X A
IJ I R cc E e-ISSN: 2320-9801 | p-ISSN: 2320-83798

OF INNOVATIVE RESEARCH

IN COMPUTER & COMMUNICATION ENGINEERING

Volume 10, Issue 1, January 2022

NUMBER
INDIA

' INTERNATIONAL
STANDARD
I .\ lsmm Impact Factor: 7.542

L 9940572 462 ¥© 6381 907 438 ljircce@gmail.com @ www.ijircce.com



International Journal of Innovative Research in Computer and Communication Engineering

()
_,,[L—], /@ | e-ISSN: 2320-9801, p-ISSN: 2320-9798| www.ijircce.com | [Impact Factor: 7.542 |(A Monthly, Peer Reviewed Journal)
ﬁl\l\ﬁ
= || Volume 10, Issue 1, January 2022 ||

| DOI: 10.15680/1IJIRCCE.2022.1001049|

Preposition Error Correction Using Iterative
Sequence Tagging

Shikha Prajapati, Ashish Kumar Tiwari, Madhvi Soni, Jitendra Singh Thakur

Department of Computer Science and Engineering, Jabalpur Engineering College, Jabalpur, India

ABSTRACT: Prepositions are one of the most challenging units encountered by second language learners of English.
They are frequently used and are highly polysemous in nature. Moreover, their usage is highly dependent upon the
underlying context of the sentence and the intent of the speaker which turns out to be a major challenge in developing a
preposition correction system. In this paper, we present a preposition error correction system which is a sequence tagger
based on a transformer encoder that predicts token-level edit operations to remove preposition errors from a given
sentence. Our system is trained over synthetic data constructed using Google's One-billion-word benchmark corpus.
For training, we used a new optimiser - Ranger which is a combination of Rectified Adam and Look Ahead optimiser.
It helped to reduce the time required for training by about 6 folds. Our system outperformed the state-of-the-art
approaches and achieved precision, recall and fys score of 91.4, 77.27 and 88.27 respectively on a dataset prepared
from preposition exercises collected from different websites and grammar books.

I. INTRODUCTION

Prepositions are words that show some connection between different parts of a sentence. They usually come after
nouns, (or pronouns, noun phrases, gerunds or noun clauses beginning with a wh-word or how), adjectives and some
verbs [53]. Although the standard position for a preposition is immediately before its object, for instance : “He put the
box on the shelf.” However, in some instances, a prepositional phrase, which is a preposition plus its object, can also
begin sentences [19], for instance : “After January comes February.”

Determining correct preposition usage is inherently challenging due to their diverse linguistic functions. Indeed, [20]
found only ~75% agreement among native speakers and reference texts on fill-in-the-blank tasks using Encarta
Encyclopedia sentences [25], highlighting the task's complexity for learners. Consequently, preposition errors form a
major portion of learner mistakes: studies show they account for 29% of all errors made by English learners [21],
appear in 8% of analyzed sentences [22], and occur at a ~10% rate in Japanese learner corpora [23]. Consequently,
because preposition errors are the most common mistake among learners, many automated grammar checking tools are
specifically designed to detect and correct them [54], [55].

Preposition errors the one of the most common types of errors made by second languagecan be broadly classified into
three types namely, i) extraneous error, where a preposition has been extraneously inserted, ii) missing error, where an
essential preposition has been skipped and iii) replacement error, where a preposition has been wrongly selected.

Over the years, various statistical preposition error correction methods have relied on native English corpora or hand-
annotated learner data [1]-[3], [20], [23], [25], [26], [29], [31], [34]-[36], though building such annotated datasets is
time-consuming and labor-intensive. Recently, Neural Machine Translation [5] and Transformer-based sequence-to-
sequence models [6] have yielded state-of-the-art results on general grammatical error correction benchmarks [6]-[9],
[11]-[13]. However, few studies have specifically evaluated these architectures on preposition errors alone, and their
practical adoption remains hindered by slow training speeds and heavy reliance on massive annotated datasets.

In this paper, we have used an iterative sequence tagger [13] based on a transformer encoder to predict token-level edit
operations [4] for correcting the preposition errors in a sentence. For each source token in the input sentence, a softmax
layer [4] on the top of the encoder predicts an edit operation out of a confusion set. The system predicts four basic edit
operations namely keep a token, delete a token, append a token and replace a token. The system is trained over a
synthetic dataset constructed by us using Google's one billion word corpus[37]. Additionally, we have incorporated in
our training procedure the new state-of-the-art Ranger optimiser which is a combination of Rectified Adam and
lookahead [38] optimiser. It is known to outperform all other optimisers for the image classification task on Imagewoof
dataset. However, not much analysis has been done on the performance of the optimiser in the field of natural language
processing which proved to be a motivation for us to incorporate it into our system. Some improvements of our system
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over the previously discussed approaches are:

e Ranger optimiser helps to increase the speed of training and also the accuracy of the system.

e Synthetic data eliminates the need for large quantities of human-annotated data. Small and diverse datasets will
serve the purpose of augmenting large datasets for training.

The rest of the paper is organized as follows: Section 2 presents a brief overview of the related work. Our proposed
method is described in Section 3. Evaluation and experimental results are discussed in Section 4. A brief discussion
over the results is given in section 5. Finally, we presented our conclusion in Section 6.

II. RELATED WORK

Prepositions comprise a large portion of verbal communication and are highly polysemous in their nature. The
interaction of the above two reasons makes preposition errors the largest category of grammatical errors made by
non-native speakers (accounting for nearly 29% [21]). Over the years, several approaches have been proposed for the
task of preposition error correction. In 2008, [20] and [33] trained a Maximum Entropy (ME) classifier on the
preposition contexts extracted from native English corpora. The features were extracted from a window of n-words
before and after the prepositional part. Preposition prediction was treated as a classification task of choosing the most
suitable preposition out of a fixed candidate set. Whereas [34] used a decision tree approach and a language model
trained over Gigaword corpus to correct the preposition errors.

Subsequent efforts introduced deeper semantics, parsing, and learner-specific features: DAPPER [29] combined
semantic, syntactic, and lexical features using a Maximum Entropy (ME) model trained on the BNC corpus [39]; [25]
trained an ME classifier on a Korean learner corpus; [28] added Stanford parse features to an existing lexical system
[20]; and [38] constrained candidate sets based on annotated valid corrections. Later models shifted toward diverse data
sources and feedback generation: [1] applied multinomial logistic regression to Wikipedia revision edits for a 36-
preposition set (limited to replacement errors), [2] used error case frames to explain faulty noun-preposition usage, and
Wordprep [3] leveraged n-gram data mining to predict missing prepositions, though it struggles with unseen contexts.
Recently, Neural Machine Translation (NMT) approaches [S5]-[11], [13] have framed general grammatical error
correction as translating errorneous source sentences to clean target sentences, achieving strong benchmark results [12]
despite suffering from slow training times and heavy reliance on large annotated datasets. Our approach tries to
overcome these problems by:

1. Constructing a large synthetic dataset from small and high-quality public datasets to train the model.

2. Incorporating the new Ranger optimiser which helps to reduce the training time and increase the accuracy of the
system.

III. METHOD

Inspired by GECToR [4], our proposed system is an iterative sequence tagger [13] that uses a XLNet [40] encoder
stacked with two linear layers and softmax layers. The model predicts token-level transformations T (x;) for each token
X; in an input sentence (x; ... xy), which are then applied to produce the corrected text over one or more iterations to
handle multiple preposition errors [4], [13]. The pipeline comprises four main steps: (1) dataset construction, (2)
preprocessing, (3) training and evaluation, and (4) testing.

3.1 Construction of dataset

Although most Neural Machine Translation approaches [4], [11], [13], [41]-[43], [46], [47] train on gold-standard
public datasets, these were unsuitable for our model because they contain all grammatical error types rather than
exclusively preposition errors, and are too small for our training needs. Consequently, we constructed a large synthetic
dataset by extracting common preposition errors and their frequencies from public corpora and injecting them into a
clean, native dataset.

3.1.1 Extraction of error probabilities from public datasets

To extract common preposition errors, we used m2-formatted, automatically annotated [14] versions of public learner
datasets: FCE [16], Lang-8 [15], Cambridge Learner Corpus [17], and W&I+LOCNESS [12] (featured in the BEA
2019 Shared Task [12]). From these, we extracted 112,603 sentences containing preposition errors. Ignoring other
grammatical mistakes, we catalogued each preposition error, classified its type, and tracked its frequency in a
dictionary. There are three main classes of errors (refer Table 1):
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e Extraneous: An extraneous preposition has been used where it is not required.
e Missing: An essential preposition has been omitted.
e Replacement: A preposition has been wrongly replaced with another preposition.

Table 1: Distribution Of Errors

No. of errors in each dataset
Type of error Percentage out of 100
Public Synthetic
Extraneous 53721 1169458 58%
Missing 101100 544402 27%
Replacement 215011 302447 15%
Total 369832 2016307 100%

3.1.2 Introduction of errors in a clean dataset

After extracting types and frequencies of the commonly occurring preposition errors, we introduced them into a clean
native dataset extracted from One billion Word benchmark [36] by Google using the algorithm given below. Consider
the clean dataset to be denoted by T. E is a dictionary containing probabilities of errors according to class type. C is a
dictionary containing probabilities of errors according to their count in a sentence.

For each sentence t; in the clean dataset T : input sentence = t;

Select the error count (c) from C with probability P(c)

Execute c times

Select the error type e from E with probability P(e) output sentence = errorify(input sentence, e) input sentence = output
sentence

Write incorrect and correct sentences in separate files

3.2 Preprocessing

After constructing parallel datasets of incorrect and correct sentences, we need to convert them into tags so that our
model can be trained for sequence tagging[4]. The parallel files of incorrect and correct sentences are converted into
tags through the following procedure : for each source token x; from the source sentence (xi....xn), 1 <i< N, we
search for the best-fitting subsequence Yi= (yji....yp), 1 < jl <j2 <M of the target sentence (yi....ym) by
minimizing the modified Levenshtein distance. Each mapping is assigned a token- level transformation which when
applied to the source token yields the subsequence of the target sentence. We have used the basic transformations
formed by [4]. These include (tag8KEEP) keep the current token unchanged, (tag§DELETE) delete the current token,
(tagSAPPEND t1) append new token t1 next to the current token xi or (tag§REPLACE _t2) replace the current token xi
with another token t2 [4]. An example of a mapping from source to target sentence is given below :

Source sentence: The book is kept in the table. Target sentence: The book is kept on the table.

Mapping: [The —The], [book — book], [is— is], [kept— kept], [in — on], [the — the], [table — table]
Transformations list:

* [The —The], [book — book], [is— is], [kept— kept], [the — the], [table — table] :

SKEEP,

= [in — on] : SREPLACE on

These transformations are fed to the encoder model through which it learns to predict the transformations required for
each token in a given incorrect sentence.

3.3 Training

After preprocessing the data we feed it to our encoder model for fine- tuning. We used a pre- trained transformer
encoder ( xlnet [40] ) in its base configuration with default hyper parameters to train for the task of sequence tagging.
We used Ranger optimiser with gradient centralization applied to all the layers. The data was split into train and dev
sets with 98:2 ratio respectively. Training was performed for 5 epochs with a batch size of 64. We fine-tuned our
transformer models in Google COLAB.
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IV. RESULTS

We evaluated our models on the CoNLL- 2014 test set, BEA- 2019 test dataset and on a dataset of 106 sentences
containing preposition exercises collected from the web and grammar books. We evaluated our system with
ERRANT][14]. A comparison of our results with other gec tools is given in Table 2. It is clear from the results that our
model performs better than other approaches on the third dataset containing preposition exercises. It is also noticeable
that the f-score is comparatively less than other approaches when tested over the public datasets [12].

Table 2. Comparison of our results with other gec systems.

P reposit.ion BEA -2019 test set? CoNLL-2014 test set Our test dataset
Correction
Tool P R Fos | R Fos | R Fos
GECToR 6498 | 71.15 66.12 46.27 33.23 429 81.52 68.18 78.45
(xInet)
Our tool 38.05 | 70.52 4191 50.66 11.48 30.1 914 77.27 88.17
Trinka 37.59 | 14.84 28.77 31.87 11.92 23.88 63.16 21.82 45.8
Ms - Word 75 0.97 4.6 437 3.13 4.05 25 1.82 7.04
Google- Docs | 76.66 | 57.86 71.98 55.69 26.97 4592 83.33 59.09 77.01

P: Precision, R: Recall , F0.5 : F-score
2 Codalab platform was used for evaluation on BEA-2019 test set and span-level correction score corresponding to the
preposition error type was considered because the annotated file is not available publicly.

V. DISCUSSION

Our system clearly outperforms existing models on web-collected preposition exercises containing only preposition
errors. However, its performance drops on public benchmarks because extracted sentences often contain non-
prepositional errors. These extrinsic errors can alter sentence meaning or overlap with prepositional contexts, leading to
incorrect predictions. For example:

Incorrect: I started invoving into Facebook one years ago, when I just arrived singapore.

Correct: I started becoming involved in Facebook one year ago, when I just arrived in Singapore.

Our System’s Qutput: I started invoving into Facebook one years ago, when I just arrived in singapore.

There are other instances in the test dataset where a preposition/prepositional phrase needs to be replaced by a non-
prepositional token but the model tries to correct it by replacing it with another preposition. For example:

Incorrect: If certain disease genetic test is very accurate and it is unavoidable and necessary to get treatment and
known by others , it is OK to disclose the result .

Correct: If a certain genetic test is very accurate and it is unavoidable and necessary to get treatment and tell others ,
it is OK to disclose the result

Our System’s Output: If certain disease genetic test is very accurate and it is unavoidable and necessary to get
treatment and known to others , it is OK to disclose the result .

There are other instances where an entire phrase in the incorrect sentence needs to be replaced with another phrase
containing prepositions and verbs. For example:

Incorrect: During that period , if one of the family member reflects genetic disorder symptoms , he will fell in an
ethical dilemma for sure .

Correct: During that period , if one of the family members was affected by genetic disorder symptoms, he faced an
ethical dilemma .

Our System’s Output: During that period , if one of the family ~member reflects genetic disorder symptoms ,
he will fell into an ethical dilemma for sure .
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Above examples shows that in practical situations preposition errors cannot exist in isolation and a preposition
correction system needs to be integrated with a bigger grammatical error correction system to suggest corrections for all
the above-mentioned scenarios. However, our system performs comparatively better than other approaches for
sentences having only preposition errors. Therefore, it can be useful for providing learners with preposition exercises
to learn its usage. Our system can also be integrated with a bigger grammatical error correction system to improve its
performance.

Meanwhile, the motivation behind using Ranger optimiser was that it is a recent optimiser and has achieved state-of-
the-art results for image classification tasks. However, less work has been done to test the performance of the optimiser
in the field of natural language processing. The optimiser is a combination of Rectified Adam and Look Ahead [38]
optimiser with gradient centralization [52]. We found that Ranger helped to decrease the time required for training
considerably. It took 3 hours for training with Adam for a single epoch whereas it took only 2.5 hours for training for 5
epochs with Ranger. Ranger also helped to achieve state-of-the-art results on the constructed preposition dataset.

VI. CONCLUSIONS AND FUTURE WORK

We used a pretrained transformer encoder with iterative sequence tagging for preposition error correction and achieved
state-of-the-art results on a dataset of preposition exercises collected from the web with a precision, recall and an Fos
score of 91.4, 77.27 and 88.17 respectively. We also showed that preposition errors do not exist in isolation by
evaluating our model over public benchmark datasets and hypothesized that a preposition correction model must be
integrated with a grammatical error correction model to cover a broader spectrum of preposition errors. We showed
that the Ranger optimiser can be used in the natural language processing tasks for faster training. In our case it helped
to decrease the training time by 6 folds. We encourage our system to be used in teaching systems for demonstrating
preposition usage to the learners. Our system can also be integrated with a grammatical error correction system.
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