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ion Meking under Dynamic Environments

Katsumi Inoue, Sophie Tourret, Taisuke Sato, Tenda Okimoto,
Kotaro Okazaki, Nicolas Schwind, Maxime Clement, Enguerrand Gentet

Dynamics of Al

Growing interest in Artificial Intelligence.

* Critical technology for next generation in ICT field
Complex “data”

* Massive, continuous, changing, incomplete
Limitations of conventional technologies

* Real-time processing - No reasoning

* Data-mining - No consideration of temporal changes

Design of Robust Systems

e Control of opinion propagation
* Multi-agent learning

* Resilient systems

e System verification

e Dynamic scheduling

e Cyber security

Integration of Al Technologies in Dynamic Environments

* Integration of Machine Learning
and Constraint Optimization
techniques for Decision Making.

Machine Learning
Machine Learning: M
Using experiences to learn rule
models, behavior patterns and hidd: Time-Series
intentions of users or agents by Data
Abduction and Inductive reasoning.
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Dynamic Transition

I Model Checking

Decision Making:

Use a Constraint Networks as a
knowledge language representation:
hypothesis, agents’ preferences and
goals, systems specifications. Compute
optimal solutions using efficient
algorithms exploiting the problem
structure.

Model-checking:

Predict possible future results in a
dynamic environment by Model-
checking, and verify the expected
behavior of a software.

Learning from Interpretation Transition

Opinion Diffusion in Social Networks

Extensions:

« delays (k-Markov system)
* multi-valued variables

« asynchronous update

* nondeterministic/
probabilistic transitions
Attractor

Internal
State
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Time-Series : : : :
Xn 0/ \1 1 1

EjE Vector  t=0, t=1, t=k=1,t=k t=k+1, t=k+2, -

Input: pairs of interpretations of the form (I, I;,,) € 2#8x 2HB

Output logic program P such that I, = Tp(l,) for any (I, I+1)

> Inoue, K., Ribeiro, T., Sakama, C.: “Learning from Interpretation Transition”,
Machine Learning, 94(1):51-79, 2014. e

Applications:
»  Biology h s
»  Robots actions in =

uncertain environment
Learning deduction rules
DREAM challenge

A4

DREAM X

Input: powered by Sage Bionetworks

Data from up to 45.000 genes over 48 time points.
Output from LFIT:

Dynamic model that allow the discovery of new
knowledge.

Motivation and Goal:

Opinions evolve in a social network.

A brand’s goals is to avoid the propagation of
fallacious information within the social network.
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Our Framework:

Belief Revision Game, published in [AAAI'15]
At each time step, agents communicate
their opinions to their neighbors.
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v

If an agent in the network wants her opinion
to be unanimously adopted, should she
share her opinion with her acquai ?

» We show that it in general, is not the case, i.e.,

in some cases it is better to lie from the
beginning.

» To be published in [IJCAI'16].

Automated Abductive Reasoning

Search for explanation (Hyp.) of a given observation (Obs.) not explained by the context (Th.) alone.

Applications:

Diagnosis

Machine Learning

Planning ‘
Bug Analysis

i# V elze2
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labduction ‘

Theory a Hypothesis |= Observation
‘ deductlonT

Example:

» Theory: array manipulation
» Observation: insertion of
two elements in an array,
result depends on the order of insertion. vk,
» Hypothesis (discovered):

insertion of two different elements in the same cell.

Va,x,e select(store(a,x.e),x)=e
Va,x,y.e y=xv select(store(a,x.e).,y)=select(a,y)
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