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Background & Motivation RQ 2: Perceptual Quality (PESQ) & Intelligibility (STOI) score RQ3: Kernel Selectivity (Speech vs. Noise)

Auditory kernels are biologically inspired filters that mimic how the human auditory system—particularly
the cochlea and cortex—encodes sound. Lewicki showed that such filters emerge from sparse, efficient
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Auditory kernels exhibit structured selectivity: some respond more to speech, others to noise.

Methodology RQ1: Reconstruction Efficiency (SRR vs. Kernel Rate) = Speech-like noise (e.g., babble) overlaps with speech kernel usage, reducing separation clarity (#0,
#6, #21).
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