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Abstract

Datasets are foundational to many breakthroughs in modern artificial intelligence. Many recent
achievements in the space of natural language processing (NLP) can be attributed to the fine-
tuning of pre-trained models on a diverse set of tasks that enables a large language model (LLM)
to respond to instructions. Instruction fine-tuning (IFT) requires specifically constructed and an-
notated datasets. However, existing datasets are almost all in the English language. In this work,
our primary goal is to bridge the language gap by building a human-curated instruction-following
dataset spanning 65 languages. We worked with fluent speakers of languages from around the world
to collect natural instances of instructions and completions. Furthermore, we create the most ex-
tensive multilingual collection to date, comprising 513 million instances through templating and
translating existing datasets across 114 languages. In total, we contribute four key resources: we
develop and open-source the Aya Annotation Platform, the Aya Dataset, the Aya Collection,
and the Aya Evaluation Suite. The Aya initiative also serves as a valuable case study in partic-
ipatory research, involving collaborators from 119 countries. We see this as a valuable framework
for future research collaborations that aim to bridge gaps in resources.

1 Introduction

Datasets are static representations of the world, far from the rich, ever-evolving environment we
navigate as humans. Yet, these frozen snapshots in time are the foundation upon which progress in
AT has been built. Many recent breakthroughs in language modeling can be attributed to fine-tuning
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Figure 1: Aya Dataset, Aya Collection & Aya Evaluation Suite. On the left, we show
examples of contributions in the Aya Dataset. These are original human-curated prompt-completion
pairs written by fluent speakers of 65 languages. On the right, we have the Aya Collection, an
aggregation of 44 monolingual and multilingual templated instruction datasets and 19 translated
datasets ranging over 114 languages and three main tasks: Text Classification, Natural Language
Generation, and Question Answering. The bottom block showcases the Aya Evaluation Suite for
multilingual open-ended generation. This collection consists of original annotation and post-edits of
translations covering several languages, and translation of high-quality and universal prompts into
101 languages. We indicate the number of languages in a dataset with the value in the blue ovals
in the figure. (Translated datasets have been visually merged due to space constraints).

pre-trained models on a diverse set of tasks that enable a Large Language Model (LLM) to follow
instructions [McCann et al., 2018; Sanh et al., 2022; Wei et al., 2022a; Muennighoff et al., 2023c;
Longpre et al., 2023a|. Instruction fine-tuning (IFT) leverages the precept that Natural Language
Processing (NLP) tasks can be described via natural language instructions, such as “What were
the reviews like for the Barbie movie?" or “Write a recipe from the following list of ingredients.”
This process requires prompts to be paired with expected completions [Ziegler et al., 2020; Ouyang
et al., 2022| aiming to capture the variety of ways an LLM can be used in downstream tasks. Yet,
the very act of curating data imparts a viewpoint about what distributions we want our model to
represent and what is forgotten. So, what do these widely used datasets tell us about the assumptions
underlying these breakthroughs?



More than 7,000 languages' are spoken around the world today, with a considerable number facing
the challenges of being low-resourced, under-represented, or disappearing [Maxwell & Hughes, 2006;
Simons, 2019; Moran & Chiarcos, 2020; Secretariat, 2022; Gao & Liu, 2023; Ilhomovna & Yulda-
sheva, 2023; Marivate et al., 2020|. In contrast, the most widely used datasets and breakthroughs
in NLP have coalesced around a few data-rich languages [Longpre et al., 2023b; Taori et al., 2023;
Chung et al., 2022; Fan et al., 2021; Dodge et al., 2021; Lucy et al., 2024]. IFT datasets are no
exception; the creation of these datasets has almost entirely focused on English. Furthermore, the
vast majority of the creators of these works originate from a few countries |Longpre et al., 2023b;
Zhang et al., 2022].

The factors underlying the construction of the datasets impact how models perform for users around
the world. Models perform better on the distribution they are trained to mimic [Kunchukuttan et al.,
2021]. This often introduces known biases towards languages [Schwartz et al., 2022; Kotek et al.,
2023; Khandelwal et al., 2023; Vashishtha et al., 2023; Khondaker et al., 2023] and dialects [Jorgensen
et al., 2015; Blodgett et al., 2016; Zampieri et al., 2017; Sun et al., 2023] not included during training
and introduces critical security flaws [Yong et al., 2023a; Nasr et al., 2023; Li et al., 2023b; Lukas
et al., 2023; Deng et al., 2023].

Datasets aren’t simply raw materials that fuel breakthroughs but also make the poor poorer and
the rich richer [Held et al., 2023; Durmus et al., 2023; Robinson et al., 2023]. Disparities in the
access to technological resources predates the advent of LLMs |Garrette et al., 2013|. However, as
LLMs become more sophisticated and widely available, non-English languages will remain under-
represented and will likely become more so. The imbalance between languages has created a growing
divide in the cost of using this technology as marginalized languages require more tokens and
incur higher latency for generations [Ji et al., 2023b; Cui et al., 2023|, consigning speakers of low-
performing languages to lower quality technology [Held et al., 2023; Durmus et al., 2023; Nicholas &
Bhatia, 2023; Ojo et al., 2023|. Often, speakers of low-resource languages do not have the resources
to improve NLP technology for their language, facing a low-resource double bind with limited access
to both compute and data [Ahia et al., 2021].

In this work, our goal is to reduce this linguistic inequality. Efforts that aim to improve
multilingual performance have often focused on improving data coverage [Chen et al., 2023b]. How-
ever, most of the limited effort to date has focused on multilingual pre-training [Scao et al., 2022a;
Wei et al., 2023; Lample & Conneau, 2019] with even less work centered on imparting instruction
following abilities. Approaches that have tried to translate English instruct-style datasets into other
languages often suffer from translation biases [Vanmassenhove et al., 2021; Hartung et al., 2023;
Savoldi et al., 2021; Muennighoff et al., 2023¢| or fail to reflect cultural context appropriately [Wang
et al., 2022a; Ji et al., 2023a; Pudjiati et al., 2022]. Automatic curation of multilingual datasets
is a logical —and sometimes necessary— approach but often suffers from noise and biases. This
makes it difficult to validate the quality of the created datasets [Kreutzer et al., 2022; Luccioni
& Viviano, 2021; Ferrara, 2023; Caswell et al., 2020| or requires the curation of manual templates
which often result in low instruction and completion diversity [Muennighoff et al., 2023c| critical
for model performance [Naik et al., 2023; Chung et al., 2023; Li et al., 2023e; Lahoti et al., 2023].

In contrast, a key aspect of our work focused on harder-to-obtain human-curated data
from fluent speakers of a language. This curation process has received far less attention due to
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Dataset #Instances #Langs % English  Generation method Permissive

license
Llama2 IFT data [Touvron NA 27 90% Human-annotations SF'T datasets X
et al., 2023]
Alpaca [Taori et al., 2023| 52K 1 100% Synthetic data generation IFT datasets =
P3 [Sanh et al., 2022] 12M 1 100% Template generation given applied to En- v
glish datasets
Flan 2022 [Longpre et al., 15M 60 100% Template generation applied to English v
2023a] datasets
xP3 [Muennighoff et al., 2023c| 81M 46 39% Template generation applied to English v
datasets
Sweinstruct  [Holmstrom & 68K 1 0% Machine translation English IFT datasets =~
Doostmohammadi, 2023]
Okapi [Dac Lai et al., 2023| 158K 26 45% Machine translation English IFT datasets v
Bactrian-X [Li et al., 2023a] 3.4M 52 2% Machine translation -+ synthetic data ~
generation
Aya Dataset 204K 65 2% Original IFT Human-annotations v
Aya Collection 513M 114 3.5% Template Generation and translating ex- v

isting datasets

Table 1: Comparison of different instruction-tuning datasets. v'represents permissive licenses that
allow commercial use while ~ represents restrictive licenses that do not allow commercial use.
Xrepresents non availability of license.

lack of access to fluent speakers, especially in low-resource languages [Joshi et al., 2019]. We chose
to close this gap by conducting a year-long participatory research initiative that involved working
with fluent speakers of languages from around the world to collect human-curated instances of
instructions and completions. By leveraging best practices from open-source and crowd-sourced
science projects [Franzoni & Sauermann, 2014; Beck et al., 2022; Lenart-Gansiniec et al., 2023], we
built a simple and intuitive user interface, the Aya Annotation Platform? (Aya UI) which served as
the central platform for contributors to join the Aya® 4 project. In total, we had 2,997 collaborators
spread across 119 countries around the world. Their collective efforts resulted in the Aya dataset
which is the largest human-curated multilingual instruction-finetuned dataset to date, containing
204,114 high-quality annotations in 65 languages.

Additionally, we release and transform 44 pre-existing datasets into sets of instruction-completion
pairs by crafting diverse templates manually, relying on fluent speakers for each language. We further
expand this collection by translating datasets from English into 101 languages. We refer to this
expanded collection of 513 million instances covering 114 languages in total as the Aya collection,
which to date, is the most extensive collection of multilingual instruction-finetuning (IFT) data.

Overall, Aya contributes four key resources: Aya Annotation Platform (Aya Ul); Aya Dataset;
Aya Collection, and Aya Evaluation Suite. Figure 1 shows a visual representation of the Aya
Dataset and Collection. Below, we briefly describe these core contributions:

1. Aya Annotation Platform (Aya UI): We built a robust annotation tool to facilitate the
collection of high-quality multilingual data in an instruction-style format supporting 182 lan-
guages, including dialects. Over eight months, we had a total of 2,997 registered users spanning

2This platform is accessible at: https://aya.for.ai
3The word Aya has its origins in the Akan (Twi) language and is translated as “fern” in English [Willis, 1998].
4 Aya represents endurance, resourcefulness, and defiance — like a fern growing in barren conditions.


https://aya.for.ai

119 countries and 134 languages, including dialects.

2. [Aya Dataset : We created the largest human-annotated multilingual instruction finetuning
dataset to date, consisting of over 204K instances that cover 65 languages. We include a data
card [Pushkarna et al., 2022| for the Aya Dataset in Appendix J.

3. 'Aya Collection : We collected instruction-style templates from fluent speakers and applied
them to a curated list of 44 datasets, including tasks such as Text Classification, Text Gen-
eration, Machine Translation, Paraphrasing, and Open-domain Question Answering. Some of
these datasets also include equivalent multilingual versions produced through translation. We
release 513M instances that cover 114 languages. These contributions are made available as
an open-source collection. We include a data card for the Aya Collection in Appendix J.

4. Aya Evaluation Suite: We curate and release a diverse evaluation suite for multilingual
open-ended generation quality. It consists of 250 human-written prompts for each of 7 lan-
guages, 200 automatically translated but human-selected prompts for 101 languages (114
dialects), and human-edited prompts of the latter for 6 languages, and the English originals.
The first set represents culturally-grounded and original prompts, while the translated and
post-edited prompts are sourced from English Dolly [Conover et al., 2023] and selected for
their cross-cultural relevance. We include a data card for the Aya Collection in Appendix J.

By fully open sourcing the Aya Dataset, Aya Collection and Aya Evaluation Suite with a per-
missive Apache 2.0 License® as well as the code for our annotation platform, we hope to empower
researchers and practitioners to further advance multilingual models and applications. All datasets
are accessible for download.f7®

Paper Organization Section 2 discusses the design and development of the Aya Annotation
Platform, as well as the preparation of the Aya Dataset, and Section 3 presents a detailed analysis
of the Aya Dataset. Section 4 and Section 5 contain discussion and analysis of the Aya Collection.
Section 6 describes the details of the evaluation suite curated in this project. In Section 7, we
describe our approach to participatory research. In Section 8, we review the existing literature, and
in Section 9 we discuss the limitations of our work. Section 10 concludes the paper.

2 Aya Annotation Platform & [Aya Dataset

2.1 Aya Annotation Platform

The goal of the Aya project is to facilitate annotations to a crowd-sourced dataset by individuals
fluent in different languages. Inputs from fluent speakers of each language ensure that the dataset
is more likely to be organic, fluent, and representative of the speakers’ cultures. Including fluent
and native speakers from various regions poses significant logistical challenges involving meticulous
data selection, quality control measures, and custom annotation tools. We developed the Aya
Annotation Platform to streamline the data collection process worldwide, accommodating a large
number of decentralized contributors across multiple languages.

Shttps://www.apache.org/licenses/LICENSE-2.0
Shttps://hf.co/datasets/CohereForAl/aya_dataset

7https ://hf.co/datasets/CohereForAI/aya_collection
8https://hf.co/datasets/CohereForAl/aya_evaluation_suite
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Figure 2: Geographical distribution of the users registered on the Aya platform.

User Interfaces (Uls) play a pivotal role in the context of NLP data collection, serving as the primary
point of interaction between human annotators and the data collection process. The Aya Annotation
Platform? had to accommodate users in 119 countries collecting data across 134 languages. We
designed the platform with a few key principles in mind, such as accessibility and ease of use for
users who were unfamiliar with Al and machine learning. As part of our contribution, we fully
open-source the code for our UI'Y.

Accessibility As users worldwide use different devices and operating systems, we decided to
support both mobile and desktop interfaces [Muhammad et al., 2023|. Approximately 54% of users
accessed Aya Ul via desktop browsers while 46% utilized mobile browsers. We attribute the high
fraction of mobile users to the skew towards mobile users in the Global South [Avle et al., 2018|.
We supported Single Sign-On (SSO) capabilities to enable seamless tracking of user profiles and
reward users with points for contributing data across multiple sessions. We initially only supported
Discord sign-on but discovered that Discord is inaccessible or not widely used in certain countries.
Also, the necessity of a platform-specific account created an obstacle to user engagement with Aya.
This prompted us to add Google sign-on as an alternative option.

Languages Supported Aya project contributors could select the languages they are proficient
in when signing up using the Aya UI. They could then make annotations in the language(s) they
selected. Given the sheer number of languages we could collect annotations for, we chose to prioritize
annotation support for the 101 languages available in the mT5 model [Xue et al., 2021]. We note
that ultimately, some of these languages didn’t receive enough contributions to include them in the
final dataset. Conversely, we received substantial contributions from languages not initially part of
the original list, like Wolof, leading to their inclusion; the final Aya Dataset covers 65 languages.
Table 5 provides details of these languages.

Contributors We aimed to include individuals from diverse backgrounds—mnot limited to Al
experts—enabling anyone proficient in a language to contribute. Our pool of contributors ultimately
reflects this inclusive approach. During the registration process, we request specific demographic
details from each Aya UI user such as country of residence, languages of fluent communication,

Shttps://aya.for.ai/
Ohttps://github. com/for-ai/aya-annotations-ui
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gender, age range, and familiar dialects. We display the onboarding form in Figure 17 in the
Appendix. The Aya community of contributors includes 2,997 registered users across 134 languages.
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Figure 3: Left: Distribution of registered users on the Aya UI by age using specified values. Right:
Distribution of registered users on the Aya Ul by gender using specified values

Demographics Figure 3 illustrates the demographics of registered Aya Ul users by age and gender.
Regarding the age profiles of users, more than two-thirds were aged between 18 and 35. Approx-
imately 68.1% of users identified themselves as male and 28.5% as female. Overall, 6.6% of users
self-reported dialects. Within this group, 75% specified one dialect, 20% specific two dialects, and
the remaining 5% specified three or more dialects, with a maximum of six.

During the development of Aya, registered users

were geographically distributed across 119 coun-

. . . . : 60 | 58-8%
tries based on their residence. Certain countries

like Afghanistan, Bulgaria, Kuwait, and Tajikistan 50
had just one registered user. Figure 2 displays this 20
global distribution, highlighting India with the high- 30

est number of registered users (346 out of 2,997).
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Geographic-Based Contribution Assessment
We grouped the languages by the regions in which
they either originate or are widely spoken. The lan-
guage statistics by region for the original 101 lan-
guages we wanted to cover are as follows: 14 lan-
guages in Africa, 41 languages in Asia, 42 languages Figure 4: Distribution of total contributions
in Europe, and 4 languages in Latin America (See across different regions.

Appendix C.1 for more details and some exceptions

of the distribution). As seen in Figure 4, more than

half of all contributions for the Aya project came from Asia with 58.8%, followed by the African
region with 27.4%. Europe, Latin America, and other regions account for the remaining 13.8% of
the contributions.

)
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We observe a large skew in terms of regional contributions, which deserves further research to
understand why certain networks of contributors remained motivated for the entire project. These




disparities in participation may be due to opportunity cost in time [Gerosa et al., 2021; Wu et al.,
2007|, cultural beliefs around sharing data [Huang et al., 2023|, or the belief that the language in
question is not well served by the current technology [Nicholas & Bhatia, 2023].

Acknowledgement of contributions Recognition and transparency were maintained throughout
the project through the use of a leaderboard!' to acknowledge contributions. We implemented a
scoring system where contributors earned a maximum of three points for each re-annotation, with
one point awarded for rating the prompt and completion, one point for editing the prompt, and
one point for editing the completion. Each original annotation was awarded with two points. We
describe the different annotation tasks in the Aya Ul in detail in Section 2.2.

The Aya Leaderboard is organized to display daily, weekly, and cumulative scores, providing a
comprehensive overview of user contributions. The users have the flexibility to filter scores based
on specific languages, allowing for a sense of community amongst contributors of a particular lan-
guage. This design aimed to boost contributors’ motivation to provide high-quality inputs for their
chosen languages. Figure 19 shows an example of the leaderboard. We discuss further details on
collaborating with the community in Section 7.

2.2 Annotation tasks

On the Aya Annotation Platform, contributors were able to contribute to three different tasks,
following the find-fix-verify paradigm |[Bernstein et al., 2015]: Writing new examples from scratch
(original annotations), editing existing examples to improve the quality and comprehensiveness
(re-annotations), and giving feedback on the quality of existing contributions (annotation feed-
back). We describe each briefly below:

2.2.1 Original Annotations

This task facilitates the inclusion of human-generated organic content by allowing annotators to
submit original prompt-completion pairs in their language. Existing multilingual models have been
shown to produce generations influenced by Western culture [Yuan et al., 2021; Naous et al., 2023,
Lee et al., 2023] reflecting the underlying representation bias [Mehrabi et al., 2021] of their training
datasets. This task aims to encourage annotators to submit fresh samples that are representative of
their language, culture, literature, history, and region. The guidelines for contributors is available
in Appendix B.3.

2.2.2 Re-Annotations

The purpose of this task is to facilitate the re-annotation or editing of prompt and completion
pairs. The decision to add a re-annotation task partly stems from the need to help annotators
understand the expected format of instruction-style datasets and to convey the variety of tasks
in existing datasets, including question answering [Saad-Falcon et al., 2023; Arefeen et al., 2023],
summarization [Stiennon et al., 2020; Wu et al., 2021], paraphrasing [Witteveen & Andrews, 2019;
Reimers & Gurevych, 2019], and translation [NLLB-Team et al., 2022; Barrault et al., 2023]. Editing
examples from existing datasets not only helped familiarize annotators with the expected format

"The Aya Leaderboard is accessible at: https://aya.for.ai/leaderboard/
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Edit Distance[Prompt]: 35
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To crave is to have a strong and intense desire for something. It implies a deep need
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craving it, as craving can be destructive and lead to unhealthy behaviors.
4
4 Edit Distance[Completion]: 321
(a) Example of an original annotation contribution. (b) Example of a re-annotation contribution.

Figure 5: Demonstration of a sample original annotation and re-annotation contribution, in English.
(a) exemplifies an original contribution input by an annotator from scratch. (b) shows a sample of
re-annotation. Here, the annotator may have improved upon either a prompt and completion pair
pulled from the database or a prompt and completion originally created by another contributor.

but also allowed for human evaluation and rating of existing widely used instruction-style datasets.

In total, we collected datasets from 19 public data sources and translated them into 114 available
languages, including dialects using the NLLB 3.3B parameter machine translation model [NLLB-
Team et al., 2022|. From each collection, we randomly chose 100 examples (per dataset and per
language), creating our dataset for annotation, after which we had 1M translated prompt-completion
pairs initially populated in the Aya Ul as re-annotation tasks. These translated pairs served as
a starting point for prompts and completions which annotators could improve. We release the
raw translations as part of the Aya Collection, provide more details about the provenance of the
translated datasets, and how they were selected in Section 4.2.

In addition to translated examples, there are other available data sources suitable for re-annotation:
original Aya pairs, pre-existing instruction-style datasets (e.g., xP3), and the transformation of
datasets into an instruction-style format, i.e., templated datasets. By re-annotating examples from
different sources, we simultaneously enhance the quality of individual examples while obtaining a
signal on the overall quality of the dataset in a specific language. A demonstration of a re-annotation,
where an annotator strengthens a given prompt/completion, is shown in Figure 5b.



2.2.3 Annotation Feedback

Data quality is critical to ensure that a model can represent a language well. Learning from noisy,
low-quality datasets harms the overall model performance and the relatively high cost of encoding
these noisy examples is a misuse of capacity |[Hsueh et al., 2009; Dodge et al., 2021; Luccioni &
Viviano, 2021; Kreutzer et al., 2022|. Prior work has shown that improvements to quality through
data pruning or selection can have an significant impact on the downstream performance of a model
[Longpre et al., 2023c; Marion et al., 2023; Boubdir et al., 2023; Yang et al., 2023]. In particular,
for instruction-tuning datasets, a small subset of higher-quality instructions can greatly outperform
a larger volume of lower-quality instructions [AlShikh et al., 2023; Zhou et al., 2023; Chen et al.,
2023a]. Given these findings, ensuring high quality contributions is of paramount importance.
Ensuring consistent quality is particularly challenging in an open science initiative with a large
number of contributors. We face two key challenges:

Changes in the Annotator Pool. During the year-long project, annotators joined and left the
project at different points depending on their interests and availability. As a result, the window of
contribution for each annotator was different. Only a small fraction of annotators participated for
the entire duration of the year-long project. Annotators were active for an average of 1.3 sessions.
Figure 6 presents a histogram depicting the distribution of user engagement based on the number
of days they actively contributed. On average, Aya annotators spent five days contributing to the
project. Annotators tended to be highly active shortly after joining, but their activity declined
over time. There was a subgroup of annotators who maintained consistent activity over extended
periods.

Varying level of experience with Al.
An important goal of this project was to
have a diverse pool of annotators and we
thus did not limit the selection criteria to
working knowledge of language models or
Al in general. As a result, there were dif-
ferent levels of understanding amongst the
annotators what was meant by a prompt
and completion. For example, we found at
least one contributor with 3,684 contribu-
tions to three languages (English, Somali,
Standard Arabic) who failed to structure
o5 50 75 100 125 150 their submissions as a prompt with a ques-

Active Days tion. Instead, the contributor used an ex-

tract of text as the prompt and its contin-

Figure 6: The distribution of annotators’ engagement uation in the completion. Prefacing such
based on the number of days they actively contributed prompts with an instruction such as “Com-
in Aya Ul plete the following partial extract of text:"
would have been a more suitable format.

Number of Annotators

While we routinely provided examples to contributors, there was a clear need for a systematic way
to review and measure the quality of submissions.

Validating the quality of contributions We follow a peer-review approach where each annotator
acts as a reviewer for the other annotators working on the same language. These reviews form the
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basis for a quality Aya score which is displayed on the leaderboard in the UI. The quality score for
an annotator is calculated by averaging the combined average ratings of their examples provided
by other annotators who serve as reviewers. We provide more details about how annotations are
reviewed in the Appendix Section B.1. All three tasks in the Aya Ul are connected in a sequen-
tial pipeline where submissions from “Original Annotations” are reviewed in the “Re-Annotations”
task, and the re-annotations are further reviewed as part of the “Annotation Feedback” task. This
systematic approach allows for a robust evaluation and enhancement of the collected data.

2.3 Criteria for Inclusion in Aya Dataset

The Aya Dataset includes all original annotations and a subset of all re-annotations. We only release
re-annotations if there is a difference between the original and the edited version. To determine this
subset, we compute the sum of edit distances d (Levenshtein distance [Levenshtein et al., 1966])
between the original and re-annotated prompts and completions on the character level and use an
acceptance threshold of (d > 5). This ensures that we do not release duplicates of existing data.

Only languages with at least 50 contributions were included in the final release of Aya Dataset.
This threshold was picked as it represents a balance between achieving a reasonable level of data
quality and considering the practical limitations of human resources for some languages. The goal is
to include as many languages as possible without lowering the overall quality of the dataset. Table 5
lists details of the languages included in the Aya Dataset.

Count

Original Annotations 138,844
xP3 datasets 2859

Re-Annotations Translated datasets 7757
Templated datasets 11013

Original Annotations 43641

Aya Dataset Total 204,114

Table 2: Aya Dataset Statistics (number of pairs of prompts and completions obtained through
various annotation tasks).

3 Analysis of Aya Dataset

3.1 Statistics

The Aya Dataset contains a total of 204,114 instances collected via the Aya Annotation Platform.
Table 2 provides the breakdown of original annotations and re-annotations in the final dataset. The
dataset covers 65 languages: 22 high-resource, 12 mid-resource, and 31 low-resource languages (See
Appendix E for more details on our language mappings).

3.2 Length of Aya Dataset

One objective of this project was to collect fluid original human prompts and completions. Table 3
provides examples of prompts and completions from the Aya Dataset. During the data collection
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Figure 7: Average Completion Length before and after re-annotation. Here (*) indicates the subset
of all dataset categories (xP3, translated, templated, and Aya original annotations) that were
included in the Aya Dataset after re-annotation. Re-annotation improves average completion length
across all datasets.

process, annotators were provided with examples and guidelines but were also trusted to explore
their own creativity and cultural background to come up with new examples. As a result, it is
meaningful to understand differences in aggregate statistics like length across datasets, language
type and relationship with perceived quality.

Impact of Re-Annotation When edit-
ing existing instances, we instructed the

N HR @ MR [ LR

annotators to prioritize enhancing both the 600
quality and richness of the prompts and
completions. The average length of com- 500

pletions before and after edits are shown
in Figure 7. We observe that across all
data sources, the average length of com-
pletion increased after editing. On average,
the length of completions after edits is 25%
longer than before edits. We observed the
largest increase for Aya original annota-
tions surfaced in the UT — which were 40%
longer on average than the original length.

IS

o

s)
Il

300 —

Average Length

200 —

100

Prompt Completion

Length difference across language

groups The average prompt and com- Figure 8: Average prompt and completion length of in-
pletion length (number of characters) stances in the Aya Dataset across different language
observed across these different language Categories (high (HR), mid (MR) and low (LR) re-
groups is shown in Figure 8. A dis- Source languages, see Table 5).

tinct contrast exists in completion lengths

between mid and low-resource languages

when compared to high-resource languages. Long completions and complete sentences are valuable
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Figure 9: Relationship between Average Prompt and Completion Length in characters and the
Average Approval Rate of the example.

in instruction-tuning datasets, particularly when training multilingual models to generate content
in those languages.

Length vs. Perceived Data Quality Although longer completions can be valuable for training
models to generate long and natural text, it does not necessarily imply higher quality. Using
annotators’ feedback in the Ul, we further investigate the impact of length on the perceived quality
of the samples. Figure 9 showcases this analysis. We observe a positive correlation between how long
the prompts and completions are and their resulting average approval ratio. Specifically, when we
plot combined prompt and completion length against quality, we observe a correlation coefficient
of 0.27. This finding emphasizes the importance of using longer prompts and completions and
incorporating complete sentences to ensure a positive human experience when engaging with such
a model.

Length difference by language Figure 25 in the Appendix illustrates the statistics per lan-
guage. We observe an array of patterns that differed across languages. For instance in Japanese,
completions are on average 31% shorter than prompts. On the other end, for Urdu and Yoruba,
completions are notably long relative to prompts. On average, completions are 1258% and 2516%
longer than the corresponding prompts for Urdu and Yoruba, respectively. The average completion
length in Yoruba is 1591% longer than the average prompt length in Japanese. Figure 26 provides
the average length of the combination of prompts and completions per language.

Comparison in Completion length Across Datasets The Aya Dataset has considerably longer
completions on average when compared with other data collections as shown in Figure 12. This is
particularly noteworthy given that the Aya Dataset is human-curated. Given the presence of longer
completions in the training data for many low-resource languages, we expect that models trained
on the Aya Dataset will generate longer and more natural responses.

3.3 Annotator Skew

A feature of participatory research projects is the challenge of establishing and maintaining a bal-
anced number of annotations across groups of annotators. In the Aya project, the number of

annotators per language varied due to numerous factors. As a result, the distribution of annota-
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ibo Kedu ka ndi Igbo si eme Emume ji ohuru n’omenala Igbo, bu emume na-egosi njedebe
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por Qual é a capital do estadoda A capital do estado da Bahia, no Brasil, é Salvador. Fundada
Bahia? em 1549, foi a primeira capital do Brasil e é conhecida por
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por sua arquitetura colonial, particularmente no Pelourinho, um
centro histérico que foi declarado Patriménio Mundial pela UN-
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Table 3: Examples of prompt and completions in the Aya Dataset.

tors is not uniform across languages. Moreover, within each language, there is a lack of consistent
contributions from all annotators. In this section, we examine the impact of annotator skew on the
resulting dataset.

Annotator Skew Across Languages. Annotators were encouraged to contribute to any language
in which they could comfortably read and write and were asked to focus most of their efforts on
languages other than English. Although a significant number of participants registered for many
languages, the engagement level of annotators was not equal, which resulted in considerable differ-
ences in the number of contributions across languages. Figure 10 (top) provides an overview of the
percentage of each language present in the final compilation. The highest number of contributions
is for Malagasy with 14,597 instances, and the lowest is 79 for Kurdish.

Annotator Skew Within a Language. The final contributions for each language in the Aya

Dataset are not evenly distributed among annotators. The median number of annotators per lan-
guage is 15 (mean is 24.75) with one language having only a single active annotator (Sindhi) and
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High number of active annotators Low number of active annotators

Figure 10: Top: Ratio of all annotations per language with respect to the whole dataset. Bottom:
Ratio of annotations done by the top-k most active contributors (k = 1,...,5). Languages annota-
tions follow their respective ISO codes from Table 5.

some having over 80 annotators (English and Portuguese). Note that annotators made contri-
butions at varying rates, and there is no direct correlation between the number of annotators and
the ultimate count of language contributions. A limited pool of annotators for some languages im-
plies that most instances in that language originate from a smaller group of individuals. Figure 10
(bottom) illustrates the proportion of instances in a language originating from the most active
annotators. We observe a skewed pattern where for 12 languages, the 5 most active annotators
contributed all examples. There is an uneven distribution of contributions for many languages be-
cause those languages had a smaller number of voluntary annotators throughout the entire project
despite rigorous outreach. Additionally, we did not establish a specific quota for annotators to meet;
everyone contributed as they desired, resulting in varying levels of activity among annotators.

The most extreme cases are Zulu and Sindhi, where one annotator in each language volunteered for
all contributions in Annotation and Re-annotation tasks. Thus, in Figure 10 their top-1 contributor
ratio is 1.0 and does not change when moving to top-2 or further. The languages with the least
skewed distributions are Malagasy, Tamil, Nepali, Hindi, English and Portuguese. The lan-
guage English also had the highest number of unique annotators with 130 individuals out of which
95 annotators contributed to English as their second language for annotation purposes. Given
the uneven distribution of annotators per language, it is important to acknowledge that individual
annotator quality has a disproportionate influence on some languages.

3.4 The impact of introducing the Aya Score

As part of our collaborative annotation effort in Aya, we emphasized the importance of quality as
well as long completions that contain clear responses to the instructions specified in the prompt
during the project. To encourage high-quality examples from the annotators, we introduced the
Aya Score (Section B.2) halfway through the project to focus on the quality, in addition to the
quantity, of contributions.
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The Aya Score encouraged participants to incorporate more edits during annotation, with one
specific guideline urging them to transform short answers into full sentences or paragraphs. Fig-
ure 11(right) shows the change in the completion lengths over time. We observe that after in-
troduction of the Aya score, there is a marked uptick in the completion length of all submitted
annotations.
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(a) Volume of submissions over time (b) Average completion length over time

Figure 11: The volume of original annotations and re-annotations increases after the introduction of
Aya Score. We also observe a marked uptick in the completion length of all submitted annotations
with the introduction of the Aya Score.

4  Aya Collection

We introduce the Aya Collection, a comprehensive, large corpus of datasets that can be used by
researchers around the world to train multilingual models. Our goal is only to include datasets with
permissive licensing for manipulation and redistribution.'?
associated with each dataset within the Aya Collection.

Where possible, we report the license

The Aya Collection consists of three different sources of data:

1. Templated data: We collaborated with fluent speakers to create templates that allowed for
the automatic expansion of existing datasets into various languages.

2. Translated data: We translated a hand-selected subset of 19 datasets into 101 languages
(114 dialects) using the NLLB 3.3B parameter machine translation model [NLLB-Team et al.,
2022]. The full list of datasets translated is listed in Appendix Table 9.

3. Aya Dataset: We release the Aya Dataset described in Section 3 as a subset of the overall
collection. This is the only dataset in the collection that is human-annotated in its entirety.

Dataset Selection Criteria The templated and translated datasets in the Aya Collection were
selectively hand picked to achieve a mix of different task types. Our criteria prioritized datasets with
high-quality natural and complete sentences, suitable for creating pairs of prompts and completions.
Datasets that could potentially yield single-word answers were deliberately excluded. Finally, to

2https://en.wikipedia.org/wiki/Permissive_software_license
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Figure 12: Comparison of completion lengths between Aya Dataset, Aya Collection, and xP3
(excluding the "code" split).

create a high-quality collection, we examined all datasets and excluded those identified as unclean
or noisy, primarily attributable to their automatic creation processes.

4.1 Templating Existing Datasets

We explored the automatic expansion of existing datasets in various languages with human-written
prompt templates, following previous works [Mishra et al., 2022; Bach et al., 2022; Wei et al., 2022a;
Wang et al., 2022¢|. Unlike prior works that still either use English prompts in a multilingual
dataset or rely on automatic translation to generate multilingual prompts, to our knowledge, Aya
Collection is the first broad effort to involve fluent speakers in creating prompts unique to their
language to expand existing datasets for instruction tuning.

We used the PromptSource framework [Bach et al., 2022| to template these datasets. We asked
Aya community members to submit instructions and create templates for datasets in the languages
they were proficient in. Our process includes: 1) Templating datasets with instructions in the same
language as the original dataset; 2) If the dataset is not in English, annotating instructions in
English. Our input prompts can be monolingual or code-mixed, depending on whether we apply
templates in the same language or in English to the dataset of a particular language. Note that
code-mixed input prompts here refer to a structured mixing of English instructions with non-English
monolingual data [Lin et al., 2022|, which is different from the typical sociolinguistic definition of
code-mixing (or code-switching) of languages in natural conversational utterances [Winata et al.,
2023a; Yong et al., 2023¢; Dogruoz et al., 2023; Srivastava & Singh, 2021].

We examined the suggested templates and subsequently converted each dataset into an instruction-

style format. We release these datasets under the Aya Collection. We list the details of all datasets
we apply templates to in Appendix Table 8.
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4.2 Automatic Translation

Research has demonstrated that training models with translated data can yield significant benefits
[Aharoni et al., 2019; Zhang et al., 2018b; Tang et al., 2021|]. We experiment with improving
coverage of low-resource languages by selectively translating high-quality datasets from various
existing collections.

Setup We selectively pick 19 high-quality IFT datasets from xP3 [Muennighoff et al., 2023c|, the
Flan Collection [Longpre et al., 2023a|, Dolly [Conover et al., 2023], along with additional sources
such as SODA [Kim et al., 2022] and Mintaka [Sen et al., 2022]. Datasets were prioritized for
translation based on the richness of task diversity and length of completions. The complete list
of these datasets is given in Appendix 9. These translations are available and open-source as part
of the Aya Collection. We process datasets for translation using the No Language Left Behind
(NLLB) [NLLB-Team et al., 2022] machine translation model, which is capable of single-sentence
translations between 200 different languages and dialects in various scripts. For best performance,
we use the largest NLLB model with 3.3B parameters.

Translation Quality Appendix Section G.1 lists NLLB

translation quality for each of the languages of interest, as 704

reported in [NLLB-Team et al., 2022]. Figure 13 shows the s B
translation quality across languages grouped by their resource-

fulness. The mean ChrF++ score on FLORES is 48.17 (min: 2997 .
10.9, max: 69.6) for translations out of English, with a few out- % 40-

liers for HR and LR. We interpret this optimistically as strong © 30

enough to sufficiently serve our translation needs. However, °

upon inspection of translation outputs for fine-tuning data, we 201 . 4‘
encounter significant translation errors with Standard Arabic 10 o

in Latin script and Minangkabau in Arabic script, so we ex- HR MR LR

clude them from our translated dataset. In total, 19 public
datasets were translated into 101 languages (114 dialects). De-
tails of these datasets can be found in Appendix Table 9.

Figure 13: ChrF++ scores for the
NLLB translation model, averaged
across resourcefulness buckets.

In addition to releasing the translated datasets used as a ba-

sis for re-annotation, we also translated Dolly [Conover et al.,

2023|. Dolly is a 15k instruction dataset Databricks collected by relying on its employees as anno-
tators |[Conover et al., 2023|. Annotators were instructed to curate prompt and completion pairs
in each of eight different instruction categories. In contrast to the mentioned NLP datasets, Dolly
was purposefully designed to align language models with human expectations. It stands out as a
high-quality, manually curated dataset covering a range of topics including brainstorming, classifi-
cation, closed question answering, generation, information extraction, open question answering, and
summarization. The addition of the translated Dolly datasets is a valuable resource for languages
that experience a scarcity of conversational instruction fine-tuning datasets.

The list of datasets, along with the number of languages, templates, and other statistics, can be
found in Appendix Table 9.
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Main Task Type Fine-grained Task Type

Question Answering —

Natural Language Generation Summarization
Translation
Paraphrasing
Dialogue
Text Simplification

Text Classification Sentiment Analysis
Information Extraction
Named Entity Recognition
Event Linking
Natural Language Inference
Document Representation

Table 4: Task Taxonomy of NLP tasks in the Aya Collection.

5 Analysis of Aya Collection

5.1 Statistics

Overview The Aya Collection consists of existing NLP datasets that are templated to include
instructions as well as datasets already in instruction format submitted by the Aya community.
Table 8 shows the detailed list of datasets. The full list of templates is available in Section K.
The final Aya Collection consists of 44 multilingual and non-English templated datasets and 19
translated datasets, with 513M individual instances. Overall, the collection covers 114 languages'®.

Tasks Covered Across Templated and Translated Datasets We aim to include datasets
from various tasks in the collection while ensuring that they follow our selection criteria. Table 4
illustrates our task coverage in the Aya Collection, drawing inspiration from xP3 and the Flan
Collection. We have a total of three main task types: Question Answering (QA), Natural Language
Generation (NLG), and Text Classification (TC). Within these larger umbrella tasks, we define
several finer-grained task types based on the datasets, resulting in a total of 11 finer-grained task
types. These finer-grained task types are determined by the frequency of datasets in the Aya
Collection encapsulating that task.

For QA, we decided to keep only the main task type, as the intended goal of question-answering tasks
is clear: Answer a proposed question. The type of the question can be different: open-ended, close-
ended, multiple-choice, single response. For NLG, finer-grained task types include Summarization,
Translation, Paraphrasing, Dialogue (Generation), and Text Simplification. For TC, we include
the following finer-grained task types: Sentiment Analysis, Information Extraction, Named Entity
Recognition, Event Linking, Natural Language Inference, and Scientific Document Representation.
Finally, we label the task categories of each dataset in the Aya Collection in Table 10 and Table 11.
If we are not able to find a fine-grained task type for the dataset, we keep the main task type.

13We release the Aya Dataset as part of the Aya Collection, bringing the total number of languages in the collection
to 115. However, for the sake of clarity, when referencing the Aya Collection statistics in this paper, we exclude the
Aya Dataset.
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Figure 14: Number of prompt/completion pairs in each language in the Aya Collection (templated).
Many languages with limited digital presence, as indicated by a low number of Wikipedia pages,
are well-represented in the templated portion of the Aya Collection. Note that absolute Both axes
are in log-scale.

Language Balance One of the objectives of templating (and translating) existing datasets is
to broaden the available resources for languages that have limited digital data. To examine if our
final collection adheres to a similar distribution pattern, we use the number of Wikipedia pages in
each language as a proxy for the online presence of its fluent speakers. Figure 14 showcases that
although the number of instances for languages varies in the Aya Collection (templated subset),
it does not disadvantage languages with fewer Wikipedia pages. The distribution still ensures a
reasonable coverage across all languages. It is imperative to emphasize that our analysis does not
involve a direct comparison of absolute values, given the disparate units of measurement involved.
Instead, we examine the patterns of data scarcity for various languages in our collection versus
Wikipedia. Including the translated datasets in the Aya Collection further reduces disparities
between languages and contributes to creating a more balanced collection.

Prompt and Completion Lengths Figure 15 shows the distribution of length across languages.
No discernible pattern is observed when examining lengths for high-resource languages compared to
low-resource languages. Low-resource languages appear at both ends of the distribution, occupying
both the head and tail. In the Aya Collection some low-resource languages (e.g., Somali and
Amharic) have longer average completions length than medium or even high-resource languages. The
dedication of individual participants in identifying datasets in their own language and templating
them has made a significant difference for many languages.
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Figure 15: The average length of prompts and completions for high (HR), medium (MR) and low-
resource (LR) languages in Aya Collection.

5.2 Quality Assessment of All Different Data Sources

As previously stated, binary feedback on the quality of the prompt-completion pairings was collected
from the annotators. We define the average approval ratio per dataset which serves as a valuable
metric for assessing the quality of datasets across various languages and diverse data sources. We
compute the average approval ratio as 71 /7T, where T, represents the total number of thumbs up,
and T represents the total number of votes per dataset. An average approval ratio of 1.0 would
indicate that every annotation was perceived to be of good quality and all prompts and completions
had received a thumbs up. An average approval ratio of 0.0 would indicate that every annotation
was perceived to be of poor quality, and all prompts and completions had received a thumbs down.
We constrained our quality analysis to the 40 datasets in our pool for which we had at least 20
instances of feedback.

Overall, we observe that the majority of datasets were of above average (0.5) quality based on
their approval ratio, with all translated data as well as Original Annotations being above average.
However, across all the datasets within each group —xP3, Templated, Translated, and Aya original
annotations— Aya original annotations were perceived to be of the highest quality, with an average
approval ratio of approximately 0.81, compared to the lowest quality dataset, xP3, which had an
average approval ratio of approximately 0.50. This aligns with our intuition that carefully curated
datasets lead to high-quality annotations as perceived by human annotators. Figure 16 provides
a summary of the results for each group. Figure 23 in the Appendix provides approval ratios per
datasets in each group.
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Figure 16: Average approval ratio per dataset group, constrained to datasets receiving at least 20
votes.

6 Aya Evaluation Suite

Lastly, as part of the Aya project we curate and release an evaluation suite tailored for multilingual
models. This set is a valuable contribution in tackling the scarcity of multilingual data, a challenge
that becomes even more apparent when considering evaluation sets. While there are several test
sets available for evaluating multilingual models [Conneau et al., 2018; Ponti et al., 2020; Lin et al.,
2022], they focus primarily on discriminative tasks. To evaluate multilingual models’ generations,
the literature includes task-specific evaluation sets such as Translation [Goyal et al., 2021b|, Summa-
rization [Hasan et al., 2021] and Question Answering [Clark et al., 2020]. However there is currently
a gap in evaluating open-ended generation capabilities of LLMs within a multilingual context. We
aim to address this gap by curating a multilingual evaluation set tailored for assessing the open-
ended generation capabilities of LLMs, such as brainstorming, planning, and other unstructured,
long-form responses.

To strike a balance between language coverage and the quality that comes with human attention, we
create an evaluation suite that includes (1) human-curated examples in a limited set of languages,
(2) automatically translations of handpicked examples into a more extensive number of languages,
and (3) human-post-edited translations into a small number of languages. We consider two primary
sources of data: original annotations from Aya dataset (comprising new examples culturally curated
for different languages) and Dolly prompts (high-quality, human-written examples carefully selected
to have a universal reach). The subsets comprising the Aya evaluation suite are:

AYA-HUMAN-ANNOTATED test set For ease of future adoption, we have partitioned the Aya
dataset into training and testing splits. The test set of the Aya Dataset contains 1,750 of the
total instances (250 instances from 7 languages), selected at random from original annotations. Our
goal is to achieve a balanced representation of languages in the test set and ensure a sufficient
number of examples per language. To guarantee enough data remains for training, we focused
on languages with at least 2000 original annotations. In order to ensure linguistic diversity, we
included languages that were varied in terms of high, mid, or low-resourcedness, as well as script and
language families. For those reasons, the test set consists of English (high-resource, Latin script,
Indo-European), Portuguese (mid-resource, Latin script, Indo-European), Simplified Chinese
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(high-resource, Han, Sino-Tibetan), Standard Arabic (high-resource, Arabic script, Afro-Asiatic),
Telugu (low-resource, Telugu script, Dravidian), Turkish (mid-resource, Latin script, Turkic), and
Yoruba (low-resource, Latin script, Atlantic-Congo). See Table 5 for more details.

DOLLY-MACHINE-TRANSLATED test set We separate a curated subset of 200 Dolly prompts [Conover
et al., 2023] to serve as an additional translated evaluation set. Our aim with this selection was to
exclude any culturally or geographically specific prompts and completions. Hence, two reviewers
inspected a set of initially 500 English prompts that were uniformly sampled based on the task cate-
gories in Dolly. The reviewers excluded prompts that rely on geographic knowledge such as “Looking
at cities in Australia that are on the east coast and the west coast of the country, which coast are
the cities of Fremantle, Sydney, Brisbane, Perth, Cairns, Townsville, Newcastle located on?”, or
prompts such as “Why is NFL football called football when players use their hands mainly?” that
rely on overly specific cultural references. When two reviewers disagreed, a third reviewer was asked
to break the tie. We kept prompts such as “Is art useless?” or “Write a short paragraph about why
you should not have both a pet cat and a pet bird.” and questions that refer to geographic specific
knowledge where the supporting evidence was provided in the prompt itself e.g., “Given a reference
text about Minister for Food, Agriculture and Fisheries of Denmark, when was the position created
and was was it named?”. Although not perfect, the intention behind this selection was to gather a
test set that allows us to evaluate the fluency and quality of responses in various languages while
avoiding model assessment on prompts tied to specific cultural or geographic references that might
have language-dependent validity. We automatically translate the prompts with NLLB into 101
languages and their dialects that are captured by NLLB. Including the original English prompts
this dataset covers 115 dialects.

DOLLY-HUMAN-EDITED test set The automatic translation process may introduce errors in the
prompts that render them nonsensical. For example, the prompt “Which is a species of fish? Bleak
or Weary” requires domain expertise to choose the right translation of the fish names rather than
literal translations of the adjectives (as e.g. in the NLLB Translation into Spanish: “Desanimado
o cansado.” (=“discouraged or tired”)). If the prompt does not make any sense, there is no clear
expectation and measurement of what a good and correct completion should look like. To confidently
interpret evaluation results, it is imperative to establish a reliable set of prompts for evaluation. To
enhance the reliability of testing on these prompts, we therefore enlist professional human annotators
to post-edit the examples (e.g. for the example above “Alburno o Cansado” (=“[Fish name| or
Tired”). We post-edit the prompts for a subset of six languages: Arabic, Hindi, Spanish, French,
Serbian and Russian. Appendix F describes the post-editing process and effort in more detail. The
example above illustrates that some prompts, even when translated correctly, might still not transfer
well into other languages—which is the main difference between a translated English-centric set like
this and an evaluation set originally written in each target language like AYA-HUMAN-ANNOTATED.

We open-source the DOLLY-MACHINE-TRANSLATED test set to be an additional resource for
researchers, although warn that the expressiveness of a translated evaluation set is limited by the
quality of the translation model (and human post-edit) and may adversely impact an estimate of
ability in languages where translations are not adequate [Nogara et al., 2023]|. Ultimately, this
is a compromise between having evaluation coverage in a more complete set of languages (101
languages and 114 dialects in total) versus having human-annotated evaluation sets. If using the
automatically translated test set, we recommend it be paired and reported with the
professionally post-edited DOLLY-HUMAN-EDITED for 6 languages, or the AYA-HUMAN-
ANNOTATED set which also only covers 7 languages but is entirely created by proficient
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target language speakers.

7 A Participatory Approach to Research

Recent breakthroughs in NLP have predominantly come from narrow collaborations that involve
researchers from a handful of institutions and regions of the world [Nakamura et al., 2023]. This
reliance on small, specialized collaboration networks has been shown to hinder innovation [Park
et al., 2023]. Dataset creation as a process has often been undervalued, with minimization of the
value of creators’ contributions [Andress et al., 2020; Peng et al., 2021; Hanley et al., 2020]. Under
such conditions, the richness and diversity of the data are often compromised, as it reflects a limited
perspective that aligns with the interests of those who wield greater power in these transactions.
Data is not, as metaphors such as ‘data mining’ [Puschmann & Burgess, 2014|, or ‘data is the new
oil’ [Stark & Hoffmann, 2019; Awati & Shum, 2015|, might suggest, a natural resource waiting to
be exploited. Whenever we engage with data, we are also engaging with the connections that data
has to the people who produce, prepare, and distribute it [Seaver, 2021; Pinel C, 2020; Crawford,
2021|. Participatory approaches in Al design and research are one way to address gaps in access to
resources needed for research: through collaborative partnerships with language speakers and local
communities.

Aya is an example of a participatory research project [Birhane et al., 2022; Corbett et al., 2023;
Delgado et al., 2023]. Here, the research is the result of a broad cross-institutional, global col-
laboration. This type of cross-sectional work facilitates the collection of vital linguistic data and
community engagement, which is crucial for developing effective language technologies [Joshi et al.,
2019; V et al., 2020]. We describe below some of the guiding principles we followed throughout the
year-long Aya project.

Fluid Ownership and Growth Our open science framework allowed us to challenge the norms of
how computer science usually proceeds [Wittenburg, 2021; Sabou et al., 2012|. Traditional research
approaches often involve rigid hierarchies; typically, research is conducted within academic insti-
tutions or corporate labs where roles are clearly defined, and collaboration is mostly synchronous,
relying on in-person meetings or real-time communication. In contrast, Aya took a decentralized
and democratic approach to collaboration, supporting fluid leadership and flexible role adoption.
This empowered members to take initiative and lead in areas where they had passion or expertise,
regardless of their position in academia, or when they became involved in the project. For example,
members became Language Ambassadors at many different points during the year-long project, and
mentorship roles evolved naturally with more experienced researchers providing guidance to those
more junior (see Appendix C for more details of different roles in the project).

Organizational Structure The communication channels and organizational structure of Aya
were designed to facilitate rich collaboration that could evolve with the interests of participating
researchers over the year-long project. For example, most communication between independent re-
searchers involved within Aya was asynchronous over Discord, which allowed researchers in different
time zones to participate in discussions. Monthly meetings were open for anyone to attend and were
recorded for asynchronous viewing. We describe the structure of meetings and communication more
thoroughly in Appendix D.1 and D.2.

Inclusion and Access The open nature of the Aya Ul allowed us to bypass the gate-keeping
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mechanisms of academic science that often marginalize non-English speakers and people without
formal academic credentials [West et al., 2020]. Expertise in the command of a spoken or written
language is clearly distinct from expertise in machine learning. The inclusion of such a wide range of
volunteers gave us more representative data in a wide variety of languages and also gave volunteers
a glimpse into the often obscure world of machine learning.

Who Participated in Aya The motivations of contributors were not based on financial remu-
neration but on ideals of community, identity, and social justice. Participants saw their roles as
Language Ambassadors and contributors as crucial to ensuring the inclusion of their languages in
the ongoing transition to a digital, information-driven economy. The Language Ambassador for
Malagasy, a language-driven to the risk of extinction by colonial French rule in Madagascar [Spol-
sky, 2018, is planning hackathons in 2024 to use the Aya Dataset to create voice-to-text apps that
will help non-literate speakers of Malagasy participate in the modern economy. In Telugu, a tradi-
tional genre of poetry known as Sathakam is an integral part of the educational system. However,
chatbots that can translate text into Telugu have little to no understanding of the Sathakam form.
The Telugu Language Ambassador told a newspaper in Toronto that “in Aya, we made sure to
include as many Sathakams as we could find” [Castaldo, 2023].

These motivations are not peripheral to the strength of the final Aya Dataset but are key factors in
the data’s provenance |Loukissas, 2019]. These qualitative dimensions remind us that language is,
for the people who use it every day, an intimately social phenomenon. Beyond the symbolic notation
that connects tokens to referents in the real world, we find a robust network of social relations that
are necessary for languages to flourish [Sidnell & Enfield, 2012; Goodwin, 2017; Agha, 2006]. The
social interactions between contributors, ML researchers, and social scientists in the Aya project
were crucial to its success. Contributors shared playlists of their favorite songs from their home
country, recipes from their childhood, and snapshots of the views from their home offices. They
debated subtle nuances of how they wanted their language represented in the dataset and pushed
back on some of the assumptions made by project coordinators on what constituted a distinct
language as opposed to a regional dialect (see Section 9). More than one contributor sat down with
their grandparents to contribute to a language that spanned three generations of use.

The realities of the conditions under which many people work and live were present every day.
For example, Zoom meetings were cut short for some volunteers due to power outages in their
countries or lack of access to a stable internet connection. Burmese, a language spoken in Myanmar,
started out strong in the project with a group of 35 motivated volunteers but saw a sudden pause
in contributions as civil war broke out in the country resulting in the withdrawal of the volunteers
from the project [Petty, 2023|. The Language Ambassador for Armenian also had to drop out of
the project because of a conflict in that country [Reuters, 2023]. In some countries, postal services
only functioned a few days per month because of ongoing warfare, creating challenges for organizers
when mailing out Aya gifts to thank committed volunteers. Ultimately, organizers were not able to
send gifts to thank volunteers who participated from Somalia, Yemen and Palestine. For Somalia
and Yemen, both Canada Post, DHL and Fedex where not able to support shipments. For Palestine,
the cost of shipment proved to be prohibitively expensive — with an estimated shipping cost of 294
US dollars per t-shirt. These geo-political realities shaped both our contributors’ experience as well
as the progress of the project.

Including these factors in our post-mortem analysis of the project is crucial to understanding both
the motivation of people willing to volunteer for open-science projects, and also to understanding
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the data itself: its breadth, its provenance, its shortcomings, and its living history.

ISO Code Language Script Family Subgrouping Resources  Included
ace Achinese Arabic/Latin Austronesian Malayo-Polynesian Low @
afr Afrikaans Latin Indo-European Germanic Mid @
amh Ambaric Ge'ez Afro-Asiatic Semitic Low ¢ o
ara Arabic Arabic Afro-Asiatic Semitic High ¢ 6
aze Azerbaijani Arabic/Latin Turkic Common Turkic Low @
ban Balinese Latin Austronesian Malayo-Polynesian Low @
bbc Toba Batak Latin Austronesian Malayo-Polynesian Low A
bel Belarusian Cyrillic Indo-European Balto-Slavic Mid @
bem Bemba Latin Niger-Congo Atlantic-Congo Low @
ben Bengali Bengali Indo-European Indo-Aryan Mid ¢ o
bjn Banjar Arabic/Latin Austronesian Malayo-Polynesian Low A
bul Bulgarian Cyrillic Indo-European Balto-Slavic Mid @
cat Catalan Latin Indo-European Ttalic High @
ceb Cebuano Latin Austronesian Malayo-Polynesian Mid ¢ o
ces Czech Latin Indo-European Balto-Slavic High A
cym Welsh Latin Indo-European Celtic Low @
dan Danish Latin Indo-European Germanic Mid ¢ 6
deu German Latin Indo-European Germanic High ¢ o
ell Greek Greek Indo-European Graeco-Phrygian Mid A
eng English Latin Indo-European Germanic High ¢ 6
epo Esperanto Latin Constructed Esperantic Low @
est Estonian Latin Uralic Finnic Med A
eus Basque Latin Basque - High ¢ o
fil Filipino Latin Austronesian Malayo-Polynesian Mid ¢ o
fin Finnish Latin Uralic Finnic Mid ¢ o
fon Fon Latin Niger-Congo Atlantic-Congo Low @
fra French Latin Indo-European Ttalic High ¢ 6
gla Scottish Gaelic Latin Indo-European Celtic Low A
gle Irish Latin Indo-European Celtic Low ¢ o
glg Galician Latin Indo-European Ttalic Med @
guj Gujarati Gujarati Indo-European Indo-Aryan Low ¢ 6
hat Haitian Creole Latin Indo-European Ttalic Low ¢ o
hau Hausa Latin Afro-Asiatic Chadic Low ¢ o
heb Hebrew Hebrew Afro-Asiatic Semitic Mid @
hin Hindi Devanagari Indo-European Indo-Aryan High ¢ o
hrv Croatian Latin Indo-European Balto-Slavic. High A
hun Hungarian Latin Uralic - High ¢ o
hye Armenian Armenian Indo-European Armenic Low A
ibo Igbo Latin Atlantic-Congo Benue-Congo Low ¢ o
ind Indonesian Latin Austronesian Malayo-Polynesian Mid ¢ o
isl Icelandic Latin Indo-European Germanic Low @
ita Italian Latin Indo-European Italic High ¢ o
jav Javanese Latin Austronesian Malayo-Polynesian Low ¢ 6
jpn Japanese Japanese Japonic Japanesic High ¢ o
kan Kannada Kannada Dravidian South Dravidian Low ¢ o
kas Kashmiri Arabic Indo-European Indo-Aryan Low A
kat Georgian Georgian Kartvelian Georgian-Zan Mid @
kau Kanuri Arabic/Latin Saharan Western Saharan Low @
kaz Kazakh Cyrillic Turkic Common Turkic Mid @
khm Khmer Khmer Austroasiatic Khmeric Low @
kin Kinyarwanda Latin Niger-Congo Atlantic-Congo Low @
kir Kyrgyz Cyrillic Turkic Common Turkic Low ¢ o
kor Korean Hangul Koreanic Korean Mid ¢ o
kur Kurdish Latin Indo-European Iranian Low ¢ o
lao Lao Lao Tai-Kadai Kam-Tai Low @
lav Latvian Latin Indo-European Balto-Slavic Mid @
lij Ligurian Latin Indo-European Italic Low @
lit Lithuanian Latin Indo-European Balto-Slavic Mid ¢ o
Itz Luxembourgish  Latin Indo-European Germanic Low @
mad Madurese Latin Austronesian Malayo-Polynesian Low @
mal Malayalam Malayalam Dravidian South Dravidian Low ¢ o
man Manipuri Bengali Sino-Tibetan Kuki-Chin-Naga Low A
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mar Marathi Devanagari Indo-European Indo-Aryan Low ¢ 6
min Minangkabau Latin Austronesian Malayo-Polynesian Low @
mkd Macedonian Cyrillic Indo-European Balto-Slavic Low A
mlg Malagasy Latin Austronesian Malayo-Polynesian Low A
mlt Maltese Latin Afro-Asiatic Semitic Low @
mon Mongolian Ciyrillic Mongolic-Khitan =~ Mongolic Low @
mri Maori Latin Austronesian Malayo-Polynesian Low A
msa Malay Latin Austronesian Malayo-Polynesian Mid ¢ 6
mya Burmese Myanmar Sino-Tibetan Burmo-Qiangic Low ¢ o
nep Nepali Devanagari Indo-European Indo-Aryan Low ¢ 6
nij Ngaju Latin Austronesian Malayo-Polynesian Low @
nld Dutch Latin Indo-European Germanic High ¢ o
nor Norwegian Latin Indo-European Germanic Low A
nso Northern Sotho  Latin Atlantic-Congo Benue-Congo Low ¢ o
nya Chichewa Latin Atlantic-Congo Benue-Congo Low ¢
pan Punjabi Gurmukhi Indo-European Indo-Aryan Low ¢ o
pes Persian Arabic Indo-European Iranian High ¢ 6
pol Polish Latin Indo-European Balto-Slavic High ¢ o
por Portuguese Latin Indo-European Ttalic High ¢ 6
pus Pashto Arabic Indo-European Iranian Low ¢ o
ron Romanian Latin Indo-European Ttalic Mid @
rus Russian Ciyrillic Indo-European Balto-Slavic High ¢ o
sin Sinhala Sinhala Indo-European Indo-Aryan Low ¢ o
slk Slovak Latin Indo-European Balto-Slavic Mid A
slv Slovenian Latin Indo-European Balto-Slavic Mid @
smo Samoan Latin Austronesian Malayo-Polynesian Low @
sna Shona Latin Indo-European Indo-Aryan Low ¢ o
snd Sindhi Arabic Indo-European Indo-Aryan Low ¢ o
som Somali Latin Afro-Asiatic Cushitic Low N
sot Southern Sotho  Latin Atlantic-Congo Benue-Congo Low @
spa Spanish Latin Indo-European Ttalic High ¢ 6
sqi Albanian Latin Indo-European Albanian Low ¢ o
STp Serbian Cyrillic Indo-European Balto-Slavic High ¢ 6
sun Sundanese Latin Austronesian Malayo-Polynesian Low ¢ 6
swa Swahili Latin Atlantic-Congo Benue-Congo Low ¢ 6
swe Swedish Latin Indo-European Germanic High ¢ o
tam Tamil Tamil Dravidian South Dravidian Mid ¢ o
taq Tamasheq Latin/Tifinagh  Afro-Asiatic Berber Low @
tel Telugu Telugu Dravidian South Dravidian Low ¢ o
tgk Tajik Cyrillic Indo-European Iranian Low @
tha Thai Thai Tai-Kadai Kam-Tai Mid ¢ o
tur Turkish Latin Turkic Common Turkic High ¢ o
twi Twi Latin Niger-Congo Atlantic-Congo Low A
ukr Ukrainian Cyrillic Indo-European Balto-Slavic Mid ¢ o
urd Urdu Arabic Indo-European Indo-Aryan Mid LN
uzb Uzbek Latin Turkic Common Turkic Med @
vie Vietnamese Latin Austroasiatic Vietic High ¢ o
wol Wolof Latin Atlantic-Congo North-Central Atlantic Low ¢ o
xho Xhosa Latin Atlantic-Congo Benue-Congo Low ¢ 6
yid Yiddish Hebrew Indo-European Germanic Low A
yor Yoruba Latin Atlantic-Congo Benue-Congo Low ¢ o
zho Chinese Han Sino-Tibetan Sinitic High ¢ o
zul Zulu Latin Atlantic-Congo Benue-Congo Low ¢ o

Table 5: 65 languages in the Aya Dataset and 114 languages in the Aya Collection, each language’s
corresponding script, family, subgrouping, and if it is classified as “lower-", “mid-" or “higher”-
resourced according to the taxonomy classes by [Joshi et al., 2020] (low: [0, 1, 2], mid: [3], high: [4,
5]). The language is either included in the Aya Dataset (), Aya Collection (), or both. Note
that Ngaju (nij) and Toba Batak (bbc) are not listed in [Joshi et al., 2020].

27



8 Related Work

8.1 Multilingual datasets

Low-resource languages have long been a challenge in NLP, with limited data impacting task per-
formance [Kunchukuttan et al., 2021|. To address this, researchers have explored techniques like
data augmentation [Sennrich et al., 2016; Dhole et al., 2021|, transfer learning |Zoph et al., 2016,
repeating [Luukkonen et al., 2023; Muennighoff et al., 2023b|, and multilingual models [Dabre et al.,
2020; Muennighoff et al., 2023c; Yong et al., 2023b], achieving promising results in areas like machine
translation. Here, we focus on efforts that are centered on multilingual dataset creation.

Several works have created large-scale multilingual corpora. These are often unstructured texts,
ideal for large-scale unsupervised pre-training [Abadji et al., 2021; Ortiz Su’arez et al., 2019; Scao
et al., 2022a;b; Laurencon et al., 2022; Kudugunta et al., 2023; Whitehouse et al., 2023]. Another
group of multilingual datasets is focused on machine translation [Lucia Specia et al., 2010; Fan
et al., 2021]. They consist of parallel texts in two or more languages, enabling models to learn
the mappings between them. Ideally, machine translation datasets encompass diverse domains and
language pairs, from commonly spoken languages to resource-scarce ones, promoting inclusivity
and linguistic diversity. One of the most extensive collections of parallel corpora is available at
the OPUS project website!* [Tiedemann, 2012]. Large capacity models for language understanding
may obtain strong performance on high-resource languages while greatly improving low-resource
languages |Goyal et al., 2021a]. In Whitehouse et al. [2023], the effectiveness of LLM-powered data
augmentation in cross-lingual commonsense reasoning was demonstrated. An improved performance
was shown when smaller cross-lingual models were finetuned with data generated by LLMs. Some
recently released datasets focus on specialized language domains such as law [Niklaus et al., 2023,
education |Zhang et al., 2023c|, or healthcare [Wang et al., 2023].

These corpora often suffer from inadequate data quality and require extensive cleaning [Abadji
et al., 2022; Kreutzer et al., 2022|. Task-specific datasets, such as XCOPA [Ponti et al., 2020] or
XNLI [Conneau et al., 2018], are smaller in scale but offer higher quality data targeted at a specific
model capability such as cross-lingual understanding and transfer learning. This type of data is
crucial for evaluating and enhancing the performance of models in diverse linguistic contexts.

No Language Left Behind [NLLB-Team et al., 2022| open-sourced bitext, mined bitext, and data
generated using back-translation in 200+ languages specifically for text-to-text translation. While
SeamlessdMT [Barrault et al., 2023| released the metadata of SeamlessAlign, an open multimodal
translation dataset, there are relatively fewer works for data creation/curation in low-resource lan-
guages. Cahyawijaya et al. [2023] introduced NusaCrowd, a standardized collection of 137 datasets
covering 19 Indonesian local languages in text, speech, and image modalities. Our work differs
from previous datasets as we create a large-scale instruction-tuning dataset spanning hundreds of
different tasks, yet retain high-quality by involving human annotation and rigorous quality control
across the entire data creation process.

Yphttps://opus.nlpl.eu
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8.2 Instruction-tuning datasets

Instruction-tuning datasets are collections of human-curated instructions and response pairs, tem-
platized NLP tasks, or synthetic instructions generated by a language model. There are a growing
number of NLP meta-datasets such as Natural instructions [Mishra et al., 2022|, SuperNatural In-
structions|Wang et al., 2022d|, Flan 2021 [Wei et al., 2022a|, Flan 2022 |Longpre et al., 2023a],
Public Pool of Prompts (P3) [Sanh et al., 2022], Unnatural Instructions [Honovich et al., 2023|,
OPT-IML [Iyer et al., 2022], inter alia [Khashabi et al., 2020; Ye et al., 2021; Min et al., 2021]
that collate numerous instruction finetuned datasets together. Some work focuses on specific ap-
plications such as dialogue [Kopf et al., 2023|, structured knowledge grounding [Xie et al., 2022],
or chain-of-thought reasoning [Wei et al., 2022b; Kim et al., 2023]. Manual efforts include Open
Assistant [Kopf et al., 2023] crowd-sourcing volunteers who wrote both instructions and responses,
Databricks employees creating 15k examples in Dolly [Conover et al., 2023, and LIMA [Zhou et al.,
2023] which is a collection of 1,000 author-curated IFT examples.

Synthetic instruction-tuning datasets comprise instructions sampled from a language model, such as
the Self-Instruct dataset [Wang et al., 2022b| generated by GPT-3 [Brown et al., 2020], the Alpaca
dataset |Taori et al., 2023] generated by GPT-3.5, and the Guanaco dataset [Joseph Cheung, 2023|.
Increasingly, the synthetic generation of instruction-finetuned datasets is more sophisticated. [Xu
et al., 2023a| propose a novel Evol-Instruct framework to obtain complex and difficult instructions
gradually. [Luo et al., 2023] and [Gunasekar et al., 2023] further expand this idea to promote
reasoning, code generation, and algorithmic skills. InstructionWild [Ni et al., 2023] and ShareGPT!®
are collections of user-shared conversations with ChatGPT.

8.3 Multilingual Instruction-Tuning Datasets

Despite ever-larger collections of IFT datasets, prior work has been largely English-centric. Most
approaches to extend instruction finetuned datasets outside of English have relied on 1) translating
English datasets into other languages [Holmstrom & Doostmohammadi, 2023; Li et al., 2023a;
Winata et al., 2023b], 2) template based dataset creation [Yu et al., 2023; Gupta et al., 2023| or 3)
human curating instruction datasets in languages outside of English [Muennighoff et al., 2023¢; Li
et al., 2023c; Wang et al., 2022c|. There have been some notable exceptions with large proportions of
non-English data [Joseph Cheung, 2023; Kopf et al., 2023; Lai et al., 2023; Li et al., 2023a; Longpre
et al., 2023a; Muennighoff et al., 2023a;c; Zhuo et al., 2024; Nguyen et al., 2023].

Template-Based Datasets. The most relevant effort is recent work by [Muennighoff et al., 2023c]
releasing Crosslingual Public Pool of Prompts (xP3). xP3 expands the P3 taxonomy and adds
28 new multilingual datasets. However, their datasets usually use the same template in different
languages, thus limiting task diversity. For example, a random batch from their dataset may include
the same sample in different languages multiple times. Their xP3 corpus has task instructions
exclusively in English. In [Muennighoff et al., 2023c|, the experiments with matching the task
instruction to the respective language of the sample via machine translation (xP3mt) showed slightly
improved performance for non-English task instructions at inference. Our work is distinct in that our
human-curated constructed dataset is unique for each of the 65 languages. Such diversity has been
emphasized as a key ingredient for instruction tuning |Longpre et al., 2023a]. Further, we create
non-English task instructions via human annotators, ensuring these are of high-quality, which is

https://sharegpt.com/
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another pillar of a good performance [Zhou et al., 2023|.

Machine Translated Datasets. Machine-translated prompts often lack variability and the cul-
tural nuance inherent in natively written text. However, they are still useful for expanding the
language coverage of the training data and can help bridge the resource gap for languages with
limited training data [Urbizu et al., 2023; Lin et al., 2022]. They can also adapt already-trained
instruction-tuned language models to follow instructions in new languages [Yong et al., 2023b].
Furthermore, LLMs trained on designed prompts have also been shown to be successful at tasks
like EAE (Event Argument Extraction) from multilingual data in a zero-shot setup [Huang et al.,
2022|. |Zhang et al., 2023a] constructed high-quality Chinese instructions from existing English
instruction datasets. They first translated the English instructions into Chinese and then used a
human verification process to determine whether these translations were usable; the verified dataset
set consists of around 200k Chinese instruction-tuning samples. [Li et al., 2023a| constructed in-
struction data for 52 popular languages using Google Translate to translate English prompts and
completions from Alpaca |Taori et al., 2023] (52K) and Dolly [Conover et al., 2023| (15K) dataset,
then used this data to finetune LLaMA [Touvron et al., 2023| using the LoRA [Hu et al., 2021]
technology. |[Zhang et al., 2023b] prompted LLMs to translate a task request, which was overlaid
with the more granular user-based corrects. This process naturally connects different languages as
well as human preferences with LLMs, leveraging LLaMA [Touvron et al., 2023] for foundational
support and employing automatic construction of interactive translation instructions for instruc-
tional tuning, thereby enhancing the model’s multilingual capability and alignment with diverse
linguistic needs.

Human-Curated Multilingual Examples. Most relevant to our work on the Aya dataset are
other datasets that have been curated by humans, often in English. Databricks collected a 15k
instruction dataset databricks-dolly-15k by relying on its employees as annotators [Conover
et al., 2023]. Annotators were instructed to curate prompt / response pairs in each of eight different
instruction categories. [Kopf et al., 2023| released the OpenAssistant corpus with over 10,000
dialogues from more than 13,500 international annotators. While this dataset contains multilingual
annotations, this was not an explicit goal of the initiative. In contrast to our corpus which only has
2.05% contributions in English, 42.8% of the OpenAssistant project remains in English [Kopf et al.,
2023|.

8.4 Participatory Research in Machine Learning

If you want to go fast go alone; if you want to go far, go together. — African Proverb

Prior participatory research initiatives have centered around regions or specific tasks like translation
or character recognition. For example, [Clanuwat et al., 2018| tackles the problem of reading and
understanding Kuzushiji, a cursive style of Japanese writing no longer in common use. Another
example of culturally diverse data collection is [Liu et al., 2021], which recruited native speakers
from five languages (Indonesian, Swahili, Tamil, Turkish, and Mandarin Chinese) that are
typologically, genealogically, and geographically diverse, to provide images of concepts that are
representative of their cultures. Then, they recruited native-speaking professional linguists to write
captions for these images. However, this dataset is small (less than 8,000 data points) and thus
limited to evaluation only. It is worth noting that these works are solely focused on the image
domain, unlike our work, which concentrates on text.
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More relevant to our work are participatory data creation initiatives focused on NLP. [Guevara-
Rukoz et al., 2020 presents a study focusing on the creation of a crowd-sourced corpus for Latin
American Spanish dialects to address the scarcity of resources for these languages. [V et al., 2020]
focuses on the task of Machine Translation (MT), and curates a dataset in 30 under-represented
African languages according to a participatory research framework. Our work is very much in
the spirit of these prior efforts, with differences in terms of global rather than regional focus. In
contrast to these works, which have a specific regional focus, Aya collaborators came from multiple
continents covering a diverse range of languages.

Several works have explored the organizational structures required to facilitate the development
of research communities around under-represented languages. [Siminyu et al., 2021] details work
on the AI4D - African Language Program, which aimed to enhance language resources for African
languages. The outcome included creating over nine open-source African language datasets and
establishing baseline models, demonstrating the program’s significant impact on language tech-
nology for African languages. [Azunre et al., 2021] describes the establishment of NLP Ghana,
with its collaborative open-source community. |[Strassel & Tracey, 2016] discusses the challenges
of developing resources for low-resource languages under the LORELEI (Low Resource Languages
for Emergent Incidents) program. They focus on the pressing need for digital resources in these
languages, particularly in critical situations such as mitigating the effects of natural disasters.

Open science community initiatives like Aya yield significant advancements in language modeling.
Related efforts (in terms of compute and resources required) can be found in the BigScience Work-
shop [Akiki et al., 2022], which began in 2021. The BigScience project was initiated to address the
limitations in LLM development, emphasizing open science and inclusive collaboration. Leveraging
open science principles, it united a global network of researchers working to collaboratively and
ethically enhance machine learning. Their work culminated in key developments like the BLOOM
model [Scao et al., 2022a] and ROOTS corpus [Laurencon et al., 2022|. These achievements under-
score the value of community-driven, ethical, and diverse research programs for large-scale language
technologies. Following Big Science, there have been other recent efforts on open science in language
modeling [Groeneveld et al., 2024; Soldaini et al., 2024].

9 Limitations of our work

1. Language and dialect coverage: The Aya Dataset and Aya Collection cover 65 and 114
languages respectively—significantly more than existing multilingual datasets. However, this
is still only a tiny fraction of the world’s linguistic diversity. Of the world’s approximately
7,000 languages, only half of them are captured in any sort of written form [Adda et al., 2016].
Of this half, only a few hundred are included on the internet in machine readable corpora
[Adda et al., 2016]. This means that 93% of the world’s languages are still not being used
to train LLMs. It is also notoriously difficult to determine the dividing line between different
languages and different dialects of the same language [Rooy, 2021|. Geo-cultural variation
within a language often gives rise to new dialects or creoles over time [Zampieri et al., 2020;
Wolfram, 1997; Brown et al., 2020; Lent et al., 2022; Blaschke et al., 2023| and, as such, dialects
can serve an important function in establishing and maintaining cultural identity [Falck et al.,
2012|. Many different dialects that are generally recognized as belonging to a single parent
language are not represented in the dataset. For example, in the case of Malay, one of
the largest Southeast Asian languages in the dataset, there are no contributions for regional
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dialects that are widely spoken in certain states of Malaysia. Contributions by volunteers who
wished to self-identify as speaking a particular dialect were tagged as such in the data to allow
for limited analysis of the use of regional dialects in annotations. Lastly, socio-linguistic data
show that multilingual speakers often ‘code-switch’ between languages or dialects depending
on context [Myers-Scotton, 2017], but in this project, we kept the languages isolated to make
them easier to classify and to be used downstream for language-specific applications. Aya
also does not cover programming languages. There has been prior work on covering diverse
programming languages |Li et al., 2023d; Allal et al., 2023] and we leave further explorations
in this direction to future work.

. Uneven distribution of contributions: As explored in Section 3.3, despite the large num-
ber of participants, the activity of annotators was skewed, with a ‘long tail’ of annotators
only contributing one or two annotations. Relatively few contributors accounted for the most
annotations (see Figure 10 - bottom). Similarly, there is a huge gap between languages with
the highest number of contributions and ones with the lowest number of contributions. Conse-
quently, this suggests potential unevenness in dataset distributions across different languages
and a lack of annotator diversity within some languages dominated by one or two frequent
contributors.

. Cultural or personal bias: Another limitation is the presence of annotations with particular
cultural biases. Some languages in our dataset have limited representation, with only a few
annotators responsible for annotating the bulk of their dataset. This might mean that data
for a particular language is dominated by annotations that represent the opinions or priorities
of a particular contributor or could represent a narrow selection of cultural viewpoints. For
example, annotations in French might contain many examples about the history of France, its
food, songs, and other cultural practices, but not contain much information about the cultural
heritage of French-speaking communities in Québec, Togo, or Senegal [Vigouroux, 2013]. This
bias is particularly problematic given the skewed distribution of the most active annotators.
There is also a potential bias in the availability of particular kinds of content. For example, it
is easier to find online text from news sites for many African languages than it is to find text
from other domains. Accordingly, these datasets will be skewed towards the grammar and
lexicon used in news reports instead of the kind of natural language people use in everyday
life [Hovy & Prabhumoye, 2021].

. Gendered pronouns: Many of the languages in the Aya Dataset only contain pronouns
that are explicitly gendered (e.g., Arabic) or that lack gender-neutral third-person pronouns
for gender-neutral reference (e.g. Estonian). This means that in responding to prompts that
might not specify a gender, care needs to be taken to ensure that responses remain neutral
as to the gender of any assumed participants [Ghosh & Caliskan, 2023|. For example, if a
response requires reference to “a teacher” in French, the annotator would need to include
references to both “un/e enseignant/e”. While care was taken to ensure neutral responses for
new annotations, gendered annotations in existing datasets might not have been flagged, as
they are not, strictly speaking, incorrect. Instead, they merely presuppose a gendered reading
where one might not be implied [Hardmeier & Guillou, 2018].

. Formality distinctions: Many of the languages in the Aya Dataset also require the speaker
or annotator to make situational choices as to the formality of the pronoun used in response
to a particular prompt. Languages such as Japanese, Persian, Indonesian, Javanese,
Yoruba, French, Spanish, and German include different levels of honorifics that are used
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in formal or informal settings, or used between community members who differ in status
(determined by a variety of factors such as age, profession, seniority, or ethnicity) [Brown &
Gilman, 1968]. In Yoruba, for example, the pronoun that roughly translates as "they” can
either be used as a singular honorific or as a third-person plural pronoun [Yusuf, 2022|. We
deferred to the individual annotators in crafting their responses, allowing them to rely on
the norms of their particular speech community to determine how to respond. Often, these
decisions hinged on the content being discussed, or on how formally the prompt was crafted in
the original data set. When in doubt, annotators were asked to imagine what kind of ‘voice’
they would expect an LLM to have when answering a given prompt [Wilson, 2023].

This means our released dataset contains many languages that have varying levels of stan-
dardization and differing style guidelines. Standardization is often deeply intertwined with
power and identity, and the manner of speech may be connected to aspects of identity like
age, education level, tribal affiliation, and religion. The lack of standardization is also largely
due to regional and cultural differences across the same language, exemplified by Portuguese
in the dataset: European Portuguese diverges from Brazilian Portuguese not only in formality
but also in grammar, spelling, and vocabulary. Often, standards are projected by others to
ensure adherence to cultural values [Bourdieu, 1987; De Mauro et al., 2015; Haugen, 1959;
Rickford et al., 2012].

. Toxic or offensive speech: The Aya Annotation Platform did not contain specific flags
for toxic, harmful, or offensive speech, so it is possible that malicious users could submit
unsafe data. We believe this is of relatively low risk because of the high rate of human-verified
annotations and peer-review, making it unlikely that toxic prompts or completions made it
into the final dataset. However, there is no guarantee that every entry was audited. While data
poisoning has rarely been observed as a viable threat in practice, it has been demonstrated
to be of concern for instruction-tuning with very few examples [Xu et al., 2023b; Wan et al.,
2023| and for pre-training under realistic conditions [Carlini et al., 2023]. During the eight
months of crowd-sourced annotating, there were no reported cases of hateful or toxic speech
in the existing datasets nor were there any instances of offensive speech reported in the peer-
reviewing phase of new annotations.

We also note that data that might be offensive to one annotator might not be offensive to
another, for instance, the completion of a prompt that asks for a definition of the word “woke”
[Castaldo, September 16, 2023]. Prompts written on partisan political topics, or the inclusion
of political advertisements or campaign messages could cause offense depending on the political
proclivities of the annotator. In short, we tried to mitigate offensive speech by relying heavily
on human annotation and peer review, but there is no guarantee that all such data points
were removed from the corpus.

. Accounting for mislabeled data: The Aya Annotation Platform did not contain any
components that enabled re-labeling the assigned language of annotations. This may result
in prompts and completions that appear under a particular language, but were submitted
incorrectly and would need to be re-categorized into a different language. Additionally, while
we trusted annotators were able to follow directions and had a high rate of manual auditing,
some examples likely made it into the Aya Dataset that were not in instruction-style format
or were free-form texts.
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10 Conclusion

Open participatory research continues to be under-resourced and undervalued, particularly when
that work focuses on data creation [Sambasivan et al., 2021|. Aya involved participants from many
different countries, different ages, and different levels of familiarity with the field of natural language
processing. We see continued opportunity for computational linguists and machine-learning engi-
neers to collaborate with social scientists such as sociolinguists, anthropologists, sociologists, and
media studies scholars. As new norms in open science emerge [Krishna, 2020; Bowser et al., 2020],
collaborations like these can help ensure that projects in NLP are motivated by an understanding
of what language means to the people who use it every day.

With Aya, we hope to change the way data is created for multilingual NLP research. In line with
this view, we release the [Aya Dataset| which is the first human-curated open-source, multilingual
instruction-style dataset consisting of 204,114 prompt-completion pairs covering 65 languages. This
dataset was built with the help of our open-science community of 2,997 collaborators from 119
countries over a period of eight months.

We also release the [Aya Collection , which consists of 44 instruction-style datasets. These were
prepared by transforming existing NLP datasets into prompt-completion pairs that can be leveraged
for instruction tuning. Furthermore, we translate several high-quality datasets into 101 languages,
thereby expanding coverage, particularly for many low-resource languages. This collection consists
of 513M prompt and completion pairs covering 114 languages in total and is the largest multilingual
instruction-finetuning collection today. Additionally, we release 'Aya Evaluation Suite , consisting
of human-curated examples in 13 languages and translation of carefully selected prompts in 101
languages. Finally, we are also open-sourcing the Aya Annotation Platform so that communities
can continue to use the platform to support the process of multilingual data collection. We hope
these communities continue to grow and develop, and to connect speakers of low-resource languages
around the world.
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A Aya Annotation Platform

In this section, we discuss the detailed design and development of the Aya Annotation Platform
and the gamification strategy employed. Together, these attempts aimed to ensure high-quality
curation of the Aya Dataset.

Select the country you currently reside in

Select Country

Select the languages you are comfortable giving feedback on. You
should have good written fluency in the languages you specify.

Select Language

Gender

Select Gender

Age Range

Select Age Range

Self report dialect

Add a dialect

Figure 17: The onboarding page for a new user. We collect some demographic information and
ask them to specify the languages they are comfortable annotating data in. These are the language
options they are presented with later on in the UL

A.1 Engagement Strategies

We decided to employ gamification methods to enhance annotator engagement [de Franga et al.,
2015; Bastanfard et al., 2023; Morschheuser et al., 2017]. Our strategy involved using a points-based
rewards system, motivating contributors through social media recognition, and fostering friendly
competition with leaderboards. Regular mini-challenges and sprints helped to create collective
achievement goals and fostered a sense of community [Bastanfard et al., 2023]. Real-time feedback
reinforced positive behavior and customization options, such as avatars, provided a personalized
experience. Overall, these gamification strategies aimed to boost engagement, improve data quality,
and created a more enjoyable experience for the crowd-sourcing participants. [Morschheuser et al.,
2017].

To recognize and incentivize the efforts of our contributors, we established a tiered reward system
based on contribution milestones: 500, 1,000, and 5,000 contributions. Contributors who achieved
these goals on the project leaderboard were rewarded with certificates and specially designed Aya
project apparel. The attire varied according to the contribution level, with different packages for
each milestone. Additionally, the most active contributors were prominently acknowledged in the
project’s dataset documentation, highlighting their significant role as key contributors to the project.
This system not only motivated contributors but also served as a token of appreciation for their
dedication and hard work.

In addition to the leaderboard, the Aya Discord Bot was developed to recognize contributors with
a high number of points. This bot recognized the daily top 10 contributors by tagging them in a
message that was posted on the Aya Discord server. It also aggregated daily total contributions
per region and specified how many days were left until the data collection phase ended. As shown
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Figure 18: Aya Discord Bot message aggregating daily statistics and top 10 annotators

in Figure 18, these messages provided a regular snapshot of progression that allowed annotators to
see the dataset grow across all languages.

[ Weekly Overall Language Dail

~ 9@
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Figure 19: Aya Leaderboard. Daily and weekly leaderboards are shown on the top left and right
respectively. At the bottom are language-specific and overall leader boards, where annotators are
ranked based on their Aya score.
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A.2 Accessibility of Registration Tools

The accessibility and popularity of registration tools differed from country to country and this had
an impact on where the Aya UI users joined from. Figure 20 compares the percentage of registered
users using Discord and Gmail to sign up in the top 10 countries. After introducing Google SSO, we
observed a significant jump in the number of registered users from several new countries (Figure 21).
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100 | 95.15%

85.11%
83.33%  81.82% 81.48% 79.41% 7g.57% 7. 75 80 3% s082%
-00% - 75.00% - 73.73%
e P00 BT 66.67% gaz0%
T 60.87% 5g 330,
|
|
H]
g
0
gy S & g p & f
g & s@“ ‘).‘\b

i&*

Percentage(%)
Percentage(%)
s a
5 3

N
S

\5

Figure 20: Percentage of Aya Ul users that registered via Left: Discord and Right: Gmail.
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Figure 21: Percentage of the Aya Ul users that registered after the introduction of Google SSO in
the platform.

B Ul Tasks

B.1 Reviewing Annotators

In the Aya UI, we display the original and re-annotated versions of both prompt and completion
along with the name of the annotator who did the re-annotation. Reviewers are tasked with rating
the re-annotated prompt and completion on a scale from 1 to 5. The ratings are defined as follows:

(1) Much worse than the original annotation;

(2) Worse than the original annotation;

(3) No noticeable difference compared to the original annotation;
(4) Better than the original annotation;

(5) Much better than the original annotation.

If any of the prompt/completion pairs receive a rating below 5 (i.e., anything lower than “Much
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better than the original annotation”), the reviewer is provided with an option to modify the provided
prompt and completion pair to improve its quality. An “Additional Feedback” text box is also
available for reviewers to explain the reasoning behind their chosen rating.

B.2 Aya Score

To encourage annotators to make high-quality submissions, we designed a ranking score favoring
contributions that received high peer ratings. The Aya Score for an individual annotator is:

Scoreaya = w1 X (€) +wa x C, (1)

with weights w1, wo defined as:

where:

e & represents the total number of re-annotations in which the annotator edited prompts and
completions

e C represents the total number of original annotations submitted by an annotator

~

e () represents the average quality rating derived for an annotator through peer review via
Annotation Feedback task

e T, represents the total number of original annotations made by an annotator that received
positive feedback in Re-annotations task

e T represents the total number original annotations made by an annotator that feedback
received in Re-annotations task.

The rationale behind introducing the Scoreays was to boost a competitive environment among
annotators and encourage them to focus on submitting high-quality data, consequently improving
the overall quality of the Aya Dataset.

B.3 Annotation Guidelines

The annotators were provided with the following evaluation criteria for what a good prompt and
completion pair must look like. Re-Annotations were then performed if they determined that the
prompts or completions needed editing.

1. No grammatical or spelling mistakes in both the prompt and completion text.
2. The prompt provides clear instruction on what the task is.
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3. The completion answers the prompt correctly. Both the prompts and completions should be
in full sentences and coherent, with reasonable length.

4. For original annotations, the prompts and completions should not be generated from other
language models.

Re-Annotations Before editing, annotators rated the quality of existing prompt and comple-
tion pairs by choosing either the thumbs-up or thumbs-down option. If the provided prompt and
completion pair were already of good quality according to the criteria above, then annotators rated
them with thumbs up and moved ahead without editing. Overall, annotators were encouraged to
re-annotate the completions, in particular by adding more details and context to them since many
of them were often short one-word answers.

C Language Representation via Community
C.1 Division by Regions

We chose to divide languages into four primary regions: Africa, Asia, Europe, and Latin America.
These four regions were established in order to facilitate the administration of user contributions and
were not intended to prescribe boundaries within which certain languages are exclusively spoken.

The language statistics by region are as follows: Africa (14 languages), Asia (41 languages), Europe
(42 languages), and Latin America (4 languages). Almost all the languages were assigned to a region
but there are some exceptions, Maori and Samoan were unassigned to any specific region as they
didn’t align with the predefined regions. English was left unassigned, serving as a common language
across all regions. Additionally, contributions in Spanish and Portuguese were distributed between
Europe and Latin America based on contributors’ countries. Similarly, Arabic contributions were
shared between Africa and Asia depending on the contributors’ country of origin. Additional
dialects of Arabic were included in regions separate from that of their parent language because
we had a significant number of speakers from these regions eager to contribute to their respective
dialects. Each region had at least one “Regional Lead” responsible for coordinating “Language
Ambassadors,” and for recruiting fluent speakers for the languages within their area.

C.2 Language Ambassadors

The Language Ambassador’s role was pivotal in bridging the gap between the data collected in a
language and its speakers. An essential criterion for selection was native fluency in the specific
language. The Language Ambassador’s expertise in specific languages and familiarity with the
cultures of the language speakers was invaluable. They assisted not only in spreading awareness
among participants but also in identifying and addressing potential data issues specific to each
language, such as languages incorrectly assigned to their region. Their cultural and linguistic insights
enabled them to make informed decisions, like choosing suitable data sources for collection in their
respective languages. Not every language had a designated Language Ambassador, and some had
more than one. In total, we had 84 Language Ambassadors over the course of the initiative. Their
combined efforts played a vital role in broadening the contributor base for each language. Support
for the Language Ambassadors’ progress and trouble-shooting challenges they faced was coordinated
asynchronously and through weekly online meetups, discussed in Sec. D.1 and Sec. D.2.
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C.3 Regional Leads

There were a total of six Regional Leads: two for Latin America, one for Africa, one for Asia, and
two for Europe. The selection for Regional Lead roles was on a voluntary basis, with the only
requirement being that they must originate from the regions they intended to lead. The invitation
for this role was specifically extended to individuals who were already actively participating in
Cohere For Al projects or engaged in other open science projects. Regional Leads had several key
roles throughout the project, such as selecting Language Ambassadors and aiding their efforts in
attracting more annotators and maintaining their engagement.

D Communication

D.1 Platforms

We established a Discord server for coordination between Regional Leads, Language Ambassadors
and annotators. The server provided basic channels for internal communications: introductions,
inquiries, and announcements, as well as specific channels for Language Ambassadors, for each
region, and for each language, along with any other channels that proved useful for the particular
region. For external communications, we used social media platforms (e.g., X, LinkedIn, WhatsApp,
Facebook), recognizing that the choice of communication platform varied based on cultural and
regional preferences. Using multiple platforms not only facilitated internal organization but also
broadened our project’s outreach by providing flexible and inclusive means of outreach to diverse
communities and audiences.

D.2 Meetings

In addition to asynchronous communication through Discord, we conducted meetings to maintain
team collaboration and cohesion:

1. Regional Leads and Language Ambassadors Meeting: A weekly meeting in which
Regional Leads and Language Ambassadors shared project updates, exchanged ideas, and ad-
dressed questions from Language Ambassadors. It served as an excellent platform for gather-
ing ideas from Language Ambassadors and brainstorming new strategies to engage annotators
effectively.

2. New Contributor Introduction Meeting: Held weekly, this meeting aimed to introduce
new contributors to the project’s specifics. It included explanations about the motivations
behind the project, a walk-through of the Aya Ul, and a sharing of regional statistics. Addi-
tionally, this meeting provided examples of both good and bad annotations and edits to guide
new annotators in their work. It concluded with a synchronous challenge for the annotators
to submit a few initial annotations in real time to familiarize them with the process and allow
them to ask questions if they got stuck.

3. Regional Leads Meeting: Held bi-weekly, this meeting brought together Regional Leads
to assess progress, discuss upcoming steps, and provide advice on how to engage and sustain
contributions for their respective regions. Furthermore, this meeting facilitated collaborative
troubleshooting efforts and helped make important decisions for the following week.
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4. Technical Update: This meeting was dedicated to sharing technical updates, with a focus
on recent Ul progress, data, and benchmarking. The purpose of this monthly update was to
ensure all team members and annotators were well-informed about the project’s current status
and upcoming priorities. It was a place for open discussion to hear feedback from everyone
interested in the project.

5. Language Specific Meeting: Held weekly or biweekly, these meetings were co-working
sessions or datathons led by the language ambassadors with their respective annotators to
submit annotations synchronously. It also acted as an onboarding session to welcome new
contributors from regions that could not join the New Contributor Introduction Meeting due
to conflicting time zones. Demonstrations on using the Ul, as well as brainstorming sessions,
were conducted to improve the representation of specific languages in the project.

E Language Groupings

In this work we will refer to groups of languages to be “lower-", “mid-" or “higher”-resourced according

to their recorded, written, and catalogued NLP resources |Joshi et al., 2020]. Joshi et al. [2020]
group languages into 5 distinct clusters based on the amount of data from a combined range of source
(LDC catalog', ELRA Map!”, Wikipedia '®), which we interpret as a proxy for data availability for
pretraining and IFT training of LLMs. We group these 5 distinct clusters into a rough taxonomy
of lower-resourced (LR), mid-resourced (MR) and higher-resourced (HR) (See Table 6).
See Table 5 for full mapping of languages to categories. We note that this grouping is inevitably
imperfect; languages and their varieties cannot absolutely nor universally be classified based on this
single dimension [Haméldinen, 2021; Lignos et al., 2022; Bird, 2022]. The categorization in our case
serves the purpose of aggregation in our analysis of the data distribution.

Group Category Languages Examples
. 5 7 Arabic, Chinese, English, French, Spanish
Higher-Resourced 4 18 Hindi, Italian, Portuguese, Russian, Turkish
Mid-Resourced 3 25 Afrikaans, Indonesian, Kazakh, Malay, Latvian
2 13 Hausa, Icelandic, Irish, Lao, Maltese
Lower-Resourced 1 39 Albanian, Gujarati, Igho, Luxembourgish
0 12* Kurdish, Kyrgyz, Sinhala, Yiddish

Table 6: Language grouping for the Aya Collection. We assign categories to languages based
on [Joshi et al., 2020]. (*) We assign label 0 to two languages not found in Joshi et al. [2020]’s
taxonomy (manipuri and ngaju).

https://catalog.ldc.upenn. edu/
"https://catalog.elra.info/en-us/
Bhttps://wikipedia.org/
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F Post-Editing the dolly-machine-translated Test Set

F.1 Annotators

Annotator Selection The primary demographic make-up of the participants in the evaluations
was recruited based on their proficiency in the language groups. The proficiency was self-reported,
and our requirements were natively proficient or professionally proficient in the specific languages
needed for the project. Outside of this, the participants come from diverse social backgrounds
comprised of students and individuals with full-time or part-time jobs that do annotation as a “side

vhl

gig:.

Socio-Demographics The annotator pool is comprised of people from diverse backgrounds, and
this spans across socioeconomic backgrounds, careers, levels of education, and self-reported gender
and sexual identities. We do not ask any annotators to share or report any of these statistical
pieces of information in a formal way; any insights into this are gathered organically and through
self-reporting by the annotators.

Quality Considerations We do not believe that any socio-demographic characteristics have led
to any impact on the data that has been annotated. Through every part of the project we have
reiterated the importance of this work and the fact that this is helping to support a global-scale
research project. We are confident in the trust we have built with the annotators in this project,
and they care greatly about the overall outcome and therefore have been diligent in completing the
task with a high degree of accuracy. Where possible, we have done our best to have annotators
work on this project and be representatives of the communities that the project aims to support.

Compensation The annotators were paid 30 CAD per hour. No special consideration was made
to the hourly rate as that is the standard rate offered to Cohere’s annotators who work on highly
complex tasks.

F.2 Annotation Process

Communication Annotators were briefed by one of the authors in a virtual introduction session,
and were able to ask questions and raise issues throughout the annotation task in a Slack channel.
They were also encouraged to share frequent error patterns, artifacts, or hard decisions that they
encountered throughout the task with the authors and other annotators.

Schedule There was no fixed time schedule for the annotations and annotators contributed a
varying amount of hours and ratings, depending on their availabilities and speed. Each translation
was post-edited by one annotator, and there were 3-4 annotators involved in each task. After post-
edits were completed, a second annotator (not the original post-editor) assessed the post-edit for
quality and proposed new final edits if necessary.

Interface Post-edits were collected on Google Sheets with an interface built in Google Apps Script.
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F.3 Instructions

The instructions given to professional annotators for the DOLLY-MACHINE-TRANSLATED test set
post-edits were the following: “As an annotator, you have the task to improve the quality of the
prompts for our multilingual model! The prompts are originally machine-translated from English,
and sometimes the translation introduces errors in the prompts that make them hard to follow.

We need your help to identify these cases, and to edit these translations so that they...

1. Convey the same instruction/task/request as the English original — not more and not less.
2. Are grammatically correct.

3. Are free from phrases too literally translated from English (we call this “Translationese”).

This is how:
For each pair of English prompt and translated prompt shown, decide whether the prompt is okay
as it is (according to the above criteria), or needs an edit.

e If it needs an edit, edit the prompt until the quality is satisfactory (in the field “Edited
Prompt”). Try to keep your edits minimal. Then confirm that the edited prompt fulfills the
above three criteria.

e If it’s okay as is, just proceed (without editing the “Edited Prompt” field) to confirm that it
fulfills the above three criteria.”

Annotations were done through an interface built on top of Google Sheets. One annotator edited
each prompt, and another verified the edit, if necessary had a discussion and edited the original
edit. Three to four editors collaborated on each language.

F.4 Post-Editing Effort

For each prompt, we measure the post-editing effort with Human-targeted Translation Error Rate
(HTER) |[Specia & Farzindar, 2010], an edit-distance metric that compares the original machine
translation with the post-edited version in terms of edit operations on units of words. This also gives
us an estimate of how severe the errors in the original translations were, and how critically the post-
editors assessed the original translations. Analogously, we estimate with a Human-targeted Char-
acter F-Score (HChrF) score how much the original translation overlaps with the final post-edited
translation. This metric is based on the ChrF score [Popovi¢, 2015] and operates on character-level
matches. Computations of HTER and HChrF are based on the sacrebleu implementation [Post,
2018].

Table 7 reports these statistics for the six languages of the DOLLY-MACHINE-TRANSLATED test set.

We find that editors edited at least 41% of prompts in all languages, a surprisingly high number. This
indicates that translation errors in the DOLLY-MACHINE-TRANSLATED test set are quite common.
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Language % of Prompts Edited HTER HChrF

Arabic 41.0% 10.78 92.74
French 84.5% 5.56 96.81
Hindi 60.0% 6.16 95.00
Russian 86.5% 37.43 75.92
Serbian 72.5% 9.06 92.79
Spanish 75.5% 9.13 93.25

Table 7: Post-editing effort measured by the overall percentage of edited dolly test prompts,
HTER (Human-targeted Translation Error Rate: the higher, the more effort), and HChrF (Human-
Targeted Character F-Score: the lower, the more effort).

For Russian, the post-editing effort was overall largest, with an average of 37.43 HTER, which
means that 37.43% of words in the final post-edit had to be edited from the original. This stands in
contrast with the post-edits for French, where a similar ratio of original prompts was edited (84.5%
compared to 86.5% for Russian), but to a much lesser extent (5.56 HTER).

G Translation using NLLB

Additional Generation details One caveat with using NLLB is that since the model was trained
on single sentence pairs, the translations tend to cut off abruptly when full paragraphs are translated.
To get around this, we sentence-tokenize the paragraphs using the sentence-splitter Python package
(similar to |[NLLB-Team et al., 2022]) and concatenate them post-translation. To avoid known
translation introduced artefacts, We also filter any samples which have <unk> tokens introduced by
the NLLB tokenizer or model.

G.1 Translation Quality of NLLB

Figure 22 illustrates NLLB translation quality as measured by ChrF+-+ on the FLORES benchmark
for the languages of interest for Aya, grouped by their resourcefulness according to [Joshi et al.,
2020]. The scores were extracted from https://github.com/facebookresearch/fairseq/blob/n
11b/README.md for the dense 3.3B model.
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Figure 22: NLLB Translation Quality: ChrF++ scores on FLORES for translations from English

into the Aya target languages that are covered by NLLB, grouped by their resourcefulness according

to [Joshi et al., 2020].
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Figure 23: Average Approval Ratio per dataset, constrained to datasets receiving at least 20 votes.
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Figure 24: Average prompt and completion length of instances in the Aya Dataset before and after

re-annotation across different language categories.
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Figure 25: Average prompt and completion length for every language in the Aya Dataset
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| Additional Tables

Dataset #Langs Template lang Dataset lang I_/pmmpt Leompt.  License Task

AfriQA-inst ?:m’ kf."n’ haﬁ’ "

[Ogundepo et al., 12 10, K, SWhL g 1% CC BY 4.0 Qe ron

2023] twi, wol, yor, Answering
zul, eng, fra

AfriSenti-inst amh, arq, hau, Sentiment

[Muhammad et al., 9 ibo, kin, ary, 168 44 CC BY 4.0 Analvsis

2023| por, swh, twi Y

Ambharic QA MIT Question

[Abedissa et al., 2023| ! amh amh Hid 33 license Answering

News-summary-

instruct [TahmidH, 1 ben ben 174 67 CCo0 1.0 Summarization

2023|

E:;fl:;;n:;fllic; 023] 1 hye hye 165 118 Artistic-2.0 ~ Paraphrasing

Telugu-food-recipes

[SuryaKrishna02, 1 tel tel 70 870 Apache 2.0  Generation

2023a]

Telugu-jokes

[SuryaKrishna02, 1 tel tel 80 276 Apache 2.0  Generation

2023b]

Telugu-news-articles

[SuryaKrishna02, 1 tel tel 448 426 Apache 2.0  Generation

2023c]|

Telugu-poems

[SuryaKrishna02, 1 tel tel 357 198 Apache 2.0  Generation

2023¢]

FarsTail-Instruct Natural

[Amirkhani et al., 1 pes pes 224 112 Apache 2.0  Language

2023; hghaderl, 2023] Inference

Hindi-article-

summarization 1 hin hin 3813 175 fg LRI Summarization

[ganeshjcs, 2023a|
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Hindi-article-
generation [ganeshjcs,
2023b]
IMDB-Dutch-instruct
[Maas et al., 2011;
jjzha, 2023]

IndicSentiment-inst
[Doddapaneni et al.,
2023; el2e10, 2023a]

IndicXParaphrase-inst
[Doddapaneni et al.,
2023; el2e10, 2023b;
SuryaKrishna02,
2023d]
Indo-stories-instruct
[Iftitahu, 2023a;b;c|
Joke-explaination-inst
[theblackcat102, 2023]
Lijnews-instruct
|ConseggioLigure,
2023a;b]
LLM-Japanese-
Vanilla-inst [Suzuki
et al., 2023;
Tellarin.ai, 2023a|

MasakhaNEWS-inst
[Adelani et al., 2023]

Mintaka-inst [Sen
et al., 2022]

NTX-LLM-inst [Chen
et al., 2023c;
Tellarin.ai, 2023b],

NusaX-senti-inst
[Winata et al., 2023b]

Persian-instruct-pn
[Farahani et al., 2021;
Shafagh, 2023a;b|
SCB-MT-2020-prompt
|[Lowphansirikul et al.,
2022; PyThaiNLP,
2023a;b]

Scirepeval-biomimicry-
inst [Singh et al., 2022]

Seed-instruct-lij
[Maillard et al., 2023;
ConseggioLigure,
2023c¢;d]

SODA-inst [Kim et al.,
2022

TamilStories [AI Tamil
Nadu, 2023a]
TeluguRiddles
[desik9s, 2023]
Thai-USEmbassy-
prompt [PyThaiNLP,
2023d;e]
Thai-POS-inst
[PyThaiNLP, 2023c]
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CC BY-SA
4.0

Apache 2.0

MIT

MIT

CC BY 4.0

MIT

CC BY 4.0

CC BY-SA
4.0

AFL-3.0

CC BY 4.0

CC BY-SA
4.0

Apache 2.0

MIT

CC BY-SA
4.0

ODC-BY

CC BY-SA
4.0

CC BY 4.0
Apache 2.0

Apache 2.0

CC0 1.0

CC BY-SA
3.0

Generation

Sentiment
Analysis

Translation
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Translation
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Translation
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Answering
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Classification
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Answering
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Sentiment
Analysis

Summarization

Translation

Scientific
Document
Representation

Translation

Dialogue

Generation

Question
Answering

Translation
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Thai-Wiktionary-inst
[PyThaiNLP, 2023f]
Thirukkural-instruct
[AI Tamil Nadu, 1 tam
2023b]

Turku-paraphrase-inst

[Kanerva et al., 2021; 1 fin
TurkuNLP, 2023|

UA-Gec-inst [Syvokon

et al., 2023; osyvokon, 1 ukr
2023]

UNER-LLM-inst
[Mayhew et al., 2023; 11
Universal NER, 2023]

Urdu-News-Gen-
Article [Hussain et al.,
2021; AhmadMustafa,
2023a|
Urdu-News-Category-
Class [Hussain et al.,
2021; AhmadMustafa,
2023b]
Urdu-News-Gen-
Headline [Hussain

et al., 2021; 1 urd
AhmadMustafa,
2023c]|

Wiki-split-inst [Botha
et al., 2018]

—

tha

rus, srp,
swe, tgl

1 urd

1 urd

X-CSQA-inst [Lin
et al., 2021]

Xlel wd-inst [Pratapa
et al., 2022]
XWikis-inst
[Perez-Beltrachini & 4
Lapata, 2021]

zho, hrv, dan,
eng, deu, por,

slk,

tha

tam

fin

ukr
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urd

urd

urd

eng

eng,
Spa"
jpn,
p0r7
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urd
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fra, ita,
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fra, eng,

35

133

108

192

768

109

1407

1314

200

197

379

5662

CC BY-SA
147 3.0
542 Apache 2.0
CC BY-SA
59 40
148 CC BY 4.0
CC BY-SA
109 40
1313 CC BY 4.0
43 CC BY 4.0
94 CC BY 4.0
166 CC BY 4.0
21 MIT
190 CC BY 4.0
346 MIT

Generation

Generation

Paraphrase
Identification

Generation

Named Entity
Recognition

Generation

Text
Classification

Generation

Text
Simplification

Question
Answering

Event Linking

Summarization

Table 8: List of datasets in Aya Collection (templated datasets).

Dataset #Langs Epmmpt Leompt. License Task
Adversarial QA (T) [Bartolo et al., 2020] 101 159 721 CC BY-SA 3.0 Questlo.n
Answering
CNN-Daily-Mail (T) [See et al., 2017] s
[Hermann et al., 2015] 101 1980 305 Apache 2.0 Summarization
Flan-Coqa (T) [Wei et al., 2022a; Reddy oS Question
et al., 2019] 101 2143 364 Multiple ANt
Flan-CoT-submix (T) [Wei et al., 2022a) 101 239 160 Unknown Generation
Flan-GEM-wiki-lingua (T) [Wei et al., 2022a; CC BY-NC-SA ..
Ladhak et al., 2020] 101 1732 572 3.0 Summarization
Flan—lamba}da (T) [Wei et al., 2022a; Paperno 101 232 7 CC BY 4.0 Generation
et al., 2016]
Flan-unified-QA (T) [Wei et al., 2022a; Question
Khashabi et al., 2020] L 2 1 Apeda 200 Answering
Question
HotpotQA (T) [Yang et al., 2018] 101 129 15 CC BY-SA 4.0 Answering
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Joke-explaination-inst (T) [theblackcat102,
2023]

Mintaka-inst (T) [Sen et al., 2022]
MLQA-en (T) [Lewis et al., 2020]

NQ-Open (T) [Kwiatkowski et al., 2019]
PAWS-Wiki (T) [Zhang et al., 2019]

PIQA (T) [Bisk et al., 2020]
SODA-inst (T) [Kim et al., 2022]
WIKI QA (T) [Yang et al., 2015]

Wiki-split-inst (T) [Botha et al., 2018|

Xlel wd-inst (T) [Pratapa et al., 2022]
Dolly-v2 (T) [Conover et al., 2023]

101

101

101

101

101

101
101
101

101

101
101

111 545 MIT

54 67 CC BY 4.0

819 20 CC BY-SA 3.0

68 14 CC BY-SA 3.0
Custom

308 6 license,
attribution

304 100 Unknown

86 208 CC BY 4.0

205 36 MSR DLA¥*

126 220 CC BY-SA 4.0

300 274 CC BY 4.0

427 357 CC BY-SA 3.0

Generation

Question
Answering
Question
Answering
Question
Answering

Paraphrase
Identification

Question
Answering
Dialogue
Question
Answering
Text
Simplification
Event Linking
Generation

Table 9: List of datasets in Aya Collection (translated datasets).

Main Task Type

Fine-grained Task Type

Dataset

Question Answering

AfriQA-inst [Ogundepo et al., 2023]

Ambharic QA [Abedissa et al., 2023]
LLM-Japanese-Vanilla-inst [Tellarin.ai, 2023a|
Mintaka-inst [Sen et al., 2022]

X-CSQA-inst [Lin et al., 2021]

TeluguRiddles [desik98, 2023]

News-summary-instruct [TahmidH, 2023|
Persian-instruct-pn [Shafagh, 2023a]
Hindi-article-summarization [ganeshjcs, 2023a]
XWikis-inst [Perez-Beltrachini & Lapata, 2021|

IndicSentiment-inst [el2e10, 2023a]
Indo-stories-instruct [Iftitahu, 2023a;b;c]
Lijnews-instruct [ConseggioLigure, 2023a;b]
SCB-MT-2020-prompt [PyThaiNLP, 2023a;b]
Thai-USEmbassy-prompt [PyThaiNLP, 2023d;e]
SEED-instruct-lij [ConseggioLigure, 2023c;d]

Natural Language Summarization
Generation
Translation
Paraphrasing

Arpa-instruct [syntaxshill, 2023]

IndicXParaphrase-inst [el2e10, 2023b; SuryaKrishna02, 2023d]

Turku-paraphrase-inst [TurkuNLP, 2023]

Text Simplification

Wiki-split-inst [Botha et al., 2018]

Dialogue

SODA-inst [Kim et al., 2022]

NL Generation

Telugu-food-recipes [SuryaKrishna02, 2023a|
Telugu-jokes [SuryaKrishna02, 2023b]
Telugu-news-articles [SuryaKrishna02, 2023c|
Telugu-poems [SuryaKrishna02, 2023e|
TamilStories [AI Tamil Nadu, 2023a]
Joke-explaination-inst [theblackcat102, 2023]
Thirukkural-instruct [AI Tamil Nadu, 2023b]
Hindi-article-generation [ganeshjcs, 2023b]
Thai-Wiktionary-inst [PyThaiNLP, 2023f]
UA-Gec-inst [osyvokon, 2023]
Urdu-News-Gen-Article [AhmadMustafa, 2023a]

Urdu-News-Gen-Headline [AhmadMustafa, 2023c|

Thai-POS-inst [PyThaiNLP, 2023c|
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Text Classification Sentiment Analysis AfriSenti-inst [Muhammad et al., 2023]
IMDB-Dutch-instruct [jjzha, 2023]
NusaX-senti-inst [Winata et al., 2023b|

Information Extraction NTX-LLM-inst [Tellarin.ai, 2023b]
Named Entity Recognition UNER-LLM-inst [Universal NER, 2023|

Natural Language Inference  FarsTail-Instruct [hghaderl, 2023|

Event Linking Xlel wd-inst [Pratapa et al., 2022]
Sci. Doc. Representation Scirepeval-biomimicry-inst [Singh et al., 2022]
Text Classification Urdu-News-Category-Class [AhmadMustafa, 2023b]

MasakhaNEWS-inst [Adelani et al., 2023]

Table 10: Task Taxonomy of Templated Datasets (Aya Collection). We classify the templated
datasets with a standard task taxonomy of three main tasks: Question Answering, Natural Language
Generation, and Text Classification (Table 4). We then have a fine-grained task taxonomy within
each task, such as Summarization, Translation, Paraphrasing, Sentiment Analysis, Information
Extraction, and Named Entity Recognition. If there is not a recognized fine-grained task taxonomy
for a specific dataset, we put it in the main task type category.

Main Task Type Fine-grained Task Type Dataset

Question Answering Adversarial QA (T) [Bartolo et al., 2020]
Flan-Coqa (T) [Wei et al., 2022a; Reddy et al., 2019]
Flan-unified-QA (T) [Wei et al., 2022a; Khashabi
et al., 2020]
HotpotQA (T) [Yang et al., 2018]
Mintaka-inst (T) [Sen et al., 2022]
MLQA-en (T) [Lewis et al., 2020]
NQ-Open (T) [Kwiatkowski et al., 2019]
PIQA (T) [Bisk et al., 2020]
WIKI QA (T) [Yang et al., 2015]

CNN-Daily-Mail (T) [See et al., 2017] [Hermann

Natural Language Summarization et al., 2015]
. Flan-GEM-wiki-lingua (T)[Wei et al., 2022a; Ladhak
Generation
et al., 2020]
Text Simplification Wiki-split-inst (T) [Botha et al., 2018]
Dialogue SODA-inst (T) [Kim et al., 2022]
NL Generation Joke-explaination-inst (T) [theblackcat102, 2023]
Flan-CoT-submix (T)[Wei et al., 2022a]
Flan-lambada (T) [Wei et al., 2022a; Paperno et al.,
2016]
Dolly-v2 (T) [Conover et al., 2023]
Text Classification Event Linking Xlel wd-inst (T) [Pratapa et al., 2022]
Paraphrase Identification PAWS-Wiki (T) [Zhang et al., 2019]

Table 11: Task Taxonomy of Translated Datasets (Aya Collection). We classify the translated
datasets similar to templated datasets (Table 10). If there is not a recognized fine-grained task
taxonomy for a specific dataset, we put it in the main task type category.
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Dataset

Dataset #Langs Language [_/pmmpt Leompt.  License Task
adversarial qa dbert [Bartolo et al., CC BY-SA  Question
2020; maxbartolo, 2023a) L eng 5 e 3.0 Answering
adversarial qa dbidaf [Bartolo et al., CC BY-SA  Question
2020; maxbartolo, 2023b] 1 eng 669 256 4.0 Answering
adversarial _qa droberta [Bartolo CC BY-SA  Question
et al., 2020; maxbartolo, 2023c| 1 ens 42 2 4.0 Answering
ag_mnews |Gulli, 2005; jxmorris12 BSD-3- Text
et al., 2023] ! ene 292 40 Clause Classification
ai2 arc ARC-Challenge [Clark et al., 1 G 351 33 GPL-3 Questlo.n
2018| Answering
ai2_arc ARC-Easy [Clark et al., 2018] 1 eng 307 26 GPL-3 Questlo.n
- Answering
. BSD-3- Sentiment
amazon_ polarity [Zhang et al., 2015] 1 eng 454 83 Clause Analysis
. Sentiment
app_reviews [Grano et al., 2017] 1 eng 159 28 Unknown Analysis
clue ¢3 [Xu et al., 2020] 1 zho 338 7 Apache 2.0 guesm.n
nswering
clue cmrc2018 [Cui et al., 2019 1 zho 426 178 CC BY-SA Question
4.0 Answering
clue csl [Li et al., 2022] 1 zho 315 64 Medin B0  JEien
Answering
clue dred [Shao et al., 2019] 1 zho 436 128 CC BY-SA Questlo.n
3.0 Answering
clue tnews [Xu et al., 2020] 1 zho 235 7 Apache 2.0 Questlo.n
Answering
;grll(j_]dallymall_S,0.0 [Nallapati et al., 1 eng 1699 646 Unknown Summarization
common _gen [Lin et al., 2020] 1 eng 96 49 MIT Generation
cos_e_ v1.11 [Rajani et al., 2019] 1 eng 208 19 BSD-3- Generation
- = Clause
cosmos__qa [Huang et al., 2019] 1 eng 547 51 Unknown Questlo.n
— Answering
dbpedia_ 14 [Lehmann et al., 2014] 1 eng 378 64 Apache 2.0 Topic
- v ' Classification
dream [Gu et al., 2022] 1 eng 511 152 Apache 2.0 Questlo.n
Answering
duorc ParaphraseRC [Saha et al., Question
2018 1 eng 1438 663 MIT Answering
duorc SelfRC [Saha et al., 2018] 1 eng 1411 645 MIT 2“65“0_“
nswering
. . Text
GEM/BISECT [Kim et al., 2021] 3 eng, spa, fra 346 251 Unknown Simplification
CC
GEM/xlIsum [Hasan et al., 2021] 2 eng, ben 1156 636 BY-NC-SA  Summarization
4.0
gigaword [Rush et al., 2015; Graff L
ot al., 2003] 1 eng 181 80 Unknown Summarization
glue mrpc [Warstadt et al., 2018; Text
Wang et al., 2018; Dolan & Brockett, 1 eng 270 38 MIT . .
2005] Classification
glue qqp [Warstadt et al., 2018; Wang Text
et al., 2018; Iyer et al., 2012 1 eng 199 4 Unknown o sification
imdb [Maas et al., 2011] 1 eng 1089 106 Unknown ~ Sontiment
nalysis
. arb, ben, eng, Question
tydiga-goldp [Clark et al., 2020] 6 ind, swh, tel 526 115 Apache 2.0 Answering
. . arb, ben, eng, Question
tydiga-primary [Clark et al., 2020] 6 ind, swa, tel 1110 332 Apache 2.0 Anmwering
kilt tasks hotpotqa [Petroni et al., Question
2021] ! ene 137 15 MIT Answering
multi news [Fabbri et al., 2019] 1 eng 3466 1442 E;s:;s;l Summarization
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openbookga main [Mihaylov et al.,
2018

xlwic xlwic [Raganato et al., 2020]

paws labeled final [Zhang et al.,
2019]

paws-x [Yang et al., 2019]
piqa [Bisk et al., 2020]

qasc [Khot et al., 2020]
quail [Rogers et al., 2020]

quarel [Tafjord et al., 2019a]

quartz |Tafjord et al., 2019b]

quoref [Dasigi et al., 2019]

race high [Lai et al., 2017]

race middle [Lai et al., 2017]

ropes [Lin et al., 2019]

rotten _tomatoes [Pang & Lee, 2005]
samsum [Gliwa et al., 2019]

sciq [Welbl et al., 2017]

social i qa [Sap et al., 2019]

squad_v2 [Rajpurkar et al., 2016]

super_ glue boolq [Clark et al., 2019;
Wang et al., 2019]

super _glue multirc [Khashabi et al.,
2018

super _glue record [Zhang et al.,
2018a]

super _glue wic [Pilehvar &
Camacho-Collados, 2019]

trec [Li & Roth, 2002; Hovy et al.,
2001]

trivia_qa unfiltered [Joshi et al.,
2017|

web _questions [Berant et al., 2013]
wiki_bio [Lebret et al., 2016]
wiki_hop original [Tu et al., 2019]
wiki_qa [Yang et al., 2015]

wiga [Tandon et al., 2019]

xquad [Artetxe et al., 2019]
xsum |[Narayan et al., 2018|
yelp review full [Zhang et al., 2015]

eng

eng

eng

eng, Spa,

zho

eng

eng

eng

eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng
eng

zho, vie
eng

eng

fra,

163

225

285

255

256

314

1752

289

307

1556

1723

1141

886

152

473

346

182

689

653

1509

1175

170

144

148

70

586

6363

224

408

652
1412
620

16

12

11

72

38

18

10

388

229

144

97

18

170

139

15

82

76

120

70

92

17

328

748

26

44

173
250
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Apache 2.0

CC BY-NC
4.0

Custom
license
Custom
license

AFL 3.0

Apache 2.0

CcC
BY-NC-SA
4.0

CC BY 4.0
CC BY 4.0

CC BY 4.0

Custom
license
Custom
license

CC BY 4.0

Unknown

CC BY-
NC-ND 4.0
CC BY-NC
3.0

CC BY 4.0

CC BY-SA
4.0

CC BY-SA
3.0

Custom
license

Apache 2.0

CC BY-NC
4.0

Unknown
Unknown

Unknown

CC BY-SA
3.0

CC BY-SA
3.0

Custom
license

Apache-2.0

CC BY-SA
4.0

MIT
Custom
license

Table 12: List of xP3 datasets [Muennighoff et al., 2023¢].
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Question
Answering
Text
Classification
Paraphrase
Identification
Paraphrase
Identification
Question
Answering
Question
Answering

Question
Answering

Question
Answering
Question
Answering
Question
Answering
Question
Answering
Question
Answering
Question
Answering
Sentiment
Analysis

Summarization

Question
Answering
Question
Answering
Question
Answering
Question
Answering
Question
Answering
Question
Answering
Text
Classification
Text
Classification
Question
Answering
Question
Answering

Generation

Question
Answering
Question
Answering
Question
Answering
Question
Answering
Summarization
Sentiment
Analysis



J Data Cards

Following Pushkarna et al. [2022] and the HuggingFace data card template!”, we present the data
card for the Aya Dataset.

Data Card for the Aya Dataset

The Aya Dataset is a multilingual instruction fine-tuning dataset curated by an open-science
community. The dataset contains a total of 204,114 annotated prompt-completion pairs.
Curated by: 2,007 contributors from 110 countries

Language(s): 65 languages

License: Apache 2.0

Repository: https://huggingface.co/datasets/CohereForAl/aya_dataset

Authorship
Publishing Organization: Industry Type: Contact Details:
Cohere For Al Not-for-profit - Tech https://aya.for.ai/

Example of Data Points

The dataset contains multilingual prompts and completions in the following format: {prompt:
"What day is followed by Saturday?", completion : "Saturday is followed by
Sunday.", language: "English" }

Motivations & Intentions

Curation Rationale: The curation effort employed an open-science approach to create a diverse
instruction-style dataset through annotators across the globe that ensures comprehensive repre-
sentation across all languages. The success of the curation effort, led by volunteers across diverse
backgrounds, was significantly influenced by their hope to meaningfully bring NLP advancements
to their languages.

Provenance

Methods Used Methodology Details

crowd-sourced through volunteer annotations, Source: Original annotations and edits of open-
followed by a quality assessment phase in which source NLP datasets

samples from the dataset were checked. Platform: Aya Annotation Platform

Dates of Collection: Jun 2023 - Dec 2023

Dataset Version and Maintenance

Maintenance Status Version Details Maintenance Plan

Actively Maintained Current version: 1.0 Updates will be periodically
Last Update: 12/2023 made available based on vol-
First Release: 02/2024 unteer contributions

Yhttps: //huggingface.co/docs/datasets/v2.15.0/en/dataset _card
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Data Card for the Aya Collection

The Aya Collection incorporates instruction-style templates from fluent speakers and applies them
to a curated list of 44 datasets. It also includes translations of 19 instruction-style datasets into
101 languages. This collection provides 513,579,625 instances of prompts and completions covering
a wide range of tasks..

e Curated by: 2007 contributors from 110 countries

Language(s): 114 languages

License: Apache 2.0
e Repository: https://huggingface.co/datasets/CohereForAIl/aya_collection

Authorship
Publishing Organization: Industry Type: Contact Details:
Cohere For Al Not-for-profit - Tech https://aya.for.ai

Example of Data Points

The dataset contains multilingual prompts and completions in the following format: {‘prompt’:
"Generate an article for the given headline: {{headlinel}}", ‘completion’:
"{{news_article}}", ‘lang’: "English" }

Motivations & Intentions

Curation Rationale: Automatic augmentation of existing datasets serves to enhance the available
linguistic resources for multiple languages. List of languages were established from mT5 and
aligned with annotators’ language list and NLLB translation model. The datasets were translated
directly from English for all languages.

Provenance

Methods Used Methodology Details

combination of crowd-sourced templating and Source: Existing NLP datasets
automatic translation. Platform: Aya Annotation Platform

Dates of Collection: Jun 2023 - Dec 2023

Dataset Version and Maintenance

Maintenance Status Version Details Maintenance Plan
Actively Maintained Current version: 1.0 No updates planned.
Last updated: 12/2023
Release date: 02/2024
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Data Card for the Aya Evaluation Suite

The Aya Evaluation Suite contains a total of 25,750 open-ended conversation-style prompts cov-
ering 101 languages of three subsets:
AYA-HUMAN-ANNOTATED: 250 original human-written prompts in 7 languages each.
DOLLY-MACHINE-TRANSLATED: 200 human-selected prompts from Conover et al. [2023], au-
tomatically translated with the NLLB model [NLLB-Team et al., 2022] from English into 101
languages.
DOLLY-HUMAN-EDITED: 200 dolly-machine-translated prompts post-edited by fluent speakers
for 6 languages.

e Curated by: contributors, professional annotators, and synthetic generation

e Language(s): 101 languages
e License: Apache 2.0
e Repository: https://huggingface.co/datasets/CohereForAI/aya_evaluation_suite

Authorship
Publishing Organization: Industry Type: Contact Details:
Cohere For Al Not-for-profit - Tech https://aya.for.ai

Example of Data Points

The dataset contains multilingual prompts in the following format: {‘prompt’: "Which is a
species of fish? Bleak or Weary", ‘lang’: "English" }

Motivations & Intentions

Curation Rationale: This evaluation suite is tailored for testing the generation quality of multi-
lingual models, with the aim to balance language coverage and human-sourced quality. It covers
prompts originally written in each language, as well as English-centric translated and manually
curated or edited prompts for a linguistically broad but rich testbed. The list of languages was es-
tablished from mT5 and aligned with annotators’ language list and the NLLB translation model.

Provenance

Methods Used Methodology Details

combination of original annotations by volun- Source: Original annotations and translations
teers, automatic translation, and post-editing and post-edits of Dolly

of translations by professional annotators. Platform: Aya Annotation Platform

Dates of Collection: Jun 2023 - Dec 2023

Dataset Version and Maintenance

Maintenance Status Version Details Maintenance Plan
Actively Maintained Current version: 1.0 No updates planned.
Last updated: 02/2024
Release date: 02/2024
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K Aya Collection Templates

|Dataset |#1d | Prompt Template Completion Template
Answer the given question in one of the
following languages, [bem, fon, hau, ibo, kin,
AfiQA-fnst 1 swh, twi, wol, yor, zul, eng, fra]. {{answer_in_ target_language}}
[Ogundepo et al., {{question_in_target_language}}
2023]
Given the tweet, provide the sentiment
associated with it.
1 Among which of the sentiment categories I would classify the given tweet as:
AfriSenti-inst would you classify the following tweet? {{sentiment}}
[Muhammad et al., positive, negative, or neutral
2023] {{tweet}}
Is th 1 i iti
st © fweet below eXpressing a positive, The tweet is expressing {{sentiment}}
2 negative, or neutral sentiment? {{tweet}} -
sentiment.
Given the context, provide the answer to the
asked question.
1 hP ek IC ¢ @- 9°At {{answer_text}}
Ambharic QA hHY 03 F A HIARD: AD-& +hF27 TLE LavA= ya@-
[Abedissa et al., 2023] {{context}} {{question}}
hHY 0T CA@-7 HCHC ao G Nao b I°
9 A“Lhta®- T2 awdnl L0 {{context}} hTee@ A78C ThhaF o avdnn {{answer_text}}
{{question}} ya-:
hHY 0T PAD7 Rch-5- 179N+ N AQQP Y
3 ATk oan £ {{context}} AT et awan {{answer text}} r@-:
{{question}}
POm@-7 T4 Aavao Al hHD O+ T CbeNDy e Ao Tk FhhAZ - J°AT
4 eavdnt: {{context}} {{question}} {{answer_text}} ya-=
ATLhA@- T eE FAT Aaonimil- hHU 0T
5 fhies har& a7o: {{context}} AT ek awar {{answer text}} -
{{question}}
Fm@-7 TeE iU O F FIme- Ao+ aw(dt
6 aa {{context}} {{question}} AT Thha% @ 9°AT {{answer_text}} y@-x
Generate the summary/headline of the given
news article.
1 % AR S I AW A e 78 A AW R =, {{headline}}
News-summary- b
instruct [TahmidH .
2023] ’ {{article}}
‘2 ‘ ol MR (T 1 T e 1 {{article} } S[EVG SRR 1R e 2, { {summary} }
fATEs STesRTT 3 0" O AT A 79 |
3 ) MG SR e Jere 7@, { {summary}}
{{article}}
fATss SR 3@ =w0R o ACwe At 79 |
4 summar,
{{article}} { vi}
T Y 06T TR I @14 |
5 ) MG SR S Tere e, {{summary}}
{{article}}
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AT AT Yoot o wadt:  {{article}}

‘ ‘6 ‘ ‘ {{summary}} ‘
‘ ‘7 ‘ et e g { {article} } ‘ simise e 2o, {{headline}} ‘
‘ ‘8 ‘ Wim"fmww qCl: {{article}} ‘ Wﬁﬂiﬁ‘ﬁwm, {{summary}} ‘
ffafe Feim Rt 2rs oiE?
9 ) AqWe A 7MW P =eetl, {{headline}}
{{article}}
OF Y 063 SRR I &7 |
10 {{article}} {{summary}}
‘11 ‘ STt 3 g e Yereiq Ak = {{article}} ‘ {{summary}} ‘
ATE ST IR FCF G106 I R forga:
12 {{article}} siEmie R 2o, {{headline}}
‘13 ‘ SICAT ¥ ¥ B oo et 7w {{article}} e e ST @, { {summary}} ‘
‘14 ‘ T A @fe T Tew A« {{article}} {{summary}} ‘
e sats fefere s sam Ficaiam forga
15 . AqWe FFIA 1M P =eet, {{headline}}
{{article}}
Paraphrase the following sentence.
JYbpwuwwwndtp hwennpn
Arpa-instruct 1 Uwhiwnwuntpjniun: {{sentence2}}
[syntaxshill, 2023] {{sentencel}}
Qnbp hwonnpn Lwhuwnwuntpjwlu
2 UGpwuwindnedp: {{sentence2}}
{{sentencel}
Qnbp Lwhuwnwuntpintl yepwwwwndGn
. hwdwn hwgnpnp: 9
3 {{sentencel} {{sentence2}}
Given th ¢ the food it . Food Item § 2000 dargren 0080 Sairh 3
iven the name of the food item, generates « .
the detailed recipe along with the ingredients. Do %y aépgz?éo&. THOVS NG
{{Ingredients}}
Telugu-food-recipes y
[SuryaKrishna02, {{Food Item}} Qo° &0t Bt Higor™ agod. SIS Daro:
2023a] {{Cooking Instructions}}
Food Item § 20008 Hargren o805 Soimth W3R
a0t {{Food Item}} SArth IogER8 ol | Do B s Bgedkod. SHORS Sergren:
9 &0 B’DCJ"g"&D S SBAN &) NS I {{Ingredients}}
D5Bed QeIgods.
SOSTHID Dgedo:
{{Cooking Instructions}}
Food Item § 20008 Hargren $0805n Soimth W3R
36 ({Food Tiem}) oer s oo | 270 Y BB TS serges
3 DTy, T 5O D BATE Boliorr ey, {{Ingredients}}
SOSPHT® Jedo:

{{Cooking Instructions}}
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0SB0 oty B8 Wardgw & Food Ttem

Food Item 8 S°00R:8 Horgren $p80%s S0t B3R
Qo 3,08 BRGGOA. SHORS dErgred:

4 e {{Ingredients}}
SAPEHBO Agedo:
{{Cooking Instructions}}
Food Item § o000 dargren $:008 Sairh 3
{{Food Item}} der Ic5rd? dSwero &° Do 3,08 BRWGOA. SHORS dErgred:
5 ROV DEgen 50 S0 B Ao {{Ingredients}}
od.
SBOSTEI® Aeo:
{{Cooking Instructions}}
Food Item § 29008 Hargren o805 Soimth W3R
Dro /)8 BeIgeAEOR. 5RO K)Wg"e»:
6 {{Food Ttem}} Qer &dsrth daro? {{Ingredients}}
SATFLHB AFo:
{{Cooking Instructions}}
Food Item § 20008 Hargren $p805n Soimth W3R
Qo FE BIWEOA. SHONS HIgred:
7 {{Food Ttem}} 328 Qoe3? {{Ingredients}}
SOSPHT® Jedo:
{{Cooking Instructions}}
Given the title of a funny conversation,
generate a fut?triz conversation based on the %§§: ({Title}}
Telugu-jokes 1 (P C tion}}
[SuryaKrishna02, {{Title}} o3 805 & &% wsyg unny fonversation
2023b]
38%: {{Titl
) ({Title}} w3 S8 & &5 wing ge: {{Title}}
{{Funny Conversation}}
28 $590g Kogees WG 000 TR G, B0 8% {{Title}}
3 {{Title}} &o@ ermr axg.
R {{Funny Conversation}}
2.8 DY) $5°g dQYRFo Bayg 08O TR G, %gé %Qé: {{Title}}
4 {{Title}} &0l e~ adg.
{{Funny Conversation}}
28 T50E) G000 KogTRed B 00D %Qé: {{Title}}
5 oY), 3% {{Title}} &od o ag:
{{Funny Conversation}}
28 QXY SX0&) 000N SN0 @g 08T TR %Qé: {{Title}}
6 oY), 3% {{Title}} &od orr ag:
{{Funny Conversation}}
28 SETEP WONT HogPRE WYY HBAN T 3gs: {{Title}}
7 Gy, 3QE {{Title}} &od o @y
{{Funny Conversation}}
2s5 QXY BRI 0T HAYIFo @G 0B R 2Q%: {{Title}}
8 oY), 3QE {{Title}} wod orrr @y,
{{Funny Conversation}}
258 SPKg KogPREs B 0O TR G, GBS 308 {{Title}}
9 {{Title}} &0l orm adyg.
{{Funny Conversation}}
2.8 ) 57 eI wsg B T Sy EES 808 {{Title}}
10 {{Title}} es0l e~ 3.
{{Funny Conversation}}
208 S550e) G000 H0gTes BT OB T %Qé: {{Title}}
11 o), &S {{Title}} ol orrr ag.

{{Funny Conversation}}
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28 Q) 0@ 800008 $RYaddo Bag w0 TR

%gé: {{Title}}

12 Doy, 8BS {{Title}} esold o g
{{Funny Conversation}}
28 BT WO KogPRes Bg 00dsN R 3gs: {{Title}}
13 Doty 8BS {{Title}} esold oo @eg.
{{Funny Conversation}}
28 QX)) SXPP oI R0 VY $0OA® %Qé: {{Title}}
14 Bty 8BS {{Title}} esold oo eg.
{{Funny Conversation}}
Given Title/Headline of the article, generate
the article with that Title/Headline.
One word from the set (enclosed within
square brackets) is chosen at random and a
prompt template is created. .
Telugu-news-articles 1 {{Article}}
[SuryaKrishna02, [8o8 | 80B | mxdeadd | addy] [%§§$ | 888 &
2023c] | Es"gfs &) [ R | Srg0 ef¥S Q| &g
E5Q)| [Fro0ed | oedhod):
{{Title}}
Given the article, generate the Title/Headline
for the article.
Lo One word from the set (enclosed within
One v}x;ordkfrtom'thiset (er;closedd Wlthlg square brackets) is chosen at random and a
square racti ) lsi Ct osen a tradn om and a completion template is created.
prompt template is created.
2
BN | adgRds] [y SER8 | 26?35 <05S &
808 | 808 | wigeis | @S] [ EE8 [ Py T
5[335 Lgééé't | 5'2»35 %m‘ﬁ] ][%[Qé:& | e_;eaé&'; | gl wm;g“’f@s? | 505 | ogs] [Ags
| 2G5 ] [Fro%06 | asged | canod] | 886 | &ge] {{Title} )
{{Article}}
Given the poem and type of poetry, explain
the meaning of the poem.
“ a)S {{Poetry_Type}} &R g8 erehyiigo:
Telugu-poems 1 §ocs @iy {{Poetry_Type}} & g8 {{Meaning}}
. S BYIg0 V0%
[SuryaKrishna02,
2023¢] {{Poem}}
§ocs @iy {{Poetry_Type}} & $argls erso
9 BQod: QNS {{Poetry_Type}} & $argR8 grsdo:
{{Poem}} {{Meaning}}
§ocs @)y {{Poetry_Type}} & g8
3 gPR%M wgod: NS {{Poetry_ Type}} SR XDCS"gK)@ 2P00:
{{Poem}} {{Meaning}}
§ocs @iy {{Poetry_Type}} & g8
4 Fal Yo Bgod: NS {{Poetry_ Type}} SR Xaw"gﬁé SPE\TGRN:
{{Poem}} {{Meaning}}
§ocs @)y {{Poetry_Type}} & g8 o
5 asg0d: a)® {{Poetry Type}} & g8 edo:
{{Poem}} {{Meaning}}
§ocs @y {{Poetry_Type}} & dagds ©gsn
6 a%od: a)® {{Poetry Type}} & Hrgl8 eogodn:
{{Poem}} {{Meaning}}
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Given the meaning and the type of poetry,
generate the corresponding poem.

§ols By & eyUgo &) oo {{Poetry_Type}}

A erehyUgo &y {{Poetry_Type}} 3O esgo:

P
3O6° $esg0 TOWo: {Poem}}
{{Meaning}}
8ot AN g %3y oo {{Poetry_ Type}}
8 3OS Hisgo TAod: QY erdo 5y {{Poetry_Type}} 30 £ésgo:
{{Meaning}} {{Poem}}
§ols NS grdesn H) oo {{Poetry_Type}}
9 308° 35esgo T"00Gs: BN g &3y {{Poetry_Type}} 30 3esgo:
{{Meaning}} {{Poem}}
8ots AN ez iy o
N NS Seaygsm $3y {{Poetry T 39
10 {{Poetry_Type}} 30" esg0 ochod: SN ED é’:dﬁ o: D {{Poetry_Type}} 2
{{Meaning}} {{Poem}}
8ocS S ©do $F) oorr {{Poetry_Type}}
1 3OS° Hi530 T°IHoG: BN ©go &3y {{Poetry_Type}} & &igo:
{{Meaning}} {{Poem}}
§ots NS wFLn &3y oo {{Poetry_Type}}
12 30 0330 TOod: a0 g Sy {{PoetryType}} 30 Heigo:
{{Meaning}} {{Poem}}
Given the partial poem and type of poetry,
generate the rest of the poem.
o8 BN @ &)tigo @IB0R) @DoTFI0ND
g {{Poetry_Type}} 30" $r@3R ooosod: SprBudoseng Shesgo §ots @sigeattol:
13 S E\Sg0: desge:
{{Meaning}} {{Poem}}
@fco&’wg@wé X)c‘,ﬁgo:
{{Partial Poem}}
8ol IR N0 V80D @éoéj“gg_nom‘é KDD‘SE’)&
{{Poetry_ Type}} 30&° 832 oodsodk:
o SroBchng $igo §ots aBgwGD:
14 {{Meaning}} o= z:sa ;,; 30 Som Begnse
P
©RRTEZo0NS Hesgo: {Poem}}
{{Partial Poem}}
8ot B &8N @B WRHoTPYR0NN
g {{Poetry_Type}} 30" 803 oooSod:
s rdabed Heigo §ots wigBGB:
15 {{Meaning}} R 2;3%;; R
P
0TGN Hesgor {Poem}}
{{Partial Poem}}
8ol QYN S )50 N800 @VoXTIRooND
Sargly {{Poetry_Type}} 308° 5@ orood:
S C: SroSatng $ego §ots aBgwGd:
16 {{Meaning}} o= 2;;3 ;,; 50 Som Begnee
{{Poem}}

©00sYSand g
{{Partial Poem}}
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Eots YN 8o @080 ©B0PER0N HEg
{{Poetry_Type}} 30&° 832 oodhodk:

@or. SrOBEahng $igo §ots aSgwGR:
17 {{Meaning}} esgo:
Poem
©J05PGR000S Heigo: { B
{{Partial Poem}}
§ots NS 98350 @980l wdosrgRoons
gy {{Poetry_Type}} 308" 03 oooSod:
eogao: SrOBang $igo §ots aSgwGd:
18 {{Meaning}} 3desgo:
Poem
@éos’y"g@:ow:‘é X)c‘,ﬁgo: { H
{{Partial Poem}}
Given a premise, provide the hypothesis
based on the label value. The label can be
either entailment or contradiction.
FarsTail-Instruct 1 Entailment Prompts and Targets: (ea$ 1) ) et Olgs okl o3l (e
[hghaderl, 2023] {{hypothesis}}
1S Ol5s M 4 1) ol
{{premise}}
9 1255 Ol5s @l 4 1) e ) 155 et o aals e O Olgs Ly i Al
{{premise}} {{hypothesis}}
3 155 Ol5s e 4 1) e ) 1285 1) 1 e Olis 0t 03l e 4 ams b
{{premise}} {{hypothesis}}
4 1l 5 e e Mg § s sl 1235 1y ) e 05 ek e3ls ha )
{{premise}} {{hypothesis}}
5 3l ) e andi g & as gl 1035 a0t 001> e 31 0155 e A
{{premise}} {{hypothesis}}
6 2l 5 e e Mg § Lag sl 1235 1) ) el 015 od e3ls G 4 ders
{{premise}} {{hypothesis}}
7 (35 ot ey e 3 05 8 g sl 12351y e Olgs e el e )|
{{premise}} {{hypothesis}}
g (85 ki e 3l Ol 8 Las e 18 ami od 03ls e 31 Ol5s 1y oy A
{{premise}} {{hypothesis}}
9 135wty a3 Olgs 8 g sl 13§ 1y ) e 015 0 03l Gn 4 4 b
{{premise}} {{hypothesis}}
Contradiction Prompts and Targets:
10 :.,\Lfdu‘a.a}bo-\.:o:\;dw_,‘};}h
sl e (36 8 g ldar {{hypothesis}}
{{premise}}
11 :&LJJJ»UASU{&J;. Slda 3ls ks odd el CRe b ) A
{{premise}} {{hypothesis}}
12 A2 Ly e (a3t 8 g slda il 0dd 0305 o Bl ) A
{{premise}} {{hypothesis}}
13 XS Ay ) e 8 g glda XS s LA |y odd esls e ) A
{{premise}} {{hypothesis}}
14 XS Ay ) e § g clda iyls LBl o2 osls G by A
{{premise}} {{hypothesis}}
15 ST ak )y ) e § g clda (ol 0k 0315 e Ll ) dbes
{{premise}} {{hypothesis}}
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s ) e b oElas gldas

:.,\Lfdu‘a.a}bo-\.:o:\;gw_,‘};}h

16 {{premise}} {{hypothesis}}
17 fs ) e b Ll slda ls Al odd esls CRe b ) A
{{premise}} {{hypothesis}}
18 sy e b sl Il Pl 0 01> G G 5 d
{{premise}} {{hypothesis}}
Given an article, generate the summary of
the article.

) Tg Ueh ORI &:
Hindi-article- 59 & fAY Tep GRI™T S {{Summary}}
summarization {{Article}}

[ganeshjcs, 2023a]
39 UTS &1 gRILT §H1G: Tfer urs:
2 {{Article}} {{Summary}}
39 UTS T RIS §H1G:
3 {{Article}} {{Summary}}
ek ORI 137
4 {{Article}} {{Summary}}
Y UTS &1 ARILT IS RIS
5 {{Article}} {{Summary}}
Teh TIRIT TS i ST &:
6 {{Article}} e qaz{gs-ljziar
y}}
3 OIS ohT TRILT ST dfe gRisr

7 { {Art icle} } {{ZT:ITlmar

y1}

. e g are & forg gek wir a: fq 7TQ UTS T GRi TG Y ehell &:

{{Article}} {{Summary}}
Qeh RIS TSN RiaT:
9 {{Article}} {{Summary}}
e g s & ferg gek wwisr aTg: Hfgre i
10 {{Article}} {{Summary}}
39 o oY o ARIT §41G: t o7 &
11 {{Article}} o qaz{ﬂs-lfziar
v}
59 1S TRIT §HTG: R
12 {{Article}} {{Summary}}
ek TRIST AT joT
, . Ig o ORI 8:
13 {{Article}} {{Summary}}
%qnqmasﬁqqzﬁmwm: sifere ars:
14 {{Article}} {{Summary}}
3 UTS ohT TRIST ST i 7 &
. gl Ueh ORI &
15 {{Article} } {{Summary}}
29 & foIg e IRier §HTG: aT:
16 {{Article}} QR{T?'Summar
v}
Y UTS T RIS ST dfera urs:
17 {{Article}} {{Summary}}
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ek QRIS 137

g FrRisr:
18 {{Article}} {gi:mary}}
T UTS I ARILT FATSHT: TS &7 TR qaar :
19 {{Article}} B o ¢
39 & foIT Ueh gRiST sAT6:
20 {{Article}} {{Summary}}
59 & forg ve aRir sA¢: Gfera urs:
21 {{Article}} {{g]fr.nmary}}
Teh ORI 13T i :
22 {{Article}} R s T{gjﬁr?}w ¥
g g ute & forg ue aRir s RS
23 {{Article}} * qaﬁ{?;ﬂii;ary}}
3 UTS ohT TRILT ST
21 {{Article} } {{Summary}}
fag 71q uTe & forg ger wRisr s
25 {{Article}} {{Summary}}
3 UTS T TRIST T3 jar &
26 {{Article}} T qai?glﬂliary}}
Y UTS Rl RIL §1U: i :
27 {{Article}} R s T{gjﬁs}?ﬁ i
39 UTS ol RI §1G: jar &
28 {{Article}} T Qaﬁ{?glﬂliary}}
39 UTS T RIS §H1G: Tfere griar
29 {{Article}} {{GS-Tiﬁary}}
R ¢ ute & fory Ues 9RiT SFG: R
30 {{Article}} {{Summary}}
39 UTS T RIS §H1G: 5 o &
31 {{Article}} - qz?gjﬂiary}}
39 & foIg e IRier sHTG: i :
32 {{Article}} g T T{g?ﬂr::r?}?m ¥
Teh IIRIST SAT3T: iR
33 {{Article}} {{glugmmary}}
fou 7Y ute & foIY Uen 9RiT IFG: i ioT B-
34 {{Article}} w qm{{HS-SE:Iiary}}
59 & forg geh TRier SAT: BIRISECINEH
35 {{Article}} {FS-IiTnTlmary}}
Given the title of an article, generate the
article.
) SECk
Hindi-article- Tah o forg forgent <fieies 39 AR &: {{Article}}
generation [ganeshjcs, {{Title}}
2023b]
Teh o ford forgent fivfen 59 T 2 .
9 {{Title}} {{Article}}
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, wé@%ﬁﬁwaﬁﬁhﬁﬁwéz R g <R 3 SRR e TS 8 &) T 2
{{Title}} {{Article}}
Tg fifer B, 39 foig e i ford: .
4 {{Title}} {{Article}}
T g 7 v R T
5 {{Title}} {{Article}}
39 fifa & 1y Uk o ford: 7E UF a2
6 {{Title}} {{Article}}
. ﬁ?ﬁdﬁﬂ?mﬁxwé@%@: mmgﬁw%wwmwamé
{{Title}} {{Article} }
Tg fefes &, 39 forg ues oikg ford: T
8 {{Title}} {{Article}}
39 g o o fore: .
9 {{Title}} {{Article}}
10 {{Title}} {{Article}}
3g <fiver & 917 gep o ford: e
H {{Title}} {{Article}}
50 forg gen o ford: g 7 sfier & ST Ua TS G & Tk &:
12 {{Title}} {{Article}}
ag <fies 8, Tad forg oh o fored: g g <ffeh & IITE T TS T8 & Fehell &:
13 {{Title}} {{Article}}
U o ford et <fifar 59 v @: TE v A &
4 {{Title}} {{Article}}
39 M & 1y U o forg:
15 {{Title}} {{Article}}
Tg 2fefer &, 39 forg Ueh oikg ford: T8 UF o &
16 {{Title}} {{Article}}
Given the movie review, identify the
1 sentiment. Gegeven de recensie, mijn antwoord is
El}/i]}?g-?ol;t:ih-mstruct Is deze recensie positief of negatief? {{Sentiment}}
‘ ‘2 ‘ Is deze recensie positief of negatief? ‘ Deze recensie is {{Sentiment}} ‘
‘ ‘3 ‘ Is deze recensie positief of negatief? ‘ De beoordeling hier is {{Sentiment}} ‘
‘ ‘4 ‘ Is deze recensie positief of negatief? ‘ Het antwoord is {{Sentiment}} ‘
‘ ‘5 ‘ Wat is het sentiment van de recensie? ‘ De recensie is {{Sentiment}} ‘
6 Wat is het sentiment van de recensie? Gegeven de recensie, mijn antwoord is
{{Sentiment} }
‘ ‘7 ‘ Wat is het sentiment van de recensie? ‘ Deze recensie is {{Sentiment}} ‘
‘ ‘8 ‘ Wat is het sentiment van de recensie? ‘ De beoordeling hier is {{Sentiment}} ‘
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Wat is het sentiment van de recensie?

‘ ‘9 ‘ ‘ Het antwoord is {{Sentiment}} ‘
ie?
‘ ‘10 ‘ Wat voor toon heeft de volgende recensie? ‘ De recensie is {{Sentiment}} ‘
1 Wat voor toon heeft de volgende recensie? Gegeven de recensie, mijn antwoord is
{{Sentiment}}
sie?
‘ ‘12 ‘ Wat voor toon heeft de volgende recensie? ‘ Deze recensie is {{Sentiment}} ‘
ie?
‘ ‘13 ‘ Wat voor toon heeft de volgende recensie? ‘ De beoordeling hier is {{Sentiment}} ‘
ie?
‘ ‘14 ‘ Wat voor toon heeft de volgende recensie? ‘ Het antwoord is {{Sentiment}} ‘
Met wat voor sentiment zou je deze recensie
15 beoordelen? De recensie is {{Sentiment}}
Met wat voor sentiment zou je deze recensie Gegeven de recensie, mijn antwoord is
16 beoordelen? -
{{Sentiment}}
Met wat voor sentiment zou je deze recensie
17 beoordelen? Deze recensie is {{Sentiment}}
Met wat voor sentiment zou je deze recensie
18 beoordelen? De beoordeling hier is {{Sentiment}}
Met wat voor sentiment zou je deze recensie
19 beoordelen? Het antwoord is {{Sentiment}}
- " o
‘20 ‘ Is deze recensie positief of negatief? De recensie is {{Sentiment}}
Generate the translation for the given English
review to one of the target Indic languages
[ben, guj, hin, kan, mal, mar, pan, tam, tel
and urd).
IndicSentiment-inst . {{Indic_Review}}
[e12¢10, 2023a)] Translate from English to
{{target_language}}:
{{English Review}}
Translate this sentence to
{{target__language}}: Indic Revi
2 {{English_ Review}} {{Indic_Review}}
What’s the {{target language}} translation
of this sentence: . .
Indic_ Revie
3 {{English_ Review}} i —Review}}
Can you translate this text to
{{target__language}}: Indi .
c_ Revie
4 {{English_Review}} {{Indic_Review}}
Generate the paraphrase of the given
IndicXParaphrase- sentencts in. one of the Indic languages [ben,
inst  [el2e10, 2023b; guj, hin, mar, pan, mal, tel]
. 1 {{paraphrased sentence}}
SuryaKrishna02,
2023d] o ymerz TIRIT F MR 70 T74:
"{{original_sentence}}".
feoe ares femelta cora:
2 "{{original_sentence}}" {{paraphrased sentence}}
A7 #AfEST T I pa I TSI @R
3 "{{original_sentence}}" {{paraphrased_ sentence}}

100



101

A4 sl 2L el Guallal s cvil:
4 7{{original sentence}}”. {{paraphrased_sentence}}
AL clsu 2l A 5L el
5 ”{{original sentence}}” {{paraphrased_ sentence}}
A2l s oflon 2a3umi g8 il
6 ”{{original_sentence}}” {{paraphrased_sentence}}
SR 3] T U Theeh 399 aTed aht fafe:
7 7{{original _sentence}}”. {{paraphrased_sentence}}
3T 919 i 3T a4 R @ fafR:
8 ”{{original_sentence}}” {{paraphrased_ sentence}}
el g o ord e 3T 38 glarr fafey:
9 ”{{original _sentence}}” {{paraphrased_sentence}}
Grelie ared gER-f9 2eg aTue forgn:
10 »{{original _sentence}}”. {{paraphrased_ sentence}}
@Teftel aTeRT RTeAT UehR TgT forgr:
11 ”{{original__sentence}}” {{paraphrased_sentence}}
G TR GER A& JTUFH EUIART- ST el
12 ”{{original _sentence}}” {{paraphrased_sentence}}
Iy auT g3 @R Jer R aw g e
13 "{{original _sentence}}”. {{paraphrased_sentence}}
frmrfeas Tx 4 399 IR /s T
14 ”{{original sentence}}” {{paraphrased_sentence}}
Jor T e & myg:
15 »{{original _sentence}}” {{paraphrased__sentence}
SOl O QUdaldho QUMD
16 mo&gg@;g‘]coﬁ )30 H: {{paraphrased_sentence}}
”{{original sentence}}”.
DAl O@IM AUdaldre 26OQIGY GSlaIai@d
17 ) 30! {{paraphrased_ sentence}}
”{{original__sentence}}”
@I6)¥a|OQIOM QUdaldho AlEIUBDmMo
18 201G {{paraphrased__sentence}}
”{{original sentence}}”
Given a sentence, generate a sentence with
similar meaning.
P hrased Sent
19 & §ob Ego 0TBBS° Trow: {{Paraphrased Sentence}}
{{Original Sentence}}
‘20 ‘éa 530 B°0&S° orow: {{Original Sentence}} {{Paraphrased Sentence}}
&8 o8 g0 woS'Ter Trow:
21 {{Original Sentence}} {{Paraphrased Sentence}}
‘22 ‘ &8 Ego woS’errr oraw: {{Original Sentence}} {{Paraphrased Sentence}}
& 808 ¥g0 0B Tron:
23 {{Original Sentence}} {{Paraphrased Sentence}}




‘éﬁ 850 sa8Eorr orow: {{Original Sentence}}

{{Paraphrased Sentence}}

Indo-stories-instruct
[Iftitahu, 2023a;b;c]

Given the instruction in Indonesian, translate
the given input to one of the three languages
[ind, sun, jav].

Translate from English to Indonesian.
Terjemahkanlah penggalan teks cerita anak

berikut dari teks berbahasa Inggris ke teks
dalam Bahasa Indonesia:

{{eng_input}}

Terjemahan atau padanan teks tersebut
dalam Bahasa Indonesia adalah:

{{ind__output}}

Translate from Javanese to Indonesian.
Terjemahkanlah penggalan teks cerita anak

berikut dari teks berbahasa Jawa ke teks
dalam Bahasa Indonesia:

{{jav_input}}

Terjemahan atau padanan teks tersebut
dalam Bahasa Indonesia adalah:

{{ind_output}}

Translate from Sudanese to Indonesian.
Terjemahkanlah penggalan teks cerita anak

berikut dari teks berbahasa Sunda ke teks
dalam Bahasa Indonesia:

{{sun__input}}

Terjemahan atau padanan teks tersebut
dalam Bahasa Indonesia adalah:

{{ind__output}}

Given the instruction in Javanese, translate
the given input to one of the three languages
[ind, sun, jav]

Translate from English to Javanese.
Terjemahno penggalan teks crito ing ngisor

iki saka Bahasa Inggris dadi teks crito ing
Basa Jawa:

{{eng__input}}

Terjemahane utawa padanan teks crito
kasebut ing Basa Jawa yaiku:

{{jav_output}}

Translate from Indonesian to Javanese.
Terjemahno penggalan teks crito ing ngisor

iki saka Bahasa Indonesia dadi teks crito ing
Basa Jawa:

{{ind__input}}

Terjemahane utawa padanan teks crito
kasebut ing Basa Jawa yaiku:

{{jav__output}}

Translate from English to Sudanese.
Terjemahno penggalan teks crito ing ngisor

iki saka Bahasa Sunda dadi teks crito ing
Basa Jawa:

{{sun__input}}
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Terjemahane utawa padanan teks crito
kasebut ing Basa Jawa yaiku:

{{jav_output}}




Given the instruction in Sudanese, translate
the given input to one of the three languages
[ind, sun, jav]

Translate from English to Sudanese.
Tarjamahkeun teks dongeng barudak di

handap tina teks basa Inggris kana teks basa
Sunda:

{{eng_input}}

Tarjamahan atawa sasaruaan naskah dina
basa Sunda:

{{sun_output}}

Translate from Indonesian to Sudanese.
Tarjamahkeun teks dongeng barudak di

handap tina teks basa Indonesia kana teks
basa Sunda:

{{ind__input}}

Tarjamahan atawa sasaruaan naskah dina
basa Sunda:

{{sun__output}}

Translate from Javanese to Sudanese.
Tarjamahkeun teks dongeng barudak di

handap tina teks basa Jawa kana teks basa
Sunda:

{{jav_input}}

Tarjamahan atawa sasaruaan naskah dina
basa Sunda:

{{sun_output}}

Joke-explaination-inst
[theblackcat102, 2023]

Identify the joke’s punchline or explain it.

{{joke}}

lanati
What do you think is the punchline of the {{explanation}}
above joke?
Explain the following joke?
{{joke}} {{explanation}}

Lijnews-instruct
[ConseggioLigure,
2023a;b]

Translate the given sentence from Ligurian to

Italian.
A traducion in italian do testo a 1’é:
Traduxi in italian: {{sentence}}
{{sentence}}
- T
Traduxi (‘1&_0 zeneise & Iitalian: A tradugion in italian do testo a 1é:
{{sentence}} {{sentence}}
Traduxi da-o ligure a l'italian: A tradugion in italian do testo a 1’é:
{{sentence}} {{sentence}}
Traduxi Stt? testo in italian: A tradugion in italian do testo a 1é:
{{sentence}} {{sentence}}
Traduxi mt lengua italiafia: A tradugion in italian do testo a 1’é:
{{sentence}} {{sentence}}
. TR
Traduxi sto testo da-o zeneise a l'italian: A tradugion in italian do testo a I'é:
{{sentence}} {{sentence}}
- . VR
Traduxi sto testo da-o ligure & l'italian: A tradugion in italian do testo a I'é:
{{sentence}} {{sentence}}
s 172 = -
Comm’a I’é a traducion italiafia de sto testo? A tradugion in italian do testo a I'é:
{{sentence}} {{sentence}}
)2 S >
Quae a I’é a tradugion italiafia de sto testo? A tradugion in italian do testo a I'é:

{{sentence}}
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- PP
Ti peu tradue sto testo in italian’ A tradugion in italian do testo a 1é:
10 {{sentence}} {{sentence}}
Translate the given sentence from Italian to
Ligurian.
1 La traduzione in genovese del testo é:
Traduci in genovese: {{sentence}}
{{sentence}}
Traduci in ligure: La traduzione in genovese del testo é:
12 {{sentence}} {{sentence}}
Traduci dall'italiano al genovese: La traduzione in genovese del testo é:
13 {{sentence}} {{sentence}}
Traduci dall'italiano al ligure: La traduzione in genovese del testo é:
14 {{sentence}} {{sentence}}
Traduci dall’italiano al ligure (genovese): La traduzione in genovese del testo &:
15 {{sentence}} {{sentence}}
Traduci questo testo in genovese: La traduzione in genovese del testo é:
16 {{sentence}} {{sentence}}
Traduci in lingua genovese: La traduzione in genovese del testo é:
17 {{sentence}} {{sentence}}
Qual é la traduzione genovese di questo testo? La traduzione in genovese del testo &:
18 {{sentence}} {{sentence}}
Puoi tradurre questo testo in genovese? La traduzione in genovese del testo &:
19 {{sentence}} {{sentence}}
Following the instruction, please answer.
LLM-Japanese- 1 {{answer}} {{translated__sentence}}
Vanilla-inst
[Tellarin.ai, 2023a] Please answer the following question.
R e )
2 UTOEMICEZTLEE W, {{question}} CORMOEZE {{answer}}
Answer the following question.
5 WMTFOBMICER TS, {{question}} {{answer}}
Given the text, generate the headline for the
text and vice versa.
1 Sure, here’s a headline for the given text -
MasakhaNEWS-inst Generate a headline for the following text: {{headline}}
[Adelani et al., 2023] {{text}}
Generate an article for the following headline:
2 {{headline}} {{article}}.
Give an example of the trivia in the provided
category.
. . 1 {{question}} {{answer}}
Mintaka-inst [Sen el e . e Lf
ot al., 2022] ) ods 3 2l Slagall e Ve L;l""‘
{{category}}
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Give an example of the trivia in the provided
category.

Give me an example of trivia in this category:
{{category}}

{{question}} {{answer}}

Answer the question from the given category.

The following query in {{lang}} is taken from
the {{category}} category. What could be
the answer to the question? {{question}}

{{answer}}

Find the category of the given question.

What category is this question from:
{{question}}.

The category from which the question comes
is {{category}}

Answer the given question.

What is the correct answer to this question:
{{question}}

The correct answer to the question is

{{answer}}

Identify the category of the question.

cual es el tema principal de esta pregunta:
{{question}}

{{category}}

Give me a trivia based on the words.

Write me a trivia question that contains the
words : {{comma_ separated_ words}}

Sure, a possible question is ”{{question}}”

NTX-LLM-inst
[Tellarin.ai, 2023b]

Identify the date or time mentions and their
types in the given sentence based on the
example provided.

&8s rp\,-i} B, 219 o dE o el o
t Lo alaal) o)
Ao 13 U8 13 oo U1 2315 2500 eV e 3 s

JSONC Gk éu\ gl ebe (2 il JEll ) 4l
wobsT S Jled) 2Lt 1 gl

ié\ﬂb G S ol da e Jbe
{{example__sentence}}

M 3y 2
{{reference_date}}
{{reference time}}

Sl (Lo cobisl ol bl ) Ladl

{{input_ sentence}}

"Results": [{
"Text": "{{textl}}",
"Start": {{index_1}},
"End": {{index_2}},
"TypeName": "{{type_namel}}",
"Resolution": {
"values": [{
"timex": "{{timel}}",
"type": "{{type}}",
"value": "{{valuel}}"

]

H
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BE TERENRADF RIS B 2T E
RRREZER,

INRIAR, EE REHEEE HHEtE,

EERRMBITA, EMZ JSON UL
R, BESAHRHNTAIZRELNLET,

fa. SEQRMER :

"Results":

{

"Text": "{{textl}}",

"Start": {{index_11}},

"End": {{index_2}},
"TypeName": "{{type_name}}",
"Resolution": {

the output result?

{{input__sentence}}
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n n.
{{example__sentence}} values": [{
"timex": "{{timel}}",
SEZHH: {{reference_date}} "type": "{{type}}",
"value": "{{valuel}}"
{{reference__time}} ] " ¥
ZRITENRBADF, BHARRIA? }
1
{{input__sentence}}
Identificeer alle data en tijd vermeldingen in
de zin hieronder.
Houd rekening met, indien relevant, de
opgegeven referentie datum/tijd. "Results": [{
Let goed op het gegeven voorbeeld. De "Text": "{{text}}",
resultaten moeten in JSON formaat zijn, "Start": {{index_1}},
hetzelfde als de structuur van het gegeven "End": {{index 2}}
voorbeeld. , , - ’ ,
"TypeName": "{{type_namel}}",
Voorbeeld zin, referentie datum/tijd, en "Resolution": {
resultaten: "values": [{
"timex": "{{timel}}",
{{example_ sentence}} " v i
type": "{{typel}}",
Referentie: {{reference_date}} "value": "{{value}}"
1
{{reference_ time}} }
Gegeven de zin hieronder, wat is het 3
resultaat?
{{input__sentence}}
Please identify all date or time mentions and
their types in the input sentence provided
below.
Take into consideration the provided "Results": [{
reference datetime, if relevant. "Text": "{{text}}",
n "n. 1
Pay attention to the provided example. You Start": {{lndex—l}} ’
should output the results in JSON format, "End": {{index_2}},
following a similar structure to the example "TypeName" : "{{type_na.me}}" s
result provided. "Resolution": {
Example sentence, reference datetime, and "values": [{
results: {{example sentence}} "timex": "{{timel}}",
) ||type|| . Il{{type}}ll s
Reference datetime: {{reference date}} nvalue": "{{value}}"
{{reference time}} ]
}
Considering the input sentence below, what is|}]




Identifier toutes les références de date ou
d’heure et leurs types dans la phrase fournie
ci-dessous.

Tenez compte de la date/heure de référence
fournie, le cas échéant.

Faites attention a I’exemple fourni. Vous
devez afficher les résultats au format JSON,
en suivant une structure similaire a celle de

I’exemple de résultat fourni.

Exemple de phrase, date/heure de référence
et résultats:

{{example__sentence}}
Date/heure de référence: {{reference_date}}
{{reference__time}}

Compte tenu de la phrase d’entrée ci-dessous,
quel est le résultat de sortie?

{{input__sentence}}

"Results": [{

3]

"Text": "{{text}}",

"Start": {{index_13}},

"End": {{index_2}},

"TypeName": "{{type_namel}}",

"Resolution": {

"values": [{

"timex": "{{timel}}",
"type": "{{type}}",
"value": "{{value}}"

}

Bitte identifiziere alle Vorkommen von
Datum oder Uhrzeiten, mit ihrem jeweiligen
Typ, im Inputsatz unten.

Beachte, wenn nétig, die angegebene
Referenz-Datetime.

Achte auf das vorgegebene Beispiel. Gib die
Ergebnisse im JSON-Format aus und folge
einer dhnlichen Struktur wie das

Beispielergebnis.

Beispielsatz, Referenz-Datetime, und
Ergebnisse:

{{example_ sentence}}
Referenz-Datetime: {{reference date}}
{{reference_time}}

Bezogen auf den Inputsatz unten, was ist das
richtige Ergebnis?

{{input__sentence}}

"Results": [{

3

"Text": "{{textl}}",

"Start": {{index_1}},

"End": {{index_2}},

"TypeName": "{{type_name}}",

"Resolution": {

"values": [{

"timex": "{{timel}}",
"type": "{{typel}}",
"value": "{{value}}"

H
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Fuan FEfafed aret § gt faie a1 993 St
3fR I URRI <l UgaT Fe|

mﬂaﬁagtaiﬁgnq#dﬁaﬁﬁmﬁaﬂuaﬁanqﬁ
I
& TTY IeTeRur R e & | SiTueht & Y IERET
GRUITH & FH Y= &l UTei &hd g, JSON
Y & GRUTH $¥eYe T 9116 |

{{example_sentence}}

"Results": [{

"Text": "{{textl}}",
"Start": {{index_11}},
"End": {{index_2}},
"TypeName": "{{type_namel}}",
"Resolution": {

"values": [{

"timex": "{{timel}}",

Hef e frien-gma:
"type": "{{typel}}",
{{reference_ date}} "value": "{{value}}"
H
{{reference__time}} }
fr=fafad 99 ared &t & A 3Ed g4, S9h ¥
33eye uRRumd & IR H forgd |
{{input__sentence}}
Si prega di identificare tutte le menzioni di
data o ora e i relativi tipi nella frase di input
fornita di seguito.
Prendere in considerazione la data/ora di
riferimento fornita, se pertinente. "Results": [{
) . ] "Text": "{{textl}}",
Prestare attenzione all’esempio fornito. ng v, {{ind 1}}
Dovresti restituire i risultati in formato tart™: ) lndaex_ ’
JSON, seguendo una struttura simile al "End": {{index_23}},
risultato di esempio fornito. "TypeNa_me ". "{{type_name}}" s
"Resolution":
Frase di esempio, data/ora di riferimento e nyal " '{E{
isultati: values " :
e "timex": "{{time}}"
{{example_ sentence}} "type": "{{type}}",
n n. n n
Data e ora di riferimento: {{reference date}} 1 value": "{{value}}
{{reference_time}} }
1

Considerando la frase di input seguente, qual
¢ il risultato di output?

{{input__sentence}}
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UTFICRTAANT. IRTORMERIZEZR
DERCEZOBEZHFLTIREL,

2T 31541, RESNZSRAREERL
TS,

REINLHUTTFEL TV, Btchi
B FIVER CEROEEICHRE > T, JSON 2
A THREEHEHTIHERHD £T,

X. BREER. BROH :

"Results": [{

"Text": "{{text}}",

"Start": {{index_13}},

"End": {{index_2}},
"TypeName": "{{type_namel}}",
"Resolution": {

9 "values": [{
{{example_sentence}} "timex": "{{time}}",
"type": "{{type}}",
SEHEEF . {{reference_date}} nvalue": "{{value}}"
{{reference_time}} } H
ROANXZERLT. HOBERIIEATI D, (3]
{{input_ sentence}}
Of2Hofl K| Sl & 2 E 0l A LA ZHof| 2ot el = 8
JS9RYSTFAESGHUAR.
A =B R BEELUM /A2 Do, | Results”: [
"Text": "{{text}}",
HSEoAoFSHFHAIR. 2HE JSON HA "Start": {{index_1}},
SZEAHSI0], oAl 2t RAIB RS ZE5H0f "End": {{index 2}}
SHL|C 211,
! "TypeName": "{{type_namel}}",
G AI2E, AT AT} "Resolution": {
10 "values": [{
{{exampleisentence}} "timex": "{{time}}" ,
Ex=EM: {{reference_date}} "type": "{{type}}",
"value": "{{value}}"
{{reference__time}} }]
oflen s ez |

{{input__sentence}}
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Por favor identifique todas as mencées de
datas ou tempo e seus tipos na frase
fornecida abaixo.

Leve em consideragdo a data e hora de
referéncia fornecida, se relevante.

Preste ateng@o ao exemplo fornecido. Vocé
deve gerar resultados no formato JSON,
seguindo uma estrutura semelhante ao
resultado do exemplo fornecido.

Frase de exemplo, data e hora de referéncia e

"Results": [{

"Text": "{{textl}}",

"Start": {{index_1}},

"End": {{index_2}},
"TypeName": "{{type_namel}}",
"Resolution": {

11 resultados: "values": [{
"timex": "{{timel}}",
{{example_sentence}}
lltypell : Il{{type}}ll s
Data e hora de referéncia: "value": "{{valuel}}"
{{reference__date}} H
{{reference__time}} ¥
H
Considerando a frase abaixo, qual é o
resultado produzido?
{{input__sentence}}
Por favor identifica todas las menciones de
fechas u horas y sus categorias en el texto de
entrada que se encuentra de bajo.
Ten en cuenta la fecha y hora de referencia
proporcionadas, en caso de que sea relevante. "Results": [{
Presta atencién al ejemplo dado. Debes "Text": "{{text}}",
devolver los resultados en formato JSON, "Start": {{index_1}},
siguien.do una estructura similar a la del "End": {{index_ 2}},
ejemplo de resultado. , , ,
"TypeName": "{{type_namel}}",
Texto de ejemplo, fecha y hora, y los "Resolution": {
12 resultados correspondientes: "values": [{

{{example_ sentence}}

Fecha y hora de referencia:
{{reference__date}}

{{reference__time}}

Ahora considera el texto de entrada que estéd
debajo, jcudl seria el resultado?

{{input_ sentence}}

H

"timex": "{{timel}}",
||type|| . ||{{type}}" s
"value": "{{value}}"

3]

110




Litfen agagida verilen ctimledeki tiim tarih
veya saat ifadelerini ve bunlarin tiirlerini
belirtin.

Eger datetime objesi var ise, onun referans
gosterdigi tarih ve saati alin. saglanan
referans tarih saatini dikkate alin.

Saglanan 6rnek sonuca benzer bir yapiy1
takip ederek sonuglar1 JSON formatinda

cikarmalisimiz.

Ornek ciimle, referans datetime objesi ve

"Results": [{
"Text": "{{textl}}",
"Start": {{index_1}},
"End": {{index_2}},
"TypeName": "{{type_namel}}",
"Resolution": {

13 sonuglar: "values": [{
"timex": "{{timel}}",
{{example_ sentence}}
||typell . ll{{type}}ll s
Referans datetime objesi: {{reference date}} "value": "{{value}}"
H
{{reference_time}} }
Yukaridaki kurallar gz 6ntinde 3
bulunduruldugunda, asagidaki girdi
ctimlesinin ¢ikt1 sonucu nedir?
{{input__sentence}}
Share your opinion about a person’s feeling.
- they feel {{label}}.
NusaX-senti-inst 1 if someone says “text”, how are they feeling? ey feel {{label}}
[Winata et al., 2023]
Given a text, find the sentiment.
9 Here is a sentence in {{lang}} language. {{label}}
Identify the sentence as positive, negative or '
neutral. {{text}}
Given a text, generate a summary for it.
Persian-instruct-pn 1 ST aods 1y 1) e {{OriginalSummary}}
Shafagh, 2023a;b
[Shafagh, 2023a;b] {{Original Text}}
gy 40 S e L
2 {{OriginalSummary}}
{{Original Text}}
Wl gy ) e 4 Olge 4 da e L K
3 {{OriginalSummary}}
{{Original Text}}
Given a text, generate a summary for it.
il el i 5 y0e e gl ls Ol O
4 s ol e Ol K1) G L
{{Original Title}}
{{Original Text}}
Fasl Klges 4 ) e gy ol i S L )
5 Wl Clin 5y G sl Wilgs Olye O

{{Original Text}}

{{Original Title}}
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SCB-MT-2020-prompt |

[PyThaiNLP, 2023a;b]

Given a sentence in Thai, generate the
English translation.

wilatlszlgaviodeniseluitarnnis myduniu
{{Thai_sentence}}

ASang: {{English__sentence}}.

Given a sentence in English, generate the
Thai translation.

wilatssluandedontidalUilannnrudonguiiug
{{English_sentence}}

. - {{Thai_sentence}}.

Scirepeval-biomimicry- 1

inst [Singh et al., 2022]

Given an abstract, generate the title.

I want to submit an article to {{venue}}.
The abstract is as follows:

{{abstract}}

Please give me a good title suggestion.

Sure thing, one of the possible title choices is

" { {title}}”.

Given an abstract, generate the title.

2 Please help me in writing a title for the {{title}}
following abstract:
{{abstract}}
Given a title, generate an abstract.
3 Please write an abstract for the following {{abstract}}
title: {{title}}
Given a sentence in English, generate the
Ligurian translation.
1 The Ligurian (Genoese) translation is:
Seed-instruct- Translate to Ligurian: {{sentence}}
1ij {{sentence}}
[ConseggioLig-
ure, 2023c;d ) o
] 9 Translat: to Genoese: The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
3 Translate to Ligurian (Genoese): The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
4 Translate frortn English to Ligurian: The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
5 Translate from English to Genoese: The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
Translate from English to Ligurian (Genoese
6 dialect): The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
. Translate this sentence to Ligurian: The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
8 Translate this sentence to Genoese: The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
What’s the Ligurian translation of this
9 sentence? The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
What’s the Genoese translation of this
10 sentence? The Ligurian (Genoese) translation is:
{{sentence}} {{sentence}}
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11

Can you translate this text to Ligurian?
{{sentence}}

The Ligurian (Genoese) translation is:

SODA-inst [Kim et al., 1

2022)]

{{sentence}}
Given a sentence in Ligurian, generate the
English translation.
19 A tradugion in ingleise do testo a 1é:
Traduxi in ingleise: {{sentence}}
{{sentence}}
13 Traduxi da-o zeneise & l'ingleise: A tradugion in ingleise do testo a 1’é:
{{sentence}} {{sentence}}
14 Traduxi fia—o ligure & I'ingleise: A traducion in ingleise do testo a 1’é:
{{sentence}} {{sentence}}
15 Traduxi St(t) testo in ingleise: A tradugion in ingleise do testo a 1’é:
{{sentence}} {{sentence}}
16 Traduxi 1r; lengua ingleise: A tradugion in ingleise do testo a 1’é:
{{sentence}} {{sentence}}
. Traduxi sto testo da-o zeneise a l'ingleise: A tradugion in ingleise do testo a I’é:
{{sentence}} {{sentence}}
s Traduxi sto testo da-o ligure a l'ingleise: A tradugion in ingleise do testo a I'é:
{{sentence}} {{sentence}}
s 172 . - - y
" Comm’a I'é a traducion ingleise de sto testo? A traducion in ingleise do testo a I'é:
{{sentence}} {{sentence}}
)2 . . -
20 Quae a I'é a tradugion ingleise de sto testo? A tradugion in ingleise do testo a 'é:
{{sentence}} {{sentence}}
- . o
91 Ti peu tradus sto testo in ingleise A tradugion in ingleise do testo a 1é:
{{sentence}} {{sentence}}
Generate a narrative for the given
conversation.
{{speakers}}: {{dialogue}} {{narrative}}

What do you think the narrative of the
conversation above is?

Given a narrative, extend it into a dialogue
script.

I have the following short story premise:

Sure, here is one possible dialogue:

2 {{narrative}} {{speakers}}: {{dialogue}}
Now, can you extend that into a short
dialogue script?
Generate the gist of the given dialogue.
3 What's the gist of this dialogue? This is the gist of the dialogue - {{narrative}}
{{dialogue}}
Given a topic, generate a short paragraph of
narrative.
Sure, here is a short paragraph:
4 Write a short paragraph of narrative given paragrap

the following topic:

{{head}}

{{narrative}}
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Nadu, 2023a)

TamilStories [AI Tamil 1

Given a story, generate the appropriate title
for the story.

£Cp QaT[H&H&ILL[HETET H60&8 G
QummESLTET HemevLienLis Glam(h.

HMNS:
{{Story}}

CamH&&sILL(HETET SH6ms 8 G L
QuTmSSLTEST HemevLiL] *{{Title}}’
STESTLISM(GLD.

Given some prominent characters/words from
a story along with a title, generate the
complete story.

&G QamhssLUL (HsTeT
BUTTSENSHHENEITIL|LD HEM6VLI6RLIL|LD
LwetTU(H&H Fm| Heng 6T(LHSIS5.

UM S6MSHSH6IT:
{{Comma,_ SeparatedWords}}
semevliL]: {{Title}}

{{Story}}

TeluguRiddles
[desik98, 2023]

Given the riddle, generate the answer for that
riddle.

&3 0GS 8 JdsrerNo axyg: {{Riddle}}

H &AS 8ES & dreedo: {{Answer}}

‘ B resosp 565 8 ¥rerdo midg {{Riddle}}

A @AAS R e 8 ddrerdo: {{Answer}}

Thai-USEmbassy-
prompt [PyThaiNLP,
2023d;e]

Given an English sentence, translate it to
Thai.

wilatssluansedontidalUilannnrudonguiiug
{{English Sentence}}

A Tne: {{Thai_Sentence}}

Given a Thai sentence, translate it to English.

wilatsslganiodantiseluitarnnis maduny
{{Thai_Sentence}}

1899nge:  {{English_Sentence}}

Thai-POS-inst
[PyThaiNLP, 2023c]

Given the POS tags, generate a sentence
based on the structure.

aadssluamulaseadre {{POS}H}

{{Thai_sentence}}

Thai-Wiktionary-inst
[PyThaiNLP, 2023f]

Given a word, provide its meaning based on
the different POS.

IVBNAINNNIBYDIAI 68 Ui

{{word}}

@197 {{word}}
fianunnngenyiinvaeAldausaluil - POS

finunanglfidn the meaning of word (split
With 77/77)
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Thirukkural-instruct
[AI Tamil Nadu,
2023b]

Given the kural and ask for its meaning,
generates the meaning of the kural.

{{Adigaram_ Name}} 6T60TED) | LD
SIS &MTSH S0 6)_I%5LD {{Complete Kural}}
eT65TM (GMET e QIUIM(HEm6T 691615 (&5.

SISSTTPLD, HH&BTTEHSIHE 10 (&MEHLD

BITEOM(GLD. &,

QarhssuuL blerer @merfles clummer:
{{Kural Meaning}} 6‘I’6‘0TLI5I‘I’@LD @‘[55
@&meiT {{Adigaram_ Name}} GFGNQULD
SEHBTTHS60 61(HLD
{{Kural_Number}}Syb &6 24&LD.
S([HS ST 2608 L&D blumm ClLumg)
L6 HITeL. GIbHTEneV Guinmlwleuy
FH(meusT(eheUr. &)(H&E&merflev 133

Gl s 1330 (HMEHLD
SILMBISWL6TETS)]. 66U 6UM(IF (&M (ETHLD
QTEvsT(h SigHEMETUYLD (P F(HLD
Q& mesoTL GleuessTLITaU(GLD. %;5@'[6\516\)
GClumb Nifley LIM6L eTevTey1d, Fmi LN fley
©\Wwisv sT6sTO LD, SIS v lEmID FlMilwig)
SIS\STITLD 6T60TM)| 61 (G EHS ClLMMIETETS].
SIMSHHILILITE060 38 BIH ST HRISENETWLD,
ClumEBLLITeS6v 70 HH ST IS EMETLD
LMMID STOSHILILITE060 25
SABGTTRISEDETULD 68 T68oT(H6TTETS).
@IbHITEL SIDLD, CILIM(HET, GeBTLILD(SITLOLD)
ETEOTE|LD (PLILITEMEVLD SLPSHTE
THSSIMTEHHEIDS). TN U 60T
SIDETSH S| LGS &Hem6TwLD
T[O5810T8GWD @b EDHS eumpeiluiey
&), og1D, QLY BIT(H eretTm)
Geumum({) ©)6V6VITLOE LDEEHET
SIEMEBTEU(THEELD GILIMHHSIEUS TS
2 6TETSHITEV 2 608 CILITE)| LMW 6T6dTMm)]
SiemP&EEILRE DG CIFHUIIMBITEY,
QumuwITQLmY), S Wenm, (PLILITEY
eTedTm) Goum QLIWLIFEs (ETHLD
EBSBDEHSE 2-65r(h).

Given the meaning of the kural, generates the
original kural.

{{Kural_Meaning}} 6T65T60)|LD GILIM(h(EHEE
gmm {{Adigram_Name}} GI'GDT@)JLD
SIS STTSHS6V 61(THLD
{{Kural_Number}}QL1D GM6EN6TE &(H&.

"{{Complete_Kural}}” eretTen)Ld &mGer
QambléeIuL (bhleTer GILIM(hEhe L
CIUMHSHSLOTEDT (& METT(GHLD.
Qam(hlsa UL (HsTer QILIM(HET (Lp.
BUTSTTECITITI SH6UTSH6IT 6T
2 enyulleS\(HHg eThHSsLILLLE.
EBEGDEHSE Coumi Flev SM)(Eh s e
2 6™ 6T(LPEH W 6ITEIT6TTIT.

Given the beginning of a kural and ask for its
meaning, generates the original kural along
with its meaning.

"{{Kural_Starting}}” eT6078 G&ITLMBI(GLD
(BDEMETWLD 60T CILIM(HEMETWLD &(HE.

"{{Complete_Kural}}” eretren)|Ld &mGer
QampssluLl (Herer
BUTT& 608 861160 (HIb G| C1&TLIEI&LD
GDETTGLD. @& 6sT ClLm(m6T:
{{Kural_Meaning}}

Turku-paraphrase-inst 1
[TurkuNLP, 2023]

Paraphrase the given text.

Can you paraphrase the following text for me:

{{text}}

{{paraphrased__text}}

UA-Gec-inst
[osyvokon, 2023]

Rewrite the given text (sentence/long
documents) without grammatical errors.

IMepenyiy HACTYNHUI TEKCT 6€3 MOMHUIIOK:

# Texcr
{{text}}

target_ neg: JlaHuii TEKCT He MICTUTD TIOMHJIOK.
target_ pos: {{corrected text}}

HCPCHI/ILHH TEKCT Oe3 MOMMIIOK.

{{text}}

target_ neg: JlaHMi TEKCT HE MiCTUTh TTOMMJIOK.
target_ pos: {{corrected_ text}}
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Burnpas noMuiKu y TeKCTi.

target_ neg: JlaHumii TEKCT He MiCTUThH TIOMHJIOK.

target_ pos: 3BuuaiiHo. Och TeKCT 3

3 {{text}} BUIIPABJIEHUMHU TIOMMJIKAMU:
{{corrected_ text}}
Tlepesip, Oyap J1acka, PaBUIbHICTh TPAMATUKH Y
4 HACTyIHOMY TEKCTI. target_ neg: JlaHWii TEKCT HE MICTUTb TTOMHUJIOK.
target_ pos: {{corrected_ text
({text}} get_pos: {{ _text}}
5 Burnpas rpamatiyHi NOMIIKU B HACTYITHOMY TEKCTi: | 4. get_neg: JIAHHiA TEKCT He MICTHTH OMIIOK.
{{text}} target_ pos: {{corrected_text}}
target_ neg: JlaHmii TEKCT He MiCTUTbH TIOMHJIOK.
; BurpaB rpaMaTiyHi IOMIIKH B HACTYITHOMY TEKCTi: target_pos: 3euuaiino. OCh TeKCT 3
{{text}} BUITPABJICHUMHU ITOMUJIKAMU:
{{corrected_ text}}
target_ neg: JlaHMi TEKCT HE MiCTUTh TIOMMJIOK.
Iepermimy TekcT 6€3 MOMMIIOK.
7 target_ pos: 3BuuaitHo. Och TEKCT 3
{{text}} BUITPABICHUMHU TOMUJIKAMU:
{{corrected__text}}
. target_ neg: JlaHMi TEKCT HE MiCTUTh TTOMUJIOK.
Teperisib, Oyap acka, HACTYIHUIA TeKCT. BuripaBu
8 YC1 'paMaTiitl HETOUHOCTL. target_ pos: 3BuyaiiHo. Och TEKCT 3
BUIPABICHUMHU OMIIKAMU:
{{text}} P
{{corrected_ text}}
Bunpas mOMUJIKY Y TEKCTI. target_neg: JlaHuii TeKCT HE MiCTUTb TOMUJIOK.
9 # Texcr target_ pos: 3BuuaiiHo. Ocb TeKcT 3
BUIPAB/IEHUMHU TOMIIKAMU:
{{text}}
{{corrected__text}}
Iepesip, Oyap Jacka, MPaBUIbHICTD TPAMATUKH Y
0 HACTYITHOMY TEKCTi. target_neg: {{text}}
target_ pos: {{corrected_ text
({text}} get_pos: {{ _text}}
Iepemnumy TeKCT 6€3 MOMUIIOK.
1 target_ neg: {{text}}
{{text}} target pos: {{corrected text}}
TNepenuiy HACTYIHUI TEKCT 6€3 MOMUIIOK:
target_ neg: {qtext
12 # Texer targft gos:g {«Eorrec}t}ed text}}
{{text}} _ -
BurmpaB NOMUIKY y TEKCTi.
13 target_neg: {{text}}
{{text}} target__pos: {{corrected_text}}
TNepenuiiy HACTYIHUI TEKCT 6€3 MOMUIIOK:
14 2T target_ neg: JlaHMi TEKCT HE MiCTUTh TTOMMJIOK.
eKCT
target__pos: {{corrected__text
{({text}} get_pos: {{ _text}}
TlepernsHb, Oyap acka, HACTYITHUI TeKCT. Bunpasu
5 yci rpaMaTH4Hi HETOYHOCTI. target_neg: {{text}}

{{text}}

target_ pos: {{corrected_text}}
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Iepernsanb, Oyap 1acka, HACTYITHUI TeKcT. Burpasu
yCi TpaMaTH4Hi HETOYHOCTI.

target_ neg: JlaHWi TEKCT HE MiCTUTh TIOMHJIOK.

16
target_ pos: {{corrected text
({text}} get_pos: {{ _text}}
R R target_ neg: JlaHMi TEKCT HE MiCTUTh TTOMMJIOK.
TepeBip, Gy b JacKa, IPABHIILHICTh IPAMATHKH y
17 HACTYTTHOMY TEKCTI. target__pos: 3BuyaitHo. Ocb TEKCT 3
BUIPABJICHUMH [IOMUJIKAMH:
{{text}}
{{corrected_text}}
BuripaB NOMUJIKY y TEKCTi.
18 # Teker target neg: {{text}} target pos:
{{corrected__text}}
{{text}}
Bunpas noMuiIKu y TeKCTi.
19 # Teker target neg: JlaHWil TEKCT HE MICTHTb IOMIJIOK.
target_ pos: {{corrected_text}}
{{text}}
Burnpas rpaMaTtiyHi IOMIIKH B HACTYITHOMY TEKCTi: target_neg: {{text}} target_pos:
20 {{text}} {{corrected_ text}}
BHIIPaB OMUJIKU Y TEKCT.
21 target_ neg: Lle peueHHs1 HarmMCcaHO Ge3 OMMIIOK.
{{text}} target_ pos: {{corrected_ text}}
99 Bunpas rpaM_"fTH;{Hl TIOMITH B HACTYIHOMY target_neg: Ile peyeHHs HAIUCAHO Ge3 IIOMMJIOK.
pevernic "{{text}} target pos: {{corrected text}}
- Bunpas rpaMa,T"qutnO':"HK“ B HACTYTHOMY target neg: Lle pedeHHs HaNHCAaHO 6€3 IOMIJIOK.
peuenti: {{text}} target_ pos: {{corrected_ text}}
TMepenuiuy Le peveHHst 6e3 TOMUJIOK:
o4 target_neg: {{text}} target_pos:
{{text}} {{corrected_ text}}
Teperyiiy HACTYITHUIA TEKCT 63 IOMUJIOK:
95 target neg: JlaHe peueHHS HE MICTHTb IOMHJIOK.
{{text}} target_ pos: {{corrected_ text}}
INeperviy HaCTYITHUI TeKCT 6e3 TIOMUIIOK:
26 target neg: {{text}} target pos:
{{text}} {{corrected_ text}}
Tepenuiy Le peveHHst 6e3 TOMUJIOK:
97 target_neg: JlaHe peueHHs He MiCTUTh IOMUJIOK.
{{text}} target pos: {{corrected text}}
BuIpas rpaMaTiuHi OMUIKH B HACTYITHOMY
: target_neg: {{text}} target_pos:
28 peuenni: "{{text}}” {{corrected _text}}
BurpaB NOMUIJIKHM y TEKCTi.
29 target_neg: {{text}} target_ pos:
{{text}} {{corrected_ text}}
BurpaB rpamaTiyHi MOMUJIKK B HACTYITHOMY target_neg: {{text}} target_pos:
30 peuenni: {{text}} i[{correcteditext}} -
Tepenuiuy TeKCT Ge3 OMUIIOK.
31 target_neg: {{text}} target_pos:

{{text}}

{{corrected_ text}}

117




Iepemnumy TeKCT 6€3 MOMUIIOK.
target_ neg: JlaHe peyeHHs HE MiCTHTh TIOMHUJIOK.

32 {{text}} target pos: {{corrected text}}
33 Bunpas rpaMa,TW{Hl TIOMUIIKIL B HACTYITHOMY target_neg: JlaHe peueHHs HE MICTHTb IOMHJIOK.
peuenti: {{text}} target_ pos: {{corrected_ text}}
Bunpas TPaMAaTHIHL HOMIIIKH B HACTYIIHOMY target_neg: JlaHe peveHHs HE MIiCTHTb OMHJIOK.
34 peuenni: "{{text}}”
: target pos: {{corrected text}}
Bunpas OMUIIKY y TEKCTI.
35 target_ neg: JlaHe peyeHHs HE MIiCTUTh TTOMUJIOK.
{{text}} target_pos: {{corrected_ text}}
Tepenyiy HACTYIIHUIA TEKCT G€3 TIOMUIIOK:
36 target_ neg: lle peueHHs HAHCAHO O€3 IOMUJIOK.
{{text}} target pos: {{corrected text}}
IMepenuun e peyeHHst Ge3 MOMHJIOK:
37 target_ neg: Lle peueHHst HAMMCAHO GE3 TIOMHUIIOK.
{{text}} target pos: {{corrected text}}
IMepernuimy TekCT 6€3 OMUIIOK.
38 target neg: Lle peyeHHs! HAIMCAHO 6€3 IOMMJIOK.

{{text}} target_ pos: {{corrected_ text}}

Completion will be either target_ pos or
target_ neg based on whether the given text
contains grammatical errors or not

39 respectively.

{{text}}

BunpaB noMuIKY y TeKCTi.:

target neg: JlaHWii TEKCT HE MICTHTb IOMHJIOK.
target_ pos: {{corrected_ text}}

Identify all named entities mentioned in the
given sentence.

IEIRG TERENBA D FPIRRNFE SRR
o, MERUTES : PER-A%. ORG-S
LOC-#is, Fi(E, EEHARMT R, WAEd

2, ARARUAREMAR, EIRRENT. "Results": [{
R7Z R JSON #EIMHER, BIESARE "TypeName": "{{tag}}",
BTSSRI LE M, "Text": "{{text}}",
UNER-LLM-inst 1 BIaRES "Start": {{index_1}},
[Universal NER, 2023] "End": {{index_23}}
{{example_ sentence}} 3}

{{example_result}}
EEITENAADTF, BHERENA?

{{input_ sentence}}
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Sl TR EMERA D FHIREINFE R E
B8, EEAUTER | PER-A%B. ORG-HERM
LOC-#th3h, FB5cE, EfEEIREMtE:, thAREil
B, ESTURREMAR, FIERANTA,
1EFERZ R JSON BRABIMFER, SRR
BT BIE R BBV,

PIRRIFER :
{{example_sentence}}
{{example_result}}
ZRITENRADTF, RUBEREME?

{{input_ sentence}}

"Results": [{

"TypeName": "{{tagl}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}

Molim te da identificiras sve imenovane
entitete spomenute u nize navedenoj recenici.
Koristi samo kategorije: PER - osoba, ORG -
organizacija i LOC - lokacija. Zapamti,
nacionalnosti nisu ni lokacije ni organizacije,
a organizacije mogu predstavljati razne
skupine ljudi. Obrati paznju na dani primjer.
Rezultat oblikuj u JSON formatu, slijedeéi
slicnu strukturu kao u danom primjeru.

Primjer recenice i rezultata:
{{example_ sentence}}
{{example_result}}

S obzirom na nize navedenu ulaznu recenicu,
koji je konacni izlaz?

{{input__sentence}}

Angiv venligst alle navngivne enheder naevnt
i seetningen nedenfor. Brug kun kategorierne:
PER - person, ORG - organisation og LOC -
lokation. Husk, at nationaliteter hverken er
steder eller organisationer, og organisationer
kan repraesentere andre grupper af

mennesker. Veer opmaerksom pa det givne
eksempel. Du bgr kun eksportere resultaterne
i JSON-format efter en lignende struktur som
eksempelresultatet.

Eksempel pa ssetning og resultat:
{{example_ sentence}}
{{example_ result}}

I betragtning af seetningen nedenfor, hvad er
resultatet?

{{input__sentence}}

H
"Results": [{
"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}
H
"Results": [{
"TypeName" . "{{tag}}" ,
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}
H
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Please identify all the named entities
mentioned in the input sentence provided
below. Use only the categories: PER -
person, ORG - organization, and LOC -
location. Remember, nationalities are neither
locations nor organizations, and organizations
can represent other groups of people. Pay
attention to the provided example. You
should only output the results in JSON
format, following a similar structure to the
example result provided.

Example sentence and results:
{{example__sentence}}
{{example__result}}

Considering the input sentence below, what is
the output result?

{{input_ sentence}}

"Results": [{
"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}

H

Bitte identifiziere alle Eigennamen und Orte,
die unten im Inputsatz erwdhnt werden.
Verwende nur die Kategorien PER - Person,
ORG - Organisation, und LOC - Ort. Denk
daran, Nationalitdten sind weder Orte noch
Organisationen, und Organisationen kénnen
fir andere Gruppe von Menschen stehen.
Achte auf das vorgegebene Beispiel. Gib die
Ergebnisse nur im JSON-Format aus und
folge einer dhnlichen Struktur wie das

Beispielergebnis.

Beispielsatz und Ergebnisse:
{{example_sentence}}
{{example_result}}

Bezogen auf den Inputsatz unten, was ist das
richtige Ergebnis?

{{input__sentence}}

"Results": [{
"TypeName": "{{tag}}",
"Text": "{{textl}}",
"Start": {{index_1}},
"End": {{index_23}}

H

Por favor identifique todas as entidades
nomeadas mencionadas na frase fornecida
abaixo. Utilize apenas as categorias: PER -
pessoa, ORG -organizacio e LOC -
localizagdo. Lembre-se, nacionalidades nao
sdo locais nem organizagoes, e organizacoes
podem representar outros grupos de pessoas.
Preste atencao ao exemplo fornecido. Vocé sé
deve gerar os resultados no formato JSON,
seguindo uma estrutura semelhante ao

resultado do exemplo fornecido.

Frase de exemplo e resultados:
{{example__sentence}}
{{example_ result}}

Considerando a frase de entrada abaixo, qual
é o resultado produzido?

{{input__sentence}}

"Results": [{
"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}

H
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Tosxanyicra, orpeeuTe Bce IMEHOBaHHbIE
CYIIHOCTH, YIIOMSIHYTbIE BO BXOJJHOM IPE/JIOKEHUH,
YKa3aHHOM Huke. VICTIONb3yHTe TOJBKO Cleylolpe
kateropuu: PER - mmunocth, ORG - opranusanus u

LOC - mecronosioxenue. ITomHure, 4ro
HALMOHAJILHOCTH HE SIBJISIIOTCS] HUA
MECTOIOJIOKEHUEM, HU OpraHu3alyen, a
OpraHu3aIy MOTYT HPEJCTaBIATh COOOM Ipyrie
rpyrms! i, OOpaTiTe BHUMaHHE Ha TIPUBEAEHHBIN
npumMep. Bam crienyer BepHyTh OTBET TOJIBKO B
¢opmare JSON, cxoxeM 10 CTPYKType ¢

TIPUBEAEHHBIM OTBETOM.

TIpuMep NpeIoKeHHs 1 OTBETA:
{{example__sentence}}
{{example_ result}}

VuuthbiBasi BXOJHOE MPEUIOKEHUE HIKE, KAKUM
Oyner orBer?

{{input__sentence}}

"Results": [{

H

"TypeName": "{{tag}}",
"Text": "{{textl}}",
"Start": {{index_1}},
"End": {{index_2}}

Molim te da identifikujes sve imenovane
entitete spomenute u nize navedenoj recenici.
Koristi samo kategorije: PER - osoba, ORG -

organizacija i LOC - lokacija. Zapamti,
nacionalnosti nisu ni lokacije ni organizacije,

a organizacije mogu predstavljati razne
skupine ljudi. Obrati paznju na dani primer.

Rezultat oblikuj u JSON formatu, sledeéi

slicnu strukturu kao u datom primeru.

Primer recenice i rezultata:
{{example_sentence}}
{{example_result}}

S obzirom na nize navedenu ulaznu recenicu,
koji je konacni izlaz?

{{input__sentence}}

"Results": [{

3

"TypeName": "{{tag}}",
"Text": "{{textl}}",
"Start": {{index_11}},
"End": {{index_2}}

10

Prosim, identifikuj vSetky vymenované entity
uvedené vo vstupnej vete. Pouzit iba
kategérie: PER - osoba, ORG - organizicia a
LOC - miesto. Pamaétaj, ze ndrodnosti nie si
ani miesta, ani organizicie, a organizicie
moézu zastupovat iné skupiny ludi. Inspiruj sa
prikladom nizsie. Vysledky by mali byt
vypisané vo formate JSON, v podobnej
Struktire ako v nizsie uvedenom priklade.

Priklad vstupnej vety a vystupu:
{{example__sentence}}
{{example_ result}}

Aky bude vystup vzhladom na vstup uvedeny
nizsie?

{{input__sentence}}

"Results": [{

H

"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}
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11

Vénligen identifiera alla namngivna enheter
som namns i meningen nedan. Anvénd
endast kategorierna: PER - person, ORG -
organisation och LOC - plats. Kom ihag att
nationaliteter varken &ar platser eller
organisationer, och organisationer kan
representera andra grupper av méanniskor.
Var uppmaérksam pa det angivna exemplet.
Du bor endast exportera resultaten i
JSON-format, enligt en liknande struktur

som exempelresultatet.

Exempel pa mening och resultat:
{{example__sentence}}
{{example__result}}

Med tanke pd meningen nedan, vad ar
resultatet?

{{input_ sentence}}

"Results": [{
"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_1}},
"End": {{index_2}}

H

12

Sa aktibidad na ito, kailangan mong hanapin
ang mga named entities na binanggit sa
pangungusap. Sa pagtutukoy, gamitin lamang
ang itong tatlong na kategorya: PER - tao,
ORG - organisasyon, at LOC - lokasyon.
Tandaan, ang nasyonalidad ay hindi isang uri
ng lokasyon o organisasyon, at ang mga
organisasyon ay maaaring kumatawan sa
ibang mga grupo ng mga tao. Tingnan ang
halimbawa sa baba. Diretsong ibigay ang
resulta sa JSON na format, na sumusunod sa

format ng halimbawang ibinigay.

Ang halimbawa ng pangungusap at ang
hinahanap na resulta:

{{example_sentence}}
{{example_result}}

Gamit ang sumusunod na pangungusap sa
ibaba, ano ang output?

{{input__sentence}}

"Results": [{
"TypeName": "{{tag}}",
"Text": "{{text}}",
"Start": {{index_11}},
"End": {{index_2}}

H

Urdu-News-Gen-
Article
[AhmadMustafa,
2023a]

Generate the article from the given news.
L S Opeinn Sl Glote i K S o5
{{news}}

:OM&‘W&#S&{T‘A)%‘)}F@

{{article}}

Given a news belonging to a category, write
an article on it.

{{eategory}}
:}.“.’-vﬁQO}".@"&‘AJ“a—éﬁf)"cﬂ—
{{news}}

10 gomian ;ﬁ;\@l’;ﬁa.,qégsjb)d‘)}fb‘ﬁ

{{article}}
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Urdu-News-Category-
Class [AhmadMustafa,
2023b]

Classify the given paragraph (news article)
into one of the provided categories.

o (5S) s b amskio S (0n) IS Ly )
2yl e 28 S e
¢ ,jd.'i -
‘C«—}wj)‘u;g -
L;}!K:; By u‘"’:L‘ -
:Q)Lf\j_u,

{{news__article}}

s 5 83~
{{category}}
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Ol e ((_;ﬁ*;.f) s b i S 8 U}Jy"g%—-"
TNy
¢ ,Ja.‘c'-
‘th*'.‘“})‘:'}){ -
L;’T)!K;)}‘ u—"-:“‘L" -

" 'éf?

{{news__article}}

s $ « ~
{{category}}

Urdu-News-Gen-
Headline
[AhmadMustafa,
2023c]

Generate the news headline from the given
news.

(IS Ly o st Olye K (Oase) IS Ly a3l o

{{news_article}}

e € O STy v e

{{news_headline}}

é"\ 'u’j}.)‘.'; ‘3‘)19{ U e i 2>

{{news_ article}}

Dl € O & STy e

{{news__headline}}

Wiki-split-inst [Botha
et al., 2018]

Generate a more complex version of the given
sentence.

Generate a more complex version of this
sentence {{simple_sentence}}

Of course, a more complex version of the
b
sentence is ”{{complex_ sentence}}”

Generate a simple sentence for the given
complex sentence.

Please generate a simpler sentence from the
following complex sentence:
{{complex_ sentence}}

{{simple__sentence}}

X-CSQA-inst [Lin
et al., 2021]

Choose the answer to the given question from
the multiple options provided.

{{question:[‘stem’]} }

{{label_1}} : {{text_1}}
{{label 2}} : {{text_2}}
{{label 3}} : {{text_3}}
{{label 4}} : {{text_4}}
{{label 5}} : {{text 5}}

The right answer is {{answer_key}}.

Xlel wd-inst [Pratapa
et al., 2022]

Complete the given phrase.

Complete the following phrase:
{{context_left}}

{{mention}}{{context_right}}
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Continue the given sentence.

Ak ods KT {{mention} }{{context_ right}}
{{context_left}}

Given the context, generate title ideas.

{{context_ left} }{{mention}}
{{context_ right}}
Please give me a good title idea for the above
article.

Sure, a suitable title example for that article
is ”{{context__title}}”.

Complete the given sentence:

ti text_right
maak deze zin af: {{context_left}} {{mention}}{{context_right}}

Complete the given sentence.

S S LA ) {{mention}}{{context_right}}
{{context_left}}

Given the text, identify the important event
the text is about.

what important event is this text about: {{mention}}
{{con-
text__right }{{mention} }{{context_ left}}

Given the text, identify its context.

T UTS I ST T 8 {{context_left}} T UTS &I U1 T & {{mention}}
{{mention}} {{context_right}}

Write a continuation to the given paragraph.

Write a continuation for this paragraph - {{context_right}}
{{context_left}} {{mention}}

Given a document, generate the summary.

XWikis-inst
[Perflez-Beltrachini & 1 Can you summarize the following document? {{src_summary}}

Lapata, 2021] {{document}}

r T

Table 13: Aya Collection - List of applied templates for each templated dataset in the collection.
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