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ABSTRACT

Background: Peer evaluation, the evaluation and selection of
agents by their peers, is an important problem in the field of com-
putational social choice and has a wealth of existing work focusing
on strategyproof mechanisms. However, all published mechanism
share one flaw in that they do not reward agents for any effort
involved in the evaluation process. In cases where high quality
evaluation has a cost - as in academic peer review - this missing
incentive is a serious oversight.
Objectives and Research Questions:We address the following
questions: (1) What are the theoretical requirements for a peer-
selection mechanism that incentives effort? (2) How can we com-
bine prediction scoring with existing peer-selection mechanisms
in an incentive compatible way? (3) Which contexts allow for in-
centive compatible prediction scoring in peer-selection? (4) How
does the addition of prediction scoring impact the performance of
a peer-selection mechanism?
Methods: We first show that incentivizing effort in peer-selection
requires information beyond a single report. In response we pro-
pose PeerBTS, combining a lottery over prediction scores from the
Bayesian Truth Serum with existing peer-selection mechanisms
to incentivize effort while remaining BNIC. We demonstrate the
conditions under which the dual incentives of honesty and effort
are preserved. Finally, we present a simulation based on Mallows
models to validate the performance of PeerBTS.
Results:Wedemonstrate that an incentive-compatible peer-selection
mechanism using agent predictions to incentive effort is possible,
but with various trade-offs. Our prediction scoring function, the
RBTS, requires a known shared prior over agent preferences to
ensure honesty, and the combination of a prediction lottery with a
traditional mechanism introduces in-exactness. In simulation we
find that PeerBTS behaves as expected in regards to incentives
with limited degradation of mechanism performance. Finally, we
briefly discuss the results of a limited pilot experiment of including
predictions in peer-review performed for AAMAS-GIAW 26.
Conclusions: We believe we are the first to suggest such a combi-
nation of both truth and effort incentives, and we hope it will result
in further initiatives in this domain. Our mechanism in merely in-
centive compatible, and suffers from various downsides but as first
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step towards combining incentives in peer-selection it represents a
promising direction for both theoretical work in mechanism design
and potentially practical improvements to real world peer selection
systems.
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1 INTRODUCTION

Peer evaluation – the process by which a group evaluates its own
members and chooses the best of them – has been used by people
for millennia. The various “mechanisms” people used ranged from
hoping for divine interventions and lotteries1, to attempts at forms
of elections [25]. However, the salience of this problem became
muchmore significant as technology enabled the groups conducting
peer evaluation to grow dramatically, e.g., Massive Open Online
Courses (MOOCs) like Coursera. Needing a way to grade the tasks
done by huge classes (up to several million), practitioners have
turned to students to rate each other [8, 21, 28]. Similarly, Computer
Science conferences face an increasing demand for reviewers, and
many have resorted to requiring those submitting papers to also
review papers.

As the relevance of peer evaluation grew, the issues with ex-
isting systems became clearer. First and foremost, they are not
strategyproof, and thus may incentivize agents to misreport their
views, as it may improve their chances of getting chosen them-
selves [2, 14]. Consider, for example, the system used in many CS
conferences, in which a submission’s “grade” is an average of its
reviewers’ grades, and acceptance is for the top 𝑘 , for some value of
𝑘 . All reviewers will be better off giving 0 as their grade to anyone,
as while they cannot affect the grade their submission receives,
they can lower the threshold grade to be in the top-𝑘 , so their work
might be selected. This is typically called “torpedo reviewing” in
the literature and has been documented at conferences [15].

Several strategyproof mechanisms have been suggested for peer
evaluation, in which no agent can improve their chance of selection
by changing their review on others [1, 4, 18, 20] (more coverage is

1From the bible’s Numbers chapter 17 and Joshua chapter 7 to Delphic oracles studying
goat entrails and the Athenian Boule [22] and the Venetian Doge selection mechanism
[26], they all tried to improve their selection process with lotteries.



available in several overviews [19, 27]). The problem with strate-
gyproof mechanisms is that, by definition, they force a separation
between the evaluations an agent gives on others and the possibility
of that same agent being selected. This separation is desirable in the
mechanism design literature as the assumption is that removing
this connection will cause agents to report truthfully [12].

However, when there is a cost – whether of time, effort, or mon-
etary value (as with reviewing papers, grant proposals, or Coursera
student work) – the disconnect between evaluations and agents’
personal benefit is detrimental to the quality of the peer evaluation
since there is no within mechanism incentive to exert effort. Previous
attempts at tying the evaluations to rewards for the agent providing
reviews, e.g., Merrifield and Saari [25], Srinivasan and Morgenstern
[35], use things like rewarding agents for giving a review close
to the average of others agents’ reviews are inherently not strate-
gyproof, as agents are being rewarded not for giving their truthful

views, but for being able to predict consensus opinion. Consider a
reviewer for a CS conference using such a reward scheme, who
finds a fundamental problem with a paper’s proof. If the reviewer
thinks other reviewers won’t pick up on the proof’s problem, they
are better-off ignoring it and giving the proposal the same review
as the others, as that will increase their own chances of selection.

Contribution. We propose PeerBTS, a solution using a Bayesian
Truth Serum (BTS) mechanism [30], which we pair with PeerNom-
ination [20], a known strategyproof peer evaluation mechanism.2
We show that existing strategyproof mechanisms do not incentivize
effort and that, if the only data given by agents is their review of
others, it is impossible to create a mechanism that incentivizes truth-
telling while also incentivizing agents to put in effort to evaluate
others. We give a general framework to design reward mechanisms
as a combination of scoring and selection mechanisms, prove when
and which properties can be retained; and instantiate and evaluate
one such mechanism – PeerBTS – that is Bayes-Nash incentive
compatible.

2 RELATEDWORK

Peer selection has a rich history, but as an object of academic study
has typically been modeled in the context of academic peer review.
Peer review as done by independent panels has been an object of
much study in the past [10, 24, 37], but in the past few decades
there has been a move for a broad base of reviewers, leading many
organizations to move beyond expert panels and adopt true peer
selection by requiring applicants to also serve as reviewers. Moving
towards community review and away from hand selected expert
panels puts new stresses on the peer review process, including
issues of incentive and dishonesty, which is where the tools of
mechanism design have proved useful. Much of formal work was
first inspired by Merrifield and Saari [25], who proposed a basic
Borda mechanism to adjudicate the allocation of time on telescopes.
A variety of more sophisticated mechanisms have been proposed,
including CredibleSubset [18] and ExactDollarPartition [4]
(see Olckers and Walsh [27] for a recent survey). This research
focuses primarily on strategyproofness, though there are further
concerns, such as group fairness [5] or handling conflict of interest
2We will see our method can incorporate any peer evaluation mechanism, however
for clarity we focus on PeerNomination.

[15, 40]. Our work is similar, as we are concerned with an property
other than strategyproofness, namely incentivization within the
mechanism, which has not been studied.

Beyond the traditional research in peer selection we also pull
from the literature on group predictions/forecasting. Mechanisms
for high quality group predictions are not a new idea and have been
explored for decades [11, 13]. There are a number of traditions in
this space, such as the use of markets for predictions [3, 39], but we
draw from a related tradition of survey scoring, where the goal is to
solicit honest responses from participants. The leading work in this
space is the Bayesian Truth Serum [30], which asks agents to to
make a prediction about the population response rate. Further work
on group prediction – most notably the Good Judgment Project [36]
and related efforts – has produced a wealth of expansions on this
idea, including the Robust Bayesian Truth Serum [31, 38] which
we use as a core component of PeerBTS. Research in this area has
proven that the techniques of mechanism design can be applied
profitably to group decision making, and so it is a natural choice
for our extension of traditional peer selection mechanisms.

A related, though distinct, line of research focuses on incen-
tivizing effort/accuracy through more active means. In particular
Chakraborty et al. [9] draw on work on Massive Open Online
Courses (MOOCs) [29] to present a mechanism which incentives
effort from self-interested participants. While our goals are similar
our approaches are quite different. In particular, Chakraborty et
al. use known-value probe papers to directly estimate agent effort
and reward agents with bonuses exterior to the selection process
itself. This approach is well designed and could be quite profitably
implemented in cases where the center has some access to ground
truth, making it a good fit for MOOCs. Our own mechanism is
more setting agnostic, as we do not rely on having any access to the
ground truth nor on exterior rewards, though we do accept several
tradeoffs for this flexibility.

3 PRELIMINARIES AND NOTATION

Our running example is a conference where agents submit propos-
als, which they wish to see selected, and also serve as reviewers
for the conference [34]. For ease of exposition, we suppose that
agents are providing reviews on a set of proposals that are under
review. The review is the act of submitting their belief about a
proposal’s quality, and we will also ask agents for a prediction of
the reviews of other agents as part of the mechanism. We will also
refer to the review board as the set of agents reviewing a particular
proposal, and the review assignment of a single agent as the set
of proposals they are to review. Unlike previous peer evaluation
research, we assume there is some cost (effort, time) for agents to
generate their reviews, and an agent can choose to pay this cost
and generate a quality review, or not and generate a low quality
one. Additionally, taking a standard mechanism design approach,
agents will only do what they are incentivized to do [7]. Note that
we are not disparaging a typical conference reviewer who may have
intrinsic or altruistic motives for submitting good reports, rather
we are working from first principles in incentive and mechanism
design.

Following the broader literature, we define a peer selection prob-
lem over a set of agents N , with |N | = 𝑛. Each agent 𝑖 ∈ N has



a private evaluation function 𝜎𝑖 : N → R, representing their per-
ception (review) of the quality of all agents involved which can
be viewed as a (strict) ordinal ranking function N → {0, 1, . . . , 𝑛}
by ordering the agents by quality (breaking ties in some manner).
Taken together, we refer to the set of all evaluating functions of all
agents as a profile, 𝜎 , and the set of all possible profiles as Σ.

In peer selection there is a specified number 𝑘 of selections or
winners,W, whereW ⊆ N and, ideally, |W| = 𝑘 . Informally,
we want to select the “best” 𝑘 sized subset of proposals. To do so,
we define a selection mechanism as a function from profiles to a
selected set, formally 𝑓 : Σ → 2N . We call any such function 𝑓
exact if ∀𝜎 ∈ Σ, |𝑓 (𝜎) | = 𝑘 .

In real life instances of peer selection we typically do not solicit a
complete evaluation or ranking of all involved agents, as this would
be far too onerous. Instead we define a review assignment function
𝐴 : N → 2N such that ∀𝑖 ∈ N , 𝑖 ∉ 𝐴(𝑖). This assigns each agent
to a review assignment 𝐴(𝑖), and we can also refer to the set of
reviewers, review board, assigned to a specific proposal as 𝐴−1 (𝑖).
We further restrict the review assignment functions to be𝑚-regular,
where ∀𝑖 ∈ N , |𝐴(𝑖) | =𝑚. In this way𝑚 parametrizes the number
of proposals that any agent is expected to review, and𝑚 tends to
be relatively small compared to 𝑛 as a matter of practicality.

Unlike previous peer evaluation research, we assume there is
some cost to agent 𝑖 to obtain 𝜎𝑖 , akin to putting in time to read a
paper for a conference review. The agent can chose not to put in
this effort, resulting in low-quality or random data going into the
mechanism. Hence our central question is can we design mechanism

incentives to encourage agents to put in the effort to generate high

quality reviews without destroying the incentives to be truthful?

3.1 Desirable Properties

Ideally, peer selection mechanism should satisfy strategyproof-

ness, under the assumption that the only thing agents desire is to
have their proposal selected. Informally, this means that no agent
involved in the selection process has an incentive to misreport their
preferences to increase their chance of selection; hence, we can ide-
ally expect honest reports from every reviewer to a strategyproof
mechanism. Formally, a mechanism 𝑓 is strategyproof if

∀𝑖 ∈ 𝑁, ∀𝜎𝑖 , 𝑖 ∉ 𝑓 ( (𝜎1, . . . , 𝜎
∗
𝑖 , . . . , 𝜎𝑛 ) )

⇒ 𝑖 ∉ 𝑓 ( (𝜎1, . . . , 𝜎𝑖 , . . . , 𝜎𝑛 ) )

where 𝜎∗
𝑖
is agent 𝑖’s true private ranking function. In probabilistic

mechanisms we require that 𝑖 cannot increase their probability of
being selected by misreporting.

A related, weaker, property is incentive compatibility, where
truthfulness is a Nash equilibrium, i.e., when all are truthful it is
never beneficial for any agent to deviate,

∀𝑖 ∈ N, ∀𝜎𝑖 , 𝑃 (𝑖 ∈ 𝑓 ( (𝜎∗1 , . . . , 𝜎∗𝑖 , . . . , 𝜎∗𝑛 ) ) )
≥ 𝑃 (𝑖 ∈ 𝑓 ( (𝜎∗1 , . . . , 𝜎𝑖 , . . . , 𝜎∗𝑛 ) ) )

An additional desirable property is that no particular agent have
more influence than others – anonymity.

3.2 PeerNomination

While PeerBTS is a general mechanism that can be combined with
any strategyproof (or even incentive compatible) mechanism, we
instantiate and evaluate it with PeerNomination [20]. Broadly,
PeerNomination is approval based – agents either approve others

or not, and do not rank them or give them more granular grades.
Agents approve the top ⌊𝑘/𝑛 ·𝑚⌋, i.e., the rounded down share that
needs to be selected from the population in their review assignment.
The agent in the next position, rank ⌊𝑘/𝑛 ·𝑚⌋ + 1, is considered
partially approved – given (𝑘/𝑛 ·𝑚 − ⌊𝑘/𝑛 ·𝑚⌋) points. The set of
accepted agents are those who have been approved with𝑚/2 points,
i.e., approved by most of their reviewers.

Note that PeerNomination is not an exact mechanism, as it does
not guarantee that exactly 𝑘 agents are chosen. The mechanism
has further variants, allowing for a weighing of the reviews of
different agents, but that is outside the scope of this paper. As
PeerNomination uses ranking information for its outcome, we
shall assume from now on that 𝜎𝑖 ( 𝑗) returns the rank of agent 𝑗 by
agent 𝑖 .

4 EXISTING MECHANISMS LACK

INCENTIVES

Our first key result is that mechanisms in which agents are simply
asked to review other agents (via grade, ranking, approval, etc.)
can never be both strategyproof (or even the weaker incentive
compatible) and incentivize agents to put in the effort that results
in good reviews.

Theorem 1. A peer-evaluation mechanism cannot be anonymous

and strategyproof (or incentive-compatible) and incentivize agents to

produce a high quality (i.e., truthful) 𝜎 , if its input is only 𝜎 .

Proof. Since the mechanism is anonymous, there is a profile
𝜎 ∈ Σ for which agent 𝑖’s reviewwill influence the outcome. For any
such profile, because the mechanism is strategyproof (incentive-
compatible), and agent 𝑖’s evaluation is private and does not depend
on others, then agent 𝑖’s probability of being selected is not influ-
enced by their review. So whether 𝑖 reports some randomized 𝜎′

𝑖
or

an exact 𝜎∗
𝑖
, its chances of being selected remain the same. Since the

only thing the agent cares about is being selected, and we assume
there is a cost to finding 𝜎∗

𝑖
, there is no incentive to report 𝜎∗

𝑖
, and

the mechanism has no way of incentivizing agents. □

Corollary 1. A peer-evaluation mechanism that is anonymous,

strategyproof (or incentive-compatible) and incentivizes agents to

produce a high quality 𝜎 , requires agents to provide at least one more

piece of information besides 𝜎𝑖 .

Throughout the paper we assume that providing a high quality
review 𝜎 ∈ Σ, requires some sort of effort, e.g., reading a paper to
give a review on it, and that if this effort is made, it will result in
a truthful and high quality 𝜎∗. This holds even if that effort was
motivated by a different incentive. For example, if a mechanism
gives a bonus to an agent able to estimate what the average reviewer
will say of a proposal (as is the case in the NSF pilot study [25]),
the agent will need to read the proposal to give an answer, but
by reading it, they are now able to write a high quality review,
even though they have not directly been rewarded for their review.
Therefore any incentive towards effort will have a side effect of
improving review quality.



5 PEERBTS: PEER SELECTIONWITH

BAYESIAN TRUTH SERUM

As Corollary 1 points out, we must add another piece of informa-
tion to the mechanism in order to have one that incentivizes both
truth-telling and high-quality reviews. To do so, we combine a
Bayesian Truth Serum mechanism with an existing strategyproof
peer-evaluation algorithm. We used PeerNomination here, in or-
der to present an explicit implementation, but one could use others.

5.1 Mechanism Overview

PeerBTS works at a high level by taking any existing strategyproof
mechanism 𝑓 (𝜎) and a reward mechanism ℎ(𝜎,𝑏) which relies on
𝜎 and another piece of information 𝑏. We build PeerBTS based
on the Bayesian Truth Serum (BTS) family of mechanisms which
ask agents for their opinions and their estimates of the average
of others’ opinions, rewarding agents based the accuracy of their
predictions.

PeerBTS first constructs 𝑆𝑓 , the set of selected agents using
𝑓 (𝜎), with the number of selected being 𝑘 −𝑑 , where 𝑑 < 𝑘 is some
integer parameter. Then, using ℎ(𝜎,𝑏), it creates a set 𝑆ℎ of 𝑑 agents
rewarded by ℎ (see Figure 1). The set of winners is 𝑆𝑓 ∪ 𝑆ℎ , notice
that even if 𝑓 was an exact mechanism, the combined set may be
smaller than 𝑘 , as sometimes 𝑆𝑓 ∩ 𝑆ℎ ≠ ∅.

5.2 Reward Mechanism: Predict and Evaluate

In PeerBTS we use approval functions and predictions of approval
rates as the additional information required by Corollary 1. We
first define the necessary part for PeerNomination: an approval
function, indicating which agents rank proposal 𝑖 at rank𝑞 or above:
𝛼𝑖 : 𝐴(𝑖) → {0, 1}. Typically this is defined over a quota 𝑞 ∈ (0,𝑚)
such that

𝛼𝑖 ( 𝑗 ) =
{

1 if 𝜎 𝑗 (𝑖 ) ≤ 𝑞
0 otherwise

with variations allowing for probabilistic approval when 𝑞 is a non-
integer. We denote the set of all such approval functions as the
approval profile 𝛼 .

We also collect reviewers’ predictions of approval rates. We
define the belief function 𝑏𝑖 : 𝐴(𝑖) → [0, 1] such that 𝑏𝑖 ( 𝑗) repre-
sents the proportion of reviewers 𝑗 believes will approve proposal
𝑖 . Formally, 𝑏𝑖 ( 𝑗) = E𝑗

[
1
𝑚

∑
𝑠∈𝐴−1 (𝑖 ) 𝛼𝑠 ( 𝑗)

]
∀𝑗 ∈ 𝐴(𝑖). We call the

collection of belief functions a belief profile 𝑏 = {𝑏1, 𝑏2, . . . , 𝑏𝑛}.

5.3 Reward Mechanism: Prediction Scoring

To reward agents for their predictions we define a score function,
which assigns a numerical score to each agent according to the
reviews and predictions. Formally: ℎ : Σ × 𝛽 → R |N | .

We use the Robust Bayesian Truth Serum (RBTS) [38], a vari-
ant of the well known Bayesian Truth Serum [30], to score agent
reviews and predictions. RBTS is preferable in this context as it is
incentive compatible even when dealing with small populations.
RBTS takes as input the set of approval functions 𝛼 and belief func-
tions 𝑏 and assigns each reviewer a score for each response and
prediction within their review assignment. Considering the reviews
of a single agent 𝑖 , each agent 𝑗 in the review board 𝐴−1 (𝑖) is as-
signed a reference agent 𝑘 = 𝑗 + 1 mod |𝐴−1 (𝑖) | and peer agent

Algorithm 1: Robust Bayesian Truth Serum
Input: Agent 𝑖 ∈ 𝑁 ,𝑚-regular review assignment𝐴, approval profile 𝛼 ,

belief profile 𝑏, proper scoring rule 𝑅
Output: Score vector < 𝑠 𝑗 ∈ [0, 2] |∀ 𝑗 ∈ 𝐴−1 (𝑖 ) >

1 Scores :=< 0∀ 𝑗 ∈ 𝐴−1 (𝑖 ) >
2 // Score agents in review board

3 for 𝑗 ∈ 𝐴−1 (𝑖 ) do
4 𝑘 := 𝑗 + 1 mod 𝑚
5 𝑙 := 𝑗 + 2 mod 𝑚
6 𝛿 := min(𝑏𝑘 (𝑖 ), 1 − 𝑏𝑘 (𝑖 ) )
7 if 𝛼𝑖 ( 𝑗 ) = 1 then

8 𝑤𝑗 := 𝑏𝑖 (𝑘 ) + 𝛿
9 else if 𝛼𝑖 (𝑘 ) = 0 then

10 𝑤𝑗 := 𝑏𝑖 (𝑘 ) − 𝛿
11 Scores( 𝑗 ) = 𝑅 (𝑤𝑗 , 𝛼𝑖 (𝑙 ) ) + 𝑅 (𝑏𝑖 ( 𝑗 ), 𝛼𝑖 (𝑙 ) )
12 end

13 return Scores

𝑙 = 𝑗 +2 mod |𝐴−1 (𝑖) |, both their review and prediction are scored
against 𝑗 and 𝑘 . Algorithm 1 gives our formal implementation.

For our purposes what is most important is that RBTS is Bayes-
Nash incentive compatible for any population of 3 or greater [38,
Theorem 9], so as long as every agent 𝑎 ∈ N has a review board
|𝐴(𝑎) | ≥ 3, we can safely use RBTS as a scoring mechanism.

5.4 Combining Reward & Quality Selections

Combining the output of the peer selection mechanism and the
Robust-BTS score in a way that maintains incentive compatibility
is not trivial: There are subtle issues in many of the obvious ways in
which one might combine these two functions. The most straight-
forward approach is to use ℎ(𝜎,𝑏) to select the top 𝑑 agents from
N\𝑓 (𝜎), to avoid double selection and guarantee exactness. This.
however, is not strategyproof nor incentive compatible. As a counter
example, consider a 2-selection setting with four agents (1, 2, 3, 4),
strategyproof selection mechanism 𝑓 , and scoring function ℎ. On
truthful reviews from all agents we get profile 𝜎 and similarly on
effortful predictions we get 𝑏. Suppose that these two inputs give us
the rankings: 𝑓 (𝜎) = [1, 2, 3, 4] and ℎ(𝜎,𝑏) = [2, 3, 1, 4]. Following
our simple combination we take the top agent from 1 ∈ 𝑓 (𝜎) and
then the top agent of ℎ(𝜎,𝑏) \ {1}. On the truthful rankings this
would give us the set 1, 2, the two top agents of their respective
rankings.

Now say that by misreporting, agent 3 can produce the profile 𝜎′
and ranking 𝑓 (𝜎′) = [2, 1, 3, 4]. This is not a violation of 𝑓 ’s strate-
gyproofness since in this ranking 3 is indifferent between 𝑓 (𝜎) and
𝑓 (𝜎′). However, this results in a different outcome as the rankings
are combined: under 𝑓 (𝜎′) = [2, 1, 3, 4] and ℎ(𝜎′, 𝑏) = [2, 3, 1, 4] we
would first select 2 ∈ 𝑓 (𝜎), and then select 3 ∈ ℎ(𝜎,𝑏) \ {2} = [3, 1].
By promoting an agent in one ranking, they can be removed from
consideration in the other, breaking strategyproofness. Similar
counter examples can be constructed in a probabilistic context
as agents are incentivized to shift probability mass to higher ranked
agents to improve their odds of selection.

To achieve Bayes-Nash incentive compatible (BNIC) combina-
tion we accept a measure of inexactness in the final selected set
by allowing agents to be selected twice. This can be done deter-
ministically, but a randomized approach is superior as it ensures
any increase in prediction score increases selection probability. We
treat the prediction scores as stakes in a joint lottery, inspired by



Figure 1: Overview of information flow in the PeerBTS mechanism.

Algorithm 2: Lottery Formalization
Input: Agents N,𝑚-regular review assignment𝐴, approval function 𝛼 ,

prediction function 𝑏, target selection size 𝑑 , weighting exponent 𝜖
Output: Selected set 𝑆 ⊂ N⋃{∅}

1 B := [ ] // Initialize list to hold winners for each sublottery

2 for 𝑖 ∈ N do

3 // Collect reviews of 𝑖

4 Actual := < 𝛼𝑖 ( 𝑗 ) | 𝑗 ∈ 𝐴−1 (𝑖 ) >
5 // Collect predictions

6 Predicted := < 𝑏𝑖 ( 𝑗 ) | 𝑗 ∈ 𝐴−1 (𝑖 ) >
7 // Score using Algorithm 1

8 Scores𝑖 := RBTS(i, Actual, Predicted)
9 for 𝑗 ∈ 𝐴−1 (𝑖 ) do
10 𝐿𝑖 ( 𝑗 ) := Scores( 𝑗 )𝜖

2𝜖 ·𝑚
11 end

12 𝐿𝑖 (∅) := 1 − ∑
𝑗 ∈𝐴−1 (𝑖 ) 𝐿𝑖 ( 𝑗 )

13 𝑠𝑖 ∼ 𝐿𝑖
14 B ← 𝑠𝑖
15 end

16 // Draw 𝑑 agents from 𝐵 without replacement to create winning

set

17 𝑊 ∼
(𝐵
𝑑

)
\ {∅}

18 return𝑊

Aziz et al. [4], and draw 𝑑 participants. This gives us a complete
mechanism in Algorithm 2.

5.5 Conditions for Incentive Compatibility

Due to space constraints we defer to Appendix A.1 the proofs of
the RBTS mechanism requirements for an admissible prior.

Theorem 2. If agent preferences are drawn from a distribution

in 𝑇 and𝑚 ≥ 3 then the RBTS lottery (Algorithm 2) is Bayes-Nash

incentive compatible.

These conditions are met both where there is a common knowl-
edge of how beliefs are formed by all agents, which is a very strong
condition. But they are also met when all agents derive their pref-
erences from the same source/process, including that agents have
the same initial chance of developing any particular belief, and that
any given belief has at least some chance of being developed [32].

6 THEORETICAL PROPERTIES OF PEERBTS

In this section we give an intuition for PeerBTS guarantees.

6.1 Agent Incentives

From Theorem 2 agents have an incentive to maximize the score
returned by Algorithm 1. We know that there is an equilibrium
where all agents review honestly, but it is useful to examine this
more directly. Specifically, we are interested in any incentive that
pushes an agent to report their reviews honestly. A detailed model
for agent utility or reliability is beyond the scope of this paper, but

even a simple model of agent incentives is useful for understanding
the functionality of PeerBTS.

6.1.1 Incentive Example. To build intuition we present a simple
example calculation of RBTS scores to demonstrate the incentives.
We assume for the following that the honest rate of approval for
agents is .2, representing an uncommon but not highly unlikely
review. To simplify the calculations, we also assume that all agents
other than one – agent 𝑗 – predict randomly, drawing their predic-
tion uniformly from [0, 1]. This gives us consistent expected values
for most of the score calculation, E(𝑏𝑖 (𝑘),E(𝛿) = .5 which gives us
E(𝑤 𝑗 ) = 𝛼𝑖 ( 𝑗) by the definition of𝑤 𝑗 .

We first compute agent 𝑗 ’s expected information scoreE(𝑅𝑞 (𝑤 𝑗 , 𝛼𝑖 (𝑘))
if they report randomly (for simplicity reporting 0 or 1 with equal
probability). Splitting the expected score into these two cases we
get .5(E(𝑅𝑞 (0, 𝛼𝑖 (𝑘))) +E(𝑅𝑞 (0, 𝛼𝑖 (𝑘))). We also split the expected
value for 𝛼𝑘 (𝑖), giving us

.5(.2(𝑅𝑞 (0, 1) + 𝑅𝑞 (0, 1) ) + .8(𝑅𝑞 (0, 0) + 𝑅𝑞 (1, 0) )

with a final score of .5(.2(0+1) + .8(1+0)) = .5. If, instead, 𝑗 reports
honestly according to 𝑝 we would instead see a final expected score
of

.22 (𝑅𝑞 (0, 1) + 𝑅𝑞 (0, 1) ) + .82 (𝑅𝑞 (0, 0) + 𝑅𝑞 (1, 0) ) = .68

meaning that in this case 𝑗 has an incentive to report honestly.
When considering the prediction score the incentive is even

easier to see. If 𝑗 predicts randomly with E(𝑏𝑖 ( 𝑗)) = .5 then the
expected prediction score E(𝑅𝑞 (𝑏𝑖 ( 𝑗), 𝛼𝑖 (𝑘)) does not even need
to be broken up based on E(𝛼𝑖 (𝑘)), as 𝑅𝑞 (.5, 0) = 𝑅𝑞 (.5, 1) = .75.
In all cases a random prediction has an expected value of .75, so
any score higher than this is preferable for agent 𝑗 . If 𝑗 predicts
𝑏𝑖 ( 𝑗) = .2, we have

E(𝑅𝑞 (𝑏𝑖 ( 𝑗 ), 𝛼𝑖 (𝑘 ) ) = .2𝑅𝑞 (.2, 1) + .8𝑅𝑞 (.2, 0) = .84

so in this case we also see a clear incentive for agent 𝑗 to improve
their predictions.

6.1.2 Formal Analysis. As shown in Theorem 2 under ideal con-
ditions (in the honest equilibrium) the RBTS lottery incentivizes
honest reporting and accurate predictions. Our example calcula-
tions show that these incentives can exist in at least one case when
other agents are not playing the equilibrium strategy but the ques-
tion remains: what are the limits of the incentives for honesty
and accuracy when using the RBTS lottery? Assuming the agent
population reports according to some distribution 𝑝∗ (even if this
is a composite distribution) each agent has the following general
incentives:

Reports. Agents are incentivized to report according to 𝑝∗. This
can be shown by careful application of a result from the original
description of RBTS [38, Lemma 8], but this is not necessary. Instead
note that if all other agents are reporting according to 𝑝∗, then their
behavior is equivalent to that of honest agents in world where the



Figure 2: Mean lottery share for agent populations with

Deciles treatment in simulation with 𝑚 = 3, 𝑒 = 8.0, and
𝜑 = 0.5.

true report distribution 𝑝 = 𝑝∗. We know that honest agents form
an equilibrium around truthfully reporting according to 𝑝 , the same
is true for dishonest agents all reporting 𝑝∗, so every agent has an
incentive to report according to 𝑝∗.

Predictions. Agents are incentivized to accurately predict 𝑝∗, a
well known property of quadratic scoring rules [33] and a result
proved directly by the creators of the RBTS [38, Lemma 7]. Hence,
the incentives in the RBTS (and therefore our lottery) are funda-
mentally incentives to follow the pack. In the case of honest agents
reporting from a shared prior over observations, this incentivizes
honesty. In other cases it incentivizes understanding and following
the behavior of the broader agent population.

While obviously an incentive towards honesty is ideal, the pack-
following nature of the RBTS can still be useful. Recall that the
primary goal of PeerBTS is to provide agents an incentive to ex-
pend some effort in the reviewing process. While we do not model
in detail the application of effort – as any such model would be
highly ad-hoc – it is clear that an agent 𝑗 acting with no effort
whatsoever will need to either report a constant approval value (0
or 1) or consistently randomize their report. Since all agents have an
incentive to follow the reporting of other agents as long as 𝑝 𝑗 ≠ 𝑝∗
agent 𝑗 has an incentive to expend effort to move closer to 𝑝∗ – so
even in cases where PeerBTS fails to be BNIC it still incentivizes
effort. This is equivalent to a Keynesian guessing game [17], and
should exhibit similar dynamics.

7 EMPIRICAL EVALUATION OF PEERBTS

Following the experimental methods of previous work on strat-
egyproof peer selection [4] we evaluate PeerBTS in a series of
simulations.3

7.1 Experimental Setup

We extend the framework of Lev et al. [20] and only briefly describe
the pre-existing methods here; a more complete specification of
certain details can be found in that paper. Complete parameters
used can be found in Appendix A.2.
3All experimental code and data – including PeerBTS implementation – will be pub-
lished on GitHub in the event of publication.

7.1.1 Noisy Profile Generation. Following the Condorcet perspec-
tive on social choice we assume that there exists an underlying true
ranking of agent quality. For simplicity we assume that the true
ranking of an agent is identical to their number, so that agent 1 is
the highest quality agent, agent 2 the second, and so on. To model
potential inaccuracies in agent reviews we construct our profiles
from noisy observations of this ranking according to a Mallows
model [23]. We sample permutations of a base ranking 𝜙 based on
a dispersion parameter 𝜑 ∈ [0, 1], creating a distribution where the
probability of an alternative ranking 𝜙 ′ is 𝜋𝑅,𝜑 ∝ 𝜑𝐾𝑇 (𝜙,𝜙

′ ) , where
𝐾𝑇 (𝑅, 𝑅′) is the Kendall-Tau distance between 𝜙 to 𝜙 ′ [16].

Also note that as a continuous, shared distribution the Mallows
model satisfies our requirements for an admissible prior as shown
in Lemma 1 and Lemma 2. For this reason we do not simulate strate-
gic behavior among agents, though this would be an interesting
direction for future research.

7.1.2 Prediction Generation. PeerBTS solicits predictions from the
entire agent population, and as such the generation of agent predic-
tions is a key part of our simulation. Following our profile sampling
methodology, we treat agent predictions as (potentially) noisy ob-
servations of a true profile 𝜎 which represents the preferences of all
agents. Again mirroring our profile sampling methodology we use
a Mallow’s model to sample agent observations, meaning that in
our simulation an individual agent 𝑖’s prediction takes the form of
a predicted profile 𝜎∗

𝑖
, from which we can easily compute the belief

profile 𝛽𝑖 . Note that this is not required by our formal statement
of belief profiles in PeerBTS, but it is a useful simplification for
empirical simulation. Under this model we define four simple agent
population models. Clairvoyant agents with perfect predictive
accuracy; Random agents who predict random values; Divided
where the top 50% of agents are Clairvoyant and the bottom 50%
Random; and Deciles where agents are divided in deciles with
decreasing predictive accuracy. Additional details regarding these
models can be found in Appendix A.3.

7.2 Evaluation Metrics

Previous work on peer selection has mostly evaluated mechanism
performance via the proportion agents selected from an assumed
ground truth ranking, i.e., recall at 𝑘 [6]. This is a useful metric, but
is insufficient to interpret the impact of different prediction models.
To fill this gap we define the mean lottery share for agent 𝑖 as
the average probability share 𝑖 was awarded across all predictions
in their review assignment, formally ℓ̄𝑖 = 1/𝑚∑

𝑗∈𝐴(𝑖 ) 𝐿𝑗 (𝑖). This
allows us to quantify an agents overall performance in the RBTS
lottery and check that the mechanism is incentivizing effortful
predictions by rewarding skilled predictors.

7.3 Results

Mean Lottery Share. Examining the measure of mean lottery
share, i.e., amount of reward for predicting well, across all experi-
mental values shows a small but positive impact when agents are
better predictors. In all cases the mean lottery share consistently
discriminates between agents based on prediction quality, however
the absolute differences are small. An example of this dynamic
in the Deciles population model can be seen in Figure 2 with ad-
ditional results in Appendix A.4. Selecting for parameter values



Figure 3: Mean recall and anti-recall of ground truth for combined PeerNomination and PeerBTS with Decile prediction

model.

which produce close to the maximal difference the gap in lottery
share between highly accurate predictors and random or low skill
predictors is ≈ 0.2, meaning about a 20% increase in reward. While
this is not as strong as we might like it does demonstrate the proven
theoretical incentive for agents to improve their predictions.

Mechanism Recall. The recall at 𝑘 of PeerBTS is not a primary
concern of our analysis. However, it is still useful to understand how
PeerBTS performs, especially as the share of selections assigned
to the RBTS lottery (reward) increases. This analysis is heavily
dependent on the assumption that higher quality agents are supe-
rior predictors. The impact on recall caused by selecting from the
RBTS lottery is entirely determined by the relationship between
agent quality and predictive effort/skill. For this reason we only
examine recall under the Deciles prediction model, as this model
most directly connects agent rank and effort.

As can be seen in Figure 3, the overall mechanism performance
declines as additional selections are allocated to to the RBTS (re-
ward) lottery. In particular, the prediction lottery selects more
agents outside of the true {1, ..., 𝑘}, leading to lower recall as 𝑑 in-
creases. This is consistent with the earlier measurements of lottery
share under the Decile model (Figure 2), as the relatively low differ-
ences in selection probability between agents means that PeerBTS
has a limited ability to select agents in the recall set if the link
between effort and quality is not sufficiently strong.

One advantage of PeerBTS is that it’s performance does not
greatly degrade as the overall noise Φ increases. In contrast, Peer-
Nomination (and by extension all other traditional peer selection
mechanisms) struggles as agent reviews diverge more dramatically
from the ground truth. Despite this advantage, our results suggest
that in most cases the prediction lottery share 𝑑 should be kept
relatively small relative to 𝑘 . That is, a few slots should be reserved
for the reward, but most selections should be made based on quality.

7.4 Results Discussion

Our simulations reveal distinct practical limitations in PeerBTS,
especially in regards to consistently rewarding/selecting skilled pre-
dictors. Even large differences in agent predictive accuracy, such as

those in the Divided and Decile models, had very small differences
in the mean lottery share given to the best and worst predictors
at .1041 and .3226 respectively. While this has no bearing on the
theoretical properties of PeerBTS, it suggests that any actual im-
plementation of the hybrid mechanisms we propose should be done
cautiously andwith the knowledge that any agents selected through
the RBTS lottery are not necessarily of particularly high quality in
the ground truth. The most obvious step to take to mitigate this
concern is to limit the number of selections made using the predic-
tion lottery, as only one selection is technically required to create
our desired incentive for high quality predictions.

8 CONCLUSIONS AND FUTUREWORK

We have presented a novel peer selection mechanism – PeerBTS –
that both incentivizes agents to report their true beliefs, as well as
incentivizing them to put in effort to “discover” their predictions
and beliefs. We show that to do so, the mechanism designer must
require agents to report more than just agent beliefs on their peers,
and we suggest a prediction algorithm based on RBTS [38] for
which the additional information is an estimate of others’ beliefs,
side-by-side by one’s own review. This prediction algorithm can be
combined with any other peer-selection mechanism, resulting in
a reward structure, such that the combined mechanism keeps the
truth-incentivizing properties of its component mechanisms, while
rewarding agents which have put in an effort.

We believe we are the first to suggest such a combination of
both truth and effort incentives, and we hope it will result in fur-
ther initiatives in this domain. Our mechanism in merely incentive
compatible, but we hope that a strategyproof mechanism is out
there as well . As our empirical evaluations show, there is plenty
more to do: first and foremost, trying to find an exact variant (or
show it is impossible), and secondly, constructing reward mecha-
nisms that more sharply differentiate between better and worse
reviewers. Additionally, it is fascinating to see what can be done
with further information requests beyond beliefs, and beliefs about
others’ beliefs.
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A APPENDIX

A.1 Proofs for Conditions for Incentive

Compatability

For the lottery mechanism described in Algorithm 2 to inherit
the strict Bayes-Nash incentive compatibility of the RBTS, RBTS’
conditions need to be met: All agents involved need to have a
shared admissible prior and there are at least 3 agents involved in
any given round of the lottery, which is equivalent to requiring
𝑚 ≥ 3. Of these, the admissible prior is the only difficulty, as we
have not previously defined the beliefs of agents involved in the
peer selection in probabilistic terms.

The requirements for an admissible prior are detailed inWitkowski
and Parkes [38], Definition 1, but for our purposes we need to define
a set of states 𝑇 with |𝑇 | ≥ 2 (𝑇 will be, for us, the state of nature
– any specific instantiation of agents’ beliefs) and common priors
𝑝 𝑗,𝑡 = 𝑃 (𝛼 𝑗 (𝑖) = 1|𝑡) such that:

(1) ∀𝑗, 𝑘 ∈ N , 𝑡 ∈ 𝑇 : 𝑝 𝑗,𝑡 = 𝑝𝑘,𝑡 .
(2) ∀𝑗 ∈ N , 𝑡 ∈ 𝑇 : 0 < 𝑝 𝑗,𝑡 < 1.
(3) ∀𝑗 ∈ N ∃𝑡1, 𝑡2 ∈ 𝑇 : 𝑝 𝑗,𝑡1 ≠ 𝑝 𝑗,𝑡2

We will show that assuming agent beliefs are sampled from the
same distribution fulfill these requirements. Such a distribution can
be a noisy variant of a ground truth, such as a Mallows’ distribution
[23] (the common theoretical assumption made by peer-selection
papers), or any other relevant distribution to the particular situa-
tion.

To prove Theorem 2, we first need several lemmata.

Lemma 1. If all agent beliefs (i.e., their preferences over others) are
drawn from shared distribution 𝐷 ∈ Δ(NN) (i.e., ∀𝑗 ∈ N : 𝜎 𝑗 ∼ 𝐷),
then there exists a shared prior ∀𝑖, 𝑗 ∈ N , 𝑑 ∈ 𝐷 (NN) : 𝑃 (𝛼 𝑗 (𝑖) =
1|𝐷).

Proof. Recall that 𝛼𝑖 ( 𝑗) =
{

1 if 𝜎 𝑗 (𝑖) ≤ 𝑞
0 otherwise.

. Thus, it is fully

determined by 𝜎 𝑗 – 𝛼𝑖 ( 𝑗) inherits the distribution from 𝐷 and we
have a shared prior over 𝐷 . □

As this result suggests, we will define states𝑇 as a set of distribu-
tions over beliefs. To satisfy the requirement that the prior be fully
mixed we take 𝑇 ⊆ Δ+ (NN) (Δ+ (𝑋 ) being items with full support
over the simplex of elements of 𝑋 ).

Lemma 2. If 𝑇 ⊆ Δ+ (NN) and 𝑡1, 𝑡2 ∈ 𝑇 exist such that ∀𝑗 ∈ N :
𝑝 𝑗,𝑡1 ≠ 𝑝 𝑗,𝑡2 , then any distribution over 𝑇 that supports 𝑡1, 𝑡2 forms

an admissible prior.

Proof. Lemma 1 shows that any shared distribution over prefer-
ences forms a shared prior for agent approval, satisfying condition
1. We can see that condition 2 since elements in 𝑇 have a positive
probability for any element inNN (yet only 𝑘 elements are selected
fromN ), each element 𝑖 ∈ N has a positive probability of not being
selected and of being selected, i.e., 0 < 𝑝 𝑗,𝑡 < 1, satisfying condition
2. Finally, condition 3 is satisfied as it is explicitly assumed by the
lemma. □

We can now finish proving Theorem 2:

Proof of Theorem 2. Lemmas 1 and 2 show that our use of the
RBTS algorithm, maintains its Bayes-Nash incentive compatible
property. So what is left is to show that our combination of the
RBTS with the regular mechanism (Algorithm 2) does so as well.
The probability of selecting agent 𝑗 in the final lottery over B is
proportional to the number of 𝑗 entries inB. Therefore, 𝑗 maximizes
their chance of being selected by maximizing the number of entries
they receive in B, i.e., by maximizing the number of expected wins
of lotteries 𝐿𝑖 where 𝑗 ∈ 𝐴−1 (𝑖). As each of these lotteries are
independent, we can consider 𝑗 ’s goal as maximizing 𝐿𝑖 ( 𝑗) for
some arbitrary 𝑖 . Since 𝐿𝑖 ( 𝑗) = Scores𝑖 ( 𝑗 )𝜖

2𝜖 ·𝑚 , and both 𝜖 and𝑚 are
set in advance, this means agent 𝑗 seeks to maximize their entry in
Scores𝑖 , i.e., their RBTS score.

We know that for agent populations ≥ 3 and under admissible
priors that the RBTS scoring mechanism is Bayes-Nash incentive
compatible [38, Theorem 9], and therefore that our RBTS lottery
mechanism is as well. □

Corollary 2. PeerBTS incentivizes agents to report 𝜎∗
𝑖
.

Proof of Corollary 2. Agent 𝑖’s chance of being selected in
𝑆𝑓 is not influenced by its 𝜎𝑖 , thanks to 𝑓 ’s strategyproofness. Agent
𝑖’s score in 𝐻 is also not improved by changing 𝜎∗

𝑖
. So no agent

would intentionally report 𝜎′
𝑖
≠ 𝜎∗

𝑖
, when 𝜎∗

𝑖
is known

Reporting a good 𝑏𝑖 is strictly beneficial for the score in 𝐻 . Thus,
producing a good estimate of others, requires putting in the ef-
fort required to produce a good 𝜎∗

𝑖
(as we noted in the comment

following Corollary 1). □

A.2 Simulation Parameters

Simulations were run with constant 𝑛 = 120, 𝑘 = 20 and varying
𝑚 ∈ {3, 4, 6, 9}, 𝑑 ∈ {2, 5, 10}, 𝑒 ∈ {1, 2, 4, 8}, 𝜑 ∈ {0.0, 0.2, 0.5} (re-
view board size, RBTS lottery selection size, lottery exponentiation
term, and dispersion parameter for agent profiles respectively).

A.3 Agent Prediction Model Details

In general, we can define an agent’s predicted profile with the single
dispersion parameter 𝜑∗

𝑖
as

𝜎∗𝑖 ( 𝑗) =
{
𝜎𝑖 𝑗 = 𝑖

𝜎∗
𝑖
∼ 𝑀𝜑∗

𝑖
(𝜎 𝑗 ) 𝑗 ≠ 𝑖

∀𝑗 ∈ N

Where𝑀𝜑∗
𝑖
(𝜎 𝑗 ) is the Mallows distribution on permutations of 𝜎 𝑗

under the dispersion parameter 𝜑∗
𝑖
∈ [0, 1] as discussed previously.

This is not a complete model of all ways agents could make pre-
dictions, but it is a flexible framework for studying the impact of
prediction quality on agent outcomes under PeerBTS. While any
set ofN 𝜑∗ values are sufficient to define the prediction skills of an
agent population, we restricted our simulations to four simplified
population models,
• Clairvoyant: ∀𝑖 ∈ N : 𝜑∗

𝑖
= 0.0, representing a population of

agents with perfect predictive accuracy.
• Random: ∀𝑖 ∈ N : 𝜑∗

𝑖
= 1.0, representing a population of

agents who make predictions uniformly at random.

• Divided: 𝜑∗
𝑖
=

{
0.0 𝑖 <

|𝑁 |
2

1.0 𝑖 ≥ |N |2
, representing an agent pop-

ulation where the top half of agents 1, .., |𝑁 |2 are perfect



predictors and the bottom half of agents are random predic-
tors.
• Deciles: 𝜑∗

𝑖
= 𝐷 (𝑖) ∈ {0.1, 0.2, . . . , 1.0}, representing a di-

vision of the agent population into discrete deciles where
agent ranking determines predictive accuracy.

The two uniform population models (Clairvoyant and Random)
are proof of concept population concepts intended to create sce-
narios where there is no connection between agent quality and
prediction ability, while the two mixed population models reflect
an assumption that high quality agents will be high quality pre-
dictors. We do not claim either that these are the only potentially

interesting population models, or that they reflect a realistic popu-
lation of agents, but they allow us to perform a basic performance
evaluation and ensure that PeerBTS functions well in stylized con-
text where underlying agent quality is directly correlated with their
predictive ability.

A.4 Expanded Lottery Share Figure

This is an extended version of Figure 2 which includes all tested
agent prediction models.



Figure 4: Lottery share for all population models at𝑚 = 3, 𝑒 = 8.0, and 𝜑 = 0.5.
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