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Learning Without a Teacher
(unsupervised learning)

4 )
Learner

Input training
patterns:
Representative
instances x_i € X
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Learning Without a Teacher
(unsupervised learning)

4 )
Learner

I:> input space

Input training
patterns:
Representative
instances x_i € X

Model of the

An unsupervised learner captures some internal « No (explicit) cost
characteristics of the input data: structure,
mixing components / latent variables, ...

o EXx: clusters

e EXx: principal components

e EX: independent components

function

e Best for discovery: model-free
* Some “model-free” have implicit
assumptions
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Self-Organizing Map: model-free structure learner
Machine learning analog of biological neural maps in the brain

SOM lattice

Input buffer

Input vector x (spectrum)

Formation of basic (Kohonen) SOM:

X = (Xp, Xp5 .oy Xg) € M < RY  input pattern
w; = (wjl, Wigs eees wjd) j=1, ... , P weight vector of]
neuron j (prototype j)

Learning: cycle through steps 1. and 2. many times

1. Competition
Select a pattern x randomly.
Find winning neuron c as
¢(x) = arg min |x - wl|, j=1, ..., P

] v\Euclidean dist.
in data space

2. Synaptic weight adaptation / cooperation

for all w; in influence region of node c
in the SOM lattice, prescribed by h ; ., (t)

Data h(t): most often Gaussian centered on node ¢
space h ; x) (t) = exp(-(c-j)*/c(t)?)
M _CRd \Manhattan dist.
. In SOM lattice
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Self-Organizing Map: model-free structure learner
Machine learning analog of biological neural maps in the brain

|§1§$

Input buffer

Input vector x (spectrum)

Data

space
M R
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SOM lattice

Two simultaneous actions:
- Adaptive Vector Quantization (n-D
binning): puts the prototypes in the
“right” locations, encoding salient
properties of data distribution

- Ordering the prototypes on the
SOM grid according to similarities:
expresses the topology on a low-
dimensional lattice

| TT OoUtO opuOTT

Finding the prototype groups: post-
processing — segmentation of the
SOM based on the SOM’s
knowledge (both the summarized
distribution and topology relations)

Summarization of N data vectors by
O(sqrt(N)) prototypes;
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Map magnification in SOMs
(Magnification of Vector Quantizers, in general)

pdfs of SOM weight vectors (VQ prototypes) and inputs

related by
Q(w) = const - P(w)¢
where

Q(w) is pdf of prototype vectors
P(w) is pdf of input vectors
and

a is the Magnification Exponent — an inherent property
of a given Vector Quantizer

(Zador, 1982; Bauer, Der, and Hermann, 1996)
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What does & mean?

If data dimensionality = d,

m =1 equiprobabilistic mapping
(max entropy mapping, information theoretical optimum)
m a=d/(d+2) minimum MSE distortion quantization
s o=d/(d+p) minimum distortion in p norm
m <0 enlarges representation of low-frequency
inputs

- Kohonen’s SOM (KSOM) attains « = 2/3 (under certain conditions)
(Ritter and Schulten, 1986). Not ideal by any of the above measures.

- Conscience SOM (CSOM) attains a = 1 (D. DeSieno, 1988)

- a of KSOM or CSOM cannot be changed (not a parameter of the
algorithm);
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BDH: Modification of KSOM to allow control of «
(Bauer, Der and Hermann, 1996)

KSOM learning rule: wj(t+1) = Wj(t)+‘c;g) hj,r(\\/) (t) (v - wj(t))

_ winner index
Time-decreasing learning rate

ldea: Modify the learning rate g(t) in KSOM to
force the local adaptabilities to depend on the input
density P at the lattice position, r, of prototype w,. Require
g =gy P(w,)™,
where m is a free parameter that will allow control of a.
How to do this when P(w,) is unknown?
Use the information already acquired by the SOM and exploit
P(w,) oc Q(w,)P’(1)
where P’(r) is the winning probability of the neuron atr.
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Approximate Q(w,) and P’(r) by quantities the SOM has
learnt so far

Compute P(w, ) oc Q(w,)P’(r):
Q(w,) oc 1/vol vol = Volume of the Voronoi polyhedron of w,

vol oc |[v—w,|¢

P’(r) oc 1/(At,),
At, oc (present t value — last time neuron r won)

Substitute into P(w,) cc Q(w, )P’(r) to get

1 m
c®=2o® ¢ Gyow] @

Update weight vectors (prototypes) of ALL SOM lattice neighbors
by using €, of the winning neuron.
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Controlling o through m in the learning rate formula

s Given o =2/3 for KSOM, it can be shown that a “desired” SOM
magnification with exponent «’ is related to m as

Q(w) = const - P(w)% = const P(w) (2/3)(m+1)

= Now we have a free parameter to control «

= EXAMPLE: to achieve max entropy mapping, we want o’ = 1.
o' =2/3(m+1l)=1->setm=3/2-1=0.5ineq. (1)

= EXAMPLE: to achieve o’ = -1 negative magnification, set
m=-3/2-1=-2.5
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Limitations of the BDH algorithm

Theory guarantees success only for
1. 1-D input data
2. n-D data, if and only if P(v) = P(v,)P(v,)...P(v,)
(i.e., the data are independent in the different
dimensions)
1and 2 — “Allowed” data
Rest — “Forbidden” data

Central question:
Can BDH be used for “forbidden” data?

Carefully designed controlled experiments suggest YES.

(Merényi, Jain, Villmann, IEEE TNN 2007).
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Magnification control for higher-dimensional data
l. Noiseless, 6-D 5-class synthetic data cube

128 x 128 pixel image where a 6-D vector is
associated with each pixel (16,384 6-D patterns)

U- 1 pixel class
231r

5 classes:
Class No. of inputs C K
A 4095
U 1 (rare class) E > E
C 4096 -
E 4096 Dg_ / C
K 4096

21F A
0.004 < Pairwise correlation coefficients < 0.9924

. |:| -

= “Forbidden” data
21r

0 1 2 3 4 5 § 7

Band number
o & L (Merényi et al. IEEE TNN 2007)
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128 x 128 px image data cube
6-D spectrum (feature vector)

at each pixel location

L—— 1-px class U

SOM Visualization for >3-D Data
Weight vectors of 10 x 10 KSOM, after learning

oM

erzsebet@rice.edu

/{krenyeem/ RIEEE TNN 2007
N

20k

a0+

20+

20k

20

20k

—'i Craphs
5 spectral classes e FER F31 Fal 51 61 F71 r81 Fa1 10 1
synthetic, noiseless / / -
12 232 ¥ F42 F52 FE2 F72 Fgz 32 F 102
0 class signatures / / // / C
dlrts 23 F33 C43 C53 CE3 C73 F83 C33 10 3
14 Fe24 F34 [ 44 54 64 F7d F64 34 10 4
16 res 320 465 56 FEG 78 Fes Fas 106
F16 26 36 F46 56 FE6 76 FB86 36 10 6
C17 rev? 37 [47 57 67 ce7 87 Fav 107
=l RN resd 38 F48 R FE& 748 res ras [10 8
ri3a 2.8 39 43 549 63 73 63 Fas F10 3
C 4 -1 - - = - - - = = - L
C110 F2 10 Cz 0 F 410 F5 10 CE 10 C7 C8 10 F 910 10 10
AT - - - - - - - - L
1 1 1 l l - F F - - = F = - -
T e e s
Band Mumber
Finding rare patterns, DarkMachines Workshop April 9, 2019 13




128 x 128 px image
6-D spectra

1-px class U

SOM Visualization, for >3-D Data
Weight vectors of 10 x 10 KSOM, after learning
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SOM learning without and with magnification
I: Noiseless, 6-D 5-class synthetic data cube

KSOM (no magnification) BDH with o, ;.4 = -0.8
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Only 1 PE represents the rare class U U now represented by 10 PEs!

(PE = Processing Element = neuron)

(Merényi et al. IEEE TNN 2007)
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Magnification control for higher-dimensional data
Il. Noiseless, 6-D 20-class synthetic data set

128 x 128 pixel image where each pixel

|- R -1 pixel class

is a 6-D vector (16,384 6-D patterns). - Q- 16 pixel class
20 classes:
Class No. of inputs /Ts
A,B,D,E,G,H,K,L,N,0,P 1024 21} /@
C 1023 o0 ,///'///‘ P
L O
F 1008 of /,/,//// 0
I 979 ol %tﬂ
O_

M 924 Hi /%f
- H
Q 16 o %G
R 1 ok / -
- E
s 100 Hi % =
21rF C
T 225 i //; C
0.008 < p < 0.6 = “Forbidden data” of (/// A

21k . ! ! ! !

(Merényi et al. IEEE TNN 2007) o 1t 2z 3 4 5 6 7
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SOM learning without and with magnification
lI: Noiseless, 6-D 20-class synthetic data set

KSOM (no magnification) BDH with o, ;.4 = -0.8

R:1PE, O: 1 PE R: 4 PEs, O: 7PEs

o & L (Merényi et al. IEEE TNN 2007)
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o< 0 magnification for 8-D real data:
discovery of rare clusters

We assume now that the Conscience algorithm achieves a
magnification of o pieyeq = 1

We compare a BDH SOM with o y..q <0 to a Conscience SOM
of the same data, to see if known small clusters have larger
areal representation in the BDH SOM.

We also use a verified supervised class map to see if either
Conscience or BDH SOM shows new discovery.
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o< 0 magnification for 8-D real data:
discovery of rare clusters

Data: 8-D spectral image of Ocean City, Maryland.
512 x 512 pixels, very noisy

Discovery!

BDH clustering, with forced
negative magnification,

Supervised classification, 24 verified classes Clgesired = 0-8

(Merényi et al. IEEE TNN 2007)
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Comparison of BDH and Conscience SOM

Real Data: Ocean City, 8-D 512 x 512 pixel image

40 x 40 SOM, BDH{ a -0.8 40 x 40 SOM, Conscience
(used 128 x 128 pixel subset) (used entire 512 x 512 pixel image)
_________ IIIIIIIIII
________________ EENEENESNEEEE
| HEEE
HEEE
HH
!
______________ jEus '-. .
B H Tt g
s -
e
il
EECE

: | g T . | .
\
Rare ck\sses ﬁ Rare classes HPEs: 3,4,2
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Rare clusters detected by Conscience SOM
Real Data: Ocean City

40 x 40 SOM, Conscience
T (used entire 512 x 512 pixel image)

40 x 40 SOM, BDH, o. -0.8 | EEEEEsEEEsEEEE
(used 128 x 128 pixel subset)m IHEEEEFEEEEE!“ x
. . patinee

o=

| I R ‘i‘ =
L | i
i ine ©
|| li_ N | .'. g
' i = &)
s il.lLl! ) .'l -]
feakcel T
ENENEN 1 AEEER

\ \ ] J,:i i I

Rare classes

Rare classes
Distribution of rare patterns in the 512 x 512 image
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o.=1 magnification: special case of max. entropy mapping

6-D synthetic data cube with 8 classes

Conscience SOM BDH with Olyesireg = 0-7
Olachieved = 17 toget

achieved =

Class A: 4096 points
Class B: 4096 points

Class points
Class points
Class points

Class H: 1024 points
Class |: 1024 points
Class M: 1024 points

Deviations from the exact 4:2:1

: : proportions can be due to the

# PEs allocated: small size of the SOM, integer
H:9 1110 M:9 H:11 1:111 M:9 arithmetic, and the formation of

inter-cluster gaps
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Finding Clusters of Rare Materials on Mars

Data: VIS-NIR Spectral Imagery, Imager for Mars Pathfinder; Colors: clusters

Spectra offset for clarity

Signatquels é)fj sle Ieclté'dI cllul.; ers
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& —’_\‘\'\"H E
H
I /\H_H/‘ M
?s' Ty B
i /\‘\’\4—‘1—-‘!
B!
T
PO
Q
§ 1 ighature 0
° . of rare 7~
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IM801841 ft =t ™~
eft eye g
~ 600,000 pixels No2r \‘\‘\H\H R
28 SOM clusters g - _
40 x 40 SOM s |
0.671 um
2
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1 1 | | | | | | [
6 8 1

wavelength (um)

Farrand et al. Int’l Mars J. 2008
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Example: ALMA hyperspectral image — spectral variations

Image planes from ALMA Band 7, protoplanetary disk HD 142527

GHz 329 299-329. 305

Cluster the spectral
signatures to map

regions of distinct
kinematic and
330.555 - 330.564 | 342.850-342.856 Continuum compositional
r 7 f | . .
Ch 1 50 51 120 121 170 'mage behavior.
170 channels: C80, 13CO, CS lines stacked
Spectral resolution: 0.122 M C180 13c0O CS
\7$ample emission spectra ﬂh pixel (13,113)
U pixel (124,148 [
T ) pizal (117,126) |-
% ﬂ h — el (124,130)
o 0.24 || | pheel (119,136 [T
_—‘:‘ = = AI ]‘ —pixel (113, 120)
® ® 2 0.19 1 — -
o g { pixal (135,132)
S 2 £ A \
c L 014 L]
2 % [ 1 i
4 é 0.09 R |'
2 5 i AW )
U(’% . j F | !
(o} L 1 "M 21 3 41 5 &1 71 81 21 101 11 .121 131 141 151 181
% Channel #
Q.
)
@ E. Merényi, Rice U
D> erzsebet@rice.edu

ALMA spectra from combined C*80, 13CO, CS lines, showing
differences in composition, Doppler shift, temperature

(Data credit: JVO, project 2011.0.00318.5)
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NeuroScope structure discovery from ALMA data
HD 142527 protoplanetary disk (data: Isella 2015)

Cc180
‘' Moment 17

NeuroScope cluster map from stacked
C180, 13CO lines, 100 + 100 channels as
input feature vectors

T

13¢C0O

The emerging structure of the protoplanetary disk
based on all channels of two molecular tracers, -

visualized in one 2-D view

Coloring of clusters is arbitrary,
not a heat map!

(Merényi, Taylor, Isella, Proc. IAU 325, 2016)
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Clusters found in HD142527
Data: ALMA image cube of HD142527 (lIsella, 2015)

C80  13CO
w Mean cluster signatures alert to interesting areas.
. o =co
” E N 0.175
:: 0.125
u 0.025

-0.025
0O 20 40 60 80 100 120 140 160 180 200

L Two distinct peaks, shifted opposite from
rest frequency. Two gas components moving
in different directions.

0 20 40 60 BO 100 120 140 160 150 200 . 0 20 40 60 BO 100 120 140 160 180 200
Channel number Channel number

More discovery within one molecular line (Mereényi, Taylor, Isella, Proc. IAU 325, 2016)

& ¢ merényi, Rice U More discovery from the combination of lines
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Discovery in large 194-D hyperspectral image with CSOM
- _  eawer [

Forward Mapping Irnwersze Mapping :
{ Select POI 5 { Select ROI 5 Save Images Save Statusz Reset ALl Quit

. EEEEEEEEEE " { Bx 274- 193 135 118}

€ 3x 0= 127 133 182) Size: 420 x 614 pixels x 194 spectral bands

tPE #, data # = 1756 0}

Current color: I:l

Left: Clusters identified by a Conscience SOM. Right: Clusters shown in the spatial image.
(Merényi, 2000, Villmann and Merényi, 2001)
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Density matching (max. entropy mapping) by
Conscience SOM, 194-band hyperspectral data

Data: Lunar Crater Volcanic Field, 194-band AVIRIS image,
segmented into 32 SOM clusters

T T 1 T [ T T T T [ T T T 1
of o
“ - ]
= ° -
© - _
3 E — ¢ _
5 B _
o . o ® -
* o — ]
N 8, 0O _
- @ o .
o oo b T

0 10000 20000 30000

# pixel in class

# SOM cells allocated to clusters is proportional to the # if
pixels in the clusters.

i (Merényi, ISCI 2000)
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In Summary

&

Predictability of the magnification exponent for “forbidden”
data: ¢, =1 verified

chieved ~—
Negative magnification for “forbidden” data magnifies the rare
classes in the BDH SOM

Applicability of BDH may be justified for a broader range of data
than the theory supports

We used SOM magnification for rare clusters in data with
= ~ 6-200-D feature vectors, some very noisy
= ~2.5-6%1075 patterns, some with subtle differences

Promise for DM search?

Behavior of BDH is worth (and needs!) more investigation to
assess applicability for complex, high-D data with extremely rare
clusters.
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Note on mass-processing perspectives for pipelines
(Example numbers for the 6-D synthetic and 200-D hyperspectral image)

s Do SOM learning in parallel hardware : <5-15sec/ 1M

o Practically automatic

o Dedicated mid-level FPGA implementation, could be much faster for
more SS (Lachmair et al., Neurocomputing 2013)

o SOM size matters

m Cluster the SOM prototypes automatically with SOM-derived
CONN graph as input to graph-segmentation algorithms: <1 sec

o Results comparable to interactive segmentation by expert. (Merényi and
Taylor, WSOM+ 2017)

= Scales linearly with # of samples, and (within large range) with #
of feature dimensions
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