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Automation of

knowledge work .
e -
The Internet of Things 2762
Cloud technology 17-6.2

Advanced robotics 1.7-45

Autonomous and near-
autonomous vehicles

/ Next-generation
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@:‘ Energy storage

[Estimated Economic Impact of Disruptive Technology, McKinsey, 2013]
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(J Gender
(J Ethnicity
(3 Hair color

i Complexion
(7 Facial hair style
0 Age

B 9= xgM

conv1* conv2* conv3* conv4* convs* fc6 fc7

7|12 SO0 Xt/O| /O K} EHEH M=t 55 ~ 65%
VS

VGG-Facel| H=tE: 83 ~ 91%

F

Mot

HO|
.

=X|: VGG-Faces= 27H9| O|7E A¥< == gl

[M. Kosinski 1== A&l Stanford, 2017 ]
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DPA Explainable Al — Performance vs. Explainability

New Learning Techniques (today)
Approach —
/ Neural Nets \ -
Create a suite of " e \ / Graphlcal
d Models >

machine learning
techniques that
produce more
explainable models,
while maintaining a
high level of
learning
performance

Deep
Learni ng

In

Deep Explanation
Modified deep learning
techniques to learn
explainable features

_.__.—
|

Ensemb

Bayesian

¢i
L.i l'l*
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terpretable Models

Techniques to learn more

structured, interpretable,
causal models

Explainability
(notional)

Explainability

[D. Gunning, DARPA, 2016 4]
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[K.-R. Muller = AHALEl TU Berlin, 2015 ]
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lllustrative example Example in nonconvex region

LaValle, Steven M. “Rapidly-exploring random trees: A new tool for path planning”. 7echnical
Report. Computer Science Department, lowa State University. 1998.

[E| 7 Al = AFE] KAIST/UNIST, 2017] [G. Jeon et. al., AAAI, 2020]
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[Y. Hwang et. al, ICML, 2016]
Anh Tong and Jaesik Choi, “Discovering Relational Covariance Structures for Explaining Multiple Time Series’, ICML 2019

Latent Kernel Model (Tong and Choi, ICML 2019)
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* Gold, O1l, NASDAQ, USD index share the following
property:

This component 1s periodic with a period of 1.4 years but
with varying amplitude. The amplitude of the function
increases linearly away from Apr 2017. The shape of this
function within each period has a typical lengthscale of
4.9 days.

* Gold, O1l, USD index share the following property:
This component 1s a smooth function with a typical
lengthscale of 2.7 weeks.

 NASDAQ has the following property:

This component is a linear function.

ATEl, KAIST/UNIST, 2019]

[A. Tong and J. Choi, ICML, 2019]
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[A|X§A] M4 HTLE KAIST, 2020] [H. Kim et. Al, Github, 2020]
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" Fully Fully
connected connected

pooling

Input Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Qutput

(a) Convolutional Neural Network (CNN}

Sltinagg, o
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" Fully Fully
connected connactad

Input Layer 1 Layer 2 Layer 3 Layer 4 Concatenate Layer 5 Output

(b) CNN with grouped convolutional layers.

A s ARl UNIST, 2017] [S. Yiet al, 2017]
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| read annual reports of the company I'm looking at and | read
the annual reports of the competitors — that is the main source
of material.
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Learn, Practice and Generate Knowledge to
Solve Some of the World's Greatest Problems in Al.
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http://sailab.kaist.ac.kr



http://xai.kaist.ac.kr/
http://sailab.kaist.ac.kr/

ALV TN

Skt o

S. Bach, A. Binder, G. Montavon, F. Klauschen, K.-R. Muller, W. Samek, On Pixel-wise Explanations for Non-Linear
Classifier Decisions by Layer-wise Relevance Propagation, PLOS ONE, 2015.

J. Manyika, M. Chui, J. Bughin, R. Dobbs, P. Bisson, and A. Marrs, Disruptive technologies: Advances that will transform
life, business, and the global economy, McKinsey Global Institute, 2013.

M. W. Kosinski, Y. Wang, Deep Neural Networks Are More Accurate Than Humans at Detecting Sexual Orientation
From Facial Images, Journal of Personality and Social Psychology, 2017.

D. Gunning, Explainable Artificial Intelligence, DARPA, 2016.

M. Bojarski, L. Jackel, B. Firner and U. Muller, Explaining How a Deep Neural Network Trained with End-to-End
Learning Steers a Car, Arxiv:1704.07911, 2017.

D. Bau, B. Zhou, A. Khosla, A. Oliva, and A. Torralba, Network Dissection: Quantifying Interpretability of Deep Visual
Representations, IEEE Conference on Computer Vision and Pattern Recognition, 2017.

G. Jeon, H. Jeong and J. Choi, An Efficient Explorative Sampling Considering the Generative Boundaries of Deep
Generative Neural Networks, AAAI Conference on Artificial Intelligence, 2020.

Z Ghahramani, Probabilistic machine learning and artificial intelligence, Nature, 2015.

Y. Hwang, A. Tong and J. Choi, Automatic Construction of Nonparametric Relational Regression Models for Multiple
Time Series, International Conference on Machine Learning, 2016.

A. Tong and J. Choi, Discovering Explainable Latent Covariance Structure for Multiple Time Series, International
Conference on Machine Learning, 2019.

S.Yi, J. Ju, M.-K. Yoon and J. Choi, Grouped Convolutional Neural Networks for Multivariate Time Series, arXiv
1703.09938, 2017.

H. Kim, S. Cho and J. Choi, Visualizing Extream Gradient Boost Models,
https://github.com/OpenXAlProject/ExplainableXGBoost, 2020



https://github.com/OpenXAIProject/ExplainableXGBoost

