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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 transfer learning between 10 low-resourced languages, from the
perspective of a named entity recognition task, specifically how much adaptive
fine-tuning improves performance, the efficacy of zero-shot transfer as well as
the effect of learning on the contextual embeddings computed from the model.
Our results give some insight into zero-shot performance as well as the impact
of different training schemes and data overlap between the training and testing
languages. Particularly, we find that models with the best generalisation to other
languages suffer in individual language performance, while models that perform
well on a single language often do so at the expense of generalising to others. In
the interest of reproducibility, we publicly release our source code' and models.

1 INTRODUCTION

The technique of using a pre-trained Natural Language Processing (NLP) model and fine-tuning it
on task-specific data has recently taken the NLP world by storm, achieving state of the art scores in
many different tasks (Jiang et al., 2020; Hendrycks et al., 2021; Raffel et al., 2020). Although much
of the focus of pre-trained models is on English (Devlin et al., 2019; Radford et al., 2018; 2019),
there are also monolingual models for different languages (de Vries et al., 2019; Masala et al., 2020;
Canete et al., 2020) and multilingual models that were trained on a large corpus containing many
different languages (Conneau et al., 2020; Xue et al., 2021). The training data of these multilingual
models often largely consist of higher-resourced languages, but recent work has demonstrated that
using only low-resourced languages can also achieve competitive performance (Ogueji et al., 2021).
Other work has also focused on analysing these large models, investigating multilingualism (K et al.,
2020), syntactic transfer between languages (Dhar & Bisazza, 2018), or interpreting what information
models use when predicting entity types (Agarwal et al., 2021).

Recently, Adelani et al. (2021) introduced a high-quality named entity recognition (NER) dataset
for 10 low-resourced African languages and performed some analysis into which pre-trained models
perform best, how domain transfer performs as well as the cross-lingual transfer capabilities of models.
We analyse the latter aspect further, by investigating which features transfer between languages, how
different training schemes affect performance and how robust the trained models are.

Our results show that when the source and target dataset contain many shared tokens, then transfer
performance is generally higher. We also find that adaptively fine-tuning a multilingual model on
unlabelled monolingual data can, depending on which languages are used, either improve transfer
performance on downstream tasks or reduce it when the model overfits to a specific language. Finally,
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we demonstrate that when performing transfer learning, there is often a large variance in performance
when varying the initial random seed — much larger than when we fine-tune and evaluate on the same
language — possibly indicating that some aspects of transfer learning are not robust.

2 BACKGROUND

2.1 NAMED ENTITY RECOGNITION (NER)

Named Entity Recognition is a token classification task in which the objective is to classify each
token as one of a few classes, e.g. person, location, date, organisation, or no entity. NER is an
impactful field (Sang & Meulder, 2003; Lample et al., 2016) with many applications (Marrero et al.,
2013), including information retrieval and spell-checking (Adelani et al., 2021).

2.2 TRANSFER LEARNING

Transfer learning is a technique that is often used in NLP to improve performance while requiring
less task-specific data (Ruder et al., 2019). One common form of transfer starts by training a large
language model on a massive corpus of unlabelled data, using these learned weights as the starting
point for a specific problem, and fine-tuning further on task-specific labelled data (Ruder, 2021). The
idea is that the pre-training process instills knowledge into the model about how language behaves
on a general level, which then does not need to be learned from scratch using the smaller amount of
task-specific data. Often, if the pre-training data is in a substantially different domain from the target
task, we employ adaptive fine-tuning, which fine-tunes the pre-trained model on unlabelled data in
the domain (Gururangan et al., 2020) or language (Pfeiffer et al., 2020) of the target task.

3 METHODOLOGY

This report builds upon the work of Adelani et al. (2021) and investigates the following questions:

1. How much does language-adaptive fine-tuning (using a language modelling objective) on
different languages affect downstream performance after fine-tuning on task-specific data?

2. Which languages are the best for doing zero-shot transfer from?
3. What features or aspects get transferred between the languages we examine?

To answer the above questions, we fundamentally fine-tune different models on the MasakhaNER
dataset (Adelani et al., 2021) and compare their performance. We consider all 10 languages, Hausa,
Igbo Kinyarwanda, Luganda, Luo, Nigerian Pidgin - pem, Swahili, Wolof, Yoruba, Amharic.
For consistency, we refer to pre-training as any approach that trains a language model on a large,
unlabelled corpus, whereas fine-tuning means taking a pre-trained model, and training it end-to-end on
a smaller, labelled dataset. Additionally, we refer to fine-tuning a pre-trained model on an unlabelled
corpus in another language using a language modelling objective as language-adaptive fine-tuning.

For point (1), we largely follow the approach of Adelani et al. (2021), and use this as a basis for
the subsequent components. This involves fine-tuning different models on the language-specific
NER data and analysing the effect of the language used for language-adaptive fine-tuning. For point
(2) above, we consider how good zero-shot transfer is when fine-tuning on NER data from other
languages by evaluating the models we trained for (1) on all 10 languages. To answer (3), we examine
the statistical properties of the datasets as well as the contextual word embeddings obtained after
various pre-training and fine-tuning steps.

4 EXPERIMENTS & RESULTS

4.1 EXPERIMENTAL SETUP

We fine-tune each model 5 times with different random seeds (to account for variability) and report
the mean and standard deviation here. We use the MasakhaNER implementation® and use the same
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Table 1: Performance of different models after fine-tuning and evaluating on NER data. We use
a Mann-Whitney U test (Mann & Whitney, 1947) as some data failed a Shapiro Wilks normality
test (Shapiro & Wilk, 1965). * indicates a statistically significant difference (p < 0.05) between the
base model and the one under consideration, bold implies * and being the maximum per language.
The leftmost column shows the model we started with before fine-tuning on language-specific NER
data, while the other columns indicate the NER fine-tuning and evaluation language. For example,
base — X is the language adaptive model for each column.

wol pem yor hau ibo luo lug kin swa amh
Starting point for NER fine-tune
base — X 66.9(1.7)  87.1(0.8) 83.3(0.3)° 91.6(0.4)° 87.9(0.5° 762(12) 84.5(0.5)° 783(1.0)° 89.6(0.6)° 78.2(0.8)
base — swa 67.3(1.3)" 88.0(0.8) 783(1.0) 88.8(0.2)" 843(0.8) 772(1.4) 82.0(0.5° 752(1.0) 89.6(0.6)" 68.9(0.9)
base 642(1.3) 873(09) 779(03) 89.5(04) 849(0.7) 745(1.3) 80.2(0.7) 73.7(0.7) 87.8(0.5)  70.7(l.1)

hyperparameters and language codes as Adelani et al. (2021). All metrics reported are overall F1
scores on the test set (to compare against prior work), using the ‘begin’ repair strategy as specified by
Palen-Michel et al. (2021).

4.2 LANGUAGE-ADAPTIVE FINE-TUNED MODELS

In this section, we determine the effect of using different language-adaptive fine-tuned models. Each
of the models we consider is based on xIm-roberta, as it demonstrated high performance and fast
training (Adelani et al., 2021). The first model we use is called ‘base’, and it is simply xIm-roberta-
base, downloaded from Huggingface*. The other models® we consider used xlm-roberta-base as their
starting point, but additionally performed language-adaptive fine-tuning on a monolingual corpus and
were shown to perform better on NER tasks (Adelani et al., 2021).

For each language X, we use 3 different models, base, base-Swabhili and base-X, where the latter
2 were subject to further language-adaptive fine-tuning on their respective languages. The base-X
models allow us to investigate how much the language-adaptive fine-tuning on the language in
question improves downstream performance relative to the base model. The base-Swahili model,
on the other hand, provides information on how downstream performance is affected by language-
adaptive fine-tuning on a different, but potentially related (either geographically or lexically) language.
We chose Swahili as it was the language with the most speakers and the largest dataset out of the
10 available ones (Adelani et al., 2021), making it a promising language to transfer from. We then
fine-tune these models on NER data and report the results. For clarity and brevity, we sometimes
contract the training procedure of a model, for example, base — hau — swa is the xlm-roberta-base
model that performed language-adaptive fine-tuning on Hausa, and NER fine-tuning on Swabhili.

The results are shown in Table 1, and the language adaptive fine-tuned models usually perform much
better than the base model, with the Swahili model being in between. The standard deviations between
the different seeds are quite large, however, so not all results are statistically significant (using a
Mann-Whitney U test). In most cases, we replicate (within error bounds) Adelani et al. (2021) and
Palen-Michel et al. (2021), with the single exception of Nigerian Pidgin that was fine-tuned from a
language-adaptive model, possibly because of different model versions.

4.3 CROSS-LINGUAL TRANSFER

This experiment investigates fine-tuning one of the above models on one specific language (e.g.
Yorubd) and evaluating on another (e.g. Hausa). In particular, we take the models obtained from
the previous section and evaluate them on all of the available languages. These results are shown in
Figure 1, with the y-axis representing the evaluation language, while the x-axis represents either the
language we performed NER fine-tuning on (Figure 1a), the adaptive fine-tuning language (Figure 1c)
or both (Figure 1b). Specifically, in Figure 1a, as expected, the diagonal is brighter than the off-
diagonal elements, as fine-tuning on the same language one evaluates on improves scores significantly.
In Figure 1b we see that performing language-adaptive fine-tuning improves the performance on that
specific language. In transfer performance, however, this shows a mixed result, as for some language
pairs, using a model that has been subject to language-adaptive fine-tuning on the same language
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as one fine-tunes on helps (e.g. the pcm column and kin row), but for others this effect is minor, or
even negative (e.g. yor transferring to lug). We also notice that for other languages, notably Swabhili
and Hausa, using adaptively fine-tuned models (and then fine-tuning on NER data from the same
language) diminishes the transfer capabilities from these languages (see the hau and swa columns in
Figure 1g), possibly indicating overfitting. This is similar to what Pfeiffer et al. (2020) found when
performing adaptive fine-tuning on the source language — transfer performance generally decreased.

In Figure 1c we use different adaptively fine-tuned models, but fine-tune on the same Swahili NER
data, and again evaluate on each language. At first glance, horizontal lines can be seen, indicating
that the adapted model does not affect the final score that much in this case, although the diagonal
is usually slightly (e.g. pcm, luo) or significantly (e.g. wol, lug, ibo, amh) brighter. Again, we see
a similar overfitting problem to the above when using a Swabhili adapted model and fine-tuning on
Swabhili NER, resulting in much poorer transfer performance.

In Figures 1d, le and 1f we show the standard deviations over 5 seeds and the results seem to indicate
that this is generally higher when performing transfer as compared to performing standard evaluation
on the fine-tuned language, which seems to indicate a lack of robustness to random initialisations.

Finally, in Figures 1g, 1h and 1i, we showcase the absolute performance gain of one method over
another, to quickly be able to notice relative differences, either positive or negative.

We also consider the above in slightly more detail by looking at each NER category individually, to
see if any perform much better or worse than the others. Figure 2 indicates that dates transfer quite
poorly, particularly for Luo, while organisations transfer poorly for Amharic.

4.3.1 DATA OVERLAP

To attempt to explain some of the results shown in the previous section, here we examine the datasets
a bit more carefully, specifically analysing the data overlap between different languages, and whether
this has any correlation with the transfer performance. To do so, we investigate the overlap of each
entity in the respective datasets. We call a token overlapping when the same token is labelled as the
same entity type in two different datasets (e.g. John[NAME] would overlap with John[NAME], but
would not overlap with John[ORG] Deere[ORG]). We count the number of overlaps from source
language A (x-axis) to target language B (y-axis) as the number of occurrences of this token in A’s
dataset, as this could measure how much data the model can use from language A that might transfer
to language B. We do not distinguish between tokens that are at the beginning of an entity or in the
middle thereof (i.e. we consider B-PER and I-PER to be the same for this experiment). We consider
the entire dataset, i.e. train + dev + test, to obtain a more representative sample, although this does not
calculate the overlap between e.g. the train set of A and the test set of B. Other ways of calculating
the overlap exist, like only considering unique entities (which we avoid as one entity overlapping
multiple times is relevant) or considering the minimum occurrences of an overlapping token in either
language. This was correlated with and similar to our approach, however, so it does not have a
significant impact. Further, when we only consider train + dev or also the ‘Other’ NER category,
the results are also similar. Figure 3a shows the results, and a few aspects are immediately clear.
Firstly, Wolof and Luo have much less data than the other languages, and thus much less overlap,
potentially explaining why these two performed poorly in previous experiments. Secondly, there
seems to be quite a lot of overlap in general. Swahili and Hausa also show many tokens in common,
possibly due to Arabic influences on both of these (Versteegh, 2001), but it could also simply be e.g.
international names and dates. We see a strong correlation (Pearson’s coefficient = 0.73) between how
many tokens overlap and the performance in Figure 3b. The procedure here was simply to compute
the correlation between the data overlap (as in Figure 3a) and the performance when fine-tuning on
one language and evaluating on another, starting from the pre-trained base model (as in Figure 1a).
We do not consider the diagonal elements, as they contain the performance of evaluating on language
X after fine-tuning on language X and are thus not considered as transfer learning. These results do
not imply a causal relationship, however, as previous work (K et al., 2020) has shown that lexical
overlap has a negligible impact on transfer performance, and word order and model depth contributes
more. This might be specific to the task under consideration, however, as other work still (Lin et al.,
2019) has shown that, for some tasks, the word and subword overlap between languages is a useful
proxy for expected performance when performing cross-lingual transfer. Furthermore, we observe
that Ambharic, due to its different script, has zero overlap with any of the other languages, while still
displaying non-trivial transfer, indicating that more intricate mechanisms are at play.
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Figure 1: Heatmaps indicating the average performance over 5 seeds of specific models on specific
languages (y-axis) after being fine-tuned on another language’s NER data (x-axis). In general, we
notice a large standard deviation, indicating that this process is unreliable. The bottom row shows the
difference between one technique, and base, i.e. how much improvement does this new model give
over using the base model. avg indicates the average per row or column respectively.
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Figure 2: Heatmaps for the language-adaptive fine-tuned model (Figure 1b), broken down by category.
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Figure 3: Data overlap & effect on performance. We note that Amharic has no overlap with any of
the other languages, as it uses a different script.

4.4 REPRESENTATIONS

Our final experiment follows prior work by Hsu et al. (2019) by investigating the contextual word
embeddings from the different models, specifically looking into how these embeddings change as we
perform different fine-tuning operations. We take the last 4 layers from the language model (i.e. not
the dense final layer) and use the sum of these hidden states to obtain a word vector (of size 768). We
use the sentences from the dataset, and only extract the 4 different NER categories for computational
reasons. We compute the mean vector per category, which we use in the following. To visualise the
data, we show the results after performing PCA.

4.4.1 VARIABILITY

We found a large amount of variability when fine-tuning the models on different random seeds (see
Figures 1d, le and 1f) so we next investigate the effect of different initialisations on the embeddings.

Figure 4 shows the results for a few languages pairs, and immediately we can see that Figure 4a has
clusters corresponding to the different categories, even when using different seeds. Figures 4b, 4c
and 4d on the other hand cluster more toward seeds, so the categories differ when using different seeds.
This could indicate that the Swahili model is more consistent and robust to random initialisations,
and learns roughly the same embeddings for each seed. On the other hand, when fine-tuning from
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Kinyarwanda, Luo or Wolof, there is no clear clustering of categories (despite a relatively large
amount of data overlap between Kinyarwanda and Hausa), suggesting that these models cannot
distinguish Hausa categories very well (possibly substantiated by the poorer results in Figure 1).

Now, the above analysis is somewhat impacted by the final linear layers in the models — it is entirely
possible that two models that have different embeddings also have different final layers and end up
classifying examples exactly the same. We can, however, still use these experiments to extract some
qualitative information about the embeddings of different languages. Furthermore, Figures 4f and 4e
— in which the language being investigated is the same as what the models trained on — contain results
where the clustering is predominantly towards categories, bolstering the validity of this approach.

4.4.2 DIFFERENT LANGUAGES AND MODELS

Here we consider the same model and analyse the differences in embeddings from different languages,
and how this evolves. For example, in Figure 5a we see that for Nigerian Pidgin (which transferred
well previously), the predominant clusters are again categories and not languages.

We next examine different models on the same language, specifically looking at what happens to
these embeddings when a model is further fine-tuned. Figure 5b shows that performing fine-tuning on
models does affect the embeddings quite significantly, although there does still seem to be a similar
relative positioning between the categories - almost as if in PCA, one principal component was the
model used, and another was the category.

5 ANALYSIS, DISCUSSION & FUTURE WORK

We touched on a few different topics in this report, all related to transfer learning and how this
affects the F1 score. We found that language-adaptive fine-tuning has a positive effect on transfer
performance, but that overfitting is a real risk, so the model that does best on one language often
suffers in transfer to other languages, potentially motivating less overspecialised models in favour
of more general models which would also hopefully be more robust. As usual, data is king, and
having more data overlap is highly correlated with transfer performance, although we tested relatively
high-quality datasets here, so this might not transfer well to low quality, noisy datasets (Alabi et al.,
2020). Amharic also displayed non-trivial transfer, even though it shares no overlap with any of the
other languages, so investigating this phenomenon further is a promising avenue. Future work could
include looking at different languages, investigating transfer from a geographical (Adelani et al.,
2021), language-family or linguistic distance perspective, or how combining two (or more) datasets
might strike a balance between high single-task performance and generalisability. Further, to isolate
the effect of the training procedure, we did not consider other models, so comparing our results to
other models, such as AfriBERTa (Ogueji et al., 2021) is also a promising direction for future work.

6 CONCLUSION

We considered different facets of transfer learning, namely how language-adaptive fine-tuning and fine-
tuning on task-specific data in another language affects evaluation performance. We also investigated
reasons for our observations, notably, data overlap between train and testing datasets, as well as
the models’ hidden states and embeddings. In some cases we found very large variances, making
reliably performing transfer learning difficult. We answered our original 3 questions, specifically
that (1) using a language-adaptive fine-tuned model improves performance on the corresponding
language, possibly while reducing transfer performance. Regarding point (2), we found the best
language to perform zero-shot transfer from does depend on various factors, although the amount of
data overlap could help inform this choice, by choosing languages that have a large overlap. Finally,
for (3), we found that overlapping tokens might be a large part of what is transferred, but some
linguistic knowledge could also be transferred, between e.g. Swahili and Hausa, as a clear separation
of categories was apparent. In other cases (e.g. Luo and Hausa), a less clear clustering was observed.

Our main conclusions are that (in our case, with this dataset) using language-adaptive fine-tuned
models usually improves performance over the base model after subsequent fine-tuning. We found
high levels of data overlap, and found a strong correlation between this and the F1 performance,
although this does not imply causality.
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