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Abstract
The use of externally imposed hierarchical

structures to reduce the complexity of learning
control is common. However, it is acknowledged
that learning the hierarchical structure itself is
an important step towards more general (learn-
ing of many things as required) and less bounded
(learning of a single thing as speci�ed) learning.
Presented in this paper is a reinforcement learn-
ing algorithm called Nested Q-learning that gen-
erates a hierarchical control structure in reinforce-
ment learning domains. The emergent structure
combined with learned bottom-up reactive reac-
tions results in a reactive hierarchical control sys-
tem. E�ectively, the learned hierarchy decom-
poses what would otherwise be a monolithic evalu-
ation function into many smaller evaluation func-
tions that can be recombined without the loss of
previously learned information.

1 Introduction

The use of Q-learning [1] and other related reinforce-
ment learning techniques is common for the control of
autonomous robots [2]. However, long learning times
combined with the slow speed (when compared to simu-
lations) and the frailties of robot hardware present con-
siderable problems when scaling up to real applications.
Often, to reduce the problem to a more tractable size,
the control problem is hand decomposed into a hierar-
chical structure [3]. This abstracts it into many smaller,
more easily learned portions. However, hand decomposi-
tion imposes the designer's preconceived notions on the
robot which, from the robot's point of view, may be in-
e�cient or incorrect. Furthermore, it is acknowledged
that for truly general learning and full autonomy to oc-
cur in the face of unknown and changing environments,
the structure of the hierarchical control system must also
be learned.
Presented in this paper is the Nested Q-learning algo-

rithm that allows the generation of hierarchical control
structures in reinforcement learning domains. Once the
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structure has been learned, skills that have been pre-
viously mastered can be used in future tasks and envi-
ronments. This continual carrying forward of learned
information is called life-long learning and provides the
robot with a head start when learning new tasks [4]. As
the robot moves from task to task and environment to
environment it will have the accumulated information of
its past experiences available to it as skills. These trans-
portable skills will allow the robot to learn progressively
more complex tasks. Eventually this continual learn-
ing will allow the robot to learn tasks that would be
impossible in a simple monolithic network. Having the
robot learn a hierarchical control structure is analogous
to a student who invests initial e�ort in discovering the
underlying principles or structure of a problem, rather
than simply memorizing a monolithic solution. Once the
underlying principles are understood they can be trans-
ferred to more di�cult tasks. Such is not possible if solu-
tions are only memorized, making the information gained
albeit at a lesser expense, useless in new situations. This
continual learning lends itself to use in pre-training or
shaping, either by chance or through a regimented train-
ing program. In nested Q-Learning controlled robots the
use of sca�olding actions and staged learning to exploit
this online skill transfer between task/environment set-
tings, is discussed in more detail elsewhere [4].

2 Learning Hierarchical Structures

2.1 Introduction

Consider the example of a robot perceiving its world
through sensors and receiving internal and external rein-
forcement as pictured schematically in Figure 1(a). This
robot is capable of acting on its world using a number of
primitive actuator movements. These primitive actions
are at the simplest level of the robot's actuators and al-
though they may utilize feedback control mechanisms,
they do not embody any higher intelligence. The robot
also receives reinforcement signals which are critical in-
dicators of how the robot is progressing with respect to
the completion of some desired task(s). These critical
signals are all the direction that can be assumed for the
autonomous robot. Critical error signals simply provide
negative reinforcement when the actions of the robot do
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Figure 1: Schematic of control architectures: (a) sensory, action and reinforcement signal con�guration for a learning
control system and (b) control architectures: (1) at structure and (2) hierarchical structure.

not achieve the goal and positive (favorable) reinforce-
ment whenever the actions achieve the goal.
In the �eld of intelligent control, the strategies con-

necting the sensors to the actions are either hardwired by
a designer, taught to the agent or left to be autonomously
learned by the agent. There are many variations [5] [6]
of architectures in which such control systems may be
implemented. The two main variations are at and hier-
archical as shown schematically in Figure 1(b), (1) and
(2), respectively. Note that the hierarchical control sys-
tem relies upon higher level skills being built upon lower
level skills while the at architecture contains only skills
at a single level which interact directly with the actua-
tors.

2.2 Related Work

Many researchers have recognized the need for hierar-
chical structures in learning control systems. Research
most closely related to the approach described later in
the paper will be briey summarized.
Hierarchical learning control systems are often hand-

crafted with a number of low level behaviors controlled
by a gating function. The low level behaviors map the
current state of the agent into actuator activities while
the gating function determines which low level behavior
is to be active. Maes and Brooks [7] used this approach
by hand-crafting the individual low level behaviors while
the gating system was learned from a reinforcement sig-
nal during operation. Mahadevan and Connell [8] used
the complementary approach in which a hand-crafted
gating function and separate reinforcement signals which
were supplied for each individual behavior. Lin [9] used a
similar approach combined with staged learning to �rst
train the individual behaviors and then train a gating
function. Dayan and Hinton's Feudal Q-learning [10]
used a hierarchical master/slave type architecture with
a set of hand-crafted commands and corresponding re-
inforcement functions. The commands served as actions
available to the high level master. As the master se-
lected a command, a low level slave was tasked with its

performance and was subsequently rewarded for the per-
formance of the command regardless of whether or not it
achieved the overall task. On the other hand, the mas-
ter was rewarded only for the completion of the overall
task. In this approach, learning occurs at both levels si-
multaneously. The lower levels learn the commands and
the higher level learns when to invoke the low level com-
mands to perform some desired task. Singh's Composi-
tional Q-learning system[11] �rst learned elemental tasks
and then the gating functions that switch between ele-
mental tasks in the correct temporal sequence to achieve
some high level goal. Kaelbling's Hierarchical Distance
to Goal (HDG) [12] viewed the world on two levels of res-
olution. Regions, with their centres referred to as land-
marks, were used to move an agent into the same region
as the goal's location. Then local actions were used to
move to the goal.

These approaches are all similar in the respect that
the structures are hand designed and individual compo-
nents are learned. In the nested Q-learning algorithm
described in this paper, it is proposed that the struc-
ture itself be learned. The structure that emerges can
be of as many levels as the task requires and not just
two levels. When an agent initially starts out, no in-
formation about structure or useful behaviors is given
to it. The agent discovers distant recognizable features
in its world and learns the relationship between di�er-
ent features, its environment and its tasks. These rela-
tionships form skills which are usually a hierarchical as-
sembly of other skills and primitive actions. Currently,
features are restricted to being evenly distributed over
raw sensor signals, but work to allow the discovery of
higher level compound features is being pursued. Using
nested Q-learning, the agent also learns bottom-up re-
active/opportunistic functions which serve to 1) provide
a high level command source at the top of the hierar-
chy and 2) facilitate the invocation of previously learned
bene�cial behaviors in new situations without the ne-
cessity of relearning them. Current work is extending
the concept of bottom-up functions to include not only
the learning of reactive/opportunistic situations, but the



conditions under which skills are applicable, as well.
In summary, the major advances of nested Q-learning

over the described approaches are: 1) the ability to au-
tonomously construct hierarchical structures of arbitrary
depth from sensory and reinforcement signals, 2) learn-
ing occurs at all levels (converging form the actuators
upward) and 3) the use of learned bottom-up reactive
functions allows skills to invoke themselves and not nec-
essarily require an invoking signal form another skill.
These reactive functions serve to control the highest level
of the hierarchy and allow for previously learned skills,
of immediate bene�t or danger, to be transfered between
tasks and environments.

2.3 Nested Q-learning

A method will now be presented that will allow for the
autonomous generation of hierarchical control structures
as pictured in Figure 1(b)(1). Each incoming sensor has
a �nite number of perceivable distinct values. These dis-
tinct values are referred to as features. For example,
consider a robot whose task it is to move between two
rooms through an open door. In this task, the �rst fea-
ture or sensory condition the robot needs to perceive is
the door directly ahead. The next relevant feature would
be for the robot to perceive the door frame on either side
of it. The last relevant feature would be for the robot
to perceive the door directly behind it. Eventually con-
trol strategies will be learned to move the robot so as
it can perceive these features. Current work will allow
such complex compound features, such as doorways, to
be recognized, but in this paper a simple even distri-
bution of features over the range of each sensor will be
assumed. For sensor sn these features are represented by
the distinct values

sn �
�
s1n; s2n; � � � smn ; � � � sMn

n

	
(1)

where sn is the nth sensor, smn , is the m
th distinct value

andMn is the number of distinct values for sensor n. For
any number of incoming sensors their distinct values or
recognizable sensory conditions will constitute features
which may or may not prove useful in controlling the
agent. These features, label f1 through fI , are de�ned
over all distinctive values (1 to Mn) for all sensors (1 to
N),

fi �
�
s11 � � � sM1

1 ; � � � smn
n ; � � � � � � sMN

N

	
(2)

where fi is the i
th distinct feature andN is the number of

sensors. The total number of features is, I =
PN

n=1M
n.

A Q-learning evaluation function is now de�ned for
each distinct feature, Qfi . In this method, with features
de�ned as distinct recognizable sensory conditions, skills
become the control strategies required to cause the robot
to attain those particular sensory conditions. Eventually
the lowest level primitive actions must be invoked by the
learned control strategies. These primitive actions are
the simple low level actuator movements with which the
robot acts on its world. They may contain some form
of feedback control mechanism, but remain the simple
building blocks out of which complex control strategies

(skills) can be constructed. There are J primitive ac-
tions, labelled a1 through aJ .
Each feature, fi, is by de�nition the endpoint of a

skill with its control strategy represented by the evolv-
ing evaluation function, Qfi . While attempting to reach
some desired feature, fdesired, the control strategy can
invoke any of the primitive actions, aj (shown as Qaj )
or any of the skills represented by all Qfi . The choice of
possible actions, u, is now

u �
�
Qa1 ; � � �QaJ ; Qf1 ; � � � QfI

	
(3)

where u is a possible action or skill choice, Qaj is a non-
adaptive primitive action (shown with similar notation to
the Q functions for convenience) and Qfi is an adaptive
skill. The total number of possible actions is the sum
of all primitive actions and all currently possible skills,
utotal = J + I . The state xl of the agent is established
by the state of all the incoming sensors, x1 through xL,

xl �
�
x1; x2; � � � xl � � � xL

	
(4)

where xl is a distinct state of the agent. The evaluation
function for each feature is a function of the robots cur-
rent state and all possible actions, Qfi = f(x; u). The
evaluation function for each skill now becomes,

Qfi = f(x1; � � �xL; Q
a1 � � �QaJ ; Qf1 ; � � �QfI ) (5)

where both the number of states, L, and the number of
skills, I , are open ended and subject to initial discov-
ery and then to increases or decreases due to ongoing
changes. It is seen that the learning algorithm described
above becomes nested and possibly recursive. That is,
the evaluation function, Qfdesired , can invoke other skills
including itself while attempting to reach feature fdesired.
It is this nested nature that will allow hierarchical control
structures to emerge.
As the agent interacts with the environment it receives

an external reinforcement signal(s), rEXT . It is through
these signals that the agent is driven to perform tasks of
external bene�t. This reinforcement signal is de�ned as

rEXT =

�
0 if external task is achieved
�REXT otherwise

(6)

where rEXT is an external reinforcement signal and REXT
is a positive constant. In addition, there are various in-
ternal reinforcement signals, rINT . These drive the agent
to perform tasks of internal bene�t such as avoid danger
and �nd fuel. In the nested Q-learning algorithm there
is also a reinforcement signal that e�ects only the cur-
rently active skill(s). This reinforcement signal drives
the action of the agent to reach the desired feature.

rFEAT =

�
0 if at desired feature
�RFEAT otherwise

(7)

where rFEAT is the feature's reinforcement signal and
RFEAT is a positive constant.
For the top-down goal directed action/skill selection

the action chosen, u�, is determined by



u� (

�
argmaxufQ

fi or aj +Eg if Qfi active
aj if Qaj active

(8)

where argmaxu is the maximum function taken over all
possible primitive actions and skills, Qfi is an adaptive
skill (an evolving function of the state x and all possible
actions u), Qaj is a primitive action, aj is some speci�c
action to be taken and E is the exploration strategy. The
nested nature is seen again in Equation 8. The currently
active skill can select another skill or a primitive action.
If another skill is selected that skill can go on and se-
lect yet anther skill and so on. If a primitive action is
selected, Qaj then the physical actuator action aj is per-
formed. The exploration component, E, of Equation 8
is required to ensure adequate exploratory coverage of
the agent's state space. It can be random, error or re-
cency based. In this development a recency based ex-
ploration policy is used which ensures that the actions
(primitive/skill) that were taken less recently are favored
over the more recent actions [13].
Upon performing the selected action, u�, be it a prim-

itive action or a skill, the robot advances from state xv
to the next state xw and incurs a total reinforcement sig-
nal, rTOTAL. Included in this total reinforcement signal
is the cost of performing the selected action. This cost
includes the physical cost of performing the action and
possibly the mental (computational) cost of choosing the
action. These costs are designated as rLOW , with

rLOW =

�
�C if u� is a primitive actionPK

k=0 r
u�
TOTAL

(k) if u� is an adaptive skill
(9)

where
PK

k=0 r
u�
TOTAL

(k) is the total reinforcement signal
from the invoked skill summed over the number of steps,
K, required to perform the skill, u�, and C is a con-
stant that reects the cost of performing the primitive
action. The total reinforcement signal for the invoking
skill becomes

rTOTAL = rEXT + rINT + rFEAT + rLOW (10)

This total reinforcement is used to construct the Q func-
tions of expected reinforcement, from which useful top-
down control strategies will emerge. The error, eQ, is
de�ned to be,

eQ =  �max
u
fQxw;ug �Qxv;u� + rTOTAL (11)

where  is the temporal discount factor 0 <  < 1 and
maxufQxw;ug is the current prediction of the maximum
total future reinforcement remaining when the agent
leaves state xw . This error is used to adapt the eval-
uation functions,

Qxv;u=u�(k + 1) = Qxv;u=u�(k) + �Q � eQ (12)

Qxv;u6=u�(k + 1) = Qxv;u 6=u�(k) (13)

where �Q is the rate of adaptation and k is the index of
adaptation.

The preceding derivation describes a nested Q-learning
technique through which a top-down action selection
mechanism will generate a hierarchical control structure
and propagate goal seeking commands downward though
it. Each skill, whenever invoked, will in turn invoke other
skills and/or primitive actions in an attempt to ful�l the
desired goals of higher skills. The bottom-up or sensory
based action selection mechanism and how it interacts
with the top down action selection mechanism will now
be described. This bottom-up selection mechanism will
allow skills to invoke themselves without the need of a
top-down command signal from a higher level skill. Con-
sider the agent at state xinvoked when the skill Qfi is
invoked. Upon the arrival at the sensory conditions of
the de�ning feature fi, two things can occur: 1) an un-
eventful arrival at fi with only nominal reinforcements
occurring, or 2) arrival at fi coincides with a markedly
high negative or high positive reinforcement signal. Such
a distinct change in reinforcement would represent pos-
sible reactive or opportunistic behaviors. The invocation
of the selected skill (and in turn all other sub-skills and
actions) from any other state may not necessarily result
in such non-typical results or useful correlation. For in-
stance, the invocation of the avoid obstacle skill would
not yield any bene�t if an obstacle was not present. Sim-
ilarly, the invocation of the begin feeding skill would not
be of any bene�t if food was not near. The sensory condi-
tions that are a precursor to reactive/opportunistic situ-
ations must be learned. In the �rst example, the sensory
situations that indicate the presence of an obstacle must
be learned in order to activate the avoid obstacle behav-
ior when it is useful. By learning these situations in a
bottom-up manner (outside of the top-down Qfi func-
tions) it will become possible to have skills invoke them-
selves in new situations where the top-down functions
have not yet been formed. By allowing skills to invoke
themselves or make themselves more likely to be invoked
will speed the learning of new, but related, tasks.

For example, consider a robot learning to deliver the
mail. During the performance of this task it learns that
it requires intermittent recharging. It soon learns how
to recharge itself and also learns which sensory condi-
tions are associated with an opportunity to recharge;
possibly the appearance of a recharge outlet. In this
task, recharging will be learned from scratch as a par-
ticular skill, composed of a structure of many sub-skills
and actions. As the agent learns the recharging skill,
a bottom-up activation function is formed for that skill
as well. In the presence a fortuitous recharging outlet
where there was not one before, the bottom-up function
will respond strongly and attempt to override any top-
down commands that might be active. Moreover, when
the robot is set to learning a di�erent task (e.g. sweep
the oor) these bottom-up activations will remain valid.
Now, if the robot comes across a recharging outlet at
its new task, it will know how to respond, and know
the proper actions to respond with, without having to
relearn the recharging skill.

To implement these bottom-up reactive relationships
an evolving function, Bfi(xinvoked), is de�ned for each
skill Qfi . This function learns to predict the rein-
forcement outcomes of invoking each skill from di�er-



ent states. E�ectively, these functions evolve into the
bottom-up triggering response for reactive and oppor-
tunistic skills. Within an emergent hierarchy, such a
bottom-up action selection mechanism will be in control
at the very top of the hierarchy as there are no higher
levels to invoke them in a top-down manner. They will
also be able to subsume the current top-down ow of
commands should a reactive or opportunistic situation
present itself outside of the converged top-down regi-
mented control strategies. If a bottom-up triggering situ-
ation presents itself with enough regularity, it will even-
tually be absorbed by the top-down control strategies.
Bottom-up reactive behaviors are most valuable when
the agent is in new situations where the top-down struc-
ture has not yet formed. They represent chunks of con-
trol structure and the skills within that were learned in
the past that might be useful in new task/environment
settings. Useful skills can be invoked in new situations
without the need for the robot to relearn them. As these
skills usually contain their own top-down structures, the
bottom-up contributions will be important in transfer-
ring information between tasks and environments.
The error, eB , for these functions is determined us-

ing the eventual reinforcement, rEVT, that occurs at the
de�ning feature.

eB = rEV T �Bfi(xinvoked) (14)

where Bfi(xinvoked) is the bottom-up reactive function
for skill Qfi , xinvoked is the state from which Qfi was
invoked and rEVT is the total reinforcement when the
feature has been reached. The reactive function is then
adapted,

Bfi(xinvoked)(k + 1) = Bfi(xinvoked)(k) + �B � eB (15)

where �B is the learning rate. Eventually the reactive
functions, Bfi , will learn what sensory conditions the in-
vocation of skill Qfi will be bene�cial. Furthermore, the
Bfi functions learn which sensory signals that are rele-
vant and which are irrelevant and can be ignored. When
Bfi is included in the top-down action selection mecha-
nism of Equation 8, it will favor the selection of proven
opportunistic and reactive skills above others, even those
actions that it has learned to select. In the current ex-
ample, if the recharging boxes are marked by a red light,
it will be learned that the presence of a red light signal
will trigger the recharge skill while all other extraneous
sensory signals (such as spatial location and oor color)
will be ignored.

3 Simulation

To evaluate nested Q-learning the simple two dimen-
sional animat and world of Figure 2 was used. The ani-
mat's primitive actions were capable of moving it to one
of four adjacent spatial locations. The animat's sensors
perceived the color of the oor panel below it, the color
of an overhead signalling light and the animat's spatial
location within the world. The world is shown in Fig-
ure 2(c). It had white colored oor panels except for
one blue and one green oor panel at the locations indi-
cated. It was possible for the location of these blue and

green panels to change, moving to locations indicated by
either World1 or World2 in Figure 2(c). The animat re-
mained unaware of these changes as it could only sense
what was happening at its current spatial location within
the world. Tasks for the animat were externally speci-
�ed using reinforcement signals and could entail anything
from movement to a desired spatial location to matching
sensed oor panel color with the color of the signalling
light. Summarized in Figure 3 are the features found
to be relevant by the animat. Although these features
were subject to random discovery, they are presented in
an orderly list for the readers bene�t in the following
analysis. Shown in Figure 4 are the sensory, motor and
reinforcement connections for the animat. The incoming
sensors are the light color, Slight, the oor color, Sfloor,
and the spatial location, Sspatial. The outgoing actu-
ator commands are up, Q0, down, Q1, left, Q2, right,
Q3 and stay, Q4. The incoming reinforcement signal is
rEXT. The initial control system is shown as a random
structure of unknown skills, Q?. During these tests the
learning rates, �Q, �B , and the temporal discount factor,
, were set to 0:2, 0:01 and 0:9, respectively.

World

Spacial location, Sspatial

Floor color, Sfloor

Signal light color, Slight

Up, Q0

Down, Q1

Left, Q2

Right, Q3

Stay, Q4

Q?

Q?Q?

Q?

External reinforcement(s), rEXT

Figure 4: Connections of sensors, actuator and reinforce-
ment signals and initial random structure of control sys-
tem. For clarity the sensor connection are not shown.

3.1 Generation of Control Hierarchies

To evaluate the capabilities of nested Q-learning to
generate control hierarchies the agent was rewarded with
the external reinforcement signal of Equation 16.

rEXT =

8<
:

+2 if light is blue and oor is blue.
+4 if light is green and oor is green.
�1 otherwise.

(16)
The locations of the blue and green oor panels were

set randomly switching between the two possible con�g-
urations as shown in in Figure 2 (c). The signal light
was set alternating between blue and green. An ani-
mat with no prespeci�ed information was placed in this



     panel color and signaling light.
(a) Side view: Distinct states of the floor

Blue, Green or White floor panel

Blue White Green
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(b) Top view: Primitive actions and distinct
     spatial locations indicated.

(c) Two possible world configurations.

S S

Green floor panel

Blue floor panel

White floor panel

Robot with primitive actions

S  Starting location for simulations.

Switches between the two worlds

World2World1

Figure 2: Simulated animat's sensory systems: (a) Floor color and signal light sensors, (b) distinct spatial locations
and possible movements of the animat. Simulated world: (c) Blue and green oor panels in two possible con�gurations
as indicated. Locations of the blue and green oor panels can change to that of World1 or that of World2.

Primitive Actions:

Q0 Up

Q2 Left

Q1 Down

Q3 Right

Q4 Stay

Skills:

Q5 No light

Q6 Blue light

Q7 Green light

Q8 White panel

Q9 Blue panel

Q10 Green panel

Table of Features and Primitive Actions

None Blue Green

GreenBlueWhite

Down

Right

Up

Left

Actuators

10 11 12 13 14

98765

0 1 2 3 4

Q11 Spatial position 0

Q12 Spatial position 1

Q13 Spatial position 2
Q14 Spatial position 3

Q15 Spatial position 4

Q16 Spatial position 5

Q17 Spatial position 6

Q18 Spatial position 7

Q19 Spatial position 8

Q20 Spatial position 9

Q21 Spatial position 10

Q22 Spatial position 11

Q23 Spatial position 12

Q24 Spatial position 13

Q25 Spatial position 14

Light Sensor, Slight

Floor Sensor, Sfloor

Spatial Sensor, Sspatial

Figure 3: Summary of skills and features.

world and allowed to learn how to maximize its rewards
over time. Performance plots for all skills and primitive
actions versus time are presented in Figure 5. The verti-
cal axis shows the performance of each skill or primitive
action. Performance is taken to be the total reinforce-
ment signal that the skill responds with whenever it is
invoked. The axis pointing out of the page is the number
of the skill or action and the horizontal axis represents
the expired time. For clarity, selected skills have been
extracted from the plot in Figure 5 and shown individ-
ually in Figure 6. From these �gures it is seen that the
primitive actions responded consistently with a perfor-
mance of �1:0 (as they should), while all the adaptive
skills performed changed over time and usually improved
(if indeed they could). The �rst skills mastered were the
ones de�ned by spatial locations, for example skills Q11

and Q25. The two skills which proved to be higher level
skills, Q9, �nd blue panel and Q10, �nd green panel were
subsequently mastered using the two skills of Q11 and
Q25.

Sensations or features over which the animat had no
control were never learned (nor could they be). For in-
stance, Q5, �nd no signal light could never be learned,

as the signal light was always either blue or green and
was never o�. Interestingly enough, it was originally ex-
pected that a similar situation would occur for the other
two signal light related behaviors, �nd green signal while
the blue light was on and �nd blue signal while the green
light was on, because the lights were not directly con-
trolled by the agent. However, the light was alternat-
ing blue, then green, then blue, etc., changing upon task
completion. The animat soon discovered that if it wanted
to see a green signal light, all it had to do was go to the
blue panel and once the task triggered by the blue light
was completed, the green light would come on in place
of the blue light. Instances of the agent �nding novel so-
lutions and taking advantage of unintentional loopholes
in the simulation were common during these trials.
The bottom-up responses for all the possible skills are

shown in Figure 7. Figure 7(a) shows the bottom-up
response for an invoking state in which the blue signal
light is on. Other details of that state were discovered
by the control system to be irrelevant, as would be ex-
pected. Figure 7(b) shows the bottom-up response for an
invoking state in which the green signal light was on. As
indicated, the predominant bottom-up response for the
green signal corresponded to Q10, or �nd the green panel
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(a) Peformance for action Q0, (up). (c) Peformance of skill Q9, (blue panel).

(e) Peformance of skill Q11, (spatial 0).(d) Peformance of skill Q10, (green panel). (f) Peformance of skill Q25, (spatial 14).

(b) Peformance of skill Q5, (no light).

Figure 6: Detailed performance plots for selected skills.



and for the blue signal it corresponded to Q9, or �nd the
blue panel. These bottom-up responses were shown to
respond high for the skill that was capable of ful�lling
the task that would result in favorable reinforcement sig-
nals. In these simulations, the green light triggered skill
Q10 and the blue light triggered Q9. These high level
skill then invoked other skills and eventually primitive
actions in a top-down manner to ful�l the tasks.
The control strategies invoked by the bottom-up reac-

tions of Q9 and Q10 are shown in Table 1 and Table 2.
The schematic shown in Figure 8(a) shows the distinct
two level architecture that emerged from the simulation.
In Tables 1 and 2, the starting location is taken to be
the upper left corner of the world at spatial position 10
as indicated in Figure 2(c). Tables 1 and 2 correspond
to the con�guration of the world as World1. When the
world is con�gured as World2, Q

9 and Q10 are repre-
sented by Tables 3 and 4, respectively. Figure 8(b) shows
the movements of the animat for the skill, Q9 for both
world con�gurations. It is clear that a hierarchical con-
trol system emerged which, when invoked by a bottom-
up opportunistic drive, began to search for the locations
of the correctly colored panels. It should be noted that
as this search required two way movement through the
state space and the continual disruption of a single mono-
lithic evaluation function, learning this problem in a non-
hierarchical architecture would be di�cult. That is, for
the current task, some states in a monolithic evaluation
function would have a constantly changing correct ac-
tion. Such a moving target would make convergence im-
possible. By decomposing the task into a hierarchical
assembly of skills, the evaluation functions that repre-
sented the skills had a constant target to converge to.

Table 1: Skill Q10: Find green oor panel (for World1
with starting point as indicated in Figure 2(c)). Note:
the length of the arrows indicates the depth of the com-
mand signal into the hierarchy. For example, � > indi-
cates that the command signal is at the top of the hier-
archy, while ��� > indicates that the control signal is
down two levels into the hierarchy.

Level Down Command Comments
1 � > Q10 Find green panel
2 �� > Q11 Spatial location 0
3 ��� > Q1 Down
3 ��� > Q1 Down and at goal

3.2 Generation of Novel Hierarchies

Often as the structure emerged without direct input
from the designer, many unexpected but successful struc-
tures emerged. For example, in a related simulation, the
agent was required to learn routes to spatial positions 4
and 14, represented by skills Q15 and Q25, respectively.
For some reason, skill Q20, the skill to spatial position 9,
which lies directly between positions 4 and 14, converged
faster that the other skills. Skills Q15 and Q25 then
learned to use Q20 to arrive close to their goal and then

Table 2: Skill Q9: Find blue oor panel (forWorld1 and
starting point as indicated in Figure 2(c)).

Level Down Command Comments
1 � > Q9 Find blue panel
2 �� > Q11 Spatial location 0
3 ��� > Q1 Down
3 ��� > Q1 Down
2 �� > Q25 Spatial location 14
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q0 Up
3 ��� > Q0 Up and at goal

Table 3: Skill Q10: Find green oor panel (for World2
and starting point as indicated in Figure 2(c)).

Level Down Command Comments
1 � > Q10 Find green panel
2 �� > Q11 Spatial location 0
3 ��� > Q1 Down
3 ��� > Q1 Down
2 �� > Q25 Spatial location 14
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q3 Right
3 ��� > Q0 Up
3 ��� > Q0 Up and at goal

it was a single step to reach the desired location. This
hierarchical control structure is illustrated in Figure 9(a)
with the animats actions in Figure 9(b). Throughout the
course of these simulations many other examples of in-
teresting multi-level hierarchies emerged, each with the
agent developing some unique and innovative method of
solving the control problem.

3.3 Information Transfer Between Tasks

In this simulation the world was again set to alternat-
ing between its two possible states. Initially, the desired
task, as de�ned by Equation 17, was to �nd the blue oor
panel whenever the blue light was on. A hierarchy using
the two skillsQ11 andQ25 emerged to ultimately perform
Q9 (�nd blue panel) as shown in Figure 10(a). Next, a
new task was requested as per the external reinforcement
signal of Equation 18. The new task was to �nd the green
panel whenever the green light was on. With most of the
control strategy already learned from the previous task,
the animat now had to learn how to utilize these existing
skills to perform the new task. This was accomplished
by learning skill Q10 (�nd green panel), extending the
hierarchy to that pictured in Figure 10(b).
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(a) Bottom up reactive response for the blue signal light on.

Note the strength of response for skill Q9.

(b) Bottom up reactive response for the blue signal light on.

Note the strength of response for skill Q10.

Figure 7: Bottom up reactive responses for all skills and primitive actions for sensory conditions of (a) blue signal
light on and (b) green signal light on.

Table 4: Skill Q9: Find blue oor panel (forWorld2 and
starting point as indicated in Figure 2(c)).

Level Down Command Comments
1 � > Q9 Find blue panel
2 �� > Q11 Spatial location 0
3 ��� > Q1 Down
3 ��� > Q1 Down and at goal

rEXT =

�
+4 if light is blue and oor is blue.
�1 otherwise.

(17)

rEXT =

8<
:

+4 if light is blue and oor is blue.
+4 if light is green and oor is green.
�1 otherwise.

(18)

4 Discussion

The hierarchical structures outlined emerged as
sensory-motor relationships and converged from the bot-
tom (closest to the actuators) upward. Those sensor-
motor skills that required only primitive actuator move-
ments were discovered and learned �rst. Higher level
skills could then be built upon lower level skills. Once
the low level spatial skills (Q11 and Q25) converged, or at
least had begun to be performed reliably, then the higher
level skills (Q9 and Q10) could be learned. The learning
of these strati�ed skills required both the learning of tem-
poral sequences of primitive actions and/or skills as well
as which sensor information was relevant or irrelevant at
each emerging level of behavior. In these simulations the
agent learned that the skills involved with �nding spatial
locations were independent of the color of the signal light
and oor panels was irrelevant and also that the agent
needed only primitive actions to perform reliably. This
was not always necessarily true. Although only primitive
actions were needed, this did not prevent the emergence

S

S

S

S

(a) Emergent structure. (b) Actions taken by the robot.

Q9 Q10

Q25Q11

World 1 and green light

World 2 and blue light World 2 and green light

Blue oor panel

Green oor panel

World 1 and blue light

Figure 8: Generation of a hierarchical control system.
(a) the structure that emerged with two bottom-up
driven skills, Q9 and Q10, at the top, (b) actions taken
by the animat.

of convenient hierarchical structures. An example of the
learning system �nding novel convenient methods of solv-
ing its problems was presented in Section 3.2 in which an
intermediate location was used to �nd adjacent spatial
locations.
Although initially necessary, the exploration compo-

nent later contributes to poorer performance. Within
such an evolving control system, it might be desired that
skills crystallize, that is, limit and eventually cease the
exploration component of the skill, once exploration be-
gins to prove fruitless. This would result in skills be-
coming strati�ed from the actuators upward, freeing lim-
ited computation resources for discovering and learning
yet higher skills. Should changes or malfunctions occur,
the exploration component would be reactivated in the
e�ected section of the control hierarchy. As the skills
converged, many sensor inputs proved irrelevant to the
evaluation and reactive functions and could be removed.
For example, the skills necessary to �nd spatial locations
were independent of signal light color and oor panel
color and relied only upon a sense of location. Current
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(b) Actions taken by the robot.

Figure 9: The hierarchical control system that emerged
for skills, Q15 and Q25, utilizing the intermediate skill
Q20. (a) the structure that emerged, (b) actions taken
by the animat.

work will allow the agent to prune sensory and action
connections from skills when they are discovered irrele-
vant. Again, this would further crystallize the skills into
encapsulated and e�cient sensor-motor control systems.
Another extension that becomes evident is that the ab-
straction of features must be allowed. Just as the control
strategies are built from abstractions of primitive actions
and lower skills, features must be allowed to construct
hierarchies of abstraction.

5 Conclusions

The nested Q-learning technique developed in this pa-
per generated hierarchical control systems for the con-
trol of a simple simulated animat. These structures of-
ten utilized unique and not obvious control strategies
to solve the control problems confronting the animat.
The section of the control structure that was active was
determined by a combination of evolving bottom-up re-
active drives and top-down goal seeking drives. As a
bottom-up reactive/opportunistic drive was triggered, it
was ful�lled by a cascade of top-down invoked skills. The
nested Q-learning algorithm e�ectively partitioned the
control problem into many small evaluations functions
to be combined and recombined into di�erent solutions
rather than having solutions locked into a single mono-
lithic evaluation function.
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