Simulating Student-Tutor Interactions with LLMs
for Multilingual Math Feedback

Junior Cedric Tonga'*
Fajri Koto'

KV Aditya Srivatsa®/
Ekaterina Kochmar*’

Kaushal Kumar Maurya®’

'Mohamed bin Zayed University of Artificial Intelligence
2ETH Ziirich *IIT Delhi Abu Dhabi “University of Victoria

Abstract

Large language models (LLMs) have demon-
strated the ability to generate formative feed-
back and instructional hints in English, mak-
ing them increasingly relevant for Al-assisted
education. However, their ability to provide
effective instructional support across differ-
ent languages, especially for mathematically
grounded reasoning tasks, remains largely un-
examined. In this work, we present the first
large-scale simulation of multilingual student-
tutor interactions using LLMs. A stronger
model plays the role of the tutor, generating
feedback in the form of hints, while a weaker
model simulates the student. We explore 352
experimental settings across 11 typologically
diverse languages, four state-of-the-art LLMs,
and multiple prompting strategies to assess
whether language-specific feedback leads to
measurable learning gains.! Our study exam-
ines how student input language, tutor feedback
language, model choice, and language resource
level jointly influence performance. Results
show that English hints are generally preferred,
even by multilingual student LLMs, with few
exceptions that lead to improved student learn-
ing outcomes. These findings offer practical in-
sights for developing multilingual, LLM-based
educational tools that are both effective and
inclusive.

1 Introduction

Large language models (LLMs) have demonstrated
strong reasoning abilities in solving mathemati-
cal problems, particularly when prompted in En-
glish (Kojima et al., 2022; Guo et al., 2025; Bandy-
opadhyay et al., 2025). A common benchmark
for evaluating such capabilities is GSM8K (Cobbe
et al., 2021), which consists of grade-school-level
math word problems. Its multilingual counterpart,
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MGSM8K (Shi et al., 2022), extends this evaluation
to a typologically diverse set of languages. Both
English-centric and multilingual LLMs perform
substantially worse on MGSM8K than on its English-
only GSM8K benchmark (Shi et al., 2022; Ko et al.,
2025), highlighting a gap in LLMs’ cross-linguistic
reasoning abilities. This discrepancy raises ques-
tions about the use of LLMs as instructional agents
beyond English. Recent work has explored their
role as proxy tutors, generating formative feedback
and pedagogical hints to support weaker student
models or human learners (Wang et al., 2024b;
Meyer et al., 2024). One widely studied form of
support is hinting: a concise prompt aimed at guid-
ing problem-solving without directly providing the
answer. While such interventions have been shown
to improve learning outcomes in English (Kochmar
et al., 2022), their impact in multilingual settings
remains largely unexamined. Moreover, these ex-
plorations are conducted in isolation, where either
the tutor generates a hint or the student merely
consumes it.

In this work, we take a step further by simulating
student-tutor interactions entirely using LLMs: a
stronger model generates hints as a tutor, while
a weaker model attempts to solve the problem
as a student. This simulation setup allows us to
explore the effects of language, hint quality, and
prompting strategy in a scalable and reproducible
way. Moreover, such LLM-to-LLM simulations
can serve as a valuable proxy for real-world educa-
tional scenarios, offering insights into how multilin-
gual feedback might impact learning before deploy-
ing these systems with actual students. To the best
of our knowledge, this is the first work to simulate
multilingual student-tutor interactions between
LLMs across a broad range of languages and
settings. Given that effective feedback depends
on both linguistic and reasoning proficiency, this
raises a central question: Does multilingual feed-
back from LLM tutors lead to measurable learning
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gains in student models?
Our key contributions are as follows:

1. We simulate student-tutor interactions entirely
using LLMs, modeling multilingual feed-
back across 11 languages, multiple prompting
strategies, and four LL.Ms, yielding a large-
scale experimental space of 352 settings.

2. We investigate how language-specific feed-
back influences student performance, exam-
ining the interplay between student input lan-
guage, tutor feedback language, model selec-
tion, and whether the language is high- or
low-resource, within the domain of mathemat-
ically grounded reasoning tasks.

3. We offer practical recommendations for de-
signing LLM-based systems that support ef-
fective multilingual feedback and hint gen-
eration, highlighting considerations for both
research and real-world educational deploy-
ment.

2 Related Work

LLMs in Math Reasoning LLMs have demon-
strated strong performance in mathematical reason-
ing tasks, particularly in English, with benchmarks
like GSMS8K (Cobbe et al., 2021) driving much
of this progress. Specialized models such as Min-
erva (Lewkowycz et al., 2022), trained in scientific
texts, achieve state-of-the-art results without rely-
ing on external tools. However, these advances
are still largely focused on English. Recent bench-
marks like MGSMS8K (Shi et al., 2022) reveal that
multilingual LLMs underperform significantly, es-
pecially in low-resource languages, due to limited
language coverage and weaker alignment between
linguistic and mathematical representations.

Automated Hint Generation Before neural lan-
guage models, automatic hint generation was typ-
ically formulated as a Markov Decision Process
(MDP), selecting optimal hints based on student
states (Stamper et al., 2008). Subsequent work
improved scalability by structuring large hint sets
into solution paths, and Paallen et al. (2017) ad-
vanced this by modeling hint policies in continu-
ous edit-distance spaces for better generalization.
With LLMs, research has shifted toward direct hint
generation: GPT-4 has been paired with a GPT-
3.5 “student-validator” to filter poor hints (Phung

et al., 2024), and smaller models like LLLaMA-3-
8B were shown to approach GPT-40 performance
when prompts target specific error types (Tonga
et al., 2025). Studies show ChatGPT-generated
hints can yield learning gains comparable to human
hints in mathematics (Pardos and Bhandari, 2024),
though quality varies by domain and task complex-
ity, and McNichols et al. (2024) note LLMs still
struggle to generalize beyond training data to un-
seen student errors.

However, much of prior research has focused ex-
clusively on English. This narrow scope limits the
applicability of LLM-based tutoring in multilingual
learning environments, where students often ben-
efit more from feedback in their native language.
Recent work such as MathOctopus (Chen et al.,
2024) shows that multilingual tuning can signifi-
cantly improve math reasoning across languages.
However, the generation of effective instructional
hints in languages beyond English, especially for
low-resource contexts, remains an open challenge.

Simulating student behavior with LLMs. Al-
though persona simulation has long been studied,
it has recently gained momentum in LLM-based
multi-agent systems for modeling agents with dis-
tinct personalities and goal-driven behaviors (Tran
et al., 2025). In education, early approaches like
SimStudent (Matsuda et al., 2013) aimed for faith-
ful student simulation. Modern LL.Ms allow for
richer, controllable simulations: Benedetto et al.
(2024) adjust skill levels when generating exam
answers, MathVC creates virtual classrooms with
LLM “students” exhibiting diverse misconceptions
(Yue et al., 2024), and error-focused datasets like
LEMMA help models learn to self-repair (Pan et al.,
2025). Recent work, such as Macina et al. (2023),
also explores multi-turn dialogues where LLMs
act as students in conversations with human tutors.
These developments provide ethically appropriate
alternatives to real students. Our work builds on
these efforts by treating LLMs as simulated stu-
dents, aligned with established guidelines and best
practices.

3 Methodology

This section describes our modeling framework,
system architecture, and prompting strategies to
simulate student-tutor interactions with LLMs. The
overall design is illustrated in Figure 1 and consists
of the following key components:
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Figure 1: Overview of the student-tutor interaction flow.

Solution Generation The first stage of our
pipeline involves generating a candidate student so-
lution to a given multilingual exercise. Let x € X
represent an exercise in a given language L, and
let LL Mg denote the student language model. The
model is prompted with x to produce a candidate
solution s = LLMg(x). To mimic real-world
learner behavior, we consider multilingual scenar-
ios where the instructional prompt is given either in
English or in the native language of = (i.e., L). This
design choice allows us to evaluate the language
sensitivity of LLMg and its downstream perfor-
mance. We experiment with two student models:
the instruction-tuned Mistral-7B and the multi-
lingual Aya-8B, chosen for their balance between
model capacity and efficiency.

Hint Generation For exercises where the gen-
erated solution ¢g is found to be incorrect (i.e.,
9s # y*, where y* is the reference or gold solu-
tion), we employ a tutor model LL M7 to gener-
ate pedagogically helpful hints. The motivation
here is to simulate intelligent tutoring interventions
that guide students toward the correct solution path
without directly revealing the answer. The tutor
model takes as input a triplet (x, s, y*) and pro-
duces a hint h = LLMp(z, s, y*) under one of
four controlled prompting strategies (described in
the next paragraph on prompting). GPT-40 (Hurst
et al., 2024) was used to validate the correctness of
both the initial and revised solutions by comparing
them to the gold solution (see prompts in Appendix
E.3). We employ large LLaMA-3.3-70B LLM as
the main tutor but also experiment with the smaller
LLaMA-3.1-8B LLM.

Prompting We consider two prompting setups
for the LLMg: (1) Multilingual prompting, where
the student prompt is written in the same language
L as the exercise. To operationalize this, we trans-
late the base prompts (provided in Figure 4 and
Figure 5) into the 11 languages of the MGSM

benchmark (detailed discussion in Section 4) using
Google Translate API;” (2) English-only prompt-
ing, where the student prompt remains in English,
regardless of the exercise’s language L. This serves
as a control condition to isolate the impact of
prompt language on downstream performance.
For hint generation, we explore four strategies
by varying the input prompt language to the tutor
model L L M7 and the output hint language:

1. English-to-English (EN—EN): The tutor
model (LLMr) is prompted in English and
instructed to generate a hint in English, regard-
less of the language of the original exercise.
This setup uses the prompt format illustrated
in Figure 6 of the Appendix.

2. English-to-English  with  Translation
(EN—EN—L): The hint generated in the
EN—EN setup is machine-translated with
Google Translate into the exercise’s native
language L. This configuration controls for
content while varying the delivery language,
enabling analysis of whether presenting hints
in the student’s native language improves
comprehension and learning outcomes.

3. Native-to-Native (L—L): The tutor model is
prompted in the native language L of the ex-
ercise, using the translated version of the hint
prompt provided in Appendix (see Figure 6),
and is instructed to generate the hint in the
same language L. This aims to explore the im-
pact of native language interaction and hints
on the tutor model.

4. English-to-Native (EN—L): The tutor model
is prompted in English, following the format
shown in Figure 6 of the Appendix, but is
explicitly instructed to generate the hint in

Translation performed using Google Translate API from

https://github.com/nidhaloff/deep-translator.
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the target language L. This explores how in-
struction in English and hinting in the native
language affects the tutoring outcomes.

Student-Tutor Interaction Flow The full
pipeline of student-tutor interaction is summarized
in Algorithm 1. It outlines the interaction between
the student and tutor models, including the
hint-guided revision loop. Due to computational
constraints, we primarily experimented with a
single hint iteration (N = 1). However, we also
include a small-scale analysis for N > 1 (see
Section ??), which shows that the key observations
made with N = 1 largely hold across higher
values of IV as well.

Algorithm 1 Student-Tutor Interaction Flow

Require: Exercise = in language L, reference solution y*,
maximum hint attempts [NV

: Choose student prompting mode (Ps): Multilingual or
English-only

2: Generate solution §s < LLMg(Ps(z))

3: if s = y* then

4: return Correct solution

5: end if

—

> Hint-Guided Revision Loop
6: for i =1to N do
7: Choose hint generation prompt strategy Pr
8: Generate hint h < LLM7(Pr(z,9s,y"))
9: Provide hint h to LL M s and generate revised solution
Z}S < LLMs(Ps (.T, ’gs, h))
10: if s = y* then

11: return Correct solution
12: end if
13: end for

14: return Final student solution yg after N attempts

4 Experimental Setup

Dataset and Languages We use the Multilin-
gual Grade School Math (MGSM) dataset (Shi et al.,
2022), a multilingual extension of GSM8K (Cobbe
et al., 2021), consisting of 250 grade-school-level
math problems translated from English into 11 ty-
pologically and geographically diverse languages
(English (en), Bengali (bn), Chinese (zh), French
(fr), German (de), Japanese (ja), Russian (ru), Span-
ish (es), Swabhili (sw), Telugu (te), and Thai (th)).
These examples are representative of the full GSM8K
dataset (see Appendix B). Following prior work
(Shietal., 2022), we group the languages into High-
Resource Languages (HRLs: en, zh, fr, de, ja, ru,
es) and Low-Resource Languages (LRLs: bn, th,
te, sw).

Models We use four LLMs: two tutor models,
LLaMA-3.3-70B and LLaMA-3.1-8B, selected for
their multilingual strength, and two student models,

Mistral-7B (monolingual) and Aya-8B (multilin-
gual). These cover a range of model sizes and
capabilities. Appendix Section C provides solution
accuracy scores.

Evaluation Metric We use student gain G as
the main evaluation metric, defined as the relative
improvement in a student model’s accuracy after
receiving hints. Let Apefore and A,per denote accu-
racy before and after hinting (over N iterations).
The Student Gain G is:

G _ Aafler - Abefore % 100

L
G e
category — i
Abefore L im1

This percentage-based metric accounts for the
model’s initial performance Apefore and allows for
meaningful comparisons (Tornqvist et al., 1985).
We average the gain G across all languages within
each category (i.e, HRLs and LRLs) to obtain
Gcategory, with L being the number of languages
in the category, and G; is the gain for language i.

Experimental Space Our setup spans 11 lan-
guages, 2 student models, 2 prompt types, 2 tutor
models, and 4 hint strategies—yielding 352 unique
configurations (see Table 10 in Appendix). See
Appendix Section D for implementation details.

5 Results

In this section, we discuss the impact of differ-
ent student models and prompts, tutor models and
prompts, and variations of student gains across
HRLs and LRLs. We present key observations rel-
evant to our core research question on multilingual
feedback in mathematical reasoning tasks.

Does the size of the tutor model impact stu-
dent gains? Based on Appendix Figure A, we
observe that LLaMA-3.3-70@B consistently yields
greater gains across both student models and hint
generation prompts, outperforming LLaMA-3.1-8B
for HRLs and LRLs. Specifically, LLaMA-3.3-70B
achieves higher median gains — for instance, 8.6%
in the multilingual prompt setup and 10% in the
English-only with Mistral — compared to 7.7%
and 8% for LLaMA-3.1-8B. This effect is espe-
cially pronounced for LRLs, with median improve-
ments reaching up to 31% (Aya-8B, multilingual)
and 38% (Mistral-7B, English-only setup). While
LLaMA-3.1-8B also shows strong improvements
for LRLs, its performance exhibits higher variabil-
ity than LLaMA-3.3-70B, as evidenced by the pres-
ence of outliers and larger interquartile ranges in
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En—En En—En—L En—L L-L

MULTILINGUAL SETUP: Student input prompt in native language

HRLs Mistral-78 11.30 10.90 950  11.00
$ Aya-8B 4.00 3.60 360 3.90
LRLs Mistral-78 12.10 6.60 560 1490
s Aya-8B 27.60 16.90 1740 20.50
Avg. HRLs 7.65 725 655 745
Avg. LRLs 19.85 11.75 1150 17.70
Avg. Overall 13.75 9.50 903 1257
A HRLs Mistral-7B—Aya-88  7.30 7.30 590  7.10
A LRLs Mistral-7B—Aya-88  -15.50 -10.30 -11.80  -5.60
ENGLISH-ONLY SETUP: Student input prompt in English
Mistral-78 8.70 11.00 1210 10.60
HRLs Aya-8B 5.90 550 470 470
LRLs Mistral-78 46.00 7.00 4310  8.80
Aya-8B 35.00 15.10 1340 1570
Avg. HRLs 7.30 8.25 840  7.65
Avg. LRLs 40.50 11.05 2825 1225
Avg. Overall 23.90 9.64 1833 9.95
A HRLs Mistral-7B—Aya-88  2.80 5.50 740 5.90
A LRLs Mistral-7B—Aya-88  11.00 -8.10 2970 -6.90

Table 1: Mean student gains (%) across two experi-
mental setups using LLaMA-3.3-70B as the tutor model.
The best average values and second-best values are high-
lighted. A rows indicate performance differences be-
tween Mistral-7B and Aya-8B within each language
resource category (HRLs and LRLs).

the boxplots, indicating a less equitable distribu-
tion for LRLs. These results suggest that larger
tutor models are more effective at generating help-
ful hints, and that model size plays a key role in
mitigating the challenges of low-resource settings.
This is expected as larger models are more capable
overall. To simplify the interpretation of our find-
ings, we focus the remainder of our discussion on
the large tutor model only.

Does the multilingual student model prompt-
ing lead to higher student gains compared to
English-only prompting? The Avg. labeled rows
from Table 1 (distilled from Figure 3) show that
English-only prompting consistently outperforms
multilingual prompting across all hint types, except
for the L—L setting. This indicates that deliver-
ing instructions in English is generally beneficial
regardless of hint language. However, when in-
structions are provided in a native language, the
corresponding hints should also be in the native
language, especially for LRLs, where this effect is
more pronounced. For HRLs, the average gain is
comparable across all hint prompts for both setups.
Finally, these observations are largely invariant to
the type of student LLM, whether monolingual or
multilingual. Overall, multilingual instruction does
not necessarily lead to higher student gains unless
paired carefully with the hint language.

Which student model leads to greater gains —
multilingual or English-centric? The rows la-
beled with A in Table 1 provide clarity on this ques-
tion. A negative A indicates better performance
by the multilingual Aya-8B model, while a posi-
tive value favors the monolingual Mistral-7B. For
LRLs, Aya-8B tends to be more effective, likely
due to stronger language representation. In con-
trast, Mistral-7B generally performs better on
HRLs. Interestingly, the difference in student gains
is more pronounced on the average in the multilin-
gual setting compared to the English-only setting,
as indicated by higher absolute values of A scores.
Overall, as expected, multilingual LLMs tend to
perform better for LRLs, while monolingual LLMs
are better suited for HRLs.

Which hint generation prompt strategy per-
forms best with LLaMA-3.3-70B? Figure 3 and
Table 1 present the comparative performance of var-
ious hint generation strategies under both multilin-
gual and English-only settings. The EN—EN strat-
egy yields the highest average improvement across
both setups, outperforming other hint prompting
strategies. This indicates that models are highly
responsive to English prompts. This trend gener-
ally holds across both HRLs and LRLs, as well
as across different student LLM types. An ex-
ception is observed in the English-only setting for
HRLs when using Mistral-7B as the student LLM,
where EN—EN is less effective, possibly due to
limited representation of HRLs in Mistral-7B.
Overall, tailoring hint strategies to model- and
language-specific characteristics is essential for
maximizing student gains, though EN—EN remains
the most preferred strategy.

Does the language of the hint (English vs. the na-
tive) influence student gains? Using the larger
tutor model, LLaMA-3.3-7@B, we find that hint lan-
guage substantially impacts student model gains
as shown in Table 1. In the multilingual prompt
setup, English hints (generated using the EN—EN
tutor prompt) consistently yield the highest me-
dian improvements across both student models.
Further, for LRLs, Aya-8B achieves its best and
most consistent improvement of 31.12%, while
Mistral-7B reaches its highest median improve-
ment of 7.6%. In the English-only setup, the trend
holds: Mistral-7B and Aya-8B obtain their best re-
sults for LRLs with English hints, reaching 38.19%
and 16.24%, respectively. For HRLs, Aya-8B per-
forms slightly better with translated hints using the
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EN—EN—L prompt, whereas Mistral-7B bene-
fits more from hints provided directly in the tar-
get language (L—L). In contrast, when using the
smaller tutor model, LLaMA-3.1-8B, no consistent
patterns emerge regarding hint language effective-
ness. Overall, English-language hints tend to be
more effective when generated by larger tutor mod-
els. However, native-language hints can be com-
petitive or even superior in specific cases.

Student gains across languages. The Avg. row
in Table 1 highlights that student models achieve
higher gains on LRLs than HRLSs in both multilin-
gual and English-only setups. Multilingual LLMs
perform better on LRLs, while monolingual LLMs
are more effective for HRLSs, consistent with earlier
findings. Additionally, among the four hint prompt-
ing strategies, the EN—EN prompt yields the high-
est overall gains across all languages. Further, Ta-
ble 12 (Appendix) shows that Mistral-7B strug-
gles with Telugu and Bengali in the multilingual
setup but achieves better gains in these languages
in the English-only setup (EN—EN, EN—L). In
contrast, Aya-8b demonstrates more consistent and
higher gains across LRLs (Telugu, Swahili, Ben-
gali, and Thai) in both setups (see Table 13, Ap-
pendix).

Final Takeaways Based on the results and dis-
cussion, we summarize our key findings regarding
multilingual student—tutor interactions:

1. Student Prompt: English-only prompts gen-
erally perform well; however, when either the
hint generation prompt or the hint is in the
native language, multilingual prompting may
be preferable.

2. Student Model: Monolingual models perform
better for HRLs, while multilingual models
are more effective for LRLs.

3. Hint Generation Prompt: EN—EN remains
the most preferred strategy, with a few excep-
tions.

4. Tutor Model: Larger models such as
LLaMA-3.3-70B are generally more effective
and should be preferred.

5. Hint Language: English hints are generally
preferred; however, for HRLs and monolin-
gual student models, native-language hints
can be more effective.

En—En En—En—L En—L L-L
Models L-31 L-33|L-31 L-33|L-31 L-33|L-31 L-33

Mistral-7B | 0.51 0.80 | 0.51 0.80 | 051 0.74 | 143 0.63

HRLs

Aya-88 046 051 | 046 051 | 0.7 029 | 057 006

LRLs Mistral-78 | 070 190 [ 070 190 | 050 160 | 470 220
S Aya-8B 110 180 | 110 1.80 | 120 130 | 830 1.60
Table 2: Answer leakage proportions (%) across

LLaMa-3.1-8B (as L-3.1) and L1ama-3.3-70B (as L-3.3).

6 Further Analyses

Gold Answer Leakage. Despite explicit instruc-
tions to the tutor model to avoid revealing the final
answer while generating hints, gold answer leakage
may still occur due to LLM hallucinations, poten-
tially compromising our findings. To assess this
risk, we conduct a Gold Answer Leakage test—i.e.,
checking whether the final answer appears verba-
tim within the generated hint. This is a challenging
task, as it requires precise extraction of the gold an-
swer from free-form hints; we adopt a regex-based
approach for detection. During hint generation, we
flagged any hints that included the gold answer as a
stand-alone number (i.e., not embedded in a longer
number or decimal). Detection used the regex,’
which matches the exact integer or decimal token
when it is delimited by non-digit boundaries and
not attached to a decimal point. Table 2 reports
the proportion of such hints among the total sam-
ples for HRLs (250x7 = 1750) and LRLs (250x4
= 1000), across the four hint generation strategies
and student models. The highest observed answer
leakage was approximately 8% for LLaMA-3.3-8B
and around 2% for LLaMA-3.3-70B. Since our pri-
mary tutor model is LLaMA-3.3-70B, this level of
leakage is unlikely to significantly impact our find-
ings, especially considering that the regex-based
extractors tend to produce some false positives. No-
tably, the leakage rate is higher for low-resource
languages, suggesting greater difficulty in handling
those languages.

We further investigated whether the hints that
helped students revise their initial answers tended
to contain the gold answer. Focusing on the
two best-performing strategies in the multilingual
setup—EN—EN and L—L—we computed the
leakage ratio, defined as the number of helpful
hints that included the gold answer divided by the
total number of helpful hints. These results are
presented in Figure 9. The findings suggest that
helpful hints rarely reveal the gold answer, with
leakage ratios close to zero for most languages. No-

‘Regex pattern = r’ (<! + r\b o+

re.escape(answer_str) + r’\b’ +r’ (?! )’
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En—En En—En—L EnsL LoL
Models | Aya-88_ Mistral-7B | Aya-88 _Mistral-7B | Aya-88_Mistral-7B | Aya-88 Mistral-78
L3I | 99.99 99.88 99.88 99.88 9931 97.62 99.87 99.92
L-33 | 100.00 99.77 99.94 99.88 99.94 99.71 99.94 99.94
L3I | 99.64 98.90 97.92 96.90 98.40 97.85 98.15 98.80
L-33 | 100.00 99.80 98.95 99.17 99.40 99.37 99.47 99.40

HRLs

LRLs

Table 3: Mean language identification accuracy for hints with
LLaMA-3.3-70B (as L.3.3) and LLaMA-3.1-8B (as L.3.1). The
lowest number is bold.

En—En En—En—L En—»L L-L
Initial solution
Mistral-7b  99.8 99.8 998 998
HRLs  a 100.0 100.0 1000 100.0
Mistral-7b  96.8 96.8 96.7 968
LRLS  \ya 98.6 98.6 986  98.6
Revised solution
Mistral-7b  93.1 937 949 943
HRLs 92.0 92.9 934 93.0
Mistral-7b  90.6 92.1 923 918
LRLs 4 va 99.4 99.1 987  98.9

Table 4: Mean language identification accuracy (in %)
of student models’ initial and revised solutions. Lowest
value is bold for both initial and revised solutions.

table exceptions include Thai and Swahili LRLs,
where over 2% of helpful hints contained the gold
answer.

Language Consistency of Hints and Student
Outputs. Are the initial solution, generated hints,
and revised solution in the intended language?
To verify this, we conducted sanity checks us-
ing a FastText-based language identification (LID)
method (Bojanowski et al., 2017) with the pre-
trained 1id. 176 model. Table 5 reports the mean
LID accuracy of hints for HRLs and LRLs across
hint generation strategies and tutor models. With a
minimum LID accuracy of ~97%, most hints are
in the intended language with minor code-mixing.
Table 6 presents LID accuracy for initial and re-
vised student solutions. Initial solutions are mostly
in the expected language, with a minimum LID ac-
curacy of ~97%. However, revised solutions show
a drop in accuracy to ~91%, indicating increased
code-mixing or language switching. Manual in-
spection reveals that both tutor models struggle to
preserve language consistency in revised solutions,
particularly for LRLs—most notably Mistral-7B,
likely due to its English-centric bias. This degrada-
tion may propagate from minor code-mixing in the
hints themselves (as previously observed). Interest-
ingly, the EN—L strategy yields the highest LID
accuracy in revised outputs, suggesting it is more
effective in maintaining language fidelity.

Translation Quality. To evaluate the quality of
translated hints in the En—En—L setting—where
English hints are translated into target lan-
guages using Google Translate—we perform back-

—— High-resource languages ——- Low-resource languages

80
_®Swahil
.
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Student Gain (%)
N

French
English

20 Spanish

Russian
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1.0 .
Mean Level (# of hints needed)

Figure 2: Student Gain scores as a function of the mean
number of hints required per language.

En—En En—En-L En—L L—-L
Models | Aya-88 Mistral-7B | Aya-8B Mistral-7B | Aya-8B Mistral-7B | Aya-8B Mistral-7B
HRLs L-3.1 99.99 99.88 99.88 99.88 99.31 97.62 99.87 99.92
L-33 100.00 99.77 99.94 99.88 99.94 99.71 99.94 99.94
LRLs L-3.1 99.64 98.90 97.92 96.90 98.40 97.85 98.15 98.80
L-33 100.00 99.80 98.95 99.17 99.40 99.37 99.47 99.40

Table 5: Mean language identification accuracy for hints with
LLaMA-3.3-70B (as L.3.3) and LLaMA-3.1-8B (as L.3.1). The
lowest number is bold.

translation to English and compute BLEU scores
(Papineni et al., 2002) over all samples for each
language. As shown in Table 11, translation qual-
ity is generally high across languages, with the
exception of Telugu, which shows only moderate
quality. This further validates the findings with the
En—En—L prompt.

Impact of Multiple Hints on Student Gains
(N>1). To evaluate whether providing multiple
hints enhances student model performance, we con-
sider single setup with L—L strategy—reflecting
realistic multilingual tutoring scenarios—using
LLaMA-3.3-70B as the tutor and Mistral-7B as
the student. We extend the interaction up to N=5
iterations (i.e., up to five hints), terminating early
if the student model produces the correct answer.
Figure 2 shows the relative improvement based
on the number of hints required. For most lan-
guages, performance improves after the first hint,
with Swahili showing the largest gain (over 70%).
In contrast, Telugu shows no improvement, sug-
gesting that Mistral struggles significantly with this
language—TIlikely due to its English-centric training.
Interestingly, the average number of hints needed
across most languages is around two, indicating
that a second hint often contributes meaningfully
to student performance. Among high-resource lan-
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En—En En—En—-L En—»L L-L
Initial solution
Mistral-7b  99.8 99.8 998 99.8
HRLs 100.0 100.0 100.0  100.0
Mistral-7b  96.8 96.8 9.7 968
LRLs 4 va 98.6 98.6 986  98.6
Revised solution
Mistral-7b  93.1 937 949 943
HRLs o 92.0 92.9 934 930
Mistral-7b  90.6 92.1 923 918
LRLS  ya 99.4 99.1 987 989

Table 6: Mean language identification accuracy (in %)
of student models’ initial and revised solutions. Lowest
value is bold for both initial and revised solutions.

guages, German requires the lowest number of
hints, with the student typically improving after
just one.

7 Conclusion

In this work, we present the first large-scale study
involving 352 unique experiments on multilin-
gual student—tutor interactions powered by LLMs,
aimed at understanding the effect of language-
specific hints across 11 typologically diverse lan-
guages, 4 models, and multiple prompting strate-
gies. Our findings reveal that English-centric feed-
back can enhance student performance, but the
most effective configurations vary depending on
both the language and the LLM used. Additionally,
we observed that even a few iterations of feedback
can significantly improve problem solvability. This
study offers key insights for designing equitable ed-
ucational technologies and lays the groundwork for
future research in multilingual feedback generation
and evaluation. In future work, we aim to extend
this research to subject areas beyond mathematics.

Limitations

Although our work advances inclusive, multilin-
gual LLM-based tutoring, several limitations re-
main and point to fruitful avenues for future re-
search.

LLMs as Tutor-Student Simulators. As in
prior studies (Macina et al., 2023; Tran et al., 2025;
Wang et al., 2024a), we use LLMs to simulate both
the tutor and the student, enabling large-scale, con-
trolled experiments across languages and instruc-
tional settings. This strategy yields consistency and
broad coverage, but it cannot capture the full di-
versity of real learners’ misconceptions, language
proficiency, or problem-solving styles. Likewise,
LLM tutors lack the nuanced pedagogical instincts
of experienced tutors. Introducing human-in-the-

loop evaluations, interactions with real students,
and richer student models will increase validity
and speed progress toward truly adaptive Al tutors.

Evaluating Hint Quality Beyond Student Gains.
We treat a hint as “good” if it leads the student to
the correct final answer — that is, if it results in
student gains. While practical and easy to measure,
correctness alone misses key pedagogical dimen-
sions such as conceptual scaffolding, clarity, and
alignment with learning objectives. Expert reviews
and rubric-based assessments by mathematics edu-
cators could supply these missing perspectives and
help refine what counts as a high-quality hint.

Coarse Gain Measurement. Step-level verifica-
tion of math reasoning with current LLMs is far
harder than judging overall solution correctness
(Daheim et al., 2024). Consequently, we evaluate
feedback with a binary metric — does the student’s
solution become fully correct or not? This ignores
cases where feedback fixes the current error but a
later, independent errors may still be present. De-
veloping reliable, fine-grained metrics for partial
progress is an important direction for future work.

Lack of Phase-wise Evaluation. Our pipeline
follows the two-phase paradigm of first verify-
ing the student’s work and then generating a hint
(Macina et al., 2023). Ideally, each phase should
be evaluated separately. Yet automated assessment
of both verification quality and hint usefulness is
still unreliable; adding further sub-steps may boost
overall performance but it compounds the evalua-
tion challenge.

Limited Data and Language Coverage. Trans-
lating math-word problems is non-trivial: real-
world contexts must be preserved, and many cul-
tural references lack direct equivalents (Shi et al.,
2022). We therefore rely on the manually curated
MGSM dataset, which contains only 250 problems
per language across 11 languages. While sufficient
for our experiments, this scale limits analyses such
as comparing gains across typologically related lan-
guages or training models on parallel corpora to
induce language-agnostic pedagogy. Expanding
high-quality, multilingual datasets, especially for
low-resource languages, remains a pressing need.
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Mean Feature Value
GSM8K MGSM
28638.85 28661.13 -0.413 0.680

Feature T-Statistic p-value

Gx_mean_numerical_word_rank

Gx_word_arg_count 0.64 0.68 -0.407 0.684
Gx_world_knowledge 1.07 1.06 0.140 0.889
Qx_constituency_tree_depth 10.97 10.96 0.044 0.965
Qx_flesch_kinkaid_grade 4.19 4.18 0.071 0.943
Qx_flesch_reading_ease 88.93 89.10 -0.211 0.833

Qx_mean_numerical_word_rank 22739.56 22592.54 0.664 0.507

Qx_mean_word_rank 10664.46  10596.28 0.466 0.641
Qx_multi_np_count 0.44 0.37 0.884 0.377
Qx_np_count 18.52 18.62 -0.208 0.835
Qx_prp_count 1.82 1.90 -0.688 0.492
Qx_sentence_length 3.46 3.44 0.134 0.893
Qx_token_length 67.43 67.49 -0.034 0.973
Qx_unique_np_count 3.50 341 0.862 0.389
Qx_word_arg_count 1.11 1.17 -0.599 0.549
Qx_word_length 46.91 46.90 0.008 0.994

Table 7: Pairwise T-Test results between feature level
mean values for GSM8K and MGSM.

A Detailed Results

Figure 3 provides a comprehensive summary of the
results obtained from our extensive experimental
setup.

B Dataset Representation

The MGSM (Shi et al., 2022) dataset is built on top
of the first 250 math problems from the GSM8K
dataset (Cobbe et al., 2021). In order to make sure
that this subset is representative of the larger set
from GSMSK, we perform a feature level compari-
son between the two sets. For this, we borrow the
feature set from Srivatsa and Kochmar (2024) span-
ning the phrasing of the math problem in English,
the count and nature of math operations and argu-
ments involved in the gold solution, and the count
of variables which require world knowledge. After
generating the feature values for all English ques-
tions from MGSM and GSMS8K, we compare their
mean values — see Table 7. The low ¢-statistics and
high p-values for corresponding pairwise ¢-tests
indicate that there is not a significant difference
between the two sets along any of the features.

C Comparative Analysis of Zero-Shot
Performance Across Models

To select our student and tutor models, we
initially evaluated five models — Mistral-7B,
Aya-8b, LLaMA-3.1-8B,LLaMA-3.3-70B, and
Deepseek-R1-LLaMA-distill-70B* — using zero-
shot prompting across both setups. We opted
for standard zero-shot prompting over zero-shot
Chain-of-Thought (CoT) prompting (Jin et al.,

*Via Together.ai: https://www.together.ai/models/
deepseek-ri-distilled-1lama-70b-free
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Figure 3: Relative improvement (Student gain G) in multilingual student-tutor interaction.

2024), as CoT led to correct answers, whereas
we sought student models that produce a bal-
anced mix of correct and incorrect responses.
Based on these criteria, we selected Aya-8b and
Mistral-7B as student models, as shown in Ta-
ble 8, which reports their balanced zero-shot ac-
curacy—the baseline for subsequent comparisons.
Table 8 also shows that LLaMA-3.3-70@B achieves
the highest accuracy across both setups and outper-
forms Deepseek-R1-LLaMA-distill-7@B, partic-
ularly with better output structure in low-resource
languages. We therefore selected LLaMA-3.3-70B
and LLaMA-3.1-8B as tutor models.

D Implementation Details

We set the temperature to O for the student mod-
els to ensure deterministic outputs, while the tutor
models use a temperature of 1 to encourage di-
verse hint generation. GPT-40 (Hurst et al., 2024)
was used with a temperature of O to evaluate the
correctness of both the initial and revised answers
by comparing them to the gold answer, as prior
work has shown that temperatures above 0.2 can
lead to unreliable results (Tonga et al., 2025). For
the tutor models, we employed LLaMA-3.3-70B
and LLaMA-3.1-8B. For the student models, we se-
lected a monolingual model, Mistral-7B, and a
multilingual model, Aya-8b. All models and their
corresponding reproduction links are presented in
Table 9.

E Prompts

In this section, we present the prompts used in our
experiments.

E.1 Student prompts

Figure 4 shows the base prompt for generating
a candidate solution, while Figure 5 displays the
prompt for revising an initial answer via the stu-
dent model. These prompts are used as-is in the
English-only prompting setup. For the multilingual
prompting setup, they are translated into the 10
target languages of the MGSM dataset.

‘ System role ‘

You are a high school student who must solve math exercises.

\ User role |

iYour goal is to answer the question asked in the exercise.

Exercise and question: {exercise}

Ensure that the response is in the specified language: {lang}

Required response format: use a JSON format with the following structure:
{{"raisonnement": "Explain your reasoning and provide your final answer to the exercise
fhere..."))
iRespect the output format.

Figure 4: Prompt for generating a candidate solution.

E.2

Figure 6 shows the base prompt used to generate a
hint via the tutor model. For strategies where the
tutor is prompted in English, the prompt is used
as-is, with the variable hint_lang in the prompt
replaced by either “English” (EN) or the exercise
language (L), depending on the desired hint lan-
guage. For strategy, where the tutor is prompted in
the language of the exercise L, the prompt is trans-
lated into that language, and hint_lang is again set

Hint generation prompt
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English only prompting: when student input prompt is in English language

Languages | Llama 3.1-8B Aya-8b Mistral-7B Llama-3.3-70B Deepseek-R1-Llama-distill-70B
English 85.2 772 60.8 93.2 85.2
Spanish 76.8 72.0 46.0 86.0 80.8
French 74.8 68.0 44.8 86.4 78.4
German 74.8 68.0 40.0 86.8 824
Russian 72.4 76.8 43.6 90.8 80.8
Chinese 72.4 67.2 36.0 88.0 84.0
Japanese 54.8 61.6 21.6 84.8 83.2
Thai 64.8 21.2 20.8 87.6 88.4
Swabhili 60.8 9.2 3.6 84.8 79.2
Bengali 60.0 28.0 9.6 85.6 79.2
Telugu 53.2 6.0 04 81.6 58.0
AVG 68.2% 50.5% 29.7% 86.9% 80.0%

Multilingual prompting: when student input prompt is in native language

Languages | Llama 3.1-8B Aya-8b Mistral-7B Llama-3.3-70B Deepseek-R1-Llama-distill-70B
English 85.2 77.6 60.4 93.6 82.8
Spanish 76.8 78.4 41.2 89.6 82.0
French 74.8 73.2 44.0 80.0 77.6
German 74.8 73.6 40.4 88.8 80.0
Russian 72.4 76.0 39.2 93.2 82.8
Chinese 72.4 72.0 38.0 88.0 86.8
Japanese 54.8 64.4 22.0 84.8 83.2
Thai 64.8 18.4 10.4 86.8 83.2
Swabhili 60.8 8.8 3.6 87.6 82.0
Bengali 60.0 204 9.2 85.6 81.6
Telugu 53.2 44 04 84.8 75.2
AVG 68.2 51.5 28.1 87.5 81.6

Table 8: Zero-shot accuracy (%) of language models across languages. These zero-shot scores serve as the baseline
for each model. The table shows results for both English-only prompting (top) and multilingual prompting (bottom)
setups. Llama-3.3-70B consistently achieves the highest accuracy across most languages, demonstrating superior

cross-lingual capabilities in zero-shot settings.

Model Reproduction Link

Llama-3.3-70B https://www.together.ai/

models/1lama-3-3-70b-free
https://huggingface.
co/mistralai/
Mistral-7B-Instruct-ve.3
https://huggingface.
co/meta-1lama/Llama-3.
1-8B-Instruct

https://huggingface.co/
CoherelLabs/aya-expanse-8b

gpt-40-2024-08-06

Mistral-7B

Llama-3.1-8B

Aya-8b

GPT-40

Table 9: Models used in our experiments with their
corresponding links for reproducibility.

based on whether the hint should be in English or
the exercise language.
E.3 Prompts for Evaluating Student Outputs

Figure 7 shows the prompt used to evaluate the ini-
tial candidate solution against the gold solution,

\ System role \

You are a high school student who must solve math exercises.

I User role |

Your previous answer to the math exercise below was incorrect. A teacher has provided you with a hint to:
help you understand your mistake and correct it. Your goal is to think about how the hint applies to your
initial answer. Answer the question posed in the hint; then, use this answer to guide your thinking, correct
'your mistake in your initial response, and find the correct solution to the exercise.

Exercise and question: {exercise}.
Teacher's hint: {hint}

Do not include the answer to the question posed in the hint in the output. Just provide your revised
answer to the question asked in the exercise.

Ensure that the response is in the specified language: {lang}

Required response format: use a JSON format with the following structure: {{"reponse:"Provide your
revised answer here...")

Make sure the generated output does not contain escape characters such as line breaks (\n) or slashes
\

Provide a clean and readable output. | insist on this. Do not make formatting errors.

Respect the output format.

Figure 5: Prompt for revising the initial candidate solu-
tion

while Figure 8 presents the prompt for evaluat-
ing the revised solution via GPT-4o, after a hint
is provided. We adopt the evaluation prompts from
Tonga et al. (2025), but omit their error type cate-
gorization for the initial candidate solution, as it is
beyond the scope of our work. However, we retain
their approach of classifying hints as good (if the
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System role ‘

You are an expert in teaching mathematics.

User role |

‘Your goal is to provide {num_indices} clear and relevant hints to help the student correct their errors and improve
their answers in math exercises

This hint should be in the form of a question. Moreover, this hint should not include the correct answer to the
exercise or fragments of the correct answer.

Exercise and question: {exercise}.

The correct answer to the exercise: {answer}

The student's reasoning, including their final answer to the exercise: {gpt_reasoning}
Language of the {num_indices} hints: {hint_lang}

Consider the following aspects to generate the hint
- Reasoning
- Method
- Concept application
- Calculations
- Problem interpretation

JSON output format: {{"indice": ['indice1", "indice2", ..., "indice{num_indices)'l}}. Do not number the hints.

Please generate exactly {num_indices} hint(s), no more. Follow this condition strictly.
The {num_indices} hints should be in the specified language: {hint_lang}

Ensure that the generated output does not contain escape characters such as new lines (W) or slashes (\).
Provide a clean and readable output. | insist on this. Do not make formatting errors.

Follow the output format strictly. | emphasize that the hint should not be numbered and must be in the form of a
question.

Figure 6: Prompt used by the tutor model to generate
hints.

revision is correct) or bad (if incorrect) to track hint
effectiveness.

[ System role ]

You are an expert in math teaching

User role

Your task is to verify whether a student's answer to a math exercise is correct or not by comparing it with the provided correct answer.
Exercise and question: {exercise}
The correct answer (o the exercise: {answer}
The student's reasoning containing their final answer to the exercise: {reasoning}
Extract the student's final answer from their reasoning, based on the question asked in the exercise, in order to compare it with the
correct answer provided for the exercise.Categorize the student's error. Here are some error categories and examples. You can add other;
error categories. If the reasoning contains multiple errors, it is important to list all the errors present.
‘Specify each error distinctly, even if they belong to different categories or are combined
1) Comprehension error: The student does not clearly understand the problem or the given instructions.
Example: Misreading a problem and confusing the given data
2) Partial answer: The student provides part of the expected answer but fails to complete it correctly.
Example: In an equation with two variables, the student finds the value of one variable but forgets to find the value of the other.
3) Term grouping error: The student incorrectly combines or groups terms in a mathematical expression.
Example: When simplifying the expression 3x + 2 + 5, the student combines the terms 3x and 2x o obtain 5x*2 instead of 5x.
4) Simplification error: The student incorrectly simplifies a mathematical expression.
Example: When simplifying 6x/2, the student divides the numerator and denominator by x instead of 2, resulting in an incorrect
simplification of 6/2x.
5) Calculation error: The student performs mathematical operations incorrectl.
Example: When multiplying 7 by 8, the student gets 54 instead of 56.
6) Incorrect substitution error: The student substitutes an incorrect value in an expression or equation.
Example: In the equation 2x + 3y = 10, the student substitutes x = 4 instead of y = 2, leading to an incorrect solution.
7) Interpretation error: The student misinterprets the instructions or data of a problem.
Example: In a probabilty problem, the student confuses the probabilty of event A with that of the complementary event of A
8) Algebraic error: The student makes a mistake in algebraic manipulations, such as distribution, factoring, or equation solving
Example: When solving 2(x + 3) = 10, the student incorrectly divides 10 by x + 3 instead of 2, leading to an incorrect answer.
1) If the student's final answer does not match the correct answer, categorize the type of error by placing it in "type_d'erreur” field and do
not put anything in the "bonne_reponse” field.
2) If the student's final answer matches the correct answer, place the student's answer in the "bonne_reponse” field
Provide the output in a JSON format with the following structure: {{’type_defreur: ", "bonne_reponse": ™
Respect the output format, the evaluation criteria, and your role. Do not add anything else.

Figure 7: Prompt employed by GPT-40 to assess candi-
date answer correctness.

‘ System role ‘

You are an expert in math teaching.

w User role ‘

Your task is to verify whether a student's revised answer to a math exercise is correct or not by
ccomparing it with the provided correct answer.

The correct answer to the exercise: {answer}

The student's revised answer: {revised_response}

The hint: {hint}

1) If the student's revised answer does not match the correct answer, place the hint in the
"mauvais_hint" field in the output.

2) If the student's revised answer matches the correct answer, place the hint in the "bon_hint"
field in the output.

3) If the given hint contains the correct answer to the exercise, place the hint in the
"mauvais_hint" field in the output.

Provide the output in a JSON format with the following structure: {{"bon_hint": ", "mauvais_hint": "}
Make sure the generated output does not contain escape characters such as line breaks (\\n) or
slashes (\\).

Provide a clean and readable output. | insist on this. Do not make formatting errors.

Respect the output format, the evaluation criteria, and your role. Do not add anything else.

Figure 8: Prompt employed by GPT-40 to assess the
correctness of the revised solution and categorize hints.

Axis Values

en, bn, de, es, fr, ja,

Languages
guag ru, sw, te, th, zh

Student Prompts English-only, Multilingual 2

Student Models Mistral-7B, Aya-8B 2

Hint Strategies EN—SEN, ENSEN-L, 4
L—L, EN—L

2

tutor Models LLaMA-3.1-8B, LLaMA-3.3-70B

Total Configs

11 x2x2x4x2 352

Table 10: Overview of the experimental space.
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Figure 9: Leakage ratio per language; numbers above
bars indicate total helpful hints.

F Analysis: Student gains across
languages for the two different student
models with L1aMA-3.3-70B

Table 13 and Table 12 show the student gains of
Aya-8b and Mistral-7B, respectively, after giving
a hint, when we used L1aMA-3.3-70B as the tutor
model.

Language BLEU

Spanish 62.7
French 54.7
German 46.7
Russian 49.3
Bengali 43.0

Language BLEU

Chinese 40.1
Japanese 45.6
Thai 40.0
Swahili 45.5
Telugu 39.5

Table 11: BLEU scores by language
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English-only prompting Multilingual prompting

EN—EN EN—EN—L EN—L L—L EN—EN EN—EN—L EN—L L—L
English 79 79 79 59 English 8.6 8.6 6.0 8.6
Spanish 52 7.8 8.7 10.4 Spanish 4.9 7.8 3.9 5.8
French 54 8.9 8.0 3.6 French 2.7 7.3 8.2 8.2
HRLs German 7.0 14.0 10.0 8.0 German 11.9 11.9 13.9 18.8
Russian 6.4 4.6 6.4 10.1 Russian 6.1 5.1 5.1 1.0
Chinese 8.9 12.2 17.8 12.2 Chinese 20.0 12.6 13.7 16.8
Japanese 20.4 22.2 25.9 24.1 Japanese 25.5 23.6 16.4 18.2
Thai 7.7 11.5 11.5 7.7 Thai 154 154 11.5 154
LRLs Swabhili 55.6 0.0 444 11.1 Swabhili 333 11.1 11.1 444
Bengali 20.8 16.7 16.7 16.7 Bengali 0.0 0.0 0.0 0.0
Telugu 100.0 0.0 100.0 0.0 Telugu 0.0 0.0 0.0 0.0

Table 12: Student gains G (%) of Mistral-7B after receiving a hint from L1aMA-3.3-70B across English-only and
multilingual prompting setups.

English-only prompting Multilingual prompting
EN—EN EN—EN—L EN—L L—L EN—EN EN—EN—L EN—L L—L
English 5.7 5.7 3.1 4.1 English 4.1 4.1 3.1 3.6
Spanish 5.0 7.2 5.0 44 Spanish 5.1 5.1 2.6 2.0
French 8.8 6.5 8.8 5.9 French 2.2 2.7 3.8 1.6
HRLs German 53 53 4.7 5.3 HRLs German 33 2.7 4.9 54
Russian 2.1 1.0 2.1 3.6 Russian 2.1 1.6 2.1 2.6
Chinese 10.1 8.3 53 3.6 Chinese 7.2 39 3.9 6.7
Japanese 4.5 4.5 4.5 6.5 Japanese 43 5.6 5.0 5.6
Thai 15.1 11.3 3.8 13.2 Thai 304 15.2 26.1 8.7
LRLs Swahili 17.4 4.3 13.0 13.0 LRLs Swahili 31.8 13.6 22.7 13.6
Bengali 14.3 11.4 17.1 10.0 Bengali 39.2 11.8 11.8 23.5
Telugu 93.3 33.3 20.0 26.7 Telugu 9.1 27.3 9.1 36.4
(a) English-only prompting (b) Multilingual prompting

Table 13: Student gain G (%) of Aya-8b after receiving a hint from L1aMA-3.3-70B in the two setups.
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