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Introduction

Who am |?

« professor in computer science / multiscale analytics @ RuG (since 2007)
« chair/steering committee ACM SOFTVIS / IEEE VISSOFT (since 2007)

* 14 PhD students, 60+ MSc students

200 international publications in visual data analytics

» co-founder SolidSource BV T
SolidSource .$$‘

www.cs.rug.nl/~alext

www.solidsourceit.com

proal
Data DATA VISUALIZATION
PRINCIPLES AND PRACTICE

Visualization

Data Visualization: Principles and Practice
A. K. Peters, 2008 / 2014

iy
2 77, university of
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Why is Visualization Needed for Big Data?

The ‘four V’ challenges of big data
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Volume: in 2010-2012, the humanity has created more data than it has previously in its history*
Velocity: the speed of generating data already exceeds storage capacities and processing power
Variety: data is numbers, text, images, maps, sounds, video, networks, relations, ... anything
Veracity: more data = more noise = more trouble: How do we know we found all is in it?

If data is the modern-age oil**...
visualization is an exploitation engine

* www.emc.com/leadership/programs/digital-universe.htm ey university of
.cs.rug.nl/svcg 2% Brsily
** A. Kirk, Visualization: A success design story, Packt Publ., 2012 www.cs.rug.nlsveg 2 /" groningen



Why is Visualization Needed for Classifier Design?

 »O0K

| improve

1. Domain exploration
» how do we know which features we can extract?
* how to tell the quality of the data?

2. Classifier diagnosis

« typical aggregate metrics (accuracy / area under ROC curve / discriminative power)
« if this value is high, all good

* but what if not? What has gone wrong?

3. Classifier comparison
* typical: compare aggregate metrics
* how to tell where and why behave classifiers differently?

4. Classifier improvement

« typical: black art (change some parameters, hope for the best, ...)
* how to tell what and why causes problems?

* how to find best/cheapest direction for improvement?



1. Domain exploration

Question

1000 samples x 1 attribute
100 samples x 100 attributes

And why?
.cs.rug.nl/svcg 2% ersity
** A. Kirk, Visualization: A success design story, Packt Publ., 2012 WWW ug veg ﬁ / groningen



1. Domain exploration
Problem: We deal with multivariate, non-spatial, abstract data

* univariate data: typically we compare a pair of patterns
« m-variate data: we have m?/2 pairs to compare!

1000 samples x 1 attribute 100 samples x 10 attributes
I
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1D graphs/charts iy
work pretty well © oy many chart kinds, many problems
e - (not scalable, cluttered, abstract, ...)
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1. Domain exploration

Current solutions: Very limited!
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Projections

Table 2D projection

tegory name I date time open high low close

SIF1 20041129 | 13:00 (800000 0.800000  0,800000  0,800000
SIFL 2004-11-29 | 14:00 §200000  0.200000  0.800000  0.200000

SIF1 2004-11-29 | 16:00 795000 0795000 0,795000  0.795000

SIF1 2004-11-30 | 14:00 795000 0.795000  0.795000  0.795000

SIF1 20041130 | 12:00 §800000  0.200000 0795000  0.795000

SIF1 2004-11-30 | 13:00 795000 0,795000  0,795000  0,735000

SIF1 2004-11-30 | 16:00 795000 0.735000  0.795000  0.735000

SIF1 2004-1130 § 15:00 735000 0735000 0.795000  0.735000

SIF1 2005.00-02 | 12:00 785000 0730000 0.785000  0.790000 pos A
SIF1 2005-00-02 | 13:00 790000 0.795000 0790000  0.795000 ) ® o ® Sty
S =socacas =lzoc SEE =o2as mini50 0y ® ol o
SIF1 2005-00-02 § 15:00 §.800000  0.300000  0.800000  0.200000

a table row gets

623 sif SIF1 2005-00-03 12:00 795000 0,795000  0,795000 0,795000

622 sif SIF1 2005-00-03 13:00 795000 0.795000 0.795000  0.795000 .
621 sif SIF1 2005-00-03 14:00 795000 0.795000 0,795000  0.795000
619 sif SIF1 2005-00-03 16:00 795000 0.795000 0.795000  0.795000 m a p p e d to a p O I n t
618 sif SIF1 2005-00-06 11:00 .730000 0.730000 0.790000  0.730000
614 sif SIF1 2005-00-06 15:00 795000 0.795000 0.795000  0.795000
617 sif SIF1 2005-00-06 12:00 795000 0.795000 0.795000  0.795000
616 sif SIF1 2005-00-06 13:00 795000 0,795000 0,795000  0,795000
615 sif SIF1 2005-00-06 14:00 795000 0.,795000 0,795000  0,795000
613 sif SIF1 2005-00-06 16:00 795000 0.795000 0.795000  0.795000
609 sif SIF1 2005-00-07 14:00 .790000 0.795000 0.790000  0.795000
612 sif SIF1 2005-00-07 11:00 795000 0.795000 0.795000  0.795000
611 sif SIF1 2005-00-07 12:00 795000 0.795000 0.795000  0.795000
610  sif SIF1 2005-00-07 13:00 L730000 0.790000 0.790000  0.730000
608 sif SIF1 2005-00-07 15:00 790000 0.730000 0.790000  0.730000
606 sif SIF1 2005-00-08 13:00 795000 0,795000 0,795000  0,795000
807 sif SIF1 2005-00-08 12:00 .730000 0.790000 0.790000  0.7390000
605 sif SIF1 2005-00-08 14:00 795000 0.795000 0.795000  0.795000 ®
°
e 8

°*/21D point distance reflects
nD row distance

color map values of
a selected column

« extremely compact: one n-dimensional point = 1 pixel

» fast to compute (on GPU: 500K 100-dim points: <1 second)
« show underlying data grouping in classes

« can be shown by well-known scatterplot visualization



Projections

How to construct them?

1. Principal component analysis

« compute n eigenvectors e, and eigenvalues w; of the m nD points (table rows)
« select the two eigenvectors g, for the two largest eigenvalues w,

» project the nD points on the 2D plane spanned by the two largest eigenvectors
* pro’s: simple to compute, many tools support this (linear) method

« con’s: 2D distances typically do not accurately reflect nD distances

2. Nonlinear/local methods

» find n'’<<n most representative points from the total of m nD points

* use a linear method to project the n’ points in 2D

« fit remaining n-n’ points around the projected points so they best preserve distances
« pro’s: accurately preserve distances from nD to 2D

« con’s: much more complex to implement, few(er) packages support such methods

« examples: MDS, t-SNE, LAMP, LSP, Glimmer, PLMP

A good projection software toolkit: ProjectionExplorer (http://infoserver.lcad.icmc.usp.br/infovis2/Pex)



Projection Challenges (1/4)

How to understand their veracity?
» false positives: points close in 2D but far in nD
« false negatives: points close in nD but far in 2D

False positives map
(false neighbors)

‘ potential missing
(x members of I’

left

False negatives map
(missing neighbors)

low high
eFlissing low e™Missing high gmissing
left
Bundles

[Martins et al’14]



Projection Challenges (2/4)

How to see the nD variables?

axis5

axis 8

axis 0

unannotated projection biplot axes (good projection) biplot axes (bad projection)

5: He+ mass abundance
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=
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~ abundance
T TEEE L
n THEH TIN5 . e r R 4 LT
Y T . R o e 5~ . L '~‘f;5-.'l. -------- spike «aftdJdid
variable 6

variable 5
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a) color: variable 5 TR . b) color: variable 6 bitas: 1503

two viewpoints for a 3D projection showing usefulness of axis legends

[Coimbra et al’15]



Projection Challenges (3/4)

How to see why observations are similar?
» visually detect and explain groups in a projection

Global dimension ranking

1012
1003
985

Ranking for point #1447

0] % 0

0.4581641

| 0518359

Data: 2400 wine samples, 12 attributes/sample
Goal: see why wine sorts resemble each other

Explanation by a single dimension Explanation by dimension sets
P —— » —
= e N
X .
XX - .~
[ I
S ]

Residual -
Sugar Alcohol

Wine dataset

Sodium

Voldt_llt* Chloride

SA'C 1 LY,
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[da Silva et al’15]



Projection Challenges (4/4)

How to project time-dependent multivariate data?
» extend t-SNE to handle time-dependent data

no time coherence time coherence no time coherence | tim.e cohere.nce.

[Rauber et al’16]

t=24

t=25

100

t

time

-4
* 4
100-variate Gaussian (2000 points, 10 classes) CNN 512-dim activations (2000 images, 10 classes), SVHN dataset




2. Feature selection for medical classifier design

« want to build an efficient and effective classifier for skin lesion images
* to be used for automatic melanoma (skin cancer) pre-detection
» skin cancer: most common worldwide; survival rate=25% if diagnosed late

Automated diagnosis pipeline

tool OK:
- *deployment

30 HEE A

|

AR |

N /
dofca

image tumor feature classifier expert
acquisition segmentation extraction construction validation

tool not OK:
iterate...

use other features redesign classifier
...but which ones? ... but how?

Challenges
» classifier design is a black-box, magic-art science

* we can extract an infinite number of features — which are the good ones?
* how to design an effective classifier of skin images?

s
% 77 university of
www.cs.rug.nl/svcg gﬁ / groningen



Visual analytics pipeline for classifier design

Application
« want to build an efficient and effective classifier for skin lesion images
+ to be used for automatic melanoma (skin cancer) detection

Proposed automated pipeline

tool OK: deploy
. validate

tool not OK:
iterate...

|IEEEEE§EE§E§'EEEE!E§ it

tumor feature classifier visual
acquisition segmentation extraction construction  analytics

‘éxpeﬂ
validation

guided guided
feature extraction feature selection

Advantages

* we see why classifier works (or not)

* we see which features are good (or not)

« visual analytics guides us towards improvement
« open the ‘black box magic’ of classifier design

www.cs.rug.nl/sveg 2% / ;;:,‘,Vj;;‘;g“



Visual analytics for classifier design

Visual tool design
* linked views showing

« all images (acquired with dermatoscopes)

» all features (extracted from images)

» selected features for classifier construction

» feature-vector similarities (using 2D multidimensional projection)
» feature relevance (scoring) for image similarity
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Colorby: | Group = name .

| projection view |

[Rauber et al’15]



Way of working (1/7): Start with 346 features...

¢ oy

000002 00(08 7 ppem 000002 008035, ppm 000002_809 168 pm 000002_960 173 ppm

000002_00026 1.ppm 000002_000 266.ppm 000002 §02 383 ppm 000002 300174 ppm

000002 D004 17.ppm 000002 003428, ppm 000002 800554 ppm 000002 300586 ppm

Orderby: name | Ascending > | Qview
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\ a) Feature ranking on all malignant images using RFE j b) Effect of keeping the 43% top-ranked features
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Way of working (2/7): Reduce to 150 features...

oo | (N

-
+ 1 — J .

a) Feature ranking on all malignant images using RFE
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c) Feature ranking using decision trees (DT)
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Way of working (3/7): Select most relevant 30 features...

« o B

000002 00(08 7 ppem 000002 008035, ppm 000002_809 168 pm 000002_900 175 ppm

000002_00026 1.ppm 000002_000 264 ppm 000002 §02 383 ppm 000002_000374 ppm

’. B

000002 D004 17.ppm 000002 003428, ppm 000002 800554 ppm 000002 300586 ppm
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Way of working (4/7): Reduce to 30 features...
9.

000002_809 169 ppm 000002_900175.ppm

000002_000087.ppm 000002 008035 ppm

000002_00026 1.ppm 000002_000 266.ppm 000002 §02 383 ppm 000002 300174 ppm
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000002 D004 17.ppm 000002 003428, ppm 000002 800554 ppm 000002 300586 ppm
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a) Feature ranking on all malignant images using RFE
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Way of working (5/7): Reduce to 15 features...

+
» general x
» b

d.m = Brtanr corvrinsion oo | feaire sarr
Features:

i

lab_rel chrom b

et L lab_rel_chrom |
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lab_variance_a

lab_variance_|
¥ metadata
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mask image fraction

Orderby: name :| Ascnaing = Q

F_ind outlier

8. .

\_
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g) Examine outlier |




Way of working (6/7): Solve confusions by adding 1 feature...

pjection € oo

Features: i -
- . |
> general

» b
> metadata 000002_000007 ppm 000092 000033 ppm 200002_00016%.ppm
L

000002 00026 1 ppm

(omu- I e \
Features:

lab_rel chrom b

lab_rel_chrom |
¥ lab_skewness
lab_skewness_a

45
000002_000175.ppm

lab_skewness_b

. labj:ll:’_skwmess_l Sel eCt
w.sits  feature

lab std |
¥ lab_variance
lab_variance_a

000032 000266 ppm 900002_000365.ppm 000002_000374.ppm
ey

.

" i X

. I I
000002_000417.ppm  000092000420ppm  000002_000SS4ppm  000002_0D0SEE.ppm ab_variance |
¥ metadata
Orderby: name :| Ascnaing = Q height
mask image fraction

-
Find outlier

8. .
oo
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o 0°

g) Examine outlier |




Way of working (7/7): Explain remaining confusion zones

bjection
Features:
1
» general
lab
» metadata

» g
» rgh_co_occur

« 8

000092 000033 ppm

000002_090007 ppm

000002 00026 ppm

000002 000266.ppm

=4

e
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: 0
e) Performing a few more feature-selection steps

Results

» reduced 346 features to 16, keeping good classification accuracy (~75%)

ojection
Features:
lab_rel chrom b
lab_rel_chrom |
¥ lab_skewness
lab_skewness_a
lab_skewness_b

. Iab}::j_skavmess_l Select
feature

lab_std_a

aaaaaaaaaaaa

lab_variance_b
lab_variance_|
¥ metadata

height
mask image fraction

-
Find outlier

8. .
oo

f) Adding one last feature manually

g) Examine outlier

B

.

< 'r

benign @

-

benign @

.

benign (@)

malignant

« found which images are wrongly classified, got insights in what new features we need
» our tool: classification accuracy 82%, better than state-of-the-art commercial tools




3. Projections for improving classifier-construction

Problem

« say we want to construct a classifier for some problem/data
« typical way of working

- select a classifier technique

« find an implementation

« fine-tune implementation

« run/test implementation

* assess accuracy

- repeat from step 3 until satisfaction
» this is very costly!

Proposal
« shorten cycle by assessing
» discriminative power of computed features
» types of problems they will induce
before selecting/building/testing classifier!

Advantages

» get feedback on problem complexity and feature quality early on and cheaply
« improve input of classifier is easier than improving a classifier itself



Projections: Central tools in our solution

Workflow

trammg validation trammg valldatlon
data data data data

--“ feature | s ;0 -, good classifier
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feature-vs- obsen/atlon study

T1: Predict classification efficacy
T2: Improve classification efficacy



T1: Predict classification efficacy

Extensive set of experiments proved that separation in a (good) projection predicts
accuracy of a (good) classifier

Top row: Hard classification problem

—)

Validation: many misclassifications

training set

all features (500)

test set

feature subset (20)

vi .
N

(c) good separéfion, improved NH vs (a)

(d) good separation, improved NH vs (b)

—=mm 3|l features (500)

feature subset (20)

KNN classifier
M
C g . ‘ vy
v, . Vv, .3 IR
e YT oy e v

" " AC: 54.9%
(a) poor separation and low accuracy

RFC classifier

x " AC:66.1%
(b) poor separation and low accuracy
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(c) good separation and higher accuracy
AC: 88.6%
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(d) good separation and higher accuracy
AC: 88.9%

Bottom row: Easy classification (after feature selection)

—)

Validation: few misclassifications

Bottom row: Select 20 of 550 features on their discriminative power on training set, using extremely randomized trees
Dataset: Madelon (200 points, 500 dims, 2 classes)



T2: Improve classification efficacy

Visually analyze and reason about observations and features to improve classifier efficacy

observation projection

feature projection

1. Start with this e A fitker
good projection ,0;‘.&.};“. N e /
RORPUREE W N v i s 8 i
(20 features)... A SR TS Sk ]
- % a ?s ‘CL.‘ Y : .‘ L)
28 v A e e 5
= 3 e J’: SO 2 ~don's -
D g ey : RO S F N 8
2 e N -‘ N [ L °:‘,’ ) c
5 3 ° ."" w0, ,F el ° o. ° g
88 wmaow o S et ffe
h ‘é .‘a’. ': MH’}'-)‘ ~ ° g
— § : :...' {2
A g ;"8
o
I (a) reasonably good separation (b) relevant features are}lated (except one)
ATN
4. Resulting LR
. . g oo C8me om Sl
projection still s v 3-.»*. ol g S o
. D Y of & & oa%e
shows high 8 Ve W MY
separation. Also, g % 4. 'y b 5
classification E 5 W, N N hiionyt o . 3
accuracy isnow &8 uin § F wnAh Dol 3
. [=2] oq0 oo
higher (see table) AN ,::\ ¥ o ®
Al o™ % 1 . ° =
. Wy o . ©
" & oy 3 -
o " T WY 3
(c) good separation maintained after (d) relevant features after removal of
l removing outlier feature outlier feature
Desian a (sliahtl Features/Algorithm | KNN RFC SVM
bett 9 | ( ? y) 20 features 88.62% | 88.92% | 86.68%
etter classitier M9 features 88.92% | 88.92% | 89.22%

2. Examine similarity
and discriminative
power of features.
We find an outlier
feature...

3. Remove outlier
feature, since it is
unrelated to the
other discriminative
ones



T1: Predict classification efficacy

Top row: 10-class separation is easy ——) Validation: good classification results
. o
training set test set all featurs..s‘ (150) AC: 91.8%
ko Nevr Pt
A confusion of green, e " .
S yellow, orange, ‘ . . .
) - brown classes Rt \ et
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AL Y e fo
Py - I i g
(a) good separation (modulo small confusion zone) (b) good separation (modulo small confusion zone) (a) good class separation, good accuracy
- . . . misclassfication feature subset (10) AC: 99.7%
- v v,
o - WETTIY., (4 vs rest)
— ah 3 ' o "?,"9 v
o MO ‘ 4 . O 2 v
5 ! "',v,,v'" A AC: 34.5%
B , T (all vs all)
Qo "‘. . “ . - . v o
R e cN ¢
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e < ) ‘ .. l'.- . A
‘3 e _‘_\':' S ! \
2 T~ £
)
(c) good separation of class 4 (d) good separation of class 4 (tﬁ?ﬁér class separation, poor accuracy

(except for class 4 vs rest)

Bottom row: Separating class 4 from rest is easy Validation: good classification results
(using only 10 features)

» projections help designing very high-quality more specific classifiers
« confusion zones indicate type and extent of classification problems

Dataset: Corel (1000 points, 150 SIFT features, 10 classes)



T2: Improve classifier

1. Start with this good

projection (12 features) : {_'-_‘f.

designed to separate
class 4 vsrest...

3. Now do the same for
another class (3), which

gives us 14 features...

observation projection

e N
Ny

feature subset (4 vs rest)
12 features selected

.

x.°’ : "’\"‘.
“ 3y iclass 4 (purple)
e

(a) gooa sepération of class 4 vs rest

feature projection

°cel
L)
Ll

o e

(‘;;-'j: class 3 (red)
IR AN

feature subset (3 vs rest)
14 features selected

(c) good separation of class 3 vs rest

l) relevant features are related

P
°% &

(d) relevant features are related l

Features/Algorithm | KNN RFC SVM
All (150) features 98.18% | 98.79% | 98.48%
26 features 98.48% | 98.79% | 98.79%

high

low

=
i=
=
3

feature relevance

feature relevance

2. We find that features
discriminating class 4
are highly related and
different from the rest

4. We find that features
discriminating class 3
are highly related and
different from features
discriminating class 4

Design a (slightly) better classifier
with far less features



4. Projections for understanding deep neural networks

Artificial Neural Networks (ANNSs)

* increasingly popular for classification, pattern recognition
« good results in cases where other methods are suboptimal (e.g. feature selection)
» different types (multilayer perceptrons (MLPs), convolutional neural networks (CNNSs))

hidden

output activation a'®)
layer(s)

(class assignment)

input activation x = a(!)
(observation)

input dataset D
output class assignments

layer-2 activation a(?)
(learned representation)

Problems

« way of working of an ANN is a true ‘black box’

« when results are not optimal, how to
« understand what has gone wrong, and where?
* improve the classifier?



T1: Explore learned representations (activations)

Method

» project input observations (images) having all activations in a layer as dimensions
» we see how the learned info is created by training and the layer structure

MNIST dataset / MLP

Last hidden-layer activations, before training
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a) S
]
'E class: 5 class: 5 class: 3
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b) o
Last hidden-layer activations, after training

SVHN dataset / MLP

first hidden layer, before training
—$ N . '*,

.\ —l
o ST

First hidden layer, after training
a) . . X

training

EEEEEREEDE G5 R
0123456789 s

forward propagation

b) T

Last hidden Iéyer, after training



T2: Explore learned representations to improve classification

First step

» try another network (CNN instead of MLP)

MLP network
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* reasonable visual separation
« AC:77.3%

We next notice
something strange
in this image. Can
you see what?

CNN network
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* much better visual separation
« AC:93.8%



T2: Explore learned representations to improve classification

MLP network
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* reasonable visual separation

e AC:77.3%
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Each class is
formed by two
balanced but
distinct clusters!
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CNN network
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o light digits on
dark background dark digits on
light background

* much better visual separation
« AC:93.8%



T2: Explore learned representations to improve classification

What is going on?

« visually explore clusters by brushing

» we find that each cluster-pair contains
» a cluster for light images on dark background
» a cluster for dark images on light background

Let’s use this insight to improve the classification:

Current situation After preprocessing

replace images by

edge-detection Accuracy

increases

MLP: +4%
CNN: +0.7%

W9 light digits on
dark background dark digits on
light background



T2: Explore evolution of learned representations

Context

« activation in an ANN change in time in two ways
« as data flows from the 18t to the last network, during operation (inter-layer evolution)
» as different datasets are used, during training (inter-epoch evolution)
« we want to explore both so as to
« understand how different layers contribute to learning
» understand if training is effective

Inter-layer evolution

Bundled observation paths

Ap[1] (built using our dynamic t-SNE)
e ; % We observe how
« group separation increases
Ap(2] # . « group size decreases
« groups increasingly diverge

« few trails connect different groups
(classification decisions are stable)

Conclusions

Network performs (very) well in practice!

T layer 1 layer 4
- s %1 0123456789
- EEEEEE E

MNIST dataset, MLP classifier




T2: Explore evolution of learned representations

Inter-epoch evolution

Ap[0)
w
A,T60] s N\
% ;‘" A i - /’

&

Ap[100]

LR T

X

training epochs
‘fn A ‘ / \|
) 0123456789 f ,
EEEEEEEE

MNIST dataset, last CNN hidden layer, 100 training epochs

Bundled observation paths

We observe how

* group separation increases
(from complete clutter to perfect
separation)

« groups increasingly diverge

« paths are quite straight/smooth
(no canceling of learning)

« paths don’t link different-color groups

Conclusions

* Learning is very effective
* Knowledge accumulates as desired
* Few/no ‘hesitations’ during learning



T3: Explore neuron specializations

Context

« choosing an ANN architecture is (often) a kind of black magic
» help this by explaining roles of neurons (in a layer)
» use two projections (one for activations, one for neurons)

Activation projection
shows similarities of
observations (via
activations in a layer)

Training improves
separation of
observations

into groups

Neuron projection
shows similarities of

activation projection neuron projection neuron activations (in
432 e a layer) for all
R, L fo ¥ ae, -~ Observations
c - Kl [
‘o e % e ® Ay "
s K X oo 0o
o Sodde ot 2V 2e
‘-og Y : eet o* s :
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XY Training increases
b) neuron specialization
‘ for the different
classes
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c) 31,, * d)

EEEEEE low S
0123456789 discriminative power (8 vs rest)



T3: Explore neuron specializations

Discriminative neuron map

« summarizes role and power of all neurons in a layer for a task
« position: similarity of correlations of neuron activations
» color: most important class the neuron is responsible for
« saturation: how important the neuron is for that class vs other classes

Balanced #neurons/ ° . Hues are relatively well
neuron 460 o ® imi
collor, so a balanced \‘ o ™ oo clustered, so similar
training set was used s ofs £25°2°% neurons work
(which is good) o 930, collaboratively
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- . o , S Few saturated colors,

nirorm spread ot T Ao E s0 many neurons have
neuronTI 3Yf?r rawing, %32 .%o "ol o ® K] unclear roles in the
SO smafl difierences n o 50°e o 00 ¥ X classifier (may be bad)
activation correlation °0 Pl 8 :.0‘. FY

o ©
”®, 0
° XY 0123456789
]

SVHN dataset, CNN classifier, last hidden layer after training



Conclusions

Classifier design

« the main (and toughest) challenge in machine learning

« we open the black-box of ‘design magic’ by visual analytics
« extend multivariate projections to be useful and usable in practice

 use these for classifier prediction, understanding, and improvement
* interactive feature scoring/selection

» predict classification accuracy from projection separability
« prune feature space to reduce computation cost
« explain the training and working of deep neural networks

Lots of applications are now possible!

Thank you for the interest!
a.c.telea@rug.nl

Y7 university of
www.cs.rug.nl/sveg \0 ; / oy



