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Automatic Discovery of Subgoalsin Reinforcement Learning
using Diver se Density

Amy McGovern AMY @CS.UMASS.EDU
Andrew G. Barto BARTO@CS.UMASS.EDU

Computer Science Department, 140 Governor’s Drive, Usityenf Massachusetts, Amherst, Amherst, MA 01003

Abstract

This paper presents a method by which a rein-
forcement learning agent can automatically dis-
cover certain types of subgoals online. By creat-
ing useful new subgoals while learning, the agent
is able to accelerate learning on the current task
and to transfer its expertise to other, related tasks
through the reuse of its ability to attain subgoals.
The agent discovers subgoals based on common-
alities across multiple paths to a solution. We
cast the task of finding these commonalities as

goal but not on unsuccessful paths (for some suitable defi-
nition of success). The bottlenecks of interest are thaste th
appear early and persist throughout learning. If the agent
can discover these bottleneck regions and learn policies to
reach them during the initial stages of learning, it can use
these policies for more effective exploration as well as to
more quickly refine its overall policy. These subgoal poli-
cies can then be used to facilitate learning in similar tasks

We treat the problem of finding bottleneck regions as a
multiple-instance learning probleras defined by Diet-
terich et al. (1997). In this type of problem, a system at-

tempts to identify a target concept on the basis of “bags” of
instances: positive bags have at least one positive instanc
while negative bags consist of all negative instances. A
successful trajectory corresponds to a positive bag, where
the instances are the agent’s observations along thattraje
tory. A negative bag consists of observations made over an
unsuccessful trajectory. We argue that the problem of find-
ing bottleneck regions is well fit by this paradigm, and we

The ability to decompose a learning problem into a set of/Se the concept @iiverse densityMaron, 1998; Maron &
simpler learning problems can greatly expand the range ok0zano-Pérez, 1998) to detect the bottleneck regions.

applications in which a learning system can be successfulethods for automatically introducing subgoals have been
Within the reinforcement learning (RL) paradigm, one way stydied in the context of adaptive production systems,
to do this is to introduce subgoals with their own reward,yhere subgoals are created based on examinations of
functions, learn poI_ic_ies for achieving these subgoa_lsl, an problem-solving protocols (e.g., Amarel, 1968; Anzai and
the_n use these policies as temporally-extended acpons, Yimon, 1979). Iba’s (1989) macro-growing heuristic is re-
options (Sutton et al., 1999; Precup, 2000) for solving théected in several parts of our algorithm and discussed in
overall problem. In addition to accelerating learning on yore detail below. For RL systems, several researchers
the current task, this strategy can facilitate skill tramsd  aye proposed methods by which policies learned for a
other tasks in which the same subgoals are useful. set of related tasks are examined for commonalities (Thrun

This paper presents a method by which an RL agent caghd Schwartz, 1995) or are probabilistically combined to
discover useful subgoals automatically. It is based on théorm new policies (Bernstein, 1999). However, neither of
idea of “mining” an ensemble of behavioral trajectories ac-these RL methods introduce subgoals. The most closely re-
cumulated by the agent as it interacts with its environmentlated research is that of Digney (1996,1998). In his system,
This ensemble can be processed in various ways to forritates that are visited frequently or states where the cewar
concepts useful to the learning agent. In this paper, the fodradientis high are chosen as subgoals. Drummond (1998)
cus is on discovering subgoals of achievement by searchingrOPosed a system where an RL agent detected walls and
online for “bottlenecks” in observation space. Informatly ~doorways through the use of vision processing techniques
bottleneck is a region in the agent’s observation space th@pPplied to the learned value function. This enabled the
the agent tends to visit frequently on successful paths to 89entto utilize subparts of the value function for task ran

a multiple-instance learning problem and use the
concept of diverse density to find solutions. We
illustrate this approach using several gridworld
tasks.

1. Introduction
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fer. His technique is currently limited to 2D environments. §,S+1,---,%+n- In episodic tasks, each trajectory corre-
sponds to a single episode. For continuing tasks, one can

. . . .~ use a variety of methods to segment experience into finite-
tion to RL terminology, we discuss bottleneck detection, . . .
length trajectories. For example, a trajectory could end

subgoal creation, and then we cast the problem of ﬁndin%vhen a reward peak is reached as suggested by Iba’s “peak-
the useful subgoals as a multiple instance learning prob-

lem. Next we describe diverse density and how it can beto-peak heuristic (Iba, 1989).
applied to this problem. Finally we illustrate the utility o

this approach using several RL tasks. 3. Autonomous Subgoal Discovery

This paper is organized as follows. After a brief introduc-

. ] The simplest approach to creating useful options is to

2. Reinforcement Learning search by generating many new options, randomly or based
on simple heuristics, and letting the agent test them by
adding them to its set of actions. Although some of these

options may be useful, others can degrade the agent’s per-
formance, e.g., by adversely affecting its mode of explo-
{0 transition to statey,, and to emit a rewardq. In a ration (McGovern, 1998b). Performance can also deter_io—
Ve rate due to the agent having too many actions from which

Markovian system, the next state and reward depend onl
i . 0 select. Instead, the agent needs a more focused method
on the preceding state and action, but they may depend ; . ! Lo
for creating new options. In the approach described in this

these in a stochastic manner. The objective of the agent is . . .
aper, the focus is on discovering useful subgoals that can

to learn to maximize the expected value of reward receivetg , . . . .
. ; . . e defined in the agent’s observation space. New options
over time. It does this by learning a (possibly stochas-

tic) mapping from states to actions calleghalicy. More are then created to accomplish those subgoals.
precisely, the objective is to choose each actiprso as  To discover useful new subgoals, the agent searches for
to maximize the expectagturn, E{zf;o\/irt+i+l}, where  bottleneck regions in its observation space. The idea of
y € [0,1) is a discount-rate parameter. Other return for-looking for bottleneck regions was motivated by study-
mulations are also possible. A common solution strategyng room-to-room navigation tasks where the agent should
is to approximate the optimal action-value function, or Q-quickly discover the utility of doorways as subgoals (Mc-
function, which maps each state and action to the maximun®overn, 1998a). If the agent can recognize that a doorway
expected return starting from the given state and action ant a kind of bottleneck by detecting that the sensation of be-
thereafter always taking the best actions. See Sutton andg in the doorway always occurred somewhere on success-
Barto (1998) for details. ful trajectories but not always on unsuccessful ones, then
We use the options framework (Sutton et al., 1999; Pre—it can create an optipn to reach the doorway. This option
: S can accelerate learning on the current task—if creategt earl
cup, 2000) to define subgoals. An option is a temporally- .
extended action which, when selected by the agent, exee-nOUQh_a1S weII_ as enable the a_lge_znt to Ie_arn more rapidly
. o o L . on related tasks in the same or similar environments.
cutes until a termination condition is satisfied. While an
option is executing, actions are chosen according to the og@ne motivation for using bottlenecks as subgoals is the
tion’s own policy. An option is like a traditional macro ex- effect of the subgoal options on the agent’s exploration.
cept that instead of generating a fixed sequence of action§, the agent uses some form of randomness to select ex-
it follows a closed-loop policy so that it can react to the en-ploratory primitive actions, it is likely to remain withirfée
vironment. By augmenting the agent’s set of base actions—more strongly connected regions of the state space. An op-
its primitive actions—by a set of options, the agent’s per- tion for achieving a bottleneck region, on the other hand,
formance can be enhanced. More specifically, a (Markovill tend to connect separate strongly connected areas. For
option is a triple(l, 1t B), wherel is the option’s input set, example, in a room-to-room navigation task, navigation
i.e., the set of states in which the option can be initiatedusing primitive movement commands produces relatively
Ttis the option’s policy defined over all states in which the strongly connected dynamics within each room but not be-
option can execute; arftlis the termination condition, i.e., tween rooms. A doorway links two strongly connected re-
the option terminates with probabilif§(s) for each state gions. By adding an option to reach a doorway subgoal,
s. Each option that we use in this paper bases its policy othe rooms become more closely connected. This allows the
its own internal value function, which can be modified overagent to more uniformly explore its environment. We have
time in response to the environment. shown in previous work (McGovern, 1998b) that the effect
on exploration is one of two main reasons that options are
sometimes able to dramatically affect learning.

In the RL framework, a learninggentinteracts with aren-
vironmentover a series of time stepps=0,1,2,3,.... At
each timet, the agent observes the environmstate &,
and chooses an actior;, which causes the environment

We also define an additional term. #tate trajectoryof
length n starting at time step is a sequence of states
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The idea of using bottlenecks as subgoals is not confined tstep-size parameter of@b. All rewards were zero until the
gridworlds or navigation tasks. We expect that other tasksagent reached the goal state where it received a reward of
with similar dynamics would also benefit from subgoal dis- 1. The discount factor was®, which meant that the agent
covery as described in this paper. For example, consider was learning how to find the goal as quickly as possible.

game in which the agent must find a key to open a door l?e'_l'he histograms in Figure 1 indicate that first-visit frequen

fore it can proceed. If '.t can dlscove_r that having a key Scies (Panel C) are better able to highlight the bottleneck
a useful subgoal, then it will more quickly be able to learn : g
) states (states in the doorway) than are the every-visit fre-
how to advance from level to level. Clearly this approach . : . ) X
) . guencies (Panel B). However, the idea of just using vis-

will not work for every task since bottlenecks or subgoals.. : .

: . itation frequencies to detect bottleneck states has devera
of achievement do not always make sense for particular en — o .
vironments drawbacks. The first is that it is clearly a noisy process, as
' the graph illustrates. The second is that it is not immedi-
ately obvious how to do this in problems with continuous

A: The two-room gridworld environment S X
or very large state spaces. Last, visitation frequencies do

I ° not incorporate negative evidence for bottleneck states in
a principled manner. All of these problems motivate our
s '\ use of the multiple-instance learning paradigm and the con-
cept of diverse density to precisely define and detect bottle
Bottleneck area n eCkS "
and useful subgoal locatic
B: Every-visit histogram C: First-visit histogram

4. Multiple-Instance L earning and Diverse
Density

Multiple-instance learning problems as described by Di-
m etterich et al. (1997) are supervised learning problems in
which each object to be classified is represented by a set of
Figure 1. State visitation histograms for the middle stages Offeature vectors, 0r_1|_y one of which may be responSIbIQ for
learning in a two-room gridworld its observed classification. An example from explanation-
based learning that these authors give is when many expla-
) o ) ) ~nations for an observed result can be obtained from a do-
Automatically finding bottleneck regions in observation yain theory, but only one explanation can account for all
space is a difficult task. Itis even more challenging if it hasghserved results. More specifically, there are multiple pos
to be done online. An offline method could examine opti-jtye and negative bags of instances (Maron, 1998; Maron
mal trajectories of several related tasks for commonalitie ¢ | 5zano-Pérez 1998). Each positive bag must contain at
which may reveal bottlenecks. An online method would|g4st one positive instance from the target concept but may
_need to ms_pect trajectories as they are gathered Whllr_a-lear contain many negative instances. Each negative bag must
ing. Consider the case where each discrete state is cOMdynain all negative instances. The individual instances
pletely observed. A first approach might be to simply 100K yithin each bag are not labeled. The goal is to learn the

for states that are more frequently visited. However, if ;qncent from the evidence presented by the different bags.
we examine every-visit frequencies, where each state is

counted each time that it is visited, the resulting histogra The problem of mining collections of trajectories for bot-

is not generally helpful for bottleneck detection. In a reom tlenecks, or other concepts useful for defining subgoals,
to-room navigation task, for example, the agent spend§an be formulated as a multiple-instance learning problem.
most of its time within a room and very little time moving Each trajectory can be viewed as a bag, with the agent’s
through a doorway. If one counts only the first visit to eachindividual observation vectors being the instances within
state within a trajectory, on the other hand, bottlenecks arthe bag. Positive bags are successful trajectories; nega-
more read"y visible. Examp|es of these two types of Statelive bags are unsuccessful tra.jeCtories. What constitutes
visitation frequencies for a two-room example are shown@ successful or unsuccessful trajectory can be defined in
as histograms in Figure 1. The histograms in Panels B ang Problem-dependent way. For example, successful tra-
C are shaded by visitation frequency counts collected ovelectories might be all those trajectories in which the agent
10 trajectories, with higher counts shaded more lightiyitha reached a goal state no matter how many steps it took. Or
lower counts. Each histogram shows data collected over 3guccess might depend on reaching a goal within a certain
runs of the 30-40th trials of an agent using Q-learning innumber of steps. A bottleneck region of observation space
the 21x10 gridworld shown in Panel A of the figure. The @s described above corresponds to a target concept in this
agent used-greedy exploration witte = 0.1 and a fixed multiple-instance learning problem: the agent experience
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this regionsomewheran every successful trajectory and bag. For example, if the agent always starts or ends each
not at all on unsuccessful trajectories. trajectory in the same set of states, then those states will
Maron (1998) and Maron and Lozano-Pérez (1998)devisegawe a h|g.h_ diverse density since each will appear in all
. . T of the positive bags. We exclude states surrounding the

the concept of diverse density to solve multiple-instance’,_ . : . :

; g L starting and ending states from any bag. This follows Iba’s

learning problems. The most diversely dense region in fea- e . .

. . I (1989) use of static filters for a macro-growing mechanism.

ture space is the region with instances from the most posi:

tive baas and the least negative baas. This differs from thA static filter can be defined on a per-task basis and used
9 . 'egativ gs. . ' "% filter out any undesired subgoals before they can be dis-
concept of simple density by including the idea of using

many different bags rather than one large set of instancesc.overed by the agent,

The region of maximum diverse density can be detected

using either exhaustive search or gradient descent. Marof. Forming New Options
(1998) defines the diverse density of a target concefut

be DD(t) = Pr(t|B],...,B},B],...,By), wherePr(t) is
the probability that the" concept from the concep{s: }

is the correct concepB;’ is thei!" positive bag, and@®; is
theit" negative bag. The concept with the maximum DD
value is the output of a DD search.

Once the agent has created a set of bags from its saved
trajectories, it searches for the maximum diverse density
regions. If the agent has only created a small number of
bags because it is still within the initial stages of leagqin

the diverse density peaks will be noisy. The bottlenecks of
interest are those that appear early within the maximum di-
To perform this search, we must more precisely instantiateerse density regions and persist throughout learning. An
the definition of DD given above. Using Bayes' rule sev- easy way to detect which regions appear early and persist
eral times and assuming a uniform prior, we look for theas peaks is to use a running average of how often each state

concept with the highest value as defined by: appears as a peak. The average for each state is initialized
N _ to zero. At the end of each trajectory, the agent creates a
DD(t) = lﬂnpr(”Bi )l<|__<|mPr(t|Bi )- new bag and searches for concepts with high diverse den-

<i< <i<

sity. The average;, for each conceptfound is updated by:
Maron generally uses a noisy-or model to model the prob€ = A(C+ 1) whereA € [0,1). If a concept is an early and
ability of any event in a bag causing tH8 concept to be  persistent maximum, then its average will rise quickly and

correct, which yields: converge tolf—}\. The agent examines the concepts whose
N N averages rise above a specified threshold and uses those to
Prt|B") = 1- [] (1-Pr(Bjea)) create new options.
1<j<p
Pr(t|B) = (1- Pr(BH € a)), To crea}te :';1 new option for a sgpgogl ext.racted in this way,
1<4j<p the option’s input set,, can be initialized in several ways.

The method used in this paper is to search the agent’s saved
whereBj; is thej™" instance of thé" bag. Lastly, the prob-  state trajectories for occurrences of the subgoal state(s)
ability of a particular instance being in the target concept\Wwhen a subgoal has been found in a trajectory at time step
Pr(Bij € ), is defined to be a Gaussian based on the dist, the agent adds tbthe set of states visited by the agent
tance from the particular instance to the target concept. Ifirom timet — n tot, wheren is a positive integer specified
this paper, we use exhaustive search to find the concepis a parameter. The input set of the subgoal option is there-
with the highest DD value since it is feasible for our tasks.fore the union of all such states over all of the agent’s saved
Many other search methods can be used successfully afajectories. Other methods based on examination of the
larger problems. optimal value function could be used if the subgoals were

The concept of diverse density corresponds exactly to Oulﬂot creat(_eq un'ul_the learning was completed._ The termina-
concept of a bottleneck region. The region with maximumtion conditionB, is set to 1 when the subgoal is reached or
diverse density will be a bottleneck region which the agenﬁ"’hen the agentis no I,onge_r n t_he_ |nput set, and is s_et 00
passes through on multiple successful trajectories and néitherwise. The option’s policyy, is initialized by creating

on unsuccessful ones. Abstract types of concept spaces cgr1ew value function that uses thg same state space as the
be used within this framework. However, in this paper Weoverall problem. The reward function used for the option is
restrict attention to the simplest concept space congistini© 91V @ reward of-1 on each step and 0 when the option

of individual states. In this case, a subgoal is always tderminates. The agent can also be rewarded negatively for

reach a given state, and we use bags that are simply stafgdving the input set. The option’s value function is leame

trajectories. using Lin’s (1992) experience replay method with the saved

trajectories.
To take full advantage of diverse density calculations & th

problem of defining subgoals, we do not add all states to 4 "€ &lgorithm for discovering subgoals and creating new
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A: Average Diverse Densit B: Subgoals Discovered
Table 1.Pseudocode of the subgoal-discovery algorithm pre- 9 y g

sented in this paper

Init full trajectory database t@
For each trial
Interact with environment/Learn using RL
Add observed full trajectory to database
Create positive or negative bag from state trajectory
Search for diverse density peaks
For each peak concepfound

Figure 2.A: Average DD values where the states with higher DD
values are shaded more lightly. The static filter excludedgial
region while the walls were never reached and therefore heane

Up_date the running average by= A(C+ 1) low DD values. B: Locations of the new subgoals formed by the
If cis above threshold learning agent. Each state is shaded by the number of tirags th
If c passes the static filter it was selected as a subgoal location where the lighter thareg
Create a new optioa =< 1,11, > the more often it was selected as a subgoal.

of reaching concept

Init | by examining trajectory database
Setp(c) =1,B(S—1)=1,B(-) =0 else shows the average log likelihood of the diverse density for

Init policy Ttusing experience replay each state after 25 trials. The results in this graph are aver
aged over 30 trials. Although this average graph is slightly
smoother than the individual graphs for each run, the peak

) ) ) . _ in diverse density near the doorway remains the same. Fig-
options is summarized in pseudocode in Table 1. Although, e 58 shows the locations of the subgoals created over the

saving the full history seems expensive in terms of spacezg yng As expected, locations near the door were the most
it is linear in the size of the trajectories and can quite reaTrequentIy detected subgoal locations

sonably be saved. Also, if memory is at a premium, the
agent could save only the lastrajectories. Memory space
has not been a problem in practice over a number of dif- 28001
ferent tasks. The next section illustrates the utility a§th
algorithm on several illustrative problems.

Mean steps to goal in 2-room gridworld

2000

15001

6. Experimental Results

Steps to Goal

=
1)
S
S}

6.1 Two-Room Gridworld Illustration

5001 Primitives

We illustrate diverse density and subgoal discovery on two
simple gridworld problems. The first is the two-room en- T N~ e
vironment shown in Figure 1A. For these experiments, the SRR Y eades T ®
goal state was placed in the lower right-hand corner and

each trial started frpm .a randpmly chosen state in the .Ien_Figure 3.Average steps to goal with and without automatic sub-
_h_and room. The primitive a_ct|ons are the usual four PriM-g0al detection two-room gridworld.

itive actions ofup, down, ri ght, andl ef t. Each ac-

tion succeeds in moving the agent in the chosen directio
with probability 0.9 and in a uniform random direction
with probability 0.1. The reward, learning parameters, an
learning algorithm are the same as described in Section
Once the agent created an option, it switched its learnin
algorithm from Q-learning to Macro Q-learning (McGov-
ern et al., 1997). The agent was limited to creating onl
one option per run.

Options

One reason that it is important for the learning agent to
(}Je able to detect these bottleneck states is the effect on the
ate of convergence to a solution. If the subgoals are useful
hen learning should be accelerated. To ascertain that thes
%ubgoals were helping the agent to improve its policy more
quickly, the average number of steps that the agent took
Yto reach the goal when using subgoal discovery was com-
pared to learning using only primitive actions. The average
The agent created a positive bag for each trajectory imesults of this comparison over 30 different runs are shown

which it successfully reached the goal state from the starin Figure 3. It is clear that learning with automatic subgoal
state. It did not take into account the number of steps withirdiscovery has considerably accelerated learning compared
a trajectory. No negative bags were created. Because thts learning with primitive actions alone. The initial tr&al
gridworld has a small number of states, we were able to calwere the same because the options were not added until
culate the diverse density exactly for each state. Figure 2Approximately trial 20. The automatically created options
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were useful for accelerating learning on this simple taskformance of the agent using partial experience replay was
Although the variances are not shown on the graph, the difalmost indistinguishable from performance of the option-
ference between the two learning curves is greater than ondiscovery agent. The effect of this partial experience re-

standard deviation. play is to give the agent a useful policy for navigating to
the doorway. Since this appears to accelerate learning al-
oo Mean steps to goal in 2—room gridworld most as quickly option-discovery, it is clear that a primary
w00l " Dhmies reason that the newly created options are beneficial to the
ol - Patial Experence fepay agent is their initial policy.

Gridworld Task Tranfer — Goal in Upper Corner
30000

Steps to Goal
a
8

2500

2000

1500 -
Primitives

20 25 30 35 45 50 55 60

Steps to Goal

40
Episodes
1000F

Figure 4.Comparison of the effect of experience replay over dif- soor

ferent parts of the state space to option-growing 0

0 10

Options

ZOEpiSOdeSBO 40 50

These results indicate that automatically discovered op-

tions can be useful for accelerating learning within a givenfFigure 5.Learning curves in the new two-room task comparing
task. To more fully understand why the options are usefuluse of the previously learned options to primitive actions.

we performed two additional experiments in the two-room

gridworld. First, it is possible that the time spent in expe-Another reason that automatic discovery of subgoals is use-
rience replay during initialization of the option’s inpudts  ful is that the agent can use the subgoals and their corre-
could have been better spent by performing experience responding options to facilitate learning on similar tasks. T
play over the entire state space. To test this, we allowedlustrate how learned subgoals can be useful for task trans
the agent to use an equal amount of experience replay ovéer, the gridworld task was changed by moving the goal
the entire state space starting at the same trial where thie the upper right-hand corner and decreasing the success
agent would have created its new options. However, no neygrobability from 0.9 to 0.8. The agent using options was
options were created. Because the option-discovery ageiitialized with the options discovered in the correspond-
only performed experience replay using the states in théng run of the previous task. Figure 5 compares the average
option’s input set, it performed a much smaller number ofnumber of steps to the goal for the agent using only prim-
backups than the total experience available per trajectonjtive actions with the average for the agent using the pre-
Counting the number of backups that the option-discoveryiously learned subgoal options in addition to the pringtiv
agent would have performed for each trajectory and probaactions. Clearly, the availability of these options coesid
bilistically choosing experiences from the entire trapggt  ably accelerated learning. This was consistently observed
for replay approximately equalized the amount of compu-across many different transfer tasks using this envirorimen

tational Wor_k performed by the two _agents. F|_gure 4 ShOWSl'o ensure that it is the options themselves which are use-
the comparison of this approach with the optlon-d|scoveryful and not just the availability of an appropriate multst

agent and learning with primitive actions only. The latter ~ . " :
olicy in a new environment, we compared the same task

results are the same as in Figure 3 but the axes have be?n . . .
changed to highlight the meaningful regions. These resultsrar?Sfer results with two other experiments. !n the first ex-
) periment, the agent started the new task with the learned

indicate that while experience replay can help to acceler rimitive value function from the prior task. In the second

ate leaming on the current task, option discovery is morJéexperiment, the agent started with values from the states
advantageous.

in the option’s input set but did not use the options them-
We also examined the effect of the option’s initial policy. selves. We then compared the learning of these two agents
In this case, the agent performed experience replay oveo the results discussed above. This comparison is shown in
the states in the option’s input set except that the backupBigure 6. It is clear that simply reusing the value function
occurred in the main value function instead of in the op-in whole or in part is drastically worse. Instead, the advan-
tion’s value function. No options were created. The resultsage of the new options for task transfer is highlighted even
of this experiment are also shown in Figure 4. The per-more distinctly.
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1o aworld Task Tranfer - Goalin Upper Corner the upper-right room. Figure 8 compares performance with
— Option transfer . . . .
L6000k — prmies and without the previously learned options. It is clear that
voool {1 = - Option values transfer the learned options continue to facilitate knowledge trans
| fer.
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Figure 6.Comparison of knowledge transfer using the value func-

tion to using the newly discovered options. S0

Episodes

6.2 Four-Room Gridworld Illustration

As a second illustration, we used the four-room gridworld Figure 8.Performance of the learned options on task-transfer in
studied by Precup (2000). The agent’s task was to mové1e four-room gridworld.

from a randomly chosen start state in either left-hand room

to the goal location in the doorway between the two right- . . .

hand rooms. The primitive actions, stochasticity, andear /- Discussion and Conclusions

ing algorithms were the same as described above. We aWe introduced a method for automatically creating subgoal

lowed the agent to create up to three options per run. Th%ptions online by searching for bottlenecks in observation

statlc_fllter constrained each option to be at least a Manhaﬁpace. We formulated the problem as a multiple-instance
tan distance of 2 away from any other option.

learning problem and used the concept of diverse density
As before, we compare the results of learning with au-to solve it. We illustrated this approach in several simu-
tonomous subgoal discovery to learning with primitive ac-lated tasks and showed that it can both accelerate learning
tions by examining the average steps the agent needed @i the current task and facilitate transfer to related tasks
reach the goal state from the start state. The results of thidlthough these were not large-scale tasks, we believe that
comparison are shown in Figure 7. These numbers are a®ur results suggest that this is a promising approach to one
erages over 30 different runs. Although the difference be-aspect of the challenge of automatic abstraction.

tweenthe two curvesiis less striking than with the tWo-ro0Myis research is part of our broader focus on mining the
g_ndworld, here one can also see that autonpmous SUbgoﬁbent’s experience to create many different types of useful
discovery was able improve the rate of learning. new options. It is clear that the subgoals of achievement
ean steps t goal in 4 oom archord like the ty_pe discovered in this paper are_not usefql _for
3000 every environment. However, the broader idea of mining
the agent’s past experience can yield useful options across
many environments. This research is one part of that ap-
proach.

2500

2000

| Primitives
i

1500

Our current research extends this approach by considering
more abstract concept spaces in which to compute diverse
density. For example, concepts in the form of linearly dis-
criminable surfaces might allow a robotic agent to detect
W 7 concepts not expressible as a single point in feature space.
0 2 sotes ) 150 We are also developing an online method for filtering and
deleting options that prove less useful, which can further
accelerate learning. This can also help if an option is less
useful on a new task than expected and in cases where an
initially useful subgoal is keeping the agent from discever

To test task transfer, we decreased the action-success pro'Bg an even shorter path to the goal.

ability from 0.9 to 0.8 and moved the goal to the middle of One potential drawback to this method is the requirement

Steps to Goal

1000

500

Options

Figure 7.Comparison of automatic subgoal detection to primitive
actions only in the four-room gridworld.
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that negative bags cannot contain any positive instances. inforcement environmentsrom animals to animats 4:
In the case of more complicated environments, it can be SAB 96 MIT Press/Bradford Books.

tricky to define what constitutes the positive and negative . ) ) )

bags. It is desirable to allow the agent to occasionally visi P19ney: B. (1998). Leaming hierarchical control struetur
useful subgoals on unsuccessful trajectories while not af- [Or Multiple tasks and changing environmerfsm an-
fecting the results of the diverse density calculations. We Mals to animats 5: SAB 98

are currently investigatin.g how to best utili_ze such nOiSyDrummond, C. (1998). Composing functions to speed up
bags..On.e such method is to decrease the mﬂuencg of each ainforcement learning in a changing worl&uropean
negative mstance_ throug_h the width of the (_Baussmns. It conference on Machine Learnirfigp. 370—381).

may also be possible to give each bag a relative measure of

success. Iba, G. A. (1989). A heuristic approach to the discovery of

Another drawback to this method of subgoal discovery is macro-operatorsMachine Learning3, 285-317.

that the agent must first be able to reach the overall goakorf, R. E. (1985). Macro-operators: A weak method for

using only the given primitive actions (or any options that |earning. Artificial Intelligence 26, 35-77.
are pre-defined). This limits the problemsto which it can be

applied. Current research addresses ways to extend the alpn, L.-J. (1992). Self-improving reactive agents based on
proach so that it can be applied when goal states cannot eas-reinforcement learning, planning and teachiMgachine

ily be reached using only primitive actions. Although the Learning 8, 293-321.

subgoals discussed in this paper do not specifically includ
the ability to violate the conditions of other subgoals (or
to allow the evaluation function to decrease) during execu-
tion, both Iba’s (1989) and Korf’s (1985) method of creat- Maron, O., & Lozano-Pérez, T. (1998). A framework

ing such macro-operators provide ideas for future types of for multiple-instance learningNIPS 10(pp. 570-576).
options which might be discoverable by mining the agent’s Cambridge, Massachusetts: MIT Press.

past experience.

R/Iaron, 0. (1998)Learning from ambiguityDoctoral dis-
sertation, Massachusetts Institute of Technology.

McGovern, A. (1998a). acQuire-macros: An algorithm for
automatically learning macro-actions. NIPS 98 work-
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