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Abstract

With the growing use of Large Language Model (LLM)-
based Question-Answering (QA) systems in education, it
is critical to evaluate their performance across individual
pipeline components. In this work, we introduce EduMod-
LLM, a modular function-calling LLM pipeline, and present
a comprehensive evaluation along three key axes: func-
tion calling strategies, retrieval methods, and generative lan-
guage models. Our framework enables fine-grained analy-
sis by isolating and assessing each component. We bench-
mark function-calling performance across LLMs, compare
our novel structure-aware retrieval method to vector-based
and LLM-scoring baselines, and evaluate various LLMs for
response synthesis. This modular approach reveals specific
failure modes and performance patterns, supporting the de-
velopment of interpretable and effective educational QA sys-
tems. Our findings demonstrate the value of modular func-
tion calling in improving system transparency and pedagogi-
cal alignment.

Website — https://chancharikmitra.github.io/EduMod-
LLM-website/

1 Introduction

Modern LLLMs have demonstrated impressive capabilities
across a range of Natural Language Processing (NLP)
tasks, including question-answering, knowledge-base re-
trieval, and summarization. A variety of methods and ar-
chitectures have advanced progress in these areas includ-
ing Chain-of-Thought (CoT) prompting (Wei et al. 2022b),
Reinforcement Learning (RL) for reasoning (Guo et al.
2025; Jaech and OpenAl 2024), RAG (Lewis et al. 2020;
Karpukhin et al. 2020), robust function calling capabili-
ties (OpenAl 2023; Lu et al. 2023; Schick et al. 2023), and
LLM token probability scoring for retrieval and automated
evaluation (Lin et al. 2024; Zhang et al. 2024). However, it
is unclear how these advances translate to real-world edu-
cational settings, where questions often require alignment
with instructional goals, compliance with course policies,
and sensitivity to student learning trajectories.

While LLMs have achieved impressive results on stan-
dardized benchmarks, such as solving complex mathe-
matical problems in American Mathematics Competitions
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(AMC) and American Invitational Mathematics Examina-
tion (AIME) competitions (Lewkowycz et al. 2022; Trinh
et al. 2023), their effectiveness in a live classroom en-
vironment is uncertain. Classroom questions are rarely
clearly structured; they are often ambiguous, contextu-
ally grounded, and embedded in course-specific terminol-
ogy. Similarly, retrieval paradigms have advanced from
basic encoder-based embedding approaches (Reimers and
Gurevych 2019) to fine-tuned generative models (Luo et al.
2024; Wang, Jiang, and Joty 2023) that achieve strong per-
formance on benchmarks like Massive Text Embedding
Benchmark (MTEB) (Muennighoff et al. 2022). Yet, these
methods often struggle with the heterogeneous nature of ed-
ucational data, ranging from textbooks, assignments, student
Q&A, and course logistics. Moreover, evaluation techniques
such as token probability scoring (Lin et al. 2024; Zhang
et al. 2024), although promising, remain unsuitable for edu-
cational use cases where pedagogical alignment, e.g., avoid-
ing direct answers during assessments and adhering to in-
structional norms of the course, is as critical as factual cor-
rectness (Dorodchi et al. 2019; Denny et al. 2024). Existing
benchmarks fail to capture these instructional subtleties and
leave a gap in understanding how LLM components perform
under real educational constraints.

To address this gap, we introduce EduMod-LLM, a mod-
ular LLM-based framework for student QA, designed to
evaluate the individual and combined impact of three criti-
cal components: function calling strategies, retrieval meth-
ods, and generative language models. This modular design
improves transparency by enabling the precise diagnosis of
failure modes and performance bottlenecks using real stu-
dent questions from a large-scale university course. By sys-
tematically isolating and analyzing each module, we pro-
vide new insights into how to build more interpretable and
pedagogically-aligned educational QA systems.

Our contributions in this work are threefold:

1. LLM-as-a-Judge Evaluation Framework: We design
and validate an LL.M-based evaluation module aligned
with experienced Teaching Assistants (TAs). This ap-
proach provides scalable and automated assessments of
response quality, factual accuracy, and pedagogical ap-
propriateness to student questions. This evaluation rep-
resents a first-of-its-kind assessment of LLMs and Large
Reasoning Models (LRMs) as reward models for course-



specific educational QA, distinguishing itself from gen-
eral reward-model benchmarks (Li et al. 2024; Yasunaga,
Zettlemoyer, and Ghazvininejad 2025; Li et al. 2024)

Modular Pipeline Evaluation: We develop a novel
modular LLM pipeline that allows each compo-
nent—function calling, retrieval, and response
generation-to be independently and jointly evalu-
ated. This enables fine-grained comparisons and
targeted improvements in performance, establishing how
modularity is especially important in educational QA.

. Structure-Aware Retrieval: We introduce a novel re-
trieval method that reflects the hierarchical organization
of educational content. By summarizing and indexing
materials, such as textbooks and assignments, according
to their natural structure (chapters, sections, and problem
numbers), our method improves both retrieval precision
and interpretability.

Our experimental results reveal several key findings. Firstly,
our LLM-as-a-Judge results suggest that non-reasoning
models in particular such as DeepSeek-V3 (et. al. 2024a) can
reliably mimic TA evaluation standards, enabling scalable
and expert-aligned quality control. Secondly, we find that
our novel multi-step function-calling approaches match and
outperform SoTA methods, even those with TA-designed
function-calling rules. Secondly, we find that our novel
structure-aware retrieval and carefully selecting GPT-4.1 as
the base LLM contributes significantly to better responses,
indicating the importance of specializing retrieval methods
and LLMs for educational QA tasks. Collectively, these find-
ings offer actionable design principles for building robust,
transparent, and instructionally sound AI-ED systems.

2 Related Work

2.1 LLM-powered Virtual Assistants in
Education

Large classroom settings often suffer from logistical inef-
ficiencies and repeated questions, which creates a strong
use case for integrating LLM into educational work-
flows (MacWilliam and Malan 2012; Mirhosseini, Henley,
and Parnin 2023; Zamfirescu-Pereira et al. 2024; Mitra et al.
2024b; Kazemitabaar et al. 2024). Research shows that stu-
dent motivation is correlated with their help-seeking behav-
iors (Cheong, Pajares, and Oberman 2004). Digital tools can
help bridge this gap (Ali 2021; Campillo-Ferrer, Miralles-
Martinez, and Sanchez-Ibafiez 2020), making LLMs such
as GPT-4 (OpenAl et al. 2023), LLaMA (et. al. 2023),
and Gemini (et. al. 2024b) promising candidates for educa-
tional assistance (Gan et al. 2023; Kazemitabaar et al. 2024,
Zamfirescu-Pereira et al. 2024; Liu et al. 2024; Mitra et al.
2024b; Wang et al. 2024). These approaches are often uni-
fied pipelines that lack modularity and transparency nec-
essary for iterative improvement. Educational contexts im-
pose unique demands: responses must be factually correct,
pedagogically appropriate, interpretable by instructors, and
aligned with instructional policies. These constraints chal-
lenge black-box LLMs and require transparent and control-
lable QA systems for classroom use.
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2.2 Transparent LLM Pipelines

As LLMs become more complex, understanding and con-
trolling their behavior become a central concern. Tradi-
tional explainability methods, such as feature attribution
techniques (Sundararajan, Taly, and Yan 2017; Lundberg
and Lee 2017), are difficult to scale to models with billions
of parameters. More recent techniques offer structural in-
sights using task vectors or a sparse attention mechanism to
attribute latent components to high-level behavior (Hendel
et al. 2023; Todd et al. 2023; Huang et al. 2024; Mitra et al.
2024a). Complementary approaches in natural language in-
clude generating self-explanations or summaries (Huang
et al. 2023; Zhao et al. 2023), as well as prompting strategies
such as CoT prompting and In-Context Learning (ICL) (Wei
et al. 2022a; Brown et al. 2020). These methods improve
transparency, but few have been systematically evaluated in
educational settings.

Our work builds on this line of research by focusing on
the faithfulness (Jacovi and Goldberg 2020) and plausibil-
ity (Shen et al. 2022) of the output of the LLM models in
the specific context of student question answering. We ex-
tend this literature by designing a modular pipeline that is
both interpretable and aligned with the instructor’s expecta-
tions.

3 Methods

EduMod-LLM is a modular framework for student question-
answering to analyze the strengths and weaknesses of dif-
ferent pipeline components systematically. By isolating the
functional-calling, retrieval, and answer generation mod-
ules, our framework (shown in Figure 1 enables detailed
analysis of where failure occurs and how each component
contributes to the final response quality. In the following,
we describe the dataset (subsection 3.1), the architecture
of each module (subsection 3.2, Section 3.3, and subsec-
tion 3.4), and our automated pedagogical quality evaluation
framework (subsection 3.4).

3.1 Data

Evaluating our approach on real student questions asked in
a course environment is a key factor in assessing the effec-
tiveness of different SOTA LLM-based approaches in edu-
cation. We collected historical student EQASTEM data from
an upper-division undergraduate data science course at an
R-1 institution in the USA, during the Spring 2024 semester.
The course served 1133 undergraduates and 71 graduate stu-
dents, supported by 59 staff members, covering topics rang-
ing from data processing to machine learning and probabilis-
tic modeling. Ground truth responses to these questions are
generated via a recent SOTA, TA-in-the-loop educational as-
sistant Edison, which was integrated into the course’s Ed-
STEM discussion forum.

Target Course. The dataset was collected from DATA 100
(Principles and Techniques of Data Science), a single upper-
division undergraduate data science course at the Univer-
sity of California, Berkeley. The course spans 17 weeks and
covers topics from data processing to machine learning and
probabilistic modeling. It includes approximately 11 weekly



(1) Function-Calling Module

(4) Evaluation Module

Adaptive Iterative C h
008 Expert TA
Deterministic LLM-Based Feedback-Based e back
721 Y O
o —
i 26
¥ UxUx ~—
L
@ Retrieval Module
; Pedagogical
Structure-Aware Token Scoring Embedding- Gu itiel‘?n e
Based
== > g—
Re= @»- §—
P(“Yes”| Retrieval Criteria) g_
(3) LLM Generation Module ¢ -
g . ; Expert-Aligned
SOTA LLMs Non-Reasoning Vs. Reasoning LLM-as-a-Judge
+ 9@ E%@

Figure 1: EduMod-LLM is a modular approach to developing an LLM-based pipeline for answering student questions. We
explore design considerations in function-calling, retrieval, and LLM response generation via a high-quality and scalable eval-
uation module that leverages expert TA insights. This approach enables flexibility to courses and technical constraints as well

as transparency for iterative improvement.

programming assignments, 13 lab exercises, and 2 exams
(midterm and final).

Students use the EASTEM discussion forum for Q&A re-
lated to conceptual understanding, assignments, and logis-
tics throughout the semester. To clarify briefly, conceptual
questions are those related to course concepts and not di-
rectly referencing assignments. Logistics questions relate to
those about deadlines, course resources, and generally any
other course policies.

When students submitted new questions, they could opt in
to receiving assistance from Edison. TAs reviewed the ques-
tions and, when appropriate, triggered Edison to generate
draft responses, which TAs could then edit and post. Our
final dataset contains 1,000 student-consented questions, se-
lected randomly from the forum, spanning the full 17 weeks
to ensure temporal diversity across assignments and topics.
We also collected their corresponding TA-written responses.

3.2 Function-Calling Pipeline

Educational QA requires access to multiple information
sources, such as assignments, textbooks, logistics docu-
ments, and past student Q&A. Prior work has implemented
RAG using these sources (Mitra et al. 2024b; Miroyan et al.
2025). We reformulate each source-specific retrieval strat-
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egy as a function to allow LLM to dynamically decide
which to call during response generation. We provide the
LLM with the following function:

e ga_retrieval (query, top_k): Retrieves top_k
similar Q&A pairs from prior semesters’ EASTEM fo-
rums.
textbook_retrieval (query): Retrieves relevant
chunks from the textbook and course notes.
assignment_retrieval (query): Retrieves rele-
vant portions of homework, labs, and projects (including
any relevant solutions).
logistics_retrieval (query): Retrieves match-
ing content from course logistics (e.g., syllabus, poli-
cies).
The LLM uses OpenAl’s Function-calling (FC) API
(OpenAl 2025) to choose functions, generate input argu-
ments (e.g., query), and uses the returned outputs when
composing its own response. Unless otherwise specified, the
model can call zero or more functions in each turn.
We implement and compare the following pipelines:
e Baseline (Edison): A SoTA deterministic function-
calling pipeline (Miroyan et al. 2025) that requires TA
hand-designed rules based on course-specific metadata.



Pipeline 1 (fc): A default FC baseline with optional
function invocation.

Pipeline 2 (fc_categorize): Prepends a student-
selected category to guide the LLM to perform function
selection.

Pipeline 3 (fc_forced): Requires the model to select
at least one function.

Pipeline 4 (fc_iterative): Requires the model to se-
lect at least one function, then allows further function
calls based on retrieved content.

Pipeline 5 (fc_feedback): After an initial function
call (required) and response generation, the output is re-
viewed by a judging model (LLM-as-a-Judge), which
provides feedback. The model then re-enters the FC loop
with this feedback.

Pipeline 6 (fc_multihop): Decomposes function se-
lection and argument generation into two LLM calls to
simulate a multi-hop reasoning process.

We evaluate these pipelines along two axes: function se-
lection accuracy (compared to expert-labeled ground-truth)
and final response quality (via human and LLM-based
evaluation).

3.3 Structure-Aware Retrieval

We introduce an interpretable hierarchical retrieval pipeline
designed to extract logically coherent question-and-answer
pairs from raw assignment documents. This approach ad-
dresses two key challenges: (1) eliminating the overhead and
scalability limitations of requiring instructors to manually
extract and upload individual questions and answers, and (2)
improving retrieval quality beyond vector-based methods,
which often operate on shallow and fixed-length chunks.

Chunking We split documents into fixed-length chunks.
GPT-4o is used to detect question headers and generate a
complete list of question boundaries while removing any
extraneous information. These headers are then used to
segment the document into coherent question-and-answer
blocks.

Retrieval Next, we recursively summarize the chunks into
a hierarchical (k-ary tree) structure. Each parent node sum-
marizes its children, enabling coarse-to-fine traversal. At in-
ference time, the LLM selects top-level summaries from a
table of contents, then performs a beam-k search through the
document tree to locate the most relevant content (chunk).
This design improves both the relevance of the retrieved ma-
terials and the interpretability of the retrieval module, mak-
ing it possible to trace which material was used and why.

3.4 Expert TA-aligned LLM-as-a-Judge Module:

To evaluate generated answers at scale, we implement an
LLM-based evaluation module aligned with expert TA grad-
ing standards. Building on the taxonomy from prior work
(Miroyan et al. 2025), we collaborated with two expert TAs
to define detailed rubrics for three key dimensions.
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Evaluation Criteria

Factuality: Assesses the accuracy of the informa-
tion.

Relevance: Evaluates alignment with (1) course ma-
terial and (2) the specific student question.

Style: Examines (1) clarity, (2) appropriate ver-
bosity (concise for assignments, detailed for con-
cepts), and (3) absence of direct solutions.

We encode these criteria into few-shot prompts that are
used by multiple LLMs to simulate expert assessment. Our
validation shows a high agreement between these LLM
judges and the TA scores, supporting their use for large-scale
evaluation while preserving pedagogical alignment.

4 Experiments and Results

We evaluate our modular LLM pipeline along three key
axes: function selection accuracy in Subsection 4.2; re-
trieval performance in Subsection 4.2; and response qual-
ity in Subsection 4.5. Across all experiments, we use a con-
sistent set of metrics:

» For FC, we report F1 score against expert-annotated
function labels.

» For QA response quality, we report Likert-scale scores
for factuality (1-5), relevance (1-5), and style (1-3), us-
ing both expert TA labels and an LLM-as-a-Judge mod-
ule.

* For retrieval, we report Recall@k for k= {1,3,5} for
document-level relevance.

A subset of 180 out of 1,000 student questions was manu-
ally labeled by two expert TAs for answer quality evaluation
and function selection.

4.1 LLM-as-a-Judge Evaluation

To scale evaluation beyond manual annotations, we imple-
ment an LLM-as-a-judge module aligned with TA prefer-
ences. We collaborated with two expert TAs to develop a re-
fined rubric for factuality, relevance, and pedagogical style,
and embedded these criteria into few-shot prompts for con-
sistent scoring.

Our expert-labeled validation set contained 180 samples,
selected to balance coverage across topics and question
types. While this relatively small sample provides high-
quality human judgments, it may not capture the full diver-
sity of 1,000 questions.

To mitigate sampling effects, we used five random seeds
for model runs and averaged results with 95% confidence
intervals, which reduced variance across evaluations. Future
extensions will increase the annotated subset and explore
active-learning—based selection to ensure broader coverage.

We compare various LLMs in their ability to serve as
judges, using two metrics: Exact Match with TA scores
and Mean Absolute Error (MAE). As shown in Fig-
ure 2, DeepSeek-v3 achieves the best alignment with ex-
pert TAs, with over 70% exact match across all categories
(close to 90% for factuality) and the lowest MAE across
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Figure 2: We report exact Match vs. MAE for LLM-as-a-Judge model across factuality, relevance, and style. DeepSeek generally
achieves the best alignment with TA responses when measured across exact match and MAE.
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Figure 3: We evaluate function-calling F1 scores for models
and pipelines. GPT-40 and GPT-4.1 achieve the highest ac-
curacy across all models, while fc_multihop is the best
. The rule-based Edison does not rely on LLM function-
calling and thus achieves the same score for each model.

all categories. This consistent performance across all dimen-
sions makes DeepSeek-v3 particularly suitable for the multi-
faceted evaluation in educational contexts, where responses
must be factual, relevant, and stylistically appropriate.
Other models (GPT-40, Claude, Gemini, and 03/04-mini)
exhibit partial strength but do not match DeepSeek’s con-
sistency. This confirms that LLM-based evaluation, when
guided by a domain-specific rubric, can serve as a scalable
and accurate proxy for assessment in educational contexts.

4.2 Function-Calling Evaluation

We assess the accuracy of FC pipelines by comparing their
selected functions to ground-truth labels established by two
expert TAs. Each experiment is run five times to account
for LLM variability, and we compute the mean F1 score for
function selection.
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As shown in Figure 3, GPT-40 consistently achieves the
highest accuracy across all pipelines, with F1 scores ex-
ceeding 0.80 in most cases. More advanced pipelines such
as fcmultihop outperform simpler methods across all
models, which confirms the value of the use of iterative and
feedback-aware tool usage. Most importantly, the determin-
istic Edison pipeline performs comparatively (F1-0.905).
This suggests that in structured educational settings, flexible
LLM-based function selection can outperform TA-designed,
rule-based function selection.

4.3 Function-Calling and Response Quality

To understand how function-calling quality relates to re-
sponse quality, we analyzed the relationship between func-
tion selection accuracy and response metrics. Table 2
presents a comparison of different function-calling ap-
proaches using GPT-40 (previously identified as the best-
performing model for function calling) across our evalu-
ation dimensions. The results demonstrate the impact of
function-calling strategies on response quality metrics. Our
automated fc_multihop demonstrates slight improve-
ments across all three metrics of factuality, relevance, and
style, importantly, matching or excedding the performance
of the Edison approach (using rule-based methods devel-
oped with TA insights). This is particularly notable as the
fcmultihop approach does not require pre-determined
question-category information from dataset metadata, which
was necessary in creating the hand-designed function-
calling in Edison. The fc_iterative approach also
shows strong performance, though not quite reaching the
levels of fc_multihop. These findings confirm that ad-
vanced LLM-based function-calling approaches can achieve
comparable response quality to hand-designed rule-based
methods (which leverage question metadata) while offer-
ing significantly greater flexibility as a result. Such flexi-
bility enables more adaptable deployments across different
courses and forums.

4.4 Structure-Aware Retrieval Evaluation

We evaluate different retrieval approaches for accessing
course materials relevant to student questions. For this eval-



Method Recall@1 Recall@3 Recall@5

gemini-embedding-exp-03-07  0.441 4+ 0.091 0.487 +0.091 0.523 + 0.091
text-embedding-ada-002 0.460 £0.091 0.640 £0.090 0.721 £ 0.086
vector_gen 0.451 £0.091 0.676 £ 0.086 0.757 £+ 0.081
hier_gen 0.784 + 0.077 0.874 + 0.059  0.946 + 0.041

Table 1: We report retrieval performance across different methods. Recall@1, 3, and 5 are reported with 95% confidence

intervals.

Model Experiment Factuality Relevance Style FC F1 Score
GPT-40 fc 4508 £0.147 4902 £0.091 2918 £0.074 0.8055
GPT-40 fc_categorize 4.541 £0.156 4.902+0.091 2.934 + 0.057 0.8066
GPT-40 fc_feedback  4.508 £ 0.156 4.885 £ 0.074 2.902 £ 0.074 0.8481
GPT-40 fc_forced 4574 +£0.147 4.885+£0.115 2.967 +0.041 0.8410
GPT-40 fc_iterative 4.623 £0.131 4918 £0.074 2.951 +0.058 0.8454
GPT-40 Edison* 4541 £0.164 4918 £0.082 2.934 +0.057 0.9049
GPT-40 fc_multihop  4.689 £ 0.115 4.951 4+ 0.058 2.951 + 0.058 0.8913

Table 2: For all FC pipelines GPT-40 is used as the base LLM and the quality of generated responses are evaluated across
multiple axes with 95% confidence intervals. FC F1 score refers to the F1 score performance of the function calling approach.
*Note: Edison requires an additional TA-designed, deterministic function-calling approach.

uation, we curated a set of 111 assignment-based student
questions from course forums. To establish ground truth, we
conducted human annotation to identify relevant documents
for each question, treating unselected documents as nega-
tives. This enabled us to calculate meaningful recall metrics
for each retrieval method.

We compare to the following baselines:

* Vector  Retrieval +  Generative  Ranking
(vector—gen): Vector-based retrieval, retrieving
a fixed 15 chunks, then ranking these chunks using a
generative scoring metric. This metric uses the proba-
bility score from applying softmax to the output logit of
the token “yes” in the GPT-40 response to the question:
“Is this document relevant for answering the student
question?” (Lin et al. 2024; Zhang et al. 2024) before
returning the top-k chunks. This probability is used
directly as an alignment score for retrieval.

¢ Our LLM-based Hierarchical Retrieval (hier_gen):
The hierarchical generative retrieval method described
earlier to retrieve the top-k chunks.

* text-embedding-ada-001: A vector-based retrieval
pipeline based on Azure AI Search that performs
hybrid search by combining vector similarity with
keyword-based ranking, retrieving the top-k chunks.

¢ gemini-embedding-exp-03-07: A powerful embedding
retrieval approach that leverages Gemini as a base model,
enabling top-5 performance on the MTEB (Muennighoff
et al. 2022) benchmark.
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Table 1 presents the results of our evaluation. For each
method, we computed recall rates at different cutoff thresh-
olds (k=1, k=3, and k=5), measuring the proportion of rele-
vant documents successfully retrieved in the top-k results.

Our structure-aware hierarchical retrieval approach
(hier_gen) substantially outperforms all compared meth-
ods across all recall metrics, achieving 0.784 Recall@1
and 0.946 Recall@5. This represents a significant, al-
most 30% improvement over state-of-the-art embedding-
based methods (gemini-embedding-exp—-03-07 and
text—-embedding—-ada-002). These results underscore
the significance of tailoring retrieval methods to the educa-
tional domain, where documents have diverse layouts and
organizational structures. Despite the sophisticated repre-
sentation learning in current SOTA embedding models, they
still fall short when handling the unique challenges of edu-
cational content retrieval. By accounting for structural in-
formation in chunking and summarization, our approach
achieves more effective retrieval, ultimately contributing to
better response quality in educational QA systems. This
finding suggests that educational retrieval represents a dis-
tinct problem domain requiring specialized approaches be-
yond general-purpose embedding models.

4.5 LLM Response Generation Evaluation

After identifying optimal FC, retrieval, and evaluation con-
figurations, we evaluated which LLM performs best at re-
sponse generation for student questions. Table 3 presents the
performance of various models across our three evaluation
dimensions, along with automated metrics. While all mod-



Model Factuality Relevance Style
GPT-40 4.533 £0.040 4.930 £0.018 2.980 £+ 0.010
04-Mini-High 4.574 £0.038 4.933 £0.020 2.985 £ 0.008
Claude-3.7-Sonnet  4.551 +0.041 4.897 £ 0.024 2.995 4+ 0.005
Gemini-1.5-Pro 4495 +0.041 4.920£0.020 2.994 £ 0.005
DeepSeek-V3 4.586 £ 0.039 4.921 £0.021 2.997 £ 0.004
DeepSeek-R1 4.603 £0.037 4.944 +0.017 2.989 £ 0.007
Edison* (GPT-40) 4.553 +0.070 4.912 +£0.039 2.997 £+ 0.005
GPT-4.1 (Ours) 4.648 + 0.036 4.955 + 0.014 2.999 + 0.002

Table 3: We evaluate across 1000 samples using £c_multihop with GPT-40 function-calling. We report on our metrics scored
using DeepSeek-V3 as a judge with 95% confidence intervals. *Note: Edison requires an additional TA-designed, deterministic

function-calling approach.

els perform reasonably well, GPT-4.1 stands out with supe-
rior scores across all dimensions, particularly in relevance
(4.955) and style (2.999).

This result indicates that reasoning models don’t neces-
sarily surpass non-reasoning models in student QA retrieval-
augmented generation, likely due to tradeoffs between bet-
ter instruction-following/context utilization abilities of non-
reasoning models compared to the deliberate thinking of
reasoning models. The evaluation was successfully scaled
to 1,000 questions using our LLM-as-a-Judge approach,
demonstrating the value of tailored automated metrics for
large-scale evaluation of educational Al assistants.

5 Conclusion

We present EduMod-LLM a modular function-calling
framework to improve the interpretability of LLM-generated
responses to student questions on educational course dis-
cussion boards. Through comprehensive evaluation of each
component, we have gained significant insights into design-
ing effective educational QA systems.

LLM-as-a-Judge experiments show that non-reasoning
models can effectively follow TA evaluation guidelines to
provide reliable assessments that correlate strongly with ex-
pert human judgments. This indicates that LLM-as-a-Judge
approaches can scale fine-grained and domain-specific eval-
uation of the quality of responses to student questions.

Our function-calling experiments reveal that correct func-
tion selection impacts response quality. Our multihop ap-
proach fc_multihop with GPT-40 yields responses that
match or exceed those outputted by the TA-designed
Edison pipeline in relevance, factuality, and style, with
less hand-engineering and course forum metadata to deploy.

Our structure-aware retrieval module demonstrates that
domain-specific adaptations substantially outperform even
top-performing general-purpose embedding models from
the MTEB benchmark. This 30% improvement underscores
that educational content retrieval represents a distinct prob-
lem domain where the hierarchical and structured nature of
course documents demands specialized approaches beyond
semantic similarity.

In LLM response generation, we found that GPT-4.1 sur-
passed the performance of most models (particularly GPT-
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40 and Gemini-1.5-Pro), including specialized reasoning
models. This reveals that while LRMs show extraordinary
performance on mathematics benchmarks, they may strug-
gle to surpass LLMs in contextually-rich educational en-
vironments. Finally, we find that our additions of multi-
hop function calling, structure-aware retrieval, and GPT-
4.1 response generation help surpass the prior art (particu-
larly in response factuality) Edison (Miroyan et al. 2025),
which leverages deterministic function-calling, vector re-
trieval, and GPT-40-based pipeline.

Collectively, our findings suggest that modularity can be
a valuable principle when designing educational Al sys-
tems, allowing for flexible component-wise evaluation and
adaptation to the specific demands of educational contexts.
The modular approach enables transparent assessment of
each component’s contribution to overall system perfor-
mance on real student questions, moving beyond the lim-
itations of static benchmarks. Our experiments highlight
the primary importance of structure-aware retrieval, with
function-calling and LLM selection serving as important but
secondary factors. By independently optimizing function-
calling, retrieval, and response generation, we’ve demon-
strated superior performance compared to fixed-pipeline
systems that obscure these critical distinctions.
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