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Abstract

Code-switching (CSW) is a common phenomenon among multilingual speakers where multiple languages are used
in a single discourse or utterance. Mixed language utterances may still contain grammatical errors however, yet
most existing Grammar Error Correction (GEC) systems have been trained on monolingual data and not developed
with CSW in mind. In this work, we conduct the first exploration into the use of GEC systems on CSW text.
Through this exploration, we propose a novel method of generating synthetic CSW GEC datasets by translating
different spans of text within existing GEC corpora. We then investigate different methods of selecting these spans
based on CSW ratio, switch-point factor and linguistic constraints, and identify how they affect the performance
of GEC systems on CSW text. Our best model achieves an average increase of 1.57 Fy 5 across 3 CSW test
sets (English-Chinese, English-Korean and English-Japanese) without affecting the model's performance on a
monolingual dataset. We furthermore discovered that models trained on one CSW language generalise relatively
well to other typologically similar CSW languages.

Keywords: Code-switching, Grammatical error correction, Language learning

1. Introduction (1) a. But the pay a little low .
[Monolingual English input]

Codg_—switching (CSW) is a phenomer_wn_where ‘But the pay is a little low .
mult|I|nguaI.speak.ers use a combination of [GEC System output]
languages in a single discourse or utterance " ]
(Muysken, 2000; Bullock and Toribio, 2009); this b. But the ZI= a little low .
phenomenon is a common and natural practice [Code-switching input]
in multilingual societies. Recent research has ‘But the #| = a little low .’
shown that CSW offers many pedagogical bene- [GEC System output]

fits, such as enhancing learners’ communicative 0 ior hurdle that directly aff h ¢
competence, linguistic awareness, and cultural ne major hurdle that directly affects the perfor-

identity (Ahmad and Jusoff, 2009: Carstens, 2016; ~ mance of GEC systems on CSW text is the lack
{/Vangl;y2(019' Daniel etjal. 2019). of annotated CSW GEC datasets for training and

testing (Nguyen et al., 2022). A common tech-
nique to compensate for the scarcity of large error-
annotated corpora in GEC is to generate synthetic
datasets (e.g. Yuan et al.,, 2019; Kiyono et al.,
2019; White and Rozovskaya, 2020; Stahlberg and
Kumar, 2021). In this project, we similarly gen-
erate synthetic CSW GEC training data by trans-
lating different text spans within existing GEC cor-
pora. We then evaluate our GEC systems trained
using these synthetic datasets on three differ-
ent natural CSW test datasets including English-
Chinese (EN-ZH), English-Korean (EN-KO) and
English-dJapanese (EN-JA). We make our source
code publicly available to aid reproducibility.’

Grammatical Error Correction (GEC) meanwhile
helps language learners by detecting and cor-
recting various errors in text, such as spelling,
punctuation, grammatical, and word choice errors.
Most existing GEC systems, however, have been
trained on monolingual data and not developed for
CSW text. When given an input sentence, they
therefore do not anticipate non-English words or
phrases and so fail to detect and correct errors
they otherwise normally resolve. This contrast is
highlighted in examples (1a) and (1b), where a
system was able to successfully resolve the miss-
ing verb error in the monolingual English sentence
(1a), but was unable to resolve the same error in
the equivalent CSW sentence (1b) where ‘pay’ has

been Code_SW|tched |nto Korean 1httpS : //glthub . com/kelvinchanwh/
csw—gector
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This paper makes the following contributions:

1. We conduct the first investigation into devel-
oping GEC models for CSW input.

2. We propose a novel method of generating syn-
thetic CSW GEC data using a standard GEC
dataset and a translation model.

3. We introduce three new CSW GEC datasets
to evaluate our proposed models.

4. We explore different methods of selecting text
spans (with varying levels of involvement in
linguistic theories) for synthetic CSW genera-
tion, and evaluate how this affects GEC per-
formance for EN-ZH, EN-KO and EN-JA CSW
text.

5. We investigate the cross-lingual transferabil-
ity of our models to CSW languages that they
have not been trained on.

Finally, it is worth making clear that we use the
term ‘code-switching’ in this work to encompass all
instances of language mixing between English and
non-English. We are aware of the longstanding de-
bate between code-switching and borrowing in Lin-
guistics (Muysken, 2000; Nguyen, 2018; Poplack,
2018; Deuchar, 2020; Treffers-Daller, 2023), but
this falls outside the scope of our focus and we
hence do not make a distinction.

2. Related Work
2.1.

Synthetic GEC dataset generation is a well-
established practice (Bryant et al., 2023, Sec. 5).
Various methodologies for generating synthetic
data include the use of noise injection (Ro-
zovskaya and Roth, 2010; Felice and Yuan, 2014;
Xu et al., 2019), back translation (Rei et al., 2017;
Yuan et al., 2019; Stahlberg and Kumar, 2020),
and round-trip translation (Madnani et al., 2012;
Lichtarge et al., 2019). These techniques were all
developed for monolingual GEC, however, and so
are not directly applicable to CSW GEC.

Synthetic GEC Dataset Generation

2.2. Synthetic CSW Generation

The two main approaches to generating synthetic
CSW text are linguistic-driven approaches and ma-
chine translation.

Linguistically Driven Approaches In
linguistically-driven approaches, sections of
text are commonly replaced based on intuitions
derived from linguistic theories. For example,
the Equivalence Constraint (Poplack, 1978) pro-
poses that well-formed code-switching requires

grammatical constraints to be satisfied in both lan-
guages. With this in mind, Pratapa et al. (2018)
and Pratapa and Choudhury (2021) generate
Hindi-English CSW data by using the parse trees
of parallel sentences to match the surface order
of the child nodes.

In contrast, the Matrix Language Framework
(MLF) (Myers-Scotton, 2002) proposes an asym-
metrical relationship between the languages in
CSW sentences. Specifically, the MLF hypothe-
sises that the matrix (i.e. dominant) language pro-
vides the frame of the sentence by dictating a cer-
tain subset of the grammatical morphemes and
word order, while the embedded language only
provides syntactic elements with little to no gram-
matical function (Johanson, 1999; Myers-Scotton,
2005). Lee et al. (2019), Gupta et al. (2020) and
Rizvi et al. (2021) thus developed tools to generate
CSW text based on this principle.

Finally, the Functional Head Constraint (Belazi
et al.,, 1994) posits that the strong relationship
between a functional head and its complement
makes it impossible to switch languages between
these two constituents. Li and Fung (2012) used
this constraint to generate CSW text by using a
translation model to expand the search network
and then parsing each possibility to filter for sen-
tences permissible under the constraint.

Machine Translation Machine translation was
only recently tested on code-switching data
(Nguyen et al., 2023a,b), but was first used to gen-
erate CSW text by Xu and Yvon (2021). In these
systems, models are trained to treat English as
the source language and CSW text as the target
language. Recently, there has been an uptake
in the use of Machine Translation as a method
to generate CSW text due to the introduction of a
large-scale code-mixed English-Hindi parallel cor-
pus (Srivastava and Singh, 2021) and the introduc-
tion of shared tasks for generating English-Hindi,
English-Spanish and English-Arabic CSW text (Sri-
vastava and Singh, 2022; Chen et al., 2022).

3. CSW GEC Dataset Generation

3.1. Data Augmentation Method

The main idea behind our CSW GEC data gen-
eration method is that we select spans of tokens
from the corrected side of existing GEC corpora
and replace them with their tokenised translated
equivalents.  Specifically, we use the Google
Translate API via the py-googletrans pack-
age? for all translations, and tokenise the Chi-
nese, Korean and Japanese output respectively

®https://github.com/ssut/
py—-googletrans
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Step

Sentence

1. Input monolingual GEC data

What if human use up all the resource in the world?

What if humans use up all the resources in the world?

2. Select span
3. Translate span
4. Apply errors

What if humans use up all the resources in the world?
What if humans use up all the resources in the TH#?
What if human use up all the resource in the tH5?

5. Output CSW GEC data

What if human use up all the resource in the TH¥?

What if humans use up all the resources in the tH5?

Table 1: Example CSW GEC data generation pipeline.

with Jieba,® Nagisa,* and Komoran.® Once the
corrected portion of the GEC dataset has been
converted to CSW text, the errors from the origi-
nal sentences are then reapplied to the CSW cor-
rected sentences. This results in a dataset of to-
kenised CSW sentences which preserve the orig-
inal human-annotated GEC errors in the source
corpus. An overview of this process is shown in
Table 1.

3.2. Span Selection Methods

There are many ways to select different spans of
text when generating CSW data. In this paper,
we report six different span selection methods,
namely ratio-token, cont-token, rand-phrase,
ratio-phrase, overlap-phrase, and noun-token.
Since one of our main objectives is to compare
and contrast different methods of generating code-
switched text for GEC (cf. §1), we consider both
naive options (ratio-token, cont-token) and lin-
guistically motivated options (rand-phrase, ratio-
phrase, overlap-phrase, noun-token). These
variations were crucial for understanding the nu-
ances of code-switching in the context of GEC. We
describe each of these methods in detail below.

Ratio of code-switched tokens (ratio-token)
In the ratio-token method, we randomly sampled
and translated tokens from the English source sen-
tence until approximately 20% of all tokens in the
sentence were non-English. This ratio is not lin-
guistically motivated, but set based on a qualita-
tive analysis of CSW sentences in the multilingual
Lang-8 learner corpus (Mizumoto et al., 2011).

Ratio of continuous code-switched tokens
(cont-token) The cont-token method is based
on the observation in the Lang-8 CSW dataset that
speakers tend to code-switch from one language
to another and back only once within a single sen-
tence. Therefore, instead of selecting random to-

Shttps://github.com/fxsjy/jieba

*nttps://github.com/taishi-i/nagisa

Shttps://github.com/shineware/
PyKOMORAN

kens until we hit a target CSW ratio (i.e. ~20%
as in ratio-token), we randomly select a starting
point within the sentence and translate the follow-
ing n tokens until the CSW ratio is satisfied. Note
that this differs from what we see in a speech-
based context where shifts of topics and interlocu-
tors might trigger more inter-sentential switches
(Nguyen, 2021; Gardner-Chloros, 2009; Muysken,
2000, i.a.).

Random Phrase (rand-phrase) Linguistic re-
search has also shown that CSW is usually based
on a complete syntactic unit (Poplack, 1978;
Myers-Scotton, 2002). The rand-phrase method
thus uses the Berkeley Neural Parser (benepar)
(Kitaev and Klein, 2018; Kitaev et al., 2019) to first
identify syntactic phrases within the sentence, and
then randomly selects one to be translated. Unlike
the previous two methods, this ensures the CSW
fragment is more linguistically plausible.

Ratio of code-switched phrases (ratio-phrase)
The ratio-phrase method is similar to the rand-
phrase method in that it relies on benepar to first
identify the phrases. Where it differs is that it aims
to select and translate a phrase that has a length
closest to the number of tokens required to meet
the target CSW ratio (rather than select a phrase
randomly).

Least overlap with edit spans (overlap-phrase)
All the above methods discard any errors that over-
lap with the randomly selected spans. This results
in fewer training examples, and so the overlap-
phrase method is designed to preserve as many
edits as possible by selecting the longest phrase
that minimally intersects with any edits.

Code-switched noun tokens (noun-token) Fi-
nally, one of the few universal findings in linguis-
tic research on code-switching is that a majority
of natural CSW only involves a single noun token
(Myers-Scotton, 1997; Muysken, 2000; Myslin and
Levy, 2015; Nguyen, 2018, i.a.). The noun-token
method thus leverages this insight by randomly se-
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Source

She was going to have so many answers to so many questions .

ratio-token
cont-token
rand-phrase
ratio-phrase
overlap-phrase
noun-token

She was 17 = £ 3 to have so many & X IZ so many questions .
She was going to have so many % 5 ND% X many questions .
She was going to have so many answers to JEHICZ < DEM] .
She was going to have JEHICZ < DE X to so many questions .
She JEFICZ S DEMICIEFICZ S DBEZDPHLTL XS .
She was going to have so many % X to so many questions .

Table 2: Example output of different generation methods for English-Japanese (EN-JA)

lecting a single token with a NOUN or PROPN POS
tag.®

Table 2 provides a worked example of how dif-
ferent methods generate different synthetic CSW
outputs on the same source sentence.

4. Experimental Setup

We use GECToR (Omelianchuk et al., 2020) as our
baseline model.” GECToR is a sequence labeling
approach that assigns an edit tag to each input
word, where each edit tag represents the trans-
formation that needs to be applied to correct the
error; €.9. S$KEEP (no error), SAPPEND_the (in-
sert ‘the’), SNOUN_NUMBER_PLURAL (make noun
plural).2 The GECTOoR training process consists of
three stages:

1. Stage 1 (9m sentences) is trained on the syn-
thetic sentences in the PIE dataset (Awasthi
et al., 2019).

2. Stage 2 (619k sentences) is trained on only
the sentences that contain errors in the con-
catenation of NUCLE (Dahimeier et al., 2013),
the FCE (Yannakoudakis et al., 2011), the
Lang-8 Corpus of Learner English (Tajiri et al.,
2012), and W&I + LOCNESS (Bryant et al.,
2019).

3. Stage 3 (34k sentences) is again trained on
W&I + LOCNESS (Bryant et al., 2019) but this
time includes sentences that do not contain
any errors (i.e., the full training set).

We modify this setup in the following ways. First,
we pass the data from each stage through our syn-
thetic CSW data generation pipeline (using each
span selection method) to introduce CSW frag-
ments in all the input training sentences. This al-
lowed us to investigate which synthetic data gen-
eration method yielded the most improvement.
Since our preliminary experiments determined that
the full three-stage training process would take
about 18 hours on an Nvidia A100 GPU, our first

8POS tagged using spaCy: https://spacy.io
"https://github.com/grammarly/gector
8See Omelianchuk et al. (2020) for the full list of tags.

experiment focused only on using our synthetic
CSW data in stages 2 and 3 in order to reduce
the amount of required computation. We later ex-
tended this setup to stage 1 once we knew the
most promising configurations.

Second, we use XLM-RoBERTa (Conneau
et al.,, 2020) as our pretrained base model, as
initial experiments showed it yielded the largest
improvements compared to other pretrained mod-
els. This finding is consistent with Winata et al.
(2021), who similarly found XLM-RoBERTa per-
formed best among multilingual models when pre-
dicting POS tags and named entities in CSW
texts. We nevertheless note that other multilingual
models such as mBERT,® yielded similar improve-
ments, while monolingual models such as BERT
(Devlin et al., 2019), RoBERTa (Liu et al., 2019),
DeBERTa (He et al., 2021) and ELECTRA (Clark
et al., 2020) were consistently worse. We suspect
this is because for the languages we worked with,
monolingual models treat all CSW tokens as out-
of-vocabulary tokens.

In all experiments, we use the default GECToR
values of 0 for the additional_confidence and
minimum_error_probability precision/recall
trade-off inference parameters.

5. Evaluation

We evaluate all our models using the standard
ERRor ANnotation Toolkit (ERRANT) Fy5 met-
ric (Bryant et al, 2017). ERRANT automati-
cally aligns parallel original/corrected sentence
pairs and extracts and classifies the edits using a
linguistically-enhanced rule-based approach. The
extracted system hypothesis edits are then com-
pared against the reference edits to calculate pre-
cision, recall and F; 5. Since there are no previous
CSW GEC test sets, we introduce our own bench-
mark, the Lang-8 CSW test set, which is based on
the Lang-8 Learner corpus.

*https://github.com/google-research/
bert/blob/master/multilingual.md
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5.1. Lang-8 CSW Test Set

The Lang-8 Learner corpus is a large multilin-
gual corpus containing forum posts and responses
written by international language learners seeking
help from native speakers online (Mizumoto et al.,
2011). A small fraction of these posts also con-
tain natural code-switching sentences, which we
identified using Google’s Compact Language De-
tector.'® Having extracted the sentences that con-
tained English and exactly one other language, we
applied some simple filters to reduce noise. Specif-
ically, we removed sentences:

i. that had no corrections;

ii. where the original sentence exactly matched
the start of the corrected sentence; and

iii. where the length difference between the orig-
inal and corrected sentence was more than 5
tokens.

The first and second filters ensured we did not in-
clude sentences that were either unannotated or
already correct,!! while the third filter ensured we
did not include sentences that contained too many
additional comments or other irrelevant strings.
This resulted in a dataset of 201 English-Chinese
(EN-ZH) sentences, 764 English-Korean (EN-KO)
sentences, and 4,808 English-Japanese (EN-JA)
sentences. CSW sentences from other languages
were very rare and therefore excluded.

5.2. Human Re-annotated Dataset

Since the GEC annotations in the Lang-8 dataset
were not created by professional annotators, they
have a tendency to be noisy or incomplete. To
mitigate this, we asked two bilingual annotators
to reannotate a random selection of 200 English-
Chinese and 200 English-Korean sentences re-
spectively.’?  Specifically, the English-Chinese
sentences were annotated by a native Chinese
speaker with English as a second language, and
the English-Korean sentences were annotated by
a native English speaker with Korean as a sec-
ond language. In accordance with other profes-
sionally annotated datasets, the annotators were
instructed to make minimal edits to the text (Bryant
et al.,, 2023), and also flag sentences that they
were unable to correct or were sentence frag-
ments; these fragments were later excluded from
the human-annotated dataset (8 in EN-ZH and 16

https://github.com/google/cld3

""As Lang-8 was not professionally annotated, users
commonly add phrases like “Well done!” and “Keep
practising!” as comments.

2We were unable to recruit a bilingual English-
Japanese annotator for the English-dapanese data.

CSW (%) SPF
Testset  Sents m o m o
ZH 201 6.64 5.68 1.88 1.61
L8 KO 764 1313 1142 245 1.66
JA 4808 10.13 826 294 224
HR ZH 192 8.09 4.84 242 1.37
KO 184 16.73 10.89 244 154

Table 3: Number of sentences, ratio of CSW to-
kens (mean and standard deviation) and switch-
point factor (SPF) (mean and standard deviation)
for the Lang-8 (L8) and Human Re-annotated (HR)
Test sets.

in EN-KO). Additionally, annotators were asked to
only correct the English tokens; if the non-English
tokens contained grammatical errors, they were
left uncorrected.

5.3. Test Set Distributions

The above steps resulted in the Lang-8 CSW
test set, which contains three language pairs (EN-
ZH/KO/JA) and a subset of high-quality human an-
notations. Various statistics about this dataset are
shown in Table 3.

Specifically, the CSW ratio is the average ra-
tio of non-English tokens per utterance, while the
switchpoint factor (SPF) is the average number of
times a speaker switches from one language to
another in a sentence. For example, a CSW ra-
tio of 6.64% for Lang-8 CSW ZH indicates that
we expect 6.64% of all tokens in a sentence to
be Chinese and the remaining 93.36% to be En-
glish. We can see that the CSW ratio varies sig-
nificantly between test sets, and in fact the Ko-
rean (KO) dataset has twice the number of CSW
tokens than the Chinese (ZH) dataset. In contrast,
datasets have an average SPF of ~2.4, which indi-
cates most sentences switch languages only once
or twice. Incidentally, an odd numbered SPF indi-
cates a sentence starts or ends with a non-English
component, but most switches go from English to
non-English then back again.

6. Results & Discussion

We evaluate our models primarily on the aforemen-
tioned test sets and carry out three main experi-
ments to:

i. compare different span selection methods

(§6.1);

ii. extend the best augmentation method to differ-
ent training stages, including stage 1 (§6.2);

iii. examine the effect of cross-lingual transfer; i.e.
training on one CSW language and testing on
another (§6.3).
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Training Dataset

Lang-8 CSW test set

Re-annotated CSW test set

Stg. 2 Stg. 3 Method ZH KO JA ZH KO
EN EN baseline 32.95¢ 42 33.11¢.03 28.609.24 43.701 .06 23.82¢.14
ratio-token 34.190_73 32.511 .02 29.280_31 43.760_57 24-950468
cont-token 33.820_44 32.061 .09 28.860_15 43.301 .29 23.400.73
EN cSW rand-phrase 3353953 34.05057 28.16069 44.93p84 24.58 39
ratio—phrase 34.170‘45 32.400.02 27.90¢ 51 43.841.07 23.175.81
overlap-phrase 32.91¢.72 31.350.51 27.370.63 40.870.45 23.400.40
noun-token 33.69934 33.32192 2890921 44.70046 24.82, o
ratio-token 25.253. 04 30.51543 28.86043 37.211.79 22.445 19
cont-token 29.227 94 29.723 95 28.271 79 41.277 46 21.083.94
CSW EN rand-phrase 33.72104 341815, 28.67999 45.59 3 25.871.14
ratio-phrase 34.070_51 31.75¢.49 27.980.63 45.980_35 23.58¢.21
overlap-phrase 34.340_35 32.23¢.32 28.530.35 45.120_55 23.720.54
noun-token 33.881,13 32.88¢.15 29.100_33 46.090_94 25-320.36
ratio-token 32.161 84 30.10¢.48 28.76039 41.414 41 23.92678
cont-token 34.820_39 28.824 87 27.531.37 45.281_12 21.065 02
csSW csSwW rand-phrase 33.992_03 34~421.61 28.22¢ 82 46.281_70 25.350.39
ratio-phrase 34.401'50 30.769.15 27.16¢ 55 45~270.86 22.769.60
overlap-phrase 33.951'01 32.15¢ 63 28.230.39 41.131 04 22.06¢ 55
noun-token 33.67920 33.24g45 29.0493, 46.23;3s 24.88 75

Table 4: Table showing the F} 5 score and the standard deviation for the different span selection methods
using the XLM-RoBERTa model. Each test set was evaluated using models trained on CSW datasets
in their respective languages. The F 5 score was averaged across three seeds. The language codes
represent the different portions of the test dataset containing CSW text. Scores in bold indicate instances
where the span selection method resulted in an Fy 5 score greater than the baseline.

6.1. Span Selection Method

Results comparing the effect of each span selec-
tion method are presented in Table 4.

We first observe that, surprisingly, in the EN-ZH
test sets (both original and re-annotated), almost
all span selection methods improve performance
over the baseline in all combinations of training
stages. This might suggest that the span selec-
tion method is not important and it is enough sim-
ply to expose a model to CSW. That said, the
noun-token and rand-phrase methods consis-
tently improve upon the baseline in almost all set-
tings. This might instead suggest that synthetic
CSW data is more effective as GEC training data
when it is linguistically informed.

To explore this hypothesis more carefully, we
can compare the results for cont-token and
ratio—-phrase, which both select spans of simi-
lar lengths (based on the average number of CSW
tokens in the dataset) — the former selects spans
randomly while the latter selects only complete
syntactic phrases. Although neither method con-
sistently improves upon the baseline, the syntac-
tically constrained ratio-phrase method typi-
cally scores higher than the random cont-token
method. This leads us to conclude that linguistic
insight is an important factor in synthetic CSW gen-
eration.

Additionally, the rand-phrase method also

performed more consistently compared to the
ratio-phrase method which had a higher statis-
tical similarity to the test set despite both methods
having similar linguistic plausibilities. This may be
down to the lack of CSW ratio variation across the
sentences. However, more work has to be done
in this area to identify the effect of CSW ratio on
performance.

Nevertheless, the high variation in performance
between the languages suggests that different lan-
guages respond to the span selection methods in
different ways. This may be due to the varying
placement of CSW points for different language
combinations (cf. §2.2). On the other hand,
the high variation between the different seeds for
some of the methods (notably ratio-token and
cont-token) is likely due to the difference in the
tokens selected for translation. This highlights the
sensitivity of such models towards the linguistic ac-
curacy of CSW text used during training.

Ultimately, we select the noun-token method
as the best method to use in all future experiments
given that it improved upon the baseline in all but
one test set (EN-KO). We do note, however, that
rand-phrase was also a strong contender given
that it only struggled with EN-JA.
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Test

Training Dataset

Dataset Stage1 Stage2 Stage3 Prec  Rec  Fis
EN EN EN 4472 22.16 37.16

ZH EN EN-ZH EN-ZH 42.86 17.89 33.51
EN-ZH EN-ZH EN-ZH 46.59 22.69 38.48

EN EN EN 37.64 23.18 33.46

L8 KO EN EN-KO EN-KO 40.24 19.12 32.96
EN-KO EN-KO EN-KO 4248 23.13 36.39

EN EN EN 37.26 16.89 30.02

JA EN EN-JA EN-JA 40.89 13.78 29.34
EN-JA EN-JA EN-JA 39.33 17.04 31.18

EN EN EN 52.54 30.15 45.74

ZH EN EN-ZH EN-ZH 56.77 27.08 46.53
HR EN-ZH EN-ZH EN-ZH 54.89 30.35 47.25
EN EN EN 28.31 15.37 24.23

KO EN EN-KO EN-KO 31.10 12.97 24.31
EN-KO EN-KO EN-KO 29.77 1557 25.18

EN EN EN 58.32 35.20 51.55

EN EN-ZH EN-ZH 57.13 30.92 48.85

EN-ZH EN-ZH EN-ZH 59.02 36.21 52.42

BEA-19 EN EN-KO EN-KO 56.24 31.01 48.37
EN-KO EN-KO EN-KO 57.46 36.94 51.72

EN EN-JA EN-JA 57.87 30.12 48.87

EN-JA EN-JA EN-JA 58.41 36.75 52.25

Table 5: Table showing the performance of the models trained with and without data augmentation on
Stage 1 compared to the baseline model on the Lang-8 (L8), Human Re-annotated (HR) and BEA-19
Dev datasets. Note that all the experiments were conducted on a single seed using their respective CSW

models.

6.2. Stage 1 Training Data

Having identified noun-token as the most
promising span selection method for synthetic
CSW generation, we next investigated whether
it should also be applied to the Stage 1 training
data. While our previous experiment did not reveal
much difference in terms of whether we applied our
method to just Stage 2, just Stage 3, or both, we
nevertheless applied our method to both Stage 2
and Stage 3 in this experiment.

Table 5 hence shows that applying
noun—token to all three training stages yields
the best results for all our CSW test sets. This is
expected since this setup exposes the model to
the largest amount of CSW text during fine-tuning.
However, it is surprising to see that the model
trained using an EN Stage 1 dataset sometimes
performs worse than the baseline model (notably
the EN-ZH test set), despite being trained on
CSW text in Stage 2 and 3. This might reflect the
noisy nature of the original Lang-8 test sets, as
the same pattern is not observed in the human
re-annotated Lang-8 test sets.

To further investigate whether our CSW exten-
sions affected the performance on monolingual
GEC datasets, we also evaluated all these models
on the monolingual English BEA-19 Dev dataset.

Test Training Dataset

Dataset EN-ZH EN-KO EN-JA EN
ZH 38.48 37.87 36.81 37.16

L8 KO 36.08 36.39 36.25 33.46
JA 3122 31.28 31.18 30.02

HR ZH 47.25 46.68 46.61 4574
KO 2298 25.18 23.19 2423

BEA-19 5242 5172 5225 51.55

Table 6: F, 5 score of the CSW models tested on
the Lang-8 (L8), Human Re-annotated (HR) and
BEA-19 Dev datasets. Only a single seed is used
to produce the results shown.

Table 5 thus also shows that the models trained
with 3-stage CSW augmentation on all three lan-
guages did not negatively impact monolingual per-
formance, and even brought about small improve-
ments. The models trained on the monolingual
EN Stage 1 dataset, however, all performed worse
than the baseline, which might suggest the models
learnt to focus too much on CSW in Stage 2 and
Stage 3.

6.3. Cross-Lingual Transferability

To investigate the transferability of models beyond
the CSW languages they were trained on, we eval-
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uate each CSW model (trained with CSW data in
all three stages) on all the test datasets. Table 6
thus shows that the EN-ZH and EN-KO models per-
form best on the EN-ZH and EN-KO test sets re-
spectively, as expected, but that the EN-KO model
slightly outperforms the EN-JA model on the EN-
JA data, albeit by a very small margin (~0.10 Fj 5).

The CSW models also outperform the monolin-
gual model in almost all testing scenarios (except
the human re-annotated EN-KO test set), which
suggests that it is generally better to have a CSW
GEC model than a monolingual model, even if
the CSW GEC model is trained on a different lan-
guage pair to the intended use-case. This intu-
itively makes sense, as a model likely benefits from
having an explicit concept of ‘other’ language even
if that language is different from what it was trained
on. Nevertheless, it is expected that the best re-
sults will come from training data that most closely
resembles the target CSW language pair.

It is finally worth mentioning that this effect may
also be influenced by the similarity of the lan-
guages in question. For example, Japanese and
Korean share a similar word order, while Japanese
and Chinese share a subset of characters. We
thus hypothesise that comparable linguistic fea-
tures may have an effect on the success of CSW
GEC.

6.4. Linguistic Plausibility

To explore this idea further, we also consider how
plausible our synthetic CSW datasets are. In par-
ticular, given that both Japanese and Korean are
head-final languages, while English is predomi-
nantly head-initial, we might expect some con-
straints given their disharmonious word-orders. In
these cases, methods such as ratio-token or
cont—-token might not yield output that would be
considered realistic. Example (2) demonstrates
some typical cases.

(2) Source: ‘I think that public transport will al-
ways exist in the future
a. | think that public transport =& always
f#1£ in the future .
[EN-JA ratio-token]

b. | think that public transport will &/
ZA8tc} in the future .
[EN-KO cont-token]

In both cases, the verb ‘exist’ (f#7F in Japanese,
2a and &4 Z A3ttt in Korean, 2b) would be
expected to come at the end of the sentence
in their respective languages. These utterances
would thus not be considered plausible according

to Poplack’s (1978) Equivalence Constraint (§2.2),
for example. Similarly, since spans are translated
out of context, there is also a chance that the
wrong translation is generated. This is what hap-
pens in (2a), where the English modal verb ‘will’
has been confused with the noun meaning ‘inten-
tion’ and translated into the Japanese noun & &
accordingly, representing a generated switch that
is both syntactically and semantically nonsensical.
This might explain why some span selection meth-
ods performed worse than others, especially ran-
dom selections. Without human judgements and
further experiments, it remains unclear how close
the synthetic constructions are to reality, as well
as the extent to which linguistic plausibility impacts
systems’ performance.

7. Conclusion

In this paper, we conducted the first study into
developing GEC systems for CSW text. We
specifically investigated the performance of var-
ious pre-trained models on CSW text and com-
pared different methods of generating synthetic
CSW GEC data to improve the performance of
the sequence-tagger-based GEC model GECToR.
This was achieved by:

i. automatically translating different spans of text
within existing GEC corpora; and

ii. assessing the performance of the models on
a subset of the multilingual Lang-8 dataset
which we reannotated and release with this pa-
per.

Our findings suggest that data augmentation is
most effective in the context of multilingual (rather
than monolingual) pre-trained models (e.g. XLM-
RoBERTa). Moreover by experimenting with dif-
ferent methods of generating synthetic CSW GEC
datasets, it was found that replacing a random
noun token in each sentence yielded the best im-
provement compared to other methods and the
baseline. This finding is consistent with observa-
tions in linguistics, given that the most linguistically
motivated method yielded the best improvement,
and highlights the potential contribution of linguis-
tic insights when building tools to process CSW
text.

We also found that applying our data augmenta-
tion method to all 3 stages of the GECToR training
process returned the best results over the base-
line. This may be unsurprising, but is consistent
with the original GECToR finding that all training
stages have a significant impact on the final model
performance. Finally, we also discovered that
models trained on one CSW language generalise
relatively well to other CSW languages and even
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improve performance on a benchmark monolin-
gual dataset. This suggests that multilingual trans-
fer can be used to improve an out-of-domain CSW
GEC system when in-domain CSW GEC data is
not available. Ultimately, we have shown that data
augmentation improves the model’s performance
on CSW text both on the Lang-8 dataset and a hu-
man re-annotated subset. These results lay impor-
tant foundations for future work.

8. Future work

We conclude by identifying several possible direc-
tions for future work.

First, inspired by Chang et al. (2019), we would
suggest using a Generative Adversarial Network
(GAN) (Goodfellow et al., 2014) to predict and gen-
erate CSW points for the different languages. Al-
though we found that our noun-token method
is most effective at improving the performance of
GEC models on CSW text, this method does not
fully consider all different linguistic constraints and
the varying switching points in different languages.
It is thus worth considering other methods of CSW
generation which may be more effective than the
noun—token method used in this project.

Second, it is worth exploring the development
of multilingual CSW models trained on a combi-
nation of CSW texts from different languages. In
this work, we developed a separate model for each
CSW dataset, but this is impractical when you con-
sider the number of possible CSW combinations.
It may thus be effective to combine many different
CSW combinations in a single dataset.

Third, it would also be useful to investigate
whether our data augmentation methods are
more, or less, effective in the context of machine
translation-based GEC models. With the recent
rise of generative language models, the perfor-
mance of machine translation on these models has
greatly improved (Hendy et al., 2023).

Furthermore, there is a huge potential to extend
this method to GEC on code-switching in other lan-
guage pairs. Although sufficient annotated data
for each pairing remains an issue, our data gener-
ation pipeline is language-agnostic and could thus
be applied more widely to aid progress in this di-
rection. In fact, current computational work on
code-switching remains generally biased towards
major languages such as English/Spanish or En-
glish/Hindi (e.g. Srivastava and Singh, 2022; Chen
et al., 2022; Nguyen et al., 2021, i.a.), and so there
is a lot to explore with more diverse datasets.

Finally, making use of the enormous amount of
work in Linguistics on code-switching should also
be a focus for future work. As we discovered in
this study, a large portion of CSW sentences con-
tain single-token-long CSW components, most of

which were nouns. These findings are in line with
what has long been known in Linguistics, and high-
light the potential of incorporating such insights
into building the next generation of tools to process
CSW input. This also motivates further exploration
of different features which may aid the production
of synthetic CSW datasets.

Limitations

Our data generation method depends on Google
Translate, which is a closed-source service pro-
vided by Google. It is unclear how frequently this
service is updated; this dependency adds variabil-
ity when replicating our results.

Ethical Considerations

The work reported in this paper was undertaken in
an ethical manner. Specific points to highlight:

* Our human annotators are colleagues who
were approached on a volunteer basis. They
were under no obligation to assist us, but did
so as voluntary research contributions.

» To save energy, we did not train all possible
combinations of models on GPUs, but defined
a strategy to only explore the most promising

(cf.§4).
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