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Abstract

In this paper, we present our contribution to
the IslamicEval 2025 shared task. More specifi-
cally, we address subtask 2, which is a passage
retrieval (PR) system for Qur’an and Hadith,
the two central bodies of text in Islam. Bas-
ing off of a fine-tuned BERT-based sentence
transformer retrieval model, we explore several
approaches, including pipelined fine-tuning
of cross-encoders, as well as using a state-
of-the-art LLM for reranking of relevant pas-
sages, and identification of zero-answer ques-
tions. Our best-performing system achieves a
MAP@10 of 0.1809, MAP_Q@5 of 0.2334,
and MAP_H@5 of 0.1923 on the test set.

1 Introduction

As the two primary sources for Islamic teachings,
the Holy Qur’an and the Hadith are essential to the
lives of roughly 2 billion Muslims. They contain
rulings, moral and spiritual guidance, and general
ways of life, making Islamic question answering
(QA) systems extremely important for those prac-
tising, and even inquisitive non-Muslims. It is also
important that such systems maintain high accuracy
and reliability, as small errors or hallucinations may
have significant implications due to the sensitivity
of the materials.

While QA in Arabic has been tackled previously
(Koto et al., 2024) and remains an active research
area, the challenge with Arabic morphological rich-
ness is amplified even more when it comes to reli-
gious texts, where context, syntax, or vocabulary
can change a passage’s meaning entirely. Previ-
ously, the Qur’an QA 2022 (Malhas et al., 2022)
and Qur’an QA 2023 (Malhas et al., 2023) shared
tasks addressed this challenge, but only within the
scope of the Holy Qur’an. In comparison, Ha-
dith collections present a broader, more complex
challenge for information retrieval (IR). Hadith is
built upon a chain of narrators quoting the Prophet
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Muhammad, peace be upon him, varying in length,
phrasing, and authenticity, and spread across multi-
ple compilations. They also lack a unified indexing
system, as opposed to the Qur’an, which consti-
tutes a singular source of information. This leads
to a more dynamic and realistic approach in the Is-
lamicEval shared task (Mubarak et al., 2025). For
a free-text question in Modern Standard Arabic
(MSA), the system must retrieve a ranked list of up
to 20 Qur’anic passages or Hadiths that may con-
tain the answer to the question. The question could
also be unanswerable. In some cases, the question
may also have no relevant answer in the Qur’an but
one in the Hadith, or vice versa, requiring systems
to be versatile in searching across both corpora.

Similar to the previous editions, the task pro-
vides us with a set of thematic Qur’an passages,
as well as the Sahih Al-Bukhari Hadith collection.
We are also provided with the AyaTEC Qur’an QA
dataset (Malhas and Elsayed, 2020), as discussed
further in Section 2. However, no equivalent exists
for Hadith QA, prompting us to search for relevant
external sources for training our systems.

Our contribution to the subtask involves
pipelined fine-tuning of BERT-based sentence
transformer models for the retrieval of relevant
documents, followed by either a fine-tuned cross-
encoder or a state-of-the-art LLM for filtering and
identification of zero-answer questions. The sys-
tem is then evaluated on mean average precision,
specifically, MAP@10 and MAP@5 for the Qur’an
and Hadith passages independently. The paper is
structured as follows: Section 2 describes the data
used for our experiments, Section 3 goes into the
details of the experiments and provides an overview
of the results achieved, and Section 5 discussing
and drawing insights from these results. Lastly,
Section 6 offers a conclusion to our work. We
release our code and data publicly on GitHub1.

1https://github.com/Yoriis/IslamicEval2025
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Split Train Dev Test
# Question–passage pairs 1261 298 –
# Questions

Multi-answer 131 (62%) 26 (65%) –
Single-answer 48 (23%) 8 (20%) –
Zero-answer 31 (15%) 6 (15%) –
Total 210 40 71

Table 1: AyaTEC v1.3 Split Distribution

2 Data
The task data consisted of three parts: the Thematic
Qur’anic Passage collection (QPC) (Swar, 2007),
containing 1,266 thematic passages that cover the
whole Holy Qur’an in a simple-clean text style,
without diacritics, the Sahih Al-Bukhari Hadith
collection (Al-Sharjy and Al-Zubaidi, 2009), com-
prising 2,254 Hadiths, the authors having excluded
redundant Hadiths and Arabic commentary, and the
AyaTEC v1.3 (Malhas and Elsayed, 2020) dataset,
composed of question-passage pairs. A brief de-
scription of the split can be found in Table 1.

As the dataset size remains limited, we adopt a
sequential fine-tuning strategy, adding increasingly
task-specific datasets to enhance the model’s adap-
tation to our domain. We use the Arabic portion
of the TyDi dataset (Clark et al., 2020), containing
about 15 thousand QA pairs. We use the Jalalayn
Tafseer of the Qur’an, aggregated to the thematic
passages provided. Additionally, to address the
limited size of task-specific data, especially for
Hadith, we use the QuQA and HaQA datasets (Al-
nefaie et al., 2023), which contain 3382 and 1598
QA pairs, respectively. Lastly, to increase models’
sensitivity to zero-answer questions, we augment
each of our datasets with several random negative
samples - 5 negatives per sample for HaQA, and 3
negatives per sample for the others.

3 System
Our system has 2 stages: retrieval & re-ranking,
discussed in this section & illustrated in figure 1.

3.1 Retrieval

To retrieve the top-K passages for a question, we
encode the question and all thematic Qur’anic pas-
sages and Hadiths using a sentence embedding
model, compute cosine similarity, and rank the
passages. We evaluated several Arabic embed-
ding models on the shared task’s Qur’an-only dev
set using Recall@30 to establish baseline perfor-
mance; results are in Table 10. The best model,
AraModernBert2, achieved a Recall@30 of 0.445.

Retriever Fine-Tuning Starting from the
AraModernBERT model, we fine-tuned for the
target domains using the shared task’s Qur’an-only
training set and additional data (Section 2).
Following prior work on dense retrieval with hard
negatives (Zhan et al., 2021; ElKomy and Sarhan,
2023), we retrieved top-ranked Qur’anic and
Hadith passages per question using the base model
for fine-tuning. For each query, we sampled K
passages in total, including multiple positives and
treating the rest as hard negatives. We also tested
positive-only fine-tuning to assess the impact of
excluding negatives.

We implemented two fine-tuning pipelines, each
using both cosine and contrastive loss:

• Pipeline A: Single-stage fine-tuning on the
shared task’s Qur’an-only training data.

• Pipeline B: Multi-stage curriculum fine-
tuning using additional QA datasets (Sec-
tion 2), starting with TyDiQA, followed by
Tafseer, QuQA, HaQA, and finally the Qur’an-
only set.

For both pipelines, we varied the number of pas-
sages (K) used during fine-tuning. Each K in-
cludes multiple positive and hard negative passages,
retrieved from both Qur’an and Hadith corpora. We
evaluated performance using recall at multiple re-
trieval depths, excluding unanswerable questions.
Pipeline A Direct fine-tuning (Table 2) shows
strong gains over the positive-only baseline, with
its best Recall@30 at 0.491 exceeding the base-
line by over 20 percent. At larger retrieval depths,
Recall@70 peaks at 0.592.

Passages Loss Search R@30 R@50 R@70

Positive
only

Contrastive Cosine 0.285 0.329 0.385

50 Contrastive Cosine 0.462 0.537 0.555
70 Cosine Cosine 0.446 0.537 0.592

Contrastive L2 0.491 0.521 0.552

Table 2: Top-performing configurations in Pipeline A
by number of passages. Full results in Table 11.

Pipeline B The multi-stage curriculum (Table 3)
surpasses Pipeline A at both shallow and deep re-
trieval. Its best Recall@30 reaches 0.541, around
5 percent higher than Pipeline A, while its Re-
call@70 climbs to 0.688, nearly 10 percent above
Pipeline A’s top result.

2https://huggingface.co/NAMAA-Space/
AraModernBert-Base-STS
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Figure 1: Figure showing the final pipeline used for the submitted runs. Green shapes represent input and output
data modules, purple boxes denote retrieval processes, and yellow boxes signify reranking and filtering stages.

Passages Loss Search R@30 R@50 R@70

60 Cosine L2 0.505 0.600 0.688
70 Contrastive Cosine 0.541 0.581 0.640
80 Contrastive L2 0.537 0.620 0.645

Table 3: Top-performing configurations in Pipeline B
by number of passages. Full results in Table 12

3.2 Reranking

To re-rank the retrieved documents, we experi-
mented with two approaches: a cross-encoder ar-
chitecture and a large language model.

3.2.1 Cross-Encoder Architecture
Building on the fine-tuned retrieval model, we
use Pipeline B to fine-tune two cross-encoders:
AraBERTv0.2-base (Antoun et al., 2020), and
NAMAA Space GATE Reranker V1 (GATE)
(NAMAA-Space, 2025). Our choice of models is
guided by the Arabic RAG leaderboard (Mohaned
A. Rashad, 2025), which evaluates retrieval and
reranking systems. GATE, built on AraBERT and
Arabic Triplet Matryoshka (Nacar et al., 2025),
ranks highly on this benchmark while also remain-
ing resource-efficient. AraBERTv0.2-base, as one
of the earliest widely adopted Arabic Transform-
ers and GATE’s predecessor, serves as a baseline
for comparison. For identification of zero-answer
questions, we use a thresholding-based approach.
If all passages, after reranking, have scores below
the threshold, the question is deemed to have no
answers, and the systems returns -1.

Two versions of Pipeline B were experimented
with. In one configuration, we drop the Tafseer
dataset for fine-tuning, and exclude the task data
as well (Pipeline B1). This generally led to bet-
ter results, as seen in Table 4. In the other, we
utilize the full pipeline, ending with fine-tuning
independently on two versions of the task data:
one with only positive passages sampling, and one
with Top-70 (Pipeline B2). A representation of

both pipelines can be found in Figure 2. Table 5
shows the MAP@5 and MAP@10 for the dev set
after each fine-tuning step. Interestingly, in both
scenarios, fine-tuning on the task data decreases
performance.

It’s also important to note that a k-value of 70
was used to retrieve the relevant passages, which
were then reranked, and the scoring threshold for
zero-answer questions was set at 0.15 for these ex-
periments. We experimented with the thresholding
hyperparameter, as can be seen in Appendix C.

Model Metric Baseline TYDI QUQA HAQA

GATE
MAP@5 0.3172 0.2319 0.2372 0.2548
MAP@10 0.3215 0.2503 0.2574 0.2786

AraBERT
MAP@5 0.0278 0.1712 0.1965 0.2186
MAP@10 0.0371 0.1972 0.2138 0.2334

Table 4: MAP@5 and MAP@10 scores without Tafseer

The regression in GATE’s performance could
be attributed to several factors. This model has
already been pretrained on large-scale Arabic cor-
pora, and further fine-tuning likely introduced over-
fitting and reduced the model’s ability to generalize.
Additionally, the negative sampling strategies may
not have been comprehensive enough to evaluate
the reranker’s ability to improve from the baseline.
This suggests that, for already high-performing
rerankers, there’s a need for more careful design of
fine-tuning data, otherwise it might be better to use
the reranker without further training.

3.2.2 LLM-based Approach
We used Gemini 2.5 Flash (Comanici et al., 2025)
to rerank retrieved documents by instructing it to
get an ordered list of passage IDs that have the
answers to a given question according to their rele-
vance. The prompt design process included adding
more instructions about the format of the answers
to avoid hallucination of passages and emphasizing
the importance of relevance and order of the re-
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Figure 2: Figure showing cross-encoder finetuning configurations.

Model Metric Baseline TyDi Tafseer QuQA HaQA Task Task-70

GATE
MAP@5 0.3172 0.2319 0.2504 0.2318 0.2499 0.2107 0.2480
MAP@10 0.3215 0.2503 0.2642 0.2563 0.2736 0.2367 0.2680

AraBERT
MAP@5 0.0278 0.1712 0.2099 0.1899 0.1884 0.1733 0.2039
MAP@10 0.0371 0.1972 0.2099 0.2093 0.2081 0.1967 0.2267

Table 5: MAP@5 and MAP@10 cross-encoder scores on the dev set for full Pipeline B

turned passage IDs. The final prompt used is found
in Appendix A.

Experimentation with different k values showed
that higher values produced inconsistent results
with Gemini, with MAP ranges varying drastically
(Table 6). However, Gemini showed relatively reli-
able performance with the top 70 passages to filter
across runs and models.

Pre and Post Retrieval Enhancements: To im-
prove the performance of our pipeline, we experi-
mented with two approaches: one for pre-retrieval
and one for post-retrieval.

Our proposed technique for pre-retrieval is to
use topic filtering before passing the question to our
RAG model. This method uses Latent Dirichlet Al-
location (LDA) to find the topics in the reranking
stage (Ampazis, 2024). We applied it as a pre-
retrieval technique by assigning, using the LLM,
each question and Qur’anic passage a list of one
or more topics out of 40 relevant topics in Islam,
found in Appendix B. The filtering reduced the
search space for the RAG model by providing it
only with the documents matching the topics in the
question to encode. Results in Table 7 show that
performance increases without topic filtering, with
MAP improving by 2%+.

For post-retrieval, to enhance the LLM’s un-
derstanding of the retrieved Qur’anic passages,
we expanded each passage with its interpretation
by aggregating the Jalalayn Tafseer. We observe
that adding Tafseer reduced performance, as Gem-
ini struggles with longer inputs, yielding at best
MAP@10 of 0.15.

Model Name Top K MAP@5 MAP@10
Baseline Model 70 0.2983 0.3137

80 0.3048 0.3294
100 0.2552 0.2902

Pipeline A 70 0.3311 0.3579
80 0.2777 0.3049
100 0.2913 0.3185

Pipeline B 70 0.3506 0.3801
80 0.3550 0.3550
100 0.3598 0.3888

Table 6: MAP@5 and MAP@10 scores for different
models across varying Top K values.

Model Name Top K MAP@5 MAP@10
With Topic Modeling 30 0.3991 0.4299

70 0.3958 0.4365
Without Topic Modeling 30 0.4228 0.4491

70 0.4407 0.4591

Table 7: MAP@5 and MAP@10 scores for different
models across varying Top K values.

4 Results

For evaluation on the test set, we chose three con-
figurations: the first two use Gemini, with the first
retrieving the top 70 most relevant documents from
the combined collection Qur’an and Hadith pas-
sages, and the second retrieving 50 from Qur’an
and 20 from Hadith to allow for higher representa-
tion of Hadith. The last approach also followed this
method with the fine-tuned GATE model (Pipeline
B1) used for filtering. It’s important to note that
when retrieving Hadith passages, we removed the
diacritics from the texts. Results can be seen in
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Table 8.

Model MAP@10 MAP_Q@5 MAP_H@5

Gemini 0.1809 0.2334 0.1923
Gemini (50-20) 0.1804 0.2257 0.1961
GATE (50-20) 0.1257 0.1438 0.1569

Table 8: Subtask 2 Test Set Results

Gemini achieved higher performance than GATE
in both configurations, with improvements ob-
served across all metrics. However, in all three
test runs, we observe a consistent and significant
drop in performance compared to the development
set.

This decline may be attributed to domain shift
between the Qur’an-only development set and the
mixed-source test set, or to overfitting on the fine-
tuning data. While reranking with Gemini im-
proved overall relevance, its performance on previ-
ously unseen questions proved less stable. GATE,
although more consistent, remained behind Gemini,
likely due to its limited capacity to model question
semantics compared to the LLM-based reranker.

5 Discussion

Our experiments on the retrieval model reveal 3
key insights. First, positive-only fine-tuning con-
sistently underperformed compared to using hard
negatives, as both cosine and contrastive losses ben-
efit from distinguishing relevant from highly sim-
ilar but irrelevant passages. Second, the optimal
top-K passages for positive and hard negative
sampling was typically 60–80 passages; larger
values often introduced easy negatives that weak-
ened learning. Third, there was no single best
loss–search pairing, with outcomes varying across
settings. Finally, multi-stage curriculum (Pipeline
B) consistently outperformed direct fine-tuning
(Pipeline A), with up to a 10% recall improve-
ment at higher Recall@K values. This demon-
strates the advantage of gradual domain adaptation,
moving from general Arabic QA to Qur’anic and
Hadith retrieval, which helps the model capture the
linguistic and semantic characteristics. For filter-
ing, Gemini had a better performance; its under-
standing of the passages led to an increase of more
than 5% in MAP compared to the cross-encoder
results. However, adding more context - whether
by increasing the number of retrieved documents
or by adding Tafseer - resulted in a substantial drop
in scores.

6 Conclusion

In this study, we explore QA techniques for subtask
B of the IslamicEval 2025 shared task. We compare
direct fine-tuning and a multi-stage approach for
retrieval, and a cross-encoder and LLM for rerank-
ing. Our experiments led to an increase in Recall
for retrieval and MAP for reranking compared to
prior models, demonstrating the potential of our
approach for building more accurate and reliable
Islamic QA systems.

Limitations The main challenge is dataset size
and a lack of Hadith QA pairs. Additionally, Gem-
ini fluctuated and produced inconsistent scores
across runs. GPU limitations also prevented us
from carrying out experiments using larger mod-
els. The limited timeline of our experiments also
prevented us from exhausting all possible configu-
rations, hyperparameters, and other approaches.
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A Prompting

The following prompt was used for filtering and
reranking using Gemini2.5 Flash:

Given a question in Modern Standard Arabic
(MSA) and a list of Quranic and Hadith verses
(each with an associated ID), identify the IDs of
the verses that contain the answer to the question.
Instructions:
- Return only the IDs of the extremely relevant
verses in a list, ordered from most relevant to least
relevant.
- Do not explain your answer or provide verse text.
- If the answer is not found in any verse, or you are
unsure, you must return [-1].
- Use the verse ID exactly as provided (e.g., if the
verse ID is 23:14-16, return [23:14-16]).
Question: <QUESTION-TEXT>
Verses: <RETRIEVED-PASSAGES>

B Topic Modeling

To reduce the search space of the retrieval model,
we adapted a pre-retreival topic filtering approach
where we assign the questions and documents one
or more of the topics from Table 9.

C Thresholding Experimentation

Using our best available model, the GATE base-
line, we experimented with different values of the
scoring threshold (T). Intuitively, the most optimal
values lie between 0.10 - 0.20 as can be seen in
Figure 3.
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Table 9: The list of 40 topics assigned to questions and Qur’anic passages used for filtering before retrieval.

Figure 3: MAP@10 on GATE for Dev Set VS Threshold

D Arabic Embedding Model Evaluation

To identify suitable retriever models, we evaluated
a broad set of Arabic (and multilingual) embed-
ding models using cosine similarity ranking and
Recall@30 on the Qur’anic development set. Due
to limited computational resources, we were un-
able to run inference on larger-scale models (e.g.,
>500M parameters) with extensive batch process-
ing, and thus prioritized models that were feasible
for our hardware budget.
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Model Recall@30 Trainable Params (M)
NAMAA-Space/AraModernBert-Base-STS1 0.4451 149
silma-ai/silma-embeddding-sts-v0.12 0.4136 135
omarelshehy/Arabic-Retrieval-v1.03 0.3880 135
omarelshehy/Arabic-STS-Matryoshka-V24 0.3876 135
Omartificial-Intelligence-Space/GATE-AraBert-v1(Nacar and Koubaa, 2024) 0.3663 135
ALJIACHI/bte-base-ar5 0.3627 149
mohamed2811/Muffakir_Embedding6 0.3576 135
silma-ai/silma-embeddding-matryoshka-v0.17 0.3517 135
Omartificial-Intelligence-Space/Arabic-Triplet-Matryoshka-V2(Nacar and Koubaa, 2024) 0.3478 135
AhmedZaky1/arabic-bert-sts-matryoshka8 0.3235 135
Alibaba-NLP/gte-multilingual-base9 0.3073 305
Omartificial-Intelligence-Space/Arabert-all-nli-triplet-Matryoshka(Nacar and Koubaa, 2024) 0.3053 135
AhmedZaky1/arabic-bert-nli-matryoshka10 0.3028 135
AhmedZaky1/DIMI-embedding-v211 0.2924 305
ibm-granite/granite-embedding-278m-multilingual12 0.2701 278
omarelshehy/arabic-english-sts-matryoshka-v2.013 0.2680 560
OmarAlsaabi/e5-base-mlqa-finetuned-arabic-for-rag14 0.2622 278
intfloat/multilingual-e5-base(Wang et al., 2024) 0.2599 278
ibm-granite/granite-embedding-107m-multilingual15 0.2598 107
Abdelkareem/zaraah_jina_v316 0.2443 64
AhmedZaky1/DIMI-embedding-v417 0.2322 305
Snowflake/snowflake-arctic-embed-m-v2.018 0.1745 305
Abdelkareem/abjd19 0.1677 438
Abdelkareem/ara-qwen3-1820 0.1677 438
Omartificial-Intelligence-Space/Arabic-labse-Matryoshka(Nacar and Koubaa, 2024) 0.1579 471
sentence-transformers/LaBSE21 0.1575 471
Omartificial-Intelligence-Space/Arabic-MiniLM-L12-v2-all-nli-triplet22 0.0973 118
mixedbread-ai/mxbai-embed-large-v1(Li and Li, 2023) 0.0357 335
metga97/Modern-EgyBert-Base23 0.0145 159
metga97/Modern-EgyBert-Embedding24 0.0145 159
sentence-transformers/all-mpnet-base-v225 0.0057 109
sentence-transformers/all-MiniLM-L6-v226 0.0008 23

Table 10: Recall@30 and parameter counts for reviewed sentence embedding models on the Qur’anic dev set.
1 https://huggingface.co/NAMAA-Space/AraModernBert-Base-STS
2 https://huggingface.co/silma-ai/silma-embedding-sts-0.1
3 https://huggingface.co/omarelshehy/Arabic-Retrieval-v1.0
4 https://huggingface.co/omarelshehy/Arabic-STS-Matryoshka-V2
5 https://huggingface.co/ALJIACHI/bte-base-ar
6 https://huggingface.co/mohamed2811/Muffakir_Embedding
7 https://huggingface.co/silma-ai/silma-embedding-matryoshka-0.1
8 https://huggingface.co/AhmedZaky1/arabic-bert-sts-matryoshka
9 https://huggingface.co/Alibaba-NLP/gte-multilingual-base
10 https://huggingface.co/AhmedZaky1/arabic-bert-nli-matryoshka
11 https://huggingface.co/AhmedZaky1/DIMI-embedding-v2
12 https://huggingface.co/ibm-granite/granite-embedding-278m-multilingual
13 https://huggingface.co/omarelshehy/arabic-english-sts-matryoshka-v2.0
14 https://huggingface.co/OmarAlsaabi/e5-base-mlqa-finetuned-arabic-for-rag
15 https://huggingface.co/ibm-granite/granite-embedding-107m-multilingual
16 https://huggingface.co/Abdelkareem/zaraah_jina_v3
17 https://huggingface.co/AhmedZaky1/DIMI-embedding-v4
18 https://huggingface.co/Snowflake/snowflake-arctic-embed-m-v2.0
19 https://huggingface.co/Abdelkareem/abjd
20 https://huggingface.co/Abdelkareem/ara-qwen3-18
21 https://huggingface.co/sentence-transformers/LaBSE
22 https://huggingface.co/Omartificial-Intelligence-Space/Arabic-MiniLM-L12-v2-all-nli-triplet
23 https://huggingface.co/metga97/Modern-EgyBert-Base
24 https://huggingface.co/metga97/Modern-EgyBert-Embedding
25 https://huggingface.co/sentence-transformers/all-mpnet-base-v2
26 https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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https://huggingface.co/Omartificial-Intelligence-Space/Arabic-MiniLM-L12-v2-all-nli-triplet
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https://huggingface.co/metga97/Modern-EgyBert-Embedding
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Passages Loss Function Search Method Recall@30 Recall@50 Recall@70

Positive only

Cosine Cosine 0.269 0.320 0.341
Cosine L2 0.211 0.250 0.283

Contrastive Cosine 0.285 0.329 0.385
Contrastive L2 0.242 0.288 0.346

30

Cosine Cosine 0.417 0.480 0.537
Cosine L2 0.439 0.497 0.523

Contrastive Cosine 0.440 0.497 0.537
Contrastive L2 0.447 0.494 0.548

50

Cosine Cosine 0.425 0.488 0.531
Cosine L2 0.431 0.476 0.501

Contrastive Cosine 0.462 0.537 0.555
Contrastive L2 0.457 0.536 0.555

70

Cosine Cosine 0.446 0.537 0.592
Cosine L2 0.424 0.496 0.545

Contrastive Cosine 0.472 0.510 0.583
Contrastive L2 0.491 0.521 0.552

90

Cosine Cosine 0.436 0.494 0.558
Cosine L2 0.428 0.466 0.501

Contrastive Cosine 0.477 0.517 0.559
Contrastive L2 0.460 0.518 0.555

Table 11: Performance of Fine-Tuned Configurations (Pipeline A) on Dev Set (Quran)

Passages Loss Function Search Method Recall@30 Recall@50 Recall@70

60

Cosine Cosine 0.508 0.586 0.675
Cosine L2 0.505 0.600 0.688

Contrastive Cosine 0.539 0.603 0.621
Contrastive L2 0.538 0.602 0.634

70

Cosine Cosine 0.521 0.596 0.663
Cosine L2 0.464 0.577 0.636

Contrastive Cosine 0.541 0.581 0.640
Contrastive L2 0.539 0.606 0.634

80

Cosine Cosine 0.446 0.548 0.646
Cosine L2 0.462 0.501 0.574

Contrastive Cosine 0.520 0.619 0.649
Contrastive L2 0.537 0.620 0.645

Table 12: Performance of Fine-Tuned Configurations (Pipeline B) on Dev Set (Quran)
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