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Data Distribution

Dog — P(Dog) Cat — P(Cat)

W

1. There is no concrete image/shape of the dog, everyone can come up with one of your own choice

2. But somehow dog and cat image distributions are different

1.0

LI T AL R
[=0, 0%=02,—

' =0, 0?=1.0 ——
08| U=0, 0?=50, =—— |
H=-2, 0?=05, — |

When you draw an image, you are actually 3
sampling from a probability distribution! =
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Data Distribution

1D Gaussian Distribution 2D Gaussian Distribution

(x)d

R256%256 R256%256
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Gaussian Distribution

Histogram of real 1D samples 2D Gaussian: True Data Distribution
0.40 1 «  Samples
3 <
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0.25 - 3]
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& >
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0.10 -2
0.05 —3
0.00 T T T T T —4
-4 =2 0 2 4 T T T T T
-4 -2 0 2 4
X .
X axis
import numpy as np # Generate real 2D data (Gaussian with correlation)

mean2d = [0.8, 9.8]
cov2d = [[1.8, @.8],
[@.8, 1.@]] # covariance matrix with correlation 8.8
# Generate real 1D data samples from a Gaussian distribution N{mean, std"2) real_samples_2d = np.random.nultivariate_normal(mean2d, cov2d, size=5000)
meanld, stdld = 8.6, 1.0

real_samples_1d = np.random.normal{meanld, stdld, size=100808)

import matplotlib.pyplot as plt

import seaborn as sns

# Unpack real samples into x and y

# Plot histogram of real samples x_real = real_samples_2d[:, @l
plt.figure{fiqsize=t6,4]] y_real = real_samples_2d[:, 1]
plt.hist(real_samples_l1d, bins=38, density=True, color="skyblue')

i ) # Plot: scatter with density contour

plt.title("Histogram of real 1D samples") plt.figure(figsize=(6, 5))

plt.xlabel("x"); plt.ylabel{"Density") sns.kdeplot (x=x_real, y=y_real, Till=True, cmap="Blues", thresh=0.01, levels=100)
plt.show(} plt.scatter(x_reall:500], y_reall:58@], s=5, coler="black", alpha=@.3, label="Samples")
plt.title("2D Gaussian: True Data Distribution")

plt.xlabel("X axis"); plt.ylabel("Y axis")

plt. legend()

plt.grid(True)

plt.axis("equal™)

plt.show()
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Estimating Data Distribution and Sampling from it

1 Estimate Data Distribution

2D Gaussian: True Data Distribution

Samples

Sampling ﬁ.Om it
7 "
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Goal of Generative Learning

Probability distribution of the objective based on the observed data

{xi}N > P(x) > X

i=1  Good Model Good Data

* Machine Learning Methods

o Gaussian Kernel Density Estimation

Using existing function to estimate what you do

o Gaussian Mixture Models B not know that can best fit your observation

* Deep Learning Methods
o Auto-Encoder (AE)

o Variational AE (VAE)

Using learnable function to estimate what you do
not know that can best fit your observation
o Generative Adversarial Network

o Diffusion Model -

) O
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Gaussian Kernel Density Estimation

&

Using existing function to estimate what you do not know that can best fit your observation

0.404 Estimate what you do not know
0.351 Unobserved

0304/ Generative
Distribution .
0.25 .

0.20 |

D.15- Observed
0.10 - Samples
0.05 |

0.00

— p(; K, 0)
Pa
Xn ~ Pd

< Parametric

what you know

-100 -75 =50 =25 0.0
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Gaussian Kernel Density Estimation

Using existing function to estimate what you do not know that can best fit your observation

What you know is Gaussian -
. — p(; 1, 0)
0.35 Unobserved Pa
B 0.30 Generative X  Xn~Pa
1 (x—p) . Distribution
p(x;u,0) =N(x;pu,0) = e 202 :
21;0'2 0.20
0.15 Observed 4— Parametric
0.10 Samples
0.05 \
0.00
What you observe is a set of i.i.d samples -100 -75 -50 -25 00 25 50 75 100

from a Gaussian

N
Uxilx; ~ PaYizq

How can we estimate the gaussian distribution?

Whatisu,o ?

) O
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Gaussian Kernel Density Estimation

Using existing function to estimate what you do not know that can best fit your observation

{oxi|x; ~ Pd}liv=1

0.40

— p(;u,0)
0.35 Unobserved Py
1 _(x—p.)z 0.30 Generative X  Xpn~Pa
p(x;u,6) = N(x; u,0) = ~e 202 055 | Distribution \
2o '
0.20
1 0.15 Observed Parametric
Samples
0.10
i ?

Whatis y, 0 - 0.05
0.00

-100 -75 -50 -25 00 25 50 75  10.0

1- Maximum Likelihood:

N
argmax p(Xxq, ..., Xy; 4, 0) = 1_[ p(xy; U, 0)
i n=1

KIND
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Gaussian Kernel Density Estimation

Using existing function to estimate what you do not know that can best fit your observation

{oxi|x; ~ Pd}liv=1

0.40 E—
0.35 Unobserved Py
1 _(x—p.)z 0.30 Generative X  Xpn~Pa
p(x;u,6) = N(x; u,0) = ﬁe 202 055 | Distribution \
2no '
0.20
1 0.15 Observed Parametric
Samples
0.10
i ?
Whatis u,o - 0.05
0.00

-100 -75 -50 -25 00 25 50 75  10.0

2 - Maximum Log-Likelihood:

N
argmaxlog (1_[ P (Xn; 4, a)) = Z log(p (xp; 1, )
n=1

KIND
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Gaussian Kernel Density Estimation

Gaussian Kernel Density Estimation
N

1 _(x=p)?
e 202

p(x;u,0) =N(x;p,0) =

1

Whatis u,o ?

2mo?

3- Minimizing Negative Log-Likelihood:

N
. Z log(2ma?)  (xn — p)?
argmin + >
wo At 2 20

KIND

0.40
0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00

Unobserved
Generative
Distribution

Observed
Samples

— p(; 1, 0)
Pad
X Xn ~ Pa

\
X\

<+— Parametric

N
dL 1 Z
— — : P
n1=vl
oL 1
- = - *)2
do 0= o NZ("" )
n=1
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Gaussian Kernel Density Estimation — Why it works?

2 - Maximum Log-Likelihood: 0.40
0.35 Unobserved

N N 0.30 Generative
argmax log (l_[ p(xy; 'u,g)) = Z log(p (xp: i1, 0)) 0.5 | Distribution \
e n=1 n=1

— p(; 1, 0)
Pad
X Xn ~ Pa

0.20
0.15 Observed

Monte-Carlo 0.10 Samples \

Approximation 0.05
-100 -75 -50 -25 00 25 50 75 10.0

<+— Parametric

0.00

N
1
[ paooB(ps ) dx 5 D 108 e,

n=1

argmax [ pa(e)log(p (e ) dx = argmax [ pa () log(p (x4, )) dx = [ paCe)log(pa(a) dx
mo R uo R R

= argmax | pg(x)log (p(x; o a)) dx = argminf pa(x) log( Pa (%) )dx
U, R pa(x) wo Jr p(x; 1, 0)

= arﬁl;lin Dg1(pall p (5 py 0))

Maximize Log-Likelihood of parametric distribution = Minimize KL Divergence
between the data distribution and the parametric data distribution

KIND
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1D Gaussian Distribution

The Gaussian PDOF — Controlled by p and o
081 — u=0,0=1
=2 o=05
— p=-1, g=2

Gaussian PDF

-4 =2 0 F 4

200 Samples from ATu=3, o=1)

Sampled data
=— True distnbution

Sample from
one Gaussian

KIND

kindlab-fly.github.io



1D Gaussian Distribution

Candidate

(0. .0) 1145.73
(3. .0) 270.20 <- best
(3. .5) 380.87
(2. .5) 758.18
(4. .0) 507.43
(3. .9) 276.35

Best candidate by MLL: p=3.0, o0=1.0

neg_log_likelihood(mu, sigma, data):
"""Negative log-likelihood of data under N{mu, sigma).
len(data)
(
.5 %k N % np.leg(2 * np.pi)
N * np.log(sigma)
0.5 * np.sum((data — mu) 4k 2) / (sigma *% 2)

return nll
candidates = [(P.0, 1.9), (3.0, 1.0), (3.8, 2.5), (2.8, @.5), (4.5, 1.8), (3.2, 8.9)1

nll_values = [(mu, sigma, neg_log_likelihood(mu, sigma, data)) for mu, sigma in candidates]
best = min({nl1l_values, key= t: t[2])

KIND
kindlab-fly.github.io 1 5 O




1D Gaussian Distribution Estimation

g (mu) o (sigma) NLL

import torch

import numpy as np ) @.a580 1.0513 5.7287
30 1.1211 2.4646 2.1749

60 1.6300 2.1697 1.9816

mu = torch.tensor(@.8, requires_grad= ) i S R 1.6727
log_sigma = torch.tensor(@.8, requires_grad= ) 129 2.8080 1.0914 1.3831
150 2.9932 8.9118 1.3460
180 2.9524 8.9273 1.34580
300 218 2.9685 8.9297 1.3449
0 240 2.9590 0.9284 1.3449
270 2.9593 8.9287 1.3449

299 2.9592 8.9287 1.3449

x = torch.tensor(data, dtype=torch.float32)

optimizer = torch.optim.Adam([mu, log_sigmal, lr=8.85)

n_epochs
record_every
history

r epoch in range(n_epochs):
sigma = torch.exp(log_sigma)
nl = ( Learned p = 2.9592,
8.5 * torch.leg(2 * torch.tensor(np.pi)) _
. True Tl 3.0800,
+

= B.9287
1.0800

o
o

log_sigma

8.5 % ((x — mu) %k 2 / sigma #%x 2).mean()
)
optimizer.zero_grad()
nll.backward() - True N(3, 1)
optimizer.step() " | == Epoch 0: p=0.050, 0=1.051

Gradient Descent — Epoch 0 NLL=5.73

it epoch % record_every == @ epoch == n_epochs - 1:
history.append((epoch, mu.item(), torch.exp(log_sigma).item(), nll.item())}

print(f"{'Epoch’ Fo{'p (mu)' I -{'B (sigma) ' Po{'mee’
print(“-" *x 44)
for epoch, mu_val, sigma_wal, nll_wval in history:

print(f"{epoch F Amu_val } {sigma_wal F {nll_wval

print{f"\nLearned {history[-1][1 b E = {history[-1] [2 )
print(f"True H = 1.0000")

KIND
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What if our data does not follow standard gaussian bell shape

Single Gaussian MLE — always one bell, misses both peaks

040 |
Data

0.35 - === MLE Gaussian p=-0.0, 0=2.6
0,30 7

0.25 1
0.20 -
0.15 A
0.10

0.05 -

0.00 | T 1 1 1 1 |
—f —4 -2 0 Fa - (7]

Two Spike shaped Data does not aiign with Bell-shaped Gaussian

Instead of Assuming a fixed shape — parametric, why not non-parametric?

KIND
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Data Decode Probability Mass %

T Raw data
(M observations on the number ling)

=
el

=
B

=
el

0.2 -

Probability / density

0.1

0.0 —H— 2—00 29
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Data Decode Probability Mass — Dirac Distribution

0,5 e
0.4
0.3 -
0.2

0.1 1

g1 1 an
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Data Decode Probability Mass — Soft Dirac Distribution

0.5

od

R

oL 1

0.1

Q.0 1

=— EKOE (h=0.4]

KIND
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Non-Parametric Distribution

Parametric

Non-parametric

Make no assumption about the shape of

Core idea Assume a fixed functional form for p(z) p(z)

Parameters Fixed, finite number (e.g. i, o) Grows with the data (e.g. IV kernels in
KDE)

Fitting MLE, gradient descent Data-driven rules (e.g. Silverman's rule)

Risk Wrong if assumed shape doesn't match reality Needs more data; harder to interpret

Conventional
examples

Gaussian, GMM, Linear Regression, Logistic
Regression, Neural Networks

KDE, k-NN, Empirical Distribution

In Generative Al

VAE, GAN, Diffusion models

KDE — the simplest non-parametric
generative model

KIND

Parametric vs Non-Parametric
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From Raw Data to Dirac to Gaussian Kernal Density

I Raw data
(M observations on the number ling)

plx) = X2 8(x — x;) — Dirac spikes at each point

pix) =22 Alx | xi, h)

0.5 0.5 4 o5 — WDE (fh=0.4]
£ na 0.4 4 0.4
E 0.3 0.3 1 03
E 0.2 021 o2
E 0l 011 0.1 A
0.0 —9e— #—08-88 oo m m oo -
—IZ —Il |IJ Zi. : -2 -1 o 1 2 —I4 —I2 IIJ ZI "Il-
N
. 1 1 &
Pempirical{:ﬂ) — E E *‘5(55 — 37-;-2) p(z) = N ZN(E’ | i, h)
. i=1
i=1 -
x = x . 6 — 1 N )2
l’ ( ) 1 Z 1 e ( (I EL)
p(z) = ——=exp| —
— N “~ h\/27 2h?
x #x;,0 =0 -1
Limit Kernel shape KDE result
h—0 | Nz |zi,h)— d(z—z;) Recovers the spiky empirical distribution
h — 00 | Kernel flattens to near-zero everywhere | Density smears out, all structure lost
KIND
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From Raw Data to Dirac to Gaussian Kernal Density

Every kernel integrates to 1

Single kernel Ax | x; =0, h) for different b (taller « narrower, area is always 1)
2.0 H h=0.2 2.0 1 = h=0.2 [area=1_000)
= h=05 [arcas-=1 000
= k=05 — ] 0 [areas=] )
15 4 — h=10 15 h=Z.0 [ares=D 388)
h= 2.0
=
= 1o L0
ko
Pl
-
0.5 0.5
0o 0.0 A —M—
-4 -2 o z 3 -4 -2 o 2 q
x
Single Gaussian MLE — always one bell, misses both peaks KDE — cne Gaussian per data point (faint = individual kermels / N}
0.40 0.40
Data Data
035 = MLE Gaussian p=-0.0, o=2.6 | 033 = KDE (h=0.5)
0.30 0.30 1
0.25 - 0.25 -
0.20 0.20
oLlS oLl
0.10 0.10
0.05 0.05 -
Dﬂﬂ T T T T — T T o T D.EH:I T T T T T T T
-6 —4 -2 0 2 El € —£ -4 -2 0 2 Ll 6
x X

KIND
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From Raw Data to Dirac to Gaussian Kernal Density

Single kernel Ax | x; =0, h) for different b

Every kernel integrates to 1
(taller « narrower, area is always 1)

&

e — = 0.2 2.01 = h=0.2 [area=1_000)
= h=05 [arcas-=1 000
= k=05 — ] 0 [areas=] )
15 4 =— k=10 15 h=2.0 [areas=0 388)
h=20
=
= 101 1.0
=
-
0.5 0.5
0o E 0.0 A —M—
-4 -2 o 2 4 - -2 o 2 1
x x
h=01 h=05 h=15 h=30
o B
039
>
£ pz- -
&
0.1+ 4 /\_/\
—B 4 =2 v} P 4 ] —f -4 =2 o 2 4 L ] —& -2 o] F. 4 L] ~f 4 =2 a 2 4 6
. § x i x
Limit Kernel shape KDE result
h—0 | Nz |zi,h) = d(z— =) Recovers the spiky empirical distribution
h — oo | Kernel flattens to near-zero everywhere | Density smears out, all structure lost
KIND
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Maximum Likelihood of Gaussian Kernal Density

Estimate what you

0.40 do not know — p(; 1, 0)
N 0.35{ Unobserved By
0.30/ Generative X  Xn~ Pd
f(,u,, D’) = E 1DgNr(It' | L, ﬂ') 0.25 | Distribution \
i=1 0.20
0.15 1 Observed 4¢— Parametric
N
o) — log 5 0.10 Samples what you
( ) o Z Ggp(m.!;) 0.05 know
=1 0.00 -
-100 -75 -50 -25 00 25 5.0 75  10.0

How about we do the same thing
for Gaussian Kernal Density?

KIND

kindlab-fly.github.io




Maximum Likelihood of Gaussian Kernal Density

f(;u*: J) — Zlﬂgﬁ(mi | Hy .:r)

i=1

£(h) = Zlogﬁ(md

Naive #{h) keeps rising as h—= 0 — no finite optimum!

—-400 4
: === argmax h = 0,032
1
-5004 |
1
1
— 1
E -600q |
Z -700 '
1
1
—sood |
1
1
1
1 T T
101 10°
h (log scale)
"Optimal” h from naive MLE — degenerate spikes
Data
0.5 4 = Naive best h=0.03 (spikes')
—— Sensible  h=050
0.4

KIND
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Estimate what you

0.40 1 do not know — p(: 1, 0)
0.35{ Unobserved — Py
0.30/ Generative X  Xn~ Pd
Distribution
0.25 1
0.20 4
0.15 1 Observed 4¢— Parametric
0.10 1 Samples what you
0.05 - ' Kknow
0.00 1
-100 -75 -50 -25 00 25 5.0 75  10.0
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Leave one out Estimation of Gaussian Kernal Density

Estimate what you

N
0.40 1 do not know E—
L(p,0) = Zlﬂg-’v(mi | o) 035] Unebserved Zi'“'o)
X  Xn~ Pd

i=1 0.30 Generative
Distribution
0.25 1

0.20 1

N
f(h] — Zlﬂgﬁ(fﬂ{) 0.15 Observed
i=1

Samples \\
"

-10.0 -75 -50 -2.5 0.0 2.5 5.0 75  10.0

<4¢— Parametric

0.10; what you know

N

! 0.05 1
- 1 1 (E:; — ’.1..“_.,]2
troo(k) = 3 log [N i (- 0.00.

i=1 j#i

The fix: when scoring x;, exclude x; from its own KDE. This is called leave-one-out scoring, and it gives an honest
estimate of how well the KDE generalises to data it has not seen.

The fix is leave-one-out: when scoring point x;, compute the KDE using all other points Tty This gives an honest measure
of how well the KDE generalises to unseen data.

Scoring KDE — analogous to Part 4 likelihood scoring KDE with best h from leave-one-out scoring
T 0.40
—500 -—- Besth=0.2 Data
| 0.35 4 = Best KDE (h=0.2}
‘g I
i
2 -550 i 0.30
T i
= ! 0.25
o —600 |
o
< i 0.20 1
=] I
i —650 I
E i 0.15
g |
I -
3 —700 4 J ! 0.10
i 0.05
—750 - |
T L T T T T 0.00 T T T T Y
0.0 05 10 15 2.0 25 3.0 -6 -4 -2 0 2 4 6
h (bandwidth) X
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But what if our given data points are two dimensions?

300 Samples from 2D Gaussian p=[2.1.], £=[[1.5,0.8],[0.8,1.0]]

Samples
41 @® True p=[2.1.]

(5]
e

KIND
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2D Gaussian Distribution

w2

A covariance matrix X c 2

A mean vector i € R?

Spherical (no correlation) Elongated (positive corr.) Tilted (negative corr.)
@ u-00] | ® u-i2.2] @ u-i13]

X1 X1 X1

KIND
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2D Gaussian Distribution

=i, 0.1
I diag=[1.1.]

p=la, 3.]
T chag=[1 1.1

XN

KIND
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Which 2D Gaussian fits the data?

w=lz. 1.1
I diag=[1.51 ]

X1

u=[2. 1.1
T dhags[0 % 0 3)

X1

w=l2 L]
I diag=[3. 3.]

34 v
W
e= / ’
1. 11 @
04 \
L T
-1 = —
-2
v ' v '
a 4 ]
X1
u=[l. 0]
T ags=|2 1]
3=
F ’ 3
- "
g Y — <
.y
=14 S
.
0 ) 4 -]



2D Gaussian Distribution

likelihood_2d{mu, con

i
ltivariate_

rmal{mean=mu, cov=cov).logpdf(data).sum()

{'NLL

log L(p, B) = ——- log [27F] —

¥

nll_scores = []

=1

1, , _
EZ{-I"_”JIE H(xi — )

Candidate

diag=[1. 1.]
diag=[1.5 1. ]
diag=[3. 3.]

1669.82
811.87
999.94

for mu_c, cov_c in candidates_2d:
nll = neg_log_likelihood_2d{mu_c, cov_c, data_2d)
nll_scores.append{nll)
print(f"pu={mu_c}, I

diag=[1. 1.] 2896.59
diag=[8.3 8.3] 1380.06
diag=[2. 1.] 1333.36

=R B R ORI
P MR

{np.diag(cov_c)} {nll

best_i nt rgmin(nll_scores))

print( p={candidates_2d [best_idx Best candidate: p=[2. 1.1, E diag=[1-5 1. 1

" LT [ N
= Tt
i .
- Lot gl
0
.
1]

KIND
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2D Gaussian Distribution Estimation

import torch

X2d = torch.tensor{data_2d, dtypestorch.float32)
mu2d = torch.tensor([8.@, @.8], requires_grad=

L_diag = torch.tensor{[@.8, 8.8], requires_grad=
L_off torch.tenser([8.8], requires_grad=

build_L():

"""Reconstruct lower-triangular Cholesky factor
L = torch.zeros(2, 2}

L[@, 8] = torch.exp{lL_diag[®]}

L[1, 1] = torch.exp(L_diaqg[1])

L[1, 8] = L_off[@]

return L

optimizer2d = torch.optim.Adam( [mu2d, L_diag, L _off], lr=3.@5)

n_epochszd 488
record_every2d = 48
history2d [1

for epoch in range(n_epochs2d):
L = build_L(}
Sig = L @ L.t()
Sig_inv = torch.linalg.inv(Sig)
log_det = 2 * L_diag.sum()

diff = X2d - mu2d
mahal = (diff @ Sig_inv * diff).sum(dim=1}
nll2d = 8.5 * (2 * torch.log(torch.tensor(2 * torch.pi)) + log_det + mahal).mean()

optimizer?d.zero_grad()
nl12d.backward()
optimizer2d.step()

if epoch % record_every2d == epoch = n_epochs2d - 1:
history2d.append( (
epoch,
mu2d. detach( | .numpy( ) .copyl),
Sig.detach{).numpy! .copyl],
nll2d. item

KIND
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m

@

48 [1.

&e [1.
128 [2.
168 [2.
208 [2.
248 [2.
288 [2.
328 [2.
368 [2.
399 [2.

Learned p = [2.
True p= [2.

Learned I =
[[1.442 @.766]
[@.766 @.938]]
True =
[[1.5 @.8]
(8.8 1. ]]

[@.85 @.85]

344
939
831
a1y
819
219
819
219
819
219

819
1.]

8
8
1
1
1
1
1
1
1
1

.a81]
.081]
.a81]
.081]
.081]
.081]

.587]
.958]
.888]

]

.B81]

Epoch 0 NLL=5.566

@ Leamed p=[0.05 0.05]
X Truep=[2.1]

Pud Fud Fod Pud Pod Pud Pl Bd Bl Pd LA
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Application — Single Digit Generation

PP 0 0 o6 C
200 T T BV - T B4

Dataset: 14780 images (6903 zeros, 7877 ones) R28%28

If we directly consider a 784 Dimensional Gaussian:

. X 1 1, : .
* Too expensive HOE Wexp(—ﬁtx—m'ﬂ l(x—#J)

* Curse of Dimensionality

KIND
kindlab-fly.github.io 3 3 O
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Real MNIST images — each one is 784 numbers

Application — Single Digit Generation

OO 00008
/ |\ ‘ 4 |

Dataset: 14780 images (6903 zeros, 7877 ones) R28%28

I cost: o(N'd?)
KDE with N=10,000 images

Points drift apart —
KDE bumps never overlap

A fixed-radius bump covers
exponentially less space

S i L

KIND

200 300 400 500 60O

Dimensionality d
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Application — Single Digit Generation

PP 0 0 o6 C
200 T T BV - T B4

Dataset: 14780 images (6903 zeros, 7877 ones) R28%28

Most of the variation lives in a much lower-dimensional space.

We use PCA to compress each image to 2 numbers, fit a 2D KDE over that
compressed space, sample from it, then uncompress back to pixels.

KIND
kindlab-fly.github.io 3 5 O



Application — Single Digit Generation

Real MNIST images — each one is 784 numbers

o H o 0 Q | 0

0000860
A | /

Dataset: 14780 images (6903 zeros, 7877 ones) R28%28

MNIST digits projected to 2D via PCA
(each dot = one image)

mponents=2, random_state=

a. fit_transform{X_raw) Digit 0

Digit 1
ca.explained_variance_ratio_[8@
1 '}
variance_ratio_.sum

(@, 1]
raw == digit
2d[idx, @], X_2d[idx, 1],
colors [digit], alpha=8.3, s {digit}')

tight_layoutf )
show()

KIND

kindlab-fly.github.io




Application — Single Digit Generation

PC 2

Single 2D Gaussian Fitted to PCA-Compressed Images

Digit 0: single 2D Gaussian fit
(red—green = GD progress)

Digit 1: single 2D Gaussian fit
(red—=green = GD progress)

Data Data
6 -
4 -
24
~
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o
04
_2 -
_4 -
T T T T T T T T T T T T T T T T T
-10 -8 -6 —4 -2 0 2 4 6 -10 -8 —6 —4 -2 0 2 6
PC1 PC1

12

10 4

NLL

KIND
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NLL over training — Digit 0

NLL over training — Digit 1
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Application — Single Digit Generation

gen_2d = kdes [digit].resample(n_generate, seed=digit).T
gen_images = pca.inverse_transform{gen_2d)
gen_limages = .Clip{gen_images, @, lﬂ

Real vs. KDE-Generated Images

OO0V VOO
oooo0o0o00OO
22 T R U S B B A
I 11772117171

KIND
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Application — Single Digit Generation

ts_@ = X_2d[y_raw
X_2d[y_raw

s_normal = np.log(kdes [8] (pts_|
s_anomal = np.log(kdes [8] (pts

ue', label='D
bins=68, densi
0', label="Dit
.percentile(scores_normal

ax. legend()
plt.tight_layout()
plt.show()

s_anomal < threshold).mean()
< threshold).mean
flag

KIND

KDE Log-Density Scores: Normal vs. Anomalous Images
T
12 Digit 0 (normal) !
Digit 1 [anomaly) !
1.0 === Threshold (5th percentile of normal) = -5.2 !
. 1
i
i
> 0.8 !
g |
o I
& 0.6 - i
£ i
i
0.4 1
|
I
1
0.2 4 I
I
|
)
0.0 r T v 1
—60 =50 =40
Log KDE density (higher = more normal)

1 _G=p?

h

2mo?

Given a fixed mean and std, what is the
likelihood of observing such instance?

High Likelihood — Normal

Low Likelihood - Abnormal

kindlab-fly.github.io
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