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Abstract

As large language models (LLMs) with retrieval augmented generation
(RAG) gain traction in multimodal knowledge base question answering
(KBQA), concerns about their transfer to low resource languages (LRLs)
remain unaddressed. We introduce MURMUR!, a benchmark evaluating
multimodal cross-lingual retrieval and reasoning in Tamil and Yoruba. Us-
ing the hardest examples from WebQA and MultimodalQA, we build a
high quality LRL benchmark through LLM assisted translation, human
validation, and culturally aligned rewriting that reflects native speaker
phrasing while preserving answerability. MURMUR exposes major perfor-
mance gaps and failure modes in current systems. We provide XM-RAG
as a supporting cross-lingual multimodal RAG baseline, which reaches
38.1 answer accuracy and exceeds the next best baseline by more than 6.3
points. XM-RAG still performs far below top English results on WebQA
and MultimodalQA, showing that existing methods struggle with complex
tasks in LRL settings. By releasing MURMUR with a reproducible baseline,
we offer a resource for measuring these gaps and guiding progress toward
equitable multimodal KBQA.

1 Introduction

We introduce MURMUR (Multimodal, Under-Resourced Multilingual Understanding and
Reasoning), a benchmark for open cross-lingual multimodal KBQA in Tamil and Yoruba.
MURMUR measures retrieval and reasoning under realistic language mismatch, where
questions are written in an LRL and supporting evidence remains largely in English. Large
language models have made rapid progress on open-domain question answering through
retrieval-augmented generation (RAG), where external evidence is retrieved and fused
during generation (Lewis et al., 2020). This progress has extended into multimodal settings,
where systems retrieve and reason over both text and visual evidence for knowledge-
intensive tasks (Chen et al., 2022; Ding et al., 2024; Yarrabelly & Mittal, 2025). However,
most gains remain concentrated in high-resource languages, while LRL settings are under-
evaluated and substantially more error-prone (Lupascu et al., 2026; Qi et al., 2025).

A central challenge is that cross-lingual pipelines in LRLs often depend on translate-then-
retrieve strategies (Asai et al., 2021; 2022). In multimodal KBQA, this can introduce com-
pounding errors at multiple stages: semantic drift during query translation, retrieval mis-
match in high-resource semantic spaces, and answer degradation during back-generation
into the original language. These issues become more severe for multi-hop and cross-modal
questions, where small translation shifts can break evidence chaining across modalities.

Existing benchmark ecosystems do not fully expose this failure regime. Datasets such as
WebQA and MultimodalQA have been foundational for multimodal KBQA progress (Chang

1You can find the dataset here: MURMUR on Hugging Face.
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et al., 2022; Talmor et al., 2021), but they are predominantly HRL-centric. Conversely, many
multilingual QA resources in low-resource settings are unimodal and therefore cannot
measure cross-modal retrieval-reasoning behavior (Longpre et al., 2020; Sawczyn et al., 2024;
Rohera et al., 2024). As a result, current evaluations can overestimate practical robustness
for multilingual multimodal deployment.

MURMUR is built from hard examples mined from WebQA and MultimodalQA, followed
by translation, native-speaker validation, and culturally aligned rewriting. This design
preserves answerability while improving linguistic and cultural naturalness, yielding a
benchmark that better reflects real multilingual reasoning conditions.

To support evaluation on the benchmark, we provide XM-RAG as a modular baseline
designed for direct LRL understanding rather than mandatory translation-first inference.
XM-RAG combines multilingual query encoding, cross-modal retrieval, reranking, and
multilingual generation. It achieves 38.1 QA-Accuracy on MURMUR and outperforms
strong translation-based and RAG-augmented baselines. The remaining gap to English
settings is still large, reinforcing that equitable multimodal QA in low-resource languages
remains an open research problem.

2 Related works

Multimodal Retrieval-Augmented Generation for Knowledge Base Question Answering
Despite the many advances of LLMs with multimodal RAG, they still struggle to use external
knowledge and unseen data, both of which are necessary for KBQA (Zhang et al., 2024).
RAG addresses this issue by retrieving external evidence from a corpus of knowledge, in
turn increasing accuracy and grounding of model responses to knowledge-base questions
(Lewis et al., 2020). These results have seen further improvements due to multimodal
retrieval. Methods such as Multimodal Multihop, a methodology used to gather data from
multiple sources to formulate an answer, show evidence of these promising results when
built upon baseline models (Yarrabelly & Mittal, 2025). Multimodal retrieval allows for the
vast multimodal evidence to be leveraged to answer questions that cannot be fully answered
with only text. MuRAG (Chen et al., 2022) does this by treating images as visual tokens.
RA-BLIP (Ding et al., 2024) projects retrieved text and images into a shared space before
fusion. No matter how these methods treat images, they only retrieve content from the
language of the query, meaning the quality of the answers is dependent on the quantity and
quality of retrievable evidence present, both of which are lacking in low-resource languages.

Cross-Lingual Retrieval Work has shown that retrieval models struggle in LRLs due to lack
of high-quality retrieval content (Qi et al., 2025; Lupascu et al., 2026). A commonly explored
solution to this problem has been a pipeline in which the original LRL query is used to
retrieve content from a high-resource knowledge base (KB). That content is used to generate
an answer in the original LRL. Quite a lot of work has been done exploring this solution.
The most common approach to this is the translate-then-retrieve pipeline, as seen in XOR-
RETRIEVE (Asai et al., 2021). This approach translates the query to a high resource language,
uses this embedding to retrieve text evidence, and feeds it into a multilingual pre-trained
model to generate an answer in the LRL. A substantial improvement on this approach can
be seen in CORA, where a multilingual embedding of the query is used, reducing errors
that arise with machine translation (Asai et al., 2022). This direction, leveraging multilingual
models like BERT for direct cross-lingual information retrieval, has been explored in various
works, demonstrating effectiveness in matching queries across languages (Jiang et al., 2020).
The embedded query is then fed into a pre-trained retrieval algorithm and the retrieved
evidence is fed into a multilingual auto-regressive generation model to produce an answer.
However, all these works only take in, reason on, and retrieve text, significantly limiting the
type of questions they can answer accurately.

Multimodal Reasoning and Retrieval Knowledge Base Question Answering Benchmarks
Many KBQA benchmarks contain or are entirely composed of questions that require retrieval
and understanding across data modalities (Marino et al., 2019; Talmor et al., 2021; Chang
et al., 2022). However, these datasets solely contain questions and answers in high-resource
languages (HRLs). On the other hand, there are KBQA benchmarks that contain questions
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Dataset LRL | MM | Open Ret. | KIQA
XOR-QA (Asai et al., 2021) Yes | No Yes Yes
MKQA (Longpre et al., 2020) Yes | No No Yes
OpenViVQA (Nguyen et al.,, 2023) | Yes | Yes No No
BOK-VQA (Kim et al., 2024) Yes | Yes No No
CVQA (Romero et al., 2024) Yes | Yes No No
Kaleidoscope (Salazar et al., 2025) Yes | Yes No No
WorldMedQA-V (Matos et al., 2025) | No | Yes No No
WebQA (Chang et al., 2022) No | Yes Yes Yes
MultimodalQA (Talmor et al., 2021) | No | Yes Yes Yes
MURMUR (ours) Yes | Yes Yes Yes

Table 1: Positioning MURMUR against representative multilingual and multimodal QA
datasets. Columns: LRL = low-resource language support, MM = multimodal input, Open
Ret. = open external retrieval required, KIQA = knowledge-intensive QA.

and answers for LRLs, but only provide the dataset in a single modality, normally text
(Longpre et al., 2020; Sawczyn et al., 2024; Rohera et al., 2024). While VQA evaluation in
low-resource languages has been studied (Nguyen et al., 2023; Kim et al., 2024; Salazar
et al., 2025; Romero et al., 2024; Matos et al., 2025), these datasets are typically image-
grounded VQA tasks and do not require open external retrieval over a knowledge source.
By contrast, multilingual retrieval QA datasets such as XOR-QA are knowledge-intensive
but text-only (Asai et al., 2021). This creates a structural gap: prior work generally covers
either multilingual retrieval without multimodality, or multilingual multimodality without
retrieval-intensive KBQA.

To make this distinction explicit, Table 1 positions MURMUR against representative mul-
tilingual and multimodal QA datasets. The table highlights that MURMUR is the first
benchmark in this set that jointly requires (i) low-resource language understanding, (ii)
multimodal reasoning, and (iii) knowledge-intensive open retrieval.

3 Dataset

3.1 Task Definition and Scope

MURMUR evaluates open, cross-lingual, multimodal KBQA in low-resource languages.
Each query is in Tamil or Yoruba. Ground truth documents remain in English. A system
must (i) understand the LRL query, (ii) cross-lingually retrieve relevant text and image
evidence, and (iii) generate an answer in the same LRL.

This setup is intentionally strict. It tests retrieval, grounding, and generation under language
mismatch. It does not reward systems that rely only on fluent generation without correct
evidence support.

The two-language design is deliberate and typologically motivated. Tamil (Dravidian,
agglutinative, non-Indo-European) and Yoruba (Niger-Congo, tonal, distinct morphosyntax)
stress-test cross-lingual transfer along very different linguistic axes, both relative to English
and relative to each other.

Keeping evidence in English is also a realistic constraint rather than an arbitrary simpli-
fication: multilingual QA in low-resource settings often retrieves from English-dominant
corpora because high-coverage LRL evidence stores remain limited, as reflected in cross-
lingual retrieval setups such as XOR-QA and CORA (Asai et al., 2021; 2022).

3.2 Source Data and Hard-Case Mining

We build MURMUR from WebQA and MultimodalQA. We run strong multimodal baselines
(SKuRG and RAMQA) on source questions and keep failure cases, i.e., questions that both
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strong models get wrong. This produces a deliberately hard subset and reduces ceiling
effects.

Origin Text Image Image + Text
WebQA 104 488 0
MultimodalQA 41 61 13

Total 145 549 13

Table 2: Origin and required retrieval modalities for the selected question-answer pairs.
(Total unique questions: 707)

The benchmark has 707 unique questions. We create one Tamil and one Yoruba version per
question. This gives 1,414 language-specific instances. This scale is intentional: MURMUR
is designed as a diagnostic hard-case benchmark where curated difficulty is often more
informative than raw size for measuring retrieval-and-reasoning robustness, in line with
challenge-focused evaluation paradigms such as Dynabench and BIG-Bench Hard (Kiela
et al., 2021; Suzgun et al., 2022).

3.3 Translation and Native-Speaker Validation

We first translate each English QA pair into Tamil and Yoruba with few-shot prompts
(Appendix A, Appendix B) using Claude 3.5 Sonnet. We then recruited native-speaker
volunteers to conduct validation for adequacy, fluency, and answerability.

A translated item is accepted only when it passes all three checks. Items that fail are
discarded or rewritten before inclusion. This step prevents noisy translations from inflating
downstream error rates.

Translation quality remains strong (Adequacy 8.2/10, Fluency 8.0/10; Table 11 in Ap-
pendix F by native-speaker volunteers).

3.4 Culturally Aligned Rewriting

Direct translation preserves literal meaning but often preserves anglicized entities and
phrasing that are unnatural for native users. To reduce this translation barrier, we add a
cultural alignment stage.

The stage has three components:

¢ Step 1 (Fluency): a lightweight LoRA pass on large monolingual Tamil and Yoruba
corpora to adapt Qwen-2.5-7B-Instruct toward native LRL syntax and fluent local
phrasing. We selected Qwen-2.5-7B-Instruct for the cultural alignment stage because
it offered stable multilingual instruction-following behavior under LoRA adaptation
at the time of our experiments in December 2025. While Qwen 3 was available,
its specific capabilities for Yoruba were not yet established or benchmarked. Our
LoRA adaptation trains directly on native Yoruba and Tamil text, which mitigates
limitations in the base model’s language coverage and makes adaptation data
quality more important than the specific base model.

¢ Step 2 (Task/Culture): a second LoRA pass with supervised targets from a gold
dataset built as follows: native speakers rewrote WebQA and MultimodalQA ques-
tions that were initially translated by Claude 3.5 Sonnet, using questions that were
not included in MURMUR. These human rewrites were used as gold outputs to
teach authentic culturally grounded question style while preserving answerability
and generation quality.

¢ Step 3 (Entity alignment): manual replacement of culturally mismatched entities
while preserving answerability.

For cultural analogues where the swapped entity is well represented in English-language
sources, answerability is preserved naturally through retrieval. When the swapped entity is
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not sufficiently covered in the existing retrieval corpus, we add relevant English-language
documents covering the new entity to the evidence corpus. This procedure ensures that
every culturally rewritten question remains answerable.

The first LoRA pass uses IndicCorp v2 (Doddapaneni et al., 2023), a cleaned Tamil corpus of
approximately 3 to 4 billion tokens, for Tamil fluency adaptation. For Yoruba, we use three
complementary sources. These are CC-100 Yoruba (Conneau et al., 2020), MasakhaNEWS
(Adelani et al., 2023), and Yankari (Akpobi, 2025). Yankari contains 30 million tokens drawn
from 13 diverse sources and explicitly excludes religious and machine-translated text.

The second LoRA pass is trained on 500 human-rewritten examples per language and 1,000
examples in total. Native speakers produced these examples by rewriting WebQA and Mul-
timodalQA questions that were not included in MURMUR, which prevents contamination
between the adaptation data and benchmark evaluation set.

The goal is controlled rewriting, not free paraphrase. We preserve answer spans and
evidence linkage so that benchmark difficulty comes from reasoning and retrieval, not
annotation drift. In practice, LoORA adaptation without this supervised stage degrades
coherent generation quality; the staged fluency-then-task design avoids that failure mode.

For the cultural-alignment evaluation in Table 3, we used two native speakers as annotators;
these annotators were different from the native-speaker volunteers used in Appendix F to
reduce confirmation bias.

Metric Original Translation | Culturally Aligned Rewrite| A

Avg. Cultural Relevance (1-5) 241 412 +1.71
% Rated “Culturally Natural” (>4) 18% 83% +65%
Cohen’s x Tamil 0.58 0.78 +0.20
Cohen’s x Yoruba 0.60 0.74 +0.14
Cohen’s x Overall 0.59 0.76 +0.17

Table 3: Cultural alignment quality improves strongly after rewriting. Cultural Relevance is
scored on a 1-5 scale (1=not authentic / native would never ask, 5=highly authentic). The
rewrite step raises relevance and naturalness while also improving annotator agreement.

Table 3 confirms the cultural alignment design. Cultural Relevance improves from 2.41 to
4.12 and “Culturally Natural” ratings rise from 18% to 83%. Agreement also increases in
both languages, with Tamil at x = 0.78 and Yoruba at ¥ = 0.74, and the pooled overall score
at x = 0.76. Rewritten examples are in Appendix L.

The downstream effect of cultural rewriting is reported in Table 26 in Appendix U. The
comparison uses identical gold answers and evidence corpora for the pre-rewrite and
post-rewrite question sets.

3.5 Quality Control and Traceability

Each final item must pass three checks: semantic fidelity, fluent local phrasing, and preserved
answerability with ground-truth evidence. We also store traceability metadata that links
each final sample to its source QA pair and post-translation stage (pre-rewrite) answer. This
metadata enables controlled comparisons between pre-rewrite and post-rewrite question
sets because each final item is linked to its post-translation pre-rewrite version with identical
gold answers and evidence corpora.

This audit trail is important for reviewer-facing reliability. It allows us to inspect whether
model errors come from retrieval and reasoning, rather than hidden dataset corruption.
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4 XM-RAG

4.1 Design Goal

XM-RAG is a strong baseline for MURMUR. The model is built to answer low-resource
multilingual multimodal KBQA questions without forcing an LRL—+HRL—LRL translation
loop. The design follows a practical constraint: strong accuracy under limited compute and
moderate memory budgets, while preserving direct LRL semantics.

4.2 Pipeline

Given an input query g in Tamil or Yoruba and optional input image x, XM-RAG runs five
stages.

(1) Input encoding. We encode the query text and query image in a shared multilingual
space. If no query image exists, the pipeline uses only text features.

(2) Candidate retrieval. We retrieve top-K text candidates and top-K image candidates
from FAISS indices over high-resource corpora. We denote retrieved text as t; and retrieved
images as v;.

(3) Similarity scoring and reranking. We compute query-conditioned similarity scores for
text and image candidates. A lightweight reranker then combines text similarity, image
similarity, and simple consistency signals (e.g., lexical overlap and entity consistency).
Candidates are re-ordered and truncated to a compact evidence set.

(4) Evidence fusion. Retrieved image evidence is summarized into short textual captions
with BLIP-2. Retrieved text evidence is deduplicated and trimmed. Both streams are merged
into a single generation context.

(5) Answer generation. The final answer is generated in the original LRL with language
tags, so output stays in Tamil or Yoruba.

4.3 mT5 and Caption-Based Fusion Design

We use mT5 because the project target is not only raw peak accuracy, it is strong multilingual
QA under realistic resource limits. mT5 is robust across many languages and gives stable
behavior for Tamil and Yoruba with moderate compute cost. As shown in Table 4, mT5 does
not need to outperform every frontier model in pure generation to remain competitive end
to end, since retrieval quality and cross modal evidence ordering drive large gains in final
QA accuracy. This makes the system easier to reproduce and deploy than heavier frontier
models that often require larger memory budgets and higher inference latency.

We also use caption-based visual fusion instead of sending every retrieved raw image
to a large MLLM. In full-wiki retrieval, each query may return many visual candidates.
Direct raw-image processing for every candidate is costly and slows end-to-end inference.
Captioning gives a compact intermediate representation that preserves key visual evidence
while keeping latency manageable.

This design is a practical efficiency—fidelity tradeoff. Some fine-grained visual details can be
lost, and we observe this in image-heavy error cases (Appendix I). However, the modular
pipeline scales better, remains reproducible on modest hardware, and still yields strong
gains over translation-first baselines.

This pipeline runs zero-shot with off-the-shelf components. Detailed implementation set-
tings and additional ablations are in Appendix M.

5 Results and Analysis

We compare against two familiar retrieval baselines to contextualize Table 4. RAGVL is an
English-first multimodal RAG reranking system that is reported as a state-of-the-art-strength
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Text Image Image+Text All

Model QA-Acc | P@10 | R@10 | F1@10 | QA-Acc | P@10 | R@10 | F1@10 | QA-Acc ‘ P@10 ‘ R@10 | F1@10 | QA-Acc F1

Text-Only RAG 20.6 17.3 16.9 17.1 0.5 0.5 0.4 0.4 0.2 0.8 0.6 0.7 4.6 3.8

Monolingual RAG 22.3 18.4 17.7 18.0 121 10.9 11.3 11.1 125 10.1 9.8 9.9 18.2 124
GPT-4o (Translation — HRL) 18.0 N/A | N/A | N/A 16.0 N/A | N/A | N/A 7.8 N/A N/A | N/A 57 N/A
GPT-5 Mini (Translation — HRL) 17.8 N/A | N/A | N/A 16.5 N/A | N/A | N/A 7.7 N/A N/A | N/A 15.4 N/A
Claude 4.5 Sonnet (Translation — HRL) 18.5 N/A | N/A | N/A 178 N/A | N/A | N/A 8.3 N/A N/A | N/A 17.9 N/A
DeepSeek V3.1 (Translation — HRL) 11.0 N/A | N/A | N/A 14.4 N/A | N/A | N/A 5.6 N/A N/A | N/A 13.5 N/A
RAGVL + MT 28.6 E5H] 27.0 727 30.7 37.9 Sl 343 34.8 40.3 33.4 36.8 30.3 BS1b]
GPT-5 Mini + RAG 26.8 30.1 249 27.3 28.7 33.6 28.1 30.8 329 35.5 29.3 322 28.6 30.4
Claude 4.5 Sonnet + RAG 28.2 323 26.7 29.2 29.6 35.9 304 329 33.7 38.7 314 347 29.4 322
DeepSeek V3.1 + RAG 24.6 27.1 213 245 26.9 31.4 26.0 285 30.9 33.1 27.0 29.8 27.0 284
Search-R1 + MT 36.2 38.6 79.8 52.0 0.5 1.1 1°8 12 0.3 0.9 1.0 0.9 7.8 11.5
XM-RAG 36.7 37.1 85.6 51.8 38.3 44.5 57.1 50.0 429 44.2 67.9 53.6 38.1 50.4

Table 4: Performance of models on MURMUR by query modality. The image+text modality
contains only 13 questions and results should be interpreted as a pilot finding given the high
variance at this scale. Frontier model version strings and access dates are Claude 4.5 Sonnet
with claude-sonnet-4-5-20250929, GPT-5 Mini through Azure deployment gpt-5-mini
with api_version=2024-12-01-preview, and DeepSeek V3.1 with deepseek-chat-v3-0324
and api_version=2024-12-01-preview. All frontier models were accessed in November
2025.

baseline on English multimodal QA settings in its original evaluation regime, making it a
strong upper-bound-style reference before translation into LRLs (Chen et al., 2024). Search-
R1 is a search-centric reasoning retriever designed to increase retrieval depth/coverage,
which we pair with machine translation (Search-R1+MT) to test whether stronger text-side
retrieval alone transfers to multimodal LRL QA (Jin et al., 2025).

5.1 Maetrics and Protocol

We report QA-Accuracy for answer quality, specifically QA-Acc is a token-overlap score
between prediction and reference answer reported as a percentage. For retrieval we report
P@10, R@10, and F1@10. We tokenize predictions and references with the mT5 Senten-
cePiece tokenizer. Before scoring we apply Unicode NFC normalization and whitespace
normalization, then we apply a small language specific suffix normalization list for common
Tamil and Yoruba inflectional variants. MURMUR uses a full-wiki setup, so systems retrieve
from large corpora instead of fixed candidate sets. We also report NDCG@10 in Table 20 in
Appendix O and additional retrieval metric definitions and results in Appendix K. Human
calibration of QA-Accuracy is reported in Table 24 in Appendix S. This protocol evaluates
the complete cross-lingual KBQA pipeline, not only final generation.

5.2 Main Benchmark Results

Table 4 shows three robust trends. First, retrieval augmentation is necessary for this bench-
mark: non-retrieval translation systems underperform retrieval-based models by a wide
margin, consistent with prior RAG findings for KBQA (Lewis et al., 2020; Chen et al., 2022).
Second, multimodal alignment is the dominant challenge in LRL settings. Methods that are
competitive on text-only subsets deteriorate substantially on image and image-+text queries,
indicating that text transfer alone does not solve cross-modal evidence grounding. Third,
XM-RAG maintains strong scores across all modalities rather than overfitting to a single
regime.

The overall margin is substantial. XM-RAG reaches 38.1 QA-Accuracy and 50.4 F1, com-
pared with 30.3/33.5 for RAGVL+MT and 29.4/32.2 for Claude 4.5 Sonnet+RAG. This
represents an 8.7-point QA-Accuracy gain over the strongest translation-heavy retrieval
baseline and an 18.2-point gain over the best translation-only frontier model. On im-
age+text queries, the hardest setting, XM-RAG improves QA-Accuracy to 42.9, while GPT-5
Mini+RAG and DeepSeek V3.1+RAG remain at 32.9 and 30.9. These differences indicate that
direct LRL encoding plus multimodal retrieval is not just incrementally better; it changes
failure behavior in the highest-complexity regime.
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Beyond QA-Accuracy, Table 4 reports P@10, R@10, and F1@10 for all retrieval-capable
systems across modalities. Extended retrieval metrics including P@2, R@2, P@5, R@5, and
NDCG@10 are reported in Appendix K and Appendix O.

Bootstrap confidence intervals based on 10,000 resamples are reported in Table 25 in Ap-
pendix T. XM-RAG has a 95% interval of [35.2,41.0], whose lower bound exceeds the upper
bound of every competing retrieval-capable system.

Retrieval statistics provide additional insight into model behavior. Search-R1+MT obtains
strong text recall (R@10 = 79.8) and the highest text F1@10 (52.0), but this does not transfer to
multimodal conditions, where image and image+text QA collapse to 0.5 and 0.3. This recall-
accuracy decoupling suggests that raw retrieval volume is insufficient without evidence
calibration and cross-modal consistency. XM-RAG yields both high recall and high end-task
accuracy, implying better retrieval selectivity and fusion quality under linguistic shift.

5.3 Discussion of Translation Failure

The translation-first paradigm remains attractive in cross-lingual retrieval (Asai et al., 2021;
2022), but MURMUR exposes its limits for multimodal KBQA. Errors compound at three
points: (1) semantic drift during query translation, (2) retrieval mismatch in a high-resource
semantic space that omits local cues, and (3) generation drift when mapping the answer
back into the target language. This compounding effect is particularly severe for culturally
rewritten prompts and entity-localized phrasing, where literal translation can remove
answer-critical anchors.

The failure pattern is not only linguistic but also structural. Translation-based pipelines
often retrieve partial evidence from one modality and fail to align it with complementary
evidence from another modality. The performance gap between text-only and image+text
columns in Table 4 demonstrates this misalignment clearly. In contrast, XM-RAG encodes the
original LRL query directly and re-ranks with cross-modal signals, reducing this modality
fragmentation.

54 XM-RAG Ablation Analysis and Significance

Model QA-Acc | F1
XM-RAG (full) 381 | 504
w /0 cross-encoder reranker 37.2 49.4

Table 5: Core ablation on MURMUR. Removing the reranker hurts both answer quality and
retrieval quality.

Table 5 confirms that the reranker is a meaningful contributor rather than a cosmetic add-on:
removing it causes a 0.9-point drop in QA-Accuracy and a 1.1-point drop in F1. Given
the strong baseline level and the breadth of modalities, this degradation is non-trivial. It
indicates that upstream retrieval candidates contain enough signal, but answer quality
depends on correctly prioritizing cross-modal evidence before generation.

The broader ablations in Appendix M strengthen this conclusion. Encoder choice is the
highest leverage design decision. On text+image questions, replacing M-CLIP with BGE
decreases QA-Accuracy from 42.9 to 35.8, P@10 from 44.2 to 33.7, and R@10 from 67.9 to 54.3.
These main-paper results show that retrieval losses translate into answer quality losses. The
reranker and fusion block then determine how much of that retrieved signal becomes usable
reasoning context. Together, these results support a pipeline view where representation
quality and evidence ordering interact multiplicatively.

Generalization results further validate the architecture. On English MMQA (Appendix P),
XM-RAG reaches strong retrieval (e.g., table Hit@10 = 96.8) and competitive generation
(EM 30.8, F1 35.2 at K=5), indicating that the model does not overfit to a narrow LRL-only
distribution. Instead, improvements transfer across language settings while preserving
multimodal reasoning capacity.
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5.5 Failure Modes

The full failure distribution is 31.2% cross-lingual retrieval mismatch, 28.7% multi-hop
reasoning errors, 25.6% visual understanding errors, and 14.5% answer generation errors.
Within image-only failures, visual understanding accounts for 41.3%. Representative ex-
amples are reported in Appendix H, Appendix I, and Appendix J. These trends align with
findings from multilingual and multimodal QA literature, where retrieval quality alone
does not fully resolve compositional reasoning bottlenecks (Talmor et al., 2021; Chang et al.,
2022).

5.6 Appendix Roadmap

For completeness, we reference all supplementary artifacts here. Prompt templates and
translation examples are in Table 6 (Appendix A) and Table 7 (Appendix B). Sample bench-
mark records are shown in Appendix C (Table 8) and Appendix N (Table 19). Qualitative
output behavior is shown in Appendix D (Table 9) and Appendix E (Table 10).

Detailed failure categorization is in Appendix G (Table 12), with representative cases in
Tables 13, 14, and 15. Retrieval metric definitions and additional @2 /@5 comparisons are in
Appendix K and Table 16. De-anglicization examples appear in Appendix L and Table 17.
Component ablations and reranking diagnostics are reported in Table 18 (Appendix M)
and Table 20 (Appendix O). Additional MMQA transfer results are in Tables 21 and 22
(Appendix P), and non-retrieval baselines are in Appendix Q.

6 Conclusion

We present MURMUR, a benchmark for cross-lingual multimodal KBQA in Tamil and
Yoruba. We also present XM-RAG, a strong baseline for this setting. MURMUR adds hard
cases, native-speaker validation, and culturally aligned rewriting. XM-RAG sets the best
overall result in our benchmark (38.1 QA-Acc, 50.4 F1). The gap to English benchmarks
remains large. This gap shows that low-resource multimodal QA in realistic settings is still
a significant open problem.

7 Limitations

MURMUR currently covers two languages. The benchmark is also small by design because
each item needs manual validation and cultural rewriting. English-heavy evidence sources
may under-represent local knowledge. XM-RAG is a baseline, not a final architecture.
Future work should add more languages, larger evidence sources, and stronger multilingual
retrievers and generators. The data construction pipeline (hard-case mining, translation,
cultural alignment, and native-speaker validation) is intentionally modular and can be
reused to extend MURMUR-style evaluation to additional languages.

Reproducibility Statement

The code used in this paper can be found here. The steps to reproduce the results are:

1. Clone the repository.
2. Install dependencies using pip install -r requirements.txt

3. Download the MURMUR benchmark from https://huggingface.co/datasets/
anonymous132145/MURMUR.

4. Download the supporting context images from here.
5. Follow all instructions in README . md.

After running the code as outlined in the repository, you should be able to reproduce the
evaluation metrics reported in Table 4.


https://anonymous.4open.science/r/xmrag-repro-32C0/
https://huggingface.co/datasets/anonymous132145/MURMUR
https://huggingface.co/datasets/anonymous132145/MURMUR
https://multimodalqa-images.s3-us-west-2.amazonaws.com/final_dataset_images/final_dataset_images.zip
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LLM Statement

LLMs were used in this paper to aid and polish writing and experimental code.
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A Translation Prompt

Yoruba Few-Shot Examples

Tamil Few-Shot Examples

Example 1:

English: After World War I, a new political
landscape emerged in the Middle East.
Yoruba: Leyin Ogun Agbaye Kiini, iselu
tuntun kan farahan ni Aarin Gbungbun
Ile-Aye.

Example 2:

English: The film “Moonlight” won the
Academy Award for Best Picture.

Yoruba: Fiimu “Moonlight” gba Ami-eye
Akademi fun Fiimu To Dara Ju Lo.

Example 3:

English: A well-known saying is “the early bird
catches the worm.”

Yoruba: Asa ati ise ti a mo ju ni pe “eye aaro ni
nmu kokoro.”

Example 1:

English: The police were called to the scene.
Tamil: kaavalthuraiyukku anda idaththirkku
vara azhaippu vidukkappattadhu.

Example 2:

English: The new species of butterfly was
discovered in the rainforest.

Tamil: oru puthiya pattampuuchi inam mazhai
kaatil kandupidikkappattadhu.

Example 3:

English: The chef prepared a delicious meal
using fresh, local ingredients.

Tamil: samayalkaarar puthiya, ulloor
porutkalai payanpaduthi oru suvaiyana
unavai thayariththaar.

Translation Prompt:

You are an expert linguist and translator. Your task is to translate a Question-Answer pair
from English to the target language. You must maintain the integrity of the question and
ensure the translated answer remains a correct, verbatim excerpt from the translated context.

Instructions:

1. Translate the question to the target language.

2. Translate the answer to the target language.

3. The translated answer must be a direct, literal substring of the translated text (not
paraphrased).

4. Maintain the original format and structure.

5. Ensure all questions and answers are posed as a native speaker would ask and answer.

Your Task:
Source Question: {source_question}
Source Answer: {source_answer}

Table 6: Few-shot exemplars and translation prompt used for creating MURMUR.
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B Translation Examples

Friesland between 841
and 873, was the uncle
of a Viking leader who
raided the British Isles,
West Francia, Frisia,
and Lotharingia in the

English Question English  An-| Yoruba Question / An-| Tamil Question / An-
swer swer swer
Who sings the most | Asha Bhosle Tani o korin opolopojulo | ulagil adhika paadal-
songs in the world? ni gbogbo agbaye? /| galai paadiyavar yaar? /
Asha Bhosle Aasha Bhosle

How many colors are | 4 Awon awo meloo lo | paayind skaihaaks logo-
in the Point Skyhawks wa ninu ami Point Sky- | il etthanai niRangal ul-
logo? hawks? / 4 lana? / 4

Danish Viking, who | Roricus, Viking Denmark, ti o |841 muthal 873 varai
ruled over parts of | Rorichus je oba lori apa kan ti | freeslandin pagudigalai

Friesland laarin odun
841 ati 873 je aburo
baba tabi iya fun olori
Viking kan ti o kolu
Erekusu Britani, Iwo-
oorun Francia, Frisia, ati

860s and 870s? Lotharingia ni ogorun- | thalaivarin maamaa
un odun kesan-an ati | yaar? /  Rorikus,
ogorun-un odun kewaa? | Rorichus

/ Roricus, Rorichus

aatchi seidha danish
viking, 860kal matrum
870kalil british theevu-
gal, merku Francia, frisia
matrum lotharingia-
kolaiyaditha oru viking

Table 7: Examples of English questions and answers with Yoruba and Tamil translations.

C Sample Perturbed Data Point

Field
Qen (English Question)

Content

If a partial seizure spreads to the cortex, it can result in
what type of tonic-clonic seizure?

Qrrr (Tamil Question) paguthi valippu moolaiyin puranukku paravinaal, adhu

endha vagaiyana tonic-clonic valippaga maaralaam?

Agn (English Answer) Grand mal
Ajrp (Tamil Answer) grand maal
Epmm (Supporting Context) | N/A

Scp (Ground Truth Docu-
ments)

Seizure types — Wikipedia (title only)
Generalized tonic-clonic seizure — Wikipedia (title only)
Note: Full URLs and snippets omitted for space.

Table 8: Example data point from MURMUR showing English and Tamil QA pairs, support-
ing context (if applicable), and gold source titles.
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D Sample Biased GPT Output

Field Content

Qen (English Question) Who sings the most songs in the world?
Qrrr (Yoruba Question) Ta ni o korin awon orin ju lo ni aye?
Acp (Gold Answer) Asha Bhosle

Agpr (GPT Answer) Fela Kuti

Table 9: Example of a biased GPT output where the model incorrectly localized the answer
to a Nigerian artist, despite the gold answer being Asha Bhosle.

E Sample XM-RAG Output with Retrieved Sources

Field Content

Qen (English Question) Which color is found on both the Estonia and Poland
Pavilion at Expo 2010?

Qrrr (LRL Question) Awo wo ni a ri lori Ile Igbimo Estonia ati Poland ni
Ifihan Agbaye 2010?

Agn (English Answer) Brown is found on both the Estonia and Poland Pavil-
ion at Expo 2010.

Arrr (LRL Answer) Awo burauni ni a ri lori Ile Igbimo Estonia ati Poland
ni Ifihan Agbaye 2010.

Axy XM-RAG Answer) Awo burauni naa lo wa lori Ile Igbimo Estonia ati

Poland ni Ifihan Agbaye 2010.

Scp (Gold Sources)
* Estonia Pavilion at Expo 2010 in Shanghai
urges action to save the cities.

¢ Polish Pavilion at Shanghai World Expo 2010.

Sxm (Retrieved Sources)

¢ Estonia Pavilion at Expo 2010 in Shanghai
urges action to save the cities.

¢ Polish Pavilion at Shanghai World Expo 2010.
¢ Polish Pavilion / WWA Architects.

* Estonian pavilion for Shanghai EXPO 2010 -
Identity.

¢ Expo 2010 pavilions.

Table 10: Example XM-RAG successful multi-hop reasoning through answering and re-
trieval.
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F Translation Quality Evaluation

Language | Sample Size | Adequacy (1-10) | Fluency (1-10) | Inter-Annotator Agreement
Tamil 150 8.3 8.1 x =0.78
Yoruba 150 8.1 7.9 x =074
Overall 300 8.2 8.0 x =076

Table 11: Translation quality evaluation for MURMUR. Two native speakers independently
rated adequacy and fluency using 10-point Likert scales; agreement is reported with Cohen’s
kappa (x).

Evaluation Protocol: Two native speakers independently rated each translation on 10-point
Likert scales. Disagreements resolved through discussion with a third annotator.

Rating Scale: Adequacy: 1 = completely incorrect meaning, 10 = perfect semantic preserva-
tion. Fluency: 1 = completely unnatural, 10 = native-like naturalness.

G Failure Mode Analysis

Failure Type Text-Only Image-Only |Image+Text Overall
Cross-lingual Retrieval | 32.1% 28.4% 35.7% 31.2%
Visual Understanding |0.0% 41.3% 29.8% 25.6%
Multi-hop Reasoning | 45.2% 18.9% 21.4% 28.7%
Answer Generation 22.7% 11.4% 13.1% 14.5%

Table 12: Distribution of failure modes across question types through systematic human
categorization of error cases from XM-RAG outputs on MURMUR. Failure mode catego-
rization was performed by the authors. Category definitions are grounded in observable
pipeline behavior. Cross-lingual retrieval mismatch is identified through retrieved docu-
ment overlap with gold evidence. Visual understanding failures are identified by correct
retrieval followed by an incorrect answer on image queries. Multi-hop failures are identified
through incomplete evidence chains. Independent annotation of a sample is left as future
work.
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H Cross-lingual Retrieval Failure Example

Field Content

Qen (English Question) How many people are in the painting of Sappho and
Phaon by Jacques-Louis David?

Qrrr (LRL Question) Jaak-luuyi Devid varainda Saappo matrum Paayon
oviathil eththanai per irukkiraargal?

Arn (English Answer) 3 people are in the painting of Sappho and Phaon by
Jacques-Louis David.

Arrr (LRL Answer) Jaak-luuyi Devid varainda Saappo matrum Paayon
oviathil 3 per irukkiraargal.

Axy (XM-RAG Answer) Jaak-luuyi Devittin oviangal patri thagaval kidaikkav-
illai.

Scp (Gold Sources)

* Jacques-Louis David - Sappho and Phaon -
WGA6092

Sxm (Retrieved Sources)
¢ Jacques-Louis David paintings overview

¢ French neoclassical art collection
* David historical paintings
¢ 18th century French artists

Cross-lingual encoding failed to match “Saappo” with “Sap-
pho”.

Table 13: Example XM-RAG cross-lingual retrieval failure due to semantic drift in proper
name encoding.
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I Visual Understanding Failure Example

Field Content

Qen (English Question) Looking at Zocalo from Torre Latino Americana how
many yellow buildings can be seen?

Qrrr (LRL Question) Ni wiwo Zocalo lati Torre Latino Americana, ile pupa
melo ni a le ri?

Arn (English Answer) Looking at Zocalo from Torre Latino Americana, one
yellow building is visible.

Ajrr (LRL Answer) Ni wiwo Zocalo lati Torre Latino Americana, ile pupa
kan ni a le ri.

Axpm XM-RAG Answer) Ni wiwo Zocalo lati Torre Latino Americana, awon ile
pupo ni a le ri.

Scp (Gold Sources)
® Zocalo and surroundings as seen from Torre
Latinoamericana, Mexico City

Sxm (Retrieved Sources)
® Zocalo and surroundings as seen from Torre
Latinoamericana, Mexico City

* Mexico City aerial views
¢ Torre Latinoamericana observation deck

¢ Historic center Mexico City

® Zocalo plaza architecture

Table 14: Example XM-RAG visual understanding failure in fine-grained object counting
and color identification.

18



Published as a conference paper at COLM 2026

J Multi-hop Reasoning Failure Example

Field Content

Qen (English Question) Which candidate announced their run for president
later; Gary Johnson or Michelle Bachmann?

Qrrr (LRL Question) Athipar pathavikkaana thangal pottiyai yaar pinthi
arivitthaar; Kaeri Jaansanaa allathu Mishel Baak-
manaa?

Agn (English Answer) Michelle Baakmanaa

Ajrr (LRL Answer) Mishel Baakman

Axpm XM-RAG Answer) Kaeri Jaansan

Scp (Gold Sources)

¢ Gary Johnson 2012 presidential campaign -
Wikipedia

* Michele Bachmann 2012 presidential campaign
- Wikipedia

Sxm (Retrieved Sources)

¢ Gary Johnson 2012 presidential campaign -
Wikipedia

* Michele Bachmann 2012 presidential cam-
paign - Wikipedia

¢ 2012 Republican primary candidates

¢ Presidential campaign announcements 2011

* Gary Johnson political career

Table 15: Example XM-RAG multi-hop reasoning failure in temporal comparison synthesis
across retrieved documents.

K Expanded Retrieval Baseline Metrics and Definitions

| Retrieved; N Ground Truth Documents |
k

Prec@k =

| Retrieved; N Ground Truth Documents |
|Relevant|

Rec@k =

Prec@k - Rec@k

F1 =2 -
@k Prec@k + Rec@k
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Text Image Image+Text
Model P@2 R@2 P@5 R@5 | P@2 R@ P@5 R@5 | P@2 R@2 P@5 R@5
Text-Only RAG 172 169 171 168 | 0.6 0.5 0.5 0.5 0.9 0.7 0.8 0.7
Monolingual RAG 183 176 180 177 | 109 113 109 112 | 9.9 9.8 9.9 9.8
RAGVL + MT 334 273 306 279 | 378 316 364 332 | 396 342 381 337
GPT-5 Mini + RAG 302 447 319 458 | 324 278 331 296 | 357 302 362 314
Claude 4.5 Sonnet + RAG | 32.1 47.6 333 49.8 | 338 302 351 324 | 362 334 370 342
DeepSeek V3.1 + RAG 273 379 286 387 | 282 243 297 261 | 317 282 329 296
Search-R1 + MT 401 697 416 718 | 0.6 0.8 0.9 11 0.5 0.9 1.0 1.2
XM-RAG 434 738 445 756 | 476 621 50.8 592 | 440 688 492 67.3

Table 16: Retrieval-only metrics (P@2, R@2, P@5, R@5) for all retrieval baselines on MUR-
MUR, split by modality. Translation-to-HRL models excluded.

L De-Anglicized QA Pair Examples

Answer
(LRL)

Rewritten Ques-
tion (LRL)

Original English | Original Trans-| English Rewrit-

Question

lated Question

ten Question

How many colors
are in the Point
Skyhawks logo?

Awon awo_méloo
16 wéa ninu ami
Point Skyhawks?

How many colors
are there in the
Shooting  Stars
football team
logo?

Awo méloo ni o
wa ninu ami egbé
boolu  Shooting
Stars yii?

3
(Yoruba)

How many colors
are in the Point
Skyhawks logo?

Paayint Skyhawks
logovil ethanai ni-
rangal ullana?

How many col-
ors are there in
the Chennai Super
Kings team logo?

Chennai  Super
Kings team lo-
govil ethana
vannam irukku?

3 (Tamil)

What is at the top
of the logo for Es-
porte Clube Santo
Andre?

Ki ni 6 wé ni oke
ami Esporte Clube
Santo Andre?

What is at the top
of the logo for
Crown FC?

Ki 16 wa 16ri ami
1dije agba Crown
FC naa?

adé
(Yoruba)

What is at the top
of the logo for Es-
porte Clube Santo
Andre?

Club
Andre-in
mel

enna

Esporte
Santo
logo-vin
dhugalil
ullathu?

Look at the Chen-
nai Super Kings
team logo - what’s
on it?

Chennai  Super
Kings ani logo
paaru - athoda
mela gathula enna
irukku?

kridam
(Tamil)

What position are
James  Brown’'s
hands in?

Ipo wo ni owd
James Brown wa?

How are Fela

Kuti’s hands?

Ki ni oraké oke ti
ori Fela Kuti wa
si?

ikauka
(Yoruba)

What position are
James  Brown’'s
hands in?

James Brown-in
kaigal entha ni-
laiyil ullana?

What  position
are Rajinikanth’s
hands?

Rajinikanth
kaigal eppadi
vachirukkaar?

mushtigal
(Tamil)

Table 17: Examples of de-anglicized QA pairs, showing original English questions, original
translated questions, English rewritten questions, rewritten LRL questions, and LRL answers
for Yoruba and Tamil. Yoruba uses LaTeX accents for tonal letters. Tamil rewritten questions
are fully transliterated.
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M Single-Component Ablations by Mode
Mode Component Changed | Swap Variant QA-Acc | P@10 | R@10
Text-only Encoder Baseline (M-CLIP) 36.8 37.1 85.6
Text-only Encoder BGE 33.6 33.2 74.2
Text-only Generator Baseline (mT5) 36.8 37.1 85.6
Text-only Generator flan-T5-large 36.1 39:2 83.1
Image-only | Encoder Baseline (M-CLIP) 31.6 445 57.1
Image-only | Encoder BGE 26.8 35.6 46.1
Image-only | Generator Baseline (mT5) 31.6 445 57.1
Image-only | Generator flan-T5-large 30.2 41.2 55.5
Text+Image | Encoder Baseline (M-CLIP) 429 442 67.9
Text+Image | Encoder BGE 35.8 33.7 54.3
Text+Image | Generator Baseline (mT5) 429 442 67.9
Text+Image | Generator flan-T5-large 40.7 40.4 66.3

Table 18: Single-component ablations of XM-RAG, reported separately for each modality
mode (text-only, image-only, text+image). Metrics include QA-Accuracy, Precision@10, and
Recall@10

N Sample Data Point Requiring Image Reasoning

Field

Content

Qen  (English Ques-
tion)

Which religion raises an upraised palm like the Jains do in
India and in our cities?

Qrrr (Yoruba Ques-
tion)

Esin wo lo maa n gbe owo soke ti awon Jains n se ni India
ati ni awon ilu wa yii?

Agn (English Answer)

Islam

Arrr (Yoruba Answer)

Isilamu

Epm (Supporting Con-
text)

Metadata

Question ID: ¢81c4000{886ed9ebe29f8989088575¢
Dataset Source: MMQA
Modalities: Text + Image
Unique LRL Item
be29£8989088575e_yoruba

ID: ¢81c4000£886ed9e

Table 19: Example MURMUR data point for Yoruba, including rewritten culturally aligned
question, translated answer, and multimodal supportive image.
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O Evaluation of Re-Ranker (NDCG@10)

Retrieval Baseline | Text | Image | Image+Text | All
XM-RAG 79.6 | 50.0 64.3 64.6

Table 20: NDCG@10 for retrieval baselines on MURMUR across query modalities.
Translation-to-HRL models are excluded.

P XM-RAG Performance on English Dataset (MMQA)

The following results verify that XM-RAG does not overfit to the LRL distribution and that
the multilingual retrieval and fusion design transfers to English settings. These results are
not intended as a claim of state-of-the-art performance on MMQA.

K ‘Hit@K P@K Rec@K MRR@K NDCG@K
Text Retrieval

5 | 628 303 575 50.0 59.2
10 | 68.7 340 644 50.8 51.6
20 | 73.3 36.8 699 51.1 63.0
50 | 78.7 37.1 76.1 51.3 64.3
Table Retrieval
5 | 949 39.0 949 87.5 89.4
10 | 96.8 39.7 968 87.8 90.0
20 | 98.1 419 981 87.9 90.3
50 | 99.1 420 991 87.9 90.5
All Modalities (Text + Table + Image)
5 32.3 284 272 45.7 53.9
10 | 353 246  30.0 46.1 55.0
20 | 37.6 225 321 46.2 55.6
50 | 404 211 342 46.3 56.1

Table 21: Retrieval performance of XM-RAG on the MMQA dataset. Metrics reported:
Hit@K, Precision@K, Recall@K, MRR@K, NDCG@K.

K |[EM F
Text-only

5 299 353

10 | 275 31.8

20 | 275 3138

50 | 275 318
Table-only

5 | 326 4138

10 | 30.2 382

20 | 30.2 382

50 | 30.2 38.2

Text + Table + Image Fusion

5 | 308 352

10 | 264 321

20 | 26.0 30.7

50 | 26.0 30.7

Table 22: Generation performance of XM-RAG on the MMQA dataset. Metrics reported:
Exact Match (EM) and token-level F1 at different top-K retrieval sizes.
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Q Non-Retrieval Baselines Including Prompt Tuning and Direct
Inference

Model

GPT-40 (Direct LRL Inference)

GPT-40 (CoT + Translation — HRL)
GPT-40 (Translation — HRL)

GPT-5 Mini (Direct LRL Inference)

GPT-5 Mini (CoT + Translation — HRL)
GPT-5 Mini (Translation — HRL)

Claude 4.5 Sonnet (Direct LRL Inference)
Claude 4.5 Sonnet (CoT + Translation — HRL)
Claude 4.5 Sonnet (Translation — HRL)
DeepSeek V3.1 (Direct LRL Inference)
DeepSeek V3.1 (CoT + Translation — HRL)
DeepSeek V3.1 (Translation — HRL)

Text | Image | Image+Text | Overall

Table 23: Non-retrieval baselines on MURMUR. Only QA accuracy is reported per modality
and overall. Retrieval metrics are not applicable.
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R Experimental Setup and Computing Resources

The experiments were conducted using a dedicated GPU cluster for training and inference
on large models. Below are the specifications and details:

GPU Resources: The main experiments were performed on a cluster equipped with 2x
NVIDIA A100 SXM4 GPUs with 40GB VRAM each and 251GB system RAM. The 251GB
figure refers to system RAM, not GPU memory. These GPUs provided high-throughput
tensor core acceleration suitable for challenging multimodal and multilingual KBQA tasks.

CPU Resources: The cluster included 16 vCPUs, which were used for data preprocessing,
baseline evaluations, and lightweight model inference tasks alongside GPU computations.

Memory: The cluster provided 251GB of system RAM for large datasets, multimodal inputs,
preprocessing, and batch execution.

Storage: Experiments utilized high-speed SSD storage on the cluster to handle the 1,436
KBQA examples from the benchmark, including multimodal inputs such as images and
structured knowledge representations.

Experiment Details:

* RAMOQA and SKURG: Running RAMQA and SKURG on the benchmark took
approximately 5 hours for WebQA and 3 hours for MultimodalQA. These times
reflect the complexity of reasoning across multiple hops and modalities.

* Baseline Models: Running all other baseline models on the same benchmark is
estimated to take an additional 2-4 hours each, considering the relatively small
dataset size (1,436 examples) but challenging multimodal multi-hop questions. This
estimate accounts for per-sample inference times, preprocessing overhead, and
model loading times on the cluster.

Total Computing Time: In total, including running RAMQA, SKURG, and all baseline
models, the experiments required roughly 10-15 GPU hours and approximately 20-25 CPU
hours on the cluster for preprocessing and supporting tasks. This configuration ensured that
all models could be executed efficiently while handling the high memory and computational
demands of multimodal KBQA reasoning tasks.
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S Human Evaluation Calibration of QA-Accuracy

To validate QA-Accuracy as a reliable signal, we sampled 50 XM-RAG predictions with
25 Tamil predictions and 25 Yoruba predictions. Native-speaker volunteers judged each
prediction as semantically correct or incorrect regardless of exact wording match. We report
Spearman correlation between the continuous QA-Accuracy score and the binary human

judgment.
Language | N | QA-Acc Auto | Human Correct | Spearman r
Tamil 25 37.2 44.0% 0.73
Yoruba 25 38.6 40.0% 0.78
Overall 50 379 42.0% 0.76

Table 24: Calibration of automatic QA-Accuracy against native-speaker semantic correctness

judgments.

Human correct rates are slightly higher than QA-Accuracy in both languages, which is
consistent with token overlap penalizing valid paraphrases. The slightly lower Spearman
correlation for Tamil reflects the known challenges of token overlap for agglutinative
morphology. Overall alignment is strong enough to support cross-system comparison.
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T Bootstrap Confidence Intervals for QA-Accuracy

We report bootstrap confidence intervals based on 10,000 resamples of overall QA-Accuracy
for all retrieval-capable systems.

Model QA-Acc 95% CI
Text-Only RAG 4.6 [3.1,6.2]
Monolingual RAG 18.2 [15.8,20.7]
RAGVL + MT 30.3 [27.4,33.1]
GPT-5 Mini + RAG 286 | [25.8,31.5]
Claude 4.5 Sonnet + RAG 294 [26.6,32.3]
DeepSeek V3.1 + RAG 27.0 [24.2,29.9]
Search-R1 + MT 7.8 [6.1,9.6]
XM-RAG 381 | [35.2,41.0]

Table 25: Bootstrap confidence intervals for overall QA-Accuracy using 10,000 resamples.
XM-RAG’s lower bound of 35.2 exceeds the upper bound of every competing system. This

result confirms that the performance advantage is reliable and is not attributable to variance
from the benchmark scale.
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U Downstream QA Effect of Cultural Alignment

To measure the downstream QA effect of cultural alignment, we ran XM-RAG and
RAGVL+MT on the pre-rewrite question set and the post-rewrite final MURMUR ques-
tion set against the same retrieval corpus and gold answers. Pre-rewrite questions were

recovered through the traceability metadata described in Section 3.5.

Setting

RAGVL+MT QA-Acc

XM-RAG QA-Acc

Pre-rewrite translated questions
Post-rewrite MURMUR questions
Difference

32.1
30.3
-1.8

37.8
38.1
+0.3

Table 26: Downstream QA comparison before and after culturally aligned rewriting using
identical gold answers and evidence corpora.

Cultural alignment introduces locally grounded entities that create retrieval friction for
translation-dependent pipelines. RAGVL+MT drops 1.8 points after rewriting as anglicized
entity names are replaced with culturally localized ones. XM-RAG remains approximately
stable across both settings and its difference is within expected noise. This contrast shows
that cultural alignment specifically disadvantages translation-dependent retrieval while
leaving direct LRL encoding largely unaffected.
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