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Definitions

ATointerpret means to give or provide the
meaning or to explain and present in
understandable terms some concepts.

Aln Al, and in data mining and machine
learning, interpretabilityis theability to
explainor to provide the meanin
understandable terms to a human

- https://www.merriam-webster.com/

FinaleDoshiVelezandBeenKim 2017.Towardsa rigorousscience ofnterpretable machinelearning. arXiv:1702.08608v?2.
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What Is a Black Box Model?

A black boxis a model, whose
Internals are either unknown to
the observer or they are known

x1 —
but uninterpretable by humans.
X2
X3 — Example:
@ —C ADNN
ASVM
AEnsemble

Guidotti,R, Monreale, A.Ruggieri S.,Turini, F, Giannotti,F, & PedreschiD. (2018)A surveyof methodsfor explainingblack box
models ACM ComputinéurveygCSURB1(5), 93.



Interpretable Models

sex?

female

male

e 2@' survived
Pclass? ‘
3rd class > | not survived
y survived
age? \
> 14 not survived

Decision Tree

PREDICTION: p(survived = yes | X) = 0.671
OUTCOME: YES

Feature contribution
|
PClass - -0.344
Age | -0.034

Sex ‘ 1194 |

Linear Model

if condition1 A conditions A conditions then outcome

Rules

Value

3rd
52

female



Rulebased

radius texture perimeter area smoothness compactness concavity concave points symmetry fractal dimension

X 0.09 -1.34 0.05 -0.01 0.21 -0.563 -0.38 -5.59e-02 1.04 -1.22
concave points <= 0.086
gini = 0.46 )
L“ms;g?';;;;;gm concave points = - 0.056 <=0.086 AND
class = benign area = - 0015 <= 0143

True \ THEN benign

texture == -0.122
gini = 0.5
samples = 10
value =[5, 5]
class = malignant

gini = 0.472
samples = 21
value = [8, 13]
class = benign

‘cnncave points <= 0.633

gini = 0.49
samples = 7
value = [3, 4]
class = benign




Instancebased Models

area smoothness compactness concavity concave points symmetry fractal dimension

radius texture perimeter

X 0.09 -1.34 0.05 -0.01 0.21 -0.53
x1 -0.05 -0.94 -0.10 -047 -0.07 -0.52
W2 -0.14 -1.13 -0.16 -0.23 0.12 -0.43
x3 -0.49 -1.60 -051 -0.52 0.49 -0.66
x4 0.15 -1.30 0.12 0.04 0.16 -0.27
x5 -0.33 -0.70 -0.37 -0.38 -0.13 -0.80
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target

-0.38 -5.59e-02 1.04 -1.22 benign

-0.55 -2.89e-01 1.17 -0.62 benign

-0.26 -9.39e-03 0.32 -0.75 benign

-0.61 -2.92e-01 0.60 -0.47 benign

-0.05 -1.22e-01 -0.24 -0.94 benign

-0.62 -8.37e-01 0.79 -0.75 benign
oy
Y

B A »

dist
0.00
0.87
0.98
1.38
1.38

1.43



Linear Models

area smoothness

radius texture perimeter

X 0.09

-1.34

0.05

-0.01

0.21

compactness concavity concave points symmetry

fractal dimension

symmetry

concave points 4 -1.

concavity -
compactness
smoothness
area -
perimeter
texture
radius

bias

I
o4l

-

__[E

2.1

T
-1.6

T
-1.1

T
—-0.6

T
-0.1 0.4 0.9

1.4

1.9

-0.53 -0.38

-5.59e-02

1.04

fractal dimension

-1.22

fractal dimension: -1.22 -
symmetry: 1.04 1
concave points: -0.06
concavity: -0.38
compactness: -0.53 -
smoothness: 0.21 -

area: -0.01

perimeter: 0.05
texture: -1.34

radius: 0.09 -

bias

0.51

-0.46

0.09

0.46

-0.29

0.26

0.02

-0.04

-0.08

0.95

2.10

2.1

T T T T
-6 -11 -06&6 -01 0.4

0.9

1/(l+e” -1.98)=0.87

A Dbenign

1.4

1.9

2.4



Considerations

AThe interpretability of a model depends on the domain in which decisions are
made and how explanations are conveyed to the user.

AConsider data transformations that can be utilized by interpretable models
without requiring external knowledge is important to foster interpretabllity.

FEATURES




—" XN 7,' o
S
‘» / »
Vi S « 4
£
’
Lt «t
./’\
va P
/

Motivations For Explanation Meth

A N \\\:9\[‘ #
VA



COMPAS Recidivism

DYLAN FUGETT BERNARD PARKER

Prior Offense Prior Offense

1attempted burglary 1resisting arrest p»
: without violence
¥  Subsequent Offenses
% 3drug possessions Subsequent Offenses

! None
LOW RISK 3 HeHRISK 10

Fugett was rated low risk after being arrested with cocaine and
marijuana. He was arrested three times on drug charges after that.




The Wolf and the Husky
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Right of Explanation

General

¥ Data

% Protection
Regulation
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Explanation in different Al fields
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Featurelmportance, PartiaDependencéPlot, IndividualConditionalExpectation
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layer p layer w Layer s
oy —
 iranafomed | — Y
imput ek ,"'\__P'_F;"-:.' — \',_..-"r'_ [
-, Btk I - L _— \-_FJ | 1
' “ f I} . Y e / | |
e LN e |I |
-, / d e =N -l
. P F /"\ "'\--.c""f‘.""'..,\ P | outpul of
— b . — “‘L"/A"\. " — } 1 b PR P
e — -\r/_ ke - classifier
\ - p o \' W & | meetwnrk
Frcumnstructod _,--'.]’:'..---.1:.- . S M ,1\ . | [ (b= f)ix)
arpt I —— .'-._ - .-f’-‘_‘l‘ \"-\._ - \ |
(010 ; "~/ N
..___II./ \"r;/ U %
| B s’ WA
R —

Auto-encoder

Oscar LiHaoLiu,ChaofanChen, Cynthi&®udin Deep Learning for Case
Based Reasoning Through Prototypes: A Neural Network That Explains
Its Predictions. AAAI 2018: 353637

Loy [T < 008
ROE < 104

of {SOL € 1T.5
TA < 3165570)

SurogateModel

Mark Craven, Jude W. Shavlik: Extracting-Steectured
Representations of Trained Networks. NIPS 1993®4



Explanation in different Al fields

AMachine Learning
AComputer Vision

(@) Input Image (b) Ground Truth (c) Semantic Segmentation  (d) Aleatoric Uncertainty (e) Epistemic Uncertainty

UncertaintyMap

Alex KendallyarinGal: What Uncertainties Do We Need in Bayesian Deep Learning
Computer Vision? NIPS 2017: 558890

Integrated  Gradient

. » Edge
Original , Guided  Guided Integrated Gradients
Image Gradient SmoothGrad pgackprop GradCAM  Gradients SmoothGrad  Input Detector
£ o ™
¥ & = .. .. _“‘4"- <> o ®
. ~ oo Gt
SaliencyMap

Julius Adebayo, Justin Gilmer, Michisieielly, lan JGoodfellow Moritz Hardt Been
Kim: Sanity Checks for Saliency MayerlPS2018: 95259536



Explanation in different Al fields

AMachine Learning
AComputer Vision

AKnowledge Representation and Reasoni

larm)| J mper ). 1
| tamperimgh | fire | Pladarm|=fire A fanp A0
- I A ), (M)
nyfals &8
” _ Pileaving|alarm) W)
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report | u nol s 0L, esmoke| mo. no) @ 0,99,

A%ductionReasoningin BayesiarNetwork)

David Poole: Probabilistic Horn Abduction and Bayesian
Networks.Artif. Intell. 64(1): 81129 (1993)
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Diagnosidnference

AlbanGrastien Patrik Haslum SylvieThiébaux Conflict
Based Diagnosis of Discrete Event Systems: Theory and
Practice. KR 2012



Explanation in different Al fields
s @ e @ i

AMachine Learning “"}'\
AComputer Vision - =S -

. R —
AKnowledge Representation and F.c

UouUIl Il ) ]
,&'bentStrategySummarlzatlon

AM U Itl -age Nt SyStemS OfraAmir, FinaleDoshiVelez, Davidame Agent Strategy Summarization.

AAMAS 2018: 1268207
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Explainablédgents

JoostBroekensMaaikeHarbers Koen VHindriks Karel van den BosdBatholijinM. Jonker John
Jules Ch. Meyer: Do You Get It? UBealuated Explainable BDI Agents. MATES 20130 28



Explanation in different Al fields

AMachine Learning
AComputer Vision [t |
AKnowledge Representation and Reasonir s

AMulti-agent Systems —
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ExplainabldNLP

Hui LiuQingyuYin, William Yang Wang: Towards Explainable NLP: A Generative
Explanation Framework for Text ClassificatiGoRRibs/1811.00196 (2018)



Explanation in different Al fields

AMachine Learning

AComputer Vision _ﬂ; * S A *’*f’\?_gl
AKnowledge Representation and Reasonir - & 2
AMulti-agent Systems 5 /\
ANLP

Humanin-the-loop Planning

APlanning and Scheduling

Maria Fox, Derek Long, DaniélagazzeniExplainable PlanninGoRR
abs/1709.10256 (2017)



Explanation in different Al fields

Robot: | have decided to turn left.

AM h . L . Human: Why did you do that?
a-C I ne earn I n g Robot: I believe that the correct action is 1o turn left

BECAUSE:

A 1l I'm being asked to go forward
Com p Uter VIS IO n AND This area in front of me was 20 cm higher than me

*highlights area®

AKn OWl ed g e Re p reS e ntati O n an d Re aSO n I n g :?1::.]‘-::};?;;1*[;‘:;;?1:;Et-“]ff:n]::: maximum protrusions of less

AND I'm tilted to the right by more than 5 degrees.
Here is a display of the path through the tree that lead to

/ \M U Itl _age nt SySte| I IS this decision. *displays tree®
Human: How confident are you in this decision?
AN LP Robot: The distribution of actions that reached this leaf
node is shown in this histogram. *displays histogram®
. . This action is predicted to be correct 67% of the time.
AP I an n | n g an d S C h ed u I | n g Human: Where did the threshold for the area in front come
from?
Robot: Here is the histogram of all training examples that

ARO bOtICS reached this leaf. 80% of examples where this area was

above 20 cm predicted the appropriate action to be “drive
Torward™.

From Decision Tree to humdnendly information

RaymondKaMan Sheh "Why Did You Do That?" Explainable Intelligent
Robots. AAAI Workshops 2017



Explanation aBachineHuman Conversation

[Weld and Bansal 2018]
{
r

1
ML Classifier

!

C: I predict FISH

- Humans may have followp questions
-9ELX FylFGA2ya Olyy20 FFyasgSNI | f f



Explanation aBachineHuman Conversation

[Weld and Bansal 2018]
0 H: Why?
C: See below:

{
r
1
ML Classifier |
‘ Green regions argue
for FISH, while RED
C //”""/" t FISH /)I(.\/h"\ {UH(H'(/.\ DOG

There s more green
- Humans may have followp questions
-9ELX FylFGA2ya Olyy20 FFyasgSNI | f f



Explanation aBachineHuman Conversation

H: (Hmm. Seems like it might
be just recognizing anemone

[Weld and Bansal 2018]
0 H: Why?
C: See below:

Ir texture!) Which training
examples are most influential
to the prediction?

| C: These ones.
ML Classifier :
‘ Green regions argue
for FISH, while RED
C: I predict FISH pushes towards DOG.
There's more green

- Humans may have followp questions
-9ELX FylFGA2ya Olyy20 FFyasgSNI | f f



Explanation aBachineHuman Conversation

[Weld and Bansal 2018]

0 H: Why? H: (Hmm. Seems like it might H: What happens if the
/ C: See below: be just recognizing anemone background
- texture!) Which training anemones are f
examples are most influential removed? E.g., a
to the prediction?
l C: These ones
ML Classifier _ C: I still predict
‘ Green regions argue FISH, because
o for FISH, while RED of these green
C: I predict FISH pushes towards DOG superpixels:
There's more green

- Humans may have followp questions
-9ELX FylFGA2ya Olyy20 FFyasgSNI | f f



Rolebased Interpretabili
Ols-the-explanationhterpretable & dlowhomhA a U KS SELI |y F UA 2\

No Universally Interpretable Explanations!

AEnduserst! Y L o06SAy3 {(NBI {%
a/ by L Ozyid ,

A
a2 KEFE{j Q2dZ R,L R
LJ2aAUAOBBS 2dzi O2Y Mechine 8 ;8 :69:)

U

AEnzgmeers data scientists, a L a_ Y.e [ Oporsors  Biostars Decin
Nl Ay3 Fa R Sa )\ Y SR |
ARegulatorsk La AG O2YLIX Al g Tomsett et al. 18]

Data-subjects

An ideal explainer should model tiser
background.

[Tomsett et al. 2018, Weld and Bansal 20R8ursabzSangdel2018,Mittelstadt et al. 2019]



XAl Is Interdisciglina[x

AFor millennia, philosophers have
asked the questions about what Setonce
constitutes an explanation, what
IS the function of explanations, \
and what are their structure

A[Tim Miller 2018]

Human-Agent
Interaction

Artificial Human-Computer

Intelligence Interaction






XAl Taxonomy of Explanation Methods

Explanation
Methods




XAl Taxonomy of Explanation Methods

Explainable By

—  Design Methods -
(Intrinsic Explainability)

Explanation
Methods

Black Box -

— Explanation Methods
(Post-hoc Explainability)




XAl Taxonomy of Explanation Methods

Blackbox System

 —— / / W
Explainable By
DES|gn MEthOdS B |nput Data y
. (Intrinsic Explainability) Interpretat;;i’i‘ty Transparent System
Explanation
Blackbox
Methods
Black Box . by
— Explanation Methods _,'—> ®
(Post-hoc Explainability) [~ \
Explanation

Input Data

—J

Explanation Sulsystem




XAl Taxonomy of Explanation Methods

Explanation
Methods

Explainable By

Design Methods
(Intrinsic Explainability)

are

Global and Model Specific

Black Box

Explanation Methods
(Post-hoc Explainability)




Explainable by Design Method

Interpretable Prediction and
Dataset .
Model »  Explanation » User
X
c y, e =c(X)
Outlook

Sunny Rain

/ v

Humidity Wind Overcast

A A \
High  Normal Strong  Weak
[\ [\
No || Ye No

S Yes Yes




XAl Taxonomy of Explanation Methods

Explanation
Methods

Explainable By

Design Methods
(Intrinsic Explainability)

are

Global and Model Specific

Black Box

Explanation Methods
(Post-hoc Explainability)

can be

> Global

> Local




Black Box Explanations: Global vs Local

Br/li;k dz?x | Prediction
p y =b(X)
Dataset
X | | User
Explanation :
Method | Explanation
e =f(b, x)
f
Outlook
If Outlook = Sunny and Humidity = Normal
Sunn Rain then Play Tennis = Yes
Humidity Wind Overcast
A A e Outlook:0.7
High  Normal Strong  Weak « Humidity: -0.4
/ \. / \ e Wind:0.0
No || Yes No || Yes Yes

Global Explanation Local Explanations



XAl Taxonomy of Explanation Methods

Explainable By

— Design Methods _are, Global and Model SDECiﬁC
(Intrinsic Explainability)
Explanation > Global
Methods Black Box can be .. Local
— Explanation Methods —
(Post-hoc Explainability) === = » Model Specific
* Model Agnostic




Black Box ExEIanatlons Specific vs Agnostic

Brnikdzcl}x I | Prediction
A ! y = b(X)
3 Dataset I I U
Model Specific X l - : -
Explanation | Explanation
Method I > epzf(b X)
fis black box/'/ f 1 ’
dependent
Bll?/li)kdicl)x | Prediction
A y = b(X)
Model Agnostic Dataset User
X A J
Explanation -
Mothod J Explanation
p e =f(b, x)

fis black box_~~=
independent



Types of Data

Table of baby-name data
(baby-2010.csv)

Field
name rank gender year —_—anmes
Jacob 1 bo 2010
7 T~ One row
Isabella 1 girl 2010 (4 fields)
Ethan 2 boy 2010
Sophia 2 girl 2010
Michael 3 boy 2010
] B |
' 2 '
8 2000 rows 8 H g
. all told [ . ! . A\ <
\ 3
gy <7 ¢ picture
\\ O
v S)

Tabular
(TAB

Text
(TX7



Types of Explanations

ATabular Data Almages AText
ARulebased ASaliency Maps ASentence
ADecision Tree AConcept Attributions ~ Highlighting
AFeatures Importance APrototypes AAttention-based
APrototypes ACounterexemplars ~ APrototypes
ACounterexemplars ACounterexemplars
If Outlook = Sunny and Humidity = Normal X) 9 abele Ilme sa grad |ntg e|rp

then Play Tennis = Yes

e Qutlook:0.7
* Humidity:-0.4
* Wind: 0.0

.?.%v@@%‘?







TREPAN



Tregan

AGlobal explainer designed to explain NI
but usable for any type of black box.

.00 .00
58%

.33 .67
2%

.80 .20 .80 .20 .17 .83 .04 .96
3% 2% 7% 27%

Alt aims at approximating a NN with a D™ .2, o 20
classifier using besn-of-n rules. B
AAt each node split the feature to split is
selected on the original data extended #
with random samples respecting the [] ]

current path.

Alt learns to predict the label returned by
the black box, not the original one.



Trepan pre——

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16

T =
Q =
while

black box
auditing

benign
.65 .35

(ves }FUniformityCellSize < 2.5

N, X C = pop(Q)
ZN ="random (X O | | |
vz =B,y =bX = B v [
|f same class (y = VY, 2 3%
continue
best_split Xy Zy ‘
:best:n%3 - of - g_gplit ?S Ya)
update with_split (N, S0)
foreach  condition c n SO
C = new child of (N)
C.=CN " {¢
Xe = select with_constraints XnC N
pUt (Q <C C C >)

S
S
N

11 O Il

Mark Craven andudeW Shavlik 1996.Extractingtree-structuredrepresentationsof trained networks. NIPS.

benign malignant
.80 .20 A7 .83
0, 0,

malignant

.97 .03 .16 .84
60/ 40%

BareNuclei < 4.5 ——UniformityCellShape < 2.5
root_of the tree 0 it
T X {}> ] . ] niformityCe:ISize<4.5

Q not empty & size (T)< limit ﬁ
9%

BareNuclei< 2.5




LIME



Local ExEIanation

AThe overall decision /
boundary is complex I

+

Aln the neighborhood of a - + 1
single decision, the _I_f
boundary is simple

AA single decision can be
explained by auditing the -
black box around the I
given instance and I
learning adocal decision. I




Local Interpretable Modelgnostic Explanations

0 |
ALocal modehgnostic explainer that reves dusation_in_month <= ..
. . 0.l

the black box decisions through features g R

- - o9

Importance/saliency maps. personal.status_sex=.

. . .07

Alt locally approximates the behavior of a installment_as_income...

Ml oo

black box with a local surrogate expressed
asa linerregressor (with Lasso or Ridge
penalization).

ASynthetic neighbors are weightedr.t. the
distance with the instance to explain.




3 4 3 6 0.1 0.7 0.2




3 4 3 6 0.1 0.7 0.2

3 4 5 6 0.0 0.4 0.6




3 4 3 6 0.1 0.7 0.2

3 4 5 6 0.0 0.4 0.6
3 2 3 8 0.3 0.6 0.1




3 4 3 0.1 0.7 0.2

6
3 4 5 6 0.0 0.4 0.6
3 2 3 8 0.3 0.6 0.1
5 2 3 6 0.0 0.3 0.7
2 4 4 7 0.0 0.8 0.2



LIME

Sepal lengthl Sepal width | Petal length| Petal width

3 4 5 6 0.0
3 2 3 8 0.3
5 2 3 6 0.0
2 4 4 7 0.0
\ J
|

Train a Linear Regressor




3 4 3 0.1

6
3 4 5 6 0.4
3 2 3 8 0.3
5 2 3 6 0.0
2 4 4 7 0.0
\ J
|

Train a Linear Regressor

1

Returns the coefficients as Explanation




LIME

01
02
03
04
05
06
07
08
09

Features Importance

0 1

duration_in_month <= ...

0.11
ﬂcmum_check_stamsz...
— {.09
L= {} personal_status_sex=...
X instance to explain ool .
anstallment_as_mmnm...
A ' 007
X 0 real2interpretable (X) crodit_history=crific Hl'i
0.06

for i+ in {1, 2, é&, N }
z; = sample around ( x 0)
Z = Interpretabel2real (z0)
Z=7Z =~ {<z;,b( z),d(x, z)>}

w = solve Lasso (Z, k) N

black box
return W auditing

Marco TulioRibeirg SameeiSingh and Carlos&uestrin 2016.Why shouldi trust you?:
Explaininghe predictionsof any classifier KDD.




LIME

A LIMEturnsan image x to a
dSOG2NI EQ 277
superpixelsexpressing
presence/absence.

A It generatesa synthetic
neighborhood Z by randomly
LISNIIdzNDAY3 EQ
with the black box.

A It trains a linear regression
model (interpretable and
locally faithful) and assigns a
weight to eachsuperpixel

r |21 ] oa
1 | 10| 0 1 |11 |1 0.58
1 |1 (1[0 O | 0|1 |1 0.15

M

3
g

L
" L =
Z u&‘é‘gbl




LORE



LCral Rule-basedExplainer

ALORE extends LIME adopting as locs WA
surrogate a decision tree classifier 7
and by generating synthetic N N
Instances through a genetic A AN N
procedure that accounts for both denyp iy gy

Instances with the same labels and
different ones.

Alt can be generalized to work on
Images and text using the same data
representation adopted by LIME.



parent 1 | 25 @ clerk | 10k @ yes
parent 2 | 30 | other | 5k | no
1
LORE children 1 | 25 @ other | 5k | yes
children 2 | 30 | elerk | 10k @ no
01 X Instance to explain parent [ 25 | clerk | 10k | yes
02 Z_ = geneticNeighborhood (X, fitness -, N/2) children 2”"7 ek ﬂi o5
03 Z; = geneticNeighborhood (X, fitness i, N/2)
04 /=7 _ < ZI' L black box
05 c¢c= buildTree (Z, b(2)) auditing
06 r=(p ->y) = extractRule (c, X)
07 a = extractCounterfactual (c, I, X)
08 return e =<, q >
age < 25
tru, \f@\
Clei/”b hor m“‘megio NI T 893S X npxz e2deny Of
wmcome < 900 age < 17 job grant _ .
K \ clery \)‘ther U = {({|nC0me > 900} grant)’
: deny:, .gmntdeny .:’gm;?.,t:. deny grant ({M T >K l JabS—_ Oﬂher}'ﬂ’ grént)}

S

-



LORE

Ir] =

Clore —

{ Education = Bachelors,

Occupation = Prof-specialty, Sex = Male,
NativeCountry = Vietnam, Age = 35,
Workclass = 3, Hours Week = 40,

Race = Asian-Pac-Islander,
MaritialStatus = Married-civ,
Relationship = Husband,

CapitalGain = 0,

CapitalLoss = 0}, > 50k

{ Education > 5-6th, Race > 0.86,
WorkClass < 8.41,

CapitalGain < 20000,

CapitalLoss < 1806 } — > 50k

{CapitaILoss > 436 } — < 50k Clore

x2 = { Education = College,
QOccupation = Sales, Sex = Male,
NativeCountry = US, Age = 19,
Workclass = 2, HoursWeek = 15,
Race = White,
MaritialStatus = Married-civ,
Relationship = Husband,
CapitalGain = 2880,
CapitalLoss = 0 }, < 50k

Tlore = {Education < Masters,
Occupation > -0.54,
HoursWeek < 40,
WorkClass < 3.50
CapitalGain < 10000,
Age < 84} — < 50k

=  {Education > Masters } — > 50k

{CapitalGain > 20000 } — > 50k
{Occupation < -0.34 } — > 50k



LORE on Medical Images

AThe goal is to classify o
dermoscopiamages among  *

200

categories such as: Melanomar
(MEL), Melanocytic Nevus (NVJ)
Basal Cell Carcinoma (BCC), *
Actinic Keratosis (AK), etc. :

50

AThe original is classified as AKx

AThe counterfactual as BCC. 2




SHAP



Shapely Values

AA prediction can be explained by assuming that each feature value of
the instance is a "player"” in a game where the prediction is the
payout. Shapley valuesa method from coalitional game theory
tells us how to fairly distribute the "payout” among the features.

AExample: A black box predicts apartment prlces For a certain
F LI NOYSYUd AG0 LINBRAOGA e€eonnzZnnn
prediction. The apartment has an area of 58 m located on the 2nd
floor, has a park nearby and cats are banned.

~r L) == €300,000

50 m?
2nd floo



Shapely Values and Game Theory

ACKS | OSNI IS LINBRAOUAZY A& e€eomMnz
contributed to the prediction compared to the average prediction?
AThe "game" is the prediction task for a single instance of the dataset.

AThe "gain" is the actual prediction for this instance minus the average
prediction for all instances.

AThe "players" are the feature values of the instance that collaborate
to receive the gain (= predict a certain value).

AThe explanation could be: Tharknearbycontributed o
€ 0N ZareaB00D2 Yy U NRA 0 dzu flodt-2nd @ 21 ¥ in WIn Gcelzll S R
bannedcontributed-ce pnZnnnd® ¢ KS O2 yelMAA Doz
the final prediction minus the average predicted apartment price.



Shapely Values Example

AThe Shapley value is the average marginal
contribution of a feature value across all

possiblecoalitions(combination of fixed featul 4

values). | : Sy=) ==, €310,000
AWe evaluate the contribution afat-banned o

when it is added to a coalition park- /' e X

nearbyandarea50.

AWe simulate that onlpark-nearby,cat-
bannedandarea50are in a coalition b¥
randomg/ drawing another aﬂartment rom the
data and using its value for the floor feature.

AThefloor-2ndis replaced by the randomly
drawnfloor-1st.

AThen,we predict the price of the apartment , ,
pAUK UKAAa OZ2YO0OAYIFIUAZ2ZY oOoeomMnZnnnud



Shapely Values Example

Aln a second step, we remowat-bannedfrom
the coalition by replacing it with a random ve'''~
of the cat allowed/banned from the randomly
drawn apartment. In the example it waat-
allowed, but it could have beerat-

"\-\.}\- {ia‘
=y=, == €310,000

bannedagain. \/ X
AWe predict the apartment price for the coaliti
of park-nearbyandarea500 € o H n 2 n n | | I
AThe contribution otatbanneds | & € o €8 ) T T €200

ceoOHN2Z-amnhnnd ¢KAaA S 50
the values of the randomly drawn apartment VAR \/
that served as a "donor" for the cat and floor

feature values.

AWe get better estimates if we repeat this
sampling step and average the contributions.



Shapely Values Example

AWe repeat this computation for all possible coalitions. ‘®
AThe Shapley value is the average of all the marginal s | i
contributions to all possible coalitions. 4 s A

AThe computation time increases exponentially with the = o,
number of features. |

AFor each of these coalitions we compute the predicted 2n o
apartment price with and without the feature valuat-
bannedand take the difference to get the marginal
contribution.

AWe replace the feature values of features that are not in a
coalition with random feature values from the apartment
dataset to get a prediction from the black box.

Alf we estimate the Shapley values for all feature values, we
get the complete distribution of the prediction (minus the
average) among the feature values.



SHAP

ASHAPSHapleyAdditive 9(=) =0+ 3 612
exPlanationsassigns each

feature an importance value ¢:= »_ of (|F||;||S| "D fovay@sugy) - fs(as)

for a particular prediction by SCF\{#) .

means of an additive feature . . L, e Igmer;fﬁtg“t’er L

attribution method. T ——
Alt assigns an importance value

to each feature that represents TR

the effect on the model :

prediction of including that
feature

IIIII

A Lundberg Scott M., and Sin Lee A unified approachto interpreting model
predictions Advancesn Neurallnformation Processing Systen2917. T N I




SHAP on Tabular Data

lastance x  ¥="4 174 | 1
Iﬂ&hﬂﬂ ”{H : _{1:_# Weisht | Clor
‘absent” 27 A O
Lealvics

—_— Fedlure Va\,ueﬁ

An;.::, | Weight | Color
“05| 20 | Ble

Aﬁc l We g;"ﬂ Color
Z° o5 | w nm

4'4 ’?.nk




SHAP on Images
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Saliency Maps



Saliency Maps

A A saliency map is an image in which a pixel's brightness represents how salient the pixel
IS. A positive value (red) means that the pixel has contributed positively to the
classification, while a negative one (blue) means that has contributed negatively.

A There are two methods for creating SMs.
1. Assign teevery pixela saliency value.

2. Segment the image into differepixel groups guperpixelsor segmentsiand then assign a
saliency value for each group.

=9 abele Ilime sal grad mtg elrp

8l ERRE

b(x)=0 abele Ilime sal grad mtg elrp

PloBle 000



Saliency Maps

Model

Prediction 5 6 3 dog shower cap seashore
Original
LIME
E-LRP
IntGrad
. o



Model
Prediction

shower cap seashore

Original

GradCam++



Integrated Gradient

AINTGRAD can only be applied to differentiable models.

AINTGRAD constructs a path from the baseline inta@@kthe inputx
and computes the gradients of points along the path.

AThe points are taken by overlappirgvith X', and gradually modifying
the opacity ofx. Saliency maps are obtained by cumulating the
gradients of these points -

- Mukund SundararajanAnkur Taly Qigi Yan Axiomatic
Attribution for DeepNetworks arXivpreprint
arXiv:1703.01365. 2017




MASK

01
02
03

04

X instance to explain black box
varying x i nto x6 maxi mrke( mﬁﬁ B )
the variation runs replacing a region R of x with:

constant value, noise, blurred image
reformulation: find smallest R such that b( Xr) L b(X)

flute: 0.9973 flute: 0.0007 Learned Mask

RuthFongand Andreavedaldi 2017 .Interpretable explanationsof black boxes bymeaningful perturbation. arXiv:1704.03296 (2017).



Sentence Highlighting

INTGRAD

LIME

Deeplift

Gradient x Input

the GV is not that Il . ringo lam BN . | B&I8 when van @& ##me has love in

his movies , van dam ##me is good only when i@ doesn 't have love in his [IEIES .

the movie is 8 that bad | ringo lam - | i haté when van dam ##me has love in his
movies , van dam ##me is good only when he doesn 't have love in his movies .

the movie is not that bad | ringo lam SHEKS | i haté when van dam ##me has love in
his movies , van dam ##me is good only when he doesn 't have love in his movies .

hat bad | fingo I BEBKS . | hate when van dam ##me has love in

theé movie is not tha
his movies , van dam ##me is good only when he doesn 't have love in his movies .




Instancebased Explanations



Instancebased Explanations

Alnstancebased explanation methods select particular instances of the
dataset or generate synthetic instances to explain black box behaviors.

Alnstancebased explainers are mainly local explainers.

Alnstancebased explanations only make sense if we can represent an
Instance of the data in a humanly understandable way.

AThis works well for:
Aimages
Atabular data with not many features
Ashort texts



Instancebased Explanations

AWe mainly recognize the following examjilased explanations:

APrototypes a selection of representative instances having the
same class of the instance under analysis. Among prototypes we
also recognize:

A Criticismsinstances that are not well represented by prototypes.

AlInfluential Instancestraining points that were the most influential for the
training of the blackbox or for the prediction itself.

ACounterfactualsa selection of representative instances having a
different classw.r.t. the instance under analysis.



Counterfactual ExEIanations

AA counterfactual explanation describes a causal situation in the form:
"If X had not occurred, Y would not have occurred".

AThinking in counterfactual terms requires imagining a hypothetical
reality that contradicts the observed facts.

AEven if the relationship between the inputs and the outcome to be
predicted might not be causal, we can see the inputs of a model as

the cause of the prediction.

AA counterfactual explanation of a prediction describes the smallest
change to the feature values that changes the prediction to a
predefined output.




iIncome: 1200
car owner: no
other debts: ye

Counterfactual ExEIa

ACounterfactuals answer why
decision has been made by
highlighting what changes in
the input would lead to a
different outcome.

Denied!

iIncome: 1200
car owner: yes

other debts: ye

Income: 1500
car owner: no

other debts: ye

ACF are not generalizations!!!

Accepted!




Generating Counterfactual qulanations

AA simple and naive approach to generating counterfactual
explanations isearching by trial and erromandomly changing
feature values of the instance of interest and stopping when the
desired output Is predicted.

AAs an alternative we can defimeloss functiorthat consider the
Instance of interest, a counterfactual and the desired (counterfactual)
outcome. Then, we can find tledunterfactual explanation that
minimizes this loss using an optimization algorithm

AMany methods proceed in this way but differ in their definition of the
loss function and optimization method.



Counterfactualsvith a Brute Force Procedure

m income other debts car owner

1200$
500% 10000%
m m
1200% 1200%

“ income other debts car owner “ income other debts car owner

500% 500%



Counterfactual®y OptimizationProblems

AMost of the counterfactual explainers return counterfactuals by
solving an optimization problem.

AThe problem is typically designed through thefinition of a loss
functionaimed at guaranteeing a set of desired properties.

AThe objective is to find a counterfactual instance that minimizes this
loss using an optimization (OPT) algorithm.




Optimized CF Search

Wachter et al. suggest minimizing the following loss:

> P |x;— :1:’.|

L(i::-m;:- yf:v /\) — )\ ) (f (‘T‘r) o yf)z + d(m? mf) d(il? EL‘
siece o5 pector " & D,
ance e precieton MAD; = median;cgy 1 (|zi; — mediancg oy (215)])

1.{IYLXS I NIXYR2Y / C EQ

2. Optimize the loss L

3. Ifnot |f(2/) — /| <e

4. Increase Lambda. Go to 2.

5 wSGdzNY G KS /1 C EQ G K rlieer oofesnboa Yoatadn S

without opening the black box: Automated
decisions and the GDPRO17. Harv. JL & Tech



Optimized CF Search

AThe loss function minimized by Wachter et al. is

Ab(z") — ') + d(x, 2"

Awhere the first term is the quadratic distance between the desired
outcomey' and the classifier prediction axi, and the second term is
the distance betweex andx'.

ALambda balances the contribution of the first term against the second
term.

WachterS Mittelstadt BD, Russell C (201Gpunterfactuakxplanationswithout opening the black boXAutomateddecisionsand the GDPRHarvJl& Tech31:841



Distance Functions

AManhattan distance weighed with the inverse median absolute
deviation MAD (used by Wachter)

113'—113

p
Z MAD MAD; = medi‘ani{{l,...,n}(|$i,j - Tﬂﬂdiaﬂfaz{l,.,..,n}(ﬂ?z,jm
j=1

AMixed Distance (used Byothilal)

i(a, Meon Z ‘MAD | Meat Z 1o,

ﬂm)n . Tt
1E con 1€ cat




DICE DiverseCounterfactuabExplanations

ADICEsolvesan optimizationproblemwith penalizatiortermsto
ensureplausibilityby similarityand diversity

Alt returns a set ok plausible and different counterfactuals frr

k k
o1 A1 .
C(x) = arg min Z; yloss(f(ei).y) + 7 ; dist(c;. x)

Cly....C i=

— Ao dpp_diversity(cy, ..., cx)

Mothilal RK SharmaA, Tan C (202@xplainingnachine learninglassifiergshroughdiversecounterfactualexplanations In: FAT*, ACMyp 607¢617
Mothilal RK, Mahajan D, Tan C, Sharma A (2021) Towards unifying feature attribution and counterfactual explanations: Ddfeyetat tmesameend In:
AIES, ACM, pp 6&@63



CounterfactualshroughHeuristicStrategies

AHeuristic strategies are typically much more efficient than
optimization algorithms.

AEfficiency is paid with solutions that are not necessarily optimal.

AThe search strategy is typically designed such that at each iteration,
IS updated with the objective ahinimizing a cost functian

AThe cost function is based on a local and heuristic choice aiming for a
valid counterfactual similar tg.



SEDGCG SearcHor Explanation$or DocumentClassification

AThe search is guided by local improvements via-fiesttsearch with pruning.

RoOaGGKS 1jdza O1 ONRgY TFT2E 2d2¥kdd of2 OSNI (K¢
_ - o _Input A
AG dhélj dzA O1 ONBgy F2E 2dzYlLld 2@SNJ GKS {11
Ad. 0. aguikiS NP gy F 2 F __2.dzY LJa_r 25 NI UKQ tllé R ;
Ko 6.6 K Srovindze B 2dzY LA 2 OSNJ G KS_ _f 1.1 a'eklo 34 ¢
AX
Ao dhé quickbrewnT 2 E 2dzYLJA 29OSNJ 6KS fF1 & R23E(
A0 0.4l K Brovindsad Y LJA 2 OSNJ 0KS _f I ] @& Rat@rgu r
Ao 6 40 K Srovintiiddes2 OGS NI 0 KSrv@4) & R2 3¢

Martens D,ProvostFJ (2014FExplainingdata-driven document classificationsMISQ 38(1):7%99



GSG GrowingSpheresseneration

AGSG relies on a generative Lf
approach growing aphereof 09}
synthetic instances aroundto 0sl

find the closest counterfactuat.

AGSG ignores in which direction th 0:6_
closest classification boundary

might be.
0.4F
0.3
0.2
¢
LaugelT, LesotM, Marsala C, Renard BetynieckiM (2018)Comparisorased 0.1F
inverse classificationfor interpretability in machinelearning In:IPMU (1),
Springey Communications in Computer and Informatione8ce vol 853,pp 0

100¢111 0 0.2 0.4 0.6 0.8 I



Counterfactualsvith InstanceBasedStrategies

AThe very simple but effective idea of instadz®sed (or casbased)
approaches for counterfactual explanation is to search into a
reference population instances to be used as counterfactuals.



NNCE NearestNeighborCounterfactuakxplainer

ANNCE is an endogenous p 5
counterfactual explainer inspire« |
by KNNclassifiers that select as "~
counterfactual(s) the instances "*[
in E £X most similar tax and 0.7}
with a different label, i.eb(xX')r .|
P(X).

ACandidate counterfactuals are
sorted with respect to the
distance betweerx, and thek 0.3F
most similar ones are selected. |

ShakhnarovichG, Darrell T, Indyk P (2008) Nearestneighbor methods inlearr

0 0.2 0.4 0.6 0.8 I



CBCECaseBasedCounterfactuaExplainer

ACBCE refines NNCE.

Alt adopts the notion of
explanation casex().

AGven X, anxcis a couple of
Instanceqx,X) such that
(X,X) are the two most
similar instances iXand
b(x)r Q@O0 EDU

Keane MT, Smyth B (2020) Gaeodnterfactualsand where to find them: A casébasedtechnique forgeneratingcounterfactualsfor explainable AI(XAl).
In: ICCBRGpringerLectureNotes in Computer Scienoeyl 12311,pp 168178



