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OBby4yeHne HenpoceTn: backpropagation

Forwardpass Backwardpass




UcKyccTBeHHas HenpoceTb

CNOW CKPbITHIX HEMPOHOB
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#1. TOYHOCTb CeTeEN pacTET

et ILSVRC top-5 error on ImageNet

#®Traditional CV ® Deep Learning
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#2. CNOXHOCTb CETEN PACTET

Network Depth of ImageNet Challenge Winner
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#2. CNoOXHOCTb CETEN PaACTET
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PeanbHasa HenpoceTb: GooglLeNet (2014)
http://cs.unc.edu/~wliu/papers/GooglLeNet.pdf
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Bapuauum FNN: ABTo3HKoaep (AE)

2000 reconstructed counts

Yyutca co3gaBaTb KOMNAKTHOE onmncaHue |
BXOOHbIX AAHHbIX. 500 neurons

T

NoJ1y4deHnA HOBbIX BbICOKOYPOBHEBBLIX NMPU3HAKOB. T

MosKeT BbITb rIy6oKUM (MHOFOCIOMHbBIM).
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Knaccuyeckue 3agaydu ans CNN

. person, sheep dog

(a) cIassufmuon (b) detection | (c) segmentation

https://research.facebook.com/blog/learning-to-segment/
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CBEpPTOYHas HEMpPoOCEeTb: OOLWNK BUA

CBépTo4vHaa HenpoceTb (CNN) — 3To Feed-Forward ceTb crneuuanbHOro
BMaa:
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convolution + max pooling
nonlinearity
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convolution + pooling layers fully connected layers  Nx binary classification
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CocTtas CNN

Feature Extraction from Image

« CBEpPTOYHbIE CNOMU: KaXkaada NIIoCKOCTb B CBEPTOYHOM Crioe
— 9TO OAWH HENPOH, peanu3yoLn onepaunio CBEPTKU
(convolution) 1 aBNAKOLWNNCA MAaTPUYHBIM OUITBTPOM
HebOoNbLUOro pasmepa (Hanpumep, 5x5).

Cnowu cyoauckpetTusaumm (subsampling, spatial pooling):
YMEHbLLAT pasMmep n3obpaxkeHns (Hanpumep, B 2 pasa).

MonHocBA3HbIE cnoum (MLP) Ha BbIxoae moaenu
(Mcnonb3yTCcAa Ons Knaccudgpukauun).
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Busyanusauuna onepaunm CBEPTKA

3HaKoMble No poToLlony ounbTpbl blur, emboss, sharpen n gpyrme —
9TO MMEHHO MaTpPUYHble PUNBLTPHLI.

X

kernel

http://intellabs.aithub.io/RiverTrail/tutorial/




Busyanusauuna onepaunm CBEPTKA

.‘\

kerne

http://intellabs.github.io/RiverTrail/tutorial/ @ HighLoad




CNN: CBEPTOYHbLIN cfion (5 HENPOHOB)
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Beca HEMPOHOB — 3TO KO3 PULMEHTLI Aapa CBEPTKU. Kaxaas
“oby4vyaemasn” cBEpTKa BblAenseT ognHaKOBbIE JToKalibHble NPU3HAaKU
BO BCEX YaCTAX N300paXkeHus.

http://cs231n.github.io/convolutional-networks/ @ HighLoad




Onepaums pooling (max pool, avg pool)

max pooling

20|30
112| 37

average pooling

http://vaaaaaanquish.hatenablog.com/entry/2015/01/26/060622 @ HighLoad




CNN: Pooling cnou (downsampling)
224x224x64

112x112x64

pool
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http://cs231n.qithub.io/convolutional-networks/ @ nghLoad




Softmax function

Output a

L L 1

0.5 0.17 046 0.1 0.28

a = softmax(n)

Softmax Transfer Function



CBEpTOYHasa HENPOCETL

CBEpPTOYHbIE CNOU y4aT nepapxmyeckme npmusHaku ans nsobpakeHum,
a spatial pooling 4a€T HEKOTOPYH MHBAPUAHTHOCTb K NepeMeLLeHNAM.

“Volvo XC90”




COBpPEMEHHbIE apPXUTEKTYPDI

Inception, ResNet 1 gpyrme COBpeMeEHHbIE apXUTEKTYPbI coaepXXaT
crneynarnbHble OIT0KM CIOEB.

Relu activation
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Relu activation




Deconvolution networks

[lpaBunbHee Ha3bIiBaTb 3TO Transposed convolution, @ He Deconvolution
(3TO COBO YXXe 3aHATO B LndpoBon obpaboTke curHanoB Ans
obpaTHoM onepauun).

[1o cyTu, peanusoBaH oby4aeMbin upsampling.
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http://cvlab.postech.ac.kr/research/deconvnet/ @ nghLoad




[Tlpumep Koaa Ha Keras

Model = keras.Sequential(][
keras.layers.Flatten(input_shape = (28,28)),
keras.layers.Dense(128, activation = “relu”),
keras.layers.Dense(10, activation = “softmax”)

])

model.compile(optimizer=“sgd”,
loss = “categorical_crossentropy”,
metrics = [“accuracy”])

model.fit(train_images, train_labels, epoch = 10)

predict = model.predict(test_images)
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Cetun LSTM (Long short-term memory)
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Leypaiat heatneg

pose estimation

D R * e e e e e b0
WS SO SOW RO AT S TR
e A VW N A SO R R I
D SRR ey e
-

L R I R ﬂ .- }bv\ L
LR - L I N I B I B B - m » .‘ -. - .. ‘~ '0 '. 1
L T ) .- - i rﬂb ‘e e ~3
{®® 2 s % 0 00 00 00 m _— n’ 25 ¢ .la

mo R T R " . " 0 lla .y e
L U OB R S O A U M s & L] s s @ L
e N M L N O S R R L L L L I
D T ) T )
L L N T R I I L

————e e -

Single-Pose
Detection Algorithm
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PoseNet model



