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Abstract001

We present a novel framework that improves002
the reliability of LLM judges by selectively003
augmenting LLM with auxiliary evaluation di-004
mensions. Existing LLM judges often miss cru-005
cial evaluation dimensions because they fail to006
recognize the implicit standards underlying hu-007
man assessments. To address this challenge, we008
propose the Auto-Prompt Ensemble (APE), an009
adaptive framework that automatically learns010
evaluation dimensions from its failure cases.011
APE incorporates a confidence-based ensem-012
ble mechanism to decide when to adopt the013
judgments from additional evaluation dimen-014
sions through a novel confidence estimation ap-015
proach called Collective Confidence. Extensive016
experiments demonstrate that APE improves017
the reliability of LLM Judge across diverse stan-018
dard benchmarks. For instance, APE enhances019
GPT-4o’s agreement rate on REWARD BENCH020
from 87.2% to 90.5% in the zero-shot setting.021
Overall, APE provides a principled approach022
for LLM Judge to leverage test-time compu-023
tation, and bridge the evaluation gap between024
human and LLM judges.025

1 Introduction026

Recent advances in large language models (LLMs)027

have enabled their use as evaluators—often referred028

to as "LLM Judges"(Zheng et al., 2023; Kocmi and029

Federmann, 2023). While LLMs have shown re-030

markable capabilities in complex domains such031

as mathematics and coding, their performance on032

tasks like text-quality evaluation, though ostensibly033

simpler, reveals a persistent gap in certain cases034

between model and human judgments. This dis-035

crepancy is particularly salient in domains where036

subjective, multi-dimensional criteria—such as co-037

herence, humor, or stylistic appropriateness—play038

a central role. Previous efforts to improve LLM039

Judges have largely focused on supervised fine-040

tuning(Wang et al., 2024a; Zhu et al., 2025; Park041

et al., 2024; Ke et al., 2024) or prompt engineer- 042

ing with powerful closed-source models (Hu et al., 043

2024; Liu et al., 2024b), but these approaches rarely 044

interrogate a deeper question: What limits the eval- 045

uation capabilities of LLM Judges? 046

We argue that this limitation arises from two fun- 047

damental sources. First, LLMs must correctly iden- 048

tify the evaluation dimensions relevant to the task at 049

hand—such as informativeness, fluency, or factual- 050

ity—before any meaningful judgment can be made. 051

This step, often implicitly assumed, is surprisingly 052

brittle: poor prompt design or under-specified in- 053

structions can lead the model to overlook essential 054

criteria (Wang et al., 2023a). Crucially, many eval- 055

uation failures are not due to an inability to assess a 056

property per se, but rather to a failure to recognize 057

that the property is relevant in context. Second, 058

even when the correct dimensions are identified, 059

the model must make accurate comparative judg- 060

ments along those axes. This may be constrained 061

by its linguistic understanding, inductive biases, or 062

training data artifacts (Wang et al., 2023b). While 063

both components are important, we hypothesize 064

that the primary bottleneck increasingly lies in the 065

first: recognizing what should be evaluated. As 066

models grow more capable, their failures are less 067

often due to judgment inaccuracies and more often 068

due to misalignment between the model’s inferred 069

evaluation criteria and those intended by human 070

judges. 071

To bridge the gap between human and LLM 072

judges, we propose the Auto-prompt Ensemble 073

(APE)—a novel evaluation framework that en- 074

hances LLM-based evaluation through automatic 075

prompt augmentation and confidence-aware ensem- 076

ble decision-making. APE begins with an auto- 077

mated evaluation dimension generation step, aimed 078

at identifying and addressing gaps in the model’s 079

understanding of the evaluation criteria. It first 080

isolates failure cases—instances where the LLM 081

judge’s initial output diverges from human anno- 082
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tations—thereby pinpointing situations where key083

dimensions may have been overlooked or misin-084

terpreted. To resolve these discrepancies, APE085

employs the LLM itself to generate new evalua-086

tion dimensions, along with corresponding scoring087

rubrics, tailored to the failure context. For exam-088

ple, if the model fails to account for tone, humor,089

or factual consistency, the generation step can ex-090

plicitly surface these elements as salient evaluation091

dimensions.092

While these auxiliary dimensions enrich the093

LLM judge with task-adaptive evaluation criteria, a094

central challenge remains: how to coherently aggre-095

gate these diverse signals into a reliable final judg-096

ment. To this end, APE introduces a confidence-097

based ensemble mechanism that determines when098

to trust the collective input from a “jury” of eval-099

uation dimensions. At the core of this mechanism100

is our novel Collective Confidence metric, which101

quantifies the agreement among individual judg-102

ments. Acting as a proxy for the ensemble’s over-103

all reliability, collective confidence ensures that a104

final decision is made only when consensus is suffi-105

ciently strong, thereby improving both the accuracy106

and the trustworthiness of the evaluation process.107

We conducted comprehensive experiments on es-108

tablished LLM judge benchmarks to assess the ef-109

fectiveness of APE. We first applied APE to a 500-110

sample subset of the SKYWORK PREFERENCE(Liu111

et al., 2024a) dataset, where it dynamically gen-112

erated 16 evaluation dimensions. This adaptation113

improved GPT-4o’s agreement with human anno-114

tations on the SKYWORK PREFERENCE test set115

from 83.6% to 86.2%, surpassing the majority-vote116

baseline of 84.5%. We then transferred these di-117

mensions to the REWARD BENCH(Lambert et al.,118

2024), resulting in a further improvement from119

87.2% to 90.5%. Notably, APE outperformed the120

84.5% majority-vote baseline even in a zero-shot121

setting, demonstrating both strong generalization122

and computational efficiency. Overall, APE offers123

a principled framework for enhancing LLM judges124

through test-time adaptation, narrowing the gap125

between human and model evaluation standards126

while maintaining practical scalability.127

2 Related Works128

LLM Judge LLMs are increasingly employed129

as automatic evaluators—so-called “LLM130

Judges” (Zheng et al., 2023). However, despite131

their capabilities, these models often fall short in132

seemingly simpler tasks such as evaluating the 133

quality of natural language text. This performance 134

gap has sparked growing interest in enhancing 135

LLMs’ evaluation abilities. Prior work has 136

primarily focused on supervised fine-tuning (Wang 137

et al., 2024a; Zhu et al., 2025; Park et al., 2024; 138

Ke et al., 2024), prompt engineering (Zheng 139

et al., 2023), or ensembling human-written criteria 140

(Hu et al., 2024). Others, like Liu et al. (2024b), 141

leverage hierarchical prompts and inference 142

pipelines to improve evaluation granularity. In 143

contrast, APE introduces a novel approach: an 144

automated pipeline that identifies and learns 145

from failure cases to generate new evaluation 146

dimensions, aiming to address LLMs’ persistent 147

weaknesses in judgment tasks. 148

Automatic Prompt Engineering Automatic 149

Prompt Engineering (AutoPE) aims to reduce 150

the reliance on manually crafted prompts by au- 151

tonomously generating and refining prompts to 152

enhance the performance of LLMs. (Shin et al., 153

2020) proposed AutoPrompt, a technique that au- 154

tomatically generates prompts through gradient- 155

guided search. (Zhou et al., 2022) introduced the 156

AutoPE framework, which formulates instruction 157

generation as a natural language synthesis problem 158

addressed through black-box optimization, lever- 159

aging LLMs to propose and evaluate candidate 160

instructions. Furthermore, (Guo et al., 2023) ex- 161

plored methodologies for learning to plan using nat- 162

ural language, emphasizing the role of automatic 163

prompt engineering in enhancing models’ capabili- 164

ties to understand and generate complex plans. Sim- 165

ilarly, (Pryzant et al., 2023) presented Automatic 166

Prompt Optimization (APO), a method inspired by 167

numerical gradient descent to automatically refine 168

prompts from failure cases. Our method differs 169

from APO in that, rather than repeatedly refining 170

a single prompt, we adopt a confidence-based en- 171

semble strategy that integrates multiple gradient- 172

derived candidates. 173

Confidence Estimation in LLMs Accurate con- 174

fidence estimation is critical for trustworthy LLM- 175

based evaluation, especially when model predic- 176

tions are used in high-stakes or alignment-sensitive 177

settings. Prior work has explored two main ap- 178

proaches: (1) predictive probability, which re- 179

lies on the model’s output distribution over la- 180

bels (Wang et al., 2022; Kadavath et al., 2022; 181

Jung et al., 2024); and (2) verbalized confidence, 182

where the model is explicitly prompted to express 183
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its confidence in natural language (Lin et al., 2022).184

While intuitive, these methods often produce over-185

confident or poorly calibrated estimates. Predic-186

tive probabilities, in particular, are known to be187

overconfident in large models (Guo et al., 2017),188

and can be further distorted by reasoning strategies189

like Chain-of-Thought prompting (Wei et al., 2023;190

Turpin et al., 2023). These limitations highlight the191

need for more robust, interpretable confidence es-192

timation mechanisms—especially in comparative193

evaluation scenarios where nuanced preferences194

must be inferred across multiple dimensions.195

3 Auto-Prompt Ensemble196

APE is designed to address two core challenges:197

• Evaluation Gaps between LLM Judges and198

Human Annotators. LLM-based evaluations199

frequently miss critical dimensions valued200

by humans, causing significant misalignment201

with human annotations. To tackle this, we202

propose an automated framework that iden-203

tifies missing evaluation dimensions by ana-204

lyzing failure cases—situations where initial205

LLM judgments deviate from human annota-206

tions.207

• Selective Evaluation Dimension Ensemble.208

Blindly incorporating newly discovered eval-209

uation dimensions risks overriding accurate210

initial judgments. To prevent this, we pro-211

pose a confidence-based ensemble strategy212

that selectively integrates additional evalua-213

tion dimensions – overriding initial judgments214

only when jury consensus across multiple di-215

mensions surpasses a calibrated confidence216

threshold.217

Below, we provide an in-depth description of218

each component of our method. First, we detail219

how new evaluation dimensions are automatically220

generated to address the model’s specific failings221

(§3.1). Next, we explain how the auxiliary dimen-222

sions can be integrated via a collective confidence223

ensemble to better align with human judges (§3.2).224

3.1 Automatic Evaluation Dimension225

Generation226

As illustrated in Fig. 1, our approach proceeds in227

three steps to automatically generate evaluation di-228

mensions. First, we detect failure cases where the229

Judge’s verdict conflicts with human annotations.230

Next, we generate and validate new evaluation di- 231

mensions that target these mistakes. Finally, we 232

filter and select only those dimensions that consis- 233

tently enhance alignment with human judgments, 234

thereby refining our overall evaluation framework. 235

Collecting Failure Cases Given a training set 236

Dtrain = {(xi, yi)}, where xi is the input (with two 237

candidate responses) and yi is the human-annotated 238

ground-truth label, we prompt the Judge LLM, de- 239

noted LMjudge, to decide which response is su- 240

perior for each instance (xi, yi) ∈ Dtrain. We 241

collect failure cases where LMjudge’s prediction 242

is different from yi and include them in a subset 243

Dfail ⊆ Dtrain for further inspection. 244

Generating and Validating Evaluation Dimen- 245

sions For each failure case (xi, yi) ∈ Dfail, we 246

invoke a supporting model LMsupport to diagnose 247

the potential cause of error. It proposes a candi- 248

date evaluation dimension δi along with a concise 249

rubric describing how it should be applied. We in- 250

corporate δi into LMjudge’s prompt and re-evaluate 251

the same instance (xi, yi). If the revised predic- 252

tion aligns with the human label yi, we consider 253

δi verified and add it to the candidate evaluation 254

dimension set ∆verified. Otherwise, LMsupport iter- 255

atively refines or replaces the proposed dimension, 256

up to a fixed retry limit. If no verified dimension 257

is found after exhausting the retry budget, the case 258

is skipped. An example of a generated evaluation 259

dimension is shown in Fig. 3. 260

Dimensions Selection Once we have col- 261

lected a set of verified dimensions ∆verified = 262

{δ1, δ2, . . . , δm}, we reserve a subset of failure 263

cases, Dval ⊆ Dfail, as validation data. For each 264

δj ∈ ∆verified and every (xi, yi) ∈ Dval, we use 265

evaluation dimension δj to prompt LMjudge to eval- 266

uate the failure case xi. Specifically, we define 267

a binary indicator Mji (with Mji = 1 if the re- 268

sponse generated under the prompt δj aligns with 269

the ground-truth label yi, and Mji = 0 otherwise). 270

The coverage rate for δj is then computed as 271

rj =
1

|Dval|
∑

(xi,yi)∈Dval

Mji. 272

By ranking all dimensions according to their 273

coverage rates rj , we select the top K dimen- 274

sions—denoted ∆∗—as our final evaluation dimen- 275

sions. 276
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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 Ensemble277

While the newly generated evaluation dimensions278

address recurring errors, their indiscriminate appli-279

cation may lead to overcorrection, potentially over-280

riding correct initial judgments. To mitigate this281

risk, we propose a Collective Confidence mecha-282

nism that assesses the reliability of these additional283

dimensions and determines when to override the284

initial verdict.285

Collective Confidence In existing confidence-286

estimation methods, either predictive probabil-287

ity (the probability of the generated label or re-288

sponse (Wang et al., 2022)) or verbal confidence289

(prompting the model to provide a confidence290

score (Lin et al., 2022)) is used. However, as291

shown in Fig. 2, both approaches can lead to overly292

concentrated confidence estimates, often clustering293

near the upper range (e.g., 0.8–1.0). Moreover, fine-294

tuning a strict threshold on such skewed distribu-295

tions can drastically affect performance, especially296

in zero-shot scenarios. Chain-of-Thought reason-297

ing can further inflate the final label’s probability298

by locking into a single reasoning path.299

To address these challenges, we propose the Col-300

lective Confidence method, which treats each eval-301

uation dimension as an independent juror. Sup-302

pose we have N evaluation dimensions, denoted as303

∆∗ = {δi}Ni=1. We consider a binary win/lose eval-304

uation setting, where for a given input x and two305

candidate responses R1 and R2, the task is to de-306

termine which response is better. Each evaluation307

dimension (e.g., factuality, consistency, style) casts 308

a vote by expressing its preference. Specifically, 309

we define vi for each dimension such that vi = +1 310

if δi prefers R1 and vi = −1 if δi prefers R2. We 311

then calculate the aggregated jury confidence as 312

follows: 313

cjury =

∣∣∣∣∣
N∑
i=1

vi

∣∣∣∣∣ . 314

This absolute sum measures the degree of consen- 315

sus among all dimensions. A larger cjury indicates 316

a stronger agreement. Finally, we map cjury onto a 317

calibrated scale c̃ ∈ [0.5, 1.0], where values closer 318

to 1.0 signify strong agreement and values near 0.5 319

indicate a random guess. By relying solely on the 320

consensus among multiple independent jurors, this 321

approach minimizes the risk of overriding correct 322

initial answers due to bias or overemphasis in any 323

single evaluation dimension. 324

In Table 1, we compare the proposed collec- 325

tive confidence approach with existing approaches, 326

our method consistently outperforms both predic- 327

tive probability and verbalized confidence on AU- 328

ROC (Fawcett, 2006), AUPRC (Davis and Goad- 329

rich, 2006), and expected calibration error (ECE; 330

Guo et al., 2017) on REWARD BENCH (Lambert 331

et al., 2024) across all subsets. As shown in Fig.2, 332

the reliability plots indicate that collective confi- 333

dence yields more calibrated estimates, with pre- 334

dicted confidence levels aligning closely with ac- 335

tual correctness rates—thereby serving as a robust 336

signal of output reliability. 337
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Table 1: Performance of confidence estimate approaches.

Method
Reward Bench Donotanswer LLMBar

Acc. AUROC AUPRC ECE↓ Acc. AUROC AUPRC ECE↓ Acc. AUROC AUPRC ECE↓

GPT-4o

w/o CoT
Predictive Probability 0.852 0.927 0.925 0.290 0.634 0.708 0.691 0.297 0.685 0.728 0.712 0.376
Verbalized Confidence 0.880 0.917 0.890 0.235 0.681 0.734 0.688 0.354 0.780 0.797 0.754 0.137

w/ CoT
Predictive Probability 0.871 0.910 0.890 0.261 0.711 0.763 0.744 0.288 0.770 0.802 0.768 0.363
Verbalized Confidence 0.879 0.922 0.896 0.317 0.681 0.717 0.670 0.488 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 0.919 0.098
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(b) Verbalized Confidence
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(c) Collective Confidence
Figure 2: Reliability plot for confidence estimation methods. Using GPT-4o 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.

338

Ensemble Decision Strategy With a collective339

confidence measure in place, we must decide when340

to replace the initial verdict R̂. Let the jury’s ma-341

jority preference be R̂jury = R1 if
∑N

i=1 vi > 0,342

and R2 otherwise. We then combine both initial343

and jury decisions via:344

Rfinal =

{
R̂jury, if cjury > Tgate,

R̂, otherwise,
345

where Tgate is set using a small calibration set Dcal.346

If consensus among dimensions does not surpass347

this threshold, we retain the initial decision, thus348

preserving correct judgments that do not need extra349

intervention. We find that even modest calibration350

data is sufficient to select a robust threshold, render-351

ing our ensemble approach versatile across various352

tasks.353

4 Experiments354

4.1 Experimental Setup355

Benchmarks We evaluate the performance of356

our LLM Judge system on four standard bench-357

marks. First, we utilize the REWARD BENCH358

dataset (Lambert et al., 2024), which covers a di-359

verse range of tasks such as chatting, challeng-360

ing conversations, safety, and reasoning (code and361

math). The dataset assesses models by comparing362

the scores assigned to preferred versus rejected re- 363

sponses. Notably, in several of its subsets, the base- 364

line performance of advanced models like GPT- 365

4o is nearly saturated (exceeding 95%). There- 366

fore, we focus our experiments on the subsets that 367

have not yet reached saturation: LLMBar (Zeng 368

et al., 2024), Donotanswer (Wang et al., 2024b), 369

AlpacaEval (Li et al., 2023), MT-Bench (Zheng 370

et al., 2023), XSTest (Röttger et al., 2024), and 371

Refusals 1. Second, we employ the SKYWORK RE- 372

WARD PREFERENCE dataset (Liu et al., 2024a), 373

which comprises 80K preference pairs subsam- 374

pled from multiple public datasets, including Help- 375

Steer2 (Wang et al., 2024c), OffsetBias (Park et al., 376

2024), and WildGuard (Han et al., 2024). From this 377

dataset, we randomly sample 500 training samples, 378

200 calibration samples, and 1000 test samples. 379

Models and baselines We conduct experiments 380

using three different models: GPT-4o (OpenAI, 381

2024), as well as the Qwen-2.5-7B-Intruct and 382

Qwen-2.5-72B-Intruct (Qwen et al., 2025). We use 383

the temperature of 0.6 for all experiments. These 384

models allow us to assess the effectiveness of our 385

1To 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-4o have already
achieved saturated accuracy on such questions in Reward
Bench.
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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-4o 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.

Fa
ilu

re
 c

as
es

Evaluation Dimensions

GPT-4o Score with New evaluation Dimension:
Response 1 Score: 1, Response 2 Score: -2
Response 1 is preferred. ✅

Figure 3: An example of a failure case from the SKYWORK REWARD PREFERENCE dataset, where GPT-4o
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-386

tectures. We compare our proposed method against387

several baselines. The first baseline, Vanilla, em-388

ploys a general LLM Judge with a standard prompt.389

The second baseline, Majority Vote (Wang et al.,390

2022), aggregates judgments across multiple crite-391

ria. We provide the full list of prompts used in our392

experiments in Appendix B.393

Metrics We report agreement rate as our primary394

evaluation metric, defined as the percentage of395

model predictions that match the human-annotated396

ground-truth preferences. This metric reflects how397

well an LLM-based judge aligns with human judg-398

ment and is commonly used in prior work on pref-399

erence modeling and response evaluation.400

4.2 Automatic Evaluation Dimension401

Generation402

We performed automatic evaluation dimension403

generation on a 500-sample subset of the SKY-404

WORK REWARD PREFERENCE dataset. Using405

the GPT-4o as Judge LLM, we identified 92406

failure cases—instances where the model’s judg-407

ment disagreed with the human-labeled ground408

truth—corresponding to an initial agreement rate409

of 81.6%. For each failure case, we employed410

GPT-4o as a reasoning model to propose correc-411

tive evaluation dimensions, allowing up to 10 at- 412

tempts per case. This process produced 88 candi- 413

date dimensions in total. To ensure the quality of 414

the generated evaluation dimensions, we applied 415

a semantic-based filtering step based on scoring 416

separation. Specifically, for each candidate dimen- 417

sion, we prompted the Judge LLM to independently 418

score both responses in each failure case accord- 419

ing to the provided rubric. We then computed the 420

absolute difference between the two scores. Dimen- 421

sions for which the score difference did not exceed 422

a threshold of 2 were discarded, as such dimen- 423

sions often reflect vague or ambiguous criteria that 424

fail to meaningfully distinguish between responses. 425

This filtering process reduced the set from 88 to 40 426

verified evaluation dimensions. We then measured 427

the effectiveness of each dimension by prompting 428

GPT-4o on the original 92 failure cases. Finally, 429

we selected the top 16 dimensions with the highest 430

coverage rates, achieving a post-selection coverage 431

rate of 84.8% on the failure set Dfail. Threshold 432

calibration was then performed on the 200 calibra- 433

tion samples, and Tgate = 4 was selected for use in 434

subsequent experiments. 435
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Table 2: Results on SKYWORK REWARD PREFERENCE.

Method Auto-prompt Collective Confidence Agreement Rate

HelpSteer2 OffsetBias Wildguard All

GPT-4o
Vanilla - - 71.7 81.5 92.7 83.0
Majority Vote @ 16 - - 75.9 81.5 94.2 84.5

✓ - 69.6 86.6 92.6 85.1
APE @ 16 (Ours)

✓ ✓ 72.2 91.0 90.0 86.2

Table 3: Results on REWARD BENCH.

Method Auto-prompt Collective Confidence Agreement Rate

LLMBar Donotanswer AlpacaEval MT-Bench XSTest Refusals All

GPT-4o
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 ✓ - 82.6 79.4 80.0 92.4 94.1 94.0 86.9
In-context Learning ✓ - 71.8 69.9 85.9 79.0 89.4 93.0 82.0

✓ - 87.8 77.0 77.2 90.5 95.3 86.0 86.8
APE @ 16 (Ours)

✓ ✓ 85.2 74.8 92.8 95.2 96.0 95.0 90.5

Qwen-2.5-7B-Instruct
Vanilla - - 61.3 71.9 90.3 90.5 79.2 97.5 79.0
APE @ 16 (Ours) ✓ ✓ 66.8 77.0 89.3 89.5 82.7 98.5 81.7

Qwen-2.5-72B-Instruct
Vanilla - - 63.7 75.6 94.8 94.3 88.6 96.5 83.3
APE @ 16 (Ours) ✓ ✓ 72.6 75.6 95.2 96.2 93.3 94.0 86.8

4.3 Main Results436

Skywork Reward Preference As shown in Ta-437

ble 2, APE@16 achieves the highest overall agree-438

ment rate of 86.2%, outperforming both the Vanilla439

GPT-4o Judge (83.0%) and the Majority Vote base-440

line (84.5%). The Majority Vote method, which441

ensembles judgments across multiple static criteria,442

serves as a strong baseline for evaluating the ef-443

fectiveness of automatically discovered evaluation444

dimensions. APE notably improves performance445

on the OffsetBias subset (91.0% vs. 81.5%), sug-446

gesting its ability to capture subtle, bias-sensitive447

evaluation aspects that are often missed by fixed448

criteria. Similar trends hold for HelpSteer2 and449

WildGuard, demonstrating that auto-prompted di-450

mensions transfer well across heterogeneous pref-451

erence sources.452

Reward Bench (Zero-shot) As shown in Table 2,453

APE@16 also demonstrates consistent improve-454

ments across challenging subsets in a zero-shot set-455

ting. Here, all evaluation dimensions used by APE456

are generated from the Skywork Reward Preference457

dataset and directly transferred to Reward Bench458

without any task-specific tuning. Despite this cross-459

domain shift, APE achieves 92.8% on AlpacaE-460

val, 96.0% on XSTest, and 95.0% on Refusals, re-461

sulting in an overall agreement of 90.5%, outper- 462

forming both the Vanilla Judge (87.2%) and Major- 463

ity Vote (87.4%). These gains indicate that APE 464

effectively augments the evaluation process with 465

context-sensitive criteria that generalize well across 466

domains. Moreover, the improvements on high- 467

performing subsets underscore the value of APE’s 468

collective confidence strategy in avoiding unnec- 469

essary overrides, making it a robust and practical 470

solution even when the base judge already performs 471

strongly. Importantly, since no in-distribution data 472

is required from the target benchmark, APE signif- 473

icantly improves test-time scalability by enabling 474

judgment enhancement without dataset-specific 475

adaptation. 476

Ablation Study To disentangle the contribu- 477

tions of each component, we conduct an ablation 478

study focusing on automatic prompt generation 479

and collective confidence. When using only auto- 480

prompting, APE@16 already outperforms both the 481

Vanilla Judge and Majority Vote on key subsets 482

like LLMBar (87.8%) and XSTest (95.3%), reach- 483

ing an overall agreement of 86.8%. This provides 484

further evidence that automatically identified di- 485

mensions are more effective than fixed voting crite- 486

ria. Adding the collective confidence mechanism 487
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Figure 4: Impact of Number of Dimensions

further raises performance to 90.5%, confirming488

that the ensemble strategy helps selectively apply489

dimensions and improves overall judgment reliabil-490

ity.491

Evaluation Dimension Transfer To assess the492

transferability of learned evaluation criteria across493

models, we apply the evaluation dimensions gen-494

erated by GPT-4o on Skywork to different mod-495

els, including Qwen-2.5-7B-Instruct and Qwen-2.5-496

72B-Instruct. As shown in Table 2, despite archi-497

tectural and scale differences, both Qwen models498

benefit from the same auto-prompted dimensions499

without any retraining or adaptation. Specifically,500

for Qwen-2.5-7B-Instruct, APE@16 improves the501

overall agreement rate from 79.0% (Vanilla) to502

81.7%, with substantial gains on subsets such as503

Donotanswer (from 71.9% to 77.0%) and Refusals504

(from 97.5% to 98.5%). Similarly, for Qwen-2.5-505

72B-Instruct, APE@16 improves the overall agree-506

ment rate from 83.3% to 86.8%, with strong im-507

provements on AlpacaEval (from 94.8% to 95.2%)508

and MT-Bench (from 94.3% to 96.2%). These re-509

sults demonstrate that evaluation dimensions are510

not only robust across datasets but also transferable511

across model sizes and architectures, highlighting512

their potential for reusable evaluation augmentation513

in practical deployment scenarios.514

Impact of Number of Evaluation Dimensions515

Figure 4 illustrates how the number of evaluation516

dimensions affects agreement rates on both the Sky-517

work Preference and Reward Bench datasets. On518

Skywork (Figure 4a), performance begins to im-519

prove noticeably once more than 4 dimensions are520

introduced, with a steady upward trend observed521

as additional dimensions are incorporated. The522

agreement rate peaks around 14–16 dimensions, in-523

dicating that the framework benefits from a richer524

and more diverse set of evaluation perspectives. 525

In contrast, the zero-shot Reward Bench results 526

(Figure 4b) exhibit a different pattern. While early 527

additions of dimensions do not lead to immedi- 528

ate improvements—and may even introduce mild 529

degradation due to distribution shift—performance 530

increases significantly after 10 dimensions, eventu- 531

ally surpassing the baseline. This suggests that al- 532

though dimension transfer can initially be noisy in 533

out-of-distribution settings, a sufficient number of 534

robust and generalizable dimensions can ultimately 535

yield substantial gains. Overall, these results high- 536

light the importance of both quantity and quality in 537

selecting evaluation dimensions for effective judg- 538

ment enhancement. 539

5 Conclusion 540

We present Auto-Prompt Ensemble, a framework 541

that improves LLM-based evaluation by addressing 542

a key limitation: LLMs often miss essential evalua- 543

tion dimensions that humans consider. Our method 544

detects low-confidence cases, generates new task- 545

specific evaluation prompts from real failure ex- 546

amples, and uses a selective ensemble to override 547

initial judgments only when there is strong multi- 548

dimensional agreement. Experiments across bench- 549

marks show that APE significantly boosts align- 550

ment with human preferences, even in zero-shot 551

and cross-model settings. These results underscore 552

our core insight: the primary challenge in LLM 553

judgment is not misapplying criteria, but failing 554

to identify which criteria matter. APE closes this 555

gap, offering a scalable and transferable way to 556

build more accurate and trustworthy LLM evalua- 557

tors. We discuss limitations in Appendix A. 558
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A Limitations716

Our work has several limitations: (1) APE relies717

on disagreements between LLM judges and human718

annotations to identify missing evaluation dimen-719

sions. Since preference annotations are inherently720

subjective and may vary across annotators, the gen- 721

erated dimensions may reflect dataset-specific or 722

annotator-specific biases rather than universally 723

valid criteria. (2) the generation and validation 724

of evaluation dimensions are entirely LLM-driven, 725

which introduces a self-referential bias. While this 726

enables scalability, it may limit the ability of APE 727

to discover evaluation criteria that are not already 728

implicitly encoded in the underlying models. 729

B Prompt 730

In our evaluation framework, the evaluation dimen- 731

sions are generated using the prompt outlined in 732

Table 4, while the inference is conducted using the 733

prompt detailed in Table 5. Each prompt comprises 734

an input section containing the question and corre- 735

sponding model responses, a detailed task descrip- 736

tion, and an output format that typically requires a 737

JSON structure with fields like an evaluation rubric, 738

or the score of a response. 739
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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.

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

[Question Begin]
{sample["question"]}
[Question End]
[Response 1 Begin]
……
[Response 1 End]
{sample["response1"]}
[Response 2 Begin]
{sample["response2"]}
[Response 2 End]

Reply in JSON format with the following fields:
- "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 "0: this evaluation dimension is not applicable to this 
question

Task Description

Output Format

Input
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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.

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

[Response 1 Begin]
{sample['answer1']}
[Response 1 End]

[Response 2 Begin]
{sample['answer2']}
[Response 2 End]

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]

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

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

You must reply in JSON format with the following fields:
- "score_1": int # score of response 1
- "score_2": int # score of response 2

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

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

Default method with CoT (Predictive Probability with CoT)

Default method without CoT (Predictive Probability without CoT)

Verbal Confidence with CoT

Verbal Confidence without CoT

With Evaluation Dimension

Without Evaluation Dimension

Input

Output Format

Task Description
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