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“Field of study that gives computers 
the ability to learn without being 
explicitly programmed

-Arthur Samuel, 1959 



[Linda Liukas, gekend van Hello Ruby]

Voorbeelden niet van 

buiten leren maar zorgen 

dat alles werkt op 

ongeziene data 

(generalisatie)!

http://www.helloruby.com


WELK SOORT STERRENSTELSEL IS HET?

[Willet et al, 2013, Galaxy Zoo 2: detailed morphological classifications for 304,122 galaxies from the Sloan Digital Sky Survey]
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Figure A1. Example images with their GZ2 classifications (see Appendix A). Galaxies are randomly selected from the GZ2 catalog;

all galaxies lie in the redshift range 0.050 < z < 0.055. Categories shown represent the twelve most common classifications in the GZ2

spectroscopic sample.

c� 2013 RAS, MNRAS 000, 1–29

Galaxy Zoo 2 data release 5

1

Is the galaxy simply smooth and rounded, 
with no sign of a disk?

Could this be a disk viewed edge-on?

Is there a sign of a bar feature through 
the centre of the galaxy?

Is there any sign of a spiral 
arm pattern?

Is there anything odd?

How many spiral arms are there? How prominent is the central bulge, 
compared to the rest of the galaxy?

How tightly wound do the spiral arms appear?

Does the galaxy have a bulge at its centre? 
If so, what shape?

How rounded is it?

Is the odd feature a ring, or is the 
galaxy disturbed or irregular?

Figure 1. Flowchart of the classification tasks for GZ2, beginning at the top centre. Tasks are colour-coded by their relative depths in

the decision tree. Tasks outlined in brown are asked of every galaxy. Tasks outlined in green, blue, and purple are (respectively) one, two

or three steps below branching points in the decision tree. Table 2 describes the responses that correspond to the icons in this diagram.

Figure 2. Distribution of the number of classifications for the

sub-samples within GZ2.

29, with the project spanning just over 14 months. The
archived site continued to be maintained, but classifica-
tions were no longer recorded. The final dataset contains
16,340,298 classifications (comprising a total of 58,719,719
tasks) by 83,943 volunteers.

3 DATA REDUCTION

3.1 Multiple classifications

In a small percentage of cases, individuals classified the same
image more than once. In order to treat each vote as an inde-
pendent measurement, classifications repeated by the same
user were removed from the data, keeping only their votes
from the last submission. Repeat classifications occurred for
only ⇠ 1% of all galaxies. The removal of the repeats only
changed the morphological classifications for . 0.01% of the
sample.

c� 2013 RAS, MNRAS 000, 1–29

https://arxiv.org/abs/1308.3496


WELK SOORT STERRENSTELSEL IS HET?

Galaxy morphology classification with deep learning

The solution:
a convnet with 7 layers
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Galaxy morphology classification with deep learning

Optional preprocessing:
re-center and rescale

115

afbeelding aan de ingang

uitgang: 37 getallen die 

weergeven hoe mensen 

sterrenstelsels beschrijven

[Dieleman et al, 2015]

winnende inzending 

voor Data Science Bowl 

competitie  

(2014, Kaggle)

https://arxiv.org/abs/1503.07077


DIEPE NEURALE NETWERKEN

➤ Een buzzwoord & populaire techniek op dit moment 

➤ Lage instapdrempel 

➤ Beschik je over goede (voorbeeld)data? 

➤ Gevoelig aan “overfitting” 

➤ Vereist veel rekenkracht

Doen! Ga zelf aan 

de slag!

Ockham’s razor: het moet 

niet altijd “diep" zijn, met 

eenvoudige technieken zijn 

vaak goede resultaten te 

boeken
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[Ng et al, 2008, Autonomous helicopter flight via reinforcement learning ]

https://www-cs.stanford.edu/people/ang/papers/heli.pdf


Reinforcement learning  

Backgammon (1992), Arcade Games (2015), AlphaGo (2016)/AlphaGo Zero (2017)



“FITTED" REINFORCEMENT LEARNING

NORTH	
	NORTH	 	80%	
	EAST 	10%	
	WEST 	10%	

enkele 
ervaringen

ervaring: toestand, 
actie & beloning

uitvoeren actie

observatie

kiezen actie

aanpassen 
systeem

parameters van 
het netwerk



LEREN GRIJPEN: 14 ROBOTS, 2 MAANDEN, > 800.000 POGINGEN

Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-Scale Data Collection
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Figure 4. The architecture of our CNN grasp predictor. The input image It, as well as the pregrasp image I0, are fed into a 6 ⇥ 6
convolution with stride 2, followed by 3⇥ 3 max-pooling and 6 5⇥ 5 convolutions. This is followed by a 3⇥ 3 max-pooling layer. The
motor command vt is processed by one fully connected layer, which is then pointwise added to each point in the response map of pool2
by tiling the output over the special dimensions. The result is then processed by 6 3⇥ 3 convolutions, 2⇥ 2 max-pooling, 3 more 3⇥ 3
convolutions, and two fully connected layers with 64 units, after which the network outputs the probability of a successful grasp through
a sigmoid. Each convolution is followed by batch normalization.

the gripper about the vertical axis.1 To provide this vec-
tor to the convolutional network, we pass it through one
fully connected layer and replicate it over the spatial di-
mensions of the response map after layer 5, concatenating
it with the output of the pooling layer. After this concate-
nation, further convolution and pooling operations are ap-
plied, as described in Figure 4, followed by a set of small
fully connected layers that output the probability of grasp
success, trained with a cross-entropy loss to match `i, caus-
ing the network to output p(`i = 1). The input matches are
512 ⇥ 512 pixels, and we randomly crop the images to a
472⇥ 472 region during training to provide for translation
invariance.

Once trained the network g(It,vt) can predict the proba-
bility of success of a given motor command, independently
of the exact camera pose. In the next section, we discuss
how this grasp success predictor can be used to continuous
servo the gripper to a graspable object.

4.2. Continuous Servoing

In this section, we describe the servoing mechanism f(It)
that uses the grasp prediction network to choose the motor
commands for the robot that will maximize the probabil-
ity of a success grasp. The most basic operation for the
servoing mechanism is to perform inference in the grasp
predictor, in order to determine the motor command vt

given an image It. The simplest way of doing this is to
randomly sample a set of candidate motor commands vt

and then evaluate g(It,vt), taking the command with the
1In this work, we only consider vertical pinch grasps, though

extensions to other grasp parameterizations would be straightfor-
ward.

highest probability of success. However, we can obtain
better results by running a small optimization on vt, which
we perform using the cross-entropy method (CEM) (Ru-
binstein & Kroese, 2004). CEM is a simple derivative-free
optimization algorithm that samples a batch of N values
at each iteration, fits a Gaussian distribution to M < N of
these samples, and then samples a new batch of N from this
Gaussian. We use N = 64 and M = 6 in our implementa-
tion, and perform three iterations of CEM to determine the
best available command v?

t and thus evaluate f(It). New
motor commands are issued as soon as the CEM optimiza-
tion completes, and the controller runs at around 2 to 5 Hz.

One appealing property of this sampling-based approach is
that we can easily impose constraints on the types of grasps
that are sampled. This can be used, for example, to incor-
porate user commands that require the robot to grasp in a
particular location, keep the robot from grasping outside of
the workspace, and obey joint limits. It also allows the ser-
voing mechanism to control the height of the gripper during
each move. It is often desirable to raise the gripper above
the objects in the scene to reposition it to a new location,
for example when the objects move (due to contacts) or if
errors due to lack of camera calibration produce motions
that do not position the gripper in a favorable configuration
for grasping.

We can use the predicted grasp success p(` = 1) produced
by the network to inform a heuristic for raising and lower-
ing the gripper, as well as to choose when to stop moving
and attempt a grasp. We use two heuristics in particular:
first, we close the gripper whenever the network predicts
that (It, ;), where ; corresponds to no motion, will succeed
with a probability that is at least 90% of the best inferred
motion v?

t . The rationale behind this is to stop the grasp

[Levine et al, Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-Scale Data Collection, 2016]

https://arxiv.org/pdf/1603.02199.pdf


REINFORCEMENT LEARNING

➤ Een buzzwoord & populaire techniek op dit moment 

➤ Hoge instapdrempel 

➤ Veel interacties mogelijk? 

➤ Beloning definieerbaar? 

➤ Extreem veel rekenkracht!

Doen! Ga zelf aan 

de slag!

Ockham’s razor: voor tal 

van problemen geen RL 

nodig

[http://keras-rl.readthedocs.io/]

Gym

https://gym.openai.com
http://keras-rl.readthedocs.io/


data verzamelen

groeperen

opdelen in de 
belangrijkste stappen

inverse reinforcement 
learning

reinforcement 
learning

vouwende robot



INVERSE REINFORCEMENT LEARNING

➤ De kwaliteit van voorbeelden 
(of robot-acties) beoordelen 

➤ Vereist een aantal expert-
voorbeelden 

➤ Momenteel in onderzoeksfase 

➤ Toepassingen: beoordelen van 
kwaliteit menselijke 
handelingen zoals textiel 
plooien, goed rijgedrag …
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SLECHTS ZO SLIM ALS HET 
GETRAIND IS…

… en dat is een probleem in een domein dat  
gedomineerd wordt door blanke mannen 



Culturele bias in AI 

Google, Rynkl, 



WEG VAN DE SIMULATIE
➤ Realistisch? 

➤ Sommige zaken zijn moeilijk 
te simuleren 

➤ Transfer van simulatie naar de 
echte wereld

[Urbain et al, 2016]

[Recht et al, 2018]



HOLISTISCHE KIJK OP LERENDE ROBOTS

[Urbain et al, 2017] [Degrave et al, 2016]

Door lichaam, brein en sensoren 

op elkaar af te stemmen (leren) 

kunnen we sneller betere controle 

realiseren

https://www.frontiersin.org/articles/10.3389/fnbot.2017.00016/full
https://arxiv.org/abs/1611.01652


BIOLOGISCH GEÏNSPIREERDE REKENKRACHT



WAT TE ONTHOUDEN?



1.Machine learning is een krachtige 
techniek waar je tal van problemen 
mee kan oplossen 

2.Machine learning algoritmes zijn 
slechts zo slim en divers als de 
mensen die het ontwerpen 

3.Nog veel werk te leveren op vlak 
van lerende robots 

+ er zijn veel tools  

waarmee je nu al 

aan de slag kan!

[Darpa tv]



Francis wyffels 
 

     francis.wyffels@UGent.be          @ @fwyffels

roboticakunst door 

kinderen [ArtBots 

project           
 ]
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