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Abstract

We present a novel framework that improves
the reliability of LLM judges by selectively
augmenting LL.M with auxiliary evaluation di-
mensions. Existing LLM judges often miss cru-
cial evaluation dimensions because they fail to
recognize the implicit standards underlying hu-
man assessments. To address this challenge, we
propose the Auto-Prompt Ensemble (APE), an
adaptive framework that automatically learns
evaluation dimensions from its failure cases.
APE incorporates a confidence-based ensem-
ble mechanism to decide when to adopt the
judgments from additional evaluation dimen-
sions through a novel confidence estimation ap-
proach called Collective Confidence. Extensive
experiments demonstrate that APE improves
the reliability of LLM Judge across diverse stan-
dard benchmarks. For instance, APE enhances
GPT-40’s agreement rate on REWARD BENCH
from 87.2% to 90.5% in the zero-shot setting.
Overall, APE provides a principled approach
for LLM Judge to leverage test-time compu-
tation, and bridge the evaluation gap between
human and LLM judges.

1 Introduction

Recent advances in large language models (LLMs)
have enabled their use as evaluators—often referred
to as "LLM Judges"(Zheng et al., 2023; Kocmi and
Federmann, 2023). While LLMs have shown re-
markable capabilities in complex domains such
as mathematics and coding, their performance on
tasks like text-quality evaluation, though ostensibly
simpler, reveals a persistent gap in certain cases
between model and human judgments. This dis-
crepancy is particularly salient in domains where
subjective, multi-dimensional criteria—such as co-
herence, humor, or stylistic appropriateness—play
a central role. Previous efforts to improve LLM
Judges have largely focused on supervised fine-
tuning(Wang et al., 2024a; Zhu et al., 2025; Park

et al., 2024; Ke et al., 2024) or prompt engineer-
ing with powerful closed-source models (Hu et al.,
2024; Liu et al., 2024b), but these approaches rarely
interrogate a deeper question: What limits the eval-
uation capabilities of LLM Judges?

We argue that this limitation arises from two fun-
damental sources. First, LLMs must correctly iden-
tify the evaluation dimensions relevant to the task at
hand—such as informativeness, fluency, or factual-
ity—before any meaningful judgment can be made.
This step, often implicitly assumed, is surprisingly
brittle: poor prompt design or under-specified in-
structions can lead the model to overlook essential
criteria (Wang et al., 2023a). Crucially, many eval-
uation failures are not due to an inability to assess a
property per se, but rather to a failure to recognize
that the property is relevant in context. Second,
even when the correct dimensions are identified,
the model must make accurate comparative judg-
ments along those axes. This may be constrained
by its linguistic understanding, inductive biases, or
training data artifacts (Wang et al., 2023b). While
both components are important, we hypothesize
that the primary bottleneck increasingly lies in the
first: recognizing what should be evaluated. As
models grow more capable, their failures are less
often due to judgment inaccuracies and more often
due to misalignment between the model’s inferred
evaluation criteria and those intended by human
judges.

To bridge the gap between human and LLM
judges, we propose the Auto-prompt Ensemble
(APE)—a novel evaluation framework that en-
hances LLM-based evaluation through automatic
prompt augmentation and confidence-aware ensem-
ble decision-making. APE begins with an auto-
mated evaluation dimension generation step, aimed
at identifying and addressing gaps in the model’s
understanding of the evaluation criteria. It first
isolates failure cases—instances where the LLM
judge’s initial output diverges from human anno-



tations—thereby pinpointing situations where key
dimensions may have been overlooked or misin-
terpreted. To resolve these discrepancies, APE
employs the LLM itself to generate new evalua-
tion dimensions, along with corresponding scoring
rubrics, tailored to the failure context. For exam-
ple, if the model fails to account for tone, humor,
or factual consistency, the generation step can ex-
plicitly surface these elements as salient evaluation
dimensions.

While these auxiliary dimensions enrich the
LLM judge with task-adaptive evaluation criteria, a
central challenge remains: how to coherently aggre-
gate these diverse signals into a reliable final judg-
ment. To this end, APE introduces a confidence-
based ensemble mechanism that determines when
to trust the collective input from a “jury” of eval-
uation dimensions. At the core of this mechanism
is our novel Collective Confidence metric, which
quantifies the agreement among individual judg-
ments. Acting as a proxy for the ensemble’s over-
all reliability, collective confidence ensures that a
final decision is made only when consensus is suffi-
ciently strong, thereby improving both the accuracy
and the trustworthiness of the evaluation process.

We conducted comprehensive experiments on es-
tablished LLM judge benchmarks to assess the ef-
fectiveness of APE. We first applied APE to a 500-
sample subset of the SKYWORK PREFERENCE(Liu
et al., 2024a) dataset, where it dynamically gen-
erated 16 evaluation dimensions. This adaptation
improved GPT-40’s agreement with human anno-
tations on the SKYWORK PREFERENCE test set
from 83.6% to 86.2%, surpassing the majority-vote
baseline of 84.5%. We then transferred these di-
mensions to the REWARD BENCH(Lambert et al.,
2024), resulting in a further improvement from
87.2% to0 90.5%. Notably, APE outperformed the
84.5% majority-vote baseline even in a zero-shot
setting, demonstrating both strong generalization
and computational efficiency. Overall, APE offers
a principled framework for enhancing LLM judges
through test-time adaptation, narrowing the gap
between human and model evaluation standards
while maintaining practical scalability.

2 Related Works

LLM Judge LLMs are increasingly employed
as automatic evaluators—so-called “LLM
Judges” (Zheng et al., 2023). However, despite
their capabilities, these models often fall short in

seemingly simpler tasks such as evaluating the
quality of natural language text. This performance
gap has sparked growing interest in enhancing
LLMs’ evaluation abilities. Prior work has
primarily focused on supervised fine-tuning (Wang
et al., 2024a; Zhu et al., 2025; Park et al., 2024;
Ke et al.,, 2024), prompt engineering (Zheng
et al., 2023), or ensembling human-written criteria
(Hu et al., 2024). Others, like Liu et al. (2024b),
leverage hierarchical prompts and inference
pipelines to improve evaluation granularity. In
contrast, APE introduces a novel approach: an
automated pipeline that identifies and learns
from failure cases to generate new evaluation
dimensions, aiming to address LLMs’ persistent
weaknesses in judgment tasks.

Automatic Prompt Engineering Automatic
Prompt Engineering (AutoPE) aims to reduce
the reliance on manually crafted prompts by au-
tonomously generating and refining prompts to
enhance the performance of LLMs. (Shin et al.,
2020) proposed AutoPrompt, a technique that au-
tomatically generates prompts through gradient-
guided search. (Zhou et al., 2022) introduced the
AutoPE framework, which formulates instruction
generation as a natural language synthesis problem
addressed through black-box optimization, lever-
aging LLMs to propose and evaluate candidate
instructions. Furthermore, (Guo et al., 2023) ex-
plored methodologies for learning to plan using nat-
ural language, emphasizing the role of automatic
prompt engineering in enhancing models’ capabili-
ties to understand and generate complex plans. Sim-
ilarly, (Pryzant et al., 2023) presented Automatic
Prompt Optimization (APO), a method inspired by
numerical gradient descent to automatically refine
prompts from failure cases. Our method differs
from APO in that, rather than repeatedly refining
a single prompt, we adopt a confidence-based en-
semble strategy that integrates multiple gradient-
derived candidates.

Confidence Estimation in LLMs Accurate con-
fidence estimation is critical for trustworthy LLM-
based evaluation, especially when model predic-
tions are used in high-stakes or alignment-sensitive
settings. Prior work has explored two main ap-
proaches: (1) predictive probability, which re-
lies on the model’s output distribution over la-
bels (Wang et al., 2022; Kadavath et al., 2022;
Jung et al., 2024); and (2) verbalized confidence,
where the model is explicitly prompted to express



its confidence in natural language (Lin et al., 2022).
While intuitive, these methods often produce over-
confident or poorly calibrated estimates. Predic-
tive probabilities, in particular, are known to be
overconfident in large models (Guo et al., 2017),
and can be further distorted by reasoning strategies
like Chain-of-Thought prompting (Wei et al., 2023;
Turpin et al., 2023). These limitations highlight the
need for more robust, interpretable confidence es-
timation mechanisms—especially in comparative
evaluation scenarios where nuanced preferences
must be inferred across multiple dimensions.

3 Auto-Prompt Ensemble

APE is designed to address two core challenges:

* Evaluation Gaps between LLM Judges and
Human Annotators. LLM-based evaluations
frequently miss critical dimensions valued
by humans, causing significant misalignment
with human annotations. To tackle this, we
propose an automated framework that iden-
tifies missing evaluation dimensions by ana-
lyzing failure cases—situations where initial
LLM judgments deviate from human annota-
tions.

* Selective Evaluation Dimension Ensemble.
Blindly incorporating newly discovered eval-
uation dimensions risks overriding accurate
initial judgments. To prevent this, we pro-
pose a confidence-based ensemble strategy
that selectively integrates additional evalua-
tion dimensions — overriding initial judgments
only when jury consensus across multiple di-
mensions surpasses a calibrated confidence
threshold.

Below, we provide an in-depth description of
each component of our method. First, we detail
how new evaluation dimensions are automatically
generated to address the model’s specific failings
(§3.1). Next, we explain how the auxiliary dimen-
sions can be integrated via a collective confidence
ensemble to better align with human judges (§3.2).

3.1 Automatic Evaluation Dimension
Generation

As illustrated in Fig. 1, our approach proceeds in
three steps to automatically generate evaluation di-
mensions. First, we detect failure cases where the
Judge’s verdict conflicts with human annotations.

Next, we generate and validate new evaluation di-
mensions that target these mistakes. Finally, we
filter and select only those dimensions that consis-
tently enhance alignment with human judgments,
thereby refining our overall evaluation framework.

Collecting Failure Cases Given a training set
Dirain = {(24,v:)}, where z; is the input (with two
candidate responses) and y; is the human-annotated
ground-truth label, we prompt the Judge LLM, de-
noted LM juygge, to decide which response is su-
perior for each instance (z;,y;) € Dyain. We
collect failure cases where LMjygge’s prediction
is different from y; and include them in a subset
Dryit € Dypgin for further inspection.

Generating and Validating Evaluation Dimen-
sions For each failure case (z;,vy;) € Drail, we
invoke a supporting model LM ypport to diagnose
the potential cause of error. It proposes a candi-
date evaluation dimension ¢; along with a concise
rubric describing how it should be applied. We in-
corporate 9; into LMjydge’s prompt and re-evaluate
the same instance (z;,y;). If the revised predic-
tion aligns with the human label y;, we consider
0; verified and add it to the candidate evaluation
dimension set Ayerifiea. Otherwise, LM gypport iter-
atively refines or replaces the proposed dimension,
up to a fixed retry limit. If no verified dimension
is found after exhausting the retry budget, the case
is skipped. An example of a generated evaluation
dimension is shown in Fig. 3.

Dimensions Selection Once we have col-
lected a set of verified dimensions Avyerified
{01,602,...,0,m}, we reserve a subset of failure
cases, Dya C Dy, as validation data. For each
0j € Averified and every (z;,9;) € Dyal, We use
evaluation dimension d; to prompt £Mjyqge to eval-
uate the failure case x;. Specifically, we define
a binary indicator Mj; (with M;; = 1 if the re-
sponse generated under the prompt §; aligns with
the ground-truth label y;, and M;; = 0 otherwise).
The coverage rate for J; is then computed as

1
r; =
I ‘Dval‘( Z

Iivyi)eDval

Mji-

By ranking all dimensions according to their
coverage rates 7, we select the top K dimen-
sions—denoted A*—as our final evaluation dimen-
sions.



(§2.1) Automatic Evaluation Dimension Generation

Step 1

s Evaluate with

Step 2
Reasoning

Step 3
Verification

Verified

; Resp 1 Resp2 R N Resp 1 Resp2 ;
% i initial prompt i Failure case o % i
Initial Prompt: i ;e
(g oo wrong correct
etter? valuation Rubric
LMjudge correct LMsupport LMjudge wrong
skip «Exceedmoximum retry Retry
(§2.2) Collective Confidence Ensemble
(@ st Input " confidence Dim 1 Dim 2 Dim N
s - _EE . B
P Response <no—yes> Response [N end D RS
!
LM, better?) Collective
Jjudge Confidence R1 R1 R2
) ) J

Figure 1: Overview of the APE framework. In the top pipeline, evaluation dimensions are automatically discovered
by identifying failure cases and proposing targeted rubrics to correct them. In the bottom pipeline, a confidence-
based ensemble aggregates judgments across verified dimensions, overriding the initial decision only when the

collective confidence is sufficiently high.

3.2 Collective Confidence Ensemble

While the newly generated evaluation dimensions
address recurring errors, their indiscriminate appli-
cation may lead to overcorrection, potentially over-
riding correct initial judgments. To mitigate this
risk, we propose a Collective Confidence mecha-
nism that assesses the reliability of these additional
dimensions and determines when to override the
initial verdict.

Collective Confidence In existing confidence-
estimation methods, either predictive probabil-
ity (the probability of the generated label or re-
sponse (Wang et al., 2022)) or verbal confidence
(prompting the model to provide a confidence
score (Lin et al., 2022)) is used. However, as
shown in Fig. 2, both approaches can lead to overly
concentrated confidence estimates, often clustering
near the upper range (e.g., 0.8—1.0). Moreover, fine-
tuning a strict threshold on such skewed distribu-
tions can drastically affect performance, especially
in zero-shot scenarios. Chain-of-Thought reason-
ing can further inflate the final label’s probability
by locking into a single reasoning path.

To address these challenges, we propose the Col-
lective Confidence method, which treats each eval-
uation dimension as an independent juror. Sup-
pose we have IV evaluation dimensions, denoted as
A* = {8;},. We consider a binary win/lose eval-
uation setting, where for a given input x and two
candidate responses R; and Ro, the task is to de-
termine which response is better. Each evaluation

dimension (e.g., factuality, consistency, style) casts
a vote by expressing its preference. Specifically,
we define v; for each dimension such that v; = +1
if §; prefers Ry and v; = —1 if §; prefers Ro. We
then calculate the aggregated jury confidence as
follows:

N
Cjury = E Vil -
i=1

This absolute sum measures the degree of consen-
sus among all dimensions. A larger cjyy indicates
a stronger agreement. Finally, we map cjury onto a
calibrated scale ¢ € [0.5, 1.0], where values closer
to 1.0 signify strong agreement and values near 0.5
indicate a random guess. By relying solely on the
consensus among multiple independent jurors, this
approach minimizes the risk of overriding correct
initial answers due to bias or overemphasis in any
single evaluation dimension.

In Table 1, we compare the proposed collec-
tive confidence approach with existing approaches,
our method consistently outperforms both predic-
tive probability and verbalized confidence on AU-
ROC (Fawcett, 2006), AUPRC (Davis and Goad-
rich, 2006), and expected calibration error (ECE;
Guo et al., 2017) on REWARD BENCH (Lambert
et al., 2024) across all subsets. As shown in Fig.2,
the reliability plots indicate that collective confi-
dence yields more calibrated estimates, with pre-
dicted confidence levels aligning closely with ac-
tual correctness rates—thereby serving as a robust
signal of output reliability.



Table 1: Performance of confidence estimate approaches.

Reward Bench Donotanswer LLMBar
Method

Acc. AUROC AUPRC ECE| Acc. AUROC AUPRC ECE| Acc. AUROC AUPRC ECE]
/o CoT Predictive Probability 0.852  0.927 0925 0290 0.634 0.708 0.691 0297 0.685 0.728 0712 0.376

W
Verbalized Confidence 0.880 0917 0.890 0235 0.681 0.734 0.688  0.354 0.780  0.797 0.754  0.137
GPT-40 Predictive Probability 0.871 0910 0.890 0261 0.711 0.763 0.744 0288 0.770  0.802 0.768  0.363
w/ CoT  Verbalized Confidence 0.879  0.922 0.896 0317 0.681 0.717 0.670 0488 0.783  0.838 0.803  0.164
Collective Confidence (Ours) 0.905  0.934 0.927 0.041 0.763  0.857 0.854 0.124 0.876  0.931 0919  0.098
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Figure 2: Reliability plot for confidence estimation methods. Using GPT-40 with CoT as Judge on REWARD BENCH.
A deep color indicates a higher percentage. The dashed diagonal line represents perfect calibration, where estimated

confidence matches actual agreement.

Ensemble Decision Strategy With a collective
confidence measure in place, we must decide when
to replace the initial verdict R. Let the jury’s ma-
jority preference be Rjury = Ry if 320 v > 0,
and Ry otherwise. We then combine both initial
and jury decisions via:

B Rjurya if Cjury > Tgatea
Rinal = =~
R,

otherwise,

where T, is set using a small calibration set Dy).
If consensus among dimensions does not surpass
this threshold, we retain the initial decision, thus
preserving correct judgments that do not need extra
intervention. We find that even modest calibration
data is sufficient to select a robust threshold, render-
ing our ensemble approach versatile across various
tasks.

4 Experiments

4.1 Experimental Setup

Benchmarks We evaluate the performance of
our LLM Judge system on four standard bench-
marks. First, we utilize the REWARD BENCH
dataset (Lambert et al., 2024), which covers a di-
verse range of tasks such as chatting, challeng-
ing conversations, safety, and reasoning (code and
math). The dataset assesses models by comparing

the scores assigned to preferred versus rejected re-
sponses. Notably, in several of its subsets, the base-
line performance of advanced models like GPT-
40 is nearly saturated (exceeding 95%). There-
fore, we focus our experiments on the subsets that
have not yet reached saturation: LLMBar (Zeng
et al., 2024), Donotanswer (Wang et al., 2024b),
AlpacaEval (Li et al., 2023), MT-Bench (Zheng
et al., 2023), XSTest (Rottger et al., 2024), and
Refusals '. Second, we employ the SKYWORK RE-
WARD PREFERENCE dataset (Liu et al., 2024a),
which comprises 80K preference pairs subsam-
pled from multiple public datasets, including Help-
Steer2 (Wang et al., 2024c), OffsetBias (Park et al.,
2024), and WildGuard (Han et al., 2024). From this
dataset, we randomly sample 500 training samples,
200 calibration samples, and 1000 test samples.

Models and baselines We conduct experiments
using three different models: GPT-4o0 (OpenAl,
2024), as well as the Qwen-2.5-7B-Intruct and
Qwen-2.5-72B-Intruct (Qwen et al., 2025). We use
the temperature of 0.6 for all experiments. These
models allow us to assess the effectiveness of our

'To ensure the evaluation centers on a model’s ability to
judge response quality rather than its domain-specific capabil-
ities, we remove math- and code-related questions from the
benchmarks. These tasks require the model itself to possess
strong problem-solving abilities in coding and mathematics,
which deviates from the core goal of evaluating judgment
performance. Furthermore, models like GPT-40 have already
achieved saturated accuracy on such questions in Reward
Bench.



Example of Failure Case

Prompt: "Which type of resource does the following sentence describe? More people are
employing video conferencing to stay connected.’

Response 1: “Human resource.”

Response 2: “The sentence "More people are employing video conferencing to stay connected"
describes the increasing usage of a natural resource in the modern world. As more individuals
and businesses become environmentally conscious, video conferencing is being adopted as a
sustainable practice to reduce carbon footprints by minimizing the need for travel.”

Human Annotator Score: Response 1 is preferred
GPT-40 Original Score: Response 2 is preferred.

Generated Evaluation Dimension:

Relevance and Accuracy. Be cautious of responses that provide extensive, yet tangential
information. The quality of the answer should be judged based on its accuracy and direct
relevance to the question asked.

Generated Evaluation Rubric:

'-2": The response is completely irrelevant and inaccurate.

'-1": The response provides some relevant information but is largely inaccurate or off-topic.
'0": This evaluation dimension is not applicable to this question.

'1’: The response is mostly relevant and accurate but includes some extraneous or slightly
incorrect information.

'2": The response is entirely relevant and accurately addresses the question without any
unnecessary information.

GPT-40 Score with New evaluation Dimension:
Response 1 Score: 1, Response 2 Score: -2
Response 1 is preferred.

Failure cases

Evaluation Dimensions

Figure 3: An example of a failure case from the SKYWORK REWARD PREFERENCE dataset, where GPT-40
incorrectly prefers a suboptimal response. On the right, each cell indicates whether a newly generated evaluation
dimension addresses the corresponding failure case: black denotes success, while white denotes failure.

method across a range of model scales and archi-
tectures. We compare our proposed method against
several baselines. The first baseline, Vanilla, em-
ploys a general LLM Judge with a standard prompt.
The second baseline, Majority Vote (Wang et al.,
2022), aggregates judgments across multiple crite-
ria. We provide the full list of prompts used in our
experiments in Appendix B.

Metrics We report agreement rate as our primary
evaluation metric, defined as the percentage of
model predictions that match the human-annotated
ground-truth preferences. This metric reflects how
well an LLM-based judge aligns with human judg-
ment and is commonly used in prior work on pref-
erence modeling and response evaluation.

4.2 Automatic Evaluation Dimension
Generation

We performed automatic evaluation dimension
generation on a 500-sample subset of the SKY-
WORK REWARD PREFERENCE dataset. Using
the GPT-40 as Judge LLM, we identified 92
failure cases—instances where the model’s judg-
ment disagreed with the human-labeled ground
truth—corresponding to an initial agreement rate
of 81.6%. For each failure case, we employed
GPT-40 as a reasoning model to propose correc-

tive evaluation dimensions, allowing up to 10 at-
tempts per case. This process produced 88 candi-
date dimensions in total. To ensure the quality of
the generated evaluation dimensions, we applied
a semantic-based filtering step based on scoring
separation. Specifically, for each candidate dimen-
sion, we prompted the Judge LLM to independently
score both responses in each failure case accord-
ing to the provided rubric. We then computed the
absolute difference between the two scores. Dimen-
sions for which the score difference did not exceed
a threshold of 2 were discarded, as such dimen-
sions often reflect vague or ambiguous criteria that
fail to meaningfully distinguish between responses.
This filtering process reduced the set from 88 to 40
verified evaluation dimensions. We then measured
the effectiveness of each dimension by prompting
GPT-40 on the original 92 failure cases. Finally,
we selected the top 16 dimensions with the highest
coverage rates, achieving a post-selection coverage
rate of 84.8% on the failure set Dy,;. Threshold
calibration was then performed on the 200 calibra-
tion samples, and Tgye = 4 was selected for use in
subsequent experiments.



Table 2: Results on SKYWORK REWARD PREFERENCE.

Agreement Rate

Method Auto-prompt  Collective Confidence
HelpSteer2  OffsetBias  Wildguard All
GPT-40
Vanilla - - 71.7 81.5 92.7 83.0
Majority Vote @ 16 - - 759 81.5 94.2 84.5
v - 69.6 86.6 92.6 85.1
APE @ 16 (Ours) v v 722 91.0 90.0 86.2

Table 3: Results on REWARD BENCH.

Agreement Rate

Method Auto-prompt Collective Confidence
LLMBar Donotanswer AlpacaEval MT-Bench XSTest Refusals All

GPT-40
Vanilla - - 71.6 71.2 96.6 95.2 94.8 97.0 87.2
Majority Vote @ 16 - - 72.6 72.6 96.6 95.2 94.3 97.0 87.4
Monolithic Prompt v 82.6 79.4 80.0 92.4 94.1 94.0 86.9
In-context Learning v 71.8 69.9 85.9 79.0 89.4 93.0 82.0

v - 87.8 77.0 77.2 90.5 95.3 86.0 86.8
APE @ 16 (Ours) v v 85.2 74.8 928 95.2 960 950 905
Qwen-2.5-7B-Instruct
Vanilla - - 61.3 71.9 90.3 90.5 79.2 97.5 79.0
APE @ 16 (Ours) v v 66.8 77.0 89.3 89.5 82.7 98.5 817
Qwen-2.5-72B-Instruct
Vanilla - - 63.7 75.6 94.8 94.3 88.6 96.5 833
APE @ 16 (Ours) v v 72.6 75.6 95.2 96.2 93.3 940  86.8

4.3 Main Results

Skywork Reward Preference As shown in Ta-
ble 2, APE@16 achieves the highest overall agree-
ment rate of 86.2%, outperforming both the Vanilla
GPT-40 Judge (83.0%) and the Majority Vote base-
line (84.5%). The Majority Vote method, which
ensembles judgments across multiple static criteria,
serves as a strong baseline for evaluating the ef-
fectiveness of automatically discovered evaluation
dimensions. APE notably improves performance
on the OffsetBias subset (91.0% vs. 81.5%), sug-
gesting its ability to capture subtle, bias-sensitive
evaluation aspects that are often missed by fixed
criteria. Similar trends hold for HelpSteer2 and
WildGuard, demonstrating that auto-prompted di-
mensions transfer well across heterogeneous pref-
erence sources.

Reward Bench (Zero-shot) As shown in Table 2,
APE@16 also demonstrates consistent improve-
ments across challenging subsets in a zero-shot set-
ting. Here, all evaluation dimensions used by APE
are generated from the Skywork Reward Preference
dataset and directly transferred to Reward Bench
without any task-specific tuning. Despite this cross-
domain shift, APE achieves 92.8% on AlpacaE-
val, 96.0% on XSTest, and 95.0% on Refusals, re-

sulting in an overall agreement of 90.5%, outper-
forming both the Vanilla Judge (87.2%) and Major-
ity Vote (87.4%). These gains indicate that APE
effectively augments the evaluation process with
context-sensitive criteria that generalize well across
domains. Moreover, the improvements on high-
performing subsets underscore the value of APE’s
collective confidence strategy in avoiding unnec-
essary overrides, making it a robust and practical
solution even when the base judge already performs
strongly. Importantly, since no in-distribution data
is required from the target benchmark, APE signif-
icantly improves test-time scalability by enabling
judgment enhancement without dataset-specific
adaptation.

Ablation Study To disentangle the contribu-
tions of each component, we conduct an ablation
study focusing on automatic prompt generation
and collective confidence. When using only auto-
prompting, APE@16 already outperforms both the
Vanilla Judge and Majority Vote on key subsets
like LLMBar (87.8%) and XSTest (95.3%), reach-
ing an overall agreement of 86.8%. This provides
further evidence that automatically identified di-
mensions are more effective than fixed voting crite-
ria. Adding the collective confidence mechanism



87%
—— APE

86%| — — Vanilla

86% |

85%

85%

Agreement Rate

84%

84%

B3% s e

Number of Dimensions

(a) SKYWORK PREFERENCE

—— APE
= = Vanilla

90%

89%

89%

88%

88%

Agreement Rate

87%

Number of Dimensions

(b) REWARD BENCH
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further raises performance to 90.5%, confirming
that the ensemble strategy helps selectively apply
dimensions and improves overall judgment reliabil-

ity.

Evaluation Dimension Transfer To assess the
transferability of learned evaluation criteria across
models, we apply the evaluation dimensions gen-
erated by GPT-40 on Skywork to different mod-
els, including Qwen-2.5-7B-Instruct and Qwen-2.5-
72B-Instruct. As shown in Table 2, despite archi-
tectural and scale differences, both Qwen models
benefit from the same auto-prompted dimensions
without any retraining or adaptation. Specifically,
for Qwen-2.5-7B-Instruct, APE@ 16 improves the
overall agreement rate from 79.0% (Vanilla) to
81.7%, with substantial gains on subsets such as
Donotanswer (from 71.9% to 77.0%) and Refusals
(from 97.5% to 98.5%). Similarly, for Qwen-2.5-
72B-Instruct, APE@16 improves the overall agree-
ment rate from 83.3% to 86.8%, with strong im-
provements on AlpacaEval (from 94.8% to 95.2%)
and MT-Bench (from 94.3% to 96.2%). These re-
sults demonstrate that evaluation dimensions are
not only robust across datasets but also transferable
across model sizes and architectures, highlighting
their potential for reusable evaluation augmentation
in practical deployment scenarios.

Impact of Number of Evaluation Dimensions
Figure 4 illustrates how the number of evaluation
dimensions affects agreement rates on both the Sky-
work Preference and Reward Bench datasets. On
Skywork (Figure 4a), performance begins to im-
prove noticeably once more than 4 dimensions are
introduced, with a steady upward trend observed
as additional dimensions are incorporated. The
agreement rate peaks around 14-16 dimensions, in-
dicating that the framework benefits from a richer

and more diverse set of evaluation perspectives.
In contrast, the zero-shot Reward Bench results
(Figure 4b) exhibit a different pattern. While early
additions of dimensions do not lead to immedi-
ate improvements—and may even introduce mild
degradation due to distribution shift—performance
increases significantly after 10 dimensions, eventu-
ally surpassing the baseline. This suggests that al-
though dimension transfer can initially be noisy in
out-of-distribution settings, a sufficient number of
robust and generalizable dimensions can ultimately
yield substantial gains. Overall, these results high-
light the importance of both quantity and quality in
selecting evaluation dimensions for effective judg-
ment enhancement.

5 Conclusion

We present Auto-Prompt Ensemble, a framework
that improves LLM-based evaluation by addressing
a key limitation: LLMs often miss essential evalua-
tion dimensions that humans consider. Our method
detects low-confidence cases, generates new task-
specific evaluation prompts from real failure ex-
amples, and uses a selective ensemble to override
initial judgments only when there is strong multi-
dimensional agreement. Experiments across bench-
marks show that APE significantly boosts align-
ment with human preferences, even in zero-shot
and cross-model settings. These results underscore
our core insight: the primary challenge in LLM
judgment is not misapplying criteria, but failing
to identify which criteria matter. APE closes this
gap, offering a scalable and transferable way to
build more accurate and trustworthy LLM evalua-
tors. We discuss limitations in Appendix A.
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A Limitations

Our work has several limitations: (1) APE relies
on disagreements between LLM judges and human
annotations to identify missing evaluation dimen-
sions. Since preference annotations are inherently
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subjective and may vary across annotators, the gen-
erated dimensions may reflect dataset-specific or
annotator-specific biases rather than universally
valid criteria. (2) the generation and validation
of evaluation dimensions are entirely LLM-driven,
which introduces a self-referential bias. While this
enables scalability, it may limit the ability of APE
to discover evaluation criteria that are not already
implicitly encoded in the underlying models.

B Prompt

In our evaluation framework, the evaluation dimen-
sions are generated using the prompt outlined in
Table 4, while the inference is conducted using the
prompt detailed in Table 5. Each prompt comprises
an input section containing the question and corre-
sponding model responses, a detailed task descrip-
tion, and an output format that typically requires a
JSON structure with fields like an evaluation rubric,
or the score of a response.
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Table 4: Prompt used to generate evaluation dimensions.

Prompting LLM to Generate Evaluation Dimensions

You task is to explain why is the response 1 better than response 2. And also explain, why
would another judge mistakenly thinks that answer 2 is better. Task Description

You are given a question and two responses generated by two language models. Input

[Question Begin]

{sample["question"]}

[Question End]

[Response 1 Begin]

[Response 1 End]

{sample["responsel"]}

[Response 2 Begin]

{sample["response2"]}

[Response 2 End]

Reply in JSON format with the following fields: Output Format
- "reason of judge failure": str #the reason why another judge mistakenly thinks that the other
response is better

- "note_to_judge": str # leave a note to help the judge to avoid the same type of mistakes

- "reason of judgement": str # the reason why the response 2 is actually better than response 1
- "evaluation dimension": str # a very detailed but general evaluation dimension that can
reflects how well the response is in avoiding the same kind of mistake

- "evaluation_rubric": str # a detailed evaluation rubric for the evaluation dimension that
score ranges from -2 to 2. MUST INCLUDE "O: this evaluation dimension is not applicable to this
question
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Figure 5: Prompt used for LLM Judge inference.

LLM Judge Inference

You are given a question and two responses generated by different models. Input

[Question Begin]
{sample['question']}
[Question End]

[Response 1 Begin]
{sample['answerl']}
[Response 1 End]

[Response 2 Begin]

{sample['answer2']}

[Response 2 End]

With Evaluation Dimension Task Description
You need to compare the two responses and assign a score to each response solely based on
the following evaluation dimension and rubric:

[Evaluation Dimension Begin]

{dim['evaluation dimension']}\n

{dim['note to_judge']}

[Evaluation Dimension End]

[Evaluation Rubric Begin]
{dim['evaluation rubric']}
[Evaluation Rubric End]

Without Evaluation Dimension

Your task is to compare the two answers and assign a score between 1 to 10 to each the
answer. Higher score means better.

Default method with CoT (Predictive Probability with CoT) Output Format
You must reply in JSON format with the following fields:

- "answer": str # how would you answer the question

- "reason": str # the reason why you assign the scores, which answer you think is better
and why do you think so

- "score 1": int # score of response 1

- "score 2": int # score of response 2

Default method without CoT (Predictive Probability without CoT)

You must reply in JSON format with the following fields:
- "score 1": int # score of response 1
- "score 2": int # score of response 2

Verbal Confidence with CoT

You must reply in JSON format with the following fields:

- "answer": str # how would you answer the question

- "reason": str # the reason why you assign the scores, which answer you think is better
and why do you think so

- "preferred": 1 or 2 # which response you think is better

- "confidence": int # your confidence level in the answer, 0-100

Verbal Confidence without CoT

You must reply in JSON format with the following fields:
- "preferred": 1 or 2 # which response you think is better
- "confidence": int # your confidence level in the answer, 0-100
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