Interpretable Machine Learning
Shapley Vailues:-forLocal Explanations:
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eoGamex=Make prediction ff X, %. 1. . , x,) for dsingle observationaxion x
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FROM'GAME THEORY TO MACHINE LEARNING-

eoGamex=Make prediction ff X, %. 1. . , x,) for dsingle observationaxion x

soPlayers:-Featuresoy.f & {1..1. , p} which-cooperate:toproduce@ predictioniction
~+How earewemake! apredrcﬂumwnhaisubsetot features without k:hangingthe
modeél? function: f=(x-) ‘ f(Xe, X_c)dl (“removin  marginalizin
~+ PD function: fs(xs) = [y . f(xs.X,s)dIPx . (“removing” by margmahzmg
over —S)
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@ Value function / payout of coalition §(& P forlopservation/xere
raction v(iS) ??S(Xs)!"tﬁgé(xn ibere & coXgnesidh with

~ subtraction of Ix(f(x)) ensﬁres that v is a value function with v({) =
. = 2
E(f(x)) . faxs)
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° Margmal contribationisv{S I}y —-IV(S) 3 rg IRV fa(xg)s
f(x)) cancels out due to the subtraction of value functions

X ) — Is(Xs)
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SHAPLEY'VALUE- DEFINITION SEERED CETRrmenD

Shaplel-value ¢ of feature j for observation xvia ordendefinition:iion

C)} X = Pl{:fsww“s*u()})—ks'(xS') for(Xg )

reN™

margnal oomnbum of featwre J.

prediction: 1arqinal contributions Shapley values can be negative
o tN Note Margmal oontnbutlons and Shapley values can be negatlve
X

° qug@ctoompptauop Qf %(p(),,lhq PD. function fs(xs) 15" H(xs, x0 ) for”
any set of features S can be used whtch yields

1X) “ NS X g X i J(Xgr, X
%)= 5 !-nZ*Z‘ Foxsr) s gy — Txs )

el i=1

& fg may lizes © tions i
et Note fs margma\lzes over all ot‘wer features °% usmg gall't observatlons

I o, Interpretation: Feature x; oontﬁbwesi@nto diﬁeimybeh«een,‘?m and average. aoe prediction
|
|
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ESTIMATION: A'PRACTICAL PROBLEM/

eoEXxact Sbapie-y value: computatrm lspmblemauc dor hrghmlmensmmalw featureaiure
spaces’ tures, there are alre P 10! 3.6 million possible
~+ For 10 features. there are already P I = 10! = 3.6 million possmle orders of
features
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ESTIMATION: A'PRACTICAL PROBLEM/

ooExactShamey valuetconmutatrm mpmb!emauc dor hrghhmmensmmalw featureaiure

spacesr 1 tures, there are alre P|! = 10! 3.6 million possible :
~nFor 10 t@atweﬁs mefeafe alf%iw (B 110k 36 millon pqs&b'e orserwu
fea:ures each coalition S; introduced by 7 can be very expensive for larg

@ Additional problem due to estimation of the marginal prediction fsr Averagmg
over the entire data set for each coalition S introduced by T can be very
expensive for large data sets
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ooExactShame-}rvaluetcmmutatronitsproblemauc dor hrghhmmensmmalw featuresi e cpaces
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“nFor 10 lsatweﬁs!mefem alrgady, 1PILr110}=38 mt"wnmsslb'e Ofsierwu

feam[es each coalition S} introduced by 7 can be very expensive for larg

o, Additianal pmbl%m e o etimalion of the marginal prediton. fssi Avefag'ng rms, we
overthe entire dala set foreach coalition S intioducedby, 7.6an be Very. i coaliions S
expensive for large data sets

@ Solution to both problems is sampling: Instead of averaging over |P|! - n terms,
we approximate it using a limited amount of M random samples of 7 to build
coalitions 7
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ESTIMATION: A'PRACTICAL PROBLEM/

ooExactShame-}rvaluetcmmutatronitsproblemauc dor hrghhmmensmmalw featureaiure
spaces’ | tures, there are already |P|! 10! 3.6 million possible

Eor]wt@atweﬁs,mefwealfﬁaﬂm b0k 3 @mt"wnmsslb'e omemfu

feam[es each coalition S; introduced by 7 can be very expensive for larg

Spaces
o Pd Ct

o_Additional prqblqm qL:e‘;q estimation, 9} the margmal p:edpqthp fsr Averaging, .. .

over the entire data;set foreach coalition S introduced by 7,6an be very, i «

expensnve for Iarge data sets
””” ind computation

o Soluon 4 balh problems is sampling: Instead ofaleraging over Ll e, .

we approximate it using a limited amount of M random samples of 7 to build
coalitions S}"

o M is a tradeoff between accuracy of the Shapley value and computational costs
~+ The higher M, the closer to the exact Shapley values, but the more costly the
computation

palitions S

computa
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» Sttembeljetal.{2014)

Estimatiorn of 4, for'observation crokmodeb fitted ondata B asing sample isize: Mz 1/
Q) Forme-1.1.. .M doilo
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» Sttumbedj et al. {2014)

Estimation of @, for obsenvatian xokmodet 1 fitted orodata /B using sample isize: M e \/
mFDtmrr 1.1...Mdoio
O Selegtrandom order £ perm; of feature indiges z (7' ... W) e N
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» Sttumbedj et al. {2014)

Estimation of @, for obsenvatian xokmodet 1 fitted orodata /B using sample isize: M e \/
Q) Forme-1.1.. .M doilo
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O, Construct two artifigial obs. by J?P‘WBQ’?%M@ values from x with 27, it 2
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» Sttumbedj et al. {2014)

Estimation of @, for obsenvatian xokmodet 1 fitted orodata /B using sample isize: M e \/
Q) Forme-1.1.. .M doilo
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@), Determing, coalition-$,< — ,,xe,the$et of feat; be(wefeat Sinierdera; in orde
@, Selectrandom data pointz\ € D
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Estimation of @, for obsenvatian xokmodet 1 fitted orodata /B using sample isize: M e \/
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» Sttumbedj et al. {2014)

Estimation of @, for obsenvatian xokmodet 1 fitted orodata /B using sample isize: M e \/
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SHAPLEY VALUE APPROXIMATION - {LLUSTRATION!

Defifitigw N

: "?Snrfether are replaced)

x with feature T/alueﬁin atjre values in ‘
Sm U{J} S /

{ o A
—x-with-feature values in }! feature va
other are
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{LLUSTRATION!

Contribution of feature j
to coalition S,

Contribution C
coalition S

Sm 2I€ ture year contripute 00 bike rentals if it |OINS s coalition S lemp, hum
9 Here Feature year contributes +700 bike rentals if it joins coalition
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Defifitigw N

o Complite' mAtginal Sonttiblitioh of feattire'j fowards'the prédicion deross i s @/ rancomly crawn
randdrh!y drawft featdre coaliions S, .. .., Sn

° Avg : Fallearglna'oonmbutoons offeature; ’ much ture vear contributed

@ oSNdjf
® Shapley value s the payout of feature £ Lex hpw mueh, feﬂmf&}’eaf
| contributed to the overall prediction in bicycle counts of a specific observation x
] m 1 2 M
. 1 2 Enn M Shapley value
L) L J =
0, = w0 oso,
: H l‘\ . "‘) -
A(G, S\ > Om ) o5 ?;

|
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REVISITED: AXIt

We'take the general akioms far Shapley Values and apply/itto predictionstions

ooEBwiem}Shaptey»vgluesaddupm-the'tcentened)rpredicﬁon:w n S f(x)
S @y = f(x) — Ey(f(X))
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REVISITED: AXIOMS FOR FAIR ATTRIBUTIONS
We'take the) generalr akioms far Shapley Values and apply/itto predictionstions

ooEBtblemy:yShap!ey wvalugs add up toothe {eentered) prediction:tion
P, o= 1(x) - &MM)

o Symmetry: Two features j and k that contribute the same to the prediction get the sam!

o Symmetry: Twoteatures; and k that mnmbutenhe same to the prediction get
the same: payout-— / X all & f j, k} then
~= interaction eﬁects between features are falrly dlwded
fsJ{}}(st{}}) fSJ{k} (xs“‘{k} ) forall S C - P \ {/. k} then @) = @k
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We'takethe  general akioms for Shapley Values and apply/ibto predictionstions

eoEfficiency: Shipleyvalugs add up tothe (centered) predictionziion: f(x)
= f(x) — Ey(f(X))
o SJymmetry ur and k that contribute the me to the prediction get the samg
o Symmetry:ifwodfeatiresgiand:k that.contributethe same-to the prediction get
the same: payout— / X )forall S C F i, k} then
~=+ interaction effects between features are fairly divided
TR, 94 PSS xsapitonalis o P gjukg thends o gg Inluence the preciciion is zerc
1 wa v the model (e.qg., tree or LASSC ts Shapley value is zerc
o Dummy)l NuII Player ﬁhapbeywatue of alfeature that does not mfluence the
prediction is zero ~- if a feature was not selected by the model (e.g., tree or
LASSOQ), its Shapley value is zero
fsuy(Xsugy) = fs(xs) forall S € Pthen ¢y =0

‘mmmmnm
i
]
1
B
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We'takethe  general akioms for Shapley Values and apply/ibto predictionstions

ooEBtblemy:\,Shap!ey wvalugs add up toothe {eentered) prediction:tion
P, o= 1(x) - IEx(f(X))

o SJymmetry WC Lure and k that contribute the same to the prediction get

o Symmetry: Twofeamresg and k that ctmmbutenhe semeto the prediction get
the same: payout-— / X all & f j, k} then
~=+ interaction effects between features are falrly dlwded

0@5 1y {,p)uu Pga{\g?(xs ‘rk}}foraﬂst Pk theh e gg! influ r‘"‘*’"“* prediction is
‘ y the model (e.g., tree or LASSO), its Shapley value is

o Dummy)l NuII Player ﬁhapbeywatue ot alfeature that does not lnfluence the
prediction is zero ~- if a feature was not selected by the model (e g tree or
°LRGSO&VI!§ ShableyVaIUe i8'zefph combin ay
ngm(stm) e fs(xs)mr IV ST Pthen' iy ;"gt}‘ nsembles can be combined

@ Additivity: For a prediction with combined payouts, the payout is the sum of
payouts: ¢;(vi) + ¢;(v2) ~+ Shapley values for model ensembles can be
combined

the same?

the pa is the sum of payouts
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BIKE SHARING DATASET'

Actusd pred 4 ore SAA6.
Average pred ct o A20707

" { | |
Ld

l @ Shapley values of observation / = 200 from the bike sharing data
* Dilerence between model prodiction of fhjs dbservalion and the ayerage
prediction of the data is fairly distributed among the features (ie.,

o4 PjljerepegAgtweay model prediction of this observation and the average prediction of the data

£

is fairly djstriputed amang the features (i.e,, 4434 207 (3).
@ Feature yafge temp = ég,éyhas{ the most positive effect, with a contribution -
%(inéreads df'fifédiciiah) ofabbiE$406 most positive effect. with a contribution (increase o
iction) of about +40(

prediction) of
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Advantages:-:
90Solid theoretical foundationdn gamerthedryory
eoPredictiomis fairly mmum\ong the feature values|ne easym mterpret foret

o2 U8RNtrastive explanations that compare the predic vith the average prediction
@ Contrastive explanations that compare the prediction wnh the average
l D|5Mﬁ5ﬁes
@ Withc ampling, Shapley values need a lot of computing time to inspect all possible coalitions
Dlsadvanta%es ther IML methc Shapley values suffer from the inclus of unrealistic data

o Without sampungb Shapley. Naluqs neeq@ Iot of oomputmg time to mspect aII
| possible coalitions

ll o Like many other IML methods, Shapley values suffer from the inclusion of
| unrealistic data observations when features are correlated
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