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Abstract

Organizational research has shown that effectively structuring the resditmomsin, informational, computational
available to an organization can significantly improve its collective computational capacity. Central to this improved
capacity is the manner in which the organization’s member agents are related. This study is an initial investigation into
the role and potential of interagent ties in computational teaming. A computational team-based model, designed to
more fully integrate agent ties, is created and presented. It is applied to a bulk manufacturing process-planning problem
and its performance compared against a previously tested agent-based algorithm without these agent relationships. The
performance of the new agent method showed significant improvement over the previous method: improving solution
quality 280% and increasing solution identification per unit time an entire order of magnitude. A statistical examination

of the new algorithm confirms that agent interdependencies are the strongest and most consistent performance effects
leading to the observed improvements. This study illustrates that the interagent ties associated with team collaboration
can be a highly effective method of improving computational design performance, and the results are promising
indications that the application of organization constructs within a computational context may significantly improve
computational problem solving.

Keywords: Agents; Collaboration; Computational Synthesis; Configuration Design; Teams

1. INTRODUCTION taking into account the challenges of the early design pro-
cess. Our hypothesis is that more effective computational
The success of a product is largely influenced by the earlyeaming strategies that take advantage of human organiza-
stages of engineering design, when the concept configuraional understanding would lead to higher quality auto-
tion and framework are established. At this early stage ommated design processes and solutions. The intent of this
the design process, computational aids could potentiallgtudy is to investigate computational methodologies that
assist the designer in achieving a more comprehensive searginy more effectively account for these task complexities
and evaluation of potential solutions. Design problems aby capturing key characteristics of effective human design
this early stage, however, represent a highly demandingzams. This is an initial investigation of this study, focusing
class of computational problems. They are often multi-on a central aspect of highly effective team collaboration:
modal, dynamic, and open-ended. The significant variablegteragent ties.
are often coupled and the extent of their relationships This paper begins with a brief review of pertinent orga-
unknown. Although computational tools have shown suc-izational observations in Section 2. This review explores
cess in assisting in this early design procgsstonsson &  emerging organizational insights into interagent ties and
Cagan, 2001 highly effective human teams have shownthe key role they play in collaborative problem solving.
many unique and positive attributes particularly adept aHow these principles have been typically approached in
computational modeling, and their potential benefits to com-
_ , _ utational design, are also briefly reviewed. To investigate
Reprint requests to: Jonathan Cagan, Computational Design Lab, Depa

ment of Mechanical Engineering, Carnegie Mellon University, Pittsburgh,t ese organ_lzatlonal prmmple_s within a CompUtat'onal Con'
PA 15213, USA. E-mail: cagan@cmu.edu text, a multiagent approach is taken in this study. Multi-
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agent programming is an emerging technology that has Thus, appropriately coupling agents’ knowledge, deci-
shown great promise in addressing complex, dynamisions, and activities may result in an increase in what we
problems, and with clear analogous similarities to humarterm thecollective potential We define an organization’s
teaming and organization. Section 3 reviews two specificollective potential as the set of collective behaviors and
agent-based design approaches that provide an importaattions an organization is capable of producing. For orga-
base for this work. Additional details of one of these algo-nizations in which the primary task is to resolve problems
rithms and the design task are provided in Sections 4 and hrough the manipulation and synthesis of informatfigunch
Then, Section 6 presents our computational approach, aas the design algorithms in which this investigation is inter-
extension of the previously discussed model designed spested, the greater the collective potential, the more com-
cifically to more fully account for the organizational prin- plex the informational structures the organization can
ciples in question. Both algorithms are tested and analysesuccessfully synthesize. Collective potentials greater than
of their performance are given in Section 7 in the form ofand unique from organizations’ individual members have
performance comparisons and a statistical study evaluatinigeen observed in some highly effective organizations, and
key algorithm components. Finally, in Section 8, some finalthis increase is understood to arise from these fine scale
discussion concerning the performance evaluation and implinterdependencies.

cations are given.

2.1. Organization in computational systems:

2. ORGANIZATIONAL PERSPECTIVE: Brief overview

MOTIVATION 2.1.1. Organizational sciences

Organizational studies are leading to a new understanding The context and purpose of studies within the organiza-
of the nature of organizations. According to Carley and Hilltional sciences are typically to better understand human
(2001), organizational research has often focused on hov@rganization behavior. Nevertheless, these studies and the
either the organizationastructure or the individuals’ underlying theory do indicate that they may pertain in some
attributesinfluence organizational performance. The onedegree within a computational framework as well. In fact,
has been considered independent of the potential couplingiuch of this emerging perspective on organizations is rooted
influence of the other. This separable approach has largelj computational research. In recent years, computational
shaped our thinking about organizations. Today, howevernodeling has become one of the primary methodologies of
organizations are increasingly viewed as complex systemghoice in the organization science community, and these
in which the interrelationship between the structure andcomputationalorganizationstudieshave establishedthemodel-
individuals’ attributes is keyCarley & Hill, 2001). This  ability of organizational attributes within a computational
view provides a new perspective on the structures and straframework(Carley & Gasser, 1999
egies most conducive to highly effective teaming, and cen- Still, it is unclear exactly what role these principles may
tral to these are the type and degree of interrelationshipBlay and their potential influence in the context of compu-
between agent&arley, 200b; Carley & Hill, 2007). tational performance. As the intent of organizational theory
This new understanding of organizations indicates thats to study and model human organizations, computational
performance is more than providing each individual its nec-models are often intentionally designed with suboptimal
essary part of information, resources, and capabilities tgharacteristics to better approximate the targeted organiza-
complete its task. Itis also significantly dependent upon thdional attributes. Studies in this field have not taken place
interrelationships that link agents’ knowledge, computa-With the purpose of identifying the principles governing
tional capability, decisions, tasks, and resou@sr-Yam, €ffective computational performance.
1997, 2001; Carley & Gasser, 1999 hey entail meshing
activities, sharing information, and correlating decisions2.1.2. Distributed artificial intelligence
(Wholey et al., 1995 Correspondingly, organizational effects are rarely taken
Organizational flexibility, robustness to uncertainty, andinto account in distributed computational studies, in which
computational capacity are all understood to arise from ongothe goalis generally to identify the principles governing
ing agent interactions and interdependen@iley & Gas-  effective computational performance. That is, they rarely
ser, 1999. There is, therefore, a relationship betweeninvestigate the potential influences of emergent, group be-
individuals’ interdependence and the organization’s collechavior on computational performance. Rather, agéhtsr
tive performance. This relationship takes the form of acomputational capacities, decisions, knowlegigdile coor-
trade-off between large-scale behavior and fine-scale intedinated, are often viewed as independent and sepa@ate
dependencies, or interagent ti@ar-Yam, 2001 Thericher ley et al., 1992 This often occurs as a result of considering
the set of fine-scale interdependencies, in brief, the moréhe organizations’ attributes and its structure separately. The
complex the organization’s potential behavi®@ar-Yam, task is decomposed and distributed, resources are stream-
1997, 2001 lined through communication cost functions, and agents are
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defined such that they become individually more robust The first, which is the A-design methodology of
and efficient. The result is an increasingly independent an€Campbell, Cagan, and Kotovsk$999, 2000, 2003 is an
uncoupled group of agents, minimizing emergent groupagent-based computational design methodology aimed at
properties. automating the conceptual design process. The method

Given the specific objective aridr context of a study, it merges stochastic optimization techniques, primarily genetic
may be the case that an independent and separable structalgorithms, with knowledge-based search to generate elec-
is appropriate. For example, groups situated in a competitromechanical design configurations. In that method, a pop-
tive setting(dissimilar or competing goalor addressing ulation of solutions is maintained, and it is the basis from
well-defined, decomposable tasks might be most appropriwhich new solutions are formed and compared. This popu-
ately and efficiently addressed within a separable view. Nevlation aspect of the approach differs from traditional genetic
ertheless, it is pertinent to note that it is to this separablalgorithms in that modifications of the designs are explic-
view of organizational design, even in collaborative sys-itly goal directed, and heavily influenced by deterministic
tems in which the potential impact and benefits of struc-knowledge about the problem domain.
tural relations are most pertinent, that studies in distributed In the A-design methodology, configuration agents,
computation overwhelmingly ascrib@arley & Gasser, defined in that study as knowledge-based strategies, are
1999. The result is that the role and potential of these orgacombined in a cooperative, stochastic setting. The study
nizational effects in computational systems remain largelymaintains that with many agents of differing strategies shar-
uninvestigated. ing design responsibilities, the system is more capable of
resolving complex problems than similar strategies acting
in series. To ensure that the deterministic nature of individ-
ual agent strategies does not cause the system to stagnate
at local minima, the agents that contribute to each design
Thus, the organizational approach to effective teaming ofire probabilistically invoked. Although the agents in the
most multiagent systems is fundamentally different thanA-design approach work together to complete design solu-
that established in organizational studies. According to thesgons, as a result of this probabilistic approach to the agent
organizational studies, these different approaches, separarganization and the individual focus of agent knowledge
ble versus interdependent, yield very different collectiveand decisions, the resulting agent organization is a separa-
behaviors and performance potentials. Making agents sefble one.
arable and independent is to model the system as, simply, a A-design provided the foundation for the second algo-
set of decomposed parts, the parts being sparsely and esseithm, Deshpande and CagafZ003 work on manufactur-
tially linearly interconnected. The resultant group perfor-ing process planning optimization. In that work, a similar
mance of such an organization is effectively bounded by gopulation of solutions is stored and modified by agents
simple aggregate of the participating agents’ performancethat cooperate within a stochastic framework. The agents
(Carley, 2003. Appropriately coupling agent tasks, knowl- are a modification of the move sets typically used in simu-
edge, decisions, and capabilities, on the other hand, hdated annealing, having the functionality of move sets but
been shown to lead to collective performance greater thaalso domain knowledge to probabilistically modify a given
and unique from those of the individual€arley, 2004, design state.

2003. Deshpande and Cagan’s wofk003 incorporates both

The aim of this study is to conduct an initial investiga- process configuration and its corresponding parameter opti-
tion into the role and potential that agent interdependenciemization. Two types of agents perform these design alter-
may have in a computational design context. Emphasis wilations: configuration agents and parameiastantiation
be placed on whether or not collective behaviors and potenagents. The configuration agents modify the design sequence
tials similar to those observed in human organizations calby probabilistically adding or deleting manufacturing pro-
be elicited within a computational context. If they can be,cesses using a simple constraint satisfaction method to ensure
the impact on performance could be significant. the feasibility of all design sequences. Parameter agents
modify the parameters associated with the selected pro-
cesses by probabilistically applying domain knowledge spe-
cific to each process.

Both these algorithms were successful relative to tradi-
The computational foundation of this work is primarily tional methods. Implementing a distributed system method-
based on two related agent-based design algorithms. Bothlogy, in these algorithms, enabled the effective use of
approaches take a distributed yet separable approach twal-driven and knowledge-based problem solving strat-
design, using distribution as a method to incorporate goalegies while maintaining system robustness through random-
driven design decisions within a stochastic framework. Theseess. Both systems, though, maintain a linear, separable
methods have both shown success in solving complex condew of agent organization as agents’ knowledge, deci-
ceptual design problems. sions, and capacities are uncoupled and independent. The

2.2. Potential benefits of an
organizational approach

3. BACKGROUND: AGENT-BASED DESIGN
ALGORITHMS
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study in this paper extends Deshpande and Cagan’s worlr necessary heat treatment costs. Note that the process and
(2003 using the manufacturing process planning problenparameter descriptions as well as the final evaluation func-
as an application. Their algorithm is redesigned, in ourtions remain unchanged from those used in Deshpande and
approach, to more fully include agent interdependenciesCagan’s algorithm so as to give an accurate performance com-
This is done by replacing the probabilistic calling structureparison. In addition, the final evaluation functions used are
and individual decision making of the original algorithm those modified from Fischer et &l1997) and Gunasekera
with a team-based process and structure that includes sharetlal. (1996, as discussed in Deshpande and Cag@a3,
decision making and information sharing. to allow repeating processes within the plan sequence.

4. THE TASK: BULK MANUFACTURING 5. ORIGINAL AGENT-BASED ALGORITHM

PROCESS PLANS As Deshpande and Cagan’s algorithm will be used to bench-
mark the performance implications of our team-based
The task addressed in this study is the design of bulk manypproach, their algorithm and its main processes are now
ufacturing process plans, the same task undertaken in Deshascribed. Their program follows a genetic algorithm type
pande and Caga(2003. This task is a serial configuration approach where solutions are maintained in a list and iter-
problem; each process plan is created by configuring aseri%ﬁi\,ay evolved over time. The process is commenced by
of manufacturing processes together and specifying each 9indomly generating an initial population of designs. Then
their operating parameters. The aim is the manufacture of ghe iterative cycle begins as follows.
specified part at minimum cost. The input consists of the The population of designs is sorted. Inferior desigrere
geometric and material properties for the part to be manughe |ower 50% are pruned away. Each of the remaining
factured. The output consists of the set and order of th%iesigns is, one by one, copied, and some of the parameters
processes, and their associated parameters. of the processes associated with that design are altered. The
In these tests, there are seven manufacturing processggw design is evaluated and, if improved, is inserted into
casting, upset forging, blocker forging, preform machining.the final list. If the altered design is not improved, however,
rough machining, finish machining, and extrusion. Eachhe configuration agents modify its process configuration.
process can be arranged within the plan sequence in anphe alterations are then instantiated with process param-
combination, excluding or repeating any process if desiredgters. The newly altered design is evaluated and placed in
For example, a process sequence may be castingpset  the final list. Once each design has been altered, the cycle
f0f9i”_9 — upset forging— rough machining— finish  pegins anew and continues until the prespecified number of
machining. iterations has been reached. A schematic overview of the
Each of these manufacturing processes, then, has a rang@yorithm is presented in Figure 1.
of pertinent, associated parameters that determine the exactThe parameter modifications of the cycle are performed
performance characteristics of the process. The parametesy instantiation agents. The type, location, and extent of
associated with each process are listed in Table 1. these alterations are, in that algorithm, all probabilistically
The overall cost of the process plan is a function of mul-getermined. These probabilities are based on a number of
tiple factors. They include the cost of the each process Wit'?echniques. For example, agent selection probabilities are
its associated parameters, run costs, performance pe”a@ynamically adjusted in a Hustin move s@tlustin &
costs, and miscellaneous costs such as necessary eVa'Uat@éhgiovanni—VicenteIIi, 1989Mased procedure, where the
number and size of modifications decrease over time and
with improved design quality. Positive and negative feed-
back criteria are also employed to inform and adjust these

Table 1. Manufacturing processes and their probabilities. Finally, these alterations are also influenced
associated parameters by general guidelines based on domain specific heuristics.
If unimproved, the design advances to a configuration
Processes ope . . . .
modification cycle, as described above. Here, in a similar
Casting Upset forging Preform machining  Extrusion fashion to the parameter alteration process, one or more
Blocker forging ~ Rough machining configuration agents are chosen to alter the given design. In
Finish machining order, the chosen agents will each, individually, insert their
Parameters processes into the sequence. The choice of location is also
Billet radius  Die geometry  Geometry Die geometry probabilistic but restricted to feasible locations through a
Billet height  Die temperature Die friction simple constraint satisfaction criterion based on prespeci-
Die friction Die length fied domain knowledge. If these modifications fail to pro-

Die temperature  duce a feasible design sequence, the configuration agents
Die velocity continue to modify the sequence through process additions
until it becomes feasible. If the sequence exceeds a predeter-
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Fig. 1. A schematic overview of the Deshpande and Ca@@03 algorithm.

mined maximum sequence length, in their implementatiorindividual probabilities, so the agents work independently
nine manufacturing processes, it is reset to a minimunand separable from one another. See Figure 2 for a high-
sequence length, castirg finish machining, and the pro- level overview of the algorithm.

cess addition cycle is recommenced. Then, once feasibly Finally, a few minor alterations were made to the original
modified, the new processes are reinstantiated and the cyclerm of Deshpande and Cagaif2003 algorithm so that it

is completed according to the process outlined above. Thugnd the new team-based algorithm could be more accu-
modifications are made in a distributed fashion, having mul+ately compared. The alterations were made to ensure that
tiple semiautonomous contributors. Yet agents are invokethe iteration count criteria were equivalent and to ensure
probabilistically one at a time and their modification movesthat the two programs did not count repeated design
are made by predetermined domain specific heuristics ansequences in the final list.

Fandomly generate initial population (both processes and parameters) & set up processes
Evaluate designs
while (# of tterations < max iterations)
Sortthe population of designs
Eeject the poor (lewer 50%)
1=10
while (1< number of remaining (top 50%) designs)
Copy design, to location (i + population)
Probabilistically modify parameters of each copied design
Evaluate
ifno improvement in ob jective function
Probabilistically modify sequence configuration: choose add or subtract, the modification
location, and the manufacturing process
if resulting sequence 1s physically infeasible or it is a repeated design
while infeasible or repeated:
if (sequence length > limit)
Set sequence to: Casting = Finish Machining
Probabilistically add processes at the location following the last change
Probabilistically assign parameters
Evaluate
1=1+1
Update probabilities

Fig. 2. A high-level overview of the original algorithm.
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6. NEW COLLABORATIVE TEAM-BASED tion of the solution sequence. Thus, agents’ actions, their
ALGORITHM decisions and evaluations, are interdependent.
6.1. Key algorithm extensions 6.1.2. Extension 2: Novel knowledge structure

. ) . ) The second extension is the introduction of a novel knowl-
The new team-based algorithm is built upon the foundationyyge structure. In the original algorithm, agent knowledge is
of Deshpande and Cagar(8003 algorithm. The applica- 3564 on dynamic probabilities and prespecified domain spe-
tion in this paper addresses the same task using the samgic heyristics, as described in the previous section. In the
cost functions for final, complete solution evaluation. Param-,q,, algorithm, configuration agent knowledge and reason-
eter alterations are made using the same probabilistic and js hased on positional relationships. To accomplish this,
heuristic functions. Furthermore, the process the new algos-p, agent's knowledge, decision, and evaluation schemes
rithm follows is also iterative, evolving designs through the 5. centered on a particular manufacturing process, one agent
contribution of several semiautonomous contributors ancber each of the seven processes. Agents then maintain eval-
maintgining a list of the best final de_signs. Both algorithms,, 1ions of each manufacturing procéiseluding “its” pro-
were implemented on the same, single CPU. The agentSysghased onits proximity to the agent’s process. Thus, each
and their organization were redesigned, however, to MOrggant maintains an estimation of the value of each process
closely approxmate huma_m team processes anq better 'nduﬂ?cated onéadjaceny, two, and three or more processes from
member interdependencies. To accomplish this there werg,q |ocation of “its” process in any given configuration, both

three critical extensions made to the original algorithm of; the |eft and right. For example, for a process addition mod-

Deshpande and Cagan. ification, given the design sequence of Figure 3, the “upset
) _ forging” agent may determine the “best” process addition by
6.1.1. Extension 1: Shared action determining the perceived value of each manufacturing pro-

The first key extension is the incorporation of sharedcess one spacetoitsleft, one spacetoitsright, and two spaces
action. In the new team-based algorithm, agents’ activitieso its right(see Fig. 3.
are meshed and coupled. That is, rather than agents beingThese agent knowledge schemes were designed to enable
invoked probabilistically and working individually as in and encourage knowledge interrelationships, and to ensure
the original algorithm, modification decisions and solutionthose relations were correlated to those of the task. Because
evaluations are shared and coupled between agents. Sequereeh agent evaluates solutions and modifications according
modifications are collaboratively determined through a proto “its” process’ location, from its unique perspective, its
cess in which agents search for agreement between individknowledge and design evaluations are unique. By the same
ual modification suggestions and then construct collectivaoken, because each agent evaluates solutions and modifi-
solution modifications based on that search. So agents shacations from the same configurations, its knowledge and
information and then merge that information to derive group-evaluations are interrelated with those of the other member
based designs. Evaluations of incomplete solutions are alsagents(see Fig. 4. Also, as discussed in the next subsec-
made as a combination of the individual agents’ evaluation, this relational knowledge approach allows for the eval-
tions. Here, a set of agents individually evaluate a portioruation of incomplete design solutions.
(with some overlapof these solutions and then, again, merge Each agent’s knowledge scheme consists of three ele-
their individual evaluations for a complete, group evalua-ments. They are quality, confidence, and frequency. Quality

| Space to l=ft 1 Space to right 2 Spaces to nght

L !
B_uph i

Casting Upset Forging FRough Machining Finizh Machining

Fig. 3. An example of knowledge architecture based on spatial relationships.
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‘ | |
| Space o nght I Space to lefl 2 Spaces to left 3 Spaces to left
Castmg Upset Forging Rough Machining Finizh Machining

Fig. 4. A schematic demonstrating how agents consider the same modification location from a positionally different perspective.

is a measure of the estimated resultant objective function ofonfidencge,,
a design containing the sequence combination in question.

) . . ' (value— confidencet 1)
Confidence is a measure of the level of certainty of the (confidencex frequency +

. : . 2
indicated quality. Frequency is a measure of the number of = . 1 , (2
times the sequence combination has been tried. requency+

The three elements are all based on learning from frequencye, = frequency+ 1, (3

analysis of completed design solutions. Note that the three

knowledge elements are each functions of both the manuvhere “value” is an inverse normalization of the objective
facturing process and its location relative to the agent'dunction, modified such that its range is<Ovalue< 1, a
position within the sequence. When a design is completed/alue of 1 corresponding to an objective function of zero
each agent examines the design and updates all three and a value of zero corresponding to the objective function
the knowledge elements for the appropriate progesslimit of 1,000,000. The value derived from the objective
position relationships relative to the design’s objective func-function and the projected values of incomplete solutions

tion value. correspond one to another so that they may be directly com-
The three elements are maintained and updated accorgared and sorted.
ing to the following equations: When agent decisions and evaluations are made respective

to their positional knowledge, these three elements are used
as the agents’ criteria with which to assign sequence com-

quality,e, — (quality X frequency + value 0 bintation;(in both solution modifi(_:ations and evaluatic)_ns
W ' their projected value. The evaluations are made according to

frequency+ 1
. ) ™ . i T frequencyx
sin| qualityX 7 — — | +1| + | sin{confidencex w — — | +1| /2+ |cos| ———— | +1
2 2 total_solution

5

projected_value=

The trigonometric functions were used simply to weight the6.1.3. Extension 3: Best-first type approach for

values of quality, frequency, and confidence as theyworking on incomplete design sequences

approached 1 or zero more heavily. Other functions, such

as a simple linear function, could just as appropriately be Finally, the third critical extension is a change extending

applied. configuration agents’ abilities to allow them to modify and
Note that the quality and confidence variables areevaluate incomplete design sequences. In the original algo-

convergent, and frequency is a divergent element. Thatthm, each design is updated until it becomes feasibly com-

is, the first two are strengthened by repeated success, eplete. These complete designs are the solutions maintained

couraging agents to focus in on these successful relan the solution list from which modifications are made. Each

tional combinations. The third decreasingly effects overallsolution in the list is modified sequentially until it becomes

evaluation strength with increasing frequency, encouragfeasibly complete, modifying the entire list of designs one

ing agents to focus on relational combinations infre-step at a timgsee Fig. 5. In the new algorithm, on the

quently undertaken. other hand, agents can evaluate and evolve incomplete solu-
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schematic overview of the new team-based algorithm is
presented in Figure 7. This algorithm incorporates three
types of agents: configuration and instantiation agéass
with the original algorithny and a team leader. The team
leader acts as a facilitator for the team of configuration
agents. Its job is to provide the configuration agent team
with starting point designs from which to begin the modi-
fication cycle. When the team leader has no design to pro-
vide, as is the case for the first cycle, it provides the minimum
design sequence: castirg finish machining.

The modification cycle then begins. Each configuration
agent examines the given design and generates modifica-
Flg 5. -The solutign evoluti.o.n strategy of the o.riginal algorithm, with the tion Suggestions' The agent Suggestions are then aggre_
entire list of solutions modified one step at a time. gated and used to create a set of new, team-modified designs.
These designs are then sorted based on the level of agree-

. o ment between agents’ suggestions and projected values as
tion sequences as well as completed ones, estimating a Prajculated in Eq(4).

jected value based on their relational knowledge. This allows £4.1 of these designs is then evaluated. If a design

the agents to evaluate and compare the potential impact o, ence is not yet complete and feasible it is sent back to
modification alternatives as well as the potential final valuey, o configuration agents, which estimate the design’s value

before the design is complete. collectively. If a design sequence is complete, feasible, and

A procedural change was also made to most effectively, ¢ 5 yeneated design, on the other hand, the design is sent
contextgallze the alteration allowing mgomplete solut|onto an internal instantiation loop. In this loop, the design is
evaluation, and to better match the algorithmic processes i atjyely instantiated and evaluated using the same prob-
those of human teams. In a best-first like approéRlen,  ,pijistic strategy of the original algorithm. Also, the same
1933’ the ag_ents of t.he new algorithm, rather than deveITinaI cost functions used in the original algorithm to evalu-
o.plng an gntlre squ't|on list one ;tep at ?‘ t|me,. develop e designs are also used in this application to assign these
single design at a time. From this solution a list of NeW ¢, jeted designs their final objective function values. Once
solutions is developed. The best of these is taken and likéssgigned an objective function value, each agent whose cor-
wise de_veloped though various modlf_lcatlons to create ag?'Pesponding process is represented within the sequence ana-
anew list, and thus the process continues. Those promising, o< the design. Each of these agents, subsequently, updates
sequences |dent|f|e(_j but _not devc_aloped are evaluated aqg knowledge according to the process and equations pre-
stored for later consideratidisee Fig. 6. sented in the preceding section. Then, those designs result-

The combination of these two related changes, the evak,, i, 5 sufficiently low objective function value are placed
_uat.|0.n of lncqmplete d§3|gn alternatives, and developlngn the final list. This parameter alteration cycle continues
|nc!|V|duaI designs at atlme, encompass procgsses and Strafitil the alterations fail to produce an improved design for
egies, frpm our observations, more closely aligned to thosg .artain number of cycles in a row, which in this imple-
of effective human teams. mentation is three. All but the top of these designs, both
complete and incomplete, are sent to the team leader. The
team leader maintains a list of the designs identified by the
This section presents our new team-based algorithm ankam, and it is from this list that it draws the designs to
how the extensions discussed above are implemented. present to the configuration agent team as discussed above.

I
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6.2. New team-based agent algorithm
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Fig. 6. The solution evaluation strategy of the new algorithm, evolving one solution at a time, that returns to promising solutions
identified in the interim following solution development completion.
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Fig. 7. A schematic overview of the new team-based algorithm.

The top design is recycled back to the configuration agentfocation and chooses the best one. The agent continues on
and the modification cycle is recommenced. Thus, at eackor each process addition. Note that each time an agent adds
iteration the agent team develops the top identified desigra process it must account for that process in subsequent
When the modifications begin to produce fewer and feweradditions. When completed, each agent has a list of up to
improved designs, the team leader interrupts the modificathree process additions with corresponding projected val-
tion cycle and introduces a new design from its list, therebyues and locations within the sequence.
refocusing the configuration agents’ efforts in the most prom- The individual agents then present their suggestions along
ising new directions. with their projected values to the team. From this informa-

As the configuration agents begin the modification cycle,tion, group-based modifications are constructed. This is done
as discussed above, they start by individually examinindoy listing all possible combinations of the agents’ modifi-
the sequence to determine the “best” modificat®nFirst,  cation suggestions, not in violation of the basis of any of
they decide whether to assess procaddgition or process the agent’s individual evaluatior{ge., the positional rela-
subtractionmodifications. This decision is made probabi- tionship to its procegsand ranking them. Those top ranked
listically, based on the sequence length. modification combinations are then applied to the design to

In addition, then, as agents’ evaluations are made relativproduce a set of new designs.
to the location of their respective processes within the The ranking is based on two factors, group consensus
sequence, each agent must first determine if and where isnd suggestion strength. Group consensus is based on the
processis in the current sequence. Ifitis not in the sequencsimilarity between agents’ suggestions. This is ascertained
then that agent finds the best location to insert it by evaluthrough an examination of the suggestion combinations for
ating the entire sequence with its process in each potentiagreement, in both location and process, between the agents’
location, and then chooses the best one. This, then, is one ofdividual suggestions. An agreement average is taken and
the agent’s modification suggestions; further modificationthe modification combination is assigned a level of agree-
suggestions are then made with respect to that location withiment(see Fig. 8 Suggestion strength is derived from the
the sequence. Next, each agent decides how natimgn projected values assigned to each modification by the sug-
changes to make. It does this probabilistically, again basedesting agent$see Eq.(4)]. These projected values are
on sequence length, with the maximum number of modifi-averaged over each modification for the suggestion strength
cation suggestions set at three. For each of these modificaf the total modification combination. If more than one
tions, the agent chooses the insertion location. This decisioagent agrees on an alteration, the average of their projected
is also made probabilistically, based on the distance fronvalues is taken for that modification.
the agent’s location within the sequence, with a preference The modification alternatives are then ranked from high-
for modifications closer to the agent. Following this, the est agreement and overall suggestion strength to lowest
agent evaluates all the potential process additions at thagreement and strength. As a general rule, the moves with

https://doi.org/10.1017/50890060404040107 Published online by Cambridge University Press


https://doi.org/10.1017/S0890060404040107

ssald Aussanun abprqued Ag auljuo paysiiand £0L07070709006805/410L°0L/B10"10p//:sdny

Design Sequence

@lfll::::lﬁ

Casting  Upset Forging  Rowgh Machineng Findsh Machining

'msl | |
V= Y-

Elocker Forging Upset Forging Closed Die-Forge

The decision
making agent
| |
e
Upset Forging Rough Machining
ﬁ — v [ — ] v @

The decision
making agent

Mizzture of the two
agents” suggestions

Fig. 8. An example of identifying modification combinations and agreement between the suggestions of two agents.

Potential modification combinations:

Both agents agree

- .

O

— 7= e [ — 1 [ =1 ]

O

— e L N ]
— = NN =

00 (

(

.

Both agents agree

/I8N =]

Agreement:

[142+1)/3

[1+1)2

[1]1

[1+1)2

(1)1

[14241)3

144’

uebe)d ¢ pue uos|O ‘1


https://doi.org/10.1017/S0890060404040107

Interagent ties in team-based computational design 145

the most agreement are given the highest priority. This givethe original. However, the new agent method proved to be
priority to the convergence between individuals’views. How-much more efficient in identifying goodphysically and
ever, when agreement and suggestion strength are low, amtonomically feasiblesolutions. For example, while the
an alternate design change has no agreement but sufforiginal algorithm identified on average just 1.2 good designs
ciently high strength, the second is given priority. This is toin a thousand iterations, the new team-based algorithm iden-
encourage the acceptance of promising, divergent desigtified 123 per one thousand iterations. So, in the same amount
changes. The low priority suggestions are then pruned awawpf time, the new method located 894 good designs, whereas
and new solutions are formed from the remaining, high-the original method identified just 234efer to Fig. 10.
priority suggestions. Identification of good designs per unit time increased an
If subtraction modifications are considered, each agententire order of magnitude, a significant improvement.
whose process is represented in the sequence, evaluates eacBoth algorithms regularly converged on the same top
other process relative to the location of their process. Thegequence: casting upset forging— upset forging— rough
then rank these processes from worst to best. Again, whemachining— finish machining. Nevertheless, the quality
completed, each agent has a ranked list of the processe$ designs, both average and best, identified by the new
within the sequence with corresponding estimated valuégeam-based algorithm, saw a significant improvement over
contributions for each. In a fashion similar to that describedhe original separable algorithm. The best solutions found
above, the agents’ lists are compared and subtraction conin the same time period, averaged over the 30 runs each,
binations are ranked according to agreement and projectdthd objective function values of 9974.5 and 7194.1 for the
value. From this ranking, those processes ranked as thaiginal and the new agent algorithms, respectively. This
“worst” contributors are subtracted from the design to pro-represents an improvement of nearly 148%igure 11
duce a series of new, modified designs. depicts the best objective functions identified over time for
Following design modification, as discussed above, thos¢he two algorithms, averaged over the 30 test runs each.
designs that are complete are sent to an instantiation loojikewise, the average objective function in the final list,
and those designs that are not feasibly complete are evalagain in the same time period, for the original and new
ated collectively by the configuration agents. The team evalagent algorithms were 20760.1 and 7329.9 respectively, an
uations of incomplete designs are performed as followsimprovement of more than 280%. Figure 12 depicts the
For each process contained within each incomplete desigaverage objective function in the final list over time for
the corresponding agent evaluates the processes immedieth algorithms, averaged over the 30 test runs each. Fur-
ately adjacent, one space to the left and to the right, to itsher scrutiny shows that on average nearly every design in
process. Thus, two agents evaluate each process, except the new agent method’s list was better than even the best
end processes, within each of the design sequences. Theseated by the original.
duplicate evaluations are then averaged and each design islt is interesting to note that the new team-based algo-

assigned a total projected value according to rithm was also generally more successful at improving the
same sequence configurations through parameter alter-
projected_total_sequence_value ations. For example, in the original algorithm the very best

configuration solution in all 30 runs had an objective func-

> (averaged_process_evaluatiprisend_process_evaluations tion value of 7189.1. The new algorithm, alternatively, com-

= sequence_size : pleted the same configuration with a minimum objective
- function value of 7139.1. See Table 2 for the top design

(5  configurations and their associated minimum objective func-

tion values.
For an overview of the entire team-based algorithm see
Figure 9. - . . .
g 7.2. Statistical evaluation: Factorial experiment
7. RESULTS: ALGORITHM PERFORMANCE T'hellt'evel of |mpr0ve.m.ent over the original algorithm was
significant and surprising. The new team-based algorithm
7.1. Comparison of results was a great deal more effective in traversing the solution

. _ _ space, identifying higher quality and a much broader range
Both programs were run 30 times, each at 20,000 iterationgf design solutions. To identify the sources of differen-
per run. During each run, the programs output a runningiation and their degree of impact, we created and ran a

count of the completed designs, their objective functionsfactorial design of experiments. Specifically, we were inter-

and their time of completion. These data were averaged and

analyzed over the set of runs for each of the programs. — — :
The new team-based algorithm took substantially more INote that the resul'ts for the original method in this study differ some-

. letion than the oriainal separable al oWhat from those published in Deshpande and Ca@@03. The best

t'_me to runto ComP etion ) g1 s p ’ 90olutions found averaged 7223.2 in that publication. This discrepancy is

rithm. On average it took 2.7 times longer per iteration thandue to the algorithm alterations prohibiting repeated designs.
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Randomly generats mitial population (both processes and parametess), sebup processes, & evaluate designs
whnle (ff of iterations < max. iterations)
Team leader chooses top undeveloped sequence in his list for development
If(Team leader’s List is empty)
Choose mindtram gecuence to stat: Casting— Finish Machining
limit=0
while (progressing < constant a and Bmit < constant )
if limit > 0
Start with top secquence identified in previous sound
Agents propose configuration modifications
Probabilistically choose to add or delete processes based on sequence length
if adding, for every agent:
Checkto see if “agent's” process is in sequence

if'no:
Locate the best position for it
fyes:
Randomly choose one (if it is present more than once)
alt = total number of modifications chosen prob shilistically
while (alterations < alt)
Probabilistically choose location for currert alteraion
Esraluate the best process for that location based on relational knowledge
Estimate values of quality, confidence, and frequency
Make suggestions for process additions with their respective values
1f deleting:

They, then, each make suggestions on which processes should be deleted
Check for agreement
Rank alterations according to agreement and estimated suggestion values
Save top design sequence for next round

Check eachnew design sequenice
if feasibly complets:
if it is not a repeated design
Probabilistically assign parameters
Evaluate
Update memory

stop=0
while (stop < constant_c)
Generate a new desion by probabilistically modifying the parameters
Evaluate
Update learning
if the objective function is hagher than the previous design’s
stop = stop + 1
else
stop =0
if not feasthly completed.
Group evaluation and assignment of projected value
Sort new design sequences according to their values / projected values
Store designs with sufficiently ugh evaluations i team leaders list
ifnone of the new designs resulted in an estimated value greater than the iatial sequence
progressing = progressing + 1
limit = limit + 1

Agents responsible for each process in the given sequence evaluate the valuss of each process

Grenerate new design sequences from thoss with agreement sndfor sufficiently high estimated values

if sufficiently low objective function, replace lowest rank design in list, maintaining a sorted hist

Fig. 9. The high-level pseudocode overview of the new team-based algorithm.

ested in assessing the effects of five key elements on thé.2.1. Interagent ties
performance of the new algorithm. Each variable was eval-

uated at two levels, present or not present. The test vari- This was a lumped variable that included all of the col-

ables were interagent ties, domain knowledge, and relationddborative aspects of the new team-based algorithm. It incor-
knowledge. porated the sharing of solution suggestions between design
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Fig. 10. The number of feasible designs located over time, averaged over 30 test runs each, by both the new and original algorithms.

agents, the group decision-making processes, group solthey precluded ever making certain sequence combinations
tion evaluations, and the updating of knowledge based othat cannot result in feasible solutions, without removing
group collaborated design solutions. When it was presenthe offending manufacturing processes. Without this domain
the group processes remained unchanged from the new agdatowledge present, agents remained free to make any sug-
algorithm’s original form. When it was not present, the teamgestion and design alteration without restraint, as in the
leader maintained separate lists of incomplete design solurew team-based algorithm’s original form.
tions for each configuration agent, and the design agents
modified and updated solution sequences exclusively fron7.2.3. Relational knowledge
their I'St.' There was no shared solution suggeshons, NO Groub i subset accounted for three experimental variables,
evaluations, and each agent updated its knowledge onl ) . .
. : : ne for each knowledge element: quality, confidence, and
through the successful solutions it had generated. Witho L
. : , Iy requency. When all three were present, decisions and eval-
interagent ties, the agents’ knowledge, decisions, and com-_.. : R
. . o ations were made as in the new algorithm’s original form.
putation were independent and separate. With interagen
. hen one or two of the knowledge elements were absent,
ties, they were dependant and coupled. - . e
decisions and evaluations were based on the remaining
_ elements). When all three were absent, decisions and eval-
7.2.2. Domain knowledge uations were made probabilistically, as in the original algo-
This variable included the domain level heuristics incor-rithm of Deshpande and Cagé2003.
porated in Deshpande and Cagan’s algorithm for sequence Additionally, there were other significant modifications
modification. They were applied, in both cases, such thato the new team-based algorithm that differentiated it from

Best Objective Function Value in Final List Average Objective Function Value in Final List

11000 26000
[ = =
S 10000 G 2
§ o 22000 ™~
g 200 5 18000 |
% 8OO0 % 14000 |
% 7000 % 10000 |

0.5 18 355 53 70.5 AR 106 05 18 315 5 53 105 g8 106
Time (s) Time (s)
— Naw Agenl Method = Driginal Agsnt Method — gy Agent Method —Driginal Agem Method

Fig. 11. The best objective function value in the final design list, aver- Fig. 12. The average objective function value in the final design list, aver-
aged over 30 test runs each. aged over 30 test runs each.
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Table 2. Top design configurations and associated objective functions located in all 30 runs for the new team
and original methods

Best Objective Function

Design Sequence New Algorithm  Original Algorithm
Casting— upset forging— upset forging— rough machining- finish machining 7139.1 7189.1
Casting— upset forging— blocker forging— finish machining 7189.1 13729.1
Casting— upset forging— rough machining- finish machining 7219.0 7313.3
Casting— upset forging— preform machining— rough machining- finish machining 7319.1 NA

Deshpande and Cagan’s that were not incorporated in the.2.4. The statistical results: Overview
factorial testing. These included the best-first like approach
to developing solutions, working with incomplete designs Figures 13 and 14 show the relative magnitudes and direc-
versus working only from a set of completed designs, andions of the main effects of each variable for design identi-
altering the processes versus altering parameters first. THeation per unit time and average objective function value
lumped effect of these modifications was assessed through the final list, respectively. The main effects from the
performance comparisons of the original, separable algostatistical study were normalized against the interagent
rithm against the tests without interagent ties or relationaties variable(the largest effegtin these graphs so as to
knowledge(probabilistio, and with domain knowledge. demonstrate their relative degree of impact on algorithm
The experiment was a five-factor, one-half factorial design performance.
Thus, no main effect or two-factor interaction was aliased The interagent ties variable was by far the most signifi-
with any other main effect or two-factor interaction. Each cant variable, improving performance on all accounts. It
of the design’s tests was run 30 times. From these tests thiecreased run time, increased the number of designs iden-
main effects, interaction effects, and standard errors wertfied, and improved design quality more than all other vari-
calculated. All variables were shown to be significant withinables. Itis particularly interesting to note that with interagent
the 95% confidence intervals, and the tests satisfied thées present, the algorithm’s run times were significantly
normality assumption as shown in the normal probabilityreduced. Despite the increased communication and inter-
plots. action costs associated with the interagent ties, the collab-

Number of designs per second

Inter-agent ties
e —

Quality

Frequency

Variable

Confidence
]

Domain Knowledge

-1 075 05 <025 0 0.25 0.5 0.75 1

Normalized main effect
{positive values = performance improvement)

Fig. 13. Anormalized main effects chart demonstrating the relative impact of each variable on the number of designs per second.
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Average Objective Function in Final List

h'ter-cleul ties _

Variable

-1 .75 05 -0.25 0 0.25 0.5 0.75 1

Normalized main effect
{positive values = performance improvement)

Fig. 14. Anormalized main effects chart demonstrating the relative impact of each variable on the average objective function in the
final list.

orative interactions seemed to direct the process towarthat the algorithm would be more efficient with these heu-
feasible designs more efficiently, thus actually decreasingistics by redirecting the resources and time spent on these
the overall run time. infeasible process pairs. Exploring these solutions, how-
In addition, regarding the interaction effects, as a generagver, evidently led to fruitful solution areas, whereas restrict-
rule the interagent ties largely mitigated the negative effecting access to these pairs impeded the algorithms’ ability to
and enhanced the positive effects of the other variables. Itraverse the solution space as effectively.
addition to the value agent interdependencies brought to the Further scrutiny indicated that the performance impact
system’s performance, they therefore also increased thefthe domain heuristics on run time was strongly related to
system'’s robustness to internal network effects. the type of knowledge the agents employed to make their
The effects of the three knowledge variables were varieddesign decisions. In the case when design decisions were
Frequency positively affected run time, quality positively made probabilistically, the effects of the domain heuristics
affected the number of good designs located, and confien the run time completely switched, significantly decreas-
dence positively affected design quality. Each negativelying run time. Their negative effect on design location and
affected the two remaining performance measures. Theiguality, though, remained the same.
joint, coupled effects improved solution identification and  Finally, the overall lumped effects of the elements not
quality, but also slightly increased run time. However, theirincorporated into the factorial tests, assessed through direct
collective effects were much less significant than the othecomparison as discussed above, were similar to those of the
two variables. domain heuristics. They increased run time and decreased
In contrast to the interagent ties, the domain heuristicboth the number of good designs identified and the overall
variable negatively impacted each performance criteria mordesign quality. The magnitude of the effects of these ele-
than each other variable. Also, in contrast to the interagentents seemed to be of a similar scale to the effects of the
ties, the domain heuristics, as a general rule, largely mitidomain heuristics as well.
gated the positive effects and exacerbated the negative effectsThe performance improvements, therefore, in design iden-
of the other variables. One interesting observation notedification per unit time and design quality, observed in the
early on was that the new team-based algorithm tended talgorithm comparison, was primarily a result of the effects
carry infeasible solution states longer because agents madg, first and most significantly, the interagent ties and, sec-
estimated value judgments and carried incomplete soluend, the three relational knowledge elements. The increased
tions. The original algorithm, on the other hand, immedi-run time resulted primarily from the procedural changes not
ately rejected physically infeasible designs to complete théncorporated in the factorial tests and, slightly, the rela-
design. It would be reasonable to hypothesize, therefordjonal knowledge elements; plus, the domain heuristics did
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decrease run time when coupled with probabilistic decisiorand greater than the separable, aggregated action, and per-
making and thus likely influenced the run time differencesformance of the individual agents.

by decreasing the original algorithm'’s run time as well. In the new team-based algorithm developed for these stud-
ies, one important way in which the agent interrelation-
ships increased the collective potential is by providing a
mechanism in which to view and evaluate the coupling
In this study, a multiagent team-based algorithm was crebetween manufacturing processes in the solution sequence.
ated, designed specifically to examine the role of agentn the original algorithm, the agents’ domain knowledge
interdependencies in computational design. The teamdid not specify the interrelationships between agents’ poten-
based algorithm’s performance was evaluated against a préal contributiongwhich information is seldom available in
viously tested, successful multiagent algorithm that did notomplex design problemsor did the separable group pro-
incorporate these interdependencies. The new team-basedss link them such as to create a natural group dynamic for
algorithm showed significant performance improvement overa synthesis of these interrelationships to emerge. It simply
the original algorithm, increasing solution identification an did not have a mechanism to evaluate, or the informational
entire order of magnitude and improving average solutiorinfrastructure to consider, task relationships. Thus, the
quality over 280%. A statistical examination of the new designing agents’ collective potential was insufficient to
algorithm indicated that the organizational attributes of pri-differentiate between solutions distinguished by process cou-
mary interest in this study, specifically interagent ties, werepling. In the new team-based algorithm, on the other hand,
the primary source of the algorithm’s improved performanceagents each had some knowledge of these relationships
through their relational knowledge structures. The individ-
ual agent’s knowledge is limited in scope, though, viewing
only the general positional relationship to the agent’s par-
The tests furnished a good deal of insight into the impacticular process regardless of other process interactions. How-
that each of the key extensions had on the team-basesler, combining the views of each agent provides a more
algorithm’s performance. Having thus identified the sourcescomplete, comprehensive view of the structural relation-
generally, of the improved performance, it is important toships, including a collective representation of the coupled
begin asking why it is that these sources had such an impaatelationships between multiple processes simultaneously
Certainly altering the basis upon which agents made theiwithin the sequence solutions. Although the relational knowl-
design decisions is central to this discussion. In these studkdge elements did improve performance, when this knowl-
ies, many of the stochasfigrobabilistic-based decisions of edge was made interrelated through the coupling of agent
the original algorithm were replaced with knowledge-basedlecisions and evaluations, the performance improvement
elements in the new team-based algorithm. Indeed, the stavas significantly magnified. One way in which the inter-
tistical analyses indicate that these knowledge elements diggent ties increased the agent organization’s collective poten-
jointly improve design identification per unit time and design tial, therefore, was by providing a mechanism to synthesize
quality. The direct effects of these knowledge elementsand evaluate the complex interrelationships between agent
however, proved to be much less significant than those asstasks.

ciated with the interagent ties. Again, the strongest and most

consistent emerging influence observed was that of the inter-

agent ties. By simply requiring collaborative decision-8.2. Generalizability

making and design evaluations, even without changing

individual capacities or properties, the algorithm’s perfor-Although the tests incorporated only a single team-based
mance was significantly improved. Why, then, might theorganizational structure, applied to a single problem, the
interagent ties have so influenced the algorithm’s perfor-organizational principles and constructs used to derive agent
mance? As discussed earlier, organizational research sugrocesses and characteristics have been well studied and
gests that an organization’s collective potential can bewidely observed in human teams. Furthermore, analogous
increased beyond that of the individuals by appropriatelyperformance improvements to those observed in human
coupling its fine scale parts. In organizations whose fineteaming were observed within our team-based computa-
scale parts are information and resources to act on thdtonal test bed, such that the collective performance of the
information(knowledge, decisiofevaluation strategies, and agent organization was greater than and unique from the
computation capability such as in our design algorithm, aggregate of the individuals’ performances. So, the role of
this increased potential comes in the form of increased capathese organizational principles within the computational con-
ity to evaluate and synthesize information. The greater théext did seem to correlate to some extent to their role in
collective potential the more complex the informational human organizations. Achieving similar collective behav-
structures the organization can successfully synthesize. Coiers is a promising indication that these organizational con-
respondingly, in our algorithm tests, it was indeed observedtructs may be successfully applied in computational contexts
that collective action and performance was distinct fromin a similarly general manner as in human organization.

8. CONCLUDING DISCUSSION

8.1. Increasing the collective potential
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esign

for improving computational design performance. The perischer, C.E., Gunasekera, J., & Malas, J1997). Process model devel-
formance improvement arising from their application was opment for optimization of forged disk manufacturing processes. In

i imilar i ; Steel Forging: ASTM STP 1258lisbett, E.G., & Melilli, A.S., Eds,
significant, and similar in nature to that observed in human Vol. 2. Philadelphia, PA: American Society for Testing and Materials.

teams. The interagent ties accelerated solution identificagunasekera, J.5., Fischer, C.E., Malas, J.C., Mullins, W.M., & Yang, M.S.
tion and improved solution quality. They made the agent (1996. Development of process models for use with global optimiza-

it i _ tion of a manufacturing systerroc. ASME Symp. Modeling, Simu-
organization mtema”y more robust and enhanced the POS lation and Control of Metal ProcessingSME International Mechanical

itive effects of other influential variables. They produced a  gngineering Congress, Atlanta, GA, November.
collective performance greater than that of the membeHustin, S., & Sangiovanni-Vicentelli, A1987. TIM, a new standard cell
agents working independent and separable one from another. Placement program based on the simulated annealing algoiire:

. . . . " Physical Design Workshop on Placement and Floorplannhiiton
Thus, the success of the organizational approach investi- pead, sc, April.
gated in this study is very promising. Future work will con- Rich, E.(1983. Artificial Intelligence New York: McGraw—Hill.

tinue to formalize the findings of this initial study, and Wholey. D., Kiesler, S., & Carley, Kl1995. Learning Teamwork: Emer-
gence of Communication and Structure in Novice Software Develop-

explore modifications and extensions to the collaborative ment TeamsPittsburgh, PA: Carnegie Mellon University.
framework established herein.
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