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Abstract

The potential of large language models (LLMs)
as AI tutors to facilitate student learning has
garnered significant interest, with numerous
studies exploring their efficacy in educational
contexts. Notably, Wang and Chen (2025) sug-
gests that the relationship between AI model
performance and educational outcomes may
not always be positively correlated; less accu-
rate AI models can sometimes achieve simi-
lar educational impacts to their more accurate
counterparts if designed into learning activities
appropriately. This underscores the need to
evaluate the pedagogical capabilities of LLMs
across various dimensions, empowering educa-
tors to select appropriate dimensions and LLMs
for specific analyses and instructional activi-
ties. Addressing this imperative, the BEA 2025
workshop initiated a shared task aimed at com-
prehensively assessing the pedagogical poten-
tial of AI-powered tutors.

In this task, our team employed parameter-
efficient fine-tuning (PEFT) on Llama-3.2-3B
to automatically assess the quality of feed-
back generated by LLMs in student-teacher dia-
logues, concentrating on mistake identification,
mistake location, guidance provision, and guid-
ance actionability. The results revealed that the
fine-tuned Llama-3.2-3B demonstrated notable
performance, especially in mistake identifica-
tion, mistake location, and guidance actionabil-
ity, securing a top-ten ranking across all tracks.
These outcomes highlight the robustness and
significant promise of the PEFT method in en-
hancing educational dialogue analysis.

1 Introduction

In sociocultural theory, Vygotsky and Cole (1978)
posits that learning occurs through interactions
within social contexts, where conversation and dia-
logue serve as the primary mediums. During dia-
logues, a series of verbal or text exchanges occur
between individuals, leading to the co-construction
and negotiation of meaning (Tao and Chen, 2023),

which has been found to facilitate individuals’ cog-
nitive development (Mercer and Littleton, 2007).
Consequently, learning scientists and educational
psychologists advocate for educators to harness the
power of dialogue to enhance student learning.

In educational settings, dialogue can take place
between students and teachers, students and their
peers, and students and machines, in both online
and offline environments (Wang et al., 2024b).
These interactions contain rich information perti-
nent to students’ learning. Initially, to provide valu-
able feedback on specific aspects of students’ dia-
logues to improve learning outcomes, researchers
manually analyzed these dialogues using rubrics or
coding schemes (Howe and Abedin, 2013). How-
ever, due to the substantial human and time costs,
this manual approach is not feasible for large-scale
contexts involving numerous dialogues. With the
advent of artificial intelligence (AI), researchers
have explored using conventional machine learn-
ing techniques to automate the analysis of educa-
tional dialogues. This method, however, remains
semi-automatic, as it requires researchers to deter-
mine which linguistic or speech features should
be included as input (Wang et al., 2025a). Fur-
thermore, the performance of this method still has
room for improvement. Subsequently, deep neu-
ral networks emerged, demonstrating exceptional
performance in natural language processing tasks.
Researchers have thus explored using deep learning
techniques to automatically analyze educational di-
alogues (Wang et al., 2024a,b; Shan et al., 2023).
Although this approach achieves remarkable per-
formance, deep learning techniques struggle to gen-
eralize across various educational contexts (Wang
et al., 2025c). When educators wish to analyze
additional dimensions of dialogue information, an-
other round of data collection, annotation, and
model training is necessary (Wang et al., 2025b).

In the past two years, large language mod-
els (LLMs) have emerged, demonstrating impres-
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sive abilities to understand human language. Pre-
trained on vast corpora of texts, LLMs can perform
various language-related tasks and respond in ways
that align with human expectations. Researchers
have accordingly utilized LLMs to analyze educa-
tional dialogues (e.g., Wang and Demszky, 2023;
Wang et al., 2023; Moreau-Pernet et al., 2024). Ad-
ditionally, owing to their interactive nature, LLMs
have also been employed as AI tutors, directly en-
gaging with students to facilitate their learning. For
instance, GPT-3.5 and Llama3 have been used as
AI tutors to detect and correct students’ errors in
their messages (Daheim et al., 2024) and provide
scaffolding help (Phung et al., 2023). Despite their
versatility, LLMs’ performance varies across dif-
ferent dimensions. For example, they may excel
in correcting grammatical errors but struggle with
analyzing reasoning mistakes. Moreover, Wang
and Chen (2025) suggests that more accurate AI
models do not necessarily lead to more effective ed-
ucational outcomes. Sometimes, incorrect answers
from LLMs can prompt students to engage in deep
reflection, thereby positively impacting their learn-
ing. This indicates that even less accurate LLMs
may have practical applications. Therefore, it is
essential to comprehensively evaluate LLMs’ ped-
agogical capabilities when they function as tutors.
Such evaluations can inform the design of AI tutors
in educational practice for optimized outcomes.

To address these issues, BEA 2025 is organizing
a shared task to assess whether LLMs can serve
as effective AI tutors based on four metrics: mis-
take identification, mistake location, guidance pro-
vision, and actionability clarity (Kochmar et al.,
2025). Given educational dialogues between stu-
dents and tutors in the mathematical domain, which
are grounded in student mistakes or confusion,
seven LLMs are tasked with providing feedback on
students’ utterances across these four dimensions.
Following meticulous annotation of LLMs’ ped-
agogical capabilities in these metrics, BEA 2025
provides a development set with annotations and
invites participants to complete the remaining anno-
tations in the test set. To accomplish this task, we
selected a parameter-efficient fine-tuning (PEFT)
technique, namely LoRA (Low-Rank Adaptation),
and fine-tuned an LLM, specifically Llama-3.2-3B.
This decision was motivated by two considerations.
First, PEFT techniques have been shown to enable
LLMs to outperform BERT and RoBERTa in educa-
tional dialogue analysis tasks (e.g., Wang and Chen,
2025; Wang et al., 2025b). Second, unlike the well-

trained BERT and RoBERTa models specialized
for specific tasks and fully fine-tuned LLMs with
performance degradation on other tasks, parameter-
efficiently fine-tuned LLMs not only excel in these
tasks but also retain the ability to perform other
tasks akin to the original LLMs.

2 Method

2.1 Task description

The dataset for the BEA 2025 shared task com-
prises 500 educational dialogues between stu-
dents and tutors within the mathematical domains
(Maurya et al., 2025), specifically from Math-
Dial (Macina et al., 2023) and Bridge (Wang
et al., 2024c). Each dialogue includes multiple
prior exchanges from both the tutor and the stu-
dent, in which in the student’s final utterance con-
tains a mistake. In response to these dialogues,
seven LLMs—namely, GPT-4, Gemini, Sonnet,
Mistral, Llama3.1-8B, Llama3.1-405B, and Phi-
3—generate feedback aimed at identifying and ad-
dressing the mistake (Kochmar et al., 2025). The
responses generated by the LLMs are annotated
according to their quality across the following ped-
agogically motivated dimensions:

• Mistake identification: Since all dialogues in
the dataset contain a mistake made by the stu-
dent, a good quality response from the tutor
should include the relevant mistake identifica-
tion.

• Mistake location: A good tutor response
should not only notify the student of the com-
mitted error, but also point to its location in
the answer and outline what the error is to help
student remediate it in their next response.

• Providing guidance: A good tutor response
should provide the student with relevant and
helpful guidance, such as a hint, an explana-
tion, a supporting question, and the like.

• Actionability: Once the guidance is provided
to a student, it should be clear from a good
tutor response what the student should do next;
in other words, the tutor response should not
be vague, unclear or a conversation stopper.

The BEA 2025 shared task provides a develop-
ment set consisting of 300 educational dialogues
with annotations on these four dimensions and a
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Conversation History:
Student: okey
Tutor: Now we have the same dominators so we can subtract the numbers directly.
Tutor: What is 25 minus 18?
Student: 8.

Llama3.1-405B:
Response: That's close, but let's double-check. If we have 25 and subtract 18, wouldn't we actually get 7?
Mistake Identification: Yes,
Mistake Location: Yes,
Providing Guidance: Yes,
Actionability: Yes

......

Conversation History:
Tutor: What is the 12 subtracted by 1?
Student: 12.

Tutor 1:
Response: Actually, if we subtract 1 from 12, we get 11, not 12. Let's try it again together.
Mistake Identification: ?
Mistake Location: ?
Providing Guidance: ?
Actionability: ?

......

Figure 1: Example of dialogues in the development set (blue) and test set (green).

test set containing 200 educational dialogues with-
out annotations on these four dimensions. For each
dimension, the annotations have three labels, re-
spectively Yes, To some extent, and No. Their de-
scription and number can be seen in Table 1. Par-
ticipants are tasked with predicting annotations for
the test set based on the development set, which
involves a three-way classification task for each
metric. An example of a well-annotated dialogue
from the development set and an unannotated di-
alogue from the test set is illustrated in Figure 1.
More detailed description of the BEA 2025 shared
task can be seen in Kochmar et al. (2025).

In addition to the four tracks previously men-
tioned, the BEA 2025 shared task also included
anonymized responses generated by LLMs, as well
as responses produced by both expert and novice
tutors (i.e., Identifying Tutors). We were invited
to predict the source of each response in the test
set. Consequently, this track constitutes a nine-way
classification task.

2.2 PEFT method

We opted for LoRA (Low-Rank Adaptation), a
well-regarded PEFT method, to assess the qual-
ity of LLMs’ pedagogical responses in the test
set. LoRA effectively maintains the pre-existing
weights within LLMs, incorporating trainable low-
rank decomposition matrices into the internal
Transformer framework (Hu et al., 2021). This
technique substantially minimizes the number of

parameters that need training, which is essential
for fine-tuning LLMs in downstream tasks.

In deep neural networks, weight matrices gener-
ally exhibit full rank, indicating they possess the
maximum number of linearly independent rows
or columns. Nonetheless, pre-trained models fre-
quently exhibit low intrinsic dimensionality, sig-
nifying that a low-dimensional reparameterization
can be as effective for fine-tuning as utilizing the
full parameter space (Aghajanyan et al., 2021).
Therefore, it may not be necessary to adjust all
parameters during fine-tuning for a particular down-
stream task. Instead, a lower-dimensional reparam-
eterization can be employed to fine-tune LLMs (Xu
et al., 2023). LoRA accomplishes this by utilizing
two trainable low-rank matrices for the purpose of
weight updates (Hu et al., 2021).

Formally, in the context of full fine-tuning, the
update of an LLM’s weight matrix (denoted as
W0 ∈ Rd×k) can be described by the expression
W0+△W . LoRA represents △W with two lower-
rank trainable weight matrices, Wup ∈ Rd×r and
Wdown ∈ Rr×k, as shown in Equation 1, where the
rank r is much smaller than min(d, k). As a result„
the original weight matrix W0 remains unchanged
during fine-tuning, thereby conserving memory,
while only Wup and Wdown are subject to updates.
Given that r is much smaller than the minimum
value between d and k, the computational demands
of LoRA are markedly lower compared to full fine-
tuning.
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Table 1: The description of labels in each task in the development set.

Labels Description Number

Mistake Identification
Yes The mistake is clearly identified/ recognized in the tutor’s re-

sponse.
1932

No The tutor does not recognize the mistake (e.g., they proceed to
simply provide the answer to the asked question).

370

To some extent The tutor’s response suggests that there may be a mistake, but it
sounds as if the tutor is not certain.

174

Mistake Location
Yes The tutor clearly points to the exact location of a genuine mistake

in the student’s solution.
1543

No The response does not provide any details related to the mistake. 220
To some extent The response demonstrates some awareness of the exact mistake,

but is vague, unclear, or easy to misunderstand.
713

Providing Guidance
Yes The tutor provides guidance that is correct and relevant to the

student’s mistake.
1407

No The tutor’s response does not include any guidance, or the guid-
ance provided is irrelevant to the question or factually incorrect.

503

To some extent Guidance is provided but it is fully or partially incorrect, incom-
plete, or somewhat misleading.

566

Actionability
Yes The response provides clear suggestions on what the student

should do next.
1310

No The response does not suggest any action on the part of the
student (e.g., it simply reveals the final answer).

369

To some extent The response indicates that something needs to be done, but it is
not clear what exactly that is.

797

W0 +△W = W0 +WupWdown (1)

2.3 Fing-tuning

We selected an open-source LLM, Llama-3.2-3B-
Instruct1, to conduct PEFT. Llama-3.2-3B-Instruct,
released by Google in September 2024, is an
instruction-tuned, text-only large model optimized
for multilingual dialogue applications, supporting
eight languages. It surpasses many existing open-
source and proprietary chat models on standard
industry benchmarks.

A critical component of PEFT is the prepara-
tion of a well-annotated dataset. Accordingly, we
meticulously designed a prompt to evaluate the ped-
agogical abilities of LLMs based on their responses
in the development set, incorporating both instruc-
tional and contextual elements. The instruction
was framed as follows: The following dialogue
is a discussion between a student and a tutor in
the mathematical domain, where the last utterance
from the student contains a mistake. Then, an AI
tutor provides a response attempting to remediate
such mistakes. THEN TASK DESCRIPTION. The
description for each task is as follows:

Mistake Identification: Please analyze
whether the AI tutor’s response identifies the

1https://huggingface.co/meta-llama/Llama-3.2-3B-
Instruct

student’ mistake and classify it as Yes, No, or
To some extent.

Mistake Location: Please analyze whether
tutors’ responses accurately point to a gen-
uine mistake and its location in the students’
responses and classify it as Yes, No, or To
some extent.

Providing Guidance: Please analyze
whether tutors’ responses offer correct and
relevant guidance, such as an explanation,
elaboration, hint, examples, and so on and
classify it as Yes, No, or To some extent.

Actionability: Please analyze whether tutors’
feedback is actionable, i.e., it makes it clear
what the student should do next, and classify
it as Yes, No, or To some extent.

The definitions of Yes, No, and To some ex-
tent were provided as context. Subsequently, we
provided the educational dialogue and the LLMs’
response as input. The expected output was the cor-
responding label accompanied by an explanation.
Figure 2 illustrates an example of the prompt for
the task of mistake identification and the expected
answer used to fine-tune Llama-3.2-3B-Instruct.
Examples of prompts for the other three tasks are
available in Figures 3, 4, and 5.

For the Identifying Tutors track, the instruction
and task description are as follows:
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The following dialogue is a discussion between a student and a tutor in the mathematical domain, where the last utterance 
from the student contains a mistake. Then, An AI tutor provides a response trying to remediate such mistakes. Please analyze 
whether the AI tutor's response identifies the student' mistake and classify it as Yes, No, or To some extent.

Yes refers to that the mistake is clearly identified/ recognized in the tutor’s response; No refers to that the tutor does not 
recognize the mistake (e.g., they proceed to simply provide the answer to the asked question); To some extent refers to that 
the tutor’s response suggests that there may be a mistake, but it sounds as if the tutor is not certain.

Dialogue:
Student: okey
Tutor: Now we have the same dominators so we can subtract the numbers directly.
Tutor: What is 25 minus 18?
Student: 8.

And the AI tutor’s response is:
 That's close, but let's double-check. If we have 25 and subtract 18, wouldn't we actually get 7?

Yes, the mistake in the last utterance from the student is clearly identified/ recognized in the tutor’s response.

Prompt

Output

Figure 2: Example of a prompt for the task of mistake identification.

The following dialogue is a discussion between a student and a tutor in the mathematical domain, where the last utterance 
from the student contains a mistake. Then, An AI tutor provides a response trying to remediate such mistakes. Please analyze 
whether tutors’ responses accurately point to a genuine mistake and its location in the students’ responses and classify it as 
Yes, No, or To some extent.

Yes refers to that the tutor clearly points to the exact location of a genuine mistake in the student’s solution; No refers to that 
the response does not provide any details related to the mistake; To some extent refers to that the response demonstrates 
some awareness of the exact mistake, but is vague, unclear, or easy to misunderstand.

Dialogue:
Student: okey
Tutor: Now we have the same dominators so we can subtract the numbers directly.
Tutor: What is 25 minus 18?
Student: 8.

And the AI tutor’s response is:
 That's close, but let's double-check. If we have 25 and subtract 18, wouldn't we actually get 7?
Yes, the tutor clearly points to the exact location of a genuine mistake in the student’s solution.

Prompt

Output

Figure 3: Example of a prompt for the task of mistake location.

“The following dialogue is a discussion between
a student and a tutor in the mathematical domain,
where the student’s last utterance contains a mis-
take. A tutor then provides a response aimed at
remediating the error. Please analyze the response
and classify the origin of the tutor as one of the
following: Novice, Expert, Mistral, Phi, Sonnet,
Llama318B, GPT-4, Gemini, or Llama31405B.”

When employing LoRA for PEFT, we set the r
dimension to 16 and the LoRAalphas to 16. This
configuration was chosen based on our available
GPU resources and the adapter’s representation
capability. The training parameters were set as
follows: the number of epochs was configured to
4, the batch size to 8, the learning rate to 2e-4, and
the optimizer used was AdamW. The fine-tuning
process was executed on an NVIDIA L20 GPU.

3 Results

Table 2 presents the performance outcomes of
the parameter-efficiently fine-tuned Llama-3.2-3B
across five distinct tracks.Among the first four
racks, the organizers of BEA 2025 have utilized

exact macro F1, exact accuracy, lenient macro F1,
and lenient accuracy as evaluation metrics. The ex-
act macro F1 and exact accuracy involve assessing
predictions using three classes: "Yes," "To some
extent," and "No." Conversely, lenient macro F1
and lenient accuracy consolidate "Yes" and "To
some extent" into a single class, thus evaluating pre-
dictions within a two-class framework ("Yes + To
some extent" vs. "No"). For the track of tutor iden-
tification, the evaluation metrics were exact macro
F1 and exact accuracy scores. Specifically, in the
task of mistake identification, our team achieved
an exact macro F1 score of 0.6983 and an exact
accuracy of 0.8675. In the task of actionability, we
attained an exact macro F1 score of 0.6843 and an
exact accuracy of 0.7285. Conversely, the tasks of
mistake location and providing guidance proved to
be more challenging. In mistake location, our team
scored a macro F1 of 0.5450 and an exact accu-
racy of 0.7104, whereas in providing guidance, we
obtained a macro F1 score of 0.5416 and an exact
accuracy of 0.6464. In the task of tutor identifica-
tion, our team achieved an exact macro F1 score of
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The following dialogue is a discussion between a student and a tutor in the mathematical domain, where the last utterance 
from the student contains a mistake. Then, An AI tutor provides a response trying to remediate such mistakes. Please analyze 
whether tutors’ responses offer correct and relevant guidance, such as an explanation, elaboration, hint, examples, and so on 
and classify it as Yes, No, or To some extent.

Yes refers to that the tutor provides guidance that is correct and relevant to the student’s mistake; No refers to that the 
tutor’s response does not include any guidance, or the guidance provided is irrelevant to the question or factually incorrect; 
To some extent refers to that guidance is provided but it is fully or partially incorrect, incomplete, or somewhat misleading.

Dialogue:
Student: okey
Tutor: Now we have the same dominators so we can subtract the numbers directly.
Tutor: What is 25 minus 18?
Student: 8.

And the AI tutor’s response is:
 That's close, but let's double-check. If we have 25 and subtract 18, wouldn't we actually get 7?
Yes, the tutor provides guidance that is correct and relevant to the student’s mistake.

Prompt

Output

Figure 4: Example of a prompt for the task of providing guidance.

The following dialogue is a discussion between a student and a tutor in the mathematical domain, where the last utterance 
from the student contains a mistake. Then, An AI tutor provides a response trying to remediate such mistakes. Please analyze 
whether tutors’ feedback is actionable, i.e., it makes it clear what the student should do next, and classify it as Yes, No, or To 
some extent.

Yes refers to that the response provides clear suggestions on what the student should do next; No refers to that the response 
does not suggest any action on the part of the student (e.g., it simply reveals the final answer); To some extent refers to that 
the response indicates that something needs to be done, but it is not clear what exactly that is.

Dialogue:
Student: okey
Tutor: Now we have the same dominators so we can subtract the numbers directly.
Tutor: What is 25 minus 18?
Student: 8.

And the AI tutor’s response is:
 That's close, but let's double-check. If we have 25 and subtract 18, wouldn't we actually get 7?
Yes, the response provides clear suggestions on what the student should do next.

Prompt

Output

Figure 5: Example of a prompt for the task of actionability.

Table 2: The performance of fine-tuned Llama-3.2-3B in each task in the test set.

Exact macro F1 Exact accuracy Lenient macro F1 Lenient accuracy Ranking
Mistake Identification 0.6983 0.8675 0.9109 0.9496 7/44

Mistake Location 0.5450 0.7104 0.7649 0.8003 9/31
Providing Guidance 0.5416 0.6464 0.7456 0.7886 7/35

Actionability 0.6843 0.7285 0.8613 0.8888 6/29
Tutor Identification 0.8795 0.8778 N.A. N.A. 7/20
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0.8795 and an exact accuracy of 0.8778.
According to the exact macro F1 score, the BEA

2025 organizers ranked all participating teams. Our
team achieved a top 10 ranking in each track,
demonstrating the robustness of the PEFT tech-
nique employed in this report. The ranking fur-
ther illustrates that the fine-tuned Llama-3.2-3B
achieved superior performance in the tasks of mis-
take identification, providing guidance, and action-
ability, ranking 7th out of 44 teams, 7th out of 35
teams, and 6th out of 29 teams, respectively. In
contrast, its performance in the task of mistake lo-
cation was comparatively lower, ranking 9th out of
31 teams.

4 Discussion

Researchers have increasingly employed AI to au-
tomatically analyze educational dialogues (Wang
et al., 2024b), aiming to provide timely feedback
and enhance student learning. Existing studies
predominantly utilize supervised machine learn-
ing techniques to develop models for educational
dialogue analysis, which often suffer from limited
generalizability. Typically, researchers and engi-
neers must collect and annotate data and train AI
models to analyze specific dimensions within dia-
logues. This process needs to be repeated for each
new dimension under investigation or in a new ed-
ucational context (Wang et al., 2023). The advent
of LLMs offers a potential solution to these chal-
lenges, given their general and versatile capabilities
in understanding human language and executing
various natural language processing tasks. Conse-
quently, researchers have begun exploring the use
of LLMs to analyze diverse aspects of educational
dialogues through prompt engineering techniques
(e.g, Wang and Demszky, 2023; Wang et al., 2023).
Additionally, the ability of LLMs to respond to user
queries positions them as potential AI tutors to fa-
cilitate student learning. Thus, assessing whether
LLMs can effectively serve as teachers is a critical
question in educational practice, with numerous
studies examining their impact in various contexts
(Wang and Fan, 2025). Furthermore, Wang and
Chen (2025) suggests that the relationship between
AI model performance and educational outcomes
may not always be positively correlated; less accu-
rate AI models can sometimes achieve similar edu-
cational impacts to their more accurate counterparts
if designed into learning activities appropriately. It
is therefore essential to evaluate the pedagogical

capabilities of LLMs across different dimensions,
enabling educators to determine which versions
of LLMs should be adopted for specific types of
analysis and activities for teachers and students. In
response to this need, the BEA 2025 conference
organized a shared task to comprehensively assess
the pedagogical potential of AI-powered tutors.

In this task, our team applied parameter-efficient
fine-tuning to Llama-3.2-3B to automatically eval-
uate the quality of LLM-generated feedback on
student-teacher dialogues, focusing on mistake
identification, mistake location, guidance provision,
and guidance actionability. The final leaderboards
revealed that the fine-tuned Llama-3.2-3B achieved
notable performance, particularly in the areas of
mistake identification, mistake location, and guid-
ance actionability. Our team ranked within the top
ten across all tracks, underscoring the robustness
and considerable potential of the PEFT method in
educational dialogue analysis.

5 Limitation

While our application of a PEFT technique to fine-
tune a widely recognized LLM yielded notable
performance in this shared task, several limitations
warrant acknowledgment. First, we exclusively
evaluated the Llama-3.2-3B model. The generaliz-
ability of our findings to larger or alternative mod-
els, such as Mistral or Gemma, remains uncertain,
and comparative analyses could reveal performance
variations across LLMs. Second, the investigation
focused solely on a single PEFT method. A broader
exploration of alternative PEFT strategies—as well
as full fine-tuning approaches—could strengthen
the robustness of the proposed method and provide
more comprehensive empirical validation. Third,
the experiments relied on a uniform prompt design.
As previous research, such as Tran et al. (2024), has
demonstrated, the design of prompts significantly
influences LLM performance. Incorporating di-
verse prompting techniques (e.g., chain-of-thought,
role-based instructions) could mitigate bias and im-
prove the reliability of experimental outcomes. To
address these gaps, future work should prioritize (1)
benchmarking across multiple LLM architectures,
(2) systematically evaluating diverse fine-tuning
paradigms, and (3) integrating advanced prompt
engineering strategies, to rigorously assess the po-
tential of LLMs as pedagogical tools.
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