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Abstract

A betting e-process is a valid test of the mean of the scores you feed it, uniformly1

over stopping times. In LLM evaluation those scores increasingly come from2

another model. An e-process run on the judge is then a valid test of E[f ] ≤ 0, not3

of the human estimand θ = E[h]. When the judge’s bias opposes the true gap,4

Ville’s inequality still holds — for the wrong null — and Pr(∃T : ET ≥ 1/α)→ 15

under the hypothesis anyone actually cares about. No sample size repairs this. We6

instantiate the rectifier of Csillag et al. [2025], which restores a supermartingale7

for θ, and measure how often the naive procedure is the one in use: on MT-Bench,8

judge bias is sign-varying (−0.392 to +0.429 on 30 cells; pooled +0.001), so9

a constant offset cannot help, and across ten judges the Elo gap a judge-only e-10

process can overturn is 40–71 (95% intervals typically 30–80) no matter how long11

you wait.12

1 Introduction13

E-processes exist because evaluation is sequential. Analysts stop when a budget runs out or when the14

numbers look good; a fixed-n p-value at a data-dependent T is not a p-value. A non-negative process15

with E[Et | Ft−1] ≤ Et−1 under H0 restores the guarantee: Ville gives Pr(∃t : Et ≥ 1/α) ≤ α16

[Waudby-Smith and Ramdas, 2024]. The guarantee is for the mean of the scores that enter the capital17

update.18

In current LLM evaluation those scores are themselves model outputs. Write h(X) ∈ [−1, 1] for19

the human comparison of models A and B on prompt X , f(X) ∈ [−1, 1] for a judge’s score, and20

θ = E[h]. The test anyone wants is H0 : θ ≤ 0. The test an e-process on f actually runs is21

H ′0 : E[f ] ≤ 0. If E[f ] > 0 ≥ θ, Et is a supermartingale under H ′0 and a submartingale under H0:22

capital diverges almost surely, and more data buys more confidence in a conclusion the human labels23

do not support.24

This is not a new e-process. The fix is the prediction-powered rectifier of Csillag et al. [2025], which25

we instantiate and do not extend. Sequential work that treats the proxy as biased already exists26

[Csillag et al., 2025, Ao et al., 2026]; it assumes the analyst will label some points. The contribution27

is what happens when they do not: we convert the danger boundary into Elo and measure it for ten28

judges. Judge bias is not mean-zero noise and is not a constant you can subtract: on MT-Bench it29

changes sign across pairs, and every judge we measured can overturn a 40–71 Elo gap at any sample30

size.31

2 Why more data does not help32

Let X1, X2, . . . be evaluation prompts, h(X) ∈ [−1, 1] the human comparison score for models A33

and B, and f(X) ∈ [−1, 1] a judge’s score. Write θ = E[h] and test H0 : θ ≤ 0.34

A betting e-process run on f is a valid test of E[f ] ≤ 0, not of θ ≤ 0. If E[f ] > 0 ≥ θ its capital35

diverges almost surely, so Pr(∃T : ET ≥ 1/α)→ 1: the procedure becomes arbitrarily confident in36
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Table 1: Per-cell judge bias and the Elo separation a judge-only e-process can overturn, over 30 (pair,
turn) cells (median 47 items, IQR 40–51, min 32). Intervals are 95% item-bootstrap CIs (B=2000).
All ten medians exceed a null floor of ≈0.08. 3 of 9 modern judges exceed the 2023 baseline.

judge axis median |b| [95%] ∆min [95%]

qwen3-14b scale 0.12 [0.09, 0.18] 40 [33, 65]
qwen3-32b scale 0.12 [0.09, 0.17] 43 [30, 59]
qwen3-4b scale 0.13 [0.08, 0.17] 44 [29, 60]
gpt-oss-20b family 0.13 [0.09, 0.17] 46 [31, 61]
qwen3-8b scale 0.14 [0.10, 0.19] 48 [35, 66]
mistral-3.2-24b family 0.14 [0.09, 0.18] 48 [32, 64]
gpt-4 (2023) baseline 0.16 [0.11, 0.20] 57 [39, 72]
qwen3.6-27b generation 0.18 [0.12, 0.22] 62 [44, 78]
qwen3-8b-think reasoning 0.20 [0.14, 0.24] 69 [50, 84]
gemma-4-31b family 0.20 [0.14, 0.23] 71 [48, 82]

a conclusion the human data does not support. In simulation with an injected bias of +0.25 under37

a true null, a peeking analyst has falsely rejected with probability > 0.99 within a few hundred38

observations, while a rectified process — Zt = g(ft) − (ξt/πt)(g(ft) − ht) with predictable πt,39

unbiased for θ whatever the judge does [Csillag et al., 2025] — holds its level. Validity never depends40

on g; efficiency does, through Var(Z).41

Bias is sign-varying, so offsets cannot fix it. On the 30 (pair, turn) cells of Table 1 — the same42

1,391-item intersection, item-weighted — the GPT-4 judge’s bias ranges from −0.392 to +0.42943

and changes sign in 16 of 30 cells [Zheng et al., 2023]. Two consequences follow. A constant offset44

calibrated on one pair is wrong on another. And pooled bias is +0.001 — near zero — because the45

per-cell biases cancel. An evaluation that reports only a single aggregate agreement or bias number is46

reporting the quantity in which this failure is invisible.47

3 The threshold, in Elo48

A judge-only process converges to sign(E[f ]), so it is unreliable exactly when bias opposing the true49

gap exceeds |θ|. Under the Elo expected-score relation used by Chatbot Arena [Chiang et al., 2024],50

θ = 2/(1 + 10−∆/400)− 1, that boundary inverts to51

∆min(b) = 400 log10

1 + b

1− b
, (1)

the Elo separation a judge with opposing bias b can overturn regardless of how much data is collected.52

Collecting more judgments moves ET toward +∞ or 0 according to sign(E[f ]); it does not move53

the boundary.54

4 Ten judges55

Ten judges — the 2023 GPT-4 baseline plus nine open-weights models — scored all 1,814 MT-Bench56

items in both presentation orders: 36,280 judgments. Decoding is greedy, weights are pinned to57

commit hashes, and prompts are FastChat’s own pair-v2 templates, including the reference-answer58

variants that MT-Bench routes math, coding and reasoning questions to, so each open judge sees59

exactly what the original GPT-4 judge saw. The roster crosses three axes: scale (Qwen3 4B–32B,60

recipe and generation fixed), generation (Qwen3-32B vs. Qwen3.6-27B, one release apart and61

also 32B→27B), and family (four vendors at 20–31B; gpt-oss-20b is MXFP4-quantized and a62

mixture-of-experts).63

Bias is computed per cell, never pooled (§2), and on the 1,391 items every judge parsed, so no64

judge is scored on an easier subset than another.65

Open-weights judges have not beaten the 2023 baseline. Median per-cell bias is 0.137 across66

nine open-weights judges against 0.161 for GPT-4-2023, and 3 of 9 are worse. That is not identified67
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Figure 1: Left: per-cell |bias| for ten judges (dots = cells, bar = median), with the 2023 baseline
dashed. Right: bias against parameter count. The Qwen3 ladder is flat; the vendor spread at 20–31B
is 3.2× larger.

as a year effect — we did not run a modern proprietary judge — but the requirement has not collapsed:68

in Elo it moves from 57 to 48. A better supermartingale will not help if it is still computed from f .69

Scale does not help; vendor spread does. Across the Qwen3 ladder bias is flat (0.127, 0.137,70

0.115, 0.125; spread 0.022). Across vendors at 20–31B it spans 0.131–0.203 (spread 0.071 whether71

or not qwen3.6-27b is counted as the Qwen vendor; it is also the generation contrast). That is a72

3.2× ratio of ranges. The matching variance-ratio test is F=13.98, p=0.029 (Levene p=0.022); a73

one-way ANOVA on the same eight medians does not find a mean shift (F=4.26, p=0.085). With74

n=4 per group this is evidence of spread, not of a vendor-level mean effect, and the family group is75

not fixed-scale. It survives dropping the one judge with non-trivial truncation, and gemma-4-31b76

(highest bias) has 100% parse rate.77

Both directional axes move the wrong way. One model generation raised bias (0.125→ 0.176),78

as did enabling thinking on identical weights (0.137 → 0.197). Each rests on a single pair and is79

directional only.80

Where the threshold binds. MT-Bench’s own 30 cells are median 221 Elo apart (IQR 89–289),81

well above every requirement in Table 1, and accordingly almost no cell is affected. The threshold82

binds when models are close. Whether a particular leaderboard is dense enough to fall inside 40–7183

Elo is a question a practitioner can answer from their own ratings. Kotawala [2026] already find84

several adjacent-rank accuracy pairs unresolvable under anytime-valid testing; we make no claim85

about preference leaderboards we have not measured.86

5 What to do87

An e-process on f answers a question you did not ask. Measure the judge. The within-cell residual88

SD of f − h is σ≈0.67 on this data, so SE(b̂) = σ/
√
n. At the modern median |b|=0.137 that maps89

through Eq. 1 with ∆′min(b)≈354 to an Elo standard error of 354σ/
√
n. A 95% interval on ∆min is90

then ±20 Elo at n≈540 and ±15 Elo at n≈960. One hundred labels suffice only to detect that bias is91

nonzero (n=91 to exclude 0). If the two models sit inside that interval, a judge-only e-process cannot92

resolve them at any sample size. Run the rectifier of Csillag et al. [2025] on the labels you have, or93

collect more human labels.94

6 Related work95

Betting e-processes [Waudby-Smith and Ramdas, 2024] give tests and confidence sequences that96

remain valid under optional stopping. The capital is a supermartingale under the null you encoded97
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in the increment, and only that null. Prediction-powered e-values [Csillag et al., 2025] restore the98

human mean as the estimand by rectifying a cheap predictor with a predictable gold sample — the Zt99

in §2 is theirs. Kilian et al. [2025] give a complementary anytime-valid, Bayes-assisted confidence100

sequence for the same estimand. Ao et al. [2026] prove that without bias correction, best-arm101

mis-selection need not vanish even with unlimited judge scores, and build a PPI estimator with102

confidence sequences under selective human audits. Li [2026] runs a second betting e-process on the103

judge–human gap to attribute production drift. Kotawala [2026] applies anytime-valid e-processes to104

adjacent-rank leaderboard pairs on item correctness, not on a biased judge. All of these assume the105

analyst wants θ and will label some points, or that the scores entering the e-process are θ.106

Fixed-n prediction-powered inference [Angelopoulos et al., 2023] is the parent method, and for LLM107

judges it is now standard [Boyeau et al., 2025, Divekar and Majumder, 2026, Chen et al., 2026],108

including Rogan–Gladen correction [Lee et al., 2026] and Youden’s J as a judge-selection metric109

[Collot et al., 2026]. Fiedler [2026] shows that sharing calibration across compared models can110

reverse a comparison’s sign with high apparent confidence. None of these remains valid if the analyst111

stops when the numbers look good.112

What we add is the translation and the measurement. An e-process run on f is a valid test of the113

wrong null; Eq. 1 converts the opposing bias into the Elo unit of Chiang et al. [2024]; and across ten114

judges on a common item set that separation is 40–71. Agreement rate does not bound this quantity115

[Dorner et al., 2025, Zheng et al., 2023].116

7 Limitations117

MT-Bench’s judged models are from 2023, so we measure modern judges on older comparisons;118

whether bias is larger or smaller on contemporary model pairs is untested and would require fresh119

human labels. Thirty cells (median 47 items) and 1,391 of 1,814 items is a small base; median |b̂| is120

biased upward under noise, but every judge exceeds a null floor of ≈0.08, so the 40–71 Elo level is121

not an artifact of that. The common item set is easier than the full benchmark because two reasoning122

judges truncate roughly 11% of the longest prompts. The axis comparison is n=4 versus n=4, and123

qwen3.6-27b is counted in both the family spread and the generation contrast. Finally, for the most124

closely-contested pair in the dataset the sign of θ is not statistically identified — vote-weighted and125

item-weighted estimates disagree — so we describe the failure as certifying a winner the data cannot126

support, rather than as a demonstrated error.127

Code and data. Code, FastChat pair-v2 prompt bytes, pinned weight SHAs, and the result128

JSON that produce every number above are at https://github.com/dzhan111/evalue-judge.129

Open-weights judging used 3.3 GPU-hours (≈$12 of Modal credit). MT-Bench annotations are130

those of Zheng et al. [2023]; Qwen, Mistral, gpt-oss, and Gemma checkpoints were used under their131

published licenses, none gated.132
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