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Abstract

ASR errors are typically analysed at the
phoneme level, treating phonemes as atomic
symbols. In this work, we instead adopt a
featural representation of phonemes, grounded
in phonological theory, which models speech
sounds as structured bundles of distinctive artic-
ulatory and acoustic properties. This perspec-
tive allows us to analyse recognition errors at
a finer granularity and to investigate whether
certain phonological features are more vulner-
able than others. Across multiple languages,
we show that phoneme confusions are strongly
structured in phonological feature space: errors
are predominantly local and exhibit systematic
asymmetries that reveal a small set of weakly
modelled features. These findings have direct
implications both for the design and diagnosis
of ASR systems and for cognitive models of hu-
man speech perception, where similar feature-
level asymmetries have long been observed.

1 Introduction

Despite their strong empirical performance, mod-
ern neural speech recognition models remain
largely opaque. Trained end-to-end to optimise
transcription accuracy, they incorporate no explicit
phonological supervision or inductive bias of the
kind assumed in feature-based or class-based mod-
els of speech perception. Any phonological struc-
ture present in their internal representations must
therefore emerge implicitly from data, motivating
diagnostic analyses that probe whether such mod-
els encode linguistically meaningful structure be-
yond surface input—output correlations (Belinkov
and Glass, 2019; Belinkov, 2022).

Most existing work in this area adopts a prob-
ing perspective, analysing internal representations
using auxiliary classifiers or geometric methods
(Belinkov, 2022; de Seyssel et al., 2022). While

“Part of this work was carried out during an internship at
HTL.

this approach has yielded valuable insights, it is in-
herently indirect and sensitive to architectural and
methodological choices. In contrast, we adopt an
output-centered perspective, analysing discrete out-
puts (phonemes) without access to acoustic input
or internal representations. This approach has of-
ten been used in a psycho-linguistic context (Pouw
etal., 2024; Alishahi et al., 2017; Meyer et al., 2007)
to evaluate the human-likeness of speech model
perception. While prior work utilizes carefully de-
signed experiments like phonological assimilation
and minimal pair discrimination, we instead focus
on the robustness of output under failure, i.e., er-
TOrS.

The central contribution of our paper is to
show that phoneme recognition errors produced by
transformer-based neural speech models exhibit sys-
tematic asymmetries at the level of a phonologically
grounded featural representation, in which speech
sounds are modelled as structured bundles of dis-
tinctive features such as voicing, place and manner
of articulation, or vowel quality. Rather than behav-
ing as symmetric noise, errors preferentially pre-
serve some phonological properties while system-
atically losing others. These asymmetries make it
possible to identify which components of the phono-
logical representation are more robustly encoded by
the model, and which are intrinsically more vulnera-
ble once recognition fails. Beyond their engineering
relevance, such patterns are also informative from a
cognitive modelling perspective, as asymmetric fea-
ture confusions have long been observed in human
speech perception and are commonly interpreted
as reflecting differential robustness of phonologi-
cal features under noise (Miller and Nicely, 1955;
Chomsky and Halle, 1968; Mielke, 2008).

As a prerequisite for this analysis, we first es-
tablish that phoneme substitution errors are phono-
logically local: substituted phonemes tend to be
close to their targets in phonological feature space.
This result serves as a validation step, showing that
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model errors preserve fine-grained phonological
structure rather than collapsing phonemes into arbi-
trary symbols. Establishing phonological locality
provides a meaningful basis for interpreting feature-
level asymmetries and already indicates that model
outputs are compatible with a phonologically struc-
tured organisation of speech sounds; however, lo-
cality alone does not reveal which specific features
are preferentially preserved or lost.

To address these two questions, we introduce
an error-based probing framework that represents
phonemes as vectors of distinctive features and anal-
yses transcription errors in phonological feature
space. Our framework combines (i) feature-based
distance measures to assess phonological locality,
(ii) analyses of asymmetric positive and negative
feature shifts conditional on the occurrence of an
error, and (iii) uncertainty-aware effect-size esti-
mation using bootstrap confidence intervals and re-
gions of practical equivalence. We apply this frame-
work to phoneme recognition systems evaluated on
12 languages, including a single multilingual model
trained with automatic phonemic supervision (Xu
et al., 2022), as well as a language-specific system
trained on expert phonemic annotations for Thu-
lung, a newly documented Sino-Tibetan language.

Across languages, we show that phoneme con-
fusions are strongly structured in phonological fea-
ture space and that errors exhibit consistent, direc-
tional asymmetries at the level of distinctive fea-
tures. Broad class-level and sonority-related fea-
tures tend to shift toward positive values in erro-
neous predictions, while fine-grained place, man-
ner, and secondary articulatory features tend to shift
toward negative values. Taken together, these find-
ings demonstrate that phoneme recognition errors
are not arbitrary, but reflect the internal organisa-
tion of phonological representations learned by neu-
ral speech models, offering a principled bridge be-
tween engineering-oriented evaluation and insights
from phonological theory and human speech per-
ception.

Analysing ASR errors through the lens of phono-
logical features has a long history in the speech com-
munity. Greenberg and Chang (2000) examined
substitution errors in terms of articulatory proper-
ties in large-vocabulary continuous speech recogni-
tion, while Meyer et al. (2007) directly compared
phoneme confusion patterns between humans and
ASR systems. More recently, Pouw et al. (2024)
and de Heer Kloots et al. (2025) investigated phono-
logical structure in the outputs of self-supervised

speech models using minimal pair and assimilation
paradigms. To our knowledge, however, no prior
work has applied a feature-based error analysis to
transformer-based phoneme recognition systems
evaluated across a typologically diverse set of lan-
guages, nor has such an analysis been grounded
in an explicit effect-size framework with cross-
linguistic aggregation.

The remainder of the paper is organised as fol-
lows. Section 2 describes the speech recognition
models, the multilingual evaluation data, and the
phonological feature representations used in our
analyses. Section 3 establishes that phoneme sub-
stitution errors are phonologically local, by showing
that confused phonemes are significantly closer in
feature space than would be expected by chance.
Section 4 then analyses directional asymmetries in
feature-level confusions, identifying which phono-
logical features are more robustly preserved or sys-
tematically lost once recognition errors occur. Fi-
nally, Section 5 discusses the implications of these
findings for the analysis of neural speech models
and for connections between machine and human
speech perception.

2 Experimental Setup and Phonological
Feature Framework

2.1 Models and Data

Our methodology builds on recent self-supervised
speech models that can predict phonemic transcrip-
tions directly, rather than graphemic or character-
based outputs.! In particular, we rely on the
wav2vec2/XLSR-53 architecture (Baevski et al.,
2020; Conneau et al., 2021), whose Transformer-
based encoder learns general-purpose acoustic rep-
resentations that can be fine-tuned for phoneme-
level automatic speech recognition, and whose out-
puts can be directly aligned to timed speech, as
opposed to decoder architectures.

'We deliberately restrict our analysis to models that pre-
dict phonemic transcriptions directly, rather than graphemic
or word-level outputs. This choice is methodological rather
than practical: our goal is not to evaluate end-to-end ASR
systems as deployed in real-world applications, but to analyse
the phonological structure of recognition errors. In systems
that operate on graphemes or words, observed errors conflate
multiple sources of variation, including phonology, orthogra-
phy, lexical constraints, and language-model effects, making it
difficult to attribute confusions to phonological representations
alone. Direct phoneme prediction provides a controlled setting
in which substitution errors can be interpreted as confusions
between phonological units, allowing feature-level analyses
that would not be possible in fully integrated orthographic
ASR pipelines.
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We use the Wav2Vec2Phoneme model of Xu et al.
(2022), which fine-tunes an XLSR-53 encoder to
predict phoneme sequences from speech. Training
data are drawn from Common Voice and Babel,
with phonemic supervision obtained automatically
via the eSpeak phonemiser. The model is trained
with a standard CTC objective. We access the pre-
trained model through the Hugging Face = APIL.

Phonemic reference transcriptions are generated
automatically using the same eSpeak-based phone-
misation pipeline as in Xu et al. (2022), providing
a consistent approximation of phoneme-level super-
vision across languages.

Table 1 summarises key characteristics of the
languages considered, including phoneme inven-
tory size and phoneme entropy, computed over the
empirical distribution of phonemes in the test data
asH =—3_ .p P(p) log P(p), where P denotes
the set of phonemes in the inventory and P(p) the
relative frequency of phoneme p. Across languages,
inventory sizes range from 29 to 61 phonemes,
while phoneme entropy varies within a relatively
narrow interval.

In addition to the multilingual model, we con-
sider a phoneme recognition system trained specifi-
cally for Thulung, an endangered Tibeto-Burman
language spoken in Nepal, using expert-produced
phonemic annotations. This provides a complemen-
tary evaluation setting in which reference transcrip-
tions reflect human phonological analysis rather
than automatic phonemisation, allowing us to ver-
ify that observed error patterns are not artefacts of
grapheme-to-phoneme conversion. Full details of
the Thulung data and training procedure are pro-
vided in Appendix A.

All models are used to automatically transcribe
the evaluation utterances into sequences of phone-
mic symbols. Utterances are segmented and pre-
processed in a consistent manner across languages,
ensuring that differences in error patterns can be
attributed to model behaviour and linguistic factors
rather than to preprocessing artefacts.

We report the phoneme error rate (PER), com-
puted as the Levenshtein distance between predicted
and reference phoneme sequences, as a basic san-
ity check on recognition performance. PERs vary
substantially across languages (Table 1), but all
systems achieve non-trivial phoneme recognition
accuracy, providing a sufficient empirical basis for
analysing the structure of recognition errors rather
than absolute performance.

Crucially, the edit-distance computation under-

lying PER allows us to decompose errors into sub-
stitutions, insertions, and deletions. We focus on
phoneme-to-phoneme substitution errors, which
correspond to genuine phonological confusions and
form the basis of our analyses. Substitutions involv-
ing non-phonemic control symbols (e.g., padding
or CTC blanks), as well as insertion and deletion
errors, are excluded from the present study and left
for future work.

2.2 Feature-Based Phoneme Representations

To analyse transcription errors produced by speech
recognition models, we adopt a featural represen-
tation of phonemes. Phonological features are a
core concept in phonology and one of its most en-
during analytical tools. Their central assumption
is that speech sounds are not atomic symbols, but
structured objects defined by a set of underlying
articulatory and acoustic properties.

In traditional phonological models, as originally
introduced by Jakobson et al. (1963) and later for-
malised in Chomsky and Halle (1968), these prop-
erties are represented as binary features indicating
whether a given characteristic is present or absent.”
By encoding such shared properties, phonological
features provide a compact and linguistically mean-
ingful way to express both similarity and contrast
between phonemes.

This notion of structured similarity is particu-
larly well suited to the analysis of phonemic tran-
scription systems. In standard evaluation settings,
phonemes are treated as unrelated symbols: for ex-
ample, the voiceless stop /p/ (as in spin) and its
aspirated counterpart /p”/ (as in pin) are considered
no more similar to each other than either is to a
vowel such as /&/ (as in apple), even though /p/ and
/p"/ differ by only a small number of phonological
features, primarily related to laryngeal properties
such as aspiration, whereas /p/ and /a&/ differ along
many feature dimensions simultaneously, includ-
ing major class, manner of articulation, sonority,

*For example, the phonemes /m/, /n/, and // (as in man,
no, and sing) all involve nasal airflow and therefore share the
feature [nasall, forming a natural class. The phoneme /m/
also shares a labial place of articulation with /p/ and /f/, while
patterning with /I/ and /t/ as a sonorant sound produced without
turbulent airflow. More generally, phonological features en-
code such articulatory and acoustic properties (covering major
class distinctions, manner and place of articulation, and vowel
quality) which allow phonemes to be represented as structured
feature bundles. These are precisely the properties we manip-
ulate in the analyses below to quantify phonological similarity
and to characterise how specific features are preserved or lost
in recognition errors.
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glottolog Language Language family PER (%) inventory size entropy
nld model257 Dutch Indo-European (Germanic) 18.6 57 4.96
eng stan1293 English Indo-European (Germanic) 6.3 61 5.16
fin nucll1717 Finnish Uralic 2.1 58 4.75
fra stan1290 French Indo-European (Romance) 17.5 55 4.90
ind indo1316  Indonesian Austronesian 18.8 61 4.79
ita ital1282 Italian Indo-European (Romance) 18.5 60 4.92
mlt malt1254 Maltese Afro-Asiatic (Semitic) 12.9 46 4.59
pol polil260 Polish Indo-European (Balto-Slavic) 21.9 60 4.92
swe swedl254 Swedish Indo-European (Germanic) 17.7 49 4.72
tam  tamil289 Tamil Dravidian 11.5 41 4.60
tdh thul1246 Thulung Sino-Tibetan 3.1 29 4.33
tur nucl1301 Turkish Turkic 21.7 54 4.87

Table 1: Phoneme error rate, phoneme inventory size (computed on the test set), and phoneme entropy by language.

and vowel space properties. Feature-based repre-
sentations make such graded differences explicit,
allowing phonological similarity to be quantified in
a way that aligns with linguistic intuition and dis-
tinguishes minor phonetic variation from genuinely
different sound categories. This further differenti-
ates our work from the input-centered paradigm by
automatically abstracting signal level discrepancies
(gender, accent, noise) into distinct phonological
categories, independently of surface signal varia-
tion.

Importantly, phonological features are not un-
structured. They are commonly organised into
broader groupings or hierarchies, such as laryngeal
features related to voicing and aspiration, place fea-
tures describing where a sound is produced, and
manner features describing how airflow is shaped,
which are commonly argued to reflect shared physi-
cal mechanisms of speech production. These group-
ings play a central role in phonological patterning,
including assimilation, neutralisation, and system-
atic asymmetries in sound change and error distri-
butions (Clements and Hume, 1995).

In this work, we adopt the phoneme representa-
tions of Rubehn et al. (2024), implemented in the
soundvectors Python package.> This resource
defines a set of 39 speech-relevant phonological
features designed to capture a broad range of seg-
mental distinctions across languages. We choose
this feature set because it provides a linguistically
grounded yet computationally tractable representa-
tion that has been shown to support cross-linguistic
phoneme modelling.

Not all features are instantiated in every dataset:
in our experiments, a feature is considered ob-
served if it takes at least one non-zero value for
any phoneme attested in the test set of a given lan-

*https://pypi.org/project/soundvectors/

guage. As a consequence, only 33 of the 39 defined
features are effectively observed in our experiments.
We therefore restrict our analyses to features that are
attested in the test data, ensuring that all reported
effects are grounded in empirically observed phono-
logical contrasts rather than in abstract dimensions
that are not realised in the evaluation material. The
complete list of features defined in soundvectors,
together with the subset observed in our test data,
is reported in Table 4 (Appendix B).

This featural representation allows us to com-
pute distances between phonemes and to analyse
transcription errors in a graded rather than purely
categorical manner. Crucially, it also enables us to
investigate which feature groupings are most sys-
tematically involved in substitution errors, thereby
providing a phonologically grounded interpretation
of model behaviour.

3 Are phoneme confusions phonologically
local?

3.1 Establishing Phonological Locality

This section investigates whether phoneme recog-
nition errors are phonologically local, in the sense
that substituted phonemes tend to be closer to their
targets in phonological feature space than would
be expected by chance. In this work, we focus ex-
clusively on cases where a target phoneme is re-
placed by a different phoneme in the model out-
put.* These errors are identified through the stan-
dard computation of PER, by aligning predicted
phoneme sequences with gold reference transcrip-
tions. Phonemes are represented as vectors of bi-
nary distinctive features, and phonological similar-
ity is quantified using Hamming distance, defined

*Phoneme-to-phoneme substitutions account for over 70 %
of the observed errors in our data.
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as the number of features on which two phonemes
differ. Smaller distances therefore correspond to
greater phonological proximity. For each substi-
tution error, we compute the distance between the
target and the predicted phoneme, yielding a distri-
bution of observed distances dp.

To establish a reference point, we construct a null
distribution diandgom by sampling random pairs of
phonemes within the same language. This base-
line captures the degree of phonological similarity
that would be expected in the absence of any sys-
tematic relationship between model confusions and
phonological features. It is intentionally simple and
does not control for phoneme frequency or contex-
tual confusability; incorporating such factors would
likely strengthen the observed effects, making our
estimates conservative.

To summarise the difference between observed
and random distances, we compute A = dgps —
drandom and estimate uncertainty using 95 % in-
tervals of compatibility (ICs), computed via non-
parametric bootstrapping (Efron and Tibshirani,
1993).5 A negative value of A indicates that con-
fusions are, on average, phonologically closer than
expected by chance. Beyond mean differences, we
also report the full distribution of observed dis-
tances to characterise the variability of phonologi-
cal confusions.

To assess whether any observed effect is not only
statistically detectable but also practically mean-
ingful, we compute the probability of superiority
Ps = P(dobs < drandom ), Which measures the prob-
ability that a randomly drawn observed substitution
is phonologically closer than a randomly drawn
baseline pair (McGraw and Wong, 1992; Vargha
and Delaney, 2000). Values of Pg close to 0.5 in-
dicate no systematic effect, while larger values in-
dicate increasing degrees of phonological locality.

In addition, we conduct an equivalence analy-
sis by defining a region of practical equivalence
(ROPE) around zero in terms of feature differences.
Following general recommendations for equiva-
lence testing (Lakens, 2017), the size of the ROPE
should correspond to differences that are negligible
from a domain-specific theoretical perspective. In
the context of distinctive feature representations,
differences of one or two features correspond to
minimal phonological contrasts (e.g., single-feature

5As all Hamming distances are computed within each lan-
guage, using a fixed set of attested features for that language,
observed and random distances are therefore directly compa-
rable within languages.

distinctions such as voicing or nasality) and are
commonly treated as phonologically minor (Miller
and Nicely, 1955; Mielke, 2008). Accordingly, we
consider ROPEs of +1 feature differences.

All analyses are carried out both at the level
of individual languages and on data aggregated
across all languages, allowing us to assess the
cross-linguistic consistency of phonological local-
ity effects while identifying potential language-
specific variation. Cross-linguistic aggregation
is performed over effect sizes rather than raw
distances, ensuring that languages with different
phoneme inventories contribute comparably to the
overall analysis.

3.2 Phonological Locality of Substitution
Errors

Table 2 and Figure 1 report the results of the phono-
logical locality analysis for phoneme substitution
errors, computed separately for each language and
aggregated across all languages. Across languages,
substituted phonemes are consistently closer to their
targets in phonological feature space than would be
expected by chance. The average difference be-
tween observed and chance distances ranges from
approximately two to four distinctive features, with
all confidence intervals lying well outside a conser-
vative region of practical equivalence of &1 feature.

Chance (shuffled)

0.20 Observed (errors)
Median chance = 9.00
Median observed = 4.00

° ® Momming distance i feature space ”

Figure 1: Distribution of phonological distances for
phoneme substitution errors, pooled across all lan-
guages. Observed substitutions (orange) are compared
to a chance baseline obtained by randomly shuffling pre-
dicted phonemes within the same phoneme inventory.
Vertical dashed lines indicate the median distances for
each distribution.

The aggregated analysis reveals a highly stable
pattern. On average, observed substitutions dif-
fer from their targets by about four feature differ-
ences, whereas randomly paired phonemes differ
by roughly nine features. This shift is reflected
both in the mean difference (A ~ 2.8) and in the
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language dobs drandom A Ps  Practically meaningful
mean median mean median
eng 5.39 3 8.88 10 3.56+0.17 0.68
fin 4.64 3 7.42 6 2.8+0.3 0.65
fra 6.54 6 8.51 9 2.0+0.31 0.58
ind 4.72 3 7.46 7 2.7+0.094 0.64
ita 5.23 3 8.22 9 3.0+0.28 0.61
mlt 4.13 2 7.61 9 3.54+0.37 0.66
nld 5.97 4 8.94 10 3.0+0.33 0.63
pol 6.73 6 9.14 10 2.4+£0.081 0.61
swe 5.12 3 7.95 9 2.84+0.32 0.66
tam 4.32 3 8.3 9 4.0+0.34 0.71
tdh 4.16 4 7.1 7 29+15 049
tur 4.83 3 7.54 8 2.7+03 0.64
ALL 5.75 4 8.56 9 2.8+ 0.05 0.64

Table 2: Phonological locality statistics for phoneme substitution errors by language and aggregated across all
languages. We report the difference between observed and chance phonological distances (A), 95% bootstrap
intervals of compatibility, and the probability of superiority (Ps). “Practically meaningful” indicates whether the
confidence interval of A lies entirely outside a region of practical equivalence of +1 distinctive feature.

full distribution of distances, whose median is re-
duced by more than half relative to the chance base-
line. The corresponding probability of superiority
(Ps = 0.64) indicates a moderate but robust effect:
in nearly two thirds of cases, an observed substi-
tution is phonologically closer to its target than a
randomly paired phoneme. Given the size of the
feature space and the absence of explicit phonolog-
ical supervision, this represents a clear departure
from chance rather than a marginal effect.

This pattern is consistent across languages with
diverse phoneme inventories and typological prop-
erties. While the magnitude of the effect varies
somewhat by language, no language shows evi-
dence of substitutions being phonologically more
distant than expected by chance.

Taken together, these results show that phoneme
substitution errors produced by neural speech recog-
nition models are strongly constrained in phonolog-
ical feature space: Models predominantly confuse
sounds that differ by only a small number of dis-
tinctive features, closely mirroring classic observa-
tions from human speech perception (Miller and
Nicely, 1955). Importantly, this structure emerges
despite the absence of any explicit phonological su-
pervision during fine-tuning: although the model is
trained to predict phoneme labels, it receives only
an arbitrary label that identifies a phoneme and
no information about the internal feature structure
of phonemes or similarity relations between them.
That phonological locality nevertheless arises sug-
gests that self-supervised speech models implicitly
capture aspects of linguistic structure that closely

align with core notions of phonological similarity.
Establishing this result is a crucial prerequisite for
the feature-level analyses that follow, as it provides
a principled basis for interpreting directional asym-
metries in phonological feature transmission.

4 Identifying Weakly Modelled
Phonological Features through
Asymmetric ASR Errors

Feature-level confusions We now turn to a sec-
ond question and examine whether phoneme recog-
nition errors exhibit systematic asymmetries at the
level of distinctive features. Such asymmetries
make it possible to identify biases along phono-
logical dimensions. Beyond their engineering rel-
evance, feature-level error patterns are also infor-
mative from a cognitive modelling perspective, as
asymmetric feature confusions have long been docu-
mented in human speech perception and interpreted
as reflecting differential robustness of phonologi-
cal features under noise (Miller and Nicely, 1955;

Cutler et al., 2004).

Let pgt) and pgp ) denote the target and predicted

phonemes in substitution event ¢, and let f;(p) €
{0, 1} denote the value of feature j for phoneme p.
As in our previous analysis, we restrict attention to
phoneme substitution errors.

Within a substitution error, two types of feature-
level events may occur for a given feature j: a neg-
ative shift, when the feature takes value 1 in the tar-
get phoneme but value 0 in the predicted phoneme,
and a positive shift, when the feature takes value 0
in the target but value 1 in the prediction. These
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shifts are not claims about featural underspecifica-
tion or privation: a negative shift for a place feature
such as [coroNAL] simply means that the predicted
phoneme does not carry a coronal specification,
not that place information is absent from the pre-
dicted segment. We estimate the corresponding
conditional probabilities

P = P(f;e®) = 0] f;(p"V) =1, error),
)

P = P(™) =11 f;("") = 0, error),
2)

which quantify the tendency of a feature value to
shift toward O or toward 1 once a recognition error
has occurred.

All probabilities are estimated separately for each
language, using substitution errors observed in that
language. We then summarise the direction and
magnitude of feature-level asymmetry using the
asymmetry measure

Aj=Pf - P 3)

Positive values of A; indicate a tendency for the
predicted phoneme to carry the feature when the
target does not; negative values indicate the reverse;
values close to zero correspond to approximately
symmetric transmission. Cross-linguistic aggre-
gation is performed at the level of the asymmetry
measure Aj;, using a random-effects meta-analytic
model.

Uncertainty is quantified using non-parametric
bootstrapping over substitution errors. For each
feature, we report a 95% interval of compatibility
(IC) for A;. To distinguish meaningful asymmetries
from negligible ones, we adopt a ROPE around zero,
set to [—0.05,0.05]. Asymmetries whose 95% IC
lies entirely outside the ROPE are interpreted as
practically meaningful, whereas those whose 1C
lies entirely within the ROPE are considered neg-
ligible. Partial overlap leads to an inconclusive
interpretaltion.6

In practice, probabilities are estimated using em-
pirical proportions over substitution errors, condi-
tioning only on informative cases: probabilities
of negative shifts are computed from instances
in which the feature takes value 1 in the target
phoneme, and probabilities of positive shifts from

®Because inference is based on effect sizes, intervals of
compatibility, and a theoretically defined ROPE rather than on

null-hypothesis significance testing, no correction for multiple
comparisons is required (Lakens, 2017).

instances in which it takes value 0. This condition-
ing ensures that features are evaluated only when
they are logically eligible to be deleted or inserted.

Because some phonological features are rare or
highly specific, naively estimating A; can yield
unstable values driven by sparsity rather than by
systematic error patterns. We therefore restrict the
analysis to features that are sufficiently supported in
the data.” Concretely, we exclude feature—language
combinations with too few eligible observations
and retain only features that meet these support
requirements in a sufficient number of languages.

We define core features as those phonological
features that satisfy two empirical criteria: (i) they
are attested in at least 11 of the 12 languages consid-
ered, and (ii) for each retained language, both P;~
and PjJr are estimated from at least Ny, = 50 eligi-
ble substitution events. These criteria yield a set of
broadly shared and well-supported features, which
form the basis of the cross-linguistic meta-analysis
reported below.?

Before turning to the results, we quantify
between-language heterogeneity in feature-level
asymmetries using the I? statistic. Following
standard definitions (Cochran, 1954; Higgins and
Thompson, 2002), I? measures the proportion of
total variance in observed effect sizes that is at-
tributable to genuine cross-linguistic differences
rather than to sampling error. In the present setting,
high I? values do not reflect inconsistent directions
of asymmetry across languages, but rather substan-
tial variation in their magnitude.

Results. Figure 2 reports cross-linguistically ag-
gregated feature-level asymmetries for core features,
with uncertainty summarised by 95% IC and prac-
tical relevance assessed against the ROPE. Many
features exhibit clear directional biases (intervals
outside the ROPE), indicating that substitution er-
rors are not symmetric noise but are systematically
structured in feature space. For a number of fea-
tures, I? is substantial, suggesting that the magni-
tude of these asymmetries varies across languages
even when their direction is broadly consistent.
Two broad tendencies emerge. First, several rel-

"Empirical support refers to the number of substitution
events in which a feature is logically eligible to undergo a
positive or negative shift.

8Extending the analysis to a broader set of phonological fea-
tures would require either increasing the number of languages
considered or substantially enlarging the amount of annotated
speech data per language, in order to provide sufficient support
for rare or highly specific features.
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atively coarse-grained properties show insertion-
dominant asymmetries: [CONTINUANT] and [soNoO-
RANT] (and, to a lesser extent, [syLLABIC] and
[FrRoNT]) are more likely to shift toward a positive
value in the predicted phoneme once an error occurs.
This pattern points to a bias towards acoustically
continuous and vowel-like outcomes under recog-
nition failure, a longstanding empirical result in
human perception (Miller and Nicely, 1955). Sec-
ond, more fine-grained specifications tend to shift
toward negative values rather than positive ones.
In particular, place-related features (e.g., [cOro-
NAL], [ANTERIOR]) and vowel-quality contrasts (e.g.,
[HiGH], [Low], [BACK]) tend toward negative values,
consistent with a systematic tendency for erroneous
predictions to lack these specifications, regardless
of what alternative feature values they carry. Taken
together, these results suggest a structured pattern of
feature degradation: when the system fails to iden-
tify a phoneme correctly, broad class-level features
are over-recognized towards a vowel-like outcome,
while finer place and vowel-quality distinctions are
disproportionately lost in favour of a more neutral
output.

Finally, a small set of highly specific dimensions
(notably segment length and diphthong-trajectory
features) tends strongly toward negative values. Be-
cause these effects are supported by limited and
uneven empirical support for positive vs. negative
shift events and restricted to a small subset of seg-
ments, we analyse them separately and report full
results in Appendix C.

At a higher level, these results suggest that
phoneme recognition errors reflect a structured
form of phonological degradation rather than un-
structured noise. When recognition fails, the
system tends to over-identify acoustically salient
properties, such as sonority or vocalic structure,
while erroneous predictions disproportionately lack
finer-grained place and vowel-quality specifications.
This pattern points to a non-uniform organisation
of phonological information in the model outputs,
in which coarse-grained dimensions are encoded
differently from fine-grained ones. Crucially, this
organisation emerges despite the absence of any
explicit phonological supervision during training,
indicating that self-supervised speech models nat-
urally capture non-uniform phonological structure
from the statistical regularities of the acoustic sig-
nal.

Feature 12 A; [95\% CI]

Major class

Continuant 97  +0.38[+0.31, +0.44] -
Sonorant 96 +0.30 [+0.25, +0.35] P
Syllabic 97 +0.13[+0.08, +0.18] -

Consonantal 95 -0.10 [-0.14, -0.05] -

Place
Coronal 97 -0.29 [-0.35, -0.23] -

Anterior 99 -0.36 [-0.47, -0.25] .

Vowel space

Front 98 +0.32 [+0.25, +0.38] °
Tense 100  +0.12[-0.04, +0.28] ——
Low (vowel height) 100 -0.34 [-0.53, -0.15] °
Back 94 -0.35[-0.40, -0.31] P

High (vowel height) 92 -0.36 [-0.40, -0.32] -

Length

Long (segment length)99 -0.89[-0.92, -0.87] °

T
-0.5 0.0 0.5
Asymmetry measure A;

Figure 2: Feature-level asymmetries in phoneme substi-
tution errors for core phonological features. Points and
horizontal bars indicate random-effects meta-analytic
estimates of the asymmetry measure A; and their 95% in-
tervals of compatibility across languages. The shaded re-
gion denotes the region of practical equivalence (ROPE,
[—0.05,0.05]), and the dashed vertical line marks zero
asymmetry. 12 reports between-language heterogeneity.

5 Discussion and Conclusion

This paper investigated the phonological struc-
ture of errors produced by neural phoneme recog-
nition systems through a feature-based analysis
of phoneme confusions. Rather than treating
phonemes as unrelated symbols, we adopted a repre-
sentation in terms of distinctive features and showed
that recognition errors exhibit systematic and inter-
pretable phonological regularities.

Our first analysis demonstrated that phoneme
substitution errors are phonologically local: sub-
stituted phonemes are significantly closer to their
targets in feature space than would be expected by
chance, both within individual languages and cross-
linguistically. Crucially, this structure emerges even
though the models are trained without any explicit
access to information about the internal structure
of phonemes. This result indicates that models
trained with large-scale self-supervised pretraining
followed by phoneme-level fine-tuning can acquire
representations that preserve substantial aspects of
phonological organisation, and are broadly consis-
tent with human acoustic perception.

We then examined feature-level asymmetries con-
ditional on the occurrence of an error. This analysis
revealed robust directional biases in the transmis-
sion of distinctive features: broad class-level and
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sonority-related features tend to shift toward pos-
itive values in erroneous predictions, while fine-
grained place, manner, and secondary articulatory
features tend to shift toward negative values. These
asymmetries closely mirror long-standing findings
from human speech perception, where perceptual
confusions are strongly structured by phonologi-
cal similarity and feature robustness under noise is
highly uneven (Cutler et al., 2004).

Taken together, these results show that phoneme
recognition errors are not arbitrary, but structured in
ways that reflect the internal organisation of phono-
logical representations. More importantly, they sug-
gest that models trained with self-supervised pre-
training and phoneme-level fine-tuning can give
rise to representational biases that are compatible
with those posited in linguistic theory and observed
in human listeners, despite receiving no explicit
supervision about the internal feature structure of
phonemes.

An important direction for future work is to move
beyond analyses that are conditional on the occur-
rence of an error and to directly model the vulnera-
bility of phonological features, that is, the extent to
which the presence of specific features in the target
phoneme increases the probability that a recogni-
tion error occurs in the first place. Addressing this
question will require token-level modelling of error
likelihood while controlling for speaker-, utterance-,
and acoustic-level factors.

More broadly, integrating phonological feature
theory with modern self-supervised speech models
offers a principled framework for analysing error
patterns, comparing systems across languages, and
drawing meaningful connections between machine
and human speech processing.
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Ethical Considerations

This work analyses phoneme recognition errors pro-
duced by neural speech models through a phonolog-
ically grounded, feature-based framework. It is a di-
agnostic and analytical study: we do not introduce

new speech recognition systems for deployment,
nor do we propose changes to model architectures
or training objectives that would directly affect end-
user applications.

All experiments rely on existing datasets and pre-
trained models. The multilingual speech data used
in this study come from publicly available resources
(Common Voice and Babel) that were collected
under established ethical guidelines. The Thulung
data were obtained from the Pangloss Collection,
an open archive for newly documented and under-
documented languages, and are used in accordance
with the archive’s licensing and data-sharing poli-
cies. No new data collection involving human par-
ticipants was conducted as part of this work.

From an ethical perspective, a key motivation
of this study is to improve transparency and in-
terpretability in speech recognition systems. By
characterising systematic phonological structure
and asymmetries in recognition errors, our analysis
aims to support more informed model diagnosis
and evaluation, particularly in multilingual and low-
resource settings. Understanding which phonologi-
cal features are more vulnerable under recognition
failure can help identify biases and limitations in
current systems, rather than obscuring them behind
aggregate performance metrics.

At the same time, we acknowledge that phoneme-
based analyses do not capture all dimensions of
speech variation, including sociophonetic variation,
speaker identity, or language-specific phonologi-
cal norms. Care should therefore be taken not to
overgeneralise feature-level findings to individual
speakers or communities. We emphasise that the
results describe model behaviour under controlled
evaluation conditions and should not be interpreted
as normative claims about human speech or lan-
guage use.

Overall, we believe that feature-based analyses
of ASR errors contribute positively to responsi-
ble speech technology research by promoting in-
terpretability, cross-linguistic comparability, and
critical examination of model behaviour, rather than
by enabling new forms of surveillance or automated
decision-making.

Limitations

This study has several limitations that define the
scope of its conclusions. First, our analyses charac-
terise the structure of phoneme recognition errors
conditional on the occurrence of an error, rather
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than modelling the probability that an error occurs
as a function of phonological features. As a result,
the reported asymmetries describe how phonologi-
cal features are preserved or lost once recognition
fails, not their absolute vulnerability during normal
recognition. Modelling feature-level vulnerability
directly would require token-level analyses that con-
trol for acoustic, speaker, and contextual factors.

Second, the analysis is restricted to speech recog-
nition systems that predict phonemic transcriptions
directly. While this choice provides a controlled
and interpretable setting for studying phonologi-
cal structure, it limits the immediate applicability
of the findings to end-to-end ASR systems whose
outputs conflate phonological, orthographic, and
lexical constraints.

Third, all experiments are conducted using a sin-
gle self-supervised, Transformer-based phoneme
recognition model and training paradigm. Although
this model is representative of current approaches to
phoneme-level ASR, we do not assess the extent to
which the observed error patterns and feature-level
asymmetries generalise across different architec-
tures, training objectives, or model sizes. Evalu-
ating the stability of these phonological patterns
across a broader range of models remains an impor-
tant direction for future work.

Fourth, feature-level results depend on the
adopted phonological feature representation. We
rely on the soundvectors feature inventory, which
is linguistically grounded and designed for cross-
linguistic modelling, but alternative feature systems
or gradient representations could yield different
quantitative patterns. Our conclusions should there-
fore be interpreted as conditional on this represen-
tational choice.

In addition, although the study spans multiple
language families, the number of languages con-
sidered remains limited and does not cover the full
diversity of phonological systems attested cross-
linguistically. Highly specific or low-frequency
phonological features, such as fine-grained tempo-
ral or diphthongal properties, could not be included
in the primary cross-linguistic analysis due to lim-
ited empirical support and are therefore analysed
separately.

Finally, while the observed error asymmetries
parallel patterns reported in human speech percep-
tion, the present work does not aim to model hu-
man perceptual mechanisms. Similarities should
be interpreted as indicating representational com-
patibility rather than cognitive equivalence.
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A Development of a Phoneme-Based ASR
System for Thulung

We develop an automatic speech recognition sys-
tem for Thulung, a Tibeto-Burman language spo-
ken in eastern Nepal. From a phonetic perspective,
Thulung exhibits a relatively rich consonant inven-
tory, including aspirated and unaspirated stops, a
contrastive voicing system, and a set of vowel qual-
ities that are largely stable across contexts, mak-
ing it a suitable test case for phoneme-level mod-
elling. Thulung is a language currently undergo-
ing documentation, and annotated speech data are
available through the Pangloss Collection, an open
archive dedicated to newly documented and under-
documented languages (Adamou et al., 2025). The
corpus is transcribed using a transparent phonemic
orthography, and a complete phoneme inventory
is provided, which allows us to train an ASR sys-
tem that directly predicts phoneme sequences rather
than graphemic characters, an important distinction
given that some phonemes are represented by multi-
character sequences in practical orthographies.

The dataset contains approximately 7 hours of
transcribed speech”. We use 80 % of the available
data to fine-tune a pretrained XLSR-53 model fol-
lowing the methodology of Guillaume et al. (2022),
while the remaining data are split between a val-
idation set and a held-out test set whose size is
comparable to those used for other languages in
our experiments. All hyperparameters used for fine-
tuning are reported in Table 3.

B Phonological Feature Inventory

Table 4 reports the phonological features used in
our analyses, as defined by the soundvectors rep-
resentation, and indicates which of these features
are effectively instantiated in the test-set phoneme
inventory. A feature is considered observed if it
takes a non-zero value for at least one phoneme
occurring in the test data. The table is organised
hierarchically into broad phonological groupings

9 Additional annotated recordings have recently been col-

lected as part of a new fieldwork campaign; however, these
data were not included in the present experiments.
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Hyperparameter Value
Training batch size 16
Gradient accumulation steps 8
Number of epochs 60
Learning rate 3x1074
Warm-up steps 500
Mixed precision (FP16) Enabled
Evaluation strategy Steps
Evaluation frequency (eval_steps) 50
Checkpoint saving frequency (save_steps) 100
Logging frequency (logging_steps) 50
Maximum number of saved checkpoints 2
Optimiser AdamW
Audio sampling rate 16 kHz

Table 3: Main hyperparameters used for fine-tuning
Wav2Vec?2

(such as major class, manner, laryngeal, place, and
vowel space) to make explicit the structural rela-
tionships between features. This organisation helps
clarify which phonological dimensions are avail-
able for analysing transcription errors and which
distinctions are actually present in the evaluation
material.

Feature Classes For clarity and interpretability,
phonological features are grouped into a small num-
ber of broad classes reflecting well-established di-
mensions of phonological description. Major class
features distinguish between consonantal, syllabic,
and sonorant sounds, capturing coarse-grained dif-
ferences in segment type. Manner features describe
how airflow is shaped during sound production,
differentiating, for instance, stops, nasals, laterals,
and strident consonants. Laryngeal features encode
properties related to the state of the glottis, such as
voicing and aspiration, which are central to many
phonological contrasts.

Place features specify where constrictions are
formed along the vocal tract, including labial, coro-
nal, and dorsal articulations, as well as more pos-
terior regions. Vowel space features characterise
vowel quality in terms of height, backness, round-
ing, and tenseness. In addition, we distinguish
length features, which capture segmental duration
contrasts, and fone/contour features, which encode
pitch-related distinctions such as register and con-
tour. Finally, diphthong trajectory features describe
dynamic changes within a segment, capturing direc-
tional movements in vowel quality over time. These
groupings are intended as an organisational device
to facilitate analysis and do not presuppose a strict
hierarchical structure among features.

C Feature-Level Asymmetries for
Non-Core Features

In addition to the core feature set analysed in Sec-
tion 4, we examined a number of more specialised
phonological features whose empirical support was
insufficient for inclusion in the cross-linguistic
meta-analysis. These non-core features primarily
concern segmental length and diphthong trajectory
properties, which are instantiated in a limited subset
of phonemes and languages and are therefore asso-
ciated with limited and uneven empirical support
for positive and negative shift events.

Figure 3 reports asymmetry measures for these
features, estimated following the same procedure
as for the core analysis but without cross-linguistic
aggregation constraints. Across features, a consis-
tent qualitative pattern emerges: non-core features
exhibit extremely strong deletion-dominant asym-
metries, indicating that once a recognition error
occurs, such properties are almost systematically
lost rather than spuriously inserted.

These effects are substantially larger in magni-
tude than those observed for core features. However,
they are also supported by a small number of eligi-
ble observations and by distributions that are highly
skewed towards deletion events. As a result, while
the direction of the effect is stable, the correspond-
ing estimates are not comparable in robustness to
those reported for the core feature set.

Importantly, the behaviour of non-core features
is fully consistent with the general interpretation
advanced in the main text. Highly specific and
phonetically complex properties—such as fine-
grained temporal structure or dynamic vowel tra-
jectories—appear particularly fragile under recog-
nition failure. When the system errs, these dimen-
sions are preferentially eliminated, reinforcing the
picture of a structured degradation process in which
increasingly detailed phonological specifications
are progressively lost.

For these reasons, non-core features are reported
separately and are not included in the primary cross-
linguistic meta-analysis.
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Feature Short name Observed
Major class
Consonantal (consonant-like constriction) cons
Syllabic syl
Sonorant son
Continuant cont
Manner
Delayed release (affrication) delrel
Lateral lat
Nasal nas
Strident strid
Laryngeal
Voiced voi
Spread glottis (aspiration-related) sg
Constricted glottis (glottalisation-related) cg
Laryngeal class marker laryngeal
Place
Labial lab
Coronal cor
Dorsal dorsal
Anterior ant
Distributed distr
Pharyngeal pharyngeal
Velaric (click-related) velaric
Vowel space
High (vowel height) hi
Low (vowel height) lo
Back back
Front front
Rounded round
Tense tense
Length
Long (segment length) long
Tone / contour
High tone hitone X
High register hireg X
Low register loreg X
Rising contour rising X
Falling contour falling X
Contour tone marker contour X
Diphthong trajectory
Back shift (diphthong trajectory) backshift
Front shift (diphthong trajectory) frontshift
Opening diphthong opening
Closing diphthong closing
Centering diphthong centering
Long-distance trajectory longdistance
Second element rounded secondrounded

Table 4: Phonological features soundvectors and wh2thE2 they are observed in our test-set phoneme inventory.



Feature asymmetries (non-core features)

Long-distance trajectory -
Closing diphthong 4

Back shift (diphthong trajectory)
Centering diphthong 4
Delayed release (affrication) o
Lateral

Distributed A

Dorsal

Strident

Labial

Voiced -

Nasal

Rounded -
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———

Figure 3: Feature-Level Asymmetries for Non-Core Features
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