Interpretable Machine Learning
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PITFALL: SAMPLING"

o, Pitfall; Common sampling strategies for z.¢.Z do-not account for-correlation -
between features

@ Implication: Unlikely data points might used to learn local explanation models
@ Implication: Unllkely data ponnts mlght be used to learn Iocal explanatlon

| models

|

Inerpretable Machine Leyning - 2/ 11



PITFALL: SAMPLING"

o, Pittall; Commen sampling strategies for 2.2 dornot account for-earrelation 1 ion between

between features

I @ Implication: Unlikely data points might ised to learn local explanation models

@ Implication: Unllkely data points mlght be used to learn local explanatlon
enfadilgdion |: Use a local sampler directly on A’

@ Solution I: Use a local samplerdirectty on X
o~=derivatiof is particularly diffioult for high-dimensional or mixed feature spaces

nly ell with gh data near x
o Solutton II Use tralmng data to fit surrogate model

~-+ only works well with enough data near x

derivation is particularly difficult for high dimensional or mixed feature spaces
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LIME PITFALL: LOCALITYY
o P’;fﬁII“DlﬁlcfuIt ? T<::Vlefm%a quamx }‘f- hon samples are welghted IPcaIFy)
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° on{;m]énWan expdnennai ké#néf T 5 iy Heé&ure Betwaen XdndzlWag "™
ere ce measure an LMILJM
pro’posed
ox(z) = exp(—d(x,z)?/o®) where dis a distance measure and o is the kernel
width

W
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LIME-PITFALL: LOCALITYY
o Pf;fﬁll] IDlﬁnquIt Ho dehng qualny‘g, how samples are welghted Iocal’y)
~= Strongly affects local model, but 1perf3 J§np zflulomatlﬁ procegure Jpr
choosing neighborhood
° Or’éménw ar exponential | Rer nel as proklth éééure beMeeh xandz \Naf
pro,posed IS 1 e me ana €
ox(Z) = exp(— d(){;,.-z)z';'ﬂ) where dis a dista_?npe measure and o is the kernel. odcls for 2 obs

width 18 A green points) for same
o Surrogate modélsforZ” ure x
obs. (greendpoints) fore to a linear
3. : same model withiongiie moc ,\ with different
3 '\ feature x, kernel width
3 \

\ @ Each line refersitohatioure: larger kernel
| linear surrogateimodeniiuence lines more
7 with different kernel
@ T : — ' width
@ Right figure: larger
kernel widths influence

lines more
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~+ resulting explanatlons are rather global than local surrogates
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» } =l a

srep ' Laugel a8l 2008

o.Problem;,
By sampling ebs: for the|surrogate-model from the wholerinputispaces the. e influence of 108
| influence-of Jogal features might-be hidden:in favar of features with-global ..\ 1o small kermel wicth)
| influence (even for small kernel width)
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orep ' Lauge elal 2098

o,Problem;,
By samplingebs: for; the surogate-model from the wholerinput spaces the. ihe influence of |08
influe nee-of Jogal features might-be hidden:in favorof features,with-glebal.cy 1or small kernel width)

|qﬂue ce &even for small kernel width)
mplic

e Impljcanqﬁ es influence the global s e of the black-box mo \
° ., Some mwms m“Ueanr‘he globa' ﬁhape loe blaﬁ%box mﬁel

¢ Other local features impact predictions only in smaller regions of X
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orep ' Lauge elal 2098

o.Problem.,
By sampling ebs: forithe surrogate-model from the wholerinput.spacesthe ihe influence of (o8
influe nee-ofJocal features mightbe hidden:in favor of features with-glebalc iy o1 small kermel width)

|qﬂue &even for small kernel width)
m p

e Impljcanqﬁ es influence the global s e of the black-box mo \
° ., Some mwms dnfluence the, globa' ﬁhape loe blaﬁ%box mﬁel

. Exa‘R%B?' local features |mpact predictions only in smaller regions of X

® Example: 990‘500“ ‘Ieﬁs t have a more global influence than the ones close to leaves
= Split features close to root have a more global mfluence than the ones close
to leaves
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» Laugel etal. 2018

@ Binary classification model
@, Binary classification model
@ Right figute: and grey crosses: training data
oo Black-and greycrosses: training data
oo Greencdot: Obsoitorbe expldinedon of ran i) fores
o> Baeckground-color: Classificationaofizion bounde

o random forest Local decision boundary A ; '
0 OBSQ%KQEEY-WE‘@ Classifiers decision - i, B

diffcPO¥NE8MNels (blue and green lines) ot matcHalf-moons dalaﬁel\

gataset

tl ¢ Dotted linesiLocal ¢ _.__jpnpogngag% moons ds

@ Observation:-Decisiendoundaries of LIME
with different kernels (blue and green lines)
do not match the direction of the local
decision boundary
(which appears steeper)

|Fﬂ'Fl|Jl.1: LOCAL VS. GLOBAL FEATURES - EXAMPLE-
i
1
1
|
1
1
|
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PITFALL: LOCAL VS: GLOBAL FEATURES — SOLUTION
SOLUTION
@ Solution: Find closest point to x from other class and
@ Solution:Findelosest pointito x fronvather local accuracy
class and sample new points z around it for
higher local accuracy

oy e e Ry e
. 0 S i e e
:..., .t * .
Nteots . L.
¢ o34, . B O 3
M4 Serded ¢ Ve I8 [
Step EChmET I St | S Lol iamind 10 11| Sl MR wmsig -
Example: x (red point), closest point from other class

(black cross)
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PITFALL: LOCAL VS:. SOLUTION
SOLUTION
@ Solution: Find closest point to x from other class and
@ Soelution: Findeclosest pointito nﬁmn‘rqther local accuracy
class and sample new points z around it for
higher local accuracy
..y,:..h....f‘,; f‘,.;{.{-»........ T T st g," s
he3chc2t AR ORI | I g’
“'.‘:.'x;u { Setection "."'.\. 2 Loda it';\
'«vﬁw-emuj e lmm ) \wan--; 3 bla

Ee@me‘-awwmw-feowwauwmm therclass "

Loc °°5i (LS) metho Half-moons datasetl - moons dataset
"Red d° {{fiahtFgure Clossstpain{from " o
other
%“[ 1 n boundary
® Red line: Local surrogate (LS) method

~+ better approximates the local direction of
the decision boundary
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PITFALL: FAITHFULNESS®

9.Problem: Trade-off between docal fideliy.vs, sparsity <1y
9, Observation | Low.fidelity » unreliable explanations .«

o,Observation, |l High fidelity requires complex models - difficult to interpret o o < o0 2 @
surrogate model
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9, Problem:,Trade-off between docal fidelity.vs, sparsity -,

@,0bservation, | Low fidelity . unreliable explanations . -

o, Observation, I High fidelity requires complex models - difficult to interpret o1 <y
Stg qgmgredlt data

° ExampleT ?regllgdata] n by random forest for one data point x
¢ Original prediction by random forest for one data pomt X:
. f(x)=P(y=1]|x)
()—lP(y—1 x)—0143
e Linear model with only three selected feature count, duration)
o Linear model with only three Selected features (.ig( (h( ¢ kmg ac (uunt
duration): i (%) ‘ L X o X chog X

~

o Gencdmi(X)i= “.;m'h@ NapelH éaMnMihg:a@amn*?’;&Kmnoe #0283,
e Generalized additive model\(with all 9 features) is more complex: . ./,

ggam( ) 90+fage( xage)"'fchedong ar:munr(xdmmmg ar:munr)+fdumruon(xa‘uraruon) --=0.148

‘mmuu; FAITHFULNESS®
]
]
]
]
i
|

Interpretable Machine Leyning - 8/ 11



ASES ETTETT

2oProblem: Develeper could manipulate theirmedebto-hidetbiases: <o«
®,Observation: LIME can sample out-ofrdistribution paints, (extrapolation} |
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» Slacketal 2020

9oProblem:Develeper could manipulate theirmedebto-hide biases so ¢

@, Observation: LIME can sample out-of-distribution paints, (extrapolation}

*oA a%xwm faysrsacal magdal

cl mgr to dlscnmmate‘between mdlstnbunon and out of dtstnbutlon .
se,the orgmaf (bn : §e‘&1 mo

clas JUtion gdata point
datJa pomts . L H
form d:s*nbu Aqn po u | nat N el
far t-Of-dlSt ribL hon ‘nis r ucedfor local ex I‘an[ tloﬁ ‘us’,e én S
%?9 po P p q 1 model for \‘T ,ﬂ\ f’l,‘\ﬂ!‘ﬂ']‘f n

odel

~s L?ME samples out-ofdls{ributlon ponnts and uses the unbiased model for
local explanation
~~ this hides the bias of the true model
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A BIASES e

2oProblem: Develeper could manipulate theirmedebto-hidetbiases: <o«
@ Observation: LIME can sample gut-of-distribution points, (extrapojation)

° A ﬂc]lwn(q gdyersgua mqqel
clqssmgr to dlscrmnate‘between m«ilstnbunon and out of dtstrlbutlonL .

datJa pomts ,,,, i H”‘_ 3 (biased) model
§for in- Qts*nbu |anon se the orgmaf bla§edi mo& I tion. use an unbiased model
fctr?*n-ofdlst ‘lbuflon poinis Produced for, Iocal explanqtlon use an m o “; H‘ explanation

bia

~s L?ME samples out-ofdls{ributlon ponnts and uses the unbiased model for

local explanation Example: Not using ‘gender’ to approve a loan
~~ this hides the bias of the true model @ biased model trained on features correlated
Example: Not usMQ geﬁder* tof apprdvéé n of parental leave)
|Oa.n sed to make >0 / uniair preaictions
| | e biased nfodél irained ot featiiregec on features
correlated With ‘génder-(e/g oendel

duration of parehfal feavej~uce explanations based on
~ used to miake biased  untairs 0 Nide bias
predictions

o Unbiased modgl JAINed.n IEAMITES



° Observqp%@gqlaggqu Of twovery qﬂﬁbpom%cgupptya!y greatly

~+ can happen because of other sampled data points z

Linear prediction task (Ioglstlc Circular prediction task (random forest).
Linear Prerggression)s (logistic regressionLinear surrogetéll‘étums@ﬂéi’enfﬁ k (random forest)
LiNGneat’ gmt@}émmglg}m‘ap:cr clents Iigoefficiens for similarpoints s different coefficients for
coefficients for giilap points. similar points

» * Ahvarez-Mealis, D.0& Jaskkola, T. 2098
@ Problem: Instability of explanation
° Pmpg%%aln%tﬁb{tyme;gglqn;auqrgw y close points could vary greatly
]
1
i
1
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PITFALL: DEFINITION OF SUPERPIXEL Sy

@ Problemm instability ‘because of specificationion of
of spperpixels foriimage data
@ ObservationnMultiplespecificationof of superpixels
superpixelsexistyinfluencing-both-the shape
| and size
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PITFALL: DEFINITION OF SUPERPIXELS

@ Problemn instability ‘becauseaf specification
of spperpixels foriimage data

o Observation: Multiple specificationof
superpixelsexistyinfluencing-both-the shape
and size

o Implication: Thecspécification of superpixel
has;a large influence on the explanations

@ Attack: Change superpixels,aspart of an
adversarial attack ~~ changed explanation
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