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Abstract

Learning speech representations that are use-
ful for a variety of downstream tasks has re-
ceived considerable attention, due to the out-
standing properties of Self-Supervised Learn-
ing (SSL) trained models. Despite advance-
ments in modelling methods, understanding the
difference in task performance on representa-
tions is limited. Mainly motivated by the no-
free-lunch theorem and speech production, this
work investigates changes in task performance
in sparse speech representations, providing in-
terpretability analysis under the Information
Bottleneck (IB) framework. Autoencoders
with varying sparsity levels were trained us-
ing three SSL features, and evaluated on six
tasks of SUPERB: Speech Enhancement (SE),
Speaker Identification (SID), Speech Emotion
Recognition (SER), Phone Recognition (PR),
Automatic Speech Recognition (ASR) and Slot
Filling (SF). Experiments show that: 1) differ-
ent tasks manifest different degrees of sensitiv-
ity to the sparsity levels; 2) the optimal sparsity
level for task performance varies; 3) the choice
of SSL features has a limited impact on most
tasks but with an exception of PR; 4) overall
PR and ASR require more preservation of rel-
evant information about the labels, while SID
and SER demand more compression of irrele-
vant information, where the input quality can
shift this trade-off to some degree. These find-
ings can contribute to the design of a universal
sparse speech representation learner.

1 Introduction

The performance of machine learning models is
usually highly dependent on the input representa-
tions (Bengio et al., 2013). Methods for learning
useful representations have recently been exten-
sively investigated in different domains (Devlin
et al., 2019; Chen et al., 2020; Mohamed et al.,
2022). Inspired by the success in the field of
Natural Language Processing (NLP) (Devlin et al.,
2019), one important topic in modelling of speech

is the learning of representations that are useful
for a wide range of downstream tasks using Self-
Supervised Learning (SSL). SSL is a type of un-
supervised learning that utilises supervision from
parts of the input data itself. SSL models are typi-
cally optimised by solving a so-called pretext task
(Mohamed et al., 2022). Such a pretext task can
be reconstructing the original input (Van Den Oord
et al., 2017; Huang et al., 2022), distinguishing pos-
itive from negative samples (Baevski et al., 2020)
and predicting targets from an offline teacher model
(Hsu et al., 2021; Chen et al., 2022) or with the self-
distillation framework (Baevski et al., 2022; Liu
et al., 2023). When evaluating SSL models on a
wide range of downstream tasks, the learned self-
supervised speech representations demonstrate ro-
bust performance compared to traditional features
as model input (Yang et al., 2021).

Despite rapid progress in learning useful general-
purpose speech representations with SSL, the un-
derstanding of the difference in task performance
on the learned representations is limited. Dif-
ference in task performance, or task difference
in short, in this work, refers to how task perfor-
mance differs with differently learned represen-
tations. Therefore, knowledge of the task differ-
ence can contribute to improving the performance
on all tasks, pursuing the goal of learning useful
general-purpose speech representations. Motivated
by the no-free-lunch theorem in statistical learn-
ing theory that one needs inductive bias to encode
task-specific information (Shalev-Shwartz and Ben-
David, 2014), this work investigates the task differ-
ence in the inductive bias of sparsity for representa-
tion learning. The motivation for choosing sparsity
as the inductive bias is two-fold. First, according to
(Bengio et al., 2013), “Good representations are ex-
pressive, meaning that a reasonably-sized learned
representation can capture a huge number of pos-
sible input configurations.” As a result, one way
to improve expressiveness is to learn sparse repre-
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sentations (Bengio et al., 2013). Second, from a
speech-oriented view, a speech signal is produced
by slowly adjusting the gesture of a small num-
ber of articulators (Deng, 1999). Based on this,
previous studies have suggested that sparsity can
effectively induce distinct task-specific informa-
tion (Hande Kabil and Bourlard, 2022; Deng et al.,
2013; Sisman et al., 2018; Lu et al., 2022; Peng
et al., 2022). However, a comprehensive study on
the inductive bias of sparsity for useful general-
purpose speech representations is underexplored.
Furthermore, as most current speech SSL mod-
els have demonstrated superior performance with
dense representations (Baevski et al., 2020; Hsu
et al., 2021; Chen et al., 2022), their potential after
sparsification requires empirical investigation. To
fill the gaps, this work aims to investigate the task
difference in sparse speech representations across
a wide range of tasks.

To achieve the above objective, two questions
are addressed: 1) how do different tasks perform
under the varying sparsity levels? 2) what can we
learn if a certain sparsity level is necessary for opti-
mal task performance? To answer these questions,
autoencoders with varying sparsity levels were
trained using three commonly-used SSL features
as input and evaluated on six tasks from SUPERB
with a wide coverage of speech properties, includ-
ing Speech Enhancement (SE), Speaker Identifi-
cation (SID), Speech Emotion Recognition (SER),
Phone Recognition (PR), Automatic Speech Recog-
nition (ASR) and Slot Filling (SF). The selected
six tasks cover five out of six domains from SU-
PERB (Yang et al., 2021), including generation,
speaker, paralinguistics, recognition and semantics,
evaluating the capability of useful general-purpose.
Then, the principle of Information Bottleneck (IB)
was adopted to interpret the relationship between
tasks and their associated sparsity levels for opti-
mal performance. The main contributions of this
work are:

• A first comprehensive investigation of the in-
ductive bias of sparsity for speech SSL mod-
els on general-purpose speech representation
learning, suggesting a suitable sparsity level is
necessary for optimal task performance. (Sec-
tion 4.2).

• Interpretability analysis under the informa-
tion bottleneck framework, highlighting the
compression-preservation preference for SID,
SER, PR and ASR, respectively (Section 4.3).

2 Related Work

2.1 Sparse Representation Learning

Motivation and related work on learning sparse
representations mainly originates from findings in
neuroscience, which suggest that the human brain
adopts sparse coding mechanisms for efficiency
(Olshausen and Field, 1997). In machine learn-
ing, learning sparse representations has been ex-
tensively studied using autoencoders (Makhzani
and Frey, 2014; Bricken et al., 2023; Gao et al.,
2025). Compared to their dense counterpart, Sparse
Autoencoder (SAE) typically projects the raw in-
put data into a higher-dimensional space. Without
any constraints, the resulting overcomplete autoen-
coders may struggle to learn meaningful represen-
tations. The commonly used constraint is to induce
sparsity by minimising a regularisation term such
as the L1 norm of the activations (Bricken et al.,
2023) or placing a TopK module in the encoder
part (Makhzani and Frey, 2014). Optimising the L1

norm has the problem of suppressing the learned
representation (Rajamanoharan et al., 2024), i.e.
the magnitude of the sparse representation tends
to shrink towards zero. In contrast, k-sparse au-
toencoders can mitigate this issue by directly con-
trolling the number of zeros using the TopK op-
eration (Gao et al., 2025). A recent study further
enhanced the k-sparse autoencoders (Gao et al.,
2025), as covered in Section 3.1, which will be
used as the model backbone for this work. In con-
trast to the rising interest in extracting interpretable
features from the activations of Large Language
Models (LLMs) on text (Gao et al., 2025; Bricken
et al., 2023; Lieberum et al., 2024; Huben et al.,
2024), this work aims to reveal the relationship
between task performance differences in sparse
speech representations.

2.2 The Principle of Information Bottleneck

IB provides an information-theoretical view for in-
terpreting the performance of supervised trained
deep neural networks (Tishby et al., 2000; Tishby
and Zaslavsky, 2015): their performance relies
on the trade-off between compression of the data
and preservation of the relevant information about
the target labels for prediction. The IB principle
quantifies data compression by the Mutual Infor-
mation (MI) I(x; z) between the input data x and
the intermediate representations z from deep neural
networks, while the preservation of relevant infor-
mation is quantified by the MI I(z; y) between
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z and target labels y. The optimal performance
can be achieved when I(x; z) is minimised while
I(z; y) is maximised, i.e. z has extracted the mini-
mal sufficient information from x about y. Since
its establishment, IB has emerged as a founda-
tional framework for interpreting the performance
of supervised deep learning models. While IB has
been explored in various speech tasks with a fine-
tuned balance between compression and preserva-
tion (Zhang et al., 2021; Stafylakis et al., 2024; Si
et al., 2021), it remains unclear how different tasks
differ in managing this trade-off. The principle of
IB will be adopted in the analysis of task-specific
differences in sparse speech representations.

3 Sparse Representations for
Task-specific Inductive Bias

This section introduces the methods used through-
out this work. Section 3.1 presents the background
on k-sparse autoencoders (Makhzani and Frey,
2014; Gao et al., 2025), which is used for sparse
speech representation learning. Subsequently, Sec-
tion 3.2 defines an information-theoretical measure
to quantify the preservation of relevant information
about target labels, connecting to the IB frame-
work.

3.1 k-Sparse Autoencoders

Mathematically, the sparsity level can be measured
by counting the number of non-zero elements, i.e.
L0 norm (Makhzani and Frey, 2014; Gao et al.,
2025). The k-sparse autoencoder (Makhzani and
Frey, 2014) imposes sparsity by retaining the k
largest activations (TopK operation), through con-
straining the L0 norm of the latent representation
vectors to exactly k non-zero elements. The larger
the k, the higher the sparsity level (Makhzani and
Frey, 2014). During the forward pass, the TopK op-
erator keeps the k largest hidden units active while
zeroing the rest. During the backward pass, only
the active hidden units receive gradients. Let x
denote a speech frame vector where x ∈ Rd and z
denotes its associated latent representation where
z ∈ Rh, d < h, d and h are the dimensionality for
x and z, respectively. Following (Gao et al., 2025),
the encoding and decoding processes are defined
as:

z = TopK(Wenc(x− bpre) + benc), (1)

x̂ = Wdecz + bpre, (2)

where Wenc and Wdec are the weights for encoder
and decoder respectively, and bpre and benc are the
pre-encoder and encoder bias (Bricken et al., 2023).
The k-sparse autoencoder is optimised using the
MSE reconstruction loss between the reconstructed
input x̂ and x: Lmse = ||x − x̂||22. Note that the
averaging over N data samples for Lmse is omitted
for simplicity.

Optimising SAE in practice is difficult, as it is
prone to the problem of so-called dead latent rep-
resentations or dead latents for short, i.e. some
representation dimensions remain inactive when
the input speech frames are sufficiently large. To
mitigate the issue of dead latents, two techniques
have been proposed for the k-sparse autoencoders
(Gao et al., 2025). The first is to tie the weights of
the decoder to the transpose of those in the encoder
for initialisation. The second is to use an auxiliary
loss Laux to minimise the reconstruction error us-
ing the top-kaux dead latents zaux, together with
the final loss L, which are defined as:

Laux = ||(x− x̂)−Wdeczaux||22, (3)

L = Lmse + λLaux, (4)

where λ is the weight for the auxiliary loss. Note
the sum over N samples in Equation 3 is also omit-
ted. In practice, determining the dead latents zaux
usually requires a threshold τ . Instead of using a
fixed value as in Gao et al. (2025), τ is defined as
the ratio of being inactive within a batch in this
work. For a batch with N frames and a latent re-
mained zero from n frames, it was considered dead
if n/N was larger than τ . Defining τ in this way
has better control for batch updates consisting of
variable-length sequences.

3.2 Measuring Relevant Information
In a k-sparse representation z, each latent zi has
two states, being active or not. Therefore, the state
for zi can be parametrised with a Bernoulli distri-
bution with the probability of being active as p(zi)
and being inactive as 1− p(zi). Given N data sam-
ples, the empirical estimation of p̂(zi) is defined
as:

p̂(zi) =
1

N

N∑

j=1

1
zji>0

, (5)

where 1
zji>0

is the indicator function that takes
the value one when zi is activated given the j-th
speech frame. Since the sparsity levels are induced
in an unsupervised way, the variation of latents
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being active should reflect the property of the data.
When p̂(z1), ..., p̂(zh) is i.i.d.1, such variation can
be quantified as below (Cover and Thomas, 2006):

H(z) = −
h∑

i=1

(p̂(zi) log(p̂(zi))+

(1− p̂(zi))(log(1− p̂(zi)))), (6)

where H(z) is the entropy of the latents. In terms
of speech, it contains various properties, such as
speaker identity, emotional state, phone and word,
etc. Let y be the categorical random variable that
represents a speech property that takes M classes
(e.g. y can be the labels for speaker identity, emo-
tion state, phone or word, respectively). The vari-
ation of latents being active given the label y, i.e.
H(z | y), can be quantified by:

H(z | y) =
M∑

j=1

p̂(yj)H(z | yj), (7)

H(z | yj) =−
h∑

i=1

(p̂(zi|yj) log p̂(zi | yj)+

(1− p̂(zi | yj)) log(1− p̂(zi | yj))),
(8)

where H(z | yj) is the conditional entropy of the
latents z given label yj , p̂(yj) = Nj

N is the empiri-
cal estimation of the probability for the label being
the j-th class, and N j is the number of frames as-

sociated with yj . p̂(zi|yj) =
Nj

i

Nj represents the
probability of zi being active given yj , N j

i denotes
the number of frames for zi being active given yj .
Since the downstream tasks usually require access
to the information about y, it is important to quan-
tify the shared information between z and y, which
is defined as below:

I(z; y) = H(z)−H(z | y), (9)

where I(z; y) is the MI between z and y. From the
view of IB, higher I(z; y) means the representa-
tions z preserve more information about the label
y, which is usually helpful for a supervised model
to predict y. However, the prediction performance
not only relies on the prediction power but also
on the compression of data. The process of spar-
sification can be seen as a form of compression
as it transforms the data into low-rank subspaces.

1Supported by empirical evidence that I(zi; zj) ≈
0.0 for i ̸= j, i, j ∈ {1, 2, . . . , h}

Concretely, the measure of sparsity and entropy
is closely related, where a higher sparsity usually
indicates a lower entropy (Pastor et al., 2013). Fur-
thermore, entropy can be used as a regularisation
term, which has been demonstrated to impose a
sparsity solution through optimisation (Huang and
Tran, 2019). Consequently, sparse coding has been
widely applied in the field of compressed sensing
(Donoho, 2006). The level of compression for the
sparse speech representations can be controlled by
the magnitude of k as it effectively adjusts the L0

norm. Empirically, the smaller k, the higher level
of data compression. According to IB, the opti-
mal performance always makes a trade-off between
data compression and the preservation of the rele-
vant information about labels. To investigate how
tasks differ in making such trade-offs, four tasks,
including SID, SER, PR and ASR were adopted,
interpreting the optimal sparsity level for tasks.

4 Experiments

4.1 Experimental Setup

For training of the SAE, the train-clean-360 sub-
set with 360h clean data from the Librispeech
(Panayotov et al., 2015), a read English corpus, was
adopted. The raw waveforms were first converted
into 768-dimensional dense representations using a
pretrained SSL model. In this work, the SSL model
was used as a fixed feature extractor, i.e. the model
remained unchanged throughout training and eval-
uation of the SAE. Since the speech SSL models
based on contrastive learning and predictive coding
perform differently as suggested by the informa-
tion analysis (Pasad et al., 2021), to investigate the
impact of the choice for SSL models, three com-
monly used SSL models of WavLM 2, HuBERT 3

and wav2vec 2.04 base were adopted to train SAE.
The experimental results and analysis throughout
this section are based on the WavLM base features
for SAE training, leaving that from the HuBERT
and wav2vec 2.0 base in the Appendix A.

SAEs with different sparsity levels were
trained by sweeping the dimensionality ∈
{1536, 2304, 3072, 3840, 4608} (2-6 times the di-
mensionality of 768 from WavLM base fea-
tures) and sparsity level constraint k ∈

2https://huggingface.co/s3prl/converted_ckpts/
resolve/main/wavlm_base.pt

3https://huggingface.co/s3prl/converted_ckpts/
resolve/main/hubert_base_ls960.pt

4https://huggingface.co/s3prl/converted_ckpts/
resolve/main/wav2vec_small.pt
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Dimensionality k
SE SID SER PR ch-ASR wp-ASR SF

STOI ↑ PESQ ↑ Acc ↑ Acc ↑ PER ↓ WER ↓ WER ↓ F1 ↑ CER ↓

1536

32 84.65 1.98 50.59 67.96 7.71 6.54 6.72 88.25 26.93
64 84.77 1.98 50.17 67.57 6.55 6.17 6.25 88.62 26.37
128 84.62 1.98 50.10 67.32 5.98 5.88 5.99 88.61 26.43
256 84.90 1.98 50.17 67.86 5.65 5.69 5.95 88.37 26.52

2304

32 84.60 1.97 55.79 67.82 7.13 6.48 6.65 88.80 26.11
64 84.84 1.98 50.98 68.29 5.84 6.08 6.14 88.62 26.74
128 84.84 1.98 52.53 67.83 5.36 5.90 5.86 89.01 25.46
256 84.87 1.99 51.48 67.62 5.19 5.74 5.91 88.49 26.69

3072

32 84.37 1.96 57.56 69.64 6.57 6.51 6.94 87.76 27.63
64 84.56 1.97 52.43 68.27 5.53 5.90 6.24 88.71 26.10
128 84.70 1.99 53.20 68.20 5.03 5.80 6.08 88.41 26.02
256 84.69 1.99 52.94 68.46 4.99 5.73 6.01 88.87 26.38

3840

32 84.34 1.97 57.43 69.38 6.65 6.69 6.97 88.29 27.89
64 84.55 1.99 53.94 68.85 5.21 5.96 6.12 88.47 26.72
128 84.81 1.98 53.52 68.56 4.88 5.83 6.07 89.04 25.73
256 84.74 1.99 53.06 68.85 4.86 5.81 5.95 88.81 25.90

4608

32 84.43 1.96 58.14 68.83 6.50 6.50 6.83 88.02 27.19
64 84.55 1.99 55.42 69.31 5.19 5.94 5.90 88.84 25.95
128 84.67 1.99 53.87 68.44 4.77 5.83 5.82 89.10 25.56
256 84.61 1.99 53.33 68.50 4.67 5.76 5.71 88.61 28.28

Table 1: Evaluation results of sparse speech representations on the dev set from the six tasks, with varying sparsity
levels based on WavLM features as input for SAE.

{32, 64, 128, 256}. The number of parameters for
SAE across different dimensionality h is 2.4M,
3.5M, 4.7M, 5.9M and 7.1M, respectively. As will
be shown in Section 4.2 that the pattern across the
existing h is quite similar, so the dimensionality
is not further increased in the experiments. The
assignment of k follows Gao et al. (2025), where
further increasing k degrades the quality of the rep-
resentations. The Adam optimiser (Kingma and
Ba, 2015) was adopted with an initial learning rate
of 1e-3, which was annealed by a factor of 0.8 once
the MSE loss was not further improved on the dev-
clean subset. The SAE were trained using 4 Nvidia
3090 GPUs with a total batch size of 512. The train-
ing of each SAE will finish after around 4h with
100 epochs, and the models that performed best on
the dev-clean subset will be selected for evaluation.
The implementations of SAE in this work mainly
refer to 5. Following (Gao et al., 2025), λ and top-
kaux was set as 1/32 and 384 respectively. The
optimal value of τ was set as 0.9999, based on the
evaluation performance on the task of PR.

5https://github.com/openai/sparse_autoencoder
(v0.1)

4.2 Varying Sparsity Levels
Evaluation protocol. To investigate how differ-
ent tasks perform on different sparsity levels, six
tasks from SUPERB (Yang et al., 2021) were used.
The setup for each task follows the original imple-
mentation 6, where SAE was kept frozen during
evaluation. The datasets used for the six tasks are
in English, with one exception from SID, where
the data were collected ‘in the wild’ (Nagrani et al.,
2017). For the ASR task, both Char based ASR
(ch-ASR) and Wordpiece based ASR (wp-ASR)
systems were evaluated to investigate the impact of
the number of acoustic units. The number of acous-
tic units is 32 and 300 for ch-ASR and wp-ASR,
respectively. The evaluation metrics for each task
follow (Yang et al., 2021), and the performance on
their associated dev set is shown in Table 1.

Optimal sparsity level selection. Results in Ta-
ble 1 show that the optimal sparsity level for dif-
ferent tasks varies significantly. For both PR and
ch-ASR, when the dimensionality is given, increas-
ing k will bring better performance, and the optimal
performance always comes from the combination

6https://github.com/s3prl/s3prl (v0.4.14)
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of the largest dimensionality and k, indicating the
importance of both higher representation capacity
and higher sparsity level. The pattern for wp-ASR
is similar to ch-ASR but with one exception when
the dimensionality is 2304. This suggests that the
number of acoustic units has a limited impact on
selecting the sparsity level for optimal performance
on the ASR task. For SE, the optimal performance
per dimensionality usually comes from a relatively
large k, indicating the preference for a higher spar-
sity level, i.e. a larger k. For SF, when the dimen-
sionality is given, the optimal performance usually
comes from an intermediate k, and the metrics of
F1 and CER show a slight difference in the selec-
tion of the optimal k. While the best performance
on F1 requires a higher dimensionality, CER is
lowest with an intermediate value, indicating that
the representation capacity impacts the two metrics
differently. Compared to other tasks, the optimal
performance for SID and SER requires a relatively
low sparsity level. For SID, the optimal perfor-
mance is always observed with the smallest k for
a given dimensionality, and the best performance
is obtained when the dimensionality is the high-
est, indicating the importance of large representa-
tion capacity and a low sparsity level. For SER,
the optimal performance comes from a relatively
small k when the dimensionality is given, and it
achieves the best performance with an intermedi-
ate dimensionality and the smallest k. Overall, PR
and ch-ASR require the highest sparsity level per
dimensionality h, followed by wp-ASR and SE,
which perform effectively with relatively high spar-
sity levels. While SF benefits from intermediate
sparsity levels, SID and SER perform best with low
sparsity levels. The overall tendency is consistent
with the SAE trained with HuBERT features but
with slight differences for wav2vec 2.0 as shown
in Appendix A.1. For SE and SF that are evaluated
with two metrics, the correlation between them is
strong enough, so the performance is consistent
across different sparsity levels as suggested by a
correlation analysis in Appendix A.2.

Relative improvement. To better examine the
performance range for the individual tasks, the final
layer features from the WavLM base model were
evaluated directly on the above tasks to calculate
the relative improvement, which is illustrated in
Figure 1. From Figure 1 it can be seen that different
tasks manifest different degrees of sensitivity to the
varying sparsity levels. Compared to SE, which ap-
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Figure 1: Relative improvement of sparse speech repre-
sentations on the dev set for each task. h is the dimen-
sionality for the latents, while k denotes the number of
their non-zero elements. WavLM features are used as
input for SAE.

pears to be most resilient to different sparsity levels,
the other tasks show visible variation, indicating
the importance of a suitable sparsity level for most
tasks. Among these tasks, PR exhibits the largest
performance variation across different sparsity lev-
els, followed by wp-ASR and ch-ASR. While the
relative improvement for SID and SER varies at
an intermediate level, SF shows a relatively small
change. For SF, the varying sparsity levels have
more influence on the metric of CER rather than
F1. Overall, it is clear from Figure 1 that no single
sparsity level can dominate all the tasks, suggest-
ing the importance of fine-tuning suitable sparsity
levels for individual tasks. More precisely, the best
performance regarding the nine metrics in Figure 1
is 0.32%, 1.22%, 12.72%, 4.24%, 10.02%, 1.90%,
3.55%, 0.79%, 5.53%, respectively, all leading to
positive relative improvement.

Comparison of different speech SSL models.
SAE trained with the HuBERT and wav2vec 2.0
features are shown in Appendix A.3. In contrast
to WavLM, HuBERT and wav2vec 2.0 features
have degraded performance on some tasks. For
HuBERT, sparse representations can improve on
most tasks and are on par with the baseline for SF
but slightly worse performance on PR, where the
best relative improvement is -0.02%, -0.17% and
-3.39%, respectively. The inferior performance on
PR may be due to the fact that the correlation with
phone labels decreases in the last two layers (Pasad
et al., 2023). Similarly, wav2vec 2.0-based sparse
representation can improve on most tasks, but with
exceptions of SER and PR, where the best relative
improvement is -1.36% and -16.61%, respectively.
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Figure 2: Mutual information in bits between latents and task-specific labels for speaker identity, emotion state,
phone and word, respectively. WavLM features were used as input for SAE.

As suggested by (Pasad et al., 2021, 2023), WavLM
has the best correlation with phone labels on top
layers, while the significantly degraded correlation
for wav2vec 2.0, which may account for the above
performance on PR. This comparative study sug-
gests that despite the commonly-used SSL models
can provide improvement for sparse speech repre-
sentations on most tasks, the practical choice can
have an impact on some tasks, especially for PR.

4.3 Interpretation of Optimal Sparsity Levels

Setup. To interpret the relationship between tasks
and their associated sparsity levels for optimal per-
formance, four tasks were adopted for this purpose,
including SID, SER, PR and ASR. Since wp-ASR
exhibits a similar pattern to ch-ASR, ASR refers to
the ch-ASR in this subsection. For SID, SER, PR
and ASR, the MI defined in Section 3.2 is calcu-
lated on the dev set, where y is represented by the
labels of speaker identity, emotion state, phone and
word, respectively. The associated numbers of the
classes on the dev set are 1251, 4, 39 and 2969, re-
spectively. For both phone and word labels, silence
was removed, and the segments were excluded if
their associated word had fewer than 50 samples.
The dev set for each task was adopted for the MI
calculation, and Figure 2 illustrates its relationship
with varying dimensionality h and k.

Interpretation under the framework of IB. It
can be seen from Figure 2 that when the dimension-
ality is given, increasing k will always improve the
MI between the representations and labels for all
four tasks. This suggests that a larger k is helpful to
preserve the relevant information about labels. For
the tasks of PR and ASR, the optimal performance
is consistently obtained when k is the largest, in-
dicating the requirement for more preservation of
relevant information about the labels. In contrast,
both SID and SER obtain the optimal performance

when k is relatively small, indicating the require-
ment for less preservation of the relevant informa-
tion about labels. Since a smaller k induces higher
sparsity, it brings a higher level of data compres-
sion. From the view of IB, the optimal performance
for a supervised task relies on the trade-off between
data compression and the preservation of relevant
information about the labels. Therefore, compared
to PR and ASR, SID and SER require more com-
pression of data while less preservation of relevant
information about the target labels for optimal per-
formance. This observation also holds for the SAE
trained with HuBERT-based features, but is differ-
ent for wav2vec 2.0 on SER as shown in Appendix
A.4. Similar to Section 4.2, HuBERT-based fea-
tures exhibit similar behaviours like WavLM but
distinguish from wav2vec 2.0. Note that this con-
clusion is based on the evaluation protocol from
SUPERB (Yang et al., 2021), where only PR and
ASR share the same corpus, while SID and SER
are evaluated on distinct corpora, all of which are
commonly used for evaluating the tasks.

The impact of input quality. Further experi-
ments were conducted to elaborate on the reason
why some tasks require distinct sparsity levels,
which is used as complementary evidence to the
above IB interpretation. The experimental results
suggest that: 1) although the optimal sparsity level
seems to be more correlated with individual tasks,
the input quality can shift the optimal k to some de-
gree; 2) SAEs can still improve the performance in
some cases even if the information is noisy. Please
refer to Appendix B for more details.

4.4 Ablation Study

To determine the optimal value of τ , i.e. the
threshold to spot the dead latents, SAE with di-
mensionality of 1536 and k of 32 was trained on
the train-clean-100 subset of Librispeech (Panay-
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otov et al., 2015) and evaluated on the PR
task. WavLM features were used to provide
the input for SAE. τ was swept across values
∈ {0.9, 0.99, 0.999, 0.9999, 0.99999, 1.0} and the
performance on the dev-clean subset is shown in
Table 2.

τ PER

0.9 12.22
0.99 11.49
0.999 10.78
0.9999 9.98
0.99999 10.05

1.0 10.33

Table 2: Phone error rate for the phone recognition task
using sparse speech representations on the dev-clean
subset with different threshold τ .

It can be seen in Table 2 that the performance
will increase first, reach an optimal point when
τ = 0.9999, and then decrease when τ is kept
increasing. Therefore, τ is set as 0.9999 throughout
this work.

5 Discussions and Conclusions

Self-supervised speech representation learning
aims to obtain useful general-purpose representa-
tions for a wide range of downstream tasks. Since
different tasks usually differ in the task-specific in-
formation, understanding the task performance dif-
ference is important to learn better representations
and thus improve performance on all tasks. Mainly
motivated by the no-free-lunch theorem and speech
production, this work investigated the task differ-
ence in sparse speech representations for encoding
task-specific information. A first comprehensive
study on the inductive bias of sparsity for speech
SSL models to learn useful general-purpose speech
representations is presented, with three commonly-
used SSL features for SAE training, each SAE is
experimented with twenty configurations and each
configuration is evaluated on six tasks of SUPERB.
The experimental results reveal the relationship be-
tween task performance and the sparsity levels in
the speech representations. With the interpretability
analysis under the IB, the sparsity level for opti-
mal performance suggest that overall SID and SER
require more on data compression, while PR and
ASR demand more on the preservation of relavent
information about labels. Further empirical evi-

dence suggests that the input quality has a slight
control on this trade-off. These findings have the
potential to contribute to the design of universal
speech representation learning with the inductive
bias of sparsity.

Limitations

This work has several limitations. First, the SSL
features to train SAE are from the base model,
where future work may explore their large counter-
parts as input. Second, the training and evaluation
of SAE are mainly based on English data, where
the analysis in the multilingual scenario is beyond
the scope of this work. Third, the measure of MI
only considers the status of latents being active
or not, i.e. modelled with the Bernoulli distribu-
tion, while ignoring their magnitudes. Future work
may explore a more complex model to quantify the
distribution of the k-sparse representations.
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A SAE Trained with HuBERT and wav2vec 2.0 Features

A.1 Evaluation Results

The evaluation results of SE, SID, SER, PR, ch-ASR, wp-ASR and SF with varying sparsity levels of
speech representations are shown in Table 3 and Table 4 with respect to HuBERT and wav2vec 2.0 features
as input.

Dimensionality k
SE SID SER PR ch-ASR wp-ASR SF

STOI ↑ PESQ ↑ Acc ↑ Acc ↑ PER ↓ WER ↓ WER ↓ F1 ↑ CER ↓

1536

32 84.70 1.97 69.67 67.67 12.49 8.50 8.31 83.64 33.65
64 85.06 1.99 65.51 67.74 10.12 7.47 8.13 85.83 31.89
128 85.17 2.01 66.45 67.40 8.49 6.97 8.14 86.77 30.14
256 85.26 2.02 65.66 67.07 7.64 6.74 8.34 86.94 29.93

2304

32 84.66 1.98 71.52 68.49 11.10 8.28 8.46 84.15 34.13
64 84.93 2.00 68.60 68.01 9.14 7.19 7.23 85.53 31.41
128 85.12 2.01 67.73 67.97 7.60 6.67 7.15 86.35 29.61
256 85.17 2.01 66.38 68.03 6.98 6.52 7.23 86.41 30.91

3072

32 84.49 1.96 71.93 68.20 11.01 8.25 7.14 84.32 33.02
64 84.94 1.98 73.62 69.48 8.49 7.44 7.46 84.78 32.63
128 85.10 2.00 67.71 68.34 7.08 6.64 6.74 86.58 29.91
256 85.20 2.00 68.12 67.73 6.70 6.34 6.54 86.18 30.62

3840

32 84.62 1.96 71.91 68.10 10.98 8.28 6.51 84.89 33.44
64 84.73 1.99 75.04 69.23 7.97 7.10 6.50 85.54 31.09
128 85.06 2.00 68.61 68.66 6.82 6.40 6.51 86.09 30.60
256 85.23 2.01 67.84 67.79 6.53 6.42 6.76 85.87 31.36

4608

32 84.60 1.97 70.83 68.29 11.42 8.37 6.51 83.82 33.29
64 84.89 1.98 74.62 69.02 8.39 7.33 6.45 85.38 31.10
128 85.02 2.00 69.21 68.52 6.71 6.38 6.41 86.68 30.24
256 85.10 2.01 68.70 68.66 6.40 6.33 6.53 85.76 30.44

Table 3: Evaluation results of sparse speech representations on the dev set from the six tasks, with varying sparsity
levels based on HuBERT features as input for SAE.

A.2 Correlation Analysis

To investigate the impact of sparsity levels on different metrics for a given task, the Pearson Correlation
Coefficient (PCC) and the associated p-value were calculated using paired metrics of SE and SF for SAEs
trained on wav2vec2.0, HuBERT, and WavLM features. The results are shown in Table 5.

A.3 Relative Improvement

The relative improvement of SAE over the baseline of HuBERT and wav2vec 2.0 features for individual
tasks is illustrated in Figure 3 and Figure 4, respectively.

For Figure 3, the best relative improvement across the nine metrics is 0.07%, 1.07%, 13.23%, 2.81%,
-3.39%, 3.41%, 0.47%, -0.02%, -0.17%, respectively. For Figure 4, the best relative improvement across
metrics is 0.09%, 0.57%, 7.20%, -1.36%, -16.61%, 1.15%, 3.28%, 1.67%, 6.26%, respectively.

A.4 Measuring Task-specific Information

The MI between sparse speech representations and target labels is illustrated in Figure 5 and Figure 6,
where the former is based on HuBERT features as input while the latter is on wav2vec 2.0.
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Dimensionality k
SE SID SER PR ch-ASR wp-ASR SF

STOI ↑ PESQ ↑ Acc ↑ Acc ↑ PER ↓ WER ↓ WER ↓ F1 ↑ CER ↓

1536

32 84.63 1.95 47.91 64.97 46.70 13.21 12.93 78.61 42.36
64 85.00 1.97 45.76 64.94 42.50 11.72 11.42 77.57 43.57
128 85.24 1.99 45.87 64.48 38.46 10.44 10.20 78.32 41.43
256 85.24 2.01 46.74 64.60 35.10 9.46 9.32 79.58 39.41

2304

32 84.63 1.94 48.12 64.17 46.08 13.68 13.37 79.12 41.75
64 84.94 1.97 48.96 64.81 39.91 11.44 11.59 78.47 42.66
128 85.17 1.98 48.19 64.89 37.35 10.61 10.17 79.45 40.16
256 85.17 1.99 49.20 65.45 34.32 9.62 9.60 78.60 42.39

3072

32 84.52 1.94 49.64 63.99 44.35 13.08 14.47 78.92 41.71
64 84.66 1.96 51.22 64.09 40.68 11.72 11.41 79.03 40.98
128 85.09 1.98 49.81 64.90 35.96 10.46 10.50 78.87 41.14
256 85.28 2.00 49.96 65.15 34.17 9.67 9.17 79.82 40.06

3840

32 84.59 1.94 47.58 64.73 45.91 14.00 13.60 79.40 40.10
64 84.73 1.96 51.51 64.94 37.32 11.26 11.40 79.07 41.33
128 85.18 1.98 50.52 64.96 36.02 10.22 10.16 78.83 41.24
256 85.22 1.99 50.23 64.98 34.18 9.68 9.47 79.56 39.60

4608

32 84.45 1.94 47.25 63.81 46.25 14.56 13.92 77.26 42.87
64 84.66 1.96 52.46 64.83 38.07 11.69 11.21 79.17 39.88
128 85.02 1.99 50.94 65.14 35.25 10.96 10.25 78.89 41.70
256 85.40 2.00 50.59 65.16 33.48 9.54 9.07 79.48 40.46

Table 4: Evaluation results of sparse speech representations on the dev set from the six tasks, with varying sparsity
levels based on wav2vec 2.0 features as input for SAE.

SE SF

wav2vec 2.0 0.95 (p=0.000000) -0.87 (p=0.000001)

HuBERT 0.93 (p=0.000000) -0.93 (p=0.000000)

WavLM 0.71 (p=0.000494) -0.83 (p=0.000007)

Table 5: Pearson correlation coefficients and p-values for the paired metrics of SE and SF with SAEs trained on
different SSL features.

B Impact of the Input Quality

In Section 4.3 it suggests that different tasks require different sparsity levels for optimal performance. As
the SAEs above were trained only on the last layer of speech SSL models, the input quality may be an
important factor for the performance. For example, compared to wav2vec 2.0, the last layer of WavLM
is more correlated with linguistic features (Pasad et al., 2023) so it is likely to improve the performance
for tasks like PR and ASR. Furthermore the first layer preserves more information with respect to data
compared to the last layer of speech SSL models, according to the data-processing inequalities (Cover
and Thomas, 2006). To investigate the impact of input quality on the selection of optimal sparsity levels,
SAEs were also trained on the first layer to provide some empirical evidence.

Due to time limitations, only WavLM and wav2vec 2.0 features were adopted to train SAEs, where
the hidden dimensionality is set as 4608, with k sweeping from {32,64,128,256}, i.e. four SAEs for
each speech SSL model. As for the evaluation, similar to Figure 1 and Figure 4, the following relative
improvement (in %) is calculated: for PR it was for both SSL models, while SID was only for wav2vec
2.0. The results are shown in Table 6.

Overall the results in Table 6 suggest that the input quality has a slight impact on the compression-
preservation trade-off and SAEs are useful for downstream tasks. By comparing exp 3 and 4, it is
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Figure 3: Relative improvement of sparse speech representations on the dev set for each task. h is the dimensionality
for the latents, while k denotes the number of their non-zero elements. HuBERT features were used as input for
SAE.
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Figure 4: Relative improvement of sparse speech representations on the dev set for each task. h is the dimensionality
for the latents, while k denotes the number of their non-zero elements. wav2vec 2.0 features were used as input for
SAE.
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Figure 5: Mutual information in bits between latents and task-specific labels for speaker identity, emotion state,
phone and word, respectively. HuBERT features were used as input for SAE.

found that k = 32 achieves the optimal performance for both layers as input, even if layer 0 has richer
information about the speaker, but also noticed that the relative improvement for k = 64 is on par with
the optimal one (51.22% vs 54.41%) for exp 3. By comparing exp 2 and 1, it is found that the optimal k
has shifted from 256 to 128 after switching to layer 0, which suggests the impact of input features on the
selection of optimal k even though both 256 and 128 indicate less sparsity. By comparing exp 5 and 6, it
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Figure 6: Mutual information in bits between latents and task-specific labels for speaker identity, emotion state,
phone and word, respectively. wav2vec 2.0 features were used as input for SAE.

Exp ID SSL features Layer index Task k = 32 k = 64 k = 128 k = 256

1 WavLM 0 PR -4.16 0.49 1.96 -0.84

2 WavLM 12 PR -25.24 0.0 8.09 10.02
3 WavLM 0 SID 54.41 51.22 29.18 14.35

4 WavLM 12 SID 12.72 7.44 4.44 3.39

5 wav2vec 2.0 0 PR -2.93 0.94 3.00 -2.03

6 wav2vec 2.0 12 PR -61.10 -32.60 -22.80 -16.61

Table 6: Evaluation results of SID and PR with SAEs trained on different layers of wav2vec 2.0 and WavLM,
respectively.

is found that switching to layer 0 can lead to positive performance improvement, even though layer 0 is
noisier and richer in task-irrelevant information.
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