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Abstract. Large Language Models (LLMs) are increasingly used as au-
tomatic evaluators of generative AI outputs, a paradigm often referred
to as "LLM-as-a-judge," where the confidence reported alongside each
judgment is widely used as a practical signal for downstream decisions.
However, whether such confidence is actually trustworthy remains largely
unexamined. We first present a systematic diagnosis that reveals a per-
vasive Overconfidence Phenomenon in current LLM judges: across 9
leading models and three confidence elicitation methods, predicted con-
fidence consistently overstates true accuracy on JudgeBench. Our fur-
ther analysis reveals that confidence often remains informative as a rel-
ative ranking signal, although its discriminative strength varies across
models. Motivated by this gap between calibration and informativeness,
we propose LLM-as-a-Fuser, an ensemble framework that transforms
LLMs into more reliable, risk-aware evaluators. Extensive experiments
and analyses show that strong Fuser variants improve over full majority
voting in both accuracy and calibration, offering a practical recipe for
trustworthy LLM-as-a-Judge deployment.

Keywords: LLM-as-a-Judge - Confidence Calibration - Ensemble Eval-
uation.

1 Introduction

LLMs [3IIT2/89] have rapidly become the default tool for automatically evalu-
ating generative Al outputs, a paradigm widely known as “LLM-as-a-judge” [17].
Compared to human annotation, LLM judges are scalable, low-cost, and capable
of providing nuanced comparisons across a wide range of tasks, from instruction
following and reasoning to code generation and open-ended writing [ITJ15]. Be-
yond producing a discrete preference, LLM judges can be prompted to report a
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Fig. 1: Overconfidence phenomenon of GPT-5.4 as a Judge on JudgeBench, il-
lustrated with a specific example (content omitted for demonstration purposes)
and a Reliability Diagram. The Reliability Diagram plots the model’s confidence
scores against actual accuracy, revealing calibration gaps where overconfidence
occurs.

confidence score reflecting their certainty about each judgment, following broader
work on eliciting verbalized uncertainty and self-evaluation from LLMs [GI4IT3].
This confidence signal is widely used in downstream pipelines: high-confidence
outputs are automatically accepted to reduce human review, low-confidence sam-
ples are flagged for inspection, and confidence values are routinely fed into data
filtering, reward modeling, and synthetic data curation workflows [19]. In effect,
LLM-as-a-judge pipelines increasingly rely not only on the judgments them-
selves, but also on the confidence behind them.

Despite this growing reliance, whether such confidence is actually trustworthy
in the LLM-as-a-judge setting has received limited systematic attention. Prior
work on LLM-as-a-judge has primarily focused on judgment quality, agreement
with human preferences, and evaluation biases [I71420/TT], whereas studies
of confidence and calibration have largely considered general language-model
settings rather than LLM-based evaluation specifically [7JI8IT3I4IT0]. To ad-
dress this gap, we conduct a large-scale diagnostic study across 9 leading open-
and closed-source LLMs and three confidence elicitation methods—self-reported,
multi-sample, and logit-based—on the JudgeBench benchmark. Our results re-
veal a pervasive Overconfidence Phenomenon: predicted confidence consis-
tently and substantially overstates true accuracy. Even state-of-the-art judges
concentrate their predictions in the 70-100% confidence range while they may
achieve lower empirical accuracy, with the gap widening sharply for weaker mod-
els. This miscalibration directly undermines the reliability of any downstream
decision that treats confidence as a probabilistic estimate.

A closer inspection, however, reveals that this is not the end of the story. In
statistical learning, calibration (matching absolute probabilities) and discrimi-
nation (ranking correct versus incorrect predictions) are independent properties:
a predictor can fail at the former while excelling at the latter. Our analysis shows
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that LLM judges often exhibit this pattern, though the strength varies by model.
Although their confidence scores are poorly calibrated in absolute terms, they
frequently remain informative as a relative signal: high-confidence predictions are
more accurate than low-confidence ones, with AUC values ranging from 0.642
to 0.877 across the models we examine, and the highest-confidence half of pre-
dictions outperforming the lowest-confidence half by a substantial margin. This
dichotomy suggests that confidence in LLM judges can be used as a relative
ranking signal.

Building on this insight, we propose LLM-as—a—Fuselﬂ an ensemble frame-
work that uses confidence as a relative evidence signal for judging which model
outputs deserve more trust. Instead of taking any single model’s confidence at
face value or aggregating decisions through uniform voting, LLM-as-a-Fuser em-
ploys a dedicated fuser LLM that ingests the judgments, critiques, and con-
fidence scores from an ensemble of judges, and synthesizes them into a final
evidence-aware decision. By grounding the final judgment in cross-model evi-
dence rather than any single model’s miscalibrated confidence, LLM-as-a-Fuser
converts the relative informativeness of confidence into substantial, measurable
reliability gains. Our contributions are threefold:

1. Systematic diagnosis. We identify and characterize the Overconfidence
Phenomenon in LLM-as-a-judge across 9 models and three confidence elici-
tation methods.

2. Calibration—informativeness dichotomy. We uncover a fundamental dis-
tinction between absolute miscalibration and relative informativeness in LLM
judge confidence, showing that confidence remains a useful ranking signal de-
spite poor calibration.

3. LLM-as-a-Fuser. We propose an ensemble framework that exploits this
dichotomy and improves over full majority voting in both accuracy and cal-
ibration on JudgeBench.

2 Related Work

2.1 LLM-as-a-Judge

LLMs are increasingly used as automated evaluators for text quality. MT-Bench
showed GPT-4 aligns with human judgments in pairwise comparisons, but pro-
prietary APIs limit reproducibility. PandaLM [I5] introduced a 7B-parameter
local evaluator with 94% agreement with ChatGPT, supporting offline use.
JudgeLM [20] fine-tunes LLMs at different scales as efficient and scalable judges,
and studies several biases inherent to LLM-based evaluation. However, alignment
between model confidence and accuracy is often ignored, causing inconsistent
judgments. Meta’s self-rewarding models [16] generate and evaluate outputs it-
eratively, but calibration needs further study.

® Dataset: https://huggingface.co/datasets/Han03430/CalibrationBench; code:
https://github.com/hzh030430/CalibrationBench.
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As LLM-based judges gain traction for evaluating and enhancing LLMs, var-
ious benchmarks have emerged to gauge their effectiveness. Prior works like
LLMEval [6], MTBench, and FairEval [I4] primarily assess how well LLM-
based judges align with subjective human preferences, often emphasizing stylistic
differences over factual and logical accuracy. JudgeBench offers a novel bench-
mark specifically designed to test LLM-based judges’ reasoning capabilities. It
features 350 carefully curated challenging response pairs across knowledge, rea-
soning, math, and coding domains, each containing one objectively correct and
one subtly incorrect response, prioritizing factual and logical correctness over
subjective or stylistic factors.

2.2 Calibration in LLMs

Accurate calibration, which aligns a model’s confidence with its empirical accu-
racy, is crucial for reliable LLM applications. Classical post-hoc methods such
as temperature scaling [2] recalibrate confidence with a single scalar, while re-
cent LLM-specific methods such as Thermometer [I0] train auxiliary models to
improve uncertainty estimates across tasks. However, most existing calibration
methods focus on single-model predictions, whereas LLM-as-a-judge pipelines
often involve multiple judges and downstream decisions such as filtering, aggre-
gation, and data curation.

3 Overconfidence in LLM-as-a-Judge

3.1 How to Measure Confidence in LLMs?

We employed three methods for calculating confidence: Self-Confidence (SC),
Multiple-Prompting (MP) confidence, and Logprob (LogP) confidence.

SC setting: We prompt the model to output both the result and its confidence.
Model’s temperature is set to 0 to ensure the reproducibility of the setting.
MP setting: We sample the same query 10 times at temperature 0.7. The final
response is determined by majority voting, and confidence is defined as the vote
share of the selected response.

LogP Setting. In this setting, confidence scores are derived from softmax-
normalized logits for the final output tokens (e.g., ‘A’ or ‘B’). For a binary
choice task with options A and B, and corresponding logits 4 and I, we first
compute the softmax probabilities:

ela els

p(4) , p(B)

T ela fels T elafels
Confidence is then defined as the maximum probability:
Confidencejogp, = max (p(A4), p(B)) .

Temperature is set to 0 to ensure deterministic outputs.
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Question:

The complementary color of blue is\n(A) green\n(B) black\n(C) white\n(D) purple\n(E) red\n(F)
orange\n(6) magenta\n(H) yellow\n(T) brown\n(J) cyan\nIf you cannot determine the correct multiple-
choice answer, take your best guess. Once you have your answer, please duplicate that letter five times ina
single string. For example, if the answer is K, then write KKKKK.\nLet's think step by step.

Text A: Text B:

To determine the complementary color of blue, we To find the complementary color of blue, we need
need to understand the concept of color theory, to use color theory, specifically the color
specifically the color wheel ...... Let's duplicate wheel ...... Following the instructions to duplicate
the letter corresponding to the correct the letter five times, the final answer is:\nHHHHH
answer:\nFFFFFF

’ @ LLM-as-a-Judge & J'lmlﬂ
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Fig. 2: Visualization of the three confidence calculation settings: Self-Confidence
(SC), Multiple-Prompting (MP), and Logprob (Logp), using data with ID 122
from JudgeBench as an example.

3.2 Overall Calibration Results

We systematically evaluate 9 cutting-edge models on the JudgeBench bench-
mark under the Self-Confidence (SC) and Multiple-Prompting (MP) settings,
with complete results presented in Table I} These include open-source models
(DeepSeek-R1, DeepSeek-v4-Flash, DeepSeek-v4-Pro, MiniMax-M2.7, Llama-3.3-
70B) and proprietary models (Gemini-3.1-Pro, Gemini-3-Flash, GPT-5.4, GPT-
5.4-mini). For models whose APIs expose usable token-level probabilities for the
binary output options, we additionally evaluate the LogP setting. Specifically,
GPT-5.4, GPT-5.4-mini, DeepSeek-R1, and Llama-3.3-70B achieve accuracies of
71.71%, 54.57%, 78.29%, and 43.43%, with ECEs of 19.62%, 12.97%, 10.82%, and
55.05%, respectively. These results show that substantial miscalibration persists
under LogP confidence, particularly for Llama-3.3-70B.

3.3 Empirical Evidence of Overconfidence

Table [I] reveals a systematic overconfidence phenomenon across all evaluated
models. The most alarming cases occur among weak models: DeepSeek-v4-Flash
achieves only 49.43% accuracy under SC yet reports an average confidence of
86.7%, yielding an ECE of 37.23. Similarly, MiniMax-M2.7 attains 55.71% accu-
racy with 81.8% average confidence (ECE 26.08), and DeepSeek-v4-Pro reaches
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Table 1: Performance of nine models under Self-Confidence (SC) and Multiple-
Prompting (MP) settings on JudgeBench. Arrows indicate optimization direc-
tion: 1 higher is better for accuracy, | lower is better for ECE. Best result per
metric is bolded.

Acc. ECE Acc. ECE Avg.

Model (SC) (1) (SC) (1) (MP) (1) (MP) ({) Conf.
Proprietary Models

Gemini-3.1-Pro 90.57 6.29 91.14 6.91 96.9

Gemini-3-Flash 75.14 15.32 81.71 10.94 90.5

GPT-5.4 72.29 15.92 73.43 18.71 88.2

GPT-5.4-mini 55.43 9.26 54.57 14.11 64.4

Open Source Models

DeepSeek-R1 76.86 9.68 85.43 6.40 87.6
DeepSeek-v4-Pro 64.29 23.00 64.29 18.03 87.3
MiniMax-M2.7 55.71 26.08 84.29 6.56 81.8
DeepSeek-v4-Flash 49.43 37.23 50.86 32.29 86.7
Llama-3.3-70B 42.00 45.62 42.86 54.31 88.7

64.29% accuracy with 87.3% confidence (ECE 23.00). These models operate near
random-guess levels while expressing strong certainty, making them particularly
dangerous for automated judgment pipelines that rely on confidence thresholds
for quality control.

Macro-level metrics, however, only capture average behavior. A more insid-
ious problem lies at the sample level: even when models are wrong, they of-
ten express high confidence. Among incorrect predictions under the SC setting,
Llama-3.3-70B assigns confidence >80% to 90.1% of its errors and >90% to
62.1%; Gemini-3.1-Pro does so for 78.8% and 54.5%, respectively. DeepSeek-v4-
Flash, despite only 49.43% SC accuracy, still assigns confidence >80% to 76.8%
of its errors and >90% to 25.4%. This pervasive high-confidence error pattern
means that confidence cannot serve as a reliable hard threshold for filtering de-
cisions: a model declaring “I am 90% certain” still has a substantial probability
of being wrong.

4 Confidence Is Miscalibrated but Still Informative

The preceding section diagnosed a pervasive Overconfidence Phenomenon: pre-
dicted confidence systematically overstates actual accuracy, with high-confidence
errors pervading even the strongest models. At first glance, this appears to ren-
der confidence signals unreliable for practical decision-making. However, a closer
inspection reveals a more nuanced picture. In statistical learning, calibration
and discrimination are two independent concepts: a predictor can be poorly
calibrated yet possess strong discriminative power—that is, it cannot estimate
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Fig. 3: Reliability diagrams for all nine models under the Self-Confidence (SC)
setting on JudgeBench. Blue bars show empirical accuracy within each confi-
dence bin; orange regions indicate the overconfidence gap. The dashed diagonal
represents perfect calibration.

absolute probabilities accurately, but can still reliably distinguish high-quality
from low-quality samples. This section characterizes this critical distinction and
demonstrates why confidence should not be discarded but repurposed as a rela-
tive ranking signal.

4.1 Global Discriminative Power

To quantify the discriminative power of confidence, we compute the Area Under
the ROC Curve (AUC) for each model’s confidence scores against correctness la-
bels. Table[2reports the AUC and correlation statistics for all nine models under
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the Single-Confidence (SC) setting. The results reveal substantial heterogeneity:
the strongest models—led by MiniMax-M2.7 (AUC 0.877)—cluster above 0.85,
while the weakest, Llama-3.3-70B (0.642), falls below 0.65. Pearson correlations
follow the same pattern, spanning from 0.251 to 0.744. In other words, confidence
often retains useful discriminative capacity despite its absolute calibration flaws,
but this property is far from universal across models.

Table 2: Confidence-accuracy discriminative power under the SC setting. AUC
= Area Under ROC Curve; Pearson r = correlation between confidence and
correctness.

Model AUC Pearson r Spearman r
MiniMax-M2.7 0.877 0.679 0.654
DeepSeek-v4-Pro  0.875 0.684 0.642
Gemini-3-Flash 0.873 0.744 0.595
DeepSeek-R1 0.865  0.562 0.539
GPT-5.4-mini 0.858  0.704 0.624
Gemini-3.1-Pro 0.850  0.558 0.406
GPT-5.4 0.753  0.405 0.393
DeepSeek-v4-Flash 0.675 0.316 0.316
Llama-3.3-70B 0.642  0.251 0.246

4.2 Bin-Level Accuracy Analysis

Global metrics such as AUC validate overall ranking quality, but they do not
reveal how confidence translates into accuracy at the granular level. To examine
this, we partition predictions into confidence bins and compute empirical accu-
racy within each bin. Figure [ presents this analysis for all nine models. The
broad pattern is upward, though not perfectly monotonic in low-count bins. For
instance, Gemini-3.1-Pro climbs from roughly 53% accuracy in the [0.8, 0.9) bin
to over 94% in the [0.9, 1.0] bin, while even weaker models such as DeepSeek-v4-
Flash more than double their accuracy across the top three bins. These trends
reinforce that confidence is more useful as a relative ranking signal than as an
absolute probability estimate.

5 LLM-as-a-Fuser

Section [4]left us with a mixed signal: confidence is miscalibrated, yet it still car-
ries some useful information about which judgments to trust. A natural reaction
would be to design a calibration procedure or a principled confidence-weighted
aggregation rule around this observation. We try the simplest thing instead:
hand the judges’ decisions, confidences, and rationales to another LLM and ask
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Fig.4: Binned accuracy analysis for all nine models under the SC setting. Pre-
dictions are partitioned into five confidence bins, and empirical accuracy is com-
puted within each bin. Proprietary models are shown with solid lines and open-
source models with dashed lines.

it to produce a verdict. We call this setup LLM-as-a-Fuser. The framework
is deliberately minimal—it is essentially a prompt—and the point of this sec-
tion is not that the design is novel, but that this light-touch use of confidence,
together with the rationales each judge already produces, is enough to improve
substantially over majority voting on both accuracy and calibration.

<
7

Prompt Template:
You are a helpful assistant tasked with combining
multiple model responses to select the best output for

[the following instruction: ... @ ’ & ¢ "Answer"
1
Output from LLM 1| |Output from LLM 2 |Output from LLM n| E> ,:> "Confidenc: 5,
e FuEar "Explanation": "After reviewing all TSON
LLM-as-a- outputs and the original responses, I've selected

'
: Output (b) as the better response .."
'
1

Final Output

"Answer":
"Confidence'
"Explanation": "...

"Answer"
’| "Confidence'
"Explanation": "...

"Answer":
"Confidence'
"Explanation": "...

}

.
~

Fig.5: Illustration of the LLM-as-a-Fuser framework, where the fuser model ag-
gregates decisions and their corresponding critiques from an ensemble of models.

5.1 Experimental Results

Table EI reports Fuser performance on JudgeBench. The best variant (Gemini-
3.1-Pro) reaches 95.67% accuracy at 2.25% ECE, and every Fuser variant stays
below 7.53% ECE—well within the range one would want for downstream use,
and below the SC numbers in Table [I] (which span 6.29% to 45.62%). Majority
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Table 3: Comparison with calibration and aggregation baselines on JudgeBench.
Best results are bolded.

Method Acc. (1) ECE (])
Temperature Scaling 64.64 9.25
Confidence-Weighted Voting 89.71 5.34
Logistic Stacking 93.43 1.13
LLM-as-a-Fuser 95.67 2.25

voting over the same nine judges reaches 88.29%, and over the top three judges
92.86%, so the gains are not just attributable to access to better inputs.

The biggest improvements show up when a weak judge plays the role of
fuser. DeepSeek-v4-Flash goes from 49.43% as an individual judge to 94.72%
as a Fuser, and several other weak-to-mid judges show double-digit gains. Even
Gemini-3.1-Pro, already the strongest individual judge at 90.57% SC, improves
to 95.67% when fusing.

We further compare LLM-as-a-Fuser with standard calibration and aggre-
gation baselines. As shown in Table [3] temperature scaling improves confidence
calibration without changing the underlying decisions, while confidence-weighted
voting provides a simple confidence-aware aggregation baseline. Logistic stacking
achieves the lowest ECE, whereas the best Fuser obtains the highest observed
accuracy without requiring a labeled task-specific meta-classifier.

5.2 Ablation Studies

To test whether confidence is useful for selecting judge evidence, we construct
confidence-filtered inputs for the Fuser. Base uses all nine judges. For each test
instance, Top3 keeps only the three judges with the highest confidence on that
instance, while Bottom3 keeps only the three with the lowest confidence. We
also include wo3, which removes the three strongest individual judges, as a
control to check whether the Fuser is merely exploiting the outputs of a few
high-performing models.

The contrast between Top3 and Bottom3 is the central result in Table[d] Top3
slightly improves the average Fuser accuracy over Base (93.18% vs. 92.64%),
and Gemini-3.1-Pro reaches its best result under this setting (96.84%). In other
words, keeping only the most confident judges is not worse than feeding all
judges, despite discarding two thirds of the inputs. Bottom3 shows the opposite
pattern: the average accuracy falls to 85.73%, and the weakest cases lose more
than ten points. This gap indicates that judge confidence, although poorly cali-
brated as an absolute probability, is useful for identifying which model judgments
are worth passing to the Fuser.

By removing the three strongest individual judges, the wo3 setting tests
whether the Fuser’s gains come simply from copying or exploiting a few high-
performing inputs. The average accuracy remains high at 91.59%, only mod-
estly below Base, suggesting that the Fuser still extracts useful evidence from
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Table 4: Fuser vs. Majority Voting across ablation configurations. Bold indicates
the best in each column.

Method Base wo03 Top3 Bottom3
Majority Voting 88.29 81.43 92.86 71.71
Best-Model 92.29 87.71 92.29 74.29

Gemini-3.1-Pro 95.67 96.00 96.84 96.05
DeepSeek-v4-Flash 94.72  93.84 92.75 89.57
DeepSeek-v4-Pro 94.69 94.61 94.07 90.03
Gemini-3-Flash 94.39 92.88 94.95 94.64

DeepSeek-R1 93.87 92.82 94.47 89.74
MiniMax-M2.7 92.49 91.27 91.94 83.33
GPT-5.4 91.07 91.91 92.82 80.64
GPT-5.4-mini 88.44 87.46 90.86 73.23
Llama-3.3-70B 88.41 83.48 89.94 74.38
Fuser Avg. 92.64 91.59 93.18 85.73

the remaining mid- and low-tier judges. Together, these ablations support the
interpretation from Section [} confidence should not be treated as a calibrated
probability, but it is informative enough to guide judge selection.

6 Conclusion and Limitations

This paper studies the trustworthiness of confidence in LLM-as-a-judge systems.
We find that LLM judges are consistently overconfident on JudgeBench: their
reported confidence often exceeds their actual accuracy, especially when they
make wrong judgments. Nevertheless, confidence still carries useful relative in-
formation, helping distinguish more reliable from less reliable predictions. Based
on this observation, we propose LLM-as-a-Fuser, which aggregates judge deci-
sions, rationales, and confidence scores. Experiments show that Fuser variants
improve over majority voting in both accuracy and calibration, suggesting that
confidence should be used as relative evidence rather than literal probability.

Our study is limited to pairwise evaluation on JudgeBench, where each ex-
ample has an objective ground-truth preference; results may differ for subjective,
multi-turn, or domain-specific evaluation. In addition, LogP confidence is only
available for models with API support, and LLM-as-a-Fuser introduces extra in-
ference cost. Future work should test broader benchmarks and develop cheaper,
more systematic judge-selection strategies.
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