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Approaches
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Project Description

• Training data – 9383 monophonic MIDI themes

• Machine Learning Models
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Project Description

String of Notes (Excerpt)
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Example Outputs

Input: Neverland.mp3

Discovered Motifs

CTW

HMM

LSTM

PST

PPM
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Example Outputs

Input: landscape.jpg

Discovered Motifs

CTW

HMM

LSTM PST

PPM

LZMS

More examples available at
axon.cs.byu.edu/motif-discovery
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Preliminary Evaluation of 
Inspirational Sources

Pitch 
Detection
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Results

P-values: 0.175 0.0004 2.51 X 10^-5     1.36 X 10^-18

Changes to 0.003 when we remove the 3 shortest files



Evaluation of Motif Extraction Process

• For each theme t in validation set:
1. Train ML model on all 9383 

themes except t
2. Extract all candidate motifs 

from t’s full score
3. Mean probability of motifs 

inside of t should be higher 
than mean probability of 
motifs not in t (according to 
ML model)
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Results

U values



Evaluation of Structural 
Quality of Motifs
1. Measure predictability

2. Measure innovation

Actual Themes
Entropy

Discovered Motifs
Entropy

Candidate Motifs
Entropy

.145 .00274

Actual Themes Discovered Motifs



Results

Entropy and R Values
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Comparison of Media Inspiration 
and Random Inspiration

Media File
Extract 

Candidate 
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Comparison of Media Inspiration 
and Random Inspiration
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Subset Training

Measure U values after training on only a subset of the training data.

U values after training on only themes by Bach are included below.

How does Bach relate to the others?



Subset Training
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Conclusion
• Innovation and value shown through U, R, and entropy
• CTW and PPM stand out as the best ML models for motif 

discovery
• Media inspiration is more efficient than random generation



Future Work
• Motif discovery as starting point for full-length compositions
• Global structure
• Additional modes of inspiration (text, video, sleep data)
• Inspirational sources combined over time



CARL: Composer of Anomalous 
Reactive Lead Sheets
• Example using this motif discovery system as a starting point
• ABAB form, popular style

Face Detection

Motif Discovery

Melody Generation

Harmonization


, track 

63.162785





Thank You



Human Composition Approaches

• Composers from period of common practice serve both goals
• Beethoven – pushes classical to romantic
• Wagner – bridges gap to atonality
• Schoenberg – pushes atonality to a theoretical maximum

• Composers seek musical and non-musical inspiration
• Olivier Messiaen – birdsong
• Claude Debussy – nature, poetry, paintings
• Franz Liszt – programme music



Related Work
• Markov models

• Variable order
• Dubnov et al. apply prediction suffix trees to music
• Begleiter et al. compare multiple VMMs such as PST, CTW, PPM

• Random fields
• Lavrenko and Pickens apply to polyphonic music

• Hierarchical/hidden
• Weiland et al. use HHMMs to capture long term dependencies

• Neural networks
• Long short-term memory (LSTM)

• Solves vanishing gradient problem in RNNs
• Eck and Schmidhuber apply to blues music

• Adaptive Resonance Theory (ART)
• Smith and Garnett capture medium-level structures using three 

hierarchical levels



Related Work

long 
short-term 
memory

Markov Models
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suffix
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Our Approach
1. Train a machine learning (ML) model
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3. Use ML model to select motifs that most resemble the 
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Length Normalization



Extract Candidate Motifs
String of notes from edge/pitch detection



Discover Best Motifs



Evaluation of Motif Extraction Process

• Test set = hand-picked scores and their matching themes
• Extract candidate motifs C from score, part by part, in a similar fashion 

performed on media files
• Split C into two disjoint sets

• C_t = motifs that are subsets of the score’s theme
• C_-t = motifs that are not subsets of the score’s theme



Evaluation of Motifs

1. Compare entropy of actual music themes (A), extracted 
motifs (E), and candidate motifs (C)

• Looking for entropy(A) < entropy(E) < entropy(C)
2. Measure level of innovation of extracted motifs (E) against 

actual music themes (A)
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