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We present a method for information elicitation, where each agent truthfully reporting his information is a
dominant strategy, even when there is no ground-truth verification. It is well known that truthful elicitation in
dominant strategy can be achieved using proper scoring rules if we have access to the ground-truth (i.e. the
outcome of the event) and truthful elicitation at a Bayesian Nash equilibrium can be achieved with various peer
prediction mechanisms if ground-truth is not available. In this work, we first observe that if we have access to a
random variable that is a noisy version of the ground-truth with known bias, we can design surrogate scoring
rules to achieve truthful elicitation in dominant strategy. These surrogate scoring rules are inspired by the use of
surrogate loss functions in machine learning and they remove bias from the noisy random variable such that
in expectation a prediction is as if evaluated against the ground-truth. Built upon surrogate scoring rules, we
develop a dominant truth serum (DTS) to achieve truthful elicitation in dominant strategy when agents’ reports
are the only source of information that we have access to. In DTS, reports from other agents are treated as noisy
observations of the ground-truth and we develop a method to learn and then correct the biases in these reports
without having access to the ground-truth. In expectation predictions in DTS are as if evaluated against the
ground-truth.
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We are interested in eliciting private information from human agents with possibly subjective bias.
For instance, we may be interested in collecting information about the following questions:
• (Q1) Will people land on Mars before 2030? (yes/no)
• (Q2) Will artificial intelligence dominate over human in all intellectual games by 2025?
(yes/no)
• (Q3) Will the Nasdaq index go up tomorrow? (yes/no)
• (Q4) Will LeBron James leave Cavaliers next year? (yes/no)
The information we are interested in could be binary signals indicating whether agents believe the
answer should be yes or no. Or it could be their predictions about how likely a yes event will happen.
After the outcome reveals itself (at year 2030, 2025, tomorrow, next year respectively), the task left
is to design a scoring function to score each agent’s report using this realized outcome (ground-truth
for the answer). Collectively there is a literature named strictly proper scoring rule [Brier, 1950,
Gneiting and Raftery, 2007, Matheson and Winkler, 1976, Murphy and Winkler, 1970] designed
exactly for this type of questions. To be more concrete, say we are interested in eliciting information
about a binary event y ∈ {0, 1} from a set of human agents. Each of agents, say agent i, holds a
noisy observation of y, in the form of si ∈ {0, 1}, i ∈ [N] (signal), or pi ∈ [0, 1] the probability of
event {y = 1} happening under his belief (prediction). We unify the above cases and denote agent i’s
information as Ii , and the information space as I . Above information structure is common knowledge
among agents. In such a setting, a common way for incentivizing truthful report is to design a strictly
proper scoring function S : I × {0, 1} → R+ such that E[S(Ii , y)] > E[S(I˜i , y)], ∀I˜i , Ii . 1
It’s worth to note the above elicitation game is only between us and each individual agent, and
we call it a dominant strategy for each agent if truth-telling is indeed of their best interests. Strictly
1 Classical

strictly proper scoring rules were designed for eliciting predictions (probabilities), instead of a signal. But the ideas
naturally extend to signal elicitation cases as shown in [Miller et al., 2005].
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proper scoring rules have shown to be able to elicit good forecasts [Atanasov et al., 2015]. The
question becomes much trickier when there is no access to the ground-truth y (e.g., counterfactual
questions), or the ground-truth can only arrive after extensive delays (e.g., Q1&2 we listed above), or
it is too costly to obtain it (e.g., grading homework for a class with a large enrollment). The question
we would like to answer in this paper is:
Can we still achieve strict properness and dominant strategy elicitation
even when the ground-truth is missing?
We provide a positive answer to the setting where instead of the ground-truth signal, a noisy copy
of it can be observed, and we know the noise level in this signal. Achieving this, we are able to
extend the strictly proper scoring rules to the ones for the agnostic setting. We name such scoring
rules as surrogate scoring rules (SSR). We show using surrogate scoring rules, we are able to achieve
truthful elicitation in dominant strategy, without accessing the ground-truth. These surrogate scoring
rules are inspired by the use of surrogate loss functions in machine learning and they remove bias
from the noisy random variable such that in expectation a prediction is as if evaluated against the
ground-truth [Angluin and Laird, 1988, Bylander, 1994, Natarajan et al., 2013, Scott, 2015, Scott
et al., 2013]. This result immediately gives us an equilibrium implementation of truthful elicitation,
if the error rates of other agents’ reports are known. The idea looked similar to a recent work that
proposes proper scoring rule [Witkowski et al., 2017] at the first sight. But we would like to note
an unbiased proxy signal for the ground-truth is required to be known in above work, such that the
existing strictly proper scoring rules can be applied directly – this is arguably hard to achieve in
practice and makes the design task more challenging. Our design focuses on designing a surrogate
scoring function that remove bias in any such noisy ground-truth, and thus can cope with a much
more general setting.
We then further relax the assumption of knowing such a noisy ground-truth and its error rates,
and move to the second setting, where any additional information can only be elicited from other
peer agents. This question enjoys wider popularity and has been attempted continuously in the
past decade. Particularly, peer prediction [Dasgupta and Ghosh, 2013, Jurca and Faltings, 2006,
Miller et al., 2005, Prelec, 2004, Radanovic and Faltings, 2013, Witkowski and Parkes, 2012], a
class of mechanisms that have been developed recently, are often adopted for incentivizing truthful
or high-quality contributions from strategic sources when the quality of the contributions cannot be
verified. In light of above discussions, we will also refer to this setting as the peer prediction setting.
Built upon surrogate scoring rules, we develop a multi-task mechanism, dominant truth serum
(DTS), to achieve truthful elicitation in dominant strategy in the peer prediction setting. From a high
level, in DTS, we exposit peer agents’ information as ”noisy ground-truth’, instead of seeing them as
”peer reports”. We hope to first ”learn” or reason about how much noise is contained in this noisy
ground-truth ( as a result of other agents’ reporting strategies, but remains unknown a-priori). Then
we aim to apply our obtained results for surrogate scoring rule using this knowledge, such that we
will enjoy the dominant strategy reasoning for this peer prediction setting.
The contributions of this work summarize as follows. (1) We extend the classical proper scoring
rule setting for information elicitation to its agnostic setting, where only a noisy copy of the
ground-truth is available. We name this type of scoring rules as surrogate scoring rules. This
result complements the literature by providing a systematic way of quantifying the value of elicited
information, even when ground-truth is missing. (2) We apply surrogate scoring rule to the peer
prediction setting to obtain a dominant truth serum, with which it is always of human agents’ best
interest to truthfully report, regardless of other agents’ actions. (3) Our results unify both signal
elicitation with prediction elicitation, resolving one technical challenge in peer prediction for eliciting
continuous signals. (4) Our work also establishes some interesting conceptual connection between
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human bias and fact. We demonstrate that human bias is theoretically inferable, without access to
ground-truth, and without assuming any parametric models of human biased data. This observation
may be of independent interests for other studies. (5) It is worth to mention that our method requires
minimal amount of information – we do not require agents to report anything, other than their private
signal or prediction of the event.
Besides complementing the literature via extending the scoring rule results to a more robust and
noisy setting, our results are of significant application merits. Peer prediction has seen very little
empirical success, see e.g. [Gao et al., 2014], in spite of their thriving theoretical results. One
conjecture of the failure in practice is that existing approaches often establish their truthfulness based
on an equilibrium notion, that is it is agent’s best interest to truthfully reveal their answer, if all other
agents are truthfully reporting, as typically adopted in the game theory context. This equilibrium
notion exposes such mechanisms very vulnerable in practice, for several good reasons. First hardly
all other agents would be behaving rationally and be playing the equilibrium strategy, and hardly
agents trust the others would do so. Secondly, due to the existence of multiple equilibria besides the
“good equilibrium” where agents truthfully report, agents face the equilibrium selection issue [Banks
and Sobel, 1987, Harsanyi et al., 1988]. Without coordination, this will lead to a chaotic selection of
actions. These issues have become more concerned recently in presence of malicious manipulations
when applying these elicitation mechanisms to situations where parties of agents have incentives
to mislead others’ opinion. Consider a political opinion elicitation problem. Due to manipulations
of adversarial information (for either party’s interests), agents’ incentives for telling the truth will
severely degrade, and surely such information sources are not ”rational”. Thus we see a great need in
pushing the solution concept to a more robust regime.
In addition, often it is the case that peer prediction scoring functions measure the correlations
between reported information from agents. These scores do not necessarily reflect the quality of
agents’ reports; while strictly proper scores often do, as agents’ reports are calibrated against the
ground-truth. This raises concern when we would like to better interpret the scores to agents in the
peer prediction setting. Both SSR and DTS address the question of how to quantify the quality of
elicited information when ground-truth is missing, as effectively each agent’s reported elicitation is
calibrated against the ground-truth in expectation.
1.1

Related works

The most relevant literature to our paper is strictly proper scoring rule and peer prediction. Scoring
rules were developed for eliciting truthful prediction (probability) [Savage, 1971]. The pioneer works
include [Brier, 1950], where Brier scoring rule was proposed to verify the qualities of forecasts. Competitive scoring rule is proposed in [Kilgour and Gerchak, 2004] that each agent is scored according
to their relative forecasting accuracy to the average population. Closed-form characterizations are
given for strictly proper scoring rules in [Gneiting and Raftery, 2007]. Motivated by the complexity
of reporting the probability for events with large outcome space, property elicitation, such as mean,
variance etc of the forecast distributions, has been studied more recently [Frongillo and Kash, 2015,
Lambert et al., 2008]. Though in this paper we will not cover the property elicitation setting, our
results are ready to extend to cover this case. We leave this for future discussions.
The core idea of peer prediction is to score each agent based on another reference report elicited
from the rest of agents, and to leverage on the stochastic correlation between different agents’
information. This line of research started with the celebrated Bayesian Truth Serum work [Prelec,
2004], where a surprisingly popular answer methodology is shown to be able to incentivize agents
to truthfully report even they believe they hold the minority answer (but more likely to be true in
their own opinion). The seminal work [Miller et al., 2005] established that strictly proper scoring
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rule [Gneiting and Raftery, 2007] can be adopted in the peer prediction setting for eliciting truthful
reports (but the mechanism designer need to know details of agents’ model); following which a
sequence of followed up works have been done to relax the assumptions that have been imposed
therein [Radanovic and Faltings, 2013, Witkowski and Parkes, 2012]. More recently, [Dasgupta and
Ghosh, 2013, Witkowski et al., 2013] formally introduced and studied an effort sensitive model for
binary signal data elicitation. Particularly [Dasgupta and Ghosh, 2013] proposed a multi-task peer
prediction mechanism that can help remove undesirable equilibria that lead to low quality reports.
These results are further strengthened and extended to a non-binary signal setting in [Shnayder et al.,
2016].
It is worth to mention that our work borrows ideas from the machine learning literature on learning
with noisy data [Natarajan et al., 2013, Scott, 2015]. From a high level’s perspective, our goal in this
paper aligns with the goal in learning with noisy data – both aim to evaluate a prediction when the
ground-truth is missing, but instead a noisy signal of the ground-truth is available.
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