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Abstract: Automatic evaluation by an LLM judge—asking one model to score another’s output—is now the default way to rank 

generative systems at scale, and it is quietly unreliable. Judges favor the answer shown first (position bias), the longer answer (verbosity 

bias), and answers from their own model family (self-preference), corrupting the leaderboards and training signals built on top of them. 

The usual fixes are partial: swapping the two answer orders removes only position bias, and naïvely polling a panel can amplify a bias the 

judges share. Our contribution is threefold. First, we present VERDICT-BENCH, a controlled benchmark that scores a judging protocol on 

five axes—agreement with ground truth, position consistency, verbosity-induced error, self-preference leakage, and the calibration of its 

verdict confidence—and isolates each bias with a pure-probe suite of equal-quality comparisons. Second, we propose JURY, a bias-aware 

panel aggregator that combines per-judge order swapping, an observable verbosity correction, bias-weighted logit aggregation over a 

diverse panel, and a calibrated verdict confidence. Third, in a study of more than 1,000,000 simulated pairwise judgments we show that a 

single judge agrees with ground truth only 87.6% of the time and exhibits 0.73-rate position, verbosity, and self biases (against an 

unbiased 0.5); that order-swapping and naïve panels each fix at most one bias and can worsen others; and that JURY reaches 98.1% 

agreement, drives all three pure-bias rates to ≈0.5, cuts verbosity-induced error from 28.9% to 0.9%, and cuts calibration error from 0.10 

to 0.01. We release VERDICT-BENCH and JURY as an open baseline for trustworthy LLM-based evaluation. 

Index Terms: large language models, LLM-as-a-judge, automatic evaluation, evaluation bias, position bias, verbosity bias, self-

preference, calibration, benchmark 

Introduction 

Evaluating open-ended model outputs is hard, and the 

community has largely settled on a pragmatic answer: 

ask a strong LLM to be the judge [1], [2], [3]. LLM-as-a-

judge now underlies public leaderboards [4], [5], 

instruction-tuning pipelines [6], [7], and the reward 

signals that shape models themselves [8], [9]. Its appeal 

is obvious—cheap, fast, and reasonably correlated with 

human preference [1], [10]—but so is its danger: if the 

judge is biased, every number downstream of it is biased 

too. 

And LLM judges are biased, in well-documented ways. 

They prefer whichever answer is presented first (position 

bias) [11], [1]; they prefer longer, more verbose answers 

regardless of substance (verbosity / length bias) [12], 

[13], [5]; and they prefer text generated by their own 

model family (self-preference bias) [14]. They are also 

inconsistent: the same judge can flip its verdict when the 

two answers swap places, and is often miscalibrated and 

sycophantic [15], [16], [17]. 

The standard fixes are partial. Running both answer 

orders and requiring agreement removes position bias [1], 

[11], but does nothing for verbosity or self-preference. 

Polling a panel of diverse judges and taking a vote—

“replacing judges with juries” [18]—reduces 

idiosyncratic variance, but when the judges share a bias 

(and they usually do—most are tuned on similar human 

preferences that themselves reward length), a majority 

vote can amplify it. What is missing is (i) a benchmark 

that measures all of these failure modes together, 

including the often-ignored calibration of the verdict, and 

(ii) an aggregator designed to remove biases rather than 

average over them. 

This paper provides both. 

We contribute three things. The first is VERDICT-BENCH, 

a controlled benchmark that scores a judging protocol on 

five axes—agreement, position consistency, verbosity-

induced error, self-preference leakage, and verdict-

confidence calibration—and isolates each bias with a 

pure-probe suite of equal-quality comparisons that 

should be decided at chance (Sec. III–IV). The second is 

JURY, a bias-aware panel aggregator combining per-

judge order swapping, an observable verbosity correction, 

bias-weighted logit aggregation over a diverse panel, and 

a calibrated verdict confidence (Sec. V). The third is a 

large-scale study (Sec. VII) showing that single judges 

and naïve panels each fix at most one bias—and that 

panels can amplify verbosity bias—while JURY 

neutralizes all three pure biases, nearly saturates 

agreement, and is well calibrated. Austin, TX, USA 
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Because running this sweep on live judges would cost 

millions of API calls, we evaluate in a controlled testbed: 

we fix only the mechanism parameters —per-judge 

discrimination and bias magnitudes—and let every 

reported quantity emerge from them. Sec. IX weighs that 

trade and sketches the path to live judges. 

Related Work 

LLM-as-a-judge. Pairwise and pointwise LLM 

evaluation was popularized by MT-Bench and Chatbot 

Arena [1], [4], G-Eval [2], and 

AlpacaFarm/AlpacaEval [3], [5]; fine-tuned judges such 

as PandaLM [6], Prometheus [7], JudgeLM [19], and 

Shepherd [20] followed, and recent surveys catalog the 

space [21]. These works establish the paradigm 

VERDICT-BENCH audits. 

Biases of LLM judges. Position bias and order 

sensitivity are documented in [11], [1], [22]; 

verbosity/length bias in [12], [13], with length-controlled 

AlpacaEval [5] a direct response; self-preference in [14]; 

and general inconsistency and miscalibration in [15]. 

Sycophancy [16], [17] compounds the problem. We 

unify these into one measurement framework and add the 

verdict’s calibration as a first-class axis. 

Panels and aggregation. Verga et al. [18] show a panel 

of smaller diverse judges can rival a single large one. We 

confirm the variance benefit but show that a naïve vote 

inherits—and can amplify—shared biases; JURY adds 

explicit per-bias correction and bias-weighted 

aggregation on top of the panel idea. Our calibration 

treatment follows standard reliability-diagram / 

expected-calibration-error practice [23], [24] and Platt 

scaling [25]; agreement is reported alongside a chance-

corrected view in the spirit of Cohen’s 𝜅 [26]. 

Bias Axes and Problem Setup 

Pairwise judging. A judge is shown a query and two 

candidate responses 𝐴  and 𝐵  and must pick the better 

one. Each response has a latent quality 𝑞, a standardized 

length ℓ, and a producing-model family; the ground-truth 

winner is the higher-quality response. A judge 𝑗 prefers 

content 𝑋 over 𝑌 (with 𝑋 in slot 1) with probability 

Pr[𝑗:  𝑋 ≻ 𝑌] = 𝜎(1 𝜈𝑗⁄ [𝜅𝑗(𝑞𝑋 − 𝑞𝑌) + 𝛽𝑗
len(ℓ𝑋 − ℓ𝑌)

+𝛽𝑗
self  𝛿𝑋𝑌

fam + 𝛽𝑗
pos

]),
 

where 𝜅𝑗  is discrimination (how well the judge tracks 

true quality), 𝛽𝑗
pos

, 𝛽𝑗
len, 𝛽𝑗

self are the position, verbosity, 

and self-preference bias magnitudes, 𝛿𝑋𝑌
fam  flags own-

family membership, and 𝜈𝑗  is decision noise. These are 

mechanism parameters of the judge pool (Table I); all 

reported quantities below are outcomes. 

 

Five evaluation axes. VERDICT-BENCH scores a judging 

protocol on: (i) agreement, the fraction of pairs whose 

verdict matches the ground-truth winner; (ii) position 

consistency, the fraction of pairs whose winning content 

is unchanged when 𝐴 and 𝐵 swap slots—a direct read on 

position bias and order stability; (iii) verbosity-induced 

error, the error rate restricted to pairs where the worse 

answer is clearly longer; (iv) self-preference leakage, the 

error rate restricted to pairs where the worse answer is 

from the protocol’s own family; and (v) the expected 

calibration error (ECE) of the verdict confidence [23], 

[24], since evaluation pipelines increasingly threshold or 

weight by a judge’s stated confidence and need it to 

mean what it says. 

A Bias-Audit Protocol 

VERDICT-BENCH comprises two parts. 

Pure-bias probe suite. The core diagnostic is a battery 

of equal-quality comparisons in which exactly one 

nuisance attribute is varied. A position probe pairs two 

equal-quality, equal-length responses and measures the 

preference for slot 1. A verbosity probe makes one 

response longer while holding quality equal, balancing 

which slot the longer response occupies so that position 

bias cancels in aggregate; it measures the preference for 

the longer response. A self probe makes one response 

own-family, again position-balanced. A perfectly fair 

protocol scores 0.5 on every probe; any deviation is pure 

bias, attributable to a single cause. 

Realistic comparison sweep. Beyond the probes, 

VERDICT-BENCH draws quality-stratified pairs 

(easy/balanced/hard quality gaps) over many seeds and 
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reports the five axes, so that bias is measured both in 

isolation and in its effect on real verdicts. 

Monte-Carlo testbed. Running the full sweep on live 

judges across all conditions and probes would require 

millions of API calls; for controlled, reproducible study 

we instantiate VERDICT-BENCH as a seeded Monte-Carlo 

simulation of Eq. (1). Only mechanism parameters are 

set; agreement, consistency, bias errors, and ECE are 

emergent. Sec. IX discusses construct validity. 

Aggregating a Bias-Aware Panel 

JURY turns a panel of diverse judges into a single 

debiased verdict (Fig. 1) through four mechanisms. 

 

(1) Per-judge order swapping. Each judge scores the 

pair in both slot orders and JURY averages the two; by 

the symmetry of Eq. (1), the 𝛽pos  term cancels, 

removing position bias per judge (not merely at the vote 

level). 

(2) Observable verbosity correction. Length is visible 

to the aggregator. On the verbosity probes JURY fits the 

panel’s residual length sensitivity 𝛾 and subtracts 𝛾(ℓ𝐴 −

ℓ𝐵) from the aggregate logit, neutralizing verbosity bias 

without touching genuine quality signal. 

(3) Bias-weighted aggregation. JURY aggregates judges 

in logit space with weights 𝑤𝑗  that down-weight judges 

exhibiting large swings on the equal-quality probes, so a 

heavily biased or low-skill outlier cannot dominate the 

panel. 

(4) Calibrated confidence. The aggregate margin is 

mapped through a Platt-scaled calibrator [25] fit on a 

held-out split, yielding a verdict confidence whose value 

matches its empirical agreement. Algorithm 1 

summarizes the procedure. 

 

Experimental Setup 

Conditions. We compare five protocols: Single (one 

strong judge, fixed order—the common default); 

Single+Swap (one judge, both orders); Panel-Maj. 

(majority vote of the diverse panel, fixed order) [18]; 

Panel+Swap (panel majority with order swapping); and 

JURY. The single-judge baseline uses the strongest judge 

in the pool to make the comparison demanding. 

Sweep. The main study crosses 5 conditions × 3 quality 

regimes × 24 seeds, each cell scoring 1500 pairs in both 

orders—more than 1,000,000 simulated pairwise 

judgments in total. We report means with 95% 

confidence intervals across seeds. Probe, scaling, 

ablation, and reliability studies use independent seeded 

draws. The testbed is Python/NumPy with fixed seeds; 

figures use vector rendering and a colourblind-safe 

palette. 
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Results 

 

JURY dominates on every axis (Table II). A single 

strong judge agrees with ground truth 87.6% of the time 

but is order- unstable (consistency 82.2%) and leaks 

large verbosity (28.9%) and self-preference (21.8%) 

errors. JURY raises agreement to 98.1%, makes verdicts 

perfectly order-stable (100% consistency), and cuts 

verbosity and self error to 0.9% and 2.4%—an order of 

magnitude lower—while attaining the best calibration 

(ECE 0.006 vs. 0.101). 

Partial fixes fix only part (Table III, Fig. 2). On the 

pure-bias probes (ideal 0.5), the single judge is biased on 

all three axes ( ≈ 0.73). Order-swapping drives the 

position probe to exactly 0.5 but leaves verbosity and 

self-preference untouched (≈ 0.73). A naïve panel is 

worse still on verbosity: because the judges share a 

length preference, the panel amplifies it to 0.76. Only 

JURY brings all three probes to ≈0.5. 

 

 

Bias trades off against consistency—except for JURY 

(Fig. 3). Plotting agreement against position consistency 

(marker size ∝  verbosity error) separates the protocols 

cleanly: the baselines cluster at moderate agreement with 

either low consistency or large verbosity markers, while 

JURY sits alone at top-right with a vanishing marker. 
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Panels help JURY but hurt naïve voting (Fig. 4). As 

the panel grows from one to five judges, JURY’s 

agreement rises monotonically (95.5%→98.7%), because 

each added judge contributes independent quality signal 

once its biases are removed. A naïve majority vote does 

not improve—it hovers and even dips as weaker, biased 

judges are added—confirming that the benefit of a panel 

is unlocked only by bias-aware aggregation. 

 

Calibrated verdicts (Fig. 5). JURY’s verdict confidence 

lies on the diagonal (ECE 0.002), whereas the single 

judge is overconfident (ECE 0.099). Pipelines that 

abstain or weight by judge confidence can therefore trust 

JURY’s numbers. 
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The ablation isolates each mechanism’s effect 

(Table IV, Fig. 6). Removing order swapping drops 

agreement to 82.4% and reintroduces order instability; 

removing the verbosity correction is the most damaging 

for bias, exploding verbosity-induced error from 0.9% to 

54.9%. Bias weighting is a smaller but real refinement—

it halves residual verbosity leakage and protects against 

the outlier judge—and the calibrator governs ECE. The 

single-judge reference sits well below the full system on 

every axis. 

 

 

Discussion 

Measure biases separately, then remove them 

separately. Our central message is that LLM-judge 

reliability is multidimensional: a protocol can be order-

consistent yet verbosity-biased, or high-agreement yet 

miscalibrated. Collapsing evaluation to a single 

agreement number—as most judge studies do—hides 
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exactly the failure that will bite a downstream 

leaderboard. VERDICT-BENCH’s probe suite attributes 

each bias to a single cause, and JURY shows that once 

attributed, each bias can be removed by a targeted, 

mostly observable correction. 

Why naïve panels are not enough. The appeal of a jury 

is variance reduction, but variance is not the problem 

with a shared bias. Averaging many length-loving judges 

yields a confident length-lover. Panels help only when 

paired with per-bias correction and bias-aware 

weighting—precisely JURY’s design. 

Design implications. (i) Always swap orders per judge, 

not just per vote. (ii) Treat length as an observable 

confound and regress it out; do not hope a bigger judge 

ignores it. (iii) Down-weight judges that swing on equal-

quality probes. (iv) Report and calibrate verdict 

confidence, then it can safely drive abstention and 

weighting. 

Scope and Caveats 

The study is a simulation: every number derives from the 

judge model of Eq. (1) rather than from queries to a live 

LLM. We chose this deliberately—it gives ground-truth 

quality labels, exact control over each bias, and a 

million-judgment sweep that would be prohibitively 

expensive against real APIs. Bias magnitudes are fixed 

to the directions and rough sizes reported 

empirically [11], [12], [14], [15], and only those 

mechanism parameters are set; the reported rates emerge 

from them, so absolute values are best read as relative 

comparisons among protocols. Two modeling 

assumptions deserve note: the verbosity correction treats 

length as observable and roughly additive in logit 

space—the ablation shows the conclusions are 

insensitive to the exact 𝛾, and the probe suite measures 

residual bias directly rather than assuming it away—and 

the five-judge pool captures three biases plus noise, 

whereas real judges exhibit others such as sycophancy 

toward authoritative tone [16]. The probe-and-correct 

methodology extends to any bias isolable by an equal-

quality probe, and porting VERDICT-BENCH to live 

judges (e.g. MT-Bench-style pairs [1]) is the main next 

step. 

Conclusion 

LLM-as-a-judge is now load-bearing infrastructure, and 

its biases propagate into every leaderboard and reward 

model built on it. We argued that auditing judges 

requires measuring all their failure modes at once—

position, verbosity, self-preference, inconsistency, and 

miscalibration—and introduced VERDICT-BENCH, a 

benchmark whose pure-probe suite attributes each bias to 

a single cause. We then showed that the standard fixes 

are partial and that naïve panels can amplify shared 

biases, and proposed JURY, a bias-aware aggregator that 

swaps orders, regresses out length, down-weights biased 

judges, and calibrates its verdict. In a large simulation 

study JURY neutralized all three pure biases, nearly 

saturated agreement, and cut calibration error tenfold. 

We release VERDICT-BENCH and JURY as an open 

baseline for trustworthy LLM-based evaluation. 
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