Interpretable Machine Learning:

IntroductiontooLocal Explanations:

@

L ' Learning goals
. 'I'. § @ Undérstaria motivatiors for local explanations
+_H o .: ® Develog an intuition or possible Use-cases
191'0 . @ Know charactaristics of local explanation
’I | @t - methods | ‘




0 PUIPesE 6o cal explanations:
e *Ingight'into'the driving 'facters for & partieular’ decision ©
o “Understand the ML model's decisions ind local neighboerhood of & given/ /o1 nou!
inpug., feature vector)
(e.g.. feature vector)
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0 PUIposE 6flo cal explanations:
o “Insight'into' the driving 'tacters for & particular decision © 1
-°Understend the ML model's decisions ina local neighborhood of & given'

inpsu@.. feature vector)
(eg feature vector)
@ Local Methods can address questions such as

@ Local Methods carcaddress questians sachcas: for input x
o "Why'did the medel decide to predict Jforinputx? al are similar to x

o "WHatWould the ML modeFhave déecided ifxits valued in X' were different?
e Where (in which regions in A’) does the model fail?

o “How does the model devide forobsendations that are similar to x?e1e differe

nt
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SOCIAL MOTIVATION!

°,Explanations,for laypersons must be taiored to the explainee: (who receivesthe - 1. o8

exmmié’@pecific easy for humans to understand, and faithful to the explained mech
~~+ case specific, easy for humans to understand, and faithful to the explained

| mechanism
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SOCIAL MOTIVATION!

o Explanations,for Jaypersons must be tailored to the w@imm«: receivesthe s the e

exmmié’@pecific easy for humans to unders w i faithful to the explained mec
Teane Raelin.eenL X humans o urgersand,and aintollo e expiancd .
mechamsr”n,, elving explanation
@ If algorithms make decisions in socially/safety critical domains, end users
| have a justified interest in receiving explanations
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SOCIAL MOTIVATION!

o, Explanations,for laypersons must be taiored tothe N@MM@!@CQM@: the ex'ang
exm%@@pecific easy for humans to understand, and aithful to the explained mechz
T °?s%ﬁPe°"'°~F“¥ for humans lo u Freiag; A .ca'ﬂ" |othe explaned . . i m

m}fe?bw receiving explanations
o If aIgonthmT make decnsnons in ?ogmllxgsgf?] K rprlgg‘ d[okn‘lgﬁns eqd USers. . critical local
h%vg a elg rest i elvm% ef(PIanatnons
@ Local explanatlons cannot onty increase user trust, but also help to detect
| critical local biases in algorithmic decision making
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o, Explanations,for laypersans must be tailored to the N@MM@Q rgceivesthe s 1he oy

exm%i@@pecific easy for humans to L,r*:i:er?,w‘;ﬂr I faithful to the explained mech?
o pmen. e t°f]hem%"§g°c%*a srsiand, a0 it fo e xplained . . .\
uw #4PM receiving explanation
° IfaI onth make decnsnons in lal /safety critical domains. end user: .
e ‘ ?oc |!7 e user Frus! put 71 0 ’!‘eq[:w to aetect critical local
h%V% ae]éJS mtqrest m recelvm% ef(PIanatlons
° LocaI explanallons ca}nnotqnty mcr?ase usertr ut al heI todeteg:t o .
riticar k I - q 0 exple "ma ion as given in the General Data
crg ical local» biases in argorlthmtc deciion ha

° Europe;m citizens th{q the legally ‘”dmg pgm to ﬁxplapatqqn as given inthe .
General @?P °}ﬁcﬂ°'l R‘?g“‘ﬁtmni D Fﬂ e is more reasonable
~3 Instead of explaining the entire (complex) model (with potential market
secrets), explanations in a case-by-case usage is more reasonable
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GDPR: THE RIGHT TOEXPLANATION!

T he data subje%f shoulc* have tr?e‘ rnght not tp be subﬁ HL 2 éeeleoq —m;h}c ma)’( ' JWJ ”;f E_
mc ude eﬂme‘a ré. eva#u | fispects rebtn ‘9* hlfﬂ or her w w |c mbgr on ]T‘:‘_H'F‘T’“_ h |
s?'?')’ Ul a9‘°ma%eqpf9°e%%m9%n<{wmch R“’d"ﬁ??s Iegal mec‘ﬁ S ls] ermqg M Bing practices without

her or’snmnlarIY sgnmcantly affects him or her, such as automatlc refusal of an online

crecm app]scatlon or e-recruiting practices without any human intervention.

-5 ) ) I i

a such pro ubject to sujtable safequards. whi ould include specific
'“";‘ mme ;“quﬁmetss'”f i’;"“"’t e%ﬁ‘”s“«'iaw%‘? %’eg}’?f"s W“'p $ho 'du s his or her
lncu e PEENC D org}a 'Or}u? 2 "ﬁna S gcls'gon reé Pe%z'i’ﬁ‘er ?heCh assessment and to
|nfe ﬁntlon t? exgresg |s or e poin o wew to tain an expfanal

declsuon reached after such assessment and to challenge the decision. ”
ital 7
I(Recnal 71, GDPR)
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EXAMPLE: HUSKY/'OR'WOLF?’
@ We trained a model to predict if an image shows a wolf or a husky
0°We 'Hralnéd a rhode! td predncf if ‘an ithage shows @ Wolf or a husky
9 Below the prednctnons on 51x test images are given

® Do you trust our predictor? e Sometimes th
Y wOITIE nes €

@ Cany 1e IV
° SometlmesthpﬂML mndglls to identifv a wolf
wrong
@ Canyou guessthe pattern
the ML model learned to
identify a wolf?

Praccted wat Pracdcac: Saky Sreacac w1
- .

Source;, (Sameer Singh 2018}, -
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EXAMPLE: HUSKY/OR WOLF? USING LIME-

Prociciedt husiy Precicted: w

Tre Trow: buaky True w

Procictect wol Prociciect husiy Precicted: w

Trusduaty Trow: buaky True w

Source: [Sameer Singh 2018]

Source: [Sameer Singh 2018

@ Local expla

® Logal explanandlighiont the P
highlight the parts " e
of animage which ™~
led to the predictienPredictor is actually

now detector

iction

- our predictor is
actually a snow
detector
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EXAMPLE: LOAN APPLICATION!

@ Imagine: You apply for a loan at an online

Y00 UTNAT RSty bank and are immediately rejected

| o |

‘ @

Source: |[hitps:/www.elte.huj

Source: [hitps:/www.elte.hu

without (8asons; .- o1, apply for a loan at an on'y

and are immediately rejected withc
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EXAMPLE: LOAN APPLICATION!

S— T @ Imagine: You apply for a loan at an online
' “f“"rwr‘ me"n' bank and are immediately rejected
Without (eaSONS 1= o apply for a loan at an on'y
@ Bank could:eqg.-provide acounterfactual ithout rea®
_explanationusing Jagal explanation. - -, eriaciual
methods: explanation using local explanation methods
“If you wergplder than 23 ¥P¥r281 . your loan
app“"a‘i°“%?%'%a‘(e‘,’?¢ﬁﬂ: have been accepted.”
accepted.”

Source: |[hitps:/www.elte.huj

Source: [https:/www.elte.hu
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EXAMPLE: LOAN APPLICATION!

S— T @ Imagine: You apply for a loan at an online
' "“"?‘NV‘ me.nl bank and are immediately rejected
without @a'?RnSH" You apply for a loan at an onl§
@ Bank could:eg promdeaooumertcha}
—-explanatiomusing lagal explanation. - - rieriaciual
methods: explanation using local explanation methc
“f you were,ider han 21, YO B8 . o
application wo%ldqa\(empp have been accepted.”
aweRteg s to understand the dec
~= helps to undeqsyan(i;hg deggon and to
Source: [https://www.elte.hu] take actions for recourse (if req.)

ision and to take

Source: [https:/www.elte.hu
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@, Imagine:
o, You work ata car-company that ot develops
develops image-elassifiersor o us driving
» AUONOMOUS ARG c| the following image
¢ Yoihshow youn model the-following
image (an adversarial example)

|mmmuﬁww
N
N
N
1
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EXAMPLE: STOP OR RIGHT-OF-WAY?

@, Imagine:

o, You, work at,a carcompany that 3
develops image-classifigrs-for
autonemous driving

o You show your medelthefollowing
image: (an,adversarial example)

o Glassifieris,99% sure it describes a
right-of-way sign

® Wouldyeuentrustiother peoples lives k
into the hands of this software? Source: [Eykholt et. al 2018]

w
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o ,Explanation, scope: Specific prediction, local envirenment, .
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o, Explanation, scope: Spegilic prediction, local envirpnment - ..
o, Model.classes: Modekagnostic by definition; model-specific for CompULAtIONal o x| oo
I reasqn;\, popular also for deep learning models

~=+ very popular also for deep learning models
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9, Explanation, scope: Spegilic prediction, docal environment. - .
o, Model.classes: Modehagnostic by definilion;, modgl-specific forcomputational; | reasons

reasQusy nopular als r deep le arning mc dels
o A&k RARYIRF 2150, or deen eaming models
@ Audience: ML modelers and laypersons
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9, Explanation, scope: Spegific prediction, Jocal environment, -
-ommmwehagnowew 9o sredabERrafe R ARkonal
réasQusy popular alsc D learning models
. Auenépoc%uleﬁ also for deep Iea{nmg models

iVPD

o ABd%ence ML modelers and laYPersons )

ata types bular, ima text and audio data
@ Datatypes: Often agnostlc mcludmg tabular image, text and audio data
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9, Explanation, scope: Spegific prediction, Jocal environment, -
-ommmwehagnowew 9o sredabERrafe R ARkonal
réasQusy popular alsc D learning models
. Auenépoc%uleﬁ also for deep Iea{nmg models

iVPD

o ABd%ence ML modelers and laYPersons )

ata types: C bular, ima text and audio data
Dﬂe t}yﬁs Rﬂen agnostlc mcludmg tabular |mage text aqd audlo date

@ Methods: Mﬂf‘)‘ﬂm‘,)ﬁtpf,‘?m!ﬂ@ma'%WUP‘BF’@‘H%!?W'@“%Q“%\S“@M% s, singl CE u
values, local interpretable model-agnostic explanations (LIME), adversarial
| examples, single ICE curve

Ierpretable Machine Leaming - 8/9



o Explanation, scope: Specilic prediction, local environment - -
®oMordeksannass Mol saonesiis b 89l shodabeRedie s RRUHRRRkonal
réasQasy nopular also for deep learning models
. AU%%POC%UI?q also for deep Iea{nmg models

o AB ‘%ntc\:/e)e @delers and laYPersons )

o ﬂatn'&?s then agnostlc mcludmg tabular mxage tht aqd audlo datzfl olev va

bular, ima text and audio data

. Mﬁ‘hws Many, most prominent ave. countertactual explanations, shaples . </l |CE curve
ovalues, Iolcal mterpretable model agnostlc explanatlor?s‘?(LlfMF)@.7agyek(scarjialﬂ strond connections fc
ex mP es, smgﬂelC curve’ strong connections

sien ; :
@ Special: Due to audience, strong mteractlons with soccal sccences and strong

. connections to cognitive science and neurosciences due to data types
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5

eoWeillustrate'local explanatien methods.an the Geriman credit data’
900522 completeiebservations, @ featuresreontaining credit and eustomer mer information

oINMBALGR get “risk” indicates if a customer has a ‘good’ or ‘bad’ credit risk
o, Binary target "risk’ indicates if acustomer has,a 'good’ or ‘bad’ credit risk

® We merged categories with few observations

tvp
name type . range 19 75
age Stumeric fact [19,75] I fer
sex Cfactor factor {male, female}/!C. 1. 2. °
job nousagtor fact {0,1,2, 3} wn, rent
housing savii Afactors lactor{free, own, went}mocerat :
saving.accounts< no. fastor (s facqlittle, moderaté|richpderal

checking. accounts’/|. 2 factor

"iittle, moderate, rich). 15424

*[276, 18424) (6,72
(6!¥2p. car, furniture, radio/TV

{others/ car, furniture, radiofTVjic

credit.amount CUEpGmeric
duration pUrtREmeric
purpose rsumeric
risk tactor

{good, bad}

“
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