Smdata Quantification Toolbox: Documentation

1. Changelog
Sun Aug 16: ospor ns@ ndi ana. edu, mex. | ungarel |l a@i st.go.jp

o Released complexity toolbox v0.005 (functions: calcl_det.m, calcC_det.m, smdata_cov.m, smdata_corr.m, smdata_H256.m,

smdata_jointH256.m, smdata_MIt.m, smdata_MIcov.m)
Sun Aug 30: max. | ungarel l a@i st.go.jp
e Draft documentation

e Released complexity toolbox v.0.01 (added functions: smdata_corr.m, entropy.m, smdata_Hn.m, smdata_roulstonH256.m,

smdata_jointHn.m, smdata_MItn.m, smdata_roulstonMIt.m, ksdensity2d.m, isomap.m, isomapii.m, L2 _distance.m)
Tue Sep 16: max. | ungarel | a@i st. go.jp
e Updated documentation
e Released complexity toolbox v.0.02 (added functions: pca_cov.m, pca_svd.m, sortem.m)
Tue Sep 30: ospor ns@ ndi ana. edu, nmax.lungarella@ist.go.jp
e Changed title of package and of documention

e Released complexity toolbox v.0.03 (added functions: discretize.m, normalize.m; removed functions: smdata_H256.m,

smdata_jointH256.m, smdata_roulstonH256.m)
Sat Oct 11: max. | ungarel | a@i st. go.jp
e Fixedabuginmat scat pl ot. m

e Fixedabugint est ksdensity. m



e mat scat _pl ot . mis also called a Hinton diagram. Added functions hi nt on. mandt est _hi nt on. m The former was

adapted from hi nt onw. mfrom the neural network toolbox.
Tue Apr6: maxl @si.im.i.u-tokyo.ac.jp
e Released complexity toolbox v.0.05 (what happened to v.0.04?). Added functions: ksdensityld.m, gsi.m, test_gsi.m
Mon May 31: max| @si .inmi.i.u-tokyo.ac.jp

e Released complexity toolbox v.0.06. Many unused functions were purged, some functions were integrated with other ones.

2. Short Introduction

3. Overview of the Functions



Function

snd_acf. m

snd_H m

snmd_Hi mages. m
snd_j oi nt H-m
snd_covcor. m
snd_corrt. m
snd_ksdensld. m
snd_ksdens2d. m
smdMt.m

snd_M cov. m
snd_cal cl det. m
snd_cal cCdet. m
i somap. m

i somapii.m
snd_pca.cov. m
snd_pca_svd. m
snd_gsi . m
snd_nmat scat _pl ot. m
snd_hi nton. m
snd_di screte. m
snmd_norm m
sortemm

L2 di stance. m
test discrete.m
test gsi.m

test _hinton. m

t est ksdensity. m
test _mat scat. m
test _pca. m

test sndata. m

Auto-correlation

Entropy

Entropy

Joint entropy

Covariance and correlation
Correlation

Histogram

Histogram

Mutual information

Mutual information
Integration of a system
Complexity of a system
Isometric feature mapping
Isometric feature mapping
Principal component analysis
Principal component analysis
Linear separability
Visualization

Visualization

Discretization

Normalization

Sort of eigenvalues and vectors
Euclidean distance

Test function

Test function

Test function

Test function

Test function

Test function

Test function

Table 1:




4. Entropy

41 smd_H.m

Synopsis.

[ Hobs, Bst ar, Hi nf, Si gnma_H] =snd_H( Mst at es, nst)

I nput:

Mst at es = NxM matrix (ensemble of series: columns are realizations of stochastic processes)

nst =number of states of input space

Output:

H.obs = 1xM (observed entropy)

B_st ar =1xM (number of states for each column of Mst at es)

H.i nf =1xM vector (corrected estimate of entropy)

Si gma_H=1xM vector (standard deviation from theoretically predicted entropy)

Notes:

(@) Mst at es must be supplied in discretized format with states ranging from 1 to nst . To generate such states refer to
snd_di screte. m

(b) To obtain a meaningful estimate, a sufficient number of samples of the random variables Mst at es should be supplied.
For example, for 8-bit resolution (nst =256 possible states), N>3x256 = 800 samples, because otherwise there are not enough
samples to estimate the histogram.

References:

Roulston (1999)

4.2 smd_Himages.m

Synopsis.

[ H mages] =snd_Hi mages( Mst at es, nst)

I nput:

Mst at es = NxM matrix (each row represents a vector-coded image)

nst =number of states of input space

Output:

Hi mages =1xM (each element represents unbiased entropy estimate of one image)

Notes:



(@) Mst at es must be supplied in discretized format with states ranging from 1 to nst . To generate such states refer to
snd_di screte. m
(b) To obtain a meaningful estimate, a sufficient number of samples of the random variables Mst at es should be supplied. For

example, for 8-bit resolution (nst =256 possible states), N>3x256 =800 samples.

4.3 smd_jointH.m

Synopsis

[jointH =sndjoi nt H Mst ates, units, nst,t)
Calculates joint entropy for each pair of units in Mstates

I nput:

Mst at es = NxM matrix (realizations of stochastic process)
uni t s =1xL, L<M (columns of Mdat a used for calculation)
nst =number of states of input space

t =time offset used to compute joint entropy

Output:

j oi nt H=1xM vector (time-delayed joint entropy, computed column-wise)
Notes:

Vst at es must be supplied in discretized format with states ranging from 1 to nst .



5. Covarianceand Correlation

5.1 smd_covcor.m

Synopsis.

[ COV, COR] =snd_covcor (Mlat a, uni ts)

Calculates the covariance and the correlation matrix

Input:

Mlat a = NxM matrix (realization of stochastic process)

uni t s =1xL, L<M (columns of Mlat a used for calculation)
Output:

COV =LxL matrix (covariance)

COR=LxL matrix (correlation)

5.2 smd_coort.m

Synopsis.

[CORRt] =snd_coort(Mata,units,t, T)

Calculates the time-delayed correlation matrix

I nput:

Mlat a = NxM matrix (realization of stochastic process)

uni t s =1xL, L<M (columns of Mdat a used for calculation)
t =time offset used to compute correlation

T =time window

Output:

CORRt =LxL matrix (time-delayed correlation)



6. Histogram

6.1 smd_ksdens2d.m

Synopsis.

[ D] =snd_ksdens2d( Mlat a, gri dx1, gri dx2, bw)

Input:

Mdat a = Nx2 matrix

gri dx1 = Mx1 vector

gri dx2 = Mx1 vector

bw=bandwidth (window parameter)

Output:

D= Kernel density estimation of 2D histogram using Gaussian windows
References:

Moon, Rajagopalan & Lall (1995)



7. Mutual Information

7.1 smd_MIlcov.m

Synopsis:

[M] =snd_M cov(Mstates, units)

Input:

Mst at es = NxM matrix (realizations of stochastic process)

uni t s =1xL, L<M (columns of Mst at es used for calculation)
Output:

M =LxL matrix (mutual information between all pairs part of units)

7.2 smd_Mlt.m

Synopsis

[Mt.inf,Mt_obs] =smd_Mt(Mtates,units,nst,t)
Input:

Mst at es = NxM matrix (realizations of stochastic process)

uni t s =1xL, L<M (columns of Mst at es used for calculation)
nst =number of states of input space

t =time offset used to compute mutual information

Output:

M t i nf =MxM matrix (corrected time-delay mutual information between all pairs of elements that are part of units)
M t _obs = MxM matrix (observed mutual information)
References:

Roulston (1999); Steuer, Kurths, Daub, Weise & Selbig (2002)



8. Complexity Measures

8.1 smd_calcl _det.m

Synopsis.

[1] =snmd_cal cl _det (COV)

I nput:

COV =covariance matrix of system X
Output:

| =integration

Notes:

Assumption of Gaussianity for X
References:

Olaf?

8.2 smd_calcC_det.m

Synopsis.

[ C] =snd_cal cCdet (COV)

I nput:

COV =covariance matrix of system X
Output:

C=complexity

Notes:

Uses snmd_cal cl _det. m
References:

Olaf?



9. Dimensionality Reduction

9.1 smd_pca_cov.m

Synopsis

[Z, U, | anbda] =snd_pca_cov(Mat a, A)

Input:

Mdat a = NxM matrix (rows: observations, columns: variables)
A=indeces of returned principal components

Output:

Z =NxA matrix (z-loading)

U= MxA matrix (principal components)

| anbda = Ax1 vector (explained variance)

9.2 smd_pca.svd.m

Synopsis.

[Z, U, | anbda] =snd_pca_svd( Mlat a, A)

I nput:

Mdat a = NxM matrix (rows: observations, columns: variables)
A=indeces of returned principal components

Output:

U= MxA matrix (principal components)

| anbda = Ax1 vector (explained variance)

9.3 smd_gsi.m

Synopsis.

[GSI] = snd_gsi (Mlat a, Cat g)

Input:

Mdat a = NxM matrix (rows: observations, e.g. sensory patterns; columns: variables)
Cat g =Nx1 vector (category vector, category to which observations or patterns belong)
Output:

GSI =Geometric Separability Index



References:

Thornton (1997)

9.4 isomap.m

Synopsis.

[Y,R E] =i somap(D, nfcn, nsize, options)
I nput:

Output:

References:

Tenenbaum, de Silva & Langford (2000)

9.5 isomapii.m

Synopsis.

[Y,R E] =i somapii (D, nfcn, nsize, options)
Input:

Output:

References:

Tenenbaum, de Silva & Langford (2000)



10. Visualization

10.1 smd_matscat_plot.m

Synopsis.

snd_nmat scat pl ot (M Z, f, narker)

I nput:

M= Nx2 matrix (sets the position of the patches)
Z =Nx1 vector (sets the size of the patches)

f =number (scale factor)

mar ker =marker (‘s’:square, ‘0’:circles)
Example:

[ X, Y] =neshgri d(1: 20, 1: 20);
X=reshape(X, 400, 1);

Y=reshape(Y, 400, 1) ;

M=0: 0. 01: 3. 99;

M=M +0. 01;

figure(l); clf;

snd_mat scat plot ([ X, Y], M 100,’s");



11. Miscdlania

11.1 smd_discrete.m

Synopsis.

[ Mst at es] =snd_di scret e(Mlat a, nst)
Discretizes the Miat a into nst discrete states.
Input:

Mdat a = NxM matrix (input)

nst =scalar (number of states)

Output:

Mst at es =NxM matrix (ranges from 1 to nst )

11.2 smd_norm.m

Synopsis.

[ Mlat aout] =sndnorm(Mdata.in,lolinmt,hilimt)

Normalizes Mdat a_i n between the user-supplied limitsl o_l imi t andhi limt.
I nput:

Mlat a_i n=NxM matrix

[ o_l'i mt =scalar (lower limit)

hi _I'i mi t =scalar (upper limit)

Output:

Mdat a_out =NxM matrix

11.3 sortem.m

Synopsis.
[n, v] =sorten(nd, nv)
I nput:

Output:



114 L2.distance.m

Synopsis

[ D] =L2._di st ance(A, B)
Computes Euclidean distance matrix
I nput:

A=NxM matrix

B =NxP matrix

Output:

D= MxP matrix
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