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Abstract

Evaluating LLMs as math tutors is challeng-
ing because many automated protocols either
score a single response against a reference or
place the model in a fixed dialogue context,
without measuring its ability to build and steer
tutoring interactions. We present a fully auto-
mated, simulation-based framework that gener-
ates controlled multi-turn teacher–student dia-
logues with turn-level answer verification under
a fixed interaction budget. This budget speci-
fies the maximum number of student–teacher
rounds allowed per problem (K = 5 in our
main experiments). To prevent score inflation
from answer-revealing feedback, we introduce
an overinformative eligibility filter: a hint-only
student test applied to the teacher utterance
immediately preceding the student’s first cor-
rect attempt. Only eligible corrections receive
credit in our effectiveness and efficiency met-
rics, both of which are normalized by the num-
ber of initially incorrect sessions. We also pro-
pose a diagnostic metric suite separating tu-
toring effectiveness/efficiency (ECR/FEI), an-
swer reachability (ARG), and teacher judgment
(correctness/incorrectness F1). Experiments on
GSM8K and MATH with diverse teacher and
student models show that problem-solving ac-
curacy is an informative but incomplete proxy
for interactive tutoring ability, and that fil-
tering overinformative feedback can substan-
tially alter apparent performance. Our frame-
work enables scalable, reproducible, and fine-
grained evaluation of LLM math tutoring be-
yond outcome-only scoring.

1 Introduction

Large language models (LLMs) are increasingly
deployed as interactive math tutors (Dinucu-Jianu
et al., 2025; Team et al., 2025b), raising a practical
question: how can we evaluate LLM math tutor
models in a way that more faithfully reflects their
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underlying tutoring capability, while remaining re-
liable and scalable (Gupta et al., 2025)? Prior
work often mixes automatic scoring with human re-
view by comparing tutor utterances to reference
responses in existing teacher–student dialogues
and asking raters to judge educational appropri-
ateness (Macina et al., 2023; Maurya et al., 2025;
Macina et al., 2025). However, human-in-the-loop
evaluation is costly and difficult to standardize:
judgments vary across raters and time, and results
are hard to reproduce.

Fully automated evaluation is appealing, but
common protocols have two structural limita-
tions (Mohammadi et al., 2025): (i) scoring against
a single reference response and (ii) evaluating
within a pre-written dialogue context. Single-
reference comparisons can penalize valid tutoring
that differs in wording, explanation order, or teach-
ing style (e.g., guiding questions vs. direct hints),
making scores sensitive to surface form rather than
instructional quality (Zhang et al., 2025; Gudipati,
2025). Pre-written contexts also make evaluation
overly clean: real tutoring requires interpreting im-
perfect student answers, choosing the next move,
handling misunderstandings and repetition, and re-
covering when feedback fails. As a result, such
setups often measure how well a model contin-
ues someone else’s dialogue rather than how well
it can build and steer an interaction, and scores
may depend on the dataset’s dialogue flow or re-
vealed solution steps (Daheim et al., 2024; Wang
et al., 2025). Moreover, turn-level scoring is only
weakly tied to what tutoring ultimately cares about:
whether the student is corrected and how efficiently
they reach the correct answer.

We propose a simulation-based, fully automated
framework for evaluating LLM math tutoring
through interactive teacher–student dialogues on
verifiable math problems.1 A tutor model plays

1Code is available at https://github.com/KUNLP/
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the teacher role and interacts with a fixed student
model under a controlled multi-turn protocol, while
student correctness is automatically verified at each
turn. Our goal is to provide a controlled and repro-
ducible protocol for evaluating interaction-level
tutoring behavior, rather than to replace studies
with real learners or directly measure long-term
learning gains. By fixing the student model and ex-
perimental conditions—including the problem set,
prompts, interaction budget, decoding settings, ver-
ification rules, and stopping conditions—and vary-
ing only the teacher model, we enable standardized
teacher comparisons. We treat each problem as a
multi-turn tutoring session and evaluate whether
an initially incorrect simulated student reaches the
correct answer within the fixed budget and how
efficiently this occurs. We also apply a conserva-
tive overinformative eligibility rule to reduce credit
for answer-revealing shortcut success, rather than
treating every correction as evidence of effective
guidance. These interaction-level behaviors are
difficult to capture through single-response scor-
ing or evaluation within fixed, pre-written dialogue
contexts.

Our contributions can be summarized as follows:

• Interaction-aware, fully automated tutor-
ing evaluation We introduce a simulation-
based protocol that evaluates math tutoring
via controlled multi-turn teacher–student dia-
logues with turn-level answer verification un-
der a fixed interaction budget.

• Overinformative-aware eligibility to pre-
vent shortcut success We propose a hint-only
overinformative test on the teacher utterance
immediately preceding the student’s first cor-
rect attempt and assign credit only to eligible
corrections when measuring tutoring effective-
ness and efficiency.

• Complementary diagnostics and empirical
analyses We quantify interaction-level tutor-
ing behavior through Error Correction Rate
(ECR), Feedback Efficiency Index (FEI), An-
swer Reachability Gain (ARG), and teacher-
judgment F1 scores (CJ-F1/IJ-F1). Exper-
iments on GSM8K and MATH quantify
the relationship between standalone problem-
solving accuracy and these tutoring metrics,
showing that accuracy is an informative but in-
complete proxy for interactive tutoring ability.

LLM-MATH-TUTOR-EVAL.

We also assess agreement between automatic
overinformativeness and teacher-judgment la-
bels and human annotations.

2 Related Work

LLM teachers for dialogue-based math tutoring
Dialogue tutoring aims to scaffold learning through
structured guidance rather than merely provide cor-
rect answers. Recent work shapes LLM teacher be-
havior via prompting, finetuning, and post-training
alignment. Prompt-based methods range from
handcrafted pedagogical prompts (Sonkar et al.,
2023; Kargupta et al., 2024) to more structured,
decision-oriented prompting that mirrors teacher
practices (e.g., diagnosing error types before se-
lecting pedagogical intent) (Wang et al., 2024).
However, prompts can be costly to design and brit-
tle, complicating systematic comparison (Jurenka
et al., 2025). Finetuning trains teachers on peda-
gogical conversations or synthetic teacher–student
dialogues (Xu et al., 2024), but collecting high-
quality human-created tutoring data remains ex-
pensive (Macina et al., 2023), motivating mixtures
of synthetic and human data or alignment to im-
plicit pedagogical preferences (Team et al., 2025b).
Across these approaches, a recurring bottleneck
is the lack of scalable, reproducible protocols for
comparing interaction-level tutoring ability.

Automatic and human evaluation of tutoring
dialogue Tutoring quality is inherently open-
ended: there is rarely a single best teacher utter-
ance per turn, so reference matching (or generic
NLG metrics) can be noisy and unreliable (Pa-
pineni et al., 2002; Zhang et al., 2020; Jurenka
et al., 2025). Task-specific classifiers (e.g., active
listening) cover only narrow facets and often ig-
nore long-range context (Demszky et al., 2021).
Many recent evaluations therefore rely on human
experts or strong LLM judges (e.g., GPT-4) along
dimensions such as helpfulness, presentation, or
Socratic behavior (Liu et al., 2024; Liang et al.,
2024), but these are costly, hard to reproduce, and
may depend on closed models. Taxonomies and
guidelines provide useful structure but are typi-
cally static rather than an automated protocol for
continual comparison (Tack and Piech, 2022; Mau-
rya et al., 2025); learner studies directly measure
learning outcomes but are expensive and practically
constrained (Schmucker et al., 2024). Our work
addresses this gap with a unified automatic evalu-
ation: we evaluate teacher models via controlled
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LLM–LLM interactions and report session-level
outcomes and judgment behavior, while explicitly
controlling for answer-revealing (overinformative)
feedback to prevent shortcut “success” from inflat-
ing tutoring-driven metrics.

3 Methodology

3.1 Dialogue Data Construction

We build an evaluation dialogue dataset by simu-
lating math tutoring between a teacher LLM and
a student LLM. Each benchmark problem (e.g.,
GSM8K, MATH) yields one self-contained teacher–
student session. Both agents follow fixed role in-
structions: the student attempts the problem with
explicit reasoning, revises only the erroneous part
when corrected, and reports the final answer as “So,
the answer is ...”; the teacher assesses each attempt
and, when the student is incorrect, provides concise
guidance (hints or guiding questions) rather than
directly giving the final answer or a full solution.
The full problem, student, teacher, and hint prompt
templates are provided in Appendix B.

Each session begins with a fixed problem prompt.
At round k, the student generates an attempt sk,
which is automatically verified to obtain yk, and
the teacher then responds with tk. The teacher
responds even when sk is correct, allowing us to
evaluate correctness judgment. The full simulation
protocol is provided in Algorithm 2 (Appendix A).

The interaction budget K denotes the maxi-
mum number of student–teacher rounds allowed
per problem, where each round consists of one stu-
dent attempt followed by one teacher response. If
the student first becomes correct at round k, the ses-
sion ends after the teacher response tk; otherwise,
it ends after tK .

We use K = 5 in the main experiments as a
controlled evaluation condition, rather than an op-
timal or required value. More generally, K is a
configurable parameter of the framework. For each
student model, we fix the problem set, prompts,
interaction budget, decoding settings, verification
rules, and stopping conditions across runs and vary
only the teacher model, so that all teachers are com-
pared under the same tutoring opportunity.

3.2 Evaluation Setup and Notation

We evaluate tutoring from four complementary as-
pects: (i) effectiveness (whether interaction helps
an initially incorrect student reach a correct an-
swer), (ii) efficiency (eligible correction success

weighted by the reciprocal number of feedback
steps), (iii) answer reachability (how the simulated
student’s conditional likelihood of the correct fi-
nal answer changes following teacher feedback),
and (iv) teacher judgment (whether the teacher rec-
ognizes correct answers and flags incorrect ones,
reported as two F1 scores).

Each problem instance qi yields one dialogue
session Di generated by Algorithm 2. We denote
the student’s k-th attempt and the teacher’s reply by
si,k and ti,k, respectively, for k = 1, . . . ,K (where
K = 5 is the maximum number of rounds in our
main experiments). For each student response, we
define a binary correctness signal yi,k ∈ {0, 1}
by yi,k = VERIFY(si,k, ai), where VERIFY uses
the Hugging Face math_verify library (Kydlíček,
2025) to extract the final answer and check equiva-
lence to the ground truth.

3.3 Eligibility and Overinformative Filtering
Our effectiveness/efficiency metrics are intended
to capture tutoring-driven correction while reduc-
ing credit for answer-revealing shortcuts. However,
these metrics can be spuriously inflated when the
teacher reveals the answer (or sufficiently decisive
information), allowing the student to become cor-
rect without meaningful reasoning. We therefore
introduce an overinformative filter as an eligibility
rule for computing tutoring-driven metrics.

Rather than measuring global verbosity, we eval-
uate a single teacher utterance per successful ses-
sion: the message ti,k∗−1 immediately preceding
the student’s first correct attempt si,k∗ . Our oper-
ational test asks whether the same student model
can produce the correct answer from the original
problem and the final pre-success teacher utterance,
without the preceding dialogue history. We use
only the teacher utterance immediately preceding
the student’s first correct attempt as a minimal at-
tribution window. This design targets the feedback
most directly associated with the transition from
failure to success, while avoiding dilution of re-
sponsibility across earlier turns whose contribution
is harder to isolate.

Algorithm 1 applies a context-stripped hint-only
test to successful sessions. For the final pre-success
teacher utterance h = ti,k∗−1, we re-query the
same student model with the original problem and
h only, without the preceding dialogue history, and
pre-fill the output prefix “So, the answer is”. If the
student still produces the correct answer, the ses-
sion is flagged as overinformative. Thus, a second-
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round correction (yi,2 = 1) is not excluded auto-
matically; it is flagged only if the first teacher re-
sponse, when paired with the original problem but
without the preceding student attempt or dialogue
history, is sufficient for the same student model to
produce the correct answer. We use this filter as a
conservative eligibility rule for reducing shortcut
success, not as a complete judgment of pedagog-
ical quality. The exact HINTPROMPT template is
provided in Appendix B.

Among initially incorrect sessions, overinforma-
tive corrections receive zero credit in both ECR
and FEI but remain in their denominators. This pre-
vents corrections flagged as overinformative from
increasing either metric. We additionally report
the Overinformative Rate (Overinfo.), defined as
the fraction of successful sessions whose final pre-
success teacher utterance is flagged as overinfor-
mative.

Algorithm 1 Overinformative Filtering (Hint-Only
Student Test)

Require: Dialogue Di with turns {(si,k, ti,k)}Kk=1,
problem qi, answer ai, student model S

1: k∗ ← min{k ≤ K | yi,k = 1} {first correct
student attempt}

2: if k∗ is undefined then
3: return N/A
4: end if
5: if k∗ = 1 then
6: return NOTOVERINFORMATIVE

7: end if
8: h ← ti,k∗−1 {final pre-success teacher utter-

ance}
9: ŝ ← S(HINTPROMPT(qi, h)) {answer-only;

prefix So, the answer is pre-filled}
10: if VERIFY(ŝ, ai) = 1 then
11: return OVERINFORMATIVE

12: else
13: return NOTOVERINFORMATIVE

14: end if

3.4 Metrics
We define metrics for the four evaluation aspects
introduced in Section 3.2.

Overinformative handling Overinformative
handling follows Section 3.3: only eligible cor-
rections receive credit in ECR and FEI, and both
metrics are normalized by the number of initially
incorrect sessions. Teacher-judgment metrics
are computed on all turns. For ARG, if the final

pre-success teacher turn is labeled overinformative,
we set the post-feedback reachability equal to the
pre-feedback reachability for that turn, i.e., the
gain ∆ is set to zero.

3.4.1 Tutoring Effectiveness
We measure tutoring effectiveness by whether
teacher interaction helps an initially incorrect stu-
dent reach a correct answer within K rounds. Re-
stricting to sessions with yi,1 = 0, we define

SUCCESSi = 1
{
∃ k ≤ K : yi,k = 1

}
.

For successful sessions, let k∗i = min{k ≤ K |
yi,k = 1} denote the first correct round, and define

OVERINFi = 1
{
ti,k∗i −1 is labeled

overinformative
}
,

using the hint-only test in Section 3.3. A session is
eligible iff

ELIGIBLEi = SUCCESSi · (1− OVERINFi).

We then define the filtered Error Correction Rate
as

ECR =

∑
i 1{yi,1 = 0} ELIGIBLEi∑

i 1{yi,1 = 0} .

Higher ECR indicates more reliable tutoring-driven
correction under the fixed interaction budget.

3.4.2 Tutoring Efficiency
We measure tutoring efficiency using recipro-
cal weighting inspired by mean reciprocal rank
(MRR) (Voorhees and Tice, 2000), giving greater
credit to eligible corrections achieved with fewer
feedback steps. Let

I0 = {i | yi,1 = 0}

denote all initially incorrect sessions, and let

Isucc = {i ∈ I0 | ELIGIBLEi = 1}

denote the eligible successful subset. Using the
first-correct round k∗i defined above, the number of
teacher feedback steps preceding the first correct
student attempt is k∗i − 1, since the initial attempt
is made before any teacher feedback. For |I0| > 0,
we define the Feedback Efficiency Index (FEI) as

FEI =
1

|I0|
∑

i∈Isucc

1

k∗i − 1
.
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Unsuccessful sessions and overinformative cor-
rections receive zero credit but remain in the de-
nominator; initially correct sessions are excluded.
If no eligible correction occurs, FEI is zero pro-
vided that |I0| > 0. Higher FEI reflects both el-
igible correction success and speed, rather than
correction speed conditional on success alone.

3.4.3 Answer Reachability
We use Answer Reachability Gain (ARG) as an
answer-reachability diagnostic, tracking changes in
the simulated student’s conditional log-likelihood
of producing the ground-truth final answer under
the dialogue context following teacher feedback.
ARG is not intended as a complete measure of ped-
agogical feedback quality and does not replace hu-
man judgments of pedagogical quality or external
validation on tutoring datasets.

The per-turn gain provides a local feedback-level
signal, which we aggregate over teacher turns pre-
ceding the first correct student attempt. In contrast,
ECR measures eligible correction frequency, while
FEI additionally weights each eligible correction
by the reciprocal number of feedback steps. ARG
provides a complementary diagnostic and need not
vary monotonically with either ECR or FEI. We
compute ARG only over sessions that are initially
incorrect and subsequently become correct within
the interaction budget, excluding directly correct
sessions (yi,1 = 1).

Let ai be the ground-truth answer for problem qi,
and let Ai = (ai,1, . . . , ai,|Ai|) denote its tokenized
form. Let P be the fixed student output prefix "So,
the answer is". For each teacher turn k, let Hi,k

denote the dialogue history up to and including ti,k,
with Hi,0 = PROBLEMPROMPT(qi). Using the
same student model S, we append P to Hi,k and
compute the log-likelihood of only the ground-truth
answer continuation Ai:

ℓi,k = log pS(Ai | Hi,k, P )

=

|Ai|∑

j=1

log pS
(
ai,j | Hi,k, P, ai,<j

)
.

(1)

We define the per-turn gain as

∆i,k = ℓi,k − ℓi,k−1. (2)

Let k∗i = min{k ≤ K | yi,k = 1} denote
the first correct round. We then define session-
level ARG by aggregating gains over teacher turns

before the first correct student attempt:

ARGi =

k∗i −1∑

k=1

∆i,k. (3)

If the final pre-success teacher utterance ti,k∗i −1

is labeled overinformative by the detector in Sec-
tion 3.3, we set ∆i,k∗i −1 = 0.

Finally, we report the mean session-level ARG
over the error-corrected population:

ARG =
1

|Dec|
∑

i∈Dec

ARGi,

Dec = { i : yi,1 = 0 ∧ ∃ k ≤ K, yi,k = 1 }.
(4)

3.4.4 Teacher Judgment Performance
We evaluate teacher judgment by whether the
teacher endorses the student’s latest attempt as cor-
rect, and withholds endorsement when the attempt
is incorrect. For each teacher turn ti,k responding to
si,k, we predict a binary label ĵi,k ∈ {YES, NO},
where YES indicates that the teacher expresses
belief that si,k is correct.

We obtain ĵi,k using an LLM-based checker
(gemma-3-27b-instruct). The checker uses dia-
logue history for reference resolution but bases
its decision only on the teacher utterance(s), prior-
itizing the most recent explicit judgment or, oth-
erwise, the strongest implied one. Conservatively,
praise followed by correction, requests to verify, or
hedging (e.g., “but ...”, “check”, “are you sure”) is
labeled NO. The checker outputs a JSON label and
1–2 short evidence spans.

Using the student’s verified correctness yi,k ∈
{0, 1} on si,k as ground truth, we report two F1
scores: (i) correct-answer recognition F1 (positive
class: yi,k = 1, predicted positive: ĵi,k = YES),
and (ii) incorrect-answer detection F1 (positive
class: yi,k = 0, predicted positive: ĵi,k = NO).
These metrics are computed on all teacher turns,
since they measure recognition behavior rather than
tutoring-driven success.

3.5 Aggregation and Reporting

Because teacher performance can vary with the
student model, we use two-stage aggregation. Let S
and T denote the sets of student and teacher models.
For each pairing (T ,S) ∈ T × S, we compute
each metric over the sessions/turns relevant to that
metric, yielding Score(T ,S).
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For metrics directly comparable across students
(ECR, FEI, and teacher-judgment F1), we report
the teacher-level score by macro-averaging across
students:

Score(T ) =
1

|S|
∑

S∈S
Score(T ,S).

ARG is log-likelihood-based and therefore not
directly comparable across student models. Let
x̄T ,S denote teacher T ’s mean session-level ARG
with student S over error-corrected sessions. For
each student S, we define the pairwise win-rate
against other teachers as

wS(T , T ′) =





1, x̄T ,S > x̄T ′,S ,

0.5, x̄T ,S = x̄T ′,S ,

0, x̄T ,S < x̄T ′,S .

(5)

We then average these pairwise scores within each
student:

WinRateS(T ) =
1

|T| − 1

∑

T ′∈T, T ′ ̸=T
wS(T , T ′).

(6)
We then report the teacher-level ARG score as

ARGScore(T ) =
1

|S|
∑

S∈S
WinRateS(T ),

where ARGScore(T ) ∈ [0, 1] and 0.5 indicates
an average tie under the within-student pairwise
comparison. In summary, we macro-average raw
metric values across student models for ECR, FEI,
and teacher-judgment F1, whereas for ARG we
macro-average a within-student relative win-rate
to avoid artifacts from student-specific likelihood
scaling.

4 Experiments

4.1 Experimental Setup

We evaluate teacher models on two mathemati-
cal reasoning benchmarks, GSM8K (Cobbe et al.,
2021) and MATH (Hendrycks et al., 2021). For
GSM8K, we use the test split. For MATH, we fol-
low Lightman et al. (2024) and use its fixed public
500-problem subset of the test split.

We consider eight teacher models: seven
open-weight models—Gemma-3-Instruct (12B,
27B) (Team et al., 2025a), Qwen2.5-Instruct (7B,
14B) (Yang et al., 2025), Phi-3-Medium-128K-
Instruct (Abdin et al., 2024a), Phi-4 (Abdin et al.,

2024b), and Llama-3.1-8B-Instruct (Grattafiori
et al., 2024)—and one proprietary model, GPT-
4.1 (Fachada et al., 2025). We select these models
to cover multiple model families and parameter
scales, including both open-weight and proprietary
systems.

We use six student models: Llama-3.2-Instruct
(1B, 3B), Qwen2.5-Instruct (1.5B, 3B), and
Gemma-3-Instruct (1B, 4B). These students span
three model families and multiple model scales,
capturing variation in model family and capac-
ity rather than explicitly controlled learner per-
sonas, prior knowledge, misconceptions, or engage-
ment styles. All open-weight inference runs on an
NVIDIA A100 (80GB).

We use greedy decoding (temperature = 0) for
all teacher, student, and checker calls. Unless oth-
erwise noted, prompts, turn limits, and verification
rules are fixed across runs, and we vary only the
teacher model when comparing performance.

4.2 Human–Model Alignment

Human evaluation We assess alignment be-
tween automated labels and human judgments us-
ing simulated tutoring dialogues. We randomly
sample 20 GSM8K problems and generate 60 dia-
logues (20 × 3) by pairing a fixed student model
(Llama-3.2-3B-Instruct) with three teacher models
(Gemma-3-12B-Instruct, Qwen2.5-14B-Instruct,
and Phi-4). Because interaction trajectories vary by
teacher model even for the same problem, we ana-
lyze at the dialogue level. For overinformativeness,
annotators evaluate the final pre-success teacher
utterance of each corrected dialogue. For teacher
judgment, annotators label teacher responses at
the turn level across the sampled dialogues, yield-
ing 133 teacher-utterance cases. Six annotators as-
sign two binary labels: Overinformative (excessive
information beyond appropriate scaffolding) and
Teacher Judgment (whether the teacher expresses
that the student’s latest answer is correct). Consen-
sus labels are determined by majority vote.

Inter-annotator agreement (human–human)
For Overinformative, agreement is substantial:
mean pairwise Cohen’s κ across 15 annotator
pairs is 0.715 ± 0.074 (median = 0.734; IQR
= [0.677, 0.762]), with Fleiss’ κ = 0.7149. For
Teacher Judgment, agreement is near-perfect: mean
pairwise Cohen’s κ = 0.970 ± 0.028 (median
= 0.985; IQR = [0.940, 0.985]), with Fleiss’
κ = 0.9699.
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ECR FEI ARGScore Overinfo. CJ-F1 IJ-F1

GSM8K

Gemma-3-12B-Instruct 0.2719 0.2231 0.9167 0.1687 0.5686 0.5110
Gemma-3-27B-Instruct 0.3722 0.3040 0.8750 0.1774 0.6427 0.5377
Phi-3-Medium-128K-Instruct 0.0268 0.0198 0.0625 0.8492 0.5573 0.2231
Phi-4 0.0530 0.0502 0.0625 0.9018 0.7369 0.4392
Qwen2.5-7B-Instruct 0.1355 0.1281 0.3125 0.4387 0.5049 0.2787
Qwen2.5-14B-Instruct 0.3232 0.2808 0.5000 0.3254 0.6186 0.4761
Llama-3.1-8B-Instruct 0.1133 0.0964 0.4792 0.3515 0.4384 0.3185
GPT-4.1 0.5490 0.4513 0.6875 0.2265 0.7737 0.6586

MATH

Gemma-3-12B-Instruct 0.1057 0.0785 0.6667 0.3765 0.2868 0.5640
Gemma-3-27B-Instruct 0.1168 0.0901 0.5208 0.3968 0.2994 0.5027
Phi-3-Medium-128K-Instruct 0.0236 0.0164 0.1875 0.7271 0.2423 0.2760
Phi-4 0.0184 0.0139 0.1875 0.9206 0.3093 0.2551
Qwen2.5-7B-Instruct 0.0371 0.0323 0.2917 0.7250 0.2419 0.2523
Qwen2.5-14B-Instruct 0.0935 0.0782 0.6250 0.5673 0.2741 0.4144
Llama-3.1-8B-Instruct 0.0465 0.0347 0.5000 0.3647 0.2268 0.4331
GPT-4.1 0.1816 0.1319 0.6250 0.3430 0.3622 0.6090

Abbreviations: ECR = Error Correction Rate; FEI = Feedback Efficiency Index; ARGScore = relative Answer Reachability
score; Overinfo. = Overinformative Rate; CJ-F1 = Correctness Judgment F1; IJ-F1 = Incorrectness Judgment F1.

Table 1: Main results on GSM8K and MATH

Human–model agreement Comparing majority-
vote human labels with model predictions, the
student-model-based Overinformative detector
(Llama-3.2-3B-Instruct) achieves high agreement
with humans (Cohen’s κ = 0.830). For Teacher
Judgment, the default checker (Gemma-3-27B-
Instruct) perfectly matches the human consensus
(Cohen’s κ = 1.000).

4.3 Main Results
Table 1 reports GSM8K and MATH results under
a fixed protocol (greedy decoding; K = 5). We
report eligible correction success using ECR and
account for the number of feedback steps required
using FEI. We also examine answer reachability
(ARG), overinformative feedback (Overinfo.), and
teacher judgment (CJ-F1/IJ-F1), since similar cor-
rection rates can arise from different interaction
behaviors.

Overinformative filtering prevents shortcut in-
flation Answer-revealing feedback can spuri-
ously inflate tutoring scores. The Overinfo. rates
show this is substantial for some teachers: the
Phi family is highly overinformative on both
datasets, indicating many apparent “successes” are
attributable to decisive disclosure under the hint-
only test. Only eligible corrections contribute to
the ECR and FEI numerators, while all initially

incorrect sessions remain in their denominators.
Thus, corrections flagged as overinformative do
not increase either metric. In contrast, GPT-4.1
and stronger open-weight teachers exhibit much
lower overinformative rates, making their higher
ECR/FEI less attributable to overinformative feed-
back under our eligibility test.

ARG disentangles reachability gains from cor-
rection success ARG measures changes in an-
swer reachability, but higher ARG does not nec-
essarily yield higher ECR/FEI within the interac-
tion budget. For instance, Gemma-3-12B-Instruct
achieves the highest ARGScore on GSM8K and
MATH yet does not lead ECR/FEI. Reporting ARG
alongside ECR/FEI therefore separates changes in
the student’s conditional likelihood of the correct
answer from actual correction success. As a turn-
level validation on GSM8K, we group ARG gains
into within-student quartiles and macro-average
next-turn correction rates across the six student
models. Across 11,707 teacher-feedback turns,
the correction rate increases monotonically across
quartiles (52.67%, 57.60%, 67.74%, and 83.65%),
supporting ARG as an internal answer-reachability
signal.

Judgment metrics reveal distinct recognition
failure modes CJ-F1 and IJ-F1 diagnose whether
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Figure 1: Each teacher model’s standalone GSM8K test accuracy (right axis; red line) and tutoring metrics (left
axis; bars) obtained with Llama-3.2-3B-Instruct as the student model. The tutoring metrics are shown for this
single-student setting, whereas Table 1 reports results aggregated across all six student models.

teachers appropriately acknowledge correct at-
tempts and flag incorrect ones. These scores vary
widely and do not always track ECR/FEI, high-
lighting distinct failure modes (e.g., accurate recog-
nition without effective guidance, or the reverse).
Jointly reporting ECR/FEI, ARG, and CJ-F1/IJ-F1
enables fine-grained analysis of why a teacher suc-
ceeds or fails rather than collapsing tutoring into a
single outcome score.

4.4 Comparing Standalone Accuracy with
Tutoring Metrics

Standalone problem-solving accuracy is informa-
tive but does not fully characterize interactive tu-
toring performance. Figure 1 illustrates this com-
parison on GSM8K with Llama-3.2-3B-Instruct
as the student model. This single-student visual-
ization complements the results aggregated across
all six student models in Table 1. Using the same
problem sets, greedy decoding, and verification
rules, teacher-level accuracy correlates with both
ECR and FEI at ρ = 0.762 on GSM8K, but only
at ρ = 0.216 on MATH. Thus, the relationship
between standalone accuracy and tutoring perfor-
mance varies substantially across benchmarks.

Models with similar standalone accuracy can
also exhibit different tutoring behavior. In the
student-aggregated results in Table 1, Phi-4 and
Qwen2.5-14B-Instruct differ substantially in ECR
(0.0530 vs. 0.3232) and Overinformative Rate
(0.9018 vs. 0.3254), despite similar standalone
GSM8K accuracies (86.3% vs. 86.5%). These
results suggest that standalone accuracy is an infor-
mative but incomplete proxy for interactive tutoring
ability.

Figure 2: Impact of overinformative filtering on
corrected-session counts among initially incorrect ses-
sions for the Llama-3.2-3B-Instruct student setting on
GSM8K (top) and MATH (bottom). Blue: corrections
before filtering; red: eligible corrections after filtering.

4.5 Overinformative Filter Impact

To illustrate the impact of the overinformative eligi-
bility rule, Figure 2 shows corrected-session counts
before and after filtering for dialogues generated
with Llama-3.2-3B-Instruct as the student model.
We consider only sessions in which the student is
initially incorrect. For each teacher, the pre-filter
count includes all such sessions in which the stu-
dent reaches the correct answer within the inter-
action budget. The post-filter count retains only
corrected sessions whose final pre-success teacher
utterance is not flagged as overinformative by the
hint-only test described in Section 3.3. The differ-
ence between the two counts therefore indicates
how many apparent corrections are excluded by the
eligibility rule. Filtering reduces corrected-session
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counts to different degrees across teacher models
on both GSM8K and MATH. Larger gaps indicate
a greater number of corrected sessions whose final
pre-success feedback is flagged as overinformative
by the hint-only test. Figure 2 provides an illus-
trative single-student view of this effect, whereas
the teacher-level results in Table 1 are aggregated
across all six student models.

4.6 Robustness and Sensitivity Analysis

Student-model robustness. To examine sensitiv-
ity to student-model scale, we split the six student
models into smaller (1B–1.5B) and larger (3B–4B)
groups. Teacher rankings remain stable across
the two groups, with Spearman correlations of
ρ = 0.976 for ECR, 0.929 for FEI, 0.970 for Over-
informative Rate, 0.922 for CJ-F1, and 0.994 for
IJ-F1. This suggests that the teacher comparisons
are relatively stable across the tested student-model
scales.

Budget sensitivity We additionally evaluate the
seven open-weight teachers on GSM8K with K ∈
{3, 5, 7, 9}. Mean ECR increases slightly from
0.1816 at K = 3 to 0.1969 at K = 9, while
FEI and the Overinformative Rate change only
marginally. The ECR-based teacher ranking re-
mains unchanged across the tested budgets, with
Spearman ρ = 1.000 relative to K = 5 for
K = 3, 7, and 9. These results suggest that the
ECR-based teacher ranking is insensitive to the
choice of interaction budget within the tested range.

Checker robustness (Teacher Judgment) To
test sensitivity to the choice of checker LLM, we
measure agreement among multiple open-weight
checkers (Gemma-3-12B/27B-Instruct, Phi-4, and
Qwen2.5-7B/14B-Instruct). Inter-checker agree-
ment is near-perfect: across 10 model pairs, mean
pairwise Cohen’s κ is 0.955 ± 0.037 (median
= 0.970; IQR = [0.914, 0.985]), and Fleiss’
κ = 0.9548 over N = 133 cases, indicating that
checker-based Teacher Judgment is not highly sen-
sitive to the specific checker used.

5 Conclusion

We presented a fully automated, simulation-based
framework for evaluating LLM math tutoring
through controlled multi-turn teacher–student in-
teractions. To reduce credit for answer-revealing
shortcut success, we introduced an overinformative
filter based on a hint-only student test applied to

the teacher utterance immediately preceding the
student’s first correct attempt. We further proposed
a metric suite covering tutoring effectiveness and
efficiency (ECR/FEI), answer reachability (ARG),
and teacher judgment (CJ-F1/IJ-F1).

Across GSM8K and MATH, our results show
that problem-solving accuracy is an informative
but incomplete proxy for interactive tutoring abil-
ity and that filtering overinformative feedback
can substantially change apparent performance.
These findings motivate interaction-aware proto-
cols and metrics that distinguish guided tutoring
from answer-revealing shortcuts.

Future work will broaden and diversify student
models along dimensions such as ability, miscon-
ception patterns, and stochasticity, and test whether
the proposed metrics correlate with human learn-
ing outcomes. We also plan to improve overin-
formative detection with multi-turn information
tests, multiple detector students, and uncertainty-
aware thresholds, and to extend the framework be-
yond math to other tutoring domains, including
tool-augmented settings.

Limitations

We evaluate tutoring via simulated teacher–student
dialogues under a fixed protocol, enabling con-
trolled and reproducible comparison but not di-
rect measurement of real learners’ long-term learn-
ing gains. The simulations also do not fully cap-
ture clarification-seeking, engagement, or extended
open-ended interaction, and our student models
vary mainly in model family and scale rather than
explicit learner personas, prior knowledge, or mis-
conception patterns. Real-dialogue-seeded eval-
uation may improve realism, but can also intro-
duce dependence on prior tutor choices and dataset-
specific scaffolding; we therefore view it as a
complementary future setting. Our study is also
domain-scoped to math with a specific verifier, and
robustness may degrade for ambiguous outputs,
non-standard formats, or domains with ill-defined
correctness. The overinformative eligibility rule
tests only the final pre-success teacher utterance,
potentially missing earlier answer-revealing cues
or over-penalizing legitimate hints for strong stu-
dents. Finally, teacher-judgment scores depend on
an LLM-based checker and heuristic rules; despite
strong agreement, some edge cases may require
better calibration.
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Ethical Considerations

This work studies the evaluation of LLM-based
math tutors rather than their direct deployment in
educational settings. Although our framework aims
to reduce shortcut success by filtering overinforma-
tive feedback, this safeguard is imperfect and does
not guarantee real-world pedagogical benefit. Our
experiments use public math benchmarks and sim-
ulated dialogues rather than real student records.
Human annotation was conducted only on simu-
lated dialogues by non-author annotators. Future
deployment-oriented work should additionally con-
sider learner privacy, fairness, and real educational
impact.
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A Dialogue Simulation Protocol

Algorithm 2 Teacher–Student Dialogue Simula-
tion
Require: Problem q, teacher T , student S, max

turns K=5
1: D ← [PROBLEMPROMPT(q)]
2: for k = 1 to K do
3: sk ← S(D; STUDENTINSTRUCTION); ap-

pend sk to D
4: yk ← ISCORRECT(sk)
5: tk ← T (D; TEACHERINSTRUCTION); ap-

pend tk to D
6: if yk = 1 then
7: return D
8: end if
9: end for

10: return D

B Prompt Templates

The exact prompt texts are presented in Table 2,
with each prompt reproduced verbatim.

C Datasets

Table 3 summarizes the details of the mathematical
reasoning datasets used in our study.
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Prompt type Template / instruction

Problem prompt Here is your problem.
Problem: {question}

Student instruction You are a student solving math problems with a teacher.
Your ultimate goal is to solve the problem and find the correct answer on your own.
• When given a problem, first show your reasoning and attempt to solve it yourself.
• If you make a mistake or an error is pointed out, correct only that part in your response.
• Avoid unnecessary repetition or wordiness; answer naturally and as briefly as needed.
• If you are unsure, say so honestly or ask the teacher for clarification.
• When you believe you have the answer, clearly state at the end: “So, the answer is ...”

Teacher instruction You are a teacher working with a student on math problems.
The ultimate goal is for the student to solve the problem and find the correct answer independently.
• Present a math problem to the student.
• Carefully read the student’s response. If correct, praise the student and end the conversation.
• If incorrect, do not directly provide the full solution or the answer. Instead, point out only the

mistake or offer necessary hints or guiding questions so the student can try again.
• If the student continues to struggle, you may gradually offer more specific hints, but always

guide the student to solve the problem independently.
• Keep feedback friendly, supportive, and concise—avoid unnecessary repetition.

Hint prompt Solve the problem using only the given hint.
Do not include any reasoning or steps.
Only output the final numeric answer after "So, the answer is".

Problem: {question}
Hint: {teacher utterances}
So, the answer is

Table 2: Prompt templates and instructions.

Dataset Domain Answer Format # Samples License

MATH-500 Diverse Mathematical Fields Free-form 500 CC BY-SA 4.0
GSM8K (test) Grade School Math Free-form (Number) 1319 MIT License

Table 3: An overview of the datasets in our study
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