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Abstract

We introduce a new method for hierarchi-
cal reinforcement learning. High-level poli-
cies automatically discover subgoals; low-
level policies learn to specialize for different
subgoals. Subgoals are represented as desired
abstract observations which cluster raw input
data. An experiment shows that this method
outperforms several flat methods.

1. Introduction

The promise of scaling up reinforcement learning (RL)
through hierarchical RL (HRL) is widely acknowl-
edged. The idea is that low-level policies, which emit
the actual “primitive” actions at a fast timescale,
should solve only parts of the overall task. Higher-
level policies should work on a slower timescale, solv-
ing the overall task by sequentially invoking lower-level
policies, considering only a few abstract high-level ob-
servations and actions (macro-actions, options). Thus
each level’s search space is reduced, temporal credit as-
signment is facilitated, and low-level policies are easily
reusable within the task and in different tasks.

In most previous HRL studies the hierarchical struc-
ture was prewired by a designer. To minimize the lat-
ter’s responsibility, however, we would like to learn the
hierarchy itself as well. This work presents a step in
that direction. We propose the HASSLE algorithm, in
which high-level policies automatically discover sub-
goals, and low-level policies learn to specialize for dif-
ferent subgoals.

2. HASSLE

In the HASSLE algorithm (Hierarchical Assignment
of Subgoals to Subpolicies LEarning algorithm), each
action of a higher-level policy 7 at each high-level
time step t7 is the selection of a subgoal. The subgoal

of is taken from the set of! of abstract high-level ob-

servations which differs from the set o% of “primitive”
low-level observations. High-level observations basi-
cally classify low-level observations into a limited set
of clusters, e.g. using an unsupervised learning clus-
tering algorithm. The input of is also taken from the
set off. 7 can learn no matter whether the desired
subgoal of or a different o # 05 was reached. In the
latter case it simply learns as if the reached o, off,
was the desired subgoal. A standard value function-
based RL algorithm, in our case Advantage learning,
can be used. In the table-based case, the update of
the Advantage value A7 (0!, o) corresponds to
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Y, and kT are constants.

It is the job of the low-level policies to reach the sub-

goal. There is a limited set of low-level policies 1.

Every 7% contains a table of so-called C-values of
(of 0 g{ ) palrs each of which represents the “Capa-

bility” of m£ to reach subgoal 01;1 from of!. Following
a high-level observation change, one low-level policy is
selected based on the C-values of all low-level policies
for the current (o, 0, o) pair (using a Boltzmann rule).
This one then attempts to reach the current subgoal

of . If it does indeed reach og , its C-value for this
(of 0 f ) pair is increased, making future selection of

this low-level policy in this context more likely; other-
wise the C-value is decreased. The update rule is
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where a and ¢ are parameters, tL is the low-level
time step at which the current low level policy was
started, and tZ the one at which o was reached. In
addition, if the subgoal was not reached,
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Figure 1. The office task. The goal is the black dot in the
lower right corner. There are 6 rooms, connected by doors
to a central corridor. Large grey numbers indicate 9 pos-
sible high-level observations (HLOs).

So a low-level policy may learn that from some start
situation it can reach subgoal A but not subgoal B.
Another low-level policy may learn the opposite. This
realizes specialization. But a single low-level policy
may also learn that its capability encompasses multiple
(off,oll) pairs. This realizes generalization. The idea
is that the low-level policies will specialize when they

have to, but generalize when they can.

To facilitate generalization and specialization, in the
experiments we use (linear) function approximators for
low-level policies. In this way, each low-level policy can
learn to focus on those parts of the low-level observa-
tion space which are relevant to its specialization. The
low-level policy again learns using Advantage learning.
The weight updates at each low-level time step ¢ for
the currently active low-level policy 7% are
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where V(o) = max,. AF(ol,a") and o, v, and
k% are constants. In the experiments we set r¥ = 1 if
the subgoal is reached and r” = 0 otherwise.

3. An illustrative experiment

The experiment is a navigation task in an “office” grid-
world. The agent should learn to move from random
start positions to a fixed goal position (see Figure 1).
It has an orientation and three primitive low-level ac-
tions: make a step in the current direction, turn left
90°, turn right 90°. Each episode ends once the agent
reaches the goal, where it receives the only reward
r = 4. Low-level observation vectors contain infor-
mation from 4 “sonar” sensors which measure the dis-
tance to the nearest wall/door, 4 additional directed
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Figure 2. Average numbers of low-level actions needed to
reach the goal, as functions of learning time.

sensors which detect the presence of doors, and four
more which detect the goal, provided it is at most 8
grid cells away. The high-level observations are pro-
duced online by applying a simple unsupervised learn-
ing vector quantization method to the 4-dimensional
output of the distance sensors. Figure 1 shows how it
distributes high-level observations over the state space
(large grey numbers). There were 8 low-level policies
(a fairly arbitrary value; many other values work t00).

We compared the HASSLE system to 4 flat RL sys-
tems. The first was a single linear function approx-
imator with the low-level observations as inputs and
trained with Advantage-RL. The second was a nonlin-
ear function approximator, a multilayer feedforward
neural network (MLFF). The final two systems were
the same as the first two, but now the input vectors
contained also off as computed by the vector quan-
tizer. The idea here is to investigate the utility of one
HASSLE aspect, namely spatial and temporal abstrac-
tion of observations.

Figure 2 plots the average number of primitive ac-
tions needed to reach the goal as a function of the
total number of low-level time steps (averages of 10
runs). HASSLE converges to near-optimal policies.
The other systems either fail completely, or take much
longer to reach good solutions (MLFF with the high-
level observation, HLO, as an additional input).

Figure 1 shows trajectories of a HASSLE agent after
learning. The invocation of new subgoals and subpoli-
cies is indicated by corresponding (0%, 0? ): subpolicy
index labels. For example, in the upper left room,
ol = 1, subgoal of = 5 is selected, and specialized
subpolicy 3 is started, which has learned to look for
doors and go through them. Following the trajecto-
ries, one can see examples of specialization and gener-
alization of the subpolicies, and how 7% selects proper
subgoals following each high-level observation change.



