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Absiract

Networks, such as the dectric grid, are operated by sets of agents that are heterogeneous,
local and distributed. (By " heterogeneous’ we mean that the agents can range from simple
devices, likerelays, to very intdligent entities, like committees of humans. By “loca and
distributed” we mean that each agent can sense only afew of the network’s state variables
and influence only afew of its control variables.)

We ae oncerned with two issues: the qudity and speed of decison-making by
heterogeneous, loca and dstributed agents. For quality, our standard of comparison is an
idedl, centrdlized agent, which senses the state of the entire network and makes globally
optimal decisions. (Of course, such a centrdized agent is impradica for large networks.
Even for today’s best hardware and software, the dedsion-making task is unmanagealy
large, let alone the red-time cntrols) For spead, our god is to dlow completely
asynchronous decisiorn-making, so that all the agents can work in paralld, eat a its own
speed, and in particular, the agents that need to make dedsions quickly can do so without
having to wait for the d ower agents.

Thus, thetwo questions of concern here are:

* Can heterogeneous, local and distributed agents arrive at decisons comparable in
quality to those of anideal, centralized agent?

* Canthese ggents arrive d these decisions by working asynchronoudy?

This dissrtation provides evidence (some anayticd, some empirical) for affirmative
answersto both questions.

For labor divison, we extend the rolling horizon approadh (mode predictive control) to
bre& up the overdl control task, leaving each agent with a series of much smaler and
localized, dtatic optimization problems, each approximating a part of the global task over a
time horizon.

For teamwork, we asemble the agents in collaborative nets or C-Nets (organizations of
agents devoid of supervison), whereby the aents communicate locdly, and use a
collaboration protocol to stee their efforts toward solutions to the overall task. To this end,
proximate exchange stands as a basic, yet powerful protocol that can be daborated (in a
number of ways) to best suit the needs: it can, in one instantiation, be shown to guarantee
convergenceto a solution to the overal task.

For andysis of the reseach questions, we put coll aborative nets to the test in small, but
prototypicd networks (arrays of pendulums) and standard eectric grids. Therein, in
simulated incidents, the loca and dstributed agents consistently arrive & good solutions,
thus, corroborating our beliefs.

For the assambly of C-Nets, we put together modes for maximizing the agents’ regions of
influence, whil e minimizing communication, and assesstheir merit empiricaly.
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Chapter 1

Infroduction

1.1 Motivation

Coallaboration and automatic leaning are becoming new dimensions in the asenal of problem-solving
techniques, especidly in dstributed control and gptimization [GMT96][ TCOQ]. Today, the interest in
collaboration [Gro96][Syc98] and learning [Mit97] during the design of solutionsis increasing and, not
infrequently, they are implemented in practice. This trend is not incidental, but rather a amnsequence of
the existing theories, dgorithms, and tools that have been developed by a great ded of reseach. There
exists, however, nead and @portunity to expand the use of collaboration and leaning in large,
geographicdly distributed networks. The neead originates from the difficulties of coping with the ever
changing contexts and the pressure from competitive markets. The opportunity lies in the potential of
improving performance, adaptability, robustness and therefore fulfilling the needs.

Impelled by the needs and gptimistic aout the opportunities, we have performed reseach onthe use of
collaboration in the operation d networks. The emphasis is on providing collaborative behavior
(collaboration protocols) to autonomous control agents so that they med the operating constraints and
improve the performance of the network. In these cntexts, the agents are geographicdly distributed
over the network, have apartia view of its state, and can only set the vaues of itsloca controls. It is
our belief that theimpact of collaboration will be more pronounced under these drcumstances.

1.2 Overview

Large and distributed networks contain hundreds, or even thousands, of devices that are continually
controlled to maintain the network under limits and maximize its performance. Traffic networks,
padket-switching systems, and the electric power grid are typicad instances whose adequate operations
are essntid to today’s life. Thelr satisfactory operation relies on the solution of dynamic control
problems (DCPs)—that is, problems whose variabl es represent the state of, and the control inputsto, the
network, whose constraints model its dynamics and operating requirements, and whose objective



functions measure performance. A standard solution technique to DCPs is mode predictive control—
also known as the rolling horizon approach. It formulates, ingtantiates, and solves a series of time-
overlapping, static optimization problems, <(P)>, where eat e ement (P) approximates the DCP over a
time horizon.

This dissertation develops a solution approach to the static optimization problem, (P), that bregks it up
into a set of small and locdized subproblems, {(P,)}, matches the agents to the subproblems, and then
engages the agents in solving { (P,)} (seeFigure 1.1 for an illustration of the solution approach). The
agents are autonomous, collaborative, and arranged in a collaborative network (collaborative net or C-
Net). By autonomous agent, we mean any entity that can make and implement dedsions without
supervision. By collaboration, we mean any process by which the agents work together (effectively
exchanging information and helping one ancther) so as to improve allective performance. By
collaborative net, we mean a flat organizaion (having only one layer and no supervison) wherein the
agents communicate locdly and run a allaboration protocol. By coll aboration protocol, we mean the

rules or schedule for the exchange of information among agents.

The reseach focuses on 1) the design of collaboration protocols that promote the solution d {(P,)}, 2)
the experimenta and anaytica analyses of the protocols, includng their attributes and appropriateness,
and 3) the demonstration that collaborative nets can be df edive in controlling networks.

1.2.1 A Framework for Specifying the Agents’ Tasks

A framework for specifying the static optimizaion poblem and bre&ing it up into smal subproblems
has been proposed in this work [TCOQ]. The framework formulates the agents tasks as optimizaion
problems, and introduces the concept of match between agents and subproblems. (The match is nea
when the ggent’s subproblem is strongly coupled only to those of its neighbors, and is weakly coupled,
if a all, to every other subprobem. Two agents are neighbars if they can communicate directly.) The
concepts of agent, collaboration protocol, and organization are more formally introduced and brought
together to define wllaborative nets. Being flat organizaions, C-Nets are potentidly fast, open, and
fault tolerant. These features are nat only desirable, but aso criticd if collaborative nets operate
networks that need a quick response to disturbances, that dynamicaly change their configuration, and
that shoud be robust to failures.
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Figure1.1: Anillustration d the solution gpproach to dynamic control problems.

Asynchronous teams [TBG+98] and flocks of birds [Rey87] are relatives of collaborative nets that are
found in artificid and netura domains, respectively. Asynchronous teams (A-Teams) consist of
organizations of memories (that acaumulate solutions to subproblems) and agents (that read e ements
from their input memories and generate sol utions for the output memories). A-Teams are the precursors
of C-Nets and, therefore, the bonds between them are not surprising—such as the smilar structure, the
emphasis on problem decomposition, and the potentia of pardle work. However, their gpplications are
dissmilar in the sense that C-Nets are being developed to solve on-line optimization and control
problems, whereas A-Teams have been solving hard, off-line optimization problems. With respect to the



biologica domain, C-Nets operate much like the way naturd organizations, such as flocks of birds, do.
In the latter organizations, the agents are auttonomous (there is no indication d centralized contral),
restricted both in their view of, and control over, the organization, and yet able to solve complex
problems.

1.2.2 Collaboration Protocols

Together with problem decomposition and agent-subproblem match, collaboration protocols form the
badbone of the suggested approach to solve dynamic control problems. What dternatives are there for
the design d protocols? To this end, ashort and initid taxonomy has been proposed. It compil es design
aternatives—that were foundto be rdlevant in the @urse of thiswork—in dimensions of a design space
for protocols. These dimensions comprise the following;

1) thetype of variable update (exclusive or shared),
2) thetype of iterative solution (with or without precedence @nstraints), and

3) thetype of subproblem augmentation (the means by which the subproblems can be modified to
a) lessen the side eff ects of asynchronous work—such as resource margins, and b) make up for
alad of globa view—such as the implant of mutua -help reflexes that encourage the agentsto
pursue the goals of their neighboring pees).

We have dso suggested protocols that fal into the ctegories of the taxonomy, studed their properties
and merits qualitatively, and, in some caes, analyzed their performances numericdly or andyticdly.
Two instances of protocols are 1) the voting protocol, whereby the agents collect the assessment of their
neighbors and implement the dedsion of the mgority, and 2) the proximate-exchange protocol,
whereby neighboring agents exchange data and iteratively revise their plans.

The proximate exchange is a basic and yet powerful protocol that can be daborated in a number of
ways. Besides the exchange of information, an agent may optimize the objective and constraints of its
neighbors (especidly, when these ae more disturbed o faceharder problems) and aso ddegate the
authority to set the values of its controls to its neighbors. For this protocol, sufficient condtions were
identified for the effort of the agents in solving { (P,)} to arrive & a solution to (P). Roughly speeking,
the onditions are;

1) the ollaborative net coversthe entire network,

2) (P) must bestrictly feasible,

3) (P) must be mnvex,

4) (P) must bedifferentiable,



5) the aents olve{(P,)} with interior-point methods,

6) the match between agents and subproblems must be exad, thet is, ead (P,) must be only
sensitive to the variablesthat agent-m senses directly or through its neighbors, and

7) the agents work serially within neighborhoods, that is, parald work is permitted only among
non-neighbors.

Although the condtions have andytica merit, they have little practicd potentid. Consider, for instance,
the conditions on exact match and serid work. Even if these cnditions could be met and afforded in
pradice, the response of the coll aborative nets could be excessvely dow. The purpose of the conditions
isto bring forth theissues that need be studied and resolved before wll aborative nets are deployed.

How could the sufficient conditions be relaxed and the llaborative nets still find good solutions to
(P)? We demonrstrate experimentally that the @ove cnditions are not necessary. In prototypica
networks, the agents arrived at a solution to (P) even though the conditions had been ignored. If the
conditions were dso necessary, convergence woud have not been observed. This fact shoud not be
surprising because, not infrequently, sufficient conditions are nservetive (acmunting for the worst-

case outcome) and thereby need ot be necessary.

A specific issue is the feasibility of (P) when the agents solve {(P,)} asynchronoudly. Itsdlf, the issue
constitutes a relevant and hard research question whose answer depends on the overall problem (P), its
decompoasition into {(P,)}, and how agents solve subproblems. This reseach looks into the tightening
of the onstraintsin { (P,)} with resourcemargins so as to uphdd the feasibility of (P), when the agents

begin with afeas ble solution and work asynchronoudly.

Along these lines, we have formulated an optimization-based procedure that checks whether or not, a
given set of resource margins is sufficient for feasibility. The procedure' s nature indicates, however,
that it is effedive ony when (P) is convex. Also, we have found conditions that are sufficient, and
necessary, to retain the feasibility of a dass of constraints—namely, those that define dlipsoids without
rotations, that is, balsthat are scaled along the axes and displaced from the origin. For the genera case,
thiswork off ers rules for computing adequate resource margins that, in essence, suggest the following:

1) the gproximation of equality constraints with inequalities,
2) the gproximation of the feasible region with convex sets, if possible,
3) thebounding of the variables, and

4) aniterative procedure that simulates the asynchronous work, or checks the sufficient conditions,
to identify adequate resource margins.



By themselves, the resource margins do not promote wnvergenceto solutions of good quality, but only
sustain feashility. The abilities of the agents and the cllaboration protocols play important roles in
adhieving satisfactory quality. If the proximate exchange of information is na satisfactory, then 1)
provide e&h agent with a means to estimate the actions that its neighbors can take to, and the extent to
which these ations, improve its performance (improve the ability of the agents), and 2) introduce

mutual-help behavior (improvethe protocol).

1.2.3 Experiments and Applications

Coallaborative nets gan a wide range of applications, extending from dynamic networks (where the
location of the dementsis time-dependent such as in mobil e robats) to static ones (where the locéions
are physically fixed such asin powver networks). Prototypicd instances gand a the left extreme of the
range, including the dynamic network of aflock of artificid birds, and the static network of a forest of
pendulums. Typicd instances of real-world networks stand at the right extreme, comprising teams of
robots and the power grid. Along this range, the dynamics vary from linea to highly nonlinear, the
complexity of the mntrol problems increases, and the use of traditional control techniques beammes
more chalenging. In the cming chapters, we demonstrate the potentia of collaborative nets in forests

of pendulums and e ectric-power networks.
Experiments in Forests of Pendulums

Forests of pendulums are arangements of frictionless pendulums, linea springs, and control devices
that influence motion. Typicdly, the pendulums are distributed over a uniform grid and fully connected
by springs. Under norma operation, the pendulums swing uniformly at the same frequency. The DCPs
arise from disturbances—arbitrary changes on the position, and speed, of the pendulums—to restore the
synchronous operation quickly and cheaply. These forests are prototypicd in the sense that their
nonlinear dynamics, and asciated control problems, are like those encourtered in power networks. In
the forthcoming experiments, we demonstrate that the sufficient conditions are not necessary for
convergence, and contrast the performances of C-Nets with those of traditional control techniques and

those of an ided, centralized agent.

First, we conduct experiments to verify the non-neaessity of the wnditions. Specificdly, we follow the
steps below in a number of fully connected forests:

1) bre& up (P) into aset of subproblems, {(P,)}, containing one element for each pendulum,
2) equip each penduum with an agent that senses its date and governsits controls,



3) set up communicaion links between physically adjacent agents, and embed the asynchronous
proximate-exchange protocol into them, to form C-Nets,

4) compute resource marginsto inhibit violations of the congraints, and

5) disturb the pendulums a random, smulate the operation of the coll aborative net, and record the
trgedory of the pendulums.

In @l instances, the solution of {(P,)} has consistently converged to a solution to (P), despite the
noncompliance with the conditions on seria work, convexity of (P), interior-point method, and exact

agent-subproblem match.

Second, the performances of the C-Nets were contrasted against those of an omniscient agent, C,, which
can sense ad control the entire network, that is, an agent that solves (P). In the experiments, the
performance of eat C-Net approached that of C,. The good qudity of the C-Net solution is duein part
to the aldition of mutual-help behavior to the protocol. More specifically, the least troubled agents are
compell ed to tighten their resource margins, dlowing the most troubled ones to use more resources. In
other words, the agents augment their subprolems to make up for the changing context.

Third, centraized controllers were synthesized with noninea-feedbadk techniques (traditiond control)
and their performances compared with the ones achieved by the C-Nets. The experiments indicae that
the collaborative nets attain comparable performances—inferior in some incidents but superior in the
others.

Experiments in Power Networks

The preceding results indcae that the suggested approach hes potentid to solve dynamic control
problems in red-world networks. To further investigate this potentid, we ran experiments in
representative power networks, wherein the control task is to restore (after mgjor disturbances) the
synchronous mode of the generators. Like in forests of pendulums, the performances of the C-Nets were

not far from those of ided, centrdi zed agents.

In the experimental set-up, the networks consisted of |EEE test-grids, turbine-speed governors (that
regulate mechanical-power input) and flexible AC transmission devices (that, unlike the on-and-off

cgpability of rdays, dlow continuous and fast control of network parameters sich as lineimpedance).

In the event of a major disturbance (such as a power surge or lightning strike), the generators undergo
oscillations and, very often, recover synchronizaion, settling dowvn a an acceptable operating point.
Sometimes, however, the disturbance triggers a sequence of failures that cascade outwards from the



originating site, forcing the shutdown of generators and leaving wide aeas without supply. In this
scenario, the DCP—the so-cdled transient stability problem—congists in adjusting the onHline control
devices, and implementing preventive measures, to sustain synchronization. The experimenta set-up
comprises the solution of transent stability problems, which arise from incidents in two representative

power grids.
1.2.4 Matching Agents to Subproblems

What variables should the agents sense and control ? What should the neighborhoods be like? Answers
to these questions define the proximate variables (those whose values are sensed or set by the agents),
the neighborhood variables (those whose vaues are obtained from the neighbors), and the remote
variables (dl the other variables). Therefore, they specify the match between agents and subproblems,
which plays an important role in the dfectiveness of collaborative nets. The match between agent-m
and (P,) isnea if (P,) is wedkly senstive to the remote variables or, equivaently, if (P,) is strongly
coupled only to those of the agent-m’s neighbors. In an attempt to answer the &ove questions, we have
proposed two modds for matching, studied their computationd hardness suggested agorithms, and

caried aut experiments.

In these modds, the dements of the network are divided into agents (the control devices) and system
components (the cntrolled devices). The models assume that the foll owing data are given:

1) thevariables governed by the agents,

2) the estimates of the effedsthat their actions have on the components,

3) the mdgsto establish communication from agents to components and between agents, and
4) thelimitations onthe communicaions.

Then, the matching boil s down to picking the ammmunication links that maximizethe overal perception
of effects and, a the same time, that minimizethe tota cost of communication. The problem beongsto
the class of multi-objective problems, since it optimizes two conflicting djjectives—an increase in
effed-perception can incur communication costs. This implies that the problem admits a set of
nondominated solutions, the so-cdled Pareto set, which captures the trade-offs between perception and
cost. The computation of the Pareto set congtitutes an important step in matching agents to subproblems,
especidly because dominated solutions are inferior and potentially exponential in number.

The first modd maximizes the total effect that the agents perceve directly, not ac@munting for the
effeds that they perceive through the neighbors. The mode is basic and among the smplest. For this



model, however, a representative subset of the Pareto set can be computed efficiently by solving a

polynomia number (onthe size of the output) of minimum-cost network-flow problems.

The second modd extends the first one to aacount for the indired perception of effects. Unfortunately,
the model was shown to be omputationally hard. This ould not be surprising since the most generd
and interesting problems are hard, nor shoud it be discouraging since heuristics and ather problem-

solving techniques can find nea-optimal solutions. Indeed, this constitutes an goportunity for research.

The second modd was put to the test. In forest of pendulums, arepresentative subset of the Pareto set of
agent-subproblem matches was computed, and the corresponding coll aborative nets were instantiated
and then deployed to restore the synchronous operation of the penduums. The experiments indicate that

the resulting collaborative nets also be ong to the set of nondominated C-Nets in performance space.

1.3 Outline

Chapter 2 introduces the basic concepts of this dissertation. It suggests an gpproacd to the solution of
dynamic control problems, describes a framework for specifying the agents' tasks, and povides
definitions for agent, organizaion, and collaborative net. Further, it identifies atributes of C-Nets that

arefoundin artificial and naturd organizations, such as asynchronous teams and flocks of birds.

Chapter 3 focuses on collaboration protocols. It begins by enumerating the &tributes of protocols that
were found to be rdlevant in the course of this research. It then presents an initid taxonomy that
includes the voting protocol, the basic proximate-exchange protocol, and variants of the latter. The
materia therein provides quditative and andytica analyses of protocols, especidly the proximate

exchange for which sufficient conditions for convergence were found.

Chapter 4 addresses the use of resource margins to reduce constraint violation under asynchronous
work. It formaizes the implementation d resource margins, presents an optimization-based test to
ched if they are sufficient to ensure feasibility, and states sufficient and neaessary conditions to sustain
the feasibility of dlipsoid-like @nstraints. Findly, it suggests rules for computing resource margins.

Chapter 5 demongtrates experimentaly that the sufficient conditions are not necessary for convergence.
It suggests forests of pendulums as prototypica networks, sets up and runs experimentsin a number of
scenarios, and reports the results. The collaborative nets consistently reached solutions to (P) whaose

qualities approached not only those of atraditional control technique, but aso the ones of an ided agent.



Chapter 6 employs the suggested approach to solve transient stability problems in representative power
networks. The networks consist of IEEE test-grids, turbine-speed governors, and solid-state @ntrol
devices. The resultsindicate that the @ll aborative nets are dfedive in these highly complex scenarios;

specificaly, they restored the synchronous operation of generators after mgor disturbances.

Chapter 7 tackles the problem of matching agents to subproblems. It studies matching modds that
maximize the ayents' perception d the dfects of ther adions on the controlled components, while
minimizing the total cost of communication. Therein, the computational difficulty of the associated
problemsis asessed andlyticdly, and their efficacy isverified in forest of pendulums.
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Chapter 2

Collaborative Nets

This chapter congtitutes the foundations of the dissertation. It introduces the terminology, presents the
framework for solving dynamic control problems, DCPs, and defines collaborative nets together with
their underlying concepts.

The chapter begins with a review of DCPs that covers ingances from traffic networks and the power
grid. It then presents the rolling horizon approach, that is, the formulation and posterior solution d a
series of time-overlapping, static optimization problems, <(P)>, which gpproximate the DCP over a
time horizon. The subsequent materia suggests the bre&kup o (P) into a set of small subproblems,
{(P)}, and their solution by a allaborative net—aflat organization of autonomous agents. The dapter
also eaborates on the @ncept of agent, organization, and collaboration protocol so as to define
collaborative nets. Therein, it identifies smilarities between collaborative nets and their reatives in
artificid and natural domains, namely, asynchronous teams and flocks of birds. The remainder of the
chapter proposes a graphica representation for C-Nets and provides illustrations. We remark that a
substantia part of the text was taken from Talukdar et al. [TCOQ][TCZ00Q], especidly therolling haizon

formulaion and the problem decomposition.

2.1 Networks and Dynamic Control Problems

When is the operation of a network satisfactory? It is stisfactory when potentidly multiple (and dten
conflicting) gods are adieved, and several operaing constraints are met. Typicd gods are high
performance, low operation cost, and adequate robustness. Constraints consist of technicd limitations,
regulations, and safety measures. Two standard approaches for operating networks are:

1) the combination d the @nflicting goals into a snge objective that cgptures the desired trade-
offs, and

2) thedeegation of the gods and congtraints to severa independent entities.

In ether approad, we are left with the design and solution of single objective, dynamic control
problems—that is, problems whose variables modd the state of, and control inputs to, the network,
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whaose constraints express its operating requirements and smulate its dynamics, and whose objective
functions measure the quality of the solutions. In short, the designis the translation of the specifications
into a DCP and, invariably, cdls for expertise and specific knowledge of the physica network. Single
objective DCPs can be expressed as follows:

(DCP) Minimize f(x,dx/dt,u,t)
Subed to:
H(x,dx/dt,u,t) =0
G(x,dx/dt,u,t) <0,
where f is the objective function, H is the set of equations that simulate the dynamics of the network,

and G is the set of operating constraints.

This dissertation is not about the design d DCPs, but rather devoted to their solution and, henceforth,
refers to DCP as a single ohjedive, dynamic control problem. Beow, we look into two red-world
networks, the DCPsthat are encountered therein, and the status quo of thein-place solutions.

2.1.1 Traffic Networks

The sdatisfadory operation of traffic networks lies in setting traffic-signal switching schedules that
maximize throughput and drivers satisfadion, while ensuring safety and enforcing the network’s
limitations. Ingtances of the dynamic cortrol problem combine these goals into a performance giterion,
and implement operating constraints that capture the limits on traffic flow, enforce feasible signa

switching, and guarantee mmpli ance with the traffic regulations.

As of today, the standard solution to the above DCPs is an dff-line centralized procedure: the road
network, the stochastic and time-varying route patterns, and the operating constraints are fed into an
optimizer to compute (traffic-sgnd switching) schedules that maximize the performance criterion
[CheQ8]. The in-place solution is inflexible in the sense that it prevents rapid adaptation and
circumvention of contingencies. These inflexibilities have been recognized by field scientists who have
deployed autonomous, distributed agents to contral traffic sgnds in experimenta networks [MF80].
Unfortunately, the results have been unsatisfactory. In these experiments, however, the ayents do not
communicate with others in their geographic vicinity. We bdieve that collaboration and leaning are
promising dternatives to boost collective performance and, ultimately, promote satisfactory operation of
traffic networks.
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2.1.2 Power Networks

The god's and constraints in operating the power grid are dissmilar and drawn from various caegories
such as cogts, regulations, and safety [TCOQ]. Rather than combining them in a single dynamic control
problem, they have been delegated to different organizaions. Therefore, severa DCPs are solved in
parald, and a different speeds, by various organizations that handle a subset of the gods and
constraints. Examples of organizations are:

* TheProtection System: the goa isto maintain the equipment under their operation limits. The
dynamic control problem lies in switching the protection devices, such as relays, to prevent
equi pment damage.

* The Generator Control System: the dynamic control problem is to find a power-generation
schedule that meds the dynamicaly changng demand a minimum production cogt.

* The Security System: the objective is to anticipate @rtingencies, make plans to handle them,
and pevent cascading falures. The plans might prescribe the use of spinning reserve in
anticipation of immediate need of power, and reduce the power transfer of the transmisson

lines to prevent severe disturbancesin case of ther disruption.

2.2 The Rolling Horizon Formulation

We ae given aphysicd network, ©, its current state, and a dynamic control problem that specifies the
gods and condraints in operating ©. How can the DCP be solved? The “rolling haizon approach”
[MP93] approximates the DCP with a static optimization problem (where timeis nat present), and uses
an optimizaion procedure to cdculate the control actions to be taken at a set of discrete pantsin time
cdled horizon: [t t,,...t ], where t, is the present time and N is the number of intervals. (The discrete
points in time ae not necessarily equidistant; they can be chosen so that the interva between them

bewmes longer towards the end of the horizon.)

The disadvantages of relying onasingle gpproximation d the DCP to cd culate the red-time wntrols of
© aretwofold. First, the alculations are “open loop” (they use modd-based predictions of future states,
and these predictions become less accurate, the further one goes into the future). Second, the
approximation istypicdly too large (it has N-times as many variables asthe DCP).

13



The first disadvantage is overcome with the introduction o feedback by periodicaly “rolling the
horizon forwards,” that is, by recdculating the static goproximation for a series of overlapping time-
intervals. (Only the controls of the first interval obtained by solving the static goproximation are
implemented; after a short time has elapsed, a new Satic approximation is formulated, initialized with

current state measurements and solved to oliain anew control plan; the processis then repeated.)

The second dsadvantage (the unmanageably large size of the static goproximations) can be dleviated
by breaking the approximation down to aset of small, locd gpproximations. Thisis the stage where this
dissertation begins. It addresses the means to solve the set of gpproximations, by enumerating solution

alternatives and providing an account of their limitations.

Therolling haizon approad is dso cdled “modd predictive mntrol” [Mos95][Raw99], because of the
predictive nature and the use of a behavioral model for ©. As described in [GPM89], modd predictive
control (MPC) has been widdly used in the processindustry for its considerable advantages: the aility
to handle mndtraints in a systematic way, the cpability of operating without intervention for long

periods, and the ease of adaptation to new contexts.

The stepsin arolling horizon agorithm are:

1) Choose atime horizon: [t t,,...1 ], wheret, isthe present time andt, is the length of the horizon
(t, may befinite or infinite).

2) Ingantiate the static optimization problem, (P), whose objective and congraints reflect the
specifications on how the network ©® must behave. The decision variables are the @ntrol
adionsto be taken at each discrete point of the time horizon.

3) Solve (P) to obtain the values of the mntrol actions.

4) Implement thefirst of these ontrol actions, that is, the ation for the present time, t,.

5) Pause (dlowing the horizon to roll forward, i.e., dlowing t, to increase) and repeat from step 1

Thus, arolling horizon algorithm reduces a dynamic control problem to a series of time-overlapping,
static optimization problems. The goproach is adaptive in the sense that the @ntrol plans are revised
every time problem (P) is instantiated. Take, for instance, the predicted state and planned control action
for time t, as cdculated at time t;, x(t,|t) and u(t,|t)), and the atua state and control adion at time t,
X(tt) and u(t|t). The discrepancies between the model and the network trandate into differences
between x(t,ft) and x(t,[t). They can, however, be compensated by revising the cntrol plans, from
u(tJt) to u(t,t,), at timet,.
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The above comments suggest that a quick revision of the control plans (in the rolling horizon approach)
can make up for the inaccuracies of the mode of ©. Stochastic models are other, and perhaps more
powerful, ways of handling inaccuracies. They represent the network state as stochastic variables and
express the dynamics (and congtraints) in terms of probability distributions. If so chosen, the rolling
horizon approach solves a series of stochastic optimization problems [KW94][Had64, §4] in paceof the

deterministic ones.

The work reported heredter addresses only deterministic modds for the sake of simplicity. This does
not seem to impose limitations to the forthcoming framework becaise stochastic optimization problems
can often be recast as, or approximated by, deterministic ones [Beasley]. The solution d the resulting
problems is, however, potentialy hard due to the possible introduction d integer variables and the
substantia increase in the problem’s size. To this end, the continuation of this dissertation will extend
the framework to stochastic problems, especidly those whose parameters are random variables and

whose @nstraints should be met with a given probability.
2.2.1 The Static Optimization Problem

Consider the network © over atime horizon: [t t,,...1]. Let:
* X(t)and u(t) be vedors of the state and control variables of © at timet,

o H(x(t,).x()u(t)) =0 be aset of difference equations that model the dynamics of G,

)

o X=[X(t)X(),...x(t)] be aset of state vectors over the horizon,

o U=[X(t)x(),...x(t,)] be aset of control vectors over the horizon,

* f(X,U) be ascadar function representing the objective in operating © over the horizon, and

*  G(X,U) <0 be aset of inequdities representing the operating constraints of the network over
the horizon.

A general form of the rolling horizon optimization problem isthe following: given the arrent state of
the network, x(t), find U so asto:

(P) Minimize f(X,U)
Subed to:
H(X,U)=0
G(X,U)<O0.
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2.3 Decomposing the Static Optimization Problem

Herein, the focus is on the decomposition of the static optimization problem, (P), into a set of small and
localized subproblems, {(P,)}, and the assgnment of the subproblems to the agents of a wllaborative
net. The material addresses this decomposition, the solution of { (P,)} by the C-Net, and its relationship

with the solutions to (P).

Consder aset of M agentsthat are distributed over the physica network ©. The agents are limited both
in their perception of, and authority over, the network ©. More precisdly, they sense only a subset of the
state variables of ©, and can set the values of only afew of its control variables. To form a wll aborative
net, we establish communication links between these agents, match each agent to an eement of {(P,)},
and embed a ollaboration grotocol into the agents. Two agents are neighbors if they can communicate
directly, that is, if they are mnnected by a link. By means of this decomposition, the cllaborative net

cansolve{(P,)} in daceof (P).

From each agent’ s view-point, the state and control variables of © can be dustered into three groups:
1) Proximate Variables: the variablesthat the ayent can sense or set.

2) Neghborhood Variables: the variables that its neighbors can sense or set, that is, the
proximate variables of its neighbors.

3) Remote Variables: al the other variables—those that neither the agent nor its neighbors can

sense or set.

The match between agent-m and its subproblem is exact when (P,) contains only agent-m’s proximate
and reighborhood variables, and near when (P,) is weakly sensitive to agent-m’s remote variables. A
match can, however, dways be made exact by expanding agent-m'’s neighborhood to cover its remote

variables.

Although large networks, such as the power grid and traffic networks, can contain a sizedle number of
constraints, they are typicaly locd and sparse. We say that a congtraint is arse if it is expressd in
terms of a few variables, and locd if the variables come from a small geographic aea In the power
grid, for instance, the flow limits on transmission lines are sparse and usualy local—they depend only
on the voltage magnitude and phese angle a the extremes of the transmisson lines. In traffic networks,
the ar-flow limits on a stred segment are functions of the speal limits and the traffic signal settings at
theintersections.
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The sparse, and typicdly locd, nature of the constraints in (P) suggests that the match between agents
and subproblems can be made nea with small neighborhoods. We use the terminology below to more
formally state the decomposition. Let:

* X (t) bethe components of x(t ) that agent-m can sense,

* U (t) bethe cmponents of u(t ) that agent-m must caculate and set,

o X =[x (t).X (t),...x (t)] bethe set of values of x (t ) over the horizon,

U =[u(t)u/t)...ut)] betheset of vauesof u (t) over the horizon,

* Y =[X,U_ |kisaneighbor of agent-m] be ayent-m’s neighborhood variables over the horizon,
» Z bethe set of agent-m’s remote variables over the horizon,

« f betheobjectivefunctionf, or a suitable approximation,

* G, bethesubset of G that contains adl elementsthat depend onagent-m'’ s proximate variables,

« H_bethesubset of H that contains al elementsthat depend onagent-m’ s proximate variables.

The aove terminology is used to formulate eabt element of {(P,)} as an optimization problem. Given
X (t,) and x (t ), for each neighbor k of agent-m, the subproblem (P,) consistsin finding U_ so asto:

(P,) Minimizef (X ,U_Y .Z )
Subed to:

Hm(Xm’Um’Ym’Zn‘) = O

G (X,U,Y ,Z)<O.

The purpose of the decompositionisto solve {(P,)} by a wllaborative net, rather than by asingle agent
that senses the entire network and sets the values of dl its controls (a centrdized controller). In the
collaborative net, the agents are autonomous (they are not supervised), and may work asynchronoudy
andinpardld.

When dosolutions to {(P,)} result into solutions to (P)? What pendty do we incur by solving { (P,)}
instead of (P)? Answers to these questions are, of course, dependent on (P), its decomposition in { (P,)},
and the collaboration protocol that the agents use to solve their subproblems. The work reported in this
dissertation addresses these questions experimentaly and, in some caes, anayticdly. The next chapter,
for instance, sets down conditions for the solution of {(P,)} to read asolutionto (P).

A relevant issue concerns the equivaence between (P) and { (P, )}, that is, the conditions under which a
trial solution (X,U) solves both (P) and {(P,)}. A set of sufficient conditions for the eguivaence
between the solutionsto { (P,)} and (P) will be given in amoment. (The cnditions do not, however, say

17



anything about the process for obtaining these solutions by solving { (P,)} with anetwork of agents that
work asynchronously and in pardld. Much of this process is embedded in the collaboration protocols,
which constitute the topic of the next chapter.)

Theorem 2.1. If:

1) The collaborative net covers the entire physical network © and has authority over dl its control
varigbles O, . {x (t)} =x(t), and O, . {u ()} =u(t).

2) The aggregation of the objective function of al subproblemsisidentical to the overal objective
function: 3 . {f}="f

Then (X ,U") isasmultaneous solution to the set of subproblems, {(P_)}, if and only if, (X,U) is a
solution to the overal problem (P).

Proof. Since .. {f.} =f, and since condition (1) ensures that every constraint (in G and H) appears
in a least one eement of {(P )}, it follows that {(P,)} is merely a restatement of (P) with some
redundancy. (Some constraints of (P) may be present in more than one element of {(P,)}.) Therefore,
every smultaneous solutionto { (P, )} isasolution to (P), and vice-versa. m

2.4 Collaborative Nets

2.4.1 Terminology

The following terms appea in the definition of coll aborative nets:

e Agent: any entity cgpable of making and implementing decisons. Agents can be “intelligent,”
“inaccurate,” and dow such as human beings. They can adso be “non-inteligent,” “highly
acarate,” and fast such as switching devices in communication networks. Thus, the definition
encompasses alarge spectrum of agentsthat are found in natura and artificia systems.

e Organization: any network of agents and communicaion links. The rationale for this
definition rests on the basic dements that are usudly, if not dways, present in aternative
definitions of organizations [PCG98]. These dements are g the members of the organization
(the agents), andthe structural rel ations among them (the @mmunication links).

* Flat Organization: any organization whose members are not supervised. More precisdy, the
communication links do not enforce command and the ayents are autonamous (they make and
implement the decisions at their own pacg). The agents use the links to exchange information,
collaborate, and help ane another to accomplish their goals.
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» Collaboration Protocol: a set of rules that dictate the interaction between neighboring agents
(collaborators), that is, those that are joined by a communication link. The rules st down the
data exchanged by the agents, the way they communicate, and the use of the data in solving

their subproblems.

2.4.2 Definition

A collaborative net is a flat organization of dissimilar agents, such as computer programs and human
beings, whose purpose is to solve on-line optimization and control problems. To acaomplish this task,
the agents solve aset of subproblems, { (P )}, exchange information, and help one ancther as dictated by

the llaboration protocol.

Being flat organizations, coll aborative nets have the potentia to be fast, open and fault tolerant. These
are desred properties, espedaly in large and distributed networks that dynamicdly change their
structure, need a quick response to disturbances, and should be robust to failure of the underlying

components.

2.5 Related Domains

Collaborétive nets can be thought of as, and were inspired by, asynchronous teams (A-Teams). The
purpose of C-Nets is to solve on-line optimization (and control) problems, rather than the off-line
optimization problems that are routinely solved by A-Teams. In essence, the target problem isthe main
distinction between C-Nets and A-Teams.

In the materid beow, we briefly review asynchronous teams, list some of their applications, and
identify paralels with coll aborative nets. We dso ook into natura organizations that perform tasks in
the same way that coll aborative nets do, namely schools of fish and flocks of birds.

2.5.1 Asynchronous Teams

Talukdar et d. [TBG+98] define an asynchronous team as “a set of autonomous agents and a set of
memories, interconneded to form a strongy cydlic network, that is, a network in which every agent, or
almost every agent, isin aclosed loop.”

The memories accumulate solutions to related problems, such as relaxations, and partial or candidate
solutions of an dff-line optimizaion problem. The agents are of two types: construction or destruction.
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A construction agent reads a solution from its input memory, runs an operator on the input object, and
writes the resulting solution in to its output memory. The destruction agents remove solutions from the
memories and, therefore, keep the size of the memories under limits. The components that charaderize
agents are 1) the input memory, 2) the output memory, 3) the operator, and 4) the cntrol engine. The
operator transforms objects from the input memory into items of the output memory. The control engine
deddes which dbject the agent shoud work on (sdedion), and when it should execute this task
(scheduling). Agents are autonomous, that is, they are equipped with control engines, and work
asynchronoudy and in pardlel. The dility of a amnstruction agent is mostly concentrated on its operator
component, whereas that of a destruction agent is fully concentrated on its control engine (its operator
component is empty).

Structurally, A-Teams are represented by hypergraphs whose nodes modd memories, and whose acs
model agents. Figure 2.1 illustrates one of the A-Teams that were designed by de Souza[dS93] to solve
the traveling sdesman problem (TSP). A-Teams were shown to be effective a solving various off-line
optimization problems. Especidly, the problems for which there ae various inadequate dgorithms, but
there does not exist an adequate dgorithm—one that finds an acceptable solution in the avall dle time.
Applications of A-Teams include spatial layout [Sac98], train scheduling [Tse95], control of eedric
networks [Ram94], and traveling salesman problems [dS93]. In dl these applications, the results
showed that the A-Teans found better solutions, and aso quicker, than any of its congtituent agents.

A-Teams encompass other optimization techniques, such as genetic dgorithms (GA) and simulated
anneding (SA) [dS93, pp.19-25][TBG+98]. A-Teams are population-based and form cydlic networks
like genetic dgorithms. However, GAs enforce synchronization to evolve the population from one
generation to the next, and are often limited to a single memory of candidate solutions. A-Teams and
simulated anneding dlow iterative work, that is, the continuous improvement and modification of the
current solution. Nevertheless, SA is a locd search procedure that works on a single solution, rather
than ona population.
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LK OR CLK
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D, Complete Tours
Dec
Al
D Partial
2 Tours

Figure 2.1: The structurd representation d an A-Team designed to solve the traveling sadesman
problem. The A-Team is made up d two memories (rectanges) and various agents (arcs). Agents read
objects from the memory a ther tails, and write the results in to the memories at their heads. One
memory acamulates compl ete solutions (permutations of the cities to be visited by the salesman), and
the other accumulates partid tours (partid permutations of the dties). The agents LK and CLK are
versons of the Lin-Kernighan algorithm. OR is the OR-Opt agorithm. Dec aeates a partial tour by
picking orly the edges that are present in two complete tours. Al is the arbitrary insertion agorithm. D,
and D, are the destruction agents that keep the size of the memories under limits.

2.5.1.1 Similarities between A-Teams and C-Nets

Asynchronous teams have inspired the conception of collaborative nets. Therefore, the paralds
between them, as will be seen in amoment, are not incidental.

1) Problem Decomposition

The demmpostion of an optimization problem into a set of related subproblems (such as
relaxations and pertial solutions), and the subsequent design d agorithms that transform solutions
to a subproblem into anather’s, have invariably improved the df ectiveness of asynchronous teams.
Problem demmpaosition dso plays an important role in collaborative nets. However, the
decomposition is more critica because the static optimizaion problem, (P), must be broken up into
a set of small and locdized subproblems—it is nat a matter of choice, but mandatory. The problem
decmposition and the match (between agents and subproblems) can gredly affect the overdl
performances of C-Nets, in the same way that the number and dversity of reated subproblems and

algorithms improve solution quality, and often convergence speed, of A-Teams.
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2) Structure

Like asynchronous teans, collaborative nets can be viewed as networks of agents and memories.
More precisaly, we can instantiate an A-Team to function like aC-Net as foll ows:

a) let the memories of the A-Team store the vaues of state variables, control variables, and
the information exchanged by the agents,

b) let the input memories of ead agent-m (in the A-Tean) match the proximate and
neighborhood variables of its subproblem (P,), and

c) let the output memory of each agent-m metch its proximate variablesin (P,).

3) Autonomous Agentsand Paralld Work

The agents of A-Teams are autonomous, asynchronous and work in peralld. These features make
A-Teams dtractive to bring together dissmilar agents and solve large optimization problems. What
can be said about the agents of C-Nets? The agents are dso autonomous; however, the extent of
asynchronous and parallel work depends upon the cllaboration protocol.

One the one hand, a protocol may alow asynchronous and paralle work, but off er no guaranteethat
the solution to {(P,)} approaches a solution to (P). On the other hand, another protocol may force
the agents work seridly, alow partial paralleism, and povide guarantees, but be excessively dow
for practicd use. Inevitably, the selection of one protocol to another incurs trade-offs that depend on
(P), itsbresup into { (P, )}, and the agent-subproblem match.

2.5.2 Natural Organizations

Schools of fish and flocks of birds are natura, leaderless organizations that operate much like the way
collaborative nets do. The aents of these organizations are autonomous (there is no indication of
centralized control), restricted bath in their view of, and control over, the organization, and yet cgpable
of solving complex problems. For instance, flocking birds can fly in formation (close to each other)
along compli cated aaobatic paths and still they never collide. Effectively, the birds solve the dynamic
control problem of flying in formation. They do so by lreaking it up into small and locdized
subproblems—one for each bird—and then solving them asynchronoudly.

The behavior of flocking birds seems to be characterized by two conflicting forces: the desire to stay
close to flockmates, and the urge to avoid collison. The @llison-avoidance behavior is easly
understood. The desire to flock can be dtributed to the evolutionary pressure from factors such as
protection from predators, more dfective seach for food, and advantages for socia and mating
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adivities. The evidence aso suggests that each bird hes loca perception—it is aware of itsdf and its
neaest neighbors. Further, thereis noindication that flocks ever become overcrowded as new birdsjoin
in. Schools of fish, for instance, can stretch for several miles and contain millions of fish during
migration periods [Rey87][Pat82][TdS94].

Using behaviord rules, Reyndds [Rey87] smulated and animated the aggregate motion petterns, such
as formation, of flocking birds and schooling fish. Figure 2.2 depicts aflock of birds flying in formation
and swerving around an obstacle. In paralld with coll aborative nets, the rules constitute the mechanisms
by which the agents—birds and fish—solve their subproblems, that is, the collaboration protocol.
Spedficdly, the postion and velocity of the birds constitute the state of the flock, the ability to
gradualy adjust velocity provides control, and the dynamics arise from linea equationsthat smulate in-
air motion. Further, the birds perceive only the state of surroundng flockmates and ad aacording to the

following control rules:

1) Cadllison Avoidance

The birds move avay from obstades and flockmates that are too close so asto prevent in-air

collison. This rule produces v

o @VElOCity vedor that points away from the obstacles.
2) Veocity Matching
The birds adjust their velocity vectors to match the average of nearby birds. This rule produces

the vector with the average velocity of the neaby birds.

Vmatch’

3) Flock Centering

The birds minimize externa exposure, and create formation, by moving towards the anter of

their neaby hirds. Thisrule producesv__, avelocity vector that points towards the center.

ter?

The birds continuously perceive their surroundings, apply the above rules, and then fuse the resulting
velocities to compute the next velocity vector. It is remarkable that the complex behavior of flying in

formation arises from these smple rules. See Figure 2.2 for two snapshots of aflock of birds.
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Bird Perception
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Figure 2.2: Two snapshats of aflock of birds flyingin formation. The birds swerve aound the obstacle,
Fig. 2.2a, and cary on their flight, Fig. 2.2b. Each arrow indicates the diredion of abird’s velocity. The
dotted lines illustrate the locd perception of al birds—a bird sees anather when a dotted line links the
hea of its arrow to the other bird’s. The snapshats are from a flock smulation and animation that we
caried aut with Reyndds' s software package (Boid Simulation Padkage).

2.6 Graphical Representation for Collaborative Nets

The structura representations of C-Nets cgpture the agents and the neighborhood relations. They consist
of a graph whose nodes correspond to the agents, and whaose elges display the communi cations among
them. The preceding sedions bea out (and the forthcoming ores will reinforce) that problem bregup
and agent-subproblem match can gredtly influence the performances of C-Nets. It then beames
pertinent to enrich the structural representations with illustrations of breskup and match. To this end,
this section proposes the following dagrams:
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1) TheVariable-Connection Graph

It illustrates the @upling between variables in both the objective function and constraints of the
static optimization obem, (P). The state variables correspond to the nodes labeled with x.
The control ones correspond to those labeled with u,. An edge joins two nodes if, and only if,
their corresponding variables (labels) appea in ore constraint of (P), or in one term of its
objective function. Notice that the graph is independent of the C-Net and likely to be sparsein
typical networks.

2) TheVariable-Perception Graph
The graph extends the structura representation of C-Nets to show the proximate, neighborhood,
and remote variables of the ayents. The agents correspond to the nodes labeled with Ag, and
the variables of (P), to those labeled with u, and x. There are four sets of edges:
a) The Solid, Undirected Edges: they represent the communication (collaboration) links.
b) The Solid, Directed Edges: they point to the agents' proximate variables.
¢) The Dashed, Directed Edges: they point to the neighborhood variables.

d) The Dotted, Directed Edges: they point to an agent’s remote variables that should bein
the agent’s set of neighborhood (or proximate) variablesfor the match to be exact.

The graph offers a view of the C-Net and the perception that the ayents have of the network
state (proximate and neighborhood veriables), which is intimatdy related to the agent-
subproblem match.

Weillustrate the graphicd representation of C-Netsin asmall, hypothetical scenario. Figure 2.3 depicts
the variable-connection gaph of the physicd network. Specificdly, it depicts the state variables,
{x,..X}, the control variables, {u,...,u,}, and their couplingin (P).

Figure 2.4 shows the variable-perception graph o two C-Nets. The C-Net in Figure 2.4a induces an
exad match. (Not one dotted, direct edge appeas in the graph and, therefore, ead (P,) isinsensitiveto
agent-m’s remote variables). In Figure 2.4b, however, the C-Net does not induce an exact match. (The
graph contains two dotted, direct edges that indcate subproblem sensitivity to remote variables. The
edge (Ag,x,) indicates that (P,) is snsitive to x,, avariablethat Ag, cannot sense. Assuming that u, and
X, areweekly coupled, the match becomes nea.)

The graphs can be daborated to display estimates of the mupling between variables. For instance, the
influence of agent-m on variable x could label the edge between their nodes. We believe that these
graphs can be helpful to break up (P), into { (P, )}, and match the agents to the subproblems.
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Physical Network

State Variable

Control Variable

X3 and u, are coupled in (P)

Figure 2.3: The variable-connection graph. The nodes correspond to the state and control variables of
the static optimization problem, (P). The edges modd the coupling between these variables, that is, two
nodes are linked when their variables gppear in one constraint of (P), or in one term of its objective

function.

Dashed, Directed Edge: Solid, Undirected Edge:
Ag; senses u, through Ag,. Ag; and Ag, are neighbors.

Dotted, Directed Edge:
Ags cannot sense X4, but
(Ps) is sengitive to Xy.

Solid, Directed Edge:
Ags senses X; directly.

(8) An Exact Match (b) A Near Match

Figure 2.4: The variable-perception graph of exact and near matches. The nodes correspond to agents
of the C-Nets and variables of (P). The solid, undirected edges represent the communi cations among the
agents. The solid, directed edges point to the proximate variables. The dashed, directed edges point to
the neighborhood variables. The dotted, directed edges point to the remote variables (that are relevant

for the C-Net to induce an exact match).
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2.7 Summary

This chapter has touched upon the importance of dynamic control problems, DCPs, to the operation of
networks, and skimmed the status quo of their solutions in the power grid and traffic networks. It then
succinctly reviewed the rolling horizon solution to DCPs, also known as mode predictive control, and
introduced a formulation for each static optimization problem, (P), that appears in the rolling horizon
approach. At that point, the original contributions of this dissertation began. They incude the
framework for breaking up (P) into a set of smal, loca optimization tasks, {(P )}, to be tackled by a
network of agents (C-Net). The materia introduced the basic terminology (that defines the constituent
elements of C-Nets) and aso identified the paradlels between C-Nets and its relatives, in artificid
domains (A-Teams) and naturd domains (flocks of birds). Finaly, the chapter closed with the proposal
of graphicd representations for C-Nets.
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Chapter 3

Collaboration Protocols

This chapter concentrates on collaboration protocols. (That is, the sets of rules under which the agents
exchange information, help one ancther, and take combined adions to improve collective performance.)
Protocols can be decisive to the dfectiveness scope of applications, and ease of implementation o
collaborétive nets.

The first section presents the attributes that we have found to be relevant in the design d protocols,
especidly to capture the trade-off s between the smplicity of anayticd anaysis and their practica use.
The trade-offs can be illustrated with the type of iterative solution—perhaps, the most critical of the
attributes. While the andytical analysis of protocols becomes much simpler when the agents iterate
synchronoudly, their pradica application becomes limited. The dtributes form a short, and initial,
taxonomy of collaboration protocols, some of which are extensvey studied heredter. The subsequent
sedions spedfy these protocols, examinetheir strengths and weaknesses, and provide analyticd insights
in some cases. Thelist of protocols comprises:

* The Voting Protocol: each agent brings together recommendetions for its decisions (or the
values of its controls) from its neighbors, and then implements the dedsions (or the adions)
suggested bythe mgority.

* The (Serial) Proximate-Exchange Protocol: the ayents work serialy in each neighborhood

and collaborate by exchanging their plans.

* The Asynchronous Proximate-Exchange Protocol: the agents never hold off ther
computations to obtain the latest outcome of the neighbors —they go ahead and work with the
current estimates.

* The(Serial) Proximate-Exchange Protocol with Mutual-Help: the agents not only exchange
information, but also help eat ather out by giving uptheir resources to, and pursuing the goal
of, aneighbor even to the detriment of theirs.
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3.1 Attributes of Collaboration Protocols

Callaboration protocols specify the information that the agents exchange, the way they communicate,
and how they use this information to solve the subproblems. Our intent isto look into the attributes that
influence (if not determine) the scope of applications, and the properties, of the solution to {(P,)} by
collaborative nets. In what follows, we list the attributes that have been studied in this research, and then
compilethem in ataxonomy. Figure 3.1 displays atree of these attributes and some plausible vaues.

Without Precedence Constraints (A synchronous)
® | terative solution <: o Serial
With Preced. Const. (Synchronous)
. Parallel
Exclusive
o _ Shared
® Decision-variable update
® Democratic

Attributes Traded

® None
o Reformulation of { (Pr)} as unconstrained subproblems
® Subproblem modification
The tightening of {(P)} with resource factors

The relaxation of { (P,,)} with tolerance factors

Not implemented
e Automatic learning Parameter identification
e |[mprovement of problem-solving and
decision-making abilities

Figure 3.1: A tree of attributes for collaboration protocol s and some plausible va ues.

3.1.1 Types of Iterative Solutions

By iterative solution, we mean any process that solves a problem in steps (or iterations) such that the
outcome at each step-k is a function of the outcome at step-(k-1). By synchronization, we mean any
mechanism for ensuring that the computations at step-k are carried out only after the ones a step-(k-1)
are finished (or after the values necessary for the computations at step-k are ready) [Kun76][Pyo85].
That is, any mechanism that enforces the precedence constraints on the computations, from one iteration
to the next. Synchronization, or its absence, has profound implications to how the agents exchange
information and solve subproblems. Below, we present the types of iterative solutions in a generd

setting, and discuss the implications to collaboration protocols.
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For the sake of simplicity, assume that (P) has only control variables, and that al sets of remote

variables are empty. Then, the behavior of ead agent-m can be expressed by the following iterative
function: U =S (U,,...,U,), where S returnsthe U_ that solves (P,) for thegiven (U,,...,U,). Using this
notation, the types of iterative solutions can be described as follows:

Synchronous, Serial Solution: the agents work ore at time and use the current vaues of all
variablesto compute their controls. For the permutation (1,...,M), the agentsiterate as foll ows:

U,(t..) = S(UL(E),U,(5),... U, (1)),
U,(t...) = S(U,(.). U,(),....U, (1)),

Uy (G = SuUi()s- Uy (G0 U, (1))
(If the problem isto find afixed pant--that is, U = (U,,...,U,) such that U = (§(V)....,S,(U))--
for a system of M linea equations, then the serid, iterative solution is known as Gauss-Seidd
method. It can be shown to converge in some @ses, and dvergein ahers [GS93, pp.261-266).
Refer to [GL83, pp. 352-362] for an aacount of theoretical results on convergence.)

Synchronous, Paralld Solution: al agents iterate concurrently, in lock-step, on the airrent

values as foll ows:
U, (t..) = S(U,().U,t).....U, 1),
U,(t..) = S(U,(t).U,(t).....U, X))

U, () = SU,E)U0).--U,0).

(For the problem of finding afixed pant for a system of linea equations, the parald, iterative
solution is known as GaussJamhb method. It converges to a fixed point in some instances, but
diverges in ahers [GS93, pp. 261-266]. There exists sufficient conditions for convergence of
generd mappings, thet is, U = JU) whereU = (U,,...,U,) and S= (S,...,S). In short, if Sisa
norm-contraction map for any vector norm || « ||--that is, if there exists 0 < a < 1 such that ||S(U)
- V)|l < alU - V|| for any U and V--then S defines a unique fixed point, U°, and the iterative
solution converges to it [OR70].)

Asynchronous, Parallel Solution: the agentsignore the precalence @nstraints and, therefore,
can work in parald, a their own pace. Each agent-m uses the latest vaues (probably not the
current ones) to compute its controls as follows: U =S (U *,...,U_*,U_U_*,...,U*), where

U* isthe latest vaue (or an estimate) of U,. (For a generad map, the asynchronous lution
arrives a aunique fixed point, U°, if Sis an co-norm contraction map [Ber83][Pyo085].)
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In the cortext of coll aboration protocol s, we have considered the foll owing types of iterative solutions:

Serial Iteration: the agents work in lock-step by utilizing a synchronization (coordination)
mechanism that guarantees the use of up-to-date information. On the one hand, the serid mode
allows the agents to retain feasible constraints, if they choose to. Further, it facilitates, as will be
seen in amoment, the andytica analysis of the protocol. On the other hand, the C-Net solution
of {(P,)} is likely to be too suggish for practicd applications—only a smal number of the
agents might enjoy pardlel work, whil e the mgjority agonize asthey hold off their computations.
Ancther drawbad is the potentidly dissmilar speed of agents that might compromise
collaboration between dow and fast agents, such as humans and computer-based agents.

Asynchronous Iteration: the agents work fredy, without enforcing the precelence reations.
This mode is very desirable because the agents work in pardlel (at their own speed) and can
respond quickly to disturbances. The difficulties arise in maintaining feasible coupling
constraints, and promoting convergence of the solution to { (P,)} to an acaptable solution to the
overal problem (P).

3.1.2 Types of Decision-variable Updates

In the framework for specifying the tasks of the agents (see Section 2.2 and 23), only agent-m has

authority to set the control variables of problem (P,). However, agent-m can acapt suggestions from,

delegate its authority to, or trade vaues with, its neighbors. A few types of decision-variable update

schemes follow be ow:

Exclusive Update: the agents are self-interested, that is, they exclusively set the vaues of the
control variables so asto solve their subproblems.

Shared Update: the agents are not completdy sdf-interested and let others update the control
variables—they behave dtruigticdly during caastrophes. Many possibilities exist for shared
update. It could, for instance, be redized directly or indirectly. When the update is indirect, the
helping agents smply let their neighbors update the proximate variables. The extent of the
update may, however, be subject to limits and under conditions—the helping agent restricts the
update within a region and imposes limits on the degradation d its own objective. When the
updateis direct, the helping agents ad as suggested bythe neighbors.

Democratic Update: the agents are dtruistic. They coll ect recommendations for the values of
the ntrol variables, use amechanism to combine them, and findly implement the control
adionsthat incorporate the assessment of their neighbors.
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Traded Update: the agents propose deds to their neighbors. For example, agent-m alows
another agent, let us sy agent-n, to set agent-m’s cortrol variables within a space, provided that
agent-n sets its variables within a spacesuggested by agent-m. Alternatively, agent-m promises
to optimize a function f_ (which is not necessarily its goa) as long as agent-n optimizes a
function f . The trading coud take placein an auction whereby the ajents post bids and take
offers.

3.1.3 Types of Subproblem Modifications

Collaboration protocols may prescribe, or not, the modficaion d the set of subproblems, {(P,)}. Here,

only credivity and insight bound the extent and form of the modifications. So far, we have explored the
modifications listed below:

The reformulation of the subproblemsin {(P,)} asunconstrained subproblems: likein the
rolling horizon approad, a solution to {(P,)} can be readed by solving a sequence of
unconstrained probems; in particular, this strategy will prove to be fundamental in attaining
global convergence under the proximate-exchange protocol.

The tightening of the constraints in {(P )} with resource factors: the fadors may be
implemented to make up for the uncertainties of asynchronous updates, and prevent the solution
to {(P)} from bewming infeasible for (P); resource fadors and their applications in
asynchronous protocol s will beinvestigated in the forthcoming chapter.

The relaxation of the constraints in {(P,)} with tolerance factors: the fadors coud be
utili zed in contexts that admit resource violations, perhaps for alimited time length, to speed up
solution convergence.

3.1.4 Use of Automatic Learning

There exists opportunity to 1) boost the dfectiveness 2) widen the scope of applications, and 3

improve the alaptability of collaboration protocols with automatic leaning techniques [Mit97]. The

dimensions of the opportunities do nat end here, but rather span the diverse spaceof leaning techniques

(such as Bayesian nets, neurd nets, and reinforcement leaning). Beow, we speculate a@out this

opportunity and enumerate two broad appli cations:
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* Theautomatic identification of parameters: often, parameters appear explicitly in, or buried
in the implementation of, collaboration protocols;, examples of parameters are @) the values of
the resource factors, and b) the weights for fusing together the recommendations in the voting
protocol.

* The transformation of past experience into improved problem-solving and decision-
making abilities: learning techniques could help the agents to infer the right decisions, in a
globa sense, from historica records and simulated events; additionally, they could speed up the

solution of {(P)} by providing the agents with a means to anticipate the vaues of
neighborhood variables.

3.2 A Taxonomy of Collaboration Protocols

Here, we bring together the above attributes to assemble a taxonomy of collaboration protocols. The
taxonomy corresponds to a space whose dimensions match these attributes. Figure 3.2 offers a partia
view of the taxonomy, showing the projection of a few protocols onto the subspace spanned by the
dimensions associated with 1) the type of iterative solution, and 2) the type of decision-variable update.

Iterative Solution

Synchronous Asynchronous

Decision-variable
Update

Exclusive Democratic Exclusive

Prox. Exchg.
Mutual Help

Proximate
Exchange

Proximate
Exchange

Prox. Exchg.
Mutual Help

Figure3.2: A partid tree representation of the taxonomy of collaboration protocols.



3.3 The Voting Protocol

The aygregated performance of the agents (that is, the qudity of the solutions found to the subproblems)
can be viewed as a function of their dedsion-making abilities. These abilities can be measured by the
probability p_that each agent-m mekes, in a globa sense, corred decisions. For instance, p,, could be
the probability that agent-m correctly trips a bre&ker to de-energize a power transmission line dter
lightning.

How could the agents improve collective performance? This can be acomplished in two ways: 1) by
improving the indvidua, innate dedsion-making abilities of the agents, or 2) by providing the ayents
with a means to collaborate so that they help ore another to read better collective dedsions, even
though they retain their innate ailities. The benefits of the first approach are usudly limited, in the
sense that the agents are physicaly congtrained in their view of the overdl network [CT99].

In the second approad, however, the agents can assess the context, provide their view of the network,
and recommend (to their neighboring pees) what they believe is the correct decision. This potentid is
attradive and will be elaborated in this section.

3.3.1 A Simple Best-Case Analysis of Voting

The patential of collaboration can be explored by:
1) boosting each agent’s abilities to recommend values for the variables controlled by its pees,
2) promoting the broadcast of the recommendations, and
3) encouraging the aentsto use voting to synthesize adecision from the recommendations.

Our intent is to 1) illustrate the potentid benefit of the voting protocol in a broad sense, rather than
focusing onthe spedfics of boasting and voting, and 2) adopt the view of the optimist, carrying aut a
best-case andysis. Thus, we assumethat:

1) the variables =t by the agents are binary—they reflect the dedsions necessary to solve the
subproblems, and

2) the ayents makeindependent and corred decisionswith probability p.

Under these drcumstances, ssmple mgjority, perhaps the simplest of dl voting protocols, improves the
collective decision-making abilities of the agents. (Even though the individua abilities of the ayents
remain the same, they help ore anather to readh better overall decisons.) The andyss of the voting
protocol follows below.
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Definition 3.1. p isthe probability that an agent is correct when it makes a decision. The probability that
the agent isincorrectisq= (1 - p).

Definition 3.2. p (n) isthe probability that the maority of n independent agentsis corred.

Definition 3.3.p'(n) = 3" 5, {"Pq" ~” is the probability that the mgority of an odd rumber of

collaborative gents, n, is correct.

Definition 3.4. p'(n) = 3", ,(MPd" ™’ + %(,,)p" ™ is the probability that the mgority of an even

number of collaborative aents, n, is correct.

Theorem 3.1. p (n+ 1) = p (n) for n odd.

Proof. By induction onn. m

Theorem 32. p(N+1) =p (N) + (-0 P "“g" "*(2p - 1) for neven.

Proof. By induction onn. m

Corallary 3.1. p (n+1) > p (n) for nevenif, and ory if, p> %
Proof. Accordingto Theorem 3.2, (5 -, )P g "*(2p - 1) > 0if, and aly, if p> .. m

In synthesis, the probability that the mgority of n agentsis correct, p*(n), increases with the number of
collaborative agents when p > %. This fad follows diredly from Theorem 3.1 and Corollary 3.1. See
Figure 3.3 for anillustration of the potentid benefit of collaboration.

The above andysis shows the potentid benefit of the voting protocol in a smple scenario. This beas
out the gplication d voting, or its variaions, to improve decision-making in rea-world networks.

Therein, however, the agents can:

1) exhibit dependencies, and often dq

2) bemore (or less) competent than ather possibly dissimilar agents, and

3) beabletoimprovether dedson-making abilities with experience (sdf-leaning).
Therefore, the aafting of voting protocols that acoount for these fadors is essential to fully exploit the
benefits of collaboration in rea-world networks.
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Figure 3.3: The wlledive decision-making ability, p (n), for n=1, 3, 5, and 9 coll aborative agents. The
plot shows that p (n) increases monaotonically as the number of coll aborative agents increases.

3.4 The (Serial) Proximate-Exchange Protocol

The power of the proximate-exchange protocol rests on the communication d relevant information
among neighboring agents—an essential vehicle for collaboration in any domain. The agentsiteratively,
and sequentially, broadcast their plans to the neighboring ores, and revise these plans to aacount for the
neighbors’ decisons, until they converge or time is up. At that point, the agents put into adion the
control plansthat solve{ (P,)}.

When is the combined effort of these ayents effective in solving { (P, )} ? It would appear that the self-
interested effort of the agents hinders, rather than promotes eff ective collaboration. It turns out that the
agents can collaborate dfectively despite their sdf-interested behavior—that is, the one emerging from
the optimization of the individua objective functions. The df ectiveness of the protocol will be verified
experimentaly (in forests of pendulums and power grids). In the meantime, we focus on the andyticd
analysis of the protocol, that is, we formdize its rules and spell out sufficient conditions for the
collaborations to be eff ective.
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The steps of the proximate-exchange protocol are:

1

2)
3)
4)

agent-m uses default vaues for its remote variables, the up-to-date vaues of its proximate
variables, and the latest values of its neighborhood variables, to run an optimization procedure

that attemptsto solve (P,), or improve the current solution,
agent-m passes the newest values of its proximate variables to its neighbors,
agent-m repeats from step-1 until convergence is obtained or timeis up, and

agent-m implementsits decisions.

Herein, the agents are restricted to work seridly in each neighborhood. They synchronize their actions
to permit parale work only among non-neighbors. This assumption facilitates the anaytical andysis
that culminates in sufficient conditions for the solution of {(P,)} to converge to a solution to (P). In

essence, the conditions state that:

a)

f)
9)

the collaborative net must provide a complete cover of the physical network ©. This means that
its agents must observe dl state variables, and set al control variables, of the network ©,

(P) must be convex [NW99],

(P) must be strictly feasible,

(P) must be differentiable,

the collaborative net must be sufficiently dense to induce an exact match between each agent-m
and its subproblem (P, ); in other words, the variables that appear in each subproblem (P,) must
be either in the proximate, or neighborhood, variable set of agent-m,

the agents must use an interior-point-method [NN94], and

the agents must work seridly within each neighborhood.

A moreformal and completelist of conditionsis given below.
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Theorem 3.3. If:

1) The aents of the collaborative net provide acomplete cover for the physica network, and they
have eclusive authority over the @ntrol variables, that is,

2) Thematch between each agent-m and its subproblem, (P,), isexad. That is,

fX,U Y Zy=Ff (X U Y)+f (Y Z)=f,
G, (X,U.Y Z)=G (X,U.Y), ad
H.OCU Y ZY=H (X U Y).

3) Thefunctionsf' , " S andG _are convex, continuously differentiable, and finite in their domain
andH'_islinea.

4) Thespaceof feasible solutions, S can berelaxed by afactor 8> 0 and itsinterior, int(S), is non-
empty. More predsdly,

SO{(X,U) | G(X,U) < 0 and [H(X,U)| < &},
int(S) 0{(X,U) | G(X,U) < 0 and [H(X,U)| < &}, and
int(S # 0.
5) Theinitid, overal solution belongsto the interior of the feasible set, that is, (X°,U?) O int(S).

6) Ead agent-m usesan iterative barrier agorithm to solveits subproblem (P, ). More formally,
the agent runs an optimization procedure (such as Newton's method) to solve the following
problem, or improve the airrent solution wntil the Wolfe conditions are satisfied [NW99,pp.39]:

MinimizeA (o, X U _Y)={f (X U Y)+aB (X U Y)},
wherea > 0isapenalty factor, and B, is a barrier function that is continuoudly differentiable

and strongly convex (in the interior of the constraints), and aso tending to infinity as one
approaches the boundary of any constraint. (A plausible barrier functionis

8,04, U, Y,)=-5100(-G, (X, U,,Y,)) -S10g-H (XU, Y,)+3) =S 10g(H ,(X,,U,,Y,)+3),

where G’ (X ,U_Y ) and H' (X ,U_Y ) are the i-th dements of the inequdity and equality
constraint sets, respedively.)

7) The aents work seridly within each neighborhood. Two agents may work in pardle only if
they are non-neighbors. (Sincethe match is exad, two agents are neighbors—they arejoined by
a communication link—when their subproblems are mupled.)

Then: the overdl solution dotained by the agents, (X°,U"), will converge to an optimal solution to the
barrier version of problem (P), that is, the problem of minimizing A(a,X,U) = {f(X,U) + aB(X,U)}.
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Proof. Let (X°,U”) bethe overdl solution a timet, and (X“°,U“*") be the next overadl solution

obtained after agent-m updates its proximate variables.

First, we show that (X“*°,U“*") g int(S). From condtion (4), from condition (5), and by induction on
the update timet, solution (X,U”) Oint(S). Under condition (7), agent-m used the current values of its
proximate variables, (X “,U *), and neighborhood variables, Y “, to compute an improved solution
(X 2,0, “2); thereby, (X °,U °Y. 9) Dint(S) (theinterior of problem (P,)’'s space of feasble
solutions). Since aent-m does not update the varidbles in Y, it follows that Y.° = Y.“* and
(X 2,0 Y “4) Oint(S). Under condition (2), none of the congtraints in (P,) depends on Z,_ and,
therefore, (X2, U™ g int(9).

Second, we show that A (o, X“,U"*") < A(a, X°,U"”). According to the above aguments and under
condition (6), agent-m computes solution (X “*,U “¥.Y ©), from solution (X °,U “,Y.“), such that
AL0X MUY O <A (@ X U CY ") Since Y. = Y, and since dl terms in A(a,X,U) that
depend on (X ,U ) dso appea in A (a,X,U_Y ) and do rot depend onthe remote variables, Z , it

follows that )\(CX, Xm(t+At)’Um(t+Al)) < )\(CX, Xm([)7Um(t))'

Third, we show that (X”,U") converges to an optimal solution to the problem of minimizing A(a,X,U).
Acoording to the aove arguments, (X°,U") Oint(S) and A(a,X",U") deaeases whenever an agent
updates its results. Since asolution (X°,U") is a locd minimum for the overall barrier problem if and
only if (X°,U®) defines alocad minimum for the barrier problem of ea agent-m (dropping the termsin
A(0,X,U) that do not depend on (X ,U ) resulsin A_(a,X ,U Y ), there is dways a least one agent
capable of deaeasing the value of A(a,X",U") if (X°,U") is not aloca minimum. According to Lemmas
A.1 and A.2 (see Appendix A), the deaease in A(a,X",U") satisfies the Wolfe conditions [NW99, pp.
39-41] after the update of ead agent, that is, each agent provides sifficient deaease in the overall
barrier-olyedive-function for globa convergence. This fad together with Theorem 3.2 of [NW99, pp.
43-45] imply that the sequence of solutions, (X,U"), (X®,U"),..., (X*,U"), is convergent to aloca
minimum (X,U") for the overdl barrier problem. Indeed, the solution (X,U) is optima because

A(a,X,U) isconvex. m

Corollary 3.2. If the conditions of Theorem 3.3 hdd and the coll aborative net solves a sequence of
barrier problems, that is, if the agents minimize A(a,X,U) such that 0 < a™? < o* for al k, then the

overal solution, (X*,U%), will arrive at an ogtima solution to problem (P).

Proof. The proof follows directly from Theorem 3.3 and Proposition 4.1.1 of [Ber95g, page 314]. m
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Talukdar et d. [TCOO] have enphasized that the above @mnditions st forth the issues that need further
investigation, and must be resolved, before collaborative nets are deployed to red-world networks. The

upshot isthat the mgority of the sufficient conditions, as will be seen in a moment, are difficult to meet

and undesirablein practicd applications. A quditative analysis of these @nditions follows bel ow:

Condition-a (the complete @verage of the network) could be implemented in practice.

Condition-b (the mnvexity of the objective function and constraints) cannot be guaranteed in
pradice. The dynamics of red-world networks can be highly nonlinear and ronconvex, such as
the power grid's.

Condition-c (the feasibility of the initial solution) is aso hard to be met. The specificeaions on
how the network should behave in the future can introduce @nflicts and make the problem
infeasible. The resolution of the mnflicts stands as ahard problem. Which constraints sould be
dropped, if any? Which congtraints $ould be relaxed? These are open research questions.

Condition-d (the differentiability of the objective and constraint functions) cannot be expected
in al rea-world problems. Not infrequently, the decisons are amix of discrete and cortinuous
variables that introduce non-differentiability in the functions, such as those found in mixed-
integer optimizaion poblems.

Condition-e (the exad match of agentsto subproblems) isimpracticd. Collaborétive nets coud
becme too dense to induce an exact match.

Condition-f (the use of interior-point methods) is not convenient since interior-paint methods
aretoo hrittle, and less robust than algorithms such as sequentid-quadrati c-programming (SQP)
[BT96], which is onethe best off-the-shelf agorithms for nonlinea programming [LZT94].

Condition-g (the enforcement of serial work within neighborhoods) is quite impracticd and
unattradive. The convergence speed of C-Nets would be excessvely dow and, therefore, they
would not respond promptly to dsturbances.

3.5 The (Serial) Proximate-Exchange Protocol with Mutual-Help

Equipment failures goradicaly cripple network stes, tugging them to operate in the emergency mode.

These incidents dramaticdly change the specificaions on how the aippled subnetworks should gperate.

In the power grid, for instance, a lightning strike can inflict disturbances on neaby equipment that

leaves no dternative to the @ntrol devices, but to switch from cost-minimization to synchronization-

recvery mode.

41



Tednicdly speaking, the incidents trandate into a new set of subproblems, {(P )}, tha reflect the
operating modes of the subnetworks. The mode landscape of the network then becomes uneven, where
unlucky agents find themselves matched to hard subproblems, while others enjoy the task of solving
easy ones. The outcome cud turn out quite undesirable, especidly if the agents are self-interested and
the incident is catastrophic. Potentidly, the least troubled agents (those facing easy problems) could
saaifice ther performances and relinquish resources to the most troubled agents (those working on hard

problems) for the overal good.

Proximate exchange with mutua-help encourages the ayents to help one anather. The form and extent
of the help can be molded into the agents in a number of ways. In this regard, this section imparts the
esentias of help by dired, shared update (Section 3.1.2), and dwells on to speadlate dout sufficient
conditions for convergence. The protocol extends basic proximate-exchange by implanting in each
agent-m the abilities to:

1) reagnize tha a neghboring agent needs help,

2) determine the extent to which the neighbor should be free to modify agent-m’s proximate

variables, and

3) transfer therightsto update the proximate variables.

To keep the materia short, we provide only the steps of atroubled agent-m as follows:
1) agent-m enlarges (P,) to encompassthe variables over which its neighbors del egated authority,

2) agent-m uses the default vaues of its remote variables, and the latest values of its proximate
and neighborhood variables, to solve or improvethe solutionto (P,),

3) agent-m handsto its neighbors the values of the variables it was given authority to set,
4) agent-m reiterates from step-2 urtil convergenceis atained, or timeis up, and

5) agent-m putsinto action the ontrol plan.

The steps condtitute general guidelines—they do not say how to grow mutua-help abilities. This gap,
however, does not limit the use of the protocol. On the contrary, it adds flexibilities and therefore dlows
the crafting d the abilities that best suit the gpplicaion at hand. In Chapter 5, we explore the heuristic
insights of the network problem (synchronizaion remvery in forests of pendulums) and adapt
sensitivity anaysis to embed the required abilities (into the agents). A relevant issue is whether or not,
the mutual-help abilities promote cnvergence to a solution to (P). Below, we speculate about the

sufficient conditions for convergence:
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*  Subproblem Cover

The overing condition entail s a reduction to the conditions that we have identified for basic
proximate-exchange. To explain this point, let agent-m be the troubled agent, and agent-n be
the helping ane. Suppose that agent-m coherently merges (P,) and (P) into {(P,).(P)}, that is,
agent-m drops the duplicate mngtraints and terms of the objective function. Further, suppose
that agent-m incorporates agent-n's view and takes over agent-n's authority—perhaps with the
assistance of agent-n. It is as if agent-m and agent-n were replaced by an agent that solves
{(P.).(P)}. If the sufficient conditions for proximate exchange hold (Theorem 3.3), and if each
helping agent is exclusively covered by exactly ore troubled agent, then the solution o {(P,)}

reates asolutionto (P).

*  Subproblem Approximation

This condition kears on the troubled agents extending their subproblems to nealy cover the
helping agents' subproblems. Approximate cover may prove to be more pradical than full

cover.

For one thing, subproblem approximation does not incur as much computationa burden as
subproblem cover does. For another, the approximations prevent the troubled agents from
ignoring the needs of the helping agents. We conjecture that the following conditions are
sufficient to ensure @nvergence:

1) the conditions of the proximate-exchange protocol hold (Theorem 3.3),

2) ead helping agent-n peses a set of feasble updates for its control variables to the
troubled agent-m,

3) agent-n provides an gpproximation of how its objective function varies with changes on
its control variables, and

4) agent-m addsthe approximation of f tof , and coversthe neighborhood of agent-n.

The @mnjectureis more formally stated in Appendix A.

Herein, the sufficient conditions inherent the same disabilities of the ones found for serid proximate-
exchange—especidly, serid work and convexity. Thus, the issues raised in the precading section carry

over to the mutua-help version of serial proximate-exchange.
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3.6 The Asynchronous Proximate-Exchange Protocol

This protocol is identica to besic proximate-exchange, except that the agents are free to work
asynchronoudy—in pardld and at their own pace We have brought forth the advantages and
disadvantages of asynchronous work. On the one hand, they alow quick response of the wllaborative
nets and facilitate collaboration between dssmilar agents. On the other hand, anaytica guarantees
seem hard to be established for dl but the simplest problems. This scenario should not be discouraging.
It is not exceptiona, but typical of red-world networks. Often, the lack of analytica guarantees is

overcome through extensive experimental anaysisthat is undertaken prior to implementation.

Talukdar [Tal99a] has brought forward the potentiad of resource factors to soften the side dfects of
asynchronous work and, at the same time, promote dfedive llaboration between dissimilar agents.

The next chapter addresses this potentia in depth.

3.7 Summary

The chapter listed the attributes that loom large in the design of collaboration protocols. They include
the following: 1) the type of iterative solution, 2) the type of dedsion-variable update, 3) the problem
modification, and 4) the use of automatic leaning. The list provided plausible instantiations for these
attributes, and dtilled their implications to the protocols (and the resulting solutions of {(P,)} by C-
Nets). The study therein shows that the type of iterative solution is very influentia to the merit, and cen
sed thefate, of any protocol. For instance, aprotocol that enforces srid, iterative work isimpracticd in
large, widespread networks.

The @ove attributes were aranged together to assemble ataxonomy of protocols, some of which have
been studied in this research. These protocols comprise 1) voting, 2) serid proximate-exchange, 3)

serial proximate-exchange with mutua -help, and 4) asynchronous proximate-exchange.

The voting protocol illustrated the potentid benefit of collaboration—rather than improving the agents
abilities, which can be difficult in faceof ther limited views, provide the agents with a means to
collaborate and improve ollective performance.

Proximate exchange served as a basic protocol, which gves ingghts into issues that need further
analysis. For its serid verson, sufficient condtions were found for the labor of the agents to reach a
solution to the overall problem. The magjority of these conditions are, however, impradica such as the



convexity of (P), exact match, and serial work. On the optimistic Sde, the asynchronous version of
proximate exchange (combined with mutua-help behavior) stands as a promising protocol, whose merit
isstill to be confirmed in the coming chapters.
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Chapter 4

Using Resource Margins

The precaling chapter presented sufficient conditions for the collaborative net solution d the
subproblems, {(P, )}, to reach asolution to the static optimization problem, (P). The anditions fencein
the agents to work serialy in each neighborhood, and refuse any imperfedion in the match of agents to
subproblems. We nedl to aleviate the pan of serid work; otherwise, C-Nets may become inapt to

recover subnetworks that have been crippled by dsturbances.

What are the impediments to asynchronous work? They are twofold. First, being devoid o
synchronization, the agents can concurrently change the solutions to the subproblems, potentialy
violating the coupling congtraints, and making the solution to {(P,)} infeasble to (P). Seoond,
guarantees of convergence, et alone aonvergenceto good (and feasible) solutions to (P), seem very hard
to come up with. Further, the two dostacles are entangled with the sufficient condtions, such as the

convexity of (P) and exact match.

How coud the agents turn loose, work asynchronously, and till read good, feasible solutions to (P)?
The faats of this reseach question (feasbility and convergence) appear intimatey related to the
dynamic control problem (DCP), the implementation issues, and the trade-offs between solution speed
and ease of congtraint satisfaction. This chapter sheds light on the feasibility facet of the reseach
question. Specificdly, it focuses on the use of resource margins, as suggested by Taukdar [Tal99a)
[Tal00a], to keep the solution to {(P,)} feasible to (P) when the agents iterate aynchronoudy. In the
next chapter, we turn the attention to the convergence face and complement the materid herein. We
show experimentally (in a class of control problems) that the agents find good solutions to (P), even
though they work asynchronoudy and cannot afford an exad match.

This chapter is organized as follows. Section 4.1 provides the specifics of the feasibility reseach
question, and then formalizes the implementation of resource margins in { (P, )}. Section 4.2 describes
an optimization-based procedure that checks whether or not, the given resource margins are sufficient to
sustain the feasibility of (P). Sedion 4.3 presents conditions that are necessary and sufficient, to ensure
that the asynchronous solution retains the feasibility of specia types of constraints—namdy, those
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defining elipsoids without rotation. Section 4.4 suggests a procedure to identify resource margins that
guarantee feasibility and, together with mutua-help behavior, promote convergence to good solutions.
Section 4.5 illugtrates the use of the procedure in two problems, one @mnvex and the other nonconvex.
Section 4.6 touches upon the use of resource margins to improve the aggregated performance of agents

whose speeds are dissmilar.

4.1 Infroduction

Idedly, the agents would solve the subproblems asynchronoudy—at their own paceandin paralld—
and sill find good, feasible solutions to each element of the series of static problems, <(P)>. This
behavior is hard, if not impossible, to adiievein its entirety for all classes of (P). The hardnessis even
more pronounced when the dements of <(P)> change continualy as constraints are added (or dropped)
to reflect the modes of the subnetworks.

While the asynchronous work displays the ideal behavior in some classes of problems, it can become
helpless in others if measures are not taken (to accourt for the ladk of synchronization). In forests of
pendulums, as will be shown in Chapter 5, the agents cons stently yield good solutions even though they
boldly ignore the conditions for convergence—they cover smal areas of influence, and never wait for a
reply from neaby agents. In problems that contain equalities however, one has to approximate e&h
equdity with two inequdities and, thereby, provide “maneuvering room” for the asynchronous work to
find nea-feasible solutions—that is, one has to trade off speal againgt near feasibility. Therefore, this
chapter assumesthat the ongtraintsin (P) are, or can be approximated with, inequaities.

How do we mitigate the undesirable side dfects of asynchronous work? (That is, how do we prevent
infessibility and romote cnvergence?) Heredter, the dtention is on modifications in {(P,)}, and
behavior implants in the agents that pull them toward good, feasible solutionsto (P). In short, the recipe
squeezes the feasible space of {(P,)} with resource margins that 1) anticipate the danger of
asynchronous update and 2 retain afeasible solution. It also embeds mutual-hel p attitudes in the agents
to promote @mnvergenceto good solutions. This attitude encourages eadt agent to saaificeits god if it

believes, or istold by neaby agents, that an action improves colledive performance.
4.1.1 The Implementation of Resource Margins

The resource margins consist of a set of vectors, {a }, one for each subproblem (P,), that tighten the

inequality congtraintsin { (P, )}. The resource margins of agent-m have predsely one non-negative entry
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for each congtraint of (P,). After the implementation of the resource margins, agent-m'’s subproblem
bemmes:

(P)Minf (X U_Y Z)
st.
G,(X,U,Y,Z)<—a

4.2 Sufficient Conditions for Feasibility

Consider problem (P), its decompositioninto { (P, )}, and the set of resource margins{a_}. If the agents
begin with a feasble solution, what conditions would be sufficient to keep it feasible when the agents
solve{(P,)} asynchronously? This section dfers an optimizétion-based procedure to test the sufficiency
of {a_}. The procedure prescribes a) the solution of optimization problems to compute bounds on the
values of the state and control variables, and b) the feasibility ched of each constraint in (P) for the
most adversarid circumstances under the bounds.

To keep the description of the procedure succinct, we omit the test of the @ntrol variables and the time
index, t, of the discrete points in the time horizon (i.e,, we ignore u(t) and denote X(t) as smply x).
Let Ib(x) and ub(x) be the lower and upper bound on varigble X, respectively. Let adso @(mj) be 1 if
agent-m can set the value of x (if X is aproximate variable of agent-m) and Ootherwise. The steps of the
procedure are given below:

Step 1: Compute bounds on ead variable x.
For eadh agent-m that can set the value of X, @(mjj) = 1, solve the optimization problems below:

Ib(mx) = Min x
st.

3
3:<
N
=
I
Q

<
and Z_arethedecision variables;

ub(mx) = Max x
st
G,(X,U,Y Z)<—a_
X,U.,Y ,andZ arethedecison variables.

Then, the bounds on x can be computed as: Ib(x) = Min{lb(mx) : @mj) = 1} and ub(x) =
Max{ub(mx) : g(mj) = 1}.

Step 2: Check whether or not it is possble to violate each constraint in (P).

For eat congtraint g of G, solve the optimization problem bel ow:
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g* = Max g(X,U)
st.
Ib(x) < x <ub(x) forallj
Ib(u) < u <ub(u) foradli.
If g* > 0for any g, then report that {a } does not passthetest. Or else, report that { o } preserves

the feasibility of (P).

Two nice aspects of thetest are 1) its potential of being effective when (P) is convex, and 2) the fact that
{a } preservesthe feasibility of (P) under any collaboration protocol. The test, however, is conservative
and probably inapplicable when the constraints are nonconvex. For one thing, the test would rely on
globa optimization and, in addition, the resource margins could excessively squeeze the constraints and
leave{(P,)} infeasible.

Theorem 4.1. If the set of resource margins, {a }, passes the test in Section 4.2, then {a } is sufficient
to keep (P) feasible when the agents solve { (P,)} asynchronously.

Proof. (By contradiction) Suppose the converse and let (X*,U*) be the first infeasible solution to (P)
found by the agents. Then, there must be an e ement g of G such that g(X*,U*) > 0. According to step-2
of the test, there exists (without loss of generdity) j such that x* > ub(x). Clearly, the value of X was set
to x* by an agent-m such that x O X, that is, x is proximate to agent-m. Immediately before that
moment, agent-m used some vaues (Y, *,Z *) for (Y ,Z ) to compute the vaues (X *,U_*) for (X ,U ). If
agent-m did so, then the following subproblem is feasible:

Minf (X U_Y *Z ")

s.t.

G,(X,U,Y," Z,) s -0,

Since agent-m updates its proximate variables only if (P,) isfeasible, and according to step-1 of the test,
it follows that the inequalities below are vdid:

X* < l\éltax X < ub(mx) < ub(x).

G,(X,U,Y " " Z")<-a
X and U_arethe decision variables.

Thisimpliesthe contradiction: ub(x) < x* < ub(x). m
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4.3 Resource Margins for Ellipsoids

This sdion identifies sufficient and recessary conditions on {a } to ensure the feasibility of (P) when
the congtraints define multiple dlipsoids without rotation—balls that are stretched aong the axes and
displacad from the origin. The conditions are gradualy developed from one ball centered at the origin,
to one dlipsoid, and, findly, to multiple élipsoids.

Let {Z ., wU)+Z_ (%) <R betheonly constraint that binds a network of M agents. The
condtions state that {a } kees the bal-type cnstraint feasible under asynchronows work if, and
only if, {Z .. (@) = (M-1)R}. These condtions can be readily extended to ore and severa

elli psoids withou rotation. A forma statement of the condtions is provided for a ball in Theorem

4.2, for one dlipsoid in Corollary 4.1, and for multi ple dli psoidsin Propaosition 4.1.

Theorem 4.2. If:

1) Theonly constraint of (P)is: 2(u )’ + 2(X)’< R

=1 n=1

2) Agent-m has exclusive authority over the cntrol variableu .

3) Thevaueof state variable X is concurrently set by at least one agent. Agent-m can set its value
only if @myn) = 1. Otherwise, (m,n) = 0.

4) Agent-m solvesthe foll owing subproblem:

(P,) Minimizef_
Subjed to: (u )+ 2 (U )’ + Z(x)*+Z(x )’ < R-a,,
-

i,iZm On@mn)=1 [n,@mn)=0

where:
a (u)isthelatest value of control variable u, which agent-i sent to agent-m,
b) (x)isthelatest value of state variable x , which agent-m received from aneighbor, and

c) a_istheresource margin for agent-m.

5) Theinitid vaues of thevariables are feasiblefor (P).

6) When the constraint in (P,) isinfeasible, agent-m a) leaves its proximate variables untouched (it
delaysits actions until the congtraint becomes feasible), or b) setstheir valuesto zero.

Then: the aynchronous solution of { (P )} isfeasibleto (P) if, and only if, {Zm,.--,M(O‘n) > (M-1)R}.

Proof. (J') According to condition (5), the congtraint in (P) isinitially feasible and, therefore, we have

to show that it remains feasible. Let y(mn) be 1 if agent-m was the last agent to set the vaue of state

51



varidble x . Otherwisg, let y(mn) be 0. (Notice that @(m,n) = 0 implies y(m,n) = 0.) At the beginning,
assume that, for ea state variable X, y(mn) = 1 for exadly one agent-m. From these observations and

condition (6), the inequalities below follow:

(u) +2(x)* < R-a_isavalidinequaity for m=1,...,M.

Ony(mn)=1
Because precisdly one agent made the last change on the value of X, each state variable X must gppear
exadly oncein the above constraints. Adding up these mnstraints over al agents, yields the following
inequdities:

2(u)+2(x) <MR-2(a) O Z(u)+2(x) <MR-(M-1R

0 Zu)y+2(x) <R
Thelast inequdity implies the feasibility of (P).

() By contradiction, assume that Zmy.,,yM(O(n)2 < (M -1)R Itis possiblethat the latest values of eah

agent-m’s neighborhood variables are dl zero (U’ = 0 and x| = 0) and that agent-m’s proximate state
varidbles are dl set to zero (x, = 0). If ead agent-m chooses to set its control variables to the maximum

possiblevalues, (un)2 =R —a_, thenthe following inequalities result:
M M
(u)Y=R-a, form=1..mM O Z(u)=MR-Z(@) > MR-M-1R
m=1 m=1

0 2Z(u)y>RO Z(u)y+2(x) >R

Thelast inequdity implies theinfeas bility of (P) and, consequently, acontradiction. m

M N
Corallary 4.1. Let the constraint in Theorem 4.2 ke of the form: Z[a, (u -u, )]* + Z[b (X%, )]’ < R,
m=1 n=1

where a_and b, are noreero scding constants, and u,  and x,  are displacement constants. Then, the

asynchronous solution of { (P )} isfeasibleto (P) if, and only if, {zmzl,“-,M(am) > (M-1)R}.

Proof. The demongtration is based on a dhange of variables. Letu, =a (u -u, ) form=1,..,M, and

letx  =Db(x —x,)forn=1,...,N. Thenthe congtraint in the overal problem becmes the following:

2(u,) +2(x,) <R

52



The result follows from the goplication of Theorem 4.2 to the aove congtraint, and the fact that thereis
bijective function between ead pair of control variables (u, and u,, ) and eat pair of state variables (X,

andx ). m

Proposition 4.1. If the congraints in (P) are of the form in Corallary 4.1, then the asynchronous
solution of {(P,)} is feasible to (P) if, and only if, the resource margins sitisfy the conditions of

Corollary 4.1 for ead constraint.

4.4 Computing Resource Margins

This section works out the steps that we have found helpful for cd culating resource margins. It arranges
the steps together in a procedure that records our insights in setting margins to uphold the feasibility of
{(P)}. The steps are displayed schematically in Figure 4.1 and described below.

Step 1: Approximate Equality Constraints with Two Inequalities

Approximate the equaity constraints { H(X,U) = 0} with theinequalities {|H(X,U)| < €} or, equivaently,
{H(X,U) = —e and H(X,U) < €}. Thelooser the gpproximation—that is, the larger the entries of vector €,
the easier the seach for suitabl e resource margins. The following steps assume that:
a) the mndraintsare inequalities of the form { G(X,U) < 0}, and
b) theinterior of thefeaiblesat, int(S) = {(X,U) : G(X,U) < 0}, is non-empty.
(If an equality h of H cannot be relaxed, then the mupled agents must form a neighborhood and corfine
themselves to work seridly or, dternatively, they can merge into a single agent. Unless h is not a hard

constraint such as those used for prediction.)
Step 2: Approximate the Space of Feasible Solutions with Convex Sets

The dores in the subsequent steps are much ssimpler when G ddimits a convex set, or G is adequately
approximated with convex inequdities G*. By adequately, we mean that the “volume” mismatch
between G and G* is small, that is, {Vol[Sol(G) n Sol(G")] >> Vol[Sol(G) - Sol(G™)] + Vol[Sol(G*) —
Sol(G)]} where Sol(G) = {(X,U) | G(X,U) < 0}. How could a mnvex gpproximation G* be found? The
algorithm proposed by Director et d. [DMSO0, §2.1, pp. 46-57] is a andidate for this task. How could
the volume mismatch between G and G* be cdculated? It can be estimated through sampling [DFK91].
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(1) Approximate equalities with inequalities

v

(2) Approximate the constraints with convex
inequalitiesif it is suitable

y

(3) Bound the values of the variables

l€

(4.1) Guessinitial resource margins{ (o !

‘/\

(4.2a) Appl

y the sufficiency (4.2b) Implement { (o))"} and

test on { (o) simulate the solution of { (Pm)}

——

(4.2) 1s{ (o)} sufficient?

(4.3) Pick acongtraint g that was (4.4) Does { (0m)} make { (Pm)}
violated and increase its infeasible or too tight?

resource margins

Yes

o

y

(5.1) Implement { (a,)"} and simulate the
asynchronous solution of { (Pm)}

y

Yes |

(5.1) Isthe solution quality satisfactory?

A 4

Halt

Protocol

(5.24) Revise the_ (5.2b) Relax the
Xt Collaboration Resource (5.2c) Smplify (P)

>

Margins

Figure4.1: The diagram of the procedure for computing resource margins.



Step 3: Set Bounds for the Space of Feasible Solutions

The boundedness of the feasble space facilitates the search for adequate resource margins. If the
feasible space is unbounded, then set lower and upper bounds for the variables. It should not be hard to

figure out bounds because state and control variables are often, if not dways, subject to limits.
Step 4: Find Resource Margins That Ensure Feasibility

This step begins by guessing an initia set of resource margins, {(a,)*}, and then it iteratively checks
whether or not { (a, )} retains the feasibility of (P) and revises {(a, )"} accordingly. It checks { (o )}
analyticaly when the constraints are dlipsoids, numerically when (P) is convex, and through simulation

when the constraints are general. The steps within this step are provided below.
Step 4.1: Guess an initial set of resource margins, { (0 )}, and set k= 0.

Step 4.2: Does {(a)*} keep (P) feasible? The procedure suggests two methods to figureit out. Use the

first method when (P) is convex, otherwise use the second one.

+ Method-1 (Sufficient Conditions). Check if {(a )"} passes the sufficiency test proposed in
Section 4.2 or (when the congraints are dlipsoids without rotation) if the conditions of
Proposition 4.1 hold. Recdl that:

1) Method-1 is probably ingpplicable when (P) is nonconvex,
2) thetestsare conservativein the sense that they anticipate the worst-cases, and

3) thetestsrey on the solvability of globa optimization problems.

« Method-2 (Simulation). Start with the current solution, (X°,U"), simulate the asynchronous
solution of {(P_)} with {(a )“} in place, and report any violation of the constraints in (P). To
extend the vaidity of {(a )*} from (P) to <(P)>, begin the asynchronous solution from severd
initia solutions, covering the most likely states of the network. Notice that { (o, )} is sufficient

to the extent to which the simulations are comprehensive and accurate.

Step 4.3: If aconstraint g does not pass the sufficiency test (Method-1) or if its violation was reported
(Method-2), then increase the resource margins for g in al eements of {(P )} in which it appears,
increment k by 1, and go back to Step 4.2.
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Step 4.4 If {(a )"} is overly tight—if {(P,)} becmes infeasible even for the current solution, then
either simplify (P) and goback to Step 1, or relax the resource margins and restart from Step 4.1

Step 5: Evaluate and Improve the Quality of the Solutions

This gep amounts to 1) simulate the asynchronous work of the ayents, 2) evauate the quality of the
resulting solutions, and then 3) revise the coll aboration protocol, and the resourcemargins, if the quaity
isnot satisfadory. The steps within this gep are given bel ow.

Step 5.1: Evauate solution quality. Start with the aurrent solution, or severa solutions, that are feasible
for {(P)} with {(a )"}, smulate the asynchronous work, and evauate the quality of the solutions that

the aents produce.
Step 5.2: Isthe qudity satisfactory? If so, then quit. Or e se, follow one of the recommendeations bel ow:

* Revisethe Collaboration Protocol. By simply running proximate exchange and implementing
resource margins, the ayents may stall at dissatisfadory solutions. This can be atributed to their
intrinsic behavior—namely, the agents chew up the available “resources’ to achieve their goals.
In an effort to discourage greadiness and improve collective performance, embed (or revise) a
means for the agents to help one another explicitly. More specificdly, provide the agents with
estimators of the overal (or locd) benefits of changes in the neighborhood variables (or
resource margins), and compe them to usethe estimationsto help each aher.

* Loosen Up the Resource Margins. Loosen up the resource margins and go bad to step 4.2.

* ReaxtheProblem. Reax (P) by dropping, or smplifying constraints, and returnto step 1

4.5 Examples

This sction illustrates the use of resource margins in two problems: one @nvex and the other
nonconvex. Specifically, the above procedure was followed to find margins (that ensure the feasibility
of (P)) and tune a proximate-exchange protocol (to promote convergence to good solutions). The
convexity of the first problem facilitated the seach for resource margins. The nonconvexity of the
second problem, however, prevented the use of the sufficiency test. Instead, smulation was used to find

margins and mutual-hel p behavior was embedded in the agents.
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4.5.1 Example 1

The problem is formulated in mathematical programming as foll ows:

(P) Minimizef(x,x) = 3x*— 22X + 51— 2xX, + 2X, + X,’
Subed to:
-2x +3x, -16<0
X +3x, —28<0
33X + X, —28<0
ax — x, —28<0

-X —4x + 7 <0
-X - X +4<0
-2+ X, —4<0.

The specifics of the mllaborative net that solves (P) are:
1) theC-Net is made up of two agents: agent-1 controls x, and agent-2 controls x,; and
2) the gents work asynchronoudy and under the proximate-exchange protocol—that is, each
agent-m initidizes (P,) with the latest vaue of its neighborhood veriable, solves (P,), and then

sends amessagetoits neighbor, carryingits decision.

To compute resource margins, we waked through the procedure (delineated in Section 4.4), and found
a, = (1/2,12331244) and a, = (9/2,92,1/2,3,51/2,2) to be adequate. Figure 4.2 illustrates the
feasble space, and the contour lines of the abjective function, of problem (P). The figure aso shows

agent-2' s feasible region after implementing a, in (P).

In step 5 d the procedure, the asynchronous work was smulated, and the trgjectory of the solution was
recorded, for severd starting conditions. Figure 4.3 dff ers the trgectories of three runs, together with the
region d the solutions that the agents can reat when {a,,a.} is in pace In al runs, consistent
convergence to the optima solution was observed and, as anticipated, constraints violations never
ocaurred. (The inner region was estimated by letting the agents optimize random, linea objective
functions.)
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Global, Optimal Solution
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Figure 4.2: The feasible region, and the contour lines of the objective function, of the overall problem.
Theinner pdytope encloses agent-2's feasible space, when itsresourcemargins arein place

A
X2
8 _| /Feasi ble Region
7 Ea Readable Region
6 _|
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5_]
4 _|
3 _]
2 _|
l .
o Trajedories

Figure 4.3: The trgjectories of threesolutions found bythe C-Net. The agents run proximate-exchange
asynchronoudy and implement resource margins. Beginning with a feasible solution, they consistently
converged to the optimal solution without incurring constraint violations.
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4.5.2 Example 2

The problem of focus is expressed in mathematica programming as follows:

(P) Minimizef(x,x,) = =X,
Subed to:

—x, +2x, -1 <0
x>+ X' —1-€<0

—xlz— )(22 +1—-¢ <0

—X, <0, wheree = 1/10.

Problem (P) correspondsto test-case 217 of [Sch87, page 41], except that two inequalities play therole
of the andrant {x* + x,” = 1}, as prescribed by the procedure (given in Section 4.4). We followed the
procedure and found the resource margins a, = (0.1,0.9,0.9) and a, = (0.1,0.9,0.9) to be adequate. In
particular, the margins guarantees of feasibility were verified by smulating the aynchronous work,
whereby the agents optimize random, linea objective functions. The spedfics of the C-Net in the

previous ction cary over to thisone.

If the agents stick to besic proximate-exchange, then they do not stee toward good solutions (because
the overdl objective, f, is nat directly dependent on agent-1's variable, x)). The agents need a mutual-
help attitude to avoid getting trapped at suboptimal solutions. Along these lines, we have implemented
this attitude & follows:

1) agent-2 cdculatesthe sensitivity of /ox, of its oljedive function to changesin x,,

2) agent-2 appends of /ox, to the messagesit sends out to agent-1, and

3) agent-1 adds of /ox, to its objective function, thet is, agent-1 minimizes{ f, + (of /ox )Ax } .

Then, agent-1 becomes g/mpathetic to the needs of agent-2 and, invariably, promotes good overall
performance. Figure 4.4 illustrates the benefits of mutua-help behavior and resource margins. The
agents trace a solution trajectory that progresses toward the optima solution, without incurring

constraint violation whil e working asynchronously.
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easible Region

Approximate Trajedory
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Figure 4.4: The feasible region and the trgectory of the solutions tracel by the C-Net. The agents run
proximate-exchange asynchronously, help ore other explicitly, and use resource margins to retain the
feasbility of (P).

4.6 Resource Margins for Speed-Dissimilar Agents

The previous ®dionillustrated the use of resource margins to ensure feasibility (when the agents work
asynchronoudy). Herein, we narrow the d&tention to their use in promoting coll aboration between
agents that are dissimilar in speed, such as human and computer-based agents. In essence, margins can

promote progress toward good solutions by better al otting the resources.

Consider a scenario where the agents ought to solve {(P,)} and put the solutions into action by a due
date—in typica networks, the dements of <(P)> need to be solved, and the solutions implemented,
before they become outdated. Therein, the duggish agents sfldom solve the subproblems and have no
aternative, but to execute the default, previous, or preiminary solutions. The speedy agents, however,
often finish their tasks before the due date. That is, speedy agents display high probability of solving the
subproblems, whereas the sluggish ones display low probability. Below, we illustrate the role of
margins to adequately allot the resources in a smple, hypothetical experiment. The asumptions of the

experimenta set-up arethe following:

1) (P)isdecomposedinto {(P),(P,)}.
2) Agent-1 and agent-2 form the cllaborative net, and run asynchronous proximate-exchange.
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3) The probability that agent-m solves (P,) ahead df the due dateisp,.

4) The aentsare bound by the ongtraint { (u,)° + (u,)° < R} that models ascarce resource.

5) Agent-minputsno control (u_=0) if it does not finish its computations.

6) Agent-1isvery fast (py 1), but agent-2 isvery slow (p,<<1).
The introduction d resource margins is mandatory to prevent constraint violations and, aacording to
Theorem 4.2, the condition { (a,)* + (a,)* = R} must hold.

What values should we pick for the resource margins? The background knowledge of adequate
resource-allocation and the speal o the agents (as modeled by py,) are fundamental to the answer.
Suppose that 1) the resource R should be all ocated fairly for the overall goad, and 2) the agents
gredlily chew up the available resources. Then, the intuition says that a; should be larger than a,
because agent-1 is faster than agent-2 (that is, because agent-1 is more likely to consume resources, it
must do so in smaller chunks). More technically, the optimal margins, {a,’,a,}, should maximize the
minimum resource-usage by either agent, for the all ocation to be fair. Notice that the resource-usage
is a stochastic quantity, which depends on the speed probabilities and the margins. Near-optimal
margins can be found by 1) accounting for the most likely outcomes, and 2) solving a stochastic

optimization problem [Had64, §4] that maximizes the minimum, expected resource-usage.

For the above set-up, we have mmputed the margins that maximize the minimum resource-usage. Let:
1) o, (p,) and a, (p,) be the values of the optimal margins as functions of agent-2's e,
2) R(p,) be the minimum, expeded resource-usage when the marginsare o, = a, = (V2/2)R, and
3) R(p,) be the minimum, expeded resource-usageif the ayentsimplement o, (p,) and a, (p,).

Figure 4.5 shows that the resource-alocation is more balanced when the agents use a, (p,) and o, (p,),
trandating into higher colledive performance. Figure 4.6 depicts the suggested resource margins, and
shows that o, (p,) increases, and a, (p,) deaeases, as agent-2's peed dops. This means that agent-2
compensates for itslow speed with the all ocation of large chunks of resources.
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Figure 4.5: The minimum, expected usage of resource R (by either agent-1 or agent-2) as a function of
p, (the probability that agent-2 finishesits computations ahead of the due date). The minimum, expected
resource-usage under the suggested margins, R*(p,), is dways higher than that under identica margins,
R(p,). That is, the ollective performanceis higher when the ajents use the suggested margins.

Adequate resource marging

1 L L L L]
alphaZ™®{p2y —
0.8 F alphal *{p2) J

0.6 F

0.4}
0.2 }
I::I L L L 1
0 0,2 0,4 0.6 0.8 1

p2+ the probability that agent-2 =solves problem (P23

Figure 4.6: The suggested resource margins, o, (p,) and a, (p,), as functions of agent-2's speed (the
sluggish agent). The resource margin of agent-2 deaeases, and agent-1's increases, as the speed o
agent-2 drops. Therefore, agent-2 compensates for its low speed with the dlocation d large chunks of
the resource.
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4.7 Summary

The materid brought forth two impediments to asynchronous work: 1) the potentia of violating
constraints, and 2) the limited, analytica guarantees for convergence. In view of the impracticality of
serial work, ways around these impediments are badly needed. To this end, we have proposed the use of
resource margins to mitigate constraint violations, and speculaed that mutua-help behavior promotes
convergence to good solutions.

The study begins with a formalism for implementing resource margins, and goes on to develop an
optimization-based procedure to test whether or not the margins, {a_}, one for each (P,), guarantee the
feasibility of (P) when the agents solve {(P,)} asynchronoudly. The test is, however, very conservative
and seems applicable only to convex constraint sets. For a narrower class of congtraints, namely that
defining dlipsoids without rotation, sufficient and necessary conditions were found for the
asynchronous work to retain afeasible solution.

We have condensed relevant issues into steps of a procedure for computing resource margins. The steps
comprise 1) the approximation of equality constraints with inequalities, 2) the introduction of bounds
for the variables, 3) the iteration over the sufficiency test (for convex constraints) or the smulation of
the asynchronous work (for generd constraints), and 4) the addition of mutua -help behavior to steer the
agents toward good solutions. The procedure, however, does not provide the alocation of the resources,
but only a way to go about allocating them. This chore is left to the designer, who can draw insights
from the problem at hand and the background knowledge. The intuition behind the resource marginsis
that increasing them repd s the agents from the constraint boundaries and, thereby, reduces constraint
violations at the price of asmaller solution space.

The fina part illustrates the roles of resource margins in smple, synthetic problems. In the first two
problems (one convex and the other nonconvex), it illustrates the use of resource margins and mutual-
help reflexes in solving the subproblems asynchronoudy. In the last problem, a scenario is synthesized
to explain how one can use background knowledge to allocate the resources, specificdly in an
environment where the agents are speed-dissmilar.
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Chapter 5

Experiments in Forests of Pendulums

So far, we have dwelled on the framework for solving dynamic control problems (DCPs), collaboration
protocols, and resource margins. Much of the attention has been centered on the proximate-exchange
protocol. Theinterest is not incidentd, but grows out of its simplicity, and the opportunity to shapeit up
in anumber of ways. Further, the existence of sufficient conditions for convergenceis a pivotd feature
of proximate-exchange, which has brought about reflections on the limitations of this work and the

issuesthat need further research. Recalling from the preceding chapters, the conditionsinsist on:

a) acomplete cover of the physica network by the collaborative net,
b) the convexity of problem (P),

c) thefeashility of (P),

d) thedifferentiability of (P),

€) an exact match between agents and subproblems,

f) theuseof interior-point methods, and

g) serial work within neighborhoods.

This chapter provides evidence that the conditions are not necessary. That is, it shows experimentally
that the conditions on convexity, exact match, interior-point method, and serid work may be relaxed. In
small, but prototypical networks, the agents pulled toward stationary solutions to {(P,)} even though
they did not conform to the conditions. The agents run proximate-exchange, and impose margins on the
resource constraints to prevent their overuse. Except when the resources are very scarce, the agents
consigently arrive at solutions of high quality. To get around the scarcity and make up for the varying
context, we have implanted mutual-he p reflexes (in the agents) and observed substantial improvement
in the solution quality. Further, we have contrasted the performances of traditiona control techniques

with those of collaborative nets, and noticed that they are comparablein terms of solution qudity.

The materid hereafter is organized as follows. Section 5.1 suggests forests of pendulums, arrays of
pendulums connected by springs, as prototypica networks. It presents the structure, the dynamics, and

65



the dynamic control problems thereof. Section 52 develops the experimenta set-up (for investigating
the necessity of the above conditions) and reports the results. Section 5.3 provides the specifics of the
resource margins and the mutua-help behavior, and then gives an acount of the improvements
obtained with mutua -help. Section 5.4 details the implementation of feedbadk-linearization controllers
(traditional control techniques) and contrasts their performances with those of collaborative nets. The
results dhow that C-Nets attain performances comparable, and sometimes superior, to those dtained by
the feedbadk-lineaization controll ers.

5.1 Forests of Pendulums as Prototypical Networks

Structurally, forests of penduums are arangements of frictionless pendulums, linear springs, and
control devices that exert forces onto the pendulums. The pendulums are disposed in auniform grid and

joined by springs. Figure 5.1 shows atypica forest of nine pendulums distributed over a 3x3 grid.

The penduums swing uniformly when they operate in the synchronous or norma mode, that is, the
distance between their lower-ends match that between their upper-ends. In the event of a disturbance—
an arbitrary and long-range displacement of pendulums, the network beames crippled and its operation
switches to the emergency mode. The DCPs arise out of these incidents, andtheir missionisto drivethe
pendulums back to the synchronous mode dhegply and quickly, while not infringing onthe constraints.
Figure 5.2 illustrates an incident that jostles the penduums, forcing them to oscillate helplessly and lose

synchronization.

Why are forests of pendulums prototypica networks? They can be viewed as mechanicd andogies of
electric-power grids, which are representative instances of large, widespreal networks. The penduums
and the springs act much like the way power generators and transmission lines do. For one thing, the
pendulums operate in the synchronous mode when they swing uniformly, like power generators that

rotate & the nomind frequency.

For another, the stiffness of the springs captures the direct coupling between pendulums, in pardlel with
the impedance of transmisson lines captures the direct linkege between generators. (Of course, the
analogy could be made more acurate. For instance, the pendulums could be dissimilar in weight and
length, and aso subject to friction. These dissimil arities would model the many types of generators and

require @ntrol effort to na only recover synchronization, but also to sustainit.)
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Other representative fedures of forests of pendulums are:

1) thesimilarities between the pendulum’s motion dynamics and the power-generator’s,
2) thehighly nonlinea nature of the dynamics that stands as a chalenge to the cntrol design,

3) the ease of computation and short smulation time of the dynamics (relative to those of eectric-
power networks), and

4) the ease of putting pendulums together in a forest, and systematicaly formulating the dynamic
control problems thereof.

The above andogy and features are attradive, making forests of penduums representative test-beds for
collaboration protocols. The remainder of the section detail s the dynamic equations and the DCPs that
arise in forests of penduums. Theredter, coll borative nets are put into action and their performances

are measured.
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Figure5.1: A typica forest of pendulums. Nine pendulums are distributed over a 3x3 uniform grid and
coupled by springs.
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Figure 5.2: The illustration of an incident in a forest of pendulums. A disturbance & 5s throws the
pendulums off balance, forcingthem to oscill ate helplessly when the agents are dormant. The plots trace
the angles of therods over time.

5.1.1 The Dynamic Equations of Pendulum Motion

We have invoked Newton's second law to derive the dynamic eguations of a canonica pendulum. The
derivationis systematic and much simpler than that with Lagrange's equations [HH59, §9, pp. 293-354].
With ease, we can lbring canonica equations together and asemble the motion dynamics of any

configuration of pendulums.

Sphericd coordinates have been chosen as the generdized coordinates of pendulums, and depicted in

Figure 5.3. Then, the state of the pendulums becomes avedor with the following variables:

1) theswingande, ¢, the agle between therod and the z-axis,

2) therotationa angle, 8, the ange between the x-axis and the projection dof the rod ornto the xy-
plane,

3) theswingveocity, dg@/dt, and

4) therotationd velocity, do/dt.

In essence, we have obtained the dynamic equations by a) projeding the ading forces onto the force-
dempasing directions, {n, ne, N}, b) calculating the resulting torques, and c) plugging them in

Newton’'s seand law. The dynamic equations for pendulum i can be expressed as follows:
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J-— = —mgl sn(@) -3 | <f(i,j).ng> +lcos(@)u,
dtz JEING)
de
J-—-—- = — z | <f(| ,j),n9> = Up.
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Where:

a) N() isthe st of indices corresponding to the neighbors of penduum i, that is, those cnnected
to pendulum i by aspring,

b) f1(i,j) isthe force exerted alongthe spring that links pendulumsi andj,

c) <xy>isthedot product of vectorsx andy,

d) misthemass | isthelength, and Jistheinertia(m®) of the pendulum,

€) gisthegravitationd acaeration, and

f) Uy andup arethe control inputs, that is, the external forces that ad on the pendulums.
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Figure 5.3: The generdized coordinates and force-decomposing directions. The aordinates are
sphericd, and gven by the swing (¢) and rotationd angle (0). These angles and their first derivatives
congtitute the state of the pendulums. The dynamic equations are obtained by a) projecting the acting
forces onto the decomposing directions { n,, Ne, N}, b) evaluaing the resulting torques, and c) invoking
Newton's second law.
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5.1.2 The Dynamic Control Problem

The DCP cdls for the quick and low-cost recovery of the pre-disturbance, synchronous mode of the
pendulums. These goals are corflicting, that is, decreasing synchronization time invariably incurs extra
cost. To cope with these anflicts, we ambined the godsinto the single-objective of minimizing a) the
cumulative distance from the synchronous trajectory, and b) the amulative control-input cost. More
formally, the problem is stated as follows:

Minimize [|x(t) - x (®)|Fdt + bfjjuct)|fdt
st. 0 =

H(x(),dx(t)/dt,u(t)) = 0
G(u(t)) 0.

Where:
a) X(t) isthe state vector of the pendulums a timet,
b) x(t)isthe gate vector of synchronous pendulums (it tracks the trgjectory of free penduums),
c) u(t) isthe vector of the external forces acting on the pendulums,
d) b istherate a which the control-input cost gets converted into error units (the trade-off rate
between the gods),
€) Histhe set of dynamic equations,
f) Gistheset of inequaity constraints, and

g) || < || stands for the 2-norm.

The inequality congtraints limit the concurrent usage of a scarce resource, such as energy. They are
quedratic functions that bound the simultaneous control-input to pairs of pendulums. For instance,

{llu ®IF + ju ©)If < R} limits the forces exerted concurrently on pendulums m and n

The constraints srve as amechanism to illustrate the need of resourcemargins and the potentia benefit
of mutua-help behavior, espedaly when the resources are scarce. They add dfficulties to the DCP, but
do ot lead us off track—which is the experimental assessment of the non-necessity of the anditions
for convergence. In the forthcoming experiments, we use Proposition 4.1 to come up with resource
margins (that rule out constraint violations) and sensitivity anaysis to embed mutua-hep reflexes (in
the aents).
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5.2 Relaxing the Sufficient Conditions: Experiments

5.2.1 Overview

The experimental scenarios consist of forests ranging from two to nine pendulums, which are disposed
along aone-dimensiona grid and fully connected by springs. The stiffness of the springs joining nearby
pendulums is more pronounced than that joining far-off ones; they capture the high coupling between
geographically adjacent components, relaive to those between distant ones. (Specifically, the stiffness
ranges from a maximum of one, to a minimum of one tenth of, unit). Further, the amount of resources
varies from one scenario to another, being drawn from the set {Vv5, v25,00}, to bring about insightful
behavior.

In each of the forests and for each amount of resources, we initiate an incident, instantiate the DCP, and
then carry out the solution of the series of static optimization problems, <(P)>, by a collaborative net
and a centralized controller. For each element of <(P)>, the following steps are executed:

1) Decompose (P) into {(P,)}.

2) Engage the C-Net in solving {(P,)}, and record the solution (XU, that it arrives a. The
agents run the proximate-exchange protocol asynchronously to solve {(P,)}.

3) Engage the centralized controller, C,, in solving (P) and record the solution (X_,U,) that it
yieds. C, is an omniscient agent (that senses the entire state of, and has full authority over, the
forest). Itstarts with the same, initial solution that was given to the C-Net, and uses anonlinear-
optimization agorithm to solve (P) [LZT94].

4) Implement the control plan U,

5.2.2 Specifics

In what follows, we explain how the sufficient conditions have been relaxed in the experiments. The
materia gives an account of the relaxation, the static optimization problem, (P), and the way the C-Net

solves (P).

The Condition on Convexity

The nonlinear, nonconvex nature of (P) arises from the cosine terms appearing in the dynamic equations

(that simulate pendulum motion).
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The Condition on Exact M atch

The number of agents (and subproblems) is precisely the number of pendulums. Consider pendulum-m
and itsintrinsic subproblem (P_). Only agent-m can sense the state of, and exert forces on, pendulum-m.
Further, two agents can collaborate only if they are physicaly adjacent. Since every pair of pendulums
isjoined by a spring, all subproblems are coupled and, therefore, the match is imperfect for forests of
size three and higher (thet is, each (P,) is sensitive to variables that neither agent-m nor its neighbors

can sense or set). Figure 5.4 illustrates an inexact match in aforest of four pendulums.

The Condition on Interior-Point M ethod

The agents do not recast {(P,)} as barrier subproblems, nor do they use interior-point agorithms.
Instead, they manipulate the constraints explicitly and run a sequentid-quadrati c-programming (SQP)
agorithm [NW99, pp. 529-575]. As the agents proceed to solve { (P, )}, they can arrive at infeasible and

boundary solutions.

(SQP is among the most effective methods for nonlinearly constrained optimization. The approach
yields a sequence of candidate solutions, by solving a quadratic approximation at each iteration k. More
specificaly, SQP a) linearizes the congtraints, and approximates the objective function with a quadratic
expression about the current iterate, x, b) finds a solution to the quadratic-goproximation problem, vy,

and c) executes aline search dong the direction defined by x,_and y, to compute the next iterate, x,,,.)

(X1,U1)
Ags cannot
sense (Xq,Uy)

(X2,Up)

(X3,Us3)

a) C-Net (Inexact Match) b) The Variable-Perception Graph

Figure5.4: Aninexact match of agentsto subproblemsin aforest of four pendulums. Fig. (a) showsthe
arrangement of pendulums in a uniform grid and the springs that link al pairs of pendulums. Fig. (b)
depicts the variable perception graph: 1) the solid, undirected edges represent communication links; 2)
the solid, directed edges point to the proximate variables; 3) the dashed, directed edges point to the
neighborhood variables; and 4) the dotted, directed edges point to the remote variables (that are rel evant
for the C-Net to induce an exact match). Each subproblem (P,) is dependent on variables that neither
agent-m nor its neighbors can measure or set.
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The Condition on Serial Work

The agents do not seridize ther efforts, but rather work asynchronoudy. To better understand the
asynchronous solution of {(P,)}, consider an agent-m and |et:

* Y *Dbethelatest values of the proximate variables (the ones stored in agent-m’s memory, which
arelikely to differ from the actua values, Y , before convergenceis atained),

* Z* bethe vaues of the remote variables (which are predicted as if the remote agents were
operating in the synchronous mode), and
* S, be agent-m’s reaction function, that is, a mapping from (Y ,Z ) to agent-m’s proximate
varidbles, (X ,U ), which correspondsto the solution to (P,) with thegiven (Y _,Z ).
Then, agent-m continually revisesits decisions, (X ,U ) = S(Y *,Z *), immediately after the arrival of
new estimates for agent-m’s neighborhood variables, Y *. Once the optimization procedure is finished,
agent-m sends out messages to its neighbors carrying the up-to-date vaues of its proximate variables,

(XU,)-

We simulated the asynchronous work on a singe-processor, Unix-based workstation. In dang so, eat
agent was equipped with a queue of on-coming messages (that mimics the communication delays that
aretypicd of actud networks). Further, the agents were picked at random, with uniform probability, to
solvetheir subproblems and, therefore, they ran a about the same speed.

The Resour ce Congraints

The resource condraints are ative for eat pair of neighboring agents, and over the time horizon. More
formally, the cnstraint set is {|ju (t)If + [lu_,(t)If <R |forn=0,...Nand m=1,...,M-1}. Agent-m
and its sicceeding neighbor agent-(m + 1) impose margins, {a_,a .}, on the constraints to prevent the
depletion of the resources. These margins split the resources evenly and, acording to Theorem 4.2,
must both take onthevaue (V2/2)R.

5.2.3 Results

The experiments consist of incidents in forests whose sizes range from two to nine pendulums, and
whose anounts of resources are drawn from the set {V5, V25, «}. In dmost all incidents (arbitrary
perturbations of the penduums) and elements of <(P)> therein, the C-Nets converged to a solution to
{(P)}. (The eperiments aso showed that the failures to convergence occur when the resources are
meager). By convergence, we mean that the vaues of the neighborhood variables of ead agent-m, Y *,
eventualy become identicd to their adud values, Y, at time t*, and henceforth agent-m does not
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change its proximate variables, that is, (X (t),U (1)) = (X (t"),U (t¥)), Y, =Y *, and (X (1),U (1) =
S(Y *,z ") foralt=>t*. Thisstateis equivaent to aNash equilibrium point [BO82] (one a which each
agent-m expresses no desire at all to change the solution to its subproblem, (P,), as long as the other

agents stick to their solutions).

Notice that, when the agents arrive at asolution to { (P, )}, they indeed arrive & a solution to (P). Putting
together theindividua solutions to {(P,)} resultsin afeasible solution to the equality constraints of (P).
Further, theinequality constraints are guaranteed, by the resource margins, to be feasible.

As the incident unfolds, the collaborative net and the centralized controller, C,, solve hundreds of
problems, <(P)>. The evduation of the solution found by the C-Net, for each element of <(P)>, was
always greater than that found by C. This excessis called C-Net penaty, and defined as: [f(X,,U,) —
f(XeoU)] 1 f(X,,UL), where f(X,U) is the objective function in the rolling horizon formulation. The
mean vaue of the C-Net penalty is used to contrast the performances of the collaborative nets with
those of controller C,. Figure 5.5 shows the mean vaue of the C-Net penaty (%) for three amounts of
resource, R, as afunction of the number of pendulums.

The plots show that the C-Net pendty is low when the resources are plentiful, or moderate, but quite
high when they are scarce. The low performance can be attributed to inflexible margins: they split the
resources evenly among the agents, even though some agents agonize with highly disturbed pendulums,
while others enjoy the ease of synchronizing dightly disturbed ones. The agents could, however, adjust
the margins dynamicaly to make up for the varying context and, invariably, improve performance. This

potential remedy is the subject of the next section.

Intuitively, one would expect the C-Net pendty to increase as the forest becomes larger. Why has this
tendency not been pronounced? We believethat it has not been pronounced in part because the incidents
are random, and in part because the relative quality of the centralized solution drops as the number of
pendulum increases, that is, the hardness of (P) increases a a faster rate than the availability of

computational resources).
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5.2.4 Computer-Implementation Details

This subsection briefly discusses the computer implementation of the experiments and the ca culation of
the C-Net pendty. We have coded up the software in C, C++ and Fortran programming languages for
Unix-based workstations. The programming effort was greatly reduced by the extensive use of the
following libraries.

1) the CFSQP package [LZT94], which offers a robust implementation of sequentid-quadratic-
programming,

2) theLEDA classlibrary [MN99] that implements severd datastructures, and

3) theLAPACK library [ABB+99] that provides routines for severa numerical problems.

To further smplify the implementation, we simulated the asynchronous work (and communication) of
the agents in one workstation (rather than distributing the agents over a computer network). In regards
to the results, the plots of C-Net pendty are free of outliers [SM95, §1.4.4, pp. 29-30]. The spurious
samples that resulted from numerica instability, and implementation glitches, have been removed from
the datasets.
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Figure 5.5: The mean value of the C-Net penalty versus the number of pendulums for three amounts of
resource R. The agents work asynchronoudy, impose margins on the congraints that divide the
resources evenly, exchange information with agents in the vicinity, and do not induce an exact match.
The plots show that the C-Net penalty is low when the resources are abundant, or moderate, but high
when they are scarce.
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5.3 Improving Performance with Mutual-Help

The preaading experiments exposed aside dfed of datic resource allocdion: theinfliction o pendties
in performance, especialy when the context changes drasticaly from oneincident to another. A remedy
is the implant of mutud-help attitude to encourage the aents to dynamicdly tweak their resource
margins. With this attitude, the least disturbed agents (those facing easier problems or nealing little
resources) increase their margins and provide more latitude to the severely disturbed ones (those facing
difficult problems).

Dreadful incidents, such as the ones above, can lead some agentsto “panic” and leave others unaff ected
in large networks. In power networks, for instance, faults can tug reaby devices to operate under the
emergency mode; meanwhile, other devices experience harmless disturbances. The unaffected devices

could join the troubled ones to damp down the disturbance and, hopefully, improve performance.

5.3.1 Implementation Details

Agent-m can exhibit mutual-help by:
1) estimating and passing around its contributions to the overall objective with respect to changes
ina_,
2) apprasing its contributions against that of its neighbors, and
3) proactively increasing o and coordinating the deaease of its neighbors’ margins aacordingly.

The specifics of this atitude are reported below.

Estimating the Overall Contributions
Agent-m cdculates df (X U )/da  about the current solution, (X ,U ), to estimate its contributions to

the overal objective with respect to changesin its resource margins. The ayent derives the estimates by

applying the chain ruleto the adive congtraints (those without sad). (Noticedf /da, = 0and of /oa, =
0 when aresourcer isnot exhausted.)

Assessing the Contributions
Consder agent-m, resourcer, its contributions, and those of its neighbors. Agent-m chooses to increase
itsmargin onr if of /oa, is sndler than {3 o, [0f/0a, ]}, where N(m) is the index set of agent-m’s

neighbors. That is, agent-m increases its margin when the total contribution of its neighbors outweighs
its own contribution.
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Coordinating Changesin the Resource Mar gins

Suppose that agent-m is willing to increase its margins on resource r. First, it increases o - by an

r

amount A and resolves (P,). Second, it coordinates the changes on its neighbors’ margins < tha the

invariant of Proposition 41 holds.

The mordination can be redized by two asynchronous medanisms that do ot pose any bottleneck to
the pardld solution of {(P,)}. The first one sequences the coupled agents and let them passaround a
token to change the resource margins. The seand mechanism implements a distributed synchronization
algorithm to sustain the invariant. A recent and comprehensive acount of these dgorithmsis [Lyn96].
A shorter and easy to follow referenceis [Ray88, §1 and §5].

5.3.2 Experimental Results

The hypothesis that mutua-help reflexes sgnificantly improve performance is verified in Figure 5.6.
The plots show a subgtantial drop in the mean vaue of the C-Net penalty (%), which is onthe order of
10%. The results demonstrate the potentia benefit of dynamicaly tuning resource marginsto better suit

theincident.
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Figure 5.6: The mean value of the C-Net pendty for an amount R = v5 of resource units versus the
number of pendulums. The agents display mutua-help behavior: the least troubled agents (those facing
easier problems or needing less resources) tighten their margins and dlow the most troubled anes (those
fadng herd problems) to alocate more resources.
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5.4 Contrasting C-Nets with Traditional Control

The asend of techniques to solve dynamic control problemsis quitelarge. Typicaly, the techniques are
limited in scope but, dtogether, they handle severa classes of problems. By disseding the attributes of
these classes and caegorizing them, one @an put together ataxonomy. Control engnees often traverse a

taxonomy, perhapsimplicitly in their thoughts, to identify the problem classand solution dternatives.

Which traditional control technique would cope with the DCPs encountered in forests of pendulums?
How well would they perform? The remainder of this chapter attempts to answer these questions. The
first step consistsin isolating the properties of the problem at hand. These properties are:

1) thedynamics are nonlinea and time-invariant,

2) thenetwork has multiple inputs and outputs (MIMO), and

3) thetask istrgectory traking.
The problem, therefore, belongs to the dassof nonlinea control prodems. Traditional tedhniques often,
if not dways, negled constraints in the design stage and hendle them in an ad-hoc way at the
implementation stage [GPM89]. Along these lines, we have diminated the resource constraints in our
networks to fadlitate the design of feedback-lineaizaion controllers. The materia below introduces
feadback lineaization, provides the specifics of its implementation, synthesizes feedback-lineaization

controllers, and contrasts their performances with those attained by collaborative nets.

5.4.1 Feedback Linearization

Feedback lineaization is a powerful technique for controlling nonlinear dynamics. It comprises the
algebraic transformation o the nonlinea dynamics into linea ones, by a dange of the variables, and
the subsequent use of linea control techniques [SL91, §6]. The approach is unlike conventiona or
Jaabian lineaization that approximates the dynamics, about the operating pant, with linea functions.

The approach is best understood with the following example. Consider the dynamic system {dx/dt =
a(x) + b(x)u}, where x [0 Ris the state variable, u 0 Ris the @ntrol variable, and a2 R~Randb: R-R
are abitrary nonlinea functions of x. Provided that b(x)™ exists, the feedback-control law {u(x,v) = [v —
a(x)]/b(x)} transforms the nonlinea dynamics into the linea dynamics {dx/dt = v}. The approach leals
tothetrivid design of alinear-feedback law in the transformed dynamics, v(x) = —kx, and dso yieldsthe
control-input to the nonlinea dynamics by just pluggng v(X) into u(x,v). Thus, the nonlinea problem

has been reduced to alinea control problem.
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In principle, one can find an agebraic fealback that linearizes any nonlinea, affine dynamics. That is, a
system of the form: dx/dt = a(x) + > _,"b(X)u, where x O R’ is the state vector, u O R’ is the ortrol
vedor, and a2 R'-R'and b: R'- R are fidd vectors. In systems of this form, the task becomes to find
state and feadback transformations that lineaizethe dynamics. More precisely, are there z=y(x) and u
= a(X) + B(X)v that transform the dynamicsinto dz/dt = Az + Bv? This question congtitutes the so-cdled

feadback-lineaization problem. Neaessary and sufficient conditions for their existence, and dgorithms
for computing them, can be found in [NvdS90, pp. 176-210].

The dynamics of an array of pendulums happen to bein the nonlinea, affine form, and can be readily
lineaized. The steps for the design of afeedbadk-lineaizaion controller are:

1) lineaizethe dynamics with the state feedbadk u = a(x) + B(X)v,

2) reduce the tracking problem to a stabilization poblem [SL91, page 196] by changing the
variables of thelinea dynamics,

3) synthesize afealback law, v(x) = —Kx, with the linear-quadrati c-regul ation technique [Ber95b,
pp. 129-143], to solve the linea problem that arisesin step-2, and

4) combine the linea fealbad law, v(x) = —Kx, with the dgebraic state feedback, u = a(x) +

B(X)v, to assemble the feedbadk-linearization controller.

5.4.2 Experimental Results

The experiments congist of an incident in the forest of Figure 5.1 and control-input costs from the set
{10‘1,10‘2,103,10‘4}. For eath of the four experiments, we designed a feedbadk-lineaization cortroller
(FLC) and let it drive the penduums back to the synchronous mode. (The syntheses of the linea-
feadback matrices were performed with MATLAB-5 [Pra98].) A collaborative net dso had the
opportunity to restore pendulum synchronization and, as in the preceding experiments, its agents 1)
work asynchronoudy, 2) induce an inexact match, and 3) exchange information locally. The cntrol-
input cost and the distance from the synchronous trajectory were acumulated over the smulation o
ead incident to eva uate the performances of the C-Net and FLC: f(C-Net) and f(FLC).

Figure 5.7 plots the ratio f(C-Net)/f(FLC) againg the control-input cost (in log-scale). The results show
that the C-Nets outperform the FLCs when energy becomes costly. Why have we observed this trend?
The influence of the cortrol-input (torque) is proportional to the awsine of @, that is, the angle between
the pendulum’s rod and its vertical axis (see Figure 5.3). Thus, the higher the angle, the smdler the
influence on the pendulum motion. However, this nonlinear trend vanishes when the dynamics are
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lineaized and are not accounted for in the design d the linea feedback law. Figures 5.8 and 5.9
illustrate this point for the highest control-input cost (b = 10™). While the FL C exerts intense force a the
beginning (rapidly driving the pendulums near to the synchronous trgectory), the C-Net holds off its
adion until the angles are small enough for the inputs to be cost-eff ective.

The Ratio of Objective Function Values: FiC-Met} / f{FLC}»
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Figure5.7: The performance ®ntrast between collaborative nets and feadback-li neaizaion controllers.
The plot shows the ratio o the performance of the C-Net to that of the FLC, f(C-Net)/f(FLC), as a
function of the control-input cost, b, which is given in log-scde. The plot shows that C-Nets outperform
FLCswhen energy is costly.
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Figure 5.8: The recvery of the synchronous mode under feedbad-lineaization control. The figure
plots the angle between ead pendulum’s rod and its verticd axis as a function of time. The FLC
immediately brings the pendulums badk on the synchronous trgectory.
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Figure 5.9: The recovery of the synchronous mode under the cntrol of a wllaborétive net. The figure
plots the ange between ead pendulum’s rod and its vertical axis as afunction of time. The agents hold
off their control actions until the angles become small enough for the inputsto be ost-effedive.

5.5 Summary

Large, widespread networks are operated by a multitude of dissmilar, locd and dstributed agents. (By
dissmilar, we mean that the agents can vary in ability from smple devices, like relays, to very capable
agents, such as humans. By loca and distributed, we mean that ead agent can sense only afew of the

network’s gate variables, and affect only afew of its controls.)

Two fundamenta questions of the dissertation are:

e Can dissmilar, loca and distributed agents operate large networks with a solution quality
comparableto that of an ided, centrali zed agent?

* Canthese ggents sustain a mparable quality whil e operating asynchronously?

This chapter provided experimenta evidenceto answer these questions in the dfirmative. In small, but
prototypicd networks (arrays of pendulums), the asynchronous effort of locd, distributed agents

consigtently arrived at solutions comparablein quality to those of an amniscient agent.
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On the more technicd side, the chapter demonstrated experimentaly that the sufficient conditions for
convergence are not necessary. The conditions include 1) the convexity of the static optimization
problem (P), 2) serid work, 3) exact match between agents and subproblems, and 4) interior-point
method.

In forests of pendulums, we initiated incidents and let the collaborative network of agents drive the
pendulums back to the synchronous mode. Therein, the mentioned conditions are relaxed, that is, the
agents are locd and distributed (they do not induce an exact match), work asynchronoudy, and run an
off-the-shelf optimization method. During the incidents, the agents not only frequently arrived a a
solution to each element of <(P)>, but aso attained a quality comparable to that of an idea, centraized

agent.

The above scenarios dso illustrated the use of margins in retaining feasible resource constraints. When
the resources are scarce however, the agents perform poorly if they split the resources evenly. In this
regard, mutua-help behavior proved to be helpful to improve solution qudity: the agents dynamicaly
allocate the resources (by tweaking their margins) in a way that suits the incident, making up for the

varying context.

Findly, the performances of collaborative nets were contrasted with those of traditiond, centraized
controllers (feedback-linearization techniques). The contrast indicates that C-Nets are competitive.
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Chapter 6

Experiments in Electric Power Systems

The operation d large and distributed networks, such as the dectric grid, relies on the solution of
dynamic control problems (DCPs). Given a) the mathematical modd of the network (the eguations that
simulate its dynamics), b) the cnstraints on its limits and desired behavior, and c) the objective
function, the problem reduces to finding the control actions that meet the operating constraints and
minimize the objective function.

This dissertation concentrates on retwork-type, DCPs and its ultimate goal is to demondrate that the
suggested solution approach can be effedivein large, distributed networks. The gproach prescribes:

a) therolling haizon formulation d the DCP—the ingtantiation and solution of a series of static
optimization probems, <(P)>, wheretimeis not present,

b) the aloption of a cmmon framework for specifying agent tasks, which shatters problem (P)
into peces, { (P,)}, and ddegates the task of solving (P,) to agent-m,

c) the deployment of a collaborative net (a network of agents and communicaion links) and the
match of the agents to their subproblems (the specificdion d the proximate, neighborhood and
remote variables), and

d) the aafting d a collaboration potocol to promote effedive exchange of information,

encouragejoint or dtruistic actions, and leal to satisfactory overal performance.

The purpose of this chapter is to show that the solution approach can be dfedive in controlling red-
world networks of high complexity. In particular, it demonstrates this potential by solving control
problems that are found in dectric power networks. In this context, the problem demands a quick
synchronization of generators that have been knocked off balance by random contingencies—the so-
cdled transient stability problem [GS93, pp. 529-535]. The suggested solution approach was tested in a
smplified version d the problem. The results indicate that the wllaborative nets are dfective, i.e, the
qudlity of their solutions is comparable to that attained by a single agent that senses and controls the
entire network. The results, however, are prdiminary due to the smplifications made in the
experimenta scenarios. At the end, we aldress the extensions to this nascent research that need to be
redized to fully demonstrate the potentid.
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Section 6.1 introduces basic concepts of power systems, reviews the problem of transient stability, and
addresses its connections with the new ecnomic regime and technologies that are driving the power
industry [Whi88|[GMT96]. Section 6.2 presents the eperimenta set-up, which is made up of the
following: a) power networks that are equipped with diverse @ntrol apparatus (such as turbine-speed
governors and solid-state control devices [Bal91]), b) mgor disturbances that force generaors to
oscill ate and may cause ingtability, and ¢) DCPs that are instantiated to damp down the oscill ations and
recver synchronization. Sedions 6.3 and 64 report the results achieved by the collaborative nets and
centralized controllers, and cortrast their performances, in two standard networks. Findly, Section 6.5
brings forth elements of real-world networks that are missing in our scenarios, addresses some

implementation and research issues, and autlines future reseach efforts.

6.1 The Transient Stability Problem

The power grid congists of a sizable number of diverse equipment (such as generators, cortrollers, and
protection devices) and thousands of miles of transmission lines. Synchronous madines generate power
that is transmitted through the network and ddivered to remote sites. When the network is under normal
operation (in stealy-state), its generating units run at the nomina frequency; they are synchronized and
should remain in this state for safety and tedhnical reasons [TF82]. (Roughly speaking, the frequency
ads as a antrol signal that indicates shortage of power input when it is low and, conversdy, excess
whenit ishigh.)

Cortingencies, such asthe surge of power demand and lightning strikes, create imba ances between the
mechanica-power input and the dectric-power drawn at the generating units. When the disturbanceis
severe, the generators fluctuate drastically—some speed up while others $ow down—and might be shut
off to prevent equipment damage. These esents can, and sporadicdly do, cascade outwards from the

faulty Sites, ceasing aly after a blackout.

The transent gability problem encompasses the implementation of preventive and on-line control
measures to maintain synchronized generators and, thereby, sustain uninterrupted supply of power to
customers [PM94, pp. 1-14]. The physica limitations to achieve this god lie in the inability to quickly
adjust mechanica-power input to match the eectric-power output (the reaction time of mecdhanica
equipment is much dower than that of the eectric equipment). Today, the gpproach to sustaining
stability is mostly preventive and involves the following measures. @ the execution of extensive
simulations to spot we&gknesses and set safety margins that increase fault tolerance, b) the provison of
spinning reserve whereby generators are kept on standby to immediately act against a power surge, and



¢) the employment of qudified personne to monitor the network and respond to emergencies around-
the-clock.

The continuous hift of demand patterns and the unbundling of the power industry are pushing the grid
to its limits, leaving less gace for error, and making bladkouts more likely [CND+00]. It has become
more difficult for today's preventive measures to sustain stability. Fortunatdy, new technologies are
under development, bath in hardware and software, to provide quick on-line control and improve
stability. For instance, solid-state power control devices—the so-cdled flexible AC transmisson
systems (FACTS)—are being developed to quickly ad in response to disturbances [Hin8§
[Hin91][Hin93]. FACTS constitute afamily of devices that can quickly, reliably, and precisdy adjust
parameters of the physical network, such as line impedance. These devices can be switched at high
speed s0 as to influence dedric-power output and, thereby, compensate for its imbadance with
mechanica-power input, absorb oscillations, and uphold the synchronization of the generators.

6.2 The Experimental Set-up

The congtituents of the experimental set-up are g the modd of the physica network (its state variables,
controls, and dynamic equations), b) the operating constraints, c) the disturbances, and d) the cortrol
problems that arise from the disturbances. Once these problems are instantiated, the suggested solution
approach can be put into adion and its effediveness assessed. A tremendous, tedious effort is
indispensable to formulate these dynamic control problems from the basic dements (especiadly, in data
gathering, experiment design, and computer implementation). This sction puts together a procedure to
cary out transient stability studies by @) enumerating the steps to formulate the control problems, b)
providing the details of the suggested solution approach, and c) delivering a means to evauate the
eff ediveness of the solution. The steps are depicted in Figure 6.1 and are fully described below.

1) Pick a Power Network and Associated Equipment

The IEEE 14-bus and 30-bus power networks [CR73b] were chosen for the experiments. Their
specification defines the topology, the transmisson lines, and the properties of the associated equipment
(e.g., generating units, transformers, and loads). We have added turbine-speed governors [CR734] (that
tune the speed o the turbines and thereby match mechanica-power input to e ectric-power output) and
FACTS devices onthe power lines.
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1) Pick apower network and associated equipment

Qf> 2) Compute an acceptable operating pant

b 3) Chocse amodd to simulate the dynamics

% 4) Select contingencies

&f> 5) Set up the dynamic control problem

% 6) Devise and implement a solution to the problem

% 7) Simulate the incident and evaluate performance

Figure6.1: The stepsto formulate dynamic cortrol problems and assessthe quality of the solutions.

2) Compute an Acceptable Operating Point

Before computing an operating paint, we @mnvert the power network into its equivalent dectric circuit.
Thisis accomplished by replacing load and generation buses with voltage sources, FACTS devices with
adjustable airrent sources, and the other equipment with their ectric equivalents.

Given the equivadent eectric circuit, the computation of an acceptable operating point boils down to
findng the voltage magnitude and plese angle for each circuit node or bus—locations where the
voltage is identicad—that meet the constraints. Examples of congtraints are g the rated voltage at the
buses, b) the power delivered at the load buses, and ¢) the maximum power transfer in thelines.

In its smplest form, the @ove problem is cdled the load flow problem, and is equivaent to finding a
solution to nonlinear equations [GS93, pp. 253-285]. Usudly, two parameters are given and two are
unknown & each bus. At generating buses, for instance, the voltage magnitude and red power are given,
but the phase angle and readive power are unknown. A solution to these equations congtitutes an
accetabl e operating point.

In ou implementation, the task of finding operaing points was fadlitated by the use of GAMS
modeling language [BKM92] and MINOS 5.3 optimization package [MS83]. GAMS permitted the
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development of a template to instantiate these optimization problems, and subsequently tadle them
with MINOS 5.3.

3) Choose a Model to Simulate the Dynamics

The solution to a load-flow problem yields an operating (equilibrium or steady-state) point that
complies with the constraints. The solution itself does not say how the network, ©, arrives & a steady-
state point, nor does it say how © jumps from one point to another as it experiences exogenous
influences. The missng dement is the dynamics of ©. This section touches upon the modding of its

dynamics by dfferentid eguations.

A few models have gppeared in the literature to smulate power-network dynamics [PM94, pp. 49-118].
The most accurate models utilize several state variables of the synchronous machines—power
generators—and spell out relationships and time-dependencies in the form of differentid equations.
Other modds, however, aggregate state variables or simply neglect the least influential ones. Our
model, perhaps the smplest of al modes, represents machines as voltage sources, loads as constant
impedances, and FACTS devices as adjustable aurrent sources [GAT+96]. Figure 6.2 depicts the circuit
of network PN-5. (To assmble PN-5, we ingtdled two FACTS devices—one in line 1-5 and the other
inline 3-4—inthegrid o Example 7.9 from [GS93, 7.4, pp. 271-275].)

Bus1 Bus5 BUS4 s Bus3
FIRWAS
Gen1l Gen 2
vys T FaCtSl o V43,
- Bus?2 B
Load

Figure 6.2: The smplified circuit of power-network PN-5. The FACTS are modeled as current sources
whose phase angles (d's) are ajustable. PN-5 was designed by adding the FACTS devices to the
network of Example 7.9 of [GS93, 7.4, pp. 271-275].

Suppose that M machines suipply power, and N FACTS provide on-line antrol, to network ©. In our
model, the state of © encompasses the phase angle (d,) and speed (w,) of ead machine-m, and the
control input encompasses the phase angle of each devicen (u). Let 3= (3,...,9,) be the vector of

phaese angles, W= (w,...,w,) be the speed vedor, and u = (u,,...,u,) be the cntrol-input vector. Then,
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the state of © becomes x = (d,w) and the cortrol input, u. With this notation, the rotor dynamics of

machine-m can be smulated (by the so-cdl ed swing equations) as follows:

ds,
— = wm - w nc
dt 7
dw

— = [p,(5,,0,1) —pe,(xub)]/I, - D, &, — w, 1/,
ot

Thelist below off ers adescription of the parameters and functions appearing in the swing equeation:

a)

b)

c)
d)

p,(3,,w, 1) isthe mechanica-power input to machine-m.

This quantity is dso subject to dynamics in the sense that a turbine-speed governor [CR734)]
continually struggles to match p, to the electric-power drawn from machine-m. In gas turbines,
the governor raises the steam flow (and thereby, turbine speed) to compensate for a shortage of
power.

In ou experimental set-up, control agents play the role of turbine-spead governors. The slow
readion-time of governors—relative to that of dectric equipment—is imposed by constraints
on how quickly agent-m can adjust p, .

pe (x,u,t) isthe dectric-power output a machine-m.

This quantity is not only dependent on the state of machine-m, but dso on the global state, non-
loca control inputs, and the network itsef. To compute pe_ for all madines, we first caculate
the voltage and current phasors (complex numbers with magnitude and angle) for al buses, and
then readily obtain the power generated or absorbed by the buses.

The network state and control inputs (x and u) determine the voltage, or exclusively, the current
phasor at eat bus and, therefore, the missing quantities can be caculated using Kirchoff’s law.
(Let V be the voltage-phasor vector, | be the airrent-phasor vector, and Z be the impedance
matrix. Then, we cdculate the missing vaues with the equation V = ZI.) Once the voltage and
current phasors are available, we compute the power produced or absorbed at bus-k, p,, with the
expresson p, = Red{V,,} (where Red{z} is the real part, and Z isthe cmplex conjugate, of
z). The computation of p, can be caried out numericaly (by solvingthe ébove linea equations)
or agebraicdly (by expressing p, as a function of x and u). The éectric-power output is a
highly nonlinea function of the state and control variables, involving severd sinusoida terms.

J_dands for the inertia of machine-m.

D, stands for the damping factor.
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e) w,, isthenomina speed (usudly, 2r60 rad/s).
4) Select Contingencies

Contingencies are random incidents that inflict disturbances in the network. Typical contingencies are
lighting strikes, short circuits, and power surges. Often, they trigger countermeasures that attempt to
isolate the fault, prevent equipment damage, and damp down the disturbance. A dramatic incident is that
of cascading failures: a disturbance initiates a sequence of reactions that spreads outwards from the
initiating site; system operators watch heplesdy as their network breaks into pieces, leaving many
customers without service [CT99]. These incidents bring the network to its knees, often ending with its
collapse, ablackout, such as the one that occurred in the WSCC (Western Systems Coordinate Council)
system in 1996. In the aftermath, millions of households were left without supply and further pendized
with increased costs.

Today, the control measures are mostly preventive and are composed of the following steps:
1) simulatethelikdy incidents to single out the threatening ones,
2) anayzethe dangerous incidents and determine corrective control actions, and

3) implement the control actions.

These steps are known as transient stability studies. We now describe them more precisdy. Let dx/dt =
h(x,u,t) be the equations that smulate an incident (perhaps a series of them). Let (x(t,),u(t,)) betheinitia
operating point a time t. The network © remains a the operating point from t, until t, when the
incident begins to unfold. Thereafter, the structure of © changes, the machines undergo oscillations, and
they eventudly settle down at another operating point or lose synchronization (the collapse of ®). The
incidents that hurl ® into an unacceptable operating point, or cause its collapse, need further andysis
and countermeasures to prevent reoccurrence. Often, the countermeasures are implemented as safety

margins that reduce power generation and flow in the lines.

Figures 6.3 and 6.4 illustrate two incidents, one harmless and the other catastrophic, in network PN-5.
Figure 6.3 shows the stable response to the harmless incident (the temporary disconnection of line 4-5
from 1 sto 1.10 s): the generators experience oscillations, but sustain synchronization and gracefully
settle down at another operating point. Figure 6.4 shows the unstable response to the catastrophic
incident (the disruption of line 4-5 and the short circuit at bus 2, both from 1 sto 1.5 s): the generators
are helpless; they lose synchronization and are eventualy shut down.
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Figure 6.3: Thetransent response of network PN-5 to a non-severe contingency: the disconnection of
line 4-5 from 1 sto 1.10 s. The incident knocks the generators off baance, however, they recover
synchronization and gracefully approach another operating point.

As previousy mentioned, solid-state devices are being developed to mitigate the inability to act quickly
againgt disturbances. These FACTS devices are fast enough to be utilized on-line and, thereby, improve
robustness and prevent collapse. Our experimenta set-up makes use of FACTS devices and considers
two types of contingencies: 1) the trigger of brakers as modded by the disruption of lines, and 2) power
surges as model ed by the abrupt, arbitrary change of load impedances.

We have decided to modd disturbances as initid states that are away from the operating point, as
opposed to injecting contingencies, to facilitate the implementation of experiments. For instance, the
dynamic eguations become time-invariant and the control task is reduced to driving the network back to
its operating point. The disturbances were obtained by inflicting contingencies, s mulating the dynamics
(without on-line control) for afew seconds, and recording the final stete.
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Figure 6.4: The ungtable response of power network PN-5 to a severe disturbance: the temporary
disruption d line 4-5 and the short circuit of bus-2, both from 1 sto 1.5 s. Gen-1 speeds up faster than
Gen-2 does, they lose synchronization and are eventually shut down.

5) Set Up the Dynamic Control Problem

This gep chooses an objedive function, identifies the operating constraints, and combines them with the
deliverables of the previous steps (eg., the dynamic ejuations, the operating point, and the
disturbances) to set up the DCP. This problem isformally stated below:

Minimize f(x,u)
Subed to: H(x,dx/dt,u) =0
G(x,dx/dt,u) < 0.
Where:

a) thestate x = (d,w), isthevector with the phase angle and angular speed of dl generators,

b) the oontrol input, u = (4,v), conssts of the angles of the FACTS, pu= (W,...4,), and the
mechanicd-power input to the generators, v = (v,,...V,),

¢) thedynamic equationsareburiedin H,

d) the mngraints on mechanicd-power control, and ather limits, appea in G, and

e) theobjectivefunctionisthe amulative distancefrom the operating point and cost of the control
effort; that is; = [ Ik~ [fdt + B "Il — Ifct + Buf,, IV — v,Ifclt, where 8 x,, 1, and v,

define the pre-fault operating pint, and b) (3, and (3, are conversion rates.
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6) Devise and Implement a Solution to the Problem

A series of satic optimization problems, <(P)>, is lved in placeof the DCP, whose dements are

solved by the following control approaches:

a)

b)

The centralized controller (C))

C, is an agent that senses the entire network ©, and sets the vaues of dl its controls by solving
ead (P) with thehelp o an SQP optimization package [LZT94).

The collaborative net (C-Net)

The gyents of the C-Net are deployed to exclusively control the FACTS devices and turbine-
speed governors. The agents induce an exad match and run the proximate-exchange protocol
synchronously and in pardld to solve { (P,)}. To better understand the way they work, |et:

* Y (t) bethevauesof agent-m’s proximate variables & timet,, and
* S, be aent-m'’s reaction function, that is, a mapping from Y_to agent-m’s proximate
variadbles, (X ,U ), corresponding to the solutionto (P,) withthegiven'Y .
Then, the work of the agents can be described as follows:
ULIXED) =S,
(Ut X)) =SY(E),

(UM+N(tk+1)’XM+N(tk+1)) = SVHN(YMJfN(tk))'

7) Simulate the Incident and Evaluate Performance

A complete experiment comes out of the above steps. We are left with the task of simulating the

incident, recording the state-control trgjedory under the cntrol of C, or the C-Net, and evauating their

performances.

6.3 Experiments in the IEEE 14-bus Power Network

Figure 6.6 shows the performances of the C-Net relative to C's, C-Net penalty, for incidents that take
placein the IEEE 14-bus network (Figure 6.5). The chart shows that the C-Net incurred low pendty in
mogt incidents, sustaining a C-Net penaty mean whose vaue is under 10%. The results are

encouraging—they bea out that C-Nets can be dfective in controlling retworks of high complexity.

The gyents were left doneto grapple with the incidents and still managed to pull the network badk to its
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operating pant. The remainder of this dion reports the detail s of the studies herein, which carry over
to the next sedion.

The experiments were conducted in the manner delineated in the precaling sedion. In particular, the C-
Net is made up d ten agents: a) five of them are in charge of the turbine governors and locaed at the
generating Stes, and b) the others are in charge of the FACTS devices. Further, the perception d the
agents and the communication links induce an exact match. The incidents consist of a mix of aorupt

changes in power demand (load impedances) and the disruption o lines.

The evauation of the solution found by the C-Net, f(C-Net), exceeded the one found by C,, f(C), in dl
incidents. This excessis cdled cumulaive C-Net penalty, and defined as [f(C-Net) — f(C)] / f(C).
Noticethat cumulative C-Net pendty differs from C-Net pendty (in the sense that the former uses the
objective function of the dynamic control problem—not that of the rolling horizon formulaion—and
therefore accounts for the entireincident).

2
Fll
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Generators
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Device
4 5
Trensormer VA AN £ | m. ©
AVAVAV; AVAVAV. 4
7 6
Buses . 10 12
7 8 9 11 13
14 \Power

Figure 6.5: The one-line diagram of the IEEE 14-bus circuit with five FACTS devices. The diagram
illustrates the locations of the generators, FACTS devices, loads, and transformers. With exception of
buses 1, 7, and § al buseshaveloads plugged in.
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Figure 6.6: The performances of the collaborative net, relative to the centrdized controller’s, in the
IEEE 14-bus network. The evaluation d the solution found by the C-Net, f(C-Net), exceeded the one
found byC,, f(C), in each contingency. This excessis call ed cumulative C-Net penalty, and defined as
[f(C-Net) —f(C)] / f(C,). The mean vaue of the cumulative C-Net penalty is under 10%.

6.4 Experiments in the IEEE 30-bus Power Network

This sdion contrasts the performances of the C-Net with those of the cettrdized controller, C,, in
incidents that take placein the |EEE 30-bus network (Figure 6.7). Both the C-Net and C, succeeded in
pulling the network back to its operating point in al incidents. Figure 6.8 shows the cumulative C-Net
penalty (%) that we incur when the aithority (over the network) istransferred from C, to the C-Net. The
results in the IEEE 14- and 30-bus networks are adike: the C-Nets attain good performances in most

contingencies and sustain penalty mean-va ues of approximately 10%.

94



[e]

FACTS ’VW
7 Device \ 9 Mw
Fa
11 10

N
¢
N
—
o
;]
@
®
P
=
3

20

\\\ Ii -
1 16 19 22 25 30
3 é 12 18 24 |26
Fs
13 14 23
Fe AVATAY;
I @ UVAVAV, Buses
4 15

Figure 6.7: The one-line diagram of the IEEE 30-bus circuit with sx FACTS devices. The diagram
shows the dtes of the generators, FACTS devices, and transformers. Almogt dl buses have loads
hooked upto.
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Figure 6.8: The performances of the wllaborative net and the centralized controll er in the IEEE 30-bus
network. The chart shows the cumul ative C-Net pendlty, [f(C-Net) —f(C))] / f(C)), for ead contingency.
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6.5 Discussion

The results reported in this chapter are prdiminary: both the problem statement and the solution
approach have been simplified by omitting elements of read-world networks. The work, however,
establishes the basic ground for further developments, indicates that the suggested sol ution approach has
merit, and provides insights into the difficulties that lie ahead. Below, we address the simplifications
and comment on future investigations:

e Transent Stability Studies

Power networks are continually jumping from one operating point to another, as they
experience changes in the configuration and disturbances. However, our studies neglected this
behavior to keep the implementation effort to a minimum: the contingencies are mere
perturbations of the operating point and the problem rests on bringing the network back to its
operating point. Accounting for the varying configuration will definitely improve the fidelity of
the results, but this does not come without the expense of substantia implementation effort.

« Exact Match

An exact match is neither desirable, nor affordable in red-world networks. Therefore,
alternatives need to be found to reduce the degree of matching in the C-Nets that were deployed
to the standard power networks. The difficulty of low degree matching liesin the high coupling
between the subproblems, i.e,, the influence of FACTS devices on the generators is about the
same order and nonlinearly dependent on their state. The tudies indicate that adequate
prediction of the values of the remote variables, rather than the use of the default values, is
imperative to promote convergence to good solutions. The C-Nets do not aways sustain

synchronization when the match isinexact.

* Asynchronous Work

In actud networks, the agents do not solve one dement of <(P)> after another. Rather, they
tackle subproblems of different complexities and sizes, have different abilities, and work
asynchronoudy and in pardlel. Agent-m, for instance, might implement the solution to (P,)
every second, while agent-n might implement the solution to (P,) every minute. Therefore, the
variable work-cycle needs to be examined before C-Nets are deployed.
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6.6 Summary

This chapter has provided experimenta evidence that collaborative nets can be dfective in complex
red-world retworks. It touched upon the status quo of transent stability in power systems and
enumerated the basic steps for the analyses thereof. Then, these steps were followed to evduate the
performances of the collaborative nets and those of centralized controll ersin two standard power grids:
IEEE 14-bus and 30-bus networks. Finally, it addressed the limitations of the studies herein—namely,
the use of synchronous work and the smplifications of the cae studies—and suggested future

investigations to improve the fidelity of our results.

With resped to the core questions of the dissrtation, the tapter offers empiricd evidence that locd
and digtributed agents can arrive a solutions that approximate in quality those of a entrdized agent.
Further, the results suggest that the asynchronous, paralel work may produce solutions of good quality,
in light of the fact that the synchronous, paralld work has yielded good solutions.
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Chapter 7

Matching Agents to Subproblems

The preceding chapters were centered on the means that push the solution d {(P,)}, by a collaborative
net, toward a solution to (P). These means consist of collaboration protocols and resource margins. The
subproblems, the agents, the variables measured or governed by them, and their communication links
were given. How do we bresk up (P)? What variables sould ead agent sense or regulate? What should
the neighborhoods be like?These designissues play arolein the df ectivenessof collaborative nets and,
if inadequately resolved, can sed ther fate.

This chapter recognizes the rdevance of the above questions and dffers a preliminary study on the
matching of agents to subproblems—that is, the design of the proximate, neighborhood, and remote
variables of the agents. The focus is on the spedfication of the variables that ead agent can sense and

the make-up of neighborhoods that, together, maximize an estimate of the overdl performance.

We bring together the guidelines that we have used to breg up (P), into { (P, )}, and present two models
that assist in matching agents to subproblems. We bdieve that the modes will help to design C-Nets,
provide insights on the benefits of the design and the difficulties thereof, and serve & prototypes for
more elaborate matching models. In essence, the inputs to the models are:

1) the aents,

2) the variables that the agents govern, [U,,...,U ], where U_ is the set of agent-m’s control
variables,

3) theinfluence of control variable u on statevariable x , &(u X ),
4) the communication cost for agent-m to sense state variable x , w(m,x ), and

5) the ommunication requirements and bottlenedks.

The first modd addresses the spedficaion o proximate variables © that the overal influence of the
agents on these variabl es is maximized, while smultaneously minimizing the total communication cost.
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The second modd extends the first one to aacount for the influences of each agent on its neighborhood
variables whil e minimizing the tota cost of communication—that is, it minimizes the influences of the
agents ontheir remote variables. More formally, the model specifies X and Y, for ead agent-m so asto

The chapter is organized as follows. Section 7.1 states the asumptions of our matching models. Section
7.2 presents the modd that maximizes the influences on proximate variables, and develops an efficient
algorithm to compute optima matches. Section 7.3 formali zes the mode that maximizes the influences
on poximate and neighborhood variables, and aso demonstrates the computationa hardness of finding
representative matches. Section 74 illustrates the use of the second mode in aforest of penduums.

7.1 Model Assumptions

Instances of the forthcoming mode s are made up of thefollowing deta:
» Theset of subproblems, {(P,)}, which originated from the decomposition of (P).

* G = (AOB,E), the bipartite graph [BM79] that models the structural influences of the agents on
state variadbles: A = {1,...,M} represents the agents (the cntrol variables), and B = {1,...,N},
the state variables. (Noticethat |A| = [{ (P,)} | if the modd is consistent with the subproblems.)

» Theset of control variables whose values are set by agent-m, U .

» The influence of control variable u_ on state variable x, &(u_x) O R,. (For example, d(u_,x )
could be an estimate, or average, of the sensitivity of state variable x to changes in control
varidble u , [[o(dx /dt)/au_||, about the operating point of the network.) The influence of agent-m
onstatevariablex isd(U_X) =3 ,0,.0(U,X).

* The st w(mx) that will be incurred to establish a cmmunication link from agent-m's
locationto sate variablex’s.

e The minimum number of communication links that each agent-m must establish, Ib(m),and the
maximum number of links that it can handle, ub(m).

»  The minimum number of agents that must sense state variable x, Ib(n), and the maximum
number of agents that can sense x, ub(n).
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The asumptions are the following:

* Two agents are neighbors if they sense the values of a wmmon state variable, meaning that
they can exchange data d@ the state variable's site. This assumption is not limiting however,
since the introduction of an artificid State variable can capture the dired communicaion
between two agents.

* Theinfluences of the agents on ore another are omitted to facilitate the analysis heredter and,
asin the precaling assumption, can be acmunted for through the use of artificid state variables.

7.2 Maximizing the Influences on Proximate Variables

The problem comes down to picking the cmmunicaion links (from agents locations to State
variables’) that maximizethe overdl influence of the agents on their proximate state variables while, at
the same time, kegping the total communication cost a its minimum. That is, the specification of X for

that it is graightforward to daborate the mode to encompassproximate state and control variables.)

The two dbjectives are conflicting—an increase in sensing can incur additional communicéion costs.
Thus, the probem fdls into the dass of bicriteria problems [MieQ9]. Typicdly, they do not admit
equivdent, optima solutions, but rather contain several nondominated solutions—those whaose
improvement in one of the objectives invariably causes the degradation of another. These solutions
constitute the so-cal ed Pareto set [BO82] (curve or surfacein continuous problems), which dsplays the
trade-offs that we make when one objective is preferred to the other. In what follows, we show how to

efficiently compute arepresentative subset of the Pareto set.

Theorem 7.1. Let Q be set of nondominated solutions to the problem of maximizing the overall
influence of the agents on their proximate state variables, while minimizing the tota communication
cost. Further, let W be a representative subset of Q, that is, one subset containing at least one
nondominated solution for each possible trade-off between influence coverage and communication cost.
A representative subset W can be computed by solving O(|W|log(y)) minimum-cost network-flow

problems [AMO93], wherey isthe number of bits used to encode numbers.
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Proof. The demonstration provides an algorithm to compute V.

Initialization:

Let G = (AOB,E) be a complete bipartite graph whose vertex setsare A= {m| m=1,...,M} (for
the ayents) and B ={n|n=1,...,N} (for the state variables).

Represent ead agent by a source node whose lower and uoper bounds reflect its
communication constraints.

Similarly, represent eat state variable by a sink node whose bounds are equivaent to its
communication limits.

Set theiteration counter to zero, t = 0.

Let (a,B) O (R)* be the trade-off pair between influence sensing and communication cost,
starting with (a,3) = (1,0).

Let the capacity of eat edge (m,n) be one unit, ub(m,n) = 1.

Set the cost of ead edge (mn) to the cmbination d agent-m’'s influence on x and its

communication cost as defined by thetrade-off: c(mn) = —[a.0(U_x) —B.w(mx)].

L et the representative subset of the Pareto set be the empty set, ¥ = 0.

Main Procedure

Solve the minimum-cost network-flow problem in G; and let ), beits olution, that is, the set of
links connecting agents' sites to those of state variables: |, defines the proximate state variables
for dl agents, [X,..X,], and is a member of the Pareto set with trade-off (a,B). (The

neighborhood variables are identified through the overlgps of agents' proximate variables.)
Add y, to .

If the evauation of |, isidentica to that of asolution to the problem where (a,3) = (0,3), then
stop.
Seta,, =aq.

Execute binary expanson and seach on the parameter 3,

+1?

solving flow problems that
minimizethe mix of the two dbjectives as defined by (a,,,,,.,), to find the 3, that induces the

“next solution,” ,,,. By the “next solution” we mean a solution y,,, different from (), obtained

t+1" +17

by the smallest increase on the vaue of 3.

Increment t by 1and repeat the above steps.
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Since number encoding is bounded by y bits, the seach for the “next solution,” ., solves at most

t+1?

O(log(y)) flow problems. Therefore, W can be computed by solving O(|W|log(y)) minimum-cost

network-flow problems. m

Corollary 7.1. Let the influence of control varidbles on state variables, {&(u X)}, and the
communication costs, {w(m,x )}, be random variables. A representative subset of the nondominated
solutions with respect to the expected influence of the agents on their proximate state variables and

communication costs, W, can be found bysolving O(|%|log(y)) minimum-cost network-flow problems.

Proof. Consider a trade-off (a,,3), as defined in Theorem 7.1, and a solution , to the corresponding
network-flow problem. The expected influences of the agents on their proximate variables and
communication costs, denoted by E[y], is precisdy the weighted sum of the expected influences and

expected communication costs of the links appeaingin . More formaly,

E[W] = yowEl0 (U %) = Bw(mx)] = o3 0w ElOU X)] = B2 yowEMW(MX)].
(The expected value of the sum of random variables—not necessarily independent—is equd to the sum
of their expeded values [Leo94, pp. 232-239].) Hence, a representative subset of the nondominated
solutions, W, can be found as in Theorem 7.1 by using E[&(U_,x )] and E[w(m,x )] in placeof (U ,x)
and w(mX ), respectively. m

7.3 Maximizing the Influences on Proximate and Neighborhood

Variables

This sction krings the influences of the agents on neighborhood state variables (those whose values are
obtained from their neighbors) to the previous modd. The extended model seeks the communication
links that maximize the overal influence of the agents on their proximate axd neighborhood state
variables, while keeping the tota communication cost a a minimum—equivalently, it minimizes the

influences of the agents on their remote state variabl es.

More formally, the model specifies X and Y _for each agent-m (assuming that Y _is redtricted to the

proximete state variables overlap, that is, X n X # 0. (We have onsidered only the influences on state
variables for the sake of smplicity; the modd, however, can be easily extended to aacount for the
influences onthe @ntrol variables.)
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Like the previous modd, this one acmunts for two confli cting oly edives—influence maximization and
communication cost minimization—and admits a set of nondominated or Pareto solutions. The problem
of findng aPareto solution for a given trade-off (between influence coverage and communicaion cost)
can be formulated in mathematicd programming, using integer variables and anly linear constraints
[Wil78]. Thus, this problem lies in the domain of integer programming [Wol98] and, in principle, off-
the-shelf packages (such as CPLEX) can be put into action to find Pareto solutions. The not so good
news is that the computation d a representative subset of the Pareto set can be shown to be NP-Hard
[GJ79). In what follows, we show this computationd hardness through a reduction from the dique
problem [BM79, §7.2, pp. 101-116] and discussits implicaions.

7.3.1 The Hardness of Computing Representative Subsets of the Noninferior

Matches

Let G, = (V,,E)) be an undrected graph that does nat contain a cli que (a complete subgraph) of size s+1.
Isthere a tique of sizesin G, covering a given vertex u? The question can be reduced to the problem
that maximizes the overal influence of the agents (on proximate and neighborhood State variables)
while minimizing the tota communication cost. The steps of the reduction are:

1) LetG,=(V,E) bethesubgraph d G, induced byu, G,[{u}]: the subgraph that consists of u, its
adjacent vertices, and al the edges with bah ends in these vertices.

2) Generate graph G = (AUB,E) for the matching problem asfollows:
 LetA={1,..,M} betheset of verticesthat correspond to the agents, where [V,| = M.
e LetB={1,...,M} bethe set of verticesthat correspond to the Sate variables.
* Let @ be abijective mapping from the dements of A onto those of V,.
e Assumethat @(1) = u.
» Let¢ betheinverseof @ (the mapping from the dements of V, onto the dements of A).
« LetE={(mm)[mOA} O{(®().¢@). @@.¢M)|(P.a) DE}.
3) LetU ={u} foreachminA.
4) Setw(mx)=0andd(u_x )= 1for each vertex minA.
5 Setw(mx)=s-¢€anddu,x)=1foral (mn) OE such that m# n. Parameter € is a small,
positive value drawn from the open intervd (0,/(2M)), which facilitates the forthcoming
demonstration. Essentialy, it alows the counting d dl links from agents' locations to those of

state variables, directly from the value of the objective function and without including the links

that conned ead agent-m’s location to X 's. Also, parameter € makes the eva uation of amatch
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corresponding to a dique of size s, higher than that of a trivid match (one that connects ead
agent-m to state variable x ).

6) Set thetrade-off pair (a,) to (1,1).

7) Setlb(n) =0andub(n)=M fordl ninB.

8) Setlb(m)=0foradl minA.

9) Set ub(m) =1fordl min A\ {1}, and set ub(1) = s. (These bounds prevent the identification of
multiple cliques of size s and force the “pricy” links—edges of the origind graph, G—to

emanate only from vertex 1, which correspondsto vertex u.)

10) Let ¢ be anondominated match for the trade-off pair (a,B) = (1,1), that is, a set of links that

maximizes the following function:

fw*)=a.50U x) + a.> (U x)
(mn) Oy~ ™ ™ n

(mn) O™, st. (mp),(kp), and (kn) CP*

- B.Iw(myx)

) O

11) Graph G, contains a clique of sizes covering vertex u if, and anly if, the value of the objective
function of Y, f(U'), isequal to M + (s — 1)e. (Essentidly, f({)") takes on vaue M if G, does not

contain a dique of sizes, and M + (s— 1) otherwise.)
Below, we demonstrate that the statement in step-11isvalid.

Theorem 7.2. The graph G, has a dique of size s covering vertex u if, and only if, the vaue of the
objective function of " for the trade-off pair (a,B) = (1,1), f({), isequal to M + (s — 1)e.

Proof. (0 ) Let C be a tique of size sthat contains vertex u. Compute the following sets of links:

* Thetrivial proximatelinks: thelinksin N,= {(mm) | mO A}.

* Thenontrivial proximatelinks: thelinksin N,= {(¢(u), ¢(v)) | (u,v) isin E(C)}.

Let ¢’ =N, O N, be amatch. Noticethat [N,| = M and |N,| = s — 1. Let the neighborhood links constitute
theset N,={(mn) | (mn) O N,, (e(m),@(n)) U E(C), and Dagent-k and state variable X such that (mp),
(k;p), and (k,n) belong to Y’}. That is, link (mn) belongs to N, when agent-m senses state variable x_
indiredly, through its neighboring agent-k. Since C defines aclique of sizes it followsthat [N,| = & —s
—(s—1)=(s-1)" Thus f(W) = N + [IN = INJs = )] + N =M + [(s - 1) = (s - 1)(s - €)] + (5~ 1)’
=M + (s—1)e. Noticethat |’ is indeed a nondominated solution. The wnnection of an agent-m, other
than agent-1, to a state variable x , other than state variable x , would potentidly increase the vaue of

f(y') by € only if G, contained a dique of Sizes+ 1. Therefore, the nontrivial proximate links (the ones
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emanating from agent-1) and the trivial proximate links induce a nondominated match ” for the trade-
off par (a,B) =(1,1).

(0) Let ¢ be a nondominated match for (a,B) = (1,1) such tha f(y) = M + (s — 1)e. Digtribute the
elements of Y’ into the sets of trivial proximate links (N,) and nontrivial proximate links (N,). Further,
compute the neighborhood links (N,) induce by W': N,= {(mn) | (mn) Oy and Dagent-k and state
variable x such that (m,p), (k,p), and (k,n) belong to W}, Itfollowsthat f(Y) = IN,| + [IN] = IN,|(s— €)] +
IN,] =M+ (s—1)e. Since0<e<U(@2M) and [N,|] < M + (s—1) < 2M, it followsthat 0 < [N |e < 1. These
equalities and inequalities imply that |N,| = (s — 1) and that |N,| + N, = M + (s — 1)>. According to the
previous argument, [N,| = M in any optimal solution and, therefore, and |N,| = (s — 1)°. From these facts
and the bounds on communications, we conclude that dl nontrivial proximate links, N,, emanate from
agent-1. Let T bethe subset of ) that spans the largest connected component of G containing agent-1.
Notice that the set of vertices of the subgraph induced by T, V(G[t']), has cardindity 2N,| + 2 = 2s.
Since dl neighborhood links are induced by T, the number of linksin G[T]is|E(G[T])| = (IN,| + 1) +
IN| + [N,| = s+ (s— 1) + (s— 1)’ = <. Therefore, the set of vertices V, = {@(m) [m O Aand m O V(G[T])}

defines aclique of sizesin G,({u}) that coversvertex u. m

Corollary 7.2. The problem of finding a nondominated match for the trade-off pair (a,B) = (1,1) is
computationally hard.

Proof. The problem of finding a clique of size sin agraph G, = (V,,E,), covering a vertex u, can be
reduced to the problem of finding a nondominated match with (a,) = (1,1) in polynomial time, as
described in steps 1 through 11 and demonstrated in Theorem 7.2. Since the maximum clique problem
for undirected graphs is NP-Complete [GJ79] and, moreover, can be trividly reduced to a polynomial

sequence of the clique problem in consideration, it follows that computing a nondominated match for
(a,)=(1,1) isNP-Hard. m
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Theorem 7.3. Let Q be the set of nondominated solutions to the problem of maximizing the overall
influence of the agents on their proximate axd neighborhood state variables, while smultaneoudy
minimizing the tota communication cost. Further, let W be arepresentative subset of Q, one @ntaining
a nondominated match for eadt trade-off (between influence coverage and communication cost). If the
sizeof the output, ||, is polynomid on the size of the input (the size of the graph G = (V,E)), then the
computation of W isNP-Hard.

Proof. Suppose that there exists an algorithm capable of computing W in pdynomial time on the size of
the input (O(MN)). Then, compute the convex hull of W, C(W), by sorting the dements of W with
respect to communication cost and then control influence. This operation can be performed in
polynomia time because, by assumption, |W¥| is polynomial on the size of the input. A smple binary
seach over C(W) can identify a match  that is nondominated for the trade-off pair (a,3) = (1,1). But
this contradicts Corollary 7.2. m

7.3.2 Implications of the Computational Hardness

From the computational hardness of finding a representative subset of the nondominated matches, and
the nature of the problem thereof, we draw the following conclusions:

* The Synthess of Nondominated Matches Is Likdy to Be Computationally Hard in
Extensions of ThisModd

After generdizing the aurrent modd, we invariably expand the classof problems that can be

reduced to it and, thereby, the new model remains computationaly hard.

* Near-Optimal Solutions Are Possibly Adequate

The qudity of the match (as measured by the above modds) is only indicative of the
performance of the allaborative net—there ae discrepancies between the mach quity
predicted by the modd and the actud performance of the induced C-Net. As guch, near-optima
matches, those doseto the Pareto set, arelikdy to be satisfactory.

* HeuristicsMay Find Near-Optimal Solutionsfor theHard Matching Problems

Zanakis and Evans [ZEB1] define heuristics as smple procedures, often guided by common
sense, that are meant to provide good hut not necessarily optima solutions to dfficult
problems, easily and quickly. In pradice, heuristics find rea-optima solutions even though
they sedldom have “good,” if any, performance guarantees [ZEV89]. Further, generd-purpose
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heuristics—the so-caled metaheuristics, such as Asynchronous Teams [TBG+98], Genetic
Algorithms[Dav90][CT97], and Tabu Seach [ Glo89—can tackle the matching problems.

* Randomization May L ead to the Design of Effective Algorithms

An algorithm that makes decisons at random is cdled a randomized algorithm [MR95]. In
some goplications, they are the smplest, or the fastest, or the only aternative. For the problem
of matching agents to subproblems, it is not hard to design a randomized dgorithm whose
probability of finding a nondominated match, for a given trade-off, is a least /M* (assuming
that the number of agents and state variables are both M, and that al match sizes are equdly
likely to be nondominated). This fact is encouraging and gpens up areseach drection.

7.3.3 Accounting for the Direct Communication between Agents

The model assumes that two agents can exchange data a the ste of a state variable that they bath reach
with communication links, that is, two agents are neighbors if their sets of proximate state variables
overlap. These asumptions impose no limitation sincethe dired communication between agent-m and
agent-k—without the mediation of the Ste of a state variable—can be captured as follows:

1) crede a atificid sate vari able>gmk),
2) set the dfects of agent-m and agent-k on state variable x , equal to zero, i.e, d(U x ) =0and
(U, X0 = 0, and

3) set the @t to establish direct communicaion from agent-m, and agent-k, to the ste of X i
w(mx ) andw(kx ), toidenticaly haf the st of communication between the agents.
7.3.4 Accounting for the Influences on Control Variables

The mode can be augmented to encompass the influences of the control variables on themseves. To do
so, just introduce atificid state variables to represent the ntrol variables, and set vaues of the

influences and communication costs (the & and w parameters) acardingly.

7.4 Putting a Matching Model into Action

This section illustrates the assistance of the preceding model in matching agents to subproblems. For a
forest of Sx penduums, we synthesize arepresentative subset of the nondominated matches, randomly
generate dominated matches, and then chedk the performances of the resulting C-Nets. The results
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indicate that the match qudity (as estimated by the modd) translates into the performance of the
induced C-Net. More spedficdly, the partial order [CLR90, pp. 81-83] of dominancein match quality
spaa appeas to be consistent with the partia order of dominancein C-Net performance space. The
material below describes the experimental set-up, details on the synthesis of matches, reports the

performances of theinduced C-Nets, and dscusssthe results.

7.4.1 The Experimental Set-Up

The experimental scenario is a forest of six pendulums placed dong a line. In this arrangement, eat
pair of pendulumsis joined by a spring whose stiffnessis inversely proportiond to their distance—this
stiffness pattern captures the weak bond between componentsthat are far apart, relative to those of close
ones, which is typicd of large and distributed networks. Figure 7.1 offers a view of the penduums,
Table 7.1 presents the stiffness of their coupling springs, and Table 7.2 shows the costs of

communication.

Like in Chapter 5, each pendulum is equipped with an agent that senses its date and sets the va ues of
its control variables. (More specificdly, the state of a pendulum consists of its sving angle, rotationd
angle, and their rates of change. Its controls are two horizonta and orthogona forces that act on its
swing and rotational planes. For more details, seeFigure 5.3.) In the event of a disturbance, the control
mission becomes to restore the synchronous operation quickly and cheaply—that is, to minimize
cumulative deviation from the synchronous trgectory and cumulative control-input cost. Herein, the
task consgts in identifying the match that induces the best C-Net to compl ete the control misson, with a

given communication budget.
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Pendulum Pendulum Number
Number

1 2 3 4 5 6
1 - 1.0 0.5 0.4 0.3 0.2
2 1.0 - 1.0 0.5 0.4 0.3
3 0.5 1.0 - 1.0 0.5 0.4
4 0.4 0.5 1.0 - 1.0 0.5
5 0.3 0.4 0.5 1.0 - 1.0
6 0.2 0.3 0.4 0.5 1.0 -

Table 7.1: The dtiffness of the springs in the forest of pendulums. The cupling between network
components, as modeled by the gtiff ness of the springs, diminishes with dstance. The magnitude of the
stiffness ranges from a maximum of one unit (when the pendulums are adjacent) to a minimum of two
tenths of unit (when they are far-off).

Pendulum Pendulum Number
Number
1 2 3 4 5 6
1 0.00 1.7873 | 1.1158 | 2.7057 | 4.6263 | 4.0197
2 0.5444 0.00 1.0503 | 1.4053 | 3.3443 | 4.6762
3 1.8578 | 1.4189 0.00 1.3958 | 1.7567 | 3.7200
4 2.6839 | 2.3205 | 1.6359 0.00 1.1361 | 1.7408
5 49595 | 2.3459 | 2.7603 | 1.0452 0.00 0.0235
6 48658 | 3.6679 | 3.0310 | 1.8470 | 1.1656 0.00

Table 7.2: The costs of communication from agents to pendulums. Entry (m,n) shows the cost w(m,x )
to establish a communication link from agent-m (sitting at pendulum-m) to pendulum-n. The value of
w(mx) was generated by adding a random number, drawn wiformly from (-1,1), to the “distance’
between the pendulums, jm—n|.
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Figure 7.1: A view of the fully conneded six-pendulum forest. Only the springs linked to pendulum-3
are depicted however.

7.4.2 Computing Matches

Theinputsto the matching mode arethefollowing:

The set of subproblems{ (P,)} that conformsto the breakup of (P) performed in Chapter 5.

The graph G = (AUB,E), whose agent set is A = {1,...,6}, whose dtate variable set is B =
{1,...,6} and corresponds to the pendulums, and whose edges induce a omplete bipartite
graph.

The variables governed by eat agent-m correspond to the antrols of pendulum-m. We asume
that agent-m can measure the state of pendulum-m without incurring any communication cog,
and that its influence on pendulum-mis 2 units.

The dfect of agent-m on penduum-n, 3(U _,x), is estimated as the tiff ness of the springlinking
pendulum-m to pendulum-n (Table 7.1).

The gt to establish a communication link from agent-m to pendulum-n, w(m,x ), is given in
Table7.2.

The bounds on communications for eat agent-m are Ib(m) = 1 and ub(m) = 6.

The bounds on communications for ead pendulum-n are Ib(n) = 1 and ub(n) = 6.

A binary expanson-and-seach was runto vary the trade-off pair, (a,), and synthesize nondominated

matches, as discussed in Theorem 7.1. However, integer-programming problems [Wol 98] were solved

for each (a,), rather than minimum-cost network-flow problems. Figure 7.2 shows the vaues of the

two objectives—the overdl influence of the agents on their proximate and neighborhood variables, and
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the totad communication cost—of the nondominated matches, {p,,...,p;}, together with those of
randomly generated matches, {r,,..r}.

We aknowledge the use of the NEOS Server at Argonne Nationa Lab for solving the above integer-
programming problems. They were formulated in AMPL modeling language [FGK 93], and then solved
with the optimization package MINLP [Ley98].
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Figure 7.2: The vaues of the objedives of dominated and nondominated matches. Each point p
corresponds to a nondominated match, that is, one whose objedives cannot be improved
smultaneously. Eadh point r _ corresponds to a dominated, randomly generated match.

7.4.3 Evaluating C-Net Penalty

A collaborative net was assembled aacording to the spedfications of each match, and subsequently
deployed to sustain the synchronous operation of the pendulums. After a random incident, the C-Net
and the entrdized controller C, solved a series of static optimization problems, <(P)>, containing
hundreds of e ements, to bring the pendulums back to the synchronous mode. (By centralized controller,
we mean an agent that can sense the state, and adjust the aontrols, of the entire network. Basicaly, C,
invokes anonlinea-optimization package to solve eat e ement of <(P)>.)

Consider any dement (P) of <(P)>. Let (X_,U,,) bethe solution to (P) found by C,, and (X_,,U,,) bethe
solution to {(P,)} found bythe C-Net. In dl incidents, the evaluation of the solution attained by the C-
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Net in the rolling horizon formulation, f(X,U,,), aways exceeded the one dtained by C, f(X_,U.).
The extent of this excessis caled C-Net penalty and is defined as [f(X_,U,,) — f(X.,U)] / f(X.,UL).
Figure 7.3 shows the mean value of this excess over hundreds of experiments, for the C-Nets that were
induced by the dominated and hondominated matches.
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Mean Value of C-Net Penalty (%)
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Figure 7.3: The pendties incurred by the C-Nets that were induced by the nondominated matches and

dominated, randomly generated ones. The C-Net pendlty is defined as follows: [f(X,,U,,) — f(X_,U.)] /
f(X.sUo), where (X_,U,,) isthe solution found by C,, (X,,U,,) isthe solution found by the C-Net, and
isthe objective functionin the rolling horizon formulation.

7.4.4 Discussion

The esduation d the adua quality of a match is laborious and time-consuming—it entails assembling
the resulting C-Net, smulating the likely incidents, and measuring performance. Thus, the failure of a
direct seach for noninferior (nondominated) matches looms large as the size of the network increases.
Take, for instance, a network made up of M agents and N Sate variables; it is easy to check that the
number of communicdion arrangements and therefore potentid matches, A(M,N), is bounded below by
Max{M",N"} and abowve by 2"™. To alay the arse of dimensionality, we have to pu our bets on a
modd that, withou resorting to smulation, estimates match quality and promotes rapid computation
of the noninferior matches.
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Alongthe lines of thefirst isaue (the estimation o match quality), the results reported in Figs. 7.2 and
7.3 appea to suggest the appropriatenessof our model. Spedficdly, the noninferior matches for the
moded have remained norinferior when their quality is measured in terms of C-Net penaty. Some
discrepancy is expeded such as the jump of match r, (from the 2" to the 4" layer of dominance) and
the nonmembership o match p, to the adua Pareto set. We have naticed that, despite these
discrepancies, the mismatch between @) the dominance relation in the mode and b the aduad
dominance relation in terms of C-Net penalty is reasonably low. (To understand this point, let A, be
the matrix where each element (m,n) is zero if, according to the model, match-m is not superior to
match-n, and ore otherwise. Similarly, let A, be the matrix obtained from the performances of the C-
Nets. It turns out that the mismatch between A, and A.—the number of inconsistent entries—is under
4% in our experiments.)

With resped to the second isaue (the computation of noninferior matches), the prospeds could be
pessmisticin light of the fad that the problem is computationally hard. These prospeds, however, do
not need to be taken as stbacks but rather as oppatunities to design heuristics [ZEV89], amplify
their abiliti es with metaheuristics [TBG+98], and parform research on dher agorithmic techniques
[Hoc97][MR95).

7.5 Summary

Theissuesin this dissertation are speed and qudity of the dedsions reached by heterogeneous, locd and
distributed agents in the operation of networks. For qudlity, we want the agents dedsions to be
comparable to those of centralized controllers. For speed, we want the agents to work asynchronously,

al agentsin parallel and each at its own pace.

This chapter has recognized that the agents “loca” regions of influence play a role in the qudity of
their dedsions. It has suggested modd s for defining these regions (matching agents to subproblems),
that is, for specifying the variables that each agent can sense (or control) and the neighborhoods.
Additiondly, it has analyzed the mmputational effort to solve the problems intrinsic to the matching
models, and offered an empirica study whose results corroborate our claims—namely, that the agent-
subproblem match influences the qudity (through the sensing of the influences that the agents exert on
the state and control variables) and speed (through reduced communication) of the dedsions found by
the llaborative net.
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Chapter 8

Conclusions

Large, widespread networks are operated by a multitude of heterogeneous, loca and dstributed agents.
(By “heterogeneous’ we mean that the ayents can range from simple devices, like rdays, to very
intelligent entities, like experts. By “locd and distributed” we mean that each agent can sense only a

few of the network’s date variables and influence only afew of its control variables.)

The fundamental questions are:

* Can heterogeneous, locd and distributed agents arrive at solutions comparable in qudity to
those obtained by centradized, ideal controllers?

* Canthese ggentsyidd the same quality while working asynchronoudy?

This dissertation provided evidence (some andytica, some empirica) to answer these questions in the

afirmative.

On the analyticd side, we have found sufficient conditions for the dfort of the agents to arrive a a
globally optima solution. On the empiricd side, we have observed that the their asynchronous effort
converges consstently to good solutions in small, but prototypica networks (arrays of pendulums).
Further, we have observed that the pardl e, synchronous eff ort of the agents produces good solutions in
highly complex and coupled networks (power grids), suggesting that the pardlel, asynchronous eff ort
may yield good solutions as well.
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8.1 Contributions

A Framework for Specifying the Tasksof the Agents

The rolling horizon approad was extended into a framework that divides the overdl optimization task
into much smaller, locdized tasks to be tackled bythe heterogeneous, loca and distributed agents.

A Taxonomy of Collaboration Protocols

The success in operating a network by distributed agents is due, to a gred extent, to the collaboration
protocol that promotes eff edive solution of the ayents' tasks. It then beames pertinent to formdizethe
design alternatives for protocols. In this regard, we identified relevant attributes, put them together in a
taxonomy, and studied a few instances (some andyticaly, some empiricaly).

A Demonstration That Collaborative Nets Can Be Effective

We put flat organizations of heterogeneous, locad and distributed agents (collaborative nets) to the test in
prototypica networks (forests of pendulums) and in more redistic, highly complex networks (standard
power grids). In the forests of penduums, the paradld, asynchronous effort of the agents produced
solutions comparable in quality to those produced by an omniscient agent. In power grids, the paralld,
synchronous effort yielded good solutions aswell .

A Quantitative Study of Agent-Subproblem Matching

We reaognized that the specification of the locd, influence region d ead agent, that is, the variables
that it can sense (or set the values of) and its neighborhood, play an important role in the performance of
C-Nets. To this end, we have g suggested modes for assisting in matching agents to subproblems, b)
analyzed anayticaly the computationd complexity of the problems thereof, and c) offered empirica
results.
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8.2 Extensions and Future Research

Applicationsof Collaborative Nets

We believe that the proposed approach (the bregkup of the global task into smal, loca subtasks and
their solution by a C-Net) can be beneficid to anumber of networks, ranging in structure (from static to
dynamic), in dedsion-making and control (from discrete to continuous), and in operation (from on-line
to off-line). Two patential instances are 1) arobot team engaged in surveill ance, landscape mapping, or
combat, and 2) anetwork in charge of production ganningin anindustria floor. We anticipate reseach
onthefollowing questions:

*  What means, such as protocols for agent coll aboration and learning, will promote mnvergence
to good solutionsin mixed-integer decision-making problems?

* How can congraint-satisfaction techniques be incorporated in the framework?

The Role of Stochastic Optimization in the Framework and Protocols

To date, only deterministic formulations of rolling horizon have been used in ou framework. This has
proven to be adequate as long as the decisions are revised frequently to compensate for modd
discrepancies. However, communicaion can become aburden, limiting the asynchronous, autonomous
work. We foresee the switch to stochastic formulations as advantageous in scenarios where prediction is
inaccurate, and wherethereis a greater nead of autonomy. We plan to look into questions sich as:

*  What are theimplications of stochastic optimization to convergence?

* How can dstributions on the variables be modeled, estimated, or |earned?

The Role of Automatic Learning

The behavior of the agents has been programmed as rules in the collaboration protocols. Here, there is
opportunity to legp aheal in making tomorrow’s networks more attonomous. We mean the use of
leaning to improve the ayents competence from past experience. More mncretely, we seeleaning
cgpabilities embedded in the agents to improve their predictions and modd sdedion continuoudy.
Indeed, these issues make up aur future researcch questions:

* How can learning be extended to derive distributions within a stochastic framework?

* How can prediction benefit from leaning in the operation of networks?
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Algorithmsand Combinatoricsin Self-Organizing C-Nets

We plan to push further the state-of-the-art of the agent-subproblem matching models, and agorithmsto
solve the problems thereof. One front congsts of the development of heuristics—as wel as the
identification o properties of the integer programs, such as cuts—to expedite the seach for noninferior
matches. Along the same lines, the other front lives in the aafting d randomized agorithms for

matching. We predict that the seaond front will give rise to sdf-organization and, thereby, increase the
autonomy of networks.
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Appendix A

More on Collaboration Protocols

A.1 The (Serial) Proximate-Exchange Protocol

LemmaA.l. If:
1) The conditions of Theorem 3.3 hold.
2) Theoverdl, current solution belongsto theinterior of the feasible s, that is, (X,U) O int(S).
3) d =(d,,d,)isafeasbleimproving direction for the minimization of A_at (X,U), that is,
(A /60X L0\ JoU )'d <O.
4) c, and c, aretwo positive constantssuch that 0<c, <c,< 1.
Then, there exist intervasfor y > 0 that satisfy the so-caled Wolfe conditions [NW99, page 39]:
o A (X +yd U +yd, Y )<A (0,X U Y)+cyoA /oX oA /oU )'d

o (N /0X)(@X +y.d, U +y.d, Y), (A /oU )(a,X +v.d U +yd, Y))d =

um’

C,(OM, /0X AN /AU )'d

Proof. This is an immediate result from Lemma 3.1 of [NW99, 40-41] since dl functions are

continuoudy differentiable and bounded below. m
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Lemma A.2. If the conditions of Lemma A.1 hold for an agent-m’s unconstrained subproblem, the

problem of minimizing A_(a,X ,U_Y ), then the Wolfe enditions hold in the overall unconstrained

problem, the problem of minimizing A(a,X,U).

Proof. First, we show that afeasible improving drection for agent-m’'s unconstrained subproblem, d =
(d.d,), defines a feasible improving dredion for the overal unconstrained problem, d, as follows:

(OMOX ,OMAU_ONAY, ,0M0Z, )'(d, d,,00) = (9 JoX oA /dU_ANAY, oMoz, ) (d, d, ,00)

() /oX ) JoU )'d < 0. Thus, it follows that (9\/aX,0M/dU)'d < O for asitabled.

Second, we show that the first Wolfe condition holds as follows: A(a,X +y.d U +yd Y .Z)
Y) <A (@Y, Z)+A (o, X UY.) +Cy(dA /oX oA foU, )'d

AJ(aY Z) +Am(a, X +y.d U +yd,
= Ao, X,U) + ¢ (OM/0X ,0Ar/0U, ,0MaY, ,0M0Z )'(d,.d,,.,0,0)
=\(a,X,U) + c,y(aMaX_,oNaU_,oNaY, oMoz ) (d, d, ,0,0)
=\(a,X,U) + c,y(9MaX,0A/0U)'d for ad = (d,,d, ) that is consistent with d_= (d,_,d, ).
Thus, A(o,X+y.d,,U+y.d ) < A(o,X,U) + c,y(dMaX,0MoU)d.

Third, we show that the second Wolfe @mndtion hdds as follows:
((OA foX )(a,X +y.d, U +yd, Y ), (c))\m/c)U”)(cx,Xm+y.de,Um+y.dUm,Y”))Tdm >
cz(axm/axm,axm/aunydm O

(@ JoX )(aX +y.d U +yd, Y), (A /oU Yo, X +y.d U +yd, Y.), INAY,, 0MOZ )'v =
c,(0M, J0X ,0M JOU_oAIAY, ,ONAZ ) vfor v=(d,,d,,00) O

(OMOX )(a, X +y.d, U +y.d, Y,Z ) (@MU )(a,X +y.d, U +y.d, Y ,Z)0MaY ONOZ )V
C,(ONOX ,OMAU_ONAY, ONOZ )V [

((OMOX )0, X+y.d, U+y.d,), (MU (o X+y.d, U+y.d,), 9MAY., ONOZ )'v
> ¢,(OMAX,0MaU)d for ad = (d,,d,) that is consistent with v= (d_d, ,0,0) O

(OMOX) (o X+y.d, U+y.d,), (GMAU) (o, X+y.d, U+y.d,))'d > ¢,(ONOX,0M/0U)'d. m
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A.2 The Proximate-Exchange Protocol with Mutual Help

ConjectureA.1. If:
1) Conditions (1) to (5) of Theorem 3.3 hold.
2) Tosolveitsproblem (P,), agent-m uses either:

a) theiterative barrier algorithm as given in Theorem 3.3, or

b) theforthcoming augmented barrier agorithm to update neighboring agent-n’'s control variables.

The augmented barrier lgorithm and the cnditions for its use ae described be ow:

a) Agent-n provides an approximaiondA '/oU_of how agent-n' s objective function varies with
changes in U_. Herein, A (a,X,UY) encompasses the elements of A (o,X,U_Y)) that neither
depend on X, nor on U . In cther words, 0\, '/dU captures the dfects on the overall objective
function, A(a,X,U), that agent-m does not “see.”

b) Agent-n provides a positive parameter € to i) bound the dhanges on its control variables, ii)

guarantee gtrictly feasibility, and iii) ensure acuracy of the approximation oA '/0U . These
conditions areformaized as follows.

Let G."(X,U,Y)) bethe constraintsin G (X ,U_,Y) that do not depend onX , nor on U . Also, let
H,"(X,U_Y) bethe ongraintsinH (X ,U_Y)) that do nat depend on X , nor on U_. Then, the
set of "safe” changesin the cortrol variables of agent-n, SnT, isdefined as;

S={AU_ |G'(X,U+AU Y)<0and[H"(X,U+AU, Y)[<d}.
If G"and H " are ampty, then set S'™=R". The parameter € > 0 must be such that:

i) Thesecond and higher order terms of the Taylor series expansion of A "(a,X,U Y can
be dropped, that is, A "(0,X,U +AU_Y) OA "(o,X ,U_Y ) + (0 /60U )AU .

ii) Theupdateof U_isstrictly feasiblefor S', that is, if AU || <& thenAU_ O S”.

c) Agent-m extends its neighborhood to cover agent-n' s neighborhood.

d) Agent-m solvesthe foll owing augmented barrier problem:

MinimizeA (o,X U Y )+ ----- AU
Subjea to:
IRU,||< €

U_ isunconstrained.

3) Agentswork serially within each neighborhood.
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Then: the overdl solution obtained by the agents, (X°,U"), will converge to an optimal solution to the

barrier version of problem (P), that is, the problem of minimizing A(a,X,U) = {f(X,U) + aB(X,U)}.
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