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Abstract001

We introduce a self-play framework for se-002
mantic equivalence in Haskell, utilizing for-003
mal verification to guide adversarial training004
between a generator and an evaluator. The005
framework leverages Liquid Haskell proofs006
for validating equivalence and execution-based007
counterexamples for inequivalence, organized008
via a difficulty-aware curriculum. To facili-009
tate this, we release OpInstruct-HSx, a syn-010
thetic dataset of ≈28k validated Haskell pro-011
grams. Empirical experiments show that our012
evaluator transfers effectively to downstream013
tasks, achieving up to 13.3pp accuracy gain on014
EquiBench and consistent gains on PySecDB.015
Ablation studies on the SEQ-SINQ regimes016
indicate that while inequivalence supervision017
provides data volume, equivalence proofs are018
uniquely responsible for the model’s reasoning019
capabilities. The entire training pipeline and020
dataset are publicly released on GitHub and021
Hugging Face respectively.022

1 Introduction023

The rise of large language models (LLMs) has024

reshaped how software can be generated and025

maintained. Despite models such as Codex and026

Qwen2.5-coder have demonstrated strong capabili-027

ties in producing functional code from natural lan-028

guage prompts (Murphy et al., 2024; Hui et al.,029

2024), their outputs often fail to preserve the in-030

tended program behavior beyond basic test cov-031

erage (Laneve et al., 2025; Nguyen et al., 2025;032

Wei et al., 2025). This gap raises a fundamental033

challenge: How can we design training that ex-034

plicitly teaches models to reason about semantic035

equivalence between programs? Addressing this036

problem is critical not only for reliable code gener-037

ation but also for downstream applications such as038

program optimization, automated refactoring, and039

vulnerability detection.040

Current approaches largely rely on test suites,041

which are insufficient for capturing deep semantic042

properties and edge cases. To bridge this gap, we 043

ground our framework in Haskell for three key rea- 044

sons. First, its pure functional nature and strong 045

static typing eliminate hidden state and side ef- 046

fects (Thompson, 2011) (See Appendix A for illus- 047

tration), making equivalence reasoning mathemati- 048

cally tractable (Launchbury, 1993; Sestoft, 1997). 049

Second, the Liquid Haskell ecosystem enables the 050

generation of machine-checkable proofs via refine- 051

ment types, making it possible to certify semantic 052

equivalence for a subset of Haskell programs (Liq- 053

uid Haskell Tutorial, 2025). This offers a source of 054

formal supervision that is unavailable in languages 055

such as Python or Java, where formal verification 056

is much harder. Finally, training on underrepre- 057

sented functional paradigms pushes the model be- 058

yond standard object-oriented patterns (van Dam 059

et al., 2024; Giagnorio et al., 2025), encouraging 060

deeper abstraction capabilities. 061

We propose a self-play framework for semantic 062

equivalence, in which two specialized agents in- 063

teract: Alice, a generator that produces variants of 064

reference programs; and Bob, an evaluator trained 065

to decide whether two programs are equivalent. 066

The self-play loop alternates between program gen- 067

eration, verification through proofs or counterex- 068

amples, difficulty scoring, and fine-tuning of both 069

agents. By framing the problem as a game between 070

generator and evaluator, the system encourages pro- 071

gressively harder examples and deeper reasoning 072

about semantics. 073

This work investigates three core questions re- 074

garding the utility of functional programming for 075

LLM alignment. First, we examine the dynamics 076

of self-play, asking whether an adversarial loop in 077

a functional language can induce a progressive cur- 078

riculum that improves semantic reasoning. Second, 079

we evaluate cross-domain and cross-language trans- 080

ferability, assessing whether semantic reasoning 081

skills acquired in Haskell generalize to zero-shot 082

synthesis and vulnerability detection in broader 083
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coding benchmarks. Finally, we perform a con-084

trolled ablation to determine the relative contri-085

butions of supervision signals, distinguishing be-086

tween the effects of formal equivalence proofs and087

execution-based counterexamples on evaluator ro-088

bustness.089

2 Related Work090

Determining semantic equivalence is extremely091

challenging in general and current LLMs often fail092

to recognise semantic equivalence in code (Laneve093

et al., 2025; Nguyen et al., 2025; Wei et al., 2025).094

By Rice’s Theorem, determining if two arbitrary095

programs are semantically equivalent is generally096

undecidable (Rice, 1953). Traditional approaches097

rely on unit testing; however, even extended test098

suites, such as HumanEval+ and MBPP+ remain099

insufficient to guarantee correctness (Gren and100

Antinyan, 2017; Chioteli et al., 2021). Similarly,101

symbolic execution offers path-sensitive analysis102

but suffers from combinatorial state-space explo-103

sion as program complexity increases (Badihi et al.,104

2020).105

To address these incompleteness issues, recent106

research has pivoted towards formal verification.107

In the LLM domain, frameworks like DeepSeek-108

Prover (Xin et al., 2024a,b; Ren et al., 2025) and109

Kimina-Prover (Wang et al., 2025) have demon-110

strated that fine-tuning models on self-generated111

proofs (e.g., in Lean) significantly enhances their112

verifiable reasoning capabilities. However, gener-113

ating fully machine-checkable equivalence proofs114

for imperative languages like Python or C++ is be-115

yond the reach of current tools except for trivial116

cases (Miceli-Barone et al., 2025).117

Our approach bridges this gap by using Haskell118

and Liquid Haskell. Liquid Haskell embeds refine-119

ment types into the language (Vazou et al., 2014),120

allowing logical properties to be verified automat-121

ically via Satisfiability Modulo Theories (SMT)122

solvers (Diatchki, 2015; Jhala et al., 2020; Liq-123

uid Haskell Tutorial, 2025). This framework en-124

ables the construction of machine-checkable lem-125

mas, using reflection and Proof by Logical Evalua-126

tion (PLE), to formally certify pointwise equality127

between candidate functions. This provides a de-128

terministic, high-fidelity feedback signal for the129

self-play loop.130

Self-play has historically driven breakthroughs131

in game-playing agents like AlphaZero (Silver132

et al., 2017) and OpenAI Five (OpenAI et al., 2019).133

In the coding domain, recent frameworks such 134

as Sol-Ver (Lin et al., 2025) and AutoIF (Dong 135

et al., 2025) adapt this by using model-generated 136

unit tests and execution feedback to filter synthetic 137

data, achieving significant gains on benchmarks 138

like MBPP and IFEval. 139

Our work is most directly built upon the ad- 140

versarial framework proposed by Miceli-Barone 141

et al. (2025), known as the Semantic Inequivalence 142

Game (SINQ). In their setup, a generator ("Al- 143

ice") creates program variants and diverging inputs 144

(counterexamples), while an evaluator ("Bob") at- 145

tempts to detect inequivalence without seeing the 146

generator’s justification. This adversarial loop pro- 147

vides a scalable curriculum that improves semantic 148

reasoning. We extend this paradigm by including 149

Semantic Equivalence tasks (SEQ). While Miceli- 150

Barone et al. (2025) focused exclusively on inequiv- 151

alence via execution feedback, we integrate formal 152

verification using Liquid Haskell. This allows us to 153

train on positive instances of equivalence supported 154

by reasoning traces. 155

3 Methodology 156

We introduce the core methodology of the self-play 157

framework for improving code reasoning in LLMs 158

through two complementary tasks: the SEQ and 159

the SINQ. In the SEQ task, the generator model is 160

asked to produce a functionally identical variant of 161

a given Haskell program, along with a formal proof 162

certifying its equivalence. In contrast, the SINQ 163

task requires generating a function that diverges 164

from the original program on at least one input. 165

Figure 1 shows the complete self-play framework, 166

with difficulty-based supervised fine-tuning that 167

guides the adaptive training loop. 168

3.1 Framework Overview 169

The self-play framework is formulated as a two- 170

agent adversarial game between Alice (the genera- 171

tor) and Bob (the evaluator). 172

1. Each round starts with a reference Haskell pro- 173

gram P , upon which Alice’s task is to gener- 174

ate program Q, which is either a semantically 175

equivalent variant to P (with a proof) or a 176

semantically inequivalent program (with a di- 177

verging input that demonstrates their different 178

behaviour). 179

2. The proof or the diverging input is verified 180

afterwards, and if it fails, Alice loses. 181
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Figure 1: Overview of the semantic self-play framework
for improving code reasoning in LLMs via Haskell.

3. Bob then decides whether (P,Q) are seman-182

tically equivalent. If Bob’s judgment is accu-183

rate, he wins and Alice loses, vice versa.184

Alice’s objective is to create instances that are185

difficult for Bob to classify, whereas Bob’s task is186

to correctly assess them. Through repeated interac-187

tions, both agents gradually improve their perfor-188

mance. Miceli-Barone et al. (2025) have proved189

that this adversarial framework has no theoretical190

upper bound on model’s performance improve-191

ment, and in principle both agents can learn end-192

lessly about the complex programming logic while193

training on a real-world coding dataset.194

3.2 Dataset Generation and Preparation195

The availability of high-quality Haskell datasets196

remains extremely limited. Among the few usable197

resources, the most substantial one is the Blastwind198

dataset1, which aggregates real-world source files199

scraped from public GitHub repositories. However,200

its utility is hindered by substantial noise: the data201

contains unannotated, inconsistently formatted, and202

often non-compilable code.203

To address the scarcity of high-quality Haskell204

datasets, we adopt a complementary strategy: in-205

troducing OpInstruct-HSx, where we generate206

a synthetic Haskell dataset by adapting from the207

1https://huggingface.co/datasets/blastwind/
github-code-haskell-file

nvidia-OpenCodeInstruct dataset (Ahmad et al., 208

2025), a large-scale, high-quality instruction cor- 209

pus originally built for Python code generation. 210

The programs are first pre-filtered and then 211

transformed into Haskell programs using the 212

DeepSeek-R1-Distill-Llama-70B model. This 213

process results in a synthetic dataset of Haskell 214

programs. To ensure its quality, we applied an au- 215

tomated filtering and validation stage. For each 216

generated Haskell program, we extract the function 217

name and its argument types using syntactic heuris- 218

tics, and synthesize a type-correct input using a 219

recursive literal generator supporting common base 220

types (e.g., Int, Bool, List, Tuple). Each pro- 221

gram is compiled with Glasgow Haskell Compiler 222

(GHC) and executed on the synthesised input. Only 223

those that compile successfully and execute without 224

errors are retained. This filtering process eliminates 225

malformed or non-functional code, ensuring that 226

the resulting dataset consists of minimally func- 227

tional and executable Haskell programs. 228

Figure 2 shows the entire multi-stage filtering 229

mechanism. We have contributed OpInstruct-HSx, 230

a clean and executable Haskell dataset for both 231

SEQ and SINQ games, which consists of approxi- 232

mately 28,000 validated Haskell functions derived 233

from real-world problems. This dataset is made 234

publicly available2, serving as a high-quality syn- 235

thetic Haskell resource for training LLMs in se- 236

mantic reasoning tasks. The code to create the data 237

and replicate the experiment is released on a public 238

repository3. 239

Hugging Face Pre-FilteringOpenCodeInstruct
Dataset

Synthetic Code
Generation for

Haskell

Compilation &
Validation
Filtering

OpInstruct-HSx
Dataset

Synthetic Haskell Dataset Generation -- OpInstruct-HSx

Figure 2: Full Pipeline for the OpInstruct-HSx dataset
generation

3.3 The Self-Play Loop: Alice and Bob 240

Step 1: Program Selection and Branching 241

Let D be the dataset of reference Haskell programs. 242

We randomly choose a reference program P ∈ D 243

and then select the SEQ game with 50% probability, 244

otherwise we choose the SINQ game. 245

2URL redacted to preserve anonymity.
3URL redacted to preserve anonymity.
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Step 2a: SEQ Game (Alice’s Turn)246

In the SEQ game, Alice receives P and must syn-
thesize Q such that for all inputs x:

∀x ∈ X . P (x) = Q(x)

To challenge Bob, Alice is encouraged to construct247

a hard instance Q, aiming for a maximum target248

difficulty level (d=10, defined in Section 3.4.1).249

In addition, Alice is required to produce a formal250

proof (in Liquid Haskell) of this semantic equiva-251

lence. See Appendix B for an SEQ instance.252

Step 2b: SINQ Game (Alice’s Turn)253

Alternatively in the SINQ game, Alice is instructed
to produce a function Q that diverges from P on at
least one input:

∃x∗ ∈ X : P (x∗) ̸= Q(x∗)

Alice is also incentivized to construct a difficult254

function Q that Bob is likely to misclassify, again255

targeting a maximum difficulty level (d=10). Al-256

ice must also output a diverging input xa showing257

this inequivalence such that P (xa) ̸= Q(xa). See258

Appendix B for an SINQ instance.259

Step 3: Verification through Liquid Haskell or260

Execution261

• SEQ Game: Alice’s proof is verified by Liq-262

uid Haskell, which acts as an external oracle.263

If the proof is accepted, the proof is retained264

as a fine-tuning example.265

• SINQ Game: The candidate xa is tested by an266

execution: If P (xa) ̸= Q(xa), the instance is267

accepted. Otherwise, the sample is discarded.268

All candidates undergo compilation, execution,269

and formal verification checks. This ensures the270

training data for both Alice and Bob remains high-271

quality and executable.272

Step 4: Bob’s Turn – Difficulty Estimation273

After Alice produces her candidate program Q,274

Bob is presented with both P and Q only and must275

decide whether the two programs are semantically276

equivalent. To estimate the challenge posed by277

each example, Bob is sampled N times and the pro-278

portion of correct responses from Bob is then used279

to compute a difficulty score. Further details on the280

difficulty-based curriculum and dataset sampling281

can be found in Section 3.4.282

3.4 Implementation with Supervised 283

Fine-Tuning with Difficulty Score 284

Given the practical challenges of reinforcement 285

learning (Appendix C), we instead adopt rejection 286

sampling supervised fine-tuning (SFT). We con- 287

struct fine-tuning datasets by having Alice gener- 288

ate challenging programs and Bob learn from his 289

own correct identifications. This semi-adversarial 290

pipeline ensures Alice continually refines her abil- 291

ity to craft borderline-difficult SEQ or SINQ pro- 292

gram pairs, while Bob steadily improves at its rea- 293

soning ability in semantic equivalence. Detailed 294

prompt formats for both agents are provided in 295

Appendix D. 296

3.4.1 Alice’s Training Data Selection 297

After Alice generates the candidate pairs (P,Q), 298

Alice’s outputs are not immediately used for fine- 299

tuning. Instead, for each pair, Bob is asked to evalu- 300

ate their semantic relation multiple times (typically 301

N = 10). The number of correct Bob responses 302

Nsuccess determines the difficulty score d̂ as de- 303

fined in Equation 1. 304

d̂ = d(P,Q) = 10×
(
1− Nsuccess

N

)
(1) 305

However, most of Alice’s early generations are triv- 306

ial for Bob. Including all examples would flood 307

the dataset with low-difficulty cases that Bob al- 308

ready solves easily. Following the design in Miceli- 309

Barone et al. (Miceli-Barone et al., 2025), we only 310

retain examples that are sufficiently challenging, as 311

determined by the difficulty score d̂. Hence, shown 312

in Schema 2, we split all (P,Q) pairs into DHard 313

and DEasy, where τ is a chosen difficulty threshold 314

(e.g., τ = 5). 315

DHard = {(P,Q) | d(P,Q) > τ} ,
DEasy = {(P,Q) | d(P,Q) ≤ τ}

(2) 316

Finally, Alice’s training dataset is comprised of 317

three SFT examples for each validated pairs (P,Q). 318

The first example pairs the prompts and Alice’s 319

generation, and directly trains Alice to generate 320

a challenging program Q, which helps improve 321

Alice’s ability to craft precise SEQ or SINQ code 322

(Schema 3). SP and UP denote the system and 323

user prompts conditioned on the reference program 324

P and a target difficulty d = 10. O represents the 325

model’s raw output, which includes the chain-of- 326

thought followed by the generated program Q (and 327
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the diverging input x in the case of SINQ).328

SEQ =
(
SPeq

A , UPeq
A (P, 10), Oeq

A

)
SINQ =

(
SPinq

A , UPinq
A (P, 10), Oinq

A

) (3)329

We then select every hard example plus 20% as330

many easy ones sampled round-robin across integer331

difficulty bins to maintain a balanced curriculum.332

The second example, designated as a “difficulty-333

prediction” instance, teaches Alice to self-assess334

the hardness of its own creations: by taking Al-335

ice’s generated program Q along with the Diffi-336

culty Prediction User Prompt and supervising on337

the numeric label “Difficulty level:d̂" (Schema 4).338

The training dataset is also biased towards hard339

examples, with easy examples comprising 50% of340

the subset. Alice learns to calibrate its difficulty341

estimates and ensures that its future generations are342

appropriately challenging.343

SEQDP =
(
SPeq

A,DP , UP
eq
A,DP , d̂

)
SINQDP =

(
SPinq

A,DP , UP
inq
A,DP , d̂

) (4)344

The third example concerns all (P,Q) pairs in345

the SEQ that have been successfully proved. We346

not only consider the generated candidate Q for347

a given P , but also the complete reasoning trace348

and valid Liquid Haskell proof script from Alice349

(Schema 5). These examples serve as supervised350

training signals to help Alice internalize the proof351

obligation π, corresponding to the refinement type352

∀x., P (x) = Q(x).353

SEQproof =
{(

SPeq
A , UPeq

A (P ), Oeq
A (P,Q, π)

)∣∣∣ LH(P,Q) ⊢ π
}

(5)

354

This three-part structure enables Alice to gen-355

erate challenging variants, assess their difficulties,356

and internalize proof strategies.357

3.4.2 Bob’s Training Data Selection358

Bob’s training data is constructed from all of his359

correct (P,Q) pairs’ evaluations. Each training ex-360

ample (Schema 6) consists of the original pair, the361

system prompts, user prompts, and Bob’s response362

OB . By sampling from a wide range of difficulties,363

Bob learns to reason and recognize both easy and364

subtle equivalence relations.365

EBob =
(
SPB, UPB(P,Q), OB

)
(6)366

4 Experimental Setup 367

We use DeepSeek-R1-Distill-Qwen-7B as our 368

base model for both Alice and Bob. Fine-tuning is 369

performed using LoRA adaptors. Please see Ap- 370

pendix E for more details. 371

To investigate the distinct contributions of equiv- 372

alence versus inequivalence supervision, we con- 373

duct the main experiment (E0) alongside three con- 374

trolled ablations (E1–E3). These regimes systemat- 375

ically vary the game type probability and reference 376

program budget (P ) to isolate the impact of SEQ 377

supervision under controlled data constraints. The 378

configurations are shown in Table 1. 379

Regime SEQ/SINQ P Goal

E0 (Base) 50/50 500 Main
E1 0/100 500 Max Volume
E2 96/4 500 Balanced Yield
E3 0/100 40 Vol. Control (E3 ≈ E2)

Table 1: Experimental regimes to test SEQ impact.

The full codebase is available at the GitHub 380

repository4 to generate the dataset OpInstruct-HSx, 381

reproduce the experiments and evaluate model per- 382

formance. 383

5 Results 384

The following evaluation results are structured to 385

address the three research questions outlined in the 386

introduction. 387

5.1 Intrinsic Evaluation 388

The goal of E0 is teaching Alice (the generator) to 389

generate increasingly challenging instances while 390

Bob (the evaluator) to improve at judging program 391

semantics. 392

5.1.1 Capability Assessment 393

As shown in Figure 3, the mean difficulty rises 394

from 0.50 to 1.18 by round 7, indicating that Al- 395

ice is crafting harder instances for a constant Bob. 396

See Appendix H.1.1 for the difficulty trajectories 397

breakdown for both SEQ and SINQ games. 398

In addition, we measure how much the evalua- 399

tor model (Bob) improves after its first and only 400

training round in the semantic equivalence self- 401

play. Challenge instances are generated by the final 402

trained generator model, Alice from round 7, us- 403

ing source programs from the training split of the 404

OpInstruct-HSx and from the unseen test split. The 405

4URL redacted to preserve anonymity.

5



1 2 3 4 5 6 7
Round

0

1

2

3

4

5

Di
ffi

cu
lty

0.50 0.50
0.65

0.87
0.66

0.93
1.18

Alice  Mean Difficulty Score by Round (from Bob's Evaluation)
Mean difficulty ±1 SD

Figure 3: Mean and standard deviation for the difficulty
scores for Alice’s generated instances from a fixed un-
trained Bob over 7 rounds.

resulting accuracies, summarised in Table 2, show406

modest improvements on unseen data.407

Accuracy (%)

Benchmark Base Trained ∆

OpInstruct-HSx (Train) 87.57 91.34 +3.77
OpInstruct-HSx (Test) 88.24 88.79 +0.55

Table 2: OpInstruct-HSx accuracy results comparing
the Base Model and Trained (Bob adapter) models.

5.2 Extrinsic Evaluation408

Having validated the agents’ improvement within409

the self-play loop, we now investigate whether this410

training enhances the model’s understanding of411

program semantics across different programming412

languages and domains.413

5.2.1 Haskell Program Generation414

In MBPP and HumanEval from MultiPL-E (Cas-415

sano et al., 2022), both models’ compilation errors416

decrease substantially and Pass@1 improves on417

the Haskell tasks (shown in Table 3). Performance418

trajectories for Alice across self-play rounds are419

provided in Appendix H.1.2 and H.1.3.420

The results indicate that semantic reasoning421

training transfers positively to Haskell code gener-422

ation performance and robustness for both agents.423

For Bob, the gains confirm that the semantic dis-424

crimination skills learned during self-play can yield425

broader benefits in practical programming scenar-426

ios. And for Alice, the improvements suggest that427

training on high-quality, verifiable program trans-428

formations in self-play can enhance downstream429

synthesis accuracy and reduce compilation errors.430

5.3 Coding Related Tasks Evaluation431

We would like to investigate whether richer type432

semantics learnt in the evaluator model Bob can433

further enhance his ability to analyse correct and434

semantically meaningful code across other coding 435

paradigms, not just the functional ones. 436

5.3.1 EquiBench 437

The EquiBench (Wei et al., 2025) benchmark con- 438

sists of six data categories: DCE (C pairs with 439

dead/live code variations), x86-64 (identical assem- 440

bly sequences via superoptimization), and CUDA 441

(equivalent kernels with different scheduling) form 442

the low-level systems group. The algorithmic 443

group uses Python pairs from competitive pro- 444

gramming, featuring OJ_A (algorithmic refactors), 445

OJ_V (variable renaming), and OJ_VA (combined 446

algorithmic and variable changes). 447

In the zero-shot prompting evaluation, our fine- 448

tuned Bob model shows clear gains over the base 449

model in several dataset configurations. 450

OJ_A OJ_VA DCE OJ_V STOKE TVM
Dataset Configuration
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57.4% 55.9%
51.9%
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51.8%
50.1%

Comparison of Accuracy Across Datasets
Model Type

base
finetuned

Figure 4: Accuracy comparison between base and fine-
tuned Bob models across EquiBench dataset configura-
tions.
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Figure 5: F1 score comparison between base and fine-
tuned Bob models across EquiBench dataset configura-
tions.

From Figure 4 and Figure 5, the model transfers 451

best to OJ_A and OJ_V because both categories 452

(algorithmic refactors and variable renaming re- 453

spectively) align with Bob’s learned skill on detect- 454

ing high-level behavioural divergence, resulting in 455

large gains in performance. OJ_VA’s performance 456

stays modest as the authors stated that it is harder 457
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Pass@1 (%) Compilation Errors

Benchmark Agent Base Trained ∆ Base Trained ∆

HumanEval Bob 17.7 26.4 +8.7 130 110 −20
HumanEval Alice 17.7 26.3 +8.6 130 104 −26
MBPP Bob 26.7 36.9 +10.2 250 203 −47
MBPP Alice 26.7 34.3 +7.6 250 218 −32

Table 3: HumanEval and MBPP results (zero-shot prompting in Haskell), comparing the Base Model (untrained)
and Trained models. Averages over 16 trials.

than pure renaming and closer to the “non-local458

structural” end.459

In contrast, DCE, STOKE, and TVM require460

reasoning about low-level or non-functional seman-461

tics absent from our Haskell curriculum. This mis-462

match in language, abstraction level, and equiva-463

lence definition explains the weaker or negligible464

improvements on these tasks.465

5.3.2 PySecDB466

PySecDB is the first comprehensive dataset of467

security-related commits in Python (Sun et al.,468

2023). In Table 4, our fine-tuned Bob model469

achieves consistent improvements over the base470

model across all evaluated metrics. The results471

indicate that Bob’s Haskell semantic reasoning472

training transfers positively to Python vulnerability473

detection, improving in identification of security-474

relevant code changes.475

Scores (%)

Metric Base
Model

Trained ∆

Accuracy 67.6 68.8 +1.2
Precision 48.0 49.7 +1.7
Recall 55.1 59.2 +4.1
F1 Score 51.3 54.0 +2.7

Table 4: PySecDB vulnerability detection results com-
paring the Base Model and Trained (Bob adapter).

5.3.3 CodeXGlue476

CodeXGLUE’s defect detection dataset (Zhou477

et al., 2019) is a curated collection of over 27,000478

C-language functions, each manually labeled to479

indicate whether it contains a security-relevant de-480

fect.481

In Table 5, both the base and fine-tuned Bob482

models perform near the 50% mark for accuracy,483

which is indistinguishable from a random model.484

CodeXGLUE’s dataset gives Bob only one C func-485

tion and asks if it’s vulnerable. The vulnerabilities486

Scores (%)

Metric Base
Model

Trained ∆

Accuracy 48.8 50.5 +1.7
Precision 45.0 45.7 +0.7
Recall 51.1 41.7 −9.4
F1 Score 47.9 43.2 −4.7

Table 5: CodeXGLUE defect detection results compar-
ing the Base Model and Trained (Bob adapter).

are low-level memory issues that require track- 487

ing pointers, memory allocation, and data lay- 488

outs. However, Haskell is memory-safe, garbage- 489

collected, and doesn’t have manual frees or pointer 490

arithmetic. Therefore, the trained model shows no 491

meaningful advantage over the base model on this 492

task. 493

5.4 Controlled Comparison of SEQ–SINQ 494

Regimes 495

A critical finding from E0 is the asymmetry in num- 496

ber of validated programs between SINQ and SEQ 497

even under a uniform sampling policy in choos- 498

ing the game. In Figure 6, we have hundreds of 499

accepted SINQ instances per round, but very few 500

SEQ instances (single digits in most rounds). A 501

review of the output from the self-play shows that 502

while Alice can readily produce SINQ pairs, the 503

small reasoning model often struggles to produce 504

Liquid Haskell proofs for SEQ, which drastically 505

limits the number of compiled and verified SEQ 506

examples available for training. This imbalance 507

limits the diversity of program types in the training 508

buffer, with the current SEQ+SINQ configuration 509

heavily skewed with SINQ examples. 510

This subsection investigates whether incorpo- 511

rating SEQ supervision yields unique reasoning 512

benefits beyond those of SINQ alone, aiming to 513

isolate the impact of the supervision type from the 514

disparity in verified data volume (see Appendix F 515

for derivation details). 516
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Figure 6: Counts and proportions of validated Alice
generations by round.

5.4.1 Evaluation Results517

We analyze the four experimental regimes to decou-518

ple the effects of supervision type (SEQ vs. SINQ)519

from training data volume. All results are presented520

in Appendix G and H.521

Value of SEQ Supervision522

Despite having significantly fewer verified train-523

ing pairs in E0 than in the pure SINQ regime524

E1 (937 vs. 1, 839), E0 achieves superior perfor-525

mance on semantic equivalence tasks. This indi-526

cates that SEQ supervision improves high-level527

semantic judgment even when data volume is re-528

duced. Furthermore, when strictly controlling for529

data volume (E2 vs. E3, both ≈ 150 pairs), the530

inclusion of SEQ (E2) yields consistent advantages531

on structural reasoning tasks over pure SINQ (E3),532

shown in Table 7. This confirms that SEQ supervi-533

sion confers a unique benefit that cannot be repli-534

cated by inequivalence signals alone.535

Volume Trade-offs536

While SEQ is qualitatively valuable, data volume537

remains critical. Regime E2, which aggressively538

prioritizes SEQ (96% attempts) to force a balanced539

validated distribution, suffers a sharp drop in total540

verified pairs (N = 140) due to low proof yields,541

causing performance degradation across all bench-542

marks compared to E0. The 50/50 mixed regime543

(E0) therefore represents an acceptable trade-off,544

balancing the semantic depth of SEQ with the high545

verification yield of SINQ.546

6 Conclusions547

This paper investigates the use of self-play to im-548

prove code generation and semantic reasoning in549

LLMs, focusing on program equivalence in Haskell550

and Liquid Haskell. The framework introduces two551

agents: a generator of semantically equivalent or552

inequivalent program variants, and an evaluator553

trained to judge equivalence. Evaluation shows 554

that Bob benefits substantially: Haskell coding per- 555

formance improves, and transfer is strong on high- 556

level semantic reasoning tasks, but negligible on 557

low-level or memory-oriented tasks. Controlled 558

comparisons reveal that although inequivalence 559

data yields far more verified pairs, the inclusion 560

of equivalence supervision confers unique gains in 561

semantic reasoning that cannot be achieved through 562

inequivalence alone. 563

7 Future Work 564

There are several promising avenues for future 565

research. First, extending training across more 566

rounds could allow Bob to accumulate richer expe- 567

rience. Additionally, (1) scaling to larger parame- 568

ter models and (2) employing full-parameter fine- 569

tuning instead of LoRA may increase both Alice’s 570

proof synthesis capabilities and Bob’s reasoning 571

capacity. 572

A second priority is to improve the statistical 573

robustness of the controlled comparisons. The ex- 574

periments in regimes E2 and E3 were limited by 575

small sample sizes, which may not be represen- 576

tative of the true differences between SINQ- and 577

SEQ-based supervision. Running larger-scale ex- 578

periments would provide stronger evidence about 579

the relative contributions of the two regimes. 580

Furthermore, methodologically speaking, the 581

Haskell self-play framework could be expanded 582

to cover low-level program behaviors by introduc- 583

ing tasks that explicitly model memory usage, side 584

effects, and bit-level operations. 585

Moreover, converting the self-play pipeline into 586

a dedicated Haskell Equivalence Evaluation test set 587

would help to provide a more direct and sustain- 588

able benchmark for semantic reasoning, especially 589

given the scarcity of high-quality Haskell resources 590

currently available. 591

Finally, reinforcement learning could be re- 592

examined as a means of enhancing the SEQ game’s 593

contribution. By running Alice long enough to gen- 594

erate sufficiently challenging programs and provid- 595

ing Bob with richer feedback through reward-based 596

updates, it may be possible to overcome the cur- 597

rent proof bottleneck and more effectively integrate 598

equivalence reasoning into the self-play loop. 599

8 Limitations 600

A central limitation of this work lies in the proof 601

synthesis bottleneck. Alice rarely produces Liquid 602
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Haskell proofs that successfully pass PLE, resulting603

in very low validation yields for SEQ cases. This604

imbalance causes the majority of verified training605

data SINQ-dominated, reducing the contribution606

of SEQ supervision to Bob’s learning. The issue607

is likely exacerbated by the relatively small model608

size used in this study, which likely restricts Alice’s609

ability to generate structurally complex proofs.610

Another limitation arises from the inherent con-611

straints of Liquid Haskell itself. The verification612

process depends heavily on reflection and proof613

by logical evaluation, which are effective for lo-614

cal reasoning but struggle with certain classes of615

programs. Non-terminating behaviors, partial func-616

tions, and large-scale algebraic rewrites are difficult617

to certify, and in some cases impossible, within this618

fragment of the logic. Moreover, not all Haskell619

programs are reflectable, further narrowing the620

scope of tasks where equivalence can be formally621

verified.622

Finally, there is a cross-domain mismatch in gen-623

eralization. While Bob transfers strongly to high-624

level semantic reasoning tasks, such as OJ_A and625

OJ_V in EquiBench and vulnerability detection626

in PySecDB, his performance is notably weaker627

on low-level or stateful semantics, including DCE,628

STOKE, TVM, and CodeXGlue. This gap high-629

lights a limitation of the current framework in ad-630

dressing equivalence reasoning that depends on631

memory, side effects, or bit-level operations.632

9 Ethical considerations633

This work adversarially trains models to introduce634

hard to detect semantic modifications to computer635

programs and then to detect them, which may train636

them to detect security-relevant vulnerabilities or637

introduce obfuscated backdoors. In principle, these638

capabilities have a potential for malicious use, how-639

ever, they can be also used for pro-social use to im-640

prove the reliability and security of code, whether641

generated by humans or LLMs. We believe that642

the net societal impact of models better able to643

reason about the subtleties of program semantics644

to be positive, especially as these capabilities are645

disseminated through Open Source releases, as we646

do in this work.647
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A Illustrative Haskell Features for817

Semantic Reasoning and Verification in818

LLM Self-Play819

[1] Pure Semantics

Every function is a pure mapping from inputs to outputs, there is no
hidden state or mutation. This purity ensures that two functions are
semantically equivalent if they produce the same outputs for all inputs,
regardless of how those outputs are computed.

1 -- revRec :: [a] -> [a]
2 revRec :: [a] -> [a]
3 revRec [] = []
4 revRec (x:xs) = revRec xs ++ [x]
5 -- revFold :: [a] -> [a]
6 revFold :: [a] -> [a]
7 revFold = foldl (flip (:)) []
8

Because Haskell is referentially transparent, revRec xs can be substituted
with revFold xs wherever it appears. This makes reasoning about equiv-
alence both feasible and formalizable.

[2] Static Typing and GHC Compile

Haskell’s static type system provides strong guarantees at compile time.
Once a program is accepted by the compiler, most classes of errors such
as type mismatches and null de-referencing are eliminated. This makes
the type checker an effective pre-filter for program validity in the self-play
loop.

1 -- add :: Int -> Int -> Int
2 add x y = x + y
3

When writing add True False, GHC will raise a compilation error before
running the program as add expects two Int.

B Liquid Haskell SEQ / SINQ Instances820

Listing 1: Example of a SEQ Instance
821

-- Reference Function P822
double :: Int -> Int823
double x = x + x824

825
-- Alice's generated Q (Semantic Equivalent)826
double_alt :: Int -> Int827
double_alt x = 2 * x828

829
-- Liquid Haskell Proof830
{-@ lemma_double_equiv :: x:Int831

-> { double x == double_alt x } @-}832
lemma_double_equiv :: Int -> Proof833
lemma_double_equiv x834
= double x835
=== double_alt x836
*** QED837838

Listing 2: Example of a SINQ Instance
839

-- Original function P840
sign :: Int -> String841
sign n842
| n < 0 = "negative"843
| n == 0 = "zero"844
| otherwise = "positive"845

846
-- Alice's generated Q (semantically inequivalent)847
signIneq :: Int -> String848
signIneq n849
| n <= 0 = "non-positive"850
| otherwise = "positive"851

852
-- Diverging input 853
x_a = 0 854
-- P x_a = sign 0 = "zero" 855
-- Q x_a = signIneq 0 = "non-positive" 856857

C Implementation with Reinforcement 858

Learning 859

Reinforcement learning (RL) offers a conceptually 860

natural way to optimize the game by directly re- 861

warding or penalizing generated programs based 862

on the game outcome. A straightforward RL setup 863

would proceed as follows based on the game rules: 864

C.1 RL Formulation 865

We treat Alice and Bob as two competing agents in 866

a zero-sum Markov game. 867

• For the SINQ branch: An executor first checks 868

that Q compiles and that P (xa) ̸= Q(xa) on 869

Alice proposed diverging input xa. 870

• For the SEQ branch: the SMT-based checker 871

will execute the Liquid Haskell proof script 872

asserting ∀x. P (x) = Q(x). 873

If the above verification fails, the episode ter- 874

minates with Alice receiving a negative reward 875

rA = rfail < 0. Otherwise Bob observes state 876

(P,Q) (but not Alice’s diverging input xa) and iden- 877

tify whether (P,Q) are semantically equivalent. 878

If Bob is correct, then Bob earns rB = 879

rsuccess > 0 and Alice is penalized with rA = 880

rtoo_easy < 0. If Bob is incorrect, he gets rB = 881

rfail < 0 and Alice wins rA = rwin > 0. Both 882

agents update their policies to maximize expected 883

cumulative reward over many self-play episodes. 884

C.2 Potential Benefits of RL 885

RL can be layered on top of the semantic equiva- 886

lence self-play by treating Alice’s generator as an 887

RL agent whose policy is updated based on proof 888

outcomes. Over many episodes, this encourages the 889

policy to avoid classes of common semantic errors 890

(e.g. off-by-one edge cases) and refines its internal 891

value function to distinguish subtle equivalence- 892

breaking patterns, resulting in an LLM that is both 893

more precise and robust. 894

C.3 Practical Challenges 895

• Sparse, High-Variance Rewards: In our rea- 896

soning tasks, reward is only provided at the 897
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end of a multi-step chain of thought. As a re-898

sult, the LLMs often struggle to find success-899

ful trajectories, making it difficult for LLMs900

to learn which intermediate steps contributed901

to success (Liu et al., 2025).902

• Credit Assignment: Attributing success or903

failure back to specific reasoning tokens or904

code-editing steps is nontrivial, and naive re-905

ward assignment can lead to undesirable short-906

cuts, such as inserting semantically neutral907

modifications to exploit reward signals with-908

out genuine reasoning.909

• Computational Resources Constraints: RL910

is more computationally expensive than su-911

pervised fine-tuning due to the repeated sam-912

pling, model rollouts, and reward computation913

across multiple steps (Ouyang et al., 2022).914

D Prompt Template915

D.1 Alice SEQ System Prompt916
917918

You are a helpful and expert Haskell919
programmer, powered by Liquid Haskell.920

Your job is to *transform* any given function921
`P` into a new function `Q` that:922

923
- Is syntactically correct Haskell.924
- Is semantically equivalent: ∀x. `P x == Q925

x`.926
- Uses a *different* implementation --927

Implement a non-structural change rather928
than merely swapping operator order.929

- Uses a different function name (e.g. add a930
trailing `'_alt`).931

932
The original program and your program will be933

used in a test to evaluate the skill of an934
expert Haskell programmer who will935
identify whether your program Q is936
semantic equivalent to the original937
program P, so make sure that the938
difference you introduce are not very easy939
to understand.940

You will be given a difficulty level from 0941
(easiest) to 10 (hardest) to target. E.g.942
difficulty level 0 means that an expert943
computer scientist in the bottom decile or944
above should be able to find a diverging945
example, difficulty level 9 means that946
only an expert computer scientist in the947
top decile should be able to find a948
diverging example, and difficulty level 10949
means that only the top 0.01 or less of950
expert Haskell programmer should be able951
to find a diverging example.952

953
Always think through your transformation steps954

in `<think>...</think>`, then emit exactly:955
956

Generated Program `Q`:957
```haskell958
<your Q here>959
```960961962

D.2 Alice SEQ User Prompt 963
964965

Difficulty level: {difficulty_level} 966
Here is the original Haskell function `P`: 967
```haskell 968
{program_p_completion} 969
``` 970

971
Its argument type is 972
```haskell 973
t = {t} 974
``` 975

976
Your task: produce a new function `Q` that 977

satisfies the system prompt requirements. 978
- Make sure `Q` has a different name (e.g. 979

append a `'_alt`). 980
- Avoid trivial symmetric rewrites - show a 981

genuine alternative implementation. 982
- Do not include any extra commentary beyond 983

the required `<think>...</think>` and the 984
`Generated Program `Q`: block. 985

- Where appropriate, feel free to use Prelude 986
functions such as foldr, map, or zipWith 987
to encourage diverse strategies. 988

989
<think> 990991992

D.3 Lemma SEQ Proof System Prompt 993
994995

You are an expert Haskell/Liquid Haskell prover. 996
You are asked to prove that two reflected 997

functions are equivalent. 998
999

The most basic proof should be in the following 1000
format: 1001

```haskell 1002
{{-@ lemma_{func_name_p}_equiv :: x:{arg_type} 1003

-> {{ {func_name_p} x == {func_name_q} x 1004
}} @-}} 1005

lemma_{func_name_p}_equiv :: {arg_type} 1006
-> Proof 1007

lemma_{func_name_p}_equiv x 1008
= {func_name_p} x 1009
=== {func_name_q} x 1010
* QED 1011

``` 1012
1013

However, you should also use more advanced 1014
proof techniques if necessary. 1015

1016
Few-Shot Example 1: 1017

1018
```haskell 1019
{{-@ LIQUID "--reflection" @-}} 1020
{{-@ LIQUID "--ple" @-}} 1021

1022
module MyTest where 1023

1024
import Language.Haskell.Liquid.ProofCombinators 1025

1026
-- Alice program P 1027
{{-@ reflect double @-}} 1028
double :: Int -> Int 1029
double x = x + x 1030

1031
-- Alice proposes Q 1032
{{-@ reflect double' @-}} 1033
double' :: Int -> Int 1034
double' x = 2 * x 1035

1036
-- Here is the full lemma, from annotation to 1037

QED: 1038
{{-@ lemma_double_equiv :: x:Int -> {{ double x 1039

== double' x }} @- }} 1040
lemma_double_equiv :: Int -> Proof 1041
lemma_double_equiv x 1042

13



= double x1043
=== double' x1044
* QED1045
```1046

1047
Few-Shot Example 2:1048
```haskell1049
{{-@ LIQUID "--reflection" @-}}1050
{{-@ LIQUID "--ple" @-}}1051
module Equiv where1052

1053
import Language.Haskell.Liquid.ProofCombinators1054

1055
{{-@ reflect addNumbers @-}}1056
addNumbers :: Int -> Int -> Int1057
addNumbers a b = a + b1058

1059
{{-@ reflect addNumbers' @-}}1060
addNumbers' :: Int -> (Int -> Int)1061
addNumbers' a = \b -> a + b1062

1063
-- Alice detailed proof of equivalence1064
lemma_addNumbers_equiv :: Int -> Int -> Proof1065
lemma_addNumbers_equiv x y1066

= addNumbers x y1067
=== addNumbers' x y1068
* QED1069

1070
When you answer, output only the complete lemma1071

block in the same style:1072
1. Use the `{{-@ lemma_... @-}}` annotation ,1073

with the exact naming pattern1074
lemma_<P>_equiv1075

2. The Haskell type signature1076
3. The function definition with `===` steps1077
4. End with `* QED`1078
5. Please put your proof between ```haskell and1079

```1080
No extra text, no additional comments.1081
Your answer must match the example format1082

exactly, without trailing whitespace or1083
newlines outside the code block.108410851086

D.4 Lemma SEQ Proof User Prompt1087
10881089

{error_msg_section}1090
1091

{equiv_code}1092
1093

------------------------------------------------------------1094
1095

Your task: Produce the proof of equivalence for1096
the following function:1097

`{func_name_p} x == {func_name_q} x` for all1098
`x`.1099

1100
```haskell1101
{{-@ LIQUID "--reflection" @-}}1102
{{-@ LIQUID "--ple" @-}}1103
module Equiv where1104
import Language.Haskell.Liquid.ProofCombinators1105

1106
{{-@ reflect {func_name_p} @-}}1107
{program_p_content}1108

1109
{{-@ reflect {func_name_q} @-}}1110
{program_q_content}1111

1112
-- Your complete proof of equivalence1113
/* PROOF BODY HERE */1114
```1115
<think>111611171118

D.5 Alice SINQ System Prompt1119
11201121

You are an expert Haskell programmer. Your task 1122
is to generate a semantically inequivalent 1123
variant of a given Haskell program, which 1124
means that there must exist at least a 1125
diverging input example such that the 1126
original program and your program either 1127
produce different outputs or exceptions, 1128
or one halts and the other one does not 1129
halt. 1130

You must also provide a diverging input, which 1131
is a valid input for both programs, but on 1132
which they produce different outputs. 1133

1134
A good inequivalent program `Q` should be 1135

subtly different from `P`. 1136
A good diverging input `x` should be simple and 1137

clearly demonstrate the semantic 1138
difference between `P` and `Q`. 1139

1140
The original program and your program will be 1141

used in a test to evaluate the skill of an 1142
expert Haskell programmer who will have to 1143
produce a diverging example (not 1144
necessarily the same as yours), so make 1145
sure that the difference you introduce are 1146
not very easy to understand. 1147

You will be given a difficulty level from 0 1148
(easiest) to 10 (hardest) to target. E.g. 1149
difficulty level 0 means that an expert 1150
computer scientist in the bottom decile or 1151
above should be able to find a diverging 1152
example, difficulty level 9 means that 1153
only an expert computer scientist in the 1154
top decile should be able to find a 1155
diverging example, and difficulty level 10 1156
means that only the top 0.01 or less of 1157
expert Haskell programmer should be able 1158
to find a diverging example. 1159

1160
First, think step-by-step and write down your 1161

analysis of program `P` and your strategy 1162
for creating an inequivalent program `Q`. 1163
Enclose this reasoning within `<think>` 1164
and `</think>` tags. 1165

After the thinking block, the final answer 1166
could only be in the following format, 1167
without any additional explanation or 1168
context. 1169

1170
Final output MUST be exactly: 1171
Generated Program `Q`: 1172
```haskell 1173
<Your generated Haskell code for `Q`> 1174
``` 1175

1176
Diverging Input `x`: 1177
``` 1178
<The diverging input `x`> 1179
``` 118011811182

D.6 Alice SINQ User Prompt 1183
11841185

Difficulty level: {difficulty_level} 1186
Original program `P`: 1187
```haskell 1188
{program} 1189
``` 1190

1191
<think> 119211931194

D.7 Bob System Prompt 1195
11961197

You are an expert Haskell programmer. You are 1198
given two Haskell programs, `P` and `Q`. 1199

Your task is to determine if they are 1200
semantically equivalent. 1201

14



Use the following format to respond:1202
# Equivalent?1203
Yes or No1204

1205
If the programs are equivalent, respond with1206

your thought process and a final output1207
with:1208

# Equivalent?1209
Yes1210

1211
If they are inequivalent, respond with your1212

thought process and a final output with:1213
# Equivalent?1214
No121512161217

D.8 Bob User Prompt1218
12191220

Program `P`:1221
```haskell1222
{program_p}1223
```1224

1225
Program `Q`:1226
```haskell1227
{program_q}1228
```1229
<think>123012311232

D.9 Alice SEQ Difficulty Prediction System1233

Prompt1234
12351236

Difficulty level: Any1237
Program P1238
```haskell1239
{program_p}1240
```1241
The program Q below is semantically equivalent1242

to the original program P, where the1243
equivalence is due to the fact that the1244
two programs have the same behavior on all1245
inputs.1246

Program Q1247
```haskell1248
{program_q}1249
```125012511252

D.10 Alice SINQ Difficulty Prediction System1253

Prompt1254
12551256

Difficulty level: Any1257
program P1258
```haskell1259
{program_p}1260
```1261
The program Q below is semantically1262

inequivalent to the original program P,1263
where the inequivalence is due to the fact1264
that the two programs have different1265
behavior on some inputs.1266

Program Q1267
```haskell1268
{program_q}1269
```127012711272

D.11 Alice Difficulty Prediction User Prompt1273
12741275

Predict the difficulty level of the instance of1276
Program Q compared to Program P. Just1277
write \"Difficulty level: D\" where D is1278
your prediction, do not write anything1279
else.128012811282

E Main Experiment Setup 1283

E.1 Model Configs and Experiment Settings 1284

We employ DeepSeek-R1-Distill-Qwen-7B as 1285

the base model. The decoding parameters are con- 1286

figured as: temperature T = 0.6, top-p = 0.95, 1287

top-k = 20, presence penalty = 1.5 (Applied to 1288

reduce repetition in outputs from smaller reason- 1289

ing models (Mahaut and Franzon, 2025)), and a 1290

context length of 32,768 tokens. 1291

In E0, Alice is configured with a 50/50 prob- 1292

ability of playing either the SEQ or SINQ game 1293

(Section 3.3), with the difficulty level set as 10 in 1294

her prompts (Appendix D.2 and D.6). Bob serves 1295

solely as an evaluator and difficulty scorer, and he 1296

is not fine-tuned iteratively but only once after all 1297

rounds are complete. 1298

E.2 Dataset Size and Difficulty Threshold 1299

Due to computational constraints, each experimen- 1300

tal run uses a maximum of 500 Haskell reference 1301

programs5, i.e., |D| = P = 500. The difficulty 1302

threshold τ is set to 3 (rather than the default 5) 1303

to increase the number of training examples avail- 1304

able to Alice. For future experiments with greater 1305

resources, it is recommended to increase |D| and 1306

restore τ = 5 to more closely simulate a fully ad- 1307

versarial setting. 1308

E.3 Fine-Tuning Protocol 1309

After each self-play round, Alice is fine-tuned on 1310

the combination of newly generated instances and 1311

the retained examples from all previous rounds. 1312

More importantly, each round’s fine-tuning is ini- 1313

tialized from the original base model rather than 1314

from the fine-tuned adapter checkpoint obtained 1315

in the previous round. This strategy is adopted to 1316

avoid bias accumulation across iterations and to 1317

maintain stable and unbiased difficulty estimation. 1318

During generation in round i+ 1, Alice uses the 1319

LoRA learned in round i, but fine-tuning for that 1320

round still begins from the base model. 1321

E.4 Experimental Duration 1322

The main run comprises 7 self-play rounds. In each 1323

round, Alice is fine-tuned according to the above 1324

protocol. Bob undergoes a single fine-tuning step 1325

after all 7 rounds are complete. For both Alice and 1326

Bob, the fine-tuning minimises the loss only on the 1327

model’s own outputs. 1328

5A main run with fine-tuning takes about 3 days on 4
NVIDIA L40S GPUs.

15



F Rationale and Derivations for the1329

SEQ-SINQ Comparison Experiment1330

F.1 Fairness Criterion and Derivation1331

Let P be the number of reference programs at-
tempted per round, p ∈ [0, 1] the probability
of playing SEQ (so 1 − p for SINQ), and let
rSEQ, rSINQ denote the verification yields (proba-
bility that an attempt becomes a verified training
example). By linearity of expectation, the expected
number of verified examples per round is

K(P, p) = P
(
p rSEQ + (1− p) rSINQ

)
.

To isolate the effect of SEQ vs. SINQ unbalanced1332

volume size, we match the expected count K of1333

verified pairs across arms.1334

F.2 Yield Estimation from the Main Run E01335

From the 7-round of main experiment E0, |D| =1336

P = 500 (per-round attempts ≈ 250 SEQ and 2501337

SINQ):1338

Game Total Validated Attempts Yield (r̂)

SEQ 34 1,750 1.94%
SINQ 903 1,750 51.6%

Table 6: Validation yields from E0. Validated counts
by round were: SEQ (1, 2, 4, 6, 3, 9, 9) and SINQ
(130, 139, 124, 128, 131, 138, 113).

F.3 Predicting Supervision for Each Arm1339

To achieve a balanced distribution of verified train-1340

ing examples (approx. 50/50 split), we configured1341

regime E2 with a mix of 96% SEQ and 4% SINQ.1342

With a reference budget of P = 500, the estimated1343

verified yields per round are:1344

NSEQ ≈ 500 · 0.96 · 0.0194 ≈ 9.3 (7)1345

NSINQ ≈ 500 · 0.04 · 0.516 ≈ 10.3 (8)1346

Totaling these yields using K(P, p) results in an1347

expected K ≈ 19.6 verified examples per round,1348

achieving the desired parity between the two super-1349

vision signals.1350

F.4 Matched comparator for E21351

Choose PE3 in a 100% SINQ run so that1352

PE3 · rSINQ = KE2

⇒ PE3 =
19.632

0.516
= 38.04 ≈ 40

(9)1353

F.5 What this controls, and what it does not 1354

Matching K ensures each arm receives similar 1355

amounts of verified training, so outcome differ- 1356

ences are attributable to the type of game (pres- 1357

ence/absence of SEQ) rather than volume. How- 1358

ever, residual differences may still arise from the 1359

difficulty distribution of accepted items and class- 1360

imbalance within Bob’s updates. 1361

F.6 Comparison Objectives 1362

The experimental design supports the following 1363

four key pairwise comparisons: 1364

• E0 vs. E1: Under fixed compute resources 1365

(constant P ), does a mixed 50% SEQ / 50% 1366

SINQ regime yield greater performance im- 1367

provements than a pure SINQ regime similar 1368

to Miceli et al. setting (Miceli-Barone et al., 1369

2025), given that the latter produces substan- 1370

tially more verified training examples due to 1371

higher verification success rates in SINQ? 1372

• E0 vs. E2: With fixed compute resources, 1373

does shifting towards a more balanced number 1374

of verified SEQ and SINQ examples, at the 1375

cost of reducing the overall number of veri- 1376

fied training pairs, lead to improved evaluator 1377

performance compared to a SINQ-dominated 1378

main experiment? 1379

• E1 vs. E2: Under the same compute con- 1380

straints, does a pure SINQ regime (maximis- 1381

ing verified training pairs) outperform a more 1382

balanced SEQ–SINQ dataset that sacrifices 1383

data volume for greater semantic diversity? 1384

• E2 vs. E3 When the number of verified train- 1385

ing pairs is held constant, does the inclusion 1386

of SEQ supervision yield measurable perfor- 1387

mance benefits over an SINQ-only regime? 1388

F.7 Summary of experiments 1389

• E0 (main): 50/50, P = 500. 1390

• E1: 100% SINQ, P = 500. 1391

• E2: 96% SEQ / 4% SINQ, P = 500. 1392

• E3 (matched to E2): 100% SINQ, P = 40 to 1393

equalize expected verified pairs with E2. 1394

This suite isolates the causal effect of adding 1395

SEQ supervision under controlled total verified 1396

pairs, enabling a fair assessment of whether SEQ 1397

contributes beyond SINQ alone. 1398
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G Experiment Results 1399

Score (%)

Benchmark Metric E0 E1 E2 E3

HumanEval (Bob) Pass@1 26.4 25.8 22.7 22.0
HumanEval (Alice) Pass@1 26.3 28.1 21.8 18.4
MBPP (Bob) Pass@1 36.9 38.8 34.7 32.4
MBPP (Alice) Pass@1 34.3 39.3 32.9 28.0
EquiBench (OJ_A) Acc 57.4 54.0 55.5 53.3
EquiBench (OJ_A) F1 50.7 44.4 48.9 45.1
EquiBench (OJ_V) Acc 69.8 61.4 63.2 65.8
EquiBench (OJ_V) F1 69.7 58.0 61.5 64.7
EquiBench (OJ_VA) Acc 55.9 54.5 54.7 53.7
EquiBench (OJ_VA) F1 47.5 45.4 47.1 45.2
EquiBench (STOKE) Acc 51.8 50.9 51.0 50.8
EquiBench (STOKE) F1 18.3 15.4 16.8 15.9
EquiBench (TVM) Acc 50.1 50.3 48.8 50.8
EquiBench (TVM) F1 38.3 39.9 33.5 33.9
EquiBench (DCE) Acc 51.9 52.6 51.5 51.3
EquiBench (DCE) F1 47.7 45.4 45.2 44.4
PySecDB Acc 68.8 67.3 68.7 68.7
PySecDB F1 54.0 51.9 53.9 53.6
CodeXGlue Acc 50.5 49.2 49.9 48.9
CodeXGlue F1 43.2 44.0 44.1 48.5

Table 7: Benchmark Performances over all experiments. Averages over 16 samples.

Count

Game E0 E1 E2 E3

SEQ 34 – 62 –
SINQ 903 1,839 78 156

Total 937 1,839 140 156

Table 8: Total verified generation from Alice of all experiments over 7 rounds.
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H Extended Regime Results1400

H.1 Experiment E01401

Most of the evaluation results are included in the1402

main report.1403

H.1.1 Difficulty trajectories for both task1404

types1405

When we inspect the difficulty trajectories for both1406

task types in Figure 7, they move upward across1407

rounds.1408

• For SEQ, although the sample size is not1409

statistically significant, its mean difficulty1410

score jumps from near 0.0 in early rounds1411

to 2.0 − 3.0 in later ones, signaling that Al-1412

ice manages to construct are non-trivial from1413

Bob’s perspective.1414

• For SINQ, its averages being greater than1415

the medians (0.0 for all rounds) indicates a1416

right-skewed distribution. This suggests that1417

while most generated instances are of lower1418

difficulty, Alice occasionally produces much1419

harder examples that significantly influence1420

the mean. Starting in round 4, the magnitude1421

of the difference between the mean and me-1422

dian becomes larger, and by round 7 the mean1423

even exceeds the upper quartile. Therefore,1424

Alice is producing increasingly harder exam-1425

ples over successive rounds.1426
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Figure 7: Mean and box-whiskey plots of the difficulty
scores of Alice’s generated instances by round. Top:
SEQ Game. Bottom SINQ Game.

Both SEQ and SINQ setups show rising diffi- 1427

culty scores across rounds, indicating that Alice 1428

improves in generating more challenging instances 1429

for Bob. 1430
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Figure 8: Alice’s HumanEval results. Averages over 16
trials.

H.1.3 Alice’s MBPP (Haskell) Performance 1433
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Figure 9: Alice’s MBPP results. Averages over 16 trials.

H.2 Experiment E1 1434

H.2.1 Alice’s HumanEval (Haskell) 1435
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16 trials.
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H.2.2 Alice’s MBPP (Haskell) Performance1437
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trials.
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Figure 13: Alice’s HumanEval results. Averages over
16 trials.
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Figure 14: Alice’s MBPP results. Averages over 16
trials.
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Figure 15: SEQ vs SINQ Validated Generation Counts.
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Figure 16: Alice’s HumanEval results. Averages over
16 trials.
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Figure 17: Alice’s MBPP results. Averages over 16
trials.
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Figure 18: SEQ vs SINQ Validated Generation Counts.
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Figure 19: Validated Generation Counts of both exper-
iment, indicating the effort of controlling P shown in
Appendix F in order to achieve an equal number of veri-
fied generation.
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