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ABSTRACT
A range of exciting proposed applications will involve many hu-
mans and agents working along side each other to achieve a com-
plex objective. Domains for such applications include search and
rescue[5], disaster response [8], military applications[1] and com-
merce[3]. Researchers envision automating the allocation of shared
resources using algorithms such as distributed constraint optimiza-
tion algorithms (DCOPs)[7]. For example, access to satellites, robots,
computation or space may be automatically assigned using DCOPs.
Due to the computational load and communication intensity of these
algorithms, humans in the team will need to communicate their
preferences and utilities to a proxy that executes the algorithm on
their behalf. If there are many resources these preferences may
be communicated incompletely or approximately. However, agents
participating in the allocation process will be able to precisely and
completely specify their preferences for all resources. The ques-
tion addressed by this paper is what happens to the quality of the
overall resource allocation when human and agent preference spec-
ifications differ in this way.

Preference elicitation is known to be a difficult problem that
takes a lot of time and effort for humans[2]. When the preferences
correspond to utilities, e.g., the value to the team to assign a par-
ticular robot to a particular human, a considerable computational
burden is placed on the human since the utility of many resources
must be computed by planning for each set of resources they might
get and compare against other possible resource allocations. Many
well known human biases will come into play, either consciously
or sub-consciously, when reporting the utility of a resource. In this
paper, we use a combination of empirical and theoretical analysis
to understand the impact of these biases using a DCOP algorithm.

We study the effect of two commonly known models of human
biases [4] on two different resource allocation problems using two
allocation algorithms. The resource allocation problems chosen
are representative of most resource allocation problems addressed
in literature. To be able to compute solutions to large problems
quickly, we used the Distributed Stochastic Algorithm (DSA) [10].
Our expectation is that there will be very little change to the overall
utility on average. This is because the solution provided by DSA is
dependent on the local ranking of resources and not on the absolute
utilities of the resources to the agent.
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1. PROBLEMS AND MODELS
In this section, we provide a brief background of the motivat-

ing problems, models used to represent the problems and the ap-
proach employed to solve the models. Specifically, we describe
two generic distributed resource allocation problems from litera-
ture [9, 6] and then explain the DCOP framework used to represent
these problems. We then formally represent the biases introduced
by humans in specifying the preference function within the utility
function of DCOP and finally present the DSA algorithm which is
used to solve the DCOP models. In both these domains, the con-
straint functions represent both hard constraints (avoid scheduling
one meeting in two different time slots etc.) and soft constraints
(prefer to meet in mornings than afternoons etc.).

1.1 Problem 1: Discrete Resource Allocation
In this domain, resources need to be allocated to a group of

agents and humans, E based on their preferences [9]. For ease of
explanation, we assume only one resource is allocated to one agent
or human. We model this domain as a DCOP as follows: Each
agent/human has a variable, represented as e. The values that the
variable can take correspond to the resource allocated to the agent.
This domain for variable e is specified as De and belongs to the set
1, 2, · · · , R. The utility for e when a resource, re ∈ de, is allocated
to e is

ue(re) = L ∗ Ire 6=0 ∗ (1−
∏

ẽ∈E,ẽ 6=e

Ire 6=rẽ) + pe(re), (1)

where pe(re) is the preference value of agent e for resource r
(soft constraint) and L is a large negative number that represents the
penalty for allocating one resource to two different entities (hard
constraint) and

Icondition = 1, if, condition = true

= 0, otherwise

1.2 Problem 2: Distributed Event Scheduling
In this domain, M meetings need to be scheduled for humans

and agents (acting on behalf of humans). A meeting, m can require
multiple humans, Em and a human, e could be part of multiple



meetings, Me. Furthermore, each human/agent, e has preferences
over the time slots, pt

e and meetings, pm
e . Given this information,

the goal is to compute a schedule which maximizes the utility of
the team. This domain is modeled as a DCOP by [6] as follows:
(a) Each agent/human, e has multiple variables, Me, corresponding
to all the meetings where e is required.
(b) The values that each variable can take, correspond to any of the
time slots where the meeting can be scheduled. This domain for
variable m ∈Me is specified as De

m and belongs to set 1, 2, · · · , T ,
where T is the set of time slots available in which a meeting can be
scheduled.
(c) If a meeting, m for e is scheduled at tm

e , then the utility for e is
defined as

um
e (tm

e ) = L ∗ (1−
∏

t̃≤T,t̃6=tm
e ,tm

e 6=0

It̃ 6=tm
e

)∗

(1−
∏

ẽ∈Em,e 6=ẽ

Itm
e =tm

ẽ
) + (pe(m) + pm

e (tm
e )) (2)

Here, L is a large negative number that represents a penalty for
scheduling the same meeting at two different time slots and other
such cases. (pe(m) + pm

e (tm
e )) represents the preferences of the

humans (soft constraints).

1.3 Distributed Constraint Optimization
DCOP [7] is a popular framework for representing coordination

in multiagent systems. A DCOP consists of n variables, v1, v2, ..., vn.
Variable vi can take on any value from the discrete finite domain
Di. The goal is to find an assignment, A of values to variables, such
that the sum over a set of binary constraints and associated payoff
or utility functions, ui,j : Di×Dj → N , is maximized. Formally,
we maximize

∑
vi,vj

ui,j(di, dj), where di ∈ Di, dj ∈ Dj and
{vi ← di, vj ← dj} ∈ A.

1.4 Bias 1: Simplification of preferences
As shown in [4], humans tend to simplify preference values when

faced with problems where multiple factors need to be considered.
One popular way of simplifying preferences is thresholding. For-
mally, this involves approximating the preference function over a
variable v, pv

e() as a function that has zero corresponding to all but
the top “k" values in its range. In general, it could be a “multi-step"
step function and defined as follows (with ordering of thresholds
given as thres1 > thres2 > · · · ):

p̃v
e(d) = max

ˆval
pv

e(d̂), if pv
e(d) > thres1

= thres1, if thres2 ≤ pv
e(d) ≤ thres1

= · · · · · ·

Instead of a threshold, humans may simply limit themselves to
specifying some number of top preferences. Specifically, we con-
sider the scenario where humans specify preferences for only the
most important resources while ignoring the rest. The modified
function for this preference simplification is defined as:

p̃v
e(d) = pv

e(d), if d ∈ maxK(pv
e)

= 0, otherwise

1.5 Bias 2: Preference Exaggeration
This bias of humans arises due to exaggeration of the importance

of certain features over others. This involves increasing the prefer-
ence function value of a variable v, pv

e() for the top preferred value
assignments. The modified function for this type of preference ex-
aggeration is defined as:

p̃v
e(d) = S ∗ pv

e(d) +A, if d ∈ maxK(pv
e())

= 0, otherwise

maxK(pv
e()) provides the set containing the top k values in the

range of the function pv
e(), S andA are scaling and addition factors

of exaggeration.

2. ALGORITHM FOR SOLVING DCOPS
Distributed Stochastic Algorithm (DSA) is the algorithm that we

employ for solving DCOPs. It should be noted that DSA is the
only algorithm that can realistically scale to the type of problems
considered in this paper. The following key property of the DSA
algorithm that will be very useful for our analysis.

PROPOSITION 1. For DCOP problems 1 and 2, the solution
provided by DSA is reliant on ranking of preference values and not
on dthe actual preference values.

3. IMPACT OF BIASES
Firstly, in domains where the ordering of preference values re-

mains the same as the original preferences after human biases, we
believe that according to Proposition 1 the impact will be zero. We
further believe that even if there are disruptions to the preference
order (due to human biases), DSA will provide solutions that are
close to the optimal solution obtained with the original preference
function. A key reason for this belief is that for large problem in-
stances of interest, we expect to find that many solutions will have
approximately the same utility.
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