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Abstract

Instruction tuning enhances large language
models (LLMs) by aligning them with human
preferences across diverse tasks. Traditional
approaches to create instruction tuning datasets
face serious challenges for low-resource lan-
guages due to their dependence on data
annotation. This work introduces a novel
method, Multilingual Reverse Instructions
(MURI), which generates high-quality in-
struction tuning datasets for low-resource
languages without requiring human annotators
or pre-existing multilingual models. Utiliz-
ing reverse instructions and a translation
pipeline, MURI produces instruction-output
pairs from existing human-written texts in
low-resource languages. This method ensures
cultural relevance and diversity by sourc-
ing texts from different native domains and
applying filters to eliminate inappropriate con-
tent. Our dataset, MURI-IT, includes more
than 2 million instruction-output pairs across
200 languages. Evaluation by native speakers
and fine-tuning experiments with mT5 mod-
els demonstrate the approach’s effectiveness
for both NLU and open-ended generation.
We publicly release datasets and models at
https://github.com/akoksal/muri.

1 Introduction

Instruction tuning refines large language models
(LLMs) based on user intentions, enhancing their
ability to generalize across tasks and align with
human preferences (Ouyang et al., 2022; Sanh
et al., 2022; Muennighoff et al., 2023; Wang et al.,
2022). While pre-training data can be automati-
cally collected from the web, preparing instruction
tuning data is challenging as it requires aligned
instruction-output pairs. Three main approaches
have been applied to create instruction tuning
datasets: human annotation (Ouyang et al., 2022;

Kopf et al., 2023; Conover et al., 2023), tem-
platized NLP tasks (Sanh et al., 2022; Wang
et al., 2022; Longpre et al., 2023a), and synthetic
data generation via LLMs (Wang et al., 2023;
Honovich et al., 2023).

For low-resource languages, these approaches
face serious limitations. Human annotation is
costly, and finding native speakers for low-
resource languages is challenging. Templatiz-
ing NLP tasks restricts datasets to specific
structures and domains, limiting their general
applicability, and there is insufficient NLP
task-annotated data for low-resource languages
(ImaniGooghari et al., 2023). Synthetic data gen-
eration is constrained by the languages supported
by existing models and suffers from validity
(Wang et al.,, 2023) and creativity (Honovich
et al., 2023) issues. Moreover, outputs of both
template-based and synthetic data generation
methods heavily rely on translation pipelines
and are particularly prone to artifacts known as
“‘translationese’’ (Gellerstam, 1986). These arti-
facts include simplified vocabulary and grammar,
unidiomatic word order and expressions, and of-
ten neglect linguistic and cultural contexts. Such
occurrences of translationese have been shown to
negatively impact model training (Yu et al., 2022)
by distorting examples and further distancing them
from their linguistic and cultural context.

Consequently, no existing model, open source
or proprietary, supports low-resource languages
with the quality necessary for high-quality in-
struction tuning dataset generation. This has
resulted in a disparity, with English dominat-
ing 73% of the most popular datasets (Longpre
et al.,, 2024), leaving low-resource language
communities underserved.

In this work, we introduce Multilingual
Reverse Instructions (MURI), a novel ap-
proach to generate instruction tuning datasets

1032

Transactions of the Association for Computational Linguistics, vol. 13, pp. 1032-1055, 2025. https://doi.org/10.1162/tacl.a.18
Action Editor: Zeljko Agic. Submission batch: 8/2024; Revision batch: 3/2025; Published 8/2025.
(© 2025 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.


mailto:akoksal@cis.lmu.de
https://github.com/akoksal/muri
https://doi.org/10.1162/tacl.a.18

for low-resource languages without requiring
annotators, task-annotated data, or pre-trained
multilingual models. MURI employs the reverse
instructions method proposed by Koksal et al.
(2024) and combines it with machine translation
to develop language-specific target instructions,
ir, for a target text d,. This involves translat-
ing d. to English d.,, (ii) generating an English
instruction e,y for de,, using reverse instruc-
tions, and (iii) translating 7., back to the target
language, so it can serve as instruction for d. No-
tably, unlike fully translation-based methods, our
approach requires translating only the instructions
which enables using authentic outputs in the target
language. The instruction-output pair (¢,, d,) can
then be used to fine tune a language model to fol-
low instructions. This approach is cost-effective
and applicable to any language with available
textual data.

By applying MURI to texts from diverse
sources, we have created MURI-IT, a dataset
containing more than 2 million instruction-output
pairs across 200 languages. To our knowledge,
this dataset offers the broadest language cov-
erage for multilingual instruction tuning. Our
sources include Wikipedia, WikiHow, and var-
ious web-crawled pages, providing a rich variety
in style, domain, and length. The output docu-
ments, sourced directly from data in their original
languages, retain cultural and linguistic nuances.
Additionally, we use quality filters to ensure the
dataset’s high standards.

To evaluate MURI-IT, native speakers across
13 languages assess the dataset on five as-
pects to gauge quality. We also fine-tune several
mT5 family models using MURI-IT to execute
instruction-based tasks, assessing their perfor-
mance in natural language understanding and gen-
eration. For instance, MURI-101, an mT5-XXL
model instruction-tuned with MURI-IT, outper-
forms prior models like mTO (Muennighoff et al.,
2023) by over 14% in multilingual MMLU. In
open-ended generation tasks, it delivers much bet-
ter outputs than mTO, with win rates of 59%
vs. 28%. Additionally, MURI-IT enhances per-
formance when used alongside existing datasets
like Aya. We make the fine-tuned models and
MURI-IT publicly available.

To summarize, our contributions are:

(i) We introduce Multilingual Reverse In-
structions (MURI), a cost-effective method

for creating multilingual instruction tuning
datasets applicable to hundreds of languages.

(ii) We create and publish MURI-IT, an instruc-
tion tuning dataset for 200 languages using
MURI. This dataset consists of 2,228,499
instruction-output pairs, with 64% of the data
from low-resource languages.

(iii)) We evaluate and analyze the dataset with
native speakers in 13 languages. We find
that the data is highly idiomatic in many
languages.

(iv) We fine-tune and release MURI-101, a
massively multilingual instruction-following
language model using MURI-IT.

2 Related Work

Instruction Tuning Datasets Instruction tuning
has emerged as a powerful approach to enhancing
the instruction-following capabilities of LLMs, as
demonstrated by numerous studies (Ouyang et al.,
2022; Sanh et al., 2022; Muennighoff et al., 2023;
Wang et al., 2022). The three primary strategies to
create instruction tuning datasets are human cura-
tion, templatized tasks, and synthetic generation
via LLMs.

Human-curated datasets, like Open Assistant
(Kopf et al., 2023) and Dolly (Conover et al.,
2023), involve extensive human annotation but are
difficult to scale and extend to more languages due
to high cost. Alternatively, datasets such as Public
Pool of Prompts (P3) (Sanh et al., 2022), Super-
Natural Instructions (NIv2) (Wang et al., 2022),
and FLAN (Longpre et al., 2023a) utilize NLP
task reformulation to reduce cost and enhance ap-
plicability but still struggle with general-purpose
instruction following since their main focus is on
NLU tasks.

To address these issues, synthetic datasets have
been developed, such as Self-Instruct (Wang et al.,
2023), DoG-Instruct (Chen et al., 2023), and
Unnatural Instructions (Honovich et al., 2023).
These datasets offer greater task diversity but are
challenged by issues of validity and creativity.
The reverse instructions method (Koksal et al.,
2024), employing data augmentation via gen-
erative models and pretraining corpora, further
exemplifies cost-effective dataset generation. A
similar method has been successfully applied in
Bactrian-X (Li et al., 2023), demonstrating its ef-
fectiveness in multilingual settings by leveraging
translation for synthetic data.
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Multilingual instruction tuning has shown
substantial benefits, especially for low-resource
languages (Muennighoff et al., 2023). It not only
maintains performance in English but also en-
hances capabilities in non-English languages with
the help of a large scale of English examples
(Shaham et al., 2024; Grattafiori et al., 2024). De-
spite these advancements, large-scale multilingual
datasets often remain limited. Efforts to overcome
this include pre-training on diverse multilingual
data (Chung et al., 2024; Chowdhery et al., 2023)
and creating dedicated multilingual instruction
fine-tuning sets (Muennighoff et al., 2023), and
manual annotation by native speakers (Singh et al.,
2024). Extensions to existing datasets often uti-
lize automatic translation (Li et al., 2023; Winata
et al., 2023; Holmstrdom and Doostmohammadi,
2023) and template-based generation (Gupta et al.,
2024). These methods strive to balance diversity
against resource constraints and quality issues
inherent in automated translation processes, as
seen in the extensive Aya collection (Singh et al.,
2024). In summary, while instruction tuning has
greatly advanced the capabilities of LLMs in fol-
lowing complex instructions, challenges remain
in dataset diversity, validity, and the integration
of multilingual content.

Multilingual LLMs In the recent surge of
LLMs, English-centric models like the closed-
source GPT model family (Radford et al., 2019;
Ouyang et al., 2022) and open-sourced ones
like Llama and Pythia (Touvron et al., 2023a;
Biderman et al., 2023) have gained prominence.
Multilingual models, unlike monolingual ones, of-
fer the advantage of facilitating cross-lingual tasks
such as translation (Jiao et al., 2023; Xu et al.,
2024) and addressing low-resource languages
(Artetxe and Schwenk, 2019; Wu and Dredze,
2020). mBERT pioneered the multilingual area by
demonstrating that training on multilingual data
allows different languages to be represented in a
unified semantic space (Devlinetal.,2019). Build-
ing on this foundation, subsequent models such
as XLM-R, GLoT500, and AfriBERTa extended
the capabilities of transformer-based models to
hundreds of languages (Conneau et al., 2020;
ImaniGooghari et al., 2023; Ogue;ji et al., 2021).
However, the progression of multilingual
encoder-decoder and decoder-only models has
been more restrained. Models like Llama and Mis-
tral, for instance, feature datasets predominantly

composed of English, with limited data from a
select group of high-resource languages (Touvron
et al., 2023a; Jiang et al., 2023). In contrast, mod-
els like XGLM, BLOOM, and MGPT have been
developed from scratch to support extensive lan-
guage diversity (Workshop et al., 2022; Lin et al.,
2022; Shliazhko et al., 2024). Meanwhile, mT5
is trained on 101 languages, an important step in
encoder-decoder model training (Xue et al., 2021).

3 The MURI-IT Dataset

We introduce MURI-IT, which includes 2,228,499
instruction-output pairs in 200 languages. The
dataset is primarily constructed by applying
MURI to the CulturaX (Nguyen et al., 2024)
and Wikipedia corpora. The core idea is summa-
rized in Figure 1. Our goal is to utilize existing
high-quality human-written multilingual corpora
to generate a diverse instruction-following data-
set. For a randomly selected text, we aim to gen-
erate an instruction for which the high-quality
corpus text would serve as a good response. This
approach ensures that a model trained with this
dataset will not be conditioned on outputs with
translation artifacts or culturally irrelevant topics.

MURI-IT also incorporates two additional sub-
sets: 54,578 instances collected from the WikiHow
website in 18 languages to augment the dataset,
and 455,472 existing NLP task examples in 74 lan-
guages to enrich its diversity. This section details
the steps used to produce MURI-IT.

3.1 Multilingual Reverse
Instructions (MURI)

In this subsection, we describe the process of
creating an instruction-following dataset from
multilingual corpora using MURI. First, we se-
lect documents written in the target low-resource
language 7 from multilingual corpora (§3.1.1),
producing a set D, = dL,d2,...,d". Our goal is
to generate instructions for which each of these
documents would serve as a suitable answer. Since
recent LLMs have limited multilingual capabili-
ties, we combine machine translation models with
English LLMs.

We begin by translating each document df
into English, yielding df,, (§3.1.2). Next, we
apply reverse instructions using an English LLM
to generate instructions that align with d’gng,
producing ilgng (683.1.3). Finally, we translate
these English instructions back into the original
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Step 1: Sample High-Quality Text in the Original Language

<doc>: g Loy Liw slae SO aidw

-—

Sreilol Ohea ) .l Goy Glo slae
SN e S plgie @ didw (Gileic
g oalalié oaile L3l b g sube 4L

mC4 / Wikipedia 1301 32buo b l3indsys baisgs oS s,
Loy 3blio 53 didw .2)50 [...]

Step 2: Translate <doc> to English

<doc_eng>: Selte is a traditional
Yemeni dish and the national food
of Yemen. During the Ottoman
Empire, selte was served as a
sacrifice  and was made with
leftovers donated by the wealthy or
mosques. [...]

Instruction:

Step 3: Reverse Instructions

Step 4: Translate <inst_eng> to the
Source Language

Answer: <doc_eng>
What kind of instruction could
this be the answer to?

<inst>: dieS> g Cowus  didw

<inst_eng>: What is Selte and
how is it made?

Figure 1: Multilingual Reverse Instructions (MURI). Step 1: MURI selects a high-quality human-written
example (<doc>) from multilingual corpora. Step 2: Translation into the English document <doc_eng>. Step 3
applies the reverse instructions method to <doc_eng> (i.e., prompting the LLLM to generate a matching instruction
<inst_eng>). Step 4: <inst_eng> is translated back into the original language (<inst>), resulting in a (<inst>, <doc>)

pair where the <doc> output is human-written.

language 7 (§3.1.4). This results in the instruction-
OutPUtpairs DIT = (171—7 d‘lr)7 (2727 d?)? ) (Z‘TrL? d?)’

which form our multilingual instruction tuning
dataset.

3.1.1 Data Selection

We randomly sample documents from two
multilingual corpora: CulturaX (1,076,575 doc-
uments) and Wikipedia (1,554,207 documents).
CulturaX covers 167 languages, merging OS-
CAR (Ortiz Suarez et al., 2020) and mC4 (Xue
et al., 2021), enhanced with cleaning, deduplica-
tion, language identification, and diversification
steps (Nguyen et al., 2024). The Wikipedia cor-
pus spans more than 350 languages and provides
high-quality documents.

3.1.2 Document Translation

Each document dﬁ is first translated into English,
yielding d’gng. We use the MADLAD-400-3B-MT
model (Kudugunta et al., 2023) since it supports
400 languages. We use nucleus sampling with
top_p = 1.

Table 1 summarizes the translation performance
of MADLAD-400-3B-MT on Flores-200 (NLLB
Teametal., 2022) for the languages we focused on.
Translations into English generally achieve high
chrF scores across language of 45.5, the others
exceed 50, with resource levels 3-5 surpassing 60.
The BLEU metric results are reported in Appendix
§10.2.

Resource Level  to English  from English
0 (9 langs.) 45.5 28.8
1 (75 langs.) 51.5 40.4
2 (17 langs.) 55.0 41.3
3 (23 langs.) 63.0 52.4
4 (16 langs.) 64.1 58.8
5 (6 langs.) 63.3 53.9
Table 1: Average chrF scores of the

MADLAD-400-3B-MT model evaluated on
Flores-200, grouped by language resource level as
defined in Joshi et al. (2020). Levels range from 0
(low-resource) to 5 (high-resource). Results rep-
resent 146 out of the 194 languages included in
the reverse instructions subset of MURI-IT.

3.1.3 Reverse Instructions

We next apply an English LLM to generate an
instruction i’;ng for each English-translated docu-
ment d'e“ng. We adapt the ‘‘reverse instructions’’
approach of Koksal et al. (2024) to a few-shot
setup using open models to produce high-quality
instructions. A few-shot example of our prompt is
presented in the Appendix (Table 11).

To determine which LLM performs best
for reverse instruction generation, we system-
atically compare multiple models of different
sizes in a few-shot in-context learning setup.
Each model is evaluated on the Dolly dataset
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Model ROUGE-L BLEU WR
Llama 2-7B-Chat 0.400 0.107 0.555
Llama 2-13B-Chat 0.422 0.127 0.632
Llama 2-70B-Chat 0.427 0.129 0.676
Mistral-7B-Instruct v0.1 0.420 0.122 0.615
Mixtral-8 x 7B 0.441 0.144 0.697
Table 2: Performance of various LLMs on

English reverse instructions, evaluated using
Rouce-LSum, BrLeu, and WINRATE (WR) met-
rics. Mixtral-8x7B achieves the highest scores
on all metrics. We report additional ablation stud-
ies on sampling strategies, number of few-shot
examples, and prompt design in Appendix §10.1.

(Conover et al., 2023), which consists of human-
annotated instruction-output pairs. We measure
the similarity between the model’s generated
instructions and the gold standard instructions
using RouGe-LSum and BLEU metrics. Addition-
ally, we use an LLM-as-a-Judge approach using
Llama-3-70B-Instruct to compare the generated
instructions against the gold standard. We report
the percentage of cases where the model’s instruc-
tions are preferred over or considered equal to the
gold standard, which we refer to as the WINRATE
(WR) metric.

Table 2 summarizes the results. We find that
Mixtral-8x7B (Jiang et al., 2024) offers the
best performance, outperforming various Llama-2
(Touvron et al., 2023b) and Mistral-7B (Jiang
et al., 2023) models in generating instructions for
a given output. We observe that around 70% of the
generated instructions via Mixtral-8 x 7B are either
preferred over or equal to the human-annotated
high-quality instructions, which illustrates the
quality of synthetically generated instructions in
reverse instructions.

Our ablation experiments in Appendix §10.1
show that using four in-context examples, com-
bined with a greedy decoding strategy, provides a
higher performance than other settings. Finally, to
evaluate whether using different prompts affects
the quality and diversity of instructions, we exper-
iment with alternative prompt templates and find
that they do not result in significant differences
(§10.3).

3.1.4 Instruction Translation

k
eng
back into its original language 7, resulting in z’ﬁ

We again use MADLAD-400-3B-MT. As shown

Next, we translate each English instruction ¢

in Table 1, translating from English into other
languages yields lower overall chrF scores com-
pared to translating into English. While resource
level 0 languages have a notably low average
chrF of 28.8, resource levels 3 through 5 gen-
erally perform better, achieving chrF scores ex-
ceeding 50.

Interestingly, resource level 5 exhibits lower
performance than resource level 4. This decline is
attributed to the significantly weaker translation
quality for Japanese and Chinese within resource
level 5, which achieve chrF scores of 34.3 and
35.7, respectively. Therefore, these lower scores
reduce the average performance of resource level
5 as awhole. We observe similar patterns in BLEU
scores (see Table 10 in the Appendix).

Despite these limitations, only the instructions
(and not the outputs) rely on translating from
English. By preserving human-written texts in the
target language as outputs, we avoid the more
severe artifacts that can arise from fully translated
approaches. To ensure language consistency, we
apply GlotLID (Kargaran et al., 2023) to detect
language mismatches, discarding any instances
where instruction and document language IDs do
not align.

3.1.5 Content Screening

We observe that some examples contain violent
or noisy content because mC4 may include un-
screened examples from CommonCrawl (Abadji
etal., 2022). We utilize the RoOBERTa hate-speech
model (Vidgen et al., 2021) to screen the generated
instruction-output pairs (i’g’ng ,dk ;) in English and
eliminate unsuitable examples. To ensure dataset
integrity and eliminate redundancy, we employ the
MinHashLSHForest method for deduplication.

Manual screening revealed unsuitable instruc-
tions lacking necessary context, such as instruc-
tions asking for summarization of non-existent
prior documents or requesting translations. We
excluded these instruction-output pairs from our
dataset by filtering out instructions including the
words summarize or translate. Additionally, we
observed that web-sourced documents often in-
clude extraneous content like footers, headers, or
advertisements. We leave the elimination of such
extraneous content for future work.

3.2 WikiHow Data

We collected articles from the multilingual Wiki-
How website using PyWikiHow in 18 languages
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(Arabic, Chinese, Czech, Dutch, English, French,
German, Hindi, Italian, Japanese, Korean, Malay,
Portuguese, Russian, Spanish, Thai, Turkish, and
Vietnamese), based on the URLs provided by
Wikilingua (Ladhak et al., 2020). Each WikiHow
page is composed of the following sections: (i) A
title that starts with ‘““How to’’, (il) an abstract
answer to the question, (iii) a number of steps,
each comprising a step-title and a step-text para-
graph. We use the title of each WikiHow page
as the instruction. To introduce variation in the
style of the answers, we render the answers to the
questions as follows: In 50% of cases, we include
the abstract in the answer and in the other 50%
we don’t. Regardless of whether the abstract is in-
cluded or not, in 50% of the cases we only include
the step-titles, and in the other 50% we include
both the step-titles and step-texts.

3.3 NLP Tasks

To further improve diversity of tasks in MURI-IT,
we incorporate several existing multilingual in-
struction following datasets based on NLP tasks,
expanding language coverage and task diver-
sity. These additions, totaling 455,472 samples
across 74 languages, complement our primary
data sources:

SuperNatural Instructions: We sampled 200
tasks from SuperNatural Instructions (Wang et al.,
2022) per translation task type and 500 sam-
ples from the remaining set, resulting in 161,986
samples across 55 languages.

xP3 comprises 46 languages across 16 NLP
tasks, such as various types of QA and Topic
Classification. We adapted 184,000 samples of
xP3 (Muennighoff et al., 2023) to our format.

OASST1: From this crowd-sourced chat-style
dataset (Kopf et al., 2024) spanning 35 languages,
we selected and paired message and output pairs
up to the second deepest level, yielding 9,486
examples in 10 languages.

FLAN v2: We incorporated 100,000 samples
from FLAN v2 (Longpre et al., 2023a), includ-
ing 50,000 from its main collection and 50,000
from its Chain-of-Thought subset, all in English
following Tulu (Ivison et al., 2023).

These additional datasets were chosen to
increase the linguistic and task diversity of
MURI-IT, ensuring a more comprehensive and
versatile instruction-tuning dataset similar to prior
work like Aya (Singh et al., 2024). We have sum-
marized the statistics of our dataset in Table 3.

Source # Languages # Examples
Multilingual Reverse Instructions 194 1,718,449
Wikipedia 187 1,031,726
CulturaX 123 686,723
WikiHow 18 54,578
NLP Tasks 74 455,472
SupNatlnst-v2 55 161,986
xP3 44 184,000
OpenAssistant 10 9,486
FLAN v2.0 1 100,000
Total 200 2,228,499

Table 3: Composition of MURI-IT by source, in-
cluding the number of languages and examples.
We split the dataset 90/5/5 into training, vali-
dation, and test sets, ensuring similar ratios for
sources and languages.

4 Dataset Analysis

This section presents an in-depth analysis of
MURI-IT, focusing on three aspects: instruc-
tion diversity, linguistic diversity, and data
quality assessment. Section 4.1 analyzes the
most common instructions generated by our
pipeline, accompanied by illustrative examples.
Section 4.2 examines the range of languages rep-
resented in MURI-IT, highlighting its coverage
of low-resource languages, diverse scripts, word
orders, and case-marking systems.

Section 4.3 evaluates the dataset’s effectiveness
in maintaining linguistic and cultural accuracy.
We detail the findings from a quality evaluation
involving native speakers, assessing alignment,
correctness, and overall informational sufficiency.

4.1 Instruction Diversity

We highlight the most common instructions in
MURI-IT. Following Wang et al. (2023), we use
the Berkeley Neural Parser (Kitaev and Klein,
2018) to identify each verb and its direct object
(noun+verb: ‘‘describe history’’) or the auxil-
iary and its dependent verb (auxiliary+verb: ‘‘do
make’’) for English instructions, before translating
them into the source language.

Figure 2 illustrates 17% of the most frequent
pairs in the reverse instruction subset of MURI-IT.
These include tasks such as writing articles or
biographies, describing historical events, listing
specific headlines, and telling stories. We also ex-
amined how these same verb-object pairs appear
across different languages. Notably, the diversity
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Figure 2: Frequency of the most common noun+verb
and auxiliary+verb pairs of generated instructions in a
portion of the reverse instructions subset of MURI-IT.

exists even within the same instruction type. For
example, for describe+history, each language fea-
tures culturally relevant topics. In Arabic, one
finds ‘‘Describe the history of the Al-Azhar
Mosque’’; in German, ‘‘Describe the history of the
Grof3e Federlhof’’; and in Japanese, ‘ ‘Describe the
history and techniques of Japanese embroidery.”’
We further investigate the impact of prompt se-
lection on instruction diversity in the Appendix
(see §10.3) and observe that the model produces
similar instructions for different types of prompts.

4.2 Languages and Linguistic Diversity

MURI aims to provide a methodology inclusive
of low-resource languages through a culturally
respectful approach, utilizing materials in their
native languages and avoiding outputs in trans-
lationese (Bizzoni et al., 2020; Vanmassenhove
et al.,, 2021). Given that the majority of lan-
guages used in NLP systems share typological
similarities and geographical origins (Joshi et al.,
2020), this often leads to an uneven distribution
of resources and tools available to the global com-
munity. MURI-IT therefore focuses particularly
on languages with limited resources and diverse
features.

Joshi et al. (2020) outlined a taxonomy cate-
gorizing languages based on their resource levels,
ranging from O (left-behinds) such as Balinese
with severely limited resources, to 5 (winners)

like English or French. Our dataset encompasses a
large number of low-resource languages, as shown
in Figure 3.a, with over 700,000 examples falling
into category 1. Despite this, access to outputs
for these low-resource languages remains limited,
with 33 languages containing fewer than 1,000 ex-
amples each. Nonetheless, MURI-IT proves to be
one of the most diverse instruction-tuning datasets
to date.

Bagheri Nezhad and Agrawal (2023) empha-
size script and word order as important factors in
analyzing linguistic diversity. While the majority
of languages in MURI-IT employ the Latin script
or a combination of Latin, Arabic, and Cyril-
lic scripts (Figure 3.b), a notable portion (more
than one-fifth, categorized as ‘‘Other’’) features
low-resource scripts such as Lao or Georgian.
As the output texts have not been translated, the
use of these scripts is idiomatic, ensuring correct
orthography.

To further investigate linguistic diversity, we
examined word order and case marking. Focusing
on the order of subject, verb, and object, Figure 3.c
shows that while European SVO languages pre-
dominate (Dryer, 2013) and there are no rare
OVS and OSV languages, all frequent patterns
are represented. This showcases the ‘structural’’
diversity of our dataset.

Case-marking patterns align with geographi-
cal distribution; e.g., mid-size to large inventories
are prevalent in South Asia, Eastern Europe, and
east-central Africa (Iggesen, 2013). Figure 3.d il-
lustrates that our dataset encompasses a diverse
range of case systems, including complex sys-
tems with up to ten cases. This indicates that
our dataset has good coverage of both ‘‘analytic’’
and “‘synthetic’’ languages. Overall, case marking
and word order exemplify the broader coverage
of MURI-IT of less common languages compared
to previous datasets, contributing to a more com-
prehensive representation of linguistic diversity in
NLP resources.

4.3 Quality Assessment of MURI-IT

A distinctive feature of MURI-IT is its preserva-
tion of cultural and linguistic nuances, often lost
in translated datasets. To enhance our linguistic
analysis, we conducted a thorough evaluation of
a random subset of the dataset, involving native
speakers proficient in 13 languages. Each annota-
tor examined 100 randomly selected instruction-
output pairs from the reverse instruction subset
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Dryer (2013)). (per Iggesen (2013)).

Figure 3: Linguistic diversity of MURI-IT compared to Aya (Singh et al., 2024) and xP3 (Muennighoff et al.,
2023) datasets, highlighting differences in (a) resource level (Joshi et al., 2020), (b) script, (c) word order, and (d)
case marking (Dryer and Haspelmath, 2013). The classifications by Joshi et al. (2020) and WALS are extensive

but not exhaustive, thus not covering all languages in the datasets.

Language  Alignment T Inst. Correctness T Output Correctness I Informational Sufficiency +  Prop. of Non-Instructions |
Bavarian 0.73 0.74 0.80 0.86 0.60
Chinese 0.66 0.99 0.80 0.85 0.11
Dutch 0.84 0.99 0.77 0.84 0.08
English 0.74 1.00 0.91 0.81 0.04
French 0.82 0.94 0.76 0.77 0.06
German 0.84 0.90 0.77 0.74 0.05
Italian 0.82 0.98 0.90 0.90 0.03
Korean 0.55 0.94 0.91 0.81 0.03
Persian 0.70 0.94 0.92 0.84 0.07
Swedish 0.79 0.98 0.76 0.64 0.02
Turkish 0.70 0.98 0.91 0.92 0.02
Ukrainian 0.69 0.88 0.76 0.69 0.06
Vietnamese 0.85 0.94 0.77 0.74 0.05
Avg. 0.75 0.94 0.83 0.80 0.09

Table 4: Comparison of alignment, proportion of non-instructive phrasing, grammatical correctness, and
informational sufficiency across 13 evaluated languages in the reverse instructions subset of MURI-IT.
Arrows indicate whether higher (1) or lower (|) is better.

of MURI-IT using five predefined evaluation
criteria. These criteria assess the quality of
both instructions and outputs using (except for
Proper Instruction Format) a Likert scale. (i)
Alignment (range 1-5): Measures the alignment
between instruction and output. (ii) Instruction
Correctness, (iii) Output Correctness (range
1-5): Assesses lexical and grammatical accu-
racy of instruction and output. (iv) Informational
Sufficiency (range 1-5): Determines whether the

instruction can be adequately answered without
external context. (v) Proper Instruction Format
(0:No, 1: Yes): Indicates whether the instruction is
appropriately formatted for a language model. All
Likert-based criteria (1-5) were then normalized
to a 01 scale, where a rating of 1 corresponds to 0,
and 5 corresponds to 1. This normalization ensures
better comparability across different criteria.
Table 4 shows that human assessment is
generally good, but with some mixed results.
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Issue Lang. Instruction & Output

No Orthographic Standard: Standard German Bavarian I: Beschreibn Sie die Geschichte von Padaschduaf.

words in the instruction. Bavarian has no A: Padaschduaf oda Pidasduaf (kuaz: P’dorf), offizio Perchtolds-

standard orthography, resulting in translation dorf, is a Moaktgmoa mit Einwohna (Stand) im Bezirk Modling

models mixing different types of Bavarian and in [...]

Standard German.

Code-switching: The instruction is in simpli- Chinese I IR AR EE&%@%E%

fied Mandarin Chinese, while the response A: Steels Creek )£ AT 51 4 5 2 1 5 1 AL T (77452

is in a Wu dialect using traditional Chinese B, BB WA EARIR, FIES LR (The

characters. Maroonda ngth}’) 5 EEHH (ngldke) ?ﬁtf}%ﬁ‘%ﬁg%/
(St Andrews) , ZRICEFARIRIZE, FBEAR IS =M
REEME AT - [

Idiomaticity: The expression Chronisch- German I: Was ist chronische Ubersiuerung des Korpers? Was bedeutet

Ubersdttigung is incorrect (indicating die Chronisch-Ubersittigung des Organismus?

shortcomings of the translation model). A: Die chronische iibersduerung des Korpers - Die chronische
ibersduerung des korpers-Tagebticher Wenn der Korper [...]

Lack of specific product information: The Dutch I: Hoe kan ik mijn verjaardag vieren met TimeTools?

output lacks specific information how to use A: TimeTools heeft voor elk tijdzegel een uniek werkboek on-

TimeTool for birthday celebration. wikkeld. Veel mensen ervaren dit als een ’feest der herkenning’.

Superfluous Text Markup: The output English  I: What is Clickfunnels?

contains header details, inhibiting readability:
mandy quotes billy and mandy |

A: mandy quotes billy and mandy | What is Clickfunnels? mandy
quotes billy and mandy Prices: Is it truly worth it?
The Internet [...]

Table 5: Examples of issues identified in the human evaluation of MURI-IT, illustrating various
challenges such as orthographic inconsistencies, code-switching, idiomatic inaccuracies, and superfluous
text markup. These examples highlight areas where translation and formatting may impact the overall

quality and clarity of the dataset.

High-resource languages such as English, Ger-
man, French and Italian consistently perform well
across all criteria. Common problems include lack
of specific product information and temporal in-
structions (e.g., recent news), which are not helpful
in instruction tuning. Across all 13 languages, ex-
traneous headers, footers, and metadata are found
in some outputs. Thus, the noise contained in
the underlying multilingual corpora affects qual-
ity and coherence of MURI-IT, as reflected in the
slightly lower average output correctness com-
pared to instruction correctness. A relatively minor
problem is less idiomatic and culturally appropri-
ate language use. Table 5 provides representative
examples of these observed issues, including in-
stances of translation inconsistencies, as seen in
the German example.

For lower-performing languages, a major
source of error is the lack of standardization. For
instance, Bavarian—spoken in Austria, Bavaria,
and Alto Adige—Ilacks a standard. This Aresulted
in MADLAD (Kudugunta et al., 2023) transla-
tions including Standard German words (Table 5),
degrading the quality of generated instructions.

Similarly, Chinese instructions and outputs were
sometimes mismatched, e.g., inconsistent use of
traditional vs. simplified Chinese and of dialects
vs. Standard Mandarin.

Overall, we observe a moderately high align-
ment between instructions and outputs, averaging
0.75. Only 9% of the generated instructions de-
viate from the typical style of a question or
direct instruction. Instruction-output pairs are
mostly grammatically and lexically accurate, with
higher-performing languages such as English
and German aligning particularly well. This di-
rectly follows from the superior performance of
MADLAD for these languages.

5 Experimental Setup

To evaluate the effectiveness of MURI-IT, we
instruction-tune mT5-XXL (Xue et al., 2021).
While recent autoregressive models exist with
stronger results in English, mT5 remains one
of the most comprehensive models supporting
numerous languages. We fine-tune using a sub-
set of MURI-IT for the 101 languages supported
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arb ben cat dan deu eus fra guj hin hrv hun hye ind ita kan mal
OKAPI 277 268 30.5 31.8 31.7 279 307 274 265 300 301 275 275 304 268 258
MTO 315 31.6 328 330 327 297 321 295 320 31.1 323 284 333 324 309 286
MTOx 316 302 326 320 325 292 327 285 31.6 31.1 317 267 323 313 289 267
Aya-101 382 358 39.6 397 397 36.0 397 336 387 375 388 30.0 400 390 345 304
MURI-101 (ours) 36.5 33.0 388 384 389 344 390 331 354 370 381 299 389 385 324 309

mar nep nld por ron rus slk spa srp swe tam tel ukr  vie zho Avg.
OKAPI 26.1 252 31.1 30.1 309 30.6 302 309 304 293 260 259 316 275 282 288
MTO 31.6 324 320 321 324 328 323 321 309 316 294 290 31.5 309 325 315
MTOx 29.7 30.1 321 320 318 31.7 314 322 314 328 277 279 323 31.1 31.6 308
Aya-101 36.0 372 40.1 390 395 392 394 397 381 397 312 321 399 348 383 373
MURI-101 (ours) 33.0 332 388 38.1 38.1 377 380 390 366 385 298 313 370 368 369 36.0

Table 6: Multilingual MMLU performance of Okapi,

mTO0, mTOx, Aya-101, and MURI-101 across 31
languages. Scores are accuracy in a few-shot setup. Except for Okapi (25 shots), the number of shots is 5.

by mT5, called MURI-101. Our evaluation en-
compasses both multilingual Natural Language
Understanding (NLU) and open-ended generation
(NLG).

5.1 Baselines

We compare our MURI-101 model against four
state-of-the-art multilingual instruction-following
models.

mT0 (Muennighoff et al., 2023): An
mT5-XXL-based model, instruction-tuned using
the xP3 dataset, which consists of 16 reformulated
NLP tasks, including summarization, QA, and
classification for 46 languages.

Okapi (Lai et al., 2023): A series of
language-specific instruction-following models
based on Bloom-7b (Workshop et al., 2022) and
Llama-7b (Touvron et al., 2023a). Each model
is independently fine-tuned on translations of
English synthetic data, followed by preference
optimization for a specific language.

mTO0x: An mT5-XXL model instruction-tuned
using the extended xP3 dataset, xP3x, covering
101 languages (Ustiin et al., 2024), providing a fair
comparison regarding the number of languages.

Aya-101 (Ustiin et al., 2024): Uses xP3x,
translated Aya Collection, a subset of Data-
Provenance (Longpre et al., 2024) and trans-
lated ShareGPT-Command to instruction-tune
mT5-XXL for 101 languages.

5.2 Training Details

Our experiments utilize the TPU Research Cloud
(TRC) program, employing a TPU v4-32 with 32
chips and the T5X framework from Google. We
set both input and output lengths to 1024 tokens
and implement data packing. The effective batch
size is 64, achieved through gradient accumula-

tion (batch size of 8 with 8 accumulation steps).
Following Ustiin et al.’s (2024) findings, we use
a fixed learning rate of 3e-4 without a scheduler
and trained for 5 epochs. For generation tasks,
we apply nucleus sampling with top_p = 0.8 and
temperature = 0.9, as per Holtzman et al. (2020).

5.3 Evaluation Benchmarks

We evaluate the models in both multilin-
gual and monolingual settings for NLU and
open-ended generation tasks. Two evaluations use
TranslatedDolly (Singh et al., 2024), a translated
version of Dolly (Conover et al., 2023), a human-
annotated English instruction-tuning dataset.

Multilingual Settings. NLU: Multilingual
MMLU (Lai etal., 2023), created by translating the
English MMLU dataset to 31 languages. We eval-
uate using the Im-evaluation-harness framework
(Gao et al., 2024) with a 5-shot setup.

NLG: TranslatedDolly, evaluated on 21 languages
using the multilingual Command R+ (Cohere For
Al, 2024) model as an LLM judge.

Monolingual Low-Resource Settings. NLU:
Taxil1500 (Ma et al., 2023) for classification with
a 6-shot setup based on a parallel Bible corpus
covering 1500 languages.

NLG: TranslatedDolly.

6 Multilingual Model Evaluation

We first evaluate our model MURI-101 on
the few-shot multilingual MMLU task. Table 6
shows that MURI-101 clearly outperforms previ-
ous models (Okapi, mT0, mTOx), with an average
relative improvement of more than 14.3% (from
31.5 to 36.0). MURI-101 consistently outperforms
prior models across all languages, with the
exception of Aya-101.

1041



dut 13 ind

eng- 18 ita

fre 18 jpn

ger- 10 kor

heb 16 por

MURI

17 rums 10

12 rus 16

13 spa 12

11 tur 11

14 vie 14

9 zho 14

Tie mT0

Figure 4: Win rates MURI-101 vs. mTO outputs across 21 languages on TranslatedDolly, the translated Dolly
dataset. Win rates are determined by Command R+ as judge. The average win rates are 59% and 28% for

MURI-101 and mTO, respectively.

While Aya-101 shows slightly better perfor-
mance than MURI-101 in NLU, we note that
Aya-101 is the result of a computationally heavy
training process involving around 25 million sam-
ples. This includes a lot of translated data (47.5%
of the training mixture) and data synthetically
generated and translated based on the ShareGPT
dataset using a proprietary model (22.5% of the
training data). Thus, around 60% of their training
data relies on translation which may introduce
systematic translation artifacts known as transla-
tionese (Gellerstam, 1986; Yu et al., 2022) in the
model outputs. However, this effect is difficult to
evaluate with current metrics. Given these factors,
we primarily compare MURI-101 with mTO in
NLG.

For NLG evaluation, we compare MURI-101
with mTO on TranslatedDolly (Singh et al., 2024)
and compare outputs using the multilingual Com-
mand R+ model as a judge. From TranslatedDolly,
we select the 21 languages that Command R+ sup-
ports. Figure 4 shows that MURI-101 consistently
outperforms mTO across all languages. Also across
all languages, MURI-101’s win rate against mTO
is 59%, with lose and tie rates of 28% and 13%.

The lowest improvement in NLG is for simpli-
fied Chinese, with a 47% win rate vs. 40% loss
rate. We hypothesize that code-switching within
different varieties of Chinese (as discussed in §4.3)
contributes to this limited improvement.

7 Monolingual Evaluation in
Low-Resource Setting

To evaluate the capabilities of MURI-IT and Aya
in low-resource settings, we conduct an additional
set of experiments with only monolingual train-
ing. We first select ten low-resource languages:

Azerbaijani, Kazakh, Lao, Khmer, Welsh, Scot-
tish Gaelic, Belarusian, Bulgarian, Slovenian, and
Slovak. While available in Aya, these languages
are not part of the human-annotated portion of
Aya and only have examples via translation, thus
possibly lacking in cultural context and idiomatic-
ity. We test in our experiment how well MURI-IT
complements translated content in this setting.
Furthermore, the languages were chosen to repre-
sent diverse language families: Turkic, Tai-Kadai,
Austroasiatic, Celtic, and Slavic.

For this low-resource scenario, we sample
at most 15K examples from both Aya and
MURI-IT. Then we instruction-tune mT5-XXL
for each language and for MURI-IT, Aya and
Aya+MURI-IT separately, resulting in MURI,,
Ayaj, and Aya;+MURI; models.

Since many of these languages are not supported
by multilingual MMLU and Command R+, we
use the few-shot classification task Taxi1500 (Ma
et al., 2023) for NLU. For NLG, we use Trans-
latedDolly; however, we translate model outputs
to English (via Google Translate) and calculate
win rates with Llama-3-70B-Instruct of translated
outputs vs. Dolly’s gold English human outputs.

Table 7 presents the NLU results, where accu-
racy is reported using a 6-shot setup. We observe
that MTS achieves an average of 19.7% accu-
racy, which is only slightly above random chance
(16.7%). Aya; obtains 35.1%, demonstrating a
substantial gain over MT5. Although Ava; al-
ready shows strong performance, MURI, achieves
36.3%, and the combination (Avya;+MURI,) fur-
ther improves the average accuracy to 37.2%.
These results demonstrate that MURI-IT can be
competitive with, or even outperform, the Aya
dataset at a similar scale, and it also complements
Aya in low-resource scenarios.
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Language aze bel bul cym gla kaz khm lao slk slv. Avg.
mT5 204 224 207 184 193 198 165 213 192 189 197
Avay 37.0 32,1 344 330 287 447 300 327 381 403 351
MUR]J, 37.6 352 344 331 347 392 335 368 422 363 363
Avya;+MURI; 395 337 381 355 352 46.7 313 330 39.1 396 372

Table 7: Monolingual NLU performance on the Taxil500 classification task across different
low-resource languages. Scores are accuracy using a 6-shot setup.

Ava;  MURI;  Ava;+MURI, Ava;  MURI;  Ava;+MURI,
aze 4% 0% 4% kaz 2% 0% 3%
bel 3% 1% 6% khm 2% 1% 4%
bul 6% 0% 7% lao 3% 2% 1%
cym 2% 0% 4% slk 4% 1% 2%
gla 2% 2% 4% slv 6% 0% 3%

Table 8: Win rate comparison of Aya;, MURI|,
and Ava;+MURI; vs. gold human outputs
across different low-resource languages in NLG.
Averages are 3.4%, 0.7%, and 3.8%, respectively.

Table 8 shows that, on average, the win rate of
MURI, is 0.7%, Ava; is 3.4%, and Aya;+MURI;
is 3.8%. These low numbers indicate that the
models do not produce consistently high-quality
outputs in these low-resource languages. While
both Aya-101 and MURI-101 demonstrate
better NLG performance than prior multilingual
instruction-tuning models such as mTO, current
models are still limited in their NLG capabilities
for low-resource languages and with smaller
training datasets.

We hypothesize that the limitations of our base
model, mT5, make it hard to achieve large im-
provements in NLG for low-resource languages.
As recent autoregressive models begin to support
a larger number of languages, we anticipate that
MURI-IT, with its human-written outputs, will be
used effectively to improve NLG performance for
low-resource languages.

8 Conclusion

This study presents Multilingual Reverse Instruc-
tions (MURI), a novel approach for generat-
ing high-quality instruction tuning datasets for
low-resource languages. Our method addresses
limitations of translation-focused multilingual
datasets by using human-written texts as outputs,
combined with a translation pipeline and LLMs to
create contextually appropriate instructions. The
resulting dataset, MURI-IT, of more than 2 mil-

lion pairs across 200 languages greatly expands
the resources available for multilingual language
models.

Evaluation by native speakers from 13 lan-
guages confirmed the dataset’s quality and
idiomaticity. Our instruction-tuned mT5-XXL
model, MURI-101, strongly outperformed pre-
vious models on NLU and NLG both multi- and
monolingually. Notably, incorporating MURI-IT
improved performance for most low-resource
languages, effectively complementing existing
datasets like Aya.

While challenges remain, particularly in NLG
for low-resource languages, MURI-IT represents
an important step towards more inclusive and lin-
guistically diverse language models. Future work
will focus on refining data quality and leveraging
advanced multilingual models to further improve
performance across languages.

9 Limitations

Despite the promising results obtained, several
limitations must be acknowledged in this study.
First, we did not perform clustering—in contrast
to Koksal et al. (2024)—due to uncertainties re-
garding the performance of multilingual encoders.
Clustering could potentially enhance content di-
versity, ensuring a greater variety of linguistic and
cultural contexts.

Additionally, the quality of the data can be
further improved through more rigorous clean-
ing such as the removal of headers and footers
from documents. Similarly, the MURI method-
ology, particularly for low-resource languages,
would benefit from more standardized source
data. Our evaluation, involving native speakers,
noted deficits in languages with less standard-
ized orthography or prominent regional dialects.
Additional preprocessing could address this issue.

Addressing these limitations in future work
will involve integrating advanced -clustering
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algorithms, enhancing data cleaning protocols,
and expanding the dataset to include a wider
range of languages.
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10 Appendices

10.1 Ablation of Reverse Instructions

Reverse instructions aim to generate instructions
for a given document/output. We have already
determined the most effective LLM in Table 2.
We now investigate different setups, including
the number of few-shots, sampling strategies, and
prompt designs.

Number of Few-shots. We explore different
numbers of few-shot examples (fs = 1,2,4).
Table 9 (A) shows that increasing the number of
shots generally improves performance. In partic-
ular, using four in-context examples consistently
achieves the highest ROUGE-LSum and BLEU
scores.

Sampling Strategies. Next, we vary the temper-
ature (1) and nucleus sampling parameter (p) to
investigate different decoding settings. As shown
in Table 9 (B), greedy decoding (T = 0) achieves
the best overall scores compared to other settings,
suchas T = 1.0.

(A) Number of few-shots
Few-Shot (fs) ROUGE-LSum BLEU

1 0.440 0.129
0.414 0.124
4 0.441 0.144

(B) Sampling Strategies (fs = 4)

Decoding Settings ROUGE-LSum BLEU
T=07,p=10 0.403 0.126
T=1.0,p=0.90 0.384 0.117
T=10,p=1.0 0.355 0.107
T = 0 (greedy) 0.441 0.144

(C) Prompt Designs (fs =4, T = 0)

Prompt Template ROUGE-LSum BLEU
Prompt #1 0.441 0.139
Prompt #2 0.411 0.135
Prompt #3 0.441 0.144
Prompt #4 0.441 0.144

Table 9: Ablation studies of reverse instructions
on Mixtral-8x7B for (A) different number of
few-shots, (B) sampling strategies, and (C) prompt
designs.

Prompt Designs. Finally, we experiment with
four alternative prompt templates to investigate
the impact of the prompt:

e Prompt #1: Instruction: X
Answer: {doc}
What kind of instruction could this be the answer
to? Generated instruction X should not refer to
the answer such as “‘[VERB] this article’’ and it
should be clear and self-explanatory when asked
to someone.
X:

e Prompt #2: Instruction: X
Output: {doc}
Generate a relevant and valid instruction for the
given output?
Instruction:

e Prompt #3: X: {doc}
What is X? X:

e Prompt #4: Instruction: X
Answer: {doc}
What kind of instruction could this be the
answer to?
Instruction:

As shown in Table 9 (C), Prompt #3 and #4
achieve the highest ROUGE-LSum and BLEU
scores, comparable to each other. However, the
differences between the various prompt templates
are minimal, indicating that prompt design alone
does not substantially impact the overall quality
or diversity of the generated instructions. This
suggests that while certain prompt structures may
offer slight performance benefits, the diversity
and quality of instructions are largely maintained
across different prompts.

10.2 Translation Evaluation

We evaluate the quality of document transla-
tions into English and instruction translations from
English for the MURI-IT dataset. We report the av-
erage BLEU scores of the MADLAD-400-3B-MT
model evaluated on Flores-200 in Table 10. We
observe patterns in the BLEU scores similar to
those of the chrF scores, as described in Sections
§3.1.2 and §3.1.3.

10.3 Prompt Selection on
Instruction Diversity

We investigate whether relying on a single prompt
in reverse instructions would limit the diver-
sity of the generated instructions. We assess the
instruction diversity within the Dolly dataset,
which consists of English human-annotated
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Resource Level  to English  from English
0 (9 langs.) 20.8 5.9
1 (75 langs.) 27.1 13.5
2 (17 langs.) 31.3 15.6
3 (23 langs.) 37.8 25.6
4 (16 langs.) 38.7 31.7
5 (6 langs.) 36.9 27.3
Table 10: Average BLEU scores of the

MADLAD-400-3B-MT model evaluated on
Flores-200, grouped by language resource level as
defined in Joshi et al. (2020). Levels range from 0
(low-resource) to 5 (high-resource). Results rep-
resent 146 out of the 194 languages included in
the reverse instructions subset of MURI-IT.

instruction-output pairs, to determine if different
prompts produce different instructions.

To this end, we follow the methodology of
Wang et al. (2023) and parse each instruc-
tion using the Berkeley Neural Parser (Kitaev
and Klein, 2018). Specifically, we extract ei-
ther the verb and its direct object (noun+verb,
e.g., ‘‘describe+history’’) or the auxiliary verb
with its dependent verb (auxiliary+verb, e.g.,
“‘do+make’’) as shown in §4.1. For each prompt
template discussed in §10.1, we examine the types
of noun+verb or auxiliary+verb pairs generated.

Our analysis reveals that while different
prompts may result in varied surface forms
of the instructions, the underlying verbs or
nouns/auxiliaries remain same. For instance, we
find that 84.2% of the generated instructions us-
ing Prompt #1 and Prompt #4 share the same verb
or noun/auxiliary. Across all six pairs of the four
prompts, an average of 80.3% of the instructions
exhibit identical verb or noun/auxiliary structures.
Furthermore, the variations observed in the re-
maining 20% of the instructions typically retain
the same meaning, as demonstrated by examples
such as “‘I’'m planning a ski trip. How do I pick a
mountain to visit? (pick+mountain)’’ versus ‘‘I'm
planning a ski trip. What should I consider when
picking a mountain to visit? (should+consider)’’,
or cases where the neural parser fails to accu-
rately detect the verb or noun/auxiliary. These
findings indicate that changing the prompt has a
minimal impact on the diversity of the generated
instructions.

10.4 Few-shot Examples

Answer: A surfboard is shaped like a narrow
plank. Surfers stand on the top of the surfboard
and use it to surf on the ocean [...]

> What kind of instruction could this be the answer
to?

Instruction: What is a surfboard used for?

Answer: Apache Kafka is a distributed system.
The main components of Apache Kafka [...]

> What kind of instruction could this be the answer
to?

Instruction: What are the main components of
Apache Kafka?

Answer: Choosing the correct football boot de-
pends on several factors. Of primary importance
would be the surface you are playing on. [...]

> What kind of instruction could this be the answer
to?

Instruction: I’'m considering buying football
boots. How do I know which one to buy?

Answer: Some common citrus-based beverages
include orange juice, grapefruit juice, lemonade,
Mountain Dew, mimosas.

> What kind of instruction could this be the answer
to?

Instruction: List some common citrus-based
beverages.

Answer: [DOC]

> What kind of instruction could this be the
answer to?

Instruction:

Table 11: Few-shot examples used for reverse
instructions.

10.5 Annotation Guideline to Evaluate
MURI-IT

Task Description

You will be presented with a series of 100
instructions (prompts) and corresponding
outputs (answers) based on them. Your task
is to evaluate the instruction-output pairs
based on several attributes to determine
their quality and effectiveness in guiding a
Large Language Model toward generating
appropriate outputs.
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whether the output is grammatically and

] lexically correct on a scale of 1 to 5, where:
Instruction: What is a fracture?

Output: A fracture is the (local) separation
of a body into two or more pieces under
the action of stress.

e 1: The output contains numerous gram-
matical errors and uses inappropriate or
unclear language, hindering comprehen-
sion and interpretation. The text is not
cohesive; parts of the text don’t belong
The following attributes are evaluated for each together.

instruction-output pair: e 5: The output is grammatically flawless

and employs precise and appropriate

language, facilitating clear understand-
ing and interpretation.

1. Alignment: Determine whether the instruc-
tion aligns with the output on a scale of 1 to

5, where:
5. Informational Sufficiency: Assess whether

each instruction provides sufficient informa-
tion for generating comprehensive outputs
and whether it can be reasonably answered
based on the provided information on a scale
of 1 to 5, where:

e 1: The instruction and the output are
completely misaligned, making it diffi-
cult to understand how the output was
generated based on the given instruc-
tion (e.g., the output does not or not

fully answer the instruction). ) ) o
e 1: The instruction lacks essential infor-

mation and details, making it impossible
to generate a reasonable answer or
is ambiguous and not understandable.
Example: Summarize the article.

e 5: Theinstruction and the output are per-
fectly aligned, providing clear guidance
on how to generate the output based on
the given instruction.

2. Instruction Format: Identlfy if the in- o 5: The instruction prOVideS ample infor-
struction is phrased as an instruction or mation, and it is possible to be answered
question: by a Large Language Model. Example:

e Mark as ‘‘Instruction’ if the given What does the word Rigadon mean?

instruction provides a directive for gen- Annotation Instructions

erating the response, e.g., it is phrased

as an instruction or question. 1. Read both the instruction and its output
e Mark as ‘‘No Instruction’ if the given carefully.
instruction is phrased as a statement, 2. Evaluate each instruction and its output
prompting no further answer. independently based on the provided
3. Grammatical and Lexical Correctness and attributes.
Cohesiveness of the Instruction: Assess 3. Provide honest and thoughtful assess-
whether the instruction is grammatically and ments for each instruction.
lexically correct on a scale of 1 to 5, where: 4. The output can contain additional in-
e 1: The instruction contains numerous formation typical of websites such
grammatical errors and uses inappro- as links or footers; please account
priate or unclear language, hindering for this in your assessment by pe-
comprehension and interpretation. The nalizing Grammaticality or Alignment
text is not cohesive; parts of the text accordingly.
don’t belong together. 5. If you encounter any difficulties or un-
e 5: The instruction is grammatically certainties, please refer back to these
flawless and employs precise and ap- guidelines or reach out for clarification.

propriate language, facilitating clear

. . . 6. You can add your own notes in the
understanding and interpretation.

Notes column if you want to explain
4. Grammatical and Lexical Correctness your evaluation.
and Cohesiveness of the Output: Assess

r
\
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