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What makes music music?
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A New Learning Problem

Automatic Concept Learning
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A New Learning Paradigm

New Concept Representation

New Learning Algorithm
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Representation: Data Space

Data space: (X,px) or (X,p) for short

Assume a data point x € X 1is ani.i.d. sample
drawn from a probability distribution P.

However, the data distribution P, or an estimation
of 1t, 1s known.

The goal here 1s not to estimate P but to explain 1it.



Representation: Chord Space

Considering chords from Bach’s four-part chorales
recorded in sheet music.

Here, a chord 1s any collection of four simultaneously
sounding pitches.

Chord space: X = 74

E5 — |76

Soprano

chord: * = c X

G4 — |67

Alto

pitch: z; € Z (C4 — 60)

Bb3— |58

Tenor

voice: 1 € {1,2,3,4}
S A T B Bass

ol

C3 — (48
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Representation: Abstraction

An abstraction A is a partition of the data space X.

X = {33173327333733473757336}

A = {{ajl? 336}, {ZUg}, {3327 L4, 335}}
B YA 4
cells (or less formally, clusters)

An concept 1s a partition cell.

A partition matrix A 1s a concise way of representing
an abstraction A .
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Representation: Abstraction

An abstraction A is a partition of the data space X.

X = {33173327:63733473757336}

A = {{331, 336}, {ZUg}, {3327 L4, 335}}
B YA 4
cells (or less formally, clusters)

An concept 1s a partition cell.

A partition matrix A 1s a concise way of representing

an abstraction A .

L1 o X3 T4 X5 Tg

1 0 0 0 0 1] Istcell

A=1(0 O O 0 O 2ndcell
010110

1
0 3rd cell




Representation: Probabilistic Rules

A probabilistic rule 1s a pair:

(A7pA)

where A is an abstraction (partition);

PA 1s a probability distribution over
the abstracted concepts (cells).

0.5
0.4

I I 0.]

—

A = {{3717 336}7 {373}7 {$27 L4, 335}}




Representation Summary

Abstraction: a partition
Concept: a partition cell (cluster)

Probabilistic rule: abstraction & distribution



Representation Summary

Abstraction: a partition
Concept: a partition cell (cluster)

Probabilistic rule: abstraction & distribution

Automatic concept learning: ?



Automatic Concept Learning
1S

the process of learning probabilistic rules

But how?



Learning Algorithm
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Learning Algorithm

Pstu A
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Learning Algorithm

k—1
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Teacher: a Discriminative Model

Want to find the abstraction which exhibits the
largest statistical difference between the student
and the mput data.
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Teacher: a Discriminative Model

The teacher solves an optimization problem:

maximize
AP x

subject to

Dkr (p.A stu H pA)
t]
¢

he abstraction A satisfying

he memorability condition

t.

ne hierarchy condition

What does B x come from?
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Teacher: a Discriminative Model

‘Vx : abstraction universe

Mathematically, a partition lattice, which 1s a special type
of partially ordered set

Pictonially, a directed acyclic graph (vertex: partition; edge:
coarser than)
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Teacher: a Discriminative Model

abstraction universe

Px

Mathematically, a partition lattice, which 1s a special type

finer

of partially ordered set

(more specific)

Pictonially, a directed acyclic graph (vertex: partition; edge:
coarser than)
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How to construct A € Px (abstraction universe) 7
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In both cases, the underlying mechanism that generates
the partition 1s human-interpretable.

We do not consider arbitrary partitions.
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How to construct A € Px (abstraction universe) 7

@ Feature-Induced Partition
Ay ={07 ({y}) ly € 6(X)}

How to construct ¢ € ® (feature universe) ?
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How to construct d € D (discriptors) and w € W (windows) 7
d=0b,0---0b;, b, €D
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Teacher: a Discriminative Model

How to construct A € Px (abstraction universe) 7

@ Feature-Induced Partition
Ay ={07 ({y}) ly € 6(X)}

How to construct ¢ € ® (feature universe) ?
¢ =dow

How to construct d € D (discriptors) and w € W (windows) 7
d=0b,0---0b;, b, €D
w=wyr, ICH{l1,2,3,4}

For example: d =mod;p o diff, w = wyg a
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Teacher: a Discriminative Model

The teacher solves an optimization problem:

maximize DKL ( )

subject to  the abstraction A satisfying

the memorability condition

the hierarchy condition

Note that: given P, computing PA 1s easy:

0.3
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Teacher: a Discriminative Model

The teacher solves an optimization problem:

maximize DKL ( )

subject to  the abstraction A satisfying

the memorability condition

the hierarchy condition

Note that: given P, computing PA 1s easy:
0.3

0.3 0.3
0.1 V.2 0 1 0.1 I I I
- . »

T1 T2 T3 $4 5135 Te {x1, 26} {x3} {22, 24,25}
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Apply probabilistic rules, which 1s known as
the rule realization problem.
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the rule realization problem.

Given PA, compute P

0.4
0.3 0.3
I I I » 2?2 2 7?2 2 7

{x1,26} {23} {T2, T4, 75} 1 Lo T3 T4 T Te



Student: a Generative Model

Apply probabilistic rules, which 1s known as
the rule realization problem.

Given PA, compute P

0.4
0.3 0.3
I I I » 2?2 2 7?2 2 7

{x1,26} {23} {T2, T4, 75} 1 T T3 T4 T Te

0.4
0.3 0.3
1 11

{T1, 22} {w3, Ta} {75, 6 }



Student: a Generative Model

Apply probabilistic rules, which 1s known as
the rule realization problem.

Given PA, compute P

0.4
0.3 0.3
I I I » 2?2 2 7?2 2 7

{x1,26} {23} {T2, T4, 75} 1 T T3 T4 T Te

0.4
0.3 0.3
1 11

{T1, 22} {w3, Ta} {75, 6 }



Student: a Generative Model

Apply probabilistic rules, which 1s known as
the rule realization problem.

Given PA, compute P

0.4
0.3 0.3
I I I » 7 27 227

{x1,26} {23} {T2, T4, 75} 1 T T3 T4 T Te

0.4
.7 I 0. a Dot necessarily unique
I I which one do we prefer?

{T1, 22} {w3, Ta} {75, 6 }



Student: a Generative Model

Want to find the probabilistic model which
enables novelty while at the same time
satisfies all the rules.



Student: a Generative Model

The student solves another optimization problem:

o k — 5
RARITLZE Sa(pits) == (g — 1)~ (1 N HpétiHZ)
pstuEA|X|

subject to A(i)piﬁz =pay, t=1,...,k



Student: a Generative Model

The student solves another optimization problem:

Tsallis entropy: measures randomness

. . L T k
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Piti EA|X|

subject to A(i)piﬁi =pay, t=1,...,k
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Student: a Generative Model

The student solves another optimization problem:

Tsallis entropy: measures randomness

. . L T k
maximize Sq(pi];i) =(¢g—1)~" (1 — HpﬁtiHZ)
Piti EA|X|

subject to A(i)pil;z =pay, t=1,...,k
i

partition matrix: represents abstraction

l

linear equality constraint

g = 2 : gin1 impurity function

Linear Least-Squares Problem!



How MUS-ROVER Self-Evolves?



Context-Free Rules (1-gram)

Rules and Outcomes



Fundamentals (1-gram)
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Fundamentals (1-gram)

Rule 1: order o wjy 234
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Fundamentals (1-gram)

Rule 1: order o wjy 234

2<1!314
3<4<2=1
4<2<3=1
3<2<1!4
4=2<3<1
4<3<1l<?2
3<4<2<1]
1121314
4<3=2<1]
4<2<3<1|]
4<3<2=1H
4=3<2<1

4<3<2<] I

o0 01 02 03 04 05 06 07 08 0.9

(Spacing) Almost always, the soprano pitch 1s above the alto,
alto above tenor, and tenor above bass.



Fundamentals (1-gram)

Soprano
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Tenor
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Student 1
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Fundamentals (1-gram)

Rule 2: mod;s o wq
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Fundamentals (1-gram)

Rule 2: mod;s o wq

S1 719111

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18

(Scale) The soprano voice 1s drawn from a diatonic scale
with high probability.



Fundamentals (1-gram)

Soprano

Alto

Tenor

Bass

Student 2
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Fundamentals (1-gram)

Student 22

Soprano ' ol . E )
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Fundamentals (1-gram)

Student 22

C5, A4, E4, A3

B4, Gs4, E4, E3
C5, E4, G3, C3
D5, B4, G4, G3
E5, C5, G4, C4
C4, G3, E3, C2
G4, D4, B3, G2
E4, C4, G3, C3

R, R, R, R

C5, G4, E4, C3

0.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014



Context-Specific Rules (n-gram)

Bach’s Music Brain
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© unlearned

Part Writing (n-gram): 14th Chord

@ I-gram
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Part Writing (n-gram): 14th Chord
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@ unlearned

Part Writing (n-gram): 14th Chord

® l-gram

@ 3-gram

@ 10-gram

® 6-gram
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Generalizing to Other Topic Domains

» Physics
» Cancer biology
+ and more
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