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Abstract

Despite remarkable advancements in few-shot
generalization in natural language processing,
most models are developed and evaluated pri-
marily in English. To facilitate research on
few-shot cross-lingual transfer, we introduce a
new benchmark, called BUFFET, which uni-
fies 15 diverse tasks across 54 languages in a
sequence-to-sequence format and provides a
fixed set of few-shot examples and instructions.
BUFFET is designed to establish a rigorous
and equitable evaluation framework for few-
shot cross-lingual transfer across a broad range
of tasks and languages. Using BUFFET, we
perform thorough evaluations of state-of-the-
art multilingual large language models with
different transfer methods, namely in-context
learning and fine-tuning. Our findings reveal
significant room for improvement in few-shot
in-context cross-lingual transfer. In particular,
ChatGPT with in-context learning often per-
forms worse than much smaller mT5-base mod-
els fine-tuned on English task data and few-shot
in-language examples. Our analysis suggests
various avenues for future research in few-shot
cross-lingual transfer, such as improved pre-
training, understanding, and future evaluations.

1 Introduction

Recent advances in NLP primarily focus on the En-
glish language (Blasi et al., 2022). Due to the lack
of sufficient training data in most of the world’s
languages (Yu et al., 2022), prior work explores
direct transfer of pretrained language models to
new languages after fine-tuning on resource-rich
languages (zero-shot cross-lingual transfer; Hu
et al. 2020b). Transferring after training a model
on a few examples (few-shot cross-lingual transfer)
often boosts performance, especially in languages
that are distant from the source language (Lauscher
et al., 2020; Hedderich et al., 2020).

In English, zero- or few-shot learning via in-
context learning is an active area of research (Belt-
agy et al., 2022; Schick and Schiitze, 2021a; Shin
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Figure 1: BUFFET includes unified diverse tasks in
the same format, covering many typologically diverse
languages. It enables a fair comparison across models,
transfer methods, and languages and facilitates large-
scale analysis across different learning setups.

et al.,, 2020). In this learning paradigm, one
prompts a large language model (LLM) with few-
shot demonstrations or natural language instruc-
tions to adapt to a new task, without any parameter
updates. Yet, few-shot transfer across languages
is still under-explored (Lin et al., 2021) in a wide
range of tasks and languages. Moreover, it is un-
clear how effectively in-context learning performs
in comparison to widely-used fine-tuning-based
transfer methods under a comparable setup.

This work introduces a new benchmark called
BUFFET: Benchmark of Unified Format FEw-
shot Transfer Evaluation (Figure 1) to enable rigor-
ous evaluations and advance research on few-shot
cross-lingual transfer. Similar to a rich buffet, BUF-
FET curates a diverse mix of tasks: 15 different
tasks—including classification, structured predic-
tion, and natural language generation—across 54
languages. BUFFET has several unique character-
istics that are not present in prior multi-task multi-
lingual benchmarks (summarized in Table 1):
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* BUFFET provides a fixed set of few-shot exam-
ples for training and validation, allowing for fair
comparisons across LMs and transfer methods.

* BUFFET includes datasets annotated in each
language or covering under-represented lan-
guages, which are often not included in existing
multi-task benchmarks.

* BUFFET combines diverse tasks into a unified
text-to-text format and provides a set of English
and machine-translated instructions for each task,
removing the burdens of task-specific architec-
ture changes or prompt engineering.

Using this new benchmark, we extensively eval-
uate the current state-of-the-art multilingual large
language models (LLMs), including mT5 (Xue
et al., 2021), mTO (Muennighoff et al., 2022),
BLOOM (Scao et al., 2022), BLOOMZ (Muen-
nighoff et al., 2022), and ChatGPT (Ouyang et al.,
2022), using both fine-tuning and in-context learn-
ing approaches. In particular, BUFFET enables us
to investigate the following research questions:
(RQ1) Is in-context learning competitive with
fine-tuning in few-shot cross-lingual transfer?
Notably, given the same small numbers of exam-
ples in the target languages, in-context learning
on LLMs (including ChatGPT, the most power-
ful model we evaluate in this work) often under-
performs much smaller specialized mT5-base mod-
els, as shown in Figure 1 (bottom left).

(RQ2) How well do different transfer methods
perform across tasks and languages? The perfor-
mance gap between in-context learning-based base-
lines and fine-tuning-based baselines is more signif-
icant in under-represented languages (Figure 1 bot-
tom center). On NLI in indigenous languages of the
Americas, ChatGPT or mTO0-11B using in-context
learning performs barely above random, while 580
million parameter mt5-base fine-tuned models re-
tain strong performance. On the contrary, these
LLMs perform well on generative tasks where a
smaller task-specific model struggles, demonstrat-
ing their superiority in generating fluent text for
diverse languages without abundant training data.

(RQ3) How does the choice of transfer setup af-
fect different transfer strategies? BUFFET also
enables us to perform an in-depth and extensive
analysis of the effects of diverse demonstrations
and instructions on the downstream transfer qual-
ity.  Our observations indicate that the choice
of few-shot training examples has a substantial
influence on a model’s performance, particularly,

Multi-ling. Few-S  Gen. Low-R
XTREME v
XTREME-R v
XGLUE v v
CrossFit v v
MEGA* v v
"BUFFET | v v o

Table 1: Comparison of the existing benchmarks based
on their multilinguality (Multi-ling.), few-shot task for-
mulation (Few-S), availability of generative tasks (Gen.),
and coverage of low-resource languages (Low-R). * in-
dicates concurrent work.

with greater variability in in-context learning, com-
pared to fine-tuning. We note that optimal transfer
settings may differ across models. For example,
instruction-tuned models often face challenges in
effectively utilizing few-shot samples and their per-
formance deteriorates as the number of demon-
strations increases, possibly because they are opti-
mized for the zero-shot instruction-tuned training
scheme. This highlights the need for a standard-
ized benchmark to facilitate fair comparisons and
further studies to assess such transfer dynamics in
non-English data.

Grounded in our analysis, we suggest avenues
for future research in few-shot cross-lingual trans-
fer for both dataset creation and model develop-
ment. Our data and code are available online.'

2 Background and Related Work

2.1 Problem Formulation

Due to the lack of annotated training data in many
languages (Blasi et al., 2022; Yu et al., 2022;
Joshi et al., 2020), transferring models trained on
resource-rich languages (e.g., English) to other
languages has been actively studied in multilin-
gual NLP. In this paper, our main focus is on few-
shot cross-lingual transfer (Lauscher et al., 2020),
where a model is adapted using only a limited num-
ber of training or validation examples in the target
language L. Another popular paradigm is zero-
shot cross-lingual transfer (Artetxe et al., 2020a;
Hu et al., 2020b) from English, where a model has
access to training sets or instructions in English but
not in the target language.

Various transfer methods have been investigated
in the field, including the in-context learning meth-
ods (Section 2.3). Yet, limited research explores
different transfer methods under comparable condi-
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tions. With our new benchmark, BUFFET, we fa-
cilitate fair comparisons between models and learn-
ing methods, establishing a basis for studying the
dynamics of few-shot transfer across various lan-
guages (Section 2.2).

2.2 Benchmarks for Cross-lingual Transfer

To enable a scalable and rigorous evaluation across
multiple tasks, prior work has proposed multi-task
benchmarks that unify diverse existing datasets.
XTREME (Hu et al., 2020b), XTREME-R (Ruder
et al., 2021) and XGLUE (Liang et al., 2020) fo-
cus on zero-shot transfer of models fine-tuned on
English datasets. Despite English-based few-shot
evaluation benchmarks, such as CrossFit (Ye et al.,
2021), in few-shot cross-lingual transfer, we lack
a standardized evaluation benchmark to facilitate
the comparison of models and learning methods
at scale. BUFFET provides the first large-scale
few-shot cross-lingual transfer suits to address the
gap. Importantly, to mitigate the effects of the high-
performance variance in few-shot cross-lingual
transfer (Zhao et al., 2021), we curate and aggre-
gate results from multiple fixed k-shot training in-
stances for each task and language. Concurrent
with our work, MEGA (Ahuja et al., 2023) con-
ducts experiments of few-shot cross-lingual trans-
fer with a focus on classification and question an-
swering tasks. BUFFET unifies diverse tasks in-
cluding both discriminative and generative tasks.
We also include datasets covering languages under-
represented in prior work (e.g., African and indige-
nous languages). Table 1 summarizes the key differ-
ences between BUFFET and prior benchmarks.

2.3 Methods for Cross-lingual Transfer

Fine-tuning-based approaches. Multilingual
pre-trained models (Devlin et al., 2019; Xue et al.,
2021; Conneau et al., 2020a) have the ability to
adapt to new languages with no or few training in-
stances in a target language (Conneau et al., 2020b;
Hu et al., 2020b; Wu and Dredze, 2019). Lauscher
et al. (2020) and Hedderich et al. (2020) report
that particularly in languages that are distant from
the source language, further fine-tuning model on
few-shot samples greatly improves performance.

Cross-lingual in-context learning. In-context
learning (Brown et al., 2020) aims at making an
LM learn a new task by conditioning on a task
description (instruction) and training examples
(demonstrations). Despite active research on in-

context learning (Schick and Schiitze, 2021b; Min
et al., 2022b), most prior work focuses only on
English. Recent work (Lin et al., 2021; Muen-
nighoff et al., 2022) introduces pre-trained LMs
trained on more multilingual pre-trained corpora
or translated datasets and shows improved results.
While prior evaluations often focus on classifica-
tion or translation tasks (Zhu et al., 2023; Vilar
et al., 2022), more recently Shi et al. (2023), eval-
uate the use of instructions, demonstrations, and
rationales in different languages across multiple
reasoning tasks. However, how much LL.Ms with
respect to in-context learning compete with the
aforementioned fine-tuned approaches in a compa-
rable setup and at scale has yet to be investigated,
as they often use a large number of training exam-
ples in target languages (Bang et al., 2023). We
demonstrate even with a small number of train-
ing examples, fine-tuning methods are competitive
with in-context learning for cross-lingual transfer.

3 Benchmark: BUFFET

We introduce a new standardized few-shot
cross-lingual evaluation benchmark: BUFFET
(Benchmark of Unified Format Few-shot Transfer
Evaluation). BUFFET unifies diverse NLP tasks
and provides fixed sets of few-shot samples per
task to facilitate consistent comparisons (Table 2).

3.1 Design Principles

We create the BUFFET benchmark to establish a
rigorous and equitable evaluation framework for
few-shot cross-lingual transfer across a broad range
of tasks and languages. We adhere to the following
design principles with our benchmark.

Standardized few-shot samples. BUFFET pro-
vides three different training and validation sets
of k-shots (e.g., kK = 32) per task for a non-
classification task, or per class for a classification
task, for each language.

Task diversity. Existing cross-lingual bench-
marks often focus on classification or retrieval (Hu
et al., 2020b; Ruder et al., 2021; Liang et al., 2020).
BUFFET encompasses a broad range of task types,
such as classification, generation, extraction, and
structured prediction tasks. By converting all tasks
into the same text-to-text format, we eliminate the
need for task-specific model modifications or tem-
plate conversions.



Tasks Dataset Output L] k  Metric Domain Data curation
NLI XNLI 3-way class 14 16 acc. misc. translation
AMERICAS NLI 3-way class 10 16 acc. misc. translation
PARSI NLU 3-way class 1 16  acc. misc. in-language
OCNLI 3-way class 1 16  acc. misc. in-language
KLUE-NLI 3-way class 1 16  acc. misc. in-language
Paraphrase Detection | PAWS-X 2-way class 6 7 acc. Wikipedia aligned
Sentiment INDIC-NLU-SENT.  2-way class 14 16 acc. e-commerce translation
Analysis AMAZON REVIEW  2-way class 5 16  acc. e-commerce in-language
Commonsense XCOPA multi-choice 11 16 acc. misc. translation
Reasoning XWINOGRAD multi-choice 4 8 acc. misc. translation
QA TYDIQA span 8 8 F1 Wikipedia in-language
Named Entity WIKIANN names & tags 33 32 Fl Wikipedia aligned
Recognition MASAKHANER names & tags 9 32 Fl1 News in-language
Summarization XLSUM summary 12 1 ROUGE News aligned
Question Generation | TYDI QA-QG question 8 8 BLEU Wikipedia in-language

Table 2: The eight target tasks built upon 15 existing datasets in BUFFET. |L| indicates the number of
languages, and k indicates the total number of training instances. We include datasets that are diverse in terms of
output format, tasks, and domains. We also include datasets that are curated by translation, in-language annotation
(in-language) and automatically aligned (aligned) following Yu et al. (2022).

Language diversity. BUFFET covers 54 ty-
pologically diverse languages, spanning 24 lan-
guage families, including under-represented lan-
guages (e.g., indigenous languages of the Americas,
African languages). The 36 out of 54 languages
are not Indo-European languages. A full list of
languages is available in Appendix Table 5.

Beyond evaluations on translated data. Prior
few- or zero-shot evaluations were often conducted
on widely-used datasets translated from English
(e.g., XNLI; Conneau et al. 2018, XCOPA; Ponti
et al. 2020). Those datasets might exhibit undesired
biases, such as translation artifacts or unnatural
topic distributions (Clark et al., 2020; Artetxe et al.,
2020b). We collect both translation-based datasets
and datasets that are annotated directly in each
language (Table 2, Data curation).

3.2 BUFFET Construction Process

Following Ye et al. (2021), we unify all tasks into
the same text-to-text format, where a model is
expected to directly generate the desired outputs
given diverse inputs (Raffel et al., 2020). For each
dataset in BUFFET, we unify instance representa-
tions of instruction, k-shot instances for training
and validation. Each training instance consists of
an input and output. Figure 2 shows an overview.
Section 3.2.1 provides the outline of the unification,
and Section 3.2.2 provides a task-specific process.

3.2.1 Unification Process

Few-shot instance selection. By default, we use
all of the languages included in the original datasets.
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Figure 2: BUFFET includes 15 datasets, which are
unified into the same single text-to-text format.

For automatically aligned datasets with many test
languages, such as XLSUM or WIKIANN, we fil-
ter out languages that are not included in any other
BUFFET datasets following suggestions by (Yu
et al., 2022).> For each language in each dataset,
we randomly sample k-shot instances (or demon-
strations) for training and validation sets using the
same random seeds.’ With large-scale automati-
cally aligned datasets, we randomly sample 1,000
test instances in XLSUM and WIKTANN and 2,000
test instances for Amazon Review, to reduce infer-
ence time costs across many languages and multi-
ple sets of demonstrations.

Instruction selection. We use English instruc-
tions from SuperNaturallnstructions (Wang et al.,
2022b) and PromptSource (Bach et al., 2022).

20n XLSUM, we further reduce the number of languages
to reduce the inference costs while maintaining language di-
versities.

3We use 100, 13, and 21 as seed numbers, following Ye
etal. (2021). Once we sample the instances, we fix the training
and validation sets.



Among multiple annotated instructions, we sample
the first instruction for a similar task that suits our
text-to-text scheme. For some tasks, we modify the
original instruction to make labels consistent with
the names used in BUFFET* or to remove task-
specific dependencies in the input data field. See
Appendix Table 6 for the full list of instructions.

Instruction translation. Despite rapid progress
of instruction-tuning in English LLMs (Wei et al.,
2022; Sanh et al., 2022; Mishra et al., 2022; Wang
et al., 2022b), cross-lingual setups still lag behind
due to a lack of instructions in the target languages.
Prior work often translates instructions for the tar-
get tasks (Lin et al., 2021; Shi et al., 2023). We
provide translated instructions for 15 datasets in 54
target languages, translated by NLLB (Costa-jussa
etal., 2022), and manually translate the instructions
into five languages.’

3.2.2 Tasks and Dataset Curation

We first select eight popular NLP tasks and, for
each task, we identify available datasets using a
careful survey of multilingual datasets by Yu et al.
(2022). Appendix Table 6 shows examples.

Natural language inference. Natural Lan-
guage Inference (NLI) involves determining
the logical relationship (i.e., entailment,
contradiction, neutral) between two text
fragments, i.e., a premise and a hypothesis. In
addition to the widely used XNLI (Conneau
et al., 2018), we gather NLI datasets that are an-
notated in each language or designed to cover
extremely under-represented languages: AMER-
ICASNLI (Ebrahimi et al., 2022), PARSINLU-
ENTAILMENT (Khashabi et al., 2021), KLUE-
NLI (Park et al., 2021), and OCNLI (Hu et al.,
2020a). We use 16 examples for each class.

Paraphrase detection. Paraphrase detection is
the task of identifying whether two sentences
have/do not have the same meaning (duplicate
or not duplicated). We adopt PAWS-
X (Yang et al., 2019) and include 16 shots for each
class as few-shot training and validation data.

“For example, an instruction for PAWS-X says the class
names are “repeated/not repeated” while in BUFFET we use
“duplicated/not_duplicated” as labels, so we change the labels
in the original instruction.

SManual translations are performed by bilingual volun-
teers.

Sentiment analysis. Binary sentiment analy-
sis identifies whether a text (e.g., a product re-
view from Amazon) expresses positive or
negative sentiment towards a topic. We
use the MULTILINGUAL AMAZON REVIEW
DATASET (Keung et al., 2020) and INDICNLU-
SENTIMENT (Aggarwal et al., 2022). For the for-
mer, we discard the neutral class (the reviews with
a score of 3) and assign reviews with scores of 4
and 5 to the positive class and reviews with scores
of 1 and 2 to the negative class. For both datasets,
we sample 16 demonstrations per class.

Commonsense reasoning. We use two common-
sense reasoning datasets, XCOPA (Ponti et al.,
2020) and XWINOGRAD (Muennighoff et al.,
2022). Given a sentence and two options, a model
selects one of the option labels, (A) or (B), based
on which is better suited to the given context. Due
to the smaller scale of the datasets, we sample 16
and 8 training instances in total for XCOPA and
XWINOGRAD, respectively.

Question answering. Question Answering (QA)
is the task of answering a question given a para-
graph, where the answer is a sub-span of the para-
graph. We use TYDIQA-GOLDP (Clark et al.,
2020), which we refer to as TYDIQA for simplic-
ity. Due to the longer average input length, we limit
the number of exemplars to 8.

Named entity recognition. Named Entity Recog-
nition (NER) is a representative sequence la-
beling task, where a system detects and clas-
sifies named entities in an input sentence.
We adopt WIKIANN (Pan et al.,, 2017) and
MASAKHANER (Adelani et al., 2021). Though
WIKIANN covers 216 languages, we exclude lan-
guages that are covered only by WIKIANN or
XLSUM due to the aforementioned issues. We
convert the task into a text-to-text format, where
given an input sentence, a model extracts all named
entities with named entity tags:® <location>,
<person>, and <organization>.7 We use
32 instances overall for few-shot transfer.

®This is more challenging than the standard sequence la-
beling setup since the model must reproduce the entity spans
and generate appropriate tags. For example, the output for
“Obama served as the 44th president of the United States.”
would be “Obama <person> United States <location>.”

" Although MASAKHANER supports other named entity
tags and distinguishes the beginning and middle/end of the
named entities, we discard named entity categories beyond

the three types and merge the beginning and middle/end entity
tags to make the task formulation consistent with WIKIANN.



Summarization. We use the XLSuM (Hasan
et al., 2021) dataset to benchmark models’ ability
to generate a summary given a news article. Due
to the context window limit, we use only 1 shot for
training in this task.

Question generation. Question generation gen-
erates a question according to a given input passage
and a corresponding answer (Xiao et al., 2021). We
convert the TYDIQA-GOLDP dataset into a ques-
tion generation task, which we refer to TYDIQA -
QG. Given the gold paragraph and an answer, the
system generates the original question. We use 8
examples for few-shot training.

3.3 BUFFET Evaluation
3.3.1 Evaluation Metrics

Table 2 (Metric) lists task-specific metrics. To miti-
gate the variance from different few-shot samples,
for each language included in each task, we take the
average of a model’s performance given three dif-
ferent sets of k-shot instances. Subsequently, each
dataset score is calculated as a macro-average of
the per-language score (Clark et al., 2020). Finally,
following Liang et al. (2020), we take two separate
average scores: (a) Avg. class score of all classi-
fication and QA tasks, and (b) Avg. generation
score of all generation tasks.

3.3.2 BUFFET-Light

Conducting a comprehensive evaluation covering a
wide range of languages and tasks in BUFFET,
while undoubtedly necessary, can be a time-
consuming process. We introduce BUFFET-light,
which contains a representative subset of languages
and tasks for a rapid assessment even in resource-
limited scenarios. We carefully select languages
and datasets to ensure that we cover a diverse range
of languages and output formats, assuming limited
resources. See the overview of BUFFET-light in
Appendix Section A.2.

4 Benchmarking LMs on BUFFET
4.1 Transfer Methods

In this study, we investigate various transfer meth-
ods with and without parameter updates. To as-
sess the benefit of k-shot training examples in the
target language, we also conduct experiments on
zero-shot transfer methods. We assume that the
model can optionally use instructions in the tar-
get language or another language, or full training
sets in a high-resource language like English. This

Training Demos Instructions

Transfer EN Target EN  Target

TARGET FT k

ENGLISH FT N

ENG.+TGT. FT N k

ENGLISH ICL k v

TARGET ICL k v

Z-EICL v

Transfer Pretraining LMs

FINE-TUNING Unlabeled mT5-base

IN-C. LEARNING Unlabeled BLOOM, mT5-xx1

IN-C. LEARNING  + Instruction = BLOOM-7B, mT5-xxI
Tuning ChatGPT

Table 3: Comparison of different few-shot and zero-
shot transfer methods, based on the resources they
use. The top section requires parameter updates via
fine-tuning (FT), and the bottom uses ICL with no up-
dates. k = k-shot examples; /V = full training data; v'=
instruction language. The bottom half lists the mod-
els evaluated in this work. The blue-colored rows are
instruction-tuned models.

assumption is reasonable given the abundance of
labeled datasets in high-resource languages (Yu
et al., 2022; Joshi et al., 2020) and the cheaper
costs of instruction annotations. Table 3 provides
an overview of different approaches, categorized
according to the optional inputs they use during
training or inference.

Fine-tuning (methods with parameter updates).
We explore several transfer approaches that require
parameter updates.

 Target fine-tuning (TARGET FT) trains models
on few-shot samples for each language.

* English fine-tuning (ENGLISH FT) trains mod-
els on a source language (i.e., English) only and
uses no target language data.

* English+Target fine-tuning (ENG.+TGT. FT)
first trains models on large-scale English datasets
and then fine-tunes models on few-shot samples
of target languages.

In-context learning (methods without updates).
We explore several in-context learning methods.

* English in-context learning (ENGLISH ICL)
uses English instructions and demonstrations in
the target languages.

e Target ICL (TARGET ICL) uses both instruc-
tions and demonstrations in the target language.

e Zero-shot English In-context learning (Z-
EICL) uses only English instructions without



demonstrations (neither in English nor in the tar-
get language), as in zero-shot transfer.

Unlike in English, where abundant instructions and
instance annotations are available, for many lan-
guages we often lack annotated instructions (Wang
et al., 2022b). We use machine-translated instruc-
tions in BUFFET as the main baseline.

4.2 Language Models

A key aspect of language models is their pretrain-
ing strategies. In addition to conventional pretrain-
ing using unlabeled corpora (Devlin et al., 2019;
Brown et al., 2020), instruction-tuning has been
actively studied; this approach trains an LLM on a
massive number of tasks with instructions (Muen-
nighoff et al., 2022; Ouyang et al., 2022; Wei et al.,
2022). In this work, we evaluate six diverse models
pretrained with different strategies (Table 3).

Models for fine-tuning. Due to the high costs of
fine-tuning for every k-shot setting, we experiment
with an efficient yet competitive mT5-base with
580 million parameters (Xue et al., 2021).

Models for in-context learning. We experiment
with BLOOM-7B (7 billion parameters; Scao et al.,
2022) and mT5-xx1 (13 billion parameters; Xue
et al,, 2021). We also experiment with their
instruction-tuned variants: BLOOMZ-7B and mTO-
xx1 (Muennighoff et al., 2022), as well as the cur-
rent state-of-the-art ChatGPT (gpt-3.5-turbo;
Ouyang et al. 2022). Note that these models
are trained on some of the datasets included in
BUFFET. We do not exclude such overlapping
datasets, but we indicate such seen tasks with * in
the main result table.?

4.3 Experiment Details

Fine-tuning. In all settings, we fine-tune models
on few-shot samples for 300 epochs for TARGET
FT and 200 epochs for ENG.+TGT. FT. When fine-
tuning LMs on large-scale English datasets (for
both ENG.+TGT. FT and ENGLISH FT), we train
for three epochs. We use representative English
datasets following Hu et al. (2020b): SQUAD (Ra-
jpurkar et al., 2016) for QA, MNLI (Williams et al.,
2017) for NLI, PAWS (Zhang et al., 2019) for para-
phrase detection, XLSUM (Hasan et al., 2021) for
summarization, COPA (Arun and Balakrishnan,
2018) for XCOPA, WINOGRAD for XWINOGRAD,
the AMAZON MULTILINGUAL REVIEW English

81t is unclear which datasets ChatGPT is trained on.

set for sentiment analysis, and the TYDIQA-QG
English set for question generation.

In-context learning. We prompt LLMs with in-
structions and k-shot demonstrations available in
BUFFET. Different models have different maxi-
mum context window sizes: mTO only accepts up
to 1024 tokens, while BLOOMZ and ChatGPT ac-
cept up to 2048 and 4096, respectively. We add
training instances up to the maximum token length
for each model and discard instances that do not fit
the context window. We found that mTO often per-
forms well-given zero or smaller numbers of few-
shot samples. We use 4-shots for mTO ENGLISH
ICL and TARGET ICL by default. We use greedy
decoding for predictions. For tasks with a fixed
set of pre-specified answer candidates, we compute
the probability of option tokens by iterating all op-
tions except for ChatGPT without access to token
probabilities. Due to the high inference costs, we
evaluate ChatGPT only on BUFFET-Light,

S5 Results and Analysis
5.1 Main Results

Table 4 shows aggregated results of fine-tuned and
in-context learning-based LMs on BUFFET. We
show full experiment results on each task in the
Appendix. Below, we summarize the key findings.

LLMs with in-context learning often lag be-
hind much smaller fine-tuned models. = While
in-context learning has shown remarkable perfor-
mance in English, our comparison shows that few-
shot cross-lingual transfer via in-context learn-
ing remains challenging; ENGLISH ICL using
BLOOM, BLOOMZ (7 billion) and mTO (13 bil-
lion) often under-perform mt5-base (580 million)
fine-tuned on English datasets (ENGLISH FT or
ENG.+TGT. FT). However, when abundant En-
glish task data is not available, mT5-based fine-
tuning methods (TARGET FT, or ENG.+TGT. FT
on XCOPA and XWINOGRAD) often perform
poorly and are outperformed by ENGLISH ICL
or TARGET ICL baselines. This implies that
when lacking task-specific training data, prompting
LLMs can be more effective.

Instruction-tuning helps in zero-shot but may
not generalize for few-shot settings. Table 10
demonstrates that the zero-shot performance of
instruction-tuned models is significantly higher
than the zero-shot performance of non-instruction-
tuned models: On average, both mTO-xxl



Output Classification Multiple Choice Span Str. Generation Avg.
Tasks | NLI Sent. PWX XCPA XWGD TyDi NER QG Summ. class gen
Random 333  50.0 50.0 50.0 50.0 - - - - -
TGT. FT mT5 | 350 672 477 44.1 48.8 52 334 32 2.5 40.7 29
ENG. FT mT5 | 499 89.8 71.5 0.0 0.0 66.8 39.0 3.8 6.2 55.5 5.0
ENG.+TGT. mT5 | 51.8 91.0 778 49.5 48.5 695 478 125 11.8 61.2 12.2
ENG. ICL BLOOM | 32.1  81.7 422 50.2 51.0 54.7 242 93 34 450 64
mT5 | 357 500 422 50.4 47.5 0.2 0.0 0.0 0.4 31.7 02
BLOOMZ | 31.5 86.3* 48.5*% 504 54.2 65.8% 255 135 8.3* 475 109
mTO | 36.2 72.1* 60.6%* 50.5 60.3 73.6* 79 16.1 3.4% 46.3 9.7
ChatGPTt | 545 91.1 68.6 76.7 73.3 68.1 454 21.2 54 64.6 133
CTGT.ICL | BLOOM | 279 805 465 499 518 118 234 112 36 404 74
mT5 | 357 500 422 49.8 452 0.2 0.0 0.0 0.4 31.5 0.2
BLOOMZ | 32.0 61.7% 52.5% 497 55.5 63.1% 234 9.1 8.0* 434 85
mTO0 | 36.2 72.1* 60.6*  50.5 60.3 73.6* 79 161 3.4% 46.3 9.7
ChatGPT} | 482 915 682 74.3 73.4 68.0 448 21.1 114 62.7  16.3
'Z-EICL | BLOOM | 333 372 423 500 471 43 00 140 63 292 101
mT5 | 35.1 498 422 50.7 55.5 22 0.0 0.1 4.8 325 0.6
BLOOMZ | 33.5 51.6% 57.8% 518 51.0 83.2* 112 95 4.3% 419 69
mTO | 48.5 90.0* 90.6* 63.8 61.0 80.1* 0.0 102 12.0* 564 11.1

Table 4: Overall experiment results in BUFFET. Note that to enable comparison between ChatGPT (only tested
on BUFFET-Light) and other methods, we present BUFFET-Light results, and the overall results on BUFFET
are available in Table 10. The blue-colored rows are instruction-tuned models, and we added * symbols next to
the scores for the tasks on which the models have been trained. “Random” shows random baseline performance.
Bold fonts indicate the best results for each task, among the models that are not directly trained on the task. When
ChatGPT achieves the best results, we also note the second-best number from the models that are not trained on the
task, acknowledging the possibility that ChatGPT may have encountered a similar task during training.

and BLOOMZ-7B Z-EICL, demonstrate signif-
icantly better performance compared to their non-
instruction tuned counterparts, namely mT5-xxI1
and BLOOM-7B Z-EICL, with margins of 12.7
and 23.9 points in Avg. class, respectively. It
is worth noting that while the performance im-
provements on seen tasks contribute to these gains
(indicated by *), mTO-xx1 Z-EICL exhibits sub-
stantial advancements on unfamiliar tasks. This
further confirms the effectiveness of instruction-
tuning in zero-shot transfer, as discussed in prior
studies (Muennighoff et al., 2022; Wei et al., 2022;
Mishra et al., 2022).

However, our study also highlights a surprising
performance deterioration when moving from zero-
shot to few-shot settings for instruction-tuned mod-
els: across tasks, mTO performs worse in few-shot
settings than in zero-shot settings (ENGLISH ICL
v.s. Z EICL). BLOOMZ shows performance gains
from few-shot demonstrations; BLOOMZ E ICL
achieves 44.3, outperforming BLOOMZ Z EICL
by 5 points in Avg. class score. Yet, it also ex-

hibits large performance declines on the tasks that
are used during their instruction-tuning (TYDIQA,
PAWS-X). Our hypothesis is that such instruction-
tuned models are optimized to execute a new task
solely based on an instruction, with no prior demon-
strations (Muennighoff et al., 2022), and may strug-
gle to learn in context from few-shot demonstra-
tions. We conduct controlled experiments in Sec-
tion 5.2 for further analysis.

Zero- or few-shot transfer remains challeng-
ing in under-represented languages. Figure 3
illustrates the performance of models on NER
(WIKIANN and MASAKHANER), NLI (XNLI,
AMERICASNLI), and QA (TYDIQA) tasks across
different languages. The languages are sorted
based on the token availability in the mC4 corpus,’
with high-resource languages positioned on the left
side. Our results indicate that the zero- or few-shot

We use the token count statistics available at
https://github.com/allenai/allennlp/
discussions/5265. For languages that are not included
during pretraining, we sort the language names alphabetically.
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Figure 3: Model performance across three tasks, NLI, NER, and QA, displayed for various languages. The
languages are sorted based on token availability in mC4, with the left side representing high-resource languages. All
methods show performance deteriorations in lower-resource languages (right side), with larger drops in ENGLISH-
ICL methods. Additional fine-tuning in target languages is more effective in less-represented languages.

transferability of the model is often constrained
in understudied languages. In NER and NLI
tasks, a noticeable decrease occurs in performance
from high-resource to low-resource languages. It’s
important to note that several languages included
in MASAKHANER or AMERICAS NLI are not
part of the pretraining process. Models such as
mT5 ENGLISH FT or ChatGPT ENGLISH ICL
exhibit strong performance in high-resource lan-
guages. However, their performance significantly
drops in less-represented languages. For instance in
Aymara (aym), ChatGPT achieves slightly higher
performance than a random baseline, outperformed
by mT5 ENG.+TGT. FT by 13%. mT5 ENG.+TGT.
FT also significantly outperforms mT5 ENGLISH
FT in lower-resource languages, as indicated by
the performance gap between the orange and blue
lines in Figure 3. Notably, mT5 ENG.+TGT. FT
outperforms mT5 ENGLISH FT by 30% in Hausa
on MasakhaNER. This indicates that fine-tuning
with only k instances in target languages can still
greatly helps in less-represented languages.

We also observe performance drops in Finnish,
Korean, and Russian for BLOOM and BLOOMZ
in TYDIQA. Finnish, Korean, and Russian are ex-
cluded from BLOOM pretraining,'® which we at-
tribute to these performance drops. Conversely,
mT5 fine-tuning-based methods consistently dis-
play strong performance across languages. Inter-
estingly, in Bengali, which is often considered less
represented, BLOOMZ achieves performance com-
parable to mT5 fine-tuned models. We also observe
the same trends in BLOOMZ. These results suggest
pretraining setup may strongly affect downstream
task performance even after instruction tuning.

Ohttps://huggingface.co/bigscience/
bloom

ChatGPT has strong generation capabilities
but requires careful instruction design. As dis-
cussed, though ChatGPT significantly outperforms
other LLMs with in-context learning, its perfor-
mance often lags behind fine-tuning-based methods
in some discriminative tasks, particularly in less-
represented languages. ChatGPT, however, signifi-
cantly outperforms fine-tuned models on tasks that
require target language generations (e.g., question
generation, QA) with the exception of summariza-
tion (XLSUM). On XLSUM, we found that Chat-
GPT often generates semantically correct summa-
rizations in English rather than in the input article
language, resulting in low ROUGE-2 scores. We
do not observe that phenomenon in other LLMs
(e.g., BLOOMZ); we show some ChatGPT output
examples in the Appendix Table 25. Though more
prompt engineering can boost ChatGPT’s perfor-
mance in summarization (Huang et al., 2023), we
use the same prompts throughout the evaluations
for a fair comparison. We also observe that when
instructions are given in the target language, Chat-
GPT often outputs a summary in the language, as
shown in improved XLSUM performance in Chat-
GPT TARGET ICL.

5.2 Analysis

Performance variance among different % shots.
Figure 4 shows model performance across the three
different k-shots and reveals a significant perfor-
mance disparity in many of the tasks and lan-
guages. We observe the significant variance in
fine-tuning-based transfer across different k-shot
samples, confirming (Zhao et al., 2021). Impor-
tantly, we show that in-context learning is even
more sensitive to different demonstrations than few-
shot fine-tuning. For instance, for AMAZON RE-
VIEW, the standard deviation for BLOOM E-CIL
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Figure 5: Demonstration scaling experiments on TYDIQA (Russian), TYDIQA-QG (Arabic), WikiANN
(Vietnamese), and AMAZON REVIEW (Chinese) for four different models. x-axis indicate the number of &
demonstrations. While fine-tuning and ICL with pretrained LMs often benefit from fine-tuning, few-shot ICL with
instruction-tuned models can result in performance deterioration.

and mT5 ENG.+TGT. fine-tuning is 2.2 and 0.2,
respectively. We also analyze whether a demonstra-
tion set k that achieves the best performance with
a model also leads to the optimal performance for
another model. Specifically, we compare the best k-
shots for each task and language for BLOOM and
BLOOMZ English ICL. We found that in 49.7% of
the cases, their optimal k-shot demonstrations dif-
fer. These results emphasize the difficulty of com-
paring model performance in the absence of stan-
dardized k-shot samples. On the bright side, these
results provide insights into potential approaches
for identifying optimal demonstrations that can en-
hance few-shot ICL performance.

The effects of varying number of k. Figure 5
demonstrates the impact of increasing the number
of few-shot samples for in-context learning and
fine-tuning, on four tasks: TYDIQA, TYDIQA-
QG, WIKIANN, and AMAZON REVIEW. Full re-
sults on the four tasks in a subset of the languages
are available in Appendix D.3. Specifically, we
vary the number of few-shot demonstrations, in-

cluding 1, 4, and 8 (for the tasks with more than 8
shots), and assess the performance of BLOOM EN-
GLISH ICL, BLOOMZ ENGLISH ICL, mTO EN-
GLISH ICL and mT5 ENG.+TGT. FT.

Increasing the number of few-shot examples
has a notable positive impact on fine-tuning (mT5
fine-tuning) across different tasks. Similarly, non-
instruction-tuned BLOOM also benefits from the
inclusion of few-shot samples on most of the tasks.
However, for instruction-tuned models (mTO and
BLOOMZ), we observe a significant decline in
performance when additional demonstrations are
added, which aligns with the findings in Table 4.
Specifically, on mTO, we observe that the zero-shot
performance surpasses the few-shot performance
on TYDIQA and AMAZON REVIEW. Surprisingly,
even on previously unseen tasks such as TYDIQA-
QG and WIKIANN, the addition of more than four
demonstrations leads to a significant decline in per-
formance.

It is worth noting that mT0 and BLOOMZ were
exclusively trained with instructions and did not uti-
lize demonstrations during training (Muennighoff
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Figure 6: Model scaling experimental results. We
conduct experiments on four sub-tasks and use three
BLOOM models, BLOOM-560M, 1B, and 7B.

et al., 2022). We hypothesize that this training
approach may cause the models to overfit the zero-
shot instruction-based in-context learning scenario,
thereby hindering their ability to effectively learn
in-context information through few-shot demon-
strations. Wei et al. (2022) also find that while few-
shot demonstrations mitigate high variance of the
zero-shot inference with instructions only, the opti-
mal zero-shot performance with the best template
often outperforms the best few-shot performance.

Effects of model scaling on few-shot in-context
cross-lingual transfer. Figure 6 shows BLOOM-
560 million, 1 billion, and 7 billion performance
on a subset of the tasks. The transfer method is
ENGLISH ICL. As the model scales, the overall
performance on few-shot in-context learning signif-
icantly improves, as found in English (Brown et al.,
2020), indicating that models’ cross-lingual few-
shot transfer performance via in-context learning
may improve as the model size increases. These
findings are consistent with the results reported by
Lin et al. (2021) on a set of classification tasks.

6 Conclusion and Discussion

In this work, we introduce BUFFET, a few-shot
cross-lingual transfer benchmark that encompasses
a diverse range of discriminative and generative
tasks across a variety of typologically distinct lan-
guages. Through our comprehensive evaluation,
involving six different transfer methods and var-
ious LLMs, we offer valuable insights into the
strengths and limitations of these transfer meth-
ods and LLMs. Our analysis reveals that while
LLMs utilizing in-context learning excel in gen-
eration tasks, they are often surpassed by smaller
fine-tuned models specifically trained for target
tasks. Furthermore, our findings highlight signifi-
cant performance variations dependent on different

transfer setups (e.g., demonstrations).

Moving forward, our findings suggest the follow-
ing exciting opportunities for future research in the
field of few-shot learning transfer across diverse
languages:

Improve multilingual instruction tuning. Al-
though instruction tuning can be beneficial for
both zero-shot transfer, certain models, such as
mTO0, may become overly specialized for zero-shot
instruction-tuning scenarios, leading to lower av-
erage few-shot performance than the optimal zero-
shot performance. Although these models demon-
strate impressive zero-shot performance, even on
tasks they haven’t encountered before (such as
XCOPA), they face challenges when it comes to
tasks that involve generating outputs in less com-
monly used formats (like structured predictions).
We believe that developing multilingual instruction-
following models capable of effectively utilizing
both instructions and demonstrations is crucial. Re-
cent studies demonstrate that incorporating both
instructions and demonstrations during instruction-
tuning on English data can enhance the model’s
performance (Chung et al., 2022), allowing it to
learn within context (Min et al., 2022a). This type
of training may potentially mitigate the issue of
overfitting to specific formats. Hence, it is neces-
sary to explore various instruction-tuning setups to
further improve few-shot in-context learning, with
a focus on cross-lingual transfer.

Additionally, while high-quality human-
translated instructions are effective, numerous
instruction repositories are still dominated by
English instructions.  Therefore, community
efforts to increase the availability of multilingual
instructions may assist in the development of more
generalizable multilingual large-language models.

Overcome data scarcity using LLMs. Our re-
search reveals that smaller task-specific fine-tuned
models, with intermediate training in English, can
still outperform ChatGPT on discriminative tasks
that require strict output formats. Conversely, Chat-
GPT outperforms fine-tuned models on tasks that
necessitate more open-ended generations, such as
question generation. In recent studies, Instruct-
GPT (Ouyang et al., 2022) has exhibited the abil-
ity to generate high-quality generations in English,
even outperforming humans on some tasks (Goyal
et al., 2022). This impressive capacity for flex-
ible generations has prompted active investiga-



tions into generating training instances from such
LLMs, which have predominantly focused on En-
glish (Wang et al., 2022a; Honovich et al., 2022).
Some preliminary attempts have been made to ex-
plore task-specific data generation in certain target
tasks, such as question answering (Agrawal et al.,
2022). However, there remains limited exploration
on how to generate diverse task instructions and
outputs for a variety of typologically diverse lan-
guages. We believe that using LLMs to generate
data offers a promising solution to obtaining more
annotated data for under-represented languages.

Understand transfer dynamics in cross-lingual
in-context learning. The impact of various in-
structions and demonstrations has been extensively
examined in the context of English in-context learn-
ing, highlighting critical concerns such as sensitiv-
ity to prompt order (Lu et al., 2022) and/or moti-
vating methods for identifying optimal demonstra-
tions (Su et al., 2022). This research has found that
demonstrations or instructions that are optimal for
one model may not necessarily result in the best
performance for another model. We anticipate that
our benchmark will inspire and assist in further
research into the relationship between language
and instruction/demonstration for cross-lingual in-
context learning.

Fairness beyond languages: underrepresented
variants, dialects, and cross-cultural NLP.
Many of the diverse world languages are of-
ten excluded in widely used cross-lingual eval-
vation benchmarks, where recent papers show
strong cross-lingual transfer capabilities. However,
through our comprehensive analysis, we have dis-
covered that even the most advanced LLMs cur-
rently available still face difficulties when deal-
ing with less-represented languages. The most
competitive instruction-tuned models, ChatGPT or
mTO, show significant performance declines when
it comes to indigenous languages, reaching a level
akin to a random baseline.

We advocate for conducting more studies on di-
verse local languages, including under-represented
languages and their dialects, as emphasized in pre-
vious works such as Aji et al. (2022); Kakwani et al.
(2020). We note that datasets in such languages
are often translated from English (Yu et al., 2022),
which may introduce translation biases (Artetxe
et al., 2020b) and fail to capture the linguistic nu-
ances and interests of native speakers (Clark et al.,

2020; Asai et al., 2021). To address these chal-
lenges, it is important that further work be done to
develop cross-cultural Natural Language Process-
ing (Hershcovich et al., 2022).

Expand evaluations to complex tasks. Most
recent research on multilingual in-context learn-
ing predominantly focuses on discriminative tasks
(Muennighoff et al., 2022; Ahuja et al., 2023) or
translation tasks (Lin et al., 2021). Further explo-
ration can expand these evaluations to more diverse
and complex tasks, such as MTOP (Li et al., 2021)
or MGMSS8K (Shi et al., 2023), or knowledge-
intensive tasks (Asai et al., 2021) as new multi-
lingual benchmarks are developed.

Limitations

As the first step toward standardized evaluation for
few-shot cross-lingual transfer, BUFFET focuses
on popular discriminative tasks and some genera-
tive tasks. It does not include many datasets that
require complex reasoning tasks, as noted above.
Since our main focus is to benchmark different
LLMs and learning methods in a comparable for-
mat, we do not explore sophisticated prompting
methods, which can further boost performance.
We anticipate that BUFFET will encourage the
LLM community to explore new methods to fur-
ther improve in-context learning beyond English.
We use instructions translated by the NLLB (Costa-
jussa et al., 2022) for TARGET ICL; such machine-
translated instructions are prone to errors, espe-
cially in less-represented languages, that can affect
the final performance.

Ethics Statement

While there has been significant research on in-
context learning with LLMs, most of the focus has
been on the English language. This raises questions
about the applicability of findings from English
few-shot NLP to few-shot cross-lingual transfer
scenarios. To address this gap, BUFFET aims to
provide a comprehensive and less biased evaluation
framework. However, it is important to note that
our benchmark dataset currently covers only 57 out
of the approximately 6,000 world languages. More-
over, we do not specifically focus on finer-grained
language varieties and dialects that are commonly
spoken by underrepresented populations. In light of
these limitations, we encourage future research to
explore the effectiveness and limitations of widely-
used transfer methods in a more diverse range of



languages. This will help us gain a deeper under-
standing of the generalizability of transfer learning
techniques across different linguistic contexts.
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Appendix
A Benchmark Details

A.1 BUFFET Constructions

This section will provide further details of the
BUFFET construction process.

List of the languages. We show the list of the
55 languages included in BUFFET in Table 5.
BUFFET covers 25 different language families,
and also shows geographical diversities.

Examples. Table 6 shows the input and output
examples in BUFFET. We reformulate all o the
tasks with diverse formats into the same text-to-text
format.

Instructions. The full list of the instructions writ-
ten in English is available in Table 7.

List of the datasets with languages included.
Table 8 shows the full list of the datasets with lan-
guage names included in BUFFET.

A.2 BUFFET-Light

Task and language decisions. The goal of build-
ing the BUFFET-Light subset is to enable quick
multilingual evaluation without losing the language
and task diversity in the original BUFFET. To
this end, we filter BUFFET so that we evaluate
between 3 and 7 languages per task, and each lan-
guage is included in at most three tasks.'! This
design choice allows us to consider 31 diverse lan-
guages across all tasks in BUFFET while reducing
the number of evaluation settings by 66%.

Final list of BUFFET-light. The full list of
tasks and languages in BUFFET are in Table 9.

B More Experimental Details

Fine-tuning. For ENGLISH FT, we limit the
number of English training samples to 100,000
and fine-tune mt5-base (Xue et al., 2021) for 3
epochs. For the ENGLISH FT baseline, we trans-
fer this model directly to new languages, while for
ENG.+TGT. FT, we initialize the model check-
point with the trained model weight and further
fine-tune a model on few-shot samples for 300
epochs.

"In addition to the high-resource languages per task, we
also include low-resource languages when available (i.e., for
NLI) to not unfairly inflate BUFFET-Light scores.

Language name Language family code
Ambharic Afro-Asiatic amh
Arabic Afro-Asiatic ar
Assamese Indo-European as
Aymara aymaran languages aym
Belarusian Indo-European be
Bengali Indo-European bn
Boro Sino-Tibetan brx
Bulgarian Indo-European bg
Bribri Chibchan bzd
Chinese Sino-Tibetan zh
Ashdninka Arawakan cni
Estonian Uralic et
Finnish Uralic fi
French Indo-European fr
German Indo-European de
Guarani Tupian gn
Gujarati Indo-European gu
Haitian French Creole ht
Hausa Niger—Congo hau
Wixarika Uto-Aztecan hch
Hindi Indo-European hi
Igbo Niger—Congo ibo
Indonesian Austronesian id
Italian Indo-European it
Japanese Japonic ja
Kannada Dravidian kn
Kinyarwanda Niger—Congo kin
Korean Koreanic ko
Luo Nilo Saharan Iuo
Maithili Indo-European mai
Malayalam Dravidian ml
Marathi Indo-European mr
Modern Greek Indo-European el
Nahuatl Uto-Aztecan nah
Oriya (macrolanguage) Indo-European or
Otomi Oto-Manguean oto
Panjabi Indo-European pa
NigerianPidgin English Creole pcm
Persian Indo-European fa
Portuguese Indo-European pt
Quechua others qu
Russian Indo-European ru
Shipibo-Konibo Panoan shp
Spanish Indo-European es
Swabhil Niger—Congo SW
Tamil Dravidian ta
Rardmuri Uto-Aztecan tar
Telugu Dravidian te
Thai Kra—Dai th
Turkish Turkic tr
Urdu Indo-European ur
Vietnamese Austroasiatic vi
Wolof Niger—Congo" wol
Yorubd Niger—Congo yor

Table 5: List of all languages in BUFFET.

In-context learning. We set the maximum token
length to 15 except for XLSUM and TYDIQA-QG.
For XLSuUM, we set the maximum token length
to 100, and for TYDIQA-QG, we set the maxi-
mum token length to 50. We use greedy decoding
throughout the experiments. For BLOOM-based
model evaluations, we use a single RTX-100 GPU



Task

Dataset

Input

Output

NLI

PARAPHRASE

SENTIMENT

COMMONSENSE

COMMONSENSE

QA

NER

QG

AMERICAS
NLI

PAWS-X

AMAZON

XCOPA

XWINOGRAD

TYDIQA

MASAKHANER

TYDIQA-QG

premise: Ramonar mayamp jawsaflaxanawakunalaykutix ma
jiskt’aw utjitana ... walikiwa. .. tukt’ayayita.. mé jisk’t’aw utji-
tana kuntix lurkan ukata. [SEP] hypothesis: Janiw jayraskayat
Ramonar jawsafixa. (aym)

sentence 1: Ses parents sont Angelina Miers, une artiste de pre-
mier plan, et Don Luis Toranzos, d’Argentine. [SEP] sentence
2: Ses parents sont Angelina Miers, elle-mé&me un artiste de
premier plan, et Don Luis Toranzos d’ Argentine. (fr)

review title: 2RH » EAEK > 7] LAR Z Flreview body:
FETARE » AR » RHTE o SMURESE » WATRATE » i
W[ o #F- | (zh)

Opetaja andis opilastele kodutds. () Opilased saatsid kirju.
(B) Opilased édgisesid. (et)

7 ) — AT &0 i X,
WVhrHnE,

question: Miké oli Stanley Kubrickin ensimméiinen elokuva?
context: Lyhytelokuvien jdlkeen Kubrick teki ensimmiisen
pitkdn elokuvansa Fear and Desire vuonna 1953 rahoittaen
sen kokonaan itse ja sukulaistensa avustuksella, miki oli tuol-
loin hyvin epitavallista. Kubrickin esikoiselokuva oli kuitenkin
floppi, ja ohjaaja osti kaikki esityskopiot itselleen, jotta elokuvaa
ei ndytettdisi. Elokuva merkitsi my6s hiinen ensimmadisen avio-
liittonsa loppua, koska Kubrick tapasi kuvauksien aikana Ruth
Sabotkan, jonka kanssa hdan muutti yhteen avioeronsa jilkeen.
Kubrick ja Sabotka menivit naimisiin vuonna 1955, ja he saivat
yhdessé yhden lapsen, Katharinan (syntynyt 1953). (fi)

_DEFINT S EFSh
(n) 79 —A (B)

Issachar alikuwa ametokea India akielekea Israel ambapo ali-
wekwa chini ya ulinzi na hakutakiwa kutoka nje ya uwanja wa
ndege wa Russia .

premise: & o] AHE7] A A LA 2EANA
2 ARAF

) o
& o] t}. [SEP] hypothesis: U] += o 3k
& o]t}

contradiction

duplicate

positive

(B)

(A)

Fear and Desire

India
<organization>
Israel
<organization>
Russia
<organization>

contradiction

Table 6: The input and output examples in BUFFET. We show one example from one dataset per task. Due to the
long input length, we do not include a summarization example in this table.

with 24 GB GPU memory. We use int8bit quan-
tization to avoid GPU out-of-memory errors. To
evaluate mT5 and mTO, we use TPU v3-8.

C Detailed BUFFET Results

This section includes the full list of the experimen-
tal results. Overall results on the full BUFFET
are available in Table 10, and Figure 4 summa-
rize overall performance across the eight tasks, on
the BUFFET-Light subset. The overall trends on
BUFFET-light remain the same as the original
BUFFET. This indicates BUFFET-Light is a re-
liable and more efficient alternative for holistic
evaluations for few-shot cross-lingual transfer.

Below, we present the performance breakdown
for each dataset.

Para.

NLI (HR)

ER (LR)

NER (HR)

—o— mt5 Target FT
mt5 English FT
—A— mt5 Eng.+Tgt. FT

—— BLOOM Eng. ICL
—e— BLOOMZ Eng ICL

—e— mT0 Eng ICL
ChatGPT ICL

Figure 7: Overall results on BUFFET-Light.



Dataset Instructions

NLI Take the premise sentence as truth. Then the hypothesis is true (entailment), false (contradiction) or
inconclusive (neutral)?

PAWS-X In this task you are given a sentence pair that has high lexical overlap. If the sentences have the same
meaning and are just paraphrases of each other label them as duplicate, if not label them as not_duplicate

SENTIMENT In this task, you're given a review from Amazon. Your task is to generate a rating for the product. The
rating is extremely negative, negative, neutral, positive, and really positive.

XCOPA In this task you are given a premise and two alternatives (A) and (B). You must choose the alternative
that is more plausibly the cause or effect of the situation described by the premise.

XWINOGRAD | Replace the _ in the above sentence with the correct option
QA Read the given passage and answer a question about the information present in the passage.

NER Given the following sentence, indicate the name entities (i.e., the real-world objects such as a person,
location, organization, etc. that can be denoted with a proper name) such as “New York Times”. For
each word of a named-entity, indicate their type “location” or “organization” or “person”.

SUMMARIZATION In this task, you are given an article. Your task is to summarize the article in a sentence.

QG This task is about reading the given passage and constructing a question about the information present in
the passage.

Table 7: The list of English instructions for each task in BUFFET.

Task Dataset Languages
NLI AMERICAS NLI aym, bzd, cni, gn, hch, nah, too, quy, shp, tar
KLUE NLI ko
OCNLI zh
PARSI NLU ENTAILMENT | fa
XNLI ar, bg, de, el, en, es, fr, hi, ru, sw, th, tr, ur, vi, zh
PARAPHRASE DETECTION | PAWS (en,) de, es, fr, ja, ko, zh
SENTIMENT AMAZON REVIEW (en), de, es, fr, ja, zh
ANALYSIS INDIC SENTIMENT as, bn, brx, gu, hi, kn, mai, ml, mr, or, pa, ta, te, ur
COMMONSENSE XCOPA et, ht, it, id, qu, sw, zh, ta, th, tr, vi
COMMONSENSE XWINOGRAD (en,) ja, pt, ru, zh
QA TYDIQA (en,) ar, be, fi, id, sw, ko, ru, te
NER WIKIANN (en,) ta, fr, it, ja, vi, qu, be, gu, et, th, or, kn, fi, gn, ru, el, ur, es,
hi, te, as, sw, pa, bg, ml, tr, fa, id, ko, mr, de, ar, bn, zh
MASAKHANER ambh, hau, ibo, kin, luo, pcm, swa, wol, yor
SUMMARIZATION XLSuM (english, ) ta, vi, id, tr, ja, th, bn, ar, en, es, fa, zh, sw
QG TYDIQA-QG (en,) ar, be, fi, id, sw, ko, ru, te

Table 8: The list of datasets with language lists in BUFFET.

Task Dataset Languages
NLI AMERICAS NLI aym, cni, hch
KLUE NLI ko
PARSI NLU ENTAILMENT | fa
XNLI bg, el, hi, sw, ur
Paraphrase Detection | PAWS-X de, es, ja, ko, zh
Sentiment AMAZON REVIEW de, fr, ja, zh
Analysis INDIC SENTIMENT bn, ta, ur
Commonsense XCOPA et, it, ta, th, tr
XWINOGRAD pt, ru
QA TYDIQA be, id, sw
NER WIKIANN be, bg, el, et, fi, it
MASAKHANER yor
Summarization XLSuMm bn, fa, es, id, tr, vi
QG TYDIQA-QG ar, fi, ko, ru, te

Table 9: The subset of datasets and languages included in BUFFET-Light.



Output Classification Multiple Choice ~ Span Str. Generation Avg.
Tasks | NLI ~ Sent. Para. XCPA XWGD QA NER QG  Summ. class gen
Random 333  50.0 50.0 50.0 50.0 - - - - -
TGT. FT mT5 | 346 672 472 46.7 50.0 8.3 30.8 34 2.8 40.2 3.1
ENG. FT mT5 | 46.0 89.7 78.6 0.0 0.0 62.9 30.8 4.2 4.0 482 4.1
ENG.+TGT. mT5 | 48.8 904 779 49.9 49.0 66.7 43.5 12.2 84 58.8 10.0
ENG. ICL BLOOM | 33.6 853 424 50.0 50.8 39.2 250 11.6 24 440 7.0
mT5 | 345 500 432 50.0 49.2 0.3 1.6 0.0 0.3 32.1 0.1
BLOOMZ | 33.0 87.2*% 49.5% 505 52.1 44.5% 20.0 139 9.0%* 443 114
mTO | 33.6 79.9* 61.1* 57.1 59.6 69.0* 7.9 15.3 1.5% 45.6 8.4
ChatGPT} | 545 91.1 68.6 76.7 73.3 68.1 454 212 54 646 133
"TGT.ICL | BLOOM | 317 853 459 5001 517 70 252 128 47 412 87
mT5 | 344 50.0 43.1 50.0 47.3 0.2 0.2 0.0 0.3 31.7 0.1
BLOOMZ | 32.1 64.7* 51.7%  50.5 53.1 43.7*  19.1 12.0 10.9* 40.6 114
mTO | 38.1 70.6* 609*  52.8 57.9 70.8* 8.5 14.6 1.8* 45.7 8.2
ChatGPT{ | 482 915 682 74.3 734 68.0 448  21.1 114 62.7 16.3
Z-EICL | BLOOM | 323 358 423 501 464 31 00 164 41 288 100
mT5 | 342 500 424 50.1 46.4 2.0 0.0 0.1 1.3 325 0.7
BLOOMZ | 340 51.6% 58.0%* 50.1 50.9 65.2* 7.6 10.2 2.9% 39.3 6.6
mTO | 49.1 90.2* 91.2%  64.1 64.5 75.2% 0.0 10.3 8.5% 560 94

Table 10: Overall experiment results on BUFFET. The blue-colored rows are instruction-tuned models, and we
added * symbols next to the scores for the tasks on which the models have been trained. “Random” shows random
baseline performance. Bold fonts indicate the best results for each task, among the models that are not directly
trained on the task. When ChatGPT achieves the best results, we also note the second-best number from the models
that are not trained on the task, acknowledging the possibility that ChatGPT may have encountered a similar task

during training.

C.1 NLI

Table 11 shows the full results on AMERICASNLI.
Table 12 shows the full results on XNLI. Table 13
presents the full results on the other three entail-
ment datasets annotated in each language, KLU-
ENLI, OCNLI, and PARSINLUENTAILMENT.

On XNLI, ENGLISH FT (zero-shot transfer)
shows strong performance and often outperforms
ENG.+TGT. FT (few-shot transfer). Among ICL
baselines, mTO ZICL shows the best macro per-
formance on XNLI. However, on AMERICASNLI,
all methods struggle, while ENG.+TGT. FT shows
the best macro performance on AMERICAS NLI.
The performance gap between ENGLISH FT and
ENG.+TGT. FT get significantly larger, with the
largest gap in Aymara (5.5%). Despite its strong
performance on XNLI, mTO ZICL struggles in
AMERICAS NLI (33.7% on average).

While mT0 ZICL shows robust performance
across XNLI languages, ChatGPT shows a large
performance gap between higher-resource lan-
guages and low-resource languages (57% in Greek
v.S. 33% Urdu).

C.2 Paraphrase Detection

The results on PAWS-X results are available in
Table14. ENG. FT shows the best performance
on this task among non-instruction-tuned models.
We hypothesize that as the languages included in
PAWS-X are all relatively well-represented lan-
guages and the task is relatively simple, ENG. FT,
which is not trained in the target languages, can
achieve high performance. mTO ZICL shows quite
high performance, likely because the model is
trained on PAWS-X (Muennighoff et al., 2022).

C.3 Sentiment Analysis

The experimental results on AMAZON REVIEW
MULTI and INDIC SENTIMENT are available in
Tables 15 and 16. On both datasets, all models
yield high accuracy across languages, except for
mT5 ZEICL.

C.4 Commonsense

XCOPA. The experimental results on XCOPA
are available in Table 17. On XCOPA, ChatGPT
and mTO (Z EICL) yield high performance across



Transfer + Model Macro aym  bzd cni gn hch nah oto  quy shp tar

Target FT 359 360 355 355 357 327 375 352 354 376 378
English FT 426 40.7 449 433 468 38.0 425 416 46.1 432 392
English Target FT 45.1 462 48.6 450 49.7 388 468 442 464 425 430
EICL BLOOM 3377 334 346 332 341 333 335 334 343 340 336
EICL mT5 333 333 328 333 333 332 332 332 333 333 333
EICL BLOOMZ 333 331 335 337 333 333 338 320 333 333 333
EICL mTO 333 333 332 333 333 334 333 333 334 333 329
EICL ChatGPT 36.3 33.6 - 409 - 343 - - - - -
TICL BLOOM 337 335 346 332 336 333 335 333 343 340 336
TICL mT5 333 333 328 333 336 332 332 333 333 333 333
TICL BLOOMZ 334 333 335 337 333 333 338 334 333 333 333
TICL mTO 334 336 333 333 333 333 333 333 333 333 333
TICL ChatGPT 347 33.6 - 367 - 339 - - - - -
ZICL BLOOM 335 337 320 337 325 347 31.6 338 347 347 339
ZICL mT5 340 363 344 329 328 364 336 337 329 333 34.1
ZICL BLOOMZ 343 363 335 337 333 364 336 337 329 333 341
ZICL mTO 337 335 335 333 337 333 341 332 353 331 335

Table 11: Model performance on AMERICASNLI. We report the average of the three few-shot samples.

Transfer + Model ~ Macro ar bg de el es

Target FT 364 358 378 373 374 370

English FT 594 592 629 615 614 637

English Target FT 573 577 595 59.0 594 627

EICL BLOOM 33.7 34.0 339 334 333 342

EICL mT5 333 333 333 333 333 333

EICL BLOOMZ 33.1 341 33,6 337 279 342

EICL mTO 363 37.8 363 353 334 337

EICL ChatGPT 50.3 - 60.7 - 540 -

TICL BLOOM 334 33,6 327 332 337 329

TICL mT5 333 333 333 333 332 333

TICL BLOOMZ 334 333 337 333 344 333

TICL mTO 404 38.8 512 41.8 47.8 43.1

TICL ChatGPT 50.5 - 524 - 569 -

ZICL BLOOM 33.6 337 341 343 337 337

ZICL mT5 323 328 321 325 323 306

ZICL BLOOMZ 32.1 - - - - -

ZICL mTO 56.2 56.1 584 587 575 580
Transfer + Model fr hi ru SW th tr ur vi zh
Target FT 374 357 360 351 367 368 342 363 355
English FT 62.1 58.0 59.8 555 574 584 540 571 604
English Target FT | 59.0 55.1 60.1 523 564 56.1 51.6 558 583
EICL BLOOM 36.2 334 336 334 333 333 333 333 334
EICL mT5 334 333 333 333 333 333 333 333 333
EICL BLOOMZ 351 334 321 339 330 321 331 332 338
EICL mTO 473 363 349 358 334 381 349 379 337
EICL ChatGPT - 48.0 - 559 - - 331 - -
TICL BLOOM 333 333 332 343 348 338 336 325 330
TICL mT5 333 332 333 333 335 333 333 333 333
TICL BLOOMZ 329 332 340 336 337 329 331 328 333
TICL mTO 39.7 399 477 373 374 335 357 353 368
TICL ChatGPT - 518 - 473 - - 442 - -
ZICL BLOOM 340 334 335 339 333 331 347 333 323
ZICL mT5 29.6 333 323 327 331 347 328 324 31.1
ZICL BLOOMZ - - - - - - 328 324 31.1
ZICL mTO 5877 553 57.0 537 516 56.1 545 573 545

Table 12: Model performance on XNLI. We report the average of the three few-shot samples.

languages. ChatGPT achieves particularly notable  the small size of the source datasets in English.
performance in Italian (91.2%). On the other hand,  This result indicates that for a task that lacks a
all of the fine-tuning-based methods struggle, as  large-scale training dataset even in high-resource



Transfer + Model =~ KLUENLI  PARSINLUENTAILMENT OCNLI
Target FT 34.0 34.6 34.0
English FT 57.9 51.1 325
English Target FT 61.1 50.5 38.6
EICL BLOOM 33.8 28.9 38.9
EICL mT5 333 40.4 31.0
EICL BLOOMZ 31.9 28.8 38.2
EICL mTO 343 30.0 36.7
EICL ChatGPT 64.8 62.3 -
TICL BLOOM 334 28.8 38.2
TICL mT5 333 40.4 30.5
TICL BLOOMZ 33.8 29.0 32.1
TICL mTO 43.1 37.4 38.6
TICL ChatGPT 56.5 50.2 -
ZICL BLOOM 33.8 37.4 32.0
ZICL mT5 324 31.9 37.6
ZICL BLOOMZ 324 31.9 37.6
ZICL mTO 56.9 552 50.6

Table 13: Model performance on KLUENLI, OCNLI and PARSINLUENTAILMENT.

three few-shot samples.

We report the average of the

Transfer + Model ~ Macro de es fr ja ko zh
Target FT 472 475 488 47.1 481 442 473
English FT 786 799 835 840 745 743 55
English Target FT 779 799 826 810 731 739 770
EICL BLOOM 424 415 423 43.0 427 420 428
EICL mT5 432 415 424 477 427 420 426
EICL BLOOMZ 495 589 589 577 345 295 578
EICL mTO 61.1 787 576 578 573 580 574
EICL ChatGPT 68.6 73,5 720 - 674 60.1 6938
TICL BLOOM 459 493 423 424 429 549 430
TICL mT5 43.1 415 464 43.0 427 420 426
TICL BLOOMZ 517 474 564 513 488 556 504
TICL mTO 609 679 681 570 573 580 574
TICL ChatGPT 68.5 719 715 - 670 628 69.1
ZICL BLOOM 424 416 424 429 430 420 427
ZICL mT5 580 58.0 578 586 577 581 575
ZICL BLOOMZ 58.0 58.0 578 58.6 577 58.1 575
ZICL mTO0 91.2 915 955 943 875 879 908

Table 14: Model performance on PAWSX. We report the average of the three few-shot samples.

Transfer + Model =~ Macro de zh es fr ja
Target FT 763 729 771 761 823 73.1
English FT 919 942 845 938 951 0918
English Target FT 924 93,6 87.6 934 949 923
EICL BLOOM 834 820 849 928 88.0 69.2
EICL mT5 502 494 506 509 506 498
EICL BLOOMZ 81,5 757 80.2 938 935 643
EICL mTO 79.8 887 706 81.8 89.6 685
EICL ChatGPT 858 943 875 - 96.1 650
TICL BLOOM 842 873 857 928 842 709
TICL mT5 502 494 506 509 506 4938
TICL BLOOMZ 649 571 712 792 615 555
TICL mTO 722 889 513 589 851 768
TICL ChatGPT 89.7 944 855 - 956 832
ZICL BLOOM 503 494 506 509 507 4938
ZICL mT5 45.1 485 496 399 370 504
ZICL BLOOMZ 156 239 184 60 96 198
ZICL mTO 873 905 727 908 93.0 895

Table 15: Model performance on AMAZON REVIEWS MULTI. We report the average of the three few-shot samples.



Transfer + Model  Macro as bn brx gu hi

Target FT 582 614 558 626 567 64.1

English FT 874 850 874 894 884 91.6

English Target FT 88.4 846 902 90.6 89.7 93.0

EICL BLOOM 872 837 876 912 86.1 920

EICL mT5 49.8 498 498 498 498 498

EICL BLOOMZ 93.0 89.6 942 949 931 956

EICL mTO 799 73.6 884 813 802 8l1.1

EICL ChatGPT 89.3 - 918 - - -

TICL BLOOM 86.5 831 867 912 841 926

TICL mT5 498 498 498 498 49.8 498

TICL BLOOMZ 645 670 612 949 528 56.5

TICL mTO 69.0 874 829 50.1 782 683

TICL ChatGPT 89.7 - 926 - - -

ZICL BLOOM 497 498 498 498 49.8 498

ZICL mT5 265 244 244 248 260 26.1

ZICL BLOOMZ 645 67.0 612 949 528 565

ZICL mTO 932 905 937 943 922 953
Transfer + Model kn  mai ml mr or pa ta te ur
Target FT 595 62.6 458 604 627 489 578 550 60.8
English FT 884 894 869 86.1 772 904 870 867 903
English Target FT | §9.6 90.6 864 862 779 916 874 885 91.1
EICL BLOOM 830 912 858 889 858 89.0 850 86.0 851
EICL mT5 498 498 498 498 498 498 498 498 498
EICL BLOOMZ 92.7 949 918 924 938 942 90.6 90.5 935
EICL mTO 748 716 832 81.6 783 881 867 78.0 71.7
EICL ChatGPT - - - - - - 823 - 939
TICL BLOOM 81.8 912 840 882 850 882 853 851 841
TICL mT5 498 498 498 498 49.8 498 498 498 498
TICL BLOOMZ 49.7 949 663 583 592 573 682 503 669
TICL mTO 72.1 49.7 844 797 66.1 68.8 553 58.7 649
TICL ChatGPT - - - - - - 839 - 924
ZICL BLOOM 49.8 498 493 498 498 498 49.6 49.8 487
ZICL mT5 26.8 248 29.0 207 224 324 254 289 345
ZICL BLOOMZ 26.8 248 29.0 207 224 324 254 289 345
ZICL mTO 935 943 920 928 912 952 923 929 946

Table 16: Model performance on INDIC SENTIMENT. We report the average of the three few-shot samples.

languages, LLMs using in-context learning may of-
ten result in higher performance. We observed that
mTO ENGLISH FT faces difficulties when applied
to XCOPA. This could be attributed to the limited
size of the XCOPA English set, which might not
provide enough data for a smaller mT5-base model
to acquire comprehensive task knowledge.

XWINOGRAD. The experimental results on
XWINOGRAD are available in Table 18. Similar
to XCOPA, on XWINOGRAD, fine-tuning-based
methods often struggle, while in-context learning
with competitive LLMs yields strong performance.

C.5 Question Answering

TYDIQA experimental results are available in Ta-
ble 19. Both the fine-tuning and ICL methods ex-
hibit commendable performance on this particular
task. It is intriguing to note that both mTO and
BLOOMZ demonstrate relatively lower efficacy
in Korean, Finnish, and Russian. This can be at-

tributed to the fact that these languages were not
included during the pretraining phase.

C.6 Named Entity Recognition

WIKIANN. Table 20 contains the results for
WIKIANN. We specifically present the few-shot
results since we discovered that zero-shot baselines
consistently exhibit extremely poor performance,
often close to zero, primarily because generating
the answer in the precise output format proves to
be challenging.

It’s important to acknowledge that the BUFFET-
Light WIKTIANN subset comprises languages that
are relatively high-resource, which could poten-
tially lead to an overestimation of ChatGPT’s per-
formance. When comparing the best fine-tuning
method with ChatGPT in the BUFFET-light lan-
guages, they generally perform competitively, with
the exception of Finnish.



Transfer + Model =~ Macro et ht it id qu SW zh ta th tr vi
Target FT 46.7 50.0 50.1 483 505 504 325 498 493 494 339 50.0
English FT 060 00 00 00 00 OO 00 00 00 00 00 00
English Target FT 499 503 499 49.6 492 505 504 504 492 507 495 494
EICL BLOOM 500 515 490 499 500 506 500 501 495 500 499 50.0
EICL mT5 50.0 50.0 499 50.7 500 495 498 499 50.7 500 50.0 50.0
EICL BLOOMZ 50.5 50.7 512 509 500 527 499 500 50.1 498 49.8 50.0
EICL mTO 57.1 60.7 606 534 598 500 61.6 641 519 541 541 58.1
EICL ChatGPT 76.7 87.6 - 912 - - - - 546 626 874 -
TICL BLOOM 50.1 49.8 504 504 490 488 522 506 49.6 500 49.8 50.2
TICL mT5 500 499 500 499 500 500 499 500 500 500 495 509
TICL BLOOMZ 50.5 45.6 508 504 534 474 498 518 532 500 494 534
TICL mTO 528 504 519 510 519 506 537 505 50.1 506 543 655
TICL ChatGPT 744 89.2 - 916 - - - - 495 557 862 -
ZICL BLOOM 509 51.8 488 512 514 506 512 536 524 482 498 50.6
ZICL mT5 50.1 49.8 504 504 490 488 522 506 49.6 500 49.8 50.2
ZICL BLOOMZ 50.1 48.6 502 524 474 508 452 468 548 506 528 51.0
ZICL mTO 64.1 640 622 662 700 488 662 718 61.0 630 650 672

Table 17: Model performance on XCOPA. We report the average of the three few-shot samples.

Transfer + Model =~ Macro ip pt ru zh
Target FT 50.0 484 503 499 514
English FT 0.0 0.0 0.0 0.0 0.0
English Target FT 49.0 484 484 488 50.6
EICL BLOOM 50.8 49.6 48.0 54.0 515
EICL mTS5 492 484 495 474 513
EICL BLOOMZ 521 52,6 503 553 50.1
EICL mTO 59.6 622 5777 532 652
EICL ChatGPT 73.3 - 741 725 -
TICL BLOOM 51.7 522 502 543 50.1
TICL mT5 473 484 462 444 503
TICL BLOOMZ 53.1 527 545 553 50.0
TICL mTO 579 549 572 629 565
TICL ChatGPT 71.6 - 704 728 -
ZICL BLOOM 53.7 519 544 567 519
ZICL mTS5 46.4 474 485 457 442
ZICL BLOOMZ 509 519 519 502 49.6
ZICL mTO 645 68.7 59.8 622 673

Table 18: Model performance on XWINOGRAD We report the average of the three few-shot samples.

Transfer + Model =~ Macro ar be fi id SW ko ru te
Target FT 8.3 8.1 6.1 9.1 6.4 5.5 7.5 9.2 147
English FT 629 61.0 632 653 692 679 57.1 563 63.5
English Target FT 66.7 659 680 636 700 693 606 651 70.7
EICL BLOOM 392 438 582 206 470 575 232 327 304
EICL mT5 0.3 0.7 0.1 0.4 0.2 0.3 0.0 0.3 0.0
EICL BLOOMZ 445 453 677 189 61.0 737 124 19.6 576
EICL mTO 69.0 540 758 689 688 755 68.1 537 86.7
EICL ChatGPT 70.8 - 589 - 765 71.0 - - -
TICL BLOOM 7.0 132 119 1.7 19.1 4.5 0.7 1.3 3.7
TICL mT5 0.2 0.4 0.1 0.2 0.6 0.2 - 0.3 -
TICL BLOOMZ 437 447 637 175 603 715 121 203 593
TICL mTO 70.8 587 758 669 72.1 783 721 659 76.6
TICL ChatGPT 66.7 - 46.0 - 767 774 - - -
ZICL BLOOM 2.0 2.2 1.1 3.1 32 2.3 1.0 1.5 1.7
ZICL mT5 652 80.0 86.3 73 81.3 820 447 550 85.1
ZICL BLOOMZ 652 80.0 86.3 73 81.3 820 447 550 851
ZICL mTO 752 718 844 673 773 78.6 683 650 88.9

Table 19: Model performance on TYDIQA. We report the average of the three few-shot samples.



Transfer + Model ~ Macro ta fr it ja vi be gu et th
Target FT 437 02 59.0 555 439 583 635 260 544 237
English FT 522 0.8 782 794 56.1 805 739 240 605 107
English Target FT 566 0.8 781 76.8 557 759 768 370 760 256
EICL BLOOM 328 06 516 510 221 538 256 223 370 1.7
EICL mT5 1.6 0.0 0.0 0.0 0.0 0.0 33 0.3 0.0 0.0
EICL BLOOMZ 224 05 371 434 156 368 154 130 29.6 0.3
EICL mTO 158 0.1 138 13.0 9.1 229 11.0 6.0 241 1.4
EICL ChatGPT 77.6 - - 818 - - 782 - 7182 -
TICL BLOOM 328 0.7 525 502 208 535 244 240 340 1.0
TICL mT5 03 0.0 0.0 0.1 0.0 0.1 0.2 1.3 0.0 1.7
TICL BLOOMZ 207 06 373 398 150 321 135 87 251 0.2
TICL mTO 158 0.1 138 13.0 9.1 229 110 6.0 24.1 1.4
TICL ChatGPT 76.8 - - 823 - - 784 - 769 -
Transfer + Model or kn fi gn ru el ur es hi te as
Target FT 365 125 555 603 501 590 684 549 424 70 253
English FT 355 11.0 642 71.0 604 734 796 757 479 6.6 26.0
English Target FT | 40.0 225 748 680 678 744 79.1 783 537 95 283
EICL BLOOM 22.0 6.0 395 473 261 204 707 552 402 56 227
EICL mT5 0.0 1.3 0.0 0.0 0.0 0.0 10.1 00 100 00 0.7
EICL BLOOMZ 10.0 57 31.8 280 19.7 158 417 375 309 42 160
EICL mTO 16.3 33 152 243 151 128 47.1 203 187 33 100
EICL ChatGPT - - 815 - - 724 - - - - -
TICL BLOOM 25.3 6.7 376 490 262 197 717 556 399 53 240
TICL mT5 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.8 0.0 1.0
TICL BLOOMZ 6.5 40 265 247 174 130 473 411 265 3.8 13.0
TICL mTO 16.3 33 152 243 151 128 471 203 187 33 100
TICL ChatGPT - - 819 - - 693 - - - - -
Transfer + Model SW pa bg ml tr fa id ko mr de ar bn zh
Target FT 575 29.7 542 19.7 554 480 642 361 348 512 406 43.0 499
English FT 61.0 355 670 214 645 605 81.6 362 366 751 529 487 66.6
English Target FT | 75.3 423 67.1 245 795 576 80.7 577 447 732 529 477 652
EICL BLOOM 60.3 263 309 140 394 286 612 120 284 417 439 349 387
EICL mT5 0.0 0.7 0.0 0.0 0.0 0.0 0.3 0.0 0.4 6.7 16.7 3.7 0.0
EICL BLOOMZ 349 150 227 50 346 147 317 9.8 226 264 210 360 313
EICL mTO 243 100 147 50 202 214 234 112 123 157 23.0 239 27.7
EICL ChatGPT - - 733 - - - - - - - - - -
TICL BLOOM 588 267 296 144 396 278 614 106 279 433 446 368 383
TICL mT5 0.4 0.5 0.1 0.4 0.3
TICL BLOOMZ 26.8 140 19.7 42 313 147 352 81 204 224 236 362 31.0
TICL mTO 243 10.0 147 50 202 214 234 112 123 157 230 239 277
TICL ChatGPT - - 720 - - - - - - - - - -

Table 20: Model performance on WIKIANN. We report the average of the three few-shot samples.

MASAKHANER. Results on MASAKHANER
are available at Table 21. In this benchmark, all ICL
methods, including ChatGPT, encounter difficul-
ties, whereas TARGET FT and ENG.+TGT. FT con-
sistently demonstrates strong performance across
various languages. Notably, by incorporating an
additional 32 training examples, ENG.+TGT. FT
achieves a significant 34% improvement in perfor-
mance for Hausa. These remarkable enhancements
underscore the effectiveness of fine-tuning a spe-
cialized model on a limited set of training samples
in target languages.

C.7 Generation

TYDIQA-QG. The experimental results for
TYDIQA-QG are available in Table 22. On this
task, ChatGPT and mTO ENGLISH ICL show su-
perior performance than smaller fine-tuned models,
demonstrating their competitiveness in generating
fluent text in target languages.

XLSUM. XLSUM results are available in Ta-
ble 23. Despite strong generation capability, Chat-
GPT ENGLISH ICL performance remains low. We
found that when instructed in English, ChatGPT
often generates summaries in English, not in the
article language. We haven’t observed such be-
haviors on other tasks or other LLMs. ChatGPT



Transfer + Model Macro amh  hau ibo kin luvo pem swa  wol yor
Target FT 174 13.6 315 286 128 142 11.1 264 8.7 9.9
English FT 9.4 62 110 148 105 105 87 104 3.8 8.3
English Target FT 305 27.0 447 443 268 260 237 406 18.8 224
EICL BLOOM 17.2 34 238 274 185 11.6 152 249 163 139
EICL mT5 1.5 0.0 133 0.0 0.0 0.4 0.0 0.0 0.0 0.0
EICL BLOOMZ 14.9 02 11.3 284 143 46 124 244 177 210
EICL mTO 1.3 0.0 1.7 0.8 4.9 1.2 0.0 2.2 0.0 0.8
EICL ChatGPT 13.2 - - - - - - - - 132
TICL BLOOM 17.2 34 238 274 185 11.6 152 249 163 139
TICL mT5 0.2 0.0 1.6 0.0 0.0 0.4 0.0 0.0 0.0 0.0
TICL BLOOMZ 14.9 02 11.3 284 143 46 124 244 177 21.0
TICL mTO 1.3 0.0 1.7 0.8 4.9 1.2 0.0 22 0.0 0.8
TICL ChatGPT 12.8 - - - - - - - - 128

Table 21: Model performance on MASAKHANER. We report the average of the three few-shot samples.

Transfer + Model = Macro ar be fi id SW ko ru te
Target FT 34 2.7 4.1 2.5 4.4 3.2 2.8 2.1 5.8
English FT 4.2 2.1 3.5 5.1 6.2 5.1 3.0 4.7 4.2
English Target FT 122 115 73 158 141 13.1 7.9 89 188
EICL BLOOM 11.6 183 104 108 16.1 152 1.3 37 174
EICL mT5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1
EICL BLOOMZ 139 195 142 78 236 231 0.7 2.1 203
EICL mTO 153 258 103 3.7 196 123 4.1 6.2 40.1
EICL ChatGPT 17.8  30.6 - 282 - - 0.7 26 269
TICL BLOOM 12.8 18.1 9.6 100 157 149 7.7 9.2 16.8
TICL mT5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
TICL BLOOMZ 120 16.0 10.7 50 200 21.1 1.9 52 159
TICL mTO 14.6 17.7 9.1 6.6 183 120 5.1 8.5 393
TICL ChatGPT 19.2 240 - 275 - - 148 176 122
ZICL BLOOM 0.1 0.1 0.1 0.0 0.1 0.1 0.1 0.1 0.0
ZICL mT5 16.5 306 155 52 245 218 3.0 46 26.8
ZICL BLOOMZ 1.7 2.4 2.1 1.7 2.5 2.2 1.0 0.9 1.2
ZICL mTO 10.3 49 137 35 123 5.4 1.9 2.0 39.1

Table 22: Model performance on TYDIQA-QG. We report the average of the three few-shot samples.

TARGET ICL shows large improvements from EN-
GLISH ICL, which has not been observed in other
tasks. When instructions in the target language are
given, ChatGPT almost always generates a sum-
mary in the target language.

Among non-instruction-tuned models,
ENG.+TGT. FT yields the highest average
performance. It should be noted that mTO and
BLOOMZ are trained on XLSUM. Nevertheless,
their performance in some languages remains low.

D More Analysis

D.1 Performance across Languages

Figure 8 shows performance across languages on
the three tasks, NLI, NER, and QA, adding two
more LLMs: BLOOMZ and mTO.

D.2 Variances of Different k-shots

In Section 5, we show that different sets of demon-
strations can cause significant performance differ-

ences. We provide the full visualization results
across different tasks.

D.3 Variances of the Varying Number of &

We provide the full experimental results with a
different number of k. We evaluate BLOOM EN-
GLISH ICL, BLOOMZ ENGLISH ICL and mTS5-
ENG.+TGT. FINE-TUNING and mTO ENGLISH
ICL experimental results on AMAZON REVIEW,
TYDIQA, TYDIQA-AG, WIKIANN, and in Fig-
ures 9, 10, 11 and 12, respectively.

AMAZON REVIEW. On AMAZON REVIEW, All
models except for BLOOM (pretraining only) show
competitive zero-shot performance. BLOOM EN-
GLISH ICL benefits from few-shot demonstrations
while mTO ENGLISH ICL exhibit performance de-
terioration as adding more demonstrations across
languages.

TYDIQA. Among ENGLISH ICL baselines,
mTO shows strong performance up to four demon-



Transfer + Model =~ Macro Tamil Vietnamese Swahili  Indonesian

Target FT 2.8 0.8 11.0 2.0 1.7

English FT 4.0 0.1 18.4 7.8 4.9

English Target FT 8.4 10.9 24.7 8.8 7.8

EICL BLOOM 2.4 0.1 9.0 4.6 3.8

EICL mT5 0.3 0.0 1.7 0.4 0.2

EICL BLOOMZ 9.0 18.6 12.3 1.6 33

EICL mTO 1.8 0.0 10.4 53 1.0

EICL ChatGPT 5.4 - 19.5 - 4.9

TICL BLOOM 4.7 13.9 10.3 4.6 3.1

TICL mT5 0.3 0.0 1.7 0.3 0.3

TICL BLOOMZ 10.9 4.6 12.9 1.2 15.7

TICL mTO 1.8 0.0 10.4 53 1.0

TICL ChatGPT 11.4 - 19.5 - 7.2

ZICL BLOOM 4.1 0.1 10.7 9.0 9.5

ZICL mT5 1.3 0.5 4.8 1.1 0.7

ZICL BLOOMZ 43 0.0 0.0 0.0 9.5

ZICL mTO 8.5 1.1 26.9 18.3 16.8
Transfer + Model = Turkish Japanese Thai Bengali Arabic Spanish Persian Chinese
Target FT 1.1 6.5 6.5 0.0 0.0 1.5 0.0 2.2
English FT 8.0 0.7 0.9 0.0 0.0 5.7 0.0 1.2
English Target FT 12.1 2.8 8.5 0.0 33 10.7 10.0 1.5
EICL BLOOM 5.2 0.3 0.2 0.0 0.1 3.7 0.0 1.1
EICL mT5 0.4 0.0 0.0 0.0 0.0 0.4 0.0 0.0
EICL BLOOMZ 7.0 0.9 48.6 0.0 0.0 5.0 10.0 0.4
EICL mTO 1.0 0.0 0.0 0.0 0.0 4.0 0.0 0.0
EICL ChatGPT 2.4 - - - - - - -
TICL BLOOM 52 14.1 0.5 0.0 0.0 3.6 0.0 1.2
TICL mT5 0.5 0.0 0.0 0.0 0.0 0.4 0.0 0.0
TICL BLOOMZ 32 374 486 0.0 0.0 5.8 0.0 1.5
TICL mTO 1.0 0.0 0.0 0.0 0.0 4.0 0.0 0.0
TICL ChatGPT 10.0 - - - - - 20.1 -
ZICL BLOOM 4.3 0.8 0.2 0.0 0.0 33 10.0 1.6
ZICL mT5 1.1 2.4 1.9 0.0 0.1 0.7 0.0 1.9
ZICL BLOOMZ 0.0 0.0 0.0 0.0 0.0 7.6 0.1 0.0
ZICL mTO 15.7 3.1 24 0.0 0.1 12.4 0.2 4.4

Table 23: Model performance on XLSUM

—&— mT5 English FT mT5 Eng.+Tgt. FT

—<= BLOOM English ICL =
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Figure 8: Model performance across three tasks, NLI, NER, and QA, displayed for various languages. The
languages are sorted based on token availability in mC4, with the left side representing high-resource languages. All
methods show performance deterioration in lower-resource languages (right side), with larger drops in ENGLISH-
ICL methods. Additional fine-tuning in target languages is more effective in less-represented languages.

strations, although their performance gets really
low once more demonstrations are added. Sim-
ilar deterioration happens in BLOOMZ. On the
contrary, BLOOM performance improves as more
shots are added. Despite using only 32 shots.

TYDIQA-QG. Unlike in AMAZON REVIEW or
TYDIQA, BLOOMZ ENGLISH ICL shows perfor-
mance improvements with more demonstrations in
Arabic and Bengali, reaching the highest QG per-
formance in Bengali with four demonstrations. On
the contrary, both BLOOM and BLOOMZ show
poor QG performance in Korean and Russian, pos-



sibly due to the lack of those languages during
pretraining.

WIKIANN. On WikiANN, all of the models
gain performance improvements by adding at least
one demonstration, possibly due to the difficulty of
learning the exact output format expected given the
instruction only. As in other datasets, mTO reaches
its highest performance with four demonstrations.
mT5 ENG.+TGT. FT exhibits performance drops
with one shot, possibly due to their overfit to the
single example.

D.4 Variances of Different Instructions

We investigate the effectiveness of different En-
glish instructions on question generation tasks for
TYDIQA in 0 and 4-shot setting using mTO and
BLOOM as base models in Table 24. We com-
pare four relevant instructions and one irrelevant
instruction (an instruction for AMAZON REVIEW).
In a zero-shot setting, instruction does not make
much difference for both instruction-tuned and non-
instruction-tuned models, since irrelevant instruc-
tions are sometimes better than the relevant prompt.

In a four-shot setting, whether the instruction
is relevant does not make a huge difference for
BLOOM, and we observed that random seeds im-
pact the performance more, yet the performances
do suffer a sharp loss if we are using irrelevant in-
struction in the instruction-tuned model. We also
discovered that different models might favor dif-
ferent instructions for different languages, for ex-
ample, in Swabhili, 4-shot BLOOM favors the first
instruction, while mTO favors the fourth instruc-
tion.

D.5 Qualitative Results for Generation Tasks

Table 25 shows some qualitative results of Chat-
GPT ENGLISH ICL and TARGET TCL on XLSUM
and TYDIQA. Given English instruction, ChatGPT
often generates summaries in English, rather than
in the article language. On the other hand, such
cross-lingual generation behaviors don’t occur in
QA tasks, and the model’s predictions with TAR-
GET ICL and ENGLISH ICL exhibit high overlap
with each other. We hypothesize that ChatGPT’s
this cross-lingual summarization behavior can be
related to their private training corpus, and future
work can further investigate this issue.
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Figure 9: Effects of demonstrations on Amazon Review. The z-axis indicates the number of training instances
used during the transfer.
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Figure 10: Effects of demonstrations on TYDIQA. The z-axis indicates the number of training instances used
during the transfer.
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Figure 11: Effects of demonstrations on TYDIQA-QG. The z-axis indicates the number of training instances
used during the transfer.
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Figure 12: Effects of demonstrations on WIKIANN. The z-axis indicates the number of training instances used
during the transfer.



Instruction

0-shot

BLOOM

mTO0

4-shot 0-shot 4-shot

fi

ru

SW

fi

ru SW fi ru SW fi ru SW

This task is about reading the given pas-
sage and constructing a question about
the information present in the passage.
Construct a question in such a way that
(1) it is unambiguous, (ii) it is answered
from the passage, (iii) its answer is
unique (iv) its answer is a continuous
text span from the paragraph. Avoid cre-
ating questions that (i) can be answered
correctly without actually understand-
ing the paragraph and (ii) uses the same
words or phrases given in the passage.

5.1

33

5.1

8.7

43 108 40 37 50 50 53 31

Could you generate a question in lang
whose answer is as provided based on
the following context?

5.1

33

5.1

9.1

4.3 95 40 37 50 65 75 87

Could you generate a lang question
whose answer is as provided based on
the following context?

5.1

33

5.1

9.2

4.3 93 40 37 50 66 74 84

Generate a lang question whose an-
swer is as provided based on the follow-
ing context.

5.1

33

5.1

9.3

44 91 40 37 50 171 77 9.0

In this task, you are given a review from
Amazon. Your task is to generate a rat-
ing for the product on a scale of 1-5
based on the review. The rating means
-2: extremely poor, 1: poor, 0: neutral, 1:
good, 2: extremely good, 3: mixed and
-3: no sentiment expressed.

5.1

33

5.1

9.2

44 104 40 37 50 04 01 04

Table 24: The performance (in BLEU score) for different instructions for TYDIQA-QG. lang stands for the full
language name, e.g., Arabic. We modify the instructions from BUFFET, PromptSource (Bach et al., 2022), and

SuperNaturallnstructions (Wang et al., 2022b).

Target Gold. Pred.
. . . ENGLISH ICL: Manchester United striker Wayne Rooney
Manajetr Eléfllsea J(I){SG Mourinho rtne‘rlr(lberl Wlik Lucf.g has been given 48 hours to resolve speculation over his
Jam untuk Wayne Rooney memutuskan apakah cia future, with Chelsea expressing interest in the player. [en]
XLSUM- ingin meninggalkan Manchester United dan pindah
. ke Stamford Bridge. (Google Translate: Chelsea . . N
Indonesian manager Jose Mourinho has given Wayne Rooney TARGET ICL:Mourinho memberi ultimatum kepada
48 hours to decide whether he wants to leave réa}{ggaizgﬁez 32{;1; rg?ﬁ%j%%fgef;ﬁl:; tara MU
Manchester United and move to Stamford Bridge.) °p y . jam, .
dikabarkan sedang mengincar Gareth Bale. [id]
Suriye’nin Rakka vilayetine bagl Tel Abyad kent iizgiguigﬁogf}glfgf;; dhfgizgagfzgiﬁfvgieﬂ
XLSuM- merkezinde }SID ile YPG giicleri ara51vnda siddetli control of two neighborhoods in Tel Abyad. [en]
Turkish catigmalar siirerken, Akcakale smnir1 siginmacilara
ﬁen%dle:rgabgllgz. IS.I]; e kars1 savagan YPG giicleri TARGET ICL: YPGiiin ele gegirdigi, catismalarin devam
¢ lal Abyad-a girdt. ettigi ve sivillerin tehlikede oldugu" bilgisini verdi. [tr]
ENGLISH ICL: sehemu za chakula pamoja na wanga,
TYDIQA- ’Sehemu ya chakula pamoja na wanga, protini na protini na vitamini.[sw]
Swahili vitamin

TARGET ICL: Sehemu za chakula pamoja na wanga,
protini na vitamini. [sw]

Table 25: ChatGPT outputs for XLSUM and TYDIQA Output. [lang] indicate the language codes of the output text

languages.



