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Abstract

Transfer learning has led to large gains in performance for nearly

all NLP tasks while making downstream models easier and faster to

train. This has also been extended to low-resourced languages, with

some success. We investigate the properties of cross-lingual transfer

learning between ten low-resourced languages, from the perspective of

a named entity recognition task. We speci�cally investigate how much

adaptive �ne-tuning and the choice of transfer language a�ect zero-

shot transfer performance. We �nd that models that perform well on

a single language often do so at the expense of gene

1 Introduction

This paper examines: Analysing Cross-Lingual Transfer in Low-Resourced
African Named Entity Recognition. Research question: How does the ap-
plication of cross-lingual transfer learning via adaptive �ne-tuning on typo-
logically diverse African languages compare in zero-shot named entity recog-
nition performance with models that use monolingual data augmentation
techniques?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.3/10.

3 Results

14 papers retrieved. 16 claims extracted; 13 independently veri�ed. Quality
review score: 7.3/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

The number of overlapping tokens between
datasets is a stronger predictor of transfer per-
formance than many other featur

✓ 0.28

Named Entity Recognition (NER) is a token
classi�cation task with classes such as person,
location, date, organisation,

✓ 0.20

F1 score is used to evaluate NER performance,
balancing precision and recall.

× 0.11

Transfer learning is a technique used in NLP
to improve performance with less task-speci�c
data.

✓ 0.22

Transfer learning often involves training a large
language model on unlabelled data and �ne-
tuning on task-speci�c lab

✓ 0.22

Experiments involve �ne-tuning pre-trained lan-
guage models on NER data and evaluating cross-
lingual transfer performanc

✓ 0.16

Experiments are performed 5 times with di�er-
ent random seeds and mean performance is re-
ported.

× 0.12

The standard deviation across di�erent seeds is
often quite large when performing transfer.

✓ 0.21

The MasakhaNER implementation and hyper-
parameters from Adelani et al. (2021) are used.

× 0.13

Overall F1 scores on the test set are reported
using the 'begin' repair strategy.

✓ 0.19

Two types of models are considered: xlm-
roberta-base and LAFT models.

✓ 0.20

LAFT models are obtained by �ne-tuning xlm-
roberta-base on unlabelled monolingual data
from a speci�c language.

✓ 0.32

xlm-roberta-base is chosen due to its high per-
formance and fast training.

✓ 0.21

xlm-roberta-base was pre-trained on a large cor-
pus consisting of data from 100 languages, in-
cluding Amharic, Hausa, and

✓ 0.28

Models are �ne-tuned on NER data of a speci�c
language.

✓ 0.20

Results are shown in Fig. 1 with the y-axis rep-
resenting the evaluation language and the x-axis
representing the �ne-tu

✓ 0.21

4



References

� http://arxiv.org/abs/2106.09063v4

� http://arxiv.org/abs/2204.06487v3

� http://arxiv.org/abs/2309.05311v1

5

http://arxiv.org/abs/2106.09063v4
http://arxiv.org/abs/2204.06487v3
http://arxiv.org/abs/2309.05311v1

