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ABSTRACT

Although transformer-based models have improved the
state-of-the-art in speech recognition, it is still not well un-
derstood what information from the speech signal these mod-
els encode in their latent representations. This study inves-
tigates the potential of using labelled data (TIMIT) to probe
wav2vec 2.0 embeddings for insights into the encoding and
visualisation of speech signal information at phone bound-
aries. Our experiment involves training probing models to
detect phone-specific articulatory features in the hidden lay-
ers based on IPA classifications. Furthermore, we propose an
analysis framework for visualising the probabilities of the de-
tected articulatory features in every layer and frame vector.
Our primary focus is to probe and better understand the struc-
ture of speech signal information in the embeddings learned
by unsupervised transformers, with a view to contributing to
more explainable speech processing systems.

Index Terms— Speech Recognition, Phonetic Represen-
tations, Probing, Explainable Al

1. INTRODUCTION

The transformer neural network architecture has significantly
improved performance in various tasks, including natural
language processing, computer vision, and automatic speech
recognition (ASR) [1]. However, performance evaluation
often relies on standard metrics, lacking insight into the spe-
cific information contained within encoded representations
used by the model [2]. Probing hidden representations in
pre-trained models has been extensively explored to under-
stand domain-specific knowledge encoding [3], and recent
studies have investigated linguistic and acoustic knowledge
representations in ASR models [4]. Despite these advances,
explainability in the context of speech embeddings in trans-
former models remains limited.

In this study, we address the challenge of analysing neural
embeddings of speech for phonetic information given sparse
human-annotated data for the labelling of speech embeddings.
Typically, annotations are available only at the phone level,
which may encompass several of the frames used by a model

to represent the speech signal. Previous work [5] has asso-
ciated labels with embeddings by averaging embeddings that
occur over the duration of a phone, treating the averaged em-
bedding as a representation of that phone. However, this ap-
proach limits resolution to some extent.

With this context in mind, we investigate the potential
of using labelled data from the TIMIT dataset [6] to probe
wav2vec 2.0 embeddings which represent 25 ms audio per
embedding vector [7] for insights below the level of the phone
annotation present in the dataset. Our research question is as
follows: Can we find traces of learned articulatory features
such as manner of articulation (MOA) and place of articula-
tion (POA) in the averaged embeddings of the self-supervised
model through probing techniques? If so, is it possible to use
the probes to effectively identify these features in the indi-
vidual 25 ms embeddings as well, leading to a more granular
explanation of the hidden representations in the model?

Our methodology involves training small multilayer per-
ceptron (MLP) models on speech embeddings averaged
across the duration of each phone utterance. The timings
and classes are derived from TIMIT and the latter is mapped
to our chosen features. Then, we use our probes to perform
feature detection on unaveraged time-step embeddings from
our test set. The rest of the paper is organised as follows:
Section 2 reviews related work. Sections 3 and 4 detail the
data generation process, probing methodology, and the visu-
alisation tool developed for examining the embeddings. Our
study’s results are presented in Section 5, and we conclude
with a discussion and outline of future work in Section 6.

2. RELATED WORK

Explainability in machine learning remains a high profile
topic due to the opacity of high-performing models [8, 9].
Probing trained models or embeddings, such as BERT [10],
has been widely used for explaining system behaviour. Syn-
tax tree structures and idiomatic information have been de-
duced from word representations [11]. In speech processing
models, phonetic information has been analysed in deep end-
to-end models based on convolutional and recurrent neural



networks [12]. Frame-level probing experiments on wav2vec
and DeCoAR acoustic models revealed better probe per-
formance with neural embeddings [13]. Transformer-based
models, such as wav2vec 2.0 and Mockingjay, have been
probed for encoding audio, fluency, and suprasegmental pro-
nunciation [14, 15]. Phone embeddings extracted from the
Allosaurus model were analysed for discourse function in-
formation [16]. Phonetic categorisation capabilities and pho-
netic feature event patterns were explored in the wav2vec 2.0
model [5, 17]. Accent identification fine-tuning of a wav2vec
2.0 model revealed richer representations of phoneme and
prosody features [18].

Work by Abdullah et al. [19] explored the relationship
between phonetic categories and discrete units learned by
self-supervised speech models (including wav2vec 2.0 em-
beddings) to quantise speech, using an information-theoretic
framework, and discovered that discrete units correspond
to sub-phonetic events rather than high-level phonetic cat-
egories. This was significant for our work, as it confirms
that the embeddings we probe do contain information at a
more granular level than our phone labels. These findings
contribute to the understanding of how neural representa-
tions capture phonetic information and their implications
for explainability in large transformer models. More re-
cently, work by ten Bosch et al. [3] investigated the latent
representations of the wav2vec 2.0 model, and found that
phone-identification classifier probes performed well across
all layers, indicating the presence of phonetic information
sufficient for phone-identification. However, as evaluated via
classification runner-up evaluation, the underlying phonetic
structure within the embeddings changes, apparently encod-
ing less phonetic-acoustic structure at higher layers. This
change in structure alters ambiguity at phone decision bound-
aries, often unintuitively. As an example, the authors note
that vowels grouped in layer 1 of a transformer had moved
apart to a “convex pattern” by layer 18, in a manner that
did not occur as significantly for consonants. Furthermore,
the study reveals that static embeddings do encode additional
information in a manner that allows for higher-order categori-
sation of phones, such as an increased likelihood of runner-up
phones being in the same “Broad Phonetic Class”. However,
this pattern fluctuates significantly across layers and differs
for various phones.

We aim to build on our previous work, contemporaneous
with the above [17], which probed for phenomena presence
in time-step embeddings. In the current paper, we extend this
by expanding the method to probe phone boundaries for a
domain-informed set of features, providing further insights
into the consistency and divergence in phonetic structure
where phone identification proves unintuitive, and by de-
veloping a visualisation method for examining embedding
representations of speech signals, offering additional ex-
plainability through structured exploration of wav2vec 2.0
representations of speech signals. Our emphasis on prob-

ing for sub-phonetic features aims to contribute to a deeper
understanding of the wav2vec 2.0 model’s organisation of
acoustic-phonetic space.

3. DATA GENERATION

The following sections describe the generation of the various
datasets used as part of this work.

3.1. wav2vec 2.0 Representation Generation

We generated wav2vec 2.0 embeddings for TIMIT training
and test sets, using the default configuration, obtaining a 13 x
N x 768 tensor per wav file (12 layers + CNN output). N is the
number of 25 ms frames with 20 ms stride. Utilising TIMIT
annotations, we mapped time-step representations to phone
labels and reserved 258,040 x 768 samples for probe eval-
uation. We created phone-averaged representations (PARs)
using the process described by English et.al [17] from TIMIT
training set samples, yielding 13 datasets (175,232 PARs per
layer). A similar dataset of 63,555 PARs was generated for
the TIMIT test set.

3.2. Choice of Phonetic Features

In this study, the International Phonetic Alphabet (IPA) phone
classification framework is employed to select phonetic fea-
tures for the probing task. This framework provided a sys-
tematic and widely-accepted basis for selecting phonetic fea-
tures that are crucial for understanding speech sounds. Cho-
sen features encompass category (consonant, vowel, silence),
vowel features (height, front, rounding), and consonant fea-
tures (MOA, POA, voicing), chosen for their comprehensive
representation of speech sounds and capacity to capture crit-
ical distinctions. Utilising IPA-based categories enables ef-
fective evaluation of embeddings’ phonetic information en-
coding and facilitates meaningful interpretation within speech
science research. The full phone-feature classification map-
ping can be found in [20].

4. PROBING TASK DESCRIPTION AND
METHODOLOGY

A probing task involves training a domain-specific classifier
using hidden representations from a pre-trained model, such
as the wav2vec 2.0 base model trained on the Librispeech
corpus. The following sections describe the training of the
probes used in this work, and detail the analysis methodology
based on the outputs of these probes.

4.1. Probe Training

For the probing task, we trained 91 MLP models (7 fea-
tures, 13 layers) to predict articulatory feature presence using



masked phone-averaged wav2vec 2.0 embeddings. Scikit-
learn library [21] was employed for MLP implementation,
featuring a single hidden layer with 200 ReLU activation
neurons and k output neurons using logistic or softmax ac-
tivation function based on & (binary or multi-class), where
k represents the number of classes for each articulatory fea-
ture or category. Hyperparameters adhered to scikit-learn’s
default settings, except for increased hidden layer size. A
dataset of 175,232 PARs was used for training, with each
sample being a wav2vec 2.0 representation and phone label.
Models were trained on 175,232 x 768 representations and
received 175,232 x 1 feature presence labels as target cat-
egories, based on the phone label mapping [20]. Probing
models predicted articulatory feature presence in time-steps
from PARs. To ensure probe performance was not influenced
by chance correlation, randomised datasets were devised for
comparison, maintaining the same number of features, sam-
ples, and target labels as described above. The values of these
datasets are in the range of the corresponding features in the
embeddings. Probes trained on randomised datasets failed
to predict features effectively, exhibiting performance levels
aligned with random chance baseline.

4.2. Contextual Metadata Generation

In order to facilitate bulk evaluation of patterns discerned dur-
ing the following analysis, it is necessary to generate meta-
data about frames for the test dataset, enabling the identifica-
tion of specific phone boundaries. To achieve this, 13 addi-
tional probes are trained to predict TIMIT phones based on
averaged phone representations. Subsequently, for the en-
tire test dataset, pertinent information is generated including
the target phone (derived from TIMIT metadata), the pre-
dicted phone (as determined by the phone-label probe), the
preceding and following phones (as per the TIMIT metadata),
word context, and frame indices corresponding to individ-
ual frames that constituted the averaged representation. This
process allowed for subsequent extraction of frames compris-
ing target phones (e.g., TH preceded by a K label' or cor-
rectly/incorrectly predicted phones as per the probe) for use
in the second probing task.

4.3. Probe Outputs

Multiple probes are used for predicting phonetic features of a
single time-step representation. The category probe (see Sec-
tion 3.2) serves as an identifier to select the suitable probe.
Then, feature probabilities are generated by the specific ar-
ticulatory probes. For example, when a frame is predicted
to be a consonant (on a per layer basis) the MOA, POA and
voicing probe corresponding to a particular layer are used. It
is important to note that probes yield a probability distribu-
tion for the feature group. As an example, the MOA probe

'We use ARPADbet notation throughout, e.g. F is [f]

for a layer produces eight probabilities corresponding to each
of the eight consonantal MOAs (plosive, nasal, trill, tap/flap,
fricative, lateral fricative, approximant, lateral approximant).

4.4. Visualisation Tool

To facilitate analysis and enable manual inspection of probe
outputs, we developed a visualisation tool which we refer to
as w2v2viz. This takes a wav file and generates probe out-
puts for each time-step representation across output layers.
These outputs are visualised as a 3D terrain, with X and Y
axes representing MOA and POA categories, and the Z axis
corresponding to the product of probability distributions for
each feature intersection in consonant frames. Users can vary
layers and frames using sliders, enabling evaluation of probe
feature probabilities at each time-step in wav2vec 2.0 repre-
sentations. Peaks observed at specific intersections signify
high probe confidence in the presence of a particular artic-
ulatory feature pair within the time-step (e.g., in Figure 2,
MOA/POA for consonants). Additional details are displayed
in textual format, including target phone (provided metadata
is available) and third-feature detection such as voicing and
rounding.

5. RESULTS

This section presents the probing task results and discusses
their significance within the analysis framework as a contri-
bution towards modern ASR model explanations. Figure 1
presents the layer-wise accuracy scores for the feature and
phone probes. These values are with respect to the PARs
in the test-set. Layer 9 demonstrates suitable generalised ac-
curacy across various features and is selected for the frame-
by-frame exploration. A specific coarticulation example, the
transition from NG to TH in the word strength, is chosen,
with epenthesis of a K sound for smoother transition.
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Fig. 1. Feature probe accuracies per layer.



AANNOTATED PHONE: K
PHONE: K POA: Velar MOA: Plosive

ANNOTATED PHONE: TH
PHONE: X POA: Velar MOA: Fricative

ANNOTATED PHONE: TH
PHONE: TH POA: Dental MOA: Fricative

T
{as
{oc
o
I
&
/,&;

{os
I
{oz

Po ©

Fig. 2. Visualisation of K-TH transition across 3 frames.

5.1. Visualisation Tool Results

Figure 2 displays the w2v2viz outputs for the K-TH transi-
tion. Frame 152, part of the TH phone, accurately identifies
the MOA as fricative and the POA as velar, with a smaller
probability for dental POA, which becomes the primary peak
in frame 153. This finding highlights the successful identifi-
cation of an articulatory transition between K and TH phones,
wherein the speaker adjusts the MOA to match the subsequent
phone while maintaining the POA of the preceding phone.
These results imply that individually-trained feature probes
can identify phenomena at a granularity below phone-level
training, holding promising implications for future research.

We also examine the transition frames between the same
two phones in different utterances, particularly focusing on
the N-F transition, as we expected to encounter instances of
nasal assimilation. Figure 3 displays the transition between
an “N” and “F” phone in two utterances for the word “uN-
Fused.” Subfigure A presents a bilabial assimilation, wherein
the speaker’s lips close as a result of the influence of the up-
coming F on articulation. The middle frame reveals a de-
tection for the articulatory features of a P phone, exemplify-
ing epenthesis, an insertion that facilitates transition in artic-
ulation. In this instance, the airflow changes its path during
the production of the M sound, initially passing through the
nasal cavity, then transitioning to the vocal cavity, leading to
the P sound before the lips open for the frication necessary
to produce the F sound. This is detected by the probes as a
confidence spike at the bilabial-plosive intersection. In con-
trast, Subfigure B demonstrates the transition without bilabial
assimilation, presenting a direct transition where the probes
identify the persistence of the POA feature as the speaker tran-
sitions to the production of the fricative F.

6. CONCLUSIONS AND FUTURE WORK

We have presented an approach for making use of limited la-
belled data to probe the phonetic information encoded within
the transformer-based wav2vec 2.0 model, by training small
MLP models to detect phone-specific features in the hidden
layers based on IPA classifications. Our results demonstrate
that our probing methodology is capable of identifying nu-
anced articulatory phenomena occurring below the level of
annotation in our labelled data. The probes also successfully
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Fig. 3. Visualisation of N-F transition with: A) Bilabial as-
similation and epenthesis of P. B) No bilabial occurrence.

identify articulatory transitions that were not recorded by an-
notators in the TIMIT dataset, notably constraints on POA
transition. Furthermore, our visualisation tool facilitates in-
vestigation of a single frame across the transformer layers,
tracking the emergence of features through the model. This is
something we aim to explore in follow-up work which will
track the development and identification of boundary phe-
nomena across layers to uncover how different layers con-
tribute to the encoding of phonetic features. We also aim to
expand this work to assess a wider range of phonetic events to
allow for the evaluation of phonetic theory and explainability
within the embedding space.
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