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INTRINSIC EXTRINSIC OVERALL
Model Human Sim. Art. Dist.  Retrieval Analogies Rhyme Cognate
(Pearson) (Pearson) (rank perc.) (Acc@1) (accuracy) (accuracy)

Metric Learner 0.46 0.94 0.98 84% 83% 64%
Triplet Margin 0.65 0.96 1.00 100% 77% 66%
Count-based 0.82 0.10 0.84 13% 79% 68%
Autoencoder 0.49 0.16 0.73 50% 61% 50%

Poetic Sound Sim.  0.74 0.12 0.78 35% 60% 57%
phoneme2vec 0.77 0.09 0.80 17% 88% 64%
Phon. Sim. Embd. 0.16 0.05 0.50 0% 51% 52%

Others’

BPEmb 0.23 0.08 0.60 9% 54% 66%
fastText 0.25 0.12 0.64 2% 58% 68%
BERT 0.10 0.34 0.69 4% 58% 63%
INSTRUCTOR 0.60 0.12 0.73 7% 54% 66%

Semantic
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Abstract

Mapping words into a fixed-dimensional vector space is the backbone of modern NLP. While most word embedding
methods successfully encode semantic information, they overlook phonetic information that is crucial for many tasks.
We develop three methods that use articulatory features to build phonetically informed word embeddings. To address
the inconsistent evaluation of existing phonetic word embedding methods, we also contribute a task suite to fairly
evaluate past, current, and future methods. We evaluate both (1) intrinsic aspects of phonetic word embeddings,
such as word retrieval and correlation with sound similarity, and (2) extrinsic performance on tasks such as rhyme
and cognate detection and sound analogies. We hope our task suite will promote reproducibility and inspire future
phonetic embedding research.

Keywords: phonetic word embeddings, representation learning, phonology, articulatory features, evaluation

1. Introduction

Word embeddings are omnipresent in modern NLP
(Le and Mikolov, 2014; Pennington et al., 2014;
Almeida and Xexéo, 2019, inter alia). Their main
benefit lies in compressing some information into
fixed-dimensional vectors. These vectors can be
used as machine-learning features for NLP appli-
cations, and their study can reveal linguistic in-
sights (Hamilton et al., 2016; Ryskina et al., 2020;
Francis et al., 2021). Word embeddings are often
trained via methods from distributional semantics
(Camacho-Collados and Pilehvar, 2018) and thus
bear semantic information. For example, the em-
bedding for the word carrot may encode higher
similarity to embeddings for other vegetables than
to that of ocean.

Some applications may require a different type
of information to be encoded. The orthography,
especially in English, can obscure the pronuncia-
tion. A poem generation model, for instance, may
need embeddings to reflect that ocean rhymes with
motion and not with a soybean, even though the
spelling of the words’ final syllables suggest oth-
erwise (see Figure 1). Such embeddings, called
phonetic word embeddings, contain phonetic in-
formation and have been of recent interest (Par-

o-first authors.

soybean
/sa1bin/

Figure 1: Embedding function f projects words in
various forms (left) to a vector space (right) such
that words with a similar pronunciation (e.g., ocean
and motion) are closer than words with a dissimilar
pronunciation (e.g., ocean and soybean).

rish, 2017; Yang and Hirschberg, 2019; Hu et al.,
2020; Sharma et al., 2021)." The objective is
that words with similar pronunciation should be
mapped to vectors near each other in embedding
space. Many tasks have benefited from incorpo-
rating phonetic word embeddings, including cog-
nate and loanword detection (Rama, 2016; Nath
et al., 2022b,a), named entity recognition (Bharad-
waj et al., 2016; Chaudhary et al., 2018), spelling
correction (Zhang et al., 2021), and speech recog-

1The technically correct term is phonological word
embeddings but prior literature uses the term phonetic.

- unified evaluation suite (6 tasks)
- phonetic word embeddings (4 models)
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fixed-dimensional vectors. These vectors can be
used as machine-learning features for NLP appli-
cations, and their study can reveal linguistic in-
sights (Hamilton et al., 2016; Ryskina et al., 2020;
Francis et al., 2021). Word embeddings are often
trained via methods from distributional semantics
(Camacho-Collados and Pilehvar, 2018) and thus
bear semantic information. For example, the em-
bedding for the word carrot may encode higher
similarity to embeddings for other vegetables than
to that of ocean.

Some applications may require a different type
of information to be encoded. The orthography,
especially in English, can obscure the pronuncia-
tion. A poem generation model, for instance, may
need embeddings to reflect that ocean rhymes with
motion and not with a soybean, even though the
spelling of the words’ final syllables suggest oth-
erwise (see Figure 1). Such embeddings, called
phonetic word embeddings, contain phonetic in-
formation and have been of recent interest (Par-

o-first authors.

soybean
/sa1bin/

Figure 1: Embedding function f projects words in
various forms (left) to a vector space (right) such
that words with a similar pronunciation (e.g., ocean
and motion) are closer than words with a dissimilar
pronunciation (e.g., ocean and soybean).

rish, 2017; Yang and Hirschberg, 2019; Hu et al.,
2020; Sharma et al., 2021)." The objective is
that words with similar pronunciation should be
mapped to vectors near each other in embedding
space. Many tasks have benefited from incorpo-
rating phonetic word embeddings, including cog-
nate and loanword detection (Rama, 2016; Nath
et al., 2022b,a), named entity recognition (Bharad-
waj et al., 2016; Chaudhary et al., 2018), spelling
correction (Zhang et al., 2021), and speech recog-

1The technically correct term is phonological word
embeddings but prior literature uses the term phonetic.

- new tasks & models
- linguistic analysis
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- unified evaluation suite (6 tasks)
- phonetic word embeddings (4 models)

Abstract

Mapping words into a fixed-dimensional vector space is the backbone of modern NLP. While most word embedding
methods successfully encode semantic information, they overlook phonetic information that is crucial for many tasks.
We develop three methods that use articulatory features to build phonetically informed word embeddings. To address
the inconsistent evaluation of existing phonetic word embedding methods, we also contribute a task suite to fairly
evaluate past, current, and future methods. We evaluate both (1) intrinsic aspects of phonetic word embeddings,
such as word retrieval and correlation with sound similarity, and (2) extrinsic performance on tasks such as rhyme
and cognate detection and sound analogies. We hope our task suite will promote reproducibility and inspire future
phonetic embedding research.
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