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TY. The challenge @ HCI-KDD e

ji @HCI-KDD

Why did the algorithm do that?

LA
Can I trust these results? @( e | % .:55 -

How can I correct an error?

Input data

A possible solution

Our Goal in this AK:
design, develop & test a
System Causability Scale
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TY. Our Playground @HCI-KDD e

TY. Important Definition: @HCI-KDD

. . pa
Explanation Jf Explainable s e e .;;-&
E Interface Model E -.‘ij
Input data
)
The domain expert can understand why ...
The domain expert can learn and correct errors ...
The domain expert can re-enact on demand ...
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IQ. @HCI-KDD 5
Usability Efficiency Elrcnwmm Slnnfaclbh
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Usage Indicators
Performance Speed
Means
Knowledge

—— has an
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Veer, G. C. v. d. & Welie, M. v. (2004) DUTCH: Designing for Users and Tasks from Concepts to Handles. In:
Diaper, D. & Stanton, N. (Eds.) The Handbook of Task Analysis for Humon-Computer interaction. Mahwah
(New Jersey), Lawrence Eribaum, 155-173.
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= Causability := a property of a person (Human)
= Explainability := a property of a system (Computer)

Human intelligence Machlne |nteII|gence

(Cognitive Science)
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TY. First Homework for you: make yourself familiar ... @HCI-KDD e
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TY, System Usability Scale @HCIKDD
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Bangor, A., Kortum, P. T. & Miller, J. T. (2008) An empirical evaluation of the System
Usability Scale. ional Journal of He Ci Interaction, 24, 6, 574-554.
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= https://www.tensorflow.org/tutorials

Holzinger Group hci-kdd.org 6 706.046 AK HCI Summer 2019 L01
TU, @HCI-KDD
The System Usabdiry Scale Strongly Strongly
123458
1 thank that | would like to use this system
T il o oIo olo
2 | found the system unnecessarily comples ofojofo]o]
3 | thought the system was easy to use olojejojo
I think that | would need the support of a technical
4 [perion to be able to use this system, ojejejoo
#
s 1 found the variows functions in this system were ololololo
& :Mﬂmunlmnud\mlmlnmh olole o
7 | would imagine that most people would learn to olololole
use this system very quickly.
L] | found the system very awkward to use. ojojojolo)
9 I felt very confident using the system BEEEE
| needed to learn a lot of things before | could get
2. going with this system. b b e
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TY @HCI-KDD A

Explainability

Holzinger Group hci-kdd.org 10 706.046 AK HCI Summer 2019 LO1
TY. Example for an Explanation Interface @MCI-KDD

HEHEH

Todd Kulesza, Margaret Burnett, Weng-Keen Wong & Simone Stumpf. Principles of explanatory debugging to personalize
interactive machine learning. Proceedings of the 20th International Conference on Intelligent User Interfaces (IUI
2015), 2015 Atlanta. ACM, 126-137, doi:10.1145/2678025.2701399.
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I(l-‘!- @HCI-KDD o

1.000 1,500 1.000 1,500 1.000 1,000 1.000 1 560 1.000 1 500 0953 0,804 0 6200.609 0 629 0,546 0,540 1 5000 526 1 000 0,522 0483 0.471 1000 0.522 05760658
1000 1,000 1.000 1,000 1.000 1,000 1.000 1,000 1.000 1,000 0.722 0,638 1.000 0,785 0.743 0,792 0,601 0,750,712 1,000 0.444 0,547 0.431 10000753 10000615

1000 4,000 1.000 1,500 1.000 1,000 1000 1,000 1000 1,000 L 565 0.561 0 Y ¥ 1000 0,651 1,000 0652
1,000 1,900 1,000 1,500 1.000 7,000 1.000 1,000 1 T8 05840 17 0.997 1,000 1,000 1.000 1,000 1.000
1.000 1,500 1.000 1,500 1.000 1,000 1.000 £ 5000711 0,644 0,560 0,541 0.461 0. 03640 0000991 1.000 1,000 1.000
1000 1,000 1,000 1,000 1.000 1.00€ 1.060 3,650 0.554 0.575 0.513 0.490 0629 0. nmuwe 1,800 1.000 1.000

1000 1,000 1.009 1.000 1,900 0.761 1960088 0,345
nm.umnm:nmnmnmomns&nwnamamnummnmamnmnmnmnma n .‘
100012001 A7EO4110. nn.e;ﬂn

0909 D318 0462 0491 0,826
it mul.w 106 0063 0ALE 0458

0569 049 0.606 0,530 0,521 nmauvnmnmnmam@:u m onnusamuhamnmnm:um
am

1.000 1,500 0.590 0,509 0.486 0.445 0411 0972 0560 1675 2712 eiannmesnnuromn:uamumunauﬁ
1000 0:524 0.5%4 0,517 0,450 0,416 04450 r:r 053 062601 3380279 0.255 0,330 046
1000 1.000 0.567 .57 D48 \156 0, us 74107570752 0,764 0.714 0634 064 @:w 0043 0289 0.251 0326 0.380
@ |’0 THAMIOTIATA OO ITRONSE 04140 M7 0 I0F 0ITROLD
nnn.euamnmamn LTS 3 0L459 0472 0273 0134 03750306
mnluosmnn;omu 27519 0.5000.568 0.5210.286 0.143 0.2340.758

1058505290404 0.
Bate: i 3460361
3140252
3310.358
Y . . 2002710.297
QRE7CLIAL 506N 0ATRATIIO0 M00an S9705700.508 0842 0.I81 0,748
0639 06150 o1 553 5850433 0,605 0.588 0,467 0.313 0,363 0.349 0,415 0,578 0,512 0.305 0374 0,255
0.568 0,661 o 1 387 0,310 0,138 0L866 0,375 0,559 0,475 0448 0,430 0,458 0455 0232 0,248 0237
.45 DALT 04350, 578 0,364 0. S8 0037 0242 0820270
0LNB1 0KLT 0,841 0,445 0.47H 0451 071004250 70 0,497 0575 0 0708 09110278
385 0627 751 0,581 0,502 0,462 0.6100.53 0,524 0615 0.625.0. m m! ns«u 0.3080.265 nmrmsa [ENTET

o 317 0431 0,294 0362 0. 3330.048
0LATZ 0AD7 0618 0547 0.500 0435 0.580 0.57% 0674 0406 0320 0302 0.233 0.162 0,387 0622 0.556 0499 0. sn 0558 0378 0234 0564 0,502 0,413 0911 0,063
0,061 0500 0,510 0417 0847 CUANT 0667 04500 0K 0,504 0143 0,967 0434 0,731 0341 0,141 0510 0,431 0,834 D447 0385 01100 54 £45 D3ORORIE
0529 0,464 0,455 0,824 0,475 0,411 0,439 0,405 0,409 0,400 0,382 0,387 0.£82 0,422 0,210 0,242 0,21 0,309 0,295 0,241 0,213 0,545 0,560 0,522 0.500 04930529
0383 0,456 0482 0,370 0364 0,361 0.600 0,391 0,320 0,315 0,625 0.377 0,433 0,528 0.457 0,285 0,247 0.198 0 216 0410 0.570 0,597 0.576 0,588 0,531 04330545
045 0476 0391 0431 0,563 0,123 0364 0182 0365 0,368 0,605 0.247 0.263 0. X X X X

Holzinger Group hci-kdd.org 16 706.046 AK HCI Summer 2019 LO1

TY. Mastering the game of Go without human knowledge =~ @Hci-koD -

TY @ HCI-KDD -
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(p,v)=f,(s) and I=(z—v)*— 7" logp+ c||0|]

David Silver, Julian Schrittwieser, Karen Simonyan, loannis Antonoglou, Aja Huang, Arthur Guez, Thomas
Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yutian Chen, Timothy Lillicrap, Fan Hui, Laurent Sifre,
George Van Den Driessche, Thore Graepel & Demis Hassabis 2017. Mastering the game of go without human
knowledge. Nature, 550, (7676), 354-359, doi:doi:10.1038/nature24270.
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TUY. Example for an Explanation Interface - open work © @HCI-KDD

David Silver, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre,
George Van Den Driessche, Julian Schrittwieser, loannis Antonoglou,
Veda Panneershelvam, Marc Lanctot, Sander Dieleman, Dominik
Grewe, John Nham, Nal Kalchbrenner, llya Sutskever, Timothy Lillicrap,
Madeleine Leach, Koray Kavukcuoglu, Thore Graepel & Demis Hassabis
2016. Mastering the game of Go with deep neural networks and tree
search. Nature, 529, (7587), 484-489, doi:10.1038/nature16961.
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TUY. Research and Development in Interpretability ... @HCI-KDD 5

Werner Sturm, Till Schaefer, Tobias Schreck, Andeas Holzinger & Torsten Ullrich. Extending the Scaffold Hunter Visualization
Toolkit with Interactive Heatmaps In: Borgo, Rita & Turkay, Cagatay, eds. EG UK Computer Graphics & Visual Computing
CGVC 2015, 2015 University College London (UCL). Euro Grzphlcs (EG), 77-84, doi:10.2312/cgvc.20151247.
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TY. What is understandable, interpretable, intelligible? @HCI-KDD

= Interpretability as a novel kind for supporting
teaching, learning and knowledge discovery,

= Particularly in abstract fields (informatics)

= Compliance to European Law “the right of
explanation”

= Check for bias in machine learning results

= Fostering trust, acceptance, making clear the
reliability

Andreas Holzinger 2018. Explainable Al (ex-Al). Informatik-Spektrum, 41, (2), 138-143,
doi:10.1007/500287-018-1102-5.
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TY. Explainable Al is a huge challenge for visualization @HCI-KDD e

https://www.vis.uni-konstanz.de/en/members/fuchs/
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TV, @HCI-KDD &

Methods of
Explainable Al

Holzinger Group hi-kdd.org 19 706.046 AK HCI Summer 2019 LO1

TY. Important Definition: Ground truth @HCI-KDD o

TY. Methods of ex-Al @HCI-KDD

TY. Remember: Reasoning = “Sensemaking” @HCI-KDD e

= := information provided by direct observation
(empirical evidence) in contrast to information
provided by inference
= Empirical evidence = information acquired by

observation or by experimentation in order to verify
the truth (fit to reality) or falsify (non-fit to reality).

= Empirical inference = drawing conclusions from
empirical data (observations, measurements)

= Causal inference = drawing a conclusion about a
causal connection based on the conditions of the
occurrence of an effect.

= Causal inference is an example of causal reasoning.

Holzinger Group hci-kdd.org 2 706.046 AK HCI Summer 2019 LO1

-[H- @HC-KDD 5

= 1) Gradients
= 2) Sensitivity Analysis
= 3) Decomposition Relevance Propagation
(Pixel-RP, Layer-RP, Deep Taylor Decomposition, ...)
= 4) Optimization (Local-IME — model agnostic,
BETA transparent approximation, ...)
= 5) Deconvolution and Guided Backpropagation
= 6) Model Understanding
= Feature visualization, Inverting CNN
= Qualitative Testing with Concept Activation Vectors TCAV
= Network Dissection

Andreas Holzinger LV 706.315 From explainable Al to Causability, 3 ECTS course at Graz University of Technology

= Deductive Reasoning = Hypothesis > Observations > Logical
Conclusions
= DANGER: Hypothesis must be correct! DR defines whether the truth
of a conclusion can be determined for that rule, based on the truth
of premises: A=B, B=C, therefore A=C
= [nductive reasoning = makes broad generalizations from
specific observations
= DANGER: allows a conclusion to be false if the premises are true
= generate hypotheses and use DR for answering specific questions

= Abductive reasoning = inference = to get the best explanation
from an incomplete set of preconditions.

= Given a true conclusion and a rule, it attempts to select some
possible premises that, if true also, may support the conclusion,
though not uniquely.

Example: "When it rains, the grass gets wet. The grass is wet.
Therefore, it might have rained." This kind of reasoning can be used
to develop a hypothesis, which in turn can be tested by additional
reasoning or data.
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TY. Remember: hard inference problems @HCI-KDD

https://Irpserver.hhi.fraunhofer.de/handwriting-classification
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https://hci-kdd. ity-2019 (course given since 2016)
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TY. Empirical Inference Example @HCI-KDD 5
yv=X akfixx) +b
y y=a*x

Gottfried W. Leibniz (1646-1716)
Hermann Weyl (1885-1955)
Vladimir Vapnik (1936-) Empirical
) Inference
Alexey Chervonenkis (1938-2014) ==
Gregory Chaitin (1947-)
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TY, Gradients @HCI-KDD
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= High dimensionality (curse of dim., many factors contribute)

= Complexity (real-world is non-linear, non-stationary, non-IID *)
= Need of large top-quality data sets

= Little prior data (no mechanistic models of the data)

= *) = Def.: a sequence or collection of random variables is
independent and identically distributed if each random variable has
the same probability distribution as the others and all are mutually
independent

Séren Sonnenburg, Gunnar Rétsch, Christin Schaefer & Bernhard Schalkopf 2006. Large scale multiple kernel learning. Journal of
Machine Learning Research, 7, (7), 1531-1565.

Holzinger Group hci-kdd.org 2 706.046 AK HCI Summer 2019 LO1

TY, Gradients @HCI-KDD
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TU, @HCI-KDD S

TY. Gradients

dumbbell up

Karen Simonyan, Andrea Vedaldi & Andrew Zisserman 2013. Deep inside convolutional networks: Visualising
image classification models and saliency maps. arXiv:1312.6034.
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TUY. A NN-classifier during prediction time @HCI-KDD e

{)
R = f(z)

!thzlg
flx)=---= ZR:;'” :235‘1 = :ZRL”
delsl del o

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech
Samek 2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation.
PloS one, 10, (7), 0130140, doi:10.1371/journal.pone.0130140.
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TU, @MCI-KDD 5
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TU. @MHCI-KDD e

TUY. LRP Layer-Wise Relevance Propagation

@HCI-KDD 5

Figues 13
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LU... @HCI-KDD 5

Klauschen, Klaus-Robert Miiller & Wojciech Samek 2015. On pixel-wise
explanations for non-linear classifier decisions by layer-wise relevance

propagation. PloS one, 10, (7), e0130140,

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick
doi:10.1371/journal.pone.0130140.
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fix) = ¥ Feature Relevances = 3. Pixel Relevances
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Definition 1. A heatmapping R(x) is conservative if the sum of
assigned relevances in the pixel space corresponds to the total
relevance detected by the model:

Vxif(x)= 3 R,(x).
P

Definition 2. A heatmapping R (x) is positive if all values forming the
heatmap are greater or equal to zero, that is:

Vo, p:Rx) 20

Definition 3. A heatmapping R(x) is consistent if it is conservative
and positive. That is, it is consistent if it complies with Definitions 1
and 2,
Gregoire Montavon, Sebastian Lapuschkin, Alexander Binder, Wojciech Samek & Klaus-Robert Miiller 2017. Explaining
nonlinear classification decisions with deep taylor decomposition. Pattern Recognition, 65, 211-222,

doi:10.1016/j.patcog.2016.11.008.

Holzinger Group hci-kdd.org 35 706.046 AK HCI Summer 2019 LO1

TU. @HCI-KDD 5
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@HCI-KDD 5

sansitivity analysis:
(B ff P = 1,20
(6 /0raF = 1oysis

function to analyze:
Jiz) = max(0, xy ) + max(l, ry)

CeCOmposition;
Rylz) = max{,xy )
= Ralz) = maxil, rz)
Holzinger Group hci-kdd.org 36
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TY, Relevance propagation @HLI-KDD

forward pass

F0<20
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3@‘—\50
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TY. Example 2 Histopathology @MCI-KDD

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miiller & Wojciech Samek
2015. On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS one,
10, (7), €0130140, doi:10.1371/journal.pone.0130140.
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TYU. Remember: there are myriads of classifiers ... @HCI-KDD

Statistical

T ! Tl
Bayasian
I Regression | Networks
(Rule based) (Distance basec )~ (Neural Networks )
T / \ .
("Functional ) (" Nearest Neighbor )
=
hi /) ions/27124 ine-learning-statistical I-classifi
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TUY. Relevance Redistribution @HCI-KDD
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TY. LIME - Local Interpretable Model Agnostic Explanations @HCI-kD0:

s i3 s g =)

ol | weight (LME) R
| headache
R
lsge

Model Data and Prediction Explanation

Qi:%i:—- E|; |‘-|D—~@.

el | Gl

Model Dataset and Predictons. Pick step Explanations

Human makes
decision

Marco Tulio Ribeiro, Sameer Singh & Carlos Guestrin. Why should i trust you?: Explaining the predictions of
any classifier. 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining,
2016. ACM, 1135-1144, doi:10.1145/2939672.2939778.
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TUY, Black Box Explanations through Transparent Approximations ~ @HCi-K0D

If Age <50 and Male =Yes:

IF Past-Diepression =Yes and Insomnia =No and Melancholy =No, then Healthy

If Past-Depression =Yes and Insomnia =Yes and Melancholy =Yes and Tiredness =Ves, then Depression

If Age = 50 and Male

IF Family-Depression =Yes and Insomnia =No and Melancholy =Yes and Tiredness =Yes, then Depression

I Family-Depression =No and Insomnia =%o and Melancholy =No and Tiredness =No, then Heallhy

Default:
I Past-Diepression =Yes and Tiredness =No and Exercise =0 and Insomnis =Ves, then Depression
I Past-Diepeessbon =HNo and Weight-Galn =Yes and Tirednes =Ves and Melancholy =¥es, then Deprecdon

IF Famsily-Depression =Yes and Insormnia =Yes and Meclandholy =Ves and Teredness =Yes, then Depression

Himabindu Lakkaraju, Ece Kamar, Rich Caruana & Jure Leskovec 2017. Interpretable and
Explorable Approximations of Black Box Models. arXiv:1707.01154.
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TY. Example 1

@HCI-KDD 5
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TY. Example LIME — Model Agnostic Explanation @HCI-KDD i
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TUY. Example: Interpretable Deep Learning Model @HCI-KDD 5
Layer Above
1 r Max Peoli
Max Unpooling @ O—‘W b i
[ Unpooled Maps Rectified Feature Maps
Rectified Linear Rectified Linear
Function Function
l Rectified Unpooled Maps J | Feature Maps l
Convolutional Convolutional
Filtering {F'} Filtering {F}
| Reconstruction | l Layer Below Pooled Maps ‘
T e
Matthew D. Zeiler & Rob Fergus 2013. Visualizing and L C ional Networks. arXiv:1311.2901.
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TY. Visualizing a Conv Net with a De-Conv Net @HCI-KDD

3| 3
& Vi g
¢
o chass
e} softma
J 256

Layer 4 Layer?  Ousput

Layer Abs
Resoastrotion % %% led Mapa
i Pooling

Unpﬂo}lng
Max Locations
l “Switches™

Unpaooled
Maps Feanure Maps

Matthew D. Zeiler & Rob Fergus 2014. Visualizing and i networks. In: D., Fleet, T., Pajdla,
8., Schiele & T., Tuytelaars (eds.) ECCV, Lecture Notes in Computer Science LNCS 8689. Cham: Springer, pp. 818-833,
doi:10.1007/978-3-319-10590-1_53.
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TU. The world is compositional (Yann LeCun) @ HCI-KDD 5

TY. The world is compositional (Yann LeCun) @HCI-KDD -

':T::I::hml h.mh.‘n ] |..|.h.|.~v<-
inpait lnyer

it e

5
i

Matthew D. Zeiler & Rob Fergus 2013. Vi lizing and L ing C i Networks. arXiv:1311.2901
Matthew D. Zeiler & Rob Fergus 2013. Vi izing and L ing C i Networks. arXiv:1311.2901.
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Ty, GHCIKDD T, @HCI-KDD e
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TU, @HCI-KDD

‘:-‘;ﬂfl..u 1 i -.'um 2 |.u.|.-.."|...<'

Rgmis Bayer
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TY, @HCI-KDD 7 TY. @HCI-KDD 5
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TUY. TCAV Testing with Concept Activation Vectors @HLI-KDD

Testing with Concept Activation Veclors (TCAY)
(a) () fiiR* R
. | I e
1 | e
i Hm i
@ F PR 2
@, & @
(LAY
u v i
h,.nn L I'ening with Concept Activation Vectors: Given a user-defined set of examples for o concept (e.g-. “striped”), and random

g-dats evamples for the sudied cl ) 05, and 3 trabned network (£, TCAV can quastify the model’s
u:mlnll;’ u-uu—.mrp‘ fioe that chass. CAVs are bearned by Iraining a linear chassifier 1o distinguish between the activations produced by
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https://github.com/tensorflow/tcav

Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond feature
attribution: Quantitative testing with concept activation vectors (TCAV). International Conference on Machine Learning
(ICML), 2018. 2673-2682.
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TUY, Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) ~ @Hci-kno

» Terminal (leaf) node: 7'(pg)

» And-Or node: 1 (pe). V™ (pe)

» Set of links: E(pg)

» Switch variable at Or-node: w(r)
» Attributes of primitives: a(r)

- Ay = 1 _E
P(pg:O,R.A) - Z(e)exp( £(pe))

pe)= Y, AvON+ Y Ala@)

vel ™ (pg) vel ™ (pg ) Tipg)
o+ LV,
2 AOw7,.P)
(L1eE(pr)
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TY. Stochastic Model on AND-OR graph: Zhaoyin Jia (2009)  @Hci-koD s

» Terminal (leaf) node: T(pg)

» And-Or node: 7" (pg).V™ (pg)

» Set of links: £(pg)

» Switch variable at Or-node: W(f)
» Attributes of primitives: «(r)

1
plpg @ R.A) = 7@ )cxp{ —&(pg)

fp)= Y AN+ 3 Afa)

veb™ () Vel ™ (pg T (pg)
Y AWvres)
(L ¥=E{px)

Spatial and appearance between primitives (parts or abjects)
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TY, Stochastic AND-OR Templates for visual objects @HCI-KDD
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Part dictionary
(terminal nodes)
Valid configurations
Zhangzhang Si & Song-Chun Zhu 2013. Learning and-or templates for object recognition and detection. IEEE
transactions on pattern analysis and machine intelligence, 35, (9), 2189-2205, doi:10.1109/TPAMI.2013.35.
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TUY, Stochastic Model on AND-OR graph: Zhaoyin Jia (2009)  @Hci-k0o:

» Terminal (leaf) node: 7(pg)

» And-Or node: V" (pg).V ™ (pg)

» Set of links: £(pg)

+ Switch variable at Or-node: w(r)
» Attributes of primitives: (1)

O.R.A 4
plpg: )= 7(9)1-'39( (pg))
S(pg)= Z AN+ Y Ala)
vel™ (g Vel ™ pg T (pg)

+ 2 A0v7,0)

(1.7¥eE(pg)

SCFG: weigh the freq at the children of di
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TY. Stochastic Model on AND-OR graph: Zhaoyin Jia (2009)  @Hci-koos

» Terminal (leaf) node: 7'(pg)

» And-Or node: 1 (pg).l"™ (pg)

» Set of links: E(pg)

» Switch variable at Or-node: w(r)
» Attributes of primitives: a(r)

B g
P(pg:O,R.A) - Z(e)exp( £(pe))

pe)= Y, AvON+ Y Ala@)

ver ™ (pg) veF = (g T pg)
o+ Z Ay
Ay (V¥ ¥ e Py)
(L1eE(pr)
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TY, Framework for vision: AND-OR Graphs @HCI-KDD
0 and-node
&5 or-node
0 el node

= Algorithm for this
framework

= Top-down/bottom-up
computation

= Generalization of
small sample

= Use Monte Carlos
simulation to synthesis
more configurations

= Fill semantic gap

K

Images credit to Zhaoyin Jia (2009)
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TUY, Stochastic Model on AND-OR graph: Zhaoyin Jia (2009) ~ @Hci-kpo:

+ Terminal (leaf) node: 7'(pg)
» And-Or node: ¥ (pe). V™ (pg) ot
» Set of links: £(pg)

» Switch variable at Or-node: (1)
» Attributes of primitives: «(1)

|
Ppg:@©.RA)= cXP{ £(pg)

S(pe)= Z A4 Y Ale@)

vl (pe) veb ™ (pe T ipg)

+ Y Av.ren)

(L)eE(pg)

Weigh the local compatibility of primitives (geometric and appearance)
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TUY. Stochastic graph grammar/comp. object representation @Hci-koo:i

B B 87 B3 B4 03 %8 &7 OR @3

Liang Lin, Tianfu Wu, Jake Porway & Zijian Xu 2009. A stochastic graph grammar for compositional object
ion and ition. Pattern ition, 42, (7), 1297-1307, doi:10.1016/. patcog.2008.10.033.
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™ @HC-KDD 5

Future Work
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TY. Explanations in Artificial Intelligence will be necessary ~ @Hcl-kno -

TY, Combination of Deep Learning with Ontologies @HCI-KDD

TY. Seemingly trivial questions ... ? @HCI-KDD

“Does your car have any idea why my aar pulled it over?”

[
i
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(1)Explaining Deep Tensor Output both inference result and reasons
the reasons P {inference factors)
for judgment

Input

Inference result nference factors

B +

i
Inference factor identification

Knowledge Graph
e e ey

e

T —.

|

o | Knowledge graph generates a logical path
(2)Explaining e from input to the inference result
the basis (evidence) =g
for judgment =

Explainable Al with Deep Tensor and Knowledge Graph

http://www.fujitsu.com/jp/Images/artificial-intelligence-en_tcm102-3781779.png
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TU. IBM is doing it now: teaching meaningful explanations ~ @Hcl-koo:

Teaching Meanineful Fxol :
w
£
. E
=g Somd €. F. Coudella,” 3 “ .
G2 ‘Murry Camphbell, Amit [uramahar, Kesh K. Variaey, Dnnis Wei,
£2 : Alekcandra Majuieric
g2 % * Thew asthers contrised exaally
2859 = M Rescarch
55 A Yot Heightn, XY 10995
TS . . {necodell binds knatesa, sces, adburas, Krvarshn, dvel alsisant}ou, ihe, oo
3w |3
g52% =
£583S |=
Eos T | = Abstract
€224 |¢g
sEegg |7 The o masch ficatioery ach v hab
SZE8 adogeion of s his ing im high-atshis spplications ach s -
- T T i bt s et il by coplaa
23 i b mer. ¥
£90 98X 7 for docivions and ostcomes. b this puger, wr proposs an approach in posrale
I 29 A sch xplanations i which Buinmy dats is ssgrsicd 1o mclude, in adition W
s Ex 4 O features s labeh, expl: Ajo
28« 5 | | b Labes the fes This sim-
E>g 2 |— e iea s st cupk i J
SE2E - s kairwlodge of the comusi:. Euabuatiin sparm sullple sundela tech-
. 5% 5 | wipecs i @ i gaan: diac. ua image el chesmical ik dtanet.
2323 % owing Bt o appeach . grmeriusiike wcrme demaim e sigorihn. e,
3= E % s ip——" seliably aught 3 mackine
TRg W - Jgvritne
3EZ8 = Y
cE23
SR 3
SEds |2 1 Introduction
Ssec =
SELT — Mew sepulations call for sstumatod dectissn making syt & provide “messingfl informatss™
2&88s U i T3, Seibst i 7 of “meansmgtel
= b 2 s tha intratuat,
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= What is a good explanation?

= (obviously if the other did understand it)

= Experiments needed!

= What is explainable/understandable/intelligible?

= When is it enough (Sattigungsgrad — you don’t
need more explanations — enough is enough)

= But how muchisit ...
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