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Abstract

Supervised fine-tuning (SFT), supervised in-
struction tuning (SIT), and in-context learning
(ICL) are three alternative, de facto stan-
dard approaches to few-shot learning. ICL has
gained popularity recently with the advent of
LLMs due to its versatile simplicity and sam-
ple efficiency. Prior research has conducted
only limited investigation into how these
approaches work for multilingual few-shot
learning, and the focus so far has been mostly
on their performance. In this work, we present
an extensive and systematic comparison of
the three approaches, testing them on a va-
riety of high- and low-resource languages
over five different NLU tasks, and a myriad
of language and domain setups. Importantly,
performance is only one aspect of the compar-
ison, where we also analyze and discuss the
approaches through the optics of their compu-
tational, inference and financial costs. Some of
the highlighted findings concern an excellent
trade-off between performance and resource
requirements/cost for SIT. We further analyze
the impact of target language adaptation of
pretrained LLMs and find that the standard
adaptation approaches can (superficially) im-
prove target language generation capabilities,
but language understanding elicited through
ICL does not improve accordingly and remains
limited, especially for low-resource languages.

1 Introduction and Motivation

Recent advances in data-efficient, few-shot
learning have been crucial for increasing and
promoting language inclusiveness of NLP tech-
nology (Devlin et al., 2019; Conneau et al., 2020;
ImaniGooghari et al., 2023), substantially low-
ering the dataset size-related ‘entry point’ for a
new language. This was made possible by pre-
trained language models which can generalize to
anew task or language from the knowledge stored

in their parameters complemented with only a
handful of in-task data.

The standard approaches for such few-shot
adaptations are 1) Supervised Fine-Tuning (SFT),
which also subsumes more recent 2) Super-
vised Instruction-Tuning (SIT), and 3) In-Context
Learning (ICL). SFT and SIT use knowledge
in pretrained model parameters for initialization
and then adapt the parameters to a language-task
combination via supervised training on available,
even if scarce, resources. Importantly, they yield
a model specialized for a single language-task
combination and can get increasingly better at the
task if a larger training dataset becomes available.
ICL, in contrast, uses a single versatile model ‘as
is’ to complete any task, without any parameter
adaptation or fine-tuning. Instead, it is adapted via
prompting: Given an explanation of a task (i.e.,
instruction) and a set of ‘training’ examples (i.e.,
annotated demonstrations), the model is tasked to
generate the label for every input (Radford et al.,
2019). Due to the model’s context size, ICL per-
formance is capped by the model’s pretraining and
the demonstrations that fit into the input context.

Existing generative models used for ICL
(termed Large Language Models, or LLMs hence-
forth) are usually pretrained in an English-centric
manner, with the vast majority of the pretraining
corpus in English and only limited coverage of
other languages (Sitaram et al., 2023), even with
‘accidentally encountered’ bilingual and trans-
lation data (Briakou et al., 2023). As a result,
current LL.Ms are very far from serving the world’s
languages equally: While demonstrating impres-
sive ICL results in English (Mishra et al., 2022),
they still face difficulties when transferring to
other languages (Winata et al., 2021; Tanwar
et al., 2023), especially low-resource ones (Ojo
et al., 2023). In contrast, a number of encoder
and encoder-decoder models, such as XLM-R
(Conneau et al., 2020) or mT5 (Xue et al., 2021),
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Figure 1: Comparison of practical aspects of different learning paradigms (83.1) in the intent detection task from

Multi3NLU++ (Moghe et al.,

2023), with exactly the same data setup, for Amharic and Spanish. In-context

learning (ICL) has low performance and high inference and computational cost while being comparatively
inexpensive. Supervised fine-tuning (SFT) and supervised instruction-tuning (SIT), on the other hand, have a
larger financial cost but they are much more efficient in terms of inference aspects and computational resources
while also performing much better both for Amharic as a representative low-resource language (1a) and Spanish

as a high-resource language (1b).

used for initialization in SFT are pretrained with
much wider language coverage' (termed multilin-
gually Pretrained Language Models, or mPLMs;
Conneau et al., 2020; ImaniGooghari et al., 2023).
This property enables sample-efficient transfer
and adaptation of natural language understanding
(NLU) models to a much larger array of lan-
guages (Ansell et al., 2021) than what is currently
supported by ICL-based LLMs.

While SFT, SIT, and ICL are comparable ap-
proaches for few-shot multilingual NLU that can
‘consume’ the same type of task-annotated data,
there has been little attention drawn to which of
the techniques works better in practice. Therefore,
this paper aims to delve deeper into understanding
and analyzing a variety of factors which critically
impact effective use of either from a more prac-
tical point of view. Our first aim is to provide
answers to the following question:

(Q1) Given the same annotated examples, which
of the approaches is better in practice?

In particular, the sometimes vague term ‘prac-
tice’ in our work comprises the following crucial
aspects: 1) sample efficiency (i.e., ‘data cost’);

!For instance, XLM-R (Conneau et al., 2020), mBERT
(Devlin et al., 2019), LaBSE (Feng et al., 2022), and mT5
(Xue et al., 2021) cover ~100 languages at pretraining
(albeit with different pretraining data amounts), while
Glot500 (ImaniGooghari et al., 2023) covers up to 500
languages.

2) computational requirements (‘computational
cost’); 3) latency (‘inference cost’); and 4) over-
all financial or ‘economic’ cost. Prior work has
been mainly focused on benchmarking ICL on
subgroups of languages (Ojo et al., 2023) and
only considered and optimized task performance
of the models as the ultimate comparison crite-
rion. In contrast, our work presents an extensive
analysis studying cross-lingual capabilities of SFT
and ICL both on high and low-resource languages,
considering not only the task performance but also
the above listed practical aspects, as illustrated in
Figure 1.

Our analysis focuses on token- and sentence-
level classification tasks commonly used for
evaluation of NLU capabilities of the mod-
els (for details see 84.1). Classification tasks
are especially demonstrative in our systematic
comparison, as their well-defined ontologies and
automated metrics enable direct comparison of
the different modeling paradigms. Further, the
classification-based tasks (or tasks which can be
cast into classification) are frequently used in
modern-day NLU systems (e.g., extracting named
entities), which additionally motivates our choice.

Furthermore, prior work has demonstrated the
effectiveness of parameter-efficient fine-tuning
(PEFT) to improve the models’ cross-task capa-
bilities and to promote aspects of their generation
abilities (e.g., open-domain chat; Dettmers et al.,
2023). In this work, we also analyze how language

1097



adaptation of LLLMs ‘beyond English’ impacts
their NLU and NLG performance in a target lan-
guage. This gives rise to another core research
question:

(0Q2) Given the benefits of ICL as a learning
paradigm (but its inferior performance in com-
parison to SFT), could we use the standard adap-
tation strategies to improve LLMs’ generation
and understanding capabilities in other lan-
guages?

To our knowledge, this is the first work ana-
lyzing how multilingual NLU capabilities of ICL
with LLMs are effected by their target language
adaptations, as well as studying the trade-offs for
NLG.

Contributions. 1) Related to Q1, we conduct
a comprehensive analysis of ICL versus SFT
and SIT paradigms in the context of multilingual
few-shot adaptation, with the focus on multiple
practical aspects and cost. Our analyses show
that not only the SFT and SIT approaches with
smaller models lead to improved task performance
but also they remain more data-, computation-,
inference-effective than ICL with general-purpose
LLMs. 2) Related to Q2, we investigate the ef-
fectiveness of target language adaptation, adopted
from the work on mPLMs, for ICL with LLM:s.
The main finding is that language adaptation leads
to superficially improved generation capabilities
in the target language with only limited improve-
ments on the actual tasks, calling for further
research that will mitigate the large language gap
in LLM development and deployment between
English and other languages.

2 Related Work

Instruction-Tuning LLMs aim to increase
their cross-task generalization capabilities. In-
struction tuning is in essence an SFT technique
where the input includes textual description of
the task, demonstrations, and user input queries
while the output is the desirable model output for
a given task in text form. Through inclusion of
task descriptions into the input, at inference time
the model becomes capable of completing tasks
unseen during training when provided with task
description (Sanh et al., 2022; Chung et al., 2022,
interalia). Instruction tuning has become a stan-
dard approach to turn an LLM into a model with
general capabilities to perform any task, given

the instructions, off-the-shelf (Wei et al., 2022a;
Mishra et al., 2022).

Extending LLMs to Other Languages. Al-
though there is a growing trend to make NLP
systems more linguistically inclusive (Bender,
2011; Doddapaneni et al., 2021), widely used gen-
erative LLMs remain predominantly English. For
instance, pretraining data of Llama-2 and PaLM
consists of 90% and 82% English text, respec-
tively (Touvron et al., 2023; Sitaram et al., 2023),
which substantially hinders their capabilities in
languages other than English (Ojo et al., 2023).
In an attempt to equate the models’ performance
across languages, there is an increasing interest in
extending their multilingual capabilities. A wide
range of techniques including continued pretrain-
ing (Cui et al., 2023), or using self-instruction
(Wei et al., 2023) or vocabulary extension (Zhao
et al.,, 2024), have been applied. Due to wide
adoption of ICL, another line of work focuses
on improving cross-lingual instruction following
capabilities via parameter-efficient multilingual
instruction tuning (Li et al., 2023b), multilingual
pretraining (Shliazhko et al., 2022), and injection
of several multilingual examples in fine-tuning
(Shaham et al., 2024). The methods show gains in
various aspects of amodel’s target language gener-
ation capabilities, while providing no systematic
empirical comparisons to prove that improved
NLG necessarily correlates with stronger NLU
performance via ICL.

These works provide initial insights into LLM
processing for languages other than English. In-
terestingly, the success of mPLMs in cross-lingual
transfer has always been attributed to their mas-
sively multilingual pretraining while, at first sight,
LLMs seem to operate differently: They perform
surprisingly well while having only a small per-
centage of multilingual text in their pretraining
corpora (Blevins and Zettlemoyer, 2022). At the
same time, little to no work has studied mul-
tilingual performance of these models in direct
comparison with standard mPLMs, and even
more so the practical aspects such as memory
requirements or latency.

3 On Learning and Practical Aspects

We analyze three established learning paradigms
for few-shot learning in monolingual and multi-
lingual setups, which are compared across four
practical aspects: data cost, computational cost,
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inference cost, and financial cost. We now outline
each learning paradigm and practical aspect.

3.1 A Brief Overview of Learning Paradigms

Let D = (z1,v1), ..., (xN,yn) denote a training
dataset where z; is the model input, y; is the
label annotation, and N is the number of training
examples, and let M refer to a pretrained language
model (LLM or mPLM).

Supervised Fine-Tuning (SFT). M is adapted
to a task or a language (or both) by fine-tuning
its parameters on D and minimising a loss func-
tion. Note that here we use SFT in its narrower
sense,” to refer to ‘standard’ fine-tuning where
an encoder-based model (such as mBERT) or
encoder-decoder model (e.g., mT5) is tuned di-
rectly for the target task (Devlin et al., 2019; Wei
et al., 2022a). At inference, the fine-tuned model
M’ is then used.

In-Context Learning (ICL). Unlike with SFT,
the parameters of M stay fixed and the model
is treated as a ‘black box’. ICL relies on genera-
tive capabilities of general-purpose LLMs (Brown
etal.,2020; Han et al., 2023). The model is adapted
to a task by conditioning it on task instructions
and in-context examples (demonstrations). Each
demonstration included into a prompt consists of
an input z and ground-truth annotated label y. In
other words, the demonstrations are an alternative
way to use the data available in D. Then, M is
expected to generate the label for the test input
usually included at the end of the prompt. While
in SFT the model parameters are adapted to a
target task, with ICL the model is expected to
learn the task by analogy, via the provided task
description combined with demonstrations. ICL is
an extremely popular, versatile approach since a
single LLM can serve multiple tasks (or in theory,
any task) without any further fine-tuning, but in
this work we put its multilingual NLU ability and
corresponding practical value to scrutiny.

Supervised Instruction-style Tuning (SIT).
To unlock the full potential of ICL, sufficiently
large language models need to be used (Wei et al.,
2022b), drastically raising the computational over-
head at inference in comparison with SFT. SIT

This is in contrast to SFT as used in the context of
Large Language Models where SFT refers to fine-tuning
a generalist LLM as part of its post-training procedure to
improve its performance on a specific task.

thus presents the middle ground between the two.
Here, one fine-tunes small(er) instruction-based
models to specific tasks. While SFT fine-tunes
the model directly on annotated data D, SIT
extends each input in D with task-specific instruc-
tions leveraging model’s instruction-following
capabilities (Wei et al., 2022a) obtained during
pretraining. SIT typically does not include demon-
strations into input, although including them there
is also possible (Min et al., 2022; Chen et al.,
2022), typically with small to negligible perfor-
mance gains in few-shot setups but increased
computational cost (Li et al., 2023a). For sim-
plicity, we experiment only with the SIT variant
without any demonstrations.

3.2 Practical Aspects

We consider practical costs of the ‘full cycle’ of
model development—from data collection costs
to inference cost, and aim to associate those costs
with the learning paradigms described in 83.1.

Data Cost. One key limiting factor for model
adaptation to new task-language (or even
finer-grained task-language-domain) combina-
tions is the costly and complex data collection
process, especially for low-resource languages
and specialized domains. Therefore, it is crucial to
develop methods which can efficiently generalize
from a small number of annotated examples. In
85, we analyze this data cost, that is, sample
efficiency as the relationship between the number
of training examples and task performance.

Computational Cost. The memory require-
ments of LLMs keep growing proportionally to
the number of their parameters. Deploying such a
model to the users means that one needs to have
access to and support costly infrastructure with
large VRAM (Aminabadi et al., 2022; Alizadeh
et al., 2023). Here, we analyze memory require-
ments of each learning paradigm both for model
storage and training, where applicable, and how
they correlate with the target task performance.

Inference Cost. Latency, or time needed by the
model to complete the prediction (Huyen, 2022,
Chapter 1), has the largest impact on user-facing
applications such as task-oriented dialog. To make
the system usable, it is critical to strike a balance
between strong performance and low latency. We
thus analyze the inference cost in two ways as:
1) wall-clock inference time, aiming to directly
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approximate (relative) latency of different models;
and 2) inference FLOPs, a hardware-independent
metric to compare inference complexity.

Financial Cost. Each of the aspects above con-
tributes to the overall cost of each model’s life
cycle. As financial resources are usually limited,
we also aim to (roughly) estimate the overall
financial expenditure needed for each learning
paradigm, including data collection, GPU, and
inference costs.

4 Experimental Setup

We focus on the comparison between SFT, SIT,
and ICL in few-shot multilingual and cross-lingual
setups, aiming to make the comparison as fair as
possible across languages, learning paradigms,
and models, and targeting the following setups:

In-Language Generalization. We evaluate the
model’s ability to generalize on new examples in
the same language in which fine-tuning examples
or demonstrations were provided to the model.

Cross-Language Generalization. We use a
model trained in one language to perform the
task in another one, where the transfer typically
proceeds from a high-resource language to a
low-resource one. In our experiments, we assume
the typical transfer direction with English as the
(high-resource) source language.

In-Domain and Cross-Domain Generalization.
For many NLU tasks (e.g., for task-oriented di-
alog) it is common to consider transferring the
systems between different domains, e.g., from
the flight booking to the restaurant booking
domain. If a model can be transferred across
domains, it means that it has in-depth understand-
ing of the classes used in the respective domain
definitions/ontologies.

4.1 Evaluation Tasks and Datasets

The main focus of the analyses, revolving around
QI and Q2 from 81, is on NLU tasks for
task-oriented dialog as one widely used and estab-
lished practical application of NLP technology,
due to multiple reasons. 1) Dialog is a user-facing
application where computational and memory re-
quirements, data collection cost, inference latency
and other practical concerns of the model de-
velopment cycle are of ultimate importance. 2)
Dialog NLU tasks provide well-defined ontologies

and evaluation setups, with evaluation bench-
marks that comprise comparable and semantically
aligned training and test data across multiple lan-
guages, including high- and low-resource ones
(Mogheetal.,2023; Huetal., 2023a), and multiple
domains. 3) In contrast to standard ‘non-dialog’
NLU tasks, dialog NLU datasets are unlikely to
have been seen and ‘absorbed’ by LLMs during
their pretraining, which avoids test data leakage
(Balloccu et al., 2024; Sainz et al., 2023).
Dialog-oriented evaluation is conducted on the
tasks of intent detection (ID) and value extrac-
tion (VE). ID aims to classify user’s utterance
into a set of intent classes predefined in the do-
main ontology. The aim of VE is to identify
the presence of ontology-related domain-specific
slot-value pairs in a given sentence. Here, we use
the Multi3NLU++ dataset (Moghe et al., 2023),
covering English (Casanueva et al., 2022) and
the following 4 languages: Amharic (am), Marathi
(MR), Spanish (gs), and Turkish (Tr). The datas
et also spans two different domains: BANKING and
HOTELS, with a partial overlap in intent classes and
slots. For both tasks we report micro-F1 scores.?

To verify that our findings extend beyond only
dialog-related NLU tasks, we also evaluate on
three other standard NLU classification tasks:
NLI, NER, and reasoning. We evaluate NLI per-
formance on the XNLI dataset (Conneau et al.,
2018) which provides training and evaluation data
in 14 languages, while we focus on a subset of 3:
ES, TR, and RU, and report accuracy as the evalu-
ation metric. NER is evaluated on MasakhaNER
(Adelani et al., 2021), a high-quality NER dataset
providing training and evaluation data in 10
African languages of which we focus on 5: am, 1G,
pcM, sw, and vo. Lastly, we evaluate the reason-
ing capabilities of the models using the XCOPA
dataset (Ponti et al., 2020) which asks the model
to determine which of two provided sentences
causally follows from a premise. XCOPA pro-
vides translation of English COPA (Roemmele
et al., 2011) into 11 geographically and linguis-
tically diverse languages, of which we focus of

3We also note that 1) each utterance in Multi3NLU++ may
have multiple intents; ID is thus a multi-label classification
task. 2) Further, for VE, we consider the slot value as correctly
labeled only if it exactly matches the gold value. Finally, 3)
as in prior work (Casanueva et al., 2022; Moghe et al., 2023),
the cross-domain performance for the two tasks is evaluated
only on the intents and slots shared across domains. We refer
to the original Multi3NLU++ work for further details.
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Dataset LANGS # TEST EX.  # CLASSES
Multi3NLU++ ?E AM, EN, ES, MR, TR 300 ?%
XNLI NLI EN, RU, TR, ES 5,010 3
MasakhaNER ~ NER  AMm, 1G, PCM, SW, YO 500 4
XCOPA COPA ET, ID, IT, TA, TR 500 2

Table 1: Summary of evaluation datasets and
tasks.

five: ET, ID, IT, TA, and TR.* Additional information
on the evaluation datasets is provided in Table 1.
Notably, all three of the tasks are included in the
XTREME-R benchmark, a standard benchmark
to evaluate multilingual language understanding
capabilities of the models (Ruder et al., 2021).

We chose to focus on classification-based NLU
tasks so that SFT with mPLMs (such as XLM-R)
could be fairly compared with SIT and ICL with
instruction-tuned models (such as Flan) and LLMs
(such as GPT-3.5).

Cross-Language Parallel Few-Shot Setup.
To ensure fair comparisons of all learning
paradigms across languages, we make use of the
multi-parallel nature of the datasets. For each
language-domain combination in Multi3NLU++
(or just language in XNLI and MasakhaNER) we
sample 300 test examples.” We also randomly
sample training sets consisting of {30, 50, 100,
500, 1,000} examples which are kept exactly the
same across all languages to ensure the content in
training data does not coincidentally favor one of
the languages.®

SFT Evaluation. We use two standard mod-
els, XLM-R-Base (Conneau et al., 2020) and
LaBSE (Feng et al., 2022). Following prior work
(Moghe et al., 2023), we train only task-specific
classifiers on top of the fixed LaBSE sentence
encoder. We refer to this approach, applied

“As XCOPA only contains validation and test splits,
we use subsamples of validation splits for training in each
language and test set for evaluation

SWe conduct the sampling step due to a large number
of experimental runs; preliminary experiments with full test
sets indicated exactly the same relative trends, but with much
increased computational cost and time overheads. While
sampling, we ensured that each intent and slot in the domain
ontology occurred at least twice in the test set.

5To ensure reproducibility, unique ids of the examples
in the training and test splits are available at: https://
github.com/evgeniiaraz/few_shots_supplementary
.git.

only to sentence-level tasks (ID and NLI), as
LaBSE+CL.

ICL Evaluation. We evaluate the following
models: open-sourced Flan-T5-XL, mTO0-XL,
Llama-2-7B, and closed-source GPT-3.5.8 We
include further details on model openness in
Appendix 1. Flan-T5-XL (3B parameters; Chung
et al., 2022), mTO-XL (3.7B; Muennighoff et al.,
2022), and GPT-3.5 (Achiam et al., 2023) are mas-
sively instruction-tuned models. While Flan-T5
was pretrained mostly in English and sev-
eral high-resource languages, mTO-XL offers a
more comprehensive and balanced multilingual
pretraining set.

The inputs for ICL were designed in a cross-
lingual manner, where the task descriptions and
context were in English while the few-shot ex-
amples and the sentence to be analyzed were
provided in the target language. This follows the
recommendations from prior work where it was
empirically verified that English instructions led
to stronger results than in-language instructions
(Shi et al., 2022; Lin et al., 2022). For each task
we design the instructions (i) to match the in-
structions in pretraining as closely as possible,
while (ii) yielding reasonable output when tested
on several validation examples.” Note that, given
a fixed input context of each model, the number of
demonstrations to be used for ICL is limited: for
all the models in our comparison it is less than 30,
and 30 is the lowest number of training samples
we use in SFT.

SIT Evaluation. Here, we include individual
per-class questions into instructions: This design
(i) was previously shown to result in much
improved SIT performance (Fuisz et al., 2022;
Razumovskaia et al., 2023), while (ii) it also fits
into the model input context for tasks with a
large number of classes. We rely on the same
instructions as with ICL. We experiment with

"For NLI as a single-label classification task, the softmax
output activation function is used. In contrast, for ID we use
sigmoid and consider all intents where the sigmoid activation
is larger than a predefined threshold value 6. Following prior
work, we set 6 = 0.3.

8We use GPT-3.5-turbo-instruct due to its instruction-
following capabilities proven in prior work (Ye et al., 2023).

°For reproducibility, we share the full templates for
the instructions for all languages and tasks in the Github
repository.
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two models: (i) (mostly English pretrained)
Flan-T5-Base (250M parameters) and multilin-
gually oriented mT0-Base (580M).'°

On the Fairness of Comparisons. The aim of
this study is to compare three standard paradigms
for supervised few-shot learning. A limitation of
the comparison is that, given the chosen setup,
the base models in each paradigm have to be
different. SFT assumes that an encoder model is
fine-tuned on a task while SIT and ICL require a
decoder model with language generation capabili-
ties. Further, given the computational constraints,
smaller generative models have to be used for SIT
than for ICL, as SIT (in contrast to ICL) requires
fine-tuning. Thus, using exactly the same mod-
els across the paradigms is impossible, especially
given the focus on comparison of the approaches
in practice. At the same time, the practical aspects
of the comparison should remain comparable.

5 (Q1) Results and Discussion: Learning
Paradigms and Practical Aspects

We first delve into comparisons revolving around
Q1 (81). The main results across different se-
tups, models, training data sizes, and learning
paradigms are summarized in Figure 2, while full
(numerical) results are provided in Appendix C.
We now zoom into discussions originating from
the results.

Data Efficiency. One of the core reasons to use
ICL is its inherent data/sample efficiency. Com-
paring the supervised methods against ICL, we
observe that the former reach or overcome the
performance of ICL with all tested open-source
models (Flan-T5-XL, mTO0-XL and Llama-2-7B),
even when fine-tuned with mere 30 in-task exam-
ples, while they outperform GPT-3.5 with 50 or
100 in-task examples. These findings hold across
all evaluation tasks and setups.

At the same time, the results also reveal
several key differences between tasks and lan-
guages. Comparing the trends for i and VvE
(cf. Figures 2a and 2d): For sentence classification
tasks where the outputs are language-independent,
the improvements of SFT over ICL are less pro-
nounced. For instance, the gains over GPT-3.5

SFT and SIT
Appendix B.

training hyperparameters are in

with 100 training examples for MR and Es are 3.15
and 4.17 F1 points,!! respectively. In contrast, the
gains over ICL for value extraction as a more
language-specific task are very large, 19.8 and
25.28 for MR and Es, respectively, when compar-
ing the best-performing SFT method with ICL.
Moreover, for VE, the gaps with ICL are consider-
able even with 30 training examples are used (3.4
and 7.5 F} points for MR and Es).

For aMm, a supervised model surpasses GPT-3.5
performance already with 30 training examples,
while for s 50 or 100 training examples are re-
quired, depending on the setup. For high-resource
languages (eN, Es) SIT-based Flan-Base with 30
examples performs consistently better than ICL
with GPT-3.5 for ip and VE across the setups. We
hypothesize that high performance of SIT-based
Flan is caused by 1) its instruction-following ca-
pabilities, and ii) large-scale English pretraining
which is helpful for both few-shot in-language
generalization and cross-lingual transfer from
English to Spanish, a linguistically close lan-
guage. For low-resource languages (am, MR), we
notice a different tendency across the domain se-
tups: LaBSE+CL and SIT-based mTO show the
highest performance for 1> and VE, respectively.
Finally, for the token-level NER task the trend
is slightly different: SFT-based XLM-R outper-
forms all ICL-based models by a large margin.
This again proves the importance of multilingual
pretraining for the model to generalize to unseen
or ‘less seen’ languages.

In-Domain vs Cross-Domain Evaluation. The
comparison in cross-domain setups consistently
shows that SIT outperforms SFT and ICL
(see Figure 2b), corroborating findings from prior
work on English (Razumovskaia et al., 2023). We
speculate that the success of SIT in cross-domain
setups stems from the model’s ability to follow
instructions obtained during pretraining and the
ability to extract class semantics from instructions
obtained during fine-tuning. The best-performing
instruction-tuned LLLM, however, depends on the
target language: On low-resource languages mul-
tilingually pretrained models such as mTO perform
consistently better than English-pretrained models
such as Flan, while we observe reversed trends for
high-resource languages (Es).

"'"The cited numbers are for in-language in-domain setups;
the trends are the same in the other setups.
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Figure 2: Intent detection, value extraction, NLI and NER results for the six languages in our evaluation. This
performance is in line with other prior work (Hu et al., 2023b). We exclude Llama-2 results as its performance
was 0.0 across all tasks. Results for VE in other setups are provided in Appendix D.

Cross-Lingual Zero-Shot Transfer. Figure 2c The results in Table 2 show that for ICL,
presents the results for zero-shot transfer in  unlike for SFT (Lauscher et al., 2020), provid-
in-domain setups: Performance across languages  ing the model with data examples in the target
for all approaches is substantially lower than the  language does not always improve the final per-
performance in English. Further, as expected, formance. Target language demonstrations seem
performance on low-resource languages is con-  to be helpful to the models which have strong
siderably lower than on high resource languages. instruction-following capabilities and are familiar
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Model AM MR ES TR

MEMORY COSt INFERENCE COSt

Max (GB) Storage (GB) Time (s) FLOPs (10°)

Paradigm: Model

GPT.3.5 ICL; 19.19 48.28 63.25 59.27 gg %gﬁiE}{rCL ‘11_51;2 {SS 8'883 1%(1)3
ICL,, 14.87 38.67 57.64 47.50 SIT: Flan-Base 332 0.85 0.059 2323
can | 1CLe 328 302 4526 3136 KL FXl. 103 1097 1% 3008
ICL: mTO-XL 12.03 12.03 120 00
ICL., 633 6.68 4470 28.04 Ik mIoXL - - 37 >
mT0 igit 3?; 3;; 332 zig Table 3: Memory and inference costs of SFT, SIT,
on . . . .

Table 2: ICL results on the 1 task with English
(ICL¢y,) or target language (ICL;) demonstrations.

with the target language (e.g., Es performance of
Flan and GPT-3.5).

SIT vs ICL. In general, the results indicate
that SIT consistently leads to better results than
ICL in few-shot setups. Smaller SIT-based mod-
els can even outperform ICL with GPT3.5 when
100+ task examples are available. Due to its
sample efficiency and strong performance in
cross-domain and cross-lingual setups, SIT also
mitigates the issue of using a separate model
for each task-language or task-language-domain
combination.

Seen vs Unseen Tasks. Results for XNLI
(Figure 2e) and XCOPA (Appendix E) demon-
strate the effectiveness of ICL with Flan and
GPT-3.5, as the tasks were ‘seen’ during
instruction-tuning,'> with different patterns ob-
served for the tasks with unseen data (i.e., I and
vE). This discrepancy is especially pronounced for
high-resource languages. Results in Figure 2f on
MasakhaNER demonstrate a different trend: The
ICL models perform considerably worse than mul-
tilingually pretrained models fine-tuned with SFT
and SIT, although NER was included into pretrain-
ing of instruction-tuned models (Muennighoff
et al., 2022; Chung et al., 2022). We assume
that this discrepancy is due to the languages being
low-resource. The model for NER is required to
generate the spans in the target language for named
entity-value pairs, which might not be feasible due
to lack of vocabulary and lexical knowledge of
the target language (cf., 0.0 ICL results for am in
Figure 2f).

I2XNLI is based on English MultiNLI (Williams et al.,
2018) while XCOPA is based on English COPA (Roemmele
etal., 2011), which have been used for instruction-training of
many LLMs (Muennighoff et al., 2022; Chung et al., 2022).

and ICL, measured on the 1> test dataset. MEMORY
Max is the peak fine-tuning or storage memory
cost of each approach. MEMORY Storage refers to
storage requirements per models. For all models
but GPT-3.5 the measurements were conducted on
a single RTX-3090 GPU. For GPT-3.5, we report
average response time per example.

5.1 Analyses of Practical Costs

Given that the results above indicate that the two
supervised paradigms (SFT and SIT) substantially
outscore ICL in terms of task performance in
general, we now focus on comparing them in terms
of practical aspects. The summary is presented in
Figure 1 (see 81) and Table 3.

Computational (Memory) Cost. Besides im-
proved task performance, another advantage
of SFT and SIT is that the underlying high-
performing models are much smaller and thus
have lower memory requirements. The largest
memory cost for ICL is storing the model’s
parameters at inference time, while for SFT
and SIT it is the memory requirements during
fine-tuning. We rely on the HuggingFace Memory
Calculator to establish vVRAM needed for training
and inference of every paradigm. We measure the
memory requirements in full precision and using
the AdamW optimizer (Loshchilov and Hutter,
2019), when applicable.!®> The results indicate
that models used for ICL have more than 2x
higher memory needs than mTO and Flan-T5-base
used for SIT in our experiments. Another angle to
memory requirements is the storage cost, i.e., how
much memory is needed to store a given model
(‘as is’ for ICL and after fine-tuning for SFT and
SIT). Table 3 suggests that storage cost for models
used for ICL is at least 4x higher than the models
used in SIT and SFT."

13Closed-source GPT-3.5 is excluded from the comparison.

“We note that analyses of computational cost reduction
techniques such as quantization or model pruning (Gholami
et al., 2022; Liang et al., 2021) lie beyond the scope of this
work, as we chose to focus on standard approaches.
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Inference Cost. Beyond average wall-clock in-
ference time per test example, we also report the
number of FLOPs measured using fvcore, also
averaged per test example. As expected, the in-
ference cost scales with the size of the underlying
model, with inference time of GPT-3.5 being more
than 3 x higher than that of SIT-ed models, and in-
ference FLOPs of open-source ICL models being
2.5x higher than for their smaller SIT-ed coun-
terparts. While SFT methods demonstrate even
higher inference efficiency, we observe that SIT
has the best trade-off between inference cost and
performance.

Financial Cost. Having demonstrated consid-
erably higher inference costs of ICL, we also
consider overall economic costs required for SFT,
SIT, and ICL. Target language data annotation ac-
counts for the largest expenditure in the process.
We calculate the annotation cost based on Moghe
et al. (2023). ICL consumes up to 30 annotated
examples, with total costs of £15.9 and £18.6
for high-resource and low-resource languages, re-
spectively, where the annotations are obtained
both for D and vE. In the vE task, SIT-based
methods reach or surpass the ICL performance
of the strongest model (GPT-3.5) already with 20
extra examples (i.e., with 50+ training examples
for supervised learning), which only adds £11 or
£10 to the overall cost for low- and high-resource
languages, respectively.

Given the larger inference time and computa-
tional costs of the ICL, the total ongoing costs
are likely to be larger than the one-time addi-
tional annotation budget. To put the numbers in
context, the inference cost of 300 test examples
with GPT-3.5 was between £3 and £4 for high-
and low-resource languages at the time of exper-
imentation, respectively. Put simply, the actual
cost balance should take into account also the
expected, tentative number of inference calls.

Further, while increasing the input context
length of LLMs is an active research area (Press
et al., 2022; Rubin and Berant, 2023, among oth-
ers), many models relying on the ICL paradigm
are still constrained by input context length, and
there is evidence that ICL performance even be-
comes quickly saturated with the addition of extra
in-context examples (Chen et al., 2023; Li et al.,
2023a) and that the long context is not leveraged
adequately (Liu et al., 2023). On the contrary,
unlike with ICL, our experiments demonstrate

that performance of SFT and SIT improves with
more annotated examples (both in-language and
cross-lingually, see Figure 2). Data annotation of
100 training examples raises the annotation cost
by an average of £37.5 while increasing the 10 and
VvE performance by an average of 15 F-1 points
over ICL with GPT-3.5.

Comparison to Multilingual LL.Ms. Since the
focus of this work is on multilingual few-shot
NLU tasks, here we further extend our study by
examining ICL with two state-of-the-art models
which were pretrained and developed, having mul-
tilingual capabilities in their prime focus, unlike
previously discussed Llama-2 and Flan models.
In particular, we study Aya-Expanse-8B (Dang
et al.,, 2024) and Llama-3.1-8B (Dubey et al.,
2024). Beyond increased coverage of languages in
pretraining, Aya and Llama-3 models also have a
longer context window than previously evaluated
models. This entails that more training examples
can be fit in-context. Our comparison will focus
on the in-language in-domain intent detection.'>

The results in Table 4 show that the multilin-
gually pretrained and instruction-tuned models
demonstrate higher average performance than
the models considered previously, especially for
high-resource languages (EN, Es), while still lag-
ging behind for the low-resource ones. For
instance, both models show performance lower
than that of LaBSE+CL on am. These results also
come at a cost of other practical aspects. Both Aya
and Llama-3.1 have higher memory requirements
than any of the previously considered models. Fur-
ther, on-par performance even for high-resource
languages can be achieved with SIT-ed mod-
els performing inference ~240x faster and with
~4x less FLOPs. These results further stress the
necessity to consider aspects beyond performance
when picking the model for multilingual few-shot
NLU.

Further Discussion and Summary. Beyond
the quantitative comparisons, we now discuss the
practical aspects from a qualitative angle. SFT and
SIT might be perceived as more computationally
costly than ICL as they include two stages: (i)
task fine-tuning/specialization, and (ii) inference
with the fine-tuned models. In contrast, ICL only

5The same experiments were conducted for value extrac-
tion. However, the models largely ignored the output format.
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D

MEMORY COSt INFERENCE COSt FINANCIAL COSt

Paradigm: Model

AM EN MR ES TR  Max (GB) Storage (GB) Time (s) FLOPs (10% GBP (£)
SFT: LaBSE+CL  29.98 32.53 30.80 32.95 32.24 1.80 1.80 0.01 2.05 56.68
SFT: XLM-R 1434 14.35 14.57 18.57 13.17 4.14 1.04 0.01 11.18 57.14
SIT: Flan-Base 15.60 66.25 1542 49.69 27.27 3.32 0.85 0.06 23.23 57.34
ICL: Flan-XL 3.28 4927 3.02 45.26 31.36 10.37 10.37 1.58 39.03 57.34
ICL: GPT-3.5 19.19 64.22 48.28 58.25 46.12 - - 2.78 - 21.48
ICL: Aya 5.74 5228 36.29 52.03 51.92 14.95 14.95 14.42 77.87 57.34
ICL: Llama-3.1 26.57 66.57 57.03 61.68 59.49 18.45 18.45 13.89 93.81 57.34

Table 4: Performance of ‘multilingual-first’” LLMs (Aya and Llama-3.1) versus other models in our
evaluation. We use F-1 score x 100 as a metric. For financial cost we provide an average cost per
language to collect the data. We focus on non-English data collection.

involves the latter step, and does not get spe-
cialized to a particular task. At the same time,
due to the model size the computational cost of
each inference call for ICL is typically as much
as two orders of magnitude larger than that of
SFT- and SIT-specialized models; this might bal-
ance out the cost for training (Liu et al., 2022).
Another trade-off to consider when choosing be-
tween ICL and supervised methods is the necessity
for optimizing the ‘training’ recipe. Put sim-
ply, supervised methods require hyperparameter
tuning which might increase the overall compu-
tational cost, while ICL requires careful prompt
tuning, which in the majority of cases means in-
creased manual labor (i.e., the so-called prompt
engineering), time, and computational cost.

Lastly, ICL is often perceived as an easier and
more versatile paradigm as a single model can
be used for any rask-domain-language combina-
tion. As our experiments above demonstrate, if
only one or a small subset of tasks is in the fo-
cus, a highly specialized small(er) model tuned
with SFT or SIT would be the best trade-off op-
tion performance-wise and cost-wise. At the same
time, if the incentive is to have a general-purpose
model that serves many tasks at once (but likely
with reduced performance in each one of them),
ICL would be a more suitable option. In sum, we
believe that the needs of each application and the
trade-offs between all the practical costs need to
considered when selecting a method for real-life
applications.

6 (Q2) Results and Discussion: Target
Language Adaptation of LLLMs

85 indicates that ICL is consistently inferior to the
two supervised learning paradigms, SFT and SIT,

not only in terms of task performance but also con-
cerning computational and inference costs. At the
same time, as discussed previously, ICL relies on
a single model and is thus appealing when extend-
ing a system to a large number of language-task
combinations.

Prior work on ‘decoder-only’ LLMs demon-
strated the effectiveness of parameter-efficient
fine-tuning (PEFT) to improve their cross-task
generalization capabilities (Page-Caccia et al.,
2024), whereas PEFT is a standard approach
for cross-lingual adaptation of ‘encoder-only’ and
‘encoder-decoder’ models such as XLM-R or mT5
(Conneau et al., 2020; Xue et al., 2021). In this
work, we explore whether such language-specific
PEFT-style adaptation can improve ICL and gen-
eration capabilities of LLMs in languages other
than English. We focus on Llama-2-7B as our base
model, as: (i) it is a ‘decoder-only’ model that (ii)
has been trained as the ‘English-first’ model, with
almost 90% of its pretraining data in English; and
(iii) it displayed the lowest performance in our
experiments in 84 while being the largest model
in our evaluation.

Language Adaptation Setup. We use QLoRA
(Dettmers et al., 2023) as a standard PEFT-based
language adaptation technique. QLoRA performs
two modifications to the base LLM. The model is
first quantized to reduce the memory requirements
and then a low-rank adapter (Hu et al., 2022) is
trained on top of the quantized model. In our
experiments the adapter is tuned on the target
language data, aiming to boost the target language
capabilities of the underlying LLM.

For the adaptation experiments, we focus on
three languages: Spanish, Turkish, and Marathi.
The adapter for each language is trained on the
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respective portion of mC4 (Xue et al., 2021).
Hyper-parameters are set following Dettmers et al.
(2023), with exact details available in Appendix F.

6.1 Generation after Language Adaptation?

First, we assess whether target language adapta-
tion boosts generation capabilities of the LLM
in the target language. To this end, we use
the Bactrian-X dataset (Li et al.,, 2023b), a
multilingual instruction dataset containing par-
allel instruction-response pairs in 52 languages.
For our evaluation, we use a subset of 100
randomly sampled examples ensuring the same
parallel examples across the three languages in
our evaluation (ES, TR, MR).

Generation Evaluation: True or Superficial
Improvements? We focus on the three aspects
of generation capabilities: (i) whether the model
outputs text in the same language as expected
by the input (i.e., I/O language agreement, sim-
ilarly to Kew et al., 2023); (ii) naturalness of
the generated text; and (iii) lexical overlap be-
tween gold responses and generation outputs.
I/O language agreement involves doing auto-
mated language identification of the generated
text and establishing whether it corresponds to
the input text. For this purpose, we use the cur-
rent state-of-the-art language identification model,
GlotLID-500 (Kargaran et al., 2023). We evalu-
ate naturalness via MAUVE (Pillutla et al., 2021)
which measures the distributional gap between
human written and generated texts. For lexical
overlap, we report ROUGE (Lin, 2004) and BLEU
(Papineni et al., 2002).

Figure 3 shows consistent gains of generation
capabilities over the three evaluation aspects after
target language adaptation, with especially large
improvements for Marathi as the lowest-resource
language. The I/0 agreement scores suggest that
through language adaptation LLLM’s abilities to
generate text in the target languages are reinforced.

However, those standard metrics still do not
fully capture the potential usefulness of generated
output and (improved) generation capabilities. We
thus also conduct human-based evaluation for
Spanish for naturalness and usefulness. Each out-
put is evaluated on a simple 3-point Likert-like
scale.'® Interestingly, the average naturalness
score raises from 1.4 to 2.2 after language adap-
tation while usefulness only increases from 1.4 to

16 Annotation instructions are provided in Appendix H.

1/0 Language Agreement (%) MAUVE

tr mr es tr mr es Method
No QLoRA
QLoRA

ROUGE BLEU
7.5 1.0
5.0
25

0.0 0.0
tr mr es tr mr es

Language Language

Figure 3: Generation evaluation after target language
adaptation (Llama-2).

1.6. In practice, this means that even after lan-
guage adaptation the model is still far from being
useful for the target language speakers. This find-
ing corroborates preliminary observations of Kew
et al. (2023) that the English-centric models can
learn to generate text in a target language com-
paratively easily, but useful instruction-following
capabilities still remain largely out of reach. Put
simply, while generated text in the target language
becomes more fluent, its coherence and relevance
remain limited.

6.2 NLU after Language Adaptation?

Given only superficial improvements in genera-
tion capabilities, we now assess whether the ICL
capabilities improve for NLU tasks. For brevity,
we focus on XNLI as the least complex NLU
task. Even for XNLI, we observe only a negligible
non-significant improvement from the average ac-
curacy score of 30.5 to 30.7.!7 Performance is in
fact below random (33%), supporting the observa-
tions from 85 that resource-efficient ICL requires
both multilingual pretraining and instruction tun-
ing. From qualitative assessment of the outputs,
we notice that the models struggle to follow the
task description and instructions, and often do not
adhere to output formatting requirements.

Massively Multilingually Adapted LLMs in
NLU tasks. The results above suggest that di-
rect target language adaptation of ‘English-first’
LLMs such as Llama-2 does not yield any ben-
efits to ICL performance in NLU tasks. Next,
we study whether massively multilingual adapta-
tion of ‘English-first’ models, as done in very

17Per-language scores are provided in Appendix G. Similar
relative trends have been observed in preliminary experiments
on another, more complex NLU task: Belebele (Bandarkar
et al., 2023), where the results are on-par or lower than the
random choice baseline, as well as in more complex NLU
tasks from our evaluation in 85.
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Model AM EN MR ES TR

ICL: Llama-2 0.0 0.0 0.0 0.0 0.0
ICL: MaLA-500 1.0 3.01 0.0 1.0 3.01
ICL: GPT-3.5 19.19 6422 4828 58.25 46.12

SIT: mTO 26.13 68.00 51.44 61.69 51.60

4849 4795 48.60

Tr-Test + ICL: GPT-3.5 32.25 -

Table 5: ICL results on the m task in the
in-language in-domain setup.

recent work, can improve their ICL capabil-
ities in different languages. We evaluate the
MaLa-500 model (Lin et al., 2024) which was
adapted for 534 languages using the Glot-500-c
dataset (ImaniGooghari et al., 2023), and is also
based on Llama-2.'"® We focus on the I task to
evaluate Mal.a’s ICL performance in the (eas-
iest) in-language in-domain setup, with results
summarized in Table 5. They reveal that, while
adaptation gives marginal improvements for ICL,
the performance is still extremely low and lags
substantially behind GPT-3.5 performance and
SIT with mTO-Base with 100 training examples. A
comparison with the translate-test baseline shows
that while translate-test benefits low-resource am,
it is still outperformed by SIT on all other lan-
guages. Overall, the scores suggest that more work
is needed on multilingual adaptation of LLMs to
unlock their ICL capabilities in other languages,
and current adaptation strategies do not yield
models with competitive (nor even useful at all)
NLU.

7 Conclusions and Future Work

This work has provided a series of in-depth analy-
ses of and has discussed multilingual capabilities
of three learning paradigms, two supervised ones
versus in-context learning (ICL), with the focus
on few-shot learning and NLU tasks. Besides
task performance, the focus of the analyses has
also been on multiple practical aspects (e.g.,
data efficiency, memory requirements, inference
latency).

In general, our work has affirmed the impor-
tance of multilingual pretraining and the potential
of supervised training on top of smaller LLMs
in multilingual setups. Future work should in-
vest more effort into the creation of massively

18MaLLA-500 was adapted using: (i) LoRA-based parame-
ter adaptation; (ii) vocabulary extension to accommodate for
languages that do not use the Latin script.

multilingual- and multitask-pretrained LLMs with
higher language coverage. Further, our analysis in
86 calls for new and improved language adapta-
tion methods atop the LLMs. Finally, we hope that
our work will also steer researchers and practition-
ers in multilingual NLP towards a more holistic
view of model properties that combines task per-
formance with practical aspects during the model
development cycle (e.g., size, latency, memory,
data collection cost). While such practical aspects
and model capabilities are constant moving tar-
gets and change over time, our work stresses the
importance of multi-dimensional analyses reach-
ing beyond task performance for the adoption
of particular learning paradigms in particular
multilingual NLU tasks.
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A Instructions Used for Different Tasks B Finetuning Hyperparameters

Task Instruction Text Hyperparameter Value
1D The aim is to understand user’s intent from the LaBSE+CL: dim 512
utterance. LaBSE+CL: non-linearity tanh
Include all applicable options exactly as they Batch'size 32
are provided. Separate the classes Learning rate 2e-5
by hyphen. Weight Decay 0.1
If no options are applicable, return an empty Evaluation Frequency 500 steps
string. Max Epochs 500
Options: Optimiser AdamW
- to deny something
- to ask about savings account _ Table 7: Fine-tuning hyperparameters used across
<list of all options applicable in the domain> . L. R
supervised training experiments. The rest of the
Utterance: {demonstrationl } parameters were set to the default values in

Intents: {intentl }-{intent2 }-{intent3 .
<all in—iontext jerj;lonstrat};ois> : HugglngFace Transformers.
Utterance: {test example}
Intents:
VE The aim is to extract slot values from the user
utterance.
Use $$ as delimiter between slot-value pairs.
The slot values should be tagged as:
- amount_of_money: specific amount of money
- adults: number of adults
<list of all slot classes applicable in a given
domain>

Utterance: {demonstration] }
Values: {slot_class1}:{valuel }$${slot_class2}:{value2}
<all in-context demonstrations>

Utterance: {test example}
Values:

NLI The aim is to determine whether the premise
entails, contradicts or is neutral
with respect to the hypothesis. Only output the
label.

Premise: {premise-demonstration] }
Hypothesis: {hypothesis-demonstration2}
Does the premise entail, contradict, is neutral to
the hypothesis?

Answer: {labell}

<all in-context demonstrations >

Premise: {premise-test}

Hypothesis: {hypothesis-test}

Does the premise entail, contradict or is neutral
to the hypothesis?

Answer:

Table 6: Text of instructions used in ICL. ID
and NLI: instructions were adapted from Flan
(Chung et al., 2022) with intent descriptions from
the ontology provided with NLU++ (Casanueva
et al., 2022). VE: instructions were adapted from
XTREME-UP (Ruder et al., 2023) and Ojo et al.
(2023).
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C Full Experimental Results

Full numerical results for the experiments are provided in Tables 8—12.

In-domain results Cross-domain results
Samples AM EN MR ES TR AM EN MR ES TR
30 0.2998 0.3253 0.308 0.3295 0.3224 0.2041 0.1978 0.1507 0.178 0.1773
50 0.3502 0.3863 0.3679 0.4014 0.3826 0.2362 0.2305 0.1700 0.2123 0.1962
SFT: LaBSE+CL 100 0.4409 0.5007 0.4773 0.4836 0.4815 0.2688 0.2774 0.2304 0.2485 0.2432
500 0.6606 0.7509 0.7235 0.7412 0.7328 0.4728 0.5204 0.4780 0.4936 0.5169
1000 0.7116 0.7978 0.7736 0.7900 0.7825 0.5119 0.5759 0.5225 0.5516 0.5539
30 0.1434 0.1435 0.1457 0.1857 0.1317 0.0284 0.0456 0.0463 0.0799 0.0544
50 0.1676 0.1946 0.1696 0.2060 0.1750 0.0200 0.0042 0.0226 0.0318 0.0021
SFT: XLM-R 100 0.2879 0.3363 0.3115 0.3421 0.288 0.1196 0.1176 0.0848 0.1009 0.1123
500 0.5882 0.742 0.6592 0.7075 0.6898 0.4107 0.5076 0.4441 0.4694 0.4806
1000 0.6715 0.8066 0.7391 0.7862 0.7721 0.4943 0.5822 0.5282 0.5223 0.5584
30 0.156  0.6625 0.1542 0.4969 0.2727 0.0750 0.5369 0.0677 0.4081 0.1419
50 0.1520 0.7110 0.1434 0.5468 0.3282 0.0999 0.5794 0.0904 0.4535 0.1888
SIT: Flan-T5-Base 100 0.1432 0.7483 0.1501 0.6242 0.3865 0.1168 0.6103 0.0638 0.4882 0.2094
500 0.1769 0.8601 0.1780 0.7873 0.6341 0.1716 0.7355 0.1620 0.6421 0.4434
1000 0.2040 0.8877 0.1680 0.8333 0.6957 0.1699 0.7602 0.1679 0.7017 0.5453
30 0.0560 0.3735 0.1558 0.2646 0.1505 0.0125 0.097 0.0269 0.0684 0.0228
50 0.0962 0.5375 0.3309 0.4614 0.3068 0.0169 0.2868 0.1059 0.1957 0.0825
SIT: mTO-Base 100 0.2613 0.68 0.5142 0.6169 0.516 0.0936 0.4795 0.3009 0.4209 0.3151
500 0.6488 0.8222 0.7466 0.7978 0.7579 0.5394 0.6711 0.5985 0.6441 0.6163
1000 0.6980 0.8559 0.7889 0.8393 0.8157 0.5892 0.7113 0.6264 0.6798 0.6681
ICL: Flan-T5-XL 0.0328 0.4927 0.0302 0.4526 0.3136 0.0554 0.5375 0.0581 0.4176 0.3012
ICL: mTO-XL 0.0361 0.064 0.0471 0.0460 0.0336 0.0969 0.0989 0.0947 0.1049 0.1006
ICL: GPT-3.5 0.1919 0.6422 0.4828 0.5825 0.4612 0.1501 0.5552 0.3283 0.4728 0.4320
Table 8: Per-language intent detection results for in-domain and cross-domain setups.
In-domain results Cross-domain results
Samples AM EN MR ES TR AM EN MR ES TR
30 0.1566 0.2748 0.1953 0.2444 0.2681 0.0275 0.0336 0.0369 0.03 0.0232
50 0.2199 0.3234 0.2603 0.3221 0.3098 0.049 0.0543 0.0329 0.0462 0.031
SFT: XLM-R 100 0.4003 0.4991 0.3598 0.4615 0.4665 0.0362 0.0279 0.0229 0.0469 0.0072
500 0.6130 0.7392 0.6118 0.6508 0.6937 0.036 0.06 0.05 0.103  0.098
1000 0.6468 0.7801 0.6614 0.6855 0.7539 0.05 0.087 0.083 0.137 0.117
30 0.0191 0.327 0.0156 0.2091 0.1174 0.0019 0.2514 0.0018 0.07 0.0511
50 0.0362 0.4486 0.0083 0.2627 0.1537 0.009 0.3006 0.0031 0.1089 0.0887
SIT: Flan-T5-Base 100 0.0555 0.5728 0.0198 0.3678 0.2705 0.0103 0.4043 0.005 0.1987 0.1395
500 0.0896 0.7314 0.042 0.5073 0.4615 0.0313 0.5956 0.0141 0.3689 0.3272
1000 0.1055 0.8041 0.0484 0.5707 0.5552 0.0445 0.6244 0.014 0.3975 0.3577
30 0.1193 0.3182 0.1246 0.2893 0.1886 0.0433 0.1615 0.0688 0.1162 0.1011
50 0.1774 0.3954 0.1899 0.347 0.2488 0.0511 0.2153 0.1118 0.1679 0.1371
SIT: mTO-Base 100 0.3313 0.58 0.3167 0.4723 0.4055 0.0972 0.3345 0.14 0.212  0.1927
500 0.6093 0.779 0.5596 0.6458 0.6596 0.3864 0.5838 0.3562 0.4535 0.4417
1000 0.6521 0.8193 0.6036 0.6814 0.7065 0.4304 0.6528 0.4337 0.4572 0.5097
ICL: Flan-T5-XL 0.0022 0.1187 0.0063 0.0756 0.0524 0 0.04 0.02 0.006  0.02
ICL: mTO-XL 0 0 0 0 0 0 0 0 0 0
ICL: GPT-3.5 0.1105 0.3148 0.1611 0.2142 0.1862 - - - - -

Table 9: Per-language value extraction results for in-domain and cross-domain setups.
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Samples AM MR ES TR Samples RU ES EN TR

30 0.2123 0.1742 0.1869 0.1574 30 0.3426 0333 0.3422 0.3373
50  0.2595 0.2076 0.2392 0.1959 50  0.3554 0.3357 0.3538 0.3285
SFT: LaBSE+CL 100 0.3586 0.2977 0.3287 0.2693 SFT: XLM-R 100 0362 0.3321 0.3578 0.3345
500  0.5821 0.6027 0.6465 0.5704 500  0.4458 0.4482 0.5378 0.4357
1000  0.6448 0.7064 0.7528 0.6887 1000 0.545 0.4795 0.5936 0.4663

30 0.0738 0.1094 0.1364 0.1068 30 0.4399 0.5094 0.6255 0.385
50  0.0905 0.1177 0.1794 0.1348 50 0.4355 0.5106 0.6844 0.4212
SFT: XLM-R 100 0.1355 0.2058 0.2908 0.2247 SIT: Flan-T5-Base 100 0.4577 0.5451 0.7623 0.3914
500  0.2931 0.4485 0.6347 0.5303 500  0.5409 0.6537 0.807 0.5339
1000 0.3206 0.4778 0.7105 0.5947 1000 0.5549 0.6593 0.8238 0.5423
30 0.0385 0.032 05155 0.2849 30 0.3545 0.388  0.3878 0.3641
50 0.0253 0.0186 0.5567 0.2959 50 0.4034 03756 0.4762 0.3567

SIT: Flan-T5-Base 100 0.0218 0.023  0.5858 0.3065 SIT: mTO-Base 100 0.4551 0.4321 0.4848 0.402
500  0.0449 0.0469 0.672 0.3575 500  0.5427 0.5563 0.615 0.5238
1000 0.0947 0.0993 0.692  0.3585 1000 0.5581 0.6132 0.6403 0.5425
30 0.0923 0.1901 0.3008 0.1889 ICL: Flan-T5-XL 0.6307 0.7808 0.8994 0.5758

50 0.194 0.3336 0.4732 0.3298 ICL: mTO 0.33 0.33 0.33 0.33
SIT: mTO0-Base 100 0.3078 0.4534 0.5898 0.4716 ICL: GPT-3.5 0.5333 0.5683 0.6224 0.518

500  0.4305 0.5893 0.7329 0.6316
1000  0.4602 0.6246 0.765 0.6638

Table 12: Per-language natural language inference

ICL: Flan-T5-XL 0.0633 0.0667 0447 0.2804
ICL: mTO-XL 0.0719 0.0799 0.0723 0.0645 results on XNLI.
ICL: GPT-3.5 0.1487 0.3867 0.5764 0.475

Table 10: Per-language intent detection results for
the cross-lingual setup for EN — TGT transfer.

Samples AM MR ES TR
30  0.0867 0.11 0.2004 0.1531
50 0.1206 0.1623 0.2511 0.213
SFT: XLM-R 100 0.1748 0.2151 0.3278 0.2847
500 0.3174 0.405 0.5335 0.4647
1000 0.3569 0.4256 0.5769 0.5177
30 0.0567 0.0299 0.2122 0.1032
50 0.0481 0.0265 0.238 0.1236
SIT: Flan-T5-Base 100 0.0531 0.0316 0.2885 0.1411
500  0.0659 0.0422 0.3549 0.1706
1000 0.0806 0.0435 0.3837 0.1788
30 0.1045 0.0872 0.2471 0.1728
50  0.1123 0.0994 0.2937 0.1895
SIT: mTO0-Base 100 0.1447 0.1556 0.3939 0.2382
500  0.1855 0.2141 0.5445 0.3293
1000 0.2049 0.2327 0.5585 0.3394

ICL: Flan-T5-XL 0 0.001  0.03 0
ICL: mTO 0 0 0 0
ICL: GPT-3.5 - - - -

Table 11: Per-language value extraction results
for the cross-lingual setup for EN — TGT transfer.
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D Further Value Extraction Results

Further detailed results for value extraction are presented in Figure 4.

Language = am Language = on Language = me Language = ¢ Language = t
08 Method
05 SFT: XLM-R

SIT: Flan
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0.2
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0.6
0.5 Method
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(b) VE: Cross-Lingual In-Domain

Figure 4: Value extraction results for Amharic (am), English (En), Marathi (MR), Spanish (gs), and Turkish (Tr) for
two setups: a) cross-domain in-language; and b) cross-lingual in-domain performance. We exclude ICL-mTO XL
from the plot, as it had 0.0 performance on VE task in these setups. Qualitative analysis of the outputs of ICL-mTO
showed that the outputs neither adhered to the slot-value pair formatting nor included the right values.

E XCOPA Results
We present the results on XCOPA in Figure 5.

Language = et Language = id Language = it Language = ta Language = tr
[ —— Eeoususumumumucuoy Method
--------------------------- SFT: XLM-R
b o+ e ¢ e e SIT: Flan
G 0.4 SIT: mTO
< —- ICL: GPT:3.5
== ICL: Flan
0 — ICL: mT0
0.0
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Figure 5: XCOPA results for Estonian (ET), Indonesian (ip), Italian (it), Tamil (ta) and Turkish (TrR). Importantly,
XCOPA only includes validation set (of 100 examples) and test set (of 500 examples). Therefore, we resort to
using validation set for training.
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F QLoRA Finetuning Hyperparameters

Hyperparameter Value
Quantisation
Precision 4-bit
dtype float16 + nf4
LoRA
Rank 64
« 16
Dropout 0.1
LoRA Modules All Layers
Finetuning
Scheduler Constant
Learning Rate 0.0002
Warm-Up Ratio 0.03
Batch Size 16
Weight Decay 0.0
Learning Steps 10000

Table 13: Hyperparameters for QLoRA tuning.
Except for the hyperparameters provided, the rest
were set to the default values in HuggingFace
Transformers.

G In-Context Learning Results for XNLI

Model ES RU TR AVG

Raw 323 33.1 26.2 30.5
+QLoRA 33.1 334 25.8 30.7

Llama-2-7B

Table 14: ICL results for XNLI before and after
QLoRA language adaptation.

H Human Annotation Instructions for
Naturalness and Usefulness

Score Instruction Text

Naturalness

Please read the text below and evaluate its naturalness
using 3-point scale below:

1 The text is not natural, you would never say
anything similar as a native speaker.
2 The text is generally natural but contains some
elements which feel odd.
3 The text is completely natural, it contains nothing
you find odd.
Usefulness

Please read the instruction and the text and evaluate
its usefulness using 3-point scale below:
1 The text does not provide any useful information
to complete the task in the instruction.

2 The text contains some information which
could be useful for the instructions.
3 The text contains full information and completes

the task in the instructions.

Table 15: Text of instructions used in human
evaluation.

I Model Openness Analysis

Model WEIGHTS DATA
LaBSE v D,0
XLM-R v D,0
FLAN-base/-XL v D
mTO-XL v D,0
GPT-3.5 X X
Aya v D
Llama-2/-3.1 v D

Table 16: Model transparency and accessibility
details based on two factors: a) whether model
weights are openly available; and b) whether the
pretraining data of the model is documented p and
open 0.

1120



