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TensorFlow Tutorial #02

Convolutional Neural Network

by Magnus Erik Hvass Pedersen / GitHub / Videos on YouTube

Introduction

The previous tutorial showed that a simple linear model had about 91% classification accuracy for recognizing hand-written digits in
the MNIST data-set.



Kaggle

Tracks

XXX Y}
XYY XY}
eoecee
eeceoe

Machine
Learning

Machine learning is
the hottest field in
data science, and this
track will get you
started quickly.

Deep Learning

Learn TensorFlow to
take Machine
Learning to the next
level. Your new skills
will amaze you.
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Pandas

Short hands-on
challenges to perfect
your data
manipulation skills

Data
Visualisation

Visualisation is one of
the most versatile
skills in data science.
Make insightful and
beautiful graphics to
see what's happening
in any dataset.
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SQL

Learn SQL for
working with
databases, using
Google BigQuery to
scale to massive
datasets.

R

Learn the language
designed for data
analysis. This track
includes data set-up,
machine learning and
data visualization.
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Convolutional Neural Networks: Step by Step

Welcome to Course 4's first assignment! In this assignment, you will implement convelutional (CONV) and pooling (POOL) layers in numpy, including both
forward propagation and (optionally) backward propagation.

Notation:
« Superscript [/] denotes an object of the [ layer.
« Example: a!*! is the 4" 1ayer activation. W'S! and b!3! are the 5 layer parameters.
« Superscript (i) denotes an object from the i example.
= Example: x? is the i training example input.
« Lowerscript  denotes the i entry of a vector.

= Example: a!.” denotes the i entry of the activations in layer [, assuming this is a fully connected (FC) layer.
« ny, ny and ne denote respectively the height, width and number of channels of a given layer. If you want to reference a specific layer [, you can also write

il
ny.ny. ne.

* ny,.nw,, andng, denote respectively the height, width and number of channels of the previous layer. If referencing a specific layer /, this could also

=1 U=t 1]
be denoted ny, . ny, . n- .

We assume that you are already familiar with numpy and/or have completed the previous courses of the specialization. Let's get started!



MoTuBauug

Yenexu KuGePHETHKH TIOCTAaBMAH B IHOPHAOK AHA co3ganue 30h-
beKTHBHO IDeACTBYKIIUX YCTPOHCTB, CNOCOGHBIX EBLUTONHATH HEKOTO-
phie BBICHIWE, <MCHXHUECKHe» QYHKIMH, CuYHTaBINHECA JI0 CMX NOp
JOCTYNHBMHE JHIUb YeJOBeuecKoMy MO3ry. 310 S83ajJada nepsocTe-
NeHHON BAXHOCTH 1A pana obJacTed Hayku, TeXHMKH, HADPORHOTO
X039HCTBA, KOCMOHABTHRM, AAR YCHEUIHOrQ pasBuTés KOTOPHX Tpe-
GyeTcsl CaenaTh CAeRVIOIIMK [Iar B DA3BHTHY ABTOMATHKH,

N3 KHUMN

®. Po3eHbnarta
«OcCHOBBbI
HEenpoaANHaAMUKN»



ApXuUTeKkTypa(3pmTenbHOU KOpb!
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Puc. 9.6. 3puTeabHbIe KOPTHKANbHBIC KOJTOHKH

A. Kaxas KoJ0OHKa OPHEHTHPOBAHA HA ONPEAeIeHHbIH
HAKJIOH JIMHEHHOIO CTUMYIIA; Y OOMLIIMHCTBA OHHOKYISPHLIX
KJIETOK OOHapy’/KeHa I71a3010MHHAHTHOCTb.

b. CxonueHus HEHPOHOB, CNEIHATH3HPYIONUMXCS Ha nepepa-
borke HHPOPMALIUY O LBETOBLIX XapAKTEPHCTUKAX CTHMY/IA,
orcyTeTBYIOT B IV ¢10e ¥ HOCAT Ha3BaHHE Kanesb - blobs
(mo Livingstone M.S. u Hubel D.H., 1984).
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AlexNet
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Kak BbIrMagaT Halm AaHHbIE?

* CyLLECTBYET MHOIO pa3sHbIX TUMOB AaHHbIX, HO BCE OHU, BOOOLLIE
roBops, NpeacTaBnsaAtoT COOON HEKOTOPbLIN MHOTOMEPHbLIW MacCcuB
«TEH30pP»

 [laHHble, KaK NpaBunNo, UMEIOT ONpPeaerneHHY0 CTPYKTYpPY.
HanpaBneHus no ocam HepaBHO3HA4YHble (Hanp. WwKana
BpeMeHW)



Kak BbIraaaT Hawm gaHHbIe?

[MaBHbIN NpeacTaBUTENb ANga Hac — n3obpaxeHusi. B gaHHom cnyyae

n3obpaxeHue
LIBETHOE, NO3TOMY KaXXabl MNKCENb 3TO TPU YNCNa, COOTBETCTBYHOLLIME CBOUM

kaHanam RGB, T.e. uBeTHOe n3obpa)xeHne RGB 3T0 TPEXMEPHbIE « TEH30PbI»




Kak BbIraaaT Hawm gaHHbIe?
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CeepTKa(MHTYULNA)

» Pacno3HaBaHne 06BbEKTOB Ha U3obpakeHnn JOMKHO
OCYLLECTBNATLCS DE30THOCUTESTIBHO NX NONOXKEHUS

* Hy)KHO NCIMOoJ1b30BaTb HALLUX 3HAHNA O CTPYKTYPE N TOMOJT10TNA
ONaHHbIX(B OBObIYHbIX MONMHOCBSA3HbIX CETAX 3TOrO HET)
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gif was stolen from Wiki



CBepTka 3D

Convolutions on RGB 1image
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Padding




Stride

No padding, strides Padding, strides Padding, strides (odd)
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Summary of convolutions

n X nimage [ X f filter

padding p stride s

ln+2p —f+ 1J 5% ln+2p —f_l_ 1J
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Andrew Ng



CBEPTOYHbIN CIOU

Example of a layer
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CBEPTOYHbIN CIOU

Example of a layer v
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CBEPTOYHbIN CIOU

Summary of notation

If layer 1 is a convolution layer:

] 1 - ) O s
f U = filter size Input: hti: l}( Y\tm 1K &

[l = ; : =
p padding Output: p E‘ﬂ T ‘E :ﬂ z =8

[l = Il s

= number of filters Y\tﬁm__ Mptie - o J
> Each filter is: (0™ — S
Activations: "' 2% ® 0 0 ™S m wig ia P
Weights: [™f®, o %9 4 e ek
bias: (® _ (UL 0 R afilbes W \«»«u Q. &xnku\w
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CBEPTOYHbIN CIOU

» CKOIbKO NapamMeTpoB B CBEPTOYHOM crnoe ¢ 10
dounsTpamm pasmepom 3 x 3 x 3?

« OTBET 280



CNN 3TO

* CBEPTOYHbIE CINOU
* FC-crnou
* Pooling-cnowu



Pooling layer

* Max Pooling
* Average Pooling



AlexNet
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AlexNet

Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerabmlm_nﬁmﬁmm
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called *“dropout™
that proved to be very effective. We also entered a variant of this model in the

ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.



AlexNet

Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called *“dropout™
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.



MIHTepecHble dpaKThl

JeficTBUTENbHO, A3EIK COBpeMeHHOH MaTeMaTuku (KaK, BOPOueM,
H BCAKHH OPYrofl A3HIK) OpeacTaBffdeT cOB0H HCTOPHUYECKH CAOMKHDB-
lyoca GopMy BblpaskeHHs!, BOSHHKIIYIO Y3 COBEPINEHHO APYTHX 34a-
AdY, B YaCTHOCTH p3 3ajay (H3UKH, B UpPUMEHEHHH K KOTODHM OH
MOET C YCNEXOM BhINOAIIATH CBOH (PyHgIMH. EcTecTBeHHO, YTO 2TOT
AC anmapaTt He MoxeT 6€3 CyyeCTBeHHbIX H3MelledHH GhITh MPHMe-
HEH K OHMOJOTHYECKAM H (DH3HOJOTHYECKMM npoGaemaM. [lo-Bi-
AUMOMY, 34E€ChL HYXHO CO34aBaTh HOBMII MAaTCMaTHYECKUH H3LIK,
fosiee NPHCNOCOGICHHRI K HCCIeq0BanHsaM (hH3HONOIHYECKHX TIpO-=
LECCOB, a HE NPHBA3BIBATH YIKe CYIUECTBYIOy LI K 3a4auaM (PHIHOJIO-
THU. KoneuHo, no Tex mop, noka TaKOro HOBOTO H3LIKA HET, MOMKHO
110/Ib30BATHCA TONBKO TEM, KOTODBIH ecTh, HMEed, OMHAKO, B BUAY HE-
O6XOANUMbIE H3MEHEHHS H B annapaTe N0 Mepe HAKOMJIEHHA pe3yilb-
TaToB. Haubosice mepcHeKTHBUBLIM 3mech NpeACTaBALeTCA CO3JaHHE



