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Abstract

We study a model of sequential decision-making where voters
have dynamic preferences over a set of candidates that are un-
desirable. This models scenarios such as the implementation
of projects that are overall beneficial to society, but impose
individual costs on certain affected individuals. We show that
while minimizing the sum of agents’ disutilities can be done
in polynomial time, minimizing the maximum disutility ob-
tained by any agent is computationally intractable, even in
restricted cases. We then examine the potential for agents to
engage in strategic manipulation in response to these welfare
objectives, offering insights into possible misconduct within
such decision-making environments.

1 Introduction

The local city council has launched an ambitious multi-year
initiative to revitalize the city’s tourism industry and en-
hance its cultural appeal. This initiative aims to boost the
local economy while fostering a stronger sense of commu-
nity through vibrant public projects.

As part of this initiative, residents from across the dis-
trict are invited to actively participate in a voting process to
express their preferences and opinions on a variety of pro-
posed recurring projects. These projects range from estab-
lishing a weekly farmer’s market and organizing seasonal
fireworks displays to hosting large-scale sporting events like
marathons and other community-centered activities. The
goal is to select projects that will attract visitors, promote
local businesses, and enrich the city’s cultural landscape.

However, while such projects may bring substantial eco-
nomic and cultural benefits to the city as a whole, they
also raise valid concerns among residents living near the
proposed event sites. These residents may be apprehensive
about the potential negative impacts on their daily lives,
including noise pollution from event setup and activities,
increased traffic congestion, difficulties with parking, and
overcrowding in their neighborhoods. As a result, some res-
idents might oppose certain projects, even if these projects
are broadly supported by the wider community for their per-
ceived economic and cultural value.

Balancing these competing interests—ensuring that local
voices are heard while pursuing the greater good—poses a
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significant challenge for the city council. This dynamic high-
lights the need for a decision-making framework that takes
into account individual residents’ preferences, while striving
to achieve a fair outcome that is also good for society.

One possible approach is to study this problem through
the lens of temporal voting (Elkind, Neoh, and Teh 2024;
Zech et al. 2024). However, instead of voters having ap-
proval preferences (indicating which projects they would
like to support) over a set of projects/candidates, voters
now can express disapproval preferences (indicating which
projects they object to) over a set of projects/candidates.!
Temporal voting has also been studied under various other
names, such as perpetual voting (Lackner 2020; Bulteau
et al. 2021; Neoh and Teh 2024) and sequential decision-
making (Chandak, Goel, and Peters 2024). We refer the
reader to Elkind, Obraztsova, and Teh (2024a) for a com-
prehensive survey of other related work in the area.

2 The Temporal Voting Model

For each positive integer z, let [z] := {1,...,z}. Let N =
[n] be the set of n agents, P = {p1,...,pm} be the set of
m projects (or chores), and T' = [{] be the set of £ timesteps.
We assume voters have disapproval preferences. For each
i € Nand k € T, denote D;;, C P as the disapproval set of
agent ¢ at timestep k. Let the disapproval vector of an agent
ibe D; = (Dy1,..., D). Also, let v denote the maximum
number of disapprovals that each project has at any timestep.
An instance of our problem is a tuple (N, P, £, (D;);en).
An outcome is a vector o = (01, ...,0¢), where o, € P
for each k € [¢]. For any k € [{], a partial outcome is an
outcome o) = (o0y,...,04,9,...,,), where oy € P
for each k' € [k] and oy = @ foreach k' € {k+1,...,¢}.
The disutility of an agent ¢ € N for an outcome o is given
by di(o) = |{k € [{] : ox € Dix}|- Let I(Z) denote the
space of all possible outcomes for an instance Z. A mech-
anism maps an instance Z = (N, P, ¢, (D;);en) to an out-
come in II(Z). Note that we require each agent to disapprove
of at least one project at some timestep, i.e., for each i € N
there exists a k € [¢] with D;), # @; otherwise we can sim-

"Note that the results in the approval framework do not auto-
matically translate to the disapproval framework. This is in contrast
to temporal fair division, where there might be symmetry observed
between positive and negative valuations (Elkind et al. 2024).



ply delete 7 as they can never be satisfied. However, we do
not require that an agent disapprove of some project at every
timestep.

3  Our Results

Two commonly studied welfare objectives when candidates
are postively-valued are maximizing the sum of agents’ wel-
fare or maximizing the minimum welfare of any agent. We
can similarly define analogous welfare objectives for the
case of undesirable candidates. For any instance Z, we re-
fer to outcomes o € II(Z) that minimizes the sum of
agents’ disutilities (i.e., ) _,. v di(0)) or minimizes the max-
imum agents’ disutility (i.e., max;cy d;(0)) as MIN-SUM
and MIN-MAX outcomes, respectively.

To find a MIN-SUM outcome, we can greedily select, at
each timestep, the project with the lowest sum of disap-
provals at each step. It is easy to observe that this greedy al-
gorithm runs in polynomial time, but it may not be fair. Con-
sider an instance with 2« + 1 agents N = {1,...,2xk + 1},
two projects P {p1,p2}, and ¢ timesteps. Let x + 1
agents disapprove of po at each timestep, and the remain-
ing x agents disapprove of p; at each timestep. Then, the
MIN-SUM algorithm will select p; at every timestep, fa-
voring the x + 1 agents and consistently disadvantaging the
other k agents—this is arguably not a fair outcome. As such,
we look into another welfare objective—MIN-MAX, which
would conceivably provide better fairness guarantees.

Given any instance Z, and for 7 < /¢, let A denote the
set of 7 constraints: A = {(¢1, A1), ..., (t+, A\r)} where for
each pair (t,\) € A, ¢t € T and A € Z>,. Moreover, for
k < k', we have that t;, < t3r and A\, < Apr.

Then, we let the decision problem of MIN-MAX take as
input a problem instance (N, P, ¢, (D;);cn) and a set of
constraints A, and answers the question of whether there
exists there an outcome o such that for each (¢,\) € A,
maxjen Y ;_; di(0;) < A Intuitively, each pair (t,\) € A
mandates that at timestep ¢, any agent should have a (cumu-
lative) maximum disutility of A. This generalizes the stan-
dard decision problem studied for maximizing egalitarian
welfare in the setting with approval preferences (Elkind,
Kraiczy, and Teh 2022; Elkind, Neoh, and Teh 2024).

We show that even in simple settings, the decision prob-
lem of MIN-MAX is NP-complete, with the following result.

Theorem 3.1. The decision problem of MIN-MAX is NP-
complete, even withm = 2, v =2, and T = 1.

Next, we focus on agents’ strategic considerations with
respect to each of the considered welfare objectives. One
well-studied concept in the social choice literature is strat-
egyproofness, which states that no agent should be able to
strictly benefit (in this case, decrease their disutility) by mis-
reporting their preferences. For each i € N, let D_; de-
note the list of all disapproval vectors except that of agent
% D,i = (Dl, ey Di*h Di+1, e ,Dn) Then, strate-
gyproofness is formally defined as follows.

Definition 3.2 (Strategyproofness). A mechanism M is
strategyproof (SP) if for every agent 1 € N with disapproval

29446

vector D, and for every possible reported vector D} and ev-
ery possible report by the other agents D_;, we have that
di(M(D;, D_;)) < di(M(Dj, D).

Then, we show the compatibility between the MIN-SUM
objective and strategyproofness with the following result.

Theorem 3.3. The greedy algorithm for computing a MIN-
SUM outcome is strategyproof.

Given this, a natural follow-up question would be whether
the MIN-SUM objective is compatible with a stronger no-
tion of strategyproofness; one such candidate is the well-
studied notion of group-strategyproofness (GSP) (Halpern
et al. 2020; Suksompong and Teh 2022, 2023). Intuitively,
GSP states that no group of agents should be able to mis-
report their preferences so as to benefit everyone in the
group. Observe that GSP implies SP by considering single-
ton groups.

For each S C N, let D_g denote the list of all disap-
proval vectors except that of agents in the set S. Then, GSP
is formally defined as follows.

Definition 3.4 (Group-strategyproofness). A mechanism
M is group-strategyproof (GSP) if there does not exist a
nonempty group of agents S C N and disapproval vectors
D;, D] for each i € S such that d;(M((D});es,D_s)) <
di(M((D;)ies,D_g)) foralli € S.

Unfortunately, MIN-MAX is not compatible with GSP, as
we show in the following result.

Proposition 3.5. Let M be a mechanism that always
returns a MIN-SUM outcome. Then M is not group-
strategyproof.

In contrast, we show that the MIN-MAX objective is in-
compatible even with strategyproofness. Intuitively, agents
have an incentive to misreport their disapproval for projects
they do not actually disapprove.

Proposition 3.6. Let M be a mechanism that always re-
turns a MIN-MAX outcome. Then M is not strategyproof.

4 Conclusion and Future Work

In this work, we study a model of temporal voting where
agents can express disapprovals over candidates at each
round. We investigate the computational complexity of two
welfare objectives—MIN-SUM and MIN-MAX—and the
strategic implications associated with achieving these ob-
jectives. Future directions include looking at more general
welfare objectives (e.g., p-mean welfare), proposing suitable
proportionality concepts (adapted from the well-studied ap-
proval setting (Bulteau et al. 2021; Chandak, Goel, and Pe-
ters 2024; Elkind, Obraztsova, and Teh 2024b)) for the dis-
approval setting. Other interesting directions include explore
similar questions in settings where it is typical to assume
positively-valued candidates, such as the issue-by-issue vot-
ing setting (Alouf-Heffetz et al. 2022), which can be seen
as a restricted setting of temporal voting; or in portioning
(Elkind, Suksompong, and Teh 2023).
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