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Gartner Hype Cycle for
Artificial Intelligence, 2019

AutoML
Digital \ /
Ethics \

Intelligent
Applications

Quantum

Computing _

Deep Neural ?
Network ASICs
Smart Robotics
Edge Al

Al Developer

Toolkits

Al-Related

C&SI Services

Data Labeling and
Annotation Services

Al Cloud
Services
Decision
Intelligence
Neuromorphic
Hardware
Augmented
Intelligence
Al Governance
Reinforcement
Learning
Al Marketplaces

~ Knowledge
Graphics

Expectations

Antificial General

Peak of
Innovation Inflated
Trigger Expectations

Chatbots

Deep Neural Networks
(Deep Learning)

Conversational
User Interfaces

VPA-Enabled Witeless Speakers Speech Recognition

—— Robotic Process Automation Software T g p—

GPU Accelerators
FPGA Accelerators

Virtual Assistants

Computer Vision
Insight Engines

_ Cognitive Computing

intelligence Autonomous Vehicles

Plateau of
Productivity

Trough of Slope of
Disillusionment Enlightenment

Plateau will be reached:

_) less than 2 years @ 2to5years

Time

@ 51010 years @ more than 10 years @ obsolete before plateau As of July 2019

gartner.com/SmarterWithGartner

Source: Gartner

© 2019 Gartner, Inc. and/or its affiliates. All rights reserved.

Gartner
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Figure 1: Evolution of the number of total publications whose title, abstract and/or keywords refer to the field of XAI during
the last years. Data retrieved from Scopus® (December 10th, 2019) by using the search terms indicated in the legend when
querying this database. It is interesting to note the latent need for interpretable AI models over time (which conforms to intuition, as
interpretability is a requirement in many scenarios), yet it has not been until 2017 when the interest in techniques to explain Al
models has permeated throughout the research community.

Source: A. B. Arrieta, et al. Explainable Artificial Intelligence (XAl): Concepts,

taxonomies, opportunities and challenges toward responsible Al. Information Fusion

58 (2020): 82-115.



D. Gunning, Explainable artificial intelligence (xAl), Tech. rep., Defense Advanced Research Projects Agency
(DARPA) (2017)

A. B. Arrieta, et al. Explainable Artificial Intelligence (XAl): Concepts, taxonomies, opportunities and challenges
toward responsible Al. Information Fusion 58 (2020): 82-115.

E. Tjoa, C. Guan, A survey on explainable artificial intelligence (XAl): Towards medical XAl (2019).
arXiv:1907.07374.

L. H. Gilpin, D. Bau, B. Z. Yuan, A. Bajwa, M. Specter, L. Kagal, Explaining Explanations: An Overview of
Interpretability of Machine Learning (2018). arXiv:1806.00069

F. K. Dosilovic, M. Brcic, N. Hlupic¢, Explainable artificial intelligence: A survey, in: 41st International Convention
on Information and Communication Technology, Electronics and Microelectronics (MIPRO), 2018, pp. 210-215.
A. Adadi, M. Berrada, Peeking inside the black-box: A survey on explainable artificial intelligence (XAl), IEEE
Access 6 (2018) 52138-52160.

O. Biran, C. Cotton, Explanation and justification in machine learning: A survey, in: IJCAI-17 workshop on
explainable Al (XAl), Vol. 8, 2017, p. 1.

S. T. Shane, T. Mueller, R. R. Hoffman,W. Clancey, G. Klein, Explanation in Human-Al Systems: A Literature
Meta-Review Synopsis of Key Ideas and Publications and Bibliography for Explainable Al, Tech. rep., Defense
Advanced Research Projects Agency (DARPA) XAl Program (2019).

R. Guidotti, A. Monreale, S. Ruggieri, F. Turini, F. Giannotti, D. Pedreschi, A survey of methods for explaining
black box models, ACM Computing Surveys 51 (5) (2018) 93:1-93:42.



Interpretability & Explainability

MHmepripemauus - 3To oTobpakeHne abCTpakTHOro NOHATUS B MOHATHYIO AN
yenoBeka obnactb [Montavon, Samek, Muller, 2018]

ObbsicHeHuUe - 3TO HAabop XapaKTEPUCTUK MHTeprnpeTupyemon obnacTtum, KoTopble
NPUBENN K NPUHATUIO AAHHOIO peLleHnst B KOHKpeTHOM cny4vae [Montavon,

Samek, Muller, 2018]
Comprehensibility = interpretability = model-centric explainability

Transparency = explainability = subject-centric explainability



Machine Learning vs Data Mining

[0OBOPAT, UTO KOMMbIOTEPHAas Nporpamma obyyaemcs Ha OCHOBE OnbiTa £ N0 OTHOLLEHWIO K
HEeKOTOPOMY Kriaccy 3agad T n mepbl KadyectBa P, ecnu KadecTBO peLleHnd 3agad ms T,
N3MepeHHoe Ha OCHOBe P, yny4ywiaeTtcs ¢ npnobpeTeHnem onbiTa E.

T-M. Mitchell, 1997

Data Mining — COBOKYNHOCTb METOL40B OOHapPYXXEHUS1 B AAHHbLIX paHee HEN3BECTHBbIX,
HeTpuBUanbHbIX, MPaKTUYECKU NONE3HbIX U O0CMYIHbLIX UHMeprpemayuu 3HaHud,
HeoOXoAUMBIX OS5 MPUHATUS PELLEHUN B pPasnuyHbIX coepax YernoBevyeckon AeaTerIbHOCTM.

. [Nameukud-LLanupo, 1989



Machine Learning vs Data Mining

ML n DM un3BnekarT 3aKOHOMEPHOCTU («3HaHUSA») N3 AaHHbIX, HO (HEMHOrO) C pas3HbIMK
Lensamu:

e ML —4T06bI O6Y4YNTL MALUNHY;
e DM — 4yT10OBI 06YYMTHL YerioBeka.

[ToaTomy 6 nepsyro ovepednb™

e B ML MMHUMN3MPYIOT OLLNOKY;
e B DM BaxxHa nHTEepnpeTMpyemMocCTb pesynesrara.

XAl fomxeH ctepeTb 3Ty rpaHnLy



Training
Data

Training
Data

>
O.AD. v.17 N

Learning ;QA\',," N This is a cat
' =
Process V. = 85}
Learned Output
Function
Ve This is a cat:
New oi ‘ i «It has fur, whiskers,
- - and claws.
Leamning j l l ‘ It has this feature:
Process -
(g g Fope ol
Explainable Explanation
Model Interface

User with
a Task

User with
a Task

* Why did you do that?

* Why not something else?
* When do you succeed?

» When do you fail?

* When can | trust you?

» How do | correct an error?

| understand why

| understand why not

| know when you'll succeed
| know when you'll fail

| know when to trust you

| know why you erred

Source: D. Gunning, Explainable artificial intelligence (xAl), Tech. rep., Defense

Advanced Research Projects Agency (DARPA) (2017)
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Deep Explanation

e |I3BreyeHne 3HaHUM NyTEM KOMIMIEKCHOIO YNPOLLEHNS CETU
(A.H. l'opbaHb, 1990, B.I. Llaperopogues, 1998)

e KoOHTpacTMpoBaHME M NTOrNMYECKN NPo3padHble HEMPOHHbLIE CETU
(A.H. lNopbaHb, 1990, .N.EpemuH, E.M. Mupkec, 1994)

e Bunasyanusaums cnoes CBEPTOYHbIN CETU C NOMOLLbIO AEKOHBOSTIOLNU
(Zeiler, Fergus, 2014)

e |IHTepnpeTauus y3rnoB CETU Kak CeMaHTUYECKUX MOHATUI, HAaNnpUMep, Kak rnpu
naoeHTndurkKaumm aneMeHToB Ha n3obpaxxeHun unu pernctpaunm cobboitnm (Yu,
Liu, Cheng, Divakaran, Sawhney, 2012; Gan, Wang, AH, FOHr, XaynTmaHH, 2015)

e licnonb3oBaHne MeTOOOB co3daHua nognucen K nsobpaxexHmam (LeCun,
Bengio, Hinton, 2015) ansa reHepaunn obbsicHeHnn (Hendricks et al., 2016)



Multimedia Event Recounting
Expanded View

Primary Evidence

8

Bride walking with a man | Bride and groom with Bride and groom put
with people watching offsciant s on hands

Evidence Composition

,' ?“ .' ‘ Scama: indoars ; Ghifeh

"3

«m nndll mum

',d’ oy ‘“f'ﬁi mf

T A

» This illustrates and example of event recounting.
* The system classified this video as a wedding.

* The frames above show its evidence for the
wedding classification

Learning Semantic Associations

Generate Examples

b e .

O.A’,“:,’A\sff : 7 Mammal
v-,,‘,. , External
'c"‘V, 7 Ontology

f\\

Semantic Attributes

Train the net to associate semantic attributes with
hidden layer nodes

Train the net to associate labelled nodes with known
ontologies

Generate examples of prominent but unlabeled
nodes to discover semantic labels

Generate clusters of examples from prominent nodes

Identify the best architectures, parameters, and
training sequences to learn the most interpretable
models

Cheng, H., et al. (2014) SRI-Sarnoff AURORA at TRECVID 2014: Multimedia Event Detection and Recounting.
http://www-nlpir.nist.gov/projects/tvpubs/tv14.papers/sri_aurora.pdf




Generating Image Captions
| _'?-“1':- 4 A group of people + ACNN is trained to recognize objects in

Viion . _anguage shopping at an outdoor images ' o
Deop CHN Som market + Alanguage generating RNN is trained to

i » » translate features of the CNN into words and
% @ There are many captions.

vegetables at the fruit )
stand Example Explanations

This is a Kentucky
warbler because this
is a yellow bird with a
black cheek patch
and a black crown.

Generating Visual Explanations

This is a cardinal because ...
\J (~Recurrent explanation generator model

fDeep Finegrained Classifier

1]

This is a pied billed
grebe because this
is a brown bird with

m;

Label

Compact Bilinear
Feature
+
Predicted

(I
g along neck and a
Researchers at UC Berkeley have recently extended this idea large beak.
;cgagrﬁ;\?g?te explanations of bird classifications. The system Limitations
+ Classify bird species with 85% accuracy * Limited (indirect at best) explanation of
» Associate image descriptions (discriminative features of the internal logic
image) with class definitions (image-independent » Limited utility for understanding
discriminative features of the class) classification errors

Hendricks, L.A, Akata, Z., Rohrbach, M., Donahue, J., Schiele, B., and Darrell, T. (2016). Generating Visual Explanations,
arXiv:1603.08507v1 [cs.CV] 28 Mar 2016
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Interpretable Models

CprKTypI/IpOBaHHbIe, UHTEpnpetTnpyemsoie n MNpuiNHHO-CrieaCrBeHHbI€ MOOESIN.

e Bayesian Rule Lists (Letham, Rudin, McCormick, Madigan, 2015)

e [eHepaTuBHble MoAdenun, Takne, kak Bayesian Program Learning
(Lake, Salakhutdinov, Tenenbaum, 2015)

® MCNONb3oBaHMe cToxacTuyecknx rpammaTuk (Brendel Todorovic, 2011; Park,
Nie, Zhu 2016)

e MOZenu NpUYNHHO-cneacTBeHHbIX cBs3en (Maier, Taylor, Oktay, Jensen,
2010)



Training Data
1623 Characters
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Concept Learning Through
Probabilistic Program Induction

Program
Learning

?

Seed Model
A simple Probabilistic Program
that describes the parameters
of character generation
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Generative Model Performance
Recognizes characters by generating an This model matches human
explanation of how a new test character performance and out performs
might be created (i.e., the most probable deep learning
sequence of strokes that would create that
character)

Lake, B.H., Salakhutdinov, R., & Tenenbaum, J.B. (2015). Human-level concept learning through probabilistic program
induction. Science. VOL 350, 1332-1338.




Stochastic And-Or-Graphs (AOG)

Valid Configurations rooster

1. AND: Object
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Si, Z. and Zhu, S. (2013). Learning AND-OR Templates for Object Recognition and Detection. IEEE Transactions On
Pattern Analysis and Machine Intelligence. Vol. 35 No. 9, 2189-2205.




Bayesian Rule Lists (BRL)

+ if hemiplegia and age > 60
+ then stroke risk 58.9% (53.8%-63.8%)

+ else if cerebrovascular disorder
* then stroke risk 47.8% (44.8%-50.7%)

+ else if transient ischaemic attack
+ then stroke risk 23.8% (19.5%-28.4%)

+ else if occlusion and stenosis of carotid artery

without infarction

+ then stroke risk 15.8% (12.2%—-19.6%)

+ else if altered state of consciousness and age > 60
+ then stroke risk 16.0% (12.2%-20.2%)

+ elseifage=<70

+ then stroke risk 4.6% (3.9%—-5.4%)
else stroke risk 8.7% (7.9%—-9.6%)

Clock Drawing Test

[0

Normal Function Cognitive Impairment

BRLs are decision lists--a series of if-then statements
BRLs discretize a high-dimensional, multivariate
feature space into a series of simple, readily
interpretable decision statements.

* Experiments show that BRLs have predictive accuracy
on par with the current top ML algorithms (approx. 85-
90% as effective) but with models that are much more
interpretable

Testing AUC

Best Testing AUC vs. Model Category for Screening Tasks

e
[ -
] =

H

X
\\\o? X"”b & Qo? & N
& & & & o
N A A A
oo & & (}\c &
& & & & &
S

Model Category

Letham, B., Rudin. C., McCormick, T., and Madigan, D. (2015). Interpretable classifiers using rules and Bayesian
analysis: Building a better stroke prediction model. Annals of Applied Statistics 2015, Vol. 9, No. 3, 1350-137
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New Learning Techniques (today) Explainability
Approach (notional)
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Deep Explanation

Modified deep learning
techniques to learn
explainable features

Interpretable Models

Techniques to learn more
structured, interpretable,
causal models

Model Induction

Techniques to infer an
explainable model from any
model as a black box



Model Induction

OKCNepUMEHTbI C MOAENSAMM Kak C YepHbiMU dwmkamm (model-agnostic
explanation system).

® KCcrieqoBaHMe OTKIMKOB Ha pasHble BXxoabl (Hanpumep, Ribeiro, Singh, &
Guestrin 2016)

e 1cnonb3oBaHMe abaykumn, paccyxaeHun u story generation ans
“paumoHanmsaymn’ NpaBaonogodHbIX 0ObACHEHMN NOBEOEHUSI CUCTEMDI



Local Interpretable Model-agnostic Explanations (LIME)

Black-box Induction

Example Explanation

!

~§+

The black-box model’s complex decision
function f (unknown to LIME) is
represented by the blue/pink background.
The bright bold red cross is the instance
being explained. LIME samples instances,
gets predictions using f, and weighs them
by the proximity to the instance being
explained (represented here by size). The
dashed line is the learned explanation that
is locally (but not globally) faithful. .

Acoustic Guitar
p=0.24 :

N

-

Electric Guitar
p=0.32

(a) Original Image

(b) Explaining Electric guitar  (c) Explaining Acoustic guitar

* LIME is an algorithm that can explain the predictions of
any classifier in a faithful way, by approximating it locally
with an interpretable model.

« SP-LIME is a method that selects a set of representative
instances with explanations as a way to characterize the
entire model.

Ribeiro, M.T., Singh, S., and Guestrin, C. (2016). “Why Should | Trust You?” Explaining the Predictions of Any Classsifier.
CHI 2016 Workshop on Human Centered Machine Learning. (arXiv:1602.04938v1 [cs.LG] 16 Feb 2016)
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