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Understanding Musical Performance
Using Self-Organising Maps to Characterise Performance
Timing

Nicolas Gold, Neta Spiro, John Rink

Data Analysis

Absolute Values
— Advantages

« dealing with the “real” data
— Disadvantages

* have to use thresholds and tolerances (derived from
where?)

Relative Values
— Advantages
« dealing with the “shape” of expression
— Disadvantages
« not dealing with the “real” values directly

Relative Timing Analysis

* Need to define a range over which the shape
will be drawn
—e.g. asingle bar

Beat 1 Beat 2
Long Short
Short Long

Example

Beatl Beat2 Beat3  Bar Performance
3934859 3123548 2941593 1 Rubinstein 1939
3435139 3239354 3325507 2 Rubinstein 1939
3356017 323172 3412263 3 Rubinstein 1939
3125251 3947685 2927064 4 Rubinstein 1939
4168263 2649714 3182023 5 Rubinstein 1939
3333333 3333333 3333333 6 Rubinstein 1939
3412675 3143626 3443699 7 Rubinstein 1939
28.37537 3637481 3520982 8 Rubinstein 1939

32.48396 3625022 3126582 9 Rubinstein 1939
28.92779 3727807 3379414 10 Rubinstein 1939
31641 3548523 3287377 11 Rubinstein 1939
3057223 3531093 3411684 12 Rubinstein 1939
3671971 2876377 3451652 13 Rubinstein 1939
341354 29.44178 3642282 14 Rubinstein 1939
3169572 3660856 3169572 15 Rubinstein 1939
329588 340824 329588 16 Rubinstein 1939
3479624 3040752 3479624 17 Rubinstein 1939
325804 3013687 37.28273 18 Rubinstein 1939
3164366 39.1468 2920954 19 Rubinstein 1939
20.44481 3307997 37.47521 20 Rubinstein 1939
3111139 3497017 3391844 21 Rubinstein 1939
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Relative Timing Analysis

* How do we find similarities in both the shapes
and the various degrees of similarity without
imposing an a priori decision on what might
occur?

— Need to be able to cluster similar things together and
then determine appropriate boundaries between the
clusters

So, regard each triple (b;,b,,b;) as a vector

— Has the advantage that additional values could be
considered by increasing the dimensionality of the
vector space.
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Self-Organising Maps

A way to reduce the dimensionality of data
The high dimensional space is represented by a set of nodes, each
containing a “prototype” representation of part of that space e.g.
— Node 1 (5, 10, 5)
— Node 2 (7, 3, 15)
For every vector in the input space (e.g. 4.5, 9, 4.5), one of the
“prototype” nodes will match most closely (Euclidean distance)
In training, each of the matching “prototype” nodes is moved
slightly closer to the input vector that triggered it, along with its
neighbours
After many training cycles, the “prototype” nodes have been pulled
into a topological representation of the input space
New (or existing) data can then be classified by presenting it to the
map and determining which “prototype” node (or nodes) trigger.
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Beat1 Best2 Bets

Beart

3930859
3435139
3356017
3125251
168263
3333

Bearz
3123508
3239354
23172
39.47685
2549718
333333
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20.27054
3182023
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Rubinstein 1939

Images from Eudaptics Viscovery SOMine

Viscovery SOMine Representation

Beat 1 Beat 2 Beat 3
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SOM-Ward Clustering

Initially, every node is a cluster

Clusters merged based on shortest distance
accounting for map adjacency

Quality measure indicates “best” clustering

e For each cluster,
take the mean

value of each |
component e.g.

* Plot in Excel for ]

shape

From Map to Motive
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From Performance to Motive
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Bestl  Bemz  Bed | B
3934859 3123588 2941593
3435130 3239350 3325507
35607 323172 3012263
312551 3047685 2927060
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Performance Characterisation

From Map to

Present the performance data to the map,
recalling cluster membership

.
Beatl  beaz | beats | bar Performance
393859 3123548 2941595 1 Rubinstein 1939
w319 23 BT 2 Rbinstein 1939
S0 32372 M6 3 Rbinstein 1939
325251 3047685 2027064 4 Rubinstein 1939
416863 2649714 318023 5 Rubinstein 1939
333333 333983 3393 6 Rubinstein 1939
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Rubinstein 1939
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From Performance to

Motive and Characterisation
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Cluster
el Bemz  Bemd  Bar Performance par lre) - performance
89 32358 2941593 1 Rubinstein 1939 : €1 Rubinstein 1939
303513 239350 B8O 2 Rubinstein 1939 2 €2 Rubinstein 1939
BS60 2372 4126 3 Rubinstein 1939 3 €2 Rubinstein 1939
3125251 3947685 2927084 4 Rubinstein 1939 4 €2 Rubinstein 1939
aleme3 2649714 B0 S Rubinstein 1939 s €1 Rubinstein 1939
namy nam mann 6 Rubinstein 1939 5 €2 Rubinstein 1939
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