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Abstract

Despite the impressive performance of mul-
tilingual large language models (mLLMs) in
various natural language processing tasks, their
ability to understand procedural texts, partic-
ularly those with culture-specific content, re-
mains largely unexplored. Texts describing cul-
tural procedures, including rituals, traditional
craftsmanship, and social etiquette, require an
inherent understanding of cultural context, pre-
senting a significant challenge for mLLMs. In
this work, we introduce CAPTex, a benchmark
designed to evaluate mLLMs’ ability to pro-
cess and reason over culturally diverse pro-
cedural texts in multiple languages. Using a
range of evaluation methods, we find that (1)
mLLMs struggle with culturally contextualized
procedural content, particularly in low-resource
languages; (2) performance varies across cul-
tural domains, with some proving more diffi-
cult than others; and (3) models perform bet-
ter on multiple-choice tasks presented in con-
versational formats than on direct questions.
These results highlight the current limitations
of mLLMs and emphasize the need for cul-
turally informed benchmarks like CAPTex to
support more accurate and inclusive language
understanding.'

1 Introduction

Procedural texts encompass a genre of writing that
provides systematic instructions or guidance to nav-
igate a sequence of actions or steps, aiming to
achieve a specific outcome. These texts are com-
mon in various fields, including technical docu-
mentation, user manuals, and cookbooks. The core
characteristic of procedural texts is their sequen-
tial and organized structure, with each instruction
building on the previous one to ensure readers can
successfully reach the intended outcome. Unlike

'This dataset is publicly released under a Creative
Commons license at https://huggingface.co/datasets/
AmirHossein2002/CAPTex

other writing styles, such as narrative or descriptive,
procedural texts emphasize clarity, accuracy, and
a straightforward progression of actions to enable
effective task completion.

Large Language Models (LLMs) have demon-
strated exceptional capabilities across various natu-
ral language processing (NLP) tasks, such as text
summarization (Jin et al., 2024), multi-modal ma-
chine translation (Shen et al., 2024a), solving com-
plex tasks modeled as state machines (Wu et al.),
and code generation and understanding (Wong
et al., 2023). Unlike traditional models that rely
on task-specific training, LLMs can be adapted
to a wide range of applications through effective
prompting strategies, making them suitable for di-
verse and dynamic contexts (Ouyang et al., 2022;
Dai et al., 2023).

One particularly significant application area for
LLMs is their ability to accurately interpret pro-
cedural texts. This capability is becoming in-
creasingly vital as these models are employed in
tasks like generating automated instructions and
facilitating human-computer interactions (Kosch
and Feger, 2024). In such scenarios, the demand
for clear, contextually appropriate, and executable
steps is critical. However, inaccuracies or ambi-
guities in interpreting procedural instructions can
result in miscommunication, errors, and inefficien-
cies. These issues are particularly concerning in
real-world domains such as healthcare, education,
and technical support, where precision and clarity
are paramount. Consequently, ensuring that LLMs
can reliably process procedural texts is essential
for their effective and responsible integration into
various systems.

Culture plays a fundamental role in both the cre-
ation and comprehension of procedures. A step-by-
step instruction in one culture may rely on shared
knowledge or tacit understanding that is absent in
others (Steffensen et al., 1979). For instance, in-
structions on performing a ritual practice may have
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Step Iran

Indonesia

1

The body is taken to the
cemetery for burial.

The traditional Toraja
house is prepared in si-
lence, and tools are gath-
ered.

2 The deceased’s body is  The body is wrapped, and
washed according to Is-  the coffin is decorated in
lamic rituals. a ritual performance.

3 Thebody is wrapped in A cultural parade is held,
a plain white shroud. transporting the body

from the house to the
burial site.

4 A special prayer is A traditional Toraja dance
performed for the de- is performed as part of the
ceased. ceremony.

5  The body is buried fac- Animal sacrifices, typi-

ing Mecca, with a layer
of dirt and stones over
the grave.

cally buffalo and pigs, are
offered as part of the final
rites.

Table 1: Comparison of funeral practices in Iran and
Indonesia. For Indonesia, it’s a tradition from North
Sumatra.

meanings, symbols, and steps deeply embedded
in the traditions of a particular culture, as demon-
strated in Table 1. If language models are unable to
recognize and navigate these cultural dimensions,
they risk misrepresenting the intent or structure of
the procedure, leading to errors or misinterpreta-
tions.

Studies have shown that current large language
models (LLMs) tend to exhibit biases favoring
Western perspectives, mirroring the cultural norms
and values of Western, educated, industrialized,
rich, and democratic (WEIRD) societies (Durmus
et al., 2024; Naous et al., 2024), while often inade-
quately representing other cultural contexts (Prab-
hakaran et al., 2022). These biases primarily stem
from the nature of training data (Arora et al., 2022;
Ganguli et al., 2022; Nadeem et al., 2021) and
design decisions, including model architecture, to-
kenization approaches, evaluation methods, and
instruction-tuning techniques. The significance of
LLMs accurately comprehending these texts ex-
tends beyond the technical understanding of in-
structions; it also involves ensuring fairness, acces-
sibility, and cultural sensitivity. Evaluating how
well LLMs can decode procedural texts, particu-
larly when cultural context plays a pivotal role, is
critical for advancing their capability to serve a di-
verse range of users across different linguistic and
cultural backgrounds.

Cultural procedural texts, which are deeply inter-
twined with societal norms, values, and traditions,
pose unique challenges for LLMs. This complexity
raises several critical questions about the ability
of LLMs to effectively navigate and reason within
culturally specific contexts: (1) How do LLMs
perform in understanding procedural texts in low-
resource languages compared to high-resource lan-
guages? (2) How effectively can LLMs recognize,
interpret, and preserve the cultural nuances embed-
ded in procedural texts? (3) Do LLMs demonstrate
consistent performance across different cultural do-
mains, such as food preparation, religious rituals,
and celebration setups? (4) Are there noticeable
strengths or weaknesses in LLMs’ understanding
depending on the cultural context of the procedural
text?

To address these questions, we introduce CAPTex
(Culturally-Aware Procedural Texts), an innova-
tive dataset crafted to evaluate multilingual LLMs’
(mLLMs) ability to reason culturally through the
lens of procedural text understanding across diverse
tasks, including reordering tasks, multiple-choice
questions, and conversational frameworks, each
of which is elaborated upon in detail in Section
3.2. CAPTex is carefully developed with contri-
butions from native speakers representing seven
culturally distinct regions—China, India, Indone-
sia, Iran, Japan, Nigeria, and Pakistan—ensuring
authentic and nuanced cultural representation.

2 Related Work

Procedural text analysis has been a focal point of
research, addressing a wide array of tasks within
this domain. For example, Cao et al. (2024) tackles
the cultural adaptation of recipes between Chinese
and English-speaking cuisines. Their work aims to
automate the translation and cultural adaptation of
recipes, ensuring that cultural nuances—including
ingredients, cooking techniques, and unit conver-
sions—are appropriately represented. In contrast,
our work extends beyond the food domain, en-
compassing multiple cultural contexts across seven
countries, thereby offering a broader perspective
on cross-cultural procedural knowledge.

Several studies have also focused on advanc-
ing entity tracking methodologies. NCET (Gupta
and Durrett, 2019) introduces a mechanism for
continuous-space entity tracking, employing a con-
ditional random field (CRF) to ensure sequential
consistency in predictions. Similarly, Huang et al.
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(2021) utilizes a graph neural network to model
semantic relationships among entities, actions, and
locations, enhancing the understanding of procedu-
ral text.

Incorporating temporal aspects into procedu-
ral comprehension, Rajaby Faghihi and Kord-
jamshidi (2021) propose the Time-Stamped Lan-
guage Model (TSLM), which augments pre-trained
language models with timestamp embeddings. This
approach has significantly improved performance
on datasets such as Propara (Dalvi et al., 2018) and
NPN-Cooking. Additionally, Tang et al. (2020) in-
troduces the Interactive Entity Network (IEN), a re-
current network with memory designed to capture
diverse entity interactions for state tracking. Mean-
while, Amini et al. (2020) develops an algorithm
for procedural reading comprehension, translating
texts into a formalism that represents processes as
sequences of transitions over entity attributes.

Efforts to integrate multimodal data have also ad-
vanced procedural text analysis. For instance, Liu
et al. (2020) introduces a transformer-based model
that combines textual and visual information for
processing multimodal recipe datasets effectively.
Building on this, Wu et al. (2022) conducts bench-
marking on reasoning and sequencing unordered
multimodal instructions, highlighting that state-of-
the-art models still fall short of human-level perfor-
mance. While their work primarily focuses on step
reordering, our evaluation framework is more com-
prehensive, introducing three additional tasks to as-
sess LLMs’ capabilities. Furthermore, rather than
being restricted to English, our research incorpo-
rates the native languages of the targeted countries,
ensuring that the procedures analyzed are culturally
unique rather than globally common.

Despite these advancements, a holistic bench-
mark for procedural text comprehension remains
elusive. Our work sets a new standard by ex-
tending beyond food-related tasks to encompass
multiple domains, incorporating a diverse range
of languages beyond English, and evaluating the
capabilities and limitations of mLLMs through a
multifaceted assessment framework. In the follow-
ing section, we will elaborate on these method-
ologies in detail, highlighting how our benchmark
surpasses prior efforts.

3 CAPTex

To address our research objectives, we introduce
CAPTex, a dataset that incorporates cultural pro-

Language Class

Chinese (Mandarin) 5 - The Winners
Japanese 5 - The Winners
Persian 4 - The Underdogs
Hindi 4 - The Underdogs
Indonesian 3 - The Rising Stars
Urdu 3 - The Rising Stars
Hausa 2 - The Hopefuls

Table 2: Resource availability of languages in CAPTex

cedural texts across English and seven additional
languages from diverse linguistic and geographi-
cal backgrounds. CAPTex is built upon three foun-
dational components: (1) a curated collection of
procedures spanning ten unique categories, (2) a
series of thoughtfully crafted multiple-choice ques-
tions designed to evaluate the comprehension of
each procedure, and (3) a rich corpus of conver-
sational exchanges offering clarifications on the
corresponding procedures.

3.1 Data Construction

Language Coverage Contemporary large lan-
guage models demonstrate impressive performance
in languages with abundant training data; how-
ever, their capabilities diminish when applied to
low-resource languages and intricate cultural con-
texts, thereby constraining their global applicability
(Rasheed et al., 2025). To promote linguistic diver-
sity, we selected languages—Chinese (Mandarin),
Japanese, Persian, Hindi, Indonesian, Urdu, and
Hausa—representing a spectrum of resource avail-
ability, as measured by the criteria established by
Joshi et al. (2020). Table 2 presents a detailed sum-
mary of the resource availability for each language
featured in CAPTex.

Topic Taxonomies The procedures in CAPTex
span ten culturally significant domains: (1) food
and cuisine, (2) celebrations and festivals, (3) social
etiquette and hospitality, (4) craftsmanship and ar-
tisan skills, (5) traditional attire and dress, (6) agri-
cultural and seasonal practices, (7) religious and
spiritual practices, (8) life milestones and family
rites, (9) sports, games, and competitions, and (10)
environmental and nature-based practices. These
categories were selected by adapting and expanding
upon the taxonomy from IndoCulture (Koto et al.,
2024b) to ensure comprehensive coverage of cul-
tural traditions and everyday practices. Please refer
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Figure 1: End-to-End process of dataset creation

to Appendix for more detailed topic taxonomies.

Writing Procedural Text As shown in Figure 1,
for each language, we employed two native speak-
ers from each target nation to manually write pro-
cedural texts in their native language along with
their English translations. These workers have deep
cultural ties, having spent their entire lives in their
native lands, ensuring strong familiarity with local
traditions. The only exceptions are two individuals
who lived in their home countries for the first 25
years before moving abroad, but have been residing
outside their homeland for fewer than five years.”

Given a specific topic or category, each worker
manually wrote procedural texts in their native lan-
guage and translated them into English. They were
strictly prohibited from using Al-based text gener-
ation tools but were allowed to reference reliable
literature to verify cultural details and improve the
accuracy of their writing. In total, we produce
1,400 human-written procedural texts (100 texts
per language x 7 native languages x 2, including
English translations).

Quality Control We ensure the high quality of
CAPTex through two quality checks. First, we con-
duct an automated check to verify that each proce-
dure consists of 5-10 steps and that the step count
aligns between the native language and its English
translation. Second, we perform a manual review
by having workers cross-check procedural texts
written by their peers. This evaluation follows a
detailed checklist assessing conceptual accuracy,
cultural relevance, logical progression, step order,
grammatical correctness, and the accuracy and con-
sistency of English translations. Any issues iden-
tified during the manual review are addressed by
having the original worker revise their text accord-
ingly. A common challenge arises from the lack

2Each worker is compensated fairly based on a five-day
workload, with payments aligned with the minimum wage in
their respective country.

of logical progression, which requires consolidat-
ing certain steps or eliminating those that do not
impact the sequence. This restructuring makes the
order of the remaining steps critical, as they be-
come inherently non-interchangeable. For a more
detailed description of the data collection process
and quality control measures, refer to Appendix
A2

3.2 Task Formulation

Using CAPTex, we developed four tasks, each de-
signed with specific objectives. The following sec-
tions provide a detailed explanation of these tasks
and their intended goals.

Task 1: Step Reordering In this task, procedural
steps are initially shuffled and labeled with sequen-
tial letters (such as A, B, C, D). The model is then
tasked with reconstructing the correct sequence,
outputting a comma-separated list of these letters
without any additional explanation.

To gauge performance, we utilize three estab-
lished metrics. The first, Spearman’s rank corre-
lation (Spearman, 1904), examines the monotonic
relationship between the predicted and actual rank-
ings. The second, Levenshtein distance (Leven-
shtein, 1965), measures the minimum number of
edit operations needed to transform the predicted
sequence into the correct one. Lastly, Kendall’s
Tau rank correlation (Kendall, 1938) assesses the
ordinal agreement between the predicted and true
sequence by counting pairwise swaps. This assess-
ment is performed in both English and a native
language, ensuring a thorough evaluation of the
model’s ability to generalize across different lin-
guistic environments.

Task 2: Procedure-Based Multiple-Choice Ques-
tions (PB-MCQ) We design a comprehensive
multiple-choice question (MCQ) framework for
each procedure to evaluate mLLMs’ comprehen-
sion and reasoning abilities in identifying both sub-
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sequent and preceding steps. We created affirma-
tive and negative versions for each question type,
constructing them in the original language as well
as in English. This approach ensured consistency
across all question types (Subsequent Affirmative,
Subsequent Negative, Antecedent Affirmative, An-
tecedent Negative) in both languages. To maintain
linguistic parity, we construct all questions in both
the original language and English. Each question
consists of four answer choices, with one correct
option. As a result, we generate eight MCQs per
procedure, leading to a total of 5,600 questions (4
question types x 100 procedures x 14 languages,
including native languages and their English trans-
lations).

In our question formulation, we ensured that for
queries about upcoming steps, the correct answer
was the next step, while three incorrect options
were randomly chosen from earlier steps. Likewise,
for questions regarding previous steps, the correct
response was the preceding step, with three incor-
rect choices randomly selected from later steps. We
confirmed that each question had one correct an-
swer and three incorrect options. An illustrative
example of MCQs is provided in Table 7. For ad-
ditional information about MCQs, please refer to
appendix A.3

The language model is prompted to generate
only the correct choice option (A, B, C, or D) as
its output. The primary evaluation metric for as-
sessing model performance in this task is accuracy,
measured by the proportion of correctly selected an-
swers. Beyond evaluating the cultural understand-
ing and procedural reasoning of language mod-
els, this task also enables an analysis of how well
mLLMs comprehend affirmative and negative ques-
tions. Additionally, it assesses the model’s ability
to predict both the subsequent and the antecedent
procedural steps, further refining our understanding
of its reasoning and contextual awareness.

Task 3: Conversation-Based Multiple-Choice
Questions (CB-MCQ) To evaluate the reason-
ing capabilities of large language models (LLMs)
using procedural text, we created procedurally
grounded conversations in English. We utilized
GPT-40 along with a specially designed prompt
(detailed in Appendix A.4) to generate a series of
four-utterance dialogues, conditioned on CAPTex.
These dialogues simulate a natural conversation be-
tween two individuals, referred to as Person A and
Person B. In the conversation, Person A starts by

asking about a particular procedure. Person B, act-
ing as a knowledgeable respondent, introduces the
procedure and describes the initial steps involved.
Person A then asks a follow-up question to clarify
the next step in the process, and Person B provides
a detailed explanation in response. Table 8 presents
an example of the generated conversations.

Based on the conversation structure, the third
utterance presents a question regarding the next
step of the process. However, the fourth utter-
ance, which contains the explanation of that step,
is intentionally omitted. The language model
must then select the correct answer from four op-
tions corresponding to the missing explanation, us-
ing the same answer choices as PB-MCQ. Com-
paring PB-MCQ and CB-MCQ allows us to as-
sess whether models perform better in structured
question-answering or conversational reasoning.
PB-MCQ evaluates direct procedural knowledge,
while CB-MCQ tests inference within dialogue,
providing insights into model adaptability across
different task formats.

For quality control, we employ a native speaker
to review each dialogue assessing conceptual accu-
racy, grammatical correctness, and the consistency
of Person B’s explanations with the actual steps out-
lined in the procedure. If any errors are identified,
the worker manually corrects them to maintain ac-
curacy and coherence. Similar to PB-MCQ, we use
accuracy as the evaluation metric for CB-MCQ.

Task 4: Conversation-Based Question Answer-
ing (CB-QA) This task is similar to CB-MCQ
but differs in that it requires the model to generate
aresponse as if it were the conversational partici-
pant, rather than selecting from predefined choices.
This task is chosen over CB-MCQ to evaluate the
model’s ability to produce natural, contextually
appropriate responses, reflecting a deeper under-
standing of procedural knowledge in dialogue. The
performance of mLLM:s is evaluated using three
metrics: ROUGE-L score (Lin, 2004), BERTScore
(Zhang et al., 2020), and additional semantic sim-
ilarity score (Corley and Mihalcea, 2005), which
quantifies meaning alignment between generated
and reference responses.

3.3 Data Statistics

For each country and category, CAPTex incorpo-
rates 10 procedures, totaling 100 distinct proce-
dures per country. Figure 2 represents the distribu-
tion of procedural steps across countries, with num-
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Figure 2: Procedures step counts by country

bers above each bar indicating the average number
of steps.

The methodology guarantees an equitable distri-
bution of multiple-choice questions (MCQs) across
various countries, categories, and formats. For
each designated format® a single question is crafted.
This approach results in the creation of 2,800
unique questions in the original language and an
additional 2,800 in English, culminating in a to-
tal of 5,600 MCQs. Tables 3 and 6 present the
mean lexical density of CAPTex, analyzed across
countries and categories, respectively.

The conversations dataset is thoroughly bal-
anced, with one conversation constructed for each
procedure. This approach yielded a total of 700
English conversations.

4 Experiments

4.1 Setup

We assessed 31 multilingual language models of
different sizes, including DeepSeek (DeepSeek-Al
et al., 2025), Gemma-2 (Team et al., 2024), Llama-
3 (Grattafiori et al., 2024), Mamba (Gu and Dao,
2024), Mistral (Jiang et al., 2023), Qwen2.5 (Qwen
et al., 2025), BLOOMZ (Muennighoff et al., 2023),
Aya-Expanse (Dang et al., 2024), mT0 (Muen-
nighoff et al., 2023), GPT-4 (OpenAl et al., 2024),
and O3-mini (OpenAl, 2025).

We conducted zero-shot evaluations using
prompt templates exclusively in English. Prior re-
search has shown that prompting in different lan-
guages can lead to variations in responses to sim-
ilar queries (Lin et al., 2022; Shen et al., 2024b).
Moreover, studies on multilingual LLMs have con-
sistently found that these models tend to perform
better when prompted in English rather than in
other languages (Muennighoff et al., 2023; Ozsoy,
2024; Koto et al., 2024a).

3Subsequent Affirmative, Subsequent Negative, An-
tecedent Affirmative, and Antecedent Negative

4.2 Results and Analysis

Table 4 provides a comprehensive overview of
model performance across all four tasks, consis-
tently highlighting GPT-40 as the top-performing
model. Among open-weight models, Gemma-2-9b-
it outperforms others in the reordering task, while
Qwen2.5-14B-Instruct achieves the highest accu-
racy in MCQ tasks, and Qwen2.5-7B demonstrates
the strongest performance in the CB-QA task.

Among models of comparable size, Qwen2.5
demonstrates superior performance relative to its
counterparts. Notably, Mamba exhibits signifi-
cantly weaker performance in procedural text com-
prehension compared to transformer-based models.
Our findings indicate that increasing the number of
parameters within the same model family generally
enhances performance. Additionally, for language
models with an available Instruct variant, the In-
struct versions consistently achieve higher perfor-
mance—except in the cases of Gemma-2-2B and
Qwen2.5-1.5B.

We calculate Kendall rank correlation scores
across four tasks to assess task sensitivity when
comparing LLMs. Our analysis shows strong cor-
relations (0.8-0.9) between reordering, PB-MCQ,
and CB-MCAQ, indicating that these tasks rank mod-
els similarly. However, CB-QA (the generation
task) has a lower correlation (0.4-0.5) with the
others, suggesting that text generation captures dif-
ferent aspects of procedural reasoning and is a valu-
able addition to the evaluation.

Analysis of PB-MCQ Subtypes Table 5 show-
cases the performance of the top models across
PB-MCAQ task for four distinct question types: The
results reveal that antecedent affirmative (AA) ques-
tions are the easiest for language models, while
subsequent affirmative (SA) questions are the most
challenging. This suggests that models find it easier
to reason about preceding steps than following ones.
Interestingly, while prior studies (Truong et al.,
2023; She et al., 2023; Kassner and Schiitze, 2020)
indicate that negation generally weakens model per-
formance in NLP tasks, this pattern does not hold in
the procedural context. Subsequent negative (SN)
leads to better performance, whereas affirmative
negative (AN) questions result in a notable decline
in accuracy.

Language Effects on Performance We examine
the influence of language on the performance of
Qwen2.5-14B-Instruct, the top-performing open-
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Procedures MCQ (English/Native) Conversations (Utterances)

Country . . - - .
(English/Native) Question Correct Ans. Incorrect Ans. First Second Third Fourth
China 157.8/138.8 38.0/39.8 24.5/21.2 26.0/22.8 94 46.2 13.1 34.3
India 375/504 16.5/21.8 48/6.3 47/6.3 9.3 37.2 12.7 23.6
Indonesia 121.9/989 39.1/319 19.5/15.6 20.1/16.4 14.8 41.1 12.4 30.1
Iran 144571664 343/40.3 21.6/24.7 22.4/25.8 10.0 447 13.2 30.2
Japan 120.6/ 147.1 30.6/455 16.2/19.6 15.8/19.2 12.3 43.8 13.1 29.5
Nigeria 162.3/173.3 35.8/38.1 21.1/22.8 21.8/23.5 11.0 457 13.2 29.6
Pakistan 76.6/99.7 23.9/36.4 9.2/12.0 9.4/12.2 120 420 129 27.0

Table 3: Average word counts for CAPTex components (Procedures, MCQs, and Conversations) by country.

Model Reordering PB-MCQ CB-MCQ CB-QA
pT LDl 77 R-L BS SS
Random 0.00 5.56 0.00 0.25 0.25 0.00 0.00 0.00
" DeepSeck-RI(Distill-Llama-8B) ~ 0.30 548 0.4 027 038 020 053 048
DeepSeek-R1(Distill-Qwen-14B)  0.43 447  0.33 0.42 0.54 022 0.55 0.0
“Gemma-2-2b 030 549 0.14 027 030 023 058 055
Gemma-2-2b-it 021 548 0.10 0.08 0.26 025 055 048
Gemma-2-9b 048 494 032 0.37 0.57 021 053 047
Gemma-2-9b-it 075 3.09 0.66 0.43 0.46 0.15 050 042
"Llama-3.1-8B 030 549 0.4 028 032 024 059 055
Llama-3.1-8B-Instruct 043 4.69 0.33 0.37 0.48 024 059 0.55
Llama-3.2-1B 029 556 0.12 0.25 0.27 022 057 052
Llama-3.2-1B-Instruct 031 544 0.15 0.26 0.34 023  0.58 0.54
Llama-3.2-3B 029 556 0.12 0.26 0.28 023 0.58 0.54
Llama-3.2-3B-Instruct 025 535 0.14 0.33 0.36 024 059 054
“Mamba-1.4b-hf 030 559 014 000 000 013 039 025
Mamba-2.8b-hf 025 551 0.14 0.00 0.00 0.12 039 0.26
" Mistral-7B-Instruct-v0.2 051 4.60 040 034 048 023 058 054
Mistral-7B-v0.3 0.19 545 0.11 0.32 0.31 024 058 054
Mistral-7B-Instruct-v0.3 038 475 030 0.37 0.41 024 059 055
Mistral-Nemo-Base-2407 033 534 0.18 0.34 0.50 020 053 043
Mistral-Nemo-Instruct-2407 043 459 0.34 0.39 0.57 021 0.53 043
“Qwen25-15B 038 515 026 031 034 023 058 055
Qwen2.5-1.5B-Instruct 042 482 032 0.33 0.21 023 058 0.54
Qwen2.5-7B 0.63 394 0.52 0.45 0.54 0.25 0.59 0.57
Qwen2.5-7B-Instruct 069 3.65 0.60 0.50 0.60 024 059 0.6
Qwen2.5-14B 070 3.33 0.62 0.48 0.64 026 059 055
Qwen2.5-14B-Instruct 072 321 0.64 0.56 0.70 024 059 0.6
" Aya-Expanse-8b 047 471 037 039 043 024 058 054
Bloomz-560m 037 539 022 0.15 0.00 0.14 045 032
Bloomz-7bl 029 548 0.13 0.09 0.20 0.17 050 0.38
mTO0-xx1 029 554 0.13 0.35 0.27 0.14 050 043
GPT-4o 081 238 0.75 0.58 0.74 029 0.62 0.60
O3-mini 078 254 0.72 0.66 0.65 027 0.61 0.9

Table 4: Models’ performance across tasks. Metrics include Spearman’s Rank Correlation (p) [-1,1], Levenshtein
Distance (LD) [0,00], and Kendall’s Tau Rank Correlation (7) [-1,1] for Reordering; accuracy [0,1] for PB-MCQ
and CB-MCQ; and ROUGE-F1 [0,1], BERT-F1 [0,1], and Semantic Similarity (SS) [0,1] for CB-QA. Higher values
indicate better performance for all metrics except LD, where lower is better.

weight model, in the reordering and PB-MCQ  approach.* As depicted in Figure 3, with the ex-
tasks. To quantify this effect, we first normalize ~ ception of China, Qwen2.5-14B-Instruct generally
the evaluation metrics for these tasks and then com-

. . *The weighted sum assigns 60% of the total score to the
pute an aggregated score using a weighted sum

reordering task (20% for each metric), with Levenshtein Dis-
tance (LD) normalized as 1— (L / Lmax) to ensure higher values
indicate better performance. The remaining 40% is assigned
to PB-MCQ accuracy.
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Model PB-MCQ

SA SN AA AN
Gemma-2-9b-it 031 051 056 0.36
Llama-3.1-8B-Instruct 024 038 055 0.33
Mistral-Nemo-Instruct-2407 0.29 0.34 0.60 0.34
Qwen?2.5-14B-Instruct 045 053 0.69 0.55
Aya-Expanse-8b 0.33 038 0.61 0.24
GPT-40 046 057 0.73 0.54
O3-mini 0.51 070 0.72 0.72

Table 5: Model performance on PB-MCQ across ques-
tion types. “SA”, “SN”, “AA”, and “AN” denote Sub-
sequent Affirmative, Subsequent Negative, Antecedent

Affirmative, and Antecedent Negative, respectively.

0.0 ‘ | ‘ ‘ |
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Figure 3: Language impact on Qwen2.5-14B-Instruct
performance
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outperforms in English across other countries, es-
pecially in low-resource languages like Hausa and
Urdu. This divergence may stem from the model’s
extensive proficiency in English, whereas the lin-
guistic nuances, idiomatic expressions, and pro-
cedural reasoning structures inherent to Chinese
contexts might be underrepresented in the training
data.

Performance Across Cultural Dimensions Fig-
ure 4 presents the aggregated performance scores of
the top-performing open-weight model, Qwen2.5-
14B-Instruct, across all evaluation tasks. Scores are
normalized and combined using a weighted sum
approach, with task-specific weights designed to
better reflect the varying cognitive demands and
real-world relevance of each evaluation. Specifi-
cally, reordering is given a higher weight (30%)
due to its requirement for holistic sequence recon-
struction, encompassing temporal logic, global co-
herence, and dependency tracking across steps. In
contrast, PB-MCQ and CB-MCQ (each weighted
at 20%) test narrower, one-step reasoning skills
and are thus weighted slightly lower. CB-QA is
assigned a higher weight (30%) as it evaluates open-

China 0.59 0.54 WNE] 0.490.49 0.57 0.59 0.61 0.59 0.80

N o 72 [N o.71 [XEY .63 |0.s6 | .65 |03 o.c7 LI B0
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Figure 4: Cultural dimension performance by country
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Figure 5: Impact of step count on GPT-40 reordering

ended generative capabilities, probing the model’s
contextual understanding, fluency, and ability to
engage in realistic procedural dialogue. Notably,
its lower correlation with the other tasks highlights
its role in capturing distinct aspects of procedural
reasoning. This weighted aggregation offers a more
nuanced and representative measure of procedural
competence than a simple average.

Our analysis reveals that Qwen2.5-14B-
Instruct’s knowledge of procedural texts varies
across cultural domains. For instance, it demon-
strates strong familiarity with Indian agriculture
but performs less effectively on Chinese agri-
cultural topics. Conversely, for craftsmanship
and artisan skills, Qwen2.5-14B-Instruct encodes
Chinese cultural knowledge better than other
countries. In the food category, Indian cuisine
is better represented, while Iranian religious
practices appear more prominently. Additionally,
Indonesian social etiquette are well captured by
Qwen2.5-14B-Instruct, suggesting variation in
how different cultural aspects are reflected in the
model.

Impact of Procedure Length on Ordering Fig-
ure 5 shows that as procedure length increases,
Levenshtein distance rises, indicating greater re-
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ordering difficulty. However, Spearman’s rank and
Kendall’s Tau correlations remain high, suggesting
that GPT-40 generally preserves step order despite
complexity. Shorter procedures introduce more
ambiguity, making errors more impactful, while
longer sequences benefit from stronger local de-
pendencies, aiding order retention. Notably, proce-
dures with ten steps achieve the highest rank cor-
relations, indicating that structural cues in longer
sequences enhance model performance. Most er-
rors involve minor swaps rather than complete mis-
ordering.

5 Conclusion

We introduce CAPTex, a benchmark for evaluating
mLLMs’ ability to process culturally diverse pro-
cedural texts across seven languages. Our findings
show that model performance varies across cultural
domains, with greater challenges in tasks requiring
implicit cultural knowledge, such as environmental
practices, while structured domains like craftsman-
ship are better handled. Multiple-choice tasks in
conversational contexts improve reasoning, while
generation evaluation highlights gaps in procedural
text comprehension. As an important benchmark-
ing tool, CAPTex helps identify specific areas where
mLLMs need improvement in handling culturally
diverse procedural text. It thereby establishes a cru-
cial foundation for guiding future advancements
towards developing more robust, culturally aware,
and effective mLLMs capable of complex procedu-
ral reasoning across a wide range of languages and
cultural contexts.

Limitations

Our study provides valuable insights into the perfor-
mance of mLLMs on procedural texts, but there are
a few limitations to consider. Firstly, our research
is limited to textual data and does not include multi-
modal inputs, such as procedural texts with images.
Incorporating images would enhance model under-
standing, but due to the added complexity, this is
reserved for future work.

Additionally, our dataset focuses on seven coun-
tries, primarily due to budget constraints. While
this may seem limited, the selected countries offer
diverse language categories and varying resource
levels, ensuring a meaningful analysis of cultural
gaps in mLLMs. These findings can be generalized
to a broader context, given the representativeness
of the samples.

Finally, the conversation dataset consists of ex-
changes with exactly four utterances. While real-
world dialogues are typically longer and more dy-
namic, this limitation was made for practical rea-
sons. Despite the brevity, we found that mLLMs
still struggle with maintaining coherence and un-
derstanding conversational flow, underscoring the
challenges these models face, even in simpler dia-
logue settings.
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A Dataset
A.1 Detailed Categories

1. Food and Cuisine: Captures cultural prac-
tices related to the preparation and consump-
tion of food.

2. Celebrations and Festivals: Represents rit-
uals and activities associated with cultural
events and festivities.

3. Social Etiquette and Hospitality: Reflects
societal norms and traditions in interpersonal
interactions.

4. Craftsmanship and Artisan Skills: Show-
cases traditional methods of creating cultur-
ally significant artifacts.

5. Traditional Attire and Dress: Highlights
practices involving culturally significant cloth-
ing and adornments.

6. Agricultural and Seasonal Practices: Docu-
ments cultural procedures tied to agricultural
cycles and seasonal changes.

7. Religious and Spiritual Practices: Encapsu-
lates practices integral to religious and spiri-
tual traditions.

8. Life Milestones and Family Rites: Repre-
sents cultural customs marking significant life
events.

9. Sports, Games, and Competitions: Covers
traditional recreational and competitive activi-
ties.

10. Environmental and Nature-Based Prac-
tices: Focuses on cultural interactions with
and stewardship of the natural environment.

A2

In the initial phase, we conducted a pilot study us-
ing Prolific > to recruit workers and gather some
procedures. However, upon evaluating the qual-
ity of the collected procedures, we determined that
Prolific was unsuitable for this specific task. Conse-
quently, we opted to directly engage reliable work-
ers who met our stringent requirements. Native
speakers of the target languages were responsible
for crafting each procedure in their native language.
These were then precisely translated into English,
ensuring both versions accurately conveyed the
same content. Each procedure consisted of five
to ten sequential steps, where the order was crucial
for the proper understanding and execution of the
tasks. To preserve the dataset’s authenticity, work-
ers were strictly prohibited from using Al-based
text generation tools, which could introduce inac-
curacies or fabrications, thereby compromising the
reliability of the procedures. We implemented a
two-step quality control process, comprising auto-
mated checks and peer evaluations through cross-
verification. An all-inclusive checklist was em-
ployed to assess conceptual precision, cultural au-
thenticity, logical flow, the necessity of maintaining
step sequence, grammatical accuracy, and adher-
ence to the required number of steps. This rigorous
process ensured that both the native language and
English versions met our high standards.

Procedures Collection

A.3 MCQ Design and Structure

As previously outlined, four distinct categories
of questions are systematically generated using
Python code. These questions adhere to the fol-
lowing templates for inquiries in English:

* Subsequent Affirmative: In the procedure
“Procedure Name”, what is the next step after:
“Reference Step”?

Shttp://prolific.com/
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* Subsequent Negative: In the procedure “Pro-
cedure Name”, which one is not the step be-
fore: “Reference Step”?

* Antecedent Affirmative: In the procedure
“Procedure Name”, which step must be com-
pleted before: “Reference Step”?

» Antecedent Negative: In the procedure “Pro-
cedure Name”, which step does not come af-
ter: “Reference Step”?

These templates ensure clarity and consistency in
question generation, aligning with the procedural
framework.

A.4 Conversation Generation

The following prompt is used to generate conversa-
tions using GPT-40: Create a short conversation
between two people, Person A and Person B, based
on the following procedure. The conversation
should begin with (Have you heard about the
“Procedure Name” from “Country”?) and progress
naturally, with each message reflecting a clear
and logical flow of ideas related to the steps of
the procedure. The conversation should consist of
four messages. In the third message, Person A asks
a question about the next step in the procedure.
In the last message, Person B should respond
according to the procedure’s step, providing a
clear answer or action related to the next step, and
explicitly mention the step number.

Example Structure:

Person A: Have you heard about the “Procedure
Name” from “Country”?

Person B: (Response introducing the procedure
and discussing some of the first steps)

Person A: (Asks a follow-up question to clarify the
next step)

Person B: (Explains the first next step in the
procedure according to the procedure’s step)
Next step: (number of next step)

IMPORTANT: Ensure the generated conver-
sation adheres to the above structure. The last
message should always be "Next step: (number)",
where (number) is the next step in the procedure.

The procedure is as follows:
“Procedure Steps”

Given the suboptimal performance of GPT-40 in
processing lower-resource languages, this section is

exclusively dedicated to generating conversations
in English.

The generated conversations are subjected to a
two-phase verification process. The initial phase in-
volves automated verification using a Python script,
ensuring that each conversation comprises exactly
four utterances. The subsequent phase entails thor-
ough evaluation by qualified human annotators.
These annotators assess each dialogue against a
detailed checklist, which evaluates conceptual ac-
curacy, grammatical precision, and alignment of
Person B’s responses with the procedural steps.
During the review process, two types of errors were
identified: 76 conversations had an incorrect next
step number, and 45 conversations included expla-
nations of multiple steps in the final utterance.

B Additional Results

Figure 8 presents the aggregated performance® of
the models across all four tasks.

Language Effects on Performance As shown
in Figure 6, the results for GPT-40, the top-
performing model, are presented in a manner sim-
ilar to those for Qwen2.5-14B-Instruct in Figure
3. GPT-4o0 generally performs better in English
across most countries, with the exceptions of China
and Indonesia. A comparison of the two figures
reveals that GPT-40 maintains a more balanced per-
formance between English and native languages in
most countries. While GPT-40 tends to perform
better in English, reflecting its extensive training
on high-resource languages, it displays a smaller
performance gap in low-resource languages such as
Hausa (Nigeria) and Urdu (Pakistan). In contrast,
Qwen2.5-14B-Instruct shows a more pronounced
decline in native languages, indicating that GPT-
40 may possess superior cross-lingual capabilities
and stronger support for languages with limited re-
sources. This gives GPT-40 a distinct advantage in
multilingual contexts, while Qwen2.5-14B-Instruct
shows a stronger preference for English, particu-
larly in regions with fewer linguistic resources.

Performance Across Cultural Dimensions The
aggregated performance scores of GPT-4o, the
top-performing model, are displayed in Figure 7
for all evaluation tasks. Our analysis reveals that
GPT-40’s understanding of procedural texts differs

®Scores are normalized and computed using a weighted
sum approach, with the following weight distribution: 0.3
for reordering, 0.1 for each metric, 0.2 for PB-MCQ, 0.2 for
CB-MCQ, and 0.3 for CB-QA.
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Figure 7: Cultural dimension performance by country

across cultural contexts. Specifically, the model
demonstrates robust familiarity with Indian agricul-
tural practices, while its performance on Japanese
agricultural topics is comparatively weaker. In con-
trast, GPT-40 excels in encoding Japanese cultural
knowledge related to celebrations and festivals, sur-
passing its representations of other cultures. In the
culinary domain, Pakistani cuisine is more accu-
rately captured, whereas Iranian religious practices
are more prominently reflected. Furthermore, the
model effectively encapsulates Indonesian social
etiquette, highlighting the diversity in how various
cultural elements are represented within the model.
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Figure 8: Performance of LLMs by model size
Category Procedures MCQs (English/Native) Conversations (Utternaces)
(English/Native)  Question Correct Wrong First Second Third Fourth
Answer Answer
Agricultural and 94.6/104.1 26.8/32.7 13.6/14.6 13.4/14.3 104 41.1 12.7 28.5
Seasonal Procedures
Celebrations and 118.2/124.2 31.7/35.8 174/179 17.8/18.2 11.0 43.3 12.5 29.0
Festivals
Craftsmanship and 132.4/146.5 32.6/39.0 18.6/20.5 18.7/20.3 10.3 45.0 13.2 30.6
Artisan Skills
Environmental and 93.3/108.8 29.1/36.0 14.2/163 153/174 11.3 42,5 129 28.8
Nature-Based Proce-
dures
Food and Cuisine 137.8/139.9 32.2/363 182/18.6 185/18.5 10.7 43.2 13.1 28.6
Life Milestones and 132.3/137.0 32.8/38.7 18.0/18.0 18.7/19.3 11.7 43.3 12.7 29.5
Family Rites
Religious and Spiri- 105.1/109.7 30.4/344 152/153 15.7/16.0 12.1 414 12.5 28.0
tual Practices
Social Etiquette and 115.0/125.2 32.8/38.7 17.2/18.6 18.5/19.7 13.0 43.5 13.3 29.6
Hospitality
Sports, Games, and 112.2/122.1 30.5/36.0 16.1/169 16.9/18.3 10.5 42.6 13.6 28.2
Competitions
Traditional Attire 132.5/131.8 32.7/36.2 18.0/179 18.4/18.1 11.6 43.6 129 31.1
and Dress

Table 6: Average word counts for CAPTex components (Procedures, MCQs, and Conversations) by category
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Country Category

Language Type Question

Choices

Japan

Food and Cuisine

Japanese SA T "B E &

DAEN F 4N
Aj) Tl
12650 R L v
= AN, fkT
g5, > »
BDIRD AT v
TIETTe?

A 1Z BT ERLHFICHT
5, Biizhihros L -0
ZEITFTINGILTHED
5,

B. 4= B X (11T, oA
POz, 2ok
WAV X ) &S,

D. fEZ%wilL . K&
% 1] 5 7= 520cmibg 12 ]
N, 12KRICT 5,

Japan

Food and Cuisine

English SA In the procedure

"How to Make
Kelp Rolls (for 4
Persons)’, what is
the next step after:
’Place the rolls into
a saucepan and add
the stock. Bring to
a boil over medium
heat.”?

A. Separate the kelp and stock.
Wrap the kelp tightly around the
filling and secure it with a tooth-
pick.

B. Wrap a piece of kanpyo
around the roll and tie it tightly.
Remove the toothpick and trim
any excess kanpyo.

D. Rinse off the salt, drain,
and cut the kanpyo into 20
cm lengths, then divide into 12
pieces.

Table 7: Example of MCQs
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Country

Category

Conversation

Iran

Sports, Games, and

Competitions

Person A: Have you heard about the Alak-Dolak Game from Iran?
Person B: Yes, it’s quite an interesting traditional game! It starts
with forming two teams, and they draw lots to see which team gets
to go first. Each team also has a leader who plays a crucial role
at the beginning. For instance, the leader places two stones and
then positions the "Alak" stick on top of them while holding the
"Dolak" stick in their hand.

Person A: That’s fascinating! What does the leader do next after
placing the Alak stick on the stones?

Person B: After placing the Alak stick, the leader uses the Dolak
stick by positioning its tip under the Alak stick. Then they move
the Dolak stick left and right to launch the Alak stick into the air.
Next step: 3.

Nigeria

Celebrations
Festivals

and

Person A: Have you heard about the Osun-Osogbo Festival from
Nigeria?

Person B: Yes, I have! It’s a fascinating cultural event that spans
two weeks, starting with cleansing rituals called Iwopopo. The
festival begins by preparing the Arugba, a virgin maiden who
carries a sacred calabash. She plays a vital role as she represents
purity and connects the people with the goddess Osun. It’s all part
of cleansing the community of evil spirits.

Person A: That sounds amazing. What happens after the cleansing
rituals?

Person B: After the cleansing, traditional Yoruba music, drum-
ming, and dances are performed daily, highlighting the commu-
nity’s rich cultural heritage. Craftsmen and vendors set up in the
marketplace near the sacred Osun Grove to display arts, crafts, and
local foods.

Next step: 2

Table 8: Examples of a procedurally grounded conversation
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