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Abstract

This work is inspired by recent advances in hierarchical re-
inforcement learning (HRL) (Barto and Mahadevan 2003;
Hengst 2010), and improvements in learning efficiency from
heuristic-based subgoal selection, experience replay (Lin
1993; Andrychowicz et al. 2017), and task-based curricu-
lum learning (Bengio et al. 2009; Zaremba and Sutskever
2014). We propose a new method to integrate HRL, expe-
rience replay and effective subgoal selection through an im-
plicit curriculum design based on human expertise to support
sample-efficient learning and enhance interpretability of the
agent’s behavior. Human expertise remains indispensable in
many areas such as medicine (Buch, Ahmed, and Maruthappu
2018) and law (Cath 2018), where interpretability, explain-
ability and transparency are crucial in the decision making
process, for ethical and legal reasons. Our method simpli-
fies the complex task sets for achieving the overall objec-
tives by decomposing them into subgoals at different levels
of abstraction. Incorporating relevant subjective knowledge
also significantly reduces the computational resources spent
in exploration for RL, especially in high speed, changing, and
complex environments where the transition dynamics cannot
be effectively learned and modelled in a short time. Experi-
mental results in two StarCraft IT (SC2) (Vinyals et al. 2017)
minigames demonstrate that our method can achieve better
sample efficiency than flat and end-to-end RL methods, and
provides an effective method for explaining the agent’s per-
formance.

Introduction

Reinforcement learning (RL) (Sutton and Barto 2018) en-
ables agents to learn how to take actions, by interacting
with an environment, to maximize a series of rewards re-
ceived over time. In combination with advances in deep
learning and computational resources, the Deep Reinforce-
ment Learning (DRL) (Mnih et al. 2013) formulation has
led to dramatic results in acting from perception (Mnih et
al. 2015), game playing (Silver et al. 2016), and robotics
(Andrychowicz et al. 2020). However, DRL usually re-
quires extensive computations to achieve satisfactory per-
formance. For example, in full-length StarCraft II (SC2)
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games, AlphaStar (Vinyals et al. 2019) achieves superhu-
man performance at the expense of huge computational re-
sources'. Training flat DRL agents even on minigames (sim-
plistic versions of the full-length SC2 games) requires 600
million samples (Vinyals et al. 2017) and 10 billion sam-
ples (Zambaldi et al. 2019) for each minigame, and re-
peated with 100 different sets of hyper-parameters, approx-
imately equivalent to over 630 and 10,500 years of game
playing time respectively. Even with such large number
of training samples, DRL agents are not yet able to beat
human experts at some minigames (Vinyals et al. 2017;
Zambaldi et al. 2019).

We argue that learning a new task in general or SC2
minigames in particular is a two-stage process, viz., learn-
ing the fundamentals, and mastering the skills. For SC2
minigames, novice human players learn the minigame fun-
damentals reasonably quickly by decomposing the game
into smaller, distinct and necessary steps. However, to
achieve mastery over the minigame, humans take a long
time, mainly to practice the precision of skills. RL agents,
on the other hand, may take a long time to learn the fun-
damentals of the gameplay but achieve mastery (stage two)
efficiently. This can be observed from the training progress
curves in (Vinyals et al. 2017) which shows spikes followed
plateaus of reward signals instead of steady and gradual in-
creases.

We want to leverage human expertise to reduce the
‘warm-up’ time required by the RL agents. The Hierarchi-
cal Reinforcement Learning (HRL) framework (Bakker and
Schmidhuber 2004; Levy et al. 2019) comprises a general
layered architecture that supports different levels of abstrac-
tions corresponding to human expertise and agent’s skills at
the low-level manoeuvres. Intuitively, HRL provides a way
for combining the best from human expertise and agent by
organizing the inputs from humans at a high level (more ab-
stract) and those from agents at a lower level (more precise).
In this work, we extend the HRL framework to incorporate
human expertise in subgoal selection. We demonstrate the
effects of our methods in mastering SC2 minigames, and
present preliminary results on sample efficiency and inter-
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pretability over the flat RL methods.

The rest of the paper is organized as follows. We briefly
outline the background information in the next section. Next,
we describe our proposed methodology. Further, we discuss
the related works and present our experimental results. We
then conclude the paper highlighting opportunities for future
work.

Preliminaries

Markov decision process and Reinforcement learning:
A Markov decision process (MDP) is a five-tuple
(S;A; T3 R; ), where, S is the set of states the agent can
be in; A is the set of possible actions available for the agent;
R :Sx A~ Risthereward function, 7 : Sx A— Sis
the transition function; and € [0;1] is the discount fac-
tor that denotes the usefulness of the future rewards. We
consider the standard formalism of reinforcement learning
where an agent continuously interacts with a fully observ-
able environment, defined using an MDP. A deterministic
policy is a mapping : S — A and we can describe
a sequence of actions and reward signals from the envi-
ronment. Every episode begins with an initial Sp. At each
t, the agent takes an action a; = ¢(St), and gets a re-
ward r¢ = R(St;at). At the same time, St+1 is sampled
from 7 (St; at). Over time, the discounted cumulative re-
ward, called return, is calculated as: R¢ = Z.J;t I tr. The
agent’s task is to maximize the expected return Es,[Ro|So].
Furthermore, the Q-function (or action-value function) is
defined as Q (St;at) = E[R¢|St; at]. Assuming an opti-
mal policy :Q (s;a) > Q (s;a) Vs € S;a €
A; for any possible . All optimal policies have the same Q-
function called the optimal Q-function, denoted Q , satisfy-
ing this Bellman equation:

Q (s8) =By Tm[R(sia) + maxQ (sa)):

Q-function Approximators The above definitions enable
one possible solution to MDPs: using a function approxi-
mator for Q . Deep-Q-Networks (DQN) (Mnih et al. 2013)
and Deep Deterministic Policy Gradients (DDPG) (Lilli-
crap et al. 2016), are such approaches tackling model-free
RL problems. Typically, a neural network Q is trained to
approximate Q . During training, experiences are gener-
ated via an exploration policy, usually -greedy policy with
the current Q. The experience tuples (Si; at; I't; St+1) are
stored in a replay buffer. Q is trained using gradient de-
scent with respect to the loss L = E[Q(S; at) — Y], where
Yt = g+ Maxgoa Q(St+1; &%) with experiences sampled
from the replay buffer.

An exploration policy is a policy that describes how the
agent interacts with the environment. For instance, a pol-
icy that picks actions randomly encourages exploration. On
the other hand, a greedy policy with respect to Q, as in

o(s) = argmax,,a Q(s; a), encourages exploitation. To
balance these, a standard approach of -greedy (Sutton and
Barto 2018) is adopted: with probability take a random ac-
tion, and with probability 1 — take a greedy action.

Goal Space G Schaul et al. (2015) extended DQN to include
a goal space G. A (sub)goal can be described with specifi-
cally selected states, or via functions such as f : S — [0; 1],

either a state is a goal or not. Introducing G modifies the
original reward function R slightly: Vg € G, Rg : S X
A — R; R(s;alg) = Rg(s;a). At the beginning of each
episode, in addition to Sp, the initialization includes a fixed
g to create a tuple (So; g). Other modifications naturally fol-
low: :SxGr— A and Q (St;ar; 9) = E[R¢|st; at; 9]
Experience Replay Lin (1993) proposed the idea of us-
ing ‘experiences buffers’ to help machines learn. For-
mally, a single time step experience is defined as a tuple
(St; at; rt; St+1) and more generally an experience can be
constructed by concatenating multiple consecutive experi-
ence tuples.

Curriculum Learning Methods in this framework typically
explicitly or implicitly design a series of tasks or goals (with
gradually increased difficulties) for the agent to follow and
learn, i.e., the curriculum (Bengio et al. 2009; Weng 2020).
StarCraft IT SC2 is a real-time-strategy (RTS) game, where
players command their units to compete against each other.
In an SC2 full-length game, typically players start out by
commanding units to collect resources (minerals and gas) to
build up their economy and army at the same time. When
they have amassed a sufficiently large army, they com-
mand these units to attack their opponents’ base in order
to win. SC2 is currently a very promising simulation envi-
ronment for RL, due to its high flexibility and complexity
and wide-ranging applicability in the fields of game theory,
planning and decision making, operations optimization, etc.
SC2 minigames, as opposed to full-length games described
above, are built-in episodic tutorials where novice players
can learn and practice their skills in a controlled and less
complex environment. Some relevant skills include collect-
ing resources, building certain army units, etc.

Proposed Methodology

We propose a novel method of integrating the advantages
of human expertise and RL agents to facilitate fundamentals
learning and skills mastery of a learning task. Our method
adopts the principle of Curriculum Learning (Bengio et al.
2009) and follows a task-oriented approach (Zaremba and
Sutskever 2014). The key idea is to leverage human ex-
pertise to simplify the complex learning procedure, by de-
composing it into hierarchical subgoals as the curriculum
for the agent. More specifically, we factorize the learning
task into several successive subtasks indispensable for the
agent to complete the entire complex learning procedure.
The customized reward function in each subtask implic-
itly captures the corresponding subgoal. Importantly, these
successive subgoals are determined so that they are gradu-
ally more difficult to improve learning efficiency (Bengio
et al. 2009; Justesen et al. 2018). With defined subgoals,
we use the Experience Replay technique to construct the
experiences to further improve the empirical sample effi-
ciency (Andrychowicz et al. 2017; Bakker and Schmidhu-
ber 2004; Levy et al. 2019). Furthermore, adopting clearly
defined subtasks and subgoals enhances the interpretabil-
ity of the agent’s learning progress. In implementation, we
customize SC2 minigames to embed human expertise on
subgoal information and the criteria to identify and se-
lect subgoals during learning. Therefore, the agent learns






