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Abstract
Driving progress of AI models and agents re-
quires comparing their performance on standard-
ized benchmarks; for general agents, individual
performances must be aggregated across a poten-
tially wide variety of different tasks. In this ex-
tended abstract, we describe a ranking scheme in-
spired by social choice frameworks, called Soft
Condorcet Optimization (SCO), to compute the op-
timal ranking of agents: the one that makes the
fewest mistakes in predicting the agent compar-
isons in the evaluation data. This optimal ranking
is the maximum likelihood estimate when evalua-
tion data (which we view as votes) are interpreted
as noisy samples from a ground truth ranking, a so-
lution to Condorcet’s original voting system crite-
ria. SCO ratings are maximal for Condorcet win-
ners when they exist, which we show is not neces-
sarily true for the classical rating system Elo. In
practice, SCO serves as an accurate approximation
to the Kemeny-Young voting method, excels in the
sparse data regime, and provides the best approx-
imation to the optimal ranking compared to every
baseline on a Diplomacy player ranking problem
with 31,094 games and 52,958 agents.

1 Introduction
Progress in the field of artificial intelligence has been driven
by measuring the performance of agents on common bench-
marks and challenge problems [Samuel, 1959; Campbell
et al., 2002; Tesauro, 1995; Syed, ; Silver et al., 2016;
Vinyals et al., 2019; (FAIR) et al., 2022]. In machine
learning, common benchmarks like the UCI data set repos-
itory allowed direct comparisons of supervised learning algo-
rithms [Kelly et al., ]. Competitions, such as ImageNet, led
to breakthroughs in deep learning [Krizhevsky et al., 2012].
All of these examples require comparing agents (or models).
Original success stories such as DeepBlue, TD-Gammon,
and AlphaGo focused on a single domain. In the past ten
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years, agents have become increasingly more generally ca-
pable. AlphaZero extended application of AlphaGo to chess
and Shogi [Silver et al., 2018]. The Arcade Learning Envi-
ronment [Bellemare et al., 2013], which steered much of the
agent development in deep reinforcement learning, evaluated
agents across 57 different Atari games. Recently, language
models have been evaluated across suites of tasks such as
in HELM [Liang et al., 2022], BIG-bench [Srivastava et al.,
2023] AgentBench [Liu et al., 2023], and via a public leader-
board such as Chatbot Arena driven by human voting [Chiang
et al., 2024]. Answering simple questions for these gener-
ally capable agents, such as “Which is the best agent?” or
“Is agent X better than agent Y ?” or “What is the rela-
tive ranking of agents X , Y , and Z?” become increasingly
more difficult when aggregating over many different contexts:
how agents are scored may vary wildly across tasks, data col-
lected for evaluation may not be balanced evenly across tasks
(or agents), and classical rating systems were simply not de-
signed for this use case.

To address these problems, recent ranking methods such as
Vote’N’Rank [Rofin et al., 2023] and Voting-as-Evaluation
(VasE) [Lanctot et al., 2023] use voting methods to aggregate
results across tasks. Using computational social choice as
a basis for ranking agents has several benefits: well-studied
consistency properties of the voting methods are inherited,
they do no require score normalization, and are less sensi-
tive to score values and agent population than game-theoretic
evaluation schemes [Balduzzi et al., 2018]. However, classic
voting schemes, and related tournament solutions, typically
assume that the data (e.g. agent comparisons) is complete.
This assumption is not necessarily valid in the agent evalu-
ation setting. While there has been research on identifying
“necessary and possible winners” when there is incomplete
voting or comparison data, the results are mixed [Pini et al.,
2011; Xia and Conitzer, 2011; Aziz et al., 2015] and most of
the findings are focused on identifying top-ranked agents, not
ranking all agents as is our focus.

In this extended abstract, we summarize a recently-
presented paper at AAMAS 2025 [Lanctot et al., 2025] by
describing a scheme for general agents inspired by the in-
terpretation of voting rules as maximum likelihood estima-
tors [Conitzer and Sandholm, 2005]. Starting with Con-
dorcet’s original model of voting [Brandt et al., 2016, Chap-
ter 8], Young showed that the maximum likelihood estimate
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(MLE) of the true ranking is the one that minimizes the sum
of Kendall-tau distances to all the votes. Soft Condorcet Opti-
mization (SCO) solves an optimization problem that assigns
a numerical rating (score) θa to each agent (alternative) a.
SCO then treats these ratings as a parameter vector, the votes
as a data set, and defines a differentiable loss function as the
objective, which can be optimized in several different ways.
The final ranking of agents is obtained by sorting the ratings.

2 Background
In this section, we describe the building blocks and introduce
some basic terminology required to understand our method.

2.1 Evaluation of General Agents
The problem of evaluating agents is that of ranking agents ac-
cording to their skill. Skill can be determined in several ways.
In the Agent-versus-Task (AvT) setting, agents compete in-
dividually in different tasks and compare outcomes (scores)
to each other in each task (e.g., language models and the
various metrics for assessing their abilities). In the Agent-
versus-Agent (AvA) setting, agents directly compete against
each other (e.g., online games such as chess or Diplomacy).

Classical Evaluation
Elo is a classic rating system that uses a simple logistic
model learned from win/loss/draw outcomes [Elo, 1978]. A
rating, ri, is assigned to each player i such that the prob-
ability of player i beating player j is predicted as p̂ij =

1

1+10(rj−ri)/400
. While Elo was designed specifically to

rate players in the two-player zero-sum, perfect informa-
tion game of Chess, it has been widely applied to other
domains, including in evaluation of large language mod-
els [Zheng et al., 2023]. TrueSkill [Herbrich et al., 2006] and
bayeselo [Coulom, 2005] are rating systems based on similar
foundations (Bradley-Terry models of skill) that also model
uncertainty over ratings using Bayesian methods.

Elo has a number of positive qualities, but also a number
of well-know drawbacks. Of particular interest is the incom-
patibility of Elo with the concept of a Condorcet winner from
social choice theory.

Voting as Evaluation of General Agents
Another way to evaluate agents is to use social choice theory
recently proposed as Voting-as-Evaluation (VasE) [Lanctot et
al., 2023]. In VasE, the alternatives correspond to general
agents and votes to assessments of their performance. In the
AvT setting, agents are ordered based on their performance
on different tasks (such as each game in the Atari Learning
Environment [Bellemare et al., 2013] or on different bench-
marks for large language models [Liu et al., 2023]). In the
AvA setting, agents compete directly in a multiagent environ-
ment, such as multiplayer games (like chess or poker), and
each game outcome corresponds to a ranking over a subset
of agents. Chatbot Arena [Zheng et al., 2023], where lan-
guage models compete head-to-head to provide the best an-
swer to the same question, is another instance of the AvA
setting. Casting agent evaluation as an application of com-
putational social choice provides the benefit of robustness in

the form of Condorcet consistency, clone/composition consis-
tency, agenda consistency, and/or population consistency de-
pending on the choice of voting rule used to evaluate agents.
However, it is unclear how well these methods perform when
the data is missing or unevenly distributed, which often oc-
curs in the agent evaluation setting. SCO is motivated sim-
ilarly to VasE and, as such, will be empirically assessed
mainly for agent evaluation. To make the connection to ideas
from the social choice literature, we will often use voting lan-
guage when discussing SCO and its use in evaluation. Rele-
vant terminology is introduced later in the paper.

2.2 Permutation and Ranking Distances
We now define distance metrics over rankings that will play a
key role when describing our method and loss function. Infor-
mally, the Kendall-tau distance counts the number of pairwise
disagreements between permutations.
Definition 1. Let S1, S2 be finite sets of elements such that
S1 ⊆ S2. Let π1, π2 be permutations over elements in S1

and S2, respectively. The Kendall-tau distance between two
permutations is defined as

Kd(π1, π2) =
∑

{i,j}∈C2(S1)

K̄i,j(π1, π2), (1)

where C2(S) is the set of unordered pairs of S (combinations
of size 2), K̄i,j(π1, π2) = 0 if i and j are in the same order
in π1 and π2, and K̄i,j(π1, π2) = 1 otherwise.

This definition allows one set to be a subset of the other,
which is more general than the standard definition; this dis-
tinction is necessary for the evaluation metric used in Sec-
tion 4.1, and corresponds to the standard definition when
S1 = S2.

Since the maximum distance is
(|S1|

2

)
= |S1|(|S1|−1)

2 , this
can be easily normalized to be in [0, 1]:
Definition 2. Let S1, S2 be finite sets of elements such that
S1 ⊆ S2. Let π1, π2 be permutations over elements in S1

and S2, respectively. The normalized Kendall-tau distance
π1 and π2 is defined as

Kn(π1, π2) =
2Kd(π1, π2)

|S1|(|S1| − 1)
. (2)

2.3 Social Choice Theory
A voting scheme is defined as ⟨A, V, f⟩ where A =
{a1, . . . , am} is the set of alternatives (agents), V =
{v1, . . . , vn} is the set of voters, and f is the voting rule that
determines how votes are aggregated. Voters have prefer-
ences over alternatives: a1 ≻vi

a2 indicates voter vi strictly
prefers alternative a1 over alternative a2. In this paper, we
assume strict preferences only, however the ideas can easily
be extended to the case that allow weak preference (including
ties/indifference between alternatives, e.g., a1 ⪰ s2). These
preferences induce total orders over alternatives, which we
denote by L. A preference profile, [≻] ∈ Ln, is a vector
specifying the preferences of each voter in V .

The central problem of social choice theory is how to ag-
gregate preferences of a population so as to reach some col-
lective decision. A voting rule that determines the “winner”
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Figure 1: An example calculation of the Kendall-tau distances of
each vote to the optimal ranking R = C ≻ A ≻ B in an example
preference profile with five votes. The sum of the distances is 5.
This sum for any other ranking R′ ̸= R is greater than 5.

(a non-empty subset, possibly with ties), is a social choice
function (SCF). A voting rule that returns an aggregate rank-
ing (total order) is a social welfare function (SWF). Much
of the social choice literature focuses on understanding what
properties different voting rules support.

The preference count N(x, y), x, y ∈ A is the number of
voters in [≻] that strictly prefer x to y. The vote margin is the
difference in preference count: δ(x, y) = N(x, y)−N(y, x).
A weak Condorcet winner wins or ties in every head-to-head
pairing. Formally, given a preference profile, [≻], a weak
Condorcet winner is an alternative a∗ ∈ A such that ∀a′ ∈
A, δ(a∗, a′) ≥ 0. If the inequality is strict for all pairs except
(a∗, a∗) then we call it a strong Condorcet winner.

3 Soft Condorcet Optimization
Soft Condorcet Optimization (SCO) is a ranking scheme for
evaluation of general agents inspired by social choice the-
ory. An SCO ranking is derived from and represented by
SCO ratings, θa, for each alternative a ∈ A. The rating
θa ∈ [θmin, θmax] serves only to determine a’s relative or-
der compared to other alternatives in the ranking, such that
a ≻ b if and only if θa > θb. The ranking is induced by nu-
merically sorting these ratings (e.g., see Figure 1). We then
formulate an optimization problem by carefully constructing
a loss function that that penalizes discrepancies or misclassi-
fications in the ordinal relationships between alternatives.

3.1 SCO Ratings and the Sigmoid Loss
In this section, we derive how SCO ratings can be computed
by minimizing a sigmoid loss with gradient descent. In the
full paper [Lanctot et al., 2025] we also show that it can be
optimized by sigmoidal programming, and describe an alter-
native convex loss function (i.e., Fenchel-Young loss via per-
turbed optimizers [Berthet et al., 2020]).

For some set of ratings θ, this loss function quantifies the
amount of error: the level of disagreement between the spe-
cific values of each rating and the data (preference profiles
obtained through agent evaluation). The goal is then to find
an assignment of ratings that minimizes this loss, i.e., the set
of ratings that best explain the preference data.

Let Π(A) denote the set of permutations over alternatives
A. We will call the data we work with “votes” to emphasize
that we are working with (partial) rankings over alternatives,
and borrow terminology from preferences and social choice.
In particular, we view the entire dataset to be a collection of
votes and so will refer to it as preference profile, [≻]. Let v ∈
[≻] refer to each vote in the profile, where v is a permutation
over subsets of A, with length |v|. For a vote v, denote v[i] as
the alternative in position i such that vote v is represented as:
v[0] ≻ v[1] ≻ · · · ≻ v[|v| − 1].

The ultimate goal is to find an optimal ranking R:
Definition 3. Given some a profile [≻] (i.e., set of votes), an
optimal ranking minimizes the sum of the Kendall-tau dis-
tances

R = argmin
R∈Π(A)

∑
v∈[≻]

Kd(v,R).

Let index pairs I2(v) = {(i, j) | i, j ∈ {0, 1, · · · , |v| −
1} and i < j}. Given a preference profile and ratings θ, we
define a discrete loss:

L([≻], A, V, θ) =
∑
v∈[≻]

∑
(i,j)∈I2(v)

Dv(θv[i], θv[j]), (3)

where Dv(θa, θb) is a function that measures the discrepancy
between the positions of alternatives a and b:

Dv(θa, θb) =

{
1 if θb − θa > 0 in v;
0 otherwise, , (4)

then the minimum of the discrete loss function corresponds to
a ratings assignment θ such that ranking induced by θ mini-
mizes the sum of the Kendall-tau distances to all the votes.

Since D is a step function discontinuous at θa = θb, it is
not differentiable in θ. To solve this, we replace D with a
smooth approximation, i.e., the logistic function

D̃v(θa, θb) = σ(θb − θa) =
1

1 + e(θa−θb)/τ
, (5)

leading to a soft Kendall-tau (differentiable) sigmoid loss:

L̃([≻], A, V, θ) =
∑
v∈[≻]

∑
(i,j)∈I2(v)

D̃v(θv[i], θv[j]). (6)

The sigmoid loss is a smooth, differentiable approximation to
the discrete Kendall-tau distance.

3.2 Computing SCO Ratings by Gradient Descent
The sigmoid loss can be minimized by stochastic gradient de-
scent [Hazan, 2015]. We compute the gradient for a subset of
the votes (i.e., batch B ⊆ [≻]), ∇θL̃(B, θ), from the batch
loss L̃(B, θ), which resembles equation (6) but summed only
over the votes in B using the continuous D̃v from equa-
tion (5):

L̃(B, θ) =
∑
v∈B

∑
(i,j)∈I2(v)

D̃v(θv[i], θv[j]). (7)

This allows an online form of the algorithm where ratings
for players can be updated in a decentralized fashion after
receiving the outcome of a single game (|B| = 1).
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3.3 Theoretical Properties
Given the SCO framework, defined through the loss function
introduced in equation 6, the first question to ask is whether
its solution does lead to rankings with desired properties.

Theorem 1. Given the sum of soft Kendall-tau distances:

L̃([≻], A, V, θ) =
∑

a,b∈A×A

N(a, b)σ(θb − θa) , (8)

if for preference profile [≻], voters V , there exists a candidate
c ∈ A that is a Condorcet winner, the loss is monotonically
decreasing with θc. As a consequence, if θ∗ is a global mini-
mum of L̃ on the ℓ∞ ball of radius θmax, then θ∗c = θmax.

For the proof, please see the full paper [Lanctot et al.,
2025]. Due to Theorem 1, the global minimum of the pro-
posed loss function corresponds to SCO ratings that top-rank
a Condorcet winner, if one exists.

4 Empirical Evaluation
The full paper [Lanctot et al., 2025] shows a counter-example
preference profile where SCO top-ranks the single Condorcet
winner where both Elo and Fenchel-Young do not. It also
shows that SCO rankings are on average 0 to 0.043 away
from the optimal ranking in normalized Kendall-tau distance
across 865 preference profiles from the PrefLib open ranking
archive. It also shows that in a simulated noisy tournament
setting, SCO achieves accurate approximations to the ground
truth ranking and the best among several baselines when 59%
or more of the preference data is missing.

4.1 Diplomacy Game Outcome Prediction
In this subsection we investigate the question of how well
SCO rankings predict human Diplomacy game outcomes.
This data set consists of all human-played seven-player
games taken from the webDiplomacy.net spanning 11
years, resulting in a data set of size m = 52, 958 and n =
31, 049. As a result, less than 0.01% of the unique player
combinations are observed in the data. Finding a single rank-
ing that sufficiently predicts the unseen test data is a difficult
due to the extreme sparsity of the preference data.

We reflect the evaluation used in [Lanctot et al., 2023] with
a small modification to adopt common practice in the super-
vised learning setting . First, we create 50 random splits
of the data into training sets DR and testing sets DT , with
|DR| = 28049 game outcomes (votes) and |DT | = 3000
game outcomes. The random splits are such that each al-
ternative in the test set is seen at least once on the training
set, but no game outcomes (data points) are shared across
train / test split. At each iteration t the method has a rank-
ing denoted Rt learned from data in DR; we then compute
and report the average Kendall-tau distance over the test set:
KTDtest(t) =

1
3000

∑
g∈DT

Kd(g,Rt).
The resulting KTDtest(t) is shown in Figure 2. We found

that batch size had a minor effect on the results, so we show
results for batch size 32 only. SCO with sigmoid loss reaches
an average Kendall-tau distance of 8.10 after roughly 190000
iterations, and Fenchel-Young loss reaches 8.05 at 600000
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sigmoid(alpha=0.1, temperature=1.0, B=32)
Elo
VasE(Copeland)

Figure 2: Average KTDtest(t) between rankings and Diplomacy
game outcomes across 50 seeds and train/test splits. All runs use
batch size 32. Error bars depict 95% conf. intervals.

iterations. There is an effect of increasing error after reach-
ing this low point, likely due to overfitting. As a point of
comparison, Elo and the best VasE method on this data set,
VasE(Copeland), achieve a value of 8.34. The next best VasE
method was plurality, achieving a value of 8.57. The more
complex Condorcet methods cannot be run on this dataset due
to their quadratic complexity and m = 52, 958.

5 Conclusion and Continued Work

If Condorcet-consistency or distance to the optimal ranking is
important, we recommend using the sigmoid loss as it mini-
mizes the distance to it directly; despite being non-convex, in
practice it finds the Condorcet winner when it exists ≥ 96%
of the time when the number of alternatives m ≤ 500 and
returns almost-optimal rankings on instances where it can be
compared [Lanctot et al., 2025, Section 4.2]. Whereas, if
assured convergence or weighting the loss functions by win
rates (like Elo) is more important, we recommend using the
Fenchel-Young loss optimization.

Since publication of the original paper, we have also ap-
plied SCO in an online active evaluation setting [Lanctot et
al., 2026]; SCO is the best-performing method on an Atari
learning agent ranking problem (out of 16 baselines), and per-
forms comparably to Elo in a synthetic data setting.

This line of work suggests two avenues of future work:
First, the approach of computing rankings by gradient de-
scent on differentiable approximations of ranking distances
can be generalized to other (or potentially all) voting meth-
ods, e.g. building on the perturbation methods applied in
Fenchel-Young losses. Second, deriving a differentiable loss
for the Maximal Lotteries voting method, possibly via the
zero-sum game that this induces, would unlock novel applica-
tions of these methods to language model alignment [Maura-
Rivero et al., 2025], robust agent evaluation [Khalaf et al.,
2026], and possibly relates to a natural online adaptive pro-
cess [Brandl and Brandt, 2024].
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Paul Harrenstein, Jérôme Lang, and Hans Georg Seedig.
Possible and necessary winners of partial tournaments.
Journal of Artificial Intelligence Research, 54:493–534,
2015.

[Balduzzi et al., 2018] David Balduzzi, Karl Tuyls, Julien
Perolat, and Thore Graepel. Re-evaluating evaluation.
In S. Bengio, H. Wallach, H. Larochelle, K. Grauman,
N. Cesa-Bianchi, and R. Garnett, editors, Advances in
Neural Information Processing Systems, volume 31. Cur-
ran Associates, Inc., 2018.

[Bellemare et al., 2013] Marc Bellemare, Yavar. Naddaf,
Joel Veness, and Micheal Bowling. The arcade learning
environment: An evaluation platform for general agents.
Journal of Artificial Intelligence Research, 47:253–279,
jun 2013.

[Berthet et al., 2020] Quentin Berthet, Mathieu Blondel,
Olivier Teboul, Marco Cuturi, Jean-Philippe Vert, and
Francis Bach. Learning with differentiable pertubed op-
timizers. In H. Larochelle, M. Ranzato, R. Hadsell, M.F.
Balcan, and H. Lin, editors, Advances in Neural Informa-
tion Processing Systems, volume 33, pages 9508–9519.
Curran Associates, Inc., 2020.

[Brandl and Brandt, 2024] Florian Brandl and Felix Brandt.
A natural adaptive process for collective decision-making.
Theoretical Economics, 19(2), 2024.

[Brandt et al., 2016] Felix Brandt, Vincent Conitzer, Ulle
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Gupta, Adrià Garriga-Alonso, Agnieszka Kluska, Aitor
Lewkowycz, Akshat Agarwal, Alethea Power, Alex Ray,
Alex Warstadt, Alexander W. Kocurek, and et al. Beyond

the imitation game: Quantifying and extrapolating the ca-
pabilities of language models. Transactions on Machine
Learning Research, 2023.

[Syed, ] Aamir Syed, Omar; Syed. Arimaa – a new game
designed to be difficult for computers. International Com-
puter Games Association Journal, 26:138–139.

[Tesauro, 1995] Gerald Tesauro. Temporal difference learn-
ing and TD-gammon. Communications of the ACM,
38(3):58–68, 1995.

[Vinyals et al., 2019] Oriol Vinyals, Igor Babuschkin, Woj-
ciech M. Czarnecki, Michaël Mathieu, Andrew Dudzik,
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