Autonomous Robots 4, 175-198 (1997)
(© 1997 Kluwer Academic Publishers. Manufactured in The Netherlands.

Cooperation Protocols in Multi-Agent Robotic Systems

FANG-CHANG LIN AND JANE YUNG-JEN HSU
Department of Computer Science and Information Engineering, National Taiwan University,
Taipei, Taiwan, R.O.C.
fclin@robot.csie.ntu.edu.tw
yjhsu@robot.csie.ntu.edu.tw

Abstract. Multi-agent robotic systems are useful in many practical applications. For some tasks, such as hold
a conferencegooperationamong agents are necessary. For other tasks, such as cleaning a room, multiple age
can workin parallel for better performance. This paper providedp-basedHCP) andcoordination-basedCCP)
protocols for controlling agents to accomplish multi-agent tasks. The HCP utilizes efficient negotiation to coor
nate agents into groups. The CCP improves overall performance by exchanging local knowledge among agent:
making decisions in parallel. A reactive and modularized agent architecture was employed to implement the pr
cols. Since each protocol is embedded into the architecture, it is efficient and effective. In addition, the protoc
are deadlock-free. The protocols were utilized to solvedbgect-Sorting Taskvhich abstracts two characteristics

of tasks: parallelism and cooperation. The experimental results showed that 1) both HCP and CCP are stable u
different workload; 2) the protocols can effectively utilize the agent-power to achieve super-linear improveme
3) The CCP is better than the HCP in both performance and speedup.

Keywords: multi-agent cooperation, deadlock handling, multirobot systems, multi-agent tasks, distributed aut
nomous robotic systems

1. Introduction quire explicit cooperation among the agents, e.g., con-
ferences and moving a heavy equipment.
Multi-agent systems employ multiple agents to solve  In order to move a heavy equipment, a robotic agent
problems. Nuclear power plants, space or undersea ex-must call for help and wait for the arrival of its partners,
ploration, and manufacturing systems are typical ap- then they can start to move the equipment. For telecon-
plication domains. The advantages of a multi-agent ferences, a couple of communication channels must be
system include cost, parallelism, fault-tolerance, and reserved and kept available for discussion among the
modularity. In particular, parallel performance and co- attendants. Inthe information retrieval domain, aquery
operation inside tasks are the main interests of the may require many information servers to provide their
emerging multi-agent robotic systems. information or knowledge. The query engine waits to
Some tasks can be executed in parallel for better collect all the information, then prepares the answer for
performance. Tasks such as painting a wide wall or users. All the situations explicitly require the coopera-
cleaning rooms can be partitioned into several parts, tion among agents. ThH@bject-Sorting Tas#lescribed
each of which is then assigned to an agent. If all agents in the paper is an abstraction of these tasks. It consists
work independently, i.e., no resource contention or of both parallelism and cooperation characteristics in
goal conflicts, the performance is linearly speeded up. which explicit cooperation is required to accomplish
Otherwise, if there is resource contention (e.g., short of the task.
paintbrushes or brooms) or conflicts (e.g., agents have There has been much research in multi-agent ro-
different favorite colors), the performance speedup will botic systems. Hackwood and Beni's research on
be sublinear. On the other hand, some other tasks re-swarm robotics demonstrated large scale cooperation
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in simulation (Hackwood and Beni, 1992). Brooks Since these tasks require cooperation and coordina-
et al. (1990) developed the lunar base construction tion among agents, the achievement of tasks will be
robots by using a set of reactive rules implemented accidental if agents work independently. Tasks cannot
on subsumption architecture (Brooks, 1986). By us- be done unless agents cooperate and coordinate their
ing the schema-based architecture (Arkin, 1989), Arkin behaviors. Therefore, it is necessary to have a cooper-
(1992) demonstrated that cooperation between robotic ation protocol that allows multiple agents to help each
agents was possible even in the absence of communi-other in the problem solving process.
cation. It simplified the design of an agent because To solve a multi-agent task, either centralized or
there was no communication between agents. On thedistributed approaches can be employed. A central-
other hand, it may be inefficient due to the lack of ized model uses a powerful agent to plan and sched-
communication. Arkin et al. (1992, 1993) assessed the ule the subtasks for every agent. This control agent
impact on performance of a society of robots in aforag- has global knowledge concerning the environment and
ing and retrieval task when simple communication was the problems. It can deliberately plan for better perfor-
introduced. mance, e.g., optimal solutions. However, for tasks with
Some researchers proposed mechanism to create th&lP complexity, the centralized approach is impracti-
foundation of multi-agent robotic systems. Fukuda’s cal. Furthermore, the control agent must be powerful
CEBOT system (1989) showed the self-organizing be- enough to achieve satisfactory performance. High de-
havior of a group of heterogeneous robotic agents. sign complexity, high cost and low reliability are the
Asama et al. (1989) proposed the ACTRESS archi- other drawbacks of centralized approach.
tecture for connecting equipment, robots, and com-  On the other hand, a distributed approach decreases
puters together to compose autonomous multi-agent design complexity and cost, while increasing the reli-
robotic systems by designing underlining communica- ability. Agents are autonomous and equal. An agent
tion architecture. Wang (1995) proposed several dis- plans for itself and communicates with the others in
tributed functional primitives on distributed robotic order to accomplish the global task. Since every agent
systems. interacts directly with the environment, it is reactive.
Some other researchers worked on solving multi- However, each agent has only local knowledge of the
agent tasks. Mataric (1992) addressed the problem oftask and the environment. Hence, it cannot make the
distributing a task over a collection of homogeneous best decision of the global task alone. Furthermore, ne-
mobile robots. Collective homing and flocking tasks gotiation and social cooperation rules for conflict res-
were experimented. Balch and Arkin (1994) investi- olution are required to coordinate among them.
gated the importance of communication in robotic so-  One distributed approach is to let each agent work
ciety. They evaluated the performance of three generic alone. Whenever an agent cannot achieve its goal by
multi-agent tasks (forage, consume, and graze) un- itself, it requests help from the others. Moreover, every
der different types of communication. Alami et al. agentalways offers helpwhenitcan. Thiké&p-based
(1995) coordinated the multiple-robot navigation with cooperation It is simple and effective in achieving the
a plan-merging paradigm for the task of transporting overall task. Its problems include: too many helpers
containers in harbors. All the mentioned tasks can be for an agent is a waste; too many agents requiring help
accomplished with one agent alone. However, there arewill cause a deadlock; some agents obtain help more
many real world tasks that require explicit cooperation oftenthan the other agents (unbalancedload); andlocal
among agents and cannot be achieved by any singleknowledge limits the system performance.
agent alone, such as moving a heavy equipment. Agah Another approach is to let agents work together. For
and Bekey (1995) studied the effects of communica- a given task, agents coordinate a global plan for per-
tion by simulated robot colonies on the fetch-and-carry forming the task by exchanging their local knowledge.
task in which an object may require onetao robots Itis coordination-based cooperatioWVith enough in-
for movement. Their work addressed the communica- formation, a task can be optimally achieved. Moreover,
tion radius issue rather than cooperation issues sucheach agent can optimize its decisions. The problems
as coordination and deadlocks. On the contrary, Lin of this approach include overhead due to coordina-
and Hsu (1995a) proposed a cooperation protocol with tion, complexity in choosing optimal decisions, and
deadlock-handling schemes for tasks that may require the amount of storage for saving the exchanged infor-
any number of agents. mation.



Cooperation Protocols in Robotic Systems 177

In this paper, two distributed approaches, liedp- trolled by a predefined precedence, and the action of
based cooperation protocdHCP) and theoordi- agents are all central-controlled, etc. No matter what
nation-based cooperation protoc¢CCP), were uti- operational model and strategies are arranged, its so-

lized to solve multi-agent tasks with a modularized lution can be represented by the sequence of objects
and reactive agent architecture. Ttdject-Sorting moved by each agent. This sequence is callgdnt-
Task(OST) was applied to demonstrate the approaches. Object Sequend@OS). For each agent, lets; € O
Section 2 introduces and discusses the OST. The agentepresent th¢th object moved by; (and its partners).
architecture for implementing the protocols is pre- An AOS is represented by the form:

sented in Section 3. The HCP, CCP, associated dead-

lock handling, and implementation are described in ri: S11S12- - Sik

Sections 4 through 6. Finally, simulation and exper- [ -

. . . o 20 192 - Sk,

imental results are shown in Section 7. In addition,

Section 8 provides several issues for implementing the

proposed protocols to real robots. I'N © SNISN2 - * SNky

For example, the number of objects thatinvolved
2. The Object-Sorting Task (OST) to move isk; and the sequence 3512 - - Si,- Let
I (sj) be the initial location ofj, and D(s;) be the
The Object-Sorting Task provides an abstraction model destination of;. The cost of5; is defined as
for the type of tasks which consist of both parallelism
and cooperation characteristics in which explicit coop- Cj = &j + wij + m;j
eration is required to accomplish the task. The OST
was showed to be a NP-complete problem for finding Where

the optimal performance (Lin and Hsu, 1995b). This _ | the cost off: movina from1 () to 1 (s1) when
section presents its definition, search complexity, and aj- 1 : 9 i) ()
j =1, or the cost of; moving fromD(s;(j-1))

problem analysis. to1(s,) when1<j < k.

wij: the cost of; after reaching (s;) and waiting for
2.1. Definition enough agents to mog .

m;;: the cost of; movingsj from | (s;) to D(s;).
Let O = {04,...,0m]} be a set of stationary objects ] ]
that are randomly distributed in a bounded area. Every All &j, wij, andmy; are defined by its model, e.g., a
object, 0 = (Ii, di, ny), is associated with an initial model may use distance to define the_m. f,ebe the
locationl;, a destination locatiod, and the numben; cost ofr; moving fromD(si;) to 1 (i), i.e., return to
of agents for movement. An object can be moved its initial location. The cost of agent is defined as
only if there are at least; agents available to move it.
An. objgct is a large object ifii > 1, oritis a small CR = (Z Cij) +f
objectifnj = 1. LetR = {ry, ..., rn} be the set of ]
agents anthy,,x be the maximal number of agents to
move any single object, an object-sorting task can be  For exampleCR; is the cost ofr; spent on itsk;
completed onlyilN isnotlessthanmay. Agentssearch  objects and returning to its initial location. Obviously,
for objects and move them to their destinations. When the maximunCR (1 <i < N)is the maximum cost to
all the objects have been moved to their destinations, achieve the AOS. Hence, the cost of the AOS is defined

the task is finished. as
Typical application examples of OST are foraging
and retrieval, explosives detection and handling, AGV Cost=MaxCR, 1<i<N
dispatching for components transportationin FMS, and
surveillance, etc. Generally speaking, an agent searches for objects, co-

There are many models associated with different ordinates with the other agents for handling objects,
strategies to do the task, e.g., any object is assignedand cooperates to move objects. The cost of an applied
to agents at random, the movement of objects are con-model is the maximum cost among all the agent costs.
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Table 1 The order of search space fir= 10 agents. e object recognition. It can identify the other
M 10 20 30 20 50 100 agents, the obstacles, and the target objects.
Order 185 10F8 102 1012 1014 1758 e navigation and obstacle avoidance. It can move

from one location to a specified location.
e object handling. It can move an object alone or
with the other agents.

2.2. Search Complexity

Finding an optimal solution of OST is an NP-complete 2.4. Problems

problem. The search space can be depicted from the

search process of Algorith@ptimal-OST It lists all To solve the OST, several problems need to be ad-
object sequences, then assign agents to the objects foflressed.

each sequence. There dw object sequences from
M objects, andC(N, nj) assignments for each ob-
jecto;, whereC(k, r) is the number of -combinations
from k. Hence, the search spaceNH (3~ C(N, n;)),

1 < i < M. Let E(C(N,i)) be the mean of
C(N,i), 1 < i < N. The search space becomes
MI(E(C(N,i))M. Table 1 lists the order of search
spaces for different number of objects whidn= 10
agents.

1. Search. All the objects must be found in order to
achieve the task. The most intuitive way is to let
agents search the entire area so that they can find all
the objects. How do they search efficiently?

2. Coordination.How do agents coordinate each other
for assigning themselves to any found object? That
is, for a given object, which agents should work
together to move it? and who makes the decision?

3. Deadlocks When each agent autonomously selects

Algorithm. Optimal-OST. an object and none of the selected object has enough

agents for movement, a deadlock occurs. A coordi-
nation solution must solve the problem.

4. Load balance.How is all the load of the task dis-

(1) Letthe object sequence bg.. ., su. tributed to agents? If some agents are busying in

(2) FOReaclts = (I, di,nj) ins, ..., sy DO search or handling objects while other agents are

a) LetC(r) represent all the -combinations idle, the performance will be poor. More load bal-

from the agent sefr4, ..., ry}. ance stands for better performance._

b) FOR each combination &(n;) DO 5. Cost balance. The smaller the maximum cost of
the agents is, the better performance is. Intuitively,
more balanced cost may reduce the maximum cost
(3) Compute the cost &, ..., Su. of the agents.

2. The optimal solution is the object sequence com- ©- Termination. How do every agent realize that the
bined with the assigned agent, which has minimal ~ 9lobal task has been accomplished?
cost.

1. FOR each permutation of objeds ..., oy DO

Assign the agents to the objesct

»

The OST consists of two subtaslsgarchor objects
and objecmovementMoreover, the OST includes two

2.3. Assumptions types of task characteristics: parallelism and coopera-
tion. Thesearchsubtask can be easily paralleled. Let

The system assumptions are the following: the entire area be equally partitioned inb subar-
eas, then each subarea is assigned to one agent. Th

1. Agents are homogeneous mobile robots. movemensubtask also can be paralleled if multiple

2. Agents have no prior knowledge about the environ- agents can move multiple objects simultaneously. Ob-
ment. They know the environment around themonly viously, This is a cooperation problem because agents

after they have detected it. must coordinate themselves to control the parallel per-
3. Agents are cooperative. formance. Another characteristic is cooperation: an
4. Agents can communicate through reliable broadcast object may require several agents for its movement.
or point-to-point channel. Hence, it is necessary to have cooperation protocols

5. Every agent is autonomous and has the basic capa-that allow multiple agents to help each other in the
bilities: problem solving process.
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Many protocols can be utilized for the OST. One state automata coordinated through a global state. They
effective and reactive protocol is thelp-basegroto- share and change the state information according to
col. In this model, every agent searches the objects in their state functions. Theearch moduleearches for
its subarea. When an agent finds a large object, it calls objects, identifies their destinations and required num-
for the other agents’ help. Then, it selects its partners ber of agents. Themotion modul@erforms the function
from the agent willing to offer help. After the arrival of object movement alone or with other agents. The
of its partners, they start to move the object. communication moduleommunicates with the other

Another improved protocol is theoordination- agents in order to cooperate with them.
basedprotocol which lets an agent broadcast the object  Advantages of the architecture are described in the
data when it finds an object. After having searched the following:
entire area, agents coordinate to planagent-object
sequencéor object movement. This model stores ob- ¢ Simplicity. The global FSA is very complex. Com-

jectdatafor obtaining better performance through coor-
dinating overall object movement. Although response
of object movement may be slower, the global perfor-

pared with a central module controlling all the state
transition, the architecture is more simple, clear and
fast for implementation.

Reactivity. Agents react and cooperate quickly be-
cause cooperation protocols are realized into state
transition functions and each module handles only a
subset of the global FSA.

¢ Intra-agent Distributed ControlFunctional separa-
tion for each agent makes the intra-agent distributed
control. All state transitions are distributed into the
modules and a single transition is done only by one
module. The modules can run concurrently or simul-
taneously based on multiprocessor or uniprocessor
platform. The communication between modules is
through the shared global state information.

¢ No fixed Inter-agent ControAgents communicate
with each other only through the communication
system. The inter-agent control can be designed
for different kinds of purpose. Depending on ap-
plications, it may be central control or distributed
control.

Flexibility. It is ease to add a new functional mod-
ule to the agent architecture. Additional functions
can be performed by the agents if the corresponding
modules are included in the architecture.

mance is better than the help-based protocol. .
All the proposed protocols are designed and imple-
mented on the agent architecture described in the next

section.

3. Agent Architecture

At the bottom of the agent architecture, each agent has
the basic behaviors such as navigation, object handling,
etc. Based on the behaviors, the architecture presented
in the section focus on functionality. The overall func-
tion of each agent is controlled by cooperation proto-
cols which are realized by finite state automata (FSA).
Furthermore, the global FSA is distributed into sev-
eral functional modules which perform subsets of the
global FSA simultaneously.

For the OST, the system architecture of each agent
is shown in Fig. 1. Thesearch module, communica- ¢
tion (comm) module and motion modubge all finite

SEARC
module

4. Help-Based Cooperation Protocol (HCP)

Sensor
Data

The HCP defines how and when an agent requests help,
how and when the other agents offer help, as well as
deadlock handling, in order to coordinate the agents for
accomplishing the task.

The working area is partitioned into disjoiNt sub-
areas, and each subarea is assigned to an agent. Eac
agent exhaustively searches its subarea. It requests hely
onceitfinds alarge object, then selects its partners from
the agent willing to offer help. After there are enough
agents arriving at the found object, they carry the object

Global state information

OTIO
module

Figure L The architecture of each agent.

Communication
Channel

COMM.
module
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State diagram of communication module

Figure 3 Each module’s state diagram of the HCP.

to its destination. Since each agent is independent anda thread represents the state transition driven by the
autonomous, simultaneous selection of partners by sev-event on the thread. The I-states in the figures are uti-
eral agents may cause a deadlock. Several schemes arkized to distinguish the agents having finished their sub-
utilized to handle deadlocks. tasks from the agents not having finished their subtasks.

The global state diagram representing the HCP is For example, an agent is RETURNINGstate or in
showed in Fig. 2, and the state diagrams of each mod- I-RETURNINGstate after it has helped out. The agent
ule are showed in Fig. 3. Each circle is a state and will be in SEARCHINGafterRETURNINGstate while
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it will be in IDLE state aftet-RETURNINGstate when 4.2. Search Module
it reaches its destination.

4.1. Cooperation Strategies

An overview of the HCP is described with the following
cooperation strategies:

1)

2)

3)

4)

5)

6)

The search module searches for the objects and iden-
tifies their destinations in th8SEARCHINGstate. It
changes the state 1 dOVING if the object is small,

or to WAITING and broadcasts laelp message if the
object is large.

Since agents are independent, they don’t know in
which situation the others are. When an agent has com-
pletely searchedits subarea, itdoes notmean the systen
task is done. It is necessary to have a protocol to let
agents know when the task is done. When an agent
has accomplished its subarea, it broadcasslafin

Request-helgtrategy. An agent broadcastéelp
message when it finds a large object. Itis called a
requiring-help agent.

When-helpstrategy. The strategy determines when

to offer help. An agent acceptsialpmessage only  nessage and comes irab-FINISHstate. Any other

when it is in SEARCHING (I-)RETURNINGor agent whose subtask is not yet finished will repbuay
IDLE states (whose states will be described in next message to the agent If r receives dusymessage

subsection). Otherwise the message is queued forit enters intolDLE state. Otherwise, it means all the
later processing. _ subtasks are finished anawill broadcast arall-finish
Select-helpstrategy. It enables an agent to decide message. All the agents IDLE come intoFINISH

which agent has the most urgent need for help when gtate after receiving thiimishmessage, i.e., the system
there are many agents requiring help. An agent se- 155k is finished.

lects the nearest to offer help. That is, select the

agent with minimum approaching cost. An agent

that responds tolaelpmessage is called awill-help  4.3.  Motion Module
agent.

Select-partnestrategy. A requiring-help agent Agents inMOVING state is moving an object to its
must choose suitable partners if there are more will- destination, and will change the stateRETURNING
help agents. The selected partners are called help-after having moved the object to its destination. When
ing agents, and is called helped agent. An agent jn RETURNINGstate, an agent is returning to its sub-
chooses the nearest will-help agents as its partners,area and the motion module will change the state to
i.e., the agents with minimum approaching cost. ~ SEARCHINGafter arrival. An agentiflELPINGstate
Load-balancingstrategy. It is considered in two s walking toward ahelped agentand will change the
parts. One part is to uniformly distribute agents state toWAITING when arrival. If there are enough
into equal-partitioned area. Another partis embed- agents for carrying the object, the agentSNAITING

ded in theselect-partnesstrategy. When an agent il change the state tMOVING.

needs help from agents, there may lre will-help After an agent has finished its subtask, it entBisE
agents such than is greater tham. The load- state and returns to its base location. The agent will be
balancingstrategy enables the agent to select the jn |-HELPING when it is moving to zhelped agent
first n nearest agents, who will receive ancept  and will change the state {0WAITING when arrival.
message. The other will-help agents will be rejected |f there are enough agents to move the objects, the

by rejectmessages. _ agents in-WAITING state will change the state to
Deadlock-freestrategy. Deadlocks are the situa-  MOVING. When it has moved the object to the desti-
tion that all the agents are WAITING state orl- nation, the agent comes inklRETURNING then the

WAITING state. First, the agents ii-)WAITING state is changed tiDLE when it has returned to its
state detect the deadlocked situation (which will be phase location.

discussed in detail in Section 5), then they broadcast

blockedmessages to exchange their state informa-

tion and break down the blocked situation by com- 4.4. Communication Module

paring their priorities. The lower priority agents will

enter(l-)HELPINGstate and go to help the highest When receiving &elpmessage iSEARCHINGr RE-
priority agent. TURNINGstates, the communication module replies a
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will-help message and changes its stat8 tREPLYor {re(o) |0 € Li}. Rememben; = (lj, di, nj), andn;
R-REPLYIf the requiring-help agent accepts thél- is the required number of agent to maoye Let F; =
help message, it sends back acceptmessage tothe {r|r € R, r ¢ G;} be the set of agents which don't
agent, otherwise, it sendsegjectmessage to rejectthe find large object at timé. Since the objects causing a
help. When receiving aacceptmessage, the commu-  deadlock must be found simultaneously, the following
nication module changes the stat¢#i6LPING. When discussion uses afixedL; isreferredtoa&, r¢(0;) is
receiving aejectmessage, the communication module referred to as (0;), andG; is referred to a&. We as-
returns to its previous state. sumeN > hmax If k = 1, the other agents can help the

An agent inIDLE state stays in its base location and agentinG and the system willnot come into a deadlock.
waits forhelpmessage in order to help the others. The So a deadlock may occurkf> 1. It is obvious that a
mechanism is the same as described above. deadlock will occur if for allo; € Ly, nj > |F| + 1.

There are three approaches for handling deadlocks:
deadlock prevention, deadlock avoidance, and dead-
lock detection. Which deadlock-handling approach is

Here is a deadlock situation using the HCP. There are 4 Suitable greatly depends on the application. Based on
agentsR = {ry, 2, r3, 4} and two object®;, 0, with the strategies provided in previous section and a lit-
ni = np = 3. If ry finds objecto; andr, finds ob- tle modification, we propose three schemes to handle

ject o, at the same timers andr, will receive help ~ deadlocks for the object-sorting task.

message from both andr,. If r3 chooses to help;

andr, chooses to help, according to theselect-help ~ 5.1. Deadlock Detection

strategy, all the agents will enter tNEAITING state.

A deadlock occurs. We sdypy, 0} causes the system  In what follows, we will present the analysis for any

coming into a deadlock. Here is a fact coming from agentin(l-)WAITINGstate to detect the deadlock situ-

the strategies used. ation. Lemma 1 shows that a deadlock can be detected
by checking the number of objects causing agents to

Factl. Ifa set of objects will cause the system com- stay in the(l-)WAITING states if global knowledge

ing into a deadlock, they are large objects and found at about the agent state is available. In a distributed en-

the same time. vironment, Theorem 1 allows each agent to identify a

: . , deadlock based only on local information.
Explanation: Assume there is a set of objedts = Let MTT be themaximum travel timbdetween any

{010 € O,ri € R, 0 was found by; attimet;} such two locations in the bounded area, awg, = {o|o
that the system comes into a deadlock. Since a small € Ly, some agent is iWVAITING or I—,WAI:I'ING state

object reéquwdels oknly a.smgile ageEF totlfggveigt V;'” Ot ot timet + u due too}, soW, o = L. W, , is referred to
cause a deadlock. Spis alarge objectit € K. For asW, in the following discussion.

anya, 05 € K, i # |,

5. Deadlock-Handling Schemes

Case 1:f<t;. Sincer; was inSEARCHINGbefore Lemmal. Given|W,| > 0, the system is deadlocked

t; according to the state diagram,must have been it

a will-help agent ta; and rejected by; according (WouiomtTl = IWLI.

to thewhen-helpstrategy and the state diagram. So

ri had enough partners to move The resultisthat ~ (Thatis the system is not deadlocked iff

0; should not be irL.. So this case is impossible. W, < WLl
Case2:t>t;. SimilartoCase 1,itisimpossible also. ur2mMTT] < [¥iul-

Sot; =t;. Thatis, the large objects causing system Proof: _The“on!y if” part_is trivial and obvious. Next
blocked are found at the same time. we consider the if part: givelW,omt7| = [Wy|. The

) . ) agents are partitioned into the following sets according
Since the small objects will not cause adeadlock, we fo- 1 their current states, except tRéNISH state which
cusonthe large objects. Liet = {0 [; € O.rj € R, means that the task has been finished:
s.t., 0, was found byr; at timet}, |[L{| = k, be a set
of large objects, and;(0;) denote the agent; such MOVE ={r e R,r's
thato, € Ly ando; was found byr; at timet. G; = state iSMOVING or I-MOVING}
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HELP={r e R,r’s Proof: The systemis deadlocked if all the agents find
state iISHELPING or I-HELPING} large objects at the same time, i.8\p| = N. Ifitis
WAIT ={r e R,r's not the case, i.e]Wp| < N. From Lemma 1, the sys-
state iSWAITINGor I-WAITING} tem is not deadlocked &t 2MTT if [Womtt| < [Wol.
AVAIL ={r e R,r’s In the worst caseéWp| = N — 1, |W2(N—1)MTT| =0if
state iISSEARCHINGor the system is not deadlocked ta+ 2(N — 1)MTT.
RETURNINGor I-RETURNINGor IDLE} That is, all the objects i have been moved, and
TEMP={r e R;r's there is no agent iIdVAITINGor I-WAITINGdue to the
state iSS-REPLYor R-REPLYor objects.
I-REPLYor SUB-FINISH So if an agent stays WAITINGstate ol-WAITING

state for ZN — 1)MTT, all the agents must be in either
Each state in TEMP is a transit state and can be ignored. WAITING state orl-WAITING state and the system is
Given [W,| > 0, i.e., WAIT set is not empty, if the  deadlocked. =
system was not deadlocked at time- u, the agents

in AVAIL can offer help immediately and the agents ~ This scheme is very simple and effective. How-
in MOVE or HELP may offer help in the future. If  €Ver, itmay be inefficient because the deadlock detec-

they can help to move an object at titne u + v other tion time is proportional to the number of agents. The

than enter WAIT, theriWy.,| < [Wy|. We consider  System performance will degrade when the number of

the case in each set starting from the titme u: agents increases. To avoid unnecessary waiting, let an
agentr broadcasts ais-blockednessage everyMTT

1) HELP set: When an agent in HELP set reaches the yvhen staying ir(l-)WAITING and the other agents not

object, either it enters MOVE set if there are enough in (I-)WAITINGreply with not-blockednessage. If

agents to move the object or enters WAIT set. Ob- receives anyot-blocked it keeps waiting, otherwise,
viously, an agent stays in HELP state no more than it has detected a deadlock situation. This improvement

oneMTT. So the maximum time for these agents to can detect a deadlock quickly once a deadlock occurs.
reach aﬁd move an objecti, is oneMTT Nevertheless, it introduces redundant message trans-
f :

2) AVAIL set: Every agent in the set is a will-help mission.
agent. If the agents in AVAIL are accepted by the
requiring-help agents, they enter HELP set. Sothe 5.2. Object Priority
maximum time for these agents to reach and move

an object inW, is aMTT. This scheme prevents deadlocks by the following parts:
3) MOVE set: The time that an agent stays in MOVE
and enters AVAIL set is no more than ok T. Af- o It assigns a unique priority to each object.

ter that, the agent enters HELP set immediately if o Select-helpstrategy is modified. An agent selects
there is requiring-help agent. Sothe maximumtime  the agent having found the highest priority object.
for these agents to reach and move an obje®¥in ¢ Select-partnestrategy is modified. An agent selects
is 2MTT. its partners by first considering their states are not in
(I-))YWAITING then shorter distance.
So the maximum time for the agents not in WAIT to e When-helpstrategy is modified. An agent if-)
reach and move an object My, is 2MTT. On the WAITINGstate also can offer helpifitis notthe agent
other hand, they all enter the WAIT set if they cannot  having found the object with the highest priority.
move any object iV, in 2MTT. That is, the system is
deadlocked Wy omT1 7| = [WyI. O An object has a higher priority if it is nearer to its
destination. In our two-dimensional experimental en-
Theorem 1. For object-sorting tasksa deadlock is ~ vironment, for example, the priority of an object is
that all agents keep staying in WAITING or I-WAITING  determined by comparing the following order:
states. Let MTT be thenaximum travel timebe-
tween any two locations in the bounded area. When 1. the distance between the object and its destination,
any agent stays in WAITING state or I-WAITING state 2. x-coordinate of the object,
for 2(N — 1) MTT, the system is deadlocked. 3. y-coordinate of the object.
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Since there is no more than one object having the same If there is a feasible sequence lin the agents can

(X, y) coordinates, different object has different pri- moved these objects according to the sequence. Fur-
ority. The scheme guarantees that the selection of thermore, they can distribute themselves to different

a requiring-help agent to offer help will not cause a objects such that more than one object can be moved
deadlock when an agent is available to offer help. The simultaneous and increase the performance. It is im-

modifiedwhen-helpstrategy is for the situation when
ni >|F|+1forallg € L.

plemented in Algorithmoad-balancing
If there is no feasible sequence In the select-

This scheme is very simple and easy forimplementa- help strategy must be modified to avoid coming into

tion. Nevertheless, many redundant messages are transa deadlock.

ferred for replying to thehelp coming from higher
priority agents, or rejecting the will-help agents which
are more than required.

5.3. Feasible Sequence

This scheme utilizes the conceptfehsible sequence

In addition, the agents @ may need

to exit WAITING state to help each other. For exam-
ple, assumeR = {ry,rp, r3,ra}, L = {01,072}, G =
{ri,ra},r(01) =1rq1,r(02) =rp, Ny =4,n, =4, and

the sorted sequence &f is 01, 0,. Though there is

no feasible sequence, bathandr, can select; as

the helped agent. Besideg must exitWAITINGstate

and go to help; to avoid a deadlock. Aftem; having
been moved to its destination, the agents can continue

and associated algorithms in order to guarantee that se+q move 0. In order to implement the scheme, the
lecting an agent to offer help doesn’t cause a deadlock. select-helgstrategy is modified to the following:

Meanwhile, it has additional advantages:

¢ It eliminates the redundant messages transferred.
e ltis load-balancing.
e It can improve the system performance.

Definition: Feasible sequenceA feasible sequence
is a permutation sequensg ...,s, ..., ofL,s €
L,1 <i <k, such thats; is moved to its destination
by the agents ir andr (s,), thens, is moved to its
destination by the agentsk r (sy), andr (s,), .. ., and
finally s¢ is moved to its destination by all agents.

For example, assumin® = {ry,rp,rs, ra}, L =
{01,00}, G = {r1, 15}, ny = 3,n, = 2, afeasible se-
quence may be;, 0, 0or 02, 01. If Ny = 3, ny = 4, the
feasible sequence g, 0, only.

Theorem 2. For object-sorting tasksa deadlock is
that all agents keep staying in WAITING or I-WAITING

states. Let L be the set of objects found at the sam
time. Any deadlock which may be caused by L can be

avoided if there is a feasible sequence in L.

Proof: Fact 1 states that may cause a deadlock.
However, there is a feasible sequenced.in Assume
s, ..., is the feasible sequence, we can detbe
moved to its destination first, thex, ..., and lets,

be moved to its destination at last. Since all the ele-
mentsinL are moved to their destinations, the deadlock

which may be caused Wy has been avoided. O

Step 1.If k = 1, the agent irG is the selected agent.
Otherwise, continue the next step.

Step 2.Use algorithnfind-feasible-sequende check
if there exist a feasible sequencelin

Step 3. If there is a feasible sequence in use al-
gorithm load-balancingto select the helped agent.
Otherwise, select the agent according to the order
of the sequencs, ...,  sorted in algorithnfind-
feasible-sequenceThat is, ifwill-help r(s,) is re-
jected, tryr (sp), etc.

Let 1 (o) = i be an index function foo; € L.
Algorithm find-feasible-sequencgill find a feasible
sequence i if there is a feasible sequencelin

Algorithm. Find-feasible-sequence.

Step 1. Sort L by keysn; and agent priority to an
sequencey, ..., . First sort by keyn; with non-
decreasing order. Iy = nj, compare the agent

e priorities ofr (0;) andr (0;) to determine their order.

Step2. C= N — k.
FOR1<i <kDO

j=1()
IFC +1>n; THEN
C=C+1.
ELSE
marks .1, ..., & as the unsatisfied sequence,

the result is no feasible sequence,
exit.

Step 3.The sequencs, ..., s is a feasible sequence.
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Algorithm. Load-balancing. limited the global knowledge of agents. Hence, the de-
gree of parallel movement depends on the dynamics of
Step 1.Initialize the current number of agerg;, for environment. Thatis, agents cannot make cost-optimal
allop e Lto 1. decisions. The CCP has been developed to address this
Step 2. j=1. issue.
FOR1<i <NDO Like HCP, the CCP uses equal partition of the work-
IFri € F THEN ing area for parallel search. However, instead of re-
I =1(s)),; questing help once an object is found, every object
IFC < n THEN information is broadcast and saved when received.
IFi is equal to my id. THEN With the overall object information, each agent makes
r; is the selected agent, exit. its optimal decision and negotiates with the others for a
ELSE globalagent-object sequen¢AOS) which defines ev-
C=C+1,; ery agent'sobject sequenceThen, each agent moves
IF C, =n THEN objects according to its object sequence. In order to
j=j+1 efficiently resolve conflicts, social rules are employed

into acoordination algorithrfrom which decisions are
The agents irF also need some modification for their  obtained by each agentindependently so asto minimize
behavior when they stay ith-)WAITINGstate. If there negotiation overhead.
is a feasible sequence, they can glayWAITINGstate
and wait for help. While there is no feasible sequence
the agents inG must exit(l-)WAITING state to help
each other in order to avoid a deadlock.

' 6.1. Coordination Points

A coordination point specifies the time when agents
should start coordinating the AOS for the found objects.
The simplestway is to start@ordination procesafter
having searched the entire area. Since the CCP requires
every agent to save the information of found objects,
the storage demand will expand with the increasing
number of objects.

However, coordination can start during subarea
search under storage constraints or in order to reduce
storage demand. Several events can be utilized to ac-

. . tivate a coordination process, such as having found a
The sorted sequence is kept by all agents and is referred : !
. . . certain number of objects, a part of area searched, or
when they can help the others till all objectslirare

a fixed time interval if there is a common clock. The

Step 1.Use algorithnfind-feasible-sequende check
if there is a feasible sequencelin

Step 2.If there is no feasible sequencelin and the
object found by itself is in the marked unsatisfied
objectss .1, ..., S, select the helped agent accord-
ing to the order of the sequensgy, ..., . That
is, if will-help r (s +1) is rejected, try next one in the
sequence, etc.

moved. frequency of coordination is specified by #@ordina-
tion interval (Cl), e.g., coordination is activated every
6. Coordination-based Cooperation 100 time units (Ck 100) or every 20 objects found
Protocol (CCP) (Cl=20). The unit of Cl employed in the paper is a

certain number of objects found, since itis more natural

The HCP utilized simultaneous subarea search for par-to the OST.
allel performance, and cooperation protocol for solving  Since it is possible that more than one object are
the coordination, deadlocks, and termination problems. found at the same time, the actual number of objects
The protocol is realized into each agent’s state tran- found may be more than the ClI when a coordina-
sition function so that agents reacted and cooperatedtion process begins. Agents must have the same object
quickly. Nevertheless, the performance of OST can be set for each coordination process. Under such circum-
further improved. stance, either the exactly Cl number of higher priority

One characteristic, mentioned in Section 2.4, of the objects or all found objects attend the current coordi-
OST isparallel movementf objects. In HCP, an ob-  nation process. Object ID can help to determine the
ject is processed immediately once it is found, which object priority.
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6.2. Object Identifications (1) FOR each objectig; - - -5 DO

e Letthe current objectbe = (I;, d, n;).

In order to clearly identify objects during coordina- « FOR each age; DO

tion, a consistent representation of objects is necessary.

Generally, assigning a unique ID for each object is Let C A; be the accumulated cost of,
appropriate. However, various assignment methods andCR; be the cost of; to reacho;.
should be suitably applied under different situations. Cij =CA, +CR;

Several methods are discussed:
e M; =the njth smallest cost fromC;y,

Ciz, ..., Cin
1) Predefined attributes: Object IDs are predefined | ,I , .
so that it can be identified by agents. An object  (2) Opt=the object with minimum
can be identified from its outside look, size, sym- 3. Assign agents t@pt, and update data.

bol, or initial location. For example, a two dimen- Let Optbeoy = (Ip, dp, Np).

sional coordinate can determine the order of object  Assigned agents are thg agents with smaller cost
IDs by comparing-coordinate theg-coordinate in Cpi,1<i <N.

order. IF I am one of the assigned agents THEN

2) Coordinator: Where there is no way to specify a
predefined object ID, this method can be applied.
Every object found is reported to the coordina-
tor, then the coordinator broadcasts the ID to the
others.

3) Other more complicated distributed algorithms 4. Repeat from Step 1 until all object has been sche-
(e.g., Lamport, 1986; Wang, 1993) concerning the  duled.
order of discrete events may be employed when the
coordinator method is unsuitable.

(1) appendDptto my object schedule;

(2) accumulate my cost withp+ the cost from
tod);

(3) my location= d.

Obviously, this approach is cost balance because selec-
tion strategy is to choose the agents with smaller cost.
Besides, it is deadlock-free from the two facts: there
is a consistent object order in every agent’s object se-
quence and there are enough agents assigned to even
object.

6.3. Coordination Algorithm

The OST is a NP-complete problem, thus there is no

polynomial time algorithm for overall optimal AOS. Since every agent selects one object for coordina-
The utilized coordination strategy is based on balanced tion at a time, the number of selected objects is at most
cost and greediness. Algorith@oordinationdepicts  N. For each selected object, it requires time complex-
it. All agents invoke this algorithm to coordinate their ity O(N) to calculate all costs of agents. So, the cost
individual object sequence. for scheduling an object i©(N?). Since there aré/
At first, every agent selects a local cost-optimal ob- objects, the complexity of algorithi@oordinationis
ject and broadcasts its selection. Among the selected O (M N?2).
objects, the best cost-optimal object is scheduled, i.e., There are several differences between the HCP and
enough agents are assignedtoit. Finally, every assignedccp.
agent updates its cost and location. The process is re-
peated until all objects are scheduled. 1. Task partition: The HCP partitions objects and as-
sign each part to an agent while the CCP partitions
thesearchtask only.
Algorithm. Coordination 2. Object assignment: An object is assigned to which
agents is determined by cooperation strategies in
1. Every agent selects its current cost-optimal object,  HCP while by coordination strategy in CCP.
and broadcaststo the others. Letthe selected objects3. Handling objects found: An agent deals with an
bes, ..., 1<k <N. object at a time ( request help, select partners, then
2. Select the best cost-optimal objedpt, among the move object) in HCP while an agent broadcasts the
selected objects. objectinformation in CCP when an object is found.
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For the CCP, negotiation of the object sequence is tion algorithm to obtain the global AOS. Coordination
delayed till having found a number of objects or and object handling can perform simultaneously. Ev-
having finished theearchtask. ery agent’s object sequence is stored inligct queue
4. Sequence of handling objects: The sequence of han-When an agent enters DECISION state, it picks the next
dling objects in HCP is determined by the order that object from itsobject queuand changes to HELPING
an agentfinds an object while by negotiationin CCP. state for going toward the target object. When the agent
The exhaustive search algorithm determine the or- arrives at the object, its state becomes WAITING. If
der of object found. there are enough agents for carrying the object, they
5. Knowledge: The HCP makes decision with local enter MOVING state and move the object to its desti-
knowledge other than global knowledge in CCP. nation. They each repeat the movement cycle until all
6. Object data: The CCP requires that every agent assigned object tasks having been accomplished.
keep all the object data while not in HCP. If the object queués empty when an agentin DECI-
SION and not all objects are scheduled in the AOS, the
agent will wait for an assigned object task. This is for
considering the cases when agents are in coordination
or specially when C& M, i.e., coordination will start
only if all the area has been searched. An agent enters
FINISH state when all objects have been scheduled and
its object queuds empty.

6.4. Implementation

The transition diagram of CCP is shown in Fig. 4;
and Fig. 5 shows the transition diagrams of each mod-
ule. At first, agents start searching in SEARCHING
state, broadcast the information (initial location, desti-
nation location, and required number of agent) of each
objectfound. After an agent has finished its search sub- 7 Simulation

task, it broadcasts this message and enters DECISION

state. During searching, agents will start a coordina- The object-sorting task was simulated in a multi-
tion process if they reach a coordination point, then Strategy simulator developed on Sun workstation with

exchange local optimal selections and @oordina- graphic user interface showing the task execution. The
simulator is a testbed for testing different cooperation
start protocols on the OST. Figure 20 shows a sequence of

snapshots for a task execution before its start, during
the execution, and after its completion.

SEARCHIN
subarea 7.1. Simulation Environment
finish
all-finish The working area was equally partitioned irtosub-

DECISION areas, and each subarea was assigned to an agent. Th

area is represented in a two-dimensional coordinate
system, e.g., 50& 200. The partition of the area is
represented by x n notation,m in x-axis direction
andn in y-axis direction. For example, 5 2 parti-
tion means that the area is equally partitioned into 5
subparts inx-axis direction and 2 subparts yraxis
direction, as showed in Fig. 6. In the experiment, the
area was 50& 200. Figure 6 shows the map used in
the simulation folN = 10 agents with 5 2 partition.

s . The partitions for different number of agentsused
finish @ "”'SE @ in the experiment are shown in Table 2.

2 Each agent searches for the objects in its subarea
(DECISION) (s CHELPING, (MOVING) and moves the objects to their destinations. The per-

formance was evaluated with the number of time steps.
The following code fragment describes the actions per-
Figure 5. Each module’s state diagram of the CCP. formed by the agent at each time step.

next-schedule

Figure 4  State transition diagram of the CCP.

Search module Comm module Motion module
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Table 2 Partition and the number of agents.

N 1 2 4 8
Partiton 1x1 1x2 2x2 4x2

10 20 30 40 50

5x2 5x4 6x5 8x5 10x5

X
\‘! 100 100 100 100 100

Y 100 O]
The Arpa O
300XZP0
100 I:I
]
Base Location | De(g?ijneactﬁon

Figure 6 The simulation map for & 2 partition.

A
<—Cl)—>

v

Figure 7. Move directions.

o

Figure 8 Sensor ranges.

for each agent,
do the search module of agent
do the motion module of ageitt
do the communication module of agent

the (0, 1) location of their subarea, to the right side
boundary, and search the first three rows which are
under the sensor range. When they have reached the
right side boundary, they search the second three rows
and change the search direction from right to left. When
they has reached the left side boundary, they change the
search direction fromleftto right and start searching the
next three rows. The search repeats until the subarea
has been searched.

Each message has one time unitdelay, i.e., amessage
sent at tim& will be received at + 1. Computation
can be performed with movement of agents, thus the
computationtimeisignored in performance evaluation.

Each object was randomly generated for its destina-
tion, initial location, and the number of required agents.
This experiment generated 10 sets of object data for
each number of objed¥l usingnmax = 10. All object
sets were run foN = 10, 20, 30, 40, and 50. When
the object sets were appliedtb= 1, 2, 4, and 8, then
Nmax Was set toN and all then; were proportionally
adjusted in order to accomplish the task.

The experiment was run by varying the number of
agentsN, and the number of objectd. For a given
numberM of objects, the execution time was the av-
erage of the execution time run from the 10 generated
object sets oM. The performance was evaluated by
comparing the execution time under different number
of agents and different number of objects. The actual
execution time performed by the HCP was represented
by H, andC for the CCP. The reference execution
time were the upper bound,, and the estimated lower
bound,L.

The upper bound is the execution time of thre-
fessional furniture mover@FM) which is a centrally-
controlled model. In PFM, all the agents start together
searching the area for objects. When they find an ob-
ject, a group of agents are assigned to move the object.
The remaining agents continue searching objects and

The areais a grid area, and the agents can only moveassigning groups. If the main search group is too small

to one of the four locations from alocation in atime unit

to move an object, they will wait. After the assigned

as the Fig. 7. The agents can sense the objects locatedjroups have delivered their objects, they return back
in the grids adjacent to the agents as the Fig. 8. The to join the main search group. The main group would
agents may use any exhaustive search method to searcfinally become large enough to move the object after
their subarea. In this experiment, a row-major method the assigned groups return one after another. In or-

was used. They start search from the initial location,

der to simplify the problems of group separation and



combination for the model, each assigned group is as-
sumed to return to the location where its object was
found. When a group returns to the previous location,
it follows the same search path of the main group so
that the two groups will meet eventually. The process
is repeated till they have searched the entire area anc
delivered all the objects.
The estimated lower time is the execution time un-
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der the operation model that the other agents are alwaysFigure 9  The execution time of HCP fdi = 10 agent.

available for offering help when an agent finds a large

object. The available agents are assumed to be in the

central point of their subareas. An agent chooses its
partners which are closer to it, i.e., with minimum cost.

At first, the actual execution timei, was com-
pared with the estimated lower bound and upper bound.

The execution time of each agent is its subarea searchfigure 9 shows the relationship between the execution

time and all the processing time for the objects located
in its subarea. The processing time of the objeld-
cated in the agetis the wait time for the arrival of all

its partners, the movement time for objg¢tand the
return time from the destination of the objgcto the
initial location of j. So, the estimated lower bound is
the maximum time among the execution time of all the
agents.

L = MaxTA
TA =TS+ ) TO
j

TOj = TW; + TM;j + TR;

where
L: estimated lower bound.
TA: the total execution time of agent
TS: the time for agent to search its subarea.
TG;: the processing time of objegtlocated in
the subarea of agent
TW;j: the maximum wait time of objegt for all the
helping agents of agent
TM;;: the time that ageritmoves objecf
to its destination.
TR;: the time that agentreturns from the

destination of objecj to the previous location.

7.2. Simulation Results of HCP

The experimental results of HCP showed that 1) The
protocol is stable and reliable under a spectrum of
workload. 2) The execution time increases linearly with

the number of objects. 3) Increasing the number of
agents can significantly decrease the waiting time and
improve the performance.

time and the number of objects flr= 10 agents. Intu-
itively, as the number of objects to be moved increases,
the execution time, either estimated or actual, will in-
crease. In general, the upper bound model needs more
time to do the task because it moves the objects sequen-
tially.

When the workload is light, it takes less time to wait
for help. As a result, the performance of the coopera-
tion protocol approaches the lower bound. The agents
search their subareas simultaneously and move objects
simultaneously if they don’t need to wait for the others.

Under heavy workloads, there are more demands
for agents and each agent must spend more time to
wait for help. Since every agent is often busy, the de-
gree of concurrency is decreased. The agents have a
tendency to group together and move objects sequen-
tially. If most objects require a large number of agents
to move, the system behavior will approach the upper
bound in which objects are moved one by one. Further-
more, most agents will find objects and need help when
they return to their subareas due to heavy workloads.
Under this situation, agents will waste time in return-
ing to subareas and going to help move the next object.
Hence, the performance of HCP will be equal to (even
worse than) the upper bound under heavy workload
situations, e.g., 200 objects.

Incomparison, the HCP is much better than the upper
bound model in the experiments summarized in Fig. 10
which shows th&J, H, andL for N =50 agents under
different number of objects. When using more agents,
the performance of all three models has been improved.
The more agents do the task, the faster the task is fin-
ished. Moreover, the HCP is better than the upper bound
model even under heavy workloads. It showed that the
HCP can effectively utilize the agent power.

Second, the execution time for different number
of agents under the same object sets were compared.
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60000 160000
140000
50000 L 120000
40000 L ., 100000 —=—N=10
o & 80000 —g-N=20
'E 30000 L U = 60000 ——N=30
20000 L s H 40000 —e_N=40
10000 | —a—L 20008 —.—N=50
0 ' . ) ' 0 50 100 150 200
0 50 100 150 200 Number of Objects
Number of Objects
) o Figure 12 The execution time of HCP foN = 10, 20, 30, 40
Figure 10  The execution time of HCP fdX = 50 agents. and 50 agents.
120000 . .
100000 pectively. In the cases with no deadlocks, deadlock
' detectiorscheme (DD) spends less time thandbgect
L priority (OP) scheme on 56% of the cases with 8%
g 60000 ¢ faster. Onthe other hand, in the deadlock cases, OP is a

40000 | little bit better than DD with 1~ 4% fasterin 72% ofthe
deadlock cases. The results indicate that choosing the
o B , , , , , nearest partners is better for general cases. However,
0 20 40 60 80 100 the strategy does not prevent deadlocks, and therefore
Number of Objects must pay for the overhead of deadlock detection, e.g.,
2MTT. Selecting a highest priority object can prevent
deadlock but it loses the geometric advantages, e.g.,
shorter distance.
. L Since thefeasible sequendéS) scheme exchange
Figure 11 shows the execunqn time Nr_: 1.2, 4’,8’ object data and assigned themselves with a load-
and 10 agents. The workload is proportionally adjusted balancing approach, it has the best performance in the
for any M by adjusting the number of required agents three deadlock hanaling schemes. FS is faster than
for each object. When the number of objects increases, DD in 83% deadlock cases with relative-02 5% im-

the execution time increasgs linearly Wit.h it for All provement. On the other hand, the scheme has a higher
It show; that the cooperation protocol IS very stable complexity for implementation. In summary, none of
under different workloads. When 'the estlmaFed UPPET the three sets of strategiesis better for all cases. In cases
pound and lower bound are considered again, We can it rare deadlocks, theeadlock detectioscheme is

find thatU, H andL overlap wherN = 1. Itis very adequate. For a frequent deadlock situation, eibher
clear that both the upper bound model and the Iower ject priority or feasible sequencg&heme is better.

bound model work the same as the proposed model if

there is only one agent to do the task amgdy = 1.
Finally, Fig. 12 shows the speedup effect of the HCP. 7.3. Simulation Results of CCP
When the generated object sets are applied to 10
agents, the execution time decreases with the increasingT he experiment includes: the performance comparison
number of agents. It shows that the protocol can effec- between the HCP and CCP in both execution time and
tively utilize the benefit from increased agent-power. speedup, and the comparison of differeatrdination
The speedup is high whe¥ is changed from 10to 20, intervals The results showed that 1) The CCP has
and it is low whenN is changed from 40 to 50. Ini- the same features as the HCP, i.e., stable behavior and
tially the waiting time is significantly decreased when speedup effect. 2) The performance of CCP is better
using more agents. If there are usually enough agentsthan the HCP, and the CCP has better speedup effect.
available to help out whenever a large object is found, 3) Furthermore, Cl is flexible in choice.
the benefit from increasiny will be a smaller subarea Figure 13 shows the execution time of CCP when
for each agent. N = 2, 4, 8, and 10 agents. When the number of ob-
The deadlock handling schemes have been tested orjects increases, the execution time increases linearly
the cases with deadlocks and without deadlocks, res-with it for all N. It shows that the CCP is very stable

20000

Figure 11 The execution time of HCP faX = 1, 2, 4, 8, and 10
agents.



Cooperation Protocols in Robotic Systems 191

140000 . Table 3 The CCP speedup ratio relative to
120000 N = 10.
100000 —=—N=2 Number of agents\
g 80000 —a-N=4 quber of
£ 60000 ——N=8 object M 10 20 30 40 50
40000 N=10
20000 = 1 1 08 067 061 053
0 10 1 095 088 085 0.82
0 50 100 150 200 20 1 101 09 092 0.88
Number of Objects 30 1 1.04 102 099 0.93
, o 40 1 1.05 1.03 104 1.00
Figure 13 The execution time of CCP fdl = 2, 4, 8, and 10 50 1 104 104 104 1.00
agents, with C& 1. ' ) ' :
100 1 108 109 112 1.09
200 1 109 114 115 1.15
120000 _
100000 a— N=10
80000 g— N=20 Table 4 The HCP speedup ratio relative to
Q p—
E 60000 - N=30 N = 10.
= 40000 N=40 Number of agents\
20000 = Number of umber of agents,
. ——N=50 object M 10 20 30 40 50
0 50 100 150 200 1 1 0.81 0.65 057 0.48
Number of Objects 10 1 088 069 068 0.59
20 1 089 083 075 061
Figure 14 The execution time of CCP fa¥ = 10, 20, 30, 40, and 30 1 093 080 0.76 0.65
50 agents, with Ck=1. 40 1 091 084 076 067
50 1 091 085 072 0.69
under different workloads. When the generated object 100 1 100 090 083 0.76
sets are applied th > 10, the execution time decreases 200 1 09 08 079 076
with the increasing number of agents as showed in

Fig. 14.

Table 3 further lists the speedup ratio relative to the due to smaller subarea. But, there is no obvious im-
execution time ofN = 10 agents. Let the execution provement on object movement since there is no sig-

time of N agents be&Cy. The speedup rati8y is: nificant increasing parallelism. Hence, the results also
provide a useful reference when adding more agents
Sy = (C10/Cn)(10/N) for speedup. Where there is a superlinear speedup,

adding more agents can be beneficial. Under sublinear

Compared with the HCP’s speedup ratio showed in speedup condition, the benefit of adding more agents
Table 4, the CCP has significant effect on speedup. It is not as significant.
shows that the CCP can effectively utilize the increased  Next, Figs. 15 and 16 typically present the com-
agent-power. parison between HCP and CCP undies= 10 and 50

For most cases wittM > 30, the speedup is linear agents, respectively. The CCP results include both
or superlinear. There is obvious improvement on ob- Cl=1 and Cl= M, i.e., coordination activated once
jects movement because more agents make more ob{inding an object or after having searched the entire
jects movement in parallel. For example, assume therearea. No matter what Cl value is chosen, the CCP is
are three objects requiring 5, 6, and 7 agents respec-always superior to the HCP. In addition, the CCP is
tively. They will be moved in sequence whéh= 10 obviously better than the upper bound model by com-
while moved in parallel wheMN =20. The speedup paring Figs. 15, 16 with Figs. 9, 10. Through global
ratio is 3. On the other hand, for small number of ob- coordination and cost-balanced strategy, the CCP can
jects, e.g.M =1, more agents decrease fearchime efficiently perform the OST.
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Figure 17. Execution time for different coordination interval when
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Finally, the effect of different Cl is showed in
Figs. 17 and 18 where G 1, 10, 20, 30, 40, 50, 100,
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Figure 18 Execution time for different coordination interval when
N = 50.

Cl=1 and Cl=M becomes smaller when there are
more agents such @& = 50 in Fig. 18. Hence, CCP
is flexible in choosing CI.

8. The Path to Implementation

This section describes communication and uncertainty
issues when implementing these cooperation protocols
in real robots. Variability in the proposed approach is
illustrated by simulation on the object-drop uncertainty
and variable message delay.

8.1. Communication
The messages in the proposed protocols are important.
They should not be lost. For example, @lpmessage
broadcast to the other agents is lost, the requiring-help
agent may not be able to move its object since there
may not be enough number of willing-help agents. If
an agent'sselectionmessage is lost when broadcast-
ing its selected object to the others, the coordination
algorithm will fail in running the overall object sched-
ule. Hence, a reliable communication system must
be utilized for the cooperation protocols. A reliable
communication system can guarantee that every mes-
sage sent should reach the destination agent. The well
known TCP/IP is a reliable communication protocol.
It can be found in many popular systems such as Unix
or Windows.

In the absence of reliable communication systems,
additional mechanisms can be appended to the com-

and 200. Larger Cl can make better decisions due to munication module. Each message sent is monitored
holding more information for coordination, and smaller by acknowledgment and retransmission mechanisms.
ClI requires more coordination processes. Hence, aWhen an agent receives a message, it sends a messag
larger Cl has better performance than a smaller Cl in back to the sender to acknowledge the received mes-
general. On the other hand, smaller ClI requires less sage. The sender will retransmit the message if it is
storage and is faster in generating the object sched-not acknowledged by its receiver within the predefined
ule for movement. In addition, the difference between time duration.
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Since agents have to move about in the area, aobjects canbeimplemented inthe motion module. Ad-
wireless communication system is more suitable for ditional states for the situation can be added to the state
implementation. Effective communication distance of machine for handling the problem. When the object is
messages is an importantissue in wireless communica-picked up again, the state can changdMOVING to
tion. Practical systems usually use relays or gateways continue object movement.
to route messages from one cell to another. Studies on Message delay is variable in a real environment.
communication distance for optimal performance un- Many actions of agents must be synchronized for them
der different situations have been performed. In such to work together, e.g., waiting for willing-help mes-
research, transmission waiting time (Yoshida et al., sage for choosing partners, waiting for the selections
1995) and task performance (Agah and Bekey, 1995) of the other agents for running the coordination al-
were considered for optimal performance. However, gorithm. Hence, message delays also affect the sys-
in our systems, certain tasks require all agents working tem performance. Our previous simulation employed
together. For example,l&lp message must reach all acentralized simulator which assumed a fixed message
the other agents in order to accomplish a task requir- delay. In order to approach the real environment, we
ing all the agents. Hence, the communication distance have developed a distributed multi-workstation simu-
should be at least as long as the working area. lator in which each agent is represented by an inde-

Both broadcast messages and peer-to-peer messaggsendent process and distributed in several Sun Unix
are employed in our systems. In a distributed environ- workstations (Lin, 1997). Amonitor process is uti-
ment, agents don't have the knowledge about the otherlized to interact with the users. The monitor accepts a
agents. Broadcast is necessary for agents to requestask specification from the user, initializes each agent
help. If broadcast communication is not supported on variousworkstations according to the task specifica-
in the system, an alternative method must be imple- tion, waits for agents to establish their communication
mented. One alternative is to give each agent the basicchannels, then starts the task. Each agent performs the
information of the other agents so that agents can es-task with the specified cooperation protocol and sends
tablish peer-to-peer channels between any two agents.reports to the monitor during execution. The monitor
When an agent wants to send a broadcast message, itollects reports from the agents and display the cur-
will be sent through all the peer-to-peer channels of the rent progresses of the overall task and of every agent.
agent. Another method is to set up a central station to Message delay is dependent on the load of the overall
broadcast messages. The central station has communinetwork.
cation channels with every agent. When an agentwants
to send a broadcast message, it sends the message to ] . o
the station. Then, the station forwards the message to8-3-  Simulation for Variability
the other agents. Besides, a range of bandwidth can be ) )
reserved for the broadcast channel in the wireless envi- Simulation for object movement and message delay
ronment. Every agent uses the special channel to sendVas performed for showing the variability in the pro-
broadcast messages. In addition, every agent listens tg?0S€d approach.

the channel to receive broadcast messages. For object movement, a group of agents may drop
their object while moving to the destination. If the

agents sense the drop event, they can pick up the object
8.2. Variability and continue movement. In case the drop is not sensed,
they may discover it after having reached the destina-
There are uncertainties in the sensors and manipu-tion and inspected the object. Hence, there are three
lators of robots. Furthermore, variability in environ- probabilistic events: object-dropped, drop-sensed, and
ments may cause non-deterministic results. Variability drop-inspected events. For handling the uncertainty in
on object movement and variable message delay areobject movement, an INSPECT state has been added.
discussed to illustrate the variability in the proposed When an agentin MOVING state has reached the desti-
approach. nation, it enters the INSPECT state and checks whether
For object movement, an object may drop during the object has dropped. If the object has dropped, the
movement. Ifthe drop is detected, the agents must stopagent enters DROP-BACK state and follows the path
to pick up the object, then continue carrying the object back to find the object. The modified state diagram for
to its destination. The function of detecting dropped the CCP is called UCCP and showed in Fig. 19.
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Figure 19 State transition diagram of the UCCP.

The simulation was performed with the following
parameters:

Number of agents: 10

Number of objects: 50

Number of problem samples: 10
Cooperation protocol: UCCP

Probability of the object-dropped event: 0.5
Probability of the drop-sensed event: 0.5
Probability of the drop-inspected event: 0.95

execution time for each sample (UCCP), the mean of
the occurred number of events (object-dropped, drop-
sensed, and drop-inspected), and the increased execu
tion time cost relative to the CCP (Dtime). Table 6 lists
the standard deviation of the results.

Under variable environments, the cost is increased
because the agents must pay more effort to handle the
variability. The increased cost is about 12.6% of CCP
under the above simulation condition. From the illus-
tration, the object-dropped uncertainty can be handled
by the modified cooperation protocols.

The second part of the simulation was for mes-
sage delay. Each problem sample was performed by
the multiple-workstation simulator (MWS) described
in the above subsection under different configurations
which combining various computing power, network
traffic, and system load. The experimental parameters
are listed as follows:

Number of agents: 10

Number of objects: 50

Number of problem samples: 10
Number of configurations: 10
Cooperation protocol: CCP

Table 7 lists the experimental results for each prob-
lem instance. The results include the mean and stan-
dard deviation of the performed configurations, and the
cost difference (Dtime) between the fixed-delay simu-

Each problem sample was run 30 times. The mean lator and the MWS. The increased cost is about 38% of
and standard deviation of experimental results are the CCP. Theresults of all configurations can be divided
shown in Tables 5 and 6. Table 5 lists the mean of the into two parts according to the performance. They can

Table 5 The mean results of UCCP.

UCCP Dtime Dropped  Sensed Inspected  Not inspected

Sample (Time unit)  (Time unit)  (Object)  (Object)  (Object) (Object)
1 37787 3847 25.0 12.7 11.6 0.7

2 37787 3847 25.0 12.7 11.6 0.7

3 33506 3202 24.6 121 11.8 0.7

4 27067 3467 25.9 12.9 12.3 0.7

5 30258 3466 25.1 12.9 11.6 0.5

6 26744 3352 25.4 13.3 115 0.5

7 31696 3650 25.6 13.0 12.0 0.6

8 26535 2815 248 12.7 115 0.7

9 34244 3831 241 11.7 11.9 0.5

10 30256 3130 25.0 12.3 121 0.7
Average 31588 3461 251 12.6 11.8 0.6
Standard

deviation 4007 328 0.47 0.45 0.26 0.09
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Table 6 The standard deviation of UCCP.

UCCP Dropped Sensed Inspected  Not inspected

Sample (Time unit)  (Time unit)  (Object) (Object) (Object)
1 1246 2.61 2.59 2.62 0.86
2 1325 3.89 3.35 291 0.72
3 1072 4.37 3.24 2.32 0.64
4 1020 3.48 3.43 2.44 0.74
5 1408 3.18 2.52 3.28 0.76
6 1185 3.22 3.05 3.05 0.72
7 1061 2.96 2.59 3.31 0.76
8 924 3.19 2.37 2.69 0.70
9 1093 2.94 3.60 3.32 0.62
10 1162 2.93 231 2.06 0.79
Average 1150 3.28 2.90 2.80 0.73
Standard

deviation 139 0.49 0.45 0.42 0.07

Table 7 The experimental results of MWS.

Mean Dtime Standard deviation

Sample (Time unit)  (Time unit) (Time unit)
1 42456 8516 3836
2 39371 11343 4540
3 40948 10644 4164
4 34371 10771 3750
5 36114 9322 3393
6 35944 12552 4114
7 37691 9645 3859
8 36289 12569 4404
9 41713 11300 4286
10 37106 9980 4230
Average 38200 10664 4058
Standard

deviation 2619 1264 328

represent different kinds of performance. For the better
first half results, the increased cost is about 27% while
the increase is 49% for the remaining results. Hence,
variability on message delay is an important issue for
the task performance.

9. Conclusion

A complex multi-agent task, th®bject-Sorting Task
(OST), is discussed in the paper for solviogoper-
ation and parallelism problems in multi-agent tasks.

Parallelism and cooperation requirements are embed-
ded in the OST. In order to accomplish the task,
cooperation is required. In addition, the degree of par-
allelism affects the performance. To cooperate each
other while maintaining parallelism is an important
problem of multi-agent tasks. Several cooperation pro-
tocols for solving multi-agent tasks are presented, and
demonstrated on solving the OST.

All the protocols are realized by a reactive, mod-
ularized architecture. With the architecture, different
protocols can be easily implemented. This paper pro-
vides several design criteria for solving the OST, and a
framework for the implementation. From the analysis
of experimental results, we can conclude:

1) In distributed autonomous robotic systems without
global knowledge, thbelp-based cooperation pro-
tocol (HCP) is suitable for coordinating agents to
help each other.

Where there is a requirement for immediate re-
sponse, e.g., an object must be handled once it is
found, the HCP is appropriate.

The performance ofoordination-based coopera-
tion protocol (CCP) is better than the HCP with

a global consideration and embedded social rules,
the result is close to a deliberate approach, genetic
algorithms, implemented in Lin and Hsu (1995b).
Where the global knowledge is available, the CCP
is more suitable for better performance.

The deadlock handling schemes provide a founda-
tion for solving resource conflicts in a multi-agent
environment.

2)

3)

4)
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Figure 20 Three snapshots of a task execution in simulation.
The HCP and CCP are superior to the modepuaf- Several extensions and future work have been iden-

fessional furniture mover@FM), which searches and tified by the authors during this research. From the
moves objects sequentially. When the workload is performance comparison, there is a point in which a
heavy, such as 10 agents handling 200 objects in which cooperation protocol and the PFM have the same ex-
the total required number of agents for object move- ecution time. The relationship between the execution
ment is around 1100 agents, the performance of HCP time of a cooperation protocol and the PFM is depen-
is approximately equal to that of PFM. However, when dentonthe number of agents, the number of objects, the
the number of agents is increased to 50, the executiontotal number of required agents, and the working area
of HCP is 40 percent faster than the PFM. size, etc. Further study is necessary to decide which
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cooperation protocol or the PFM should be employed among objects in some cases. For example, the ob-
for a specific object-sorting task. jects must be sorted by their size. That is, larger ob-

The PFM can be further extended to consider the jects must be moved first. Then, smaller objects will
issues of cooperation. For example, where is the pre- be moved later and placed on the larger objects. For
ferred return location when an assigned group has CCP to consider such situations, each agent must make
moved its object to the destination? If there is no ne- its own selection according to the order. For HCP,
gotiation among the groups, a group can only return each agent must not request help until it has searched
to its object’s original location and continue searching its subarea. After it has searched its subarea, it re-
by following the predefined search path. If the main quests help according to the object order. The state
search group is still searching when a group finishes machine of HCP must be extended to handle the sit-
its subtask, the group may inquire the current location uations. Anyway, the evaluation function of the OST
of the main group and go to the location directly. But, is still valid. No matter which sequence the objects
the main group could have moved on to another loca- are found or the number of objects needed to be pro-
tion when the group reaches the specified location. If cessed by each agent, the actual sequence of the object:
the main group wants to predict the next location for processed by each agent definesAgent-Object Se-
meeting with the assigned group, how does it make the quencgAOS). Hence, the cost of each agent is the ac-
prediction? Hence, communication, coordination and tual cost spent by the agent for handling all the objects
deadlock problem must be considered for such exten-in its object sequence. It is independent of any object
sions. constraints.

There are other approaches to solving the OST. One  For HCP, using different sets of cooperation strategy
is the elected leader approach (EL). A leader is se- (when-help, select-help.) will have different perfor-
lected to coordinate the activities of agents. It can be mance. For CCP, the utilized coordination strategy de-
viewed as a variation of the centralized approach, in termines its performance. Many other strategies can be
which a single leader is elected to make decisions for developed to improve the performance of OST as well
assigned tasks. In a sense, the HCP embeds the princias for applying to other domains.
ple of EL since an agent becomes a leader when itfinds Adaptation of cooperation protocols will be required
a large object. It will request help and decide which in a dynamic environment. And the proposed archi-
agents will be its partners, then wait for the partners tecture can be developed to automatically generate
to move the object together. The HCP is more efficient the implementation for different sets of cooperation
than the EL because the HCP utilizes more leaders protocols.
which are distributed and working simultaneously. In
addition, the Ieao_ler C(_)ncept is emp_loyed by the CQP. Acknowledgment
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