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“Right to Explanation” — GDPRAD{EA

120
100 European Union regulations on algorithmic decision-making
Vv . =
! and a "right to explanation”
= 80
= Bryce Goodman, Seth Flaxman
=
5 60 (Submitted on 28 Jun 2016 (v1), last revised 31 Aug 2016 (this version, v3))
o We summarize the potential impact that the European Union's new General Data Protection
g 40 Regulation will have on the routine use of machine learning algorithms. Slated to take effect as law
g across the EU in 2018, it will restrict automated individual decision-making (that is, algorithms that
20 make decisions based on user-level predictors) which "significantly affect” users. The law will also
effectively create a "right to explanation," whereby a user can ask for an explanation of an algorithmi
0 decision that was made about them. We argue that while this law will pose large challenges for
> O OO A T O O NI DN, 6 0 A W industry, it highlights opportunities for computer scientists to take the lead in designing algorithms ani
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IGF 2018 WS #421 Algorithmic transparency and the right to explanation
YEAR OF PUBLICATION

Theme: , ,
Cybersecurity, Trust and Privacy

Peeking Inside the Black-Box: A Survey on Explainable Artificial Intelligence (XAl) Subtheme(s):

ALGORITHMS

The ICANN 2018 scientific programme includes the following workshops. Organizer 1: Civil Society, African Group
Organizer 2: Civil Society, Western European and Others Group (WEOG)

Format: ) ) .
Break-out Group Discussions - 60 Min

Interpretable Methods for Machine and Deep Learning

Interventions:

- Alex Comninos and Deborah brown (APC) will be moderators - Jelena Jovanovic (cyber security professional) will provide an overview of the
concepts of algorithmic transparency, algorithmic justice, algorithmic bias and real life examples of the effects of algorithms from an informatic

have proven extremelyv successful in a wide Variety of tasks but remain for the most part security perspective. - Vidushi Marda (Article 19) will provide an overview of the human rights aspects of automated decision making. She will
focus on the GDPR Article 22 and the EU guidelines on Automated decision-making. She will provide a policy and human rights perspective.

Description: Machine learning-based methods and, in particular, deep neural networl

extremely opaque in terms of what they learn and how they use their acquired knowleds
to make predictions. More specifically, without any insight into the network, the task of
determining whether the system has properly integrated a specific concept is very difficult
and the subseauent validation of the method for eritical activities (e ¢ drivine medicine.



2018 Workshop on Human
Interpretability in Machine Learning
(WHI)

July 14, 2018

Stockholm, Sweden

Overview

The Third Annual Workshop on Human Interpretability in Machine
Learning (WHI 2018), held in conjunction with ICML 2018 and the Federated
Artificial Intelligence Meeting, will bring together researchers who study
the interpretability of predictive models, develop interpretable machine
learning algorithms, and develop methodology to interpret black-box
machine learning models. They will exchange ideas on these and allied
topics, including:

* Quantifying and axiomatizing interpretability,

= Psychology of human concept learning,

= Rule learning,

= Symbolic regression,

= Case-based reasoning,

= Generalized additive models,

= Interpretation of black-box models (including deep neural networks),

= Causality of predictive models,

= Visual analytics, and

Interpretability in reinforcement learning.
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