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NHTepnpeTunpyemoctb ML-Mmoaoenen noB3pocsiena:
- Shapley Values B Ka>xaom yTiore

- Ha paTtadecTte 7 O0OKNanoB

- KaHan #interpretable_ml B cnake ODS

Arxiv.org papers with ‘interpretation’ and "explanation’ in title, by year
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A KCTaTW, NPO 4YTO 3TO?

Kak Mmoaenb NPpUHUMaET peLlleHnsa?

Mo>xeM N Mbl noslaratbCsa Ha 3TU peLLIeHVIFI?

ECTb MHCTPYMEHTbI 419 TEKCTA, KAaPTUHOK, Tabnnyek

O630p MHCTPYMEHTOB Ha nocJsiegHeM [laTtagecTe

lns nepBOro 3HaKOMCTBa C TEMOW IrYr/nTb

SHAP https://github.com/slundberg/shap

Interpretml https://github.com/interpretml/interpret

Grad-CAM http://gradcam.cloudcv.org/

Alibi https://github.com/SeldonlO/alibi

Christoph Molnar https://christophm.github.io/interpretable-ml-book/
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https://www.youtube.com/watch?v=_mrCCvYp4Kc
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b » 3aKa34uku TpedbyroT
* Tumnunagbl TpebytoT
* Perynatopsbl TpebytoT

« CaMM NHTepecCHO:

KaK >Xe oHa Bce-Taku paboTaeT?




JIvlb Obl TPAMUK KPaCKBbI

* Y Hac bbin gaTtacer
* [la4yka rpaumkos

* 11 naTacaTtaHUCTOB
- SHAP

- GAM

http://www.jennwv.com/papers/interp-ds.pdf
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ABSTRACT

Machine keaming (ML) models are now rowtinely deployad
in domains ranging from criminal justice to healthcare. Wit
this me whiound ubiguity, ML has moved beyond academia and
grown into an eng incering discipline. To that end, intenpretabil-
ity tooks have boen designed to help data scientists and ma-
chine leaming practitioners better und erstand how ML mode]s
waork, However, there las been littke evaluation of the extent
to which these tonls achieve this goal. We study data scien-
tists” use of tw o existing interpretability tools, the InterprethL
implkementation of GAMs and the SHAP Python package. We
conduct a contextual inguiry (K=11) and a survey {N=197) of
data scientists o observe how they use interpretability tools
o uncaover commion issues that arise when building and eval-
wating ML models, Owr results indicaie that data scientists
over-trnust and misuse inierpretability tools. Furthermaone, few
of our participants were able to accurately describe the visual-
izations ouinut by these tools. We hichlicht oualitative themes

These developments create countless opporunities for impact,
but with these opponunities come new challenges. ML models
have boen found to amplify socictal biases in datasets and dead
townfair owtcomes [4, 9, 29]. When ML models ave the po-
iential to affect people's lives, it is critical that their developers
are able w0 understand and justify their behavior, More gener-
ally, data scientists and machine leaming practitioners canmot
debug their models if they do not understand their behavior,
Yet the behavior of comple x ML models like deep neural net-
waorks and random forests is notoriously difficult to und erstand.

Faced with these challenges, the ML community has immed
its attention tothe design of echniques aimed at inrerprefalil-
in! [14, 39]. These technigues generally take one of two
approaches. First, there are ML madels that are designod
to be inherently interpretable, often dwe to their simplicity,
such as point systems [25, 68] or generalized additive models
{GAMs) [10]. Second, there are tochnigues that provide post-
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https://arxiv.org/pdf/2002.11097.pdf
Problems with Shapley-value-based explanations

as feature importance measures

https://papers.nips.cc/paper/2020/file/0d770c496aa3dabd2c3f2bd19e7b9d6b-Paper.pdf
Asymmetric Shapley values

https://papers.nips.cc/paper/2020/file/32e54441e6382a7fbacbbbaf3c450059-Paper.pdf
Causal Shapley Values


https://arxiv.org/pdf/2002.11097.pdf
https://papers.nips.cc/paper/2020/file/0d770c496aa3da6d2c3f2bd19e7b9d6b-Paper.pdf
https://papers.nips.cc/paper/2020/file/32e54441e6382a7fbacbbbaf3c450059-Paper.pdf
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Understandable Machine Intelligence Lab 6 hoursago - 13 min read m [
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[ na3a pa3dberatnTcy

» Causal Interpretability

 Trust scores
* Uncertainty estimation
XAl for AutoML



[len Mopo3, oaBal yXXe

 CopeBHOBaHMe no nHTepnpetTaunmn ML-mogenen
* OHNnanmH-kKypc no XAl

* YOoauu

* 300POBbLA

* Bcero xopowero!
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m dmitry kolodezev

https://kolodezev.ru/download/dataelka2020.pdf
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