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Background and Motivation
Benchmark scoring: fixed tasks → scalar scores; useful but limited for
open‐ended tasks [1].
Pairwise evaluation: compare two responses with an LLM judge, then
aggregate preferences [2].
The key object is a comparison graph before it becomes a final ranking.
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Challenge: Structural Inconsistency
A ≻ B: model A performs better than model B under the judge model.
A ∼ B: the judge model cannot distinguish between models A and B.
Cycle: A ≻ B ≻ C ≻ A.
Tie contradiction: A ∼ B, B ∼ C, C ≻ A.
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How can we design a pairwise evaluation pipeline that improves the structural
consistency of the induced comparison graph?

Prompt Perturbation and Integration

Prompt perturbation
For each base prompt xi, generate
semantic‐preserving rewrites
xi,1, . . . , xi,m that keep the task
intent, constraints, and entities
unchanged.
Judge the same model pairs under
the original prompt and each
rewrite, giving aligned comparison
graphs Gi,0, Gi,1, . . . , Gi,m on the
same model set.

Integration
Treat each graph as one
graph‐valued proposal and score its
local inconsistency by counting
number of cycles.
Keep the top‐K graphs with
smallest number of cycles, and fit
Bradley–Terry ranking models [3].
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Experimental Results
MT‐Bench: 8 categories, 80 questions.
n = 20 target LLMs.
5 prompt instances per question: original + 4 semantic perturbations.
LLM‐as‐a‐judge: GPT‐5 and Prometheus.
Metric: normalized Spearman distance.
Ground truth ranking: arena leaderboard.
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Leaderboard distance after retaining top-K cycle-rich graphs out of 50

Judge Trunc25 NoTrunc Sample25

GPT‐5 0.056 0.068 0.120
Prometheus 0.070 0.083 0.121

Best budget: K ≈ 25.
Best performance: Trunc25 (our method) wins for both judges.
Main gain:

prompt perturbation + cycle truncation ≻ prompt perturbation
prompt perturbation + cycle truncation ≻ cycle truncation

Theoretical Results
Latent order: 1 ≻ 2 ≻ · · · ≻ n, with transitive graph G∗.
Each observed graph Gk flips an edge with probability 1

2 − p.
Integrate t graphs by pairwise majority vote to obtain graph G̃.

Theorem 1: majority voting without truncation

For any constant ϵ > 0,

t ≥ (4 + ϵ) log n

log(1/(1 − 4p2))
=⇒ P(G̃ = G∗) = 1 − o(1).

Below the matching (4 − ϵ) threshold, G̃ contains a directed triangle with high
probability.

Theorem 2: truncation on cycles

Under the conditional law G | {G has no directed triangle} [4],

t ≥ (2 + ϵ) log n

log(1/(1 − 4p2))
=⇒ P(G̃ = G∗) = 1 − o(1).

Takeaway. Cycle truncation improves the leading constant in this stylized re‐
covery threshold.

Our Solution to the Challenge
Prompt perturbation creates multiple comparison graphs, while cycle‐count
truncation removes structurally inconsistent ones, leading to more reliable
rankings for open‐ended LLM evaluation.
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