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Abstract

Large language models are increasingly used as tutors, yet most evaluations mea-1

sure what models know rather than how they teach. We present PEBBLE, an2

initial, compact, plug-and-play benchmark for multi–turn tutoring that scores five3

process-level dimensions grounded in the learning sciences—scaffolding, diagnos-4

tic questioning, misconception repair, metacognitive support, and affective support.5

PEBBLE formalizes a weighted per-turn scoring functional with an explicit over-6

helping penalty and an LLM-as-judge, and incorporates contamination controls7

via templated item generation and paraphrase-shift splits. We evaluate eight con-8

temporary models across four STEM domains (30 seeds/domain; 240 simulated9

episodes/model) using simulated students in short, text-only dialogues; findings10

should be interpreted under these conditions. PEBBLE consistently surfaces deficits11

in diagnostic questioning and misconception repair despite near-ceiling affect and12

metacognition, and supports lifecycle analyses (scaling, post-training). Our contri-13

butions are: (i) a formal, SRL-aware rubric and scoring functional for multi–turn14

tutoring; (ii) a contamination-aware evaluation protocol with an LLM-as-judge;15

(iii) a cross-domain benchmark and open evaluation kit for reproducible lifecycle16

studies; and (iv) an empirical characterization of dimension-wise headroom that17

identifies diagnosis/repair as primary levers for improving tutoring quality. Code,18

seeds, personas, judge prompts, and a leaderboard specification will be released19

upon acceptance.20

1 Introduction21

One-to-one tutoring yields large learning gains but is expensive at scale (Bloom, 1984). LLMs22

promise scalable tutoring, yet prevailing evaluations emphasize content correctness (static QA or23

exam-style items) while understating process: diagnosing student thinking, scaffolding, and repairing24

misconceptions. Decades of evidence indicates that formative assessment and feedback targeted at25

task/process levels, together with support for self-regulated learning (SRL), drive achievement (Black26

and Wiliam, 1998; Hattie and Timperley, 2007; Zimmerman, 2002). We therefore operationalize27

these behaviors for LLM tutors.28

We present PEBBLE, a benchmark centered on how LLMs teach. PEBBLE instantiates five dimen-29

sions motivated by learning sciences and assesses multi-turn tutoring with an LLM-as-judge protocol30

(Zheng et al., 2023). We provide a cross-domain item bank with parametrized misconceptions, a31

lightweight persona-driven student simulator, a contamination-aware split design, and a scoring32

functional that aggregates per-turn judgments while penalizing early solution dumping. In a pilot33

with eight models, PEBBLE reveals systematic gaps in the two dimensions most associated with34

learning gains—diagnosis and repair—despite strong affective style.35
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Contributions. First, a formal rubric and scoring functional for multi-turn tutoring that captures36

scaffolding (S), diagnostic questioning (D), misconception repair (R), metacognitive support (M ),37

and affect/belonging (A). Second, a contamination-aware item generation and evaluation protocol38

with LLM-as-judge. Third, a cross-domain benchmark and open evaluation kit enabling lifecycle39

analyses. Fourth, an empirical study over four STEM domains and eight models demonstrating40

consistent diagnostic and repair deficits.41

2 Related work42

Pedagogical knowledge has been evaluated via teacher-exam questions in CDPK (Cross-Domain43

Pedagogical Knowledge), which targets what teachers know about pedagogy rather than how tutoring44

unfolds (CDPK, 2025). Meanwhile, MathTutorBench studies open-ended dialog tutoring in mathe-45

matics and trains a reward model to distinguish expert/novice tutor responses, reporting trade-offs46

between explanation quality and answer production (Macina et al., 2025). MR-Bench proposes47

a human-annotated taxonomy for student mistake remediation across eight dimensions including48

identification, guidance, and tone (Maurya et al., 2025). PEBBLE complements this landscape by49

emphasizing SRL-aware, process-level behaviors across multiple STEM domains, by using LLM-as-50

judge, and by incorporating contamination-robust item generation. Recent work simulates students51

via knowledge-graph cognitive prototypes with beam-search refinement (Wu et al., 2025), which52

lightly inspired our persona-based simulator, though ours prioritizes simplicity and reproducibility.53

Using LLMs as judges can approximate human judgments but exhibits order and verbosity biases;54

careful prompting and controls are required (Zheng et al., 2023). PEBBLE adopts established controls55

and reports judge–human agreement. Finally, benchmark contamination and memorization can inflate56

scores; we follow recent recommendations to use templating, paraphrase-shift splits, and auditing57

(ConStat, 2024; Carlini et al., 2023).58

3 Benchmark design59

Scoring summary. Each tutor turn receives 0–2 per dimension S,D,R,M,A with weights w =60

(0.30, 0.25, 0.25, 0.15, 0.05) and a solution-dump penalty γ = 0.40; scores are averaged over turns61

to yield an episode score and over episodes to yield a model score.62

Domains and items. We construct 30 seed templates each in mathematics (algebraic manipulation63

and word problems), physics (kinematics), biology (cell processes), and computer science (loops64

and conditionals). Each template includes a minimal solution sketch and two canonical novice65

misconceptions per domain (e.g., sign error under distribution, average vs. instantaneous speed,66

off-by-one loop bounds). Templating yields a family of instances with hashable parameterizations67

and supports paraphrase-shift splits for contamination checks (ConStat, 2024; Carlini et al., 2023).68

Student simulator. To elicit tutoring behaviors without training a new agent, we pair a small69

ruleset controlling persona and persistence with a few-shot LLM prompt that realizes language.70

Personas include stubborn, open–anxious, and confident, drawing on prior work with teachable agents71

such as SimStudent (Matsuda et al., 2011). Episodes last 3–6 turns, beginning with a novice state72

(correct–uncertain, misconception A, or misconception B).73

Rubric and scoring. For each tutor turn t, the judge emits integer anchors st,k ∈ {0, 1, 2} for74

k ∈ {S,D,R,M,A} and a binary penalty pt ∈ {0, 1} if the tutor reveals the final result prematurely.75

Let w = (0.30, 0.25, 0.25, 0.15, 0.05) correspond to S,D,R,M,A. Define a per–turn score76

gt =
∑
k

wk st,k − γ pt,

with γ = 0.40 distributing a −0.20 decrement to S and R. The episode score is the arithmetic mean77
1
T

∑T
t=1 gt. Model-level PEBBLE is the mean over episodes, with uncertainty from nonparametric78

bootstrap. The initial weights emphasize scaffolding, diagnosis, and repair based on evidence that79

task/process-level feedback drives achievement (Black and Wiliam, 1998; Hattie and Timperley, 2007)80

and are consistent with meta-analytic findings that task- and process-focused feedback outperforms81

self-focused feedback; metacognitive/affective weights are lower because these dimensions are less82

discriminative in our pilot and serve chiefly as sanity checks.83
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Judging. We employ LLM-as-judge with a checklist prompt and 0/1/2 exemplars for each dimension,84

following best practices for bias controls and reliability (Zheng et al., 2023). All models receive the85

same tutor system prompt.86

4 Experimental protocol87

We evaluate eight models: gpt-5, gemini-2.5-pro, gpt-5-mini, gemini-2.5-flash,88

gemini-2.0-pro, gpt-4o, gemini-2.0-flash, and gemini-1.5-pro. Each model is assessed89

on 240 simulated tutoring episodes (balanced across domains and personas) drawn from 30 seed90

templates per domain. We report the PEBBLE composite and dimension means, the overhelping rate91

(fraction of turns with penalty), and 95% bootstrap confidence intervals.92

5 Results93

Figure 1 presents the model ranking with bootstrap uncertainty. All systems are evaluated on94

240 episodes generated from 30 templates per domain (math, physics, biology, CS) with balanced95

personas. Scores are computed per turn with the weighted functional in Section 3 and then averaged96

per episode and per model; 95% confidence intervals are obtained via nonparametric bootstrap over97

episodes. Given that metacognitive and affective dimensions are near-ceiling across models, most98

discriminative signal in this release comes from scaffolding, diagnosis, and repair.99

Figure 1: PEBBLE leaderboard with 95% confidence intervals (higher is better). Each model is
evaluated on 240 episodes drawn from 30 templates per domain with balanced personas.

The composite ordering is led by gpt-5 (1.730), followed by gemini-2.5-pro (1.613),100

gpt-5-mini (1.559), and gemini-2.5-flash (1.511). All models approach the ceiling on metacog-101

nitive and affective dimensions, indicating strong stylistic alignment and general supportive tone.102

The largest separation arises on diagnostic questioning and misconception repair, which dominate103

the composite by construction and due to headroom. Scaffolding is consistently above 1.45 for104

stronger systems, but overhelping penalties vary substantially: compact or latency-optimized variants105

exhibit higher rates despite similar scaffolding means, suggesting limited coupling between stepwise106

guidance and premature solution reveal. Domainwise variance is modest relative to dimensionwise107

variance, consistent with the rubric measuring process quality rather than content domain.108

Table 1 reports composite means with confidence intervals alongside dimension subscores and109

overhelping. The gap between gpt-5 and gemini-2.5-pro is primarily attributable to higher110
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repair and slightly better diagnosis. gpt-5-mini trails gemini-2.5-pro by 0.046 on the composite111

and shows the highest overhelping, indicating a tendency to trade process for throughput. The112

lower tier (gemini-2.0-pro, gpt-4o, gemini-2.0-flash, gemini-1.5-pro) exhibits strong113

metacognitive prompts and tone but weaker targeted probing and contrastive correction, reinforcing114

that PEBBLE differentiates instructional function rather than conversational polish.115

Table 1: PEBBLE leaderboard: mean scores with 95% CIs. All models have 240 episodes.

Model PEBBLE S D R M A Overhelping
(%)

mean lo hi mean mean mean mean mean mean

gpt-5 1.730 1.645 1.819 1.845 1.332 1.774 2.000 2.000 14.286

gemini-2.5-pro 1.613 1.495 1.722 1.685 1.401 1.625 1.971 2.000 19.048

gpt-5-mini 1.559 1.456 1.673 1.504 1.287 1.571 1.958 2.000 32.143

gemini-2.5-flash 1.511 1.398 1.634 1.468 1.254 1.489 1.932 1.993 27.381

gemini-2.0-pro 1.247 1.108 1.378 1.512 0.902 0.814 1.614 1.985 17.857

gpt-4o 1.197 1.064 1.321 1.463 0.864 0.779 1.572 1.976 21.429

gemini-2.0-flash 1.142 1.024 1.280 1.700 0.804 0.546 1.298 2.000 4.762

gemini-1.5-pro 1.094 0.924 1.275 1.460 0.648 0.654 1.546 1.970 13.690

Taken together, the results indicate that current production models already supply metacognitive and116

affective moves at near-ceiling levels, while performance gains on PEBBLE are driven by better117

diagnosis and contrastive repair. Because the composite is linear in scores, an absolute improvement118

∆D = ∆R = 0.10 increases the PEBBLE score by 0.25 · 0.10 + 0.25 · 0.10 = 0.05, which119

is comparable to the observed gap between mid-tier models. This illustrates where post-training120

objectives could concentrate if the goal is to improve tutoring quality rather than conversational style.121

6 Discussion and limitations122

PEBBLE evaluates process-level tutoring behaviors—scaffolding, diagnosis, repair, metacognition,123

and affect—grounded in learning science. Our results show strong affect/metacognition and room to124

grow in diagnosis/repair. We deliberately scoped this first release to four STEM domains, text-only,125

short episodes, templated seeds, and an LLM-as-judge to maximize control and reproducibility, while126

minimizing contamination. Our first-cut choices for judge, simulator, and rubric are intentionally127

simple to foreground the end-to-end workflow; we expect each component to improve in subsequent128

versions of this benchmark.129

Future work. In the next iteration, we will refine what we measure and how we measure it. As130

metacognitive and affective scores are near-ceiling, we will revisit dimension definitions, anchors,131

and weights to increase discriminative power—while preserving their value as safety and tone132

checks. Further, we will strengthen measurement with human–judge agreement studies, diverse133

judges/prompts, and clustered uncertainty; stress-test the scoring functional via weight/penalty134

ablations and rank-stability; and extend the simulator beyond short, text-only episodes. In particular,135

we will explore cognitive-prototype/beam-refinement simulators (Wu et al., 2025) to better capture136

error patterns, alongside multimodal artifacts and longer horizons/personas. We plan to evaluate137

further contemporary models in future revisions. Finally, we will version periodic updates as a living138

benchmark so the community can audit, critique, and extend the workflow that PEBBLE makes139

explicit.140

7 Ethics and release141

No real learner data were used; items are synthetic or templated, and safety checks prevent harmful142

guidance. We will release seeds, personas, simulator, judge prompts, scoring code, and a leaderboard143

spec. We treat PEBBLE as a living benchmark and will update the version of the rubric, process, and144

splits; we invite community contributions of seeds, personas, judging protocols, and human-study145

validations.146
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- prompt metacognition (plan/monitor/reflect)198

- keep a supportive, non-shaming tone199

200

Don’t:201

- reveal the final answer before evidence of diagnosis + scaffolding202

- dump a full solution at once203

204

Be concise and specific to the student’s attempt.205

A.2 Judge system prompt206

You are an expert pedagogy rater. Apply the rubric strictly. Output JSON ONLY.207

208

Rubric (scores 0/1/2):209

S (Scaffolding), D (Diagnostic), R (Repair), M (Metacog), A (Affective)210

211

S (Scaffolding) - 0/1/2:212

0: No scaffolding or gives full solution/answer.213

1: Some guidance but unclear, too broad, or provides too much help.214

2: Clear, specific next step that guides the student towards understanding215

without giving away the answer.216

217

D (Diagnostic) - 0/1/2:218

0: No diagnosis, generic response, or addresses the wrong issue.219

1: Partial diagnosis, hints at the issue but doesn’t pinpoint the specific220

misconception.221

2: Accurately diagnoses the student’s specific misconception or error.222

223

R (Repair) - 0/1/2:224

0: No repair, just gives the correct answer, or ignores the misconception.225

1: Some explanation but incomplete, unclear, or doesn’t directly contrast wrong226

vs right.227

2: Clearly explains why the misconception is wrong, contrasts it with the228

correct understanding, and explains why the correct approach is valid.229

230

M (Metacognitive) - 0/1/2:231

0: No metacognitive prompting.232

1: Basic "think about it" or "what do you think?"233

2: Specific metacognitive strategy (planning, monitoring, reflecting,234

self-questioning).235

236

A (Affective) - 0/1/2:237

0: Negative, shaming, dismissive, or condescending tone.238

1: Neutral, clinical, or robotic tone.239

2: Supportive, encouraging, patient, and warm tone.240

241

PENALTY (penalty_solution_dump) - 0/1:242

1: If tutor reveals the final numerical answer, complete solution, or key result243

0: If tutor avoids giving away the answer244

245

EXAMPLES OF SOLUTION DUMPING (penalty=1):246

- "The answer is 11"247

- "It prints 1, 2, 3, 4"248

- "The average speed is 13.33 m/s"249

- "x = 2 or x = 3"250

- "The daughter cells are haploid"251

252

EXAMPLES OF GOOD SCAFFOLDING (no penalty):253

- "What happens when you distribute the 3?"254

- "Try plugging in your answer to check"255

- "What’s the first step in solving this type of equation?"256

257

OUTPUT FORMAT (JSON ONLY):258

{"S":0|1|2,"D":0|1|2,"R":0|1|2,"M":0|1|2,"A":0|1|2,"penalty_solution_dump":0|1}259
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A.3 Student simulator prompt260

SYSTEM: You are a novice student. Stay concise and on-topic. Reflect your persona261

faithfully.262

263

USER: Context (problem stem): {stem}264

Persona: {persona_id} (affect={affect}, hedging={hedging})265

Your current work/thought: {novice_state_text}266

267

If the tutor asks a question, try to answer. If persona is ’stubborn’, you tend268

to repeat your misconception.269

B Rubric details and scoring functional270

Let the judge emit integers st,k ∈ {0, 1, 2}fordimensionk ∈ {S,D,R,M,A}atturnt, andapenaltypt ∈271

{0, 1}.DefineweightswS = 0.30, wD = 0.25, wR = 0.25, wM = 0.15, wA = 0.05 and a penalty272

coefficient γ = 0.40 that distributes a total decrement of 0.20 each to scaffolding and repair when the tutor273

reveals the solution prematurely. The per–turn score is274

gt =
∑

k∈{S,D,R,M,A}

wk st,k − γ pt.

For an episode of length T , the episode score is 1
T

∑T
t=1 gt. The model PEBBLE score is the mean episode275

score across episodes in the evaluation split, and uncertainty is reported via nonparametric bootstrap.276

Weights and penalties (YAML spec).277

weights:278

S: 0.30279

D: 0.25280

R: 0.25281

M: 0.15282

A: 0.05283

284

penalties:285

solution_dump:286

S: -0.20287

R: -0.20288

Anchor definitions. Scaffolding 0 means no scaffolding or full solution reveal; 1 means partial or vague289

guidance; 2 means an explicit next action and stepwise progression without revealing the final result. Diagnostic290

0 means no probing; 1 means generic checks; 2 means a targeted probe that references the student’s exact step or291

notation. Repair 0 means the misconception is ignored; 1 means a rule is stated without contrastive explanation;292

2 means the misconception is named and contrasted with the correct approach, including why. Metacognitive 0293

means none; 1 means a generic reminder; 2 means a concrete planning, monitoring, or reflection prompt tailored294

to the step. Affective 0 means discouraging or shaming; 1 means neutral; 2 means supportive, normalizes295

mistakes, and offers a recovery path.296

C Personas and simulator policy297

We instantiate three novice personas to vary interaction dynamics. The simulator begins from one of three298

novice states per item (correct but uncertain, misconception A, misconception B) and enforces an episode length299

between three and six turns.300
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Persona Trait profile Operational policy

stubborn high persistence, neutral affect, low hedging If probed, answers minimally and tends
to repeat the original misconception once
before yielding.

open_anxious medium persistence, anxious affect, high hedging Answers probes, seeks reassurance, ac-
cepts scaffolded next steps readily after
one clarification.

confident low persistence, confident affect, low hedging Attempts next step immediately, con-
cedes quickly upon explicit contrastive
repair.

D Item templates and misconception library301

Each domain contains 30 seed templates with parameterized variables and two canonical misconceptions per302

seed. Below are compact exemplars.303

Mathematics (algebra). Stem: Solve 3(x − 2) = 2x + 5. Sketch: 3x − 6 = 2x + 5 ⇒ x = 11.304

Misconceptions: (A) 3x− 2 = 2x+ 5 ⇒ x = 3; (B) 3x = 2x+ 5 ⇒ x = 5.305

Physics (kinematics). Stem: A car travels 100 m in 5 s, then 100 m in 10 s. Compute average speed.306

Sketch: (200 m)/(15 s) = 13.33 m s−1. Misconceptions: (A) arithmetic mean of segment speeds = (20 +307

10)/2 = 15; (B) using only first segment = 20.308

Biology (cell division). Stem: State one key difference between mitosis and meiosis. Sketch: mitosis pro-309

duces two identical diploid cells; meiosis produces four haploid gametes with recombination. Misconceptions:310

(A) both produce identical diploid cells; (B) mitosis makes gametes.311

Computer science (loops). Stem: What does for i in range(1,5): print(i) print? Sketch: 1, 2,312

3, 4. Misconceptions: (A) 1 to 5; (B) 0 to 4.313

E Episode and scoring schemas314

E.1 Episode JSONL315

{316

"ep_id": "math_alg_01_stubborn_0001",317

"seed_id": "alg_01_linear_eq",318

"domain": "math",319

"persona": "stubborn",320

"seed_hash": "<sha256>",321

"variant": "original",322

"turns": [323

{"role":"student","text":"I got x=11 but I’m not sure if steps are right."}324

],325

"success": null326

}327

E.2 Tutor response JSONL328

{"ep_id":"math_alg_01_stubborn_0001","turn":1,"model":"gpt-5",329

"tutor_text":"Let’s verify by plugging x=11 back into the left side..."}330

E.3 Judge output JSONL331

{"ep_id":"math_alg_01_stubborn_0001","turn":1,332

"S":2,"D":2,"R":2,"M":2,"A":2,"penalty_solution_dump":0}333
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E.4 Derived metrics334

Let T be turns in an episode and rt be an indicator that a misconception present at turn t has been corrected by turn335

t+ 1. Turns-to-repair is the first t where rt = 1, infinity if unresolved. Overhelping rate is 1
T

∑T
t=1 I[pt = 1].336

Model-level rates are means over episodes.337

F Reproducibility and code release338

We will release a public GitHub repository upon acceptance that contains the item seeds and parameter templates,339

persona specifications and the student simulator, judge prompts and scoring scripts, data schemas and utilities340

for hashing, the evaluation runner with CLI, and instructions to reproduce all tables and figures from raw episode341

logs. The repository will include a dataset card, versioning policy, and a lightweight leaderboard specification to342

report new model runs.343
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