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Abstract

In the field of automated planning and scheduling, a planning task is essentially a state space
which can be defined rigorously using one of several different formalisms (e.g. STRIPS,
SAS+, PDDL etc.). A planning algorithm tries to determine a sequence of actions that
lead to a goal state for a given planning task. In recent years, attempts have been made
to group certain planners together into so called planner portfolios, to try and leverage
their effectiveness on different specific problem classes. In our project, we create an online
planner which in contrast to its offline counterparts, makes use of task specific information
when allocating a planner to a task. One idea that has recently gained interest, is to apply

machine learning methods to planner portfolios.

In previous work such as Delfi (Katz et al., 2018; Sievers et al., 2019a) supervised learning
techniques were used, which made it necessary to train multiple networks to be able to
attempt multiple, potentially different, planners for a given task. The reason for this being
that, if we used the same network, the output would always be the same, as the input to
the network would remain unchanged. In this project we make use of techniques from rein-
forcement learning such as DQNs (Mnih et al., 2013). Using RL approaches such as DQNs,
allows us to extend the input to the network to include information on things, such as which
planners were previously attempted and for how long. As a result multiple attempts can be

made after only having trained a single network.

Unfortunately the results show that current reinforcement learning agents are, amongst
other reasons, too sample inefficient to be able to deliver viable results given the size of the

currently available data sets.
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Introduction

Automated planning is an area of Al research that generally concerns itself with finding a
sequence of actions for a given planning task, that leads from an initial state to a goal state.
An example of a typical planning domain is blocks world. In a blocks world task, the initial
state describes how a certain fixed number of distinct blocks lie on a surface, where certain
blocks are potentially stacked on top of one another. The actions in the domain correspond
to picking up a single block at most, moving between areas and dropping blocks when above
a certain area. The goal state or states are determined by restrictions on where, and the

configuration in which the blocks should be stacked.

In recent years, it was observed, that no specific planning algorithm excelled across all
planning domains. Moreover, it was realized that most planners either solve a task quickly
or take a very long time (Helmert, Roger, and Karpas, 2011), which means it is usually
more productive to try different planners than to try the same one for a very long time.
This motivated the creation of so called planner portfolios, where a planner portfolio is a
collection of planners made to leverage the unique characteristics of the individual planners.
For solving tasks, we define an upper bound in terms of time available, so that each planner

allocated receives a time allocation as well.

Planners in portfolios should ideally complement one another in the sense that they maxi-
mize the potential to solve as many tasks as possible (i.e. coverage). Now, given a portfolio
with potential for high coverage ,the problem either becomes one of finding a predetermined
schedule by statistical analysis of planner performance on a training set of problems, that
will be statically used for every problem instance (offline portfolio), or to develop an efficient
algorithm that maps a task to a planner and time allocation, while reading in a given state

of the problem (online portfolio).

An example of an offline planner portfolio is Fast Downward Stone Soup (Helmert, Roger,
and Karpas, 2011), which was trained to develop a sequence (i.e. a schedule) of planners
and time allocations for these planners through hill-climbing. Hill climbing refers to a local

search algorithm, which constantly moves in the direction of increasing values to find the top



Introduction 2

of the hill (i.e. the optimal solution). In each hill-climbing step, Stone Soup generates all
possible successors of the current portfolio. There is one successor for each planner, where
the only difference between the current portfolio and the successor is that the time limit of
a certain planner is increased by a given granularity. The quality of a portfolio is computed
by calculating its portfolio score. The portfolio score is the sum of all the instance scores. If
there is no planner in a portfolio that solves an instance within its allotted time, the instance
score is set to zero. If this is not the case, the instance score is set to a ratio between the
lowest solution cost and the best solution cost. In each hill-climbing step the successor is
chosen with the highest portfolio score. The hill-climbing phase terminates at the point
when all successors would potentially exceed the given time bound. A post-processing step
sets the planners time limits to the lowest value that would still preserve the portfolio score.
One disadvantage of offline planners such as Stone Soup is the fact that the decision of what
the planner and time allocation should be, is task independent. This means that the algo-
rithm doesn’t make use of task specific information, such as the planners already attempted

for a task, or the time remaining for a task.

An example of online portfolios is Delfi (Katz et al., 2018; Sievers et al., 2019a), where
planning tasks were encoded as images, which allows the use of CNNs (which are compara-
bly well understood and developed) to identify patterns from the images. In Delfi, a neural
network was trained, using experimentally predetermined runtimes for each possible pairing
of a planner and a task, to predict a single planner, for a given image representation of a task.
Further work by Ma et al. (2020) used techniques that have recently seen advancement, such
as the use of graph neural networks (GNNs), which avoid losing information when encoding
the task as an image, to improve results and made two attempts with half the total time per
task. Due to the use of supervised learning in this project, it is necessary to train multiple
networks (n networks) to make multiple attempts (n potential attempts), as neural networks
are deterministic after training and the input to the network would remain the same. An
attempt consists of, the trained network, predicting a planner and a time allocation for the
current task’s current state. Unfortunately, this approach does not scale well to multiple
attempts as was also described in the paper Online Planner Selection with Graph Neural
Networks and Adaptive Scheduling (Ma et al., 2020). In essence, the number of networks
that would have to be trained would scale linearly with the number of attempts we want to
make, and for every new network we train, the training process would take longer, since we
are training the network on all possible intermediary task states, that the previous network

reached.

A few benefits of online portfolios are that making multiple attempts per task generally
increases the potential that one of the planners can solve the task within its allocated time,
and that a less uniform time allocation for the attempts made is likely to increase efficiency
and therefore the number of attempts that can be made per task, as for example certain
planners are known to either solve the task in a short amount of time or not at all. Some
disadvantages of online portfolios are that they are generally more difficult to train than

their offline counterparts, and require additional computational overhead after training by
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evaluating which planners to use for each task, instead of adhering to a predetermined sched-

ule.

In this project, we would like to extend this idea of making multiple attempts to be able to
make any number of attempts per task using a single network. We achieve this by exchanging
the previously used supervised learning methods for reinforcement learning (RL) methods.
These RL methods allow us to formulate the planner portfolio problem as a ”game”, where
we can pass additional information aside from the image representing the task such as a
history of previous planner executions, the amount of time the most recent planner ran for,
and the time left to solve the task. The agent is rewarded for the desired behavior (i.e
getting as many tasks correct within their time limit). The ”additional state information”
should give the network a chance to guess a different planner when asked about the same
task repeatedly, since the input to the network will not be the same. This would then solve
the scaling problem of having to train multiple networks and allows us to make multiple
attempts for a single planning task, despite only having trained a single network.

We begin by training a deep Q-network (DQN) to select planners with a constant fraction of
the time, where the fraction is a hyper-parameter that determines the amount of attempts
made. The reason for starting with DQN is the fact that it is easier to implement than other
RL algorithms and because this allows us to view the environment as a simplified discrete
version. By additionally dynamically allocating a time output for each planner for each task
state, instead of just allocating a constant fraction of the total time we make the action
space continuous. To be completely accurate, the action space is now a hybrid action space
that is partially continuous and partially discrete. DQN is known to not be able to deal
with continuous action spaces well, thus we turn to actor-critic methods specifically deep
deterministic policy gradients (DDPG), which can handle continuous action spaces. Three
different versions of DDPG with different reward functions are explored. The first having
a sparse rewards function. The second made use of reward shaping to incentivize interme-
diary goals. The last version rewarded the whole output planner vector from the DDPG
agent and represents the densest reward function for any of our DDPGs. Finally, due to
the action space being a hybrid action space, multi-agent reinforcement learning (MARL)
was used, as MARL has shown more promising results in dealing with hybrid action spaces
than pure actor-critic methods. In terms of MARL agents, two additional experiments, both
separately using a DDPG for time allocation and a DQN for planner allocation, while using

different reward functions, were created to explore this idea for planner portfolios.
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2.1 PDDL Tasks & Image Encoding

In planning, tasks are viewed as state spaces where the objective is to find a sequence of
actions leading from some initial state to a goal state. In optimal planning, which is what
we use in this project, the objective of a planner is to find such a sequence with minimal
cost. There are many different planning formalisms, such as PDDL, SAS* and STRIPS.
In this project, tasks are encoded using a formalism called PDDL. Below, we define a

simplified version of PDDL without conditional effects, action costs or axioms.

2.1.1 PDDL

PDDL (Ghallab et al., 1998) is a formalism that describes tasks using first-order logic. A
PDDL task consists of objects which are essentially entities in the environment that are of
interest to us and predicates. Predicates have objects as arguments and describe statements
that hold in a state, where the union of all such statements describes the state. A PDDL
task also consists of an initial state, a goal formula and finally actions that can change the

current state s by transitioning to a new one s’ on an arbitrary action a.
Definition 2.1.1. PDDL Task 11 = (O, P, A, s1,0)
o O is a finite set of mathematical objects that represents the environment

e P is a finite set of predicate symbols with each predicate symbol having arity k(p),

where p € P. A predicate is a predicate symbol associated with a k(p) tuple that can
be made up of objects and variables. If the predicate is only composed of objects, then
it is considered grounded (grounded predicates are also known as facts). If there is at
least one variable, then it is considered lifted. A predicate can be grounded by assigning
values to all of its variables.
F is the set of all facts and F-, the set of all negated facts where F and F- are inde-
pendent. Also the set of all literals is defined as L = FUF-. Given these definitions, a
state in the current environment can be defined as s C F. s can be extended to include
the remaining facts as negative literals [[s]] = sU{~f|f € F A f & s}.
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e A is a finite set of action schemas, where an action schema a € A can be described by
a tuple (Vy,preq,ef fo). Here, Vi, is a set of variables, the pre, is a set of predicates
called precondition of the action and ef f, is a set of predicates that are not necessarily
grounded. With a variable assignment V' for V,,, pre, can be grounded to pre, v and
ef fo grounded to ef fov. A grounded action is an action schema, which is grounded
with a variable assignment V, over O. The grounded action ay , is applicable in a state
s € S, written as applicable(s,ay), if preq, V C [[s]]. Given that ay is applicable in
s, then applying it, written as s[lav]], leads to a new state determined by the effects of

the action schema.
e 51 is the initial state

e § C L is a set of literals called the goal. A state s is a goal state, if s 2 § and Sp is
the full set of all goal/final states.

2.1.2 Image Encoding

The images used in this project were developed using the same techniques that were used
in the Delfi paper (Katz et al., 2018). This consisted of formulating the task at hand as
an abstract structure graph. The problem/task is first brought into graph form (abstract
structure graphs (Sievers et al., 2017)). We can then extract the adjacency matrices from
these graphs, which contain important information about the task, and interpret them as

grey-scale images. These images are then used to train our networks.

Definition 2.1.2. Abstract Structure (Sievers et al., 2019b)
Given a set of symbol types T, a set of symbols S and a functiont : S — T, which associates

every symbol with a type, we can define an abstract structure as follows:
o A symbol s € S is an abstract structure.
o A tuple A= (Ay,...,A,) of abstract structures A; is an abstract structure.
o A set A={Ay,..., A} of abstract structures A; is an abstract structure.

Definition 2.1.3. Abstract Structure Graph (Sievers et al., 2019b)

Given an abstract structure A over a set of symbols S that have symbol types T and a
function t : S — T. Let G = (V, E) denote its abstract structure digraph, where we define
the following:

o If A€ S, then V contains a single node ny for the symbol A and E is empty.

o If A = (A1,...,A,), then V contains a main node na. Furthermore, G contains
the nodes and edges for the ASG (abstract structure graph) of Ay, As, ..., Ay, and an
auxiliary node n;w for every structure A, . Let na,; be the main node for the ASG of
A; .E contains edges ”:4,1‘ = na. Finally, E contains an edge na — n;m and for

. ’ ’
L<i<mnanedgen,,—mny,;. -
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o If A={Ay,..,A,}, then V contains a main node na. Furthermore, G contains the
nodes and edges for the ASG of Ay, Ag, ..., A,. Let na; be the main nodes for the ASG
of A;. For every A;, there is an edge na — na;

2.2 Overview of RL & Methods Used

Reinforcement learning (RL) is a machine learning technique that trains agents to make
decisions, in an environment, that maximize the return (i.e. total discounted reward).
Through trial and error, RL algorithms constantly attempt to improve their decision-making.
In RL, an agent executes actions in an environment and obtains feedback in the form of
rewards. This feedback is analyzed by the agent to refine its comprehension of the environ-
ment and improve its decision-making policy. This cycle continues, until the agent either
attains a sufficient level of proficiency, at which point it can be used to make real-world
decisions, or the algorithm converges before reaching this level of proficiency, in which case

the agent’s decision making policy will be sub-optimal.

2.2.1 RL and MDPs

One of the substantial differences between supervised learning and RL is that in RL, we
have an environment where we estimate the value (i.e reward) of an action given a state,
rather than using a large data set that tells us what these values should be, from which the
agent hopefully derives patterns that are relevant, when acting on new unseen data. The
environment has methods to reset the environment and step through environment. The
step function is given an action as an argument and returns a specific successor state, that
depends on the input state, before the action was taken. The entirety of this process is called
a transition and can be formally defined as a tuple such that 7~ = (S,a,S"), where S is the
original state, a is the action and S’ is the successor state. In RL, there is an additional
value returned for every transition, called the reward Trr = (S,a,S5’, R), where R is the
reward and is dependant on T'. The reward indicates how good the agent is performing
in the environment while training and is used to estimate optimal values by way of the
Bellman equation, and thus direct the network in an advantageous manner towards better
actions. The reward can also be used to measure how well the agent performs after training
on the test set, which was done in the DQN Atari paper (Mnih et al., 2013). However,
the reward value can easily be exchanged for a metric, such as percentage correct at this
point. The network will try to find patterns in the data that will allow it to emulate these
estimated values better by updating its weights and biases. In short, the network is trying to
maximize the cumulative reward (a.k.a return) throughout the training instances, which are
called episodes. In RL, a state is a collection of information on the environment at a specific
moment that is ”complete” in the sense, that the information on the state is adequate to
ascertain the future states of the environment given any action that is taken in that state. If
the following is true for all the states in our state space, then we say that these states obey
the Markov property and we can formalize the state space as a Markov decision process
or MDP for short (Bellman, 1957b). A Markov decision process is formalized as follows
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M = (S, A, P,R) where S is the full set of markovian states, A is the full set of possible
actions that can be taken in any of the states in S, P is a transition function that determines
the probability of transitioning from a given state to any of the states that are reachable
from the given state and R is the reward function that determines the agents reward given a
transition. In reinforcement learning, the only thing that our network is allowed to assume
in general is that it is part of a MDP. The goal of most RL agents is to maximize the return
in the given MDP.

2.2.2 The Bellman-Equation

The Bellman equation is a key concept that arose out of progress made in dynamic program-
ming. Dynamic programming is an optimization technique that splits problems into smaller
sub-problems (i.e. divide and conquer) to help solve them. The idea was first proposed by
Bellman (1952).

In its essence, the Bellman equation expresses the relationship between the state of a prob-
lem at a given time and the state of its sub-problems and can be derived from Bellman’s
principle of optimality (Bellman, 1957a). It defines the value of a state as the maximum

expected return that can be obtained by taking an action and transitioning to a new state.
Mathematically, the Bellman equation can be defined as follows:
V(s) = maz{R(s,a) + vV (s')}

Where, V (s) is the value of the current state s, R represents the current reward received for
transitioning to the new state s’ on action a, and v € (0,1) is a discount factor that makes
sure future rewards account for less of the value of the state than the current rewards. This
is because if a problem has an infinite time horizon, the objective is to maximize the sum
of discounted rewards (MDP with an infinite horizon discounted reward criteria), and iff
|v| € (0,1) the sum would not converge to a sensible value that takes future rewards into
account. Specifically, in the case where |y| > 1 and the average reward is non-zero, it would

result in a positive or negative infinite sum.

The Bellman equation is used to determine an optimal policy for solving a task and can
even guarantee an optimal policy given that the number of attempts is infinite and the algo-
rithm stores the exact values for all individual states. This policy corresponds to an action
sequence (ag, a1, as, ..., 4n—1, @y ) that maximizes expected return, which is accomplished by
sequentially selecting the maximum value action out of all possible actions that can be taken

from the current state.

2.2.3 Q-learning

Q-learning is an algorithm that was first introduced by in 1989 (Watkins and Dayan, 1992),
and is a very important precursor to the later developed deep Q-networks, which were
developed by Deep-Mind in 2013 (Mnih et al., 2013). In Q-learning we create and update a
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so called Q-table. This Q-table is a reference table for our agent to pick the optimal action
based on the Q-value. It has Q-values for each state action tuple, where a Q-value is a value
that estimates the quality of a certain action being taken in a given state. In RL, there
is a important trade off between exploration and exploitation. Originally, the Q-table is
initialized with some constant values, so that it is unlikely to deliver accurate predictions.
As a result, only exploiting the Q-table and its values seems to be an extremely inaccurate
approach. The opposite would be to completely ignore the Q-table and just take random
decisions (i.e. to explore). However, only taking random decisions is trivially unlikely to lead
to optimal or even desirable results in almost all cases. Thus, we need a balance between
exploration and exploitation in RL, where exploring ideally helps increase the quality of
estimates made by our Q-table, so that exploitation of this Q-table leads to more accurate
results. The degree to which the agent explores/exploits, is usually determined by a constant
(e.g. epsilon) smaller than 1, that indicates the probability of exploring the environment
instead of exploiting the Q-table. In certain other variants, the probability that the agent
will explore can be made to decay over time (e-decay), so that the agent tends to explore less
as time goes on, because it is assumed that the agent is becoming more accurate through
its exploration of the environment. In other variants, a noise parameter vector (usually

Gaussian noise) is added before selecting the maximum Q-value.

2.2.4 DQN
DQN is a variant of Q-learning where the Q-table is replaced by a neural network (policy

network for actions and a target network that is used to estimate future rewards) and was
first proposed in 2013 by researchers at DeepMind (Mnih et al., 2013) to deal with high-
dimensional sensory inputs (e.g. computer vision). DQN tends to be implemented using
e-decay. Below the pseudo-code for DQN from the paper ”Playing Atari with Deep Rein-

forcement Learning”.

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function €) with random weights
for episode = 1, M do
Initialise sequence s; = {1} and preprocessed sequenced ¢, = ¢(s1)
fort=1,Tdo
With probability € select a random action a;
otherwise select a; = max, Q (¢(s¢),a;0)
Execute action a; in emulator and observe reward r; and image x; 1
Set 5441 = 8¢, ¢, 7411 and preprocess ¢rr1 = O(Si11)
Store transition (¢, a¢, ¢, ¢r+1) in D
Sample random minibatch of transitions (¢;,a;, r;, ¢j4+1) from D

T for terminal ¢,
Set Yi = i, - . : ) fi in:
r; +ymaxy Q(¢j4+1,a';0) or non-terminal ¢;
Perform a gradient descent step on (y; — Q(¢;.a;; 0))? according to equation 3
end for
end for

The output layer of the network usually uses a softmax activation function, which allows

us to interpret the output layer, as the Q-values associated with taking specific actions in
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the current state. The action with the maximum Q-value is selected, a reward is given
based on the current state-action tuple and the whole transition (including the successor
state) is stored in a so-called Replay memory. A Replay memory stores previously observed
transitions, so that we can sample mini-batches uniformly from the Replay memory when
training, and update our network based on the expected values that we calculate using the
Bellman equation, where Q* is the policy network, @ is the target network and -y is the
discounted proportion of future rewards. However, if the next state is a final state, then
the expected value is simply the reward received for the current transition. One of the
key reasons for the introduction of a Replay memory, was to break the correlation between
consecutive samples, which leads to more efficient learning. DQN is known as an off-policy
learner, meaning Q* approximates the optimal action-value function Q' independent of the
policy being followed. DQN is usually implemented with a hard update of the target net-
work every x episodes, meaning that the target network copies the weights and biases from
the policy network. A target network helps maintain stability when learning and stops the
policy network from ”spiraling around”, because we are allowing the weights to move con-
sistently towards a target before the hard update and the optimization problem is changed.
DQN calculates the MSE with respect to the expected values (i.e. the loss) and takes a
gradient descent step based on this to update the network.

Plain vanilla DQNs are famously unstable and inefficient learners, even when compared to
other algorithms in RL (Irpan, 2018). For example, the Atari paper by DeepMind (Mnih
et al., 2013) was a decisive win for deep RL as a whole and spurred massive development in
the area, but in most cases a DQN can simply be outperformed by an off-the-shelf Monte
Carlo Tree Search (MCTS). Another flaw of DQN is its inability to handle continuous action
spaces. Nevertheless, in certain cases it is possible to discretize the continuous action space,
so that a DQN can be made to operate on it. Although by now, RL offers better ways of
dealing with this that tend to be more stable and are more likely to lead to desired results,

such as policy gradient methods and actor-critic networks.

2.2.5 DDPG

DDPG (Lillicrap et al., 2015) is an adapted version of the original DQN that is able to
handle continuous action spaces, and does not work particularly well when given a discrete
action space. One key change between the DQN network structure and the DDPG network
structure is that the DDPG is a so called actor-critic network. In an actor-critic network, the
network is separated into two parts, the actor and the critic. The Actor pu is responsible for
estimating an action a given the current state s in the continuous action-space. The Critic @
is responsible for evaluating the quality of the state action pair (s, a) and returns a Q-value
that is again used to update the Bellman-equation like in DQN. The Q-value is calculated
as the discounted reward of the action taken at some state (s,a). Another difference is
the use of random action noise (due to continuous action space). In the original DDPG
paper, an Ornstein-Uhlenbeck process was used to generate noise. However, this seems to
be excessive in most practical applications and Gaussian-noise is preferred in most current

implementations, as it is simpler and seems to be just as effective on average. The noise
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is added to the value/returned by the actor to promote exploration, instead of just taking
random actions with a certain probability €, like it was done in the plain vanilla DQN. There
are also many similarities between the two, such as the use of a Replay memory to break
the correlation between consecutive samples and both being off-policy learners. DDPG also
makes use of target networks, however, unlike DQN, it needs two target networks: one for
the actor and one for the critic. This means that a plain-vanilla implementation of DDPG
has a total of four separate networks. DDPG also updates these target networks, but does
so more often and uses a so called soft-update, which is usually applied after every epsiode
instead of after every x episodes. A soft-update of a target network @) with a policy network
Q" is defined as:

o weights(Qnew) = weights(Q*) x p + weights(Q) = (1 — p)
o bias(Qnew) = bias(Q*) x p + biass(Q) * (1 — p)

Where p € (0,1) denotes to which degree we favour the weights/bias from the policy net-
works each time that we update our target networks. Note that if p = 1 it would give the

same effect as a hard update.

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#?) and actor p(s|6*) with weights §< and 6.
Initialize target network Q' and ' with weights 69" + 69, 9" « o*
Initialize replay buffer R
for episode = 1, M do
Initialize a random process " for action exploration
Receive initial observation state s
fort=1,Tdo
Select action a; = ji(s:|0*) 4+ N} according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s;
Store transition (¢, ag, r¢, S441) in R
Sample a random minibatch of N transitions (s;, a;,r;, s;.1) from R
Set y; = r; + Q" (5i41. Il’(<‘!’:'+1|9”f)|9q)
Update critic by minimizing the loss: L = & 3, (y; — Q(si,a:|09))?
Update the actor policy using the sampled policy gradient:

1 L
Voud % 5 3 VaQ(5,al69)|sms amu(a Vor (10,

Update the target networks:
0% « 769 + (1 — 7)09
0" 10" + (1 — 7)o"

end for
end for

In DDPG, the Critic is updated in a similiar manner to how we updated the actor in DQN,
where we sample a batch and use the MSE with respect to the expected value to calculate
the loss. However, the Actor now needs to be updated with respect to the Critic (policy
update). This is done in practice, by having the actor network take actions on the samples
from the batch. Then the critic network evaluates these state action pairs to create Q-values,

of which the average is taken. The negation of this obtained average is then used to take
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a gradient descent step in the actor network with respect to its parameters, as this is the

easiest way to do gradient ascent in most machine learning frameworks.

2.2.6 MARL
Multi-agent reinforcement learning, or MARL for short, is a promising sub-field in RL that

studies the behavior of agents that interact in a shared environment.

MARL can be further separated into two sub-fields, namely adversarial MARL and coop-
erative MARL. In adversarial MARL, agents are pitted against each other in a competitive
environment. An example of this was the OpenAl paper that trained agents to play hide
and seek (Baker et al., 2019). In this paper, there were two kinds of agents the hiders and
the seekers and like in many competitive multi-agent environments, it was observed that the
agents profited from a competing agent by oscillating between adaptation to the new policy
of the competing agent and exploiting dominance over the competing agents policy. In RL,
competitive MARL is known to be quite stable when compared to most other RL methods.
In Cooperative MARL, the agents will try to interact symbiotically to achieve a common
goal. Cooperative MARL has recently shown alot of promise at solving tasks with hybrid
action spaces. A hybrid action space is an action space that is neither completely discrete
or continuous. An example of a hybrid action space would be the action space defining
movement for a humanoid robot. The discrete component of this action space is the choice
of which limb or combination of limbs to move, whereas the continuous component indi-
cates how the selected limb should be moved. This method shows alot of promise, but
is still outperformed by more traditional optimization and machine-learning techniques at
the moment. In our project, cooperative MARL constitutes having a DQN to estimate the
discrete component of the action ag4 given a state s, and a DDPG that is given this discrete
component and determines the time for that action a;, thus a = (ag,a;). How and what
agents communicate with one another is paramount to the success of a cooperative MARL
model. There are many approaches to modeling interactions between agents in cooperative

MARL systems. A few of the main ideas are outlined below:
e agents learn independently of one another
e consensus (using sparse communication)

e communication (agents don’t just learn the policy with respect to the task but also

learn with whom and what to communicate)

For the interaction between our DQN and DDPG, we opted for a basic form of consensus
with sparse communication, where the DDPG is given the DQN’s output as an additional

part of its input.

2.2.7 Reward Shaping & Reward Design
In RL, a reward is a metric for the quality of an action a € A, given a state s € S, where
the reward can be formalized as a mapping 7 : S X A — R, where R is the set of possible

reward values. The purpose of a reward is to provide some measurement of progress relative
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to the goal and thus guide the decision making process.

The simplest forms of reward are so called sparse rewards. A sparse reward in an envi-
ronment would amount to giving a reward of +k iff the action taken in the current state
leads to a goal state, —k iff the action leads to a non goal terminal state, and 0 iff the
action leads to a non-terminal state where k& € R. Varying k has a limited influence on the
network’s learning rate and is commonly set to kK = 1. Some frequent problems for sparse
reward functions include the slow rate at which they learn due to the minimal amount of
information received through the reward function, and the potential for falling into local
optima.

Reward shaping generally refers to engineering a reward function that gives more frequent
feedback than a sparse reward function (i.e. attempts to make the reward function more
dense and informative). Reward-shaping usually speeds up learning due to the more frequent
feedback. However, we run the risk of falsely assuming that certain intermediary behaviors
are beneficial towards reaching our end-goal and may therefore reward them inappropriately,
which will likely lead to undesirable results.

A lot of consideration has to be put into reward function design, as any flaw in the reward
can potentially lead to reward hacking. Reward hacking refers to an agent finding ways to
maximize its reward in ways that were not intended by the programmer, when writing the
reward function.

Local Optima are an even larger problem when designing reward functions than with sparse
rewards, especially in complex high dimensional environments. For example, A. Irpan (Ir-
pan, 2018) provides an instance of an RL agent that found an interesting local optima in the
HalfCheetah environment, where the agent learns to traverse a plane by moving forward.
However, the agent learned to flip onto its back before using the convulsions of its back mus-
cles to propel itself forward towards the goal (this is clearly not was originally intended).
Reward-shaping can alleviate this problem if done correctly, but may also exacerbate the

problem, if the reward function incentivizes sub-optimal behavior.
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2.3 Planner Portfolios
Planner portfolios are collections of planning algorithms designed to complement each other
and maximize the potential that a planner in the portfolio can solve a given task. Two

distinct types of planner portfolio exist, as outlined below.

2.3.1 Offline Portfolios

Definition 2.3.1. Let P be a set of planners, t an upper bound on time to be used per task,
Ny ={nln e NAn <k} and k € N. Then an offline planner can be defined as a function
f(ni) = (pi,t;) where p; € P, t; € Ry, n; € Ny, and XF_,t; < t.

In offline portfolios, the model is trained on a fixed size batch of data and the output of
the model is a planner schedule, as defined above. At later time intervals the model can be
updated using new batches of data if necessary and more data exists.

An example of an offline planner portfolio is Stone Soup (Helmert, Roger, and Karpas,
2011).

2.3.2 Online Portfolios

Definition 2.3.2. Let P be a set of planners and t an upper bound on time to be used
per task. Given a task I and some information on previously attempted planners and time
left(originally t for every task) that we call a history H, an online portfolio can be formalized
as a function f: (IL, H) — (p,t) which predicts the next planner p € P and a time allocation
t € Ry for this planner to execute for the task II given history H.

In online portfolios, the model is trained incrementally, using a constant and up to date
stream of data, that describes the current state of the current planning task. The model is
updated with each new piece of data and is able to make predictions based on task specific
information.

Our planner portfolio is given a task encoded as an image to operate on for a given episode,
as well as additional information about the task such as a history of planners that have
already been attempted.

An example of an online planner portfolio is Delfi (Katz et al., 2018), which used supervised

learning techniques and partially inspired the idea behind this project.
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The task data we use for our experiments is the same data that was created and used for
the training of Delfi (Sievers et al., 2019a). The planner set for our portfolio consists of the
same planners as Delfi (Katz et al., 2018), which participated in the IPC 2018. It includes 17
Fast Downward based planners. The planners include a DKS structural symmetry pruning
(Domshlak, Katz, and Shleyfman, 2012) and a orbital space search structural symmetry
pruning (Domshlak, Katz, and Shleyfman, 2015) variant. Each of these variants using one
of the following eight heuristics: blind heuristic, LM-Cut (Helmert and Domshlak, 2009),
iPDB (Haslum et al., 2007) with a time limit of 900 seconds for the pattern generation, a
zero-one cost partitioning pattern database (ZO-PDB) which generates the patterns using a
genetic algorithm (Edelkamp, 2006), and four Merge-And-Shrink (M&S) heuristics (Dréger,
Finkbeiner, and Podelski, 2006; Helmert et al., 2014). As well as the planner SymBA*
(Torralba et al., 2017). Also for a precise definition of the network structures used in the

individual experiments refer to the appendix of this paper.

With this data we train multiple agents to allocate planners to tasks, where in certain
cases the agent also allocates a time slot and in others this slot is constant. The agent
samples a task from our data set and makes repeated attempts (i.e. a planner allocation for
a certain time period that is either fixed or comes from the network) until the time for the
episode is done. For every attempt the agent has an input comprised of an image encoding
of the task and additional information consisting of: the previously attempted planners and
their previous consecutive runtimes, the most recently run planners runtime and the time
left in the current episode. As output we receive a planner choice and if the agent does not
use a fixed time allocation, we also receive a time allocation. To balance exploration and
exploitation the agent ignores its policy and takes a random action with a certain probability
epsilon (in some other variants this is implemented using Gaussian noise). After transition-
ing to a new state based on taking a certain action, a reward function tells the agent how
qualitatively good the attempt was and is used to calculate an expected value based on the
reward value and the estimated Q-value of the state by the network. Using this expected
value we calculate the MSE for a batch of such transitions to the obtained value and take a

gradient descent step based on this in the network.
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For every agent, we test the networks on a test set after every 10 episodes of training.
The test set is independent from the training set in the sense that there is no task overlap
and that the split is also domain independent (i.e. all tasks of a certain domain belong to
the same set). Also, time outputs are clipped to be at most the time remaining, unless oth-
erwise specified and for all DDPG variants gradient clipping is used, which can help prevent

exploding and/or vanishing gradients.

After testing the networks, we calculate the average reward obtained during the testing
process. If the average reward is larger than any of the average rewards obtained previously
while testing, we save the network configuration in a separate file (store network configura-
tion for potential use later when compiling results and creating visualizations). A relatively
small batch size of 32 was used to increase generalization (Keskar et al., 2016) and to reduce

compute time per episode for all of our experiments.

3.1 DQN with Constant Action Time

In previous work on online planners supervised learning was used to make a fixed number of
attempts per task. However this required training multiple networks to do this and did not
scale well. The simplest extension using deep RL that we could think of was to discretize
the environment, by making the time allocation constant, and using a DQN to predict which
planners to use for tasks, thus allowing us to be able to make multiple predictions, after
only having trained one network. In the DQN implementation, the time output was kept
constant where a; = 180 or 10% of the total time. A DQN outputs a planner selection,
which is paired with the constant time output in a tuple to give the full action. In our
DQN, the exploration/exploitation trade-off was modeled using epsilon decay, where the
starting epsilon is 0.9 and is slowly reduced to 0.05 using a decay factor of 200. The target

network is updated using a hard update every 20 episodes.

3.1.1 Reward Structure:

The reward structure for the DQN is simple. We give a scaled positive reward if the planner
solves the task and 0 for all planners that cant solve the task.

The reward is determined by ordering the planners that would solve the current task in the
remaining time from best to worst. We give 1 for the best planner, 0 for all the planners that
cant solve the task in the remaining time and for the remaining planners, we interpolate
between 0.5 and 1 based on the position of the planner in the sorted solving planners.
The variable Done is also returned from the reward function and indicates if the planner
selected can potentially solve the task in the remaining time (environment then checks if

time allocated is sufficient to determine if the next state is a final state or not).
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3.2 DDPG Sparse Rewards
After the somewhat limited results shown by the DQN attempt we felt it seemed logical

to create an agent that operates on the original action space, with its continuous time
component, instead of the simplified, discretized version. To be able to handle continuous
action spaces we switched to actor-critic networks specifically DDPG. A sparse rewards
approach was used here to make sure that we are not unnecessarily biasing the reward
function by for instance applying incorrect reward-shaping techniques. This can, however,
result in the reward function being too difficult to learn with the amount of data and time
provided. The exploitation/exploration trade-off was implemented with the help of Gaussian
noise. The use of Gaussian noise differs from the original DDPG paper (Lillicrap et al., 2015),
because more recent results (Fujimoto, Hoof, and Meger, 2018; Barth-Maron et al., 2018)
have shown the original Ornstein-Uhlenbeck noise to be superfluous when compared to its
Gaussian alternative. Mathematically, the planner noise can be described as N (i, X), where
wis a (17,1) vector of zeros and ¥ is the covariance matrix and contains only zeros, aside
from on its main diagonal, where it has the corresponding variances(here the variance is 0.7
for all diagonal entries). The ”planner time noise” is described by the following Gaussian
distribution N (0, 200). Like the other DDPG variants the sparse rewards version is updated
each episode using a soft-update where p = 0.001.

3.2.1 Reward Structure:

The reward structure for this DDPG version is purposefully simple. We simply pick the
planner with the max value from the networks planner vector and check if the time allocated
by the network for this planner can solve the current task. If this is the case, we return
R = 10. If the time allocated is smaller than zero, then we return R = —10. Finally, if none
of the above is true, the reward would return R = —1 (this is not strictly speaking part of
a typical sparse reward and is done to disincentivize making too many attempts for a given
task). This simple reward structure reduces the probability that we reward sub-optimal

intermediary behaviors.

3.3 DDPG Reward Shaping

In our simple reward shaping DDPG implementation, the idea was to motivate beneficial
intermediary behaviour, that would hopefully let our agent learn an appropriate policy
faster than in our sparse rewards DDPG. The DDPG is used to estimate a planner choice
as well as a time allocation for that planner (DDPG estimates a planner and a time).
This is different from the DQN variant that only estimated a planner, but the time was
fixed. The exploitation/exploration trade-off was implemented with the help of Gaussian
noise. A separate noise function was created for the planner noise and the planner time
allocation noise. Mathematically, the planner noise can be described as N (i, X), where p
is a (17,1) vector of zeros and ¥ is the covariance matrix and contains only zeros, aside
from on its main diagonal, where it has the corresponding variances (here the variance

is 0.72 for all diagonal entries). The ”planner time noise” is described by the following
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Gaussian distribution A(0,200). The DDPG is updated each episode using a soft-update
where p = 0.001 in contrast to the DQN, which uses a hard-update after a fixed number of

episodes.

3.3.1 Reward Structure:

The idea behind this reward was to penalize negative times and the overshooting of the time
limit. While incentivizing choosing the correct planner or the wrong planner but with time
left to solve the task.

The reward for our first DDPG returns —10 iff the current planner time is less or equal to
zero, —11 else iff the time missing for any of the planners to be able to solve the task is
bigger than the time left, —1 else iff the time left is sufficient for another planner to solve

timeLeftEpisode . . A
the task, 1+ b Fpisode —timeFor BesiPlanmer * 10 else iff the time missing for the current

planner to solve is less than or equal to zero (i.e. solved) and 0 else iff the time missing for
the current planner to solve is greater than zero.

The idea behind this reward is to incentivize, assumed to be beneficial, intermediary be-
haviors such as leaving time for another planner to be able to still solve the task or never
estimating times less than zero.

This idea constitutes reward-shaping.

3.4 DDPG Dense Rewards

In our more dense reward shaping version of DDPG the DDPG is used to estimate a vector
of planner values as well as a time allocation for each planner. We made this switch so the
reward could be based on the entire planner vector and corresponding time vector, as we hy-
pothesized that this would improve the agents rate of learning. The exploitation/exploration
trade-off was again implemented with the help of Gaussian noise. Mathematically, the plan-
ner noise can be described as N (i1, %1), where p1 is a (17,1) vector of zeros and ¥ is the
covariance matrix and contains only zeros aside from on its main diagonal, where it has the
corresponding variances (here the variance is 0.5% for all diagonal entries). The ”planner
time noise” is described by the following Gaussian distribution N (2, X2), where s is a
(17,1) vector of zeros and X5 is a covariance matrix with 200 filling every entry in the main
diagonal, while every other entry in the matrix is zero. The DDPG is updated each episode

using a soft-update where p = 0.001.

3.4.1 Reward Structure:

Unlike other reward functions developed for this project, this reward function considers the
entire planner vector output by the actor network when determining the reward. The idea
behind this was to see if we could make the reward signal more dense by inferring the quality
of entries in the planner vector that do not represent the maximum (i.e. the current planner
choice by the network). In doing this, we incentivize that the soft-maxed output vector has
a more even distribution of values (can be interpreted as probabilities) between the different

planners. This should theoretically make the network estimate more realistic values for all
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the planners as the tendency to focus on a small group of planners (network tends to fall

into a pattern of picking the same planners) is reduced.

For each of the 17 entries in the planner vector, we calculate C;, K; and tpe,, and use
them to derive R,, and R;,. Here, we only clip the time outputs after calculating the plan-
ner vector reward which is explained below. Also let x denote the planner values from the

network and y the planner times.

e (C; = 10 iff planner ¢ can still solve in remaining time else C; = —5

Rai = 01(2171 — 1)

K; = 10 iff planner ¢ solves with time y; else K; = —10

Rti = QCZKZ

® tpen, = —3 iff y; larger than time left, —5 iff y; < 0 else 0

We then calculate the reward for the whole planner vector R, = E?:llo(R% + Re, + tpen;)-

To get our final reward R, we need ty, which is equal to the time left in the episode iff the
current planner can solve the task, iff not, ¢ty is equal to the time allocated by the current
planner. Then ¢ = maxz(0,ty) and ¢pyep is t divided by the remaining time in the episode.
Finally R = Rptprop — A, where A = 1 is a penalty for taking too many steps and is set to
constant value instead of being proportional to the number of steps, because the agent’s goal

is to maximize the discounted cumulative reward due to the use of the Bellman equation.

3.5 MARL Adhere to Region

Due to the success of our DDPG algorithm for certain toy problems that constituted moving
an agent towards a certain region with a strictly continuous action space, we felt that
the hybrid nature of the action space could be inhibiting the DDPG agent’s learning. To
eliminate this potential problem, we use multiple agents (MARL), where a DQN outputs
a planner vector (i.e. a planner choice) and a DDPG outputs a time vector (i.e. time
allocation for each potential planner choice). Both the DDPG and the DQN have separate

reward functions. Both versions of MARL make use of Gaussian noise.

3.5.1 DQN Reward Structure:

e Sort the planners from best to worst for current task based on minimum time still

required to solve.
e Cut off planners that don’t solve in the remaining time.

e Iff selected planner solves and max_indexgoipeq > 0 then

_ (maz_indexsoipeqa—index_current_planner)
R = et ndes coined 0.5+ 0.5

else iff selected planner solves, has index 0 in sorted and maz_indexsopeq = 0 then
R=1

else doesn’t solve R = 0.
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3.5.2 DDPG Reward Structure:

The DDPG reward works by creating "reward windows”, which essentially means defining
the boundaries of these windows and their corresponding rewards. The lower bound of the
main "reward window” is the best (a.k.a smallest) time for any of the seventeen planners
multiplied by 1.1 to give more freedom to the planner choice. Iff the time still required
for the current planner is less than the time left in the episode, the upper bound is set to
the time for the current planner multiplied by 1.2 to once again give more freedom to the
choice of planner by the DQN without completely skewing the window shape. Iff current
planner cannot solve the task anymore given the time left in the episode, we reset the upper
bound to upper_bound = lower_bound + 100, so that the DDPG can still reward good time
allocation. We also check that the difference between lower bound and upper bound is at
least 50, so that our target window has a somewhat substantial size at least. Iff this is not
the case, the upper bound is reset to upper_bound = lower_bound + 50. The upper bound
is also clipped to be the remaining time in the episode, if it overshoots similiar to how we

clip the ”current planner time” throughout this project.

e iff planner time is less or equal to 0 R = —10

planner_time—min_time
lower_bound—min_time

o iff min_time < planner_time < lower_bound then R =

o iff lower_bound < planner_time < upper_bound then R =1

planner_time—time_le ft_episode
upper_bound—time_le ft_episode

o iff upper_bound < planner_time < time_left_episode then R =

e clse R=0

3.6 MARL Adhere to MSE
The second version of MARL only differs from the first in its reward function for the DDPG.

In this version, we replace ”"reward windows” with MSE.

3.6.1 DDPG Reward Structure:

Instead of "reward windows”, the reward is based on the mean squared error relative to
an expected value. This value is calculated by first sorting an array of planners in as-
cending order of time remaining. Second, we remove planners that cant solve the task in
the remaining time and calculate the median of the resulting array. The reward is then

R = —(planner_time — median)?.



Experiments

In the below experiments a random action baseline which represents taking random actions
was implemented as a comparison. The implementation of this random action baseline is
not always the same from agent to agent and is described in more detail in the section of
the corresponding experiment. On the y-axis the percentage correct is displayed, while the
x-axis shows amount of times that we test the network. The testing of the network is done

every ten episodes, meaning the episode number is the x-value multiplied by ten.

4.1 DQN with Constant Action Time

o 100 200 300 400 500 600 0 100 200 300 400 500 600
((a)) testing on training set ((b)) testing on test set

Figure 4.1: DQN with constant action time results

Here, the red line represents the random action baseline corresponding to allocating half of
the total time to one randomly chosen planner and then trying another randomly chosen
planner for the remaining time. The green line represents whole time available being allo-
cated to a single planner that is randomly chosen. Also, our DQN trials tended to converge
to local optima relatively quickly. After this point the outputs stagnate, which can be seen
by looking at the mean percentage achieved which is represented by the black line. Here we
see both for the test set and for the training set that there is little variation over time in the
mean, which can be explained by the fact that the individual DQN experiments stagnate
relatively quickly. Furthermore, there seems to be a larger standard deviation (represented

by the shaded blue region) on the test set than on the training set. This is likely due to
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the fact that only ten attempts where made per experiment due to computational limits,
because the test set is significantly smaller than the training set, and because the test set
varies more in task difficulty (e.g. the sum of all planner times for a given task as a metric
for how difficult the task is).

4.2 DDPG Sparse Rewards

0 100 200 300 400 500 600 o 100 200 300 400 500 600

((a)) testing on training set ((b)) testing on test set

Figure 4.2: DDPG (sparse rewards) results

Here red line represents the random action baseline consisting of choosing a random planner
for a random amount of time between zero and time remaining repeatedly until the time
limit is reached and is the same for all the DDPG and MARL agents. In this version,
a slight positive correlation is noticeable between percentage solved and the number of
episodes. This would have to be further tested to see if this trend continues for larger
episode numbers and to which degree. The standard deviations plotted indicate that the
agent would occasionally beat the random action baseline (which is confirmed by looking at
the more detailed experiment logs). Also, the standard deviation decreases, as the number
of episodes gets larger, which makes sense given the agent has randomly initialized weights

at the beginning.



Experiments 22

4.3 DDPG Reward Shaping

o 100 200 300 400 500 600 0 100 200 300 400 500 600
((a)) testing on training set ((b)) testing on test set
Figure 4.3: DDPG (reward shaping) results

By shaping the reward we hoped to encourage beneficial intermediary results that would
steer our agent in the right direction. The network is regrettably quite unstable and often
gets stuck on strategies far less optimal than the random action baseline. However, rarely,
as can be seen by the shaded standard deviation regions, the agent is superior to the random

action baseline.

4.4 DDPG Dense Rewards

((a)) testing on training set ((b)) testing on test set
Figure 4.4: DDPG(reward whole vector) results

In this version, the idea was to make the reward function much more dense, by rewarding
all entries in the planner vector. This led to "reward hacking” and learning sub-optimal
intermediary policies. Even though the mean percentage (represented by the black line) of
the experiments increases as the episode number increases, the random baseline is so much
higher than the mean percentage that this trend is somewhat irrelevant. In all, this was the

least effective/efficient experiment in the time frame tested.
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4.5 MARL Adhere to Region

o 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
((a)) testing on training set ((b)) testing on test set
Figure 4.5: MARL Adhere to Region results

The red line once again indicates the random action baseline. This multi-agent agent was
created with a DDPG to estimate a continuous time output and a DQN to estimate a planner
for a task state. The agent fails to make noteworthy progress in the small time frame that it
is active, and fails to exceed the random action baseline. Testing on the larger training set
yielded better results than on the test set. Here the mean percentage is more stable than

for instance the mean percentage for the sparse rewards DDPG.

46 MARL Adhere to MSE

o 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
((a)) testing on training set ((b)) testing on test set
Figure 4.6: MARL Adhere to MSE results

The second version of MARL differed only in its reward for the DDPG from the first version.
We now replace reward windows with the MSE to an expected value. This leads to a 5%+
average improvement over the reward window version of MARL on the training set and a
15%+ average improvement on the test set. These results are likely due to the more concave
nature of the objective function (which makes it easier to optimize over) when using MSE,

than when utilizing the reward windows approach.
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4.7 Comparison between Experiments
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((a)) testing on training set ((b)) testing on test set

Figure 4.7: Comparison of all Agents

In the figure above the blue line represents the DQN, the green line represents the DDPG
with sparse rewards, the red line represents the DDPG with reward shaping, the turquoise
line represents the dense rewards DDPG, the magenta line represents the MARL agent with
"reward windows” and the yellow line represents the MARL agent that uses the MSE.

From the results above we can see that DQN performs the best in terms of percentage
correct but the learning rate is stagnant. Sparse rewards DDPG, despite performing worse
in the time frame given, seems to exhibit a consistent and slightly positive learning rate,
meaning that given a longer time frame it would possibly overtake the DQN. The reward
shaping version of DDPG is pretty similiar in its result to the sparse rewards version up until
epsiode 2000 (i.e. 200th time testing). Both MARL versions perform somewhat similarly,
with the MSE version showing greater deviations, but a notably better final performance.
The worst performance is exhibited by the dense rewards version of the DDPG, that upon
closer inspection of the reward function allows ”"reward hacking”, which massively hinders

the agent’s ability to learn the appropriate patterns for its purpose.



Summary & Future Work

In this project, we aimed to enhance prior research on online planner portfolios by applying
reinforcement learning techniques. Our approach allows multiple attempts to be made per
task after only having trained one network. This contrasts with the previously utilized
approach, based on supervised learning, by Delfi (Katz et al., 2018; Sievers et al., 2019a), in
that it doesn’t have to train multiple networks, to be able to make multiple attempts. Some
minor changes included adding some additional information to each state that describes
the history of attempted planners as well as the time remaining for the current task. We
developed various RL agents using various types of algorithms with various reward functions,
but unfortunately, the mean accuracy of the agent was exceeded by the random action

baseline in all of our experiments. Some potential reasons for this include:

Insufficient Number of Samples
In previous RL successes, such as the Atari DQN (Mnih et al., 2013), the number of
samples required to reach this level of proficiency was generally in the millions. In our
case, the number of samples was approximately 2000. The planning fallacy states that
completing a task will take longer than you think it will. In RL, the planning fallacy

is that learning the policy will take more samples than one would expect.

Insufficient Quality of Samples
Previously we stated that a small number of samples can be problematic for learning
a policy. In the same way, having low quality samples can lead to a slow or flawed
learning rate. In our case, most of the tasks can be solved by most if not all of the
planners. If a task can be solved by most planners, then little information can be
gained about which planners are "better” based on the current task. In this case, we
would say the task has low information density. If an already small task set has low

information density, this can complicate the training of an RL agent even further.

Insufficient Stability and Sample Efficiency in Current RL Algorithms
RL agents are famously unstable. The same RL agent will converge on a more than

acceptable solution 70% of the time, while devolving to a worse than random policy
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the rest of the time. In other areas of machine learning this would not be considered a
success from a statistical point of view, but in the current state of RL, this divergence
due to the initial conditions is completely normal. Further factors, like a potential
lack of consistent feedback for RL algorithms and the tendency for tasks to be more
complex, lead to more ways that the model can fail than in traditional supervised

learning.

Insufficient Quality of Image Encoding at Representing Patterns in Task
To represent tasks as images, the mathematical object constituting the task is trans-
lated to an abstract structure graph, which is then translated to an adjacency matrix
which can be encoded as a grey scale image. This translation cannot guarantee infor-
mation preservation. Using the graphs directly and making use of GNNs circumvents
the previously mentioned problem, but does not address the quality of the representa-
tion for identifying useful patterns in the data. The previous point can be illustrated
by the following example: Assume we have an image I and a bijective function f that
randomly maps every pixel in the image to a new pixel (deterministically) to create an
image I'. Then the information contained in I is a subset of the information contained
in the tuple (I ’ f). Despite the preservation of information the random jumbling of
information in the image space is likely to make it more difficult for a machine to make
predictions based on the new image and function than previously. A large part of this
is that we are rearranging how certain variables correlate, when jumbling the infor-
mation. To summarize despite abstract structure graphs encoding the tasks losslessly,
we cannot be sure that this representation is well suited to derive patterns from the

task using neural networks.

Reward Function Incorrectly Constructed
Constructing or shaping an appropriate reward function for an environment is paramount
to the RL agent’s success. When shaping a reward, we try to incentivize beneficial
intermediary behaviour on the path to a goal state. However, if we mistakenly incen-

tivize the wrong behavior, this will trivially lead to sub-optimal results.

Future work would likely lie in dealing with some of the above mentioned points. Below are

a few of the most promising ideas for future work related to the problems mentioned above.

Increase Number of Samples
Increasing the number of samples and compute time for the algorithm is one of the
more rudimentary ways in which we can improve performance. The question is how we
get these samples. Traditionally, this has been done by using a domain specific task
generator, but more recent work has led to different approaches such as AutoScale
(Torralba, Seipp, and Sievers, 2021). AutoScale is an automatic tool that selects
tasks for a given domain from a set of tasks, that are generated by a traditional task
generator. It does this while taking the performance of current planners into account.
With an algorithm like AutoScale, it might be possible to not only increase the number

of samples, but also increase the quality of samples in the data set.
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Prioritized Experience Replay
To deal with the non-uniform distribution of sample quality, a method of prioritizing
the sampling of more promising samples over less promising ones was devised (Schaul
et al., 2015). The fact that our sample set is relatively small and the that over 50%
of our tasks have relatively low quality (in terms of information to be gained), seems
to indicate that a prioritized replay memory would be beneficial towards increasing

sample usage efficiency.

Progress in RL Algorithms
Over the years since the original DQN Atari paper (Mnih et al., 2013), improvements
have been made to algorithms such as DQN and DDPG resulting in algorithms such
as double DQN (DDQN) and A3C. Still, for many practical use cases, the stability
and efficiency of these algorithms is severely lacking. This makes solving certain tasks
using RL infeasible for the moment. To tackle the problem of online portfolios, more

progress may be required.

Novel Ways of Translating Automated Planning Tasks to Graphs
As discussed in the previous section, the manner in which we represent planning tasks
to the network could have a large effect on the efficiency of the network at identifying
usable patterns from the representation. More research into alternative representations
of tasks and their properties is likely necessary, to certify that the manner in which

we represent tasks is not adding to the accidental complexity of the problem.

Supervised Learning The Delfi project (Katz et al., 2018; Sievers et al., 2019a), which
made use of supervised learning, showed more promise at learning desirable patterns
from task representations than the RL methods used in this paper. Ideas like training
a portfolio of supervised learners or adapting supervised learning in a manner in which
it can be possible to make multiple attempts per task, are ideas that have not been

tried to the best of our knowledge.



Conclusion

The deep RL revolution began with the seminal Atari paper (Mnih et al., 2013) with a
multitude of significant improvements in recent years. Inspired by these results, we decided
to see if some of these algorithms could be applied to the problem of creating online planner

portfolios in automated planning.

We tested a variety of agents and agent types to this effect, but none of the agents ex-
ceeded the random action baseline and in fact, all the agents means were exceeded by the
random action baseline in terms of percentage correct. The main hypothesized reasons for
this unsatisfactory result were outlined in the previous chapter, and lead us to believe that
plain vanilla reinforcement learning algorithms are insufficiently stable to be able to deliver
viable results for this problem, given the amount of data available at the moment. Even if
we assume that the data sets would be large enough, this lack of stability becomes an even
bigger problem when using a specific RL algorithm on an action space that it wasn’t designed
for. DQNs and variants thereof operate well on discrete action spaces, whereas actor-critic
networks and policy gradient methods can deal well with continuous action spaces. Despite
actor-critic networks doing a decent job of dealing with hybrid action spaces when compared
to DQNs, there is still much to be desired. In all likelihood, cooperative MARL approaches
will improve our ability of being able to deal with these hybrid action spaces in the coming

years.

We also believe that a more informative task set would greatly benefit the agent’s learning,
because having tasks that almost every possible planner can solve does not tell the agent
much about which planners are better, and can lead to a slow and/or sub-optimal learning

rate.

In summary, there are many ideas for future work and potential ways to improve the re-
sults from this project. The previous work on online portfolios using supervised learning
has shown success, which means that supervised learning is perhaps a better candidate for
future work in planner portfolios due to the for example far higher sample efficiency and

reduced potential for falsely configuring hyper-parameters.
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Appendix

A.1 Network Structures
A.1.1  DQN Network Structure:

o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

Dropout(dropout_rate = 0.5)

e Flatten()

e Linear(input_size = 516128, output_size = 100)
o Linear(input_size = 135, output_size = 100)

e Linear(input_size = 100, output_size = 100)

o Linear(input_size = 100, output_size = 17)

A.1.2 DDPG Sparse Rewards Network Structure
A1.2.1 Actor:

o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

e BatchNorm(num_Channels = 32)
e Flatten()
e Dropout(dropout_rate = 0.49)

e pre-planner out: Linear(input_size = 516163, output_size = 100)

pre-time out: Linear(input_size = 516163, output_size = 100)

e planner out: Linear(input_size = 100, output_size = 17)

time out: Linear(input_size = 100, output_size = 1)
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A1.2.2 Critic:

Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

BatchNorm(num_Channels = 32)

Flatten()

Dropout(dropout_rate = 0.49)
Linear(input_size = 516163, output_size = 100)

Linear(input_size = 100, output_size = 1)

A.1.3 DDPG Reward Shaping Network Structure
A.1.3.1 Actor:

Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

BatchNorm(num_Channels = 32)
Flatten()
Dropout(dropout_rate = 0.5)

pre-planner out: Linear(input_size = 516163, output_size = 100)

pre-time out: Linear(input_size = 516163, output_size = 100)

planner out: Linear(input_size = 100, output_size = 17)

time out: Linear(input_size = 100, output_size = 1)

A.1.3.2 Ciritic:

Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

BatchNorm(num_Channels = 32)

Flatten()

Dropout(dropout_rate = 0.5)
Linear(input_size = 516163, output_size = 100)

Linear (input_size = 100, output_size = 1)
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A.1.4 DDPG Dense Rewards Network Structure
A.1.4.1 Actor:

o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

e BatchNorm(num_Channels = 32)
o Flatten()
e Dropout(dropout_rate = 0.5)

e pre-planner out: Linear(input_size = 516163, output_size = 100)

pre-time out: Linear(input_size = 516163, output_size = 100)

e planner out: Linear(input_size = 100, output_size = 17)

time out: Linear(input_size = 100, output_size = 17)

A.1.4.2 Critic:
o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1, 1)).

BatchNorm(num_Channels = 32)

Flatten()

Dropout(dropout_rate = 0.5)
e Linear(input_size = 516197, output_size = 100)

e Linear(input_size = 100, output_size = 1)

A.1.5 MARL Adhere to Region Network Structure:
A.1.5.1 Actor:

o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

Dropout(dropout_rate = 0.50)

e Flatten()

e Linear(input_size = 516128, output_size = 100)
o Linear(input_size = 135, output_size = 100)

e Linear(input_size = 100, output_size = 100)

o Linear(input_size = 100, output_size = 1)



Appendix 35

A.1.5.2 Critic:
o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

Dropout(dropout_rate = 0.50)

Flatten()
o Linear(input_size = 516128, output_size = 100)
e Linear(input_size = 137, output_size = 100)
o Linear(input_size = 100, output_size = 100)
e Linear(input_size = 100, output_size = 1)
A.1.5.3 DQN:

o Conv2d(number_input_channels = 1, number_output_channels = 32, kernel_size =
(2,2), stride = (1,1)).

e Dropout(dropout_rate = 0.50)

Flatten()

o Linear(input_size = 516128, output_size = 100)
e Linear(input_size = 135, output_size = 100)

e Linear(input_size = 100, output_size = 100)

o Linear(input_size = 100, output_size = 17)

A.1.6 MARL Adhere to MSE Network Structure:
The network structure is identical to MARL adhere to Region.
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