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Abstract

Academic service information is often stored in lengthy, formal, and distributed university documents, making accurate access
difficult. Generative chatbots can improve access but may answer unsupported questions unless retrieval and refusal are
controlled. This study proposes a reliability-oriented Retrieval-Augmented Generation (RAG) chatbot for Indonesian academic
services integrating BGE-M3, FAISS, adaptive refusal thresholding, rule-based guardrails, Qwen2.5, and retry-on-refusal. A
controlled experiment used 12 official documents and 160 Indonesian questions across eight categories. The final configuration
achieved Precision@5 of 0.7250, Recall@5 of 0.9125, MRR of 0.8940, nDCG@5 of 0.8888, and mean semantic similarity of
0.8516. All 16 expected-refusal questions were refused and none of the 144 answerable questions was falsely refused, yielding
observed refusal accuracy of 1.0000 and a false refusal rate of 0.0000. Retry-on-refusal reduced the false refusal rate from
0.0556 to 0.0000 and increased answerable-only similarity from 0.8150 to 0.8392. These results provide initial evidence that
combining retrieval confidence, guardrails, and retry supports more reliable behavior within the controlled benchmark.
Because the refusal subset was small and institution-specific, larger evaluations using naturally occurring student queries are
required before inferring operational reliability.
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1. Introduction

Academic service information is a critical component
of university administration because it guides students
through processes such as course registration, re-
registration, grade reporting, academic leave, thesis
procedures, and graduation. Although such information
is usually available in academic guidelines, standard
operating procedures, and official institutional
documents, students often have difficulty locating
precise answers because these documents are
distributed across different sources and written in
formal administrative language. In this context, an
academic service chatbot can function as a natural-
language access layer that helps students obtain
procedural information more efficiently.

Recent advances in transformer-based large language
models [1] have made chatbot responses more flexible
than conventional intent-based systems. However,
using a generative model without grounding is risky in

an academic service domain because the model may
produce unsupported or outdated information.
Retrieval-Augmented Generation (RAG) addresses this
issue by combining parametric generation with non-
parametric retrieval from external documents [2], [3].
Dense retrieval and vector indexing further enable
semantic search over document collections, making
RAG suitable for domain-specific question answering
over institutional documents [4-7].

Related work shows that RAG has become an important
approach for educational and institutional chatbot
services. Previous studies have applied RAG to
academic chatbots, university student information
systems, and admission services, reporting that
retrieval-based grounding can improve answer
relevancy, faithfulness, and context precision [8-11].
Recent educational RAG surveys further indicate that
document-grounded chatbots are increasingly used for
learning support and institutional information services,
and that official documents and university resources can
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be transformed into knowledge bases for student-facing
systems [12-14]. Domain-specific RAG chatbots have
also been evaluated in other professional service
contexts, such as patient education, which further
demonstrates the importance of grounding generated
answers in authoritative documents [15]. These studies
confirm the relevance of RAG in higher education, but
they also show that performance depends on retrieval
quality, chunking strategy, embedding model, and
generator behavior.

Evaluation remains a central challenge in RAG
systems. Recent surveys and frameworks emphasize
that RAG evaluation should not be limited to final
answer quality because errors may arise during
chunking, retrieval, reranking, or generation [16], [17].
RAGAS and related evaluation frameworks further
highlight the importance of measuring context
precision, context recall, faithfulness, and answer
relevancy [18], [19]. Trustworthiness is also important
because RAG does not automatically eliminate
hallucination; a retriever may still return weakly related
chunks for unsupported questions, and a generator may
still produce misleading answers if no refusal
mechanism is applied [20-23].

Prior educational RAG studies mainly emphasize
retrieval quality, answer relevance, faithfulness, or
overall chatbot performance, with less attention to
jointly  controlling  unsupported answers and
unnecessary refusals in Indonesian institutional
settings. This study addresses that gap by integrating
semantic retrieval, adaptive thresholding, guardrails,
local generation, and retry-on-refusal. Its contributions
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the pipeline can answer supported questions and
appropriately refuse unsupported or out-of-context
requests.

2. Methods

This study used a controlled experimental design to
evaluate how alternative pipeline configurations
affected retrieval performance, generated-answer
alignment, and refusal behavior under a fixed annotated
benchmark. This design permitted systematic
comparison of retrieval settings, refusal thresholds, and
retry-on-refusal behavior while keeping the underlying
language model fixed. The experimental procedure
comprised document preprocessing, knowledge-base
construction, semantic retrieval, refusal control, local
generation,  retry-on-refusal, and  performance
evaluation.

Figure 1 separates offline knowledge-base construction
from online question answering. During offline
processing, official documents are cleaned, segmented
into chunks, encoded using BGE-M3, and stored in a
FAISS vector index. During online processing, the
system retrieves the top-k document chunks, evaluates
the maximum retrieval score against the adaptive
refusal threshold, and screens the query using rule-
based guardrails. Queries that fail either reliability
control are refused; otherwise, Qwen2.5 generates an
answer grounded in the retrieved evidence. If the initial
generation produces a refusal for a non-guardrail query
with a maximum retrieval score of at least 0.58, one
retry is performed, followed by top-chunk fallback
when necessary. This architecture allows retrieval,

are a controlled Indonesian academic-service refusal, and generation behavior to be evaluated
benchmark, separate evaluation of retrieval, generation, separately.
and refusal behavior, threshold trade-off analysis, and
retrieval ablation. The objective is to determine whether
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Figure 1. Overall architecture of the proposed RAG-based academic service chatbot

2.1 Document Collection and Preprocessing

The knowledge base consisted of 12 official academic
documents, including academic guidelines and standard
operating procedures for re-registration, course
registration plans (Kartu Rencana Studi, KRS), course

registration revision and cancellation, semester grade
reports (Kartu Hasil Studi, KHS), academic leave,
academic reactivation, thesis title submission, thesis
examination  scheduling and  implementation,
graduation approval (yudisium), and active student
certificates.
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Text was extracted from the documents, cleaned by
removing excessive whitespace and formatting
artifacts, and stored with metadata such as document
identifier, title, and page number. The extracted
collection produced 99 pages or text units, which were
segmented into 99 retrievable chunks using a chunk size
of 500 words and an overlap of 100 words. This overlap
was intended to preserve contextual continuity for
procedural academic information that may span
adjacent paragraphs.

2.2 Embedding, Retrieval, and Vector Indexing

Each text chunk was encoded using BAAI/bge-m3, a
multilingual embedding model [24] selected for
semantic  retrieval over Indonesian academic
documents. The resulting vectors were stored in a
FAISS index to support efficient similarity search.
Query and document similarity was computed using
cosine similarity as expressed in Equation 1, where g
denotes the query embedding and d; denotes the
embedding of document chunk i.

q-d;
lqll lld;ll M

sim(q, d;) =

For each input question, the retriever returned the top-k
chunks with the highest similarity scores. The final
system used k = 5 because the ablation study showed
that this setting provided stronger recall while
maintaining high ranking quality. The technical design
is consistent with dense passage retrieval, vector
similarity search, sentence embeddings, and recent
RAG implementation practices [4-7], [14], [25-28].

Table 1. Main Experimental Configuration

Component Configuration
Embedding model BAAI/bge-m3
Vector index FAISS
Chunk size 500 words
Chunk overlap 100 words
Retrieval setting top k=5
Retrieval threshold 0.45

Qwen/Qwen2.5-1.5B-Instruct
Adaptive threshold, guardrail,
retry-on-refusal

Indonesian

Local generator
Reliability strategy

Language

The main configuration is summarized in Table 1. The
configuration combines a multilingual embedding
model, vector indexing, threshold-based refusal, and
local generation to balance retrieval coverage, response
quality, and refusal reliability.

2.3 Adaptive Refusal Thresholding and Guardrails

A refusal threshold was added because a vector retriever
always returns top-k chunks, even when a question is
outside the supported document domain. The response
decision follows Equation 2, where t is the retrieval
threshold, Dy, is the set of retrieved chunks, and g(q)
denotes the guardrail predicate for personal, real-time,
unsupported-certainty, or out-of-context requests. The
threshold was tuned using retrieval confidence and
false-refusal constraints, and the final value was T =
0.45.
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S, = max sim(q, d;
max diEDk (q’ l)

Refusal,

Smax < TOrg(q) =1
Answer, )

otherwise

R@ = |

Rule-based guardrails were also used for questions that
should not be answered from general academic
documents, including requests involving passwords,
personal GPA or grades, private contact numbers, real-
time information, file-processing status, or unsupported
certainty such as guaranteed thesis acceptance. These
guardrails were designed to reduce hallucination and
unsafe responses, which remain important concerns in
LLM-based systems [29-34].

2.4 Local Generation and Retry-on-Refusal

After the retrieval and refusal mechanism was stable,
the local generator Qwen/Qwen2.5-1.5B-Instruct [35]
was activated to produce concise Indonesian answers
based on the retrieved context. The prompt required the
model to answer only from official document context,
avoid unsupported claims, and return a standardized
refusal when the answer was unavailable.

During testing, the local generator sometimes refused
answerable questions despite high retrieval scores.
Therefore, retry-on-refusal was introduced. The retry
was triggered when the first answer began with a
refusal, the question was not blocked by guardrails, and
the maximum retrieval score was at least 0.58. If the
retry still produced a refusal, the system used the top
retrieved chunk as fallback evidence.

2.5 Dataset and Experimental Workflow

The evaluation dataset contained 160 Indonesian
academic service questions. Each question was
annotated with category, reference answer, gold
document identifier, gold keywords, answerability
status, expected behavior, and retrieval expectation.
The experimental workflow is shown in Figure 2. It
begins with document preparation and knowledge base
construction, continues with retrieval and refusal
evaluation, and ends with generator evaluation and

ablation analysis.
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Figure 2. Experimental workflow for evaluating retrieval, refusal,
generation, and ablation settings

Figure 2 summarizes eight stages: document collection,
preprocessing, knowledge-base construction, dataset
construction, retrieval evaluation, refusal evaluation,
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local generation evaluation, and ablation. The sequence
separates evidence-retrieval errors from refusal and
generation errors and isolates the effects of top-k, chunk
overlap, and embedding model.

Table 2. Distribution of evaluation questions

Category Description Number
Factual Direct factual information 48
Procedural Academic service procedures 40
Requirement-  Required documents or 32
based conditions
Multi-hop Information from multiple parts 16
Ambiguous Broad or unclear questions 8
Contextual Related but unsupported 2
unanswerable  certainty
Unanswerable  Not answerable from 6

documents
Out-of- Outside academic service 8
context domain
Total 160

Table 2 summarizes the distribution of the 160
evaluation questions across answerable, ambiguous,
contextual-unanswerable, unanswerable, and out-of-
context categories. The dataset was designed as a
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controlled benchmark rather than as a statistically
representative  sample of all  student-chatbot
interactions. It was stratified across eight categories and
used only to evaluate a fixed pipeline. The refusal
analysis included 144 answerable and 16 expected-
refusal questions; therefore, the resulting proportion-
based estimates remain statistically fragile. Perfect
observed performance should not be interpreted as
error-free operational behavior, and larger datasets
derived from natural helpdesk or chatbot logs are
required for more precise and generalizable estimates.

After the evaluation dataset was constructed, the refusal
threshold was selected based on the trade-off shown in
Figure 3. Values below 0.45 did not correctly refuse all
expected-refusal cases, whereas values above 0.50
increasingly produced false refusals. A threshold of
0.45 was selected as the lowest evaluated value that
achieved domain refusal accuracy of 1.0000 while
retaining all 144 answerable questions and producing an
observed false refusal rate of 0.0000.

Trade-off Analysis of Adaptive Refusal Thresholding

1.01

0.8

0.6 -

Score

0.4

0.2 1

I -

0.0 1

0.30 0.35 0.40 0.45

0.50 0.55 0.60 0.65 0.70

Retrieval Score Threshold

—&— Domain refusal accuracy

Answerable retention rate

—&— False refusal rate
===~ Selected threshold = 0.45

Figure 3. Trade-off analysis of adaptive refusal thresholding

2.6 Evaluation Metrics

Retrieval  performance was measured using
Precision@k, Recall@k, MRR, and nDCG@k.
Precision@k, as shown in Equation 3, measures the
proportion of retrieved chunks that are relevant.
Recall@k, as shown in Equation 4, follows the
implementation used in this experiment, namely a hit-
based recall averaged over all questions. A question
receives a recall value of one when at least one relevant
gold evidence item appears in the top-k results and zero
otherwise. In these equations, Ry, ; represents the top-k
retrieved chunks for question i and G; represents the
relevant gold evidence for that question.

Precision@k = % ?LJRLknGi' A3)
Recall@k = %Z%\Ll 1(|Ryi N G| > 0) 4)

Ranking quality was measured using MRR and
nDCG@k. MRR, as shown in Equation 5, evaluates
how early the first relevant chunk appears, where rank;
is the position of the first relevant chunk for question i.

If no relevant chunk is retrieved, the contribution for
that question is set to zero. DCG@k and nDCG@k are
given in Equations 6 and 7, where rel; denotes the
binary relevance value at rank i and IDCG@k denotes
the ideal DCG value for the retrieved relevance labels.

1

_1¢yN
MRR = N Zi=1 rank; (5)
vk relj
DCG@k = Zi:l—logz(iﬂ) (6)
nDCG@k = ][[’)ffci‘]‘( 0

Generation quality was measured using semantic
similarity (SS) between the normalized embedding of
the reference answer and the normalized embedding of
the system-generated answer, as shown in Equation (8).
Although Equations 1 and 8 use the same cosine-based
formulation, they are applied to different embedding
pairs: query-document embeddings for retrieval and
reference-generated answer embeddings for response
evaluation.
a-a

[lallliall

SS(a,a) =

®)
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Refusal behavior was evaluated using refusal accuracy
(RA) and false refusal rate (FRR), as expressed in
Equations 9 and 10. TP, denotes correctly refused
questions, FN .5 denotes expected refusals that were
incorrectly answered, FP.psa denotes answerable
questions that were incorrectly refused, and Npswerable
denotes all answerable questions. Domain refusal
accuracy was computed using the same refusal accuracy
definition on the subset of expected-refusal questions
that did not require academic document retrieval.
Statistical uncertainty for the two proportion-based
refusal metrics was summarized with two-sided 95%
exact Clopper—Pearson binomial confidence intervals.

TP
RA = refusal (9)
TPrefusal+FNrefusal
FP
FRR = refusal (1 0)

Nanswerable

2.7 Ablation Study

The ablation study compared the effects of retrieval
configuration on performance. The compared settings
varied top-k values, chunk overlap, and embedding
model.

The experiments included BGE-M3 with fixed
chunkingatk = 3 and k = 5, BGE-M3 with overlap
chunking at k = 5 and k = 10, and multilingual-e5-
base with overlap chunking at k = 5. The study was
intended to justify the final configuration through
empirical comparison rather than assumption.

3. Results and Discussions

The proposed system was evaluated using the final
configuration described in Table 1. The results are
organized into retrieval performance, refusal reliability,
local generation quality, ablation analysis, and research
implications. Table 3 reports the overall point estimates,
while Figure 4 shows the descriptive effect of retry-on-
refusal on generation and refusal metrics.

Table 3. Overall performance of the final RAG configuration

Aspect Metric Score
Retrieval Precision@5 0.7250
Retrieval Recall@5 0.9125
Retrieval MRR 0.8940
Retrieval nDCG@5 0.8888
Generation Mean semantic similarity 0.8516
Generation Answerable-only similarity 0.8392
Generation Expected-refusal similarity 0.9639
Refusal Refusal accuracy 1.0000
Refusal Domain refusal accuracy 1.0000
Refusal False refusal rate 0.0000

Within the controlled dataset, the final system answered
all 144 answerable questions and refused all 16
expected-refusal questions. No expected-refusal case
was answered and no answerable case was refused,
producing observed refusal accuracy of 1.0000 and an
observed false refusal rate of 0.0000. These are sample-
specific point estimates; their statistical uncertainty and
interpretation are discussed in Section 3.2.
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Impact of Retry-on-Refusal on Generation Reliability
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Figure 4. Impact of retry-on-refusal on generation reliability
3.1 Retrieval and Category-Level Performance

The final retriever achieved Recall@5 of 0.9125 and
MRR of 0.8940, indicating that relevant academic
document chunks were usually found within the top five
results and often ranked near the top. Precision@5 of
0.7250 shows that some retrieved chunks were
semantically related but not always directly needed.
This trade-off is acceptable in academic service
chatbots because missing relevant official information
is more harmful than retrieving a small amount of
additional context.

Table 4. Retrieval performance by question category

Category P@5 R@5 MRR nDCG@5
Factual 0.8917 1.0000 0.9896 0.9844
Procedural 0.7750  1.0000  0.9750 0.9758
Requirement 0.6750 1.0000 0.9714 0.9670
Multi-hop 0.7750  1.0000 0.9583 0.9456
Ambiguous 0.8750  1.0000  1.0000 0.9835
Contextual 0.6000 1.0000 1.0000 0.9914
unanswerable
Unanswerable 0.0000  0.0000  0.0000 0.0000
Out-of-context 0.0000  0.0000  0.0000 0.0000

Table 4 shows that all document-related categories with
annotated gold evidence reached Recall@5 of 1.0000.
The retriever consistently found relevant contexts for
factual, procedural, requirement-based, multi-hop,
ambiguous, and contextual-unanswerable questions.
The requirement category had lower precision because
similar administrative terms appeared across several
procedures. For unanswerable and out-of-context
questions, the zero retrieval scores indicate that these
questions had no annotated gold evidence in the official
document collection; therefore, their success was
evaluated through refusal metrics rather than retrieval
recall.

3.2 Refusal Reliability and Generator Quality

On the evaluated dataset, the refusal mechanism
correctly handled all 16 expected-refusal questions and
did not incorrectly refuse any of the 144 answerable
questions. This produced observed refusal accuracy of
1.0000, domain refusal accuracy of 1.0000, and a false
refusal rate of 0.0000. Nevertheless, the 95% exact
binomial confidence interval for refusal accuracy was
0.7941-1.0000, reflecting the small expected-refusal
subset, while the interval for the false refusal rate was
0.0000-0.0253. The point estimates therefore
demonstrate successful behavior on the controlled
benchmark but do not establish error-free refusal in
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deployment. Adaptive thresholding and guardrails
functioned as reliability controls by preventing
generation from weakly related evidence or from
requests that required private, real-time, or unsupported
information.

Retry-on-refusal produced descriptive improvements
on the same controlled benchmark. Mean semantic
similarity increased from 0.8300 to 0.8516, answerable-
only similarity increased from 0.8150 to 0.8392, and the
false refusal rate decreased from 0.0556 to 0.0000,
while refusal accuracy remained 1.0000. Figure 4
visualizes these before-and-after changes. The
expected-refusal similarity was 0.9639 because both the
reference and system outputs used a standardized
refusal statement; therefore, answerable-only similarity
is also reported to avoid inflating the interpretation of
generation quality. These changes are descriptive and
are not presented as inferential evidence of population-
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five configurations, suggesting a higher risk of missing
relevant procedural evidence.

E2 and E3 produced identical results across all
evaluation metrics, suggesting that chunk overlap had
limited impact on this dataset. This outcome is likely
because the academic service documents were
relatively short, structured, and procedurally explicit.
E4, which increased top-k to 10, did not improve
Recall@k and instead reduced Precision@k and
nDCG@k. This indicates that retrieving too many
chunks introduced additional noise without improving
evidence coverage. ES, which used ES5-base with
overlap and top-k = 5, produced lower MRR and
nDCG@k than the BGE-M3 configurations, indicating
that BGE-M3 was more suitable for Indonesian
academic service documents in this experiment.

Table 5. Ablation study of retrieval configurations

level improvement. Exp.  Configuration P@k R@k MRR nDCG
El BGE-M3, 0.8104 09063 0.8927 0.8921
3.3 Ablation Analysis fixed, k=3
E2 BGE-M3, 0.7250 09125 0.8940  0.8888
The ablation study results are presented in Table 5 and fixed, k=5
visualized in Figure 5. E1, which used BGE-M3 with E3 BGEl'NBk’ 5 07250 09125  0.8940  0.8888
. - . . overlap, k=
ﬁxeq F:hunkmg and top-k = .3, .ach.leved the highest E4  BGE-M3, 06413 09125 08940 08714
Precision@k and nDCG@k, indicating that a smaller overlap, k=10
retrieval set produced cleaner retrieval contexts. ES  ES-base, 0.7113  0.9125  0.8726  0.8720
However, its Recall@k was slightly lower than the top- overlap, k=5
Precision-Recall Gap Across Retrieval Configurations
E1: BGE-M3, fixed, k=3 [ 1 MRR=0.893
E2: BGE-M3, fixed, k=5 1 [ ] — MRR=0.894
E3: BGE-M3, overlap, k=5 @ £ MRR=0.894
E5: E5-base, overlap, k=5 4 [ MRR=0.873
E4: BGE-M3, overlap, k=10 [ ] 1 MRR=0.894

0.60 0.65 0.70

@ Precision@k

0.80 0.85 0.90 0.95

Score

0.75

Recall@k

Figure 5. Precision-recall gap across retrieval configurations

The final configuration retained BGE-M3 with top-k =
5 because it provided stronger Recall@k while
maintaining high MRR. Although E1 achieved higher
Precision@k, E2 and E3 were more appropriate for
academic service use because they reduced the risk of
omitting relevant procedural evidence. In Figure 5, the
horizontal distance between each precision and recall
marker represents the coverage-noise trade-off, while
the adjacent MRR label indicates how early the first
relevant chunk was ranked. The visualization shows
that top-k = 10 enlarged the precision-recall gap
without improving recall or MRR, whereas the selected
top-five setting preserved evidence coverage with less
retrieval noise.

These results support previous findings that RAG
configurations should be selected empirically, as
chunking strategy, top-k selection, embedding model
choice, and educational-domain retrieval design can
affect both retrieval context quality and downstream
generation performance [14], [16-19], [25-28].

3.4 Limitations and Future Work

This study has several limitations. First, the knowledge
base was derived from a single institutional context, so
performance may differ across universities with
different document structures, terminology, and
academic regulations. Second, the 160-question dataset
was a controlled benchmark and may not fully represent
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naturally occurring student messages containing
typographical errors, informal language, code-mixing,
incomplete context, adversarial wording, or multi-turn
interactions. Third, the refusal evaluation included only
16 expected-refusal cases. Although all were handled
correctly, the corresponding perfect point estimate has
a wide exact confidence interval and remains
statistically fragile; it should not be interpreted as a
population-level guarantee. Fourth, generation quality
was evaluated mainly through semantic similarity and
refusal metrics, so human assessment is still needed for
factual accuracy, clarity, completeness, helpfulness,
and trustworthiness. Fifth, the local generator was
relatively small. Larger Indonesian-capable models
may improve fluency but may also increase latency and
deployment cost. Future work should evaluate larger
real helpdesk logs, conduct human and subgroup
analyses, test hybrid retrieval and reranking, compare
larger generators, support multi-turn conversations, and
deploy the chatbot with appropriate privacy and access-
control mechanisms.

4. Conclusions

This study developed and evaluated a document-
grounded RAG chatbot for Indonesian academic
services. The final pipeline combined BGE-M3
retrieval, FAISS indexing, adaptive refusal
thresholding, rule-based guardrails, a local Qwen2.5
generator, and retry-on-refusal. It achieved
Precision@5 of 0.7250, Recall@5 of 0.9125, MRR of
0.8940, nDCG@S5 of 0.8888, mean semantic similarity
of 0.8516, and answerable-only similarity of 0.8392.
Within the controlled sample, all 16 expected-refusal
questions were refused and none of the 144 answerable
questions was falsely refused, corresponding to
observed refusal accuracy of 1.0000 and a false refusal
rate of 0.0000. Retry-on-refusal also reduced the false
refusal rate from 0.0556 to 0.0000 and improved
answerable-only similarity from 0.8150 to 0.8392.
These results provide initial evidence that combining
retrieval confidence, guardrails, and retry supports a
better balance between helpfulness and unsupported-
response prevention. However, the perfect refusal
proportions are specific to a small, structured, single-
institution benchmark and should not be treated as
guarantees of operational performance. The ablation
study further showed that increasing top-k did not
improve evidence coverage and that BGE-M3 provided
stronger ranking quality than multilingual-e5-base in
this dataset. Overall, the system offers an empirically
evaluated initial framework for reliable Indonesian
academic-service question answering, subject to
validation with larger real-world queries and human
evaluation.
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