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Abstract

LLM judges now score reasoning before any answer key
exists, and their scores pick outputs, filter data and reward
agents. We test such judges against reality. On 409 Kalshi
questions that resolved in July—September 2026, after the
stated training cutoffs of the forecasters and the primary judge,
Claude Sonnet 5.5 and GPT-6 Luna each wrote 32 forecasts
per question. Three pre-registered and two exploratory LLM
judges scored all 26,176 forecasts with a published forecast-
ing rubric. On Sonnet’s forecasts, the primary judge’s top-
scored forecast scores like a random pick (Brier 0.246 against
0.248) and no better than always answering 50% (0.250). Two
rules that read no text do as well or better: the forecast near-
est the mean of the 32 forecasts scores 0.242, and the mean
shrunk toward 50% scores 0.230. The market price, which
no model saw, scores 0.192. Judge scores follow text length,
not accuracy: of two forecasts written from the same evi-
dence, the judge prefers the longer one 55% of the time and
the more accurate one 50%. When only the stated probability
changes, judges penalize extremizing it more than shrinking
it, although only shrinking improves accuracy. We propose
two audits of judges that need no outcomes.

1 Introduction

Large language models now act as judges where no answer
key exists yet. A judge reads a model’s reasoning, scores it
against a rubric, and the system keeps the best-scored output.
Best-of- N sampling, data filtering and rubric rewards for re-
inforcement learning (Gunjal et al. 2026; Viswanathan et al.
2025), now also for forecasting agents (Anonymous 2026a),
all assume that a higher rubric score means a better answer.
The assumption is hard to test, because the truth is unknown
when the judge scores. It matters most for outputs that only
reality can grade, such as the forecasts and research claims
of Al agents.

Forecasting lets us test it. A forecast can be judged to-
day and scored against the outcome later. We ask: given
many forecasts of the same event by the same model, does an
outcome-blind rubric judge prefer the more accurate ones?

We use 409 prediction-market questions that resolved after
the stated training cutoffs of the forecasters and the primary
judge. Two forecasters each wrote 32 forecasts per question
from subsets of the same news. Five judges scored every fore-
cast with the Prophet Arena rubric (Yang et al. 2026). We
fixed four endpoints before the run.

The answer is no. The judge’s pick scores like a random
pick, and two simple rules that read only the stated probabil-
ities do as well or better (Section 4.1). Judge scores follow
the length of the reasoning, not its accuracy (Section 4.2).
With the text held fixed, the stated number alone moves the
score (Section 4.3). The picture is similar for five judges, two
scoring scales and, with a wide interval, a stronger judge on
a pilot subset.

Our contributions are: (1) a pre-registered test of rubric-
based selection against resolved outcomes, on 26,176 fore-
casts; (2) two audits of a judge that need no outcomes, a
same-evidence pair test and a number-edit test; (3) a prac-
tical rule for forecasting pipelines: average the forecasts and
shrink the average toward 50%, instead of selecting one with
a rubric judge.

2 Related Work

Judge biases. LLM judges prefer longer answers (Zheng
et al. 2023; Saito et al. 2023; Dubois, Liang, and Hashimoto
2024) and their own outputs (Panickssery, Bowman, and
Feng 2024). Reward-model scores track length (Singhal et al.
2024) and favor answers that state high confidence (Leng
et al. 2025). Without a correct reference answer, judges score
plausibility rather than correctness (Krumdick et al. 2026;
Zhou 2026). Pairs of responses with the same content can ex-
pose such biases without labels (Albert, Nguyen, and Mon-
teil 2026). These studies measure bias against human labels
or known answers; we measure it against outcomes that no-
body knew when the judge scored.

Best-of-N with imperfect verifiers. Trained verifiers
make best-of-N work in math (Cobbe et al. 2021; Light-
man et al. 2024). Optimizing too hard against an imperfect
proxy reward lowers the true reward (Gao, Schulman, and
Hilton 2023), and false positives cap what resampling can
gain (Stroebl, Kapoor, and Narayanan 2026). On 5,000 Chat-
bot Arena prompts, a judge’s best-of-4 pick captures 21% of
the gain of a perfect pick (Landesberg 2026).

Judging forecasts. LLM forecasters approach human
crowds (Halawi et al. 2024; Schoenegger et al. 2024) but still
trail experts (Karger et al. 2025). In the AIA Forecaster, an
LLM’s best-of-10 pick scores worse than the mean of the
10 (Alur et al. 2025); that study tests one N and no rubric.



LLM ratings of human rationales correlate 0.19 with rela-
tive accuracy (Karvetski et al. 2026), and text features of ra-
tionales correlate modestly with forecaster skill (Karvetski
et al. 2022). Dropping forecasts whose reasoning contradicts
their stated number improves accuracy (Gorur, Rago, and
Toni 2025). Prophet Arena’s rubric, which we use, compares
models and agrees with human raters (Yang et al. 2026), and
outcome-blind rubric scores track skill across seven mod-
els (Anonymous 2026b). No study tests whether a rubric
can rank one model’s own forecasts against outcomes. Our
shrunk mean resembles the one-parameter logit aggregator
of Satopdi et al. (2014). Aggregates of independent fore-
casters usually need extremizing (Baron et al. 2014), but
our pools come from one overconfident model, so our fac-
tor shrinks.

3 Setup

Questions. We start from Prophet-Arena-Subset-3000, a
public set of Kalshi markets with news sources collected at
a fixed snapshot time (Yang et al. 2026). We keep the mar-
kets whose snapshot and close both fall on or after July 1,
2026, after the stated training cutoffs of the forecasters and
the primary judge (June 2026 or earlier). We also require a
horizon of 12 hours or more, a mid price of 5-95 cents, a
spread of 10 cents or less and two markets or fewer per event,
and drop sports. This leaves 409 markets from 228 events in
ten categories. They closed between July 3 and September 7,
2026 (median horizon 4.6 days), and 46.7% resolved YES.
Each question has a median of 10 sources (title, link and sum-
mary). We delete every sentence that quotes a market price,
betting odds or a model probability.

Forecasters. Claude Sonnet 5.5 (default settings, includ-
ing its built-in thinking, which 88% of forecasts used) and
GPT-6 Luna (reasoning effort ‘none’, temperature 1) write
step-by-step reasoning that ends with “FINAL PROBABIL-
ITY: 0.xx”. For each question we draw 8 fixed subsets of
the sources, each with half of them and at least 3. Both fore-
casters see the same subsets, and each writes 4 forecasts per
subset: 32 forecasts per forecaster and question, 26,176 in
all. A Sonnet text has a median of 256 words and a Luna text
179. Within a question, the stated probabilities have a median
standard deviation of 0.048 (Sonnet) and 0.076 (Luna).

Judges. Judges use the Prophet Arena reasoning rubric:
five criteria (sources, evidence, synthesis, uncertainty, and
how well the probability follows from the reasoning), each
scored 1-5, for a total of 5-25. The judge sees the question
and its resolution rules, the titles and links of the sources
the forecaster saw, and the forecast’s text with its probabil-
ity. It is told that it does not know the outcome. A fore-
cast’s score is the mean over repeated calls. The primary
judge is Claude Haiku 5.5 (5 repeats). Gemma 4 31B and
GLM-5 (3 repeats each) passed a gate fixed before the run
(Appendix B); with Haiku they are the three pre-registered
Jjudges. Gemini 3.1 Flash-Lite and DeepSeek V4 Flash failed
the gate and serve as exploratory judges. Haiku also scored
every forecast on a 1-10 version of the rubric, and GPT-5.5
scored a 150-question pilot with 16 forecasts per question. In
leak probes, no judge stated a July—September 2026 outcome

(Appendix B; GPT-5.5 was not probed), and the forecasters’
accuracy shows no sign of outcome knowledge (Section 4.1).

Selection and baselines. For each question and each N €
{1,2,4,8,16, 32}, we draw N of the 32 forecasts 200 times.
The judge pick J is the top-scored forecast, with ties broken
at random. We score forecasts with the Brier score (p — y)?
(Brier 1950): lower is better, and always answering 50%
gives 0.25. We compare .J with four baselines. The random
pick R is the mean Brier score of the N forecasts. The plain
mean M forecasts their mean probability. The shrunk mean
S forecasts the same mean after multiplying its log-odds by
one factor fitted on other events (five folds by event). The best
pick in hindsight O is the most accurate of the IV forecasts.
The hindsight gain is R— O, and recovery, (R—J)/(R—O0O),
is the share of it that the judge captures.

Two audits without outcomes. Same-evidence pairs: two
forecasts from the same source subset saw the same evi-
dence. For each such pair (48 per question and forecaster,
ties dropped) we ask whether the judge prefers the more ac-
curate forecast and whether it prefers the longer one. Number
edits: we keep a forecast’s text and change only its probabil-
ity in log-odds, shrinking it (x0.5) or extremizing it (x2);
an unedited control is rebuilt the same way. In number-only
edits the text never states the number, so the final line is the
only change (478 Sonnet and 382 Luna forecasts). In text-
and-number edits every copy of the number changes (255
and 405 forecasts).

Statistics and pre-registration. Confidence intervals re-
sample events (2,000 bootstrap draws), because questions
from one event are correlated. Before the run we fixed four
endpoints for the primary combination, Haiku judging Son-
net. Appendix A lists every change to the plan.

E1: the judge pick is worse than the shrunk mean at N = 32.
E2: the upper 95% bound of recovery at N = 32 is below
20%.

E3: the judge prefers the more accurate forecast of a pair
50% = 2 points of the time (two one-sided tests (Schuirmann
1987), 90% interval), and the longer one more than half the
time.

E4: extremizing costs more score than shrinking, and the cost
does not depend on whether the edit moves the number to-
ward the realized outcome (the direction test).

4 Results
4.1 The judge’s pick scores like a random pick

In Figure 1 (Sonnet), the best pick in hindsight improves fast,
from 0.248 at N = 1t0 0.152 at N = 32. The judge’s pick
stays near the random pick. At N = 32, Haiku’s pick scores
0.246 against 0.248 for a random pick (difference —0.002,
95% CI —0.013 to 0.008). It recovers 2% of the hindsight
gain (—9% to 13%), so E2 holds. For the three pre-registered
judges on both forecasters, recovery is 0-5%, and every up-
per bound is below 15% (Table 2 in the appendix).

The best pick in hindsight mostly picks luck (an ex-
ploratory check). We replaced each question’s 32 forecasts
with 32 random draws that have the same mean and spread
in log-odds but carry no information. The best of these draws
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Figure 1: Brier score (lower is better) against the number N
of candidate forecasts, Claude Sonnet 5.5. The judge’s pick
(J, Haiku thick; the other pre-registered judges thin) stays at
the random pick R while the best pick in hindsight O im-
proves. The plain mean M is as good as the pick, and the
shrunk mean S is better. The dashed line is the market price,
which no model saw.

scores 0.145 on Sonnet and 0.118 on Luna, close to the real
0.152 and 0.120. Noise of this size yields the whole hindsight
gain, so recovery is a weak yardstick, and Table 1 compares
Brier scores directly.

A single forecast is no better than a constant: a random
pick scores 0.248 (Sonnet) and 0.259 (Luna), against 0.250
for always answering 50%. Two simple rules that look only
at the 32 probabilities beat a random pick (exploratory). On
Sonnet, the forecast nearest the mean of the 32 scores 0.242,
and the least extreme forecast scores 0.233. Haiku reads
about 8,000 words of reasoning per question, and its pick
scores 0.246; taking the longest text scores 0.243. The two
rules match the judge’s pick on Sonnet and beat it on Luna
(least extreme: by 0.022, 0.006 to 0.038, pooled over the pre-
registered judges). The plain mean scores 0.241. The shrunk
mean scores 0.230 and beats the judge’s pick by 0.015 (0.001
to 0.031), so E1 holds. Both forecasters are overconfident
(the best shrink factors are about 0.45 and 0.40), which is
also why the least extreme forecast does well. The market
price, which no model saw, scores 0.192.

4.2 Scores follow length, not accuracy

Within a question, the scores of the pre-registered judges cor-
relate with the length of the text (Spearman 0.14 to 0.34)
but hardly with accuracy (0.00 to 0.04). Figure 2a shows
the same-evidence pairs. On Sonnet pairs, Haiku prefers the
more accurate forecast 50.3% of the time (90% interval 49.4—
51.2%, 13,959 pairs). Within the pre-registered margin of
42 points, its preference is independent of which forecast
is more accurate, so E3 holds. Equivalence fails narrowly for
Gemma on Sonnet (51.1%) and Haiku on Luna (48.6%), just
above and just below chance. Haiku prefers the longer fore-
cast 54.6% of the time, and across the ten judge—forecaster
combinations the longer one wins 53-66% of pairs. On av-

Option at N = 32 Sonnet Luna
No information
Always 50% 0.250 0.250
Always the base rate (46.7%) 0.249 0.249
Pick one of the 32 by a simple rule
Most extreme 0.279 0.308
Random 0.248 0.259
Longest text 0.243 0.252
Nearest the mean of the 32 0.242 0.246
Least extreme 0.233 0.235

Pick the judge’s top-scored forecast (recovery)

Haiku 5.5 0.246 (2%) 0.257 (1%)
Gemma 4 31B 0.243 (5%) 0.258 (0%)
GLM-5 0.243 (5%) 0.254 (3%)
Combine the 32
Plain mean 0.241 0.246
Shrunk mean 0.230 0.234
Use what no model saw
Nearest the market price 0.213 0.207
Market price 0.192 0.192
Best pick in hindsight 0.152 0.120

Table 1: Brier score at N = 32 (lower is better) on 409 ques-
tions. Recovery is the share of the hindsight gain that a pick
captures; CIs for the judge rows are in Table 2. The base-rate
row, the simple rules and the market rows are exploratory.

erage, the forecast Haiku prefers has a Brier score 0.0004
higher than the other one (—0.0010 to 0.0020; exploratory);
in all ten combinations this gap lies between —0.0022 and
+0.0015, and every CI includes zero. Length does not pre-
dict accuracy either: the longer forecast is the more accurate
one in 49% of pairs (exploratory).

These shares hide one effect. When both forecasts of a
pair lean the same way, the more extreme one (the one far-
ther from 50%) is the more accurate one 63% (Sonnet) and
62% (Luna) of the time, because the forecasters usually get
the direction right. A judge could thus win most pairs just
by favoring confident forecasts, although this would worsen
the Brier score. Three exploratory checks remove the effect.
First, in the 5% of Sonnet pairs that disagree on the direction,
Haiku prefers the forecast on the right side 49.5% of the time
(44.9% to 54.4%). Second, in pairs that agree, Haiku prefers
the more extreme forecast 52.0% of the time when the shared
direction turns out right, and 51.8% when it turns out wrong.
Third, a linear model of the judge’s preference holds length
and extremity fixed. In it, being the more accurate forecast
raises the chance of being preferred by 0.0 percentage points
(—1.0 to 1.0), while 100 extra words raise it by 18 points (15
to 21). In all ten combinations the accuracy term lies between
—1.1 and 4-0.7 points, and every CI includes zero.

4.3 The stated number alone moves the score

Number edits hold the text fixed (Figure 2b). In number-only
edits of Sonnet forecasts, Haiku lowers its score by 0.44 (of
25) when the number is shrunk and by 0.59 when it is ex-
tremized. The difference, —0.15 (—0.26 to —0.05), supports
E4. On Luna the costs are 0.13 and 0.42. In number-only ed-
its, extremizing costs more than shrinking for all ten judge—
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Figure 2: (a) Same-evidence pairs: the share of pairs in which the judge’s preferred forecast is the more accurate one (circles)
and the longer one (squares), with 95% ClIs. The band marks the pre-registered equivalence margin of 48—52% (the test itself
uses 90% intervals). (b) Number-only edits, rows as in (a): the change in the judge’s total score (of 25), with 95% Cls, when
only the stated probability is shrunk (log-odds x0.5) or extremized (x2). *Exploratory judges that failed the gate.

forecaster combinations, significantly for eight, including all
six with pre-registered judges. In text-and-number edits of
Sonnet forecasts, the difference is +0.05 (—0.11 to 0.21):
there, shrinking and extremizing cost about the same. Pooled
over both kinds of edit, the Sonnet difference is not signifi-
cant (—0.08, —0.18 to 0.01), so for the primary combination
E4 holds only for number-only edits.

The rubric asks whether the number follows from the rea-
soning, so any edit should cost. It does not say that a move
away from 50% should cost more, nor that a move toward the
judge’s own forecast should cost less. Both happen. Shrink-
ing made these forecasts more accurate (Brier —0.017 on
Sonnet, —0.019 on Luna) and extremizing made them less
accurate (+0.030, +0.034). For Haiku, the cost does not fol-
low the realized outcome: none of its direction tests is signif-
icant. Of 36 overlapping tests for the pre-registered judges, 3
are; two concern GLM-5 on shrunk Sonnet forecasts, where
the direction test fails (pooled +0.33, 0.12 to 0.54). In an ex-
ploratory test, edits that move the number toward the judge’s
own forecast of the question cost less: 11 of 60 overlapping
tests are significant, all in this direction.

4.4 Robustness

The results hold on a 1-10 version of the rubric (Haiku re-
covers 3% on Sonnet and 4% on Luna) and for the two judges
that failed the gate (Table 2). This matters because the gate
chose the secondary judges partly for agreeing with Haiku;
the two failed judges were not chosen that way. The noisier
of them, DeepSeek V4 Flash, beats a random pick on Sonnet
by 0.008 (0.001 to 0.017), but not a randomly chosen forecast
at the same distance from 50% (difference —0.0004, —0.004
t0 0.003). On a 150-question pilot with 16 forecasts per ques-
tion, GPT-5.5 recovers 10% (—5% to 24%), against 5% for
Haiku on the same forecasts.

5 Discussion

What the judges reward. The judges reward visible ef-
fort, such as a longer text, and grade the stated number by its
distance from 50% and, tentatively, from their own belief.
None of this tracks accuracy here. As a reward, such a rubric
is unlikely to teach a model to forecast better, though we did
not train any model.

Then trust what? Trust the pool, not a picker. The plain
mean scores at least as well as the judge’s pick. Shrinking
toward 50% does better still, whether by one factor fitted on
resolved questions or by simply taking the least extreme fore-
cast. Only rules that use the market price beat the shrunk
mean. Whether humans pick better is untested.

Limitations. Our forecasters are weak on these questions:
a single forecast is no better than a constant, and the 32 fore-
casts of a question differ mostly by noise. A judge might do
better on pools with real quality differences, such as forecasts
from different models. Even so, the judges did not just miss
a small signal: they rewarded length and the stated number.
We used one rubric, the judge saw source titles but not texts,
and the questions are short-horizon Kalshi markets without
sports. The length evidence is correlational: we did not pad
texts.

6 Conclusion

On 409 resolved questions, outcome-blind rubric judges
picked among 32 forecasts about as well as a random pick.
Their scores followed length and the stated number, not ac-
curacy, and a simple shrunk mean did better than every
judge’s pick. Judge-based selection and rubric rewards for
forecasting should be checked against outcomes before they
are trusted. Before outcomes arrive, a judge should at least
pass our two audits: it should not prefer the longer of two
same-evidence forecasts, nor penalize extremizing more than
shrinking.
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A Changes to the Plan

We fixed the endpoints, sample sizes and analysis rules in a
time-stamped file before the full run. Before launch, GPT-5.5
was replaced as a secondary judge, for cost, and the score
parser was changed to read the first value of each criterion
(the old one dropped 0.8% of valid replies). After the fore-
casts started but before the affected phases ran, the secondary
judges were chosen by the gate in Appendix B, as the plan
allowed (nine models tested, three passed, two used), and
a number-edit eligibility rule was added after a code audit
found that the first version also edited evidence numbers.
Later, the two judges that failed the gate were added as an ex-
ploratory check; the stability check for Haiku was extended
to cover a session break caused by a gateway outage (Haiku
scored in three sessions over two days, and re-scoring 1,600
forecasts in the last session moved the mean score by at most
0.05 of 25); and number edits that leave the shown number
unchanged (12 Luna forecasts) were excluded, as the plan re-
quires. Analyses marked exploratory, including the pair split
by side and the noise check of the best pick, were not pre-
registered. Claude models were called through a gateway that
adds a short system text we could not see.

A forecast is eligible for a number edit when every copy of
its number is unambiguous and its closing part states no other
probability: 26.5% of Sonnet forecasts and 69% of Luna fore-
casts. Eligible Sonnet forecasts scored 0.11 (of 25) lower than
ineligible ones; their length did not differ. The low share for
Sonnet limits the number-edit test on Sonnet. We edit up to
two eligible forecasts per question and forecaster.

B Judge Gate

On 20 pilot questions with Sonnet forecasts and 3 repeats, a
candidate judge had to: (1) return valid scores at least 98%
of the time; (2) give stable scores on repeats (at least half of
the within-question score variance shared across repeats); (3)
leave at most one question with all mean scores tied, and at
most half with a tied top score; (4) rank each question’s fore-
casts like Haiku (Spearman at least 0.30, or two-thirds of the
Haiku—GPT-5.5 agreement if that is lower); (5) cost at most
1.5 times the quoted price per call; and (6) state no fact from
after July 1, 2026 in a leak probe on July—September 2026
events. Nine models were tested. Gemma 4 31B passed with
stability 0.83 and agreement 0.38, and GLM-5 with 0.57 and
0.38; Gemini 3 Flash also passed but was not used. Gemini
3.1 Flash-Lite failed on agreement (0.23), and DeepSeek V4
Flash on stability (0.23) and agreement (0.22). Over the full
run, repeat stability was 0.75 for Haiku, 0.80 for Gemma 4
31B and 0.55 for GLM-5 (Sonnet forecasts). Haiku, Gemma

4 31B and GLM-5 were probed on 20 events, and Gemini
3.1 Flash-Lite and DeepSeek V4 Flash on 10; none stated an
outcome. GPT-5.5 was not probed.

C Prompts

Forecaster. The prompt begins: “You are an expert fore-
caster. Today is [snapshot time] UTC. Estimate the probabil-
ity that this question resolves YES.” It then gives the event,
the outcome to forecast, the resolution rules, the closing time
and the sources (title, link and summary). It ends: “Reason
step by step: the key evidence, how you weigh it, the main
uncertainties, then your number. End with one line exactly
in this form: FINAL PROBABILITY: 0.xx”.

Judge. The system message is “You are an impartial eval-
uator of forecasting rationales. You do not know the out-
come.” The prompt begins: “Score the forecasting rationale
below with this rubric. You do not know how the question re-
solved.” It then gives the Prophet Arena rubric (728 words),
the question and its resolution rules, the titles and links of the
sources given to the forecaster, and the forecast’s text with
its final probability. It asks for one JSON object with the five
criterion scores (1-5) and a justification of at most 40 words.



Judge

Recovery (%)

J—R

J-=S8

Pairs: more accurate

Pairs: longer

Forecaster: Claude Sonnet 5.5

Haiku 5.5 2[-9,13] —0.002 [—0.013, 0.008] 0.015[0.001, 0.031]  0.503 [0.494, 0.512] 0.546 [0.536, 0.555]
Gemma 4 31B 5[5, 14] —0.004 [—0.013, 0.005]  0.013 [—0.0004, 0.028] 0.511 [0.501, 0.521] 0.593 [0.583, 0.602]
GLM-5 5[4, 14] —0.005 [—0.013,0.004] 0.013 [—0.0004, 0.026] 0.504 [0.494, 0.515] 0.560 [0.551, 0.568]
3 pre-registered, avg. 4[-5, 13] —0.004 [—0.012, 0.005] 0.014 [0.001, 0.028] - -

Haiku 5.5, 1-10 scale 3[-7,12] —0.003 [—0.012, 0.006] 0.015[0.001, 0.029]  0.502 [0.493, 0.511] 0.571 [0.563, 0.580]
Gemini 3.1 Flash-Lite* 2 [-8, 12] —0.002 [—0.011, 0.007] 0.016 [0.001, 0.030]  0.511[0.502, 0.521] 0.527 [0.518, 0.536]
DeepSeek V4 Flash™ 911, 17] —0.008 [—0.017, —0.001]  0.009 [—0.003, 0.023] 0.502 [0.493, 0.510] 0.556 [0.547, 0.565]
Forecaster: GPT-6 Luna

Haiku 5.5 1[-7,9] —0.001 [—0.013, 0.010] 0.023 [0.009, 0.038]  0.486 [0.476, 0.496] 0.583 [0.572, 0.593]
Gemma 4 31B 0.2[-7,8] —0.0003[—0.011,0.010] 0.024 [0.007,0.041]  0.499 [0.490, 0.509] 0.657 [0.647, 0.667]
GLM-5 3[-3,10] —0.005 [—0.014, 0.005] 0.019 [0.004, 0.035]  0.495 [0.486, 0.505] 0.628 [0.619, 0.637]
3 pre-registered, avg. 1[-4,7] —0.002 [—0.009, 0.006] 0.022 [0.009, 0.036] - -

Haiku 5.5, 1-10 scale 41[-3,11] —0.005 [—0.015, 0.004] 0.019 [0.005, 0.033]  0.489 [0.480, 0.498] 0.606 [0.597, 0.615]
Gemini 3.1 Flash-Lite™* 1[-6,9] —0.002 [—0.013, 0.009] 0.022 [0.005, 0.040]  0.504 [0.494, 0.514] 0.595 [0.586, 0.603]
DeepSeek V4 Flash™ 7[-0.2,15] —0.010[—0.020, 0.0003] 0.014 [—0.0003, 0.030] 0.497 [0.488, 0.505] 0.597 [0.587, 0.606]

Table 2: All judge—forecaster combinations at N = 32. J, R and S are the judge pick, the random pick and the shrunk mean; a
negative Brier difference means the judge’s pick is better. Brackets give 95% ClIs, except 90% for the share of pairs in which the
judge prefers the more accurate forecast, as pre-registered. *Exploratory judges that failed the gate.



