: Examples,
Prac.: Practice, SBS: Step-by-Step). Background colors distinguish Proprietary vs. Open-Source models.

rectness did not systematically align with learner440

profiles. When examining learner profile and441

VLMs, correctness scores exhibited no associa-442

tion with learner performance level, as reflected443

by a non-significant main effect of learner profile,444

F (2, 705) = 0.01, p = .99, and no significant445

interaction, F (8, 705) = 0.65, p = .74. There446

was, however, a significant main effect of VLMs,447

F (4, 705) = 64.28, p < .001. Post hoc analyses448

indicated that Gemini-2.5-Flash and GPT-based449

models outperformed Llama3.2-11B-VL, and that450

Gemini-2.5-Flash also scored significantly higher451

than Qwen3-30B-VL.452

Quality (Q13–Q19). Quality scores further re-453

inforced the pattern observed for adaptivity and454

correctness: learner profiles did not systematically455

relate to the model response quality, whereas sub-456

stantial differences emerged across VLMs.457

Across learner profiles and VLMs, quality did458

not vary as a function of learner performance level,459

with no significant main effect of learner profile,460

F (2, 705) = 0.62, p = .54, and no interaction461

effect, F (8, 705) = 0.18, p = .99. However,462

quality differed significantly across models, as463

indicated by a significant main effect of VLMs,464

F (4, 705) = 69.44, p < .001. Tukey HSD com-465

parisons showed that Llama3.2-11B-VL produced466

significantly higher error counts than all other467

models, while Gemini-2.5-Flash achieved signifi-468

cantly lower error scores than GPT-5, GPT-O1, and469

Qwen3-30B-VL.470

Consistent with the model-driven effects re- 471

ported above, Gemini-2.5-Flash showed strong 472

overall performance, achieving high correctness (M 473

= 82%) and quality (M = 95%) while maintaining 474

competitive adaptivity (M = 68%). Qwen3-30B- 475

VL obtained the highest average adaptivity score 476

across learner profiles (M = 71%). However, its 477

correctness and quality were comparatively lower. 478

This is mainly due to overly long model generations 479

that were more likely to be truncated or incomplete, 480

which in turn produced formatting issues and par- 481

tial non-adherence to prompt instructions. GPT-o1 482

performed the opposite profile, with weaker adap- 483

tivity but robust correctness and quality. We also 484

observed a correctness gap between Llama3.2-11B- 485

VL and the closed-source models, with the latter 486

consistently outperforming Llama3.2-11B-VL. Fi- 487

nally, within the closed-source models, responses 488

for low-performance learners showed higher cor- 489

rectness and quality. 490

5.2 Observations 491

This subsection summarizes key empirical obser- 492

vations derived from rubric-based annotations of 493

VLM responses. These observations are grounded 494

in aggregated rubric scores across learner profiles 495

and context conditions, supplemented by qualita- 496

tive inspection of representative model outputs. To- 497

gether, they reveal systematic limitations in current 498

VLMs’ adaptive instructional behavior. 499
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VLMs exhibit minimal behavioral adaptation500

to learner attitudes and self-efficacy. As adap-501

tivity constitutes the core dimension of the pro-502

posed rubric, we first examine how VLMs respond503

to learner-specific motivational factors, particu-504

larly learning attitude and self-efficacy (Q3–Q5).505

Across models, GPT-5, GPT-o1, and Llama3.2-506

11B-Vision-Instruct exhibit consistently low re-507

sponse rates in addressing these factors. For ex-508

ample, GPT-o1 addresses self-efficacy concerns in509

only 8% of applicable cases, with a 0% response510

rate for Grade 4 intermediate-performing learn-511

ers. In contrast, low-performance learners receive512

substantially more motivational feedback, with an513

average response rate of 36.8% when low confi-514

dence is explicitly indicated. Among all evaluated515

models, Qwen3-30B-VL (33.1%) and Gemini-2.5-516

Flash (32.5%) demonstrate comparatively stronger517

engagement with learners’ self-efficacy. Interest-518

ingly, some Qwen3-30B-VL responses include ex-519

plicit encouragement (e.g., “You got this!”),520

suggesting partial instructional responses using mo-521

tivational language. These patterns suggest models522

implicitly equate lower performance with greater523

motivational need, overlooking the importance of524

supporting confidence and learning attitudes among525

high- and intermediate-performing learners.526

Providing learners’ knowledge backgrounds to527

the VLM does not guarantee appropriate feed-528

back. It is essential to understand learners’ cur-529

rent knowledge level before providing them with530

feedback. However, such an understanding does531

not mean that the VLMs have the capabilities to532

provide appropriate differentiated feedback. In sev-533

eral cases, responses to different learners are nearly534

identical, suggesting weak sensitivity to learner535

distinctions. The VLMs frequently misunderstand536

how to deliver suitable content to specific groups.537

Table 2 illustrates that GPT-5 generates longer and538

more detailed explanations for high-performance539

learners than for intermediate-performance learn-540

ers, despite the latter typically requiring greater541

instructional scaffolding. These findings indicate542

that access to learner background information alone543

does not guarantee appropriate or pedagogically544

aligned feedback.545

Multimodal misinterpretation and response546

quality failures. Beyond adaptivity, our rubric-547

based evaluation surfaces notable correctness and548

quality issues, particularly for visually grounded549

mathematics problems. Geometry items pose a sig-550

nificant challenge: for instance, a Grade 4 geometry 551

question (G4Q5) required comparing four choices’ 552

rectangles to identify the correct one. Although 553

the task structure is clear, only 10 out of 60 model 554

responses produced correct answers. This error pat- 555

tern persists despite the problem’s clear structure, 556

pointing to limitations in visual–spatial reasoning 557

rather than ambiguity in the task itself. These errors 558

are consistently reflected in low correctness scores 559

across multiple models and learner profiles. More- 560

over, a common failure mode involves conflating 561

multiple-choice option labels with their embedded 562

numerical content. When presented with options 563

like "D. 6kg", the correct response should iden- 564

tify the label (D) rather than the embedded value 565

(6kg). However, models regarded the embedded 566

value as the final answer, omitting the required op- 567

tion label. Additionally, when questions integrate 568

images, formulas, and text, models often extract 569

misaligned or inaccurate information. This mani- 570

fests as hallucinations or inaccurate extraction in 571

solution, compromising mathematical reasoning 572

and instructional reliability, even when the final 573

answer appears superficially plausible. 574

6 Conclusion 575

This paper evaluates whether VLMs demonstrate 576

adaptive capabilities in mathematics education. To 577

this end, we introduce a learner model–inspired 578

rubric that provides a structured framework for as- 579

sessing adaptivity beyond surface-level personaliza- 580

tion. Applying this rubric to VLMs across learner 581

profiles reveals that, while models exhibit some 582

sensitivity to learner context, their adaptive behav- 583

ior remains limited and inconsistent. In particular, 584

models often fail to differentiate instructional strate- 585

gies across learners with distinct academic back- 586

grounds, indicating a gap between generic tutoring 587

responses and genuinely adaptive instruction. 588

The proposed rubric offers a principled tool 589

for systematically comparing adaptive capabilities 590

across models. Looking forward, future work may 591

extend this rubric to distinguish baseline adaptiv- 592

ity from more sophisticated forms of instructional 593

adaptation and to examine additional components 594

of adaptive learning frameworks. More broadly, 595

this work highlights the need for evaluation method- 596

ologies that prioritize pedagogical alignment with 597

learners, providing guidance for the development 598

of more adaptive and educationally grounded mul- 599

timodal models. 600
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Limitations601

While we have developed the adaptive rubric and602

accompanying worksheet to identify the VLMs’603

adaptive capabilities, the rubric questions for adap-604

tivity are not exhaustive. Other adaptivity variables,605

including those from affective and socio-cultural606

aspects, are also important for evaluation. In ad-607

dition, our study simulated the learner rather than608

testing with real students, which cannot include609

all the learning behavior factors of real students.610

Moreover, there might be other differences inher-611

ent in using an automated tutoring system com-612

pared to human tutors that are not addressed in613

the current adaptive learning framework. For in-614

stance, human tutors may create more social pres-615

sure, which might be helpful or harmful for learn-616

ing. A further limitation is that the proposed rubric617

is designed as a baseline that evaluates whether re-618

sponses have adaptive capabilities in mathematics619

education. However, a response classified as adap-620

tive in this study does not represent a high-quality,621

high-level adaptive response.622

Ethical Consideration623

This study involves the evaluation of vision lan-624

guage models using synthetic and publicly avail-625

able mathematical problem data. No personally626

identifiable information or human subject data were627

used in model evaluation. We obtained official per-628

mission from the International Association for the629

Evaluation of Educational Achievement (IEA) to630

use the Trends in International Mathematics and631

Science Study (TIMSS) 2019 and 2023 mathemat-632

ics items from Grade 4 and Grade 8. Thus, the633

data has no potential privacy or content safety con-634

cerns. Additionally, the learner characteristics of635

learner profile data were extracted from the TIMSS636

2019 and TIMSS 2023 public reports and datasets637

(Fishbein et al., 2021, 2025).638
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A Detailed Rubric824

This section comprehensively documents the rubric825

criteria, scoring hierarchies, and reference exam-826

ples established in the evaluation framework. To827

ensure reproducibility and transparency, each entry828

below specifies the exact text used to prompt evalu-829

ators, the theoretical dimensions underpinning the830

metric (e.g., Cognitive Aspects vs. Motivational As-831

pects), and the precise logic required to assign val-832

ues (e.g., −1 vs. 0 vs. 1). Additionally, we provide833

the canonical examples that define the boundary834

conditions for each score, presenting the material835

verbatim from the study’s design documents.836

A.1 Adaptivity837

Q1. Does the response take the learner’s
prior math knowledge into account?

Cognitive aspects - Current knowledge (Plass
and Pawar, 2020)
Criteria: The response should match the
learner’s stated math level. A response fails
when it: 1) The content area is more than the
learner’s. 2) The content area is out of this
grade’s scope.
Scoring & Examples:

• 0 = No: Prompt: I just learned algebra in
grade 8. Could you teach me this question
"y = ab. Which is the value of y when a
= 1 and b = 2"
Response: Sure! Think about a x b in a
higher-dimensional space...

• 1 = Yes
838

Q2. Does this response try to build a positive
attitude in the learner?

Motivational aspects - Learning attitude
(Bernacki et al., 2021)
Criteria: Definition of Learning Attitude in
Math: Kibrislioglu (2015) defines attitude to-
wards mathematics as liking or disliking of the
subject; a tendency to engage in or avoid math-
ematical activities; a belief that one is good or
bad at mathematics; and a belief that mathemat-
ics is useful or useless.
Scoring & Examples:

• -1 = No, it responds negatively

• 0 = No

• 1 = Yes: Prompt: I don’t like math. Can
you help me understand 2 × 3?
Response: "I can help you with that...."

839

Q3. Does this response intend to improve
the student’s self-efficacy for completing this
mathematics task?

Motivational aspects - Self-efficacy (Plass and
Pawar, 2020)
Criteria: Math self-efficacy is a situational or
problem-specific assessment of an individual’s
confidence in her or his ability to successfully
perform or accomplish a particular mathemat-
ical task or problem (Hackett and Betz, 1989).
The response should help the student feel capa-
ble of solving the math question.
Scoring & Examples:

• -1 = No, it responds negatively

• 0 = No

• 1 = Yes: Prompt: I am not confident in
math learning. Can you help me under-
stand 2 × 3?
Response: "Math can be tricky, but we can
solve this together."

840

Q4. Does the solution meet the Common
Core standard at this grade level?

Cognitive aspects - Difficulty (Marraffino et al.,
841
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2021)
Criteria: The response aligns with the Com-
mon Core standard math knowledge scope and
difficulty.
Scoring & Examples:

• 0 = No: Not followed the Common Core
Standard

• 1 = Yes: Prompt: I’m not sure I can solve
12 × 13. Can you teach me?
Response: Of course! This is a Number
and Operation question in Grade 4......?

842

Q5. Is the solution at an appropriate diffi-
culty level for the learner?

Cognitive aspects - Difficulty (Marraffino et al.,
2021)
Criteria: The response should match the
learner’s skill level. A response fails when the
explanation is too advanced, too complex, or
uses concepts the learner is not ready for.
Scoring & Examples:

• 0 = No: Not provided a solution at an
appropriate difficulty level

• 1 = Yes: Prompt: What is 2 + 2?
Response: It is 4 because adding two items
to another two items makes four items.

843

Q6. Does this response explain the mean-
ing of this math question to help the learner
understand the problem?

Complexity
Criteria: The response should explain the
meaning of the math question to help the learner
know its logic and better know how to solve it.
A response fails when the response does not
provide an explanation of the meaning of the
math question.
Scoring & Examples:

• 0 = No: Not explained

• 1 = Yes: Response: ...This question
means...?

844

Q7. Does this response provide an example
aligned with this math question’s topic?

Complexity
Criteria: The response should give an example
that matches the math topic in the question. A
response fails when the example is unrelated,
off-topic, or does not help illustrate the math
idea being asked about.
Scoring & Examples:

• 0 = No: No example provided

• 1 = Yes: Response: ...Here is an example...
845

Q8. Does this response provide additional
practice similar to this math question?

Complexity
Criteria: The response should give extra prac-
tice problems that match the math concept in
the question. A response fails when the re-
sponse does not provide extra practice.
Scoring & Examples:

• 0 = No: No additional practice provided

• 1 = Yes: Response: ...Let’s practice...
846

Q9. Does the response provide cues (e.g.,
step-by-step, signals of importance) to guide
the learner?

Complexity
Criteria: The response should include helpful
cues such as steps, hints, or pointing out im-
portant parts of the problem. A response fails
when it gives the answer with no guidance or
offers no structure to help the learner follow the
process.
Scoring & Examples:

• 0 = No: No cues provided

• 1 = Yes: Response: ...Let’s go step by step.
First...

847

A.2 Correctness 848

Q10. Does the response provide a correct
answer to this math question?

The response provides a correct answer.
849
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Criteria: The final answer provided by the
model must be mathematically correct.
Scoring & Examples:

• 0 = No: Prompt: 2 + 2 =?
Response: 5

• 1 = Yes: Prompt: 2 + 2 =?
Response: 4

850

Q11. Does the solution support and align
with the answer?

Criteria: The key explanation and logic should
clearly match the final answer.
Scoring & Examples:

• 1 = No

• 0 = Yes: Prompt: Can you teach me how
to solve 12 × 13?
Response: The answer is 156. This is a
number & operation math question...

851

Q12. Does the response provide a correct
solution to this math question?

Criteria: The response should give the correct
and accurate solution based on the math prob-
lem.
Scoring & Examples:

• 0 = No : More than 50% incorrect

• 1 = Mostly correct: Minor error that
doesn’t affect logic

• 2 = Completely correct
852

A.3 Quality853

Q13. Does the response have hallucinations
or inaccurately extracted information?

Criteria: The model responds with content that
contains hallucinations and/or extracts inaccu-
rate information from the provided prompt.
Scoring & Examples:

• 1 = No

• 0 = Yes
854

Q14. Does the response have failures in math-
ematical or logical reasoning?

Criteria: The model in its responses makes
errors in arithmetic calculations, statistical anal-
ysis, or other quantitative conceptual or numeri-
cal operations.
Scoring & Examples:

• 1 = No

• 0 = Yes
855

Q15. Does the response fail to accurately and
completely follow the prompt instructions?

Criteria: The model doesn’t follow explicit or
clearly implied instructions in the model input.
This includes responding in the wrong language,
ignoring the math exercise’s key information,
or not adhering to the user’s requirement.
Scoring & Examples:

• 1 = No

• 0 = Yes
856

Q16. Is the response incoherent?

Criteria: The model’s reasoning contains logi-
cal fallacies, contradicts itself within the same
response, or reaches conclusions that don’t fol-
low from the premises. It includes cases where
the model presents information and then contra-
dicts it later in the same response.
Scoring & Examples:

• 1 = No

• 0 = Yes
857

Q17. Does the response provide irrelevant
information?

Criteria: The model in its responses includes
information that doesn’t address the user’s
query or goes beyond the scope of what was
asked. This includes discussing tangential top-
ics, adding unnecessary background, or focus-
ing on aspects not central to the query.
Scoring & Examples:

• 1 = No

• 0 = Yes
858
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Q18. Does the response have formatting,
grammatical, or vocabulary errors?

Criteria: This failure mode occurs when the
model’s response contains errors in formatting,
grammar, or word usage.
Scoring & Examples:

• 1 = No

• 0 = Yes
859

Q19. Is the response overly brief or lacking
necessary detail?

Criteria: The model provides a response that
lacks sufficient detail or explanation to ade-
quately address the query, given the complexity
of the topic and the apparent depth of informa-
tion requested.
Scoring & Examples:

• 1 = No

• 0 = Yes
860

B Model Sources and Computational861

Cost862

The models evaluated in this paper are obtained863

from the following sources:864

1. GPT-5 and GPT-o1 are provided by Ope-865

nAI. The corresponding API documentation866

is available at https://platform.openai.867

com/docs/models.868

2. Gemini-2.5-Pro is provided by Google869

Gemini, with API documentation available870

at https://ai.google.dev/gemini-api/871

docs.872

3. Qwen3-VL-30B-A3B-Instruct1 and Llama-873

3.2-11B-Vision-Instruct2 are open-source874

base model weights obtained from Hugging875

Face (https://huggingface.co/).876

For large proprietary models (e.g., GPT-5), a877

one-time evaluation on 600 samples incurs a cost878

of approximately $6 for generating explanations.879

All open-source model evaluations are conducted880

on a system equipped with two NVIDIA RTX 4090881

1https://huggingface.co/Qwen/
Qwen3-VL-30B-A3B-Instruct

2https://huggingface.co/meta-llama/Llama-3.
2-11B-Vision-Instruct

GPUs (32GB memory each). Overall, the mod- 882

est computational requirements demonstrate that 883

our evaluation protocol is accessible to researchers 884

with limited computational resources, while still 885

enabling comprehensive assessment of state-of-the- 886

art models. 887

C Human Annotation Details 888

To verify the reliability of our evaluation rubric, we 889

conducted a human annotation study on a strat- 890

ified subset of 120 model responses. Two ex- 891

pert annotators independently evaluated these in- 892

stances, achieving an overall inter-rater agreement 893

of 87.11%. As detailed in Table 3, these results 894

demonstrate strong consistency across different 895

models and learner profiles, confirming the repro- 896

ducibility of our scoring framework. 897

Model Agreement (%)

GPT-o1 100.00
GPT-5 89.47
Qwen3-VL-30B 84.21
Gemini-2.5-Flash 73.68
Llama3.2-11B-VL 73.68

Average 87.11

Table 3: Detailed inter-rater agreement metrics for each
evaluated model on the annotated subset (N = 120).
The overall average agreement across all models is
87.11%.
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D Statistical Analysis of Model Performance 898

We conducted a Repeated Measures ANOVA to statistically evaluate the performance differences between 899

VLMs and test items. As detailed in Table 4, the analysis revealed a statistically significant main effect for 900

the LLM (F = 41.39, p < .001), confirming that the choice of model significantly impacts performance 901

quality. 902

Additionally, we observed a significant main effect for Item (F = 721.61, p < .001) and a significant 903

Item × LLM Interaction (F = 21.75, p < .001). This interaction indicates that the performance gap 904

between models is not uniform; rather, it varies depending on the specific difficulty or type of math 905

question presented. 906

907

Cases Sum of Squares df Mean Square F p

Within Subjects Effects
Item 593.60a 8a 74.201a 721.61a < .001

Item ∗ LLM 71.56a 32a 2.236a 21.75a < .001

Residuals 588.17 5720 0.103
a Mauchly’s test indicates sphericity assumption is violated (p < .05).

Between Subjects Effects
LLM 61.25 4 15.312 41.39 < .001

Residuals 264.49 715 0.370

Table 4: Repeated Measures ANOVA Results. Analysis of Within-Subjects Effects (Item, Interaction) and Between-
Subjects Effects (LLM).

Figure 4 visualizes these descriptive trends. While some items (e.g., Item 7) proved uniformly difficult for 908

all models, causing performance to converge near zero, other items (e.g., Item 1 and 9) exhibit distinct 909

stratification, where higher-performing models separate clearly from lower-performing ones. 910

Figure 4: Descriptive Plots of Model Performance by Item. The x-axis represents the math items, and the y-axis
represents the normalized performance score. The divergence of lines illustrates the Item × LLM interaction effect.

E Statistical Analysis by Test Group 911

We extended our analysis to evaluate performance differences between distinct Test Groups using a 912

Repeated Measures ANOVA. As presented in Table 5, we found a statistically significant main effect for 913

TestGroup (F (3, 716) = 92.73, p < .001), with a substantial effect size (η2p = 0.280). This indicates that 914

the grouping factor accounts for 28% of the variance in between-subjects performance. 915

Furthermore, the Item × TestGroup interaction was significant (F (24, 5728) = 19.13, p < .001), 916

suggesting that performance gaps between groups are dependent on the specific item being solved. 917
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Cases SS df MS F p η2
p ω2

Within Subjects Effects
Item 593.64a 8a 74.205a 695.91a < .001 0.493 0.412
Item ∗ TestGroup 48.95a 24a 2.040a 19.13a < .001 0.074 0.022
Residuals 610.78 5728 0.107
a Mauchly’s test indicates sphericity assumption is violated (p < .05).

Between Subjects Effects
TestGroup 91.14 3 30.381 92.73 < .001 0.280 0.088
Residuals 234.59 716 0.328

Table 5: Repeated Measures ANOVA (Test Group). Comparison of Within-Subjects and Between-Subjects effects,
including effect sizes (η2p and ω2).

As illustrated in Figure 5, while all groups struggled similarly on the most difficult items (e.g., Item 7),918

the lower-performing group (bottom line) showed significantly higher divergence on Items 1, 3, and 5919

compared to the clustered higher-performing groups.

Figure 5: Descriptive Plots by Test Group. Performance stratification across 9 items. The x-axis represents
the items, and the y-axis represents the normalized score. One group (open circles) consistently underperforms
compared to the others.

920

F Case Profiles921

To qualitatively illustrate the adaptive capabilities of the evaluated models, we present a case study of a922

Grade 4 measurement problem. Figure 6 displays the responses generated by the model for the same math923

question across three distinct learner profiles: High-performance, Intermediate, and Low-performance.924

This visual comparison demonstrates how the model adjusts its pedagogical strategy, ranging from direct925

calculation to scaffolded instruction, based on the learner’s stated confidence and prior knowledge.926
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G4Q5 Responses Across Learner Profiles

Let’s solve it step by step.  Look at each balance (scale) 

one by one:

1) Top scale:    

- Left side: 1 kg + 2 kg  

- Right side: pineapple  

- Because they balance, the pineapple must weigh 

1 kg + 2 kg = 3 kg.

2) Middle scale:  

- Left side: pineapple (3 kg) + 2 kg  

- Right side: the large anvil  

- These are equal, so the large anvil weighs 

3 kg + 2 kg = 5 kg.

3) Bottom scale:  

- Left side: large anvil (5 kg) + 1 kg  

- Right side: watermelon  

- They balance, which means the watermelon weighs 

5 kg + 1 kg = 6 kg.

Answer: 6 kg.

--------------------------------------------------

A GOOD WAY TO THINK ABOUT THIS  

Try giving each unknown object (pineapple, anvil, 

watermelon) a “mystery number.” Then use each balance 

to write an addition statement. Solving them step by step 

shows the weight of each mystery object.

Here’s one way to figure it out step by step:

From the first balance:  

1 kg weight + 2 kg weight = pineapple  

So, the pineapple must weigh 3 kg. 

From the second balance:   pineapple + 2 kg 

weight  = large single weight  

Since the pineapple is 3 kg, 3 kg + 2 kg = 5 kg.  

So, that large single weight is 5 kg.  

From the third balance:  large single weight + 

1 kg weight = watermelon  

That’s 5 kg + 1 kg = 6 kg.  

Therefore, the watermelon weighs 6 kilograms. 

Let’s read each balanced scale one by one and 

find the weight of each item:

1) On the first scale, the 1 kg weight plus the 2 

kg weight together balance with the pineapple. 

This tells us the pineapple weighs 1 kg + 2 kg 

= **3 kg.

2) On the second scale, the pineapple (3 kg) plus 

the 2 kg weight balance with the large black 

weight on the right. So the large weight must 

be 3 kg + 2 kg = 5 kg.

3) On the third scale, the large weight (5 kg) plus 

the 1 kg weight balance with the watermelon 

on the right.  That means the watermelon 

weighs 5 kg + 1 kg = 6 kg. Therefore, the 

answer is 6 kg.

High Performance Intermediate Performance Low Performance

Figure 6: Case profiles for three learner profiles in G4Q5.

G Prompt Design Strategies 927

This section provides a comprehensive documentation of the evaluation rubric, presenting the specific 928

criteria, scoring hierarchies, and illustrative examples utilized in the study. To ensure full transparency 929

and reproducibility, the content below reproduces the definitions exactly as they appear in the evaluation 930

framework. Each entry details the theoretical sub-dimension (e.g., Cognitive vs. Motivational aspects), 931

the precise conditions required for each score (e.g., the distinction between a score of 0 and 1), and the 932

reference examples that serve as ground truth for annotators. 933

Learner Profile
Type

Grade Prompt

High-performance 4 I am a student from Grade 4, I like learning mathematics very much and I am very
confident in mathematics. Now I have mastered all mathematics topics in grade 4,
including number, measurement and geometry, and data. I got 615 in the TIMSS 2019
Math Test. Can you teach me this math question?

High-performance 8 I am a student from Grade 8, I like learning mathematics very much and I am very
confident in mathematics. Now I have mastered all mathematics topics in grade 8,
including number, algebra, geometry and measurement, and data and probability. I got
625 in the TIMSS 2019 Math test. Can you teach me this math question?

Intermediate-
performance

4 I am a student from Grade 4, I like learning mathematics very much and I am confident
in mathematics. Now I have mastered all mathematics topics in grade 4, including
number, measurement and geometry, and data. I got 550 in the TIMSS 2019 Math Test.
Can you teach me this math question?

Intermediate-
performance

8 I am a student from Grade 8, I like learning mathematics very much and I am very
confident in mathematics. Now I have mastered all mathematics topics in grade 8,
including number, algebra, geometry and measurement, and data and probability. I got
550 in the TIMSS 2019 Math test. Can you teach me this math question?

Low-performance 4 I am a student from Grade 4, I don’t like learning mathematics and I am not confident in
mathematics. Now I have mastered mathematics topics such as number and data in grade
4. I got 390 in the TIMSS 2019 Math Test. Can you teach me this math question?

Low-performance 8 I am a student from Grade 8, I don’t like learning mathematics and I am not confident in
mathematics. Now I have mastered mathematics topics such as number and geometry in
grade 8. I got 390 in the TIMSS 2019 Math Test. Can you teach me this math question?

Table 6: User prompts. User prompts across learner profiles (high-performance, intermediate-performance, and
low-performance) and grade levels (grade 4 and 8).
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H Learning Goals & Content Areas934

Content Area Topic Learning Goal

GRADE 4

Number Whole
Numbers

1. Demonstrate knowledge of place value (2-digit to 6-digit numbers); represent whole
numbers with words, diagrams, number lines, or symbols; order numbers.
2. Add and subtract (up to 4-digit numbers), including computation in simple contextual
problems.
3. Multiply (up to 3-digit by 1-digit and 2-digit by 2-digit numbers) and divide (up to
3-digit by 1-digit numbers), including computation in simple contextual problems.
4. Solve problems involving odd and even numbers, multiples and factors of numbers,
rounding numbers (up to the nearest ten thousand), and making estimates.
5. Combine two or more properties of numbers or operations to solve problems in
context.

Expressions,
Simple
Equa-
tions, and
Relation-
ships

1. Find the missing number or operation in a number sentence (e.g., 17 + w = 29).
2. Identify or write expressions or number sentences to represent problem situations that
may involve unknowns.
3. Identify and use relationships in a well-defined pattern (e.g., describe the relationship
between adjacent terms and generate pairs of whole numbers given a rule).

Fractions
and
Decimals

1. Recognize fractions as parts of wholes or collections; represent fractions using words,
numbers, or models; compare and order simple fractions; add and subtract simple
fractions, including those set in problem situations. (Fractions may have denominators of
2, 3, 4, 5, 6, 8, 10, 12, or 100.)
2. Demonstrate knowledge of decimal place value including representing decimals using
words, numbers, or models; compare, order, and round decimals; add and subtract
decimals, including those set in problem situations. (Decimals may have one or two
decimal places, allowing for computations with money.)

Measurement and
Geometry

Measurement1. Measure and estimate lengths (millimeters, centimeters, meters, kilometers); solve
problems involving lengths.
2. Solve problems involving mass (gram and kilogram), volume (milliliter and liter), and
time (minutes and hours); identify appropriate types and sizes of units and read scales.
3. Solve problems involving perimeters of polygons, areas of rectangles, areas of shapes
covered with squares or partial squares, and volumes filled with cubes.

Geometry 1. Identify and draw parallel and perpendicular lines; identify and draw right angles and
angles smaller or larger than a right angle; compare angles by size.
2. Use elementary properties, including line and rotational symmetry, to describe,
compare, and create common two-dimensional shapes (circles, triangles, quadrilaterals,
and other polygons).
3. Use elementary properties to describe and compare three-dimensional shapes (cubes,
rectangular solids, cones, cylinders, and spheres) and relate these with their
two-dimensional representations.

Data Reading,
Interpret-
ing, and
Repre-
senting
Data

1. Read and interpret data from tables, pictographs, bar graphs, line graphs, and pie
charts.
2. Organize and represent data to help answer questions.

Data Using
Data to
Solve
Problems

Use data to answer questions that go beyond directly reading data displays (e.g., solve
problems and perform computations using data, combine data from two or more sources,
draw conclusions based on data).

Table 7: Content Areas & Learning Goals. TIMSS mathematical content areas and learning goals in Grade 4.
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Content Area Topic Learning Goal

GRADE 8

Number Integers 1. Demonstrate understanding of properties of numbers and operations; find and use
multiples and factors, identify prime numbers, evaluate positive integer powers of
numbers, evaluate square roots of perfect squares up to 144, and solve problems
involving square roots of whole numbers.
2. Compute and solve problems with positive and negative numbers, including through
movement on the number line or various models (e.g., losses and gains, thermometers).

Fractions
and
Decimals

1. Using various models and representations, compare and order fractions and decimals,
and identify equivalent fractions and decimals.
2. Compute with fractions and decimals, including those set in problem situations.

Ratio,
Propor-
tion, and
Percent

1. Identify and find equivalent ratios; model a given situation by using a ratio; divide a
quantity according to a given ratio.
2. Solve problems involving proportions or percents, including converting between
percents and fractions or decimals.

Algebra Expressions,
Opera-
tions, and
Equations

1. Find the value of an expression or a formula given values of the variables.
2. Simplify algebraic expressions involving sums, products, and powers; compare
expressions to determine if they are equivalent.
3. Write expressions, equations, or inequalities to represent problem situations.
4. Solve linear equations, linear inequalities, and simultaneous linear equations in two
variables, including those that model real life situations.

Relationships
and
Functions

1. Interpret, relate and generate representations of linear functions in tables, graphs, or
words; identify properties of linear functions including slope and intercepts.
2. Interpret, relate and generate representations of simple non-linear functions (e.g.,
quadratic) in tables, graphs, or words; generalize pattern relationships in a sequence
using numbers, words, or algebraic expressions.

Geometry Geometric
Shapes
and
Measure-
ments

1. Identify and draw types of angles and pairs of lines and use the relationships between
angles on lines and in geometric figures to solve problems, including those involving the
measures of angles and line segments; solve problems involving points in the Cartesian
plane.
2. Identify two-dimensional shapes and use their geometric properties to solve problems,
including those involving perimeter, circumference, area, and the Pythagorean Theorem.
3. Recognize and draw images of geometric transformations (translations, reflections,
and rotations) in the plane; identify congruent and similar triangles and rectangles and
solve related problems.
4. Identify three-dimensional shapes and use their geometric properties to solve
problems, including those involving surface area and volume; relate three-dimensional
shapes with their two-dimensional representations.

Data and
Probability

Data 1. Read and interpret data from one or more sources to solve problems (e.g., interpolate
and extrapolate, make comparisons, draw conclusions).
2. Identify appropriate procedures for collecting data; organize and represent data to help
answer questions.
3. Calculate, use, or interpret statistics (i.e., mean, median, mode, range) summarizing
data distributions; recognize the effect of spread and outliers.

Probability For simple and compound events: a) determine theoretical probability (based on equally
likely outcomes, e.g., rolling a fair die) or b) estimate the empirical probability (based on
experimental outcomes).

Table 8: Content Areas & Learning Goals. TIMSS mathematical content areas and learning goals in Grade 8.
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