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Abstract

The purpose of this work is to share an English-
Yoruba evaluation dataset for open-book read-
ing comprehension and text generation to as-
sess the performance of models both in a high-
and a low-resource language. The dataset con-
tains 358 questions and answers on 338 English
documents and 208 Yorubd documents. The av-
erage document length is ~ 10k words for En-
glish and 430 words for Yoruba. Experiments
show a consistent disparity in performance be-
tween the two languages, with Yoruba falling
behind English for automatic metrics even if
documents are much shorter for this language.
For a small set of documents with comparable
length, performance of Yoruba drops by 2.5
times. When analyzing performance by length,
we observe that Yoruba decreases performance
dramatically for documents that reach 1500
words while English performance is barely af-
fected at that length. Our dataset opens the
door to showcasing if English LLM reading
comprehension capabilities extend to Yorub4,
which for the evaluated LLMs is not the case.

1 Introduction

This study explores the intersection of reading com-
prehension and text generation, examining how
models perform on tasks requiring both in-context
understanding (i.e., open-book model, where the
model has access to the context document during
inference to answer a particular question) and gen-
erative text production (i.e. the answer is free-
text which has to be compared to a gold stan-
dard reference). We aim to investigate the per-
formance of this task in two languages: a high-
resource language (English) and a low-resource
language (Yorubd). For this, we introduce Y-NQ
(Yorubd Natural Questions) a comprehensive open-
book question-answer dataset (Section 2). Y-NQ is
sourced from NQ (Kwiatkowski et al., 2019) and
provides a complete article context for informed

answers and text generation tasks, and parallel doc-
uments on the same topic for both high- and low-
resource languages. The data set also includes the
comparability of the responses in languages. As a
result, we are increasing Natural Language Process-
ing (NLP) resources in Yoruba (Ahia et al., 2024).
Our data set is benchmarked against state-of-the-
art Large Language Models (LLMs). The results
and analysis (Section 3) shows that responses in
Yorub4 are more inaccurate than those in English.

As a by-product of human annotations, we iden-
tify inaccuracies in the English-language version
of some Wikipedia articles (26 incorrect answers
out of 1,566 humanly analyzed questions in the
English-language subset of articles), which con-
firms the existence of accuracy discrepancies across
languages for the same Wikipedia topics, thus sup-
porting, for example, the need to better interlink
Wikipedia articles across languages (Klang and
Nugues, 2016).

2 Dataset description

2.1 Requirements and Background

The performance of Reading Comprehension (RC)
in LLMs has been explored in different settings. At
the high level, RC tasks can fall under two main
categories: open-book tasks, such as in SQuUAD
(Rajpurkar et al., 2016), and close-book tasks, such
as in TriviaQA (Joshi et al., 2017). Response for-
mats vary across RC tasks as well and include:
true/false classification (e.g., BoolQ; Clark et al.,
2019), multiple-choice questions (e.g., Belebele),
span selection (e.g., SQUAD), and text generation
(e.g., NQ or TriviaQA).

Since we are interested in exploring the intersec-
tion of reading comprehension and text generation
covering both a high- and a low-resource language,
we can explicitly set our requirements to include
for each of the two types of language: (a) long arti-
cles (>100s words), (b) question-answer pairs with



lengthy answers (>10s words), and (c) equivalence
annotations for cross-lingual answers. Since there
are no existing data sets to this effect, we extend ex-
isting research by tailoring an established data set
to our specific requirements. We justify our choice
of data sets and low-resource language selection as
explained in the following.

Dataset. Among the open-book and text genera-
tion tasks, one of the largest datasets with multilin-
gual information available is NQ which is shared
under the license Creative Commons Share-Alike
3.0.

Low-resource language. There is a large number
of low-resource languages that could be explored
here. We prioritize a low-resource language that
has overall limited digital resources (in compliance
with the definition of low resource), but has a high
representation in Wikipedia (on the order of sev-
eral thousands of entries) and a significant number
of speakers (in the order of tens of millions), and
makes use of the same script (Latin) as the high-
resource language in which results are compared.
One of the languages that complies with all these
criteria is Yorubd, in which we can also find works
on comprehension of the language in the domain
of language exams (Aremu et al., 2024), based on
short passages and multiple choice answers. An-
other work is the AfriQA dataset (Ogundepo et al.,
2023) for answering open-retrieval questions, with
a primary focus on retrieving correct answers that
are answerable on Wikipedia. However, this cannot
be used as an open book. Finally, Bebebele (Ban-
darkar et al., 2024) also includes Yorub4, although
it uses short passages and multiple choice answers.

2.2 Dataset creation

NQ pre-selection. We looked at 315,203 exam-
ples and 231,695 unique English Wikipedia pages
from the NQ training and validation datasets. We
filter questions for only those where every long
answer is contained in an html tag < p > where
< p > is the first identified html tag in the long
answer span. This filters out about 25 percent of
the questions.

We extracted 2,855 Yoruba Wikipedia pages
that are actively associated with the above English
pages. We removed documents with fewer than 500
characters, including formatting, and performed
multiple cleaning procedures, such as removing
html formatting, removing citation notations, and

filtering out irrelevant sections in Wikipedia arti-
cles (e.g., references, tables). 664 Yoruba docu-
ments and 1,566 questions were sent for human
annotation.

Pre-annotation effort. In order to reduce the an-
notation workload, we automatically pre-selected
Yorub4 sentences that could be good response can-
didates by computing a similarity score. If the an-
swer to the question was in agreement with a high
similarity score, the annotator would save time by
looking through the document and only checking
if the match was correct. We conducted a SONAR
embedding similarity (Duquenne et al., 2023) anal-
ysis between Yorubd documents and long English
answers. We used the Stopes' sensitizers on all text
extracted from < p > elements for both the scraped
Yoruba Wikipedia articles downloaded from the
previous step and the original NQ Wikipedia pages.
We then created SONAR embeddings of each ex-
tracted sentence and identified those sentences in
the Yoruba pages which were most similar to sen-
tences in the long English answers based on their
cosine similarity scores. For a small set of sam-
ples, we asked the annotators to examine the entries
in a small validation data set to identify a reason-
able threshold indicating high similarity between
Yorubd/English sentences, which could then be ap-
plied to the rest of the data set. The analysis shows
a low similarity matching rate, which is likely due
to the low quality and short length of many Yoruba
articles and/or SONAR embeddings not being suit-
able for such a task. Given this low reliability, we
abandoned this automatic pre-annotation, which
would not reduce annotation efforts.

Annotation guidelines and requirements. We
designed the annotation guidelines as follows. We
provided context on the objective of the task to-
gether with the project context and description of
the task. The guidelines are summarized in Table
1.

Finally, beyond the guidelines, we provided ad-
ditional examples and requested that annotators
should be native speakers of the language of the
source documents and should have at least CEFR
C2 level proficiency in English.

Annotator findings. We noticed that many arti-
cles have a significant amount of English content.
Several documents also contained errors, such as
incorrect spelling, ungrammatical sentences, and

"https://github.com/facebookresearch/stopes



Objective
specific question.

Read an article and find a paragraph containing enough information to answer a

Project Context

Evaluate accuracy of large language models in finding long contexts and short

answers; extend Natural Questions dataset to multilingual, non-English centric.

Task Components

* QUESTION: Simple question requesting information or explanation.

* ARTICLE: Numbered paragraphs containing relevant information.

Task Steps 1. Read QUESTION carefully.
2. Read ARTICLE paragraphs until sufficient information is found.
3. Record findings by answering task questions.
Additional task steps  Discard questions that contain the answer in English in the Yorub4 document
When possible, add Yorubd questions, translate them into English, and find answers
both in the Yoruba and English documents.
Table 1: Linguistic guidelines and annotation
ENG | YOR age word count of 430, and 356 unique questions.
#Q&A 358 358 Onlv th . ctl ble. E
ZDocs 333 308 nly the questions are strictly comparable. En-
AVG. DOC LEN 10363 | 430 glish and Yoruba documents are not comparable
MEDIAN DOC LEN 9272 | 172 in number or length, but they are so in topic and
AVG. QUESTION LEN 8.86 9.39 d in. Th t ble in leneth
AVG. LONG ANSWER LEN 113.80 | 32.89 omain. € answers are not comparaole 1n lengin.

Table 2: Dataset Statistics. Length is in words.

sentences that lacked clarity or meaning. We dis-
regarded such articles and corrected articles that
were contaminated with a small amount of English
content. We also removed the entries where no
answers could be found in the Yoruba articles.

Following the guidelines, the annotators encoun-
tered the following: (a) questions with multiple
correct answers, for which they annotated each cor-
rect answer for the question; (b) questions with
correct answers in Yorubd, but incorrect in English,
where they annotated the Yoruba appropriately, but
flagged the English portion incorrect (there were 26
questions in the category); (c) unclear questions (5
questions) to which no annotations were assigned;
(d) answers existing in multiple paragraphs in the
document for which they annotated the row with
all paragraphs where

There were 456 Yoruba documents that did not
answer the question; therefore, we discarded those.
Only eight incorrect English answers from the pre-
vious 26 remain in the final dataset, and we did not
correct them since the English documents remained
the same as in the original NQ.

Statistics. Table 2 details the statistics of the data
set”. Our carefully curated selection contains 208
unique Yoruba Wikipedia documents with an aver-

There are two questions that come from the validation
NQ dataset, which have two different answers

Notice that English documents outnumber Yoruba
documents mainly due to multiple versions of the
same English topic counted as different documents,
while in Yorub4 we selected one version of the
document and multiple topics in English that corre-
spond to the same Yoruba topic.

The fact that English documents are longer than
those in Yoruba makes the task easier for Yoruba,
since documents are significantly shorter within the
same topic or domain. We identified a subset of six
documents that are strictly comparable in length
and topic for English and Yorub4, which allows us
to make a fair comparison. Table 5 in Appendix A
shows the list of fields in Y-NQ and a sample entry.

LAN | R-1 | R-2 | R-L
GPT40 ENG | 0.39 | 0.23 | 0.30
Yor | 0.34 | 0.19 | 0.27
O 1MINI ENG | 045 | 0.22 | 0.30
Yor | 0.30 | 0.14 | 0.22
LLAMA | ENG | 0.31 | 0.18 | 0.23
Yor | 0.20 | 0.15 | 0.18

Table 3: Results for 3 LLM in terms of Rouge computed
for the entire set of questions. Human Score is computed
on 358 questions.

3 Experiments

Baselines We evaluate our dataset with GPT-40>
(et al., 2024b), o1-mini*, and LIaMA-3.1-8b (et al.,
2024a), therevy covering both open and closed
models, as well as models of different sizes. For

3gpt-4o version 2024-08-06
*01-mini version 2024-09-12



each Y-NQ entry, we prompt the models with the
following formatted instructions.

nnn

Given the following passage and
a question,answer the question
in a single paragraph with
information found in the passage.

H#iHHH
PASSAGE
{document}

H#HHE
QUESTION
{question}

H#HH#
ANSWER

nnn

Evaluation. We evaluate the results by compar-
ing the generated text and the reference long answer
using several Rouge (Lin, 2004) versions (Rouge-1,
Rouge-2, Rouge-L).

Automatic metrics. Table 3 reports the results
showing that Yorubd consistently performs worse
than English (e.g., losing 0.4 in Rouge-1). How-
ever, the Yoruba task is much easier because the
documents are much shorter, which means that an-
swering the question becomes an easier task. Even
if we prompt the model to only answer based on
the in-context document, we can not discard the
idea that English may get better results due to using
the internal knowledge from the model.

Length analysis. Model performance changes
with the length of the document, as shown in Fig-
ure 1. The dataset was split into equal size of
documents in each length bucket. We can see a
drop in performance when the Yoruba documents
reach 1,500 words, which shows the challenges that
current models face in long-context understanding
of low-resource languages. For a small portion of
long-enough documents of comparable length be-
tween English and Yorub4 (only 4 documents that
are over 900 words long), English performance
demonstrates a significant edge (1.58X-2.56X), see
Table 4.

4 Conclusions

Y-NQ is a newly released dataset that enables to
compare generative open-book reading comprehen-

AVGW. | R-1 | R-2 | R-L
ENG | 3299 045 | 023 | 0.30
Yor | 3070 0.32 | 0.09 | 0.19

Table 4: Results for six comparable English and Yoruba
documents

—e— gpt rougel

opt rouge2

0.41 —e— gpt rougeL.
3

Document Word Count Buckets

Figure 1: Impact of Document Length Buckets on Per-
formance Scores for English (top) and Yoruba (bottom)
for GPT-4 outputs

sion between English and Yorub4d. The main contri-
butions of our data set are to allow for the compar-
ison of LLM results in a reading comprehension
task across a high- and a low-resource language,
showing what are the generalization capabilities
of LLMs in this particular case. Moreover, our
annotations confirmed variations in the accuracy
of Wikipedia articles in all languages. In particu-
lar, we identify inaccurate English responses for
Yorubd language-specific content. Y-NQ allows us
to evaluate how reading comprehension capabilities
extend to Yorubd. Y-NQ is not exactly comparable
in its totality between languages. Given that Yoruba
has shorter documents than English, the reading
comprehension task is easier for Yorubd. Therefore,
results on this language should be much better than
in English to expect parity between languages. Our
experiments show that the reading comprehension
capabilities of current English LLMs do not extend
to Yoruiba. Y-NQ is freely available’.

SBLIND



Limitations and Ethical considerations

Y-NQ is limited in size, language, and domain cov-
erage. The fact of using Wikipedia and extending
an existing open-source dataset (NQ) may play in
favor of having higher results in both languages
due to contamination. Furthermore, the data set is
not fully comparable between English and Yorub4,
since documents and answers vary in length.

Our experimentation is limited to models and
automatic evaluation metrics, which could be com-
pensated for through human evaluation. Annotators
were paid a fair rate and they gave consent to the
use of the data that they were annotating. Annota-
tors are included as authors of the paper.
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FIELD DESCRIPTION EXAMPLE

1. Question ID Unique identifier 3506772758530306034

2. English Document English text document

3. English Question Question in English what is the name of the first nigerian
president

4. English Long Answer Detailed answer in English ky is the Internet country code top-level
domain (ccTLD) for the Cayman [..]

5. English Short Answer Brief answer in English Nnamdi Azikiwe

@)}

. Yoruba Document

Yoruba text document

7

. Yoruba Rewrite Flag

Was Yoruba document rewritten?
(0: no, 1: yes)

1

8.

Yoruba Question

Question in Yoruba

ki ni ky dir6 fun nf eréktisu cayman

9.

Yoruba Short Answer

Brief answer in Yoruba

Nnamdi Azikiwe ni Aare

10. Yoruba Long Answer

Detailed answer in Yoruba

Nnamdi Azikiwe ti o je Gomina Agba
nigbana di Aare, ipo to je fun ayeye, [..]

1

1. Yorubd Paragraph Info

Contextual information

P2

12. Answer Alignment

Semantic equivalence
(0: not literal, 1: literal)

1

Table 5: Dataset Fields, Descriptions and Sample entry.
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