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Abstract
We explore the use of biologically inspired auditory
kernels—learned from sparse coding on (clean)
read speech—to analyze and reconstruct signals de-
graded with additive noise. Auditory kernels mimic
spectrotemporal filters in the human auditory sys-
tem, offering insight into how structured acoustic
signals can be internally represented and selectively
preserved. Our study applies an auditory kernel-
based matching pursuit reconstruction framework
to clean, degraded, and standalone noise audio,
investigating kernel activation patterns across in-
put types. The findings reveal kernel selectivity;
structured signals like speech activate a common
subset of kernels, while unstructured noise elicits
distinct, less overlapping activations, allowing for
more effective separation and implicit denoising.
This selectivity results in implicit denoising, pre-
serving intelligibility and perceptual quality even
under degradation. By quantifying this behavior
across noise types and SNR levels, we show that
auditory kernels not only support robust signal re-
construction but also offer a biologically grounded,
explainable mechanism for speech enhancement.
These insights advance the use of sparse auditory
models in both neuroscience and signal process-
ing, motivating future work on adaptive or context-
aware dictionaries.

1 Introduction
Auditory signals are the complicated sound waves we per-
ceive and interpret through our hearing system. Internally, the
auditory system transforms these signals into sparse, struc-
tured representations—capturing the most informative as-
pects of sound while discarding redundancy [1]. Understand-
ing how these internal auditory representations work is a cen-
tral question in both neuroscience and audio signal process-
ing. One promising framework to explore this is through au-
ditory kernels—basis functions or filters that resemble how
biological systems, like the human cochlea and cortex, re-
spond to sound.

A particularly influential approach has been to learn sparse
dictionaries that emulate properties of early auditory process-
ing. Michael Lewicki [1] provided a key foundation by show-
ing that many cochlear filter properties can emerge from the
principle of efficient coding of natural sounds. Later, Smith
and Lewicki showed that a good representation of human
speech can be represented as how humans hear. Using those
gammatone filters that replicate the cochlea, auditory kernels
are constructed. Moreover, it is shown that these kernels can
be used efficiently to encode and decode human speech. [2]

Building on this foundation, recent studies, for example,
Ming and Holt [3] have extended these ideas to investigate
how such kernels behave in the context of degraded inputs
or alternative sound sources. Other neuro-scientific studies
[4; 5] supports that cortical responses remain selective for
speech-like acoustic structures, even under heavy noise, sup-

porting the idea that the auditory system inherently prioritizes
structured inputs.

However, it remains unclear how these learned represen-
tations respond to purely unstructured input, such as addi-
tive white noise, or specific degradation patterns applied to
speech. This gap limits our understanding of the generaliz-
ability and selectivity of these auditory kernels.

This paper addresses the following research questions:
• RQ 1 How much does the auditory kernel reconstruc-

tion selectively reconstruct speech-like patterns even in
conditions where speech is degraded?

– What are the signs of implicit denoising—i.e., re-
moving non-speech structure through a sparse ker-
nel matching?

– How well does the auditory kernel reconstruction
work under different noise types in terms of signal-
to-residual ratio (SRR)?

• RQ 2 How does the quality of reconstructed signals
evolve across different noise types and signal-to-noise
ratio (SNR) in terms of perceptible quality and intelligi-
bility?

– What are the results of comparing clean and
degraded reconstructed speeches across different
noise types and SNRs in terms of quality (percep-
tibility) and intelligibility metric scores?

• RQ 3 How can we quantify the selectivity of auditory
kernel activations concerning different noise types and
degraded speeches with those noises?

– What different kernels are activated for speech ver-
sus noise, and what are the similar patterns across
different noise types?

Main contribution of this paper is to analyze different cat-
egories of auditory input using pre-trained (on clean speech)
auditory kernels. We systematically evaluate kernel activa-
tions and reconstruction output, providing insight into the in-
ternal structure captured by these dictionaries. Our findings
contribute to the understanding of kernel specialization and
raise new directions for analyzing auditory representations in
neural and artificial systems.

The rest of the paper is structured as follows. Section 2
discusses related work in auditory modeling and sparse cod-
ing. Section 3 presents our methodology, including degrada-
tion strategies and evaluation metrics. Section 4 explains the
potential contribution of this research. Section 5 gives more
details on the experiment and how it was conducted. Section
6 shows the results of the experiment, and Section 7 talks
about Responsible Research. Section 8 is the discussion part.
Section 9 concludes with implications and future research di-
rections.

2 Related Work
Sparse coding has emerged as a biologically inspired ap-
proach for understanding how sensory systems may effi-
ciently represent complex stimuli. In the auditory domain,
a foundational contribution by Smith and Lewicki (2006)
demonstrated that sparse overcomplete dictionaries learned

1



from natural sound statistics yield time-frequency kernels
resembling spectrotemporal receptive fields observed in the
mammalian auditory cortex [2]. Their work provided a strong
theoretical basis for modeling auditory representations using
unsupervised learning, revealing how auditory systems might
be tuned to encode structure present in natural environments.

Lewicki (2002) provided earlier foundational insight by
demonstrating that many cochlear filter properties can emerge
from the principle of efficient coding of natural sounds [1].
This work solidified the theoretical foundation for applying
sparse coding to auditory perception, showing that sparse rep-
resentations align closely with how the auditory system re-
duces redundancy while preserving perceptual structure.

Carlson et al. (2012) further extended this line of research
by learning overcomplete sparse codes for speech that closely
resembled the receptive fields of mid-level auditory neurons
[6]. Their findings support the notion that sparse auditory
kernels are not just cochlear approximations but also cap-
ture cortical-level processing dynamics. Similarly, Chi et al.
(2005) proposed a multiresolution model that mimics both
cochlear and cortical processing using gammatone and modu-
lation filterbanks [7], offering a biologically grounded frame-
work that aligns with psychoacoustic and neurophysiological
observations.

Lewicki (2010) further expanded this view by emphasizing
the relevance of signal structure and redundancy reduction,
arguing that the auditory system likely performs an efficient
decomposition of sound into sparse, informative features [8].
These biologically motivated models contrast with purely
engineering-based representations by mimicking perceptual
priors embedded in the human auditory system. Lewicki’s
work supports the Efficient Coding Theorem, which proposes
that sensory systems are adapted to efficiently represent nat-
ural stimuli by reducing redundancy [2]. In the auditory sys-
tem, this means using sparse, speech-like features that reflect
how humans naturally produce and perceive sound.

Building on this foundation, Ming and Holt (2009) ex-
amined sparse auditory representations under noisy listening
conditions and showed that listeners may rely on sparse tem-
poral cues for perceptual judgments, even when traditional
spectral fidelity is compromised [3]. Means, even in noisy en-
vironments, people can still make sense of speech by picking
up on just a few strong timing-based cues, thanks to the way
sparse representations highlight the most perceptually rele-
vant parts of sound.

From a neuroscience perspective, Mesgarani et al. (2014)
and Souffi et al. (2021) provide evidence that cortical and
distributed auditory responses remain selective to speech-like
patterns even in noisy environments. Their results suggest
that the auditory system preserves structured, behaviorally
relevant features of speech despite additive or reverberant dis-
tortions [4; 5]. Complementing this, Miettinen et al. (2010)
showed that the human auditory cortex is particularly respon-
sive to harmonic and periodic components in degraded sig-
nals, whether speech or non-speech, highlighting the general
importance of structured spectral patterns in auditory process-
ing [9].

Additionally, Yao’s study on speech perception under avia-
tion noise environments revealed how speech intelligibility

is disproportionately affected by different noise types, un-
derscoring the need for signal representations that adapt to
real-world degradations [10]. While Sigg’s study demon-
strated that sparse dictionaries can explicitly improve speech
quality by suppressing noise through learned structure [11].
Together, these studies motivate our kernel-based approach
to examine how auditory dictionaries behave under diverse
degradations.

This study builds on this body of work by empirically ex-
amining how auditory kernels, learned from natural sound
statistics, behave under additive noise when used for speech
reconstruction. By using biologically informed kernels (dic-
tionaries) derived from natural auditory scenes, we aim to un-
derstand better the robustness and perceptual relevance em-
bedded in these representations, rather than proposing a new
algorithm.

3 Methodology and Research Design
This section outlines the methodology and experimental de-
sign used to evaluate the effectiveness of auditory kernels
in reconstructing speech signals under additive noise condi-
tions. Our research aims to understand how auditory kernels
perform in preserving intelligibility and quality of speech in
noisy environments. We also investigate whether these ker-
nels offer any denoising capacity or display patterns that re-
veal sensitivity to specific noise types.

3.1 Application and Objective
For this study, we use a train station environment as the
representative environment, due to its rich and diverse back-
ground noise profile. This includes noise types that are
modeled as additive noise types, such as overlapping hu-
man speech (babble), mechanical noise from trains, periodic
station announcements, and other ambient station sounds.
The goal of this research is to analyze how effectively au-
ditory kernels reconstruct degraded speech in those envi-
ronments and also to analyze the patterns across different
environments—noise types. Measures for efficiency for this
research are mainly how intelligible and high-quality speech
remains when these noises are present.

3.2 Dataset and Data Preparation
To simulate realistic scenarios encountered in a train station,
we selected clean speech signals from the Microsoft Scalable
Noisy Dataset (MSND) [12]. Specifically, we used record-
ings from 25 male and 25 female speakers, with two utter-
ances per speaker, resulting in 100 speech samples in total.
All signals were sampled at 16 kHz for consistency.

The additive noise types introduced to clean speech are as
follows:

• Babble Noise: A mixture of human voices from MSND
that usually occur in train stations.

• Station Announcement: Pre-recorded announcements
that usually occur in train stations from the MSND.

• Train Arrival Noise: Noise of train coming and open-
ing doors, recorded at Delft Station, South Holland.
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• White Noise: Synthetic white Gaussian noise generated
for baseline comparison.

All speech samples are Root-mean square (RMS) nor-
malized before degradation to ensure consistent amplitude
levels. The RMS normalization is computed using [13]:

RMS(x) =

√√√√ 1

N

N∑
i=1

x2
i (1)

Additive noise is applied at four Signal-to-Noise Ratio
(SNR) levels: -5 dB, 0 dB, 5 dB, and 10 dB. Give a variety
of ranges and keep the speech hearable. SNR is calculated
using:

SNR = 10 · log10
(
||s||22
||n||22

)
(2)

where s is the clean signal and n is the noise signal. The
notation ∥ · ∥2 denotes the Euclidean norm, which computes
the square root of the sum of squared values [14].

3.3 Matching Pursuit and Kernel-Based
Reconstruction

Matching Pursuit (MP) is a greedy, iterative algorithm intro-
duced by Mallat and Zhang [15] for sparse signal represen-
tation using time-frequency dictionaries. It aims to approxi-
mate a signal by selecting a series of time-shifted and scaled
kernels (or atoms) from a predefined dictionary. The process
is particularly suitable for auditory modeling, as it captures
the key temporal-spectral structures in speech through a com-
pact representation.

Let x(t) be the degraded speech signal. MP approximates
it as:

x(t) ≈
K∑
i=1

aigγi
(t) (3)

where each gγi
(t) is an kernel from the dictionary D, defined

by a kernel function g with parameters γi = {τi, ϕi, si} in-
dicating time shift, frequency, and scale. The coefficient ai
represents the energy projection onto the selected kernel. [2]

The algorithm proceeds as follows:
1. Initialize the residual R0 = x(t).
2. At each iteration k, select the kernel gγk

that maximizes
the inner product with the residual:

gγk
= argmax

g∈D
|⟨Rk−1, g⟩| (4)

3. Update the residual:

Rk = Rk−1 − ⟨Rk−1, gγk
⟩gγk

(5)

4. Repeat until a stopping criterion is met (e.g., a maximum
number of kernels K or the amplitude of the selected
coefficient |⟨Rk, gγk

⟩| is lower than a set minimum).
In this research implementation, the dictionary is com-

posed of auditory kernels (kernels 15040.jld2 are ker-
nels that are trained on clean speech by our supervisor
[16])—time-frequency localized basis functions learned from
natural speech data, inspired by early auditory processing

models [2], [3]. These kernels often resemble modulated
sinusoids or frequency sweeps, matching the spectrotempo-
ral features observed in cochlear and cortical responses, and
offer a meaningful decomposition of speech [8]. Further-
more, Matching Pursuit (MP) is chosen as the reconstruction
method not only for its interpretability but also because ex-
act sparse coding is known to be NP-hard [17], making MP a
practical approximation method.

The reconstruction is achieved by summing the selected
kernels. Because of the variability in speech and noise char-
acteristics, the number of kernels K used for each signal may
vary. However, this sparse representation enables us to an-
alyze how the auditory system prioritizes certain sound fea-
tures under noise and whether specific patterns emerge when
dealing with different types of additive noise.

The selected kernel parameters (e.g., type, scale, position)
are stored in order to use them in our subsequent evaluation
and pattern analysis to study how noise influences kernel se-
lection.

3.4 Evaluation Metrics
After reconstructing the speech signals, metrics are necessary
to evaluate the reconstructed signal. To evaluate reconstruc-
tion quality, we focus on both intelligibility and the quality of
the sound (perceptibility). Intelligibility refers to how well
the linguistic content of speech can be understood by a lis-
tener, regardless of audio quality. It is closely related to the
preservation of phonetic and temporal features necessary for
comprehension. On the other hand, perceptibility (or percep-
tual quality) focuses on the overall auditory experience of the
signal — how natural, pleasant, or distorted it sounds, even
if the words are understandable. These two dimensions are
complementary and essential for assessing the effectiveness
of reconstruction methods in real-world noisy environments.

We use the following three objective metrics, each de-
signed to capture one of these perceptual aspects:

• PESQ (Perceptual Evaluation of Speech Quality):
PESQ is developed to objectively assess the perceived
quality of speech, especially in telephony. It compares a
reference (clean) signal and a degraded signal by mod-
eling perceptual transformations in the human auditory
system. The core computation involves mapping both
the reference and degraded signal into an internal rep-
resentation, followed by a disturbance processing stage
that captures audible differences [18], [19]. In our im-
plementation, a Python library is used to evaluate the fi-
nal MOS-LQO (Mean Opinion Score – Listening Qual-
ity Objective) score from these disturbances [20].

• ViSQOL (Virtual Speech Quality Objective Lis-
tener): ViSQOL is a full-reference, signal-based metric
designed to predict the perceived quality of speech by
modeling human auditory perception mechanisms [21].
It operates by converting both the clean (reference) and
degraded signals into spectro-temporal representations
using the short-time Fourier transform (STFT), which
are then divided into patches. The similarity between
corresponding patches is measured using a similarity
index measure (Neurogram Similarity Index Measure).
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The average similarity score across all patches is then
mapped to a Mean Opinion Score (MOS) scale ranging
from 1 (bad) to 5 (excellent):

• STOI (Short-Time Objective Intelligibility): Esti-
mates speech intelligibility by computing the correla-
tion between time-aligned short-time spectral represen-
tations of clean and degraded speech signals [22]. Both
signals are first decomposed into overlapping short-time
frames and passed through a 1/3-octave band filter. The
average correlation over all frames forms the final STOI
score.

A STOI score ranges from 0 (completely unintelligi-
ble) to 1 (perfect intelligibility), and higher scores in-
dicate better preservation of intelligibility in noisy envi-
ronments.

These metrics were selected based on their standardization,
practical relevance, and complementarity. While ViSQOL is
included for completeness, our main focus is on PESQ and
STOI, as they directly align with our evaluation goals and
are used in our reported results. PESQ, used to be standard-
ized as ITU-T P.862, is widely used in telecom and codec
evaluation to assess perceptual quality [23], while STOI is a
standard intelligibility metric in scientific studies and shows
strong correlation with human understanding. Together, they
provide a balanced assessment of how natural the recon-
structed speech sounds and how understandable it remains
under degradation and reconstruction with kernels.

Since all these metrics need a reference signal and a de-
graded signal (signal to compare), metrics under three pair-
wise comparisons are computed as:

1. Clean speech vs. Reconstructed Clean speech with ker-
nels: to measure the baseline performance under these
metrics.

2. Degraded vs. Reconstructed Degraded speech with ker-
nels: to measure the performance change when the
speech is degraded.

3. Reconstructed Clean speech with kernels vs. Recon-
structed Degraded speech with kernels: to isolate the ef-
fect of degradation on the reconstruction quality. This
comparison also helps assess whether the reconstruction
process with auditory kernels introduces any denoising
effect—i.e., if the reconstructed degraded speech is per-
ceptually or intelligibly closer to the clean version than
the original degraded input. The reason is mainly to
support Research Question 2 and contribute to Research
Question 1.

Comparisons do not include Clean vs. Reconstructed De-
graded because reconstruction inevitably introduces some
loss, even for clean signals. Comparing Reconstructed Clean
with Reconstructed Degraded ensures a more balanced eval-
uation, as both undergo the same processing. This allows us
to better isolate the impact of degradation and assess whether
auditory kernel-based reconstruction introduces any denois-
ing effect.

4 Behavioral Analysis of Auditory
Kernel-Based Matching Pursuit under
Noise

This section synthesizes the theoretical and experimental in-
sights gained from applying Matching Pursuit with audi-
tory kernels for reconstructing speech under additive noise.
Rather than proposing a new algorithm, our contribution
lies in analyzing how an existing signal decomposition
method—Matching Pursuit—behaves under additive noise
when paired with biologically inspired auditory kernels, and
what this behavior reveals about perceptual and intelligibility-
oriented robustness in speech reconstruction.

4.1 Experimental Insights on Reconstruction
Robustness

The application of PESQ and STOI across various noise
conditions provides insight into how auditory kernel-based
Matching Pursuit performs from both perceptual and intelli-
gibility standpoints. While quantitative results are discussed
in the next section, the following conceptual trends can be
inferred from our experimental framework:

• Perceptual Quality is Partially Retained: The use
of sparse auditory kernels appears capable of preserv-
ing mid-level acoustic structures, particularly in envi-
ronments with structured noise (e.g., announcements).
This suggests that biologically inspired representations
may inherently encode some robustness to background
interference, making them promising for real-world ap-
plications.

• Intelligibility Degrades More Gradually: Despite se-
vere input degradation, intelligibility scores (STOI) de-
cline more gradually compared to perceptual quality
(PESQ). This suggests that the auditory kernel represen-
tation prioritizes temporally and linguistically important
cues, making it resilient in noisy environments. Such
properties could inform future speech compression or
enhancement methods that emphasize intelligibility over
raw audio fidelity.

These insights, while preliminary, suggest that auditory
kernel-based representations offer a promising direction for
speech analysis and reconstruction under challenging acous-
tic conditions. Future work could more directly model or en-
hance these denoising and robustness properties through tar-
geted dictionary learning or adaptive kernel selection.

4.2 Theoretical Implications of Kernel Selection
Behavior

Beyond performance metrics, auditory kernel speech
reconstruction-due to the patterns kernels selects-provides
deeper insights into the nature of auditory signal processing.
Some expected theoretical patterns include:

• Noise-Selective Representation: Different noise types
(e.g., stationary vs non-stationary) are likely to inter-
fere with specific spectral-temporal patterns. As a re-
sult, the types of kernels selected during reconstruction
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may shift, especially in frequency and duration, poten-
tially highlighting how noise suppresses or alters salient
features.

• Soft Denoising through Sparse Matching: Because
Matching Pursuit selects kernels based on best-matching
segments, it may naturally ignore noise-like structures
that are not well-represented in the dictionary [15]. This
results in a form of selective encoding that prefers struc-
tured, speech-like patterns—echoing how biological au-
ditory systems suppress background noise through atten-
tion and adaptation mechanisms [2].

These patterns, while theoretical at this stage, suggest that
auditory kernel dictionaries embed useful priors for robust
speech representation, especially in challenging acoustic con-
ditions.

5 Experimental Setup
This section outlines the evaluation protocol for testing how
auditory kernel-based reconstruction performs under realistic
additive noise conditions, mimicking a train station environ-
ment.

5.1 Dataset and Degradation Conditions
All clean speech signals were selected from the MS-
SNSD[12], using a subset of recordings sampled at 16 kHz
and normalized in amplitude. We applied four types of addi-
tive noise to generate degraded signals at various signal-to-
noise ratios (SNRs) as described earlier.

These noise types were selected to span a range of spec-
tral and temporal complexities, mimicking realistic auditory
scenes. For example, babble noise reflects overlapping hu-
man speech, while announcement recordings may exhibit
a speech-like structure that competes with target utterances.
Incoming train sounds introduce broadband dynamic inter-
ference and high amplitude, while the white noise is just a
stationary noise.

5.2 Kernel Dictionary and Reconstruction
Procedure

We use a single, biologically inspired kernel dictionary com-
posed of 32 learned auditory kernels, trained on clean
speech from the TIMIT corpus using sparse coding. These
kernels are designed to capture common spectrotemporal pat-
terns in speech and extend traditional auditory models by
learning from data.

The design builds on the intuition behind gammatone fil-
ters—which model cochlear frequency selectivity [24]—but
instead of using fixed filters, the kernels are learned to reflect
recurring structure in (clean) read speech better.

Reconstruction is performed using the Matching Pursuit al-
gorithm, which iteratively selects the kernel that best matches
the residual signal. This continues until the maximum inner
product between the residual and any kernel falls below 0.1,
ensuring that reconstruction proceeds only while meaningful
structure remains in the signal. This approach yields sparse,
interpretable reconstructions with consistent stopping condi-
tions across different signals.

This same dictionary is used to reconstruct clean speech,
degraded speech, and noise-only inputs—enabling analysis
of kernel selectivity across conditions in later sections—for
robustness and consistency.

5.3 Evaluation Metrics
To quantify reconstruction quality across speech quality (per-
ceptibility) and intelligibility axes, we used two out of three
standard objective metrics discussed:

• PESQ (Perceptual Evaluation of Speech Quality): for
narrowband speech quality approximation [18]

• STOI (Short-Time Objective Intelligibility): for intelli-
gibility estimation based on temporal envelope correla-
tions [22]

Each metric was applied across multiple pairings as dis-
cussed in Section 3.

5.4 Experimental Objectives
The experimental procedure was structured to answer the sub-
questions of the Research Questions as discussed in Section
1:

• RQ 1: What are the signs of implicit denoising and, How
well does the auditory kernel reconstruction work under
different noise types in terms of signal-to-residual ratio
(SRR)?

• RQ 2: What are the results of comparing clean and
degraded reconstructed speeches across different noise
types and SNRs in terms of PESQ and STOI scores?

• RQ 3: What different kernels are activated for speech
versus noise, and what are the similar patterns across
different noise types?

6 Results
This section presents the experimental findings of applying
auditory kernel-based reconstruction to speech signals de-
graded with various types of noise under different SNR con-
ditions. The results are organized around three key analysis
perspectives: perceptual/intelligibility quality metrics, recon-
struction process comparison along 4 different noise types,
and activation of kernels compared. All results presented here
are computed by averaging across 100 speech samples per
condition from the dataset, as described in Section 5, ensur-
ing robustness and generality of the observed trends.

6.1 Average Intelligibility and Perceptibility
Scores

Results shows the average PESQ and STOI scores under two
SNR conditions (10 dB and 0 dB), illustrating how perceptual
quality and intelligibility is preserved or degraded depending
on the noise level and type. The remaining plots can be found
in the Appendix A. These results support the objective of the
Research Question 2.
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Figure 1: Averaged PESQ scores across four noise types under
10 dB and 0 dB SNR conditions.

PESQ Analysis: Figure 1 PESQ scores shows that kernel
reconstruction preserve the quality of the signal in most cases
and give a hint of a denoising application.

At high SNRs, reconstructed degraded signals sometimes
outperform the clean baseline in PESQ (yellow bars higher
than blue). This is especially evident in train coming and
white noise conditions. The result implies that auditory ker-
nels may reduce perceptual noise artifacts, effectively apply-
ing light denoising even without explicit modeling.

At low SNRs, PESQ scores drop for yellow bars and in-
crease for green bars, shows that noise is captured more as
expected in lower SNRs. However, reconstructed signals still
maintain a perceptually meaningful quality level (typically
above 1.0) and are still close to the baseline (blue bar).
STOI Analysis: Figure 2 STOI scores show that across all
SNRs, auditory kernel reconstruction preserves intelligibility
well. Scores for reconstructed degraded are consistently high
(around 0.9), showing the reconstruction process preserves
intelligibility well under moderate noise conditions.

At higher SNRs, intelligibility of reconstructed degraded
speech remains high. The “recon clean vs. recon degraded”
bars (yellow) are often higher than the clean baseline (blue),
indicating that auditory kernel reconstruction introduces a de-
noising on low-energy noises.

At lower SNRs, the yellow bars drop more noticeably, but
the overall difference remains moderate. This suggests that
even in adverse noise conditions, the auditory kernels pre-
serve core speech patterns.

We also observe that white noise and train coming condi-
tions yield better STOI scores when compared with the clean
speech at overall in respect to babble and airportAnnounce-
ment. This likely reflects the fact that babble and announce-
ments are speech-like, making it harder for the kernel dictio-
nary (trained on clean speech) to distinguish between target
and noise.
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Figure 2: Averaged STOI scores across four noise types under 10 dB
and 0 dB SNR conditions.

6.2 Reconstruction Process Under Noise Types
To evaluate how much of the original signal energy is cap-
tured during reconstruction, we use the Signal-to-Residual
Ratio (SRR) as a frame-wise metric. We fix the kernel budget
to 500 kernels per second to assess reconstruction efficiency
under different noise types and SNR conditions.

SRR is computed as:

SRR(k) = 20 · log10
(

∥y∥2
∥rk∥2

)
(6)

where y is the original input signal and rk is the residual
signal after reconstructing with the first k kernels. The nota-
tion ∥ · ∥2 denotes the Euclidean norm, which computes the
square root of the sum of squared values.

This metric quantifies how much of the original signal en-
ergy is captured as more kernels are used. A higher SRR in-
dicates a more faithful reconstruction. Figure 3 and Figure 4
show the average results of the SRR metric per 4 different
noise types (e.g., babble, airport announcements) and their
standard deviation. These results directly support the objec-
tives of the Research Question 1.
Noise Hierarchy: The results demonstrate a clear hierar-
chy in reconstruction effectiveness that correlates with the
speech-like characteristics of each noise type. Speech-like
conditions (babble and airport announcements) achieve sig-
nificantly higher SRR values ( 9.5 dB) compared to non-
speech noise types, with white noise showing the poorest per-
formance ( 8 dB). This indicates that the auditory kernels are
inherently better suited for representing structured, speech-
like acoustic content.
Denoising: At higher SNR conditions (10 dB), substantial
reconstruction quality is achieved using relatively few ker-
nels (stops around 300 kernels/s for all cases), suggesting effi-
cient capture of clean speech components. As SNR decreases,
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Figure 3: Averaged SRR curves for (a) Babble and (b) Train Coming
noise types.

more kernels are required to achieve similar quality, as the
algorithm progressively captures noise components. This be-
havior demonstrates that auditory kernels naturally prioritize
speech-like patterns in their kernel selection process. Which
leads to the denoising effect of the auditory kernel reconstruc-
tion.

6.3 Expected Activations of Kernels Under
Degradation

The kernel activation results presented here visualize the nor-
malized difference in kernel usage between degraded speech
and noise-only reconstructions. Each plot shows, for a given
noise type at 5 dB SNR, how much more frequently a given
kernel was activated during speech reconstruction compared
to noise reconstruction. The Y-axis represents the propor-
tional difference in usage (i.e., speech proportion minus noise
proportion), and each bar corresponds to a kernel index.

• Green bars indicate kernels that were used more in
speech reconstructions, suggesting they are speech-
preferred.

• Red bars indicate kernels more active in noise, suggest-
ing they are noise-preferred.

Figure 5 shows the difference pattern for Train Coming
noise, Figure 6 for Babble noise, and Figure 7 for White
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Figure 4: Averaged SRR curves for (a) White Noise and (b) Airport
Announcement noise types.

Noise. The full set of plots, including raw noise-only kernel
activations and other SNR levels, is included in Appendix B.
These findings support the objective of Research Question 3.

Overall, the kernel activation behavior reveals a degree of
specialization. Kernels that are commonly used to reconstruct
speech tend to differ from those used for noise, particularly in
unstructured noise conditions. Notably:

• Structured, Non-speech-like Noise (Train Noise):
Some kernels shift roles depending on context. For in-
stance, kernels #0 and #21 become noise-preferred even
though it is highly a speech kernel based on other results.
This is likely because it effectively models the rhythmic
structure of mechanical noise, and it needs more kernels
to replicate that waveform (y-label) since it is not similar
to speech. That is why activations in the noise dominate
activations in the speech.

• Speech-like Noise (Babble, Airport): In these cases,
separation blurs. Speech-optimized kernels such as #0,
#6, and #21 are activated for both signal and back-
ground, since both contain intelligible speech. This
leads to certain kernels being labeled noise-preferred
even though they also capture speech patterns, highlight-
ing the ambiguity when background noise is linguisti-
cally structured.
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Figure 5: Normalized activation difference for Train Coming noise
at 5 dB.
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Figure 6: Normalized activation difference for Babble noise at 5 dB.

• Unstructured Noise (White Noise): The separation
is most distinct. Kernel #15 consistently emerges as
noise-preferred, while kernel #21 is speech-preferred.
This indicates effective kernel specialization. Check Ap-
pendix B to see all the results.

7 Responsible Research

7.1 Ethical Considerations

This research utilizes speech data to analyze and reconstruct
auditory signals using a biologically inspired sparse coding
approach. Since speech data can sometimes carry sensitive
personal information, we ensured that all audio samples used
in this study came from a well-documented, publicly avail-
able dataset—MS-SNSD [12]. The dataset includes con-
sented recordings from multiple speakers across diverse ac-
cents and is commonly used in speech processing research.
No private or personally identifying information is present in
the data, and all files are anonymized by speaker ID.

Furthermore, the use of synthetic degradation (e.g., adding
background noise) rather than real-world surveillance or har-
vested data avoids the risk of reinforcing harmful or biased
patterns. The focus of the research is on the perceptual and
structural characteristics of signal reconstruction, not speaker
identification or profiling, which helps mitigate ethical risks
related to the misuse of voice data.
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Figure 7: Normalized activation difference for White noise at 5 dB.

7.2 Reproducibility and Research Integrity

All major components of our research pipeline—including
degrading, kernel-based Matching Pursuit encoding, recon-
struction, and evaluation—have been implemented in Python
using publicly available libraries [16; 20; 25]. The prepro-
cessing, encoding, and evaluation procedures are modular-
ized and documented to ensure that each step of the process
can be replicated.

To support environmental reproducibility, particularly in
perceptual quality assessments, the ViSQOL metric is run
within a Docker container. This avoids dependency con-
flicts across systems and allows researchers to replicate re-
sults using the same controlled environment. Our experi-
ments were executed on the DelftBlue cluster [26], and a
batch-processing script was used to reconstruct all degraded
samples efficiently. Parameters such as stopping condition
(residual amplitude threshold of 0.1) are explicitly defined
and fixed for consistency across experiments.

Although sparse coding methods like Matching Pursuit can
be computationally intensive, especially on long sequences,
our method demonstrates scalability through batch process-
ing and selective encoding. We avoid overfitting to individ-
ual utterances by using a fixed, pre-trained kernel dictionary
across all reconstructions.

In addition, large language models (LLMs) were used dur-
ing the writing and implementation process to assist with
grammar correction, wording clarity, and polishing the word-
ing. LLMs were also used to generate or improve parts of
the plotting and scripting code, such as figure formatting and
automation routines. These uses were strictly supportive and
did not influence the scientific interpretation or originality of
the research design. The example prompts can be found in
Appendix C

The code-base and experiment logs are publicly avail-
able to further support transparency and reproducibility; you
can access the repository https://github.com/baturalpkars/RP
Auditory Kernels [25]. Any findings from this research
should be interpreted in the context of its design—focused
on controlled degradation and single-speaker reconstruc-
tion—while keeping future real-world applications in per-
spective.
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8 Discussion
This study explored whether auditory kernel-based sparse
reconstruction can selectively preserve speech-like structure
under degraded acoustic conditions and what types of pat-
terns are prioritized by kernels. The results consistently sup-
port this hypothesis, revealing three key insights:

1. Robust intelligibility and quality. STOI and PESQ
scores show that auditory kernels preserve intelligibility and
perceptual quality well across all noise types and SNR lev-
els. At high SNRs, the reconstruction even introduces a mild
denoising effect, particularly for non-speech noise types such
as white noise and train noise. Similar behavior was reported
by Sigg et al. [11], who showed that sparse dictionaries can
enhance noisy speech by suppressing noise atoms and em-
phasizing speech-relevant structures.

2. Selective reconstruction behavior. The SRR results
demonstrate that speech-like noise (e.g., babble, airport an-
nouncements) is more easily captured by the auditory kernels,
leading to higher SRR values with fewer activations. This
suggests that the kernels are well-tuned to speech-like pat-
terns. In contrast, for unstructured noise (e.g., white noise) or
structured non-speech-like noise (e.g., train noise), SRR in-
creases more slowly. However they achieve a good SRR on
high SNRs with less kernels. This behavior supports the hy-
pothesis that the reconstruction process implicitly prioritizes
speech-like content. This aligns with observations by Mes-
garani et al. [4], who found that cortical representations in
the brain remain selective for structured inputs like speech,
even in noisy environments.

3. Kernel specialization emerges. The kernel activation
comparisons confirm that some kernels consistently activate
for speech, while others are recruited more heavily during
noise-only reconstructions. While specialization is clearest
in unstructured noise settings, speech-like noise causes over-
laps, leading to ambiguous kernel roles. This links auditory
kernels with neurological findings by Souffi et al. [5], who
found that some neurons consistently responded to speech
even in noise, while others became more active for noise seg-
ments, indicating functional selectivity in the auditory sys-
tem.

Together, these findings validate the biological inspiration
behind auditory kernel models and provide evidence for their
application in robust, explainable speech processing systems.

9 Conclusion and Future Work
This work investigated the effectiveness of auditory kernel-
based sparse reconstruction under degraded speech condi-
tions by addressing three core questions: (1) How much
does the auditory kernel reconstruction selectively recon-
struct speech-like patterns even in conditions where speech
is degraded? (2) How does the quality of reconstructed sig-
nals evolve across different noise types and signal-to-noise
ratio (SNR) in terms of perceptible quality and intelligibility?
and (3) How can we quantify the selectivity of auditory ker-
nel activations concerning different noise types and degraded
speeches with those noises?

First, the SRR (Signal-to-Residual Ratio) curves showed
that auditory kernels effectively capture signal energy even

under noisy conditions. Reconstruction quality increased
steadily as more kernels were used, especially for speech-
like noise. At higher SNRs, a smaller number of kernels
was sufficient to reconstruct speech, indicating efficiency.
These findings suggest that the reconstruction process pre-
serves meaningful speech structure even when the input is
degraded, aligning with the strong intelligibility and percep-
tual scores observed across conditions (1).

Second, our results show that auditory kernels trained
solely on clean speech remain effective even under significant
noise. Reconstruction preserved intelligibility (STOI) and
perceptual quality (PESQ) across various conditions, con-
firming that these kernels are robust to input degradation and
remain biologically plausible (2).

Third, our kernel activation comparisons revealed consis-
tent selectivity: some kernels strongly preferred speech, oth-
ers were predominantly activated by noise. This selectivity
was most pronounced in unstructured, low-SNR conditions
and weaker in structured, speech-like noise, suggesting that
sparse auditory representations naturally encode interpretable
patterns (3).

While the results are promising, there are a few limi-
tations to note. First, due to computational constraints—
especially during large-scale batch processing on the Delft-
Blue cluster—the ViSQOL metric was not included in the
main results. Second, the dataset consists entirely of short,
clean English speeches (3–6 seconds), which may not gener-
alize to longer, conversational, or multilingual speech. Ad-
ditionally, all reconstructions used a fixed pre-trained dictio-
nary, which may limit adaptability to new acoustic domains
or mixed speech scenarios.

For future work, a promising direction is to analyze indi-
vidual kernel roles in more detail, identifying noise-sensitive
units that could be dynamically suppressed during recon-
struction, particularly in stationary or structured noise. Ex-
tending the kernel dictionary to cover overlapping speech
and diverse acoustic scenes may also improve generaliza-
tion. Moreover, because auditory kernels are biologically
inspired, sparse, and computationally simple compared to
phones or phonemes, they may contribute to improved au-
tomatic speech recognition (ASR) pipelines by acting as a
biologically grounded, denoising layer that emphasizes and
preserves the speech structure.
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[25] Baturalp Karslıoğlu. auditory-kernel-reconstruction:
Github repository. https://github.com/baturalpkars/RP
Auditory Kernels, 2025.

[26] Delft High Performance Computing Centre (DHPC).
DelftBlue Supercomputer (Phase 2). https://www.
tudelft.nl/dhpc/ark:/44463/DelftBluePhase2, 2024.

10

https://github.com/D1mme/rp_auditory_kernels
https://github.com/D1mme/rp_auditory_kernels
https://github.com/baturalpkars/RP_Auditory_Kernels
https://github.com/baturalpkars/RP_Auditory_Kernels
https://www.tudelft.nl/dhpc/ark:/44463/DelftBluePhase2
https://www.tudelft.nl/dhpc/ark:/44463/DelftBluePhase2


A Full Perceptual Evaluation Plots
This appendix contains the complete set of PESQ and STOI evaluation plots across all noise types and SNR levels. These plots
expand on the perceptual quality and intelligibility analysis presented in Section 6.1.

• PESQ plots: pesq avg snr{–5, 0, 5, 10}.pdf
• STOI plots: stoi avg snr{–5, 0, 5, 10}.pdf
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Figure 8: PESQ scores for each noise type across SNR levels.
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Figure 9: STOI scores for each noise type across SNR levels.
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B Kernel Activation Comparison Plots
This appendix contains the full set of kernel activation comparisons discussed in Section 6.3. For each noise type:

• Figure 10, 12, 14, and 16 show the raw kernel activation histograms during noise-only reconstruction for noise types;
babble, train coming, white noise, airport announcement, respectively.

• (a)–(d) show the normalized proportional difference between degraded speech and noise kernel usage for SNR levels of
−5, 0, 5, 10 dB.

Positive values in the difference plots indicate speech-preferred kernels; negative values indicate noise-preferred kernels.

Babble Noise

Figure 10: Noise-only kernel activations for Babble.
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(a) SNR = −5 dB

0 5 10 15 20 25 30
Kernel Index

0.03

0.02

0.01

0.00

0.01

0.02

Pr
op

or
tio

n 
Di

ffe
re

nc
e

Normalized Kernel Usage Difference (Speech - Noise)
babble @ 0dB

Speech-pref.
Noise-pref.

(b) SNR = 0 dB
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(c) SNR = 5 dB
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(d) SNR = 10 dB

Figure 11: Kernel activation differences for Babble noise at different SNR levels.
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Train Coming Noise

Figure 12: Noise-only kernel activations for Train Coming.
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(a) SNR = −5 dB
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(b) SNR = 0 dB
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(c) SNR = 5 dB
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(d) SNR = 10 dB

Figure 13: Kernel activation differences for Train Coming noise at different SNR levels.
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White Noise

Figure 14: Noise-only kernel activations for White Noise.
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(a) SNR = −5 dB
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(b) SNR = 0 dB
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(c) SNR = 5 dB
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(d) SNR = 10 dB

Figure 15: Kernel activation differences for White Noise at different SNR levels.
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Airport Announcement

Figure 16: Noise-only kernel activations for Airport Announcement.
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(a) SNR = −5 dB
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(b) SNR = 0 dB
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(c) SNR = 5 dB
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(d) SNR = 10 dB

Figure 17: Kernel activation differences for Airport Announcement at different SNR levels.
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C Example Prompts and Responses for LLM Usage
To enhance the clarity and reproducibility of this research, we briefly document examples of Large Language Model (LLM)
usage during writing and development. These examples illustrate how LLMs were used responsibly—for grammar polishing
and code refactoring, not for generating novel scientific insights.

Example 1: Prompt for Clarity and Academic Wording
Prompt:

I’m writing a sentence for the discussion section of my research report. I want to describe that some kernels become
more active when the noise is speech-like, which creates ambiguity during reconstruction. Can you help me rephrase
the sentence to make it clearer and more academically sounding?
Original sentence: “When the noise has speech characteristics, it activates similar kernels with speech and makes it
harder to separate.”

LLM Response:
“Speech-like noise often activates similar kernels as those used for speech, leading to overlapping representations and
increased ambiguity during reconstruction.”

Example 2: Prompt for Plotting Script Refactoring
Prompt:

I’m creating bar plots in Matplotlib to compare average PESQ scores for four noise types at different SNRs. I want
to combine two SNR conditions (0 dB and 10 dB) into one figure using subplots (top and bottom), and I want the
legend to appear only once. Can you help me write or refactor the code accordingly?

LLM Response (Python Snippet):
fig, axes = plt.subplots(nrows=2, ncols=1, figsize=(9, 8), sharex=True)
snr_levels = [’10’, ’0’]

for idx, snr in enumerate(snr_levels):
ax = axes[idx]
for i, comp in enumerate(comparison_columns):

ax.bar(x + i * bar_width, avg_data[comp], width=bar_width,
label=comp.replace("_", " "), color=comparison_colors[comp])

ax.set_title(f"PESQ Scores @ {snr} dB")
ax.set_ylabel("Avg Score")

handles, labels = axes[0].get_legend_handles_labels()
fig.legend(handles, labels, loc=’upper center’, ncol=3, fontsize=11, frameon=True)

fig.tight_layout(rect=[0, 0, 1, 0.95])
fig.savefig("combined_pesq_plot.pdf")
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