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Abstract

Text, although written using symbols and
characters, is not void of connection to the
predominantly spoken form of language. Whilst
syntax and semantics are the cornerstones of
meaningful text, a substantial portion of human
communication relies heavily on the specific
sounds and sound patterns observed in language.
In this survey paper, we present an outline of the
areas of computational linguistics, specifically
natural language generation (NLG), that are either
dependent upon, or benefit from, an additional
understanding of phonetics and phonology. We
cover a range of subdisciplines, from practical
areas such as and grapheme-to-phoneme conver-
sion (G2P) to creative endeavours such as poetry
and humour generation. We aim for this overview
to situate the role of phonetics and phonology in
NLG, and invite the community at-large to con-
sider how the study of such features may be able
to positively impact different domains through
fusing characteristics of both speech and text.

1 Introduction

To successfully generate coherent language, compu-
tational models must understand several key areas
of linguistics. Fundamentally, the area of syntax
dictates the ordering of words and the grammatical
relationships between constituents (Moravcsik, 2006;
Van Valin, 2001), whilst semantics addresses the
meaning of language and the message that is to be con-
veyed (Kroeger, 2018; Hofmann, 1993). The former is
essential to not generate random assortments of words,
turning "cat the sat on mat his" into "his cat sat on the
mat", whilst the latter is what explains the nonsensical
nature of the phrase "They quickly ran upwards down
the stairs". Both of these elements are essential to the
majority of written language. However, as compu-
tational approaches such as large language models
(LLMs) become adept at handling these elements of
language, the challenge presented by other areas of

*Work performed while at the University of Sheffield.

Figure 1: Illustration of the areas surveyed in this work.
G2P refers to grapheme-to-phoneme conversion, whilst
LM refers to the general domain of language modelling.
We distinguish between upstream foundational tasks (red)
and downstream applications (green).

linguistics becomes much clearer. Of these, the related
areas of phonetics and phonology concern the pro-
duction, perception, and distribution of speech sounds
across human languages (Rogers, 2013; De Lacy,
2007; Wells, 1982b). Such elements are essential to
many aspects of human communication, even in its
written form, complementing syntax and semantics
and being the fundamental elements that separate
prose from poetry and other creative uses of language.

1.1 Existing Surveys

To the best of our knowledge, this work presents
the first survey paper dedicated to the topic of
phonetically and phonologically motivated devel-
opments in NLG. However, there exists a range of
survey papers that cover individual areas in depth,
particularly those where conventional approaches do
not rely explicitly on such characteristics. Cheng et al.
(2024) provides an overview of G2P in multilingual
settings, covering methods, datasets and evaluation
metrics, Gonçalo Oliveira (2017) cover the area of
intelligent poetry generation, Watanabe and Goto
(2020) address the automatic generation of lyrics,
and Loakman et al. (2025d) and Amin and Burghardt
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(2020) survey approaches to humour generation.
We focus on novel approaches to incorporating
phonetic and phonological knowledge into these tasks,
rather than overall paradigms and state-of-the-art
approaches, where the novelty is not linguistically
motivated. The primary aim of this survey is one
of breadth concerning the inclusion of phonetic
and phonological knowledge in natural language
generation, demonstrating the richness of research in
this subdiscipline for an domain-adjacent readership,
rather than per-topic depth for area specialists.

1.2 Survey Outline

In this survey, we focus primarily on works where
phonetic and phonological knowledge has been incor-
porated into the process of natural language genera-
tion. We do, however, take a broad view of generation
to also include elements such as the natural language
explanation of phonetically and phonologically
motivated text. Regarding paper inclusion, we utilised
a systematic backward snowball approach beginning
with articles found on the ACL Anthology and Google
Scholar using a list of domain-relevant keywords
(see Appendix A for the full list of terms). From
there, cited works were obtained and considered for
inclusion. In §2.1 we outline grapheme-to-phoneme
conversion, a fundamental step for most other pho-
netically and phonologically informed works. In §2.2
we cover the broad topic of language modelling and
approaches to incorporating relevant knowledge with-
out a specific downstream task (including prompting
methods, knowledge probing, and general evaluation).
Following this, we address the large scale generative
tasks of poetry generation in §3.1 and humour
generation in §3.2, followed by translation in §3.3.

2 Upstream Foundational Tasks

2.1 Grapheme-to-Phoneme Conversion

Grapheme-to-phoneme conversion (G2P) is a
common prerequisite for the processing of text using
phonetic and phonological knowledge for downstream
tasks, particularly for languages with opaque deep
orthography. G2P centres on the process of converting
graphemes, the character-level writing units of a
language, to phonemes, the smallest meaningful units
of sound. As such, it allows the investigation of the
sounds that would be produced if written text was
to be read aloud, assuming a specific accent. For
instance, G2P may convert the word bath into /bA:T/
for a British speaker of Southern Standard British
English (SSBE, Wells, 1982b), /baT/ for a speaker of

General Northern English (Wells, 1982b), or /bæT/
for a speaker of General American (Wells, 1982a).1

It is therefore paramount to the task of G2P that
phonetic and phonological knowledge is available in
the form of transcribed training data such as pronunci-
ation dictionaries or aligned speech and text (Ribeiro
et al., 2023; Route et al., 2019; Aquino et al., 2019).

G2P is commonplace in tasks such as automatic
speech recognition (ASR) and speech synthesis (i.e.,
text-to-speech), particularly in multilingual and low-
resource settings (Cheng et al., 2024). The inclusion
of phonetic transcriptions provides the spoken form
of words, allowing the transfer of knowledge across
languages with different orthographic conventions
but shared phoneme inventories. This has motivated
approaches that exploit phonological similarity and
cross-lingual transfer to extend models to under-
resourced languages (Matogawa et al., 2024; Ham-
mond, 2023; Li et al., 2022; Deri and Knight, 2016).
In situations where textual data is scarce, the incorpora-
tion of multimodal speech data to learn pronunciations
has also been well researched (Ribeiro et al., 2023;
Route et al., 2019; Aquino et al., 2019), facilitating
cross-modal transfer to alleviate resource constraints.

Owing to the ever-growing scale of model require-
ments, including quantities of training data, a growing
focus in G2P is computational efficiency. Recent
works such as Kim et al. (2022) present methods to
make G2P more appropriate for complex, real-time
applications. They propose a non-autoregressive
transformer for bilingual G2P, achieving accuracy
comparable to autoregressive baselines whilst offering
substantially faster inference, making them suitable
for low-latency applications. Similarly, LiteG2P
(Wang et al., 2023) presents a highly parameter-
efficient and parallelised hybrid connectionist
temporal classification (CTC) model that incorporates
G2P mapping dictionaries alongside maximum map-
ping length restrictions and masking rules to suppress
invalid phoneme predictions for each grapheme.

A persistent challenge that faces G2P, and has mea-
surable downstream impacts (particularly regarding
puns and rhyme) is that of homographs. Homographs
concern words that have identical orthography yet
differ in their pronunciation based on context (e.g.,
“take a bow” versus “a bow and arrow”). G2P systems
capable of homophone disambiguation are becoming
increasingly common, such as SoundChoice (Plou-
jnikov and Ravanelli, 2022), which leverages BERT-

1These constitute three distinct collections of accents, each
with variation in practice.

624



based semantic embeddings to incorporate contextual
information, allowing for sentence-level disambigua-
tion of homographs. Similarly, Han et al. (2024)
present an in-context knowledge retrieval approach
to G2P, where an LLM is prompted with the sentence
and its phonetic transcription, using semantic context
to find the correct pronunciation of homographs.

Similar to the linguistic ambiguity posed by
homographs, the prevalence of code-mixing in
many language communities presents an increased
need for multilingual G2P models capable of
handling switches between languages and writing
systems. To this end, Cho et al. (2020) present a
multi-stage code-mixed G2P model for Korean which
applies transliteration at the sentence level to handle
agglutinative morphology. They decompose the task
into stages, which includes detecting and separating
non-Korean segments in eojeols2 and transliterating
them into Korean pronunciations to improve the han-
dling of code-mixed orthographies. Additionally, Zhu
et al. (2022) demonstrated that byte-level models (e.g.,
ByT5) outperformed standard token-level models
(e.g., mT5) trained on a large scale multilingual G2P
dataset. Rather than relying on predefined subword
tokenisation, ByT5 works directly on UTF-8 bytes
which avoids segmentation errors and vocabulary
mismatches, thereby reducing the phoneme error rate,
especially in low-resource languages.

A further challenge to G2P is presented with
underspecified orthographies, seen in languages such
as Hebrew, Arabic, and Persian, where the given
writing systems do not directly reflect all phonological
contrasts present in a language’s spoken form. In
particular, Persian (i.e., Farsi) has become a popular
focus for G2P research due to its underspecified or-
thography, in which short vowels (e.g., ezāfe particles)
are not typically represented in writing. Rahmati and
Sameti (2024) present GE2PE, a Persian G2P model
to handle unwritten short vowels, ezāfe detection, and
homograph disambiguation. GE2PE handles inputs at
the sentence level using ByT5 to incorporate morpho-
logical, syntactic, and semantic contexts which would
otherwise not be possible at the word-level. Similarly,
Qharabagh et al. (2025) show Finglish prompting
(i.e., romanised Farsi) to improve G2P accuracy
without additional training. They further introduce a
sentence-level benchmark for polyphone disambigua-
tion and ezāfe prediction, also releasing Kaamel-Dict,
an open-licensed Persian G2P dictionary. Further

2An eojeol is a fundamental linguistic unit of Korean,
consisting of a sequence of characters separated from the rest of
a text with whitespace.

research has also explored alternative disambiguation
strategies for handling Persian homographs using
intermediaries such as Finglish (?Bertina et al., 2025).

2.2 Language Modelling
Language modelling concerns the development of
computational models of linguistic structure and
meaning, most essentially via being able to predict the
most probable next word given a previous sequence
(Chang and Bergen, 2024). We first discuss more
general literature that addresses the inclusion of
phonetic and phonological knowledge in the language
modelling process, abstracted away from any
particular downstream application, covering aspects
such as prompting approaches, phonetic/phonological
knowledge probing, and general phonetics/phonology
benchmarks.

Rather than relying entirely on retroactive knowl-
edge injection, phonetic and phonological knowledge
can be incorporated into language models from
the offset via being included in the pretraining
stage. To this end, Goriely et al. (2024) present a
pretraining paradigm where LLMs are trained on
continuous streams of phonemes by removing word
boundaries and applying character-level tokenisation.
This approach allows model to learn enhanced
phoneme-based knowledge at the cost of a slight
decrease in performance on traditional language
understanding tasks. Similarly, Bunzeck et al. (2024)
compare grapheme- and phoneme-based Llama
models and observe that grapheme models perform
better overall on grammatical tasks, whereas phoneme
models trade some performance for improved
understanding of phonological tasks. Along the same
lines, Gale et al. (2023) present BORT, a BART-based
model pre-trained on orthographic and phonemic
data through a self-supervised phoneme-to-grapheme
(P2G) translation task that aims to restore orthography.
Experimenting with pronunciation, spelling, and noise
transforms, BORT is fine-tuned on clinically relevant
tasks in speech language pathology and shows sub-
stantial gains over baselines. Performing pretraining
on phonemic representations has also been explored
for ASR (Masumura et al., 2020). Tsvetkov et al.
(2016) introduce polyglot language models, which
train a single recurrent neural network (RNN) over
phonetic symbol sequences from multiple languages
using shared representations. They condition the
models on typological features of the target language
to guide cross-lingual transfer. Their results show that
polyglot models generalise better to held-out phonetic
sequences than comparable monolingual models, and
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phonetic feature representations learned in multilin-
gual settings are of higher quality than those trained
in isolation. An analysis of the embedding space
shows that the models capture features such as vowel
length, nasality, and consonant-vowel distinctions,
with similar sounds clustering across languages.

Abstracted from downstream tasks, the phonetic
and phonological understanding of models can also be
assessed through observing the characteristics learnt
during training, and the development of explicit pho-
netic word embeddings. For example, Gutscher and
Pucher (2024) investigate whether articulatory charac-
teristics, dialectal differences, and speaker variances
can be encoded in embeddings from audio segments,
using quinphones3 in the embeddings of Austrian Ger-
man speakers. They show that characteristic phones
are captured effectively in the embedding space,
allowing for better classification of dialects. Finally,
Malisz et al. (2024) release PRODIS, a large multi-
speaker Polish speech database with a phoneme-level
language model, enabling the study of how prosody
and discourse factors shape acoustic patterns. There
also exists a range of BERT-based encoding models
for speech tasks using phonetic features (Nguyen
et al., 2023; Zhang et al., 2022; Sundararaman et al.,
2021). McLaughlin et al. (2025) investigate how
Llama 3.2 internally represents phonetic information
despite not explicitly training on such data. By
probing and using causal intervention techniques,
they show that embeddings can encode recoverable
phonetic features, identifying what they coin a
“phoneme mover head” that can promote phonetic
similarity in rhythm tasks. They further find that the
model’s internal vowel space partially aligns with the
IPA vowel quadrilateral, indicating that the model can
converge on phonetic representations without explicit
training. Furthermore, Sharma et al. (2021) present
work on learning phonetic word embeddings. Using
X-SAMPA mappings for English (Wells, 1995) and
mappings proposed by Malviya et al. (2016) for Hindi,
they develop a distance metric based on perceptual
similarity that takes into account the salience of differ-
ent sound changes (such as vowel changes being more
salient than consonants). Phonetic representations
of words within the resulting embedding space are
shown to correctly group perceptually similar words.

Work has also been conducted on how to integrate
phonetic knowledge into prompting strategies, alle-
viating the necessity of model fine-tuning. Lei et al.

3A type of phone representation that takes into account
coarticulation from preceding and proceeding sounds.

(2025) present a phonetic retrieval-augmented frame-
work for ASR with LLMs, where entities are selected
using normalised phonetic distance and provided as
context. By including phonetically similar entities in
the prompt, the model is able to re-rank and refine
candidate ASR outputs, improving the performance
of named entity recognition. Nguyen et al. (2025)
examine the performance gap between Latin and
non-Latin script languages, demonstrating that even
state-of-the-art multilingual models underperform on
languages that are not written in the Latin script. By
proposing a prompting method that includes phone-
mic transcriptions, it allows for language-independent
representations that would be otherwise obscured
by graphemic differences. This method, therefore,
improved multilingual generation and translation,
thereby reducing the performance disparity between
languages with different writing systems.

With the increasing use of LLMs as the basis of
phonetic and phonological tasks, it becomes crucial
for such systems to be evaluated. Suvarna et al.
(2024) introduce PhonologyBench, a benchmark that
evaluates LLMs across three different tasks, including
G2P, syllable counting, and rhyme generation. Over-
all, even the strongest models underperformed human
baselines, with the largest discrepancy observed in
syllable counting. This weakness extends even to
simpler orthographic counting tasks such as counting
the frequency of <r> in the word “strawberry” (Xu
and Ma, 2025). Zouhar et al. (2024) present PWE-
Suite, a benchmark for phonetic word embeddings
that evaluates how models capture phonological
relationships. Two levels of understanding are
evaluated: intrinsic aspects, which include word
retrieval and correlation with sound similarity and
extrinsic aspects, which include cognate detection
and sound analogies.4 Experiments show that whilst
subword-based embeddings encode some phonetic
structure, dedicated phonetic embeddings consistently
outperform them across all tasks. Finally, Gao et al.
(2024) present SLIQ-LL, a benchmark targeting
spoken language learning by evaluating LLMs on
conceptual and applied phonological questions. In
this dichotomy, conceptual questions refer to things
such as “How many possible places of articulation
are there?”, whilst applied questions asked for this
knowledge to be used in practice, such as asking
“What syllable carries primary stress in [word]?”.
Results demonstrated that LLMs can learn conceptual

4For example, a sound analogy may be that /tIn/ is to /dIn/,
what /sIn/ is to /zIn/, as a result of the change in voicing within
the first segment.
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knowledge reasonably well but fail to apply it directly
to tasks involving pronunciation, stress, or intonation.

3 Downstream Application Tasks

3.1 Poetry

In this section, we define poetry as an umbrella term
encompassing traditional poetry such as sonnets
(Spiller, 1992), haikus (Yasuda, 1973), and limericks
(Vaughn, 1904), alongside the generation of song
lyrics that rely on linguistic techniques and areas
of phonetics and phonology such as rhyme, metre,
alliteration, consonance, and assonance. Poetry and
lyrics of these kinds exploit patterns in phonetics
and phonology for literary effects such as sound
symbolism (Loakman et al., 2024; Ramachandran and
Hubbard, 2001; Sapir, 1929), and to meet constraints
imposed by the given medium. For example, a haiku
traditionally consists of three lines, in which the first
line has five syllables, the second has seven, and
the third again has five, whilst song lyrics are often
designed to complement a musical backing track and
are therefore length-restricted.

Owing to the integral nature of characteristics
such as rhyme to poetry, most approaches focus on
training phoneme-aware models for poetry generation.
McGregor et al. (2016) present an early attempt at
using a phoneme-based model for the task of poetry
generation. They modelled the patterns of phoneme
co-occurrence in poetry with an information-theoretic
metric that uses phoneme transcriptions and syllable
information from the CMUDict. Whilst this model
was trained to have phonetic and phonological aware-
ness to meet form constraints, the approach was at the
expense of not maintaining coherent semantics. Hop-
kins and Kiela (2017) present a similar approach, also
training a phoneme-level model. Using a combination
of CMUDict transcriptions and finite state automata
based on the G2P rules presented in Black et al.
(1998), they consider the output semantics by incorpo-
rating a stage to convert the learnt phoneme sequences
back into words using an HMM and n-gram language
model, overcoming the semantic incoherence that
could be caused by incorrect homophone selection
during transliteration. They increase the robustness of
their approach to unseen poetry forms by decoupling
the content and form aspects of poetry, using a cascade
of weighted finite state transducers to identify syllable
stress patterns, and therefore rhythm. Ghazvininejad
et al. (2016) likewise explore meeting rhythm and
rhyme constraints alongside topic-conditioned poetry
generation. Despite the efficacy of incorporating

linguistic knowledge, some approaches have also for-
gone the use of phonetically transcribed data, opting
instead to train on lines of unlabelled orthographic
text annotated with control codes (Keskar et al., 2019)
associated with the metre and rhyme scheme, leading
to moderate implicit learning (Ormazabal et al.,
2022). Regarding rap lyric generation, Nikolov et al.
(2020) incorporate an explicit rhyme enhancement
step into generation, using BERT to mask the final
word in a line and then predicting the 200 most likely
replacements, selecting the candidate that maximises
the sequence of overlapping vowels with the last
word of the previous line. Other approaches to song
lyric generation have focused on backwards decoding
- predicting the rhyming words for each line before
decoding the rest of a given line, therefore prioritising
the presence of rhyme (Sun et al., 2023; Liu et al.,
2022; Xue et al., 2021; Van de Cruys, 2020).

A common limitation of NLP approaches to
processing language such as poetry is the focus on
broad subword tokenisation strategies that break up
phonetically relevant sequences. One approach to
remedying this is with character-level tokenisation
strategies. For example, Tikhonov and Yamshchikov
(2018) trained both orthographic character-based
and phoneme-based LSTMs to generate poetry that
imitates the styles of specific well-known English-
(e.g., Shakespeare and Poe) and Russian-language
(e.g., Pushkin and Esenin) poets - confirming that the
phonetic characteristics of the output are integral to
correctly mimicking poetic voice. Potash et al. (2015)
also train LSTMs for rap lyric generation, incorpo-
rating rhyme knowledge via adding special tokens
to the start and end of a line or verse to aid the model
in implicitly learning that final tokens in different
lines are likely to rhyme. Similar to Tikhonov and
Yamshchikov (2018), they incorporate additional
features to aid in mimicking the styles of different
artists. Potash et al. (2018) extends this work into a
benchmark for rap lyric ghostwriting. Building upon
the abilities of character-based models for phonetic
tasks, Belouadi and Eger (2023) train an end-to-end
token-free poetry generation model, ByGPT5, using
rhyme and metre classifiers alongside a novel dataset
of English and German poetry quatrains that was
annotated with an alliteration metric.

Finally, as the fields of music generation (Pathariya
et al., 2024; Zhu et al., 2023) and singing speech
synthesis (Bai et al., 2025; Cho et al., 2021) expand,
so too has the generation of combined lyric and
melody generation. For example, Watanabe et al.
(2018) present a melody-conditioned lyrics model that
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exploits syllable counts to ensure alignment between
melody and lyrics whilst taking into account the
discourse-level semantic structure of lyrics. Further
work to this end has been performed (Chen and Lerch,
2020; Sheng et al., 2020), including for Portuguese
(Gonçalo Oliveira, 2015; Gonçalo Oliveira et al.,
2007), Tamil (Ramakrishnan A et al., 2009), and
Chinese (Lee et al., 2019). More recently, Tian et al.
(2023) presented an unsupervised approach leveraging
automatic alignment between syllables and musical
melody. They use a plan-to-lyric approach, using GPT-
2 to generate full words before retrieving the word’s
syllable stress from CMUDict, identifying whether
or not it meets the required stress-duration alignment
constraint to be included in the final lyrics. Additional
research has also focused on the reverse task,
generating appropriate melodies for a pre-existing set
of lyrics (Yu et al., 2025; Duan et al., 2023).

In recent years, there has been increased work
on benchmarking the performance of pre-trained
language models in poetry generation. Abdibayev
et al. (2021) present BPoMP, a poetry-focused variant
of Warstadt et al. (2020)’s minimal-pair specific
benchmark, BLiMP. BPoMP tests models’ abilities to
distinguish between correct and corrupted limericks
from the OEDILF project,5 the latter of which are cre-
ated by shuffling rhyming words, shuffling entire lines,
or replacing an element of a rhyming word pair with a
non-rhyming substitute. Of the three tasks, the tested
models struggled the most at identifying corrupted
limericks when a rhyming word was replaced with
a non-rhyming substitute, demonstrating that these
pre-trained models did not understand the phonetic
characteristics of the texts, focusing instead on the
semantics, which remained constant in this condition.
Additionally, Walsh et al. (2024) present a benchmark
to test LLMs at identifying different poetic forms.

3.2 Humour

Whilst there are myriad forms of humour, features
of phonetics and phonology are paramount to the
forms of heterographic puns and tongue twisters.
Heterographic puns comprise wordplay that exploits
homophony and near-homophony (i.e., words that
sound similar, yet are spelt differently). For instance,
“What do you call a fake noodle? An impasta” relies
on the phonetic similarity between “pasta” [past@]
and “-poster” [p6st@]. To generate such humour,
computational models must be able to identify words
that share similar phonetic characteristics, despite

5https://www.oedilf.com/db/Lim.php

having differing orthography. On the other hand,
tongue twisters are difficult to articulate due to the
rapid succession of phonemes that share similar
phonological features (Clements and Ridouane,
2011; De Lacy, 2007; Klausenburger, 1970) which
cause confusion when being realised as phones - for
example, alternating between /s/ and /S/ in “She sells
sea shells by the sea shore”. Incorporating phonetic
and phonological knowledge enables models to
construct sequences that exploit these characteristics.

Midway between poetry/lyric generation and
humour, tongue twister generation aims to create a
grammatically valid sequence of words that features
high levels of alliteration, generating humour through
articulatory difficulty. Keh et al. (2023) present
PANCETTA, a series of approaches involving
training naive and phoneme-aware models in
topic-to-twister and style-transfer settings. They
include phoneme-level awareness by pre-training
models on phonemic representations of WikiText data.
Other approaches have also been taken to observe
whether features of tongue twisters can be learnt
implicitly from orthography (Loakman et al., 2025b,
2023). Two phoneme-aware evaluation metrics
were introduced in Loakman et al. (2025b) based
on phoneme edit distance (McCoy and Frank, 2018;
Mortensen et al., 2016), which assessed the similarity
of output phonemes in phonological feature space.

Elsewhere in computational humour, early work in
pun generation used template-based joke schema that
facilitated the easy injection of specialised linguistic
knowledge, such as phonetic transcriptions (Hong
and Ong, 2009; Ritchie et al., 2007; Binsted, 1996;
Binsted and Ritchie, 1994). For example, in order
to create heterographic puns, Binsted (1996) and
Binsted and Ritchie (1994) made use of a pre-existing
corpus of English homophones, substituting parts of
a word with semantically different yet phonetically
similar elements, such as turning “tranquillizer”
into “trunkquillizer” within a joke concerning
elephants. Furthermore, Stock and Strapparava (2005)
present HAHAcronym, a method for producing
acronym-based jokes that leverages CMUDict to
identify candidate words that can replace the original
whilst maintaining phonetic similarity, such as using
“intimidation” in place of “investigation” for the
Federal Bureau of Investigation (FBI). Rule-based
approaches remain in present works, such as Dehouck
and Delaborde (2025), who present work on generat-
ing Monsieur et Madame puns based on French given
names. Their approach involves taking a phonetically
transcribed name and mapping it to a French term
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from Wiktionary using a prefix tree. Further con-
cessions are made for the discrepancy in written and
spoken French, with phonological distinctions being
relaxed in order to generate a larger pool of pun word
candidates whilst using less accent-specific matching.
More modern approaches to pun generation have
relied on neural architectures, combining phonetics
(e.g., homophone pairs) with humour mechanisms
such as incongruity (Chen et al., 2024; Sun et al.,
2022; Tian et al., 2022b; He et al., 2019).

Baluja (2025) observe that prompting LLMs with
synthetic speech of puns being read aloud alongside
the original text results in an improvement in gener-
ated pun explanations. This suggests that exploiting
the audio of the heterograph’s pronunciation, rather
than identifying similar-sounding words through or-
thography alone, is beneficial. In the case of homo-
graphs, this is likely the result of the homonym subset,
whereby two words are spelt the same, yet both their
meaning and pronunciation differ (e.g., “I like to read”,
/ôi:d/ versus “Yesterday, I read the book”, /ôEd/). Fur-
thermore, recent work has shown that LLMs still have
considerable difficulty with phonetically motivated
humour, struggling more to both generate (Xu et al.,
2024) and explain (Zangari et al., 2025; Loakman
et al., 2025c) heterographic puns than homographic
puns.

3.3 Translation
Finally, we turn to the topic of translation. In
particular, phonetic and phonological knowledge
is incorporated into translation systems that are
specifically designed to process texts of the formats
previously discussed. In such cases, performing
translation such that it can be understood by a target
audience requires not only the preservation of mean-
ing, but also phonetic and phonological constraints,
such as maintaining the same metrical structure or
location of rhyming couplets, which may be achieved
through techniques such as constrained decoding
(Bogoychev and Chen, 2023; Nakazawa et al., 2021;
Susanto et al., 2020; Post and Vilar, 2018).

Early work into the translation of loan words found
that including both grapheme- and phoneme-based
methods helped mitigate issues that each faced when
applied separately. Oh et al. (2006) showed that whilst
grapheme-based models could capture regularities
in spelling, they often failed when pronunciation
diverged from what would be expected through
orthography. In such cases, phoneme-based models
showed better performance in preserving sound
information that was not encoded in graphemes. For

example, when the English loan word “data” (/deIt@/
or /dæt@/) is transliterated, in Korean it becomes “de-
i-teo” and in Japanese it becomes “de-e-ta”, reflecting
each language’s phonology. Tian et al. (2022a)
present a transliteration model for English to Arabic
proper nouns that utilises a phonemic memory module
to guide the mapping between English phonemes
and Arabic graphemes during decoding. This results
in outputs being biased towards phonetically similar
transliterations, making them more accurate in translit-
erating names without changing the pronunciation.

Liu et al. (2019) integrate textual and phonetic
embeddings to improve robustness to homophones,
whilst Mhaskar et al. (2024) present a method that
aligns phoneme counts between source and target
sentences. With the introduction of phoneme-count
compliance, Mhaskar et al. (2024) demonstrate that
their approach significantly outperforms baselines for
English-Hindi translation. In addition, Rosales Núñez
et al. (2019) present a phonetic normalisation ap-
proach to improve the translation of noisy, user-
generated content in French. They utilise character-
based G2P, with the output being used to generate
phonemic candidates for translation. This allows for
non-standard spellings, accent variations, and typo-
graphical errors to be corrected.

Humour translation remains an actively investi-
gated area, having dedicated shared tasks such as
CLEF’s JOKER (Ermakova et al., 2026). Taylor et al.
(2025) present work on translating puns from English
to French, presenting the highest scoring submission.
To achieve this, they use contrastive learning with
phonetic-semantic embeddings learnt from the
databases Lexique (New et al., 2004) and PanPhon
(Mortensen et al., 2016). Chakrabarty et al. (2021)
show that a multilingual fine-tuned poetry model
significantly outperforms models 30x larger that were
not exposed to poetry during training. Whilst the
results focus on semantics, the findings also suggest
links to phonetics and phonology due to poetry
frequently relying on rhyme. Similar links have been
identified in the processing of Sanskrit and Persian
(Sandhan et al., 2025; Khanmohammadi et al., 2023).

4 Challenges & Future Directions

Linguistic Bias. As a research domain, a pressing
concern remains the inadvertent promotion of specific
linguistic characteristics over others (Fleisig et al.,
2024; Ryan et al., 2024; Joshi et al., 2020). Whilst
accent robustness is a common concern in areas such
as automatic speech recognition (Yong et al., 2025;
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Markl and McNulty, 2022), much research in phonet-
ically and phonologically grounded language genera-
tion fails to address these concerns. For instance, most
G2P systems are trained to represent high-resource,
idealised language varieties (e.g., Southern Standard
British English or General American), and gold-
standard resources such as the CMU Pronouncing Dic-
tionary remain static. As a result, the understanding of
phonetically and phonologically informed language
overlooks differences in phoneme inventories and ar-
ticulatory tendencies of non-standard, non-prestige
varieties, resulting in language technologies that do
not adequately serve such communities. Outside of ac-
cent variation, similar representational limitations are
observed across different languages. Whilst English
is known for having opaque orthography, the sheer
volume of available data (including data relating to
phonetic and phonological characteristics) facilitates
implicit learning to a much greater extent than would
be expected from a language that is both low-resource
and orthographically opaque, in contrast to languages
with transparent orthography and lower levels of inter-
speaker variation (Marjou, 2021; Borleffs et al., 2017).
To this end, research must continue in the direction
of the wider NLP trend towards customisable, person-
alised models that work for a language community or
individual, rather than against (Guan et al., 2025).

Tokenisation Approaches. Whilst existing research
has demonstrated that phonetic and phonological
knowledge can be implicitly gained by LLMs with
significant scale increases in computational power
and data, lower resource application settings require
more deft approaches. Of these, the limits of subword
tokenisation for many of the tasks presented in this
work are evident, with the broadness of tokenisation
resulting in a loss of understanding concerning the
relationship between orthography and pronunciation.
Several works have found success in applying alterna-
tive tokenisation approaches, such as character-level
tokenisers as used in ByT5 (Loakman et al., 2025b;
Rahmati and Sameti, 2024; Zhu et al., 2022).

Knowledge Integration. Current foundation mod-
els demonstrate remarkable understanding of a wide
range of complex topics. However, despite informa-
tion on phonetics, phonology, and orthography being
widely available for high-resource languages, many of
the processing difficulties observed in LLMs indicate
an inability to integrate this knowledge in practice
(Shojaee et al., 2025; Loakman et al., 2025a; Jiang
et al., 2024). Consequently, research toward active
reasoning using latent knowledge remains fruitful.

Audio-Enabled Models. Finally, a pivotal future
direction concerns LLMs explicitly trained on speech
representations, such as audio-enabled LLMs or
speech-to-speech understanding models (Cui et al.,
2025; Wang et al., 2025; Yang et al., 2024; Shan
et al., 2025). Whilst such models remain in their
relative infancy, these approaches alleviate the
need for labour-intensive handcrafted phonetic and
phonological knowledge, such as gold-standard
transcriptions, whilst additionally avoiding the lack
of representational fidelity that is inherent in learning
sound-based characteristics from broad phonemic
transcriptions or directly from orthography. However,
accent diversity concerns remain with such models,
with many of the most popular speech datasets being
relatively homogenous in language variety (Markl and
McNulty, 2022). Multimodal prompting approaches
demonstrate promise in facilitating phonetic and
phonological understanding, lending support to future
advancements as multimodal fusion improves and the
handling of speech by LLMs transitions from speech
recognition front-ends for text-based understanding
models to speech-to-speech models.

5 Conclusion

In this survey we have outlined a range of key
foundational and application-based areas where
incorporating knowledge of phonetics and phonology
is either integral (e.g., heterographic puns) or of
substantial benefit (e.g., spelling error correction).
We have focussed primarily on unique use cases of
phonetic/phonological knowledge in these domains,
aiming to provide the reader and the NLP/CL
communities as a whole, a concise and accessible
introduction to a subfield of NLG where linguistic
knowledge of this type is paramount.

Limitations

We aim for this work to act as an overview of the ways
in which the NLG community has incorporated knowl-
edge from the areas of phonetics and phonology into
different tasks. As a result, this survey does not aim
for high levels of depth in any specific subdiscipline,
instead we refer the reader to relevant recent works in
the respective areas of interest for deeper architectural
insight (especially where these details do not
pertain to the incorporation of phonetic/phonological
knowledge itself). The purpose of this survey is to act
as an overview for works incorporating knowledge
from a specific branch of linguistics which is less
frequently considered in common generation tasks.
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Although we have strived to include a wide range
of works in the target areas we explore, it remains
possible that we have missed some works in the area
and this survey is not to be taken as a definitive list
of all of the research in NLG that has incorporated
phonetic/phonological knowledge, including within
the subdisciplines we cover.
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