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1) Artificial Intelligence: A Moder Approach - Stuart Russell & Peter Norvig
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Machine Learning 42

Percepriuns ATA T Bell Laborstorses Holmdel, NJ 07733 USA

1950: Turing El| AE
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1) ML(Machine Learning), DL(Deep Learning) Z &t

2) £X: Al ML/DL Pipeline - Netflix, Inc.
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1) &2 Hidden Technical Debt in Machine Learning Systems (NIPS 2015), TFX: A TensorFlow-Based Production-Scale Machine Learning Platform (KDD 2017)

2) DL: Deep Learning, ML: Machine Learning
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Reinforcement learning

Generative models(GAN), Unsupervised learning
Meta-learning

Adversarial examples

Transfer learning

120
100
8

-

R e

Interpretability

mn

reinforcement learning
generative models
optimization
unsupervised leaming
representation learning
meta-learning
adversarial examples
variational inference
transfer learning
generalization
nterpretabiity
computer vision

1) ICLR : International Conference for Learning Representations, 2013F £E| A|XHE ©2{d M2 2X| sh=03], https://iclr.cc/
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generative models
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variational inference
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0 50 100 150 200 250 300
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1) ICLR : International Conference for Learning Representations, 2013F £E| A|XHE ©2{d M2 2X| sh=03], https://iclr.cc/
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Loss
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Y Classification Loss  «---» Separation Loss
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= 3 4355 (Deep Reinforcement Learning)

. Deep neural network + %l'zl-ﬂl'* = Deep reinforcement learning (e.g. Deep Q-Network)
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v’ Attention Mechanisms v Feature Identification v Modular Networks v’ Learn to Explain
(To i ; e N ™ [ ™
p-down Caption Saliency Neural module networks D e L
owny Woodpecker Definition:
- n[Rzn:n:hnka etil .CVPT:;,, vt Generator [Andreas et al.CVPR16,EMNLP16] [Hu et al. CVPR17] This bird has a white breast, black
aption: A man in a jacket s standing at the slot machine x Q: Can you park here? wings, and a red spot on its head.
N i 'NO | Prediction -
(
e X
= b ) Neural (P A
S5 S% :::{:I:k{ { Attention visualization = o I I —
Av,.' . -
a :ﬂ |
Target network -
This is a Downy Woodpecker because it is a bla
L * Tagger [ Interpretation y Decision path | ckand white bird with a red spot on its crown. |
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Meta Learner model

Learner model
(e.g. Classification model)

 AutoMLO|| 2 458 &0l 2 e

v ABNFY L DT
- Automated ML (AutoML)

2YE £7t > A5t

v BT A XY D HEOHE WS 2T UL A
e

29| Gk |O|E] AR, TSt Task 4=3 (Multi-Task)

v sto|T{ufetoe] XL 2|3t

Initial weights

Meta-iteration 1
Meta-iteration 2
Meta-iteration 3

(XN D 2

Training loss

&

we’ghr 1

hyperparameter optimization
Maclaurin et al.”15

\.

AutoML

learned recurrent cell
Zoph & Le17

Aot ool Xp EFAR) v A

2= 4|o|g{ gt& 2! Unseen Task 4~3H

(X7, Y7)

v
HE BN ad
—
% (Vi 61) % (V2,£2) % (Vr.Lr)
oo o
E < ]

L(M(X;0741),Y)

Meta-learner

1) Neural Architecture Search (NAS)
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~
J
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-
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pruning _ __

pruning

after pruning

weight sharing

v X} =2 (reduction)

Z= Convolution

R

-— \ —
(a) Standard Convolution Filters
Dy x Dy x M x N x Dg x D¢
=t
EX

I,'l)epthwise Separable Convolution

Dy

(hy Nenthwise Convalutional Filters

(¢) 1x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

Dy xDyxMxDgxDe+MxNxDgxDg

A2 711 /N+1/D?
-30/38-
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= 524 F/W(Framework) 2] & J&t

+ GPU 7148 285101 L2 T T4 | Mlinear algebra), 3 4725 1

G2 AT N, 4, O TR HiH(gradient,exp 5) L H(con

« H3id 2 XHALE (Fine-Tuning, Transfer Learning )

DN D 2D
et W Xyl (z)
cuDNN

CUDA(GPGPU")

GPU

R0
lbj.

™M

~
=/

'
&

v d21d FIW(TensorFlow) At Of|A|

Ap>

=%

,relu &) X|-5

<

# Basic computational graph

import numpy as np
np.random.seed(0)

import tensorflow as tf \/ GPU jl'—J_'ﬁ kl’-g-
N, D=3, 4 v Gradient H|4AF &

x = tf.placeholder(tf.float32)
tf.placeholder(tf.£float32)
= tf.placeholder(tf.float32)

N <
]

a=x*y
b=a+z
= tf.reduce_sum(b)

3]

grad_x, grad_y, grad_z = tf.gradients(c, [x, y, 2])

with tf.Session() as sess:
values =
x: np.random.randn(N, D),
y: np.random.randn(N, D),
z: np.random.randn(N, D),

out = sess.run(|(c, grad _x, grad_y, grad_z],
feed_dict=values)

c_val, grad_x val, grad y val, grad_z_val = out

1) General-Purpose computing on Graphics Processing Units, GPUOJ|AM S8 T2 &l A4t 454
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« YR FW E R
- 25 20017H] Y2i'g FIW ZR (TH5 0SS 2fol it

'

(" ) Chainer
(Preferred Networks)

theano — ) P
(U Montreal) Tensor
(Google)
. . (Baidu) .
1 weh — O PyTorch
B Microsoft

(NYU/Facebook) (Facebook) c N T K

\- J (Microsoft)

@Xnet

(U Washington/Amazon)

Caffe —— & caffe2

(UC Berkeley) (Facebook)

1) http://cs231n.stanford.edu/ &=

2) Open Source Software



http://cs231n.stanford.edu/

. 2§ FW 2| &Y

 22'g FW |1l

L3

TensorFlow

v’ Static Computational Graph (TF 1.x ?|Z&)
« T Z FHH THEO] o2 B Ay

—
ECLERELEE

v’ Framework d=5 =2
R EE L e
- Dof|YHIAEMY Hel 0|5 M-S

. BARHT S IS HT

1) http://cs231n.stanford.edu/ F=E
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. 2§ FW 2| &Y

* 2 FW 5
« Dynamic Computational Graph ?|5 X &2 %5} (e.g. TensorFlow 2.02] Eager Execution)
 O|F FWZt 2i'g BY 58 7% 57%: ONNX

-

r Microsoft

N
44 PaddlePaddle

CNTK @Xnet

PYTOHRCH Q Caffe?

—{€ ONNX |—

\. /

-

¥ Microsoft

~N
44 PaddlePaddle

CNTK @ynet

PYTHORCH Q Caffe?
N y

- Q2 HolE g3

v’ Data Parallelism, Model Parallelism 25 X|<

g5 @21'd FIW %I2t: Horovod?

Training with synthetic data on NVIDIA® Pascal™ GPUs

v TensorFlow, PyTorch X|<
v 2 TensorFlow B =2 M=

v MPP) Ef40] SPYTRl 2 MR 75
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Al job titles with the highest salaries

Rank Job title Average salary
) 2 Machine learning engineer $142,858.57
2; Data scientist $126,927.41

ARTIFICIAL
INTELLIGENCE 3 Computer vision engineer $126,399.81
4. Data warehouse architect $126,008.25
52 Algorithm engineer $109,313.51

‘indeed

-37/38-

Zf indeed.com, 2019
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« Develop machine learning models, Improve existing machine learning models

* Implement machine learning algorithms and libraries

« Be in charge of the entire lifecycle (research, design, experimentation, development. deployment, monitoring, and maintenance)
« Collaborate with data engineers to develop data and model pipelines

* Apply machine learning and data science techniques and design distributed systems

 Write production-level code, Bring code to production

 Engage in code reviews

* Produce project outcomes and isolate issues

» Communicate complex processes to business leaders

* Analyze large and complex data sets to derive valuable insights

* Research and implement best practices to enhance existing machine learning infrastructure £/ indeed.com
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Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure is vast and complex.
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Figure 1: High-level component overview of a machine learning platform.
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4. Meta Learning 25 98 &
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3. TensorFlow 1.x vs. PyTorch

TensorFlow: Build graph once, then
run many times (static)

N, D, H = 64, 1000, 100 \
x = tf.placeholder(tf.float32, shape~(N, D))

y = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.variable(tf.random normal((D, H)))

w2 = tf.Variable(tf.random_normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0)

y_pred = tf.matmul(h, w2)

diff = y pred - y

loss = tf.reduce_mean(tf.reduce_sum(diff *+* 2, axis=l))
grad_wl, grad w2 = tf.gradients(loss, [wl, w2])

learning_rate = le-5

new _wl = wl.assign(wl - learning_rate * grad wl)

new w2 = w2.assign(w2 - learning_ rate * grad_w2)

updates = tf.group(new wl, new_w2) ‘)

with tf.Session() as sess:
sess.run(tf.global_variables_initializer())
values = {x: np.random.randn(N, D),
y: np.random.randn(N, D),)}
losses = []
for t in range(50):
loss_val, _ = sess.run([loss, updates],

feed_dict=values)

Run each
iteration

PyTorch: Each forward pass defines
a new graph (dynamic)

import torch
5 N, D_in, H, D_out = 64, 1000, 100, 10
Build X = torch.randn(N, D_in)
graph y = torch.randn(N, D out)

wl = torch.randn(D_in, H, requires_grad=True)
w2 = torch.randn(H, D _out, requires grad=True)

learning rate = le-6

for t in range(500):
y pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()

loss.backward()

New graph each iteration
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. Deep Learning(E21d) 82 (1/3)

Deep Neural Networks + Machine Learning = Deep Learning

I
« Neural Networks mput #1
- '|~27|-|9_| %I:JI%’ II:_4- Input #2 —
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_:] + Output
Input #3 —

Input #4 —

« Deep Neural Networks
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. Deep Learning(E21d) "2 (2/3)

Deep Neural Networks + Machine Learning = Deep Learning
Chofot BEO| 2 ABUHY EX
* Fully-Connected / Undirected

- DNN(Deep Neural Networks)

- RBM(Restricted Boltzmann Machine)
- DBN(Deep Belief Network)

hidden layer 1 hidden layer 2 hidden layer 3

input layer

« Convolutional
- LeNet

AlexNet, VGGNet
GoogleNet
ResNet

* Recurrent i

O 0 o 0 Feed-forward unit Simple recurrent unit Gated recurrent unit (GRU)
t-1 1

- LSTM(Long Short-Term Memory) i "T VT J | o

- GRU(Gated Recurrent Unit) ‘O:) lﬁ—*?’v?v?? @

- SRU(Simple Recurrent Unit) UT

X X output output




‘23. Deep Learning(E#{'d) F (3/3) &

Deep Neural Networks + Machine Learning = Deep Learning

A2 USFYE Learning A7 | = T4 7|5 EXH

I LLooa2
» Activation Function Region1 ¥ | Region2 Regin1 ¥ Region?2 Y‘Feeman;
- RelU(Rectified Linear Units) [N I i I
- Leaky RelLU : i '
- Maxout _

RelU LReLl and PReLL

« Regularization
- Early Stopping )

- L1, L2 Regularization

- Dropout

e — gd

—— momentum

- nag

— adagrad
adadelta

— rmsprop

 Optimization
- SGD(Stochastic Gradient Descent)

- AdaGrad \\\\
- RMSprop NERRY
- Adam
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. Deep Learning?| HEHA (1/3)
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. Deep Learning?| H{EHA (2/3)
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. Deep Learning®| H{EHA (3/3)
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1) Pang Wei Koh et al., Understanding Black-box Predictions via Influence Functions, 2017



