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Abstract
Multilingual sentence-embedding models are widely used for cross-lingual retrieval; however, their performance
drops significantly in low-resource languages. The Urdu language, which is considered a low-resource language by
the NL community, poses this challenge, despite being spoken by over 246 million people worldwide. lts distribution
in training corpora results in poor alignment with English within shared embedding spaces. To resolve this
misalignment without model fine-tuning, we apply the Procrustes transformation, which is an orthogonal post-hoc
alignment method with a closed-form solution. We utilize SQUAD and UQA datasets to learn a rotation matrix from
a small set of sentence pairs and evaluate its effect across five multilingual embedding models (MiniLM, DistilUSE,
E5-Base, LaBSE, and E5-Large) and perform geometric alignment, cross-lingual retrieval, and question-answering
tasks. We find that cosine distances between parallel pairs decrease by up to 38.67%, and retrieval accuracy
improves by 12.49% in Recall@1. We also analyze that models with better pre-trained cross-lingual representations
exhibit a saturation effect, showing minimal retrieval change even as geometric tightening increases. Our error
analysis reveals that morphologically complex queries and colloquial expressions remain challenging, indicating
representational limitations beyond the scope of a linear transformation. These findings demonstrate that a
computationally inexpensive alignment step can meaningfully improve cross-lingual retrieval for low-resource

languages, with implications for retrieval-augmented generation (RAG) in resource-constrained settings.

Keywords: Cross-lingual information retrieval,
resource languages, Embedding space alignment

1. Introduction

Information on the web is easily available for En-
glish and a few other high-resource languages
(Joshi et al., 2020). Low-resource languages, in-
cluding Urdu, cannot take advantage of the high
availability of English data. For instance, users
who search in low-resource languages often can-
not access relevant content. This issue mainly
arises from the language gap between the input
query and the available resources. Therefore, ef-
ficient solutions are required for deployment in
resource-constrained settings. Cross-lingual infor-
mation retrieval helps bridge this gap by enabling
queries in one language to retrieve documents in
another (Braschler et al., 1999).

Urdu is considered a low-resource language
in the NLP research community. It is the 11th
most widely spoken language in the world, with
over 246 million speakers (Bhalloo and Molnar,
2025), and serves as the national language of Pak-
istan. However, due to low-resource constraints,
Urdu remains significantly underrepresented in the
training data of various multilingual pretrained lan-
guage models (Conneau et al., 2020). Its Perso-
Arabic script (Nastalig), rich morphological struc-
ture, and the limited availability of large-scale digi-
tized corpora further contribute to this gap. These
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factors pose significant challenges for NLP sys-
tems trained predominantly on high-resource lan-
guages with Latin-script data. Other low-resource
languages such as Bengali, Sindhi, and Pashto
face similar challenges, making progress on Urdu
relevant to a broader class of under-resourced lan-
guages.

To address these challenges, recent research
has increasingly focused on cross-lingual repre-
sentation learning and retrieval methods. The
most common approach to cross-lingual retrieval
relies on multilingual sentence embedding models
(Reimers and Gurevych, 2019). These models are
trained on large multilingual corpora to map se-
mantically similar text to nearby points in a shared
vector space. However, the resulting space is of-
ten poorly aligned. Embeddings tend to cluster
by language rather than by meaning, causing se-
mantically equivalent Urdu and English queries to
occupy distant regions of the vector space. This
problem is particularly pronounced for Urdu, as it
is underrepresented in the training data of most
multilingual models. Alternative strategies such as
query translation or model fine-tuning require ei-
ther significant computational resources or large
parallel datasets (Madankar et al., 2020; Conneau
et al., 2020), neither of which is readily available
for Urdu. In practical deployment scenarios, par-
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ticularly in low-resource settings, even access to
GPUs for model fine-tuning cannot be assumed.
This motivates the development of a computation-
ally efficient alignment method that can correct the
misalignment in pre-trained embeddings without
retraining or extensive bilingual supervision.

To address this gap, we apply the Procrustes
transformation as a post-hoc method to align the
Urdu and English subspaces within pre-trained
multilingual embeddings. The Procrustes analysis
learns an orthogonal rotation matrix from a small
set of parallel sentence pairs, correcting the ge-
ometric offset between two language subspaces
without modifying the underlying model or distort-
ing its internal structure. Notably, the transforma-
tion has a closed-form solution via singular value
decomposition, requiring no iterative optimization
or GPU-based training, and adds only a single ma-
trix multiplication at query time. While this tech-
nique has shown promise for word-level tasks such
as bilingual lexicon induction (Lample et al., 2018),
its effectiveness for sentence-level Urdu-English
cross-lingual retrieval in low-resource settings has
not been systematically studied. We address this
gap by evaluating Procrustes alignment across five
multilingual embedding models of varying size and
architecture, using parallel data from the SQUAD
and UQA datasets. Our evaluation covers geomet-
ric alignment of embedding spaces, cross-lingual
retrieval accuracy, and downstream question an-
swering quality in a retrieval-augmented pipeline.
We make the following contributions:

» We quantify the alignment gaps in current mul-
tilingual embeddings for Urdu—English cross-
lingual retrieval across five diverse architec-
tures. Our results show that embedding
spaces exhibit language-specific clustering,
with cosine distance reductions of up to
38.67% after Procrustes alignment.

» We evaluate the practical impact of this align-
ment on cross-lingual retrieval and down-
stream question answering.  Our results
show that models with weaker baseline perfor-
mance benefit the most: LaBSE gains 12.49
percentage points in Recall@1, and E5-Base
more than doubles its Exact Match score,
while larger models exhibit a saturation effect.

2. Related Work

Cross-lingual document retrieval has long been
a central challenge in natural language process-
ing. Early approaches relied on translating queries
into the document language, or vice versa, be-
fore performing a monolingual search (Braschler
et al., 1999). Such pipelines, however, introduced

cascading translation errors and scaled poorly as
the volume of queries or document collections in-
creased. Neural representation learning offered a
different approach: by projecting queries and doc-
uments into a shared vector space, retrieval re-
duces to a nearest-neighbour search, thereby elim-
inating the need for explicit translation.

Multilingual sentence encoders follow this ap-
proach. Multilingual BERT (Devlin et al., 2019)
demonstrated that a single transformer trained
across multiple languages could generalize to pre-
viously unseen ones. Subsequent models such
as LaBSE (Feng et al., 2022) and multilingual E5
(Wang et al., 2024) advanced this line of work
through translation-ranking and contrastive train-
ing objectives, with the goal of placing semanti-
cally equivalent sentences close together regard-
less of language. Empirically, however, the re-
sulting embedding spaces remain poorly aligned.
Representations tend to cluster by language rather
than by semantic content, particularly for typolog-
ically distant language pairs and languages with
limited pre-training data (Segaard et al., 2018; Vir-
tanen et al., 2019; Pires et al., 2019). This af-
fects most severely the very languages for which
cross-lingual retrieval is most needed. While fine-
tuning on target-language pairs can mitigate this
misalignment, it necessitates large parallel cor-
pora and substantial computational resources, nei-
ther of which is typically available for low-resource
languages.

Post-hoc alignment methods offer a lighter al-
ternative. Procrustes analysis learns an orthog-
onal mapping between two embedding spaces
from a small set of translation pairs, and has
been applied effectively in bilingual lexicon in-
duction (Lample et al., 2018; Grave et al., 2019;
Aboagye et al.,, 2022). As the solution is ob-
tained through a single Singular Value Decom-
position, it requires neither iterative optimization
nor GPU infrastructure, making it well-suited to
resource-constrained settings. Canonical Correla-
tion Analysis offers another projection-based ap-
proach (Faruqui et al., 2016). In parallel with
this line of research, dense retrieval has made
considerable progress: learned bi-encoder mod-
els now surpass traditional term-matching meth-
ods on monolingual benchmarks (Karpukhin et al.,
2020), and Retrieval-Augmented Generation sys-
tems (Lewis et al., 2020) depend on accurate re-
trieval to ground their outputs. These two lines of
work, however, have developed largely in isolation.
Alignment research has concentrated on word-
level tasks, while retrieval research has predom-
inantly assumed monolingual settings. Whether
lightweight alignment methods are effective at the
sentence level for cross-lingual retrieval remains
largely uninvestigated.
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Figure 1: Overview of the proposed approach. (Top) The alignment matrix W* is learned from parallel
sentence pairs using SVD. (Bottom) In inference, the learned matrix aligns Urdu queries to the English

embedding space for retrieval.

This gap is particularly significant for low-
resource languages. Urdu remains significantly
underrepresented in the training data of current
multilingual models, despite being spoken by over
246 million people worldwide and serving as the
national language of Pakistan and a scheduled lan-
guage of India. Data scarcity, combined with the
limited availability of large-scale digitized corpora
in Urdu’s Perso-Arabic script, makes conventional
solutions impractical: fine-tuning large encoders
or training bilingual models from scratch requires
resources rarely available for such languages. Ex-
isting NLP work on Urdu has focused mainly on
sentiment analysis (Mehmood et al., 2019), sum-
marization (Faheem et al., 2025), and machine
translation (Jayasakthi Velmurugan et al., 2025),
leaving cross-lingual retrieval largely unaddressed.
Other low-resource languages, including Bengali,
Sindhi, and Pashto, face similar challenges: large
speaker populations but limited support from mul-
tilingual systems. This work bridges the gap be-
tween these two research areas by applying Pro-
crustes alignment, a method requiring minimal par-
allel data and negligible computational overhead,
to sentence-level embeddings for Urdu to English
retrieval.

3. Methodology

Multilingual sentence embedding models are de-
signed to produce a shared semantic space across
languages; however, the representations for low-
resource languages, such as Urdu, remain under-
explored. We apply a post-hoc Procrustes trans-
formation to correct the misalignment between the
Urdu and English embedding subspaces, as illus-
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trated in Figure 1. This section describes (1) the
dataset used for training and evaluation, (2) the
alignment method, (3) the retrieval pipeline, and
(4) the experimental setup.

3.1.

We use the Urdu Question Answering (UQA)
dataset (Arif et al., 2024), a parallel bilingual cor-
pus constructed by translating the Stanford Ques-
tion Answering Dataset (SQUAD) (Rajpurkar et al.,
2016). Each entry consists of an English question-
context pair from SQUAD and its corresponding
Urdu translation from UQA, providing aligned bilin-
gual samples in which the English and Urdu
queries are semantically equivalent. By align-
ing entries across the two datasets using shared
SQuUAD question IDs, we obtain 83,018 unique
question-context pairs in both English and Urdu.

We partition this corpus into a training subset of
12,452 pairs (15%) used to learn the Procrustes
alignment matrix and a held-out evaluation subset
of 70,566 pairs (85%) used for all experiments re-
ported in Section 4. This asymmetric split is moti-
vated by the low-resource setting, as the closed-
form Procrustes solution requires only a small
number of parallel pairs to estimate a reliable align-
ment matrix. The two sets are strictly disjoint to en-
sure that the reported results generalize to unseen
pairs.

Dataset

3.2. Procrustes Alignment

Given two sets of embeddings X € R™*? (source
language) and Y € R™*? (target language), where
n is the number of parallel translation pairs and d is



the embedding dimension, Procrustes analysis de-
termines an optimal orthogonal transformation ma-
trix W € R?*4 that minimizes the Frobenius norm
|| - ||, @ measure of the total element-wise differ-
ence between two matrices:

W = argmin [XW — Y||%Z subjectto WTW =1

The closed-form solution is obtained via Singu-
lar Value Decomposition (SVD):

W* =UVT where XY =UZV”

The orthogonality constraint ensures that the
transformation preserves distances and angles
within the source embedding space, thereby main-
taining semantic relations among Urdu represen-
tations after alignment. Any source-language em-
bedding x can be projected into the target space
as Xaignea = XW*. In our setting, X contains the
Urdu query embeddings and Y their English coun-
terparts from the training split described in Sec-
tion 3.1. The learned matrix W* is subsequently
applied to all Urdu embeddings at inference time.

This approach offers three methodological ad-
vantages for low-resource cross-lingual retrieval.
First, it requires only a modest number of paral-
lel pairs to learn the transformation. Second, the
closed-form solution eliminates the need for itera-
tive optimization. Third, alignment introduces neg-
ligible overhead at query time, as it reduces to a
single matrix multiplication.

3.3. Experimental Setup

We evaluate the effectiveness of Procrustes align-
ment through two complementary experiments on
the held-out evaluation set Dey. Both experi-
ments are conducted across all five embedding
models listed in Table 1, enabling an assess-
ment of whether the alignment method general-
izes across architectures of varying capacity and
design. All five models include Urdu in their train-
ing data, though its representation remains limited
compared to high-resource languages.

Experiment I: Geometric Alighment Analysis
We quantify the topological distortion between the
language subspaces by computing embeddings
for all pairs in D.,.. The Procrustes transforma-
tion matrix W*, learned from Dy;.;, vVia SVD, is ap-
plied to the Urdu embeddings such that g, = y;W*,
where y; € R'*% is the embedding vector of the i-th
Urdu sentence. The effectiveness of this transfor-
mation is measured by calculating the mean Co-

sine Distance:

N ~
I )
(AN

1
deos = NZ (]-

i=1
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Table 1: Overview of the five multilingual embed-
ding models evaluated in this study. Base Archi-
tecture, Number of Parameters and Embedding Di-
mensions.

Model Base Architecture Parameters Dimensions
MiniLM* BERT (Distilled) 118M 384
DistilUSE? DistilBERT 135M 512
E5-Base® XLM-RoBERTa 278M 768
LaBSE* BERT 471M 768
E5-Large® XLM-RoBERTa 560M 1024

1https://hquingface.co/sentenceftransformers/
paraphrase-multilingual-MiniILM-L12-v2
“https://huggingface.co/sentence-transformers/
distiluse-base-multilingual-cased-v2

3https:
//huggingface.co/intfloat/multilingual-e5-base
4https://huggingface.co/sentenceftransformers/LaBSE

5https:
//huggingface.co/intfloat/multilingual-e5-large

A reduction in d.,s post-alignment indicates that
the transformation has successfully mitigated the
rotational misalignment between the English and
Urdu subspaces.

Table 2: Average cosine distance between parallel
Urdu—-English sentence pairs before and after Pro-
crustes alignment. Lower cosine distance values
indicate closer semantic alignment.

Before After
Model Alignment  Alignment Improvement
MiniLM 0.2048 0.2041 0.34%
DistilUSE 0.1947 0.1885 3.18%
E5-Base 0.1452 0.0912 37.19%
LaBSE 0.1199 0.0853 28.86%
E5-Large 0.1298 0.0796 38.67%
Experiment Il: Cross-Lingual Retrieval To

evaluate practical utility, we construct a cross-
lingual dense retrieval task. The retrieval pool con-
sists of all English contexts C' = {cge")} from the
evaluation set, each embedded into a dense in-
dex matrix Vige € RM*?  Given an Urdu query
¢\, the system must retrieve the corresponding
ground-truth English context ¢\*" from this pool.

At query time, the Urdu query is embedded and
transformed using the learned alignment matrix:
Qaiign = £(¢")W*. Retrieval is performed by com-
puting cosine similarity scores S = Qaign Vi, and
ranking the English contexts accordingly. We re-
port Recall@k for k € {1,3,5}, measuring the
proportion of queries for which the correct context
appears in the top k results. This directly eval-
uates whether the geometric alignment achieved
through Procrustes transformation yields improved
retrieval accuracy.


https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2
https://huggingface.co/intfloat/multilingual-e5-base
https://huggingface.co/intfloat/multilingual-e5-base
https://huggingface.co/sentence-transformers/LaBSE
https://huggingface.co/intfloat/multilingual-e5-large
https://huggingface.co/intfloat/multilingual-e5-large

Table 3: Cross-lingual retrieval performance (in %) before and after Procrustes alignment at multiple
recall depths. Pre: Before Alignment; Post: After Alignment; A: Absolute change (Post — Pre), where
positive values indicate improvement. Bold values indicate the best performance per column.

Recall@1 Recall@3 Recall@5
Model Pre Post A Pre  Post A Pre  Post A
LaBSE 30.24 42.73 +12.49 44.41 59.37 +14.96 51.11 65.69 +14.58
MiniLM 38.71 40.59 +1.88 5357 55.43 +1.86 59.64 6150 +1.86
DistilUSE 37.95 39.87 +1.92 53.76 55.57 +1.81 60.38 62.33 +1.95
E5-Base 56.52 56.45 -0.07 7253 74.81 +2.28 77.89 80.33 +2.44
E5-Large 70.42 70.38 -0.04 85.34 85.24 -0.10 89.48 89.34 -0.14

Table 4: RAGAS evaluation metrics for generation quality before and after Procrustes alignment. Pre:
Before Alignment; Post: After Alignment. Bold values indicate the best performance per column.

Faithfulness

Answer Relevance

Context Precision Context Recall

Model Pre Post Pre Post Pre Post Pre Post
LaBSE 0.925 0.957 0.443 0.482 0.264 0.377 0.320 0.430
MiniLM 0.923 0.960 0.355 0.428 0.264 0.376 0.300 0.450
DistiUSE 0.939 0.970 0.359 0.426 0.264 0.376 0.300 0.450
E5-Base 0.935 0.960 0.679 0.744 0.268 0.377 0.310 0.440
E5-Large 0.923 0.963 0.663 0.727 0.264 0.380 0.310 0.450

Evaluation Metrics for Generation Quality To
assess the quality of generated answers in the
downstream QA pipeline, we use RAGAS (Es
et al., 2024), an automated evaluation framework
for RAG systems that evaluates both retrieval and
generation quality without requiring human annota-
tions. We report four metrics: (1) Faithfulness, (2)
Answer Relevance, (3) Context Precision, and (4)
Context Recall. Faithfulness measures whether
each claim in the generated answer is entailed
by the retrieved context, computed as the ratio of
supported claims to total claims. Answer Rele-
vance measures how well the answer addresses
the question, computed by generating candidate
questions from the answer and measuring their se-
mantic similarity to the original question. Context
Precision measures whether the retrieved context
is relevant to the question, computed as a ranking-
aware precision score over retrieved passages.
Context Recall measures how much of the ground-
truth answer is covered by the retrieved context,
computed by checking entailment of ground-truth
sentences against the retrieved passages. All met-
rics are scored on a scale of 0 to 1, with higher
values indicating better performance.

4. Results and Discussion

In this section, we will discuss the results and find-
ings. We evaluate Procrustes alignment across
five embedding models across three dimensions:
(1) geometric alignment, (2) cross-lingual retrieval
accuracy, and (3) downstream QA quality.

Table 2 shows the mean cosine distance be-
tween parallel Urdu-English pairs before and after
alignment. E5-Large and E5-Base show the re-
duction of 38.67% and 37.19%, respectively, fol-
lowed by LaBSE at 28.86%. Other models like
MiniLM and DistilUSE remain almost the same.
This is consistent with the observation that larger
models tend to place Urdu and English in similar
but rotated subspaces, which is precisely what an
orthogonal transformation corrects. The distilled
models appear to embed the two languages in
structurally different regions, where rotation alone
cannot help much. As shown in Figure 2, the two
languages form distinct clusters (before alignment)
in both t-SNE and PCA projections. However, af-
ter alignment, the Urdu embeddings overlap sub-
stantially with the English space, confirming the ex-
pected effect of the orthogonal transformation.

In Table 3, these geometric shifts translate into
retrieval performance. LaBSE gains Recall@1 by
12.49 points and Recall@5 by 14.58. MiniLM
and DistilUSE each gain around 1.9 points, con-
sistent with their smaller geometric improvements.
The E5 models show different results: despite the
most significant distance reductions, their retrieval
scores barely changed. The E5-Base goes from
56.52% to 56.45%, and E5-Large stays near 70%.
These models already retrieve reasonably well
due to robust multilingual pretraining. Therefore,
tightening the embedding space does not change
which document ranks first. These results indicate
that Procrustes alignment delivers the most value
for weaker baseline models, which are also the

237



Original t-SNE Aligned t-SNE
® English R % ® English ae
10049 & urdu - N # Urdu (aligned) o N
. cee e e
o o 40 vt et . 8
. 'DO. e . ID:EO L . e,
® e oy ®°,00 o L . ® ° .
50 ee * o % e, " 88s0 o °U°°UE .
. % 20 0o 8 ® o ) % . H .
: . ‘ ° ° 0% ° YR ° ot e %
¢ . % . Rl e I °s o % < .
. . o5 o°° ¢ . ® ¢ e
0 % o« ° ol o Lo e e . Seo 0 ® o% %
7 ) . [ ] ° 7 [ . L ® 4 - . = o8
‘. H M e % e * . ;aﬂ.' D’uno o oD' °
: *t . v, °%  ° e "ere o
501 & %e 90" 48 ° e%e" .
=50 1 . . o“nncouﬂ.o%
. ®e ° ee D°U - “
. [ ] L
e ale —40 1 o e e o o .
100 *f e e e LI K o
- B . .
e "t et I
o e, * 60 .2 .
—150 1 T T T T T T T T T T T T
—150 —100 —50 0 50 100 150 —100 —50 0 50 100
Original PCA Aligned PCA
064 English . # English . e
. i °
s Urdu - &uu 04 # Urdu (aligned) °
o o0 op
. 0°D|, Plee &
0.4 4 oo ® . .., .
s *, ° o . o o
* . 0.2 . . .
oo - . °
o .y . 0® o 0
0z “&8, . o, . ® L0 5 D°Do .
. e, ° y °fe,'ﬂ TN s e e .
s P 0ol *° f-\:'%\jn'to?ﬂn ® . % % o ?Anoogunﬂ .
Tee ) D Y o S ete
0.0 RO e = AR I M S
. . % e . LR
‘-.' ° . . 00’ L * * e *
o g . . e o® e ®® Lo
i ST - —-0.2 4 . = s = .
024 og o LIS . . e goe
o ‘.9 A ¢ ‘ o o oo
et ot A
oy, & ™ .,
%
% ° o0 .
—0.4 - L —0.41 .
T T T T T T T T T T T
0.4 -0.2 0.0 0.2 0.4 0.6 -0.4 -0.2 0.0 0.2 0.4

Figure 2: t-SNE (top) and PCA (bottom) projections of English (green) and Urdu (blue/orange) embed-
dings for LaBSE before (left) and after (right) Procrustes alignment.

ones most likely used in resource-constrained de-

ployments.

Table 5: Exact Match and F1 scores before and

after Procrustes alignment across all models.

primary bottleneck for the mid-range models.

Despite these improvements, several limitations
remain. The best post-alignment Recall@1 sits

around 70%, leaving a meaningful gap. Manual in-

spection of failure cases reveals that errors often

Exact Match F1 Score
Model Pre Post A Pre Post A
LaBSE 0.040 0.140 +0.100 0.040 0.168 +0.128
E5-Base  0.120 0.280 +0.160 0.162 0.308 +0.146
DistilUSE 0.080 0.160 +0.080 0.082 0.160 +0.078
MiniLM 0.180 0.180 0.000 0.221 0.208 -0.013
E5-Large 0.320 0.300 -0.020 0.393 0.348 -0.045

involve semantically related but different context
passages. As shown in Table 6, queries regarding

specific events in Beyoncé’s career frequently re-
trieve topically related biography snippets instead
of the exact context passage. Alignment improves
the gold rank from 101 to 83 in one case and 59

Tables 4 and 5 show whether retrieval gains
carry through to answer quality. Our experiments
show that retrieved contexts are relevant and that
the answers they generate contain fewer unsup-
ported claims, thereby raising context precision

to 33 in another, but does not fully resolve fine-

grained factual discrimination between closely re-

density semantic regions.

consistently from around 0.26 to 0.38. Faithful-
ness also improves consistently across all five

models. The E5-Base almost doubles (from 0.12

5. Conclusion

to 0.28), and LaBSE jumps from 0.04 to 0.14. Dis-

tilUSE also improves from 0.08 to 0.16. MiniLM
and E5-Large, whose retrieval was essentially un-
changed, show no meaningful QA gains either.
This confirms that geometric misalignment was the
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lated events. These results suggest that alignment
effectively repairs cross-lingual subspace rotation,
but is bounded by the base model’s inherent abil-
ity to disambiguate specific relations within high-

This work demonstrates that a lightweight post-
hoc alignment step can close the cross-lingual
gap for Urdu, where conventional solutions such
as fine-tuning or query translation are rarely prac-



Table 6: Qualitative comparison of retrieval results before and after Procrustes alignment (LaBSE).

Urdu Query (Engiish transla- English
tion) Snippet

Context

Pre- Post- Top-1 Retrieved Con-
alignment alignment text Snippet

Rank Rank
Ku"’v.;u’é{z.jmuféésd}i ...established in 1865 2 1 [Correct] ...established
?&uu:f ¢¢ (Which president of by president Father in 1865 by president Fa-
Notre Dame established the College  Patrick Dillon. ther Patrick Dillon...
of Science?)
o S Jﬁ: Iy b &'z ..first solo album Dan- 13 1 [Correct] ...Her first
(When did Beyoncé release her first — gerously in Love was solo album Danger-
solo album?) released on June 24, ously in Love was
2003... released...
u;ijLUJ!,?{,ulﬂjﬁé.J/ ...lead single “Déja 59 33 [Incorrect] ...revealed
¢4 (Who collaborated with Beyoncé ~ VU”, featuring Jay Z, their marriage in a
on the single “Déja Vu"?) reached the top five... video montage at the
listening party...
R{Ig LUQMI Stifesnd ..starring as blues 101 83 [Incorrect] ...first solo
L€ (Which song did Beyoncé sing  singer  Etta  James recording was a feature
at the first couple’s inaugural ball?) in the 2008 musical on Jay Z’s “03 Bonnie
biopic... & Clyde”...
tical. The results reveal a clear pattern: mod- References

els with weaker baseline cross-lingual represen-
tations benefit most from Procrustes alignment,
while stronger models exhibit diminishing returns,
suggesting that alignment and pretraining quality
interact in predictable ways that can guide model
selection in resource-constrained deployments.

Several directions remain open. Combining Pro-
crustes alignment with lightweight domain adap-
tation could help close the remaining gap from
optimal retrieval. Testing in other low-resource
languages, such as Bengali, Sindhi, and Pashto,
would establish whether the findings generalize
beyond Urdu. Integrating the approach into full
retrieval-augmented generation pipelines would
further assess its end-to-end utility. More broadly,
this work demonstrates that a simple linear trans-
formation, learned from limited parallel data, can
meaningfully improve cross-lingual retrieval for
low-resource languages where multilingual mod-
els fall short.
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