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COMPLEXITY-SCALABLE MUSIC REPRESENTATION TO TRANSFER SUBJECTIVE MUSICAL EXPERIENCE
The same piece of music may be experienced differently by different subjects, depending on 1) perceptual processing (e.g. 3500 inner
hair cells vs. a few electrodes in a cochlear implant) allowing for a representation with various degrees of frequency and temporal
resolution, 2) cognitive capabilities, e.g. memory, voluntary attention direction, abstraction and inference (normal listener vs. a person
with dementia) enabling the recognition of different inter-muscal relations, 3) familiarity with musical style, instrument, piece may affect
emotional impact and intellectual understanding. We suggest to use musical signal processing in a hearing device, to transform the
musical piece to create a similar musical experience in normal hearing subjects and subjects with severe hearing limitations, by means
of a complexity-scalable music representation: In [3] the number of different sound groups (e.g. considering open and closed hi-hats
as one or two distinct sound categories) as well as the temporal context horizon (e.g. storing up to 2-note sequences or up to 10-note
sequences) is adaptable to the listener, based on cognitively plausible principles: unsupervised learning and statistical learning.
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1. REPRESENTATION AS RESOLUTION-SCALABLE SYMBOL SEQUENCE
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B. Timbre Space Topology:

A. Onset Detection:
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2. GESTALT PRINCIPLE
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3. METRICAL PHASE DETECTION
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• Possible alignments (bottom) of the
skeleton sequence (top)

• Phase catching most onsets (the filled
red crosses) is selected

4. METRICAL GRID ALIGNMENT EXAMPLE
Tempo detection applied to most regular subsequence (amplified, blue) [2] :

5. SCALABLE STATISTICAL MODEL
Generative model: Variable Length Markov
Chains with scalable context length

6. CO-EVOLUTION
• Co-evolution of human listening re-

habilitation and music representa-
tion/cartoonification (adaptive clus-
ter number and context length)

• Reinforcement learning using be-
havioural/physiological satisfaction
feedback

7. EVALUATION
EEG Monitoring of mental states of normal
hearing vs. hearing impaired listener
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