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Abstract

This study investigates how the automatic speech recognition (ASR) models wav2vec
2.0 large-960h-lv60-self and Whisper large-v3 perform when segment-level signal per-
turbations (added noise, noisy gaps, and two types of silent gaps) are introduced in
English words and pseudowords. We probed the speech embeddings throughout
their encoder transformer layers to examine how they encode articulatory features
(place and manner of articulation, and voicing). We found that wav2vec 2.0 was
more successful than Whisper at restoring perturbed segments across conditions.
For wav2vec 2.0 embeddings, classification accuracy was higher in words than in
pseudowords. The articulatory features encoding of both ASR models was least dis-
turbed by added noise, and most disturbed by noisy gaps, with silent gaps falling
in between. Coarticulatory cues improved classification of articulatory features and
classification accuracy increased from early to late layers for both models. Among
the examined target sounds, [n] stood out from [m], [ô], and [l], as it was classified
particularly well under all conditions. We compare ASR performance to the Phone-
mic Restoration Effect in human speech perception and discuss potential reasons for
the performance differences between the two ASR models. This approach aims to
foster a better understanding of otherwise opaque systems.

Keywords: explainability, automatic speech recognition, signal perturbation,
phonemic restoration

1. Introduction1

Noisy or otherwise perturbed speech signals can be challenging to process for au-2

tomatic speech recognition (ASR). Modern ASR models, like those based on trans-3

formers, are designed to directly map the audio waveform to text. These models can4
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learn complex patterns of variation in speech and are often pre-trained on massive5

datasets to handle perturbed signals effectively. Techniques such as training models6

with noisy examples, where intentionally perturbed inputs simulate real-world noise7

or distortions, make them even more robust to such challenging conditions (Peso8

Parada et al., 2022).9

It is straightforward to assess the model robustness to noise at the highest level,10

that is, with respect to its textual output, for example, by calculating the word error11

rate (WER). However, we lack a clear understanding of how the models internally12

process perturbed signals. With the present study, we aim to address this gap. We13

believe that a better understanding of the inner workings of modern ASR models14

will help to make them more explainable.15

To take a look under the hood of ASR models, the speech representations (or16

embeddings) generated throughout their hidden layers have to be converted into17

information that can be interpreted by humans. This can be done via domain-18

informed probing tasks that indicate the degree to which relevant information —19

in the present case, information about articulatory features — is encoded in these20

embeddings (English et al., 2024).21

Even though machines and humans process speech in fundamentally different22

ways — through metaphorical versus actual neural mechanisms — using experimen-23

tal paradigms from research on human speech perception to investigate ASR models24

can provide valuable insights into the inner workings of this technology. For instance,25

Scharenborg et al. (2018) explored perceptual learning (i.e., a shift in sound cate-26

gory perception due to repeated exposure) in a deep learning (DL)-based ASR model.27

They found that when the model was trained with data containing the ambiguous28

speech sound [l/ô], it classified this ambiguous sound more frequently as either [l] or29

[ô] depending on the words it encountered during training (i.e., when lexical context30

favoured one interpretation over the other). This is consistent with the results of31

experiments on perceptual learning in human listeners (Norris et al., 2003; Droz-32

dova et al., 2016). Other recent work by de Heer Kloots and Zuidema (2024) has33

demonstrated a phonotactic bias in the transformer-based ASR model wav2vec 2.034

by using a classic phonetic categorisation experiment. In the same vein, the present35

work was inspired by the way human perception handles missing speech sounds,36

that is, by perceptually restoring them based on remaining contextual information37

(Warren, 1970; Warren and Obusek, 1971; Samuel, 1981, 1987).38

While the robustness of ASR models against signal perturbations is usually as-39

sessed at the word level (i.e., by measuring the WER; Gong et al., 2023; Olivier40

and Raj, 2023; Patman and Chodroff, 2024; Shah et al., 2024), the present work41

examined the segmental level in order to gain a more detailed understanding of how42
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such models process missing or obscured sounds throughout their layers. We used43

the Phonemic Restoration Effect (PRE) as a theoretical framework for this study44

to compare the way in which machines process speech signals and the way in which45

humans perceive them. In particular, we explored versions of the transformer-based46

ASR models wav2vec 2.0 (Baevski et al., 2020) by Meta AI and Whisper (Radford47

et al., 2023) by OpenAI. In order to make their inner workings interpretable for48

humans, we applied a domain-informed probing task that relates the speech embed-49

dings generated by the models to articulatory features. The articulatory features50

we considered are place of articulation (POA), manner of articulation (MOA), and51

voicing (VOI), corresponding to the IPA classification for pulmonic consonants (In-52

ternational Phonetic Association, 2015). They provide a linguistically meaningful53

basis for probing the information encoded in the embeddings. We aimed to answer54

the following research questions (RQs):55

• RQ1: How do different types of segment-level perturbations (added noise,56

noisy gaps, and two types of silent gaps) affect the articulatory feature encoding57

in the embeddings of the two selected ASR models?58

• RQ2: How does the fact that the stimulus is a word or a pseudoword affect59

the articulatory feature encoding in the embeddings of the two selected ASR60

models?61

• RQ3: How does the target sound itself affect the articulatory feature encoding62

in the embeddings of the two selected ASR models?63

• RQ4: How does the layer region (early, middle, and late) affect the articulatory64

feature encoding in the embeddings of the two selected ASR models?65

• RQ5: How does model performance regarding RQ1, RQ2, and RQ3 compare66

to human speech perception?67

We propose hypotheses for these RQs in Section 3.4, as they can be defined more68

clearly once the stimuli (Section 3.1), the ASR models (Section 3.2), and the probing69

task (Section 3.3) have been introduced in detail. The hypotheses are followed with70

a description of our statistical analysis (Section 3.5), the results (Section 4), discus-71

sion (Section 5), and our conclusion (Section 6). In the following sections, we first72

provide background information on the Phonemic Restoration Effect (Section 2.1),73

the robustness of ASR against perturbed signals (Section 2.2), and the concept of74

domain-informed probing (Section 2.3).75

3



2. Background76

2.1. Phonemic Restoration Effect77

The Phonemic Restoration Effect (PRE) is a phenomenon of human speech per-78

ception in which listeners perceive missing sounds in spoken language as if they were79

present. The effect was first described by Warren (1970), who showed that listeners80

perceive speech as complete even when a segment of it is replaced by noise. This81

demonstrates that listeners are able to compensate for degraded auditory input and82

perceptually restore the replaced segment. The effect is rooted in the ability to83

use top-down processing, integrating lexical context in order to maintain a coherent84

perceptual experience. However, it also depends on bottom-up acoustic-phonetic in-85

formation, since it only occurs when a replacement noise is present and not when86

the target sound is merely removed (i.e., replaced by silence; Warren and Obusek,87

1971).88

To explore the relative impact of bottom-up and top-down information on phone-89

mic restoration, Samuel (1981) proposed an experimental paradigm in which a sound90

is either replaced by noise (type 1) or has noise added to it (type 2). The second91

stimulus type thus represents the signal constellation that the PRE is expected to92

generate: a speech sound overlaid with noise. This paradigm can evaluate the per-93

ceptual discriminability of the two stimulus types. The PRE should make type 194

sound like type 2, which would result in low discriminability. At the same time, this95

paradigm can assess the cognitive bias of judging a speech signal as intact based on96

a postperceptual decision process. The latter could be compared to the decoder or97

language model components of ASR that select the most likely sequence of sounds98

or words given the acoustic input.99

The relevance of bottom-up information in the restoration process is evident in100

findings showing a stronger PRE for certain phone classes. Specifically, classes that101

are acoustically more similar to the replacing noise lead to more effective restoration102

of missing sounds. In contrast, the relevance of top-down information is demon-103

strated by findings showing a stronger PRE for words compared to phonotactically104

compliant pseudowords, as well as when words are primed (Samuel, 1981). Fur-105

ther support for top-down effects comes from studies showing a stronger PRE for106

items with multiple possible restorations ( egion → “legion”/“region” vs. esion →107

“lesion”), and for items that become lexically unique earlier (e.g., uncommon first108

syllable “boysenberry” vs. common first syllable “indelible”) (Samuel, 1987).109

Samuel (1997) suggested that speech sounds perceived in English words as a110

result of phonemic restoration can even lead to a perceptual learning effect, i.e., a111

shift in the identification of stimuli on a /bI/–/dI/ continuum. However, this result112
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was later challenged by McQueen et al. (1999) who could not replicate the effect for113

Dutch words.114

As the PRE provides both a measure of basic acoustic–phonetic performance and115

lexical impact (Samuel, 1981), it can help to disentangle these aspects. For instance,116

Mattys et al. (2014) employed phonemic restoration to explore scenarios where at-117

tention is divided between a visual task and speech input. They demonstrated a118

stronger PRE under higher cognitive load, implying a decrease in perceptual sensi-119

tivity. At the same time, the impact of lexical information (as assessed by words and120

pseudowords) remained stable under varying cognitive load.121

Other work investigated phonemic restoration in non-native speakers. For in-122

stance, Ishida and Arai (2016) found that phonemic restoration occurred to a similar123

extent in native speakers of English and non-native speakers with first language124

Japanese — even for sounds that are not included in the phoneme inventory of125

Japanese. In contrast to native speakers, however, the PRE in non-native speakers126

was not influenced by lexical context, i.e., by whether the stimulus was a word or a127

pseudoword.128

2.2. ASR and Perturbed Signals129

One way to improve ASR performance in the presence of noise is to use front-130

end pre-processing techniques aimed at denoising the input signal. Additionally,131

integrating noise robustness into an ASR model by introducing realistic noisy signals132

during training can improve performance further, as it increases the likelihood that133

the testing and training environments closely match (Delcroix et al., 2013).134

In an early work focusing on the differences in perturbed signal processing be-135

tween humans and machines, Vaidya et al. (2015) introduced specific perturbations136

into the signal, which are considered random noise by humans, but can be interpreted137

as speech by an ASR. This type of perturbation is often referred to as adversarial138

noise. Vaidya et al. (2015) showed that such adversarial noise can be abused to139

activate voice assistant applications while being imperceptible by humans. Both140

adversarial and random noise introduce unique challenges and affect various mod-141

els differently. Below, we provide examples of studies focusing on explaining noise142

robustness in state-of-the-art ASR models, either through post-hoc explainability143

methods or standard benchmarking.144

Regarding the innate robustness of ASR models against noise, Gong et al. (2023)145

note: “It is commonly believed that the representation of a robust ASR model should146

be noise-invariant, and researchers often set noise-invariance as an explicit inductive147

bias for robust ASR.” That is to say, models are expected to learn speech embed-148

dings in a noisy environment, regardless of the type of noise. However, Gong et al.149
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(2023) point out that OpenAI’s Whisper is not noise-invariant, as it also encodes150

the noise type and consequently speech recognition is conditioned on the noise type.151

They found that the representations (or embeddings) of Whisper are actually noise-152

variant, even in the later layers where higher contextualisation is expected, that is,153

where the model extracts more relevant information from the input context. They154

trained sound classifiers on representations of Whisper and found a positive correla-155

tion between the classifier performance (i.e., higher F1-score) for different background156

sounds and the robustness of Whisper to those background sounds (i.e., smaller in-157

crease in WER). However, some background sounds overlap with speech in such a158

way that Whisper is not robust to them, even though the classifier recognises them159

well, for example, the sounds of sheep, clapping, or a hand saw.160

Olivier and Raj (2023) also explored Whisper’s robustness to noise and demon-161

strated that adding adversarial noise at a signal-to-noise ratio (SNR) that is nearly162

imperceptible for humans (around 35-45 dB SNR) can degrade the performance of163

ASR substantially. They further showed that such adversarial perturbations affect164

smaller versions of Whisper more, with the large version being least affected (i.e.,165

lowest WER).166

Expanding on previous robustness assessments, Shah et al. (2024) evaluated vari-167

ous model sizes of Whisper and wav2vec 2.0. This was done using a speech robustness168

benchmark that includes, among other scenarios, environmental noises and adversar-169

ial perturbations. The two models outperformed each other in different scenarios (as170

measured by normalised WER degradation). On the one hand, Whisper large was171

more resilient in non-adversarial scenarios, where wav2vec 2.0 models were severely172

affected. On the other hand, wav2vec 2.0 large stood out as being least affected by173

adversarial perturbations, with Whisper models performing worse in these scenarios.174

Overall, although ASR systems are often trained on noisy data, robustness to175

signal perturbations is not a given. Even the performance of a model such as Whisper,176

which is described as being more robust to noise than others (Patman and Chodroff,177

2024; Gong et al., 2023), degrades with certain types of perturbations.178

2.3. Domain-Informed Probing179

The idea of using simple classifiers to explain black-box deep learning (DL) models180

was first proposed by Montavon et al. (2011). This approach was later expanded and181

popularised by Alain and Bengio (2017), who inserted simple linear classifiers on top182

of each model layer without affecting the trained weights. These classifiers, which are183

called probes, have the same output targets as the trained classifier in the final layer184

of the DL model. This type of probe can be used as an indicator of whether layer-185

wise transformation is progressive, and whether the intermediate layer embeddings186
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are already suitable for the final classification.187

A domain-informed probe is similar to the linear classifiers described above, but188

with different output targets than the original trained model. Domain-informed189

probes are trained to measure the generalisability of the model embeddings in a task190

other than the originally trained task within the same domain. For instance, Belinkov191

and Glass (2017) trained supervised feed-forward classifiers on the frame-level em-192

beddings of the DeepSpeech2 model (Amodei et al., 2016) in order to measure their193

layer-wise capacity in encoding phonetic information rather than only recognising194

speech. The current work uses domain-informed probes with a simpler architecture195

(see Section 3.3) to reduce the effect of probe complexity on the evaluation of the196

embedding quality. In other words, the simplicity of the probes used here ensures197

that their performance is mostly reliant on the quality of the embeddings rather than198

the probing model complexity.199

Probing ASR models also gained popularity in recent years due to advances in200

state-of-the-art ASR systems, which are predominantly black-box models. More201

recent development of probing applications in this domain include analysing self-202

supervised models for segmental units such as phones (English et al., 2022; ten Bosch203

et al., 2023), as well as articulatory features (English et al., 2023, 2024; Shams et al.,204

2024b) and phonological assimilation (Pouw et al., 2024). Other works investigate205

how syllables (Vitale et al., 2024; Shams et al., 2024a) or prosody (Yang et al., 2023;206

de la Fuente and Jurafsky, 2024) are encoded in the embeddings, or even explore207

speech assessment models for embedded acoustic characteristics (Lee et al., 2025).208

One of the challenges of analysing DL-based ASR models is that information209

concerning one coherent speech unit (e.g., a speech sound) can be spread across210

multiple embedding frames. The frame length is relatively small and depends on211

the initial feature extractor or input processor of the model.1 Hence, it is common212

practice (although not always necessary; de la Fuente and Jurafsky, 2024; Pouw213

et al., 2024) in domain-informed probing to pool a multi-frame speech unit — e.g., to214

transform a 3×1024 embedding for a given sound into a 1×1024 embedding. Different215

pooling (or aggregation) methods might be used depending on their suitability for the216

respective task. Mean pooling is the most common method (Prasad and Jyothi, 2020;217

Singla et al., 2022; Yang et al., 2023; Mohebbi et al., 2023; Shen et al., 2023). Other218

possible pooling methods include max pooling, weighted sum pooling (Xing et al.,219

2025), or self-attention pooling (Dhawan et al., 2024). The latter work suggests that220

mean pooling is less erratic than learned self-attention-based pooling. Furthermore,221

1For example, in Whisper, every frame of the transformer layer embeddings is consistently
equivalent to 320 samples or 20 ms of the input audio with a 16,000 Hz sampling rate.
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Table 1: Examples of word/pseudoword pairs containing the target sounds at the onset of their
final syllable.

Target Word Pseudoword

[m] taxonomy nastonomy
[n] abdominal gobflominal
[ô] herbivorous waarpivorous
[l] molecular jottekular

our previous work suggests that articulatory feature probes trained over mean pooled222

frames can generalise well to non-pooled frames (English et al., 2024).223

In this work, we used domain-informed probing to take a look under the hood of224

wav2vec 2.0 and Whisper.225

3. Materials and Methods226

3.1. Stimuli227

We used the test stimuli from Mattys et al. (2014), which contain 30 words228

and 30 pseudowords, each four to five syllables long. Pseudowords conform to the229

phonotactic rules of a language, but carry no meaning in that language, that is,230

they are not part of its lexicon. For both item types, the segment that will be231

manipulated, also called the target sound,2 is either a nasal (13 × [m], 17 × [n]) or232

a liquid (15 × [ô], 15 × [l]) located at the onset of the final syllable.3 Words and233

pseudowords come in pairs sharing the same stress pattern and the same final two234

syllables. Table 1 shows examples of such word/pseudoword pairs for each target235

sound. For an overview of all word/pseudoword pairs used in this study, please refer236

to Table A.1 in Appendix A. The stimuli were recorded at a sampling rate of 44.1237

kHz with 16-bit depth by a female speaker of Standard Southern British English.238

Mattys et al. (2014) provide the stimuli in three conditions. The first condition239

(C1) contains the clean audio recordings of words and pseudowords as reference.240

In the second condition (C2), the target sound was overlaid with signal-correlated241

noise of the same intensity (i.e., at 0 dB SNR). In the third condition (C3), the242

target sound was replaced by this same noise. The onset and offset of each target243

sound were identified through auditory analysis in order to minimise the occurrence244

2Mattys et al. (2014) use critical phoneme to refer to the segments in question. We choose to
use target sound instead, since the phonemic status is not central to the present study.

3In a few cases, the target sound is ambisyllabic between penultimate and final syllable.
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of coarticulatory cues outside of the manipulation window. For the present study,245

we created two more stimulus conditions to test the impact of a silent gap on the246

encoding of articulatory features. Condition four (C4) uses the same manipulation247

window as C2 and C3 to replace the target sound by silence, while condition five248

(C5) uses the boundaries of the manually annotated target sound as the window249

for manipulation. In other words, C4 largely excludes coarticulatory cues in the250

remaining signal, while C5 retains these cues. In the following, we refer to C4 as251

“replaced by silence (wide)” and C5 as “replaced by silence (narrow)”. For both252

conditions that were created for the present study, we made sure that the respective253

boundaries were located at zero crossings in order to avoid click artefacts. The254

stimulus conditions are illustrated in Figure 1.255

3.2. ASR Models256

We selected two state-of-the-art, publicly available transformer-based ASR mod-257

els: Meta AI’s wav2vec 2.0 (Baevski et al., 2020) and OpenAI’s Whisper (Radford258

et al., 2023). For wav2vec 2.0, we probed the large-960h-lv60-self variant, which259

was pre-trained on 60k hours of unlabelled data (Libri-Light dataset) using self-260

supervised learning and fine-tuned on 960 hours of English speech data (LibriSpeech261

960h dataset).4 For Whisper, we probed the large-v3 variant, which was trained for262

ASR and language translation on 5M hours of weakly or pseudo-labelled multilingual263

data.5 Throughout the paper, we refer to these models as wav2vec 2.0 and Whisper,264

respectively.265

Apart from the training method and data, the two models also differ in their ar-266

chitecture — although both are based on transformers. While wav2vec 2.0 is designed267

in an encoder-only manner, Whisper is an encoder-decoder model. An encoder-only268

architecture is sufficient for the ASR task. However, Whisper’s encoder-decoder269

architecture is relevant for its ability to translate speech of other languages into En-270

glish text. This difference in architecture also introduces variability in the speech271

embeddings of the two models. Mohebbi et al. (2023), for example, showed that the272

lexical information required to identify French homophones is mostly located in the273

intermediate encoder layers for wav2vec 2.0, while it is traced in the cross-attention274

and decoder layers for Whisper. This may be relevant to our study, since lexical275

information relating to words and pseudowords may affect the encoder embeddings276

of the two models in different ways.277

4https://github.com/facebookresearch/fairseq/blob/main/examples/wav2vec/README.

md
5https://github.com/openai/whisper/discussions/1762
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Condition 5 

Replaced by 
silence (N)

Condition 4 

Replaced by 
silence (W)

Condition 3 

Replaced by 
noise

Condition 2 

Noise added

Condition 1  

Clean audio

Figure 1: Stimulus conditions illustrated using the example word “taxonomy” [taks6n@mi] with
the target sound being [m]. In conditions 2, 3, and 4 (W = wide), the manipulation extends beyond
the manually annotated [m] to exclude coarticulatory cues (white long-dashed lines), whereas in
condition 5 (N = narrow), it remains within these boundaries (pink short-dashed lines).
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However, since we focus on the embeddings representing speech segments rather278

than the word/subword segments, it is impractical to apply our method to the de-279

coder layers of Whisper. The decoder utilises word tokens (i.e., text) instead of speech280

segments, which means that its embeddings do not have the same granularity as281

the audio-level segments we aim to investigate. Although Whisper’s cross-attention282

heads have both audio and word token dimensions, these are not transformed into283

speech embeddings, which means they would require further processing before prob-284

ing them in the same way we probe encoder embeddings. This would lead to an285

inconsistent comparison, which we sought to avoid.286

In order to compare the contextual representation learning mechanisms of the287

two models, we only considered the transformer layers of the encoder block in both288

cases. We excluded the initial convolutional layers as well as all layers following the289

encoder.290

To explore the effect of signal perturbation throughout the models, we grouped291

their transformer layers into early, middle, and late regions. For wav2vec 2.0, these292

regions correspond to layers 1–8 (early), 9–16 (middle), and 17–24 (late), while for293

Whisper they correspond to layers 1–11 (early), 12–21 (middle), and 22–32 (late).294

3.3. Domain-Informed Probing Task295

The stimuli were processed by the selected ASR models and the speech embed-296

dings generated by the models were extracted at each transformer layer. The ex-297

tracted embeddings of a target sound were mean pooled and then separately probed298

for encoded information about POA, MOA, and VOI features using the domain-299

informed probing method presented in English et al. (2024). The probes are simple300

multilayer perceptrons trained to detect these articulatory features. For every pooled301

embedding, the POA-probe outputs a probability distribution across the 11 primary302

POAs, as defined by the classification of the International Phonetic Alphabet (IPA).303

The MOA-probe does the same for the 8 primary MOAs, and the VOI-probe for304

voiceless and voiced. We identified the POA, MOA, and VOI features of the target305

sound embedding based on the highest probability of each probe. The predicted ar-306

ticulatory features were then classified as either matching or not matching the target,307

which will serve as binary dependent variable for the subsequent statistical analysis.308

Figure 2 illustrates this process.309

3.4. Hypotheses310

In RQ1, we test the effect of different segment-level perturbations. We expect311

the selected ASR models to encode articulatory features relatively well in stimulus312

condition C2, since the full audio signal is still present and the models encounter313
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Figure 2: The probability distributions output by each of the three probes for the pooled embedding
of the target sound. The predicted articulatory feature either matches or does not match the target,
here [n].

background noise in their training data. While the noisy gap in C3 would allow314

for phonemic restoration in human perception, the silent gap in C4 would inhibit315

it (Warren and Obusek, 1971). However, it is not clear whether signal continuity316

plays a similar role for ASR processing. This aspect also relates to RQ5, which317

compares ASR model performance and human speech perception. Furthermore,318

condition C5 is expected to perform better than C4, since more coarticulatory cues319

are available and prior work suggests that ASR models pick up on coarticulatory320

cues (English et al., 2024; Shams et al., 2024b; Zellou et al., 2024).321

In RQ2, we test the effect of lexical status, that is, whether the stimulus is a322

word or a pseudoword. We can assume that, similar to humans (Samuel, 1981), ASR323

models also make use of lexical context to restore perturbed segments. Therefore,324

we expect articulatory features to be classified more successfully in words than in325

pseudowords. This aspect also relates to RQ5.326

In RQ3, we test the effect of different target sounds. The selected target sounds,327

two nasals and two liquids, fall in the middle range of restorability for human per-328

ception, with fricatives being most successfully and vowels least successfully restored329

when replaced by noise (Samuel, 1981). There are no differences between the four330

sounds that would lead us to expect ASR processing to be particularly affected. Since331

replacing speech sounds by noise or silence leads to an absence of a voice component332

in the signal, classification accuracy of VOI would be affected in different ways for333

voiced and voiceless sounds by these perturbations. However, all four target sounds334
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investigated in this study are voiced ([m], [n], [ô], [l]) and VOI classification should335

therefore be similarly affected for all of them.336

Relating back to RQ1, we assume that replacing sounds by noise may lead to337

MOA confusions with fricatives, while replacing them by silence may lead to MOA338

confusions with plosives. However, for RQ3, with all target sounds being sonorants339

(nasals [m] and [n], approximant [ô], and lateral approximant [l]), this should affect340

classification accuracy of MOA similarly for all of them. In terms of POA classifica-341

tion accuracy, we do not expect the investigated perturbations to have systematically342

different effects for bilabial ([m]) and alveolar ([n], [ô], [l]) targets.343

In RQ4, we test the effect of the three layer regions early, middle, and late.344

Prior work suggests that earlier transformer layers have higher similarity to spectro-345

gram features (Pasad et al., 2023), while some self-attention heads in these layers346

already focus on specific articulatory information such as distinguishing alveolar and347

postalveolar fricatives (Shams and Carson-Berndsen, 2024). Middle to higher lay-348

ers then encode information more relevant to identifying phonetic and sub-phonetic349

features (ten Bosch et al., 2023; English et al., 2024). We therefore expect that350

the perturbed signal will be partially recovered in the lower layers and then fully351

recovered, if possible, in the higher layers.352

3.5. Statistical Analysis353

To evaluate the significance and robustness of our findings, we conducted a sta-354

tistical analysis appropriate for our data structure and research questions. The three355

binary dependent variables discussed above — same POA as target vs. other POA356

than target, same MOA as target vs. other MOA than target, and voiced (since all357

targets are voiced) vs. voiceless — were analysed using separate generalised linear358

mixed-effects models (GLMMs). The models were formulated with the lme4 pack-359

age (Bates et al., 2015) and evaluated with the lmerTest (Kuznetsova et al., 2017),360

ggeffects (Lüdecke, 2018), and emmeans (Lenth, 2025) packages in RStudio (Posit361

Team, 2024) with R (R Core Team, 2024).362

Model selection was carried out bottom-up, starting with a model which only363

included the random factor intercepts for item. Here, items refer to the individual364

words and pseudowords used as stimuli in the experiment. Then, the fixed factor365

model (sum coded levels: wav2vec 2.0, Whisper) was added to the model — with366

random slopes for model by item. Subsequently, the following four fixed factors367

as well as their interaction with model were added: stimulus condition (treat-368

ment coded levels: clean audio, noise added, replaced by noise, replaced by silence369

(wide), replaced by silence (narrow)), item type (treatment coded levels: word,370

pseudoword), target sound (sum coded levels: [m], [n], [ô], [l]), and layer re-371
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gion (treatment coded levels: early, middle, late). Treatment coding was applied372

where one factor level represents a natural reference. This was the case for clean373

audio, word, and the early layer region. Sum coding, on the other hand, compares374

all levels to the grand mean where no natural reference exists.375

A factor was kept in the model if the model fit improved significantly, as deter-376

mined by a likelihood-ratio test, and the Akaike information criterion value (Akaike,377

1998) decreased by at least two points as compared to the model without the factor378

in question. Factors kept in the model are considered significant predictors of the379

respective dependent variable at α = 0.05.380

The final GLMMs for all three dependent variables had the following structure:381 
same POA

same MOA

voiced

∼ model ∗ stimulus condition + model ∗ item type+

model ∗ target sound + model ∗ layer region+

(1 + model | item)

To further explore differences between factor levels, we computed estimated382

marginal means and conducted pairwise comparisons. These comparisons accounted383

for other terms in the model, enabling a detailed examination of differences for each384

level of the interacting factors. Adjustments for multiple comparisons were applied385

using the Tukey method.386

4. Results387

The results are presented in two parts: first, we provide a visual inspection of the388

data to give an initial overview of existing patterns; second, we report the results of389

the statistical analysis which formally tests the observed effects.390

For the visual inspection, we summarise the percentages with which the target391

sounds were correctly classified in early, middle, and late transformer layers, focusing392

on POA in Figure 3, on MOA in Figure 4, and on VOI in Figure 5. The results393

are grouped by item type and stimulus condition. The colours green, blue, and394

orange indicate a correctly identified articulatory feature, while grey denotes that395

the identified articulatory feature does not match the target sound. The illustrations396

suggest a strong impact of stimulus condition (RQ1) and layer region (RQ3) on the397

performance of both models across all three articulatory features. An impact of398

item type (RQ2) is not as clearly identifiable by visual inspection. The results of399

the statistical analysis for these three factors as well as for the impact of the target400
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sound itself (RQ4) are presented below. For a more detailed, layer-wise illustration,401

please refer to Figures B.1 and B.2 in Appendix B.402

Although not directly related to the primary RQs of this study, the colour coding403

in Figures 3 to 5 offers additional insight into how successfully the three independent404

probes extracted all relevant articulatory features to characterise the target sound.405

Green highlights cases where the other two articulatory features were also correctly406

classified by the respective probing models. Blue and orange denote cases where407

either or both of these are incorrectly classified. This can either lead to sounds that408

are attested (blue) in the classification of the IPA (e.g., [d] for target [n] → POA and409

VOI match) or sounds that are unattested (orange) in this classification (e.g., [n0]410

with 0 indicating voiceless for target [n] → POA and MOA match). The concept411

of attested and unattested sounds is illustrated by Figure C.1 in Appendix C. This412

approach to visualising the results makes it possible to focus on one articulatory413

feature while still maintaining a holistic view of the three probing models.414

To evaluate the significance of the observed patterns, we conducted statistical415

tests according to the method detailed in Section 3.5. The analysis results are pre-416

sented in one big table (Table 6; at the end of this section on p. 25) and four smaller417

tables (Tables 2-5). Table 6 shows the output of the GLMMs provided above, while418

Tables 2-5 show the pairwise comparisons for each of the four factors under investi-419

gation (item type, stimulus condition, layer region, target sound) and420

their interaction with the two ASR systems (model).421

In Table 6, Model has a statistically significant influence on both POA and MOA422

classification, with target matches being more frequent for wav2vec 2.0 compared to423

Whisper,6 Furthermore, Stimulus condition has a statistically significant effect424

on all three dependent variables, with target matches being least frequent when the425

target sound is replaced by noise, followed by the replaced by silence (wide) and426

(narrow) conditions, and classification being least affected by the addition of noise427

in all cases.7 Addressing RQ1, which asked how the articulatory feature encoding428

in the embeddings of the two models is affected by different types of segment-level429

perturbations, the interaction between model and stimulus condition indicates430

that the effect of adding noise on both POA and MOA, as well as the effect of431

6Since model is sum coded, the estimate reflects the deviation of wav2vec 2.0 from the grand
mean, with the effect of Whisper being the same size but in the opposite direction — similarly for
target sound.

7Since stimulus condition is treatment coded, the estimate reflects the effect of each factor
level relative to the reference level clear audio, which is coded as the baseline — similarly for item
type and layer region.
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(a) wav2vec 2.0: early (1–8), mid (9–16), and late (17–24) transformer layers.
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(b) Whisper: early (1–11), mid (12–21), and late (22–32) transformer layers.

Figure 3: Percentage target sounds correctly classified with focus on place of articulation (POA):
target full match , same POA (attested) , same POA (unattested) , or different POA .
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(a) wav2vec 2.0: early (1–8), mid (9–16), and late (17–24) transformer layers.
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(b) Whisper: early (1–11), mid (12–21), and late (22–32) transformer layers.

Figure 4: Percentage target sounds correctly classified with focus on manner of articulation (MOA):
target full match , same MOA (attested) , same MOA (unattested) , or different MOA .

17



Clean audio Noise added Replaced by noise Replaced by silence (W) Replaced by silence (N)

W
ords

Pseudowords

early mid late early mid late early mid late early mid late early mid late

0

25

50

75

100

0

25

50

75

100

wav2vec layer regions (VOI)

(a) wav2vec 2.0: early (1–8), mid (9–16), and late (17–24) transformer layers.
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(b) Whisper: early (1–11), mid (12–21), and late (22–32) transformer layers.

Figure 5: Percentage target sounds correctly classified with focus on voicing (VOI): target full
match , voiced (attested) , voiced (unattested) , or voiceless .
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replacing by silence (wide) on POA, are more pronounced for wav2vec 2.0. At the432

same time, the effects of replacing by noise and by silence (wide) on MOA are more433

pronounced for Whisper.434

Table 2 summarises the related pairwise comparisons for the interaction of model435

and stimulus condition. The results show that wav2vec 2.0 and Whisper do not436

differ in terms of VOI classification in the clean audio condition. Further, they per-437

form the same at POA and MOA classification when noise is added to the speech438

signal. In all other conditions, wav2vec 2.0 outperforms Whisper. When comparing439

conditions within a system, only adding noise and replacing the target sound with440

silence (narrow) does not result in a performance difference for wav2vec 2.0. All441

other conditions lead to different performances for both systems. For both systems,442

adding noise has the smallest negative impact over clean audio, followed by replacing443

the speech segment by silence (narrow), that is, leaving coarticulatory information in444

the signal. Replacing the speech segment by silence (wide), that is, removing coar-445

ticulatory cues, impedes classification relative to clean audio further, and replacing446

the speech segment with noise has the biggest impact on classification. Crucially,447

replacing the speech segment by noise leads to a statistically significantly worse clas-448

sification than replacing it by silence (wide). An illustration of the interaction based449

on estimated marginal means is provided by Figure D.1 in Appendix D.450

Returning to Table 6, item type has a statistically significant influence on both451

POA and MOA classification, with target matches being less frequent for pseu-452

dowords compared to words. In relation to RQ2, which asked how the articulatory453

feature encoding in the embeddings of the two models is affected by the stimulus454

being a word or a pseudoword, the interaction between model and item type in-455

dicates that the effect of pseudowords is more pronounced for wav2vec 2.0. The456

classification of VOI is not statistically significantly influenced by model or item457

type.458

Table 3 summarises the related pairwise comparisons for the interaction between459

model and item type. The results show that wav2vec 2.0 recognises POA and460

MOA significantly better in words than pseudowords, while item type does not461

influence the performance of Whisper. In the case of VOI, neither of the two systems462

is affected by item type. An illustration of the interaction based on estimated463

marginal means is provided by Figure D.2 in Appendix D.464

Returning again to Table 6, target sound has a statistically significant effect465

on all three dependent variables, with [n] leading to more target matches than the466

average across all sounds, [m] falling below this grand mean (not statistically sig-467

nificant for MOA), and [ô] even further so. Regarding RQ3, which asked how the468

articulatory feature encoding in the embeddings of the two models is affected by the469
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Table 2: Pairwise comparisons for the interaction of model and stimulus condition (CA = clean
audio, NA = noise added, RN = replaced by noise, SW = replaced by silence (wide), SN = replaced
by silence (narrow)), reported as log Odds (lgO) with standard error (SE), z-statistic, and p-value.
Cases that are not statistically significant at α = 0.05 are highlighted in blue.

POA MOA VOI

lgO SE z p lgO SE z p lgO SE z p

wav2vec 2.0–Whisper

CA 1.29 .21 5.88 <.001 1.16 .22 5.18 <.001 1.90 1.07 1.76 .077
NA −.06 .09 −.64 .517 .09 .11 .83 .404 .63 .31 2.01 .044
RN 1.04 .09 10.97 <.001 2.63 .14 18.00 <.001 1.67 .10 16.04 <.001
SW .42 .08 4.76 <.001 2.11 .12 17.62 <.001 .91 .09 9.13 <.001
SN .90 .09 9.91 <.001 1.15 .11 10.55 <.001 1.24 .11 10.99 <.001

wav2vec 2.0

CA–NA 4.13 .18 21.84 <.001 4.82 .18 25.45 <.001 3.16 .97 3.23 .010
CA–RN 6.53 .19 33.70 <.001 8.08 .20 39.95 <.001 9.91 .95 10.36 <.001

CA–
SW

5.65 .19 29.60 <.001 6.61 .19 33.92 <.001 8.47 .95 8.87 <.001

CA–SN 4.23 .18 22.37 <.001 5.24 .19 27.49 <.001 6.91 .95 7.23 <.001
NA–RN 2.39 .07 32.67 <.001 3.26 .08 39.16 <.001 6.75 .23 28.45 <.001

NA–
SW

1.52 .06 21.99 <.001 1.79 .07 25.06 <.001 5.31 .23 22.85 <.001

NA–SN .10 .07 1.44 .602 .41 .06 6.03 <.001 3.75 .23 16.19 <.001
RN–
SW

−.87 .06 −13.15 <.001 −1.47 .07 −19.46 <.001 −1.44 .07 −20.04 <.001

RN–SN −2.29 .07 −31.63 <.001 −2.84 .08 −35.39 <.001 −3.00 .08 −33.56 <.001
SW–SN −1.42 .06 −20.74 <.001 −1.37 .06 −19.90 <.001 −1.56 .08 −18.71 <.001

Whisper

CA–NA 2.78 .10 26.38 <.001 3.75 .10 37.15 <.001 1.89 .53 3.54 .003
CA–RN 6.28 .11 54.45 <.001 9.55 .15 60.31 <.001 9.67 .49 19.40 <.001

CA–
SW

4.79 .10 44.26 <.001 7.56 .13 57.21 <.001 7.47 .49 15.06 <.001

CA–SN 3.85 .10 36.39 <.001 5.23 .11 47.42 <.001 6.25 .49 12.60 <.001
NA–RN 3.50 .07 49.38 <.001 5.80 .11 49.27 <.001 7.79 .20 37.09 <.001

NA–
SW

2.00 .06 33.01 <.001 3.81 .08 43.27 <.001 5.59 .20 27.43 <.001

NA–SN 1.06 .05 18.31 <.001 1.47 .06 21.49 <.001 4.36 .20 21.49 <.001
RN–
SW

−1.49 .06 −23.72 <.001 −1.99 .10 −19.77 <.001 −2.20 .06 −33.51 <.001

RN–SN −2.43 .06 −37.24 <.001 −4.32 .10 −40.44 <.001 −3.42 .07 −47.25 <.001
SW–SN −.94 .05 −16.69 <.001 −2.33 .07 −29.66 <.001 −1.23 .05 −21.36 <.001
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Table 3: Pairwise comparisons for the interaction of model and item type, reported as log Odds
(lgO) with standard error (SE), z-statistic, and p-value. Cases that are not statistically significant
at α = 0.05 are highlighted in blue.

POA MOA VOI

lgO SE z p lgO SE z p lgO SE z p

wav2vec 2.0–Whisper

Words .99 .10 9.10 <.001 1.85 .13 13.50 <.001 1.41 .25 5.55 <.001
Pseudowords .44 .10 4.15 <.001 1.02 .13 7.46 <.001 1.13 .25 4.48 <.001

Words–Pseudowords

wav2vec 2.0 .61 .16 3.67 <.001 .92 .20 4.56 <.001 .32 .17 1.81 .069
Whisper .07 .12 .58 .556 .09 .16 .58 .561 .04 .12 .38 .698

target sound, the interaction between model and target sound indicates that the470

effect is more pronounced for wav2vec 2.0 in the case of POA [m] and [n], MOA [m],471

and VOI [n], while it is stronger for Whisper in the case of MOA [n] and [ô].472

Table 4 summarises the related pairwise comparisons for the interaction between473

model and target sound. For all sounds and features, wav2vec 2.0 has more tar-474

get matches than Whisper, except for POA [m], where the performance of the two475

systems is equal. In both systems, [n] stands out, as POA and MOA are correctly476

classified more often than for the other three sounds tested, and VOI is correctly477

classified more often than for [l] and [ô]. Both systems also recognise voicing cor-478

rectly more often in [l] than in [ô]. Other statistically significant differences between479

target sounds are less systematic, with wav2vec 2.0 embeddings leading to better480

classification of POA and VOI for [l] than for [m], and Whisper embeddings leading481

to better classification of POA for both [m] and [l] compared to [ô], and MOA for [m]482

compared to both [l] and [ô]. An illustration of the interaction based on estimated483

marginal means is provided by Figure D.3 in Appendix D.484

Finally, returning to Table 6 once again, the statistically significant effect of485

layer region indicates that for all three dependent variables, the number of target486

matches increases from early to middle layers, and even more so from early to late487

layers. Referring to RQ4, which asked how the articulatory feature encoding in the488

embeddings of the two models is affected by the layer region, the interaction between489

model and layer region suggests that, for POA and MOA, this effect is more490

pronounced in the case of Whisper, while for VOI, wav2vec 2.0 is more impacted by491

layer region.492

Table 5 summarises the related pairwise comparisons for the interaction between493
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Table 4: Pairwise comparisons for the interaction of model and target sound, reported as log
Odds (lgO) with standard error (SE), z-statistic, and p-value. Cases that are not statistically
significant at α = 0.05 are highlighted in blue.

POA MOA VOI

lgO SE z p lgO SE z p lgO SE z p

wav2vec 2.0–Whisper

[m] −.05 .15 −.32 .742 .47 .20 2.33 .019 .97 .28 3.39 <.001
[n] 1.33 .14 9.24 <.001 .58 .17 3.27 .001 1.66 .27 5.97 <.001
[ô] .81 .14 5.55 <.001 2.10 .19 11.02 <.001 1.04 .27 3.73 <.001
[l] .78 .14 5.31 <.001 2.57 .19 13.46 <.001 1.41 .28 5.03 <.001

wav2vec 2.0

[m]–[n] −2.09 .24 −8.69 <.001 −1.69 .29 −5.84 <.001 −1.25 .25 −4.89 <.001
[m]–[ô] −.25 .24 −1.02 .735 −.27 .29 −.91 .796 .02 .26 .08 .999
[m]–[l] −.72 .24 −2.94 .016 −.59 .29 −1.99 .189 −.85 .26 −3.25 .006
[n]–[ô] 1.84 .23 7.96 <.001 1.42 .27 5.10 <.001 1.27 .24 5.17 <.001
[n]–[l] 1.37 .23 5.93 <.001 1.10 .27 3.95 <.001 .39 .24 1.61 .370
[ô]–[l] −.47 .23 −2.00 .187 −.32 .28 −1.12 .676 −.87 .25 −3.46 .003

Whisper

[m]–[n] −.70 .17 −4.12 <.001 −1.58 .22 −6.93 <.001 −.56 .17 −3.20 .007
[m]–[ô] .61 .17 3.49 .002 1.35 .23 5.75 <.001 .08 .18 .49 .960
[m]–[l] .11 .17 .64 .917 1.50 .23 6.37 <.001 −.40 .18 −2.24 .110
[n]–[ô] 1.32 .16 8.00 <.001 2.93 .22 13.19 <.001 .65 .17 3.85 <.001
[n]–[l] .82 .16 4.97 <.001 3.08 .22 13.82 <.001 .15 .17 .92 .790
[ô]–[l] −.50 .17 −2.96 .016 .14 .22 .65 .914 −.49 .17 −2.84 .023
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Table 5: Pairwise comparisons for the interaction of model and layer region, reported as log
Odds (lgO) with standard error (SE), z-statistic, and p-value.

POA MOA VOI

lgO SE z p lgO SE z p lgO SE z p

wav2vec 2.0–Whisper

early .98 .09 10.95 <.001 2.22 .11 18.73 <.001 .63 .23 2.66 .007
mid .68 .09 7.44 <.001 1.73 .11 15.36 <.001 2.23 .24 9.03 <.001
late .49 .10 4.91 <.001 .34 .11 2.95 .003 .94 .25 3.76 <.001

wav2vec 2.0

ea–mi −.94 .05 −16.72 <.001 −1.54 .06 −24.49 <.001 −2.65 .07 −33.44 <.001
ea–la −2.47 .06 −37.51 <.001 −2.87 .07 −40.63 <.001 −3.07 .08 −36.36 <.001
mi–la −1.52 .06 −24.48 <.001 −1.33 .06 −21.54 <.001 −.42 .07 −5.36 <.001

Whisper

ea–mi −1.25 .05 −24.68 <.001 −2.03 .07 −28.50 <.001 −1.05 .05 −17.89 <.001
ea–la −2.96 .05 −51.16 <.001 −4.75 .08 −52.95 <.001 −2.76 .06 −40.93 <.001
mi–la −1.71 .05 −32.37 <.001 −2.72 .07 −38.27 <.001 −1.71 .06 −27.00 <.001

model and layer region. As expected, the number of correct classifications in-494

creases statistically significantly for both systems on all three features from early to495

middle to late transformer layers. Overall, wav2vec 2.0 always outperforms Whisper496

in this comparison. While for POA and MOA the gap between systems becomes497

increasingly smaller from early to late layers, the difference is highest in the mid-498

dle layers for VOI and remains higher in late than in early layers. An illustration499

of the interaction based on estimated marginal means is provided by Figure D.4 in500

Appendix D.501

Probes usually perform better in some layers than in others. In the present case502

of three independent probes, the best-performing layers are defined as those with the503

highest average probe performance for POA, MOA, and VOI. In an analysis across504

the full set of English phonemes, we identified layer 16 as best-performing for wav2vec505

2.0, and layer 26 for Whisper.8 In order to evaluate whether certain stimulus condi-506

tions lead to systematic target confusions, Tables E.1 to E.4 in Appendix E provide507

an overview of the classified sounds for each target sound in the best-performing lay-508

8Note that the differences to surrounding layers are only minimal and the pattern observed for
the present phoneme subset /m/, /n/, /r/, and /l/ is largely consistent with the probe results for
the full phoneme set.
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ers for both models. Across words and pseudowords, most confusions in C3 (replaced509

by noise) occurred with fricatives (w2v: 74 %, Whisp: 56 %), followed by plosives510

(w2v: 20 %, Whisp: 31 %), while most confusions in C4 (replaced by silence (wide))511

occurred with plosives (w2v: 31 %, Whisp: 41 %), closely followed by nasals (w2v:512

22 %, Whisp: 37 %).513
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Table 6: GLMM results for the three dependent variables, reported as log Odds (lgO) with standard error (SE), z-statistic, and
p-value. Upper: Main effects of model (WV = wav2vec 2.0), stimulus condition (NA = noise added, RN = replaced by
noise, SW = replaced by silence (wide), SN = replaced by silence (narrow)), item type (pseu = pseudoword), target sound,
and layer region (mi = middle, la = late). Lower: Interactions of model with the four other fixed factors. Cases that are
not statistically significant at α = 0.05 are highlighted in blue.

POA MOA VOI

Predictor lgO SE z p lgO SE z p lgO SE z p

(Intercept) 3.79 .14 27.70 <.001 3.59 .15 24.09 <.001 7.05 .54 12.97 <.001

Model[WV] .92 .11 7.97 <.001 1.19 .12 9.98 <.001 .70 .54 1.30 .192
Cond[NA] −3.46 .11 −31.90 <.001 −4.29 .11 −39.92 <.001 −2.52 .56 −4.54 <.001
Cond[RN] −6.41 .11 −56.79 <.001 −8.82 .13 −68.64 <.001 −9.79 .54 −18.17 <.001
Cond[SW] −5.22 .11 −47.54 <.001 −7.09 .12 −60.17 <.001 −7.97 .54 −14.82 <.001
Cond[SN] −4.04 .11 −37.26 <.001 −5.24 .11 −47.55 <.001 −6.58 .54 −12.24 <.001
Type[pseu] −.34 .13 −2.70 .007 −.51 .16 −3.24 .001 −.19 .13 −1.45 .146
Sound[m] −.38 .12 −3.30 .001 −.16 .14 −1.13 .259 −.37 .12 −3.19 .001
Sound[n] 1.02 .11 9.60 <.001 1.48 .13 11.23 <.001 .54 .11 5.02 <.001
Sound[ô] −.56 .11 −5.12 <.001 −.70 .14 −5.14 <.001 −.43 .11 −3.84 <.001
Region[mi] 1.10 .04 28.93 <.001 1.79 .05 37.57 <.001 1.85 .05 37.53 <.001
Region[la] 2.72 .04 61.96 <.001 3.81 .06 66.74 <.001 2.91 .05 53.96 <.001

M:C[NA] −.68 .11 −6.25 <.001 −.54 .11 −5.00 <.001 −.64 .56 −1.14 .253
M:C[RN] −.12 .11 −1.07 .283 .73 .13 5.71 <.001 −.12 .54 −.22 .829
M:C[SW] −.43 .11 −3.96 <.001 .47 .12 4.02 <.001 −.50 .54 −.92 .357
M:C[SN] −.19 .11 −1.77 .076 .00 .11 −.04 .966 −.33 .54 −.61 .541
M:T[pseu] −.27 .07 −3.80 <.001 −.42 .09 −4.49 <.001 −.14 .09 −1.63 .104
M:S[m] −.39 .07 −5.93 <.001 −.48 .08 −5.67 <.001 −.15 .08 −1.95 .051
M:S[n] .31 .06 5.06 <.001 −.42 .08 −5.38 <.001 .19 .07 2.71 .007
M:S[ô] .05 .06 .76 .448 .33 .08 4.12 <.001 −.12 .07 −1.58 .115
M:R[mi] −.15 .04 −4.02 <.001 −.25 .05 −5.16 <.001 .80 .05 16.22 <.001
M:R[la] −.25 .04 −5.63 <.001 −.94 .06 −16.47 <.001 .15 .05 2.87 .004
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5. Discussion514

In this work, we assessed how two state-of-the-art automatic speech recogni-515

tion (ASR) models, wav2vec 2.0 and Whisper, process segment-level perturbations516

throughout their encoder transformer layers. Through domain-informed probing, we517

investigated whether information about articulatory features — place of articula-518

tion (POA), manner of articulation (MOA), and voicing (VOI) — was detectable519

in the model embeddings. We directly compared the performance of the two se-520

lected models in early, middle, and late layers when different perturbations interfered521

with individual target sounds of words or pseudowords. The theoretical background522

and inspiration for this study were taken from human speech perception, where the523

Phonemic Restoration Effect (PRE) predicts how humans perceptually cope with524

perturbed speech segments (Warren, 1970; Warren and Obusek, 1971; Samuel, 1981,525

1987).526

It is worth noting that the performance of the three probes detecting POA, MOA,527

and VOI of the target sounds investigated in this study ([m], [n], [ô], and [l]) was528

very good throughout all individual layers in the clean audio reference condition.529

This is especially true for all three articulatory features in the case of wav2vec 2.0,530

while in the case of Whisper early layers still have difficulties to correctly identify531

POA and MOA. This demonstrates that the probes are able to successfully detect532

the articulatory features explored in this study under favourable conditions, which533

provides an excellent basis for investigating different perturbed conditions.534

Overall, we found that wav2vec 2.0 encoded the articulatory features of the target535

sounds more clearly — i.e., more recognisably for the three probes — than Whisper536

across all conditions. This difference may stem from the distinct training methods537

and objectives. Wav2vec 2.0 large-960h-lv60-self was initially pre-trained to identify538

masked embedding time steps (self-supervised), then fine-tuned on orthographically539

transcribed English speech data, which associates acoustic patterns with text (su-540

pervised). This may lead the model to implicitly learn about phonetic patterns541

(Pasad et al., 2021). In contrast, Whisper large-v3 was trained on a large, diverse542

transcribed dataset (supervised) across multiple languages and tasks, focusing on543

higher-level context, such as word sequences and semantic content. In the following,544

we will discuss the results pertaining to the five research questions (RQs) that guided545

this study.546

5.1. RQ1: Effect of segment-level perturbations on articulatory feature encoding547

First, we investigated how segment-level perturbations affect the encoding of ar-548

ticulatory features in the ASR model embeddings. Overall, the different perturbation549

types (added noise, noisy gaps, and two types of silent gaps) tended to affect both550
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ASR systems in similar ways. Compared to human speech perception, the effect of551

noisy versus silent gaps was reversed.552

Adding noise (C2) to the reference audio had the smallest negative impact on553

classification among all segment-level perturbations investigated here. This was in554

keeping with our prediction, as the full audio signal was still present. However,555

considering that the ASR models are exposed to background noise during training,556

which is aimed at improving their performance when faced with noisy signals (Del-557

croix et al., 2013), it is noteworthy that the deterioration was statistically significant558

for all three articulatory features in both systems. As Delcroix et al. (2013) point559

out, the performance of DL-based ASR models depends on a good match between560

training and testing conditions — also in terms of noise characteristics — and still561

benefits from speech enhancement pre-processing. Even the state-of-the-art model562

Whisper, which performs very well under adverse conditions (Patman and Chodroff,563

2024), is not noise-invariant and consequently affected by noise (Gong et al., 2023).564

Our result for C2 supports this notion for both wav2vec 2.0 and Whisper.565

While phonemic restoration in human perception depends on the continuity of566

the signal and works where a sound is replaced by noise (C3), but not where a silent567

gap disrupts the signal (C4, C5; Warren, 1970; Warren and Obusek, 1971), this568

does not seem to be the case for the two ASR systems investigated here. Stimulus569

condition C3 showed the lowest classification accuracy for POA, MOA, and VOI —570

significantly worse in all cases than stimulus condition C4, where the same signal571

window was replaced by silence.572

It is reasonable to assume that the presence of noise would lead ASR systems573

to recognise articulatory features of a sound class that closely resembles this pertur-574

bation. Therefore, we expected that C3 would most likely lead to confusions with575

fricatives, and this was indeed the case across words and pseudowords. At the same576

time, a gap in the signal, such as in C4, may also be confused with a sound class577

that is similar to this perturbation, in particular with plosives. In accordance with578

this expectation, we found that most confusions in C4 were indeed with plosives.579

It remains unclear why the ASR systems restore the articulatory features of the580

missing sonorants better when there is silence (C4) than in the presence of noise581

(C3), since the original signal was missing and the coarticulatory cues in the adjacent582

sounds were largely removed in both cases.583

In accordance with our expectations, condition C5, which also replaced the target584

sounds with silence but retained coarticulatory cues, resulted in significantly more585

correctly classified articulatory features than C4 in all cases. Regarding the POA586

classification accuracy for wav2vec 2.0 embeddings, C5 performance was even on587

par with that of condition C2, where noise was added to the target sounds. This588
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demonstrates the important role of coarticulatory information for left-right contex-589

tualised representation learning (i.e., simultaneously taking left and right context590

into account), and ultimately ASR performance. This is consistent with prior work591

using the domain-informed probing task applied in this study, which showed that592

the probes pick up traces of coarticulatory information in the form of alternative593

probe activations (English et al., 2024; Shams et al., 2024b). It is further in line594

with Zellou et al. (2024) who demonstrated that wav2vec 2.0 (large, pre-trained) is595

able to detect anticipatory nasal coarticulation in vowels before nasal codas.596

5.2. RQ2: Effect of word vs. pseudoword on articulatory feature encoding597

Second, we examined how the lexical status of the stimulus — whether it is a word598

or a pseudoword — affects the encoding of articulatory features in the ASR model599

embeddings. We found that this factor influenced wav2vec 2.0, whereas Whisper600

remained unaffected by it.601

In line with our assumption that lexical context would benefit the correct clas-602

sification of articulatory features, wav2vec 2.0 embeddings performed significantly603

better in POA and MOA probing for words than for pseudowords across all stim-604

ulus conditions. We believe that VOI may not have been impacted by word type,605

because VOI classification accuracy was close to the ceiling for both words and pseu-606

dowords in the case of wav2vec 2.0. The performance of Whisper, however, was not607

impacted by word type for any of the three articulatory features. This may again be608

rooted in the different training methods. Whisper uses subword tokenisation (using609

the Byte-Pair Encoding text tokeniser from GPT-2) to represent words as smaller610

units (Radford et al., 2023). This may reduce the contrast between words and pseu-611

dowords, as the latter follow the phonotactic rules of English and therefore consist612

of subword units that may be familiar to the model. In contrast, wav2vec 2.0 is613

fine-tuned to predict characters from a list of 29 tokens along with a word boundary614

marker. The model uses this marker to predict word boundaries based on known615

words rather than associating embedding frames with smaller subwords that can be616

used to construct pseudowords.617

5.3. RQ3: Effect of target sound on articulatory feature encoding618

Third, we explored how the four target sounds [m], [n], [ô], and [l] affect the619

encoding of articulatory features in the ASR model embeddings. Unexpectedly, [n]620

stood out clearly from the other sounds.621

While we had no reason to believe that classification accuracy would be affected622

differently for the four target sounds examined in this study, relevant information623

about [n] has proven to be particularly well encoded by both systems. This may be624
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due to the specific acoustic properties of [n]. Although both nasals [m] and [n] have625

characteristic nasal formants, anti-resonances, and formant transitions, their specific626

locations in the case of [n] may favour classification. However, several stimulus con-627

ditions did not contain the actual target signal (C3-C5), and in some conditions even628

coarticulatory cues were largely removed (C3 and C4). Therefore, other aspects such629

as frequency of occurrence in the training data may have played a role. It has been630

demonstrated that [n] is the most frequently occurring consonant in conversational631

English (Mines et al., 1978). In fact, the first six most frequently occurring conso-632

nants are all alveolar ([n], [t], [s], [ô], [l], and [d])9, which may introduce a bias for633

this POA in the absence of other cues. While it is known that read speech data was634

used to train wav2vec 2.0 (see Section 3.2), the training data of Whisper is not fully635

disclosed. However, it is likely that conversational English, which we used here to636

illustrate a potential frequency effect, constitutes a significant portion of the train-637

ing data for the latter. Another possibility is that a bias towards [n] was introduced638

by the probes which were trained with the phonetically transcribed English TIMIT639

speech corpus (Garofolo et al., 1993). The seven most frequently occurring conso-640

nants in the TIMIT training set are, in the following order: [s], [n], [ô], [l], [k], [t],641

and [m] — indicating the same possible bias for the four target sounds examined in642

this study.643

5.4. RQ4: Effect of layer region on articulatory feature encoding644

Fourth, we evaluated how the layer region affects the encoding of articulatory fea-645

tures in the ASR model embeddings. Throughout the transformer layers of the two646

models, which we grouped into early, middle, and late regions, classification accuracy647

for all three articulatory feature probes steadily increased. This is further evidence648

for the finding of previous work that — based on probe performance — information649

for the identification of (sub)phonetic features is already present to a certain extent650

in early layers, but becomes more prominent in middle and late layers (ten Bosch651

et al., 2023; English et al., 2024; Shams and Carson-Berndsen, 2024). We found that652

the embeddings of wav2vec 2.0 encoded more relevant information about the artic-653

ulatory features than the embeddings of Whisper in all layer regions, and observed654

the greatest performance difference for POA and MOA in the early layers, while the655

greatest difference for VOI occurred in the middle layers. This is due to a marked656

increase in the VOI classification accuracy based on wav2vec 2.0 embeddings from657

the early to middle layers. The bigger performance difference between the models658

observed in the early and middle layers may result from contrastive learning during659

9[m] is the ninth most frequently occurring consonant in conversational English.
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the pre-training of wav2vec 2.0. This leads the model to produce embeddings — par-660

ticularly those before the transformer layers — that capture phonetic information.661

Contrastive learning leverages discrete speech embeddings, which are generated from662

the output of the feature encoder. These have been demonstrated to align strongly663

with English phonemes (see Appendix D10 in Baevski et al., 2020). More recent664

work suggests that these discrete speech embeddings relate to sub-phonemic cate-665

gories (Abdullah et al., 2023). The loss calculated during the contrastive learning666

process is backpropagated to the feature encoder layers.11 Therefore, extracting pho-667

netic information is encouraged from the beginning. This early advantage of wav2vec668

2.0 over Whisper is reflected in our results.669

5.5. RQ5: Model performance vs. human speech perception670

Finally, we assessed how the ASR model performance regarding different pertur-671

bations, stimulus types, and target sounds compares to human speech perception.672

This revealed similarities and differences.673

In human speech perception, the Phonemic Restoration Effect (PRE) would cre-674

ate the impression that the stimulus condition in which signal-correlated noise re-675

placed the target sound (C3) is the same as the condition in which the full sig-676

nal is present and overlaid with noise (C2; Samuel, 1981). The embeddings of the677

transformer-based ASR models wav2vec 2.0 and Whisper, however, encoded the ar-678

ticulatory features of the target sounds least successfully across all conditions in C3.679

The fact that most of the confusions in this condition occur with fricatives suggests680

that the models tend to interpret the noise as a target, while human perception681

regards it as an interference masking the expected target sound.682

The presence of noise is crucial for phonemic restoration to occur in human speech683

perception, since the illusion of continuity is interrupted by a silent gap (Warren,684

1970; Warren and Obusek, 1971). Our finding that the stimulus condition in which685

noise replaced the target sound (C3) impaired the correct encoding of the articula-686

tory features in the ASR model embeddings significantly more than the conditions687

in which noise replaced the target sound (C4, C5) thus represents a crucial difference688

between ASR processing and human speech perception. The ASR models do not689

require simulated continuity to achieve better encoding of the articulatory features690

10https://proceedings.neurips.cc/paper_files/paper/2020/file/92d1e1eb1cd6f9fba32

27870bb6d7f07-Supplemental.pdf
11Note that the feature encoder weights learned during pre-training are not updated during the

fine-tuning process. Consequently, the influence of the discrete speech embeddings remains the
same in the wav2vec 2.0 model we probed.
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of missing sounds. In fact, the continuous signal could lead the model to misinter-691

pretations (e.g., noise → fricative).692

As for the effect of lexical context, consistent with our prediction, we found693

that wav2vec 2.0 encodes articulatory features of (perturbed) sounds in words more694

successfully than in pseudowords. This is also the case for human speakers where the695

existence of a lexical entry favours restoration (Samuel, 1981). Whisper, however,696

did not show an effect of lexical context, which is similar to previous findings on697

phonemic restoration in non-native speakers (Ishida and Arai, 2016).698

The sound classes investigated in this study — nasals ([m], [n]) and liquids ([ô], [l])699

— are particularly interesting to examine from the perspective of human perception,700

since they are in the middle range of restorability when replaced by noise, while701

other sound classes perform either at the ceiling (fricatives) or the floor (vowels) in702

the context of the PRE (Samuel, 1981). Ishida and Arai (2016), who used the same703

stimuli as Mattys et al. (2014) and the present study, found that listeners restored704

nasals more so than liquids. This partly matches the present results, where the705

nasal [n] stood out as being most successfully encoded by the ASR models across706

conditions.707

5.6. Limitations and Future Work708

The present study has some limitations that should be acknowledged. Some709

of these have the potential to be addressed in future research. As mentioned at710

the outset, the domain-informed probes used in this study have a relatively simple711

architecture, which enables their performance to mainly reflect the quality of the712

ASR model embeddings and not their own complexity (see Sections 2.3 and 3.3).713

However, as we use these probing algorithms to make the embeddings interpretable714

for humans, the results inevitably still rely on their performance. In other words, we715

can only provide as much insight into the information encoded by the ASR models716

as we can observe through the lens of the probes.717

The three probes for POA, MOA, and VOI were trained on the phoneme set of718

American English based on the TIMIT corpus (Garofolo et al., 1993), whereby the719

probabilities for articulatory features that are not present in this set were assumed720

to be zero. This means that a retroflex, uvular, and pharyngeal POA, as well as the721

MOAs trill and lateral fricative did not have any training data representation and722

therefore cannot be learned or predicted by the probes — even if the embeddings723

should encode these POAs and MOAs, the probes would not detect them. However,724

to have a more intuitive probability vector which corresponds to the IPA classification725

for consonants and can be used in future work investigating other languages, the726

missing features were retained and inserted at their respective positions.727
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As explained in Section 3.2, the probing method applied in this work is limited to728

the encoder layers of the ASR models. In the case of Whisper, a considerable part of729

the internal processing is therefore not taken into account. This is warranted because730

our focus was on contextualised representations of speech segments within the two731

models as opposed to the lexical segments processed in the decoder of Whisper.732

However, excluding the decoder may lead to an underestimation of Whisper’s full733

ASR capabilities.734

We focused on a limited set of target sounds in this study, namely two nasals735

([m] and [n]) and two liquids ([ô] and [l]), as these were investigated in Mattys et al.736

(2014). Future work could explore how ASR models process other sound classes in737

the presence of segment-level perturbations. Especially the encoding of fricatives738

in the presence of noisy gaps or plosives in the presence of silent gaps would be739

interesting cases to examine, since the similarity of the perturbation to the sound740

class may prevent disruptive effects.741

In terms of the analysis, in this work, we focused on the comparison of the two742

transformer-based ASR models wav2vec 2.0 and Whisper. Hence we explored how743

the encoding of articulatory features in their embeddings is affected by segment-level744

perturbations, word and pseudoword items, different target sounds, and in distinct745

layer regions. A future analysis could take a closer look at the interaction of item746

types, target sounds, and layer regions with different perturbations to investigate747

whether specific perturbations affect certain factor combinations more than others.748

Future work could also consider a post-hoc analysis of a wav2vec 2.0 model with-749

out fine-tuning such as large-lv60. This would help clarify the extent to which the750

encoding of articulatory features in the model embeddings is influenced by its pre-751

trained representations versus the adaptations introduced during fine-tuning. Since752

fine-tuning has been shown to improve the encoding of relevant phonetic information753

in the embeddings (Pasad et al., 2021), we expect that probing the embeddings of a754

model without fine-tuning would lead to worse articulatory feature classification.755

Furthermore, complementing the current results with an analysis of the character756

error rate of the target sounds in the textual outputs of wav2vec 2.0 and Whisper757

would provide deeper insight into how the information encoded throughout their758

layers relates to their final predictions.759

Finally, this study investigated segment-level perturbations which can typically760

be perceived by humans. Another possible avenue for future work would be to761

experiment with adversarial perturbations that target specific speech sounds and762

cause ASR systems to mistake a word for its minimal pair counterpart — for example,763

“ship” [SIp] instead of “sip” [sIp] — while the interference remains undetectable to764

human perception.765
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6. Conclusion766

The two state-of-the-art ASR models examined in this study showed similarities767

and differences in the way they internally processed segment-level signal perturba-768

tions. In contrast to phonemic restoration in human speech perception, the articula-769

tory feature encoding of both systems was most affected by noisy gaps in the speech770

signal, and less so by silent gaps. Added noise had the least impact in both cases.771

Coarticulatory cues surrounding a silent gap improved articulatory feature encoding772

of the missing sound for both models. The target sound [n] was more clearly en-773

coded in the embeddings across conditions than [m], [ô], and [l]. Furthermore, some774

information about articulatory features was found to be already encoded in early775

layers of both models, but information became more prominent over middle to late776

layers. Similar to human perception, articulatory feature encoding across conditions777

was stronger for words than pseudowords in the case of wav2vec 2.0 embeddings.778

Whisper did not show such an effect of lexical status — similar to previous findings779

on phonemic restoration in non-native speakers. Differences between the two mod-780

els could be related to the distinct training methods and objectives of the models.781

Although the insights into the internal processing of the two models gained in the782

present study do not directly predict the transcriptions produced by them beyond the783

encoder components, they provide valuable context for understanding modern ASR784

systems and making them more interpretable to humans. Identifying where model785

processing differs from human speech processing by evaluating ASR performance in786

experimental paradigms from human speech perception research can highlight the787

limitations and distinctive features of ASR systems. This, in turn, fosters a more788

realistic understanding of their capabilities.789
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Appendix A. Word/pseudoword pairs

Table A.1: Pairs of words and pseudowords from Mattys et al. (2014) sharing the same stress
pattern and the same final two syllables. The target sound is either a nasal (13 × [m], 17 × [n]) or
a liquid (15 × [ô], 15 × [l]).

Nasal Liquid

Word Pseudoword Word Pseudoword

1 abdominal gobflominal accelerate vabbellerate
2 academic wopplademic accumulate muzoomulate
3 accompaniment ishimpniment alcoholic balmeholic
4 aerodynamic wissafynamic apocalypse twestokalips
5 anatomy hustattomy approximately guttropimately
6 astronomer yiplonomer atmospheric nipzuspheric
7 cacophony bitophony binoculars yabokulars
8 constitutional gaspofootional caterpillar laggerpillar
9 conventional hakzenshunnel congratulate humstratulate

10 conversational zandustational considerate bupwiderate
11 coordinate banstordinate contradictory vampradictory
12 development sikwellupment curriculum hotriculum
13 dichotomy stufflotomy disciplinary huffakinary
14 discriminate notrominate engineering nonkineering
15 disfigurement pashigumment ephemeral yokwemeral
16 disproportionate hastigortionate equivalent mestivalent
17 economize marzonomise exaggerate tupstaggerate
18 educational voplortational herbivorous waarpivorous
19 embezzlement tumkezzlement illiterate ossiterate
20 emotional piskotional imaginary fittaginree
21 enlightenment sinfightenment immaculate hassaculate
22 impertinence umfertinence immobilize kwatobilise
23 matrimony bleffrimony incredulous winfedulous
24 monogamy stantogamy irregular appegular
25 perfectionist hargoctionist molecular jottekular
26 receptionist rudipshunnist peripheral wegnifferal
27 saxophonist luddophonist perseverance glerteveerance
28 taxonomy nastonomy recovery stroppuvvery
29 tobacconist messackonist rhinoceros reekosurrus
30 vindictiveness kwamsholtiveness spectacular nupshackular
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Appendix B. Target classification throughout model layers
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(a) POA: target full match , same POA (attested) , same POA (unattested) , or different POA .
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(b) MOA: target full match , same MOA (attested) , same MOA (unattested) , or different MOA .
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(c) VOI: target full match , voiced (attested) , voiced (unattested) , or voiceless .

Figure B.1: wav2vec 2.0 — percentage target correctly classified in layers 1 to 24 with focus on
place of articulation (POA), manner of articulation (MOA), and voicing (VOI).

41



Clean audio Noise added Replaced by noise Replaced by silence (W) Replaced by silence (N)

W
ords

Pseudowords

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31

0

25

50

75

100

0

25

50

75

100

Whisper layers (POA)
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(b) MOA: target full match , same MOA (attested) , same MOA (unattested) , or different MOA .
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(c) VOI: target full match , voiced (attested) , voiced (unattested) , or voiceless .

Figure B.2: Whisper — percentage target correctly classified in layers 1 to 32 with focus on place
of articulation (POA), manner of articulation (MOA), and voicing (VOI).
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Appendix C. Attested vs. unattested sounds
  

 

CONSONANTS (PULMONIC) © 2015 IPA

 Bilabial Labiodental Dental Alveolar Postalveolar Retroflex Palatal Velar Uvular Pharyngeal Glottal

Plosive                       
Nasal                       
Trill                       
Tap or Flap                       
Fricative                       
Lateral 
fricative                       
Approximant                       
Lateral 
approximant                       

Symbols to the right in a cell are voiced, to the left are voiceless. Shaded areas denote articulations judged impossible. 

CONSONANTS (NON-PULMONIC) 

Clicks Voiced implosives Ejectives

 Bilabial  Bilabial  Examples: 

 Dental  Dental/alveolar  Bilabial 

 (Post)alveolar  Palatal  Dental/alveolar 

 Palatoalveolar  Velar  Velar 

 Alveolar lateral  Uvular  Alveolar fricative 
 

VOWELS 

Front Central  Back
Close      

     
Close-mid     

     
Open-mid    

     
Open     

Where symbols appear in pairs, the one 
to the right represents a rounded vowel. 

OTHER SYMBOLS 

 Voiceless labial-velar fricative   Alveolo-palatal fricatives 

 Voiced labial-velar approximant   Voiced alveolar lateral flap 

 Voiced labial-palatal approximant   Simultaneous and 

 Voiceless epiglottal fricative 
Affricates and double articulations 
can be represented by two symbols 
joined by a tie bar if necessary. 

 Voiced epiglottal fricative 

 Epiglottal plosive 
 

 

SUPRASEGMENTALS 

 Primary stress 

 Secondary stress 

 Long  

 Half-long  

 Extra-short  

 Minor (foot) group 

 Major (intonation) group 

 Syllable break  

 Linking (absence of a break) 
 

DIACRITICS Some diacritics may be placed above a symbol with a descender, e.g. 
 Voiceless    Breathy voiced    Dental  

 Voiced    Creaky voiced    Apical  

 Aspirated    Linguolabial    Laminal  

 More rounded    Labialized    Nasalized  

 Less rounded    Palatalized    Nasal release  

 Advanced    Velarized    Lateral release  

 Retracted    Pharyngealized    No audible release 

 Centralized    Velarized or pharyngealized  

 Mid-centralized    Raised  ( = voiced alveolar fricative) 

 Syllabic    Lowered  ( = voiced bilabial approximant) 

 Non-syllabic    Advanced Tongue Root  

 Rhoticity    Retracted Tongue Root  
 

TONES AND WORD ACCENTS 
LEVEL   CONTOUR

or Extra  or Risinghigh 
  High Falling

  Mid High
rising

  Low Low
rising

  
Extra Rising-
low falling

Downstep  Global rise 

Upstep  Global fall 

 

THE INTERNATIONAL PHONETIC ALPHABET (revised to 2015) 

Typefaces: Doulos SIL (metatext); Doulos SIL, IPA Kiel, IPA LS Uni (symbols) 
 

 

Figure C.1: Overview of sounds we consider to be attested (blue) and unattested (orange) in the
IPA. Unattested sounds with a grey frame denote articulations judged impossible in the IPA. The
sounds [m], [n], [ô], and [l] are also the target sound realisations (green) examined in this study.
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Appendix D. Interaction effects
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Figure D.1: Estimated marginal means for stimulus condition: clean audio, noise added, replaced
by noise, replaced by silence (wide), and replaced by silence (narrow) across the two ASR models.
Error bars represent the 95% confidence intervals.
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Figure D.2: Estimated marginal means for stimulus being a word or a pseudoword across the two
ASR models. Error bars represent the 95% confidence intervals.
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Figure D.3: Estimated marginal means for target sound being [m], [n], and [ô], and [l] across the
two ASR models. Error bars represent the 95% confidence intervals.
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Figure D.4: Estimated marginal means for early layers, middle layers, and late layers across the
two ASR models. Error bars represent the 95% confidence intervals.
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Appendix E. Target confusions in the best-performing layers

Table E.1: wav2vec 2.0, words — combined POA, MOA and VOI probe outputs for layer 16
embeddings. Outputs are grouped by MOA and ordered by POA (front to back) within each
group. Note: Approx. → Approximant, Lat. A. → Lateral Approximant, bila → bilabial, lab →
labiodental, pala → palatal, glot → glottal, 0 → voiceless, 1 → voiced.

Words Replaced Replaced Replaced
Clean audio Noise added by noise by silence (W) by silence (N)

m n ô l m n ô l m n ô l m n ô l m n ô l

P
lo

s
iv

e
s

p 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
b 0 0 0 0 0 0 0 0 2 0 1 0 1 0 0 0 1 0 0 0

lab0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0

t 0 0 0 0 0 0 0 0 0 0 1 0 0 0 3 0 0 0 0 1
d 0 0 0 0 0 0 0 0 1 0 1 1 0 0 1 0 0 0 1 0
k 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
g 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
P 0 0 0 0 0 0 0 0 0 0 1 1 0 0 1 1 0 0 0 1

P1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

N
a
s
a
ls

m0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0
m 13 0 0 0 8 0 0 0 1 0 0 0 5 0 0 0 11 0 0 0
n0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0
n 0 17 0 0 0 16 1 0 0 12 0 0 3 16 1 0 1 17 0 0
ñ 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

T
a
p
s R 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0

pala1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

F
r
ic

a
t
iv

e
s

F 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0
B 0 0 0 0 1 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0
f 0 0 0 0 0 0 0 0 4 0 1 0 0 0 0 0 0 0 0 0
v 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0
T 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
D 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
s 0 0 0 0 0 0 0 0 0 1 2 3 0 0 0 1 0 0 0 0
z 0 0 0 0 0 1 0 0 1 1 1 2 0 0 0 0 0 0 0 0
Z 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
J 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
h 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
H 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

A
p
p
r
o
x
. bila1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

ô0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 3 0 0 0 1 0
ô 0 0 15 0 0 0 14 0 0 0 1 0 0 0 6 1 0 0 12 0
j 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

î 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0

L
a
t
.

A
.

bila1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

l0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0
l 0 0 0 15 2 0 0 13 0 0 0 7 0 0 0 10 0 0 0 13

L 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
Ï 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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Table E.2: wav2vec 2.0, pseudowords — combined POA, MOA and VOI probe outputs for layer
16 embeddings. Outputs are grouped by MOA and ordered by POA (front to back) within each
group. Note: Approx. → Approximant, Lat. A. → Lateral Approximant, bila → bilabial, lab →
labiodental, pala → palatal, glot → glottal, 0 → voiceless, 1 → voiced.

Pseudowords Replaced Replaced Replaced
Clean audio Noise added by noise by silence (W) by silence (N)

m n ô l m n ô l m n ô l m n ô l m n ô l

P
lo

s
iv

e
s

p 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0
b 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0

lab0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

t 0 0 0 0 0 0 0 0 0 0 1 0 0 0 3 0 0 0 1 0
d 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 2 0 0 0 1
k 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0
g 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
P 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 0

P1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0

N
a
s
a
ls

m0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
m 13 0 0 0 5 0 1 2 0 0 0 0 2 0 0 0 11 0 0 0
n0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
n 0 17 0 0 3 14 1 1 0 7 0 0 2 15 2 1 0 17 1 0
ñ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

T
a
p
s R 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

pala1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0

F
r
ic

a
t
iv

e
s

F 0 0 0 0 0 0 0 0 2 0 0 0 0 0 1 0 0 0 1 0
B 0 0 0 0 0 0 0 0 3 2 0 0 0 0 0 0 0 0 0 0
f 0 0 0 0 0 0 0 0 6 1 8 0 0 0 0 0 0 0 0 0
v 0 0 0 0 2 0 1 0 0 0 2 4 1 0 1 0 2 0 1 0
T 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 1 0 0 0 0
D 0 0 0 0 0 0 1 0 0 0 0 2 0 0 0 1 0 0 0 1
s 0 0 0 0 0 0 0 0 0 2 0 0 0 0 2 0 0 0 0 0
z 0 0 0 0 0 0 0 0 1 2 0 5 0 0 0 1 0 0 0 0
Z 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0
J 0 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0
h 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0
H 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0

A
p
p
r
o
x
. bila1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

ô0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
ô 0 0 15 0 1 1 11 0 0 0 0 0 0 0 2 0 0 0 10 0
j 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

î 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

L
a
t
.

A
.

bila1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0

l0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
l 0 0 0 15 1 1 0 12 0 0 0 0 1 1 0 3 0 0 1 10

L 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1
Ï 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
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Table E.3: Whisper, words — combined POA, MOA and VOI probe outputs for layer 25 embed-
dings. Outputs are grouped by MOA and ordered by POA (front to back) within each group. Note:
Approx. → Approximant, Lat. A. → Lateral Approximant, lab → labiodental, glot → glottal, 0 →
voiceless, 1 → voiced, + → POA fronted, − → POA retracted.

Words Replaced Replaced Replaced
Clean audio Noise added by noise by silence (W) by silence (N)

m n ô l m n ô l m n ô l m n ô l m n ô l

P
lo

s
iv

e
s

p 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0
b 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 2 0 0 0

lab0 0 0 0 0 0 0 0 0 2 0 1 1 0 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 0 0 0 2 1 0 0 2 0 0 0 0

t+ 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
t 0 0 0 0 0 0 0 0 0 3 1 1 1 0 0 0 0 0 0 0
d 0 0 0 0 0 0 0 1 0 3 1 1 0 0 6 3 0 0 4 3
k 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0
P 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0 0

P1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 1

N
a
s
a
ls

m 13 0 0 0 11 0 0 0 0 0 0 0 5 0 0 0 10 0 0 0
M0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0

M 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0
n0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 0 0
n 0 17 0 0 2 17 0 1 0 5 0 0 3 17 3 0 0 17 2 0

n−0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
N 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

Tap R 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

F
r
ic

a
t
iv

e
s

f 0 0 0 0 0 0 0 0 8 0 5 5 0 0 0 0 0 0 0 0
v 0 0 0 0 0 0 0 0 1 0 1 1 0 0 0 1 0 0 0 0
T 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
D 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 2 0 0 0 0
s 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
z 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 2 0 0 0 0
S 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0

A
p
p
r
o
x
. V0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0

V 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 2 0
ô0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0

ô 0 0 15 0 0 0 14 0 0 0 0 0 0 0 2 0 0 0 4 0
ô− 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0

glot1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 2 0

L
a
t
.

A
. lab1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1

l0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
l 0 0 0 15 0 0 1 12 0 0 0 0 1 0 0 1 0 0 0 7
Ï 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
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Table E.4: Whisper, pseudowords — combined POA, MOA and VOI probe outputs for layer
25 embeddings. Outputs are grouped by MOA and ordered by POA (front to back) within each
group. Note: Approx. → Approximant, Lat. A. → Lateral Approximant, lab → labiodental, glot
→ glottal, 0 → voiceless, 1 → voiced, + → POA fronted, − → POA retracted.

Pseudowords Replaced Replaced Replaced
Clean audio Noise added by noise by silence (W) by silence (N)

m n ô l m n ô l m n ô l m n ô l m n ô l

P
lo

s
iv

e
s

p 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
b 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0

lab0 0 0 0 0 0 0 0 0 0 0 4 1 0 0 0 0 0 0 0 0
lab1 0 0 0 0 0 0 0 0 1 0 0 1 0 0 1 0 0 0 0 1

t+ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
t 0 0 0 0 0 0 0 0 1 1 0 0 0 0 1 1 0 0 0 0
d 0 0 0 0 0 0 1 0 0 3 0 0 1 0 4 2 0 1 4 1
k 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
P 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 0 1 0

P1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0

N
a
s
a
ls

m 13 0 0 0 13 0 0 1 0 0 0 0 5 0 0 0 12 0 0 0
M0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

M 0 0 0 0 0 0 0 0 1 1 0 0 2 0 0 0 0 0 0 0
n0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0
n 0 17 0 0 0 17 0 2 0 5 0 0 3 17 4 6 0 16 3 0

n−0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
N 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
glot1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

Tap R 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

F
r
ic

a
t
iv

e
s

f 0 0 0 0 0 0 0 0 8 1 11 6 0 0 0 0 0 0 0 0
v 0 0 0 0 0 0 0 0 1 0 0 4 0 0 0 0 0 0 0 0
T 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0
D 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
s 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
z 0 0 0 0 0 0 0 0 0 1 0 2 0 0 0 0 0 0 0 1
S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

A
p
p
r
o
x
. V0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

V 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 4 0
ô0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

ô 0 0 15 0 0 0 13 0 0 0 0 0 0 0 1 0 0 0 3 1
ô− 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

glot1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0

L
a
t
.

A
. lab1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0

l0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
l 0 0 0 15 0 0 0 12 0 0 0 0 0 0 0 1 0 0 0 11
Ï 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0

glot0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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