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Localvs Globaéxplanations

Local
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Locallythedecisiomboundaryis simpler
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In this approachwe focuson
explaininganinstance
"Zoomingin" we canfit inherently
interpretablemodelthat will
approximatethe decisionof the
blackboxone
Theassumptionisnot alwaysvalid.
Thereare modelswhichhave
complexdecisionboundaryeven
locally

Term 'Locally isvague Thelocality
Issubjective

Whenzoomingin, wearelimiting
the numberof sampleghat canbe
usedfor training

Whatin caseof instanceghat are
far from thedistribution?



LocalModelAgnosticSurrogateModel

Localsurrogate
model

Localityawareloss
function

Blackboxmodel

\ /

——— ¢(z) = argmin L(f, g, 7.) + Qg

A

Interpretable
model

Sizeof the
neiborhood
(locality)

Complexityof
Interpretable
model




Whyshouldl trustyou?

MSE foregression Blackboxmodel

\ /

= argmin L(f, g, m;) + Q(g

geG
Linearregression Exponential
Lasso smoothingKernel

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. 2016. "Why Should |

Trust You?": Explaining the Predictions of Any Classifier. In Proceedings of

the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining (KDD '16). Association for Computing Machinery, New York, NY, USA,

113571 1144, https://doi.org/10.1145/2939672.2939778
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Anchors:HighPrebision ModeRgnostic Explanations
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Anchors

Precision and
Blackbox model
coverage

Complexitylimited
by thelength of
the rule

\ /

/

= argmin L(f, g, m.) + Q(g)

geG
Neighborhooddefined
Scopedules by thedesiredprecision
andanchorA

Ribeiro, M. T., Singh, S.GQuestrin C. (2018). Anchors: Higrecision ModeAgnostic Explanations. Proceedings

of the AAAI Conference on Artificial Intelligence, 32(1). https:/doi.org/10.1609/aaai.v32i1.11491




Perturbation

. - + This movie is not bad.
Aisananchorrule. Basicallya - —— N
. . . . This director is always bad.
conjunctionof conditions All possible OL b e e
. . IS stuff is rather honest.
combinationsof valuegoperatorsare § This star is not bad.
generatedfor eachcandidate T e
1D(.|A) | This novel is not bad.
\ | This footage is not bad.

]ED:c(z|A)[1f(:p):f(z):| > 7, Alz) =1 A Anchonsalsobas_edop the
(similap perturbationidea as LIME.
A Fortabulardata, thefeaturesof A arefixed,
and therest of the row issampledas awhole.
A Fortext, wereplaceother tokenswith
D.(z|A) isa perturbation | | Thresholdorecisionthat S|m|_lartokensfrom embgd_dmgspace_
datset wherethe is desiredto be A For image, weeplacem|35|ngsgperplxelsnot
rule/anchorAholds achievedby theanchor by grayingthem out, but byputting some

randomimage in aackground



Anchorscreation

ASelectinstanceto be explainedand
generatecandidateanchorsover
perturbeddatasetwith Beam
Search(to evaluatesmarterthan
one +1candidateat atime)

AEvaluatecandidatesvith MAB
approachto reducenumberof calls
to the model éachAisanarm)

AExtendthe candidatesby
additionalpredicate
BBox prediction: >50K L
Anchor: Education = Bachelors AND Relationship = Husband AND A If preCISI O npasseghe th reShO Id

Occupation = Sales retu rn anChOl'

Precision: 0.97 Coverage: 0.02



Pros anaons

AAdvantages

AProducesuleswith desired
precision anctoverage

AWorks forall typesof data
modality

AModel-agnostic
ANonlinearasopposedto LIME

ADisadvantages

AHighlyparametrizeddueto MBA
and BeamSearchalgorithmsused
asits corecomponents

ADoesnot producecounterfactuals

ATherulescanbe veryspecific(long
andunintuitive)

Alt isbasedon datageneration
therefore, maycreateanchorthat
ISboundedoverregionswhichare
"Impossiblé to be populatedwith
samplesan realworld
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Simplifythe processof rule generation

Local
MSEAccuracy

Blackbox model

Complexitylimited
by thedepth of
the decisiontree

Original data

istribution of original data

\ /

= argmin L(f, g,7,) + Q(g)

N

/

Decisiorntree

Neighborhood
generatedoby genetic
algorithmperturbation of
originalsample

SSSSSSS

LORE-generate d data

Distribution

of LORE-generate

d data




Datasetgenerationandexplanatiorncreation

Original data

Distribution of original data

SSSSSS

LORE-generated data

Distribution of LORE-generated data

A Generatesampledy maximizing
following fithessfunctions

fitnessZ(z) = Ip(x)=p(z) + (1 — d(x,2)) = Ly=;
fitness(z) = Iy(x)2b(z) + (1 = d(x,2)) = Ix=2

AFitnessuncitonsdeterminesurvivors

andgeneraitonperforms(2-

point) crossoverland mutation
scheme

parent 1 | 25 @ clerk | 10k @ yes
parent2 | 30 | other | 5k | no

parent [ 25 | clerk | 10k | yes |

children1 [ 25 @ other | 5k | yes 1 1
children2 | 30 | clerk | 10k | no children |27 [ clerk 7k T yes |

Replacingmutation)
accordingo empirical
distributionof a
feature

ATheresultingdatasetis balancedand

completelyartificial




Datasetgenerationandexplanatiorncreation

A Generatesampledy maximizing
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Replacingmutation)
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distributionof a
feature
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Datasetgenerationandexplanatiorncreation
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{class": 3},

{'x1" '>6.532643,

X2

[499.0, 1.3]

{x2"'<=

-0.82784< x2  <=20.426761%,

-0.82784'}

Vizualizatiorof the tree
Israther cumbersome.. )

SSSSSS

AGeneratesamples

following fithnesdunctions

fitnessZ(z) = Ip(x)=p(z) + (1 — d(x,2)) = Ly=;

fitness(z) = Iy(x)2b(z) + (1 = d(x,2)) = Ix=2

AFitnesguncitonsdetermine
survivorsandgeneraiton

performs(2-point) crossoverlnd
mutation scheme

parent 1 | 25 @ clerk | 10k
parent2 | 30 | other | 5k

yes
no

!

Dy maximizing

Replacingmutation)
accordingo empirical

' 1 parent [ 25 | clerk | 10k | yes | istributionof a
zﬂﬂgﬁﬁé }% :{::IE .1501;( yn—e; children | 2%7 [ clerk | 7IJ£ [ yes | Seatuk;e f

ATheresuItln?datasetl_s balanced
andcompletelyartificial




Pros anaons

AAdvantages

AFast andunderstandable
Implementation

A Counterfactuabeneration(via
traversinga decisiontree whichis
surrogatemodel)

ARulesgeneratedwith
LORMavelargecoverage

ADisadvantages

Alsbasedon datageneration
hencecanproducerulesthat
are unintuitivein realworld

A Counterfactualgeneratedwith
LORMavelow fidelity

A Datagenerationmayresultin
completelydifferent explanations
for the samanstance
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Simplifythe processof rule generation

Local
MSEAccuracy

Blackbox model

Complexitylimited
by thedepth of
the decisiontree

Original data

Distribution of original data

\ /

— argmmL fig,m) + Q(g)

A
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Decisiorntree

Neighborhoodgenerated
manipulatedandbalanced
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EXPLAN-generate d data

Distribution of EXPLAN-generate d data




Datageneratiommanipulatioribalancing

Original data

Data Generation

| class

w N = O

x2

Data Selection

Data Balancing
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A Dataisrandomlysampledfrom the distribution of
the originaldata

A RandompForesistrained on this data andlabelsare
obtainedfrom BlackBox

A Featureimportancesare obtainedfrom random
forest

Value:45.59

DIs <= 1.3

Value:23747 value:23,03

LSTAT <= 14.4
Value:19 46
Value:18.11
value:12.95
RM <= 6.94
Value:22.60
Value:33.58
Value:14.40
Value:37.42

Value:45.90

Value:45.10 value:21.90

Prediction: 12.95 & 22.60-Q64lmss nset
fromRM) - 5.04(loss from LSTAT) - 1.96(loss from NOX)

Sourcehttps://blog.datadive.net/interpretingrandomforests/

me an)



Datageneratioriselectiobalancing

Original data

S
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Data Balancing

AHavingimportance() ofinstancex
beingexplainedandother samples
z, we canrefine datasetasfollows
(where| isafeatureindex):

Y = {l‘j if ij = sz|l’j 7£ Zj

/ 2; otherwise

ATheintuition behindthat isthat we
want to makethe generated
samplescloserto the sampleof
Interestand thedistancehereis
not euclideanbut

more importancebased



Datageneratioriselectiobalancing

AHavingm Qrtanceér) ofinstancex
beingexplainedand other samples
Z, we canrefine datasetasfollows
(where| is afeatureindex):

{ZL']' if ij = sz|l'j 7é Zj
Zj = _

otherwise

ATheintuition behindthat is that we
want to makethe genrated
samplescloserto the sampleof
Interestand thedistancehereis
not euclideanbut
more importancebased

ANonthelesst is still stohastic
process



