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AlRZEERERE TRATH69E1 (1)

Analytics Tools Decision Support System,
A =} Reporting, Statistics

IBM, SAP, SAS, SPSS

Programming COBOL, Pascal, ALGOL
Languages
BiES IBM, Borland Software,
Burroughs, NCR, DEC
Data Hierarchical Databases
Processing
BRI
IBM, DEC, Unisys
Data Limited Data Movement
Movement/
Integration
Bl IBM

7L % ik : Goldman Sachs » MIC & 32

Evolution of the STACK

Client-Server Current Era (Hybrid)

Business Intelligence, Bl, Reporting, Data
Reporting , Statistics Visualization, Statistics
Cognos, Business Objects, IBM, SAS, SAP, MS, Qlik,
SAS Tableau. Domo, Looker,

Amazon, Salesforce

Java, .Net, C, SQL Java, .Net, javascript, Ruby.
SQL

Sun Microsystem, Oracle, Microsoft

Microsoft

Relational Databases Relational, NoSQL, Hadoop

Visualization, Machine
|Learning

| Tableau, IBM, nVidia, SAS,
Skymind, Databricks,

|Amazon, Google, Microsoft,
Alibaba, Baidu

IPython, R, SQL
|Microsoft

INeural Networks, Stream
| Processing, NoSQL, Hadoop,
Relational

IBM, Oracle, Microsoft,  Qracle, Microsoft, SAP, IBM,IIBM,

Informix, Sybase, Teradata,

Teradata, MySQL MongoDB, DataStax,
Cloudera, Hortonworks,
Amazon, Google

ETL/ Data Integration (DI), DI, EAI, Streaming,

Messaging, Application ~ Messaging
Integration(EAI)

Prism, Inormatica, Ab IBM, Oracle, Informatica,
Initio, Ascential, TIBCO, Talend, Confluent,

BEA, Microsoft Cloudera, Hortonworks,

Mulesoft, Amazon, Google

Databricks, Cloudera,
Hortonworks,

IAmazon, Google, Qubole,
Microsoft, Alibaba, Baidu

Streaming, Preparation,
|Messaging

IBM, Oracle, Informatica,
ITalend, Confluent, Skymind,
IDatabricks, Cloudera,

Hortonworks,
lAmazon, Google, Microsoft,

Albakg BAIdU. o o
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Evolution of the STACK

Storage Mainframes, Tape SAN, NAS SAN, NAS, Hadoop, Cloud ¥Hadoop, Cloud object storage
g7z object storage I [
DEC, IBM EMC, Netapp, IBM Dell, Netapp, IBM, Dell, IBM, I
Cloudera, Hortonworks, ICloudera Hortonworks,
MapR, IMapR [
Amazon, Microsoft, Google "Amazon, Google, Microsoft, I
Baidu JAlibaba, Baidu
Compute Mainframe Unix Servers, x86 X86, cloud compute ] %86, cloud compute instance |
JEE instance I
IBM, DEC, NCR, IBM, Dell, HP HP, Dell Lenovo, Huawei, IHP, Dell Lenovo, Huawei,
Burroughs Cisco, ICisco, [
Amazon Google, Microsoft “Amazon Google, Microsoft, |
| Baidu, Alibaba
Components HDD, CPU HDD, CPU HDD, SSD, CPU IHDD, SSD, CPU, GPU, FPGA |
SHG I I
IBM, Fairchild, DEC, CDC, IBM, Intel AMD, Western Intel, ARM, Western Digital,llntel, ARM, Western Digital, |
EMC Digital, Seagate, Sandisk, Seagate Seagate, nVidis, Xilinx,
T™MS |Goog|e I
J

7L kR : Goldman Sachs » MICE 12
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Deep Neural gReinforcement
Network Learning
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DQN (Deep Q Network)
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(a) Original Image (b) Explaining Electric guitar (¢) Explaining Acoustic guitar  (d) Explaining Labrador

O ERAIEE Z B EEE

,One-shot static or interactive explanations? ‘ == tabular
static | interactive = image
e e e - text
Understand data or model? } _")
1 @ Liner Regression data | model ]
S . . Explanations as samples, Explanations for individual samples
;:I'u ‘ Decision Trees distributions or features? (local) or overall behavior (global)?
== di‘s_t‘r_iby't_ip_nvsjﬂsinglres features — local | global —
O I ' 4 { \ : - .
- o A directly interpretable
K-Nearest ? ProtoDash  DIP-VAE | A self-explaining model or et o:’ ost-r\oc
ﬂ” . - post-hoc explanations? .p 5
¢ (Case-based (Learning { explanatlonsl.
reasoning) meaningful post-hoc | self-explaining direct | post-hoc
*E ‘SVM features) [ ] TS B —]
jJ Explanations based on T-EE.. BRCG or A surrogate model or
S S
@ Deep Neural Networks sk (personaspecitc \s":fr::lzaet:er:lan\sl:;lze
samples | features explanations) (Easy to &. .......
‘ understand ProfWelght i
ProtoDash  CEM or CEM-MAF e m— ?
- (=] | (Learning accurate
N » (Case-based reasoning) (Feature based explanations) interpretable model)
132
= 2 oo e =l gy e
F 44 %k : Google » MIC# port Rk IBM
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method

Feature-based
= bodies

search

Rerank &
cluster
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HEEVIEREIEE

l Hello! Welcome to Career Goal
Recommender. Are you looking for some new
career goals?

I Can you help me understand why you are
looking for some new goals, is it because:

* you are looking for a change and don’t like
your current role?

* you like your role and want to see where it can
take you and how you can grow?

:IBM > MIC#F @
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https://www.youtube.com/watch?v=FtCGUoDZPQI&list=PLIEC8MiyNJ7CjHQ4BHYTaIk1_r48Qlyw1&index=7&t=0s

Bl SRIFTY

2D/3DEl& K&
HEEHHE

BEFE

&l &R TREHER

=L
EEEHEAR
UEEBEERK
5ehk[El

FRIRRE R

BESRNE = R BIEE

1R BB bt ®hEHIRE

32 % 32 samples

8 x 8 input ground truth

SRResNet
_ (23.538/0.7832)

&
P -
2
- e
»

SRGAN
(21.15dB/0.6868)

bicubic
(21.59dB/0.6423)

original
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BERNE = R BIEE

Model: Tovota Innova
Model: Daihatsu Xenia/Toyota Avanza
‘ Color: silver
Score: 1.000

= B |
- = =\af
e B e B15270URP
Parity: Even
Pol: Jabodetabek
Color: black
Score: 0.945

74 %k © Delligence.ai » MICE 32
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Edges to Photo

input

output

observatiol  gbservation
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neural rendering

7ok kR - Google ~ Nvidia ~ Adobe ~ Pix2Pix ~ DeepColor > MIC# 12


http://nvidia-research-mingyuliu.com/gaugan
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(a) Human

(b) Baselines

(c) Ours (d) Ours
(RaLSGAN+Pix2Pix)  (StyleGAN2+Pix2Pix)

L]

7ok kR - Princeton University ~ Stanislas Chaillou ~ MIC# 2
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MLIEIEAN ) recv timenat
35.084707) reov Limeust
36.30517) ) cecv timecut
37.386380) recv timecat
3J8.J87625) recy timeout
19.380947] recy timecut

DeepFakes: A Risk to the World {1 361388] vemw eimaet

$2.3%2603) recy timeout
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SRk [El

Source A: gender, age, hair length, glasses, pose

)

=

A query image (left) is combined with images from different product pages to produce a
synthetic composite (right).

Source B:

everything Result of combining A and B
else

Ff kR Adobe ~ Nvidia ~ DeepFake » MIC# 2
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ReadSpeaker €

pioneering voice technology

Taiwanese Chinese - Yafang (i v
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PLAY
- | . (31 Lyrebird Al
. ! ' - J @realDonaldTrump lyrebird.ai/g/lUwS3cHwX

Donald Trump: | will be meeting General
Kelly, General Mattis and other military
leaders at the White House to discuss
North Korea. Thank you.

5. FIRST TAKE PRESENTED BY BASS PRO SHOPS
6. ) 76ers def. Lakers 115-109 (Embiid: 46 Pts, 15 Reb, 7 Ast, 7 Blk)
i Did you overlook the 76ers?

Lyrebird Al
.cé'{":ﬁ;fmed by @ Lyrebird

) 4176 views 009/009 o]y 7
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February 2,2020

News You Can't Use

All the AI-Generated Fake News That's Fit To Print

Breaking News

HOT TOPICS

Trump, Donald |

United States Politics and
Government

Breaking News

Investigations

Criminal Profiles

Impeachment

Presidential Election of 2020

Ukraine

Democratic Party

LATEST HEADLINES

Kamala Harris’s campaign

Presidential Election of 2020  Murders, Attempted Murders and Homicides  Law and Legislation  Politics and Government

ABOUT

Kamala Harris’s campaign staff is shrinking,
. d Everything you are reading is

say aides machine-generated and not true!

All the news on this website is
generated by Al as a demonstration
of how fake news can be mass
produced by computers.

Every word on this site is 100%
computer generated (except for this
text block). There is absolutely no
human editing.

Think it is obvious that these stories
are fake? Try the quiz!

To learn how this works and get the

GPT-2 @ BERT | ERNIE @ GPT-3
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€€ NOW a modaern neural network compietes your {ext. lype a cusiom

snippet or try one of the examples. Learn more below.

Custom prompt ~

Type something and a neural network will guess what comes next.

COMPLETE TEXT

Completion

N
Explainable Al (XAl) refers to methods and techniques in the application of
artificial intelligence technology (Al) such that the results of the solution can
be understood by human experts. Most of the time, these methods focus on
discrete problem domains, which are known as numerical algorithms.

Data Mining is a term for artificial techniques which are commonly used to
mine data, such as in cross-validation. It is a general term used to describe
both learning and inference techniques. However, data mining has become
one of the most popular fields of artificial intelligence due to its power and
rapid results.

https://talktotransformer.com/

ERIZRIR : OpenAl ~ News You Can not Use ~ Talk to Transformer - MICZ£3E

XFEEME XFIREE


https://talktotransformer.com/

L
i

o

AL

il

;

EFRRBREEEQE A

il




ATLEEZESRH ECloudiE@QEdge szDevicelt &

/D\

inted 3§ XILINX
n = .

Google tru (inteD 21, P 1o Quatcown

FH kR MIC W O —— (&

< d **Edge% Device KR $FRF ¥ ®rE L T K~ H > F%L =37 7
<~ B E FTRI O~ B

45



AlRGEE T BUREAVERRS R ERIE

RAIATEBAI
M ITSIOan There Is no Al W|thout an |A (Information Architecture)
Management Review S EuvIyguREvIle .4

Al Infrastructure Ten'? @xnet PYTORCH N

" Data Infrastructure sﬁa‘
Ay
ow Cloud Infrastructure dg:r M HELM
" kubernetes APCERA My A cee

Z2FH BEERERE BITEERAR
SEREEH DUETTEE guagpy BIRHEER
fHEE - &M EITKREB DT PIEREG
4 R TR (ETFRBEE) mE s R
e | i =
oLTP @:(D : °‘: i Data
Databases = TR DATA o Maonetizalion
L ENGINEERING ™ B WAREHOUSE
Mot bl e = — : ‘ .
E*SI’IE i I 7 j i 3 i il = g::‘:?‘tii:é\al
Third-Party [838]-——» >
Webrton db R0 Anaeis
s & o< snowflake
4 h ( Real-time
= Analytics

loT

R kR Snowflake Y,

46



SRR

AL Y |Mer|t’MI

> ANBRHT o a‘%f%

\

L Ot

13

RS

JALEGION R=i2a s AL

=N BEPE

D 5°%° QiMerit

Whether you fear it or embrace it, the A.l. revolution is
coming—and it promises to have an enormous impact on
the world economy. PwC estimates that artificial
intelligence could add $15.7 trillion to global GDP by
2030. That's a gargantuan opportunity. To identify which
private companies are set to make the most of it,
rgsearch firm CB Insights recently released its 2018 ’m
&," a list of the most promising A.l. startups globally.
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JACOB JACQUET RESUME CONTACT SUMMARY EXPERIENCE PROJECT EDUCATION What would you like me to build?

I need coming soon page for my SaaS. Something simple and youthful
where people can lean about the service as well as subscribe with their

FOR WHICH COMPANY DID YOU WORK?* email. That's it}

a Google

'WHERE WAS GOOGLE LOCATED?
b, L
WA A

> Saas Landing

San Francisco, CA

SAVE TIME AND MONEY
WITH SAAS!

HOW LONG WERE YOU WITH GOOGLE?

Your Experiences » June 2020 - Present

Describe a layout.

Just describe-any layout you wsnt!

i

APPS 500+ OPENERS FOR TINDER WRITTEN BY GPT-3

500+ Openers for Tinder written |

GPT-3 generated thousands of conversation starters

500+ Openers for Tinder written by GPT-3 screenshots
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