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Abstract— Reinforcement learning (RL) methods provide a information, in turn, is useful for the actor to learn how to
means for solving optimal control problems when accurate adjust its control policy toward optimality.

models are unavailable. For many such problems, however, RL- 56 important advantage of the actor-critic framework
alone is impractical and the associated learning problem must

be structured somehow to take advantage of prior knowledge. 1S that the explicitly represented policy can be modified
In this paper we examine the use of such knowledge in the form directly by standard supervised learning methods. For in-
of a stable controller that generates control inputs in parallel stance, backpropagation can be used to update the actor when
with an RL system. The controller acts as a supervisor that jmplemented as a multilayer artificial neural network. In any

not only teaches the RL system about favorable control actions e the actor can change its behavior based on training data
but also protects the learning system from risky behavior. We

demonstrate the approach with a simulated robotic arm and a  Provided by a supervisor, such as an easily designed con-

real seven-DOF manipulator. troller, without the need to calculate the associated values of
those data. The critic (or some other comparable mechanism)
I. INTRODUCTION is still required for optimization, whereas the supervisor helps

the actor achieve a level of proficiency whenever the critic

Reinforcement learning (RL) is an artificial intelligencehas a poor estimate of the value function. In the next section
paradigm for optimal control. With origins in animal learningwe describe aupervisedactor-critic architecture where the
research—especially trial-and-error learning—modern RL akupervisor supplies not only error information for the actor
gorithms are built upon well established mathematical modeis learn from, but also control actions for the plant.
for decision making and control. The primary advantage
of RL over more traditional optimal control techniques isll. SUPERVISED ACTOR-CRITIC ARCHITECTURE
that accurate models, while u;eful for RL, are not required Figure 1 shows a schematic of the usual actor-critic
for optimal performance. But like other forms of 'nte”'gemarchitecture [9] augmented by three major pathways for

control, RL' has several drgwback; 'Fhat limit its effectwenesI corporating supervisor information. Along the “shaping”
when put into practice with realistic control problems. In

. . . . ... pathway, the supervisor supplies the critic a source of evalua-
particular, the time required for learning can be proh|b|t|veIO Y b bp

d svstem behavior during | . lead t i tilve feedback, oreward, in addition to the rewards normally
and system behavior during learning can lead to unacceptaig, ije g by the plant, oenvironment Shaping essentially
risks. For this reason, in most large-scale applications R

is used with simulated rather than real dynamic system mplifies the task of the leaming system by making good

To overcome these difficulties. we propose a control fram Zontrol actions easier to discriminate from bad ones. For
’ brop Shstance, the critic may receive favorable evaluations for

work_ Fhat combines RL with convent|0nf_;1I methods. Moreoehavior which is only approximately correct given the
specifically, we use a stable, yet sub-optimal controller that

serves as a kind of supervisor for the RL component of the

framework. SHAPING

Almost all RL methods that incorporate supervisory infor-
mation, e.g., [1]-[7], do so by modifying @alue function K 2’8{1\‘;’%&
which is typically used to store a learned ranking of the Supervisor P\ \cm
control actions available in a given state. The correspondinjg EXPLORATION
control policy is then represented implicitly, usually as th¢ N / —>| Environment
action with the best ranking for each state. The alternatije Actor _ action v
described in this paper involves attor-critic architecture action @
for RL [8]. Actor-critic architectures differ from other value- Critic
based methods in that separate data structures are used| for 1 eror \—Q

the control policy (the “actor”) and the value function (th
“CI’ItIC"). The r.esponS|b|I|ty of the critic is to [eam how the Fig. 1.  Actor-critic architecture and several pathways for supervisor
actor’s behavior affects the performance objective, and thisiormation.
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original task. As the actor gains proficiency, the supervisanethods [13] are commonly used to update the state-value
then gradually withdraws the additional reward feedback testimatesV(s), by an amount proportional to the TD error,
shape the learned policy toward optimality for the true taskwhich is defined as

With “nominal control” the supervisor sends control signals,

or actions directly to the environment. For example, the §=r+9V(s) = V().
supervisor may override bad commands from the actor ghenever the TD error is positive, the state of affairs is

a way to ensure safety and to guarantee a minimum standajgkter than expected and so one increases the estimated
of performance. And along the “exploration” pathway, thealue of states. Similarly, whend < 0, the action chosen
supervisor provides the actor with hints about which actiongccording tor resulted in a situation worse than expected and
may or may not be promising for the current situationso one decreaseg(s). In short, TD methods improve past

thereby altering the exploratory nature of the actor’s trialestimates of the value function by using future—typically
and-error learning. In this section, we focus on the latter twghore accurate—estimates \¢f

pathways, and we examine the use of supervised learning .
which offers a powerful counterpart to RL methods. A. The Gain Scheduler
The combination of supervised learning with actor-critic For the examples in Section lll, the gain scheduler com-
RL was first suggested by Clouse and Utgoff [10] andgbutes the composite actiom, as simply a weighted sum of
independently by Benbrahim and Franklin [11]. Figure Zhe actions given by the component policies. In particular,
shows our version of the supervised actor-critic architecture, a . kaf + (1- k)as
which differs from previous work in a key way described in ’
Section 1I-B. Taken together, the actor, the supervisor anghereaF is the actor’s exploratory action amd is the super-
the gain scheduler form a “composite” actor that sends wisor’s action, as given by policies® and 7S, respectively.
composite action to the environment. Note that we use “gaifThe supervisor's actions are observable but its policy is
scheduling” in a broad sense to mean the blending of two gfenerally unknown.) We also denote &Yy the actor’s greedy
more sources of control actions, cf. [12]. The environmerdction determined by the corresponding policd, Typically,
responds to the composite action with a transition from the€ is a copy of7” modified to include an additive random
current states, to the next states’. The environment also variable with zero mean. Thus, each exploratory action is
provides an evaluation called the immediate rewardlhe simply a noisy copy of the corresponding greedy action,
job of the critic is to observe states and rewards and to builslthough we allow for the possibility of more sophisticated
a value function,V™(s), that accounts for both immediate exploration strategies.
and future rewards received under the composite poticy, The parametek € [0, 1] interpolates between® and 75,
This value function is defined recursively by the Bellmarand thereforé determines the level of control, or autonomy,
equation, on the part of the actor. In general, the valuekofaries
- with state, although we drop the explicit dependences tm
Vi) = g;spr(sﬂs,a){R(s’) +aVI()) simplify notation. The parametés also plays an important
role in modifying the actor’s policy, as described in more
whereS is the set of admissible staté®(s') is the expected {etail below. We assume that® is given by a function
value ofr, v € [0,1] is a factor that discounts the value of theapproximator with the parameter vecta; and after each
next state, and Rs'|s,a) is the probability of transitioning to  state transition, those parameters are updated according to a

states’ after executing actiom = (s). rule of the form
For RL problems, the expected rewards and the state- ) .
transition probabilities are typically unknown. Learning, W — W+ kAW + (1 — k) Aw, 1)

ere AWR- and AwSt are the individual updates based
RL and supervised learning, respectively. Thkisalso
interpolates between two styles of learning.

therefore, must proceed from samples, i.e., from observ
rewards and state transitions, and temporal-difference (T

------------------- Composite Actor- -

B. The Actor Update Equation

— :
1 ——— rcomposi To make the reinforcement-based adjustment to the param-
: G ' action . State
N Scheduler HEHV“O“““’“)L eters ofr® we compute
> I SEY WY S .
] __;_A_C_tf)r____a_ft_f{n _________________ N roward AWRE — af (aE - aA)VWﬂ'A(S), (2)
N o] Critic where o is a step-size parameter. When the TD error is
positive, this update will push the greedy policy evaluated

at s closer toaF, i.e., closer to the exploratory action which
Fig. 2. The supervised actor-critic architecture. led to a state with estimated value better than expected.
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Similarly, when§ < 0, the update will pushr”(s) away I1l. EXAMPLES

£ oF : _ _
from &= and in subsequent visits to statéhe corresponding  preyiously, we demonstrated the benefits of our approach

exploratory poligy will select this unfavorable action with,yiih 4 ship steering task, i.e., with a standard problem from
reduced probability. . _ the optimal control literature [14]. The examples in this paper
To compute the supervised learning updmwSL_, we seek  gemonstrate that the style of control and learning used for
to minimize in each observed state the supervisory error he ship steering task is also suitable for learning to exploit
s A12 the dynamics of a robotic arm. Each of these examples is a

E= 5[” (8) —7(9))" targeting task where the supervisor is a stable controller that

Locally, this is accomplished by following a steepest desce ings the SyStem to goal, although in a sgb-opUmgI fgsh|on.
heuristic, i.e., by making an adjustment proportional to th us, the supervisor enables the composite actor in Figure 2

negative gradient of the error with respectwo 0 .SOIYE. the taslon the very first tri_a,l a_md on every 'Frial
while it improves, whereas the task is virtually impossible to
AWSE — —aV,E(s). solve with RL alone.
The implementation of the learning algorithm was given
Expanding the previous equation with the chain rule angh [14], although several relevant details are repeated here.
substituting the observed actions gives the usual kind ¢f particular, we implemented both actor and critic by a
gradient descent learning rule: tile coding scheme, i.e., CMAC neural network [15], with
AWSL — a(as — @)V (s). 3) a total 'of 25 tilings, or Iayers, per CMAC. To make the
interaction between supervisor and actor dependent on state,
Finally, by substituting Egs. (2) and (3) into Eqg. (1) we obtairthe interpolation parametek, was set according to a state-
the desired actor update equation: visitation histogram, also implemented as a CMAC. During
each step of the learning process, the valukewés set to the
w—w+alki(@ —a%) + (1 - Kk)(@®— a")|Vwr™(s). (4) CcMAC output for the current state (initially 0) with values
cut off at a maximum ok = 1, i.e., at full autonomy. At the

Eq. (4) summarizes a steepest descent algorithm wkere

trades off between two sources of gradient informationenOl of each trial, the weights from the “visited” histogram

one from a performance surface based on the evaluatiHHES were incremented by a _small amount. Thl.JS.’ the gain
signal and one from a quadratic error surface based heduler made a gradual shift from full supervision to full
gitonomy as the actor and critic acquired enough control

th i . A lete algorith t
© Supenvisory error. A complete aigorithm was presen eknowledge to reach the goal reliably. A decay factor of 0.999

in [14]. . :
Ls ]mentioned above. the architecture shown in FigWas also used to downgrade the weight of each CMAC tile;

ure 2 is similar to one suggested previously by Clouse arlg e_ffect, ?u'io?omy leaked away” from infrequently visited
Utgoff [10] and by Benbrahim and Franklin [11]. However,€9!0NS OF Stale space.
our approach is novel in the following way: In the figure, weA. Simulated Robotic Arm

show a direct connection from the supervisor to the actor, Our first example involves a simulated robotic arm that

whereas the supervisor in both [10] and [11] influences tr\5?/615 modeled as a two-link pendulum with each link having
actor indirectly through its effects on the environment a?ength 0.5 m and mass 2.5 kg. The equations of motion [16]
well as the TD error. Using our notation the correspondinglere integrated numerically using Euler's method with a
update equation for these other approaches, e.g., [11, Eq. (%p size of 0.001 s. Actions from both actor and supervi-

essentially becomes sor were generated every 0.75 s and were represented as
W — w+ alki(a® —a) + (1 —k)§(as — a)|Var(s) (5) two-dimensional velocity vectors with joi_nt sp_ee_zd limits of
_ W+a6[kaE+ (1- k)asf aA]VWwA(s). ©6) +0.5 rad/_sgg. The j[ask was t(_) move with minimum effort
from the initial configuration with joint angles o£90 and
The key attribute of Eq. (5) is that the TD error modulates th® degrees to the goal configuration with joint angles of 135
supervisory errora®— a®. This may be a desirable feature if and 90 degrees. For this demonstration, effort was quantified
one “trusts” the critic more than the supervisor, in which casas the total integrated torque magnitude.
one should view the supervisor as an additional source of The supervisor in this example is a hand-crafted controller
exploration. However, Eq. (5) may cause the steepest desc#mt moves the arm at maximum speed directly toward the
algorithm to ascend the associated error surface, especialigal in configuration space. Therefore, actions from the
early in the learning process when the critic has a poa@upervisor always lie on a unit square centered at the origin,
estimate of the true value function. Moreover, wheéris whereas the actor is free to choose from the entire set
small, the actor loses the ability to learn from its supervisonf admissible actions. In effect, the supervisor’s policy is
whereas in Eq. (4) this ability depends primarily on theo follow a straight-line path to the goal—which is time-
interpolation parametek. optimal given the velocity constraints. Due to the dynamics
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3.14

of the robot, however, straight-line paths are not necessarily1 (a)
optimal with respect to other performance objectives, such goal
as minimum energy.

A lower-level control system was responsible for trans— |
forming commanded velocities into motor torques for each~ | eoal
joint. This occurred with a control interval of 0.001 s and in
several stages: First, the commanded velocity was adjusted

0.00
start

Joint 2 [rad]

to account for acceleration constraints that eliminate abrupt , start g gl RO 208 e

changes in velocity, especially at the beginning and end of -! X[Om] 1 314 Joi“?‘lo?md] 3.14
movement. The adjusted velocity, along with the current

position, was then used to compute the desired position at, 314

—~

the end of the next control interval. Third, a proportional- b)

derivative (PD) controller converted this target position into
joint torques, but with a target velocity of zero rather than the
commanded velocity. And finally, a simplified model of the £ |
arm was used to adjust the feedback-based torque to include
a feedforward term that compensates for gravity. This scheme
is intended to match the way some industrial manipulators

0.00

Joint 2 [rad]

Effort= 229 Nms

are controlled once given a higher-level movement command,- 3.14

. . . -1 0 1 -3.14 0.00 3.14
e.g., velocity as used here. Gravity compensation guarantees X [m] Joint 1 [rad]
stability of the lower-level controller [16], and the PD target
velocity of zero helps ensure that the arm will stop safely 1 3.14

given a communications failure with the higher level.

The above control scheme also holds an advantage for
learning. Essentially, the manipulator behaves in accordance
with a tracking controller—only the desired trajectory is§0'
revealed gradually with each control decision from the higher
level. At this level, the manipulator behaves like an over-
damped, approximately first-order system, and so policies
need not account for the full state of the robot. That is, for '} 0 H 3 .00 T
both actor and supervisor it suffices to use reduced policies x [m] Joint 1 [rad]
that map from positions to velocity commands, rather than _ _ _ _

L. " - Fig. 3. Simulated two-link arm after (a) no learning and (b,c) 5000 learning
policies that map from positionand velocities to acceler- trials. Configuration-space paths after learning are shown in white, and the
ation commands. As is common with tracking controllersgrayscale region indicates the level of autonomy from the state-visitation
this abstraction appears to cancel the dynamics we intend ftigtogram, with values ranging frokn= 0 (white) tok = 1 (black).
exploit. However, by designing an optimal control problem,
we allow the dynamics to influence the learning system by
way of the performance objective, i.e., through the rewarfl.75 s along a straight-line path to the goal. The proximal
function. joint has more distance to cover and therefore moves at

For the RL version of this optimal control problem, themaximum speed, while the distal joint moves at a proportion-
objective was to maximize the total discounted rewardgtely slower speed. The total effort for this fully supervised
with immediate rewards computed as the negative effopolicy is 258 Nms. Figures 3(b) and 3(c) show examples
accumulated over each 0.75 s decision interval. The discousitimproved performance after 5000 trials of learning, with
parameter in this example was set4o= 1, i.e., no dis- a final cost of 229 and 228 Ns) respectively. In each of
counting. Exploratory actionsf, were Gaussian distributed the left-hand diagrams, the corresponding “spokes” from the
with a mean equal to the greedy action, except #fatvas proximal link fall in roughly the same position, and so the
clipped at the joint speed limits. The standard deviation gdbserved improvements are due to the way the distal joint
the exploratory actions was initially 1.0 rad/sec, but thignodulates its movement around the straight-line path, as
value decayed exponentially toward zero by a factor of 0.99ghown in the right-hand diagrams.
after each trial. CMAC tiles were uniform with a width of Figure 4 shows the effects of learning averaged over
25 degrees along each input dimension; the actor CMAC wa% runs. The value of the optimal policy for this task is
initialized to zero whereas the critic CMAC was initializedunknown, although the best observed solution has a cost
to —300 (a pessimistic estimate of total negative effort). of 216 Nms. Most improvement happens within 400 trials

Figure 3(a) shows the configuration of the robot everand the remainder of learning shows a drop in variability

0.00

Joint 2 [rad]

Effort= 228 Nms
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265 -+

to autonomous behavior. Also, the level of exploration did
not decay, but rather remained constant, ahdas Gaussian
Y distributed with a standard deviation of 0.25 rad/sec.
IS5 NF Figure 6 shows the effects of learning averaged over 5
runs. Performance worsens during the first 10 to 20 trials due
- to the initialization of the actor’s policy. More specifically,
245 +- e at the start of learning the actor’s policy maps all inputs to
the zero velocity vector, and so the actor cannot move the
robot until it has learned how to do so from its supervisor.
';T"TTIT The Qr.awback of this initializatioin scheme—along with a fast
1779221+ transition to autonomous behavior—is that early in the learn-
ing process the supervisor's commands become diminished
when blended with the actor’s near-zero commands. The
effect is slower movement of the manipulator and prolonged
effort while raising the arm against gravity. However, after
60 trials of learning the supervised actor-critic architecture
Fig. 4. Effects of learning for the simulated two-link arm averaged oveBhows statistically significant improvemert £ 0.01) over
25 runs of 5000 trials each. the supervisor alone. After 120 trials, the overall effect of
learning is approximately 20% reduced effort despite an
creased average movement time from 4.16 s to 4.34 s
tatistically significant wittp < 0.05).

Effort (Nmes)

235 4--

0 1000 2000 3000 4000 5000
Trial

225

i
as the exploration policy “decays” toward the greedy contr
policy. One difficulty with this example is the existence of

many locally optimal solutions to the task. This causes the IV. CONCLUSIONS
learning system to wander among satisfactory solutions, with ] )
convergence to one of them only when forced to do so by 1"€ examples in Section Ill demonstrate a gradual

Shift from full supervision to full autonomy—blending two
sources of actions and learning feedback. Much like the
B. Case Study With a Real Robot examples by Clouse [1] and by Maclin and Shavlik [4], this

To demonstrate that the methods in this paper are suitaiBift happens in a state-dependent way with the actor seeking
for real robots, we replicated the previous example witfelp from the supervisor in unfamiliar territory. Unlike these
a seven degree-of-freedom whole arm manipulator (WAI\/F;’ther approaches, the actor also clones the supervisor's
Barrett Technology Inc., Cambridge, MA). Figure 5 showsontrol policy very quickly over the visited states. This style
a sequence of several postures as the WAM moves from tpElearning is similar to methods that seed an RL system with
start configuration (far left frame) to the goal configuratiorf@ining data, e.g., [7], [17], although with the supervised
(far right frame). As with the previous example the task wagctor-critic architecture, the interpolation parameter allows
formulated as a minimum-effort optimal control problem—the seeding to happen in an incremental fashion at the same
utilizing a stable tracking controller and a supervisor that
generates straight-line trajectories to the goal in configuration ;55
space. The joint speed limits for this example were increased
to +0.75 rad/sec rather thah0.5 rad/sec as used above. The
learning algorithm was virtually identical to the one in the
previous example, although several parameter values were |
modified to encourage reasonable improvement with ver’g 135 |
few learning trials. For instance, the histogram incremer#
was increased slightly, thereby facilitating a faster transitiof

the reduced exploration.

145 + Fully Supervised

= 125
m
115
105 , ; ; : :
0 20 40 60 80 100 120
Trials

) ) ] ] ) Fig. 6. Effects of learning for the WAM averaged over 5 runs of 120 trials
Fig. 5. Representative configurations of the WAM after learning.  each.

4521



time as trial-and-error learning. [5] R. M. Kretchmar, P. M. Young, C. W. Anderson, D. C.
One drawback of these methods for control of real robots  Hittle, M. L. Anderson, C. C. Delnero, and J. Tu,
is the time needed for training. By most standards in the RL ~ “Robust reinforcement learning control with static and
literature, the supervised actor-critic architecture requires rel-  dynamic stability,”International Journal of Robust and
atively few trials, at least for the examples presented above. Nonlinear Contro] vol. 11, pp. 1469-1500, 2001.
However, some robot control problems may permit extremely{6] T. J. Perkins and A. G. Barto, “Lyapunov design for safe
few learning trials, say 10 or 20. Clearly, in such cases we reinforcement learning,Journal of Machine Learning
should not expect optimality; instead we should strive for ~ Researchvol. 3, pp. 803-832, 2002.
methods that provide gains commensurate with the training7] W. D. Smart and L. P. Kaelbling, “Effective reinforce-
time. In any case, we might tolerate slow optimization if we =~ ment learning for mobile robots,” ifProceedings of
can deploy a learning robot with provable guarantees on the the IEEE International Conference on Robotics and

worst-case performance. Recent work by Kretchetal. [5] Automation Piscataway, NJ: IEEE, 2002, pp. 3404—
and by Perkins and Barto [6] demonstrates initial progress 3410.
in this regard. [8] A. G. Barto, R. S. Sutton, and C. W. Anderson, “Neu-

Despite the challenges when we combine RL with super-  ronlike elements that can solve difficult learning control
vised learning, we still reap benefits from both paradigms.  Problems,”|EEE Transactions on Systems, Man, and
From actor-critic architectures we gain the ability to discover ~ Cyberneticsvol. 13, pp. 835-846, 1983.
behavior that optimizes performance. From supervised learnf9] R. S. Sutton and A. G. Bartd&einforcement Learning:
ing we gain a flexible way to incorporate prior knowledge. ~ An Introduction =~ Cambridge, MA: The MIT Press,
In particular, the internal representations used by the actor 1998.
can be very different from those used by the supervisoil0] J. A. Clouse and P. E. Utgoff, “A teaching method for
The actor, for example, can be an artificial neural network, ~ reinforcement learning,” irProceedings of the Nineth
while the supervisor can be expert knowledge encoded as International Conference on Machine LearningSan
logical propositions, a conventional feedback controller as  Francisco, CA: Morgan Kaufmann, 1992, pp. 92-101.
demonstrated in this paper, or even a human supplyidgl] H. Benbrahim and J. A. Franklin, “Biped dynamic
actions that depend on an entirely different perception of ~ walking using reinforcement learningRobotics and
the environment's state. Presumably the supervisor has a Autonomous Systemeol. 22, pp. 283-302, 1997.
certain proficiency at a given task, which the actor exploitsl2] J. S. Shamma, “Linearization and gain-scheduling,” in

for improved performance throughout learning. The Control HandbogRW. S. Levine, Ed. Boca Raton,
FL: CRC Press, 1996, pp. 388—396.
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