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Introduction

Interpretable Continuous Control Trees (ICCTs)

Interpretability-Performance

Tradeoff

Gradient-based approaches in reinforcement learning
(RL) have achieved tremendous success in learning

! Differentiable

. o . . I crispification Wik > b, . . oy e
policies for continuous control problems. While the @ b We conduct an ablation to look at the interpretability-performance
Sparse Linear ola(@TZ — by)] : R R
performance of these approaches enables real-world | SubController |, A Y Y S tradeott of our ICCTs, assessing the change in performance as we

ola(@]3 )]

|
I wf":z:k“ > by
1

adoption, these policies lack interpretability, limiting vary the number of leaves in our tree and varying the number of

deployability in the safety-critical and legally-regulated (21 1%) active features in our leaf controllers.
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verification by human operators. It is instead better to utilize white-box
approaches that permit insight into a decision-making model.

« Interpretable policies can support situational awareness?, build
trust2, and ensure safety3

ICCT Key Elements
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Number of Active Features in ICCT Sub-Controller Number of ICCT Leaves

« Lakkaraju et al.® states that decision trees are interpretable because of

their simplicity and that there is a cognitive limit on how complex a
model can be while also being understandable.
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< The ability to optimize sparse logical models,
such as decision trees, is one of 10 grand

9 challenges in interpretable machine learning4. )

Preliminaries

Translates the intermediate decision node
representation to output a Boolean.

Outcome_Crisp (o (a(wFz® — b)) — 1(a(wfz* — b;) > 0)
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Algorithm 4 Differentiable Argument Max Function for
Crispification: DIFF_ARGMAX(+)

Input: Logits ¢

Output: One-Hot Vector h
L hsope <= f(Q)

f () is a Softmax function

The Pareto-Efficiency curves provides insight into the
interpretability-performance tradeoff for ICCT tree depth.

Conclusion
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