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Abstract

We survey fifty years of algorithms to discover rhymes in natural language text, focusing largely
on rhymes in English, but also in Italic and other Germanic languages. Using a systematic
mapping review, we filtered from 4704 initially reviewed studies down to 89 that were relevant
to our research questions and satisfied our inclusion criteria. Older papers document the
history of simple computer algorithms being used to analyze poetry, but these also include
some that create text with rhyming patterns. Papers from 2006 to 2016 often include complex
algorithms for teasing out complex rhyme definitions, particularly in the domain of rap music.
More recent papers have moved to studying the use of large language models (LLMs) and
either adapting their mathematical properties, or simply training them on a collection of
rhyming text. We explore how grey literature (blogs, open-source programming projects and
more) relates to the academic literature in rhyme detection, and we describe the complexity of

engaging in systematic reviews of this sort in areas that span many disciplines.

Introduction

Algorithms for rhyme detection span the past half century, with researchers building computational
systems for text analysis or generation of increasing sophistication during that time. In this study, we
perform a systematic mapping review of research in this area, focusing on algorithms for Germanic
(English, German, Norwegian) and Italic (Spanish, Portuguese, French, Italian, Latin, Romanian)
languages. We categorize the time of creation, use case, data type, and variety of algorithms used in
these studies, and map changes over time in the methods and uses of these algorithms. We investigate

academic and grey-literature sources, and editorialize about our delight in the complexity of some
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method, and the simplicity of others. We find everything from an early study by a Spanish literature PhD
student studying a specific poet’s rhyme patterns [1], in the 1980s, to co-creative, interactive poetry
generation systems from the past year [2]. Rhyme detection is a window into both natural-language

analysis and the use of computers in the digital humanities.

Why study rhyme algorithms?

We study the history of rhyme detection algorithms for a number of important reasons. First, they
illustrate the history of change in computational analysis of text. Early authors mostly focused on simple
analyses, though humanists in the field still tended to collaborate with computer scientists or used
software developers to implement their ideas, as in Drake [1]. These methods are still used, but some of
the simplest ones now are proposed as pedagogical examples (see, for example, Gries [3]). Later there
was a period of complicated computer science algorithm development, where the barrier to entry from
people outside computer science was high; other developers have needed to alter and update machine
learning systems to search for the patterns they wanted to study. Now, in an era of ubiquitous machine
learning algorithms, we see a collection of authors using state-of-the-art machine learning models
without being forced to actually program them: they can simply train the models on a curated collection
of poems or song lyrics, then use the ML models to classify and identify the properties they are looking

for.

Similarly, these algorithms show off the changing methods for generation of new rhyming text. When
the first author of this paper gave academic or public talks about master’s student Hussein Hirjee’s work
[4,5] on detecting complex rhyme patterns in rap lyrics, members of the audience always asked, “what
about generating new rap lyrics?” Later, Dekai Wu's research group in Hong Kong developed new

algorithms to generate such lyrics [6,7] and Eric Malmi and his colleagues in Helsinki used ML methods
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to predict which lines would best finish off a rap verse [8]. This work follows decades of work on

generation of poetry, such as limerick algorithms [9].

Specific research questions

As we were not building a review toward the answer of a scientific question (as, say, in a medical study),

our project’s aims evolved as we examined the sources we found. These are some of our main research

questions:

What sorts of algorithms are used in these methods? Is it neural-network pattern
finding, phonemic alignment, or more? To answer this question, we categorized each
paper by the type of algorithm used.

Does rhyme detection involve different approaches in different languages? How much
work is done outside English? To answer these questions, we categorized papers by the
language used.

Does rhyme detection done by hobbyists look different from rhyme detection done by
academic researchers? We analyzed academic and preprint literature in one group and
other grey literature in a different group, and we present our findings below. We were
not able to identify published papers by hobbyists, and many grey literature sources
were from academics or students.

Have the algorithms changed much over the past 10 years? Has there been a transition

to machine learning approaches, or is there still a broad variety of methods?
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Form of the review

We reviewed Grant and Booth’s topology of reviews [10] and found that the goal of exploring the state
of algorithms relating to rhyme would be best achieved by a systematic map of the literature. This
choice is also supported by Kitchenham and Brereton [11], who compare and contrast systematic
mapping reviews (SMR) with systematic literature reviews (SLR). SMRs focus on a topic area rather than
try to answer a specific question; they provide an analysis of general trends in the research area. As this
study is interested in the nature of the literature on algorithms relating to rhyme, rather than comparing

the empirical results of studies, it falls firmly in the SMR category.

Methods

This study was guided by two frameworks. Petersen [12] gives recommendations for conducting SMRs.
The PRISMA Extension for Scoping Reviews (PRISMA-ScR) Checklist and Explanation (2020) describes
basic goals of scoping and mapping reviews [13]. Petersen’s review identifies nine well used SMR
guidelines which include Kitchenham [14], Arksey and O’Malley [15], Kitchenham and Charters [16], and
Kitchenham and Brereton [11]. The Petersen review then consolidates processes and strategies across
guidelines and provides updated best practice recommendations. We followed these updated guidelines
along with PRISMA reporting guidelines. While scoping reviews and SMRs vary slightly, they both focus
on a topic area rather than a answering a specific question [10]. This provides enough similarity to make

the PRISMA ScR'’s reporting structure suitable for this study.
Eligibility
We wanted to consider a large collection of thematically-related papers, so we developed eligibility

criteria with breadth in mind. However, we wanted to focus on papers that either fully described their

rhyme detection algorithms, or focused on novel uses of those algorithms, rather than every paper that
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uses rhyme detection methods. In particular, given that we did our literature search on November 21,
2022, there are probably dozens of papers that have come in the six months since then that use Chat-
GPT (released on November 30, 2022) to build poetry, whose description would not have furthered our
research outcomes. We discuss below how we filtered our data set to focus on primary sources of

rhyme detection algorithms.

We wanted to focus on text analysis, so we excluded papers that used audio inputs only (such as
recordings of songs or speeches). And, because we wanted to focus on definitions of “rhyme” familiar to
the authors, we excluded papers focusing on Chinese or Arabic poetry or Hindi verse. To be consistent,
we chose two language families, and allowed only papers with Germanic (English, Dutch, German,

Norwegian) or Italic (Spanish, French, Portuguese, Romanian, Italian) language sources.

As such, we used the following criteria to identify studies relevant to the research questions:

e Inclusion
o The research paper describes an algorithm for rhyme detection
o The research paper gives proper reference to the algorithm that it uses in the poetry
generation or analysis process
o The algorithm is designed for use with natural language
o The language for the writing is Germanic or Italic in origin
o The algorithm is used with textual inputs/outputs
e Exclusion
o The research paper is written in a language other than English
o The algorithm is not designed for rhyme detection, or is insufficiently detailed, or the
rhymes were not identified by an algorithm at all

o Review papers
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o The language for the writing is not Germanic or Italic in origin

o The algorithm is used for audio inputs/outputs only

Information sources

We searched eight literature databases on November 21, 2022 to find relevant literature for the research
guestions. The interdisciplinary nature of this topic necessitated the use of a variety of databases to find
studies from computer science (ACM Digital Library), software engineering (IEEE Digital Library),
computational linguistics (ACL Anthology), linguistics (Linguistics and Language Behavior Abstracts via
ProQuest), music (Music Index via EBSCOhost), and literature (MLA International Bibliography and
Communication & Mass Media Complete both via EBSCOhost). We also searched Scopus, as it is a large
and multidisciplinary research database, and it has advanced searching capabilities which increase

precision in systematic searching [17].

We considered, but decided against, three other databases. We did not include Google Scholar or
SpringerLink, because an assessment of 28 databases for systematic searching assessed them as lacking
the needed functionality for a primary review search [17]. We did not include ScienceDirect, because it,

like Scopus, is an Elsevier product, and their overlap is significant.

We used citation searching, or snowballing, on the articles included for data extraction after the
screening stage. Newer papers that cite included papers as well as the references of included papers
were screened for inclusion. However, as we describe below, we strengthened the standards for

inclusion during snowballing to avoid being overwhelmed with irrelevant studies.

In addition to the published literature, we conducted a grey literature search on January 30, 2023 to
identify rhyming algorithms and approaches that may not have been written about in academic studies.

Garousi, Felderer, and Mantyla [18] and Zhang et al. [19] recommend a grey literature component when
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the research questions rely on contextualizing the literature and/or if there is a large amount of
practitioner created sources. This study’s first author noted that some algorithms are developed outside
of academia by hobbyists, so it was likely that there would be relevant information about these
algorithms disseminated outside of the traditional research literature. These algorithms, and any
documentation available on them, were considered for inclusion based on modified eligibility criteria.
The algorithms must be used for rhyme detection, poetry generation, or poetry analysis; designed for
natural language which is Germanic or Italic in origin; and used for textual inputs/outputs. We did not
include items that merely cite a rhyme generator / detector. The grey literature source selection and
search methods were modified from the those outlined by Godin et al. [20] and Garousi, Felderer, and
Mantyla [18]. Preliminary searching indicated that a Google search, preprint servers, and code
repositories would be the best options for locating relevant items. arXiv

https://arxiv.org/search/advanced, the premier preprint repository in computer science, and Humanities

Core https://hcommons.org/deposits/ were searched for preprints and GitHub https://github.com/,

Kaggle https://www.kaggle.com/, Pypi https://pypi.org/, and SourceForge https://sourceforge.net/ were

searched for code.

Search

The database searches were developed in Scopus by the second author, who is a librarian with
knowledge of systematic search techniques and the computer science literature. Librarians for music,
English, and the digital humanities were consulted for database and search term suggestions. The
Scopus search (displayed in Table 1) was reviewed by a health librarian with extensive expertise in
systematic and scoping reviews and was used to develop the searches for the other databases (found in
S1 Appendix). The final search results were exported from each database into Covidence

https://www.covidence.org/ and any duplicates were removed.
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Table 1. Scopus search, performed November 21, 2022.

Search | Query Field Results
1 music* OR song* OR poem®* OR poet* OR lyric* OR Article title, 371,754
verse* Abstract,
Keywords
2 troch* OR limerick* OR consonan* OR assonan* OR Article title, 100,885
scansion®* OR caden* OR iamb* OR prosod* OR Abstract,
sonnet™® OR couplet* OR freestyl* Keywords
3 1AND 2 5,344
4 sonnet™* OR couplet* OR limerick* OR lyric* Article title 5,722
5 {rhyme} OR {rhyming} OR {rhymes} OR stanza* OR Article title, 9,696
quatrain* OR ballad* Abstract,
Keywords
6 30R40R5 19,498
7 automat* OR algorithm* OR comput* OR Article title, 12,647,518
unsupervised OR un-supervised OR autoencod* OR Abstract,
"neural network*" OR software* OR "machine Keywords
learning" OR "artificial intelligence" OR "probabilistic
method*" OR "probabilistic model*" OR markov OR
"graph theor*" OR "graph structure*" OR "constraint
satisfact*" OR "constraint program*" OR "deep
learning" OR "reinforcement learning"
8 6 AND 7 1,767
9 Limit 8 to English 1,677

The search development began by identifying the most important concepts within the research

guestions: algorithms and rhyme. However, we noticed through preliminary searching that not all

papers fully describe their algorithm’s function in the abstract, so the concept of rhyme was broken

down further into two concepts: types of written items that often have rhyming and elements relating to

rhyming structure. These concepts were nested within rhyme to create the search structure: algorithm

AND (rhyme OR (types of written items that often have rhyming) AND (elements relating to rhyming

structure)).

The subject matter expert (first author) provided relevant articles and the librarian (second author)

selected appropriate keywords to add to the search. To improve recall, this search was implemented in
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Scopus and results were sorted by relevance. More keywords were identified for inclusion in the search
from the abstracts and author keywords of articles that looked highly relevant. This process was
repeated in all the other databases except for the ACL Anthology, due to its lack of advanced search
functionality. Ideas for keywords were also found in the rhyme entry in the Encyclopedia of Language &
Linguistics [21] as well as from the controlled vocabulary in the Linguistics and Language Behavior

Abstracts ([22] and Communication & Mass Media Complete ([23] databases.

The resulting search provided an unmanageable number of papers for review. To improve precision,
keywords were tested in Scopus to determine how many relevant articles would be missed by removing
the term. Sorting by relevance, the first 20 results were examined. If none of the results looked
obviously relevant that term was removed. If one or more looked relevant, then we tried to retain the
term. Some terms returned hundreds to thousands of irrelevant results, so the term had to be removed
to ensure screening remained manageable. In those cases, a more specific keyword or key phrase was
identified to find the relevant papers without bringing back so many of those irrelevant ones. Due to the

lack of descriptive terms in the abstracts for this topic there were a few times this was not successful.

In some cases, the search structure was modified to improve precision. For example, in addition to
“limerick” and “sonnet” finding articles about these poetic forms, they also found many articles about
research at the University of Limerick and research using a variety of software or systems called Sonnet
(either from a company of that name, or as the name of a software system [24]). Therefore, in some
databases, these terms had to be searched in the title only or combined with other terms relating to
rhyming structure. Another example is the homophone words “rhyme” and “rime.” “Rime” is an
alternate spelling of rhyme, so if not restricted by quotation marks, Scopus automatically searches for
“rime” as well. Unfortunately for the search, “rime” also refers to the buildup of ice [25]. Searches that

did not remove this spelling brought in an overwhelming number of irrelevant engineering articles, so

10
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“rhyme” had to be searched in braces to prevent Scopus from expanding the search to include its

homophone.

The search structure was also adapted as needed to account for the difference in database content.
Since the ACM, IEEE, and ACL databases are already focused on computer science publications, it was
unnecessary to search them for the algorithms concept; similarly, the content of the Music Index made it
unnecessary to search for the types of written items with the rhyming concept. Leaving out these
concepts allowed the search to retrieve items that may have been missed if those concepts lacked our

chosen keywords.

We needed a workaround for the ACL Anthology because its website search uses Google search, and as
such was unable to use the keywords and Boolean structure of our queries as we intended. While ACL
Anthology does not have a method for batch exporting search results, it does allow one to batch
download the full anthology as BibTeX with abstracts; the first author wrote a custom Python script to

filter these records for those that matched our complex search criteria.

Due to the lack of descriptive terms in some abstracts and the number of noise-generating terms that
had to be searched in a more limited manner, this search may not have found all relevant literature. We
augmented our search results by adding the references in the bibliographies (taken from Scopus) of
included papers, and by using Google Scholar to identify papers citing the ones we had included.
However, in this snowballing phase, we did not include papers that merely use existing rhyme algorithms
as subroutines in the rhyme generation process, as we would have then wound up with all papers that
automatically generate rhyming poetry. Having a few such papers from the first phase of the process
was fine, as it gave us a sense for what the use of rhyme detection algorithms is, but we would otherwise

have been swamped with papers that do not answer our research questions.

11
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Simple searches were necessary for the preprint servers, code repositories, and Google because their
search interfaces generally lack advanced features. Because of this limitation, a small subset of the
database keywords was used for each search, focusing on the ones which found only the most relevant
results. This subset was derived from multiple preliminary searches of the grey literature sources as
suggested by Garousi, Felderer, and Mantyla [18] and Zhang et al. [19]. This worked well for arXiv, a
STEM-focused repository: the rhyming concept was searched in the title or abstract fields, resulting in a
reasonable number of results. Humanities Core required a search including both algorithm and rhyming
concepts, but it had difficulty with the Boolean structure which meant a variety of phrases had to be
searched separately. This was also true for GitHub. Originally, we thought that the code repository
searches would only require the rhyming concept, which worked in Kaggle, Pypi, and SourceForge, but
this led to an unmanageable number of results in GitHub. GitHub also had difficulty with the Boolean

structure and so a variety of phrases had to be searched separately.

No custom Google search engines or advanced search options were identified that would benefit this
search so multiple simply structured searches containing both concepts were conducted to find relevant
results. We saw no evidence with our Google searches that using incognito search improved search

outcomes, so we did not use this mode.

Selection of sources of evidence

Database results were imported to Covidence, which identified and removed duplicates. The first
author, an expert in algorithmic rhyme detection, analysis and generation (see, for example Lamb et al.
[26] and Sawicki et al. [27-29]), screened the titles and abstracts for relevancy based on the eligibility
criteria. The first and third authors, both experts on computer-generated poetry, then screened each full
text for eligibility and any disagreements were resolved through discussion between the two reviewers.

The same methods were used to identify relevant articles from the citation searching, except that we did

12
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not include articles that only used rhyme detection algorithms from other works as subroutines in poetry

generation.

It was not possible to batch export from the grey literature sources so items were screened on the
results pages and relevant ones were exported to Zotero. Any preprints or research papers found
through the grey literature searches were moved to Covidence for removal of duplicates and screened

with the results from the citation searching.

In addition to the inclusion and exclusion criteria, the GitHub repository results were only considered if
they are public and have at least one positive rating. The Google results were considered until the
reviewer reached an entire page (10 or more results) that did not look relevant. Eligible items were

added to a Zotero folder and duplicates removed.

Data charting and synthesis process
We assessed each included study for a number of specific variables, in part derived from our study goals.

We characterized each paper by its period of creation: “Early”, meaning before 2006; “mid”, meaning

between 2007 and 2016; and “late”, or after 2016.

We determined whether the goal of a study was to analyze rhyming text, to generate new rhymes, to co-

create rhymes with humans, or something else.

We divided the data sets used in these papers into music lyrics, poetry, both, or something else; for the
lyrics, we also identified whether they were rap lyrics, since as we note below, this genre has been

particularly productive for development of rhyme detection methods.

We described whether the paper’s rhyme detection algorithm was fully specified, and if so, which of the
following describes it: a simple algorithm based on matching vowel phonemes; a complex algorithm

using sequences of phonemes; a tweak to modern machine learning algorithms; a reliance on a language

13
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model; or something else. If an algorithm was not fully described, but was included by citation, we

identified which paper was the algorithm’s source.

Finally, for each paper, we identified the natural language or languages from which the data or
generation comes. This category we did not fill during the extraction phase, but instead the first author

extracted it during the paper-drafting stage.

The data was charted by the first author for all studies. Studies were included without critical appraisal

as the study’s goal was to characterize the literature rather than evaluate it.

Several manuscripts fit multiple categories,. For example, a paper might include both simple phonemic
tricks and ML tricks. If so, we included both tags; when we build the charts in later sections, we have
simplified the outcomes. Similarly, a few papers were extremely vague about what their algorithm was,
which made analysis difficult. We had considered identifying the role of creators of research papers
(students or professors, for example), but most papers did not include this information, so we dropped

it, except for the paper describing the Wall Street Journal package about the rhymes in Hamilton [30].

Results and Discussion

Selection of sources of evidence

All database search results totaling 3594 items were exported into Zotero and then into Covidence.
Duplicates were removed in Covidence and 2970 unique publications were screened. 126 publications
were identified for full text review and of those 68 were included for data extraction and analysis. One
article, “Using Computers to Analyze Poems: A Phonological Metrification” [31] was excluded because
the full text could not be found. 57 were excluded by the reviewers for not matching the inclusion
criteria (see the PRISMA Diagram, Fig 1, for more detail.) Using the same methods, 1722 unique articles
from citation searching were screened and 33 were identified for full text review. 17 were excluded,

14
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again, for not matching the goals of the study. As noted above, we did not include papers found by
snowball sampling that simply used a rhyme detection algorithm as a component of poetry generation.
12 unique items from the grey literature searches were preprints from arXiv or research papers found
through Google. 10 unique items were added to full text review and 5 were excluded for not matching
the study’s goals. Lastly, 47 code repository results and non-research paper results from Google were

included for review.
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Findings

At the end of our filtration procedure, we had 89 manuscripts to extract, which can be seen in Table 2, in

addition to 47 grey-literature objects (mostly open source software projects and popular press articles,

but also blogs).

Table 2. Included articles’ extraction table

Study Era Purpose Data type Techniques used Language
[32] Middle | Analysis Music lyrics (rap) | ML tweaks English
[33] Middle | Generation | Music lyrics (rap) | From another paper English
[34] Late Generation | Poetry ML tweaks English
[35] Middle | Generation | Music lyrics (rap) | ML tweaks English
[36] Middle Generation | Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[37] Late Generation | Poetry Complex alg (alignment, | English
scoring rules)
[38] Late Analysis Poetry Complex alg (alignment, | English
scoring rules)
[39] Late Generation | Poetry model-reliant :The NN English
just learns
[40] Late Generation | Poetry From another paper English
[41] Late Generation | Music lyrics (rap) | Hard-coded Spanish
phoneme/letter rules;
ML tweaks
[42] Late Generation | Music lyrics (not | Complex alg (alignment, | English
rap) scoring rules)
[43] Late Generation | Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[44] Early Other Other Hard-coded English
phoneme/letter rules
[45] Late Generation | Other Hard-coded English
phoneme/letter rules
[46] Late Generation | Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[47] Middle | Analysis Poetry Hard-coded Romanian
phoneme/letter rules
(48] Middle | Generation | Poetry Hard-coded English
phoneme/letter rules

17




[49] Middle | Analysis Poetry Hard-coded English,
phoneme/letter rules; Italian
Complex alg (alignment,
scoring rules)
[1] Early Analysis Poetry Hard-coded Spanish
phoneme/letter rules
[50] Middle | Generation | Poetry Hard-coded English
phoneme/letter rules
[51] Late Generation | Poetry Hard-coded Norwegian
phoneme/letter rules;
Complex alg (alignment,
scoring rules)
[52] Middle | Generation | Poetry Other English
[53] Late Generation | Music lyrics (rap) | model-reliant :The NN English
just learns
[54] Late Analysis Poetry Complex alg (alignment, | English
scoring rules)
[55] Late Generation | Poetry Hard-coded Romanian
phoneme/letter rules
[56] Late Generation | Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[57] Late Generation | Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[58] Middle Generation | Poetry Other English,
French
[59] Late Generation | Poetry Other Spanish
[60] Middle | Generation | Poetry Hard-coded English
phoneme/letter rules
[61] Late Generation | Poetry From another paper English
[62] Middle | Analysis Poetry Hard-coded English,
phoneme/letter rules Italian
[3] Late Other Poetry Hard-coded English
phoneme/letter rules
[63] Late Analysis Music lyrics (not | model-reliant :The NN English,
rap); Poetry just learns German,
French
[64] Late Generation | Poetry Other English
[65] Late Analysis Music lyrics (not | From another paper Spanish
rap)
[66] Late Generation | Music lyrics (rap) | Hard-coded English
phoneme/letter rules
[30] Middle | Analysis Music lyrics (rap) | Complex alg (alignment, | English

scoring rules)
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[67] Middle | Analysis Music lyrics (rap) | Complex alg (alignment, | English
scoring rules)
(68] Middle | Analysis Music lyrics (rap) | Complex alg (alignment, | English
scoring rules)
(4] Middle | Analysis Music lyrics (rap) | From another paper English
[5] Middle | Analysis Music lyrics (rap) | Complex alg (alignment, | English
scoring rules)
[69] Late Generation | Poetry ML tweaks English
[70] Late Generation | Music lyrics (rap) | Hard-coded English
phoneme/letter rules
[71] Late Generation | Poetry ML tweaks English
[72] Late Generation | Poetry ML tweaks English
[9] Early Generation | Poetry Hard-coded English
phoneme/letter rules
[73] Late Generation | Music lyrics (not | ML tweaks English,
rap); Poetry Chinese
[74] Late Analysis Music lyrics (rap) | ML tweaks English
[75] Late Analysis Music lyrics (rap) | Complex alg (alignment, | English
scoring rules); model-
reliant :The NN just
learns
[76] Late Generation | Poetry model-reliant :The NN English
just learns
[77] Late Analysis Music lyrics (not | Hard-coded English
rap) phoneme/letter rules
[8] Middle | Generation | Music lyrics (rap) | Hard-coded English
phoneme/letter rules
[78] Late Generation | Music lyrics (rap) | ML tweaks English
[79] Late Analysis Poetry Hard-coded Spanish
phoneme/letter rules
[80] Late Analysis Music lyrics (not | From another paper English
rap)
[81] Late Analysis Poetry Hard-coded Portuguese
phoneme/letter rules
[82] Late Generation | Music lyrics (rap) | ML tweaks English
[83] Late Analysis Poetry Complex alg (alignment, | Latin
scoring rules)
[84] Late Generation | Music lyrics (rap) | ML tweaks English
[85] Late Generation | Poetry From another paper English,
Portuguese
[86] Late Co- Poetry From another paper English,
creativity Portuguese
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[87] Late Generation | Poetry Hard-coded English,
phoneme/letter rules Portuguese

[88] Late Co- Poetry From another paper English,

creativity Portuguese

[89] Late Generation | Poetry model-reliant :The NN English
just learns

[90] Middle | Analysis Poetry Hard-coded English
phoneme/letter rules

[91] Late Analysis Poetry Complex alg (alignment, | English,
scoring rules) Czech,

French
[2] Late Co- Poetry ML tweaks French
creativity

[92] Middle Generation | Music lyrics (rap) | model-reliant :The NN English
just learns

[93] Middle | Analysis Music lyrics (rap) | From another paper English

[94] Late Generation | Music lyrics (not | From another paper English

rap)

[95] Late Generation | Poetry model-reliant :The NN English
just learns

[96] Middle | Analysis Poetry Hard-coded English
phoneme/letter rules

[97] Early Analysis Poetry Hard-coded Italian
phoneme/letter rules

[98] Late Generation | Music lyrics (rap) | Hard-coded English
phoneme/letter rules

[99] Middle | Analysis Music lyrics (not | From another paper English

rap); Poetry

[100] Middle | Analysis Poetry Complex alg (alignment, | English
scoring rules)

[101] Late Generation | Poetry ML tweaks English

[102] Late Generation | Poetry From another paper English

[103] Early Generation | Poetry Hard-coded English,
phoneme/letter rules Bulgarian

[104] Late Generation | Poetry From another paper English

[105] Late Generation | Poetry ML tweaks English

[106] Early Generation | Poetry From another paper unknown

[7] Middle | Generation | Music lyrics (rap) | ML tweaks English

[6] Middle | Generation | Music lyrics (rap) | Complex alg (alignment, | English
scoring rules)

[107] Middle | Generation | Music lyrics (rap) | ML tweaks English

[108] Middle | Generation | Music lyrics (rap) | From another paper English
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314
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[109] Late Generation | Poetry ML tweaks Italian
[110] Late Generation | Poetry ML tweaks English
Typology

Table 3 divides our 89 manuscripts into three eras of “early”, “middle” and “late” based on their

publication date, and classifies whether the manuscripts are about generation of new rhymes or analysis

of existing ones. In Table 4, we also show whether papers are about music or poetry or a different kind

of data, and we highlight which papers are in particular about rap or hip hop lyrics.

Table 3. Primary purpose of algorithms for rhyme detection. Later papers largely concern themselves
with generating new rhyming text.

Purpose early: 1960s to | mid: 2005 to 2016 | late: 2017 to Grand Total
2005 present

Analysis 2 14 12 28

Co-creativity 3 3

Generation 3 14 39 56

Other 1 1 2

Grand Total |6 28 55 89

Table 4. Data type used in rhyme detection. Early papers focused on poetry, while later papers pivoted
to studying music lyrics as well. In the middle period, the complex rhyme patterns found in rap music
were a particularly useful focus for researchers interested in applying computer science methods from
other domains to the rhyme detection task.

Data type early: 1960s to mid: 2005 to late: 2017 to Grand Total
2005 2016 present

Music lyrics: 1 9 10

not rap

Music lyrics: 15 10 25

rap

Music; Poetry 1 2 3

Poetry 5 11 33 49

Other 1 1 2

Grand Total 6 28 55 89
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335
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337
338

339

340

341

342

343

344

Finally, in Table 5, we describe the kinds of algorithms people have developed: for this, we only consider
the papers that describe rhyme detection or generation algorithms, rather than using other sources and
citing them. (Despite this restriction, we still may include the same algorithm multiple times: for
example, the algorithm by Hirjee and Brown appears in increasingly full detail in an ISMIR conference
paper [67], in an Empirical Musicology Journal paper [5], and in Hussein Hirjee’s MMath thesis from the
University of Waterloo [68]). We describe several types of rhyme detection algorithms. Some
algorithms use simple phonemic rules (two words rhyme if their last vowels and any subsequent
consonants are the same, for example). This category is particularly common in earlier periods, and

works especially well for languages like Italian [97] or Spanish [1].

Table 5. Algorithm variety used in rhyme detection. Early papers use simple rules, which are widely
present in later papers as well. Complex algorithms become common in the middle period, while late
algortihms include more machine learning approaches. Papers that use more than one method are
mapped to a single category: approaches that use complex algorithms and hard-coded phoneme rules
are mapped to the complex category. Note that the 16 papers that used an external rhyme mapping
algorithm are not described here, which is why the grand total is 73 papers.

Algorithm type | early: 1960s to mid: 2005 to late: 2017 to Grand Total
2005 2016 present

Complex 7 8 15
Hard-coded 5 9 14 28
rules

ML tweaks 4 15 19
The model just 1 6 7
learns

Other 2 2 4
Grand Total 5 23 45 73

Some authors, beginning with Hirjee and Brown [4,5,67], provide complex algorithms that highlight
imperfect rhymes or rhymes that cross syllables. These algorithms tend to compute alignments of

syllable phonemes, using either hand-created scoring schemes or ones that are learned automatically.

Another group of algorithms is based on changes to machine-learning algorithms for text generation: by

altering the output probability distribution of an ML model, these systems can force rhyming constraints
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359
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361
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363

364

365

366

onto the generated text, essentially conditioning the model to only output text that satisfies rhyme
constraints. Typically, rhyme is defined in these cases are simple phonemic rules, but the process is

challenging since the ML model normally is concerned with words, not syllables or phonemes.

Finally, a small number of papers, starting in 2016, retrain or fine-tune a language model on a data set of
rhyming texts, and expect that this process will allow the language model to learn the rhyme constraints
of a form of poetry from its own information. This post-algorithm-design phase may become much more

common in the future.

Assigning manuscripts to these categories is not always simple, but we have done our best to use this
simplified taxonomy to present our information. In the next section, we focus on the trends during the
three eras and give examples. Then we discuss differences between generation and analysis, and we
give a broader discussion of the types of algorithms under discussion. Finally, we note the significance of
rap music in developing this field, and briefly discuss some sociopolitical aspects of this connection to a

specific, somewhat stigmatized ,musical genre.

Era of algorithms

We divided our sources into three periods: “early” papers from before 2006, “middle” papers from 2006-

2016, and “late” papers from 2017 to when we did our search.

Early papers are the six pioneering papers before 2006. Because of incomplete digital archives, we only
have abstracts or very short manuscripts for many of these papers. All but one focus on poetry, with

three on poetry generation and two on poetry analysis.

The earliest fully-described algorithm in our data set is in the PhD thesis of Dr. Mildred Murphy Drake [1],
which presents her research as a graduate student in the department of Spanish and Portuguese at the

University of Colorado. Dr. Drake’s thesis is about automatic detection of internal rhymes in the poesia
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379

380

381

382

383

384

385

386

387

388

desnuda of Juan Ramon Jiménez, and it uses simple vowel rules to identify whether two words rhyme. In
1994, the same author published a 1-page review of a HyperCard-based multimedia library for teaching
about Latin-American poetry [111]. Many parts of Dr. Drake’s thesis, despite being from 1987, could
have been written very recently. She is prescient in planning for a world in which Al methods are
primarily predictive, not analytic: "The A.l. promoters will be depending on the more predictable
qualities of human language in order to represent the achievements of cognitive science in producing

computer-generated decisions and 'ideas'."

Other early papers largely use simple phonemic rules, or reference an existing rhyme dictionary: “X
rhymes with Y if the dictionary says so.” Simple phonemic rules work especially well for languages like
Spanish, where spelling indicates stress and phonemic content much more easily than in English. In
English, only a phonemic transcription allows us to know that, for example, “rough” does not rhyme with
“through”. Byrd and Chodorow’s 1985 paper, “Using an on-line dictionary to find rhyming words and
pronunciations for unknown words,” talks about using a phonemic dictionary, and then describes some

rules for identifying which phonemic patterns are closer rhymes and which are not [44].

Lessard and Levison presented a limerick generator in 2005 which uses hard-coded rhyme rules in
English [9]. In many ways, their method resembles some later constraint-propagation approaches; they
phonologically represent words, then pre-identify the closing phoneme patterns for the rhyming lines,
along with the meter of the lines and templates that implement customary rules of how a limerick works

(“There once was a [person] from [place]”, etc.)

Middle papers are those that appeared between 2006 and 2016, and tended to focus on poetry or lyric
analysis (though some include generation as well). Many of these papers use simple heuristics to

identify whether two words or two lines rhyme; eight still use straightforward phonemic tricks.
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One clever paper from 2011, by Reddy and Knight, uses a simple phonemic description for what rhymes
with what (looking only at last words, focusing only on final stressed vowels and subsequent syllables),
but focuses on identifying rhyme schemes, using machine learning methods like expectation-
maximization to identify which of a collection of rhyme schemes is most likely to apply to a given poem
[96]. Similarly, the heavily cited Dopelearning paper by Malmi et al. [8] selects next lines from a
database of rap music lines, using rhyme information (derived from looking for sequences of matching

vowels) and other text data to determine how best to continue a rap song.

The work of Hirjee and Brown (presented across three manuscripts: a conference paper [67], an archival
journal paper [5], and Hirjee’s master’s thesis [68]) uses a more complex algorithm, which identifies
imperfect and internal rhyme in rap lyrics; it uses a scoring algorithm and a bioinformatics-inspired
phonemic sequence alignment system to identify words which are more likely to come from rhyming
text than from a null model of random syllables. Their algorithm is used by a number of later authors in
analysis and generation of text; both the work of Potash et al. [92,93] on language ghostwriting and the

work of Singhi and Brown [99] on analysis of music lyrics use the Hirjee/Brown method.

The general idea of this work (allowing for multiple syllables and words to rhyme, incorporating not-
quite-exact matches, and handling syllables with different numbers of phonemes in them) is also found
in some other work from this period. Hinton and Eastwood [30] came up with a simpler scoring in
analyzing the rhymes in the hit Broadway musical “Hamilton”, as do Tanasescu, Paget and Inkpen [100] in
their work analyzing meter and rhyme of poetry. The Hinton and Eastwood paper [30] describes an
astonishingly effective data visualization package at the Wall Street Journal about Lin Manuel Miranda’s

amazing rhymes; it is also the only paper in our extracted data created primarily by journalists.

Other authors in this period came up with different machine-learning ideas that incorporate rhyme. Wu,

Addanaki and Saers [6] built a Hidden Markov Model (HMM)-based system to identify rhymes in
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phonemic transcripts, where their system identifies rhyme schemes, and allows for poly-syllabic rhymes
cleverly. They use their own rhyme discovery approach in a sequence of papers on building a rap battler

bot [6,7,107,108], and their focus on rap requires them to consider imperfect rhyme.

Middle papers are evenly split between fourteen papers with a focus on generating rhymes and fourteen
with a focus on analysis. Papers about generation use complex rules for creating rap rhymes. For
example, the group centred around Dekai Wu largely uses the Addanki and Wu [32] algorithm based on
HMMs, where each state of the HMM corresponds to a rhyme scheme, and generation or analysis
consists of either sampling from the HMM or finding a maximum-probability explanation of a sequence

of words given a HMM structure. This method does not allow for internal rhymes.

Another outlier from this period is the pair of papers by Potash, Romanov and Rumshimsky [92,93],
which simply train a long short-term memory (LSTM) network on a large corpus of data and attempts to
have it learn to make rhyming rap verses. To the best of our knowledge, this is the first project of this

sort; all other papers using this “just train it” approach come from the late period.

Late-period papers and the rise of machine learning. More than half of the studies we reviewed (55 of
89) came since 2017. 2017 is the year when Google first announced the transformer language model
[112], which gave rise to the astonishing flowering of Al language models of the early 2020s. As such, we
see a huge change in both the subject of papers that include rhyme detection (since more of them are
now trying to constrain language models to create rhyming text) and also in the methods used by such
models. We also start to see far more focus on languages outside English. (However, we note that our
initial decision to restrict to Germanic and Italic languages may have excluded earlier studies of rhyme in

languages like Chinese, Finnish, Basque, Russian, or Arabic.)

The majority (39 out of 55) of late-period papers cover generation, not analysis. For example, Chang et

al. [46] uses rhyming as part of its overall task of composing singable lyrics, while the well-cited Deep-

26



435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

speare paper [72] builds poems in sonnet form. Several papers from this period automatically produce
rap lyrics. This set also includes the well-cited Hafez paper [61], which built upon earlier work by the

authors [60] in building high-quality poems using recurrent neural networks.

In this later period, a small number of works do use pre-existing algorithms; for example, the Hirjee and
Brown methods [4,5] are used by Uthus et al. [102] and Melvill-Smith et al. [80]. Some more mature
systems for poetry generation like PoeTryMe have been published in multiple venues and continue to

use their original rhyme algorithms [85—-88].

Sixteen papers from the late period still use simple phonemic rules to identify when lines rhyme; some
of these are for languages where rhyme is easier to describe than in English. A similar number use
machine-learning tweaks to build rhymes by altering the distribution probabilities of the output to

ensure that only words with matching vowel phonemes are generated, for example Hopkins [69].

Six papers from the late period (and only one other from the middle period, the Potash et al. papers
cited above [92,93]) use a tuned natural language model as the sole source of rhyme information. That
is, rather than giving a definition of rhyme or an algorithm for rhyme detection, these papers give
training data that includes rhyme to a language model which implicitly learns about rhyme by parroting
properties of the input distribution; the model can then create new rhymes. These methods work to
differing degrees; for example, GPoeT-2 [76] generates limericks that are not especially coherent, but
which do rhyme successfully. These methods will surely become more common in the near future, given
that large language models released since we did our search are more successful than earlier ones: GPT-

2, even when fine tuned, does not produce nearly as good poetry as does a fine-tuned GPT-3 model [29].

Eight papers from the late period describe complex algorithms, typically incorporating alignment of
phonemes with nontrivial scoring rules. Bay, Bodily and Ventura [38] give scores based on phonemic

properties for consonants and based on distance in a Euclidean embedding of the IPA English Vowel
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Chart for vowels. Plechac [91] builds a probability-scoring approach using co-frequency of paired
phonemes in known rhymes, compared to the baseline frequency of those phonemes (which is similar to
Hirjee and Brown [4,5]). Similarly, Nagy [83] scores syllable rhymes using a self-created vowel-scoring
matrix, then identifies stanzas of text with large numbers of rhymes, assuming a null model of random

lines of Latin text.

An extreme outlier is the Ferraz de Arruda et al. [54] paper from a physics journal, which uses digital
signal processing techniques to identify patterns in phonemic sequences; it’s not obvious how to map

these techniques onto pre-existing algorithms, and the paper largely does not cite those previous works.

Another outlier from this time is the 2022 master’s thesis of Tita Enstad, from the University of Oslo [51].
This author uses a phonemic alignment method, but she focuses on questions of dialect in identifying
which Norwegian words rhyme; in particular, the goal of this project is to find rhymes in modern
Norwegian as segregated from Danish. As such, Enstad spends a fair amount of time distinguishing
Norwegian words derived from Danish, and she focuses on poetic rhymes that are from demonstrably

Norwegian texts. In that sense, this author’s work is simple phonemically, but complex politically.

Types of algorithms

Overall, we identified a wide variety of algorithms used to detect and generate rhymes. Early algorithms
tended to use simple tricks based on phonemic dictionaries or on simple definitions of “syllable” and
“rhyme”, an approach still used by some in the present day. One example is a sample homework
assignment for a first-year computer science course [3], which uses a pronunciation dictionary and a

simple rhyme definition to have students find which lines in a text sample rhyme with each other.

Several authors perform a sequence alignment of pairs of phonemic sequences (e.g., Tanasescu, Paget
and Inkpen [100]). Sequence alignment is largely used in bioinformatics [113-115] to identify
evolutionarily related genomic or protein sequences, but it can also be used for text-based tasks [116], to
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identify sequences of letters or words that are more closely related to each other than expected by
chance. The score of an alighment between two phoneme sequences is then used to identify whether

those sequences rhyme. Hinton and Eastwood [30] use a similar algorithm for the rhymes in Hamilton.

Various extensions to this general model exist. Both Hirjee and Brown [4,5,67] and Bay, Bodily and
Ventura [37,38] give more complex ways of scoring these differences between one sequence and
another. Bay, Bodily and Ventura score that “kit” rhymes better with “beet” than “kit” rhymes with
“boot” because the near-close near-front vowel phoneme /1/ is very similar to the close front vowel
phoneme /i/, and not very similar to the close back vowel /u/. These algorithms may allow for missing
or added phonemes, such as “fat” rhyming with “past” even though the consonants after the vowel are
not identical. Hirjee and Brown’s approach uses pre-annotated rhymes (from a rap music lyric corpus)
and trains a model to identify alignments between specific phonemes involved in those rhymes. Hirjee
and Brown’s method builds a rhyme detector pretuned, because of the structure of its training corpus, to
African American Vernacular English (AAVE), which many rap artists speak; this pretuning makes it less

appropriate for other varieties of English.

Bodily and Ventura use HMM tricks to ensure that generated syllables match each other; this is fairly

complex since sampling from a constrained HMM is hard to do mathematically.

Later approaches rely much more on the probabilistic distributions of machine-learning models. Early
HMM tricks are used by Dekai Wu's group [6,7,32,107,108], but the first neural-network based rhyming
system was the LSTM-based lyric generator GhostWriter by Potash, Romanov and Rumshisky [92,93],
which also uses Hirjee and Brown’s algorithm [4,5] to verify the rhymes it generates. In general, these
approaches tweak the output distributions of a neural network so as to maintain either line-final rhyme
or internal rhyme. For example, Li et al. [73] build a transformer-based system that incorporates a

mathematical embedding of rhyme information. Miyano and Saito [82] use a generative adversarial
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network (GAN) to generate sequences of vowels that have sufficient repetition to match the internal
rhyme patterns found in good-quality rap music, then fills in the rest of the words around the vowels;
this approach does not guarantee internal coherency. Agarwal and Hamm [34] build acrostics (poems
about a theme whose lines all start with the first letters of the word that defines the theme) that
attempt to both match the letters of the theme word and rhyme, by tweaking the output probabilities of
the model to satisfy both of these constraints. In general, these approaches involve fiddling with the

mathematical details of the output distributions of a neural network.

IM

Finally, the “just train the model” approach simply trains a neural network on data with the desired
rhyme properties, and either reproduces that distribution (generation) or identifies text that matches
the distribution (detection/classification). This approach allows researchers and hobbyists to generate or
analyze poetry without building complex models, making the technology accessible to a wider audience.
Language of the rhymes

After we extracted data from the 89 papers under study, we additionally annotated these papers for the
language under study (Table 6). We found that 64 papers handled only English rhymes, and another 11
used English and at least one other language (Portuguese, Italian, German, French, and also Bulgarian,
Chinese, and Czech, which would not on their own have satisfied our inclusion rules). Additionally, there
were thirteen papers not including English rhymes: five papers studying Spanish rhymes, two for each of
Italian and Romanian, and one each for Norwegian, Portuguese, French, and Latin. Most of the diversity
of language has come in the late period from 2017-2022: only 38 of the 55 papers from that period are
about exclusively English rhymes. By contrast, 24 of the 28 middle-period paper were about only
English. The early period up to 2005 has only six papers, but they include works focusing on Spanish,

Italian, and English plus Bulgarian, as well as an early paper for which we only have the title and cannot

give a full description.
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527  Table 3. Primary purpose of algorithms for rhyme detection. Later papers largely concern themselves
528  with generating new rhyming text.

Language early: 1960s to | mid: 2005 to late: 2017 to | Grand Total
2005 2016 present
English 2 24 38 64
Spanish 1 4 5
English, Portuguese 4 4
Romanian 1 1 2
English, Italian 2
Italian 1 1 2
English, French 1 1
French 1
English, German, 1
French
English, Chinese 1 1
unknown 1 1
Norwegian 1
Portuguese 1
English, Czech, French 1
English, Bulgarian 1 1
Latin 1 1
Grand Total 6 28 55 89

529

530 The algorithmic complexity seems highest in analysis of English: of the 15 papers that use a complex

531 alignment scoring system, 13 are about English or English plus another language. The only exceptions are
532 rhymes in Latin [83] or Norwegian [51]. By contrast, simple phonemic tricks are used in 6 of the 13

533 papers that do not include English (versus 19 of the 64 that only use English rhymes), suggesting that
534  authors used simpler algorithms in languages with easier mappings between orthography and

535 pronunciation.

536 It is clear that the field of rhyme analysis is increasing in linguistic diversity, perhaps in part applying
537  techniques from English to other languages; similarly, authors are taking advantage of the easier task of

538 finding rhymes in orthographically simpler languages.
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The significance of rap

Most of the papers about rhyme detection or rhyme analysis in musical contexts deal with rap or hip hop
music; see Table 4. Rap music, particularly in the 1990s and 2000s, is characterized by complex rhyme
patterns, with internal rhyme, imperfect rhyme, polysyllabic rhyme and other wordplay in its lyrics [117].

See Fig 2 for two examples, taken from Hirjee and Brown [4,5].

Maybe my sense of humor gets into you
But girl, they can make a perfime from the scént of you.

Yo, I stick around like hockey, now what the puck

Cooler than fuck, maneuver like Vancouver Canucks,
Fig 2. Two examples of complex rhymes, from Hirjee and Brown [4,5]. In the former, from Fabolous'’s
2001 album Ghetto Fabolous [118], a long rhyme pattern moves across multiple words, but has a similar
stress pattern (indicated with the accent marks). In the latter, from Pharoahe Monch’s 1999 album

Internal Affairs [119], multiple rhymes intersect with each other, and are not only found at the ends of
lines.

Rhyme complexity has been a prized attribute of good rap music. Authors of systems that analyze rap
(like Hirjee and Brown'’s), or that generate new rap songs (e.g. [6,7]), must be able to cope with this
complexity. Lyrics generators, in particular, must be mindful of internal rhymes if they want to be

consistent with the customs of the genre.

Most rap music studies have not highlighted the genre’s roots in the African American community,
though the first study about rhyme detection in rap [4,5,67] and a later very influential one [8] do.
Hirjee and Brown highlight the importance of building a custom data set for training their rhyme
detector, since rappers may use rhyming pronunciations for words not listed as rhyming in standard

pronunciation dictionaries [120], in part because many American rappers use AAVE.
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In general, authors of generation systems do not engage with the questions of ethics of artificially
generating a genre of music connected to a minority community; generating of rap music is typically

treated as interesting primarily because of its linguistic challenge or its cultural importance.

Grey literature

Because poetry, music and language are popular subjects among hobbyists, we also searched a variety of
grey literature sources. As described above, we used pre-print servers to identify papers connected to
the scholarly process which had not been peer reviewed; source code repositories to identify open-

source projects; and Google to identify relevant secondary media.

Our grey literature search yielded several projects of which we were already aware, including Steve
Hanov’s rhymebrain.com [121]. We also found a number of articles about the phenomenon of
computers writing poetry or lyrics (see, for example Faber [122]) ; this topic has of course achieved
greater popularity since the release of ChatGPT. There is also a modest space of people selling lyrics
generators that highlight the quality of rhymes they create (for example, Chorus [123], or the Rhyme
Generator [124]). Several how-to posts appeared, such as Paul Minogue’s 2021 article on training

Siamese neural networks to identify rhymes [125].

Most of the open-source projects in our search were either projects built in for an undergraduate course,
or hobbyist projects; this is common to open-source projects in general. Course projects tended to
implement simple phonemic rules, while hobbyist projects often incorporated phoneme-based
algorithms, either by copying prior source code or by linking to pre-existing projects. Few of them
identify new methods for rhyme detection, and they do not use the more advanced algorithms
described in the previous section. It is interesting to us that the academic community and the hobbyist

community seem to operate almost independently. Two exceptions are Arlie Coles (a graduate student
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at McGill University) who built an LSTM-based rhyme detector that uses advanced machine learning

algorithms [126], and Andreas Jorg who built an interface to LLMs for poetry building [127].

The code for Hirjee and Brown’s RhymeAnalyzer [4,5] is in SourceForge [128], but since that platform is
no longer widely used by open-source developers, and the code for the RhymeAnalyzer has not been
migrated to GitHub, there is no evidence that it is widely used by hobbyists. We found two other rhyme-
related SourceForge projects; one analyzes Italian rhymes [129], and the other generates heavy metal
lyrics [130]. Similarly, there are two relevant PyPI projects; one gives simple phonemic tools [131], while
the other is an academic repository of code by Michael Ullyot, from the University of Calgary’s English
department [132]. We also found four Kaggle projects for poetry generation; one, by Verma et al. [133]
implements (essentially) the Hafez algorithm of Ghazvininejad et al. [61]. Others give very little

information about how they work.

In Tables 7 and 8, we show the counts of these various grey-lit sources. We believe that searching grey-
lit did improve our review: in particular, by highlighting the separation between academic and hobbyist

work.

Table 7. Grey literature search results from pre-print servers and open-source repositories. We did
not explore all 2260 projects in GitHub found with search for “rhyme”; instead, we limited ourselves to
projects that used another term. All searches were done on 30 January 2023.

Database name Search term # items # items # items
retrieved | screened | added to
Zotero
for ‘full
text’
review

arXiv title or abstract: 418 20 14
https://arxiv.org/search/advanced | rhyme OR lyric OR
poem OR poetry
OR limerick OR
sonnet OR couplet
OR stanza OR
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quatrain OR
ballad
Humanities CORE computational 7 0 0
https://hcommons.org/deposits/ poetry
Poetry algorithm 0 0 0
Rhyming algorithm | O 0 0
GitHub rhyme generation 17 8 4
https://github.
ps://github.com/ generate rhyme 87 9 5
detection rhyme 34 6 4
rhyme detect 16 10 1
identify rhymes 5 3 3
rhyme 2260 * *
Kaggle rhyme OR rhyming | 91 8 4
https://www.kaggle.com/ OR rhymes
Pypi rhyme 76 8 3
https://pypi.org/
SourceForge rhyme 8 2 2
https://sourceforge.net/ rhyming 5 1 1
599
600 Table 8. Results of Google searches, performed on 30 January 2023, on relevant terms connected to
601 our mapping review. This process yielded newspaper and other articles, as well as several company
602 homepages.

# items added to
Zotero for ‘full
text’ review

Search terms # items retrieved | # items screened

rhyming AND (algorithms OR
detect OR generation)

Algorithm: 50
Detect: 50
Generation: 80

Algorithm: 21
Detect: 4
Generation:12

Algorithm: 12
Detect: 2
Generation: 11

Generation: 10

Generation: 1

rhyming AND artificial 50 8 7
intelligence

lyrics AND (algorithms OR Algorithm: 10 Algorithm: 0 0
detect OR generation) Detect:10 Detect: 0
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603

604

605

606

607

608

609

lyrics AND (artificial 10 0 0
intelligence OR machine

learning OR deep learning

OR computational)

poems AND (algorithms OR | Algorithm: 10 Algorithm: 8 Algorithm: 0
detect OR generation) Detect:10 Detect: 0 Detect: 0

Generation: 40

Generation: 7

Generation: 3

poems AND (artificial
intelligence)

30

1

1

rap AND (algorithms OR
detect OR generation)

Algorithm: 40
Detect: 10
Generation: 20

Algorithm: 4
Detect: O
Generation: 3

Algorithm: 1
Detect: O
Generation: 0

rap AND (artificial

intelligence)

20

2

0

Observations on the methodology

Sources of included papers

Almost 2% of the database results met the eligibility criteria and the majority of included results came

from Scopus. ACL, ACM, and IEEE were the next most valuable, although there was a good deal of

overlap between Scopus and the other databases. This overlap is illustrated in Fig 3.

IEEE: 7
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ACM:14 _——/ .
/// [ \
/ 3 LN -
Y
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Fig 3. Many included papers were found in more than one database. Scopus found the most unique
papers (27). A further 12 were found in Scopus and ACL; 2 were found in Scopus, ACL, and ACM; 7 were
found in Scopus and ACM; 1 was found in Scopus, ACM, and IEEE; 5 were found in Scopus and IEEE; 1
was found in Scopus and MLA; 1 was found in Scopus, MLA, and LLBA; 1 was found in Scopus and LLBA.
There was minimal overlap between the other databases and no overlap with the Music Index.

About 18% of included articles came from citation searching and about 5.5% were preprints found
through the grey literature search. This validates the researchers’ concerns that the search may not have
been comprehensive and justifies the extra time the reviewers put into screening the included articles’

references and papers that cited them.

Database functionality

We believed that the interdisciplinary aspect of this topic necessitated the searching of a range of
databases with content from the computer science, digital humanities, and literature disciplines.
However, the overlap between the databases indicates that this was not the case. Of the included
articles, the Linguistics database didn’t return any unique items and the engineering, music, and
literature databases only brought in one unique item each. The article, “Prolog realization of a poetry
generator” [103] (found only in IEEE) would not have affected the results of the systematic mapping.
The paper, “Using Automated Rhyme Detection to Characterize Rhyming Style in Rap Music” [5] (found
only in the Music index) describes a major initial study on rap music lyrics, but it is part of a set of papers
(Hirjee and Brown, 2009, 2010a, 2010b; Hirjee, 2010) which do appear in other databases we used; it
also shares an author with the first author of this review. Mildred Drake’s thesis “Internal Rhyme in the
Poesia desnuda of Juan Ramédn Jiménez, with Notes on Tracing Phonemic Patterns by Computer” [1]
(MLA) proved to be a very interesting addition. In addition, there were enough possibly relevant results
that the time to search and review the items seemed like a reasonable trade-off. While informed
preliminary searching can help identify good databases for inclusion, knowing whether or not a database

will be useful is only possible after the search.
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The computer science and computational linguistics databases proved valuable in supplementing the
Scopus search, but the limits of the ACL anthology brings into question how comprehensive systematic
searches can be when repositories of important items do not have advanced search functionality. ACL
uses a custom Google search which does not recognize complex Boolean search strings, does not have a
field code search, and will find a different number of results for the same search moments later. The
researchers were able to take advantage of ACL’s full anthology download feature and could run a
Boolean search on that file, but review teams without the necessary programming skills would likely
have to do without the relevant ACL results. Some of these concerns were also seen with the arXiv
repository. A search history that allows for combining previous searches and the option for bulk
exporting of citations without an API would make arXiv much more conducive to systematic searching.
We echo Gusenbauer and Haddaway’s call for database vendors (and repository administrators) to take
systematic search functionality seriously and implement or improve upon these necessary criteria in

their search systems [17]

This becomes all the more important when considering recent changes in computer science publishing.
Computer scientists increasingly upload their papers to arXiv.org and most of these are the preprint
version of the paper — before changes from peer review [134]. Therefore, searches on computer science
topics cannot rely on traditional research databases alone. And, for this topic in particular, grey
literature was noted as a significant source of information because of the amount of relevant work that
happens outside of the academy. Based on years of observation, the algorithmic rhyme detection and
analysis expert on the review project posited that because of the thin line between research on and
application of algorithms and computer programming, that important work may be happening by
hobbyists and students that would add value to the review. Therefore we determined that limiting to
peer reviewed research literature did not make sense and the grey literature search should include code

repositories. It may not be possible for repositories like arXiv to build in the advanced search features
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we have come to rely on in traditional databases, but the lack of these features challenge researchers’

ability to create truly representative reviews on the application of computer science.

Limitations

We have sought to be comprehensive, but several of our choices may have prevented us from achieving
that goal. First, while we discovered several relevant papers via snowball sampling, we chose not to
include papers focused on rhyme generation that did not describe a rhyme detection algorithm. This is
consistent with our study’s goals, but papers that cited the ones we excluded might have themselves
included novel rhyme detection algorithms. Second, our choice to exclude rhyme algorithms in
languages other than Germanic or Italic ones may mis-shape our understanding of the field. For
example, there is a thriving community of researchers generating poetry in classical Chinese style;
additionally, there is a strong creativity research community in Helsinki, Finland, but Finnish does not
satisfy our requirements. We excluded these languages (and others, such as Arabic, Russian, or Basque)
because of our lack of expertise in them, but it is possible that important rhyme algorithms have been

developed for these languages.

Similarly, our rule that all papers needed to be written in English may have over-emphasized the role of
English in the history of rhyme detection algorithms: it might well be that there are papers written in
other languages, including non-English Germanic and Italic languages, which fully develop algorithms for
rhyme detection in those languages. In particular, it is hard to be certain that there are not PhD theses
like Dr. Mildred Drake’s thesis [1], just waiting for us to have found them with the same serendipity we

enjoyed in finding hers.
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Our challenges in using the broad collection of anthologies, databases and repositories suggest that we
may have excluded important papers, either by not including still more collections or by not searching

some of them with full success.

Finally, our refusal to consider papers based only on detecting rhyme in audio recordings may have
prevented our learning about many interesting definitions of rhyme. Focusing on the sound spoken
language might have enabled us to look at how individual performers engage in wordplay around rhyme.
Instead, we looked at papers studying languages and dialects with large corpora of written data to train

on.

Conclusion

Our systematic review of literature about rhyme has shown us how computer analysis of text has
changed across the decades from 1973 to 2022, and in particular how computational generation and
analysis of poetry and music lyrics has changed during that period. Early authors in this space focused
on simple algorithms for rhyme detection, using orthographic rules or existing rhyme dictionaries for
English. Starting in the early 2000s, researchers developed more complex algorithms, focusing on
methods like sequence alignment. More recently, there has been a flourishing in this field related to the
rise of machine learning algorithms for text analysis and generation. This flourishing includes authors
who don’t design any algorithm themselves; they simply hand a large data set of rhyming poetry or lyrics
to a transformer-based language model. Perhaps the age of algorithms for rhyme detection may be

coming to a close.
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S1 Appendix

Table 9. ACM Digital Library Expanded Guide to the Computing Literature search, performed
November 21, 2022.

Search | Query Field Results

1 troch* OR assonan* OR consonan* OR “scansion” OR Title 3,859
“scansions” OR iamb* OR sonnet* OR limerick* OR
prosod* OR caden* OR freestyl* OR syllab*

2 troch* OR assonan* OR consonan* OR “scansion” OR Abstract 19,113
“scansions” OR iamb* OR sonnet* OR limerick* OR
prosod* OR caden* OR freestyl* OR syllab*

3 troch* OR assonan* OR consonan* OR “scansion” OR Author 886
“scansions” OR iamb* OR sonnet* OR limerick* OR Keyword
prosod* OR caden* OR freestyl* OR syllab*

4 10R20R3 20,086

5 music* OR song* OR poem* OR poet* OR lyric* OR Title 9,641
verse*

6 music* OR song* OR poem®* OR poet* OR lyric* OR Abstract 22,889
verse*

7 music* OR song* OR poem* OR poet* OR lyric* OR Author 5,763
verse* Keyword

8 50R60R7 24,965

9 4 AND 8 356

10 rhyme* OR rhyming OR quatrain* OR couplet* Title 40

11 rhyme* OR rhyming OR quatrain* OR couplet* Abstract 184

12 rhyme* OR rhyming OR quatrain* OR couplet* Author 19

Keyword
13 100R110R12 192
14 9 OR 13 533
Table 10. IEEE Xplore Digital Library, performed November 21, 2022.

Search | Query Field Results

1 couplet OR stanza OR ballad OR troch* OR assonan* OR | All 11,688
consonan®* OR caden* OR scansion OR iamb* OR prosod* | Metadata
OR freestyl* OR rhythmical OR rhythmically OR
rhythmically OR syllable OR syllabify OR syllabification

2 music OR musical OR musician OR song OR poem OR All 80,651
poet* OR lyric OR lyrical OR verse Metadata

3 1AND 2 All 329

Metadata




rhyme OR rhyming All
Metadata

199

30R4

519

Table 11. Music Index via EBSCOhost, performed November 21, 2022.

Search

Query

Field

Results

1

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*" OR
"probabilistic model*" OR markov OR "graph theor*" OR "graph
structure*" OR "constraint satisfact*" OR "constraint program*" OR
"deep learning" OR "reinforcement learning"

T

6,665

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*" OR
"probabilistic model*" OR markov OR "graph theor*" OR "graph
structure*" OR "constraint satisfact*" OR "constraint program*" OR
"deep learning" OR "reinforcement learning"

AB

21,437

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*" OR
"probabilistic model*" OR markov OR "graph theor*" OR "graph
structure*" OR "constraint satisfact*" OR "constraint program*" OR
"deep learning" OR "reinforcement learning"

KW

2,439

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*" OR
"probabilistic model*" OR markov OR "graph theor*" OR "graph
structure*" OR "constraint satisfact*" OR "constraint program*" OR
"deep learning" OR "reinforcement learning"

SU

29,524

10R20R30R4

41,567

rhyme* OR rhyming OR quatrain* OR couplet* OR troch* OR
limerick* OR sonnet* OR consonan* OR assonan* OR scansion* OR
caden* OR iamb* OR prosod* OR freestyl* OR villanelle* OR
tercet* OR cinquain® OR sestet™ OR ballad*

T

5,582

rhyme* OR rhyming OR quatrain* OR couplet* OR troch* OR
limerick* OR sonnet* OR consonan* OR assonan* OR scansion* OR
caden* OR iamb* OR prosod* OR freestyl* OR villanelle* OR
tercet* OR cinquain® OR sestet™* OR ballad*

AB

6,412

rhyme* OR rhyming OR quatrain* OR couplet* OR troch* OR
limerick* OR sonnet* OR consonan* OR assonan* OR scansion* OR

KW

1,215




caden* OR iamb* OR prosod* OR freestyl* OR villanelle* OR
tercet* OR cinquain® OR sestet™ OR ballad*
9 rhyme* OR rhyming OR quatrain* OR couplet* OR troch* OR SU 5,485
limerick* OR sonnet* OR consonan* OR assonan* OR scansion* OR
caden* OR iamb* OR prosod* OR freestyl* OR villanelle* OR
tercet* OR cinquain® OR sestet™ OR ballad*
10 6 0OR70R80R9 12,709
11 5AND 10 218
12 Limit 11 to English 216
Table 12. MLA International Bibliography via EBSCOhost, performed November 21, 2022.
Search | Query Field | Results
1 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR Tl 10,963
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*
2 troch* OR assonan®* OR scansion* OR iamb* OR consonan* OR AB 3,219
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*
3 troch* OR assonan®* OR scansion* OR iamb* OR consonan®* OR SuU 25,752
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*
4 10R20R3 32,168
5 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR Tl 150,846
tune*
6 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR AB 24,373
tune*
7 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR SU 399,507
tune*
8 50R60R7 454,382
9 4 AND 8 6,766
10 rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR Tl 9,096
couplet™® OR villanelle* OR ballad* OR stanza*
11 rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR AB 1,950
couplet™® OR villanelle* OR ballad* OR stanza*
12 rhyme* OR rhyming OR quatrain®* OR limerick* OR sonnet* OR SU 13,154
couplet™® OR villanelle* OR ballad* OR stanza*
13 100R110R 12 17,851
14 90R 13 23,866
15 automat™® OR algorithm* OR comput* OR unsupervised OR Tl 10,490

autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"




OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

16

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

AB

3,470

17

automat™* OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

SU

25,646

18

150R 16 OR 17

31,182

19

14 AND 18

143

20

Limit 19 to English

121

Table 13. Communication & Mass Media Complete via EBSCOhost, performed November 21, 2022.

couplet*

Search | Query Field | Results

1 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR Tl 2,886
caden* OR prosod* OR metric*

2 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR AB 10,827
caden* OR prosod* OR metric*

3 troch* OR assonan®* OR scansion* OR iamb* OR consonan®* OR KW 2,423
caden* OR prosod* OR metric*

4 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR SuU 3,047
caden* OR prosod* OR metric*

5 10R20R30R4 12,076

6 music* OR song* OR poem* OR poet* OR lyric* OR verse* Tl 8,004

7 music* OR song* OR poem* OR poet* OR lyric* OR verse* AB 20,136

8 music* OR song* OR poem* OR poet* OR lyric* OR verse* KW 3,934

9 music* OR song* OR poem* OR poet* OR lyric* OR verse* SU 13,196

10 6 0OR70R80R9 24,427

11 5AND 10 508

12 rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR Tl 231
couplet*

13 rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR AB 829




14

rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR
couplet*

KW

111

15

rhyme* OR rhyming OR quatrain* OR limerick* OR sonnet* OR
couplet*

SU

311

16

DE "RHYME" OR DE "ASSONANCE" OR DE "LIMERICKS" OR DE
"STANZAS"

Any
field

187

17

120R130R14 OR150R 16

947

18

11 OR 17

1,406

19

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

T

11,134

20

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

AB

52,333

21

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

KW

9,619

22

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic method*"
OR "probabilistic model*" OR markov OR "graph theor*" OR
"graph structure*" OR "constraint satisfact*" OR "constraint
program*" OR "deep learning" OR "reinforcement learning"

SU

52,088

23

DE "ARTIFICIAL neural networks" OR DE "MULTILAYER
perceptrons” OR DE "DEEP learning" OR DE "ARTIFICIAL neural
networks" OR DE "COMPUTATIONAL linguistics methodology" OR
DE "COMPUTATIONAL linguistics" OR DE "AUTOMATIC spelling-to-
sound conversion" OR DE "LANGUAGE identification
(Computational linguistics)" OR DE "NAMED-entity recognition"
OR DE "NETWORK grammar" OR DE "SENTIMENT analysis" OR DE
"SPEECH processing systems" OR DE "INFORMATION technology"
OR DE "COMPUTER software" OR DE "COMPUTERS" OR DE
"ELECTRONIC data processing" OR DE "COMPUTATIONAL
linguistics"

Any
field

16,141




24 19 0R200R 21 0R220R 23 84,205
25 18 AND 24 114
26 Limit 25 to English 109

Table 14. Linguistics and Language Behavior Abstracts via ProQuest, performed November 21, 2022.

autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic
method*" OR "probabilistic model*" OR markov OR "graph
theor*" OR "graph structure*" OR "constraint satisfact*" OR
"constraint program*" OR "deep learning" OR "reinforcement
learning"

Search | Query Field Results

1 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR | TITLE 9,190
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*

2 troch* OR assonan* OR scansion* OR iamb* OR consonan* OR | SUMMARY | 29,399
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*

3 troch* OR assonan®* OR scansion* OR iamb* OR consonan* OR | SUBJECT 15,523
caden* OR prosod* OR rhythm* OR meter* OR metre* OR
metric*

4 10R20R3 33,506

5 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR | TITLE 8,386
aria* OR hymn* OR choral* OR chorus* OR choir* OR tune*

6 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR | SUMMARY | 20,975
aria* OR hymn* OR choral* OR chorus* OR choir* OR tune*

7 music* OR song* OR poem* OR poet* OR lyric* OR verse* OR | SUBJECT 30,695
aria* OR hymn* OR choral* OR chorus* OR choir* OR tune*

8 50R60R7 39,319

9 4 AND 8 3,332

10 rhyme* OR rhyming OR rime* OR riming OR quatrain* OR TITLE 885
limerick* OR sonnet* OR couplet* OR stanza* OR ballad*

11 rhyme* OR rhyming OR rime* OR riming OR quatrain* OR SUMMARY | 3,835
limerick* OR sonnet* OR couplet* OR stanza* OR ballad*

12 rhyme* OR rhyming OR rime* OR riming OR quatrain* OR SUBJECT 1,364
limerick* OR sonnet* OR couplet* OR stanza* OR ballad*

13 MAINSUBJECT.EXACT.EXPLODE("Rhyme (Poetics)") OR Anywhere | 359
MAINSUBJECT.EXACT.EXPLODE("Rhyme (Phonology)")

14 100R110R120R 13 4,423

15 9 OR 14 7,164

16 automat™® OR algorithm* OR comput* OR unsupervised OR TITLE 10,410




17

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic
method*" OR "probabilistic model*" OR markov OR "graph
theor*" OR "graph structure*" OR "constraint satisfact*" OR
"constraint program*" OR "deep learning" OR "reinforcement
learning"

SUMMARY

35,176

18

automat™® OR algorithm* OR comput* OR unsupervised OR
autoencod* OR "neural network*" OR software* OR "machine
learning" OR "artificial intelligence" OR "probabilistic
method*" OR "probabilistic model*" OR markov OR "graph
theor*" OR "graph structure*" OR "constraint satisfact*" OR
"constraint program*" OR "deep learning" OR "reinforcement
learning"

SUBJECT

31,157

19

MAINSUBJECT.EXACT.EXPLODE("Computer Software") OR
MAINSUBJECT.EXACT.EXPLODE("Computer Applications") OR
MAINSUBJECT.EXACT.EXPLODE("Markov Models") OR
MAINSUBJECT.EXACT.EXPLODE("Neural Networks") OR
MAINSUBJECT.EXACT.EXPLODE("Constraints (Optimality
Theory)") OR MAINSUBJECT.EXACT.EXPLODE("Machine
Learning") OR MAINSUBJECT.EXACT.EXPLODE("Artificial
Intelligence") OR
MAINSUBJECT.EXACT.EXPLODE("Algorithms") OR
MAINSUBJECT.EXACT.EXPLODE("Computational Linguistics")

Anywhere

4,017

20

16 OR17OR 18 OR 19

50,835

21

15 AND 20

412

22

Limit 21 to English

359
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