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ABSTRACT

My research area is interdisciplinary to Mechanism Design and Al-
gorithm Design. The problems I find interesting in Computational
Mechanism Design are about Voting preferences, Environment pro-
tection by reducing the emission of harmful gases from automobiles,
Shareable good allocation on a network and Peer grading. In this
paper, I explain two of such problems and roadmaps for them. First
is the domain of preferences in the voting. It is often observed that
preferences are never completely arbitrary; instead, they possess
correlated structures. After learning the preferences, the next main
task is to aggregate them and have an outcome out of it. My interest
is to explore the different domains of preferences so that we can
have specific desirable properties in the social choice function. An-
other problem I am interested in is, to devise a mechanism which
incentivises the riders to prefer to share the ride than to ride solo,
where the objective of the mechanism is to reduce the emission
of harmful gases and control the pollution in the environment by
reducing the total travelled distance by the vehicles. A significant
challenge when addressing the problem of ridesharing is that it
needs to explore a vast decision space while computing solutions
fast enough to provide users with the experience of real-time book-
ing and service.
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1 TESTING PREFERENTIAL DOMAINS

In a typical voting scenario, there are a set of agents or voters; each
of them has preference over a set of alternatives; and a voting rule
(respectively an aggregation function) which selects an alternative
(respectively an aggregated preference) as the winner. The tuple
of the preferences of all the agents is called a profile. Despite hav-
ing plenty of applications, a series of cornerstone results in social
choice theory [10] establish that it is impossible to devise voting
rules or aggregation functions which respect some of the desirable
properties. A popular approach to escape these impossibility re-
sults is to assume that the profile under consideration is not entirely
arbitrary but belongs to some restricted preferential domain.
There are some polynomial time algorithms (known as recogni-
tion algorithms) to decide whether a preference profile, P belongs
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to the domain, D, e.g., single-peaked, single crossing. The two main
limitations of these recognition algorithms are 1.) They require
the whole preference profile which is not always possible to get.
In many situations, e.g., pre-election polls, surveys, etc., we only
have access to samples of the whole preference profile. 2.) The real
world profiles are almost never perfect, and thus they can only
be at most close to some domain, or the removal of some alterna-
tives/participants makes the preference profile to be able to belong
to some specific domains. One may ideally like to decide whether
a profile of n Preferences over m alternatives can belong to the
domain D after deleting, say at most k preferences (or alternatives)
or not, by drawing a small number of samples. However, any al-
gorithm for this problem would provably need to observe Q(n)
samples which defeat the main purpose of testing (except when D
is empty, or D contains all possible profiles). Erdélyi et.al.[6] study
complexity of the computational problem of deciding whether a
given profile can be made single peaked by deleting few preferences
or alternatives; Bredereck et al. [3] study complexity of this problem
for many other domains, e.g., single-caved, single-crossing, etc.

One of my work [4], which is accepted in AAMAS’19, uncovers
the problem of testing, whether a given preference profile results
from a pure or mixed preferential domain structure, through sam-
pling a small number of preferences or alternatives. In [4] some
sampling-based algorithms are developed for testing whether a pro-
file is close to some specific domain or far from it. It is shown that
the testing problem can be solved with high probability by observ-
ing a small number of samples for most of the cases. In particular,
the required number of samples is often independent of the number
of preferences. The algorithms require some comparison queries
such as two alternatives x and y are presented to the participant
v. And v replies whether it prefers x over y or y over x, where the
participant v is picked uniformly randomly with replacement from
the set of all participants. The sample complexity of the algorithm
is the number of comparisons queries it needs.

In all the testing problems, a profile of n Preferences over m
alternatives as input are given which is guaranteed to be one of two
possible types. The problems in these settings are to distinguish
between two different profiles with error probability §. The first
profile ( first possibility) is such that, it can be made to belong to the
domain D after simultaneously deleting at most €,m alternatives
and e, n preferences. And, for another profile (second possibility)
we need to simultaneously delete at least e/ m alternatives and e,,n
preferences to make it belong to D for any 0 < ¢;m < e/m < 1
and 0 < eyn < €),n < 1. [4] states some other problems by vary-
ing the assumptions regarding the type of generator from which
the profiles are generating, e.g. whether the profile is uniformly
randomly generated or is some arbitrary profile, whether by only
removing some of the alternatives the profile can belong to some
specific domain or some preferences are also need to be deleted.
The testing problem can be quite accurately solved by observing a
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small number of samples for most of the cases, and the numbers are
often independent of the number of preferences or alternatives. In
other cases, there are impossibility result. Although the results in
[4] are for an arbitrary domain, for ease of exposition, I summarise
our results, specialised for the single peaked domain, in Table 1.

Input profile
Possibility 1 [ Possibility 2

Sample complexity

€yn random

O(—1— log L1
preferences away ((1—50)2 0g 5)

€yn arbitrary
preferences away

()((173161,)2 In %)

random for e, < 1/3

O(log Bla 2,
lOgl/ea % loglogl/ea 1/6)

€qam alternatives
away

7 -
€,,n arbitrary

€un arbitrary preferences 0(—( — 2 (2™m?log® m
preferences away €v—€v
away +log 1/6))
€ m Q(nlog1/6) even for e, = 0
€am alternatives | alternatives and for every 0 < ¢/ < 1
away away and 0 < § < 12

In [4] only two proximity measures are considered. Erdélyi et
al. [6] introduce several distance measurements in the aspect of
single-peaked preferences such as k— Local Candidate Deletion.
Personal friendships or hatreds between voters and candidates may
affect a voter’s preference order and may result in an up or down
in the preference order. And, this personal relationship cannot
be represented on the axis. To eliminate the influence, the notion
of k— Local Candidate Deletion is applicable. Another suggestion
by Escoffier et al. [7] was the k—Voter Partition, which uses the
minimum number of axis to partition the voters in such a way that
each group of voters is single-peaked concerning at least one of
the axes. A similar measurement is k—Candidate Partition, which
is to partition the set of candidates in place of voters. Elkind et
al. [5] studied clone sets in elections, and the distance to single-
peakedness is here the minimal number of clones that need to be
removed from the ballot via de-cloning to make it single-peaked.
A clone set is a set of candidates that are ranked consecutively in
every vote, but not necessarily in the same order and de-cloning,
replace the clone sets by a single candidate contained in the clone
set. I am exploring the different distance measures in this literature
and how to test a profile whether it is close to some specific domain
or not, and what is the distance between the profile and any other
profile in the specified domain.

2 RIDESHARING

The goal of Ridesharing is to reduce traffic congestion, the number
of trips a vehicle makes, the emissions that come from vehicles,
travel time, conserving fuel, etc. The concept is very widely ac-
cepted worldwide, and it offers a service that is both convenient
and cost-effective for the drivers and the riders. The challenges of
ride-sharing includes dynamic matching of passengers with drivers
depending on their location and timings and capacity of the vehicle,
pricing and payments, re-balancing or repositioning the fleet to
service demand and with minimum waiting time and travel delay.
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The literature for ride-sharing requires to complete two different
tasks: Planning and Payments. Planning includes the assignment
of vehicles and their routes. And, payment includes the monetary
transfers between riders, drivers or the organisation. The optimal
plan or route helps to accomplish the objectives to reduce the total
distance covered and hence to minimise the ratio of the length of
the shortest possible route in the solo ride to that of the shared ride
which is the Environmental Improvement Factor (EIF). The payment
part may help to increase the incentive to the drivers or riders to
have a shared ride as we also need to ensure that the suggested
assignment and route is individually rational for the passenger, i.e.,
this gives her at least the same utility as a solo ride. The mechanism
should be welfare optimal, envy free, individually rational, budget
balance and minimize the EIF.

The mechanism by Kamar et al. [8], provide fair and efficient solu-
tions to the rideshare collaboration challenge. For this mechanism,
the riders have to provide the exact time or date of the rides before
determination of the assignment and pricing. Apart from the dy-
namic settings, the mechanism is solving the problem efficiently.
Agatz et al. [1] develop optimisation-based approaches that aim at
minimising the total system-wide vehicle miles incurred by system
users, and their travel costs but is not applicable to manage pric-
ing and payments. Another mechanism is by Ma et al. [9], which
study the problem of optimal dispatching and pricing in two-sided
ridesharing platforms in a way that drivers would choose to ac-
cept the platform’s dispatches instead of driving to another area
or waiting for a higher price. The mechanism by Ma et al. [9] is
welfare-optimal, envy-free, individually rational and the budget
balanced from any history onward, but limitations are that the
objective it succeeds does not include the minimisation of the total
distance travelled by finding an optimal or approximately optimal
path for the vehicle with some assigned passengers. Alonso-Mora
et al. [2], present a more general mathematical model for real-time
high-capacity ride-sharing that (i) scales to large numbers of pas-
sengers and trips and (ii) dynamically generates optimal routes
concerning online demand and vehicle locations. The algorithm
starts from a greedy assignment and improves it through a con-
strained optimisation, quickly returning solutions of good quality
and converging to the optimal assignment over time. This mecha-
nism does not deal with the pricing and payment part. In my thesis,
I am trying to devise a mechanism which solves both the problem
of planning and payments in ridesharing.

3 SUMMARY AND FUTURE WORK

The paper [4], uncovers the problem of testing, whether a given
preference profile results from a pure or mixed preferential domain
structure, through sampling a small number of preferences or al-
ternatives. In [4], only two distance measures are considered. The
future work is to explore the other distance measures with the same
problem. For Ridesharing, I am working on to devise a mechanism
which is welfare optimal, envy free, individually rational, budget
balance minimize the EIF and solves the problems of planning and
payments in ridesharing and reduce traffic congestion, the number
of trips a vehicle makes, the emissions that come from vehicles,
travel time, conserving fuel, etc.
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