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Deep Learning (& Al ZE=#r U 7=

Economic growth has siowed down In recenl years

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt
E

35
conomic growth has siowed down in recent years

La croissance economique ' es! ralentie ces demieres annees

PDAARE sk
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Data: ImageNet
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Java sparrow, Java finch, ricebird, Padda oryzivora 877

Small Ainch-like Indonesian weaverhird that frequents rice helds pictures  Popularity

Percentile

O Numbers in be fo‘ls (the number of Downloads

Bynsets in the subtree )

Treemap Yisualization

Images of the Synset

'~ imageNet 2011 Fall Release (32326)
i~ plant, flora, plant life (4486)
. geological formation, formation (17
i natural object (1112)
=:—- sport, athletics (176)
i artifact, artefact (10504)
.}- fungus (308)
— person, individual, someone, somet
animal animate being, beast, brute
‘ - invertebrate (766)
| |- homeotherm, homoiotherm, hor
| - work anima) (4)
| - darter (0)
— surviver (0)
J range animal (0)
f creepy-crawly (0)
| -~ domestic animal, domesticated
| - molter, moulter (0)
i ]— varmint, varment (0)
| - mutant (0)
1 - critter (0)
~ game (47)
| - young, offspring (45)
i |- poikilotherm, ectotherm (0)
1
E

—heroivore (Q)
- peeper (0)
- pest (1
| ?E I( )4 *images of children syncele are not incloded. All images shown are thiimbnalls, Images may be subject o copyright
Ffonaa i (e | (2] 03050 15]16][7][8][2] 18] « [25][26]|Mext

l !— insectivore (0)

http://www.image-net.org/
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Symbalic Al + Neural Al = Neuro-Symbalic Al
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Neuro-Symboalic
Generative Models

(%ERETIV)
% -~ &
| |
 (@)Target  (b) A-TCVAE (d) DS-VAE

Srivastava et al. 2020 (submitted)

Neurg-Symbalic
Planning

(%E:f —A5DF %\)

The latent tayer | AR = :
converges to the categoncal dus*nb 1)

87 |The outrut converges|
mpu!

Asai et al. AAAI 2018

Neuro-Symbalic
Material Discovery

(ERR)
O

Kajina ICML 2019

Neuro-Symbolic

NLU
(BASEER)

_———,‘_‘T\‘
filler v

Wilcox et al. NAACL 2019

() The tree encoder (green) and

Neurao-Symbalic
Reinforcement Learning

(IE=FE)
-‘! Semantic parser jM'l LNNs H LNNs-Guide I

Ya € A, Py (alsy)

ar

Kimura et al. [JCAlw 2020

Neuro-Symbolic
Code Optimization

(I—-romiE1k)

" -
(b) The tree decader,

wubtiee selector (orunge),

Shi et al. ICLR 2019

Neuro-Symbolic
Safe ML/RL
(ZeRsE¥E)

. @

)
\\ OCbserve Raward "
\V‘/

B

Fulton et al. AAAI 2018

Neuro-Symbolic
Machine Commaon Sense

(BHOBHZIIY)

Smith et al. NeurlPS 2019
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Q. How many pink blocks are to the left of the big sphere?
(REGEKVYEIZ. EX2DOTOvIEWN2HB?)

Kexin Yi et al., “Neural-Symbolic VQA: Disentangling Reasoning from Vision and Language Understanding,” NIPS 2018.
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"0 |y | shape | Color | size

1 (11,43) Sphere Blue Small

k)‘ ’ ‘ ) ' = CNN =p 2 (13, 7) Cube Blue Small

3 (23,26) Cube Pink Big

count *

: filter _color_target -
Q. How many Dlnk blocks are filter_shape_target
to the left of the big sphere? ™| LSTM = relationship
filter_size ref
filter_shape ref
Kexin Yi et al., “Neural-Symbolic VQA: Disentangling Reasoning from Vision and Language Understanding,” NIPS 2018.
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Using Al to Accelerate Scientific Discovery

BIZENRROIT O ZATHE

Bl) AERTETIVIC K DHCOVID- 19 RFHDE R
Learn from the S?st

NZAE > 7=k - B8 - 13K Generated molecules with high SARS-CoV-2 A selected designed molecule
Main Protease binding activity and docked to the SARS-CoV-2Z
l selectivity. Main Protease.

Augment what is known

Al Quantum(C KBD>=aL—>3> [ 7 7 . )

i

Scale hypotheses |
MEERSET L) IC K BARE AR |

A

Experiment rapidly

NERSEHD B E1==2ER https://www.ibm.com/blogs/think/jp-ja/urgencyofscience/
https://www.ibm.com/blogs/research/2020/06/accelerated-discovery/
https://arxiv.org/abs/2005.11248
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aA>E1—% vs ARIDAR KD = 21—O % = 1408
hiRAEND =1 —0O 2% = 2,000{&1&E
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Jeopardy! Watson

3.55 GHz o0awvy <10 Hz
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MBI > E 31—+ (Neuromarphic Chip)
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|IBM CED's Letter to Congress on Racial Justice Reform

Responsible technology policies —technology can increase transparency and help police protect
communities but must not promote discrimination or racial injustice.

IBM no longer offers general purpose IBM facial recognition or o L EETR e +

§ om.comibioguipoliey)t

analysis software. IBM firmly opposes and will not condone uses of 3
any technology, including facial recognition technology offered by g b SRR Aol
other vendors, for mass surveillance, racial profiling, violations of
basic_ human_ rights and freedoms_, or any purpose which is not IBMICEC's Leiter fo Conigress.on
consistent with our values and Principles of Trust and Transparency. Racial Justice Refarm

We believe now is the time to begin a national dialogue on whether
and how facial recognition technology should be employed by
domestic law enforcement agencies.

Recent Posts

Artificial Intelligence is a powerful tool that can help law enforcement

keep citizens safe. But vendors and users of Al systems have a
shared responsibility to ensure that Al is tested for bias, particularity
when used in law enforcement, and that such bias testing is audited
and reported.

Finally, national policy also should encourage and advance uses of
technology that bring greater transparency and accountability to
policing, such as body cameras and modern data analytics

techniques.
q https://www.ibm.com/blogs/policy/facial-recognition-sunset-racial-justice-reforms/
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ROT=AIVATLOEIE, SRIEZ TN FEAH5,
LML, TNSICHULTBEEAHEZ TN, DF Y., AIZRFAE
FTAHANATREA FA—I)LTHFLWVEEREE., NAM T RADH

WAIZHIET L LIE, SEOAELRFABEDEELIT) 7 &
5B,

AEIDF->TWWA/NA INA T RITBFFOLRE AlZEEB SIEB=0IC AIVATLIZEEND
7 AIF180FFFELL LM MERET LERT 5AI1Y BEWNT—A%&FES L. INA T R, AFE & H
D EEINTULS, ATLIZ, EEHZ5Z ANFE - &5l - 4 74O WOEDIEFEBERZREE

ZDENILAKLZDH TLFED, F—HBEICEND. B 1D RIREMED B D,
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https://www.ibm.com/blogs/systems/tackling-bias-in-ai/
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Al Fairness 3b0 Toolkit & Watson OpenScale

Al Fairness 360 Watson OpenScale

— Developers and Data Scientists — Business Users

— Open Saurce Toolkit — Fully Supportad Enterprise Tool

— Detect and Mitigate Bias — Measure, Improve and Explain
for Models in Development Productian Al
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https://aif360.mybluemix.net/ https://www.ibm.com/watson/jp-ja/watson-openscale/
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Al Explainability 360

® o
. ﬂ the data?

Based on...

samples? features?

samples?

{ase-tazad Dssntangied
redson g ukng fepreinrLshdg
prototypes and pionds mesrsrgiul
rilicsms foaturas

‘ data scientist
Understand... @ |
@ decision maker
a model? I'ﬁ regulator
l affected user
With a...
2 local explanation? global explanation?
O Based on... Using a...
e ¢ ™
B ao i
features? olicited explanations? directty intorpeatable model? 203t hoOC 0
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https://www.ibm.com/blogs/research/2019/08/ai-explainability-360/

] 2018 International Business Machines Corporation 02070 IBM Corporation 30



AIDRessTE

@/ersarial Example: ) \

- HIRFEETINERRET 2IOCREINLT —IDIE

- ABEIIERZEZERHFEAL TER

«  1DOBHEZEETILHBESNIAdversarial Exampleld.
B FEZET)ILISHLTEBR

Bl : JAZXENZBET, N> TFHHYI

+.007 x
A T +
¥ sign(V (6, 2,y)) esign(VJ (6, z,y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

AlIETILIZX T HE &1

GOODFELLOW, 1. J., SHLENS, J.,ANDSZEGEDY, C. Explainingand harnessing adversarial examples.
arXiv preprint arXiv:1412.6572(2014).
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