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Rumelhart, Hinton, Williams. "Learning representations by back-propagating errors’



1974 / 1982: cets Xondunaa

1986: Rumelhart, Hinton, Williams.
"Learning representations by
back-propagating errors"

1943: McCulloch, Pitts. 1989: LeCun, Boser, Denker,

“A logical calculus of the Henderson, Howard, Hubbard,

ideas immanent in nervous Jackel. Backpropagation Applied to

activity” Handwritten Zip Code Recognition

1940 1950 m 1980 1990

Rosenblatt / Rumelhart. 1993: Schmidhuber. Habilitation
Konmenimss  MHOTOCIIOHHOTO thesis: System modeling and
MepIenTpoHa optimization

1997: Hochreiter, Schmidhuber.
“Long Short-Term Memory”

1998: LeCun, Bottou, Bengio,
Haffner. Gradient-based learning
applied to document recognition
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ImageNet: 14,197,122 uzobpasicenus / Krizhevsky, Slutskever, Hinton. ImageNet Classification with Deep
21,841 xameeopuu (koney 2017) Convolutional Neural Networks, 2012
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FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units !
‘ 10712 parameter |

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

- Spatial correlation is local
- Better to put resources elsewhere!
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| conv (180w + 5b)
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Long Short-Term Memory




Machine Learning
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Input Feature extraction Classification Output

Deep Learning
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Input Feature extraction + Classification Output

Industry Giants
Deep Learning

} Quality Gap in Al products

Small and Medium size

Older algorithms companies

Performance
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Amount of data
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Andrej Karpathy: Software 2.0
‘ ‘ o  (OOHOpOOHbIE 8bIUUCTCHUS

o [Ipowe “3aneuv’’ 6 KpemHuu

e [locmosanHnoe 8pems pabomul

e [locmosanHoe ucnonv3oeanue namsamu

o  Xopowas nepenocumocms

o  Xopowas eubkocms

®  Mooyaiu mocym onmumanibHO 00beOUHAMbCSL 8 00OHO Yeaoe

® Eeo neeko uzydamos

o  OHna nyywe mebs , ’



Open Source B 3py Software 2.0

Software Software 2.0
Open
e  knowledge (papers)
. d e  model and weights
code e training code == reproducibility
e  runtime code
Proprietary
o  binari e  model and weights
TATIes e  runtime code




e  yMEeT pelaTh NIMPOKHUM KPyT 3a1a4
e  pemIaeT uX XOpoIlo (He Xy>Ke YeTOBEKa)

e  CIOCOOCH pa3BUBATHCS



(e) Bicubic (f) SRCNN (g) A+ (h) RAISR
Romano, Isidoro, Milanfar. RAISR: Rapid and Accurate Image Super Resolution, 2016

Gharbi, Chen, Barron, Hasinoff, Durand. Deep Bilateral Learning for Real-Time Image Enhancement, 2017




Google. Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation, 2016
Assael, Shillingford, Whiteson, Freitas. LipNet: End-to-End Sentence-level Lipreading, 2016

DeepMind. WaveNet: A Generative Model for Raw Audio, 2016

Micro$oft. Achieving Human Parity in Conversational Speech Recognition, 2016

Liu, Wen, Yu, Li, Raj, Song. SphereFace : Deep Hypersphere Embedding for Face Recognition, 2017

Deng, Guo, Zafeiriou. ArcFace: Additive Angular Margin Loss for Deep Face Recognition, 2018



Perarnau, van de Weijer, Raducanu, Alvarez. Invertible Conditional GANs for image editing, 2016
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Berthelot, Schumm, Met;. BEGAN: Boundary Equilibrium Generative Adversarial Networks, 2017



winter —» summer summer —> winter

Zhu, Park, Isola, Efros. Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, 2017
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http://www.youtube.com/watch?v=fRj34o4hN4I
http://www.youtube.com/watch?v=fUyU3lKzoio

“panda” “gibbon”

57.7% confidence 09.3% confidence

Goodfellow, Shlens, Szegedy. Explaining and Harnessing Adversarial Examples, 2014

(a) Image from dataset (b) Clean image (c) Adv. image, e = 4 (d) Adv. image, e =8

Goodfellow, Shlens, Szegedy. Explaining and Harnessing Adversarial Examples, 2014






Jpa Software 2.0: How-To

e  Python ecosistem: numpy, scipy, sklearn

e cBost GPU wnu B o6mnake: Vectordash, FloydHub, M$ Azure, GPUEATER

e Kypchl u kauru: Coursera (Andrew Ng), “The Deep Learning Book™, csXXX (cs231, ¢s224), Deep Learning by
Google, Deep Learning for Coders

e  ®peiimBopk: Keras, Caffe, pyTorch, Tensorflow

e Community: Open Data Science, Kaggle, Medium

e Kaggle n xakaToHbI

e Keras Model Zoo

e Tensorflow Model Zoo
e (Caffe Model Zoo
e GitHub

e Age and Gender recognition example


https://vectordash.com/
https://www.floydhub.com/
https://gpueater.com/
https://www.deeplearning.ai/
http://www.deeplearningbook.org/
https://in.udacity.com/course/deep-learning--ud730
https://in.udacity.com/course/deep-learning--ud730
http://course.fast.ai/
http://ods.ai/
https://keras.io/applications/
https://github.com/tensorflow/models/tree/master/research
https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/arassadin/demo_facial_description

from keras.applications.resnet50 import ResNet50

from keras.preprocessing import image

from keras.applications.resnet50 import preprocess input, decode predictions
import numpy as np

model = ResNet50 (weights="'imagenet')

img path = 'elephant.jpg'

img = image.load img(img path, target size=(224, 224))
x = image.img to array(img)

x = np.expand dims (x, axis=0)

preprocess_input (x)

X

preds = model.predict (x)

# decode the results into a list of tuples (class, description, probability)
# (one such list for each sample in the batch)

print ('Predicted:', decode predictions (preds, top=3)[0])

# Predicted: [(u'n02504013', u'Indian elephant', 0.82658225), (u'n01871265',

u'tusker',

0.1122357),



from keras.applications.inception v3 import InceptionV3
from keras.preprocessing import image

from keras.models import Model

from keras.layers import Dense, GlobalAveragePooling2D
from keras import backend as K

base model = InceptionV3(weights='imagenet', include top=False)
x = base model.output

x = GlobalAveragePooling2D () (x)

# let's add a fully-connected layer

x = Dense (1024, activation='relu') (x)

predictions = Dense (200, activation='softmax') (x)

model = Model (inputs=base model.input, outputs=predictions)

for layer in base model.layers:
layer.trainable = False

model.compile (optimizer="rmsprop', loss='categorical crossentropy')
model.fit generator(...)

for layer in model.layers([:249]:

layer.trainable = False
for layer in model.layers([249:]:
layer.trainable = True

from keras.optimizers import SGD
model.compile (optimizer=SGD(1r=0.0001, momentum=0.9), loss='categorical crossentropy')

model.fit generator(...)
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Email

work@arassadin.ru

LinkedIn

linkedin.com/u/AlexandrRassadin




