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1 Introduction

In languages with consonant harmony, consonants which are highly similar in articulatory, percep-
tual, or featural properties are required to agree by the value of some feature (Gafos, 1996; Hansson, 2010;
Mackenzie, 2011; Rose and Walker, 2004). Previous work has proposed similarity metrics to describe these
classes of highly similar consonants (Pierrehumbert, 1993; Frisch et al., 2004). However, these metrics
have yet to be applied predictively to determine which consonants should participate within a particular
language’s harmony system. In this paper, we evaluate different similarity metrics to explain why certain
segments participate in harmony within a given language.

1.1 An illustration of the problem. For a concrete example, consonant harmony in Shilluk (Nilotic,
Gilley 1992) requires that coronal stops and nasals match in [±ANTERIOR], as shown in (1). A dental stop
or nasal can only be followed by a dental stop or nasal, likewise for alveolar stops and nasals.

(1) Shilluk: Roots contain only alveolar or dental stops (Gilley, 1992)
Dentals Alveolars

a. àd”út” ‘stinger’ b. dút ‘loin cloth’
c. t”in” ‘small’ d. tin ‘today’

Only coronal stops and nasals participate in harmony, and only these same segments contrast for
dentality, as indicated by the shading in (2).

(2) Shilluk consonant inventory (Gilley, 1992:28)

Labial Dental Alveolar Palatal Velar

Plosives Voiceless p t” t c k
Voiced b d” d é g

Nasals m n” n ñ N
Liquids w l j
Vibrant r

The question then is how the contrasts of the inventory are connected to the kind of harmony
observed in a particular language. For instance, there are other consonants in Shilluk that could plausibly
undergo harmony, such as the coronal liquids. In other languages like Hausa (Newman, 2000), /l, n,
r/ participate in lateral harmony, so that when an /l/ is followed by another coronal sonorant, that
consonant must also be /l/; see details in (3) and the full inventory in (4):

(3) Hausa: Harmony in sonorants and homorganic obstruents (Newman, 2000; Hansson, 2010)
Type Description Participants
Sonorant /l/ cannot co-occur with /n, ó/ /l, n/, /l, ó/
Sonorant */n...ó/ but /ó...n/ /ó, n/
Laryngeal Homorganic cons. must agree in phonation /b, b, d, d, s, s’, k, k’/
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(4) Hausa consonant inventory (Newman, 2000:392)

Labial Alveolar Palatal Velar Glottal

Plosives Voiceless p th ch kh P
Voiced b d é g
Glottalic b d Î

Nasals m n
Fricatives Voiceless s S h

Voiced z
Glottalic s’

Affricates tS dZ
Tap ó
Glides w j
Lateral l

Despite also having these coronal sonorant contrasts, Shilluk lacks lateral harmony, and so we
can conclude that the presence of a contrast is not enough to predict which consonants participate in
harmony in a given language.

1.2 Previous work: Harmony and similarity. Previous work has claimed that consonants that
participate in harmony are always similar. Rose and Walker (2004) argue that similarity is evaluated over
features, and crucially, that not all features are weighed equally. Languages are more likely to rank CORR-
CC high for segments that match in [SON], [CONT ], PLACE (after Pierrehumbert (1993)).

(5) Agreement by correspondence (ABC) (Rose and Walker, 2004)

a. CORR-CC: consonants above a certain threshold of similarity must correspond. (our wording)

b. IDENT-CC[F]: corresponding consonants must agree by the value of [F]

Outside of harmony, previous work has also claimed that segments have co-occurrence restrictions
when they are featurally similar. For instance, Frisch et al. (2004) examine OCP-Place effects in Arabic,
where two phonemes cannot co-occur within the same root. The more natural classes the two phonemes
share, the stronger the co-occurrence restriction between them.

Doucette et al. (2024) also examine consonant co-occurrence restrictions within 107 languages (21
families) of the NorthEuraLex database. They also observe that similarity, as computed over shared
natural classes, also predicts consonant co-occurrence restrictions. As similarity increases, so does
the strength of the co-occurrence restriction. These effects were found gradiently in the lexicon of all
languages surveyed, even though only one language, Basque, had consonant harmony as a categorical
effect.

Beyond Rose and Walker (2004), the link between consonant harmony and similarity has proven
problematic. Mackenzie (2011, 2016) observes that natural class similarity (as developed by Frisch et al.
2004) does not always predict which consonants harmonize. In Nilotic, for example, both Anywa and
Dholuo have very similar consonant inventories, but differ in whether /n/ participates in dental harmony.
Mackenzie proposes that segments only participate in harmony if they are specified for the relevant
feature, and that the difference between Anywa and Dholuo is in whether /n/ is specified for [ANT ] or
underspecified. Only specified consonants participate. While this analysis successfully describes the
Nilotic facts, there is no evidence independent of harmony that motivates underspecification in these
languages, and so the analysis is not predictive.

Arsenault (2012) conducts a thorough typology of harmony and dissimilation in retroflex consonants
of South Asia. Many of these languages have co-occurrence restrictions on retroflexes, so that retroflex
consonants do not combine freely with other coronals. Arsenault observes that neither natural class
similarity nor Mackenzie’s underspecification can correctly predict which consonants participate in these
co-occurrence restrictions. For instance, both Kalasha and Indus Kohistani have retroflex harmony
between their obstruents. But, Kalasha permits co-occurrence of palatal affricates and retroflex sibilants
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(![c... s]), but Indus Kohistani does not (%[c... s]). Existing similarity metrics incorrectly predict that
these languages should have the exact same harmony pattern, because their inventories are quite similar.

We are left with a problem of implementation. Similarity seems to capture the broad typological
generalizations about where consonant harmony occurs. However, existing similarity measures fail to
correctly predict which consonants participate in harmony.

1.3 Hypotheses. To date, there is no predictive account of which consonants in a given language
participate in harmony. The aim of this paper is to establish a baseline over possibilities developed in the
literature, where we determine if existing measures of similarity can predict which consonants harmonize.

Based on the literature, we present two main hypotheses:

(6) Strong claim: Consonants which participate in harmony are more similar than any other pair.

a. Global similarity hypothesis: If consonant pairs differing in a dimension α are more similar
than all other pairs differing in any dimension β, then harmony applies over α.

b. Within-class similarity hypothesis: When grouped by natural classes, if pairs differing in a
dimensionα are more similar than all pairs differing in any dimensionβ, then harmony applies
over α.

We test these hypotheses under three main definitions of similarity: (1) Phonological features, using
(a) universal features from Panphon (Mortensen et al., 2016), (b) underspecified features starting from
stricture, and (c) underspecified features starting from major Place; (2) Surface representations (with
SSL speech models), and (3) A combination of surface representations and phonological features.

We illustrate these approaches with two case studies, (1) dental harmony in Shilluk and (2) laryn-
geal/lateral harmony in Hausa (see Section 1.1). We find that no similarity measure perfectly predicts
the class of harmonizing consonants for both languages. While featural similarity is predictive of
consonant harmony patterns in Shilluk, surface representations are more predictive for Hausa. For
the languages examined, there is no similarity measure which universally captures attested consonant
harmony patterns.

1.4 Roadmap. The paper is organized as follows: Section 2 on similarity over phonological features,
using both a universal fully-specified feature matrix from PanPhon and two underspecified feature
matrices. Section 3 evaluates similarity over surface representations. Section 4 combines these two
approaches, using surface similarity over natural classes of consonants (e.g. homorganic obstruents).
Section 6 concludes.

2 Study 1: Similarity over features

2.1 Method. The question at hand is whether similarity computed over phonological features is
predictive of participation in consonant harmony. Our approach closely follows Doucette et al. (2024),
where similarity is computed over phonological features using two different algorithms. we call these
feature counting (Pierrehumbert, 1993) and natural classes (Frisch et al., 2004).

(7) Feature counting similarity metric

CountSi m(x, y) = |F(x)
⋂

F(y)|
|F(x)

⋃
F(y)|

(Pierrehumbert, 1993)

(8) Natural class similarity metric

C l assSi m(x, y) = |NC(x)
⋂

NC(y)|
|NC(x)

⋃
NC(y)|
(Frisch et al., 2004)

We evaluate these similarity measures over three different feature systems. First, we use Panphon
(Mortensen et al., 2016), a universal feature system that fully specifies the feature values for every
phoneme in a language’s inventory. We also add two underspecified feature matrices, one which
subdivides by place first, and another that subdivides by stricture first. The two underspecified feature
matrices are generated using an R script R Core Team (2025) following a modified version of the Successive
Division Algorithm (SDA) (Dresher, 2003, 2009). The basic procedure is described in (9).

(9) Procedure for generating underspecified feature matrices

1. Begin with all phonemes in the inventory.
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2. Starting with the first feature [F], assign values for [F] and divide the inventory into N groups
according to each value of [F]. For each group G:

(a) See if there is more than one phoneme in G. If yes, proceed to (2b). If no, proceed to (2d).

(b) Scan the feature list (see (10)-(11) for the next feature [F’] which is contrastive for at least
two members of G. Assign a value for [F’] to each member of G.

(c) Divide G into N subgroups for each value for [F’]. For each subgroup, return to (2a).

(d) For all remaining features, assign the value 0.

Features are assigned using one of two fixed orders: Place-first (following Frisch et al. 2004) and
Stricture-first (following Rose and Walker 2004). In each of these approaches, either Place or continuancy
is assigned first, with subsequent features receiving maximally underspecified feature values. This
method is intended to incorporate previous proposals’ claims that similarity only relevant within place
of articulation / stricture class.

(10) Place first Based on Frisch et al (2004)
[SYL] ≫ LAB ≫ COR ≫ DOR ≫
[SON] ≫ [CONT] ≫ [NAS] ≫ [LAT ] ≫ [ANT ] ≫ [DIST ] ≫ [ VOI] ≫ [STRI] ≫ [S.G] ≫ [C.G.]

(11) Stricture first Based on Rose & Walker (2004)
[SYL] ≫ [SON] ≫ [CONT] ≫
LAB ≫ COR ≫ DOR ≫ [NAS] ≫ [LAT ] ≫ [ANT ] ≫ [DIST ] ≫ [ VOI] ≫[STRI] ≫ [S.G] ≫ [C.G.]

For illustration, the Panphon (fully specified) feature matrix for a subset of Shilluk consonants is
shown in Table 1. Compare with the the matrix in Table 2, which first groups by major Place specification,
and only has specified values for features which are contrastive within each place of articulation. In
Shilluk, these two matrices differ only slightly, such as in the [CONT ] value for [N].

Table 1: Panphon feature matrix for a subset of Shilluk consonants
[PLACE] [SON] [CONT ] [NAS] [DIST ] [ VOI]

/p/ LAB - - - - -
/m/ LAB + - + - +
/t/ COR - - - - -
/d/ COR - - - - +
/n/ COR + - + - +
/t”/ COR - - - + -
/d”/ COR - - - + +
/n”/ COR + - + + +
/l/ COR + + - - +
/N/ DOR + + - - +

Table 2: Contrastively underspecified by place (left) and stricture (right) for Shilluk.

[PLACE] [SON] [CONT ] [NAS] [DIST ] [ VOI]
/p/ LAB - 0 0 0 -
/b/ LAB - 0 0 0 +
/m/ LAB + - 0 0 0
/w/ LAB + + 0 0 0
/t/ COR - 0 0 - -
/d/ COR - 0 0 - +
/n/ COR + - 0 - 0
/t”/ COR - 0 0 + -
/d”/ COR - 0 0 + +
/n”/ COR + - 0 + 0
/l/ COR + + 0 0 0
/N/ DOR + 0 0 0 0

[SON] [CONT ] [PLACE] [NAS] [DIST ] [ VOI]
/p/ - 0 LAB 0 0 -
/b/ - 0 LAB 0 0 +
/m/ + - LAB 0 0 0
/w/ + + LAB 0 0 0
/t/ - 0 COR 0 - -
/d/ - 0 COR 0 - +
/n/ + - COR 0 - 0
/t”/ - 0 COR 0 + -
/d”/ - 0 COR 0 + +
/n”/ + - COR 0 + 0
/l/ + + COR 0 0 0
/N/ + - DOR 0 0 0
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Over these three feature matrices, we compute similarity with the Count-Sim and Class-Sim metrics
described earlier in this section. In the actual computation of similarity, pairs that differ in specified values
of features are more similar than pairs that differ by a contrastive value and an underspecified value. Put
more formally, a pair contrasting in [+F] and [−F] is more similar than a pair that is [±F] and [0F].

In order to interpret these similarity measures, we need to compare them against some baseline.
We use a logistic regression model randomly assigning phonemes as participants or non-participants in
consonant harmony patterns. If the featural similarity measures are more predictive than one or both of
these baselines, then we may conclude that consonants which participate in harmony patterns are indeed
more similar than random.

Lastly, if we want to evaluate how well a given similarity measure predicts participation in harmony,
we must precisely define how we intend to make the comparison. We define participating pairs as pairs of
consonants which have a co-occurrence restriction against them. For example, in Shilluk, six consonants
are subject to a co-occurrence restriction on dentality: /t, d, n, t” d”, n”/. Only some pairs of consonants in
this set have co-occurrence restrictions against them. Thus, /t-d”/ is a participating pair because harmony
must be enforced for this pair; it would be a violation of the co-occurrence restriction. Meanwhile, /t-d/ is
a non-participating pair because they are not subject to any co-occurrence restriction. The present study
aims to evaluate whether participating pairs are more similar in Count-Sim or Class-Sim measures than
any other pairs of consonants in the inventory.

2.2 Results: Global Similarity. We start with the results for Shilluk. Neither similarity score
categorically predicts participation in consonant harmony, regardless of the feature matrix used, although
there is some variation as to the specifics. There is no difference between underspecified feature matrices,
but both underspecified matrices differed from Panphon in the same respects. When similarity is
computed over the underspecified matrices, certain non-participating pairs which contrast in voicing are
more similar than participating pairs, e.g. /t-d/ is more similar than /n”-d/ with the Class-Sim measure.
Computing similarity over Panphon features results in similar issues. For example, /ï-N/ and /n”-n/ both
have a Count-Sim score of 0.8333.

The story is much the same for Hausa: There are a number of non-participants which are more
similar than participants, particularly heterorganic pairs, e.g. /á-â/ > /n-l/. This is true of all three
feature matrices. With Panphon in particular, though, non-participating /j-l/ > participating /ó-n/.
In conclusion, all versions of the Global Similarity Hypothesis are false, and similarity in phonological
features is not absolutely predictive of participation in consonant harmony for Shilluk and Hausa.

At this point, we must ask about the broader typology. Perhaps the Global Similarity Hypothesis is
false for Shilluk and Hausa, but true more generally of languages with consonant harmony. To test this
hypothesis, we examined eight additional languages with consonant harmony (Anywa, Dholuo, Kikongo,
Lezgian, Sawai, Tiene, and Yucatec). In none of the eight languages is similarity globally predictive of
participation in consonant harmony. For each case, there is at least one non-participating pair which is
more similar than a participating pair. Overall, then, the Global Similarity Hypothesis is not true, because
for all languages tested, there are disharmonic pairs (i.e. pairs from the disharmonic class) which are more
similar than harmonic pairs.

2.3 Results: Rank Similarity. To test how well each similarity measure (COUNT-SIM and CLASS-SIM),
predicts participation in harmony, we fit a logistic regression model to the similarity measures. Then,
using the resulting probability scores, we conducted a Wilcoxon or Mann-Whitney U-test in Python using
the scipy package to compute the Receiver Operating Characteristic (ROC) curves and Area Under the
Curve (AUC) values for each model by consonant pair subgrouping. The AUC represents the probability
that the true positives or targets (i.e. participating pairs) are ranked above false positives or distractors
(non-participants) when sorted by the similarity measure. Thus, an AUC of 1.00 means 100% of the true
positives were categorized as participants, with zero false positives, whereas an AUC of 50% means the
model performs at chance. The AUCs are reported Table 3. AUC scores with p < 0.05 are marked with one
asterisk (*), p < 0.01 with two (**), p < 0.001 with three (***), and insignificant values with gray shading.
The ROC curves, which plot the false positive rate are shown in Figure 1.

When sorted by Count-Sim and Class-Sim scores, participating Shilluk consonant pairs are ranked
above (i.e. as more similar than) non-participating pairs significantly more often than by chance (AUC
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= 0.5) for all consonant pairs and all homorganic pairs. Although the AUCs for both measures are above
chance with the two underspecified feature matrices, only Count-Sim is above chance for the Panphon
matrix. No combination of similarity measure and feature matrix has a significant AUC when looking at
consonant pairs which share sonorancy and/or continuancy, however.

Table 3: Area-under-the-curve (AUC) scores for each measure by language

Shilluk Hausa

Panphon Place-first Stricture-first Panphon Place-first Stricture-first
Count-Sim 0.7004* 0.8554*** 0.8195*** 0.6927 0.8912*** 0.8912***

Class-Sim 0.6808 0.8797*** 0.8128*** 0.6859 0.8929*** 0.8929***

Figure 1: ROC curves for the featural similarity measures for all Shilluk (left) and Hausa (right) consonant
pairs.

Turning to Hausa, here we see that the AUCs for neither similarity measure computed over the
Panphon matrix are significantly above chance. When computed over the underspecified feature
matrices, however, the AUCs are significantly above chance. Thus, similarity is only predictive of
participation of harmony when computed over contrastively underspecified features.

Between the two similarity measures, the AUCs differ depending on the feature matrix used. To
determine whether these differences are significant, we computed DeLong’s (DeLong et al., 1988) AUC test
using the pROC package (Robin et al., 2011) in RStudio (R Core Team, 2025) to compare these two featural
similarity measures to each other and the acoustic baseline discussed above. The results show that the
difference in AUCs is not significant in any condition (p > 0.05). There was no significant difference
in AUCs for any of the feature matrices for Shilluk. We can then conclude that while the Count-Sim
and Class-Sim measures are both predictive of participation in consonant harmony, the results are the
same for the PanPhon and underspecified feature matrices. Meanwhile, for Hausa, the AUCs for both
underspecified matrices were significant, but Panphon was not. DeLong’s test reveals that the AUCs for
both underspecified matrices were not significantly different. Furthermore, it also shows no difference in
AUCs between Class-Sim and Count-Sim measures.

In sum, while featural similarity is not globally predictive of participation in consonant harmony,
featural similarity is a significantly better predictor of participation than chance in both languages.
The underspecified feature matrices fared better (i.e. had significant AUCs for more subgroupings of
consonant pairs) although there was no difference in AUCs between the two.

3 Study 2: Similarity over surface representations

3.1 Method. In this study, we compute similarity over low-level representations of the acoustic signal
generated by self-supervised (SSL) speech models. The representations generated by SSL speech models
have a number of properties that make them a useful tool for phonological research. They have been
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found to correlate closely with acoustic properties (Pasad et al., 2023) as well as EMA traces (Cho et al.,
2023). In turn, these properties end up being remarkably human-like. For example, they display a certain
degree of language-specificity in L2 contexts, as a human learner (Rodriguez et al., 2024). Furthermore,
they have been found to encode phonetic and phonemic cues for contrasts used by humans (Martin et al.,
2023). Even perceptual space generated from these representations has been found to reflect human
similarity judgments (Chernyak et al., 2024).

For this study, we use three SSL models which differ in the nature of their pre-training. All three
versions use transformer architecture, i.e. they are encoder-decoder models. Two are models which
have been pretrained on audio data: a monolingual SSL model (HuBERT) trained on English, and the
second a multilingual SSL model (XLS-R) trained on more than a hundred other languages. As a baseline,
following Martin et al. (2023), the third is the base version of the multilingual model (Wav2Vec2) initialized
with random weights. All pretrained versions of the models were accessed using the Hugging Face
transformers Python library. The attention weights were not fine-tuned to the language data being
used here. Additional technical details about these models are shown in (4). These models all take raw
audio files as their input and output vector representations (embeddings) of the audio.

The basic procedure is as follows. First, raw audio files are resampled to 16k Hz. Second, embeddings
are extracted for the audio files from all transformer (i.e. hidden) layers of the models. Then, embeddings
are averaged together within phonemes. Finally, the average pairwise distance is computed between
phoneme categories.

Table 5 provides an overview of the sources for the audio and TextGrid corpora used for this study.
Note that the audio data for Hausa comes from Common Voice, an audio corpus which was used in the
pretraining process for the multilingual model, XLS-R. Thus, if there is a difference in acoustic similarity
measures from XLS-R for these two languages, then this may be at least partially attributed to the fact
that it has been trained on data from Hausa but not Shilluk. Specifically, having been trained on specific
types of contrasts is makes a major difference in how these models generate representations of acoustics,
then we would expect the similarity measures for Shilluk to be worse at predicting participation in
harmony than for Hausa, especially in the case of the monolingual model. If the multilingual model does
indeed generate representations which generalize across languages, even when those languages did not
constitute a part of the training dataset, then it should perform comparably with both languages.

Table 4: Technical details about the SSL speech models
Monolingual model Multilingual model Baseline

Name HuBERT XLS-R Wav2Vec2
(Hsu et al., 2021) (Babu et al., 2021) (Baevski et al., 2020)

Checkpoint hubert-large-ll60k wav2vec2-xls-r-2b wav2vec2-base-960h
Pre-training 60k hours of English 436k hours (128 langs) None

Generates labels using Predicts label for
k-means, then guesses masked portion of
for masked portion audio.
of audio.

Table 5: Audio and TextGrid corpus details

Shilluk Hausa

Harmony Dental Laryngeal, liquid
Audio source Gwado Ayoker and Remijsen (2017)

(13 minutes)
Common Voice 16 2020 (11 minutes)

TextGrid source Hand alignment Forced alignment (Ahn & Chodroff 2022)

3.2 Results: Global Similarity Hypothesis. In this section, we report the findings for similarity in
cosine distance, i.e. Jaccard similarity. Since the earliest transformer layers have been found to correlate
most closely with acoustic properties of speech, i.e. MFCCs (Pasad et al., 2023; Martin et al., 2023), we will
examine the results for layer i=2 in both the monolingual and multilingual models.
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For both the monolingual and multilingual models, the Global Similarity hypothesis is false. That
is, there are pairs of consonants which do not participate in harmony and yet are more similar in their
acoustic properties than pairs that do in fact participate in harmony. There are fewer problematic pairs
like this in Hausa than in Shilluk, and the pairs in Hausa can be dealt with if we make certain assumptions.

In Shilluk, some pairs that contrast in voicing are more similar than certain pairs that contrast in
dentality, i.e. participating pairs. For example, the alveolar stops /t-d/ and palatal stops /c-é/ are more
similar than /t”-t/ and /n”-d/, both pairs that participate in harmony. Pairs like /p-t/ and /b-g/ which
contrast in place of articulation are also more similar than all pairs that participate in harmony. Similarly,
in Hausa some pairs contrasting in major place, like /á-d/, are also more similar than homorganic pairs
like /b-á/ that contrast in laryngeal specifications and are thus subject to the harmony patterns in (3). We
can thus conclude that the Global Similarity Hypothesis is false for both languages.

Figure 2: ROC curves for cosine similarity of SSL representations for Shilluk (left) and Hausa (right) with
all consonant pairs

3.3 Results: Rank Similarity Hypothesis. We can now consider the possibility that while the pairs of
consonants that participate in harmony may not be universally more similar in acoustic properties than
any other pairs of consonants, the participating pairs may have a higher probability as a class of being
ranked higher in similarity than the pairs which do not participate in harmony.

As in the previous study, we conducted a Wilcoxon or Mann-Whitney U-test in R on the resulting
probability scores to compute the Receiver Operating Characteristic (ROC) curves and Area Under the
Curve (AUC) for each model. The resulting area-under-the-curve (AUC) scores are reported in Table 8,
while the ROC curves are shown in Figure 2.

Table 6: Area-under-the-curve (AUC) scores for each model by language

Shilluk Hausa

Monolingual Multilingual Baseline Monolingual Multilingual Baseline
0.7384** 0.8075** 0.5503 0.8694** 0.8250*** 0.4725

As we can see, the baseline model is never above chance (AUC = 0.5) in any condition for either
language. Both the monolingual and multilingual models are significantly above chance. That is, surface
similarity is significantly predictive of participation in consonant harmony.

For each language, the AUC scores differ between the two pretrained SSL models. To test whether
these are significant, we performed DeLong’s test, as in Study 1 (Section 2). With Shilluk, the multilingual
model is significantly better (p = 0.009) than the monolingual one. Meanwhile, the reverse is true for
Hausa: the monolingual model is better (p = 0.002). Although similarity in surface properties is predictive
of participation in consonant harmony, no one model works for both languages.
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3.4 Discussion. There are many possible reasons why SSL similarity measures are predictive of
consonant harmony patterns in Hausa but not Shilluk. If pretraining experience with a particular
language is important, this may be one source of the difference: The multilingual model was trained on a
dataset that included the same Hausa audio corpus used in Study 2, but no Shilluk audio, nor data from
any other Nilotic language (Babu et al., 2021). Meanwhile, the pretraining corpus for the monolingual
model only includes data from English (Hsu et al., 2021). We would then expect that 1) the multilingual
model should generalize better Hausa than Shilluk, and 2) the multilingual model should perform better
on Hausa than the monolingual one. We saw in Study 2 (Section 3) that the multilingual model was
better than the monolingual model for Shilluk, but there was no difference between the models for Hausa.
This means that pretraining on a specific language may not be as important for representing the surface
properties relevant to consonant harmony.

Alternatively, perhaps what matters is not experience with a specific language, but rather exposure
during pretraining to a particular type of contrast. If the pretraining dataset contains more examples of
manner contrasts among Coronal sonorants (e.g. /l, r, n/) than contrasts involving [±DISTRIBUTED]
or another fine distinction in tongue tip contact location/orientation (e.g. /t-t/, /t-ú/), then perhaps
the embeddings more faithfully encode surface properties of the sonorant contrasts than the tongue tip
contrasts. Still, this is not a satisfactory explanation, because the multilingual model was pretrained
on several languages with [DISTRIBUTED] contrasts (Malayalam, Tagalog, Tamil, Telugu, Thok Reel...),
meaning that it is far from inexperienced with these contrasts. An interesting avenue for future research
would be examining what specific aspects of pretraining influence a model’s representations of surface
properties. For now, it is clear that the presence or absence of certain information alone does not explain
the difference between Shilluk and Hausa in this study.

4 Study 3: Surface representations and features

4.1 Method. In the previous study, pairs of participating consonants were significantly more similar
in surface properties as computed with the monolingual SSL model than non-participating pairs. But
perhaps the model is able to trivially distinguish the two classes based on factors other than their surface
properties. As mentioned above, the six consonants subject to Shilluk co-occurrence restrictions are /t, d,
n, t” d”, n”/. They differ from each other by only a few features: [SONORANT ], [NASAL], [DISTRIBUTED], and
[ VOICE]. They also share a feature: [-CONTINUANT ], one of the features that Rose and Walker highlight as
an important to consonant harmony. The remaining thirteen consonants in Shilluk are /p, b, m, w, l, r,
c é, ñ, j, k, g, N/ which are also non-participants. These consonants differ from each other in [PLACE],
[CONSONANTAL], [CONTINUANT ], [SONORANT ], [ROUND], and [ VOICE]. As they do not share sonorancy or
continuancy, they are not sufficiently similar in Rose and Walker’s view to be subject to harmony. They are
also quite distinct in their acoustic properties. Given these significant differences in featural and phonetic
properties, compared to the set of participating consonants, then any similarity measure may trivially be
able to distinguish between participants and non-participants. A fairer comparison needs to control the
number and type of feature differences between pairs. Our third study aims to address this issue.

Table 7: Summary of pair subgroupings

Share... Differ in...

all Any feature(s) Any feature(s)
hom PLACE Manner, [CONT ], [SON], laryngeal

hom-either [PLACE] AND ([CONT ] OR [SON]) Manner, [CONT ], [SON], laryngeal
hom-both [PLACE], [CONT ] AND [SON] Manner, laryngeal

We created four groups of consonant pairs: all, hom, hom-either, and hom-both. Each
group was designed to incorporate various assumptions from the literature. Firstly, all is the control
group, composed of all consonant pairs in the language. Next, HOM includes only homorganic consonant
pairs, following Frisch et al. (2004). As previously mentioned, one of Rose and Walker’s core observations
is that the members of the harmonic class usually share either [SON] or [CONT ] or both. Since it is not clear
to what extent the harmonic class must share both, there is a consonant pair subgrouping to cover each
possibility. hom-either includes the homorganic pairs which share either [SON] or [CONT ] or both,
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while hom-both is the set of homorganic pairs which share both of these features. Table 7 summarizes
which features must match and which features may differ for each subgrouping.

4.2 Results. Are participating consonants are similar in their surface properties out of the set of
consonants which are comparable in homorganicity and/or sonorancy/continuancy properties? We
focus on the monolingual and multilingual models as they were both above chance in Study 2. Below,
Table 8 shows the AUC scores from the the Mann-Whitney test, and Figure 3 shows the ROC curves for the
consonant pair subgrouping hom-both, all pairs matching in [SON] and/or [CONT ].

Table 8: Area-under-the-curve (AUC) scores for each subgrouping by language

Shilluk Hausa

Monolingual Multilingual Monolingual Multilingual
all 0.7384** 0.8075** 0.8694** 0.8250***
hom 0.6889 0.7689*** 0.9333** 0.9000***

hom-either 0.6257 0.7047 0.9636** 0.9273***
hom-both 0.6933 0.7467 1.00** 1.00**

Figure 3: ROC curves for cosine similarity of SSL representations for Shilluk (left) and Hausa (right)
homorganic consonant pairs matching in both [SON] and [CONT ]

Starting with Shilluk homorganic pairs, only the multilingual model (AUC = 0.77; p = 0.009) is
significantly better than chance; the monolingual model is not significant (AUC = 0.69; p > 0.05). None of
the models are significant with homorganic consonants which share [SON] or [CONT ]. Only the similarity
scores from the multilingual model are predictive of participation of consonant harmony.

For the most part, the AUCs for the multilingual model are greater than or equal to the AUCs for the
monolingual model in each homorganic condition. DeLong’s test shows that for Shilluk, the AUC for the
multilingual model is significantly higher than the monolingual model for subgroupings hom (p < 0.01)
and hom-either (p < 0.03), but not hom-both (p = 0.4). However, the AUCs of the two pretrained SSL
models are not significantly different for Hausa. Therefore, looking at a more restricted set of consonants
which share key phonological features reveals that the multilingual model is significantly less predictive
for Shilluk, but not significantly better for Hausa, either.

5 Comparison: Features versus surface representations

In the first two studies, we have seen that acoustic similarity measures and featural similarity
measures are better than chance at classifying consonant pairs as participants or non-participants in
certain conditions. Study 1 (Section 2) showed that the Count-Sim featural similarity measure predicts
participation in consonant harmony only for the all consonant pair subgrouping but not the fairest
pair comparison. Meanwhile, the second study found that the similarity in surface properties generated
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by the monolingual SSL model is predictive of participation for all consonant pair subgroupings. Are
these differences significant? In other words, is one measure of similarity more predictive of consonant
harmony than the other?

Once again, we used DeLong’s test to perform this comparison. We focus on evaluating the
monolingual model versus the Class-Sim measure as these were the most predictive types of similarity in
the previous studies. With Shilluk, the AUCs for monolingual SSL model are not significantly different (p >
0.05) than the AUCs for the Class-Sim measure. Interestingly, for Hausa, the AUCs for the monolingual
model are significantly above the AUCs for the Class-Sim measure for hom (p < 0.02), hom-either
(p < 0.01), and hom-both (p < 0.001), although not for all (p > 0.05). Taken together, these results
show that the Similarity Hypothesis is true for Hausa only with the similarity measure computed with
the multilingual SSL model. For Shilluk, the best SSL similarity measure and the best featural similarity
measures do not make significantly different predictions for participation in consonant harmony, i.e. the
difference in AUCs is not significant. There is thus no measure of similarity which better across the board
for the languages examined.

6 Conclusion

Throughout, we have shown that the pairs of consonants in the harmonic classes for both Shilluk and
Hausa are statistically more likely to be similar than pairs in the disharmonic classes. In other words, the
Similarity Hypothesis is true. That said, there is no single similarity measure which predicts the harmonic
classes in both case studies. While the harmonic class in Shilluk is best predicted by the similarity
metric over phonological features (Class-Sim), it is cosine similarity in SSL representations which is most
predictive of Hausa harmonic classes. Even though Class-Sim has the highest AUC and is thus the best
predictor of participation in consonant harmony, it is not significant at the most restrictive subgroupings
of consonant pairs, i.e. hom-either and hom-both.

We have confirmed that the harmonic classes of consonants (i.e. the consonants which are required
to agree) in Shilluk and Hausa are well defined as being highly similar on top of homorganic and sharing
values for either [SONORANT ] or [CONTINUANT ] or both. In this sense, the studies above provide a
systematic test of the consensus in the literature that harmonizing consonants are similar and exactly
what similarity must mean for this to be true (Rose and Walker, 2004; Gallagher, 2010a,b; Hansson, 2010;
Mackenzie, 2011, 2016; Arsenault, 2012). What we have also shown is that a universally predictive measure
of similarity remains elusive. Assuming that similarity predicts which consonants are required to agree in
all languages with consonant harmony, then we still do not have the right definition of similarity.
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