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Abstract

Large Language Models (LLMs) demonstrate
varying performance across languages and cul-
tural contexts. This study introduces a novel,
culturally-rich, multilingual dataset derived
from video recordings of the Romanian game
show "Who Wants to Be a Millionaire?" (Vrei
sd fii Milionar?). We employed an innova-
tive process combining optical character recog-
nition (OCR), automated text extraction, and
manual verification to collect question-answer
pairs, enriching them with metadata includ-
ing question domain (e.g., biology, history),
cultural relevance (Romanian-specific vs. in-
ternational), and difficulty. Benchmarking
state-of-the-art LLMs, including Romanian-
adapted models, on this dataset revealed sig-
nificant performance disparities: models con-
sistently achieve higher accuracy (80-95%) on
international questions compared to Romanian-
specific cultural questions (50-75%). We fur-
ther investigate these differences through exper-
iments involving machine translation of Roma-
nian questions into English and cross-lingual
tests using a comparable dataset in French.
Our findings underscore the impact of cultural
context and data source on LLM performance
and offer practical insights for building robust,
culturally-aware multilingual NLP systems, es-
pecially in educational domains. The dataset is
publicly available at Hugging Face.

1 Introduction

The rapid advancement of large language models
(LLMs) has transformed many NLP tasks, includ-
ing question answering, summarization, and trans-
lation. However, most evaluations focus on high-
resource languages like English, leaving a gap in
understanding LLLM performance in lower-resource
and culturally diverse contexts.

*Equal contribution.
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To address this, we introduce a Romanian-
language dataset derived from Vrei sd fii mil-
ionar?, the local version of "Who Wants to Be
a Millionaire?" !. Publicly available on Hugging
Face 2, the dataset was compiled directly from
video recordings, requiring structured data extrac-
tion from a dynamic visual format rather than
standard text corpora. It reflects authentic lan-
guage in a culturally specific, conversational quiz
show setting. Each question is annotated for cul-
tural relevance—Romanian-specific vs. interna-
tional—and labeled by difficulty (easy, medium,
hard).

Evaluating LLMs in Romanian presents chal-
lenges due to complex grammar, rich vocabulary,
and limited NLP resources. We examine how
current models handle Romanian multiple-choice
question answering (MCQA), focusing on cultural
knowledge and the impact of Romanian-specific
fine-tuning. Benchmarking open-source LLMs, in-
cluding Romanian-adapted ones, reveals how lan-
guage and cultural grounding affect performance.
Our results highlight both the strengths and lim-
itations of multilingual LLMs in culturally rich
settings and support the development of more ro-
bust NLP systems for underrepresented languages
like Romanian.

2 Related Work

2.1 Linguistic and Cultural Diversity in LLM
Evaluation

LLMs such as GPT-4 (OpenAl, 2023), PaLM
(Chowdhery et al., 2022), and LLaMA (Touvron
etal., 2023) have demonstrated strong performance
on many benchmarks. However, most evaluation
datasets remain heavily skewed toward English and
"https://en.wikipedia.org/wiki/Who_
Wants_to_Be_a_Millionaire

https://huggingface.co/datasets/
WWTBM/wwtbm
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other high-resource languages (Wang et al., 2022;
Nangia et al., 2021), limiting our understanding of
model generalization to diverse linguistic and cul-
tural contexts. While multilingual benchmarks like
XTREME (Hu et al., 2020) and XGLUE (Liang
et al., 2020) address this to some extent, they of-
ten lack deep cultural grounding and omit many
underrepresented languages.

More recently, efforts like the BOLD benchmark
(Dhamala et al., 2021) have begun to incorporate
cultural dimensions, particularly in evaluating bias.

2.2 Romanian NLP Datasets and Resources

Romanian, as a mid-resource language, has seen
increasing support through dedicated datasets
and benchmarks. The RoBERT model (Stefan
Daniel Dumitrescu et al., 2020), based on the origi-
nal BERT architecture and trained specifically for
Romanian, is not to be confused with RoBERTa
(Liu et al., 2019), a robustly optimized BERT ap-
proach pretrained on larger, English-focused cor-
pora. Foundational resources like CoRoLa (Tufig
et al., 2017) have further enabled robust pretrain-
ing and evaluation. More recently, the "Vorbesti
Romaneste?" initiative (Masala et al., 2024) intro-
duced a large-scale instruction-tuned Romanian
benchmark suite, along with open-source models
and datasets that significantly advance the capabili-
ties of Romanian LLMs across multiple evaluation
categories.

2.3 Language Models for Romanian and
Other Underrepresented Languages

Several transformer-based models have been
trained or adapted specifically for Romanian, such
as RoBERT and XLM-R (Stefan Daniel Du-
mitrescu et al., 2020; Conneau et al., 2020), which
include Romanian in their training data. However,
performance varies considerably across domains
and task types.

In the broader context of low-resource or
typologically diverse languages, initiatives like
Masakhane (Nekoto et al., 2020) and Americas-
NLP (Mager et al., 2021) promote community-
driven, culturally aware NLP development. These
efforts highlight the value of local expertise and par-
ticipatory approaches in building fair and effective
tools.

Related efforts include a Turkish “Who Wants
to Be a Millionaire?” dataset built from quiz show
questions and crowdsourced gameplay data (Aydin
et al., 2017), highlighting hybrid human-AlI reason-
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ing. In contrast, our dataset is derived from broad-
cast recordings and focuses on culturally grounded
LLM evaluation in Romanian.

In line with efforts to support underrepresented
languages, our work leverages non-traditional
data sources for NLP. Unlike typical Romanian
datasets based on written corpora, we extract
question-answer pairs from quiz show record-
ings. This yields a more dynamic linguistic sam-
ple—capturing spoken patterns and cultural refer-
ences—and shows how alternative modalities can
enhance Romanian NLP resources.

3 Dataset Creation

We developed a multilingual dataset centered on
the Romanian edition of the quiz show Who Wants
to Be a Millionaire?. The core of this resource is
the highly curated and annotated Romanian dataset.
To facilitate comparative and cross-lingual analysis,
we also translated this primary Romanian data into
English and curated parallel datasets in English
and French, following a similar structure where
possible. The creation process for the primary Ro-
manian dataset involved multiple steps, outlined
below.

3.1 Data Collection and Frame Extraction

The final dataset comprises 1,000 multiple-choice
questions collected from publicly available video
recordings. Approximately 400 questions origi-
nated from episodes aired between 2011-2012 3
obtained via Google Drive, and around 600 ques-
tions were extracted from 2018-2019 episodes
downloaded from YouTube.
/ y= -

Quels mots Orelsan répéte-t-il tout au long
de I'un de ses tubes de 2017 ?

o ——

- B:Ramzy et Eric
[ S———

+ C:Probléme métaphysique

»”
+ D:Laurel et Hardic

Figure 1: Example of question frame

Each video was analyzed frame-by-frame to cap-
ture screenshots precisely when the correct answer
turned green, signifying correctness. To avoid cap-
turing redundant frames, we skipped approximately
500 frames after each correctly identified question-
answer screenshot.

‘https://drive.google.
com/drive/folders/1zjO0P_
awwSm52uWQKc 9gMpEh25LrVEnC

*https://www.youtube.com/playlist?
1ist=PLvC_GslfsycShkx65zNpIqUhlgTuVI8UB
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3.2 Text Extraction and Diacritic Correction

Text  was extracted Google’s
gemini-1.5-flash-002 (Georgiev
et al, 2024) and structured into Q&A pairs.
Romanian diacritics were automatically re-
stored using a Romanian fine-tuned model

mt5-base-romanian—diacritics > ver-

sion of MTS5 (Xue et al., 2021), followed by
minimal manual correction.

using

3.3 Duplicate Removal

Duplicates were identified by calculating co-
sine similarity using embeddings generated with
jina—embeddings—v3 (Sturua et al., 2024).
Questions exceeding a similarity threshold of 0.9
were manually reviewed, resulting in the removal
of approximately 10 duplicates.

3.4 Metadata Annotation

Questions were enriched with relevant metadata,
including:

* Episode Air Date.

* Monetary Value (RON): Used as a proxy for
question difficulty.

* Difficulty Level: Easy, medium, and hard
(based on monetary value).

» Category: Art and Culture, Cinematography,
Gastronomy...

¢ Cultural Context: Romanian or International.
For example if a question asks about "Ti-
tanic" ->International whereas if the question
is about "Filantropica" -> then it is Romanian.

The distribution of questions across difficulty
levels (Figure 2) shows the distribution of questions
across difficulty levels

3.5 Cultural Context Categorization

Questions were automatically classified as
Romanian-specific or international using
Qwen2.5-72B-Instruct and manually
validated, resulting in a 28.4% / 71.6% split.

3.6 Topic Categorization

Questions were automatically assigned to 12 topic
domains using Qwen?2.5-72B-Instruct, fol-
lowed by manual verification and correction where

Shttps://huggingface.co/iliemihai/
mt5-base-romanian-diacritics
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Figure 2: Distribution of difficulty levels across
Romanian-specific and international cultural contexts.
Note the limited number of "hard" questions reflecting

contestant dropout at higher quiz levels.

Number of questions

Figure 3: Distribution of questions across topic cate-
gories.

necessary. The topic distribution is summarized in
Figure 3, which shows the number of Romanian-
specific and international questions across each
domain.

4 Methodology

We evaluated the performance of several state-
of-the-art LL.Ms, specifically chosen to represent
both general multilingual models and Romanian-
specific adaptations. The evaluation framework, in-
cluding model selection, configurations, prompting
strategy, and testing conditions, is detailed below.

4.1 LLM Selection and Configuration

We benchmarked a diverse range of models (7B-
72B parameters) covering various architectures, ca-
pabilities, and Romanian adaptations.

Inference  for  the largest ~ models
(Qwen2.5-72B, Llama-3.3-70B) uti-
lized the Hyperbolic API®; others were evaluated
locally (Kaggle, 2x NVIDIA T4 GPUs).

®https://hyperbolic.xyz
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Model

Llama-3.1-8B-Instruct (Grattafiori et al., 2024a)
Llama-3.3-70B-Instruct (Grattafiori et al., 2024b)
Gemma?2-9B-Instruct (Team et al., 2024)
Mistral-7B-Instruct-v0.1 (Jiang et al., 2023)
Aya-23-8B (Aryabumi et al., 2024)
EuroLLM-9B-Instruct (Martins et al., 2024)
Qwen?2.5-72B-Instruct (Yang et al., 2024)

Phi-4 (Abdin et al., 2024)

RoGemma2-9B-Instruct (Masala et al., 2024)
RoLlama3.1-8B-Instruct (Masala et al., 2024)
RoMistral-7B-Instruct (Masala et al., 2024)
Pansophic-1-preview (Pansophic, 2024)

Category

General Multilingual

Romanian Fine-tuned

Table 1: Evaluated LLMs used in the benchmark.

4.2 Experiments

We evaluated model performance across multiple
dimensions to assess capabilities in handling Ro-
manian language and cultural nuances. The experi-
ments were structured along three main axes:

1. Category-Based Evaluation: Performance
was measured separately for each of the 12
annotated topic categories (e.g., Art, History,
Science) to identify domain-specific strengths
and weaknesses.

2. Difficulty-Based Evaluation: Models were
assessed across easy, medium, and hard diffi-
culty levels (derived from game show mone-
tary value) to evaluate robustness to varying
challenge levels.

3. Cultural Context Evaluation: We per-
formed separate evaluations on Romanian-
specific versus international questions to iso-
late the impact of cultural context and identify
potential cultural knowledge gaps.

To further investigate cross-lingual and cultural
generalization, we also conducted experiments us-
ing:

¢ Comparable French and English Datasets:
To observe if performance patterns general-
ized across other languages, including another
Romance language.

* Romanian-English Translation: We trans-
lated the Romanian dataset into English and
re-evaluated models to help disentangle lin-
guistic understanding challenges from cultural
knowledge factors.

4.3 Prompt Design

To ensure consistent and comparable results across
all models, we standardized the prompt format.

Each prompt included the question text followed by
four multiple-choice answer options (a, b, c,
d). Models were explicitly instructed to respond
only with the letter corresponding to their chosen
answer. The prompt was structured as follows:

Please respond with only the letter corre-
sponding to the correct answer. Do not
include any additional text, explanations,
or punctuation.

Additionally, a system-level instruction was in-
cluded to further guide the model behavior:

You are a master of answering multiple-
choice questions who responds only with
the letter corresponding to the correct
answer.

Both prompts and system instructions were trans-
lated into Romanian to match the evaluation lan-
guage of the dataset. All evaluations were con-
ducted using a zero-shot prompting strategy.

4.4 Model Inference Configuration

To maintain consistent inference behavior and min-
imize randomness, the following parameters were
uniformly applied across all model runs:

* Max Tokens: 1 (restricting output to one char-
acter).

* Temperature:
sponses).

0 (fully deterministic re-

This setup was designed to elicit concise re-
sponses limited to "a", "b", "c", or "d". Man-
ual inspection showed that nearly all models fol-
lowed this format. The main exception was
RoMistral-7B, which produced longer outputs
(e.g., Raspunsul corect este b, EN: The correct an-
swer is b) in about 10-12% of cases.

4.5 Evaluation Pipelines

Evaluation procedures differed based on model
access. API-based models (Qwen2.5-72B,
Llama-3.3-70B) were queried via the Hyper-
bolic API using JSON requests, with built-in re-
tries for rate limits. Locally executed models pro-
cessed structured prompts directly using Hugging
Face Transformers and local tokenizers. For both
pipelines, failed or incomplete predictions were
consistently marked with a placeholder (* x’ ) for
standardized error handling.
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4.6 Performance Metrics

Model predictions were systematically compared
against ground-truth answers. Accuracy scores
were calculated separately for each testing con-
dition (cultural context, difficulty, and category),
providing insights into models’ relative strengths
and limitations, particularly concerning their un-
derstanding of Romanian language and cultural-
specific knowledge.

5 Results and Analysis

We evaluate model performance comprehensively,
focusing separately on cultural context, topic cate-
gories, and question difficulty.

5.1 Performance by Cultural Context

Table 2 reveals model accuracy based on cultural
context (Romanian-specific vs. international).

Model Romanian International Overall
RoGemma2-9B 60.3 91.5 82.8
Gemma2-9B 62.8 89.2 81.8
Llama-3.1-8B 52.3 79.1 71.6
RoLlama3.1-8B 48.7 84.2 74.3
Pansophic-1 50.5 79.8 71.6
Aya-23-8B 46.9 78.1 69.3
Mistral-7B 32.1 59.8 52.0
RoMistral-7B 49.1 84.1 74.3
EuroLLM-9B 70.7 88.2 83.3
Qwen2.5-72B 63.9 94.4 85.9
Llama-3.3-70B 75.8 96.5 90.7
Phi-4 56.3 85.2 77.1

Table 2: Model accuracy (%) by cultural context.

Analysis and Observations:

* Significant Cultural Gap: We investigated
whether there is a statistically significant
difference in model performance between
Romanian-specific and international ques-
tions.

The null hypothesis states that there is no dif-
ference in mean accuracy between Romanian-
specific and international questions across
models. For each of the 12 models, we com-
puted the mean accuracy separately on the
Romanian-specific and international subsets,
and then performed a paired t-test on these
per-model differences.

The test rejected the null hypothesis, show-
ing a statistically significant difference in
performance (¢(11) = 18.82, p < 0.001).
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This indicates that models perform signifi-
cantly better on international questions than
on Romanian-specific ones, highlighting the
challenge posed by cultural context.

e Top Model Performance: While
Llama-3.3-70B-Instruct achieves
the highest overall (90.7%) and international
(96.5%) scores, its accuracy still drops
significantly on Romanian-specific questions
(75.8%), indicating that large scale does not
fully overcome the need for specific cultural
knowledge.

* Difficulty Distribution Paradox: This per-
formance gap persists despite the Romanian-
specific subset having proportionally fewer
"Hard’ questions (Figure 2). This suggests that
even 'Easy’ or "Medium’ Romanian-specific
items pose greater intrinsic difficulty, likely
due to cultural facts, historical figures, or lin-
guistic nuances underrepresented in training
data.

* Fine-tuning Effects: Romanian fine-tuning
yields mixed results. RoGemma2-9B and
RoMistral-7B improved notably over
their base models, mainly on international
questions, suggesting better linguistic adap-
tation rather than direct cultural knowledge
gains.

* Smaller Model Struggles: Smaller models
like Mistral-7B and Aya—-23-8B strug-
gle significantly, particularly with Romanian-
specific questions, highlighting the combined
difficulty of handling a mid-resource language
and specific cultural content.

These results underscore the importance of eval-
uating LLMs within specific cultural contexts. Fur-
ther few-shot results (1-5 examples) are available
online’.

5.2 Performance by Topic Categories

To understand performance variations across differ-
ent knowledge domains, we analyzed model accu-
racy for each of the 12 topic categories. Figure 4
presents these results as a heatmap, offering a vi-
sual comparison across models and topics. The
topic categories on the x-axis are sorted by descend-
ing average accuracy across all models, indicating

"https://github.com/AntoniaPopovici/
ranlp-2025-few-shot-results
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generally "easier” topics on the left and "harder”
topics on the right.

RoGemma2-9B|- 99 100 96 90 &

Gemma2-9BF 95 100 93

Llama-3.1-8B | &7

Rollama3.1-8B| 92

Aya-23-88

Model

Mistral-78 &8

Accuracy (%)

RoMistral-78

EuroLLM-9B

Qwen2.5-72B| 97

Llama-3.3-70B | 99 95 96 96

Topic Category (sorted by average model accuracy)

Figure 4: Model accuracies by topic (categories sorted
by average score).

Analysis and Observations:
lights several key trends:

The heatmap high-

* Topic Difficulty Gradient: A clear perfor-
mance gradient exists, with topics like Sci-
ence, Religion, and Medicine (left side) gener-
ally yielding higher accuracies than Literature,
Music, and General Culture (right side).

* Model Scale Matters: Larger models
(Llama-3.3-70B, Qwen2.5-72B) dis-
play consistently high performance (more yel-
low/bright green) across nearly all categories.

 Specific Model Weaknesses: Smaller models,
particularly Mi st ral-"7B, show significant
weaknesses (darker cells) in multiple, often
lower-performing, categories.

* Fine-tuning Effects Visually: Romanian
fine-tuning shows noticeable benefits for
RoMistral-7B compared to its base.
Improvements for RoGemma2-9B appear
more targeted (e.g., Medicine), while
RoLlama3.1-8B shows less consistent vi-
sual improvement over its base.

Overall, the heatmap confirms that performance
varies significantly by topic, influenced by model
scale and targeted fine-tuning.

5.3 Performance by Difficulty Levels

Table 3 summarizes accuracy based on question
difficulty.
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Model Easy Medium Hard
RoGemma2-9B 84.7 79.2 84.2
Gemma2-9B 84.3 77.9 73.6
Qwen2.5-72B 86.4 82.8 94.7
Llama-3.3-70B 914 86.4 89.4

Table 3: Accuracy (%) by question difficulty level.

Observations:

e ,L1ama-3.3-70B and Qwen2.5-72B
show robustness across all difficulty levels.

* Smaller models generally see significant accu-
racy drops on medium and hard questions.

* Romanian-fine-tuned models often outper-
form their base models at higher difficulties.

5.4 Cross-Language Testing on French and
English Datasets

To investigate whether observed performance pat-
terns generalize beyond Romanian, we evaluated
models on comparable French and English datasets.
For each language, we used a sample consisting
of 35 hard, 165 medium, and 300 easy questions.
Table 4 shows the comparative accuracy.

Model Romanian French English
Gemma2-9B 81.4 76.4 88.8
Llama-3.1-8B 71.8 68.8 85.0
Aya-23-8B 73.4 66.0 77.6
Mistral-7B 52.6 47.2 75.6
EuroLLM-9B 74.2 70.6 79.6
Qwen2.5-72B 68.2 83.1 93.6
Llama-3.3-70B 77.0 82.2 94.0

Table 4: Accuracy (%) by language.

A consistent performance hierarchy emerges
across models, with accuracy highest in English,
followed by Romanian, and lowest in French (Ta-
ble 4). This likely reflects the dominance of English
in pre-training data. The lower French scores com-
pared to Romanian suggest language-specific chal-
lenges or dataset differences beyond language fam-
ily. While larger models like Qwen2 .5-72B and
Llama-3.3-70B show greater cross-lingual ro-
bustness, consistent performance across languages
remains challenging—highlighting the need for
continued language-specific evaluation in multi-
lingual NLP.



5.5 Translation-Based Comparison with
English

To isolate the impact of linguistic versus cultural
grounding, we translated all Romanian questions
into English and re-evaluated model performance.
By comparing responses to the original and trans-
lated versions, we analyzed whether discrepancies
arose from limitations in Romanian language un-
derstanding or from gaps in cultural knowledge.

Gemma2-9BF 81.8 80.2 100
80 ¢
EuroLLM-9B|  83.3 X
3 >
o ©
= 60 5
Qwen2.5-72BF  85.9 83.3 9
<

40
Llama-3.3-70BF  90.7 85.0

Original  Translated
Dataset version

Figure 5: Comparison between original and translated
Romanian dataset.

This experiment revealed that translation did
not help and, in fact, led to slightly worse per-
formance, highlighting the importance of native-
language benchmarks for fair and accurate evalua-
tion.

5.6 Illustrative Examples of
Culturally-Specific Questions

To illustrate the nature of the challenges posed by
the Romanian-specific subset (discussed in Sec-
tion 5.1), here are selected examples requiring lo-
calized knowledge. English translations are pro-
vided.

¢ Historical Context (Index 896): RO: In afari
de Marea Unire, domnia lui Ferdinand I a fost
marcatd si de: (EN: Besides the Great Union,
the reign of Ferdinand I was marked by:) An-
swer: Primul Razboi Mondial / World War 1.
Model prediction: loss of Bucovina. Commen-
tary: The English translation misses the Ro-
manian historical context, where Ferdinand’s
reign is more closely associated with WWI
than the loss of Bucovina.

* Geographical Knowledge (Index 958): RO:
Ce munti trebuie sd urci ca sd vizitezi Babele?

(EN: What mountains must you climb to visit
Babele?) Answer: Bucegi. Model prediction:
Fagdras. Commentary: The English transla-
tion doesn’t account for the specific location
of Babele in the Bucegi Mountains, leading to
the incorrect prediction of Fagaras.

¢ Idiomatic Expression (Index 918): RO: O
expresie veche romaneascd spune cd omul
care sperd lucruri irealizabile viseazd: (EN:
An old Romanian expression says that the man
who hopes for unachievable things dreams:)
Answer: cai verzi pe pereti / green horses
on walls. Model prediction: green and dried.
Commentary: A literal translation misses the
idiomatic meaning, which is culturally rooted
and nonsensical without Romanian-specific
knowledge.

These questions exemplify how the dataset probes
knowledge beyond internationally common facts,
demanding culturally embedded understanding.

6 Conclusions

We introduced WWTBM, a novel, culturally-rich
multilingual dataset derived from "Who Wants to
Be a Millionaire?" videos, designed for evaluating
LLMs on Romanian cultural nuances. Our bench-
marking revealed several key insights into model
performance at the intersection of language and
culture.

A significant performance gap consistently ap-
pears between international (high accuracy) and
Romanian-specific questions (lower accuracy)
across all tested models, including large-scale
ones like Llama—-3.3-70B-Instruct. This
highlights that current pre-training does not fully
capture deep cultural knowledge. Furthermore,
Romanian-specific fine-tuning showed mixed ef-
fects, sometimes improving linguistic adaptation
more than cultural knowledge retrieval.

Cross-lingual tests confirmed performance vari-
ations across languages (English > Romanian >
French). Notably, translating Romanian questions
to English decreased accuracy compared to the
original, underscoring the value and potential sub-
tleties of native-language benchmarks.

Overall, our findings stress the critical need
for culturally-grounded datasets like WWTBM
for robust LLM evaluation. Developing models
adept across diverse cultural contexts remains chal-
lenging but crucial, particularly for building effec-
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tive and equitable educational NLP applications.
WWTBM provides a valuable resource for advanc-
ing this research.

7 Ethical Considerations

The dataset used in this research was obtained
solely from publicly available video recordings of
the Romanian edition of Who Wants to Be a Mil-
lionaire?, accessible on platforms such as YouTube.
No private or restricted content was involved.

Screenshots were captured solely to extract text
using OCR. The resulting question-answer pairs
were manually verified and converted into struc-
tured, annotated text. No video, audio, or im-
age content is redistributed—only the derived text
dataset is shared. We believe this qualifies as aca-
demic fair use due to its educational purpose and
transformative nature.

The dataset is released as an open-source re-
source to support multilingual and culturally-aware
NLP research. No personally identifiable infor-
mation of participants or audience members is in-
cluded.

We acknowledge the importance of ethical use
and will address any concerns raised by content
owners. Any takedown or modification requests
will be honored. Future users are encouraged to
use the dataset responsibly and in accordance with
applicable copyright.

8 Limitations

While this study offers insights into multilingual
LLM performance on Romanian-specific and inter-
national content, several limitations remain.

First, the dataset is relatively small ( 1,000 ques-
tions) and sourced from a single quiz show. This
may limit statistical power, particularly for rare
topics and higher difficulty levels. Additionally,
the data reflects the structure and cultural focus of
the show, which may not fully represent broader
Romanian knowledge domains.

Second, we relied on automated tools (OCR,
LLM-based annotation) during dataset construc-
tion. Although manually validated, some annota-
tion errors may persist.

Third, our evaluation focuses on multiple-choice
questions with limited context, which may not cap-
ture the full range of language understanding. Per-
formance could differ on open-ended or reasoning-
heavy tasks.

Lastly, while most models evaluated are open-
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weight to support reproducibility, we included
Phi-4, accessed via AP, as a strong non-open
baseline. Other proprietary models (e.g., GPT-
4 (OpenAl, 2023), Claude (Anthropic, 2023), Gem-
ini (DeepMind, 2023)) were excluded due to licens-
ing restrictions, closed weights, and evolving APIs,
which hinder consistent benchmarking.

Future work will expand dataset coverage, ex-
plore open-ended formats, and include both clas-
sical and proprietary baselines to better support
Romanian-language NLP development.
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