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Introduction

Problem Definition:

Target: Learning Tree Interpretation for
DRL Agents in complex environments.

Difficulties & Challenges:
* High-dimensional input space.
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Introduction

Problem Definition: Represent And Mimic Framework (RAMi):

Target: Learning Tree Interpretation for IMONet: Interpretable representation model.

DRL Agents in complex environments. * Learning a disentangled representation.
MCRTS: Interpretable decision model.

* Learning a mimic tree.

Difficulties & Challenges:

* High-dimensional input space. TN ¢~ Trmic Loarmr~
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

) - /\Mb@]

Mimic Tree  Mimic Targets Input Signals

 The IB objective: max |I,,
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

* The IB objective: max Iw()—f\fw(‘l’@}

Mimic Tree  Mimic Targets Input Signals

* Learn alatent object representation for X.
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Represent And Mimic Framework:

The Information Bottleneck (IB) objectives
for Representing and Mimicking:

* The IB objective: max Iw()—f\fw(‘l’@}

Mimic Tree  Mimic Targets Input Signals

e Learna Iatent object representation for X.
(dlxn) = [a(dl2)q(z|z,)d2

« Computing the IB objective is impractical, so

*  Approximate p(x,y) with the empirical
distribution 1/N SN | 5, (y)ds, (z)-

Apply the deep variational method for IB [30].

[30] Alexander A. Alemi, lan Fischer, Joshua V. Dillon, and Kevin Murphy. Deep variational information
bottleneck. In 5th International Conference on Learning Representations, ICLR 2017.
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Proposition 1 Given a regression tree with L splits, the total cost (in bits) of describing the tree
structure with the string encoding method is:
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Proposition 1 Given a regression tree with L splits, the total cost (in bits) of describing the tree
structure with the string encoding method is:
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a) CART: Classification And Regression Tree.
b) VIPER: Q-dagger based imitation learner.

c) Mb5-RT/MT: learn the regression tree or the model tree based on M5 algorithm

d) GM/VR-LMT: Linear Model Tree based on Variance Reduction (VR) and Gaussian
Mixture (GM) for feature selection.
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