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Abstract001

As large language models are increasingly de-002
ployed across diverse real-world applications,003
extending automated evaluation beyond En-004
glish has become a critical challenge. Exist-005
ing evaluation approaches are predominantly006
English-focused, and adapting them to other007
languages is hindered by the scarcity and cost008
of human-annotated judgments in most lan-009
guages. We introduce a decomposition-based010
evaluation framework built around a Universal011
Criteria Set (UCS). UCS consists of a shared,012
language-agnostic set of evaluation dimensions,013
producing an interpretable intermediate repre-014
sentation that supports cross-lingual transfer015
with minimal supervision. Experiments on mul-016
tiple faithfulness tasks across languages and017
model backbones demonstrate consistent im-018
provements over strong baselines without re-019
quiring target-language annotations.020

1 Introduction021

The rapid growth of general-purpose AI sys-022

tems has led to a dramatic increase in machine-023

generated text across applications such as summa-024

rization (Pu et al., 2023), question answering (Yue,025

2025), content moderation (Kolla et al., 2024), and026

search (Spatharioti et al., 2023). Assessing the027

quality and correctness of these outputs at scale028

remains a central challenge (Wu et al., 2025; Ohde029

et al., 2025). Although human annotation is the030

gold standard, it is expensive, time-consuming, and031

difficult to scale to the volume and frequency re-032

quired by modern development cycles (Ohde et al.,033

2025; Gu et al.).034

Traditional automatic evaluation metrics for035

text generation, such as ROUGE (Lin, 2004) and036

BLEU (Papineni et al., 2002), have long served037

as proxies for output quality. However, they rely038

primarily on surface-level lexical overlap and fail039

to capture semantic meaning, reasoning, and con-040

textual appropriateness (Sulem et al., 2018). LLM-041

based judges can be a more flexible alternative by042

leveraging broad pretrained knowledge and contex- 043

tual reasoning. An LLM can be prompted to assess 044

the quality of output using task-specific instruc- 045

tions or rubric-style criteria (Li et al., 2025; Zheng 046

et al., 2023; Chen et al., 2024; Chiang et al., 2024), 047

leading to their growing adoption for summariza- 048

tion, factuality assessment, preference modeling, 049

and model comparison. 050

The development and benchmarking of LLM 051

judges have mainly focused on English, despite 052

only about 15% of the global population speak- 053

ing English (Pombal et al., 2025). As AI sys- 054

tems are deployed worldwide, reliable evaluation 055

across diverse languages becomes a critical bottle- 056

neck (Wang et al., 2024; Fu and Liu, 2025). Exist- 057

ing multilingual judge approaches face two primary 058

challenges. First, many rely on language-specific 059

fine-tuning, which requires human-annotated data 060

that is scarce for most languages, and often under- 061

perform strong English-based baselines (Doddapa- 062

neni et al., 2025). Second, English-trained judges 063

do not consistently transfer to typologically dis- 064

tant or low-resource languages (Fu and Liu, 2025). 065

Together, these limitations hinder scalable and reli- 066

able multilingual evaluation. 067

These limitations become particularly apparent 068

in the common scenario of language expansion, 069

where systems developed and evaluated in English 070

are later deployed to additional languages. While 071

model capabilities can often be extended through 072

translation or multilingual prompting, evaluation 073

typically requires collecting new annotation data or 074

adapting evaluation frameworks for each language. 075

As a result, evaluation becomes a bottleneck in 076

scaling LLM systems to new linguistic settings, 077

highlighting the need for approaches that can trans- 078

fer evaluation behavior from English to other lan- 079

guages with minimal additional supervision. 080

In this paper, we introduce an interpretable 081

decomposition-based framework for LLM judges 082

that enables sample-efficient cross-lingual transfer. 083
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Our approach decomposes judgment into a shared084

set of language-agnostic evaluation criteria, each085

expressed as a targeted question about a specific di-086

mension of quality. The resulting criterion-level re-087

sponses define a structured intermediate representa-088

tion that maps judgments into a predefined, human-089

interpretable evaluation space, in the spirit of090

concept-based models that ground intermediate rep-091

resentations in explicit semantic dimensions (Koh092

et al., 2020; Espinosa Zarlenga et al., 2022; Po-093

eta et al., 2023; Sheth and Ebrahimi Kahou, 2023;094

Sun et al.), while also capturing reasoning patterns095

that transfer across languages. A lightweight trans-096

fer module trained only on English-labeled data097

can then be applied directly to new languages, en-098

abling cross-lingual judge transfer without target-099

language supervision.100

We evaluate our framework across multilingual101

benchmarks and multiple LLM backbones. Our102

contributions are: (1) we show that LLM-judge rea-103

soning can be factored through a shared, language-104

agnostic criteria space, enabling consistent judg-105

ments across heterogeneous linguistic inputs; (2)106

we introduce an interpretable intermediate repre-107

sentation derived from criteria-level responses; (3)108

we demonstrate that this representation supports109

effective cross-lingual transfer using a lightweight110

module trained in English and applied to other lan-111

guages without requiring target-language labels.112

2 Related Works113

LLM Judges Large language models are increas-114

ingly used as automated evaluators for summa-115

rization, dialogue, factuality, and preference mod-116

eling. Early work (Zheng et al., 2023; Liusie117

et al., 2024) demonstrated that LLMs can approxi-118

mate human preferences using carefully designed119

prompts. Subsequent studies explored rubric-based120

scoring (Song et al., 2024), pairwise compari-121

son (Liusie et al., 2024), and direct answer clas-122

sification using models like GPT-4. However, these123

methods typically rely on single-prompt formula-124

tions that are brittle to prompt phrasing and struggle125

to generalize (Thakur et al., 2025).126

Another line of work improves evaluation127

by incorporating explicit reasoning, such as128

chain-of-thought prompting (Zheng et al., 2023),129

justification-first scoring (Trivedi et al.), or pre-130

defined criteria prompting (Wei et al.; Lee et al.,131

2025).132

More recent approaches employ multiple LLMs133

interacting through debate (Feng et al., 2025; Chan 134

et al.), critique (Kim et al., 2024), or competitive as- 135

sessment. While effective in certain settings, these 136

systems require careful human input for selecting 137

few-shot or seed prompts (Feng et al., 2025; Lee 138

et al., 2025) and substantial role engineering (Al- 139

fano et al., 2025), making them costly and difficult 140

to deploy reliably in production environments. 141

Checklist-style evaluation has recently gained 142

attention as an interpretable alternative to mono- 143

lithic rubric prompts. Previous work has shown 144

that explicitly decomposing an evaluation task into 145

smaller criteria can improve transparency. Wei et al. 146

generate binary checklist items using a stronger 147

model and apply them to smaller evaluators, effec- 148

tively distilling high-level judgements into simple, 149

verifiable units. (Lee et al., 2025) prompt models to 150

generate their own criteria and use these checklists 151

for iterative self-improvement, allowing the evalua- 152

tor to refine its reasoning over multiple rounds. 153

Multilingual LLM-Based Judges Most LLM- 154

judge design and evaluation has focused on English. 155

Chang et al. (2025) studies the impact of resource 156

availability on multilingual evaluators, while Fu 157

and Liu (2025) analyzes the reliability of multilin- 158

gual judges. Recent approaches train multilingual 159

evaluators through large-scale pretraining (Pombal 160

et al., 2025) or language-specific fine-tuning (Dod- 161

dapaneni et al., 2025). To reduce reliance on hu- 162

man annotations, Alfano et al. (2025) generates 163

synthetic multilingual supervision by translating 164

English data and constructing corrupted summaries 165

for training, and further examines how training 166

language affects multilingual evaluation behavior; 167

notably, their strongest results are obtained by fine- 168

tuning on English data only. 169

However, all of these approaches require either 170

task-specific data construction, full model fine- 171

tuning, or language-specific adaptation. In contrast, 172

our method produces a language-agnostic inter- 173

pretable representation from a shared criterion set, 174

enabling cross-lingual transfer via a lightweight 175

module trained on only a few labeled English ex- 176

amples with no target-language supervision, no 177

data engineering, and no full-model fine-tuning. 178

3 Methodology 179

We propose a criteria-based evaluation framework 180

that decomposes an LLM-based judge’s decision 181

into a structured set of sub-criteria. Rather than 182

relying on a single prompt or free-form reasoning, 183
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our judge produces answers to a set of targeted eval-184

uation questions, which we refer to as criteria, and185

these answers are aggregated into an intermediate186

judge representation used for cross-lingual transfer.187

Problem Formulation. Consider an evaluation188

task in which an input sample x must be assigned a189

binary label y ∈ {0, 1}. Let D = {(xi, yi)Ni=1} de-190

note a labeled dataset, where yi is the ground-truth191

judgment for sample xi. Each sample x can consist192

of any structured input relevant to the task, such as193

a source–output pair, an instruction–response pair,194

or any text bundle under evaluation. A standard195

LLM-based judge is obtained by prompting the196

model M with an evaluation instruction to produce197

a predicted label ŷi:198

ŷi = M(xi). (1)199

Standard prompting produces ŷi directly, either200

with chain-of-thought reasoning or via multi-agent201

orchestration.202

In this work, we replace this single-prompt-203

based judgment with a decomposition-based frame-204

work in which the LLM first responds to a set of205

evaluation criteria. These responses form an inter-206

mediate judge representation that is used for trans-207

fer across languages.208

Framework Overview. Our methodology con-209

sists of three stages. Stage 1: Criteria Set Gen-210

eration constructs a set of language-agnostic eval-211

uation criteria from the task specification. Stage212

2: Criteria Set Evaluation applies these criteria to213

each input sample, producing a structured interme-214

diate representation from the LLM’s criterion-level215

responses. Stage 3: Cross-Lingual transfer trains a216

lightweight transfer module on labeled English data217

to align the judge representation, enabling transfer218

to other languages. An overview of the framework219

is shown in Figure 1.220

3.1 Criteria Set Generation221

Our approach first constructs a set of evaluation222

criteria that define the dimensions along which the223

LLM-based judge evaluates each sample. Formally,224

we generate a Universal Criteria Set (UCS), a col-225

lection of evaluation questions226

Q = {q1, . . . , qk} (2)227

where each qk specifies a distinct judgment dimen-228

sion. We generate criteria in English, motivated by229

evidence that LLMs exhibit more consistent rea- 230

soning and intermediate representations in English 231

than in other languages (Schut et al.; Shi et al.; 232

Huang et al., 2024). This choice simplifies the 233

generation of criteria and improves stability for 234

downstream cross-lingual transfer. 235

The UCS defines a reusable set of evaluation 236

dimensions applicable to all samples for a given 237

task and is shared across all languages. Given a 238

task description t, the LLM generates a set of eval- 239

uation concepts C = {c1, . . . , cm} representing 240

generic evaluation dimensions such as accuracy, 241

consistency, attribution, or hallucination. The UCS 242

is task-specific, generated from the task descrip- 243

tion but language-universal: the same criteria set 244

is applied to all languages for a given task. 245

C = M(t) (3) 246

See Appendix E for the prompts used in this stage. 247

Question Generation For each concept cj ∈ C, 248

the LLM generates one or more evaluation ques- 249

tions to comprehensively cover its sub-dimensions. 250

Let Qj denote the subset of criteria generated from 251

the concept cj , such that : 252

Qj = M(cj) (4) 253

The final Universal Criteria Set is obtained by ag- 254

gregating the criteria generated for all concepts: 255

Q =

m⋃
j=1

Qj . (5) 256

Thus, Q = {q1, . . . , qk} represents the union of 257

all concept-derived questions. The same criteria 258

set Q is applied to every sample, providing stable 259

language-agnostic evaluation features that support 260

cross-lingual transfer. 261

3.2 Criteria Set Evaluation 262

In the second stage of our framework, given the 263

UCS Q and an input sample x, the LLM is 264

prompted to assess the extent to which x satisfies 265

each criterion qk ∈ Q, returning a numerical score: 266

M(qk, x) = zk(x) ∈ [1, . . . , 10], (6) 267

We consider Likert rating from 1-10 following (Lee 268

et al., 2025). Other rating ranges is left to future 269

explorations. Collecting these outputs yields the 270

criteria-response vector: 271

z(x) = [ z1(x), . . . , zk(x) ], (7) 272

which serves as a structured and interpretable inter- 273

mediate judge representation of the sample. 274
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What extent does the summary contradict fact, detail?

To what extent are events/actions correctly attributed?

How much are probabilities accurately reflected?

Does the summary elevate a hypothesis?

9/10

3/10

4/10

1/10

Response

Factual
Accuracy

Certainty
Calibration 

Query

Criteria Generation Criteria Evaluation Cross-Lingual transfer

English        Deutsch

English        हिंदी

Figure 1: UCS framework. The LLM evaluates an input using criteria questions derived from higher-level concepts.
Criterion scores are aggregated into a latent representation, which a transfer module trained on English-labeled data
maps to the final judgment and applies across languages.

3.3 Cross-Lingual Transfer275

The final stage learns a mapping from the criteria-276

response representation z(x) to a calibrated judg-277

ment that generalizes across languages. The key278

insight is that while raw LLM outputs may vary279

across languages, the structure of evaluation as280

expressed through the shared criteria remains sta-281

ble. The criteria-response vector z(x) therefore de-282

fines a language-agnostic intermediate representa-283

tion space in which a lightweight predictor trained284

on one language can be applied directly to another.285

Concept-Level Aggregation. Rather than op-286

erating on the full criteria-response vector z(x),287

we perform concept-level transfer by aggregating288

criterion-level scores within each concept. This289

reduces the dimensionality of the representation,290

decreases sample complexity, and improves trans-291

fer robustness (see Appendix C for details). Con-292

cretely, for each concept cj , we average the scores293

of its associated criteria:294

sj(x) =
1

|Qj |
∑
qi∈Qj

zi(x). (8)295

The resulting concept-level representation is296

s(x) = [ s1(x), . . . , sm(x) ]. (9)297

Transfer. Given labeled data in a source lan-298

guage ℓ, we train a lightweight predictor (e.g. a299

neural network) on the concept-level representa-300

tion:301

ŷ = fθ(s(x)), (10)302

where θ is learned on the source-language dataset303

Dℓ = {(xℓi , yℓi )}Ni=1. At inference time, the trained304

predictor fθ∗ is applied directly to samples in a305

target language ℓ′:306

ŷℓ
′
j = fθ∗(s(x

ℓ′
j )). (11)307

This enables cross-lingual transfer without any 308

target-language supervision, as the shared crite- 309

ria space ensures that s(x) remains semantically 310

consistent across languages. 311

4 Experimental Setup 312

Models. We evaluate our methods across a range 313

of LLMs to ensure diversity in scale and architec- 314

ture. We report the results for Qwen3-32B (Yang 315

et al., 2025), Qwen3-235B-A22B (Yang et al., 316

2025), OSS-20B (Agarwal et al., 2025), and OSS- 317

120B (Agarwal et al., 2025). All LLM-based 318

judges are queried in a deterministic setting with 319

temperature = 0 and top_p = 1.0 to reduce ran- 320

domness in evaluation outputs. 321

Datasets. Our primary experiments use 322

two multilingual evaluation benchmarks. 323

MEMERAG (Blandón et al., 2025) is a 324

multilingual RAG faithfulness benchmark con- 325

taining evidence–query–answer triples, each 326

annotated with a binary faithfulness label. The 327

dataset spans five languages: English (EN), French 328

(FR), German (DE), Hindi (HI), and Spanish (ES). 329

mFACE (Aharoni et al., 2023) is a multilingual 330

summarization evaluation dataset consisting of 331

news articles and human-written summaries 332

collected from BBC regional editions. The task 333

is to judge whether a summary is faithful to the 334

source article. We use a representative subset of 335

languages spanning high-resource, mid-resource, 336

and low-resource languages: English (EN), 337

Amharic (AM), Burmese (MY), French (FR), 338

Swahili (SW), Thai (TH), Arabic (AR), Hindi (HI), 339

and Spanish (ES). 340

Evaluation Metrics. We report balanced accu- 341

racy (BA) to account for class imbalance, as it 342
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Method MEMERAG mFACE

DE FR ES HI Avg AM MY FR SW TH AR HI ES Avg

Zero-shot 77.2 77.5 77.5 74.4 76.7 54.7 70.2 74.3 73.0 72.6 69.7 68.0 77.9 70.1
CoT 73.0 76.2 76.2 74.1 74.9 58.7 68.5 72.8 77.5 71.4 69.2 69.4 74.4 70.2
AG 77.2 80.6 76.1 78.0 78.0 59.3 67.4 76.6 77.7 72.6 70.7 69.0 79.5 71.6
ChatEval 71.8 73.0 60.9 62.4 67.0 51.1 65.5 68.4 74.0 63.9 66.1 55.7 70.3 64.4
CheckEval 76.1 80.7 74.8 78.4 77.5 60.8 68.9 74.9 76.8 75.1 73.4 65.8 76.4 71.5
RocketEval 76.4 81.0 75.9 79.1 78.1 61.2 69.2 75.4 77.0 74.9 72.9 66.9 78.1 72.0
UCS (EN) 79.7 84.3 80.0 82.2 81.6 64.7 67.7 82.4 79.0 75.1 74.6 70.0 85.5 74.9

Table 1: Balanced Accuracy (BA) across methods and languages for the Qwen-235B model. Bold values indicate
the best performance per column averaged across 3 runs. Our method UCS is trained on English only data (EN).

measures judge’s sensitivity to both positive and343

negative classes equally.344

Implementation Details. For each dataset and345

model, all methods are evaluated using consistent346

prompting templates and fixed criteria-generation347

procedures. All transfer models are trained ex-348

clusively on English-labeled data unless otherwise349

noted, and are applied to the remaining languages350

without any target-language supervision. We use351

shallow neural network for transfer from English352

to other languages (See B.3 for details).353

Baselines. We evaluate our approach against a354

broad set of strong LLM-based judge baselines355

spanning single-model prompting, multi-agent356

methods, and checklist-based evaluators. First, we357

include zero-shot LLM judges following standard358

prompting setups from previous work (Blandón359

et al., 2025; Bavaresco et al., 2025), where the360

model is directly instructed to assess correctness361

or faithfulness without additional structure. We362

also include chain-of-thought (CoT) prompting,363

which has been shown to improve reasoning in364

LLM judges (Zheng et al., 2023). Another baseline365

we consider is prompting LLM with annotation366

guidelines (AG) that were given to humans, similar367

to (Blandón et al., 2025), see Appendix B.368

We further compare against ChatEval (Chan369

et al.), a multi-agent debate-style evaluator in370

which models critique and challenge each other’s371

assessments. Such systems have demonstrated372

strong performance on complex reasoning and373

judgment tasks, but require substantial orchestra-374

tion overhead. Finally, we include two recent375

checklist-based evaluation frameworks: RocketE-376

val (Wei et al.) and CheckEval (Lee et al., 2025),377

which generate or refine structured criteria to guide378

LLM judgments. These methods share our goal of379

improving structure and interpretability in LLM-380

based evaluation; however, unlike our approach,381

they do not produce a unified latent judge represen- 382

tation that supports cross-lingual transfer 1. 383

5 Results 384

In this section, we evaluate the proposed criteria- 385

based framework across languages and datasets. 386

We focus on the language expansion setting and 387

report the performance of UCS when trained on the 388

English portion of the multilingual dataset, denoted 389

by UCS (EN). We then present a series of analyses 390

that unpack the sources of these gains: sample- 391

efficiency curves quantifying how much English 392

supervision is required to reach stable cross-lingual 393

performance (§ 5.2), an analysis studying the most 394

predictive criterion dimensions (§ 5.3), a compar- 395

ison of alternative transfer models (§ 5.4), a com- 396

parison of criterion aggregation strategies (§ 5.5) 397

and an analysis of inference cost trade-offs (§ 5.6). 398

5.1 Cross-Lingual Transfer 399

Table 1 reports balanced accuracy (BA) for the 400

Qwen-235B judge on MEMERAG and mFACE, 401

comparing the proposed UCS framework trained 402

on English data against prompting-based, debate- 403

style, and checklist-based baselines. Across both 404

datasets, UCS (EN) delivers the strongest and most 405

consistent cross-lingual performance, achieving the 406

best or tied-best results in the majority of evalu- 407

ated languages (11 out of 12). Appendix Tables 6 408

and 7 report results averaged over multiple random 409

seeds, showing that UCS maintains consistent im- 410

provements across languages while exhibiting low 411

variance across runs. 412

On MEMERAG, UCS (EN) achieves the high- 413

est performance across all four non-English lan- 414

guages, with an average BA of 81.6 compared to 415

78.1 for RocketEval, the strongest baseline. Im- 416

provements are consistent across typologically di- 417

1We reproduce the baseline results using publicly code.
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verse languages, ranging from 3.1 to 4.1 BA points418

and spanning Germanic (DE), Romance (FR, ES),419

and Indo-Aryan (HI) languages. This uniformity420

supports the claim that the criteria-based represen-421

tation is genuinely language-agnostic for this task.422

On mFACE, UCS (EN) achieves best-or-tied per-423

formance on seven of the eight evaluated languages,424

with an average BA of 74.9 compared to 72.0 for425

RocketEval. Notably, the largest improvements are426

observed for French (+7.0) and Spanish (+7.4) –427

two high-resource languages where strong baseline428

performance might be expected. This suggests that429

the structured criteria space captures evaluation di-430

mensions relevant to summarization faithfulness431

that are not easily elicited through direct prompt-432

ing, and that this benefit is most pronounced for433

languages where the LLM can reliably interpret434

and respond to the criteria. Consistent gains are435

also observed on lower-resource languages such as436

Amharic (+3.5) and Hindi (+3.1), further demon-437

strating the breadth of cross-lingual generalization.438

One notable exception is observed on Burmese439

(MY), where the zero-shot baseline achieves the440

highest performance across all methods (70.2), out-441

performing not only UCS (67.7) but also all other442

baselines. This suggests that Burmese may ex-443

hibit language-specific properties, such as script444

complexity or limited LLM pretraining coverage,445

that are not well captured by the shared criteria446

space, and that direct prompting may be more ro-447

bust in such cases. Despite this exception, UCS448

maintains the strongest overall performance profile449

across languages, demonstrating the robustness of450

the proposed criteria-based representation for cross-451

lingual judge transfer.Appendix Table 5 reports the452

full cross-lingual results across all judge backbones453

evaluated in this work. The results are consistent454

with the main findings: UCS-based judges achieve455

the best or near-best performance across most lan-456

guage–model combinations on both MEMERAG457

and mFACE, indicating that the improvements are458

not specific to an LLM backbone.459

5.2 Sample Efficiency460

A practical consideration for language expansion is461

how much labeled data in a high-resource language462

is required to enable effective transfer. Although463

our framework trains only a lightweight transfer464

module on English-labeled criterion features, un-465

derstanding the supervision requirements for stable466

cross-lingual performance is important for assess-467

ing the practical viability of the approach.468

(a) (b)

Figure 2: Sample efficiency of training the transfer mod-
ule on English data. Performance is shown as a function
of the percentage of English training data used. Results
are reported for MEMERAG (a) and mFACE (b).

To study this, we construct a fixed random split 469

of the English data, holding out 30% as a test set. 470

From the remaining 70%, we vary the amount of 471

labeled training data used to fit the transfer module, 472

ranging from 5% to 100% of the available training 473

portion. Each resulting model is evaluated both 474

on the held-out English test set and on all target 475

languages, allowing us to examine how increas- 476

ing English supervision affects both in-language 477

performance and cross-lingual generalization. 478

Figure 2 shows that performance improves 479

rapidly with a small fraction of labeled data and sta- 480

bilizes once approximately 20–30% of the English 481

training data is used. Beyond this point, additional 482

supervision yields only marginal gains across all 483

languages. 484

Importantly, the same trend is observed for both 485

English and target languages: as the transfer mod- 486

ule improves on English, performance increases 487

consistently across languages. This suggests that 488

the criteria-based intermediate representation en- 489

ables efficient cross-lingual generalization, requir- 490

ing only a modest amount of labeled data in a single 491

high-resource language. 492

5.3 Criteria Importance 493

Our transfer framework assumes that the criteria 494

representation captures evaluation signals that are 495

meaningful across languages. A natural question is 496

whether the relative importance of these evaluation 497

dimensions is preserved across languages. We hy- 498

pothesize that languages whose importance profile 499

criteria are more similar to English should exhibit 500

stronger transfer performance. 501

To examine this, we analyze the importance of in- 502

dividual criteria before concept aggregation. While 503

the transfer model operates on concept-level aver- 504

ages, criterion-level analysis provides a finer diag- 505

nostic view of how evaluation signals are priori- 506
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(a) MEMERAG (b) mFACE

Figure 3: Relationship between English–target criteria
importance alignment and performance change when
training with only the top-10 English-selected criteria.

tized across languages.507

For each language ℓ, we train a Random Forest508

classifier using that language’s criterion responses509

together with the corresponding human labels, and510

extract feature importance scores using Gini im-511

purity reduction (Nembrini et al., 2018). We then512

compute the Spearman rank correlation (Spearman,513

1961) between the English importance profile and514

the language-specific importance profile. To eval-515

uate whether this alignment matters in practice,516

we simulate a constrained setting where only the517

top-10 criteria selected according to English impor-518

tance are used to train the classifier for each lan-519

guage. We then measure the performance change520

relative to using the full criteria set. Figure 3521

plots, for each language, the relationship between522

English–target importance correlation and the re-523

sulting performance change.524

In mFACE, we observe that languages with525

lower importance alignment generally experience526

larger performance degradation. For example,527

Burmese (MY) shows one of the lowest correla-528

tions with English and also corresponds to one529

of the weaker-performing languages in Table 1.530

While this observation is only suggestive, it indi-531

cates that differences in evaluation priorities across532

languages can contribute to variation in cross-533

lingual transfer performance. For MEMERAG, we534

observe only minor performance differences when535

restricting the model to English-selected criteria;536

the drops remain below 1% across languages and537

do not show a clear relationship with importance538

alignment.539

Figure 4 visualizes full distribution of impor-540

tance scores across all evaluated languages where541

some languages exhibit importance profiles similar542

to English, others show noticeable differences in543

how evaluation dimensions are prioritized. Overall,544

these results indicate that the relative importance of545

evaluation criteria is not universally shared across546

Method MEMERAG mFACE

LogReg 80.9 78.2
SVM 78.5 79.0
KNN 77.1 70.9
RF 76.4 69.8
XGBoost 74.3 71.1
NN 81.5 78.9

Table 2: BA averaged across languages for different
transfer modules on the Qwen-235B model.

languages. Selecting a fixed subset of criteria 547

based solely on English importance can harm per- 548

formance for languages with different importance 549

profiles. This observation supports the design of 550

our full criteria-based representation, which allows 551

the transfer module to learn language-appropriate 552

weightings rather. 553

5.4 Alternative Training Models 554

While our primary transfer model uses a shallow 555

neural network to map criteria-response represen- 556

tations to final judgments, we also evaluate alterna- 557

tive transfer modules to assess the sensitivity of our 558

framework to the choice of predictor. These include 559

logistic regression as a linear baseline, SVMs for 560

margin-based classification, KNN as an instance- 561

based method, and tree-based models such as Ran- 562

dom Forests and XGBoost that can capture nonlin- 563

ear feature interactions. 564

Table 2 shows that several simple models per- 565

form competitively when operating on the criteria- 566

based representation. Logistic regression and SVM 567

achieve strong results, indicating that much of the 568

signal captured by the criteria representation is lin- 569

early separable. 570

The shallow neural network achieves the best 571

performance on MEMERAG and remains competi- 572

tive on mFACE, where SVM slightly outperforms it. 573

Overall, the neural network provides the most con- 574

sistent performance across datasets and languages. 575

In contrast, instance-based and tree-based meth- 576

ods perform substantially worse. These models 577

appear to overfit to patterns in the English training 578

data and generalize less effectively to other lan- 579

guages, suggesting that simpler parametric models 580

are better suited for cross-lingual transfer here. 581

5.5 Transfer Learning vs LLM-based 582

Aggregator 583

The criteria-response vector z(x) produced by the 584

second stage must be aggregated into a final bi- 585

nary judgment. In our primary framework, this 586
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Method MEMERAG mFACE

UCS (Trained) 81.5 74.9
UCS (LLM) 77.2 74.3

Table 3: Average BA across languages on MEMERAG
and mFACE. UCS (Trained) uses a lightweight transfer
module trained on English-labeled data; UCS (LLM)
uses the LLM itself as a training-free aggregator over
the criteria responses.

is achieved by the lightweight transfer module fθ587

trained on English-labeled data, which learns a588

calibrated mapping from the concept-level repre-589

sentation s(x) to the predicted label ŷ.590

An alternative we consider an LLM-based aggre-591

gator, in which the LLM is prompted to produce a592

final judgment given the input x, the criteria Q, and593

their corresponding responses z(x). This approach594

requires no additional training and may leverage595

the LLM’s broader world knowledge and reasoning596

capabilities to capture interactions between criteria.597

However, it does not benefit from calibration on598

human-labeled data and may be sensitive to prompt599

phrasing and model-specific biases.600

Table 3 demonstrates a trade-off between601

training-free and trained aggregation. The LLM-602

based aggregator does not require labeled data be-603

yond the criteria responses and can be applied di-604

rectly. However, when labeled English data is avail-605

able, training a lightweight transfer module on the606

criteria-based representation consistently yields a607

higher average balanced accuracy on both datasets.608

5.6 Inference Cost609

Compared to zero-shot prompting, our criteria-610

based framework incurs additional inference cost611

due to explicit criteria generation and criterion-612

level evaluation. While a zero-shot judge requires613

a single LLM call per sample, our approach in-614

troduces structured evaluation steps that increase615

prompt length and the number of LLM calls.616

To analyze the trade-offs between decomposition617

granularity and inference efficiency, we evaluate618

four prompt variants differing in how criteria are619

generated and scored. Generation can be joint i.e.620

all evaluation dimensions produced in one LLM621

call or per-concept, i.e. each concept generates622

its criteria separately). Scoring follows the same623

options: a single joint judgment over all criteria or624

separate per-concept scores.625

Table 4 compares these prompt variants in terms626

of both inference cost and performance. Perfor-627

Generation Scoring MEMERAG mFACE

Joint Joint 79.1 77.4
Joint Per-concept 81.0 78.6
Per-concept Joint 80.2 78.0
Per-concept Per-concept 81.5 78.9

Table 4: Average BA across languages on MEMERAG
and mFACE for UCS under different decompositions.
Joint denotes evaluating all criteria in one LLM call,
while Per-concept denotes one call per concept.

mance improves consistently as the evaluation pro- 628

cess is more finely decomposed. In particular, scor- 629

ing at the per-concept level consistently outper- 630

forms joint scoring over all criteria. The best re- 631

sults are obtained when both criteria generation 632

and scoring are performed at the per-concept level, 633

indicating that finer-grained criterion-level signals 634

provide a more discriminative intermediate repre- 635

sentation for the downstream transfer module. 636

6 Conclusion 637

In this paper, we introduced a decomposition-based 638

framework for LLM judges that enables sample- 639

efficient cross-lingual transfer through a shared 640

set of language-agnostic evaluation criteria. We 641

proposed Universal Criteria Sets (UCS), which 642

structure evaluation into explicit dimensions and 643

produce a transparent intermediate representation 644

of the judgment process. A lightweight trans- 645

fer module trained on English-labeled data maps 646

this representation to final judgments and general- 647

izes directly to new languages without requiring 648

target-language supervision. Across experiments 649

on MEMERAG and mFACE, UCS achieves strong 650

and consistent performance while requiring only 651

a small amount of supervision in a single high- 652

resource language. Beyond improved cross-lingual 653

performance, the criteria-based representation pro- 654

vides interpretable insights into how evaluation sig- 655

nals contribute to final judgments, and our criteria- 656

importance analysis reveals that the degree of cross- 657

lingual alignment varies by task. Together, these 658

results highlight the potential of structured, criteria- 659

based representations as a principled foundation 660

for building reliable and interpretable multilingual 661

LLM-based judges. The structured nature of this 662

representation also allows future work to explore 663

criterion-level judgments to construct structured 664

reward signals or rubric-based feedback for rein- 665

forcement learning and alignment. 666
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Limitations667

First, the approach inherits the sensitivity from the668

underlying LLM. Criterion-level responses may669

vary with prompt phrasing, decoding settings, or670

model updates. Although decomposition reduces671

some instability by structuring evaluation through672

fixed criteria, the system remains dependent on673

the robustness of the base model. Future work674

could investigate prompt-invariant formulations or675

uncertainty-aware calibration. Second, our method676

assumes that evaluation criteria capture stable se-677

mantic dimensions shared across languages. This678

assumption may not hold for culturally specific679

judgments, stylistic norms, or tasks where evalu-680

ation standards differ substantially across regions.681

Finally, the framework relies on English supervi-682

sion to learn the transfer module. Although this683

reduces the need for multilingual labels, it can in-684

troduce biases present in English evaluation data685

that need to be studied. Finally, we do not systemat-686

ically explore the impact of variance that cascades687

through each stage of UCS generation.688
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A Future Work911

In this work, we evaluated cross-lingual transfer912

across multiple languages and datasets. Future913

work can extend this to other languages not eval-914

uated here. In particular, language-specific analy-915

ses could help explain the strong zero-shot perfor-916

mance of the LLM Judge in Burmese. Figure 3917

illustrates the relationship between English–target918

criteria importance alignment, showing that the919

relative importance of evaluation criteria can vary920

across languages and datasets. This suggests that921

not all criteria contribute equally to evaluation qual-922

ity in cross-lingual settings. In particular, some923

criteria appear consistently less important across924

languages, while others show stronger and more925

stable alignment. These observations indicate the926

need to identify the most effective evaluation crite-927

ria for multilingual assessment. Future work could928

focus on selecting or learning criteria that provide929

the strongest signal across languages.930

Beyond cross-lingual evaluation, the criteria-931

based decomposition introduced in this work opens932

several promising directions. Because the frame-933

work represents judgments through explicit evalua-934

tion dimensions, it provides a structured interface935

for analyzing and controlling LLM evaluation be-936

havior.937

Another promising direction is leveraging crite-938

ria representations to support human-in-the-loop939

evaluation. Structured criteria could allow human940

evaluators to provide targeted feedback on specific941

dimensions, which can then be incorporated to re-942

fine the transfer model or adjust evaluation stan-943

dards. This may enable more transparent and con-944

trollable evaluation pipelines.945

Finally, the criteria representation provides a nat-946

ural foundation for studying the reliability of LLM947

judges. Future work could investigate uncertainty948

estimation, agreement across multiple judge mod-949

els, or ensemble approaches that operate at the950

criterion level.951

Future work could also explore how criterion-952

level representations can support reinforcement953

learning and alignment of language models. Cur-954

rent alignment methods often rely on scalar re-955

ward signals derived from preference comparisons956

or holistic judgments, which provide limited in-957

sight into why a response is preferred. In contrast,958

criterion-based evaluation decomposes quality into959

explicit dimensions, such as factual consistency,960

relevance, or completeness. These structured sig-961

nals could be used to construct richer reward func- 962

tions that guide models toward satisfying multi- 963

ple evaluation dimensions simultaneously. More- 964

over, criterion-level feedback may enable more in- 965

terpretable and controllable alignment, allowing 966

training objectives to emphasize specific aspects of 967

behavior or adapt across languages and domains. 968

Investigating how such structured evaluation sig- 969

nals can be integrated into reinforcement learning 970

or preference optimization pipelines is a promising 971

direction for future work. 972

A.1 Risks 973

Our framework introduces several potential risks. 974

First, reliance on English-labeled data for training 975

the transfer module may propagate biases present 976

in English evaluation standards, potentially lead- 977

ing to unfair or misaligned judgments in other 978

languages. Second, the assumption of language- 979

agnostic evaluation criteria may overlook culturally 980

specific norms, stylistic preferences, or context- 981

dependent interpretations of quality, resulting in 982

systematic evaluation errors. Third, the approach 983

depends on the stability of underlying LLM out- 984

puts; variations due to prompt phrasing or model 985

updates may affect criterion-level responses and 986

downstream predictions. Finally, as with other au- 987

tomated evaluators, there is a risk of over-reliance 988

on LLM-based judgments in high-stakes settings 989

without sufficient human oversight. 990

B Reproducibility 991

We will release our code. The code is uploaded as 992

supplementary material. All criterion-generation 993

and scoring prompts are included in the appendix. 994

B.1 Model Inference Settings. 995

All LLM-based evaluations were performed with 996

the temperature set to 0 and the top-p set to 1 to 997

ensure deterministic outputs. We report the exact 998

model snapshots used in our experiments. All mod- 999

els were accessed through the Amazon Bedrock 1000

API. No additional fine-tuning of the backbone 1001

LLMs was performed. We reproduced the results 1002

for all of the baselines reported in the paper. 1003

B.2 Cross-Lingual Transfer Setup. 1004

For concept-level transfer, we train calibration mod- 1005

els on English criterion-level representations and 1006

evaluate zero-shot on other languages without us- 1007

ing any target-language labels. All experiments use 1008

random_state=42 for reproducibility. 1009
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B.3 Transfer Module Hyperparameters.1010

We evaluated multiple lightweight predictors. We1011

evaluated several lightweight calibration models1012

for concept-level transfer. The neural network con-1013

sists of a single hidden layer with 32 units, trained1014

with a learning rate of 0.01 for up to 2000 iterations.1015

Logistic regression uses a regularization strength1016

of C = 0.1, is trained for up to 2000 iterations, and1017

applies balanced class weights to account for label1018

imbalance. The random forest model uses 200 trees1019

with a maximum depth of 10 and balanced class1020

weights. The support vector machine uses C = 0.1,1021

a gamma value set to “scale” enables probability1022

estimates, and applies balanced class weights. Gra-1023

dient boosting is configured with 100 estimators,1024

a maximum depth of 5, and a learning rate of 0.1.1025

Finally, the k-nearest neighbors classifier uses k =1026

5 neighbors.1027

Unless otherwise stated, the reported results cor-1028

respond to the NN model selected on English vali-1029

dation data.1030

B.4 Data Splits and Evaluation.1031

We train the transfer module exclusively on labeled1032

English data and evaluate on multilingual test splits1033

without retraining or hyperparameter tuning. Bal-1034

anced accuracy is used as the primary evaluation1035

metric to account for label imbalance.1036

B.5 Implementation Details.1037

All experiments were implemented in Python using1038

standard machine learning libraries. Fixed random1039

seeds were used across training runs. During trans-1040

fer, no target-language supervision, translation, or1041

synthetic augmentation was used .1042

B.6 Annotation Guideline baseline.1043

A baseline we consider prompts the LLM with the1044

annotation guidelines (AG) originally provided to1045

human annotators, following the setup of Blandón1046

et al. (2025). For MEMERAG, the annotation1047

guidelines are available in Appendix A of the paper1048

and describe the criteria used by annotators to as-1049

sess faithfulness between the generated answer and1050

the supporting evidence. For mFACE, we use the1051

evaluation instructions provided in Figure 2 of the1052

paper, which outline the conditions under which1053

a summary should be considered faithful to the1054

source article. In both cases, these guidelines are1055

directly incorporated into the evaluation prompt to1056

guide the LLM’s judgment.1057

C Concept-level transfer 1058

A central design choice in our framework is to per- 1059

form transfer at the level of evaluation concepts 1060

rather than at the level of raw criterion interac- 1061

tions. Each dimension in z(x) corresponds to a 1062

semantically meaningful evaluation question (e.g., 1063

faithfulness, completeness, consistency). By learn- 1064

ing a linear calibration over these concept-level 1065

signals, the transfer module estimates how much 1066

each evaluation dimension contributes to the final 1067

judgment. 1068

An alternative would be to model interactions 1069

between criteria using a more expressive predictor. 1070

However, such approaches substantially increase 1071

the number of learnable parameters and, conse- 1072

quently, the number of labeled samples required 1073

for stable training. In multilingual settings where 1074

supervision is typically available only in English, 1075

this would lead to overfitting and poor generaliza- 1076

tion. 1077

By constraining transfer to operate over indepen- 1078

dent semantic dimensions, we reduce sample com- 1079

plexity and improve stability. This design aligns 1080

with the intuition that evaluation structure is largely 1081

shared across languages, even when surface realiza- 1082

tions differ. As a result, concept-level calibration 1083

enables effective cross-lingual transfer using lim- 1084

ited source-language supervision. 1085

D Results 1086

Table 5 reports the full cross-lingual evaluation 1087

results for all baselines and criteria-based methods 1088

across models and languages on MEMERAG and 1089

mFACE. Consistent with the main results, UCS- 1090

based judges generally achieve the strongest or 1091

among the strongest performance across languages 1092

and model backbones. 1093

Figure 4 shows the cross-lingual alignment 1094

of criterion importance between English and tar- 1095

get languages for MEMERAG and mFACE. The 1096

heatmaps illustrate how the relative importance of 1097

evaluation criteria varies across languages. 1098

Table 6 and Table 7 report MEMERAG and 1099

mFACE results for Qwen-235B averaged over three 1100

runs with different seeds. The results show that 1101

UCS maintains consistent improvements across 1102

languages while exhibiting relatively low variance 1103

compared to most baselines. 1104

Table 8 compares the transfer-module classifier 1105

with LLM-based aggregation of the criteria repre- 1106

sentations across languages. The trained transfer 1107
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Model Method
MEMERAG (BA) mFACE (BA)

DE FR ES HI AM MY FR SW TH AR HI ES

OSS-20B

Zero-shot 70.7 81.6 80.4 81.7 59.4 65.6 73.7 79.2 76.8 69.2 68.5 78.0
CoT 70.5 81.6 82.0 80.6 60.9 64.9 74.6 76.2 78.3 65.2 67.6 78.0
AG 71.7 80.8 75.6 80.9 61.4 62.2 75.2 77.8 76.9 72.4 66.7 78.0
ChatEval 64.2 73.5 71.4 72.0 54.7 60.1 66.9 70.3 68.4 62.9 61.4 71.1
CheckEval 72.5 81.9 79.9 80.8 60.9 68.3 77.9 76.7 79.7 68.0 65.7 77.0
RocketEval 67.9 76.9 74.8 75.6 57.9 63.4 70.8 73.5 71.6 66.5 64.9 74.2
UCS (EN) 74.4 84.2 81.2 85.0 61.2 68.1 79.0 82.7 82.4 73.7 67.8 82.0

Qwen 3 32B

Zero-shot 74.9 73.7 71.4 78.5 56.6 63.5 71.9 72.3 69.2 65.0 67.9 76.0
CoT 71.7 73.8 72.6 77.2 55.2 62.9 72.0 72.4 70.0 66.7 68.1 76.5
AG 73.7 73.9 74.8 81.8 58.3 63.9 76.6 73.0 70.9 68.4 66.1 80.0
ChatEval 66.7 68.5 63.4 66.9 50.9 56.3 61.2 65.1 61.7 59.4 56.9 66.0
CheckEval 71.1 74.6 72.3 80.9 59.2 63.5 74.5 73.6 71.1 65.8 65.0 79.0
RocketEval 70.0 72.9 68.7 72.4 54.8 59.7 65.8 69.0 66.9 63.9 61.4 70.4
UCS (EN) 74.4 82.7 79.5 85.0 57.7 61.7 68.4 73.4 72.1 68.9 66.7 78.9

Llama70b

Zero-shot 69.9 70.3 68.0 73.8 55.6 57.9 65.3 73.2 60.4 63.4 62.8 75.8
CoT 67.1 72.2 68.4 69.7 56.6 58.2 64.8 75.3 60.7 64.7 62.3 75.8
AG 75.4 76.4 74.0 80.8 58.2 59.0 68.7 77.6 63.2 66.1 67.3 77.5
ChatEval 68.4 71.3 66.1 69.8 53.9 57.4 63.9 68.9 64.8 62.1 59.8 69.6
CheckEval 72.8 76.6 72.1 80.2 59.2 59.2 69.5 77.1 65.4 63.8 67.8 73.9
RocketEval 71.8 74.9 70.5 73.9 57.1 61.0 67.9 72.3 69.5 66.3 64.0 73.1
UCS (EN) 77.3 80.8 82.1 84.5 63.5 56.5 72.1 74.0 73.2 67.4 66.1 77.7

OSS-120B

Zero-shot 79.2 83.6 79.3 81.5 64.1 67.6 82.0 78.6 74.9 74.2 69.4 85.1
CoT 78.3 82.9 78.8 80.9 64.7 67.0 81.4 79.4 74.1 73.9 69.9 83.8
AG 79.4 84.1 79.0 82.1 65.2 66.7 82.6 79.7 75.0 74.6 69.7 85.3
ChatEval 73.1 74.2 64.9 66.1 58.3 65.4 69.4 74.0 65.7 66.8 58.0 71.4
CheckEval 78.6 83.8 78.5 81.9 65.7 67.9 82.1 79.1 75.2 75.0 69.1 84.7
RocketEval 78.9 84.1 78.9 82.3 66.0 68.2 82.4 79.3 75.4 75.2 69.4 85.0
UCS (EN) 79.4 83.9 79.7 81.9 64.4 67.8 82.4 79.0 75.1 74.6 69.7 85.6

Table 5: Balanced Accuracy (BA) of all baselines and criteria set judges across languages on MEMERAG and
mFACE.

Figure 4: Relationship between English–target criteria importance alignment.

module generally achieves higher performance, al-1108

though LLM aggregation remains competitive in1109

some cases.1110

E Prompts1111
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Method DE FR ES HI

Zero-shot 77.2±0.4 77.5±1.3 77.5±0.9 74.4±1.1
CoT 73.0±1.2 76.2±0.5 76.2±1.4 74.1±0.8
AG 77.2±0.7 80.6±1.1 76.1±0.4 78.0±1.4
ChatEval 71.8±1.5 73.0±0.6 60.9±1.9 62.4±0.7
CheckEval 76.1±0.5 80.7±1.4 74.8±0.7 78.4±1.1
RocketEval 76.4±1.9 81.0±1.2 75.9±1.7 79.1±1.4
UCS (EN) 79.7±0.6 84.3±1.1 80.0±0.4 82.2±1.2

Table 6: Balanced Accuracy (BA) on MEMERAG for Qwen-235B, reported as mean ± standard deviation over 3
runs.

Method AM MY FR SW TH AR HI ES

Zero-shot 54.7±0.7 70.2±1.3 74.3±0.6 73.0±1.1 72.6±0.4 69.7±1.4 68.0±1.0 77.9±0.6
CoT 58.7±1.4 68.5±0.6 72.8±1.2 77.5±0.5 71.4±1.1 69.2±0.5 69.4±1.6 74.4±0.8
AG 59.3±0.8 67.4±1.5 76.6±0.7 77.7±1.1 72.6±0.6 70.7±1.2 69.0±0.7 79.5±1.2
ChatEval 51.1±1.6 65.5±0.9 68.4±1.3 74.0±0.5 63.9±1.8 66.1±0.6 55.7±1.1 70.3±1.5
CheckEval 60.8±1.3 68.9±0.4 74.9±1.6 76.8±0.7 75.1±1.1 73.4±0.8 65.8±1.5 76.4±0.6
RocketEval 61.2±2.1 69.2±1.1 75.4±1.7 77.0±1.3 74.9±1.6 72.9±2.0 66.9±1.4 78.1±1.8
UCS (EN) 64.7±1.0 67.7±1.4 82.4±0.6 79.0±1.3 75.1±0.4 74.6±1.2 70.0±0.7 85.5±1.0

Table 7: Balanced Accuracy (BA) on mFACE for Qwen-235B, reported as mean ± standard deviation over 3 runs.

Dataset Lang. UCS (transfer) UCS (LLM)

MEMERAG

DE 79.7 76.9
FR 84.3 78.9
ES 80.0 77.2
HI 82.2 75.9

mFACE

AM 64.7 62.5
MY 67.7 69.6
FR 82.4 82.3
SW 79.0 78.4
TH 75.1 74.9
AR 74.6 73.1
HI 70.0 68.8
ES 85.5 84.5

Table 8: Comparison of threshold-based training classifier and LLM-based aggregation of intermediate criteria
representations for final judgment.
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Summary Evaluation Questions
Factual Accuracy (6 questions)

1. Does the summary include any claims that are not explicitly supported by information in the source document?

2. Does the summary contradict any specific fact, detail, or relationship stated in the source document?

3. Are events, actions, or attributes in the summary correctly attributed to the individuals, entities, or sources named in the source document?

4. Does the summary present speculative, uncertain, or conditional information from the source as definitive or certain?

5. Does the summary accurately reflect the relative importance or prominence of key points as presented in the source document?

6. Does the summary introduce numerical data, statistics, or quantitative claims that differ from those in the source document?

Contradiction Detection (6 questions)

7. Does the summary attribute a claim, opinion, or action to a source or entity that is not supported or explicitly stated in the source document?

8. Does the summary present a possibility or uncertainty as a definitive fact, thereby increasing the level of certainty beyond what is expressed in the source document?

9. Does the summary state that an event occurred, or a condition exists, when the source document explicitly indicates it did not happen or was not the case?

10. Does the summary include a causal relationship between two events that is not stated, implied, or supported by the source document?

11. Does the summary report a numerical value, statistic, or quantitative detail that contradicts the figures provided in the source document?

12. Does the summary describe an action or outcome as having happened in the past when the source document states it is planned, proposed, or speculative?

Claim Support (6 questions)

13. Does the summary include any claims that are not explicitly supported by evidence or statements in the source document?

14. Are there any statements in the summary that directly contradict information provided in the source document?

15. Does the summary attribute actions, opinions, or statements to individuals or entities that are not assigned to them in the source document?

16. To what extent does the summary present speculative or conditional information from the source as definitive or certain?

17. Does the summary introduce new causal relationships or implications between events that are not stated or logically supported in the source document?

18. Are key details in the summary distorted in a way that alters the meaning or significance of the information presented in the source document?

Misrepresentation Identification (6 questions)

19. Does the summary attribute a claim, opinion, or action to a source or entity that is not supported or explicitly stated in the source document?

20. Does the summary present a speculative or conditional statement from the source as a definitive fact?

21. Does the summary include a key event, outcome, or statistic that is not mentioned or implied in the source document?

22. Does the summary reverse, invert, or otherwise distort the causal or temporal relationship between two events described in the source document?

23. Does the summary exaggerate the strength, scope, or certainty of a finding, trend, or conclusion beyond what is stated in the source document?

24. Does the summary omit a critical qualifying condition, limitation, or exception present in the source that changes the interpretation of the information?

Certainty Calibration (6 questions)

25. Does the summary present a claim as certain or definitive when the source document expresses it as uncertain, tentative, or conditional?

26. Does the summary introduce a level of confidence or precision (e.g., “proves,” “definitely,” “exactly”) in a claim that is not supported by the degree of certainty used in the source
document?

27. Are probabilities, frequencies, or likelihoods in the summary accurately reflected in terms of their magnitude and wording compared to the source document (e.g., “likely” vs.
“possible” vs. “certain”)?

28. Does the summary omit hedging language (e.g., “may,” “suggests,” “appears to”) present in the source, thereby overstating the strength of a conclusion?

29. To what extent does the summary mirror the source document’s attribution of claims to specific agents, studies, or evidence, without shifting responsibility or generalizing to broader
consensus?

30. Does the summary elevate a hypothesis, preliminary finding, or speculative idea from the source to the status of an established fact?
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Evidence Support Evaluation Questions
Factual Accuracy (6 questions)

1. To what extent does the evidence directly support the key claims in the answer, with no unsupported assertions?

2. How well do the retrieved passages contradict or fail to support any statements in the answer?

3. To what degree does the answer avoid overgeneralizing or making broad inferences beyond what is stated in the evidence?

4. How precisely does the answer align with the specificity (e.g., timeframes, quantities, conditions) provided in the evidence?

5. To what extent are all named entities, events, and relationships in the answer accurately reflected in the evidence passages?

6. How well does the answer refrain from introducing plausible but unverified details not present in the evidence?

Completeness of Support (6 questions)

7. To what extent does the evidence directly support all key claims in the answer, with no unsupported assertions?

8. How well do the retrieved passages contain specific details or examples that match the level of specificity in the answer?

9. To what degree does the evidence fully cover the scope of the answer, including all sub-claims or components mentioned?

10. How consistently do the passages align with the answer without introducing contradictions or conflicting information?

11. To what extent does the answer avoid overgeneralizing beyond what is reasonably supported by the evidence?

12. How well do the passages provide sufficient context or explanation to justify causal or inferential claims made in the answer?

Specificity Alignment (6 questions)

13. To what extent does the answer reflect the same level of specificity as the evidence, avoiding unwarranted generalizations or oversimplifications?

14. How well do the key claims in the answer map directly to specific details or data points in the evidence, rather than relying on vague or peripheral information?

15. To what degree does the evidence support the precise scope (e.g., time frame, population, location) asserted in the answer without overextension?

16. How closely does the answer avoid introducing concepts or conclusions that are more specific than what is warranted by the evidence?

17. To what extent are named entities, quantities, or relationships in the answer explicitly grounded in corresponding specific mentions within the evidence?

18. How well does the answer maintain alignment with the evidence by neither omitting critical qualifying conditions nor adding unsupported qualifiers?

Consistency with Evidence (6 questions)

19. To what extent does the evidence directly support the key claims in the answer, with no unsupported assertions?

20. How well do the retrieved passages contradict or conflict with any statements in the answer?

21. To what degree does the answer avoid overgeneralizing beyond the scope or specificity of the evidence provided?

22. How closely does the answer align with the factual details and context present in the evidence, avoiding subtle distortions or misrepresentations?

23. To what extent can each component of a multi-part answer be individually justified by at least one evidence passage?

24. How well does the answer reflect the certainty level (e.g., tentative, definitive) expressed in the evidence, without introducing unwarranted confidence or ambiguity?

Source Attribution (6 questions)

25. To what extent does the evidence explicitly attribute the claim to a credible source or original provider of information?

26. How well do the retrieved passages support the specificity of the claim, without introducing unsupported details or omitting critical qualifiers present in the source?

27. To what degree is the claim directly verifiable from the cited evidence, rather than requiring inference beyond what the source states?

28. How consistently does the answer reflect the source’s intended meaning, avoiding misrepresentation or overgeneralization of the evidence?

29. To what extent does the evidence rule out contradictions or significant discrepancies with the claim being made?

30. How clearly is the connection between the evidence and the claim articulated, such that the support is traceable and transparent?

Concept Generation - MEMERAG

"system_prompt": "You are an evidence-grounding evaluator. Your goal is to identify key verification
concepts for checking whether answers are supported by evidence."

"task_prompt": "Generate 3–5 distinct verification concepts that are essential for
evaluating whether an answer is supported by evidence passages.\n\nGuidelines:\n- Concepts
should cover different aspects of evidence grounding (e.g., factual accuracy, completeness,
specificity, consistency, source attribution).\n- Each concept should be general enough
to apply across different topics and domains.\n- Concepts should target different
failure modes where answers might not be properly supported.\n- Keep concepts
concise (2–5 words each).\n\nReturn exactly this format:\n\n<concepts>\n<concept1>[Concept
name]</concept1>\n<concept2>[Concept name]</concept2>\n...\n</concepts>"
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Question Generation - MEMERAG

"system_prompt": "You are an evidence-grounding evaluator. Your goal is to generate reusable
verification questions for checking whether an answer is supported by retrieved evidence passages."

"task_prompt": "**Verification Concept:** concept4–6 clear, diverse, and reusable evaluation
questions for verifying whether an answer is supported by evidence with respect to the concept
’concept’. These questions will later be scored on a **0–10 scale indicating degree of evidence
support**.:- Focus on whether an **answer is supported by evidence passages**.- Questions must
be reusable across different topics and documents.- Cover different **evidence-grounding failure
modes** (e.g., unsupported claims, contradictions, overgeneralization, specificity mismatch).-
Each question should be written to support **graded (partial-to-full) scoring**, not just yes/no
judgments.- Each question should target a distinct verification angle.- Wording should be concise
and evaluative (e.g., T̈o what extent is the claim supported by the evidence. . . ,̈ Ḧow well

do the passages justify. . . )̈.exactly this format:<questions><question1>: [Universal evaluation
question]</question1>...</questions>"

Question Application - MEMERAG

"system_prompt": "You are an evidence-grounding evaluator. Your task is to determine whether an
answer is supported by the provided evidence passages."

"task_prompt": "**Evidence Passages:**\n {context}\n\n **Answer:** {answer_segment}\n
**Verification Concept:** {concept}\n\n **Evaluation Questions:**\n {questions}\n\n For each
question, assign a score from **0–10** indicating how well the evidence supports the answer
with respect to that question.\n\n Base all judgments strictly on the provided evidence
passages. Do not assume any external knowledge.\n\n Return exactly this format:\n\n <evaluation>\n
{questions_format_example}\n </evaluation>"
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Concept Generation - mFACE

concept_generation
"system_prompt": "You are an expert factual faithfulness evaluator. Your goal is to identify
key faithfulness concepts for checking whether summaries are factually faithful to their source
documents."

"task_prompt": "Generate 3–5 distinct faithfulness concepts that are essential for evaluating
whether a summary is factually faithful to its source document.\n\nGuidelines:\n- Concepts
should cover different aspects of factual faithfulness (e.g., factual accuracy, contradiction
detection, unsupported claims, misrepresentation, distorted certainty).\n- Each concept should be
general enough to apply across different topics and domains.\n- Concepts should target different
failure modes where summaries might not be properly supported by source documents.\n- Keep
concepts concise (2–5 words each).\n\nReturn exactly this format:\n\n<concepts>\n<concept1>[Concept
name]</concept1>\n<concept2>[Concept name]</concept2>\n...\n</concepts>"

Question Generation - mFACE

question_generation
"system_prompt": "You are an expert factual faithfulness evaluator. Your role is to construct
high-quality, reusable evaluation questions that test whether summaries are factually faithful to
their source documents."

"task_prompt": "**Faithfulness Concept:** {concept}\n\nGenerate exactly 6 clear, diverse, and
reusable evaluation questions for the faithfulness concept ’{concept}’. Each question must
require direct comparison between a summary and its source document to assess factual support,
contradiction, or distortion under this concept.\n\nAnnotation Guidance to Apply While Writing
Questions:\n- The question must be answerable ONLY by checking the source document.\n- The
question should detect one of the following: unsupported claims, contradiction, misrepresentation,
distorted certainty, or incorrect attribution.\n- The question must not depend on surface form
(grammar, fluency, style, or verbosity).\n\nGuidelines:\n- Every question must explicitly or
implicitly require verification against the source document.\n- Do NOT ask about readability,
grammar, fluency, writing quality, or length.\n- Questions must be context-independent and
reusable across domains.\n- All questions must stay strictly within the given faithfulness
concept, but vary the factual scenario or common error pattern being tested.\n- Avoid
redundancy: each question should target a distinct factual failure mode.\n- Wording must be
concise, unambiguous, and evaluative (e.g., \"Does the summary. . . \" or \"To what extent does
the summary. . . \").\n\nReturn exactly this format:\n\n<questions>\n<question1>\nQuestion:
[Universal evaluation question]\n</question1>\n\n<question2>\nQuestion: [Universal
evaluation question]\n</question2>\n\n<question3>\nQuestion: [Universal evaluation
question]\n</question3>\n\n<question4>\nQuestion: [Universal evaluation
question]\n</question4>\n\n<question5>\nQuestion: [Universal evaluation
question]\n</question5>\n\n<question6>\nQuestion: [Universal evaluation
question]\n</question6>\n</questions>"

Question Application - mFACE

question_application
"system_prompt": "You are an expert factual faithfulness evaluator. Your task is to score a summary
against its source document using predefined faithfulness evaluation questions."

"task_prompt": "**Source Document:**\n{context}\n\n**Summary:** {answer_segment}\n\n**Faithfulness
Concept:** {concept}\n\n**Evaluation Questions:**\n{questions}\n\nFor each question, evaluate
whether the summary is factually faithful to the source document under that question.\n\nWhile
scoring, explicitly consider whether the summary:\n- Contains information not stated in
or directly inferable from the source\n- Contradicts the source\n- Introduces unsupported
details\n- Misrepresents entities, quantities, relationships, or certainty\n- Overgeneralizes,
narrows, or distorts scope\n\nAssign a score from 0–10 for each question:\n- 0 = Completely
unfaithful (clear contradiction, fabrication, or unsupported claim)\n- 10 = Completely
faithful (fully supported, correctly represented, no distortion)\n\nRules:\n- Base every score
strictly on evidence from the source document.\n- Ignore grammar, fluency, style, and
summary length.\n- Penalize both direct hallucinations and subtle distortions of meaning or
certainty.\n\nProvide a brief, evidence-based justification for each score.\n\nReturn exactly this
format:\n\n<evaluation>\n{questions_format_example}\n</evaluation>"
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