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A.l. Service ROBOT PM
in Samsung Electronics

@ Establish FutureROBOT in 2009

@ Firstly develop social service ROBOTs
Global Market

Leading company
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One of 50 world best ROBOT companies
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Artificial neurons were designed to mimic the basic characteristics of

how NEUrons take in and transform information.
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Artificial neurons were designed to mimic the basic characteristics of

how NEUrons take in and transform information.
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INTELLIGENCE

DEEP
LEARNING

Deep Learning

1950's  1960°s  1970's 1980's 1990's 2000s  2010's i

Since an early flush of optimism in the 1950%, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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ARTIFICIAL ImageNet Challenge
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2. Create a dataset

Dataset

3. Create a training
model

4. Train a model

Start a
training run

5. Validate a trained model

Start
model
validation

Review
results

7. Start an inference job

6. Create an
inference
model

MNIST 28x28 matrixS 748 vector® 0r=C} S={x0, x1, x2-:-x9}

X(training set) -» C(x) -> y(known output)
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Artificial neurons were designed to mimic the basic characteristics of how neurons take in and transform information.
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MIAF 3D (YA]) > &= 2D (M™) > Y| Neurons_Filter(2D) >
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Magnocellular Pathway [Receptive fields size| | Features |
Lateral Occipital Cortex (HXIAX|E2)
(F503) . IT A E faces
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: and objects visual field
Retina (22}) Parvocellular Pathway
(BYAX|BE) :
. o Convolutional neural networks
LGN ‘ . el
Retina V2 as models of biological vision:
Lt SRkt ' 1) perform visual tasks at near-human levels,
& o .}ﬁ% A 2) do this with an architecture that replicates basic
SR R features known about the visual system
P 3) produce activity that is directly relatable to the activity of

different areas in the visual system
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Deep Neural Network

CNN feedforward: O|O|A| (z2pg Atoj=) & i

Feature Extraction in multiple hidden layers Classification in the output layer

RNN _backpropagation: 212 Sequence @sr3, 2o))
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CNN: Convolution Neural Network
7\5 L= ’“%OHH Eﬁf

IM& GENET

15,000,000 images in
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RNN: Recurrent Neural Network
AMAZE, 27|-£0]| L Aot L

Input Stateful Model owpt | Recurrent Networks offer a lot of flexibility:
Captioning Activity Translation  Voice Recognition
O Likelihood one to one one to many many to one many to many many to many
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Nefwork Lol | L=l | S = I = R ;@ -
\ Likelihood L] __ Nl L | | (] (] (. (. I
<—/ \ saying ‘'C’ i i i i i i i i i i i
20m:s slice Andiso on.. o Image G Bl Speech signal
of audio The model's current state Video Word peech signa
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observation.changed my-thinking.

No one tells a child how to see.

They.learn this through real-world
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The first step towards this goal is to teach How can present an infinite number of
a computer to see objects,

the building block of the visual world. variations to the one ObjeCt?

a very simple and profound
observation changed my thinking.

No one tells a child how to see.

Machine
Learning - 7R . They leam this through realworld
E expenences.and examples
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Global Compe’gltlon at - Open & Collaboration., .

- Open & Collaboration £ S
s Professor Li's TED talk:

Back in 2007 )it was not so obvious.

these hundreds of thousands or even millions of nodes to train ComDUter aIgorlthms
24M nodes, 140 M parameters, 15 B connections may seem obvious now.

) give computers visual intelligence;
To create a better future
for Leo and for the world"



|mageNet Classification (20 10 - 201 5) Neural networks that can explain photos
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Speech recognition errors

® Apple Dictation ®Bing Speech ™ wit.ai (Facebook) ™ Google APl ®Deep Speech
30

25
Error

(smaller is better) %
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Moravec’s Paradox: Robot(:=<) <-> Human(2!7})

If Robot is difficult, Human is easy. Otherwise, if Human is difficult, robot is easy.
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2.« ROBOT Generation




3+« ROBOT Generation
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=3}, s AGV(Automated Guided Vehicle)
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New Robot hotel opens in Tokyo's Doll Town, 10 Jul 2018
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