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Abstract

We study active elicitation of agent preferences
for collectively choosing among m alternatives us-
ing prominent voting rules. We focus on the next-
best query model, in which an agent responds to a
query by revealing their next favorite alternative,
and measure the competitive ratio, which is the
worst-case ratio between the number of queries
made by the active elicitation algorithm and the
minimum number of queries needed to reveal the
winning alternative(s) in hindsight. We show that
the best competitive ratio is sublinear in m for
many positional scoring rules but linear in m for
all Condorcet-consistent rules. Our analysis cen-
ters on a simple elicitation algorithm, which not
only achieves optimal theoretical bounds, but also
impressive empirical performance on real data.

1 INTRODUCTION

Voting is a fundamental primitive for multiagent decision-
making. Beyond political elections, voting mechanisms are
routinely invoked to aggregate preferences in human compu-
tation systems [Mao et al., 2013], to combine predictions in
ensemble systems [Pennock et al., 2000], and increasingly to
arbitrate among AI agents in multi-LLM architectures [Zhao
et al., 2024]. In all these settings, a group must collectively
select a single alternative from a set of m alternatives based
on the ranked preferences of n agents.

Social choice theory provides a rich menu of voting rules,
each justified by compelling normative principles [Brandt
et al., 2016]. A central modeling assumption underlying this
literature is that the complete preference ranking of every
agent over the alternatives is available upfront. This assump-
tion is reasonable when m is small, but unrealistic in modern
decision-making environments that select from a large pool
of alternatives: for example, deliberation platforms such as

Polis and Remesh induce voting over thousands of proposed
statements [Small et al., 2021, Konya et al., 2023, 2025] and
generative systems such as the Habermas machine [Tessler
et al., 2024] find a common ground by searching over an
astronomically large space of statements.

This tension has motivated a growing body of work on vot-
ing with limited preference information. Given limited infor-
mation, prior work studies possible and necessary winners—
alternatives that win under some and all completions of
the available preference information, respectively—under
common voting rules [Konczak and Lang, 2005, Xia and
Conitzer, 2011]. When such information can be actively
elicited, prior work aims to make just enough queries to re-
veal the winners and measures the communication complex-
ity, i.e., the worst-case number of queries needed [Conitzer
and Sandholm, 2005, Service and Adams, 2012].

However, most interesting voting rules demand eliciting the
entire preference profile in the worst case, unless one makes
structural assumptions on the preferences [Conitzer, 2007].
Arguably, making many queries is less problematic on hard
instances in which fewer queries could not have revealed the
winners, but more problematic on easy instances in which
a small number of queries could have revealed the winners
in hindsight. This motivates the study of competitive ra-
tio [Sleator and Tarjan, 1985, Borodin and El-Yaniv, 2005],
which is the worst-case ratio between the number of queries
made by the algorithm and the minimum possible number
of queries needed to reveal the winners in hindsight.

Hosseini et al. [2021] are the first to adopt this approach to
social choice. They seek a desirable one-to-one matching
of n agents to n objects in the next-best query model, in
which an algorithm is allowed to query an agent’s kth most
preferred object only after querying her first k − 1 favorite
objects. This model captures sequential top-k interfaces,
where the system gradually asks each voter to extend her
revealed prefix by one additional alternative, and stops once
the winner can be certified. Adapting this to voting, we
initiate the study of the competitive ratio for winner determi-
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nation under prominent voting rules in the next-best query
model.

With n voters and m alternatives, the competitive ratio is
trivially upper bounded by O(m) for most reasonable voting
rules: the winners can certainly be determined by eliciting
complete preference rankings in n ·m queries, whereas any
rule that reduces to a simple majority in case of only two
alternatives—this is the case for almost all prominent rules—
requires making at least one query to at least n/2 voters. This
leads to our main research question:

Which voting rules admit an elicitation algorithm with
competitive ratio sublinear in the number of alternatives?

1.1 OUR RESULTS

In Section 3, we warm up with a simple analysis proving
that plurality, which selects the alternatives that are the top
choice of the maximum number of voters, admits an optimal
competitive ratio of 2. This is achieved by the simple rule
that elicits all voters’ top choices and returns the plurality
winners. Then, we extend this analysis to the broader class
of k-approval rules, which select the alternatives that are
among the top k choices of the maximum number of voters
for a given value of k; note that k = 1 yields plurality,
whereas k = m− 1 is known as veto. Once again, simply
eliciting the top k choices of all the voters and returning
the k-approval winners turns out to be the best one can do
with a competitive ratio of k for k ∈ {2, . . . ,m− 1}. This
is sublinear when k ∈ o(m).

In Section 4, we consider Borda count, a classical posi-
tional scoring rule in which alternatives are awarded lin-
early decreasing scores based on their position in voters’
preference rankings and alternatives with the highest total
scores are selected. We design a natural elicitation algorithm
LEVELPRUNING, which elicits the preference rankings of
all voters level-by-level and prunes redundant voters along
the way. Our main result with an intricate analysis estab-
lishes that it achieves a sublinear competitive ratio between
Ω(

√
m) and O(m2/3). We also establish a universal lower

bound of 2.5 on all elicitation algorithms.

In Section 5, we show that no Condorcet-consistent voting
rule admits a sublinear competitive ratio in m, indicating
that this family of voting rules may demand more elicitation
than the aforementioned positional scoring rules.

In Section 6, we conduct experiments with real datasets
from PrefLib [Mattei and Walsh, 2013], which show that
our elicitation algorithm achieves even better competitive
ratios in practice than the theoretical bounds indicate.

All the missing proofs appear in the appendix.

1.2 RELATED WORK

Competitive analysis. While competitive-ratio analysis
is standard in the online algorithms literature [Sleator and
Tarjan, 1985, Borodin and El-Yaniv, 2005], its application to
active preference elicitation—where the algorithm actively
chooses which information to query rather than passively
receiving it—is much more recent (see, e.g., Price and Zhou
[2023]). Hosseini et al. [2021] introduce the next-best query
model and study the competitive ratio for identifying opti-
mal matchings of n agents to n objects. Specifically, they
establish a tight bound of Θ(

√
n) for the criterion of Pareto

optimality, while establishing only a lower bound of approx-
imately 4/3 for a different criterion called rank maximality;
Peters [2022] revises the latter to an optimal bound of 3/2.
Our work is the first to adopt this framework to winner
determination in voting, where the need to pick a global
winner for all n agents rather than matching each of them
to a distinct object requires novel algorithmic strategies.

Competitive analysis has also been applied in similar set-
tings. Oren and Lucier [2014] apply it to an online social
choice problem, where the preferences arrive in an online
fashion. Chen et al. [2018] apply it to analyze algorithms
which can extract top K alternatives using noisy pairwise
comparisons, with applications to recommender systems.

Partial information. In social choice theory, decision-
making under the uncertainty induced by partial preference
information (either given or actively elicited) is well-studied.
Beyond the winner determination problem discussed above,
it has also been applied to design novel voting rules that
optimize welfare [Borodin et al., 2022, Kempe, 2020] or
fairness [Halpern et al., 2026, Ebadian et al., 2024a].

2 MODEL

For k ∈ N, define [k] ≜ {1, . . . , k}.

Problem instances. Let V = [n] be a set of n voters and
A be a set of m alternatives. Each voter v ∈ V has a pref-
erence ranking (strict total order) ≻v over the alternatives
in A. We use π≻v

(a) to denote the rank of alternative a in
≻v , and π−1

≻v
(k) to denote the alternative ranked k-th in ≻v .

For brevity, after this definition we write πv instead of π≻v
.

We call ≻⃗ = (≻v)v∈V the preference profile. An instance
is given by the tuple I = (N,A, ≻⃗); we drop I from the
notation whenever it is clear from the context. Let I be the
set of all instances over a fixed set of alternatives A (and any
finite set of voters V ). Effectively, we are fixing the number
of alternatives m but allowing any number of voters n ∈ N.

Voting rules. A voting rule f : I → 2A maps each in-
stance to a set of (tied) alternatives, termed winners. We
study the following prominent voting rules.
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• Positional scoring rules. A scoring vector s⃗ =
(s1, . . . , sm), with s1 ⩾ s2 ⩾ . . . ⩾ sm ⩾ 0 and s1 >
sm, awards a score of sr to each alternative each time
it appears in position r ∈ [m]. The corresponding posi-
tional scoring rule selects the set of alternatives with the
highest total scores, i.e., argmaxa∈A

∑
v∈V sπv(a).

– For k ∈ [m], the k-approval rule (fk-approval) is
given by the scoring vector (1, . . . , 1, 0, . . . , 0)
containing k ones followed by zeros, of which
plurality and veto are special cases corresponding
to k = 1 and k = m− 1, respectively.

– Borda count is given by the scoring vector (m−
1,m− 2, . . . , 0).

– The harmonic rule is given by the scoring vector
(1, 1/2, . . . , 1/m).

• Condorcet-consistent rules. Let na≻b(I) denote the
number of voters who prefer alternative a to b in an
instance I . Alternative a is a Condorcet winner in in-
stance I if na≻b(I) > n/2 for all b ∈ A\{a}. A voting
rule f is Condorcet-consistent if, on every instance
I in which some alternative a is a Condorcet winner,
it returns f(I) = {a}. Two examples are Copeland’s
rule and the minimax rule.

– The Copeland score of an alternative a in I is
obtained by adding 1 for every alternative b it
wins against by pairwise majority (na≻b(I) >
nb≻a(I)) and 0.5 for every alternative b it is tied
against (na≻b(I) = nb≻a(I)). Copeland’s rule
selects the set of alternatives with the highest
Copeland score.

– Minimax rule. The minimax score of an alterna-
tive a in instance I is given by minb∈A na≻b(I)−
nb≻a(I). The minimax rule selects the set of al-
ternatives with the highest minimax score.

Sequential queries. A query sequence Q is a finite or-
dered list ((vt, kt))t⩾1, where vt ∈ V and kt ∈ [m]. Let
|Q| denote the length of the list, i.e., the total number of
queries. For t ∈ [|Q|], let Q[t] ≜ (vt, kt) be the t-th query,
and Q[1:t] be the sequence of first t queries. Query (vt, kt)
elicits the kt-th alternative in the preference ranking of voter
vt, denoted R((vt, kt), I) ≜ π−1

vt (kt). With slight abuse of
notation, let R(Q[1:t], I) ≜ (R(Q[1], I), . . . , R(Q[t], I))
be the responses to the first t queries.

Consistent instances and necessary winners. Given a
query sequence Q, let C(Q, I) denote the set of all consistent
instances I ′ that would have yielded the same responses as I ,
i.e., for which R(Q, I ′) = R(Q, I). We say that alternative
a is a necessary winner if a ∈ f(I ′) for all I ′ ∈ C(Q, I).

Next-best query model. A next-best query sequence Q
elicits any voter’s preference ranking from top to bottom,
i.e., it elicits any voter v’s any k-th favorite alternative only

after eliciting her top k − 1 favorite alternatives: formally,
for all t ∈ [|Q|], v ∈ V , and k ∈ [m], if Q[t] = (v, k),
then for all k′ ∈ [k − 1], there exists t′ ∈ [t − 1] with
Q[t′] = (v, k′). Let d(v,Q) denote the number of queries
posed to v under Q, which is the length of the elicited prefix
of her preference ranking.

At any intermediate stage, the elicitation algorithm observes
only a partial preference profile: for each voter, a prefix of
her ranking has been revealed, while the remaining alterna-
tives are still unelicited. Thus, the algorithm must reason
under uncertainty about the unobserved parts of the profile
and decide which queries are necessary to certify the winner.

Elicitation in the next-best query model. An elicitation
algorithm A for voting rule f maps every instance I ∈ I to
a query sequence Q ≜ A(I) = ((v1, k1), (v2, k2), . . .) of
some length ℓ satisfying three conditions:

[C1] (Winner Determination) The query responses must de-
termine the set of winners, i.e., in all instances I ′ with
R(Q, I) = R(Q, I ′), we must have f(I ′) = f(I).

[C2] (Next-Best) Q must be a next-best query sequence.

[C3] (Online Elicitation) The next query must depend only
on the elicited responses, i.e., for any t ∈ [ℓ− 1] and
any consistent instance I ′ ∈ C(Q[1:t], I), we must
have |A(I ′)| ⩾ t+ 1 and A(I ′)[t+ 1] = A(I)[t+ 1].

Optimal queries and competitive ratio. Let OPT(I)
be any shortest sequence satisfying conditions [C1] and
[C2] above, but not necessarily [C3]. Note that in the ab-
sence of [C3], OPT(I) is characterized by the prefix length
d(v,OPT(I)) elicited from each voter v. While |OPT(I)|
is the smallest number of queries that reveal the winners
under I , an online elicitation algorithm A oblivious of the
instance may end up making more queries before deducing
the winners; its competitive ratio is given by:

CR(A) = sup
I∈I

|A(I)|
|OPT(I)|

.

We remark that all our upper bounds are obtained by elic-
itation algorithms that reveal the set of all (tied) winners,
whereas all our lower bounds hold even if one wishes to
reveal at least one necessary winner.

3 WARM UP: PLURALITY AND
k-APPROVAL

Plurality is arguably the most widely used voting rule. Re-
call that plurality winners are simply the alternatives that
are the top choices of the highest number of voters. Con-
sequently, eliciting the top choices of all the voters (in any
order) suffices to reveal them with n queries. What is the
competitive ratio of this algorithm? Is it the best possible?



The following simple analysis shows that it is essentially 2
and indeed the best possible.

Theorem 1. The algorithm that elicits the top choices of all
the voters and returns the plurality winners has competitive
ratio 2. No online algorithm for the plurality rule in the
next-best query model has competitive ratio less than 2.

Proof. Let us establish an upper bound on the competitive
ratio of the algorithm in question and the same lower bound
on the competitive ratio of all online algorithms.

Upper bound. Because the algorithm makes n queries on ev-
ery instance, it is sufficient to establish that |OPT(I)| ⩾ n/2
for all instances I . Suppose for contradiction that there is
an instance I in which one can conclude that alternative a
is a necessary plurality winner after making fewer than n/2
queries. Then, more than n/2 voters would have received no
queries. If all these voters rank another alternative b as their
top choice, it would make b the only plurality winner, contra-
dicting the assumption that a is a necessary plurality winner.
This implies that |OPT(I)| ⩾ n/2, so the competitive ratio
of the algorithm is at most 2.

Lower bound. Consider any online elicitation algorithm A.
Fix any two alternatives a, b ∈ A and construct an instance
adversarially as follows. The first ⌊n/2⌋ voters v receiving a
query of (v, 1) (for their top choice) respond with alternative
a. The next ⌊n/2⌋ − 1 voters v receiving a query of (v, 1)
(for their top choice) respond with alternative b. Any voter
v receiving a query of (v, k) for k > 1 responds with an
arbitrary consistent response (i.e., with any alternative that
they have not revealed in response to a query (v, k′) for
any k′ < k). It is easy to see that this information is not
sufficient to deduce the plurality winner as the gap between
the plurality scores of a and b is 1 and there are at least
two voters who have not revealed their top choices. Thus,
the algorithm must make at least 2⌊n/2⌋ − 1 queries on all
instances consistent with the revealed responses thus far. In
contrast, consider the instance I in this family, in which a is
the top choice of ⌊n/2⌋+ 1 voters; revealing the top choices
of these voters would suffice to deduce a as a necessary
plurality winner in I . Hence, the competitive ratio of A is

CR(A) ⩾ lim
n→∞

2⌊n/2⌋ − 1

⌊n/2⌋+ 1
= 2,

as desired.

Recall that plurality is the 1-approval rule. Let us move on
to the k-approval rule, for a given k ∈ {2, 3, . . . ,m − 1},
which selects the alternatives that appear in the top k po-
sitions of the maximum number of voters. With careful
analysis, the argument for plurality generalizes: simply elic-
iting the top k positions of all n voters and returning the set
of k-approval winners yields an optimal competitive ratio of
k. Note that this optimal ratio does not change when moving
from k = 1 to k = 2, but increases linearly afterwards.

Theorem 2. For k ∈ {2, 3, . . . ,m− 1}, the algorithm that
elicits the top k choices of all the voters and returns the
k-approval winners has competitive ratio k, and no online
elicitation algorithm for the k-approval rule in the next-best
query model has competitive ratio less than k.

4 BORDA COUNT

Let us now move on to Borda count, a widely used and one
of the most classical voting rules. Suddenly, we discover
that the analysis gets a lot more complex than Theorem 1.

First, we can show a slightly improved lower bound for
Borda count compared to the bound for plurality in Theo-
rem 1, although this requires a significantly more involved
construction.

Theorem 3. The competitive ratio of any online elicitation
algorithm for Borda count is at least 2.5.

How do we achieve a low competitive ratio for Borda count?
For plurality, recall that we simply elicited the top choices
of all voters. This information does not suffice to identify
necessary Borda count winners.

What if we elicit the entire preference profile with n · m
queries? Then, we face a terrible competitive ratio of m due
to the simple instance in which all voters happen to rank
the same alternative first and O(n) queries would suffice to
reveal it as the unique Borda count winner.

This suggests the following refined approach. Elicit voters’
preference rankings level by level, i.e., first everyone’s top
choices,1 then everyone’s second-best choices, and so on,
and, crucially, stop as soon as the set of Borda winners is
identified. This algorithm, which we term LEVEL, works
well on the simple instance above, but still incurs the same
Ω(m) competitive ratio.

Proposition 1. The competitive ratio of LEVEL for Borda
count is Ω(m).

Proof. To see this, consider an instance with n = 2p + 1
voters, and a set A of m alternatives. Fix two special alterna-
tives a, b ∈ A. Voters 1, . . . , p rank a first, b second, and the
remaining alternatives arbitrarily. Voters p+ 1, . . . , 2p rank
b first, a second, and the remaining alternatives arbitrarily.
And voter 2p + 1 ranks b last, a second-to-last, and the
remaining alternatives arbitrarily in the first m−2 positions.
Note that a is the unique Borda count winner, but LEVEL
will notice a tie between a and b after eliciting two levels in
everyone’s rankings, and will need to continue eliciting till
level m− 1 before it sees a in the ranking of voter 2p+ 1.

Hence, LEVEL will terminate after n(m − 1) queries,
whereas 2n + (m − 2) queries in which all voters reveal

1Voters in each level are elicited in an arbitrary order.



their top two choices and voter 2p+ 1 further reveals ranks
3, . . . ,m − 1 would suffice to establish a as the unique
Borda count winner, implying that the competitive ratio of
LEVEL is at least

lim
n→∞

n(m− 1)

2n+ (m− 2)
=

m− 1

2
∈ Ω(m).

In the bad instance in the proof of Proposition 1, LEVEL
performs terribly because after eliciting the first two levels,
we can already narrow down to a and b as the only possible
winners under Borda count. Since voters 1, . . . , 2p have
already revealed both a and b, it would make sense to prune
them and not query them further. Yet, LEVEL queries all
voters at each level, which leads to the bad competitive ratio.

Based on this insight, we next consider an algorithm, termed
LEVELPRUNING and presented as Algorithm 1, which mim-
ics LEVEL, but after each level, prunes (and makes no fur-
ther queries to) voters who have revealed all alternatives
that can plausibly be Borda count winners in the end. The
following result characterizes a condition that allows us to
rule out some alternatives that cannot possibly be a winner.

Lemma 1. Given a next-best query sequence Q, its re-
sponses R, and an alternative a, define LB(a;Q,R) and
UB(a;Q,R) to be the lowest and highest Borda scores of a,
respectively, across all instances which yield responses R to
query sequence Q. Then, alternative a is a possible Borda
winner under some completion consistent with R only if
UB(a;Q,R) ⩾ maxb∈A LB(b;Q,R).

Proof. If there exists b ∈ A such that UB(a;Q,R) <
LB(b;Q,R), then a would have a lower Borda score than b
in every completion consistent with R. Hence, a cannot be
a possible winner under any completion in this case.

Lemma 1 motivates LEVELPRUNING as follows. After each
level, the algorithm computes P = {a ∈ A : UB(a) ⩾
maxb∈A LB(b)}, a superset of the set of alternatives that
can still be Borda count winners, and prunes active voters
who have already revealed all alternatives in P . Since lower
bounds can only increase and upper bounds can only de-
crease as more prefixes are revealed, P can only shrink, so
a pruned voter has already revealed every alternative that
may remain relevant. When no active voters remain, every
alternative in P has an exact score (i.e., UB(a) = LB(a)
for all a ∈ P ) and alternatives outside P cannot be possible
winners. Further, all alternatives in P must have the same
(exact) score and must all be winners because if a ∈ P has
a lower score than b ∈ P , then UB(a) < LB(b) would hold,
which would have eliminated a from P in the last update,
a contradiction. Hence, in the end, the algorithm simply
returns P .

The difficult argument, with an intricate proof, is that prun-
ing through the necessary condition in Lemma 1 indeed

ALGORITHM 1: LEVELPRUNING for Borda Count
Input: Voters N , alternatives A with |A| = m
Output: Borda winner(s)
Initialize each voter’s revealed prefix to empty
U ← N // active voters
for d = 1, . . . ,m do

Query each active voter i ∈ U for her d-th most favorite
alternative // this is a next-best query;
voters in U have revealed their top
d− 1 alternatives in prior iterations

foreach a ∈ A do
LB(a)← minimum possible Borda score of a
// place a last in every
unrevealed position

UB(a)← maximum possible Borda score of a
// place a as high as possible
among unrevealed positions

bestLB← maxb∈A LB(b)
P ← {a ∈ A : UB(a) ⩾ bestLB} // superset of
possible winners

Remove every voter from U who has revealed all
alternatives in P // prune inactive voters

if U = ∅ then // no active voters remain
return P

helps LEVELPRUNING achieve a sublinear competitive ra-
tio of O(m2/3); compare this to the Θ(m) competitive ratio
of LEVEL (Proposition 1).

Theorem 4. The competitive ratio of LEVELPRUNING for
Borda count is O(m2/3).

Proof. Let I be the underlying instance and w be a Borda
winner on I with score(w) = nm(1− δ), where δ ∈ (0, 1).
Fix λ > 1, which we will set later, and d∗ = λδm.

Phase 1. Consider the execution of LEVELPRUNING until
the end of the loop with d = d∗. Let V ′ be the subset of
voters who do not reveal w by the end of Phase 1. Since w
always remains a possible winner, Lemma 1 ensures that
w ∈ P throughout the execution of Phase 1. Hence, all
voters who have not revealed w by the end of Phase 1 must
be active in U (i.e., V ′ ⊆ U ). The contribution of each such
voter to the Borda score of w is at most m−d∗ = m(1−λδ).
Hence, nm(1− δ) ⩽ (n−|V ′|) ·m+ |V ′| ·m · (1−λδ) =
nm− |V ′|mλδ, so |V ′| ⩽ n/λ. Therefore,

LB(w;Qd∗ , Rd∗) ⩾ score(w)− |V ′|m(1− λδ)

⩾ nm(1− δ)− n
λm(1− λδ) = nm

(
1− 1

λ

)
,

where Qd and Rd are the queries and responses during
Phase 1, respectively. The cost of this phase is at most
λδnm.



Pool size. At any depth d,

Cd
pool :=

∑
a̸=w

max{0,UB(a;Qd, Rd)− LB(w;Qd, Rd)}.

At the start of Phase 2, we begin with a pool surplus of Cd∗

pool.
Using the above lower bound and relaxing to all a ∈ A,
Cd∗

pool ⩽
∑

i∈I
∑

a∈A max
{
0, sUB

i,a −m
(
1− 1

λ

)}
, where

sUB
i,a is the Borda score that a can attain by being placed

in the highest possible position in the ranking of voter i.
Borda scores follow sj = m − j for all j ∈ [m]. The
surplus over the baseline m(1 − 1

λ ) at rank j is m
λ − j,

which is positive only for j ⩽ m/λ. Since each rank
is occupied by one alternative, for each voter i we have∑

a∈A max
{
0, sUB

i,a −m
(
1− 1

λ

)}
⩽

∑⌊m/λ⌋
j=1

(
m
λ −j

)
⩽

1
2

(
m
λ

)2
. Thus, Cd∗

pool ⩽
n
2

(
m
λ

)2
.

Phase 2. At the end of depth d elicitation in Phase 2, let
Pd = {a ∈ A : UB(a;Qd, Rd) ⩾ maxb LB(b;Qd, Rd)}
be the set computed by LEVELPRUNING that contains all
possible-winners. Let Pd,i ⊆ Pd be the alternatives in Pd

which voter i has not revealed yet. In the next iteration,
suppose the algorithm queries an active voter i to reveal the
alternative at rank d+ 1. Since voter i was active, we know
that |Pd,i| ⩾ 1. There are three possibilities.

• Voter i reveals an alternative not in Pd at rank d +
1. Then, each alternative a ∈ Pd,i incurs a de-
crease of at least 1 in its Borda upper bound (i.e.,
UB(a;Qd+1, Rd+1) ⩽ UB(a;Qd, Rd) − 1) because
it is no longer possible to place it at rank d+ 1. Since
|Pd,i| ⩾ 1, this reduces the pool surplus by at least 1
(i.e., Cd+1

pool ⩽ Cd
pool − 1).

• Voter i reveals an alternative a ∈ Pd at rank d+ 1 and
|Pd,i| ⩾ 2. The same argument above still applies to
all alternatives in Pd,i except a. Since |Pd,i| ⩾ 2, the
pool surplus still reduces by at least 1.

• Voter i reveals the unique alternative a ∈ Pd,i. Then,
the voter is removed from the set of active voters at the
end of the loop. Note that each voter can be asked at
most one query that falls under this category.

Because Cd∗

pool ⩾ Cd
pool ⩾ 0, the total number of queries

of types 1 and 2 is upper bounded by Cd∗

pool. And the total
number of queries of type 3 is naturally upper bounded by
n. Hence, the total cost of Phase 2 is at most Cd∗

pool + n.

Optimizing the Total Cost. The total cost is therefore at
most λδnm+ nm2

2λ2 + n. Balancing the first two terms gives
λ3 = m/δ, i.e., λ = (m/δ)1/3, and substituting that allows
us to upper bound the total cost by 3

2 nm
4/3δ2/3 + n.

Competitive ratio. Since OPT ⩾ nmδ, we obtain CR ⩽
3
2 nm4/3δ2/3+n

nmδ = 3
2

(
m
δ

)1/3
+ 1

mδ . As δ ⩾ 1/m, this is
O(m2/3).

It is unclear if our analysis in Theorem 4 is tight. Although,
we are able to establish the following lower bound, showing
that LEVELPRUNING cannot achieve a constant competitive
ratio matching the universal lower bound of Theorem 3.

Theorem 5. The competitive ratio of LEVELPRUNING for
Borda count is Ω(

√
m).

This raises a natural open question, which we leave for
future work.

Open Question: Does there exist an elicitation rule
with constant competitive ratio for Borda count?

5 CONDORCET METHODS

A popular family of voting rules, disjoint from the fam-
ily of positional scoring rules [Fishburn, 1974], is that of
Condorcet-consistent rules, which includes prominent rules
such as Copeland’s rule, the minimax rule, Kemeny’s rule,
ranked pairs, Schulze’s method, and Dodgson’s method.
While we showed that many positional scoring rules admit
o(m) competitive ratio, the following result shows that all
Condorcet-consistent rules admit Ω(m) competitive ratio,
indicating that determining a Condorcet winner can incur
significant cost due to the online nature of the elicitation.

Theorem 6. The competitive ratio of any elicitation algo-
rithm for any Condorcet-consistent voting rule is Ω(m).

Proof. Suppose n and m are even. Consider a set of alter-
natives A = {w, c} ∪X ∪ Y , where |X| = |Y | = m/2 − 1.
We construct an adversarial class of problem instances us-
ing Table 1 as our guide; whenever X or Y appear in the
preference ranking, we substitute an arbitrary order among
the alternatives in that set instead.

Voter type No. of voters Preference ranking

(T1) n/2 − 1 voters: w ≻ c ≻ X ≻ Y
(T2) 2 voters: Y ≻ c ≻ w ≻ X
(T3) 2 voters: X ≻ c ≻ w ≻ Y
(T4) n/2 − 5 voters: X ≻ Y ≻ c ≻ w
(T5) 2 voters: X ≻ Y ≻ w ≻ c

Table 1: Adversarial problem instances for Condorcet-
consistent rules.

The adversary acts as follows. For the first n/2 − 1 voters
receiving their first query, the adversary assigns type (T1)
as soon as the first query is received and responds to all
their queries as per the table. The same holds for the next
2 voters receiving their first query, who are assigned type
(T2), and the subsequent 2 voters receiving their first query,
who are assigned type (T3). For all the remaining voters,



who may be of type (T4) or (T5), the adversary continues
revealing X ≻ Y for the first m − 2 positional queries
without determining the type. For the first n/2 − 5 of these
voters receiving a query at position m − 1, the adversary
assigns type (T4) and reveals alternative c (and responds
to a query at position m, if ever posed, with alternative w).
The last 2 voters in this group receiving a query at position
m− 1 are assigned type (T5) and their queries at positions
m− 1 and m are responded to accordingly.

First, notice that w is the Condorcet winner: the majority
(T1)+(T2) prefer w ≻ X , the majority (T1)+(T3) prefer
w ≻ Y , and the majority (T1)+(T5) prefer w ≻ c.

Next, we argue that any elicitation algorithm for any
Condorcet-consistent rule must make at least (n/2 − 4) ·
(m− 1) queries before terminating (with w as the necessary
winner). Suppose for contradiction that it terminates with
fewer queries. Consider the group of (T4)+(T5) voters. Be-
cause the adversary only assigns type (T5) to the (n/2− 4)th

and (n/2 − 3)rd voter in this group receiving a query at posi-
tion m− 1, the adversary must not have assigned type (T5)
to any voters yet. Then, the algorithm cannot rule out the
possibility that all voters in the group (T4)+(T5) have prefer-
ence ranking X ≻ Y ≻ c ≻ w. For voters of types (T4) and
(T5), the relative order between c and w remains unrevealed
at this point, so the adversary can complete their rankings
with c ≻ w without contradicting any answer given so far.
However, in this possibility, c becomes the Condorcet win-
ner: the majorities (T1)+(T2) and (T1)+(T3) prefer c ≻ X
and c ≻ Y , respectively, just like w, but now the majority
(T2) + (T3) + (T4) + (T5) would also prefer c ≻ w. But
then, the algorithm cannot possibly terminate with w as the
necessary winner under any Condorcet-consistent voting
rule, a contradiction.

Let us contrast this with the optimal number of queries. Note
that OPT can reveal the Condorcet winner w by querying
(T1) voters up to rank 1, (T2) and (T3), and (T5) voters up
to rank m− 1. This amounts to O(n+m) queries.

Taking the ratio of the Ω(nm) lower bound on the algorithm
and O(n+m) upper bound on OPT, followed by the limit
of n → ∞, yields the desired Ω(m) lower bound.

6 EXPERIMENTS

In this section, we evaluate the empirical performance of our
proposed query strategies across various positional scoring
rules and tournament semantics. The implementation and
experiment scripts are available in the NextBest repository.

6.1 EXPERIMENTAL SETUP

Datasets. We conduct our experiments using real-world
preference datasets from PrefLib [Mattei and Walsh, 2013]
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Figure 1: Distribution of PrefLib SOC profiles used in our
experiments. Profiles are grouped by the number of alter-
natives (m), and each boxplot shows the distribution of the
number of voters (n) within that group. Parenthesized val-
ues on the x-axis give the number of profiles in each bin.

under the Strictly Ordered Complete (SOC) category. Fig-
ure 1 depicts the distribution of the number of voters n and
the number of alternatives m in these datasets collectively.

Voting Rules. We consider a diverse and representative
set of prominent voting rules:

• Positional scoring rules (PSRs): Borda, Harmonic,
and three instantiations of k-Approval, namely Plural-
ity (k = 1), Half-Approval (k = ⌊m/2⌋), and Veto
(k = m− 1), and

• Condorcet-consistent rules: Copeland and Minimax.

Baselines for Comparison. For these voting rules, we
compare the performance of the following three approaches:

• OPT (Optimal): The absolute minimum number of
queries required to prove the winner. This is computed
via an Integer Linear Programming (ILP) formulation
provided in Appendix C using the Gurobi solver.

• LEVELPRUNING: Our proposed algorithm (Algo-
rithm 1) that queries voters level-by-level while prun-
ing those who have revealed all possible-winners.

• LEVEL: A standard baseline that queries voters
level-by-level, without any pruning, until one can-
didate emerges as the necessary winner. Note that
the maximum depth dmax queried under LEVEL and
LEVELPRUNING is identical, but LEVELPRUNING
stops querying some voters at depth lower than dmax.

To ensure a reasonable timeframe, we impose a 60-second
time limit on the ILP for OPT; for each rule, this excluded
less than 1% of the instances, leaving at least 7, 000 in-
stances on which OPT (and hence, the competitive ratios
of LEVEL and LEVELPRUNING) could be computed.

https://github.com/yzqlll0721/NextBest


Evaluation Metrics. We assess the algorithms based on
three primary metrics:

• Competitive Ratio: The ratio of the queries used by
LEVELPRUNING or LEVEL to the optimal number of
queries OPT. This sheds light on the overall perfor-
mance of the two algorithms.

• Pearson Correlation: The Pearson correlation coef-
ficient between the depth to which voter i is queried
under LEVELPRUNING or OPT and the position of
the true winner in voter i’s ranking. This sheds light
on the probing strategy of an algorithm. Ideally, an
algorithm should query each voter approximately up
to where she can reveal the true winner, resulting in a
high correlation coefficient.
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Figure 2: Scalability of the competitive ratio
(LEVELPRUNING relative to the exact OPT solver)
as a function of the number of alternatives (m), with m
grouped into logarithmic-size bins. Points show the median
ratio within each bin and error bars show the interquartile
range.

6.2 RESULTS AND ANALYSIS

Performance of LEVELPRUNING. Figure 2 shows that,
on average, the competitive ratio of LEVELPRUNING re-
mains rather small (median typically close to 2) and does
not exhibit any clear upward trend as the number of alter-
natives grows. Its performance is fairly consistent across
Condorcet-consistent rules, slightly better on Borda, and

slightly worse on Veto. The empirical comparison between
Borda and Veto is consistent with their worst-case analyses.

Does Pruning Help? Figure 3 compares the competitive
ratios of LEVELPRUNING and LEVEL. For k-approval rules
(Plurality, Half-Approval, and Veto), they are identical for
a simple reason: until all voters are queried for their top k
positions (or a unanimous winner with a score of n is ob-
served), no alternative (and, thus, no voter) can be pruned as
such an alternative can possibly appear in the k-th position
of all voters who have not revealed it yet, making it a possi-
ble winner. Pruning provides modest savings for Harmonic,
Copeland, and Minimax, and noticeably more for Borda.

Probing Strategy. Figure 4 depicts the correlation be-
tween ranks to which voters are queried in LEVELPRUNING
and OPT and ranks at which they place the true winner.
LEVELPRUNING maintains a near-zero correlation because
it largely queries level-by-level, querying most voters to the
same maximum depth dmax; indeed, for k-approval rules,
we observed above that it never prunes any voters, resulting
in a Pearson correlation coefficient of exactly 0 on every
instance. The probing strategy of OPT, on the other hand,
is highly complex, and shows a tension between two com-
peting tendencies:

• Negative correlation: For Condorcet-consistent rules
such as Copeland and Minimax, the negative correla-
tion comes largely from the fact that OPT chooses to
make no queries to many detractors who rank the win-
ner low; instead, it verifies the winner by making a few
queries to its supporters, thereby uncovering it at high
ranks and deducing that it defeats the large number of
alternatives placed below it in those rankings.

• Positive correlation with peaks at 1 and 0: For k-
approval rules with a large k, OPT has a dichotomous
behavior. When a voter ranks the winner high (thus in
the top k), OPT makes just as many queries as required
to uncover the winner, confirming that the winner gets
a score of 1 from that voter in the k-approval tally;
the number of queries being equal to the rank of the
winner creates a peak at 1. In contrast, when a voter
ranks the winner low (but still within the top k), OPT
queries the voter till the k-th position regardless of the
rank of the winner as making a few extra queries after
uncovering the winner is worth it to also establish that
all alternatives who do not appear in the top k do not
get a score of 1 from that voter in the k-approval tally;
the number of queries being exactly k regardless of
the rank of the winner creates a peak around 0. This
pattern shows up for rules such as Half-Approval and
Veto.

Plurality is special: voters who place the winner at rank
1 are queried till rank 1, and other voters who place the
winner at rank greater than 1 are queried till rank either
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Figure 4: Violin plots illustrating the Pearson correla-
tion between a voter’s true rank of the winning candi-
date and their required query depth under both OPT
and LEVELPRUNING paradigms. The vertical dashed
line separates positional scoring rules on the left from
Condorcet-based rules on the right. The distinct distri-
butions reveal the underlying algorithmic strategies for
each voting rule.

0 or 1, resulting in the largely negative correlation. Borda
and Harmonic lie in-between with Borda acting similarly to
k-approval with a larger k while Harmonic, with its sharply
dropping scores, acts more like k-approval with a smaller k.

7 DISCUSSION

Our work shows that active elicitation of preferences cou-
pled with the use of competitive ratio to measure perfor-
mance has remained severely underexplored in social choice
theory—a paradigm whose relevance continues to grow with
online platforms deciding between a large number of alter-
natives by actively eliciting stakeholder preferences.

The optimal competitive ratio for Borda. An imme-
diate direction for future work is to settle the optimal
competitive ratio for Borda count. Our results show that
LEVELPRUNING achieves an O(m2/3) competitive ratio
and that the same algorithm cannot achieve better than
Ω(

√
m) in the worst case, while the best lower bound

against arbitrary elicitation algorithms is only constant. It
remains open whether Borda admits a constant-competitive
elicitation algorithm, or whether every algorithm must have
a competitive ratio that grows with m. Extending the theo-
retical analysis to other scoring rules of interest, such as the
harmonic rule, would also be interesting.

Alternative query models. Our guarantees are specific
to the next-best query model, where voters gradually ex-
tend a revealed prefix of their preference rankings. Other
preference-elicitation interfaces are also common. For ex-
ample, platforms such as Polis and Remesh often collect
approval preferences or pairwise comparisons. Optimizing

the elicitation of such preferences via competitive ratio anal-
ysis is an interesting future direction.

Extension to other models. More broadly, competitive
analysis may be useful beyond winner determination under
popular rules. For example, there is a rapidly expanding
literature on distortion, which studies how limited pref-
erence information affects welfare approximation in vot-
ing [Anshelevich et al., 2021]. In particular, communication-
distortion tradeoffs ask how many bits or queries suffice in
the worst case over all instances to achieve a desired ap-
proximation guarantee [Mandal et al., 2019, 2020, Kempe,
2020] whereas our competitive-ratio perspective asks how
many queries are needed in a given instance, relative to
the instance-specific optimum, to achieve a given target.
In this paper, the target was winner determination under
popular voting rules, but future work can replace this by a
desired distortion guarantee or a desired level of fairness,
e.g., proportional fairness [Ebadian et al., 2024b] or justified
representation [Lackner and Skowron, 2023].
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APPENDIX

A MISSING PROOFS FROM SECTION 3

Theorem 2. For k ∈ {2, 3, . . . ,m − 1}, the algorithm that elicits the top k choices of all the voters and returns the
k-approval winners has competitive ratio k, and no online elicitation algorithm for the k-approval rule in the next-best
query model has competitive ratio less than k.

Proof. Fix k and m, and let n ≫ m. Let A = {a, b} ∪ {c1, . . . , cm−2}.

Profile. Voter vn ranks c1 first; all other n − 1 voters rank a first. Ranks 2, . . . , k − 1 contain a cyclic permutation of
{c1, . . . , cm−2} across voters. At rank k, every voter ranks b except a single voter v1, whose k-th ranked alternative is not b.

Under k-approval, score(a) = score(b) = n− 1, so a and b tie. If v1 also ranked b in position k, then score(b) = n and b
would be the unique winner. Thus identifying v1 is necessary to certify that b does not win.

Lower bound for any online algorithm. Consider an adversary that, whenever a k-th position is queried, returns b whenever
consistent. Since n− 1 voters truly rank b at position k, the adversary can answer b for the first n− 1 distinct voters queried
at depth k. Until all but one voter have been queried at depth k, there remains a completion in which every queried voter
ranks b in the top k, and b is the unique winner. Hence any algorithm must query the k-th position of at least n− 1 voters.
As each such query requires revealing k positions: costA ⩾ (n− 1)k.

Upper bound on OPT. An optimal (profile-aware) scheme proceeds as follows.

• Query the top position of the n− 1 voters who rank a first, establishing LB(a) = n− 1.

• Fully reveal voter v1 (cost k − 1 additional queries), establishing that b is absent from one top-k list and thus
UB(b) ⩽ n− 1.

• Fully reveal a constant number λ ⩽ m− 2 of additional voters to ensure UB(ci) ⩽ n− 1 for all i.

The total cost is
OPT ⩽ (n− 1) + λ(k − 1).

Competitive ratio. For the above profile,

CR ⩾
(n− 1)k

(n− 1) + λ(k − 1)
=

k

1 + λ(k−1)
n−1

−−−−→
n→∞

k.

Thus any online elicitation algorithm for k-approval has competitive ratio at least k.

B MISSING PROOFS FROM SECTION 4

Theorem 3. The competitive ratio of any online elicitation algorithm for Borda count is at least 2.5.

Proof. We prove the lower bound already for m = 3 with Borda scores (2, 1, 0).

Profile family. Let n be a multiple of 3 and consider the base profile P with

a ≻ b ≻ c︸ ︷︷ ︸
2n
3 −1 voters

, b ≻ c ≻ a︸ ︷︷ ︸
n
3 voters

, a ≻ c ≻ b︸ ︷︷ ︸
1 voter

.

A direct calculation gives score(a) = 4n
3 and score(b) = 4n

3 − 1, so a is the unique Borda winner.

Let F be the family obtained by permuting voters arbitrarily; i.e., every profile in F has the same multiset of rankings as P .



Upper bound on OPT. For any P ′ ∈ F , there is a query sequence of cost at most 2n
3 + 2 that certifies a as the unique

winner: query depth 1 for all but one a ≻ b ≻ c voter, query depth 2 for that voter and for the single a ≻ c ≻ b voter, and do
not query the b ≻ c ≻ a voters. Then

LB(a) =
4n

3
, UB(b) ⩽

4n

3
− 1,

so OPT(P ′) ⩽ 2n
3 + 2 for all P ′ ∈ F .

Lower bound for any online algorithm. Fix any deterministic online algorithm A. An adversary answers queries so as to
keep two completions in F consistent until A spends at least 5n

3 queries.

First-position queries: for the first n
3 distinct voters queried at depth 1, answer b; for all remaining voters queried at depth 1,

answer a. Unless A queries the first position of every voter, there remains a completion in which all unqueried voters are of
type b ≻ c ≻ a, making b the winner. Hence A must use at least n queries at depth 1.

Second-position queries among voters revealed to rank a first: for the first 2n
3 − 1 such queries, answer b. Unless A observes

a c in second position among these voters, there remains a completion in which all such voters are a ≻ b ≻ c, yielding
score(a) = score(b). Thus A must issue at least 2n

3 such second-position queries.

Consequently, for some P ′ ∈ F consistent with the adversary,

costA(P
′) ⩾ n+

2n

3
=

5n

3
.

Competitive ratio. For this P ′,

CR(A) ⩾
5n
3

2n
3 + 2

−−−−→
n→∞

5

2
.

Hence any online elicitation algorithm for Borda count has competitive ratio at least 2.5.

Theorem 5. The competitive ratio of LEVELPRUNING for Borda count is Ω(
√
m).

Proof. Let m be a perfect square and n be divisible by 2
√
m− 1. Partition the voters into n1 = 2

√
m−2

2
√
m−1

n and n2 = n
2
√
m−1

voters.

Profile.

• w is ranked 1 by the n1 voters and 2
√
m by the n2 voters.

• Let k =
√
m/2. The challengers c1, . . . , ck occupy ranks 2, . . . , 1 +

√
m/2 at every voter, distributed cyclically so

that each challenger appears equally often at each such rank.

• All other alternatives fill lower ranks.

True scores.
score(w) = n1(m− 1) + n2(m− 2

√
m) = n(m− 2).

Each challenger has average rank 2+(1+
√
m/2)

2 = 1.5 +
√
m/4, hence

score(ci) = n

(
m− 1.5−

√
m

4

)
.

Thus score(w)− score(ci) = Θ(n
√
m), so w is the unique winner.

Bounds at depth d =
√
m/2. Query the top d positions of every voter. Since 2

√
m > d, w is unrevealed in all n2 voters,

and

LB(w;Qd) = n1(m− 1) =
2
√
m− 2

2
√
m− 1

n(m− 1) = nm−Θ(n
√
m).

All challengers lie within the queried prefix, so their upper bounds equal their true scores:

UB(ci;Qd) = n

(
m− 1.5−

√
m

4

)
= nm−Θ(n

√
m).



No pruning. For sufficiently large m,

UB(ci;Qd)− LB(w;Qd) = Θ(n
√
m) > 0,

so none of the k = Θ(
√
m) challengers is eliminated. Hence after d = Θ(

√
m) levels, the potential-winner set still has size

Θ(
√
m).

Since each further level requires Θ(n) additional queries before any challenger can be pruned, LEVELPRUNING must spend
Ω(n

√
m) queries on this instance, while OPT = Θ(n). Therefore the competitive ratio is Ω(

√
m).

C ILP FORMULATIONS FOR COMPUTING OPT

This appendix gives the integer linear programs used to compute the exact offline optimum in our experiments. These
formulations are implemented in next_best_query_tied.py. Throughout, let I be the set of voters, A the set of
alternatives, n = |I|, and m = |A|. For voter i, let πi(c) ∈ {1, . . . ,m} denote the true rank of alternative c, with rank 1
being most preferred. The ILPs use binary variables zi,k, where zi,k = 1 means that voter i is queried to depth at least k.
The telescoping constraints

zi,k ⩾ zi,k+1 ∀i ∈ I, k = 1, . . . ,m− 1

ensure that queries reveal prefixes. In all formulations the objective is

min
∑
i∈I

m∑
k=1

zi,k.

If the true voting rule has multiple winners, the ILP is allowed to certify any one of the tied winners; this matches the
experimental definition of the minimum number of queries needed to prove a correct winner.

C.1 POSITIONAL SCORING RULES

This formulation is used for Borda, Harmonic, Plurality, Half-Approval, and Veto by changing only the scoring vector
α = (α1, . . . , αm), where α1 ⩾ · · · ⩾ αm. Let W ⊆ A be the set of true winners. For every a ∈ W , introduce a binary
variable wa indicating which tied winner is certified, and impose∑

a∈W
wa = 1.

Here wa does not indicate whether a is the unique true winner; all alternatives in W are true winners by definition. Instead,
wa = 1 means that the ILP chooses a as the single winner to certify. Hence

∑
a∈W wa = 1 makes the formulation choose

exactly one certification target among the true tied winners. For each alternative c, define lower and upper score bounds:

Lc =
∑
i∈I

[
αm +

(
απi(c) − αm

)
zi,πi(c)

]
, (1)

Uc =
∑
i∈I

α1 −
πi(c)−1∑
k=1

(
αk − αk+1

)
zi,k

 . (2)

The lower bound gives candidate c its true score from voter i only if c has been revealed; otherwise it assigns the worst
possible score αm. The upper bound starts from the best possible score α1 and decreases whenever revealed alternatives
above c rule out higher positions for c. The winner-certification constraints are

wa = 1 =⇒ La ⩾ Ub ∀a ∈ W, ∀b ∈ A \ {a}.

Thus, if a is selected as the certified winner, even its worst-case score under the revealed prefixes is at least every other
alternative’s best-case score. Thus, the ILP certifies one selected member of the true winner set, rather than necessarily
certifying the entire tied winner set.



C.2 COPELAND

For Copeland, the implementation solves one ILP for each tied true winner a ∈ W and returns the minimum-cost solution
among them. Fix such a target winner a. For two alternatives x, y, let

Pxy = {i ∈ I : πi(x) < πi(y)}

be the voters who truly prefer x to y, and define the number of revealed witnesses for x ≻ y as

Vxy =
∑

i∈Pxy

zi,πi(x).

Let τ+ = ⌊n/2⌋+ 1 be the strict-majority threshold. If n is even, let τ0 = n/2 be the tie threshold; if n is odd, set τ0 = τ+.
For each ordered pair (x, y) used by the formulation, introduce binary variables pxy and txy with

Vxy ⩾ τ+pxy, Vxy ⩾ τ0txy.

When n is odd, the code sets txy = pxy . The certified pairwise Copeland contribution of x against y is

sxy = pxy + txy − 1.

Hence sxy = 1 certifies a pairwise win for x, sxy = 0 certifies a pairwise tie when ties are possible, and sxy = −1 leaves
open the possibility that y beats x. The constraints defining pxy and txy are one-directional: the ILP may set these variables
to 1 only when enough witnesses have been revealed, but it is not forced to set them to 1 whenever this is possible. This
relaxation is sound for certification, because increasing sxy can only strengthen the certificate. It improves the lower bound
on the selected winner’s Copeland score, or decreases the upper bound on a challenger’s Copeland score, and hence can
never make an invalid certificate feasible.

The target winner’s lower Copeland score is
LCop
a =

∑
x∈A\{a}

sax.

For any challenger c, an upper bound on c’s Copeland score is

UCop
c =

∑
y∈A\{c}

−syc.

The certification constraints are
LCop
a ⩾ UCop

c ∀c ∈ A \ {a}.

These constraints require the revealed prefixes to certify that the target winner’s worst-case Copeland score is at least every
challenger’s best-case Copeland score.

C.3 MINIMAX

Equivalently, since preferences are strict and complete, maximizing

min
x̸=c

(nc≻x − nx≻c)

is the same as minimizing
max
x̸=c

nx≻c.

We use the latter defeat-count formulation in the ILP, so lower values are better. The implementation uses a single ILP over
all tied true winners. Let W be the true Minimax winner set. For each a ∈ W , the variable wa ∈ {0, 1} indicates whether a
is selected as the Minimax winner to certify. The constraint∑

a∈W
wa = 1.



ensures that exactly one true Minimax winner is selected as the certification target. For each ordered pair (x, c) with x ̸= c,
define

Pxc = {i ∈ I : πi(x) < πi(c)}.

The lower bound on the number of voters certified to prefer x over c is

Lxc =
∑
i∈Pxc

zi,πi(x).

The lower bound Lxc counts voters whose revealed prefixes already certify x ≻i c. For a voter with x ≻i c, revealing x is
enough to certify this comparison, since all unrevealed alternatives must lie below the revealed prefix. The upper bound on
the number of voters who may prefer x over c is

Uxc = |Pxc|+
∑
i∈Pcx

(
1− zi,πi(c)

)
.

The upper bound Uxc counts the largest possible number of voters who could still prefer x to c under some completion
consistent with the revealed prefixes. All voters in Pxc can contribute to this upper bound. For voters in Pcx, the true order
is c ≻i x; such a voter can be ruled out as supporting x ≻i c only once c has been revealed, which explains the term
1− zi,πi(c).

For each candidate c, introduce an integer variable MU
c satisfying

MU
c ⩾ Uxc ∀x ∈ A \ {c}.

The variable MU
c upper-bounds c’s maximum pairwise defeat over all consistent completions. Since lower defeat-count

scores are better under the Minimax formulation used here, this is the quantity we need to upper-bound for the selected
winner.

To compare a selected target winner against a challenger b, the ILP also chooses one opponent witnessing the challenger’s
lower-bound maximum defeat. Introduce binary variables qb,y for y ̸= b and impose∑

y∈A\{b}

qb,y = 1.

The variables qb,y select, for each challenger b, one opponent y that witnesses a lower bound on b’s maximum defeat. Since
b’s Minimax defeat is a maximum over opponents, one such witness is sufficient.

With Mbig = n+ 1, the certification constraints are

MU
a − Lyb ⩽ Mbig

(
2− wa − qb,y

)
for all a ∈ W , b ∈ A \ {a}, and y ∈ A \ {b}. When wa = 1 and qb,y = 1, the big-M constraint reduces to

MU
a ⩽ Lyb.

Thus, even the worst-case maximum defeat of the selected winner a is no larger than a certified lower bound on challenger b’s
maximum defeat. Therefore b cannot have a strictly better Minimax defeat-count score than a in any completion consistent
with the revealed prefixes.

In short, the ILP certifies a selected true Minimax winner a by upper-bounding a’s maximum defeat and, for every challenger
b, finding one certified pairwise defeat of b that is at least as large.
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