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Preface 3

Preface

This script describes the ML.Sprite-Library with Snap! blocks, which is intended for (rela-
tively) fast processing of large amounts of data. "Large" data volumes are almost never
used in schools and initial university education - because they were hardly freely available
some time ago, and money is scarce in education. In the meantime, however, there are
large amounts of data in abundance, be it as a data collection on the Internet or as image
files, because they are also "large". Education thus has the chance to deal with relevant
data and thus find numerous points of contact with the field of "computer science and
society". In the long run they are more important than any programming tricks in terms of
general education.

Especially for beginners it is important to "see" what they are doing with their program-
ming attempts. Snap!'s fantastic visualization capabilities are complemented by the
ML.Sprite-Library, which includes library functions for graphics and images that, like the
Snap! tables, quickly display the results of operations. Speed is important in this area be-
cause it supports experimental work in trial and error style. If you must wait too long, you
won't try that much. The ML.Sprite-Library supports this approach by implementing most
time-critical functions in JavaScript. Besides, these blocks also show how text-based pro-
gramming can be senseful integrated into a graphical development environment.

The ML.Sprite-Library contains blocks from the area of data visualization and table han-
dling, which is supported by the introduction of the data type table. In addition, functions
of linear algebra with the data types vector and matrix, the solution of linear systems of
equations and interpolation by polynomials are available. SQL queries are integrated, neu-
ral networks from perceptrons can be easily created and trained, image operations can be
quickly executed via kernels as well as through vector and matrix operations. The examples
show how this can be done. But they always show only one way - invent others and better
ones for yourself!

Unlike the first version, the ML.Sprite-Library is divided into six prototypes, which can be
loaded as attached parts of the overall sprite called "Arthur&Ina" or as individual parts.
This limits the number of visible blocks. You can limit yourself to the prototypes that are
currently needed. Each prototype contains a small example script that illustrates its use.

This book is a translation from German. Unfortunately, | do not speak English well, so it will
be bumpy. | apologize for that. Be strong and hold it! Many thanks for the wonderful help
of the DeepL? translation program. | would probably never have finished without these.

I would like to thank Jens Monig and Rick Hessman very much for their support and the
numerous discussions.

I wish you a lot of fun working with Snap! and the prototypes of the ML.Sprite-Library
from Arthur and Ina!

Goettingen, 13 January 2020

. %ﬁ\

! https://www.deepl.com/translator
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1 Artificial Intelligence and School

The term "artificial intelligence" is currently and for the foreseeable future more than cur-
rent. In Germany, the Year of Science 2019 has been declared the "Year of Artificial Intelli-
gence". In the field of "digitalization", the term is shaping discussions in the media, busi-
ness and politics. Informatic didactic contributions are also increasingly being made on the
subject.

In school informatics the topic is not really new. For three to four decades now, there have
been examples of neural networks (NNs) suitable for use in schools, for example, which
are developed and trained by the pupils themselves [Baumann] [Modrow1]. Such networks
are clear and easy to understand, encourage students to work independently and then to
discuss philosophical implications based on their professional experience [Modrow2].
Above all, however, they are small. This is exactly the difference to the current NNs: they
are big. According to lan Goodfellow [Deep Learning], one of the leading developers in this
field, basically nothing has changed compared to the old small networks. The structure and
methods have (almost) remained the same, but of course they have been improved. What
has changed is the performance of the computers on which the NNs run and the amount
of data available to train them. This, however, leaves older findings valid, such as Marvin
Minsky's [Minsky] 1967 findings on the equivalence of NNs and finite automata. The result
is no wonder, because the model of finite automata has its roots in the first NNs. However,
such results help to classify a topic: if the term "learning" tends to bring brains to mind,
the finite automaton tends to bring the field to the level of vending machines.

But we have a problem with that. In school, real applications are usually reduced to small
model systems that still show some of the original properties. If, however, the property of
being large in current neural networks is what makes the difference to earlier versions, the
restriction to small networks is at least questionable. Such a thing could have been - and
has been - done some decades ago. So, what is new about this topic?

The suggestions for treating large NNs in class often consist of training finished NNs using
finished training data. Students then watch the net learn, slowly improving its results. You
don't need a real NN for this experience, a video was enough. You can't see that the net is
big and you can't see why this size is important from watching it. All you can see is that the
results are improving. You don't learn anything from this experience alone from NNs. A
discussion of the effects of NNs then is based on the information that they exist and that
they can learn. Further technical basics are missing, so that this discussion could take place
just as well in other subjects.
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Let us compare the situation with an example from physics. The relatively new image of a
black hole [SZ] shows that there are black holes and that they "swallow" matter. However,
this information alone does not integrate the topic into the physics lesson, because a tech-
nical treatment of black holes is largely beyond the possibilities of the school. But within a
subject area "gravitation", which contains numerous activities, historical and social refer-
ences, typical problems of school physics, etc., the picture links school physics with "sci-
ence after school", shows ways to a more profound occupation with it and, for example,
encourages reflection on whether the learners see a personal perspective in this area - or
not.

What do we learn from this?

The pure introduction of new technologies has no place in school - there are other channels
for shows. The pure information that such technologies exist is also not enough to assign
the topic to a specific subject. On the contrary, if you limit yourself to that, then it would
be better to locate subjects in which, for example, the social or philosophical effects are
discussed, and the topic is thus networked with other aspects. Only the didactic reduction
of a question to a complexity level, on which the learners can work as independently and
imaginatively as possible, makes the topic pedagogically fruitful.

In the field of artificial intelligence, it is not the passive observation of the learning
of networks in schools that is important, but the active promotion of the understand-
ing of human learners for the fundamentals and implications of this process.

New for the school are the tools we can use today. The visualization possibilities on the
one hand and the use of powerful libraries on the other hand make it possible for the
learners to explore simple first approaches on their own and thus experience the conse-
quences of this expansion. In this work the meaning of the terms used becomes clear and
thus assessable. The term "learning" has, for example, in the field of machine learning
largely the meaning of "parameter adjustment"”. This does not quite correspond to the
common meaning - and thus its use in the media, for example. The number of parameters
in e.g. small perceptron networks increases immensely with their expansion - and thus the
time required for training as well as the number of training data required. Extrapolation to
really large networks therefore raises the question where these resources come from.
When it comes to training duration, the parallelizability of the algorithms and the speed of
the computers is decisive, but when it comes to data volumes, their sources - and that is
often us - are decisive. So, we can't be indifferent to the application of Al systems, it directly
leads to problems with data protection and is therefore a current socio-political topic. This
also applies to the data itself. Working on machine learning topics quickly teaches us that
there is not much to do with the freely available data itself. It often only becomes interest-
ing when different data sources are linked. However, this linkage is usually not made by
statistical quantities, but by the individual sources themselves - i.e. us. For example, does
the spread of a disease have anything to do with the behaviour of population groups? We
can actually only answer this conclusively when we know whether the disease occurs more
frequently in precisely these people than in others. Otherwise, we will not get very far
beyond suspicions.



1  Artificial Intelligence and School 7

Working with machine learning requires learning time - and this is only available to a lim-
ited extent. The more powerful the instruction set used, the more time is left for the ques-
tion of the consequences. The ML.Sprite-library is designed to free up this time.

One more remark on this: | think that besides the usual learning of technical contents and
methods, especially in the field of computer science, a good deal of creativity belongs in
the classroom. Computer science provides wonderful tools such as Snap! for this very pur-
pose. If the school concentrates exclusively on teaching facts and data as well as practicing
the application of calculations, there is the danger that the students never experience what
it is like to discover and understand connections and backgrounds themselves or to find
and test their own solutions for interesting problems. This would be a bit sad, because a
chance to develop a creative personality, aware of its possibilities and limits, would be
missed at least in this field. The goal of the ML.Sprite-library is therefore to provide a
toolbox for the learners, which is suitable for their own projects in the field of machine
learning. It is explicitly not the goal to provide ready-made solutions for certain problems.
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2 Machine Learning

The term "machine learning" is often used as a synonym for "artificial intelligence" or "neu-
ral networks". However, this limitation is not true. For example, the definition found on
the SAP page [SAP] is more precise:

Machine learning technology teaches computers to perform tasks by learning from
data instead of being programmed for the tasks.

"Learning from data" can be understood as adapting the parameters of a function. A data
set (image, table, character string, ...) is presented as input vector E to a machine. It calcu-
lates an output value k from this, which assigns the input to a category ("It is a cat", "Fea-
ture present" (or not), "The word 'car'", ...).

fE) =k

This assignment can take place in very different ways. For example, you can adjust the
parameters of a polynomial, search for similar input values ("k-next neighbours"), work
with decision trees, use Bayesian filters, ... - or even train an NN. All these methods have
in common that the "machine" contains a set of parameters that can be changed. The ma-
chine "learns from data" by repeatedly reading in a data set, calculating the output value
from this using the current parameter set, and then comparing this output with the "de-
sired" output value using some method. If there is a deviation, it changes the parameters
so that the output at least approaches the "desired" value. "Desired" values may be known
in advance ("The image is a cat image"), may come from outside e.g. from a "trainer" ("su-
pervised learning") or may be generated by the machine itself ("unsupervised learning"),
e.g. by extracting features from many training data ("clustering"). In all cases, the machine
does not "learn" anything, but adapts parameters according to a given procedure.

This approach, too, has long been widespread in schools. "Learning Nimm-games” etc. can
already be found in the first computer science textbooks. What is new again is the scope
of the required training data. A large NN can have billions of parameters that need to be
trained - and this requires "a lot of" training data. Another new feature is that these data
are available on the net. So, if applications available "for free" are paid "with data", then
we now also know how and why this happens.

If you look at common textbooks on machine learning [Grus] [Albon], you won't find much
about NNs, but a lot about data handling. These must be normalized, for example, in order
to make the many input data, which can come from very different sources, compatible. For
example, if we photograph many dogs with an older digital camera and many cats with a
newer one, then an NN would very likely learn from these images that dog images are
smaller than cat images.

The preparation of data now is a very manual activity. It can be done step by step, tested
and then automated with simple algorithms. Testing is greatly facilitated if the structure of
the data is easy to visualize, e.g. in tables or as a graph. And algorithms are simple if they
have a clear structure, e.g. if, after some preparation steps, they consist of a loop in which
some alternatives with the corresponding instructions are enumerated. The power of the
developed scripts does not depend so much on the algorithmic structure as on the power
of the available commands. Or vice versa: if you have enough powerful commands, you
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can do a lot with simple programs. The parameters then can be adjusted in one of the usual
ways. If the appropriate tools are available, the preparation of data is a very suitable topic
for schools. The ML.Sprite-Library is intended as such a tool.

The instruction sets of the ML.Sprites contain solutions for a number of typical beginner
problems, e.g. sorting, drawing a graph or displaying an image in false colors. This does not
mean that there is nothing left to do - you can only tackle more complex problems. So
instead of sorting a list, you can look for solutions to problems that require sorting, among
other things. Part of the work will consist of assembling sequences of library functions,
testing them, and then making them available as a new block that can be used by other
sprites to perform other tasks. The access to resources of other objects can serve as a
training ground for object-oriented programming - but it does not have to. Instead, simple
procedures such as data exchange using global variables can be used.
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3 The Structure of ML.Sprites

The structure of ML.Sprites is based on the idea of documented data sets consisting of
two parts: the metadata, which describes the structure and context of the data (e.g. num-
ber format, image dimensions, recording device, recording date, ...) and the associated
pure data segments. Metadata usually consists of dictionaries - names with assigned val-
ues (e.g. "Recording date: 24.12.2018"). Examples for this structure are FITS files [FITS],
which are standard in astrophysics but are also used in the Vatican Library, or JPEG images
from mobile phones. Also, here there are meta data (image size, compression degree, date
of acquisition, often also GPS coordinates). Without these an image generation would not
be possible. It is important that the image generation does not change the original data.

We adapt this structure by giving an ML.Sprite three local variables, each containing the
data (myData), the data description (myProperties) and a collection basin for (error) mes-
sages of called blocks of the sprite (myMessages). These variables can be filled by import-
ing data from different sources (SQL queries, text file, CVS file, JSON file, FITS file, direct
assignment, ...), whereby the properties myProperties have to be adapted to the respec-
tive data. On the other hand, this can also be done "by hand". With the help of these prop-
erties, data can be converted into graphical representations (graph, data plot, histogram,
image, ...), whereby either myData or another suitable table is selected as the source.

It is important that the image generation does not change the original data. If, for example,
an image of Jupiter is used to determine the distances between its moons, then these must
at least be visible in the image. Therefore, after adjusting some parameters, e.g. a false
color image can be generated. In this image Jupiter itself will appear rather unstructured.
If you want to examine the "eye" of the planet in more detail, the parameters must be
selected completely differently, so that the moons are hardly visible. All these changes
must be done in the pixels of the current Snap! sprite costume without affecting the image
data itself.

Because tables can be displayed very nicely in Snap/!, this display format is not additionally
implemented. Therefore, the data type table is implemented with many of the operations
commonly used in data science (table operations, correlation calculation, affine transfor-
mations, solving linear systems of equations, ...), which can handle larger amounts of data
sufficiently quickly.

Since the library (currently) contains 118 new blocks, these have %
been grouped according to their functionality and distributed into a !

total of six sprites that can serve as prototypes for various tasks: a )
DataSprite for handling the actual data, an ImageSprite for image .
processing, a PlotSprite for graphical representations, a Neural- 2 N

NetSprite for Perceptron nets, a SQLSprite for database queries

and a MathSprite for linear algebra operations. In order to use
them independently, some blocks were created in slightly different
variants. A "pool" called Arthur&Ina contains these prototypes as
parts. If you want to use them individually, they can be solved by

Arthur & Ina
Arthur&Ina and stored individually. Data Scientists
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The overall structure is as follows:

i ) ‘ . .
imports data from E> ML.Sprite ¢ 1 ML.Sprite-Blocke
N 9@ round @ to @ digits
ImageSprite costume .
] ] : b f provides blocks for
i Image flles Image Sprite myProperties th h |
. e graphical repre-
* text flles 116 f'pe(:ﬂ)a!i RSS g p p
. L = sentation of data
e SQl-queries R N '
. s @ for editing tables,
e JSON files e i .
i — solving equation
e CSVfiles puc iR .
X0 A 8 systems, statistical
° 1 a5 58 |
2 1 " operations, ...
3 0 2 08 add row | Il to IR
4 0 0 98 row of
5 0 13 H vzgu._.zonoa
b a 20 O 985 set clement €D €D of
ImageSprite myMessages 98 @ next neightors of B in
9 S max | pooling of EIEEEY with stri

0 items |

9 & import costume-(RGB)data | from [

Most blocks get their parameters (image size, value ranges, colors, ...) from the dictionary
myProperties. The properties preset with set properties make it possible to use blocks for
creating graphics, diagrams, ... without too many parameters. If the values do not match,
the properties are changed either individually (with set property) or in groups (e.g. with
set line attributes).

The blocks of each sprite have a different symbol on the front to quickly distinguish them
from each other and from the standard Snap! blocks. As soon as you can create your own
new palettes in Snap!, the library blocks should be placed there. If this would already be
done in an own Snap! variant, then you would either must adapt it continuously or decou-
ple from the Snap! development. Both would be more unpleasant than the solution chosen
now.
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4  Working with ML.Sprite-Prototypes

4.1 Versions of ML.Sprites

As experienced data scientists, Arthur&lna have the full range of methods at their disposal.
The corresponding prototypes buzz around their heads, and if you double click on them,
you will reach the corresponding sprite. As we are professionally differently oriented than
they are, we will hardly ever need all versions of the ML.Sprites at the same time - but
which one we need depends on the chosen problem. Therefore, we can also solve all or
single sprites of Arthur&Ina (right click on the sprite and select "detach") and save them
individually ("export"). If we are lucky, someone has already done this, and we only import
the needed prototypes (either with "import..." from the file menu or by "pulling" the file
into the Snap! window). This is much faster than loading everything at once. After that we
should set the stage to a suitable size (depending on the screen resolution) with "Stage
size..." in the tool menu of Snap!, e.g. 800x600 pixels.

In each of the loaded sprites we find a small example that shows how they can be used.
The new blocks are distributed on the usual palettes, mostly on Looks, Operators or Varia-
bles. They are located down there and have a common symbol to distinguish them from
the standard blocks.

If we want, we can...

e ...workdirectly in the prototype, i.e. use the new blocks without
further formalities.

log? v@

Example: The current costume, which was inserted from outside,
for example, is read into the myData area and the corresponding
properties are set. It is then printed in false-color and logarithmic
representation, using the maximum value just determined dur-

ing import.

e ... right click on the sprite to create a copy or a permanent clone
of the prototype and work with it in the same way.

e .. create new temporary clones from the Control palette with the
new clone of ... block and use them in the following.

] f new clone of ImageSprite

1l duplicate

Clone

delete

parent

detach from Arthur&ina
export...

9 & import costume-(RGB)-data | from [ H to mvl)ah

Example: First a temporary clone of the ImageSprite is created. KPS AT RN 7 read file with filepicker 13

This is asked to first read astronomical FITS data, whereby the
file to be read is chosen by the user. Then the image is displayed

9 & property [INEINE] log? v@

9 /’ add false-color | image of min/max 9 & P A minValue ~ |

as shown in the other example.
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4.2 Access to ML.Sprites

If you don't find the functionality you are looking for in the current ML.Sprite, the question
arises how to access the data and/or methods of another ML.Sprite "from outside". Since
these variables are all local, you cannot see them directly "from outside". On the one hand,
this has the advantage of keeping the number of currently visible data and methods clear,
but on the other hand it makes access more difficult. We will go through the different ac-
cess options in sequence. We have to distinguish clearly between local and global data and
methods. As an example, we choose the situation where a "normal" Snap! sprite wants to
use the possibilities of two Arthur&Ina sprites, a PlotSprite and a DataSprite.

global data and blocks

global variables, e.g.
newsSprite, data

global blocks, e.g.
move <n> steps

X position
Snap!-Sprite PlotSprite DataSprite
local variables, e.g. local variables, e.g. local variables, e.g.
test myData myData
local blocks, e.g. local blocks, e.g. local blocks, e.g.
commandA set properties set properties
reporterB copy of costume <...> copy of <data>

1. Access to the data of another sprite

Example: The Snap! sprite needs the data of the DataSprite.

Solution 1: In the DataSprite you assign the value of the data (myData) to a
set data | to
global variable (data). This can be accessed directly everywhere, even 4 m

in the Snap! sprite. (But this is not very elegant!)

Solution 2: You can access directly the data of the DataSprite by using the of-
costume# | of

DataSprite. Afterwards, by clicking on the left input field the local [FSSeysSREPFI ==

Block. First select the desired sprite in the right input field, here: the

variables (here: myData, ...) and the local methods (here: set prop- Stage
erty, ...) are listed next to some standard attributes like position, size, gg;ges;)rite
... (see next page). From these you can select the desired one. MathSprite

PlotSprite
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In our case it is the variable myData.

X position

. osition

myData | of DataSprite zufection
costume #

costume name
size

width

height

left

You can work with this as usual, e.g. by assigning the first
element to another variable.

set test | to ! item &K of ( myData | of DataSprite

volume
balance
myData
myProperties
myMessages
min

max

9 £ set property IEd to

¥ & property K4

9 & set properties

. g S »,: e “D I s .,_;.:, )
9 £ write string [ to file |l

9 = @ random points
x-range @ @ m @ b @ deita @

Q £ regression line parameters of I

of column @) and @ of i

costume# ['Q & copy of i
9 £ new @ x @ table

Q £ sort ] by column @ ascending
9 = select rows of ] where

Example: The Snap! sprite needs the data of a clone of a DataSprite.

Solution: You bind the clone to a local or global variable. With this variable you can ac-
cess the clone later.

set newSprite | to (§ new clone of DataSprite

In the following, we proceed as in the previous example, because only the
properties of "named" sprites can be listed. Finally, replace the name of the
selected sprite (here: DataSprite) with the variable that points to the clone.

set test | to ! item @K of ( myData | of (newSprite
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For methods we choose the following convention: global methods as well as methods of
other sprites without parameters are called by tell and ask blocks, methods of other sprites

with parameters are called by run and call blocks. (But sometimes we do it differently. )
1. Execution of a global method (command) by another sprite
Example: The Snap! sprite tells the PlotSprite to move a little.

Solution: The Snap! sprite asks the PlotSprite to move by dragging the global block or
blocks into the script area of a tell block. On the left side of the tell block the
addressed sprite (here: the PlotSprite) is selected. The blocks are executed in
the context of the other sprite, e.g. with its current position and direction.

move [P steps

tell PlotSprite | to

turn (3 ‘B degrees

If the addressed sprite is a clone, proceed as above: replace the name of the plot
sprite with the variable.

move E[P steps

turn d ‘B degrees

tell newSprite  to

2. Execution of a global method (command) with parameters by another sprite
Example: The Snap! sprite tells the PlotSprite to move differently.

Solution: The tell block is expanded to the right by as many fields (small right arrow) as
there are open parameters. The corresponding input fields for the methods must
be completely empty!

move @ steps

tell newSprite | to with inputs 190/
turn (3 . degrees

Note: There are other ways to do this and, above all, much more differentiated.
Please read the Snap! manual.

3. Call of a global method (reporter) by another sprite
Example: The Snap! sprite asks for the properties of the PlotSprite.

Solution: The ask block is used instead of the tell block. Otherwise as described above.

set data | to (ask PloiSprite for| myProperties | of PlotSprite
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4. Calling a local method by another sprite
Example: The Snap! sprite changes the size and color of the PlotSprite.

Solution: The run block is used with a local method that is selected using the of block.

Q B new costume width @ height @ :
run calor . . . of PlotSprite

with inputs o]

Example: An ImageSprite is asked to determine the total brightness around the speci-
fied point (100|50) in a radius of 5 pixels.

Solution: call Q & brightness around ) @ radius @ of ImageSprite |

with inputs 50/[5

Example: A MathSprite is asked to provide a 4x3 matrix with random numbers.

Solution: [ £ @ new random @) X @ matrix | of MathSprite

with inputs [ §

5. Calling the code of a local method by another sprite

Example: The PlotSprite wants to execute the method of the ImageSprite to draw a
circle on its own costume.

Solution: If local methods do not depend on local variables and/or other local methods,
you can export the code and execute it in another context. This is typically the
case with JavaScript functions. The drawing operations of the ImageSprite,
which are sometimes also needed by other prototypes, serve as examples
here. Since we cannot store global methods for the chosen way of binding func-
tionality to sprites, the drawing methods of the ImageSprite are available in a
second version, which has been marked as "exportable". Since the properties
of the ImageSprite can no longer be accessed here, the number of required

parameters "explodes". But for this you can export the code.

In PlotSprite the code of the drawing function

. . . of ImageSprite
is accessible via the of-Block.

This code is executed in P ————————
the context of the Plot- LI 255 W 245 N 255 )

i i 9 m :
Sprite, whereby there | it @ ol @ @ @ of ImageSprite
quired parameters
must all be listed. Af-

terwards the changed

G AT R 200 150 1005 1255 o o

switch to costume | my costume

costume is displayed
again.
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If you have to combine several such calls, it becomes a bit cumbersome. It is therefore
recommended to write a local method within the addressed sprite that triggers the re-
quired actions. This method is then called from outside.

Example: The specifications for a diagram are set in PlotSprite. In another sprite you can
simply call this method.

Results 2020 Winitialize

el Q I sct properties

16.0

o Q@ W new costume width EEP height ENP

2 LT 2655 W 245 M 255 )

12,
¥ 100 Q W set labels title [T x-label y-label
o
© 800 W setranges o x [ (D . @D 1y [ @D . €D ]

600 9 I set line attributes style continuous | width n

o color &5 @ ©

2.00

00 Q ¥ sct datapoint atiributes style * asterix | width &

0.00 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 connected v@ color P & ©
data1 =

Q W add axes and scales
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4.3 Importing and exporting data

Snap! can import a range of data formats directly. This can be done by "dropping" the cor- s

responding files on the Snap! window or by right-clicking on a variable watcher?. Both -

= normal

works well with text, CSV and JSON files. Other text file formats such as FITS can also be = 'EI'_rge

= slider
imported in this way, where you are asked if you are serious. Exporting works the same Slider min__
way. If you want to do the same programmatically, use the reporter block read file with slider max...

filepicker. A file manager window appears, where you select the file as usual. Afterwards ~ import...

raw data...
the data will be imported. export...

The main task is then to assign this data to 9 & read file with filepicker

the myData variable and set the corre-

sponding properties in myProperties. This 98 import table(CsV)data " Semadfile with filepicker AL Lo
is done by the following block, which im- Lii'fu‘ﬁff("ﬁé’;}?daa

ports data from outside into the myData e

area. This can be image data, table data or the data of the current costume. The costume
is stored as a table of RGB values.

Example: The ImageSprite saves an image (source: [NASA]) and displays it with
false colors.

Q & import costume-(RGB)-data | from to myData
9 & add falsecolor | image of min/max P & log? vO

Example: Almost 600.000 data records from a CSV file are read in about 10 seconds. The
properties are set.

" DataSprite myProperties "\ [ DataSprite myData
9 & import table(CSV) data | from G A= Rl R IO R T ® to myData S B TS & 2
1 type table 1 tripduration | starttime
2 width 0 695 2013-06-01 (201

2
3 height 0 3 693 2013-06-01 (204
4 backColorRe 255 4 2059 2013-06-01 (201
5 backColorGr 225 =123 2013-06-01420Y)

Example: SQL-import

If we have access to an SQL server, we can also read in
9 % choose database no. €

data from there. In our case we use an SQLSprite to
9 o import SQL-data from

import the results of a query into the variable myData. |z s SUl oo
% seLecT I 9% AVG( [cinz ) FROM WHERE
The data is converted into a table and its relevant prop- Y% £ = AND
. : LIKe EEE
erties such as number of columns and rows, ... are reset. s

GROUP BY HAVING ORDER BY LiMIT @

2 You get a variable-watcher, if you set a checkmark in the box beside the variable.
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Example: JSON-import

Again, the easiest way is to simply "drop" a JSON file into the Snap! window. But it also
works automatically. First of all, we look for interesting JSON data and of course choose
the statistics of baby names in New York City - what else. The appropriate block for this is
again import <table data> from <read file with filepicker> to myData. The result is a list
with two columns and two rows, the metadata and the actual data. Because we are inter-
ested in these, we replace the original data with the element (2]2) of the table. Of course,
we looked at the individual elements in table form beforehand to check what we loaded.
Of the many columns, we copy the three interesting ones into a new table, add column

headings and import the result back into myData.

( DataSprite myData

¥ & import table(CSV)-data | from KA =N LU A= 28 to myData o0 A . c
F_o— e e 1 ender name number

set myData |Il:l item m of r:h'”-“ E ui’ myData 2 FgEMALE Olivia 172
- ' 3 FEMALE  Chioe 12
set table | to list 4 FEMALE  Sophia 104
- - p— 5  FEMALE  Emi 99
A S add column ( 3 |column m of to ( table 8  FEMALE Emmya 99
—— 7 FEMALE Mia 79
L & add column ( ﬂ of to | table & FEMALE = Charlotie 59
~ = 9 FEMALE  Sarah 57
9 & add column I" = (B' of to | table 10 FEMALE Isabella 56
- 11 FEMALE & Hannah 56
) add column-headers | (57 FENE DB |G to | table 12 FEMALE = Grace 54
= 13 FEMALE = Angela 54
9 & import table(CSV)data from (Table to myData 1 FEMALE  Ava 53
15 FEMALE Joanna 49

The result: 19419 baby names
Who would have thought it!
Example: Importing data with the mouse

In many cases it is advantageous, especially with images, to read in data with the
mouse. The Sensing palette of the ImageSprite and partly also of the PlotSpite

9 f image-value

image-value
offers blocks such as <...> by mouse, with which image values, image coordi- gﬁ;é“g;:omd'“a‘es
nates, coordinates in the used coordinate system for graphs and/or data points, "_nel-ditat

Circle-gata
the data on a section through the image, starting and end point of a line, center brightness

and radius of a circle and the summed brightness values together with their num-
ber in a circle can be determined. As an example, the height of ancient columns
is to be measured. Therefore, the costume image of the ImageSprite with the
columns is imported and then measured with the mouse (yellow line).

Example: Measuring distances on an image ,

Q & import costume-(RGB)-data | from to myData
set data |to (7 # line-data | by mouse

" data

2 A B

1 122.93863751051362  45.22857863751054
2 122.26580319596357 177.7769386038688
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Example: Measure the total brightness around a pixel in an image (Source: [HOU])

9 & import FiTSdata | from b 22 v oL R R AL S to myData
9 & add falsecolor | image of min/max (9 & property

9 & property log? v@

set data | to Q & brightness | by mouse

The export of data can be done directly from a Variable-Watcher.

For scripts there are two new blocks write <table> to CSV file <file-
name> and write string <string> to file <filename>. The results will
end up in the download folder of the browser, as usual in Snap!. The
two blocks allow you to automate data exchange with spreadsheet
programs or text files, for example, to save the results of data pro-
cessing.

9 £+ write [PEE to csV file [l
9 £ write string [ to file [l
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=
4.4 The DataSprite

All DataSprites contain a block in the Looks palette that Q new costume width @Zi height &P
creates a costume of the specified size with the RGB val- PPl 255 W 245 W 205 )
ues of the background color and switches to it. They also

DataSprite myProperties im 4
all have the same set of local variables: myData contains 7 A B ) ' 6 myData

the actual data, myProperties its metadata, and 1 ypeOfData  empty u A
o 55 myMessages

3 height 300

4 minValue not set
5 maxValue not set
[
7

myMessages any messages generated when the blocks

® 'Q myProperties

are executed - usually error messages. If something does

not work, you should look there. ot .

. v 0
The DataSprite is used to manipulate table data. The | L o Z) ]

properties are adapted accordingly: they describe the

current state of the stored table.

The block import <data> from <source> to myData, which KA ke S el e I 1] to myData
is often used together with read file with filepicker, is 9 = read file with filepicker

used to read data. Existing data in table form can be written to CSV files with 0 n
write <table> to CSV file <filename> for further processing. If they are available T [nDee T GEITE]
as a character string, they can be saved as a text file with write string <string> F-F— A oa o

to file <filename>.

In the Operators palette we find three more blocks: ran-

regression line parameters of

<V = is DI a table | ?

dom provides random numbers from the usual range be-
tween 0 and 1 with full accuracy, regression line parame-
ters of <source> calculates the parameters of a regression { 6 Q random
line through the given data set. The predicate is <source>

a <type> tests the input for whether it is a table, a vector or a matrix, the latter being
allowed to contain only numerical values. The block is mainly used to intercept errors.

The main functions of the DataSprite can be found in the 0= -
Variables palette. There are two blocks for generating test S @ random points

x-range @& @& m € b ) delta @

|'° = @) random points near

data: <n> random points with ranges <xmin><xmax> and
<ymin><ymax> generates random points from the given

between €& and &

points near <term> between <xmin> and <xmax> corre- 9 =
' new &P x EP table

range that spread around a straight line, <n> random

sponding to points distributed around the given function &
graph. The block new <n> X <m> table creates a new (9 = copy of
empty table of the specified size and copy of <source> re-

turns a copy of the passed data. This is sometimes necessary to prevent the operations on
the data from altering the original data itself.
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The next group of blocks refers to the elements of the
specified table: delete <row/column> <n> of <table> de-
letes a column or row of the specified table, add <row/col-
umn> <data> to <table> appends the passed data as a new
row or column to the table. With <row/column> <n> of
<source> you can copy individual rows or columns of a ta-
ble. The last two blocks allow access to individual table el-
ements.

select rows of <table> where column <n> is <predicate>

<value> allows to select table rows with certain properties.

The block <property> of <data> determines the minimum or
maximum of a vector and their positions, the number of elements or their
sum, the mean value or median as well as the variance or standard deviation.

Relationships between two columns of a table can be de-
termined with <property> of column <n> and <m> of <ta-
ble>. ranges determines the value ranges that are
needed for graphical representations, for example, the
covariance and the correlation coefficient are used for
statistical investigations. The next block groups the data
of a column and calculates the specified values of the re-
spective groups.

The block normalize <data> by <option> is intended for
graphical representations and the comparison of data.
Also, for neural networks it is sometimes needed with the
option softmax.

9 £ delete row & of
Q_E add row | ] to

s on | @ of
9 £ element O & of
) £ set element P EP of to

(9 & select rows of where

column &P is less-than

less-than
greater-than
equal-to
different-from

max
minpaos
Mmaxpos
number
sum
mean
median

variance
standard-deviation

ranges
covariance
correlation

min
max
number
sum
mean

9 = normalize by mean g

mean
max
number
sum
median
softmax
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The last four blocks are mainly needed for examples from £ =85 SRR RSN = I my Data|

9 = sort by column &P ascending v@

the field of machine learning. The reporter block <k> next
neighbors of <point> in <data> determines the k nearest i
neighbors of a point in a point set. It can be used, for ex- 9 & max | pooling of with stride @

ample, for clustering problems. sort <data> by column [5°] £ apply convolution kernel B to table
<n> <ascending/descending> allows you to sort a table by

a column to be specified. The pooling block reduces the amount of data with a step size to
be specified, e.g. for convolutional neural networks, and the actual convolution can be
performed for images or neural networks with apply convolution kernel <kernel> to <ta-
ble/image>. Examples of this are given in the next section.

Example: Income data from the US Census income dataset (Source: [Census])

We want to dig a little bit in data and therefore download [JEILEEAETRENEEERETT N9 & read file with filepicker XTHITEE
the Census Income Dataset® from the net. The corresponding CSV file can be loaded from

the storage directory into myData and displayed immediately. It contains 32562 datasets.

A right click on it and selecting "open in dialog..." shows all columns.

What connections could now become apparent in?

Our DataSprite blocks do not help much at first, because they mostly process numerical
data. If we want to use them, we have to scale the columns so that numerical contents
result. In the simplest case, we just replace texts with numerical values - and we should
think carefully about the consequences this might have in terms of interpretation.

Let's start with the last column: The income values are

set income |to ¥ £ coumnn | EEP of

i r : h e
given for only two ranges: less than or greater than delete GE of GREATE

$50000. We assign the values 1 and 2 to these ranges. (Or
0 and 1, or -1 and +1, or 0 and 100, or ... Would these
changes have consequences)? In order not to change the
original values, we create a variable income and store the

set income | to | # map over (income

changed values there by copying column 15 into this vari-
able, deleting the first value (the heading) and then using
the map...over... block to change the contents. At least

that's what we're trying to do. Since there are quite a lot

of values, we right-click on the map block and choose just-

in-time compilation with "compile...". A small lightning symbol appears in front of map. 32561 items

Unfortunately we only get the unchanged column 13 when we look at the result as a table 1601
1802 i

again.

What's up? We look at the first element of income and

aM?

{is item EE of (income

I'..Iength of item @K of (income 1809
T oo |
(GI  <=50k |

check if it is a string. That is the case, but it is longer than

we thought:

3 This is one of the training data sets for machine learning.
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So, we have to throw out the leading spaces first. That
works: our variable income only contains the values 1 and
2, as we can quickly check by looking at it.

What does this income now depend on?

Maybe from age? We combine column 1 (age) and our
modified income column into a new table called testdata.

set testdata |to ' list

Q £ add column n= 1 of to (testdata

delete @ of (testdata

9 £ add column | (income to (testdata

32561 A B
12781 50 1
12782 68 1 set correlation coefficient | to
12783 31 1
12784 22 1
12785 18 1
12786 25 1 And what does that mean?
12787 28 1
12788 17 1
12789 24 1]
12790 20 1 .
12791 45 2
12792 44 1
12793 57 1
12794 33 2
Tasks:

set income

to 9 £ column

delete @B of (income

set income

% map ﬂ:port item @B of (split N by B4 over (income

set income

L]

to | # map

Q £ correlation | of column @ and @ of (testdata

{15 W #lmyDatal

over [ income

T Taveview | The correlation between age and income is described by the

correlation coefficient. The calculation is simple:

(_correlation coefficient ([(FX F72F)

1. Find out about the meaning of the correlation coefficient and the interpretation of the

value obtained. What does the value "0.2340..." mean?

2. Does the correlation coefficient in this case depend on the type of numerical scaling of

the data (1 and 2, -1 and 1, ...)? Check that.

3. Determine other correlation coefficients, e.g. between education and income, country

of origin and income, marital status and income, country of origin and occupation, ...

4. Find out if and when scaling of non-numerical data can have an influence on the result.
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Example: New York Citibike Tripdata (Source: [NYcitibike])

Let's go see who actually rides a bike in New York. To do this, we download the NYCitibike
rental data of one month onto our computer, that is the already mentioned almost 600000
data records. We take a closer look at them. 9 = import table(CSV)-data | from | ¥ & read file with filepicker K23 1751

577704 A B (o] D E 7 G H | J K L M N (]
1 tripduration  starttime ~ stoptime start station istart station istart station Istart station lend station icend station nend station liend station Ic  bikeid usertype | birth year gender
2 695  2013-06-01(2013-06-01( 444  Broadway & 40.7423543-73.9891507 434 9 Ave & W 140.7431744¢-74.0036644 19678  Subscriber 1983 1
3 693  2013-06-01(2013-06-01( 444  Broadway & 40.7423543-73.9891507 434 9 Ave & W 140.7431744¢-74.0036644 16649  Subscriber 1984 1
4 2059  2013-06-01(2013-06-01( 406  Hicks St & M40.6951284£-73.9959506 406  Hicks St & M40.6951284£-73.9959506 19599  Customer NULL 0
5 123 2013-06-01(2013-06-01( 475  E 15 St & Irv40.7352427€-73.9875856 262  Washington 40.6917823-73.9737299 16352  Subscriber 1960 1
6 1521 2013-06-01 (2013-06-01 ( 2008  Little West S40.7056925¢4-74.0167768 310  State St & S140.68926942-73.9891286 15567  Subscriber 1983 1
it 2028  2013-06-01(2013-06-01( 485 W 37 St &5 40.7503800¢-73.9833898 406  Hicks St & M40.6951284£-73.9959506 18445  Customer NULL 0
8 2057  2013-06-01(2013-06-01( 285  Broadway & 40.73454567-73.9907414 532 S5PI& S5 40.710451 -73.960876 15693  Subscriber 1991 1

Of course, we still have to find out from the source what the data actually means - i.e. look
at the metadata. For gender we learn that 0: unknown, 1: male and 2: female. For the
columns "tripduration" and "gender" we get some data:

The average loan period, based on gender: result )
4 A 2

9 £ mean | of column &P of

1 value mean

2 0 1753.290881868177¢
3 1 1063.54872254186(
4 2 1233.24944529899¢
For further calculations we delete the header line of the 4 /

table ... Eay
9 £ delete row | @D of

e ‘ grouped by column EE)

We figured as much!

... and see if they're any lazier on Broadway:

set resut |0 _ - )
’ 0 sctect o of o e | | [ )
- ¥ B T o ? £ select rows of e | _resu 1380.553088413 )

S mean | column @ is equal-to

' & mon 1ot (A Tap || S seloct rows of i where | | [T 2230.303350254 |

column &P is equal-to | EUUS

All right. All the prejudices don't have to be true.

Tasks:

1. Maybe only women in Central Park ride bikes more. Check it out.
It's not like there's only one bike rental place in Central Park. Find out the appropriate
mean values for the entire area.

3. Isthere actually borrowing information for other parts of the city? Search and compare
the results with Manhattan.

4. Determine the average borrowing times per weekday, overall and for individual sta-
tions. Are there any differences? What are the differences?

5. Above, the average borrowing duration was calculated based on gender. It could be
done the other way around. Would that be complete nonsense or are there any ques-
tions where this would make sense?
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4.5 The PlotSprite

The PlotSprite is used to create and display diagrams.
Therefore, it is mostly used together with a DataSprite.
In addition to the three blocks for managing its properties
in the Variables palette, which primarily contain presets
for generating the diagrams, there is only one new block
<costume-/graph-coordinates> by mouse in the Sensing
palette for the "remeasurement" of values with the mouse
and two new blocks in the Operators palette convert
<value> to <...> for the conversion of screen to graph co-
ordinates and vice versa as well as the already known
predicate block for type checking is <data> a <vector/ma-
trix/table>?.

The actual new tools can be found at the bottom of the Looks palette. On the one hand,
you can use them to change the preset properties and thus adapt them to the current
problem, e.g. the diagram labels or the value ranges. On the other hand, you can create

different types of diagrams.

set labels ... set the values for the diagram title and the
labels of the axes. Since the distances of the diagram axes
from the edges depend on them, these values are also de-
termined by set offsets from edges. While we're at it, we
can also reset the value ranges with set ranges ... and the
display of the numbers on the axes with set scale attrib-
utes .... set pretty ranges automatically sets the number
ranges with "pretty" limits. add axes and scales then
draws the frame of the new diagram.

Since we often need several diagrams, we first create a
clone of the PlotSprite and pass the necessary data to it.
This clone will display the tastefully designed new diagram
on its costume.

PlotSprite myProperties
33 A B

L typeOfData empty

Q W graph-coordinates 1
2 backColorRe 255
graph-coordinates 4 backColorBl 255

5

6

7

- ! leftOffset 60
(Q W convert @ to xp wperOtset 0
lowerOffset 20
xp 8 title
9 titleHeight 20
yp 10  xLabel
X 11 xLabelHeigh 15
y 12 ylLabel
13 yLabelHeigh 15
14 xLeft -10
15  xRight 10
16  ylLower -10
vector g yupper |10
. 18 lineStyle continuous
matrlx 19 lineWidth 1
table 20 lineColorRec 0
21 lineColorGre 0
22 lineColorBlu 0
23 datapointSty  square
24 datapointWic 5
25 datapointCor (_JHEEP

26 datapointCol 255
27 datapointCol 0

28 datapointCol 0
29 scalesPrecis 3
30 scalesXtexth 12
31 scalesYtexth 12
32 scalesNumb 10
33 scalesNumb: 10

@ =

9 W set labels title PERELENT] x-label y-label [ETE

@ I set offsets from edges

CN T ATCRL A 10 I 10 IRAN -10 P 10 N

Q9 ¥ 3dd axes and scales Q ¥ set pretty ranges

| 9 1 new clone of PlotSprite | .-

I new costume width EZiP height
color @)

|
Q W sct scale attributes precision ) textheight EF)
number of x-intervals @i} number of y-intervals &P

-
‘? I add axes and scales

Empty Diagram

375
2.50
1.25

0.00

y-values

-1.25

-2.50

-3.75

0
0.00 20.0 40.0 60.0 80.0 100 120 140 160 180
x-values
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Three of the blocks in the Looks palette are for programming conven- q .

) , ) ) ¥ properties of group labels
ience: properties of group <groupname> combines several properties —
and thus facilitates the data transfer to JavaScript functions. ranges of 9 [ ranges of [y\[zc!

Fiv

<data> determines the value ranges of a two-dimensional table and 9 ] copy of costume )

I\

copy of costume <costume> is needed if you want to switch quickly be-
tween two versions of a costume.

The diagrams themselves are generated with the remain- -
. ) . . @ B set line attributes style continuous
ing new blocks. The properties of line diagrams are set color @ @ ©

: . . . i
with the block set line attributes ... Function graphs are 33:;:30%

drawn with these attributes using the add graph ... block, gafg'df"
01-ao’

for example. The function term can be passed either as a
list of the coefficients of a polynomial or as a "ringified" Q |V T 3 Wringified-operator-or-polynome
Snap! term.

Example: Drawing a function and its derivatives in different colors and line styles.

i i [ 9 W new clone of PlotSprite | -
8.00 ¢t OlI new costume width &P height ELP
CULT 255 W 245 255 )
6.00 } 1 go to x: P v: @
91- set line attributes style continuous | width @@
400 } color I @ ©
200 | st o (@ @ - @I - T
000 } OxI set line attributes style dashed | width &
color @53 © ©
-2.00 ¢ add graph ' list 0]
Q ¥ sct line atiributes style dotdot | width @
-400 } color € & ©
600 } ‘9 ¥ add graph /list [ [
add axes and scales
-8.00 }
-10.0 a a a A A a a A a
-10.0-8.00-6.00-4.00-2.00 0.00 2.00 4.00 6.00 8.00
Tasks:

1. Plot different types of functions (trigonometric functions, logarithms, polynomials, ...)
as a graph on a PlotSprite.

2. Extend the function graphs with their derivatives.

3. Choose different value ranges, accuracies of number representation, text sizes and la-
bels for the representations.
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If we want to display the contents of a data table graph-
ically, this can be done with the block add dataplot with
numeric scales ... Scales and labels are again added with
the block add axes and scales. The way of displaying the
data points can be adjusted very precisely with the block
set datapoint attributes .... The lines in between keep the
line attributes.

Example: Representation of a point set

We ask a DataSprite to provide 100 random points scat-
tered around a straight line with the slope m=0.5 and the
intercept b=0. The obtained points are displayed in a dia-

gram.
Random Data
18.0 i‘
16.0
14.0 .g; ]
120 } L4
o 0,%
3 100 8
S oS
3. 8.00 $
6.00 } ° ]
w | 8
O
200 }
00 :‘
0.00 5.00 10.0 15.0 20.0 25.0 30.0 35.0 40.0 45.0
x-values

Example: Additionally the regression line is now drawn.

Random Data

18.0
16.0
140
12.0
10.0
8.00
6.00
400
2.00

y-values

00 2 " . 2 " 2 " " 2
0.005.00 10.0 15.0 20.0 25.0 30.0 35.0 40.0 45.0
x-values

Q I set datapoint attributes style o circle

connected @ % color P &

o_circle
._point
*_asterix
+_plus
X_ex
square
triangle
none

ask DataSprite | for
9 S @ random points
pE Y X X XX oY J

e st 1l I I I A

set points | to of DataSprite

tell £ M new clone of PlotSprite |

Q B new costume width &P height ENP
color ( 245 N 255 ]

Q W set labels title [T x-label y-label
width &

Q ¥ set datapoint attributes style o_circle

connected @ % color P (0 )
OWsetrangestox [ (D . ED 1v [ @ , €D ]
¢ ¥ add dataplot with numeric scales of ( points

9 M add axes and scales

set regression line'parameters | to

ask DataSprite | for Q £ regression line parameters of ||

| 9 I new clone of PlotSprite |

9 W new costume width &P height
color { 245 ]

Q W set labels title (BT x-label y-label
width &

of DataSprite

9 I set datapoint attributes style o circle

connected @x color (0}
W setrangestox [ (D . ED 1y [ @D . €D ]
Q ¥ add dataplot with numeric scales of (points

width @

9 ¥ set line attributes style continuous

color {0 X0

9 ¥ add graph (regression line parameters

Q M add axes and scales
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Example: Display of mixed data

Text data is often combined with numerical data. An ex-
ample would be the turnover data of different represent-

atives in one year in one area. If we want to display them
@ B new costume width height
graphically, the x-axis, for example, must be labelled with E5EE

. L. @ W set labels title 2 BV WPetersen—CarlsenHansen+Paulsen=Johnson
text data, while the y-axis is treated as before. To create y-label

@ WP set line attributes style dash-dot | width &

the diagram we use the block add dataplot with text and s>
H '] I set datapoint attributes style triangle | width
numerical scale. e —

9 ¥ set scale attributes precision @) textheight x P y ELP
number of x-intervals &) number of y-intervals &P

YW setrangestox (@D, @ 1v [ @ , €D 1
sales 201 9 QW add dataplot with text und numerical scale of
' st D (= CiistFausen 12!
180 |
180 } 9 M add axes and scales
140
.o A
S
w
o 10.0
L
0 s00
6.00
4.00
2.00
0.00 - 4 4 -

Petersen Carlsen Hansen Paulsen Johnst

As the last of the new blocks of PlotSprite we consider
add histogram of <data> with <n> groups. Histograms

@ W add histogram of with @[ groups

can be generated and displayed directly from data sources.

Example: An RGB image is loaded, decomposed into gray-
scale, and the normalized distribution of image values is
displayed as a histogram on a new PlotSprite. We find the
actual image as a costume of an additional sprite called
"thePicture".

First of all we load the image into the data area of a
DataSprite:

\ £ import costume-(RGB)data | from {ask thePicture | for ( my co! | to

myData

We get 172800 RBG values.
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DataSprite myData We convert
172600 A 8 © o these into grey

1 152 182 217 255
2 148 178 209 255 values. We use
3 154 178 208 255 .
4 152 178 21 255 the compiled
5 151 177 212 255 version of the
6 153 177 215 255
7 155 180 213 255 map block.
8 154 179 212 255
9 159 183 210 255

Then we switch to the PlotSprite and copy the loaded
data of the DataSprite.

Now we can display the data as histogram e.g. on a new
PlotSprite.

Histogram of an image

23213
20034 1
18054
15475
12808
10317

77376

number of pixels

5158.4

2570.2

0.0000

40.085 08.131 147.20

value interval

196.26

Tasks:

set data | to

over (data

set data | to 'myData of DataSprite

tell 9' new clone of PlotSprite |

K B new costume width @I height ELP
color { 245 I 255 ]

@ W set labels title x-label y-label
9 ¥ add histogram of (data with @ groups

@ W add axes and scales

1. Search for different amounts of data in the network. Display these or parts of them

graphically.

2. Automate the creation of histograms with a new block histogram of <costume>. Com-

pare the histograms of typical image types. To what extent is it possible to compare

images in this way, or where could difficulties arise?

3. Represent the three colors of an RGB image in the same diagram by graphs and/or

histograms.
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4.6 ThelmageSprite

The ImageSprite is used to display and manipulate im-
ages. For this purpose, it contains in the Variables palette,

| 9 & set properties

|3 & set property [ErEIToRd to |

(9 & property

(Q & read file with filepicker

|°_/1 import costume-(RGB)-data | from to myData
In the Looks palette we find the already known block add [ Z2ERL o 1 X dmyDaial

image ..., which allows to display data on the costume as

in addition to the obligatory blocks for managing the prop-
erties, the possibility to load images and determine the
minimum and maximum values of the image data.

if add gray | image of min/max P log? @x
gray or false color image. With the help of the block copy

of costume you can duplicate costumes if necessary. 9 & copy of costume >

ImageSprite myProperties

In addition to the usual block for creating a -
g 9 & new costume width height

new costume, available for all ML.Sprites, POALTal 225 W 225 W 255 ) g R B
typeOfData empty

there are two blocks for setting line prop- imageWidth 50

9_/‘ set line attributes style continuous | width &
erties and fill color. With these and six color @ € ©

imageHeight 50
minValue not set

1
2
3
blocks for d f | d il | .
ocks for drawing figure outlines and fille =
glig Q & set surface color to 220 M 200 M 180 ] z maxValue | not set
7
8

figures on the costume, you can easily cre- backColorRq 225
backColorGr 225

backColorBlt 255

. 9\7f draw line from [P &P to ELP
ate random graphics, for example.

9 & draw rectangle from ) €D to &P E1D 9 lineStyle continuous
e ——— 10 lineWidth 1

9 & draw circle center E[ID radius 11 lineColorRec 0

~ 12 lineColorGi 0

9 # fill recangle from @D to €D e ares

13 lineColorBlut 0

9 & fill circle center radius 14 surfaceColor 180

UL 15 surfaceColor 180

9 draw text at &P height @ horizontal v 16 surfaceColor 180
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Example: Generation of random graphics

script variables ' n

9 & new costume width height LD
color { 255 ]

go to x: @D y: @
repeat G
9 # set line attributes style continuous | width [ pick random & to &P

color | pick random P to pick random P to
pick random P to EEEP

7 set surface color to ( pick random ) to
pick random P to P pick random P to EEP
set n  to pick random &P to &

9 & draw circle center | pick random B to 9 Pt 1y WimageWidth =
pick random &P to 9 & property radius
pick random &P to EP

9 & draw line from | pick random & to Q P s llimageWidth +

pick random @B to ¥ 4 property to
pick random &P to 9 4 property (IR

9 # draw rectangle from | pick random &P to 9 ¢ property
pick random P to 9 & property to
pick random &P to 9 ¢ property
pick random &P to ' Y & property

# fill recangle from | pick random P to L & property
pick random @B to 9 §° property to

pick random @B to ¥ §° property

pick random P to 9 # property

& fill circle center | pick random &P to L 0 s llimageWidth «
pick random &P to 9 4 property radius
pick random &P to &P

W e teext at | pick random @ to ¥ 7 property
pick random &P to 9 & property height
pick random ﬂ to m horizontal v
else

¢ draw text [YETA at [ pick random & to 9 P v llimageWidth +
pick random &P to 9 4° property height
pick random &P to &P horizontal @x

Tasks:

1. Search the web for pictures of Piet Mondrian. Try to

create similar random images on the ImageSprite.

2. Use a "vanishing point" to create images in which ob-
jects appear to move "from back to front". Try it.
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In the Sensing palette of a ImageSprite there are some
new blocks for accessing pixel values. The block ... by
mouse has already been described above for data im-
port. With image value ... at ... and set image value of ...
individual pixels can be read or changed if they are lo-
cated in the data area myData. RGB at ... and set RGB at
... allow the same directly on the current costume. The
block brightness around ... determines the total bright-
ness around the specified point.

Q # image value of myData at &P &P
(9 & RGB at P &P of current costume

I9 # set RGB at &P &P of current costume to (180 M 100 ]

(9 & imagevalue | by mouse
|9xf set image value of myData at &) &P to |l
(9 & brightness around @D radius @D

Example: Simulation of a planetary transit in front of the sun

We look for a nice image of the sun (source here: [Schul-
Astro]) and load it as a costume of an ImageSprite. To
make it look more like space, we enlarge the stage and
color it black. If we still draw the planet, we get the image
on the right.

The planet should pass in front of the sun as a black circle.
If we paint such a circle, we change the actual image of the
sun. From this we make a copy newCostume to draw on it.
Our planet should move from the far left a little outside
the image (x=-2r) to the far right (x=image width+2r) on
the height y. We can also specify the radius r of the planet.

We can determine the current brightness of this arrange-
ment without too many copying processes by subtracting
the brightness of the pixels covered by the planet from the
total brightness determined at the beginning. To do this,
we initially import the image of the sun into the data area
myData and determine the brightness around the image
center in the radius "half image width" as well as the num-
ber of pixels involved. brightness around returns the
summed gray values as well as its number. From these val-
ues we calculate the average brightness of the "slightly
darkened" sun and store it together with the current posi-
tion in the variable transit data. We package these opera-
tions in the new block planet transit at <y> with r <r>.




4 Working with ML.Sprite-Prototypes

34

We now want to follow the planet transit "live" in a dia-
gram. For this purpose, we load the PlotSprite and write
a block for this plot to prepare the diagram parameters.
This block can be called by the ImageSprite.

We insert the corresponding block at the beginning of our
transit script and supplement it with two calls at the end
of each loop to redraw the PlotSprite diagram with the
new data.

The result corresponds roughly to one of the methods
used to find exo planets.

Image Sprite transit data
8

124.539199°
124532382¢
124 525456¢
124 5211692
1245182374
1245131192
124 505900¢
124.497703¢
124 490191(
124 485280¢
124 482165¢
124 4780611
124 475691
124 475862¢
124 476741¢
124 476949%
124 476216¢
12464 124 475532¢
124 475202
12456 124475105¢
124 47490%¢
124 474763(
124 4746042
124 474396¢ |

12440 <
-35.000 0.0000 35.000 70.000 105.00 140.00 17500 21000 24500 28000 :;: :;:;:g‘

position

Planet transit at y=70

12472

brightness

12448

In the Operators palette, we find the is ... a ... predicate,
which is used everywhere, and two somewhat more so-
phisticated blocks. The first allows to perform affine trans-
formations in an image by mapping three points to three
others - and all other points accordingly. Additionally, the
dimensions of the image must be specified.

Example: Let's flip an image vertically along the center
line. We load the image - here: of a church - and select
corresponding points on the edges. These points are com-
bined to the two lists source and target.

After that we import the image into the data area myData
and execute the affine transformation with the two point-
lists. We save the result in the variable newData.

|9 new ftransit diagram at 'y

9 W new costume width P height ELP
color €53 €& €&

9 W set labels title (join GETRETEENS v

@ W set ranges to x [ €T . €D 1v [ €I . €D 1

9 W set line attributes style continuous | width &
color D €D €D

9 W set datapoint attributes style none | width @
connected v @ color o

¢ W set scale attributes precision textheight x &FP v
number of x-intervals [P number of y-intervals P

é'addaxesand scales

|° planet transit at y "‘"-y#
Q:ripl variables newCostume

warp
’;; PloiSpiie | to | ¥ mew transit diagram at @  of Piotspite
with inputs v
[ surltdl 1o costume theSun
-9 # import costume-(RGB}-data  from | newCostume to myData
.Qfselmr[ac:emlmiuooﬂ
[sﬁ brightness | to ¥ ¢ brightness around §EI) GE radius EEP
Fset maxBrighiness | to item &I of brightness
Fsﬂ poel | to item @K of brightness
Fs'a transitdata | to list
ﬁ'ﬁ - &Bx1 B viah | of costume hesn | I8 3
f;vnitch to costume theSun
set newCostume | to e & copy of costume ' my costume
switch to costume (newCostume
'9"" fill circle center (x (¥ radius (r

sef brighiness | to L) & brightness around | x ; radius (1

@ W add dataplot with numeric scales of Il | of PiotSpite
LRI SR transit data R0
-

tell (2 | 9 WP add axes and scales | of PiotSpite | [J

@ & affine transformation of
by H-->H

set source | to | list ([ [11[1 list [100] list [300/1]
set target | ta |l list (55 [1] list [17]1]

9 & import costume-(RGB)-data | from to myData

l_et newData to

e # affine transformation of width ¥ & property height

9 & property

by ‘source --> (target

x-label y-label [T

dth @ height @
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Finally, we create a clone of the ImageSprite and ask it to S nenlioaelor Tr.;g,::‘_,rf(.q,

display the transformed image as a costume. tell newSprite o || switch to costume | with inputs o

I I find th j R O -
As last new block we find the apply convolution kernel e ———— | Py ———
to myData — block to perform convolutions on images.

Example: Edge detection

We load a picture of an ancient temple and import its data o import costume(RGB)daia | from S

into the data area of myData. We apply the Laplace kernel
1 1 1

o apply convolution kernel

1 —4 1] to it and save the result in the variable new- & st (WD SEEEE

1 1 1
Data.

Next, we create a clone of the ImageSprite, resize it and & new clone of ImageSprite |
let it show the changed image as its costume. - _cr

-

switch to costume ‘ with inputs K] b‘




4 Working with ML.Sprite-Prototypes 36

Since there is sometimes a need to execute the graphics [ ===
grap 9 &Gdrawcircleon ] at @ @
methods in the context of another sprite (see above), radius @ linewidth @ color @ @ @
these methods are available in an "exportable" version [F
] P @ < draw rectangle on ] from @ @
that does not rely on local sizes. They are labeled by a left width @ height @ linewidth @ color @ @ @

arrow . The usage is described in chapter 4.2. -
- & P Q &fill circle on ] at @ @
radius @ color @ @ @

¢_d= fill rectangle on ] from @ @
width @ height @ color @ @ @

9¢| draw line on ] from @ @
to @ @ linewidth @ color @ & @

.9.¢ldrawtext Blonlat@® @
height @ horizontal - color @ @ @

Tasks:

1. Pictures are sometimes a bit "weak". This is because they do not use the full range
of values for the three color-channels from 0 to 255.
a: Develop a method to determine and display the value ranges of an image.
b: Develop a method to use the full range of values, i.e. to map black pixels to 0, bright
pixels to 255.
c: Summarize the method as a new block with the costume of a sprite as input and the
improved costume as output.

2. a: You can try to find "faces" on images by highlighting contiguous areas of a color
range, e.g. "orange", and deleting the rest of the image. Try to develop a new block
for this.

b: You can use a kernel to isolate the edges of such areas. Find out about suitable ker-
nels on the net and test them for the purpose mentioned.

c: Faces are often "oval". Try to distinguish faces from other "orange" objects in this
way.

3. a: Really artistic photos are black and white of course. If you don't have any, you can
create grayscale images from RGB images. Do that.
b: It's even more artistic if the photos are "hard", i.e. have a very strong contrast. Ex-
periment a little!
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b

4.7 The MathSprite

The MathSprite can create clones and a new costume and manage its - few - properties, | MathSprite myProperties

but otherwise it only has new blocks in the Operators palette. It is intended for services for f : OAfD t Bt
ypeOfData  empty
the other sprite types. Essentially, it adds linear algebra capabilities to the operators of 2 imageWidth 50

3 imageHeight 50
4 backColorRe 255
5 backColorGr 225

. . . i 6 backColorBl. 205
type, i.e. between 0 and 1 with full accuracy. round rounds numbers with a fractional part 4y

after the decimal point to the number of digits specified. The predicate is Q @ random
] ) ] ) 'V © random
<data> a <vector/matrix/table> is mostly used in scripts to catch errors and

has been used in this script many times. 'f/_ @ round @ to @ digits
Qpisla

Snap!.

Three of the blocks are quickly explained: random returns a random number of the usual

The next two blocks should also be self-explanatory. new 0 0.7494674601495539 [
random vector generates a new vector from random num- £40.09627129567169445

L . . < 0.7980372212848315 |
bers, which is sometimes needed for testing purposes.

new random matrix does the same for matrices. (CF Yy a————- 3

2 A B c
1 0.94227780€0.83713828£0.88350817¢
2 0.9639231870.0043934660.95804762/.5

‘9 © new random € X @ matrix
The MathSprite works with numbers, vectors and matri- |
ces. Since vectors and matrices are sometimes needed in
transposed form, we also find a block transpose. This
block can handle both data types.

U (o)1 9@ new random vector length /3

3 A B
1 0.4422647520.70636982¢
2 0.80970863:£0.75989122°
3 0.88595799¢0.77484842;

(/5 9@ new random 5 x> _matrix
More interesting are the next blocks.
The somewhat inconspicuous reporter block <a> operator <b> can perform the specified

operation with numbers, vectors and matrices - if they are allowed. So it works between
numbers, numbers and vectors, vectors and matrices, matrices and matrices, ...

2 A B Cc D
1 0.5160838121.2023505720.40503841€1.00773874"
2 0.63274327¢1.18991595£0.60808818:1 23568005/';

) 9@ new random /3 X 72 matrix
9 @ new random 74 X 73 matrix

(] 1.4445646727635388 |
P 0.9587111070433345 Sl
Y@ istgmE@ X |'hist @ @@

) 9 @ new random vector length 3 u 0.29073657084528657
Q @ new random vector length 3

new random 73 X 72 matrix , %

7 ® new random vector tongtn €] |
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Polynomials are processed by MathSprite as lists of their
coefficients. The coefficient of the highest power is on the

left. x* — 2x + 1 is written as ({5 The value

for a given argument is calculated by the block <polyno-
mial> polynomial (<argument>).

solve <matrix> * x = <vector> solves linear systems of
equations - if there is a solution.

If a list of points is given, the block polynomial interpo-
lated for <points> calculates a polynomial whose graph
runs through these points.

Applications of these blocks follow.

Example: Curve through n points

polynom ( &) )

¥ solve tist (LADIAE
st @ @ @

°®po|ymm interpolated for list (|1 @ (@@

We need three sprites: a DataSprite to generate the random points, a MathSprite to cal-
culate the interpolation polynomial and a PlotSprite to plot the results. Everything will be

controlled by a fourth sprite called Control. The points for the interpolation are to be se-

lected by mouse.

Generation of the random data: In the DataSprite we

write a function to generate the points. We call this func-
tion from Control.

for (9 @ random points

ask DataSprite of DataSprite

set data | to
with inputs

Random data display: We write a method in PlotSprite to
display the data. We pass the data to this method from
Control.

tell Piotspite | to |9 show B

of PlotSprite with inputs ' data

random data for interpolation
3.00 } J
200 } 4
100 |a &
w 000 3 “A
2 La
‘_; -1.00 ‘:A“ "A
3 200 | Pl ~A‘s
-3.00 a 4y ‘* A 4 A 4
4.00 R G
S 4% A"
500 } ate A:‘ ¢ 4
-4‘00-3‘00-2.00-1 000 00 1 00 2003 00 4 60
x-values

random points

report

between @&P and &

W show (data : i

9 W new costume width P height ELP
color @D { 255

1l -0.5714285714285714 B

¥l 1.2142857142857142 B
k] -0.2857142857142857 §

¢ =] (n’ random points near \ 02 )% m -0

Q W set labels title [E R EC R T x-label y-label

67!setrangestox[E,E]Y[oral

Q W set scale attributes precision &) textheight x 7D v €D

number of x-intervals @[ number of y-intervals @[

97- set datapoint attributes style triangle | width &)

connected @x color (P €D ©
97- add dataplot with numeric scales of (data

Q I add axes and scales




4 Working with ML.Sprite-Prototypes

39

Interpolation data collection with the mouse: We add an
event handling method to PlotSprite that reacts to mouse
clicks. With <costume-coordinates> by mouse we get the

costume coordinates and store them in the variable new-
Point. To see the points, we import the "exportable" draw
circle method of the ImageSprite. Since it requires quite
a lot of parameters and we only want to draw small red
circles, we use a helper method circle at <x><y>, which
only needs the current coordinates - the rest is already
filled in. Next, we save the costume coordinates converted
to graph coordinates in the list points. If we've clicked
three times, we let the MathSprite calculate a polynomial
through these points. We draw this polynomial a little bit

thicker in red.

random data for interpolation

300 }
200
1.00
0.00
-1.00
-2.00
-3.00
-4.00
-5.00

y-values

-4 00-3.00-2.00-1.000.00 1.00 2.00 3.00 4.00
x-values

Tasks:

= — —
‘9 circle at (x (y

Q <o draw circle on [ at @ @ radius @
linewidth @ color @ @ @
with inputs my costume

£ §D5 12255 oo

switch to costume ' my costume

run of ImageSprite

when I am clicked

script variables newPoint

set newPoint | to 9 - costume-coordinates | by mouse

9 circle at item &K of (newPoint item @& of (newPoint

Q W convert item @B of (newPoint to x

add J1i1¢

=9 ¥ convert item @B of (newPoint to y

>d

@ W set line attributes style continuous

color (o o}
9Waddgaph

ask MathSprite | for 9 @ polynom interpolated for é of MathSprite

with inputs points

if * length of ( points

width @

>

set points | ta list

In Control we prepare every-
thing in advance for the data

acquisition.

ask DataSprite | for | L

| with inputs

random points of DataSprite

set data | to

tell PlotSprite | to ‘ Q show B with inputs data

of PlotSprite

set points | to ' list

. Create "point clouds" which scatter around other fully rational function graphs.

b: Asin the example, define some points in these clouds through which an interpola-

tion polynomial is to be drawn.

c: Have these polynomials drawn.

lect more points?

. Experiment with the number of selected points. Will the results be better if you se-

b: Create "point clouds" which scatter around non-rational function graphs (trigono-
metric, ...). Can you also describe them by interpolation polynomials?

c: Formulate a rule, when and how interpolation polynomials can be used meaning-

fully - and why just like that.
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4.8 The SQLSprite el
Similar to the MathSprite, the SQLSprite is intended as a service provider for  saLsprite myProperties
projects. It encapsulates the functionality for database access and should there- 12 A B
1 typeOfData empty
fore only be loaded when needed. > connected D fais< 3
i 3 connection https://snapextensions.
The few properties of the SQLSprite essentially contain the connection datato a BN current-database
sample database server and the current state of the connection (database used, : °:"f’:"ab'e .
atabases -
current table, ...). It is possible to create clones of SQLSprite, but there will be 7 tables E
few projects where this is necessary. Also new costumes are rarely needed. Most z a"’li““tes ';
columns
of the time the SQLSprite will just "lie around somewhere" and show by the color 10 rows 0
of its costume if the connection to the server is established. iy minvale ot set ‘
12 maxValue not set
Outside the Variables palette, there is only one operator
L] -
block to determine the part of a string - this is needed from {7 substring of - from o to 9
time to time to evaluate the query results. Since no local | = = === - R e Yea

data is required, the block is marked as "exportable" by
the left arrow. It can therefore be executed by all sprites
regardless of context. If this happens often, you should
write a global method substring to make the call easier.

In the Variables palette you will find the actual SQL blocks.
If you want to establish a connection, you can either use
the default server or set a new connection with set prop-
erty<connection> and the connection data. Then the block
connect should establish the connection. If this works, the
SQLSprite changes to the green costume. The available da-
tabases are listed with read databases. One of them can
be selected with choose database.

The handling of tables is correspondingly. A specific one
can also be selected and displayed.

with inputs

substring ( text start # = (stop # = I

AN (9 <5 substring of Bl friom @ to @ | of SQLSprite } ‘

report
with inputs (500 (SE00) 00 4

| substring &» & I

| Q 50 set property ENTRTNEd to B

‘3 % connect
Q W read databases

| 9_‘,‘5'.' choose database no. &

?J snapex_school f
%] snapex_world [
U} snapextensions_db1
) snapextensions_db2 |
J test J

v

g e O 74

Q@ % read databases

Q W read tables

| 9_‘,’7'.' choose table no. &P

Q W read attributes of table no. &P
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In practice, the details of the tables in the database used

_ i set data |to ¥ M read attributes of table no. &P
are always needed. If you assign the table attributes to a

variable one after the other and let it be displayed with "open in dialog", you can place the
corresponding table data in the Snap! window and start the queries.

Scipts  Costumes  Sounds

Staatsang

onfession

W e N ;R W N =

—
o

Hﬁiglgiﬁag
3|3
|2

ikl Ortsteil
iVAan_der_BG

SQL queries are composed as SELECT statements. There are two blocks for this:
one for simple statements, one for (almost) complete statements.

QuoseecT I rFroM Il WHERE

|9 wsELECTI BRI FrRoM llll  WHERE
GROUP BY [l HAVING orRDER BY

The standard predicates and functions of SQL are used to compose the queries.

Example: a simple SQL query

¢ %0 SELECT FROM WHERE

Example: a more complex SQL query

Y % secect I (o (ST ) FROM
o Q L Mschueler.D nummer B=llhatkurs.ID_nummer AND
WHERE y
A M hatkurs_kursnummer 81 (=

GROUP BY HAVING _ -~ ORDER BY LIMIT @
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The two SELECT blocks generate the text of an SQL query,
but do not execute it. The reason is simple: you should be

9 9% exec SQL-command [ |

able to view the query. If you are satisfied with it, it is ex- | Q 1&, import SQL-data from B to myData

ecuted with exec SQL-command. In this block you can also
enter other SQL commands, if you have the appropriate R&gieis ;
rights on the server. With the help of import SQlL-data ...

these are converted into tables and moved into the data where (1 (T =

area Of the SQLSprlte GROUP BY [N HAVING ORDER BY LIMIT @

to myData

More complex instructions can be assembled and tested from these blocks. If the re- | SQLSprite myData

sult meets the expectations, the query can be encapsulated in one block, which only 82 A B |
Aehrlich 7.5000

Antolni 4.5000
Bahn 6.2500
Batton 11.2500

contains the relevant parameters and can be used by other sprites without detailed ;
3
4
5 Benner 10.7500
6
7
8
9

knowledge of SQL.

Example: The course titles and grades for all courses of a learner, sorted by grade in

descending order, are searched.
Berg 6.2500

Beusberg 7.7500
Boemmel 4.2500
Brummel 9.2500

' -ommand 107 A B ‘
Q % SELECT |~ WHERE 1 Dramatische Spannung ir 15
2 Praesentation des Projek 15
3 Erziehung und Gesellsch 14
g LIK 4 Einstudierung einer Soap 14
5 Das Thema stand zum Z¢ 14
\ GROUP BY HAVING _ . ORDER BY DESC | LIMIT @ 6 Probleme der Demokratic 14
i my'Data 7 Angewandete und numm 14
report myData " . .
P! y! (@ results of 8 Erziehung und Muendigk 14
9 Grundstrukturen dramatis 14
ask SQLSprite | for of SQLSprite | [with inputs 10 Angewandete und numm 14

Example: For statistical purposes, the schueler table should be searcha-
ble according to different criteria.

9 ask schueler for { criterion

I criterion | ¥ % cOUNT( (criterion ) FROM |schueler

o 2 (@ ask schueler for

UP BY =i [ HAVING <7 ORDER BY LIMIT

Example: The 10 courses with the "best" results should be sorted in de-
scending order.

Q 9 exec SQL-command

T [~ | [hatkurs.kursnummer AL -\ L] ) FROM

[~ Jlhthurs kursnummor SV urico )

3 o ! (¥ % ave( AT )
Lo

HAVING 470 ORDER BY LW )
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4.9 The NeuralNetSprite gsg

"Deep" neural networks are shaping the discussion on current "artificial intelligence".

These are usually "fully connected" networks consisting of several perceptron layers. "Fully
connected" means that all neurons of one layer are connected to all of the next layer. Each
connection is assigned a weight, from which its influence on the connected perceptron is
derived - but you'd better read this elsewhere.

Let's have a look at a net of three layers that receives the pixels of a current 20 M-pixel-
photo as input, thus 2x107 pixels. The input layer consists of 3x2x10” MB numerical values
between 0 and 255 (if we leave out the transparency byte). To the next layer, there are
then (6x107)2=3.6x10"° connections - and then twice more. In total, 3x3.6x10%, i.e. about
10%® weights, would have to be determined - a completely utopian task for "normal" com-
puters. So, we will have to restrict ourselves to somewhat smaller neural networks.

One way to train perceptron networks is to present them input vectors and the desired
output right away. The net then calculates the output, which is the result of the existing,
initially randomly selected weights, and determines the difference from the given result.
Starting from the last result layer, it corrects the weights "going backwards" so that its
output "somewhat better" matches the given result. The procedure is called backpropa-
gation. You should also inform yourself about this elsewhere. The trained net results from
many such corrections. So, "learning" means to adapt the parameters (the weights) by
means of many examples. With the help of these parameters, the net determines an out-
put vector from the input vector: it calculates a function value.

Our NeuralNetSprite can simulate and train such perceptron networks. Clones of the net
can be created for this purpose - just like with the other ML.Sprites. For a NeuralNet-
Sprite you can create costumes as usual and display the current state of the net on them.

We have already described the new blocks in the Control = r r
t NN | & 1% new clone of Neura I"F,f'.'?ifz’:f,’
and Looks palette. ‘ '

Our weights together form a tensor with m layers consist- [ Ae® g sttt il L 200 St t i 150 |
ing of nxn matrices. NeuralNetsSprites should therefore color
master linear algebra. To avoid having to ask the Math-
Sprite every time, the NeuralNetSprite knows the most
important operations itself. They can be found in the Operators palette. The onl |

P b Y P g i 9 £+ softmax of B

new feature is the Softmax function, which can be used to scale input vectors, for

example. You should also inform yourself about this. v .‘:1. is . a vector |

'Q #* show NN status input B

Qi N
' {} transpose B
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The actual NeuralNet blocks are
therefore found in the Variables
palette. On the one hand, the few
properties of the sprite are man-
aged there, on the other hand, the

The dimensioning and initial assignment of the network is
done in the block add new weights. With these blocks we
can create and display a new neural net of any size. In this
case, it has the width 5 and the depth 2. The result of the
calculations with the input vector to be specified is dis-
played.

As the display of the many numbers would be rather con-
fusing and also hardly informative, the connecting lines
(the edges) are color-coded according to the values of the
corresponding weights: from full green for large positive
values to black for small amounts to red negative weights.
As at the beginning only positive numbers are generated
by random generator, new net is predominantly green.

The nodes of the net are color-coded like the edges. Below
are the elements of the input vector as small rectangles.
The inner layers form colored circles and the last layer is
displayed as output layer again rectangular. The direction
of the calculation from bottom to top is shown by the ar-
row on the far right. But since sprites can be easily rotated,
the direction can be displayed differently.

Often you need the results of the last or even an inner
layer of the network. These can be calculated using the
output of... block for a given input. Since the color coding
does not necessarily show the largest or smallest element
clearly, it can be determined using the of ... block.

9 L} read file from filepicker

Q + import table from B to myData

Q % write [IOIE to csv file [l

weight tensor can be loaded as usual and saved again as a CSV file.

[ NeuralNet myProperties

8 A B

1 typeOfData NN
2 imageWidth 200
3 imageHeight 150
4 backColorRe 255
5 backColorGr 225
6 backColorBlt 205
7 layers 2

8 layerWidth 5

kﬁj

Q &+ add new weights width &P depth &

set NN |to (9 £} new clone of NeuralNetSprite

Q £ new costume width I[P height EEP
color
gotox: @ v: @

| @ £+ add new weights width @ depth @

tell NN to

O el bt~ bt i~ )
‘ 9 4 show NN status input ( list

Q £+ output of [ layer with input B
of

9 £F min
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Now we have to train the net. In block teach NN ... this is Q £+ teach NN with input B and target output Bl
done by backpropagation with a learning factor to be by backpropagation with learning factor P
specified. At the beginning this factor may be a little bit

bigger, but then it can be reduced.

Example: A neural network should learn to calculate the output vector <0,1,0,0,0> from
the input vector <1,2,3,4,5>. If it did this successfully, the second output rectangle should
appear light green, the rest darker.

So we create a new neural net as shown above and repeat-
edly apply the teach block. The state of the net is shown [tist [o|[1 oo /o]

by backpropagation with learning factor KB

9 £ teach NN with input | numbers from 1 to 5 | T RETG LT

after each 20 repetitions.

Q £+ teach NN with input ([0 1:5-0700 EP ) @ and target output
Liisto 1 Jofo o

by backpropagation with learning factor {XP
9 1+ show NN status input ( list 5]

And after about 200
more passes the pattern

0
0
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2

X
N\

K
¢

\
X
0%
J

//
[N
/14
7
(N
i
\

A\
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has clearly formed. The
net maps the input vec-
tor to <0.1.0.0.0> relia-
bly. You can see quite
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clearly that the first
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neurons with the cor- /ﬁrf/‘\"/~\\‘? '//‘ \‘ \

rect weighting.
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Of course, the net should not only recognize one pattern correctly. In
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training, it is given various other input vectors in random order with
the desired outputs, with the weights being slightly modified so that

7
0A
f
Q)

the strongest output neuron has the correct place. Even such a small

\
"é
A)
(

X
/

network has enough parameters for this. Examples of applications are

given in the next section.
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Example: Traffic sign recognition

We want to train a neural network (NN) to recognize 12
different traffic signs. For this purpose, we search for im-
ages of these traffic signs in the internet and reduce them
to the format 100 x 100 pixels. You can display them on
the screen, but the 10000 pixels are of course much too
much for an NN.

To bring the amount of data within tolerable limits, we
reduce the pixels to a 2x2 format by mean-pooling, i.e.
we form the mean values of the color pixels in the four
quadrants of the image. From the 30000 values of the
traffic sign image we derive 12.

Since only the DataSprite can handle the pooling opera-
tion, we import it along with the NeuralNetSprite to the
project with the TrafficSignSprite. As a fourth sprite we
add a ControlSprite that should control everything.

For the start we give the NN-Sprite a new costume. Since
we need to specify several parameters for size and color,
we use the run block. Then we create the weights for a
new (here: 12x2) net in NN. This net is drawn with a (still
senseless) input. Next we send the NN to a well-chosen
place in the upper middle and do the same with the traffic
sign down there. Finally, we set some variables to 0. We
need them later.

We only need the DataSprite for calculation. To use the
pooling operation, the sprite must import the image data.
Then it can convert it and return the result. We summa-
rize everything in a new block pooling of <costume>,
which we call from Control.

§ costume (T (_actual Costume @0 ) (rumberot tests @, ) g

Control TrafficSig NeuralNe DataSprit

when clicked

9 1+ new costume width @ height @@
run color . . ’ of NeuralNet

TN 600 200 255 ([225 (205

run . Q £+ add new weights width @ depth @ | of NeuralNet
with inputs £ &

run . Q £+ show NN status input B of NeuralNet

with inputs numbers from &P to &
tell NeuraiNet | to| go to x: 0 R7% 100 3

go to x: @D v: GED
tell TrafficSign | to
set size to %
number oftests | to m
actual Costume | to m
recognized costume | to [

success | to [i]

in% |to @

° pooling of ( costume >>

Q & import costume-(RGB)-data | from (costume  to myData
report ¥ & mean | pooling of with stride &P
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The color values of the reduced image are combined into

9 get input data

an input vector using the new block of Control. The first

script variables  data ' result

two values of the pooling result specify the new image di-

of DataSprile

mensions and are deleted. The vector from get input data
thus contains the desired 12 values. These are modeled
using the NeuralNetSprite's Softmax function to elimi- jdeiete & o1 (data

nate unfavorable input values. | delete G of (S
set resull | to list

add [1:1) k L1f item (i of (data to | result

Accordingly, the training vector in get training data can
be determined with the output values of the NN you are
looking for. In our case all values should be 0 except the
one corresponding to the costume number of the traffic
sign.

of (result with

The NN gets two new methods learn from... and test \Vllearn from (input : ' sarrowRight (output :

with... During learning, the position of the place with the
set recognized costume | to

highest output value of the NN is determined and com- 9 2 maxpos | of €

pared with the current costume number of the traffic sign.

repeat until © ' recognized costume = 'actual Costume

If these values do not match, learning continues. Q £+ teach NN with input @BBD) and target output (GUIEE

by backpropagation with learning factor ((learning rate '/ E[[ID

set recognized costume | to
9 £+ maxpos | of [ of [last| la

For testing, the same operation is performed only once.

Now we have everything together to make Control work
properly.
A teaching process consists of determining a random cos-

tume number with the corresponding costume change. ‘xt tual- Cost to  pick random @B to B
sel aclual Lostume 0 ' pPICK random (s ]

ﬂ;l TrafficSign to| switch to costume (actual Costume

Afterwards the learning process of the NN is started with
new input and target data. The passes are counted.

run | 9 learn from B = B of NeuralNet

with inputs (9 get input data (@ get training data

| change number of tests \ by o
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The procedure for testing is similar: The costume is O Teost e mot |
changed, and it is checked whether NN calculates the cor-

warp

rect costume number. If this is the case, everyone is || S BRI I E il 0 BNz )

=

happy. Next, the percentage of correct attempts is deter- || - REEEEFS | switch to costume (actual Castume
mined.

Q test with B of NeuralNet with inputs @ get input data

i ; ; actual Cost
Several learning and test runs can be easily triggered. —
Lchange success | by &

b

change numberoftests | by &
I

set numberoftests | to E] set success | to m

set actual Costume | to [ pick random &P to &ED

—

set in% |to| D x (( success [/ number of tests ) || / €D

set numberoftesis | to m
@each the net

qutest the net

After about 50 training runs with a higher learning rate and another 50 with a low one for
fine tuning, we reach detection rates of 100%.

( recognized costume (EM ,  ( actual Costume (EM )  ( number of tests (T )

o= & A
Y
NN

NS
\'.\\\\

Tasks:

1. Train a single-layer net with different learning rates and numbers of learning passes.
Determine the recognition rate in percentage terms.
Plot the results from 1. graphically using a PlotSprite.
Experiment with multi-layer NNs. Will the results be better?
Increase the length of the input vector by changing the pooling. Do the results get bet-
ter?

5. Increase the number of recognizable labels by allowing more than one 1 in the output.
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5 Applications with ML.Sprites

5.1 Under- and Overfitting

Machine learning uses training data to adjust the parameters of a function so that other
values are predicted well - if everything works out. So, you build a forecasting instrument,
a kind of "telescope" for data.

One might think that the more customizable parameters a function contains, the better
such a function is. But this is not so. On the one hand, (1.) more parameters also require
more training data and training runs, i.e. more learning time; on the other hand, (2.) an
"inappropriate" number of parameters can also prevent "good" solutions. For both we now
give an example.

1: In the neural network for traffic sign recognition we have achieved very good results
with one layer. If we increase the number of layers and leave the number of training runs
the same, the recognition rate will deteriorate drastically.

( recognized costume (10 actual Costume (EM ) (_number of tests (0 ) — ((recognized costume (T ) (_actual Costume (WM )

=

(_NeuralNet backtracking attempts (LI (_NeuralNet backtracking attempts (S0

(_success (00
X 225 B

(_number of tests [ET. 0 ) o)

teamning rate [0

2: If the training data are well reproduced by the function, this does not mean that this is
also true for other data. It depends a lot on the type of function that is generated. As ap-
plication we choose the example polynomial interpolation.

The task is to use training data to adjust the coefficients of a polynomial so that OTHER
data are predicted as well as possible.

To do this, we have to generate data that can be used to calculate an [
interpolation polynomial. The functionalities for this are divided into
three prototypes: the PlotSprite for plotting the graphs, the Math-
Sprite for the polynomial interpolation and the DataSprite for generat-
ing random data that scatters around a given function.

So, we create a new project, enlarge the stage to 800x600 pixels and
load the three prototypes. Then we create a variable random data.
Now, the arrangement looks like the one on the right.
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As "workhorse" we choose the PlotSprite. If necessary,
we import required functionality from other sprites.

First of all, we ask the DataSprite to generate 20 random
data scattered around the parabola 0,5 * x? — 3. For this
we write a function <n> new points in the DataSprite. We
call this function from the PlotSprite.

This is enough to display the data. We write a block show
<data>, which makes the necessary settings and does that.

Under- and Overfitting

9.00 A

7.50

6.00 P

A

450 A a
g 200
E
3 1 50

0.00 “

' aa, A _

1.50 A

A
300 ja % A A
-4.50
0.00 0.500 1.00 1.50 2,00 250 3.00 3.50 4.00 450
x-values

We first try the interpolation with a regression line. The
DataSprite can calculate the required parameters.

Under- and Overfitting

9.00 A

y-values

0500 100 150 200 250 300 350 400 450
x-values

This looks actually quite nice, but on the sides it doesn't
really fit.

new points

Q » e
—— _

between P and &

set frainingData | to
& new points

‘_QL show (data :

go to x: @ y: @
—

of DataSprite

9 M new costume width @D height ELLP

color €5 & €D

s

with inputs

Q W set labels title Under-+and-Overfitting & E1 = §
etrangestox [P . @ 1v [ & . €D 1

W set line attributes style continuous

color @ @ @

x-values 82 E1: 2

width &P

——
Q W set datapoint attributes style triangle | width @I

connected @ color i) &5 &
-

dd dataplot with numeric scales of (data

! add axes and scales

rﬂ“ Q £ regression line parameters of [
‘ with inputs trainingData

|°-7creale and show regression line

9 P set line attributes style continuous

color @& € ©
Q p
W add graph

with inputs trainingData

9 W add axes and scales

wil

of DataSprite

dth &9

9 = regression line parameters of i

£12.426678489300178
7] -4.902642033114658

of DataSprite
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So, we try a polynomial interpolation.

9 create and show interpolation polynom $nl for n#=3 points
linestyle "'Iinestyle = continuous

First of all, we select three random pairs from the training

data, determine the interpolation polynomial from it and [l 2l

. . t points | to list
draw it. Because we want to experiment further, we gen- “f==ulis
repeat ' n

‘ add (i1, pick random &P to &P | i trainingData | to (points

-

eralize the solution to a polynomial by n points. We hope

that everything goes well with the selection! The results —
Q9 ¥ set line attributes style (linestyle width @&

depend on which points were hit (blue). Enclosed a bad EREEE0 Mo X 255 )
. v . - - . -
and a qulte gOOd result. (,:,(;ns::ct::‘t’azo_)l(ntc:::‘t)rrlbutes style o circle | width @

Q9 ¥ add dataplot with numeric scales of "'po' ts

Q
¥ add graph

call @ @ polynom interpolated for B of MathSprite
| with inputs ' points

O M add axes and scales

Under- and Overfitting Under- and Overfitting

y-values
y-values

0.00 0.500 1.00 1.50 2.00 250 3.00 3.50 400 450 0.00 0.500 1.00 1.50 2,00 250 3.00 3.50 4.00 450
x-values x-values
Now we're getting brave! Instead of three points we vote Under- and Overfitting
for 5. After all, we want to do a good job! That works out 900 A
great in the middle, and then — oops! 750
6.00 :
450 A
g 300
-
; 150
0.00
. . . o = a
Maybe we just need to take more points. Let's try it with oo b B &
10. The polynomials run through more points, but at the s
EdgeS they "run awayl| - and in between mOSt|y. 0.00 0.500 1.00 150 2.00 x_vza?ﬂes 3.00 350 400 450
Under- and Overfitting Under- and Overfitting
9.00 A
7.50
6.00
450 J
g g 300
i i 1.50
0.00
-1.50
-3.00 @A A
-4.50
0.00 0.500 1.00 150 2,00 250 3.00 350 4.00 450 0.00 0.500 1.00 1.50 2.00 250 3.00 3.50 4.00 450
x-values x-values
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Well, then with all points!

You can see that with an increasing degree of the polyno-

Under- and Overfitting

mial there is more training data directly on the graph, but 000

in between only nonsensical values are "predicted" by the 750

wild oscillations of the polynomial. 600 : ok
450 [ ]

The quality of what is learned therefore depends very

y-values

much on how we deal with deviations. We have to decide

which inaccuracies can be tolerated in detail so that the 0.00 /‘./:h E

forecast becomes reliable overall. If the degree of the po- e -4 ®

lynomial is too small, we speak of underfitting, if it is too s W/T

high, of overfitting. R o T
x-values

Tasks:

1. Discuss different ways to determine a "good" degree of the interpolation polynomial
(i.e. its highest power).

2. Formulate your results so precisely that they can be realized as scripts.

3. Test the scripts on different data sets.
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5.2 New York Citibike Tripdata [Nvcitibike]

Evenin New York, cycling has become "hip" and borrowing
data can be loaded as CSV files. We do so and load the al- |_‘
most 600,000 data records from June 2013 into a table. =

We split the column headings to get a pure data table. Of | = JJLEIETe - CREmT B R 0 e e

get data

course, this is done in a DataSprite. Since we also want to
create graphics, we load the PlotSprite right away.

set columnheaders | to' row | @ of (data

delete &R of (data

What did we actually find there?

The data legend provides the interpretation for the data: Trip Duration (seconds), Start
Time and Date, Stop Time and Date, Start Station Name, End Station Name, Station ID,
Station Lat/Long, Bike ID, User Type (Customer = 24-hour pass or 3-day pass user; Sub-
scriber = Annual Member), Gender (Zero=unknown; 1=male; 2=female), Year of Birth
Since the geographical longitude and latitude of the rental
stations are given, it is a good idea to use the Word Map \'91|oad NYCityMap at station nr (n # = 1
Library from Snap!. We write a small block, which shows
the surroundings of a rental station as a map.

set @ style to OpenStreetMap

Let's see where you can rent bicycles. For the overview we
extract the rental stations from the complete list, e.g. by

grouping them according to the name of the starting sta-

tion (column 5) and selecting only this column as the re- | Qi S RN S

sult.

(i';i/"” ‘

set stations | to

9
£ coumn | €D of{

28th Straet

Sk 4 A
7, 23rd Stinet 28th streat
23rd Streat

We get 337 stations after all. TSR S B

-
18th Street

Now we collect the data of a station ... , q i S
9 get data of station name AL ,;!um'“ R

report | % find first item | item @& of B = (name in (data

... and build the coordinate list of the stations.

set coordinates of stations | to 9 coordinates of stations

'9 coordinates of stations
script variables result ( stationdata

set resut | to list

N
for(i = &P to length of (stations

set stationdata | to get data of station item i of | stations

9 £ add row
[ item (i of (stations | x of @ longitude item @S of (stationdata

|y of @ latitude item @& of (stationdata

to (result

report result
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With these data we can send the sprite to the individual

‘9 show all citibike stations on map

positions, where we leave circles with the stamp-block.

switch to costume circle
for ﬁ = o to length of ( coordinates of stations
go to x: | item m of [ 0 i coordinates of stations
item @ ( Z o i i coordinates of stations
y 8
(o -
f A 2 o
g ,‘o:zam«p dms«rg Sy
' g o 8‘“““:' 9 7zm-su9? (
o reet O
o, ,..g O
5o
u TN o)
At least in Midtown Manhat-
Cheistophy

e '9‘, D s tan, we don't have to worry
: 'ﬁ‘%?o Owug o alv-mu o i

about finding a rental station!

(9 connections to or from station ( name
Now we want to have a closer look at the rental station — f =
Broadway - corner 41 Street (No. 55). To do this, we look
for all records from the list that start or end at this station. 25—
That's 5005 events that day. Times are entered in this list
together with the (same) date. We can throw this out [ roduce time colwmne of (table T to ours
(splitwith " ") and reduce it to the hour (split with ":"). We T - - (T )

then have a numerical scale with the unit "hour". Now we [|L- & CHES
9 & add column € C | &P . table | to result

script variables | result

can see what's going on at the station during the individual

9 &£ add column
item @K of  split item @K of (split | by B4 by BEd
¥ = coumn | @ of (table

to (result

hours of the day. And we can graphically display this as
usual using the PlotSprite.

t
9 £ add column
|| item @D of [split item @ of (split Il by B by B
9 2 coumn | €D of (table

to [ result

for(i = 4 715 ]

set borrowingdata | to 9 reduce time columns of borrowing data to hours

) £ number | of column &P of (borrowing data

t plotdat: t
set porcaa It0| o ouped by column @

raw diagram of activities at station 'n delcalo 1 3 H . bla . -
9 d di f iviti i
(mEm e e Activities Broadway & W 41 St
Q W new costume width @iiP height €L
LT 255 225 W 205 415
go to x: D y: @
/ ¥ set labels title |.join item (n  of (stations x-label e
y-label

9 ¥ set line attributes style continuous | width 1 )

color @ & ©

9 ¥ set datapoint attributes style o cicle | width (5}

connected v@ color P E&ED

9 I set scale attributes precision &) textheight x EFD v EED
number of x-intervals ) number of y-intervals &P

W setrangestox [ (D, €D 1y [ @ , (max ] ne
9 ¥ add dataplot with numeric scales of ( plot data

number of activities
[
H]

50.3
Q W add axes and scales
———__——— 0.00
run | 9 draw diagram of activities at station @) max= @ of PlotSprite 0.00 3.00 6.00 9.00 12.0 15.0 18.0 21.0

hour

with inputs [ KD x v £ max | of | &) i plot data
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A few streets down the road, it looks similar. Activities Broadway & W 49 St
Is that a general pattern? .
i
w
a 25
=
B
& 20
(=]
@
-g 151
E
100
50.2
0.00
0.00 3.00 6.00 9.00 120 15.0 18.0 21.0
hour
Well, at Central Park the people get up later and the tour- Activities Broadway & W 60 St
ists are not there yet. But the museums always close at the '
same time. 274
235
w
= 1%
=
B
2 187
o
5
-g 118
2
T84
302
0.00
0.00 3.00 6.00 9.00 12.0 15.0 18.0 21.0
hour

What can our programs learn from these data?

e We could, for example, predict from the usual departures and arrivals as well as from
the actual stock whether enough bicycles will be returned in time at a station or
whether it would be better to transport some of them there.

e We could determine which rechargeable batteries are needed for eBikes from the av-
erage path lengths.

e We could determine whether women or men would rather borrow the bikes at a cer-
tain time of day and then make sure that the offer is right. We could do the appropri-
ate thing for the age of the borrower.

e We could determine the borrowing data per bike and predict when repairs will be due.
We could also do this, for example, depending on the location of the stands.

e We could try to generalize distributions from some stations in such a way that fore-
casts for others can be derived from them. So, when the museums close at Central
Park, the program can "learn" from the old data in which districts the bikes will pre-
sumably be delivered and warn if there are not enough free slots available.

etc.
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Tasks:

1. Break down the activities of the stations according to arrivals and departures.

2. Write a forecast function that warns if there is a risk of a lack of bikes at a station in the
next few hours.

3. For certain stations, display the connections to the most selected delivery stations
graphically on the map using direct lines. Select the thickness of the lines according to
the number of borrowing operations and the colors depending on the station. Are clus-
ters formed?

4. Find out with the help of correlations-block whether there are correlations in rental
behavior (e.g. with regard to times of day, location, ...) with gender, age, status of bor-
rowers. You may have to replace the data with numeric data beforehand - similar to
the times. Discuss possible consequences.

5. For a small section of Midtown (where everything is beautifully right-angled), find the
coordinates of the street corners. Then develop a router that shows the shortest route
to the nearest Citibike station.

6. The rental numbers depending on the time of day show quite a difference in different
areas of Manhattan. Systematically examine similarities and differences and try to ex-
plain the results.

Activities 1 Ave & E 30 St Activities 2 Ave & E 31 St

3 585

207 520

163
o 18 0
- 1=}

S 155 2 aw
i T

® 2
5 130 B

g 2 264
£ E

£ 777 = 188

518 132

2590 66.1

T 0.00

000 300 600 900 120 150 180 210 Cn smn s an B0 aRD iy sl
hour hour
Activities Broadway & Berry St Activities Adelphi St & Myrtle Ave

139 134

123 19

g @ . ™

S o4 S 94
T T

o 0 2 748
5 5
] 3

616 506
g iz
= =

S 52 S a4y

08 298

154 149

0.00 0.00

0.00 3.00 6.00 9.00 12.0 15.0 18.0 210 0.00 3.00 6.00 9.00 12.0 15.0 18.0 21.0
hour hour
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5.3 Star spectra [UniGOE]

Stars shine in different colors because they have different
temperatures. In addition, the spectra differ in their ab-
sorption lines. We want to investigate this in more detail.
We use a PlotSprite and a DataSprite as an assistant, e.g.
for loading and preparing the data. Inside of this we start
to work.

We get some star spectra (source: [UniGOE]) and save
them as a text file. We read in such a file. In the first line
we see the star name after the column captions. We iso-
late it and store it in the variable starname.

We know the star's name now. If you search the Internet
for it, you will find a wealth of information about it. For
repeating the loading process with other data, we encap-
sulate it in a separate block. After its execution, the actual
star data are available as a table. What's unpleasant about
this is the very different order of magnitude of the data in
the two columns. We therefore normalize the second col-
umn using the mean value and save the result as normal-

ized data.
starname ) .
N
[ data *\ ( normalized data "
2799 A B 2799 A B
1 351.00 8.1860e-13 1 351.00 0.89653745°
2 351.14  8.1770e-13 2 351.14  0.89555176¢
3 351.28  8.3890e-13 3 351.28 0.91877017¢
4 351.42  8.4400e-13 4 351.42 0.92435574(
5 351.56 8.3100e-13 5 351.56 0.910118032
6 351.70 8.3270e-13 6 351.70 0.911979887
7 351.84  8.3740e-13 7 351.84 0.91712736¢
8 351.98  8.3200e-13 8 351.98 0.911213241
9 35212 8.0760e-13 9 35212 0.88449016"
10 35226  7.8450e-13 J l 10 35226 0.85919085" '
u 44 28040 789000 42 44 acas0 o J

set data |to|call @ &£ read file with filepicker of DataSprite

351.00 8.1860e-13 0.3586
351.14 8.1770e-13 0.3584
351.28 8.3890e-13 0.3680
351.42 8.4400e-13 0.3704
351.56 8.3100e-13 0.3649
351.70 8.3270e-13 0.3659
351.84 8.3740e-13 0.3682
351.98 8.3200e-13 0.3661
352.12 8.0760e-13 0.3555
352.26 7.8450e-13 0.3456
352.40 7.6290e-13 0.3363
352.54 7.6040e-13 0.3354
352.68 7.6470e-13 0.3375
352.82 7.9000e-13 0.3489
352.96 8.2580e-13 0.3649
353.10 8.1020e-13 0.3582
353.24 7.8800e-13 0.3486
353.38 8.0680e-13 0.3571
1353.528...

(starname (o0t

to

calll 9 £ read file with filepicker of DataSprite

set stamame |to ! get starname from ' item ‘D of (data

| get starname from  headline
script variables

set list |to ! ﬁplit headline by &4

¢ #nm Flux(10mW/m2/nm) for star HD 116608 )

|3_ load star data
;et data | to [ split 9 £ read file with filepicker by
set stamame | to | get starname from item of (data
tt]elete EB of (data

data

split [l by FTXd
delete @EERY of (data

¥ £ delete column | @D of (data

set data | to | map over

sét normalized data

to list

data

=
L = column

) & add column

=

= add column

to ( normalized data

@ of (data

normalized data

With this the DataSprite has done its duty for now. We change to the PlotSprite.
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With the normalized data you can quickly create a chart
in PlotSprite.

IQI show spectrum

9 ¥ new costume width @D height P
Spectrum of HD 116608 _ color €53 € €

e

Wsho\u spectrum with compression rate | compression rate #

2.400 script variables “"m VIvIi@ . &1

set compresseddata | to

2100 call (9 compress [J] with factor @) by averaging of DataSprite
g 1.800 . with inputs "normalized data | compression rate
= - -
= 9 W new costume width P height LD vidth @
N 150 COLTA 255 M 225 W 205 )
[
E e set labels title
'g_ - (join SIMEE ( starname (compression rate x-label
wavelength/nm ETEET S |
Q8000

9 M sctranges tox [ELD . €D 1y [ @D . O ]

0.0000 B set scale attributes precision ) textheight x §[P v €D

number of x-intervals @i number of y-intervals @D -
03000 — Y e aewcglite
set line attributes style continuous | width o
e lor £ @ ©
3000 3500 4000 4500 5000 5300 G000 G500 TOOO THO

QW et datapoint attributes style none | width a
wavelength/nm connected Y@ color (D @ @

The sloping course with some prominent absorption lines KA Er R o S e e el o P e

9 W add axes and scales

is clearly visible. But is it necessary to have all spectral data
for this realization? Maybe it is enough to reduce the amount of data by averaging. We
introduce a compression factor compression rate and complete the script before the dia-
gram is created.

Spectrum of HD 116608 , compression rate 5
e The factor 5 does not change
. .
. much. So, let's keep trying.
2100
x
:,::' 1.800
o
a
N 1500
®
E 1mo 0 that the t
s ne can see that the tempera-
e ture-dependent course of the
Lt spectrum is hardly changed.
03000 Only the absorption lines are
D'mmo 3500 4000 4500 5000 5500 G000 Q500 TOOO TS0 IOSt'
wavelength/nm
Spectrum of HD 116608 , compression rate 10 Spectrum of HD 116608 , compression rate 50 Spectrum of HD 116608 , compression rate 100
|- E E
2000 3800 4000 4%00 !:lv;velrangwﬂvmu €500 7000 T7H.0 3000 3800 4000 4200 vael{:on;ﬂvmﬂ 0500 700 THO 3000 3500 4000 4500 !:anve;nngo‘mfmﬂ 8500 7000 7500
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Thus, the type of spectrum should be describable by an
interpolation polynomial, e.g. 4th degree. We load the
MathSprite additionally and try it like this:

script variables "‘:polynom """compressedbata

Spectrum Of HD 116608 i by averaging of DataSprite
2.T00
2.400 iten ompressedData | to ( polynom
2.100 ) 7 — [ —
item 0] length of { compresse . i compressedData
” \
é 1.800 >tu ( polynom
= s
o —
N 1500 iten ound @ t &l ' length of (compressedData |/ “ of
= add to
g g ' compressedData
(pol
c | (aalymiarm
09000
n ound [ED length of (compressedData | / @D of -
0.0000 compressedData
[ polynom
03000
add |item 7' compressedData | to ( polynom
0.000
000 330.0 4000 4500 35000 530.0 G000 @500 TOOO THO Q @ I
polynom interpolated for B of MathSprite
wavelength/nm report
with inputs polynom <«

So, this works great! If we log the polynomial parameters during the test, we can easily
distinguish the star types by means of the parameter ranges.

7 A B Cc D E F
1 starname a4 a3 a2 al a0
2 HD 1165608 -1.2493580327340172e9 = 0.0000028868621087800814 -0.002459579857425176 0.9103088865090065 0.9103088865090065
3  HD 158659 1.565258017017166e-10 -3.963032080178107e-7 0.0003879661846290463 -0.17622312866994078 -0.17622312866994078
4 HD 10032 -7.27005023271818e-10 0.000001694929847991264 -0.001462425825103779 0.5500801501694278 0.5500801501694278
& HD 28099 -4.0018935572381893e-10 9.399457129604694e-7 -0.0008209889485783107 0.3141072191721327 0.3141072191721327
6 HD 23524 -8.18301248511472e-11 2 3253458278204257e-7 -0.00024615800544876965 0.11348374826256708 0.11348374826256708
7  HD 260655 6.248027476637483e-10 | -0.000001337322548726115 0.0010450333683869723 -0.3486709605339992 -0.3486709605339992
Spectrum of HD 116608 Spectrum of HD 158659 Spectrum of HD 10032
2700 2m0 210
240 260 200
210 2100 2100
x x x
é 1500 é 1.800 g 1800
3 ° S
2 s B 2
® E] ®
E um E E e
2 = 2
o000 02000 05000
08000 08000 00000
3000 23000 02000
0000, 0.000, 0.000
000 300 400 4300 800 500 800 800 70O 70 00 00 4000 4500 500 00 8000 8500 7000 700 W00 M00 4000 4500 %00 500 8000 8500 7000 700
wavelengthinm wavelength/nm wavelength/nm
Spectrum of HD 28099 Spectrum of HD 23524 Spectrum of HD 260655
2700 2700 270
24 2400 24
210 210 210
x x x
5 o 3 um 3 e
§ 1500 E 1500 § 1500
= = =
2 2 2
00000 00000 0.0000
000 06000 8000
3000 03000 3000
o000, 000 oo,
300 300 400 400 000 WO N0 000 700 730 00 WO M0 400 00 ¥A0 N0 000 70 7300 300 %00 408 W0 000 W0 WG0 0K0 700 THO
wavelength/nm wavelength/nm wavelength/nm

If you feed the polynomial coefficients to a neural network, it quickly learns to roughly
assign a diagram to a star type. The program can therefore "learn" which parameter inter-
vals belong to which star classes based on the old data. If you enter the data of a new star,
it determines the coefficients of the polynomial and then makes a well-founded prognosis
about what kind of star it could be.



5  Applications with ML.Sprites 60

Tasks:

1. Set up an interpolation polynomial of the lowest possible degree for the uncompressed
spectrum data. Which points should be selected for this? Are there any differences
between these polynomials and the results of the method shown above?

2. Develop a script that assigns an unknown spectrum to one of the previously occurring
types.

3. Develop a method to examine the most prominent absorption lines more closely. En-
large them for stars of the same class and try to determine differences "automatically".
Discuss your ideas before realization.
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5.4 Classification of stars according to the kNN method

In the Hertzsprung-Russel diagram (see Wikipedia) the lu-
minosity of stars is plotted above their star class. The result
is a kind of line from top left to bottom right, the "main se-
quence". On this line stars like the sun are mostly located.
Right above the main row we find the red giants, left below
the main row the white dwarfs. That’s enough for first. (Pic-
ture source: [HR])

We want to classify new stars in this diagram using the k-
next neighbor (kKNN) method: As training data we generate
a list of stars with their coordinates (simply as image coor-
dinates in the diagram) and their type. If we want to classify
a new star, we determine its position in the diagram and
look for the nearest k (e.g. k=5) neighbors. Then we deter-
mine the most frequently appearing star type in this list.
We assign it to the new star.

First of all, we need a picture of the Hertzsprung-Russel 927 import costume(RGB).dain | feom 0 myData
diagram ([HR]). We import it into Snap! as costume of an _ __

ImageSprite and generate the required data from it. @

We generate the training data by specifying a star type
and then clicking on some points in the diagram that cor-
respond to this type.

Since we want to draw on the image, we work with a copy Ty —

of the HR diagram so as not to alter the original.

Then we can classify new stars by clicking on them (here)
and labeling them.
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We set some properties for the representation ...
...and draw a circle at the location of the star.

Then we determine the five nearest neighbors and the
number of occurrences of their type. In the result we de-
lete the headings and sort the list in descending order. The
type of the new star is then the first element in the first
line. We write this next to the star.

The result:

o red gia

o redgiant ® red giant

o fed giant
P,

o While dwarf

e Main sequen
o White dwarf

white dwasi

o White dwarf

Tasks:

1. Add the newly classified stars to the sample list so that
they are included in further classifications.

2. Draw differently colored dots at the correct places on
the sprite for the different types of stars instead of la-
beling them.

3. Run the process for randomly selected points. Is the
pattern always the same? Do completely different or
similar patterns emerge? What does it depend on?

9 & fill circle center | item @K of (point | item @& of (point radius @

s | of column @ of

grouped by column @@
uts (ICH A neighbors

set stariypes | to
9 & sort [l by column @ ascending of DataSprite |
= T @ - XT
ut_lx&ltnritemwof item 1~ of CET )

O_i set line attributes style continuous | width @
color (0]

9 draw text (type at m + | item EE of (point (Gtem & of (point

height horizontal v@
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5.5 Character recognition with a convolutional network

The immense number of parameters in fully connected perceptron networks and the re-
sulting need for huge amounts of training data has led to other network variants to drasti-
cally reduce this number. One of these is the Convolutional Neural Network (CNNs), where
the amount of input data for the perceptron network is reduced. This type of network is
used very successfully in image and speech recognition, for example.

CNNs reduce the amount of data by first applying several kernels in a multi-stage process,
which filter out certain properties of e.g. an image (edges, oval surfaces, ...) and thus lead
to several feature maps, which usually have the same size as the original. This first in-
creases the amount of data. Afterwards, a non-linear activation function (reLU) is usually
applied to the feature maps, followed by a pooling operation that reduces the amount of
data again. This is usually called Max-Pooling, where the maximum value is determined
from a section of the data. If you do this with a "window" that is moved across the feature
map with a certain stride, each pooling step creates a value of the next, reduced feature
map.

-
E T
-~ Iy —

Perceptron-

original image pooling pooling
convolution convolution netzwork

(3 kernel) (3 kernel)

As an example, let's take a kernel that filters vertical lines: it colors a point white if there is
a second pixel next to the point, otherwise black. In the "folded" image we can see vertical
lines of the original as bright spots. If it is not so important where exactly these lines are,
we do not lose too much information during the pooling. A white point in a feature map
after various pooling processes means then: "In this area there was a vertical line some-
where". Using such data from several feature maps, it can be deduced, for example, that
there was also a horizontal line, i.e. a corner. If we had searched for "pink" areas and "oval"
shapes, the chance of identifying faces would not be so bad.

We now want to build a model for such a CNN that can distinguish the handwritten digits
zero and one. For this we use a DataSprite for auxiliary operations, an ImageSprite for
the actual image and - of course - a NeuralNetSprite for the perceptron network at the
end of the chain. Another, "normal" sprite called Control is supposed to control the oper-
ations. To make the model easier to use, we add some buttons and a pen to make the
interface clearer. In the screenshot, the image to be analyzed is located at the top of the
box, the neural network shows its result at the bottom. In between, the different interme-
diate layers are run through and displayed from top to bottom. As an addition, the model
contains the possibility to draw your own numbers.
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( initialize ] ( train the net ] ( next costume ] (stop leaming ] (draw digit (om]

(tearning (% current digit
| learning factor n

_training cicles m )
convolution: I .

pooling (stride:4): 1] d

convolution: o H a =
relLU: n = a =2
pooling (stride: 4):

final feature maps: n

D

means:

thePen  binifialize bTrain  bMexiCo: bStoplez blvaw  Conirol  imageSpr DataSprit  MewalNe SkeichPa

Our CNN is trained with 10 digits of 64x64 pixels each for the zeros and ones. Afterwards
it should "recognize" these and other handwritten ones. Actually, we would have to train
several kernels of our CNN especially for this task. Instead, we take only two known kernels
for the recognition of vertical and horizontal lines, because by limiting the number of ker-
nels to two, everything can be displayed on the screen and the results can even be inter-
preted halfway. (The recognition rate suffers severely from this!) So, we train only the per-
ceptron network with four input values.
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In the image above, after two stages of reduction, four feature maps of 16x16 pixels each
are left over, each of which has undergone the Convolution 2 reLU -2 Max-Pooling
operations twice: on the far left with the kernel for vertical lines, then with both kernels in
different order, and finally twice with the kernel for horizontal lines. The numbers below
indicate the average brightness value measured over the entire image. If we apply this to
different digits, the possibility to measure differences between zeros and ones becomes
apparent despite the very simple procedure.

- .
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§ o=l NiEE o

-
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Let us look at the functionalities of the individual objects:

. . 9 switch to costume nr ffﬁ ‘
The ImageSprite should import the data of a new cos-

tume as gray values into its data area. This is very simple.

from to myData
to 9 convert myData to FITS

-

¥ # set property [FESREER to RIS
|

9 & set property [Nk to

9 & set property to
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Furthermore, the sprite and its clones should be able to

perform the three operations of a CNN. With some help of 9 awoly_comvoietion kemel (nr#=1 o mvscl

the DataSprite this is also possible.

:
warp
set myData | to

9."’applv convolution kernel item nr of kernels to myData

Q apply maxpooling to myself sel myDala | to

<
script variables ' result

‘ call (¢ & normalize | by i of DataSpiite with inputs myData |[{EQ

set myDala | to map .X @ over ' myData

9 & add gray |image of min/max n m log? @ x

warp

set result | to
call (9 max pooling of FITS data B width | height i of DataSprite
with inputs myData | ¥ & property
9 & property
? & set property () item 1 ~) of
9 & set property to BIC
delete @I of (result
delete of (result

9 apply relU to myself

set myData | to
(call
Javascript function ( [FE] ISREE ) {

var result=[],value;

[for(var i=1; i<=data.length();i++){
if(typeOfDa FITS®) {
if(data.at(i)<@) result.push(@); else result.push(data.at(i));

set myData | to @ ‘

9 # add aay | image of min/max P log? @x

}
else if(typeOfData=='RGB'){
value = [];
for(var j=1;j<=4;j++)
if(data.at(i).at(j)«@) value.push(8); else value.push(data.at(i).at(j));
result.push(new List(value));

The ImageSprite does not have to master more for our ;!

return new List(result);
purposes. 1
with inputs myData | ¥ & property

Q # add gray | image of min/max (P €& loq? @x

§ analyse .image

The Control sprite has to ask the ImageSprite to change
the costume and analyze it afterwards. In doing so, it LT

@ first reLu

strictly adheres to the specifications for CNNs. The init Ll ey

@ second convolution
method only takes care of drawing the lines on stage. The [ i

@ second pooling with stride 4

other methods work with two layers of CNN, first layer [ i

and second layer, each containing the versions of the
characters that appear on stage. So that they do not inter- ? gouy. of, Inaaciaic,  swte >

fere with each other, copies of the ImageSprite are used, Tt i i il
not clones. The DataSprite again helps with copying.

set theCopy | to | a new clone of sprite
set copiedData | o

‘ call v & copy of §§ of DataSprite with inputs myData  of | sprite

After the required copies have been made, Control asks =
. . tell theC to || se o i ith inputs QREE] iedDat.
them to perform the relevant CNN operation. Finally, the - e — B °

. . Q —
now rather small (4x4 pixel) clones of the last layer are dis- | e | SN SR
e " with inputs myProperties  of ( sprite

played as "final feature maps", greatly enlarged. Theseare ==

. tell theCopy | to - 1 t 1 with inputs [TEIIEY copiedData
used to train the neural network. : st Jull

9 & copy of of DataSprite
set copiedData
with inputs myMessages of | sprite
=

tell theCopy to|| set to |  with inputs [T copiedData

report theCopy
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The neural network in the form of a NeuralNetSprite
should produce the largest output at output 1 when there
are zeros and at output 4 when there are ones. This is of
course completely arbitrary. The current output value is
determined by the function read output. With its compo-
nents the net can be trained, if we succeed in determining
the mean values from the last layer of second layer. We
model these aptly with the softmax function.

9 read input values

set result | to list

call Y=EHRo il
with inputs [TF] myData

{10
Y 10 ]

to | result

of DataSprite

of (element i (P of second layer

item EB of (result
set mean2 |to item @K of (result
item &K of

sel mean3 | to
item ER of
Fn:;porl 9 £ softmax of | result

set meani | to

result

set meand | to result

And - has the net learned something?

report

£+ maxpos | of [ last layer with input @ read input values

9 tearn ‘nrz-1

~ =
script variables | i result

;iarp

: to . false

set inpuis | to (@ read input values

set ready Tor next process

set result | to
¢ £+ maxpos | of |

L output of [last laye

v £¥ teach NN with input (inputs  and target output (5201 58 0
by backpropagation with learning factor [ learning factor  / &I0D
9 ¥ show NN status input { inputs

set result to

input © e

h: by €9

st ofollo]

learning factor / 0P

9 1} teach NN with input (inputs and target output

by backpropagation with learning factor

9 £+ show NN status input ' inputs

sét resut | to
) ¥ maxpos | of

by &9

th input =1

-
| change i

set ready for next process | to ¢

( initiatize ) (" wainthenet ) (nextcostume ) ("stoplearning ) ((draw digit(0/1) )
(_tearming (CT) |
| tearning tactor (IET

current digit

pooling (stride: 4): - .

final feature maps:

(training cicles (20 )
convolution: n 1 .
reLU: n .
pooling (stride:4): a a2
convolution: [ . a &
reLU: o =N a @a

means:

recognized digit: e < -

Well - there is
still room for
improvement!




Latest hints 68

Latest hints

Machine learning consists to a large extent of preparing data - whether it is tabular data or
images. The actual learning processes of the machines then consist of the parameter ad-
justments that result from the data. Since both can be visualized well, there is a broad field
for beginners with many transitions to the area of "computer science and society".

Examples for the application of the operations of the ML.SpriteLibrary, especially the con-
volution with help of a kernel, can be found abundantly in [DBV].
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List of examples

Subject Seite

False colour representation 12
Image import from file 12
Access to local data of another sprite 13
Access to the data of a clone 14
Calling a global method by another sprite 15
Call of a global method with parameters by another sprite 15
Calling a local method with parameters by another sprite 16
Access to the code of a local method by another sprite 16
Importing data from the costume 18
Data import from CSV file 18
Data import from SQL query 18
Data import from JSON file 19
Importing data with the mouse 19
Measuring the overall brightness of an image area 20
Data export to CSV file 20
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