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Abstract—Self-supervised learning (SSL) has enabled powerful
speech representations learned directly from raw speech, yet
the temporal structure encoded in these embeddings remains
poorly understood. This work investigates whether phonetic
segmentation signals emerge naturally in the temporal dynamics
of SSL speech representations. Frame-level embeddings from
pretrained SSL. models (wav2vec2.0, HuBERT, and WavLM)
are analyzed, and a representation-change signal is constructed
by measuring cosine distance between contextual embedding
averages computed over short temporal windows before and after
each frame. Peaks in this signal are interpreted as candidate
phonetic transitions. Using the TIMIT corpus with phoneme
boundary annotations (6300 utterances), the alignment between
detected peaks and phoneme boundaries is evaluated while
analyzing the influence of temporal context size. Across mod-
els, representation-change peaks show strong correlations with
phoneme counts in an utterance (up to 0.93) and occur close
to phoneme boundaries, with median alignment errors as low
as 12.7 ms. Boundary detection precision reaches 0.93 within
a +40 ms tolerance window, with F1 scores up to 0.89. These
results indicate that phonetic boundary information emerges
in the temporal dynamics of SSL embeddings and suggest
that simple representation-transition signals provide an effective
unsupervised cue for phonetic boundary detection.

Index Terms—self-supervised learning, phoneme segmentation,
wav2vec 2.0, HuBERT, WavLM.

I. INTRODUCTION

Self-supervised learning (SSL) has become a central
paradigm for learning speech representations directly from
raw speech, enabling models to capture rich acoustic and
linguistic information without requiring large labeled datasets.
Recent SSL frameworks have therefore emerged as a powerful
foundation for modern speech processing systems [1]. Models
such as wav2vec 2.0 [2], HuBERT [3], and WavLM [4]
achieve strong performance across a wide range of tasks,
including automatic speech recognition, speaker recognition
[5], speech emotion recognition [6], and speech synthesis
[7]. Using large-scale unlabeled speech corpora, these models
learn contextual representations that encode rich acoustic and
linguistic information.

Speech is inherently structured in time, with linguistic
units such as phonemes, syllables, and words forming a
hierarchical organization [8]. Traditional speech processing
systems typically segment speech into phonetic units using
supervised models trained with explicit boundary annotations
[9]. In contrast, SSL. models are trained without phonetic
supervision, yet their learned representations implicitly encode
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phonetic and linguistic structure [2], [3]. Understanding how
such structure emerges in SSL representations may provide
insights into model behavior and potentially benefit a wide
range of speech technology applications.

Despite the strong performance of SSL representations
across speech tasks, their temporal dynamics remain relatively
underexplored. Prior studies have demonstrated that SSL em-
beddings encode phonetic information and support phoneme
recognition or probing tasks [2], [10], [11], [12], [13], [14],
[15]. However, most existing analyses focus on information
contained within individual embedding frames or evaluate
representations through fine-tuning on different downstream
tasks [16]. Comparatively little attention has been given to how
SSL embeddings evolve over time and whether transitions in
these representations reflect underlying phonetic changes in
the speech signal, which may be important for understanding
what these models encode and learn.

This work explores the temporal behavior of SSL. embed-
dings to examine whether phonetic transitions are reflected
in their representation trajectories. If embedding dynamics
capture phonetic structure, abrupt changes in the embedding
space should occur near phoneme boundaries and exhibit
systematic relationships with the phonetic organization of
speech.

To investigate this idea, frame-level embeddings from pre-
trained SSL models are analyzed to identify transitions in
their temporal trajectories. Using phoneme-level annotations
from the TIMIT corpus [17], the relationship between detected
representation transitions and phonetic structure is evaluated,
and the effectiveness of these transitions as an unsupervised
cue for phonetic segmentation is assessed.

The main contributions of this work are summarized as
follows:

e An analysis of the temporal dynamics of self-supervised
speech representations to examine whether phonetic tran-
sitions emerge in SSL embedding trajectories.

« A simple representation-change signal based on distances
between contextual embedding averages for detecting
candidate phonetic transitions.

e A large-scale evaluation on 6300 utterances from the
TIMIT corpus using three SSL models (wav2vec 2.0,
HuBERT, and WavLM), analyzing statistical relationships
with phoneme structure and phoneme boundary detection
performance.
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Fig. 1: (a) Waveform of the utterance ”She had your dark suit
in greasy wash water all year”. Representation-change signals
computed from contextual embeddings of (b) wav2vec 2.0,
(c) HuBERT, and (d) WavLM. Vertical dashed lines indicate
phoneme boundaries and red markers denote detected peaks
corresponding to candidate phonetic transitions.

II. METHODOLOGY

This section describes the methodology used to analyze
temporal changes in self-supervised speech representations
and their alignment with phoneme boundaries.

The approach consists of four stages: (1) extraction
of frame-level SSL embeddings, (2) construction of a
representation-change signal from embedding trajectories, (3)
detection of transition peaks in this signal, and (4) evaluation
of alignment between detected peaks and phoneme boundaries.
These stages are described in the following subsections. An
illustrative example of the representation-change signal is
shown in Fig. 1 for the TIMIT utterance SAI spoken by
speaker FCJFO, where peaks in the SSL embedding distance
signals occur near phoneme boundaries.

Let the input speech signal be represented as a discrete-time
waveform

, o7} (D

x={x1, 29, ...

sampled at a rate of f;.

The waveform is processed using pretrained SSL speech
encoders that produce contextualized frame-level representa-
tions. These models typically consist of convolutional feature
encoders followed by transformer-based context networks.
Formally,

E = fo(z) 2

where fp(-) denotes the pretrained SSL encoder with pa-
rameters 6. The resulting sequence of embedding vectors is

E:{elae27"'7eN}7 (3)

where
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represents the contextualized speech representation at frame
index ¢.

Due to the convolutional feature encoder used in SSL
models, the embedding sequence is temporally subsampled
relative to the input waveform. The resulting sequence E can
therefore be interpreted as a trajectory of speech represen-
tations evolving over time in a high-dimensional embedding
space.

In this study, embeddings are extracted from the final trans-
former layer of the pretrained SSL encoders, which provides
fully contextualized speech representations. This allows the
temporal dynamics of the SSL representation space to be an-
alyzed directly. Analysis of intermediate layer representations
is beyond the scope of this study.

A. Representation Change Signal

Within a phoneme segment, acoustic characteristics tend
to remain relatively stable, resulting in smooth evolution of
embedding vectors. In contrast, transitions between phonemes
involve abrupt articulatory and acoustic changes that produce
larger variations in the embedding trajectory.

To quantify these variations, representation change around
each frame is measured using short temporal context windows.
Let k denote the context size. The left-context representation
is defined as

1k
h=EZ¥Fi (5)
and the right-context representation as
1k
ry = % ; €tti- (6)

Averaging the k preceding and succeeding embeddings
provides a stable estimate of the local phonetic state while
excluding the center frame, enabling clearer representation
of changes across potential boundaries. The representation-
change signal at frame ¢ is computed as

dt = D(lt,rt) (7)

where D(-,-) denotes a distance function between embed-
ding vectors. Cosine distance is primarily analyzed,
a-b

Dcos ab =1- =m0 8
(8:5) =1~ 5ol ®)

which measures the angular difference between embedding
vectors. Cosine distance is commonly used for comparing
high-dimensional embeddings and was found to produce
clearer representation-change peaks than L1 or L2 distances
in preliminary experiments. Computing this distance for each
frame yields a one-dimensional representation-change signal
whose peaks correspond to large changes in the embedding
trajectory.



B. Peak Detection

Candidate phonetic boundaries are detected as local max-
ima in the representation-change signal. A frame index ¢t is
considered a peak if

dt > dt,1 and dt > dt+1. (9)

Detected peak indices are subsequently converted to tem-
poral locations using the frame resolution of the SSL embed-
dings.

C. Boundary Alignment

Let b; denote the ground-truth phoneme boundary times-
tamps obtained from the TIMIT corpus. For a detected peak
occurring at time ¢, the temporal distance to the nearest
phoneme boundary is computed as

0 = min |t — bj|. (10)
J

This distance is used to evaluate segmentation precision

under different tolerance thresholds.

D. Utterance-Level Statistical Analysis

Beyond boundary detection, statistical relationships between
representation-change peaks and phonetic structure are ana-
lyzed at the utterance level. For each utterance, the number
of detected peaks IV, the number of phonemes NV, and the
utterance duration 7' are computed.

Peak rate and phoneme rate are then defined as

N N
P Tph = Tph (11)

Pearson correlation coefficients are computed across utter-
ances to quantify relationships between representation-change
peaks and phoneme counts, as well as between peak rate and
phoneme rate.

III. EXPERIMENTAL SETUP

This section describes the dataset used in the experiments,
the SSL models analyzed in this study, and the evaluation pro-
tocol used to assess the relationship between representation-
change peaks and phoneme boundaries.

A. Dataset

Experiments are conducted using the TIMIT corpus [17],
a widely used benchmark for phonetic analysis. The corpus
contains recordings from 630 speakers across multiple dialect
regions of the United States, each producing ten phonetically
balanced sentences, resulting in 6300 utterances. All record-
ings are provided at a sampling rate of f; = 16 kHz.

TIMIT includes time-aligned phoneme annotations, which
are used as ground-truth boundaries for evaluating the align-
ment between detected representation-change peaks and pho-
netic transitions.

B. SSL Models

Representations from the base variants of three SSL speech
models are analyzed: wav2vec 2.0 [2], HuBERT [3], and
WavLM [4]. The configurations of these models are summa-
rized in Table I. For each utterance, frame-level embeddings
are extracted from the final transformer layer of the pretrained
SSL encoders.

The extracted embeddings are used to construct the
representation-change signal described in Section II. Contex-
tual embedding averages are computed using short temporal
windows before and after each frame. Multiple context sizes
(k =1,2,3) are evaluated to study the influence of temporal
context on segmentation performance.

Peaks in the representation-change signal are treated as can-
didate phonetic transitions. Peak detection applies a minimum
peak height threshold of 7 = 0.5 and enforces a minimum
separation of two frames between consecutive peaks. The
threshold is selected empirically to suppress small fluctuations
in the representation-change signal while preserving prominent
transitions associated with phoneme boundaries; lower values
increase spurious peaks while higher values miss weaker
boundaries.

For the SSL models considered in this study, the convo-
lutional feature encoder produces embeddings at a temporal
resolution of 20 ms, determined by the stride of the feature en-
coder. Detected peak indices are converted to timestamps using
this frame resolution. Alignment with phoneme boundaries is
evaluated using tolerance windows of £20ms, £30ms, and
+40 ms. Boundary detection performance is measured using
precision, recall, and F1 score.

All experiments are conducted on the complete TIMIT
dataset. In addition to boundary detection performance,
utterance-level statistics are analyzed to examine the rela-
tionship between representation-change peaks and phonetic
structure.

IV. RESULTS

This section presents the experimental results. Statistical re-
lationships between representation-change peaks and phoneme
structure are first analyzed, followed by an evaluation of
phoneme boundary detection performance.

A. Representation-Change Peak Statistics

Table II summarizes statistical relationships between de-
tected peaks and phonetic structure across SSL models and
context sizes. Across all models, strong correlations are ob-
served between the number of detected peaks and the number
of phonemes in each utterance. These correlations remain
consistently high (above 0.85) for all context sizes, reaching
0.93 for WavLM. This indicates that abrupt changes in SSL
embedding trajectories closely track phonetic transitions in the
speech signal.

The relationship between peak rate and phoneme rate is
also examined. As shown in Table II, these correlations are
moderate (e.g., 0.59 for wav2vec 2.0, 0.72 for HuBERT, and



TABLE I: Configuration of the self-supervised speech models analyzed in this study.

Model Encoder Architecture Parameters Pretraining Data Hours Embedding Dimension
wav2vec2-base CNN + Transformer 9SM LibriSpeech 960 h 768
HuBERT-base CNN + Transformer 95M LibriSpeech 960 h 768
‘WavLM-base CNN + Transformer 94M Libri-Light + VoxPopuli + GigaSpeech ~ 94k h 768

0.73 for WavLM at k£ = 1), indicating that representation-
change peaks are influenced by speaking rate but are not
determined solely by speech tempo and primarily reflect local
phonetic transitions.

Temporal alignment between detected peaks and ground-
truth phoneme boundaries is also highly precise. Median
alignment errors reported in Table II range from 20ms for
wav2vec 2.0 to 12.75 ms for WavLM. These values are close
to the intrinsic 20 ms temporal resolution of SSL embeddings,
indicating that detected transitions provide temporally accurate
indicators of phoneme boundaries. Among the evaluated mod-
els, WavLM consistently achieves the lowest alignment error,
suggesting that its representations capture phonetic transitions
with sharper temporal structure.

B. Unsupervised Boundary Detection Performance

Table III evaluates the alignment between detected peaks
and phoneme boundaries under different tolerance windows
using the context size that produces the best precision for
each model (K = 1), along with the corresponding recall
and F1 scores. Precision is emphasized because peaks in
the representation-change signal are interpreted as candidate
phonetic transitions. High precision therefore indicates that
detected peaks closely correspond to true phoneme boundaries,
while recall reflects the proportion of ground-truth boundaries
successfully detected.

Across all SSL models, cosine distance between contextual
embeddings yields reliable boundary detection performance.
HuBERT and WavLM achieve the highest segmentation pre-
cision, reaching 0.93 within a 440 ms tolerance window, while
wav2vec 2.0 achieves a precision of 0.80 under the same
condition. Corresponding F1 scores reach up to 0.89.

The influence of context size and model architecture on
boundary detection precision is illustrated in Fig. 2. Increasing
the context size averages neighboring embeddings and intro-
duces temporal smoothing, which can reduce sensitivity to
sharp representation changes associated with phoneme transi-
tions. HUBERT and WavLM consistently achieve higher pre-
cision than wav2vec 2.0 across tolerance windows, indicating
that their learned representations capture phonetic transitions
with clearer temporal boundaries.

V. DISCUSSION

The results suggest that phonetic transitions are reflected
in the temporal dynamics of SSL embedding trajectories.
Within a phoneme segment, acoustic properties tend to remain
relatively stable, leading to smooth evolution of contextualized
embeddings. In contrast, transitions between phonemes involve
changes in articulatory configuration that produce distinct
acoustic patterns. These acoustic changes are captured by

TABLE II: Representation-change peak statistics across SSL
models for different context sizes k.

Model k  Count Corr. Rate Corr. Median Error (ms)

1 0.91 0.59 20.00
wav2vec 2.0 2 0.85 0.48 19.19

3 0.76 0.43 18.00

I 0.91 0.72 14.06
HuBERT 2 0.93 0.69 14.38

3 0.91 0.57 14.38

1 0.93 0.73 12.75
WavLM 2 0.93 0.67 13.69

3 0.91 0.58 13.94

TABLE 1III: Boundary detection performance for

representation-change peaks using cosine distance. Results
use the best context size per model and are evaluated under
different tolerance windows.

Model k  Tolerance (ms) Precision Recall F1
+20 0.50 0.61 0.55
wav2vec 2.0 1 +30 0.68 0.84 0.75
+40 0.80 0.99 0.89
+20 0.67 0.47 0.55
HuBERT 1 +30 0.85 0.60 0.71
+40 0.93 0.66 0.77
+20 0.68 0.53 0.59
WavLM 1 +30 0.84 0.65 0.73
+40 0.93 0.71 0.80

the SSL models as movements in the embedding space,
resulting in representation-change peaks that tend to occur near
phoneme boundaries.

This behavior may also be related to the training objec-
tives of SSL speech models. Masked prediction encourages
the model to infer missing speech segments from surround-
ing context, promoting temporally consistent representations
within phoneme regions while amplifying changes across
phonetic transitions. Models such as HuBERT and WavLM
further incorporate discrete unit prediction during pretraining,
which encourages the representation space to organize around
phonetic-like acoustic categories while WavLM’s additional
denoising objective and larger pretraining data further sharpen
its phonetic transitions. This training objective may contribute
to sharper transitions in their embedding trajectories and
clearer boundary-related changes in the representation-change
signal.

The influence of context size further highlights the largely
local nature of phonetic information in SSL embeddings. Small
context windows emphasize short-term representation changes
and preserve abrupt transitions associated with phoneme
boundaries, whereas larger contexts average neighboring em-
beddings and smooth local variations. This behavior suggests
that phonetic transitions appear as relatively sharp movements
in SSL representation space rather than gradual shifts over
longer temporal spans.
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Fig. 2: Precision versus tolerance window for boundary detection using cosine distance between contextual embedding averages.
Effect of context size k for (a) wav2vec 2.0, (b) HuBERT, and (c) WavLM and comparison of SSL models for (d) k = 1, (e)

k=2, and (f) £k = 3.
VI. CONCLUSION

This work investigated whether phonetic segmenta-
tion signals emerge in the temporal dynamics of self-
supervised speech representations. Frame-level embeddings
from wav2vec 2.0, HUuBERT, and WavLM were analyzed to
construct a representation-change signal that captures tran-
sitions in SSL embedding trajectories. Experiments on the
TIMIT corpus demonstrate strong alignment between detected
peaks and phoneme boundaries, with peak—phoneme count
correlations up to 0.93 and boundary precision reaching 0.93
within a +£40 ms tolerance window.

The results further reveal differences in temporal behavior
across SSL models and indicate that phonetic boundary cues
are primarily reflected in local changes in embedding trajecto-
ries. These findings suggest that the temporal dynamics of SSL
embeddings provide an interpretable signal for analyzing pho-
netic structure in speech. Future work may extend this analysis
to Indic and other low-resource languages, as well as to more
diverse linguistic settings including spontaneous and conver-
sational speech, and explore whether similar representation-
transition signals, including those from intermediate layers
which are known to capture richer phonetic information, can
support unsupervised segmentation at higher linguistic levels
such as syllables or words.
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