Proc.

of SPIE Conference on Mathematics and Control in Smart Structures, March 1997, p.754±763Controls for unstable structuresOliver

Guenther, Tad Hogg and Bernardo A. Huberman

Xerox Palo Alto Research Center

3333 Coyote Hill Road, Palo Alto, CA 94304ABSTRACT

W e study the behavior of several organizations for a market based distributed control of unstable physical

systems and show how a hierarchical organization is a reasonable compromise between rapid local responses

with simple communication and the use of global knowledge. W e also introduce a new control organization, the

multihierarchy, and show that it uses less power than a hierarchy in achieving stability. The multihierarchy also

has a position invariant response that can control disturbances at the appropriate scale and location.

Keywords: distributed control organizations, smart matter, multiagent systems

1. INTRODUCTION

Embedding microscopic sensors, computers and actuators into materials allows physical systems to actively

monitor and respond to their environments in precisely controlled ways. This is particularly so for microelec-

tromechanical systems (MEMS)1, 2, 6 where the devices are fabricated together in single silicon wafers. Applica-

tions include environmental monitors, drag reduction in uid ow, compact data storage and improved material

properties. In many such applications the relevant mechanical processes are slow compared to sensor, computation and

communication speeds. This gives rise to asmart matter regime, in which control programs can execute many

steps within the time needed for responding to mechanical changes. A key dif�culty in realizing smart matter’s

potential lies in the design of the control programs. This is because one needs to robustly coordinate a physically

distributed, real-time response, to a system with many elements that can exhibit failures, delays and a limited

ability to accurately model the system’s behavior in an unpredictable environment. These constraints limit the

effectiveness of conventional control algorithms, which rely on a single global processor with rapid access to the

full state of the system and detailed knowledge of its behavior.

A robust approach to controlling such systems uses a collection of autonomous agents, each of which can

deal with a limited aspect of the overall control problem. Individual agents can be associated with each sensor

or actuator in the material. This leads to a community of computational agents which, in their interactions,

strategies, and competition for resources, resemble natural ecosystems 14 , and which can be used to control

distributed systems 10 . Multiagent systems have been extensively studied in the context of distributed problem solving

4, 7, 16 . They

have also been applied to problems involved in acting in the physical world, such as distributed traf�c control 18 ,

O.G.: Email: guenther@parc.xerox.com

T.H.: Email: hogg@parc.xerox.com; WWW: http://www.parc.xerox.com/hogg

B.A.H.: Email: huberman@parc.xerox.com 1

exible manufacturing 23 , the design of robotic systems

19, 26 , and self-assembly of structures 21 . However, the

use of multiagent systems for controlling smart matter is a challenging new application due to the very tight

coupling between the computational agents and their embedding in physical space. Speci�cally, in addition to

computational interactions between agents from the exchange of information, there are mechanical interactions

whose strength decreases with the physical distance between them.

In this paper we study the effect that different control organizations have on achieving stable behavior of an

intrinsically unstable dynamical system. This is a particularly challenging problem, for in the absence of controls,

the physics of an unstable system will rapidly drive it away from the desired con�guration. That is the case,

for example, of a structural beam whose load is large enough to cause it to buckle and break. In such cases,

weak control forces, if applied properly, can counter departures from the unstable con�guration while they are

still small. Successful control in this case not only leads to a virtual strengthening of the material but also to

rapid changes of the system into other desired con�gurations.

The paper is organized as follows. W e �rst introduce the unstable physical system that we attempt to control.

W e then describe a market system for trading power among actuators that can provide distributed control in the

face of local failures and limited information about the state of the system. Finally we analyze the performance

of several control organizations of this multiagent system and compare their power needs in order to achieve

a desired level of control. W e then show how a particularly novel structure, the multihierarchy, can achieve

desirable control levels while using less power than other organizations.

2. SYSTEM DESCRIPTION

The system we studied consists of n mass points connected to their neighbors by springs. In addition, a

destabilizing force proportional to the displacement acts on each mass point. This models the behavior of unstable

�xed points: the force is zero exactly at the �xed point, but acts to amplify any small deviations away from the

�xed point. This system can be construed as a linear approximation to the behavior of a variety of dynamical

systems near an unstable �xed point. In the absence of control, any small initial displacement away from the

�xed point grows rapidly.

The dynamical behavior of the chain is described by

1. the number of mass points: n

2. spring constants: k

3. a destabilizing force: f

4. a damping coef�cient: g and the elements have unit mass. W e assume that sensors and actuators are embedded in this system at various

locations. Associated with these devices are computational agents that use the sensor information to determine

appropriate actuator forces. The overall system dynamics can be viewed as a combination of the behavior at

the location of these agents and the behavior of the material between the agent locations. The dynamics for the

latter consists of high frequency oscillations that are not important for the overall stability 11 of the system. This

is because stability is primarily determined by the behavior of the lowest frequency modes. W e assume that

there are enough agents so that their typical spacing is much smaller than the wavelengths associated with these

lowest modes. Hence, to focus on the lower frequency dynamics it is suf�cient to characterize the system by

the displacements at the locations of the agents only. In this case, the high-frequency dynamics of the physical

substrate between agents does not signi�cantly affect overall stability. Instead, the substrate serves only to couple 2

the agents’ displacements. The resulting dynamics of the unstable chain is given by:d

x i

dt

=

v i

dv i

dt

=k

(x i�

1 � x i)

+ k(x i+1 � x i ) +f x i �g v i +H i

(1) where x i is the displacement of mass point i, v i is the corresponding velocity, and x0

= xn+1

=0 is the boundary

condition. The H i term in Eq. (1) is the additional control force produced by the actuator attached to mass point

i. W e assume that the magnitude of this control force is proportional to the powerP i used by the actuator and

we use a unit proportionality factor.

For this system, the control problem consists in determining how hard to push on the various mass points to

maintain them at an unstable �xed point. Solving this problem can involve various goals, such as maintaining

stability in spite of perturbations typically delivered by the system’s environment, using only weak control forces

so that the actuators are easy and cheap to fabricate, continuing to operate even with sensor noise and actuator

failures, and being able to program the system without requiring a detailed physical model.

3. USING MARKETS FOR DISTRIBUTED CONTROL

While in principle an omniscient central controller with a perfect system model and unlimited computational

capability could optimally control it, in practice such detailed knowledge of the system is seldom available.

This is especially true in the case of mass production of smart materials, where manufacturing tolerances and

occasional defects will cause the physical system to differ somewhat from its nominal speci�cation. Instead,

partial information about local changes in the variables is the only reliable source that can be used for controlling

smart matter. In particular, price mechanisms perform well compared to other feasible alternatives

5, 15

for a

variety of multiagent tasks. It is thus of interest to see how they perform in the new context of multiagent

control of smart matter.

Computational markets can successfully coordinate asynchronous operations in the face of imperfect knowl-

edge and changes in the environment

3, 13, 17, 22, 24, 25

. As in economics, the use of prices provides a exible

mechanism for allocating resources, with relatively low information requirements 9 : a single price summarizes

the current demand for each resource.

In the market control treated here, actuators, or the corresponding mass points to which they are attached,

are treated as consumers. The external power sources are the producers and as such are separate from consumers.

All consumers start with a speci�ed amount of money and all the pro�t that the producers get from selling power

to consumers is equally redistributed to the consumers. This funding policy implies that the total amount of

money in the system will stay constant.

In the spirit of a smart matter regime, where control computations are fast compared to the relevant mechanical

time scales, we assume a market mechanism that rapidly �nds the equilibrium point where overall supply and

demand are equal. This equilibrium determines the price and the amount of power traded. Each actuator gets the

amount of power that it offers to buy for the equilibrium price and uses this power to push the unstable chain.

Each consumer buys an amount of power, P i , that depends on its associated utility function,U i , which

re ects a trade-off between using power to act against a displacement and the loss of wealth involved. While

a variety of utility functions are possible, a particularly simple one for agent i, expressed in terms of the price 3

of the power, p, and the agent’s wealth,w i , is: U i = �1 2wipP

2 +bP

j

X i j (2) where X i = nX j

=1 a ij x j (3) is a linear combination of the displacements of all mass points that provides information about the chain’s state

and represents the underlying organizational structure of the control method. The parameter b determines the

relative importance to an agent of responding to displacements compared to conserving its wealth for future use.

All the actuators push so as to reduce the value of X i . W e also use an ideal competitive market in which

each consumer and producer acts as though its individual choice has no affect on the overall price, and agents

do not account for the redistribution of pro�ts via the funding policy. Thus the consumer’s demand function is

obtained by maximizing its utility function as a function of power, which yields P i (p) = bjX i j w i

p (4) This demand function causes the agent to demand more power when the displacement it tries to control is

large. It also re ects the trade-off involved in maintaining wealth: demand decreases both with increasing price

as well as when agents have little wealth. The overall demand function for the system is just the sum of these

individual demands, giving Pd e m a nd (p) = b

p n Xi=1 jX i jw i (5) As to the functional form of the supply function, each producer tries to maximize its pro�t� given by the

difference between its revenue from selling power and its production costC (P ): � = pP � C (P ). To provide a

constraint on the system to minimize the power use, we select a cost function for which the cost per unit of power,

C (P )=P , increases with the amount of power required. A simple example of such a cost function is given by

C (P ) = 1

2a P 2 (6) with the parameter a re ecting the relative importance of conserving power and maintaining stability. Similarly,

we obtain the producer’s supply function by maximizing its pro�t, which gives:

P (p) = ap (7)

For simplicity, we assume that all producers have the same cost, so that the overall supply function is Ps u pp l

y (p) =nap (8)

From this, we can obtain the price and amount of traded power as the point where the overall demand curve

intersects the overall supply curve. Speci�cally, the price at which power is traded is given by P demand (p) =

P supply

(p). For our choices of the utility and cost functions, this condition can be solved analytically to give pt r a d e =v

u ut

b

na n Xi=1 jX i jw i (9) Given this equilibrium price, agent i then gets an amount of power equal to P i (p trade

) according to Eq. (4). 4

The �nal aspect of the market dynamics is how wealth changes with time. Using a funding policy such that

all expenditures are returned equally to the agents in the system gives a dynamical equation of the form dw i

dt = �pP i (p) + 1

n pP demand (p) = �bjX i jw i + b

n n Xj =1 jX j jw j

(10)

This model establishes a particular multiagent control method. Its performance will depend on the or-

ganizational structure through the choice of the quantity that the agents respond to i.e., the combinations of

displacements of individual elements, X i . 4. MARKET ORGANIZATIONS

W e now determine the role that the underlying organizational structure of the market plays in the performance

of the control system. Interpreting the a ij ’s in Eq. (3) as a description of how important it is for agent i (actuator)

to get information from agent j (sensor) when deciding how much power to request, allows us to study different

organizations by changing the structure of this interaction matrix. In what follows we will focus on 4 different

organizational structures; (1) local, (2) global, (3) hierarchical and (4) multihierarchical 11 . These structures are

represented by interaction matrices shown in Fig. 1. In the case of a local structure every agent uses only his

own information, i.e., a ij =� ij which is 1 wheni =j and zero otherwise. A global structure allows all agents

to access all of the available sensor information. Thus the matrix elements, aij , for the global structure are

calculated by �tting the unstable modes to the chain’s state using the sensor data of all agents.

In the case of both a hierarchical and a multihierarchical structure, the control system is divided into a

number of levels, with ªmanagersº at each level responsible for communicating with subordinate agents below

and superior agents above. In terms of information ow, the managers can aggregate the states of lower level

agents and make this aggregate information available to agents in other parts of the system. In this way, each

agent has, in addition to its own state, some averaged information about the state of the system on larger scales.

Hierarchical organizations for control have been used in other contexts, such as controlling vibrations in a stable

system

8, 12 . The multihierarchy consists of a structure of interleaved hierarchies having the advantage of solving the

dif�culty associated with the hierarchy of occasional mismatches between the physical and organizational distances

between agents. In particular, agents near an organizational boundary of a high level part of the hierarchy require

many levels in the hierarchy to communicate with some of their immediate physical neighbors. This introduces

an inhomogeneity in the response of the hierarchical system in that some medium-scale perturbations can be

controlled entirely within a single part of the hierarchy while others, crossing these high level boundaries, require

additional levels of communication and aggregation of information.

W e now compare the performance of these structures in terms of overall used power, average displacement

and time to reduce the average displacement below a given value.

W e studieda

a chain composed of 27 mass points, all of them having unit mass and connected by springs

with a spring constant of value 1 and damping coef�cient 0.1. The destabilizing force coef�cient is 0.05, which

is suf�cient to make the system unstable when there is no control force. Speci�cally, this makes only the lowest

a We used a standard ordinary-differential-equation solver for integrating the equations of motion 20 .

mode of the system unstable. All agents start with an initial wealth of 50 money units. In the cost function of

Eq. (6) we use a = 0 :0 5. In order to compare the 4 structures in a fair way, we ran several simulations for

each organization and searched for the b value in Eq. (2) that results in successful control with the least amount

of power used. This results in using b = 3: 9 � 10 � 5 ; 3:1 � 10 �5 ; 5:0 � 10 �5 ; 3: 7 � 10 �5 for the local, global,

hierarchical and multihierarchical structures, respectively. This allows us to compare the performance of the

different structures in a fair way.

For de�niteness, we chose an initial condition where a single element in the middle of the chain had a

unit displacement and all other elements of the chain have no displacement. This initial condition includes a

contribution from all modes of the system, speci�cally including the lowest mode, which is unstable when there

is no control force. Since in this case there is a single unstable mode, the calculation of the a i j ’s for the global,

hierarchical and multihierarchical structure are only based on a �t of the �rst unstable mode. Fig. 1 shows the

interaction matrices corresponding to the different structures that we studied.

Fig. 1. Interaction matrices of four different organizations. For each organization’s plot, starting in the lower-left corner, columns

represent agent i and rows represents agent j, with i and j going from 1 to 27. The shade in each small square characterizes the interaction

between agent i and agent j at that position. Black represents a strong connection, and gray a weaker one. (a) corresponds to a local

structure where every agent listens only to itself and ignores all other agents in the system. The interaction with other agents is only

mediated by the springs that connect elements. (b) depicts the global case, whereas (c) and (d) correspond to a hierarchical and a

multihierarchical organization with 3 levels and a branching ratio of 3.

The performance of these organizations when confronted with reducing the initial value displacement is

shown in Fig. 2. As can be seen, the time evolution of the average displacement differs slightly for different

organizations.

Fig. 2. Average displacements of the unstable chain when using different organizational control structures. The solid, black curve

represents the local structure. The global structure is represented by the solid, gray curve and the dashed and the dotted curves present

the hierarchy and the multihierarchy, respectively.

On the other hand, since power is the good traded in the market one expects that the different organizational

structures will exhibit different behavior in their power usage in Fig. 3. As one could have assumed, the

global control uses less power than the local control whereas the hierarchical and multihierarchical structure lie

somewhere between in their power use. Notice that the global structure needs less power than the local one,

except for a small time at the beginning, and on average the multihierachy uses less power than the hierarchy.

Fig. 3. Time evolution of the power used by different control organizations. In a) we compare the power usage of a local (solid, black)

and a global (solid, gray) organization. In b) we compare the hierarchical (dashed) with the multihierarchical (dotted) organization.

Since the power usage curves have different functional forms, for purposes of comparison it is more

convenient to plot the overall power used to push the average displacement of the chain below a given threshold

value. This is shown in Fig. 4. The x-axis denotes the threshold value for the average displacement and the y-axis

corresponds to the overall power needed to reduce the average displacement below that value. As can be seen,

the global structure (solid, gray curve) performs best, although the multihierarchy (dotted curve) shows almost

7

the same performance. The local organization (solid, black curve) uses the most power whereas the hierarchical

structure (dashed) lies somewhere between.

Fig. 4. Overall power usage for the different organizational structures to reduce the average displacement below a given threshold that

is given by the value on the x-axis.

5. DISCUSSION

In this paper we presented a novel mechanism for controlling unstable dynamical systems that uses a

multiagent approach combined with a market mechanism for trading power among actuators. This allows for

distributed control of an unstable system in spite of limited information about its dynamical state. W e also

studied the effectiveness of different market organizations in achieving control, and we compared their relative

performance. While we noticed that the average excursions of the controlled system do not depend signi�cantly

on the control organization, the power usage does. In particular a global control organization uses the least

amount of power to control the unstable system while also being capable of reducing the average displacement

of the chain. This stems from the fact that the agents have access to global information while using a model that

describes the physical connections within the system. While the global approach is appropriate for small systems

with a well de�ned dynamical model, it becomes increasingly dif�cult to apply it to larger systems where the

available information about the system’s state might be limited.

This led to consider alternative organizations, such as a local control, and more interconnected ones, such

as hierarchies and multihierarchies. W e then showed that the use of hierarchical and multihierarchical structures

lead to a better performance than using a local structure, in terms of the amount of power needed for controlling

the unstable system is needed. Moreover a multihierarchy control organization uses less power than the simple

hierarchical structure. This is due to the position invariant response of a multihierarchy, which can therefore

control disturbances at appropriate scales. This difference may become even more signi�cant if each level of

managers introduces some delay in communicating the aggregate information.

An extension of this research that we are now pursuing consists in the use of a learning mechanism that

can improve the performance of the system by changing the market organization in time. This would allow the

system to dynamically �nd those structures most suited for particular situations and to change them as necessary.

Equally important, it could lead to the discovery of novel organizational structures that cannot be anticipated

from a priori analysis of systems that by their very nature are imperfect.

8

REFERENCES

[1] A. A. Berlin, H. Abelson, N. Cohen, L. Fogel, C. M. Ho, M. Horowitz, J. How, T. F. Knight, R. Newton,

and K. Pister. Distributed information systems for MEMS. Technical report, Information Systems and

Technology (ISA T) Study, 1995.

[2] Janusz Bryzek, Kurt Petersen, and W endell McCulley. Micromachines on the march. IEEE Spectrum,

pages 20{31, May 1994.

[3] Scott H. Clearwater, editor. Market-Based Control: A Paradigm for Distributed Resource Allocation.

W orld Scienti�c, Singapore, 1996.

[4] E. H. Durfee. Special section on distributed arti�cial intelligence. In IEEE Transactions on Systems, Man

and Cybernetics, volume 21. IEEE, 1991.

[5] Donald Ferguson, Y echiam Y emini, and Christos Nikolaou. Microeconomic algorithms for load balancing

in distributed computer systems. In International Conference on Distributed Computer Systems, pages

491{499. IEEE, 1988.

[6] K. J. Gabriel. Microelectromechanical systems (MEMS). A W orld Wide W eb Page with URL http://eto.sys-

plan.com/ETO/MEMS/index.html, 1996.

[7] Les Gasser and Michael N. Huhns, editors. Distributed Arti�cial Intelligence, volume 2. Morgan Kaufmann,

Menlo Park, CA, 1989.

[8] Steven R. Hall, Edward F. Crawley, Jonathan P. How, and Benjamin W ard. Hierarchic control architecture

for intelligent structures. J. of Guidance, Control, and Dynamics, 14(3):503{512, 1991.

[9] Friedrich A. Hayek. Competition as a discovery procedure. In New Studies in Philosophy, Politics,

Economics and the History of Ideas, pages 179{190. University of Chicago Press, Chicago, 1978.

[10] Tad Hogg and Bernardo A. Huberman. Controlling chaos in distributed systems. IEEE Trans. on Systems,

Man and Cybernetics, 21(6):1325{1332, November/December 1991.

[11] Tad Hogg and Bernardo A. Huberman. Controlling smart matter. Technical report, Xerox P ARC, 1996.

preprint http://xxx.lanl.gov/abs/cond-mat/9611024.

[12] Jonathan P. How and Steven R. Hall. Local control design methodologies for a hierarchic control

architecture. J. of Guidance, Control, and Dynamics, 15(3):654{663, 1992.

[13] Bernardo Huberman and Scott H. Clearwater. A multi-agent system for controlling building environments.

In V. Lesser, editor, Proc. of the 1st International Conference on Multiagent Systems (ICMAS95), pages

171{176, Menlo Park, CA, 1995. AAAI Press.

[14] Bernardo A. Huberman and Tad Hogg. The behavior of computational ecologies. In B. A. Huberman,

editor, The Ecology of Computation, pages 77{115. North-Holland, Amsterdam, 1988.

[15] James F. Kurose and Rahul Simha. A microeconomic approach to optimal resource allocation in distributed

computer systems. IEEE Transactions on Computers, 38(5):705{717, 1989.

[16] Victor Lesser, editor. Proc. of the 1st International Conference on Multiagent Systems (ICMAS95), Menlo

Park, CA, 1995. AAAI Press.

[17] T.W. Malone, R. E. Fikes, K. R. Grant, and M. T. Howard. Enterprise: A market-like task scheduler

for distributed computing environments. In B. A. Huberman, editor, The Ecology of Computation, pages

177{205. North-Holland, Amsterdam, 1988.

[18] Kai Nagel. Life times of simulated traf�c jams. Intl. J. of Modern Physics C, 5(4):567{580, 1994.

[19] A. C. Sanderson and G. Perry. Sensor-based robotic assembly systems: Research and applications in

electronic manufacturing. Proc. of IEEE, 71:856{871, 1983.

9

[20] L. F. Shampine and M. K. Gordon. Computer Solution of Ordinary Differential Equations: The Initial

V alue Problem. W. H. Freeman, San Francisco, 1975.

[21] Elisabeth Smela, Olle Inganas, and Ingemar Lundstrom. Controlled folding of micrometer-size structures.

Science, 268:1735{1738, 1995.

[22] I. E. Sutherland. A futures market in computer time. Communications of the ACM, 11(6):449{451, June

1968.

[23] David M. Upton. A exible structure for computer controlled manufacturing systems. Manufacturing

Review, 5(1):58{74, 1992.

[24] Carl A. W aldspurger, Tad Hogg, Bernardo A. Huberman, Jeffery O. Kephart, and W. Scott Stornetta.

Spawn: A distributed computational economy. IEEE Trans. on Software Engineering, 18(2):103{117,

February 1992.

[25] Michael P. W ellman. A market-oriented programming environment and its application to distributed

multicommodity ow problems. J. of Arti�cial Intelligence Research, 1:1{23, 1993.

[26] Brian C. Williams and P. Pandurang Nayak. Immobile robots. AI Magazine, 17(3):17{35, 1996.

10