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Abstract—In recent years, the impact of self-supervised speech
Transformers has extended to speaker-related applications. How-
ever, little research has explored how these models encode speaker
information. In this work, we address this gap by identifying
neurons in the feed-forward layers that are correlated with
speaker information. Specifically, we analyze neurons associated
with k-means clusters of self-supervised features and i-vectors.
Our analysis reveals that these clusters correspond to broad
phonetic and gender classes, making them suitable for identifying
neurons that represent speakers. By protecting these neurons
during pruning, we can significantly preserve performance on
speaker-related task, demonstrating their crucial role in encoding
speaker information.

I. INTRODUCTION

Self-supervised Transformers have enjoyed a great success
in learning speech representations that can be applied to a
wide range of tasks [9, 21, 23, 16, 2, 5, 22]. Their main
application has largely been on automatic speech recognition,
but the impact of self-supervised Transformers has extended
to speaker-related tasks [11, 30, 6], rivaling the state of the
art [27]. Despite the successes, few (except [8] and [28])
have analyzed how speaker information is encoded in these
models. Even in [8] and [28], the analyses have been limited
to probing classifiers. There is generally a lack of studies
and tools for analyzing speaker information in self-supervised
speech Transformers.

A recent study [19] has shown that compressing the feed-
forward layers (also known as FFNs) in Transformers is
particularly detrimental for speaker tasks, hinting that speaker
information is more prominent at feed-forward layers com-
pared to other parts of the Transformer. The finding provides us
an approach to studying speaker information through pruning.
In addition, the interpretation of feed-forward layers as key-
value memory [14] has proven useful for analyzing the feed-
forward layers in Transformers. In particular, given a property
of interest (such as phones, gender, or pitch), one can identify
a set of neurons in FFNs that is reponsible for representing
a property [20]. The combination of pruning and identifying
property neurons provides a novel approach to analyzing feed-
forward layers in Transformers.

In this work, we study speaker information in self-
supervised Transformers by identifying property neurons re-
lated to speakers. We take the aforementioned pruning method-
ology as our evaluation: a set of neurons are deemed important

979-8-3315-7206-8,/25/$31.00 (©)2025 IEEE

if pruning them leads to severe degradation in performance. In
other words, the performance should be largely preserved if
the set of important neurons are protected during pruning. If
we are able to identify a set of neurons that does not hurt a
speaker task much when protected during pruning, then that
set of neurons are the ones where the speaker information is
prominent.

There are a few challenges when adopting this methodology.
The first challenge is that as the number of classes within a
property increases, the number of identified neurons decreases.
As we will see later in the experiments, this seems to be an
inherent drawback of the approach proposed in [20]. Given
the large number of speakers in a typical speech dataset,
using speaker IDs directly would result in very few property
neurons being identified. A subsequent challenge is to decide
what alternative property to use for identifying speaker-related
neurons, especially under the constraint that speaker labels are
unavailable.

To address this, we opt for the classes discovered by k-
means (with a small k) on self-supervised features and i-
vectors [10]. While x-vectors [29] offer stronger performance,
they require supervised training. In contrast, i-vectors are label-
free, aligning better with our unsupervised pipeline. Inspired
by prior works [25, 24] showing that phonetic information
can aid the learning of speaker embeddings, we hypothesize
that identifying speaker-related neurons requires both phonetic
and speaker information. Accordingly, we use both SSL and i-
vector-based clusters, which we expect to correspond to broad
phonetic and speaker classes, respectively. This unsupervised
design allows us to identify speaker-relevant neurons without
relying on any labels. An added benefit of this approach is
that no labels are needed when identifying neurons with the
k-means clusters.

Our experimental results show that by protecting the neurons
discovered using clusters on self-supervised features and i-
vectors, we can significantly preserve speaker information
when pruning FFNs and improve pruning effectiveness. Our
approach, without requiring labels, rivals the approach pro-
posed in [20] which does use phone and gender labels. Our
approach works especially well in the one-shot pruning setting.
We are able to prune about 70% of the total parameters in
FFN in a single step without causing significant performance
degradation.
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II. METHODOLOGY

In thie section, we review the approach proposed in [20] and
discuss the extension made in this work. At the high level, to
find a set of neurons, we need to decide what it means for a
neuron to be activated and how it correlates with a property.

Whether a neuron is activated can be determined by looking
at individual frames. For a frame v € R< a neuron is
considered activated when its value is among the top A% in
the frame. Formally, a frame is binarized into

T
b(v) = [IL'Ul>top A% (v) ]]-vD>t0p )\%(v)] > (1)

where ) is a hyperparameter. This binary vector is called the
activation pattern in [20]. Once the activation is determined,
we can correlate the activations with the properties of interest.

A. SSL Cluster Neurons

As argued in the introduction, we run k-means on the
self-sueprvised features to obtain clusters and correlate the
activation patterns with the clusters. Spefically, for a cluster
¢, we define Gfl to be the set of neurons

{d :p([b(v)]q = 1 | frame v is in cluster ¢) > p%}, )

where p is a thresholding hyperparameter. The probability is
computed with simple counts of co-occurrences. The classes
used in [20] are phones and the discovered neurons form
clusters of vowels, consonants, and semi-vowels. We will
later in the experiments show that clusters of self-supervised
features discovered by k-means already form a good separation
of these broad categories.

Similar to the findings in [20], we find that certain neurons
are correlated with speech, and get activated with all the
clusters. We follow [20], selecting the non-overlapping set
among different clusters

kss]
Ppa=Je- |J a'nacy, 3)
e=1 1<e<j <k

where kg is the number of SSL clusters. We refer to the set
of neurons Py as SSL cluster neurons.
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B. i-vector Cluster Neurons

The approach of how neurons are discovered is general and
can be easily extended by conditioning them on other prop-
erties of speech. Since our focus is on analyzing the speaker
information, we further cluster the i-vectors of utterances and
label all the frames in an utterance with their i-vector cluster
ID. This leads to further conditioning of the neurons, and we
define the set of neurons Gigvf’c for an i-vector cluster g and
SSL cluster c as

{d :p([b(v)]a = 1| frame v is labeled i-vector cluster g,

and SSL cluster ¢) > p%}. 4)

To obtain the neurons conditioned just on i-vectors, the ap-
proach taken by [20] is taking the intersection of all SSL
clusters

Ksst
Gy = Gie. (5)
c=1
Given the formal definitions, we can now see that as kg
increases, the discovered neurons naturally decreases.

It is not entirely clear why the neurons need to be condi-
tioned on SSL clusters and then later taking the intersection.
There are a few alternatives that can achieve a similar need.
Alternative A We can take the union

Kgsi
Ay =G (6)

c=1
instead of intersection in Eq.5.

Alternative B We can drop the conditioning on SSL clusters
altogether and define

Bigve = {d : p([b(v)]g = 1| frame v is labeled @)

i-vector cluster g) > p%}.
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Alternative C We can follow Alternative B but further
intersect SSL cluster neurons outside the probability

kgsi
C«;ve — B;VC N ﬂ stl. 8)
c=1
All of the above alternatives provide a set of neurons related
to i-vector clusters. Regardless of how the neurons related to
i-vectors are discovered, the last step is still to find the non-
overlappting ones

ki\'e
ive
Pre = U Gy —
g=1

where ki, is the number of i-vector clusters. Here, Gg”e
can be replaced with any of the three alternatives mentioned
above. It is not immediately clear why we would choose one
or the other, and we will look into these alternatives in the
experiments. Figure 1 illustrates how the neurons are identified
and their set relations.

U ¢&inai, 9)

1<g<j<kive

C. Protecting Neurons while Pruning

There are two feed-forward layers in a Transformer block.
We prune the 3072 hidden dimensions after the first feed-
forward layer by removing rows from the first layer and the
corresponding columns in the second layer. Following [15],
we prune the dimensions (i.e., neurons) that have small ;-
norm of the weights. Given the set of neurons we discovered
in previous sections, we can decide to keep (or protect) them
even when they should have been pruned.

We choose two pruning approaches as our evaluation: one-
shot pruning [17] and iterative pruning [15, 12]. For both
pruning approaches, we have a target sparsity to achieve. One-
shot pruning prunes the neurons that have low ¢; of the weights
to the target sparsity in one step. Iterative pruning, however,
iterates between pruning and fine-tuneing, using a schedule to
gradually prune until the sparsity reaches the target.

III. EXPERIMENTAL SETTING

In the experiments, we will use the methodology outlined
in the introduction, identifying neurons that are potentially im-
portant for encoding speakers and later protecting them during
pruning. We use the SUPERB benchmark [32], specifically
speaker identification, to probe the speaker information of
self-sueprvised speech Transformers. In addition to speaker
identification (SID), we will also look at phoneme recognition
(PR), emotion recognition (ER), and intent classification (IC).
The self-supervised models we study are MelHuBERT [18]
and wav2vec 2.0 [3], where MelHuBERT takes mel spectro-
grams as input and wav2vec 2.0 takes raw waveform sam-
ples. Our method is also applicable to other models such as
HuBERT [16] and WavLM [5], but their pre-training targets
are not publicly released, making continued pre-training and
pruning difficult to evaluate.

For identifying the neurons, we set A = 1% as the threshold
to compute the activation patterns and p = 1% for correlating
activation patterns with clusters. We run k-means on the

9th layer of MelHuBERT to obtain the SSL clusters. Recall
that we hypothesize in the introduction that speaker-related
neurons may rely on both phonetic and speaker information.
We therefore intentionally select the 9th layer, as it produces
phonetically prominent clusters. We use the same frame-wise
cluster assignments for both MelHuBERT and wav2vec 2.0
features.

For iterative pruning, we prune 128 dimensions every 25,000
steps and continue pretraining the model after each pruning
step using a learning rate of le-5. We use a batch size of 4
for MelHuBERT and 12 for wav2vec 2.0. Pruning continues
until 512 hidden dimensions remain in the FFNs. For one-
shot pruning, we first identify the SSL cluster neurons and
i-vector cluster neurons in the unpruned model, then prune all
other neurons in a single step. Since the number of neurons
identified vary across layers, different layers may retain differ-
ent numbers of dimensions after one-shot pruning. To ensure
a fair comparison, we prune the model to the same average
number of dimensions across pruning methods. Specifically,
the model is pruned to an average of 867 dimensions per layer
for MelHuBERT and 780 dimensions per layer for wav2vec
2.0.

IV. RESULTS

Below we will present three sets of results. We will
first study the k-means clusters and how they capture broad
phone classes. Next, we will present the comparison between
protecting the neurons we discovered and regular pruning.
Additionally, we also compare to the approach in [20], as
our approach is largely derived from theirs. Finally, we will
study the impact of the hyperparameters, in particular, how the
number of clusters and the different alternatives of discovering
neurons impact pruning.

A. Interpreting SSL and i-vector Clusters

For the SSL clusters, given their rich phonetic informa-
tion [32, 31, 26, 7] and their main applications in automatic
speech recognition [3, 16, 1, 13], we hypothesize the clusters
are likely to be correlated with broad phone classes. Figure 2
shows the result of running k-means on MelHuBERT features
with kg = 3. We find that the first cluster predominantly
corresponds to vowels, the second includes vowels and voiced
consonants, and the third mainly contains voiced and unvoiced
consonants. This result is very much aligned with the clustering
results shown in [20], where vowels and consonants are
separated with semi-vowels inbetween the two. For the i-vector
clusters, when ki, = 2, they closely match the gender classes.
The first cluster has a 97.23% purity of being male, while the
other cluster has a purity of 89.82% of being female. This
again aligns well with the gender results in [20].

The decision to use a small number of clusters has been
discussed in previous sections. The main issue is that the
number of discovered neurons decreases significantly when
using a large number of clusters, as is shown in Eq. 5. We
will study this problem empirically later, and this seems to be
an inherent problem of the approach in [20].
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TABLE I
THE RESULTS FOR ITERATIVE AND ONE-SHOT PRUNING ON MELHUBERT AND WAV2VEC 2.0. WE USE “\ CLUSTER NEURONS” TO DENOTE PRUNING
WHILE PROTECTING THE CLUSTER NEURONS IN THIS WORK, AND “\ PROPERTY NEURONS” TO DENOTE PRUNING WHILE PROTECTING PROPERTY
NEURONS [20]. ITERATIVE AND ONE-SHOT PRUNING RESULTS ARE NOT DIRECTLY COMPARABLE DUE TO DIFFERENCES IN MODEL SPARSITY. NOTE THAT
LIN ET AL. [20] USE LABELS FOR IDENTIFYING PROPERTY NEURONS, WHILE OURS IS PURELY UNSUPERVISED.

. SID (ACC%)T PR (PER%)| ER (ACC%)T IC (ACC%)T
Model Pruning Method
Iterative ~ One-Shot | Iterative  One-Shot | Iterative  One-Shot | Iterative  One-Shot

unpruned 63.96 8.17 57.52 72.24

regular pruning 51.04 54.08 12.28 9.11 54.96 55.92 59.32 67.65
MelHuBERT

\ cluster neurons 52.66 62.96 12.22 9.11 57.52 58.67 68.81 82.64

\ property neurons [20] 54.10 58.27 10.8 9.00 57.11 54.82 71.13 68.78

unpruned 75.18 5.74 63.43 92.35

regular pruning 57.41 63.42 14.54 11.17 59.34 60.77 89.45 91.03
wav2vec 2.0

\ cluster neurons 58.34 70.67 14.34 11.26 59.43 62.89 94.06 95.65

\ property neurons [20] 57.35 66.05 14.11 9.70 61.39 61.28 91.22 91.88
mmm vowels B voiced consonants pruning.

semi-vowels EEm unvoiced consonants
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Fig. 2. Amounts of broad phone classes within the clusters produced by
running k-means on self-supervised features with kg = 3.

B. Protecting Neurons during Pruning

We present our main results in Table I. While all tasks
suffer after pruning, speaker identification (SID) suffers the
most by as much as 23.6% relative for wav2vec 2.0 after
iterative pruning. Protecting both cluster neurons and property
neurons help recover the performance loss due to pruning.
However, protecting the cluster neurons is on par with pro-
tecting property neurons, while being significantly better in
one-shot pruning, recovering most of the performance loss.

Despite not being our goal, protecting cluster neurons also
brings certain benefits for emotion recognition (ER) and intent
classification (IC). In one-shot pruning, our approach can
even get achieve a better performance than the unpruned
results. We suspect that the unpruned results suffer a mild
overfitting, and pruning can serve as a regularization and brings
improvement [4]. Protecting cluster neurons has little effect on
phone recognition (PR).

Overall, we are able to prune about 70% of the paramame-
ters with one-shot pruning while maintaining most of the
performance for speaker identification.

C. Analysis and Ablation Study

To gain further understanding of how the hyperparameters
affect the identified neurons and the pruning performance,
in this section, we conduct analysis and ablation studies for
the proposed approach. For simplicity and consistency, all
experiments here are done on MelHuBERT with iterative
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Effect of Different Numbers of Clusters. We first analyze
the impact of the number of clusters kg used in k-means. The
results are shown in the first and second rows of Table II.
When kg is set to 39 or 100, the performance across the four
downstream tasks degrades significantly. As we have alluded to
in the introduction, we attribute this to the problem of not being
able to identify enough neurons to protect. Figure 3 shows
how the number of identified neurons changes when we use
different cluster sizes, and we can see that when the number
of clusters is large, few neurons are identified except for the
first and the last layers.

Effect of Removing SSL or i-vector Cluster Neurons. Next,
we evaluate the impact of not protecting either SSL cluster neu-
rons or i-vector cluster neurons. The results are presented in the
third and fourth rows of Table II. We observe that both types
of neurons are essential for maintaining performance, as the
removal of either negatively affects the results. Interestingly,
SSL cluster neurons appear to be more critical than i-vector
cluster neurons for SID. This finding aligns with previous
research suggesting that phonetic information is useful for the
learning of speaker embeddings [25, 24].

Alternatives to Identifying i-vector Cluster Neurons. Fi-
nally, we explore the alternatives of identifying i-vector cluster
neurons described in Section II-B. The results, presented in the
fifth, sixth, and seventh rows of Table II, show that condition-
ing and then intersecting outperforms the other alternatives in
three out of four tasks, with IC as the only exception. Overall,
conditioning and then intersecting shows better performance
than other alternatives. We again attribute this to the number
of neurons identified. As shown in the bottom part of Figure 3,
the i-vector cluster neurons identified by conditioning and
intersecting are fewer compared to those from Alternative A
and Alternative B, allowing for more efficient pruning that
avoids protecting too many neurons. In contrast, Alternative C
fails to identify enough number of i-vector cluster neurons in
the middle layers.
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TABLE II
ANALYSIS AND ABLATION STUDY FOR THE PROPOSED APPROACH. THE SUBSCRIPT DENOTES THE DIFFERENCES WHEN CHANGING ONE OF THE DESIGN
DECISIONS COMPARING TO THE PROPOSED APPROACH.

SID (ACC%)t | PR (PER%)| | ER (ACC%)t | IC (ACC%)1
kssl = 100 49.1973_47 14.20 +1.98 55.36,2_16 60.61,8_2()
ksl = 39 49.98 68 14.26 4504 54.94 5 53 60.79.8.02
without SSL clusters 48.84 38> 14.1541.93 55.29.523 64.62_4.19
without i-vector clusters 49.86.5 30 13.89,167 57.23.9.29 69.62,0381
Alternative A 51.8408 13.7841.56 56.17.1 35 69.89.1 .08
Alternative B 51.21 145 13.48,126 56.63_9.89 71.55,974
Alternative C 50.44 52> 13.7941.57 55.27 55 62.53 628
Proposed Method | 52.66 | 2 [ 5152 | 688l
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Fig. 3. The number of i-vector cluster neurons in different layers for different
number of SSL clusters kg (top) and different alternatives to identify i-vector
cluster neurons (bottom).

V. CONCLUSION

In this work, we introduce the concept of SSL cluster
neurons and i-vector cluster neurons. Our approach better
retains performance when these neurons are protected dur-
ing pruning. Notably, it is particularly effective for one-shot
pruning, even surpassing the unpruned results in some cases.
Additionally, we conduct analysis and ablation studies on
the neuron identification process, addressing gaps in prior
research. Overall, these cluster neurons play a significant role
in encoding speaker information.
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