Novel Statistical and Market-Inspired
Mechanisms for the Elicitation,
Aggregation, and Rewarding of
Predictive Contributions

The forecasting of complex, dynamical systems has historically relied upon monolithic statistical
modeling, a paradigm wherein isolated entities gather proprietary data, train localized
algorithms, and generate standalone predictions. However, the theoretical and applied frontiers
of predictive modeling are rapidly shifting toward decentralized, mechanism-designed
ecosystems. These novel architectures fundamentally reconceptualize prediction not merely as
a computational optimization task, but as a dynamic, multiplayer game governed by rigorous
economic and statistical incentives. By treating forecasts as economic commodities, modern
frameworks leverage competitive market forces to optimize the three foundational pillars of
predictive intelligence: the elicitation of raw information, the aggregation of disparate models,
and the distribution of rewards based on objective merit.

This comprehensive report exhaustively surveys the theoretical foundations and applied
mechanics of these systems. It maps the evolution from the rigid mathematical axioms of strictly
proper scoring rules to the dynamic, continuous environments of automated market makers
(AMMs), continuous double auctions (CDAs), frequent batch auctions (FBAs), and continuous
parimutuel markets. Furthermore, the analysis explores advanced peer-prediction mechanisms
designed for environments devoid of verifiable ground truth, culminating in a detailed
examination of the emerging "microprediction" paradigm, which orchestrates web-scale
networks of autonomous, algorithmic micromanagers.

1. The Axiomatic Foundations of Elicitation: Strictly
Proper Scoring Rules

The bedrock of any objective forecasting mechanism is the incentive structure utilized to
evaluate and reward predictions once the realization of a random variable is observed. When a
ground truth is eventually revealed, scoring rules provide a mathematically rigorous method for
quantifying the ex-post quality of a forecast, whether that forecast takes the form of a
deterministic point estimate, a specific quantile, or a comprehensive probability distribution.

1.1 The Mathematics of Propriety and Consistency

A scoring rule S(P’ y} assigns a numerical penalty or reward to a forecaster who predicts a

probability distribution P when the actual realized outcome is Y . Within the context of
mechanism design, a scoring rule is formally defined as "proper" if the forecaster maximizes
their expected reward (or minimizes their expected penalty) by reporting their true subjective



probability distribution Q .t achieves the classification of "strictly proper" if the true distribution

Q is the unique minimizer of the expected score, providing a definitive mathematical guarantee
that honest revelation is the strictly dominant strategy for a risk-neutral agent.

The characterization of proper scoring rules relies heavily upon the principles of convexity,
subgradients, and information theory. According to the McCarthy-Savage theorem for

categorical forecasts, a regular scoring rule 5 is proper if and only if the expected score
function G{p] - 5(}3.,}3} is a convex function on the probability simplex, and the score

vector is a subgradient of G at the point p 2 This geometric property ensures that any
deviation from the true subjective belief places the forecaster on a suboptimal tangent plane,
mathematically preventing deceptive reporting strategies.? In broader geometric terms, the
divergence of a proper scoring rule behaves analogously to a squared metric in Polish spaces,
meaning the expectation is minimized if and only if the reported marginal distribution matches
the conditional distribution of the true data-generating process.?

1.2 Eliciting Point Forecasts: Quantiles, Expectiles, and Consistent
Scoring Functions

While eliciting full distributions provides maximal information, many operational environments
demand point forecasts, such as a specific median, quantile, or expectile. When a mechanism
solicits point forecasts rather than full distributions, the scoring mechanism must be precisely
tailored to the specific statistical functional being targeted. A scoring function is strictly
consistent for a functional if minimizing the expected score uniquely identifies that specific
functional.*

For the elicitation of quantiles, the standard mechanism is the asymmetric piecewise linear loss,
commonly referred to within the literature as the pinball loss or the tick loss.* For a target

quantile level TE ({]’ 1} , the predicted value z, and the realized outcome Y , the pinball loss
is mathematically defined as:

L(z,y) = (y— 2)(r — {y < z})

This rule balances the penalty for overestimation and underestimation according to the precise

ratio defined by T . Alternatively, expectiles—which represent an alternative to quantiles that
depend on tail expectations rather than purely on tail probabilities—are elicited using
asymmetric squared error loss.’

The theoretical implication of consistent scoring functions is profound for algorithmic training
and market design. As demonstrated by recent research into Choquet representations and
forecast rankings, model rankings are not invariant to the choice of the Bregman divergence or



the scoring function.* The scoring rule selected by a mechanism designer directly shapes the
optimization landscape, meaning the economic reward dictates the algorithmic architecture of
the contributor.* If a mechanism utilizes a scoring rule that implicitly targets the mean (e.g.,
standard squared error) but the user desires the median, the resulting model will be inherently
misaligned.

Furthermore, prediction intervals can be rigorously elicited using the negatively oriented interval
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This mechanism elegantly forces a strategic tradeoff: forecasters are rewarded for narrow,
highly precise prediction intervals (minimizing the distance between u and ¢ ) but suffer a

heavily scaled penalty if the realization T falls outside the specified bounds.’

2. Evaluating Distributional Forecasts: The CRPS and
Energy Score

When mechanisms upgrade from soliciting point estimates to soliciting full predictive cumulative
distribution functions (CDFs) or probability density functions (PDFs), they require robust metrics
capable of evaluating the entire predictive curve against a singular realized data point.

2.1 The Continuous Ranked Probability Score (CRPS)

The Continuous Ranked Probability Score (CRPS) serves as the gold standard for evaluating

probabilistic forecasts of real-valued variables.® For a predictive CDF F and a realization T ,
the CRPS is computed as the integral of the Brier scores across all possible real-valued
threshold values:

CRPS(F,2) = [ (Pl) - 1y > #}dy

This formulation essentially calculates the squared difference between the predicted cumulative
distribution and the empirical step function that jumps from 0 to 1 at the exact point of the
realized outcome.®

Because the analytic evaluation of this integral is often mathematically intractable for complex
ensemble models or non-parametric distributions, an equivalent and highly computationally
efficient representation utilizes the expected absolute error.® Provided that the first moment of



the distribution is finite, the CRPS can be rewritten as:

1
CRPS(F,z) = Er|Y — 2 - Er[Y - Y

r
where Y and are independent random variables drawn from the predictive distribution

2 This formulation provides a deep geometric interpretation: the CRPS is the difference
between the expected absolute error of the forecast and half the internal variance (or expected
absolute difference) within the predictive distribution itself.’® Because the CRPS is a strictly
proper scoring rule, its unique minimizer is the true data-generating distribution.®

2.2 Multivariate Enhancements and the Energy Score

For multivariate continuous forecasts—where the goal is to predict a vector of correlated
variables—univariate scores like the CRPS are insufficient because they fail to capture the
dependence structures between variables.® To address this, mechanism designers employ the
Energy Score, which represents a highly general, multivariate extension of the CRPS.*

The Energy Score admits a kernel representation utilizing negative definite functions, which
seamlessly connects the score to Hoeffding-type inequalities across both univariate and
multivariate settings.® By capturing the multidimensional distance between the predicted joint
distribution and the realized multidimensional point, the Energy Score rigorously evaluates the
covariance and correlation predictions of the forecaster.” In the limiting case, the Energy Score
reduces to the negative squared error, though in broader applications it functions as a strictly
proper metric for highly complex, multi-asset predictions.*

3. Market-Inspired Mechanisms: The Evolution of
Automated Market Makers

While strictly proper scoring rules are theoretically flawless for evaluating isolated predictions
submitted directly to a principal, they do not intrinsically facilitate the dynamic, real-time
aggregation of information across a decentralized network of interacting agents. Prediction
markets resolve this by allowing agents to buy, sell, and trade contracts linked to future
outcomes, ensuring that the market price theoretically reflects the aggregated consensus
probability.”® However, traditional prediction markets utilizing continuous double auctions
frequently suffer from severe liquidity shortages due to low participant density.'® To guarantee
liquidity and ensure continuous price discovery, mechanism designers employ Automated
Market Makers (AMMs) governed by specialized scoring rules.

3.1 The Logarithmic Market Scoring Rule (LMSR)

The foundational bridge between strictly proper scoring rules and automated market making
was established by Robin Hanson through the introduction of the Market Scoring Rule (MSR),
most notably the Logarithmic Market Scoring Rule (LMSR)."® The LMSR acts as an automated,
algorithmic counterparty that is always willing to take the other side of a trade, maintaining a



cost function C{q} based on the vector of outstanding shares ' ' for each possible outcome in
the state space.’
The cost function for the LMSR is defined mathematically as: $$C(q) = b \In \left( \sum_{i}

\exp(q_i/ b) \right)$$where b is a strictly positive parameter representing the liquidity of the

t.15

market.”” The instantaneous price of a share for a specific outcome t is calculated as the partial

derivative of the cost function with respect to the quantity 9 :

(o _ _exp(gi/b)
pﬁ(Q} - ZJ eXp(qj/b)

This pricing mechanism ensures that the prices of all mutually exclusive outcomes continuously
sum to exactly 1, allowing them to be interpreted as direct probability estimates."

3.2 The Liquidity Dilemma and Liquidity-Sensitive LMSR (LS-LMSR)

Despite its mathematical elegance, the LMSR harbors a critical structural vulnerability: the
liquidity parameter b must be set a priori.'® The value of b dictates the market's depth—how

much the price moves in response to a specific trade volume. A low ~ results in a highly volatile
market where even small trades cause massive price swings, effectively punishing

participants.'® Conversely, a high b creates deep liquidity, allowing large positions to be
established without significant slippage.

However, providing this liquidity comes at a direct financial cost to the market maker. The LMSR
operator is mathematically guaranteed to operate at a deficit, with a worst-case loss strictly

bounded at b IH(N] , where N is the number of possible outcomes.'® This structural
requirement for a permanent subsidy—often rationalized academically as the necessary cost of
acquiring information—renders the standard LMSR fundamentally unsuitable for completely
decentralized, profit-seeking decentralized finance (DeFi) environments.®

To mitigate the bounded loss while preserving deep liquidity, researchers engineered the

Liquidity-Sensitive LMSR (LS-LMSR)."® The LS-LMSR abandons the static b parameter,
replacing it with a dynamic scaling function that adjusts based on the total volume of wagers in
the market. As trading volume increases, the LS-LMSR automatically deepens the market,
widening bid-ask spreads during low-volume inception periods and tightening them as the
market matures.'® This creates a self-sustaining ecosystem that drastically reduces the
theoretical maximum loss of the market maker while preserving the accuracy and quantity of
trades.'® Advanced blockchain implementations have further optimized these concepts by
proposing constant ellipse-based cost functions, which mathematically replicate the advantages



of LS-LMSR while reducing cryptographic gas costs by up to 184% compared to traditional
constant-product AMMs like Uniswap V3.

4. Continuous Parimutuel Markets and Dynamic
Pricing

An alternative paradigm to the subsidized LMSR is the Dynamic Parimutuel Market (DPM),
pioneered by David Pennock.?’ A traditional parimutuel market, ubiquitous in horse racing, pools
all wagers and distributes the pot proportionally among the holders of winning tickets.?® This
structure guarantees absolute zero risk to the house or market maker. However, traditional
parimutuels suffer from a fatal flaw in information aggregation: they lack continuous price

discovery, as the final payout odds remain unknown until the betting window completely
closes.?

4.1 The Mechanics of the DPM

The DPM elegantly hybridizes the continuous pricing mechanism of a continuous double auction
(CDA) with the zero-risk guarantee of a traditional parimutuel system.?? Operating as an
automated market maker, the DPM utilizes a dynamically updating cost function to adjust share
prices continuously as participants purchase them.?! When a trader purchases a share, their
capital directly contributes to a communal, centralized pool.??

Crucially, unlike the LMSR or standard prediction markets where a winning share pays exactly
$1, the DPM payout per share is a floating variable. It is determined post-resolution by dividing
the entirety of the final aggregated pot by the total number of outstanding shares for the winning
outcome.?! This architecture provides infinite buy-in liquidity—traders can always purchase
shares, regardless of market conditions—while simultaneously guaranteeing that the
mechanism pays out exactly the total amount of capital taken in, yielding zero institutional risk.?’

4.2 Game-Theoretic Implications and the Projection Game

The dynamic, redistributive nature of the DPM introduces highly complex strategic
considerations for participants. Because subsequent trades alter the total size of the pot and the
final value of previously purchased shares, forward-looking agents must factor the anticipated
behavior of the rest of the market into their immediate trading decisions.?®

While truthful betting acts as a Nash equilibrium in specific, simplified two-stage games under
uniform priors, sophisticated agents can engage in deceptive behavior.?®> An agent might place
initial wagers on incorrect outcomes to manipulate the visible price downward, only to capitalize
heavily on the suppressed price of the true outcome in subsequent stages.® To mathematically
analyze these interactions, researchers developed the "projection game"—an abstract betting
framework that provides a geometric visualization of strategic moves in information markets.**
Through the projection game, it has been proven that specific forms of the DPM are strategically
equivalent to the spherical scoring rule, embedding the rigor of strictly proper scoring directly
into the parimutuel payout structure.®



5. Binary Options and DeFi: The pm-AMM Framework
While generalized prediction markets benefit from LMSR and DPM architectures, the recent
explosion of on-chain decentralized finance (DeFi) has necessitated the creation of specialized
mechanisms for binary outcome tokens. These tokens represent specific "yes/no" propositions,
paying $1 if an event occurs and $0 otherwise.?® Traditional DeFi AMMSs, such as the Constant
Product Market Maker (CPMM) utilized by Uniswap, are catastrophic for binary tokens; liquidity
providers suffer massive impermanent loss as the token price inevitably resolves to the
extremes of 0 or 1 at expiration.?

5.1 Gaussian Score Dynamics and Loss Versus Rebalancing (LVR)

To solve this, researchers at Paradigm engineered the pm-AMM (Parimutuel AMM), an
invariant-based market maker specifically optimized for binary prediction markets.® The
pm-AMM relies on an underlying pricing model termed "Gaussian score dynamics." This model
assumes that the underlying event—such as a vote margin in an election or a point differential in
a sporting event—follows a Brownian motion (a continuous-time random walk).?® The token's
instantaneous price represents the mathematical probability that this random walk will terminate
above a predefined threshold at a specific future expiration time.?®

Drawing direct structural parallels to the Black-Scholes model for financial binary options, this
framework enables the derivation of the static pm-AMM invariant:

o-om(157) (17 s
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where @ is the standard normal cumulative distribution function, is the standard normal

probability density function, €« and Y represent the quantities of the two opposing outcome

tokens, and L represents the scale of provided liquidity.*
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This invariant mathematically concentrates the pool's liquidity around the relative price
mark—the point of maximum uncertainty—and aggressively thins liquidity at the extreme
probabilities.?® By structuring the curve in this manner, the pm-AMM normalizes the risk for
Liquidity Providers (LPs) across all price levels.?®

5.2 The Dynamic pm-AMM

While the static variant successfully normalizes risk across price, prediction markets exhibit
extreme temporal volatility. As the expiration date approaches, even minor informational
updates cause violent price swings, massively increasing the Loss Versus Rebalancing (LVR)
for LPs.?®

To address this temporal dimension, the Dynamic pm-AMM extends the invariant by making it



directly dependent on the time to expiration,
withdrawing liquidity from the market as the expiration timestamp approaches, the dynamic
pm-AMM ensures a constant, predictable expected rate of loss over the market's entire
lifetime.?® This engineering breakthrough allows for the safe bootstrapping of passive on-chain
liquidity for prediction markets without exposing the LPs to the certainty of losing their entire
principal upon market resolution.?®
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6. Market Microstructure: Continuous Limit Order
Books vs. Frequent Batch Auctions

While AMMs dominate automated decentralized environments, high-volume financial
exchanges and massive-scale prediction markets predominantly rely on order books. The
underlying architecture of the matching engine—specifically how the exchange manages time
and priority—has profound implications for the efficiency, fairness, and accuracy of the elicited

predictions.

6.1 The Structural Flaws of the Continuous Double Auction (CDA)

The traditional Central Limit Order Book (CLOB), operating via a Continuous Double Auction
(CDA), processes incoming orders serially in continuous time.'® Priority is dictated strictly by

price, followed immediately by the microsecond timestamp of the order's arrival." While
standard in global equities, the continuous-time design introduces severe structural flaws when



applied to information-sensitive prediction markets.

The CDA model inevitably sparks a socially wasteful high-frequency trading (HFT) "arms
race".>** When a new piece of information arrives—such as a macroeconomic data release or an
abrupt political announcement—the true market price should instantaneously jump to a new
equilibrium. However, because the matching engine processes orders serially, extremely fast
arbitrageurs can identify the news and "snipe" the resting limit orders of slower market
participants before those participants have the physical time to cancel them.*°

This mechanical arbitrage opportunity is an inescapable artifact of continuous time.*® The
second-order consequence is a severe degradation of market liquidity. Knowing they are
perpetually vulnerable to adverse selection by faster agents, market makers defensively widen
their bid-ask spreads and post significantly smaller volumes.* In prediction markets, where
information arrives discretely and aggressively, this continuous-time penalty prevents the
accurate aggregation of marginal insights.*’

6.2 Discretizing Time: Frequent Batch Auctions (FBASs)

To resolve the structural inefficiencies of the CLOB, leading mechanism designers—pioneered
heavily by Eric Budish, Peter Cramton, and John Shim—propose transitioning financial and
prediction exchanges to Frequent Batch Auctions (FBAs).>° Under an FBA framework, time is
treated as a fundamentally discrete variable rather than a continuous stream.*

The exchange aggregates all buy and sell orders received over a very short, predetermined
time interval—such as one-tenth of a second, or a discrete block on a cryptographic
blockchain.*® At the exact conclusion of the interval, the matching engine computes the
aggregate supply and demand curves to determine a single, uniform market-clearing price.*
Every executable order submitted during that batch—meaning every buy order priced above the
clearing price and every sell order priced below it—is filled simultaneously at that exact uniform
price.>®

Mathematical and Strategic Implications of FBAs: The implementation of FBAs
mathematically eliminates the value of microsecond speed advantages.* If an algorithmic
arbitrageur and a liquidity provider both react to a news event within the exact same discrete
batch interval, the liquidity provider successfully cancels their resting order, and the arbitrageur's
sniping attempt registers as a failure.*® Consequently, the risk of adverse selection plummets,
allowing market makers to provide significantly tighter spreads and deeper liquidity without fear
of exploitation.*

Furthermore, within the context of on-chain prediction markets and DeFi rollups, FBAs offer a
robust, architectural defense against Maximal Extractable Value (MEV) attacks.*® By executing
all transactions in a batch at a uniform clearing price, the sequential ordering of transactions
within the cryptographic block becomes entirely irrelevant, directly neutralizing front-running and
sandwich attacks.>® This establishes a highly democratic elicitation environment where
long-term predictive accuracy and strategic foresight, rather than mere network latency, are
uniquely rewarded.>® FBAs are not purely theoretical; they have emerged as a distinct and
rapidly growing trading-venue category under the European MiFID II/MiFIR regulatory



framework, proving their viability at scale.®

7. Elicitation Without Ground Truth: Peer Prediction
Mechanisms

The mechanisms analyzed thus far—scoring rules, AMMs, DPMs, and FBAs—rely absolutely
on an immutable, objectively verifiable ground truth for final settlement. However, many highly
valuable predictive contributions involve subjective assessments, unverified field reports, or
qualitative categorizations where ascertaining the ground truth is either physically impossible or
financially prohibitive.*? In these specialized domains, mechanism design must shift toward
"peer prediction," where a participant's financial reward is conditioned exclusively on the
statistical relationship between their report and the reports of other participants.

7.1 The Degenerate Equilibrium Problem

Early peer-prediction mechanisms operated on basic output agreement: if Participant A's report
matches Participant B's report, both agents receive a positive payoff.** However, this simplistic
approach is fundamentally plagued by "degenerate" or uninformative equilibria.** If all
participants collude or simply realize they can maximize their reward by blindly reporting "Option
1" regardless of their true private signal, the mechanism fails completely. Designing a protocol
that makes truthful reporting a strictly dominant strategy without ever knowing the underlying
truth represents one of the most complex mathematical challenges in information economics.*?

7.2 The Bayesian Truth Serum (BTS)

Drazen Prelec’s Bayesian Truth Serum (BTS) represents a landmark breakthrough in objective
scoring for subjective data.*? The BTS mechanism effectively breaks the degenerate equilibrium
by soliciting two distinct, mandatory inputs from every respondent:

1. The Information Report (m ): The participant's actual answer or personal belief.

2. The Prediction Report (3’III ): The participant's statistical estimate of the percentage
distribution of how the rest of the crowd will answer.*’

The genius of the BTS resides in the fact that it evaluates answers not by their sheer popularity,
but by how "surprisingly common" they are relative to the crowd's own internal predictions.*?
The BTS algorithm assigns a final payout score composed of two complementary mathematical
elements:
1. The Information Score: This component aggressively rewards an individual whose chosen
answer occurs more frequently in the empirical population than the population collectively

predicted. Let Tk pe the actual empirical frequency of answer k ,and Y% pe the geometric

mean of the predicted frequencies for answer k . The information score for reporting answer
is calculated as “:



Information Score = log (i)
Y

If a specific answer is endorsed by 30% of the crowd, but the crowd's prediction report
estimated it would only receive 10%, the respondents who selected that answer receive a
massive positive information score.*’

2. The Prediction Score: This component serves as an asymmetric penalty based on the

relative entropy—specifically, the Kullback-Leibler (KL) divergence—between the actual
_ r

empirical distribution T and the individual respondent's predicted distribution Y s

Prediction Score = « Z z;. log (?—R)
k Tk

A participant whose prediction perfectly matches the true empirical frequency receives a penalty
of exactly zero, while inaccurate predictions are severely and logarithmically punished.*® By
fusing these two scores, the BTS guarantees that the only rational way to maximize expected
utility is to truthfully reveal one's private information and accurately predict the behavior of the
crowd, seamlessly transitioning the game from a zero-sum popularity contest to a robust
information-theoretic revelation mechanism.*

7.3 Correlated Agreement (CA) and Multi-Task Generalizations

While the BTS is mathematically elegant, requiring human agents or simple algorithms to report
full predictive distributions of their peers is often cognitively or computationally prohibitive.>
Modern multi-task peer prediction mechanisms, such as the Correlated Agreement (CA)
mechanism introduced by Shnayder et al., bypass this requirement by leveraging the inherent
statistical correlation across multiple discrete tasks.**

The CA mechanism operates on the Bayesian principle that observing a specific private signal
automatically shifts a participant's posterior belief about what signals other participants are likely

observing.”® To implement CA, the mechanism designer computes a Delta matrix (& ), which
represents the covariance of the marginal distributions of the signals.*® An entry

&[SI’SE] >0 indicates that signal 51 and signal 52 are positively correlated.

To compute the financial payout, the CA algorithm contrasts a pair of agents' agreement on a
primary "bonus task" against their baseline agreement on two separate, independent "penalty
tasks".*? Utilizing subgradients of convex functions, the payment is structured as:

Payment = 0®(Jp(zs, u)) — 2" (02(Jp(zp,1y)))



where T and Y are the agents' respective reports, b is the bonus task, P and | are penalty

tasks, and @ denotes the convex conjugate.®? Because the mechanism rigorously checks the
likelihood of agreement against an expected baseline derived from entirely unlinked tasks, blind
consensus strategies fail to generate positive returns.® CA strongly incentivizes truthful
behavior across heterogeneous task environments without ever requiring participants to
estimate peer distributions or rely on ground truth.*®

8. Advanced Aggregation: Blending Isolated
Intelligence

Once point estimates or distributional predictions are successfully elicited and scored through
markets or peer mechanisms, the architectural challenge shifts to mathematical aggregation.
Integrating isolated, potentially contradictory intelligence into a singular, highly accurate
"consensus" output requires sophisticated blending techniques.

8.1 Linear and Bayesian Opinion Pools

The most fundamental method for aggregating probability distributions is the linear opinion pool,
which computes a simple or weighted arithmetic average of the individual predictive densities.>
However, human judges and isolated algorithmic models are often mathematically incoherent
and display vastly varying levels of specialized credibility.*®

To implement the Coherent Approximation Principle (CAP), mechanism designers employ
Bayesian aggregation frameworks.>® This involves translating historical performance
metrics—such as past CRPS scores—into credibility weights.>® By mathematically penalizing
incoherence and tracking individual consensus deviation over time, Bayesian algorithms
dynamically allocate exponentially higher weight to consistently accurate agents.*

For combining cumulative distribution functions (CDFs) specifically, functional depth methods
offer a powerful non-linear alternative to linear pools.>* By computing the statistical depth of
each individual CDF's quantile function (such as modified half-region depth or modified band
depth), mechanism designers can aggressively trim outliers—removing the most erratic or
extreme predictions entirely before applying a weighted mean to the remaining "deepest"
distributions.>* This depth-based interior trimmed mean provides immense structural robustness
against adversarial actors or malfunctioning predictive nodes.>*

8.2 Copulas for Multivariate Dependence Modeling

When aggregating predictions across multiple related variables—such as forecasting the prices
of several distinct but correlated commaodities, or predicting simultaneous infrastructure
failures—relying solely on univariate marginal distributions is statistically catastrophic. To
capture non-linear, multi-dimensional dependence, aggregation models utilize copulas.®®
Copulas are sophisticated functions that map multi-dimensional probabilities to uniform
marginals, isolating the marginal effects from the joint dependence structures.*® Bayesian



regular vine copulas construct highly flexible, stage-wise additive models.>® By utilizing
sequential Monte Carlo techniques, the copula parameters and the marginals can be estimated
simultaneously, dynamically updating the dependence model as new forecasts arrive.*® This
allows the aggregation mechanism to accurately account for extreme tail-risk correlations that
simple linear ensembles or isolated point estimates completely fail to capture, making
copula-based Bayesian fusion indispensable for modern financial and geophysical forecasting.>

9. The "Microprediction” Paradigm: Networks of
Autonomous Ensembles

The synthesis of continuous elicitation, rigorous proper scoring, automated market making, and
deep aggregation culminates in the rapidly emerging paradigm of "microprediction," extensively
theorized and championed by researchers such as Peter Cotton.®* Microprediction envisions a
web-scale, fully autonomous network where self-directed "micromanagers"” (algorithmic scripts)
continuously solicit, combine, and reward real-time time-series predictions across millions of
disparate data streams without human intervention.®?

9.1 Distributional Representation via 225 Quantiles

Unlike traditional prediction markets that deal strictly with binary yes/no events, or academic
systems that pass around continuous mathematical formulas for probability density functions
(PDFs), microprediction systems standardize high-speed communication through discrete
Monte Carlo samples.®®

When algorithms submit a distributional forecast for a continuous variable, they provide an array
of exactly 225 evenly spaced samples drawn from their internally generated predictive
distribution.®® This is typically achieved using kernel density estimation (KDE) with a Gaussian
kernel applied to lagged historical values, followed by inverse transform sampling to generate
the 225 data points.®® By standardizing the submission format to 225 discrete values, the
architecture ensures absolute computational uniformity. These samples are effortlessly summed
by the central exchange to construct a highly granular, robust empirical cumulative distribution

function F(z) 5
9.2 Z-Streams and the Competitive Resolution of Anomalies
This aggregated empirical CDF allows for the real-time, continuous evaluation of market

efficiency through the creation of "Z-streams".®” When a new ground-truth data point o arrives

at the exchange, it is evaluated against the aggregated predictive distribution F to produce a
strict z-score:

z =& (F(z))



-1
where is the inverse standard normal cumulative distribution function.®’

The game-theoretic elegance of the Z-stream is profound. If the aggregated market prediction is
perfectly calibrated, the resulting continuous stream of z values will be perfectly standard

normally distributed over time.®” If the o values deviate from normality—exhibiting fat tails,
distinct skewness, or temporal autocorrelation—it unequivocally indicates that the market is
mispricing the asset or failing to account for an anomaly. Because the algorithms are financially
incentivized based on their relative accuracy, this statistical deviation mathematically guarantees
an exploitable profit opportunity. Profit-seeking algorithmic models will autonomously detect this
inefficiency and adjust their 225-quantile submissions to capture the reward, naturally pushing

the collective F{m} back toward perfect statistical calibration.®’

9.3 Pot-Splitting and Density-Based Wealth Updates

The reward mechanisms powering these autonomous microprediction ecosystems are highly
sophisticated, drawing on both dynamic parimutuel principles and strictly proper scoring rules. In

these generative model competitions, the 225 Monte Carlo samples submitted by Participant t
are mathematically interpreted as a joint probability density ascribed to the true outcome vector
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To perfectly align incentives, the system employs a continuous "wealth risk" protocol. A
participant is structurally assumed to risk a specific fraction b (often around 0.1) of their total

accumulated wealth w on each prediction cycle.®® When the true outcome o is revealed, the

system calculates the "aggregate mass" Q(z} placed on the coordinate o by the entire crowd
combined.®® A participant's reward—or penalty—is determined by a dynamic pot-splitting
equation where their specific density contribution is weighed against the crowd's aggregate

65
mass.

The change in wealth tis directly proportional to the statistical density the participant
ascribed to the true outcome, scaled by the total wealth they put at risk, but it is inversely
proportional to the density assigned to that exact point by competitors.®® This mechanism,
colloquially termed a "nearest-the-pin" reward system for Monte Carlo paths, ensures that
participants are rewarded not merely for being accurate, but for being accurate precisely when
the rest of the market is incorrect.®

A log-wealth maximizing investor constrained by this protocol has a strict mathematical
incentive to contribute paths that reflect their completely unbiased assessment of the joint
distribution, irrespective of the paths supplied by the broader market.®® Furthermore, to enforce

continuous uptime and network reliability, participants who fail to run their scripts and provide



consistent submissions are automatically penalized by losing their staked fraction b, forcing
continuous operational engagement.®®

10. Conclusion and Strategic Synthesis

The elicitation, aggregation, and rewarding of predictive contributions have definitively
transcended the boundaries of classical, isolated statistical modeling and entered the complex,
multi-agent realm of advanced mechanism design. This evolution reflects a fundamental
economic and informational realization: accurate intelligence is not freely volunteered; it must be
systematically extracted, verified, and combined through precisely engineered economic
incentives.

At the foundational level, strictly proper scoring rules—such as the Continuous Ranked
Probability Score (CRPS), the multivariate Energy Score, and consistent scoring functions like
the pinball loss—provide the mathematical guarantee that risk-neutral agents maximize their
utility exclusively through absolute honesty. However, the requirement for continuous, real-time
aggregation across disparate agents necessitates market-inspired mechanisms. The
evolutionary trajectory of these mechanisms is clear: from the subsidized, bounded-loss
requirements of the Logarithmic Market Scoring Rule (LMSR), to the dynamic, zero-house-risk
redistributive environments of the Dynamic Parimutuel Market (DPM), and most recently to the
paradigm-shifting pm-AMM, which optimizes Loss Versus Rebalancing (LVR) for binary DeFi
options through Gaussian score dynamics.

Simultaneously, the structural environment in which these mechanisms operate is undergoing a
radical, necessary shift. The extreme inefficiencies of the Continuous Limit Order Book
(CLOB)—specifically the socially wasteful high-frequency sniping of stale quotes—are being
actively engineered out of existence by the implementation of Frequent Batch Auctions (FBAS).
By discretizing time and utilizing uniform clearing prices, FBAs democratize the predictive
ecosystem, neutralizing latency arbitrage and rewarding deep analytical foresight.

For subjective domains inherently lacking objective truth, peer prediction protocols like the
Bayesian Truth Serum and the Correlated Agreement mechanism have mathematically proven
that algorithms can enforce absolute truthfulness purely by leveraging the statistical correlation
between private signals and expected peer responses.

Ultimately, these disparate theoretical frameworks converge in applied, web-scale paradigms
like microprediction. By combining the discrete algorithmic standardization of distributional
quantiles with continuous, market-driven, pot-splitting reward dynamics, these networks
facilitate the real-time orchestration of millions of autonomous algorithmic models. The future of
statistical forecasting lies not in the creation of a single, omniscient, monolithic model, but in the
continuous refinement of these decentralized, mathematically rigorous
mechanisms—environments where every statistical contribution is ruthlessly evaluated,
seamlessly integrated, and optimally rewarded by the strict laws of probability and economics.
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