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From Wikipedia, the free encyclopedia

A random variable (also called random quantity, aleatory variable, or
stochastic variable) is a mathematical formalization of a quantity or
object which depends on random events. The term 'random variable' in

its mathematical definition refers to neither randomness nor varial:}ility[l]
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stochastic variable) is a mathematical formalization of a quantity or
object which depends on random events. The term 'random variable' in

its mathematical definition refers to neither randomness nor varial::rility[l]
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Informally, randomness typically represents some fundamental element
of chance, such as in the roll of a die; it may also represent uncertainty,
such as measurement error.[2] However, the interpretation of probability
is philosophically complicated, and even in specific cases is not always
straightforward. The purely mathematical analysis of random variables is
independent of such interpretational difficulties, and can be based upon a

rigorous axiomatic setup.
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From Wikipedia, the free encyclopedia

A random variable (also called random quantity, aleatory variable, or
stochastic variable) is a mathematical formalization of a quantity or
object which depends on random events. The term 'random variable' in

its mathematical definition refers to neither randomness nor variability[l]

[...]

Informally, randomness typically represents some fundamental element
of chance, such as in the roll of a die; it may also represent uncertainty,
such as measurement error.[2] However, the interpretation of probability

is philosophically complicated, and even in specific cases is not always

straightforward®he purely mathematical analysis of random variables is
independent offsuch interpretational difficulties, and can be based upon a

rigorous axiomptic setup.
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korrekte Ergebnisse liefern.
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Number of Successes (k)

100 zufallige Durchfithrungen mit Teststatistik
Hy wahr: 6 = .23 rote Punkte mit pval < 5%
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B Triffst du oft (empirisch) in der Natur, ist einfach zum Rechnen,
das machen alle so, ...

B Die einzige Fehlerverteilung, welche den arithmetischen
Mittelwert (als ML-Schitzer) rationalisiert, ist A/
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T n=1 n=>2 n=32
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E
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=B ‘
| 1 | | | | ]
X—€¢ X X-+e¢ X—2¢ X X+2¢ X—-10¢ X X+10¢

(a) (b) (c)

Figure 10.5. Distribution of measurements subject to » random errors of magnitude &, for
n = 1, 2, and 32. The continuous curves superimposed on (b) and (c) are Gaussians with the
same center and width. (The vertical scales differ in the three graphs.)
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B Triffst du oft (empirisch) in der Natur, ist einfach zum Rechnen,
das machen alle so, ...

B Die einzige Fehlerverteilung, welche den arithmetischen
Mittelwert (als ML-Schitzer) rationalisiert, ist A/

B Modellhaft bestehen Fehler aus vielen kleinen zufélligen
,Mini-Fehlern” +€. — Summe der Mini-Fehler konvergiert zu N/

B Central Limit Theorem: Fiir identischh & unabhingige ZV

X1,..., X, mit E[X;] = 0, Var[X}—="707 ist VarlZXi] — o7
)i (71'2/7”1 wobei

PRt RN (o) TEIXE
(i 07)3/2
B MaxEnt: Fiir feste u, 0 ist X ~ N (u,0?) die einzige Wahl mit
E[X] = 1 und Var[X] = ¢? und X mit maximaler Entropie.
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import numpy as np

import statsmodels.stats.api as sms SOftware

gl = [20, 22, 24, 20, 22, 18, 19]
g2 = [25, 23, 20, 19, 22, 24, 22]

avgl = np.mean(gl)
avg2 = np.mean(g2)

# descriptive statistics

print("gl has mean {:.3f}".format(avgl)) gl has mean 20.714
print("g2 has mean {:.3f}".format(avg2)) g2 has mean 22.143
print("difference {:.3f}".format(avg2 - avgl)) difference 1.429

cm = sms.CompareMeans.from_data(g2, gl)

print (cm.summary())
Test for equality of means



import numpy as np
import statsmodels.stats.api as sms

gl = [20, 22, 24, 20, 22, 18, 19]
g2 = [25, 23, 20, 19, 22, 24, 22]

avgl = np.mean(gl)
avg2 = np.mean(g2)

# descriptive statistics

print("gl has mean {:.3f}".format(avgl))
print("g2 has mean {:.3f}".format(avg2))
print("difference {:.3f}".format(avg2 - avgl))

cm = sms.CompareMeans.from_data(g2, gl)

gl has mean 20.714
g2 has mean 22.143
difference 1.429

Software

p-value 22.5% > 5% — Hj nicht ablehnen :(

print (cm.summary())

Test for equality of means
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Normale Praxis

Viele Tests setzen Normalverteilung voraus.
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Konfidenzintervalle

B Situation: Algorithmus A ist schneller als
Algorithmus B mit p = 0.0067. (Hp wird

abgelehnt.) Experiment 1

B Frage: Heifst das (p = 0.0001290);
m A ist viel schneller als B? Experiment 2 | |
m A ist ziemlich sicher schneller als B? ¥ = 0'0004233)5 | |

0 2 4

B Konstruktion: Sammle alle Parameter ¢’ Differenz ¢
ein, fiir welche H : § = ¢’ nicht (mit &« = 5%) verworfen wird.

B Das entstandene Intervall [[(X),r(X)] tiberdeckt NICHT: ¢ liegt -
wahrscheinlich den gesuchten wahren Parameter: ~wahrscheinlich” in
PII(X) < 6 < u(X)] = 95% 1(X), r(X)]

B Hj ablehnen <= p-Wert < 5% <= 0 & [[(X), r(X)]



100 zufdllige Durchfithrungen mit

Konfidenzintervall H, wahr: p = 1/2
— 5/100 Typ-1-Fehler
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Praktische Hinweise

B Es existieren nicht-parametrische Tests die keine Voraussetzung an die

Verteilung machen (aber hoherer Typ-2-Fehler (i.e. weniger Power)!)
z.B. Wilcoxon-Mann-Whitney test + Hodges—Lehmann estimate zur Abschdtzung der
Differenz des Medians von X vs Y unter einem location shift model

B Simuliert eure Tests mit RNGs!

B Textbeispiel zum Reporting in Papers:
We compared the runtime distributions of Algorithm A (n4 = 50) and Algorithm B (ng = 50)
across randomly generated problem instances. Median runtimes were 12.3s (IQR: 9.1-18.7) for
Algorithm A and 15.8s (IQR: 11.4-22.3) for Algorithm B. A Wilcoxon—-Mann—Whitney U test
confirmed that this difference is statistically significant (U = 847, p = 0.003, two-sided). Under
a location shift model, the Hodges—Lehmann estimator yields an estimated median difference of

A

A = 3.25 (95% CI: 1.4-5.1) in favor of Algorithm A.
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Table 1: Descriptive results, reported as M (SD) and p-values of the infer-
ential statistics. Asterisks indicate significance levels as *p < .05, " p <
.01, and ***p < .001. Square brackets indicate the values’ range or unit.

Drawback:

Neutral Harassment Mann-Whitney
® bt U test
x-Fehler-Intlation bei oo wem o
Sense of Embodiment (VEQ [1-7])
Body Ownership 3.77 (1.29) 4,23 (1.33) p=0.165
° Agency 5.66 (0.69) 5.92 (0.72) p=0.203
Vle en EStS Change 3.08(1.52)  3.84(1.33)  p=0.048 *
Self-Identification (VEQ+ [1-7])
Self-Attribution 2.13 (1.15) 3.24 (0.99) p =0.005 **
Self-Similarity 2.80(1.08) 3.28 (0.84) p=0.225
Self-Location 4.16 (0.98) 4.59 (1.33) p=0.145
Closeness (I0S Scale [1-7])
3.27 (1.31) 3.31 (1.78) p=0.970
Affect (PANAS-X [1-5])
Positive Affect 2.63 (0.60) 2.67 (0.76) p =0.804
Negative Affect 1.30 (0.29) 1.38 (0.43) p=0.817
Joviality 2.71(0.71) 2.69 (0.84) p=0.963
Self-Assurance 2.34 (0.64) 2.21 (0.89) p =0.404
Attentiveness 2.95 (0.62) 2.96 (0.77) p=0.747
Fear 1.34 (0.42) 1.37 (0.47) p = 1.000
Sadness 1.32 (0.44) 1.40 (0.52) p=0.742
Guilt 1.29 (0.35) 1.29 (0.44) p=0.712
Hostile 1.17 (0.25) 1.31 (0.38) p=0.143
Shyness 1.61 (0.44) 1.67 (0.67) p=0.926
Fatigue 2.21(0.91) 2.11 (0.74) p=0.861
Serenity 3.46 (0.77) 3.54 (0.87) p=0.754
Surprise 1.60 (0.66) 2.05 (0.81) p=0.041 *
State Self-Esteem (SSES [1-7])
Social 3.24 (0.86) 3.34 (0.81) p=0.633
Performance 3.84 (0.71) 3.77 (0.82) p=0.783
Appearance 3.74 (0.80) 3.47 (0.75) p=0.212
Physiological Arousal
RMSSD [ms] 27.29(11.90) 30.52(13.73) p=0402
Movement Analysis
Retreat Distance [m] 0.04 (0.04) 0.20 (0.12) p < 0.00] ***
Control Measures and Manipulation Checks
Similarity Rating [1 -7] 3.12 (1.21) 3.38 (1.53) p=0.448
Spatial Presence [0 - 6] 3.78 (0.64) 3.93 (0.67) p=0.348
Humanness [-3 - 3] -0.30 (1.33) -0.21 (0.90) p=0.927
Impression [1 - 7] 4.58 (1.53) 2.43 (0.79) p < 0.00] ***
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(1) Independent samples
(2) Data normally distributed
(3) Equal variances
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B Alice und Bob wetten auf Alice:
(zukiintige) Ereignisse A. p(Wi wird exzellent) = 0.7

B Fir ein Los fir das Ereignis A
bekommt der Kaufer 1€ vom
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B Alice muss A-Lose kaufen, falls Bob B Verkaufe A-Los und B-Los (0.7 + 0.5)
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B Alice muss A-Lose verkaufen, falls A B Gewinn

Bob zum Preis > p kauft Wi wird exzellent -1 0 0.2

B Alice setzt (je nach A) einen Preis p
fiir ein Los fest

Intuition: p(A) ~ ,,WK fiir A”

B. p(Wi wird nicht exzellent) = 0.5

Wi wird nicht exzellent 0 —1 0.2
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Bayesian Statistics

Idee: Modellieren Wissen tiiber eine Eigenschaft einer Population als
Zufallsvariable ®. Aktualisieren unser Wissen aus den beobachteten Daten mittels

Bayes’ Theorem.
1. Prior aufstellen: p(0) fiir 6 € ©O; subjektives Vorwissen 6 ~ Uniform(0, 1)

2. Datengenerierung modellieren: ordnet festem Parameter 6
eine WK zu, gewisse Daten X zu beobachten; p(X|60) X ~ Bernoulli(6)

3. Posterior ausrechnen (algebraisch oder Simulation)
p(X[0)p(6) p(X[0)p(6)
(81X) = = o p(X|0)p(6
p pX) JorXop(eyds <X
4. Hypothesen mit Posterior priifen
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p(0|x1,...,x,) = T ENECE Y
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Idee: Modellieren Wissen tiiber eine Eigenschaft einer Population als
Zufallsvariable ®. Aktualisieren unser Wissen aus den beabachteten Daten mittels

Bayesl Thy Posterior p(0|x, ..., x,) for n = 100 (k = 18 successes)
1. Prior at o 0 ~ Uniform(0,1)
| P(|6—0.23] < 0.03) = 0.309

2. Dateng - r 0
eine WK1 & i X ~ Bernoulli(6)
3. Posteri E |
p(0]X) =
4. Hypoth
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Success Probability (0)
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(n+1)!



Bayesian Statistics
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Idee: Modellieren Wissen tiiber eine Eigenschaft einer Population als
Zufallsvariable ®. Aktualisieren unser Wissen aus den beabachteten Daten mittels

Bayesl Thy Posterior p(0|x, ..., x,) for n = 100 (k = 18 successes)
1. Prior at 0 ~ Uniform(0,1)
2. Dateng r 0
eine WK1 & X ~ Bernoulli(6)

, c P(6 € [0.114,0.262]) = 0.95
3. Posteri¢ A~
p(01X) =
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4. Hypoth
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Success Probability (0)
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Safari: Laufzeitvergleich a Modells X1, ..., X ~ N (ux, 02)

Relevanter
Parameter: A = Hy — Ux

Priors: Ux, Uy ~ Uniform(O, 105),'
ox,0y ~ HalfCauchy(10)



Safari: Laufzeitvergleich a Modely

la T-Test

import numpy as np
import pymc as pm

group_a = [20, 22, 24, 20, 22, 18, 19]
group_b = [29, 23, 24, 19, 29, 24, 22]

with pm.Model() as two_sample_model:
mu_a = pm.Uniform("mu_a", lower=O0,
mu_b = pm.Uniform("mu_b", lower=0,
sigma_a = pm.HalfCauchy("sigma_a",
sigma_b = pm.HalfCauchy("sigma_b",

likelihood_a = pm.Normal("obs_a",

Likelihood:

Relevanter
Parameter:

Priors:

upper=100)
upper=10_000)
beta=10)
beta=10)

mu=mu_a, sigma=sigma_a, observed=group_a)

likelihood_b = pm.Normal("obs_b",

mu=mu_b, sigma=sigma_b, observed=group_b)

diff_means = pm.Deterministic("diff_means",

mu_b - mu_a)
trace = pm.sample()

print (az.summary(trace))

Xy, ..., Xn ~ N(ux,0%)
Yl,...,Yn NN(,My,O’%)
A= uy —ux

ux, y ~ Uniform(0,10°);
ox, 0y ~ HalfCauchy(10)
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Safari: Laufzeitvergleich a Modells X1, ..., X ~ N (ux, 02)

1a T'TeSt Likelihood: Y1, e Yn ~ N(,”Y/ 0’12/)
import numpy as np Relevanter
import pymc as pm Parameter: A=y —ux

group_a = [20, 22, 24, 20, 22, 18, 19]
group_b = [29, 23, 24, 19, 29, 24, 22]

Priors: Ux, Uy ~ Uniform(O, 105),'
ox,0y ~ HalfCauchy(10)

with pm.Model() as two_sample_model:
mu_a = pm.Uniform("mu_a", lower=0, upper=100)
mu_b = pm.Uniform("mu_b", lower=0, upper=10_000)
sigma_a = pm.HalfCauchy("sigma_a", beta=10)
sigma_b = pm.HalfCauchy("sigma_b", beta=10)

likelihood_a = pm.Normal("obs_a",
mu=mu_a, sigma=sigma_a, observed=group_a)
likelihood_b = pm.Normal("obs_b",

mu=mu_b, sigma=sigma_b, observed=group_b)
mean sd eti89_1b eti89_ub ess_bul

diff_means = pm.Deterministic("diff_means", mu_a 20.73 1.1 19 22 222
mi_b - mu_a) mu_b 24 .28 1.88 21 27 23F

trace = pm.sample() sigma_a 2.68 1.2 1.5 4.6 19¢€
sigma_b 4.71 1.9 2.7 8 203

diff_means 3.55 2.17 0.17 6.9 22F

print (az.summary(trace))



Safari: Lautzeitvergleich a
la T-Test

Modell/
Likelihood:

Xl,...,Xn NN(P{X,O')Z(
Yl,...,Yn NN(VY,U%)

)

import numpy as np Relevanter
imnAart nyme ac rnm ™_ o L .. /\ — 1MI~, — 11~~~
0.200 A
g f\ e ﬂ o
—
o 0.4 7 HB 05 4 Pl 0175 -
0.150 ~
W 03 | 0.4 \
0.125 ~
2
g 0.3 0.100 -
A 02
02 - 0.075 -
0.1 ‘ 0.050 ~
0.1
0.025 A
0.0 1 f T T T T 0.0 = T = T T 0.000
10 15 20 25 30 35 0 5 10 15 20
Mean Value Standard Deviation Value Difference A
diff_means = pm .Deterministic("ditfttf_means" ’ Hu eVt et +v “ce
mi b - mu a) mu_b 24.28 1.88 21 27
trace = pm.sample() sigma_a 2.68 1.2 1.5 4.6
sigma_b 4.71 1.9 2.7 8
diff _means 3.55 2.17 0.17 6.9

print (az.summary(trace))
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Safari: Traffic klassifizieren mittels Mixture Model

K =3
with pm.Model() as mixture_model:
# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

# 2. Gamma Means (mu)

mu = pm.LogNormal ("mu",
mu=np.log(100), sigma=2.0, shape=K,
transform=pm.distributions.transforms.ordered,
initval=np.log([50, 100, 200])

)

# 3. Scale (sigma)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)

# 4. Gamma Mixture

y_obs = pm.Mixture("y_obs",
W=W,
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma),
observed=y,

)

trace = pm.sample()



Safari: Traffic klassifizieren mittelk
K — 3 0.008
with pm.Model() as mixture_model: ——
# 1. Mixing weights El m
w = pm.Dirichlet("w", a=np.ones(K), shape=K) = oo0s ]
# 2. Gamma Means (mu) 0.002 -
mu = pm.LogNormal ("mu", - .
mu=np.log (100), sigma=2.0, shape=K, . 0 200 400 60 80 1000 1200 1400 1600 1800

transform=pm.distributions.transforms.ordered, Packet Size (bytes)

initval=np.log([50, 100, 200])

# 3. Scale (sigma)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)

# 4. Gamma Mixture

y_obs = pm.Mixture("y_obs",
W=W,
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma),
observed=y,

)

trace = pm.sample()



Satari: Traffic klassifizieren mittel
K = 3 0.008
with pm.Model() as mixture_model: ——
# 1. Mixing weights El m
w = pm.Dirichlet("w", a=np.ones(K), shape=K) = oo
# 2. Gamma Means (mu) 0.002 -
mu = pm.LogNormal ("mu", o B
mu=np.log(100), sigma=2.0, shape=K, R &0 S0 1000 1200 1400 1600 1500
transform=pm.distributions.transforms.ordered, Packet Size (bytes)
) initval:np . 1Og( [50 ’ 100 , 200] ) 0.02 - Control/Signaling
711 X - G
amma 04
# 3. Scale (sigma) 0.00 | | (}ll’l 1)
sigma = pm.HalfNormal("sigma", sigma=200, shape=K)
0.004 ,
# 4. Gamma Mixture T~ X Web Browsing
y_obs = pm.Mixture("y_obs", 2 " Gamma(py, 07)
W=Ww, 0.000 . . . .
comp_dists=pm.Gamma.dist(mu=mu, sigma=sigma), 0.002 -
Observed:y , Streaming/Bulk
) 0.001 -
703 X Gamma(u3, 03)
0.000

trace = pm.sample O 0 200 400 600 800 1000 1200 1400 1600 1800
Packet Size (bytes)



Safari: Traffic klassifizieren mittels Mixture Model

K =3
with pm.Model() as mixture_model:
# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

B. Individual Posterior Fits vs. Class-Specific Data

0.02 ~

0.01 A

Density

0.00

0.004 -

o] [N

0.000 £

Density

0.002
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0.000

trace = pm.sample()



Safari: Traffic klassifizieren mittels Mixture Model

K =3
with pm.Model() as mixture_model:
# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

10 -+

Posterior Probability Density
(@)Y

[ [
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Weight Proportion (1)

Control/Signaling

trace = pm.sample()



Safari: Traffic klassifizieren mittels Mixture Model

K =3
with pm.Model() as mixture_model:
# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)

10 -+

Posterior Probability Density
(@)Y

[
0.1 0.2 0.3 0.4 0.5 0.6
Weight Proportion (1)

Control/Signaling
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Safari: Traffic klassifizieren mittels Mixture Model

K =3
with pm.Model() as mixture_model:

Density

Density

# 1. Mixing weights
w = pm.Dirichlet("w", a=np.ones(K), shape=K)
B. Individual Posterior Fits vs. Class-Specific Data
0.02 -
2
g 001-
0.00
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0.002
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0.002

0.001
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trace = pm.sample()
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