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from a corpus of 31,564 records, 120 clean queries, and 720 aligned
perturbations. The benchmark covers six deterministic query types
and 14 operational perturbation labels grouped into four families. We
compare BM25, multilingual dense retrieval, character n-gram TF-
IDF, and hybrid retrieval, and evaluate top-1 deterministic answer
extraction against a field-specific top-5 RAG system using Qwen2-
7B-Instruct. Hybrid retrieval achieves 81.50 MRR@10 on clean
queries and 67.76 under perturbation; field-specific RAG reaches
84.17% and 72.08% accuracy, respectively. Clustered paired-
bootstrap 95% confidence intervals exclude zero for all principal
system differences. English-title noise is the most damaging family,
whereas query-form and punctuation variation are comparatively well
tolerated. A 43-case consistency audit verifies the implementation of
the rule-based failure categories, and full-output analysis shows that
retrieval-coverage errors dominate the difficult English-title family.
These results support component-level evaluation of multilingual
RAG robustness.

1. Introduction

Retrieval-augmented generation (RAG) grounds
large language models in external evidence by
coupling retrieval with generation [1]. This
paradigm builds on retrieval-centered work such as
Dense Passage Retrieval and KILT [2,3] and is
now evaluated across question answering and
diverse domain-specific settings [4-6]. Strong
clean-input performance, however, does not
guarantee robustness when queries contain spelling
errors, spacing variation, punctuation loss, script
confusion, or cross-lingual ambiguity [7-9].

The problem is especially important in mixed
English-Persian retrieval. Users may alternate
between scripts and languages and may introduce
Arabic-Persian character substitutions, half-space
variation, transliteration, or keyboard-induced
corruption. These changes can degrade both sparse
and dense retrieval, after which errors propagate
into extraction or generation [7,8]. MIRACL

further demonstrates substantial variation across
languages and scripts [10], while query-level RAG
studies motivate separating retrieval and
downstream failures [11].

We study this problem using a Persian-centered
movie corpus of 31,564 records and a manually
curated benchmark of 120 clean queries. The same
20 underlying bilingual movies are used across six
query types, producing 20 examples per type; each
clean query has six meaning-preserving variants,
yielding 720 perturbed queries. Each query is
linked to a query-specific gold record using
normalized title matching followed by available
year and director constraints. The perturbations
comprise 14 operational labels grouped into four
families: Persian script/spacing, Persian character
noise,  English-title  noise, and  query-
form/punctuation variation.
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The movie domain is a useful controlled test bed
because it naturally contains bilingual and
alternative titles, named entities, years, directors,
punctuation, and mixed-script forms. These
properties create realistic lexical anchors and
ambiguity, while structured metadata supports
unique record linking and deterministic answer
scoring.

We compare BM25, multilingual dense retrieval,
character n-gram TF-IDF, and a min-max
normalized BM25-dense hybrid. On top of the
hybrid rankings, we compare a transparent top-1
field-extraction reference with a field-specific
Qwen2-7B-Instruct system that receives the top
five records. Because the two answering systems
receive different evidence depths, their comparison
reflects both multi-record context access and
model-based evidence selection and generation; it
does not isolate generation alone.

We are not aware of an English-Persian
benchmark that jointly combines aligned clean and
perturbed queries, controlled record retrieval,
deterministic =~ and  generative  answering,
perturbation-family analysis, and stage-level
failure attribution. The contributions are: (1) a
paired English-Persian robustness benchmark; (2)
a formal perturbation taxonomy; (3) sparse, dense,
character-level, and hybrid retrieval comparisons;
(4) hybrid-weight sensitivity and clustered
confidence intervals; and (5) rule-based failure
attribution with a consistency audit and full-output
failure distribution.

2. Related Work

2.1. RAG Evaluation and Query Robustness
RAG evaluation increasingly separates answer
correctness from retrieval relevance, evidence use,
faithfulness, and refusal. RAGAs, ARES, and
RAGBench provide complementary, component-
aware evaluation approaches [4-6], while GaRAGe
and Trust-Align emphasize grounding and refusal
when evidence is insufficient [12,13]. Typo-robust
dense retrieval methods show that small character
changes can substantially reduce effectiveness
[7,8], and BEIR demonstrates uneven retriever
generalization across datasets [9]. Pergin et al.
directly examine query perturbations across RAG
components and motivate stage-level diagnosis

[11].

2.2. Sparse, Dense, and Hybrid Retrieval

Word-level sparse retrieval remains effective when
titles, years, and names provide exact anchors [9].
Dense bi-encoders improve semantic matching [2],
whereas ColBERT and SPLADE preserve richer
token-level or learned lexical interactions [14,15].
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We include character 3-5-gram TF-IDF as a
lightweight, perturbation-oriented ~ baseline
because overlapping character sequences can
survive some deletions, repetitions, transpositions,
and spacing changes. It is not intended as a
substitute for late-interaction or learned sparse
retrievers.

2.3. Multilingual and Persian RAG

Multilingual retrieval introduces challenges such
as script normalization, transliteration, mixed-
language  queries, and  language-specific
tokenization. MIRACL documents large cross-
language differences [10], MEMERAG studies
multilingual RAG meta-evaluation [16], and Li et
al. report uneven cross-lingual retrieval and
generation [17]. PersianRAG analyzes Persian
preprocessing, embeddings, retrieval, prompt
construction, language modeling, and evaluation
[18]. Bourbour Hosseinbeigi et al. develop Persian-
specific models and benchmark retrieval-
generation settings across several domains [19].
These works focus on system construction and
optimization; our study fixes a controlled corpus
and answer space and analyzes paired perturbations
and observable pipeline failure stages.

3. Methodology

3.1. Task and Pipeline

Given a natural-language query, the system
retrieves a movie record and returns a deterministic
field or a constrained multi-field answer. The
pipeline consists of corpus preparation, paired
benchmark construction, retrieval, and answering.
Each benchmark row is linked to a unique gold
record and a deterministically scorable answer.

3.2. Corpus Construction

The corpus was assembled from three sources: a
Persian  Wikipedia/Wikidata-derived ~ JSONL
collection; the Iranian Movies dataset [20]; and
The Movies Dataset [21]. The Persian source
served as the principal backbone, the English
metadata source provided bilingual enrichment,
and the Iranian movie dataset contributed
additional Persian records and metadata.

Records were mapped to a unified schema
containing movie identifiers, Persian and English
titles, language, year, genres, directors, Persian and
English plots, URLSs, and optional actors and rating
metadata. Persian records were aligned to English
metadata with normalized multilingual title
embeddings, a +/-1-year candidate window, and a
cosine-similarity threshold of 0.82. Unmatched
Persian records were retained; unmatched English-
only records were excluded from the final
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experimental corpus. Cleaning applied Unicode
NFKC normalization, Arabic-to-Persian character
mapping, diacritic and invisible-character removal,
Persian/Arabic digit conversion, and whitespace
normalization. Deduplication used normalized
title-year keys and retained the metadata-richest
record. The retrieval representation concatenated
titles, year, genres, directors, actors, ratings, and
available summaries. The final corpus contains
31,564 records. Treating null, empty, and literal
missing-value placeholders as missing, all records
have a usable Persian title, 10,836 have an English
title, 31,109 contain Persian plot text, 9,254 contain
English plot text, 10,273 include genre metadata,
and 29,191 include director information.

Please be sure your sentences are complete and that
there is continuity within your paragraphs. Check
the numbering of your graphics and make sure that
all proper references are included.

3.3. Benchmark Design

The 120 clean queries are generated from 20
underlying bilingual movies. Each movie appears
once in each of the six query types, so type-level
comparisons use a matched set of movies rather
than different item pools. The records were
selected to provide bilingual titles, complete year
and director metadata, and opportunities for the
applicable perturbation operators. Table 1 specifies
the input and answer structure.

Table 1. Benchmark query types (FA: Persian; EN:

English).

Query type Input Required answer n
Year FA title Release year 20
Director FA title Director 20
EN-to-FA title EN title FA title 20
Year-constrained EN title + year FA title 20
Year + director FA title Year + director 20
Cross-lingual fields EN title Year + director 20

3.3.1. Gold Linking

Rows are linked by exact matching of normalized
Persian or English titles, followed by year and
director disambiguation. If multiple records
remain, a deterministic metadata-completeness
score selects the most comprehensive record.
Evaluation retains the resulting query-specific
exact gold-record identifier; an alternate corpus
record for the same underlying movie is not
considered equivalent when its record-level
metadata differs. All 120 clean and 720 perturbed
queries were linked.

3.3.2. Formal Perturbation Model
For each clean instance (q;, m; a;, T;), the
perturbation operator T; generates a surface-form
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variant while preserving the original information
need and maintaining the same gold movie, gold
answer, and query type:
q;,=T(q),  intent(g;,)=intent(q,) )

Table 2 defines the four reporting families. The 14
labels and final counts are: arabic_script_confusion
(120), spacing_variant (51), char_deletion (61),
char_repetition (80), typing_transposition (54),

homophone_spelling_confusion (%),
homophone_or_typing_confusion (20),
english_spacing_variant (70),
english char deletion (40),
english transposition_or_repetition (40),

english punctuation_drop (10), question variant
(100), missing_qgmark (60), and punctuation_drop
(9). Family-level results are primary because
several individual labels are small.

Table 2. Formal perturbation taxonomy.

Operational label Family Definition

Arabic/Persian code-
point substitution.

Persian
script/spacing

Arabic-script
confusion
Join/split or

whitespace/half-space
change.

. . Persian

Spacing variant . .

script/spacing

Delete one Persian
character.

Persian character

Character deletion .
noise

Persian character
noise

Repeat one Persian

Character repetition
P character.

Persian character
noise

Swap adjacent Persian
characters.

Plausible
homophone/spelling
substitution.

Typing transposition

Persian character

Homophone spelling noise

Persian character Plausible question-word
noise typing confusion.

English-title
noise

English-title
noise

Homophone/typing

Insert/remove a space in

English spacing an English title.

Delete one English-title

English deletion character.

English English-title Swap or repeat an
transposition/repetition noise English-title character.
English punctuation English-title Remove punctuation

drop noise from an English title.
. . Query Meaning-preserving
Question variant form/punctuation reformulation.
. . Query Remove the final
Missing question mark form/punctuation question mark.
Query Remove query-level

Punctuation drop

form/punctuation punctuation.

3.3.3. Construction and Quality Control

Perturbations were created through a controlled,
query-aware process. Each variant inherited its
parent’s gold record and answer. Surface-identity
checking first detected 39 intended perturbations
that had remained unchanged; these were replaced
with operator-consistent variants. A subsequent
row-by-row human review corrected one bilingual
title alignment across all six clean query types and
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36 associated perturbations, and repaired 32
additional duplicated or operator-inconsistent
query realizations. The final data retain 120 clean
and 720 perturbed queries, six distinct variants per
parent, the original query-type balance, and the
original perturbation-label and family counts. The
complete retrieval and answering pipeline was then
rerun on the corrected benchmark and the 31,564-
record cleaned corpus.

3.4. Retrieval Models
BM25 is computed over tokenized normalized
profile text. Dense retrieval uses sentence-
transformers/paraphrase-multilingual-MiniLM-
L12-v2 with L2-normalized embeddings and
cosine similarity. Character TF-IDF employs
within-word-boundary 3-5-grams with sublinear
term frequency. Hybrid retrieval combines min-
max normalized BM25 and dense scores:
Shybrid (d’ Q) =a- gBMZS (d’ q) + (1 - 0,’) ' §dense (d’ q) (2)
The primary system uses o = 0.5, fixed a priori as
an equal weighting of lexical and dense evidence
before evaluation. The sweep over a € {0.0, 0.1, ...,
1.0} is reported only as a post hoc sensitivity
analysis on the clean and perturbed evaluation sets;
it was not used to select or replace the primary
configuration. The best observed evaluation
performance occurs at o = 0.4, whereas all
principal results continue to use the prespecified a
= (.5 setting.

3.5. Answering Models

The deterministic reference extracts the required
field from the top-ranked hybrid record. The
generative configuration uses the locally stored
Qwen/Qwen2-7B-Instruct checkpoint [22] and
receives the top five hybrid records. Its evidence
context contains only query-relevant fields.
Prompts require a year, director, Persian title, or the
exact multi-field format year=<YEAR> |
director=<DIRECTOR>. Decoding is greedy
(do_sample=False, num beams=1), with a 2,048-
token input limit, task-dependent 12-80-token
output limits, inference mode, and bfloatl6 on
GPU.

3.6. Evaluation and Statistical Analysis

Retrieval is evaluated using MRR@10 and Hit@k
for k in {1, 3, 5, 10}; when the gold record is
outside the top 10, its reciprocal rank is set to zero.
Answering employs query-type-aware normalized
field matching: years require exact normalized
equality; director and Persian-title outputs are
accepted when one normalized string contains the
other; multi-field answers require all fields to
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satisfy their respective rules. The containment rule
accommodates shortened or expanded surface
forms but may accept overly short strings and is
therefore reported as a limitation rather than being
described as a strict exact match.

For incorrect outputs, retrieval-coverage failure
means the gold record is absent from the top five;
ranking/context-selection failure means it is
present in the top five but not ranked first; and
answer-stage failure means it is ranked first but the
answer is incorrect. These mutually exclusive
labels describe observable evidence states rather
than proving a unique causal mechanism.

System differences are summarized using 10,000
paired bootstrap resamples and 95% percentile
confidence intervals. Clean queries are resampled
by query ID. For the perturbed benchmark, the
parent query is treated as the sampling unit, and all
six variants derived from that parent remain
together within each resample. These variants
share the same underlying information need, target
movie, and gold answer and therefore cannot
reasonably be treated as independent observations.
Parent-level cluster resampling preserves this
within-parent  dependence, avoids pseudo-
replication and artificially narrow intervals, and
treats the 120 parent queries as the independent
units of analysis. We report interval estimates and
do not interpret the uncentered bootstrap
distribution as a null-hypothesis p-value.

3.7. Reproducibility

The pipeline uses Pandas, Sentence-Transformers,
rank-bm25, scikit-learn, and Hugging Face
Transformers, with random seed 42 where
randomness is used. Benchmark files, repair
reports, retrieval rankings, prompts, generated
answers, scored outputs, bootstrap results, and
audit sheets are saved in one revision artifact
directory.

4. Experimental Setup

The primary retrieval depth is 10. Both answering
systems use rankings produced by the o = 0.5
hybrid retriever, but the deterministic answer-
extraction baseline accesses only the top-ranked
record, whereas the RAG prompt contains the top
five records. Consequently, the comparison varies
both in evidence depth and answering mechanism.
Any observed RAG advantage may therefore
reflect access to additional candidate records,
model-based evidence selection, generation, or a
combination of these factors, and should not be
interpreted as an isolated estimate of the
contribution of generation.
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5. Results

5.1. Retrieval Performance
Table 3 summarizes the
performance on the clean and perturbed
benchmarks. Hybrid retrieval achieves the
strongest performance on both splits, reaching an
MRR@10 of 81.50 on clean queries and 67.76 on
perturbed queries. On the clean benchmark, this
corresponds to improvements of 20.85 MRR@10
points over BMZ25, 29.11 points over dense
retrieval, and 39.63 points over character n-gram
TF-IDF. Under perturbation, the hybrid retriever
maintains advantages of 17.54, 22.59, and 30.75
MRR@10 points over the same baselines,
respectively. Although the character n-gram
baseline exhibits the smallest absolute clean-to-
perturbed decrease, its effectiveness remains
substantially below that of the other retrievers on
both splits. This indicates that partial character
overlap alone is insufficient for reliably resolving
bilingual movie records, even when it provides
some tolerance to local spelling corruption.

overall retrieval

Table 3. Overall retrieval performance (MRR@10, %).

System Clean MRR@10 Perturbed MRR@10
BM25 60.65 50.21
Dense 52.40 45.17
Character n-gram 41.87 37.01
Hybrid (0 =0.5) 81.50 67.76

Table 4 reports hybrid-retrieval performance
separately for the six query types. The largest
degradation occurs for English-title-to-Persian-title
mapping, for which MRR@10 decreases from
71.67 to 51.19, corresponding to a drop of 20.48
points. Year-constrained title lookup is the second
most affected query type, with a decline of 17.90
points. By contrast, title-to-director queries are
comparatively stable, decreasing by only 6.83
points. These results show that query robustness
depends strongly on the type of lexical evidence
required for retrieval. Tasks that depend directly on
corrupted English movie titles are more vulnerable
than tasks whose Persian title or director cues
remain relatively intact. This pattern is consistent
with the perturbation-family analysis presented in
Section 5.3.

Table 4. Hybrid retrieval by query type (MRR@10, %).

Query type Clean Pert. Drop
Cross-lingual 88.21 73.10 15.11
EN -> FA title 71.67 51.19 20.48
Title -> director 82.50 75.67 6.83
Title -> year 81.00 68.86 12.14
Title -> yeart+director 80.62 70.61 10.01
Year-constrained 85.00 67.10 17.90
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5.2. Answering Performance

Table 5 compares the top-1 deterministic extractive
baseline with the top-5 field-specific RAG
configuration. The extractive baseline achieves
75.83% accuracy on clean queries and 60.69%
under perturbation. The RAG configuration
improves these results to 84.17% and 72.08%,
respectively. The resulting advantage of the RAG
configuration is 8.33 percentage points on the clean
benchmark and 11.39 points on the perturbed
benchmark. The larger difference under
perturbation suggests that access to multiple
retrieved records, combined with model-based
context selection and answer generation, can
recover some answers that are unavailable to a
rank-1-only extraction procedure. However, this
comparison is not a controlled generation ablation.
The deterministic answer-extraction baseline
accesses only the top-ranked record, whereas the
RAG model receives the top five retrieved records
and performs model-based evidence selection and
answer generation. Accordingly, the observed
differences of 8.33 and 11.39 percentage points
quantify the advantage of the complete evaluated
top-5 RAG configuration over the top-1
deterministic answer-extraction configuration,
rather than the independent effect of generation.

Table 5. Overall answering performance (%).

System Clean Perturbed Drop
Top-1 extractive 75.83 60.69 15.14
Top-5 RAG 84.17 72.08 12.09
5.3. Robustness by Perturbation Family
Table 6 presents retrieval and answering

performance for the four perturbation families.
Query-form and punctuation variation is the least
damaging family, with hybrid MRR@10 of 80.90,
extractive accuracy of 75.74%, and RAG accuracy
of 85.21%. Persian script and spacing variation is
also comparatively well tolerated, producing
hybrid MRR@10 of 75.49 and RAG accuracy of
77.78%. Performance decreases more noticeably
for Persian character noise. In this family, hybrid
MRR@10 falls to 71.36 and RAG accuracy to
71.36%. English-title noise is by far the most
difficult condition, reducing hybrid MRR@10 to
40.65, extractive accuracy to 31.87%, and RAG
accuracy to 53.12%. The results in Table 6
therefore show that the system is not uniformly
sensitive to multilingual query variation.

Normalization appears to mitigate many Persian
script and spacing differences, whereas deletion,
spacing, transposition, and punctuation changes
within short English movie titles often damage the
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principal lexical evidence required for retrieval.
Although the RAG configuration remains stronger
than top-1 extraction in every family, it cannot
fully compensate when the relevant movie record
is not retrieved.

Table 6. Performance by perturbation family. Hybrid is
evaluated using MRR@10, whereas the extractive and
RAG systems are evaluated using accuracy.

Hybrid

Family n VRR @10 Extractive RAG
Query form 169 80.90 75.74 85.21
Persian script 171 75.49 69.01 77.78
e 20 7136 63.64 7136
English title 160 40.65 31.87 53.12

5.4. Hybrid-Weight Sensitivity

Figure 1 illustrates the sensitivity of hybrid
retrieval to the interpolation weight a. Performance
improves as the system moves away from either
dense-only retrieval at o = 0 or BM25-only
retrieval at a = 1, confirming that the two score
sources provide complementary information. Both
clean and perturbed MRR@10 reach their
maximum at o = 0.4. The best clean MRR@10 is
82.43, while the best perturbed MRR@10 is 68.87.
The primary setting of o = 0.5 achieves 81.50 and
67.76, differing from the corresponding maxima by
0.93 and 1.12 points. Figure 1 therefore indicates
that the principal hybrid-retrieval result is not
dependent on a narrowly optimized coefficient. At
the same time, a = 0.5 should be interpreted as a
prespecified balanced setting rather than as the
empirically optimal value.
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Figure 1. Hybrid retrieval MRR@10 across interpolation
weights on clean and perturbed queries.

5.5. Confidence Intervals

Table 7 reports the observed paired system
differences together with percentile 95%
confidence intervals obtained from 10,000
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bootstrap resamples. All reported intervals exclude
zero, providing consistent evidence that the hybrid
retriever outperforms BM25, dense retrieval, and
character n-gram TF-IDF on both the clean and
perturbed benchmarks. For retrieval, the hybrid
improvement over BM25 is 20.85 MRR@I10
points on clean queries, with a 95% confidence
interval of 15.28-26.76, and 17.54 points on
perturbed queries, with an interval of 13.76-21.47.
The corresponding improvements over dense
retrieval are 29.11 and 22.59 points, while the
improvements over character n-gram retrieval are
39.63 and 30.75 points. Table 7 also shows that the
top-5 RAG configuration exceeds top-1 extraction
by 8.33 percentage points on clean queries, with a
95% confidence interval of 4.17-13.33, and by
11.39 points on perturbed queries, with an interval
of 7.64-15.42. For the perturbed benchmark,
bootstrap sampling is clustered by parent query.
Consequently, the six perturbations derived from
the same clean query remain together within each
resample and are not treated as statistically
independent observations.

Table 7. Paired retrieval differences in MRR@10 points
and answering differences in accuracy points, with
percentile 95% confidence intervals.

Comparison Set A 95% CI
Hybrid — BM25 Clean  20.85 15.28-26.76
Hybrid — BM25 Pert. 17.54 13.76-21.47
Hybrid — Dense Clean  29.11 22.06-36.47
Hybrid — Dense Pert. 22.59 17.25-28.16
Hybrid — Char. Clean  39.63 33.24-46.06
Hybrid — Char. Pert. 30.75 25.09-36.41
RAG — Extract. Clean 8.33 4.17-13.33
RAG — Extract. Pert. 11.39 7.64-15.42

All principal intervals exclude zero. The perturbed
comparisons preserve parent-query clusters and
therefore do not treat the six variants derived from
one clean query as independent observations.

5.6. Failure Distribution and Consistency Audit
Table 8 summarizes the complete outcome
distribution for the 720 perturbed queries evaluated
with the RAG system. The model produces 519
correct answers, corresponding to an overall
accuracy of 72.08%. Among the 201 incorrect
outputs, 146 cases, or 20.28% of the complete
benchmark, are classified as retrieval-coverage
failures. In these cases, the gold movie is absent
from the top-five retrieved records and is therefore
unavailable to the answerer. A further 52 cases,
representing 7.22% of the benchmark, are
classified as ranking/context-selection failures. In
these instances, the gold movie appears within the
top-five context but is not ranked first. Among
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these 52 cases, 48 involve an alternate corpus
record sharing the same normalized Persian title
and source QID as the query-specific gold record
but differing in record-level metadata. Only three
cases, corresponding to 0.42%, are classified as
answer-stage failures, meaning that the gold record
is ranked first but the final answer remains
incorrect. Table 8 therefore indicates that retrieval
coverage is the principal source of end-to-end
failure, while exact record-level distinctions
account for most ranking/context-selection errors.
This conclusion is especially evident for English-
title noise, which accounts for 73 retrieval-
coverage failures, equivalent to 45.63% of that
perturbation family. These results suggest that
improving retrieval robustness is likely to provide
greater benefit than modifying the generator alone.
To verify implementation of the attribution rules, a
stratified consistency audit was conducted on 43
errors. The audit included 20 retrieval-coverage
cases, 20 ranking/context-selection cases, and all
three available answer-stage cases. Each case was
reviewed using the query, gold answer, model
prediction, retrieved identifiers, and gold-record
rank. All 43 reviewed cases were consistent with
the deterministic rule-based label. This audit
verifies implementation consistency but should not
be interpreted as independent causal validation of
the failure categories.

Table 8. Overall outcome distribution on the perturbed

RAG benchmark.
Outcome Count Share (%)
Correct 519 72.08
Retrieval-coverage failure 146 20.28
Ranking/context-selection failure 52 7.22
Answer-stage failure 3 0.42

6. Discussion

The results support four principal conclusions.
First, lexical and semantic retrieval signals are
complementary. Hybrid retrieval consistently
outperforms BM25, dense retrieval, and character
n-gram TF-IDF on both clean and perturbed
queries, while the interpolation analysis in Figure 1
shows that intermediate hybrid weights are
preferable to either retrieval component alone.
Second, evaluation on clean queries materially
overestimates multilingual robustness. As shown
in Tables 3-6, all retrieval and answering systems
deteriorate under perturbation, but the magnitude
of the decline varies substantially across query
types and perturbation families. English-title
corruption is particularly damaging, whereas
query-form changes and Persian script or spacing
variation are more effectively tolerated. Third, the
evaluated top-5 RAG configuration outperforms
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top-1 deterministic answer extraction, particularly
under perturbation. This improvement cannot be
attributed exclusively to generation because the
RAG model also receives a larger evidence set and
can select among multiple candidate records. The
result should therefore be interpreted as a
comparison between two practical end-to-end
configurations rather than as a controlled
decomposition of generation quality. Fourth, the
failure analysis in Table 8 shows that missing
evidence is the dominant bottleneck. Most
incorrect answers occur because the gold movie is
absent from the top-five context, while answer-
stage failures are rare. Most ranking and context-
selection failures instead reflect competition

between alternative records for the same
underlying movie under the exact record-ID
protocol.  This  indicates  that  stronger

normalization, typo-robust retrieval, candidate
expansion, reranking, and movie-level
canonicalization may be more effective than
prompt modification or the use of a larger generator
alone.

7. Limitations

The benchmark contains 20 underlying bilingual
movies and 120 clean query formulations. This
matched design supports controlled paired analysis
across query types and perturbations, but it is
considerably smaller than broad multilingual
retrieval benchmarks. The evaluation is also
restricted to a single structured movie domain, one
multilingual dense encoder, and one generator.
Although BM25, dense retrieval, character n-gram
TF-IDF, and hybrid retrieval represent several
important retrieval families, the study does not
include late-interaction or learned sparse models
such as ColBERT and SPLADE. The perturbations
are manually designed and controlled rather than
collected from naturally occurring search logs.
They therefore support precise diagnostic analysis
but may not fully represent the frequency or
distribution of real user errors. The answer-scoring
procedure uses normalized field matching and
permits containment matching for director and
Persian-title strings. This accommodates shortened
or expanded surface forms but may occasionally
accept outputs that are too short. Evaluation also
uses query-specific exact gold-record identifiers;
alternate records for the same underlying movie are
not accepted when their record-level metadata
differ. Future evaluations should use curated alias
sets, stricter entity-level answer matching, and
canonical movie-level identifiers or explicit
equivalence classes. Finally, the extractive and
RAG configurations use different evidence depths.
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The deterministic answer-extraction baseline
accesses the top-ranked record, whereas the RAG
model receives the top five records. Their
comparison therefore does not isolate generation
from additional context access and model-based
evidence selection. Future work should conduct
matched-depth experiments, including top-1
extraction versus top-1 RAG and top-5 extraction
or deterministic selection versus top-5 RAG, so
that the effects of evidence depth, evidence
selection, and generation can be estimated
separately.

8. Conclusion

This study introduced a controlled English-Persian
movie-domain benchmark containing 120 clean
queries and 720 meaning-preserving perturbations.
Hybrid retrieval achieves 81.50 MRR@10 on clean
queries and 67.76 under perturbation, while the
evaluated top-5 field-specific Qwen2 configuration
reaches 84.17% and 72.08% accuracy and
outperforms top-1 deterministic answer extraction.
The analysis also identifies substantial variation
across perturbation conditions. Query-form and
Persian  script or spacing changes are
comparatively well tolerated, whereas English-title
corruption remains the primary weakness.
Clustered bootstrap confidence intervals support
the principal system comparisons, and the failure-
distribution analysis shows that retrieval-coverage
errors account for most incorrect RAG outputs.
These findings demonstrate that multilingual RAG
robustness should be evaluated at multiple stages
rather than through aggregate clean-input accuracy
alone. Future work should enlarge the benchmark
seed set, incorporate naturally occurring query
errors, add domains and languages, adopt stricter
alias-aware answer scoring, and evaluate
normalization-aware, typo-robust, late-interaction,
learned sparse, and reranking-based retrieval
methods.

Data and Code Availability

The human-reviewed benchmark, evaluation code,
prompts, scoring rules, retrieval outputs, generated
answers, bootstrap summaries, and completed
audit sheets will be released upon acceptance.
Third-party corpus sources remain subject to their
original licenses; the release will provide exact
construction instructions and source identifiers.
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