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Abstract001

Translating natural language to First-Order002
Logic (NL2FOL) is crucial for logic-based rea-003
soning, but most existing models and bench-004
marks focus on English, leaving cross-lingual005
generalization underexplored. In this study,006
we present the first comprehensive investiga-007
tion of cross-lingual robustness in NL2FOL.008
To support this, we introduce Multi-MALLS,009
the first multilingual benchmark for NL2FOL,010
which extends the widely-used MALLS dataset011
with high-quality translations into multiple lan-012
guages. Using Multi-MALLS, we observe that013
state-of-the-art models experience a significant014
performance drop when applied to non-English015
inputs, highlighting the lack of robustness. To016
address this, we propose MA-FOL, a multi-017
agent framework that improves generalization018
without requiring any training on target lan-019
guages. By decomposing the task into three020
modules, a language-agnostic structure genera-021
tor, a language-specific predicate combiner, and022
a refinement component, MA-FOL achieves023
robust zero-shot generalization across diverse024
linguistic inputs. Additionally, we show that025
traditional evaluation metrics, such as Exact026
Match, often fail to assess semantic correctness.027
To remedy this, we introduce large language028
models (LLMs)-Judged Semantic Equivalence029
(SE), a new metric that leverages LLMs to030
evaluate whether generated formulas preserve031
the intended meaning. Extensive experiments032
demonstrate that MA-FOL outperforms strong033
baselines on Multi-MALLS, without any mul-034
tilingual fine-tuning. The SE metric further re-035
veals semantic correctness that traditional met-036
rics miss. Overall, our work provides a bench-037
mark to test robustness of NL2FOL, a frame-038
work to improve it, and a metric to evaluate it039
more effectively.040

1 Introduction041

Translating natural language into First-Order Logic042

(NL2FOL) is a long-standing and foundational task,043

serving as a critical component for various logic- 044

based natural language processing (NLP) applica- 045

tions such as textual entailment and natural lan- 046

guage reasoning. The field has progressed from 047

early rule-based systems (Zettlemoyer and Collins, 048

2005; Abzianidze, 2017; Barker-Plummer et al., 049

2009) to neural sequence-to-sequence models and, 050

more recently, paradigms leveraging the power 051

of large language models (LLMs) (Ouyang et al., 052

2022; Brown et al., 2020; Radford et al., 2018; 053

Devlin et al., 2019; Touvron et al., 2023). While 054

recent advances in LLMs have improved NL2FOL 055

translation performance, most existing models and 056

benchmarks are predominantly focused on English. 057

These systems are typically trained or fine-tuned on 058

English-only corpora and implicitly learn English- 059

specific syntactic and lexical patterns. As a result, 060

they struggle to generalize across languages, expos- 061

ing a critical weakness in terms of cross-lingual 062

robustness. Moreover, current evaluation datasets 063

rarely test a model’s behavior under linguistic vari- 064

ation, and there is a lack of dedicated benchmarks 065

to assess multilingual generalization. 066

To better understand and address the above- 067

mentioned challenges, we construct Multi- 068

MALLS, the first multilingual benchmark for 069

NL2FOL in the community. Multi-MALLS 070

extends the high-quality English MALLS 071

dataset (Yang et al., 2023) to five additional 072

languages, providing a diverse evaluation bed for 073

measuring multilingual generalization. Then, we 074

conduct the first systematic study on multilingual 075

robustness for NL2FOL. Our investigation reveals 076

that models trained or fine-tuned on English data 077

experience significant performance degradation 078

when tested on textual inputs from other languages. 079

These findings suggest that the existing paradigm 080

for NL2FOL modeling lacks robustness in 081

real-world, multilingual scenarios. 082

To fill this gap,We propose a fully training- 083

free, modular framework named the Multi-Agent 084
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Framework for First-Order Logic (MA-FOL). Un-085

like previous approaches that rely on monolithic086

end-to-end training, MA-FOL operates entirely087

via prompt-based reasoning and requires no fine-088

tuning or supervision in the target language. It de-089

composes the NL2FOL task into three specialized090

modules: A Skeleton Generator, which extracts091

the language-agnostic logical structure of the input092

sentence. A Predicate Combiner, which grounds093

the structure with language-specific predicates and094

constants. A Dynamic Optimizer, which refines095

and canonicalizes the resulting FOL expression for096

logical consistency and readability. This modu-097

lar design enables MA-FOL to perform zero-shot098

cross-lingual generalization by decoupling struc-099

tural reasoning, lexical variation, and post-hoc re-100

finement.101

We also observe that standard metrics such as102

Exact Match (EM) are insufficient for assessing103

semantic correctness. These metrics penalize any104

deviation from a reference output, even if the gen-105

erated FOL is logically equivalent. To solve this,106

we propose a novel metric called LLM-Judged107

Semantic Equivalence (SE), which uses powerful108

LLMs to compare the meaning of the predicted and109

reference FOL expressions in the context of the110

original NL input.111

In summary, our contributions are threefold:112

• We construct Multi-MALLS, the first mul-113

tilingual benchmark for evaluating NL2FOL114

robustness across six languages.115

• We propose MA-FOL, a novel training-free116

multi-agent framework that improves zero-117

shot cross-lingual performance via modular118

reasoning.119

• We introduce LLM-Judged Semantic Equiv-120

alence (SE), a more faithful evaluation metric121

that captures the semantic correctness of logi-122

cal outputs beyond surface-form matching.123

Extensive experiments demonstrate that MA-FOL,124

despite requiring no training, significantly out-125

performs existing state-of-the-art models that126

are fine-tuned on English, when evaluated on127

cross-lingual NL2FOL tasks in Multi-MALLS. The128

SE metric further reveals semantic accuracy that is129

often overlooked by traditional evaluation methods.130

2 Related Work131

Natural Language to First-Order Logic.132

NL2FOL translation has evolved from early133

grammar-based systems (Zettlemoyer and Collins, 134

2005; Bos and Markert, 2005) to neural sequence- 135

to-sequence models (Dong and Lapata, 2016; 136

Singh et al., 2020). More recently, LLMs have 137

achieved strong results via fine-tuning (Xu et al., 138

2024; Yang et al., 2023) or by reframing the task 139

as code generation (Liu, 2025). However, this 140

progress has been overwhelmingly monolingual, 141

with datasets like FOLIO (Han et al., 2022) and 142

MALLS (Yang et al., 2023) being English-only. 143

This leaves the critical challenge of cross-lingual 144

generalization unaddressed, a gap we tackle with 145

Multi-MALLS and MA-FOL. 146

Cross-Lingual Semantic Parsing. While cross- 147

lingual transfer is a major theme in NLP, supported 148

by foundational work in pretraining (Conneau and 149

Lample, 2019) and standardized benchmarks (Sid- 150

dhant et al., 2020; Ruder et al., 2021), efforts in 151

semantic parsing have largely targeted shallower 152

representations like SQL or SPARQL. Zero-shot 153

generalization for highly expressive formalisms 154

like FOL remains underexplored. To our knowl- 155

edge, our work is the first to systematically evalu- 156

ate and improve cross-lingual NL2FOL robustness 157

without requiring multilingual supervision. 158

Evaluation Metrics for Logic-Based Parsing. 159

Standard metrics such as Exact Match (EM) are 160

often too brittle. Logical Equivalence (LE) (Yang 161

et al., 2023) offers an improvement by comparing 162

truth tables but still penalizes semantically valid 163

reformulations (e.g., predicate merging). Recent 164

work has demonstrated the promise of using LLMs 165

as semantic evaluators (Gu et al., 2024). Inspired 166

by this, we propose LLM-Judged Semantic Equiv- 167

alence (SE) to better capture the semantic correct- 168

ness of generated logic in context. 169

Prompt-Based Modular Reasoning with LLMs. 170

Advanced prompting strategies, including Chain- 171

of-Thought (Wei et al., 2022; Yao et al., 2023) and 172

modular or multi-agent frameworks (Chen et al., 173

2024; Lalwani et al., 2024), have enhanced LLM 174

reasoning by decomposing complex tasks. How- 175

ever, these techniques remain underexplored for 176

structured generation tasks like NL2FOL, espe- 177

cially in multilingual settings. Our MA-FOL frame- 178

work applies this decomposition principle, using 179

prompt-driven agents to separate language-agnostic 180

logical structure from language-specific predicates, 181

thereby enhancing zero-shot cross-lingual robust- 182

ness. 183
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Dataset Source # Pairs Languages FOL Operator Counts

∀ ∃ ¬ ∧ ∨ → ↔ ⊕

FOLIO Expert-written ∼2k English 1,111 182 421 631 167 1,137 17 121
LogicNLI Synthetic ∼12k English 2,783 5,327 10,230 6,590 2,373 8,712 3,288 0
MALLS Machine-gen. 34k English 32,865 2,036 4,567 30,143 6,402 30,667 3,726 2,150

Multi-MALLS (Ours) Machine-gen. + 34k × 6 Multiple (6) 32,865 2,036 4,567 30,143 6,402 30,667 3,726 2,150
Human Check

Table 1: Comparison of Multi-MALLS with other NL2FOL benchmarks, including counts of FOL operators.

Figure 1: Statistical analysis of the Multi-MALLS dataset across languages.

3 The Multi-MALLS Dataset184

3.1 Overview185

To facilitate research on cross-lingual NL2FOL186

translation, we introduce Multi-MALLS. The core187

design principle of Multi-MALLS is to create a188

“many-to-one” mapping, where natural language189

sentences from multiple languages correspond to190

a single, canonical FOL expression. This setup191

provides an ideal testbed for evaluating a model’s192

ability to remain robust to different linguistic sur-193

faces while preserving a common logical ground.194

3.2 Dataset Construction with Human195

Refinement196

Our construction process is grounded in the high-197

quality English NL-FOL pairs from the MALLS198

dataset (Yang et al., 2023). To ensure the multi-199

lingual data maintains high linguistic quality and200

avoids the “translationese” often found in raw201

machine translation, we implemented a rigorous202

Human-in-the-Loop pipeline. The process is as203

follows:204

1. Source Data: We utilize the original English205

NL-FOL pairs from MALLS as the semantic206

anchor.207

2. Step 1: MT Initialization: We utilized208

qwen3-30b via the DashScope API as an ini-209

tialization step to obtain baseline translations.210

We employed a context-aware prompting strat- 211

egy that included the logical form to guide the 212

model towards semantically accurate transla- 213

tions. 214

3. Step 2: Expert Verification and Refinement: 215

To mitigate machine translation artifacts, we 216

employed native-speaker experts (qualifica- 217

tions detailed in Appendix A.1) to review 218

and polish the MT outputs. Experts were in- 219

structed to perform two specific tasks: 220

• Polishing for Fluency: Reviewers cor- 221

rected grammatical errors and refined un- 222

natural phrasing to ensure the sentences 223

sound fluent to native speakers. 224

• Logic Verification: Reviewers verified 225

that the translated sentence strictly aligns 226

with the truth conditions of the original 227

First-Order Logic expression. 228

This human refinement step ensures that the 229

dataset captures correct semantics without be- 230

ing limited by the rigidity of raw machine 231

translation. 232

4. Step 3: Quality Control: Any samples con- 233

taining ambiguous translations or factual er- 234

rors that could not be easily corrected were 235

discarded to maintain the benchmark’s relia- 236

bility. 237
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3.3 Dataset Statistics238

Table 1 shows that while previous benchmarks239

(Tian et al.; Yang et al., 2023; Han et al., 2022) are240

exclusively in English, Multi-MALLS introduces241

five additional languages, creating a large-scale242

parallel corpus crucial for evaluating models with243

robust cross-lingual capabilities.244

3.4 Analysis Methods245

To quantify the linguistic characteristics of Multi-246

MALLS, we employed a series of standard au-247

tomated analysis methods (Jurafsky and Martin,248

2023), primarily based on the spaCy library (Hon-249

nibal et al., 2020) and its pre-trained models for250

each respective language.251

• Sentence Length for most languages was de-252

fined as the number of words after removing253

punctuation. Considering the characteristics254

of their writing systems, we used the total255

number of tokens for Chinese and Japanese.256

• Vocabulary Size was determined by counting257

the number of unique, case-insensitive, non-258

punctuation tokens in the entire corpus for259

each language.260

• Syntactic Complexity was measured by the261

average dependency depth. We used spaCy’s262

dependency parser, which is based on the Uni-263

versal Dependencies framework (Nivre et al.,264

2016), to generate a syntactic tree for each sen-265

tence and then calculated the maximum path266

length from the root of the tree to its furthest267

leaf node. This metric reflects the grammat-268

ical nesting and structural complexity of the269

sentences.270

• NL-FOL Correlation was calculated to ver-271

ify the semantic consistency of the dataset.272

We computed the Pearson correlation coeffi-273

cient (James et al., 2013) between sentence274

length and FOL complexity. Here, FOL com-275

plexity was quantified as the number of predi-276

cates in each logical expression.277

3.5 Dataset Analysis278

The results of our analysis are summarized in Fig-279

ure 1. They reveal several key insights into the280

dataset’s nature and the challenges it poses.281

First, the dataset exhibits significant diversity in282

surface-form properties. For instance, the average283

sentence length in Japanese (24.73) is nearly dou- 284

ble that of Russian (13.58), and the vocabulary size 285

in Russian (30,776) is substantially larger than in 286

other languages, likely due to its rich morphology. 287

This demonstrates that a robust model must han- 288

dle considerable variations in verbosity and lexical 289

diversity. 290

Second, the syntactic complexity, measured by 291

average dependency depth, also varies widely. Ger- 292

man (6.57) and Japanese (6.02) show the most com- 293

plex grammatical structures on average, while Chi- 294

nese (4.81) is the most syntactically concise. This 295

diversity in syntactic structure poses a significant 296

challenge for parsing and motivates the design of 297

our Skeleton Generator, which must extract a com- 298

mon logical structure from these varied inputs. 299

Finally, and most importantly, the correlation 300

between sentence length and FOL complexity is 301

consistently positive and stable across all languages 302

(ranging from 0.538 to 0.591). This indicates 303

that our translation pipeline successfully preserved 304

the core relationship between linguistic expression 305

and logical complexity. This consistency validates 306

Multi-MALLS as a high-quality and reliable bench- 307

mark for evaluating the semantic understanding and 308

robustness of NL2FOL models. 309

4 MA-FOL: A Modular Framework for 310

Cross-Lingual Robustness 311

4.1 Core Idea: Decoupling and Refinement 312

To address the challenge of cross-lingual general- 313

ization in NL2FOL translation, we propose MA- 314

FOL (Multi-Agent Framework for FOL), a novel, 315

training-free modular framework. Existing models 316

often exhibit a sharp performance degradation on 317

non-English inputs, a problem rooted in the entan- 318

glement of language-specific syntactic and lexical 319

patterns with language-agnostic logical structures. 320

The core design principle of MA-FOL is decou- 321

pling. It employs a “generate-then-refine” strategy 322

(illustrated in Figure 2) to decompose the complex 323

translation process into complementary sub-tasks: 324

1. Language-Agnostic Logical Structuring: 325

Identifying the abstract logical relationships 326

independent of any specific language. 327

2. Language-Specific Lexical Grounding: 328

Mapping concrete semantic meanings into the 329

abstract logical structure. 330

The framework’s design is inspired by recent work 331

demonstrating the efficacy of in-context learning 332
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Multilingual NL Input

Skeletion 

Generator

( ) ( ) ( )( )1 2 3x P x P x P x  →

Combiner

Any Input

Empty skeleton:

Instructions:

Extract the pure logical skeleton.

Studenten 

lernen fleißig, 

daher bestehen 

Examen.

Instructions: 

Fills placeholders in the FOL skeleton.

Proposed FOL:

Input

Example

Input

Example

Input

Example

Input

Example

Refiner

Studenten lernen fleißig, 

daher bestehen  Examen.

Input

Example

Input

Example

EN

ZH

JA

…

Exemplar

Template1
EN: A police officer who patrols keeps us safe. 

ZH: 巡逻的警察能保安全。 
RU: Патрулирующий полицейский охраняет.

JA:  巡回する警官は安全を守る。
FR: Un policier qui patrouille protège.

DE: Ein Polizist, der patrouilliert, schützt.

…

Input

Example

Input

Example

Studenten lernen fleißig, daher 

bestehen  Examen.

Template:
EN: A police officer who patrols keeps us safe. 

TL: Ein Polizist, der patrouilliert, schützt. 

Final Standardized FOL

Input

Example

Input

Example

FOL:

FOL:

Studenten lernen fleißig, 

daher bestehen Examen.

Instructions:

Match and generate standerdized FOL.
Instructions:

Refine the proposed FOL.

Pred  :

ConJ :

Cond :

Template N

…

→

( )P x



… …

Language 

Match 

Check

( ) ( ) ( )( )x Police x Patrols x KeepsSafe x  →

( ) ( ) ( )( )x Police x Patrols x KeepsSafe x  →

( ) ( )( )x StudentLearn x PassExam x →

( ) ( )

( )

Student x Learn x
x

PassExam x

 
  

 → 

Figure 2: The architecture of our Multi-Agent Framework (MA-FOL). The process is decomposed into specialized
components designed to handle different aspects of linguistic variation, enhancing cross-lingual robustness. MA-
FOL adopts a fully training-free pipeline with three modules: the Skeleton Generator for extracting logical form,
the Combiner for grounding predicates, and the Exemplar-based Refiner for template-based optimization and
standardization.

and code generation for solving complex symbolic333

transformation tasks without fine-tuning.334

4.2 Stage 1: Multi-Agent Generation335

In the first stage, we deploy two specialized agents336

to handle the two primary sources of cross-lingual337

variance: syntactic and lexical.338

Component 1: Logical Skeleton Generator339

This component is designed to overcome syntac-340

tic variation across languages. Whether the input341

is English, “Every dog barks”, or German, “Jeder342

Hund bellt”, the underlying logical structure re-343

mains identical. This agent’s task is to extract this344

universal, language-agnostic logical “skeleton” and345

represent it as a templated logical form with place-346

holders.347

• Example: For the inputs above, it should con-348

sistently generate ∀x(P1(x) → P2(x)). This349

skeleton serves as a robust intermediate repre-350

sentation, providing a unified structural foun-351

dation for the subsequent grounding step.352

Component 2: Predicate Combiner This com-353

ponent focuses on resolving lexical variation. Its354

task is to bind the placeholders from the previous355

stage (e.g., P1, P2) with concrete semantic con-356

cepts extracted from the original sentence. To con-357

struct a unified semantic space, this agent performs 358

canonicalization on all predicates, mapping them 359

to a standardized English UpperCamelCase format. 360

• Example: A complex concept expressed 361

in Chinese as “shuō duōzhǒng yǔyán de 362

rén” (a person who speaks multiple lan- 363

guages) is canonicalized to the single pred- 364

icate SpeaksMultipleLanguages(x). This 365

ensures that diverse linguistic expressions are 366

mapped to the same logical predicate. 367

4.3 Stage 2: Exemplar-based Refiner 368

After the initial First-Order Logic (FOL) expres- 369

sion, denoted as Fgen, is generated, we introduce 370

an advanced refinement stage that acts as a consis- 371

tency and accuracy debugger. This stage uses an 372

exemplar-based approach to verify and optimize 373

the preliminary output. 374

Template Library Construction and Matching 375

The refiner operates by matching the generated for- 376

mula against a lightweight, data-driven template 377

library. To construct this library, we randomly sam- 378

ple 10 instances from the English MALLS training 379

set. For each instance, we manually abstract its 380

ground-truth FOL into a canonical logical struc- 381

ture, preserving its core operators and patterns. 382
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This process results in a small but powerful set of383

high-quality exemplars, which we call the template384

library P .385

Given a generated formula Fgen, the refiner first386

extracts its abstract logical structure, denoted as387

Structure(Fgen). It then checks if this structure388

matches any of the trusted patterns in the library389

P .390

Decision and Refinement Logic The core logic391

of the refiner is to decide whether to trust the ini-392

tial generation or to correct it based on a known,393

high-quality pattern. The final output, Ffinal, is394

determined by the following rule:395

Ffinal =

{
Refine(Fgen), Structure(Fgen) ∈ Pselect

Fgen, otherwise
(1)396

This logic is implemented through two main path-397

ways:398

• Consistency Enforcement: If the structure399

of the generated formula, Structure(Fgen),400

matches a trusted pattern in the selected set401

Pselected, the framework invokes a refinement402

function, Refine(Fgen). This function regener-403

ates the formula according to the high-quality404

template, ensuring the output adheres to a405

canonical and logically complete form.406

• Exploratory Adoption: If the structure of407

Fgen does not match any known pattern, it408

may represent a novel logical construction. In409

this case, the framework pragmatically adopts410

the initial generation. This mechanism allows411

MA-FOL to handle new linguistic phenom-412

ena flexibly while enforcing consistency for413

common patterns.414

5 Experiments415

5.1 Experimental Setup416

Dataset. To rigorously evaluate cross-lingual ro-417

bustness, all models were fine-tuned exclusively418

on the English MALLS training set. Evaluation419

was performed on a 1,000-sample test set from our420

Multi-MALLS benchmark.421

Baselines. We compare MA-FOL against sev-422

eral strong baselines: LOGICLLAMA (Yang423

et al., 2023), a LLaMA-7B model fine-tuned424

with SFT+RLHF for FOL translation; Symbol-425

LLM (Xu et al., 2024), a LLaMA-2 model426

tuned on a wide range of symbolic tasks; 427

CODE4LOGIC (Liu, 2025), a training-free 428

method that reframes the task as code genera- 429

tion; and a powerful generic LLM (i.e., Qwen- 430

Max (Yang et al., 2025)) using few-shot prompt- 431

ing. 432

Evaluation Metrics. We use two metrics. The 433

first, Logical Equivalence (LE) (Yang et al., 2023), 434

compares truth tables to check for logical equiva- 435

lence and is more robust than Exact Match. How- 436

ever, LE can be overly strict, penalizing semanti- 437

cally correct but syntactically divergent outputs . 438

To illustrate this limitation, consider the following 439

example for the sentence “A red apple is sweet and 440

a green apple is sour, while a yellow apple is a 441

balance between sweet and sour.”: 442

Ground Truth: 443

∀x∀y∀z
(
(RedApple(x) ∧ GreenApple(y)∧

YellowApple(z)) →
((IsSweet(x) ∧ IsSour(y))∧
(IsSweet(z)⊕ IsSour(z)))

) 444

MA-FOL Prediction: 445

∀x(RedApple(x) → Sweet(x))∧
∀x(GreenApple(x) → Sour(x))∧
∀x(YellowApple(x) → BalancedSweetAndSour(x))

446

Here, our model’s output is arguably a more faithful 447

semantic interpretation, correctly identifying the 448

sentence as three independent, universal statements 449

about classes of apples. Despite its correctness, 450

its LE score is 0.0 because its logical structure 451

diverges from the reference. This case perfectly 452

demonstrates the need for a metric that can look 453

beyond syntactic form. 454

To address this, our second, proposed metric is 455

LLM-Judged Semantic Equivalence (SE). We 456

define SE as a formal, hybrid evaluation protocol 457

that rewards semantic correctness while retaining a 458

lexical base. The calculation proceeds as follows: 459

1. Baseline Score Calculation: For each sam- 460

ple, we first compute its Logical Equivalence 461

(LE) score. This score serves as the default 462

or baseline score for the sample. 463

2. Semantic Judgment by Arbitrator: We em- 464

ploy a powerful, third-party LLM (Qwen3- 465

235b-a22b)(Yang et al., 2025) as an impartial 466

semantic judge. The judge is presented with 467

the source NL, the ground-truth FOL, and the 468
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Language LOGICLLAMA-7B Symbol-LLM-7B Symbol-LLM-13B Qwen-Max (FS) MA-FOL (Ours)

LE SE LE SE LE SE LE SE LE SE

English (EN) 0.8937 0.9233 0.9104 0.9358 0.9049 0.9350 0.7592 0.8339 0.8373 0.9093
French (FR) 0.8586 0.8667 0.8211 0.8354 0.7939 0.8134 0.7420 0.7724 0.8255 0.8782
German (DE) 0.8447 0.8505 0.8210 0.8337 0.7625 0.7796 0.7108 0.7384 0.8221 0.8705
Russian (RU) 0.8175 0.8250 0.7239 0.7480 0.5088 0.5341 0.7628 0.8096 0.8353 0.8702
Chinese (ZH) 0.8349 0.8372 0.5219 0.5567 0.4724 0.5037 0.7710 0.8023 0.8395 0.8906
Japanese (JP) 0.8021 0.8051 0.5229 0.5576 0.4691 0.4988 0.7668 0.8105 0.8326 0.8799

Final Score 0.8466 0.7324 0.6647 0.7733 0.8584

Table 2: Main results for the zero-shot cross-lingual evaluation on the Multi-MALLS test set. The baselines consist
of models fine-tuned on English data (LOGICLLAMA, Symbol-LLM) and a large language model performing
English few-shot (FS) prompting (Qwen-Max). Our MA-FOL framework uniquely leverages multilingual
examples in its prompts to enhance robustness. Its superior performance is evident in the LE (Logical Equivalence)
scores and further amplified by the SE (LLM-Judged Semantic Equivalence) scores. A ’Final Score’ (the average of
Average LE and SE) provides a single metric for model comparison.

predicted FOL, and must classify the predic-469

tion into one of three categories: ‘equivalent‘,470

‘prediction_better‘, or ‘truth_better‘.471

3. Conditional Score Replacement: A condi-472

tional replacement mechanism is then trig-473

gered. If the judgment is ‘equivalent’ or474

‘prediction_better’, the sample’s baseline LE475

score is replaced by a dedicated ‘agentscore’,476

which is set to 1.0 to maximally reward the477

semantically correct generation. If the judg-478

ment is ‘truth_better’, the original LE score is479

retained.480

4. Final Score Aggregation: The final SE score481

reported in our results is the average of the482

final scores for all samples in the test set (a483

mix of original LE scores and the rewarding484

‘agentscore’ of 1.0).485

To validate the reliability of our LLM-based judge,486

we conducted a human-LLM agreement study. We487

randomly sampled 100 instances from our test set,488

covering all languages. Two human experts with489

backgrounds in logic and linguistics were asked to490

perform the same three-way classification task as491

the LLM judge. The LLM’s judgments achieved a492

95% agreement rate with the consensus of the hu-493

man experts, with a Cohen’s Kappa of 0.91. This494

high level of agreement confirms that our LLM495

judge serves as a reliable proxy for human evalu-496

ation, validating the credibility of the SE metric.497

The SE protocol combines the formal LE score as498

a rigorous baseline with agent judgment as a flexi-499

ble reward signal, encouraging outputs that capture500

true semantic meaning even when they diverge syn-501

tactically from the ground truth.502

5.2 Main Results and Analysis 503

Our main experimental results, presented in Ta- 504

ble 2, offer compelling evidence for the superior 505

cross-lingual robustness of our proposed MA-FOL 506

framework. We analyze these findings from three 507

key perspectives: 508

Baselines’ Brittleness Confirms the Core Chal- 509

lenge. As hypothesized, all baseline models, 510

which are fine-tuned exclusively on English data, 511

exhibit a significant performance degradation when 512

evaluated on non-English languages. The perfor- 513

mance drop is particularly stark for models like 514

Symbol-LLM on languages syntactically distant 515

from English, such as Chinese and Japanese. For 516

example, Symbol-LLM-7B’s LE score plummets 517

from 0.9104 on English to 0.5219 on Chinese. This 518

confirms our initial hypothesis that monolithic fine- 519

tuning causes models to overfit to the syntactic and 520

lexical patterns of the source language, rendering 521

them brittle against linguistic variation. 522

MA-FOL’s Consistent Performance Demon- 523

strates True Robustness. In stark contrast, MA- 524

FOL maintains remarkably stable and high per- 525

formance across all languages. Its ‘Final Score’ 526

(0.8584) surpasses all baselines, including the 527

strong LOGICLLAMA (0.8466). This consistency 528

is a direct result of our modular design. The Skele- 529

ton Generator successfully abstracts away surface- 530

level linguistic differences (e.g., word order, inflec- 531

tion), while the Predicate Combiner canonicalizes 532

diverse lexical expressions into a unified semantic 533

space. This decoupling strategy is the cornerstone 534

of MA-FOL’s robustness. 535
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The SE Metric Reveals Deeper Semantic Under-536

standing. Crucially, the Semantic Equivalence537

(SE) metric reveals insights that Logical Equiv-538

alence (LE) alone cannot. Across all languages,539

the gap between SE and LE scores is consistently540

larger for MA-FOL than for the baselines. This in-541

dicates that MA-FOL frequently generates logical542

forms that are semantically correct and often more543

concise (e.g., composing ‘Effective’ and ‘Vaccine’544

into ‘EffectiveVaccine’), even if they don’t exactly545

match the ground truth syntax. This ability for in-546

telligent semantic composition is a hallmark of a547

truly robust system, and the SE metric is vital for548

capturing it.549

5.3 Ablation Study550

To dissect the source of MA-FOL’s robustness, we551

conducted an ablation study (Table 3). The results552

clearly demonstrate the synergistic contribution of553

each component.554

The Necessity of the Refiner. Removing the555

Exemplar-based Refiner (w/o Refiner) causes a556

significant drop in performance. This variant often557

produces structurally sound but incomplete formu-558

las, a flaw highlighted in our Case Study where the559

domain predicate Product(x) might be missed.560

This confirms the refiner’s critical role as a final-561

stage verifier for logical completeness and consis-562

tency.563

The Value of Modular Generation. Re-564

moving the multi-agent generation stage (w/o565

Multi-Agent) and relying on a direct prompt to566

the LLM is still inferior to the full framework. This567

shows that while a powerful LLM has strong zero-568

shot capabilities, the structured decomposition569

into skeleton generation and predicate grounding570

provides essential scaffolding that guides the571

model away from common structural errors and572

improves overall precision.573

Configuration LE SE

w/o Refiner 0.7810 0.8125
w/o Multi-Agent 0.8254 0.8772
MA-FOL (Full) 0.8321 0.8831

Table 3: Averaged ablation study results across lan-
guages, comparing model configurations on LE and SE
metrics.

5.4 Case Study 574

To illustrate our framework’s strengths, we ana- 575

lyze a challenging Japanese sentence from Multi- 576

MALLS whose logic hinges on a three-part dis- 577

junction. The ground truth FOL is: 578

∀x(Product(x) ∧ 579
(SustainableMaterials(x) ∨ 580
LowCarbonFootprint(x) ∨ 581
EncouragesConservation(x)) → 582
EcoFriendly(x)) 583

A comparison reveals the brittleness of base- 584

lines: LOGICLLAMA-7B mistook the disjunc- 585

tion for a conjunction (∧); Symbol-LLM-7B failed 586

completely, outputting natural language; Symbol- 587

LLM-13B recognized the disjunction but failed to 588

structure the three predicates correctly; and Qwen- 589

Max (FS) generated incomplete logic by omitting 590

the crucial domain predicate Product(x). 591

In contrast, MA-FOL (Ours) was the only 592

method to produce a logically perfect translation, 593

correctly identifying both the domain predicate and 594

the three-part disjunction: 595

∀x(Product(x) ∧ 596
(MadeOfSustainableMaterials(x) ∨ 597
HasLowCarbonFootprint(x) ∨ 598
PromotesResourceConservation(x)) → . . . ) 599

6 Conclusion 600

In this paper, we address the critical challenge of 601

cross-lingual robustness in NL2FOL translation. 602

We introduce three core contributions: the Multi- 603

MALLS benchmark for multilingual evaluation; 604

the training-free, modular MA-FOL framework, 605

which achieves superior zero-shot performance; 606

and the LLM-Judged Semantic Equivalence (SE) 607

metric for a more faithful evaluation. Our exten- 608

sive experiments show that MA-FOL significantly 609

outperforms strong, English-fine-tuned baselines, 610

demonstrating a new path towards building truly 611

robust language-to-logic systems. The success of 612

our approach stems from its core principle: decou- 613

pling language-agnostic logical structuring from 614

language-specific lexical grounding. 615

Our findings support a shift in semantic parsing 616

to modular, interpretable frameworks, which offer 617

greater robustness and control than brittle end-to- 618

end models. 619

7 Limitations 620

Our work, while providing a new benchmark and a 621

robust framework for cross-lingual NL2FOL, has 622
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several limitations that offer avenues for future re-623

search.624

First, the performance of our training-free MA-625

FOL framework is intrinsically dependent on the626

capabilities of the underlying large language model627

used for its agentic components. While it demon-628

strates strong zero-shot generalization, its success629

is tied to the reasoning power of the backbone LLM,630

and its performance may vary with different mod-631

els. Furthermore, its multi-agent pipeline, which632

requires sequential LLM calls, incurs higher la-633

tency and computational costs compared to a single634

forward pass of a fine-tuned model. The exemplar-635

based refiner also relies on a small, fixed set of 10636

templates, which may not cover all valid logical637

structures, potentially failing to correct errors in638

novel constructions.639

Second, our Multi-MALLS benchmark, while640

being the first of its kind, is constructed via ma-641

chine translation from an English source. Despite642

human verification for logical alignment and flu-643

ency, the resulting sentences may exhibit "transla-644

tionese" and might not fully capture the idiomatic645

and syntactic diversity of natively authored sen-646

tences in the target languages. Additionally, the647

domain and complexity of the NL-FOL pairs are648

inherited from the original MALLS dataset and649

may not encompass more complex, real-world rea-650

soning scenarios.651

Finally, our proposed SE metric’s reliability is652

contingent on the LLM judge. Although we val-653

idate its performance with a human-agreement654

study, the metric’s ultimate accuracy is bounded by655

the judge’s capabilities. The LLM may still have656

inherent biases (e.g., favoring certain logical forms)657

or fail to grasp subtle nuances in highly complex658

logical formulas, potentially leading to evaluation659

errors.660
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A Dataset Details828

Data Samples To provide concrete illustrations829

of the translation challenges and our model’s ca-830

pabilities, we present two representative examples831

selected from the Multi-MALLS test set. Figure 3832

shows a simple conditional structure, while Fig-833

ure 4 demonstrates a more complex biconditional834

case involving disjunction.835

A.1 Human Verification Protocol836

While our FOL-aware prompting strategy yielded837

high-quality translations, we incorporated a crucial838

human verification step to ensure the final dataset’s839

reliability. This process was conducted by language840

experts for each of the five target languages.841

Verifier Qualifications. Verifiers were native842

speakers of the target language with a university-843

level education. While formal training in logic844

was not required, they were selected based on their845

high proficiency in English and their ability to un-846

derstand nuanced semantic instructions.847

Verification Guidelines. Each verifier was pre-848

sented with the original English sentence, the849

ground-truth FOL expression, and the machine-850

translated sentence. They were given the following851

two primary instructions:852

1. Assess Fluency and Naturalness: Is the853

translated sentence grammatically correct, flu-854

ent, and natural-sounding in the target lan-855

guage? Or does it exhibit "translationese"?856

2. Verify Semantic and Logical Alignment:857

Does the translated sentence’s meaning per-858

fectly align with the logical constraints im-859

posed by the FOL formula? For example, if860

the FOL specifies a universal quantifier (∀),861

does the translation correctly express "all" or862

"every"? If the FOL uses a disjunction (∨),863

does the translation accurately reflect an "or"864

relationship?865

Correction and Discarding Protocol. Verifiers866

were instructed to directly correct minor issues867

such as typos or awkward phrasing. If a trans-868

lation was found to be semantically ambiguous,869

factually incorrect, or logically misaligned with the870

FOL, it was flagged. Flagged sentences were then871

reviewed by a senior linguist. If the issue could not872

be resolved with a simple correction, the entire data873

sample (including all its translations) was discarded874

from the final dataset to maintain high quality. Ap- 875

proximately 1.2% of the initial machine-translated 876

samples were discarded during this process. 877

Example of Translation Quality Verification 878

To ensure the quality and logical fidelity of the 879

Multi-MALLS dataset, each translation underwent 880

a verification process. This section provides a con- 881

crete example of this process. The ground truth is 882

established by the original English sentence and its 883

corresponding FOL representation. 884

English NL: "A gemstone can be a diamond, 885
a ruby, or an emerald, but not more than 886
one type of gemstone." Ground Truth FOL: 887

∀x (Gemstone(x) → ((Diamond(x) ∧ 888
¬(Ruby(x) ∨ Emerald(x))) ∨ ... )) 889

Our analysis revealed issues ranging from minor 890

grammatical imperfections to significant factual 891

errors. For this specific example, the most criti- 892

cal issue was a factual mistranslation in the Chi- 893

nese version, where "emerald" (Pinyin: zǔmǔlǔ) 894

was incorrectly translated as "sapphire" (Pinyin: 895

lánbǎoshí). A minor grammatical error was also 896

noted in the French translation. The findings are 897

summarized in Table 4. 898

B Detailed Case Study: Japanese 899

Disjunctive Logic 900

To provide a concrete illustration of our frame- 901

work’s strengths, we analyze a challenging 902

Japanese sentence from the Multi-MALLS test set. 903

This example is particularly insightful as its core 904

logical structure hinges on a three-part disjunction 905

(OR logic), a common feature in natural language 906

that proves difficult for many models. 907

The input sentence is a conditional definition: 908

Japanese NL: Seihin ga jizoku kanō na sozai de 909
tsukurare, tei-tanso futtopurinto o mochi, matawa 910
shigen no hogo o sokushin suru baai, sono seihin 911
wa eko-furendorı̄ desu. 912

English Translation: A product is eco-friendly 913
if it is made from sustainable materials, has a low 914
carbon footprint, or encourages conservation of 915
resources. 916

Ground Truth FOL: ∀x(Product(x) ∧ 917
(SustainableMaterials(x) ∨ 918
LowCarbonFootprint(x) ∨ 919
EncouragesConservation(x)) → 920
EcoFriendly(x)) 921

We compare the outputs of several baseline mod- 922

els against our MA-FOL framework in Figure 5. 923

The comparison shown in Figure 5 is striking. 924

The fine-tuned models either fundamentally mis- 925

understood the core logical operator (‘and‘ vs. 926
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Figure 3: Test Set Example 1: A simple conditional structure. This example tests the model’s ability to correctly
parse the ‘if...then‘ relationship across different languages.

Table 4: Summary of the quality verification for the "gemstone" example. This process was crucial for correcting
errors and ensuring the high quality of the final dataset.

Language Quality Rating Main Issue / Notes

Chinese Low Factual Error: "emerald" (Pinyin: zǔmǔlǔ) was mistranslated as
"sapphire" (Pinyin: lánbǎoshí).

French Medium-High Minor grammatical issue (incorrect gender of the article for "rubis").
Japanese High Accurate and natural translation capturing the exclusive-or logic.
Russian High Accurate and natural translation.
German High Accurate and natural translation.

‘or‘), failed to parse the structure correctly, or927

failed the task entirely. The general-purpose LLM,928

Qwen-Max (FS), performed significantly better929

by correctly identifying the disjunctive structure.930

However, it still produced an incomplete formula931

by omitting the crucial domain-scoping predicate932

Product(x), which specifies that this rule applies933

only to products.934

In contrast, our MA-FOL framework produced935

a logically perfect translation. This case vividly936

demonstrates that MA-FOL’s structured, multi-937

stage process—generation followed by verification938

and refinement—is the key to achieving a level of939

precision and logical completeness that surpasses940

both monolithic fine-tuned models and direct few-941

shot prompting of powerful LLMs.942

C Implementation Details 943

C.1 Experimental Settings and Infrastructure 944

MA-FOL Framework Details The agentic com- 945

ponents of our MA-FOL framework were im- 946

plemented using the Qwen-Max large language 947

model, accessed via the DashScope public API. For 948

all generation tasks, we used a consistent parameter 949

setting to ensure reproducibility: a temperature 950

of 0.1 and a top_p of 0.9. The average latency 951

for processing a single sentence through the entire 952

generate-then-refine pipeline was approximately 953

3.5 seconds on our testing infrastructure. 954

Baseline Models Setup The baseline models 955

used for comparison were evaluated in a zero-shot 956

or few-shot setting without any additional fine- 957

tuning on our dataset. For model-based baselines 958
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Figure 4: Test Set Example 2: A more complex biconditional structure with a disjunctive (‘or‘) clause. This case
challenges the model’s understanding of multiple logical operators and sentence structure.

such as LOGICLLAMA and Symbol-LLM, we959

utilized the publicly available, pre-trained model960

checkpoints provided by their original authors to961

perform direct inference on our Multi-MALLS test962

set. For prompting-based methods such as our963

Qwen-Max (FS) baseline, we followed the few-964

shot prompting methodologies described in their965

respective papers, using examples from the English966

training set as in-context demonstrations. This967

approach ensures a fair comparison of zero-shot968

cross-lingual generalization capabilities against our969

entirely training-free MA-FOL framework. All ex-970

periments were conducted on a server equipped971

with 4 NVIDIA A100 (40GB) GPUs.972

C.2 Agent Prompts973

This section details the prompts used in our frame-974

work.975

Dataset Construction Prompt Our Multi-976

MALLS dataset was generated using a program-977

matic pipeline. A key component was the FOL-978

aware prompting strategy. Figure 6 shows the de-979

tailed instructions given to the LLM to generate980

high-quality, logic-preserving translations.981

MA-FOL Framework and SE Metric Prompts 982

This section presents the detailed prompts used for 983

each agent in our framework and for the SE metric 984

evaluation (Figures 7-10). 985

Table 5: Hyperparameter settings. Constraints were kept
consistent across all modules to ensure fair comparison.

Parameter Value

Model Configurations

Primary Backbone Model Qwen-Max (via DashScope API)
Open-Source Model CodeLlama-13b-Instruct-hf
Temperature 0.1
Max Output Tokens 512

MA-FOL Framework Settings

Refiner Template Pool Size 10 (randomly sampled)
Prompt Format ChatML / Instruction Format

D Generalization to Open-Weights 986

Models 987

To verify that the effectiveness of MA-FOL is not 988

limited to the specific architecture or capability of 989

flagship proprietary models (like Qwen-Max), we 990

conducted additional experiments using the open- 991

weights model CodeLlama-13b-Instruct-hf. 992
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Figure 5: Case study comparison on a Japanese sentence with three-part disjunctive logic. This table highlights
MA-FOL’s superior ability to parse complex logical structures compared to strong baseline models.

You are a precise translation engine. Translate the 'Natural Language (NL)' text
into the specified target language , ensuring the logical structure from the '
First -Order Logic (FOL)' is preserved. Provide *only* the translated sentence
itself , without any introductory phrases , labels , or the original text repeated.

Natural Language (NL): {nl_text}
First -Order Logic (FOL): {fol_representation}
Target Language: {target_language_name} ({ target_language_code })

Please provide the translation of the NL sentence into {target_language_name} below:

Figure 6: Prompt for automated dataset translation.

We compared the performance of a standard993

Single-Agent baseline (direct prompting) against994

our Multi-Agent (MA-FOL) framework. As995

shown in Table 6, MA-FOL demonstrates strong996

generalization capabilities, improving the average997

Logical Equivalence (LE) score across most lan-998

guages.999

Significant Gains in Morphologically Rich Lan-1000

guages. The most striking improvement was ob-1001

served in Russian, where the LE score surged1002

from 0.5619 to 0.6847, representing a relative im-1003

provement of 21.9%. Significant gains were also1004

recorded in English (+9.0%) and German (+8.4%).1005

These results confirm that the “Decompose-1006

Generate-Refine” paradigm of MA-FOL serves as1007

a model-agnostic scaffolding strategy. It effectively1008

unlocks the potential of smaller, open-source mod-1009

els by breaking down complex cross-lingual logic1010

reasoning into manageable sub-tasks, rather than re-1011

lying solely on the parametric knowledge of trillion-1012

parameter models.1013

Language Single Agent MA-FOL (Ours) Improvement

English (EN) 0.6482 0.7068 +9.0%
Russian (RU) 0.5619 0.6847 +21.9%
German (DE) 0.6214 0.6736 +8.4%
Chinese (ZH) 0.6340 0.6751 +6.5%
French (FR) 0.6174 0.6374 +3.2%
Japanese (JP) 0.5741 0.5344 -6.9%

Average 0.6095 0.6520 +7.0%

Table 6: Performance comparison (Logical Equiva-
lence) on CodeLlama-13b-Instruct-hf. MA-FOL con-
sistently boosts performance across most languages,
with the most significant gains observed in Russian.
Note: The regression in Japanese is likely due to the
limited tokenizer support for mixed-script Japanese in
the CodeLlama base model.

E Metric Validation with Third-Party 1014

Auditor 1015

A potential threat to validity in LLM-based evalu- 1016

ation is “family bias,” where a judge model (e.g., 1017

Qwen) might preferentially rate outputs generated 1018

by the same model family. To rigorously vali- 1019

date the objectivity of our SE (Semantic Equiva- 1020
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You are an expert multilingual logical analyst. Your mission is to parse a sentence ,
which could be in various languages , and extract its pure logical skeleton.

Your goal is to see through the surface -level grammar of the specific language
and identify the underlying logical structure. Use only placeholders like P1(x),
P2(x,y). The permitted logical symbols are: ∀, ∃, ∧, ∨, ⊕, →, ↔, ¬, ( ),

Example 1: Universal Quantifier & Implication
- (English) NL: Every student who studies hard passes the exam.
- (Other languages)
FOL Skeleton: ∀x (P1(x) ∧ P2(x) → P3(x))

Example 2: Exclusive Disjunction
- (English) NL: A road can be either paved or unpaved.
- (Other languages)
FOL Skeleton: ∀x (P1(x) → (P2(x) ⊕ P3(x)))

Now complete the following task.
Sentence: {nl_input}
FOL Skeleton:

Figure 7: Prompt for the Skeleton Generator agent.

You are a First -Order Logic master , skilled in assembling expressions from
multilingual sources. Your task is to fill the placeholders in the 'FOL Skeleton
' with predicates derived from the 'Original Sentence ' to form a complete and
syntactically correct FOL expression.

A crucial rule for predicate generation: Regardless of the input language , you must
create predicates by following these steps: 1. Identify the core concept. 2.
Translate it into concise English. 3. Format it in UpperCamelCase. For instance ,
from the Chinese 'shuo duo zhong yu yan de ren ', the predicate becomes '

SpeaksMultipleLanguages(x) '.

Your output must ONLY be the final FOL expression.

Task:
Original Sentence: {nl_input}
FOL Skeleton: {logic_skeleton}
Final FOL Expression:

Figure 8: Prompt for the Predicate Combiner agent.

lence) metric, we introduced a Third-Party Audi-1021

tor mechanism.1022

We utilized Gemini-2.5-Flash, a model from a1023

completely different provider and architecture, to1024

cross-validate the judgments of our primary Qwen-1025

based SE judge. We randomly sampled 150 in-1026

stances from the test set and performed a blind1027

audit. The auditor was tasked with the same 3-way1028

classification: Equivalent, Prediction_Better,1029

or Truth_Better.1030

As shown in Table 7, we observed an overall1031

agreement rate of 74.0%. Manual inspection of1032

disagreements revealed they primarily occurred in1033

highly ambiguous edge cases where the semantic1034

boundary of the natural language input was open1035

to interpretation (e.g., vague quantification). This1036

high level of cross-model consistency validates that1037

our SE metric is robust and reliable. 1038

F End-to-End Walkthrough of the 1039

MA-FOL Pipeline 1040

To make our proposed generate-then-refine pro- 1041

cess concrete, this section provides a step-by-step 1042

walkthrough of how MA-FOL processes a single 1043

sentence from the test set. This example effectively 1044

demonstrates the self-correction capability of the 1045

Refiner stage and highlights the limitations of tra- 1046

ditional evaluation metrics. 1047

Step 1: Input Natural Language. The process 1048

begins with the raw Muitilingual NL input sen- 1049

tence. 1050

NL (en): "If a vehicle is a bicycle, then it has two 1051
wheels and is human-powered." 1052
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You are an expert FOL validator and refiner , specializing in standardizing
expressions from diverse linguistic origins. Your task is to ensure the final
FOL expression adheres to a high -quality , standardized format.

You will be given an 'Original Sentence ', a 'Proposed FOL ', and a list of 'High -
Quality Examples '.

Instructions:
1. Analyze the 'Original Sentence ' to understand its abstract logical pattern.
2. Check if this abstract pattern closely and unambiguously matches one of the 'High

-Quality Examples '.
3. Decision Logic:

- IF IT MATCHES a high -quality example: DISCARD the 'Proposed FOL ' and generate
a new FOL strictly following the example 's template.
- IF IT DOES NOT MATCH any example: REFINE the 'Proposed FOL ' and output it .

4. Your output MUST ONLY be the final , complete FOL expression.

High -Quality Examples of Logical Patterns:
{examples_str}

Now , perform your validation and refinement task.
Original Sentence: {nl_input}
Proposed FOL: {multi_agent_fol}
Final FOL Expression:

Figure 9: Prompt for the Dynamic RAG-Refiner agent.

Gemini-2.5-Flash Auditor
Positive Negative
(Pass) (Fail)

Qwen Judge Positive Consistent Disagreement
(Pass) (Both Approve) (Qwen only)

Negative Disagreement Consistent
(Fail) (Gemini only) (Both Reject)

Agreement Rate 74.0% (111/150)

Table 7: Confusion Matrix showing the alignment be-
tween our primary Qwen-based Judge and the third-
party Gemini-2.5-Flash Auditor. ’Positive’ indicates
the judge rated the prediction as Equivalent or
Prediction_Better. The substantial agreement rate
(74.0%) confirms that the SE metric reflects objective
semantic truth rather than model-specific bias.

Step 2: Skeleton Generator Output. The NL1053

sentence is passed to the Skeleton Generator, which1054

extracts the language-agnostic logical structure. At1055

this stage, the agent simplifies the complex subject1056

"a vehicle is a bicycle" into a single placeholder1057

‘P1(x)‘.1058

Generated Skeleton: ∀x (P1(x) → (P2(x) ∧1059
P3(x)))1060

Step 3: Predicate Combiner Output (Intermedi-1061

ate FOL). The Predicate Combiner then fills the1062

skeleton. This results in a syntactically correct but1063

semantically suboptimal formula with a compound1064

predicate Vehicle_is_bicycle(x).1065

Intermediate FOL: ∀x 1066
(Vehicle_is_bicycle(x) → 1067
(Has_two_wheels(x) ∧ Human_powered(x))) 1068

Step 4: Dynamic RAG-Refiner Correction and 1069

Final Output. The Intermediate FOL is passed 1070

to the Dynamic RAG-Refiner. By matching the in- 1071

put NL’s pattern against its internal exemplars, the 1072

refiner identifies the suboptimal structure. It then 1073

regenerates a more precise and correctly structured 1074

final FOL. 1075

Final Refined FOL: ∀x (Vehicle(x) ∧ 1076
Bicycle(x) → (HasTwoWheels(x) ∧ 1077
HumanPowered(x))) 1078

This step is crucial, as the refiner success- 1079

fully decomposes the initial predicate into the 1080

more accurate logical conjunction Vehicle(x) ∧ 1081

Bicycle(x), demonstrating the framework’s key 1082

self-correction capability. 1083

Step 5: Final Evaluation and The Limitation 1084

of LE Metric. The final, refined output is then 1085

evaluated against the ground-truth FOL. 1086

Ground Truth FOL: ∀x (Vehicle(x) 1087
∧ Bicycle(x) → HasTwoWheels(x) ∧ 1088
HumanPowered(x)) 1089

This example highlights the brittleness of existing 1090

metrics: despite being logically identical to the 1091

ground truth (differing only by redundant parenthe- 1092

ses), the prediction received a Logical Equivalence 1093
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You are an expert in both natural language semantics and formal logic. Your task is
to perform a three -way comparison between a natural language sentence (NL), a
ground truth First -Order Logic expression (FOL_1), and a predicted FOL
expression (FOL_2).

Here is the data:
Natural Language (NL): "{ nl_sentence }"
Ground Truth FOL (FOL_1): "{ true_fol }"
Predicted FOL (FOL_2): "{ predicted_fol }"
Follow these steps to make your judgment:
1. First , determine if FOL_1 and FOL_2 are logically equivalent.
2. If they are NOT equivalent , analyze which one is a more accurate and faithful

translation of the Natural Language sentence (NL). Consider all nuances ,
quantifiers , and predicates.

You MUST respond with ONLY ONE of the following three keywords , without any other
text or explanation:

- equivalent: If FOL_1 and FOL_2 are logically equivalent.
- prediction_better: If they are not equivalent , AND FOL_2 is a better

representation of the NL than FOL_1.
- truth_better : If they are not equivalent , AND FOL_1 remains the better

representation of the NL.

Figure 10: Prompt for the LLM-as-Judge in SE metric evaluation.

(LE) score of only 0.625 due to the metric’s sensi-1094

tivity to minor syntax. Conversely, our proposed1095

SE metric, powered by an LLM-as-Judge, correctly1096

identified the equivalence and awarded a full score1097

of 1.0, demonstrating its superior ability to capture1098

true semantic meaning over strict syntactic match-1099

ing.1100
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