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Abstract

Recent work proposes a family of contex-
tual embeddings that significantly improves
the accuracy of sequence labelers over non-
contextual embeddings. However, there is no
definite conclusion on whether we can build
better sequence labelers by combining differ-
ent kinds of embeddings in various settings.
In this paper, we conduct extensive experi-
ments on 3 tasks over 18 datasets and 8 lan-
guages to study the accuracy of sequence la-
beling with various embedding concatenations
and make three observations: (1) concatenat-
ing more embedding variants leads to better ac-
curacy in rich-resource and cross-domain set-
tings and some conditions of low-resource set-
tings; (2) concatenating contextual sub-word
embeddings with contextual character embed-
dings hurts the accuracy in extremely low-
resource settings; (3) based on the conclusion
of (1), concatenating additional similar con-
textual embeddings cannot lead to further im-
provements. We hope these conclusions can
help people build stronger sequence labelers in
various settings.

1 Introduction

In recent years, sequence labelers equipped with
contextual embeddings have achieved significant
accuracy improvement (Peters et al., 2018; Akbik
et al., 2018; Devlin et al., 2019; Martin et al., 2019)
over approaches that use static non-contextual word
embeddings (Mikolov et al., 2013) and character
embeddings (Santos and Zadrozny, 2014). Differ-
ent types of embeddings have different inductive
biases to guide the learning process. However, little
work has been done to study how to concatenate
these contextual embeddings and non-contextual
embeddings to build better sequence labelers in

∗Yong Jiang and Kewei Tu are the corresponding authors.
‡: This work was conducted when Xinyu Wang was interning
at Alibaba DAMO Academy.

multilingual, low-resource, or cross-domain set-
tings over various sequence labeling tasks. In this
paper, we empirically investigate the effectiveness
of concatenating various kinds of embeddings for
multilingual sequence labeling and try to answer
the following questions:

1. In rich-resources settings, does combining
different kinds of contextual embeddings re-
sult in a better sequence labeler? Are non-
contextual embeddings helpful when the mod-
els are equipped with contextual embeddings?

2. When we train models in low-resource and
cross-domain settings, do the conclusions
from the rich-resource settings still hold?

3. Can sequence labelers automatically learn the
importance of each kind of embeddings when
they are concatenated?

2 Model Architecture

2.1 Sequence Labeling
We use the BiLSTM structure for all the sequence
labeling tasks, which is one of the most popular ap-
proaches to sequence labeling (Huang et al., 2015;
Ma and Hovy, 2016). Given a n word sentence
x = {x1, · · · , xn} and L kinds of embeddings, we
feed the sentence to generate the l-th kind of word
embeddings {el1, · · · , eln}:

eli = embedl(x)

We concatenate these embeddings to generate the
word representations {r1, · · · , rn} as the input of
the BiLSTM layer:

ri = e1i ⊕ · · · ⊕ eLi

where ⊕ represents the vector concatenation opera-
tion. We feed the word representations into a single-
layer BiLSTM to generate the contextual hidden



3993

layer of each word. Then we use either a Softmax
layer (the MaxEnt approach) or a Conditional Ran-
dom Field layer (the CRF approach) (Lafferty et al.,
2001; Lample et al., 2016; Ma and Hovy, 2016) fed
with the hidden layers to generate the conditional
probability p(y|x). Given the corresponding se-
quence of gold labels y∗ = {y∗1, · · · , y∗n} for the
input sentence, the loss function for a model with
parameters θ is:

Lθ = − log p(y∗|x; θ)

2.2 Embeddings

There are mainly four kinds of embeddings that
have been proved effective on the sequence labeling
task: contextual sub-word embeddings, contextual
character embeddings, non-contextual word embed-
dings and non-contextual character embeddings1.
As we conduct our experiments in multilingual set-
tings, we need to select suitable embeddings from
each category for the concatenation.

Contextual Sub-word Embeddings (CSEs)
CSEs such as OpenAI GPT (Radford et al.)
and BERT (Devlin et al., 2019) are based on
transformer (Vaswani et al., 2017) and use
WordPiece embeddings (Sennrich et al., 2016;
Wu et al., 2016) as input. Much research has
focused on improving BERT model’s performance
such as better masking strategy (Liu et al., 2019)
and cross-lingual training (Conneau and Lample,
2019). Since we focus on the multilingual settings
of sequence labeling tasks, we use multilingual
BERT (M-BERT), as recent researches shows its
strong generalizability over various languages and
tasks (Pires et al., 2019; Karthikeyan et al., 2020).

Contextual Character Embeddings (CCEs)
Liu et al. (2018) proposed a character language
model by applying the BiLSTM over the sentence
and trained jointly with the sequence labeling task.
(Pooled) Contextual string embeddings (Flair) (Ak-
bik et al., 2018, 2019) are pretrained on a large
amount of unlabeled data and result in significant
improvements for sequence labeling tasks. We use
the Flair embeddings due to their high accuracy for
sequence labeling task2.

1We do not use contextual word embeddings such as ELMo
(Peters et al., 2018) since Akbik et al. (2018) showed that con-
catenating Flair embeddings with ELMo embeddings cannot
further improve the accuracy.

2We do not use the pooled version of Flair due to its slower
speed in training.

Non-contextual Word Embeddings (NWEs)
The most common approach to the NWEs is
Word2vec (Mikolov et al., 2013), which is a skip-
gram model learning word representations by pre-
dicting neighboring words. Based on this ap-
proach, GloVe (Pennington et al., 2014) creates
a co-occurrence matrix for global information and
fastText (Bojanowski et al., 2017) represents each
word as an n-gram of characters. We use fastText in
our experiments as there are pretrained embeddings
for 294 languages.

Non-contextual Character Embeddings (NCEs)
Using character information to represent the em-
beddings of word is proposed by Santos and
Zadrozny (2014) with a lot of following work using
a CNN structure to encode character representa-
tion (dos Santos and Guimarães, 2015; Chiu and
Nichols, 2016; Ma and Hovy, 2016). Lample et al.
(2016) utilized BiLSTM on the character sequence
of each word. We follow this approach as it usually
results in better accuracy (Yang et al., 2018).

3 Experiments and Results

For simplicity, we use M to represent M-BERT
embeddings, F to represent Flair embeddings, W
to represent fastText embeddings, C to represent
non-contextual character embeddings, All to repre-
sents the concatenation of all types of embeddings
and the operator “+” to represent the concatena-
tion operation. We use the MaxEnt approach for
all experiments3. Due to the space limit, some de-
tailed experiment settings, extra experiments and
discussions are included in the appendix.

3.1 Settings
Datasets We use datasets from three multilingual
sequence labeling tasks over 8 languages in our
experiments: WikiAnn NER datasets (Pan et al.,
2017), UD Part-Of-Speech (POS) tagging datasets
(Nivre et al., 2016), and CoNLL 2003 chunking
datasets (Tjong Kim Sang and De Meulder, 2003).
We use language-specific fastText and Flair embed-
dings depending on the dataset.

Embedding Concatenation Since experiment-
ing on all 15 concatenation combinations of the
four embeddings is not essential for evaluating the
effectiveness of each kind of embeddings, we exper-
iment on the following 7 concatenations: F, F+W,

3We find that the observations from the MaxEnt exper-
iments do not change in all experiments with the CRF ap-
proach.



3994

# of Sentences

R
el

at
iv

e
Sc

or
es

10 50 100 500 1000 All

0

5

10

NER

F F+W M+W M+W+C M+F+W All

10 50 100 500 1000 All
0

2

4

6

8

10

POS
10 50 100 500 1000 All

0

5

10

Chunking

Figure 1: Relative score improvements against models with M-BERT embeddings for three tasks.

EMBEDDINGS TASKS
M F W C NER POS CHUNK AVG.

1. 7 3 7 7 82.1 96.3 92.3 90.2
2. 7 3 3 7 84.6 96.5 92.9 91.4
3. 3 7 7 7 83.8 95.3 91.3 90.1
4. 3 7 3 7 85.5 96.1 92.5 91.4
5. 3 7 3 3 85.5 96.2 92.6 91.5
6. 3 3 3 7 86.8 96.7 92.9 92.1
7. 3 3 3 3 86.8 96.7 92.9 92.1

Table 1: Averaged F1 scores over languages for each
task with different embedding concatenations.

M, M+W, M+W+C, M+F+W, All. Through
these concatenations, we can answer the following
questions: (1) whether NWEs are still helpful (F
vs. F+W and M vs. M+W); (2) whether NCEs are
still helpful (M+W vs. M+W+C and M+F+W vs.
All); (3) whether concatenating different contex-
tual embeddings results in a better sequence labeler
(F+W vs. M+F+W and M+W vs. M+F+W); (4)
which one is the best concatenation.

3.2 Rich-resource and Low-resource Settings

How to build better sequence labelers through em-
bedding concatenations in both rich-resource and
low-resource settings is the most important con-
cern for users. We report the results of various
concatenations of embeddings for the tasks in Ta-
ble 1 for rich-resource settings and in Figure 1 for
low-resource settings. From the results, we have
the following observations.
Observation #1. Concatenating more embed-
ding variants results in better sequence label-
ers: In rich-resource settings, concatenating more
embedding variants (M+F+W and All) results in
best scores in most of the cases, which indicates
that the inductive biases in various kind of em-
beddings are helpful to train a better sequence la-
beler. In low-resource settings, M+F+W and All
performs inferior to the F+W when the number

of sentences are lower than 100. However, when
the training set gets larger, the gap between these
concatenations becomes smaller and reverses when
the training set becomes larger than 100 for NER
and POS tagging and the gap also disappears for
Chunking. A possible reason is that using CSEs
makes the model sample inefficient so that CSEs
requires more training samples to improve accu-
racy than CCEs. The observation suggests that
concatenating more embedding variants performs
better if the training set is not extremely small.
Observation #2. NCEs become less effective
when concatenated with CSEs and CCEs: Con-
catenating NCEs with CSEs only marginally im-
proves the accuracy. There is almost no improve-
ment when concatenated with both CSEs and
CCEs but the NCEs does not hurt the accuracy
as well. A possible reason is that the CSEs and
CCEs largely contain the information in NCEs4.
Observation #3. NWEs are significantly helpful
on top of contextual embeddings: Although mod-
els based on contextual embeddings have proved
to be stronger than models based on NWEs for
sequence labeling, concatenating NWEs with con-
textual embeddings can still improve the accuracy
significantly. The results imply that the contextual
embeddings contain more contextual information
over the input but lack static word information.

From these observations, we find that in most of
rich-resource and low-resource settings, concate-
nating all embeddings variants or all embeddings
variants except NCEs is the simplest choice for a
better sequence labeler.

3.3 Cross-domain Settings
Another concern for users is that we want to build
better sequence labelers not only in in-domain set-

4The observation is consistent with the observation of Ak-
bik et al. (2018), but we experimented on more languages and
tasks with the M-BERT embeddings.



3995

F F+W M M+W M+W+C M+F+W All
AVG. 46.3 48.6 47.4 48.4 48.7 49.9 50.4

Table 2: Cross-domain transfer from the Wikipedia do-
main to the news domain on the NER task.
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Figure 2: Importance of each embedding over the con-
catenation of All embeddings. The score percentage
represents the average score preserving only one kind
of embeddings divided by the score without masking.

tings but in out-of-domain settings as well. We con-
duct experiments in cross-domain settings to show
how the embedding concatenations impact the ac-
curacy when the distribution of training data and
test data are different. We evaluate our Wikipedia
NER models on CoNLL 2002/2003 NER (Tjong
Kim Sang, 2002; Tjong Kim Sang and De Meulder,
2003) datasets from the news domain. The results
(Table 2) are almost consistent with rich-resource
settings, suggesting that concatenating more em-
bedding variants results in better sequence labelers.

3.4 Importance of Embeddings

To study the effectiveness of concatenating embed-
dings from another perspective, we preserve only
one kind of embedding in All and mask out the
other embeddings as 0 to study how the models rely
upon each kind of embeddings. To avoid the impact
of embedding dimensions, we train the model by
linearly projecting each kind of embeddings into
the same dimension of 4096. The results (Figure
2) show that the accuracy of preserved embeddings
has a positive correlation with the results in Table
1. For example, M gets higher accuracy than other
embeddings in NER and Table 1 also shows that
the model with F performs inferior to the model
with M only. The models with concatenated em-
beddings almost do not rely on NCEs and relies
mostly on CSEs or CCEs depending on the task.
These results show that models with concatenated
embeddings can extract helpful information from
each kind of embeddings to improve accuracy.

EMBEDDINGS TASKS
M F W C B MF NER POS CHUNK

+En-BERT (English)
3 3 3 3 7 7 81.8 97.0 91.6
7 3 3 3 3 7 80.5 97.2 91.8
3 3 3 3 3 7 82.1 97.2 91.6

+M-Flair (All languages)
3 3 3 3 7 7 86.8 96.7 92.9
3 7 3 3 7 3 86.1 96.5 92.8
3 3 3 3 7 3 86.8 96.7 92.9

Table 3: Comparisons of the effectiveness for addition-
ally concatenating the same category of embeddings.
B represents the En-BERT embeddings and MF rep-
resents the M-Flair embeddings.

EMBEDDINGS TASKS
NER POS CHUNK

F+W 32.7 81.7 78.2
F+W+Proj. 33.2 82.3 79.0
All 27.5 80.4 76.1

Table 4: Comparisons of F+W, All, and F+W+proj
(F+W with linearly projecting the hidden size into the
hidden size of All) in three tasks with 10-sentence low-
resource settings. The accuracy is averaged over tasks.

3.5 On Concatenating Similar Embeddings

Since concatenating more embeddings variants
results in better sequence labelers, we addition-
ally concatenate multilingual Flair embeddings (M-
Flair) or English BERT embeddings (En-BERT)
with All embeddings to show whether concatenat-
ing the same category of embeddings can further
improve the accuracy. We evaluate the addition
of En-BERT on English and M-Flair on all lan-
guages in each task. The results are shown in Table
3. It can be seen that additionally concatenating
the same category of embeddings does not further
improve the accuracy in most cases except for con-
catenating En-BERT on English WikiAnn NER. A
possible reason is that the BERT models are trained
on the same domain as WikiAnn and hence the in-
ductive biases of BERT embeddings help improve
the accuracy.

We also find that concatenating En-BERT with
All only improves the accuracy of WikiAnn En-
glish NER. We think the possible reason for the
improvement is that the BERT and the training
data have the same domain of Wikipedia. We con-
duct the same concatenation on the CoNLL English
NER dataset for comparison. The results in Table
7 show that concatenating En-BERT with All does
not further improve the accuracy on CoNLL En-
glish NER.
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EMBEDDINGS TASKS
M F W C B NER POS CHUNK

LOW-RESOURCE: 10 SENTENCES
1. 7 3 3 7 7 35.5±1.4 80.2±0.1 73.3±0.6
2. 3 3 3 3 7 25.4±0.8 77.9±0.2 70.8±0.5
3. 7 3 3 3 3 29.3±0.8 79.6±0.2 67.9±0.5

LOW-RESOURCE: 50 SENTENCES
1. 7 3 3 7 7 48.6±0.3 88.8±0.0 82.2±0.0
2. 3 3 3 3 7 48.5±0.4 87.5±0.1 80.3±0.3
3. 7 3 3 3 3 43.4±0.9 88.9±0.0 78.8±0.1

LOW-RESOURCE: 100 SENTENCES
1. 7 3 3 7 7 54.8±0.5 90.6±0.1 83.7±0.0
2. 3 3 3 3 7 56.8±0.1 90.3±0.0 82.4±0.0
3. 7 3 3 3 3 50.2±0.5 91.4±0.1 82.9±0.1

LOW-RESOURCE: 500 SENTENCES
1. 7 3 3 7 7 68.3±0.2 92.8±0.0 86.8±0.0
2. 3 3 3 3 7 69.1±0.2 93.0±0.1 86.7±0.1
3. 7 3 3 3 3 67.3±0.1 93.9±0.1 86.9±0.0

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 3 7 7 72.0±0.1 94.0±0.1 87.1±0.1
2. 3 3 3 3 7 75.2±0.3 94.4±0.1 87.1±0.2
3. 7 3 3 3 3 70.8±0.1 95.0±0.0 87.6±0.1

RICH-RESOURCE
1. 7 3 3 7 7 79.9±0.3 96.7±0.0 91.7±0.1
2. 3 3 3 3 7 81.7±0.2 97.0±0.1 91.6±0.1
3. 7 3 3 3 3 80.5±0.2 97.2±0.0 91.8±0.1

Table 5: Comparisons of using English BERT instead
of M-BERT in English datasets. B represents the En-
BERT embeddings. We also provide the concatenation
of Flair and pretrained word embeddings for reference.

EMBEDDINGS TASKS
NER POS CHUNK

All 86.8 96.7 92.9
All+50d Proj. 83.8 96.3 92.0
All+1024d Proj. 84.8 96.5 92.2
All+4096d Proj. 85.1 96.5 92.2

Table 6: Comparisons of All with different linear pro-
jection size in three tasks with rich-resource settings.
The accuracy is averaged over tasks.

3.6 English BERT vs. M-BERT

We use English BERT embeddings instead of M-
BERT embeddings to see whether the language-
specific CSEs impact the observations. The results
(Table 5) show that our observations do not change
in both rich-resource and low-resource settings. Us-
ing a language-specific BERT embedding can even
get better sequence labelers for the POS tagging
and chunking tasks in rich-resource settings.

3.7 Hidden Sizes and Accuracy

In low-resource settings with 10 sentences, we find
that models with All perform inferior to the models
with F+W. One possible concern is that whether
the larger hidden size of All introduces more param-
eters in the model and makes the model over-fits

EMBEDDINGS TASK
M F W C B ENGLISH NER
3 3 3 3 7 92.1±0.1
7 3 3 3 3 92.0±0.1
3 3 3 3 3 92.1±0.1

Table 7: Comparisons of concatenating En-BERT with
All on CoNLL NER. B represents the En-BERT.

the training set. We linearly project the hidden
size of F+W (4396) to the same hidden size as All
(5214). Table 4 shows that with linear projection,
F+W performs even better. Therefore, the cause
for over-fitting is not the inferior accuracy of All
but possibly the sample inefficiency for CSEs.

Another concern is whether we can project each
embedding to a larger hidden size to improve the
accuracy. Since we try a projection to 4096 for each
embedding in F+W+proj (Section 3.4), we further
project each embedding variants to see how the pro-
jection affect the accuracy in rich-resource settings.
The results (Table 6) show that the linear projec-
tion for each embedding significantly decreases the
accuracy of the models.

From the two experiments, we find that the hid-
den sizes of concatenated embeddings do not im-
pact the observations.

4 Conclusion

In this paper, we analyze how to get a better se-
quence labeler by concatenating various kinds of
embeddings. We make several empirical observa-
tions that we hope can guide future work to build
better sequence labelers: (1) in most settings, con-
catenating more embedding variants leads to better
results, while in extremely low-resource settings,
only using CSEs and NWEs performs better; (2)
NCEs become less effective when concatenated
with contextual embeddings, while NWEs are still
beneficial; (3) neural models can automatically
learn which embeddings are beneficial to the task;
(4) additionally concatenating similar contextual
embeddings with the best concatenations from (1)
cannot further improve the accuracy in most cases.
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âĂŹ01, page 282âĂŞ289, San Francisco, CA, USA.
Morgan Kaufmann Publishers Inc.

Guillaume Lample, Miguel Ballesteros, Sandeep Sub-
ramanian, Kazuya Kawakami, and Chris Dyer. 2016.
Neural architectures for named entity recognition.
In Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,

pages 260–270, San Diego, California. Association
for Computational Linguistics.

Liyuan Liu, Jingbo Shang, Xiang Ren,
Frank Fangzheng Xu, Huan Gui, Jian Peng,
and Jiawei Han. 2018. Empower sequence la-
beling with task-aware neural language model.
In Thirty-Second AAAI Conference on Artificial
Intelligence.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Xuezhe Ma and Eduard Hovy. 2016. End-to-end
sequence labeling via bi-directional LSTM-CNNs-
CRF. In Proceedings of the 54th Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 1064–1074, Berlin, Ger-
many. Association for Computational Linguistics.

Louis Martin, Benjamin Muller, Pedro Javier Ortiz
Suárez, Yoann Dupont, Laurent Romary, Éric Ville-
monte de la Clergerie, Djamé Seddah, and Benoît
Sagot. 2019. Camembert: a tasty french language
model. arXiv preprint arXiv:1911.03894.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Cor-
rado, and Jeff Dean. 2013. Distributed representa-
tions of words and phrases and their compositional-
ity. In Advances in neural information processing
systems, pages 3111–3119.

Joakim Nivre, Marie-Catherine de Marneffe, Filip Gin-
ter, Yoav Goldberg, Jan Hajič, Christopher D. Man-
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A Appendix

In this appendix, we use ISO 639-1 codes5 to rep-
resent each language for simplification.

A.1 Settings

Datasets We use the following datasets for ex-
periments:

• Named Entity Recognition (NER): We use
WikiAnn6 (Pan et al., 2017) datasets and
CoNLL 2002/2003 NER7 (Tjong Kim Sang,
2002; Tjong Kim Sang and De Meulder, 2003)
datasets for experiments. The WikiAnn
datasets contain silver standard NER tags
over 282 languages. We select 8 languages
from the dataset. We randomly choose
5000 sentences from the dataset for each
language except English with 12000 sen-
tences. We split the dataset by 3:1:1 for train-
ing/development/test. We use the standard
training/development/test split for the CoNLL
NER experiments.

• Part-Of-Speech (POS) tagging: We use uni-
versal POS tagging annotations in the Univer-
sal Dependencies (UD) (Nivre et al., 2016)
datasets8. We choose one treebank for each
language from the same 8 languages that are
used in the WikiAnn experiments. The list of
treebank are shown in Table 8. We use the

5https://en.wikipedia.org/wiki/List_of_ISO_639-1_codes
6https://elisa-ie.github.io/wikiann/
7https://www.clips.uantwerpen.be/conll2003/ner/
8https://lindat.mff.cuni.cz/repository/xmlui/handle/

11234/1-2837
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official train/development/test split for experi-
ments.

• Chunking: We use the chunking datasets
from the CoNLL 2003 shared task (Tjong
Kim Sang and De Meulder, 2003), which con-
tain two languages for chunking. We use the
official train/development/test split for experi-
ments.

Model Configuration and Running For the em-
beddings, the hidden sizes for fastText and Flair
embeddings9 are 300 and 4096, respectively. The
dimension of character embeddings is set to 5010

following previous work (Lample et al., 2016). For
M-BERT embeddings, we use the cased version
that is trained on 104 languages for all datasets. We
use the official release of bert-base-cased model in
the experiments for English BERT. The word em-
beddings are fine-tuned and character embeddings
are trained for tasks while the Flair and BERT em-
beddings are fixed. Our codes are mainly based
on the official release of Flair11 which is based
on PyTorch v1.1.0 (Paszke et al., 2019). We run
our experiments on a GPU server with NVIDIA
Tesla V100 GPU. For model training, we set the
mini-batch size to 2,000 tokens for better GPU uti-
lization. Following the official release of Flair, we
use an SGD optimizer with a learning rate of 0.1
for training all models and set the hidden size of
BiLSTM to 256. We anneal the learning rate by 0.5
if there is no improvement on the development sets
for 10 and 100 epochs when training rich-resource
and low-resource datasets respectively. We fix
these hyper-parameters for all experiments because
we find that tuning these hyper-parameters does not
impact the observation and usually results in lower
accuracy. We average over 5 runs for each experi-
ment and report the macro-average score over all
languages for each task.

Pre-processing and Evaluation We evaluate
the NER and chunking by the F1 score and POS
tagging by the accuracy. We use the evaluation
script in the official release of Flair. We convert the
BIO format into BIOES format for all NER and
chunking datasets.

9Details of Flair embeddings https://github.com/flairNLP/
flair/blob/master/resources/docs/embeddings/FLAIR_
EMBEDDINGS.md

10We did not observe further gains when increasing the
dimension size.

11https://github.com/flairNLP/flair

Language Treebank
ar PADT
cs FicTree
de GSD
en EWT
es GSD
fr Sequoia
nl LassySmall
ta TTB

Table 8: The list of treebank that we used in UD POS
tagging.

A.2 Detailed Results
For the models using the CRF layer, similar to the
main paper, we plot our results in the rich-resource
and low-resource settings in Figure 3. The figures
have similar trends as the MaxEnt models, showing
that output structures do not impact the observa-
tions.

Table 10 shows the importance of each kind of
embeddings for each language and task (Section
3.4 in the main paper). Table 11, 13 and 15 show av-
erage scores over each language for each task in the
rich-resource and low-resource settings (Section
3.2). Table 12, 14 and 16 show average scores over
each language for each task in the rich-resource and
low-resource settings. Table 9 shows the average
scores for each language in our cross-domain ex-
periments (Section 3.3). Table 17 show the detailed
comparison for additionally concatenating M-Flair
embeddings with All for all datasets (Section 3.5).

https://github.com/flairNLP/flair/blob/master/resources/docs/embeddings/FLAIR_EMBEDDINGS.md
https://github.com/flairNLP/flair/blob/master/resources/docs/embeddings/FLAIR_EMBEDDINGS.md
https://github.com/flairNLP/flair/blob/master/resources/docs/embeddings/FLAIR_EMBEDDINGS.md
https://github.com/flairNLP/flair
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Figure 3: Relative score improvements against models with M-BERT embeddings for three tasks. Models are
equipped with the CRF layer.

EMBEDDINGS MaxEnt models on WikiAnn NER
M F W C de en es nl avg

1. 7 3 7 7 41.0±0.7 46.9±1.4 47.4±1.7 49.8±0.6 46.3
2. 7 3 3 7 43.2±0.6 48.1±1.0 50.1±0.3 52.9±0.3 48.6
3. 3 7 7 7 45.2±0.9 49.2±0.7 45.2±2.8 49.9±0.7 47.4
4. 3 7 3 7 43.5±0.1 50.9±0.7 46.9±1.3 52.5±0.6 48.4
5. 3 7 3 3 44.4±1.2 50.6±0.6 47.1±0.1 52.9±0.6 48.7
6. 3 3 3 7 46.7±0.4 51.1±0.7 48.0±2.1 53.9±0.9 49.9
7. 3 3 3 3 46.6±0.4 52.3±0.5 47.9±0.3 54.7±0.3 50.4

Table 9: Detailed results of cross-domain transfer from the Wikipedia domain to the news domain on the NER task.
We use the ISO 639 language code to represent each language.

M-BERT Flair Word Char All
WikiAnn NER

ar 53.0±1.4 43.7±1.1 44.9±2.6 0.0±0.0 82.6±0.1
cs 71.6±0.4 54.5±2.4 45.9±2.1 0.0±0.0 88.0±0.1
de 67.0±0.8 58.1±2.5 33.6±1.9 0.0±0.0 85.6±0.2
en 67.7±0.9 46.5±0.9 22.8±0.5 0.0±0.0 88.4±0.7
es 74.9±1.0 54.6±2.5 35.0±2.0 0.0±0.0 79.9±0.6
fr 75.9±1.5 48.0±1.3 35.2±3.9 0.0±0.0 84.2±0.1
nl 63.4±3.7 59.0±1.6 40.3±0.9 0.0±0.0 86.7±0.4
ta 41.3±0.9 51.5±1.5 43.5±1.4 0.0±0.0 83.4±0.2
Avg. 64.3 52.0 37.6 0.0 84.8

UD POS tagging
ar 84.5±1.7 88.3±0.7 79.3±0.6 27.4±0.9 92.0±0.6
cs 84.0±0.6 90.8±0.1 68.5±0.6 25.6±3.2 96.5±0.1
de 78.3±2.9 88.3±0.2 71.3±0.8 26.3±3.6 98.8±0.0
en 85.1±0.9 85.8±0.2 65.3±1.8 32.5±1.1 97.2±0.0
es 83.2±1.6 92.4±0.5 80.9±1.6 20.4±5.9 96.6±0.0
fr 92.6±0.7 85.2±0.6 63.7±0.2 15.8±3.0 95.2±0.0
nl 80.9±0.3 89.9±0.1 70.9±1.9 18.9±1.7 98.7±0.0
ta 76.8±1.8 76.6±0.3 62.0±0.0 33.1±4.8 96.7±0.0
Avg. 83.2 87.2 70.2 25.0 96.5

Chunking
de 66.3±4.0 90.2±0.3 52.9±2.9 28.0±0.5 93.5±0.1
en 46.6±2.1 73.0±0.8 70.7±0.6 19.8±0.3 90.8±0.1
Avg. 56.4 81.6 61.8 23.9 92.2

Table 10: Detailed results on importance of embed-
dings for each language.
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EMBEDDINGS MaxEnt models on WikiAnn NER
M F W C ar cs de en es fr nl ta Avg.

LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 33.6±1.3 36.9±1.5 25.5±0.8 35.8±1.2 34.4±2.0 39.4±2.0 26.2±1.7 20.6±0.7 31.5
2. 7 3 3 7 34.4±1.4 40.5±1.4 26.0±0.4 35.5±1.4 33.9±3.1 41.6±0.2 28.6±1.9 20.8±1.1 32.7
3. 3 7 7 7 29.6±2.4 31.0±0.9 13.8±1.9 23.2±1.7 23.2±1.5 24.6±2.3 16.2±1.5 17.5±0.8 22.4
4. 3 7 3 7 28.8±1.9 32.2±0.9 15.7±1.6 22.1±0.6 23.1±1.0 24.2±2.5 20.0±2.9 18.6±0.7 23.1
5. 3 7 3 3 27.8±0.6 32.1±1.5 15.8±2.2 23.1±0.5 23.9±1.3 26.3±2.3 19.2±1.8 18.6±0.4 23.4
6. 3 3 3 7 29.6±1.9 34.8±0.5 22.3±0.9 26.4±0.9 25.2±1.0 29.8±1.5 29.5±2.1 20.7±0.6 27.3
7. 3 3 3 3 30.3±3.0 34.5±0.6 23.0±1.4 25.4±0.8 25.3±1.3 30.8±1.3 30.6±3.2 20.5±0.5 27.5

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 47.6±1.0 54.6±1.9 52.7±1.4 47.3±0.3 54.8±0.8 54.5±0.5 49.2±0.6 45.3±0.6 50.8
2. 7 3 3 7 49.8±0.8 58.0±0.4 55.7±1.0 48.6±0.3 54.2±1.6 54.0±1.1 49.7±0.9 44.5±0.6 51.8
3. 3 7 7 7 40.7±1.3 52.8±2.1 42.1±1.6 45.4±0.6 42.7±2.6 49.0±1.3 46.4±2.0 31.9±1.4 43.9
4. 3 7 3 7 44.3±1.2 54.6±0.4 46.6±2.3 46.9±0.5 45.8±1.2 49.2±1.2 46.7±1.3 33.6±1.1 46.0
5. 3 7 3 3 44.1±0.6 55.7±0.9 47.0±4.1 47.1±0.6 44.9±2.0 49.1±1.2 47.6±1.5 35.4±1.1 46.4
6. 3 3 3 7 49.4±1.7 58.0±1.3 50.1±1.1 48.5±0.1 50.4±1.0 53.4±1.3 52.5±0.9 42.5±2.6 50.6
7. 3 3 3 3 48.3±1.4 58.0±1.2 49.6±1.3 48.5±0.4 51.0±1.5 52.4±0.9 51.9±0.5 44.3±2.3 50.5

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 56.5±0.7 57.8±0.8 55.0±1.9 52.3±0.3 66.1±0.9 56.8±2.8 55.4±1.0 50.6±0.8 56.3
2. 7 3 3 7 58.7±1.2 61.9±1.0 56.9±1.1 54.8±0.5 67.0±1.0 60.5±0.7 57.9±1.3 54.6±1.3 59.0
3. 3 7 7 7 47.6±3.0 57.7±3.8 49.7±3.7 54.9±0.5 59.2±1.2 57.5±0.9 54.9±1.0 42.3±3.9 53.0
4. 3 7 3 7 51.0±3.2 59.8±0.8 52.3±1.3 56.0±0.3 60.0±1.6 58.4±0.4 59.0±3.1 48.8±4.0 55.7
5. 3 7 3 3 51.2±2.9 61.1±0.9 52.8±1.7 55.9±0.7 61.0±0.9 60.4±2.2 57.3±2.2 46.6±1.6 55.8
6. 3 3 3 7 57.4±1.5 64.3±1.7 55.3±1.0 57.0±0.4 65.7±2.3 62.2±0.7 61.3±0.7 53.2±1.3 59.6
7. 3 3 3 3 58.2±1.1 62.8±1.0 54.4±1.5 56.8±0.1 66.0±0.3 62.7±0.7 61.8±1.3 53.7±0.6 59.5

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 69.2±0.8 77.2±1.1 72.1±0.7 65.6±0.3 77.6±0.6 73.6±0.4 74.6±1.5 61.9±1.1 71.5
2. 7 3 3 7 73.2±0.7 78.6±1.3 72.9±1.0 68.3±0.2 78.2±1.3 75.1±1.1 75.0±1.3 66.1±1.2 73.4
3. 3 7 7 7 67.3±1.0 77.0±0.5 71.8±1.0 67.7±0.2 77.6±0.7 76.7±0.9 75.5±1.7 64.9±1.3 72.3
4. 3 7 3 7 72.0±0.3 78.6±0.8 75.2±1.7 68.3±0.0 78.6±1.5 77.7±1.1 78.0±0.9 70.8±1.0 74.9
5. 3 7 3 3 72.1±0.9 78.5±0.8 74.7±0.6 68.1±0.2 78.5±1.3 79.4±0.1 78.2±1.4 70.4±1.3 75.0
6. 3 3 3 7 72.9±0.7 79.0±0.4 76.2±0.4 69.7±0.2 82.0±0.4 80.5±0.4 78.0±0.6 71.0±0.8 76.2
7. 3 3 3 3 72.9±0.7 79.9±1.0 76.3±0.5 69.1±0.2 82.0±0.5 80.5±0.6 78.0±1.8 70.8±0.5 76.2

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 74.7±0.6 80.2±0.4 75.6±0.6 68.9±0.0 82.9±0.4 75.9±0.8 80.1±0.7 73.8±0.4 76.5
2. 7 3 3 7 77.8±0.2 82.6±0.5 77.2±0.4 72.0±0.1 84.0±0.3 78.4±1.0 83.3±0.5 75.7±0.7 78.9
3. 3 7 7 7 73.6±0.4 81.7±0.4 77.3±0.2 72.2±0.1 84.8±0.6 82.2±0.9 81.4±0.4 71.2±0.8 78.0
4. 3 7 3 7 77.0±0.2 83.3±0.4 78.7±0.6 73.4±0.5 85.2±0.8 83.1±0.4 84.2±0.6 76.3±0.7 80.2
5. 3 7 3 3 77.9±0.6 83.3±0.7 78.9±0.3 73.6±0.0 84.6±0.8 82.3±0.9 84.2±0.7 76.0±0.1 80.1
6. 3 3 3 7 78.3±0.3 84.0±0.4 79.8±0.5 75.3±0.3 86.3±0.4 83.3±0.6 85.0±1.0 78.2±0.5 81.3
7. 3 3 3 3 78.4±0.6 83.8±0.3 79.8±0.3 75.2±0.3 86.4±0.2 83.6±0.3 84.5±0.6 77.9±0.5 81.2

RICH-RESOURCE
1. 7 3 7 7 81.0±0.5 83.0±2.5 80.4±0.5 76.9±0.1 86.2±0.4 81.8±0.6 85.7±0.5 82.3±0.5 82.2
2. 7 3 3 7 84.5±0.3 86.9±0.6 81.8±0.4 79.9±0.3 88.4±0.5 83.8±0.3 88.2±0.5 83.5±0.6 84.6
3. 3 7 7 7 79.4±0.4 86.2±0.4 83.1±0.3 79.6±0.4 87.5±0.8 86.9±0.4 87.8±0.6 79.5±0.4 83.7
4. 3 7 3 7 83.2±0.4 87.1±0.6 84.2±0.3 80.3±0.6 88.4±0.5 87.4±0.3 89.3±0.4 83.8±0.4 85.5
5. 3 7 3 3 83.2±0.8 87.4±0.3 83.9±0.2 81.0±0.1 88.2±0.4 87.5±0.3 89.2±0.4 83.7±0.6 85.5
6. 3 3 3 7 84.2±0.5 88.8±0.5 85.4±0.5 81.8±0.1 90.4±0.4 88.1±0.5 90.4±0.3 85.4±0.3 86.8
7. 3 3 3 3 84.6±0.2 88.4±0.2 85.5±0.3 81.8±0.2 90.6±0.2 88.4±0.5 90.1±0.3 85.5±0.3 86.8

Table 11: Averaged F1 scores over 8 languages for WikiAnn NER.
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EMBEDDINGS CRF models on WikiAnn NER
M F W C ar cs de en es fr nl ta Avg.

LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 31.0±5.2 38.6±1.1 23.5±0.7 35.1±2.2 37.6±3.6 41.2±2.2 27.4±3.4 19.6±1.1 31.8
2. 7 3 3 7 32.0±3.3 38.9±4.6 24.1±1.3 33.3±0.5 31.7±2.0 43.1±4.5 30.4±3.9 19.6±3.7 31.6
3. 3 7 7 7 31.5±4.7 30.0±2.8 12.5±4.9 23.1±1.0 23.5±5.2 24.7±3.2 18.3±2.7 17.8±1.0 22.7
4. 3 7 3 7 28.4±3.2 30.9±1.9 14.2±1.3 21.3±2.9 21.5±1.9 25.4±3.4 12.5±8.0 18.5±1.0 21.6
5. 3 7 3 3 30.9±1.8 32.8±2.2 11.0±5.7 19.7±1.4 24.7±1.4 28.1±0.3 19.3±3.8 18.8±1.3 23.2
6. 3 3 3 7 29.3±1.4 33.0±2.5 20.9±1.5 22.4±0.8 23.8±2.0 28.5±1.9 26.5±4.6 21.7±1.7 25.7
7. 3 3 3 3 30.0±2.4 32.2±1.6 22.2±2.2 22.1±0.0 23.1±1.9 30.0±3.6 28.5±2.1 19.2±2.0 25.9

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 49.6±2.0 55.0±1.3 54.3±0.6 43.8±1.7 55.3±2.7 57.6±1.0 53.9±1.3 45.4±2.7 51.9
2. 7 3 3 7 51.3±4.6 58.6±1.8 52.8±1.0 45.1±0.3 55.9±1.7 55.6±2.1 55.2±1.3 46.1±2.2 52.6
3. 3 7 7 7 45.5±2.7 55.3±3.3 42.2±3.0 44.4±0.4 44.7±2.7 52.3±1.7 47.0±3.7 32.8±5.2 45.5
4. 3 7 3 7 45.9±1.2 54.6±1.3 45.3±2.6 40.6±2.6 45.5±2.1 51.4±2.2 47.7±1.2 37.5±3.4 46.1
5. 3 7 3 3 44.1±4.4 54.8±1.7 47.0±3.5 40.9±1.3 47.1±2.4 50.8±2.7 46.8±3.0 34.9±7.3 45.8
6. 3 3 3 7 48.2±4.7 57.9±2.3 51.6±1.8 41.7±0.5 51.0±2.7 53.7±3.1 51.3±2.0 42.6±2.8 49.8
7. 3 3 3 3 45.0±6.2 57.1±1.2 50.0±3.3 45.8±0.6 51.5±1.4 53.0±2.6 51.1±4.2 41.3±3.2 49.4

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 55.6±3.0 62.8±0.9 59.3±1.3 52.5±1.7 66.2±1.6 62.7±2.1 58.9±2.5 52.4±1.2 58.8
2. 7 3 3 7 60.7±1.9 63.1±0.6 58.2±1.9 50.5±1.1 66.7±1.7 66.1±0.8 61.6±0.8 56.6±1.3 60.4
3. 3 7 7 7 55.1±3.1 59.5±2.1 47.9±3.3 52.6±3.4 61.2±1.4 59.9±3.0 56.4±4.4 45.9±0.9 54.8
4. 3 7 3 7 53.9±1.5 61.7±2.4 51.1±2.5 51.4±0.9 62.9±1.8 62.5±0.5 60.9±1.2 49.8±2.3 56.8
5. 3 7 3 3 53.5±2.8 62.8±2.3 52.2±2.1 52.8±1.3 61.9±2.6 61.6±1.8 57.9±4.2 48.7±4.0 56.4
6. 3 3 3 7 58.4±2.2 65.0±1.0 55.5±3.0 52.6±2.5 66.3±1.6 62.6±1.4 64.7±1.2 53.4±1.3 59.8
7. 3 3 3 3 59.1±2.1 63.0±2.4 54.5±2.4 52.0±2.9 63.9±1.5 64.1±1.7 61.2±1.3 51.0±2.1 58.6

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 69.3±0.7 78.0±0.8 73.0±1.9 65.3±0.7 80.4±0.7 76.0±0.5 76.2±0.8 66.8±0.8 73.1
2. 7 3 3 7 73.0±2.0 79.5±0.8 74.2±0.6 67.4±0.6 81.1±0.9 77.8±0.8 77.4±0.4 69.2±1.1 75.0
3. 3 7 7 7 70.2±1.0 77.7±0.9 73.1±1.2 67.5±0.9 80.8±1.1 79.0±1.2 76.1±0.7 67.3±0.7 74.0
4. 3 7 3 7 74.1±1.0 79.1±0.3 76.3±0.6 67.5±0.3 80.7±0.6 80.0±0.3 79.3±1.5 71.6±0.6 76.1
5. 3 7 3 3 73.6±0.5 78.5±1.2 75.5±1.0 68.1±0.5 81.5±1.2 80.3±0.8 78.9±1.5 72.1±0.4 76.1
6. 3 3 3 7 74.5±0.4 80.3±0.6 76.7±0.6 70.3±1.2 82.6±0.4 81.5±0.9 80.5±1.0 72.9±0.9 77.4
7. 3 3 3 3 74.2±0.7 80.2±1.0 75.8±1.0 69.4±0.1 83.9±1.0 81.7±0.8 79.4±0.7 72.4±1.3 77.1

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 76.9±0.6 80.7±0.7 77.0±0.5 69.4±0.1 84.2±0.7 78.0±0.5 81.4±0.4 75.5±0.6 77.9
2. 7 3 3 7 79.4±0.3 83.6±0.7 77.8±0.5 70.9±0.4 85.7±0.4 81.0±0.4 83.4±0.3 77.3±0.8 79.9
3. 3 7 7 7 75.3±0.7 82.7±0.5 76.9±0.5 72.5±1.4 85.9±0.4 82.4±0.6 82.0±0.4 73.4±0.4 78.9
4. 3 7 3 7 79.2±0.5 84.4±0.8 79.7±0.8 73.3±0.5 86.7±0.4 83.8±0.5 84.0±0.6 78.5±0.6 81.2
5. 3 7 3 3 78.7±0.8 84.7±1.1 79.4±0.4 73.7±0.1 86.8±0.2 84.1±0.1 84.8±0.4 78.3±0.4 81.3
6. 3 3 3 7 79.6±0.7 85.0±0.7 80.8±0.4 74.4±0.7 87.4±0.7 84.5±0.6 85.6±0.8 79.3±0.7 82.1
7. 3 3 3 3 79.4±0.6 84.8±0.4 80.2±0.6 74.3±0.2 87.1±0.8 84.3±0.5 84.6±0.5 79.2±0.5 81.7

RICH-RESOURCE
1. 7 3 7 7 82.8±0.3 85.8±0.5 81.0±0.6 78.4±0.1 87.1±0.5 82.9±0.7 86.2±0.4 82.8±0.5 83.4
2. 7 3 3 7 85.2±0.5 87.9±0.2 83.0±0.1 81.1±0.2 89.0±0.4 85.8±0.4 88.8±0.4 84.6±0.3 85.7
3. 3 7 7 7 80.3±0.4 87.1±0.4 84.2±0.4 81.2±0.1 88.8±0.2 87.8±0.4 87.6±0.6 81.3±0.5 84.8
4. 3 7 3 7 84.2±0.3 88.0±0.3 84.7±0.3 82.3±0.3 89.1±0.4 87.9±0.4 89.7±0.6 84.9±0.2 86.3
5. 3 7 3 3 84.0±0.4 87.9±0.4 85.0±0.4 82.2±0.2 89.3±0.5 87.6±0.4 89.6±0.5 85.0±0.3 86.3
6. 3 3 3 7 85.1±0.4 89.6±0.0 85.5±0.6 82.9±0.1 90.6±0.3 88.6±0.4 90.8±0.1 86.1±0.4 87.4
7. 3 3 3 3 85.0±0.4 89.3±0.2 85.8±0.1 82.8±0.2 91.0±0.3 88.7±0.3 90.4±0.3 86.0±0.3 87.4

Table 12: Averaged F1 scores over 8 languages for WikiAnn NER with the CRF layer.
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LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 86.4±0.3 83.0±0.4 83.4±0.6 79.5±0.1 88.7±0.1 85.5±0.2 72.1±0.5 72.5±0.4 81.4
2. 7 3 3 7 87.1±0.1 82.5±0.2 83.1±0.3 80.2±0.1 88.8±0.1 86.2±0.2 72.1±0.6 73.2±0.2 81.7
3. 3 7 7 7 80.7±0.7 71.0±1.3 73.4±1.1 72.5±0.1 78.5±1.2 76.4±0.7 62.8±1.3 61.7±1.6 72.1
4. 3 7 3 7 82.4±0.9 74.4±0.8 75.1±0.9 73.7±0.1 80.2±0.9 78.5±0.5 65.0±0.9 65.0±1.4 74.3
5. 3 7 3 3 82.6±0.6 74.7±0.3 75.9±0.4 73.9±0.4 81.4±0.8 78.3±0.9 64.5±0.9 66.4±1.4 74.7
6. 3 3 3 7 86.6±0.2 80.8±0.2 81.8±0.2 77.9±0.0 86.9±0.4 82.6±0.7 72.1±0.8 73.5±0.7 80.3
7. 3 3 3 3 86.8±0.2 81.1±0.2 81.9±0.2 77.9±0.2 86.9±0.3 82.6±0.5 72.1±0.9 73.5±0.4 80.4

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 91.9±0.1 91.1±0.2 91.4±0.1 88.6±0.1 93.3±0.0 92.2±0.1 83.3±0.1 85.9±0.3 89.7
2. 7 3 3 7 92.3±0.1 91.6±0.1 91.3±0.2 88.8±0.0 93.6±0.1 92.3±0.1 84.0±0.2 86.7±0.3 90.1
3. 3 7 7 7 87.7±0.3 83.9±1.3 83.5±0.5 82.2±0.2 87.9±0.3 86.0±0.5 71.9±0.8 76.9±0.4 82.5
4. 3 7 3 7 89.3±0.3 86.3±0.4 85.5±0.8 83.9±0.1 89.5±0.7 88.1±0.5 75.1±1.0 81.0±0.7 84.8
5. 3 7 3 3 89.6±0.1 86.5±1.1 86.0±0.7 84.1±0.2 90.0±0.5 88.4±0.3 75.1±0.7 81.4±0.5 85.1
6. 3 3 3 7 91.6±0.1 91.1±0.3 90.8±0.2 87.5±0.2 92.5±0.3 91.7±0.1 82.7±0.1 87.0±0.2 89.3
7. 3 3 3 3 91.6±0.1 91.1±0.3 91.0±0.2 87.5±0.1 92.5±0.2 91.8±0.2 82.8±0.5 86.9±0.2 89.4

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 93.5±0.1 93.6±0.1 92.2±0.1 90.2±0.1 94.2±0.0 94.4±0.1 88.2±0.2 88.5±0.7 91.8
2. 7 3 3 7 93.7±0.1 93.9±0.1 92.2±0.0 90.6±0.1 94.6±0.1 94.5±0.2 89.1±0.1 89.3±0.1 92.2
3. 3 7 7 7 90.4±0.0 88.8±0.2 85.9±0.5 85.7±0.1 90.4±0.2 90.2±0.4 77.9±0.8 81.9±0.4 86.4
4. 3 7 3 7 91.8±0.1 90.6±0.2 87.5±0.3 87.4±0.1 92.1±0.3 91.7±0.3 81.0±1.7 85.7±0.4 88.5
5. 3 7 3 3 91.9±0.1 90.9±0.1 87.8±0.2 87.7±0.1 92.1±0.3 91.8±0.2 81.9±1.7 85.9±0.5 88.8
6. 3 3 3 7 93.6±0.1 93.6±0.1 92.0±0.3 90.4±0.1 94.3±0.2 94.3±0.3 87.8±0.2 89.7±0.2 92.0
7. 3 3 3 3 93.6±0.1 93.6±0.1 91.9±0.1 90.3±0.0 94.4±0.1 94.3±0.1 87.8±0.5 89.8±0.3 91.9

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 95.2±0.0 96.0±0.1 94.3±0.1 92.7±0.1 95.9±0.1 97.0±0.1 93.0±0.2 92.2±0.3 94.5
2. 7 3 3 7 95.3±0.0 96.3±0.1 94.4±0.0 92.8±0.0 96.0±0.0 97.4±0.1 93.2±0.2 92.3±0.6 94.7
3. 3 7 7 7 93.5±0.1 92.7±0.1 90.2±0.1 90.0±0.1 93.9±0.1 95.6±0.1 90.3±0.2 86.9±0.1 91.6
4. 3 7 3 7 94.5±0.1 94.7±0.1 91.5±0.1 91.8±0.1 95.1±0.1 96.7±0.1 91.6±0.1 89.9±0.2 93.2
5. 3 7 3 3 94.7±0.1 94.9±0.1 91.6±0.1 92.0±0.0 95.2±0.1 96.9±0.1 91.8±0.1 89.7±0.6 93.4
6. 3 3 3 7 95.5±0.1 96.1±0.1 94.0±0.1 93.0±0.0 96.1±0.1 97.5±0.0 93.4±0.1 92.6±0.4 94.8
7. 3 3 3 3 95.5±0.0 96.2±0.1 94.0±0.1 93.0±0.1 96.0±0.2 97.5±0.0 93.4±0.1 92.6±0.3 94.8

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 95.7±0.0 96.8±0.1 94.7±0.1 93.6±0.1 96.2±0.0 97.5±0.1 94.5±0.2 92.3±0.2 95.2
2. 7 3 3 7 95.8±0.0 97.0±0.1 94.6±0.1 94.0±0.1 96.3±0.1 98.0±0.0 94.8±0.0 92.4±0.2 95.4
3. 3 7 7 7 94.3±0.0 93.9±0.1 91.2±0.1 91.7±0.1 94.7±0.0 96.8±0.1 92.5±0.1 87.1±0.2 92.8
4. 3 7 3 7 95.1±0.1 95.8±0.0 92.5±0.1 93.4±0.0 96.0±0.1 97.6±0.0 94.0±0.1 89.7±0.3 94.3
5. 3 7 3 3 95.2±0.0 96.1±0.1 92.6±0.1 93.5±0.1 96.0±0.1 97.6±0.1 94.2±0.1 89.8±0.5 94.4
6. 3 3 3 7 95.9±0.0 97.0±0.1 94.6±0.1 94.4±0.1 96.6±0.1 98.2±0.1 95.0±0.0 92.9±0.2 95.6
7. 3 3 3 3 95.9±0.0 97.0±0.0 94.7±0.1 94.4±0.1 96.6±0.1 98.1±0.1 95.0±0.0 92.6±0.5 95.5

RICH-RESOURCE
1. 7 3 7 7 96.7±0.1 98.6±0.1 94.9±0.1 96.3±0.0 97.0±0.1 98.6±0.1 96.3±0.0 91.9±0.4 96.3
2. 7 3 3 7 96.9±0.0 98.6±0.0 95.0±0.1 96.7±0.0 97.1±0.1 98.9±0.0 96.7±0.0 92.4±0.5 96.5
3. 3 7 7 7 96.3±0.0 97.8±0.0 94.9±0.1 95.8±0.0 96.6±0.1 98.4±0.1 95.5±0.1 86.9±0.2 95.3
4. 3 7 3 7 96.7±0.0 98.6±0.1 95.2±0.1 96.6±0.0 97.0±0.1 98.9±0.0 96.2±0.1 89.9±0.3 96.1
5. 3 7 3 3 96.8±0.0 98.6±0.0 95.2±0.1 96.7±0.0 97.1±0.1 99.0±0.1 96.3±0.1 90.1±0.2 96.2
6. 3 3 3 7 96.9±0.0 98.8±0.0 95.3±0.1 97.0±0.1 97.3±0.0 99.1±0.1 96.7±0.1 92.6±0.4 96.7
7. 3 3 3 3 97.0±0.1 98.8±0.0 95.4±0.1 97.0±0.1 97.3±0.1 99.1±0.1 96.7±0.1 92.5±0.4 96.7

Table 13: Averaged accuracy scores over 8 languages for UD POS tagging.
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LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 85.5±0.3 81.6±0.8 82.9±0.2 77.1±0.0 87.9±0.3 84.9±0.7 70.7±0.7 71.5±0.8 80.2
2. 7 3 3 7 86.3±0.5 82.0±0.2 82.5±0.4 78.9±0.4 88.2±0.3 85.2±0.4 70.5±1.1 72.6±0.5 80.8
3. 3 7 7 7 79.7±1.2 72.3±0.4 72.6±1.0 69.0±0.3 78.8±0.6 76.7±0.5 62.5±1.4 62.3±0.8 71.7
4. 3 7 3 7 81.7±0.4 74.2±0.8 74.2±0.8 70.9±0.4 80.7±0.3 77.8±0.7 62.7±0.7 66.4±1.2 73.6
5. 3 7 3 3 82.0±0.5 74.0±0.8 73.9±0.8 70.6±1.9 81.0±0.4 78.5±0.5 63.6±1.2 66.4±1.2 73.7
6. 3 3 3 7 85.8±0.5 79.5±0.4 80.8±0.5 75.3±0.4 86.6±0.2 82.2±0.4 70.3±0.8 72.5±0.4 79.1
7. 3 3 3 3 85.9±0.4 80.0±0.1 80.5±0.7 74.7±0.1 86.4±0.4 82.4±0.9 70.7±0.3 72.8±0.5 79.2

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 91.7±0.2 90.5±0.1 90.9±0.3 87.6±0.2 93.0±0.1 91.6±0.3 81.8±0.7 85.6±0.5 89.1
2. 7 3 3 7 91.9±0.2 91.2±0.2 90.8±0.1 87.9±0.3 93.5±0.1 91.8±0.2 83.2±0.4 86.5±0.3 89.6
3. 3 7 7 7 87.4±0.4 84.2±0.7 83.6±0.2 80.1±0.4 88.3±0.5 86.4±0.4 72.6±0.3 76.1±0.7 82.3
4. 3 7 3 7 89.4±0.4 86.3±0.3 85.3±0.9 81.0±0.1 89.7±0.4 88.4±1.0 74.2±1.6 80.3±0.3 84.3
5. 3 7 3 3 89.4±0.4 86.6±0.6 85.0±0.6 81.5±0.6 89.6±0.3 88.1±0.5 75.1±0.6 80.7±0.6 84.5
6. 3 3 3 7 91.5±0.2 90.7±0.1 90.2±0.3 85.7±0.1 92.8±0.5 91.2±0.5 82.1±0.6 86.5±0.3 88.8
7. 3 3 3 3 91.5±0.1 90.7±0.5 90.3±0.3 85.3±0.1 92.4±0.2 91.9±0.6 82.5±0.2 86.0±0.7 88.8

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 93.3±0.1 93.5±0.2 92.0±0.3 89.8±0.1 94.0±0.1 94.2±0.2 87.4±0.3 88.3±0.4 91.6
2. 7 3 3 7 93.6±0.1 93.6±0.1 91.8±0.3 90.0±0.1 94.5±0.1 94.5±0.1 88.5±0.1 88.7±0.3 91.9
3. 3 7 7 7 90.2±0.2 88.4±0.1 85.2±0.3 84.6±0.2 90.5±0.2 90.0±0.3 78.0±0.7 80.8±0.3 86.0
4. 3 7 3 7 91.6±0.1 90.6±0.1 87.4±0.3 85.5±0.1 92.5±0.5 91.7±0.2 81.7±0.6 85.2±0.4 88.3
5. 3 7 3 3 91.8±0.1 91.1±0.5 87.4±0.4 86.1±0.1 92.2±0.1 92.1±0.8 81.2±1.1 85.5±0.2 88.4
6. 3 3 3 7 93.5±0.2 93.7±0.3 91.4±0.2 89.4±0.6 94.3±0.2 94.2±0.2 86.9±0.3 89.6±0.4 91.6
7. 3 3 3 3 93.6±0.1 93.7±0.3 91.7±0.2 89.3±0.6 94.4±0.1 94.3±0.3 87.0±0.8 89.4±0.2 91.7

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 95.2±0.1 96.1±0.1 94.1±0.1 92.6±0.1 95.9±0.0 97.0±0.1 92.8±0.2 91.9±0.4 94.4
2. 7 3 3 7 95.3±0.1 96.3±0.1 94.3±0.1 92.6±0.1 95.9±0.1 97.2±0.1 93.3±0.1 92.5±0.2 94.7
3. 3 7 7 7 93.4±0.1 92.6±0.0 89.6±0.2 89.7±0.0 93.8±0.2 95.5±0.1 89.5±0.2 86.5±0.2 91.3
4. 3 7 3 7 94.5±0.2 94.7±0.2 91.4±0.1 91.0±0.0 95.1±0.1 96.7±0.0 91.3±0.2 89.9±0.3 93.1
5. 3 7 3 3 94.8±0.1 95.0±0.2 91.5±0.1 91.1±0.1 95.2±0.1 97.0±0.1 91.6±0.1 90.0±0.4 93.3
6. 3 3 3 7 95.5±0.0 96.2±0.1 93.8±0.1 92.7±0.1 95.9±0.2 97.5±0.1 93.3±0.1 92.3±0.2 94.7
7. 3 3 3 3 95.5±0.1 96.1±0.1 93.9±0.1 92.8±0.1 96.2±0.1 97.4±0.1 93.3±0.2 92.7±0.2 94.7

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 95.6±0.0 96.8±0.0 94.6±0.1 93.5±0.1 96.3±0.1 97.5±0.1 94.5±0.1 92.0±0.5 95.1
2. 7 3 3 7 95.8±0.1 96.9±0.0 94.5±0.0 93.8±0.1 96.3±0.1 97.9±0.1 94.8±0.1 91.9±0.4 95.2
3. 3 7 7 7 94.2±0.1 93.9±0.1 90.9±0.2 91.4±0.0 94.7±0.1 96.7±0.2 92.5±0.1 86.4±0.3 92.6
4. 3 7 3 7 95.1±0.0 95.9±0.1 92.3±0.1 92.8±0.0 95.9±0.2 97.6±0.2 93.9±0.1 89.7±0.4 94.2
5. 3 7 3 3 95.2±0.1 96.1±0.1 92.5±0.2 93.3±0.1 96.1±0.1 97.5±0.1 94.0±0.1 89.8±0.4 94.3
6. 3 3 3 7 95.9±0.0 96.9±0.1 94.4±0.2 94.2±0.2 96.5±0.1 98.1±0.1 95.0±0.1 92.7±0.2 95.5
7. 3 3 3 3 95.9±0.1 97.0±0.0 94.5±0.1 94.1±0.1 96.5±0.0 98.1±0.1 95.0±0.1 92.5±0.3 95.5

RICH-RESOURCE
1. 7 3 7 7 96.7±0.0 98.6±0.0 95.0±0.1 96.4±0.1 97.0±0.0 98.5±0.1 96.3±0.0 92.1±0.5 96.3
2. 7 3 3 7 96.9±0.0 98.7±0.0 95.0±0.1 96.7±0.1 97.1±0.0 98.9±0.0 96.6±0.0 92.4±0.4 96.5
3. 3 7 7 7 96.3±0.0 97.8±0.0 94.9±0.0 95.8±0.1 96.6±0.1 98.4±0.1 95.4±0.1 86.7±0.3 95.2
4. 3 7 3 7 96.7±0.0 98.6±0.0 95.3±0.1 96.6±0.1 97.0±0.1 99.0±0.0 96.2±0.1 89.8±0.3 96.1
5. 3 7 3 3 96.8±0.1 98.6±0.0 95.1±0.0 96.7±0.0 97.0±0.1 99.0±0.1 96.3±0.1 90.0±0.6 96.2
6. 3 3 3 7 97.0±0.0 98.8±0.0 95.4±0.1 97.0±0.0 97.3±0.1 99.1±0.1 96.7±0.1 92.7±0.3 96.7
7. 3 3 3 3 97.0±0.0 98.8±0.0 95.4±0.1 97.1±0.0 97.3±0.1 99.1±0.0 96.7±0.1 92.6±0.1 96.7

Table 14: Averaged accuracy scores over 8 languages for UD POS tagging with the CRF layer.
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LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 83.3±0.6 71.8±0.3 77.6
2. 7 3 3 7 83.2±0.6 73.3±0.6 78.2
3. 3 7 7 7 64.9±1.1 65.1±1.0 65.0
4. 3 7 3 7 66.3±3.0 67.7±0.6 67.0
5. 3 7 3 3 66.5±1.8 67.0±0.3 66.7
6. 3 3 3 7 81.3±1.6 70.6±0.1 75.9
7. 3 3 3 3 81.4±0.9 70.8±0.5 76.1

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 87.9±0.3 80.6±0.7 84.3
2. 7 3 3 7 87.6±0.4 82.2±0.0 84.9
3. 3 7 7 7 80.5±1.3 74.1±0.2 77.3
4. 3 7 3 7 80.6±0.8 76.8±0.2 78.7
5. 3 7 3 3 81.3±0.5 76.2±0.3 78.7
6. 3 3 3 7 86.2±0.7 80.3±0.3 83.2
7. 3 3 3 3 86.0±1.0 80.3±0.3 83.1

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 88.8±0.3 82.7±0.0 85.8
2. 7 3 3 7 88.8±0.4 83.7±0.0 86.3
3. 3 7 7 7 84.2±0.4 75.7±0.4 79.9
4. 3 7 3 7 84.9±0.5 79.1±0.4 82.0
5. 3 7 3 3 85.0±0.4 79.3±0.2 82.2
6. 3 3 3 7 88.3±0.4 82.3±0.2 85.3
7. 3 3 3 3 88.4±0.3 82.4±0.0 85.4

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 91.3±0.1 86.2±0.2 88.7
2. 7 3 3 7 91.2±0.1 86.8±0.0 89.0
3. 3 7 7 7 89.7±0.1 82.7±0.1 86.2
4. 3 7 3 7 90.5±0.1 84.9±0.2 87.7
5. 3 7 3 3 90.3±0.3 85.2±0.0 87.8
6. 3 3 3 7 91.4±0.1 86.6±0.0 89.0
7. 3 3 3 3 91.4±0.1 86.7±0.1 89.0

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 92.2±0.1 86.6±0.1 89.4
2. 7 3 3 7 92.1±0.1 87.1±0.1 89.6
3. 3 7 7 7 90.6±0.1 84.0±0.1 87.3
4. 3 7 3 7 91.4±0.1 85.7±0.1 88.6
5. 3 7 3 3 91.5±0.2 86.0±0.1 88.7
6. 3 3 3 7 92.2±0.1 87.1±0.1 89.6
7. 3 3 3 3 92.2±0.1 87.1±0.2 89.6

RICH-RESOURCE
1. 7 3 7 7 94.1±0.1 90.5±0.0 92.3
2. 7 3 3 7 94.2±0.1 91.7±0.1 92.9
3. 3 7 7 7 93.0±0.1 89.4±0.0 91.2
4. 3 7 3 7 93.6±0.1 91.3±0.1 92.5
5. 3 7 3 3 93.8±0.1 91.4±0.0 92.6
6. 3 3 3 7 94.0±0.1 91.7±0.0 92.9
7. 3 3 3 3 94.1±0.1 91.6±0.1 92.9

Table 15: Averaged F1 scores over 2 languages for
chunking.

EMBEDDINGS CRF models on chunking
M F W C de en Avg.

LOW-RESOURCE: 10 SENTENCES
1. 7 3 7 7 83.0±0.8 70.1±0.1 76.5
2. 7 3 3 7 82.6±1.1 70.5±0.1 76.5
3. 3 7 7 7 68.0±2.1 62.9±1.2 65.4
4. 3 7 3 7 71.2±1.8 62.1±0.6 66.6
5. 3 7 3 3 71.0±1.0 61.2±0.8 66.1
6. 3 3 3 7 81.2±0.9 64.9±3.2 73.0
7. 3 3 3 3 81.3±0.8 66.3±2.9 73.8

LOW-RESOURCE: 50 SENTENCES
1. 7 3 7 7 88.0±0.4 79.9±0.2 84.0
2. 7 3 3 7 87.9±0.3 80.9±0.4 84.4
3. 3 7 7 7 80.8±0.8 68.7±0.7 74.8
4. 3 7 3 7 82.8±1.2 71.1±1.1 76.9
5. 3 7 3 3 83.0±1.5 71.4±1.1 77.2
6. 3 3 3 7 86.2±1.3 73.6±0.6 79.9
7. 3 3 3 3 86.5±0.5 74.2±1.4 80.3

LOW-RESOURCE: 100 SENTENCES
1. 7 3 7 7 89.0±0.5 82.9±0.5 85.9
2. 7 3 3 7 89.0±0.4 82.6±0.2 85.8
3. 3 7 7 7 84.7±0.5 74.8±0.6 79.8
4. 3 7 3 7 86.0±0.4 75.4±1.1 80.7
5. 3 7 3 3 86.1±0.4 74.6±1.6 80.4
6. 3 3 3 7 89.0±0.6 79.7±0.5 84.3
7. 3 3 3 3 88.3±0.7 77.7±0.6 83.0

LOW-RESOURCE: 500 SENTENCES
1. 7 3 7 7 91.5±0.2 86.1±0.2 88.8
2. 7 3 3 7 91.4±0.1 87.1±0.1 89.3
3. 3 7 7 7 90.1±0.2 83.3±0.3 86.7
4. 3 7 3 7 90.8±0.1 84.8±0.2 87.8
5. 3 7 3 3 90.8±0.1 84.8±0.2 87.8
6. 3 3 3 7 91.5±0.1 86.1±0.1 88.8
7. 3 3 3 3 91.6±0.1 85.9±0.3 88.7

LOW-RESOURCE: 1000 SENTENCES
1. 7 3 7 7 92.4±0.1 86.7±0.2 89.6
2. 7 3 3 7 92.4±0.1 87.2±0.2 89.8
3. 3 7 7 7 91.0±0.0 84.0±0.0 87.5
4. 3 7 3 7 91.5±0.1 85.6±0.2 88.6
5. 3 7 3 3 91.7±0.2 85.9±0.1 88.8
6. 3 3 3 7 92.4±0.1 86.9±0.1 89.6
7. 3 3 3 3 92.5±0.1 86.8±0.1 89.7

RICH-RESOURCE
1. 7 3 7 7 94.4±0.0 91.0±0.1 92.7
2. 7 3 3 7 94.4±0.1 92.0±0.0 93.2
3. 3 7 7 7 93.2±0.1 90.2±0.1 91.7
4. 3 7 3 7 93.8±0.1 91.7±0.0 92.8
5. 3 7 3 3 94.0±0.1 91.7±0.0 92.8
6. 3 3 3 7 94.2±0.1 91.8±0.0 93.0
7. 3 3 3 3 94.3±0.1 91.9±0.1 93.1

Table 16: Averaged F1 scores over 2 languages for
chunking with the CRF layer.
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EMBEDDINGS Languages

M F W C MF NER
ar cs de en es fr nl ta Avg.

3 3 3 3 7 84.6±0.2 88.4±0.2 85.5±0.3 81.7±0.2 90.6±0.2 88.4±0.5 90.1±0.3 85.5±0.3 86.8
3 7 3 3 3 83.6±0.8 87.7±0.3 84.2±0.3 81.4±0.1 90.0±0.1 87.9±0.1 89.9±0.4 84.2±0.2 86.1
3 3 3 3 3 84.8±0.5 88.6±0.2 85.1±0.3 82.0±0.2 90.3±0.4 88.1±0.3 90.1±0.2 85.3±0.3 86.8

POS TAGGING
ar cs de en es fr nl ta Avg.

3 3 3 3 7 97.0±0.1 98.8±0.0 95.4±0.1 97.0±0.1 97.3±0.1 99.1±0.1 96.7±0.1 92.5±0.4 96.7
3 7 3 3 3 96.8±0.0 98.7±0.0 95.2±0.1 96.6±0.1 97.2±0.0 99.0±0.0 96.5±0.1 91.2±0.3 96.4
3 3 3 3 3 97.0±0.0 98.8±0.0 95.3±0.0 96.9±0.1 97.3±0.1 99.1±0.0 96.7±0.1 92.7±0.5 96.7

CHUNKING
de en Avg.

3 3 3 3 7 94.0±0.0 91.5±0.0 92.8
3 7 3 3 3 94.1±0.1 91.6±0.1 92.9
3 3 3 3 3 94.2±0.1 91.7±0.1 92.9

Table 17: Detailed comparison for additionally concatenating MF with All. MF represents the M-Flair embed-
dings.


