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ABSTRACT

We present a website and Python package, optimal_voting, that
provides tools for finding the positional scoring rule (PSR) that
optimizes for a user-selected target function over a (set of) pro-
files. The web interface provides an intuitive interface for creating
profiles, analyzing them, and exploring various PSRs; while the
library provides extensive functionality for researchers and system
implementers. By formulating finding the optimal PSR within a
larger optimization system, the target of the optimization can be
any of a number of widely studied functions including classical
social welfare functions (utilitarian, egalitarian, Nash), distortion,
or axiom violation rate. By restricting optimization to positional
scoring rules we ensure that our results are intuitively explainable.
Our library has already been used to generate significant results for
two papers and can be directly applied to several further settings.
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1 INTRODUCTION

Social choice studies the process of making a collective decision by
taking into account the preferences of multiple individual stake-
holders (agents). Applications of this classic setting range from
scoring athletes across many competitions [22], aggregating scores
in conference reviewing [6, 19], to aggregating rankings given by
recommender systems [1], to political elections [4]. Much of the
research in the field of computational social choice studies funda-
mental algorithmic possibilities or determines the computational
hardness of achieving certain outcomes, while other work often
aims to develop voting rules with superior properties [12].

Voting rules are evaluated in many ways: on the axioms they
satisfy [12, 13]; the social welfare they provide [9]; on functions
tailored for specific purposes, such as ranking papers under review
[6]; or distortion from some ground truth model [3]. In recent
years neural networks have been trained as novel voting rules
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optimized for several of these tasks, including axiom satisfaction [13,
17, 20] and utility optimization [2]. However, such rules pose risks
to practical usage due to the black-box nature of neural networks.

On the other hand, positional scoring rules (PSRs) are a well
studied, interpretable class of voting rule. Explaining voting rules
is complex [5, 8, 14, 18], but in general PSRs are accepted as being
interpretable and explainable for end users. PSRs are defined by a
score vector which awards points to alternatives based on each
voter’s preferences. A voter ranking some alternative at the it"
position awards points equal to the score vector’s i** value. For
example, the plurality rule, (1,0, ...,0), awards one point to each
voter’s first preference. The Borda rule, (m — 1,m — 2,...,0) for m
alternatives, aims for greater fidelity over the ranking [12]. The
alternative receiving the highest sum of points across all voters
wins. In the optimization view of Boutilier et al. [9], an evaluation
function considers that winner, alongside voter preferences, and
gives a score for a rule based on the winners it selects across many
profiles. This is often a social welfare (SW) function, e.g., the sum of
all voter utilities for the winning alternative (utilitarian SW). In our
framing this can be any function over profile, utilities, and results.

Contribution. We introduce optimal_voting, a Python package
for finding novel and interpretable positional scoring rules maximiz-
ing a target evaluation function. We also provide an intuitive web
interface for analyzing and exploring these PSRs as well as defining
target optimization functions and profiles'. Our library has already
provided results for multiple distinct projects [6, 13]. The platform
has two main components: (1) a web interface which allows users
to optimize a positional scoring rule given a social welfare function
and (set of) preference profiles, and (2) a Python package which
powers the web interface and exposes additional functionality. Our
web interface is a DJANGO website which allows the user to:

o Select an optimization target from four existing social wel-
fare functions: utilitarian, egalitarian, Nash, and malfare.

o Sample preference from well-known distributions, load real-
world data from PrefLib [21], or create custom profiles.

e Compare welfare of optimized positional scoring vectors
against many canonical scoring vectors, e.g., Figure 1.

The optimal_voting package? powers the functionality of our
website and provides additional functionality, discussed in Section 3.

2 WEB INTERFACE FUNCTIONALITY

The web interface can be used as a stand alone application to ana-
lyze a voting profile — akin to e.g., OPRA [15], Pynx [11], Spliddit
[16], or WHALE® - and perform basic optimization tasks, while
LA video overview of the work is at: youtu.be/vivwvrouCoyY

Zhttps://pypi.org/project/optimal-voting/
Shttps://whale5.imag.fr/
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Scoring Rule Winner Utilitarian SW Nash SW Egalitarian SW Malfare SW

Plurality Option A 0.98 1.00 1.00

Veto Option B 1.00 1.00 1.00

Borda Option D 1.00 1.00 1.00

Harmonic Option A 1.00 1.00

Plurality + Veto Option A 0.98 1.00 1.00

Two Approval Option B 1.00 1.00 1.00
Figure 1: Comparison across score vectors on a single profile.

Social welfare is normalized to a maximum value of 1.

optimal_voting goes beyond these, allowing for computing opti-
mal PSRs on different domains and optimization targets.

Creating and Importing Profiles. A profile represents the pref-
erence of a group of voters; it contains, for each voter, an ordinal
ranking over alternatives and the cardinal utility the voter receives
should each alternative be elected. The user may create ordinal
profiles manually, sample them from common preference distribu-
tions (e.g., Impartial Culture (IC), Mallows, Single-Peaked [7]), or
import real-world preferences from PrefLib [21]. The user may then
generate utilities from various distributions or set them manually.

Optimization. Optimization can be done over a single profile or
over many profiles at once. Ultimately, optimization searches for
a score vector which maximizes an optimization target across all
provided profiles. On the web interface four social welfare functions
are supported as optimization targets: utilitarian, egalitarian, Nash,
and malfare. We use simulated annealing for optimization ¢ which
takes in one or more profiles (ordinal and cardinal data), and an op-
timization target. The optimal_voting package is integrated into
the web backend and performs the optimization; several thousand
steps of annealing complete in seconds for large PrefLib collections.

Comparison and Analysis. With a single profile, our interface
allows comparing many classical scoring vectors, providing both
the winning alternative and the (normalized) SW granted by the
winner. Figure 1 shows one aspect of this analysis. In optimization
mode (typically with multiple profiles), the web interface also shows
the generated novel score vector optimized for the given profiles,
the SW history during optimization, and the average score and SW
given to each alternative, as shown in Figure 2.

3 ADDITIONAL FUNCTIONALITY IN LIBRARY

In addition to the web interface functionality, the optimal_voting
library allows for more complex use cases, including:

e Custom Optimization Targets: Rather than using a known
SW function, a user can provide any function which provides
a score associated with each winning alternative and profile.
Optimizing for Distortion: While social welfare is an in-
teresting optimization target to study, theorists are often
more interested in the worst-case ratio of the maximum SW
to the actual SW achieved, i.e., distortion [3, 9].
Randomized Scoring Rules: PRSs can be interpreted as
lotteries where an alternative’s score is the relative proba-
bility of winning [10]. The library supports deterministic or
probabilistic modes, allowing flexibility over the website.

4Gradient descent and mixed-integer programs are also available in the library.
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Optimal Scoring Vector

Best Social Welfare Achieved: [X:I:10[0)

Score Vector:
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Figure 2: Web interface showing positional scoring rule and
scores for each alternative after optimizing egalitarian social
welfare over 100 profiles sampled from Mallow’s distribution.

Option H 12150

4 POTENTIAL AND SUCCESSFUL USE CASES

Our focus on PSRs and arbitrary optimization targets allows dis-
tinct use cases from similar applications: whalrus® and Pnyx [11]
have a focus on simply computing the output of existing rules.
Tools for optimization, such as Spliddit [16], generate solutions for
single instances, often with limited interpretability, rather than an
interpetable rule which can be used for many future decisions.

Web: Profile Analysis. Our web interface allows comparing the
social welfare of alternatives across many welfare functions. This
allows users to make decisions, or select a rule for future decisions,
by deciding on a welfare function to use. For example, a group
may submit preferences about a movie to watch and agree that the
movie should make the least satisfied person as happy as possible.
They can then identify the movie which maximizes egalitarian SW.

Web or Library: Deepen Understanding of Social Welfare Functions.
Theoretical work has studied optimal scoring rules on IC prefer-
ences under utilitarian SW [9]. Our work allows for experimental
analysis of settings not yet theoretically tractable, potentially guid-
ing future theoretical and empirical inquiry for optimal voting in
novel domains. Early experiments suggest the existence of a novel
scoring rule family that optimizes egalitarian SW.

Library: Custom Optimization Targets. Our library allows custom
optimization targets which we have already used to support a num-
ber of research findings. Caiata et al. [13] study how often axioms
are violated by different voting rules and uses optimal_voting
as one included voting rule; finding that while Borda scores of-
ten perform well a novel PSR reduces violations. Berker et al. [6]
use optimal_voting with a custom target to find a PSR that pro-
vides consistent rankings over alternatives, with optimized rules
significantly outperforming others. Finally, we have applied our
framework to find PSRs for recommender systems that provide
higher utility to end users under various fairness constraints [1].

Shttps://francois-durand.github.io/whalrus/
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