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ABSTRACT not hide information from each other. Furthermore, revealing this
Conflict resolution is a critical problem in distributed and collabo- Nformation ishypothesizedo speed up the rate and likelihood

rative multi-agent systems. Negotiation via argumentation (NVA), _Of converging t_o a solution[5). Ind_eed, we are currer_1tly appl_y-
where agents provide explicit arguments or justifications for their N9 argumentation in real-world multi-agent settings, which require
proposals for resolving conflicts, is an effective approach to resolve scale-up to large numbers C?f aggnts. .

conflicts. Indeed, we are applying argumentation in some real- Unfortunately, while previous |mple'mented'arg_umentatlon sys-
world multi-agent applications. However, a key problem in such tems have performed well in small-size applications, no system-

applications is that a well-understood computational model of ar- atic investigation on Iarge-scale argumentati.on systems has 'been
gumentation is currently missing, making it difficult to investigate dON€- Thus, several major questions regarding the computational

convergence and scalability of argumentation techniques, and toperformance of argumentation remain open. One key open ques-

understand and characterize different collaborative NVA strategies tion is :‘lederstalnd_ing if (and when) arg_umle nfa@ionhaituallyfspe?ds
in a principled manner. To alleviate these difficulties, we present UP €N ict resolution convergence, particularly in the face of scale-

distributed constraint satisfaction problem (DCSP) as a computa- up. Inde_ed, t_he presence of explicit justifications in argumentation
tional model for investigating NVA. We model argumentation as Ccould fail to improve convergence and may degrade performance

constraint propagation in DCSP. This model enables us to studydue tc_) processing overheagis. Another ke_y open question |s_for-
convergence properties of argumentation, and formulate and ex-mulating different collaborative NVA strategies and understanding
perimentally compare 16 different NVA strategies with different thelr_ Impact on convergence. .Thls question Is partlcularly impor-
levels of agent cooperativeness towards others. One surprising refantin collabor_atlve contexts, since well-formulated strategies from
sult from our experiments is that maximizing cooperativeness is not NON-collaborative settings, such as threats, appeals to self interest
necessarily the best strategy even in a completely cooperative en-Or attempts to undercut one’s opponent[6], are inapplicable.
vironment. The paper illustrates the usefulness of these results in
applying NVA to multi-agent systems, as well as to DCSP systems

in general.

Answering the above questions requires that we define an ab-
stract, well-understoocbmputational model of argumentatisuit-
able for large-scale experimental investigations. Certainly, answer-
ing such questions by building ad-hoc, complex agent argumenta-
1. INTRODUCTION tion systems is costly and very labor intensive. Furthermore, such
complex systems often make it difficult to identify the critical fac-

Distributed, collaborative agents[4, 12] are promising to play an ’ ; . .
9 [ | P g to piay tors that contributed to their success or failure. Another alternative

important role in large-scale multi-agent applications including vir- N R L -
tual environments for training, distributed robots for exploration, S t0 €xploit existing formalizations of argumentation in logic, such
and distributed sensors. Such collaborative agents may enter into®S Ir_nod_al Iofglc[6] and dlaltle_ctlcal log'?[ll]' lHowever, lthese for-
conflicts over their shared resources, joint plans, or task assign-Mallizations focus on mo%e ing agler;ts gomp ex me_?_ta states, ind
ments, etc. requiring effective collaborative conflict resolution. In- a;:e sometlmebsl sugge;_te_ as tools for es:gn Sgelc' ;catllon, ma ||ng
deed, resolving such conflicts is a critical issue for collaborative them _unsuna_ ease |_C|ent computational models for large-scale
agents, particularly for large-scale applications experimental investigation. Indeed, to the best of our knowledge,
Negotiation via argumentation (NVA) is a promising approach to these formalizations have not been used in investigating large-scale

collaborative conflict resolution[6]. In this approach, while agents argumentation systems. _ o
negotiate as usual by sending each other proposals and counter- To alleviate the above difficulties, this paper proposes distributed

proposals, these proposals are accompanied by supporting argug:onstraint satisfaction problem (DCSP)[1, 15] as a novel computa-

ments (explicit justifications). Such argumentation appears par- ional model of NVA. Argumentation is modeled in DCSP as fol-

ticularly appropriate in collaborative settings, since agents need !OWS: When_ an ag‘?“t cor_nmumcates to others its _as&gnments of
its local variables, it also includes the local constraints that led to

the assignments, as a justification. These communicated local con-

straints are exploited in service of constraint propagation by other
Permission to make digital or hard copies of all or part of this work for agents to attempt to speed up a conflict resolution process. We fo-
personal or classroom use is granted without fee provided that copies arecus specifically on one of the best published DCSP algorithms, that
not made or distributed for profit or commercial advantage and that copies of Yokoo and Hirayama [15], and model argumentation as an ex-
bear this notice and the full citation on the first page. To copy otherwise, t0 ansion to this algorithm by communicating local constraints. Ar-

republish, to post on servers or to redistribute to lists, requires prior specific : - . . .
permission and/or a fee. gumentation essentially enables this DCSP algorithm to interleave

AGENTS'01May 28-June 1, 2001, Moréal, Quebec, Canada. constraint propagation in its normal execution.
Copyright 2001 ACM 1-58113-326-X/01/0005$5.00.



Next, using this extended DCSP as our computational model,
we formulate different NVA strategies, varying the level of coop-

. . . imr?-u-1 e PR
erativeness towards others. While cooperativeness towards othet -
would appear to be fundamentally important in a cooperative envi- Tang et
ronment, the DCSP model enables a formalization of this notion.

We specifically formulate different negotiation strategies as varying Senzor¥ Senmord

the value ordering heuristics[3]. The basic idea is to make some
variable values more or less preferable than the others, so as t . - |
model the varying of cooperativeness towards others. (a) sensor(left) and target(right)  (b) simulator (top-down view)

Essentially, the existing body of work on efficient DCSP algo- Figure 1: A distributed sensor domain
rithms and further efficientincorporation of argumentation in DCSP ’
enables us to investigate the impact of argumentation and different
NVA strategies in the large-scale. Furthermore, we can vary differ-
ent argumentation parameters and investigate their impact on con-
vergence. In particular, we conduct detailed experiments on 16 dif-
ferent NVA strategies, and provide the following results. First, ar-
gumentation can indeed significantly improve agents’ conflict reso-
lution convergence, i.e., agents can more quickly resolve their con-
flicts and the overhead of argumentation is in general outweighed
by its benefits. However, the benefits of argumentation vary non-
monotonically with the proportion of agents that offer tightly con-
straining arguments to support their proposals — indeed, the ben-
efits of argumentation are lowest when either too few or too many
agents offer such arguments. Second, with respect to NVA strate-
gies, given that our system operates in a highly collaborative envi-
ronment, the expectation was that more cooperativeness will lead
to improved performance. However, a surprising result we obtain
is that a maximally cooperative strategy is not the most dominant
strategy. Essentially, while some improvements in cooperativeness
significantly improve performance, further improvements do not
help and may end up degrading performance. This degradation is
not only in terms of overheads but more fundamentally in negotia-
tion cycles required to converge to a solution.

Additional benefits of the DCSP model of argumentation are
seen in our ability to directly apply this model in real-world multi-
agent settings, where it can provide sound performance guarantee%
(based on the guarantees of DCSP). Finally, notions of argumen-
tation and cooperative NVA strategies may potentially advance the
state of the art in DCSP research as well.

C is busy with another target. Thus, if agent A is able to provide
an argument to B and C for its request, such as “I detect a target
in my sector 17, it may induce them to switch sectors. Alterna-
tively, B may counter-propose that it cannot turn on its sector, with
an argument “low on power”. Here, following [Shegotiation ob-
jectsrefers to issues (e.g. choice of sectors) over which negotiation
takes place. Agents propose and counter-propose values for these
negotiation objects, with explicit justifications.

The second application domain is the helicopter combat simu-
lation domain[12]. Different conflict situations arise in a team of
simulated pilot agents. One example, henceforth calleditimg
position exampleinvolves allocatindiring positionsfor a team of
pilots. Individual pilots in a helicopter team attack the enemy from
firing positions. Each firing position must enable a pilot to shoot
at enemies while protecting the pilot from enemy fire. In addition,
a pilot’s firing position is constrained by the firing positions of the
others. Two firing positions are in conflict if they are within one
kilometer of each other. Therefore, each agent has to negotiate its
position with others to avoid conflict and provide safety.

Earlier an argumentation system called CONSA (COllaborative
Negotiation System based on Argumentation) was developed for
the above combat simulation domain[13]. As an example of ar-
umentation in CONSA, consider two pilot agents, A1 and A2,
nd two enemy positions E1 and E2, where Al knows only about
E1, while A2 knows only about E2. Suppose that A1 and A2 are
only 100 meters apart, which are in conflict since they are not one
kilometer apart as required. Here, agents’ firing positions are the
negotiation objects. Al computes new values for the negotiation
2. DOMAINS AND MOTIVATIONS objects (positions for both agents). It then communicates its pro-

Among the domains that motivate this work, the first is a dis- posal to A2, suggesting(A1l move 450 m left, A2 move 450 m
tributed sensor domain. This domain consists of multiple station- right)}, where the appended justification includg¢esnemy E1 po-
ary sensors, each controlled by an independent agent, and targetsition, current separation 100 m)}. When A2 receives and eval-
moving through their sensing range (Figure 1.a and Figure 1.billus- uates the proposal, it realizes that it cannot move 450 meters right
trates the real hardware and simulator screen, respectively). Eachbecause of E2. Instead, since the maximum A2 can move is 300
sensor is equipped with a Doppler radar with three sectors. An meters, it counter-proposgg¢A1l move 600 m left, A2 move 300
agent may activate at most one sector of a sensor at a given timem righf)}, with the justification being thaf(enemy E1 position,
or switch the sensor off. While all of the sensor agents must act enemy E2 position,)}. However, if there were a third agent A3,
as a team to cooperatively track the targets, there are some key difAl’'s 600 meter move to the left may cause a conflict between Al
ficulties in such tracking. First, in order for a target to be tracked and A3, requiring further negotiation.
accurately, at least three agents must concurrently turn on overlap- The above applications illustrate the importance of investigating
ping sectors. (This allows the target's position to be triangulated). the scale up properties of argumentation. For both domains, argu-
Second, to minimize power consumption, sensors need to be peri-mentation appears useful for a small number of agents. However,
odically turned off. Third, sensor readings may be noisy and false in cases involving 100s of distributed sensors in a grid or 100s of
detections may occur. Finally, the situation is dynamic as targets pilot agents in formation, argumentation may not provide signifi-
move through the sensing range. cant enough benefits to outweigh its overheads (of processing argu-

To address this problem, agents may negotiate via argumenta-ments). Thus, to justify the use of argumentation, we need to inves-
tion to enable them to coordinate their individual choice of sectors. tigate if (and when) the argumentation will truly speed up conflict
For example, if an agent A detects an object in its sector 1, it may resolution convergence with scale up. In addition, it is important to
negotiate via argumentation with neighboring agents, B and C say, investigate different collaborative NVA strategies and their impact
so that they activate their respective sectors that overlap with A's on convergence. Being cooperative is clearly important in both do-
sector 1. In particular, it may be the case that B is low in power or mains, e.g., if pilot agents refuse to move, the problem may in some



cases be unsolvable. Indeed, in some cases, the pilot agents’ max-
imal cooperativeness towards others, by offering to move the max-
imal distance they are allowed, would appear to be very helpful. -
Similarly in distributed sensors, an agent’s turning its own sector
on so that others may conserve power, would appear to be help-
ful. However, as we scale up the number of agents, it is unclear if
maximal cooperativeness will necessarily lead to improved perfor- —
mance. Unfortunately, answering these questions by building ad- R - ®)

hoc implementations is difficult — the process would be difficult Figure 2: Model of agents in argumentation
and labor intensive, and in the end, the factors that led to success or

failure of argumentation may remain unclear.

Finally, it is useful to understand that, in this paper, we focus
on distributed NVA to resolve conflicts as opposed to a centralized
approach, where a single agent gathers all information to provide a
solution. Indeed, in many applications, such a centralized approach
could prove problematic. First, this approach introduces a central
point of failure, so that there is no fault tolerance. Second, central-
ization of all information could be a significant security risk, open
to actual physical or cyber-attacks, particularly in hostile adversar-
ial environments. Third, centralization requires all agents to accept
a central authority, which may not always be feasible. Finally, a
centralized agent could be a significant computational and commu-
nication bottleneck. Specifically, in domains such as distributed
sensors, negotiations must continually occur among all agents for
readjustment of the sensors. Centralization would require all sen-
sors to continuously communicate their local information to the
centralized agent which can be a significant bottleneck given scale-
up to thousands of agents. A distributed system provides fault toler-
ance, reduces the security risk, avoids a central authority and avoid
a centralized communication/computational bottleneck.

variables of different agents, modeling the existing conflict. The
remaining variables belonging to an agent are only locally con-
strained, and are referred to la€al variables These local vari-
ables model the facts that are (at least initially) only known locally
by an agent, i.e., not known by other agents. An agent’s local vari-
ables locally constrain its negotiation variables. In our initial ex-
perimental investigations in DCSP, we found it sufficient to model
each agent as having only one negotiation variable. We represent all
the local variables and local constraints as a single node constraint
on this negotiation variable. Thus, as illustrated in Figure 2.a, each
agent (denoted by a big circle) has only one negotiation variable
X, and one local constraiiiiC;. Note that the local constraint of-
ten involves very complex computation. Furthermore, there is no
limitation on the number of external constraiits for each agent.

We can now begin to model the firing position example using
DCSP. Here, each helicopter pilot’s firing position is its single ne-
otiation variable which is known to other agents. Furthermore,
here are external constraints among the negotiation variables of
neighboring agents: the firing positions must be at least 1000 me-

3. ARGUMENTATION AS DCSP ters apart. Since enemy positions are locally observed by individual

. gents and they constrain the firing positions, the enemy positions
To advance the current research, we need to provide an abs""’w[‘i)rm local constraints on an agent’s negotiation variable. Note that
and well-understood computational model for NVA. To this end, 9 9 )

we propose a novel computational model, that of Distributed Con- we can easily extend this mapping to problems involving multiple

straint Satisfaction Problem (DCSP)[1, 15] to investigate NVA. DCSFUegOtIaItlon variables per agent, as shown in F_|g_ure 2'b? Here, the
) - . . squares labeled v1, v2, v3, and v4 are negotiation variables, and
allows us to easily model conflicts via constraints. As a well-

. . ) ) L ! . the small circles and the links between them are local variables and
investigated problem, it provides efficient algorithms to build on. . . . . . .
: . e constraints. This extension will be considered in our future work.
Most importantly, it also allows us to very efficiently model the use . Lo .
A o Now, a major aspect of our mapping is to formalize argumen-
of argumentation in negotiation. S : .
.. . tation in the context of DCSP. The key here is that argumentation
3.1 DeSC”pt'()n of CompUtat|0nal Model can be mapped on as constraint propagation. That is, in DCSP al-
A Constraint Satisfaction Problem (CSP) is commonly defined gorithms such as Asynchronous Weak Commitment search (AWC)
by a set ofn variablesz1, ..., z, associated with finite domains  [15], agents communicates the values assigned to their externally
D1, ..., D, respectively, and a set @f constraints ¢, ..., G, on constrained negotiation variables. However, with argumentation,
the values of the variables. A solution is the value assignment for agents also communicate their argument (justification) in the form
the variables which satisfies all the constraints. A distributed CSP of local constraints (e.g., theC; in Figure 2.a) under which they
is a CSP in which variables and constraints are distributed amongmade the selections of values for their variables. These local con-
multiple agents. We consider DCSPs with multiple variables per straints are propagated by the agents receiving the argument. Such

agent[15]. Each variable:f) belongs to an agent;A A constraint constraint propagation requires that when negotiation variabtjes
defined only on variables belonging to a single agent is called a and X; (belonging to agentdl; and A; respectively) share an ex-
local constraint In contrast, arexternal constraininvolves vari- ternal constrain€;; (X;, X;) then these agents know the domains

ables of different agents. Solving a DCSP requires that agents notof the negotiation variables. In particulat; is aware ofX;’s do-
only solve their local constraints, but also communicate with other main, andA; is aware ofX;’s domain; otherwise the communi-
agents to satisfy external constraints. DCSP is not concerned withcation of local constraints such &%”; may not be interpretable
speeding up a centralized CSP via parallelization[15]; rather, it as- by others. This assumption models the situations where our pilot
sumes that the problem is originally distributed among the agents. agents are aware of the overall region or set of positions that neigh-
This assumption suits us well, since our negotiation problem is in- boring pilots could take, but they do not know the local constraints
deed a distributed one. that restrict those positions. (Alternatively, the local constraifit
Given this DCSP framework, we map argumentation onto DCSP may explicitly outline the set of allowed values for the given nego-
as follows. First, we divide an agent’s set of variables into two tiation variable. There are tradeoffs in the different techniques, and
subsets. In particular, agents’ negotiation objects are modeled aghese may be optimized based on the domain.)
externally constrained variables, henceforth referred toeg®ti- Concretely, argumentation in DCSP works as follows. Suppose
ation variables There are external constraints among negotiation an agent4; selects a value; for its negotiation variableX;. It



will then send its selectiom; and its local constrainLC; to its
neighboring agentl; with the negotiation variablé{;. Here we

assume agentd; andA; are connected by the external constraint

C;; (Xi, X;) where X; has domainD; and X; has domainD;.
After receiving information fromA4;, agentA; will propagate the
received constraint to reduc¥;’s domainD;. This may be ac-
complished as followsA; first infers D} by applying LC; to X;
(alternatively,LC; directly provides the values @;), andA; then
usesD; to change its domaiD; to D’} by applying the external
constraintC; (X;, X;). A; modifies its local constraintC; to
reflect the domain change (the modified’; is communicated to
A;’s neighbors withy; later).

4. NEGOTIATION STRATEGIES

Given the mapping of argumentation to DCSP presented in the
previous section, different NVA strategies can be formalized using
DCSP. A negotiation strategy refers to the decision function used
by an agent to make a proposal or counter-proposal. In the mapping
to DCSP, a negotiation strategy is modeled as a value ordering used
to choose a value of an assignment for a negotiation variable. A
value ordering heuristic ranks the value of variables[3]. Different
value ordering heuristics lead to different negotiation strategies.

In AWCI15], the min-conflict heuristic is used for value order-
ing: given a variable that is in conflict, min-conflict heuristic as-
signs it a value that minimizes the number of conflicts[10]. This

While this constraint propagation amounts only to arc consis- mjn-conflict heuristic is used as a baseline negotiation strategy and

tency, itis not run by itself to solve the DCSP, rather itis interleaved \ye refer it as §,,;,.. Choosing ..:c, a state of the art strategy

with value selection. For instance, during each cycle of AWC, we a5 paseline is critical to ensure that any improvements we suggest
first propagate communicated constraints and then select values foryre real. However, the,S.;. strategy doesn’t exploit argumen-
variables. Thus, we do not increase the number of communicatedtation in generating a more cooperative response to other agents.
messages, an important issue for DCSP. Here, one assumption issrgumentation enables agents to consider the constraints that the
that communication cost is mainly dependent on the number of nejghboring agents have on their domains, which are communi-
communications rather than message size. Hence, communicationated as arguments. Taking the domains of neighboring agents into
of local constralnts. is not counted as extra communication cost.  account enables an agent to generate a more cooperative response,
3.2 Applications of Model i.e., select a value which gives more choices to neighbors, and thus,

The DCSP based computational model of argumentation can bePotentially lead to faster negotiation convergence. To elaborate on
applied to the firing position example and the distributed sensor net- this point, we first define our notion of cooperativeness. For this
work. We have already seen the mapping to the pilot agents with definition, letA; be an agent with a negotiation variabig, do-
their firing positions as negotiation variables and enemy positions M&in D;, and a set of neighboring agent.
as local constraints in Section 3.1. Here, argumentation enables o Definition 1: For a valuev € D; and a set of agent** C
oth_er pilots_ to qui_ckly rule out incom_pat_ible firing positions from N;, flexibility functionis defined ag.. (v, Nf*®) =X, ¢(v, A;)
their domains. With respect to the distributed sensor network, we such thatd; € N7“* andc(v, A;) is the number of values of
des_ire that whenever a target _is detected by an agent, all neigh- X; that are consistent with.
boring agents turn on overlapping sectors so as to also detect this

target. We model this as follows: Each sengbrhas a negotia- o Definition 2: For a valuev of X;, cooperativenessf v is

defined as'c, (v, V;). That is, thecooperativenessf v mea-

tion variable,sector;, with domain{0,1,2,don’t carg. Intuitively,
the choice of value of this variable corresponds4tds choice to
make that particular sector active or to go in a “dont’care” mode.
'Overlaps’ is an external constraint over sector variables of two

sures how much flexibility (choice of values) is given to all
of A;’s neighbors by.

Definition 3: A maximally cooperativesalue of X; is de-

agents,A; and A;. Thus, overlapséctor;, sector;) is true iff

sector; andsector; cover an overlapping region of space or any-
one has a value “don’t care”. Furthermore, each agent has a local
constraint,sector; = p, 0on its sector value. This constraint is en-

forced when a target is detected in seqtoby A;. “don’t care”

fined asvmq. such that, for any other value,;p.» € D;,
fco(Umaacy Nl) Z fco(vothem Nl)
Here, the concept of cooperativeness goes beyond merely sat-
isfying constraints of neighboring agents and enables even faster
convergence. That is, an age#if can provide a more cooperative

has other constraints that we will not go into here. This model is response to a neighbor agetif, by selecting a value for its nego-
an initial mapping of the distributed sensor network. As we take tiation variable that not only satisfies the constraint with, but
more resources and testing environment into account (e.g., powermaximizes flexibility (choice of values) fot;. If A; selectmaz,
bandwidth, noise, etc.), the mapping can develop to include them. giving A; more choice, therl; can more easily select a value that
Argumentation leads to constraint propagation in this domain as satisfiesA;’s local constraints and other external constraints with

follows. Supposed; detects a target in sector 04;’s local con-
straint on its sector valuadctor; = 0) will be enforced preventing
it from changing its sector to something else. Sise&or; is a ne-

gotiation variable A; will send the value assigned to this variable,

along with the local constraint¢ctor; = 0) as an argument, to all

its neighbors such a4;. A; will then process the argument (prop-
agateA;’s local constraint on its own domain), eliminating non-

overlapping sector values, e.g., “0” from its own domain. This,
may be left with{1, 2, don’t caré. A; may select value 2 for its

sector, overlapping witld;. It may then announce its choice of

its neighboring agents such ak,. This is indeed partly the ra-
tionale for the helicopter pilots in the firing position example (de-
scribed in Section 2) to offer the maximum flexibility to each other.
Having lower possibility of constraint violation, this cooperative
response can lead to faster convergence.

Shasic tries to minimize the number of constraint violations with-
out taking neighboring agents’ own restrictions into account for
value ordering. An agend;’s selected value with S, ;. is thus
not guaranteed to be maximally cooperative, i£q(v, N;) <
feo(Umaz, N;). Hence, $.sic is not the most cooperative strat-

value and reduced domain to its neighbors. egy to neighboring agents. However, other cooperative strategies
While constraint propagation caused by argumentation reducescan be introduced and formalized in terms of value ordering; i.e.,

an agents’ domain, there is still a choice of values available. Thus, T One objection to using a surE) is that a value with higher sum

a key question that remains open is how should an agent Choosemay be Jselected evengif some constituént are incon%istent —

a value for its negotiation variable from its reduced domain? This sym may be unfair to some neighboring agents. However, because
issue leads us to consider different negotiation strategies discusse@f our constraint propagation, we guarantee that such inconsistency
in the next section. does not arise, reducing any potential unfairness.




an agentd; can rank each value) in its domainD; based on the
cooperativenesg.. (v, INV;) of that value. These strategies rely on
the basic framework from AWC.

Since AWC, the state of the art DCSP algorithm is central to
the NVA strategies we discuss below, it is important to first discuss
AWC in some detail. In the AWC framework, thg,S;. Strategy is
used in two cases described below. When an adeselects a new
value for its negotiation variabl&;, the value selection depends on
whetherA; can find a consistent valugrom the domainD; of X;.
Here,v is said to be consistent if satisfiesA;’s constraints with
higher priority agent$. If there exists a consistent valwen D;,
we refer to it agjoodcase. In the good case, an agent appligs;S
minimizing constraint violations with lower priority agents. On the
contrary, if there is no such, we refer to it amnogoodcase. In
the nogoodcase, an agent increases its priority and u&gs;. to
minimize constraint violations over all neighboring agents[15].

Different negotiation strategies are described in terms ofjtioel

Figure 3: Cooperativeness relationship
The above four different strategies can be also considered in the

nogoodcase. The computation in thegoodcase is identical to the
goodcase except that tHg is the set of all values iv;, since there
isn’t a set of consistent values.,;5is also the most cooperative
strategy in thenogoodcase. Note that, in thisogoodcase, X's
priority is increased as usual as described above,]‘@?fdh and
N!°* are based on the variable’s priority prior to this increase.

andnogoodcases because different value ordering methods can be Based on the ideas introduced above, we can combine different

applied in these two cases. To explain the negotiation strategies,

let N?9" (Nl°v) be the subset olV; such that, for everyd; €
NJ¥9" (NLew), the priority of A;’s negotiation variableX; is higher
(lower) than the priority of4;’s negotiation variableX;. In the
goodcase, an ageM; computes a self) of consistent values for
X, from its domainD;. Based on cooperativeness, four different
negotiation strategies can be considered irgthalcase as follows:

® Spign: €ach agentéli selects a value from V; which maxi-
mizesfeo (v, N/"9") i.e., A; attempts to give maximum flex-
ibility towards its higher priority neighbors.
e S, each agent; selects a value from V; which maxi-
mizesf., (v, N°v).
w11 each agentd; selects a value from V; which maxi-
mizesf., (v, N;), i.e. max flexibility to all neighbors.

e S,.sic: €ach agentl; selects a value froriy; based on min-
conflict heuristic as described above.

We now define cooperativeness relation among these strategies

based on the cooperativeness of values they select.

¢ Definition 4: For two different strategieS, and Sz, S. is
more cooperativehan Ss iff (i) for all A;, X;, andva, vg
€ D; such thaw, andvg are selected b, andSs respec-
tively, feo(va, Ni) > feo(vs, N;) and (i) for somed;, when
fCO(UOH Nl) # fCO(Uﬂv Ni)! fCO(UOM Nl) > fCO(U37 Nl)
Theorem 1 The strategys,;; is maximally cooperativetrat-
egy in thegoodcase, i.e., for any other strate§y:ner, Sai
is more cooperative thab,xc, .

Proof. By contradiction. Assume th&f,;., iS more co-
operative. ForA;, v, is selected byS,; and votper by
Sother such that iffco(vallyNi) :/é fco(votheryNi)y then
feo(Vait, Ni) < feo(Vother, Ni). However, by the definition
of Sai1, Votrner Would be selected b§,,;; instead ofv,;;. A
contradiction.

By theorem 1, $; is more cooperative than the other strategies
Shigh, Siow: Skasic fOr the goodcase. Both &4, and S, have
trade-offs. For instance, %,h may leave very little or no choice
to an agent’s neighbors in;\’, making it impossible for them to
select any value for their negotiation variableg,,Shas a converse
effect. S.sic also has trade-offs because it does not consider the
flexibility of neighboring agents.

2A non-negative integer is assigned to each variable as a priority.

Agent and variable in our description are used interchangeably be-

cause each agent has only one variable in the current mapping.

negotiation strategy combinations for theod and nogoodcases:
there are 16 possible strategy combinations from the four negoti-
ation strategies(Sgn, Sow, Suu, and Sqsic above) for thegood
case andiogoodcases. Since, henceforth, we will only consider
strategy combinations, we will refer to them as strategies for short.
In the following, some examples of NVA strategies used for exper-
iments are described. Each strategy below is described in terms of
its response in thgoodandnogoodcases. Note that all the strate-
gies are enhanced with argumentation (constraint propagation): in-
deed, except foby,sic, these strategies cannot be applied without
argumentation. In the next section, we systematically experimented
with all the 16 strategies. Here, three exemplar strategies are listed.

® Spusic-Shasic: Thisis the original AWC. Min-conflict heuris-
tic is used for thggoodandnogoodcase.

Siow-Shigh: FOr thegoodcase, an agent is maximally coop-
erative towards its lower priority neighbor agents by using
Siow (the selected value doesn't violate the constraints with
higher neighbors). On the contrary, for thegoodsituations,

an agent attempts to be maximally cooperative towards its
higher priority neighbors by using.$.

S.i-Sai: In both thegood and thenogoodcases, an agent
uses §;; for the value ordering, which is to select a value
that maximizes flexibility of all neighbor agents.

Figure 4 describes a cooperative negotiation strategy chosen by
an agent4; in AWC[15] framework. Checlagentview is a pro-
cedure of AWC in which an agent checks the consistency of its
value assignment with other agents’ values (agésw) and se-
lects a new value if it violates any constraint. Cooperative nego-
tiation strategies amount to value ordering heuristics in the pro-
cedure. For Figure 4, let's assume thit selects a negotiation
strategy $-Ss such thata, 3 € {high, low, all, basi¢. In the
new.cooperativevalue procedure (Figure 4),5n, Sow. and Su
use min-conflict heuristic to break ties among the values with the
same max flexibility.

Among the cooperative strategies described aboyg;%:; is
the most cooperative strategy because it is maximally cooperative
to neighboring agents by,& in bothgoodandnogoodcases. Fig-
ure 3 shows a partial order over the cooperativeness of 16 different
strategies. A higher strategy is more cooperative than a lower one.
In general, the strategies at the same level are not comparable to
each other such as.%-Shigr and S.ign-Siow. HOwever, strate-
gies such as3sic-Svasic Were not originally defined with the no-
tion of cooperativeness as defined in this section; and could thus be
considered less cooperative than a strategy such,as;,» that
attempts to be explicitly cooperative to neighboring agents.
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X;’s priority = max of neighbors’ priorities + 1; local constraint ratio (LCR)

new._cooperative value(3, D;) Figure 5: Comparing negotiation strategies: constraint checks

checkagentview;} L -
Else /I no violation number of agents was 512 and the domain size of each negotiation

{If there exists a change fot;, communicate it to neighbor agerts; variable is one dozen for the chain and 36 for the grid. The exper-
Procedurenew.cooperative.value (Input: strategys, domainA C D;; imental results reported below were from 500 test runs and all the
Output: X;’s new valuevpeqw) - problem instances were solvable with multiple solutidns

1. If o = basic, selectyew € A Wherevy,e,, minimizes the number 5.1 Performance of negotiation strategies
f traint violati in-confli ith | iori ; . . . .
of constraint violation (min-conflict) with lower priority agents; NVA strategies described in Section 4 were compared on both

2. Else ¢ € {high, low, al}) the chain and the grid configurations. In Figuredistraint checks

- NO all — AN . L. A . .
%r_egcih (\:1?1;2;]\6[% = Ni); in the grid is shown for all the 16 strategies. The horizontal axis

v's flexibility = sum of flexibility for eachA; € € given byw; plots the ratio of the number of locally constrained agents to the
find v € A which has max flexibility and set the selectetb v,,.,;  tOtal number of agents. Each locally constrained agent has a local

Figure 4: Cooperative negotiation strategy in AWC framework constraint (described in Section 3) which restricts available values
for its negotiation variable into a randomly selected contiguous re-

5. EXPERIMENTAL EVALUATION gion. Thus, for example, local constraint ratio 0.1 means that 10

DCSP experiments in this work were motivated by the firing po- percent of the agents have local constraints. Local constraint ratio
sition example and the distributed sensor domain. In the experi- will henceforth be abbreviated as LCR. Having local constraints,
ments, each pilot was modeled as an agent and each agent had ornegents have less choice to assign a value to their negotiation vari-
negotiation variable to model the pilot’s firing position. The do- ables. The vertical axis plots the numbeicohstraint checksThe
main of this variable was the set of positions that the agent could results for all the 16 strategies on both configurations (chain and
take. However, the domain was restricted by local node constraintsgrid) showed that §.,-Siow O Sow-Skign Was the best, and the
such as the enemy positions for firing position example. The ne- results also showed that those strategies wifhSor Syqsic for
gotiation variable also had external constraints with the negotiation thegoodcase performed worse than the others.
variables of its neighboring agents. This external constraint mod- Given 16 strategies, it is difficult to understand different pat-
eled the real-world constraint that, in firing position example, iftwo terns in Figure 5. For expository purposes, we will henceforth
pilots were neighbors, then their positions must at least be somepresent the results from four specific strategies. Firgt-S,i; is
fixed distance from each other. If this external constraint was vio- selected because it is the maximally cooperative strategy. Second,
lated, then clearly, the current values of the agents were in conflict the original AWC strategy (Rsic-Srasic) IS Selected to compare
with each other. This mapping also works well for the distributed it with other negotiation strategies. Third;,$-Siow IS Selected
sensor domain, where each sensor is modeled as an agent whoskeecause it showed the best performance overall in the chain and
negotiation variable takes on sector values, and is constrained bythe grid. Lastly, $,.,-Snign is selected because it performed better
local constraints from target position, power usage, etc. The ex- than S,.,-Si.w in @ special case. Using these four strategies does
ternal constraint for the variables modeled the overlap constraint not change the conclusions from our work, rather it is done solely
explained in Section 3.2. for expository purpose.

Based on these mappings, a DCSP was constructed, and the goal Figure 6 shows theonstraint checksf the selected strategies
of argumentation was to find values for agents’ negotiation vari- on both configurations described above. These graphs show the in-
ables that satisfied all of their local and external constraints. Two teresting result that maximal cooperativeness towards neighboring
different types of DCSP configurations were considered in the ex- agents is not the best strategy. Though-S.;; performed better
periments: a chain and a grid. In the chain configuration, each than S.sic-Seasic in the grid and at higher LCR in the chain, it
agent had two neighboring agents, to its right and left (except for was worse than other less cooperative strategies. More specifically,
end points). Since there was a constraint between the negotiationS;,.,-S;0w, One of the lower level cooperative strategies from Fig-
variables of neighboring agents, the negotiation variables essen-ure 3, showed the best performance in the chain and the grid except
tially formed a chain. In a grid configuration, the negotiation vari- for the LCR of 0.0 and 0.9. (%-Sa;; and Sow-Srigr Were better
ables formed a grid in which a variable was constrained by its four than $,.,-Si.., at 0.0 in the chain and at 0.9 in the grid, respec-
neighbors except the ones on the grid boundary. These configura-ively.) While S,;;-S,;; did not win in terms ofconstraint checks
tions were motivated by our two domains. one possible explanation is its overhead in value selection - thus,

Our experiments followed the method used in [15] and same cri- it may still win in the number otycles However, the results in
teria were used for evaluation. In particular, evaluations were per- Figure 7 eliminate such a possibility becaagelesshow that $;;-
formed by measuringyclesand constraint checksCyclesis the S.ui1 was not the winner: even in terms of negotiataytles it was
number of r)egotiatiormyclesconsumed until a solutior_1 is found1 5The results shown in the araphs below are for top 10% harder
and constraint checkgto measure the total computation cost) is problems since we're more ir?ter%sted in difficult problgm instances.

the sum of the maximal numbers of constraint checks performed at each ratio, the problems were sorted with the number of nego-
by agents at each of the negotiation cycle. Experiments were per-tjation cycles with $,s:c-Svasic. The average over all problems
formed for the 16 negotiation strategies described in Section 4. The showed a similar pattern.
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. ) . L . ) to be counterproductive. To answer the question, two different
Figure 6: Comparing negotiation strategies: constraint checks Versions of $usie-Spasic Were compared. The first version was

the Susic-Shasic described in Section 4. The second version was

600
izz Py ool o same with $,5:c-Spasic €XCept that it didn’t use any argumenta-
a0 | f tion (constraint propagation). Let this second strategy Hg:S

g% / \\ L / \\ e Sbasic(noa@. In Sbasic-Sbasic, each agent received arguments (lo-

S 20 rd 1 5 o / é\k\_« It cal constraints) from neighbors and used the propagated constraints
izz 7 N 0 a0 Sallsal for reducing its local problem space. However, the agent had an
o ;{: 0\l o X m overhead of checking extra constraints. 1§ &&.-Spasic(N0arg),

s = s il f e agents did not receive arguments from neighbors, and thus did not
0 01020304 050607 0809 1 0T 0102 03 04 05 05 07 08 00 1 have to propagate constraints. Figure 8 shows the experimental re-
local constraint ratio (LCR) local constraint ratio (LCR) sults for the chain configuration with 16 agéht#Argumentation
(a) Grid (b) Chain helped $.si.-Svasic t0 reduce the total negotiation effort as mea-

sured byconstraint checkgFigure 8.a) anaycles(Figure 8.b).

Figure 7: Comparing negotiation strategies: negotiation cycl . . IR - :
9 paring neg 9 gotiation cycle One interesting point in Figure 8 is that the benefit of argumenta-

equivalent to or worse than other less cooperative strategies. tion varied non-monotonically as the LCR of the agents changed. In
The results above are surprising because, in cooperative envi-particular, in terms of bothycleandconstraint checkghe conver-
ronments, we expected that the most cooperative stratggsbs: gence speed difference betweens.-Syasic aNd Sasic-Spasic(NOArg

would perform the best. However, much less cooperative strategywas the lowest when there were too few or too many locally con-
Siow-Siow OF Sow-Shign Showed the best performance. So, we strained agents (e.g., at 0.0, 0.1, and 1.0). Understandably, when
conclude that a certain level of cooperativeness is useful, but eventhere were too few locally constrained agents, there were few argu-
in fully cooperative settings, maximal cooperativeness is not nec- ments to communicate. So, argumentation was not very helpful.
essarily the best NVA strategy. What was surprising was that, as the proportion of locally con-

A related key point to note is that choosing the right negotiation strained agents increased, the performance with argumentation did
strategy has significant impact on convergence. Certainly, choos-not monotonically improved. Thus, we can begin to offer guidance
iNg Spasic-Srasic May lead to significantly slower convergence rate  on when to actually apply argumentation for maximum benefits.

while appropriately choosing;s,-Siow Or Sow-Srign canleadto 53 Real-world Applications: Initial Results
significant improvements in convergence. For instance, between A key benefit of our new computational model of argumentation

Shasic~Spasic ANd the best cooperative strategy in the grid configu- ¢y, can pe efficiently implemented in real-world applications.

ration, max average difference was 4-folcconstraint checkand Indeed, we have successfully applied the DCSP-based model of ar-
7-fold in cycles For some individual cases, there was more than L S Yy app : :
. : gumentation in the distributed sensor network (using the formaliza-
30-fold speedup ionstraint checkandcycles tion introduced in Section 3.2). Because the real hardware (Figure
Here, to check the statistical significance of the performance dif- . . . S . 9
1.a) was not available in our lab, this implementation has been ex-

ference, two-tailed t-test was done with the following two null hy- tensively tested in a distributed sensor node simulator (Figure 1.b)
potheses. For the null hypotheses, jiet 5 be an averageon- that mirrors the hardware. A key evaluation criteria for this imple-

straint checkgor cycleg of a strategy $-Sg. mentation is how accurately it is able to track targets, e.g., if agents

1. Hbasic—basic = Plow—low do not switch on overlapping sectors at the right time, the target

2. pali—all = Plow—low tracking has poor accuracy. The accuracy is measured in terms of

The t-test was done at each LCR in the chain and the grid: at the RMS (root mean square) error in distance between the real po-
the LCR of 0.9 in the grids;ow 10w Was replaced withow —nign sition of a target and the target’s position as estimated by sensor

. Both null hypotheses above are rejected, i.e., the differences areagents. Although domain experts termed the RMS error of up to 3
significant, with p-value< 0.01 for all values of LCR (one excep-  units as acceptable, our initial results showed that in test configura-
tion is in the chain, p-value at LCR of 0.1 is less than 0.03). tions, our RMS error was less than 1 unit.
5.2 Benefits of Argumentation In addition to the applicability of DCSP-based model in this do-
One critical question to be answered was how much total amount m_ain, Iesson'_s from our NVA strategy investigation are directly ap-
of conflict resolution effort was saved by incorporating argumen- Plicable, particularly as we scale up the number of agents. Our ini-
tation in negotiation, and whether the overhead of argumentation il results showed that combining scale-up to 6 or 8 nodes with in-
could be justified. With argumentation, agents avoid making pro- appropriate NVA strategies leads the tracking errors above 3 units.

posals which cannot be accepted by others, which may speed upiThe results for no-argumentation with larger number of agents are
convergence. However, because of computational overhead in conmot shown because experiments were too slow taking an hour for
straint propagation, there could be a possibility for argumentation an individual run with 512 agents.




However, in some cases, a cooperative response enables targets tion. The key contributions of this paper are: (1) modeling of argu-
be tracked with RMS error less than 3 units. These results illustrate mentation in terms of constraint propagation in DCSP; (2) formal-
the utility of the DCSP model and the NVA strategy investigation. izing and investigating different cooperative NVA strategies; (3)
conducting large-scale experiments that quantitatively measure the
6. RELATED WORK performance of argumentation and different NVA strategies. These

While this paper builds on several previous efforts in argumen- €xperiments illustrate that argumentation can indeed lead to signifi-
tation[6] and distributed constraint satisfaction[15], it is a unique Cantimprovementin convergence of conflict resolution. Our exper-
effort in synthesizing these two areas. Argumentation has been rig-iments with NVA strategies illustrate that choosing the right strat-
orously investigated using different logics including specially de- €9y can lead to very significant improvement in convergence. The
signed logics of argumentation[6][11]. Some of these efforts focus €xperiments also reveal a surprising result: evenina fully coopera-
on formal modeling of agents’ detailed mental states, or specific {ivé setting, the most cooperative argumentation strategy is not the
techniques for resolving conflicts in argumentation (e.g., defining Pest in terms of convergence in negotiation. These results can help
defeat in argumentation). Unfortunately, such formalization ap- 9uide the development of real-world multi-agents systems. Finally,
pears too detailed and computationally complex to be suitable for k€Y ideas from argumentation, such as cooperative response, could
empirical investigation of the effects of argumentation on large- feed back into improvements in existing DCSP algorithms.
scale conflict resolution convergence. Furthermore, these efforts
have not focused on formalizing different collaborative NVA strate- 8. ACKNOWLEDGEMENTS
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