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GLOBAL INFORMATION STORAGE CAPACITY
IN OPTIMALLY COMPRESSED BYTES

2007

ANALOG

19 EXABYTES

- Paper, film, audiotape and vinyl: 6%

- Analog videotapes (VHS, etc): 94% ANALOG A

SVMs
ConvNets dominate
Developed NIPS

- Portable media, flash drives: 2% DIGITAL V
- Portable hard disks: 2.4%
- CDs & Minidisks: 6.8%

1986
ANALOG
2.6 EXABYTES

(b

- Computer Servers and Mainframes: 8.9%

- Digital Tape: 11.8%

B _ . 0 (e r (e
DVD/Blu-Ray: 22.8%

DIGITAL
0.02 EXABYTES 2002
“BEFINNING OF

=
@ tm THE DIGITAL AGE”

- PC Hard Disks: 44.5% |
123 Billion Gigabytes

= G

o DIGITAL - Others: < 1% (incl. Chip Cards, Memory Cards, Floppy Disks,
1% 3% 25% 94% Mobile Phones, PDAs, Cameras/Camcorders, Video Games)
Source: Hilbert, M., & Lopez, P. (2011). The World’s Technological Capacity DIGITAL
to Store, Communicate, andCompute Information. Science, 332 (6025), 280 EXABYTES

60-65. martinhilbert.net/worldinfocapacity.html
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Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution
filtering on the rectified input, followed by three locally-connected layers and two fully-
connected layers. Color illustrates feature maps produced at each layer. The net includes more
than 120 million parameters, where more than 95% come from the local and fully connected
layers.

Source: DeepFace
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p(y,w|x) = p(y|lw,x)p(w)
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p(y|x) = | p(ylw, x)p(w)dw
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Gaussian Processes
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MLP
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model MSE (train) MSE (test)

mlp (200 iters) 108.5 1185.1
mlp (converged) 24.0 1338.2
o] 59.2 1095.4
deep gp (2) 146.2 833.7
deep gp (3) 182.5 843.6

One hundred hidden nodes, one hundred inducing points
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p(y, f|x) = p(ylf)p(f|x)

p(ylx) = | p(ylO)p(EIx)df



p(y, f,u) = p(ylf)p(fl)x]H )
X

p(ylu,x)p(u) = [ p(yl)p(flu, x)dfp(u)




K K
ff fu
fulx~N|DO,
l ( [Kuf KuuD

Vi|fi~N(0,0%)



p(y|lu) = N(y|m, C + o2I)

C = Kyr — KruKiu Koy

m = K., Ky u
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p(ylu,x) = l_[ exp | p(filu,x)log p(y;|f;)df
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p(y,w|x) = p(y|lw,x)p(w)
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C..
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g(x) = fo (fs (f7(f6(”' ))))
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two Gaussian processes: apply bound recursively

| plf)p (£51£)p (£41f5)p (5 1£2)p (£ [X)df

g(x) = fs (f4 (& (e (x)))))



Regression

data set
housing
redwine
energyl
energy2

concrete

506

588

/68

/68

1030

13

11

GP

2.7/8+£0.54

0.72+0.06

0.48+0.07

0.59+0.08

5.26+0.67

2.77+0.60

0.62+0.04

0.50x0.07

1.66+0.21

5.81+0.62

Sparse GP Deep GP

2.69+0.49

0.62+0.04

0.49+0.07

1.39+0.49

5.66+0.62



Bayesian Optimization

Branin (autoML)
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Example: Motion Capture Modelling




Modelling Digits
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Numerical Issues

50 1e7 | | MMIST | | 70 127 | . CIFAR-10 . |
18 i
B5 i
16 | -
= = .u"'/ |
(=1 o B0} !
=] =] {
14 ¢ ]
S .
12} — . —
— original — original
—  Inferentia —  Inferentia
1|:| i i i i 5_|:| i i i i
] 200 404 GO gog 1000 ] 200 400 GO0 aoa 1000

iterations iterations



Health

* Complex genotype environmen epigenotype
system

e Scarce data

e Different
modalities
gene

* Poor _ expression
understanding ..,
of mechanism notes

» Large scale

clinical tests

treatment

survival
analysis

PLoS Comp Bio, Nature Communications biopsy X-ray
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