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Abstract

Large Language Models are transforming NLP
for a variety of tasks. However, how LLMs
perform NLP tasks for low-resource languages
(LRLs) is less explored. In line with the goals
of the AmericasNLP workshop, we focus on 12
LRLs from Brazil, 2 LRLs from Africa and 2
high-resource languages (HRLs) (e.g., English
and Brazilian Portuguese). Our results indicate
that the LLMs perform worse for the part of
speech (POS) labeling of LRLs in comparison
to HRLs. We explain the reasons behind this
failure and provide an error analysis through
examples observed in our data set.

1 Introduction

Despite numerous advancements in the NLP re-
search due to Large Language Models (LLMs),
available resources mainly cover 20 out of the esti-
mated 7,000 languages (Magueresse et al., 2020).
As a result, majority of world languages could still
be considered as ’low-resource”.

Being a low-resource language (LRL) encom-
passes different types of inadequacies with respect
to the availability of data for creating language
technologies (Gupta, 2022). Focusing on multi-
lingual linguistic scene in South America, we test
the performance of LLMs for annotating part-of-
speech (POS) tagging for 12 LRLs from Brazil,
make a comparison with 2 LRLs from Africa and 2
high resource languages (HRLs) (e.g., English and
Brazilian Portuguese) through human evaluation.

The evaluation is challenging for two reasons.
First, there is a lack of benchmark datasets for the
LRLs in Brazil in general. The ones we were able
to find in universal dependencies (UD) data base,
! do not have the training data to fine-tune mul-
tilingual language models. Hence, we can only
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leverage prompting LLMs or cross-lingual transfer
through multilingual language models. Secondly,
there is a lack of large monolingual data to benefit
from effective multilingual and cross-lingual trans-
fer techniques (Pfeiffer et al., 2020; Ansell et al.,
2022; Alabi et al., 2022). We could only find the
Bible corpora with less than 35K sentences for 7
out of the 12 languages.

We perform the evaluation on 12 Brazilian LRLs
by prompting GPT-4 LLM and cross-lingual trans-
fer individually from English and Brazilian Por-
tuguese leveraging XLM-R. We preferred GPT-4
because the other open multilingual models (e.g.,
mTO0 (Muennighoff et al., 2022), AYA (Ustun et al.,
2024)) do not support the LRLs in this study.
The results of both methods indicate low perfor-
mance (less than 34.0% while high-resource lan-
guages achieved over 90.0%). However, GPT-4
leads to better results and Brazilian Portuguese
performs better than English in zero-shot evalu-
ation. Furthermore, to boost the performance of
cross-lingual transfer, we perform language adap-
tation using XLM-R on each language, before fine-
tuning Brazilian Portuguese, and evaluating on that
language. This boosts the performance by +3 to
+12.0 points on six out of seven languages. Our
findings suggest that cross-lingual transfer to these
languages is very challenging and having few train-
ing examples may further boost the performance.
Therefore, there is a need for building NLP re-
sources across different tasks for these LRLs.

1.1 Multilingualism in Brazil

Brazil is the Sth largest country of the world (qua
land area) with a population of 203 million” and

YInstituto Brasileiro de Geografia e Estatistica.
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it is highly multilingual. Although (Brazilian) Por-
tuguese is the official language, there are approx.
160 native/indigenous as well as sign and immi-
grant languages.’

Following Rodrigues (1986), the two macro-
language families among Brazilian native lan-
guages are Tupi (8 language families, 52 lan-
guages), and Macro-J€ (7 language families, 39
languages). There are also several large language
families (e.g., Karib (21 languages), Arawak (20
languages), Arawa (7 languages), Tukano, Maku,
and Yanomami), six smaller language families to
the south of the Amazon river (e.g., Guaikurd (1
language), Nambikwdra (3 languages), Txapakura
(3 languages), Pano (13 languages), Mtira (2 lan-
guages), and Matukina (4 languages)) and approx.
10 languages which are not part of any these fami-
lies.

These languages share grammatical properties
due to family inheritance or areal contact (Aikhen-
vald, 2002). In terms of morphology, most of these
languages are polysynthetic, head-marking, and
agglutinating with little fusion (Dixon and Aikhen-
vald, 1999; Hengeveld et al., 2007). In term of syn-
tax, there is quite some variation in terms of word
order among these languages(Campbell, 2012).

2 Literature Overview

In terms of labelled datasets for Brazilian LRLs,
we only found datasets from the UD tasks: Gerardi
et al. (2022) developed for TUDET UD treebanks
covering 8 Tupian languages, other languages cov-
ered in UD are Apurina (Himél&inen et al., 2021),
Bororo, Madi-Jarawara, and Xavante (contributed
by the TUDET team). For the monolingual data,
we found seven Bible corpora on the eBible cor-
pus (Akerman et al., 2023) that are freely available.
All languages lack a large monolingual corpus
which makes it very challenging for cross-lingual
transfer and multilingual pre-training of LLMs.

In terms of evaluation, some studies have already
shown the potential of prompting LLMs in multilin-
gual settings (Ahuja et al., 2023a; Lai et al., 2023),
including some LRLs (Ojo et al., 2023; Ahuja et al.,
2023b). However, evaluations covering Brazilian
LRLs are lacking. To the best of our knowledge,
our study is the first to fill this gap.

*PIB. 2023. https://pib.sociocambiental.
org/pt/Linguas. Accessed: 2023-12-15
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3 Experimental setup

We focus our evaluation of POS tagging (a subtask
of universal dependencies (UD)) on Brazilian LRLs
due to the simplicity of the task, its popularity, and

the availability of the test evaluation datasets in UD
4

3.1 Evaluation Datasets

We evaluated 12 Brazilian LRLs and 2 African
languages for a comparison across other regions
with low-resource languages. Finally, we added
2 HRLs (i.e., English and Brazilian Portuguese).
Our definition of HRL is based on the size of un-
labelled data on the web. The larger their size are,
the more likely they are included in pre-training of
the LLMs > and multilingual pre-trained LMs (Con-
neau et al., 2020). While UD (Zeman et al., 2023)
covers many languages, most LRLs only have a
test set because of their limited sizes (less than 10k
tokens). The Brazilian LRLs we evaluated on have
also less than 13k tokens (except Nheengatu with
12,621 tokens).

Table 1 shows the languages in our evaluation,
their language family, availability of monolingual
corpus or Bible corpus in that language, UD dataset,
and sizes. We collected the Bible corpus from the
eBible website and used it for language adaptation.
We have two test sets in our evaluation: (1) Test
set A: the original test set in the UD benchmark
(2) Test set B the subsample of Test set A where
we removed sentences that GPT-4 fails to provide
predictions for (mostly due to not properly iden-
tifying the language). We added this information
for a fair comparison of the methods (i.e. using the
same number of sentences in evaluation).

3.2 Models

For the experiments, we consider three approaches
that are popular in the zero-shot setting since we
lack the training data for the Brazilian languages
(see Appendix A for details).

Prompting GPT-4 We prompt GPT-4 using a
similar prompt provided by Lai et al. (2023) where
the model is provided a task description before the
input (seeAppendix B for details).

Cross-lingual transfer We trained a POS tagger
individually for English and Portuguese, and per-

4https://universaldependencies.org/
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Language Language family Monolingual data size ‘ UD dataset name  Train Dev Testset A TestsetB
high-resource languages

English (en) Indo-European/West Germanic not collected en_ewt 12,544 2,001 2,007

Portuguese (pt) Indo-European/Romance not collected pt_gsd 9,616 1,204 1,200
Brazilian languages

Apurina (apu) Arawakan Bible (8,729) apu_ufpa 152 134
Akuntsu (aqz) Tupian N/A aqz_tudet 343 267
Karo (arr) Tupian N/A arr_tudet 674 172
Bororo (bor) Macro-Jé Bible (8,254) bor_bdt 371 161
Guajajara (gub) Tupian Bible (33,757) gub_tudet 1,182 914
Madi-Jarawara (jaa) ~Arawan Bible (8,606) jaa_jarawara 20 18
Makurap (mpu) Tupian N/A mpu_tudet 37 8
Munduruku(myu) Tupian Bible (8,430) myu_tudet 158 82
Tupinamba (tpn) Tupian N/A tpn_tudet 581 458
Kaapor (urb) Tupian Bible (8,535) urb_tudet 83 20
Xavante (xav) Macro-Jé Bible (8,213) xav_xdt 148 128
Nheengatu (yrl) Tupian N/A yrl_complin 1239 -
African languages

‘Wolof (wo) Niger-Congo/Senegambian not collected wo_wtb 1188 449 470 470
Yoruba (yo) Niger-Congo/Volta-Niger not collected yo_ytb - 318 318

Table 1: UD-POS datasets in our evaluation: We provide the training, validation and test splits we used for
experiments. Test set A are the original test set in UD, the Test set B is a subset of A where we removed sentences
that GPT-4 is not able to run inference for due to non-identification of the language.

form the zero-shot transfer on other languages. We
used the XLLM-R-large (or simply, XLM-R) (Con-
neau et al., 2020) for training the models.

Language Adaptive Fine-tuning (LAFT) We
leverage LAFT for an effective cross-lingual trans-
fer by first adapting XLM-R-large model to a
new language with limited amount of monolingual
data (Alabi et al., 2020; Pfeiffer et al., 2020; Chau
and Smith, 2021; Alabi et al., 2022). We make use
of the Bible data as the fine-tuning corpus since it
is the largest one for these languages and we only
found 7 (out of 12 Brazilian languages) languages
which have a Bible corpus. Similar to Ebrahimi and
Kann (2021), we examine the effectiveness of this
small pre-training corpus with 8K-34K sentences.
According to Pfeiffer et al. (2020), this approach
can significantly boost cross-lingual transfer. How-
ever, it is not parameter-efficient like the MAD-X
they proposed. On the other hand, Ebrahimi and
Kann (2021) argued that simple adaptation to a new
language is more effective than MAD-X especially
when using the Bible corpus for adaptation and we
follow this recommendation in our evaluation.

4 Results

Table 2 shows the result of our evaluation on POS
tagging with the following key findings:

Zero-shot evaluation results While POS tag-
ging has a performance of 98% (e.g. for English
and Portuguese) when training data are available
(especially for HRLs), the performance decreases
while performing zero-shot transfer to other lan-
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guages because POS tagging is language-specific.
The transfer performance is low for both Brazilian
and African languages (probably) because they are
not typologically related whereas English and Por-
tuguese are slightly related (i.e., being in the same
Indo-European family) and covered by XLM-R,
thus achieving an impressive transfer performance
(> +83%).

GPT-4 vs. basic cross-lingual transfer GPT-4
performed slightly better than the zero-shot transfer
from other languages in our experiments indicating
better abilities of LLMs for this task. For English
and Portuguese, the performance reaches to 90%
(although it is not on par with fully-supervised set-
ting). For African languages, the performance was
lower than the HRLs, but it was still decent (64.8-
75.4) probably because the LLMs were exposed to
some African languages during pre-training. The
struggle of GPT-4 for Brazilian LRLs can be ex-
plained with the fact that these languages were
probably not included during the pre-training. The
generation is often not useful for some examples,
where GPT-4 declines to give answers like “As an
Al, I’'m unable to provide the POS tags for words
in languages I’'m not programmed to understand.
”. Thus, we had to remove such examples from
our evaluation. However, this was not the case for
African LRLs and the HRLs.

Language adaptation for cross-lingual transfer
performance We performed LAFT training on
the Bible corpus individually for the apu, bor, gub,
Jjaa, myu, urb, and xav. Our results indicate an im-



XLM-R XLM-R (zero-shot cross-lingual transfer) GPT-4
Language Test set A Test set A Test set B Test set B
Full-sup. | en— xx pt—xx LAFT+pt— xx en— xx pt—xx LAFT +pt— xx ‘ 0-shot
high-resource languages
en_ewt 98.0 98.0 83.6 91.9
pt_gsd 97.8 ‘ 90.0 97.8 92.4
Brazilian languages
apu_ufpa 37.5 40.6 44.9 36.8 40.2 44.7 42.6
aqz-tudet 319 37.8 31.3 36.8 49.5
arr_tudet 39 14.9 6.3 19.8 27.7
bor_bdt 19.0 23.5 27.3 18.4 23.0 26.4 41.3
gub_tudet 26.5 30.2 36.0 27.8 32.1 371 36.2
jaa_jarawara 28.2 28.4 34.5 27.2 27.9 33.6 33.0
mpu_tudet 4.9 9.0 0.0 0.8 0.0
myu_tudet 21.2 27.1 30.3 10.8 14.8 16.5 18.2
tpn_tudet 39.1 41.9 38.9 41.8 47.2
urb_tudet 7.8 11.8 21.2 9.2 9.5 21.6 323
xav_xdt 26.5 29.0 28.2 27.3 29.9 29.3 36.5
yrl_complin 28.9 31.5 29.0 31.7 41.2
African languages
wo_wtb 87.6 29.3 35.6 64.8
yo_ytb - 22.5 31.5 75.4
Average (Brazilian languages) - 23.0 27.1 21.9 25.7 ‘ 33.8

Table 2: POS accuracy results for Brazilian languages: We compare the accuracy of GPT-4 to zero-shot cross-
lingual transfer from English language and Portuguese leveraging XLM-R-large multilingual pre-trained language
model. Test set A is the original test set found on UD while Test set B are the ones GPT-4 could automatically

detect their language to run inference.

provement in accuracy on 6 out of the 7 languages,
except for xav. The performance improvement is
quite large for urb (+7.2 on test A, and 12.1 on Test
B), and moderate improvement of +3 to +6 for
other languages. This experimental result shows
that with sufficient monolingual texts, we can in-
crease the performance of the cross-lingual trans-
fer results. However, for the LRLs, such data is
scarce. A more effective approach is perhaps to
annotate few examples (e.g. 10 or 100 sentences)
for training POS taggers to boost the performance
(cf. (Lauscher et al., 2020; Hedderich et al., 2020)
for a larger boost in performance for token classifi-
cation tasks in this few-short setting). Regardless,
there is a need for better methods to leverage small
monolingual data sets.

5 Error analysis

In this section, we provide examples from 2 Brazil-
ian languages (Karo and Guajajara) where the
LLMs made errors with the POS tagging. The
first line refers to the original sentence, the second
line refers to the gold-standard UD POS tag; the
third line refers to the GPT-4 POS tag.)

In example (1), the auxiliary verb (in Karo) has
the same orthographic form as the English inter-
jection okay. In example (2), the Guajajara verb
has (partially) the same orthographic form as the
English interjection (o/). Due to these similarities,
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GPT-4 seems to tag the POS for these words ac-
cording to English instead of the POS tagged in
UD for Karo and Guajajara.

1. awero toba okay
NOUN VERB AUX
NOUN NOUN INTJ

2. Oho kaapii rehe .
VERB NOUN ADP PUNCT
INT VERB ADV PUNCT

6 Discussion & Conclusions

In our study, we explored how LLMs perform the
NLP task of POS tagging for 12 LRLs in Brazil
and compared this performance with 2 LRLs in
Africa and 2 HRLs (English, Brazilian Portuguese).
POS is a well established NLP task and it pro-
vides insights about the linguistic structures of the
different languages especially when only limited
data is available, such linguistic annotations have
been shown to improve language understanding
and generation for endangered languages (Zhang
et al., 2024). Our results indicate that the LLMs
(GPT-4) perform worse for LRLs on this task in
general but older approaches like language adap-
tive fine-tuning that leverage multilingual encoder
models provides some improvements. However,
with the lack of available data, any improvements



across methods are limited. Although we focused
on 12 Brazilian LRLs, there are many other LRLs
which we were not able to cover. Future work can
expand this evaluation to more tasks and to other
LRLs not only from Brazil but from other regions
around the world as well.

7 Limitations

Due to limited space, we only focused on POS tag-
ging for this paper but there is a need to explore
how LLMs perform other NLP tasks for LRLs. We
only evaluated ChatGPT in the zero-shot learning
setting but we do not have comparisons with other
recent multilingual LL.Ms, e.g., BLOOM (Scao et
al., 2022), and Gemini, in various other learning
scenarios. While some of these models are cur-
rently less accessible for large-scale evaluations,
our plan is to include more models and learning
settings along the way to strengthen our evalua-
tions and comparisons in the future. Finally, the
current work only evaluates ChatGPT in terms of
performance over NLP tasks in different languages.
To better characterize ChatGPT and LLMs, other
evaluation metrics should also be investigated to
report more complete perspectives for multilingual
learning, including but not limited to adversarial
robustness, biases, toxic/harmful content, halluci-
nation, accessibility, development costs, and inter-
operability.

8 Ethics Issues

Since we used publicly available data sets, we do
not foresee any major issues in terms of ethical
concerns.
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A Models

For the experiments, we consider three approaches
that are popular in the zero-shot setting since we
lack training data for the Brazilian languages.

Prompting GPT-4 GPT-4 % is a large language
model developed by pre-training on a large amount
of texts and code from the web, followed by in-
struction prompt tuning based on human feedback.
We prompt GPT-4 using a similar prompt provided
by Lai et al. (2023) where the model is provided a
task description before the input. We provide the
details in Appendix B.

Cross-lingual transfer We trained a POS tagger
individually for English and Portuguese, and per-
form zero-shot transfer on other languages. We
make use of the XLLM-R-large (or simply, XLM-
R) (Conneau et al., 2020) for training the models.
XLM-R has been pre-trained on 100 languages of

®https://chat.openai.com/
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the world with over 2TB pre-training corpus size
but this corpus does not include any indigenous
Brazilian languages.

Language Adaptive Fine-tuning (LAFT) We
leverage LAFT for an effective cross-lingual trans-
fer by first adapting XLM-R-large model to a
new language with limited amount of monolingual
data (Alabi et al., 2020; Pfeiffer et al., 2020; Chau
and Smith, 2021). This method was proven to be
very effective for low-resource languages (Adelani
et al., 2021; Muller et al., 2021). We make use of
the Bible data as the fine-tuning corpus since it is
the largest we found for these languages. We only
found 7 (out of 12 Brazilian languages) languages
with the Bible corpus. Similar to Ebrahimi and
Kann (2021), we examine the effectiveness of this
small pre-training corpus with 8K-34K sentences.
Pfeiffer et al. (2020) showed that this approach can
significantly boost cross-lingual transfer. However,
it is not parameter-efficient like the MAD-X they
proposed. On the other hand, Ebrahimi and Kann
(2021) argued that simple adaptation to a new lan-
guage is more effective than MAD-X especially
when using the Bible corpus for adaptation and we
follow this recommendation in our evaluation.

Hyper-parameter of experiments For the cross-
lingual and LAFT experiments, we used Hugging-
Face transformers (Wolf et al., 2020) and A100
Nvidia GPU for fine-tuning the models. For the
LAFT, we train for 3 epochs on one GPU while for
cross-lingual, we fine-tune English and Portuguese
individually using a batch size of 64, with gradient
accumulation of 2, and a training epoch of 10.

B Prompt Template

Table 3 provides the prompt template we used for
GPT-4 evaluation.
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Prompt

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

Note Your response should include only a list of tuples, in the order that the words appear in the input
sentence, with each tuple containing the corresponding POS tag label for a word.

Input ["What”, ’if”, ”Google”, "Morphed”, ’Into”, "GoogleOS”, ”?”]

Output [("What”, ”PRON”), ("if”, ?’SCONIJ”), ("Google”, "PROPN”), ("Morphed”, ”VERB”), ("Into”,

”ADP”), ("GoogleOS”, "PROPN”), (”?”, "PUNCT”)]

Table 3: Prompt template used for POS tagging based on Lai et al. (2023). An example prediction by GPT-4
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