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Abstract001

ASR errors are typically analyzed at the002
phoneme level, treating phonemes as atomic003
symbols. In this work, we instead adopt a004
featural representation of phonemes, grounded005
in phonological theory, which models speech006
sounds as structured bundles of distinctive artic-007
ulatory and acoustic properties. This perspec-008
tive allows us to analyze recognition errors at009
a finer granularity and to investigate whether010
certain phonological features are more vulner-011
able than others. Across multiple languages,012
we show that phoneme confusions are strongly013
structured in phonological feature space: errors014
are predominantly local and exhibit systematic015
asymmetries that reveal a small set of weakly016
modeled features. These findings have direct017
implications both for the design and diagnosis018
of ASR systems and for cognitive models of hu-019
man speech perception, where similar feature-020
level asymmetries have long been observed.021

1 Introduction022

Despite their strong empirical performance, mod-023

ern neural speech recognition models remain024

largely opaque. Trained end-to-end to optimise025

transcription accuracy, they incorporate no explicit026

phonological supervision or inductive bias of the027

kind assumed in feature-based or class-based mod-028

els of speech perception. Any phonological struc-029

ture present in their internal representations must030

therefore emerge implicitly from data, motivating031

diagnostic analyses that probe whether such mod-032

els encode linguistically meaningful structure be-033

yond surface input–output correlations (Belinkov034

and Glass, 2019; Belinkov, 2022).035

Most existing work in this area adopts a prob-036

ing perspective, analysing internal representations037

using auxiliary classifiers or geometric methods038

(Belinkov, 2022; de Seyssel et al., 2022). While039

these approaches have yielded valuable insights,040

they are inherently indirect and sensitive to archi-041

tectural and methodological choices. In contrast,042

we adopt an output-centred perspective and analyse 043

transcription errors directly. Because model outputs 044

reflect the cumulative effect of all internal compu- 045

tations, systematic structure in errors provides a 046

direct and architecture-agnostic window into the 047

linguistic regularities captured by the model. 048

The central contribution of our paper is to show 049

that phoneme recognition errors produced by neu- 050

ral speech models exhibit systematic asymmetries 051

at the level of a phonologically grounded featural 052

representation, in which speech sounds are mod- 053

elled as structured bundles of distinctive features 054

such as voicing, place and manner of articulation, 055

or vowel quality. Rather than behaving as sym- 056

metric noise, errors preferentially preserve some 057

phonological properties while systematically los- 058

ing others. These asymmetries make it possible 059

to identify which components of the phonological 060

representation are more robustly encoded by the 061

model, and which are intrinsically more vulnerable 062

once recognition fails. Beyond their engineering 063

relevance, such patterns are also informative from a 064

cognitive modelling perspective, as asymmetric fea- 065

ture confusions have long been observed in human 066

speech perception and are commonly interpreted 067

as reflecting differential robustness of phonologi- 068

cal features under noise (Miller and Nicely, 1955; 069

Chomsky and Halle, 1968; Mielke, 2008). 070

As a prerequisite for this analysis, we first es- 071

tablish that phoneme substitution errors are phono- 072

logically local: substituted phonemes tend to be 073

close to their targets in phonological feature space. 074

This result serves as a validation step, showing 075

that model errors preserve fine-grained phonologi- 076

cal structure rather than collapsing phonemes into 077

arbitrary symbols. Establishing phonological lo- 078

cality provides a meaningful basis for interpreting 079

feature-level asymmetries and already indicates that 080

the model’s internal representations are compati- 081

ble with a phonologically structured organisation 082

of speech sounds; however, locality alone does not 083
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reveal which specific features are preferentially pre-084

served or lost.085

To address these two questions, we introduce086

an error-based probing framework that represents087

phonemes as vectors of distinctive features and anal-088

yses transcription errors in phonological feature089

space. Our framework combines (i) feature-based090

distance measures to assess phonological locality,091

(ii) analyses of asymmetric feature insertions and092

deletions conditional on the occurrence of an error,093

and (iii) uncertainty-aware effect-size estimation094

using bootstrap confidence intervals and regions095

of practical equivalence. We apply this framework096

to phoneme recognition systems evaluated on 12097

languages, including a single multilingual model098

trained with automatic phonemic supervision (Xu099

et al., 2022), as well as a language-specific system100

trained on expert phonemic annotations for Thu-101

lung, a newly documented Sino-Tibetan language.102

Across languages, we show that phoneme con-103

fusions are strongly structured in phonological fea-104

ture space and that errors exhibit consistent, direc-105

tional asymmetries at the level of distinctive fea-106

tures. Broad class-level and sonority-related fea-107

tures tend to be preserved or over-generated, while108

fine-grained place, manner, and secondary articu-109

latory features are systematically lost. Taken to-110

gether, these findings demonstrate that phoneme111

recognition errors are not arbitrary, but reflect the112

internal organisation of phonological representa-113

tions learned by neural speech models, offering114

a principled bridge between engineering-oriented115

evaluation and insights from phonological theory116

and human speech perception.117

The remainder of the paper is organised as fol-118

lows. Section 2 describes the speech recognition119

models, the multilingual evaluation data, and the120

phonological feature representations used in our121

analyses. Section 3 establishes that phoneme sub-122

stitution errors are phonologically local, by showing123

that confused phonemes are significantly closer in124

feature space than would be expected by chance.125

Section 4 then analyses directional asymmetries in126

feature-level confusions, identifying which phono-127

logical features are more robustly preserved or sys-128

tematically lost once recognition errors occur. Fi-129

nally, Section 5 discusses the implications of these130

findings for the analysis of neural speech models131

and for connections between machine and human132

speech perception.133

2 Experimental Setup and Phonological 134

Feature Framework 135

2.1 Models and Data 136

Our methodology builds on recent self-supervised 137

speech models that can predict phonemic transcrip- 138

tions directly, rather than graphemic or character- 139

based outputs.1 In particular, we rely on the 140

wav2vec2/XLSR-53 architecture (Baevski et al., 141

2020; Conneau et al., 2021), whose Transformer- 142

based encoder learns general-purpose acoustic rep- 143

resentations that can be fine-tuned for phoneme- 144

level automatic speech recognition. 145

We use the Wav2Vec2Phoneme model of Xu et al. 146

(2022), which fine-tunes an XLSR-53 encoder to 147

predict phoneme sequences from speech. Training 148

data are drawn from Common Voice and Babel, 149

with phonemic supervision obtained automatically 150

via the eSpeak phonemiser. The model is trained 151

with a standard CTC objective. We access the pre- 152

trained model through the Hugging Face🤗 API. 153

We evaluate this model on 12 languages span- 154

ning seven language families (Indo-European, 155

Uralic, Austronesian, Afro-Asiatic, Dravidian, 156

Sino-Tibetan, and Turkic). For 11 languages, evalu- 157

ation is performed on a random sample of 250 ut- 158

terances from the test split of Common Voice ver- 159

sion 24.0. Six languages (English, French, Indone- 160

sian, Swedish, Tamil, and Turkish) are seen during 161

fine-tuning, while the remaining languages (Dutch, 162

Finnish, Italian, Maltese and Polish) are held out 163

entirely. This design allows us to assess whether 164

phonological error patterns generalise beyond the 165

languages used for supervision. 166

Phonemic reference transcriptions are generated 167

automatically using the same eSpeak-based phone- 168

misation pipeline as in Xu et al. (2022), providing 169

a consistent approximation of phoneme-level super- 170

vision across languages. 171

Table 1 summarises key characteristics of the 172

languages considered, including phoneme inven- 173

1We 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 ASR pipelines.
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tory size and phoneme entropy, computed over the174

empirical distribution of phonemes in the test data175

as H = −
∑

p∈P P (p) logP (p), where P denotes176

the set of phonemes in the inventory and P (p) the177

relative frequency of phoneme p. Across languages,178

inventory sizes range from 29 to 61 phonemes,179

while phoneme entropy varies within a relatively180

narrow interval.181

In addition to the multilingual model, we con-182

sider a phoneme recognition system trained specifi-183

cally for Thulung, an endangered Tibeto-Burman184

language spoken in Nepal, using expert-produced185

phonemic annotations. This provides a complemen-186

tary evaluation setting in which reference transcrip-187

tions reflect human phonological analysis rather188

than automatic phonemisation, allowing us to ver-189

ify that observed error patterns are not artefacts of190

grapheme-to-phoneme conversion. Full details of191

the Thulung data and training procedure are pro-192

vided in Appendix A.193

All models are used to automatically transcribe194

the evaluation utterances into sequences of phone-195

mic symbols. Utterances are segmented and pre-196

processed in a consistent manner across languages,197

ensuring that differences in error patterns can be198

attributed to model behaviour and linguistic factors199

rather than to preprocessing artefacts.200

We report the phoneme error rate (PER), com-201

puted as the Levenshtein distance between predicted202

and reference phoneme sequences, as a basic san-203

ity check on recognition performance. PERs vary204

substantially across languages (Table 1), but all205

systems achieve non-trivial phoneme recognition206

accuracy, providing a sufficient empirical basis for207

analysing the structure of recognition errors rather208

than absolute performance.209

Crucially, the edit-distance computation under-210

lying PER allows us to decompose errors into sub-211

stitutions, insertions, and deletions. We focus on212

phoneme-to-phoneme substitution errors, which213

correspond to genuine phonological confusions and214

form the basis of our analyses. Substitutions involv-215

ing non-phonemic control symbols (e.g., padding216

or CTC blanks), as well as insertion and deletion217

errors, are excluded from the present study and left218

for future work.219

2.2 Feature-Based Phoneme Representations220

To analyse transcription errors produced by speech221

recognition models, we adopt a featural represen-222

tation of phonemes. Phonological features are a223

core concept in phonology and one of its most en-224

during analytical tools. Their central assumption 225

is that speech sounds are not atomic symbols, but 226

structured objects defined by a set of underlying 227

articulatory and acoustic properties. 228

In traditional phonological models, as originally 229

introduced by Jakobson et al. (1963) and later for- 230

malised in Chomsky and Halle (1968), these prop- 231

erties are represented as binary features indicating 232

whether a given characteristic is present or absent.2 233

By encoding such shared properties, phonological 234

features provide a compact and linguistically mean- 235

ingful way to express both similarity and contrast 236

between phonemes. 237

This notion of structured similarity is particu- 238

larly well suited to the analysis of phonemic tran- 239

scription systems. In standard evaluation settings, 240

phonemes are treated as unrelated symbols: for ex- 241

ample, the voiceless stop /p/ (as in spin) and its 242

aspirated counterpart /ph/ (as in pin) are considered 243

no more similar to each other than either is to a 244

vowel such as /æ/ (as in apple), even though /p/ and 245

/ph/ differ by only a small number of phonological 246

features, primarily related to laryngeal properties 247

such as aspiration, whereas /p/ and /æ/ differ along 248

many feature dimensions simultaneously, includ- 249

ing major class, manner of articulation, sonority, 250

and vowel space properties. Feature-based repre- 251

sentations make such graded differences explicit, 252

allowing phonological similarity to be quantified in 253

a way that aligns with linguistic intuition and dis- 254

tinguishes minor phonetic variation from genuinely 255

different sound categories. 256

Importantly, phonological features are not un- 257

structured. They are commonly organised into 258

broader groupings or hierarchies, such as laryngeal 259

features related to voicing and aspiration, place fea- 260

tures describing where a sound is produced, and 261

manner features describing how airflow is shaped, 262

which are commonly argued to reflect shared physi- 263

cal mechanisms of speech production. These group- 264

ings play a central role in phonological patterning, 265

2For example, the phonemes /m/, /n/, and /ŋ/ (as in man,
no, and sing) all involve nasal airflow and therefore share the
feature [nasal], forming a natural class. The phoneme /m/
also shares a labial place of articulation with /p/ and /f/, while
patterning with /l/ and /r/ 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 mode1257 Dutch Indo-European (Germanic) 18.6 57 4.96
eng stan1293 English Indo-European (Germanic) 6.3 61 5.16
fin nucl1717 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 poli1260 Polish Indo-European (Balto-Slavic) 21.9 60 4.92
swe swed1254 Swedish Indo-European (Germanic) 17.7 49 4.72
tam tami1289 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.

including assimilation, neutralisation, and system-266

atic asymmetries in sound change and error distri-267

butions (Clements and Hume, 1995).268

In this work, we adopt the phoneme representa-269

tions of Rubehn et al. (2024), implemented in the270

soundvectors Python package.3 This resource271

defines a set of 39 speech-relevant phonological272

features designed to capture a broad range of seg-273

mental distinctions across languages. We choose274

this feature set because it provides a linguistically275

grounded yet computationally tractable representa-276

tion that has been shown to support cross-linguistic277

phoneme modelling.278

Not all features are instantiated in every dataset:279

in our experiments, a feature is considered ob-280

served if it takes at least one non-zero value for281

any phoneme attested in the test set of a given lan-282

guage. As a consequence, only 33 of the 39 defined283

features are effectively observed in our experiments.284

We therefore restrict our analyses to features that are285

attested in the test data, ensuring that all reported286

effects are grounded in empirically observed phono-287

logical contrasts rather than in abstract dimensions288

that are not realised in the evaluation material. The289

complete list of features defined in soundvectors,290

together with the subset observed in our test data,291

is reported in Table 4 (Appendix B).292

This featural representation allows us to com-293

pute distances between phonemes and to analyse294

transcription errors in a graded rather than purely295

categorical manner. Crucially, it also enables us to296

investigate which feature groupings are most sys-297

tematically involved in substitution errors, thereby298

providing a phonologically grounded interpretation299

of model behaviour.300

3https://pypi.org/project/soundvectors/

3 Are phoneme confusions phonologically 301

local? 302

3.1 Establishing Phonological Locality 303

This section investigates whether phoneme recog- 304

nition errors are phonologically local, in the sense 305

that substituted phonemes tend to be closer to their 306

targets in phonological feature space than would 307

be expected by chance. In this work, we focus ex- 308

clusively on cases where a target phoneme is re- 309

placed by a different phoneme in the model out- 310

put.4 These errors are identified through the stan- 311

dard computation of PER, by aligning predicted 312

phoneme sequences with gold reference transcrip- 313

tions. Phonemes are represented as vectors of bi- 314

nary distinctive features, and phonological similar- 315

ity is quantified using Hamming distance, defined 316

as the number of features on which two phonemes 317

differ. Smaller distances therefore correspond to 318

greater phonological proximity. For each substi- 319

tution error, we compute the distance between the 320

target and the predicted phoneme, yielding a distri- 321

bution of observed distances dobs. 322

To establish a reference point, we construct a null 323

distribution drandom by sampling random pairs of 324

phonemes within the same language. This base- 325

line captures the degree of phonological similarity 326

that would be expected in the absence of any sys- 327

tematic relationship between model confusions and 328

phonological features. 329

To summarise the difference between observed 330

and random distances, we compute ∆ = dobs − 331

drandom and estimate uncertainty using 95 % in- 332

tervals of compatibility (ICs), computed via non- 333

parametric bootstrapping (Efron and Tibshirani, 334

4Phoneme-to-phoneme substitutions account for over 70 %
of the observed errors in our data.
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1993).5 A negative value of ∆ indicates that con-335

fusions are, on average, phonologically closer than336

expected by chance. Beyond mean differences, we337

also report the full distribution of observed dis-338

tances to characterise the variability of phonologi-339

cal confusions.340

To assess whether any observed effect is not only341

statistically detectable but also practically mean-342

ingful, we compute the probability of superiority343

PS = P(dobs < drandom), which measures the prob-344

ability that a randomly drawn observed substitution345

is phonologically closer than a randomly drawn346

baseline pair (McGraw and Wong, 1992; Vargha347

and Delaney, 2000). Values of PS close to 0.5 in-348

dicate no systematic effect, while larger values in-349

dicate increasing degrees of phonological locality.350

In addition, we conduct an equivalence analy-351

sis by defining a region of practical equivalence352

(ROPE) around zero in terms of feature differences.353

Following general recommendations for equiva-354

lence testing (Lakens, 2017), the size of the ROPE355

should correspond to differences that are negligible356

from a domain-specific theoretical perspective. In357

the context of distinctive feature representations,358

differences of one or two features correspond to359

minimal phonological contrasts and are commonly360

treated as phonologically minor (Miller and Nicely,361

1955; Mielke, 2008). Accordingly, we consider362

ROPEs of ±1 feature differences.363

All analyses are carried out both at the level364

of individual languages and on data aggregated365

across all languages, allowing us to assess the366

cross-linguistic consistency of phonological local-367

ity effects while identifying potential language-368

specific variation. Cross-linguistic aggregation369

is performed over effect sizes rather than raw370

distances, ensuring that languages with different371

phoneme inventories contribute comparably to the372

overall analysis.373

3.2 Phonological Locality of Substitution374

Errors375

Table 2 and Figure 1 report the results of the phono-376

logical locality analysis for phoneme substitution377

errors, computed separately for each language and378

aggregated across all languages. Across languages,379

substituted phonemes are consistently closer to their380

targets in phonological feature space than would be381

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.

expected by chance. The average difference be- 382

tween observed and chance distances ranges from 383

approximately two to four distinctive features, with 384

all confidence intervals lying well outside a conser- 385

vative region of practical equivalence of ±1 feature. 386

0 5 10 15 20 25
Hamming distance in feature space

0.00

0.05

0.10

0.15

0.20

De
ns

ity

Chance (shuffled)
Observed (errors)
Median chance = 9.00
Median observed = 4.00

Figure 1: Distribution of phonological distances for
phoneme substitution errors, pooled across all lan-
guages. Observed substitutions (blue) 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 387

pattern. On average, observed substitutions dif- 388

fer from their targets by about four feature differ- 389

ences, whereas randomly paired phonemes differ 390

by roughly nine features. This shift is reflected 391

both in the mean difference (∆ ≈ 2.8) and in the 392

full distribution of distances, whose median is re- 393

duced by more than half relative to the chance base- 394

line. The corresponding probability of superiority 395

(PS ≈ 0.64) indicates a moderate but robust effect: 396

in nearly two thirds of cases, an observed substi- 397

tution is phonologically closer to its target than a 398

randomly paired phoneme. Given the size of the 399

feature space and the absence of explicit phonolog- 400

ical supervision, this represents a clear departure 401

from chance rather than a marginal effect. 402

This pattern is consistent across languages with 403

diverse phoneme inventories and typological prop- 404

erties. While the magnitude of the effect varies 405

somewhat by language, no language shows evi- 406

dence of substitutions being phonologically more 407

distant than expected by chance. 408

Taken together, these results show that phoneme 409

substitution errors produced by neural speech recog- 410

nition models are strongly constrained in phonolog- 411

ical feature space: Models predominantly confuse 412

sounds that differ by only a small number of dis- 413

tinctive features, closely mirroring classic observa- 414
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language dobs drandom ∆ PS Practically meaningful
mean median mean median

eng 5.39 3 8.88 10 3.5± 0.17 0.68 3
fin 4.64 3 7.42 6 2.8± 0.3 0.65 3
fra 6.54 6 8.51 9 2.0± 0.31 0.58 3
ind 4.72 3 7.46 7 2.7± 0.094 0.64 3
ita 5.23 3 8.22 9 3.0± 0.28 0.61 3
mlt 4.13 2 7.61 9 3.5± 0.37 0.66 3
nld 5.97 4 8.94 10 3.0± 0.33 0.63 3
pol 6.73 6 9.14 10 2.4± 0.081 0.61 3
swe 5.12 3 7.95 9 2.8± 0.32 0.66 3
tam 4.32 3 8.3 9 4.0± 0.34 0.71 3
tdh 4.16 4 7.1 7 2.9± 1.5 0.49 3
tur 4.83 3 7.54 8 2.7± 0.3 0.64 3

ALL 5.75 4 8.56 9 2.8± 0.05 0.64 3

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 (∆), 95% bootstrap
intervals of compatibility, and the probability of superiority (PS). “Practically meaningful” indicates whether the
confidence interval of ∆ lies entirely outside a region of practical equivalence of ±1 distinctive feature.

tions from human speech perception (Miller and415

Nicely, 1955). Importantly, this structure emerges416

despite the absence of any explicit phonological417

supervision or inductive bias during training: the418

models are not trained with access to phonological419

features, phoneme classes, or similarity relations.420

That phonological locality nevertheless arises sug-421

gests that self-supervised speech models implicitly422

capture aspects of linguistic structure that closely423

align with core notions of phonological similarity.424

Establishing this result is a crucial prerequisite for425

the feature-level analyses that follow, as it provides426

a principled basis for interpreting directional asym-427

metries in phonological feature transmission.428

4 Identifying Weakly Modeled429

Phonological Features through430

Asymmetric ASR Errors431

Feature-level confusions We now turn to a sec-432

ond question and examine whether phoneme recog-433

nition errors exhibit systematic asymmetries at the434

level of distinctive features. Such asymmetries435

make it possible to identify which phonological436

dimensions are more or less robustly encoded by437

the system. Beyond their engineering relevance,438

feature-level error patterns are also informative439

from a cognitive modelling perspective, as asym-440

metric feature confusions have long been docu-441

mented in human speech perception and interpreted442

as reflecting differential robustness of phonologi-443

cal features under noise (Miller and Nicely, 1955;444

Cutler et al., 2004).445

Let p(t)i and p
(p)
i denote the target and predicted446

phoneme a phoneme substitution event i, and let 447

fj(p) ∈ {0, 1} denote the value of feature j for 448

phoneme p. As in our previous analysis, we restrict 449

attention to phoneme substitution errors. 450

Within a substitution error, two types of feature- 451

level events may occur for a given feature j: a fea- 452

ture deletion, when the feature is present in the 453

target but absent in the prediction, and a feature 454

insertion, when the feature is absent in the target 455

but present in the prediction. We estimate the cor- 456

responding conditional probabilities 457

P del
j = P

(
fj(p

(p)) = 0 | fj(p(t)) = 1, error
)
,

(1)
458

P ins
j = P

(
fj(p

(p)) = 1 | fj(p(t)) = 0, error
)
,

(2)
459

which quantify the tendency of a feature to be lost 460

or added once a recognition error has occurred. 461

All probabilities are estimated separately for each 462

language, using substitution errors observed in that 463

language. We then summarise the direction and 464

magnitude of feature-level asymmetry using the 465

asymmetry measure 466

Aj = P ins
j − P del

j . (3) 467

Positive values of Aj indicate insertion-dominant 468

asymmetries (over-generation), negative values in- 469

dicate deletion-dominant asymmetries, and values 470

close to zero correspond to approximately symmet- 471

ric transmission. Cross-linguistic aggregation is 472

performed at the level of the asymmetry measure 473

Aj , using a random-effects meta-analytic model. 474
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Uncertainty is quantified using non-parametric475

bootstrapping over substitution errors. For each476

feature, we report a 95% interval of compatibility477

(IC) forAj . To distinguish meaningful asymmetries478

from negligible ones, we adopt a ROPE around zero,479

set to [−0.05, 0.05]. Asymmetries whose 95% IC480

lies entirely outside the ROPE are interpreted as481

practically meaningful, whereas those whose IC482

lies entirely within the ROPE are considered neg-483

ligible. Partial overlap leads to an inconclusive484

interpretation.6485

In practice, probabilities are estimated using em-486

pirical proportions over substitution errors, condi-487

tioning only on informative cases: deletion proba-488

bilities are computed from instances in which the489

feature is present in the target phoneme, and in-490

sertion probabilities from instances in which it is491

absent. This conditioning ensures that features are492

evaluated only when they are logically eligible to493

be deleted or inserted.494

Because some phonological features are rare or495

highly specific, naïvely estimating Aj can yield496

unstable values driven by sparsity rather than by497

systematic error patterns. We therefore restrict the498

analysis to features that are sufficiently supported in499

the data.7 Concretely, we exclude feature–language500

combinations with too few eligible observations501

and retain only features that meet these support502

requirements in a sufficient number of languages.503

We refer to as core features those phonological504

features that satisfy two empirical criteria: (i) they505

are attested in at least 11 of the 12 languages con-506

sidered, and (ii) for each retained language, both507

deletion and insertion probabilities are estimated508

from at least Nmin = 50 eligible substitution events.509

These criteria yield a set of broadly shared and510

well-supported features, which form the basis of511

the cross-linguistic meta-analysis reported below.8512

Before turning to the results, we quantify513

between-language heterogeneity in feature-level514

asymmetries using the I2 statistic. Following515

standard definitions (Cochran, 1954; Higgins and516

6Because 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).

7Empirical support refers to the number of substitution
events in which a feature is logically eligible to be inserted or
deleted.

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.

Thompson, 2002), I2 measures the proportion of 517

total variance in observed effect sizes that is at- 518

tributable to genuine cross-linguistic differences 519

rather than to sampling error. In the present setting, 520

high I2 values do not reflect inconsistent directions 521

of asymmetry across languages, but rather substan- 522

tial variation in their magnitude. 523

Results. Figure 2 reports cross-linguistically ag- 524

gregated feature-level asymmetries for core features, 525

with uncertainty summarised by 95% IC and prac- 526

tical relevance assessed against the ROPE. Many 527

features exhibit clear directional biases (intervals 528

outside the ROPE), indicating that substitution er- 529

rors are not symmetric noise but are systematically 530

structured in feature space. For a number of fea- 531

tures, I2 is substantial, suggesting that the magni- 532

tude of these asymmetries varies across languages 533

even when their direction is broadly consistent. 534

Two broad tendencies emerge. First, several rel- 535

atively coarse-grained properties show insertion- 536

dominant asymmetries: [continuant] and [sono- 537

rant] (and, to a lesser extent, [syllabic] and 538

[front]) are more likely to be added to the pre- 539

dicted phoneme than deleted from the target once 540

an error occurs. This pattern points to a bias to- 541

wards acoustically continuous and vowel-like out- 542

comes under recognition failure. Second, more fine- 543

grained specifications tend to be deleted rather than 544

inserted. In particular, place-related features (e.g., 545

[coronal], [anterior]) and vowel-quality con- 546

trasts (e.g., [high], [low], [back]) display deletion- 547

dominant asymmetries, consistent with a systematic 548

loss of articulatory and phonological specificity in 549

erroneous predictions. Taken together, these results 550

suggest a structured pattern of feature degradation: 551

when the system fails to identify a phoneme cor- 552

rectly, broad class-level properties are relatively pre- 553

served (or even over-generated), while finer place 554

and vowel-quality distinctions are disproportion- 555

ately lost. 556

Finally, a small set of highly specific dimen- 557

sions (notably segment length and diphthong- 558

trajectory features) exhibits extremely strong 559

deletion-dominant asymmetries. Because these ef- 560

fects are supported by limited and uneven empir- 561

ical support for insertion vs. deletion events and 562

restricted to a small subset of segments, we anal- 563

yse them separately and report full results in Ap- 564

pendix C. 565

At a higher level, these results suggest that 566

phoneme recognition errors reflect a structured 567
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Feature I² Aj [95\% CI]

Major class

Continuant 97 +0.38 [+0.31, +0.44]

Sonorant 96 +0.30 [+0.25, +0.35]

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 (height) 100 -0.34 [-0.53, -0.15]

Back 94 -0.35 [-0.40, -0.31]

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

Length

Long (seg. length) 99 -0.89 [-0.92, -0.87]

0.0 0.5 1.0
Asymmetry measure Aj

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 measureAj 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. I2 reports between-language heterogeneity.

form of phonological degradation rather than un-568

structured noise. When recognition fails, the sys-569

tem tends to preserve broad, acoustically salient570

properties, such as sonority or vocalic structure,571

while disproportionately losing finer-grained artic-572

ulatory and phonological specifications, including573

detailed place and vowel-quality distinctions. This574

pattern points to an implicit hierarchy of phonolog-575

ical information in the learned representations, in576

which coarse-grained dimensions are more robustly577

encoded than fine-grained ones. Crucially, this hi-578

erarchy emerges despite the absence of any explicit579

phonological supervision during training, indicat-580

ing that self-supervised speech models naturally581

capture non-uniform phonological structure from582

the statistical regularities of the acoustic signal.583

5 Discussion and Conclusion584

This paper investigated the phonological struc-585

ture of errors produced by neural phoneme recog-586

nition systems through a feature-based analysis587

of phoneme confusions. Rather than treating588

phonemes as unrelated symbols, we adopted a repre-589

sentation in terms of distinctive features and showed590

that recognition errors exhibit systematic and inter-591

pretable phonological regularities.592

Our first analysis demonstrated that phoneme593

substitution errors are phonologically local: sub- 594

stituted phonemes are significantly closer to their 595

targets in feature space than would be expected by 596

chance, both within individual languages and cross- 597

linguistically. Crucially, this structure emerges even 598

though the models are trained without any explicit 599

access to phonemic representations or information 600

about the internal structure of phonemes. This re- 601

sult indicates that self-supervised speech models 602

can acquire representations that preserve substantial 603

aspects of phonological organisation solely from 604

distributional and acoustic learning signals. 605

We then examined feature-level asymmetries con- 606

ditional on the occurrence of an error. This analysis 607

revealed robust directional biases in the transmis- 608

sion of distinctive features: broad class-level and 609

sonority-related features tend to be preserved or 610

over-generated, while fine-grained place, manner, 611

and secondary articulatory features are systemati- 612

cally lost. These asymmetries closely mirror long- 613

standing findings from human speech perception, 614

where perceptual confusions are strongly structured 615

by phonological similarity and feature robustness 616

under noise is highly uneven (Cutler et al., 2004). 617

Taken together, these results show that phoneme 618

recognition errors are not arbitrary, but structured in 619

ways that reflect the internal organisation of phono- 620

logical representations. More importantly, they sug- 621

gest that self-supervised learning of speech can give 622

rise to representational biases that are compatible 623

with those posited in linguistic theory and observed 624

in human listeners, despite the absence of any ex- 625

plicit linguistic supervision during training. 626

An important direction for future work is to move 627

beyond analyses that are conditional on the occur- 628

rence of an error and to directly model the vulnera- 629

bility of phonological features, that is, the extent to 630

which the presence of specific features in the target 631

phoneme increases the probability that a recogni- 632

tion error occurs in the first place. Addressing this 633

question will require token-level modelling of error 634

likelihood while controlling for speaker-, utterance-, 635

and acoustic-level factors. 636

More broadly, integrating phonological feature 637

theory with modern self-supervised speech models 638

offers a principled framework for analysing error 639

patterns, comparing systems across languages, and 640

drawing meaningful connections between machine 641

and human speech processing. 642
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Ethical Considerations643

This work analyses phoneme recognition errors pro-644

duced by neural speech models through a phonolog-645

ically grounded, feature-based framework. It is a di-646

agnostic and analytical study: we do not introduce647

new speech recognition systems for deployment,648

nor do we propose changes to model architectures649

or training objectives that would directly affect end-650

user applications.651

All experiments rely on existing datasets and pre-652

trained models. The multilingual speech data used653

in this study come from publicly available resources654

(Common Voice and Babel) that were collected655

under established ethical guidelines. The Thulung656

data were obtained from the Pangloss Collection,657

an open archive for newly documented and under-658

documented languages, and are used in accordance659

with the archive’s licensing and data-sharing poli-660

cies. No new data collection involving human par-661

ticipants was conducted as part of this work.662

From an ethical perspective, a key motivation663

of this study is to improve transparency and in-664

terpretability in speech recognition systems. By665

characterising systematic phonological structure666

and asymmetries in recognition errors, our analysis667

aims to support more informed model diagnosis668

and evaluation, particularly in multilingual and low-669

resource settings. Understanding which phonologi-670

cal features are more vulnerable under recognition671

failure can help identify biases and limitations in672

current systems, rather than obscuring them behind673

aggregate performance metrics.674

At the same time, we acknowledge that phoneme-675

based analyses do not capture all dimensions of676

speech variation, including sociophonetic variation,677

speaker identity, or language-specific phonologi-678

cal norms. Care should therefore be taken not to679

overgeneralise feature-level findings to individual680

speakers or communities. We emphasise that the681

results describe model behaviour under controlled682

evaluation conditions and should not be interpreted683

as normative claims about human speech or lan-684

guage use.685

Overall, we believe that feature-based analyses686

of ASR errors contribute positively to responsi-687

ble speech technology research by promoting in-688

terpretability, cross-linguistic comparability, and689

critical examination of model behaviour, rather than690

by enabling new forms of surveillance or automated691

decision-making.692

Limitations 693

This study has several limitations that define the 694

scope of its conclusions. First, our analyses charac- 695

terise the structure of phoneme recognition errors 696

conditional on the occurrence of an error, rather 697

than modelling the probability that an error occurs 698

as a function of phonological features. As a result, 699

the reported asymmetries describe how phonologi- 700

cal features are preserved or lost once recognition 701

fails, not their absolute vulnerability during normal 702

recognition. Modelling feature-level vulnerability 703

directly would require token-level analyses that con- 704

trol for acoustic, speaker, and contextual factors. 705

Second, the analysis is restricted to speech recog- 706

nition systems that predict phonemic transcriptions 707

directly. While this choice provides a controlled 708

and interpretable setting for studying phonologi- 709

cal structure, it limits the immediate applicability 710

of the findings to end-to-end ASR systems whose 711

outputs conflate phonological, orthographic, and 712

lexical constraints. 713

Third, all experiments are conducted using a sin- 714

gle self-supervised, Transformer-based phoneme 715

recognition model and training paradigm. Although 716

this model is representative of current approaches to 717

phoneme-level ASR, we do not assess the extent to 718

which the observed error patterns and feature-level 719

asymmetries generalise across different architec- 720

tures, training objectives, or model sizes. Evalu- 721

ating the stability of these phonological patterns 722

across a broader range of models remains an impor- 723

tant direction for future work. 724

Fourth, feature-level results depend on the 725

adopted phonological feature representation. We 726

rely on the soundvectors feature inventory, which 727

is linguistically grounded and designed for cross- 728

linguistic modelling, but alternative feature systems 729

or gradient representations could yield different 730

quantitative patterns. Our conclusions should there- 731

fore be interpreted as conditional on this represen- 732

tational choice. 733

In addition, although the study spans multiple 734

language families, the number of languages con- 735

sidered remains limited and does not cover the full 736

diversity of phonological systems attested cross- 737

linguistically. Highly specific or low-frequency 738

phonological features, such as fine-grained tempo- 739

ral or diphthongal properties, could not be included 740

in the primary cross-linguistic analysis due to lim- 741

ited empirical support and are therefore analysed 742

separately. 743
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Finally, while the observed error asymmetries744

parallel patterns reported in human speech percep-745

tion, the present work does not aim to model hu-746

man perceptual mechanisms. Similarities should747

be interpreted as indicating representational com-748

patibility rather than cognitive equivalence.749
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contrastive voicing system, and a set of vowel qual-845

ities that are largely stable across contexts, mak-846

ing it a suitable test case for phoneme-level mod-847

eling. Thulung is a language currently undergo-848

ing documentation, and annotated speech data are849

available through the Pangloss Collection, an open850

archive dedicated to newly documented and under-851

documented languages (Adamou et al., 2025). The852

corpus is transcribed using a transparent phonemic853

orthography, and a complete phoneme inventory854

is provided, which allows us to train an ASR sys-855

tem that directly predicts phoneme sequences rather856

than graphemic characters, an important distinction857

given that some phonemes are represented by multi-858

character sequences in practical orthographies.859

The dataset contains approximately 7 hours of860

transcribed speech9. We use 80 % of the available861

data to fine-tune a pretrained XLSR-53 model fol-862

lowing the methodology of Guillaume et al. (2022),863

while the remaining data are split between a val-864

idation set and a held-out test set whose size is865

comparable to those used for other languages in866

our experiments. All hyperparameters used for fine-867

tuning are reported in Table 3.868

Hyperparameter Value
Training batch size 16
Gradient accumulation steps 8
Number of epochs 60
Learning rate 3× 10−4

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
Wav2Vec2

B Phonological Feature Inventory869

Table 4 reports the phonological features used in870

our analyses, as defined by the soundvectors rep-871

resentation, and indicates which of these features872

are effectively instantiated in the test-set phoneme873

9Additional annotated recordings have recently been col-
lected as part of a new fieldwork campaign; however, these
data were not included in the present experiments.

inventory. A feature is considered observed if it 874

takes a non-zero value for at least one phoneme 875

occurring in the test data. The table is organised 876

hierarchically into broad phonological groupings 877

(such as major class, manner, laryngeal, place, and 878

vowel space) to make explicit the structural rela- 879

tionships between features. This organisation helps 880

clarify which phonological dimensions are avail- 881

able for analysing transcription errors and which 882

distinctions are actually present in the evaluation 883

material. 884

Feature Classes For clarity and interpretability, 885

phonological features are grouped into a small num- 886

ber of broad classes reflecting well-established di- 887

mensions of phonological description. Major class 888

features distinguish between consonantal, syllabic, 889

and sonorant sounds, capturing coarse-grained dif- 890

ferences in segment type. Manner features describe 891

how airflow is shaped during sound production, 892

differentiating, for instance, stops, nasals, laterals, 893

and strident consonants. Laryngeal features encode 894

properties related to the state of the glottis, such as 895

voicing and aspiration, which are central to many 896

phonological contrasts. 897

Place features specify where constrictions are 898

formed along the vocal tract, including labial, coro- 899

nal, and dorsal articulations, as well as more pos- 900

terior regions. Vowel space features characterise 901

vowel quality in terms of height, backness, round- 902

ing, and tenseness. In addition, we distinguish 903

length features, which capture segmental duration 904

contrasts, and tone/contour features, which encode 905

pitch-related distinctions such as register and con- 906

tour. Finally, diphthong trajectory features describe 907

dynamic changes within a segment, capturing direc- 908

tional movements in vowel quality over time. These 909

groupings are intended as an organisational device 910

to facilitate analysis and do not presuppose a strict 911

hierarchical structure among features. 912

C Feature-Level Asymmetries for 913

Non-Core Features 914

In addition to the core feature set analysed in Sec- 915

tion 4, we examined a number of more specialised 916

phonological features whose empirical support was 917

insufficient for inclusion in the cross-linguistic 918

meta-analysis. These non-core features primarily 919

concern segmental length and diphthong trajectory 920

properties, which are instantiated in a limited subset 921

of phonemes and languages and are therefore asso- 922

ciated with limited and uneven empirical support 923
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Feature Short name Observed

Major class
Consonantal (consonant-like constriction) cons 3

Syllabic syl 3

Sonorant son 3

Continuant cont 3

Manner
Delayed release (affrication) delrel 3

Lateral lat 3

Nasal nas 3

Strident strid 3

Laryngeal
Voiced voi 3

Spread glottis (aspiration-related) sg 3

Constricted glottis (glottalisation-related) cg 3

Laryngeal class marker laryngeal 3

Place
Labial lab 3

Coronal cor 3

Dorsal dorsal 3

Anterior ant 3

Distributed distr 3

Pharyngeal pharyngeal 3

Velaric (click-related) velaric 3

Vowel space
High (vowel height) hi 3

Low (vowel height) lo 3

Back back 3

Front front 3

Rounded round 3

Tense tense 3

Length
Long (segment length) long 3

Tone / contour
High tone hitone 7

High register hireg 7

Low register loreg 7

Rising contour rising 7

Falling contour falling 7

Contour tone marker contour 7

Diphthong trajectory
Back shift (diphthong trajectory) backshift 3

Front shift (diphthong trajectory) frontshift 3

Opening diphthong opening 3

Closing diphthong closing 3

Centering diphthong centering 3

Long-distance trajectory longdistance 3

Second element rounded secondrounded 3

Table 4: Phonological features soundvectors and whether they are observed in our test-set phoneme inventory.
12



for insertion vs. deletion events.924

Figure 3 reports asymmetry measures for these925

features, estimated following the same procedure926

as for the core analysis but without cross-linguistic927

aggregation constraints. Across features, a consis-928

tent qualitative pattern emerges: non-core features929

exhibit extremely strong deletion-dominant asym-930

metries, indicating that once a recognition error931

occurs, such properties are almost systematically932

lost rather than spuriously inserted.933

These effects are substantially larger in magni-934

tude than those observed for core features. However,935

they are also supported by a small number of eligi-936

ble observations and by distributions that are highly937

skewed towards deletion events. As a result, while938

the direction of the effect is stable, the correspond-939

ing estimates are not comparable in robustness to940

those reported for the core feature set.941

Importantly, the behaviour of non-core features942

is fully consistent with the general interpretation943

advanced in the main text. Highly specific and944

phonetically complex properties—such as fine-945

grained temporal structure or dynamic vowel tra-946

jectories—appear particularly fragile under recog-947

nition failure. When the system errs, these dimen-948

sions are preferentially eliminated, reinforcing the949

picture of a structured degradation process in which950

increasingly detailed phonological specifications951

are progressively lost.952

For these reasons, non-core features are reported953

separately and are not included in the primary cross-954

linguistic meta-analysis.955

1.0 0.8 0.6 0.4 0.2 0.0 0.2 0.4
Asymmetry measure Aj

Long-distance trajectory

Closing diphthong

Back shift (diphthong trajectory)

Centering diphthong

Delayed release (affrication)
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Distributed

Dorsal

Strident

Labial

Voiced

Nasal

Rounded

Feature asymmetries (non-core features)

Figure 3: Feature-Level Asymmetries for Non-Core Fea-
tures
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