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Abstract

Using domain knowledge to improve deep RL policies is a current challenge. LEGIBLE mines rules from an RL policy, constituting a partially symbolic representation. These rules
describe which decisions the RL policy makes and which it avoids making. It then generalizes the mined rules using domain knowledge. Finally, it evaluates generalized rules to determine
which generalizations improve performance when enforced. These improvements show weaknesses in the policy, where it has not learned the general rules and thus can be improved by
rule guidance. We show the efficacy of our approach by demonstrating that it effectively finds weaknesses, accompanied by explanations of these weaknesses in several RL environments.

Goal

Learn rules to explain and improve a trained deep RL policy.

Overview

1. Learn Rules 2. Generalize Rules

interact
Traces

create

Feature
Importance

-action(north) :- wall-north(true).
-action(north) :- ghost-dir(north),ghost-dist(low).

Rulesdetect

3. Guide Agent with Rules

learn

...
R1.1:-action(north) :- wall-north(true).
R1.2:-action(south) :- wall-south(true).
R1.3:-action(west) :- wall-west(true)....

Generalized Rules

generalize via metamorphic relations

Runtime Enforcer

use as

interact guide

Rules

•Positive rules:
◦ action(a)←

∧
i bi

◦Perform a if
∧

i bi holds in current state

South

( ),
action(south)← food-south(yes)

•Negative rules:
◦−action(a)←

∧
i bi

◦Avoid a if
∧

i bi holds in current state

South

( ),
−action(south)← ghostdir-south(yes)

∧ghostdistance-low(yes)

Workflow to learn rules

Collect experiences

Estimate feature
importance (LIME)

Learn rules (RIPPER)
Filter rules by

coverage and accuracy

Simplify rules

Validate rules (ASP)

1. christophm.github.io/interpretable-ml-book/lime.html.

Results

Policy evaluation:

•Enforce generalized rules per learned rule.
•∼ 15% of the learned rules lead to detec-
tion of weaknesses in Pac-Man.

Rule-based improvement:

•Look for the best set of generalized rules.

•Returns increase ∼ ×4 for Highway envi-
ronment.

Collect experiences

The agent is executed in the environment and traces are collected. Atable with all these
experiences is created and we will create univariate classification problems, where each
target is one (positive or negative) action, and the states are the features.

Feature 1 Feature 2 . . . Action

yes no . . . north
no yes . . . east
. . . . . . . . . . . .

Rule learning

Iterative process. Growing rules greedily until no information gain (FOIL) is possible.
Then, pruning to reduce overfitting.

FOIL(L) = ppositive ·
(
log2

ppositive
ppositive + npositive

− log2
pnegative

pnegative + nnegative

)

2. medium.com/data-science/how-to-perform-explainable-machine-learning-classification-without-any-trees-873db4192c68.

Extended work

• Inclusion of rules into deep RL policies. •Mixed continuous-discrete environment
with continuous actions.


