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Those who can, do.
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Those who can, do.

Those who can't,
simulate .

/usr/games/lib/fortune, UNIX, Seventh Edition, 1979
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Singular-valuedecomposition

Factorization:
x(k )

i = ui vk
Gene factor

Experiment factor

Singular-value decomposition (SVD):
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SVD and distances

Distances:

D ij =
X

k

�
x(k )

i � x(k )
j

� 2

Substituting the SVD:
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Non-linear multidimensional scaling

Choose points y 2 Rd, d � n, minimizing

Q2 =
X

i;j

�
jy i � y j j2 � D ij

� 2

Gradient: = Force

@Q2

@yk
=

X

i

yk � y i

jy k � y i j

�
jy i � y j j2 � D ij

�

� Hamiltonian system (force)
� Solution methods:

� Gradient descent
� Molecular dynamics
� Hybrid Monte Carlo/Langevin methods
� Simulated annealing
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Non-linear multidimensional scalingII

Getting it right:
� Different choices for distances

� Linear, piecewise-linear, tanh
� Different weights for small and large distances
� Repulsive inverse potential

� Avoiding jamming
� Jiggling
� Dimensional reduction
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pointmap.C i
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pointmap.C ii
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pointmap.C iii

11:09 May 27, 2004 – p. 9/24



< >

pointmap.C iv
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pointmap.C v
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pointmap.C vi
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Inf ormation content

Which experiments carry information?

Calculate information content of x(k )
i vs. y i over i for all k.

TOP 100 EXPERIMENTS BOTTOM 100 EXPERIMENTS
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Inf ormation content

What do the distances look like with different subgroups?

Distances from top 100 exp. Distances from bottom 100 exp.
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Decisiontr ee
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Self-organizationand classi�cation

Energy landscape for two different genes on the plane.
( ) Self-organizing maps
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Linear models

Linear relationships between variables :

xi = Fij xj + ei

Error:
ei = (1ij � Fij ) xj

Error model:
p(e) / exp

�
� eT � e

�

Gaussian process:

p(x) / exp

2

4� xT (1 � F )T �(1 � F )
| {z }

= M

x

3

5
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Gaussianprocessesand correlations

p(x jM ) =

s
det M
(2� )N exp
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With multiple measurements x (k ) :
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The log-likelihood

� ln p(D jM ) =
K
2

(�
FREE ENERGY

ln det M +
HAMILTONIAN

Tr DM )

Gradient:

�
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ln p(D jM ) =
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+

Minimum is achieved at: M ij = D � 1
ij
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Dir ectand indir ect correlations
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Factorization in Bayesiannetworks

p(x1; : : : ; xn ) = p(x1) p(x2jx1) p(x3jx1; x2) : : : p(xn jx1; : : : ; xn � 1)
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p(1; 2; 3; 4; 5; 6) = p(1) p(2j1) p(3j1) p(4j2; 3) p(5j4) p(6j4)
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Examplenetwork
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Looking for network structure
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Fin
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