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Abstract

Although the advancements of pre-trained
Large Language Models have significantly ac-
celerated recent progress in NLP, their ever-
increasing size poses significant challenges for
conventional fine-tuning, especially in memory-
intensive tasks. We investigate the potential of
Parameter-Efficient Fine-Tuning, focusing on
Low-Rank Adaptation (LoRA), in the domain
of multilingual summarization, a task that is
both challenging (due to typically long inputs),
and relatively unexplored. We conduct an exten-
sive study across different data availability sce-
narios, including high- and low-data settings,
and cross-lingual transfer, leveraging models of
different sizes. Our findings reveal that LoRA is
competitive with full fine-tuning when trained
with high quantities of data, and excels in
low-data scenarios and cross-lingual transfer.
We also study different strategies for few-shot
cross-lingual transfer, finding that continued
LoRA tuning outperforms full fine-tuning and
the dynamic composition of language-specific
LoRA modules.

1 Introduction

The emergence of pre-trained Large Language
Models (LLMs), such as PaLM 2 (Anil et al., 2023),
LLaMA 2 (Touvron et al., 2023), and the GPT fam-
ily from OpenAl, has significantly advanced the
state of the art in numerous NLP applications. How-
ever, the expansion in the size of LLMs poses sig-
nificant challenges for traditional fine-tuning, par-
ticularly when faced with many downstream tasks
or tasks with a large memory footprint, e.g., due to
processing long inputs.

Parameter-Efficient Fine-Tuning (PEFT) meth-
ods have recently shown promise to adapt a pre-
trained model to different tasks by selectively
fine-tuning a small subset of additional param-
eters. Widely-adopted PEFT techniques include
adapters (Houlsby et al., 2019; Pfeiffer et al.,
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2021), Low-Rank Adaptation (LoRA; Hu et al.
2022), prefix-tuning (Li and Liang, 2021), and
prompt-tuning (Lester et al., 2021). Among these,
LoRA has become one of the most popular ap-
proaches, achieving state-of-the-art performance
without introducing latency at inference time. The
majority of PEFT studies have focused on natural
language understanding, e.g., classification tasks as
exemplified in the GLUE (Wang et al., 2018) and
SuperGLUE (Wang et al., 2019) benchmarks, and
monolingual generation, e.g., table-to-text genera-
tion or summarization (Li and Liang, 2021).

In this paper, we empirically investigate the po-
tential of LoRA in the domain of multilingual sum-
marization, a task that is both challenging and rela-
tively unexplored. Multilingual summarization of-
ten involves processing lengthy inputs (Hasan et al.,
2021), providing a natural testbed for the effective
use of PEFT methods. In addition to being able to
understand long documents, models are expected
to fluently generate sentences in many languages,
requiring significant linguistic versatility. Multilin-
gual tasks face additional challenges pertaining to
the availability of resources (e.g., for training). It
is unrealistic to expect that large-scale and high-
quality data will be available or created for every
language (Parida and Motlicek, 2019). In scenarios
where multilingual data is scarce, PEFT methods
which selectively update a small number of param-
eters seem more suitable while fine-tuning can lead
to overfitting or catastrophic forgetting (Kirkpatrick
et al., 2017; Mitchell et al., 2022).

This motivates us to explore the following re-
search questions: (i) Can LoRA be effectively ap-
plied to complex multilingual summarization tasks?
and (ii) Under which conditions does LoRA ex-
hibit the most potential? To answer these questions,
we investigate different data availability scenarios:
high-data regime (high quantities of training data
are available for all languages), low-data regime
(training data is limited but available for all lan-
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guages), and cross-lingual transfer (zero or only a
few examples are available for some languages). In
the latter case, a model trained on a high-resource
language (e.g., English) is localized to additional
languages for which data is scarce or unavailable
(Artetxe et al., 2020; Karthikeyan et al., 2020). In
addition to mimicking real-world conditions, the
cross-lingual transfer setting allows us to exper-
iment with the composition of language-specific
LoRA modules, including the recently proposed
few-shot LoraHub (Huang et al., 2023). Our ex-
periments are conducted on two multilingual sum-
marization datasets, XLLSum (Hasan et al., 2021)
and XWikis (Perez-Beltrachini and Lapata, 2021),
using different sizes of the PalLM 2 model, an LLM
trained on multilingual text spanning more than
100 languages (Anil et al., 2023).

To summarize, our contributions are as follows:
(i) we conduct a comprehensive study of the effec-
tiveness of LoRA for multilingual summarization
under different data regimes; (ii) we showcase the
benefits of LoRA in low-data and cross-lingual
transfer settings; and (iii) we investigate how to
best leverage LoRA for cross-lingual transfer sub-
ject to the availability of target language examples.

2 Related Work

Parameter Efficient Fine-Tuning methods aim
to enhance computational efficiency while main-
taining competitive performance compared to full
fine-tuning. LoRA is one of the most popular
PEFT approaches (Hu et al., 2022; Chen et al.,
2022). It reduces the number of trainable parame-
ters by learning pairs of rank-decomposition ma-
trices while freezing the model’s original weights.
This vastly reduces storage requirements for large
language models adapted to specific tasks and en-
ables efficient task-switching during deployment,
without introducing inference latency. More recent
work explores how to adaptively adjust the rank of
the matrices (Zhang et al., 2023b; Valipour et al.,
2023), proposes generalizations of LoRA and re-
lated PEFT approaches under a common frame-
work (He et al., 2022; Chavan et al., 2023), and
combines LoRA with quantization (Dettmers et al.,
2023). However, most of these studies focus on
classification and monolingual generation tasks. In
contrast, we investigate the potential of LoRA in
the domain of multilingual summarization, a task
that is both challenging and relatively unexplored.

Cross-lingual Transfer requires a model to learn
a task from labeled data in one language (typically
English), and then perform the equivalent task in
another language where no or very little labeled
data is available (Artetxe et al., 2020; Karthikeyan
et al., 2020; Lauscher et al., 2020; Whitehouse
et al., 2022, 2023a). Previous studies focusing on
PEFT methods for cross-lingual transfer have ex-
plored adapter-based approaches (Pfeiffer et al.,
2020; Ansell et al., 2021) and composable sparse
fine-tuning (Ansell et al., 2022), among others.
Vu et al. (2022) evaluate prompt-tuning (Lester
et al., 2021) in a zero-shot setting for cross-lingual
summarization, focusing on the Wikilingua dataset
(Ladhak et al., 2020). Their study does not cover
LoRA, nor does it explore scenarios with more
available data (e.g., few-shot settings).

Model Composition and Weight Merging aim
to enable generalization to unseen tasks by com-
bining individually trained models. Previous work
includes weight composition guided by task simi-
larity (Lv et al., 2023) or arithmetic operations such
as addition or subtraction (Zhang et al., 2023a),
multi-task prompt pre-training (Sun et al., 2023),
and combining models in parameter space by min-
imizing prediction differences between a merged
model and individual models (Jin et al., 2023). For
our multilingual summarization task, we also ex-
plore the composition of language-specific LoORA
matrices through weight averaging, as well as dy-
namic weight composition when few-shot samples
are available (Huang et al., 2023).

3 LoRA for Multilingual Summarization

We now present the fundamentals of LoRA (Hu
et al., 2022) and then discuss how individual LoRA
modules can be combined (Huang et al., 2023)
for cross-lingual transfer. We also introduce our
assumptions regarding the availability of training
data for multilingual summarization.

3.1 LoRA and LoraHub

LoRA Let W, € R¥* denote the weight matrix
of a pre-trained LLM (where d is the input dimen-
sion and k is the output dimension). The key idea
of LoRA is to represent the fine-tuned W with a
low-rank decomposition Wy + AW = W, + BA,
where B € R¥™", A € R"™¥¥, and r < min(d, k),
making BA a low-rank matrix compared to Wj.
During training, Wy is frozen, while B and A
contain trainable parameters which are effectively
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a portion (2r/d) of the parameters compared to
full fine-tuning. Although in principle LoRA can
be applied to any subset of weight matrices, Hu
et al. (2022) only update the weight matrices in the
self-attention module of the Transformer architec-
ture. We also follow this recipe in experiments and
update all four attention matrices (i.e., query, key,
value, and out).

LoraHub is a gradient-free, few-shot learning ap-
proach, recently proposed by Huang et al. (2023).
It focuses on composing individually trained LoRA
modules for cross-task generalization. Available
LoRA modules m; are synthesized into module
m = Zfil w;m; where w; is a scalar weight that
can assume positive and negative values. The op-
timal weighted sum is learned through black-box
gradient-free optimization (Sun et al., 2022), based
on performance metrics on a few examples repre-
sentative of a new target task.

3.2 Data Regimes

We investigate the effectiveness of LoRA for mul-
tilingual summarization under the following data
assumptions:

High Data This scenario assumes that sufficient
training data is available in all languages of interest.
Such data could be obtained through automatic
pipelines or crowdsourcing.

Low Data In this scenario, we assume that a /im-
ited number of examples are available in the tar-
get languages of interest, typically in the order of
dozens or a few hundred. This scenario is com-
mon when working with low-resource languages or
when data cannot be easily obtained through crowd-
sourcing but requires input from expert annotators.

Cross-Lingual Transfer Within this context, we
consider scenarios where training examples are pri-
marily available in one or a few high-resource lan-
guages. We explore three settings corresponding to
the following assumptions: (i) only English train-
ing data is available; (ii) training data is available
in some languages besides English, which creates
a more complex multilingual setting; and (iii) a
small number of labeled examples are available in
the target language, allowing us to study few-shot
cross-lingual generalization.

Dataset XLSum XWIKIS
Source BBC News Wikipedia
Languages 44 5

Train/Val/Test Data | 1.12M / 114K/ 114K 1.43M /40K /35K
Input/Output Words 470.2/22.1 1042.7/ 63.7

Table 1: Summary statistics for the XLSum and XWikis
multilingual summarization datasets. Train/Val/Test
shows the number of examples in each split. In-
put/Output shows the average number of words in the
English input document and output summary. XWikis
has long documents and multi-sentence summaries.

4 Experimental Setup

This section introduces the datasets and models
used in our study. We further elaborate on the de-
tails of our experimental setup, and the metrics
used to assess the generated summaries.

4.1 Datasets

We perform experiments on two multilingual ab-
stractive summarization datasets which differ with
respect to the number of languages they cover, the
number of data samples available, and the sum-
marization task itself (short vs long summaries).
Dataset statistics are presented in Table 1.

XLSum (Hasan et al., 2021) contains over one
million article-summary pairs in 45 languages. The
dataset was automatically collated from BBC News,
under the assumption that the introductory sentence
in the article is effectively a summary of its con-
tent. The number of training examples varies sig-
nificantly among languages, with English having
more than 300K instances, and Scottish-Gaelic just
above 1K (see Table 7 in Appendix A for language
distribution in XLSum).

XWikis (Perez-Beltrachini and Lapata, 2021) con-
sists of document-summary pairs with long docu-
ments and multi-sentence summaries. It was syn-
thesized from Wikipedia articles, under the assump-
tion that the body of the article body and its lead
paragraph together form a document-summary pair.
XWikis covers five languages (Czech, German, En-
glish, French, and Chinese). It also includes cross-
lingual document-summary instances, created by
combining lead paragraphs and article bodies from
Wikipedia titles that are language-aligned. Our ex-
periments focus on cases where the article and the
summary are in the same language (see Table 8 in
Appendix A for language distribution in XWikis).
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4.2 Modeling Details

Our experiments focus on PaLM 2 (Anil et al.,
2023), a decoder-only LLM which, compared to
PalLM (Chowdhery et al., 2023), exhibits superior
multilingual and reasoning capabilities, as well as
better compute efficiency. Specifically, we employ
two sizes (XXS and S) of the instruction-tuned
FLAN-PaLLM 2 model (Wei et al., 2022a). All ex-
periments were conducted on cloud TPUs,! with
a learning rate in the range of {1e™3, 274, 2¢7}.
The input/output length was truncated at 2,048/128
tokens for XLSum and 2,048/256 for XWikis.

4.3 Automatic Evaluation

We evaluate the quality of the generated summaries
along three dimensions, namely relevance, faith-
fulness, and conciseness. In terms of relevance,
we employ the widely used ROUGE score (Lin,
2004), which measures the degree of n-gram over-
lap between generated summaries and reference
text. Following Aharoni et al. (2023), we com-
pute ROUGE over SentencePiece tokens (Kudo
and Richardson, 2018) to avoid inconsistencies in
tokenization among languages.

We measure the extent to which generated sum-
maries are faithful to their input using textual en-
tailment (Falke et al., 2019; Kumar and Talukdar,
2020; Honovich et al., 2022; Whitehouse et al.,
2023b; Huot et al., 2024). Specifically, for our en-
tailment classifier, we fine-tuned mT5-XXL (Xue
et al., 2021) on two NLI datasets, namely ANLI
(Nie et al., 2020) and XNLI (Conneau et al., 2018).
Following previous work (Aharoni et al., 2023;
Huot et al., 2024), for each sentence in the sum-
mary, we compute its entailment probability given
the input and report the average across sentences.

We also assess if a summary concisely repre-
sents the information in the source article using a
recently proposed metric trained on the SEAHORSE
benchmark (Clark et al., 2023), which is a large-
scale collection of human ratings on various dimen-
sions of system summary quality across multiple
languages, datasets, and models. We use a publicly
available mT5-XXL model (Xue et al., 2021) fine-
tuned on binary conciseness judgments.’

5 Results and Analysis

This section presents empirical results with LoRA
on multilingual summarization. We report compar-

'See Appendix B for more details of the TPUs used.
2https://huggingface.co/google/seahorse-large-q6

XLSum XWIKIS
Params | R-L.  NLI SH R-L  NLI SH
Reference — — 4850 31.65| — 3920 25.19
Full FT 100% | 31.11 4293 31.64 | 34.08 41.04 25.19
FT-Att 20% | 30.88 50.32 36.12 | 32.22 37.06 24.20
LoRA-512  13.3% | 29.81 42.58 30.16 | 33.38 40.48 24.78
LoRA-64 1.7% | 29.79 4551 31.80 | 34.04 4534 27.02
LoRA-16 0.4% | 29.77 48.48 3325 | 33.80 46.10 27.42
LoRA-4 0.1% | 29.03 51.16 34.42 | 3292 4743 27.72

Table 2: Results on XLSum and XWikis with PaLM
2-XXS trained in the high-data regime: full fine-tuning
on all layers (Full FT), on attention layers (FT-Att),
and LoRA-* (with different ranks). Params denotes the
proportion of trainable parameters. Best ROUGE-L (R-
L), NLI, and SEAHORSE (SH) conciseness scores (area
under the ROC curve) are in bold. Reference shows NLI
and SH scores on the reference/target summaries.

isons to full fine-tuning, following different data
availability scenarios.

5.1 High-data Regime

In the high-data regime, we use the complete
training set, including all languages in XLSum
and XWikis. In Table 2, we compare conven-
tional full fine-tuning on all layers (Full FT), and
a more constrained setting that exclusively up-
dates attention layers (FT-Att) against LoRA vari-
ants where attention layers are tuned with differ-
ent ranks (r = {4, 16, 64, 512}). We report results
with PalLM 2-XXS and select the best checkpoints
based on ROUGE-L throughout. All differences
between best-performing models (shown in bold)
and comparison models are statistically significant
(across metrics) using paired bootstrap resampling
(p <0.01). We also report NLI and SEAHORSE
scores for the reference summaries to gain a sense
of the optimum value range for these metrics.

In terms of summary relevance, perhaps unsur-
prisingly, conventional fine-tuning on all layers
achieves the best ROUGE-L scores for XLSum
and XWikis. Updating attention layers only results
in competitive performance on XLSum, however,
it delivers a drop of 1.86 ROUGE-L points on
XWikis. All LoRA variants, even those with high
ranks, update fewer parameters than constrained
fine-tuning. Despite remarkable efficiency in pa-
rameter updates, LoRA with rank 4 lags behind full
fine-tuning (by 2.08 ROUGE-L points on XLSum
and 1.16 on XWikis). In general, we observe that
expanding the parameter update space through
higher ranks enhances summary relevance. For
XWikis, LoRA with rank 64 is very close to full
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fine-tuning. However, for XLSum where language
diversity and data imbalances are more pronounced,
all LoRA variants fall short of full fine-tuning by
more than 1 ROUGE-L point. In line with Chen
et al. (2022), we observe that LoRA becomes more
sensitive to learning rates with higher ranks, requir-
ing more careful hyper-parameter tuning.

With regard to summary faithfulness and con-
ciseness, we note that LoRA achieves superior
performance compared to full fine-tuning, with
lower rank settings exhibiting better NLI and SEA-
HORSE scores. We further examined the length of
the summaries obtained from full fine-tuning and
LoRA models. On XLSum, fully fine-tuned sum-
maries are on average 52.13 tokens long (using the
SentencePiece tokenizer), while LORA summaries
(rank 4) are slightly shorter with an average length
of 48.82. This difference in conciseness is further
mirrored in the SEAHORSE scores for the two types
of summaries.

Interestingly, compared to the reference, both
full fine-tuning and LoRA demonstrate higher con-
ciseness. The predicted summaries also overall
show better NLI scores. Example summaries are
provided Appendix D, while additional results and
language-specific performance are included in Ap-
pendix C.

Takeaways When training data is available, full
fine-tuning yields the most relevant and informative
summaries. LoRA is a competitive alternative, par-
ticularly when considering summary faithfulness
and conciseness. LoORA performance can be further
enhanced with higher ranks, although more careful
hyper-parameter tuning is generally required.

5.2 Low-data Regime

We compare full fine-tuning against LoRA in the
low-data regime where limited training data is avail-
able. From this section onward, we focus on LoRA
with rank 4 and full fine-tuning on all layers.

We randomly sample 16, 64, and 256 training ex-
amples per language for both XLSum and XWikis.
To ensure the robustness of our results, we con-
duct experiments with three different seeds, each
with a unique set of samples. To examine how per-
formance evolves as we increase our training sam-
ples, we further present experiments with 1,024 and
4,096 examples per language for both datasets.®> We

3When the number of training samples is set to 4,096, three
languages in XLSum already lack sufficient data, so we refrain
from selecting more examples per language.
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Figure 1: Results on the XLSum and XWikis datasets
with PaLM 2-XXS trained in the low — high-data
regime: Full FT vs. LoRA-4. Results for up to 256 ex-
amples per language are averaged over three seeds, with
standard deviation shown in shaded areas.

set the number of validation samples to match that
of the training data. As before, we select the best
checkpoint based on ROUGE-L and subsequently
evaluate on the entire test set.

Figure 1 shows the performance of PaLM 2-XXS
with full fine-tuning and LoRA, when the number
of training examples per language varies from 16
to the entire dataset. The x-axis corresponds to the
number of examples per language on log scale; the
high-data setting is approximated by ~2'46 exam-
ples in XLSum and ~2'®! in XWikis. For training
data with 256 or fewer samples, we show the stan-
dard deviation with shaded areas. We observe that
LoRA achieves overall better faithfulness (NLI)
and conciseness (SEAHORSE) than full fine-tuning.
For ROUGE-L, LoRA demonstrates advantages in
low-data scenarios, while full fine-tuning delivers
a performance boost when increasing the number
of examples from 256 to 1,024.

In addition, full fine-tuning is sensitive to check-
point selection in the low-data regime, due to its
susceptibility to overfitting, requiring more fre-
quent validation. In comparison, the training pro-
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Test XLSum XWIKIS

Languages R-L  NLI SH R-L  NLI SH
Full FT o | 520 449 6881751 3595 2243
LoRA-4 OMEREISN | 9113 3907 23.08 | 23.86 4554 25.96
Full FT o . 3258 57.09 38.01 | 3659 5359 30.81
LoRA-4 & 3221 6313 4344 | 3407 49.94 29.01

Table 3: Zero-shot cross-lingual transfer using full fine-
tuning (Full FT) and LoRA (rank 4); PaLM 2-XXS
models are trained and validated on English and tested
on all other languages (Non-English) and English only.
Best ROUGE-L (R-L), NLI, and SEAHORSE (SH) con-
ciseness scores (area under the ROC curve) are in bold.

cess for LoRA is more stable.

Takeaways In low-data scenarios, LoRA is a bet-
ter alternative to full fine-tuning. LoRA delivers
consistently competitive or even superior results
with the additional advantage of efficient and stable
training.

5.3 Cross-lingual Transfer

We now focus on cross-lingual transfer in multi-
lingual summarization and explore two common
scenarios, namely zero- and few-shot learning. For
LoRA, we focus on rank 4 in all experiments.

Zero-shot Transfer from English

We first consider a typical scenario where only
English training data is available, i.e., training and
validation are carried out using English examples,
whilst the model is tested on new languages.

Table 3 shows the performance of PalL.M 2-XXS
with full fine-tuning and LoRA. We separate re-
sults on English as they are not zero-shot (second
block in Table 3) and they broadly align with our
findings in Section 5.1 (high-data regime). Full fine-
tuning generally outperforms LoRA except for NLI
and SH on English XLSum. In the cross-lingual
transfer scenario (first block in Table 3), full fine-
tuning performs exceptionally poorly across met-
rics and languages on XLSum. The gap is smaller
for XWikis as only four non-English languages
are covered and all but Chinese are in the Indo-
European family. Further examination of the model
output shows that the generated text is mostly in
English rather than the target language. The model
appears to comprehend the new language (i.e., in-
put documents), however, it struggles to generate
output accordingly.

Figure 2 illustrates XLSum examples of model
output for Hausa and Indonesian. In both cases,
Full FT summaries are in English, and off-topic

Hausa Indonesian

Target: Perempuan Vietnam yang
dituding terlibat dalam pembunuhan
Kim Jong-nam, saudara tiri dari
pemimpin Korea Utara Kim Jong-un,
telah dibebaskan.

Target: Gwamnatin Najeriya ta
ce 'yan kasar sun ga irin amfani
da rufe iyakokin kasar ya yi a
fannin tattalin arzikinta

Full FT: President Muhammadu
Buhari has appointed his deputy,
the BBC presenter and former
minister, Shugaba Muhammadu
Buhari, as the new chairman of
the Presidential Council.

Full FT: Kim Jong-nam, the wife of
North Korean leader Kim Jong-un,
has died in a fight with Malaysia
Airlines flight MH17. Here are the key
points of the ruling:

LoRA-4: Seorang wanita Vietnam
yang didakwa sebagai bagian dari
pembunuhan Kim Jong-nam,
saudara tiri dari pemimpin Korea
Utara, telah dibebaskan.

LoRA-4: Gwamnatin Nijeriya ta
yi tsokacin da shawarar da zai
rufe iyakokin kasar.

Figure 2: XLSum output examples: zero-shot transfer
from English using Full FT and LoRA with PaLM
2-XXS. Full FT fails to generate summaries in the target
language and the content is off-topic.

(the Hausa article discusses the Nigerian govern-
ment’s decision to close its borders, while the In-
donesian one reports on the murder of Kim Jong
Un). In Appendix C, we provide per-language re-
sults which highlight that for zero-shot transfer
from English, full fine-tuning consistently lags be-
hind LoRA in every language, even in cases where
languages are well-represented in the pre-training
phase of PaLM 2 or are considered linguistically
close to English.* This catastrophic forgetting be-
havior echoes the findings in Vu et al. (2022).

Zero-shot Transfer from Multiple Languages
We extend our study of zero-shot cross-lingual
transfer to scenarios where training data is available
in multiple languages rather than just English.

For XLSum, we create a training data pool of
10 languages from eight distinct linguistic fami-
lies, each with substantial training data. These lan-
guages include Arabic (AR), (Simplified) Chinese
(zH), English (EN), Hausa (HA), Hindi (H1), Indone-
sian (ID), Persian (FA), Portuguese (PT), Swabhili
(Sw), and Turkish (TR). Additionally, we select
10 test languages: Azerbaijani (AZ), Bengali (BN),
Japanese (JA), Kirundi (RN), Korean (KO), Nepali
(NE), Scottish Gaelic (GD), Somali (SO), Thai (TH),
and Yoruba (YO). Test languages are selected so
that they are maximally diverse, each represent-
ing a unique language family.> For XWikis, we
adopt a leave-one-out approach, since it only cov-
ers five languages. We rotate through the available
languages, one for testing and four for training.

4See Table 21 in Anil et al. (2023) regarding the distribution

of languages used in the pre-training of PaLM 2.
5See Appendix A for details of language families in XLSum.
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In addition to full fine-tuning and LoRA, we
report experiments with language-specific LoORA
modules, each trained on examples from one lan-
guage. An advantage of such specialized modules is
their scalability and adaptability. When additional
languages become available, there is no need to
re-train the entire model; it is sufficient to add a
new language-specific module. During inference,
we can also flexibly experiment with various LoRA
modules or weight composition methods. As men-
tioned in Section 2, weight composition is an active
research area that has demonstrated effectiveness
across a spectrum of applications. We adopt a sim-
ple approach that computes the weighted average
of all available modules.

Figure 3 shows the heatmaps of the ROUGE-L
scores for models trained in one language and
tested on another. Rows represent source mod-
els from SEEN languages and columns represent
UNSEEN test languages. The color scale is column-
wise normalized to provide a comparative view
of the performance of the best and worst models
for each UNSEEN test language. In the bottom three
rows, we also illustrate the performance of models
trained on multiple seen languages and tested on
unseen ones. We experiment with full fine-tuning,
LoRA (rank 4), and weighted average LoRA.

We observe from Figure 3 that: (i) full fine-
tuning consistently lags behind LoRA in zero-
shot cross-lingual transfer, even with a diverse
collection of languages besides English; (ii) the
weighted average of language-specific LoORA mod-
ules (Avg.LoRA) and LoRA (trained on all avail-
able languages together) benefit different unseen
languages. Particularly for XLSum, lower-resource
languages (i.e., RN, GD, SO, and YO), exhibit su-
perior performance with language-specific LoRA
training. We hypothesize that in the default LoRA
setting (i.e., joint training across languages), high-
resource languages hinder the effective learning of
low-resource languages; and (iii) languages with
similarities demonstrate better transferability, as
exemplified by transferring ZH to JA and SW to
RN on XLSum, and the Indo-European languages
on XWikis.

Few-shot Cross-lingual Transfer

Finally, we consider scenarios where some exam-
ples are available in the target languages and ex-
plore effective strategies for utilizing them. We
follow the previous section and assume that models
have been already trained on (seen) languages with

UNSEEN
AZ BN JA RN KO NE GD SO TH YO
AR pERc:v2: 10101 10.29 PENA] 21.91 16.75 14.94 pERRRE-Hi0)

SEEN
T

15.05 prRepAvi-Nic] 7.82 pPR:ZY22.27 16.78 15.26 pAREE]
S\ 17.10 22.69 28.67 ki) 24.37 24.84 pE:RE] 18.74 21.42 19.49

12.16 paRa3

9.79 PAJEN] 20.23 16.78 15.67 pARyAS
Full FT il 5.97 22.61 8N4 8.45 21.72 17.92 12.15 13.17 13.75
[NV W8 190,94 26.25 32.15 plilpE] 26.26 27.38 20.26 25.37 18.87

A\ Ne13VN 18.22 23.05 29.71 16.25 25.0324.57(22.67 21.51|23.42 22.96

(a) ROUGE-L scores for 10 test languages on XLSum.

UNSEEN
cz DE EN FR ZH
cz 20.53 19.41 16.15 12.25
DE 30.69  29.21 EERIE]

EN

FR

ZH 25.14 26.27

Full FT-excl.XX
LoRA-4-excl.XX
Avg.LoRA-excl.XX

13.77
17708

SEEN

12.56
EPRERCIINE:Y 19.66

EPRERRCwIE 18.99

(b) ROUGE-L scores for five languages on XWikis.

Figure 3: Zero-shot cross-lingual transfer on XLSum
(top) and XWikis (bottom); PaLM 2-XXS models are
trained on one language (SEEN) and tested on another
(UNSEEN). We also show results with full fine-tuning
on all seen languages (Full FT), LoRA, and (average)
weighted combination of language-specific LoORA mod-
ules (Avg.LoRA); excl. XX in XWikis denotes leave-one-
out training, excluding the test language.

sufficient data. One approach is to continue train-
ing these models using target language examples.
Therefore, if the starting checkpoint was obtained
from full fine-tuning on seen languages, we con-
tinue with full fine-tuning on the new languages.
We also adopt the same strategy for LoRA.

Another widely-used technique is in-context
learning, where input and output examples are
concatenated to form in-context demonstrations.
Despite promising results in many LLM applica-
tions (Brown et al., 2020; Wei et al., 2022b), in-
context learning becomes less practical in the do-
main of multilingual summarization where mod-
els are expected to process long articles, which
is memory-intensive, especially as the number of
examples grows. Instead, we experiment with the
recently proposed few-shot LoraHub learning ap-
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XLSuM XWIKIS
R-L  NLI SH R-L  NLI SH
ZERO- Full FT 1448 28.87 13.71 | 2022 30.17 16.26
SHOT LoRA-4 22.59 3739 2421 | 2846 4831 26.40
Avg. LoRA 2274 49.14 32.44 | 2693 49.29 26.86
16- Full FT (cL) | 22.31 30.15 18.79 | 26.90 34.17 21.82
SHOT LoRA-4 (cL) | 2471 41.12 26.47 | 30.05 4590 28.20
LoraHub 2337 3895 26.07 | 27.59 4745 2584
64- Full FT (cL) | 24.30 30.65 19.57 | 28.73 39.42 24.16
SHOT LoRA-4 (cL) | 2594 42.07 27.66 | 31.08 45.12 28.05
LoraHub 2421 4134 28.02 | 27.66 48.09 26.56

Table 4: Cross-lingual transfer on 10 XLSum languages
and five XWikis languages (using leave-one-out train-
ing) for PaLM 2-XXS model. 16- and 64-shot experi-
ments show average results from three different seed
runs. For continued learning (CL), we use a 14/2 and
60/4 training/validation split. Best results are in bold.
Results for individual languages are in Tables 10 and 13
in Appendix C.

proach (Section 3.1). The original formulation of
LoraHub (Huang et al., 2023) does not assume any
prior knowledge of the available LoRA modules
which are randomly sampled and initialized with
zero weights (i.e., starting from a general-purpose
pre-trained LLM). We initialize LoraHub with the
weighted sum of IV language-specific LoORA mod-
ules and assign a weight of 1/N to each module.
The composition of modules fine-tuned on the same
task, albeit in different languages, offers a stronger
baseline compared to a pre-trained LLM.

We consider two few-shot settings, with 16 or
64 target language examples, simulating practical
scenarios where human annotators or experts cre-
ate a few examples for low-resource languages. We
compare few-shot continued learning and LoraHub
learning, using the same examples. To ensure ro-
bustness, all experiments are conducted on three
different sets of examples, and we report the aver-
age. For continued learning, we split the examples
into training and validation using 14/2 and 60/4
splits. For LoraHub, we use the Nevergrad toolkit®
for black-box optimization. We empirically com-
pared ROUGE-L and loss as performance metrics
guiding the optimization and found that ROUGE-L
led to more stable results.

Table 4 presents our results on XLSum and
XWikis with 16- and 64-shots, averaged across test
languages. Zero-shot results are also included for
comparison. Our analysis supports the following
observations: (i) with only a few target language ex-
amples (e.g., 16), full fine-tuning sees a remarkable
improvement, resulting in an average boost of 7.8

Shttps://facebookresearch.github.io/nevergrad

XLSum XWIKIS
Params | R-L.  NLI SH R-L  NLI SH
Full FT 100% | 36.99 58.72 41.92 | 39.65 46.03 28.01
LoRA-4 0.04% | 36.29 61.64 43.99 | 39.25 47.56 28.30

Table 5: Results on XLSum and XWikis datasets with
PalLM 2-S trained in the high-data regime: Full FT and
LoRA (rank 4). Params denotes the proportion of train-
able parameters. Best results are in bold.

Test XLSuMm XWIKIS

Languages R-L  NLI SH R-L  NLI SH
Full FT oL [3322 6072 4196 3570 4627 2751
LoRA-4 s 3331 64.18 4398 | 36.00 47.23 28.69
Full FT oo 4038 7121 4582 | 4203 5176 28.95
LoRA4 &1 39.61 7805 47.02 | 41.53 50.09 29.07

Table 6: Zero-shot transfer on XLSum and XWikis us-
ing Full FT and LoRA (rank 4). PaLM 2-S models are
trained and validated on English and tested on all other
languages (Non-English) and English only. Best results
are in bold.

ROUGE-L points on XLSum and 6.7 on XWikis,
corroborating the findings of Lauscher et al. (2020);
(i1) LoraHub slightly enhances ROUGE-L perfor-
mance compared to (zero-shot) weighted-average
on XLSum with only 16 examples; (iii) LoRA con-
tinued learning consistently outperforms full fine-
tuning and LoraHub in terms of ROUGE-L and
SH; however, LoraHub is superior in terms of NLI
for XWikis.

Takeaways In cross-lingual transfer scenarios,
LoRA achieves consistently superior performance
compared to full fine-tuning. LoRA continued
learning shows particular promise when only a
small number of examples are available in the tar-
get language.

6 Scaling Up

We extend our analysis to the larger PaLM 2-S
model, focusing on the high-data regime and zero-
shot cross-lingual transfer using English data. Our
results are summarized in Table 5 and Table 6.
Interestingly, LoRA and full fine-tuning achieve
similar performance, with LoRA taking the lead
in cross-lingual transfer (see first block in Ta-
ble 6). We hypothesize that when using the larger
PalLM 2-S model, the increased capacity makes up
for the small percentage of trainable parameters in
LoRA (only 0.04% of the parameters), allowing
it to benefit more from high-data regime training.
At the same time, the larger model is more robust
and does not exhibit catastrophic forgetting during
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full fine-tuning. As a result, we see that full fine-
tuning performs on par with LoRA in the zero-shot
cross-lingual setting (see Table 6).

Takeaways For larger models such as PalLM 2-S,
LoRA achieves on-par performance with full fine-
tuning but is a better choice when considering com-
putational efficiency.

7 Conclusions

In this paper, we explored the effectiveness of
LoRA on multilingual summarization across a di-
verse range of scenarios primarily determined by
the availability of training data. We summarize our
key findings by comparing the computationally ef-
ficient LORA against full fine-tuning.

LoRA achieves superior performance to full
fine-tuning in zero-shot and few-shot cross-lingual
transfer scenarios, and low-data settings (e.g., train-
ing data with fewer than 1K samples). This is
most pronounced with smaller models (e.g., PaLM
2-XXS). In the specific case of few-shot learning,
LoRA continued learning outperforms LoraHub.
LoRA also achieves overall superior summary faith-
fulness and conciseness across various scenarios.

For larger models like PalLM 2-S, LoRA ex-
hibits on-par performance to full fine-tuning. This
suggests that model capacity matters. Notably, for
smaller models like PalLM 2-XXS, LoRA displays
worse performance in the full fine-tuning (high-
data) regime, when said performance is measured
via ROUGE-L, but is consistently superior in terms
of faithfulness and conciseness.

Taken together, our results underscore the utility
of PEFT methods for complex multilingual tasks
and cross-lingual transfer. Avenues for future work
include few-shot transfer and effective ways to
combine LoRA modules, e.g., by learning which
modules to activate for different tasks or languages
(Ponti et al., 2023; Lin et al., 2024). It would also
be interesting to reproduce our results across varied
LLMs and broader multilingual generation tasks,
beyond summarization.

Limitations

We identify the following limitations of our work:

* We focused exclusively on decoder-only mod-
els. Future work could explore a wider range
of LLMSs, including encoder-decoder models.
We anticipate the observations gained from
decoder-only models to largely align with

those from encoder-decoder models, thus gen-
eralizing our findings.

* In our cross-lingual transfer studies, we only
considered LoRA models with a rank of 4, due
to computational considerations. Expanding
to additional LoRA settings would allow us to
perform a more thorough comparison.

* Our experiments have exclusively focused on
multilingual summarization tasks. Extending
our study to a wider range of multilingual
text generation tasks with long input and out-
put would provide a more comprehensive per-
spective on the capabilities and limitations of
LoRA.

* We concentrate on LoRA as a representative
parameter-efficient fine-tuning approach, how-
ever, extending our study to other PEFT meth-
ods could bring more insights.
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A Datasets

Table 7 and Table 8 show the language families and
the number of training examples per language in
the XLSum and XWikis datasets.

B TPU Computational Requirements

With regard to computational requirements,
memory-intensive experiments were conducted on
Cloud TPU v4, while less memory-intensive ones
were run on Cloud TPU v3. For instance, full fine-
tuning jobs in the high-data regime required up to
64 TPUs v4, while less memory-intensive jobs such
as LoRA with continued learning (for cross-lingual
transfer) required 8 TPUs v3.

C Additional Results

Table 9 shows ROUGE-1, ROUGE-2, and
ROUGE-L scores for LoRA and full fine-tuning
with PaLM 2-XXS on the two datasets. We ad-
ditionally report activating LoRA tuning on Feed
Forward layers with different ranks.

Table 10, Table 11, and Table 12 show
ROUGE-L, NLI, and SEAHORSE few-shot learning
results for individual languages on XLSum. Ta-
ble 13, Table 14, and Table 15 show ROUGE-L,
NLI, and SEAHORSE few-shot learning results for
individual languages on XWikis.

Table 16, Table 17, and Table 18 show ROUGE-
L, NLI, and SEAHORSE results for PaLM 2-XXS on
XWikis for individual languages; in the high-data
regime and in a zero-shot cross-lingual transfer set-
ting from English. Table 19, Table 20, and Table 21
show ROUGE-L, NLI, and SEAHORSE results for
PalLM 2-XXS on XLSum for individual languages;
in the high-data regime and in a zero-shot cross-
lingual transfer setting from English.

D Examples of Summaries

We provide some randomly selected examples of
input, target, and generated summaries of XLSum
with Full FT and LoRA-4 models in Table 22.

Language ISO Language Family # Train
English EN Indo-European 306,522
Hindi HI Indo-European 70,778
Urdu UR Indo-European 67,665
Russian RU Indo-European 62,243
Portuguese PT Romance 57,402
Persian FA Indo-Iranian 47,251
Ukrainian UK Slavic 43,201
Indonesian ID Austronesian 38,242
Spanish ES Romance 38,110
Arabic AR Semitic 37,519
Chinese-Traditional ZH Sino-Tibetan 37,373
Chinese-Simplified ZH Sino-Tibetan 37,362
Vietnamese VI Austroasiatic 32,111
Turkish TR Turkic 27,176
Tamil TA Dravidian 16,222
Pashto PS Indo-Iranian 14,353
Marathi MR Indo-Aryan 10,903
Telugu TE Dravidian 10,421
Welsh CY Celtic 9,732
Pidgin PI Unknown 9,208
Gujarati GU Indo-European 9,119
French FR Romance 8,697
Punjabi PA  Indo-Iranian 8,215
Bengali BN Indo-European 8,102
Swahili SW Bantu 7,898
Serbian-Latin SR Indo-European 7,276
Serbian-Cyrillic SR Indo-European 7,275
Japanese JA Japonic 7,113
Thai TH Kra-Dai Languages 6,616
Azerbaijani AZ Turkic 6,478
Hausa HA Afro-Asiatic 6,418
Yoruba YO Niger-Congo 6,350
Oromo OM Afro-Asiatic 6,063
Somali SO Afro-Asiatic 5,962
Nepali NE Indo-Aryan 5,808
Ambharic AM Semitic 5,761
Kirundi RN Bantu 5,746
Tigrinya TI Semitic 5,451
Uzbek UZ Turkic 4,728
Burmese MY Sino-Tibetan 4,569
Korean KO Koreanic 4,407
Igbo IG Niger-Congo 4,183
Sinhala SI  Indo-European 3,249
Kyrgyz KY Turkic 2,266
Scottish-Gaelic GD Celtic 1,313

Table 7: Language family and number of training exam-
ples per language in the XLSum dataset.

Language ISO Language Family # Train

English EN Indo-European 624,178
German DE Indo-European 390,203
French FR  Indo-European 323,915
Czech CS  Indo-European 61,224
Chinese ZH Sino-Tibetan 31,281

Table 8: Language family and number of training exam-
ples per language in the XWikis dataset.
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XLSum XWIKIS

PalLM 2-XXS Trainable Layers Params R.L R-1 R R.L R-1 R
Full FT All Layers 100% 31.11 41.66 21.78 34.08 42.68 24.37
" Attention Layers 20% 30.88 41.17 21.43 3222 4148 2254
rank 512 13.3% 29.81 4033 20.25 33.38 41.52 23.63
Attention Lavers rank 64 1.7% 29.79 3998 20.18 34.04 41.58 24.28
4 rank 16 0.4% 29.77 3975 20.09 3380 4134 24.14
LoRA rank 4 0.1% 29.03 38.83 19.28 3292 39.97 2327
Attention + FEN rank 64 5.4% 29.45 39.64 19.79 3359 4137 2379
Lavers rank 16 1.4% 29.79 3999 20.17 33.55 41.11 2395
yer rank 4 0.3% 29.67 39.76 20.02 33.70 40.82 24.05

Table 9: Results on XLSum and XWikis datasets with PaLM 2-XXS trained in the high-data regime: full fine-tuning
on all layers, full fine-tuning on attention layers, and LoRA (with different ranks). Params denotes the proportion of
trainable parameters.

PaLM 2-XXS AVG AZ BN JA RN KO NE GD SO TH YO

oo, FPUFT 1448 1589 597 22.61 13.17 845 21.72 17.92 12.15 13.17 13.75
oy LoRA-4 22.59 19.94 2625 32.15 10.23 2626 27.38 19.16 2026 2537 18.87
Avg. LoRA 2274 1822 23.05 2971 1625 25.03 2457 22.67 21.51 23.42 22.96

6 Full FT + continued learning | 22.31 16.64 22.95 2828 17.02 2431 2694 19.56 19.66 23.58 24.18
" LoRA-4 + continued learning | 24.71 2074 26.19 3226 17.82 27.13 27.82 23.00 2226 2430 25.55
SHOT 1 oraHub 2337 18.58 24.81 27.69 16.65 25.82 25.40 24.83 23.13 24.71 22.05
o Full FT + continued learning | 24.30 17.86 22.80 32.49 19.28 27.09 28.89 21.72 22.17 23.90 26.83
" LoRA-4 + continued learning | 25.94 2091 26.08 33.10 19.09 28.43 29.38 25.78 23.06 25.48 28.06
SHOT 1 raHub 2421 2010 25.16 29.03 17.61 27.46 26.82 2494 23.04 2437 2353

Table 10: Cross-lingual transfer results (ROUGE-L) on 10 XLSum languages for PaLM 2-XXS model. 16- and
64-shot experiments show average results from three different seed runs. For continued learning, we use a 14/2 and
60/4 split for training/validation.

PaLM 2-XXS AVG AZ BN JA RN KO NE GD SO TH YO

Jego. FULFT 28.87 19.17 28.28 3527 24.00 30.76 46.44 3822 1523 33.02 18.26
o LoRA 3739 37.92 52.61 62.54 9.62 54.57 47.35 16.86 21.92 5323 17.26
Ave. LoRA 49.14 45.54 60.55 66.37 39.63 66.44 55.86 33.43 3426 60.86 28.47

6 Full FT + continued learning | 30.15 15.83 4629 37.55 17.55 35.61 4222 20.07 26.69 39.74 20.00
" LoRA + continued learning | 4112 3733 56.45 52.31 30.62 58.08 49.10 2432 33.37 45.02 24.58
SHOT 1 oraHub 38.95 37.76 47.95 48.17 35.52 4929 40.90 32.14 2629 52.08 19.40
o Full FT + continued learning | 30.65 20.06 39.10 47.13 12.54 41.70 47.93 18.01 24.03 46.00 9.96
" LoRA + continued learning | 42.07 37.16 53.76 54.85 1820 52.19 52.90 31.29 37.10 52.61 30.60
SHOT 1 oraHub 4134 36.56 44.52 54.47 47.70 53.45 45.16 29.60 23.98 5435 23.65

Table 11: Cross-lingual transfer results (NLI) on 10 XLSum languages for PaLM 2-XXS model. 16- and 64-shot
experiments show average results from three different seed runs. For continued learning, we use a 14/2 and 60/4
split for training/validation.
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PaLM 2-XXS AVG AZ BN JA RN KO NE GD SO TH YO

e, FPUFT 1371 12.38 12.97 2494 943 840 30.71 1357 5.18 1257 6.99
thon  LoRA-4 2421 2540 36.15 4870 4.15 36.86 32.84 7.10 9.02 3671 5.17
Avg. LoRA 32.44 2979 41.96 53.99 2028 46.02 3928 19.00 17.15 41.79 15.11

6 Full FT + continued learning | 18.79 11.44 29.33 26.83 9.69 24.72 2620 831 11.22 29.66 10.51
J LoRA-4 + continued learning | 26.47 26.22 37.43 37.68 14.53 39.02 32.29 13.57 15.95 33.12 1491
SHOT 1 oraHub 26.07 2635 33.69 38.75 17.56 34.90 29.20 17.87 13.45 3899 9.92
o Full FT + continued learning | 19.57 13.88 26.64 29.87 7.77 27.07 2851 8.78 11.80 32.63 8.77
) LoRA-4 + continued learning | 27.66 27.02 37.05 40.43 9.67 3420 35.36 16.84 18.37 38.63 19.03
SHOT 1 oraHub 28.02 26.81 31.88 46.24 2337 37.88 33.13 17.36 11.72 39.58 12.17

Table 12: Cross-lingual transfer results (SEAHORSE) on 10 XLSum languages for PaLM 2-XXS model. 16- and
64-shot experiments show average results from three different seed runs. For continued learning, we use a 14/2 and
60/4 split for training/validation.

PaLM 2-XXS |AVG CS DE EN FR ZH
Jero. PUllET 2022 17.16 2531 2347 22.60 12.56
SHOT' LoRA-4 28.46 28.55 31.57 3293 30.27 18.99

Avg. LoRA 2693 24.68 2745 3219 30.68 19.66
16 Full FT + continued learning | 26.90 2253 29.23 30.50 26.16 26.11
) LoRA-4 + continued learning | 30.05 27.68 33.76 3198 30.12 26.70
SHOT 1 oraHub 2759 2609 29.81 3270 29.10 20.25
64 Full FT + continued learning | 28.73 26.45 30.17 3224 28.86 25.95
- LoRA-4 + continued learning | 31.08 28.97 34.09 33.11 30.99 28.24
SHOT 1 oraHub 27.66 2605 29.82 33.00 2920 20.25

Table 13: Cross-lingual transfer results (ROUGE-L) on XWikis using leave-one-out training. Few-shot results are
averaged across three seed runs. 14/2 and 60/4 splits are used for training/validation in continued learning.

PaLM 2-XXS |AVG €S DE EN FR ZH
Jero. FUllFT 3017 3330 28.60 3473 24.07 30.14
hon  LoRA-4 4831 52.80 4427 4866 40.05 55.78

Avg. LoRA 49.29 5267 42.86 5034 43.76 56.80
6 Full FT + continued learning | 34.17 2693 31.51 4351 2673 42.17
) LoRA-4 + continued learning | 4590 48.17 37.67 49.65 39.30 54.73
SHOT 1 oraHub 4745 5271 4132 4809 4315 51.98
64 Full FT + continued learning | 39.47 3529 3236 54.19 35.73 39.81
) LoRA-4 + continued learning | 45.12 48.46 36.48 50.75 38.31 51.62
SHOT 1 oraHub 48.09 5274 4131 50.63 4272 53.05

Table 14: Cross-lingual transfer results (NLI) on XWikis using leave-one-out training. Few-shot results are averaged
across three seed runs. 14/2 and 60/4 splits are used for training/validation in continued learning.

PaLM 2-XXS |AVG S DE EN FR ZH
Jero. FUllFT 1626 13.13 1974 18.81 1690 12.73
o LoRA-4 2640 2984 2859 2722 2723 19.11

Ave. LoRA 26.86 30.13 2848 28.07 28.18 19.44
6 Full FT + continued learning | 21.82 18.10 2553 2500 21.47 18.98
) LoRA-4 + continued learning | 2820 27.80 29.59 29.43 29.18 25.02
SHOT 1 oraHub 25.84 2895 2748 2820 27.63 16.96
64 Full FT + continued learning | 24.16 2292 2331 29.15 26.80 18.64
i LoRA-4 + continued learning | 28.05 28.02 28.80 30.08 29.16 24.17
SHOT 1 oraHub 2656 2934 2733 2993 27.60 18.58

Table 15: Cross-lingual transfer results (SEAHORSE) on XWikis using leave-one-out training. Few-shot results are
averaged across three seed runs. 14/2 and 60/4 splits are used for training/validation in continued learning.
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High-Data | EN Zero-Shot

PaLM 2-XXS High-Data | EN Zero-Shot
FT LoRA FT LoRA PaLM 2-XXS FT LoRA| FT LoRA
Average 34.08 32921 1751 23.86 Average 3111 29.03 | 520 21.13
English 35.13 34.16 — — Enelish 3233 3125 - B
German 36.97 36.08 | 20.64 27.89 .g . ’ ’
Hindi 3541 3280 | 443 27.24
French 3453 33.65 | 16.77 27.65
Urdu 3493 31.70 | 1.31 22.67
Czech 31.92 30.82 | 19.21 26.11 .
Chinese 3182 2991 | 1343 1377 Russian 27.40 25.08 | 5.67 22.60
: : : : Portuguese 30.82 28.50 | 8.85 26.44
Table 16: Per 1 ROUGE-L | XWiki Persian 34.64 31.91 3.67 2794
able 10: ver language -L results on A WIKis Ukrainian 27.64 2492 | 582 19.32
using full fine-tuning (FT) and LoRA (rank 4), for PaLM Indonesian 3342 3128 | 849 2787
2.—XXS in the high—cllata regime anq in a zero-shot cross- Spanish 2621 2480 | 821 22.85
lingual transfer setting from English. Arabic 2947 2752 | 419 2326
Chinese-Traditional | 36.74 33.44 | 3.03 25.86
Chinese-Simplified | 36.95 33.96 | 2.11 28.54
Vietnamese 32.11 30.00 | 5.68 24.69
Turkish 31.09 28.08 | 7.11 24.41
Tamil 3271 29.67 | 3.44 21.22
Pashto 36.41 33.81 3.13 14.76
Hieh-D ENZ Sh Marathi 28.14 2625 | 4.73 1797
PaLM 2-XXS 1gh- ataA ero-Shot Telugu 29.62 2731 | 4.04 19.30
FT LoRA| FT LoRA Welsh 30.72 2772 | 678 2375
Average 41.04 4743 | 3595 45.54 Pidgin 31.50 30.37 | 16.84 22.76
English 48.34 51.35 — — Gujarati 35.79 33.43 3.88 26.00
German 3527 3942 | 37.09 42.02 French 29.67 29.74 | 10.32 26.55
French 3558 39.31 | 37.32 41.73 Punjabi 42.01 40.61 2.08 34.14
Czech 4246 50.78 | 33.75 51.75 Bengali 29.52 28.26 1.85 22.29
Chinese 43.53 56.30 | 35.66 46.65 Swahili 31.11 29.81 6.45 25.14
Serbian-Latin 2292 2194 | 556 18.87
Table 17: Per language NLI results on XWikis using full Serbian-Cyrillic 2455 2360 | 549 15.28
fine-tuning (FT) and LoRA (rank 4), for PaLM 2-XXS Japanese 38.34 36.08 | 2.01 29.04
in the high-data regime and in a zero-shot cross-lingual Thai 2593 2653 | 453 22.26
transfer setting from English. Azerbaijani 24.01 2336 | 534 1431
Hausa 33.03 2885 | 7.55 1582
Yoruba 33.66 29.87 | 840 20.30
Oromo 23.89 19.35 | 5.42 7.15
Somali 26.31 2456 | 6.33 18.14
Nepali 32.28 30.81 1.79 23.07
Ambharic 36.45 34.61 1.76  11.22
Kirundi 25.55 19.28 | 7.16 8.80
High-Data EN Zero-Shot Tigrinya 39.85 36.34 1.52 16.90
PaLM2-XXS | 17 1oRA| FT LoRA Uzbek 2421 23.09 | 3.51 1239
Average 25.19 2420 | 2243 2596 Burmese 3579 33331 163 23.66
. Korean 32.92 31.03 | 6.78 23.05
English 27.80 29.37 — —
Igbo 30.59 28.57 | 7.74 16.63
German 26.42 28.88 | 25.39 28.47 ;
Sinhala 3575 3526 | 293 27.88
French 2595 29.15 | 24.87 28.46
Kyrgyz 2261 2218 | 431 1224
Czech 2536 28.40 | 21.86 28.97 Seottish-Gaeli 2510 2555 | 672 1521
Chinese 2042 2279 | 17.60  17.93 cotshrache : : : :

Table 19: Per language ROUGE-L results on XLSum
using full fine-tuning (FT) and LoRA (rank 4), for PaALM
2-XXS in the high-data regime and in a zero-shot cross-
lingual transfer setting from English.

Table 18: Per language SEAHORSE results on XWikis
using full fine-tuning (FT) and LoRA (rank 4), for PaLM
2-XXS in the high-data regime and in a zero-shot cross-
lingual transfer setting from English.
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High-Data | EN Zero-Shot High-Data | EN Zero-Shot

PalM 2-XXS FTg LoRA| FT LoRA PalM 2-XXS FTg LoRA| FT LoRA
Average 4293 51.16 | 449 39.07 Average 31.64 3442 | 6.88 23.08
English 62.34 62.60 - - English 42.00 42.72 - -

Hindi 55.00 56.15 | 2.02 49.50 Hindi 39.78 40.39 | 551 3422
Urdu 53.06 52.70 | 0.58 3495 Urdu 40.96 38.77 | 4.28 20.58
Russian 50.39 51.32 | 4.63 51.37 Russian 43.60 4432 | 6.79 41.20
Portuguese 4372 43.55 | 15.98 47.45 Portuguese 33.19 34.56 | 12.95 37.87
Persian 61.11 6291 | 1.71 61.88 Persian 4439 4543 | 5.68 4224
Ukrainian 47.34 50.00 | 3.35 34.03 Ukrainian 4090 4322 | 629 26.24
Indonesian 57.03 6026 | 8.02 61.63 Indonesian 4122 4443 | 7.04 40.13
Spanish 43.06 47.82 |22.81 57.13 Spanish 33.30 37.06 | 19.19 45.30
Arabic 46.92 48.78 | 2.09 44.86 Arabic 36.35 38.57 | 5.09 32.96
Chinese-Traditional | 57.04 60.85 | 0.80 58.49 Chinese-Traditional | 41.70 43.34 | 5.09 35.71
Chinese-Simplified | 57.13 59.94 | 1.84 57.74 Chinese-Simplified | 41.68 42.84 | 5.10 39.12
Vietnamese 55.83 59.04 | 340 54.95 Vietnamese 3578 3642 | 6.03 28.99
Turkish 46.84 51.02 | 544 4423 Turkish 46.85 48.85 | 7.19 44.01
Tamil 61.37 6326 | 1.59 42.65 Tamil 38.00 37.06 | 4.43 21.96
Pashto 4549 46.87 | 1.97 24.39 Pashto 29.78 2535 | 4.10 5.60
Marathi 45.66 55.50 | 3.12 42.45 Marathi 33.08 3548 | 7.82 2543
Telugu 4373 5049 | 0.88 33.70 Telugu 2597 2626 | 549 10.30
Welsh 41.63 46.40 | 2.33 35.87 Welsh 29.00 2898 | 593 17.44
Pidgin 4196 49.96 | 32.69 59.13 Pidgin 28.82 3271 | 2228 37.42
Gujarati 4491 52.15| 046 3248 Gujarati 26.13 2799 | 556 13.49
French 43.49 54.14 | 25.62 53.52 French 36.77 48.56 | 20.38 43.65
Punjabi 3392 4535 | 049 26.78 Punjabi 22.58 2384 | 4.80 10.53
Bengali 51.17 6323 | 293 47.99 Bengali 38.57 43.09 | 7.72 32.00
Swahili 38.19 49.10 | 4.65 40.19 Swahili 31.57 39.15 | 5.72 2845
Serbian-Latin 35.07 44.41 | 491 4472 Serbian-Latin 29.87 3837 | 9.78 36.45
Serbian-Cyrillic 29.72 42.63 | 1.12 4597 Serbian-Cyrillic 2471 32770 | 492 22.66
Japanese 59.18 63.13 | 344 58.70 Japanese 38.68 43.81 | 7.77 45.05
Thai 42.09 53.77 | 142 5230 Thai 31.35 3899 | 5.68 3221
Azerbaijani 31.69 4898 | 4.04 28.95 Azerbaijani 27.07 3527 | 529 1541
Hausa 31.37 38.11 | 231 1991 Hausa 2595 28.11 | 471 8.14
Yoruba 3471 4299 | 6.02 18.23 Yoruba 2645 2682 | 550 7.52
Oromo 37.75 5754 | 370 17.95 Oromo 24.63 22.66 | 6.16 6.26
Somali 3143 4226 | 4.69 22.16 Somali 23.87 2236 | 501 7.59
Nepali 46.71 59.99 | 0.54 40.40 Nepali 33.83 40.11 | 5.11 23.67
Amharic 3594 5242 | 0.18 28.72 Ambharic 2544 2681 | 479 4.67
Kirundi 2297 2842 | 345 18.49 Kirundi 18.69 1430 | 5.89 6.64
Tigrinya 41.04 4401 | 0.53 28.01 Tigrinya 26.61 17.19 | 471 5.19
Uzbek 29.78 46.71 | 2.14 17.78 Uzbek 25.59 30.67 | 5.17 6.05
Burmese 36.21 54.03 | 1.00 32.02 Burmese 28.06 35.06 | 492 10.54
Korean 4731 6230 | 2.72 4897 Korean 32.52 40.15| 595 2797
Igbo 3243 3873 | 3.76 23.81 Igbo 18.25 19.65 | 592 727
Sinhala 3149 57.47 | 0.17 34.10 Sinhala 24.01 3499 | 4.62 13.99
Kyrgyz 2739 4795 | 0.70 2643 Kyrgyz 20.81 29.62 | 522 8.29
Scottish-Gaelic 19.42 3290 | 146 13.94 Scottish-Gaelic 15.65 22.03 | 495 5.05

Table 20: Per language NLI results on XLSum using full
fine-tuning (FT) and LoRA (rank 4), for PaLM 2-XXS
in the high-data regime and in a zero-shot cross-lingual
transfer setting from English.

Table 21: Per language SEAHORSE results on XLSum
using full fine-tuning (FT) and LoRA (rank 4), for PaALM
2-XXS in the high-data regime and in a zero-shot cross-
lingual transfer setting from English.

1218



LANGUAGE

ENGLISH

INPUT

Sir Charlie Mayfield said he "didn’t say Brexit was the reason" for a 99% slide in half-year profits. "The
fact is sterling is weaker, it’s more expensive to import goods... so we have to absorb that within our
margin," he said. "I’m not going to get into some sort of ding-dong with the secretary of state." Dominic
Raab told the BBC on Thursday it was a mistake for "business that aren’t doing so well to blame Brexit".
"I don’t doubt that some of the uncertainty around these negotiations will have an impact on business
- that’s why we are putting all our energy into getting the good deal we want with our EU friends and
partners,” he said. "All I am just gently saying is that it’s rather easy for a business to blame Brexit and
the politicians rather than take responsibility for their own situation." Mr Raab’s comments appear to
have been in response to Sir Charlie’s warning in John Lewis’s half-year results that "with the level of
uncertainty facing consumers and the economy, in part due to ongoing Brexit negotiations, forecasting is
particularly difficult". The owner of the John Lewis department store chain and Waitrose said it continued
to expect annual profits to be "substantially lower than last year". Mr Raab also said the government was
preparing for a no-deal Brexit despite being confident that eventuality would not come to pass: "Getting a
deal with the European Union is still by far and away the most likely outcome." This week Ralf Speth, the
boss of Jaguar Land Rover, warned the government needed to get "the right Brexit" or risk wiping out
profits at the UK’s biggest carmaker and trigger big job cuts. Meanwhile, the Brexit secretary welcomed
a promise by two mobile operators, Vodafone and Three, not to impose Europe roaming charges for
UK customers if Britain leaves the bloc with no deal. "What we have said is we would like to see other
companies following suit, but, in any event, we would legislate for a limit on roaming charges to make
sure in a no-deal scenario that we protect British consumers," Mr Raab said. A new raft of technical papers
is being released by the government on Thursday outlining the impact of a no-deal Brexit on business and
consumers. Mr Raab also accused those warning about shortages of food and medicines after a no-deal
withdrawal of "scaremongering", saying it was "nonsense" to claim UK supermarkets would run out of
food.

TARGET

The boss of John Lewis has hit out at Brexit secretary Dominic Raab after he said companies should not
blame Brexit for poor results.

FULL FT

The boss of John Lewis has defended his company’s decision to blame Brexit for its falling profits.

LoRA-4

The boss of John Lewis has said it is "rather easy" for businesses to blame Brexit for their poor perfor-
mance.

INPUT

On Tuesday, the corporation’s director general Tony Hall will announce new commissions including a
series in collaboration with the Tate. Lord Hall will say the arts are at risk of becoming marginalised for
future generations unless more is done to get children and young people engaged. As part of the plans,
acclaimed 1960s arts show Civilisation is to return. The landmark 13-part series series telling the history
of western art was fronted by art historian Kenneth Clark when it was screened by BBC Two in 1969. The
BBC is now looking for a new authoritative presenter to follow in Clark’s footsteps for the new series,
which will use modern digital technology to provide a fresh overview of the history of art. The BBC said:
"Civilisation was a landmark programme. Producing something of equal scale will be a huge challenge,
but we believe it is time to once again create something with the same impact for a new generation. "The
arts have been central to the BBC’s past and are central to its future. As all arts organisations face the
challenge of delivering more in a tight economic climate, it is vital that we work together in new ways to
create a bigger and better offer to the public." As well as including arts content in The One Show, the
idea will be spread to other popular programmes such as BBC Radio 2’s Simon Mayo show. Lord Hall
announced last October that funding for the BBC’s arts coverage would increase by 20%. The director
general, who was Royal Opera House chief executive for 12 years before his appointment to the BBC, said
he wanted to return the arts to the corporation’s "heart". At that time, he announced that Simon Schama
would front a five-part series in partnership with the National Portrait Gallery exploring the history of
Britain through portraiture, and that Andrew Marr would present a new series looking at the greatest
writers in Scotland.

TARGET

The BBC is to feature more arts stories in programmes like The One Show in a bid to make the subject
less elitist.

FULL FT

The BBC is to include arts content in its The One Show, as part of a new £100m arts programme.

LoRA-4

‘ The BBC is to launch a new arts programme in The One Show, which will be fronted by a new presenter.
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LANGUAGE |

SIMPLIFIED CHINESE

INPUT

XRFE AR A (7 H17H) R TP R 1E X 2 K fLFF & (The Royal Chapel of All Saints) 2547 [ /N

S EEEERRAMA TWKE TR ~Ho—5kA W AN, e 8 H g T

BEFHE H—KNE— i AEREISERLHL—LERETEABREMNEEE

(Prince Philip, Duke of Edinburgh) & 8 222 74 {4 BFA 70 A B S /A B+ R (Duke and Duchess of
York) H&E HEEE I AFEAEF  HEAENEIES, 5% A B L EE T F (Prince Andrew) 7

EHERBUNTFEARE CES T FAEMOET K ZE TR (Ghislaine Maxwell) 53T K 1

TENR S2 R G — ERTFHIRE, £ im0t B CEBITEE T LEIN N T HIRIE L, L R

—& B H KB AE1947F 5 OIS LB — TR E A Eiafgss TERY BERY 55E

JEHRIT 445 A 25T U5 L, (B 3% COVID- 198 B IR B 1B i, — AR @ R IE g, H ik

FEEAT T ACEE J s iR S N AL B fL -3 E 53 A 23 A iR SAT 4 EVE A 391, Sk =

AL TR E LA 02647 T B7 A4 &, ToME 22 FF IR A r 251708 AL, (E AL LR A30N -
H&NEE—NFHAFRERR, BRL BT SBUFECRILE X% 294% F £599% 1)

FENEEEEREHNSEERSMAER S ERLERL LG F R OB0E T TS %N

/K (Norman Hartnell) % 11 B G 7 8 AU B 43 038 R OA KA BL LA B R N B BEE A, X &

KBEBELTE HBRALIBWHIARKESZEEI962F12 A HF 2 (W E S Y (Lawrence Of
Arabia) £ E B 22 AR RAR A& EWR, XEEBEEE T2 EHE R REN L

FHL - HUF| (Angela Kelly) 22 % i1 7 B /R 4 - TH3C (Stewart Parvin) IR "R 22 Haj K E T

A7 5B FUMRAL AR AN, I ZE S L R A ES I & £ (Queen Mary) BEAREN A T th & B i FOH A2

F 194711 H , L E @ RAFIT A A E) SIEME 451, YR TREN ERSXIRER L

WEALET AR R —T R SF31% ER 2L 5355 FE T F I TS F5SH29H ERBAIE

BT E (St JTames Palace) 2 K f{LFESE (Chapel Royal) 2517151l F&A I BT T EERIR D K

(Windsor Great Park) £ %X/NE (Royal Lodge) /& 522 22 BN K, it 195 B 475 8 &

EIRE R S5 ASER 2018 RALARE, ZEIA T $EHX# AR EE R 4 R EkIT

418\ F (Princess Eugenie) IV L _EE &S FFIAHA LA RE , HriR—A S 2517 fe Bk (X

RN EEE EEFRE ST, B iR IEOCE 7E PEBSF K (Westminster Abbey) AT 446 1

BB CXRFBELEFF B AR ERER TEMERT AL LB B EREREE

B KA M EIEFAE AT, B ESERIMAL LA T R A BT

LR - /R (The Reverend Canon Anthony Ball) NEFILFEERFERORRE - I14%F (Reverend

Paul Wright) []JLFHELL - IR5F (Toby Wright) — [FPRFEEAECE AR BT BUI R gt SO A IR

ETE , KRG BN L5, -

TARGET

L[E| 2R 72 /A F (Princess Beatrice) S5l K F 2L L - D F| - EZ (Edoardo Mapelli Mozzi) %5
T AEeXNEAT TIELIISRA -

FULL FT

UL [E 2 I H i (Queen Elizabeth IT) 117 22322 22 (Bessie Louise Mountbatten-Windsor) 5
FE R AZEE - OKET Mitch Eisley) IR VPZET T —RAMNGK, L ERE RIS ERER L —
TS A i -

LoRA-4

WETEEEM, TE T ALE JUAL K& N 252 4% . B A (Princess Beatrice) 5 30 R & - B A
(Mohamed bint Mohammed bin Rashid Al Maktoum) ZE{R PRI E R/ NEHEAT T RAAIEFL -

INPUT

ERFERHRZITFHEX LM T LTRSS kB RE LD F A X K% 998 (Gary
Connery), ZER Rz 2 -8 L, B E L EMIRENETHLBE T fBREAE 2, 51200 %A
SRR — IR AR KL 5351, WK 25 Bk <= e ) B st R N B ANy , [RIFEATS 5 fiade
HE CSFEDLA ERERECIBLT, BAFNEAIL BT, HFRIhEA—HE=RES X
Fi43% W BIS KA RSN L EBS M EFEA T E R — R 20X Me BT MR OE)
WRATTY B I RoR X DM EA R BTG Al -« 2 BB 4RI, B e RS B B 22T
M » BN, AU S Z 1R 2 28 E R A b 10 '8 B AT BB AR R SCFF Al “RAR
ARSI BRE » it , NE RIRBENREIREK, BE 5 XL — SR TERE A —ENE, B2 H
R 5N RIBERE MR

TARGET

FERHBRIZ 2T RAFET ML 2B G MBI, CERG TR A MRS -

FULL FT

RE—-ZBTERK, ERHREZ2 T LM B EES , A B RAERE A -

LoRA-4

HE A BRRECHR T RA LM —EL &S, 5OV S ERAFEERE KM BEA -
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LANGUAGE

FRENCH

INPUT

Les logiciels de rangonnage ont rapporté plus 25 millions de dollars lors des deux précédentes années,
selon Google. Le géant de la recherche sur internet a créé des milliers de victimes virtuelles des logiciels
de rangonnage pour les besoins d’une étude. Son but était d’exposer le processus de paiement dans
I’utilisation de ces programmes utilisés par les cybercriminels. La plupart d’entre eux ont gagné le plus
d’argent en 2016. Il s’y sont mis apres s’étre rendu compte a quel point les logiciels de rangconnage
pouvaient étre rentables. Lire aussi: Qu’est-ce qu’est un logiciel de rangonnage Les paiements se font
souvent en Bitcoin, une monnaie virtuelle Un logiciel de ranconnage est un programme malveillant qui
affecte un ordinateur puis il crypte les fichiers de maniére a ce qu’ils ne puissent plus étre utilisés ou lus.
Les données ne sont décryptées qu’une fois que la victime paie une rancon. Les paiements se font souvent
en Bitcoin, une monnaie virtuelle. Suivre aussi: Younoussa Sanfo, expert en sécurité informatique, est
notre invité.

TARGET

Les logiciels de rangonnage ont rapporté plus 25 millions de dollars lors des deux précédentes années,
selon Google.

FULL FT

Les logiciels de rangonnage ont rapporté plus 25 millions de dollars lors des deux dernieres années, selon
Google.

LoRA-4

Google a publié une étude sur les logiciels de ranconnage.

INPUT

Les membres de la Cour supréme du Kenya qui ont statué vendredi sur I’annulation de la présidentielle du
8 aolit dernier L Association des juges et magistrats du Kenya (KMJA) "s’insurge contre les remarques”
de M. Kenyatta, "qui ont eu pour effet de dénigrer les juges de la Cour Supréme", a affirmé samedi soir
Bryan Khaemba, secrétaire général de cette association. Apres avoir dans un premier temps adopté un
ton conciliant face au verdict rendu vendredi par la Cour supréme, le chef de 1’Etat a rapidement durci le
ton. Lors d’un rassemblement impromptu vendredi apres-midi avec des partisans a Nairobi, il a d’abord
qualifié les juges de la Cour supréme d’"escrocs". Puis s’adressant samedi a des représentants de son parti,
il a signalé que cela ne peut plus durer. Lire aussi: "Nous nous pencherons sur ce probleme, apres les
élections. Il y a un probleme et nous devons le régler”, a-t-il mis en garde. Un nouveau scrutin présidentiel
est prévu d’ici au 31 octobre.

TARGET

Au moins 73 morts et 110 blessés ont été dénombrés dans 1’explosion d’un camion-citerne, dans 1’ouest
du Mozambique, selon les autorités de ce pays.

FULL FT

L’explosion a I’origine de la mort de 73 personnes a eu lieu dans la province de Tete, dans le sud-est du
Mozambique.

LoRA-4

Les autorités mozambicaines ont annoncé vendredi que 73 personnes avaient été tuées dans une explosion
qui a fait 100 blessés.

INPUT

Premier League : West Ham battu par Tottenham 2-3 A I’heure de jeu, le match semblait étre plié quand
Eriksen marque le troisieme but de Tottenham. West Ham réduit le score a la 65¢me minute par Chicharito.
Aurier, I’arriere du PSG qui est passé a Tottenham cette saison, sera exclu apres un deuxiéme carton jaune.
West Ham commence a y croire, surtout a I’issue du second but marqué par le Sénégalais Kouyaté, mais
le score en restera la.

TARGET

Les deux premiers buts de Tottenham ont été marqués par Harry Kane (35e, 38e).

FUuLL FT

Tottenham s’est imposé devant West Ham 2-3.

LoRA-4

Tottenham a battu West Ham 2-3 dans le match de la 17éme journée de la Premier League.

1221



LANGUAGE

HAusA

INPUT

Rabon da Bale ya yi wa Madrid wasa tun 5 ga Oktoba A tsakiyar mako ne dai aka ga Bale dan kasar
Wales da sauran abokan wasansa a tsakiyar fili bayan wasa da ya buga wa kasar ta dauke da tutar an
rubuta *Wales. Golf. Madrid. In that order’. Rubutun yana lissafa abubuwan da Bale ya fi kauna ne wato:
ya fi son buga wa kasarsa Wales wasa sannan wasan Golf kafin Real Madrid. (Wales, Golf. Madrid. A
jere) Magoya bayan Real Madrid sun yi wa sunan dan wasan gaban ihu bayan an sanar da sunayen ’yan
tawagar da za su buga wasan ana gab da take wasa. Sun sake yi masa ihun a lokacin da aka taso shi daga
benci a minti na 67 - wasansa na farko kenan tun ranar 5 ga watan Oktoba. Bale ya fuskanci kakkausar
suka daga kafafen yada labarai a kasar Spain bisa abin da ya aikata yayin da ya taimaka wa Wales ta samu
gurbin shiga gasar Euro 2020 ta kasashen nahiyar Turai. Karim Benzema ne ya farke kwallon da Willian
Jose ya jefa a ragar Madrid a minti na 37 kafin Valverde ya kara ta biyu, sai kuma Modric da ya kara ta
ukun. Tun farko dai Barcelona ce ta fara cin wasanta a gidan Leganes. Yanzu Barcelona da Real Madrid
ne ke saman teburin La Ligar da maki 28 kowaccensu, sai Atletico Madrid da take biye masu da maki 25.
Koci Zinedin Zidane ya dage kan cewa ba sai an ci gaba da tattauna lamarin ba kuma bayan tashi daga
wasan Bale ya samu goyon baya. An rika tafa masa bisa taimakon da ya bai wa Luka Modric yayin cin
kwallo ta uku da kuma kokarinsa na tsare gida. Yanzu hankali ya karkata kan gasar Champions League
yayin da Madrid din za ta karbi bakuncin Paris St-Germain ranar Talata da karfe 8:00 na dare.

TARGET

Magoya bayan Real Madrid na ta cecekuce kan Gareth Bale bayan ya shigo wasan da Real din ta lallasa
Real Sociedad da 3-1 a wasan La Liga mako na 14 a filin wasa na Bernabéu.

FULL FT

Gareth Bale ya zama dan wasa na biyu da ya buga wa Real Madrid wasa cikin mako uku, bayan da ya
taimaka wa Wales ta samu gurbin shiga gasar Champions League.

LoRA-4

Bale ya shaida wa BBC cewa ya fi son buga wasan Golf kafin wasan Real Madrid da ya yi a ranar Lahadi.

INPUT

Mawaki King Monada wanda ke sanye da hula ne ya rera wakar Ranar Talatar da ta gabata ne wani bidiyo
ya fito da ke nuna wasu ’yan mata sanye da hijabi na tikar rawar da ta samo asali daga kasar Afirka ta
Kudu. Wasu mutane sun ce ’yan matan da ke cikin bidiyon ’yan jihar Kano ne, amma kakakin hukumar
Hisbah a Kano, Adamu Yahaya ya shaida wa BBC cewa ba su samu wani rahoto mai kama da wannan
ba. "Gaskiyar maganar ita ce ba mu da masaniya game da wannan sabuwar rawar da ka ke magana a kai,
amma aikinmu ne hana aikata laifuka masu bata al’adu da tarbiyyar al’'umma. "Saboda haka idan muka
sami rahoton da ke cewa wasu na yin irin wannan rawar, to ko shakka babu za mu kama su". Wannan
sabuwar rawar ta samo asali ne daga wata waka da mawakin Afirka ta Kudu, King Monada, ya rera mai
suna "Maldwedhe’ da aka ce tana caza kwakwalwar matasa. Ma’anar kalmar Maldwedhe ita ce cuta, kuma
Monada ya yi amfani da kalmar ce dangane da wani maras lafiya da ke dauke da cutar wadda ke sa shi
ya suma idan ya kama masoyiyarsa tare da wani. Ga dai yadda rawar ta Maldwedhe take: Ko a farkon
shekarar 2017 ma an fito da sarar wata sabuwar rawa da matasa suka dinga yayinta a Najeriya, wato rawar
dab, inda suke yi tamkar masu ruku’u su kuma rufe fuskarsu da hannu daya. A wancan lokacin ma an yi
ta ce-ce-ku-ce a kan wannan dabi’a. Karanta karin wasu labarai masu alaka.

TARGET

Hukumar Hisbah ta jihar Kano ta ce za ta kama duk wanda aka samu yana taka sabuwar rawar ’fadi ka
mutu’ da ake yayinta a yanzu.

FULL FT

Hukumar Hisbah a jihar Kano da ke arewacin Najeriya ta ce ba za ta kama ’yan mata da ke yin wata
sabuwar rawa a jihar ba, wanda ake kira "hannu babu tsohon’.

LoRA-4

Hukumar Hisbah ta jihar Kano ta ce ba su da wani rahoto game da wani bidiyo da aka tsara da ke nuna
’yan mata sanye da hijabi na tikar rawar da ta samo asali daga kasar Afirka ta Kudu.
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LANGUAGE

INDONESIAN

INPUT

Andrew Marr, penyiar BBC yang berusia 50an dan rajin berolahraga lari, tidak memenuhi kategori itu.
Usia adalah salah satu faktor risiko terbesar, tapi siapa saja dari usia berapa saja dapat terserang stroke.
Lebih dari 150.000 orang di Inggris terserang stroke setiap tahun dan seperempat dari mereka berusia
di bawah 65 tahun. Bahkan ada pula kasus stroke pada usia kanak-kanak. Banyak pilihan gaya hidup
berisiko meningkatkan peluang terkena stroke. Merokok, kelebihan lemak di perut dan terlalu banyak
mengonsumsi alkohol tidak serta merta mengakibatkan stroke, namun berangsur-angsur meningkatkan
risiko seumur hidup. Namun ada penyebab lain stroke pada orang berusia muda dan sehat. Kelainan saat
lahir Stroke menyebabkan otak kekurangan oksigen ketika aliran darah terhenti, baik karena penyumbatan
(stroke ischaemic) atau oleh ledakan pembuluh darah di otak (stroke haemmorrhagic). Sekitar 80% stroke
disebabkan oleh penyumbatan darah, tapi stroke jenis apa yang menimpa Andrew Marr belum diketahui.l
Namun jika anda melihat orang-orang dibawah usia 65, maka stroke haemorrhagic menjadi lebih umum.
Stroke tipe ini dapat diakibatkan kelainan dalam pembuluh darah yang sudah ada sejak lahir. Bom waktu
di otak ini dapat meledak sewaktu-waktu. Salah satu contoh adalah kelainan bentuk anarteriovenous,
ketika arteri tersumbat yang berarti tekanan di dalam pembuluh darah terlalu besar untuk diatasi oleh
tubuh. Akibatnya otak mengalami pendarahan. Bahkan stress dapat menaikkan tekanan darah cukup untuk
memicu stroke dan ada beragam bukti mengenai dampak konsumsi kopi dalam jumlah terlalu banyak.
Detak jantung yang tidak teratur atau atrial fibrillation juga mengakibatkan stroke ischaemic. Sebagian
jantung berdetak begitu cepat sehingga organ ini berhenti bekerja sebagai pompa. Darah berkumpul di
dalam jantung, yang dapat tersumbat, mengalir ke otak dan menyebabkan stroke. Satu faktor yang tidak
dapat dihindari adalah gen. Ada orang yang peluang terserang stroke lebih besar dibandingkan yang lain
dan hal itu biasanya diturunkan dalam satu keluarga. Salah kaprah Dr Clare Walton dari Asosiasi Stroke,
mengatakan, "Saya akan mengatakan bahwa ada salah kaprah bahwa ini hanyalah kondisi orang tua.
Seperempat kasus stroke terjadi pada orang usia kerja dan anak-anak serta bayi juga mengalami stroke.
"Kita harus paham bahwa semua orang memiliki risiko terserang stroke dan bukan hanya di usia tua."
Pada akhirnya semua tergantung pada sikap kita. Diet sehat, olahraga teratur, minum alkohol secukupnya
saja dan tidak merokok secara dramatis mengurangi risiko stroke. Namun beberapa orang dengan gaya
hidup sehat akan tetap terkena stroke, sedangkan mereka dengan gaya hidup sebaliknya justru tidak.

TARGET

Saat anda berpikir mengenai pasien stroke "tipikal", anda langsung teringat pada seseorang yang berusia
lanjut, kelebihan berat badan, malas berolahraga dan merokok.

FULL FT

Anda berusia 65 tahun dan Anda tidak memiliki risiko tinggi terkena stroke?

LoRA-4

Anda berusia 30 tahun, Anda sehat dan Anda tidak memiliki penyakit apa-apa. Anda mungkin tidak
termasuk dalam kategori orang yang paling berisiko terkena stroke.

INPUT

Dua anak-anak Belanda diyakini berada di Raqqa wilayah kekuasaan ISIS Perempuan, yang telah bercerai
dengan suaminya, itu membawa seorang anak laki-laki yang berusia delapan tahun dan anak perempuan
berusia tujuh tahun diyakini telah bepergian menggunakan paspor palsu. Mantan suami yang merupakan
ayah anak-anak, seorang warga negara Belanda, telah memperingatkan otoritas tentang kepergian mereka
ke wilayah yang dikuasai ISIS. Otoritas mengatakan kasus ini merupakan yang pertama kali terjadi.
Perempuan yang berusia 32 tahun itu, yang tidak disebutkan identitasnya, telah tinggal di bagian selatan
kota Maastricht, Belanda. Dia dan kedua anaknya belum terlihat sejak Oktober lalu. Mereka diyakini
terbang dengan pesawat ke Belgia ke Athena dan perempuan itu dilaporkan menghubungi ibunya pada
Januari, dengan mengatakan mereka berada di wilayah kekuasaan ISIS di Raqqa di bagian utara Suriah.
Jaksa memperlakukan kasus ini sebagai sebuah penculikan dan telah menerbitkan surat penahanan
internasional. Tetapi mereka mengakui kita perempuan dan anak-anaknya telah menyebrang perbatasan
ke Suriah, sangat kecil kemungkinan untuk membawa keluarga tersebut kembali ke Belanda. Sekitar 200
orang warga Belanda, termasuk sejumlah anak-anak, diketahui telah bergabung dengan ISIS di Irak dan
Suriah. ISIS menjadi salah satu dari kelompok jihadis yang berbahaya, dituduh melakukan pembunuhan
massal dan penghukum etnis dan pemeluk agama minoritas di wilayah yang mereka kuasai.

TARGET

Seorang perempuan Checnya yang tinggal di Belanda telah membawa dua anaknya untuk bergabung
dengan militan Negara Islam ISIS di Suriah, yang bertentangan dengan keinginan ayah kedua anak
tersebut, seperti disampaikan oleh jaksa di Belanda.

FULL FT

Seorang perempuan Belanda yang diduga telah bergabung dengan kelompok yang menamakan diri Negara
Islam atau ISIS, telah menyelundup dua anak-anak ke Suriah, kata otoritas Belanda.

LoRA-4

Seorang perempuan Belanda yang diduga telah bergabung dengan kelompok jihadis ISIS di Suriah telah
ditangkap di perbatasan Suriah.
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LANGUAGE

RUSSIAN

INPUT

Ilommeo ckasan, 4To y HEro HeT AAHHBIX, YKA3bIBAIOIIMX HA HENOCPEICTBEHHYIO yIrpo3y
anepuoit Boituel ¢ CeBepHoii Kopeeii ITomneo, ogHako, mpusHaL, 4TO Opy:keiHasA mporpaMma
TIxeubsHa pasBUBAETCA TEMIIAMH, KOTOPbIE BBI3BLIBAIOT "BCE GOJIBIIYI0 TPEBOTY', M 3aMETHI,
9TO HOBbIE€ HUCIIBITAHUA CeBepOKOpefICKHX PakKeT He NOJKHBI HUKOTO YAUBJIIATDH. B HUHTEPBBIO
Fox News OH ITOMYEPKHY.I, 4TO "CTpaTeruniyecKkoe TepIenre’, ¢ KOTOPLIM BalliuHITOH B3upa: Ha
pakerHbIe ¥ sAepHble yewiusa [IxenbsHa, 3akoHUMIOCh. Ha BOmIpoc 0 TOM, HACKOJIBKO OJIHM3KA
Ceseprasa Kopes k cosmaHuio amepHOro opyskud, crmocobHoro mocrwds tepputopun CIIIA,
nupexrop lleHTpanbHOTO pasBeAbIBATENBHOrO ynpasieHus orseTwi: "Temepb oHu Giamxe".
"fI capian Tex, KTO paccy:KmaeT O TOM, YTO MBI CTOMM Ha TOPOTe ANEePHOIH BOMHEIL I cam
He BUeJI pasdBeabIBATE/IbHbIX JAaHHBIX, YKAa3bIBAIOIUX, YTO MbI CEerOAHA HaXOAUMCA B TAKOM
mosnoxenun”, - ormerws [lommeo. Ilpesunent CIIA domanbn Tpamma mocie mybaukanuii B
CMM o tom, uro KHJ/IP, BeposiTHO, co3maa ssaepHblii 3apsa, JOCTATOYHO KOMIAKTHBIHN, YTOObI
PasMeCTHUTh ero Ha UMEIOIIUXCA Y Hee 0aNIMCTUIECKUX PAKeTaX, BHICTYIINI C CEpUed Pe3KUxX
3afBJIEHUH U TBUTOB, B YACTHOCTH O TOM, YTO OH TOTOB OTBETUTH I [XeHBsSIHY "OrHEM H SIPOCTHI0"
¥ YTO BOEHHBIE BO3MOJKHOCTH IS 9TOTO y:Ke IPHUBENEHbI B IOJHYI0 roToBHOCTh. CeBepHas
Kopest, co cBoeit cTOpOHBI, OIyGIMKOBAJIA IUIAH PAKETHOro yaapa 1o octpoBy I'yvam B Tuxom
OKeaHe, I'le pa3MeIalnTcd KIIoYeBble aMepUKaHCKre BoeHHbIe 6a3bl. I'yaM: moueMy ocTpoBy
yrpo:xaer Cesepuas Kopes?

TARGET

Henocpexncreennoii yrpossr axepHoii BoiiHbI ¢ CeBepHoii Kopeeil Her, HecMOTps Ha pPOCT
HaIpsKeHHOCTH, 3aaBui qupekTop L{PY Maiik I[Tommeo.

FULL FT

Hupexrop [IPY CIIIA Maiikn Ilommeo sassmi, uro Cesepuas Kopes "6mmxe" K cosmaHuio
AIEPHOTO OPYIKHUSL, 4eM KOrqa-Iubo.

LoRA-4

Hupextop LIPY sxeiimc [lomneo 3asgBui, 4To y Bamuurrona HeT JaHHBIX, YKA3bIBAOLIHUX HA
HeIoCpeCTBeHHYI0 yrpo3y snepHoi Boiub ¢ CeBepHoii Kopeeii.

INPUT

06 sTom sasBuia rnasa muccuu Puona Ppeisep Bo Bpems mpezacrasieHus 13-ro oruera
paborsr MoHuUTOpHMHIrOBOM Mwmccuu. Ilo cimoBam mpexacraButensHunsl OOH, eme 21 044
4yeloBeKa ObLIM paHeHbl. Kak szasBuna Ppeiizep, 9TO KOIHMYECTBO BKIIOYAET MHUPHBIX
rpaskIaH, BOEHHOCILYKAIlNX ¥ YYACTHUKOB "PA3IMYHBIX BOOPY:KEeHHBIX rpynn" Ha Jloubacce.
Mouwuropunrosass Muccuss OOH mo mpasam uesoBexa Hayanza CBOIO paboTy B YKpauHe B
mapre 2014 roga. Muccus umeer ocucer B Kuese, ouenke, [Inenponerposcke, XapbKose,
Kpamaropcke u Opecce, KOTOpbIe HOKPHIBAIOT BCIO 30HY, ITOCTPAAABIIYI0 OT KOH(IUKTA,
mo obe CTOpOHBI JWHUK pasrpaHudenus. Kpome toro, Pumona Ppeiizep Tarxke ormermia,
uyro mouurTopuHrosag wmuccui OOH o6GecmoxoeHa BO3MOMKHBIM JIMIIEHHEM COLMAIBHBIX
BBIIUIAT BBIHYKIEHHBIX II€PECEeIeHIeB B XOJe IIPOBEIEHHsS BEePUMUKAINN TAKHAX BBIILIAT.
"MpbI 00€CIIOKOEHBI BO3MOKHBIM JIMIIIEHHEM COIUAJIBHBIX BBIIUIAT IIEPECENICHIIEB B PAMKAX
Ha4YaTON HEJIABHO IIPABUTEILCTBOM IIPOBEPKH", - cKasana oHa. Ppeiizep 3aaBUIIa, UTO BIACTIM
HEe00XOMMO YEeTKO OIpPENeNUTh MEXAaHW3M TaKOW IIPOBEPKH COIUAJIBHBIX BBIILIAT, YTOOBI
He JOIyCTHTH HapYyIIEHHs IIpaB IepeceieHIeB. Taxmke oHa [00aBUIA, YTO IPABUTEILCTBY
Heo0XoauMo paspaborars 3(PQEeKTUBHY MPOrPAMMYy KOMIIEHCAITHH IS TeX, KTO IIOTEPSI
CBOE HUMyIIECTBO B pesynbrare KoH(aukra Ha [lonbacce. Panee munucrp coumanbHOU
nonutuku [Tasen Posenko 3asBui, 4To mpaBUTEIbCTBO MPOrHO3upyeT B 2016 rogy 9KOHOMHUIO
CPeICTB B CyMMe OKOJIO IIITH MJIPJA TPUBEH IyTeM IPEKpPAIleHHs COIUAIBHBIX BBIILJIAT
HEHACTOAIIUM IIepecesIeHIlaM, KOTOpble (PAKTUYECKH MPOKHUBAIOT HA HEMOIKOHTPOJILHBIX
Kuesy teppuropusax Jlonerkoi u Jlyramckoit o6acreii.

TARGET

MouuTtopunrosas muccus OOH 1o cobmrogenuio npas yenoBeka B Y KpanHe 00bIBHUIA, YTO BO
Bpems koH(aukTa Ha Jlon6acce Bcero moru6au 9167 genosex.

FULL FT

Mounuropunrosas muccust OOH mo mpaBam uemoBeka sadurcupoBama 10 000 mormbrirux
MUPHBIX KuTenei Ha Jlonbacce.

LoRA-4

B pesynbrare xoudmkTa Ha BocTOKe YKpawHbl 3a 12 mecsames 2015 roxa mormbau 1 000
4yenoBek, | 500 yeIoBex morydmiy panenus, cooburro npeacrapurensctso OOH B Yrpaune.
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LANGUAGE

SCOTTISH GAELIC

INPUT

Tha an t-Ughdarras ionadail air a bhith a’ craoladh cheilidhean tron duilleag Facebook aca a h-uile
oidhche Haoine on thoisich an glasadh-sluaigh sa Mhart. Bidh te na bliadhn’ tire a’ dol a-mach beo
aig 19:00 air an aon laraich ma cheadaicheas na bacaidhean ionadail a bhios ann, agus bidh i cuideachd
air a craoladh anns gach dachaigh-churaim sna h-Eileanan Siar. Thuirt Co-ordanaiche nam Meadhanan
aig > Chombhairle, Seoras Moireasdan: "Tha sinn air leth toilichte failte a chur air Willie Caimbeul,
Tain *Costello” Maclomhair agus Calum Martainn, fir an taighe air oidhche na ceilidh. "Bidh iad a’
seinn leotha thein agus comhla. Bidh cuideachd oran ur air a dhéanamh a dh’aona-ghnothaich airson na
cuirme, le measgachadh de Bheurla agus Gaidhlig. "Gabhaidh an t-oran luchdachadh a-nuas as deidh na
ceilidh, agus theid an t-airgead a thogar gu Hospice Bhethesda." Durachdan Thuirt Willie Caimbeul: "’S
e bliadhna dhoirbh a th’ air a bhith ann agus, mar sin, bha e miorbhaileach a bhith a’ seinn do dhaoine
air na craolaidhean be0 air-loidhne thairis air na sia miosan a dh’fhalbh. "Tha mi air mo dhoigh gu robh
mi an sis ann agus tha mi a’ coimhead air adhart gu mor ri C2ilidh na Bliadhn® Uire, am nuair a tha
cruinneachadh mar seo nas cudromaiche buileach. Tha spors gu bhith againn." Thuirt Calum Martain
gur e urram a bh’ ann cuireadh fhaighinn bho Chomhairle nan Filean Siar nochdadh ann an dachaighean
dhaoine combhla ris na caraidean citiil aige. "Tha e cho math gum bi cothrom agam a bhith air ard-urlar
comhla ri dithis den luchd-citil as fhearr air an eilean. Tha sinn an dochas gun cuir sinn fiamh-ghaire air
aodann dhaoine le orain thraidiseanta ann an da chuid Beurla agus Gaidhlig, agus tha sinn a’ coimhead
air adhart le dochas ri 2021," thuirt Mgr Martainn. Cha robh Iain *Costello’ Maclomhair misneachail an
toiseach gun obraicheadh ceilidhean Covid na Comhairle beo, ach thuirt e gun do chord e ris gu mor a
bhith an sas sa phroiseact a th’ air togail agus taic a thoirt do dhaoine tron am dhuilich. "Tha fiughair
agam ri bhith ag obair comhla ri dithis den luchd-citil agus seinneadairean as talantaiche as aithne dhomh
agus tha mi air leth toilichte an cothrom seo a bhith agam a bhith a’ seinn comla ri Calum agus Willie."
Bidh cothrom cuideachd aig a’ phoball durachd a thoirt do chairdean agus caraidean agus chithear na
teachdaireachdan aca aig bonn an sgrion fhad ’s a tha a’ cheilidh a’ dol air adhart. Bu choir do dhaoine an
durachd a chur chun na comhairle air p.scott@cne-siar.gov.uk ro 17:00f Diciadain 25mh den t-Sambhain.
Theid an corr fiosrachaidh mun cheilidh fhoillseachadh sna beagan sheachdainnean ri thighinn.

TARGET

Cumaidh Comhairle nan Eilean Siar Cgilidh La na Bliadhn® Uire air-loidhne agus cluinnear oran ir aig a’
chuirm airson a’ chiad uair.

FULL FT

Gheibh Ceilidh na Bliadhna’ Uire 2021 air cuid de chuid de luchd-citiil Chomhairle nan Eilean Siar ri
fhailte beo air an 18mh Sultaine Diardaoin 18mh den Dubhlachd.

LoRA-4

Tha Ceilidh na Bliadhn’ Uire na Chomhairle nan Eilean Siar a’ dol a-mach bed an oidhche seo agus bidh
te na bliadhn’ tire a’ dol a-mach beo air a’ mhullach ann an Ceann a’ Bhruthaidh.

INPUT

Thuirt iad gum bu choir do Riaghaltas na h-Alba a dhol an sas ma theid cead a thoirt seachad. Tha na
h-Aimeireaganaich Todd Warnock is Mike Keiser airson raon aig ard-ire a thogail aig a’ Chuil, eadar
Eurabol agus Loch Fleoid. Chuir comhairlichean co-dhunadh air a’ chuiis dheth nas traithe air a’ mhios,
ged a bha oifigich a’ moladh a dhitltadh. Tha an gnothach air ais aig a> Chombhairle Diciadain is oifigich
a-rithist ag radh gun toireadh an leasachadh fior dhroch bhuaidh air arainneachd na sgire. Tha dion
shonraichte air an sgire timcheall Loch Fleoid. Rabhadh Tha Urras Fiadh-bheatha na h-Alba ag radh a-nise
gur e seo "an cothrom mu dheireadh a’ Chuil a ghleéidheadh”. "’S e fior ghlé bheag de dh’aiteachan san
t-saoghal a tha air an dion gu h-oifigeil mar a tha a’ Chiiil", thuirt Ard-Stidtiriche an Urrais, Jonny Hughes.
"Tha e gu sonraichte cudromach a thaobh nan duintean-gainmhich mhachrach a th’ ann, arainneachd a tha
ann an cunnart gu h-eadar-naiseanta. "’Seo fear de na co-dhunaidhean dealbhachaidh as cudromaiche ann
an Alba anns na bliadhnaichean mu dheireadh. Mar sin, tha iomagain oirnn mu cho beag tuigse ’s a sheall
combhairlichean mu arainneachd an aite is na beathaichean a tha a’ fuireach ann", thuirt e. Dh’innis Mgr
Hughes gu bheil e an dochas gun teid comhairlichean le moladh nan oifigeach. Thuirt e ge-ta, ma theid
cead a thoirt seachad, gum bu choir do Riaghaltas na h-Alba an gnothach a ghairm a-steach cho luath ’s a
ghabhas. Bidh coinneamh shonraichte de Chomataidh Dealbhachaidh a Chinn a Tuath ann Diciadain gus
meorachadh air a’ chuis.

TARGET

Dh’iarr Urras Fiadh-bheatha na h-Alba air comhairlichean na Gaidhealtachd iarrtas-dealbhachaidh *son
raon-goilf an Cataibh a dhiultadh.

FULL FT

Chuir oifigich aig Combhairle na h-Alba caineadh air sarbhhearan ’s iomagain air arainneachd na h-aite is
beathaichean a’ Chuil Shiorrachd.

LoRA-4

Tha Urras Fiadh-bheatha na h-Alba ag radh gur e "an cothrom mu dheireadh a’ Chuil a ghleidheadh" gum
faigh iad co-dhunadh co-mhaoinnicheachail a thogail ann an sgire Earra-Ghaidheal.
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LANGUAGE

SOMALI

INPUT

Madaxweyne Lula oo dhismaha uu ku jiro ka salaamaayo taageerayaashiisa. 72 sano jirkan ayaa lagu
xukumay 12 sano oo xabsi ah, maadaama lagu helay eedo musugmaasuq. Qareenadisa ayaa la sheegay in
Booliska ay kala hadlayaan sidii uu Lula isu soo dhiibi lahaa. Waxaa soo baxaya warar sheegaya in Lula
uu doonayo inuu booliska isu soo dhiibo maalinta sabtida. Siyaasigan ayaa horay ugu gacan seeyray amar
maxkamadeed oo dhigayay in maalinta Jimcaha u booliska isku soo dhiibo. Taageerayaasha Lula oo isugu
s00 baxay banaanka dhismaha uu ku jiro. Kumanaan taageerayaashiisa ah ayaa isugu soo baxay banaanka
dhismaha uu Lula Da Silva ku jiro. Mid kamid ah dadka isu soo baxay ayaa sheegay in haddi boolisku ay
isku dayaan inay xiraan Lula aysan u suurtagelyn. Saraakisha ayaa hoosta ka xariiqay in madaxweynihii
hore aan loo arkin qof baxsad ah, sida dadka qaar ba ay moodeen. Dibadbaxyo ka socda dalka Brazil
Madaxweynaha Brazil oo dhaliilay waaxda caddaaladda Madaxwaynihii hore ee Brazil oo la amray in
xabsiga la dhigo Muxuu Lula sidan u sameynayaa? Madaxweynihii hore ee dalka Brazil, Lula waxaa uu
aaminsanyahay in xukunka ka dhanka ah isaga uu yahay mid siyaasadeysan. Lula ayaa sidoo kale ku
doodaya in tallabaadani ay tahay qorshe lagu doonayo in lagaga hor istaago qorshaha uu ku doonayo in
markale uu u tartamo xilka madaxtinimada ee dalkaasi oo uu sheegay inuu ku guuleysanayo. Qareenada
Lula ayaa ku guul dareystay dadaalo ay ku doonayeen in Lula ay kaga badbaadiyaan xabsiga, dagiiqada
ka hor xilligii kama dambeysta ah ee loo qabtay inuu isku soo dhiibo booliska.

TARGET

Madaxweynihii hore ee dalka Brazil Lula da Silva ayaa ku dhuumaaleysanaya dhismo ku yaalo magaalada
uu ka soo jeedo ee ka baxsan Sao Paulo, kadib markii lagu amray inuu isku soo dhiibo ciidammada
booliska.

FULL FT

Madaxweynihii hore ee dalka Brazil, Luiz Indcio Lula da Silva, ayaa ka qeybgalaya xaaladda ka taagan
xabsiga uu ku leeyahay magaalada Curitiba ee waqooyiga Brazil.

LoRA-4

Booliska Brazil ayaa madaxweynihii hore ee dalkaasi, Luiz Inacio Lula da Silva, ugu soo dhiibay xabsiga
ee lagu xukumay inuu qabto xilka madaxtinimada.

INPUT

Gabadha ayaa aad u jeclayd bisadda Ruun waxa ay ku dadaashay sidii ay u heli lahayd cid u kabta bisadda,
balse kuma aanay guulaysan oo waa ay ka bakhtiday. Gabadhaasi ayaa murugo badan ka qaaday geerida
bisadda. Waxa ay xiriir la samaysan wasaaradda xanaannada xoolaha ee magaaladeeda balse kama aanay
helin wax caawin ah. Sheekada Ruun iyo bisadeeda ayaa hadal hayn ka dhalisay baraha ay ku wada
xiriiraan bulshada Soomaaliyeed, waxaana dadka qaar ay ku tilmaameen "qof waalan oo magac raadis
ah." "Bisadeydu xitaa hilibka cayriinka ah ma aanay cuni jirin, oo waxaan usoo iibin jiray buskud iyo
caano," ayay tiri Ruun. Balse gabadhan oo baratay culuunta caafimaadka dadweynaha ayaa ku doodaysa
in haddii ay Soomaalidu u naxariistaan xayawaanka ay markaa heli karaan nabad. Hargeysa: Dhakhtar
Yurub uga soo duulay si uu Harimacad u kabo Nin lagu xukumay inuu xabsiga ku dhex daawado Filim
Mukulaal loo xukumay $710 kun oo magdhow ah Ruun ayaa BBC-da laanta af Soomaaliga u sheegtay in
hadda ka hor ay ka xanuunsatay bisadda, ka dibna ay la xiriirtay dhakhtar xayawaanka gaabilsan oo ku
nool Masar, kaasoo kula taliyay dawada ku haboon bisadda. Waxa ay intaa ku dartay in ay rajeynayso in
mustagbalka ay furto goob ay ku xananaaneyso bisadaha, ayna diyaar u tahay inay raadsato bisad kale
maadaama ay ka dhimatay tii ay jeclayd.

TARGET

Gabar ku nool magaalada Qardho oo lagu magacaabo Ruun Cali Cabdi ayaa waxa ay lahayd bisad ay aad
u jeceshahay. Bisadii ayaa ka jabtay ka dib markii ay dhagax kaga dhufteen carruur yaryar.

FULL FT

Ruun Cabdishakuur ayaa 26 jir ahayd markii ay 26-ka sano jirtay iyadoo xanuunsanaa bisadda lagu dilay
xayawaanka caafimaadka dadweynaha ah ee lagu magacaabo *Doleococcus’.

LoRA-4

Xayawaanka Ruun ayaa ku dhintay sidii ay u heli lahayd cid u kabta bisadda ee uu ku qabtay magaalada
Hargeysa.
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INPUT Joao Teixeira de Faria, kati kati amejisalimisha kwa polisi Joao Teixeira de Faria, ambaye pia anafahamika
kama ’Yohana wa Mungu’ alitangazwa kuwa mtoro baada ya tarehe aliyopewa ya kujisalimisha kwa
mamlaka kukamilika. Madai dhidi yake yalianza mapema Disemba wakati wanawake kadhaa walidai
kuwa tabibu hiyo wa kiroho alikuwa amewanyanyasa kwenye kliniki yake. Bw Faira anakana madai
hayo. Tabibu huyo ana makao yake mji ulio kati kati mwa nchi wa Abadiania magharibi mwa mji mkuu
Brasilia, lakini ana wafuasi kote duniani. Alijisalimisha kwa njia gani? Gazeti la O Globo linasema kuwa
dhehebu hilo lilitoa dola milioni 8.9 kutoka benki kadha siku ya Jumatano na kuashiria kuwa huenda
alikuwa na njama ya kuikimbia Brazil au kuficha pesa hizo ikiwa labda atahitajika kulipa fidia. Tabibu
wa kiroho Joao Teixeira de Faria anakana kuwanyanyasa wanawake Mamlaka zilijibu kwa kutangaza
waranti wa kukamatwa siku ya Ijumaa. Siku ya Jumapili, video ya simu iliyopeperushwa na kituo cha
televisheni cha Globo ilimuonyesha Bw Faria akitoka kwenye gari na kujisalimisha kwa polisi huko
Abadiania. Alisafirishwa kwenda makao makuu ya polisi huko Goiania, mji mkuu wa jimbo Goias. Wakili
wake Alberto Toron, alisema atakata rufaa Jumatatu. Alisema alikuwa na matumaini kuwa Bw Fariqa
anaweza kuwekwa kwenye kifungo cha nyumbani badala ya jela. Madai dhidi yake yalianza vipi? Wiki
iliyopita mpiga picha raia wa Uholanzi Zahira Leeneke Maus, aliiambia televisheni ya Globo kuwa Bw
Faria alimshauri kufanya vitendo vya ngono na kisha kumbaka. Wanawake tisa raia wa Brazil ambao
hawakutajwa majina, pia waliiambia televisheni hiyo kuwa tabibu huyo aliwanyanyasa kwa misingi kuwa
alikuwa akiwapa nguvu za kuwasafisha. Televisheni ilionyesha Joao Teixeira de Faria akiwasili kituo
cha polisi Baadaye gazeti la O Globo lilisema kuwa lilikuwa limezungumza na wanawake wawili zaidi
ambao walikuwa na madai kama hayo. Wajumbe wa tabibu huyo mwenye miaka 76 wanasema anakataa
madai ya kuhusika kwenye mambo yaliyo kinyume na sheria wakati akitoa matibabu. Bw Faria, ambaye
mwenye si daktari, awali alipigwa faini na hata kufungwa kwa kuhudumu bila leseni. Mtangazaji wa
runinga nchini Marekani Oprah Winfrey alisafiri kwenda nchini Brazil mwaka 2013 na kushuhudia akitoa
matibabu kwenye kliniki yake.

TARGET Tabibu wa kiroho nchini Brazil ambaye analaumiwa kwa kuwanyanyasa kingono zaidi ya wanawake 300
amejisalimisha kwa polisi, kwa mujibu wa vyombo vya habari.

FULL FT Tabibu mmoja wa kiroho nchini Brazil amejisalimisha kwa polisi baada ya madai ya kuwa aliwanyanyasa
wanawake kwa kuwa aliwapa nguvu za kiume.

LoRA-4 Tabibu wa kiroho nchini Brazil amejisalimisha kwa polisi baada ya madai ya unyanyasaji na ukatili dhidi
ya wanawake.

INPUT Margaret Gieszinger alikamatwa baada ya video ya kisa hicho kusambazwa mtandaoni Margaret
Gieszinger, 52, amefukuzwa kazi kwa kitendo hicho alichokifanya katika Shule ya Sekondari ya Chuo
Kikuu cha huko Visalia, California. Waendesha mashtaka wamesema kuwa amekanusha makosa sita
dhidi yake, likiwemo kosa la ukatili dhidi ya mtoto na shambulio la kimwili. Anakabiliwa na hukumu
ya miaka mitatu unusu jela iwapo atakutwa na hatia. Bi Gieszinger, aliachiliwa kwa dhamana ya dola
100,000 Ljumaa jioni. Katika video hiyo ya iliyochukuliwa kwa simu ya mkononi kisha kupakiwa kwenye
mtandao wa Reddit, mwalimu huyo anayefunza somo la sayansi, anaonekana akimuita mwanafunzi wa
kiume kuketi mbele ya darasa, kisha akaanza kumkatakata nywele huku akiimba kwa makosa wimbo
wa taifa la Marekani maarufu kama Star Spangled Banner. Wakili wa mwanafunzi huyo, ameliambia
shirika la habari la CNN kuwa, mteja wake "alishtuka sana" kabla ya kufanikiwa kujinasua mikononi
mwa mwalimu huyo. Bi Gieszinger kisha anaonekana kwenye video, akishika mkasi mkononi juu ya
kichwa chake na kusema "next!" yaani "mwingine!" na kutishia pia kumkata nywele mwanafunzi mmoja
wa kike. "Tunachukulia kwa tahadhari kubwa mno usalama wa wanafunzi madarasani," hiyo ni kwa mjibu
wa taarifa kutoka kwa afisi kuu ya Elimu ya kaunti ya Tulare. "Tunachunguza taarifa zote tunazozipokea
na tutachukua hatua kali mno na zinazohitajika dhidi ya wafanyakazi wetu walio na utovu wa nidhamu."
Taarifa hiyo imeongeza.

TARGET Mwalimu mmoja nchini Marekani anakabiliwa na mashtaka ya uhalifu, baada ya picha ya video kusambaa
mitandaoni akimkata kwa lazima nywele mwanafunzi mmoja darasani, huku akiimba wimbo wa taifa wa
Marekani.

FULL FT Mwalimu mmoja raia wa Marekani amekamatwa baada ya video kusambazwa mtandaoni, akimnyanyasa

mwanafunzi wa kiume kwa kumkata nywele alipokuwa akipitia mtihani.

LoRA-4 Mwalimu wa shule ya sekondari nchini Marekani amehukumiwa miaka mitatu unusu jela baada ya video
ya kisa hicho kusambazwa mtandaoni.

Table 22: Examples of input, target, and PaLM 2-XXS generated summaries with full fine-tuning and LoRA-4 in
XLSum, trained on all languages available (high-data regime).
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