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ABSTRACT

tion supported by social network adaptation has been
shown to increase team [8] and organizational perforMany complex problems can be solved through an mance [9] [10].
effective organization of human experts and software
agents connected by a social network where each node This paper reports on results of experiments used to
contributes the unique skill set needed to enable a guide design of AmalgaCloud [11], a research project
higher order problem solving capability of the group. by the authors to prototype an internet service for
Recent work in crowdsourcing applications based on organizing problem solving teams from a social netenterprise social networks (e.g. PeopleCloud) has work of human and computational agents on a bashown that the group problem solving approach can sis of a structured problem definition. An agent in
be extended to enterprise and potentially Internet- AmalgaCloud has expertise (skills) and can form or
wide scales. However, systems operating at such join teams with agents having complementary experscales assume that candidate group participants make tise from its social network. The social network has
decisions about which groups to join based on limited a continuously changing structure as agents use alternative strategies to modify network connectivity
connectivity and local information.
in a search to improve their problem solving perforThis paper focuses on the relationship between net- mance. We explore alternative network adaptation
work adaptation for candidate group participants (modification) strategies and their relationship to the
and performance of problem solving groups. We AmalgaCloud problem solving performance to better
demonstrate that systems that expect to form groups inform AmalgaCloud design.
by engaging participants equipped with diverse skill
sets require more sophisticated network adaptation Our contributions.
strategies than what can be expected based on previous research. To address this need, we evaluate a set 1. We describe an extension of the team formation
of network adaptation algorithms for crowdsourcing algorithm studied by [7] to a parallel setting where
and present some empirical results from a simulation multiple, independent agents self-initiate team formation proposals and choose between alternative probased study.
posal variations to maximize their team formation
performance.
I INTRODUCTION
2. We introduce a system (AmalgaCloud) to supProblem solving activities are increasingly based on port team formation by multiple, concurrent, indeself-organized groups (communities or teams) that pendent agents and describe design choices related to
collaborate across functions, divisions and levels of implementation of the system. We describe simulatheir respective organizations [1]. Team formation tion based experiments for agent network adaptation
is growing in importance as a business problem [2]. that can inform system design.
In the area of human team organization, the operations research (OR) field has developed several integer linear program formulations specifying optimal
team composition which can be solved using branchand-cut [3], approximation heuristics [4], genetic algorithms [5] or simulated annealing [6]. Advances
in social graph data mining coupled with traditional
OR techniques have enabled novel solutions to the
problem of human team formation [7]. Team forma-
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3. We provide simulation based evidence in support
of network adaptation policies that take into consideration agent’s knowledge of its performance on
task completion (performance-based strategies). We
also show that commonly used network adaptation
policies based on preferential attachment (structurebased strategies) should not be assumed as effective
for team formation that relies on agents with multiple
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skill sets.
4. We report measurements of comparing both structure and performance based network adaptation in
conjunction with the extension. The measurements
are interpreted and presented as design guidelines for
the AmalgaCloud.
Roadmap.
The rest of this paper is organized as follows: in Section II we review salient features of AmalgaCloud
and outline issues and challenges faced by the authors
in applying existing research results to AmalgaCloud
design. We focus on scalability of the exiting research
results relative to increase in the number of unique
skills per agent and measure whether the structural
and performance based network adaptation strategies proposed by [9] [10] remain effective in presence
of exponential increase in the space of potential skills
configurations. In Section III we provide a formal
definition of the team formation and network adaptation models. In Section IV we present the experimental approach to evaluation of alternative network
adaptation strategies. We review related work about
problem solving with systems of agents in Section VI
and discuss our results in Section V. We conclude in
Section VII.

II

Fig. 1. AmalgaCloud is a research project by the authors to prototype
an internet service for organizing problem solving teams from a social
network of human and computational agents on a basis of a structured problem definition.

The figure is the relationship diagram for

AmalgaCloud concepts, clarifying the terminology and the relationships
between terms. The arrow labels should be read in the direction of the
arrow, e.g. Task is a type of a Problem. The arrow represent a one-toone relationship, unless one-to-many relationship is specified using the
1...* notation. One-to-many notation should be read in the direction of
the arrow e.g. one Agent has many Skill(s).

• scoped, a problem must have a limited scope in
terms of the maximum number of agents that
must participate in the problem solving activity
to produce a problem solution.

AMALGACLOUD

As a detailed technical description of AmalgaCloud
[11] is outside the scope of this paper, we provide
highlights of the salient features of the system design.
A formal, mathematical treatment of the models for
tasks, skills and agents will be provided in the later
sections of the paper.

• verifiable, a problem must have an observer (or
observers) to accept or reject a proposed solution; a rejected proposal is considered not to
be a solution to a problem. In a given problem
formulation an observer agent may be required.
Alternatively, the accept or reject decision may
be performed by a shared observer agent.

Structured problem definition. The AmalgaCloud system is designed to support a restricted category of problems that exist outside of the system
• isolated, a problem must be solvable by mulboundaries, are specified in a predefined structured
tiple, isolated and concurrent problem solving
format and can be solved by multiple teams engaged
activities.
concurrently and independently in problem solving
activities for a restricted period of time to arrive to
a solution. In formal specification for AmalgaCloud, In this paper, we will use ”task” to describe a problem
we require that problems are:
that has these properties. The structured problem
definition describes each task as consisting of multiple
subtasks. A subtask can be performed (completed)
by applying a specific skill, i.e. there is a one to one
relationship between a subtask and a skill. A result
• finite, a problem must be solvable within a fi- is a completion of all subtasks for the corresponding
nite time interval which is given prior to the task. An illustration of these concepts is provided on
Figure 1
start of the problem solving activity.
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This formalism can be used to describe a broad category of IT tasks related to service delivery and troubleshooting in complex IT environments [12] [13]. For
example, a task many involve a team of experts with
skills in networking, hardware, operating systems and
application software working together to identify the
root cause of a decline in application performance.
The isolated property of the problem ensures that
multiple teams can produce independent (i.e. created
concurrently and in isolation) results. The results
can be aggregated to identify the most frequently reported or the most likely root cause of a problem.

work (graph) where nodes represent human or computational agents along with their skill (expertise)
profiles. For example, for a human agent the skills
profile may include ”reinstall operating system” while
for a computational agent the skill may be ”report on
an operating system memory utilization”.

Existing research on team formation using social network data assumes availability of the entire social
graph to the team formation algorithm [7] [14] [15]
[16] [17]. However, this assumption is not appropriate
in the AmalgaCloud setting where individual agents
working in parallel, with only a limited visibility into
Other aspects of the structured problem definition their own social graph connections decide to form or
are covered in more detail later in this section.
join teams. We chose to eliminate the assumption
that the entire social graph is available to an agent
for the following reasons:
• computational cost; as shown in [7], optimal
team formation using a social graph is an NPHard problem. While polynomial approximation algorithms exist, it can be too computationally expensive for an agent to identify best
candidates for a team from the entire social
graph within the time constraints of the structured problem definition.
• data and communication limitations; the data
describing the social network can be too large
to duplicate, take too long to transfer to the
location where it is analyzed by the team formation algorithm or the underlying communications network latency can be too high for the
purposes of executing the team formation algorithm within specified time constraints.
• contention issues; in cases where the social
graph is kept in distributed storage and the social graph read/write operations are requested
by agents over a communications network, it
is necessary to address a range of contention issues resulting from multiple agents making concurrent requests by the team formation algorithm. The issues include: 1) ensuring synchronized access to agent team state (e.g. availability to join a team); 2) resolving conflicts due to
generation of multiple team proposals where a
single agent is offered to participate on multiple
teams; 3) scheduling agent’s participation in a
team based on task duration and task start time
as specified in the structured problem definition; 4) implementing the previously described
issues in a computationally efficient manner.

Fig. 2. The structured problem definition (SPD) introduced earlier in
this section includes information about the task to be performed, about
the agents that must perform the task and about the result. The solution specification part of the SPD, consists of 1) constraints, which are
inclusion/exclusion rules for agents, agent teams and the result; and 2)
criteria, which are rules (objective functions) for specifying preferences
over the space of potential solutions. For example, an agent team constraint may exclude any team formation solutions that have less than
three agents on a team; a criteria may specify that a team formation
solution should have a team with as few members as possible, as long as
the team has all the specified skills for a team. The result part of the
solution specification allows for additional restrictions such as ensuring
that a team can produce a result within a specified period of time
(constraint) or within as short of a time period as possible (criteria).

Social network of problem solving agents.
AmalgaCloud assumes the existence of a social net-
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may participate in social networks from multiple independent providers. Thus it is desirable
to ensure aggregation of the agent’s social graph
across the providers. While aggregation can be
achieved by individual agents operating on their
own data, integration and aggregation of full social graphs from multiple providers may not be
feasible due to privacy and other concerns.

of AmalgaCloud; [20] describes how interactions can
be implemented in mixed systems.

Network adaptation. Several studies have emphasized the role of the agent’s social network structure and the degree to which the structure influences
agent problem solving performance. In the context
of team formation, networks with short average path
length [21] [22] [23] and a hub structure [21] [22] lead
to greater efficiency in forming teams and to greater
Existing research argues against the idea that an diversity in team composition [24] [9].
agent in a social network should have visibility of the
entire graph. Based on an assumption of an agent In AmalgaCloud, an agent cannot observe the enthat operates with a finite time budget and must rely tire social network and thus cannot make decisions
on a priority queue for scheduling its activities, [18] to modify its connectivity to other agents based on
showed that there exists an upper bound on stable so- global social network measures mentioned in the precial relationships (similar to Dunbar’s number [19]) vious paragraph. As part of AmalgaCloud design, we
for agents in a social network. We apply this evi- have considered that agents may need to perform updence to AmalgaCloud design to ensure that agents dates to their social network connectivity using two
have limited visibility of the social graph and can alternative strategies. Some strategies are structure
form teams with the agents in their immediate social based, where an agent considers the number of and
the topology of connections of its neighbors. Angraph vicinity.
other category is performance based, where an agent
Thus, in AmagaCloud, existence of an edge between measures its frequency of participation on problem
any two agents represents bidirectional awareness be- solving activity teams to corresponding frequency for
tween them. An edge also indicates potential for two other agents. Thus, to inform the implementation for
agents to participate on the same team in a problem how agents modify their social network connectivity
solving activity. This collaboration potential between (network adaptation) in AmalgaCloud, we have deany two agents is defined in terms of the existence of fined a set of simulation based experiments described
an edge because during the team formation process, in more detail in Section IV.
an agent may join or initiate a team based only on the
agents that it knows. An edge may optionally have The lifecycle of the AmalgaCloud platform consists
additional relational information associated with the of team formation events, sequential or concurrent.
agents, for example communication cost or records of Network adaptation is defined as agent initiated
change in the social network connectivity at the time
past interactions.
between the events to enable the agents to prepare for
Team formation. A formal description of the team future problems and future team formation events.
formation problem will be provided later in this pa- To represent limited attention and workload capacity,
per. Intuitively, team formation describes a process agents have an upper limit on the number of possible
for selecting a group of agents from the social network connections to other agents in the network. Thus,
such that the team formed by the identified agents once an agent has established a sufficient number of
meets one or more requirements, which must include connections to reach the upper limit, network adaphaving the capability to perform the task specified tion serves as the only mechanism available to the
in the problem definition. Other requirements may agent to improve its problem solving performance.
be derived from the information specified in the social graph edges between the members, for example Design considerations. We focus on problem solvcommunication cost, history of past interactions or ing systems that are designed to be open and dispresence of common social network neighbors. Dur- tributed, defined by [25] as ones where the structure
ing team formation, the agents are only considering of system itself is capable of dynamically adapting
joining teams that are in the agent’s immediate (di- given a problem and where system components (human or computational agents) are not known in adrectly connected) network neighborhood.
vance. While in MAS [26] information about skill
The problem solving activity interactions that take sets for agents is known at application design time,
place in a mixed team of computational and human our prototype is more similar to PeopleCloud [12],
agents following team formation are outside the scope in that we can collect information about both the
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task and the skill sets of its social network participants at system runtime. Information about the participants can be collected dynamically from external
social network data sources and is processed against
constraints (e.g. history of participant contributions,
knowledge expertise, participation levels) to identify
the right agents for a given task.

based team formation, using plan and goal sharing
across computational agents [27]. Some studies focusing specifically on team formation [9] [10] [30] have
quantitatively evaluated the relationship between alternative team collaboration network structures and
overall effectiveness of groups in solving problems or
performing tasks. These studies examine team formation dynamics, i.e. the changes in collaboration
network connectivity over time as collaborators seek
to leave and join possible groups in order to improve
both their local and system-wide problem solving performance. While the peer to peer based approaches to
team formation have demonstrated greater scalability, the agents are faced with the problem of decision
making on the basis of limited information about the
agents within their local connection vicinity.

Existing research shows that there exists the need for
a team formation platform that can support a range
of alternative optimization formulations [7] [14] [15]
[16] [17]. In AmalgaCloud, we extend the structured
problem definition (SPD) to include a collection of
constraints and criteria that collectively restrict and
rank possible solutions to the team formation problem. The solution specification part of the SPD, consists of 1) constraints, which are inclusion/exclusion
rules for agents, agent teams and the result; and 2)
criteria, which are rules (objective functions) for specifying preferences over the space of potential solutions. For example, an agent team constraint may
exclude any team formation solutions that have less
than three agents on a team; a criteria may specify
that a team formation solution should have a team
with as few members as possible, as long as the team
has all the specified skills for a team. The result part
of the solution specification allows for additional restrictions such as ensuring that a team can produce a
result within a specified period of time (constraint) or
within as short of a time period as possible (criteria).

It is desirable to specify skills at a sufficiently fine
grained detail level so as to avoid ambiguity. In addition, the skill set may grow at system runtime as
participants list or acquire additional skills. However, the increase of the participant skill set leads to
an exponential growth in the number of the potential
groups where the participant may be included1 .

III

MODEL FORMULATION

In our simulation model, there is a population of N
agents represented by set A = {a1 , a2 , ..., aN }. Each
agent is connected to a portion of the agent population via a social network which is modeled using a
symmetric adjacency matrix E, where an element of
the matrix eij = 1 indicates an undirected edge between agents ai and aj . In the paper we distinguish
between first order neighbors of ai defined as Ni1 =
{aj : eij = 1, j 6= i} and second order neighbors, defined as Ni2 = {ak : eij = 1, ejk = 1, eik = 0, k 6= i}.

There exists a broad range of research on how to use
centralized matchmaking agents for solving problems
by relying on multiple problem solving groups working in parallel [26]. In MAS, identifying the right
team for a given task (team formation) can be performed by using a specialized matchmaker (interface)
agent [27] or through peer to peer sharing of goals and
plans across agents [28]. In contrast, team formation
algorithms described in [7] and extensions [15] [16]
[14] [17] [29] rely on a single, central entity with a
global view of the social network of candidate team
members. It is unclear whether the centralized techniques can apply at levels of scale and dynamicity in
systems intended to service large enterprises or the
entire population of the World Wide Web.

The degree of an agent ai , is denoted as di and represents agent’s degree of awareness of other agents in
the network. It is measured in terms of number of
edges incident to the agent and is equal to |Ni1 |. As
explained in more detail in subsection 2, each edge
also represents potential for collaboration between
any two agents because an agent considers only its
first order neighbors during the group formation process. Agents that operate under constraints of finite
priority queuing and limited time resources have upper bounds on first order neighbors [18], which we
model as maximum permitted degree Di for an agent

Decentralized, peer to peer based approaches for
team formation have greater potential to scale to
larger pools of candidate team participants. Some
of the MAS solutions have relied on peer to peer

1 Consider a social network where a vertex (node) represents an agent and the vertex degree d stands for agent’s awareness
of d other agents in the network, each edge representing a potential collaboration. Under the assumption that the agent represented by the node has SA skills, the agent may offer any of its 2SA − 1 subsets of skills to a collaborator. Considering all of
its d potential collaborators, the agent may be a candidate for at most d(2SA − 1) collaborative groups.
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ai . Note that this constant is inversely related to the 1 INITIAL SOCIAL NETWORK CONlower bound for agent’s ai cost of maintaining a conNECTIVITY
nection to another agent, Ci = D1i such that the total
To establish connectivity, all agents are randomly ascost over all the connections has to sum to 1.
signed
a position on a square grid with side of size
√
Each agent ai has a set of skills Si which is a subN (based on the N value from Table 1). Distance
set of size SA sampled randomly from a uniform dis- between the agents is measured under an assumptribution over a set of the universe of skills S. As tion of toroid connectivity between grid’s edges using
demonstrated by [31], this binary skills representa- Manhattan distance measure, Dij . For every agent
tion includes more complex models (variable, addi- ai , an undirected edge eij is established to every other
tive, multiplicative) as special cases. In this paper, agent aj , as long as Dij is less than or equal to a prewe focus on the uniformly distributed skill sets to defined constant D (see Table 1). For every agent ai ,
compare our results to those in [9] [10] which use the the initial Ni1 connectivity configuration as explained
same approach. In Section VII we describe how we here is identical for all simulation scenarios described
plan to extend our simulations to cover alternative in this paper.
agent skill set models.
The algorithm implementing this connectivity configThe agents interact over multiple time steps in a sim- uration is identical to the random geometrical graph
ulation. At every time step ts of the simulation, a sin- generation approach followed by [30] [10]. Alternagle task Tts is randomly generated by sampling with- tive methods, such as random graph or preferential
out replacement from a uniform random distribution attachment [21] can be used to create the starting
of the set of skills S to generate a set of predefined size conditions of the network structure. As explained in
TA . A set of agents (group) G = {ak , ..., al } is said to Section VII, this is an area for future work.
be capable of executing a task T iff T ⊂ Sk ∪ ... ∪ Sl .
In all of the simulations described in this paper,
GROUP
SELECTION
SA < TA so that more than one agent is required 2 CANDIDATE
AND GROUP FORMATION
to execute any given task. Every Tts is broadcast
to all N agents and more than one group of agents
may have the skills (potential) needed to execute T . Since agents are operating on the basis of limited inAs described in more detail later in this paper, the formation about potential groups, every agent must
quantity of these potential groups is one of the key make a decision about which groups can solve the
metrics for evaluation of alternative network adapta- tasks and which groups the agent should join to execute the task. At every time step of the simulation,
tion algorithms.
an agent ai knows only which skills are available to
The model avoids concurrency issues by merging the agents in its first order social network neighborhood
steps related to formation of a team and execution of Ni1 . Before joining or forming a team, an agent ai
a task into a single time step of the simulation. Once must compute Gi,ts which is a set of potential groups
all of the potential groups are identified, every agent that have the skills needed to execute Tts . Agent ai
commits to (joins) one of the groups using the algo- computes the intersection of the sets Si and T and
rithm described later in the paper. As long as a team whenever the intersection of the two sets is non-empty
has enough committed agents capable of executing (i.e. the agent has at least one skill needed for the
Tts then the team is considered to have executed Tts task), attempts to perform the computation of a set
at the conclusion of the ts step. Given the focus of of candidate groups that the agent expects to execute
this paper on Internet scale team formation, this for- the task. The computation problem is equivalent to
mulation permits the possibility that multiple groups an optimization by minimizing the sum of indicator
may complete the task in parallel. While it is possible functions2 which specify whether an agent aj ∈ Ni1
to introduce coordination or election mechanisms to should be in the potential team set:
ensure that a task is performed only once, this topic
is outside the scope of this paper.

minimize

N
X

IGi,ts (aj )

(1)

j=1
2 The

indicator function of a subset A of a set X is a function IA : X → {0, 1} defined as IA (x) = 1 if x ∈ A and 0 otherwise
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subject to the constraint
Tts ⊂

[

Sk

an agent chooses a team for which it has the maximum amount of information available through its so(2) cial network.

k∈Gi,ts

The policy is defined formally as:

gi
|gi | < |gj |
(3)





g
|G
∩
g
|
>
|G
∩
g
|
(4)
i
i
i
i
j




∧|g
|
=
|g
|
i
j

1
P ref (gi , gj ) =
|
>
|gj ∩ Ni1 | (5)
g
|g
∩
N
i
i
i



∧|Gi ∩ gi | = |Gi ∩ gj |




∧|g
i | = |gj |



gj
otherwise
(6)

The equations 1 and 2 are an example of the
well known minimum set covering problem [32]
(M inSetCover). In this instance, the objective is
to find the smallest possible set of agents such that
their respective skills Sj ”cover” the skills required for
a given task T . While set covering is a classic example of an NP-complete problem [33], it has well known
approximate solutions [34] and in context of bounded
social network neighborhoods can be solved exactly
The procedure followed by the agents in forming a
and efficiently using industrial scale solvers [35] .
collection of groups to execute a given task is sumAn agent can both initiate its own team and be in- marized in Algorithm 1 listing.
vited to participate in a team initiated by another
agent. Given any two agents ai and aj , ai could be a
1: procedure Select-Join-Group(Tts , A, N )
member of Gi,ts or Gj,ts . We will refer to groups in
2:
for all i ∈ {1...N } do
. iterate over agent
Gi,ts where ai is a member as self-initiated and denote
index
them by SGi,ts . Other-initiated groups OGj,ts , are
3:
if |Si ∩ Tts | > 0 then
. run
those where ai is a member of Gj,ts . As the union of
asynchronously
SGi,ts and those groups in OGj,ts with ai as a mem4:
SGi,ts ← M inSetCover(Ni1 , Tts )
ber may contain members of Ni2 ; given gi , gj ∈ G
5:
end if
agents follow a preference policy P ref (gi , gj ) to se6:
end for
lect which team to join. The policy is formulated to
7:
for all i ∈ {1...N
S } do
ensure that
8:
OGi,ts ← j∈{1...N } {SGj,ts : ai ∈ SGj,ts ,
9: i 6= j}
gi,ts ← Join(SGi,ts ∪ OGi,ts , P ref )
1. encourage smaller groups which maximizes the 10:
11:
Gts ← Gts ∪ {gi,ts }
number of groups that can execute a task
12:
end for
2. select for agent groups that have as many agents 13:
return Gts
from the first order neighborhood as possible, 14: end procedure
which increases the importance of an effective 15: procedure Join(G, CompareP olicy)
network adaptation strategy
16:
Gsorted ← ComparisonSort(G, CompareP olicy)
17:
g ← Head(Gsorted )
. first element of the
sorted list
To decide the team to join, the agent performs adreturn g
. discard the tail of the list
ditional filtering and preference sorting on all of its 18:
candidate groups based on a policy where the agent 19: end procedure
prefers
Algorithm 1. Agent Group Selection and Participation Algorithm

• smaller groups over larger groups
3

• groups most similar to its own team proposal

NETWORK
GIES

ADAPTATION

STRATE-

• groups most similar to its first order neighborhood
Following task execution and prior to the conclusion
of every time step of the simulation, agents have an
The preference for smaller teams increases the total option to adapt their network connectivity. Agent ai
2
number of open positions for agents and consequently examines a set of agents Ni such that ak is a member
2
the total number of candidate teams. Since an agent of Ni iff all of the following are true
always proposes teams based on its first order neighborhood, the remaining two preferences ensure that
• there exists an agent aj such that it is connected
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to ai via eij

agents for network adaptation as well as selection criteria for identifying connection destinations for the
• aj is connected to ak via ejk
candidate agents. There is evidence that strategies that enable agents to adapt connectivity based
• ak is not connected to ai via eij
on local structural information outperform strategies
• ai and ak are not the same
where agents attempt to model global network performance [10]. Consequently we have not attempted
Intuitively, the formal description above specifies the to incorporate global variables (e.g. total number of
set of all second-order neighbors (i.e. neighbors of groups formed) into individual agent decisions about
ai ’s neighbors) with exception of those that are also network adaptation.
connected to ai directly. Using the node degree of
the agents in A, ai defines two probability mass funcIV METHOD
tions:
1
P (a = ai ) =
|{A}|

In the evaluation of the model, we compare implications of alternative connectivity dynamics on team
formation in presence of a variable number of skills
that every agent can contribute to a team. This section provides an overview of given related scenarios
that have been simulated as part of the study, each
scenario focusing on a unique set of network adaptation configurations and strategies. Each of the scenarios has been simulated using a combination of
common and scenario specific sets of parameters described in Table 1. For all of the scenarios we have
collected the same set of measurements to compare
the impact of skill set diversity in team formation to
static and preferential node attachment connectivity
models.

(7)

and
dj
P (a = aj ) = X

(8)
dk

ak ∈Ni2

Structure based network adaptation (preferential attachment). By sampling from the probability density function 7, ai selects an agent aj and
deletes eij thus removing a random first order neighbor. Next, ai samples from probability density function 8 to select agent ak and creates eik edge. This The first scenario (S1 / Single Skill, No Network
approach is designed to implement the preferential Adaptation) assumes the absence of any connectivity
changes relative to the initial, randomly created agent
attachment policy described in [30].
network. To reproduce results from [10] we also rePerformance based network adaptation. Our strict the number of skills per agent with SA = 1. S1
model also enables a complementary policy based on serves as a baseline to showcase average performance
the use of an agent’s local team formation perfor- of the single skill agent network across multiple simumance for the network adaptation decision. Since lations with a nontrivial sample set of possible initial
we measure agent performance in terms of its effec- random geometric graph configurations.
tiveness in joining groups and completing associated
tasks, the agent performance based network adapta- The second scenario (S2 / Single Skill, Structure
tion policy can be summarized as follows: if at time Based Network Adaptation), follows [30] to reproduce
step ts an agent ai does not select and join a team (Al- the node degree based network adaptation under the
gorithm 1.), then prior to start of ts + 1, ai will adapt SA = 1 assumption. The first step of every simulait’s network connectivity using the preferential policy tion under this scenario assumes random geometric
approach described in this section. This performance graph connectivity described in Section III.1. Prior
policy is based on the expectation that if a subset to the beginning of the second and prior to every subof agents AH has created a high performing network sequent step of the simulation in this scenario, every
1
1
connectivity configuration NH
, then their NH
should agent ai updates its set of edges as described in the
remain static across time steps while poorly perform- Section III.3 on adapting network connectivity using
ing agents should adapt their set of NP1 in an attempt the preferential policy approach.
to improve their performance.
Earlier research [9] [10] has addressed the question of
an appropriate strategy for selection of the candidate
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Name

Value
S1

Scenario
S2
S3
S4

NumSimulations

256

NumSteps

128

N

64

D

2

Description

that structural policies may outperform adaptation
strategies involving agent estimation of system performance based on locally available information.

S5
Number of times
each scenario has
been simulated.
Number of time
steps
per
scenario, also number of tasks randomly generated
per simulation.
Number of agents
in the simulation
scenario
social
network
Manhattan
distance for initial
random geometric graph agent
connectivity
such that ai is
connected to all
neighbors aj that
have Dij ≤ D
Number of distinct
skills
in
the
simulation
scenario

Since the results of the variations of the network
adaptation policy on the network structure are similar across scenarios S2, S4 and S5, they are illustrated with the example shown on Figure 3. As a
consequence of the configuration parameters from Table 1, every agent ai is instantiated (at t = 0) with
di = 16. The figure shows that the network adaptation policy progressively modifies the node degree
distribution towards a concentration of high degree
nodes with ”fat tails” of single digit degree nodes.
The degree distribution does not change significantly
beyond t = 30 to warrant additional illustrations.

Every scenario is studied through execution of
N umSimulations = 256 simulation sessions, each
|S|
16
session consisting of a fixed and equal number of
steps for all simulations. For every simulation step
we measure the number of candidate groups identiTA
8
Total
number
fied for every agent as well as the number of groups
of distinct, ranformed during the step. In addition to tracking the
domly
chosen
descriptive statistics (mean, standard deviation, and
skills per task
SA
1
1
4
4
4
Total
number
minimum, maximum) for these variables on per step
of distinct, ranbasis, we also compute statistics of these variables
domly
chosen
across all steps in a simulation and for all of the
skills per agent
simulations in a scenario. The scenario scope meaTable 1. Simulation Scenario Parameters
surements are needed to reduce potential bias due to
The third scenario (S3 / Diverse Skills, No Network selection of random geometric connectivity graphs as
Adaptation) extends S1 through introduction of di- initial conditions in the first step of every simulation.
1
verse agent skill sets described earlier in this paper. Simulation results are summarized in Table 2
No network adaptation is performed in this scenario
SceGroups Formed
Candidate Groups
as it is designed to serve as an illustration of the
nario
µ
σ
M
m
µ
σ
M
m
impact of a larger number of skills in a system on
S1
0.0054
0.0731
1
0
0.0008
0.0295
3
0
the team candidate identification and team formation
S2
0.0852
0.2884
2
0
0.0216
0.1853
6
0
performance.
The fourth (S4 / Diverse Skills, Performance Based
Network Adaptation) and fifth (S5 / Diverse Skills,
Structure Based Network Adaptation) scenarios both
extend S3 using alternative network adaptation
strategies described in the section III.3. S4 uses the
agent performance based network adaptation policy
while S5 relies on preferential network attachment
network adaptation for every agent in the network after every time step. The latter scenario’s approach is
designed to illustrate performance of a purely random
mechanism which does not incorporate consideration
of the overall system performance. Introduction of
this scenario is motivated by [10] which demonstrates

S3

3.1067

1.2684

8

0

0.8349

1.0439

7

0

S4

2.9661

1.2452

8

0

0.6705

1.3598

8

0

S5

2.8752

1.2012

8

0

0.6271

0.9219

8

0

Table 2. Group Formation Results

V

DISCUSSION

When comparing the results for S1 and S2, we confirm the observation that the use of agent performance based preferential node attachment policy (in
S2) leads to both a higher number of groups formed
and of candidate groups where the agents could participate. Compared to [30] [10] the mean values of

1 The

values in the table represent mean (µ), standard deviation(σ), maximum (M ) and minimum (m) across all
N umSimulations for a scenario.
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(a) AWD = 17.266, t=0

(b) AWD = 20.484, t=10

(c) AWD = 24.359, t=20

(d) AWD = 27.484, t=30

Fig. 3. Simulation results. Subfigures a-d show the frequency distribution of node degrees for time steps 0 through 30 along with specific values
for average weighted degree(AWD).

suggests that if the number of skills in the system |S|
increases linearly while the number skills per agent
SA stays constant, the preferential node attachment
network adaptation policy becomes less effective as
the total space of possible task assignments grows
exponentially.

both variables are lower due to the difference between
the total number of skills in the simulations. As argued by earlier research, use of structural, preferential
policy based network adaptation leads to significantly
better performance in these scenarios resulting in over
an order of magnitude improvement in the number of
groups formed (from 0.0054 to 0.0852) and number of
candidate groups per agent (from 0.0008 to 0.0216).

VI

RELATED WORK

As argued earlier in this paper (footnote 1), introduction of a larger number of skills per agent can exponentially increase the number of potential groups
where the agent can participate. As shown by the
results for S3, even without any network adaptation, increase in skill set cardinality leads to an increase of approximately three orders of magnitude
(from 0.0008 to 0.8349) for the mean number of the
candidate groups per agent with a parallel increase
(from 0.0054 to 3.1067) in the mean number of groups
formed across the simulations in the scenario.

The area of community discovery (detection) is complementary to our research. Community detection
work as advanced by [36] [37] relies on a record of
past (relative to the time of the community discovery query) interactions among nodes in a network.
For example, by comparing frequency of edge distribution in a network to random edge distribution it
is possible to measure modularity in a network and
thus discover communities. Our research does not require historical data on node interaction as we study
how to form teams that may not have previously exGiven the results from research on network adapta- isted as a community. However, our approach can
tion and evidence from S2, one may expect further benefit from community discovery as history of past
improvement to the S3 results through the introduc- interactions can positively inform team formation.
tion of preferential attachment policy under the assumption of multiple skills per agent. However results In the solution to a TEAM FORMATION problem,
of the simulation demonstrate that not to be the case. Lappas et al [7] proposed to model inter-dependencies
In S4, the mean number of groups formed across sim- between agents using an undirected, weighted soulations (2.9661) is not statistically significantly dif- cial graph. Edge weights in the graph can incorpoferent from the same number in absence of the policy, rate measures such as effectiveness of agent-to-agent
while the number of the candidate groups per agent communication when grouping together agents into
measurably dropped (from 0.834846 to 0.6705). Fur- teams. The specific algorithm in the paper finds a
ther, S5 demonstrates that use of agent performance team of skilled individuals which minimizes commuinformation for network adaptation is not measurably nication cost among members of the team. Howdifferent from using a purely random preferential at- ever [7] assumes a static graph structure in answering
the team formation problem and is missing a prescriptachment policy.
tive model for setting edge weights in a way indepenNote from Figure IV that over the course of the sim- dent of the application domain.
ulation, an increase of the average weighted degree
(from 16 to 24.891) of the social network was less than Li and Shan [15] extend [7] to account for the tasks
by a factor of two. One interpretation of this result where some sub-tasks (a sub-problem) must be per-
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formed by a specific number of skilled individuals.
Yin et al [16] extend [7] with a diversity metric
based on measurements of influence that potential
team members receive from their peers in neighboring graph nodes. The metric ensures that the team
formation solutions are biased towards having members that influence each other as little as possible.
Anagnostopoulos and Becchetti [31] describe a TASK
ASSIGNMENT problem which seeks to ensure a balanced workload across team members, minimizing
maximum load over all the experts and also provide
an extension [14] to include communication costs similar to [7]. Kargar and An [29] point out the a minimum spanning tree (MST) based communication cost
function used by [7] does not effectively model team
formation scenarios where individual team members
have to communicate with each other directly. Also
Kargar and An [29] provide an alternative communication cost functions that results in more stable (relative to minor communications cost graph changes)
solutions than those suggested by [7].

An increasing number of systems seek to exploit information available in Internet scale social networks to
identify teams of experts for knowledge discovery [13]
or for task-oriented crowdsourcing [12]. When considering performance of such systems in terms of their
ability to organize groups, it is reasonable to expect
that results from studies on group formation [30] [10]
should extend to more sophisticated models of individual agents and their contributions to potential
groups. Our simulation based study demonstrates
that models of agent capabilities that allow for runtime changes to agent skill sets (for example in crowdsourcing systems like PeopleCloud [12]) introduce
scaling difficulties for traditional network adaptation
policies based on preferential node attachment.

To compare our results to [9] [10] we modeled agent
skills with a uniform distribution. Future work will
include using real world datasets [7] to bootstrap the
initial agent skill configuration.

[2] F. Bonchi, C. Castillo, and A. Gionis, “Social
Network Analysis and Mining for Business Applications,” vol. 2, no. 3, pp. 1–37, 2011.

We have shown that use of more detailed skill set descriptions per agent (i.e. in terms of a number of
skills per agent) is desirable as it is motivated by
potential crowdsourcing applications [13] and has a
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groups where an agent can contribute its skills and
the total number of groups that can be formed by a
VII FUTURE WORK AND CONCLU- system. However further research is needed to more
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