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Abstract001

Recent advances in large language mod-002
els (LLMs) have spurred interest in003
neuro-symbolic methods for logical rea-004
soning based on auto-formalization, where005
LLMs first formalize problems into symbolic006
programs, then symbolic solvers perform007
reasoning over these programs. However,008
existing auto-formalization methods remain009
prone to both syntactic and semantic errors.010
Specifically, the absence of a program-level se-011
mantic verification mechanism leaves semantic012
errors largely unaddressed. In this paper, we013
propose a novel approach to semantic error014
correction via program preference RAG. First,015
we conduct an in-depth analysis of semantic016
error patterns, and then automatically syn-017
thesize SemanticPref, a program preference018
dataset to model these patterns. Utilizing019
the dataset as knowledge base, we introduce020
PrefRAG, a general retrieval-augmented021
generation framework for refinement in022
auto-formalization, which enables LLMs to023
detect and repair both syntactic and semantic024
errors1. Extensive evaluations across both025
in-distribution (AR-LSAT and FOLIO) and026
out-of-distribution benchmarks show that027
PrefRAG consistently outperforms strong028
baselines, achieving an average improvement029
of 2.39% on ID and 6.23% on OOD datasets.030

1 Introduction031

Recent advancements in large language models032

have demonstrated remarkable capabilities in vari-033

ous natural language processing (NLP) tasks (Ope-034

nAI et al., 2024b,c; DeepSeek-AI et al., 2025).035

However, complex logical reasoning, which re-036

quires LLMs to make inferences over a set of037

premises, remains a significant challenge. In addi-038

tion to prompting methods like Chain-of-Thought039

(CoT) (Wei et al., 2023) and Tree-of-Thought (ToT)040

(Yao et al., 2023), as well as training approaches041

1https://anonymous.4open.science/r/PrefRAG/

(Jiao et al., 2024; Feng et al., 2024), a neuro- 042

symbolic paradigm based on auto-formalization is 043

regarded as a promising alternative(Ye et al., 2023; 044

Olausson et al., 2023). Migrated from mathemati- 045

cal reasoning, this method is a two-phase process: 046

in auto-formalization phase, LLMs generate sym- 047

bolic formulations for a reasoning problem, which 048

is later executed by symbolic solvers in symbolic 049

reasoning phase. This pipeline reserves the auto- 050

formalization subtask by leveraging LLMs’ NLP 051

capability, offloads the reasoning subtask from 052

LLMs to symbolic solvers, and thereby guaran- 053

tees the rigor of the reasoning process as long as 054

the formalization is accurate. 055

However, auto-formalization with LLMs faces 056

crucial challenges. Due to the hallucination is- 057

sues of LLMs, LLMs often produce syntactic er- 058

rors and semantic errors in the formalization phase. 059

For syntactic errors, which can be detected by er- 060

ror messages from the solvers, various methods 061

are proposed. Logic-LM (Pan et al., 2023) intro- 062

duces a self-refinement module into the pipeline, 063

iteratively correcting the programs failing to ex- 064

ecute with their error messages. LTRAG (Hu 065

et al., 2025) enhances the framework with thought- 066

guided RAG, where relevant samples are dynam- 067

ically retrieved to guide LLM generation. Never- 068

theless, these methods heavily depend on the error 069

messages from the solvers, which are often lim- 070

ited feedback and not enough for LLMs to locate 071

the errors. For semantic errors, existing methods 072

mainly compare models of a natural language (NL) 073

sentence and those of its formalization. For ex- 074

ample, (Raza and Milic-Frayling, 2025) proposes 075

SSV (Semantic Self-Verification), where an LLM 076

generates models for a NL sentence, and a SAT 077

solver verifies whether the models satisfy the for- 078

malization; (Ryu et al., 2025) introduces CLOVER, 079

which makes selections from multiple formaliza- 080

tions by generating models of formalizations with 081

SAT solver and verifying with an LLM whether the 082
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models satisfy the NL sentence. However, these083

mechanisms only focus on constraint-level formu-084

las, rather than program-level formalizations for085

the reasoning problems. Furthermore, a systematic086

analysis of semantic errors is still underexplored.087

Toward this end, we present a general RAG088

framework that targets semantic errors in auto-089

formalization with a knowledge base of program090

preference pairs. First, to establish a rigorous foun-091

dation, we systematically summarizing a taxon-092

omy of semantic error patterns: declaration er-093

rors, missing information, inconsistent constraints094

and mismatched predicates. The error taxonomy095

is derived from primarily two sources: common096

LLM failure modes in auto-formalization (e.g., hal-097

lucinations and insufficient natural language un-098

derstanding), and general structures of Z3 pro-099

grams. Hence, the classification is general and100

domain-independent. Second, aiming to model101

and facilitate the learning of semantic error pat-102

terns, we propose to reflect these semantic error103

patterns with preference pairs. Leveraging rule-104

based operations implemented with regular expres-105

sions and LLMs, we automatically synthesize a106

preference dataset SemanticPref, which features107

a rich and natural distribution of semantic errors.108

Third, with SemanticPref as the knowledge base109

(KB), we adopt a Retrieval-Augmented Genera-110

tion (RAG) paradigm to enhance self-refinement111

module in auto-formalization, and propose Pre-112

fRAG for logical reasoning. In contrast to prior113

work that only refine the programs when parsing114

errors occur, our framework empowers LLM to115

decide when to correct the program or to exit the116

refinement loop. We conduct a thorough evalua-117

tion on the framework not only on in-distribution118

(ID) benchmarks AR-LSAT (Zhong et al., 2022)119

and FOLIO (Han et al., 2024), but also on out-120

of-distribution (OOD) benchmarks, LogicalDeduc-121

tion from Big-bench (BIG-bench authors, 2023)122

and ProverQA (Qi et al., 2025). Our experimen-123

tal results show that the framework reaches the124

state-of-the-art performance comparing to the best125

baselines, achieving an average improvement of126

2.39% on ID datasets and 6.23% on OOD datasets127

on average. Further analysis reveals that our ap-128

proach is significantly more effective at addressing129

syntactic and semantic errors.130

To summarize, the key contributions of this pa-131

per are as follows:132

A systematic taxonomy for semantic errors in133

auto-formalization for logical reasoning. Based134
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Figure 1: The overview of PrefRAG.

on structural analysis, we classify semantic errors 135

into four categories: declaration errors, missing in- 136

formation, inconsistent constraints and mismatched 137

predicates. To the best of out knowledge, we are 138

the first to fill this gap, laying foundation for future 139

improvement. 140

SemanticPref: an automatically generated 141

preference dataset. We introduce the use of pro- 142

gram preference pairs to model semantic errors. We 143

define several rule-based operations to construct 144

the preference pairs, synthesizing 2921 and 3091 145

samples of preference pairs on AR-LSAT and on 146

FOLIO respectively. 147

PrefRAG: a RAG framework enhancing auto- 148

formalization. Utilizing SemanticPref as KB, we 149

adopt a RAG paradigm for the self-refinement mod- 150

ule, as shown in Figure 1. The evaluation shows 151

that it achieves state-of-the-art performance on both 152

ID as well as OOD datasets. 153

2 Related Work 154

Logical reasoning with LLMs. To enhance the 155

reasoning capabilities of large language models 156

(LLMs), existing approaches can be broadly cate- 157

gorized into three main types. The first category 158

is in-context learning methods. These methods 159

construct detailed prompting pipeline for reason- 160

ing. Chain-of-Thought (CoT)(Wei et al., 2023), 161

Self-Consistency (Wang et al., 2023) and Tree-of- 162

Thought (Yao et al., 2023) are the representatives. 163

Following these methods, various methods are pro- 164

posed. Graph-of-Thought (Besta et al., 2024) uti- 165

lizes a graph structure to represent pathways of 166
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thoughts and knowledge. SymbCoT (Xu et al.,167

2024) and Logic-of-Thought (Liu et al., 2025) add168

symbolic languages to enhance the reasoning traces.169

Secondly, fine-tuning methods use logic-based170

techniques to automatically generate large-scale171

synthetic datasets, then pre-train or fine-tune LLMs172

to enhance their inherent logical reasoning capa-173

bilities (Morishita et al., 2024; Jiao et al., 2024).174

The third is neuro-symbolic methods based on175

search or auto-formalization as presented in Intro-176

duction. RAP (Hao et al., 2023) views the reason-177

ing process as planning, and leverages Monte Carlo178

Tree Search (MCTS) to address with the process.179

Aristotle (Xu et al., 2025) adopts a decompose-180

search-resolve framework to address with logical181

reasoning tasks.182

Auto-formalization with LLMs. This neuro-183

symbolic paradigm stems from mathematical rea-184

soning, later applied to logical reasoning. For math-185

ematical reasoning, methodologies have advanced186

from simple few-shot prompting to RAG frame-187

works. CRAMF (Lu et al., 2025) designs an on-188

tology of the knowledge base to better represent189

the structure of mathematical concepts. DRIFT190

(Zhang et al., 2025) decomposes the informal state-191

ments into sub-queries to improve the subsequent192

premise retrieval. For logical reasoning, in addition193

to prompting methods and RAG framework pre-194

sented above, recent studies fine-tune LLMs to im-195

prove formalization. (Yang et al., 2024) presents a196

large scale dataset of sentence-level NL-FOL pairs197

and a fine-tuned model LogicLLAMA. LogicPO198

(Viswanadha et al., 2025) are the first preference199

dataset for NL-FOL auto-formalization, but their200

preference are judged only by programs’ executed201

results, lacking of an in-depth analysis.202

3 SemanticPref: Reflect Semantic Error203

Patterns with Preference Pairs204

Z3 Solver (de Moura and Bjørner, 2008) is a Sat-205

isfiability Modulo Theories (SMT) prover from206

Microsoft Research, which can efficiently solve207

constraint satisfaction (CSP), boolean satisfiability208

(SAT) and most of first-order logic (FOL) problems.209

Thus, we encode logical reasoning problems with210

Z3 Python API for versatility.211

We first conduct an analysis of Z3 python pro-212

grams’ general structure, and identify possible se-213

mantic error patterns. Then, we construct pro-214

gram preference pairs with regular expressions and215

LLMs, to reflect possible semantic error patterns,216

proposing dataset SemanticPref. 217

3.1 Program Error Patterns 218

A Z3 program for a reasoning problem mainly con- 219

sists three sections: Declaration, Constraints, and 220

Query. In Declaration, sorts for entities and pred- 221

icates are declared. In Constraints, explicit and 222

implicit premises in the given context are listed. 223

In Query, functions are defined to check which 224

option is true with SAT check. Semantic errors 225

mostly appear in the first two sections, and those in 226

Declaration remain unable to locate with existing 227

semantic verifications. 228

The majority of semantic error patterns can be 229

concluded as follows: 230

• Declaration errors. The program might fail 231

to execute when using unsuitable sorts for en- 232

tities and functions. For example, if a Z3 233

function is declared with integer sort as the 234

domain, and subsequent constraints involv- 235

ing universal quantifiers are asserted over this 236

function, the solver’s may reason over the in- 237

finite integer domain and cause execution fail- 238

ure. 239

• Missing Information. LLMs might omit 240

some constraints, especially implicit con- 241

straints in formalization. Implicit constraints 242

refer to the rules and knowledge not explicitly 243

clarified in the context, such as how people 244

are adjacent when they sit around a table. The 245

missing of these knowledge would harm the 246

accuracy of reasoning results. 247

• Inconsistent Constraints. Due to the issues 248

of hallucinations and deficient reasoning abil- 249

ities, LLMs may sometimes produce Z3 con- 250

straints that are not equivalent to the NL state- 251

ments. These errors sometimes cannot be de- 252

tected with the program parsing result. 253

• Mismatched Predicates. In some cases, 254

LLMs might use predicate names that are mis- 255

aligned with the declaration, but with equiv- 256

alent semantics, due to hallucinations. This 257

type of errors might appear when the predi- 258

cates have complicated semantics. 259

Note that these error patterns are concluded 260

based on the structure of Z3 programs and LLM 261

hallucinations, rather than specific data patterns of 262

reasoning tasks. Therefore, we could claim that 263

these error patterns don’t rely on specific datasets. 264
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Figure 2: Distribution of rule-based error construction
result on AR-LSAT. There are 1246 samples under Miss-
ing Information, 1346 under Declaration Errors, 1362
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tation, resulting 2921 preference pairs in total.
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Figure 3: Distribution of rule-based error construction
result on FOLIO. There are 1350 samples under Missing
Information, 1332 for Mismatched Predicates, 1244
for Inconsistent Pairs, and 882 for Data Augmentation,
resulting 3091 preference pairs in total.

3.2 Construction of Program Preference Pairs265

We propose SemanticPref, a dataset which models266

semantic error patterns with program preference267

pairs. In this section, we will first give definitions268

of rule-based operations to construct programs cor-269

responding to the semantic error patterns, following270

by the presentation of data construction pipeline.271

The preference pairs can be formalized as272

(NL,Ppref , Prejected), where NL is the natural273

language context and question for the reasoning274

problem, and Ppref , Prejected are the preferred and275

rejected Z3 programs for the problem, respectively.276

Our data is built upon AR-LSAT and FOLIO.277

We first define several rule-based operations to278

synthesize error programs given a reasoning prob- 279

lem NL and the according correct program Pc. 280

These operations are designed according to the se- 281

mantic error patterns presented in Section 3.1. 282

op_DE. To generate preference pairs that reflect 283

declaration error, we identify integer sorts, then 284

substitute them with enumeration sorts with nu- 285

meral enumerated constants, and replace the latter 286

sorts with integer sorts. This operation is imple- 287

mented with regular expressions. 288

op_MI. For errors of missing information, several 289

constraints from the correct program are randomly 290

chosen to be deleted, forming an error program. 291

op_IC. This operation is to simulate the seman- 292

tically inconsistent constraints that would occur in 293

the real scenario. We have different implemen- 294

tations for AR-LSAT and FOLIO, as their text 295

patterns vary. For AR-LSAT, we first translate 296

a Z3 constraint CZ3 back into natural language 297

and disturb the semantic with LLM, denoted as 298

C ′
NL. Then, translate C ′

NL back into a Z3 con- 299

straint C ′
Z3. For FOLIO, we prompt LLM to pro- 300

duce FOL premises that are nonequivalent to the 301

annotated FOL, then transform them into Z3 for- 302

mat to get (C ′
Z3). Finally, we replace the original 303

formulas with the produced ones, getting an error 304

program. 305

op_MP. We utilize LLM to produce mismatched 306

predicate names that have same semantic meaning 307

but are different from those in Declaration. Then, 308

we substitute them into the formalization to get 309

multiple error programs, and preserve the ones that 310

produce errors when executed. 311

Leveraging the operations above, our pipeline 312

of data construction consists of three steps: Seed 313

set collection to prepare accurate programs for the 314

latter steps, Rule-based error construction, and 315

Data augmentation with LLM. 316

Seed set collection. We take advantages of the 317

translation KB from LTRAG (Hu et al., 2025) on 318

AR-LSAT and FOLIO. For AR-LSAT, we filter out 319

programs that can produce correct answers for the 320

problems. For FOLIO, we first transform them into 321

Z3 programs, then conduct manual correction on 322

incorrect programs. We eventually have 151 correct 323

programs for AR-LSAT and 122 for FOLIO as the 324

seed set, for the preference construction. 325

Rule-based error construction. For each rea- 326

soning problem NL from the seed set, we use 327

the correct program as the preferred program 328

Ppref . Next, we execute different combinations 329

of operations, synthesizing multiple error pro- 330
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grams Pe1, Pe2, ..., Pem. We choose different oper-331

ations for programs from AR-LSAT and FOLIO,332

as their data complexities diverse. For AR-LSAT,333

we choose op_DE, op_MI and op_IC. For FOLIO,334

op_MI, op_IC and op_MP are chosen. We finally335

match them together and have preference pairs336

(NL,Ppref , Pei), i = 1, 2, ...,m. We have 2171337

and 2209 pairs for AR-LSAT and FOLIO respec-338

tively for this step, some of which contain multiple339

error patterns. The distribution are illustrated in340

Figure 2 and Figure 3.341

Data augmentation with LLM. The synthe-342

sized error programs in the preceding step might343

fail to cover all of the error patterns in real sce-344

narios. Therefore, we prompt different LLMs,345

gpt-4o (OpenAI et al., 2024a) and DeepSeek v3.2346

(DeepSeek-AI et al., 2025) to produce Z3 programs347

on the train set, and leverage a LLM-as-a-judge sys-348

tem to judge the preference and produce an expla-349

nation. The judge system is enhanced with RAG,350

where preference pairs from the previous steps are351

used as knowledge base. We randomly select 750352

samples from AR-LSAT and 882 from FOLIO’s353

train set to conduct the augmentation.354

4 Framework of PrefRAG355

With the preference dataset constructed in Sec-356

tion 3.2, we propose PrefRAG, a domain-general357

framework for logical reasoning, adopting a358

straightforward Retrieval-Augmented Generation359

(RAG) paradigm for the self-refinement module in360

auto-formalization. The foundational framework361

without RAG is adapted from Logic-LM (Pan et al.,362

2023), a translate-then-refine pipeline. The overall363

framework is illustrated in Figure 1.364

Preference Knowledge Base Population. We365

have two knowledge bases (KBs), on AR-LSAT366

and on FOLIO respectively. For each KB, the data367

is categorized by the error types each sample has.368

Note that if a sample covers multiple patterns of er-369

rors, it is assigned into each corresponding category.370

For samples that are constructed based on defined371

operations, we load them into a text template in372

Appendix B along with the programs’ execution373

results, and list their errors briefly. For samples that374

are synthesized with LLM in data augmentation,375

we use the explanation that LLM Judge produce as376

the illustration for errors.377

Pipeline. As shown in Figure 1, for an input378

of a logical reasoning problem, we first leverage379

LLM Translator to translate the NL context and380

query into a Z3 program. After executing the pro- 381

gram, the program along with its execution result 382

are sent to the LLM Fixer. For samples from ID 383

datasets, relevant samples would be retrieved from 384

each category of the corresponding KB by embed- 385

dings similarities, then the union of them would be 386

taken. For samples from OOD datasets, samples 387

would be retrieved from both KBs of AR-LSAT 388

and FOLIO. Subsequently, the fixer would decide 389

whether the program needs to be fixed according 390

to the input and retrieved samples. If so, the fixer 391

would output the corrected program. The program 392

will be iteratively corrected until a maximum num- 393

ber of attempts is reached or the fixer decides no 394

more further correction is needed. 395

5 Evaluation 396

5.1 Experimental Setup 397

We select four benchmarks to evaluate the in- 398

distribution (ID) and out-of-distribution (OOD) per- 399

formance of PrefRAG. For ID evaluation, we adopt 400

two datasets that offer authentic complexity: 1) 401

AR-LSAT (Zhong et al., 2022), an analytical rea- 402

soning dataset collected from Law School Admis- 403

sion Test, containing 231 samples from the dev set; 404

2) FOLIO (Han et al., 2024), a human-annotated 405

complex first-order logic (FOL) reasoning dataset, 406

comprising 204 samples from the test set. For OOD 407

evaluation, we select two challenging benchmarks 408

with distinct data distributions: 3) LogicalDeduc- 409

tion, a synthetic logical reasoning task from Big- 410

bench (BIG-bench authors, 2023) about deducing 411

the orders of objects, with 300 test samples; 4) 412

ProverQA (Qi et al., 2025), a deductive reasoning 413

benchmark generated by LLMs, and we evaluate 414

500 instances from the hard subset. 415

As baselines, we compare PrefRAG against: 416

Standard prompting, where 2 in-context exam- 417

ples from training set are used to in the prompt for 418

a direct answer; CoT prompting, where reason- 419

ing traces of the in-context examples are added 420

to the prompt to guide the reasoning process; 421

Logic-LM (Pan et al., 2023), a representative 422

auto-formalization paradigm with self-refinement; 423

LTRAG (Hu et al., 2025), the current state-of-the- 424

art RAG framework for auto-formalization in logi- 425

cal reasoning. For Logic-LM, we follow its original 426

setup on AR-LSAT, FOLIO, and LogicalDeduc- 427

tion. On ProverQA, the same configuration for 428

FOLIO is applied. LTRAG is evaluated solely on 429

the ID benchmarks (AR-LSAT and FOLIO), and 430
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Model
AR-LSAT FOLIO

gpt-4o dpsk-ch o3-mini dpsk-rs gpt-4o dpsk-ch o3-mini dpsk-rs

Standard 36.36 34.20 91.34 87.88 67.64 68.14 75.98 80.88
CoT 35.93 80.52 93.94 90.04 72.06 82.84 76.47 81.37

Logic-LM 35.06 72.73 91.34 90.17 78.92 80.39 76.47 81.86
LTRAG 56.71 84.42 58.01 89.56 75.27 82.42 81.32 84.62

PrefRAG 61.47 88.75 95.24 95.24 77.94 82.84 84.8 85.78

Table 1: Accuracies on in-distribution benchmarks AR-LSAT and FOLIO (%).

Model
LogicalDeduction ProverQA

gpt-4o dpsk-ch o3-mini dpsk-rs gpt-4o dpsk-ch o3-mini dpsk-rs

Standard 74.67 70.00 100.00 98.33 42.80 38.60 58.00 61.00
CoT 88.88 100.00 99.00 100.00 48.40 63.40 59.20 70.60

Logic-LM 91.33 96.67 76.67 97.67 61.40 66.00 58.80 75.40
PrefRAG 99.00 99.33 100.00 100.00 78.00 76.80 73.00 77.00

Table 2: Accuracies on out-of-distribution benchmarks LogicalDeduction and ProverQA (%).

not tested on the OOD datasets (LogicalDeduction431

and ProverQA) due to its lack of generalizability.432

We conduct experiments using gpt-4o (Ope-433

nAI et al., 2024a) and DeepSeek v3.2 (dpsk-ch)434

(DeepSeek-AI et al., 2025), as well as reason-435

ing models o3-mini2 and DeepSeek v3.2 reasoner436

(dpsk-rs). For reproducibility, we set the tempera-437

ture to 0 for non-reasoning models, and reasoning438

models do not support temperature setting. We re-439

run some experiments of baselines under the same440

model versions for a fair comparison. For Logic-441

LM, the number of refinement rounds are set to 3442

for non-reasoning and 1 for reasoning models.443

5.2 Main Results444

The main experimental results are shown in Ta-445

ble 1 (ID) and Table 2 (OOD). We employ the446

same evaluation metric as Logic-LM and LTRAG,447

the accuracy computed with CoT backup. Specifi-448

cally, if the final program produced by LLM fails449

to execute or produces no output, the final answer450

will be substituted with the one generated by CoT451

baseline.452

Overall, PrefRAG consistently outperforms453

all baselines across both in-distribution and out-454

of-distribution datasets. On the in-distribution455

datasets AR-LSAT and FOLIO, PrefRAG surpasses456

the best baseline by an average of 2.39% across all457

2https://openai.com/index/
o3-mini-system-card/

models. The improvement is more pronounced 458

on AR-LSAT (+3.87%) than on FOLIO (+0.92%). 459

This demonstrates that our approach of modeling 460

semantic errors via preference pairs is effective 461

compared to general auto-formalization method 462

(Logic-LM) and RAG framework (LTRAG). On 463

out-of-distribution datasets, PrefRAG achieves 464

even larger gains, outperforming the best base- 465

line with a large margin, by an average of +1.75% 466

on LogicalDeduction and +10.70% on ProverQA. 467

These results suggest that our method is strongly 468

generalizable, while Logic-LM requires domain- 469

specific prompts and LTRAG is limited to specific 470

datasets of its knowledge base. Thus our method 471

is more robust on unseen data distributions. The 472

gains achieved on FOLIO and LogicalDeduction 473

are smaller, as they are less challenging and offer 474

less room for improvement. 475

We also observe that reasoning models out- 476

perform non-reasoning models across most 477

datasets. For instance, on AR-LSAT, PrefRAG 478

with o3-mini and dpsk-rs both reach 95.24% ac- 479

curacy, substantially higher than those with non- 480

reasoning models gpt-4o (61.48%) and dpsk-ch 481

(88.75%). This improvement is predictable, as auto- 482

formalization may require textual decomposition 483

and summarization, which aligns with reasoning 484

models’ enhanced natural language understanding 485

and programming capabilities. A notable exception 486

occurs on ProverQA, where reasoning models at- 487

6
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Dataset Method ER EA RA

AR-LSAT
Logic-LM 26.84 43.55 11.69
LTRAG 69.26 50.00 34.63

PrefRAG 74.46 72.09 53.68

FOLIO
Logic-LM 80.39 78.05 62.74
LTRAG 99.45 75.14 74.73

PrefRAG 98.04 78.50 76.96

Logical
Deduction

Logic-LM 100.00 91.33 91.33
PrefRAG 100.00 99.00 99.00

ProverQA
Logic-LM 41.60 78.85 32.80
PrefRAG 98.40 78.46 77.20

Table 3: Executable rate (ER), execution accuracy (EA)
and raw accuracy (RA) without backup with gpt-4o (%).

Dataset Method ER EA RA

AR-LSAT
Logic-LM 9.96 69.57 6.93
LTRAG 48.48 20.54 9.96

PrefRAG 98.27 95.59 93.94

FOLIO
Logic-LM 0.00 0.00 0.00
LTRAG 100.00 81.32 81.32

PrefRAG 100.00 84.80 84.80

Logical
Deduction

Logic-LM 37.67 38.94 14.67
PrefRAG 100.00 100.00 73.00

ProverQA
Logic-LM 0.60 33.33 0.20
PrefRAG 100.00 73.00 77.20

Table 4: Executable rate (ER), execution accuracy (EA)
and raw accuracy (RA) with o3-mini (%).

tain an average accuracy of 75.00%, slightly lower488

than the 77.40% accuracy by non-reasoning mod-489

els under PrefRAG. This might be attributed to the490

distinct data characteristics of ProverQA.491

Several minor exceptions to the above trends492

are worth noting: on FOLIO, PrefRAG with493

gpt-4o (77.94%) slightly underperforms Logic-494

LM (78.92%); on LogicalDeduction, a similar pat-495

tern can be found with dpsk-ch, where CoT base-496

line (100.00%) marginally outperforms PrefRAG497

(99.33%). We discuss these cases in Appendix C.3498

and confirm that PrefRAG actually outperforms499

baselines in these settings.500

5.3 Evaluation of Auto-formalization501

To evaluate the performance of auto-formalization502

of PrefRAG, we analyze the executable rate, execu-503

tion accuracy and raw accuracy achieved by LLMs.504

Results for gpt-4o and for o3-mini are reported in 505

Table 3 and Table 4 respectively, and those for re- 506

maining models are in Appendix C.1. Executable 507

rate (ER) refers to the percentage of programs 508

that are syntactically valid and can be executed by 509

the solver. Execution accuracy (EA) denotes the 510

percentage of programs that can produce accurate 511

answers out of the executable programs. Raw ac- 512

curacy (RA), defined as the product of ER and EA, 513

is equal to the overall accuracy without backup 514

strategies. These three metrics correspond to syn- 515

tactic correctness, semantic correctness and overall 516

correctness of auto-formalization, respectively. 517

Compared with Logic-LM and LTRAG, our 518

framework PrefRAG significantly produces 519

fewer syntactic as well as semantic errors in 520

auto-formalization. As shown in Table 3, Pre- 521

fRAG achieves higher execution rate than Logic- 522

LM and LTRAG across all datasets, improving 523

greatly over the best baselines on benchmarks such 524

as AR-LSAT (74.46% vs. 69.26%) and ProverQA 525

(98.40% vs. 41.60%). In terms of execution ac- 526

curacy, PrefRAG outperforms both baselines, with 527

an average gain of +7.46% over the best baseline 528

across all datasets. This results in the highest raw 529

accuracy by PrefRAG. The improvement indicates 530

that our method is more robust on syntax for auto- 531

formalization task, as we directly formalize the 532

problem to Z3 programs, instead of with simpli- 533

fied grammar in LTRAG and Logic-LM, taking 534

advantage of programming capability of LLMs. In 535

addition, by modeling semantic error patterns in 536

the knowledge base and using RAG paradigm, our 537

method is more capable to identify and fix semantic 538

errors during the process. 539

We can also observe that while o3-mini per- 540

forms poorly within Logic-LM framework, 541

while both LTRAG and PrefRAG notably ease 542

the issue. Logic-LM with o3-mini fails to produce 543

executable programs for FOLIO, and almost none 544

for AR-LSAT (9.96%) and ProverQA (0.60%). 545

Taking the output example in Appendix D as a 546

case, we find that a possible explanation could be 547

two-folded: firstly, o3-mini as a reasoning model 548

may not be fine-tuned for instruction-following, 549

and thus produce extra reasoning trace, making the 550

program fail to parse; secondly, the static in-context 551

samples offer limited guidance for reasoning mod- 552

els, and may even interrupt the model’s reasoning 553

process, as it is observed that o3-mini output pro- 554

grams not only for the given question but also for 555

the in-context samples. In constrast, the model per- 556
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gpt-4o dpsk-ch
Dataset Method

ER EA RA ER EA RA

LTRAG 69.26 50.00 34.63 63.64 85.03 54.11
PrefRAG-A 68.40 72.15 49.35 77.49 89.94 69.70AR-LSAT

PrefRAG 74.46 72.09 53.68 81.82 91.01 74.46

LTRAG 99.45 75.14 74.73 100.00 82.42 82.42
PrefRAG-A 97.55 74.37 72.55 97.55 85.93 83.82FOLIO

PrefRAG 98.04 78.50 76.96 97.06 83.34 80.88

Table 5: Comparison of the previous SOTA method LTRAG, PrefRAG, and PrefRAG-A with non-reasoning models
gpt-4o (gpt-4o) and DeepSeek v3.2 (dpsk-ch). PrefRAG-A represents the RAG framework same as PrefRAG but
the augmented data is removed from the KB.

forms robustly under LTRAG and PrefRAG. For in-557

stance, with PrefRAG, it achieve an average raw ac-558

curacy of 82.34% across all datasets, surpassing the559

76.71% attained by gpt-4o. We hypothesize that560

the improvement stems from the more standardized561

prompt format and, more importantly, the dynamic562

prompting strategy employed by both LTRAG and563

PrefRAG, which provides clear contextual guid-564

ance, enabling o3-mini to better understand and565

execute the auto-formalization task.566

5.4 Ablation Studies567

Since the LLM-augmented data in SemanticPref568

heavily depend on LLMs for generation and pref-569

erence judgement, its reliability requires explicit570

verification. Thus, we conduct an targeted ab-571

lation study where this part of data is removed572

from the KB of PrefRAG, forming the ablated vari-573

ant PrefRAG-A, and evaluate the impact of auto-574

formalization performance over the ID datasets.575

The results are presented in Table 5, using gpt-4o576

and dpsk-ch. The experiments with reasoning577

models are provided in Appendix C.2.578

We focus on this specific ablation, as the com-579

parison between baselines and our method has re-580

vealed the effectiveness of each modules. On one581

hand, ablating the entire RAG module would re-582

duce the framework to Logic-LM. On the other583

hand, comparing PrefRAG with LTRAG features584

the advantage of our preference knowledge base.585

These comparative results lead to two key586

conclusions. First, data augmentation of Se-587

manticPref contributes notably, enhancing the588

model’s overall performance. When data augmen-589

tation is removed on AR-LSAT, the average raw590

accuracy across non-reasoning models decreased591

from 64.07% to 59.53%, and both the executable592

rate and execution accuracy show a declining trend. 593

On FOLIO, despite dpsk-ch being an outlier where 594

the ablated framework marginally surpasses the 595

original one, the falling trend is consistently ob- 596

served for other models. Moreover, even when 597

the augmented data is excluded, our method 598

still outperforms the previous SOTA method 599

LTRAG. On AR-LSAT, the average raw accuracy 600

of PrefRAG-A surpasses LTRAG by 15.16%, while 601

it slightly underperforms LTRAG by 0.39%, but re- 602

maining competitive. These ablation results further 603

validate the effectiveness of our overall dataset Se- 604

manticPref and framework PrefRAG, and confirm 605

that the LLM-augmented data plays a beneficial 606

role. 607

6 Conclusion 608

In this paper, we propose PrefRAG, a RAG 609

framework for correcting semantic errors in auto- 610

formalization for logical reasoning. Based on a 611

systematic analysis of semantic error patterns, we 612

propose to model these patterns with program pref- 613

erence pairs, and construct a preference dataset 614

SemanticPref, where the pairs are automatically 615

synthesized with rule-based operations and LLM- 616

assisted data augmentation. Extensive evaluations 617

across in-distribution (AR-LSAT and FOLIO) and 618

out-of-distribution datasets reveal that PrefRAG 619

outperforms strong baselines for logical reason- 620

ing, and further exhibits robust generalizability. A 621

promising future direction is to leverage the Se- 622

manticPref dataset to fine-tune smaller models via 623

preference alignment algorithms such as DPO. This 624

would empower smaller models with the capability 625

to detect and correct semantic errors, which could 626

enable substantial reductions in inference cost and 627

latency. 628
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Limitations629

We acknowledge two primary limitations.630

First, although our data construction pipeline631

is designed to be general and automatic, it still632

requires a seed set of correct programs of reason-633

ing problems, which is often manually curated.634

This initial human effort is necessary to start the635

rule-based and LLM-augmented synthesis process,636

if the pipeline is migrated to a different domain.637

Furthermore, the scale and diversity of the final638

preference dataset are constrained by the quality of639

the seed set, thus affecting the performance of the640

RAG framework.641

Second, the overall generalizability of Pre-642

fRAG is bounded by the expressivity and solv-643

ing capability of the underlying symbolic solver644

(e.g. Z3). For example, Z3 solver may fail to645

solve problems with high complexity due to time-646

out or memory exhaustion. Moreover, Z3 is de-647

signed for classical satisfiability modulo theories648

(SMT) and does not support reasoning paradigms649

beyond its scope, such as non-monotonic or modal650

logic. Admittedly, this limitation is shared by other651

auto-formalization-based approaches. A possible652

solution is to migrate the framework of data con-653

struction and RAG to these unsupported domains.654
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A Example from SemanticPref865

We present an example from SemanticPref for AR-866

LSAT from rule-based error construction. Exam-867

ples from FOLIO are similar.868

NL problem:
# Context:
At a benefit dinner, a community

theater's seven sponsors—K, L, M,
P, Q, V, and Z—will be seated at
three tables—1, 2, and 3. Of the
sponsors, only K, L, and M will
receive honors, and only M, P,
and Q will give a speech. The
sponsors' seating assignments
must conform to the following
conditions: Each table has at
least two sponsors seated at it,
and each sponsor is seated at
exactly one table. Any sponsor
receiving honors is seated at
table 1 or table 2. L is seated
at the same table as V.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

# Question:
Which one of the following is an

acceptable assignment of
sponsors to tables?

↪→

↪→

# Options:
A) Table 1: K, P; Table 2: M, Q;

Table 3: L, V, Z↪→

B) Table 1: K, Q, Z; Table 2: L, V;
Table 3: M, P↪→

C) Table 1: L, P; Table 2: K, M;
Table 3: Q, V, Z↪→

D) Table 1: L, Q, V; Table 2: K, M;
Table 3: P, Z↪→

E) Table 1: L, V, Z; Table 2: K, M,
P; Table 3: Q↪→

Ground truth: A

chosen_program:
from z3 import *

# Declarations
# At a benefit dinner, a community

theater's seven sponsors—K, L, M,
P, Q, V, and Z—will be seated at
three tables—1, 2, and 3. Of the
sponsors, only K, L, and M will
receive honors, and only M, P,
and Q will give a speech.

↪→

↪→

↪→

↪→

↪→

↪→

sponsors_sort, (K, L, M, P, Q, V, Z)
= EnumSort('sponsors', ['K', 'L',
'M', 'P', 'Q', 'V', 'Z'])

↪→

↪→

tables_sort = IntSort()
sponsors = [K, L, M, P, Q, V, Z]
tables = [1, 2, 3]
seated = Function('seated',

sponsors_sort, tables_sort)↪→

# Pre_Conditions
pre_conditions = []
# Each table has at least two

sponsors seated at it↪→

pre_conditions.append(And([Sum(
[seated(s) == t for s in sponsors])

>= 2 for t in tables]))↪→

# Each sponsor is seated at exactly
one table↪→

s = Const('s', sponsors_sort)
pre_conditions.append(ForAll([s],

Or([seated(s) == t for t in
tables])))

↪→

↪→

# Any sponsor receiving honors is
seated at table 1 or table 2↪→

s = Const('s', sponsors_sort)
pre_conditions.append(ForAll([s],

Implies(Or(s == K, s == L, s ==
M), Or(seated(s) == 1, seated(s)
== 2))))

↪→

↪→

↪→

# L is seated at the same table as V
pre_conditions.append(seated(L) ==

seated(V))↪→

s0 = Const('s0', sponsors_sort)
pre_conditions.append(ForAll([s0],

And(1 <= seated(s0), seated(s0)
<= 3)))

↪→

↪→

# Question: Which one of the
following is an acceptable
assignment of sponsors to tables?

↪→

↪→
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def is_sat(option_constraints):
solver = Solver()\n

solver.add(pre_conditions)↪→

solver.add(option_constraints)
return solver.check() == sat

# A) Table 1: K, P; Table 2: M, Q;
Table 3: L, V, Z↪→

if is_sat(And(seated(K) == 1,
seated(P) == 1, seated(M) == 2,
seated(Q) == 2, seated(L) == 3,
seated(V) == 3, seated(Z) == 3)):
print('(A)')

↪→

↪→

↪→

↪→

# B) Table 1: K, Q, Z; Table 2: L, V;
Table 3: M, P↪→

if is_sat(And(seated(K) == 1,
seated(Q) == 1, seated(Z) == 1,
seated(L) == 2, seated(V) == 2,
seated(M) == 3, seated(P) == 3)):
print('(B)')

↪→

↪→

↪→

↪→

# C) Table 1: L, P; Table 2: K, M;
Table 3: Q, V, Z↪→

if is_sat(And(seated(L) == 1,
seated(P) == 1, seated(K) == 2,
seated(M) == 2, seated(Q) == 3,
seated(V) == 3, seated(Z) == 3)):
print('(C)')

↪→

↪→

↪→

↪→

# D) Table 1: L, Q, V; Table 2: K, M;
Table 3: P, Z↪→

if is_sat(And(seated(L) == 1,
seated(Q) == 1, seated(V) == 1,
seated(K) == 2, seated(M) == 2,
seated(P) == 3, seated(Z) == 3)):
print('(D)')

↪→

↪→

↪→

↪→

# E) Table 1: L, V, Z; Table 2: K, M,
P; Table 3: Q↪→

if is_sat(And(seated(L) == 1,
seated(V) == 1, seated(Z) == 1,
seated(K) == 2, seated(M) == 2,
seated(P) == 2, seated(Q) == 3)):
print('(E)')

↪→

↪→

↪→

↪→

rejected program:
from z3 import *

# Declarations

# At a benefit dinner, a community
theater's seven sponsors—K, L, M,
P, Q, V, and Z—will be seated at
three tables—1, 2, and 3. Of the
sponsors, only K, L, and M will
receive honors, and only M, P,
and Q will give a speech.

↪→

↪→

↪→

↪→

↪→

↪→

sponsors_sort, (K, L, M, P, Q, V, Z)
= EnumSort('sponsors', ['K', 'L',
'M', 'P', 'Q', 'V', 'Z'])

↪→

↪→

tables_sort = IntSort()
sponsors = [K, L, M, P, Q, V, Z]
tables = [1, 2, 3]
seated = Function('seated',

sponsors_sort, tables_sort)↪→

# Pre_Conditions
pre_conditions = []
# L is seated at the same table as V
pre_conditions.append(seated(L) ==

seated(V))↪→

s0 = Const('s0', sponsors_sort)
pre_conditions.append(ForAll([s0],

And(1 <= seated(s0), seated(s0)
<= 3))

↪→

↪→

# Question: Which one of the
following is an acceptable
assignment of sponsors to tables?

↪→

↪→

def is_sat(option_constraints):
solver = Solver()
solver.add(pre_conditions)
solver.add(option_constraints)
return solver.check() == sat

# A) Table 1: K, P; Table 2: M, Q;
Table 3: L, V, Z↪→

if is_sat(And(seated(K) == 1,
seated(P) == 1, seated(M) == 2,
seated(Q) == 2, seated(L) == 3,
seated(V) == 3, seated(Z) == 3)):
print('(A)')

↪→

↪→

↪→

↪→

# B) Table 1: K, Q, Z; Table 2: L, V;
Table 3: M, P↪→

if is_sat(And(seated(K) == 1,
seated(Q) == 1, seated(Z) == 1,
seated(L) == 2, seated(V) == 2,
seated(M) == 3, seated(P) == 3)):
print('(B)')

↪→

↪→

↪→

↪→

# C) Table 1: L, P; Table 2: K, M;
Table 3: Q, V, Z↪→

12



if is_sat(And(seated(L) == 1,
seated(P) == 1, seated(K) == 2,
seated(M) == 2, seated(Q) == 3,
seated(V) == 3, seated(Z) == 3)):
print('(C)')

↪→

↪→

↪→

↪→

# D) Table 1: L, Q, V; Table 2: K, M;
Table 3: P, Z↪→

if is_sat(And(seated(L) == 1,
seated(Q) == 1, seated(V) == 1,
seated(K) == 2, seated(M) == 2,
seated(P) == 3, seated(Z) == 3)):
print('(D)')

↪→

↪→

↪→

↪→

# E) Table 1: L, V, Z; Table 2: K, M,
P; Table 3: Q↪→

if is_sat(And(seated(L) == 1,
seated(V) == 1, seated(Z) == 1,
seated(K) == 2, seated(M) == 2,
seated(P) == 2, seated(Q) == 3)):
print('(E)')

↪→

↪→

↪→

↪→

B Text Templates for Rule-based Samples869

in KB870

For samples in SemanticPref that are synthesized871

with rule-based operations, we use a text template872

to populate them into the knowledge base, and ex-873

plain their errors. We have two nearly identical874

templates which only differ in the sequence of pre-875

ferred and rejected programs, and we randomly876

choose between them for KB population. One of877

the templates are shown as follows.878

For the given story, we have two Z3
logic programs using python API.↪→

[[CONTEXT]]
# Program 1:
[[CHOSEN_PROGRAM]]
Execution Result:
[[CHOSEN_EXEC]]
# Program 2:
[[REJECTED_PROGRAM]]
Execution Result:
[[REJECTED_EXEC]]
The first program is preferred than

the second one, because:↪→

(these description are only included
when the sample has corresponding
error patterns)

↪→

↪→

1. the program 2 has missing
constraints from the original
text, while the other one has
them.

↪→

↪→

↪→

2. the program 2 contains semantic
errors in declaration, while the
other one is correct.

↪→

↪→

3. the program 2 uses undefined
predicates that's not in the z3
declaration, while the other one
is correct.

↪→

↪→

↪→

4. the program 2 contains constraints
that have inconsistent semantics
with the context, while the other
one is semantically correct.

↪→

↪→

↪→

C Additional Results and Discussion 879

C.1 Additional Results for Performance of 880

Auto-formalization 881

The performance of auto-formalization with 882

DeepSeek v3.2 and its reasoning mode are reported 883

in Table 7 and Table 8 respectively. These re- 884

sults further confirm the effectiveness of PrefRAG 885

in auto-formalization using different settings of 886

DeepSeek v3.2, as PrefRAG consistently achieves 887

higher executable rate, execution accuracy and raw 888

accuracy over baselines on in-distribution and out- 889

of-distribution benchmarks. 890

C.2 Additional Results for Ablation Studies 891

Table 6 provides a comparison between the perfor- 892

mance of baselines, PrefRAG and ablated PrefRAG 893

with reasoning models. Same variant from Sec- 894

tion 5.4 are adopted. As reasoning models perform 895

unstably under different baseline settings, results 896

of both Logic-LM and LTRAG are listed. A similar 897

trend reported in Section 5.4 is observed from these 898

results, that the variant PrefRAG-A consistently 899

outperforms baselines but underperforms PrefRAG. 900

Therefore, data augmentation is proved to be a key 901

component of the data construction. 902

C.3 Discussion of Exceptions of Main Results 903

The exceptions of the main results can be ex- 904

plained with results in Section 5.3. On FOLIO, 905

PrefRAG has a significantly higher executable rate 906

than Logic-LM with gpt-4o, thus less samples fail 907

to parse and use backup answers instead. The over- 908

all raw accuracy without backup strategies again 909

demonstrate that PrefRAG actually outperforms 910

Logic-LM in auto-formalization task, reaching an 911

improvement of 22.66%. Same as on LogicalD- 912

eduction with DeepSeek v3.2, where PrefRAG 913

slightly underperforms the CoT baseline by 0.67%. 914
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o3-mini dpsk-rs
Dataset Method

ER EA RA ER EA RA

Logic-LM 9.96 69.57 6.93 74.49 89.14 66.67
LTRAG 48.48 20.54 9.96 3.70 36.36 1.35

PrefRAG-A 98.7 94.30 93.07 95.63 97.72 93.45
AR-LSAT

PrefRAG 98.27 95.59 93.94 96.10 96.40 92.64

Logic-LM 0.00 0.00 0.00 94.12 81.25 76.47
LTRAG 100.00 81.32 81.32 100.00 84.62 84.62

PrefRAG-A 99.51 83.74 83.33 99.02 85.15 84.31
FOLIO

PrefRAG 100.00 84.80 84.80 99.51 85.71 85.29

Table 6: Comparison of baselines, PrefRAG, and PrefRAG-A with reasoning models o3-mini and DeepSeek v3.2
reasoning mode. PrefRAG-A represents the RAG framework same as PrefRAG but augmented data is removed
from the KB.

Dataset Method ER EA RA

AR-LSAT
Logic-LM 41.56 68.75 28.57
LTRAG 63.64 85.03 54.11

PrefRAG 81.82 91.01 74.46

FOLIO
Logic-LM 85.29 79.31 67.64
LTRAG 100.00 82.42 82.42

PrefRAG 97.06 83.34 80.88

Logical
Deduction

Logic-LM 100.00 96.67 96.67
PrefRAG 100.00 99.33 99.33

ProverQA
Logic-LM 80.60 65.26 52.60
PrefRAG 98.60 77.08 76.00

Table 7: Executable rate (ER), execution accuracy
(EA) and raw accuracy (RA) without CoT backup with
DeepSeek v3.2 (%).

Dataset Method ER EA RA

AR-LSAT
Logic-LM 74.79 89.14 66.67
LTRAG 4.33 40.00 1.73

PrefRAG 96.10 96.40 92.64

FOLIO
Logic-LM 94.12 81.25 76.47
LTRAG 100.00 84.62 84.62

PrefRAG 99.51 85.71 85.29

Logical
Deduction

Logic-LM 100.00 97.67 97.67
PrefRAG 100.00 100.00 100.00

ProverQA
Logic-LM 98.60 76.06 75.00
PrefRAG 100.00 77.00 77.00

Table 8: Executable rate (ER), execution accuracy
(EA) and raw accuracy (RA) without CoT backup with
DeepSeek v3.2 reasoning mode(%).

D An Example of Logic-LM’s Output 915

with o3-mini 916

We here list an output generated with the translation 917

prompt of Logic-LM with o3-mini. We can observe 918

that the model first repeated the six programs from 919

the in-context examples, then generated the final 920

program. The program did not follow the grammar 921

as shown in the examples, such as using different 922

notes for comments, and using natural descriptions 923

like "set of children". This example shows that 924

o3-mini performs poorly in instruction following 925

task, and its reasoning process as well as its output 926

are disturbed by the in-context samples. 927

////////////////////////////
// Problem 1
// Tuesday Meals for Vladimir and

Wendy↪→

...
////////////////////////////
// Problem 2
// Technician Machine Repairs
...
////////////////////////////
// Problem 6
// Assigning Lockers to Children

// Declarations
children = EnumSort([Fred, Juan,

Marc, Paul, Nita, Rachel,
Trisha])

↪→

↪→

lockers = EnumSort([1, 2, 3, 4, 5])
assigned = Function([children] ->

[lockers])↪→

14



// Additional helper
functions/relations:↪→

shared = Function([lockers] -> [set
of children]) // the set of
children assigned to a locker

↪→

↪→

// Constraints
// Each locker is assigned to either

one or exactly two children, and
every child is assigned to
exactly one locker.

↪→

↪→

↪→

ForAll([l: lockers], Or(Count([c:
children], assigned(c) == l) ==
1, Count([c: children],
assigned(c) == l) == 2)) :::
"Locker occupancy condition"

↪→

↪→

↪→

↪→

ForAll([c: children], Exists([l:
lockers], assigned(c) == l)) :::
"Each child is assigned a locker"

↪→

↪→

// If a locker is shared (assigned to
two children) then one must be a
boy and one a girl.

↪→

↪→

boys = EnumSort([Fred, Juan, Marc,
Paul])↪→

girls = EnumSort([Nita, Rachel,
Trisha])↪→

ForAll([l: lockers],
Implies(Count([c: children],
assigned(c) == l) == 2,

↪→

↪→

Exists([b: boys, g: girls],
assigned(b) == l And
assigned(g) == l))) :::
"Shared locker gender mix"

↪→

↪→

↪→

// Specific gender constraints for
sharing↪→

assigned(Fred) == 3 ::: "Fred is
assigned to locker 3"↪→

(Count([c: children], And(c == Juan,
Count([l: lockers], assigned(c)
== l) == 1)) = 1) ::: "Juan is
assigned to some locker and must
share (see below)"

↪→

↪→

↪→

↪→

// Juan must share a locker -> the
locker Juan is in must contain 2
children.

↪→

↪→

ForAll([l: lockers],
Implies(assigned(Juan) == l,
Count([c: children], assigned(c)
== l) == 2)) ::: "Juan must share
a locker"

↪→

↪→

↪→

↪→

// Rachel cannot share a locker ->
her locker is solo.↪→

ForAll([l: lockers],
Implies(assigned(Rachel) == l,
Count([c: children], assigned(c)
== l) == 1)) ::: "Rachel does not
share a locker"

↪→

↪→

↪→

↪→

// Nita’s locker cannot be adjacent
to Trisha’s locker.↪→

Not(Abs(assigned(Nita) -
assigned(Trisha)) == 1) :::
"Nita's locker not adjacent to
Trisha’s"

↪→

↪→

↪→

// Marc alone is assigned to locker
1.↪→

assigned(Marc) == 1 ::: "Marc is
assigned to locker 1 and is alone
there"

↪→

↪→

// Additional note: When a locker is
shared it must be one girl and
one boy – already enforced.

↪→

↪→

// Extra given conditions for this
problem instance:↪→

assigned(Trisha) == 3 ::: "Trisha is
assigned to locker 3"↪→

// Options
Question ::: "If Trisha is assigned

to locker 3 and Marc alone is
assigned to locker 1, then which
one of the following must be
true?"

↪→

↪→

↪→

↪→

is_true(assigned(Juan) == 4) :::
"(A)"↪→

is_true(assigned(Juan) == 5) :::
"(B)"↪→

is_true(assigned(Paul) == 2) :::
"(C)"↪→

is_true(assigned(Rachel) == 2) :::
"(D)"↪→

is_true(assigned(Rachel) == 5) :::
"(E)"↪→
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