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the Market Price,
and Two Years of Scaling Has Not Changed That
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Abstract

Probabilistic forecasters, including large language models (LLMs), are ranked almost entirely
on the Brier score, which rewards a forecaster for reproducing an already-public market price.
We ask what frontier LLMs actually add beyond that free price, and find: almost nothing,
and no more in 2026 than in 2024. On public, leak-free ForecastBench data spanning 25
resolved rounds (2024-07 to 2026-05; 1,256 frontier-model configuration-rounds, 342 config-
urations, 370,972 resolved market forecasts), the bias-corrected incremental log-likelihood
a model adds beyond a liquid market price is about 0.001 nats, with a non-positive trend
across two years and a dozen model generations from GPT-3.5 and Claude-2.1 to GPT-5.x
and Claude-Opus-4.x (round-level slope —0.004 nats/yr, 95% CI [—0.008, —0.002]; capability-
axis slope —0.0012, [—0.0020, —0.0006]). That near-zero number is a statement about models
only if the metric can be non-zero on this question class, so we anchor it with a positive
control. On the one round with a released human track the same measure gives human
superforecasters about 0.09 nats, an order of magnitude above their own finite-sample floor,
surviving the identical finite-sample correction and, decisively, a re-scoring of both groups
on the same (no-easier) questions (+0.087 nats, bootstrap CI excluding zero); the model
null itself also survives an out-of-sample cross-fitted check. The control establishes that
ALL has dynamic range here, so the near-zero model value is a property of the models
and not of a degenerate metric, and the ~ 75x ratio we report as a single-round measure-
ment, not a population estimate. We then explain why this gap went unmeasured: the two
market-relative metrics the field has reached for cannot see it. The additive marginal edge
(a forecaster’s proper score minus the price’s) is Brier shifted by a per-question constant:
rank-identical to Brier on all 25 rounds to machine precision (p = 1.000, within-round con-
stant SD < 6 x 10717), so on the real leaderboard it merely crowns the model that copied the
price best. The forecast-encompassing coeflicient S is in turn too noisy to rank (split-half
reliability 0.22 against 0.87 for Brier). The collinearity-robust object that does measure
contribution is ALL, which we use at the group level, where it pools thousands of forecasts,
not as a per-forecaster rank. The practical lesson for benchmark design is to report two
separate axes, Brier for closeness to truth and bias-corrected ALL for contribution beyond
the priced consensus, and never to publish the marginal edge as a ranking. We concede the
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idea of market-relative scoring to prior work (Prophet Arena, the AIA Forecaster), which
our negative result does not refute; the contribution here is the order-equivalence, the leak-
free multi-round measurement, and the finding that scale has not populated the contribution
axis. Externally submitted agentic research/tool systems sit modestly higher, a fragile signal
we offer only as a hypothesis that contribution comes from research, not scale. The human
comparison rests on the one released human round; we use it as a positive control on the
metric rather than a population estimate, and mark it as such throughout.

1 Introduction

Language models now produce probabilistic forecasts at scale, and the community evaluates
them with a small set of headline metrics: the Brier score (Brier, 1950), sometimes the loga-
rithmic score, and accuracy against a human crowd (Halawi et al., 2024; Karger et al., 2024;
Lu, 2025). These metrics share a blind spot. A proper score measures how close a forecast is
to the truth, but on many questions the truth is already public in probability terms, because a
liquid market or a large crowd has moved the implied probability close to where it will resolve.
A forecaster who reads the price and reports it then scores almost as well as one who reasoned
independently to the same number. Brier cannot tell the two apart, and the gap is visible for
LLMs in the ForecastBench data (Karger et al., 2024), where, as we show directly in Section 6,
the same model scores better on market questions when the crowd freeze value is supplied in
the prompt than when it is not.

Two corrections present themselves, and a forecaster-evaluation literature already reaches for
each. The first is to score the proper score relative to the free prior, the marginal edge, which is
the forecasting analogue of investment alpha and the basis of a market-aware evaluation frontier
(Yang et al., 2025; Alur et al., 2025). The second is to estimate, with a forecast-encompassing
regression, a coefficient g on the forecaster’s prediction after conditioning on the price, so that
Bte > 0 marks information the price does not contain (Fair & Shiller, 1989; Clements, 2010).
This paper asks whether either correction does what it is meant to, namely rerank a leaderboard
by contribution rather than by closeness to a public number. On public ForecastBench data
the answer for both is no, and the reasons are instructive.

Take the marginal edge first. The price enters the per-question edge dzf = S(pref,y) — S (p{ )
only through S(pi°f, y;), which depends on the question i but not the forecaster f. It is a question
main effect. Adding a per-question constant to every forecaster’s edge changes the leaderboard’s
level, not its order. On a balanced panel the constant is global and edge = ¢ — Brier, so the
rankings coincide; on an unbalanced panel the naive edge ranking does differ from Brier, but only
because forecasters answered different questions, and the difficulty adjustment that corrects that
selection absorbs the price into a question fixed effect, leaving the adjusted edge ranking equal
to the adjusted Brier ranking. This is a corollary of how skill scores relate to the underlying
proper score (Murphy, 1973; Wheatcroft, 2019) rather than a new theorem; our contribution
here is to make it precise for the question-varying market price that the recent literature uses,
and to verify it on data.

The encompassing coefficient is genuinely a different statistic, but it does not rescue the ranking
either. The coefficient B¢ is not a relabeling of Brier, so in principle it could carry the price’s
information into the order. In practice it is too noisy to rank: re-estimated on random question
halves, its rank reliability pooled across the 25 rounds is 0.22 where Brier’s is 0.87, and on
a single round its near-zero correlation with Brier (p = 0.06, p = 0.50) is what that noise
produces rather than a clean second axis. Its much-discussed fall when a model copies the price
turns out to be collinearity between the forecast and the price reallocating shared variance, not
information disappearing.

The quantity that does measure contribution is robust to this collinearity: it is the incremental



log-likelihood of the forecast beyond the price, ALL, the improvement in fit from adding the fore-
caster’s prediction to a model that already contains the price. It is the ensemble-improvement
view of forecaster value (Satopéé et al., 2014; Alur et al., 2025) expressed as a likelihood gain.
On the ForecastBench LLM configurations ALL is essentially zero, and supplying the price in
the prompt does not lower it, because there is nearly nothing beyond the price for the model to
lose. On the 23 human superforecasters ALL is clearly positive, and the superforecaster median
ensemble both adds information beyond the price and beats it on Brier. Closeness to truth
and contribution beyond the priced consensus are two distinct axes, and on current models the
second is close to empty.

So far the picture is one round, which invites the obvious objection that 2024-era models were
simply not good enough. The 25-round ForecastBench panel answers it directly, because the
benchmark re-runs a systematic battery of the day’s frontier models every round, with release
dates spanning GPT-3.5 and Claude-2.1 in 202324 through GPT-5.x, Claude-Opus-4.x, Gemini-
3.x, Grok-4.x, DeepSeek, Qwen and Kimi generations in 2026. The measurement requires care,
because an incremental likelihood is upward biased in finite samples and the late rounds have
fewer resolved questions; once that bias is removed (Section 7), the bias-corrected ALL is about
0.001 nats and its trend is non-positive (round-level slope —0.004 nats/yr, capability-axis slope
—0.0012 nats/yr, both with confidence intervals below zero). The same correction, applied to
the human superforecasters who answer far fewer questions and so face a larger bias, leaves
them essentially unchanged at ~0.09 nats; the human round thus acts as a positive control that
the contribution axis is reachable, and the resulting ~ 75X ratio is a single-round measurement,
not an artifact of how the two groups are measured. The null is robust to leakage, which on
market questions resolving after the freeze tends to favor the newer models. One group sits
modestly higher, the externally submitted agentic research-and-tool systems, but the signal is
fragile, so we offer “contribution comes from research, not scale” as a hypothesis, not a finding.

Contributions.

1. The measurement. On 25 leak-free ForecastBench rounds (2024-2026), the bias-corrected
information frontier models add beyond a liquid market price is about 0.001 nats and does
not rise with scale: across two years and a dozen model generations (GPT-3.5 and Claude-
2.1 to GPT-5.x and Claude-Opus-4.x) the trend is non-positive (round-level slope —0.004
nats/yr, 95% CI [—0.008, —0.002]; capability-axis slope —0.0012, [—0.0020, —0.0006]), and
the null survives an out-of-sample cross-fit. Human superforecasters on the one released
human round clear the same bar by an order of magnitude under the identical finite-sample
correction (~0.09 nats, a ~75x gap that survives a same-questions control), so the near-zero
model value is a property of the models, not a degenerate metric (Sections 6, 7).

2. The collinearity-robust object that makes that measurement possible: the incremental log-
likelihood ALL of a forecast beyond the price, used at the group level, together with the finite-
sample bias correction an incremental likelihood requires when resolved-question counts vary
across rounds (Sections 6, 7).

3. An explanation of why the gap went unmeasured: the two market-relative statistics the
field reaches for cannot see it. The score-difference marginal edge is Brier shifted by a per-
question constant, rank-identical to Brier on a balanced panel and to difficulty-adjusted Brier
on an unbalanced one on all 25 rounds to machine precision, so on the real ForecastBench
leaderboard it merely reproduces the Brier order and crowns the model that best copied
the price (Sections 3.3, 4, 4.1); and the encompassing coefficient (¢ is too noisy to rank
(split-half reliability 0.22 against 0.87 for Brier), its much-discussed copy-the-market signal
being collinearity rather than lost information (Section 5).



4. A two-axis reading for benchmark design: report Brier for closeness to truth and bias-
corrected ALL for contribution beyond the price; do not report the marginal edge as a
ranking, and do not rank on a single-round S, (Section 8).

2 Related Work

Skill scores and the underlying proper score. The Brier Skill Score 1 — BS/BS,s is the
standard improvement-over-baseline measure (Jolliffe & Stephenson, 2012), and the verification
literature has long studied how it relates to the proper score it is built from. Murphy (1973)
decomposed the Brier score into reliability, resolution, and uncertainty; Murphy & Winkler
(1987) gave the general calibration and refinement framework. The reference in this tradition
is a single statistical baseline such as climatology, and Mason (2004) and Weigel et al. (2007)
showed that the choice of reference and the structure of the skill score affect its expected value.
Wheatcroft (2019) showed the ratio form is biased and small-sample-fragile and recommended
reporting score differences, which we do, before showing that even the difference does not
change a ranking. The decision-theoretic claim that what matters is improvement over the
freely-available baseline is the distinction between a forecast’s value and its skill (Murphy,
1993).

When two proper scores agree on an ordering. That a single proper score under-
determines the comparison of forecasters, so that two forecasters can be equal on one score and
differ on a finer comparison, is the subject of DeGroot & Fienberg (1983), Dawid (1986), and
Schervish (1989); the underlying information ordering is Blackwell sufficiency (Blackwell, 1953).
A recent decision-theoretic “informativeness gap” (Feng et al., 2025) generalizes this comparison
and recovers Blackwell informativeness when both predictors are calibrated, with an application
to LLM forecasters. Our ALL is one operational, likelihood-gain reading of “forecaster refines
the price” relative to a fixed market reference, rather than the general decision-theoretic gap.

Proper scoring and calibration. A skill measure must be built on a strictly proper rule to
remain incentive-compatible (Gneiting & Raftery, 2007b), and the information a forecaster adds
beyond a prior is the calibrated sharpness of Gneiting et al. (2007a); the reliability /resolution
decomposition that separates a forecast’s calibration from the information it carries beyond a
reference is made precise by Brocker (2009), and our ALL is the resolution-side, contribution
component of that split.

Forecast combination and encompassing. The encompassing regression we examine is a
forecast-combination regression (Bates & Granger, 1969; Granger & Ramanathan, 1984; Fair
& Shiller, 1989; Clements, 2010): B is the weight on the forecaster relative to the price, and
ALL is the likelihood gain from that combination over the price alone. Satopai et al. (2014)
give the information-diversity reason a less accurate forecaster can still hold information not in
the crowd, which is what positive ALL detects.

Edge over the crowd in human forecasting. The Good Judgment Project defined fore-
caster value as improvement over the crowd (Mellers et al., 2014, 2015), and Atanasov et al.
(2017) compared market prices against poll aggregates as alternative crowds, which motivates
using the market price as the prior where one exists. That a selected sub-crowd can beat the
full crowd (Mannes et al., 2014) is why the superforecaster median ensemble, not the public
aggregate, is the human comparator we use. Treating a raw price as a calibrated probability is
itself an assumption (Wolfers & Zitzewitz, 2006), to which we return in Section 9.



LLM forecasting evaluation. This literature reports mostly absolute Brier or accuracy
against a crowd. Zou et al. (2022) introduced an early neural forecasting benchmark; Halawi
et al. (2024) evaluate a retrieval-augmented system against the crowd aggregate; Karger et al.
(2024) introduce ForecastBench and rank on a difficulty-adjusted Brier; Schoenegger & Park
(2023) find GPT-4 below the crowd; Lu (2025) reports a frontier model beating the crowd on
Brier but short of superforecasters. In each the crowd is a comparison target, not a per-question
reference against which contribution is scored. Language models are also documented to be sys-
tematically overconfident (Kadavath et al., 2022; Tian et al., 2023), which is why a contribution
measure such as ALL, which rewards directional information rather than calibration, must be
reported alongside a proper score rather than in place of it (Section 8). A complementary con-
cern is that as models improve they increasingly correlate with the human consensus and so
add less to a hybrid ensemble, the accuracy—correlation effect of Jeddi et al. (2026), which our
finding that models track the market price restates in price terms.

Market-as-reference: the nearest prior art. Prophet Arena (Yang et al., 2025) scores
model advantage over an explicit market baseline and down-weights low-discrimination, already-
priced questions through an IRT model; the ATA Forecaster (Alur et al., 2025) uses the market
as the baseline and frames model value as information that diversifies a market ensemble. The
idea of edge over the market is theirs, not ours. Our results are consistent with their designs and
clarify why those designs take the form they do: both step outside the additive score difference
that we show cannot rerank, the IRT weight by reweighting questions and the ensemble view
by measuring incremental contribution. Our ALL is the latter quantity made explicit at the
group level, and it is a complement to Prophet Arena’s question-level discrimination weight
rather than a substitute, since a question can be highly discriminating yet fully priced and a
low-discrimination question can still carry forecaster-specific signal. We stress that our order-
equivalence does not refute either system: both rank by reweighting questions (Prophet Arena’s
IRT) or by an ensemble-contribution view (the AIA Forecaster), not by the additive score
difference we show is rank-equivalent to Brier. The target of that negative result is the naive
market-edge column a benchmark designer might be tempted to publish, not these systems.

3 The Marginal Edge and the Order-Equivalence

3.1 Setup

Questions are indexed i € {1,..., N}. Question i has a binary outcome y; € {0,1} (categor-
ical and continuous cases extend through the ranked-probability score and the CRPS, whose
reliability and resolution decomposition (Hersbach, 2000) is the proper analogue of the Murphy
partition), a reference prior pgef € (0,1) that is a market price at a pre-fixed snapshot t*, and
a forecaster prediction p; € (0,1). We use the Brier score S(p,y) = (p —y)? as the primary rule
and the log score as a robustness check, both clipped at e = 1073.

3.2 The per-question edge
The per-question marginal contribution of forecaster f is

df = S(pﬁef,yi) - S<p{7yz’>a

positive when f beats the price on question i. We use the difference of two proper scores
rather than the skill-score ratio, which is biased and small-sample-fragile (Wheatcroft, 2019);
a difference of proper scores is also the object of the standard equal-predictive-accuracy test
(Diebold & Mariano, 1995). The difference keeps proper incentives in p/ because the reference



term is exogenous to the forecaster, and that same exogeneity is what removes the price from
any ranking.

3.3 The order-equivalence

Proposition. Write A; = S(pff,yi), a quantity that depends on the question but not the
forecaster.

(a) Balanced panel. If every forecaster answers a common question set Q, then each forecaster’s

mean edge is af = ﬁ > ico Ai — Briery, in which the first term is one constant shared by

all forecasters. So d’isa strictly decreasing affine function of Briery, and ranking by mean
edge is identical to ranking by mean Brier, for any prior.

(b) Unbalanced panel, difficulty-adjusted. If forecasters answer different subsets and we estimate
the difficulty-adjusted effect & from the two-way forecaster x question model d{ = p+oy+
¥i + 6{ (Abowd et al., 1999), then A; is collinear with the question dummies and is absorbed
into 4;. The estimated & is therefore the same as the one obtained with —S (pfr ,Yi) as
the dependent variable, so the difficulty-adjusted edge ranking equals the difficulty-adjusted
Brier ranking.

Part (a) is one line of algebra. Part (b) is the Frisch—-Waugh—Lovell absorption (Frisch & Waugh,
1933; Lovell, 1963) of any pure function of 7 into the question effect. The naive unbalanced edge
ranking does differ from Brier, but only through Nif Zile A;, which varies across forecasters
solely because they chose different questions, which is selection and not skill relative to the price.
The difficulty adjustment is the right remedy for that selection, and it removes the price along
with it. The practical reading is that the marginal edge moves a leaderboard’s level and not
its order, so whatever the order encodes about the price, a score difference does not encode it.
This is why the climatology-anchored skill-score tradition, which always uses a single constant

reference, never had occasion to state it.

4 The Order-Equivalence on Data

We use public and leak-free ForecastBench data (Karger et al., 2024), distributed under CC
BY-SA 4.0. The LLM track releases per-question forecasts for a systematic battery of the
day’s frontier models, re-run every round, across developers including Anthropic, Google, Meta,
Mistral, OpenAl, xAl, DeepSeek, and others (zero-shot, scratchpad, news, and superforecaster
prompts, with and without the freeze value supplied). We take the 29 processed rounds from
2024-07-21 to 2026-05-24 and keep the 25 in which enough market questions have resolved
to estimate each configuration’s statistics on at least 50 rows; the remaining four are recent
rounds awaiting resolution. This yields 1,256 frontier-model configuration—rounds (342 distinct
configurations) and 370,972 resolved binary market forecasts. Within a round all configurations
answer the same question set, so on the market sources each round is a balanced panel. The
human track is released for the 2024-07-21 round only: 40 superforecasters and 500 public
forecasters, of whom 23 superforecasters answer at least 20 market questions (56 distinct), a
sparse and unbalanced panel. Forecasts are elicited at the freeze before resolution, so every
round is leak-free by the benchmark’s contamination-free design. A reference prior is a genuine
probability only for market sources (manifold, metaculus, polymarket, infer); for data sources it
is a raw series level, which we use only as a constant-prior implementation check. To orient the
reader: the order-equivalence (this section) and the ALL trend (Section 7) are multi-round (25
rounds); the copy-the-market experiment, the human comparison, and the per-forecaster table
(Sections 6) use the single 2024-07-21 round, the only one with a released human track.



(a) edge =c — Brier to machine precision, (b) Only Brier ranks reliably across
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Figure 1: The two negatives hold across 25 rounds. (a) The constant ¢ = edge + Brier that
Proposition (a) predicts to be forecaster-invariant has a within-round standard deviation of
~ 10717 in every round, fourteen orders of magnitude below the 1072 resolution of a Brier
ranking, so the edge ranking equals the Brier ranking exactly (p = 1.000) each round. (b) Split-
half rank reliability pooled across the 25 rounds (bars are the across-round mean, whiskers
the 95% across-round interval): only Brier (0.87) clears the threshold for a usable individual
ranking; the encompassing S (0.22) and the incremental ALL (0.09) do not rank individual
configurations reliably.

The identity holds every round, to machine precision. On each of the 25 balanced
LLM rounds the per-configuration constant clf =a’ + Briery that Proposition (a) predicts to
be forecaster-invariant is in fact identical across all configurations: its within-round standard
deviation never exceeds 6.0 x 10717, fourteen orders of magnitude below the 10~3 at which Brier
ranks resolve (Figure 1a). The edge ranking therefore equals the Brier ranking exactly in every
round (p = 1.000, minimum 0.99999. .. across the 25). What was a single-round coincidence is
a structural fact of the score difference, reconfirmed on two years of disjoint question sets. On
the unbalanced human panel the naive edge ranking differs from Brier at p = 0.358, but the
difficulty-adjusted forecaster effect computed from the edge d and from negative Brier —S(p/, %)
are the same to within 1071° (maximum centered difference 1.1 x 1071 across the 23 forecasters),
confirming Proposition (b): the reference is fully absorbed by the question fixed effect. The
human leaderboard does reorder under the difficulty adjustment relative to raw Brier, but that
reordering is the effect of adjusting for who answered which questions, and it owes nothing to
the marginal-edge framing, since one obtains the identical result by difficulty-adjusting Brier
with no reference at all.

4.1 A worked example: who the marginal-edge leaderboard crowns

The order-equivalence is easy to state abstractly and easy to underrate, so we make it concrete
on the canonical board: the 130-configuration ForecastBench LLM leaderboard for 2024-07-
21. Ranking these configurations by the marginal edge reproduces the Brier order to the digit
(Table 1; the edge and Brier ranks are byte-identical, p = 1.000). What the edge ranking encodes
about the market is nothing the Brier ranking did not already encode. Worse, on this round the
liquid market price itself scores a Brier of 0.069, better than all 130 models, so every model’s
edge is negative: the marginal-edge board ranks 130 configurations that all lose to the market,
ordered by how closely they tracked it. The configuration it crowns, GPT-40 with the freeze
value supplied, was handed the market price in its prompt; 14 of the top 15 were likewise price-
handed, and the top configuration’s bias-corrected ALL is —0.0005, that is, it adds nothing



rk  configuration (top 10 by marginal edge)  Brier edge  ALLyg;
1 GPT-4o (scratchpad, freeze) 0.100 —0.030 —0.0005
2 GPT-4-Turbo (scratchpad, freeze) 0.113 —0.043 —0.0002
3 Claude-3.5-Sonnet (scratchpad, freeze) 0.115 —0.046 +0.0030
4 GPT-4-Turbo (zero-shot, freeze) 0.117 —0.047 +40.0001
5 GPT-4o (scratchpad, news, freeze) 0.119 —0.050 +40.0046
6 GPT-4-0613 (zero-shot, freeze) 0.122  —0.052 +0.0039
7 GPT-4-Turbo (scratchpad, news, freeze) 0.124 —0.054 —0.0007
8 Gemini-1.5-Flash (zero-shot, freeze) 0.132  —0.063 +0.0006
9 Claude-3.5-Sonnet (zero-shot, freeze) 0.133  —0.063 +0.0065
10 Claude-3-Opus (zero-shot, freeze) 0.133  —0.064 +0.0042

Table 1: The real ForecastBench 2024-07-21 LLM leaderboard, top 10 of 130 by marginal edge.
The edge rank equals the Brier rank byte-for-byte across all 130 (p = 1.000). The market
price scores Brier 0.069, better than every model, so all edges are negative. “freeze” marks
configurations handed the market price in the prompt: 14 of the top 15 are price-handed,
and the board’s winner adds ALL.q; = —0.0005 beyond the price. Per-configuration ALL is
individually noisy (Section 5) and is shown only to make the point that the top of the edge
board sits at ~0 contribution; across the panel p(ALL, —Brier) = 0.01.

of its own. A market-relative leaderboard built on the marginal edge, advertised as ranking
information beyond the market, here ranks price-copying and rewards the configuration that
copied best.

The axis such a leaderboard means to measure lies elsewhere, and on current models it is nearly
empty. Contribution beyond the price, ALL, is decorrelated from Brier on this round (p =
0.01), so the best price-tracker is not the largest contributor; and measured reliably by pooling
each base model across all 25 rounds, the contribution of even the most informative model
(Meta-Llama-3.1-405B, +0.013 nats) is about seven times below the human superforecaster
level (0.091), while the two lowest-Brier models on that pooled panel (Grok-beta and 03) sit
at +0.004 and —0.001 nats, so the most accurate models are not the largest contributors. The
lesson for a benchmark designer is concrete: do not publish a marginal-edge column believing
it surfaces market-beating information. It is the Brier column under another name, and the
contribution column it is mistaken for is both decorrelated from it and, on today’s models,
near-empty.

5 The Encompassing Coefficient Also Fails to Rank

The coefficient g from the forecast-encompassing logit y; = A(By + 6refzfef + chzif ), with
z = logit(p), is not an affine transform of Brier, so unlike the marginal edge it is not ruled
out a priori as a ranking. We estimated it per configuration on the 256 market questions, with
standard errors clustered by question, and find three reasons it cannot serve as a leaderboard.

First, it is too noisy to rank. Splitting the questions into halves and re-estimating, the rank
correlation of g, across halves averages 0.23 on this round, against 0.96 for Brier (Figure 2b);
only 18% of configurations have a f;. distinguishable from zero. This is not a property of the
one round: pooled across all 25 rounds the split-half rank reliability of S is 0.22 (across-round
SD 0.28), against 0.87 for Brier, while the incremental ALL is likewise unreliable as a per-
configuration rank (0.09) even though, as Section 6 shows, it is the right instrument at the
group level (Figure 1b). Second, its small correlation with Brier across configurations (p = 0.06,
p = 0.50, 95% bootstrap interval [—0.11,0.23]) cannot be read as orthogonality. The reliability
of B, the share of its between-configuration variance that is signal rather than sampling noise,



is 0.18; by the classical attenuation relation (Spearman, 1904) a statistic that is mostly noise is
mechanically near-uncorrelated with everything, so p = 0.06 is what one would observe whether
Bs. were truly orthogonal to Brier or not. The data simply cannot resolve a second axis at this
sample size. Third, the apparent copy-the-market effect on Sj. is a collinearity artifact, which
we show next.

6 What Measures Contribution Beyond the Price

The collinearity-robust measure of information a forecaster adds beyond the price is the incre-
mental log-likelihood
ALL = +[LL(y| 2", 27) — LL(y | z0)],

the per-forecast gain in fit from adding the forecaster’s prediction to a model that already
contains the price. Because it measures fit improvement rather than the partition of shared
variance between two regressors, it is insensitive to the collinearity that destabilizes B¢ when a
forecast tracks the price. It is the ignorance-score gain of Roulston & Smith (2002) relative to
the price. We use ALL only as a group-level contribution estimate (for the battery, the human
cohort, and the calendar trend, each pooling thousands of forecasts), not as a per-configuration
ranking: at the single-forecaster level it is as unreliable as g (pooled split-half 0.09; Section 5),
so we never rank individual forecasters by it.

The copy-the-market experiment, read correctly. ForecastBench ran 46 configurations
as matched pairs that differ only in whether the market freeze value was supplied in the prompt,
across 17 distinct base models. Supplying the price has a clear and consistent effect on what
a model does and on its Brier: the distance to the price |p — p™!| falls (family-median —0.077,
every one of the 17 families, sign-test p < 0.001) and Brier improves (family-median —0.033,
every family). The raw [ falls as well (family-median —0.19), which one is tempted to read
as the model adding less of its own information. That reading is wrong. The variance-inflation
factor between the forecast and the price rises from 1.3 to 1.6 when the price is supplied, and
the Brer T, Bic 4 pattern is the signature of collinearity reallocating shared explanatory power
from the now-redundant forecaster regressor to the price. The collinearity-robust ALL does not
fall: it is flat to slightly higher (family-median +0.002; lower in only 1 of 17 families). Both
before and after the prompt manipulation, ALL is essentially zero (0.0008 then 0.0028 nats),
so there is almost no information beyond the price for the model to lose. Supplying the price
does not degrade a contribution; it reveals that there was little contribution to begin with
(Figure 3b). This also resolves an ambiguity in |p — p™!| as a measure of copying, which on its
own cannot separate copying from correct updating on a good prior: here ALL is near zero, so
the convergence to the price is not the model contributing independent information.

LLMs against superforecasters. Measured by ALL, the 130 LLM configurations add al-
most nothing beyond a liquid market price (mean 0.0018 nats per forecast, Figure 3a), and
ALL is essentially uncorrelated with Brier (p = 0.01), so a better Brier among these models
does not indicate more information beyond the price; it indicates closer tracking of it. The
human superforecasters are different. Pooled across the 23 forecasters, ALL is 0.08 nats per
forecast, and the superforecaster median ensemble adds 0.13 nats on the 56 market questions
while beating the market on Brier (0.087 against 0.131). The two findings together say that on
this round closeness to truth and contribution beyond the price come apart, and that current
LLMs sit at the price while superforecasters move away from it with information. We report the
human result as a single-round, selected-sample finding (Section 9), not a population estimate.
The reported ALL values here are the raw in-sample figures; because the humans answer far



(a) Edge is Brier in disguise (b) Only Brier ranks reliably
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Figure 2: Neither correction reranks. (a) On the balanced 130-configuration LLM panel the
marginal edge equals a constant minus Brier, so the edge ranking is the Brier ranking (p = 1.000).
(b) Re-estimating each statistic on random halves of the questions, only Brier produces a stable
ranking (split-half rank reliability 0.96); the encompassing S (0.23) and the incremental log-
likelihood ALL (0.18) do not rank individual configurations reliably on one round.

fewer questions than the LLM configurations, a like-for-like comparison must remove the finite-
sample bias of an incremental likelihood, which we do in Section 7; the gap not only survives
but widens, because the correction is large for the few-question humans yet they remain near
0.09 nats while the models fall to ~0.001.

The human encompassing result. For completeness, the pooled encompassing regression
on the 23 superforecasters gives a positive forecaster coefficient (Sg. = 0.62, question-clustered
p = 0.005, wild cluster bootstrap-t p = 0.0001, pairs cluster bootstrap interval [0.29,1.41])
with the price coefficient not distinguishable from zero, consistent with the positive ALL above.
Because the per-forecaster (g is unreliable on one round (Section 5), we treat this pooled
coefficient as corroborating the ALL finding for superforecasters as a group, not as a per-
forecaster ranking. Table 2 lists the per-forecaster numbers, with the difficulty-adjusted &y
shown for reference; by Section 4 that column is difficulty-adjusted Brier and carries no price
information.

7 Two Years of Frontier Models Do Not Fill the Contribution Axis

The single-round result, that LLMs sit at the price while humans do not, leaves open whether
the contribution axis is empty in principle or merely empty for 2024-era models. ForecastBench
answers this directly, because it re-runs a battery of the day’s frontier models every round.
Across the 25 rounds the systematic battery spans GPT-3.5-Turbo and Claude-2.1 (late 2023)
through GPT-5.x, Claude-Opus-4.x, Gemini-3.x, Grok-4.x, and the DeepSeek, Qwen, and Kimi
generations of 2026: two years of capability growth measured against the same kind of liquid
market price each round.

A finite-sample bias must be removed first. The in-sample ALL is upward biased, and
the bias is not uniform across rounds. Adding the forecast regressor to the price-only logit always
raises the in-sample likelihood, and under the null that the forecast carries nothing beyond the
price the likelihood-ratio statistic 2N ALL is asymptotically x? with mean 1, so E[ALL] = ﬁ

even when there is no information to find. This bias is largest where N is smallest, and N falls

10



(a) Who adds information beyond the price? (b) Copy-the-market: the price drop is real,
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Figure 3: Information beyond the price. (a) The incremental log-likelihood ALL beyond the
market price: the 130 LLM configurations cluster near zero, while pooled superforecasters (0.08
nats) and their median ensemble (0.13 nats) add real information. (b) In the copy-the-market
experiment, supplying the price genuinely makes models copy it and lowers their Brier (left two
bars, family-median changes), and it lowers the raw S, but the collinearity-robust ALL is flat,
so the (¢ drop is variance reallocation rather than lost information.

sharply over the panel: the number of resolved market questions per round drops from ~ 250
in 2024-25 to ~40-100 in 2026 (correlation of questions-per-round with date —0.84), exactly
where the newest models sit. The raw ALL therefore flatters recent rounds. We remove the null
bias, ALL,q; = ALL — ﬁ, and, crucially, apply the identical correction to the human numbers,
whose forecasters answer only ~ 28 questions each and so carry a larger per-unit bias than the
LLM configurations, which answer ~ 250.

Corrected, the contribution is near zero and does not rise. The bias correction removes
most of the apparent model contribution: the battery’s mean ALL,q; is 0.0012 nats, down from
a raw 0.0046, i.e. roughly three-quarters of the naive figure was finite-sample artifact. The
trend is, if anything, downward: the round-level slope is —0.0040 nats/yr (bootstrap 95% CI
[—0.0078,—0.0017]), the question-weighted slope is —0.0020 ([—0.0078, +0.0002]), and dropping
the five thinnest rounds gives —0.0035 ([—0.0079, —0.0008]); no specification produces a positive
trend (the raw +0.0009, p = 0.57, was itself the small-N bias). The capability axis tells the
same story: ordering the 324 configurations by model release date, the bias-corrected slope is
—0.0012 nats/yr (base-model-clustered 95% CI [—0.0020, —0.0006]), with models released on
or before mid-2024 at +0.0014 nats and those released in 2026 at —0.0024 (Figure 4). As an
equivalence reading (Lakens, 2017), the primary round-level slope’s upper confidence bound is
itself negative (—0.0017 nats/yr), so the data support no positive trajectory toward the human
level at all; even the single most favorable specification (the question-weighted fit) has an upper
bound near zero, under which closing the ~0.09-nat gap would still take more than a century.
The data exclude any approach to the human contribution on a relevant horizon. The level
and slope are insensitive to the probability-clipping bound: at € € {1072,1073,10*} the bias-
corrected level is 0.0011 nats and the slope is —0.004 nats/yr throughout.

The null does not depend on the analytic correction. Because the 1/2N adjustment is
a first-order asymptotic and the late rounds are small, we re-estimate the battery contribution
with a cross-fitted, out-of-sample ALL: fit the price-only and price-plus-forecast logits on one
half of the questions, score the log-likelihood gain on the held-out half, and average symmet-
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F N Brier rk edge rk &y rtk/FDR
FO1 20 0.013 1 +40.062 4 +40.035 1*
Fo2 32 0017 2 +0.040 9 +0.033 2*
F03 24 0.030 3 40.039 10 +0.019 5*
Fo4 20 0.050 4 +0.003 20 +0.012 10
FO5 23 0.053 5 +40.042 & +0.032 3
FO6 46 0.063 6 +0.059 5 +40.006 13*
FO7 26 0.067 7 +40.019 14 +0.011 11
FO08 28 0.070 8 +0.062 3 +0.016 .
F0o9 25 0.071 9 +0.049 7 40.001 15
F10 31 0.075 10 +0.005 19 +40.014 9
F11 48 0.076 11 +40.024 13 +0.001 16

F12 21 0.089 12 +0.002 21  -0.011 20
F13 40 0.092 13 +40.007 18 40.000 17
F14 56 0.099 14 +0.031 11 40.002 14
Fi5 30 0.100 15 +40.071 1 +40.019 6*
F16 55 0.102 16 +40.031 12 +0.000 18
F17 29 0.102 17 +0.065 2 +0.020 4*

F18 21 0.106 18 +40.051 6 +40.011 12
F19 51 0.106 19 +40.012 16 -0.002 19
F20 26 0.113 20 +0.011 17 +0.015 8

F21 20 0.134 21 -0.021 22 -0.060 22
F22 28 0.154 22 +40.017 15 -0.012 21
F23 23 0198 23 -0.089 23 -0.067 23

Table 2: Market-track superforecasters, ordered by Brier rank. “edge” is the raw mean edge; dy
is the difficulty-adjusted forecaster effect, which by Section 4 equals difficulty-adjusted negative
Brier and carries no price information; * marks the 7 forecasters with a positive edge surviving
Benjamini-Hochberg control (Benjamini & Hochberg, 1995) at ¢ = 0.10. Labels F01-F23
anonymized; 56 market questions, single round.

rically. This carries no in-sample optimism and needs no analytic correction. On the anchor
round it gives —0.001 nats, matching the 1/2N-corrected in-sample 4+0.001, so the near-zero
model contribution is a property of the forecasts and not an artifact of the bias adjustment.
The same cross-fit cannot validate the human number, whose forecasters answer far too few
questions to hold out a two-regressor logit (Section 9); the human side is instead anchored by
its order-of-magnitude margin over its own bias and by the matched-question control above.

The human contribution survives the same correction; the gap is not an estimator
artifact. Applying ALL.q; to the superforecasters, who answer far fewer questions and so
face the larger bias, barely moves them: the per-forecaster mean falls only from 0.109 to 0.091
nats (bootstrap 95% CI [0.060,0.124]), and the median ensemble from 0.126 to 0.117. The
same operation that collapses the model number by three-quarters leaves the human number
essentially intact, because the human gain is real signal an order of magnitude above its sampling
bias whereas the model gain was mostly the bias. After the identical, apples-to-apples correction
the human-to-LLM ratio is about 75:1 (0.091 against 0.0012), wider than the raw comparison
and now demonstrably not a consequence of the two groups answering different numbers of
questions. We read this human round as a positive control, not as a population estimate of
human-over-model skill: its role is to show that ALL is reachable on this question class, which
one clean, bias-corrected, difficulty-matched instance establishes, and the 75:1 figure is that
instance rather than a law the model null depends on.
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The gap is not a question-selection artifact either. Beyond the question count, the two
groups answer different question sets (the superforecasters 56 market questions, the battery 256),
and a natural objection is that the human-answered subset is simply easier to beat the price on.
It is not. Scored on the same 56 questions, the human-answered set is if anything marginally
harder than the full panel (mean |[p*! — 0.5 of 0.357 versus 0.393), and on that common set the
bias-corrected superforecaster contribution is +0.084 nats while the 130-configuration battery’s
is —0.003 nats: negative, i.e. the models slightly worsen on the price exactly where the humans
contribute most. The matched gap is +0.087 nats (question-bootstrap 95% CI [+0.004, +0.177],
excluding zero). The contribution gap is therefore a property of the forecasters, not of which
questions each group was scored on; what a single human round leaves open is round-to-round
variation in the human level (Section 9), not within-round question selection.

The null is robust to leakage. A non-positive trend is hard to attribute to contamination.
Each forecast is frozen before its question resolves, so within a round the panel is leak-free by
construction; across rounds, a later model carries a larger training cutoff, which on a market
question resolving after the freeze tends to raise a model’s raw accuracy. Its effect on ALL,
accuracy beyond the price, is weaker and of ambiguous sign, since knowledge that pulls the model
toward the outcome also tends to pull it toward the price; but to whatever extent leakage moves
ALL at all it favors the newer models, so a flat-to-declining trend is not naturally produced by
contamination. The reading that current models add almost nothing beyond a liquid price is,
if anything, charitable to the newer ones.

A hypothesis on what would move it: research, not scale. One group sits modestly
higher: the externally submitted agentic systems (research-and-tool pipelines and ensembles
entered by outside teams), present in 13 rounds. At the configuration level their bias-corrected
ALL,g; averages 0.0040 nats against the battery’s 0.0012 (Welch p = 0.04). We do not lean
on this. The per-round signal is fragile: its mean falls to essentially zero when the single best
round is removed, its calendar trend is not significant (p = 0.17), and these systems are the most
leakage-exposed in the data, since several query the live web. We therefore offer “contribution
comes from research the price has not absorbed, not from model scale” as a hypothesis consistent
with the human result, not as a finding. What the data do establish is the negative: raw model
scale, over two years and a dozen generations, has not climbed onto the contribution axis.

8 Discussion

A forecasting leaderboard can measure two different things. One is closeness to the truth, which
Brier measures and which the marginal edge measures again, since it is Brier shifted by a per-
question constant. The other is contribution beyond the priced consensus, which ALL measures
and which the encompassing coefficient tries and fails to measure reliably on a single round. The
recent push toward edge-over-market evaluation has been an attempt to get the second axis out
of an operation that lives on the first, and our results say plainly why that cannot work in the
score-difference form and is hard in the coefficient form. For a downstream user who wants the
best probabilities to act on, closeness to truth is the right axis, and Brier remains the metric.
For a user who wants to know whether a forecaster would improve an ensemble that already
contains the market, contribution beyond the price is the right axis, and ALL is the metric;
this is the question the ATA ensemble framing also asks (Alur et al., 2025). The two should be
reported as separate columns, and the marginal edge should not be reported as a ranking at
all: on the real ForecastBench leaderboard it reproduces the Brier order and crowns the model
that best copied the market price (Section 4.1).
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(a) Bias-corrected contribution is =0 (b) Capability axis: scale does not
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Figure 4: The open question, answered. (a) Per-round ALL beyond the price for the frontier-
model battery: the raw in-sample mean (faded) is inflated by a finite-sample bias that is largest
in the small late rounds; the bias-corrected mean (black, with across-configuration standard
errors) is near zero with a non-positive trend (—0.0040 nats/yr, 95% CI [—0.0078, —0.0017]).
The single-round human superforecaster level (green diamond, with bootstrap CI), measured
with the identical bias correction, sits ~ 75x higher. (b) The capability axis: each of 324
configurations by model release date; the bias-corrected slope is negative (—0.0012 nats/yr,
base-model-clustered 95% CI [—0.0020, —0.0006]), with the human band an order of magnitude
above. Scale does not buy information beyond the price.

Why ALL and not the coefficient. ALL is a likelihood-ratio statistic that is robust to
the forecast tracking the price, which is exactly the regime in which a market-relative metric
is needed. It still requires a fixed question set, because on an open venue where forecasters
choose questions a contribution measure rewards answering only where the price is expected to
be wrong, which is prior-error harvesting rather than knowledge. It also requires pairing with a
calibration check, because a contribution measure rewards directionally useful information and
does not by itself penalize overconfidence; a model that is informative about direction but badly
calibrated can show positive ALL while being a poor standalone forecaster. And it requires the
reference to be operator-fixed per question, since where several candidate priors exist the choice
of reference is itself a degree of freedom a forecaster could exploit.

The state of current models. The contribution axis is nearly empty for LLMs, and Section 7
shows this is not an artifact of model vintage or of the metric: across two years and the frontier
releases of 2024-2026 the bias-corrected contribution stays near zero with a non-positive trend,
about 75x below the human level under the identical correction. LLMs sit at the market price,
and supplying them the price simply moves them onto it more tightly, improving their Brier
without adding information. The superforecasters are the positive control that the axis is not
empty in principle, a role a single clean human round is enough to fill, and the agentic research
systems point the same way: doing research the price has not absorbed moves a forecaster off
the price with real information, and scaling the model that reads the price does not. Whether
thinner and less efficient markets, or tool-using model systems rather than the models alone,
populate the axis more fully is the natural next question; the evidence here is that raw capability
growth, the lever the field has actually pulled, has not.
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Limitations

. What is multi-round, and what is not. The order-equivalence (Sections 3.3, 4) is an
algebraic identity and is confirmed on all 25 rounds; the unreliability of B¢, the near-zero
LLM ALL, and the flat capability trend (Section 7) are now multi-round. The human results
(the positive superforecaster ALL, the encompassing coefficient, and the per-forecaster table)
remain single-round, because ForecastBench released a human track only for 2024-07-21. We
use the human round as a positive control on the metric, not as a population estimate: its
job is to establish that ALL is reachable on this question class, which one clean, bias-
corrected, difficulty-matched instance does, and on which the model contribution null does
not depend. Further released human tracks would upgrade the ~ 75x ratio from a single-
round measurement to a population estimate, and that is the first thing we would add; but
the paper’s thesis, the near-zero model contribution and its flat trend across scale, stands
without it.

. The capability axis has non-independent units; the bias correction is first-order.
The per-model release-date regression in Section 7 pools configurations that recur across
rounds, so we report a base-model-clustered bootstrap interval rather than a naive p-value,
and corroborate it with the round-level trend, whose 25 units are far less dependent (residual
lag-1 autocorrelation is small). The finite-sample correction ALL — ﬁ is the first-order null-
mean adjustment; it is the same quantity an AIC penalty targets, and an out-of-sample split
would serve the same purpose, but on the smallest rounds a residual higher-order bias may
remain. The agentic-systems comparison is heterogeneous, thin per round, partly tool-using,

and not robust to dropping its best round, so we report it as a hypothesis, not an estimate.

. One liquid-prior regime. The near-zero LLM contribution is measured against liquid
market prices (manifold, metaculus, polymarket, infer). Thinner or less efficient markets,
or non-market questions where no priced consensus exists, could leave more room for a
model to contribute, and the result should not be read as a statement about language-model
forecasting in the absence of a good price.

. The price is taken as a probability. We treat the raw market price as a calibrated
probability. Prices are known to be biased probability estimates (Wolfers & Zitzewitz, 2006),
with documented regularities such as the favorite-longshot bias (Snowberg & Wolfers, 2010),
so part of the superforecaster ALL may be the freely-recoverable correction of a known price
bias rather than private information. This is a ceiling on how much of the human contribution
is genuinely private. We attempted to net this out by recomputing ALL beyond an out-of-
fold recalibrated price, but at one round’s question count the recalibration injects enough
reference noise to inflate ALL spuriously for both groups (it lifts the no-edge LLM battery to
an artifactual 0.05 nats), so the private-versus-recoverable decomposition is inconclusive here;
the price’s own recoverable miscalibration is in any case modest (out-of-fold recalibration
improves its Brier only from 0.056 to 0.047), bounding how much of the human edge could
be mere de-biasing. The mapping from a price to a probability is itself only a partial-
identification bound (Manski, 2006).

. Reflexive questions. Several market sources resolve on a market or crowd state, in which
case contribution beyond the price is partly a bet on the price’s own future error rather than
on an exogenous outcome. We did not separate exogenous from reflexive questions, and a
clean version of the contribution measure would exclude or flag the reflexive case.

. Human sample is sparse and selected. The human track is 23 superforecasters on
56 questions, with resolved questions easier than unresolved ones (mean [p™f — 0.5] 0.33
against 0.25, Mann—Whitney p = 0.018). The cross-group difficulty confound this raises is
addressed directly in Section 7 by scoring both groups on the common 56 questions (the
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gap survives at +0.087 nats, bootstrap CI excluding zero); what remains is the single-round
nature of the human track, not within-round selection. The superforecaster ALL is robust
to question-clustered and bootstrap inference but remains a selected single-round result.

Reproducibility. All numbers are produced from public ForecastBench data (CC BY-
SA 4.0). The single-round LLM analyses (reliability, split-half, collinearity-robust ALL,
copy-the-market pairs) are in 1lm_edge.py and 1lm_edge2.py; the human track in
revise_edge_v3.py; the 25-round extension (the per-round order-equivalence to machine
precision, the pooled reliabilities, the calendar and capability-axis ALL trends, and the
agentic-systems comparison) in multiround.py, the finite-sample bias correction, the slope
confidence intervals, the base-model-clustered capability slope, and the apples-to-apples hu-
man comparison in multiround_rev.py, the matched-question human-vs-model control in
matched_question.py, the clipping-sensitivity check in eps_sens.py, the worked-example
leaderboard in worked_example.py, with figures in mr_figs.py; outputs in out_11lm/, out/,
and out_mr/. The order-equivalence checks, including p = 1.000 every round with within-round
constant SD < 6 x 10717 and the 1.1 x 107'® Frisch-Waugh-Lovell equivalence on the human
panel, are computed and committed in those scripts. The scripts and the derived per-round
and per-configuration tables are released with the paper; the underlying forecasts are the public
ForecastBench processed sets.
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