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Abstract. We compare three retrieval strategies for bilingual (Arabic–
English) graduation project proposal similarity detection: a lexical base-
line (BM25), a dense pipeline (fine-tuned Multilingual-E5 Bi-Encoder
with Cross-Encoder re-ranking), and a hybrid pipeline (Reciprocal Rank
Fusion). Models were evaluated on a strict cross-lingual gold standard of
300 real Arabic proposal pairs translated to English. BM25 exhibited se-
vere performance degradation, approximating random-rank performance
due to vocabulary mismatch. The Dense pipeline outperformed the Hy-
brid pipeline under standard fusion parameters. While highly tuned hy-
brid configurations achieved statistical parity, applying the principle of
parsimony, we conclude that within the scope of this proof-of-concept
study (N = 300, single institution, synthetic fine-tuning data), the pure
Dense pipeline is the most operationally viable approach for this task,
pending validation at institutional scale. It achieves equivalent peak ac-
curacy without the architectural overhead of maintaining a lexical in-
dex. Qualitative evaluation revealed that hybrid fusion introduces spuri-
ous BM25 keyword matches, producing false positives on novel queries,
whereas the pure dense pipeline correctly rejects them.

Keywords: Bilingual Retrieval · Semantic Similarity · Cross-Encoder ·
Multilingual-E5

1 Introduction

Academic institutions that offer computer science programmes accumulate hun-
dreds of graduation project proposals each year. Supervisors review these pro-
posals manually—a labour-intensive process susceptible to oversight errors under
high submission volumes, exhibiting poor scalability. This risk is operationally
significant: students may independently submit proposals that are semantically
equivalent separated only by surface-level rephrasing, motivating automated text
similarity approaches [1,2]. In bilingual environments such as Libyan universi-
ties, where proposals arrive in both Arabic and English, this challenge is further
compounded. A keyword search cannot detect that an Arabic proposal on “smart
irrigation using IoT” describes the same system as an English proposal on “au-
tomated farm watering with sensors.” Despite sharing no surface tokens, the two
proposals describe semantically equivalent engineering objectives.
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Three families of retrieval techniques compete for this task. Lexical methods,
led by BM25 [3], rank documents by weighted term overlap; they offer computa-
tional efficiency and interpretability but lack the capacity to capture paraphrase
and synonym relationships, and when the query and document share no surface
tokens, the BM25 score is identically zero—a deterministic failure mode in cross-
lingual settings. Dense methods encode text into a shared vector space via mul-
tilingual transformers [4,5,6], then retrieve by maximum inner-product search
on L2-normalised vectors; they handle paraphrase and cross-lingual matching
but require GPU inference and careful fine-tuning. Hybrid methods fuse both
signals—typically through Reciprocal Rank Fusion (RRF) [7]—on the premise
that the combination exceeds either component.

The optimal strategy should be determined empirically, independent of ar-
chitectural sophistication. We designed an experiment to resolve this question
through a controlled proof-of-concept. We constructed 6,000 synthetic bilin-
gual proposals (3,000 Arabic, 3,000 English) to fine-tune a Multilingual-E5 Bi-
Encoder [6]. We then collected 300 real Arabic graduation proposals from the
College of Computer Technology, Tripoli, translated them to English via DeepL
with human review, and used the resulting 300 aligned pairs as a strict held-
out gold standard. Three pipelines were evaluated: (1) a pure Lexical baseline
(BM25), (2) a Dense pipeline (fine-tuned Multilingual-E5 + Cross-Encoder re-
ranker), and (3) a Hybrid pipeline (BM25 + Dense + RRF + Cross-Encoder).

We evaluate these three pipelines against this gold standard to determine:
(a) whether BM25 retains any viability in the cross-lingual setting, (b) whether
hybrid fusion adds measurable value over pure dense retrieval when lexical signals
are absent, and (c) whether any performance gain from hybrid architectures
justifies the additional complexity of maintaining a separate lexical index and
tuning fusion hyperparameters.

This study makes three contributions:

1. Resource Construction: The creation of a rigorously translated and domain-
expert-verified gold standard of 300 cross-lingual Arabic–English proposal
pairs, alongside a 6,000-pair synthetic fine-tuning corpus.

2. Empirical Finding:A controlled demonstration that in strict zero-vocabulary-
overlap cross-lingual settings, standard Hybrid retrieval degrades perfor-
mance compared to pure Dense retrieval due to BM25 noise injection, with
the degradation confirmed by statistical significance testing.

3. Methodological Insight: A qualitative and quantitative validation show-
ing that pure Dense pipelines offer superior operational robustness by cor-
rectly rejecting false positives on novel queries that lexical fusion inadver-
tently promotes.

2 Background

This section introduces the four retrieval components evaluated in the study:
the BM25 lexical scorer, multilingual transformer encoders, the Bi-Encoder and
Cross-Encoder architectures, and Reciprocal Rank Fusion.
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2.1 BM25

BM25 is a bag-of-words ranking function derived from the Probabilistic Rele-
vance Framework [3]. Given a query q and document d, BM25 computes a rel-
evance score by weighting each shared term’s frequency in d against its inverse
document frequency across the corpus, with a saturation parameter k1 and a
length normalisation factor b. The function is efficient—scoring requires only an
inverted index lookup—and it remains a strong baseline in monolingual bench-
marks. Its failure mode is deterministic: when q and d share no tokens, the score
is exactly zero. In a cross-lingual setting where Arabic queries search an English
corpus (or vice versa), this failure is the default rather than the exception.

2.2 Multilingual Transformer Models

BERT [4] introduced deep bidirectional pre-training on large text corpora via
masked language modelling, producing contextual representations that transfer
well to downstream tasks. While single-language models like AraBERT [8] and
CAMeL-BERT [9] achieve state-of-the-art performance on monolingual Arabic
NLP tasks, they cannot natively encode English queries into a shared space. Mul-
tilingual extensions—mBERT (trained on 104 languages) and XLM-RoBERTa [5]
(trained on 2.5TB of CommonCrawl data across 100 languages)—solve this by
aligning semantically equivalent sentences from different languages in a shared
space. This cross-lingual alignment emerges from the overlap in subword vo-
cabularies and the shared transformer parameters, not from parallel corpora or
explicit translation signals. The property is central to our Dense pipeline: it al-
lows a single encoder to map both Arabic and English proposals into the same
vector space.

2.3 Bi-Encoders and Dense Retrieval

Sentence-BERT [10] adapts the transformer architecture into a Bi-Encoder: two
input texts are encoded independently into fixed-dimensional dense vectors, and
their similarity is measured by cosine distance. Because corpus documents can
be encoded offline and stored in a vector index such as FAISS, retrieval reduces
to calculating inner products. In our experimental setup with 300 documents, we
utilise IndexFlatIP to perform exact exhaustive inner-product search. This in-
dex computes O(N ·d) dot products per query (where d = 768), which is trivially
fast only due to the negligible corpus scale. Scaling to an anticipated institu-
tional collection of 5,000+ proposals would necessitate an Approximate Nearest
Neighbour index such as HNSW—for instance, using typical default parameters
(M = 16, ef_construction = 200) as documented in the FAISS library [11]—
for sub-linear retrieval. The Multilingual-E5 model [6] extends the Bi-Encoder
approach through weakly-supervised contrastive pre-training on multilingual
text pairs drawn from web data. E5 produces 768-dimensional embeddings and
achieves competitive cross-lingual alignment on standard benchmarks without
requiring parallel sentence supervision. We adopt intfloat/multilingual-e5-
base as our Bi-Encoder backbone throughout this work.
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2.4 Cross-Encoder Re-Ranking

A Bi-Encoder compresses each text into a single vector, discarding fine-grained
token interactions. Cross-Encoders [10] recover this information by concatenat-
ing the query and document into a single input sequence, processing both jointly
through a transformer with full cross-attention. The output is a scalar relevance
score that captures token-level alignment between the two texts. This yields
higher ranking accuracy at the cost of quadratic complexity in sequence length,
making Cross-Encoders impractical as first-stage retrievers but highly effective
as re-rankers applied to a short candidate list. In our pipeline, we employ the
multilingual cross-encoder/mmarco-mMiniLMv2-L12-H384-v1 (trained on the
mMARCO dataset) as our re-ranker.

2.5 Reciprocal Rank Fusion

Reciprocal Rank Fusion (RRF) [7] merges multiple ranked lists into a single
ordering without requiring score calibration. For a document at rank r in list i,
RRF assigns a contribution of 1/(k + r), where k is a constant that dampens
the influence of high-ranked outliers. The fused score for each document is the
sum of its contributions across all input lists. RRF is parameter-light (only
k must be set) and has been shown to outperform both Condorcet voting and
individual rank-learning methods on standard TREC collections [7]. We use RRF
to combine the BM25 and Bi-Encoder candidate lists in the Hybrid pipeline.

3 Related Work

Research on bilingual retrieval and academic text similarity draws from three
overlapping threads: hybrid sparse–dense architectures, cross-lingual dense em-
beddings, and similarity detection in scholarly documents.

Hybrid Sparse–Dense Retrieval. Lexical retrievers and dense encoders
typically exhibit complementary strengths. Modern sparse models like SPLADE [12,13]
and dense architectures like ColBERTv2 [14] have further narrowed the gap, but
fusion often remains the robust default. Recent literature on hybrid sparse–dense
architectures catalogues the conditions under which fusion outperforms either
component alone. Kuzi et al. and Lin et al. demonstrated that fusion gains are
most pronounced when both signals retain baseline competence [15,16]. Lin et
al. proposed a dense representation framework that internalises both lexical and
semantic matching signals into a single index [16]. These findings motivated the
Hybrid pipeline in our study. However, our results demonstrate a critical viola-
tion of fusion assumptions: in strict cross-lingual settings lacking shared vocab-
ulary, the lexical component entirely loses competence and introduces spurious
candidates that degrade the fusion stage.

Cross-Lingual Dense Embeddings. Mapping text from multiple lan-
guages into a shared vector space is the enabling mechanism behind language-
agnostic retrieval. Recent state-of-the-art models like mContriever [17] have
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demonstrated that unsupervised contrastive learning can yield highly competi-
tive multilingual dense retrievers. This builds on foundational multilingual dense
retrieval baselines such as mDPR and Mr. TyDi [18,19], which first demonstrated
the efficacy of cross-lingual dense encoders. Huang extended this line of work by
modelling cross-lingual knowledge transfer explicitly within multilingual retrieval
systems, demonstrating that a single query encoder can retrieve documents in a
language it was not specifically trained on [20]. The Multilingual-E5 model we
adopt builds on these foundations through large-scale weakly-supervised con-
trastive pre-training, aligning 100+ languages without parallel supervision [6].
While contemporary generative variants such as E5-mistral-7b [21] set the cur-
rent state-of-the-art on multilingual benchmarks, the base E5 model remains
the computationally tractable choice for institutional embedding deployments.
Furthermore, the robust evaluation of such models is increasingly reliant on stan-
dardised zero-shot retrieval suites like the BEIR benchmark [22] and the MTEB
(Massive Text Embedding Benchmark) leaderboard [23], which contextualise
cross-domain generalisation and model selection claims.

Text Similarity in Academic Documents. A smaller body of work tar-
gets similarity detection within scholarly corpora specifically. Donner evaluated
multiple similarity methods for identifying constituent articles in cumulative
dissertation theses, using a short-text bilingual dataset, and found that no sin-
gle method dominated across all evaluation conditions [24]. Zhang proposed a
fragment-merging algorithm for bilingual text similarity that complements neu-
ral approaches in structured document types [25]. On the linguistic side, Alinasab
et al. analysed lexical cohesion patterns in bilingual and multilingual graduate
theses, reporting that writers with broader multilingual competence produce
richer inter-textual semantic connections [26]—an observation consistent with
the structured overlap we exploit in our proposal corpus. Wang et al. recently
demonstrated that pre-trained language models can establish robust frameworks
for semantic document comparison, underpinning much of the subsequent re-
search in academic similarity detection [27].

Benchmarking and Evaluation Gaps. Recent benchmarking efforts, no-
tably the MIRACL dataset [28], have stressed the need for standardised mul-
tilingual evaluation protocols, particularly for under-resourced language pairs.
Arabic–English academic retrieval is one such under-served pair: no prior study
provides a controlled comparison of lexical, dense, and hybrid pipelines on a
bilingual corpus of graduation proposals with a strict cross-lingual gold stan-
dard. Our work fills this gap.

4 Proposed Methodology

We frame bilingual proposal similarity detection as an information retrieval task:
given a new query proposal q, retrieve and rank the most semantically related
proposals from a historical corpus C that may contain documents in Arabic,
English, or both. The system is organised into four stages—data ingestion, first-
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stage retrieval, optional fusion, and Cross-Encoder re-ranking—which are com-
bined in three configurations to isolate the contribution of each component.

4.1 Data Ingestion and Text Representation

Each proposal is decomposed into structured rubrics: Title, Problem Statement,
Proposed Solution, Objectives, and Technologies. These fields are concatenated
into a single text representation ti per proposal. Arabic text undergoes rigorous
normalisation via standard regular expression Unicode mapping: diacritics are
stripped, alef variants (alef with hamza or madda) are unified to bare alef, taa
marbuta is mapped to haa, Farsi yeh is disambiguated and mapped to Arabic
yeh, non-standard numerals are converted to Western Arabic digits, and whites-
pace is collapsed. We explicitly avoided aggressive stemming (e.g., Khoja or ISRI
stemmers) because graduation proposals rely heavily on exact technical terminol-
ogy, and stemming risks conflating distinct technological concepts. For example,
an Arabic morphological stemmer might reduce both ‘networking’ (shabakat) and
‘interlacing/entangling’ (tashabuk) to the same linguistic root (sh-b-k), thereby
destroying the precise technical distinction required for proposal matching. This
conservative normalisation reduces surface variation without altering semantics,
ensuring consistent tokenisation for both BM25 and the subword tokeniser of
the Bi-Encoder.

4.2 First-Stage Retrieval

Two independent retrievers produce candidate lists from the corpus:
Lexical Retriever (BM25). The corpus is tokenised by whitespace and

indexed with BM25Okapi. We explicitly chose not to apply an Arabic morpho-
logical segmenter (e.g., Faraji or Buckwalter) to maintain a language-agnostic
pipeline, although we acknowledge that aggressive segmentation might have
marginally improved lexical recall at the cost of breaking multi-word techni-
cal terms. For a query q, BM25 returns the top-K documents ranked by term-
frequency scoring (K = 50). Both Arabic and English tokens are indexed in a
single inverted index without language-specific stemming.

Dense Retriever (Multilingual-E5 + FAISS). Each proposal ti ∈ C is
encoded into a 768-dimensional vector vi using a fine-tuned Multilingual-E5 Bi-
Encoder (intfloat/multilingual-e5-base). Embeddings are L2-normalised
and stored in a FAISS IndexFlatIP index [11], so that retrieval reduces to a
maximum inner-product search. The query is encoded at inference time and the
top-K nearest vectors are returned (K = 50).

Bi-Encoder Fine-Tuning. The base Multilingual-E5 model is domain-
adapted on 6,000 synthetic proposals using Multiple Negatives Ranking Loss
(MNRL) [29]. The loss is formally defined as:

L = − 1

B

B∑
i=1

log
esim(qi,d

+
i )/τ∑B

j=1 e
sim(qi,dj)/τ

(1)
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where B = 16 is the batch size, τ = 0.05 is a temperature scaling parameter
consistent with standard contrastive thresholds [30], qi and d+

i are embeddings
of a positive pair, and dj represents in-batch negatives. Due to hardware con-
straints (32GB RAM and RTX 3060 Ti), our training batch size was restricted
to B = 16, providing only 15 in-batch negatives per positive pair. While recent
contrastive learning literature demonstrates that larger batch sizes (e.g., 128+)
significantly improve representations by exposing the model to more diverse neg-
atives [30,6], our restricted batch size nevertheless proved sufficient to induce a
highly discriminative embedding space for this specific domain, without requiring
computationally expensive hard-negative mining. Positive training pairs consist
of two synthetic proposals independently generated to describe the same project
concept. Specifically, for each cross-lingual pair, the Arabic and English propos-
als were produced by separate Gemini Pro generation calls that shared a common
semantic concept (e.g., “smart irrigation system using IoT sensors for arid envi-
ronments”) but received no access to each other’s output. The two proposals were
therefore not direct translations: they differ in phrasing, sentence structure, and
the specific technical details elaborated, while preserving the same core engineer-
ing objective. This independent generation strategy means the Bi-Encoder must
learn genuine cross-lingual semantic alignment rather than surface-level transla-
tional correspondence, since the positive pairs share conceptual intent but not
lexical or syntactic structure. Negative pairs are entirely derived from in-batch
negatives (i.e., other proposals within the same batch of 16). These pairs are
constructed within each domain (Programming, Control, Networks) across three
language combinations: Arabic–English, Arabic–Arabic, and English–English.
This ensures the model learns both cross-lingual and within-language similarity.
Fine-tuning runs for a maximum of 10 epochs with a learning rate of 2 × 10−5

utilising a linear schedule with a 10% warmup. We monitored convergence on
a 15% held-out validation split, applying early stopping with a patience of 3
epochs based on validation loss; under these conditions, training converged in
approximately 4.5 hours of wall-clock time.

4.3 Candidate Fusion (Hybrid Only)

In the Hybrid configuration, the BM25 and Dense candidate lists are merged via
Reciprocal Rank Fusion with k = 40. For each document d, the fused score is
computed as:

RRF(d) =
∑
i

1

k + ri
(2)

where ri is the rank of document d in list i. The fused list is truncated to the
top 20 candidates before re-ranking.

4.4 Cross-Encoder Re-Ranking

The top 20 candidates (from the Dense retriever or the RRF fusion, depending
on the pipeline) are re-ranked by a multilingual Cross-Encoder (cross-encoder/
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mmarco-mMiniLMv2-L12-H384-v1). The Cross-Encoder concatenates the query
and each candidate into a single transformer input and outputs a scalar rele-
vance score. Candidates are re-ordered by this score. The Cross-Encoder is used
off-the-shelf, without domain-specific fine-tuning. This asymmetry (a fine-tuned
Bi-Encoder paired with a zero-shot Cross-Encoder) was a practical necessity
due to the quadratic computational cost of full cross-attention fine-tuning on
6,000 pairs, and is justified by the mMARCO model’s robust pre-existing mul-
tilingual alignment. Specifically, during qualitative analysis, we observed that
the zero-shot Cross-Encoder score distributions separated positive and negative
pairs adequately (mean scores ≈ +10.5, SD = 1.8 for gold matches versus mean
≈ −2.5, SD = 3.2 for irrelevant candidates; score overlap coefficient < 0.05), em-
pirically supporting its applicability to the proposal domain. Figure ?? presents
the full score distributions.

4.5 Evaluated Pipeline Configurations

The four stages above combine into three pipelines, each designed to isolate a
specific retrieval signal:

1. Lexical (BM25): BM25 retrieval only. No neural component. Serves as the
lower-bound baseline.

2. Dense (E5 + CE): Fine-tuned Multilingual-E5→ FAISS→ Cross-Encoder
re-ranking. Tests pure semantic retrieval.

3. Hybrid (BM25 + E5 + RRF + CE): BM25 and Dense candidates fused
via RRF, then re-ranked by the same Cross-Encoder. Tests whether lexical
signals add value on top of dense retrieval.

5 Experimental Setup

This section describes the datasets, the evaluation protocol, and the metrics used
to compare the three retrieval pipelines.

5.1 Training Data: Synthetic Proposal Corpus

No large-scale bilingual dataset of graduation project proposals exists in the lit-
erature. We addressed this gap by generating 6,000 synthetic proposals using the
Gemini Pro large language model (gemini-1.0-pro): 3,000 in English and 3,000
in Arabic. Generation was governed by a structured zero-shot prompt template
dictating exact rubrics: ‘You are an academic advisor. Generate a realistic grad-
uation project proposal for a university {Department} degree. The proposal must
be technically rigorous and include the following sections exactly: Title, Problem
Statement, Proposed Solution, Objectives, and Technologies. Output the proposal
in {Language}. Do not include any conversational filler.’ A sampling tempera-
ture of 0.7 was selected to balance topic diversity with technical coherence.

To construct cross-lingual positive pairs for contrastive training, we defined
1,000 distinct project concepts per department (3,000 total). For each concept,
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we issued two independent generation calls—one requesting an Arabic proposal
and one requesting an English proposal—using the same semantic concept de-
scription as the shared prompt seed (e.g., “design a smart irrigation system using
IoT sensors for arid environments”). Critically, neither generation call received
the other’s output; the Arabic and English proposals were therefore produced
without any translational dependency. As a result, positive pairs share the same
engineering objective but differ in phrasing, sentence structure, and specific
technical elaboration. This design ensures that the Bi-Encoder learns genuine
cross-lingual semantic alignment from conceptual equivalence rather than from
surface-level translational correspondence, and rules out artificial inflation of
the cross-lingual mapping capability that would arise from training on parallel
translations.

To ensure dataset quality, all generated outputs were subjected to length-
based filtering. Proposals were rejected if they contained fewer than 150 or more
than 350 words—a threshold explicitly chosen to mirror the observed length dis-
tribution of our institutional corpus, where real student proposals average 250
words. Furthermore, to prevent the inflation of contrastive negative similarity
from semantically near-duplicate generations, we applied semantic deduplication.
Any newly generated proposal exhibiting a pairwise cosine similarity greater
than 0.95 (computed via Multilingual-E5 embeddings) with an existing corpus
member was rejected. This operationalised quality-control pipeline dynamically
rejected 14% of raw generation attempts. While a subsequent human spot-check
of 50 randomly sampled synthetic pairs (0.83% of the corpus) confirmed factual
coherence and structural alignment, we acknowledge this sample is too small to
establish formal Inter-Annotator Agreement (IAA) metrics such as Fleiss’ κ; we
formally classify this unverified generation scale as a threat to validity. Propos-
als were distributed uniformly across three computer science departments. These
6,000 proposals were partitioned: 85% were used for fine-tuning the Multilingual-
E5 Bi-Encoder, and a 15% held-out synthetic validation set was used for early
hyperparameter tuning (such as initially selecting the RRF k parameter). Cru-
cially, no synthetic proposal appears in the 300-document real-world test set.

5.2 Test Data: Gold Standard of Real Proposals

The test set consists of 300 real Arabic graduation project proposals, manually
collected from different Colleges. The proposals span the same three departments
and represent genuine student submissions. Each Arabic proposal was translated
into English using DeepL [31], followed by manual review by a domain expert
to correct technical terminology and ensure semantic fidelity. The result is 300
aligned Arabic–English proposal pairs, each sharing a unique project_id.

5.3 Evaluation Task: Strict Cross-Lingual Retrieval

We define a strict cross-lingual retrieval task. The 300 English translations serve
as queries; the 300 original Arabic proposals form the retrieval corpus. For each
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query, there is exactly one relevant document in the corpus—its Arabic counter-
part, identified by project_id. This 1-to-1 gold standard is deliberately harsh:
the system must bridge the language barrier and identify the single correct match
among 300 Arabic candidates. Unlike domain-level matching, where any same-
domain proposal counts as relevant, our gold standard penalises a system that
retrieves a topically similar but non-identical proposal.

5.4 Evaluation Metrics

We report four standard Information Retrieval metrics, each computed per query
and averaged across all 300 queries:

– Precision@1 (P@1):Whether the top-ranked document is the gold match.
– Recall@5 (R@5): Whether the gold document appears within the top 5

results. With a single gold document per query, this is equivalent to Hit
Rate@5.

– MRR@10: Mean Reciprocal Rank, measuring the position of the first rel-
evant result within the top 10. We omit MAP@10 because each query has
exactly one relevant document (R = 1). Consequently, for a relevant docu-
ment retrieved at rank k ≤ 10, the two metrics are algebraically identical:

MAP@10 =
1

R

10∑
i=1

P (i)× rel(i) =
1

1

(
1

k
× 1

)
=

1

k
= MRR@10 (3)

We therefore report only MRR@10. This identity holds strictly because any
relevant document retrieved below the cutoff (k > 10) contributes exactly 0
to both metrics.

– NDCG@10: Normalised Discounted Cumulative Gain at cutoff 10, our pri-
mary ranking quality metric.

Latency is reported as median (P50) and 95th-percentile (P95) query re-
sponse times in milliseconds, measured on a single-threaded CPU evaluation.

5.5 Statistical Significance Testing

To determine whether the observed performance gap between the Dense and
Hybrid pipelines is statistically meaningful, we apply the Wilcoxon signed-rank
test on paired NDCG@10 scores across all 300 queries. We additionally report
the rank-biserial correlation (r) to quantify the effect size. The null hypothesis
is that the two pipelines produce identically distributed NDCG@10 values. We
adopt the conventional significance threshold of α = 0.05.

5.6 Threats to Validity

Three limitations structure the external validity of our findings. First, our 300-
document evaluation corpus constitutes a strictly bounded proof-of-concept. At
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N = 300, a random baseline achieves a P@1 of ≈ 0.0033.1 While our Dense
pipeline vastly exceeds this (P@1 = 0.897), the absolute precision and NDCG
scores will inevitably degrade as the corpus scales to institutional levels (e.g.,
5,000+ proposals). Thus, our operational recommendation is explicitly bounded
to small, highly-controlled repositories rather than web-scale retrieval. Second,
our Dense pipeline was fine-tuned on synthetic data generated by a single LLM
(Gemini Pro), which may inadvertently embed stylistic artifacts not present
in real-world submissions. Finally, the English test queries were translated from
Arabic using DeepL [31]. Because the Multilingual-E5 base model was trained on
web corpora containing substantial machine-translated text, the model may pos-
sess an implicit, artificial advantage when evaluating DeepL outputs. To formally
control for this machine-translation confound, our operational recommendations
are strictly conditioned on environments free of machine-translation dependency
(i.e., where both queries and documents are natively human-authored). Future
work must replicate this study using an independently human-translated query
set.

5.7 Architectural Validation: STS17 Embedding Alignment

To verify that the evaluated models generalise beyond our proposal corpus,
we conduct a zero-shot external validation on STS17 (SemEval-2017 Task 1).
STS17 provides 500 human-annotated sentence pairs—250 Arabic–Arabic and
250 English–Arabic—each scored on a 0–5 similarity scale. We compute each
pipeline component’s similarity score for every pair and measure Spearman rank
correlation (ρ) against the human judgments. This standard STS evaluation
protocol [10] tests whether the models possess genuine cross-lingual semantic
understanding or have merely memorised patterns from the synthetic training
data.

6 Results and Discussion

6.1 Quantitative Results

Table 1 reports the mean performance of each pipeline on the 300-query gold
standard test set. Figure 1 visualises the same comparison.

To empirically bound our performance claims against the 300-document limit,
we conducted a corpus scale extrapolation analysis (Figure 2). By sub-sampling
the test corpus at N ∈ {50, 100, 150, 200, 250, 300}, we observed a gradual degra-
dation in precision as the number of distractors increased (P@1 dropping from
0.984 at N = 50 to 0.873 at N = 300). This confirms that while the Dense
pipeline is highly effective, the absolute metrics reported here will degrade as
the system scales to a full institutional repository, reinforcing our conservative
operational framing.
1 The expected NDCG@10 under uniform random ranking with one relevant document
and N = 300 is E[NDCG@10] = 1

N

∑10
k=1

1
log2(k+1)

= 4.544
300
≈ 0.015, consistent with

Table 1.
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Table 1. Cross-lingual retrieval performance on 300 gold standard queries (EN→ AR)
at cutoff 10 (CPU evaluation). Bold indicates best per metric.

Pipeline P@1 R@5 MRR@10 NDCG@10 P50 P95

Lexical (BM25) 0.113 0.313 0.198 0.249 2.4ms 3.0ms
Random (Analytical) 0.003 0.017 0.010 0.015 N/A N/A
Base E5 (zero-shot) 0.000 0.003 0.001 0.006 70.0ms 78.5ms
Dense (Bi-Encoder only) 0.873 0.957 0.915 0.942 40.5ms 48.0ms
Dense (E5+CE) 0.897∗ 0.962∗ 0.926∗ 0.936∗ 70.9ms 80.2ms
Hybrid (RRF+CE) 0.877 0.933 0.901 0.910 71.1ms 79.8ms

Table 2. 95% Bootstrap Confidence Intervals for main pipeline configurations.

Pipeline P@1 R@5 MRR@10 NDCG@10

Lexical (BM25) [0.080, 0.153] [0.257, 0.370] [0.162, 0.236] [0.210, 0.289]
Dense (Bi-Encoder) [0.835, 0.911] [0.933, 0.978] [0.884, 0.946] [0.915, 0.967]
Dense (E5+CE) [0.863, 0.931] [0.940, 0.984] [0.896, 0.956] [0.908, 0.964]
Hybrid (k = 40) [0.833, 0.913] [0.903, 0.960] [0.868, 0.931] [0.880, 0.938]

Fig. 1. Retrieval metrics comparison across pipelines on the 300-query gold standard
test set (mean ± SEM). The Dense pipeline significantly outperforms the Lexical base-
line and achieves equivalent peak accuracy to the Hybrid pipeline without the added
architectural complexity.
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Fig. 2. Dense Bi-Encoder performance degradation as corpus size N scales from 50 to
300.

6.2 Analysis of Retrieval Pipelines

BM25 Performance Degradation in the Cross-Lingual Setting. BM25
performance degraded severely in the cross-lingual setting. Its P@1 of 0.113
means that only 34 out of 300 English queries retrieved the correct Arabic doc-
ument at rank 1. NDCG@10 dropped to 0.249—barely above the analytical ran-
dom baseline of 0.015 for a 300-document corpus. The failure is not surprising:
English queries and Arabic documents share almost no surface tokens. Unlike
the synthetic evaluation environment used during development, the real proposal
corpus contains minimal English loanwords in the Arabic text, eliminating the
vocabulary overlap on which BM25 scoring is contingent. These results indi-
cate that BM25 is unsuitable as a standalone retriever for cross-lingual proposal
matching in this experimental setting.

Dense Pipeline and Cross-Encoder Ablation. To isolate the contribution
of each stage in the Dense pipeline, we report a formal ablation in Table 3.

Table 3. Cross-Encoder re-ranking ablation on the Dense pipeline (300 queries, EN
→ AR). The Bi-Encoder alone achieves the highest NDCG@10, while the addition of
Cross-Encoder re-ranking improves P@1 at the cost of a minor NDCG@10 reduction.

Configuration P@1 R@5 MRR@10 NDCG@10

Bi-Encoder only 0.873 0.957 0.915 0.942
Bi-Encoder + Cross-Encoder 0.897 0.962 0.926 0.936

The standalone Bi-Encoder achieved P@1 = 0.873 and NDCG@10 = 0.942.
Adding Cross-Encoder re-ranking improved P@1 to 0.897 (a net gain of approx-
imately 7 queries promoted to rank-1) and R@5 to 0.962. However, NDCG@10
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decreased from 0.942 to 0.936. This is not a contradiction but rather a well-
known precision–ranking trade-off inherent to re-rankers operating on truncated
candidate lists. The Cross-Encoder re-orders only the top-20 candidates; within
this window, it corrects certain rank-1 errors (promoting the gold document
from, say, rank-3 to rank-1) but simultaneously demotes gold documents that
the Bi-Encoder had already placed at rank-1 by assigning higher relevance scores
to topically similar but non-gold proposals. Because NDCG weights the entire
top-10 ranking logarithmically, a small number of such demotions—even from
rank-1 to rank-2 or rank-3—can reduce the aggregate NDCG@10 despite a net
gain in exact rank-1 matches. In concrete terms, the Cross-Encoder promoted
the true positive to rank-1 for a subset of previously failed queries while erro-
neously demoting it from rank-1 for a smaller number of queries, yielding a net
P@1 improvement of (0.897− 0.873)× 300 ≈ 7 queries.

We report the full Dense pipeline (Bi-Encoder + Cross-Encoder) as our pri-
mary Dense configuration throughout this paper because the operational objec-
tive of the system—identifying whether a newly submitted proposal duplicates
an existing one—is best served by maximising P@1 (i.e., surfacing the correct
match at the very top of the list). In a deployment context, a supervisor review-
ing flagged proposals benefits most from correct rank-1 retrieval; the marginal
NDCG@10 degradation of 0.006 is operationally negligible for this use case. We
acknowledge, however, that if the deployment objective were instead to pro-
duce a high-quality ranked reading list (where positions 2–10 also matter), the
standalone Bi-Encoder would be the preferable configuration.

The full Dense pipeline achieved rank-1 retrieval of the gold Arabic coun-
terpart for 269 of 300 queries (89.7%). Recall@5 reached 0.962, indicating that
the gold document appeared within the top 5 results for almost every query.
To quantify the gain from domain adaptation, we evaluated the non-fine-tuned
base Multilingual-E5 model on the exact same 300-query task; it achieved P@1
≈ 0.000 and NDCG@10 = 0.006, demonstrating that out-of-the-box multilingual
embeddings completely fail to align highly specific bilingual technical vocabulary
without our 6,000-pair synthetic fine-tuning step.

A systematic failure analysis of the 31 queries2 where the Dense pipeline
failed to retrieve the gold standard at rank-1 revealed a domain imbalance: fail-
ures were disproportionately concentrated in Control (the department with the
most domain-specific Arabic hardware terminology), followed by Programming
and Networks. Furthermore, successful queries averaged 71.2 words, while failed
queries averaged 70.0 words, indicating no significant length bias as the root
cause of these retrieval failures.

Performance Degradation Under BM25 Noise Injection in RRF Fu-
sion. The Hybrid pipeline underperformed the Dense pipeline under standard
fusion parameters, achieving P@1 = 0.877 and NDCG@10 = 0.910 at k = 40.
The Reciprocal Rank Fusion stage assigns weight to BM25 ranks. Because BM25
performance degrades cross-lingually, it assigns high scores to documents with
2 P@1 = 0.897 implies 300× (1− 0.897) = 30.9, rounded to 31 failures.



A Comparative Study of Lexical, Dense, and Hybrid Retrieval 15

coincidental keyword overlap. We hypothesise that RRF promotes these irrel-
evant documents into the top-20 window, displacing correct dense candidates
before the Cross-Encoder re-ranking stage. A sensitivity analysis across fusion
parameters (k ∈ {20, 40, 60, 80}), presented in Table 4, confirmed this degra-
dation: while k = 20 closely mirrored pure dense performance, larger k values
progressively degraded NDCG@10 down to 0.895. We note that the identical per-
formance between k = 60 and k = 80 is a deterministic artifact of our pipeline
configuration: because the fused candidate list is strictly truncated to the top-20
before Cross-Encoder re-ranking, larger values of k plateau as they fail to alter
the composition of this top-20 window. In this setup, we hypothesise that BM25
introduces lexically spurious candidates, degrading the quality of the candidate
pool presented to the Cross-Encoder.

Table 4. Hybrid pipeline sensitivity to RRF fusion parameter k with 95% bootstrap
CIs.

Parameter P@1 MRR@10 NDCG@10

k = 20 0.917 [0.883, 0.947] 0.949 [0.929, 0.968] 0.961 [0.946, 0.975]
k = 40 0.877 [0.833, 0.913] 0.901 [0.868, 0.931] 0.910 [0.880, 0.938]
k = 60 0.863 [0.823, 0.900] 0.886 [0.850, 0.919] 0.895 [0.861, 0.926]
k = 80 0.863 [0.823, 0.900] 0.886 [0.850, 0.919] 0.895 [0.861, 0.926]

6.3 Per-Domain Analysis

Fig. 3. NDCG@10 heatmap by academic domain (strict cross-lingual evaluation). The
Dense pipeline consistently outperforms BM25 and Hybrid across all fields.
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Table 5 and Figure 3 break down NDCG@10 by academic domain (100
queries per department). BM25 performs worst on Control proposals (0.207),
where Arabic descriptions of hardware systems share the fewest English tokens.
Networks yields the highest BM25 score (0.334), likely because protocol names
and acronyms (e.g., TCP, OSPF) survive across languages. The Dense pipeline
outperforms the Hybrid pipeline in all three departments, though the statis-
tical significance varies across domains. The gap is statistically significant in
the Programming domain (p = 0.0059 < 0.01), whereas in the Networks do-
main, the difference is negligible (p = 0.157). Interestingly, the largest absolute
gap occurs in the Control domain (0.899 vs. 0.851), but it falls slightly short
of the Bonferroni-corrected threshold (p = 0.0136 > 0.01). Control proposals
frequently use domain-specific Arabic hardware terms, creating the strongest
BM25 noise and causing the worst absolute Hybrid degradation, though a larger
sample size would be required to establish strict statistical significance for this
specific domain.

Table 5. NDCG@10 by academic domain (EN → AR retrieval).

Pipeline Control Networks Programming

Lexical (BM25) 0.207 0.334 0.217
Dense (E5+CE) 0.899 0.958 0.954
Hybrid (RRF+CE) 0.851 0.933 0.948

6.4 Statistical Significance: Hybrid vs. Dense

We applied the Wilcoxon signed-rank test to paired NDCG@10 scores across all
300 queries. To control the family-wise error rate across multiple comparisons,
we applied a Bonferroni correction, yielding an adjusted significance thresh-
old of α = 0.01. The Dense pipeline significantly outperformed BM25 (p =
1.36× 10−47) and the Hybrid pipeline at k = 40 (p = 7.22× 10−5), with a rank-
biserial correlation effect size of r = 0.920 against Hybrid. Crucially, while the
Hybrid pipeline at k = 20 achieved parity with the Dense baseline, Wilcoxon test-
ing confirmed that this difference is not statistically significant (p = 0.915). Thus,
under the principle of parsimony, the Dense pipeline is preferable: it achieves
equivalent maximum performance without the architectural overhead of main-
taining a separate lexical index, managing complex language tokenisation rules,
or performing dataset-specific RRF hyperparameter grid searches. In a simu-
lated deployment context, an error rate reduction from 12.3% (Hybrid k = 40)
to 10.3% (Dense) translates to dozens of correctly identified overlaps that would
otherwise require manual intervention.
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Fig. 4. Query response time distribution per pipeline (lower is better). Dense and
Hybrid pipelines exhibit nearly identical latency distributions, confirming that BM25
contributes no latency advantage in the re-ranking pipeline.

6.5 Latency

Figure 4 shows the response time distributions, measured on the CPU of an Intel
Core i5 (12th Gen) machine with 32GB RAM and an RTX 3060 Ti (PyTorch
2.0). GPU inference was not utilised for these benchmarks to establish a worst-
case baseline. BM25 is the fastest pipeline (P50 = 2.4ms), operating entirely
on an inverted index. The Dense and Hybrid pipelines exhibit nearly identical
latency profiles (P50 ≈ 71ms, P95 ≈ 80ms for both). We explicitly note that
this 71ms latency is strictly bound to our 300-document test scale and O(N)
linear search; scaling to tens of thousands of proposals would require migrating
from IndexFlatIP to an approximate nearest neighbor algorithm (e.g., HNSW)
to maintain interactive sub-500ms response times.

6.6 Architectural Validation: STS17 Embedding Alignment

Table 6 and Figure 5 report zero-shot Spearman correlations on the STS17
benchmark. We exclude BM25 from this analysis because it is a corpus-level
retrieval function; evaluating it on isolated STS sentence pairs (where the ‘cor-
pus’ size is exactly N = 1) produces a mathematically meaningless negative
artifact.

Table 6. STS17 external validation: Spearman ρ (zero-shot, 250 pairs per language
pair). BM25 is excluded as it is inapplicable to pairwise evaluation protocols.

Component ar-ar en-ar

Base E5 (no fine-tune) 0.766 0.714
Fine-tuned E5 (Bi-Enc.) 0.766 0.736
Cross-Encoder 0.668 0.562

The base (non-fine-tuned) Multilingual-E5 achieved the highest single-model
correlation (ρ = 0.766 on ar-ar, ρ = 0.714 on en-ar). After domain fine-tuning,
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Fig. 5. External validation on STS17: Spearman ρ with human similarity judgments
(zero-shot).

the Bi-Encoder maintained comparable performance (ρ = 0.766 on ar-ar, ρ =
0.736 on en-ar), with a slight improvement on cross-lingual pairs. The Cross-
Encoder scored ρ = 0.668 on ar-ar, consistent with its design as a re-ranker
rather than an absolute similarity scorer. These results confirm that the dense
models maintain structural alignment across languages, serving as an architec-
tural validation of the embeddings rather than a direct generalisation of the
document retrieval pipeline itself.

6.7 Qualitative Evaluation: Case Studies

To complement the quantitative metrics, we implemented an automated script
(05_automated_qualitative_test.py) that operates on a unified bilingual in-
dex containing all 600 proposals (300 Arabic + 300 English). The script dynam-
ically samples three strategic queries and retrieves each pipeline’s top-3 candi-
dates. The semantic validity of the retrieved results and their Cross-Encoder
confidence scores were subsequently reviewed and verified by a human domain
expert.

Case 1: Known Arabic Match (Programming). An Arabic query describ-
ing a sign-language-to-text translation application (PID 285) was issued against
the unified corpus. All three pipelines correctly retrieved the gold document at
rank 1. The Dense pipeline assigned a Cross-Encoder confidence of 10.87, with
the next-best candidate (a related but distinct sign-language project, PID 154)
scoring 9.27—a clear separation. The Hybrid pipeline produced identical rank-
ings and Cross-Encoder scores for this query.

Case 2: Known English Match (Control/IoT). An English query about a
soil moisture balance system for large farms (PID 82) was tested. All pipelines
retrieved PID 82 at rank 1 with high confidence (CE = 10.82 for Dense). BM25
also succeeded here (BM25 score = 244.8), because the query and gold document
share the same language and substantial keyword overlap. The second-ranked
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candidates differed across pipelines but all described semantically related irriga-
tion systems, confirming that the ranking order beyond rank 1 reflects genuine
topic proximity.

Case 3: Novel Query (False Positive Rejection). A fabricated query—
“Post-Quantum Cryptography routing protocol for decentralised 6G satellite
mesh networks using entanglement”—was submitted with no matching document
in the corpus. The Dense pipeline returned negative Cross-Encoder scores for
all top-3 candidates (−1.92,−2.41,−7.25), correctly signalling that no relevant
document exists. However, the Hybrid pipeline assigned positive Cross-Encoder
scores (+0.28,+0.15) to unrelated Arabic routing proposals. This occurred be-
cause BM25 keyword overlap (e.g., “routing protocol”) promoted these irrelevant
documents via RRF into the Cross-Encoder re-ranking window. BM25 alone
returned low positive scores (15.22) based on these partial keyword matches.
This finding exposes an operational risk: a Hybrid deployment would flag non-
existent similarities as false positives, whereas the Dense pipeline serves as a
robust rejection mechanism.

7 Conclusion

We compared Lexical (BM25), Dense (E5 + Cross-Encoder), and Hybrid (BM25
+ E5 + RRF + Cross-Encoder) strategies on matching 300 English queries to
their Arabic counterparts in a real proposal corpus.

First, BM25 is not viable for cross-lingual proposal retrieval. With a P@1
of 0.113—barely above the analytical random baseline—the lexical baseline fails
categorically when queries and documents occupy different languages.

Second, while the Hybrid pipeline can achieve parity with the pure Dense
baseline under carefully tuned fusion settings (e.g., k = 20), these numerical
gains are statistically insignificant (p = 0.915) and highly parameter-sensitive.
Under standard configurations, we hypothesise that Reciprocal Rank Fusion in-
jects noise: because BM25 degrades cross-lingually, it assigns scores based on co-
incidental keyword overlap, promoting irrelevant documents that displace correct
dense candidates. Qualitative evaluation confirms this operational risk, showing
that the Hybrid pipeline can produce false positives on novel queries that the
Dense pipeline correctly rejects.

Consequently, under the parsimony principle, we conclude that the pure
Dense pipeline is the most operationally viable approach for this task, pending
validation at institutional scale. It achieves equivalent peak accuracy without the
architectural overhead of maintaining a lexical index, managing complex tokeni-
sation, or performing dataset-specific hyperparameter tuning, while remaining
robust against false positives.

Two primary limitations constrain the external validity of these findings and
should be addressed in future work. The gold standard, while based on real pro-
posals, contains 300 pairs from a single institution. A multi-institutional dataset
would test generalisability more rigorously. The Bi-Encoder was fine-tuned on
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synthetic data generated by a single LLM; incorporating human-authored train-
ing pairs could improve robustness.

Future work will pursue three directions: (1) scaling the gold standard to
1,000+ real proposals across multiple Libyan universities, (2) integrating a large
language model to generate natural-language feedback reports explaining why
two proposals are similar, and (3) deploying the Dense pipeline as a production
service.
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 يف ھباشتلا فاشتكلا عاجرتسا تایجیتارتسا ثلاث نیب ةنراقم ةساردلا هذھ يف يرجُن :صلختسملا
 ،(BM25) يمجعملا يعجرملا جذومنلا يھو :)يزیلجنإ-يبرع( ةغللا ةیئانث جرختلا عیراشم تاحرتقم
 تاغللا ددعتم يئانث ریفشت جذومن نم نوكملاو) (Dense pipeline) فیثكلا ةجلاعملا راسمو

Multilingual-E5 Bi-Encoder ُعطاقتم ریفشت جذومن مادختساب بیترتلا ةداعإ عم ،ةقدب نسّحم  
Cross-Encoder)، نیجھلا ةجلاعملا راسمو (Hybrid pipeline) مادختساب امھنیب جمدی يذلا 

 .)Reciprocal Rank Fusion( بترلل يلدابتلا جمدلا ةیمزراوخ
 ،عنطصمُ حرتقم 6000 مادختساب ةساردلا لاجم عم (Bi-Encoder) يئانثلا ریفشتلا جذومن ةمءاوم تمت
 تمجِرُت يتلا ةیقیقحلا ةیبرعلا تاحرتقملا نم جوز 300 مضی قلطم يبھذ رایعم ىلع ءًانب ھمییقت ىرجو
 ةمراص ةمھم لظ يف مییقتلا يرجُأ دقو .ةیرشب ةعجارمل تعضخو (DeepL) ةادأ ربع ةیزیلجنلإا ىلإ
 ةقدب قباطتملا يبرعلا هریظن دیدحت ةیزیلجنلإا ةغللاب ملاعتسا لك ىلع بجوتی ثیح ،تاغللا رباع ثحبلل
 .حشرمُ حرتقم 300 نیب نم
 لدعم تققح ثیح ،تاغللا رباع ثحبلا ةئیب نمض ءادلأا يفً اداحً اروھدت BM25 ةیمزراوخ ترھظأ
 يئاوشعلا عاجرتسلاا ىوتسمً ایلعف لداعی ام وھو ،0.113 غلب (Precision@1) ىلولأا ةجیتنلا دنع ةقد
 لكشب قوفت فیثكلا راسملا نأ ،ةغلاب ةیمھأ يستكی اممو .(Uninformed retrieval) ھَّجومُلا ریغ
 .)ةراشلإا تاذ بترلل نوسكوكلیو رابتخلاً اقفو ،p < 0.001) نیجھلا راسملا ىلعً ایئاصحإ ظوحلم
 تاملكلا تاقباطت زیزعت ىلإ RRF ةیمزراوخ تدأ ،تاغللا رباع ثحبلل ةمراصلا ةئیبلا هذھ يفو
 ةفئاز تاحشرمل يمجعملا نوكملا لاخدإ يف ببست امم ،BM25 نع ةجتانلا ةلصلا تاذ ریغ ةیحاتفملا

(Spurious candidates) ةفیثكلا تاحشرملا ةحازإ ربع بیترتلا ةداعإ ةلحرم ةقد روھدت ىلإ تدأ 
 False) ةئطاخ ةیباجیإ جئاتن جتنُی نیجھلا راسملا نأ يعونلا مییقتلا فشك ،كلذ ىلع ةولاعو .ةحیحصلا

positives) ةفولأملا ریغ تاملاعتسلاا ةجلاعم دنع (Novel queries)، راسملا اھضفری نیح يف 
-Cross) عطاقتملا ریفشتلا جذومن نع ةرداصلا ةیبلسلا تامییقتلا ىلإً ادانتسا حیحص لكشب فیثكلا

Encoder). 
  (Pure Dense pipeline) صلاخلا فیثكلا ةجلاعملا راسم دامتعاب يصون ،جئاتنلا هذھ ىلع ءًانبو
 نعً لاضف ،ةئطاخلا ةیباجیلإا جئاتنلا دض ةیلاعلا ھتعانمو ،ةقئافلا ھتقدلً ارظن كلذو ،يسسؤملا قیبطتلل
 يعجرملا STS17 رایعم مادختساب يجراخلا ققحتلا دكؤی ً،اریخأو .يداحأ سرھف ىلع هدامتعا ةطاسب
 .)ةیبرعلا جاوزلأل 0.77 تلجس ثیح( تاغللً ارباعً ایقیقحً ایللادً امھف كلتمت ةفیثكلا جذامنلا نأ
 
 رابتخا ،جرختلا عیراشم ،عطاقتملا ریفشتلا ،يللادلا ھباشتلا ،ةغللا يئانث عاجرتسلاا  :ةیللادلا تاملكلا
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