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Science at the NLP lab at Bar Ilan University.
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SambalLingo: Teaching Large Language Models New Languages

Zoltan Csaki, Bo Li, Jonathan Li, Qiantong Xu, Pian Pawakapan Leon Zhang
Yun Du, Hengyu Zhao, Changran Hu, Urmish Thakker
SambaNova Systems
zoltan.csaki@sambanovasystems.com

Abstract

Despite the widespread availability of LLMs,
there remains a substantial gap in their capabil-
ities and availability across diverse languages.
One approach to address these issues has been
to take an existing pre-trained LLM and con-
tinue to train it on new languages. While prior
works have experimented with language adapta-
tion, many questions around best practices and
methodology have not been covered. In this
paper, we present a comprehensive investiga-
tion into the best practices for adapting LLMs
to new languages. Our study explores the key
components in this process, including vocab-
ulary extension and initialization of new to-
kens, direct preference optimization and the
data scarcity problem for human alignment in
low-resource languages. We scale these ex-
periments across 9 languages and 2 parameter
scales (7B and 70B). We compare our models
against Llama 2, Aya-101, XGLM, BLOOM
and existing language experts, outperforming
all prior published baselines. Additionally, all
evaluation code' and checkpoints® are made
public to facilitate future research.

1 Introduction

New state of the art large language models are be-
ing released at a breakneck speed, yet their training
data, tokenizer, and evaluations remain primarily
centered around a few popular languages such as
English, Chinese, French and Arabic. In principle,
the way to create large language models for specific
languages is to pre-train models from scratch (Sen-
gupta et al., 2023; Zhang et al., 2020). However,
it is difficult to obtain a large amount of compute
resources and a vast quantity of data in diverse lan-
guages. Researchers have tackled this problem by
training monolithic multi-lingual models that cover
a wide range of languages (Workshop et al., 2023;

"Fork of Im-evaluation-harness Gao et al., 2023 with new
multilingual benchmarks: Im-evaluation-harness
2All SambaLingo Checkpoints: SambaLingo Checkpoints

1

Lin et al., 2022; Shliazhko et al., 2023; Xue et al.,
2021). These models can still struggle to achieve
uniformly good results across all languages due to
various factors such as the curse of multilingual-
ity (Chang et al., 2023; Conneau et al., 2020) and
the scarcity of pre-training data in many languages
(Chung et al., 2023).

Recently, adapting English centric models to
new languages has gained prominence (Blevins
et al., 2024; Yong et al., 2023; Ebrahimi and
Kann, 2021; Pires et al., 2023; Pipatanakul et al.,
2023; Lin et al., 2024). The resulting models
can outperform large multilingual models and
even language specific models pre-trained from
scratch.  Adaptation requires various design
choices around the tokenizer, data, alignment and
evaluation strategies. This paper aims to provide
a comprehensive study to help inform these
decisions, outlining a clear protocol to adapt a
pre-trained model to a new language. We show that
our methodology works by training models across
9 languages and 2 parameter scales (7B and 70B)
and comparing them against publicly available
models. Figure 1 and 2 show that our methodology
can lead to better models than existing state of the
art models in these languages.

The key studies and contributions include:

* Best practices for adapting existing LLMs to
new languages scaled across 9 typologically
and linguistically diverse languages including
Arabic, Bulgarian, Hungarian, Japanese, Rus-
sian, Serbian, Slovenian, Thai, and Turkish

— Expanding the vocabulary for the target
language improves the tokenizer fertil-
ity (12), but does not have a siginficant
impact on downstream accuracy (5.1.1)

— Various embedding initialization meth-
ods have minimal impact on accuracy,

Proceedings of the Fourth Workshop on Multilingual Representation Learning (MRL 2024), pages 1-21
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Figure 1: Evaluation perplexity on hold out dataset, we also evaluate perplexity over wikipedia and Mc4 in appendix
F. Open source expert baselines: Japanese - Swallow-7b-hf (TokyoTech, 2023), Thai: typhoon-7b (Pipatanakul et al.,
2023), Arabic: jais-13b (Sengupta et al., 2023), Hungarian: PULI-GPTrio (Yang et al., 2023), Russian: saiga-7b
(Gusev, 2023), Bulgarian: mGPT-bulgarian(Shliazhko et al., 2023). We could not find Serbian, Slovenian and
Turkish languages models with low enough perplexity that would fit the graph so we chose to omit them here to

ensure readability.

but sub word averaging accelerates train-
ing loss convergence (5.1.2)

— The quality of the base checkpoint on
English benchmarks can improve down-
stream language adaptation results (5.3)

* A recipe for human preference alignment in
any language using open source data

— Aligning the adapted model requires min-
imal data from the target language, re-
ducing the need of gathering expensive
alignment data (5.2.1)

— The choice of translated versus human
written alignment data does not have a
large impact on win rates (5.2.2)

* Open sourcing code and checkpoints to pro-
mote future research

— State of the art models adapted from
Llama 2 in 9 languages and 2 parame-
ter scales (7B, 70B)?

— Integration of FLORES-200, SIB-200,
EXAMS and multilingual perplexity
benchmarks with Im-eval-harness' (Gao
et al., 2023)

2 Related Work

While prior work has explored adapting pre-trained
LLMs to new languages, they do not extensively
study the methodology to do so. None of these
works explore the design choices around aligning
models in new languages, for example the mixture

of data in the base models language and the new lan-
guage or the impact of translated data on qualitative
evaluation. Pires et al. (2023) and Cui et al. (2023b)
adapt Llama models to Portuguese and Chinese re-
spectively, but they do not explore the impact of
vocabulary extension and/or initialization. Blevins
et al. (2024) explores training language experts
to break the curse of multilinguality starting from
a pre-trained model, but they do not explore the
impact of vocabulary extension, initialization and
quality of the base model. Extension of vocabulary
was discussed in Zhao et al. (2024b); Tikhomirov
and Chernyshev (2023), however they do not ex-
plore token embedding initialization strategies or
impact of quality of base model. Lin et al. (2024)
studies simultaneous language adaptation to 500
languages. Nevertheless, they also do not answer
questions around alignment or token initialization
strategy. Ye et al. (2023) studies language adapta-
tion of a wide variety of English-centric and mul-
tilingual models, however they only focus on fine-
tuning XNLI tasks.

There has been a significant body of work around
open-source multi-lingual models (Workshop et al.,
2023; Lin et al., 2022; Shliazhko et al., 2023). Our
work differs from the aforementioned studies as we
solely focus on adapting pre-trained LLMs to new
languages and not on pre-training from scratch.
Notably, these multilingual open-source models
tend to be pretrained on significantly fewer tokens
than the base models we adapt from. As the models
in this work tend to outperform these multilingual
models, this presents a promising path forward for
obtaining the state of the art in new languages.



3 Adaptation Methodology

We present our methodology to adapt large lan-
guages models to a new language, with state of
the art results in 9 target languages: Arabic, Thai,
Turkish, Japanese, Hungarian, Russian, Bulgarian,
Serbian and Slovenian. We select these languages
because they provide a mix of high resource and
lower resources languages with diverse character
sets and linguistic patterns. We additionally limit
the scope of the languages studied in this paper to
languages with easily available text datasets from
CulturaX (Nguyen et al., 2023). See Section 4 for
evaluation results on the final checkpoints produced
by this methodology, and Section 5 for ablations
justifying our methods.

We use the term initial language to describe the
original language that the base model was trained
on (in this case, English) and the term rarget lan-
guage as the new language this model is being
adapted to.

3.1 Selecting a Base Model

Our methodology starts with an existing base
checkpoint instead of pre-training from scratch.
Previous work has shown that starting from an
existing checkpoint leads to faster training con-
vergence, better downstream evaluation accuracy
and lower compute/data requirements (Pires et al.,
2023; Lin et al., 2024; Csaki et al., 2023). Sec-
tion 5.3 demonstrates that it is important to select a
starting checkpoint with the best results for the ini-
tial language, as that will improve the downstream
results for the target language. Based on these ob-
servations, we chose Llama2 7B as our base model
to adapt to target languages, the best open source
model available at the time of the experiments.

We additionally scale this methodology to Llama
2 70B. Given compute restrictions, we only do this
for 3 languages - Arabic, Thai and Hungarian. See
Section 4.2 for in-depth comparisons of our 7B and
70B models.

3.2 Extending Model Vocabulary

Llama 2 (et al, 2023) was trained predominantly on
English text, and has poor tokenizer efficiency for
other languages (see Section 5.1). To address this
inefficiency, we chose to extend the vocabulary of
the Llama 2 tokenizer by adding non overlapping
tokens from the target language and initializing
them using sub-word embeddings from the original
tokenizer. See Section 5.1 for experiments that

justify our approach.

3.3 Continual Pre-training

We train each language independently on data that
consists of a 1:3 mixture of English and target lan-
guage web data biased towards the target language.
Pretraining data for all languages, including En-
glish, is sourced from CulturaX (Nguyen et al.,
2023). These decisions are grounded in results
from previous works: Zhao et al. (2024b); Csaki
et al. (2023) show that mixing in data from the
base model domain helps downstream accuracy
and training stability, Gupta et al. (2023) find that
including a higher proportion of data from the tar-
get distribution helps improve the convergence in
the target distribution, Almazrouei et al. (2023)
showed the importance of cleaned web data. Addi-
tionally, hyperparameters used for training can be
found in Appendix A.

3.4 Aligning To Human Preferences In Other
Languages

To train a chat-aligned version of the model, we
follow the two-stage approach from Tunstall et al.
(2023) - supervised finetuning (SFT) followed by
direct preference optimization (DPO). More details
about hyperparameters for each of these phases
used can be found in Appendix A.

* For SFT, we use ultrachat-200k (Tunstall
et al., 2023), in a 1:1 ratio with a Google trans-
lated version of ultrachat-200k.

* For human preference alignment, we use
the ultrafeedback (Cui et al.,, 2023a)
and cai-conversation-harmless dataset
(Huang et al., 2024). We mix these datasets
with a 10:1 ratio of English to machine trans-
lated data. Section 5.2.1 shows that this ra-
tio of data performs almost as well as other
ratios and section 5.2.2 shows that machine-
translated data can perform as well as human
written data.

4 Evaluation

4.1 Quantitative Evaluation

We use a wide variety of benchmarks to quanti-
tatively evaluate the performance of our models
and compare them to prior work. See Table 1 for
the full list of quantitative benchmarks. In sum-
mary, we evaluate language modeling with perplex-
ity on a holdout set of CulturaX (Nguyen et al.,



Datasets Task Num Number Of Metric
Category Few-Shot | Languages

mc4 , Wikipedia | Perplexity - 323 Perplexity

FLORES-200 Translation 8 200 CHRF

SIB-200 Text Classification 3 200 Accuracy

BELEBELE Question Answering | 3 122 Accuracy

Exams Knowledge 3 11 Accuracy

XNLI

XStoryCloze

XCOPA gig:sltg‘;i‘;age 0 25+ Accuracy

XWinograd

PAWS-X

Table 1: Multi-lingual evaluation suite
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Figure 2: Quantitative evaluation results. The “best open source experts” are the same as ones specified in Figure 1.

See Appendix F for the full breakdown.

2023), translation with CHRF (Popovi¢, 2015) on
FLORES-200 (Goyal et al., 2021; Zhu et al., 2023),
text classification accuracy on SIB-200 (Adelani
et al., 2024; Lin et al., 2024), open-book ques-
tion answering on BELEBELE (Bandarkar et al.,
2023), closed-book question answering on EX-
AMS (Hardalov et al., 2020), and a variety of nat-
ural language understanding benchmarks (XNLI
(Conneau et al., 2018), XStoryCloze (Lin et al.,
2022), XCOPA (Ponti et al., 2020), XWinograd
(Emelin and Sennrich, 2021), and PAWS-X (Yang
etal., 2019)).

All quantitative evaluations are performed on
our adapted models after continuous pretraining,
but before the alignment stage. We evaluate each
checkpoint only on the language that it was trained
on. Note that not all of our target languages are
covered across all benchmarks. However, each lan-
guage we examine has evaluations in at least 4 of
these benchmarks. We ensured that perplexity mea-
surements were done on a held out set in the target
language, and verify that evaluating perplexity on
different domains of text such as Wikipedia and

MC4 (Raffel et al., 2019) have very similar results
in appendix F.

4.1.1 Quantitative Results

We compare our continuously pretrained models
against the best open source models available in
each target language and state of the art multilin-
gual models. Figure 1 shows that our SambaLingo
models have a lower perplexity across all exist-
ing baselines on a holdout set from our training
data. Perplexity on other domains also follows the
same trend as shown in appendix F. Figure 2 shows
the average evaluation score across the evaluation
benchmarks introduced in Section 4.1, where we
see our models outperform all other models in 7/9
languages.

4.2 Scaling to 70B

Scaling to 70B consistently leads to better results
as seen in table 2. The 70B models in the table
have trained on fewer tokens than the 7B models.

Additionally, we evaluate compute-matched
checkpoints of our 7B and 70B Llama 2 models



Language Checkpoint ppl (/) FLORES EN—X (1) FLORES X—EN (1) Belebele (1) SIB-200 (1) XNLI (1) XStoryCloze (1)
Arabic 70B 1.44 54.25 65.60 0.78 0.69 0.33 0.68

7B 1.44 53.67 61.66 0.29 0.26 0.34 0.65
Hungarian 70B 1.57 58.81 64.03 0.82 0.64 -

7B 1.63 52.70 58.31 0.33 0.25

Table 2: This table compares compute matched 7B and 70B checkpoints. We look at intermediate checkpoint results
and compare 7B models trained for 40B tokens with 70B models trained for 4B tokens.
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Arabic 1

14
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(a) SambaLingo vs Ayal01
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o S T
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(d) SambaLingo vs Jais-13b-chat

Figure 3: GPT4 evaluation result

in table 2. The compute-matched 70B checkpoints
are trained for 10x fewer steps (4B tokens vs 40B
tokens) and perform as well as or better than 7B
variants trained over 40B tokens in every bench-
mark across Arabic and Hungarian.

4.3 Evaluating Human Aligned Checkpoints
4.3.1 GPT-4 as a Judge

To test our human aligned models’ ability to gen-
erate high quality responses to real user prompts,
we use GPT-4 (OpenAl and et al, 2024) as a judge.
This method was first introduced by Zheng et al.
(2023) to evaluate English models, and then used by
Ustiin et al. (2024) as a method to evaluate multilin-
gual models. The resulting model generations are
shuffled and fit to the prompting style suggested by
(Zheng et al., 2023) before being fed to GPT-4. See
Appendix D for the manually collected prompts
and section 4.3.2 for the evaluation results.

GPT-4 as a judge has been widely accepted by
the community as a way to evaluate chat models
(Zheng et al., 2023; Verga et al., 2024), and we
extend this to multilingual models. To ensure that
GPT-4 is understanding the multilingual text we
have native speakers read through a few examples
of GPT-4 explaining its decision making process.
The native speakers unanimously agree that GPT-4
clearly understands the content in other languages.

In appendix D.2 we include example model gen-
erations along with GPT-4’s corresponding prefer-
ences and explanations. Further work is needed to
do a large scale study to see how GPT-4 preferences
align with human preferences in other languages.

4.3.2 Qualitative Results

Measuring win-rate using GPT-4 as a judge only
works in scenarios where a human aligned or in-
struction tuned model is available in a language.
Given this constraint, we were only able to find rele-
vant comparisons for Arabic, Japanese and Turkish,
and do not have qualitative evaluations for our mod-
els in the other 6 languages. We do not compare
to llama2-chat because we found that Llama2-chat
and other open source English foundation chat mod-
els reply in English when prompted in the target
language, instead of replying back in the target lan-
guage. The results of our evaluation are shown in
Figure 3. Our SambaLingo models consistently out-
perform other models in the same language. For
details about the native speaker-curated prompts,
see Appendix D. We additionally run evaluations
with Claude Opus (Anthropic, 2024) as a judge to
ensure that there is no bias by GPT-4 and find very
similar results in appendix D.1



Added Tokens Hungarian Russian Turkish Bulgarian Arabic Japanese Thai
0 2.70 2.28 3.28 2.36 4.23 2.07 4.84
1000 2.52 2.25 2.56 2.19 2.11 1.75 2.10
4000 2.14 2.05 2.20 1.92 1.67 1.23  1.50
25000 1.78 1.78 1.77 1.66 1.26 093 1.10

Table 3: Number of added tokens vs fertility (average number of tokens per "word")

Language Tokenizer ppl (/) FLORES EN—X (1)

FLORES X—EN (1) Belebele (1)

SIB-200 (1) XNLI (1) XStoryCloze (1)

Arabic Original 1.50 48.27
Expanded 1.46 52.66
Hungarian  Original 1.61 52.70
Expanded 1.63 51.82
Serbian Original 1.403 56.15
Expanded 1.435 58.30

57.35 0.27 027 0.34 0.63
61.05 0.32 035 0.34 0.64
58.31 0.33 026 - -
57.12 0.30 034 -

64.89 0.32 059 -

66.35 0.37 052 -

Table 4: Accuracy after training with expanded vocabulary vs original tokenizer

5 Ablations

In this section, we present ablations of our design
decisions in Section 3. Section 5.1 presents experi-
ments motivating the modifications we make to the
base model’s tokenizer and how we initialize its
new embeddings. Section 5.2 ablates the amount of
target language data and use of machine translated
data in the DPO phase of our methodology. Finally,
section 5.3 looks at the impact of the quality of the
base model.

5.1 Vocabulary Expansion

The Llama?2 tokenizer is centered towards English.
While this tokenizer can encode characters in any
language, it will be very inefficient for non-English
text. In fact, the BPE tokenizer may tokenize
non-Latin characters as multiple independent bytes.
One way to mitigate this problem is to extend the
vocabulary of the base model by adding new tokens
that represent the target language to it, and start
adaptation training with this expanded vocabulary.
This method also helps improve the inference effi-
ciency in the target language. We explore different
sizes for the expanded vocabulary and their im-
pacts on fertility (Acs, 2019) in Table 3 and Figure
12. We chose to expand the vocabulary by 25,000
tokens for all languages as it yields the lowest fer-
tility for all languages and highest throughput on
the hardware platform.

5.1.1 Vocabulary Expansion vs Original
Tokenizer

To measure the impact of vocabulary expansion on
accuracy, we train two models—one using an ex-
panded vocabulary and the other using the original

vocabulary—across two three languages: Hungar-
ian, Arabic and Serbian. We find that expanding
the vocabulary does not have significant impact on
the downstream accuracy. Nonetheless, given the
benefit that the expanded vocabulary has for infer-
ence and sequence length utilization in the target
language, we chose to expand the vocabulary of
the base model.

5.1.2 [Initializing new token embeddings

We experiment with 4 different token initialization
strategies for the new tokens added to the vocab-
ulary across 3 languages - Hungarian Arabic and
Thai. For each experiment, we train the model for
10 billion tokens and compare the loss values. Let
V' be the set of tokens in the original vocabulary,
and E/(t) the embedding vector of a token ¢ € V.
The four token initialization methods we consider
are as follows:

e gaussian: N/(0,0.02)
e xavier_uniform

e avg_all (Hewitt, 2021): For each new token
t’, initialize E(t') = mean({E(t)Vt € V'})

e avg_subwords (Liu et al., 2024; Koto et al.,
2021): For each new token t/, let Ly =
[t1, ..., tx] be the list of k tokens that ¢’ would
have been tokenized as under the original to-
kenizer. Initialize the new embedding with
E(t") = mean([E(t1), ..., E(tg)])-

Figure 4 shows that after continuous pretraining
for 10B tokens, all methods converge to similar loss
values, with avg_subwords showing faster conver-
gence. Table 5 shows the impact on downstream
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Figure 4: Training loss for different token initialization methods

Language Initialization Method ppl (J]) FLORES EN—X (1) FLORES X—EN (1) Belebele (1) SIB-200 (1) XNLI (1) XStoryCloze (1)

Arabic gaussian 1.50 48.48 57.31 0.34 025 0.34 0.61
xavier_uniform 1.49 50.46 58.90 0.36 026 0.33 0.62
avg_all 1.48 50.54 58.29 0.34 025 0.35 0.63
avg_subwords 1.48 50.87 59.62 0.38 0.27 0.34 0.64

Hungarian gaussian 1.65 51.42 56.92 0.32 050 - -
xavier_uniform 1.65 49.52 55.81 0.34 042 - -
avg_all 1.76 51.39 56.86 0.34 045 - -
avg_subwords 1.65 50.79 56.77 0.33 0.30 - -

Thai gaussian 1.31 51.50 52.95 0.33 0.53 0.44 -
xavier_uniform 1.31 52.88 55.34 0.32 0.30 0.38 -
avg_all 1.31 52.89 55.36 0.35 0.60 0.46 =
avg_subwords 1.30 53.34 55.36 0.37 0.35 0.46 -

Table 5: Multilingual evaluations across token embedding initialization methods

benchmarks. For Thai and Arabic, avg_subwords
achieves marginally better scores while for Hungar-
ian the results are mixed. These results show that
the choice of initialization has minimal impact on
the accuracy of end model when trained for 10 bil-
lion tokens. However avg_subwords gives faster
training loss convergence, so we chose to initialize
the new embeddings using avg_subwords.

5.2 Direct Preference Optimization
5.2.1 DPO Data Mixture

There is a lack of supervised finetuning and human
alignment data across different languages. Collect-
ing such data can be difficult and expensive. Given
that the models obtained from our methodology are
bilingual, we explore the question of how much of
the human alignment data can be English and how
much of it has to be from the target language. We
run DPO on data mixtures of the English/Target
language data ratio across 100:1, 10:1, 10:3 and
1:1, and observe the resulting win-rate in pairwise
comparisons with the model trained on a 1:1 data
ratio. For each experiment we keep the amount of
English data the same and downscale the target lan-
guage. We run these experiments on two languages:
Hungarian and Arabic, with results in Table 6. We

show that a 10:1 data ratio can perform almost as
well as 1:1 data ratio for Hungarian. For Arabic,
even a 10:3 data ratio still falls behind the perfor-
mance of 1:1. One hypothesis is that Hungarian is
more linguistically similar to English than Hungar-
ian so there is more language transfer during fine
tuning, but further research is needed to understand
how the language impacts optimal alignment data
mixture ratio.

5.2.2 Impact of Translated Human Preference
Data

Results in Table 6 are based on translated data from
the target language. Ustiin et al. (2024) emphasized
the importance of human written prompt comple-
tion pairs and claim that translated data does not
perform as well. However, their work does not
start with a high quality pretrained base model, nor
do they use DPO. In order to understand whether
machine translated data is a viable option for hu-
man alignment, we explore the impact of alignment
using both approaches. We use Google translated
ultrafeedback-200k data for one run and human-
written data from Open Assistant Conversations
(OASST1) (Kopf et al., 2023) for the other. We
run this study on Russian, as it is has the most hu-



Target Language: English Ratio | 100:1 10:1 10:3 1:1
Arabic 30.39% | 35.00% | 34.62% | 50.00%
Hungarian 39.29% | 45.18% | 45.78% | 50.00%

Table 6: DPO data mixture result (win-rate compared with 1:1 data mixture)

Base Model ppl(/) FLORES EN—X(1) FLORES X—en(t) Belebele(t) SIB-200(1)
GPT-13B 1.80 37.94 48.99 0.28 0.25
Llama-2-7b  1.61 53.72 58.65 0.34 0.25

Table 7: Performance of GPT-13B and Llama 2 7B on Hungarian benchmarks after adaptation

man written data from OASST1 (Kopf et al., 2023).
The model trained using translated data attains a
50.47% win rate compared to the model trained
with OASST1. This comparison does not control
for the diversity and quality of the question answer
pairs in the dataset because chat datasets with par-
allel human translated data in multiple languages.
so this comparison is not meant to illustrate that
translated data is as good or better than native data,
but rather to show that human written data is not a
silver bullet required to obtain good quality aligned
models in other languages.

5.3 Importance Of Base Model Quality

To explore the relationship between the quality of
the base model employed for language adaptation
and its subsequent impact on accuracy in the target
language, we ablate using two different base mod-
els - Llama 2 7B and GPT-13B (Srinivasan et al.,
2023). The GPT-13B model is trained on much
fewer tokens compared to llama2. We measure the
GPT-13B model on some commonly accepted En-
glish benchmarks instead of our multilingual eval-
uation suite because these benchmarks are used
more frequently to compare English checkpoints.
GPT-13B lags behind Llama 2 7B in every English
evaluation tasks we measured in Table 9.

We adapt both of these models to Hungarian.
Table 7 illustrates that using a higher quality base
model (Llama 2 7B) leads to better downstream
performance in the target language. These results
show that many of the benefits of training come
from the base model quality not just the continuous
training we do. This additionally indicates that
as newer higher quality models become available,
there is value in applying our proposed adaptation
methodology on new base models.

6 Limitations

Our work has several limitations, including the
need for extensive data from the target language,
which is often unavailable for many languages. We
study 9 diverse languages, but further research is
required to address multilingual data scarcity and
generalize our recipe. Due to compute and time
constraints, our ablation studies focus on around 3
languages each, assuming similar results for other
languages, although linguistic diversity and data
availability may affect this. Additionally, we evalu-
ate our chat-based model using GPT-4 as a judge,
and while this has been shown to strongly corre-
late with human preferences in English, we are
uncertain how well this works in other languages.
We acknowledge that publicly releasing LLMs is
risky because they can inadvertently generate harm-
ful or biased content, compromise privacy, and be
exploited for malicious purposes such as spread-
ing misinformation. Moreover, while our models
are adapted to other languages and cultures, the
English base model, data biases, and use of trans-
lation may prevent them from fully capturing the
nuances of cultures and languages from around the
world.

7 Conclusion

We present a methodology to adapt pretrained
LLMs to new languages. The methodology encom-
passes both continuous pretraining and alignment
to human preferences in the target language. We
present experimental results to justify our design
choices and scale our methodology to 9 typologi-
cally diverse languages and 2 parameter scales. We
make our evaluation scripts and final checkpoints
publically available to facilitate future research,
and we hope this work outlines a clearer path to-
wards attaining state of the art language models in
every language.
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A Hyperparameters

* Continuous Pre-training: We pack the pre-
training mixture into sequences of length 4096
and pretrain with document attention as de-
scribed in Section 3.2 of Iyer et al. (2022) to
ensure we only attend to tokens in the con-
text of the corresponding text document. We
train with a global batch size of 1024, se-
quence length of 4096, maximum learning
rate of le-4 with cosine decay, warm-up ra-
tio of 0.01 and a weight decay of 0.1. Each
expert is trained for a maximum of 4 epochs,
following (Muennighoff et al., 2023). Notably,
we train all model parameters, foregoing use
of PEFT methods such as LoRA (Hu et al.,
2022), which are known to be inferior to full
parameter training (Zhao et al., 2024a)(Sun
et al., 2023).

Supervised Finetuning: We use a global
batch size of 512 and a maximum sequence
length of 2048 tokens. We used a linear decay
learning rate of 2e-5 with 10% warm up

Direct Preference Optimization: We train
with a global batch size 32 for 3 epochs, a lin-
ear decay learning rate of Se-7, 10% warmup
and 8 = 0.1 as the regularization factor for
DPO

B Language Experts vs Monolith

Multilingual Model

“The Curse Of Multilinguality” (Chang et al., 2023;
Conneau et al., 2020) is the idea that LLMs have
a fixed capacity with which to learn various lan-
guages. This theory claims that as one expands
the number of languages a model is trained on,
the various languages compete for the capacity of
the model, therefore degrading the models perfor-
mance across all languages. Blevins et al. (2024)
attempt to address this phenomenon by adapting
multiple small-scale language experts from XGLM-
1.7B (Lin et al., 2022), one for each language, and
show that each expert outperforms training a sin-
gle monolithic model trained simultaneously on
one language. We build on these results by scaling
this study to 7B parameters and use more com-
prehensive evaluation metrics than just perplexity.
We compare our 9 Llama 2 7B language experts
against a monolith Llama 2 7B model continuously
pretrained on all 9 languages. We ensure that each
language is represented equally in the monolith’s
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training data and the vocabulary is expanded to
represent all 9 languages evenly.

For comparison’s sake, we select intermediate
model checkpoints such that each individual lan-
guage expert has used the same amount of com-
pute as the monolith multilingual model. This
means that the experts required 9x more compute
to train then the monolith. Table 8 averages the
evaluation results across all 9 languages and finds
that the monolith model and language experts have
very similar performance. This implies that if one
wants to adapt to many languages at once, it may
be more compute-efficient to continuously train
a multi-linugal model rather then independent ex-
perts. Further work is warranted to determine how
this result scales with an increasing number of tar-
get languages.

Benchmark Llama2-7b Multilingual Language
(Num Shots) Avg Monolith Avg Expert Avg
J Holdout PPL 1.75 1.55 1.50

1 FLORES (8) 40.42% 50.69% 51.71%
1 Belebele (3) 36.24% 33.36% 32.09%
1 SIB-200(3) 26.67% 38.04% 33.43%
1 XNLI (0) 39.00% 43.44% 43.04%
1 XStoryCloze (0) 56.35% 65.75% 68.03%
1T XWinograd (0)  69.48% 72.39% 71.97%
1T PAWS-X (0) 51.00% 54.40% 53.50%
1T MGSM (3) 5.40% 4.00% 4.20%

Table 8: Monolith multilingual continuous training vs
language experts, averaged over all 9 languages.



C Base Model English Evaluation

HellaSwag(1) OpenBookQA(1) ARC-E(1) ARC-C(1) PiQA(1) Winogrande(1)

GPT-13B 0.60 0.36 0.53 0.30 0.76 0.60
Llama-2-7B  0.76 0.57 0.73 0.48 0.80 0.70

Table 9: Performance of GPT-13B and Llama-2-7B on
English NLU benchmarks
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D Qualitative Results

For Arabic, we compare our 7B arabic expert
with aya-101 (Ustiin et al., 2024), Jais-13b-
chat (Sengupta et al., 2023), and Bloomchat-v1
(SambaNova Systems, 2023) and use prompts
from x-self-instruct-seed-32 (Systems, 2023a) and
x0A22 (Systems, 2023b). Our Arabic chat model
reaches 87.96% win rate compared to Jais-13B-
chat, 99.06% win rate compared to AyalOl, and
68.52% compared to Bloomchat-v1. For Japanese,
we compare our Japanese chat model with ELYZA-
japanese-Llama-2-7b-instruct (Sasaki et al., 2023)
on 100 randomly sampled prompts aya dataset
(Ustiin et al., 2024), reaching a win rate of 53.5%
For Turkish, we compare our Turkish chat model
against aya-101 (Ustiin et al., 2024) using prompts
from the test set of aya dataset (Ustiin et al., 2024),
leading to win-rate of 92.4%.

D.1 Evaluating Chat Models With Claude

We run evaluations using the same prompt as GPT-
4 as a judge, but use Claude Opus (Anthropic, 2024)
as a judge. Figure 5 shows the evaluations to be
in line with our previous results with GPT-4 as a
judge 3. This shows that there is no strong bias in
using GPT-4 as a judge.

B sambaLingo-Arabic-Chat Tie M Jais-13b-chat W SambaLingo-Arabic-Chat Tie M BloomChat-178

0% 25% 50% 75% 0% 25% 50% 75%

(a) SambaLingo vs Jais-13b-chat (b) SambaLingo vs BloomChat-v1

W SambaLingo-Japanese-Chat Tie M elyza-7binstruct

o S : I

0% 25% 50% 75%

(c) SambaLingo vs ELEYZA-7b-instruct

Figure 5: Claude Opus evalution results

D.2 GPT-4 As A Judge

Below are some examples of how GPT-4 judged
two candidate responses in Japanese, Arabic and
Turkish. See figures 6, 7, 8, 9, 10, 11
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Prompt

Model 1 Completion

Model 2 Completion

GPT4 Judge

186 9F(CHE |1869FICHRBLE |HRARROEDL. Assistant A's
LttREROE |HREEROEIOZE] | 1869 EICHE LT X | response is incorrect.
T ORBIIAT M9k -+ | ITXETTY, The canal opened in
L&D? XV TR Y 1869 is the Suez
971 -TFUF- kL Canal, not the "Grand
A - NREAEy T Canyon and Santa
IS Fe and Trail Pass
Canal" as stated by
Assistant A.
COERET AU HE Furthermore, the
REOTUVFHME Suez Canal is not
Za—AFYaOMERRE only the longest canal
AERH435kmDET] opened in 1869, but it
<9, is also currently the
longest canal in the
world. Assistant B
B, BEHMAR correctly identifies the
ROEAG. 7704 Suez Canal as the
KEET7I T RE&RS longest canal opened
A TATXEfr) T in 1869. Therefore,

o Assistant B's
response is more
accurate and relevant
to the user's
question.

Figure 6: Japanese Example 1
Prompt Model 1 Completion Model 2 Completion | GPT4 Judge
ffEEHT1 7 | EREEE. LY | BRNE. P TS5 | Assistant A's
XFEMSRVET | ERL. 2RTOEL | FHERB AL response is correct. A
M. EREFEHT | LENXFHVE h HEAETY, Tanka (}83) in
AXFENSEBT |7, Japanese poetry is
L&D? composed of 31

syllables (or "on" in
Japanese), not 5 as
Assistant B
incorrectly states.
Assistant B seems to
be confusing Tanka
with Haiku, which is
composed of 17
syllables and is often
structured as 5-7-5.
Therefore, Assistant
A provides a more
accurate and relevant
answer to the user's
question.

Figure 7: Japanese Example 2
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Prompt

Model 1 Completion

Model 2 Completion

GPT4 Judge

2 L1010
Novalgin s
YY) i e

ke Talae)

Zalidl cidglaay)

& 2 pallil A Cililias) 22 5 Y
4d 5 24l «.Google Inc A4S
188 A "Google" puk Aluy
(o fanadic Cludall Baate 10 3l
i Y landy ol sall e Y Sl
Ll

e 1998 s 4 3348 ,2l cals
Sergey Brin s Larry Page Jé
Tnala o)y L e g ¢

o i N L e ady 3 sl
=LYl ¢ Ll « Menlo Park
LS, HeY) saaall

i3 ¢ Auals 38,38 Google s
19 4 plall SN Lgagead sk
A 3 e V3lie] 2004 Gelasst |
i<, Alphabet Inc =3 < 2023
.Google 5,3 4Y

¢ dunnls e G gl sy gt i

B el elany) i8I aal Google E._\.ﬂ‘
U i ) cadiiose (G Al
il ¢ 2021 e Jolay el
daa 0 295 s %L Google
Lea ¢ ndl S ) bl (5 g
sl a8 g 5l B aggall ddas

1998 (= s Google ¢l ¥
TR RIS'S FE SR
fdla b pallla WIS Laxie

o ot RS gl sl il
1583l La e a6y piilins dnals
ald g3 Can ) e A
154341998 ple 4 4zl

fle by A, Google dids
4 as8 Google 33k &5 <1999

.(’L“- SN

W A 1 Jal gall 2af )
<= Google w8 sl
ol 3 5 g Gl S jae

Adle Cany il Gpeadinaall 34 38

1 5_paind] B Alia 3y 33520
Gl a5l i g phal AL
238 Lgapanssd i il 5 ¢ Fnalall
ety Ao YN gl o) 5
o) ALYl aaiied) ciladlainY
Jie & e Google el
Gandl sl ) 5 Al jaall deatll
g eg sl Caall il y (AEKY
Opeadiusall e Jell cpe Calaa
Osaling Al Claglad) Lo ) giall
Ao e Ll

rla b aable AT Jale dla

A ad e e 38 5 a5 Google
Opaadiunall O 158 ol 8l aadfusall
AL g Ay s Camy 2l (5

(o g Sy calasi) Algu s
Aoy pladiu¥) A dgal 5 oL2)
(e panll g Lyl | gald 3

e dendl e laa A Gaall
Cangl) 8 & JE) (3aaiiuaall
il oy 38 Bia caga Aalall
Conl 55 cllial) Canll il
RALWEA)

O gl OIS cale JS0

asadl Alle Sl e 5l 5
BES PR WP IRECIA E IR
el gl oS3 e

& e s o e Google
plall (R Y Sl

Both assistants
provided relevant and
accurate information
about the effectiveness
of Novalgin in pain
relief. However,
Assistant A provided a
more comprehensive
response by mentioning
a specific study
published in a pain
research journal in
2016, and also
discussed the factors
that might affect the
effectiveness of
Novalgin. Assistant B
also mentioned some
studies, but the
information provided
was less detailed and
less specific compared
to Assistant A.
Therefore, Assistant A's
response is more
helpful and detailed.

Final Verdict: [[A]]

Figure 8: Arabic Example 1
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Prompt

Model 1 Completion

Model 2 Completion

GPT4 Judge

»L10010e
Novalgin b
AUV Caias e

ke Taldie)

Taliadl clgbaay)

Ge il 438y Gl 22 5 Y
ey AV S G cpadld il llad
O ) a8 Sl ol pmny (3 olld
ol Jie Yled )5S0 o8 Cpalld 53
(NSAIDS) day5 il st gl
Sl y Jusl) WY1 23e A s AN
aalidll

2013 ple 5 iam Ll o G2 5 3
o133 (e Allad S IS il o
a3 e peiall s Gl QS B e
2014 ple al Al jn caa gy aala
e Allaill (i 4l QIS Gaadla gl ¢
Jeaie el Z3le (A Gy sl
et il

la i e 2 sal ks ollia clld e g
RSt g sl 2 (530 32
G J8 Y1

Gl ) dmasll e Y

E O P I

e b a1 il dlaa i 13
oot Jlak ¥l 55 0 2016
@ padll ) Jaiedl Y1 Caias
ny Lo o9 e gy silay Gl aim sl
S Al sy dal el

gl e dallad AST IS cpali g
Ay ol B0k QS 3 an )
il g Alad lias o8 celld e
dalse e ilael oY) Caas b
Alally cal¥) any ol 503 Jia
Jumd) e all Adlall Lmiall
Ao )l Jleadl 5 laial il
Blal el Juadl yaadl Al
2, cabial e sl Y
Aualall

Both assistants
provided relevant and
accurate information
about the effectiveness
of Novalgin in pain
relief. However,
Assistant A provided a
more comprehensive
response by mentioning
a specific study
published in a pain
research journal in
2016, and also
discussed the factors
that might affect the
effectiveness of
Novalgin. Assistant B
also mentioned some
studies, but the
information provided
was less detailed and
less specific compared
to Assistant A.
Therefore, Assistant A's
response is more
helpful and detailed.

Final Verdict: [[A]]

Figure 9: Arabic Example 2

Prompt Model 1 Completion Model 2 Completion GPT4 Judge
Cilt bakiminda | ika arasinda yapilir. Cilt bakimi rutinine buhar | Assistant A's response
buhar kag uygulamasi genellikle 5-10 | is incomplete and does

dakika verilir?

dakika kadar kisa bir sure
icin yapilir. Buhar,
gbzeneklerin agiimasina
ve cildin nemlendiriimesine
yardimci olur, bu da onu
cilt bakimi rutininin énemli
bir pargasi haline getirir.
Ancak cilt tipine ve kigisel
tercihe bagli olarak buhar
suresi ayarlanabilir. Buhar
uygulamasi sirasinda ciltte
herhangi bir rahatsizlik
veya tahrig hissedilirse,
buhar uygulamasi
durdurulmal ve bir
dermatologa veya cilt
bakimi uzmanina
danisiimalidir.

not provide any useful
information to the user's
question. On the other
hand, Assistant B
provides a detailed and
informative response,
explaining that steam is
typically applied for
5-10 minutes during a
skincare routine, the
benefits of steam, and
advice on what to do if
discomfort or irritation is
experienced. Therefore,
Assistant B's response
is more helpful,
relevant, and accurate.
My final verdict is: [[B]]

Figure 10: Turkish Example 1
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Prompt

Model 1 Completion

Model 2 Completion

GPT4 Judge

Siitgii imam
Universitesi ne
zaman
kuruldu?

li ilgesinde, Sivas Valisi
Slleyman Demirel'in
talimatiyla, Sivas'in taninmig
tarihi ve kiilturel degerlerine
sahip, Sivas'in ilk ve tek
devlet Universitesi olarak
kurulmustur.

Kahramanmaras Siit¢l
imam University (KSU)
was founded in 1986 and
is located in the city of
Kahramanmaras in
southeastern Turkey.

Assistant A provides a
direct and accurate
answer to the user's
question, stating that
Siitgli imam University
was established in
1986 and is located in
Kahramanmaras in
southeastern Turkey.
On the other hand,
Assistant B's response
is irrelevant and
confusing, as it talks
about a university in
Sivas and mentions
Slleyman Demirel, who
was not related to the
establishment of Siitgl
imam University.
Therefore, Assistant A's
response is more
helpful, relevant, and
accurate.

Final Verdict: [[A]]

Figure 11: Turkish Example 2
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E Expanded Vocabulary Tokenizer
Fertility

E.1 Expanded Vocabulary Tokenizer Fertility

In figure 12 We measure the fertility of the tok-
enizer as we expand the vocabulary, and see that
we can improve the fertility from about 4.8 to 1.1
on Thai. This is about a 4.35x improvement, im-
plies that inference speeds can improve up to 4.35x
compared to the Llama2 tokenizer.

Fertility

— —
0
5000 10000 15000 20000 25000
Number Of Added Tokens

® Hungarian A Russian Turkish @ Bulgarian * Arabic x Japanese

Figure 12: Tokenizer Fertility: the average number of

tokens per "word" (Acs, 2019)
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F Main Results Details

See tables 13 and 14 for all evaluation results
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Abstract

This paper investigates biases of Large Lan-
guage Models (LLMs) through the lens of
grammatical gender. Drawing inspiration from
seminal works in psycholinguistics, particu-
larly the study of gender’s influence on lan-
guage perception, we leverage multilingual
LLMs to revisit and expand upon the founda-
tional experiments of Boroditsky (2003). Em-
ploying LLMs as a novel method for examin-
ing psycholinguistic biases related to grammat-
ical gender, we prompt a model to describe
nouns with adjectives in various languages, fo-
cusing specifically on languages with grammat-
ical gender. In particular, we look at adjective
co-occurrences across gender and languages,
and train a binary classifier to predict gram-
matical gender given adjectives an LLM uses
to describe a noun. Surprisingly, we find that
a simple classifier can not only predict noun
gender above chance but also exhibit cross-
language transferability. We find a strong social
influence of language on the way multilingual
LLMs reason.

1 Introduction

The way we perceive the world is not only affected
by our culture (Oyserman and Lee, 2008; Ma-
suda et al., 2008), but also the language we speak
(Boroditsky et al., 2003; Boroditsky, 2001). The
relationship between cognition and language has
been of interest for a long time (Langacker, 1993),
especially through the lens of gender (Boroditsky
et al., 2003; Gygax et al., 2008). Recent advances
in Large Language Models (LLMs), that match
human performance on multiple tasks, provide an
exciting opportunity to study the relationship be-
tween the psycholinguistic biases of humans and
those of machines. While it is unclear whether
the latter relationship exists, it would be a more
scalable, affordable, and even ethical (Banyard and
Flanagan, 2013) alternative to human studies.
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Figure 1: Probing the bias of multilingual LLMs. We
prompt a LLM to describe gendered nouns using adjec-
tives. This allows us to study psycholinguistic biases
of LLMs. For example, if the generated adjectives are
predictive of the nouns’s gender, we can, by training a
binary classifier, predict grammatical gender by only
looking at the adjectives a LLM uses to describe a word.

In this work, we revisit the study of (Boroditsky
et al., 2003) in the era of LLMs. To see how gram-
matical gender affects cognition, Boroditsky et al.
(2003) ask speakers of languages with grammati-
cal gender (where nouns have assigned genders)
to describe various objects, finding that the lan-
guage a person speaks affects the attribution of
masculine or feminine characteristics to objects.
For example, a Spanish speaker (where “bridge”
is masculine) might describe a bridge with words
like “strong” or "sturdy”, while a German speaker
(where “bridge” is feminine) might use terms like
“elegant” or “beautiful”. However, several subse-
quent studies fail to replicate such results (Haertlé;
Mickan et al., 2014; Samuel et al., 2019), which is
but a symptom of the replication crisis in psychol-
ogy (Wiggins and Christopherson, 2019; Shrout
and Rodgers, 2018; Maxwell et al., 2015). Sim-
ilarly, studies in the field of NLP that examine
the way gendered nouns are used in text corpora
(Williams et al., 2021; Kann, 2019), find conflicting
evidence on whether there is a relationship between
grammatical gender and cognition.

The existence of gender bias has been well stud-
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ied for word embeddings (Bolukbasi et al., 2016;
Basta et al., 2019; Caliskan et al., 2017), as well as
a range of NLP systems, such as ones for machine
translation (Stanovsky et al., 2019; Vanmassenhove
et al., 2018), image and video captioning (Tatman,
2017; Hall et al., 2023), or sentiment analysis (Kir-
itchenko and Mohammad, 2018). More recently,
the social biases of LLMs have been studied (Kirk
et al., 2021). While the multilingual capabilities of
LLMs have been extensively evaluated, showing
they perform well on machine translation (Hendy
et al., 2023; Jiao et al., 2023; Wang et al., 2023)
as well as various multilingual benchmarks (Ahuja
et al., 2023; Bang et al., 2023), the evaluation of
biases in the multilingual setting is less mature.
Contrary to recent work showing that multilingual
LLMs have different biases for different languages
Mukherjee et al. (2023), we find that when it comes
to gendered nouns, LLMs are biased in a similar
way, as the biases are predictive of each other.

In this paper, we loosely follow the protocol
of Boroditsky et al. (2003) and prompt LLMs to
describe nouns using adjectives in different lan-
guages. Specifically, we focus on open-sourced
LLMs (Llama-2 (Touvron et al., 2023) and Mis-
tral (Jiang et al., 2023)). We select 10 languages
that have grammatical gender (e.g, German and
Spanish), and use the LLMs to describe gendered
nouns using adjectives. This allows us to see how
adjectives co-occur across languages. Our most im-
portant findings are that (i) a simple classifier can
predict the gender of a noun using the adjectives
used to describe it, and (ii) such a classifier reliably
transfers across languages, suggesting LLMs are
biased similarly in different languages.

2 Method

In this work, we are interested in the adjectives a
multilingual LLM uses to describe gendered nouns
when asked in different languages. Here, we de-
scribe how we generate such adjectives, and how
we examine whether they are predictive of the
grammatical gender of the nouns.

2.1 Describing nouns in different languages

We show our pipeline for describing gendered
nouns with adjectives in Figure 1. More formally,
for a language [ we have a database of K gen-
dered nouns N = {n},nb, ..., nk }, with corre-
sponding grammatical genders g(n!) = {f,m}
for feminine and masculine, respectively. We
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prompt the LLM to describe a noun ni using ad-

jectives, which we parse into a list of M adjectives
Ant) = {a},d},...,a},}. For every noun n, we
repeat the prompting N times and compute the
frequencies f with which the adjectives appear:

N

2 =1

]l(az- S .A(nj)) ‘

flaq) N

= ey
Finally, we keep the adjectives with top-p frequen-
cies. In practice, we use N = 50 and p = 50.

2.2 Predicting gender from descriptions

To examine to what extent the adjectives an LLM
uses to describe a noun are predictive of its gram-
matical gender, we train a binary classifier ® to
predict grammatical gender:

g(nl) = @ (gf (aﬁ) e (aﬁ)) :

where the input to the classifier are GloVe (Pen-
nington et al., 2014) word embeddings e, of the
adjectives weighted by the adjectives frequencies f.
In practice, we use a modified version of f, where
/= —30/log(f) to give us a better scaling. The
classifier @ is a 2-layer MLP and we train it with
binary cross-entropy loss.

As shown in Figure 1, we first translate the gen-
erated adjectives to English. We do this for two rea-
sons. Firstly, adjectives in some languages are also
gendered and that would help the classifier learn
this shortcut (e.g. pretty in Spanish is bonito and
bonita for masculine and feminine, respectively).
Adjectives in English are not gendered, so the clas-
sifier ® has no way of inferring the gender of the
noun from the grammatical form. Secondly, this
allows for easy transfer of the classifier across lan-
guages — e.g. we can train ¢ on words generated
in Hindi, and evaluate on Italian.

3 Experiments

3.1 Implementation details

Languages We conduct experiments on the lan-
guages Bulgarian, Czech, French, German, Greek,
Hindi, Italian, Latvian, Portuguese, and Spanish.

Nouns We automatically collect commonly used
nouns from every language, and their correspond-
ing grammatical gender. For details on the way
we collect those nouns, and the number of nouns
per language, please refer to the Appendix. We
exclude neuter nouns as such nouns do not exist



S o & &
F @ N &
F LS N
S &
& @ & &

Figure 2: Bias when describing gendered nouns. Here
we prompt an LLM in Spanish and for a random sample
of adjectives, show the percentage of masculine nouns
they were used for.

in every language. We subsample the feminine or
masculine nouns in each gender to ensure a uniform
distribution for each language.

LLMs In our experiments we use the open-
sourced Mistral-7B (Jiang et al., 2023) model, un-
less stated otherwise. We also repeat our experi-
ments with Llama2-7B (Touvron et al., 2023).

Prompts We prompt the LLM to describe the
given noun in the corresponding language using
comma-separated adjectives. In practice, we use
few-shot prompts, which we show in the Appendix.

Translation Where we translate nouns, adjec-
tives, or prompts, we use Google Translate .

3.2 Bias in generated adjectives

First, we look at adjectives that commonly occur
for masculine or feminine nouns.
For every adjective a;, we look at the ratio ,,,:

Zne/\/,g(n):m ]]'(al € 'A(n)))
D onen Lai € A(n)))

which shows the proportion of masculine words
it was used to describe. We randomly sample ad-
jectives and show their r;, in Figure 2. We see
that adjectives like intricate and desolate are as-
sociated with feminine nouns, whereas adjectives
like dedicated and brave are associated with mascu-
line nouns. We show more examples for different
languages in the Appendix.

2

rm(a;) =

3.3 Do languages show similar biases?

Next, we explore whether adjectives describing
masculine and feminine nouns tend to co-occur
in different languages. To this end, we compute
a gendered-adjective similarity score .S, for ev-
ery language pair of languages [, and [,. We

1Google Translate, https://translate.google.com/
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Figure 3: Gendered adjective similarity sccores.

do that as follows. We take the set of NV adjec-
tives ap, as, ..., an that are used to describe at least
15 nouns in both [, and ;. Then for both lan-
guages, we construct a gendered-adjective score
vector ¢ € RN, where oi] = 7,(a;). Now, o,
and o, contain the gender ratio for all [V adjectives.
Finally, we define the gendered-adjective similarity
score Sy, as the cosine similarity between o, and
og-

In Figure 3 we show the score S for all language
pairs. We see that in Romance languages (Spanish,
Italian, French Portuguese), Slavic languages (Bul-
garian, Czech), and Germanic languages (German),
the LLM shows a high gendered-adjective simi-
larity score, meaning that the adjectives in these
languages tend to have similar value of r,,. On the
other hand, Greek, Hindi and Latvian have a low
score between themselves and others.

3.4 Predicting the gendered nouns

Can we predict the gender of a noun in some lan-
guage given the adjectives used to describe it? Fol-
lowing Section 2.2, we train binary classifiers to
predict the grammatical gender of a noun from the
adjectives used to describe it (translated to English).
We train a separate classifier for each language. As
seen in Table 1, for all languages the classifier re-
liably does better than random — meaning that the
adjectives are predictive of gender.

3.5 Transfer between languages

If we train a grammatical gender classifier, like in
Section 3.4, can we predict the gender of a noun
in an unseen language? To answer this, where we
train grammatical gender classifiers on adjectives
from 9 languages (translated to English), and eval-


https://translate.google.com/

Accuracy

Language Fl Overall Masc. Fem.

Bulgarian 0.64 684% 72.4% 63.3%
Czech 0.52 59.0% 583% 60.2%
French 0.63 565% 558% 56.8%
German 0.60 60.0% 52.7% 69.4%
Greek 0.68 69.0% 62.7% 77.6%
Hindi 0.53 543% 575% 51.2%
Italian 046 682% 73.0% 54.3%
Latvian 0.64 62.6% 60.0% 65.0%
Portuguese 0.55 62.0% 62.7% 60.1 %
Spanish 0.62 633% 59.6% 68.0%

Table 1: Predicting grammatical gender. We train
a classifier to predict the gender of nouns given the
adjectives the LLM uses to describe them.

Accuracy

Language Fl Overall Masc. Fem.

Bulgarian 0.56 625% 64.4% 59.8%
Czech 045 60.6% 70.6% 43.5%
French 0.62 548% 503% 57.3%
German 054 58.6% 73.1% 46.0%
Greek 0.64 60.6% 478% 75.3%
Hindi 053 488% 379% 60.2%
Italian 040 60.1% 61.6% 55.6%
Latvian 041 51.7% 81.2% 29.7%
Portuguese 0.55 62.8% 63.0% 62.4%
Spanish 0.59 588% 56.7% 60.1%

Table 2: Unseen Language Results. We train on all
other languages and predict the genders of nouns in
the given language. We train a separate leave-one-out
classifier for each language.

uate on the final language. As we see in Table 2,
such classifiers can reliably predict gender across
languages. Interestingly, they even work better than
random for Greek, Hindi and Latvian, despite the
results reported in Section 3.3. We suggest that
although the LLM uses different adjectives to de-
scribe masculine and feminine nouns in different
languages (hence low S,,), they are semantically
similar (hence high accuracy when evaluating the
classifier on an unseen language).

4 Discussion

4.1 Reproducibility

Studying the phenomena relating cognition to
grammatical gender in psychology has led to incon-
clusive results(Boroditsky, 2001; Haertlé; Mickan
et al., 2014; Samuel et al., 2019). These could be
explained by different experimental settings with
speakers of different languages, which are diffi-
cult to control in a human study. Similarly, prior
works that examine text corpora using NLP tech-
niques show conflicting results (Williams et al.,
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Accuracy

LM Eval Kl Overall Masc. Fem.

Mistral-7B Same 0.59 623% 61.5% 62.6%
Llama2-7B  Same 0.59 64.6% 67.9% 59.9%
Mistral-7B Unseen 0.53 57.9% 60.7% 55.1%
Llama2-7B  Unseen 0.54 59.1% 62.6% 54.9%

Table 3: Evaluating Llama-2. We compare grammat-
ical gender classifiers Llama-2 to Mistral when tested
on the same language (as in Section 3.4), or an unseen
language (as in Section 3.5). We show mean results
over all 10 languages. We see that we observe a similar
predictive performance on adjectives used by Llama-2
as those by Mistral.

2021; Kann, 2019). The results of these works
heavily depend on the text corpora analyzed, and
the methods used to identify adjective-noun pairs,
which might be subpar for languages other than En-
glish. Our method presents more consistent results
by ensuring consistent evaluation across languages.

4.2 Importance of our results

Our results are only valid for noun-adjective as-
sociations in LLLMs. However, these associations
have been learnt through co-occurences of these
words in text corpora, which have been produced
by speakers of the respective languages. Future
work should study how well such biases in LLMs
are predictive of biases of humans.

The results we present suggest a consistent bias
that associates nouns with adjectives, depending
on their grammatical gender. This could be impor-
tant when LLMs are used to describe humans us-
ing objects, or vice versa (anthropomorphism, per-
sonification, metaphors, ...), where traits of these
objects are transferred to the human. Furthermore,
using LLMs to perform machine translation of such
phrases could lead to a loss of meaning or unex-
pected biases.

5 Conclusion

In this work, we revisit the psycholinguistic experi-
ments of Boroditsky et al. (2003), confirming the
hypothesis of their work applies to LLMs, where
different words are used to described masculine
and feminine nouns. Our most surprising finding is
that we can reliably zero-shot transfer a classifier
that predicts grammatical gender across languages.
This shows that while LLMs might think differently
on different languages, they are biased similarly
when it comes to grammatical gender. We hope



this work inspires others to explore psycholonguis-
tic experiments applied to LLLMs, and to drive a
discussion of whether such results can be useful to
inform or motivate human experiments.

6 Limitations

We only conducted experiments and observed
these effects for the opens-sourced Mistral-7B and
Llama2-7B models. It is not clear if similar effects
can be observed in larger LLMs, or commercial
LLMs such as GPT-4. While we ensured to cover
a wide range of languages, the ones we used are by
no means exhaustive and only cover indo-european
languages. Finally, we only explore the biases of
general-purpose, multilingual LLMs. Looking into
specialised LLMs, fine-tuned for the specific lan-
guage, might be more representative of what mod-
els would be used in practice.
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Appendix

A Collecting nouns

We collect words in German 2 and Spanish * from
a blog post that lists commonly used words in these
languages, and shows their grammatical gender.
For Bulgarian 4 Greek >, Czech ©, French 7, Hindi
8 Ttalian ?, Latvian '© and Portuguese 11 we take
a list of words and their grammatical gender from
Wikipedia. Following that, we only select words
whose English translation is in the list of commonly
used words in either German or Spanish.

Language Total Masc. Fem.
Bulgarian 1414 839 575
Czech 2383 1501 882
French 2763 996 1767
German 2031 952 1089
Greek 1257 670 587
Hindi 830 425 405
Italian 2919 2219 700
Latvian 1223 522 701
Portuguese 1766 1119 647
Spanish 1758 896 862

Table 4: Dataset Statistics. We present the number of
masculine and feminine words we consider for all 10
languages. The languages are sorted alphabetically.

We show the number of collected nouns per lan-
guage in Table 4. We use 90% of the nouns in each
language for training, and 10% for testing.

B Excluding animate nouns

Following prior works that look into grammatical
gender by looking at word co-occurrence in text
corpora (Williams et al., 2021), we exclude ani-
mate nouns from our datasets in all languages (e.g.

2https://frequencylists.blogspot.com/2®16/®1/
the-2980-most-frequently-used-german.html
3https://frequencylists.blogspot.com/2015/12/
the-2000-most-frequently-used-spanish.html
4https://en.wiktionary.org/wiki/Category:
Bulgarian_nouns_by_gender
5https://en.wiktionary.org/wiki/Category:
Greek_nouns_by_gender
6https://en.wiktionary.org/wiki/Category:
Czech_nouns_by_gender
7https://en.wiktionary.org/wiki/Category:
French_nouns_by_gender
8https://en.wiktionary.org/wiki/Category:
Hindi_nouns_by_gender
9https://en.wiktionary.org/wiki/Category:
Italian_nouns_by_gender
10https://en.wiktionary.org/wiki/Category:
Latvian_nouns_by_gender
11https://en.wiktionary.org/wiki/Category:
Portuguese_nouns_by_gender

Accuracy
LLM Fl Overall Male Female
Mistral-7B 0.57 55.0% 50.0% 60.0%
Llama2-7B  0.70 65.0% 50.0% 80.0%

Table 5: Evaluating the agreement with native En-
glish. We evaluate the agreement of our classifier
trained on 10 gendered languages to the perceived gram-
matical gender of native English speakers, which we
treat as ground truth.

LR N3 LR N3

“uncle”, “cashier”, “engineer”, etc.). We repeat the
experiments from Section 3.4 in Table 6, and see
that the inclusion of animate nouns does not affect
overall results.

Accuracy

Language Fl Overall Masc. Fem.

Bulgarian 070 71.1% 73.8% 68.3%
German 069 638% 63.1% 642%
Spanish 056 553% 562% 54.4%
Italian 051 652% 645% 67.1%
Czech 055 572% 543% 61.2%
Greek 0.68 69.5% 79.6% 60.1%
Portuguese 0.60 61.1% 56.7% 67.2%
Hindi 059 58.1% 67.7% 51.2%
Latvian 070 632% 60.0% 64.8%
French 060 57.0% 58.8% 55.8%

Table 6: Gendered Nouns Predictions. This table is for
the filtered dictionaries, i.e. without jobs/mother/father
etc.

C Gendered adjectives

We show more examples of adjectives that are pre-
dominantly used for masculine (or feminine) nouns
in Figure 4, similarly to Section 3.2.

D Promps

The prompt we use in English is as follows:
*xxQuestionxx*x: Describe the word “bottle”
using comma-separated adjectives. *x*Answerxx*:
glass, sleek, thin, brittle, elegant, transparent,
clear, tall, fragile, shiny
***Question***: Describe the word “stone” using
comma-separated adjectives. =***Answer*xx: round,
old, strong, cold, solid, ancient, sturdy, dense,
natural, durable
***xQuestion*xx: Describe the word <>
comma-separated adjectives. *xxAnswerxxx:

For the other languages we translate the prompt,

e.g. in Spanish we use:

*x*Preguntax*x: Describe la palabra
“botella” usando adjetivos separados por
comas. ***Respuestax*x: vidrio, liso, delgado,
quebradizo, elegante, transparente, claro, alto,
fragil, brillante

using
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Figure 4: Bias when describing gendered nouns. Here
we prompt an LLM in Bulgarian, French, and German
and for a random sample of adjectives, show the per-
centage of masculine nouns they were used for.

**x*kPreguntaxxx: Describe la palabra “piedra”
usando adjetivos separados por comas.
*x*Respuestax*x: redondo, viejo, fuerte,

frio, sélido, antiguo, robusto, denso, natural,
duradero

**xPreguntax**: Describe la palabra <> usando
adjetivos separados por comas. ***Respuestaxxx:
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Abstract

Despite advancements in English-dominant
generative large language models, further devel-
opment is needed for low-resource languages to
enhance global accessibility. The primary meth-
ods for representing these languages are mono-
lingual and multilingual pretraining. Mono-
lingual pretraining is expensive due to hard-
ware requirements, and multilingual models
often have uneven performance across lan-
guages. This study explores an alternative so-
lution by adapting large language models, pri-
marily trained on English, to low-resource lan-
guages. We assess various strategies, including
continual training, instruction fine-tuning, task-
specific fine-tuning, and vocabulary extension.
The results show that continual training im-
proves language comprehension, as reflected in
perplexity scores, and task-specific tuning gen-
erally enhances performance of downstream
tasks. However, extending the vocabulary
shows no substantial benefits. Additionally,
while larger models improve task performance
with few-shot tuning, multilingual models per-
form worse than their monolingual counterparts
when adapted.

1 Introduction

The performance of proprietary generative large
language models (LLMs) is better than open-source
ones in most cases as this article is written (Xu
et al., 2022; Sun et al., 2024), though there are
efforts to develop open-source generative LLMs
in terms of high performance and human ethics
alignment (Touvron et al., 2023a; Jiang et al., 2023;
Almazrouei et al., 2023).

The progress is more significant in the English
language compared to other languages as the afore-
mentioned open-source models are mostly trained
by English corpora (Wang et al., 2023; Zhang et al.,
2023a). To make natural language processing tech-
nology more inclusive and accessible globally, re-
search and development should be dedicated to the
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Figure 1: Adapting generative large language models
for low-resource languages.

techniques that improve the performance of large
language models in low-resource languages.

Monolingual (Yang et al., 2023b; Nagoudi et al.,
2023; Pires et al., 2023; Uludogan et al., 2024;
Corréa et al., 2024; Kesgin et al., 2024) and mul-
tilingual pretraining (Shliazhko et al., 2023; Scao
et al., 2022; Lin et al., 2024b; Blevins et al., 2024)
of generative LLMs are two main solutions for
representing low-resource languages. However,
monolingual pretraining is too costly due to hard-
ware requirements for generative LLMs (Zhao
et al., 2023a). On the other hand, multilingual
LLMs have uneven performance across different
languages mostly due to imbalanced training cor-
pus (Zhang et al., 2023a; Qin et al., 2024). Our
proposed solution is to adapt open-source genera-
tive LLMs for low-resource languages, illustrated
in Figure 1.

In this regard, this study examines how to adapt
open-source LLMs for low-resource languages in
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a systematic way. We focus on the benefits of us-
ing different methodologies, both individually and
together, including continual training, supervised
fine-tuning, and vocabulary extension, to adapt gen-
erative LLMs for low-resource languages.

For the sake of efficiency, we use Llama (Tou-
vron et al., 2023a) in the experiments. We select
the Turkish language as a low-resource language.
We therefore refer to the model family used in this
study as LlamaTurk. The model size and language
selection are affordable when the number of exper-
iments is considered in this study!. Also, Llama is
trained mostly with English data, which can pro-
vide better investigation for adapting non-English
languages. The Turkish language can be catego-
rized under low-resource languages when training
corpus of open-source generative LLMs are consid-
ered (Touvron et al., 2023a), yet the recipes given in
this study can also be used for other low-resource
languages since the methods are independent of
language itself.

We further examine adaptation in terms of two
more aspects: Model size and multilinguality.
Model size is important for scalability and perfor-
mance (Zhao et al., 2023a; Yang et al., 2023a). We
provide an analysis of the adaptation of Llama-7b
and 13b in this respect. Moreover, multilingual
LLMs, such as BLOOM (Scao et al., 2022), Yi (Al
et al., 2024), Aya (Ustiin et al., 2024), and MaLA
(Lin et al., 2024a), can provide an opportunity to
adapt low-resource languages easier than English-
dominant ones due to multilingual corpus and vo-
cabulary. Since BLOOM and Yi do not involve
Turkish in training and Aya is larger than MalLA in
terms of model parameters, we use MalL A for an
analysis of multilingual LLMs.

The main contributions of this study can be sum-
marized as follows. We (i) analyze the adaptation
of generative LLMs for low-resource language sys-
tematically to understand advantages and disad-
vantages in terms of continual training, instruction
fine-tuning, task-specific fine-tuning, and vocabu-
lary extension, (ii) investigate model size and mul-
tilingual models for adaptation, and (iii) publish
all resources including source codes, datasets, and
generative models reported in the experiments?.

"Two NVIDIA RTX 2080Tis and four A4000s are em-
ployed in the experiments.
Zhttps://github.com/metunlp/llamaturk
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2 Related Work

Generative LLMs are either proprietary or open-
source. Although proprietary LLMs have currently
outstanding performance (Sun et al., 2024), there
are also efforts to develop competitive open-source
models (Touvron et al., 2023a; Jiang et al., 2023).

The majority language of open-source genera-
tive LLMs is English. Their pretraining text cor-
pus mostly includes text in the English language.
For adapting LLMs pretrained with English data
for low-resource languages, the following methods
are examined. (i) The training phase is contin-
ued using non-English raw data to learn the lan-
guage properties of the new language (Ebrahimi
and Kann, 2021; Larcher et al., 2023; Csaki et al.,
2023; Cui et al., 2024; Zhao et al., 2024; Acikgoz
et al., 2024). (ii) The knowledge of large language
model is transferred by supervised fine-tuning on a
non-English instruction or downstream-task dataset
(Santilli and Rodola, 2023; Holmstrom and Doost-
mohammadi, 2023; Kohli et al., 2023; Csaki et al.,
2023; Zhao et al., 2024; Garcia et al., 2024; Kuul-
mets et al., 2024). (iii) The vocabulary of large
language model is extended to include non-English
tokens (Cui et al., 2023; Zhao et al., 2024).

These methods are employed in different studies
and languages, resulting in a lack of understanding
advantages and disadvantages of each in a con-
trolled experimental framework. Different from
these studies, we provide a comprehensive experi-
mental setup on the benefits of different methodolo-
gies for adapting generative LLMs for low-resource
languages. Moreover, we focus on model size and
multilingual models for adaptation.

3 Adaptation Methods

In this section, we explain the methods to adapt
open-source generative LLMs for low-resource lan-
guages in detail.

3.1 Continual Training

Continual training is the process of extending the
pretraining phase of LLMs by incorporating new
data corpus (Gupta et al., 2023). The main objec-
tive is to minimize the loss on this new data while
having relatively lower loss scores on previous data
since continual training is open to catastrophic for-
getting (French, 1999; Li and Lee, 2024). Contin-
ual training can therefore capture implicit language
structures and text semantics.



Previous studies (Qin et al., 2022) show that
continual training improves the performance of
domain adaptation for BERT-like encoder-based
LLMs (Devlin et al., 2019). It is also used for
adapting decoder-based generative LLMs to low-
resource (Cui et al., 2023; Zhao et al., 2024), code-
mixed (Owen et al., 2024), non-Latin (Husain et al.,
2024), and multilingual (Lin et al., 2024a) settings.

In this study, similar to previous studies, we
employ Low-Rank Adaptation (LoRA) (Hu et al.,
2021) for efficient training due to limited resources.
We use a raw Wikipedia corpus® from November
2023 with a size of 534,988 Turkish articles.

We set the input sequence length as 512 tokens
and the batch size as 128 instances. We use 32
gradient accumulation steps and 100 linear warmup
steps. We train with a learning rate of 3e-4 for a
single epoch. LoRA’s R is set to 8, alpha to 16, and
dropout to 0.05. Since continual training is costly
and the study has a limited budget, we employ
continual training for only Llama-7b* with 8-bit
quantization. A single run of continual training
takes approximately 206 hours with these settings
using four NVIDIA RTX A4000s.

3.2 Instruction Fine-tuning

Instruction tuning is a supervised fine-tuning
method that improves the ability of LLMs to follow
instructions (Wei et al., 2021; Ouyang et al., 2022;
Zhang et al., 2024). During training, the model is
presented with many pairs of instructions and corre-
sponding responses. The main objective is to teach
the model to generate accurate responses based on
the given instructions, rather than continuing from
the previous text.

Different from previous instruction-tuning ef-
forts, Stanford’s Alpaca (Taori et al., 2023) is a
leading model that shows major improvements by
instruction fine-tuning an open-source generative
LLM, namely (Touvron et al., 2023a). While Al-
paca and similar models such as Vicuna (Chiang
et al., 2023) have an instruction set constructed by
prompting proprietary LLMs, other models such
as Dolly (Conover et al., 2023) employ human la-
bor for constructing a more reliable instruction set.
The majority of these efforts are for the English
language, yet there are instruction-tuned models to
adapt English-supported LLMs for low-resource
settings (Cui et al., 2023; Zhao et al., 2024; Azime
et al., 2024).

*https://huggingface.co/datasets/wikipedia
*https://huggingface.co/huggyllama/llama-7b
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In this study, we construct an instruction set by
translating Alpaca’s 52k instructions from English
to Turkish by using Google Translate’. The qual-
ity of the translated set is inadequate for training
since we observe many issues such as translation
errors (e.g. missing letters and untranslated words),
keyword translations (e.g. reserved keywords spe-
cific to programming languages should not be trans-
lated), and semantic mismatching (e.g. original
instruction asks for a phrase with five words, but
correct translation has less than five words). We
therefore manually validate and correct the quality
of the instruction set. We publish our instruction
set®. We also provide a prompting example for
instruction fine-tuning in Appendix A.1.

We employ instruction tuning for all LLMs ex-
amined in this study, namely Llama-7b’, Llama-
13b%, and MaLLA-10b°. We use 8-bit quantization
with LoRA (resulting in training 12.4% of LLM
parameters) and the same hyperparameters as in
continual training, except that we use a smaller in-
put sequence length (256 tokens) and train for two
epochs. A single run of instruction tuning takes
approximately 17.5 hours for Llama-7b with these
settings using two NVIDIA RTX 2080Tis.

3.3 Task-Specific Fine-tuning

Task-specific tuning is a type of instruction tuning,
where a fine-tuning set involves task-related instruc-
tions and ground-truth answers (Budzianowski and
Vuli¢, 2019; Wang et al., 2024), rather than adapt-
ing a general-purpose instruction set. Task-specific
tuning of generative LL.Ms is proven to be suc-
cessful in different domains including text editing
(Raheja et al., 2023), sentiment analysis (Inserte
et al., 2024), and machine translation (Zheng et al.,
2024). However, task-specific tuning have the po-
tential of deteriorating the language capabilities of
LLMs (Zhang et al., 2023b; Zhao et al., 2023b).
We follow instruction fine-tuning with a task-
specific dataset for the downstream task of senti-
ment analysis. We choose sentiment analysis since
itis a widely applicable task that represents a funda-
mental natural language processing capability (Liu,
2012). For this purpose, we create an instruction
set for sentiment analysis. To create a balanced
set, we downsample 2,500 instances for both neg-

Shttps://translate.google.com
®https://github.com/metunlp/llamaturk
"https://huggingface.co/huggyllama/llama-7b
8https://huggingface.co/huggyllama/llama-13b
“https://huggingface.co/MaLA-LM/mala-500-10b-v1



Data Size  Tokens
Continual training Wiki 535.0k  273.9m
Instruction tuning Alpaca 52.0k 13.3m
Task-specific tuning Sentiment 5.0k 1.3m
Vocabulary extension BPE 28.6k 28.6k

Table 1: Data statistics for adaptation methods. The
columns represent the type of data used (Data), the total
number of instances (Size), and the total number of
tokens (Tokens), respectively.

ative and positive sentiment classes, a total of Sk
instances from the TRSAv1 dataset (Aydogan and
Kocaman, 2023). We then use a prompt manually
crafted for the task of sentiment analysis'®. We
provide the prompt in Appendix A.2.

We employ task-specific tuning for all LLMs
examined in this study. We use all models in 8-
bit quantization. We also use LoRA (resulting in
training 12.4% of LLM parameters) and the same
hyperparameters as in instruction tuning. A single
run of task-specific tuning takes approximately 2.5
hours for Llama-7b with these settings using two
NVIDIA RTX 2080Tis.

3.4 Vocabulary Extension

Vocabulary embeddings are a major component
of how LLLMs understand and process natural lan-
guage text by capturing semantic meanings and
relationships among subwords called tokens (Tora-
man et al., 2023). Vocabulary tokens are deter-
mined by tokenization algorithms such as Word-
Piece (Schuster and Nakajima, 2012) and Bype
Pair Encoding (BPE) (Sennrich et al., 2016).

Llama has a vocabulary size of 32k tokens based
on BPE tokenization (Touvron et al., 2023a). The
majority of tokens in its vocabulary are English.
The remaining small portion involves European
languages with Latin and Cyrillic symbols.

In this study, we extend Llama’s vocabulary
by merging with low-resource language tokens.
Specifically, we use the Turkish tokenizer with
28,600 tokens trained by BPE algorithm (Toraman
et al., 2023) (We publish the tokenizer®).

Merging the original Llama tokenizer with low-
resource vocabulary yields 59,773 tokens, meaning
that 827 tokens are overlapping. This results in
adding almost 228m new parameters to be trained
into the model due to the extended vocabulary em-
beddings. We employ vocabulary extension with

""We run prompts from existing resources (Bach et al.,
2022) but decided to use a manually crafted one by observing
better performance in preliminary experiments.
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above-mentioned methods when Llama-7b is used
with LoRA due to limited resources.

3.5 Combinations

A summary of data statistics used for the adaptation
methods is given in Table 1. In addition to a single
examination of these methods, we also report the
results of using them in combination to leverage
better performance. We particularly employ the fol-
lowing combinations using Llama-7b with LoRA.
Hyperparameters are set the same as explained in
the previous subsections.

Continual Training with Instruction Fine-tuning:
We first obtain a model by continual training using
raw Wiki data as explained in Section 3.1. We
then apply instruction fine-tuning as explained in
Section 3.2. The motivation is to boost the potential
of instruction tuning when the backbone model is
trained with low-resource raw text beforehand.

Continual Training with Task-Specific Fine-
tuning: With a similar motivation to the previ-
ous approach, we first obtain a model by continual
training using raw Wiki data. We then apply task-
specific fine-tuning as explained in Section 3.3.

Continual Training with Instruction and Task-
Specific Fine-tuning: The motivation is to boost
the performance of task-specific tuning when the
model is trained by both raw text and instruction-
set in low-resource language beforehand. We first
obtain a model by continual training using raw
Wiki data. We then apply instruction tuning and
task-specific fine-tuning respectively.

Instruction and Task-Specific Fine-tuning: This
approach avoids continual training but examines
using both instruction and then task-specific tuning
respectively. The motivation is to boost the per-
formance of task-specific tuning when the model
is trained by only instruction-set in low-resource
language beforehand.

Vocabulary Extension with Instruction Fine-
tuning: We extend the vocabulary with low-
resource language tokens as explained in Section
3.4. We then apply instruction tuning to understand
the impact of vocabulary extension on instruction
tuning.

Vocabulary Extension with Task-Specific Fine-
tuning: With a similar motivation to the previ-
ous approach, we extend the vocabulary with low-
resource language tokens and then apply task-
specific tuning to understand the impact of vocabu-
lary extension on task-specific tuning.

Vocabulary Extension with Continual Training:



xquad xquad dbricks dbricks

question context instruction response
Size 1.2k 1.2k 15.0k 15.0k
Chars 747k 965.4k 1.Im 5.4m
Tokens 374k 458.3k 549.8k 2.4m

Table 2: Dataset statistics for perplexity. The xquad
dataset has question and context subsets. The databricks
(dbricks) dataset has instruction and response subsets.

We extend the vocabulary with low-resource lan-
guage tokens and then apply continual training to
understand its impact on continual training.

4 Experiments

In this section, we evaluate the performance of dif-
ferent methods to adapt generative large language
models for low-resource language. We particularly
conduct both intrinsic and extrinsic evaluations in
order to understand the performance of both lan-
guage comprehension and downstream tasks. We
also run benchmark LLM evaluation by using ap-
propriate datasets. This section further involves the
results of using varying model sizes and applying
multilingual models for the adaptation.

4.1 Intrinsic Evaluation

Intrinsic evaluation of generative LLMs involves
a perplexity score that represents how well a lan-
guage model can predict the next word in a se-
quence of text (Jurafsky and Martin, 2009):

perplexity = 9= Lity logz P(wilwn,..wi-1) (1)
where N is the total number of words and
P(w;|wy,wa,...,wi—1) is the probability as-
signed by the model to the i-th word given the
preceding text context.

A lower perplexity score indicates that language
model is better able to predict the next word, and
thus has a better understanding of the language.

We calculate the perplexity scores on differ-
ent data collections than the ones used in Sec-
tion 3. Specifically, we use the Turkish ques-
tion and context subsets of xquad (Artetxe et al.,
2019), and the instruction and response subsets of
databricks-dolly-15k (Conover et al., 2023) us-
ing a Turkish translated version!'. The detailed
statistics of the data used for calculating perplex-
ity scores are given in Table 2. The reason for

https://huggingface.co/datasets/atasoglu/databricks-
dolly-15k-tr
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reporting the perplexity scores for different sub-
sets is that the characteristics of each subset can be
helpful to understand the applied method’s impact
on the adaptation. For instance, xquad-question
has instances of questions while xquad-context
has longer paragraphs of task descriptions. Sim-
ilarly, databricks-instruction has instruction-
type questions, while databricks-response has
answers or responses to those questions.

In Table 3, we provide the perplexity scores. The
main observations can be summarized as follows.

Continual training reduces perplexity scores.
In all cases, perplexity scores are improved by
continual training (LlamaTurk-7b-c). The low-
est perplexity scores are also obtained by continual
training in the majority of cases (three of four data
collections). A possible reason is that the model
could gradually accumulate language knowledge
as it is exposed to more raw text. This incremental
learning process can allow the model to become
more robust and adaptable.

Instruction tuning improves perplexity but not
task-specific tuning. Perplexity scores are im-
proved by instruction tuning (LlamaTurk-7b-1i).
The only exception is xquad-context, yer instruc-
tion tuning has still a very close perplexity score
to the original L1ama-7b. Our instruction-tuning
set is based on Alpaca, which has general-purpose
instructions and responses. On the other hand, task-
specific tuning (L1amaTurk-7b-t) deteriorates per-
plexity scores in all cases. We argue that, by train-
ing on task-specific instructions, generative LLMs
might become overly specialized and optimized for
those specific instructions, rather than maintaining
a more general understanding of language.

Combinations fail in most cases but depends on
data types. The combinations that include task-
specific tuning have poor perplexity scores. On
the other hand, continual training and instruction
tuning improve perplexity. We therefore expect
to have a better performance by using them to-
gether (L1lamaTurk-7b-c-1) but perplexity scores
get worse than the case when they are applied alone.
However, when perplexity is measured on an in-
struction set (databricks-instruction), contin-
ual training together with instruction tuning has the
lowest perplexity score. This observation can sup-
port that generative LLMs adapt to different data
types, and one should consider target data type
before selecting adaptation method.



Continual Instruction Task
Model . . . .

Training Tuning Tuning
Llama-7b
LlamaTurk-7b-c v
LlamaTurk-7b-i v
LlamaTurk-7b-t v
LlamaTurk-7b-c-i v v
LlamaTurk-7b-i-t v v
LlamaTurk-7b-c-t v v
LlamaTurk-7b-c-i-t v v v
LlamaTurk-7b-v-i v
LlamaTurk-7b-v-t v
LlamaTurk-7b-v-c v

Vocabulary Data . .
Extension Xqua}d xquad ) dbrlck.s dbricks
question context instruction response
6.6916  1.5487 9.5845 9.0259
5.5088 1.5004 8.4364 7.0924
6.3260 1.5674 8.3131 7.9351
9.2267  1.7850 13.7173 13.2289
7.0676  1.5978 8.2488 9.4570
9.0380 1.8194 13.0113 11.8501
7.7305  1.7181 12.5591 10.7188
8.0855  1.6666 11.5441 10.6943
v 18.6241  3.8897 22.1750  24.3312
v 28.7707  5.8666 37.6394  43.7040
v 17.3135  3.6807 239212  23.2612

Table 3: Perplexity scores. The models have different adaptation methods: Continual Training (c), Instruction
Tuning (i), Task-specific Tuning (t), and Vocabulary Extension (v). The xquad dataset has question and context
subsets. The databricks (dbricks) dataset has instruction and response subsets. The best (lowest) perplexity scores

for each dataset are given in bold.

Vocabulary extension has poor perplexity. In
all models where vocabulary extension is applied
(L1lama-7b-v), perplexity scores get higher than
the original (L1ama-7b). We argue that without suf-
ficient training data and fine-tuning, the model can
struggle to effectively incorporate the new vocab-
ulary into its internal representations and learning
processes. Similarly, (Zhao et al., 2024) observes
negative impact of vocabulary extension, and also
suggests that vocabulary extension might not be a
suitable choice for small-scale continual training
such as in our continual training with 0.2 billion
tokens of the training data. Another reason could
be the number of additional tokens in vocabulary
(28k tokens), merged with the original tokenizer
(32k tokens). More experimentation is needed to
understand if a different number of new tokens in
vocabulary works better in adaptation (Csaki et al.,
2023).

4.2 Extrinsic Evaluation

Generative LLMs employ human evaluations as
an evaluation method to align with human judg-
ments (Ouyang et al., 2022). However, human-
based evaluation is labor-intensive, making it costly
and less feasible for low-resource languages. On
the other hand, LLM evaluation benchmarks of-
fer reliable evaluation for downstream NLP tasks
such as GLUE (Wang et al., 2018) and SuperGLUE
(Wang et al., 2019). Similarly, there are evaluation
frameworks and tools such as LM Evaluation Har-
ness (Gao et al., 2023) and MLflow'2. However,
they mostly support English benchmark datasets.
Although multilingual datasets are published by

Phttps://github.com/mlIflow/mlflow
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Model 0-shot 1-shot 2-shot 3-shot
Llama-7b 0.00 0.50 0.53 0.50
LlamaTurk-7b-c 0.00 0.47 0.54 0.51
LlamaTurk-7b-i 0.06 0.48 0.48 0.56
LlamaTurk-7b-t [090s] [0:84c] 0.61
LlamaTurk-7b-c-i 0.10 0.52 0.50 0.54
LlamaTurk-7b-i-t - [0.90e 0936
LlamaTurk-7b-c-t 0.60 0.62
LlamaTurk-7b-c-i-t [0.62 0.52 0.56 0.51
LlamaTurk-7b-v-i 0.35 0.44 0.49 0.53
LlamaTurk-7b-v-t 0.44 0.50 0.53 0.53

Table 4: Accuracy scores on sentiment analysis. The
darker cell color gets, the better task performance. The
symbol “e" indicates statistically significant difference
at a 95% interval in pairwise comparisons between the
highest performing method and others (except with “o").

some benchmarks, either they do not include the
language used in this study, or the data size is small
for task-specific tuning. We therefore craft an eval-
uation on sentiment analysis in this subsection!?.

For this purpose, we extract 100 instances (50
instances for both positive and negative classes)
from the Turkish sentiment analysis dataset used in
task-specific tuning (Aydogan and Kocaman, 2023).
We avoid selecting from 5k instances used in task-
specific tuning explained in Section 3.3. Since
inference is time costly, we use a small subset of
this dataset for the evaluation. However, we take
the average of five different runs by using random
seeds. We thereby validate statistically significant
differences in the average performances with the
two-tailed paired t-test at a 95% interval.

We also craft inference prompts for different sce-
narios including zero-shot to few-shot prompts. We
check the generated text if it equals to positive or

BWe also provide a benchmark evaluation for available
datasets from LLM benchmarks in Section 4.3.



Model XCOPA

0-shot 1-shot 2-shot
Llama-7b 0.53 0.51 0.48
LlamaTurk-7b-i 0.58 0.51 0.50
LlamaTurk-7b-c-i 0.52 0.52 0.53
LlamaTurk-7b-v-i 0.55 0.53 0.54

Belebele
3-shot | 0-shot 1-shot 2-shot 3-shot
0.52 0.23 0.23 0.23 0.24
0.55 0.24 0.27 0.25 0.28
0.50 0.24 0.25 0.23 0.27
0.54 0.24 0.27 0.23 0.28

Table 5: Accuracy scores on benchmark datasets. The highest scores for each dataset are given in bold.

negative, and calculate the accuracy score accord-
ingly. We measure accuracy since the inference
dataset is fully balanced. We provide the inference
prompts in Appendix A.3.

During inference, we load the models with 8-bit
quantization due to limited hardware. Generation
configuration involves the following hyperparam-
eters. The temperature is set to 0.2. Beam search
is applied with four beams, and top-p is set to 0.75.
A single run of inference takes approximately from
six hours (zero-shot) to eight hours (3-shot) for
Llama-7b with these settings using two NVIDIA
RTX 2080Tis. In Table 4, we provide the accuracy
scores for all methods.

Task-specific tuning improves the performance
of downstream task. We find that task-specific
tuning cannot help improve perplexity scores pre-
viously. However, our extrinsic evaluation shows
that task-specific tuning improves the performance
of sentiment analysis. Specifically, we observe that
task-specific tuned model (L1lamaTurk-7b-t) is
good at zero-shot inference, suggesting that task-
specific instructions provide sufficient knowledge
for zero-shot evaluation.

Instruction tuning boosts the performance of
downstream task when used together with task-
specific tuning. When instruction tuning is em-
ployed alone, it has no significant impact on the
performance of downstream task. However, the
highest accuracy is obtained when instruction and
task-specific tuning are together employed. More-
over, L1lamaTurk-7b-i-t has a better few-shot
performance compared to other methods including
task-specific tuning.

Continual training can help task-tuning.
When continual training is employed alone
(L1lamaTurk-7b-c), we observe no significant
improvement in the performance of downstream
task. However, the performance is promising
when it is used together with task-specific tuning
(L1lamaTurk-7b-c-t). This suggests further ex-
amination of continual training with task-specific
tuning in different downstream tasks and datasets.
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Vocabulary extension has poor downstream per-
formance. Similar to the perplexity experiments,
we observe that vocabulary extension has no im-
provement on the performance of downstream task.

4.3 Benchmark Evaluation

In this subsection, we report the performance re-
sults on benchmark datasets. Since LLM evaluation
benchmarks mostly include English datasets, we
examine multilingual datasets in available LLM
benchmarks. For this purpose, we use the Turkish
subsets of XCOPA (Ponti et al., 2020) and Belebele
(Bandarkar et al., 2023) datasets provided by LM
Evaluation Harness (Gao et al., 2023). XCOPA
is a benchmark to evaluate the ability of machine
learning models to transfer commonsense reason-
ing. Belebele is a multiple-choice machine reading
comprehension dataset, and each question has four
multiple-choice. We modify the default prompts
given in LM Evaluation Harness to align with our
instruction prompting. We provide the inference
prompts in Appendix A.4 and A.5.

Since the dataset sizes are small, we are not
able to apply task-specific tuning in these bench-
mark datasets. Specifically, we observe almost
no change in performance scores when XCOPA’s
600 and Belebele’s 900 instances are fine-tuned for
the Turkish language, while the performance is im-
proved in Section 4.2 with 5k instances. We thereby
report the results for instruction tuning and related
methods. Table 5 reports the accuracy scores on
the XCOPA and Belebele datasets.

The results show that instruction tuning
(L1amaTurk-7b-i) improves the performance of
downstream task in both datasets. However, con-
tinual training and vocabulary extension have no
significant benefits. The results thereby align with
the results reported in Section 4.2.

4.4 Model Size

We provide an analysis of the impact of model size
on adapting generative LLMs. For this purpose, we
employ Llama models with 7b and 13b parameters.
Figure 2 shows a histogram depicting the compari-
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Figure 2: Model size comparison for adaptation.

son between the fine-tuned models for instruction
tuning (LlamaTurk-7b-i and L1lamaTurk-13b-1)
and task-specific tuning (LlamaTurk-7b-t and
LlamaTurk-13b-t).

Perplexity is improved by adapting a larger
model. In both cases of applying instruction or
task-specific tuning, we find that L1amaTurk-13b
improves perplexity scores in all cases. How-
ever, task-specific tuning (LlamaTurk-13b-t) is
still outperformed by the original Llama model
L1lama-13b in most cases.

Task performance is improved by adapting a
larger model when few-shot tuning is applied.
We find that L1amaTurk-13b improves the perfor-
mance of downstream task when it is applied with
task-specific tuning and few-shot evaluation. On
the other hand, the adaptation of a larger model
with instruction tuning has no significant impact on
the performance of downstream task.

4.5 Multilingual Models

We also provide an analysis for the impact of
multilingual generative LLMs on adapting gen-
erative LLMs. For this purpose, we fine-tune a
multilingual model, MalLA-500 (Lin et al., 2024b).
Mal A is developed to cover 534 languages by us-
ing vocabulary extension and continual training
on Llama2 (Touvron et al., 2023b). Analyzing a
multilingual LLM with an enriched vocabulary can
provide more insights into LLM adaptation for low-
resource languages.

Figure 3 shows a histogram depicting the
comparison between the fine-tuned models
for instruction tuning (LlamaTurk-7b-i and
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Figure 3: Multilingual comparison for adaptation.

MaLATurk-7b-i) and task-specific
(L1lamaTurk-7b-t and MaLATurk-7b-t).

tuning

Adapting multilingual LLM has no significant
improvements. Perplexity and accuracy scores
of the original MaLA-7b model are improved by
adapting MaLATurk-7b in both instruction and task-
specific tuning. However, the perplexity of adapt-
ing a monolingual model LlamaTurk-7b is still
better than adapting a multilingual model in all
cases. Similarly, monolingual adaptation has bet-
ter accuracy scores of task-specific tuning in most
cases. The only benefit of adapting multilingual
LLM is observed when instruction tuning is ap-
plied. Note that the results are obtained under the
assumption that the number of pretraining data in-
stances and their quality differ between Llama and
MalLA. Further investigations are needed to fully
understand the comparison between monolingual
and multilingual setups for adaptation.

5 Conclusion

This study examines different methods for adapt-
ing English-dominant generative large language
models to low-resource languages.

The results show that continual training with
raw text can improve perplexity. Vocabulary ex-
tension has no significant impact on adaptation
performance under a small scale of continual train-
ing set. Another factor can be 8-bit quantization
with LoRA that trains a subset of model weights
for new vocabulary token embeddings (Dobler and
de Melo, 2023).

We also find that the adaptation with general-
purpose instruction tuning has promising results in



both perplexity and accuracy scores, while down-
stream task performance can be boosted by task-
specific tuning. Furthermore, adapting a larger
model with 13b parameters improves task perfor-
mance with few-shot tuning. However, we observe
no significant improvements by adapting a multi-
lingual model.

In future work, we plan to adapt other open-
source language models such as Llama2 (Touvron
et al., 2023b) and Gemini (Team et al., 2024) to
generalize our results to different models. Other
adaptation methods can also be studied such as
modification of model architecture since different
model layers and tokenization algorithms might
change the outcomes.

6 Limitations

This study employs a particular family of gener-
ative large language models (Llama and MalLA)
for adapting open-source generative monolingual
and multilingual LLMs to a low-resource language
using the 8-bit quantization with LoRA. Other gen-
erative models and non-quantization might have
different results in the experiments. Similarly, we
use Turkish language for the target of adaptation.
Other languages might have different experimen-
tal results depending on the tuning and inference
datasets with prompt examples. We therefore ac-
knowledge the effect of the instruction set and
prompting templates in the results.

Continual training is done by using Wikipedia
in this study. However, other data types can be
used such as comprehensive multilingual datasets
(Nguyen et al., 2024) and filtering methods can
also be applied for training corpus. Also, sequence
length is limited up to 512 tokens in this study
for the sake of efficiency but Llama supports up
to 2048 tokens. This might result in losing some
information specifically in continual training where
longer Wikipedia articles are used compared to the
prompts in instruction and task-specific sets.

The evaluation sets used for calculating perplex-
ity scores involve questions, instructions, and re-
sponses. Evaluation results might differ with other
raw data such as Common Crawl. Benchmark eval-
uation is limited to extracting Turkish subsets from
multilingual datasets in this study due to the un-
availability of benchmark datasets for the target
language'4.

14 After this study was submitted, a new Turkish benchmark
was published (Yiiksel et al., 2024).
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Moreover, we would like to emphasize the lim-
ited hardware resources the experiments were con-
ducted, which restricts using a variety of models
including larger sizes (higher than 13b) and dif-
ferent model types (rather than Llama), and larger
evaluation sets.

7 Ethical Concerns

This study employs a low-resource language, Turk-
ish, and our findings can guide to other researchers
studying low-resource languages. We also provide
performance evaluations that can be considered for
deploying generative LLLMs in similar tasks.

To provide transparency, we explain all details
regarding text collections used in pretraining and
fine-tuning our generative language models. More-
over, we report the details of the models and con-
figurations with hyperparameters.

Since the training corpus of generative LLMs
involves a huge amount of raw text from different
resources including the world wide web, it is in-
evitable to observe a risk of cultural and ethical
bias towards different individuals and communities
in the generated text of the published models in
this study (Kasneci et al., 2023; Cetinkaya et al.,
2024). Moreover, training texts are contaminated
with more problematic biases and polluted with a
large amount of synthetic text generated by LLMs
(Denning and Rousse, 2024). Possible bias can be
removed by filtering the corpus, however, we leave
the study of such filtering to future work since it
would require a dedicated effort but the scope of
this study is to compare the adaptation methods of
generative LLMs for low-resource languages.

Lastly, we estimate the carbon footprint of our
study based on the energy usage of GPUs. We con-
sider execution time in hours and electrical energy
consumption in kWh, and assume that power con-
sumption during training is equal to the maximum
power drain of GPUs by operating at maximum
power utilization (0.25 MW for 2080Ti, and 0.14
MW for A4000). We assume that 1| MWh is equiva-
lent to 0.439 ton CO2eq'>. Our estimation ignores
the carbon footprint of CPU utilization and the
manufacturing costs of the hardware.

Social carbon cost is approximately 50.64, 3.84,
and 0.55 kg COz2eq for a single run of continual
training, instruction tuning, and task-specific tun-
ing, respectively.

Bhttps://enerji.gov.tr/evced-cevre-ve-iklim-elektrik-
uretim-tuketim-emisyon-faktorleri
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A Appendix

A.1 Instruction Fine-tuning Prompt

The prompt used in instruction tuning is given as
follows (translated prompt is given in parenthesis).

Asagida, daha genis bir baglam saglayan
girdiyle birlikte bir gorevi aciklayan
talimat bulunmaktadir. Talimati yeterince
saglayan bir cikti yaz.

(Below is an instruction explaining a task
with input that provides more context.
Write an output that satisfies

the instruction)

### Talimat (Instruction):
LINSTRUCTION]

### Girdi (Input):
[INPUT]

### Cikti (Output):
[OUTPUT]

A.2 Task-Specific Fine-tuning Prompt

The prompt used in task-specific (sentiment anal-
ysis) fine-tuning is given as follows (translated
prompt is given in parenthesis).

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
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saglayan bir cikti yaz.

(Below are instructions describing a task.
Write an output that satisfying

the instruction)

### Talimat:

Latfen verilen yorumun olumlu ya da
olumsuz oldugunu cikti olarak belirtin.
(Please indicate whether the given comment
is positive or negative.)

### Yorum (Comment):
[INPUT]

### Cikti (Output):
[OUTPUT]

A.3 Task-Specific Inference Prompt

For sentiment analysis, the prompt used in zero-
shot inference is the same as the prompt used for
task-specific fine-tuning given in A.2. Few-shot
prompting (one-shot for example) is given as fol-
lows (translated prompt is given in parenthesis).

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
saglayan bir cikti yaz.

(Below are instructions describing a task.
Write an output that satisfies

the instruction)

### Talimat (Instruction):

Latfen verilen yorumun olumlu ya da
olumsuz oldugunu c¢ikti olarak belirtin.
(Please indicate whether the given
comment is positive or negative.)

### Yorum (Comment):

cok glzel, saglikli, temiz, ferah
(very beautiful, healthy, clean,
spacious)

### Cikti (Output):
olumlu
(positive)

### Talimat (Instruction):

Latfen verilen yorumun olumlu ya da
olumsuz oldugunu cikti olarak belirtin.
(Please indicate whether the given
comment is positive or negative.)

### Yorum (Comment):
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LINPUT]

### Cikti (Output):
[OUTPUT]

A.4 XCOPA Inference Prompt

Few-shot prompting (one-shot for example) is
given as follows (translated prompt is given in
parenthesis).

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
saglayan bir cikti yaz.

(Below are instructions describing a task.
Write an output that satisfies

the instruction)

### Talimat (Instruction):

Verilen cumlenin sebebi nedir?

(What is the reason for the given
sentence?)

Kadin kotd bir ruh halindeydi bu ylzden
(The woman was in a bad mood so)

### Girdi (Input):

arkadasiyla biraz konustu.

(she talked to her friend for a while.)
arkadasina onu yalniz birakmasini soyledi.
(she told her friend to leave her alone.)

### Cikti (Output):

Kadin kotd bir ruh halindeydi bu ylzden
arkadasina onu yalniz birakmasini soyledi.
(The woman was in a bad mood so she told
her friend to leave her alone.)

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
saglayan bir ¢ikti yaz.

(Below are instructions describing a task.
Write an output that satisfies

the instruction)

### Talimat (Instruction):
Verilen cumlenin sebebi nedir?
(What is the reason for the given
sentence?)

LINPUT]

### Girdi (Input):
[OPTION1]
[OPTION2]



### Cikti (Output):

Uriin balonlu naylonla paketlenmisti
bu ylzden [OUTPUT]

(The product was packaged with
bubble wrap so [OUTPUT])

A.5 Belebele Inference Prompt

Few-shot prompting (one-shot for example) is
given as follows (translated prompt is given in
parenthesis).

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
saglayan bir cikti yaz.

(Below are instructions describing a task.
Write an output that satisfies

the instruction)

### Talimat (Instruction):

TUm notalara dogru sekilde basmaya devam
ederken elinizin mimkin oldugu kadar
rahat oldugundan emin olun - ayni zamanda
parmaklarinizla fazladan hareketler
yapmamaya calisin. Bu sekilde kendinizi
olabildigince az yormus olacaksiniz.
Unutmayin ki piyanoda oldugu gibi daha
fazla ses icin tuslara cok gicli
vurmaniza gerek yoktur. Akordeon
Uzerinde, ekstra hacim elde etmek icin
koriuglu daha fazla basing veya hizda
kullanirsiniz. Akordeonu calarken
asagidakilerden hangisi sesin
yukselmesini saglar?

(Make sure your hand is as relaxed as
possible while still hitting all the
notes correctly - at the same time,

try not to make extra movements with
your fingers. This way, you will tire
yourself as little as possible.
Remember that you don't need to hit

the keys too hard to get more sound,
like on the piano. On the accordion,
you use the bellows with more pressure
or speed to get extra volume.

Which of the following makes the sound
rise when playing the accordion?)

### Girdi (Input):

A: Daha fazla hiz (more speed)

B: Daha fazla glic (more power)

C: Daha az basing (less pressure)
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D: Daha az parmak hareketi
(less finger movement)

### Cikti1 (Output):
A

Asagida bir gorevi aciklayan talimat
bulunmaktadir. Talimati yeterince
saglayan bir cikti yaz.

(Below are instructions describing a task.
Write an output that satisfies

the instruction)

### Talimat (Instruction):

Tim notalara dogru sekilde basmaya
devam ederken elinizin mimkin oldugu
kadar rahat oldugundan emin olun -
ayni zamanda parmaklarinizla fazladan
hareketler yapmamaya calisin.
Akordeonu calarken asagidakilerden
hangisi sesin yukselmesini saglar?
(Make sure your hand is as relaxed as
possible while still hitting all the
notes correctly - at the same time,
try not to make extra movements with
your fingers. . Which of the
following makes the sound rise

when playing the accordion?)

### Girdi (Input):
[OPTION1]
[OPTION2]
[OPTION3]
[OPTION4]

### Cikti (Output):
[OUTPUT]
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Abstract

The capacity and effectiveness of pre-trained
multilingual models (MLMs) for zero-shot
cross-lingual transfer is well established. How-
ever, phenomena of positive or negative trans-
fer, and the effect of language choice still need
to be fully understood, especially in the com-
plex setting of massively multilingual LMs. We
propose an efficient method to study transfer
language influence in zero-shot performance on
another target language. Unlike previous work,
our approach disentangles downstream tasks
from language, using dedicated adapter units.
Our findings suggest that some languages do
not largely affect others, while some languages,
especially ones unseen during pre-training, can
be extremely beneficial or detrimental for dif-
ferent target languages. We find that no transfer
language is beneficial for all target languages.
We do, curiously, observe languages previously
unseen by MLMs consistently benefit from
transfer from almost any language. We addi-
tionally use our modular approach to quantify
negative interference efficiently and categorize
languages accordingly. Furthermore, we pro-
vide a list of promising transfer-target language
configurations that consistently lead to target
language performance improvements. !

1 Introduction

Pretrained Multilingual Models (MLMs) perform
surprisingly well in terms of zero-shot cross-lingual
transfer even though no explicit cross-lingual sig-
nal was present during pretraining. Subword fertil-
ity (Deshpande et al., 2022), token sharing (Dufter
and Schiitze, 2020), script (Muller et al., 2021),
as well as balanced language representation (Rust
et al., 2021) contribute to this effectiveness. But,
by and large, the most important component seems
to be the combination of languages the model is
trained and evaluated on. It is important, hence, to

!Code and data are publicly available: https://github.
com/ffaisal93/neg_inf
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Figure 1: Our approach uses efficient few-step contin-
ued tuning (left) and adapter modules (right) to disentan-
gle the effect of fask and language to quantify the effect
of a transfer language for a given task and model. The
left panel depicts the framework for our cross-lingual
transfer, while the right panel represents the scenario of
multiple language interactions followed by quantifying
negative interference.

understand why and when cross-lingual transfer is
successful at the language level.

Previous attempts at studying cross-lingual trans-
fer fall into two categories. First, the most popular
approaches are those which, given a task and a
MLM, task-tune the MLM on annotated data from
a transfer language and then evaluate on a target
language (e.g. Lin et al., 2019). The problem with
such approaches is that (a) they do not disentangle
the effect of task and language, since they train di-
rectly on the task using annotated data in the trans-
fer language, and (b) it is expensive to task-tune the
whole model for all possible transfer languages.

Second, other approaches tackle the inefficiency
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problem by relying on bilingual approximations:
Malkin et al. (2022) for instance train bi-lingual
BERT (Devlin et al., 2019) models, task-tune them
on the transfer language and then evaluate on the
target one, and contrast this performance to a
monolingual target-language BERT. While this ap-
proach ignores the fact that language interactions
can be different in multilingual and bilingual mod-
els (Wang et al., 2020; Papadimitriou et al., 2022),
it does correlate decently with transfer performance
on multilingual models. However, it still does not
disentangle task from language and is quite ex-
pensive, as studying n languages requires training
n? + n BERT models.

In this work, we propose an efficient approach
to study cross-lingual transfer, outlined in Figure 1,
that also disentangles the effect of task-tuning and
the effect of language, while operating within the
framework of the same MLM. Our approach relies
on learning a separate task adapter module to per-
form the downstream task, which needs to only be
trained once (hence it is efficient). We then per-
form unsupervised finetuning on unannotated trans-
fer language data for a minimal number of steps.
Comparing the performance of the model on the
target language with and without the previous step
results in a direct assessment of the effect of the
transfer language without changing the conditions
under which the downstream task was learned. In
addition, we extend this framework to quantify the
negative interference resulted from the interaction
of multiple languages (Figure 1(right)). With the
aid of adapter-fusion tuning (Pfeiffer et al., 2021),
we compare different combinations of language
adapters and compute the interference occurring
due to increased interactions.

We perform extensive analysis using this effi-
cient approach on five downstream tasks using
dozens of transfer and target languages (/84 in
total) and devise a metric (which we dub transfer
score) to quantify which languages have/receive
positive or adverse effects on/from others. Last,
we focus our analysis on cross-lingual transfer for
languages unseen during the pre-training of the
MLM.

2 Methodology

Adapters (Pfeiffer et al., 2022) are light-weight
parameter-efficient modules that can be injected be-
tween the layers of pretrained models. In their typi-
cal usecase, the rest of the model is frozen and only
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the adapter modules are trained, to adapt a model
to a new language, domain, or task. Importantly,
for our goals, these adapters are also composable:
one can stack an independently trained language
adapter and task adapter to achieve decent perfor-
mance for that language on that task. First we use
an adapter-based setting to perform our analysis
on cross-lingual transfer. Furthermore, we extend
our study to negative interference and language
interaction through another adapter-fusion-based
setting.

Cross-Lingual Transfer The composable prop-
erty of adapters allows us to disentangle learning a
task from the language representations (the process
is also outlined in Figure 1). In step 1, we first
train a task-specific adapter [T] (e.g. named entity
recognition), on data from as many languages as
possible. This module will be responsible for per-
forming the downstream task independently of in-
put language. We then (step 2) finetune the [base]
model (e.g. mBERT) on a transfer language a with
only a few steps (1, 10, or 100) using masked lan-
guage modeling, obtaining [base®]. Now the lan-
guage representations of this finetuned model will
be (slightly) biased towards the transfer language.

Last, in step 3 we reinsert the task adapter in both
the finetuned and the original pretrained model,
and use both models to test and evaluate on target
language data 3. The difference in performance
between these two models score(3 ; [base+t]”) —
score(f3 ; [pase+t]) will reveal whether transfer
language o benefits (if positive) or hurts (if nega-
tive) target language (.

An obvious caveat of our approach so far is that
a single update (or 10 or 100) with a randomly
sampled batch in any language does not allow for
any robust conclusions. To avoid this issue, we re-
peat the above process n=10 times for each transfer
language with different data and aggregate these
scores.

Our final transfer score ts(a — 3 ; base, t) for
a given model base and task t turns the difference
of the finetuned and original model into a percent-
age of the original baseline performance, for fairer
comparisons at different levels of performance:

ts(a — [ ;base,t) =

1% score( ;[basett]*)
n

— score(f3 ; [base+t])
score(f3 ; [base+t])

Negative Interference The typical definition
of negative interference describes it as the phe-



nomenon when batches in different languages pro-
duce opposite gradients during training. We in-
stead focus on downstream performance, in line
with most studies focusing on cross-lingual trans-
fer, assuming that a negative effect on performance
implies negative interference. Another reason is
that, in n dimensional spaces, there extremely high
probability of two random vectors being orthogo-
nal; hence any two gradient vectors could certainly
be orthogonal without necessarily impacting down-
stream performance.

To quantify negative interference, we fol-
low a modular-based approach depicted in Fig-
ure 1(right). Like before, we separate the task
and language, followed by performing interaction
among multiple languages. However, we use lan-
guage adapters at this time instead of continuously
finetuning the base model. This strategy allows us
to efficiently train multiple language sub-parts only
once (Step2) followed by mixing those modules
through adapter fusion (Pfeiffer et al., 2021). In
our experiments, we train a set of language adapters
and make either monolingual settings or a combi-
nation of bilingual/trilingual interactions (Step3).
Then we stack previously trained task adapter while
only changing the underlying language combina-
tion. Finally, we extract the interference score from
the difference between already computed multilin-
gual and monolingual counterparts (Step4).

Having these interference scores at hand, we
can tell whether a language actually gets benefits
or not while influencing the associated languages
in a positive/negative manner. For example, con-
sider language A interacting with language B. We
can easily quantify the interference of language A
by calculating the loss/gain of this bilingual inter-
action [AB]: a score increase for A compared to
its monolingual counterpart (i.e. +A = +g7_[a])
means positive interference for A in this particular
setting. We can further extend this to a trilingual
setting as well (i.e. +A = +[pgcy—[y))- Using these
scores, we can get different combinations of in-
terference scenarios by counting the co-occurred
positive/negative interference. We use | 4 A, +B|
to denote the number of cases where A benefits
both itself and B, presenting all possible rules in
Table 1. Utilizing these rules, we can identify how
much language A actually gains or loses during
its bilingual/trilingual interactions while providing
substantial interference to other languages.

Moreover, we can use these interference combi-
nation counts to project languages in an interfer-
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Notations (+: win, —: loss)

1. | 4+ A| = count( A gains in interaction [AB] or [ABC])

2. | — A| = count(A losses in interaction [AB] or [ABC])

3. | + A, +B| = count(Both language gets benefit). In
other words, A gains. At the same time, B receives
benefits while interacting with A.

Bilingual Interactions ‘ Trilingual Interactions

| — A, —B| | —A,—B,—C| |—A,—B,+C|
| — A, +B| | —A,+B,—C| |— A, +B,+C|
|+A>_B| |+A7 _B7 _C‘ |+A,—B7+C|
| + A, +B| | +A,+B,—C| |+A,+B,+C|

Table 1: Interference calculation for language A. | + A
means the number of cases where A itself gets benefits.
If the setting is bilingual, then | + A| =count(+[a5)[a))
(i.e. if the evaluation score on task language A:
[AB] — [A] > O for the combination [AB], we get a +A.)

ence representation space. For example, consider a
2-D space of bilingual interaction where the X-axis
represents the negative/positive interference a lan-
guage receives from one such interaction and the
Y-axis is for the interference it provides to other
languages. We can project a language using the dot
product of counts (eg. | + A, —B|) with its corre-
sponding quadrant identifier [1, —1]. As a result,
the projection coordinates (z 4,y 4) for language
A in a bilingual interaction could be obtained as
follows:

C=|— A, —B|+| — A, +B|+|+A, —B|
+|+A, +B]
1
(%a,ya) =g X (| —A,—B[-[-1,-1]
+| — A, +B| - [-1, 1]+|+A, —B| - [1, —1]
+|+A, +B| - [1,1])

Using the above-mentioned projections, we visual-
ize a language in a way that represents how much
interference it provides as well as receives (see
example with each step of the calculation in Ap-
pendix §F). We can further extend this strategy to
the trilingual setting, but now we have to deal with
eight axes instead of four. In Figure 4 of the re-
sult section, we present the language interaction
visualizations for bilingual and trilingual scenarios.

3 Experimental Setup

We conduct our experiments in two different set-
tings targeted to perform two different analyses:
first understanding the language effect on cross-
lingual transfer and then, extending this to quantify
language-language interaction.



Primarily, we use multilingual BERT as our base
model and report XLM-R results for comparative
model evaluation. We use a total of 38 transfer lan-
guages (11 unseen during pretraining) to finetune
the MLM using masked language modeling with
the process described above. Using these transfer
languages, we do monolingual finetuning on mBERT
for either 1, 10, 100, or 1000 steps and each experi-
ment is repeated for 10 times. At the sametime, we
trained multilingual task adapters followed by task
evaluation on the following tasks:

Token-level: Dependency Parsing (DEP), Part-
of-Speech (POS) tagging and Named Entity
Recognition (NER). Parsing and POS tagging
are evaluated on a set of 114 languages from Uni-
versal Dependencies v2.11 (de Marneffe et al.,
2021). For NER, we use 125 languages from the
Wikiann (Pan et al., 2017) dataset.
Sentence-level: Natural Language Inference
(NLI) evaluated on XNLI (Conneau et al., 2018)
and AmericasNLI (ANLI) (Ebrahimi et al., 2022)
datasets.

Extractive Question Answering: Evaluated on
TyDiQA (Clark et al., 2020) gold task.
Additionally, we train 38 language adapters to
perform the experiment on language-to-language
interaction and negative interference. Here, we
stack the previously trained task adapter on top
of either one or a combination of double or triple
language adapters (Figure 1(b)) and then perform
the evaluation on the transfer languages having task
data available. All training and evaluation datasets,
implementation and hyper-parameter details are
provided in Appendices C-E (Table 24-29).

4 Results and Discussion

First, in 4.1, we present a comparative scenario in
between continuous training and language inter-
action in terms of performance improvement over
the baseline model. Then in 4.2, we discuss the
findings of continuous training in the context of
cross-lingual transfer. After that, in 4.3, we present
the representation of language interactions as well
as interference following the strategy discussed in
Section 2.

4.1 Continuous Training vs Language
Interaction

Here we present 8 sets of scores for each token-
level task. The baseline is where we stack the task
adapter on the base pretrained mBERT (i.e. zero-shot
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Continious Steps Lang. Interaction
Lang. | Base | k=10 k=1000 [1A] [2A] [3A]
Parsing
pcm 81.1 | 79.1 77.9 79.3 795 795
wol 69.5 | 68.1 67.3 68.9 69.1  69.1
kmr 319 | 31.7 45.3 32.6 32.1 320
bam 299 | 309 38.1 30.8 30.8  30.8
gub 21.7 | 209 34.5 23.8 2373 235
POS Tagging
pcm 929 | 922 91.2 92.3 925 926
wol 85.6 | 842 82.1 84.1 847 84.8
kmr 40.2 | 405 55.8 41.1 40.8 407
bam 30.3 | 30.8 49.5 30.7 30.5 305
gub 28.5 | 28.7 36.7 28.8 28.8 289
NER
ibo 61.1 | 57.2 55.4 57.5 57.8 577
pms 88.2 | 88.9 87.6 88.2 875 87.6
kin 724 | 71.8 68.5 70.5 71.1 719

Table 2: Task results for transfer languages unseen by
mBERT. base: zero-shot with task adapter [T]. Contin-
uous Steps: do k steps of finetuning on that language
plus [T]. Lang. Interaction: introducing language
adapters; [1A]: just 1 adapter (in language) and evalu-
ate on it; [2A]: 2 language adapters, the target lang. and
one test (the result is averaged for all transfer langs.);
[3A]: 3 lang. adapters (results are average again). The
highest obtained score for each language is bolded.

task on pretrained mBERT+ [T]). Then for all the
evaluation languages, we perform 4 sets of cross-
lingual transfers (i.e. 1, 10, 100, and 1000 steps of
continuous training). For the language-language
interaction experiment, we only perform the evalu-
ation on transfer languages where either 1, 2 or 3
language adapters are fused together before stack-
ing the task adapter (i.e. [1A], [2A], [3A]).

Only Unseen Transfers In Table 2, we present
our token-level evaluation report for transfer lan-
guages unseen during the pretraining phase. For
the [2A] and [3A] language interaction results, we
compute and report the average score where the
evaluation language is also present in the [2A] or
[3A] adapter fusion. For tasks where word-to-word
relation plays a critical role (parsing and pos tag-
ging), we observe similar patterns of improvement
over baseline in both Cont. steps and lang. interac-
tion settings. Whereas, for a task like NER, we do
not observe any improvement over baseline both in
sustained cont. (k=1000) and interaction settings.
Even though we are evaluating the same language
after continuous masked language modeling (mlm)
or adapter fusion with another high-resource lan-
guage, there is no clear winning formula that can
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Figure 2: Average score improvement over baseline
across tasks for the transfer languages (evaluated on
itself). We observe a spike of over 33% positive score
at continuous training step 1. Among these, only
23.3% cases result in sustained improvement after 1000
steps (0% in NER). On the contrary, standard language
adapter interaction stays at 25% average improvement.

always serve the unseen low-resource languages.

Unseen+Seen Transfers On the other hand,
when we consider the case of both unseen and seen
languages together in token-level tasks, we see a
spike of 33% average improvement over baseline
with just 1 step of mlm training. However, this
improvement percentage gets down to a sustained
23.3% (except task NER) when we evaluate again
after having 1000 steps of training. Whereas, in lan-
guage interaction settings where we fuse standard
well-trained language adapters, we generally ob-
serve improvement for those languages which also
get benefited from continuous training. The im-
provement percentage averaged over all 38 transfer
languages is presented in Figure 2. In addition, we
present all the scores for all 38 transfer languages
and token-level tasks in App. Tables 7,9, and 11.

4.2 Takeaways from Continuous Training

No Universal Donor First, we search for trans-
fer languages that can be used for positive transfer
for a large set of languages. However, we find
no language out of 38 that can positively influ-
ence almost all languages using mBERT as base
model. For this experiment, we rank the transfer
languages based on their averaged transfer score
(i.e. aggregated-transfer). In Table 3, we list
the top 5 ranked transfer languages with their trans-
fer score (base model: mBERT) and the percent-
age of target languages that do benefit from them
(more details in Appendix H). We observe, most
languages benefit within the range of 30-45% of
target languages across tasks except NLI. How-
ever, we did not receive any positive transfer for

| Lang. ts +(%) | Lang. ts +(%) | Lang. ts +(%)

Parsing POS Tagging NER
1| mya 0.33 404 | kin 041 35.1 | zho 0.16 49.6
2| ell  0.15 31.6 | kmr 036 369 | tel 0.08 32.8
3| kmr 0.14 359 | mos 0.27 342 | hun 0.08 40.8
4| yor 0.14 333 | hye 0.27 369 | heb 0.04 344
5| pem 0.13 31.6 | cym 022 37.7 | est 0.03 36.8
XNLI ANLI TyDiQA
1| hau -344 0.0 | bam -150 00 | zho 0.7 77.8
2| bam -349 0.0 | hau -17.8 0.0 | jpn 0.1 444
3| gub -364 0.0 | gub -184 0.0 | gle -0.1 444
4| ewe -36.7 0.0 | deu -19.8 0.0 | wol -0.1 444
5| hin -37.1 00 | fin -199 0.0 | cym -0.1 333

Table 3: Top 5 transfer languages per task ranked using
the aggregated transfer score (ts columns; see App. H
for computation). Unseen ones are bolded. +(%) is the
percentage of languages receiving positive transfer. No
transfer language helps all target languages. (Complete
rank with transfer scores: Table 15-18).

‘ Parsing Pos

NER | XNLI ANLI TyDiQA
Tagging

mBERT | 30.6 310 318 |0 0 30.1
xImr 20.5 332 41.1 | 444 416 17.0

Table 4: Average percentage of languages receiving
positive transfer (avg. +(%)) across models. Unlike
mBERT, xImr provides positive transferring in NLI.

both of the two different NLI task datasets (XNLI
and ANLI). The maximum positive transfer per-
centage is from zho in both NER and TyDiQA.
Interestingly, low-resourced unseen languages per-
form well in general as transfer languages: 31.7%
(token-level) and 28.3% (sentence-level) of top 20
transfer languages are unseen languages.

Base Model and Task Matters To further in-
vestigate the discrepancy observed in NLI task,
we replace the base model mBERT with XLM-R
(Table 4). Unlike mBERT, XLLM-R in NLI pro-
vides superior performance (XNLI: +44.4% and
ANLI: +41.6%). This signifies how the choice of
the base model in a setting with a disentangled
language-task effect could drastically change the
cross-lingual transfer performance of certain tasks.

Moreover, we observe the above-discussed rank-
ings of transfer languages vary across tasks. To
investigate the underlying similarity, we select a
large subset of languages (the common 62 target
languages across three token-level tasks) and rank
the transfer languages as before. We then compute
the Spearman rank correlation and statistical sig-
nificance (p<@.05) of their transfer scores tasks
(see Appendix Table 21). Only parsing and NER
are positively correlated (p=0.4) whereas POS tag-



Rank Lang. ts Var.  Type

# (max, min)
1 ibo (10,10) | 0.05 235 (+and-)
3 bam (11, 15) | 0.02 21,5 (+and-)
6 mos (13,2) | 0.09 16.1 (+)
8 pem (1,11) | 0.13 134 ()
26 eng (0, 0) 022 64 neutral
36 ara (0, 0) -0.12 5.1 neutral

Table 5: Example of transfer languages ranked with
their aggregated-transfer (ts) score variance (task:
parsing). Unseen languages (bold font) exhibit high
variance. # (max) represents the language count receiv-
ing maximum positive transfer. (see Appendix L)

ging is negatively correlated with the other two
tasks. This is somewhat surprising, because we
use the same underlying dataset for the parsing and
POS tagging tasks. We find only a few transfer
languages could effectively provide positive trans-
fer simultaneously across tasks. The 5 common
languages in the top 20 across tasks are: yor, mos,
kin, hau, and tel. In sort, languages unseen by
mBERT (in boldface), exhibit similar ranking across
tasks (see Table 15-18), whereas others vary. For
example, zho is the lowest-ranked one in parsing
while being top-ranked in NER! Appendix Figure 6
shows the number of common languages across
tasks.

Unseen Languages Transfer with High Variance
We observe that transfer languages with high vari-
ance mainly fall into one of three categories:

1. (+ and -): boost performance for some lan-
guages while hurt significantly some others;
(+): mostly (small) positive transfer, signifi-
cantly hurts only a few languages;

(-): mostly (small) negative transfer, signifi-
cantly helps only a few languages.

See examples in Table 5 and Appendix L for details.
Though unseen languages perform well as transfer
languages, they usually exhibit the traits of high-
variance transfer. Around 90% of unseen transfer
languages are within top-20 languages sorted by
variance (see Appendix Figure 7).

Target Language Differences Unlike transfer
languages, we find target languages that are almost
universal recipients of positive cross-lingual trans-
fer, many of which are unseen by mBERT. On the
other hand, some languages do not receive any ben-
efit from the diverse set of transfer languages. In
Figure 3(a), we plot the target languages based on
the percentage of languages from which they re-
ceive positive or negative transfer (see additional
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maps in Appendix Figure 5). We find around one-
third of target languages across three token-level
tasks never receive any positive transfer (parsing:
35.1%, POS: 28.1%, NER: 32.8%). Neverthe-
less, there are target languages (mostly unseen by
mBERT) that benefit from all transfer languages (eg.
nap, mpu in parsing). See Appendix I and Table 19
for additional results.

Seen vs Unseen Languages Transferring from ei-
ther seen or unseen languages to unseen languages
(i.e. transfer(seen/unseen— unseen)) gener-
ally helps. For this experiment, we use the large
set of token-level task evaluation and 11 transfer
languages unseen during mBERT pertaining from
diverse families including Indo-European, Afro-
Asiatic, Mande, Niger-Congo and Tupian. We
observe, that transferring to a large and diverse
set of seen languages from unseen languages (i.e.
transfer(unseen— seen)) does not provide any
substantial utility. Among the three tasks, we
get the average transfer as positive for unseen
transfer languages just once (dependency parsing,
transfer(unseen— unseen)). See Figure 8 for
the difference of utility provided when the transfer-
/target languages are seen vs unseen.

Sustained Cross-Lingual Transfer Our ap-
proach limits step 2 (continued training on the trans-
fer language) to a minimal number of steps. For
this section, we extend this to 1000 steps. In the
vast majority of transfer-target language combina-
tions, this leads to (small) negative transfer under
our setting. We suspect this is due to the underly-
ing model undergoing the first steps of catastrophic
forgetting (McCloskey and Cohen, 1989).

There are some languages, though, mostly un-
seen ones (eg. nap, gun, tpn, aqgz) that ben-
efit more from this extended setting. See Ap-
pendix J Table 20, where we report the target
language receiving the highest benefit from each
transfer language for each setting (1,10,100,1000
steps).  All the max-utility recipients aside
from bar and nds are unseen languages. Fig-
ure 3(b) presents the training step progression
of aggregated-transfer scores for Mossi, one
of the most donating transfer languages, and Ap-
pendix N (Figures 9-18) shows the transfer progres-
sion graphs for all transfer languages. At the task
level, POS tagging always ends up having compara-
tively higher target language performance variance
with more training steps, while NER almost always
ends up with negative results with longer training.
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4.3 Takeaway from Language Interactions

We plot all the transfer languages in a 2d axis for
both two-language interactions and three-language
interactions as shown in Figure 4.

Bilingual Interactions First of all, we observe
most of the languages mainly fall into either one of
the two categories: (1) A(+), B(+): getting benefits
from interactions and helping others at the same
time, (2) A(-), B(+): Helping other languages but
do not get benefits from those languages. Secondly,
there are resemblances in how certain languages
from specific categories interfere across all 3 tasks.
For example, consider the case of zho, swe, spa
and fra. These languages fall to the lower right
part of all three graphs. However, there are lan-
guages like ara that do not uniformly get bene-
fits across three tasks while maintaining it’s posi-
tive interfering status. Although, there are debates
whether English (eng) is an appropriate "hub" lan-
guage or not (Anastasopoulos and Neubig, 2020),
eng maintains its status in the upper right quar-
ter making it a good transfer language in all Latin
script majority settings.

Trilingual Interactions Now we increase the
number of languages for a specific transfer lan-
guage to influence. When we compare the bilingual
settings with the trilingual ones (Figure 4 (2)), the
left-right categorization remains the same. How-
ever, many languages receive an uplifting position
meaning the strength of performing positive inter-
ference increases for those languages (eg. are in
dependency parsing, zho in NER). Moreover, we
observe an overall decrease in the lower-right cor-
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ner for both dependency parsing and NER. How-
ever, there are languages like wol in POS tagging
that goes from upper-left to lower-left. Nonethe-
less, very few different colored points (i.e. negative
coordinate for 3rd language) signify the fact that a
multilingual setting is beneficial towards a larger
group of recipients.

5 Recommendations

Based on our above findings, we make a number

of recommendations in choosing the appropriate

transfer language and training scheme for a low-
resource setting.

1. There is no universal donor but having multiple
transfer languages in the training scheme helps
in terms of language interference.

. For universal recipient languages (eg. Typologi-
cally diverse unseen ones), including almost any
language in the transfer scheme help.

. Low resource unseen languages generally trans-
fer with high variance. A good idea is to include
them with other seen languages in the transfer
scheme to stabilize the transfer output across a
large number of target languages.

. Only some of the unseen low-resource
ones show sustained transfer toward other
low-resource languages through continuous
thousand-step training. Usually, the deviation
happens during an early stage of training. So
just continuing pretraining for longer is not op-
timal for a scenario with mixed-category lan-
guages.

. The patterns of receiving positive transfer are
similar when we use either one language small-
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Figure 4: Language interaction representation for bilingual and trilingual settings. To identify the language
coordinates, we use two and three adapters (i.e. [2A], [3A]) jointly fused. In [3A] plots, we show the position only
for one interacted language B along with transfer/target language A. For the 3rd language C, we use color variation
(red/blue) to depict whether C receives positive transfer or not.

step continuous training or 2/3 standard adapter
fusion. So using a large set of trained language
adapters fused together according to the need is
a simpler way to deal with a large set of mixed-
category target languages.

6 Conclusion and Future Work

We devise an efficient approach to study cross-
lingual transfer in multilingual models for various
tasks that disentangles task and language effects.
We believe this disentanglement coupled with few-
step fine-tuning has the potential to uncover cur-
rently uncharted model behaviors (eg. NLI evalu-
ation). Our findings suggest languages unseen by
MLMs clearly exhibit different behavioral pattern
compared to other languages in general: they are
universal as target, exhibit high variance as transfer
language, and their behavior follows similar pat-
terns across tasks. In addition, we do not find a
universal donor (a language that benefits all oth-
ers). Last, we find that some languages consistently
benefit from settings that resemble "catastrophic
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forgetting" for other languages, an observation we
believe merits a dedicated follow-up study.

We hope that our approach will allow for fur-
ther study of cross-lingual transfer for more lan-
guages and MLMs, and we plan to extend this
in future work, as our findings suggest interest-
ing differences in the behavior of languages used
in pre-training and unused ones. Eventually, we
hope that our study will also lead to guidelines for
selecting appropriate transfer languages, as well
as more informed methods for the adaptation of
MLMs to new under-served languages. While our
proposed approach being highly efficient to expand
the paradigm of cross-lingual transfer evaluation,
the findings shed light onto the easy adaptation of
MLMs for new languages in a low-resource setting.

Limitations

In this work, we primarily experiment with encoder
models like mBERT and XLM-R, token-level syn-
tactic tasks and two sentence-level tasks. In future,
we would expand this work to recent large language



models and tasks involving natural language under-
standing. Moreover, our work only focus on low-
resource setting with small-scale training data and
parameter-efficient adapters. In future, instead of
monolingual finetuning we will use this parameter
efficient approach for multilingual finetuning thus
unfolding effective multilingual pretraining config-
urations. As the base-language model choice, we
only use mBERT. The evaluation of cross-lingual
transfer needed to be expand to decoder based lan-
guage models.
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A Related Works

Cross-Lingual Transfer Studying cross-lingual
transfer to prepare a better pretraining configura-
tion is a well-explored topic. Malkin et al. (2022)
propose a balanced-data approach to identify ef-
fective set of languages for model training through
constructing bilingual language graph. They for-
mulate the problem in terms of linguistic blood
bank where language can either play the role of
donor or receiver. This study comprises over a
large set of languages while training a large num-
ber of bilingual models. However, how a large
multilingual model (eg. mBERT) having a shared
representation space larger than bilingual models
perform in similar setting is not evaluated yet. Fu-
jinuma et al. (2022) points out it is always better
to have a diverse set of languages during pretrain-
ing for zero-shot adaptation. At the same-time,
language relatedness in pretraining configuration
always helps.

Adaptation to Unseen Languages The idea of
performing effective zero-shot transfer is highly
beneficial for model adaptation to new languages.
According to Muller et al. (2021), transfer learning
helps some new languages while some hard lan-
guages does not get the benefit mainly because of
the difference in writing systems. Transliterating
those languages to a more familiar form is a useful
approach in this case.

Parameter Efficiency Recently parameter-
efficient language modeling approaches are
becoming more and more popular and capable.
Adapter units (Pfeiffer et al., 2022) are such
modular units containing small trainable set of
parameters. Using adapters resolve the problem
of model-capacity and training bottleneck. In
addition, most of the parameters remain unchanged
thus preventing the problem of negative inter-
ference. The most important benefit of adapter
untis are it’s modular design. It is also possible
to train the adapters using language-phylogeny
information (Faisal and Anastasopoulos, 2022)
thus extending the base model capacity to unseen
new language in an informed manner.

B Terminologies

Transfer Language: The languages we use to
perform monolingual finetuning of the base lan-
guage model (mBERT) using masked language mod-
eling.
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Target Language: The languages we use to eval-
uate both the pretrained as well as finetuned mBERT
on downstream tasks.

Negative Transfer: The scenario where lan-
guage model performance drops because of fine-
tuning it on a transfer language.

Cross-lingual Transfer: The established method
of finetuning a language model on one transfer
language and deploy it on another target language.

Unseen Languages Any language that were not
part of the original pretraining step.

C Dataset Details

C.1 Transfer Languages

We perform mono-lingual finetuning as well as
language adapter training on 38 transfer languages.
Each language dataset contains 10k lines of text.
We use texts from several corpus including OSCAR
(Abadji et al., 2022) and African News Translation
dataset (Adelani et al., 2022). 11 out of these 38
languages are unseen by mBERT during pretraining
steps. The list is provided in Table 24.

C.2 Adapter Training Dataset

Dependency Parsing We train a task adapter
for performing dependency parsing task. For this
step, we use Universal Dependency training dataset
v2.11 (de Marneffe et al., 2021). To keep the data
distribution balanced, we use not more than a thou-
sand examples per language. Combining all these
data together, we train a multilingual dependency
tagging task adapter. The complete list of data-
source languages for training this adapter is pre-
sented in Table 25.

Parts-of-Speech Tagging Here we also use
the Universal Dependency training dataset v2.11
(de Marneffe et al., 2021). The languages are also
the same ones used for dependency parsing previ-
ously.

Named  Entity Recognition We  use
Wikiann (Pan et al.,, 2017) dataset for train-
ing a NER task adapter. The complete language
lists are provided in Table 26.

Natural Language Inference We use
XNLI (Conneau et al., 2018) dataset for training a
NLI task adapter. The complete language lists are
provided in Table 27.



Extractive Question Answering We use Ty-
DiQA (Clark et al., 2020) dataset for training an
Extractive Question Answering task adapter. The
complete language lists are provided in Table 28.

C.3 Evaluation Dataset

We use 125 languages for evaluating NER task
from Wikiann. For udp and pos-tagging tasks we
use 114 languages from Universal Dependency
dataset. There are 62 languages which are common
between these two sets of 125 and 114 languages.
For NLI evaluation, we use 15 languages from
XNLI (Conneau et al., 2018) dataset and 10 low-
resource South American indigenous languages
from Americas NLI (ANLI) (Ebrahimi et al., 2022)
dataset. For the question answering task, we take 9
languages from TydiQA (Clark et al., 2020) to eval-
uate. The complete list of 184 evaluation languages
are provided in Table 29.

D Implementation Details

For all of our experiments, we use as well
as modify the scripts from huggingface (Wolf
et al., 2020) and adapterhub (Pfeiffer et al.,
2020). For base language model, we use the
model bert-base-multilingua-uncased from
huggingface model repository.

E Hyper-parameters

Masked Language Modeling finetuning
* Train batch size: 8

Evaluation batch size: 8

Training Steps: 1, 10, 100 and 1000
Learning Rate: 5e-5

Maximum Sequence Length: 512

Language Adapter Training: Language Interac-
tion

* Train batch size: 8

 Evaluation batch size: 8

Training Epochs: 3

Learning Rate: 5e-4

Maximum Sequence Length: 256

¢ Adapter Parameter Reduction Factor: 16

Task Adapter Training: Dependency Parsing
* Train batch size: 36

* Evaluation batch size: 8

* Training Epochs: 5

* Learning Rate: Se-4

* Maximum Sequence Length: 256

* Adapter Parameter Reduction Factor: 16
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Combination ‘ Count

| — A, —B| 1
| — A, +B| 1
|+ A, —B| 3
|+ A, +B] 2

Table 6: Bilingual interaction counts

Task Adapter Training: POS Tagging

* Train batch size: 36

* Evaluation batch size: 8

Training Epochs: 5

Learning Rate: 5e-4

Maximum Sequence Length 256

* Adapter Parameter Reduction Factor: 16

Task Adapter Training: NER

* Train batch size: 36

* Evaluation batch size: 8

e Training Epochs: 5

* Learning Rate: 5e-4

* Maximum Sequence Length: 256

» Adapter Parameter Reduction Factor: 16

Task Adapter Training: NLI

* Train batch size: 32

* Evaluation batch size: 8

* Training Epochs: 5

* Learning Rate: 5e-5

* Maximum Sequence Length: 128

* Adapter Parameter Reduction Factor: 16

Task Adapter Training: Extractive QA

e Train batch size: 32

 Evaluation batch size: 8

* Training Epochs: 5

* Learning Rate: 3e-5

* Maximum Sequence Length: 384

* Document Stride: 128

* Adapter Parameter Reduction Factor: 16

F Language Interference Projection (an
example)

For example, consider the case of Arabic [A] that
interacts with Bengali [B] in a bilingual setting
[AB]. The count from pair combinations of positive
and negative interference counts are as follows:



So for language A we get,

C=14+1+4+3+2

—7
(%1, 74) :; x(1-[-1,-1) +1-[-1,1]
4301, 1]+ 2 [L,1))
=(0.43,—0.14)

Here, | + A, +B| = 2 means, in total two cases,
Arabic gets positive interference score while the
other associated language (Bengali) also gets posi-
tive interference. Similarly, | — A, —B| = 1 means,
for one language, both Arabic and Bengali get
negative interference scores. Now (X 4,Y4)
(0.43,—0.14). So Arabic will be in the lower-right
quartile of the graph (+x, -y) means, Arabic gener-
ally gets positive interference but it does not equally
beneficial to other languages (gets penalized for
cases | — A, —B|,| + A, —B|). Here we consider
only Bengali as a language to interact with. In
practice, we use a set of other transfer languages
to compute the total count of each combination for
one specific language.

G Comparison
H Transfer Language Ranking

We rank the transfer languages by aggregating all
the transfer scores. For example, consider getting
transfer scores {tsq, ..ts;, ..ts,} for a set of n tar-
get languages L;;, where ¢ € Ly, and the transfer
language is ¢ f. Then the aggregated transfer score
for tf would be:

D tsi

aggregated — transfer(tf) =
n

The ranking of all transfer languages across three
tasks are presented in Table ??. In addition, we
report the percentage of positive transfers for each
transfer language. Both in parsing and POS tag-
ging, we observe significant presence of unseen
languages in high ranked positions (percentage of
unseen languages in top 10: parsing: 40%, POS
tagging: 40%, NER: 20%). At the sametime, they
provide positive scores similar to the cases of seen
languages. On the contrary, in NER, we observe
most of the unseen African languages are at the
lower ranked positions.

I Recipient Transfer Maps

In a similar manner
aggregated-transfer,

of calculating the
we calculate
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aggregated-target. For example, if a tar-
get language tg receives scores {ts1,..ts;, ..tSm }
from a set of m transfer languages L;; where
i € Lyy. Then the aggregated target score for ¢ f
would be:

D iy i

aggregated — target(tg) =
n

This way we identify how much a target lan-
guage get benefited from all the transfer languages.
In Figure 5, we present the Recipient Transfer
Maps across tasks. We plot the percentage of posi-
tive/negative aggregated-target scores and cor-
responding target languages. Now looking at these
maps, we observe the presence of universal tar-
get languages (2-5 %) which always receive pos-
itive transfer from all of the 38 source languages
in two out of three tasks (exception: POS tagging).
Wheres, around 28% languages in parsing and tag-
ging, 32.8% in NER never receive any positive
transfer. We observe out of 40 languages which
receive positive transfer in more than 90% times,
25 languages are unseen low resourced languages.
The complete list of target languages which never
receive and which almost always receive positive
transfer is presented in Table 19.

J Maximum Score Recipients are
low-resourced

In Table 20, we report all the recipients those re-
ceive maximum transfer scores at different steps
of mlm fine-tuning. From the results, it is evi-
dent that, a multilingual model almost always ben-
efits certain unseen, low-resource as well as en-
dangered languages largely. We observe out of
19 max-recipients, 17 are mBERT-unseen languages.
Moreover, the two other seen-languages: Bavarian
German and Low German are also low-resourced
languages.

K Task Matters

In Figure 6, we present the commonality graph
of transfer language ranking across all three tasks.
Spearman rank correlation with p value is presented
in Table 21.

L Transfer Languages with High
Variance

In Figure 7, we present the violin plots

for all the transfer languages sorted by their



Dependency Parsing

mBERT Continious Steps Lang. Interaction Improvement

lang base 1 10 100 1000 [1A] [2A] [3A] | Impc.r Impeiiooo Imps
ell 92.82 | 92.73 9239 92.09 9146 | 91.97 9191 9198 | no no no
tel 90.15 | 89.33 8943 87.92 85.01 | 89.74 89.44 89.46 | no no no
spa 90.02 | 89.87 89.42 89.00 88.16 | 89.09 89.20 89.24 | no no no
hin 89.04 | 88.77 88.35 87.76 87.09 | 88.28 8822 88.29 | no no no
hun 87.20 | 87.14 8649 85.65 85.06 | 86.25 86.29 86.36 | no no no
heb 85.59 | 8536 85.06 84.56 83.82 | 85.01 8496 8497 | no no no
swe 8545 | 8532 85.03 84.88 8430 | 84.76 84.81 84.88 | no no no
tam 8448 | 84.37 82.84 83.04 81.68 | 83.70 8346 83.40 | no no no
cym 83.26 | 83.15 8258 8245 8195 | 83.11 83.06 83.10 | no no no
hye 82.27 | 81.88 81.49 81.08 80.22 | 80.95 81.02 81.02 | no no no
pcm 81.04 | 80.32 79.11 7847 7791 | 7932 79.50 79.52 | no no no
est 80.78 | 80.68 80.03 79.80 79.03 | 79.88 79.96 80.04 | no no no
gle 79.65 | 79.21 79.03 78.66 78.99 | 79.09 79.09 79.14 | no no no
zho 7042 | 7041 70.10 69.66 70.17 | 64.74 70.06 70.46 | no no yes
wol 69.46 | 68.66 68.09 064.63 67.32 | 6896 69.05 69.10 | no no no
ara 31.25 | 31.15 3129 3099 2997 | 3045 30.38 30.37 | no no no
fra 27.84 | 27.56 2646 2470 24.19 | 2492 2496 2495 | no no no
jpn 22.54 | 22.50 2252 22773 2249 | 2243 2243 2242 | no no no
deu 89.37 | 89.40 88.67 8839 87.43 | 89.10 89.28 89.35 | yes no no
bul 89.32 | 89.32 89.01 89.01 89.09 | 89.12 89.18 89.21 | yes no no
rus 88.09 | 88.14 87.96 87.53 87.03 | 87.82 87.88 87.94 | yes no no
eng 79.62 | 79.76  79.56 7939 78.86 | 80.18 80.18 80.24 | yes no yes
ben 7531 | 76.69 73.53 73.00 69.31 | 74.69 7571 75.87 | yes no yes
bre 70.79 | 7190 69.82 71.04 72.12 | 73.58 73.76 73.86 | yes yes yes
kor 64.02 | 6433 6431 6376 65.02 | 6433 6435 64.43 | yes yes yes
fin 63.54 | 64.58 6345 63.26 63.84 | 6422 6437 6445 | yes yes yes
yor 40.92 | 42.80 40.40 42.17 47.59 | 42.55 4284 4293 | yes yes yes
kmr 31.94 | 3244 31.73 32775 4530 | 32.54 32.10 32.03 | yes yes yes
bam 29.99 | 3043 30.87 2995 38.13 | 30.74 30.81 30.78 | yes yes yes
gub 21.64 | 21.97 2096 2292 3452 | 23.83 2373 23.52 | yes yes yes

Table 7: Dependency Parsing results. Improvement: Imp..; cont. step 1-base. Imp..1000: cont. steps 1000-base.
Imp;: improvement in language interactions ([1A1/[2A]/[3A]) versus baseline. Languages unseen by mBERT
are in bold font.
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Dependency Parsing (Model Comparison)
| mBERT | XLM-R
lang | base 110 100 1000 | basex  1_x 10_x 100_x 1000_x

ell 92.82 9273 9239 92.09 9146 | 9333 9327 93.01 92.59 92.86
tel 90.15 89.33 8943 8792 8501 | 8849 87.88 86.34 8599 86.41
spa | 90.02 89.87 8942 89.00 88.16 | 89.66 89.70 89.38 88.92 89.26
deu | 89.37 89.40 88.67 88.39 8743 | 89.71 89.63 89.09 88.74 89.30
bul | 89.32 89.32 89.01 §89.01 89.09 | 90.19 9031 90.22 89.73 90.19
hin | 89.04 88.77 8835 &87.76 87.09 | 89.46 89.50 89.13 88.06 88.41
rus 88.09 88.14 8796 87.53 87.03 | 88.72 88.76 88.62 88.16 88.45
hun | 87.20 87.14 86.49 85.65 85.06 | 89.16 89.13 88.78 88.40 88.73
heb | 8559 8536 85.06 84.56 83.82 | 8622 86.14 85.87 8554 85.69
swe | 8545 8532 85.03 84.88 8430 | 8588 8584 8555 85.18 85.47
tam | 84.48 8437 82.84 83.04 81.68 | 84.59 84.66 8432 84.35 85.35
cym | 83.26 83.15 8258 8245 8195 | 8353 8332 8275 82.38 83.11
hye | 82.27 81.88 81.49 81.08 80.22 | 84.61 84.54 84.18 83.79 84.28
pcm | 81.04 80.32 79.11 7847 7791 | 79.58 79.38 78.48 77.87 79.37
est 80.78 80.68 80.03 79.80 79.03 | 83.96 8396 8352 83.20 83.55
gle | 79.65 79.21 79.03 78.66 7899 | 8138 81.42 80.62 80.05 80.79
eng | 79.62 79.76 79.56 79.39 7886 | 7899 7877 7842 77.86 78.27
ben | 7531 76.69 7353 73.00 69.31 | 69.06 69.09 68.88 66.28 69.94
bre | 70.79 7190 69.82 71.04 7212 | 63.88 6351 6270 61.99 65.45
zho | 7042 70.41 70.10 69.66 70.17 | 7047 7059 70.39 70.11 70.31
wol | 69.46 68.66 68.09 64.63 6732 | 6795 67.78 6651 64.33 64.88
kor | 64.02 6433 6431 63.76 6502 | 63.83 63.58 63.19 63.59 64.54
fin 63.54 64.58 6345 6326 63.84 | 69.12 68.73 68.07 68.63 69.62
yor | 4092 4280 4040 42.17 4759 | 2322 2270 2270 24.24 38.40
kmr | 31.94 3244 3173 3275 4530 | 64.53 64.08 62.50 64.94 66.41
ara | 31.25 31.15 31.29 3099 29.97 942 954 10.04 9.84 8.82
bam | 29.99 3043 30.87 2995 38.13 | 29.68 29.70 29.28 29.16 34.20
fra 27.84 27.56 2646 2470 2419 | 19.59 1999 1849 16.18 19.34
jpn | 22.54 2250 2252 2273 2249 7.87 765 7.84 7.30 6.91
gub | 21.64 21.97 2096 2292 3452 | 2222 21.82 2209 2343 36.49

Avg.‘69.26 69.34 68.67 6837 6924 | 6828 68.17 67.70 6736  69.16

Table 8: Dependency Parsing results comparison using mBERT and XLM-R (for languages present in both transfer
and target set.)
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POS Tagging

mBERT Continious Steps Lang. Interaction Improvement

lang base 1 10 100 1000 [1A] [2A] [3A] | Impc.r Impeiiooo Imps
spa 97.84 | 97.80 97.66 97.60 97.41 | 97.67 97.71 97.72 | no no no
ell 97.25 | 97.16 97.17 96.99 96.87 | 97.02 97.09 97.10 | no no no
heb 95.22 | 95.07 9491 9472 9452 | 9486 94.89 94.89 | no no no
swe 95.17 | 95.04 95.00 9492 9490 | 9497 95.01 95.02 | no no no
hun 94.28 | 94.17 94.03 9394 93.82 | 9391 94.01 94.03 | no no no
rus 94.10 | 94.08 94.03 93.84 93.59 | 93.89 9392 9394 | no no no
pcm 9298 | 92.77 92.17 91.84 91.23 | 9225 9246 9255 | no no no
hin 9223 | 92.00 91.76 91.61 91.39 | 91.98 92.00 92.01 | no no no
est 91.12 | 90.90 90.65 90.48 90.65 | 90.68 90.77 90.80 | no no no
hye 91.08 | 90.78 90.50 90.13 89.58 | 90.74 90.86 90.89 | no no no
cym 89.69 | 89.36 89.03 88.83 88.60 | 88.96 89.15 89.22 | no no no
tel 88.60 | 88.42 8846 87.83 87.81 | 87.94 8795 8793 | no no no
gle 88.29 | 88.08 87.62 87.13 87.49 | 87.72 87.81 87.83 | no no no
wol 85.58 | 84.85 84.16 82.06 82.08 | 84.11 84.64 84.82 | no no no
eng 84.65 | 84.64 84.63 84.62 8458 | 84.62 8474 84.77 | no no yes
tam 83.10 | 82.74 82.19 8239 8238 | 82.87 82.72 82.70 | no no no
ben 80.34 | 7935 7856 79.29 79.56 | 81.10 80.43 80.39 | no no yes
bam 30.30 | 30.27 30.74 3392 4949 | 30.65 30.51 3045 | no yes yes
gub 28.49 | 28.11 28.66 30.02 36.64 | 28.82 28.77 28.85 | no yes yes
jpn 7.85 7.73 7.80 791 7.84 7.58 7.67 7.68 | no no no
bul 96.12 | 96.13 96.07 96.08 96.12 | 96.05 96.01 96.01 | yes no no
deu 90.55 | 90.56 90.47 90.13 90.22 | 90.68 90.69 90.70 | yes no yes
zho 80.45 | 80.50 80.54 80.55 79.72 | 79.34 79.71 7991 | yes no no
fin 7798 | 78.30 77.83 7778 7836 | 77.82 77.83 77.83 | yes yes no
bre 6691 | 67.28 67.67 68.15 70.26 | 68.02 67.79 67.72 | yes yes yes
kor 56.28 | 5642 5649 56.61 57.72 | 56.59 56.58 56.57 | yes yes yes
yor 4591 | 48.22 46.73 5124 5728 | 4571 4545 4545 | yes yes no
kmr 40.16 | 40.35 40.49 4276 55.82 | 41.04 40.79 40.64 | yes yes yes
fra 16.35 | 1647 16.66 1663 16.24 | 16.77 16.79 16.79 | yes no yes
ara 8.61 8.70 8.76 8.53 5.17 8.74 8.86 8.88 | yes no yes

Table 9: POS Tagging results. Improvement: Imp..; cont. step 1-base. Imp..1000: cont. steps 1000-base. Imp;:
improvement in language interactions ([1A]/[2A1/[3A]) versus baseline. Languages unseen by mBERT are in
bold font.
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POS Tagging (Model Comparison)
| mBERT | XLM-R
lang | base 110 100 1000 | basex  1_x 10_x 100_x 1000_x

spa | 97.84 97.80 97.66 97.60 97.41 | 97.80 97.78 97.74 97.65 97.61
ell 9725 97.16 97.17 9699 96.87 | 97.51 9750 9747 97.43 97.45
bul | 96.12 96.13 96.07 96.08 96.12 | 96.79 96.75 96.68 96.58 96.58
heb | 9522 95.07 9491 94.72 9452 | 96.41 9630 96.16 96.16 96.24
swe | 95.17 95.04 9500 9492 9490 | 96.22 96.20 96.29 96.26 96.17
hun | 9428 94.17 94.03 9394 9382 | 9553 9557 9551 9524 95.17
rus 94.10 94.08 94.03 93.84 9359 | 9445 9440 9430 94.32 94.32
pcm | 9298 92.77 92.17 91.84 9123 | 93.44 9320 9191 9224 92.39
hin | 9223 92.00 91.76 91.61 91.39 | 9347 9342 9331 9296 93.12
est 91.12 9090 90.65 9048 90.65 | 93.46 9342 9330 93.16 93.35
hye | 91.08 90.78 90.50 90.13 89.58 | 93.76 93.80 93.70 93.43 93.52
deu | 90.55 90.56 90.47 90.13 90.22 | 90.04 90.03 90.01 90.00 90.00
cym | 89.69 8936 89.03 88.83 88.60 | 9192 91.83 91.60 91.55 91.50
tel 88.60 88.42 8846 87.83 87.81 | 91.58 91.78 91.17 90.91 91.38
gle 88.29 88.08 87.62 87.13 87.49 | 91.51 9149 91.13 90.79 91.22
wol | 8558 84.85 84.16 82.06 82.08 | 84.14 83.84 8321 81.84 81.99
eng | 84.65 84.64 84.63 84.62 8458 | 86.30 8583 84.72 85.59 86.40
tam | 83.10 82.74 82.19 8239 8238 | 8555 8571 8579 85.76 85.73
zho | 80.45 80.50 80.54 80.55 79.72 | 8544 8532 8529 85.56 85.36
ben | 80.34 7935 7856 79.29 79.56 | 83.65 8336 8337 83.35 84.36
fin 7798 7830 77.83 77.78 7836 | 83.76 83.57 83.35 83.59 83.38
bre | 6691 6728 67.67 68.15 70.26 | 61.11 6097 61.72 61.73 64.70
kor | 5628 56.42 56.49 56.61 57.72 | 57.17 57.06 57.06 57.10 57.17
yor | 4591 4822 46.73 5124 5728 | 2688 2641 2637 27.63 45.90
kmr | 40.16 4035 4049 4276 55.82 | 7485 7496 75778 76.26 76.95
bam | 30.30 30.27 30.74 33.92 4949 | 2946 2922 2949 29.61 36.49
gub | 2849 28.11 28.66 30.02 36.64 | 2997 30.17 31.05 31.48 41.21
fra 1635 1647 16.66 16.63 1624 | 14.16 14.14 1428 13.84 13.59
ara 861 870 876 853 5.17 815 827 8.36 8.38 7.03
jpn 7.8 773 7.80 791 7.84 7.61 7.60 744 7.46 7.34

Avg. ‘ 7292 7287 72771 7295 7424 | 7440 7433 7425 74.26 75.59

Table 10: POS Tagging results comparison using mBERT and XLLM-R (for languages present in both transfer and
target set.)
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NER

mBERT Continious Steps Lang. Interaction Improvement

lang base 1 10 100 1000 [1A] [2A] [3A] | Impca Impeiooo  Imps
spa 90.66 | 90.56 90.18 89.41 87.74 | 90.20 90.26 90.26 | no no no
bul 89.40 | 89.28 89.07 88.62 87.54 | 89.09 89.09 89.10 | no no no
fra 88.14 | 8795 87.56 86.53 85.19 | 87.63 87.77 87.80 | no no no
fin 87.63 | 87.60 8744 87.15 86.43 | 87.54 8746 8746 | no no no
est 87.40 | 87.27 86.93 86.28 8536 | 8692 87.04 87.10 | no no no
ell 85.81 | 85.71 8495 8436 83.02 | 8544 8550 85.54 | no no no
gle 83.97 | 82.50 81.96 80.24 80.10 | 81.84 8240 82.58 | no no no
ara 83.69 | 83.50 82.73 80.85 79.29 | 83.04 83.18 83.23 | no no no
bre 83.20 | 83.10 82.00 80.45 79.60 | 82.50 8271 82.74 | no no no
hin 82.53 | 82.31 81.87 80.21 76.62 | 82.56 8240 82.41 | no no yes
kor 81.67 | 81.66 81.27 79.75 7822 | 81.43 8141 8142 | no no no
eng 79.43 | 7933 79.03 7852 7496 | 79.07 79.18 79.20 | no no no
nep 78.33 | 77.32 7797 75.63 69.80 | 78.15 77.71 77.62 | no no no
tam 78.10 | 77.42 77.11 7453 72.03 | 77.20 77.00 77.04 | no no no
heb 76.53 | 7641 7592 75.09 73.56 | 76.19 76.04 76.07 | no no no
tel 76.04 | 75.37 75.12 70.86 68.86 | 75.54 75.06 75.03 | no no no
mya 73.15 | 7292  70.71 69.51 6359 | 71.88 71.54 71.70 | no no no
zho 72.07 | 71.94 71.62 69.65 64.61 | 6244 69.03 70.95 | no no no
ibo 61.06 | 57.30 57.21 5372 5540 | 57.52 57.76 57.70 | no no no
jpn 59.85 | 59.59 5838 56.79 5338 | 5893 58.65 58.68 | no no no
swe 91.41 | 9147 9125 90.86 90.06 | 91.27 91.29 91.32 | yes no no
hye 90.10 | 90.59 90.23 87.55 83.25 | 90.32 90.46 90.50 | yes no yes
hun 88.42 | 88.49 88.30 8749 86.78 | 88.40 88.35 88.37 | yes no no
pms 88.22 | 89.09 88.90 88.25 87.59 | 88.15 8747 87.61 | yes no no
cym 85.75 | 8591 8523 83.19 81.81 | 8525 8534 8539 | yes no no
deu 85.53 | 85.62 85.38 84.67 8332 | 85.07 8525 85.32 | yes no no
rus 84.76 | 84.78 84.38 83.56 80.82 | 84.51 8449 84.51 | yes no no
ben 84.75 | 84.85 83.32 80.53 72.14 | 83.12 83.62 83.73 | yes no no
kin 7238 | 72.74 7176 68.79 68.50 | 7048 71.11 71.85 | yes no no
yor 67.53 | 70.33 72.11 69.40 5134 | 79.11 77.58 76.04 | yes no yes

Table 11: NER results. Improvement: Imp..; cont. step 1-base. Imp..1000: cont. steps 1000-base. Imp;:
improvement in language interactions ([1A]/[2A1/[3A]) versus baseline. Languages unseen by mBERT are in
bold font.
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NER (Model Comparison)
| mBERT | XLM-R
lang | base 1 10 100 1000 | base_x  1_x 10_x 100_x 1000_x

swe | 91.41 9147 9125 90.86 90.06 | 89.83 8991 89.96 §9.71 89.61
spa | 90.66 90.56 90.18 89.41 87.74 | 87.37 87.44 8744 87.21 87.13
hye | 90.10 90.59 90.23 87.55 8325 | 89.85 89.77 89.56 89.98 89.88
bul | 89.40 89.28 89.07 88.62 87.54 | 87.63 87.70 87.66 87.49 87.50
hun | 8842 8849 8830 8749 86.78 | 86.59 86.58 86.26 86.29 86.07
pms | 88.22 89.09 8890 88.25 8759 | 87.12 8742 87.17 88.22 90.54
fra 88.14 8795 87.56 86.53 85.19 | 84.54 8453 84.28 84.18 84.20
fin 87.63 87.60 87.44 87.15 86.43 | 8595 8580 85.65 85.87 85.67
est 87.40 8727 8693 86.28 8536 | 85.13 8518 85.07 84.78 84.87
ell 85.81 8571 8495 8436 83.02 | 84.16 84.25 84.09 84.07 83.96
cym | 8575 8591 8523 83.19 81.81 | 82.74 8221 8237 82.06 82.25
deu | 8553 85.62 8538 84.67 8332 | 83.08 83.17 8333 82.81 82.78
rus 84.76 84.78 84.38 83.56 80.82 | 82.84 82.72 82.38 82.17 82.28
ben | 84.75 84.85 8332 8053 72.14 | 8142 81.82 8152 80.14 80.20
gle 83.97 8250 8196 80.24 80.10 | 81.69 81.01 80.79 80.17 80.73
ara | 83.69 83.50 82.73 80.85 79.29 | 80.97 8091 80.56 80.23 80.24
bre | 83.20 83.10 82.00 80.45 79.60 | 7732 7692 7697 7594 76.81
hin | 82.53 8231 81.87 80.21 76.62 | 8092 80.76 81.66 81.33 80.86
kor | 81.67 81.66 81.27 79.75 7822 | 7520 7525 75.07 74.77 74.73
eng | 7943 7933 79.03 7852 7496 | 7656 7656 76.82 76.21 75.35
nep | 7833 7732 7797 75.63 69.80 | 7654 7598 77.00 74.79 74.74
tam | 78.10 77.42 77.11 7453 7203 | 7635 7624 7625 7592 75.79
heb | 76.53 76.41 7592 75.09 7356 | 7341 7320 73.10 7291 72.80
tel 76.04 75.37 75.12 70.86 68.86 | 76.07 7627 75.78 74.77 74.09
mya | 73.15 7292 70.71 69.51 6359 | 73.03 73.12 7427 7443 72.31
kin | 7238 7274 71776 68.79 6850 | 71.23 7272 72.00 67.94 63.44
zho | 72.07 7194 71.62 69.65 64.61 | 6444 64.66 64.16 63.25 62.07
yor | 67.53 70.33 7211 6940 5134 | 7210 7207 7473 68.77 76.73
ibo | 61.06 5730 57.21 53.72 5540 | 63.68 63.15 60.89 57.25 61.05
jpn | 59.85 59.59 5838 56.79 5338 | 5492 5480 5431 53.07 52.81

Avg. | 81.25 81.10 80.66 79.08 76.36‘ 79.09 79.07 79.04 78.22 78.38

Table 12: NER results comparison using mBERT and XLM-R (for languages present in both transfer and target set.)
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XNLI

Continious Steps
lang | base 1 10 100 1000

mBERT

eng | 81.02 | 4542 45.01 42.86 43.18
spa | 77.33 | 46.59 4752 4487 40.96
deu | 76.27 | 46.79 47.71 46.63 39.57
zho | 7543 | 4645 44.74 4323 40.07
bul | 75.13 | 46.57 46.70 44.85 36.58
ell 73.89 | 4451 44.38 4421 36.28
rus | 73.59 | 4578 46.28 44.24 38.53
ara | 71.36 | 42.82 41.44 4137 39.34
hin | 67.68 | 41.74 42.61 40.19 35.02

XLM-R

eng | 84.03 | 83.91 83.87 83.38 83.54
spa | 80.60 | 80.67 80.92 80.26 80.38
bul | 80.24 | 80.24 80.16 79.72 80.45
deu | 79.38 | 79.33 79.32 7879 79.20
rus | 78.10 | 7820 78.43 78.05 78.05
ell 77.82 | 7777 77.61 7722 7T77.59
zho | 7741 | 77.44 7733 7749 71.37
ara | 75.63 | 7547 75.15 7455 7491
hin | 74.81 | 74.67 7435 74.02 74.55

Table 13: XNLI results for (continuous training) languages present in both transfer and target set.

TyDiQA
Continious Steps
lang | base 1 10 100 1000
mBERT

tel 58.45 | 58.19 57.53 56.55 56.50
eng | 56.14 | 55.89 5591 53.05 53.89
ara | 54.83 | 54.73 5440 49.28 50.99
rus | 50.37 | 49.93 49.15 36.16 43.74
fin | 50.13 | 50.09 5045 44.16 46.85
kor | 47.83 | 46.59 46.74 44.09 44.38
ben | 45.13 | 46.11 48.05 45.13 44.78

XLM-R

tel 56.20 | 56.46 55.65 55.72 56.35
eng | 52.50 | 52.82 53.18 52.89 52.70
ara | 51.57 | 51.69 49.16 48.02 51.13
rus | 4741 | 47.32 45.04 44.19 46.26
fin | 45.65 | 46.24 45.88 45.10 45.19
ben | 44.25 | 42.39 43.27 4097 43.45
kor | 42.03 | 4232 4290 43.01 43.22

Table 14: TyDiQA results (continuous training)for languages present in both transfer and target set.
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Transfer Languages Ranking using mBERT (Token Classification)

Rank Parsing POS Tagging NER
Lang ts  +(%) | lang ts  +(%) | lang ts  +(%)

mya  0.33 40.35 | kin 041 35.09 | zho 0.16 49.6
ell 0.15 3158 | kmr 0.36 36.84 | tel 0.08 328
kmr 0.14 3596 | mos 0.27 3421 | hun 0.08 40.8
yor 0.14 33.33 | hye 0.27 36.84 | heb 0.04 344
pem  0.13 31.58 | cym  0.22 37.72 | est 0.03 36.8
nep 0.12 35.96 | jpn 0.18 37.72 | cym 0.03 40.0
rus 0.11 3246 | mya 0.17 3947 | eng 0.02 384
mos 0.09 42.11 | nep 0.12 3158 | mos 0.00 32.0
9 pms 0.09 30.70 | pms 0.08 37.72 | tam  0.00 35.2
10 heb 0.08 30.70 | zho -0.04 34.21 | hau -0.07 35.2
11 tel 0.05 2632 | kor -0.07 3158 | gle -0.07 328
12 ibo 0.05 31.58 | ben -0.08 3246 |jpn -0.08 33.6
13 hau 0.04 37772 | bul  -0.08 24.56 | kor -0.09 35.2
14 gle 0.03 28.07 | bam -0.12 30.70 | swe -0.11 29.6
15 wol 0.03 3596 | ell -0.13 3333 | nep -0.13 312
16 bam 0.02 3246 | hin -0.13 3246 | mya -0.17 35.2
17 est 0.00 2895 |tam -0.14 3246 | hye -0.17 32.0
18 hye -0.03 31.58 | ibo -0.14 3246 | bul -0.18 27.2
19 cym -0.03 2895 | wol -0.14 27.19 | deu -0.20 32.8
20 ben -0.06 31.58 | pem -0.16 29.82 | bre -0.23 35.2
21 kin -0.06 29.82 | yor -0.16 36.84 | spa -0.28 28.0
22 ewe -0.08 38.60 | heb -0.26 30.70 | fin -0.29 272
23 hin -0.10 3246 | rus  -0.28 28.07 | ell -0.29 344
24 ara -0.12 3158 | hun -0.29 2544 | pms -0.29 320
25 deu -0.13 31.58 | ara -030 31.58 | ara -032 304
26 gub -0.14 34.21 | tel -0.31 2895 | yor -032 272
27 spa -0.18 30.70 | hau -0.34 29.82 | rus  -0.34 264
28 jpn -0.19 27.19 | gle  -0.34 28.07 | wol -041 328
29 bul -0.21 2544 | gab -034 23.68 | ben -0.54 272
30 swe -0.21 28.95 | fin -0.35 2544 | ibo  -0.54 29.6
31 eng -0.22 27.19 | eng -035 2632 | kin -056 31.2
32 bre -0.23  28.95 | est -0.35 29.82 | fra -0.59  29.6
33 hun  -0.23 2193 | bre -0.39 31.58 | kmr -0.61 25.6
34 tam  -0.24 21.05 | fra -0.41 2895 | pem -0.69 25.6
35 fin -0.26 2632 | dew -044 2632 | bam -0.69 304
36 fra -0.37 24.56 | spa  -0.53 2544 | hin -0.72 21.6
37 kor  -0.38 2632 | swe -0.66 27.19 | ewe -0.76 24.8
38 zho  -048 17.54 | ewe -0.79 23.68 | gub -098 24.8

0 NN N kW=

Table 15: Transfer Languages ranked by aggregated transfer scores (ts) overall target languages across token
classification tasks using mBERT. Languages unseen by mBERT are in bold font.
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Transfer Languages Ranking using XLM-R (Token Classification)

Rank Parsing POS Tagging NER
Lang ts  +(%) | lang ts  +(%) | lang ts  +(%)

nep 0.02 23.68 | hin 0.18 39.47 | rus 1.15  40.0
zho  -0.00 34.21 | ben 0.10 36.84 | ell 1.04 41.6
mya -0.01 2193 | mya 0.04 3421 | tel 0.76 41.6
ben  -0.08 26.32 | nep 0.01 34.21 | heb 0.70 464
hin -0.09 29.82 | bul 0.01 40.35 | ben 0.64 36.0
tam  -0.09 27.19 | eng -0.00 35.96 | tam 048 440
bre -0.11 23.68 | bre  -0.01 42.11 | hin 047 440
tel -0.13 20.18 | ara  -0.05 37.72 | pms 044 408
9 deu -0.13 2456 | gle -0.12 36.84 | bul 043 48.0
10 kor  -0.21 2193 | cym -0.13 4298 | hye 0.36  40.0
11 est -0.25 2456 | rus  -0.13 31.58 | ara 033 432
12 swe -0.25 2281 | hye -0.16 36.84 | swe  0.32 48.8
13 pms -0.25 3158 | tam -0.17 3947 | kmr 031 464
14 hye -0.29 21.05 | heb -0.17 41.23 | fra 027 440
15 jpn -0.34 2193 | zho -0.24 25.44 | eng 025 512
16 fin -0.35 1842 | hau -0.24 38.60 | cym 022 488
17 cym -0.36 18.42 | fra -0.25 36.84 | mya 022 45.6
18 heb  -0.37 22.81 | tel -0.26  40.35 | gle 021 464
19 eng -0.39 23.68 | ell -0.30 39.47 | jpn 0.20 40.0
20 bul -0.42 1930 | deu -0.31 41.23 | fin 0.18 40.0
21 rus -0.47 17.54 | kor -031 4211 | hun  0.17 40.8
22 hau -0.50 16.67 | swe -032 41.23 | est 0.16 472
23 yor -0.50 1491 | spa  -0.32 30.70 | spa 0.16 4438
24 ell -0.52 18.42 | est -0.34 38.60 | deu 0.15 424
25 kin -0.54 19.30 | pms -0.43 29.82 | nep 0.13 440
26 gle -0.55 16.67 | fin -0.50 29.82 | bre 0.13  40.0
27 fra -0.56 20.18 | hun -0.54 28.07 | hau 0.12 424
28 ara -0.57 19.30 | kin  -0.56 2895 | kor -0.02 44.0
29 spa -0.66 17.54 | kmr -0.57 28.07 | pem -0.04 38.4
30 hun  -0.66 1491 | pem -0.70 16.67 | wol -0.11 36.8
31 bam -0.74 15.79 | jpn  -0.72 3246 | ibo -0.12 36.0
32 kmr -0.85 1930 | mos -0.84 28.07 | gub -0.17 36.0
33 mos -0.90 1842 | ewe -0.88 2193 | mos -0.19 320
34 gub -095 15.79 | bam -0.89 20.18 | zho -0.20 304
35 ibo -1.22 1491 | yor -090 2632 | yor -020 37.6
36 wol -1.40 1491 | wol -0.97 2281 | ewe -032 304
37 pem -1.55 1053 | ibo -1.00 23.68 | kin -0.34 29.6
38 ewe -1.83 14.04 | gub -1.05 20.18 | bam -0.41 32.0

0 NN N kW=

Table 16: Transfer Languages ranked by aggregated transfer scores (ts) overall target languages across token
classification tasks using XLM-R. Languages unseen by mBERT are in bold font.
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Transfer Languages Ranking using mBERT (Sentence Classification & QA)

Rank XNLI ANLI TyDiQA
Lang ts  +(%) | lang ts  +(%) | lang ts  +(%)
1 hau -34.42 0.0 | bam -14.97 0.0 | zho  0.67 77.78
2 bam -34.85 0.0 | hau -17.82 0.0 | jpn 0.08 44.44
3 gub  -36.40 0.0 | gub -18.35 0.0 | gle -0.08 44.44
4 ewe -36.73 0.0 | deu -19.79 0.0 | wol -0.12 44.44
5 hin -37.08 0.0 | fin -19.93 00 | cym -0.14 3333
6 deu  -37.33 0.0 | hun -20.01 0.0 | mya -0.15 2222
7 kor  -37.86 0.0 | kor  -20.15 0.0 | mos -0.15 44.44
8 spa  -38.17 0.0 | zho -20.20 0.0 | hun -0.19 2222
9 kmr -38.25 0.0 | hin  -20.27 0.0 | fin -0.19 4444
10 fin -38.32 0.0 | pms -20.28 0.0 | kin -0.22 3333
11 rus -38.34 0.0 | yor -20.37 00 |est -025 3333
12 pms -38.35 0.0 | kin -20.63 0.0 | hye -0.25 33.33
13 hun  -38.57 0.0 | spa  -20.66 0.0 | tel -0.26  33.33
14 heb  -38.72 0.0 | mya -20.68 0.0 | eng -0.28 33.33
15 swe  -38.86 0.0 | heb -20.68 0.0 | ell -0.29 22.22
16 est -38.86 0.0 | ewe -20.74 0.0 | ewe -030 3333
17 gle -38.87 0.0 | rus  -20.74 0.0 | yor -030 3333
18 bul -38.90 0.0 | est -20091 0.0 | heb -033 2222
19 fra -38.91 0.0 | swe -20.93 0.0 | pms -034 2222
20 yor  -38.94 0.0 | gle -20.99 0.0 | tam -0.38 2222
21 ell -39.24 0.0 | bul -21.07 0.0 | ben -0.39 2222
22 kin  -39.37 0.0 | ell -21.10 0.0 | bul -041 3333
23 zho  -39.44 00 | ara -21.11 0.0 | deu -0.41 2222
24 ara -39.50 00 | kmr -21.11 0.0 | gub -042 2222
25 mya -39.56 0.0 | nep -21.17 0.0 | nep -0.42 33.33
26 eng  -39.74 0.0 | fra  -21.22 0.0 | swe -0.43 3333
27 hye  -40.04 0.0 | eng -21.28 0.0 | kor -045 2222
28 bre -40.07 0.0 | cym -21.39 0.0 | hin -047 2222
29 cym -40.13 0.0 | jpn  -21.43 0.0 | bre -0.48 11.11
30 nep  -40.25 0.0 | tam -21.45 0.0 | ara -0.51 3333
31 tel -40.31 0.0 | tel -21.51 0.0 | ibo  -0.57 33.33
32 ben  -40.31 0.0 | hye -21.62 0.0 | bam -0.61 2222
33 jpn -40.53 0.0 | bre  -21.65 0.0 | kmr -0.62 3333
34 mos -41.04 0.0 | mos -21.65 0.0 | spa  -0.66 2222
35 tam  -41.04 0.0 | wol -22.23 00 | rus -0.67 2222
36 wol  -42.67 0.0 | pcm -22.24 0.0 | hau -0.89 2222
37 pem  -43.37 0.0 | ibo  -22.36 0.0 | fra -1.04  11.11
38 ibo  -44.78 0.0 | ben -23.37 0.0 | pcm -1.10 2222

Table 17: Transfer Languages ranked by aggregated transfer scores (ts) overall target languages across Sentence
Classification & QA tasks using mBERT. Languages unseen by mBERT are in bold font.
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Transfer Languages Ranking using mBERT (Sentence Classification & QA)

Rank XNLI ANLI TyDiQA
Lang ts  +(%) | lang ts  +(%) | lang ts  +(%)

ewe 0.44 93.33 | hin 225 1000 | pem -0.42 55.56
bre 0.36 9333 | ell 1.34  80.0 | ell -0.44 2222
bam 0.30 93.33 | nep 1.33 100.0 | fin -0.46 44.44
pcm 030 93.33 | ara 1.31  80.0 | zho -047 44.44
ibo 0.28 80.00 | swe 1.31 100.0 | heb -047 11.11
rus 0.22 73.33 | tam 1.03  70.0 | ewe -0.51 55.56
wol 0.20 80.00 | bul 093 70.0 | tam -0.52 11.11
hau 0.13 7333 | fra 0.73 70.0 | eng -0.53 33.33
9 heb 0.08 66.67 | hun 0.39 60.0 | hin -0.55 22.22
10 kmr 0.08 66.67 | cym 036 60.0 | fra -0.56 33.33
11 pms 0.06 60.00 | deu 0.25 60.0 | tel -0.56 11.11
12 jpn 0.05 60.00 | eng 0.17 70.0 | deu -0.64 11.11
13 zho 0.05 60.00 | tel 0.13  60.0 | swe -0.67 11.11
14 bul 0.03 53.33 | fin 0.10 40.0 | nep -0.67 11.11
15 fra -0.00 5333 | spa  -0.08 60.0 | hun -0.69 11.11
16 spa -0.01 46.67 | kor -0.10  50.0 | est -0.70 22.22
17 mya -0.04 53.33 | rus -0.10 500 | kmr -0.71 44.44
18 kin -0.04 40.00 | heb -0.10 50.0 | rus -0.72  0.00
19 hye  -0.05 53.33 | est -0.14  60.0 | gle -0.73 22.22
20 deu -0.09 3333 | mya -0.14 40.0 | hau -0.77 2222
21 eng -0.11 3333 | ben -0.19 50.0 | ben -0.77 11.11
22 gle -0.11 26.67 | gle -027 30.0 | kor -0.78 0.00
23 est -0.11 3333 | hau -048 60.0 | spa  -0.79  0.00
24 mos -0.11 40.00 | zho -1.00 0.0 | bul -0.81 0.00
25 swe -0.12 3333 | kmr -1.07 300 | hye -091 0.00
26 tel -0.13  40.00 | hye -1.14 20.0 | cym -0.92 22.22
27 cym -0.14 3333 | jpn  -1.32  10.0 | gub -1.02 11.11
28 ara -0.18 26.67 | pem -1.53 100 | wol -1.02 11.11
29 ben  -0.20 20.00 | bre  -2.10 0.0 | ibo -1.03 33.33
30 gub -023 1333 | gub -2.19 20.0|ara -1.08 0.00
31 nep -0.23 20.00 | pms -2.60 0.0 | bam -1.12 11.11
32 kor -0.36  6.67 | yor  -2.88 0.0 | mos -1.15 11.11
33 hin -0.39  6.67 | kin -4.28 00 | jpn -1.15 0.00
34 ell -0.45 0.00 | mos -454 100 | bre -1.19 11.11
35 yor  -0.45 13.33 | bam -4.87 00 | pms -1.22  0.00
36 fin -046  6.67 | wol -5.01 0.0 | kin -1.30 11.11
37 tam -047 6.67 | ewe -502 10.0 | mya -149 0.00
38 hun  -0.70  0.00 | ibo  -5.95 0.0 | yor -1.57 11.11

0NN N kW~

Table 18: Transfer Languages ranked by aggregated transfer scores (ts) overall target languages across Sentence
Classification & QA tasks using XLM-R. Languages unseen by mBERT are in bold font.
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Figure 5: Recipient Transfer Map: we observe universal positive recipients as well as languages those never receive
positive transfer across tasks. Circle size represents the percentage of languages fall to a transfer range.
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Tasks

Never Receives

Positive Transfer (%)
(90-99]

Universal Recip-
ient

Dependency
Parsing

ell, isl, gre, mlt, fra, qtd, hrv,
lav, urb, fas, ukr, spa, cym,
tel, pcm, afr, swe, est, nor,
hsb, orv, cat, slv, chu, sme,
eus, slk, hye, gla, urd, hin,
fro, lit, lat, san, wol, lij, got,
srp, 1zh

tpn, koi, glv, kor, krl,
mdf, jpn, amh, sqi

mpu, gun, nap

POS Tagging

ell, nld, isl, gre, lav, fas, ukr,
spa, cym, hun, pcm, afr, swe,
est, nor, hsb, tam, cat, chu,
sme, eus, hye, urd, ben, ita,
ron, lit, lat, wol, got, srp, 1zh

fra, eng, qhe, dan,
myu, glv, kor, tur, kaz,
akk, myv, nap

NER

nld, ell, tgl, fra, ces, bul, zho,
msa, sun, lav, gle, fas, kat,
spa, heb, hbs, afr, est, yid,
eng, tam, bre, vie, jpn, cat,
tha, slv, ceb, tur, mlg, slk,
swa, ben, uzb, ita, ron, tat, pol,

ksh, pms, aze, mzn,
oci, tgk, roh, khm,
aym, csb

bak, ast, uig,
kaz, nds, amh

zea, lin, ibo

Table 19: We find 25 languages out of 40 which receives positive transfer from almost any transfer languages (i.e.
column 90-99% and 100%) are unseen by mbert. (language codes in bold font are the unseen ones)
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Figure 6: Extent of commonality of top-transfer lan-
guages across task. Unseen languages perform gener-
ally well while the other language rankings mostly vary
across tasks.
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aggregated-transfer score variance. We ob-
serve, the unseen languages (bold font) are the
ones having large amount of variances across all
three tasks. We find the languages with high
variance can provide superior transfer for some
languages but at the same time hurt significantly
some other languages. For example, if we con-
sider the case of depndency parsing, we find ibo
(rank-1) and bam (rank-3) are two languages with
high variance. They provide maximum amount
of positive transfer some universal low-resourced
target languages like akk, koi, apu, tpn from di-
verse families including afro-asiatic, uralic, tupian.
At the same time, ibo also hurts a large number
of languages (10) including fra, nyq, sme, san
etc providing minimum amount of negative trans-
fer. On the other hand, there can be languages
with high variance providing either mostly positive
aggregated-transfer scores like mos or mostly
negative score like pcm. Interestingly, if we look
at the aggregated-transfer score and variance
of pcm in Table 22, we find the transfer is pos-
itive overall. Nevertheless it provides minimum
negative scores to 11 languages thus making it a
transfer language with high variance. On the other



Transfer Parsing POS Tagging NER
Language | 1 10 100 1000 | 1 10 100 1000 | 1 10 100 1000
gub mpu mpu gun gub |agz nap nap nap | amh amh amh bar
est nap tpn gun gun | nap nap nap nap | amh amh amh som
bre nap nap gun gun | nap nap nap nap | amh amh amh amh
eng nap mpu gun gun |nap nap nap nap | amh sin amh nds
ben nap nap nap gun |cop nap nap nap | amh sin amh amh
kmr nap mpu gun kmr |urb nap nap mnap | amh amh amh amh
spa nap mpu gun gun |nhap nap nap nap | amh amh amh roh
bul nap nap nap gun | nap nap nap amh | amh amh amh som
pms nap mnap nap mpu | nap nap nap nap |amh amh amh amh
gle nap nap mpu gun |agqz nap nap nap | amh amh amh som
nep nap tpn gun gun |aqz urb nap mnap | amh sin amh roh
cym nap nap gun gun | nap nap nap amh | amh sin amh som
fin nap nap tpn gun | nap nap nap nap | amh sin amh som
hye nap nap hap gun | nap nap nap nap |uig sin amh som
mya nap nap wbp gun |aqz urb nap mnap | amh amh amh amh
hin nap tpn gun gun |aqz aqz nap nap | amh amh amh som
tel nap nap gun gun |aqz nap nap amh | amh sin amh roh
tam nap nap gun gun | nhap nap nap nap | amh sin amh som
kor tpn mpu mpu tpn | nap nap nap nap | amh amh amh roh
ell nap tpn nap gun | nap nap nap nap | amh amh amh som
hun nap mpu gun gun | nap nap nap nap | amh amh amh som
heb nap nap nap gun | nap nap nap nap | amh amh amh som
zho tpn nap nap mpu | nap nap nap nap | amh amh amh amh
ara nap nap gun gun |nap nap nap nap |uig amh amh amh
swe nap nap gun gun | hap nap nap nap | amh sin amh som
jpn nap mpu mpu tpn |nap nap nap nap | amh amh amh amh
fra nap mpu gun gun | nap nap nap nap | amh amh amh som
deu tpn mpu gun gun | nap nap nap nap | amh amh amh som
rus nap nap gun gun |nap nap nap nap | amh sin amh roh
bam mpu wbp wbp gun |nap nap amh bam | amh wuig amh amh
ewe nap gun tpn gun |nap nap amh nap | amh sin amh nds
hau mpu nap gun gun |agqz nap nap amh | amh sin amh amh
ibo tpn mpu gun gun |aqz nap nap mpu |sin amh amh amh
kin mpu nap nap tpn nap nap nap nap | amh amh amh amh
mos mpu aqz gun gun |nap nap amh nap |sin sin amh amh
pcm nap nap wbp gun | kfm nap nap mnap | amh amh amh amh
wol nap aqz gun gun |nap nap nap amh | amh sin amh nds
yor nap nap wbp gun |nap nap nap nap | amh amh amh som

Table 20: Only bar and nds are seen by mbert. All other languages receiving maximum benefits continuously
are unseen by mbert (kfm, urb, gun, aqz, cop, roh, bam, tpn, som, kmr, uig, mpu, amh, sin, wbp, gub, nap). The
maximum score across different steps of training are bolded.
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Figure 7: Violin plots of transfer languages sorted by transfer score variance. mBERT unseen languages are in red

ones with either (i) mostly positive while signif-

color font.
‘ DEP POS NER
DEP - (-0.34, 0.04) (0.40, 0.01)
POS Tagging | (-0.34, 0.04) - (-0.15,0.37)
NER (0.40,0.01) (-0.15,0.37) -)

icantly hurting a few, (ii) mostly negative while
significantly boosting performance for a few, or
(iii) Performing both (i) and (ii) concurrently being

Table 21: (Spearman Rank correlation, p value) for
correlation of transfer language ranking across token-
classification tasks. Statistically significant relations are
in bold font.

hand, low variance languages are the ones those do
not significantly affect any transfer languages like
arabic (rank 37). Though the overall transfer score
is negative (-0.12) for arabic, it fails to provide
maximum or minimum transfer score to any target
language making it neutral. So, overall it is evident
that, transfer languages with high variance are the

highly influential as well as detrimental at the same
time. Languages unseen by mBERT during pretrain-
ing exhibit all three kinds of characteristics with
high intensity (see Table 23 for examples). In Table
22, we report the transfer score with variance as
well as the count of maximum/minimum transfer
score recipients for all transfer languages across
tasks.

M Seen vs Unseen Languages

In Figure 8, we report the aggregated and averaged
transfer scores we get for mBERT seen vs unseen
languages.
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Parsing POS Tagging NER
Rank | Lang Transfer (Max, Min) | Lang Transfer (Max, Min) | Lang Transfer (Max, Min)
(Var.) # (Var.) # (Var.) #
1 ibo 0.05 (23.5) (10, 10) ewe -0.79 (120.4) 5,30 yor -0.32 (44.4) (2,6)
2 hau 0.04 (22.7) 2,2) bam -0.12 (101.2) 5,0 ibo -0.54 (42.0) (3,18)
3 bam  0.02 (21.5) (11, 15) mos 0.27 (69.8) 4,3) gub -0.98 (41.2) 3,14)
4 kin -0.06 (21.4) 3,1 kin 0.41 (69.1) 3,0 zho 0.16 (32.7) (46, 3)
5 wol 0.03 (17.6) 5,6) ibo -0.14 (68.0) 5, 10) wol -0.41 (32.4) 5,6)
6 mos 0.09 (16.1) (13,2) hau -0.34 (52.5) (1,3) mos 0.0 (29.5) 2,1
7 ewe -0.08 (14.5) 4,5) wol -0.14 (51.9) (8, 10) kmr -0.61 (25.6) 3,8
8 pcm 0.13 (13.4) 1,11) zho -0.04 (45.6) (26,7) spa -0.28 (24.5) 1,1
9 hin -0.1 (13.1) 4,3) gub -0.34 (41.3) 3,4) gle -0.07 (21.1) (1, 1)
10 spa -0.18 (11.5) 2,3) spa -0.53 (39.6) ©,2) heb 0.04 (21.1) 3,0)
11 gub -0.14 (10.7) 5,3) fra -0.41 (37.2) 2,6) ewe -0.76 (19.0) ©,5)
12 kmr 0.14 (10.2) ©, 1) tel -0.31 (36.6) ©, 1 hin -0.72 (18.6) (1,12)
13 nep 0.12 (10.1) @&, 1) swe -0.66 (32.2) (1,3) fin -0.29 (18.3) ©, 1)
14 swe -0.21 (10.0) ©,2) bul -0.08 (28.9) ©, 0) rus -0.34 (17.4) ©, 1)
15 pms 0.09 (9.7) 3,1 fin -0.35 (28.9) ©, 1 hau -0.07 (17.1) (7,0)
16 fra -0.37 (9.1) 1, 8) deu -0.44 (26.0) 0, 0) ben -0.54 (17.0) 4,3)
17 yor 0.14 (8.9) 3,3) tam -0.14 (22.9) ©,0) bam -0.69 (16.1) 4,1
18 tel 0.05 (8.7) 1,2) pcm -0.16 (22.1) (3, 14) kin -0.56 (13.2) 1,3)
19 fin -0.26 (8.6) 1,1 bre -0.39 (21.4) (1,0) ara -0.32 (13.1) ©, 1)
20 rus 0.11 (8.5) ©, 1) kmr 0.36 (21.2) (11, 6) hun 0.08 (12.2) 2,0)
21 ell 0.15 (8.3) (1,0) yor -0.16 (21.0) 1, n hye -0.17 (12.1) ©, 1)
22 bul -0.21 (6.9) 1,1 ben -0.08 (20.6) @3,2) pem  -0.69 (11.8) (6, 25)
23 zho -0.48 (6.9) (5, 10) hun -0.29 (20.4) 3B, D swe -0.11 (10.1) 0, 0)
24 gle 0.03 (6.8) 1,1 eng -0.35 (18.8) 2,1 fra -0.59 (9.5) ©,5)
25 tam -0.24 (6.7) (1,3) heb -0.26 (17.3) ©, 1 bul -0.18 (9.0) ©, 1)
26 eng -0.22 (6.4) ©, 0) rus -0.28 (15.3) 0, 0) ell -0.29 (8.8) 1,1
27 est 0.0 (6.1) 1,1 gle -0.34 (13.7) ©,2) tel 0.08 (8.6) (1,0)
28 ben -0.06 (6.0) 3,1 jpn 0.18 (13.6) (11,0) deu -0.2 (8.4) ©,0)
29 hun -0.23 (5.9) ©,2) hye 0.27 (12.8) 2,0) nep -0.13 (8.1) 1,1
30 heb 0.08 (5.8) ©, 1) ara -0.3 (11.7) 0, 0) cym 0.03 (7.8) 2,1
31 deu -0.13 (5.7) 1,4) ell -0.13 (11.1) (1,0) est 0.03 (7.8) 0, 0)
32 bre -0.23 (5.7) 1,1 est -0.35(9.1) 1,1 tam 0.0 (7.1) (3,0)
33 mya 0.33 (5.6) 9,0) pms 0.08 (8.8) 2,0) bre -0.23 (5.6) (1,0)
34 kor -0.38 (5.6) ©, 1) nep 0.12 (8.4) 6, 0) mya -0.17 (5.3) 5,2)
35 hye -0.03 (5.4) ©,2) cym 0.22 (6.7) ©, 0) jpn -0.08 (5.3) 4,1
36 ara -0.12 (5.1) ©, 0) hin -0.13 (6.4) ©, 3) eng 0.02 (5.1) 6,1
37 jpn -0.19 (3.9) (14, 2) kor -0.07 (5.8) (1,0) pms -0.29 (5.0) (1,0)
38 cym -0.03 (2.9) (1, 3) mya 0.17 (2.7) @3, 1) kor -0.09 (4.4) 7,1

Table 22: Transfer languages are sorted by transfer score variance (mBERT unseen languages are in bold font).
# Max Transfer and # Min Transfer denote the count of target languages which receive maximum and minimum
transfer from this particular transfer language.

N Transfer Progression Graphs

From Figure 9 to 18, we present the transfer pro-
gression graphs for all 38 transfer languages. We
observe POS tagging always have comparatively
larger deviation which increase with the progres-
sion of training steps. In addition, for different
time steps in each graph, we provide percentage of
positive/negative transfers and the top performing
target languages. This way, we observe top target
languages that can get continuous improvement
for each transfer language even after thousands of
steps.
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Type Transfer Variance | max(+)— min(-)—
Language

(+and -) | ibo high aii, ajp, apu, arr, ces, gle, | grc, hsb, hye, kfm, otk,
gub, koi, krl, yor san, sme, sqi, srp, urb

(+and -) | bam high bho, bam, bre, bxr, kfm, | ajp, ara, chu, gla, got, krl,
kmr, kpv, mpu, rus, soj, | Izh, nld, orv, gpm, qtd,
wbp swl, tha, tgl, zho

(+) mos high aqz, bel, bul, eng, ind, ita, | arr, wbp
kaz, lit, myv, pol, tam, tgl,
ukr

(-) pcm high tha aii, bho, ell, eng, eus, hrv,

isl, lat, lit, nor, ghe
neutral eng low - -
neutral ara low - -

Table 23: Characteristics of example transfer languages with different intensity of variance derived from dependency
parsing task results. max(+)— represents set of target language which receive maximum score for the specific

transfer language wheres, min(-)— represents the complete oposite.
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Figure 8: Transfer-Target Heatmap for mbert seen and unseen languages
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Language is0-639  Family Genus Script mBERT-seen?

Hebrew heb Afro-Asiatic Semitic Hebr

Arabic ara Afro-Asiatic Semitic Arab

Hausa hau Afro-Asiatic West Chadic Latn X

Telugu tel Dravidian Dravidian Telu

Tamil tam Dravidian Dravidian Taml

Armenian hye Indo-European ~ Armenian Armn

Breton bre Indo-European  Celtic Latn

Irish gle Indo-European  Celtic Latn

Welsh cym Indo-European  Celtic Latn

English eng Indo-European  Germanic Latn

Swedish swe Indo-European  Germanic Latn

German deu Indo-European  Germanic Latn

Modern Greek (1453-) ell Indo-European  Greek Grek

Bengali ben Indo-European  Indic Beng

Nepali (macrolanguage) nep Indo-European  Indic Deva

Hindi hin Indo-European  Indic Deva

Northern Kurdish kmr Indo-European  Iranian Arab X

French fra Indo-European  Romance Latn

Spanish spa Indo-European  Romance Latn

Piemontese pms Indo-European  Romance Latn X

Bulgarian bul Indo-European  Slavic Cyil

Russian rus Indo-European  Slavic Cyrl

Japanese jpn Japanese Japanese Jpan

Korean kor Korean Korean Kore

Bambara bam Mande Western Mande Latn X

Kinyarwanda kin Niger-Congo Bantu Latn X

Yoruba yor Niger-Congo Defoid Latn

Ewe ewe Niger-Congo Gbe Latn X

Igbo ibo Niger-Congo Igboid Latn X

Mossi mos Niger-Congo Oti-Volta Latn X

Wolof wol Niger-Congo Wolof Latn X

Burmese mya Sino-Tibetan Burmese-Lolo Mon-Burmese

Chinese zho Sino-Tibetan Chinese Chinese

Guajajara gub Tupian Maweti-Guarani Latn X

Estonian est Uralic Finnic Latn

Finnish fin Uralic Finnic Latn

Hungarian hun Uralic Ugric Latn

Nigerian Pidgin pcm other Creoles and Pidgins  Latn X
Table 24: Transfer Languages we use in our study for mBERT fine-tuning
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UDP and POS Tagging Task Adapter Training Dataset

Language i50-639 UD Identifier # Examples Family Genus Script
Coptic cop cop_scriptorium 403 Afro-Asiatic Egyptian-Coptic Coptic
Arabic ara ar_nyuad 1963 Afro-Asiatic Semitic Arab
Hebrew heb he_htb 491 Afro-Asiatic Semitic Hebr
Maltese mlt mt_mudt 518 Afro-Asiatic Semitic Latn
Kazakh kaz kk_ktb 1047 Altaic Turkic Cyrl
Turkish tur tr_gb 2880 Altaic Turkic Latn
Uighur uig ug_udt 900 Altaic Turkic Uighur
Vietnamese vie vi_vtb 800 Austro-Asiatic Vietic Latn
Indonesian ind id_pud 1000 Austronesian Malayo-Sumbawan Latn
Basque eus eu_bdt 1799 Basque Basque Latn
Turkish German qtd qtd_sagt 805 Code switching Code switching Latn
Tamil tam ta_mwtt 534 Dravidian Dravidian Taml
Telugu tel te_mtg 146 Dravidian Dravidian Telu
Armenian hye hy_armtdp 278 Indo-European Armenian Armn
Latvian lav Iv_lvtb 1823 Indo-European Baltic Latn
Lithuanian lit 1t_alksnis 684 Indo-European Baltic Latn
Welsh cym cy_ccg 953 Indo-European Celtic Latn
Scottish Gaelic gla gd_arcosg 538 Indo-European Celtic Latn
Irish gle ga_idt 454 Indo-European Celtic Latn
Gothic got got_proiel 1029 Indo-European Germanic Gothic
Afrikaans afr af_afribooms 425 Indo-European Germanic Latn
Danish dan da_ddt 565 Indo-European Germanic Latn
German deu de_hdt 18459 Indo-European Germanic Latn
English eng en_ewt 2077 Indo-European Germanic Latn
Faroese fao fo_oft 1208 Indo-European Germanic Latn
Icelandic isl is_icepahc 5157 Indo-European Germanic Latn
Dutch nld nl_lassysmall 875 Indo-European Germanic Latn
Norwegian nor no_bokmaal 1939 Indo-European Germanic Latn
Swedish swe sv_talbanken 1219 Indo-European Germanic Latn
Modern Greek (1453-) ell el_gdt 456 Indo-European Greek Grek
Ancient Greek (to 1453) gre gre_perseus 1306 Indo-European Greek Grek
Urdu urd ur_udtb 535 Indo-European Indic Arab
Sanskrit san sa_vedic 1473 Indo-European Indic Brahmi
Hindi hin hi_hdtb 1684 Indo-European Indic Deva
Marathi mar mr_ufal 47 Indo-European Indic Deva
Persian fas fa_perdt 1455 Indo-European Iranian Arab
Northern Kurdish kmr kmr_mg 734 Indo-European Iranian Arab
Latin lat la_ittb 2101 Indo-European Ttalic Latn
Catalan cat ca_ancora 1846 Indo-European Romance Latn
French fra fr_ftb 2541 Indo-European Romance Latn
Old French (842-ca. 1400) fro fro_sremf 1927 Indo-European Romance Latn
Galician glg gl _ctg 861 Indo-European Romance Latn
Italian ita it_vit 1067 Indo-European Romance Latn
Portuguese por pt_gsd 1204 Indo-European Romance Latn
Romanian ron ro_nonstandard 1052 Indo-European Romance Latn
Spanish spa es_ancora 1721 Indo-European Romance Latn
Belarusian bel be_hse 889 Indo-European Slavic Cyrl
Bulgarian bul bg_btb 1116 Indo-European Slavic Cyrl
Old Russian orv orv_torot 1756 Indo-European Slavic Cyrl
Russian rus ru_syntagrus 6491 Indo-European Slavic Cyrl
Serbian srp sr_set 520 Indo-European Slavic Cyrl
Ukrainian ukr uk_iu 892 Indo-European Slavic Cyrl
Church Slavic chu cu_proiel 1141 Indo-European Slavic Glag+Latn
Czech ces cs_pdt 10148 Indo-European Slavic Latn
Croatian hrv hr_set 1136 Indo-European Slavic Latn
Upper Sorbian hsb hsb_ufal 623 Indo-European Slavic Latn
Polish pol pl_pdb 2215 Indo-European Slavic Latn
Pomak qpm qpm_philotis 635 Indo-European Slavic Latn
Slovak slk S 1061 Indo-European Slavic Latn
Slovenian slv 1110 Indo-European Slavic Latn
Japanese jpn 7871 Japanese Japanese Jpan
Korean kor ko_kaist 2287 Korean Korean Kore
Russia Buriat bxr bxr_bdt 908 Mongolic Altic Cyrl
Wolof wol wo_wtb 470 Niger-Congo Wolof Latn
Cusco Quechua ghe ghe_hiencs 225 Quechuan Quechuan Latn
Literary Chinese Izh 1zh_kyoto 4469 Sino-Tibetan Chinese Chinese
Chinese zho zh_hk 1004 Sino-Tibetan Chinese Chinese
Estonian est et_edt 3214 Uralic Finnic Latn
Finnish fin fi_ood 2122 Uralic Finnic Latn
Livvi olo olo_kkpp 106 Uralic Finnic Latn
Northern Sami sme sme_giella 865 Uralic Saami Latn
Hungarian hun hu_szeged 449 Uralic Ugric Latn
Nigerian Pidgin pem pem_nsc 972 other Creoles and Pidgins Latn
Swedish Sign Language swl swl_sslc 34 other Sign Languages

Table 25: Task Adapter training dataset details (taken from Universal Dependency v2.11 (de Marneffe et al., 2021))
for dependency parsing and pos tagging.
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NER Task Adapter Training Dataset

Language i50-639 Family Genus Script
Somali som Afro-Asiatic Lowland East Cushitic Latn
Arabic ara Afro-Asiatic Semitic Arab
Ambharic amh Afro-Asiatic Semitic Ethi
Hebrew heb Afro-Asiatic Semitic Hebr
Maltese mlt Afro-Asiatic Semitic Latn
Mongolian mon Altaic Mongolic Mongolian
Bashkir bak Altaic Turkic Cyrl
Chuvash chv Altaic Turkic Cyrl
Kazakh kaz Altaic Turkic Cyrl
Yakut sah Altaic Turkic Cyrl
Crimean Tatar crh Altaic Turkic Cyrl+Latn+Arab
Kirghiz kir Altaic Turkic Kyrgyz+Cyrl
Azerbaijani aze Altaic Turkic Latn
Tatar tat Altaic Turkic Latn
Turkmen tuk Altaic Turkic Latn
Turkish tur Altaic Turkic Latn
Uzbek uzb Altaic Turkic Latn
Uighur uig Altaic Turkic Uighur
Khmer khm Austro-Asiatic Khmer Khmer
Vietnamese vie Austro-Asiatic Vietic Latn
Malagasy mlg Austronesian Barito Latn
Cebuano ceb Austronesian Greater Central Philippine Latn
Tagalog tgl Austronesian Greater Central Philippine Latn
Waray (Philippines) war Austronesian Greater Central Philippine Latn
Javanese jav Austronesian Javanese Latn+Javanese
Achinese ace Austronesian Malayo-Sumbawan Latn
Malay (macrolanguage) msa Austronesian Malayo-Sumbawan Latn
Sundanese sun Austronesian Malayo-Sumbawan Latn
Tloko ilo Austronesian Northern Luzon Latn
Maori mri Austronesian Oceanic Latn
Aymara aym Aymaran Aymaran Latn
Basque eus Basque Basque Latn
Kannada kan Dravidian Dravidian Kannada
Malayalam mal Dravidian Dravidian Malayalam
Tamil tam Dravidian Dravidian Taml
Telugu tel Dravidian Dravidian Telu
Albanian sqi Indo-European Albanian Latn
Armenian hye Indo-European Armenian Armn
Latvian lav Indo-European Baltic Latn
Lithuanian lit Indo-European Baltic Latn
Breton bre Indo-European Celtic Latn
Welsh cym Indo-European Celtic Latn
Scottish Gaelic gla Indo-European Celtic Latn
Irish gle Indo-European Celtic Latn
Western Frisian fry Indo-European Germanic West Frisian
Afrikaans afr Indo-European Germanic Latn
Bavarian bar Indo-European Germanic Latn
Danish dan Indo-European Germanic Latn
German deu Indo-European Germanic Latn
English eng Indo-European Germanic Latn
Faroese fao Indo-European Germanic Latn
Northern Frisian frr Indo-European Germanic Latn
Icelandic isl Indo-European Germanic Latn
Kolsch ksh Indo-European Germanic Latn
Luxembourgish Itz Indo-European Germanic Latn
Low German nds Indo-European Germanic Latn
Dutch nld Indo-European Germanic Latn
Norwegian nor Indo-European Germanic Latn
Swedish swe Indo-European Germanic Latn
Yiddish yid Indo-European Germanic Latn
Zeeuws zea Indo-European Germanic Latn
Modern Greek (1453-) ell Indo-European Greek Grek
Sindhi snd Indo-European Indic Arab
Urdu urd Indo-European Indic Arab
Assamese asm Indo-European Indic Assamese
Bengali ben Indo-European Indic Beng
Hindi hin Indo-European Indic Deva
Marathi mar Indo-European Indic Deva
Nepali (macrolanguage) nep Indo-European Indic Deva
Gujarati guj Indo-European Indic Gujarati
Oriya (macrolanguage) ori Indo-European Indic Odia
Panjabi pan Indo-European Indic Shahmukh
Sinhala sin Indo-European Indic Sinhala
Dhivehi div Indo-European Indic Thaana
Persia fas Indo-European Iranian Arab

S 0ss Indo-European Iranian Cyrl
Tajik tgk Indo-European Iranian Cyrl+Latn
Kurdish kur Indo-European Iranian Latn+Sorani
Mazanderani mzn Indo-European Iranian Persian
Pushto pus Indo-European Iranian Pushto
Asturian ast Indo-European Romance Latn
Catalan cat Indo-European Romance Latn
French fra Indo-European Romance Latn
Galician glg Indo-European Romance Latn
Italian ita Indo-European Romance Latn
Ligurian lij Indo-European Romance Latn
Neapolitan nap Indo-European Romance Latn
Occitan (post 1500) oci Indo-European Romance Latn
Piemontese pms Indo-European Romance Latn
Portuguese por Indo-European Romance Latn
Romansh roh Indo-European Romance Latn
Romanian ron Indo-European Romance Latn
Spanish spa Indo-European Romance Latn
Belarusian bel Indo-European Slavic Cyrl
Bulgarian bul Indo-European Slavic Cyrl
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Macedonian mkd Indo-European Slavic Cyrl

Russian rus Indo-European Slavic Cyrl
Ukrainian ukr Indo-European Slavic Cyrl
Czech ces Indo-European Slavic Latn
Kashubian csb Indo-European Slavic Latn
Serbo-Croatian hbs Indo-European Slavic Latn
Upper Sorbian hsb Indo-European Slavic Latn
Polish pol Indo-European Slavic Latn
Slovak slk Indo-European Slavic Latn
Slovenian slv Indo-European Slavic Latn
Japanese jpn Japanese Japanese Jpan
Georgian kat Kartvelian Kartvelian Georgian
Mingrelian xmf Kartvelian Kartvelian Latn
Korean kor Korean Korean Kore
Chechen che Nakh-Daghestanian Nakh Cyrl
Kinyarwanda kin Niger-Congo Bantu Latn
Lingala lin Niger-Congo Bantu Latn
Swahili (macrolanguage) swa Niger-Congo Bantu Latn
Yoruba yor Niger-Congo Defoid Latn
Igbo ibo Niger-Congo Igboid Latn
Quechua que Quechuan Quechuan Latn
Tibetan bod Sino-Tibetan Bodic Tibetan
Burmese mya Sino-Tibetan Burmese-Lolo Mon-Burmese
Chinese zho Sino-Tibetan Chinese Chinese
Thai tha Tai-Kadai Kam-Tai Thai
Guarani grn Tupian Maweti-Guarani Latn
Estonian est Uralic Finnic Latn
Finnish fin Uralic Finnic Latn
Veps vep Uralic Finnic Latn
Hungarian hun Uralic Ugric Latn

Table 26: Task Adapter training dataset details (taken from Wikiann (Pan et al., 2017)) for Named Entity Recognition.

NLI Task Adapter Training Dataset

Language is0-639 Family Genus Script
Arabic ara Afro-Asiatic Semitic Arab
Turkish tur Altaic Turkic Latn
Vietnamese vie Austro-Asiatic Vietic Latn
German deu Indo-European Germanic Latn
English eng Indo-European Germanic Latn
Modern Greek (1453-) ell Indo-European Greek Grek
Urdu urd Indo-European Indic Arab
Hindi hin Indo-European Indic Deva
French fre Indo-European Romance Latn
Spanish spa Indo-European Romance Latn
Bulgarian bul Indo-European Slavic Cyrl
Russian rus Indo-European Slavic Cyrl
Swahili (macrolanguage) swa Niger-Congo Bantu Latn
Chinese zho Sino-Tibetan Chinese Chinese
Thai tha Tai-Kadai Kam-Tai Thai

Table 27: Task Adapter training dataset details (taken from XNLI (Conneau et al., 2018)) for Natural Language
Inference.

Extractive Question Answering Task Adapter Training Dataset

Language i50-639 Family Genus Script
Arabic ara Afro-Asiatic Semitic Arab
Indonesian idn Astronesian Malay Latn
Telugu tel Dravidian Dravidian Telu
English eng Indo-European Germanic Latn
Bengali ben Indo-European Indic Beng
Russian rus Indo-European Slavic Cyrl
Korean kor Korean Korean Kore
Swahili (macrolanguage) swa Niger-Congo Bantu Latn
Finnish fin Uralic Finnic Latn

Table 28: Task Adapter training dataset details (taken from TyDiQA (Clark et al., 2020)) for Extractive Question
Answering.
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Evaluation Languages

Language is0-639 NER UDPand POS XNLI ANLI TyDiQA

1 Achinese ace X X X X
2 Afrikaans afr X X X
3 Assyrian Neo-Aramaic aii X X X X
4 South Levantine Arabic ajp X X X X
5 Akkadian akk X X X X
6 Ambaric amh X X X
7 Apurini apu X X X X
8 Akuntsu aqz X X X X
9 Arabic ara X X

10  Karo (Brazil) arr X X X
11 Assamese asm X X X X
12 Asturian ast X X X X
13 Aymara aym X X X
14 Azerbaijani aze X X X X
15 Bashkir bak X X X X
16  Bambara bam X X X X
17 Bavarian bar X X X X
18  Belarusian bel X X X
19  Bengali ben X X

20  Bhojpuri bho X X X X
21 Tibetan bod X X X X
22 Breton bre X X X
23 Bulgarian bul X X X
24  Russia Buriat bxr X X X
25 Catalan cat X X X
26  Cebuano ceb X X X X
27 Czech ces X X X
28 Chechen che X X X X
29  Church Slavic chu X X X X
30  Chuvash chv X X X X
31 Chukot ckt X X X X
32 Coptic cop X X X X
33  Crimean Tatar crh X X X X
34  Kashubian csb X X X X
35  Welsh cym X X X
36  Danish dan X X X
37  German deu X X
38 Dhivehi div X X X X
39  Modern Greek (1453-) ell X X
40  English eng X

41 Estonian est X X X
42 Basque eus X X X
43 Faroese fao X X X
44 Persian fas X X X
45  Finnish fin X X

46 French fra X X
47  Old French (842-ca. 1400) fro X X X X
48 Northern Frisian frr X X X X
49  Western Frisian fry X X X X
50  Scottish Gaelic gla X X X
51  Irish gle X X X
52 Galician glg X X X
53 Manx glv X X X X
54  Gothic got X X X X
55  Ancient Greek (to 1453) grc X X X X
56  Guarani gmn X X X
57  Swiss German gsw X X X X
58  Guajajdra gub X X X X
59  Gujarati guj X X X X
60  Mby4 Guarani gun X X X X
61 Serbo-Croatian hbs X X X X
62  Hebrew heb X X X
63 Hindi hin X X
64  Croatian hrv X X X X
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Upper Sorbian
Hungarian
Armenian

Igbo

Iloko
Indonesian
Icelandic

Italian

Javanese
Japanese
Kannada
Georgian
Kazakh
Khunsari
Khmer
Kinyarwanda
Kirghiz
Northern Kurdish
Komi-Permyak
Korean
Komi-Zyrian
Karelian

Kolsch

Kurdish

Latin

Latvian
Ligurian
Lingala
Lithuanian
Luxembourgish
Literary Chinese
Malayalam
Marathi
Moksha
Macedonian
Malagasy
Maltese
Mongolian
Makurap

Maori

Malay (macrolanguage)
Burmese
Munduruku
Erzya
Mazanderani
Neapolitan

Low German
Nepali (macrolanguage)
Dutch
Norwegian
Nayini

Occitan (post 1500)
Livvi

Oriya (macrolanguage)
Old Russian
Ossetian

Old Turkish
Panjabi
Nigerian Pidgin
Piemontese
Polish
Portuguese
Pushto

Cusco Quechua
Pomak

Turkish German
Quechua
Romansh

hsb
hun
hye
ibo
ilo
ind
isl
ita
jav
jpn
kan
kat
kaz
kfm
khm
kin
kir
kmr
koi
kor
kpv
krl
ksh
kur
lat
lav
1ij
lin
lit
Itz
1zh
mal
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mdf
mkd
mlg
mlt
mon
mpu
mri
msa
mya
myu
myv
mzn
nap
nds
nep
nld
nor
nyq
oci
olo
ori
orv
0ss
otk
pan
pcm
pms
pol
por
pus
ghe
qpm
qtd
que
roh

XX XX X

>

X X X X X XX

XXX
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XX XX

XXX

XX

X X X

XXX X XX

x

X X X X X x

>

XX

XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX XXXXXXXXXXXXX XXXXX



133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184

Romanian
Russian
Yakut
Sanskrit
Sinhala
Slovak
Slovenian
Northern Sami
Skolt Sami
Sindhi

Soi

Somali
Spanish
Albanian
Serbian
Sundanese

Swahili (macrolanguage)

Swedish

Swedish Sign Language

Tamil

Tatar
Telugu
Tajik
Tagalog
Thai
Tupinamba
Turkmen
Turkish
Uighur
Ukrainian
Urubu-Kaapor
Urdu
Uzbek
Veps
Vietnamese
Waray (Philippines)
Warlpiri
Wolof
Mingrelian
Kangri
Yiddish
Yoruba
Cantonese
Zeeuws
Chinese
Bribri
Ashaninka
Huichol
Nahuatl
Otomi
Shipibo-Konibo
Raramuri

ron
rus
sah
san
sin
slk
slv
sme
sms
snd
S0j
som
spa
sqi
Srp
sun
swa
swe
swl
tam
tat
tel
tgk
tgl
tha
tpn
tuk
tur
uig
ukr
urb
urd
uzb
vep
vie
war
wbp
wol
xmf
xnr
yid
yor
yue
zea
zho
bzc
cni
hch
nah
oto
shp
tar

XX

X XX

>

XXX XX XX

XX

X XX

X X

XXXXXXX X

XXXXXXX XXXXXXXXX XX XXX XX XXXXXXX XXX XXXXXXXXXX X

XRXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

XXXXXXXXXXXXXXXXXXXXXXXXXXXXXX XXXX XXXXXXXXXXXXXX X

Table 29: Evaluation languages for all six tasks.
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O FAQ

1. What are the main contributions of this study
and the difference of our approach with other
methods?

* First, note that our paper introduces a
method for studying cross-lingual trans-
fer, not necessarily a method for im-
proving cross-lingual transfer. We de-
viate from this “standard” way of using
adapters for two reasons:

(a) Training a task adapter on many lan-
guages, as a preliminary step, allows
this component to learning the task,
regardless of language. This is nec-
essary for disentangling the effect of
task and language in our analysis.

(b) We then finetune the whole model
(and not introduce a new adapter) ex-
actly because we now want to study
the effect of the language. While
introducing a new language adapter
might have a similar effect, there’s
additional hurdles to do so: the lan-
guage adapter would need more data
to be trained, as it would be randomly
initialized; our approach instead can
work even with a single batch/update,
so it is applicable even for very, very
low-resource scenarios.

* Secondly, we propose a strategy to vi-
sually represent the language-language
interaction utilizing the adapter-based fu-
sion method. In general, training fully
bilingual or trilingual for a different com-
bination of languages are very expensive.
This is why, we opt to have trained lan-
guage adapter modules and then fuse to-
gether according to the need in an effi-
cient manner.

2. What is the reason for selecting the 38 trans-
fer languages, including the 11 unseen lan-
guages? Why why include the 11 unseen lan-
guages from pre-training?

* Language selection: No other particular
reasons except selecting a broader range
of transfer languages covering language
families and typological diversity. These
38 languages in total cover 10 language
families, 26 genus and 14 script varia-
tions.
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Figure 9: Aggregated Transfer Progression through training steps
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Figure 10: Aggregated Transfer Progression through training steps
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Figure 11: Aggregated Transfer Progression through training steps
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Figure 12: Aggregated Transfer Progression through training steps
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Figure 13: Aggregated Transfer Progression through training steps
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Figure 14: Aggregated Transfer Progression through training steps
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Abstract

Training Large Language Models (LLMs) with
Reinforcement Learning from AI Feedback
(RLAIF) aligns model outputs more closely
with human preferences. This involves an
evaluator model ranking multiple candidate re-
sponses to user prompts. However, the rankings
from popular evaluator models such as GPT-4
can be inconsistent.

We propose the Repeat Ranking method, in
which we evaluate the same responses multi-
ple times and train only on those responses
which are consistently ranked. Using 2,714
training prompts in 62 languages, we generated
responses from 7 top multilingual LLMs and
had GPT-4 rank them five times each. Evaluat-
ing on MT-Bench chat benchmarks in six lan-
guages, our method outperformed the standard
practice of training on all available prompts.
Our work highlights the quality versus quantity
trade-off in RLAIF dataset generation and of-
fers a stackable strategy for enhancing dataset
and thus model quality.

1 Introduction

Reinforcement learning has been shown to improve
large language model (LLM) performance signifi-
cantly (Yao et al., 2023; Havrilla et al., 2024), with
this form of learning instructing an LLM both how
to and how not fo generate text.

This has come in the forms of Reinforcement
Learning from Human Feedback (RLHF) (Ouyang
et al., 2022) and Reinforcement Learning from Ar-
tificial Intelligence Feedback (RLAIF) (Bai et al.,
2022b; Lee et al., 2023), where a human or Al is
used, respectively, to determine the relative quality
of multiple responses to a given prompt. Based on
these quality rankings, high quality and low quality
responses are defined as “positive” and “negative”
and this preference dataset is then used to train an
LLM either with the help of a reward model or
by directly training using a method such as Prox-
imal Policy Optimisation (PPO) (Schulman et al.,
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2017), Direct Policy Optimisation (DPO) (Rafailov
et al., 2024), or Odds Ratio Preference Optimisa-
tion (ORPO) (Hong et al., 2024). This style of train-
ing has lead to many of the improvements in recent
years in LLM training, with both GPT-3.5 (Ouyang
et al., 2022), trained with RLHF, and Starling (Zhu
et al., 2023), trained with RLAIF, demonstrating
gains upon previous state-of-the-art performance
across many evaluation benchmarks.

Most publicly available preference data is mono-
lingual, but we hypothesize that training a model
on multilingual preference data will improve the
resultant model’s multilingual capabilities. This
prompted us to create a multilingual preference
dataset.

We follow previous methods for creating HLAIF
preference datasets such as Nectar (Zhu et al.,
2023) by first sampling human generated prompts
from public datasets before generating various re-
sponses to each prompt using seven state-of-the-art
LLMs. We then use a state-of-the-art LLM, GPT-4,
to evaluate the relative ranking of each response.

However, we found that when the evaluation pro-
cess was repeated on the same responses, different
rankings were sometimes output by GPT-4. This
suggested that the definition of positive and nega-
tive labels in these instances had a lower confidence
than instances where GPT-4 would consistently out-
put the same ranking given a set of responses.

Therefore, we hypothesized that training only on
rankings that GPT-4 consistently outputs over mul-
tiple evaluations would lead to greater downstream
evaluation performance compared to training on
all rankings, both consistent and inconsistent. This
lead us to propose the Repeat Ranking method,
whereby responses are evaluated multiple times
and the consistency of the rankings is used as a fil-
ter for inclusion or exclusion from the training set.
A representation of our Repeated Ranking method
can be found in Fig. 1.

We conducted experiments in which 2,714 mul-
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Model A:
Paris - the city of love
Evaluation 1.1:
Model B: B>C>D>A
The capital of France Kendall's W of evaluation
Prompt 1: is Paris. . rankings = 0.111
Whatri)s the capital |:> |:> Evaluation 1.2: |:> °
of France? Model C: C>D>A>B Result:
Paris is the capital of Exclude from training data
France. Evaluation 1.3:
D>A>B>C
Model D:
Paris
gA?hdoeJSAénd gv>al(l;a>tloAn>2[.31 : Kendall’'s W of evaluation
rankings = 0.644
Prompt 2: Model B:
What was the |:> 8 billion |:> Evaluation 2.2: |:> Result:
world’s population Model C- B>A>C>D Use Model B as positive
in 20237 5 billion ’ response and Model D as
Evaluation 2.3: negative response in
Model D: B>C>A>D training data
1 thousand

Figure 1: A visual description of how we select our data for training. We use our Repeat Ranking method to repeat
the evaluations of the models multiple times and then only train on the best and worst responses which have a high
Kendall’s W, a measure of ranking agreement, associated with their ranking.

tilingual prompts were selected and 7 LLMs were
used to generate responses for each prompt. We
then evaluated each set of 7 responses 5 times us-
ing GPT-4. Finally, we propose a novel method for
filtering evaluated preferences by measuring the
consistency of the set of rankings for each evalua-
tion using Kendall’s W (Kendall and Smith, 1939).
We conducted experiments training an LLM us-
ing all rankings, as well as the 75%, 50%, and
25% most consistent rankings. We then evaluated
each trained model using the MT-Bench benchmark
across 6 languages.

Our results show that training on the more consis-
tently ranked responses gives greater downstream
evaluation performance compared to training on all
data for a majority of languages tested.

Our findings inform the creation of future prefer-
ence datasets and offer a method of improving the
quality of existing preference datasets. This may
open up exciting new avenues for training LLMs
and highlights the importance of high quality posi-
tive and negative data when training using RLAIF.

We make our training data', training code?, and

"https://huggingface.co/datasets/lightblue/
mitsu

2https://github.com/lightblue-tech/suzume/
tree/main/mitsu
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trained models® available online.

2 Related Work

LLM chat performance has been improved by train-
ing on RLHF datasets in multiple works within the
literature.

The RLHF dataset used to train InstructGPT was
created by having users and paid annotators evalu-
ate multiple responses to a given prompt and indi-
cating their preferred prompt (Ouyang et al., 2022).
This work stated that “most comparisons are only
labeled by 1 contractor for cost reasons” and that
“having examples labeled multiple times could help
identify areas where our contractors disagree, and
thus where a single model is unlikely to align to
all of them”, indicating the seeming importance
of having consistently similarly ranked preference
data when training with RLHF.

In contrast, the OpenAssistant Conversations
(OASST1) dataset (Kopf et al., 2024), contains
conversation prompts and responses that are writ-
ten by volunteers, with the responses evaluated by
multiple volunteers. While this is a large dataset of
more than 10,000 individual messages, over 70%
of these conversations are in either English or Span-
ish, reducing OASST1’s applicability to training a

Shttps://huggingface.co/lightblue/
suzume-1lama-3-8B-multilingual-orpo-borda-half



multilingual model.

Generating data using human labellers is also
costly, which is why several datasets have been
constructed for RLAIF.

Previous work includes the use of “Constitu-
tional AI” (Bai et al., 2022b) whereby an LLM
is prompted to respond to a prompt before being
tasked with revising that response to be less harm-
ful and in line with principles set by researchers.
The LLM then generates a less harmful response
and the original and revised responses are then used
to train another LLM using reinforcement learning.

Further work showed that training using RLAIF
can lead to similar human evaluation scores com-
pared to RLHF (Lee et al., 2023). This work
also showed that RLAIF by training directly on
response evaluation scores elicited from LLMs
achieves greater down-stream task performance
compared to the Constitutional Al approach of hav-
ing an LLM revise existing responses.

Nectar (Zhu et al., 2023) is a preference dataset
which first samples prompts from a variety of
open source datasets, before generating responses
based on these prompts using seven state-of-the-
art LLMs (GPT-4, GPT-3.5-turbo, GPT-3.5-turbo-
instruct, Command R+, Command R, LLama-2-7B-
chat, and Mistral-7B-Instruct). These responses are
then ranked once by GPT-4 and these rankings are
used to train the Starling Alpha and Beta models
using reinforcement learning. These prompts and
responses are also all in English, meaning that this
dataset is not suitable for training a multilingual
model.

Due to the paucity of high quality multilingual
models existing within the literature, we create one,
which we call Mitsu.

Previous work has also shown that filtering rein-
forcement learning data can lead to higher down-
stream task accuracy (Morimura et al., 2024). How-
ever, this approach relies on an external reward
model to choose which data to filter, limiting the
application of this approach to domains and lan-
guages that no existing reward model has been
trained on.

3 Method

The overall objective of this piece of work was to
create an LLM that was more proficient at multi-
lingual chat than previous LLMs. In the course of
creating such an LLM, we generated also insights
into the process of creating high quality preference
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datasets. This section details how we used our
Repeated Ranking method to make our training
dataset named Mitsu, how we trained our model,
and finally how we evaluated our LLM.

3.1 Preference Dataset Creation with
Repeated Rankings

We create our Mitsu dataset by first following
the process of how Nectar (Zhu et al., 2023)
was developed by sampling human generated
prompts derived from open source datasets such
as the LMSYS-Chat-1M dataset (Zheng et al.,
2023). Specifically, we select the multilingual
stratified sample of prompts from the Tagengo
dataset (Devine, 2024), which consists of 76,338 di-
verse human generated prompts in 74 languages. In
order to reduce the costs of generating the dataset,
we further stratify by languages, randomly sam-
pling a maximum of 100 prompts per language.
For languages with less than 100 prompts in the
original dataset, we used all prompts for that lan-
guage. This resulted in 2,996 prompts in total being
selected.

Following the method used in the creation of
the Nectar dataset, we used our sampled prompts
to generate responses from seven state-of-the-
art models. These were GPT-4 (gpt-4-0125-
preview) (Achiam et al., 2023), GPT-3.5 Turbo
(gpt-35-turbo-0301) (Ouyang et al., 2022), Com-
mand R (Gomez, 2024)4, Command R+ (Gomez,
2024)°, Qwen 1.5 32B Chat (Bai et al., 2023)°,
Qwen 1.5 72B Chat (Bai et al., 2023)’, Starling 7B
Beta (Zhu et al., 2023)8.

These models were all chosen for their ability
to output at least some multilingual text, which is
why we did not consider using high performing but
monolingual models such as Llama 3 (AI@Meta,
2024).

Our text generation settings were as follows. We
set the generation temperature to O for all models,
as some models such as Qwen have been shown
to require smaller generation temperatures due to
their larger vocabulary size and in order to make
the generation deterministic to some extend. Future
work could explore using more sophisticated tem-

4https://huggingface.co/CohereForAI/
c4ai-command-r-veo1l
5https://huggingface.
c4ai-command-r-plus
®https://huggingface.
"https://huggingface.
8https://huggingface.
Starling-LM-7B-beta

co/CohereForAl/

co/Qwen/Qwen1.5-32B-Chat
co/Qwen/Qwen1.5-72B-Chat
co/Nexusflow/



perature set-ups per model, language, or prompt.
We set our maximum number of tokens to generate
as 2,048, and we discard any responses that have
not been completed within this token limit. This
was done to reduce both generation and evaluation
time and costs, but future work could explore using
longer generated sequences for a preference dataset.
We used the popular vLLM library (Kwon et al.,
2023) to generate responses with our local models,
which were all models except GPT-4 and GPT-3.5-
turbo. For GPT-4 and GPT-3.5-turbo, we generated
responses using the Azure OpenAl endpoint. This
resulted in 2,762 prompts having 7 full responses
(one from each model), which we then ranked.

Our response evaluation again was conducted
similarly to Nectar, where we used a similar sys-
tem message describing the criteria for evaluating
prompts as the original Nectar system message. We
added one additional evaluation criteria to the orig-
inal system message, which was “Is the response
written naturally and fluently in the language that
the prompter would expect?”. This was added to
make sure that highly rated responses were not cor-
rect but English responses to non-English prompts,
which can occur in some LLMs.

Aside from our response evaluation criteria, we
included a statement in the system message that
instructed GPT-4 to output both a short explana-
tion of the merits and drawbacks of each response,
before outputting a ranking of the responses. This
ranking consisted of responses labelled by alpha-
bet character, using greater than (>") and equals
(’=’) signs to determine which responses were eval-
uated as better and which were of equal quality.
To avoid a systematic bias in our evaluations, re-
sponses were input to GPT-4 in a randomised order,
with the responses being labelled A-G in order.
We also take inspiration from work in generating
the Nectar dataset in which randomised pairwise
comparisons were used by instructing GPT-4 to
write the explanation of the ranking in a dictated
randomised order. The system message that we
used in this work can be found in Figure 3 in the
Appendix.

This ranking was generated by using a gener-
ation temperature of 0 and a maximum number
of generated tokens as 1,024 with the gpt-4-0125-
preview version of GPT-4. This resulted in a rank-
ing for each set of 7 responses for each prompt.

Initial experiments investigating the reliability
of this ranking showed that the ranking was liable
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to change significantly for some prompts. We ra-
tionalise this as follows. Imaging that a user asked
three models "What is the capital of France?", and
the responses were “Paris”, “Lyon”, and “Delhi”.
In this case, most human evaluators would be able
rank the “Paris” answer as being the best answer
and “Delhi” as being the worst answer. However, if
the responses were instead more indistinguishable
in terms of response quality, for example “Paris”,
“The capital city of France is Paris”, and “Paris is
the capital of France.”, then even human evalua-
tors may struggle to agree on which constituted
the best and worst answers given the prompt. We
hypothesize that for the same reason, Al evalua-
tors give inconsistent rankings when faced with
responses that are more indistinguishable from one
another. Reinforcement learning techniques such
as ORPO (Hong et al., 2024), which performs
monolithic preference optimization without a refer-
ence model, rely on sufficiently different positive
and negative training labels that an LLM can learn
the contrast between the two. Therefore, training
on too-similar positive and negative labels may re-
sult in a degeneracy of the model overall. Hence,
when we observed the lack of consistency in GPT-
4’s rankings for some responses, we hypothesized
that training on only the more consistently ranked
outputs would lead to a better evaluation perfor-
mance than training on all rankings. Therefore, we
repeat the ranking process five times, only chang-
ing the random order of the responses and the in-
structed random order of the ranking explanation
each time. We discarded any cases in which a
generation failed or where the ranking could not
be parsed from the generated evaluation, leaving
2,714 individual prompts. We found that only 8.4%
of all top responses were ranked top all 5 times,
and only 20.2% of bottom responses were ranked
bottom all 5 times, which again motivates our work
in generating multiple evaluations for each set of
responses per prompt.

With these responses, we calculated the
Kendall’s W (Kendall and Smith, 1939) for each
set of rankings. According to Field, “Kendall’s
Coefficient of Concordance, W, is a measure of the
agreement between several judges who have rank
ordered a set of entities” (Field, 2005), and we use
it to determine how well the repeated evaluation
rankings agree. We justify using Kendall’s W as a
measure of inter-ranker agreement due to its previ-
ous use as a measure of ranking agreement within



Model name Average Borda Count
GPT-3.5 Turbo 15.91
Starling 7B Beta | 16.57
Qwen 1.5 32B 18.17
Command R 20.47
Qwen 1.5 72B 20.51
Command R + 21.54
GPT-4 26.78

Table 1: Average Borda count per model across 5 evalu-
ations.

the mathematical literature. However, since we ulti-
mately just use the top and bottom responses from
our rankings, we consider that comparing only the
rankings of those two responses directly could pos-
sibly be simpler and could potentially lead to better
results. We leave this for future work to explore
this avenue.

We use this W score to generate three train-
ing subsets of Mitsu, where we only trained on
responses with the top 25% (674 prompts), 50%
(1,350 prompts), 75% (2,018 prompts) of W scores.
We also trained a model using the entire Mitsu
dataset (2,714 prompts).

In order to train using ORPO, we selected pos-
itive and negative responses to prompts. These
effectively train a model to generate outputs simi-
lar to the positive responses and dissimilar to the
negative responses. We selected these responses by
calculating the Borda Count (Borda, 1781; Reilly,
2002) of each response over the 5 evaluations, and
then selecting the models with the highest and low-
est Borda counts for positive and negative, respec-
tively. We randomly sample in cases where there is
a tie in the Borda score between the multiple best
or worst scores.

Table 1 shows the average Borda score for each
model evaluated and Fig. 2 shows the amount of
times each model’s response was used as the posi-
tive and negative response.

We make the top 25%, top 50%, top 75%, and
full training datasets available online®.

3.2 Training

We train using our prepared datasets on Suzume 8B

Multilingual (Devine, 2024), a multilingual fine-
tune of Llama 3 (Al@Meta, 2024), using ORPO.

? Available at in
https://huggingface.co/collections/lightblue/
mitsu-datasets-67076f8293b57ae8b2c17293
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We chose to train using ORPO due to its demon-
strated greater performance compared to the most
popular other current RLAIF method, DPO (Hong
et al., 2024). We trained using the ORPO settings
made available on the Axolotl LLM training pack-
age'? which uses the TRL (von Werra et al., 2020)
implementation of the ORPO algorithm. We chose
to train on the Suzume 8B Multilingual model as it
has the highest MT-Bench scores for a majority of
evaluation languages compared to other commer-
cially usable open source models under 10 billion
parameters. We train for one epoch for each dataset
with an ORPO alpha value set to 0.1, our maximum
token sequence length was set to 8,192, and our
learning rate was set to 8e-6. The full training con-
figuration for each model can be found on their
model cards!!.

For convenience, we refer to the models trained
on the top 25%, 50%, 75%, and 100% of W score
subsets as Suzume-ORPO-25, Suzume-ORPO-50,
Suzume-ORPO-75, and Suzume-ORPO-100, re-
spectively.

3.3 Evaluation

We evaluate our models using the multilingual ver-
sion of the MT-Bench score over 6 languages (Chi-
nese, English, French, German, Japanese, and Rus-
sian). This evaluation tests a model’s ability to
perform tasks such as writing, roleplay, extraction,
reasoning, math, coding, STEM knowledge, and
humanities knowledge in a given language, using
GPT-4-Turbo as the evaluator of the model’s re-
sponses. Each category contains 10 prompts, with
each response being ranked out of 10, to give a
final average score over all prompts. We report the
2-turn scores on this benchmark. Note that we do
not report Russian performance on math, coding,
and reasoning questions as reference answers were
not available for these questions. We evaluate all
four of our ORPO trained models (Suzume-ORPO-
25, Suzume-ORPO-50, Suzume-ORPO-75, and
Suzume-ORPO-100), as well as our base model
(Suzume-Base) on the MT-Bench benchmark over
all 6 languages. As a further baseline, we also
evaluate the GPT-3.5-Turbo model (Ouyang et al.,
2022) on each language.

As an additional evaluation, we evaluate over

lOhttps: //github.com/OpenAccess-AI-Collective/
axolotl

" Available at
co/collections/lightblue/
orpo-experiments-6707702969a9340fa312405f

https://huggingface.
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Figure 2: Plots of how often each model’s response was chosen as the positive/negative response for training using
the Borda count. We observe that a plurality but not a majority of our positive training data comes from GPT-4,
while the vast majority of our negative training data comes from responses by Starling and GPT-3.5-Turbo.

the Belebele benchmark, which is a log-probability
based benchmark which calculates the probabili-
ties for generating the correct answer tokens given
a prompt compared to the probabilities of gener-
ating three possible incorrect answers (Bandarkar
et al., 2023). We report the accuracy, which is the
percentage of test examples where the probability
of generating the correct answer from the prompt
was higher than the probability of outputting any of
the wrong answers. We apply this benchmark over
the 6 languages we use in our MT-Bench evalua-
tion, as well as 6 other languages that we selected
at random: Arabic, Azerbaijani, Bangla, Croatian,
Norwegian, and Thai. Note that this does not test
an LLM’s chat abilities, but rather tests an LLM’s
ability to output factual information.

4 Results

Table 2 presents the MT-Bench scores across 6
languages for our 4 ORPO subsets compared to the
base model and GPT-3.5-Turbo.

All ORPO models surpassed the base model
in nearly every language, underscoring the value
of ORPO training for enhancing chat capabil-
ities. Furthermore, Suzume-ORPO-50 outper-
formed Suzume-ORPO-100 in 5 out of 6 languages,
despite being trained on half the data. Suzume-
ORPO-25 and Suzume-ORPO-75 achieved the
highest scores in one language each, but Suzume-
ORPO-50 provided the best overall balance.

While the base model did not exceed GPT-3.5-
Turbo in any language, Suzume-ORPO-50 outper-
formed GPT-3.5-Turbo in 4 out of 6 languages,
demonstrating that ORPO training enables LLMs
match or surpass GPT-3.5-Turbo on chat bench-
marks. However, GPT-3.5-Turbo still led in En-
glish and Japanese.

We also conducted other small scale tests to fur-
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ther probe the effects of ORPO training. One no-
table test (Suzume-ORPO-GPT on Table 4) was
training using all prompt responses from the mod-
els with the best and worst Borda scores, GPT-4 and
GPT-3.5 respectively, but we found that this lead
to a lower average MT-Bench scores compared to
the Suzume-ORPO-100 model. This indicates the
importance of model diversity and selecting appro-
priate responses when generating RLAIF datasets.

Another test (Llama-ORPO-50 on Table 4) we
conducted was directly ORPO training a Llama
3 8B Instruct model on the same dataset as
Suzume-ORPO-50, but we found that this model
had lower MT-Bench scores across all languages.
This demonstrates the continued necessity for fine-
tuning before conducting ORPO training.

The final small scale test (Suzume-ORPO-
random-50 on Table 4) we conducted was training
a model on a randomly selected half of the entire
Mitsu dataset. This allowed us to isolate the ef-
fects of example selection by using Kendall’s W,
as this model was trained on the same amount of
data as Suzume-ORPO-50. We find that Suzume-
ORPO-random-50 model has lower MT-Bench
scores across all languages compared to Suzume-
ORPO-50, indicating the importance of selecting
training prompts based on Kendall’s W score.

The Belebele scores for each of our trained mod-
els can be found in Table 3. We observe that
the base model exhibits greater or equal perfor-
mance on average on this benchmark compared to
Suzume-ORPO-100. This contrasts with our MT-
Bench scores which showed that ORPO training un-
ambiguously improved chat performance compared
to the base model. However, despite the observed
drop in Belebele score when performing full ORPO
training, we also observe that Suzume-ORPO-75
and Suzume-ORPO-25 are able to largely achieve



Language GPT-3.5- | Suzume- | Suzume- Suzume- | Suzume- | Suzume-
Turbo Base ORPO-100 | ORPO-75 | ORPO-50 | ORPO-25
Chinese 7.55 7.11 7.65 7.77 7.74 7.44
English 8.26 7.73 7.98 7.94 7.98 8.22
French 7.74 7.66 7.84 7.46 7.78 7.81
German 7.68 7.26 7.28 7.64 7.70 7.71
Japanese | 7.84 6.56 7.20 7.12 7.34 7.04
Russian 7.94 8.19 8.30 8.74 8.94 8.81
Mean 7.83 7.42 7.71 7.78 791 7.84

Table 2: The MT-Bench chat benchmark scores for each model evaluated across each language. Bolded values
are greatest in their row. We improve upon base model evaluation performance across all languages for nearly all
ORPO models. Interestingly, we find that training on the 50% most consistently evaluated prompts leads to greater
than or equal evaluation scores than training on all prompts for 5 of 6 languages evaluated.

comparable or better performance with the base
model on many languages in this benchmark. This
indicates that our ORPO training data selection cri-
teria may be beneficial to mitigating some of the
issues we demonstrate of lower performance on
log-probability based for ORPO trained models.

We also observe that Suzume Base performs
better on two languages (Chinese and Thai) than
any ORPO trained model. This may simply be
due to the fact that OPRO training, and particularly
naive ORPO training (i.e. Suzume ORPO-100),
seems to result in reduced performance in Belebele
and so even when selecting training examples using
Kendall’s W, the drop in performance is too large
to compensate for.

5 Discussion

Our results demonstrate the importance of ORPO
training in improving the chat abilities of finetuned
models. This, in turn, highlights the importance of
creating high quality preference datasets to train
LLMs using the ORPO method. Our results show-
ing that model trained on less, but more consis-
tently evaluated, preferences can achieve greater
chat benchmark performance than training on all
the data. This has the double benefits of increas-
ing performance while reducing training cost by as
much as four times for training on our 25% training
subset. However, the extra inference computation
required to rank responses multiple times is an in-
creased cost with this method of dataset creation.
This could benefit both current and future
datasets, with datasets such as Nectar (Zhu et al.,
2023) potentially being improved by re-evaluating
the dataset’s responses and filtering out less consis-
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tently evaluated rows.

We theorize that the correct balance between
consistency and data volume (i.e. where the cut-off
for Kendall’s W would be) may vary between tasks,
but we have shown that for our multilingual chat
setting the benefit on evaluation performance of
having a threshold above which we keep our data.

Our results are also purely dataset-based, mean-
ing that they might be able to be stacked with
other recent LLM training methods such as
SimPO (Meng et al., 2024) and ExPO (Zheng et al.,
2024a).

6 Future Work

Our results suggest that the technique of repeated
evaluations on preference data and only keeping
the consistently evaluated prompts and responses
for training could be applied to other RLAIF and
RLHEF datasets. Future work could include inves-
tigating whether training only using prompts and
responses with high agreement in the evaluations
from human annotators could lead to higher accu-
racy than training on all prompts and responses.
Another potential avenue for future work is us-
ing more than one evaluator model for ranking
responses. In this work, we only used GPT-4,
but there are other state-of-the-art LLMs such
as Claude 3 (Anthropic, 2024) and Gemini 1.5
Pro (Reid et al., 2024). We theorize that combining
the evaluations of multiple high performance LLMs
could serve to create more robust evaluations of re-
sponses and mitigate the demonstrated bias that
any one LLM exhibits (Feng et al., 2023; Cao et al.,
2023). The Mitsu dataset that we use to train our
model is single-turn, meaning that each example



Suzume | Suzume Suzume Suzume Suzume

Base ORPO-100 | ORPO-75 | ORPO-50 | ORPO-25
Arabic 64.3 52.6 65.3 54.7 64.6
Azerbaijani 50.3 37.6 52.3 45.3 52.1
Bangla 46.0 37.0 49.7 432 46.3
Chinese 78.0 64.4 76.1 70.0 75.7
Croatian 59.4 474 60.7 53.0 61.1
English 84.2 75.2 83.2 83.0 84.7
French 77.3 64.4 75.7 72.2 77.6
German 68.0 53.8 67.9 65.9 68.8
Japanese 66.7 57.1 63.7 58.2 68.0
Norwegian 67.0 52.4 67.2 62.2 67.7
Russian 71.6 51.9 71.4 57.3 72.9
Thai 63.3 479 61.3 57.1 63.0
Mean 66.4 53.5 66.2 60.2 66.9

Table 3: Belebele scores for each trained model across the 12 languages that we evaluate on. We observe that
full ORPO training leads to much lower Belebele scores compared to the base fine-tuned model. However, we
also observe that our method of selecting fewer ORPO training examples is able to marginally improve on the

performance of the base model for most languages.

consists of a single prompt-response pair for both
positive and negative responses. Future work could
expand on this to add multi-turn conversations, as
was done by Nectar (Zhu et al., 2023).

The Mitsu dataset also consists of prompts sam-
pled from the Tagengo dataset (Devine, 2024),
which are derived from users prompts to LLMs
hosted on a demo site. We theorize that these
prompts are a mixture of easy and difficult for an
LLM to answer. Training on tasks that LLMs are al-
ready highly proficient at might be a waste of train-
ing resources, so future work could filter prompts
based on their perceived difficulty for LLMs. We
believe that this may improve LLMs abilities on
these difficult tasks.

In our experiments, we chose to rank responses
5 times due to that being the financial limit of our
experiment. However, future work could empir-
ically find an optimal number of times to repeat
evaluations to obtain a reliable Kendall’s W score.

A slight limitation of the Repeated Ranking ap-
proach is the increased inference cost in evaluating
responses multiple times as an analogue for de-
termining the confidence of the ranking model in
the ranking. Future work could explore mitigating
this effect by evaluating the combined log proba-
bility of a single ranking output and training using
only the responses from rankings with the highest
probability.

Tools and agents have also been shown to aug-
ment the abilities of LLMs (Parisi et al., 2022; Gao
et al., 2023; Schick et al., 2024). Future work could
explore using tools or agents to enhance the eval-
uation abilities of the evaluator LLM when eval-
uating prompt responses. For example, a search
tool could determine the veracity of factual claims,
or a calculator tool would be able to confirm the
mathematical results of an LLM. We theorize that
this would lead to more accurate evaluation and
would ultimately lead to more accurate LLMs.

7 Conclusion

In this study, we explored the impact of repeated
rankings from an Al evaluator (GPT-4) on training
reinforcement learning from Al feedback (RLAIF)
models for multilingual chat capabilities. We found
that responses evaluated consistently by GPT-4 led
to higher downstream performance across multiple
languages, compared to training on all data regard-
less of evaluation consistency. Our findings indi-
cate that selective training based on evaluation con-
sistency can enhance chat performance and offer
a method to improve existing preference datasets.
This highlights the balance between quality and
quantity when constructing datasets for RLAIF.
Our work opens avenues for further optimizing
RLAIF datasets and refining training methodolo-
gies to develop more proficient multilingual LLMs.
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Limitations

One limitation of this work was the size of the data
that we trained upon. Our Mitsu dataset, in total,
consisted of less than 3k examples, whereas many
popular preference datasets such as Nectar (Zhu
et al., 2023) and the HH-RLHF (Bai et al., 2022a)
dataset consist of hundreds of thousands of exam-
ples. Therefore, we are yet to show whether our
proposed response selection technique extends to
datasets of that size.

Secondly, the differences in our results are rel-
atively small. While we show relatively consis-
tent improvement in chat performance in models
trained over our selected subsets (Suzume-ORPO-
25, Suzume-ORPO-50, Suzume-ORPO-75) over
the model trained on the whole dataset (Suzume-
ORPO-100), these differences are small in magni-
tude (largely <10% difference). It is nevertheless
notable that even demonstrating that chat perfor-
mance does not decrease with fewer training exam-
ples is a useful result that can inform more efficient
ORPO training in the future. Therefore, it remains
for future work to determine if the improvements
in chat ability increase with a larger training set.

Finally, a limitation of this research is that we
rely on GPT-4 for our evaluation using the MT-
Bench benchmark. This could bias the model as
GPT-4 has been shown to exhibit self-enhancement
bias (Zheng et al., 2024b), where it evaluates its
own responses higher compared to human eval-
uation, indicating that we may be overfitting to
GPT-4’s preferences rather than general human
ones. However, GPT-4 is the current state-of-the-
art for LLMs and has been shown to have very
high correlation with human preferences (Zheng
et al., 2024b). Moreover, our evaluations using
Belebele dataset do not use an LLM for evaluation
and again indicate that the accuracy of some of
our ORPO trained models over many languages
increases compared to the base model.

Ethics Statement

We have considered the ethical implications of re-
leasing both our training data and trained models.
There is the potential for LLMs and training data to
be misused, but since we demonstrate that our final
LLM is comparable to a publicly available LLM
(GPT-3.5-Turbo) that has since been superceded by
more recent LLMs (GPT-4, Llama 405B (Dubey
et al., 2024) etc.), we assume that the risk impact
of our sharing these models and data is minimal.
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You are an evaluator AI. Your task is to rank multiple responses to a given prompt from best to worst

You will first be given the original prompt, and then seven possible responses to that prompt,
—labelled alphabetically.

You should first write a very brief (<40 words per model) explanation of the merits and drawbacks of
—the responses, before giving the ranking itself.

This explanation of each response should be in a randomised order (go in the order of '{randomly
—shuffled list of alphabet letters from A-G}').

Make sure you explain and rank all responses, do not leave any out in your explanation or ranking.

The ranking should be a list of alphabet characters that describe the ranking, with '>' denoting the
<—left item is ranked higher than the right item and '=' denoting that the items are of equal
—ranking (e.g. 'Z>Y>X=W>V>U=T').

The user input will look like this:

<<<PROMPT>>>
AN EXAMPLE USER PROMPT

<<<RESPONSE A>>>
EXAMPLE RESPONSE A

<<<RESPONSE B>>>
EXAMPLE RESPONSE B

<<<RESPONSE C>>>
EXAMPLE RESPONSE C

<<<RESPONSE D>>>
EXAMPLE RESPONSE D

<<<RESPONSE E>>>
EXAMPLE RESPONSE E

<<<RESPONSE F>>>
EXAMPLE RESPONSE F

<<<RESPONSE G>>>
EXAMPLE RESPONSE G

and your output should look like this:

<<<EXPLANATION>>>
[SHORT EXPLANATION OF THE RANKING]

<<<RANKING>>>
[SEPARATED LIST OF ALPHABET CHARACTERS THAT DESCRIBE THE RANKING]

The evaluation rubric is as follows:

Is the response relevant? The response should be the best possible answer.

Is the response truthful?

Is the response accurate? The response should accurately fulfill the prompt's request.

If a creative answer is expected, is the response creative? If an analytical answer is expected, is
— the response factual/objectively correct?

Is the response written naturally and fluently in the language that the prompter would expect?

* Is the response detailed? The response should at minimum satisfy the full level of detail required

—by the prompt.

* % X% %

*

Figure 3: System message for generating evaluations
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Abstract

Open source large language models (LLMs)
have shown great improvements in recent times.
However, many of these models are focused
solely on popular spoken languages.

We present a high quality dataset of more than
70k prompt-response pairs in 74 languages
which consist of human generated prompts and
synthetic responses. We use this dataset to train
a state-of-the-art open source English LLM to
chat multilingually.

We evaluate our model on MT-Bench chat
benchmarks in 6 languages, finding that our
multilingual model outperforms previous state-
of-the-art open source LLMs across each lan-
guage. We further find that training on more
multilingual data is beneficial to the perfor-
mance in a chosen target language (Japanese)
compared to simply training on only data in
that language.

These results indicate the necessity of training
on large amounts of high quality multilingual
data to make a more accessible LLM.

1 Introduction

Recently, open source large language models
(LLMs) have grown drastically in both popular-
ity and performance. Models such as Llama
3 (Al@Meta, 2024b) have exceeded the perfor-
mance of previous state-of-the-art proprietary mod-
els like GPT3.5 (Ouyang et al., 2022) on popular
robust benchmarks including the Chatbot Arena
leaderboard (Chiang et al., 2024). These open
source LLMs are also increasingly being used in
commercial Al chat products such as the Meta Al
assistant (Al@Meta, 2024a).

However, many current LLMs exhibit lower per-
formance on languages outside of English (Achiam
et al., 2023). Indeed, Llama 3 itself is currently
an English-only LLM, meaning that even when it
is prompted in a language besides English, it of-
ten replies in English. This limits the potential

user base of these LLMs due to the fact that less
than 1.5 billion of the world’s more than 8 billion
population can speak English (Central Intelligence
Agency, 2021; Eberhard et al., 2024). Therefore,
we set out to train a state-of-the-art open source
LLM (Llama 3) to be able to chat not only in En-
glish, but in many languages.

In order to make English-focused LLMs acces-
sible in other languages, previous work has fine-
tuned these models on non-English data (Sasaki
et al., 2023; Sengupta et al., 2023; Nguyen et al.,
2023).

Many multilingual chat datasets such as MultiAl-
paca (Wei et al., 2023) and Aya (Singh et al., 2024)
cover many languages and tasks but can also lack
natural prompts and high quality responses.

For this reason, we created a large, diverse, high
quality multilingual dataset using more than 70k
human generated prompts in 74 languages and
generated responses from these using state-of-the-
art proprietary chat models. We used this dataset
to train two models, a multilingual LLM and a
Japanese-only LLM, both supervised fine-tuned
models based on the Llama 3 8B Instruct model.

We found that our model achieved better evalua-
tion scores on multilingual chat benchmarks com-
pared to the similarly sized state-of-the-art open
source models, indicating the high quality and
diversity of our training dataset. We also find
that our multilingual-trained LLM performs bet-
ter on Japanese chat benchmarks compared to our
Japanese-only-trained LLM, indicating that trans-
fer learning from training on other languages is
beneficial for training even monolingual models
outside of English.

Our findings combine to inform the community
of exactly how to fine-tune monolingual LLMs to
create a strong multilingual model.

We make our training data (Tagengo)!, train-

"https://huggingface.co/datasets/lightblue/
tagengo-gpt4
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ing code?, evaluation benchmark (multilingual MT-
Bench)?, and trained models (Suzume)*> publicly
available for free use online.
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Figure 1: Distribution of the languages found in the
Tagengo dataset

2 Related Work

In the literature, strong foundation models such as
Llama 2 (Touvron et al., 2023) and Gemma (Team
et al., 2024) have been subsequently fine-tuned on
data from a specific language or languages, includ-
ing Japanese (Sasaki et al., 2023), Arabic (Sen-
gupta et al., 2023), and South-East Asian lan-
guages (Nguyen et al., 2023). Fine-tuning has of-
ten shown to improve the accuracy of the resultant
LLM on tasks in that language. However, the train-
ing dataset of these models are often not shared,
making it difficult to create a truly multilingual
LLM across many languages.

Some multilingual chat datasets do exist that can
be used for training LLMs. MultiAlpaca (Wei et al.,
2023) is a multilingual dataset of 133K prompt-
response pairs covering 11 languages that were gen-
erated in a similar manner to Alpaca (Taori et al.,
2023). This dataset was created by generating syn-
thetic prompts from a small number of English seed
prompts and then answering these prompts using
an large-scale LLM, GPT3.5 (Ouyang et al., 2022).

2https://github.com/lightblue-tech/suzume/
tree/main/tagengo
3https://github.com/lightblue—tech/
multilingual-mt-bench
4https://huggingface.co/lightblue/
suzume-1llama-3-8B-multilingual
Shttps://huggingface.co/lightblue/
suzume-1lama-3-8B-japanese

Because these prompts are generated synthetically,
this data may not reflect the sorts of prompts that
real users may use with an LLM, potentially lim-
iting the ability of models trained on this data to
be used practically. Moreover, the prompts and
responses for this dataset were generated using
GPT3.5, meaning that the quality of the data may
not be as high as if a state-of-the-art LLM was used,
like GPT4 (Achiam et al., 2023).

xP3 (Crosslingual Public Pool of Prompts)
(Muennighoff et al., 2022) is a dataset of more than
78 million examples covering 46 languages. This
dataset was generated by templating other datasets
(e.g. translation datasets, classification datasets)
into a prompt-response format. While this dataset
is large, the templating process limits the useful-
ness of the dataset as it results in prompts that are
not necessarily similar to what an actual user of
an LLM would ask. The templating process can
also result in unnatural answers, with single word
answers being given where a fuller answer may be
more appropriate from an LLM.

Aya (Singh et al., 2024) is a dataset of 204k
human-annotated prompt-completion pairs cover-
ing 65 languages. The majority of this dataset
was generated by first translating and templating
datasets from various languages, which were then
corrected and annotated by human labellers. While
the human labelling process will prevent as many
unnatural utterances enter the dataset, the templat-
ing of datasets means that the prompts will still not
necessarily be the kind of prompts that an end-user
of LLMs would use. Hence, the usefulness of this
dataset in training multilingual LLMs is limited by
its data-generation process.

The ShareGPT dataset used by models such as
Vicuna (Chiang et al., 2023) and OpenChat (Wang
etal., 2023) contain approximately 70k open source
conversations between users and GPT3.5 (Ouyang
et al., 2022) and 6k conversations between users
and GPT4 (Achiam et al., 2023), meaning that the
prompts used in these datasets are often much more
naturalistic to a real LLM use-case. However, the
majority of these prompts are in English, mean-
ing that this dataset is limited in its use in training
multilingual models. Moreover, due to the fact
that that majority of this dataset contains data gen-
erated from GPT3.5, its usefulness in training is
limited as many other models have now surpassed
the performance of GPT3.5 in English (Zhu et al.,
2023; Al@Meta, 2024b). The amount of multi-
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lingual data in the higher quality GPT4 subset of
the ShareGPT dataset is small, meaning that its
usefulness in training is constrained by its size.

To address the shortcomings in existing public
datasets, we created a large, diverse, high quality
multilingual dataset using more than 70k human
generated prompts in 74 languages and generated
responses from these using state-of-the-art propri-
etary chat models.

3 Method

In this section, we detail how we generated our
training dataset, our training method, and finally
our evaluation techniques.

3.1 Tagengo Dataset Creation

First, to generate our dataset, we sampled
prompts from the million row LMSYS-Chat-1M
dataset (Zheng et al., 2023). These prompts were
collected from users speaking to one of 25 LLMs
on the Vicuna demo and Chatbot Arena website®.

We cleaned this dataset by first removing all
prompts which contain an OpenAl Moderation
Endpoint’ flag in order to remove explicit, sexual,
or illegal material.

We then removed all prompts which were listed
as a non-recognised or fictional language (un-
known, Klingon, xx, zp, and zzp).

We removed any prompts which contained the
string “name” when lower-cased, as NAMEQ,
NAMEI etc. was used as the placeholders for
anonymised material. Effectively, this removed
any anonymised prompts from our dataset.

We then removed any prompts which contained
the following keywords: “gpt”, “vicuna”, “alpaca”,
“llama”, “koala”, “claude”, “guanaco”. This was
done to remove prompts which referred explicitly
to the LLMs that were being tested in the Chat-
bot Arena as many prompts asked about the LLM
specifically, which we theorize is less useful in a
more general context.

We then used the FastText (Joulin et al., 2016)
LangDetect library® to determine the confidence
level of classifying a particular language. We fil-
tered out all prompts in which the confidence level
of the language indicated in the original LMSYS-
Chat-1M paper was less than 80%. This was done

6https ://chat.1lmsys.org/

"https://platform.openai.com/docs/guides/
moderation

8https://github.com/zafercavdar/
fasttext-langdetect

to filter out ambiguous language examples, as we
later sample per-language.

Finally, we analysed the number of tokens of
both the first prompt and LLM response, and re-
moved any prompts in which the combined to-
ken total of the first prompt and LLM response
amounted to more than 512 tokens. This was done
to prevent very long prompts or prompts which
elicited very long responses being used in our
dataset in order to minimise costs when generating
data with these prompts using GPT4.

We then sampled a maximum of 25,000 prompts
from each language, which effectively meant we
sampled the English prompts in this dataset as only
English (380,138) had more than 25,000 exam-
ples, while the next most popular language Chinese
(21,057) had less than 25,000. This was done to
counteract the outweighed prevalence of English
within this dataset.

For each language, we then embedded each
prompt using the BGE M3 embedding model (Chen
et al., 2024), which is a state-of-the-art embedding
model that supports more than 100 languages. We
then compared the prompt embeddings pairwise us-
ing the dot product to obtain a similarity score for
each prompt pair. We perform fuzzy de-duplication
by removing one of any prompt pairs which have
a similarity score of greater than 0.8 in order to
bolster the diversity of our dataset. The amount
of data removed from each language varied widely
with languages such as Chinese having a very high
rate of de-duplication (~75%) and other such as
Portuguese having a lower rate of de-duplication
(~40%). This may be due to the biases of the
embedding model or due to the kind of prompts
submitted to the original dataset in different lan-
guages.

A table of the number of prompts filtered at each
stage of our cleaning process can be found in Ta-
ble 1.

We used these prompts to generate responses
using an Azure OpenAl deployment of a state-of-
the-art proprietary LLM, GPT4 (0125-Preview),
with the generation temperature set to 0 and setting
a maximum number of response tokens to be 2,048.

Due to the fact that generating high quality re-
sponses for all of these prompts manually for each
language would be prohibitively expensive, we de-
cided to generate these responses using a state-of-
the-art model. We hypothesize that using an LLM
much larger - rumoured to be 1.8 trillion parame-
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Stage Number of prompts
Start 1,000,000
OpenAl Moderation 964.464
check

Remove unknown 936,468
languages

Remove anonymised data | 753,731
Remove references 735.390
to models

Language detection

confidence score >80% 336,368
Remove prompt plus

responses with more 513,011
than 512 tokens

Random sampling

of 25,000 prompts 157,873
per language

Fuzzy de-duplication 78,057
Remove uncompleted/ 76.338
unanswered prompts

Table 1: Table describing the number of prompts after
each cleaning stage.

ters (Schreiner, 2023) - than nearly all other open
source models to generate responses will lead to
high quality responses that can then be used to im-
prove existing open source models. When viewed
in this way, this training can be viewed as a form
of model distillation (Bucilua et al., 2006; Hinton
et al., 2015).

We finally removed any responses which GPT4
did not answer or was not able to complete within
the 2,048 token limit. The number of prompts in
our resultant Tagengo dataset can be found in Ta-
ble 1 and a breakdown of the prompts by language
can be found in Fig 1.

We share our dataset creation code and training
dataset on Huggingface®.

3.2

For training data, we add two more datasets to the
Tagengo dataset which we regard as high quality
chat datasets. The first is the Megagon Instruction
dataset (Hayashibe, 2023), a manually annotated
dataset of 669 Japanese prompt-response pairs. The
second is the 6k GPT4 subset of the ShareGPT
dataset'?, which has a majority of prompts in En-

Training

*https://huggingface.co/datasets/lightblue/
tagengo-gpt4

Ohttps://huggingface.co/datasets/openchat/
openchat_sharegpt4_dataset/blob/main/sharegpt_

glish but also includes responses in other languages.
We combined and randomly shuffled these three
datasets to use as a 83,213 prompt-response pair
training dataset for the multilingual model.

We used our training data to train a Llama 3 8B
Instruct model!! with the Axolotl LLM training
package'?. We trained for one epoch using full
fine tuning, using sample packing (Brown et al.,
2020) and a context length of 8,096. We name this
model Suzume 8B multilingual and the full training
configuration for this model can be found on our
model card.

We also prepared a subset of the above three
datasets that only included Japanese data from
each dataset, which amounted to 3,318 prompt-
response pairs. This was prepared to isolate the
effect of monolingual training compared to multi-
lingual training on our data. We trained our model
in the same manner as the multilingual model with
the name Suzume 8B Japanese. Full details for
how the training was conducted can be found on
our model card'#.

3.3 Evaluation

We tested our models by using a forked version
of the original MT-Bench evaluation suite (Zheng
et al., 2024). The MT-Bench evaluation benchmark
is a set of prompts and responses in English that
cover 8 broad categories of prompts: writing, role-
play, extraction, reasoning, math, coding, STEM
knowledge, and humanities knowledge. Responses
to these prompts are generated using an LLM, and
those responses are then evaluated using an evalua-
tion model such as GPT4.

We added publicly available translated versions
of the original MT-Bench dataset in Chinese,
French, German, Japanese, and Russian that had
been human-verified by a native speaker of that
language.

Note that the Russian translation did not contain
reference answers for the math, coding, and reason-
ing questions, so our evaluation does not include
math, coding, and reasoning problems in Russian.

Finally, we added the phrase ““Your evaluation

gpt4.json
Yhttps://huggingface.co/meta-1lama/
Meta-Llama-3-8B-Instruct
12https://github.com/OpenAccess—AI—Collective/
axolotl
Bhttps://huggingface.co/lightblue/
suzume-1lama-3-8B-multilingual
“https://huggingface.co/lightblue/
suzume-1lama-3-8B-japanese
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Llama 3 8B | Suzume 8B | Suzume 8B | Starling | GPT3.5

Instruct multilingual | Japanese 7B beta | Turbo
Chinese | - 7.11 - 6.97 7.55
French - 7.66 - 7.29 7.74
German | - 7.26 - 6.99 7.68
Japanese | - 6.56 6.24 6.22 7.84
Russian | - 8.19 - 8.28 7.94
English | 7.98 7.73 - 7.92 8.26

Table 2: Average MT-Bench scores across 6 languages for each LLM evaluated.

should also consider whether the prompt responded
in the correct language and the fluency and nat-
uralness of this response.” to the original MT-
Bench evaluation criteria to ensure that the LLM
judge would not simply evaluate factually correct
responses in English to non-English prompts as
correct. We conducted these evaluations using
the “gpt-4-turbo model” from OpenAl as the judge
LLM.

We make our evaluation code freely available
online'”.

As baselines, we also evaluate the original Llama
3 8B Instruct model (AI@Meta, 2024b), GPT3.5-
Turbo (Ouyang et al., 2022), and the Starling 7B
Beta (Zhu et al., 2023) which is the highest rated
similarly sized multilingual model on the Chat-
bot Arena leaderboard (Chiang et al., 2024) and
has been trained on the ShareGPT dataset amongst
other data.

4 Results

The MT-Bench scores for each model evaluated
can be found in Table 2.

We first found that we were able to train Llama
3 8B Instruct to output responses in the same lan-
guage as the prompt. This means that we achieved
our base objective of enabling a monolingual model
(Llama 3) to be able to output multilingual chat.

Secondly, English performance of the multilin-
gual trained model only dropped slightly compared
to the base Llama 3 8B Instruct model. This indi-
cates that English chat performance does not con-
siderably drop even when training on a majority of
non-English data.

Thirdly, we found that the multilingual trained
model performs better compared to the Starling
7B Beta across 5 out of 6 non-English languages

Bhttps://github.com/lightblue-tech/
multilingual-mt-bench

tested. However, also we found that our multi-
lingual model achieved lower evaluation scores
compared to the proprietary GPT3.5 on 5 of 6 non-
English languages. This indicates that our model
has achieved state-of-the-art performance in multi-
lingual chat for open-source models of its size, but
has not achieved state-of-the-art performance more
generally.

Finally, the Suzume 8B multilingual model
achieves higher MT-Bench scores on the Japanese
benchmark compared to the Suzume 8B Japanese
model, indicating that transfer learning from train-
ing on other languages is beneficial for training
even monolingual models outside of English.

5 Discussion

Our results indicate the need for large, high quality,
multilingual datasets when training multilingual
models. We find that with such a dataset, we can
train a state-of-the-art monolingual model such as
Llama 3 to achieve state-of-the-art multilingual
performance.

We also found that training on additional non-
Japanese data improves the performance of our
LLM on Japanese benchmarks when compared to
training solely on Japanese data, indicating that
there is a collective improvement effect between
languages when training using multilingual data.
This adds to the body of work that indicates that
training on multiple languages enables the LLM to
better generalise to other languages (Nguyen and
Chiang, 2017; Schuster et al., 2018). This suggests
that generating an even larger, more diverse dataset
in the future could further aid the performance of
LLMs on low-resource languages.
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6 Future Work

Our work could be built upon and improved in the
following ways.

Our training dataset mainly consisted of single
prompt-response pairs, but many chats between
users and LLMs extend beyond a single conver-
sation turn. Therefore, future work could include
creating a dataset that contains multiple turns of
conversation, with the prompts either generated by
humans or by high quality LLMs.

Future work could also include adding more lan-
guages to our dataset. Our dataset only included
74 languages, and crucially omits any languages
in the Niger—Congo language family, one of the
most diverse language families in the world (Good,
2017). Therefore, future work could involve sam-
pling initial prompts from a wider range of sources
(possibly by advertising free chatbot access to peo-
ple in areas with many speakers of underrepre-
sented languages) and generating responses based
on these prompts. This would help to both im-
prove an LLMs linguistic understanding of these
low-resource languages as well as improve their un-
derstanding of the topics and questions that people
from that language and culture may ask.

Finally, future work could include generating
preference data, such as was done in English in
the Nectar dataset (Zhu et al., 2023), for use with
contrastive learning techniques such as Direct Pref-
erence Optimisation (Rafailov et al., 2024) and
Odds Ratio Preference Optimisation (Hong et al.,
2024). These techniques have been shown to fur-
ther improve the accuracy of LLMs, suggesting that
training using these techniques may also improve
the performance of LLMs in multilingual chat.

7 Conclusion

In this study, we successfully trained a state-of-
the-art monolingual Llama 3 LLM to chat multi-
lingually using a new, diverse dataset comprising
over 70k human-generated prompts in 74 languages
paired with high-quality synthetic responses.

Our multilingual model showcased superior per-
formance across multiple languages compared to
similar-sized open-source models on various chat
benchmarks.

Interestingly, training using a multilingual
dataset also enhanced the performance on spe-
cific monolingual tasks, implying beneficial cross-
linguistic transfer effects.
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These outcomes underline the importance of us-
ing rich, diverse multilingual data for improving
the capabilities of LLMs in global, multilingual
applications.

Limitations

The three main limitations of this paper concern our
prompt diversity, our data generation methodology,
and our model evaluation methodology.

Firstly, as stated in Section 6, our training data
has a paucity of low-resource languages repre-
sented within it. While we try to focus on non-
English data in our work by sampling a maximum
of 25,000 prompts per language, this still does not
counteract the fact that the prompts in the LMSYS-
Chat-1M dataset (Zheng et al., 2023) are dispro-
portionately from a small set of languages. These
prompts are collected from users on the Chatbot
Arena LLM demo site, meaning that the speakers
of low-resource languages may be too few, unable,
unaware, or unwilling to talk to an LLM chatbot in
their native language. This means that current open
source LL.Ms will continue to have lower perfor-
mance on low-resource languages if this problem
is not resolved.

Secondly, we generate our responses to prompts
using GPT4, which means that all training data
will be in the worldview and within the domain
of knowledge that GPT4 exhibits. This biases the
model as many LLLMs have been shown to have
both political (Feng et al., 2023) and cultural bi-
ases (Cao et al., 2023) in the text they generate,
meaning that what may be deemed acceptable by
one user may not be deemed acceptable by another.
Moreover, while GPT4 is state-of-the-art and has
been shown to generate more accurate informa-
tion compared to previous models (Achiam et al.,
2023), it is still capable of generating incorrect data
in response to a prompt, meaning that our training
data may contain incorrect statements or otherwise
inaccurate data.

Thirdly, we compare our Suzume model results
to the Starling LLM (Zhu et al., 2023), with the for-
mer being an 8 billion parameter model while the
latter is a 7 billion parameter model. This makes
for a somewhat unfair comparison as our model
is larger than previous open source multilingual
models. This was done as the 8 billion parameter
size of LLMs was somewhat novel at the time of
release, meaning that we did not have a perfect
comparison to previous state of the art open source



models. However, future work could isolate the ef-
fect of training on the Tagengo dataset by training
an existing multilingual model and then comparing
the base model to the trained model.

Finally, our evaluation methodology is biased
by the fact that our 6 evaluation languages are all
within the top 10 most popular languages in our
training data. This means that our evaluation does
not consider the performance of our models on low
resource languages, limiting the usefulness of our
results to speakers of low resource languages.

Ethics Statement

Due to the potential for LLMs to be misused for un-
ethical purposes (Derner and Batisti¢, 2023; Zhuo
etal., 2023), we considered the ethical implications
of releasing both the training data and final trained
model of this work. However, since our training
data was made up of human-generated content that
was already publicly available, and the synthetic
parts of our dataset were generated using a readily
available LLM (GPT-4), we consider that the in-
crease in risk profile with our releasing this dataset
is marginal. Likewise, due to state-of-the-art mod-
els such as GPT-4 being readily available to the
public, we believe the increase in risk profile from
our model release is similarly minimal.
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Language and Task Arithmetic with Parameter-Efficient Layers
for Zero-Shot Summarization
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Abstract performance while incurring much less computa-

Parameter-efficient fine-tuning (PEFT) using
labeled task data can significantly improve the
performance of large language models (LLMs)
on the downstream task. However, there are
7000 languages in the world and many of these
languages lack labeled data for real-world lan-
guage generation tasks. In this paper, we pro-
pose to improve zero-shot cross-lingual trans-
fer by composing expert modules trained sep-
arately on language or task data. Our method
composes language and task PEFT adapters
via element-wise arithmetic operations to lever-
age unlabeled data and English labeled data.
We extend our approach to cases where labeled
data from more languages is available and pro-
pose to arithmetically compose PEFT adapters
trained on languages related to the target. Em-
pirical results on summarization demonstrate
that our method is a strategy that obtains con-
sistent gains using minimal training of PEFT
parameters.

1 Introduction

Large language models (LLM) have achieved im-
pressive performance on various real world appli-
cations in many different human languages (Xue
et al., 2021; Brown et al., 2020; Chowdhery et al.,
2022; Anil et al., 2023; Jiang et al., 2024). Sum-
marization (Nenkova and McKeown, 2011) is a
particularly interesting and useful task because it al-
lows users to quickly aggregate and access relevant
information from large amounts of textual data. De-
veloping a competitive text summarization system
for a language typically involves fine-tuning a pre-
trained model on labeled summarization data in the
given language. Standard supervised fine-tuning
of LLMs can be very expensive due to the large
model size. Parameter-efficient tuning (PEFT) is
an effective alternative that achieves competitive

*Work done during an internship at Google DeepMind.

Correspondence to alexandrachron@google.com
t Work done while working at Google

tional and memory cost (Hu et al., 2022; Lester
et al., 2021; Zhang et al., 2023b).

Despite the effectiveness of PEFT (Touvron
et al., 2023), it also has several limitations if we
want to develop competitive multilingual summa-
rization systems. First, current PEFT methods
generally require access to labeled task data in a
given language. While there are several existing
datasets in English to train competitive summariza-
tion systems (Hermann et al., 2015; Grusky et al.,
2018; Narayan et al., 2018), many languages in the
world with millions of speakers do not have such
resources (Giannakopoulos et al., 2015; Scialom
et al., 2020; Cao et al., 2020). Second, standard
PEFT methods optimize a separate set of param-
eters for each language, resulting in thousands of
fine-tuned checkpoints, which need to be stored
and deployed individually (Fifty et al., 2021). Fi-
nally, as the standard PEFT methods are fine-tuned
in isolation, they cannot leverage information from
related tasks.

In this paper, we want to improve zero-shot mul-
tilingual summarization with PEFT to better sup-
port languages that might lack labeled summariza-
tion data. To this end, we propose a simple yet
effective method that composes language and task
information stored in different trained PEFT param-
eters through element-wise operation. We leverage
unlabeled data to train language parameters with
PEFT, and perform element-wise arithmetic opera-
tions with pretrained task and language parameters
to construct new parameters for a language without
labeled summarization data. While several prior
works have studied methods that compose PEFT
methods for zero-shot cross-lingual transfer (Pfeif-
fer et al., 2020; Vu et al., 2022), these methods
generally incur an additional inference cost. Our
method provides a simpler and more flexible frame-
work to leverage many related languages at a fixed
inference cost.
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a) Task-in-One-Language

Inputs: O fenémeno Taylor Swift esta ROXESUMm Inference time

prestes a chegar a Portugal e, se
calhar,

Targets: ninguém esta preparado
para o frenesim que ira gerar.

PtLM

iNos Estados Unidos, o filme
‘arrecadou US $9,8 milhdes. O
inimero é mais baixo do que o
iesperado por analistas. Ele ndo
3Ieva em conta, porém, o
'langamento em importantes
imercados, como o da
1Gra-Bretanha, onde o filme foi
'langado na quinta-feira ...
{Summary: A versao de King Kong
idirigida por Peter Jackson
Earrecadou US $18 milhGes no seu
‘primeiro dia de apresentacao.

Breslin will play the lead role of Baby
Houseman. Dirty Dancing is the song-
and-dance love story about 17-year-old
Baby, who falls for her working-class
dance instructor, Johnny. ... In 2011,
Lionsgate announced plans to remake the
film for the big screen.

Summary: The 1987 movie Dirty Dancing is
to be remade for TV, by US network ABC.
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evenin’

Targets: and it sounds just like
a song
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b) Task-in-Many-Languages
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Figure 1: Illustration of our language and task arithmetic approach for zero-shot cross-lingual transfer using
LoRA parameters learned on top of PalLM 2. (a) We train a task adapter using the summarization objective in En
and language adapters using Prefix-LM in En and Pt. At inference time, a summary is generated in Pt, shown with
a dotted frame (Subsection 2.1). (b) We add the weights of task adapters trained for summarization in languages
similar to the target. We use the resulting vector for zero-shot summarization in the target language (Subsection 2.2).

Our method is inspired by the lottery ticket hy-
pothesis (Frankle and Carbin, 2019), which posits
that distinct models fine-tuned on the same dataset
follow linear trajectories while maintaining a con-
sistent loss (Frankle et al., 2020; Yunis et al., 2022).
This hypothesis implies that element-wise opera-
tions on different fine-tuned models can also re-
move biases of the pretrained model (Ilharco et al.,
2023), allowing the accumulation of information
from auxiliary tasks (Matena and Raffel, 2021),
or improve adaptation to unforeseen textual do-
mains (Li et al., 2022a; Chronopoulou et al., 2023a).
Our work is the first to extend this observation to
improve cross-lingual transfer by combining pre-
trained language and task parameters.

Our contributions are the following:

1. Assuming we only have task data in En-
glish, we combine PEFT parameters trained
on English task data and unlabeled data in
other languages through element-wise com-
position. This setup, termed Task-in-One-
Language, improves the model’s summariza-
tion performance across all unseen target lan-
guages, as demonstrated on the XLSum bench-
mark (Hasan et al., 2021).

Extending our first approach, we consider sce-
narios with task data from multiple languages
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(Task-in-Many-Languages). When labeled
task data for summarization are available in
various languages, we combine representa-
tions from languages most related to the target,
consistently improving performance over the
baselines using the XLSum benchmark.

3. 