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Abstract

Formulaic expressions, such as ‘in this paper we propose’, are helpful for authors

of scholarly papers because they convey communicative functions; in the above,

it is ‘showing the aim of this paper ’. Thus, resources of formulaic expressions,

such as a dictionary, that could be looked up easily would be useful. However,

forms of formulaic expressions can often vary to a great extent. For example, ‘in

this paper we propose’, ‘in this study we propose’ and ‘in this paper we propose

a new method to’ are all regarded as formulaic expressions. Such a diversity of

spans and forms causes problems in both extraction and evaluation of formulaic

expressions. In this paper, we propose a new approach that is robust to variation

of spans and forms of formulaic expressions. Our approach regards a sentence

as consisting of a formulaic part and non-formulaic part. Then, instead of

trying to extract formulaic expressions from a whole corpus, by extracting them

from each sentence, different forms can be dealt with at once. Based on this

formulation, to avoid the diversity problem, we propose evaluating extraction

methods by how much they convey specific communicative functions rather than

by comparing extracted expressions to an existing lexicon. We also propose a

new extraction method that utilises named entities and dependency structures

to remove the non-formulaic part from a sentence. Experimental results show
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that the proposed extraction method achieved the best performance compared

to other existing methods.

Keywords: Natural language processing, Formulaic expressions, Multi-word

expressions, Writing assistance, English for academic purposes

1. Introduction

Writing scientific papers is crucial but a laborious task in research activities,

especially for non-native English speakers. Zhao (2017) and Wu et al. (2020)

demonstrated that the quality of English academic writing is significantly dif-

ferent between native and non-native researchers. Also, it is time-consuming to5

look up words in a dictionary or ask for English proofreading. Thus, writing

assistance can be a great help to non-native researchers to improve the quality

of their papers and to save much time in writing, which will accelerate their

research activities.

As a means of writing assistance, the use of formulaic expressions has previ-10

ously been investigated (AlHassan & Wood, 2015; Mizumoto et al., 2017; Iwat-

suki & Aizawa, 2018). Formulaic expressions are continuous or discontinuous

word sequences that are frequently used in scientific papers to convey specific

communicative functions (Cortes, 2013; Ädel, 2014). For example, the formu-

laic expression ‘little attention has been paid to’ conveys the communicative15

function ‘referring to the paucity of past work ’. Instead of having to compose

everything by themselves, the use of formulaic expressions helps authors express

their intended meaning more properly and effectively.

To utilise them, formulaic expressions should first be collected from a corpus

of scientific papers. However, the difficulty lies in both automatic extraction of20

formulaic expressions and automatic evaluation of formulaic expressions. In pre-

vious studies (Hyland, 2008; Chen & Baker, 2010; Simpson-Vlach & Ellis, 2010),

frequent word n-grams have been extracted from a corpus and the usefulness

of extracted word sequences has been evaluated manually because of a lack of

automatic evaluation methods. However, formulaic expressions are not always25
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Sentence
In this paper, we propose an indirect hidden Markov model (IHMM) for MT hypothesis alignment.

Formulaic expression
in this paper we propose

Content (non-formulaic expression)
an indirect hidden Markov model 

(IHMM) for MT hypothesis alignment

Communicative function (latent)
Showing the aim of this paper

FE extraction

FE evaluation

Figure 1: Sentence from a paper (He et al., 2008) presented in ACL Anthology. We assume that

a sentence consists of a formulaic expression that conveys a specific communicative function

and content. Thus, extraction of formulaic expressions is to distinguish formulaic part from

the non-formulaic part of a sentence. Also, to evaluate the extraction methods, how strongly

a formulaic expression and communicative function are connected is measured.

fixed lexical units. Some words can be replaced with others and spans are also

flexible. For example, ‘in this paper we propose’ is a formulaic expression, but

‘in this study we propose’ and ‘in this work we propose’ sometimes appear in-

stead. Also, both ‘in this paper we propose’ and ‘in this paper we propose a new

method to’ can be regarded as formulaic expressions because they both convey30

the communicative function ‘showing the aim of the paper ’. However, ‘paper

we propose a’ should not be labelled as a formulaic expression. In short, forms

of formulaic expressions can vary according to the syntax and content of the

sentence in which they appear. Therefore, the existing approach has made it

difficult to automatically determine which word sequences should be formulaic35

expressions.

To solve these problems, we redefine the extraction and evaluation problems

in the following way. First, formulaic expressions are always used in a sentence,

never alone. Therefore, we assume that a sentence consists of two parts: a

formulaic expression that conveys a specific communicative function and a re-40

maining non-formulaic part that expresses content such as names of materials

and details of methods (Figure 1). From this viewpoint, the extraction task can
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When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.

ROOT
advcl ccomp

span span spanNE NE NE

When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.

Figure 2: We first remove named entities (NE) from a sentence, resulting in three spans in

this example. Then, we remove words not satisfying the two conditions: (1) all the words in

the span that contains a root and (2) words organised by a root.

be regarded as a sequential labelling problem, that is, labelling each word in a

sentence formulaic or non-formulaic. For evaluation we measure how strongly

connected are an extracted formulaic expression and a communicative function.45

Unlike previous methodologies, which focus only on formulaic expressions rather

than whole sentences, our approach makes it possible to deal with short, long,

frequent and infrequent formulaic expressions at once.

Additionally, based on this approach, we propose an extraction method that

utilises named entities and a dependency structure to remove the non-formulaic50

part from a sentence (Figure 2). First, we remove named entities in a sentence,

resulting in a few spans split by the named entities. Secondly, we select words to

remove based on the dependency structure of the sentence. Words that do not

belong to a span containing the root of the sentence and that are not organised

by the root are removed.55

For evaluation, we also measure how much a formulaic expression conveys

a communicative function by assigning different weights to formulaic and non-

formulaic words in a sentence. To do so, we propose using the sentence retrieval

task (Iwatsuki et al., 2020) as an extrinsic evaluation method. In this task,

a query sentence is given and sentences that have the same communicative60

function as the query should be retrieved. Sentences are converted into vector

representations and ranked according to their similarity with the query. Each

sentence is tagged with its communicative function in advance. The difference

between the original task and our evaluation task lies in how the sentence vectors
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are created. In the original setting, sentence vectors are created by averaging65

vectors of each word in a sentence, which is a well-known way to create them.

On the contrary, to examine how much the formulaic part of a sentence conveys

a communicative function, we propose creating sentence vectors by assigning

different weights to formulaic words and non-formulaic words in a sentence.

We compare the performance of our proposed method to that of existing70

extraction methods. The results show that the proposed method achieves the

best performance among all compared methods.

Our contributions are as follows. First, we propose a comprehensive ap-

proach to extract and evaluate formulaic expressions that can take a variety of

forms. Secondly, we propose a new method to evaluate extraction methods by75

assigning different weights to formulaic expression candidates to create sentence

representations and applying a sentence retrieval task as an extrinsic evalua-

tion. Thirdly, we empirically demonstrate that the proposed evaluation method

is valid by testing formulaic and non-formulaic expressions. Finally, we propose

a new method to extract formulaic expressions. We empirically verified that80

the proposed method achieves the best performance among all the methods we

tested.

The proposed method does not require additional data labelled with formu-

laic expressions and it can be immediately applied to other corpora. Thus, this

work will accelerate the construction of multi-disciplinary database of formulaic85

expressions and research on computer-aided writing assistance using formulaic

expressions. Moreover, because formulaic expressions are used not only in schol-

arly papers but also in other documents and speeches, we hope the present study

can contribute to enhancing writing communications.

2. Related Work90

2.1. Communicative Functions in Scholarly Papers

Communicative functions represent the intentions of authors of scholarly ar-

ticles. Authors must communicate with readers in order for them to understand
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their research properly. Thus, every part of a scientific paper has a specific

function, such as providing background information, explaining methodology95

and discussing experimental results, and readers interpret these functions to

understand why that text is written.

Communicative functions should be aligned in a reasonable order that is

conventionally established by the research community to make papers easily

understandable. Swales (1981) first introduced the concept of move, which100

is a rhetorical unit conveying a communicative function in scholarly papers.

Transitions of moves have been found to be fixed to some extent. In Figure 3

moves and their transitions in introduction sections are described. Each move

has several steps, denoted by A), B) and C), which are finer-grained units.

Following his work (Swales, 1981, 1990, 2004), which focused on the introduction105

sections in research articles, Cotos et al. (2015) and Maswana et al. (2015)

analysed moves in every section. They created lists of moves and steps found

in scholarly articles.

Units where communicative functions are realised are flexible. Several sen-

tences sometimes realise one communicative functions, while a clause may also110

do. However, in previous work (Hirohata et al., 2008; Dayrell et al., 2012; Fiacco

et al., 2019; Iwatsuki et al., 2020), a sentence was regarded as a unit of com-

municative function. We follow this manner; we assume that one sentence has

a communicative function and thus one sentence has one formulaic expression

that conveys the communicative function.115

There are a few studies dealing with classification of communicative func-

tions. Dayrell et al. (2012) and Hashimoto et al. (2016) proposed feature-based

machine learning methods to classify sentences according to their communica-

tive functions. The limitation of these studies is that they used only abstracts

of papers. Thus, classification of communicative functions of a whole paper120

remains an open issue.
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Move 1 Establishing the Field
A) Showing Centrality
B) Stating Current Knowledge
C) Ascribing Key Characteristics

Move 3 Preparing for Present Research
A) Indicating a Gap
B) Question-Raising
C) Extending a Finding

Move 2 Summarizing Previous Research
A) Strong Author-Orientations
B) Weak Author-Orientations
C) Subject Orientations

Move 4 Introducing Present Research
A) Giving the Purpose
B) Describing present research

Figure 3: Moves in introduction sections proposed by Swales (1981). There are four moves

appearing in this order in the section. Each move has two or three steps, which are finer-

grained communicative functions.

2.2. Formulaic Expressions and Communicative Functions for Writing Assis-

tance

Formulaic expressions used in academic writing, also known as formulaic

sequences, lexical bundles and phraseologies, have been studied by many re-125

searchers (Simpson-Vlach & Ellis, 2010; Ädel & Erman, 2012; Liu, 2012; Vin-

cent, 2013; Pérez-Llantada, 2014; Omidian et al., 2018). The usage of formu-

laic expressions differs across disciplines (Hyland, 2008; Nekrasova-Beker, 2019).

Domain-specific studies on formulaic expressions, including mathematics (Cun-

ningham, 2017), social sciences (Lu et al., 2018), medicine (Jalali & Moini,130

2014), psychology (Esfandiari & Barbary, 2017) and applied linguistics (Qin,

2014), have been conducted. Therefore, not only general-purpose formulaic ex-

pressions but also domain-specific formulaic expressions should be collected for

writing assistance.

Cortes (2013) and Ädel (2014) proposed combining formulaic expressions and135

communicative functions. This combination makes it relatively easy to search

for specific formulaic expressions because formulaic expressions labelled with

their communicative functions can be searched for by not only keywords but

also authors’ intentions. Thus, a recently proposed writing assistance system

adopts this approach (Mizumoto et al., 2017). Following these studies, in this140

work, we adopt the definition that formulaic expressions are combined with

communicative functions.
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2.3. Multi-Word Expressions and Formulaic Expressions

Generally, multi-word expression is a different concept to formulaic expres-

sion but there is some overlap between the two concepts. Multi-word expressions145

do not always convey a communicative function. According to the survey by

Constant et al. (2017), multi-word expressions can be categorised in several

ways. For instance, ‘kick the bucket ’ is a typical multi-word expression and

categorised into the idiom class and ‘International Business Machines’ is cat-

egorised into the multi-word named entity class. However, both do not convey150

any specific communicative function in scientific papers.

PARSEME (Savary et al., 2017) is the most comprehensive dataset for multi-

word expression identification. In this dataset, multi-word expressions are clas-

sified into three categories: general, quasi-general and other; these categories

are not based on communicative functions. Therefore, state-of-the-art models155

for identification of multi-word expressions trained on the dataset (Waszczuk

et al., 2019; Saied et al., 2019) cannot be directly applied to the extraction of

formulaic expressions.

2.4. Evaluation of Formulaic Expressions

Manual evaluation has been a common method of formulaic expression eval-160

uation. Simpson-Vlach & Ellis (2010) asked experts whether they thought

extracted formulaic expressions were formulaic or had cohesive meaning and

Iwatsuki & Aizawa (2018) asked annotators whether they thought extracted

formulaic expressions were helpful for writing. Generally speaking, for tasks of

building new vocabulary, there is no reference. If some reference data exist,165

we do not need to create another, which Brooke et al. (2015) also pointed out.

Thus, an automated evaluation in which all extracted candidates are compared

to a reference lexicon is not realistic.

Additionally, the flexibility of formulaic expressions also makes automated

intrinsic evaluations difficult, where extracted formulaic expression candidates170

are evaluated by their properties, such as frequency and mutual information.

For example, both ‘beyond the scope’ and ‘is beyond the scope of this paper ’
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are good formulaic expressions that convey the same communicative function,

i.e., ‘describing the limitations of current research’. Therefore, even if manually

annotated formulaic expressions are available, there are still other allowable175

formulaic expressions as long as they convey the same communicative function.

To avoid these problems, we first propose an extrinsic evaluation method that

utilises communicative functions conveyed by formulaic expressions. The idea is

that a sentence can be split into a formulaic expression and a content part and

the former should convey a communicative function. Therefore, how strongly180

a formulaic expression candidate is connected to a sentence’s communicative

function can be considered a good proxy for measuring of the quality of the

formulaic expression candidate. We adopt the communicative-function-oriented

sentence retrieval task to check the degree of the connections.

3. Methods185

3.1. Dataset

We use two datasets for different purposes. The first dataset is the ACL

Anthology Sentence Corpus (AASC)1, which consists of 13,923 papers retrieved

from ACL Anthology2. For each paper, narrative texts are split into sentences

and sentences are labelled with their section. Generally, section headers in190

papers are not always fixed to a set of labels such as introduction, methods,

results and discussion, even though the content of the sections can be classified

into these fixed categories. For example, there is a case where two sections of

two different papers explain methodologies but the section headers are different:

‘Learning Method’ and ‘Approach’. Thus, it is necessary to integrate these195

variants into one content-based section header, i.e., ‘methods’ in this example.

However, in this dataset, the section labels are normalised into a limited number

of labels; thus, we can use sentences without checking the original section titles.

1https://github.com/KMCS-NII/AASC
2https://www.aclweb.org/anthology/
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Section: Introduction
Communicative function: Limitation or lack of past work
Formulaic expression: few studies have investigated
Sentence: By contrast, only a few studies have investigated how these 

devices affect sentiment analysis.
ID: S15-2115_s-2-3-1-1

Section: Result
Communicative function: Reference to tables or figures
Formulaic expression: it can be seen from
Sentence: It can be seen from Table 7 that the lexical and gazetteer related 

features are helpful
ID: P11-1037_s-21-1-0-3

Figure 4: Two examples recorded in the FECFeval dataset. Each instance consists of a

section label, communicative function, formulaic expression and sentence. These sentences

were originally retrieved from Van Hee et al. (2015) and Liu et al. (2011).

The second dataset (FECFeval)3 created by Iwatsuki et al. (2020) consists

of 5 sections (introduction, background, method, result and discussion). Each200

instance in the dataset consists of a sentence extracted from AASC, annotated

with its communicative function and formulaic expression (see examples in Fig-

ure 4). The number of communicative functions is 39: 11 for introduction, 7

for background, 6 for method and result and 9 for discussion; the total num-

ber of instances is 691. The communicative functions are based on the existing205

resource, Academic Phrasebank4.

3.2. Extraction

We assume that a sentence consists of a formulaic expression that conveys a

communicative function and named entities that realise a content of a sentence5.

Therefore, instead of directly identifying the formulaic part, we apply named210

entity recognition (NER) to remove the content part from a sentence. We

3https://github.com/Alab-NII/FECFevalDataset
4John Morley, http://www.phrasebank.manchester.ac.uk/
5Of course, there are sentences that do not contain formulaic expressions but this task is

the extraction of formulaic expressions; thus, we focus only on sentences containing formulaic

expressions. Also, some sentences do not contain any named entities but this method can still

be applied; nothing will be removed from a sentence.
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also investigated how many manually annotated formulaic expressions in the

FECFeval dataset contain words that are roots in the sentence dependency

structure and we found that 442 out of 686 (64.4%) formulaic expressions contain

roots. Thus, we extract a root of a sentence using the dependency structure of215

a sentence.

Named entity removal is conducted in the following way. In a sentence,

there can be both named entities specific to scientific papers, such as names

of methods, and datasets and general named entities, such as locations. Thus,

we use two different datasets to train the NER model: SciERC (Luan et al.,220

2018) and CoNLL04 (Roth & Yih, 2004). SciERC is a dataset based on scholarly

papers and named entities are annotated. Its entity types are specific to scientific

papers: task, method, evaluation metric, material, other scientific terms and

generic. CoNLL04’s entity annotations are general ones: location, organisation,

people and other. The NER model we trained on the two datasets is SpERT6
225

(Eberts & Ulges, 2020), which is the top of the leader board of NER tasks in

SciERC7.

By the removal of named entities, a sentence can be split into several spans

(if no named entity is in a sentence, no split happens). We applied the Stanford

CoreNLP dependency parser (Qi et al., 2018) to remove words that did not230

belong to a span containing a root and were not organised by a root.

In Figure 5, an example of a sentence processed by NER and dependency

parsing is shown. In this example, named entity removal results in three spans:

‘when comparing the two’, ‘it can be seen that’ and ‘outperforms the’. The root

of this sentence is ‘seen’; thus, the span ‘it can be seen that’ was marked as the235

formulaic part. Additionally, the words in the other spans that are organised by

the root, namely ‘comparing’ and ‘outperforms’, remained. All the other words

6We used the implementation presented by the authors: https://github.com/

markus-eberts/spert .
7Spert achieves the best performance on NER on SciERC according to ‘paper with code’

(https://paperswithcode.com/sota/named-entity-recognition-ner-on-scierc) as of 12

April 2020.
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When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.

Dependency structure

Named entities

When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.Result

Figure 5: Result of dependency parsing and named entity recognition. Named entities are

coloured grey and underlined.

were dropped; then, the formulaic expression candidate is ‘comparing * it can

be seen that * outperforms’.

3.3. Evaluation240

3.3.1. Sentence Representations

As mentioned in the introduction, we assume that a communicative function

is conveyed by a formulaic expression and thus, the extraction can be evaluated

by the strength of connection between a formulaic expression and a commu-

nicative function. Therefore, we create sentence vectors by assigning different245

weights to the formulaic and non-formulaic parts. It is a common way to av-

erage word embeddings of each word of a sentence to create a sentence vector.

Unlike the ordinary method, we assign different weights to word vectors of for-

mulaic and non-formulaic parts when averaging them, which can be formalised

as follows:250

s(W ) =
1

|W |

{
α ·

∑
wi∈FE

v(wi) + (1− α) ·
∑

wj∈nonFE
v(wj)

}
,

where s(·) is a vector of a sentence, W is a sequence of words in the sentence,

which consists of FE (formulaic expression) and nonFE (the remaining words

in the sentence), v(w) is a function that returns a vector representation of w

and α(0 ≤ α ≤ 1) is a parameter determining the weights of the formulaic and

non-formulaic parts. When α = 0.5, the sentence vector is simply the average255

of each word embedding. When α = 1.0, it consists of only the formulaic part.

Unlike the experiments conducted in Iwatsuki et al. (2020), where α was fixed

to 0.5, we vary α. In our experimental setting, we use skip-gram models for v(w)
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trained on AASC. We follow the experimental settings used in Iwatsuki et al.

(2020): the dimension is 200 and the window size is 2. It should be noted that260

our experiments do not rely on specific word embedding models or parameters.

3.3.2. Sentence Retrieval Task

Instead of directly evaluating extracted formulaic expressions, we propose an

extrinsic evaluation method that utilises communicative functions conveyed by

formulaic expressions. We adopt the sentence retrieval task proposed by Iwat-265

suki et al. (2020) to measure the strength of connection between extracted for-

mulaic expressions and communicative functions. In this task, a query sentence

is given and then a retrieval system should return an ordered list of sentences

ranked according to the similarities of communicative functions between the

query and other sentences. Then, the top-N sentences in the list are selected270

and for evaluation, it is checked how many sentences have the same communica-

tive function as the query.

In the system, sentences are converted into vector representation, as de-

scribed above. Then, sentence vectors are ranked according to the cosine simi-

larity with the query. Mean average precision (MAP) is used for evaluation of275

the retrieval task, which is formulated as follows:

MAP(Si) =
1

|Si|
∑
sj∈Si

1

nsj

|Ri
j |∑

k=1

 0 (CF(rk) 6= CF(sj))

Pi
j(k) (CF(rk) = CF(sj))

,

where Si is a set of sentences in section i, nsj is the number of correct answers

when the query sentence is sj , R
i
j is an ordered list of the sentence retrieval

result, Pi
j(k) is the precision at position k-th in the list and CF(rk) is a com-

municative function of the k-th ranked sentence rk ∈ Ri
j .280

4. Experiments

4.1. Overview

We conducted two experiments. The first one is for validating whether our

proposed evaluation method works or not. We prepared manually annotated
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formulaic and non-formulaic expressions and compared their performances in285

sentence retrieval. The second one compared our proposed extraction method

to other existing methods.

Both experiments are proceeded in the following way. First, the FECF-

dataset was split into five sections (introduction, background, method, result

and discussion). Secondly, for each section, one sentence was chosen as a query,290

and the sentence retrieval was applied to a set of other sentences. Then, an-

other sentence in the section was chosen as a query, and the same process was

repeated. After all the sentences were used as a query, the MAP score for the

section was calculated. Finally, the average of all five MAP scores was calcu-

lated for evaluation. For simplicity, we refer to the averaged MAP score as MAP295

score hereafter.

4.2. Validity of the Evaluation Method

In the FECFeval dataset (Iwatsuki et al., 2020), the CoreFEs are labelled

for each sentence. CoreFEs are phrases that are manually labelled as formulaic

expressions that convey a specific communicative function, but only the core300

part of a formulaic expression is annotated because CoreFEs are used as query

keywords for the retrieval of sentences from a corpus, in which a query that

is too long would result in no matching results. For example, ‘to the best of

our knowledge no work exists on’ can be regarded as a formulaic expression but

‘no work exists’ is only labelled as a CoreFE. Thus, it should be noted that305

a CoreFE can be regarded as a formulaic expression but it misses some words

that could also be included in the formulaic expression. We used the CoreFEs

as the result of manual extraction to compare other methods of extraction.

For comparison purposes, we prepare three other types of expressions: NonFE,

OneWordCoreFE and NonFE+CoreFE. Figure 6 shows the examples of the four310

patterns. NonFE represents words that are randomly extracted from a sen-

tence in which a CoreFE is removed. The length of NonFE expressions is the

same as that of the corresponding CoreFE. These are regarded as bad formu-

laic expressions. OneWordCoreFE represents one word randomly picked from a

14



Sentence: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
CoreFE: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
NonFE: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
OneWord: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
Core+NonFE: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.

Figure 6: Examples of four methods: CoreFE, NonFE, OneWordCoreFE (OneWord) and

CoreFE+NonFE (Core+NonFE), all of which are extracted from the sentence.

CoreFE for each sentence. NonFE+CoreFE represents combinations of NonFE315

and CoreFE.

OneWordCoreFE simulates an extraction method that misses most parts

of formulaic expressions. Putting more weight on OneWordCoreFE means ap-

plying less weight to most parts of formulaic expressions. Thus, the perfor-

mance should start to deteriorate at some point. NonFE+CoreFE simulates320

an extraction method that extracts the same number of formulaic and non-

formulaic words. This should cause lower performance than CoreFE because

non-formulaic words are heavily weighted.

4.3. Baselines for Extraction

4.3.1. Phrase Extraction and Sequential Labelling325

We compared our proposed method to other existing methods, which can be

classified into two types: phrase extraction and sequential labelling. For phrase

extraction, we adopted LatticeFS (Brooke et al., 2017), a method to extract

phrases from a whole corpus. For sequential labelling (Iwatsuki & Aizawa,

2018), each word in a sentence was labelled as either formulaic or non-formulaic.330

We adopt two methods: frequency-based and latent Dirichlet Allocation (LDA)-

based (Liu et al., 2016).

4.3.2. LatticeFS

Brooke et al. (2017) proposed a method (LatticeFS) to extract formulaic

expressions by comparing candidate formulaic expressions according to a pro-335

posed objective function called explainedness. Their idea is that if one n-gram

can be explained by another n-gram, both can be grouped into one n-gram.

15



Sentence: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
Formulaic Expressions: when comparing the two, comparing the two, comparing the two * models, the two * learning models, it can be seen that, 

can be seen, outperforms * perceptron, the averaged * method, averaged perceptron
Result: when comparing the two * learning models it can be seen that * outperforms * averaged perceptron method

Figure 7: Example of LatticeFS. This method extracts all formulaic expressions from a corpus

that are labelled as such by the proposed algorithm. There can be some formulaic expressions

that overlap each other.

They first created an n-gram lattice in which the (n − 1)-gram and (n +

1)-gram are connected to the n-gram. Then, using the concepts of covering,

clearing and overlap, they optimised explainedness to determine which nodes in340

the lattice should be labelled as formulaic expressions.

We used the implementation provided by the authors8 and applied it to the

FECFeval dataset (for an example, see Figure 7). For statistical calculation, a

whole corpus is needed and we used AASC.

4.3.3. Frequency-Based Sequential Labelling345

Formulaic expressions are considered to consist of words that occur more

frequently than words that are specific to certain research topics. According to

past work (Iwatsuki & Aizawa, 2018), simply removing words with low frequen-

cies improves the performance of classification of communicative functions.

Following this idea, we implemented a frequency-based extraction method350

consisting of the following steps. First, we calculated the frequencies of all

words occurring in AASC. Secondly, from a given sentence, we removed all

words whose frequencies were lower than the threshold. In our experiment, we

used several thresholds.

4.3.4. LDA-Based Sequential Labelling355

Liu et al. (2016) applied a topic-modelling to remove unnecessary words

from a sentence. They assumed that words that frequently appear in a certain

research topic do not compose formulaic expressions.

8https://github.com/julianbrooke/LatticeFS
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When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
.77 .67 .77 .76 .67 .63 .44 .71 .72 .70 .74 .75 .23 .61 .77 .60 .45 .62

Figure 8: Example that the LDA-based method was applied to. The numbers P(w) were

assigned to each word. Words coloured grey are below the threshold (0.65).

They use LDA to assign topic-dependency to each word in a sentence. They

calculated the score that indicates how much a word is a structure word (non-360

topic word) rather than a topic word as follows:

P(w) = 1− max pw(i)∑
pw(i)

,

where pw(i) is the probability of word w in a topic i.

Words with P(w) smaller than the threshold are removed from a sentence.

Following Liu et al. (2016)’s experimental settings, we set the threshold to 0.65

and the number of topics to 10. The calculation of P(w) was conducted on365

AASC. Figure 8 shows an example.

5. Results

5.1. Validity of the Sentence Retrieval Task as an Extrinsic Evaluation Method

In Figure 9 the MAP scores of CoreFE, NonFE, CoreFE+NonFE and OneWord-

CoreFE are shown. Comparing the performances between CoreFE and NonFE370

extraction, it can be said that good extraction methods improve the sentence

retrieval performance as α increases while bad methods deteriorate the perfor-

mance as α increases. Therefore, the MAP score at α = 1.0 can be used as an

indicator of effectiveness of extraction methods.

We conducted further analysis of the transitions of the performances ac-375

cording to α. As for CoreFEs, i.e., good formulaic expressions, MAP increases

monotonically as α increases. Conversely, for NonFE, MAP decreases monoton-

ically. MAP of CoreFE+NonFE is located between the two. The performance

increases as well as CoreFEs, but due to non-formulaic words, it is not as good

as CoreFEs.380
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Figure 9: Relationships between MAP and α. MAP of CoreFE monotonically increases, while

that of NonFE behaves inversely. CoreFE+NonFE shows that lower performance is attributed

to extraction of unnecessary words. OneWordCoreFE shows that by missing indispensable

words the peak of MAP appears between α = 0.5 and 1.0.

However, for OneWordCoreFE, the peak is at, α = 0.8, and MAP decreases

after that. This phenomenon can be explained as follows. As α increases from

0.5 to 0.8, heavier weight on the one-word formulaic expressions has a good effect

on the performance. In other words, less weight is put on the remaining for-

mulaic expressions. This smaller weight on the remaining formulaic expressions385

deteriorates the performance with higher α.

From these observations, we argue that the sentence retrieval task is valid

to evaluate extraction methods. Basically, comparing MAP scores at α = 1.0

is a good indicator. The change of MAP score gives additional insight. If it

increases monotonically, most formulaic words are extracted from a sentence. If390

there is a peak between α = 0.5 and 1.0, the method seems to fail to extract a

significant part of a formulaic expression.

5.2. Formulaic Expression Extraction

Table 1 shows the results of the extraction of formulaic expressions with the

proposed and existing methods. CoreFE and NonFE are also included in the395
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Table 1: Results of all compared methods. The proposed method, named entity removal

(NER) and dependency parsing (depparse) achieved the best performance.

CoreFE NonFE Frequency LatticeFS LDA NER+depparse

MAP 56.2% 26.9% 36.8% 35.2% 38.6% 42.2%

Section: Introduction
Communicative function: the importance of the topic
Original: Categorization is a classic problem in cognitive science, underlying a variety of common mental tasks including perception, 

learning, and the use of language.
Frequency: categorization is a * problem in cognitive science underlying a variety of common * tasks including * learning and the use of language
LatticeFS: is a classic problem in cognitive science underlying * variety of * tasks including * learning and * use of language
LDA: is a classic problem in * underlying a variety of common * tasks including * and the use of
NER: is a classic problem in * underlying a variety of common * including * and the use of language
NER+dep: is a classic problem in
(cited from E14-1027)

Section: Result
Communicative function: comparison of the results
Original: When comparing the two online learning models, it can be seen that MIRA outperforms the averaged perceptron method.
Frequency: when comparing the two online learning models it can be seen that * outperforms the averaged perceptron method
LatticeFS: when comparing the two * learning models it can be seen that * outperforms * averaged perceptron method
LDA: when comparing the two online * it can be seen that * the
NER: when comparing the two * it can be seen that * outperforms the
NER+dep: comparing * it can be seen that * outperforms
(cited from P05-1012)

Figure 10: Two examples of results by each method. These sentences were originally retrieved

from Frermann & Lapata (2014) and McDonald et al. (2005).

table for comparison. MAP scores are computed at α = 1.0. Among the four

extraction methods, the proposed method achieved the best performance.

We also tested various parameter settings for the frequency-based and LDA-

based methods to see the differences. Table 2 shows the MAP scores of the

frequency-based method at α = 1.0 with different thresholds. Too strict a400

threshold (10−4) seems to remove formulaic words. There is not much difference

between 10−5 and 10−6, which implies that almost all words, including formulaic

and non-formulaic words, remain as the formulaic part, resulting in the use of

whole sentences.

Table 3 shows the MAP scores with different parameters of the LDA-based405

method. Liu et al. (2016) reported that based on their experiments, they set

the number of topics to 10 and the threshold to 0.65. This setting is not the

best in our experimental settings, but using different parameters did not result

in sufficient improvement to outperform our proposed method.
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Table 2: Results at α = 1.0 with different thresholds of frequency.

Threshold 10−4 5× 10−4 10−5 5× 10−5 10−6

MAP 35.8% 36.8% 36.7% 36.7% 36.6%

Table 3: MAP scores of LDA-based method with different parameters. Although some com-

bination of parameters achieved relatively low scores, most patterns resulted in no significant

difference. We used parameters reported by (Liu et al., 2016), namely 10 topics and 0.65 as

the threshold.

Number of topics

Threshold 5 10 15 20

0.55 39.7% 38.6% 38.3% 38.5%

0.65 36.0% 38.6% 38.3% 38.9%

0.75 31.9% 30.3% 36.4% 39.3%

6. Discussion410

In Figure 10, the formulaic expression candidates extracted by all the meth-

ods we tested are depicted. It was found that the proposed method extracted

shorter formulaic expressions than the others did, which implies that it removed

non-formulaic words more thoroughly, resulting in better performance. In Fig-

ure 11, the relationships between α and MAP scores are illustrated. The peak of415

the performance of the proposed method, NER+depparse, is at α = 0.9. Thus,

although it achieved the best performance among other methods, the proposed

method missed some formulaic words.

Without dependency-structure-based word selection, the MAP score was

39.8%, which is higher than that of the LDA-based method (38.6%) but lower420

than that of the proposed method (42.2%). Therefore, the word selection

method worked well to remove non-formulaic words that were not removed by

simply applying named entity removal.

We have two types of named entities: general named entities with the

CoNLL04 dataset (Roth & Yih, 2004) and scientific entities with the SciERC425

dataset (Luan et al., 2018). The MAP score of NER was 39.8%, but without
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Figure 11: Relationships between MAP and α. The peak of the proposed method

(NER+depparse) is at α = 0.9.

CoNLL04 dataset, the performance reduced to 39.7%. Although the difference

was small, it can still be said that both types of named entities worked comple-

mentarily.

7. Conclusion430

There exists a problem that formulaic expressions appear in a sentence with

different spans and forms, which has brought difficulty to the extraction and

evaluation of formulaic expressions. To alleviate this problem, we presented the

idea that a sentence can be split into a formulaic expression that conveys a com-

municative function and non-formulaic part that expresses content. With this435

approach, formulaic expressions with different spans and forms can be dealt

with. Based on this formulation, we proposed an extraction and evaluation

method for formulaic expressions. Our extraction method consists of named en-

tity removal and dependency structure-based word selection and it achieved the

best performance compared to other existing methods. Our evaluation method440

adopts the sentence retrieval task as a means of extrinsic evaluation, which mea-

sures the strength of the connection between formulaic expression candidates
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and communicative functions. We experimentally demonstrated that the pro-

posed evaluation method worked well by evaluating formulaic and non-formulaic

expressions.445

This work can be utilised to create lists of formulaic expressions automati-

cally, which will accelerate multi-disciplinary academic writing assistance. We

hope that this work will promote research on formulaic expressions in natural

language processing and the applied linguistic community.
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Constant, M., Eryiǧit, G., Monti, J., Plas, L. v. d., Ramisch, C., Rosner, M., &

Todirascu, A. (2017). Multiword expression processing: A Survey. Computa-480

tional Linguistics, 43 , 837–892. doi:10.1162/COLI_a_00302.

Cortes, V. (2013). The purpose of this study is to: Connecting lexical bundles

and moves in research article introductions. Journal of English for Academic

Purposes, 12 , 33–43.

Cotos, E., Huffman, S., & Link, S. (2015). Furthering and applying485

move/step constructs: Technology-driven marshalling of Swalesian genre

theory for EAP pedagogy. Journal of English for Academic Purposes,

19 , 52 – 72. URL: http://www.sciencedirect.com/science/article/pii/

S1475158515300060. doi:10.1016/j.jeap.2015.05.004.

Cunningham, K. J. (2017). A phraseological exploration of recent mathematics490

research articles through key phrase frames. Journal of English for Academic

Purposes, 25 , 71 – 83. URL: http://www.sciencedirect.com/science/

article/pii/S147515851630087X. doi:10.1016/j.jeap.2016.11.005.

Dayrell, C., Candido, A. J., Lima, G., Machado, D. J., Copestake, A., Feltrim,

V., Tagnin, S., & Aluisio, S. (2012). Rhetorical move detection in English495

abstracts: Multi-label sentence classifiers and their annotated corpora. In

23

https://www.aclweb.org/anthology/W15-0915
https://www.aclweb.org/anthology/W15-0915
https://www.aclweb.org/anthology/W15-0915
http://dx.doi.org/10.3115/v1/W15-0915
http://dx.doi.org/10.1162/tacl_a_00073
http://dx.doi.org/10125/44213
http://dx.doi.org/10.1162/COLI_a_00302
http://www.sciencedirect.com/science/article/pii/S1475158515300060
http://www.sciencedirect.com/science/article/pii/S1475158515300060
http://www.sciencedirect.com/science/article/pii/S1475158515300060
http://dx.doi.org/10.1016/j.jeap.2015.05.004
http://www.sciencedirect.com/science/article/pii/S147515851630087X
http://www.sciencedirect.com/science/article/pii/S147515851630087X
http://www.sciencedirect.com/science/article/pii/S147515851630087X
http://dx.doi.org/10.1016/j.jeap.2016.11.005


Proceedings of the Eight International Conference on Language Resources and

Evaluation (LREC’12) (pp. 1604–1609).

Eberts, M., & Ulges, A. (2020). Span-based joint entity and relation extraction

with transformer pre-training. In the 24th European Conference on Artificial500

Intelligence.

Esfandiari, R., & Barbary, F. (2017). A contrastive corpus-driven study

of lexical bundles between english writers and persian writers in psychol-

ogy research articles. Journal of English for Academic Purposes, 29 ,

21 – 42. URL: http://www.sciencedirect.com/science/article/pii/505

S1475158517300784. doi:10.1016/j.jeap.2017.09.002.

Fiacco, J., Cotos, E., & Rosé, C. (2019). Towards enabling feedback on rhetorical

structure with neural sequence models. In Proceedings of the 9th International

Conference on Learning Analytics & Knowledge (pp. 310–319). URL: http://

doi.acm.org/10.1145/3303772.3303808. doi:10.1145/3303772.3303808.510

Frermann, L., & Lapata, M. (2014). Incremental Bayesian learning of semantic

categories. In Proceedings of the 14th Conference of the European Chapter of

the Association for Computational Linguistics (pp. 249–258). URL: https:

//www.aclweb.org/anthology/E14-1027. doi:10.3115/v1/E14-1027.

Hashimoto, K., Soonklang, T., & Hirokawa, S. (2016). Feature words of moves in515

scientific abstracts. In 2016 5th IIAI International Congress on Advanced Ap-

plied Informatics (IIAI-AAI) (pp. 144–149). doi:10.1109/IIAI-AAI.2016.

38.

He, X., Yang, M., Gao, J., Nguyen, P., & Moore, R. (2008). Indirect-HMM-

based hypothesis alignment for combining outputs from machine translation520

systems. In Proceedings of the 2008 Conference on Empirical Methods in

Natural Language Processing (pp. 98–107). URL: https://www.aclweb.org/

anthology/D08-1011.

24

http://www.sciencedirect.com/science/article/pii/S1475158517300784
http://www.sciencedirect.com/science/article/pii/S1475158517300784
http://www.sciencedirect.com/science/article/pii/S1475158517300784
http://dx.doi.org/10.1016/j.jeap.2017.09.002
http://doi.acm.org/10.1145/3303772.3303808
http://doi.acm.org/10.1145/3303772.3303808
http://doi.acm.org/10.1145/3303772.3303808
http://dx.doi.org/10.1145/3303772.3303808
https://www.aclweb.org/anthology/E14-1027
https://www.aclweb.org/anthology/E14-1027
https://www.aclweb.org/anthology/E14-1027
http://dx.doi.org/10.3115/v1/E14-1027
http://dx.doi.org/10.1109/IIAI-AAI.2016.38
http://dx.doi.org/10.1109/IIAI-AAI.2016.38
http://dx.doi.org/10.1109/IIAI-AAI.2016.38
https://www.aclweb.org/anthology/D08-1011
https://www.aclweb.org/anthology/D08-1011
https://www.aclweb.org/anthology/D08-1011


Hirohata, K., Okazaki, N., Ananiadou, S., & Ishizuka, M. (2008). Identifying

sections in scientific abstracts using conditional random fields. In Proceedings525

of the Third International Joint Conference on Natural Language Process-

ing: Volume-I (pp. 381–388). URL: https://www.aclweb.org/anthology/

I08-1050.

Hyland, K. (2008). As can be seen: Lexical bundles and disciplinary

variation. English for Specific Purposes, 27 , 4–21. URL: http:530

//www.sciencedirect.com/science/article/pii/S0889490607000233.

doi:10.1016/j.esp.2007.06.001.

Iwatsuki, K., & Aizawa, A. (2018). Using formulaic expressions in writing assis-

tance systems. In Proceedings of the 27th International Conference on Com-

putational Linguistics (pp. 2678–2689). URL: https://www.aclweb.org/535

anthology/C18-1227.

Iwatsuki, K., Boudin, F., & Aizawa, A. (2020). An evaluation dataset for

identifying communicative functions of sentences in english scholarly papers.

In Proceedings of the 12th Language Resources and Evaluation Conference

(pp. 1705–1713).540

Jalali, Z. S., & Moini, M. R. (2014). Structure of lexical bundles in introduction

section of medical research articles. Procedia - Social and Behavioral Sciences,

98 , 719 – 726. URL: http://www.sciencedirect.com/science/article/

pii/S1877042814025646. doi:10.1016/j.sbspro.2014.03.473.

Liu, D. (2012). The most frequently-used multi-word constructions in academic545

written English: A multi-corpus study. English for Specific Purposes, 31 ,

25–35.

Liu, X., Zhang, S., Wei, F., & Zhou, M. (2011). Recognizing named entities in

tweets. In Proceedings of the 49th Annual Meeting of the Association for Com-

putational Linguistics: Human Language Technologies (pp. 359–367). URL:550

https://www.aclweb.org/anthology/P11-1037.

25

https://www.aclweb.org/anthology/I08-1050
https://www.aclweb.org/anthology/I08-1050
https://www.aclweb.org/anthology/I08-1050
http://www.sciencedirect.com/science/article/pii/S0889490607000233
http://www.sciencedirect.com/science/article/pii/S0889490607000233
http://www.sciencedirect.com/science/article/pii/S0889490607000233
http://dx.doi.org/10.1016/j.esp.2007.06.001
https://www.aclweb.org/anthology/C18-1227
https://www.aclweb.org/anthology/C18-1227
https://www.aclweb.org/anthology/C18-1227
http://www.sciencedirect.com/science/article/pii/S1877042814025646
http://www.sciencedirect.com/science/article/pii/S1877042814025646
http://www.sciencedirect.com/science/article/pii/S1877042814025646
http://dx.doi.org/10.1016/j.sbspro.2014.03.473
https://www.aclweb.org/anthology/P11-1037


Liu, Y., Wang, X., Liu, M., & Wang, X. (2016). Write-righter: An academic

writing assistant system. In Thirtieth AAAI Conference on Artificial In-

telligence (pp. 4373–4374). URL: https://www.aaai.org/ocs/index.php/

AAAI/AAAI16/paper/view/11805.555

Lu, X., Yoon, J., & Kisselev, O. (2018). A phrase-frame list for social science

research article introductions. Journal of English for Academic Purposes,

36 , 76 – 85. URL: http://www.sciencedirect.com/science/article/pii/

S1475158518301152. doi:10.1016/j.jeap.2018.09.004.

Luan, Y., He, L., Ostendorf, M., & Hajishirzi, H. (2018). Multi-task identi-560

fication of entities, relations, and coreference for scientific knowledge graph

construction. In Proceedings of the 2018 Conference on Empirical Methods in

Natural Language Processing (pp. 3219–3232).

Maswana, S., Kanamaru, T., & Tajino, A. (2015). Move analysis of research

articles across five engineering fields: What they share and what they do not.565

Ampersand , 2 , 1–11.

McDonald, R., Crammer, K., & Pereira, F. (2005). Online large-margin training

of dependency parsers. In Proceedings of the 43rd Annual Meeting of the As-

sociation for Computational Linguistics (ACL’05) (pp. 91–98). URL: https:

//www.aclweb.org/anthology/P05-1012. doi:10.3115/1219840.1219852.570

Mizumoto, A., Hamatani, S., & Imao, Y. (2017). Applying the bundle–

move connection approach to the development of an online writing

support tool for research articles. Language Learning , 67 , 885–921.

URL: https://onlinelibrary.wiley.com/doi/abs/10.1111/lang.12250.

doi:10.1111/lang.12250.575

Nekrasova-Beker, T. M. (2019). Discipline-specific use of language pat-

terns in engineering: A comparison of published pedagogical mate-

rials. Journal of English for Academic Purposes, 41 . URL: http:

//www.sciencedirect.com/science/article/pii/S147515851830609X.

doi:10.1016/j.jeap.2019.100774.580

26

https://www.aaai.org/ocs/index.php/AAAI/AAAI16/paper/view/11805
https://www.aaai.org/ocs/index.php/AAAI/AAAI16/paper/view/11805
https://www.aaai.org/ocs/index.php/AAAI/AAAI16/paper/view/11805
http://www.sciencedirect.com/science/article/pii/S1475158518301152
http://www.sciencedirect.com/science/article/pii/S1475158518301152
http://www.sciencedirect.com/science/article/pii/S1475158518301152
http://dx.doi.org/10.1016/j.jeap.2018.09.004
https://www.aclweb.org/anthology/P05-1012
https://www.aclweb.org/anthology/P05-1012
https://www.aclweb.org/anthology/P05-1012
http://dx.doi.org/10.3115/1219840.1219852
https://onlinelibrary.wiley.com/doi/abs/10.1111/lang.12250
http://dx.doi.org/10.1111/lang.12250
http://www.sciencedirect.com/science/article/pii/S147515851830609X
http://www.sciencedirect.com/science/article/pii/S147515851830609X
http://www.sciencedirect.com/science/article/pii/S147515851830609X
http://dx.doi.org/10.1016/j.jeap.2019.100774


Omidian, T., Shahriari, H., & Siyanova-Chanturia, A. (2018). A cross-

disciplinary investigation of multi-word expressions in the moves of research

article abstracts. Journal of English for Academic Purposes, 36 , 1–14.
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