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Noisy Truth Beats Precise Lies: Blockchain-Enabled Information
Equilibria

Abstract

Truth-telling is essential to efficient allocation of resources but is often undermined by strate-
gic misreporting. We show how verifiably fair randomness, complemented by other blockchain
functionalities, can lead to truth-telling at the cost of introduction of random noise in informa-
tion transmission. The optimal trade-off between truthfulness and precision yields equilibria that
outperform those attainable without randomization in information transmission. We character-
ize two classes of information equilibria: information designated to directly trigger value transfer
via decentralized consensus (“enforcive information”), and strategic information sharing between
Bayesian-rational decision makers (“advisive information”). Our findings demonstrate usefulness
of randomized transmission in broad financial settings and illustrate the benefits of blockchain

technology for optimal mechanism design.

JEL Code: D43, D80, G14, L13.
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1 Introduction

Truth-telling is fundamental to financial interactions, yet absent sufficient incentives to behave
truthfully agents may choose to misreport their private information for personal gain. We propose
a novel solution empowered by blockchain technology, featuring verifiably fair randomness em-
bedded into information transmission, which facilitates truthful information sharing and improves
equilibrium outcomes. Intuitively, in a binary-state setting where a sender has incentives to mislead
others about the actual state of nature, as the probability of message flipping approaches 50%, the
expected gain from lying converges to zero because the message conveys diminishing information.
On the flip side, of course, injecting noise into messages/reports reduces the precision of information
transmitted.

This trade-off between truthfulness and precision allows us to identify an optimal degree of
artificial noise that yields messages more informative about the true state than in the absence of
such noise. We develop a theoretical framework that characterizes how orchestrated randomness
improves welfare in two broad types of information equilibria, corresponding to central contexts in
finance and economics in which information is generated, transmitted, and acted upon.

The first type of information equilibria features enforcive information, that is, the designated
function of information is to trigger value transfer rather than to change beliefs of decision mak-
ers. An example of this type of information is decentralized oracles, whose goal is to aggregate
information from multiple decentralized data providers.

Blockchain promises to solve the incomplete contracts problem (i.e., complex contingencies can
hardly be written down and verified ex post by a court in case of dispute, see, e.g., Tirole, 1999) by
smart contracts, which allow value transfers, in the form of cryptocurrencies, to be automated by
tamper-proof computer code. However, oracles powering smart contracts still rely on human truth-
telling because the basis upon which oracles aggregate information—in order to produce blockchain
consensus on the contingencies written in smart contracts—is reports submitted by data providers
fetching information from the off-chain world to the blockchain. Whenever off-chain information is
certified to be on-chain consensus, vulnerability to manipulation or strategic misreporting ensues,
which is termed as the oracle problem (see, e.g., Cong et al., 2025).

We show that a layer of random noise distancing the data providers from the aggregator of



reports (i.e., a pre-defined function of reports acting as the generator of decentralized consensus)
can, if optimally designed, significantly improve the quality of the resulting decentralized consensus.
Without artificial noise, the consensus’ deviation from truth is systematic and driven by strategic
misreporting; with such noise, the systematic part dwindles due to a dampened incentive to lie,
while random deviation emerges. Specifically, the pivot is that honesty is judged by—hence the
cost of lying is associated to—the message a data provider sends but not the version the aggregator
receives. Given a fixed cost of lying and an aggregator not discriminating the underlying precision
of any received report, a protocol designer can always find a transmission precision such that 1)
truthful reporting is incentive-compatible to a data provider and 2) the received report carries
nonempty information (i.e., it is not pure noise).

We further derive the optimal trade-off between truthfulness and precision in various situations,
whereby a protocol designer can orchestrate artificial noise to maximize the quality of decentralized
consensus. Depending on the situation, a protocol designer may assign customized transmission
precisions to keep all the data providers honest, or make a system-wide choice of randomization
when a data provider’s type is ex ante unknown, balancing data providers’ truth-telling probability
and the loss of information due to randomization.

Notably, blockchain technology makes randomized transmission of information technically feasi-
ble, thanks to its capacity of producing artificial randomness that is unpredictable, tamper-resistant,
and most importantly, verifiably fair, different from a variety of off-chain methods such as physically
flipping a coin (see, e.g., Randao, 2017).

The second type of information equilibria features advisive information, that is, the only channel
via which information impacts outcomes is by changing decision makers’ beliefs about the state
of nature. To illustrate the effect of randomized transmission of information in this setting, we
consider standard sender-receiver interactions with Bayesian rationality, where misreporting gain
can only be an off-equilibrium matter, yet a lack of commitment to truth-telling boils down to
an inability to credibly signal one’s own type ex post even though truthful revelation is ex ante
desirable for both parties.

Specifically, we model communication between two firms in the context of product market
oligopoly. T'wo firms produce substitutable goods and are subject to idiosyncratic demand shocks.

Each firm observes a private signal realization that (partially) reveals its own demand and shares



this information with its product market competitor. With updated information sets, the two firms
make production decisions noncooperatively. Truthful reporting is not automatically guaranteed,
because, for example, a firm may have incentives to overstate its demand to reduce the aggres-
siveness of its rival’s product market strategy. This renders ex ante desirable information sharing
not incentive-compatible, thus disabling communication that would have led to higher expected
equilibrium profits for both firms.

The first way blockchain can help with achieving a truthful-information-sharing equilibrium is
by enabling a smart contract that requires each firm to post collateral on the blockchain, through
which the incentive to misreport can be outweighed by a contingent loss of collateral triggered by
delinquency, given the ex post verifiability of the truthfulness of submitted reports. However, the
collateral-based mechanism for addressing truth-telling is imperfect, as the amount of collateral
required for proper incentivization of truth-telling may be high, rendering this solution impractical
for financially constrained firms or for firms with high opportunity costs of capital.

As a countermeasure, access to verifiably fair randomness allows to design a mechanism for
truthful (yet noisy) information sharing, which would lead to a second-best equilibrium. Such
equilibrium is preferred to the non-information-sharing equilibrium that arises in the absence of
randomized transmission when the first-best equilibrium with truthful and precise information
sharing is unattainable due to collateral limitations.

In a nutshell, the two types of information equilibria offer an integrated perspective of how
verifiably fair randomness, complemented by smart contracts empowered by blockchain consensus,
incentivizes agents to behave truthfully, and extends the set of equilibria involving both enforsive
and advising information.

Our paper contributes to the blockchain mechanism design literature, in which the central
problem involves the construction of a consensus protocol that provides decentralized, inherently
self-interested data providers with incentives leading to truthful recording (Abadi and Brunner-
meier, 2018; Biais et al., 2019; Cong and He, 2019; Chiu and Koeppl, 2019; Goldstein, Jiang, and

Karolyi, 2019; Leshno and Strack, 2020; Breidenbach et al., 2021; Cong, He, and Li, 2021; Hal-

Tt follows from the discussion above that a fair clearance of collateral must rely on a high-quality decentralized
consensus, which we assume when studying the advisive type of information equilibria. Stated differently, while
the firms’ reports are directly recorded on the blockchain, oracles are still required to collect and validate off-chain
information, such as product prices and quantities sold.



aburda, He, and Li, 2021; Gans and Gandal, 2021; Saleh, 2021; Drakopoulos, Lo, and Mulvany,
2022; Gans and Holden, 2022; Garratt and Monnet, 2022; Benhaim, Falk, and Tsoukalas, 2023;
John, Kogan, and Saleh, 2023; Cao, Cong, and Yang, 2025; Cong et al., 2025).

This literature studies trade-offs within various consensus protocols. For example, Abadi and
Brunnermeier (2018) demonstrate a blockchain trilemma among fault-tolerance, resource-efficiency,
and full transferability; Leshno and Strack (2020) examine a trilemma involving anonymity, lack of
consolidation, and Sybil incentives, facing blockchain miners; Garratt and Monnet (2022) show that
truthfulness cannot be guaranteed in fully decentralized systems without deontological preferences
toward truth-telling; Cong et al. (2025) examine a trilemma involving scalability, decentralization,
and truthfulness, facing blockchain oracles.

Other papers in this literature examine specific mechanisms and phenomena related to blockchain
consensus. For instance, Biais et al. (2019) study the occurrence of forks (i.e., coexistence of multi-
ple, potentially conflicting sequences of blocks) which can jeopardize consensus quality; Halaburda,
He, and Li (2021) investigate Byzantine fault tolerant (BFT) mechanisms on blockchain, with an
emphasis on maintaining consensus quality in the presence of malfunctioning nodes and strategic
dishonesty; Saleh (2021) compares properties of Proof-of-Work (PoW) consensus mechanism and
Proof-of-Stake (PoS) one; Cong, He, and Li (2021) examine the effects on decentralization of con-
solidation of miners (i.e., “mining pools”); Benhaim, Falk, and Tsoukalas (2023) explore potential
benefits of generating consensus through a small committee of elected miners.

Our paper also contributes to the long-established literature on product market competition
with private information (Novshek and Sonnenschein, 1982; Li, 1985; Gal-Or, 1985, 1986; Ziv,
1993; Raith, 1996; Einy, Moreno, and Shitovitz, 2002; Amir, Jin, and Troege, 2010; Jain, Seshadri,
and Sohoni, 2011; Goltsman and Pavlov, 2014; He, Chen, and Shen, 2018; Bimpikis, Crapis, and
Tahbaz-Salehi, 2019; Argenton, Ivanova-Stenzel, and Miiller, 2024; Flor et al., 2025) by analyzing
equilibria that are made possible in reality by blockchain technology and, in particular, by veri-
fiably fair randomness. In particular, the information design problem for two competitive firms
can be benchmarked against Gal-Or (1985, 1986) and Raith (1996), but a fundamental difference
between these papers and ours is that the former ones assume truthful reporting. FExisting solu-
tions to potentially dishonest firms include costly messages (Ziv, 1993) and collateral staking (Flor

et al., 2025). The solution proposed in our paper is a design of information sharing that involves



randomized transmission of reports.

Our paper also relates to the literature on Bayesian persuasion (Kamenica and Gentzkow, 2011)
under limited commitment power and/or mediation (Perez-Richet, 2014; Best and Quigley, 2016;
Salamanca, 2021; Arieli, Babichenko, and Sandomirskiy, 2022; Drakopoulos, Lo, and Mulvany,
2022; Lipnowski, Ravid, and Shishkin, 2022), in which truthful reporting is generally not ex post
optimal for a sender. Best and Quigley (2016) casually point out the potential of blockchain to
act as a mediator strengthening commitment in repeated persuasion games. This idea is developed
in Drakopoulos, Lo, and Mulvany (2022) which rely on costly messages relayed by blockchain
per an information structure specified ex ante. Our paper contributes to this literature in two
fundamental ways. First, our framework does not necessarily rely on Bayesian rationality—for
example, the aggregator of reports may behave as a mechanical counting machine regardless of
the data-generating process behind each report. Second, we model strategic interactions in the two
types of information equilibria, in contrast to stylized sender-receiver models in Bayesian persuasion,
most of which are effectively nonstrategic.

The remainder of this paper is organized as follows: Section 2 analyzes the enforsive information
equilibria, in the context of production of decentralized consensus; Section 3 analyzes the advisive
information equilibria, through the lens of communication among product market competitors;

Section 4 concludes. All mathematical proofs are delegated to the Appendix.

2 Information Equilibrium in Decentralized Consensus

One of the fundamental functions of blockchain is producing decentralized consensus that serves
as basis for state-contingent value transfer via smart contracts (Cong and He, 2019). However,
blockchain is inherently oblivious to events occurring outside of it (i.e., off-chain events). In other
words, many contingencies are observable but difficult to verify by an external arbitrator (e.g., a
court), which makes contracting on such contingencies feasible in principle yet prohibitively costly
in practice (e.g., Hart and Moore, 1988). Blockchain circumvents this problem via oracles, i.e.,
mechanisms for aggregation of information provided by parties external to the blockchain. Smart
contracts powered by these oracles ensure that state-contingent value transfer can be executed in

a frictionless way.



However, decentralized consensus does not necessarily reflect the true state of nature. Loosely
speaking, a decentralized consensus is a voting outcome. Each member in a designated set of data
providers, who can access ground truth, is asked to submit a report on what she observed, e.g.,
whether a delicate good was successfully delivered, after which a prespecified function maps the set
of reports to a consensus on the state of nature. Conceivably, truthful reporting may or may not
be in the best interest of a data provider. As a result, incentivizing truth-telling is crucial for the
production of reliable decentralized consensus.

We demonstrate that another important function of blockchain, namely producing verifiably fair
randomness, offers a promising solution to the truthfulness problem. Intuitively, lying generates
both benefits and costs to a data provider. The role of randomness that is artificially added into
information transmission is to obfuscate the benefits while leaving the costs unchanged, until the
latter outweighs the former. Truthful information sharing achieved by means of introducing noise
into information transmission to the blockchain does not come without a cost: randomness can
compromise the quality of consensus by reducing its precision. Our model shows that there is an

optimal trade-off between truthfulness and precision that maximizes the quality of consensus.

2.1 Setup

Technology. There are n data providers, each of which independently observes the same binary state
of nature w € {0, 1}, i.e., the ground truth. A generic data provider, denoted by 4, submits a report
r; € {0,1} to a transmission technology middleware parameterized by 7;, while the transmission

technology sends a randomized report 7; € {0, 1} distributed as
P(fi = ’f’i) = T; (1)

to an aggregation protocol deployed on a (decentralized) blockchain. The aggregation protocol

produces the decentralized consensus & € {0, 1} according to

n

P@=1)=) \f; (2)

i=1



where i, ..., A\, are positive weights summed to one. That is, the probability of generating a
particular consensus equals the weighted fraction of received reports of the corresponding state. A
data provider is referred to as truthful if her submitted report is consistent with the observed ground
truth, i.e., r; = w. We define a transmission protocol as a collection of transmission technologies
assigned to the n data providers, {7, ..., 7,}, which are assumed to be independent. Without loss
of generality, assume 0.5 < 7; < 1 so that it admits an interpretation of transmission precision. A
transmission protocol is referred to as deterministic if m = ... = 7, = 1—this is the corner case
examined in Cong and He (2019).
Preference. A data provider, which is assumed to be risk-neutral, has a von Neumann-Morgenstern

utility function?

wi(ri, w,w) = bilw — &| — hi|r; — wl, (3)

where b; > 0 is the benefit (e.g., payment from an on-chain derivatives position or a bet on a
prediction market) of reaching a false consensus and h; > 0 the cost of misreporting—of a report
that is at odds with the ground truth, i.e., r; # w. For example, it is widely accepted that
economic agents have a nonpecuniary aversion to lying even in a cheap-talk communication (see,
e.g., Lundquist et al., 2009; Gneezy, Kajackaite, and Sobel, 2018; Bao et al., 2024). More broadly,
even in situations in which truthfulness cannot be verified, agents often refrain from lying despite
the potential for pecuniary gain, due to for instance reputational concerns®. This specification
follows Cong and He (2019). We show in Section 2.5 that our results are robust to incorporation of
another (parallel, not mutually exclusive) type of cost triggered instead by being inconsistent with
the consensus (i.e, r; # @) and taking the form of collateral forfeited by data providers.

A data provider’s problem then reads as max,,cqo1} E[ui(ri, w,®)]. As a tie-breaking rule, we
assume that a data provider reports truthfully in case of indifference, that is, r; = w in case
Elui(w, w,®)] = E[u;(1 — w,w,®)], which guarantees a unique optimal choice.

Quality of Consensus. The quality of decentralized consensus is proxied by the minus variance

—V[w — @] evaluated ex ante (i.e., before w is revealed to anyone). We assume for simplicity an

*In Section 2.5, we will introduce the generalized utility ;(r:,w, @) = bilw — & — hi|rs — w| — mi|ri — &| where
1; > 0 reflects a sum of collateral forfeited when being at variance with the consensus.

3For example, large oracle providers, such as Chainlink and Pyth Network are known to occasionally remove
providers of faulty data.



uninformative prior for any potential information user, which may or may not be a data provider

at the same time. An uninformative prior guarantees identical ex ante variances as V[w] = V[@],

so that we have the simplification

Vw — &) = ~V[w] — V[&] + 20/ Vw]V[&] = 0.5(p — 1) (4)

where —1 < p < 1 denotes the Pearson correlation coefficient between w and @. Also, as we show
in Eq. (A3) in the Appendix, —V[w — @] = P(& = w) — 1. It is therefore evident that —V[w — @] €
[—1,0] measures to what extent the consensus approximates ground truth. In particular, —V{w —
w|] =0 (=V][w — @] = —1, respectively) when all data providers report truthfully (untruthfully,

respectively)?.

2.2 A Data Provider’s Choice

It is evident from Eq. (3) that while a data provider’s utility depends on other data providers’
choices, the utility difference of truth-telling and misreporting does not, as the marginal effect
of an individual data provider’s report, r;, on the aggregated consensus, w, is constant. As a
result, the choice of r; involves no strategic consideration®. Under a deterministic transmission
technology (i.e., 7;, = 1), the trade-off for a data provider is fairly straightforward: using truthful
reporting as a benchmark, misreporting increases the probability of reaching a false consensus by
A; and therefore increases expected utility by A;b; but incurs a cost of h;,—hence, the incentive-
compatibility constraint for truth-telling is A\;b; < h;.

Under randomized transmission, in contrast, with probability 7; (1 —7;, respectively) misreport-
ing (truthful reporting, respectively) contributes to reaching a false consensus (i.e., ends up with
7; # w), while only misreporting incurs the cost h;. Put differently, in the state 7; # r;, truthful
reporting reaps the benefit A\;b; while avoiding the cost h; (i.e., double good news), whereas mis-

reporting misses the benefit A\;b; while bearing the cost h; (i.e., double bad news). As a result,

randomized transmission curbs the incentives to misreport, as formalized in the proposition below.

“When all data providers report truthfully, & = w with probability one and hence —V]w
all data providers report untruthfully, @ = 1 — w with probability one and hence —V[w — @]
~V[2w —1] = —E[(2w — 1 — E[2w — 1])?] = —E[(2w — 1 — 0)?] = —1.

SStrategic interactions will arise if we introduce an additional penalty triggered by being inconsistent with the
consensus, i.e, r; # @ - we address this matter in Section 2.5.

3] = —V[0] = 0. When
=-Vw-(1-w]=

> |



In the noisiest transmission case, 7; = 0.5, 7; is independent of r; and hence the data provider sees

no benefit of lying, while the cost of lying remains unchanged at h;.

Proposition 2.1. A data provider’s optimal choice is given by

w, (27’2 - 1))\sz S hl

Ty = . (5)
1 —w, (27’i — 1))\1172 > h;

As a result, one can always find a transmission precision for data provider i, such that 1) she

reports truthfully and 2) the randomized report 7; carries nonempty information to the aggregation

protocol, i.e., it is not pure noise.

Proposition 2.1 highlights a trade-off between truthfulness and precision—using a more precise
transmission technology requires more commitment to truth-telling, which is, unfortunately, scarce
in many contexts. Whilst it is widely accepted that decentralization increases truth-telling, that
is, as n — oo and hence \; — 0 we always have ] = w, decentralization does not come without
a cost—each data provider needs to be compensated. Proposition 2.1 illustrates a new channel to
achieve truthfulness without resorting to a large number of data providers—reduction in information
transmission precision, 7;. On the flip side, it is perhaps not surprising that randomization has a
side effect of introducing noise into aggregated consensus. As a result, randomization should be
used as a remedy when the first-best outcome (i.e., truthful and precise information) cannot be
achieved within a given network of data providers. We provide a rigorous analysis of the effects
of randomized transmission on the overall quality of decentralized consensus—which trades off

truthfulness and precision—in the next subsection.

2.3 Consensus Quality and Optimal Information Design

The quality of decentralized consensus is jointly determined by the truthfulness and precision of the

individual reports collected from the data providers, as characterized in the following proposition.

Proposition 2.2. The quality of decentralized consensus is given by

—V[w—a]=— (1 =D\ [Tiﬂﬂ_< b1t (1— Ti)ﬂwﬂﬁb (6)
i=1 i

220

10



where I denotes the indicator function.

Proposition 2.2 implies that, with truthfulness (i.e., 7, < 2/}\Liibi + %) a higher transmission
precision enhances consensus quality, whereas without truthfulness (i.e., 7; > %zlbz + %) a higher
transmission precision jeopardizes consensus quality, because a data provider’s contribution to
—V]w — @] is A;7; in the former case but A\;(1 — 7;) is the latter case. To design a transmission

protocol maximizing the quality of consensus, we should minimize the noise during transmission

while keeping the data providers truthful. This logic is captured in the following proposition.

Proposition 2.3. The problem max,, . —Viw —&| has a unique solution

« : hi 1 .
T; —mln{1,2)\ibi+2},z—1,...,n (7)

under which every data provider reports truthfully. The mazimized consensus quality is

. (1 . ZA> | ®)

which improves upon the consensus quality under a deterministic transmission protocol by y ;" | T Aillr<1.

Figure 1 shows the quality-improving effect of optimally randomized transmission, with a set
of homogeneous data providers. The two panels differ in the cost of misreporting: the cost (to
each data provider) is higher in (a). The consensus quality under a deterministic transmission
protocol, illustrated by solid lines in both panels, is a binary-valued function (weakly) increasing in
n—it either achieves the first-best outcome such that the information used to feed the aggregation
protocol is both precise and truthful, or degenerates to the worst outcome when the incentive-
compatibility constraint for truth-telling is not satisfied: recall that without truthfulness a higher
transmission precision is detrimental to consensus quality. In contrast, consensus quality under
an optimally randomized transmission protocol is smoothly increasing in n. The reason is that
when the first-best outcome is not feasible due to insufficient truth-telling incentives, randomized
transmission allows to achieve the second-best outcome, in which the information is noisy but

truthful.

11
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Figure 1: Quality of Consensus: Deterministic vs. Randomized Transmission. This
figure plots the quality of consensus —V[w —®] formed under the deterministic transmission protocol
(solid lines) and the optimally randomized transmission protocol (dashed lines) respectively, with
parameter values b; = 1, \; = 1/n,i=1,..,n, hy = ... = h, = 0.1 in (a), and h; = ... = h, = 0.01
in (b).

2.4 Cost of Misreporting as Private Information

In practice, it may be infeasible for a protocol designer to observe the misreporting costs h1, ..., hy, ex
ante, which makes it difficult to design a customized transmission precision for each data provider.
This subsection characterizes a protocol designer’s problem in the presence of a set of ex ante
homogeneous data providers with the distribution of h; known, while the realization of each h; is

ii.d. .
~ Ry, i=1,...,n;

unknown. In the remainder of this subsection we assume: \; = 1/n, b; = b, h;
Fy, is the c.d.f. of a positive, continuous random variable. Given the ex ante homogeneity of data
providers, it is without loss of generality that we restrict attention to the choice of a single 7 such

that 7, = ... = 1, = 70.

Proposition 2.4. With ex ante homogeneous data providers whose h;’s are unknown and dis-

tributed according to Fy, the quality of decentralized consensus is given by

Viw— @] =7 — (27 — 1)F) (b(%n_l)> Y ()

Proposition 2.4 offers a revealing factorization of the trade-off between truthfulness and pre-

cision. Fp (@) is the probability of lying for a generic data provider, which is increasing

5See Eq. (A12): maximizing —V]w — @] is equivalent to maximizing each data provider’s contribution separately.

12



in the transmission precision 7 and is decreasing in decentralization n; moreover, the detrimen-
tal effect of lying is amplified by a higher transmission precision, as reflected in the coefficient
(27 — 1) > 0 that multiplies Fj,. As T increases, the gain term in Eq. (9), 7, increases yet the
loss term (27 — 1) Fj, (B(LH_I)) also increases, such that the optimal trade-off is determined by the
relative magnitude of the two competing forces. In particular, lim, . Fp (E(L{l)) =0, i.e., for a
large n, the loss term vanishes and the optimal transmission precision is simply 1. Put differently,
noisy transmission is useful only for a limited number of data providers, similar to the result for
known costs of misreporting in Section 2.3, illustrated in Figure 1.

As a concrete example, when F}, is the uniform distribution over [0, b], the consensus quality is

given by
—V[w-0]=T— —————1, (10)

which features a linear gain and a quadratic loss in 7; the benefit of decentralization appears in
the denominator of the quadratic term. The optimal design problem maxs= (? — @ — 1) has a
unique solution 7* = min {% + 3, 1}, at which from the protocol designer’s perspective the truth-
telling probability of each data provider is max {%, "T_l} Interestingly, as n increases from 1 to 4,
the protocol designer has more “resources” to allocate between truthfulness and precision. In this
range of n, the optimal design is one that keeps the truth-telling probability at % while increasing
precision as much as possible, until the transmission precision reaches its upper bound of 1 at n = 4.
When n > 4, the optimal precision is fixed at 1, with a truth-telling probability growing with n;
since the support of F}, starts from 0, the truth-telling probability never reaches 1 under a finite n.

Figure 2 (al)—(a3) characterize the example discussed above with b = 1 and F}, = Uniform(0, 1).
As in (al), the optimally randomized transmission protocol improves consensus quality upon that
under the deterministic transmission protocol. The reason is that, as (a2) suggests, randomness
brings about a higher chance of having a truthful data provider, since truth-telling is endogenous.
The incremental truthfulness comes at a cost of precision, as illustrated in (a3) which plots the
respective transmission precisions. Figure 2 (b1)—(b3) depict the case where the cost of misre-
porting is lower, by adopting Fj, = Uniform(0,0.1). As expected, while the patterns are similar, a

lower misreporting cost entails a higher degree of decentralization (i.e., a larger n) for a protocol

13



to attain the same consensus quality. Unlike that in (al), in (bl) the consensus quality under
deterministic transmission remains at its lower bound for small n’s. This is because, under deter-
ministic transmission, the quality improvement driven by decentralization cannot manifest itself
until Fj, (@) = Iy (g) < 1; by contrast, under optimally randomized transmission, the con-
sensus quality is strictly increasing in n. Overall, the marginal benefit of optimally randomized

transmission is especially salient when n is small.
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Figure 2: Quality of Consensus with Unknown h;’s: Deterministic vs. Randomized
Transmission. This figure plots the quality of consensus —V|[w — @] formed under the determin-

istic transmission protocol and the optimally randomized transmission protocol respectively, with
parameter values b; = 1, h; i Fn, \i = 1/n, i = 1,...,n; in particular, Fj, = Uniform(0,1) in

(al)-(a3) and F}, = Uniform(0,0.1) in (b1)-(b3).

2.5 Collateral and Truth-Telling

As relying on the non-pecuniary aversion to lying may not be sufficient, an oracle provider may
incentivize truthful reporting through a contingent forfeiture of a data provider’s collateral (i.e.,
stake). As @ is the unique enforced consensus on w and hence the unique trigger of value transfer

where relevant, a designated penalty on dishonesty can only be contingent upon w rather than w.

14



This motivates a generalized utility function of a data provider:

ﬂi(ri,w,d)) :bi|UJ*L:)|*hi|7“i*w|*?7i|’l”i*(2}’ (11)

where n; > 0 is a sum of collateral the data provider posts on the blockchain, which is forfeited
when she is judged to be dishonest, i.e., r; # @. Clearly, when n; = 0 Eq. (11) degenerates to
Eq. (3).

The following proposition shows, perhaps surprisingly, that the introduction of collateral-based

incentives does not really interfere with the role of randomization in eliciting truth-telling.

Proposition 2.5. When the utility includes forfeiture of collateral in case of deviations from con-
sensus, as in Eq. (11), a data provider’s optimal choice is given by

- w, 21 —=1)Nb; — (2pi — )mi < hy 12)

1—w, (27’1' — 1))\152 - (2]91' - 1)77i > h;

where p; = Pi(w = w|r; = X), X ~ Bernoulli(0.5), is the probability, evaluated under the data
provider’s subjective belief, of reaching a true consensus when the data provider herself babbles.
With homogeneous data providers, i.e., \; = 1/n, bj =b, hy = h, 7, =7, 7: =7, i = 1,...,n, there
exists either a truthful equilibrium or a untruthful equilibrium or both. The region in which the two
equilibria coezist is given by h € T where

7= ,
n n

(27 =D -n(n+1-27)) 27 -1)(b+7(n+1— 27») ’ o

such that when h > supZ (h < infZ) only the truthful (untruthful) equilibrium exists. Focusing on
the Pareto-dominant equilibrium within the coezisting region, the equilibrium is truthful (untruthful)
if h > @ (h < L;l)b), which does not depends on 7. As a result, the optimal transmission

precision is given by T* = min {1, %}, which is the same as that implied by Proposition 2.3.

Intuitively, the intrinsic value of truth/lie is determined by h; and b;, while the collateral-
based incentives only matter with data providers’ subjective beliefs. For example, consider a very
large 7; under which the collateral-based incentives dominate. In this case, the game “converges”

to a unanimity game as in Harsanyi and Selten (1988, p. 213), such that unanimity is the only
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consideration, be it a truthful one or an untruthful one.

Pareto-efficiency is not the only equilibrium selection rule in the coexisting region; there are
alternative selection rules (e.g., risk-dominance as in Harsanyi and Selten (1988)). It is difficult,
however, to find a selection rule that predisposes the game to either of the two equilibria. One
exception is the argument that, in the absence of prior communication, truth is more salient than
a lie as a point to be coordinated towards even when the choices have the same intrinsic values, in
the spirit of Schelling (1960).

Thus, we may assume that the equilibrium in the coexisting region is truthful (untruthful) if

7> (27—1)(b—7j(n+1-27)) (h < (27—1) (b—7(n+1-27))

o ), instead of focusing on the Pareto-dominant one.

In this case randomization still helps to achieve truth-telling, especially when h and 7 are small

and b is large, as 7 can be chosen low enough that (2?71)(572(7&172?)) falls below h.

3 Information Equilibrium in Product Market Competition

The model in the previous section generalizes the framework of decentralized consensus initiated
by Cong and He (2019): in order to elicit truth-telling, we add verifiably fair random noise into the
transmission of information from the data providers to the aggregator of reports, which leads to an
information design problem trading off truthfulness and precision. In this section we examine an-
other example of benefits of randomized transmission—that of information sharing among product
market competitors, modifying established results in that literature.

Unlike the decentralized consensus depicted in Section 2, information equilibrium in product
market competition involves multi-faceted strategic considerations. An important distinction be-
tween the two settings is that in product market competition, information is advisive but not
enforcive. This implies that no participant can profit from cheating: if truthful reporting is not
incentive-compatible for a firm, a rational receiver will treat the firm’s report as cheap talk. A
lack of commitment to truth-telling leads to cheap-talking (Crawford and Sobel, 1982), eliminating
information sharing that could make both parties better off.

One solution to the cheap talk problem enabled by the blockchain and smart contracts is staking,
as in Flor et al. (2025): a firm posts collateral on the blockchain, which is forfeited if misreporting

is detected. However, staking requirement may discourage participation, especially for financially
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constrained firms, as liquid assets are scarce.

We demonstrate that adding randomness into the communication between firms enables achiev-
ing a truth-telling equilibrium with an infinitesimal participation hurdle. Specifically, given any
strictly positive amount of collateral, one can find a maximum truth-telling transmission precision
for the firm, in the same vein as the truthfulness-precision trade-off in Section 2. In what follows,
we characterize the Nash equilibrium where transmission precisions are endogenously determined

and transformed into real impacts through subsequent production decisions.

3.1 Setup

Consider two firms j and —j in a Cournot duopoly, each of which maximizes its expected profit”,

with a linear demand curve
-Pi:ai_Qi_Q—i?ie{ja_j}v (14)

where ¢ defines a generic firm. The production quantity ); is the corresponding firm’s choice
variable, and the unit cost of production is constant and normalized to zero, which implies a profit
of Qi(a; — Q; — @Q—;). The demand function in Eq. (14), where the two products are perfect
substitutes, is a reduced form derived from the standard full specification (see, e.g., Vives, 1999)

of a representative consumer’s utility when g =~ = 1:
1
U=a;Q;+aQ-5 =5 (B@Q + Q%) +29Q,Q-) — P,Q; — P-,Q-, (15)

where 8 > 0 measures the rate of getting satiated and v € [—[3, 5] measures substitutability. Rather
than developing a general model of information sharing in the context of product market competi-
tion as Raith (1996), our aim is to keep a clean incentive to misreport. Thus, we choose a setting
in which a firm has the strongest incentives to overstate (but not understate) demand in communi-
cation in order to reduce (but not increase) its rival’s output. Moreover, with perfect substitutes,

unidirectional information disclosure is ex ante beneficial to a firm, as shown below. This helps to

"Unlike Section 2, in this section we do not incorporate a nonpecuniary aversion to lying, i.e., we assume profit-
maximizing oligopolistic firms not affected by behavioral considerations, in contrast to largely atomistic data providers
in decentralized consensus.
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abstract from potential bargaining in which each firm would trade off the loss from information
outflow and the gain from information inflow—an effect that is only tangentially relevant to our
main argument.

The intercepts of demand for the firms’ products, (a;, @_;), are independent random variables,

binary-valued in

{a,a} ={a(l—¢€),a(l+¢)} (16)

with equal probabilities, where a > 0 is the mean and € € [0, 1/3] parameterizes the dispersion—the
range of € is such that we focus on non-extreme demand fluctuations in which the higher value @
is no more than two times of the lower one a®.

The two firms are ex ante symmetric except for a potential difference in their respective col-
laterals (7n;,7—;) posted on the blockchain, which are predetermined. The timeline of the game
is as follows. At ¢t = 0, firm ¢ publicly sets up a transmission technology 0.5 < 7, < 1. At
t = 1, firm 7 privately observes a noisy signal realization of its own demand, &; € {a,a} in which
P(&; = o) = ¢ > 0.5. At t = 2, firm 7 submits a report r; € {a, @} to its prespecified transmission
technology. At ¢t = 3, 7; € {«, @} distributed as P(7#; = r;) = 7; is revealed to firm —i. At ¢t = 4,
firm 4, who is equipped with the information set (&;,7_;), chooses its output @Q;. At ¢ = 5, the

market clears and firm 4 forfeits its collateral n; if it misreported, i.e., submitted 7; # &;”. Figure 3

provides an overview of the timeline.

Firm j (—j, resp.) Based on r; (r_j, resp.), Market clears. Firm j (—j,
privately observes 7; (F_;, resp.) is revealed resp.) loses its collateral 7,
demand signal &; to firm —j (j, resp.) per (n—;, resp.) in case r; # &;
(G_j, resp.). the precision 7; (1_;, resp.). (r_; # 6_j, resp.).
! I I ! I |
0 1 2 3 4 5
Firm j (—j, resp.)

Firm j (—j, resp.) Firm j (—j, resp.)
publicly specifies submits r; (r_j, resp.). chooses output Q;
7; (7_j, Tesp.). (Q-_j, resp.).

Figure 3: Timeline.

As we shall see in Section 3.3, whether truthful reporting is incentive-compatible for firm 3

8This restriction ensures a nonnegative expected equilibrium price under any realization of the pre-production
information set.

Q . . . a1 A~ . .

9This requires ex post verifiability of &;, which we assume for now but relax in due course.
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is determined by its own collateral-precision pair (n;,7;) but unaffected by the rival firm’s profile
(n—i, 7—i). We assume for simplicity that if firm i’s profile (n;, 7;) fails to prove incentive-compatible
truthfulness, it is excluded from sending information immediately after time 0, which gives it a de
facto outside option of abstaining from sending information with no penalty. This outside option,
by ensuring the ex ante freedom of not committing to sending information, makes the assumption
of predetermined collateral innocuous. As in Section 2, we adopt the tie-breaking rule in favor
of truthfulness, that is, a firm reports truthfully whenever misreporting yields the same expected

payoft.

3.2 Production Equilibrium under a Given Information Set

To study the endogenous determination of (7;,7_;), we use backwards induction. We clarify in
this subsection the equilibrium production profile (Q;, @—;) and the subsequent profit under the
assumption that the two firms have performed truthful information sharing via a given (7;,7—;).
Importantly, truthful information sharing may not be incentive-compatible; it is an assumption in
this subsection which we endogenize later.

The pre-production information set of firm i is given by I; = (&;,7—;) which consists of its own
private information &; and its rival’s randomized report #_;. Denote by {Q;(d&i,7;)}ieq;—j) the
Bayesian Nash equilibrium in this subgame—it exists and is unique, as we will show later. Using

a standard first-order-condition argument of expected profit maximization, we have

Qi(Gy, i) = zE; [y — Qi(G—s, 73) |Gy, 7] . (17)

Since each firm’s information set has four possible states, condition Eq. (17) yields a system of

eight equations, with eight unknowns, namely

{Qi(d&i, i) Yiegj—j).aie{aa)isc{aal (18)

which, upon solving, provides the unique Bayesian Nash equilibrium given any state of (I;,1_;);

though in a closed form, the solution is tedious and delegated to Eqgs. (A17)—(A20) in the Appendix.
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Firm i’s expected equilibrium profit evaluated by itself using the information set I; is then:'°
(G, 7)) = Bi [Qi(Gu, i) (i — Qi( iy 7—i) — Q—i(G—iy 7)) |Gy 7] - (19)
The next proposition characterizes the comparative statics of a firm’s production decision with

respect to the pre-production information set as well as the transmission technology.

Proposition 3.1. Assume that the two firms have shared information truthfully. A firm produces
more (less) when its own demand intercept (its rival’s demand intercept) is likely to be high, that

18,
Qi(a,7—;) — Qi(a,7—;) >0, Qi(&y, @) — Qi(d;,a) < 0. (20)

Moreover, a firm’s production decision is more sensitive to its pre-production information set under
higher transmission precisions, that is,

Qi(a, ) — Qia, 7—;) >0 sz‘(@i@) — Qi(&y, ) <0

d . 21
dr; o dr—_; o ( )

Communication results in a de facto coordination, as it enables a firm to respond to the rival
firm’s demand intercept by differentiated production decisions. The second inequality in Eq. (21)
shows that a noisier transmission carries less information and therefore flattens the differentiation
in the response to the firm’s rival’s reported demand signal, as illustrated in Figure 4 (a). Relatedly,
the first inequality in Eq. (21) is due to the fact that a firm’s ability to influence its rival’s production
is only as good as its ability to signal its demand. A higher signal precision leads to higher (lower)
output when firm i’s own demand intercept is high (low), as it implies a larger impact on the rival’s
optimal output, leading to a stronger indirect effect on the firm’s optimal output. This effect is
depicted in Figure 4 (b). Interestingly, the relation between Q;(@,7—;) — Qi(a, 7—;) and 7; is flatter
than that between Q;(d&;, @) — Qi(&;, ) and 7_;, because observing &; = @ is itself a sufficient
reason for a higher output even if the rival firm is agnostic of this (i.e., even if 7, = 0.5), which

represents the first-order effect, while what Panel (b) captures is the output adjustment attributed

"We could have used the notation {Q;(du,7_i;7:, T_i)}ie{j,—;} for the equilibrium production as it certainly de-
pends on (7;, 7_;), but to economize space we use {Q:(&i,7—:)}ic(;,—;} instead, since (7j,7_;) can be deemed as exoge-
nous if we start from ¢ = 4. This is also the case of II;(&;,7—;) which could have been denoted as II;(&;, F—i; 75, T—s ).
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to signaling, which represents the second-order effect, as it implies both a higher deterring likelihood

(i.e., P(7; = @)) and a stronger deterring effect (i.e., P_;(a; = @|d; = @)).

a b
15 | 151 /
a 1F j 1r
S o5¢ S ost
&3 .
| I 0
E: ,? 0.5
& S -y
15¢+
2 L . . .
0.5 0.6 0.7 0.8 0.9 1

T

Figure 4: Production Responsiveness and Transmission Precisions. (a) plots Q;(&;, @) —
Qi(&4, ) as a function of 7_;, and (b) plots Q; (@, 7—;)—Qi(a, 7—;) as a function of 7;. The parameter
values are a = 10, ¢ = 0.7, and € = 1/3.

We now characterize the relation between the transmission precisions, (7;,7_;), and a firm’s

equilibrium profit.

Proposition 3.2. Assume that the two firms have shared information truthfully. Firm i’s expected
equilibrium profit evaluated after the transmission protocol is set but before (&;,7—;) is observed,
i.e., Ba, 7, [Ii(&s,7—;)], is increasing in both its own transmission precision 7; and the rival firm’s

transmission precision T—_;.

If firm 4 has sufficient commitment power, i.e., the on-chain collateral 7); is sufficiently large,
it will always choose 7; = 1 regardless of the rival firm’s choice; if both firms have sufficient
commitment power, then (7;,7_;) = (1,1) is the unique Nash equilibrium which is Pareto-optimal.
Besides, it implies that even participating in the information sharing agreement as a pure receiver
(or pure sender) makes both firms better off. This is important because it challenges the apparently
plausible argument that attributes nonparticipation to a firm’s inability to post sufficient collateral

and hence its inability to credibly send information.
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3.3 Incentive-Compatible Truth-Telling

The required collateral for truthful reporting equals the maximum incremental expected profit from
misreporting. Denote by A;(&;, 7_; 7, 7—;) the expected profit of firm 7 under r; # &; in excess of
IL; (&4, 7—;). Put differently, A;(é&;, 7—i; 73, 7—;) is the difference between expected profits under two
scentrios: 1) firm ¢ misreporting and 2) firm ¢ reporting truthfully, assuming that firm —i always
reports truthfully and always trusts firm ¢’s report. Since at the time of reporting firm ¢ has not
observed 7_;, the necessary collateral to ensure truth-telling after receiving either of the demand
signals is

01(7—1) = InAaXET:_i[Ai(OAZi,f,Z‘;Ti,T,i)]. (22)

Qg

As a result, a transmission protocol (7;,7—;) leads to a truthful equilibrium if and only if

Ci(m) < mi,Vie {j,—j}. (23)

We characterize the comparative statics of the necessary collateral in the proposition below, which,
together with Proposition 3.2, highlights a trade-off between the truthfulness and the precision
of information sharing given the scarcity of commitment power; fully exploiting the capacity of

collateral leads to the Nash equilibrium of (7, 7_;).

Proposition 3.3. C;(7;) is continuous and increasing in 7;, o, ¢, and €; trivially, C;(0.5) = 0.
Optimal 77 = maxc,(r;)<n, Ti, which does not depends on the rival firm’s choice of T—;, such that

the unique Nash equilibrium of the transmission protocol is given by (T;,Tfj).

Though obvious, we explicitly state the continuity of C;j(7;) in 7; (as well as other variables) to
stress that there always exists a transmission precision, 7;, that ensures a nonwasteful use of n;,
the highest collateral available, which bears important implications for participation in information
sharing. To illustrate, suppose 0 < n; < C;(1), that is, firm 7 has some collateral but the amount
is insufficient for 7; = 1 (i.e., 7; = 1 would lead to incentives to misreport being too strong). In
other words, under deterministic transmission, firm ¢ would immediately miss the collateral hurdle

required to ensure truth-telling. In contrast, under randomized transmission, firm ¢ can always
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find 77 € (0.5, 1) such that C;(7;") = n;, which improves both firms’ welfare relative to that under
deterministic transmission. In sum, randomized transmission enables a firm to attain the second-
best outcome, which is between the first-best (but possibly infeasible) one associated with 7; = 1
and the worst one associated to abstaining from information sharing, so that the firm’s collateral
is always productive.

On the other hand, o and € encapsulate the magnitude of exogenous uncertainty of which the
fraction a firm privately resolves is ¢. As a result, the same value of 7; would reveal a larger amount
of information when any of «, ¢, and € is higher, which renders C;(7;) increasing in each of the

three variables.
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Figure 5: Collateral, Optimal Transmission Precision, and Incremental Profit. (a) plots
77 as a function of 7;. (b) plots the incremental profit due to information sharing as a function
of n;, under deterministic transmission and optimally randomized transmission, respectively. The
parameter values are o« = 10, ¢ = 0.7, and ¢ = 1/3.

Figure 5 shows the maximum transmission precision for incentive-compatible truth-telling as a
function of the amount of collateral (Panel (a)) and the incremental profit due to information sharing
(Panel (b)) under deterministic transmission (solid line) and randomized transmission (dashed
line). As evident from Panel (a), optimal transmission precision is increasing in collateral, up
to the point at which collateral is sufficient to support truthful deterministic transmission. As
shown in Panel (b), a firm’s profit is monotonically increasing in collateral up to the point at which
truthful deterministic transmission becomes possible and at which the incremental profit under two

transmission mechanisms coincide.
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3.4 Unverifiable Private Information

We have assumed so far that all relevant quantities (o, a—j, Qj, Q@—;, Pj, P—j, &, &—j, 15, 7—5,75,7—j)
become public ex post, which allows to base collateral forfeiture on all these quantities. The ob-
servability of outputs (Qj,Q—;) as well as prices (P;, P—;) is a standard assumption, from which
(cj, a—j) can be inferred, and (r;,r_;,7j,7—;) are quantities directly recorded on the blockchain. In
other words, the ex post verifiability assumption is very natural for all elements except for (&;, &—;)
which could be permanently private information. In this subsection only we assume that (&;, &—;)
is never observable to outsiders, and demonstrate the validity of the model’s qualitative results to
ex post unobservable private demand signals.

Can collateral clearance be properly enforced without verifying (&;,&—;)7 A naive idea is to
infer &; from @);, that is, to infer private information from its output. However, this reasoning is
flawed because a firm can overstate its demand signal and pretend to be honest by choosing the
output quantity consistent with its report. Formally, define Ai(di,f_i; Ti, T—i) as the incremental
expected profit firm i could make from misreporting and disguising, in contrast to A; (&, 7—i; 7, T—i)
which represents the incremental expected profit from misreporting and optimizing (hence not dis-
guising). That is, under both A;(&;, 7—i; 73, 7—;) and Ai(&i,f'_i;nﬁ_i), the firm chooses r; # &;;
however, under A;(d&;,7_;; 7, 7—;) the firm chooses the profit-maximizing output, whereas under
Ai(di, 7_4; T, T—;) the firm chooses the the output Q;(r;,7_;) consistent with its report. The max-
imum incremental expected profit a firm could make from misreporting and disguising is

Mi (Tz) = Imax {0, max Eﬁ_i [Al(d“ f_i; Ty T_i)] } s (24)

g

where, unlike maxs, Eq_, [Ai(&, 7—i; 73, 7—i)], maxgs, Eq, [Ai(di,f,i;nﬁ,i)} may be negative be-
cause the firm is forced to choose a suboptimal output. We show in the Appendix that there indeed
exist cases in which J\Zfz(n) > 0, so a forfeiture of collateral triggered by @Q; # Q;(r;, 7—;) only cannot
ensure truth-telling.

The only possibility of properly incentivizing truth-telling is a forfeiture of collateral triggered by
r; # «; in addition to Q; # Q;(r;, 7—;). As such, for a collateral of x, the difference of the expected

amount of collateral refund for truth-telling versus misreporting and disguising is (2¢ — 1)z, which
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implies that the necessary collateral for prohibiting misreporting and disguising is M;(7;) /(26 —1).

In sum, C;(7;) is the collateral required to prohibit misreporting and optimizing on quantity,
while M;(7;)/(2¢ — 1) is the collateral required to prohibit misreporting and disguising. Therefore,
the necessary collateral to ensure truth-telling is the maximum between the two, as formalized in

the proposition below.

Proposition 3.4. Under the mechanism that firm i loses its collateral if r; # o; or Q; # Qi(ri, 7—;)

or both, the necessary collateral to ensure truthful reporting is

Ci(ri) = max {ci(n), Mi(r3)/ (26 — 1)} (25)

where we have Ci(1;) > M;(1:)/(26 — 1) for large ¢ and Ci(r;) < M;(7:)/(26 — 1) for small ¢;
moreover, Ci(1;) is continuous and increasing in 7; with C;(0.5) = 0 so that randomized transmission

still helps a financially constrained firm fully exploit its collateral if any.

Intuitively, when the demand signal ¢; is itself precise, the manipulation in output for disguising
purposes seldom conduces to avoid forfeiture of collateral, because of a big difference in collateral
recovery probability of truthful reporting and misreporting followed by disguising, P(r; = «a;|r; =
&;) — P(r; = aglr; # &;) = 2¢ — 1. Therefore, it suffices to focus on C;j(7;) when ¢ is large. In
contrast, when ¢ is small and hence ¢&; is itself noisy, discouraging misreporting and disguising
becomes very difficult due to a small difference in collateral recovery probability, such that we have
to require a large amount of collateral.

Proposition 3.4 shows that, on the one hand, the unverifiability of (¢&;, &—;) does not eliminate
the core advantage of randomized transmission because the firms can still credibly share some
information so long as max{7;,n—;} > 0; on the other, when the private information is itself noisy
(i.e., ¢ is small), the maximum transmission precision a financially constrained firm can commit to

is further lowered, which quantitatively impairs firms’ ability to share information.

4 Conclusion

Blockchain disruption reshapes information transmission among economic agents. This paper stud-

ies how verifiably fair randomness, complemented by other blockchain functionalities, can dis-
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courage strategic information misreporting and improve equilibrium outcomes. We characterize
the optimal trade-off between truthfulness and precision across two broad classes of information
equilibria—those featuring enforcive and advisive information, respectively—with positive effects
of orchestrated randomness being present in both. From a broader perspective, the paper ad-
vances our understanding of the economics of information in the FinTech era and demonstrates a
compelling vision where blockchain technology appeals to a wide range of information users.
There are several promising avenues for future research. The first is incorporation of heteroge-
nous data providers’ individual preferences and optimal design of aggregation of data providers’
reports. Second, our binary-state setting downplays the notion that truth is, due to its uniqueness,
more salient than lies as a point to be coordinated towards unanimity, which calls for a muiti-state
modeling. Third, testing the tension between truthfulness and precision using empirical data would

be valuable for adapting the theoretical mechanisms to real-world implementations.
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Appendix

Proof of Proposition 2.1. The difference in probability of earning b; from misreporting and

truthful reporting is

Plw # &|r; # w) — P(w # &lr; = w)
= (1iP(w # @|f # w) + (1 — 7)P(w # @|F = w)) — (LP(w # @|f = w) + (1 — 1) P(w # &|F # w))

=27 — 1) (Pw # 0|f; # w) — P(w # @) =w)) = (21 — 1), (A1)
As a result, truthful reporting is optimal if and only if
(21, — D)Ab; < hy, (A2)

that is, the incremental probability of earning b; does not exceed the cost h;. Rearranging Eq. (A2)

<
= 2X\ib;
——

>0
carries nonempty information. H

gives T; —I—% such that any 7; in the interval (0.5,0.5 + h;/(2A;b;)] induces truth-telling and

Proof of Proposition 2.2. We have w < & as P(& = 1) = 0.5P(& = w) + 0.5(1 — P(& = w)) =

0.5 = P(w = 1) given that we have assumed an uninformative prior about w. Note that

The best response of data provider 7 as a function of w, that is,

rl(w) = W]I(QTi—l)AibiShi + (1 - w)]:[(ZTi—l)/\ibi>hi = W]ITZ'ST; + (1 - w)HTi>T,L-*7 (A4)
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where 7 = min {1, 2>}\l:b,» + %} Given a realization w* € {0, 1},

P(d} = (JJ*|W = w*) = []ILZ):LU*|T’L' = Ti(W),i = 17 ,n]

n
Z/\if'ilri =ri(1),i=1,...,n

=, E 4+ I«—oE [1 — Z Nitilri = r;(0),i =1, ,n]
i=1 =1
= ]Iw*:l Z )\ZE[TA’Z‘T'Z = 7",‘(1)] + Hw*:() <1 — Z )\ZE[fﬂTZ = T’Z(O)]>
i=1 =1

n n
= Lo Y N [Tillrcrs + (1= 7)lrnrr] + Turmo (1 =Y X [(1 =)y + n%»ﬂ)
=1 =1

n n
= Ix=1 Z Ai [Ti]ln-gri* + (1 - T’i)HTi>Ti*:| + I =0 Z Ai [1 - (1 - Ti)HTiSTZ-* + Ti]ITZ'>TZ-*:|
=1 =1

n n
— Hw*:l Z )‘Z [Ti]ITiSTi* -+ (1 — Ti)HTi>Ti*:| —+ Hw*:() Z )\z [HTZ'ST; —+ HTi>Ti* — (1 — Ti)]ITiSTi* + Tl‘]ITz‘>T::|
=1 =1

n
— (]Iw*zl + Hw*:O) Z )\1 [TiHTiSTi* + (1 - Ti)HTi>Ti*]

i=1

= Z i [TiHTZ‘STi* + (1 - Ti)HTi>TZ-*} ) (A5)
=1

which implies P(& = w|jw = 1) = P(& = w|w = 0) = P(w = w) and hence

P(d) = UJ) = Z Ai [TiHTiST;‘ + (1 - Ti)]IT¢>Ti*:| . (A6)
=1
Therefore,
—V[w — (.IJ] = — <1 - Z )\z [Tiﬂrigfi* + (1 - Ti)HTi>Ti*]> . (A7)
=1
B

Proof of Proposition 2.3. Following the proof of Proposition 2.2, maximizing the quality of

consensus is equivalent to maximizing P(& = w) (see Eq. (A6)). Now the problem becomes
n
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7,1 =1,...,n is the only maximizer of problem Eq. (A8), under which every data provider reports

truthfully and the maximized P(& = w) is P*(w = w) = > ; A7/, which immediately yields the
maximized consensus quality in the proposition. In case of deterministic transmission, plugging

7 = ... =7, = | into the expression of P(& = w) gives PP (& =w) = >, Aili<-+. Hence,
n
P*(o =w) - PP (0= Z Ai(1] —Thi<rr) = ZTi*)\iI[TZ-*<17 (A9)

which completes the proof, provided that the difference between two —V|w — @]’s equals the differ-

ence between the two corresponding P(w = w)’s. B

Proof of Proposition 2.4. Observe that

n
Plw=w)=—-E Lyeshin [Z <7'1H(2-r —1b +(1- Ti)]l(%l)b>hi>]

=1

!
L,
AR
fmon)
Form Eq. (AL0) we have
ool =—(1-Pw=a) =142 3 - Gr-vm ()] )

which implies that

max —Viw - @] = -1+ Tllzzn;mTaX |:TZ' — (21— 1)Fy ((27}—1)())}

Tly--Tn n

= 1+ max [T — (27— 1)F, ((271;1)19” (A12)

such that in maximizing consensus quality it is without loss of generality to assume 7, = ... =7, = 7,

in which case we have —V[w — 0] =7 — (27 — 1)F), (M> 1. |
Proof of Proposition 2.5. We first prove Eq. (12). Observe that P;(& = w|r; = w) = p; + X\i(15 —
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0.5) and P;(& = w|r; = 1 —w) = p; — Ai(7; — 0.5), which are the probabilities of reaching a true
consensus when data provider i itself reports truthfully and untruthfully respectively. As a result,
the chance of recovering 7; when it reports truthfully is P;(0 = w|r; = w) = p; + X\i(7; — 0.5), while

the chance of recovering 7; when it reports untruthfully is
Piw=1-wlr=1-w)=1-P(@0=wri=1-—w)=1—p; + \i(; — 0.5). (A13)

The difference in chance of recovering collateral following misreporting and that following truthful

reporting is
di=Piw=1-wlr=1-w) —Pi(w =w|r, =w) =1—2p,. (A14)

Recall from Proposition 2.1 that the utility difference (in the absence of collateral) of misreporting
and truthful reporting is D; = (27; — 1)\;b; — h; such that truthful reporting is preferred if and
only if D; < 0. As a result, with the collateral-based incentive, truthful reporting is preferred if
and only if D; + d; < 0, which establishes Eq. (12).

Now we characterize the equilibrium. An equilibrium is a collection of actions and beliefs

{(ri,pi)}i=1,._n» Where we parameterize the optimal response 7} as a function of p;, that is,

1 —w, Di_(2pi_1)>0

such that

pi + (Hri(pi):w - ]Iri(pi)zl—w) A1(7—1 - 05) = P(w = dj)

n
=> X (T =i + L=l = 7)) i = 1, . (A16)

i=1

Because of the tie-breaking rule preferring truthful reporting over misreporting in case of identical

utility values, no mixed strategy can occur; for the same reason, at equilibrium there must be

7-0.5 7-0.5

either r;, = w,p; = 1 — =,

,i = 1,..,n (ie., truthful) or r;, = 1 —w,p; = i =1,...,n

(i.e., untruthful) given the homogeneity of data providers. When p; = 1 — 7_7?'5, ri(pi) = w if
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and only if h > (2?_1)(5_2("“_2?)); similarly, when p; = F_nﬁ, ri(p;) = 1 — w if and only if

, which establishes the coexisting region Z as well as the region on which

B < (2771)(b+z(n+1—2?))
only the truthful (untruthful) equilibrium exists.

At any of the two equilibria, a data provider’s collateral is recovered with probability 7, such
that for each data provider the difference of utility at the untruthful equilibrium and utility at the
truthful equilibrium simply degenerates to D;, which implies that within the coexisting region the

Pareto-dominant equilibrium is the one coinciding with the equilibrium in case 7 =0. B

Proof of Proposition 3.1. We first derive the equilibrium output, which is from solving eight

equations for eight unknowns as in Eqs. (17)—(18), which gives, Vi € {j, —j},

o = 4r2,(— 472 + 47, + 1266 — Ge + 3)

+27_; (477 (66¢ — 3€ — 2) + Ty(—24€ + 12¢ + 8) + Gep — 3¢ + 6)

—B(r2(8e6 — e+ 4) + (86 + de — 4) — 18¢6 + 9¢ — 3))

Qi(e@) == 3472, — 41 — 3)(472 — 41, — 3) = (A7)

= @) 20€ (29 — 1) (27—; — 1)

Qz(avg) = QZ( ’ ) 472 _ 47 -3 ) (A18)

%

doe(1 — 2
Qila) = Qu(@,a) — a0 20 (A19)
i i
>0
20e(2¢0 — 1) (27—; — 1 doe(1 — 2

Qila0) = Qu(mm) - 224D D) Aodl 2 20). (A20)

Proof of Proposition 3.2. Combining Eq. (17) and Eq. (19), it turns out that II;(d&;,7—;) =
Qi(Gi,7—;)*. Hence,
Qi(a7 a>2 + Ql(av Q)2 + Ql(g? a)Q + Ql(g7 Q)Z

Ea, #_; [Ii(&i, 7—i)] = I : (A21)
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The comparative statics are:

OFa, 7, [Mi(G4s,7—i)]  3202€*(1 — 2¢)? (27; — 1)

>0, (A22)
o (473- +3 - 47'3)3
Egs. + . [T(&s, 7o 402€2(1 — 2¢)% (873, — 1272, + 147_; —
8 04277“71[ (Oé ,'I” )] - _ Qe ( ¢) (87-71 Tfl;_ T 5) 2 O (A23)
O7—i (472, — 47_; — 3)

Proof of Proposition 3.3. As indicated by Eq. (17), firm #’s optimal output is determined by
its expectation about its own demand intercept «; and the rival’s production Q_;(&—;, ;). In case
firm 7 misreports, the distribution of @Q_;(&—;,7;) is altered but that of «; is not. Hence, in case
of misreporting firm i’s optimal output can be written as Q;(—d&;,7_;) plus an adjustment for the

expectation of «;, as
Qi(di, f_i) = Qi(—'OAéi, f_i) + (2¢ — l)ae(ﬂdi:a — H@i:g) (A24)

where for a binary-valued variable x € {x, z1} we define the use of “-=” as ~xg = x; and —z1 = x.

The incremental profit from misreporting is therefore

Ai(Gi, s 7o, 7o) = Qi &, i) — Qiu, 7). (A25)
As implied by Egs. (A17)—(A20), we have

(26 — 1)ae

Qi(a; f—z’) - Qi(g7 f—i) = m > (2<]5 - 1)046 (A26)

given that 7; +3/4 — 72 < 1. Combining Eq. (A24) and Eq. (A26), we have Q;(@,7_;) < Q;(@,7_;),
which implies Ai(a, T3 Tis T_Z') <0, and Qi(g, f_i> > Qi(g, f_i), which implies Ai(g, P33 Tiy T_i) >

0. That is, overstating ¢&; is profitable for firm i but understating is not. As a result,

Cz(Tz) = Ef_i [Ai(gv f’—i; Tis T—i)] = Ai(g’ ki Tﬁi) _;_ Ai(g’ Sl Tii)
a2e(2¢ — 1) (21 — 1)% (2 — 3e(29 — 1))

)
3 (47'2- +3 - 471-2) ' (A27)
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It follows from Eq. (A27) that C;(0.5) = 0. The comparative statics are:

0Ci(ri) _ 160%¢(2¢ — 1) (21 — 1) (2 — €(6¢ — 3))

O 3 (472 + 47, + 3)° 20, (A28)
2
o s oy,
(o 2 (1 _ 9.2 oy
86;9(:) - 6(13 (427?—(25? ’ 3)3) 2o (A30)
(. 2004 _ o2 oy
acéin) _ 20°(2¢ 13) ((iTl? Ez)n(_e(g)qb 3)—1) 0. (as)

Since firm ¢’s ex ante expected profit Eq, 7 ,[II;(&y,7—;)] is increasing in 7;, its optimal choice is

T = maxc,(r,)<p, Ti regardless of the rival firm’s choice. B

Proof of Proposition 3.4. This proof is closely related to the proof of Proposition 3.3 and we
follow the notations used therein. If firm ¢ misreports and disguises, the output is simply given

by Q;(—d&;,7—;), while the resultant expected profit can be written as (the trick is to express the

expectation of a; — Q_;(&_;, 7;) as a suitable member in {Qi(o}i, 7_i): (qi,7—;) € {q, 6}2} plus an

adjustment)
Qi(—dy,7—;) (Qi(—dy,7—;) +2(2¢ — 1)ae(la;—z — Lai=a)) - (A32)
Trivially, there must be
E:_, [Ai(a, f_i;n,u)] <Ei, [Ai(@, 7, 7-5)] <0 (A33)

because E;_, [A;(@, 7—i; 73, 7—;)] is maximized but E;_, [Ai(ﬁ, T—i;Ti, T—;)| is not. Hence, the only
possibility of profiting from misreporting and disguising is overstating and disguising, but not

understating and disguising, such that

Mz(ﬂ) — Imax {0, mz(n)} s (A34)
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where

mi(m) =E;_, [Ai(g, 727177'1‘,712')}

Qi@ i) (Qul@, i) — 2(20 — Dae) — Qila, 7))
2a €(2¢ — 1) (477 — 47; — 6€(2¢ — 1) + 1)

3 (47 4 3 — 477) (A35)
Note that
Omi(7;)/(2¢ —1) _ 160¢(2m; —1) (2 — €(6¢ — 3)) > 0 (A36)
i 3 (—4r2 + 47 +3)°
and hence 8"5(”) > 0, and that
ami(n)gfb% —- T 472 8—a4n —3 =V (A37)
In particular, at ¢ = 1,
mi(13)/ (20 — 1) — Ci(1;) = a?e* > 0, (A38)
while
i (ma(r)/ (26— 1) — i) = 2=V (A39)

$10.5 3 (477 — 47, - 3)

Together with the opposing derivatives of m;(7;)/(2¢ — 1) and Ci(r;) in ¢, Egs. (A38)—(A39)
imply that Ci(;) > M;(r;)/(2¢ — 1) for large ¢ and Cy(r;) < M;(7:)/(26 — 1) for small ¢. As
both m;(7;)/(2¢ — 1) and Cj(7;) are continuous and increasing in 7;, C;(7;) is also continuous and
increasing in 7;. Finally, it follows from Eq. (A35) that m;(0.5) < 0, which implies that C;(7;) = 0

given that we have shown C;(0.5) =0. B
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