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Abstract

LLM-as-judge evaluation has become stan-
dard practice for open-ended model assess-
ment; however, judges exhibit systematic bi-
ases that cannot be averaged out by increas-
ing the number of scenarios or generations.
These biases are often similar in magnitude
to the model differences that benchmarks are
designed to detect, resulting in unreliable rank-
ings when single-judge evaluations are used.
We introduce a variance decomposition that
partitions benchmark score variance into sce-
nario, generation, judge, and residual compo-
nents. Based on this analysis, CyclicJudge, a
round-robin assignment of judges to scenarios,
is demonstrated to be the optimal strategy for
a fixed judge panel and judge-call budget: it
cancels the average additive judge offsets while
matching the cost of single-judge evaluation.
Empirical results on MT-Bench and MindE-
val validate the effectiveness of CyclicJudge
as predicted, across both general-purpose and
domain-specific evaluation settings, reducing
benchmark score variance and stabilizing the
resulting model ranking.

1 Introduction

LLM-as-judge evaluation has become the de facto
standard for open-ended model assessment (Zheng
et al., 2023). A growing body of work indicates
that LLM judges are systematically biased: some
models are consistently lenient, others strict, with
additional position, verbosity, and self-preference
effects (Zheng et al., 2023; Shi et al., 2025; Wang
et al., 2024). A standard Analysis of Variance
(ANOVA; Fisher, 1925) on our data confirms that
judge main effect is highly significant (§4.2).

Crucially, systematic bias does not average away
across more scenarios or generations: reducing
them requires aggregating across multiple judges.
Yet running every judge on every item multiplies
evaluation cost by the panel size and sacrifices gen-
eration diversity at a fixed budget. Throughout this

work, we treat the mean score of a diverse Ktot-
judge panel as the reference for evaluation; our
goal is to recover this panel mean efficiently.

We show that CyclicJudge, a round-robin as-
signment of judges to items, resolves this tension.
To establish this formally, we develop a variance
decomposition rooted in generalizability theory
(Brennan, 2001; Shavelson and Webb, 1991) that
separates benchmark score variance into scenario,
generation, judge, and residual components. Our
contributions are:

1. A mixed-effects model that decomposes bench-
mark variance into random noise and panel-
relative judge offsets, showing they require fun-
damentally different remedies (§3.1–3.2).

2. A proof that round-robin cycling achieves lower
variance than alternative strategies: it cancels
the average panel-relative offsets while maxi-
mizing generation diversity at any budget (§3.3).

3. Empirical results on MT-Bench and MindEval
showing that CyclicJudge lowers benchmark
score variance as predicted (§4.4) and recovers
the panel leaderboard more reliably than the
alternative strategies at equal budget (§4.5).

2 Related Work

LLM judge biases and multi-judge approaches.
LLM judges exhibit systematic position bias (Wang
et al., 2024; Shi et al., 2025), length bias (Dubois
et al., 2024), self-preference (Wataoka et al., 2024),
and cognitive biases (Koo et al., 2024); we refer
readers to Gu et al. (2026) for a comprehensive
survey. Multi-judge panels mitigate these biases
by averaging over diverse judge tendencies (Verga
et al., 2024), while psychometric reliability anal-
yses further demonstrate that single-judge evalua-
tions yield insufficiently stable scores (Schroeder
and Wood-Doughty, 2024).
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Benchmark reliability and generation variance.
Madaan et al. (2024) empirically quantifies vari-
ance across hundreds of models and benchmarks,
and Alvarado Gonzalez et al. (2025) shows via
ANOVA that unrepeated evaluations frequently pro-
duce rank inversions across benchmark subcate-
gories. Zhang et al. (2026) proposes a hierarchical
model decomposing variance into within-prompt
and between-prompt components, and Mizrahi et al.
(2024) shows that prompt paraphrasing alone can
reverse model rankings. Our work extends this line
by further separating systematic judge bias from
random noise.

Budget-constrained evaluation. Perlitz et al.
(2024) frames benchmark design as a compute–
reliability tradeoff and shows that most of a bench-
mark’s reliability survives evaluating only a frac-
tion of its examples; our allocation analysis asks the
same question along the judge axis instead of the
example axis. Saha et al. (2026) frames judge se-
lection as a multi-armed bandit problem, Luettgau
et al. (2025) applies hierarchical Bayesian partial
pooling in low-data regimes, and Miller (2024) de-
rives standard errors and power formulas for bench-
mark scores; Dorner et al. (2025) further estab-
lishes fundamental scaling limits on the accuracy
gains from additional judge queries.

3 Methodology

3.1 Model Specification
Consider evaluating model θ on n scenarios from a
dataset D of N total scenarios, with m independent
generations per scenario, each scored by K judges
drawn from a pool of Ktot. The same K judges
score every scenario–generation cell (a crossed de-
sign). We model each score as:

Xijℓ = µθ + αi + βij + γℓ + εijℓ (1)

where i ∈ {1, . . . , n} indexes scenarios, j ∈
{1, . . . ,m} indexes generations within scenario i,
and ℓ indexes the K selected judges. Each term
has a distinct source:

• µθ: panel-mean estimand for model θ—the av-
erage score the Ktot-judge panel would assign in
expectation, with random noise removed.

• αi
iid∼ (0, σ2

α): scenario effect—how much indi-
vidual scenario difficulty varies for model θ. A
dataset whose scenarios all test the same aspects
of model θ equally has σ2

α = 0.

• βij
iid∼ (0, σ2

β): generation effect—variability
from stochastic decoding. σ2

β is model-specific;
a deterministic model has σ2

β = 0.

• γℓ: judge offset relative to the panel mean—a
fixed constant for each judge, with centering con-
straint

∑Ktot
ℓ=1 γℓ = 0 and population dispersion

σ2
γ = K−1

tot
∑

ℓ γ
2
ℓ . γℓ measures deviation from

the panel reference, not from absolute truth: bias
shared by all panel members is absorbed into µθ.

• εijℓ
iid∼ (0, σ2

ε): residual—captures judge-level
noise and all interaction terms; we discuss these
modeling choices in Appendix J.

The random effects (α, β, ε) are mutually indepen-
dent with finite second moments; no distributional
assumptions (e.g., Gaussianity) are needed. The n
scenarios and K judges are each drawn by simple
random sampling without replacement, indepen-
dently of each other and of all random effects.

3.2 Variance Decomposition
The benchmark score is the grand mean X̄ =

1
nmK

∑
i,j,ℓXijℓ, which decomposes as X̄ = µθ +

ᾱ+β̄+γ̄+ε̄, where each bar denotes a hierarchical
sample mean.

Proposition 1 (Variance decomposition).

Var(X̄) =
σ2
α

n
+

σ2
β

nm
+

σ2
ε

nmK︸ ︷︷ ︸
random noise

+
σ2
γ

K
· Ktot −K

Ktot − 1︸ ︷︷ ︸
Vγ : judge bias

(2)

Each noise term shrinks with more data at or
above its hierarchy level. The bias term Vγ re-
sponds only to K and vanishes exactly at K = Ktot.
The proof uses the law of total variance, condition-
ing on the judge selection, combined with a finite
population correction for sampling K from Ktot
centered bias values (Appendix C).

3.3 Allocation Strategies
Given a per-scenario budget of B judge calls, the
design question is how to allocate judges across
generations. The scenario term σ2

α/n is fixed once
scenarios are chosen; we compare three strategies
for the remaining variance.

Strategy A: All judges per generation. Use all
Ktot judges for each of m = B/Ktot generations.
The mean of all judge offsets is zero (γ̄ = 0):

VA(B) =
Ktot σ

2
β + σ2

ε

nB
(3)
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Strategy B: Random single judge per genera-
tion. Use m = B generations, each scored by
one randomly sampled judge. Random judge selec-
tion injects the panel-relative offset as additional
sampling noise:

VB(B) =
σ2
β + σ2

γ + σ2
ε

nB
(4)

Strategy C: CyclicJudge (round-robin). Use
m = B generations, assigning judge j mod Ktot
to generation j. Each judge appears equally often,
so the panel-relative offsets sum to zero (γ̄ = 0):

VC(B) =
σ2
β + σ2

ε

nB
(5)

Cycling across scenarios. When B is not a mul-
tiple of Ktot, we can write B = qKtot + r with
0 ≤ r < Ktot. Each scenario receives q full cy-
cles, which cancel within the scenario, plus r re-
mainder calls. We run one continuous cycle across
the whole benchmark: shuffle the scenarios, then
hand out judges in round-robin order to the nB
judge calls, so each scenario’s remainder picks up
where the previous one left off. Shuffling keeps
the cycle from aligning with any latent ordering of
the dataset. Offsets then cancel exactly whenever
Ktot | nB, and otherwise leave fewer than Ktot un-
cancelled calls, a residual bias adding O

(
(1/nB)2

)

to the mean squared error (Appendix E). In the case
of the smallest budget B = 1, where q = 0 and
r = 1, every call is a remainder call, so each sce-
nario receives a single generation scored by a single
judge, and the cycle runs entirely across scenarios.

Advantage of CyclicJudge. Direct comparison
(Appendix E) shows VC ≤ min(VA, VB) for all B,
with gaps of O(1/B), so CyclicJudge’s advantage
is largest at small budgets of judge calls. The rank-
ing of A vs. B depends on whether (Ktot−1)σ2

β ≷
σ2
γ : all judges beat random only when judge bias is

large relative to generation variance.

4 Experiments

4.1 Domain and Data

We validate our approach on two benchmarks:

MT-Bench (Zheng et al., 2023) is a general-
purpose multi-turn conversational benchmark with
80 two-turn questions spanning 8 categories, scored
on a 1–10 scale per turn (averaged).

MindEval (Pombal et al., 2025) is a domain-
specific benchmark for multi-turn mental health
support with 50 scenarios and composite scores
on a 1–5 scale covering empathy, safety, and clini-
cal appropriateness. Each scenario simulates a full
10-turn therapeutic session with a synthetic patient.

For both benchmarks, we evaluate five models—
Qwen 2.5 7B Instruct (Yang et al., 2024), Llama
3.3 70B Instruct (Grattafiori et al., 2024), GPT-5.2,
Gemini 3 Flash, and Claude Sonnet 4.6, which also
serve as judges in a symmetric design. MT-Bench
uses m=10 generations per scenario (4,000 scores
per model); MindEval uses m=5 (1,250 scores
per model). We follow the default judge decoding
hyperparameters from reference (Appendix K).

4.2 Judge Bias Estimates
As a complementary omnibus check on the mixed-
effects decomposition (§3.1), we test whether judge
identity has a significant effect using a two-way
ANOVA, treating each scenario–generation pair as
a subject crossed with K judges. On both bench-
marks, the judge main effect is highly significant
(p < 0.001 in all cases; see Appendix I).

Table 1 demonstrates that single-judge evalu-
ation produces unreliable rankings. On MT-
Bench at the default operating point (m=1, K=1),
the top-ranked model varies with the judge: three
different models take the top slot across the five
judges, and two of the five disagree with the panel
winner (Appendix H). Qwen ties itself for first un-
der its own judgment despite ranking last by con-
sensus, a pattern consistent with the self-preference
bias documented by Wataoka et al. (2024). The
per-observation variance estimates (Table 2) show
that judge variance σ̂2

γ ranges from 0.34 to 0.95
across models. Since competitive models on cur-
rent leaderboards are routinely separated by < 0.5
points (Chiang et al., 2024), single-judge evalu-
ation can easily reverse rankings. On MindEval,
rankings are also notably more stable across sin-
gle judges: four of five produce an identical or-
dering. Two plausible factors include: domain-
specific rubrics may leave less room for stylistic
self-preference, and the markedly lower scenario
and generation variance on MindEval (§4.3) com-
presses the absolute size of any model-dependent
fluctuations.

4.3 Variance Components
Table 2 reports the per-observation variance com-
ponent estimates via crossed ANOVA (see Ap-
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Table 1: Mean score ± 95% CI at the default operating
point (m=1, K=1). Bold: highest score per judge
column. Underline: second highest.

(a) MT-Bench (1–10 scale, n=80)

Judge

Model Qwen Llama GPT Gemini Claude

Gemini 8.02±.16 8.98±.08 8.20±.12 9.88±.06 8.68±.10
GPT 7.91±.16 8.81±.11 8.67±.12 9.71±.11 8.49±.13
Claude 7.96±.17 9.06±.06 7.91±.13 9.62±.12 8.52±.13
Llama 7.87±.18 8.71±.11 6.90±.20 8.58±.25 7.26±.22
Qwen 8.02±.15 8.39±.16 6.09±.20 7.16±.27 5.99±.23

(b) MindEval (1–5 scale, n=50)

Judge

Model Qwen Llama GPT Gemini Claude

Claude 3.86±.08 4.67±.07 4.05±.06 4.72±.06 4.84±.04
GPT 4.04±.09 4.51±.07 3.76±.09 3.95±.16 3.39±.15
Gemini 3.90±.08 4.49±.06 3.63±.05 3.91±.12 3.31±.08
Llama 3.70±.07 4.29±.05 3.16±.06 3.00±.10 2.85±.06
Qwen 3.26±.12 3.38±.21 2.32±.08 1.69±.08 1.74±.05

pendix D). On MT-Bench, scenario variance σ̂2
α

is the largest per-observation component; maximiz-
ing the number of distinct scenarios always reduces
total variance (Appendix F). Generation variance
σ̂2
β drops with capability, consistent with the obser-

vation that stronger models produce more deter-
ministic outputs. As frontier models increasingly
rely on RL post-training, generation variance may
shrink further (Matsutani et al., 2026). The judge
offset variance σ̂2

γ remains substantial for all mod-
els, accounting for >94% of benchmark variance
at the default operating point (see Appendix B).

On MindEval, both scenario and generation vari-
ance are markedly lower. Scenario variance σ̂2

α

drops by one to two orders of magnitude because
all MindEval scenarios evaluate the same rubrics
across different user profiles, so difficulty varies far
less than on MT-Bench. Generation variance is sim-
ilarly suppressed: each MindEval generation is a
full 10-turn therapeutic session, so per-response de-
coding randomness averages out over many turns.
The judge offset variance remains the dominant
component throughout, exceeding both scenario
and generation variance by an order of magnitude.

4.4 Strategy Comparison

Figure 1 validates the three allocation strategies
via 5,000 subsampling repetitions at each budget
level on both benchmarks. Markers show empirical
variance; dashed lines show exact predictions from
empirical pool variances (Appendix G). Cyclic-
Judge achieves lower variance everywhere on both

Table 2: Per-observation variance component estimates.

(a) MT-Bench (n=80)

Component Qwen Llama GPT Gemini Claude

σ̂2
α (scenario) 1.530 0.882 0.634 0.408 0.393

σ̂2
β (generation) 0.266 0.238 0.076 0.000 0.000

σ̂2
γ (judge) 0.947 0.503 0.339 0.435 0.427

σ̂2
ε (residual) 1.486 1.130 0.564 0.661 0.830

(b) MindEval (n=50)

Component Qwen Llama GPT Gemini Claude

σ̂2
α (scenario) 0.034 0.014 0.021 0.015 0.005

σ̂2
β (generation) 0.100 0.019 0.047 0.016 0.002

σ̂2
γ (judge) 0.523 0.280 0.132 0.150 0.155

σ̂2
ε (residual) 0.159 0.069 0.207 0.103 0.061
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Figure 1: Benchmark score variance Var(X̄) vs. per-
scenario budget for three strategies: all judges (A), ran-
dom single judge (B), and CyclicJudge (C).

benchmarks, and predictions match empirical re-
sults precisely. At B=5, switching from random to
cycling cuts variance by ∼27–40% across models
on MT-Bench.

The optimal strategy among the two alternatives
depends on the sign of (Ktot−1)σ2

β−σ2
γ : all-judges

wins when σ2
γ/σ

2
β > Ktot−1 = 4. On MT-Bench,

this ratio is below the threshold for Qwen (3.6) and
Llama (2.1), so random judging is preferable; for
Gemini and Claude (σ̂2

β ≈ 0), all-judges converges
to CyclicJudge. On MindEval, the ratio exceeds
the threshold for nearly every model, so all-judges
consistently outperforms random. The driver is not
a larger judge offset variance, but rather a sharply
lower generation variance σ̂2

β . Meanwhile, judges’
disagreement over subjective clinical criteria keeps
σ̂2
γ substantial relative to σ̂2

β . CyclicJudge outper-
forms both alternatives regardless of this ratio.
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Table 3: Ranking stability against the reference panel
leaderboard on MT-Bench at a common budget of B=5
judge calls per scenario, over 5,000 subsampling repeti-
tions. Higher is better for ρ and τ -b, lower is better for
top-1 flip. Bold: best per column.

Allocation Spearman ρ Kendall τ -b Top-1 flip

Single judge 0.716 0.661 0.513
Random 1 judge 0.955 0.916 0.328
All 5 judges 0.969 0.938 0.272
CyclicJudge 0.980 0.960 0.200

4.5 Ranking Stability

Benchmarks are commonly read as leaderboards,
so we also measure how often each strategy re-
covers the ranking induced by the reference panel.
Alongside the three allocation strategies of §3.3 we
include a single judge baseline: one judge, drawn
at random per repetition, scores all B generations
of every scenario. The reference is the panel leader-
board computed from the full crossed data using all
Ktot judges and all generations. For each strategy
and budget we draw 5,000 subsampling repetitions,
rank the five models within each repetition, and re-
port the mean Spearman ρ and Kendall τ -b against
the reference ranking together with the top-1 flip
frequency (see Appendix H).

Table 3 compares the allocations at B=5, the
smallest budget that gives every scenario a full cy-
cle. A single judge flips the top-ranked model in
more than half of the repetitions; CyclicJudge re-
duces the flip rate by 61% and attains the high-
est rank correlation on both coefficients. The
ordering of the strategies is preserved as B grows
(Appendix H). MindEval separates the same two
regimes: a single judge flips the top model in 20%
of repetitions (τ = 0.91), while all-judges, random,
and CyclicJudge all reach τ ≈ 0.99 with zero flips
at B=5. MindEval’s much smaller scenario and
generation variance (§4.3) leaves the multi-judge
strategies little room to differ.

5 Conclusion

We develop a variance decomposition for LLM-as-
judge evaluation that separates systematic between-
judge offsets from random noise and use it to de-
rive CyclicJudge, a round-robin judge assignment
strategy. Our analysis and experiments on both
a general-purpose benchmark (MT-Bench) and a
domain-specific clinical benchmark (MindEval)
yield three main findings: (1) Systematic judge off-

sets dominate benchmark score variance at default
operating points. (2) Random noise components
decrease with model capability and multi-turn eval-
uation, but the panel-relative offset variance does
not. (3) CyclicJudge achieves the lowest variance
among all allocation strategies at every budget level,
regardless of the model’s variance profile, by can-
celing the average judge offsets while maximizing
generation diversity, and it converts this into a more
stable leaderboard: at equal budget it significantly
cuts the rate at which the top-ranked model differs
from the panel’s. The method requires no model-
specific tuning and maintains the same per-item
cost as single-judge evaluation, providing practi-
tioners with a cost-neutral drop-in replacement for
more reliable LLM evaluation.

Limitations

Heterogeneous judge cost. Our budget B counts
judge calls, which is exact only when the panel is
price-homogeneous. Under heterogeneous prices,
latency, or rate limits the balanced cycle is no
longer cost-optimal. Allocation then becomes a
weighted design problem in which the optimum
trades a bounded offset against reduced noise,
which we leave to future work.

Scope of the cancellation guarantee. Eq. 1
treats each judge’s bias as a single additive offset
γℓ, so what a balanced cycle cancels is each judge’s
average panel-relative offset. Real judges also vary
by scenario and by generation, and those interac-
tions are absorbed into the residual (Appendix J).

Judge panel size. Our strategy comparison sub-
samples from fully crossed evaluations, making
an exact ground-truth panel mean available. The
cost of full crossing, however, grows as Ktot ×
(models × scenarios × repetitions), which limits
us to Ktot = 5. Empirical validation with larger
and more diverse judge pools would strengthen the
practical recommendations.

Panel-mean reference. Our analysis treats the
mean score of the Ktot-judge panel as the reference
for evaluation. A diverse panel drawn from disjoint
model families typically correlates more strongly
with human judgments than any single judge (Verga
et al., 2024), but the panel mean is not a substitute
for absolute ground truth. Biases shared across the
panel members are absorbed into µθ and propagate
into the panel mean. CyclicJudge addresses the
within-panel offsets between individual judges, not
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biases that all panel members share; calibrating the
panel itself against human or expert references is
complementary work.

Linear model approximation. Our variance
decomposition assumes a linear random effects
model, which treats scores as unbounded and con-
tinuous. LLM-as-judge scores are in fact bounded
ordinal variables, so the linear model can produce
boundary artifacts and heteroscedastic residuals
near the scale endpoints. A generalized linear
mixed model (GLMM), such as a cumulative-link
mixed model, would properly account for the or-
dinal, bounded nature of the responses. However,
GLMMs do not yield the closed-form variance de-
composition that our allocation analysis relies on.
We therefore retain the linear approximation, not-
ing that it remains reasonable when the scale range
is large relative to the observed score dispersion, as
in our benchmarks.

Scenario exchangeability. The “maximize sce-
narios” recommendation assumes scenarios are in-
terchangeable draws from the dataset; in practice,
some scenarios may be more informative than oth-
ers, and item-selection methods (Maia Polo et al.,
2024) could alter the tradeoff.

Balanced design assumption. The allocation
analysis assumes a balanced design in which every
scenario receives the same number of judge calls.
Extensions to adaptive or sequential designs remain
future work.
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A Judge Bias Estimates

Figure 2 shows the estimated per-judge bias for
each judge–model pair on both benchmarks. A
pronounced self-preference is visible along the di-
agonal: on MindEval, Claude Sonnet 4.6’s self-bias
of +0.412 is the only positive entry in its otherwise
uniformly negative row, and Qwen 2.5 7B’s self-
bias is the largest in its row on both benchmarks.

Judge temperament is not stable across bench-
marks: Gemini 3 Flash is the most lenient judge on
MT-Bench (all biases positive), yet becomes one
of the harshest on MindEval, suggesting that judge
personality is benchmark-dependent. Strictness
does not track model capability. On MT-Bench
the uniformly negative judges are GPT-5.2 and
Claude Sonnet 4.6, and the uniformly positive ones
are Llama 3.3 70B and Gemini 3 Flash, so the
strongest model by consensus (Gemini, Table 4) is
also the single most lenient judge, while Qwen
2.5 7B, the weakest model, is neither: its row
mixes a large positive self-bias with negative bi-
ases toward the three strongest models. Finally, the
harshest judge–model interactions concentrate on
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capability-mismatched pairs: GPT-5.2 and Claude
penalize Qwen by over one full scale point on MT-
Bench (−1.04 and −1.14), whereas their biases
toward each other are markedly smaller (−0.71
and −0.23).
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Figure 2: Estimated judge biases γ̂ℓ = X̄··ℓ − X̄··· for
each judge–model pair.

B Variance Component Estimates

Table 4 reports the full variance component esti-
mates. The generation variance entries σ̂2

β = 0.000
(e.g., Gemini and Claude on MT-Bench) arise be-
cause the method-of-moments estimator σ̂2

β =
(MSG − MSW )/K (Appendix D) can return a
negative value when the between-generation mean
square is smaller than the residual mean square.
Because a variance is non-negative by definition,
negative estimates are set to zero based on the stan-
dard truncation convention (Searle et al., 1992).
These zeros, therefore, indicate that generation-to-
generation variability is negligible relative to resid-

Table 4: Variance component estimates. Per-
observation variances and their contribution to Var(X̄)
at the default operating point (m=1, K=1).

(a) MT-Bench (n=80)

Component Qwen Llama GPT Gemini Claude

µ̂θ (mean score) 7.13 7.87 8.72 8.75 8.61

Per-observation variance
σ̂2
α (scenario) 1.530 0.882 0.634 0.408 0.393

σ̂2
β (generation) 0.266 0.238 0.076 0.000 0.000

σ̂2
γ (judge) 0.947 0.503 0.339 0.435 0.427

σ̂2
ε (residual) 1.486 1.130 0.564 0.661 0.830

Contribution to Var(X̄) (×10−3)
σ̂2
α/n 19.13 11.03 7.92 5.11 4.92

σ̂2
β/nm 3.33 2.97 0.94 0.00 0.00

σ̂2
γ · FPC/K 946.50 502.50 339.00 435.40 426.60

σ̂2
ε/nmK 18.57 14.12 7.05 8.27 10.38

(b) MindEval (n=50)

Component Qwen Llama GPT Gemini Claude

µ̂θ (mean score) 2.478 3.400 3.931 3.846 4.431

Per-observation variance
σ̂2
α (scenario) 0.034 0.014 0.021 0.015 0.005

σ̂2
β (generation) 0.100 0.019 0.047 0.016 0.002

σ̂2
γ (judge) 0.523 0.280 0.132 0.150 0.155

σ̂2
ε (residual) 0.159 0.069 0.207 0.103 0.061

Contribution to Var(X̄) (×10−3)
σ̂2
α/n 0.67 0.28 0.43 0.29 0.09

σ̂2
β/nm 2.01 0.38 0.93 0.31 0.04

σ̂2
γ · FPC/K 522.50 280.20 132.00 150.20 154.80

σ̂2
ε/nmK 3.18 1.37 4.14 2.05 1.23

ual noise for these models, not that it is exactly
absent.

C Proof of Proposition 1

We prove the variance decomposition in three steps:

Step 1: Grand mean decomposition. Starting
from Xijℓ = µθ +αi+βij +γℓ+ εijℓ, we average
hierarchically.

Average over K judges within generation (i, j).
The terms µθ, αi, and βij are constant across
judges:

X̄ij· =
1

K

∑

ℓ∈SJ

Xijℓ

= µθ + αi + βij +
1

K

∑

ℓ∈SJ

γℓ

︸ ︷︷ ︸
γ̄

+
1

K

∑

ℓ∈SJ

εijℓ

︸ ︷︷ ︸
ε̄ij

(6)

The judge bias mean γ̄ is the same for every
(i, j) cell because the same SJ evaluates all cells
(crossed design).
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Average over m generations within scenario i.

X̄i·· = µθ + αi +
1

m

m∑

j=1

βij

︸ ︷︷ ︸
β̄i

+γ̄ +
1

mK

∑

j,ℓ

εijℓ

︸ ︷︷ ︸
ε̄i·

(7)

Average over n scenarios.

X̄ = µθ + γ̄ +
1

n

n∑

i=1

αi

︸ ︷︷ ︸
ᾱ

+
1

nm

∑

i,j

βij

︸ ︷︷ ︸
β̄

+
1

nmK

∑

i,j,ℓ

εijℓ

︸ ︷︷ ︸
ε̄

(8)

Step 2: Law of total variance. Let S denote the
judge selection. By the law of total variance:

Var(X̄) = E
[
Var(X̄ | S)

]
+Var

(
E[X̄ | S]

)
(9)

Conditioning on S:
Term (I): Conditional variance. Given S, the

bias γ̄ is a constant. The remaining randomness
comes from ᾱ, β̄, ε̄, which are means of mutually
independent zero-mean random variables:

Var(X̄ | S) = σ2
α

n
+

σ2
β

nm
+

σ2
ε

nmK
(10)

This does not depend on S, so E[Var(X̄ | S)]
equals the same expression.

Term (II): Variance of conditional mean. Since
E[αi] = E[βij ] = E[εijℓ] = 0:

E[X̄ | S] = µθ+γ̄ =⇒ Var
(
E[X̄ | S]

)
= Var(γ̄)

(11)

Step 3: Finite population correction. γ̄ is a sam-
ple mean of K values drawn without replacement
from the centered population {γ1, . . . , γKtot}.

Lemma 2 (Finite population correction). Let
a1, . . . , aP satisfy

∑
i ai = 0 with σ2

a =
P−1

∑
i a

2
i . If S is a simple random sample of

size k drawn without replacement:

Var

(
1

k

∑

i∈S
ai

)
=

σ2
a

k
· P − k

P − 1
(12)

Proof. Define indicator variables Zi ∈ {0, 1} for
i = 1, . . . , P , where Zi = 1 if and only if element
i is selected in the sample S. The sample sum is

T =
∑P

i=1 Ziai, and the sample mean is āS =
T/k.

Under simple random sampling without replace-
ment (SRSWOR) of size k from P elements, each
element is selected with probability Pr(Zi = 1) =
k/P , so:

Var(Zi) =
k

P

(
1− k

P

)
=

k(P−k)

P 2
(13)

For i ̸= j, the joint selection probability is
Pr(Zi=1, Zj=1) = k(k−1)

P (P−1) , giving:

Cov(Zi, Zj) = E[ZiZj ]− E[Zi] E[Zj ]

=
k(k−1)

P (P−1)
− k2

P 2
= − k(P−k)

P 2(P−1)
(14)

Since T =
∑

i Ziai and the ai are constants,
expanding the variance gives:

Var(T )

=
P∑

i=1

a2i Var(Zi) + 2
∑

i<j

aiaj Cov(Zi, Zj)

=
k(P−k)

P 2

∑

i

a2i −
k(P−k)

P 2(P−1)
· 2
∑

i<j

aiaj

(15)

We now simplify each factor. By definition,∑
i a

2
i = Pσ2

a. For the cross-term, the centering
constraint

∑
i ai = 0 implies:

0 =
(∑

i

ai

)2
=
∑

i

a2i + 2
∑

i<j

aiaj

=⇒ 2
∑

i<j

aiaj = −Pσ2
a

(16)

Substituting both identities into (15) (the two
negatives in the second term yield a positive contri-
bution):

Var(T ) =
k(P−k)

P 2
· Pσ2

a +
k(P−k)

P 2(P−1)
· Pσ2

a

=
k(P−k)σ2

a

P−1
(17)

Finally, dividing by k2:

Var(āS) =
Var(T )

k2
=

σ2
a

k
· P−k

P−1
(18)

4535



The FPC factor equals 1 when k = 1 and 0 when
k = P (offsets cancel exactly). Applying to judge
biases (aℓ = γℓ, P = Ktot, k = K):

Var(γ̄) =
σ2
γ

K
· Ktot −K

Ktot − 1
(19)

Combining Terms (I) and (II) completes the
proof.

D Estimation of Variance Components

Because judges are crossed (not nested), we use a
crossed ANOVA.

Residual noise. The residual mean square esti-
mates σ2

ε :

σ̂2
ε = MSW

=

∑
i,j,ℓ(Xijℓ − X̄ij· − X̄··ℓ + X̄···)2

(nm− 1)(K − 1)
(20)

Generation variance. The between-generation
mean square:

MSG =
K

n(m− 1)

∑

i,j

(X̄ij· − X̄i··)2 (21)

with E[MSG] = σ2
ε +Kσ2

β . Judge bias drops out
because the same judges evaluate every generation
within a scenario.

Scenario variance. The between-scenario mean
square:

MSS =
mK

n− 1

∑

i

(X̄i·· − X̄···)2 (22)

with E[MSS ] = σ2
ε +Kσ2

β +mK σ2
α.

Method-of-moments estimators.

σ̂2
β = (MSG −MSW )/K (23)

σ̂2
α = (MSS −MSG)/(mK) (24)

Judge bias. We estimate γ̂ℓ = X̄··ℓ − X̄··· and
compute:

σ̂2
γ =

1

Ktot

∑

ℓ

γ̂2ℓ −
σ̂2
ε

nm
· Ktot − 1

Ktot
(25)

E Allocation Strategy Derivations

We derive the benchmark score variance for each
strategy. The n scenarios are fixed, so σ2

α/n con-
tributes a constant offset and is excluded.

Strategy A: All Ktot judges per generation.
Budget B = mKtot, so m = B/Ktot. Per-scenario
mean:

X̄i = µθ + αi +
1

m

∑

j

βij +
1

Ktot

∑

ℓ

γℓ

︸ ︷︷ ︸
=0

+
1

mKtot

∑

j,ℓ

εijℓ (26)

The judge offsets sum to zero by the centering
constraint, so the score equals the panel-mean es-
timand. The benchmark variance from generation
and residual noise:

VA =
1

n

(
σ2
β

m
+

σ2
ε

mKtot

)
=

Ktotσ
2
β + σ2

ε

nB
(27)

Strategy B: Random single judge per generation.
Budget B = m, each generation scored by ℓj ∼
Uniform({1, . . . ,Ktot}). Per-scenario mean:

X̄i = µθ + αi +
1

m

∑

j

(
βij + γℓj + εijℓj

)
(28)

Each term in the sum is independent with variance
σ2
β + σ2

γ + σ2
ε :

VB =
σ2
β + σ2

γ + σ2
ε

nB
(29)

Strategy C: Round-robin cycling. Budget B =
m (multiple of Ktot), generation j scored by judge
j mod Ktot. Each judge appears m/Ktot times, so
the panel-relative offsets average to zero:

1

m

m∑

j=1

γj mod Ktot =
1

Ktot

Ktot∑

ℓ=1

γℓ = 0 (30)

The residuals for different j are independent with
variance σ2

ε :

VC =
σ2
β + σ2

ε

nB
(31)

Pairwise comparisons. Direct subtraction
yields:

VA − VC =
(Ktot − 1)σ2

β

nB
≥ 0 (32)

VB − VC =
σ2
γ

nB
≥ 0 (33)

VA − VB =
(Ktot − 1)σ2

β − σ2
γ

nB
(34)
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Incomplete cycles. When B is not a multiple of
Ktot, write B = qKtot+r with 0 ≤ r < Ktot. Each
scenario’s q full cycles contribute q

∑
ℓ γℓ = 0

by the centering constraint, leaving r remainder
calls per scenario. Letting the cycle run on across
scenario boundaries makes these remainders cancel
against each other as well. The benchmark-level
offset is then a single global average over all nB
calls, and writing nB = QKtot + s with 0 ≤ s <
Ktot, the Q complete passes cancel and exactly
s < Ktot calls are left over:

γ̄ =
1

nB

∑

ℓ∈S
γℓ, |γ̄| ≤ (Ktot − 1)maxℓ |γℓ|

nB

(35)
where S is the set of s judges receiving one ex-
tra call. The leftover count s is bounded by the
panel size, so γ̄ is exactly zero whenever Ktot | nB
and is O(1/nB) otherwise. Since the assignment
is deterministic once the scenarios are shuffled,
this leftover bias enters the mean squared error as
γ̄2 = O

(
(1/nB)2

)
: a factor O(1/nB) below the

leading σ2
ε/(nB) noise term, hence negligible at

any realistic n, so CyclicJudge retains its advantage
over Strategy B at every budget.

The smallest budget. At B = 1 every call is a
remainder call (q = 0, r = 1), so each scenario
receives a single generation (m = 1) scored by
a single judge and the cycle runs entirely across
scenarios. The bound above applies with nB =
n: the offsets cancel exactly when Ktot | n, and
otherwise leave a bias contributing O

(
(1/n)2

)
to

the mean squared error, against the σ2
γ/n judge-

offset variance that Strategy B pays at the same
budget. Note that a thematically ordered dataset
makes judge identity a deterministic function of
scenario content, so shuffling becomes essential.

F Scenario Coverage

The strategies above fix n and optimize the per-
scenario budget. A complementary question is how
to split a generation budget Bgen = nm between
scenarios and generations per scenario. Under cy-
cling, substituting n = Bgen/m into Eq. 5 gives:

VC(Bgen,m) =
mσ2

α + σ2
β + σ2

ε

Bgen
(36)

This is linear in m with positive slope σ2
α/Bgen,

so variance is minimized at m = 1, maximizing
the number of distinct scenarios up to the dataset

size N . The same monotonicity holds for Strate-
gies A and B. Once the scenario pool is exhausted
(n = N ), excess budget should go to additional
generations.

G Exact Bootstrap Predictions

The allocation formulas in §3.3 assume infinite-
population generation draws. When validating
via bootstrap subsampling from a finite pool of
mmax observed generations, we compute exact pre-
dictions using the empirical pool variances. For
all three strategies, the subsampling observations
within each scenario are i.i.d. draws from the rel-
evant pool, so V (B) = C/(nB) where C is the
pool variance.

Strategy A. Each draw is a generation-level
mean X̄ig·, with m = B/Ktot draws per scenario.
The pool variance is:

CA = Ktot ·
1

n

∑

i

1

mmax

∑

g

(X̄ig· − X̄i··)2 (37)

Strategy B. Each draw is a single cell Xigℓ with
generation and judge chosen uniformly at random,
with m = B draws per scenario:

CB =
1

n

∑

i

1

mmaxKtot

∑

g,ℓ

(Xigℓ − X̄i··)2 (38)

Strategy C. Each judge ℓ gets B/Ktot indepen-
dent draws from its column; the per-scenario mean
averages these Ktot independent sub-means. The
relevant pool variance is the within-column genera-
tion variance:

CC =
1

nKtot

∑

i,ℓ

1

mmax

∑

g

(Xigℓ − X̄i·ℓ)
2 (39)

These empirical constants converge to the pop-
ulation formulas (Eqs. 3–5) as mmax → ∞, but
for finite mmax they account for the bias in plug-
in variance estimates (the (mmax−1)/mmax correc-
tion) and the fact that the crossed ANOVA residual
uses global judge centering while CC uses within-
scenario-judge centering.

H Ranking Stability

Method. Models are compared on the intersec-
tion of scenarios present for all five evaluated mod-
els, so the leaderboard is well defined (n = 80
on MT-Bench, n = 50 on MindEval). The refer-
ence panel ranking is the leaderboard induced by
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the full-data grand mean of each model, averaging
over all generations and all Ktot judges. It orders
the models Gemini > GPT > Claude > Llama >
Qwen on MT-Bench, and Claude > GPT > Gem-
ini > Llama > Qwen on MindEval, matching the
µ̂θ estimates of Table 4. For each strategy and
per-scenario budget B we draw 5,000 subsampling
repetitions using the same subsampler as the vari-
ance experiments (§4), obtaining a 5,000×5 matrix
of benchmark scores, and compute three statistics
per repetition:

• Spearman ρ: the Pearson correlation between
the tie-corrected ranks of the repetition’s scores
and the reference ranks.

• Kendall τ -b: computed over all
(
5
2

)
= 10 model

pairs as the concordant-minus-discordant count
normalized by

√
(10− tref)(10− trep), where

tref and trep count pairs tied in the reference and
in the repetition respectively. The τ -b form is
used because subsampled scores can tie.

• Top-1 flip: the indicator that the repetition’s top-
1 model differs from the reference.

The single judge strategy is the budget-matched
version of picking one judge in practice: each rep-
etition draws one judge uniformly at random and
uses it to score all generations. Generations are
drawn independently per model, as for the other
strategies. Separately, Table 5 reports the full-data
per-judge leaderboards corresponding to Table 1,
where each judge scores every model on all scenar-
ios and generations. These are the B → ∞ limit
of the single-judge strategy, in which generation
and residual noise have averaged away and only the
judge’s systematic offset remains; they therefore
understate how unstable a single judge is at any
finite budget.

Results. Table 5 reports the fixed single-judge
leaderboards. On MT-Bench three distinct mod-
els take the top slot depending on which judge is
used, and two of the five judges disagree with the
panel winner. MindEval is markedly more stable:
only Qwen 2.5 7B, the weakest judge, produces a
different top-1 model.

Sweeping the budget confirms that the order-
ing of Table 3 is not specific to B=5. On MT-
Bench, CyclicJudge is best on all three metrics at
every budget we tested (B = 5, 10, . . . , 50), and
its advantage in top-1 flip frequency widens in
relative terms as B grows: at B=50 its flip rate

Table 5: Per-judge leaderboards from the full crossed
data (each judge scores every model on all scenarios
and generations), with rank correlation to the reference
panel ranking. Rows marked † disagree with the panel
top-1 model.

(a) MT-Bench — panel top-1: Gemini 3 Flash

Judge Top-1 model ρ τ -b

Qwen 2.5 7B Gemini 3 Flash 0.300 0.200
Llama 3.3 70B Claude Sonnet 4.6† 0.700 0.600
GPT-5.2 GPT-5.2† 0.900 0.800
Gemini 3 Flash Gemini 3 Flash 1.000 1.000
Claude Sonnet 4.6 Gemini 3 Flash 0.900 0.800

Mean 3/5 distinct 0.760 0.680

(b) MindEval — panel top-1: Claude Sonnet 4.6

Judge Top-1 model ρ τ -b

Qwen 2.5 7B GPT-5.2† 0.700 0.600
Llama 3.3 70B Claude Sonnet 4.6 1.000 1.000
GPT-5.2 Claude Sonnet 4.6 1.000 1.000
Gemini 3 Flash Claude Sonnet 4.6 1.000 1.000
Claude Sonnet 4.6 Claude Sonnet 4.6 1.000 1.000

Mean 2/5 distinct 0.940 0.920

is 0.002, against 0.067 for random single-judge
and 0.025 for all-judges. The single-judge flip
rate, by contrast, does not improve with budget
at all, staying between 0.49 and 0.51 across the
entire sweep: extra generations average away gen-
eration and residual noise but leave the judge’s
own offset untouched, which is the practical form
of the Vγ term of Eq. 2. On MindEval the three
multi-judge allocations attain a near-perfect order-
ing from B=5 upward with no top-1 flips at any
budget, so that benchmark cannot discriminate be-
tween them; CyclicJudge is best or tied through-
out. The single judge again does not improve with
budget, holding a flip rate near 0.20 across the
sweep. The gap between allocations is therefore
benchmark-dependent.

I ANOVA F -Test for Judge Effects

We test for a systematic judge effect using a two-
way crossed ANOVA that treats each scenario–
generation pair as a subject crossed with K judges.
The judge sum of squares SSJ = N

∑K
ℓ=1(X̄··ℓ −

X̄···)2 (where N = nm) is compared to the
residual SSR = SST − SSJ − SSS , yielding
F = MSJ/MSR with K−1 and (N−1)(K−1)
degrees of freedom. The p-value is the sur-
vival function of the F -distribution, computed via
scipy.stats.f.sf. Table 6 reports results for
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both benchmarks; in all cases, the null hypothesis
of no judge effect is rejected at p < 0.001.

Table 6: ANOVA F -statistic for the judge main effect.
All p < 0.001.

MT-Bench MindEval
Model F (4, 3196) F (4, 996)

Qwen 2.5 7B 638.2 1029.5
Llama 3.3 70B 445.8 1280.1
GPT-5.2 601.7 200.1
Gemini 3 Flash 659.2 458.0
Claude Sonnet 4.6 514.9 788.9

J Omitted Interactions

A full factorial design has 23 = 8 terms: a grand
mean, three main effects, three two-way interac-
tions, and one three-way interaction. Our model
(Eq. 1) retains the grand mean and three main ef-
fects, absorbing all interaction terms into the resid-
ual εijℓ. This is why CyclicJudge should be un-
derstood as canceling each judge’s average addi-
tive offset rather than as recovering the full panel
mean exactly: whatever interaction structure ex-
ists is pushed into σ2

ε , where cycling reduces it at
the O(1/B) noise rate instead of removing it. We
enumerate each omitted interaction below.

Scenario–generation. Because generations are
nested within scenarios, there is no separable
scenario–generation interaction: any such effect
is already confounded with the generation main
effect βij , which captures all within-scenario gen-
eration variability by construction.

Scenario–judge. This interaction captures the ex-
tent to which a judge’s bias varies across scenarios
(e.g., a judge being lenient on reasoning tasks but
strict on creative ones). It is in principle estimable,
but explicitly modeling it would add n(Ktot−1)
parameters and complicate the closed-form vari-
ance decomposition without changing the alloca-
tion analysis: the interaction enters only through
the per-cell residual variance, which our empirical
predictions (§4) already capture without parametric
assumptions on its structure.

Generation–judge. This interaction reflects
judge-specific reactions to particular generation ar-
tifacts (e.g., one judge penalizing verbose outputs
more than another). Since generations are indepen-
dent stochastic draws, this term is exchangeable

across j and acts as additional i.i.d. noise on each
cell, making it naturally absorbed into σ2

ε .

K Experimental Configuration

For all judge calls we follow the default decoding
hyperparameters specified by the MT-Bench and
MindEval reference implementations, summarized
in Table 7. For models in our judge pool that fall
outside the original API tables of either reference
implementation (e.g., Gemini 3 Flash and Claude
Sonnet 4.6 for MT-Bench), we apply the closest
equivalent setting supported by the provider.

Table 7: Default judge decoding hyperparameters used
by each benchmark’s reference implementation.

Parameter Default

MT-Bench
temperature 0
max_tokens (OpenAI) 2048
max_tokens (Anthropic) 1024

MindEval
judge_template_version v0_1
max_completion_tokens 16,000
reasoning_effort high

Effect of hyperparameters. Decoding hyperpa-
rameters such as temperature and reasoning effort
primarily control the within-judge stochasticity of a
single call. In the model of Eq. 1, this stochasticity
is absorbed into the residual εijℓ, contributing to σ2

ε .
The systematic offset γℓ, by contrast, is a property
of the judge model itself, not of how its outputs are
sampled. Increasing temperature would inflate σ2

ε

but, to first order, leave γℓ and σ2
γ unchanged. At

the default operating point, the judge-offset contri-
bution exceeds the residual contribution by roughly
two orders of magnitude on both benchmarks (Ta-
ble 4). Reasonable perturbations of the decoding
hyperparameters can only shift σ2

ε within a win-
dow that is much smaller than σ2

γ , so the qualitative
ranking of allocation strategies in §3.3 and Figure 1
is robust to this choice.

Licenses and intended use. MT-Bench is re-
leased under CC BY 4.0, and MindEval is publicly
released for research purposes; both benchmarks
are intended for model evaluation.
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