
Understandable features and explainable
techniques learn state-of-the-art portfolio selectors.

Motivation

SymBA*

Symple-1
. . .

?

No single planner is good on all
tasks. Which planner should we use
for a given task?

Portfolios
P := set of planning algorithms
T := timelimit

Offline Portfolios:
SymBA* Symple-1 . . .

0s T
Offline portfolios learn an order and
the time limits for every planner.
Online portfolios:

f : Task 7→ P
Online portfolios learn to choose a
single planner for a given task.
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Training

Π Planner

I data set of Ferber et al. (2019)
I tasks, runtimes

I extract properties
I labels: time, logtime, coverage
I 10 fold cross-validation

We either train a decision tree that tells
use the planner to use, or we train a
model per planner and select the most
promising planner.
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Fa
w

ce
tt binary 78.6 77.2 82.1 82.4 80.9 87.1 78.2 84.8

logtime 79.3 79.0 81.5 81.7 83.6 82.2 82.2 84.1
time 78.6 81.8 80.5 80.4 80.3 82.2 85.3 81.8

F
pd

dl binary 87.7 74.3 72.7 74.3 71.4 81.0 81.5 77.5
logtime 82.5 84.0 78.5 77.7 80.3 78.2 79.7 82.0
time 86.5 86.5 86.5 86.6 86.6 80.2 81.9 78.8

P
dd

l binary 81.4 75.7 72.6 74.1 71.4 78.1 79.8 80.2
logtime 82.1 79.7 80.4 79.8 77.8 79.5 78.0 82.8
time 81.6 82.0 81.2 79.0 78.7 77.8 78.4 79.7

U
ni

on

binary 74.8 81.0 79.4 82.4 80.9 84.7 78.3 82.1
logtime 75.6 80.0 80.7 81.8 83.4 82.2 82.2 84.7
time 74.8 77.3 75.7 76.1 77.1 84.3 83.6 84.0
average 80.3 79.9 79.3 79.7 79.4 81.5 80.8 84.9

requires negative preconditions
max params per predicate
mean negations per effect
mean predicates per effect
requires conditional effects

requires equality
max predicates per effect

#types
min predicates per effect

#actions with neg. effects / #actions
requires STRIPS
requires typing

mean params per predicate
#goals

has types
min predicates per precondition

#predicates
requires ADL

max negations per effect
min negations per effect

#actions
#initial conditions

max predicates per precondition
mean predicates per precondition

requires action costs
#initial functions
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Coverage

SymBa*

h2+OSS+LM-cut

h2+DKS+iPDB
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h2+DKS+LM-cut
DKS+M&S-MIASM-DFP
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≤#atoms  266.5
≤

median #objects per type 
                  22.5

≤#atoms/#objects  6.869
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