
Where do current judges stand? We estimate each judge’s  
and  on the Chatbot Arena benchmark: 

No evaluated judge sits inside the favorable (dark) region yet, but 
stronger judges move toward it as their quality improves. 

q0
q1

When does corrected LLM-as-a-judge beat human-only 
evaluation?  Under a fixed human-label budget, a sufficiently 
accurate judge yields lower variance than human-only evaluation: 

Shaded region: the regime where corrected LLM-as-a-judge 
evaluation has lower variance than human-only evaluation. 

Problem setup. We evaluate a test dataset using an LLM judge. 
Each response has a true label indicating whether it is correct 
( ) or incorrect ( ), and the LLM judge provides a 
corresponding judgment ( ). There are two types of error: 
Z = 1 Z = 0

̂Z

Bias from Imperfect LLM Judgments. Errors in LLM judgments 
can make the observed quantity  a biased estimate of the target 
quantity . 

For example, in the plotted case (  and ),  
 over-estimates  when  is low (blue), and under-estimates 

it when  is high (red).  
  :  a biased estimator of  
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Abstract
Large language models (LLMs) are widely used
as scalable evaluators of model responses in lieu
of human annotators. However, imperfect sensi-
tivity and specificity of the LLM judges induce
bias in naive evaluation scores. We propose a sim-
ple plug-in framework that corrects this bias and
enables statistically principled uncertainty quan-
tification. Our framework constructs confidence
intervals that account for uncertainty from both
the test dataset and a human-labeled calibration
dataset. Additionally, it uses an adaptive strategy
to allocate calibration samples for tighter intervals.
Importantly, we characterize parameter regimes
defined by the true evaluation score and the LLM
judge’s sensitivity and specificity in which our
LLM-based evaluation yields more reliable esti-
mates than human-only evaluation. Moreover, we
show that our framework remains unbiased under
distribution shift between the test and calibration
datasets, in contrast to existing approaches.

1. Introduction
The use of large language models (LLMs) as judges has
become a low-cost and scalable alternative to human evalua-
tion across various tasks (Zheng et al., 2023; Liu et al., 2023;
Wang et al., 2023; Li et al., 2025; Gu et al., 2024). A com-
mon practice is to summarize such evaluations by the frac-
tion of responses that the LLM judges as ‘correct’, denoted
by p̂. However, this seemingly simple reporting practice
is statistically problematic (Bross, 1954; Schwartz, 1985;
Forman, 2005; Angelopoulos et al., 2023a; Boyeau et al.,
2025; Fraser, 2024; Albinet, 2025). Because LLM judg-
ments are noisy, the raw score p̂ generally differs from the
true accuracy and can lead to unreliable conclusions (Wang
et al., 2024; Koo et al., 2024; Huang et al., 2025).
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Figure 1. LLM judgments with error rates 1→q1 and 1→q0, where
q1 and q0 are the LLM’s sensitivity and specificity, respectively.

To understand the source of bias in the raw judgment score
p̂, we first examine how an LLM judge can make errors on
individual responses. As illustrated in Figure 1, an LLM
may incorrectly label an ‘incorrect’ response as ‘correct’,
or conversely, mislabel a ‘correct’ response as ‘incorrect’.
Let q1 and q0 denote the probabilities that the LLM cor-
rectly judges ‘correct’ and ‘incorrect’ responses, respec-
tively. These quantities correspond to the sensitivity q1 and
specificity q0 of the LLM judge.

The bias can be seen even in a simple extreme case. Suppose
that q1 = 1 and q0 = 0. Then the LLM judges every re-
sponse as ‘correct’, so the raw LLM judgment score satisfies
p̂ = 1 regardless of the true accuracy ω.

In general, whenever the LLM is imperfect (q0 + q1 < 2),
the expected value of p̂ deviates from the true accuracy ω:

E[p̂] = ω + (1→ q0 + 1→ q1)
( 1→q0
1→q0+1→q1

→ ω
)
.

This expression shows that p̂ has positive bias at low values
of ω and negative bias at high values of ω; see Section 5 for
details. Figure 2a illustrates this behavior for an LLM judge
with 1→ q0 = 0.3 and 1→ q1 = 0.1. In this case, E[p̂] over-
estimates ω when ω < 0.75 (blue line) and underestimates it
when ω > 0.75 (red line). These two directions of bias arise
from the two types of judgment errors (green arrows). A
high probability of incorrectly rejecting a ‘correct’ response,
corresponding to a large 1 → q1, induces negative bias at
high accuracies. Conversely, a high probability of incor-
rectly accepting an ‘incorrect’ response, corresponding to a
large 1→ q0, induces positive bias at low accuracies.

This issue is not merely theoretical. As LLM-based evalu-
ation becomes more widely used, reported improvements
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Large language models are widely used as scalable evaluators in place of humans. Are their judgments truly reliable? 
We propose a simple correction method that accounts for errors in LLM judgments. Our method requires a dataset with human-evaluated examples, which we 
use to estimate and correct the errors made by the LLM judge. We further characterize when corrected LLM-as-a-judge evaluation is more reliable than human-only 
evaluation without LLMs. Our estimator remains unbiased even under distribution shift, where the evaluation dataset differs from the dataset used for correction.

Imperfect LLM-as-a-judge evaluations How can we correct this? Using LLMs can be more reliable 

Extending the framework 

Target quantity: 
the true accuracy on the test dataset   

Observed quantity: 
the LLM-evaluated accuracy on the test dataset  

θ := 𝔼[Z]
̂p := 𝔼[ ̂Z]

No free lunch: we must collect the calibration dataset. 
To correctly report LLM-as-a-judge evaluations, we need to 
explicitly estimate the LLM judge’s errors (  and ). 
Therefore, we require a calibration dataset where each response 
has both an LLM judgment and a true label. 

Using this calibration dataset, we estimate the judge’s sensitivity 
 and specificity  , and debias the LLM-evaluated accuracy. 

  :  an unbiased estimator of  

1 − q0 1 − q1

̂q1 ̂q0

̂θ :=
̂p + ̂q0 − 1
̂q0 + ̂q1 − 1

θ

calibration dataset
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specificity of the LLM judge
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Empirical validation. 

             (a) Monte Carlo Simulation                          (b) Chatbot Arena Benchmark 

The proposed method reduces bias in both cases. 

Our estimator is robust under distribution shift. 
Assume   , but   . 

(  : the test-data distribution,    : the calibration-data distribution) 

Under this shift, all estimators except ours (v) are biased. 

Pr
ℙ

[ ̂Z ∣ Z] = Pr
ℚ

[ ̂Z ∣ Z] Pr
ℙ

[Z ] ≠ Pr
ℚ

[Z ]
ℙ ℚ

(i) 𝔼ℙ[ ̂Z ]
(ii) 𝔼ℚ[Z ]
(iii) 𝔼ℙ[ ̂Z ] + 𝔼ℚ[Z − ̂Z ]
(iv) Pr

ℚ
(Z ∣ ̂Z ) 𝔼ℙ[ ̂Z ]

(v) Pr
ℚ

( ̂Z ∣ Z)−1𝔼ℙ[ ̂Z ]

Beyond binary responses.   The same principle handles  
categories, where  and  become vectors and a  
confusion matrix generalizes the sensitivity  and specificity : 

 

k > 2
Z ̂Z k × k

q1 q0
̂θmulti := Pr

ℚ
( ̂Z ∣ Z)−1𝔼ℙ[ ̂Z], Z , ̂Z ∈ [0,1]k

Accounting for Nuisance Factors. When the LLM judge 
depends on covariates  (such as response length), we estimate 
a confusion matrix within each stratum of , correct each stratum 
separately, and then average.

 

ξ
ξ

̂θ = 𝔼ξ[ Pr
ℚ

( ̂Z ∣ Z; ξ)−1𝔼ℙ[ ̂Z; ξ]]


