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Abstract

Over the last few years, large language models
(LLMs) have emerged as the most important
breakthroughs in natural language processing
(NLP) that fundamentally transform research
and developments in the field. ChatGPT repre-
sents one of the most exciting LLM systems de-
veloped recently to showcase impressive skills
for language generation and highly attract pub-
lic attention. Among various exciting applica-
tions discovered for ChatGPT in English, the
model can process and generate texts for mul-
tiple languages due to its multilingual train-
ing data. Given the broad adoption of Chat-
GPT for English in different problems and ar-
eas, a natural question is whether ChatGPT can
also be applied effectively for other languages
or it is necessary to develop more language-
specific technologies. The answer to this ques-
tion requires a thorough evaluation of ChatGPT
over multiple tasks with diverse languages and
large datasets (i.e., beyond reported anecdotes),
which is still missing or limited in current re-
search. Our work aims to fill this gap for the
evaluation of ChatGPT and similar LLMs to
provide more comprehensive information for
multilingual NLP applications. While this work
will be an ongoing effort to include additional
experiments in the future, our current paper
evaluates ChatGPT on 7 different tasks, cover-
ing 37 diverse languages with high, medium,
low, and extremely low resources. We also fo-
cus on the zero-shot learning setting for Chat-
GPT to improve reproducibility and better sim-
ulate the interactions of general users. Com-
pared to the performance of previous models,
our extensive experimental results demonstrate
a worse performance of ChatGPT for different
NLP tasks and languages, calling for further re-
search to develop better models and understand-
ing for multilingual learning.

* The first three authors contributed equally to this work.

1 Introduction

Since the introduction of word embeddings (Ben-
gio et al.,, 2000) and deep learning architectures
(Collobert et al., 2011), Natural Language Process-
ing (NLP) has witnessed significant breakthroughs
that fundamentally transform research and applica-
tions in various areas. Starting with the creation
of word2vec (Mikolov et al., 2013b) to initial-
ize the shift of NLP from feature-engineering meth-
ods to representation learning with deep learning,
the major milestones in NLP involve the presenta-
tion of the seq2seq or encoder-decoder framework
(Cho et al., 2014; Sutskever et al., 2014) for text
generation in 2014, the proposal of the attention
mechanism (Bahdanau et al., 2015) for text encod-
ing in 2015, the development of Transformer ar-
chitecture (Vaswani et al., 2017) as the basic build-
ing block for modern NLP models, the notion of
uncontextualized word embeddings from language
models in ELMo (Peters et al., 2018), and the pre-
trained transformer-based language models, e.g.,
BERT (Devlin et al., 2019), GPT (Radford et al.,
2018, 2019), TS (Raffel et al., 2020), and BART
(Lewis et al., 2020).

The recent advances in NLP feature large lan-
guage models (LLMs) that have parameter sizes
over a hundred billion and are pre-trained on mas-
sive data, e.g., GPT-3 (Rae et al., 2021), Mega-
tron (Shoeybi et al., 2019), GPT-Jurassic (Lieber
et al., 2021), and OPT-175B (Zhang et al., 2022b).
Although still relying on the Transformer architec-
ture, the unprecedented scales of model size and
training data have allowed new emergent abilities
to change the landscape and practices in NLP (Wei
et al., 2022). An important emergent skill involves
prompt-based learning that facilities the probing of
information from LLMs with prompts by sampling
the learned language distributions (Brown et al.,
2020). In this way, the models demonstrate strong
generalization in few-shot and zero-shot learning



while avoiding parameter updates for the underlying
architectures. However, due to the auto-regressive
training objective, the sampling from LL.Ms might
generate unexpected outputs for users (misalign-
ment with human interests), e.g., containing un-
truthful facts/toxic sentiments and being very sensi-
tive to minor changes in the input prompts (Ouyang
etal., 2022).

To this end, ChatGPT! is one of the latest
developments in NLP that have mitigated limita-
tions of previous LLMs to gain widespread atten-
tion from the public. In the first two months
of its launch, ChatGPT has attracted 100 million
users (Milmo, 2023). As the next iteration of In-
structGPT (Ouyang et al., 2022), ChatGPT is opti-
mized on top of a GPT-3.5 series model using rein-
forcement learning from human feedback (RLHF)
(Christiano et al., 2017). In contrast to previous
LLMs, ChatGPT and InstructGPT leverage human
demonstrations of desired outputs for input prompts
to train supervised models, while human rankings
of generated outputs are obtained to train a reward
model to further optimize the LLMs with reinforce-
ment learning. Compared to InstructGPT, Chat-
GPT is trained with conversational data to allow
follow-up questions. In this way, ChatGPT is able
to interact with humans in multi-turn conversations
to generate more aligned outputs with human in-
terests, thus being more natural and accessible to
users. In addition, due to the deployment of pub-
lic APIs to facilitate general users, there have been
multiple reports on the successes of ChatGPT in
solving challenging tasks in various areas, e.g., pass-
ing the United States Medical Licensing Examina-
tion (Kung et al., 2022) and real exams in a law
school (Choi et al., 2023), performing competitively
with commercial translation services for some high-
resource languages (Jiao et al., 2023), generating
fluent and comprehensive responses to answer com-
plex questions, self-correcting previous errors in the
conversations (Guo et al., 2023), and even produc-
ing code from natural language instructions.

Across different communities, there is an excite-
ment about a future with ChatGPT and similar tech-
nologies as assistants for professional areas (Jeblick
et al., 2022; King, 2022) or evaluators of natural
language understanding (Wang et al., 2023b). At
the same time, the impressive abilities of LLMs
have triggered active discussions among researchers
and industry members on the next steps for NLP re-
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search (Zhang et al., 2022a; Kuzman et al., 2023)
and how the technologies will shape the future job
market. On the other extreme, the communities
also express concerns about long-term implications
of ChatGPT and LLM:s for society, citing issues on
plagiarism, privacy, misinformation, and security.
As ChatGPT and current LLMs are trained on large-
scale data collected extensively from different cor-
ners, they might copy information from one source
into the output without proper citation. The gener-
ated texts might also be utilized in different situa-
tions without acknowledgment. The training data,
user prompts, and model responses might involve
private information that is not fully concealed. In ad-
dition, ChatGPT and LLMs can still hallucinate im-
portant information. The fluency and eloquence of
generated texts might easily deceive humans about
information correctness (especially for non-native
speakers), thus amplifying the social risks of mis-
information (Bang et al., 2023).

Similar to other LLMs, ChatGPT is trained on a
mix of training data from multiple languages. Al-
though English is the majority, the combination of
multilingual data contributes to ChatGPT’s abili-
ties to accept inputs and generate responses in dif-
ferent languages, making it accessible and widely
adopted by people around the world. However,
given the recency of the technology, ChatGPT has
been mainly evaluated over English data. The com-
munity is lacking a comprehensive, public, and in-
dependent evaluation of ChatGPT over various non-
English languages for diverse NLP tasks to provide
proper perspectives for future research and appli-
cations. Given ChatGPT’s transformative poten-
tials, associated long-term risks, huge cost for train-
ing, and limited transparency, a fundamental ques-
tion is whether multilingual LLMs such as Chat-
GPT can also be reliably adopted for different
languages or it is necessary to develop language-
specific LLMs/other technologies to solve NLP
problems for non-English languages.

To address the multilingual concerns for Chat-
GPT, a few recent studies have investigated
ChatGPT’s performance and responses for non-
English languages. = However, the considered
tasks/languages/settings and scale of evaluation data
in existing multilingual evaluations are still limited,
which is unable to show a comprehensive picture of
the potentials/performance of the technology on a
diversity of other languages. For instance, (Bang
et al., 2023) evaluates the multilingual performance
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of ChatGPT on three tasks of language identifica-
tion, sentiment analysis, and machine translation;
however, only a few languages are selected for each
task and the number of evaluation samples for each
language does not exceed 50. Beyond English, the
analysis of ChatGPT’s responses for input questions
in (Guo et al., 2023) is only done for Chinese, while
the results of the medical licensing examinations
for ChatGPT are only shown for Japanese in (Ka-
sai et al., 2023). In addition, (Fang et al., 2023) and
(Wang et al., 2023a) explores ChatGPT in three lan-
guages English, Chinese, and German; however, the
studies only focus on grammatical error correction
or cross-lingual summarization.

To this end, our paper aims to perform a more
thorough evaluation of ChatGPT for its perfor-
mance on multiple languages over different NLP
tasks. Our experiments consider 37 diverse lan-
guages, characterizing high-, medium-, low-, and
extremely low-resource languages, to better high-
light ChatGPT’s potentials and limitations. To our
knowledge, this is one of the largest sets of lan-
guages evaluated for ChatGPT in a public study to
date. In addition to Natural Language Inference
(NLI), Question Answering, and Common Sense
Reasoning, our current work will examine the tasks
of Part-of-Speech (POS) Tagging, Named Entity
Recognition (NER), Relation Extraction, and Sum-
marization, which are not covered in previous mul-
tilingual evaluations for ChatGPT. To improve the
reproducibility of the evaluations and better reflect
the approach of general users, our current work will
focus on the zero-shot learning setting for ChatGPT
where no human-provided examples are presented
to the model. Importantly, due to the scale of avail-
able languages/tasks/datasets/models and the grow-
ing nature of multilingual learning research in NLP,
we will use this work as an ongoing and public effort
to evaluate ChatGPT and other LLMs for multiple
languages, emphasizing on understudied languages
to measure robustness and democratize impacts of
the technologies.

Despite some exceptions and potential updates
with future experiments, our current experiments
suggest the following major tendencies:

* ChatGPT’s zero-shot learning performance is
generally worse than the state-of-the-art per-
formance of the supervised learning models
for a majority of the considered tasks across
different languages, including high-, medium-
, low-, and extremely-low resource languages.

The performance gaps are usually very large,
demonstrating the unfit of ChatGPT as a gen-
eral solver for different NLP problems. It thus
highlights the importance of task-specific mod-
els for the development of NLP applications.

* ChatGPT’s performance is generally better for
English than for other languages, especially for
higher-level tasks that require more complex
reasoning abilities (e.g., named entity recogni-
tion, question answering, common sense rea-
soning, and summarization). The performance
differences can be substantial for some tasks
and lower-resource languages, which justifies
the biases of ChatGPT for English and sug-
gests the potentials of the development of
language-specific models/LLMs for different
languages and groups.

* ChatGPT can perform better with English
prompts even though the task and input texts
are intended for other languages, further con-
firming the biases toward English of ChatGPT.

2 Related Work

Evaluation of ChatGPT: Since the release of
ChatGPT in November 2022 with impressive lan-
guage abilities, there has been a growing interest in
evaluating ChatGPT for different aspects of natural
language understanding. The first line of work con-
cerns the performance comparison of ChatGPT and
state-of -the-art systems for important tasks in NLP
such as text summarization (Wang et al., 2023a;
Yang et al.,, 2023), machine translation (Hendy
et al., 2023; Jiao et al., 2023; Kocmi and Feder-
mann, 2023), question answering (Tan et al., 2023;
Omar et al., 2023), information extraction (Wei
et al., 2023; Gao et al., 2023), text classification
(Kuzman et al., 2023; Amin et al., 2023), grammat-
ical error detection (Fang et al., 2023), and stance
detection (Zhang et al., 2022a). Along this line, sev-
eral recent studies have attempted to examine the
performance of ChatGPT more comprehensively on
multiple datasets (Bang et al., 2023; Qin et al., 2023;
Koconetal., 2023; Zhong et al., 2023). The second
direction for ChatGPT evaluation focuses on the
robustness/reliability of the model against possible
variants of input texts. For example, (Wang et al.,
2023c) explores the robustness of ChatGPT under
the adversarial and out-of-domain learning settings
while (Jang and Lukasiewicz, 2023) examines the
logical prediction consistency of ChatGPT for in-
puts with semantic equivalence, logical negation,



or symmetricity. Finally, the third dimension for
ChatGPT evaluation discusses the potential impacts
and risks of the technology for the broader society,
e.g., in education (Susnjak, 2022; Khalil and FEr,
2023), law (Choi et al., 2023), medical (Kung et al.,
2022), ethnics (Shen et al., 2023), human-computer
collaboration (Lanzi and Loiacono, 2023), and cog-
nition (Mahowald et al., 2023). However, to our
knowledge, none of existing work has conducted
large-scale evaluations of ChatGPT for multiple lan-
guages and tasks as we do.

Multilingual NLP: Using the encoder-decoder
framework in the original Transformer architecture
(Vaswani et al., 2017), several variants have been
explored to train language models, characterizing
the encoder-only models, e.g., BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019), decoder-
only models, e.g., GPT (Radford et al., 2019; Brown
et al., 2020), and encoder-decoder models, e.g.,
BART (Lewis et al., 2020) and T5 (Raffel et al.,
2020). While initial efforts have focused on En-
glish, recent work has extended these language
models to other languages following two major di-
rections. The first direction introduces language-
specific language models that are trained exclu-
sively over data collected for a target language, e.g.,
for Spanish (MMG, 2021), Polish (Resources and
Technology Infrastructure, 2021), French (Martin
et al., 2020; Kamal Eddine et al., 2021), Japanese
(Wongso, 2021), Hindi (Parmar, 2021), and Swed-
dish (Moell, 2021). The second direction, on the
other hand, seeks to train the language models over
combined data from multiple languages, leading to
multilingual counterparts for text encoding, e.g.,
mBERT (Devlin et al., 2019), XLM-RoBERTa
(Conneau et al., 2020), mBART (Liu et al., 2020),
and mTS5 (Xue et al., 2021). Notably, BLOOM
(Scao et al., 2022) is a decoder-only LLM with 176
billion parameters trained over data from 46 natural
languages and 13 programming languages. In con-
trast to ChatGPT, BLOOM and its parameters are
publicly available to the community.

Picking up from previous multilingual NLP re-
search for non-English languages (Kim et al., 2010;
Téackstrom et al., 2012; Zhang et al., 2016; Conneau
et al., 2017; Mayhew et al., 2017; Lample et al.,
2018; Joulin et al., 2018; M’hamdi et al., 2019; Ni
and Florian, 2019) with cross-lingual word embed-
dings (Mikolov et al., 2013a; Upadhyay et al., 2016;
Ruder et al., 2019), multilingual language models
have enabled a new generation of multilingual mod-

els that significantly boost the performance for NLP
tasks in different languages (Wu and Dredze, 2020).
For example, multilingual language models have
achieved state-of-the-art multilingual performance
for Sentence Splitting (Nguyen et al., 2021a), De-
pendency Parsing (Kondratyuk and Straka, 2019),
Question Answering (Huang et al., 2019; Wu et al.,
2022), Named Entity Recognition (Pires et al.,
2019; Wu and Dredze, 2019; Karthikeyan et al.,
2020), and Event Extraction (Nguyen et al., 2021b;
Guzman-Nateras et al., 2022).

Finally, extensive efforts have been devoted to
create multilingual datasets (those with texts and an-
notations for multiple languages) for different NLP
tasks, including Universal Dependencies (Nivre
et al., 2016) (for POS tagging and Dependency
Parsing in more than 76 languages), CoNLL 2002
and 2003 (Sang and Meulder, 2002, 2003) (for
NER in 4 languages), XNLI (Conneau et al., 2018)
(for Natural Language Inference in 14 languages),
DARPA LORELEI (Strassel and Tracey, 2016) (for
NER and Entity Linking in 34 languages), TyDi
(Zhang et al., 2021) (for Multilingual Information
Retrieval), XWikis (Perez-Beltrachini and Lapata,
2021) for Cross-Lingual Summarization, XQuAD
(Artetxe et al., 2020) for Cross-Lingual Question
Answering, MEE (Pouran Ben Veyseh et al., 2022)
for Event Extraction in 9 languages, MECI (Lai
et al., 2022) for event causality identification in 5
languages, and XGLUE (Liang et al., 2020) and
XTREME (Hu et al., 2020) for multiple NLP tasks,
among others. Such multilingual datasets have
served as the key elements to evaluate multilingual
learning models and measure research progress in
this field. To this end, our work will leverage avail-
able multilingual datasets for different NLP tasks to
evaluate ChatGPT and LLMs to appropriately con-
textualize their potentials for multilingual learning.

3 Methodology

The goal of our research is to evaluate the perfor-
mance of ChatGPT and LLMs for NLP tasks in
different languages. Given the large numbers of
NLP datasets/tasks/languages and the growing de-
velopments of LLLMs, our work will be an ongo-
ing effort to include additional experiments to be
more comprehensive along the way. In the cur-
rent version of the paper, we will evaluate Chat-
GPT on seven diverse NLP tasks, i.e., Part-of-
Speech (POS) Tagging, Named Entity Recognition
(NER), Relation Classification, Natural Language



Inference (NLI), Question Answering (QA), Com-
mon Sense Reasoning (CSR), and Summarization.
Over different tasks, our experiments will cover 34
diverse languages, characterizing high-, medium-,
low-, and extremely low-resource languages to pro-
vide broader perspectives. Following (Bang et al.,
2023), we employ the ratio of the data for each lan-
guage in the CommonCrawl corpus?, i.e., the main
data to pre-train GPT-3, to classify the resource lev-
els. In particular, a language will be considered as
high-, medium-, low-, and extremely low-resource
if its data ratio is greater than 1% (> 1%), between
0.1% and 1% (> 0.1%), between 0.01% and 0.1%
(> 0.01%), and smaller than 0.01% (< 0.01%) re-
spectively. Table 1 presents information and cate-
gories for the languages considered in our work.

As the scale of ChatGPT precludes the ability
to fine-tune the model on downstream task data for
most general users, we focus on the zero-shot learn-
ing setting for ChatGPT. We also report the state-
of -the-art performance of the supervised models for
a task in each language as a reference for research
progress. In zero-shot learning, an NLP task T’
is specified by a natural-language task description
D. Given a new data sample with input text X
for the task 7", the concatenation of D and X will
then be sent into the ChatGPT model G as the in-
put prompt to generate a natural-language response
R = G([D; X]). Afterward, the response R will be
parsed using some pre-defined task-specific rules P
to obtain an output Y = P(R(G([D; X])) in the
required format for 7" (e.g., a pre-defined label for
classification problems). Finally, the outputs Y for
examples in an evaluation dataset will be scored to
return ChatGPT’s performance for task 7.

Different from some previous work that exploits
two-stage prompting to adopt a zero-shot chain of
thoughts (Kojima et al., 2022; Qin et al., 2023), we
directly utilize single-stage prompting that only adds
the task description D into each input X to simu-
late the common approach of general users for Chat-
GPT. Other prompting strategies can be explored
in future versions of our work. As such, in the
current version, we aim to design simple task de-
scriptions D while ensuring necessary information
to indicate the task and facilitate the parsing of re-
sponses to produce accurate outputs Y. In addition,
for tasks in a non-English target language, we will
evaluate task descriptions in both English and target-
specific languages to shed light on the best approach

http://commoncrawl.org

Pop. CC Size
Language Code M) @) Cal.
English en 1,452 458786 H
Russian ru 258 59692 H
German de 134 58811 H
Chinese zh 1,118 48747 H
Japanese ip 125 47884 H
French fr 274 47254 H
Spanish es 548 44690 H
Italian it 68 25712 H
Dutch nl 30 20585 H
Polish pl 45 1.6636 H
Portuguese pt 257 1.1505 H
Vietnamese vi 85 1.0299 H
Turkish tr 88 0.8439 M
Indonesian id 199 0.7991 M
Swedish Y 13 06969 M
Arabic ar 274  0.6658 M
Persian fa 130 0.6582 M
Korean ko 81 0.6498 M
Greek el 13 05870 M
Thai th 60 04143 M
Ukrainian uk 33 03304 M
Bulgarian bg 8§ 02900 M
Hindi hi 602 0.1588 M
Bengali bn 272 0.0930 L
Tamil ta 86 00446 L
Urdu ur 231 0.0274 L
Malayalam ml 36 0.0222 L
Marathi mr 99 0.0213 L
Telugu te 95 0.0183 L
Gujarati gu 62 0.0126 L
Burmese my 33 00126 L
Kannada kn 64 0.0122 L
Swabhili SW 71  0.0077 X
Punjabi pa 113 0.0061 X
Kyrgyz ky 5 00049 X
Odia or 39 0.0044 X
Assamesese as 15 00025 X

Table 1: List of languages, language codes, numbers of
first and second speakers, data ratios in the Common-
Crawl corpus, and language categories. The languages
are grouped into categories based on their data ratios in
the CommomCrawl corpus: High Resource (H, > 1%),
Medium Resource (M, > 0.1%), and Low Resource (L,
> 0.01%), and Extremely-Low Resource (X, < 0.01%).

to prompt ChatGPT in multilingual settings. To
facilitate the experiments, all non-English task de-
scriptions are obtained using automatic translation
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tools, e.g., Google Translate?, to translate the de-
signed English descriptions for each task. Finally,
all of the responses from ChatGPT in this work are
obtained between March 1 and April 5. This is
right after ChatGPT is made available in OpenAl
APIs to enable large-scale requests from the public
for comprehensive evaluations. To improve repro-
ducibility, we clear the conversations in ChatGPT
for each query to remove any previous context.

4 Part-of-Speech Tagging

Part-of-Speech (POS) Tagging is a coarse-grained
word classification task whose goal is to label the
syntactic information of the words in a sentence.
POS tagging can help alleviate the sparseness of
word-level features and serve as an important pre-
processing step in NLP systems. We evaluate
ChatGPT for its multilingual POS tagging abilities
over the XGLUE-POS dataset (Liang et al., 2020),
which covers 18 languages and includes labels de-
rived from the Universal Dependencies (UD) Tree-
banks (v2.5) (Zeman et al., 2020). In the exper-
iments, we utilize the XGLUE-POS dataset from
Huggingface Datasets* that only includes 17 lan-
guages (e.g., excluding Portuguese). As such, we
use the test sets of XGLUE-POS with more than
15K samples for the selected languages in the eval-
uation.

Our prompt for POS tagging for ChatGPT con-
sists of a task description, a note for output format,
and an input sentence, concatenated in that order,
i.e., Promptpogs = [task description; output format
note; input sentence]. Notably, instead of directly
using the text of input sentence, we feed ChatGPT
with the list of words in the sentence to facilitate the
word-label alignment and parsing of ChatGPT re-
sponses for POS tagging. Our task description and
output format note then emphasize on the expected
format for the ChatGPT’s responses to follow the
tuple structure with pairs of words and their cor-
responding POS tags. In the experiments, this ap-
proach has led to better performance for ChatGPT
than the direct input sentence. We illustrate an ex-
ample for the English POS prompts for ChatGPT in
Figure 1.

Results: Table 2 presents the performance of Chat-
GPT (zero-shot learning with both English and
language-specific task descriptions) and the fully su-
pervised XLM-R model (based on XLM-RoBERTa

31'1ttps ://translate.google.com
*nttps://huggingface.co/datasets/xglue

Task Description: Please provide the POS
tags for each word in the input sentence. The
input will be a list of words in the sentence. The
output format should be a list of tuples, where
each tuple consists of a word from the input text
and its corresponding POS tag label from the
tag label set: [“ADJ”, “ADP”, “ADV”, “AUX”,
“CCONJ”, “DET”, “INTJ”, “NOUN”, “NUM”,
“PART”, “PRON”, “PROPN”, “PUNCT”,
“SCONJ”, “SYM”, “VERB”, “X”].

Note: Your response should include only a list
of tuples, in the order that the words appear in
the input sentence, with each tuple containing
the corresponding POS tag label for a word.
Input: [“What”, “if”, “Google”, “Morphed”,
“Into”, “GoogleOS”, “7”]

= [(“What”, “PRON”), (‘if", ‘SCONJ”),
(“Google”, “PROPN”), (“Morphed”, “VERB),
(“Into”, “ADP”), (“GoogleOS”, “PROPN”), (“7”,
“PUNCT")].

Figure 1: Input prompt and output of ChatGPT for the
XGLUE-POS dataset.

ChatGPT
Language Code Cat. XLM-R @ (5p)
English en H 96.2 88.5 89.6
Russian ru H 86.9 91.6 59.1
German de H 922 90.2 89.9
Chinese zh H 60.4 76.5 753
French fr H 89.9 932 935
Spanish es H 89.0 922 919
Italian it H 92.6 926 934
Dutch nl H 88.5 88.1 88.3
Polish pl H 85.4 904 64.5
Vietnamese vi H 55.2 64.8 659
Turkish tr M 72.7 78.6 69.6
Arabic ar M 67.3 81.0 809
Greek el M 88.2 87.1 79.8
Thai th M 57.9 68.5 69.1
Bulgarian bg M 88.8 912 923
Hindi hi M 74.5 83.1 728
Urdu ur L 62.1 784 80.7
Average 79.3 845 79.8

Table 2: Accuracy of ChatGPT (zero-shot learning) and
XLM-R (supervised learning) on the test sets of XGLUE-
POS. ChatGPT is evaluated with both English (en) and
language-specific (spc) task descriptions.

base) (Liang et al., 2020). Here, performance is
measured via the accuracy of the predicted POS
tags. As can be seen, ChatGPT outperforms XLM-
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R over 13 out 17 languages for multilingual POS tag-
ging. Different from XLM-R where English has the
best POS tagging performance, ChatGPT seems to
have better accuracy than English with some other
languages (e.g., French, Spanish). Finally, we ob-
serve that English prompts tend to perform better or
at lest competitively with language-specific prompts
for ChatGPT across different languages for POS

tagging.
5 Named Entity Recognition

Named Entity Recognition (NER) is an important
task in NLP (Sang and Meulder, 2002), providing
basic technologies for many downstream applica-
tions, such as search engines, question answering,
and recommendation systems. Aiming to identify
spans and semantic types of names (e.g., person, or-
ganization) in text, NER is usually formulated as a
sequence tagging problem where a label is assigned
to each word in a sentence to indicate names. The
BIO annotation schema is often leveraged to form
the labels to capture both span and type information
(Ratinov and Roth, 2009). For multilingual NER
evaluation of ChatGPT, we employ the datasets
from the recent shared task MultiCoNER (Malmasi
et al., 2022) that seeks to build NER systems for
11 languages following the WNUT 2017 taxonomy
for entity types (Derczynski et al., 2017). There are
6 entity types in MultiCoNER, i.e., PER (person),
LOC (location), CORP (corporation), CW (creative
work), GRP (group of people), and PROD (prod-
uct). The sentences in MultiCoNER belong to three
main domains: Wikipedia, web questions, and user
queries. In MultiCoNER, the sentences tend to be
short with low context. Also, the entities in the
sentences usually exhibit ambiguous semantics with
high level of complexity to cause more challenges
for the problem. We utilize the test sets of the lan-
guage in MultiCoNER for evaluation.

Our prompt structure for ChatGPT with NER fol-
lows the prompts for POS Tagging, i.e., PromptNgER
= [task description; output format note; input sen-
tence], which involve a task description to explain
the task and list entity type/labels of interest. We
also have a note to specify the expected output for-
mat with tuples of words and predicted tags for
names. However, a key difference for NER is that
we explicitly ask ChatGPT to produce tags for each
work in the BIO format. Although this approach
seems to make the task more challenging for Chat-
GPT, we find that it actually improves the perfor-

mance for ChatGPT. Our hypothesis is that the BIO
tag requirement encourages ChatGPT to solve NER
as a sequence labeling problem, thus forcing it to
comprehensively annotate names in input sentences.
In contrast, the simpler approach to prompt Chat-
GPT for names without BIO specification might sug-
gest reading comprehension formulation that does
not tag all names with exact spans for NER. The re-
sponses from ChatGPT are also harder (i.e., more
ambiguous and unpredictable) to parse for NER out-
puts without the BIO requirement. We provide an
English prompt example for NER for ChatGPT in
Figure 2.

Task Description: You are working as a named
entity recognition expert and your task is to
label a given text with named entity labels. Your
task is to identify and label any named entities
present in the text. The named entity labels
that you will be using are PER (person), LOC
(location), CORP (corporation), CW (creative
work), GRP (group of people), and PROD
(product).  You may encounter multi-word
entities, so make sure to label each word of the
entity with the appropriate prefix (“B” for the
first word of the entity, “I” for any non-initial
word of the entity). For words which are not
part of any named entity, you should return
“O”.

Note: Your output format should be a list of
tuples, where each tuple consists of a word
from the input text and its corresponding named
entity label.

Input: [“john”, “is”, “first”, “mentioned”, “in”,
“a”, “charter”, “from”, “1247”, “.”]

= [(“john”, “B-PER"), (‘is”, “O"), (“first”, “O"),
(“mentioned”, “0”), (‘in”, “O”), (‘a”, “O”),
(‘charter”, “B-CW”), (“from”, “O”), (“1247", “B-
PROD"), (.7, “O")].

Figure 2: Input prompt and output of ChatGPT for the
MultiCoNER dataset.

Results: Table 3 evaluates the performance of
ChatGPT (zero-shot learning with both English and
language-specific task descriptions) and DAMO
(Wang et al., 2022a), the model with current best-
reported performance on MultiCoNER. The latter
retrieves relevant context from Wikipeida for each
input sentence that are then fed into the XLMR-
RoBERTa model (large version) for NER. DAMO



ChatGPT

Language Code Cat. DAMO @) (po)
English en H 91.2 372 372
Russian ru H 91.5 274 220
German de H 90.7 37.1 328
Chinese zh H 81.7 18.8 19.8
Spanish es H 89.9 347 332
Dutch nl H 90.5 357 375
Turkish tr M 88.7 319 29.1
Persian fa M 89.7 259 219
Korean ko M 88.6 30.0 32.2
Hindi hi M 86.2 273  26.1
Bengali bn L 84.2 233 164
Average 88.4 29.9 280

Table 3: Performance (F1 scores) of ChatGPT (zero-
shot learning) and DAMO (supervised learning) on the
test sets of MultiCoNER. ChatGPT is evaluated with
both English (en) and language-specific (spc) task de-
scriptions.

Label Precision Recall F1 Spurious
(%)
CORP 31.0 33.8 32.1 39
CW 12.0 17.2 14.1 57
GRP 6.7 57 62 26
LOC 33.2 377 349 44
PER 51.2 66.1 57.5 32
PROD 20.3 223 21.1 55

Table 4: ChatGPT label-wise scores on MultiCoNer

also employ a conditional random fields (CRF) layer
for the modeling. Our results for NER are evaluated
using macro-averaged F1 scores (Malmasi et al.,
2022). The most important observation from the
table is that ChatGPT significantly underperforms
DAMO on MultiCoNER across all 11 languages. In
fact, the performance of ChatGPT is less than 40%
for all languages, which suggests less suitability of
ChatGPT to solve NER in this domain.

In order to better understand the performance
of ChatGPT for MultiCoNER, we use the scor-
ing script nervaluate’ to compute detailed scores
for each entity types for ChatGPT. Table 4 shows
label-wise precision, recall, and F1 scores of Chat-
GPT (with English prompts). We also include spuri-
ous percentages (over total numbers of predictions),
which are the percentages of ChatGPT’s predictions
that do not exist in the annotated data for each type.
As can be seen, ChatGPT’s extraction performance

Shttps://github.com/MantisAI/
nervaluate

is very poor for GRP (group of people) and CW
(creative work), which have F1 scores of less than
15%. Also, the spurious percentages of ChatGPT
are generally high for all entity types, which suggests
ChatGPT’s verbosity and confusion for NER.

6 Relation Extraction

Relation Extraction (RE) is a crucial task in informa-
tion extraction (IE), aiming to identify and classify
semantic relations between two entity mentions in
an input text. To facilitate multilingual experiments
for RE, we conduct our evaluation over the SMiLER
dataset (Seganti et al., 2021). SMiLER provides
relation annotation for texts in 14 languages with
36 relation types (including “no-relation”). The test
sets of the languages (with more than 12K samples)
are employed for evaluation.

An input example for RE involves an input text
and two entity mentions in the text for classification.
To probe ChatGPT for RE for an example, we de-
sign the prompt via the concatenation of a task de-
scription, input text, and two entity mentions, i.e.,
Promptrp = [task description; output format note;
input text; entity 1, entity 2]. In the task description
for RE, we explicitly include all the relation types
to inform ChatGPT. We also introduce an output
format note to specify the expected format for the
responses from ChatGPT for RE, thus facilitating
response parsing for relation labels. To illustrate
the RE prompts for ChatGPT, we present an exam-
ple with the English prompt and corresponding re-
sponse in Figure 3.

Results: Table 5 shows the performance of Chat-
GPT (zero-shot learning with both English and
language-specific task descriptions) and mT5-IL
(Chen et al., 2022), a state-of-the-art supervised in-
language prompting model for SMiLER. mT5-IL
is based on the base version of mTS5. Micro F1
scores are used as the performance metric for RE.
From Table 5, the results suggest that mT5-IL sig-
nificantly outperforms ChatGPT over different lan-
guages no matter if we ask ChatGPT with English or
language-specific prompts (except for Swedish and
Ukranian). The performance gap is up to 15% over
F1 score on average for the languages. Language-
specific prompts seem to yield better or compara-
ble performance as English prompts for ChatGPT
with RE. Ukrainian is an exception when English
prompts return better F1 score for ChatGPT. Inter-
estingly, ChatGPT performs the worst in English
for RC with SMILER, potentially due to the much
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Task Description: Given a input text de-
scribing the relationship between two entities,
extracts the relationship between them.
The relation has to be of the type: “birth-
place”, “eats”, “event-year”, “first-product”,
“from-country”,  “has-author”,  “has-child”,
“has-edu”, “has-genre”, “has-height”, “has-
highest-mountain”, “has-length”, “has-lifespan”,
“has-nationality”,  “has-occupation”,  “has-
parent”, “has-population”, “has-sibling”, “has-

spouse”, “has-tourist-attraction”, “has-type”,
“has-weight”, “headquarters”, “invented-
by”, “invented-when”, “is-member-of”, “is-
where”, “loc-leader”, “movie-has-director”,
“no-relation”,  “org-has-founder”,  “org-has-
member”, “org-leader”, “post-code”, “starring”,
“won-award”.

Note: Your output must only be the relation
of the two given entities and must follow the
format: “Relation: <One of the above listed
relations>".

Input: North West Coastal Highway is a gen-
erally north-south Western Australian highway
which links the coastal city of Geraldton with
the town of Port Hedland.

Entity 1: North West Coastal Highway

Entity 2: highway

= Relation: has-type.

Figure 3: Input and output of ChatGPT for the SMiLER
dataset.

larger size of English test data with greater diversity
and challenges (5,461 samples for English vs. 1,243
samples for the second large test set for French).

7 Natural Language Inference

Natural Language Inference (NLI) aims to predict
the entailment/contradiction relations between two
input sentences, i.e., a premise and a hypothesis. To
evaluate ChatGPT for multilingual NLI, we utilize
the XNLI dataset (Conneau et al., 2018) that pro-
vides annotated data for English and 14 other lan-
guages with three categories, i.e., Entailment, Con-
tradiction, and Neutral. As such, the data in non-
English languages is obtained by translating English
data for XNLI. XNLI provides development and
test data to facilitate development and evaluation.
However, as the labels for the test data are not pub-
licly available, we utilize the development data of

Language Code Cat. mITLS %
English en H 96.0 619 618
Russian ru H 833 788 715
German de H 940 71.1 71.8
French fr H 972 724 739
Spanish es H 70.5 675 65.8
Italian it H 97.0 744 74.6
Dutch nl H 93,5 668 606.6
Polish pl H 93.0 634 65.8
Portuguese pt H 852 64.8 66.3
Arabic ar M 94.1 849 90.1
Persian fa M 73.1 589 63.8
Korean ko M 832 653 70.1
Swedish Y M 58.7 642 654
Ukrainian uk M 71.8 765 68.8
Average 85.0 694 70.2

Table 5: Performance (F1 scores) of ChatGPT (zero-
shot learning) and mT5-IL (supervised learning) on the
test sets of SMiLER. ChatGPT is evaluated with both En-
glish (en) and language-specific (spc) task descriptions.

XNLI in this experiment.

To construct the prompt for ChatGPT for each
example in XNLI, we directly concatenate the task
description, the premise, the hypothesis, and a mul-
tiple choice question (of entailment, contradiction,
and neural) in this order, i.e., Promptyr; = [task
description; premise; hypothesis; question]. An ex-
ample of English input prompts and responses from
ChatGPT is shown in Figure 4.

Task Description: Please identify whether the
premise entails or contradicts the hypothesis
in the following premise and hypothesis. The
answer should be exact “entailment”, “contra-
diction”, or “neutral”.

Premise: And he said, Mama, I'm home.
Hypothesis: He called his mom as soon as the
school bus dropped him off.

Is it entailment, contradiction, or neutral?

= Neutral. The premise doesn’t confirm or deny
the hypothesis....

Figure 4: Input prompt and output of ChatGPT for the
XNLI dataset.

Results: Table 6 reports the performance (accu-
racy) of ChatGPT and the multilingual model mT5-
XXL (Xue et al., 2021). Here, for each non-
English target language, we present ChatGPT’s per-



Language Code Cat. I;;l;i %
English en H 924 702 702
Russian ru H 86.4 60.8 454
German de H 89.2 645 51.1
Chinese zh H 86.2 582 355
French fr H 88.7 64.8 422
Spanish es H 894 658 474
Vietnamese vi H 86.6 554 4438
Turkish tr M 86.4 57.1 37.1
Arabic ar M 87.1 553 223
Greek el M 88.7 559 545
Thai th M 845 447 115
Bulgarian bg M 88.7 59.7 44.6
Hindi hi M 853 488 5.6
Urdu ur L 829 437 6.3
Swabhili SW X 834 503 4038
Average 87.1 570 373

Table 6: Accuracy of ChatGPT (zero-shot learning) and
mT5-XXL (supervised learning with English and trans-
lated data) on the development set of XNLI. ChatGPT
is evaluated with both English (en) and language-specific
(spc) task descriptions.

formance on two zero-shot learning settings depend-
ing on whether the task descriptions are in English
or target language. For mT5-XXL, the model is
fine-tuned on English training data and translations
in the target language to achieve the best reported
performance on XNLI. It is clear from the table
that ChatGPT performs significantly poorer than
mT5-XXL across different languages by large mar-
gins. The performance gaps between ChatGPT and
mT5-XXL also seem smaller for high-resource lan-
guages. Finally, ChatGPT with target-language task
descriptions produces significantly lower accuracy
than those with English task descriptions across all
considered languages, suggesting the benefits of En-
glish descriptions for multilingual NLI with Chat-
GPT.

8 Question Answering

Given a context passage and a question, a Question
Answering (QA) model needs to return the answer
for the question, which should be a span of text
in the input passage. To this end, we utilize the
XQuAD dataset (Artetxe et al., 2020) to evaluate
ChatGPT in multiple languages for QA. XQuAD
involves 240 paragraphs and 1190 question-answer
pairs in English and their translations into ten other
languages for evaluation.

We collect the English task description for

Task Description: Answer the question from
the given passage. Your answer should be
directly extracted from the passage, and it
should be a single entity, name, or number, not
a sentence.

Passage: Peyton Manning became the first
quarterback ever to lead two different teams
to multiple Super Bowls. He is also the oldest
quarterback ever to play in a Super Bowl at age
39. The past record was held by John Elway,
who led the Broncos to victory in Super Bowl
XXXIIT at age 38 and is currently Denver’s Ex-
ecutive Vice President of Football Operations
and General Manager.

Question: How old was Peyton Manning when
he played in Super Bowl 50?

Note: Your answer should be directly extracted
from the passage and be a single entity, name,
or number, not a sentence.

= 39.

Figure 5: Input prompt and output of ChatGPT for
XQUAD dataset.

QA from the Naturallnstructions repository (Wang
et al., 2022b) for ChatGPT. In addition, as Chat-
GPT tends to generate long responses, we introduce
a note to remind the model that the answers for our
dataset should be short and directly extracted from
the input passage. This approach has helped Chat-
GPT to provide more direct answers in our exper-
iments. To this end, for an example with an input
passage and question, our prompt for ChatGPT is
formed via: Promptg s = [task description; passage;
question, note]. We demonstrate an example of the
QA prompts in Figure 5.

Given the responses from ChatGPT for our QA
prompts for the examples, we remove the period
characters in the end and directly evaluate remain-
ing responses using the SQUAD’s scorer®, which is
suggested by the original paper of XQuAD (Artetxe
et al., 2020).

Results: Table 7 shows the performance of Chat-
GPT (zero-shot learning) and mT5-XXL (Xue
et al., 2021), a state-of-the-art supervised learning
model for XQuAD. As such, for each language,
mT5-XXL is trained over the combination of En-
glish training data and the translations to the target
6https://raw.githubusercontent.com/

allenai/bi-att-flow/master/squad/
evaluate-vl.1l.py
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mT5-XXL. ChatGPT(en) ChatGPT(spc)

Language Code Cat. EM  FI EM Fi EM Fi

English en H 803 913 560 749 56.0 74.9
Russian ru H 704 852 302 49.1 22.4 52.6
German de H 682 850 459 65.8 44.7 65.8
Chinese zh H 80.0 857 37.1 42.3 20.5 20.8
Spanish es H 708 874 418 658 405 69.1
Vietnamese vi H 67.1 853 36.1 57.3 26.8 60.8
Turkish tr M 677 844 345 564 18.3 52.8
Arabic ar M 682 834 320 503 24.1 49.9
Greek el M 689 859 297 450 17.7 39.1
Thai th M 745 802 312 434 1.5 13.1
Hindi hi M 682 837 175 37.8 0.6 229
Average 713 852 356 535 21.7 474

Table 7: Performance of ChatGPT (zero-shot learning) and mT5-XXL (supervised learning with translated data) on
the XQuAD dataset. en and spc indicate whether ChatGPT uses English or target language prompts. The performance

is computed using exact match (EM) and F1 scores.

language to achieve optimal performance. We re-
port the performance using both the exact match
(EM) and F1 scores. Table 7 illustrates that Chat-
GPT’s zero-shot performance is significantly worse
than the supervised model mT5-XXL for all the lan-
guages. Across different models and prompts, the
QA performance for English is significantly better
than those for other languages, demonstrating the
clear bias for English of current multilingual lan-
guage models. Finally, we find that prompting Chat-
GPT with English tends to produce better perfor-
mance for multilingual QA than using target lan-
guages.

9 Common Sense Reasoning

Common Sense Reasoning (CSR) evaluates the
reasoning of the models via multiple-choice ques-
tions. The inputs for the models involve a ques-
tion and a few choices for the answer, and the
models need to select one of the choices. To
evaluate ChatGPT’s multilingual abilities for CSR,
we leverage two datasets: (i) X-CSQA (Talmor
et al., 2019; Lin et al., 2021), which involves En-
glish data and its translations to 15 other languages,
and (ii) Wikipedia Cloze QA from IndicNLPSuite
(Kakwani et al., 2020), which covers 11 low- and
extremely-low-resource Indian languages. We eval-
uate the models on the dev set of X-CSQA with
1,000 samples for each language, while the Wiki
Cloze QA dataset from IndicNLPSuite contains
62,314 samples for all languages.

In the CSR prompts for ChatGPT, we combine
the task description, the question, and the multiple

choices for each sample, i.e., Promptcsr = [task de-
scription; question; multiple choices]. Here, for the
task description, we also indicate the language of
the input question and multiple choices. Two exam-
ples of prompts for CSR inputs are presented in Fig-
ure 6 for the X-CSQA dataset and in Figure 7 for the
Wikipedia Cloze QA dataset from IndicNLPSuite.

Task description: In this task, you will be
presented with a question that has multiple
possible answers in English. You should choose
the most suitable option out of “A”, “B”, “C”,
“D”, and “E”, based on your commonsense
knowledge.

Question: When you return to work you will
likely need what to get in the door if you are the
first to arrive?

Options:

A earn money

B key

C need money

D badge

E get out of bed

= Option B is the most suitable answer: key.

Figure 6: Input prompt and output of ChatGPT for X-
CSQA dataset.

Results: Table 8 reports the accuracy of ChatGPT
(zero-shot learning for both English and language-
specific prompts) and the state-of-the-art super-
vised model TRT (Fang et al., 2022) on the X-
CSQA dataset. TRT is based on the XLM-



ChatGPT

Language Code Cat. TRT

(en) (tgt)
English en H 700 750 750
Russian ru H 59.8 50.2 535
German de H 61.7 52.6 610
Chinese zh H 59.6 50.2 425
Japanese jp H 543 419 43.0
French fr H 60.9 50.5 61.7
Spanish es H 61.1 533 625
Italy it H 61.2 50.6 559
Dutch nl H 59.8 529 604
Polish pl H 59.7 352 51.1
Portugese pt H 605 495 592
Vietnamese vi H 593 423 479
Arabic ar M 58.1 494 473
Hindi hi M 538 41.1 38.6
Urdu ur L 52.8 347 245
Swahili SW X 51.8 35.6 46.6
Average 59.0 47.8 519

Table 8: Accuracy of ChatGPT (zero-shot learning) and
TRT (supervised learning) on the dev set of X-CSQA
dataset. en and spc indicate whether ChatGPT uses En-
glish or language-specific prompts.

RoBERTa large model (Conneau et al., 2020) where
commonsense knowledge in different sources is re-
trieved to enrich input questions and answers. Ex-
cept for English, the table illustrates the poorer per-
formance of ChatGPT than TRT across all other
languages for CSR on X-CSQA when the English
task description is used. Interestingly, in contrast to
other tasks, we find that language-specific prompts
tend to perform better than English prompts for
ChatGPT in CSR for high-resource languages (ex-
cept for Chinese), leading to some improvement
over supervised learning (e.g. for French, Spanish,
and Dutch).

For IndicNLPSuite, Table 9 demonstrates the
accuracy of ChatGPT and IndicBERT (Kakwani
et al., 2020), a pre-trained encoder-only model us-
ing the ALBERT architecture over an Indian lan-
guage corpora. IndicBERT is fine-tuned on training
data to deliver state-of-the-art performance for In-
dicNLPSuite in the original paper (Kakwani et al.,
2020). Our experiment results for IndicNLPSuite
confirm the general tendency that supervised learn-
ing models still perform better than ChatGPT over
different languages. However, there are two excep-
tions with Hindi and Kannada where ChatGPT can
produce better accuracy over IndicNLPSuite. Fi-
nally, Table 9 suggests that English prompts are a

better way to prompt ChatGPT for Indian languages
than these languages themselves (except for Marathi
and Gujarati).

Task description: You are given a statement
written in Hindi. Choose the most logical word
from the 4 given options which can be used to
replace the <MASK> token in the statement.
Output the word from the correct option .
Statement: Td S9THT & SAH 25 Gfdav
1975 & <MASK> & G&ET Sifd & A15e
G H EAT T | §h TAT AT AT FRTeAT
ZTET TUT T & A1 afera 2ardr & |
FATET F99T | &7 J9TET FraL | Al F
SMA™T 3T &lewd A-wHe IAT

g1 aEITFI;I‘ JIAT SaT & & aar-ae 0
JEMTYT & |

Option A: HITHE

Option B: THUETATE

Option C: TTSTEHTT

Option D: ATHTHT

= Option C: TSTHATA

Figure 7: Input prompt and output of ChatGPT for
Wikipedia Cloze QA dataset (IndicNLPSuite). Trans-
lation of the statement and options by Google Translate:
Ratan Devasi was born on 25 September 1975 at Mount
Abu in the Sirohi district of <MASK>. His father’s name
is Shankarlal Devasi and wife’s name is Viraj Devasi.
Devasi has been a brilliant student since childhood. He is
a Diploma in Hotel Management degree holder. Devasi is
quick-tempered and soft-spoken since his student life. Op-
tion A: Congress; Option B: NSUI; Option C: Rajasthan;
Option D: Lok Sabha.

10 Summarization

In summarization, systems need to provide key and
concise information for a longer input text, which
can be helpful for different downstream applica-
tions such as news analysis, marketing, question an-
swering, and scientific document processing. To
study the performance of ChatGPT for summariza-
tion in multiple languages, we choose the XL-Sum
dataset (Hasan et al., 2021) that provides summaries
of news articles in 44 languages. In contrast to
extractive summarization that select important sen-
tences in the input text to a summary, XL-Sum ad-
dresses abstractive summarization to allow text gen-
eration with more creative writing in the summary
(the sentences in the summary might not necessarily
appear in the input text). Despite greater challenges,



Language Code Cat. ]I;EII;CT %
Hindi hi M 41.6 457 452
Bengali bn L 394 352 220
Tamil ta L 31.8 279 223
Malayalam  ml L 354 322 143
Marathi mr L 449 36.2 369
Telugu te L 326 325 222
Gujarati gu L 70.8 152 258
Kannada kn L 396 42.0 129
Punjabi pa X 447  38.1 279
Odia or X 393 347 329
Assamese as X 40.5 352 248
Average 41.1 341 26.1

Table 9: Accuracy of ChatGPT (zero-shot learning)
and IndicBERT (supervised learning) on the Wikipedia
Cloze QA dataset (IndicNLPSuite). en and spc indi-
cate whether ChatGPT uses English or language-specific
prompts.

abstractive summarization can produce more natu-
ral texts to better serve downstream applications.

To facilitate the experiments, we select 12 lan-
guages in XL-Sum, covering high-, medium-, low-
, and extremely low-resource languages, and evalu-
ate ChatGPT’s performance on the test datasets of
the languages. Table 10 shows the sizes of test data
(i.e., the numbers of samples) in XL-Sum for the
selected languages. In the experiments, we utilize
the ROUGE-1, ROUGE-2, and ROUGE-L scores
as performance measures for summarization. Note
that for the non-English languages, the scorer script
in the original paper of XL-Sum (Hasan etal., 2021)
is used for performance computation.

As a summary in XL-Sum is expected to be writ-
ten in the same language as the input text, given an
input text, our summarization prompt for ChatGPT
is constructed via the concatenation: Promptsy s =
[task description; output language specification: in-
put text]. Accordingly, the task description is sim-
ply: “Summarize this <lang> text.” while the out-
put langauge specification is expressed via: “The
output should be in <1ang>". Here, <lang> indi-
cates the the same language that is presented in the
input text and expected in the summary response.
<lang> can be translated into appropriate lan-
guages as required by the language of the prompts.
For instance, using English for the prompts, the
summarization prompt for a French input is “Sum-
marize this French text. The output should be in
French: ...”. In the experiments, we find that Chat-

GPT might generate responses in English even for
non-English inputs and including output language
specifications in the prompts is important to instruct
the same language in the inputs and outputs for
ChatGPT.

Results: Tables 10 and 11 presents the summa-
rization performance of ChatGPT (zero-shot learn-
ing) for the selected languages in XL.-Sum using En-
glish and language-specific prompts respectively. In
the tables, we also include the performance of the
mT5-XXL model that is trained over training data
of specific languages in XL-Sum. mT5-XXL has
achieved state-of-the-art performance for XL-Sum
as reported in (Aharoni et al., 2022). It is obvious
from the tables that ChatGPT’s performance is con-
sistently inferior to mT5-XXL’s with large perfor-
mance gaps in different languages. To better under-
stand the poor performance of ChatGPT, Tables 10
and 11 also report the average lengths of the human-
provided summaries and the summaries generated
by ChatGPT (in terms of the numbers of charac-
ters). It is clear from the tables that ChatGPT tends
to generate lengthy summaries, potentially leading
to its poorer performance. In addition, the tables
show the success rates of ChatGPT for each lan-
guage, which is defined as the ratios of requests sent
to the ChatGPT server and received non-empty re-
sponses/summaries. As can be seen, the success
rates of ChatGPT for lower-resource languages are
also lower that can further explain ChatGPT’s per-
formance and reliability for such languages.

11 Discussion

The most important findings from our experiment
results is that ChatGPT exhibits significantly worse
performance than state-of-the-art supervised mod-
els for most of considered NLP tasks in different
languages. Given the huge costs to train ChatGPT
and similar LLLMs as well as the necessity of paid
APIs to run large amounts of requests with Ope-
nAl, it seems more reasonable to build smaller task-
specific models for NLP problems (or at least for the
considered tasks) in different languages that can be
hosted locally to serve at lower costs.

In addition, we notice an exception for the POS
tagging task where ChatGPT can achieve competi-
tive or even better performance than the supervised
learning models (especially with English prompts)
over different languages. For instance, ChatGPT
has significantly better POS tagging accuracy for
Thai, Vietnamese, Bulgarian, Hindi, and Urdu,



. ChatGPT Avg. Gold Avg. Model Success mT5-XXL
Language Code Cat. Size I 2 9 Length Length @ L
English en H 11,535 19.71 552 13.38 125.84 612.38 99 32.51
Russian ru H 7,780 18.65 5.13 12.83 182.11 523.03 96 28.48
Chinese zh H 4,670 21.14 531 15.27 420.10 191.46 98 33.54
French fr H 1,086 20.76 7.09 14.12 147.38 601.17 99 34.12
Spanish es H 4,763 17.81 444 1197 163.39 719.52 99 27.40
Turkish tr M 3,397 14.52 4.54 10.87 164.83 610.75 99 30.80
Arabic ar M 4,689 19.37 536 13.64 142.95 396.86 95 32.00
Thai th M 826 17.55 535 11.51 218.13 275.89 59 30.59
Hindi hi M 8,847 21.06 5.63 14.21 137.24 294.93 82 36.88
Bengali bn L 1,012 634 1.63 4.65 148.19 176.08 42 34.19
Burmese my L 570 1449 632 8.85 201.99 118.78 43 41.40
Kyrgyz ky X 500 5.10 147 4.16 188.14 437.51 87 26.48

Table 10: Performance of ChatGPT (zero-shot learning) (ROUGE-1/2/L) and mT5-XXL (supervised learning)
(ROUGE-L) for summarization over XL-Sum using English prompts.

. ChatGPT Avg. Gold Avg. Model Success mT5-XXL
Language Code Cat. Size i 3 L Lgength I%ength @ L
English en H 11,535 21.38 597 14.48 125.84 524.15 99 32.51
Russian ru H 7,780 15.60 4.17 10.83 182.11 483.45 96 28.48
Chinese zh H 4,670 11.65 2.61 8.96 55.31 420.10 98 33.54
French fr H 1,086 21.11 7.21 1449 147.38 512.17 100 34.12
Spanish es H 4,763 19.73 4.85 13.15 163.39 601.05 99 27.40
Turkish tr M 3,397 1558 491 11.79 164.83 468.64 99 30.80
Arabic ar M 4,689 1695 4.74 12.04 142.95 383.71 94 32.00
Thai th M 826 1439 4.11 9.71 218.13 257.40 58 30.59
Hindi hi M 8,847 428 1.13 294 137.24 423.58 82 36.88
Bengali bn L 1,012 1.88 043 1.39 148.19 198.60 40 34.19
Burmese my L 570 045 034 044 201.99 152.27 40 41.40
Kyrgyz ky X 500 840 223 642 188.14 458.71 86 26.48

Table 11: Performance of ChatGPT (zero-shot learning) (ROUGE-1/2/L) and mT5-XXL (supervised learning)
(ROUGE-L) for summarization over XL-Sum using language-specific prompts.

which are medium- and low-resource languages. As
such, in contrast to other considered tasks which re-
quire some level of semantic reasoning, POS tag-
ging focuses on low-level syntactic analysis. We
thus hypothesize that ChatGPT possesses high-level
skills in grammar and low-level abilities of semantic
reasoning to generate seemingly fluent texts for mul-
tiple languages. However, for more complicated se-
mantic analysis, ChatGPT might find it more chal-
lenging to perform accurate predictions and genera-
tions.

Regarding the classification of high-, medium-
, low-, and extremely low-resource languages, our
work currently relies on data ratios for the languages
in the CommonCrawl corpus. According to our
experiments, it is interesting that the performance
of ChatGPT for low- and extremely-low-resource
languages in some tasks is better or comparable to

those for high- or medium-resource languages. For
instance, for POS tagging in Table 2, ChatGPT’s
performance for Urdu (a low-resource language) is
better than the performance for Vietnamese and
Thai (high- and medium-resource languages). In
NER, ChatGPT achieves better performance for the
low-resource language Bengali than for Chinese (us-
ing English prompts in Table 3). For the common
sense reasoning task in Table 8, ChatGPT’s per-
formance for the extremely-low-resource language
Swahili is comparable to those for Polish (with En-
glish prompts). Similarly, for summarization in Ta-
ble 11, ChatGPT has better ROUGE scores for the
extremely low-resource language Kyrgyz than for
Hindi with language-specific prompts. To this end,
it seems evident that data size might not be the only
factor that dictates the resource level and perfor-
mance for a task of a language with ChatGPT and



LLMs. Among others, the overall picture might
also need to consider the target task and the simi-
larities/relations of a language with respect to the
dominant languages in the training data for LLMs.

Compared to language-specific prompts, the su-
perior performance of ChatGPT with English task
descriptions over a majority of problems and lan-
guages suggests that ChatGPT might better under-
stand/analyze the tasks with English prompts to lead
to improved abilities to generate responses with ac-
curate outputs. In addition, the inclusion of En-
glish task descriptions for non-English inputs can
be seen as an approach to shift the representations
of language-specific inputs toward the English space
that can be better processed by ChatGPT due to the
domination of English in its training data. Finally,
the better performance with English prompts also
raises an interesting question on whether English is
the optimal language to prompt ChatGPT or it is
better to employ other languages for this purpose
for different target languages.

Limitations: As an ongoing work to evaluate Chat-
GPT and LLMs on multilingual learning tasks, our
current work observes several limitations that can
be addressed in future studies. First, although our
experiments have covered 37 languages, including
low- and extremely low-languages, there are still
many other languages that are not explored in the
current work. Some tasks/datasets in our work have
not covered lower-resource languages. The future
work can expand the language set with greater fo-
cuses on lower-resource languages to better under-
stand LLMs’ performance in this important direc-
tion. Second, many other tasks, including those
with available multilingual datasets, have not been
considered in the current work. Examining more
tasks and datasets will enable a more comprehen-
sive understanding of ChatGPT and LLMs in multi-
lingual settings. Third, our current work only evalu-
ates ChatGPT in the zero-shot learning setting, thus
unable to show comparisons with other recent mul-
tilingual LLMs, e.g., BLOOM (Scao et al., 2022),
GPT-4, and BARD, in various learning scenarios.
While these models are currently less accessible
for large-scale evaluations, our plan is to further
include more models and learning settings along
the way to strengthen our evaluations and compar-
isons when possible. Finally, the current work only
evaluates the models in terms of performance over
NLP tasks. To better characterize ChatGPT and
LLMSs, other evaluation metrics should also be in-

vestigated to report more complete perspectives, in-
cluding but not limited to adversarial robustness, bi-
ases, toxic/harmful content, accessibility, develop-
ment costs, and interpretability.

12 Conclusion

Toward a more comprehensive understanding of
ChatGPT and LLMs on their multilingual learn-
ing abilities for NLP, our current work conducts
an evaluation for ChatGPT on 7 different tasks,
i.e., Part-of-Speech Tagging, Named Entity Recog-
nition, Relation Extraction, Natural Language In-
ference, Question Answering, Common Sense Rea-
soning, and Summarization. Using 37 diverse lan-
guages with high-, medium-, low-, and extremely
low resources for the experiments, our results reveal
the less optimal performance of ChatGPT in the
zero-shot learning setting for NLP tasks in different
languages, advocating for task-specific models to se-
cure best performance. As an ongoing research, we
plan to extend the experiments to include more lan-
guages, tasks, models, criteria, and settings in future
work to obtain broader and deeper insights.
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A Language-specific Prompts

This section provides language-specific prompts that have been used in our experiments. Note that these
prompts are obtained by translating the original human-designed English versions into specific languages.
Tables 12, 13, and 14 show language-specific prompts for the POS Tagging, Named Entity Recognition,
and Relation Classification tasks. We use ChatGPT to translate English prompts to target language prompts
with label-preservation constraints so that the output prompts can retain the original label notations from
each dataset (all translated prompts are back-translated using Google Translate for validation).

Our language-specific prompts for other tasks, i.e., Natural Language Inference, Question Answering,
Common Sense Reasoning, and Summarization, are directly translated from English versions using Google
Translate, as demonstrated in Tables 15, 16, 17, 18, and 19.



Language

Task Description

Please provide the POS tags for each word in the input sentence. The input sentence will be a list of each word in the sentence. The output format should be a list of tuples,
where each tuple consists of a word from the input text and its corresponding POS tag label from the tag label set: ["ADJ’, ’ADP’, ’”ADV’, "AUX’, "CCONJ’, 'DET’, 'INTJ’,

Bitte geben Sie die POS-Tags fiir jedes Wort im Eingabesatz an. Der Eingabesatz ist eine Liste aller Worter eines Satzes. Das Ausgabeformat sollte eine Liste von Tupeln
sein, wobei jedes Tupel aus einem Wort aus dem Eingabetext und seinem entsprechenden POS-Tag-Label aus dem Tag-Label-Set besteht: 'ADJ’,’ADP’, ’ADV’, ’AUX’,

Proporcione las etiquetas POS para cada palabra en la oracién de entrada. La oracion de entrada serd una lista de cada palabra en una oracién. El formato de salida debe
ser una lista de tuplas, donde cada tupla consta de una palabra del texto de entrada y su etiqueta de etiqueta POS correspondiente del conjunto de etiquetas de etiquetas:
['ADJ,’ADP’,”ADV’,’AUX’, "CCONJ’, 'DET’, 'INTJ’,'NOUN’, 'NUM’, 'PARTE’, 'PRON’, 'PROPN’, 'PUNCT’, ’SCONJ’, 'SYM’, 'VERB’, ’X’].

Geef de POS-tags op voor elk woord in de invoerzin. De invoerzin is een lijst van elk woord in een zin. Het uitvoerformaat moet een lijst met tupels zijn, waarbij elke
tupel bestaat uit een woord uit de invoertekst en het bijbehorende POS-taglabel uit de taglabelset: [ADJ’,’ADP’,”ADV’,’AUX’, ’'CCONJ’, 'DET’,INTJ’, 'NOUN’, 'NUM’,

Mo, npenocraBere POS eTukeTute 3a Besika JyMa BbB BbBEICHOTO H3pedeHHe. BbBeneHOTO M3peueHue mie Obe CIUCHK HA BCSKA AyMa B H3pedeHue. M3xoaHusT
opmar TpsiGBa 1a Gb/Ie CIIMCHK OT KOPTEKH, KBIETO BCEKH KOPTEK Ce ChCTOH OT lyMa OT BXOJIHHS TEKCT U ChOTBETHHs eTukeT Ha POS eTnker ot Habopa eTHKeTH Ha
erukeru: 'ADJ’,’ADP’, ’ADV’,"”AUX’, "CCONJ’, 'DET’, 'INTJ’,'NOUN’, 'NUM’, 'PART’, 'PRON’, ’PROPN’, 'PUNCT", 'SCONYJ’, 'SYM’, "VERB’, ’X ’].

Kataympiote Tg etikéteg POS yio ka0e AEN oty stpdtaon ewoaymyns. H mpdtaon ewoaywyng Bo eivar pa Mota pe kabe hEEn oe wwa tpodtaon. H popgn
€E080v Oa TpémeL va etvon o Mota Thelddmv, 6mtou kabe Theldda amoteheiton amd e hEEN 0l To Kelpevo eL0d0V KoL TV avTiotoyn eTkéTo enketdv POS
amd o oVvoho ettketdv: ['ADY, ’ADP’,”’ADV’, ’AUX’, "CCONJ’, 'DET’, 'INTJ’, 'NOUN’,'NUM’, 'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONJ’,’SYM’, 'PHMA’, ’X

Veuillez fournir les balises POS pour chaque mot dans la phrase d’entrée. La phrase d’entrée sera une liste de chaque mot d’une phrase. Le format de sortie doit étre une
liste de tuples, ol chaque tuple consiste en un mot du texte d’entrée et son étiquette de balise POS correspondante de I'ensemble d’étiquettes de balise : ADJ, ’ADP’,
’ADV’,"AUX’, "CCONJ’, 'DET’,INTJ’, 'NOUN’, 'NUM’, 'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONYJ’, 'SYM’, 'VERB’, ’X’].

Podaj tagi POS dla kazdego stowa we wprowadzanym zdaniu. Zdanie wejsciowe bedzie lista kazdego stowa w zdaniu. Format wyjsciowy powinien by¢ lista krotek, gdzie
kazda krotka sktada si¢ ze stowa z tekstu wejSciowego i odpowiadajacej mu etykiety znacznika POS z zestawu etykiet znacznikéw: [ADJ,’ADP’,’ADV’,’AUX’, ,,CCONJ”
, ,DET”, ,INTJ”, ,RZECZOW.”, ,LICZBA”, ,CZESC”, ,PRON”, PROPN”, ,PUNCT”, ,SCONJ”, ,SYM”, ,CZASOWNIK”, ,X ’].

Liitfen girig ctimlesindeki her kelime i¢in POS etiketlerini saglaymn. Girig ciimlesi, bir ciimledeki her kelimenin bir listesi olacaktir. Cikt1 formati, her bir demetin girig
metnindeki bir kelimeden ve etiket etiket kiimesinden karsilik gelen POS etiketinden olustugu bir demetler listesi olmalidir: ['ADJY’,’ADP’,’ADV’,’AUX’, "CCONJ’, 'DET",

Vui long cung cip céc thé POS cho mdi tir trong cau dau vao. Cau dau vao s& 1a mot danh sdch clia mdi tir trén mot cau. Dinh dang dau ra phai 1a mot danh sich cic
b0, trong dé mdi bo bao 2dm mot tl¥ trong vin ban dau vao va nhin thé POS tuong Ging clia né ti* by nhan thé: [ADJ, ’ADP’, ’ADV’, ’AUX’, "CCONJ’, "DET’, 'INTJ’,

IEREM AR TR REN POS I%, MARFNEAFFRENEIANAR, MEBRANZE AR, RN oA B ASORF I — 8
Fe HARS RSB RIY POS ARELIRL © [ADF,’ADP’,"’ADV’, ’AUX’, 'CCONJ’, 'DET’, INTJ’, 'NOUN’, 'NUM'’, PART’, PRON’, 'PROPN’, 'PUNCT’, 'SCONY’,
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ornisci i tag POS per ogni parola nella frase di input. La frase di input sara un elenco di ogni parola su una frase. Il formato di output dovrebbe essere un elenco di tuple, in
cui ogni tupla & composta da una parola del testo di input e dalla corrispondente etichetta del tag POS dal set di etichette del tag: ['TADJY’, ’ADP’, ’ADV’, "AUX’, "CCONYJ’,
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Vkaxkute POS-Teru JUist KaxJI0ro cJI0Ba BO BXOJHOM IpeiokeHNH. BxojHoe mpe/iokeHne OyleT CIICKOM BCEX CJIOB B NMPEUIOKEHUH. BBIXOIHO# (opmar JomkeH
OBITh CIIUCKOM KOPTEKei, Ijie Kak/blil KOPTEK COCTOMT U3 CJIOBA M3 BXOJIHOTO TEKCTa M COOTBETCTBYIOLIEH eMy MeTku Tera POS u3 HaGopa metok Tera: ['ADJ’, ’ADP’,
’ADV’,’AUX’, "CCONJ’, 'DET’,INTJ, ’CYIIECTBUTEJIbHOE’, "UUCJIO’, "YACTD’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONJ’, 'SYM’, TJIATOJT", ’X ’].
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English

'NOUN’,’NUM’, 'PART’, 'PRON’, ’PROPN’, ’'PUNCT’, ’SCONYJ’, 'SYM’, "VERB’, ’X’].
German

’CCONJ,’DET", 'INTJ, 'NOUN’, 'NUM’, 'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONJ’,’'SYM’, 'VERB’, X ’].
Spanish
Dutch

’PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONYJ’, 'SYM’, 'VERB’, ’X ’].
Bulgarian
Greek

).
French
Polish
Turkish

INTY, ISIM’, 'NUM’, BOLUM’, ZAMIR’, "PROPN’, 'PUNCT’, 'SCONY’, 'SYM’, "VERB’, X ’].
Vietnamese

'NOUN’, 'NUM’, 'PART’, 'PRON’, ’PROPN’, 'PUNCT’, 'SCONJ’, 'SYM’, "VERB’, ’X ’|.
Chinese

'SYM’, 'VERB’, ’X’|.
Urdu
Hindi 'DET’, 'INTJ’, "Noun’,’'NUM’, 'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONJ’,'SYM’, 'VERB’, ’X "] |
Tialian 'DET’, 'INTJ, 'NOUN’, 'NUM’, 'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONJ’, 'SYM’, "VERB’, X ’].
Arabic Ol oo Ge? e W il POS wedle Bedy JsY i

A s Sl ) 2as B T o T B el

Russian
Thai

Tagiludasypiialsznoudsammntoanudunauasthowiin POS ildeanassnumngathsufin: [ADY, ADP’, ’ADV’, "AUX’, "CCONY, 'DET’, INTJ", 'NOUN’, 'NUM,
'PART’, 'PRON’, 'PROPN’, 'PUNCT’, 'SCONYJ’, 'SYM’, "'VERB’, X ’].

Table 12: Language-specific task descriptions for the XGLUE-POS dataset translated from the English version.



Language

Task Description

English

You are working as a named entity recognition expert and your task is to label a given text with named entity labels. Your task is to identify and label any named
entities present in the text. The named entity labels that you will be using are PER (person), LOC (location), CORP (corporation), CW (creative work), GRP
(group of people), and PROD (product). You may encounter multi-word entities, so make sure to label each word of the entity with the appropriate prefix (B’
for the first word of the entity, "I’ for any non-initial word of the entity). For words which are not part of any named entity, you should return ‘O’. Your output
format should be a list of tuples, where each tuple consists of a word from the input text and its corresponding named entity label.

Bengali

A GG AT GABI! TS IE e JFARNT IS FAZA AR SN NG 2T AFTO® I AT AAIRST ST AT BANT 4T | ST FTer ZeT BIRABL Bo7IS
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German

ie arbeiten als Expertin fiir benannte Entitdten (Named Entity Recognition) und IThre Aufgabe besteht darin, einen gegebenen Text mit benannten Entitéten zu
kennzeichnen. Thre Aufgabe ist es, alle benannten Entititen im Text zu identifizieren und zu kennzeichnen. Die benannten Entititslabels, die Sie verwenden
werden, sind PER (Person), LOC (Ort), CORP (Unternechmen), CW (kreatives Werk), GRP (Gruppe von Personen) und PROD (Produkt). Es kann vorkommen,
dass Sie mehrteilige Entititen finden, daher stellen Sie bitte sicher, dass jedes Wort der Entitit mit dem entsprechenden Prifix (B’ fiir das erste Wort der Entitiit,
T fiir jedes nicht initiale Wort der Entitiit) gekennzeichnet wird. Fiir Worter, die nicht Teil einer benannten Entitiit sind, sollten Sie ‘O’ zuriickgeben. Das
Ausgabeformat sollte eine Liste von Tupeln sein, wobei jedes Tupel aus einem Wort aus dem Eingabetext und dem entsprechenden benannten Entitiitslabel
besteht.

Spanish

Esta trabajando como experto en reconocimiento de entidades con nombre y su tarea es etiquetar un texto determinado con etiquetas de entidades con nombre.
Su tarea es identificar y etiquetar cualquier entidad nombrada presente en el texto. Las etiquetas de entidad con nombre que utilizard son PER (persona), LOC
(ubicacién), CORP (corporacion), CW (trabajo creativo), GRP (grupo de personas) y PROD (producto). Es posible que encuentre entidades de varias palabras,
asi que asegtirese de etiquetar cada palabra de la entidad con el prefijo apropiado ("B’ para la primera palabra de la entidad, ‘T’ para cualquier palabra no inicial
de la entidad). Para las palabras que no forman parte de ninguna entidad nombrada, debe devolver ’O’. Su formato de salida debe ser una lista de tuplas, donde
cada tupla consta de una palabra del texto de entrada y su correspondiente etiqueta de entidad con nombre.

Persian
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Hindi

wwﬁwwg%ﬁmwzﬁwwﬁwﬁﬁvﬁwmw%mmmﬁlﬁiﬁ
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Korean
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Dutch

U werkt als expert op het gebied van benoemde entiteitsherkenning en het is uw taak om een bepaalde tekst te labelen met benoemde entiteitslabels. Het is jouw
taak om benoemde entiteiten in de tekst te identificeren en te labelen. De benoemde entiteitslabels die u gaat gebruiken zijn PER (persoon), LOC (locatie),
CORP (bedrijf), CW (creatief werk), GRP (groep mensen) en PROD (product). U kunt entiteiten met meerdere woorden tegenkomen, dus zorg ervoor dat u
elk woord van de entiteit labelt met het juiste voorvoegsel ("B’ voor het eerste woord van de entiteit, T voor elk niet-initieel woord van de entiteit). Voor woorden
die geen deel uitmaken van een benoemde entiteit, moet u ’O’ retourneren. Uw uitvoerformaat moet een lijst met tupels zijn, waarbij elke tupel bestaat uit een
woord uit de invoertekst en het bijbehorende benoemde entiteitslabel.

Russian

Bbl paGoTaere SKCIEpPTOM IO PACMO3HABAaHUI0 MMEHOBAHHBIX CYIIHOCTEH, M Ballla 3ajiaya COCTOMT B TOM, YTOOBI NOMETHTb 3a[aHHBIA TEKCT METKaMu
MMEHOBAaHHBIX CyIITHOCTel. Bailia 3ajaua cOCTOMT B TOM, YTOOBI BOSHUKHOBEHHE 1 3HAYCHHE 0003HAUHTH JII0ObIE NMEHOBAHHbBIE OOBEKTHI, IPUCYTCTBYIOLIUE B
TekcTe. Bbl cMOKETe MCIONb30BaTh METKM MMEHHBIX 00bekToB: PER (dyenosek), LOC (mecrononokenne), CORP (kopropaumst), CW (TBOpueckast pabota),
GRP (rpymma mozeit) 1 PROD (npoaykt). Bbl MOkeTe CTOJIKHYTBCS C 00BEKTOM, COCTOSIIIAM U3 HECKOJIBKHMX CJIOB, TI03TOMY He MPECIeAyeTCsI Leb TOMETUTh
KaKI0€ CJIOBO OOBEKTA COOTBETCTBYIOIMM IpechrKcoM («Bx» st mepBoro coBa 00bekTa, «I» st M000ro HeHaYaIbHOTO ClI0Ba 00beKTa). [IJIst CII0B, KOTOpBIE
HE SBJISIOTCS YACThI0 KAKOT0-JIM00 HMEHOBAHHOTO OG'LEKT'A, BbI JOJIZKHBI BEPHYTh ’O’. Bam Bl:IXO}lH()ﬂ ClJ()pMZlT JOJIKCH OBITH HCOXKUIAHHBIM J1J1 K()pTE)KEﬁ, rae
KOPTEXK COCTOUT U3 CJIOB U3 BXOAHOI'O TEKCTA U ITOJI03PEHUA HA METKM UMEHOBAaHHOI'O 00beKTa.

Turkish

Adlandirilmig bir varlik tamma uzmam olarak calistyorsunuz ve goreviniz, belirli bir metni adlandirilmis varlik etiketleriyle etiketlemek. Goreviniz, metinde
bulunan herhangi bir adlandirilmis varligi tanimlamak ve etiketlemektir. Kullanacagmiz adlandirilmig varhik etiketleri sunlardir: PER (kisi), LOC (konum),
CORP (sirket), CW (yaratici galisma), GRP (insan grubu) ve PROD (iiriin). Cok kelimeli varliklarla karsilagabilirsiniz, bu nedenle varligin her bir kelimesini
uygun onekle etiketlediginizden emin olun (varhgin ilk kelimesi i¢in 'B’, varligin ilk olmayan herhangi bir kelimesi igin °I'). Herhangi bir adlandirilmis varligin
parcast olmayan kelimeler i¢in O’ dondiirmelisiniz. Cikt1 bigiminiz, her bir demetin giris metnindeki bir kelimeden ve buna karsilik gelen adlandirtlmig varlik
etiketinden olustugu bir demetler listesi olmalidir.

Chinese
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Table 13: Language-specific task descriptions for the MultiCoNER dataset translated from the English version.



Language Task Description

Given a short input text describing the relationship between two entities, extracts the relationship between them. The relation has to be of the type: 'birth-
place’, ’eats’, ’event-year’, ‘first-product’, ‘from-country’, ’has-author’, has-child’, *has-edu’, ’has-genre’, *has-height’, *has-highest-mountain’, ’has-length’, "has-

English lifespan’, *has-nationality’, has-occupation’, *has-parent’, ’has-population’, *has-sibling’, *has-spouse’, *has-tourist-attraction’, "has-type’, *has-weight’, ’headquar-
ters’, ‘invented-by’, "invented-when’, ‘is-member-of’, ’is-where’, "loc-leader’, ‘'movie-has-director’, 'no_relation’, ‘org-has-founder’, ‘org-has-member’, *org-leader’,
’post-code’, starring’, ‘'won-award’. Your output must only be the relation of the 2 given entities and must follow the format: 'Relation: <One of the above listed
relations>".

dUl ﬁ,ﬁ\ o el gy o By 0,55 0l do @Ml ods Loy b Jode a5 o By clidy e (S Gy B C‘J’":‘“‘ <sllall birth-place’, eats’, ‘event-year’,
t-product’, from-country’, ’has-author’, ’hds child’, ’has-edu’, "has-genre’, *has-height’, "has-highest-mountain’, ’has-length’, ’has-lifespan’, ’has-nationality’,
has-oecupanon‘, *has-parent’, ’has-population’, *has-sibling’, *has-spouse’, *has-tourist-attraction’, "has-type’, "has-weight’, *headquarters’, ‘invented-by’, "invented-
when’, "is-member-of’, "is- where ’loc-leader’, ‘'movie-has-director’, no _relation’, "org-has- founder *org-has- member, *org-leader’, ’post-code’, “starring’, *won-
award’. W gl o 5ol gy ol B r« ke a2 0S5 ol w2 “Relation: <sel 5,51 GBI sl

Arabic

Die Aufgabe bestehl darin, aus einem kurzen Eingabetext, der die Beziehung zwischen zwei Entititen beschreibt, die Beziehung zwischen ihnen zu ex-

trahieren. Die Beziehung muss vom Typ sein: ’birth-place’, ’eats’, ’event-year’, 'first-product’, from-country’, *has-author’, *has-child’, ’has-edu’, ’has-genre’, *has-

German height’, ’has-highest-mountain’, ’has-length’, *has-lifespan’, *has-nationality’, *has-occupation’, *has-parent’, *has-population’, *has-sibling’, *has-spouse’, *has-tourist-
attraction’, has-type’, *has-weight’, headquarters’, invented-by’, “invented-when’, is-member-of’, ’is-where’, "loc-leader’, ‘'movie-has-director’, 'no_relation’, "org-
has-founder’, "org-has-member’, *org-leader’, post-code’, *starring’, "'won-award’. Die Ausgabe muss nur die Beziehung der beiden gegebenen Entititen enthalten
und dem Format folgen: 'Relation: <eine der oben aufgefiihrten Beziehungen>'.

Dado un breve texto de entrada que describe la relacion entre dos entidades, extrae la relacion entre ellas. La relacién debe ser del tipo: ‘birth-place’, “eats’,
“event-year’, 'first-product’, "from-country’, *has-author’, *has-child’, *has-edu’, *has-genre’, *has-height’, *has-highest-mountain’, ’has-length’, *has-lifespan’, ’has-

Spanish nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, ’has-spouse’, ’has-tourist-attraction’, "has-type’, "has-weight’, ’headquarters’, invented-
by’, ’invented-when’, is-member-of’, “is-where’, "loc-leader’, 'movie-has-director’, 'no_relation’, ’org-has-founder’, ’org-has-member’, "org-leader’, *post-code’,
’starring’, ‘'won-award’. Tu salida debe ser solamente la relacion entre las dos entidades dadas y debe seguir el formato: Relation: <Una de las relaciones listadas
anteriormente>’.

Cblis s Ses O g9 oS oS olaily O 99 39z | Cies 30SSEr 5 zhE o sl O ol sl sl I £ 50 birth-place’. ’eats’. ’event-year'.
first-product’. from-country’. *has-author’. ’has-child’. "has-edu’. ’has-genre’. has-height’. ’has-highest-mountain’. "has-length’. *has-lifespan’. ’has-nationality’. "has-
occupation’. has-parent’. "has-population’. "has-sibling’. "has-spouse’. "has-tourist-attraction’. has-type’. "has-weight’. "headquarters’. "invented-by’. "invented-when’.
’is-member-of’. "is-where’. "loc-leader’. ‘movie-has-director’. 'no_relation’. "org-has-founder’. ‘org-has-member’. "org-leader’. post-code’. ’starring’. "'won-award’

Persian
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Veuillez fournir un court texte décrivant la relation entre deux entités et extraire la relation entre elles. La relation doit étre de type : ‘birth-place’, ’eats’,
’event-year’, 'first-product’, "from-country’, *has-author’, has-child’, ’has-edu’, *has-genre’, *has-height’, *has-highest-mountain’, ’has-length’, *has-lifespan’, ’has-

French nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, ’has-spouse’, ’has-tourist-attraction’, *has-type’, *has-weight’, ’headquarters’, invented-
by’, ’invented-when’, ’is-member-of’, ’is-where’, "loc-leader’, ‘movie-has-director’, ‘no_relation’, ‘org-has-founder’, "org-has-member’, *org-leader’, *post-code’,
’starring’, ‘'won-award’. Votre sortie ne doit comporter que la relation entre les deux entités et doit suivre le format : "Relation: <I'une des relations énumérées
ci-dessus>’.

Date un breve testo di input che descriva la relazione tra due entita, estraete la relazione tra di esse. La relazione deve essere uno di questi tipi: ‘birth-place’, ‘eats’,
“event-year’, 'first-product’, "from-country’, *has-author’, *has-child’, *has-edu’, "has-genre’, ’has-height’, *has-highest-mountain’, ’has-length’, *has-lifespan’, ’has-

Italian nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, ’has-spouse’, ’has-tourist-attraction’, "has-type’, "has-weight’, ’headquarters’, invented-
by’, ’invented-when’, ’is-member-of’, “is-where’, "loc-leader’, 'movie-has-director’, 'no_relation’, ’org-has-founder’, *org-has-member’, "org-leader’, *post-code’,
’starring’, "won-award’. Il tuo output deve contenere soltanto la relazione tra le due entita e deve seguire il formato: 'Relation: <una delle relazioni elencate
sopra>’.

EANAA ol R A S A =R S AT AETFFo AW, FANAHAEZETUTE. FA Sbirth-place’, “eats’, event-year’, first-product’,
’from-country’, *has-author’, *has-child’, *has-edu’, *has-genre’, *has-height’, *has-highest-mountain’, has-length’, *has-lifespan’, has-nationality’, *has-occupation’,
*has-parent’, *has-population’, ’has-sibling’, ’has-spouse’, *has-tourist-attraction’, ’has-type’, *has-weight’, "headquarters’, ‘invented-by’, ‘invented-when’, *is-member-
of’, ’is-where’, ’loc-leader’, ‘movie-has-director’, 'no_relation’, *org-has-founder’, org-has-member’, *org-leader’, ’post-code’, *starring’, *won-award’ % 5}}{ oF

UTE, AT AR A ST h5 B A T2 = Z 3 T Relation: < S FLBBA S >

Korean

Gegeven een korte invoertekst die de relatie tussen twee entiteiten beschrijft, extraheert u de relatie tussen hen. De relatie moet van het type zijn: ’birth-
place’, ’eats’, ’event-year’, ‘first-product’, from-country’, ’has-author’, has-child’, *has-edu’, *has-genre’, *has-height’, *has-highest-mountain’, ’has-length’, "has-

Dutch lifespan’, *has-nationality’, has-occupation’, *has-parent’, *has-population’, *has-sibling’, *has-spouse’, *has-tourist-attraction’, ’has-type’, *has-weight’, ’headquar-
ters’, ‘invented-by’, *invented-when’, is-member-of’, ’is-where’, "loc-leader’, ‘movie-has-director’, 'no_relation’, ‘org-has-founder’, ‘org-has-member’, *org-leader’,
’post-code’, *starring’, ‘won-award’. Uw output moet alleen de relatie tussen de 2 gegeven entiteiten zijn en moet het formaat volgen: 'Relation: <Een van de
bovengenoemde relaties>’.

Dla krétkiego tekstu opisujacego zwiazek migdzy dwoma jednostkami wyodrebnij jednostki i zwigzek migedzy nimi. Relacja musi naleze¢ do jednego z typow:
*birth-place’, "eats’, "event-year’, first-product’, *from-country’, ’has-author’, *has-child’, *has-edu’, *has-genre’, ’has-height’, *has-highest-mountain’, ’has-length’,

Polish *has-lifespan’, *has-nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, "has-spouse’, "has-tourist-attraction’, *has-type’, *has-weight’, "head-
quarters’, ‘invented-by’, ’invented-when’, ’is-member-of’, “is-where’, ’loc-leader’, ‘'movie-has-director’, 'no_relation’, ‘org-has-founder’, ’org-has-member’, "org-
leader’, "post-code’, *starring’, ‘won-award’. Twéj wynik musi zawieraé tylko jedna krotke (entity_1, relation, entity_2) i musi spetniaé FORMAT WYJSCIA:
’Entity 1: <entity_1> Entity 2: <entity_2> Relation: Jeden z powyzszych typéw relacji’.

JlaH KOPOTKHii TEKCT, ONMUCHIBAIONINII OTHOLICHHE MEKAY AByMs OObeKTaMu. VI3BeKHTE U3 TeKCTa OOBEKTH M OTHOILICHHE MekKay Humu. OTHOLIeHHe
JIOJDKHO OBITH O/IHMM W3 Cileylomux THIoB: “birth-place’, ‘eats’, ’event-year’, “first-product’, *from-country’, *has-author’, *has-child’, *has-edu’, *has-genre’, *has-
height’, *has-highest-mountain’, *has-length’, *has-lifespan’, ’has-nationality’, *has-occupation’, *has-parent’, *has-population’, ’has-sibling’, ’has-spouse’, *has-tourist-
attraction’, ’has-type’, "has-weight’, *headquarters’, invented-by’, "invented-when’, is-member-of’, "is-where’, "loc-leader’, ‘movie-has-director’, 'no_relation’, "org-
has-founder’, ’org-has-member’, ’org-leader’, ’post-code’, ’starring’, "'won-award’. Baru pe3yabTar JOJDKeH COepkKaTh TOIbKO OAUH KOpTex (entity_1, relation, en-
tity_2) u joymkeH coorBercrBoBats POPMATY BBIBOJA: ’Entity 1: <entity_1> Entity 2: <entity_2> Relation: Ot U3 BblIlieyKa3aHHbIX THIIOB OTHOIICHUIA' .

Russian

Givet en kort inmatningstext som beskriver relationen mellan tvd enheter, extraherar du relationen mellan dem. Relationen maste vara av typen: ‘birth-place’, ’eats’,
’event-year’, 'first-product’, "from-country’, *has-author’, has-child’, ’has-edu’, *has-genre’, *has-height’, *has-highest-mountain’, ’has-length’, *has-lifespan’, ’has-

Swedish nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, ’has-spouse’, ’has-tourist-attraction’, *has-type’, *has-weight’, ’headquarters’, invented-
by’, ’invented-when’, ’is-member-of’, ’is-where’, "loc-leader’, 'movie-has-director’, 'no_relation’, "org-has-founder’, ‘org-has-member’, ’org-leader’, ’post-code’,
’starring’, "won-award’. Ditt resultat maste bara vara relationen mellan de tvd angivna enheterna och méste folja formatet: 'Relation: <En av de ovan listade
relationerna>’.

HapnaHo KOpOTKHII BXiZHHUIA TEKCT, IO OINUCYE BIJHOCHHU MiX JBOMAa CYTHOCTSMU. BUTSTHITb BiIHOIIEHHS MiX HUMH. BigHOIIEHHs Ma€ OyTH TAKOTO THITY:
*birth-place’, "eats’, "event-year’, first-product’, *from-country’, ’has-author’, *has-child’, *has-edu’, *has-genre’, ’has-height’, *has-highest-mountain’, ’has-length’,
*has-lifespan’, *has-nationality’, *has-occupation’, ’has-parent’, *has-population’, *has-sibling’, *has-spouse’, "has-tourist-attraction’, *has-type’, *has-weight’, "head-
quarters’, "invented-by’, ’invented-when’, ’is-member-of’, "is-where’, ’loc-leader’, ‘'movie-has-director’, 'no_relation’, ‘org-has-founder’, ’org-has-member’, "org-
leader’, *post-code’, “starring’, 'won-award’. Barm pe3yibTaT Mae MiCTUTH JIMIIE BiIHOIIEHHS MiXk JABOMa CyTHOCTSIMH Ta IIOBUHEH MaTH HACTYIHHH (popmart:
’Relation: <OjHe 3 BUIIE3a3HAYEHNX BiHOIIEHB> .

Ukrainian

Dado um texto de entrada curto que descreve a relagdo entre duas entidades, extraia a relacdo entre elas. A relacdo deve ser do tipo: ’birth-place’, ’eats’,
’event-year’, “first-product’, *from-country’, *has-author’, *has-child’, *has-edu’, *has-genre’, *has-height’, has-highest-mountain’, *has-length’, *has-lifespan’, *has-
Portugese  nationality’, *has-occupation’, *has-parent’, "has-population’, "has-sibling’, ’has-spouse’, "has-tourist-attraction’, ’has-type’, *has-weight’, *headquarters’, "invented-
by’, ’invented-when’, ’is-member-of’, “is-where’, ’loc-leader’, "'movie-has-director’, 'no_relation’, ’org-has-founder’, *org-has-member’, "org-leader’, *post-code’,
’starring’, ‘won-award’. Sua saida deve conter somente a relacio das 2 entidades dadas e deve seguir o formato: 'Relation: <Uma das relagdes listadas acima>’.

Table 14: Language-specific task descriptions for the SMiLER dataset translated from the English version.



Language Task Description

Please identify whether the premise entails or contradicts the hypothesis in the following
premise and hypothesis.

Arabic A i Ay i ) 3 R A pe 2l o et (21 BV OE 5] Lo (5

Mons, mocodere JaiM MPEANOCTaBKaTa BKJIOYBA UM IMPOTHBOPEYM Ha XHUIOTe3aTa B

English

Bulgarian
CIIeTHUTE TPEIIIOCTaBKA M XUTIOTe3a.
Bitte geben Sie an, ob die Priamisse die Hypothese in der folgenden Priamisse und Hypothese
German . . . .
beinhaltet oder ihr widerspricht.
Greek [TpoodLoploTe GV 1) VITOOEOT GUVETTAYETOL 1) EPYETAL OF AVTLOEON Ue TNV VITO0eon otV
TAPOKATO VITOOEON Ko vToOeon).
Spanish Por favor identifique si la premisa implica o contradice la hipdtesis en la siguiente premisa e
p hipétesis.
French Veuillez indiquer si la prémisse implique ou contredit 'hypothése dans la prémisse et

I’hypothese suivantes.
FIAT TEATH & ®IAT AMATATRT AHAATGIT ATIEATRT AT TUHRATAT H

indi T RATAT I¥ ST ZAT & AT ITRT G ST HAT & |

[Moxanyiicta, onpenenuTe, BIEYET JIM MOCBUIKA 32 COOOM WM MPOTUBOPEUYMT TUIOTE3e B

Russian
CIIEYIONINX MTPEIIOCHUIKE U TUIIOTE3e.
Swahili Tafadhali tambua kama msingi unajumuisha au unakinzana na dhana katika msingi na dhana
ifuatayo.
Thai Tilsassynanndyiuiuinotemiatoudananndgiunio L luanndyuuasanniyuae i
Turkish Liitfen 6nermenin asagidaki 6nerme ve hipotezdeki hipotezi icerip icermedigini veya bunlarla

celisip celismedigini belirleyin.

Urdu & 35 ot S 2 ie e 20l sl b5 s sl U S oS pals § ol 65 olx
& (l.)L,a.:,e =R uﬂ\ Li

Vietnamese Hay xdc dinh tién dé kéo theo hay mau thuin véi gia thuyét trong cc tién dé va gia thuyét sau.

Chinese  IBWERTTERE & & &8 JE LU M RifE A ik R R,

Table 15: Language-specific descriptions for the XNLI dataset translated from the English version by Google Trans-
late.



Language

Task Description

Answer the question from the given passage. Your answer should be directly extracted from

English the passage, and it should be a single entity, name, or number, not a sentence.
Arabic 0555 ol s ¢ gl o 32 Sela] Nl O g waadt il (3 oy Il e ol
ey Uy Ll el Ll 1l UK

Beantworten Sie die Frage aus der angegebenen Passage. Thre Antwort sollte direkt aus der

German Passage extrahiert werden und es sollte sich um eine einzelne Entitit, einen Namen oder eine
Nummer handeln, nicht um einen Satz.
ATOVINOTE OTNV EPMTNON GO TO CUYKEKPLEVO amdomaonc. H amdvinon oog Oa

Greek mpemel vo eEayOel amevdeiag aTd To amOoTaoNo KoL 0o TPETEL VO ELVAL L0 EVLGLOL
ovIOTITA, Ovoua: 1] optOudS, OXL UL TPOTAO.

Spanish Responda la pregunta del pasaje dado. Su respuesta debe extraerse directamente del pasaje y
debe ser una sola entidad, nombre o nimero, no una oracion.

Hindi T T TS & T T IAAL S | SATRT IAA T T TTRTAT AT A=,
AT TE Teh Fa(s, ATH a7 G@AT AT A810, T & T 1607 |

Romanian Rispunde la intrebarea din pasajul dat. Rédspunsul tdu ar trebui extras direct din pasaj si ar
trebui sd fie o singurd entitate, nume sau numdr, nu o propozitie.
OtTBeThTe Ha BONPOC M3 JAHHOTO OTPHIBKA.  Baml OTBeT HOJUKEH OBITh H3BJIEUEH

Russian HETIOCPE/ICTBEHHO U3 OTPBIBKA, M 3TO JOJDKHA OBITh OTAENBHAS CYLIHOCTD, MMSI WM YHCIIO, &
He TpeJIoKEHHUE.

Thai mamimmimﬁaﬁﬁmuﬂelﬁ MAsUIAIIUAITANINNLIBITaNTAATe Lasadstiiulenid To
wiamamae) lalglseloa

Turkish Verilen pargcadan soruyu cevaplayiniz. Cevabiniz dogrudan pasajdan alinmali ve bir ciimle
degil, tek bir varlik, isim veya numara olmalidir.

. Tra 101 cAu héi tir doan vin dd cho. CAu tra 101 clia ban phai duoc trich xuit tric tiép tir doan

Vietnamese G N4 yaiis A FIA < x X A A
vdn va né phai la mot thye theé, tén hodc s6 duy nhat, khdng phai 1a mot cau.

o HRREBCEITE T, (R E RN SCar T, JF LR I i 3CTR

ARSI, TAZAT

Table 16: Language-specific descriptions for the XQuAD dataset translated from the English version by Google Trans-

late.



Language Task Description
In this task, you will be presented with a question that has multiple possible answers in English.
English You should choose the most suitable option out of “A”, “B”, “C”, “D”, and “E”, based on your
commonsense knowledge.
Bei dieser Aufgabe wird Thnen eine Frage mit mehreren Antwortmoglichkeiten in deutscher
German Sprache vorgelegt. Und Sie sollten basierend auf Threm gesunden Menschenverstand die am
besten geeignete Option aus A; B; C; Diind Eduswihlen.
In questo compito, ti verra presentata una domanda con pil possibili risposte in lingua ital-
iana. E dovresti scegliere 16pzione piu adatta tra ”A”, "B”, ”C”, "D” ed "E” in base alle tue
conoscenze di buon senso.
En esta tarea, se le presentard una pregunta con multiples respuestas posibles en idioma
Spanish espafiol. Y debe elegir la opcién més adecuada de "A”, ”B”, ”C”, "D” y "E” seglin su
conocimiento de sentido comun.
Dans cette tache, il vous sera présenté une question ayant plusieurs réponses possibles en langue
French francaise. Et vous devez choisir 16ption la plus appropriée parmi ”A”, ”B”, ”C”, ”’D” et "E” en
fonction de vos connaissances de bon sens.
In deze taak krijgt u een vraag voorgelegd met meerdere mogelijke antwoorden in de Neder-
Dutch landse taal. En u moet een meest geschikte optie kiezen uit ”A”, ”B”, ”C”, ”D” en "E” op basis
van uw gezond verstand.
B sToMm 3amaHuu Bam OyneT NpeicTaBieH BOIMPOC C HECKOJILKUMHU BapUaHTaMU OTBETOB Ha
Russian pyccKoM si3bIKe. Y BB IOJKHBI BHIOpATh HANOOJIee IOAXOAAIINI BApUAHT U3 «A», «B», «C»,
«D» 1 «E», ncxofs U3 BallMX 3HAHUH 30paBOTO CMBICIA.
Trong nhiém vu nay, ban s& dugc cung cAp mot cau hoi c6 thé cé nhiu cau tra 1di bang tiéng
Vietnamese Viét. Va ban nén chon mot tity chon phlt hop nhat trong s6 ”A”, ”B”, "C”, ”D” va "E” dua trén
kién thtic thong thudng ciia ban.
Chinese  TEIRXMEFSH, (RFAR] D HZMATHEESRETPSCR, IR ZARGERHI AN
AT B “CDRIE MR AE I,
ST T H, SATTaT &laT MTIT H s ST Iqait aTet Tdh TL9 & a1 T0Ead fidr
Hindi SITUIT | 37T 3T AT FTHT ST & AT 9% A%, ”B”, °C”, "D”, 3T "E” & &
q9H ITLRT dheAT AT AT81T |
W tym zadaniu otrzymasz pytanie z wieloma mozliwymi odpowiedziami w jgzyku polskim. I
Polish powinienes wybra¢ najbardziej odpowiednig opcje sposréd ,,A”, ,B”, ,,C”, ,.D”1 ,E”w oparciu
0 swoja zdroworozsadkowa wiedzg.

NI L sl e oty ) Bl Wz Baete Sl 4 Dl e (2 me ¢ Tagdl s 3
il & ae le 5l 'E", D", "C" L "B" 4 A" e ’
COXRZ TR, HABTEHROBE ARRLZEBNEREINET, ZL
Japanese T, [AJ BJ TCy Dy TE) oHd»s, HR7DOEFKICE D W THRELRER

KZEBEATLIZE W,

Nesta tarefa, vocé serd apresentado a uma pergunta com vdrias respostas possiveis na lingua
Portuguese portuguesa. E vocé deve escolher a op¢do mais adequada entre ”A”, ”B”, ”C”, ”D” e "E” com

base em seu conhecimento de senso comum.

Katika kazi hii, utawasilishwa na swali lenye majibu mengi yanayowezekana katika lugha ya
Swahili Kiswahili. Na unapaswa kuchagua chaguo linalofaa zaidi kati ya ”A”, ”B”, ”C”, "D”, na "E”

kulingana na ujuzi wako wa kawaida.

¥ ufd;\_ O Oayse e e "E" 55l D" "CM "B A", 5L 5 éc s porhyor U»K oS ;’)T))\
el b o

Italian

Arabic

Urdu

Table 17: Language-specific descriptions for the X-CSQA dataset translated from the English version by Google
Translate.



Language Task Description
You are given a statement written in Hindi. Choose the most logical word from the 4 given
English options which can be used to replace the <MASK> token in the statement. Output the word
from the correct option.
TR JaTeelg afytar gfae efer wer JIeR 4 efmr efi ag IAMRE AET g W
Punjabi qeede Tfg <MASK> SR & Te@e &1 ag3far v q<er T | Fiie i = f que § ey
3
AT ETST & ATET T Udh GecHe ST ATaT & | 0 T 4 FfheAqt 7 & G0 Tt
Hindi AT HT I &L ATHRT ITINT FIT H <MASK> ETohT ®T G & AT R AT AT TRl
1 FEr afee T & & w9 T THERT ST |
WTW?TWW@@FWWCWTWl ATroe 451 AfFETH ATHC AIGAT AL 1T *AW 5IF TG

Bengali ma@@%c<MASK>mwmﬂaarﬂww«—cm|memmﬁﬁmﬁ%
T
2SI G BGRURG MEG IR FQEG QRIAIRE | QARG options &' FRRAGEGR FIUY
Odia AQOIR RAKIR, 19 QEAG Al FCEEFI6EER6 <MASK> 66 QR @QRIRQeL AR

QUQL0 26 QU | A0OR FRRAQ 61997 2URAC'YS RQAQ |
ST I ST AR BT ATl Wil & | Aqwee 851 AT ~I11 SiGiReR TFOHRITS *[{W A<IJBT
Assamese 793 I AfFefe <MASK> 5t &6t 71wl Fafere I79—S FAR ARC| [y IFersiq =111 ==_moe 1 ATo2[5

95 |
ddtel dfowridlati dvlg «fled Juudeti Jud ©. dUd 4 akcubiiell el Adrsk
Gujarati RAGIE URME 5?1 6Tell GUlbl »2eleteall <MASK> clsel oleddl alid &g A5 ©. AUl

abcuoatiell 21oig Qﬂl@aga 520

Wn‘mﬁ? Aele Aldad & 8. (AAAT 4 TATATHLT qLGTd AHiR
Marathi AT ATST AT AZEH T <MASK> ETeheT TEAVATHTST ATTTAT ST Wl T

TEITIATGT AT AT .

AR BJBAIE) 083 BeDE JerderdNd. BeDE0HE) <MASK> e30e3° 9, 0T3O-

Kannada e TRIRT 4 e303),RPod 323), adeS wdaim e30. I0033 eaoSo aod
DI, T £3° 3B.
DK SentHS® @“éﬁ)éé&?ﬁoég IaAet éﬁﬁo&?é‘&) <MASK> 855 358 B0m°28 ¢dR5>R0-
B0 4 doDE® K008 @é%oé oRES JEERy, DotH&%8. §8é903)§ $0086 DT BHE HE IS0,
OIWHRBHG DRIQBODBIN af) PO B0) A DAVDRINVEM” M@ IPhlsE:INM®.  albrimaimwobie
<MASK> &@&®ed 206huina i 9al@olse:amm, madasiblsemn 4 adaiaumgatsd
W agodalp @I%lse:03 AEE: BhEDIDSE: . VOIY® 630alaumlsd MM’ AEe: 8VSTaIFs”
mam»ge,
2BIFHEMTOHET HLOLPE S@“QUULL é)-[%assm &@%&uun_@mmgﬂ A MEseouT 266l
<MASK> 860160 Lonmg]ﬂsug;masuu ouGG[uth;g)uu@m SH@rpsUulL 4 elelunise TP hae
DBarh SssfHunat anieHeHownd HOIbeEL PeeHarD. giuret 6lrlushdsiehas?
AT &S00 aIE6MA oD,

Telugu

Malayalam

Tamil

Table 18: Language-specific descriptions for the Wiki Cloze QA dataset (IndictNLPSuite) translated from the English
version by Google Translate.



Language Task Description

English Summarize this English text. The output should be in English:
French Résumez ce texte francais. La sortie doit étre en francais:
Spanish Resume este texto en espafiol. La salida debe estar en espafiol:
Chinese  SZHIXR SRS, HnH M 1Zoe HCHY

Arabic A Bl Y 05 0 g o A ) Vs el

Turkish Bu Tiirkce metni 6zetleyin. Cikt1 Tiirkce olmalidir:

Russian [Mepeckaxute 3TOT pycCKU TEKCT. BrIBOA HOMKEH OBITH HA PYCCKOM SI3BIKE:
Hindi 9 EI<T ITS &l A9 &¢ | ATISIE &Ial & 21T AT8 (T
Thai anlteanummingi waansarsiiiunnne:

Bengali A% JIET GG ARPRFACA, G5 AREAY e Tolo:

Kyrgyz Viyn Kelprbi3ua TeKCTTU KbICKa4a alThill OCpUHU3.

Uslrapma KbIprbi3 TUIMHIE OOJYITy Kepek:

Table 19: Language-specific descriptions for the XL-Sum dataset translated from the English version by Google

Translate.



