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Abstract

Large language models (LLMs) have advanced
virtual educators and learners, bridging NLP
with AI4Education. Existing work often lacks
scalability and fails to leverage diverse, large-
scale course content, with limited frameworks
for assessing pedagogic quality. To this end, we
propose WikiHowAgent, a multi-agent work-
flow leveraging LLMs to simulate interactive
teaching-learning conversations. It integrates
teacher and learner agents, an interaction man-
ager, and an evaluator to facilitate procedural
learning and assess pedagogic quality. We intro-
duce a dataset of 114,296 teacher-learner con-
versations grounded in 14,287 tutorials across
17 domains and 727 topics. Our evaluation pro-
tocol combines computational and rubric-based
metrics with human judgment alignment. Re-
sults demonstrate the workflow’s effectiveness
in diverse setups, offering insights into LLM
capabilities across domains. Our datasets and
implementations are fully open-sourced. 1

1 Introduction

Large language models (LLMs) have sparked smart
teaching and learning, reshaping education and
bridging NLP with AI4Education (Chu et al., 2025).
LLMs have been employed as single agents in ed-
ucation, serving as teachers (Chen et al., 2024b;
Lan and Chen, 2024), learners (Xu et al., 2025a),
or evaluators (Hu et al., 2025) to enhance person-
alized learning (Park et al., 2024). Specifically,
multi-LLMs have shown promise in simulating
teacher-learner interactions, assisting competitive
problem solving (Islam et al., 2024), providing per-
sonalized feedback (Park et al., 2024), immersive
multimodal training (Pei et al., 2024), and evalu-
ating educational content (Lagakis and Demetri-
adis, 2024; Jinxin et al., 2023). However, none of
the existing approaches use diverse and large-scale

*Corresponding author
1https://github.com/Jiahuan-Pei/WikiHowAgent

Figure 1: The proposed multi-LLM agent workflow for
procedural learning and pedagogic quality assessment.

course content, which is vital for capturing the vari-
ability in instructional materials. And they lack a
comprehensive evaluation for assessing pedagogic
quality, limiting insights into the effectiveness of
teaching-learning interactions (Xu et al., 2025a).

To this end, we introduce a multi-agent work-
flow, namely WikiHowAgent (See Figure 1), lever-
aging LLMs to simulate an interactive teaching-
learning conversation graph. It utilizes LLM-
powered teacher and learner agents, processes in-
structional tutorials, and generates guided conver-
sations in an interactive mode. The workflow is
designed to facilitate a seamless interaction be-
tween the teacher and learner agents, allowing
for a natural flow of conversation. The workflow
consists of four main components: (1) Teacher
Agent, which provides instructions, answers clari-
fication questions, and guides tutorial progression.
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(2) Learner Agent, which simulates understand-
ing and generates responses, either feedback or a
question if anything is unclear. (3) Interaction
Manager, which monitors the conversation state,
tracks tutorial progress, and determines the next
node (i.e., TEACHER, LEARNER, END) in the graph,
ensuring seamless transitions. And (4) Evaluator,
which assesses the generated conversation using di-
verse evaluation metrics, including computational
metrics and rubric-based metrics generated by an
LLM-based evaluator agent, offering insights into
pedagogic quality and model performance.

We seek the answers to the following research
questions: (RQ1) How effective is the proposed
multi-agent workflow with diverse LLMs? How
does it perform in homogeneous learning (the same
LLM for teacher, learner, and evaluator) versus
heterogeneous learning (different LLMs for learner
given the same teacher)? (RQ2) How do LLMs per-
form across various domains, and what insights can
be drawn about their strengths and limitations in
specific areas of procedural learning? (RQ3) How
well do the diverse automatic evaluation metrics
align with human judgment in assessing pedagogic
quality and conversational performance?

We list our key contributions as follows:
• A large-scale dataset consisting of 114,296

teacher-learner conversations grounded in 14,287
tutorials. It spans 17 domains and 727 topics,
organized in a hierarchical knowledge graph.

• A multi-LLM agent workflow for procedural
learning and pedagogic quality assessment. A
benchmark of 8 prevailing LLMs from diverse
providers, including open-source and closed-
source models.

• A comprehensive evaluation protocol, including
diverse metrics and a human judgment alignment
assessment method.

2 Multi-LLM Agent Procedural Learning

As shown in Figure 1, we propose a multi-LLM
agent workflow designed for procedural learning
through interactive dialogue. Algorithm 1 outlines
the implementation of the workflow, comprising
a teacher agent, a learner agent, and an evalua-
tor agent, to dynamically simulate guided tutorial
sessions using a conversational graph and assess
pedagogic quality. First, we initialize the learn-
ing state and conversation graph, where each node
represents a conversational turn, and edges repre-
sent interactions between the teacher and learner

Algorithm 1 Multi-LLM Agent Workflow for Pro-
cedural Learning
Require: Tutorial T = [t1, t2, . . . , tn], max interactions M
1: Initialize State:
2: S ← {messages: [], tutorial: T , current_step: 0,

needs_clarification: False, finished: False}
3: Define Nodes:
4: TeacherNode: S ← teacher_agent(S)
5: LearnerNode: S ← learner_agent(S)
6: Simulate a conversation by iterating through the nodes in the graph:
7: while ¬S.finished and |S.messages| < M do
8: if S.messages = [] then
9: S ← TeacherNode(S) ▷ Provide first instruction
10: else if S.messages[−1] ∈ Teacher then
11: S ← LearnerNode(S) ▷ Generate learner response
12: if Learner asks a question and not mention “next step” then
13: S.needs_clarification← True ▷ Set flag for Teacher
14: else
15: S.current_step← S.current_step + 1 ▷ Next learning step
16: end if
17: else
18: S ← TeacherNode(S) ▷ Provide teacher instruction
19: if S.needs_clarification then
20: S.needs_clarification← False ▷ Reset flag after clarification
21: end if
22: end if
23: if S.current_step ≥ |T | then
24: S.finished← True ▷ End conversation if tutorial is complete
25: end if
26: end while
27: Evaluate conversation:
28: E ← Evaluator(S.messages)
29: return S.messages, E

agents. Then, we define the nodes, invoking ei-
ther the teacher agent or the learner agent: The
teacher agent is responsible for providing instruc-
tions and answering clarification questions. The
learner agent simulates a learner’s understanding
and generates follow-up questions or responses.
Next, we simulate the conversation by iterating
through the nodes in the graph: (1) It begins with
the teacher agent providing instructions based on
the first-step’s tutorial content. (2) The interaction
manager monitors the conversation state, tracks tu-
torial progress, handles clarification needs, and de-
termines the next node in the graph. (3) It continues
iteratively, with the teacher agent providing instruc-
tions and the learner agent generating responses
until the tutorial is completed or a maximum inter-
action limit is reached. Last, the evaluator assesses
the generated conversation using a range of evalua-
tion metrics, including computational metrics and
rubric-based metrics facilitated by an LLM-based
evaluator agent.

3 Evaluation Protocol

3.1 Evaluation Metrics
3.1.1 Computational Metrics
We utilize a set of automatic metrics, including:
(1) Question: Computes the proportion of learner
utterances that contain questions. (2) Completion:
Computes the proportion of generated conversation
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reached completion by generating the special token
FINISHED in the end. (3) Diversity: Computes
a 2-gram diversity score for linguistic variation
in responses. (4) BLEU (Papineni et al., 2002):
Measures the overlap of 4-grams between the gen-
erated and reference tutorial, focusing on precision.
(5) METEOR (Banerjee and Lavie, 2005): Eval-
uates 4-gram similarity using a harmonic mean of
precision and recall, along with alignment of words,
including synonyms and stemming. (6) ROUGE
(Lin, 2004): Assesses the quality of generated
text by comparing overlapping 4-grams, word se-
quences, and word pairs with reference tutorial,
focusing on recall. (7) BERTScore (Reimers and
Gurevych, 2019): Measures context-aware seman-
tic similarity between the generated and reference
text with BERT embeddings.

3.1.2 Rubric Metrics
We define educational conversation metrics to eval-
uate tutorial-guided procedural learning and ped-
agogic quality for both LLM and human judges:
(1) Clarity: Measures how clear, well-structured,
and understandable the teacher’s instructions are.
(2) Truthfulness: Assesses the factual accuracy
and alignment of responses with the tutorial con-
tent. (3) Engagement: Evaluates the learner’s ac-
tive participation through meaningful questions and
thoughtful responses. (4) Coherence: Checks the
logical flow and smooth transitions in the conver-
sation. (5) Depth: Gauges the level of detail and
exploration in the discussion beyond surface-level
content. (6) Relevance: Ensures responses stay
on-topic and align with the tutorial’s instructions.
(7) Progress: Tracks how effectively the conver-
sation moves forward through the tutorial steps.
And (8) Naturalness: Measures how fluid and hu-
man-like the conversation feels, avoiding robotic or
scripted responses. See full rubric in Appendix D.

3.2 Human Judgment Alignment

First, we select 25 tutorials based on the top aver-
age LLM-judged scores across all metrics, result-
ing in a set of 175 model-generated conversations.
Second, we collect human annotations of ratings
(scale 1-5, where 1 is very poor and 5 is excel-
lent) on the sample set. We hire 2 human judges
who are master’s and PhD students proficient in En-
glish and have sufficient learning capabilities. For
each data sample, we have a generated conversa-
tion paired with the grounded tutorial. We ask each
judge to read the tutorial carefully and rate a gener-

ated conversation using the tutorial as a reference.
The judges are instructed to evaluate the conversa-
tion based on the rubric metrics (§ 3.1.2). Then,
we compute the average of the two judges’ scores
for each metric, using the average value as the ref-
erence to evaluate alignment with the automatic
metrics. Last, we conduct a qualitative analysis
by visualizing the distribution of ratings provided
by human and LLM judges, and assess their align-
ment using the following correlation coefficients:
(1) Pearson’s r: Evaluates linear correlation be-
tween continuous variables. (2) Spearman’s ρ:
Measures monotonic relationships between ranked
variables. And (3) Kendall’s τ : Assesses ordinal
associations between ranked variables.

4 Dataset

Figure 2: Hierarchical distribution of topics across 17
domains with corresponding topic counts. The inner
ring represents the domains, while the outer segments
depict 81 first-level topics within each domain. Segment
sizes are proportional to the count of entries per topic.

We collected 3,680 real-world instructional ar-
ticles from WikiHow2 covering 17 domains and
727 topics, as shown in Figure 2. Each article has
1516.7 tokens and 4.0 methods as how-to tutorials
on average. Each method contains 304.3 tokens and
5.2 instructional steps on average. The data collec-
tion contains 14,738 methods and 49,344 learning
steps in total. We treat each method as a tutorial
and generate 14,287 teacher-learner conversations,
skipping tutorials with only one step, for 8 back-
bone LLMs, resulting in a total of 114,296 con-
versations. Additionally, we count the number of
articles for each domain (Appendix C) and orga-
nize topics into a hierarchical knowledge graph
(Appendix E).

2https://www.wikihow.com/
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LLMs Provider BERTScore (%) BLEU (%) METEOR (%) ROUGE (%) Diversity (%) Question (%) Completion (%)

DeepSeek DeekSeek 71.81 31.54 30.53 37.71 77.24 17.67 99.57
Qwen2 Alibaba 73.29 37.48 32.06 41.96 83.44 20.51 99.49
Gemma Google 66.85 28.92 22.16 36.13 85.39 27.99 97.17
OLMo2 Allenai 71.45 25.42 32.22 34.25 79.80 22.75 100.00
OpenChat Tsinghua 71.06 29.33 33.66 37.62 73.31 62.36 79.46
Llama3 Meta 74.74 35.27 39.33 44.85 75.66 61.60 86.39
Phi4 Microsoft 64.46 28.42 34.90 37.44 79.33 57.27 99.43
GPT-4 Open AI 69.66 43.86 34.48 48.58 86.96 60.82 99.79

Overall µ± δ 70.42±3.36 32.53±6.00 32.42±4.91 39.82±3.62 80.14±4.79 38.59±20.70 95.16±7.82

Table 1: Overall workflow effectiveness in homogeneous learning (same LLM for teacher, learner, and evaluator),
benchmarking 8 prevailing LLMs as backbone, evaluated on 7 computational evaluation metrics. Symbols µ and δ
denote the mean and standard deviation of the evaluation metrics, respectively.

5 Results

We conduct experiments with 8 LLMs from di-
verse providers: The open-source models includ-
ing DeepSeek (7B), Qwen2 (7B), Gemma (7B),
OLMo2 (7B), OpenChat (7B), Llama3 (8B), Phi4
(14B), and commerical GPT-4 (1.76TB).

5.1 Evaluation Results of the Workflow (RQ1)

5.1.1 Homogeneous Learning
In this setting, all three agents (teacher, learner,
and evaluator) share the same model. As shown
in Table 1, we present the evaluation results of the
proposed multi-LLM agent workflow with 8 back-
bone LLMs in homogeneous learning, evaluated
by computational metrics. Overall, the workflow
shows strong effectiveness in homogeneous learn-
ing setups, with high diversity and completion rates.
Specifically, we find that:

First, the proposed workflow achieves consis-
tently outperforming mean scores in Completion
(µ = 95.16%), Diversity (µ = 80.14%), and se-
mantic similarity (BERTScore µ = 70.42%). This
indicates the workflow’s ability to generate var-
ied and complete conversations that are semanti-
cally aligned with the reference tutorial. This is
attributed to the instruction-following capabilities
of LLMs, which enable the workflow to complete
conversations with diverse yet coherent responses,
while the teacher agent effectively mirrors the tuto-
rial’s instructional content.

Second, simulating learner engagement for ed-
ucational conversation is still challenging. Open-
Chat and Llama3 excel in Question generation
(µ = 62.36%, 61.60%), showcasing their capabil-
ity to simulate active learner engagement, but the
workflow demonstrates variability in the learner
agent’s performance across scenarios, as indicated
by the high standard deviation in the Question

(δ = 20.70%). This variability may stem from the
diverse nature of the tutorials, which can influence
the learner agent’s engagement and question gener-
ation. Besides, the task to understand the teacher’s
instructions and generate questions is challenging,
leading to variant performance on different LLMs.

Third, the workflow demonstrates variability
in alignment with the reference tutorial, as re-
flected by the high standard deviations in BLEU,
METEOR, ROUGE, and BERTScore (δ =
6.00, 4.91, 3.62, 3.36) metrics. This suggests that
the performance is sensitive to the specific con-
tent and structure of the tutorial, as these metrics
heavily rely on the overlap and semantic similarity
between the generated conversation and the refer-
ence tutorial. The observed deviations highlight the
challenges in maintaining consistent quality across
diverse tutorial topics and instructional styles.

Figure 3: Evaluation results of homogeneous learning
using rubric-based metrics across different LLMs.

As shown in Figure 3, we visualize the eval-
uation results of the proposed multi-LLM agent
workflow with 8 backbone LLMs in homogeneous
learning, evaluated using rubric-based metrics. We
obtain the following key insights: (1) The workflow
has a strong ability to stay on-topic (Relevance
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Learner BERTScore (%) BLEU (%) METEOR (%) ROUGE (%) Diversity (%) Question (%) Completion (%)

OpenChat 71.06 29.33 33.66 37.62 73.31 62.36 79.46

DeepSeek 68.08 ↓ 33.73 ↑ 30.49 ↓ 39.06 ↑ 77.79 ↑ 26.87 ↓ 99.30 ↑
Qwen2 71.85 ↑ 37.08 ↑ 32.18 ↓ 42.96 ↑ 80.90 ↑ 26.21 ↓ 98.27 ↑
Gemma 68.99 ↓ 36.75 ↑ 31.19 ↓ 42.39 ↑ 84.50 ↑ 23.59 ↓ 98.99 ↑
OLMo2 68.22 ↓ 35.44 ↑ 30.61 ↓ 40.86 ↑ 80.81 ↑ 42.11 ↓ 99.32 ↑
Homogeneous Overall (µ± δ) 70.42±3.36 32.53±6.00 32.42±4.91 39.82±3.62 80.14±4.79 38.59±20.70 95.16±7.82

Heterogeneous Overall (µ± δ) 69.29 ↓ ±1.76 35.75↑±1.52 31.12 ↓ ±0.77 41.32↑±1.75 81.00↑±2.75 29.70↓±8.40 98.97↑±0.49

Table 2: Overall workflow effectiveness in heterogeneous learning (diverse LLMs as learners with the same LLM
as the teacher and evaluator). Symbols µ and δ denote the mean and standard deviation of the evaluation metrics,
respectively. Symbols ↑ and ↓ indicate an increase or decrease compared to the baseline setting, respectively.

µ = 4.70) and provide clear instructions (Clarity
µ = 4.61). (2) Some models struggle to main-
tain conversational fluidity and explore concepts in
depth, aligning with the reference tutorial. Specifi-
cally, Truthfulness, Naturalness, and Depth met-
rics show high variability (δ = 0.7, 0.5, 0.47).
These findings highlight the need for further im-
provements in generating conversations that are
human-like, detailed, and factually accurate while
closely adhering to the tutorial content. (3) Open-
Chat and OLMo2 are the most well-rounded per-
formers, excelling in the majority of the metrics.
Hence, in the heterogeneous learning setups, we
equip OpenChat with the teacher and evaluator
agents and the other LLMs for diverse learners.

5.1.2 Heterogeneous Learning

In this setting, the learner agent differs from the
teacher and evaluator agents. OpenChat serves
as the teacher and evaluator, while the learner is
selected from 7B open-source LLMs (DeepSeek,
Qwen2, Gemma, OLMo2). In Table 2, we present
the computational evaluation results and observe:

First, the workflow demonstrates improved lin-
guistic Diversity (+0.86%) and alignment metrics,
(BLEU +3.23%, ROUGE +1.50%), while main-
taining high Completion rates (µ = 98.97%). This
highlights the benefits of diverse learner agents
in generating varied, complete, and well-aligned
conversations. Additionally, reduced standard de-
viations across metrics indicate more consistent
performance in heterogeneous setups.

Second, learner engagement in heterogeneous
setups significantly drops compared to homoge-
neous setups, as indicated by the Question met-
ric (−8.89%). This suggests that diverse learn-
ers may struggle to generate meaningful questions
consistently. We attribute this to inherent differ-
ences in the models’ design artifacts (e.g., whether
reasoning capabilities are enabled) and data (e.g.,

domain knowledge and linguistic diversity). The
high standard deviation in the Question metric
(δ = 20.70%) further highlights variability in
learner engagement across different models. Ad-
dressing this gap requires incorporating adaptive
dialogue strategies and human-in-the-loop evalua-
tions to better simulate realistic learning scenarios
and improve alignment between model-generated
interactions and actual learner needs.

Third, the workflow’s performance in semantic
similarity (BERTScore −1.13% and METEOR
−1.30%) slightly decreases compared to the homo-
geneous setting, This indicates challenges in main-
taining semantic alignment and precision-recall bal-
ance with the reference tutorial.

Figure 4: Evaluation results of heterogeneous learning
using rubric-based metrics across different LLMs.

Last, comparing Figure 4 with Figure 3, we in-
tuitively observe that the performance in heteroge-
neous learning is more consistent across different
models. However, noticeable variations persist in
Depth and Engagement metrics.

5.2 Performance across Domains (RQ2)

We evaluate the performance of the proposed multi-
LLM agent workflow across 17 domains, as shown
in Figure 5. We present the evaluation results of the
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Figure 5: Multiple rubric evaluation scores of all LLMs over various domains (marked by their IDs in Appendix C).

proposed multi-LLM agent workflow with 8 back-
bone LLMs in heterogeneous learning, evaluated
by computational metrics. Overall, the workflow
shows strong effectiveness in heterogeneous learn-
ing setups, with high diversity and completion rates.
Specifically, we observe the following key findings:

On one hand, the proposed workflow achieves
consistently well-rounded performance for Clar-
ity, Coherence, Relevance and Progress for all
models across all domains. This indicates the work-
flow’s ability to generate varied and complete con-
versations that are semantically aligned with the ref-
erence tutorial. This is attributed to the instruction-
following capabilities of LLMs, which enable the
workflow to complete conversations with diverse
yet coherent responses, while the teacher agent ef-
fectively mirrors the tutorial’s instructional content.

On the other hand, Engagement, Truthfulness,
Depth, and Naturalness exhibit significant vari-
ability across domains and different LLMs. This
variability likely arises from the diverse complex-
ity and structure of the tutorials, which can affect
the learner agent’s ability to generate meaningful
questions and responses. Moreover, the inherent
challenge of interpreting the teacher’s instructions
and formulating appropriate follow-up questions
further contributes to the observed performance
disparities among different LLMs.

5.3 Human Evaluation Alignment (RQ3)

We measure the alignment between automatic eval-
uation metrics (§ 3) and human annotations.

First, we visualize the distribution of ratings pro-

Figure 6: Comparison between human annotation and
model evaluation scores.

Figure 7: Human alignment correlation coefficient Pear-
son’s r, Spearman’s ρ, Kendall’s τ , over diverse metrics.
Symbols denote significance test: * p<0.05, ** p<0.01.

vided by human and LLM judges for comparative
analysis, as shown in Figure 6. We observe that the
human judges tend to provide lower and diverse
ratings than the LLM judges, indicating a potential
bias in the LLM evaluation process.

Second, we compute the correlation coefficients
between human and LLM judges across all met-
rics, as shown in Figure 7. Metrics such as Clar-
ity, Progress, Coherence, and Relevance exhibit
higher correlations, indicating stronger alignment
between LLM and human judgments in these ar-
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Figure 8: Distribution of model evaluations compared to human annotations across all metrics.

eas. This suggests that these metrics effectively
capture aspects of conversational quality that res-
onate with human evaluators. In contrast, met-
rics like Depth, Engagement, Naturalness, and
Truthfulness show lower correlations, highlight-
ing potential gaps in how LLM judges assess these
dimensions compared to human evaluators. This
misalignment may stem from the inherent difficulty
of evaluating nuanced aspects such as conversa-
tional depth and authenticity, suggesting the need
for improved evaluation strategies or additional cal-
ibration of LLM-based metrics.

Third, we visualize the distribution of model
evaluations compared to human annotations across
all metrics, as shown in Figure 8. We observe
that LLM evaluations are tightly clustered around
a high median with low variance, whereas human
scores display a wider spread and a lower median.
This suggests that LLMs tend to rate fluency and
related qualities higher, possibly due to an over-
reliance on surface-level text coherence. In con-
trast, for metrics such as Engagement and Depth,
both most LLMs and human ratings exhibit greater
variability, with most LLM ratings often distributed
more uniformly across the scale. This discrepancy
likely arises from fundamental differences in evalu-
ation criteria: human judges may focus more on the
quality and depth of the conversation, while LLM
judges prioritize fluency and coherence. This mis-
alignment highlights the need for improved evalu-
ation strategies or additional calibration of LLM-
based metrics to better reflect human judgment.

6 Discussion

Implication. This work introduces a modular,
multi-agent workflow for procedural learning that
contributes to the development of scalable, LLM-

based educational systems. The proposed large-
scale dataset, grounded in structured tutorials and
spanning domains, offers a valuable resource for
both NLP and AI4Education communities. Com-
bined with a multi-perspective evaluation protocol
(automatic metrics, rubric scoring, and human as-
sessment), the workflow enables comprehensive
assessment of LLMs in educational contexts.

From the perspectives of educational AI systems,
This approach supports the development of scal-
able, automated tutoring systems adaptable to vari-
ous topics, instructional goals, and learner profiles.
By simulating interactive teacher-learner dialogues,
it moves beyond static benchmarks and enables
dynamic, pedagogically grounded evaluation of
LLMs. This opens new directions for AI-powered
curriculum design, feedback systems, and intelli-
gent tutoring. From a broader societal perspective,
such systems can improve access to high-quality in-
struction, particularly in resource-limited settings.
Meanwhile, their growing role also highlights the
need for responsible design, transparent evaluation,
and human oversight to ensure they complement
rather than replace effective teaching.

Positioning Future Work. Looking ahead, sev-
eral directions can further advance this work. First,
incorporating real human learners and evaluators
is essential to capture authentic learning dynam-
ics and validate automated evaluation methods.
Second, future research can focus on explicitly
modeling pedagogical skills within LLMs, such as
scaffolding, adaptive explanation, and constructive
feedback, to more accurately reflect teaching com-
petence and align LLMs with pedagogical skills.
Lastly, enhancing personalization through learner
modeling and adaptive dialogue strategies will im-
prove responsiveness and realism, bringing the sys-
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tem closer to real-world deployment.

7 Related Work

7.1 Single LLM-Agent for Education

LLMs have been employed as single agents in ed-
ucation, serving as teachers, learners, or evalua-
tors to enhance learning. Teacher agents deliver
knowledge, answer questions, and guide learners
through structured content. For instance, Chat-
Tutor (Chen et al., 2024b) uses LLMs for course
planning, adaptive quizzes, and tailored instruction
via interaction, reflection, and reaction. Similarly,
Chen et al. (2024a) show that ChatGPT as a teach-
able agent improves programming education by en-
hancing students’ understanding and coding skills.
For instance, Ma et al. (2024b) fine-tuned LLMs
to simulate diverse language learners, aiding pre-
service teachers in adapting to varied student needs.
Evaluator agents assess educational interactions
and provide feedback. Hu et al. (2025) use LLMs
to simulate teacher-student interactions, generate
teaching reflections, and refine lesson plans, show-
casing their potential to enhance pedagogy. These
roles demonstrate the versatility of LLMs in ad-
dressing educational needs, forming a foundation
for multi-agent workflows.

7.2 Multi-LLM Agent Workflows

Recent advancements in multi-LLMs workflows
leverage agent collaboration to enhance scalabil-
ity and adaptability in educational systems (Chu
et al., 2025). For example, EduAgent (Xu et al.,
2024) integrates cognitive priors to guide reasoning
in simulated interactions, while Park et al. (2024)
align diagnostic student modeling with LLM-based
tutoring through prompt engineering. GenMen-
tor (Xu et al., 2025b) dynamically tailors content
to learner needs by optimizing learning paths, and
LLMAgent-CK (Yang et al., 2024b) employs struc-
tured multi-agent roles for content knowledge iden-
tification. Xu et al. (2025a) introduce a frame-
work with reflective and novice agents to simu-
late realistic student behaviors, enhancing fidelity
and learning outcome assessments. Additionally,
EvaAI (Lagakis and Demetriadis, 2024) introduces
a multi-agent framework leveraging LLMs for en-
hanced automated grading, further demonstrating
the utility of LLMs in educational evaluation. Pei
et al. (2024) propose a multi-agent framework with
visual and language agents to assist multimodal
LEGO assembly learning. These approaches high-

light the potential of multi-agent LLM in advancing
personalized and effective educational workflows.

Compared to existing works, our approach em-
phasizes the integration of multiple LLMs to simu-
late procedural learning interactions. This enables
a more comprehensive evaluation of pedagogical
quality, instructional effectiveness, and conversa-
tional dynamics, advancing the development of
scalable and adaptive educational systems.

7.3 Educational Applications and Domains

Extensive work has been conducted across diverse
contexts, including language learning, STEM edu-
cation, and professional development. In language
learning, studies have demonstrated the effective-
ness of LLMs in enhancing student engagement
through conversational interfaces (Ma et al., 2024b;
Lagakis and Demetriadis, 2024). In STEM educa-
tion, LLMs have been applied to facilitate learning
in mathematics (Gou et al., 2024), physics (Wang
et al., 2023; Ma et al., 2024a), chemistry (M. Bran
et al., 2024; Sprueill et al., 2024), biology (Huang
et al., 2024; Ghafarollahi and Buehler, 2024), and
general scientific discovery (Ma et al., 2024c; Baek
et al., 2024). Additionally, LLMs have shown
promise in professional development, including ap-
plications in medical training (Yang et al., 2024c;
Abd-Alrazaq et al., 2023), computer science educa-
tion (Zhang et al., 2024; Yang et al., 2024a; Islam
et al., 2024), and legal studies (Guha et al., 2023).
Compared to these domain-specific applications,
our work leverages large-scale learning materials
spanning a wide range of domains, enabling a more
comprehensive exploration of procedural learning
and pedagogic quality assessment.

8 Conclusion

In this work, we introduced a multi-LLM agent
workflow for simulating procedural learning and as-
sessing pedagogic quality at scale. Our framework
leverages teacher, learner, and evaluator agents
to enable dynamic teaching-learning simulations
grounded in diverse instructional content. We pre-
sented a large-scale dataset and a comprehensive
evaluation protocol, demonstrating the workflow’s
effectiveness across various setups. We also iden-
tify areas for improvement, such as enhancing
learner engagement and aligning automated eval-
uations with human judgments. This work lays
the foundation for scalable, adaptive educational
systems, bridging NLP with AI4Education.
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Limitations

While our study presents a large-scale, structured
framework for simulating procedural teaching-
learning interactions, there remain two areas with
potential for further enhancement. First, the learner
agents are simulated using LLMs within a pre-
defined interaction flow. This setup enables con-
trolled and consistent experimentation but may not
fully reflect the variability and learning behavior of
real human learners. Future work could incorporate
adaptive dialogue policies or human-in-the-loop
learners to improve the realism and responsive-
ness of interactions. Second, although our dataset
spans 17 domains and 727 topics, variation in topic
complexity and data distribution could influence
performance comparisons. Certain domains may
be overrepresented or inherently more challenging,
which could affect model generalizability. Future
extensions can include domain-balanced evalua-
tion and fine-grained analysis at the topic level to
better understand model behavior across different
knowledge structures. These considerations do not
compromise the core contributions of our work but
highlight opportunities for expanding its applica-
bility and pedagogical fidelity.
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A Implementation Details

The implementation of the workflow is based on
LangGraph. 3 We utilize 7 the most capable openly
available LLMs hosted on Ollama 4 as the back-
bone of the proposed workflow: (1) DeepSeek: A
7B parameter, bilingual-supportive, open-source
model from DeepSeek. (2) Qwen2: A 7B param-
eter, multilingual-supportive, open-source model
from Alibaba. (3) Gemma: A 7B parameter,
lightweight, open-source model developed by
Google DeepMind. (4) OLMo2: A 7B parameter,
open-source model from AllenAI, demonstrating
competitive performance with equivalently sized
open models. (5) OpenChat: A 7B parameter, open–
source model from Tsinghua, surpassing ChatGPT
3.5 on various benchmarks. (6) Llama3: An 8B
parameter, highly capable openly available model
from Meta. (7) Phi4: A 14B parameter, open–
source model from Microsoft. It is possible to
seamlessly switch to other backbone models as
needed. We use GPT-4, the closed-source model
with 1.76T parameters from OpenAI, by calling the
API of the system (Hurst et al., 2024). We choose
the sentence transformer model all-MiniLM-L6-
v2 (Reimers and Gurevych, 2019) as the embed-
ding model for semantic similarity search.

We set the maximum number of tokens for each
model to 4096, and the maximum number of in-
teractions to 40. We set the temperature to 0.0 to
ensure deterministic outputs. The default batch
size for model inference is set to 16. All experi-
ments are conducted on NVIDIA H100 (94GB) and
NVIDIA A100 SXM4 (40GB) GPUs. Additionally,
our workflow is compatible with deployment on
CPUs.

B Prompt Templates

As shown in Table 3, we provide the prompt tem-
plates for each step of the workflow. The prompt
templates are designed to be flexible and can be eas-
ily adapted to different tasks or domains. The tem-
plates include placeholders for input data, which
can be replaced with specific examples or parame-
ters as needed. The templates also include instruc-
tions for the model, guiding it on how to process
the input data and generate the desired output. The
templates are structured to ensure that the model
understands the context and requirements of each

3https://langchain-ai.github.io/langgraph/
4https://ollama.com/search

Agent Prompt Template

Teacher

You are an expert teacher guiding a learner step by step through
a tutorial via multi-turn conversations.
Your role:
(1) Answer learner questions related to the instructions as the
first priority.

(2) If the learner requests to move on without asking questions,
provide the current step’s instruction directly.
(3) Once the final step has been completed and the learner has
no further questions, acknowledge completion by appending the
token ‘FINISHED’ to your response.
(4) Highlight key phrases in your response if they appear in the
tutorial.
Respond in character as a teacher — no system-level messages
or meta-comments. Keep responses short and focused.
Tutorial Summary: {summary}
Step {current_step_index} {current_step_content}
Learner: {user_utterance}; Teacher:

Learner

You are a curious student engaged in a step-by-step learning
conversation with a teacher.
Your role:
(1) Carefully read and understand the teacher’s instructions.
(2) Respond naturally, politely, and concisely.
(3) If the instruction is unclear, ask a brief and specific
question to clarify it.
(4) If the instruction is clear, acknowledge it briefly and
politely ask to move on to the next step.
(5) If the teacher opens with a BEGIN message, just acknowledge
it and do not ask questions.
(6) If the teacher says ‘FINISHED’ or indicates that the tutorial
is over, thank them politely and say nothing more.
Respond in character as a student — no system-level messages
or meta-comments. Keep responses short and focused.
Teacher: {instruction}; Learner:

Evaluator

Evaluate the following teacher-learner conversation: {conversation}
[Reference: {tutorial}];
Score from 1 to 5: {criterion_name: criterion_rubric}
Provide scores in this format: {criterion_name: rubric_score}

Table 3: Prompt templates used in this work.

task, facilitating effective communication between
the user and the model.

C Number of Articles across Domains

As shown in Table 4, we provide the number of ar-
ticles across different domains. The table includes
the total number of articles, the number of unique
topics, and the average number of articles per topic
for each domain. The data is collected from the
WikiHow dataset, which contains a diverse range
of articles covering various topics. The domains in-
clude health, technology, lifestyle, and more. The
number of articles in each domain varies signifi-
cantly, with some domains having a larger number
of articles than others. The table provides a com-
prehensive overview of the distribution of articles
across different domains, highlighting the diver-
sity and breadth of topics covered in the WikiHow
dataset.

D Detailed Rubrics for Evaluation

As shown in Table 5, we provide the detailed
rubrics for evaluation. The rubrics are designed
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ID Domain #Article ID Domain #Article ID Domain #Article

1 Automobiles & Vehicles 166 7 Family & Parenting 150 13 Pets & Animals 131
2 Business & Finance 98 8 Food & Cooking 127 14 Relationships 368
3 Career & Workplace 139 9 Health 363 15 Self-Improvement 222
4 Culture & Lifestyle 197 10 Hobbies & Leisure 306 16 Technology 227
5 Education 296 11 Home & Garden 266 17 Travel & Leisure 61
6 Entertainment 209 12 Personal Care & Beauty 358

Table 4: Number of WikiHow articles across 17 domains.

Criterion Rubric (5 – Excellent, 4 – Good, 3 –Average, 2 – Poor, 1 – Very Poor)

Clarity†

Is the teacher’s instruction clear, well-structured, and easy to understand?
5 – The instruction is highly clear, logically structured, and easy to understand. No ambiguity, and key concepts are well explained.
4 – The instruction is mostly clear, with minor ambiguities or areas that could be refined. The overall structure is logical.
3 – The instruction is somewhat clear, but there are noticeable ambiguities or structural issues that may cause some confusion.
2 – The instruction is difficult to follow due to unclear phrasing, missing details, or a lack of logical flow. Learners may struggle to understand.
1 – The instruction is highly unclear, disorganized, or misleading. Learners are likely to be confused or misunderstand key points.

Truthfulness†

Does the generated response stay within the scope of the reference tutorial?
5 – All information is completely accurate, directly aligned with the given tutorial or trusted sources. No hallucinations or misleading details.
4 – The response is largely correct but may contain small factual errors, slightly ambiguous statements, or minor misinterpretations.
3 – Includes some correct information but also contains notable factual errors, misrepresentations, or unsupported claims.
2 – A majority of the response is incorrect or misleading, with only a small portion being factually accurate.
1 – The response is entirely false, misleading, or contradicts known facts or the provided tutorial.

Engagement‡

Does the learner actively participate by asking meaningful questions or responding thoughtfully?
5 – The learner frequently asks insightful questions, provides thoughtful responses, and demonstrates strong engagement.
4 – The learner engages well, asking relevant questions and responding appropriately, with only minor missed opportunities.
3 – The learner participates but does not consistently ask meaningful questions or provide detailed responses.
2 – The learner shows minimal engagement, rarely asking questions or contributing meaningfully to the discussion.
1 – The learner is disengaged, does not ask questions, and provides minimal or no meaningful responses.

Coherence⋆

Is the conversation logically structured, with smooth transitions between steps?
5 – The conversation is well-structured, with smooth transitions and a logical flow from one step to the next.
4 – The conversation is mostly coherent, with only minor inconsistencies or abrupt transitions.
3 – The conversation has some structural issues, with occasional jumps or awkward transitions.
2 – The conversation lacks logical flow, with multiple abrupt or confusing transitions.
1 – The conversation is highly disorganized, making it difficult to follow the sequence of steps.

Depth⋆

Does the conversation go beyond surface-level discussion and explore concepts in sufficient detail?
5 – The conversation explores concepts in-depth, with thorough explanations and critical thinking.
4 – The conversation provides mostly in-depth discussion, but some areas could be explored further.
3 – The conversation touches on key concepts but lacks depth in explanations or follow-up discussions.
2 – The conversation is mostly superficial, with little exploration beyond basic information.
1 – The conversation is highly shallow, lacking any meaningful discussion or explanation.

Relevance⋆

Do the responses stay on-topic and align with the tutorial’s instructions and context?
5 – The responses are consistently relevant and closely follow the tutorial’s instructions and context.
4 – The responses are mostly relevant, with only occasional minor deviations.
3 – The responses are somewhat relevant but occasionally stray off-topic.
2 – The conversation frequently goes off-topic, with limited alignment to the tutorial’s instructions.
1 – The responses are largely irrelevant, making it difficult to follow the intended learning path.

Progress⋆

Does the conversation effectively move forward through the tutorial steps in a logical manner?
5 – The conversation progresses efficiently, covering each step logically and without unnecessary repetition.
4 – The conversation generally moves forward well, with only minor delays or repetitions.
3 – The conversation progresses but sometimes gets stuck or moves inefficiently.
2 – The conversation struggles to move forward, often repeating steps or getting sidetracked.
1 – The conversation lacks clear progress, frequently revisiting previous steps or failing to complete the tutorial.

Naturalness⋆

Does the conversation feel fluid and human-like, avoiding robotic or overly scripted responses?
5 – The conversation feels natural and human-like, with engaging and varied responses.
4 – The conversation is mostly natural, but some responses feel slightly mechanical or repetitive.
3 – The conversation has a mix of natural and robotic responses, with some unnatural phrasing.
2 – The conversation often feels artificial or scripted, with little variation in responses.
1 – The conversation is highly robotic or formulaic, making it feel unnatural and disengaging.

Table 5: Rubric for LLMs and human annotators. Symbols †, ‡, and ⋆ represent the target evaluation role as teacher,
learner, and conversation, respectively.

to assess the quality and effectiveness of the gener-
ated articles, used for both LLM and human judges.
Each criterion is defined with specific guidelines to
ensure consistent and objective evaluation. To be
more specific, we provide three types of rubrics tai-
lored to the target evaluation roles: teacher, learner,

and conversation. For the teacher role, the rubric
emphasizes Clarity and Truthfulness, ensuring that
the generated teaching material is accurate, tutorial-
based, and easy to comprehend. For the learner
role, the rubric emphasizes Engagement, encour-
aging learners to actively participate by asking

2995



meaningful questions and providing thoughtful re-
sponses. For the conversation role, the remaining
rubrics assess the quality of the conversation in
terms of the learning process (Progress), logical
flow (Relevance and Coherence), and linguistic fea-
tures (Naturalness).

E Knowledge Graph for WikiHow
Articles

As shown in Figure 9, we provide the knowledge
graph for WikiHow articles. The graph illustrates
the hierarchical relationships among domains, top-
ics, and articles within the dataset, offering a com-
prehensive visual representation of the knowledge
structure. The root node serves as a dummy root
category, with first-level nodes representing do-
mains, intermediate nodes denoting hierarchical
topics, and leaf nodes corresponding to individ-
ual articles. The edges represent the relationships
between them.

The knowledge graph serves as a valuable re-
source for understanding the structure and organi-
zation of information within the WikiHow dataset.
It brings a broader implication of the proposed
dataset, which can be used for various applications,
including information retrieval, recommendation
systems, and knowledge discovery.

F Case Study

As shown in Table 6, we provide a case study of the
generated conversations. The case study includes
an example of educational conversation generated
by the proposed workflow, grounded on a Wiki-
How tutorial spanning a hierarchical range of top-
ics. Highlighted texts in the same color indicate
relevant parts, as marked by human annotation, to
enhance readability and facilitate a better under-
standing of the generated content. This demon-
strates a nuanced understanding of diverse topics
and the ability to generate coherent, contextually
relevant content.

G Risks, Ethics, Data and AI Tool Usage

We recognize that the use of LLMs in educational
contexts presents several risks, including the poten-
tial for misinformation, bias, and over-reliance on
automated tools.

The proposed workflow is intended to assist
users in generating educational content and sup-
porting learning—not to replace human educators

Figure 9: Visualization of the knowledge graph com-
posed from WikiHow articles with hierarchical cate-
gories.

or learners. Rather, it aims to augment human ca-
pabilities and provide supplementary resources to
enhance the educational experience.

The WikiHow articles used in this work are pub-
licly available and licensed under the Creative Com-
mons Attribution-NonCommercial-ShareAlike 3.0
Unported License https://creativecommons.
org/licenses/by-nc-sa/3.0/.

This dataset is used solely for research purposes,
with no intention of commercial use. It does not
contain personally identifying information or of-
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Tutorial: Part 2 of 3:Writing the Body of the Speech
Categories: Education and Communications >>Personal Development >>Maturity >>Leadership >>School Leadership

Step 1: State your main ideas on how to improve the school.
You should have at least three ideas you feel would benefit your school and classmates. This gives your classmates the incentive to vote for you and shows you want the position as an
opportunity to help others.

(1) You should list your ideas and then expand on them later in the body. It might take a bit of research to figure out what you want to change. Ask around the school, talking to students

and teachers, and see where there’s room for improvement. What are the concerns of the students? What are people happy with regarding the school? What would they like to see change?
Asking these questions can help you get a sense of your audience and community.
(2) Remember, you should not make promises you cannot keep. Do not say anything just to get elected. While many students might want gum-chewing policies eliminated or for the lunch
period to run twice as long, this is probably not necessary or possible. Try to focus on areas that seem important to keep your school running safely and efficiently. Concerns about things
like bullying, academic standards, and extracurricular activities should be your concern over fun and games.

(3) A good opening statement for your body would state the causes important to you and what you plan to do about them . For example, if you were running for president, you could say

something like, "I understand we need to improve how we handle bullying , increase interest in extracurricular activities , and expand access to AP courses throughout the school.

As your president, I would work to bring in speakers to talk about sensitivity in the classroom, increase advertising for basketball games and quiz bowl tournaments, and start a tutoring
program to help students struggling with certain subjects."
Step 2: Find support for those ideas.

You should do a little extra research in addition to talking to classmates and teachers. Have some specific plans on how you would enact change in your school.

(1) Using the school library or computers, figure out the best means to tackle certain problems many schools face. How have other schools dealt with bullying? Poor test scores?
Low interest in extracurricular activities? What can you reasonably do as a student council member to address these problems?
(2) You do not have to have a point-by-point plan laid out, but a few sentences on some preliminary ideas can help you stand out from your peers. People are more inclined to vote for
someone who’s thought about how to solve problems in addition to identifying problems.
Step 3: Keep your ideas short but very strongly worded.

Your body should be about two paragraphs of 5 to 6 sentences each. This might sound brief, considering how much information you’ll have to get across, but you have limited time and

must keep people’s attention. It can help to write more than you need and gradually cut down your speech to the bare essentials. This will help it to be shorter meaning that students won’t
get bored when listening to your speech.

Generated Conversation:
Teacher: Let’s begin: Part 2 of 3:Writing the Body of the Speech. BEGIN

Learner: Okay, I’m ready to start learning about writing the body of the speech. Please guide me through this part.

Teacher: Great! For the body of your speech, you’ll want to expand on the main ideas you’ve listed in step 1 .

Each idea should have its own paragraph. For example:

Bullying : Explain why addressing bullying is crucial and how it impacts students’ well-being. Discuss specific strategies like bringing in sensitivity speakers or increasing awareness

through workshops.

Extracurricular Activities : Highlight the importance of a diverse range of activities for student engagement and personal growth. Outline plans to boost participation, such as improving

advertising methods or creating more opportunities for clubs and sports teams.

AP Courses Access : Address how access to Advanced Placement courses can benefit students’ academic futures. Propose solutions like forming partnerships with local universities for

guest lectures or establishing a tutoring program. Each paragraph should start with a clear topic sentence that directly relates to one of your main ideas, followed by supporting sentences
that detail your plans and why they’re beneficial. This will make your speech compelling and informative.
Learner: Thank you, teacher. I understand the instructions. Let’s begin writing the body of my speech.

Bullying : Addressing bullying is crucial because it significantly impacts students’ mental health and academic performance. By implementing sensitivity speakers who share personal

experiences or insights on empathy and understanding, we can foster a more inclusive environment where students feel safe and supported. Additionally, organizing workshops that educate
both students and staff about the effects of bullying will help in creating awareness and promoting a culture of respect.

Extracurricular Activities : A diverse range of activities is essential for student engagement and personal growth. To boost participation, we can improve advertising methods by

utilizing social media platforms to reach out to students more effectively. We should also create more opportunities for clubs and sports teams by allocating additional funds specifically
for these initiatives or seeking sponsorships from local businesses. This will not only increase student involvement but also enhance their leadership skills.

AP Courses Access : Access to Advanced Placement courses is vital as it prepares students for college-level work and future academic pursuits. By forming partnerships with local

universities, we can invite guest lecturers who offer insights into advanced topics or provide guidance on college applications. Establishing a tutoring program will ensure that all students
have the opportunity to excel in AP courses by receiving personalized assistance from peers or teachers. This approach not only enriches their educational experience but also boosts their
confidence and academic readiness for higher education. I believe these paragraphs effectively address each main idea with clear topic sentences, supporting details, and explanations of
why these strategies are beneficial.

Teacher: Great job! Your speech outline covers the key issues comprehensively. Make sure to include a personal touch by sharing your ideas on how you would implement these changes

if elected. This will make your speech more relatable and engaging for your peers. Next, consider adding some statistics or examples from other schools that have successfully addressed

these problems. This will strengthen your argument and show that you’ve done thorough research . Once you’re ready to move on, let me know!

Learner: Thank you for the feedback! I’ll incorporate my personal experiences and find relevant statistics. When I’m finished with this step, please let me know.

Teacher: Great job focusing on personal experiences and stats! For Step 3, concentrate on crafting a concise body that packs a punch. Aim for two paragraphs of about 5 to 6 sentences each.

Keep your ideas strong and impactful. Remember, you have limited time, so it’s crucial to be succinct and engaging. Write more than necessary initially, then refine your speech to its essentials.
This will ensure your message is clear and keeps the audience’s attention. Once you’ve completed this step, let me know!

Learner: Understood, Teacher. I’ll focus on creating a concise body with impactful ideas for my speech. I plan to write two paragraphs of about 5 to 6 sentences each, ensuring they are

strong and engaging. After drafting, I will refine the text to its essentials to maintain clarity and audience interest. Once done, I’ll notify you. Thank you!
Teacher: We’ve reached the end of the tutorial. Bye! FINISHED
Learner: Thank you for the tutorial, I’ve learned a lot. Goodbye!

Table 6: An example of a generated conversation with the reference tutorial. Text highlighted in the same color
indicates relevant parts, as marked by human annotation, and is intended to improve human readability.

fensive content.

We acknowledge the ethical challenges associ-
ated with deploying LLMs in education, particu-
larly the risk of generating biased, inappropriate,
or misleading content. To mitigate these concerns,
we are committed to ensuring that the content gen-
erated through our workflow is accurate, reliable,
respectful, and free from harmful bias.

In line with our ethical standards, we limited the
use of AI tools (e.g., ChatGPT, Copilot, Gram-

marly) to surface-level tasks such as grammar
checking and stylistic refinement, always based
on our original writing. No AI tools were used to
generate original content or ideas in this paper.
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