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Abstract001

Spreadsheet applications are used by hundreds002
of millions worldwide, yet writing formulas003
remains a significant barrier. Despite recent004
progress in Natural Language to Formula, ex-005
isting approaches rely on static supervised data,006
which quickly saturates on limited annotations.007
In this paper, we introduce FORMULASPIN,008
a self-play framework that breaks the ceiling009
of supervised fine-tuning by enabling iterative010
self-improvement beyond the data constraint,011
exploiting formula generation’s unique advan-012
tage: binary executability provides implicit su-013
pervision to distinguish semantic errors from014
valid alternatives. Our method frames training015
as a two-player game where the main player016
learns to prefer ground-truth formulas over017
those generated by its previous version, while018
execution feedback categorizes outputs into dis-019
tinct granularities—enabling an adaptive cur-020
riculum that shifts from semantic correctness to021
stylistic refinement. To further scale test-time022
compute, we incorporate a semantic-level con-023
sensus polling mechanism that naturally han-024
dles multiple valid formulations. Experiments025
on multiple benchmarks demonstrate that FOR-026
MULASPIN achieves state-of-the-art perfor-027
mance, with 78.4% exact match and 84.2%028
execution accuracy on NL2FORMULA, match-029
ing models trained with 60K additional prefer-030
ence annotations while outperforming both tra-031
ditional SFT (by 15.3%) and agent-like prompt-032
ing methods leveraging GPT-4. These findings033
underscore self-play’s potential to tackle scarce034
data tasks and open the door to extending it035
beyond executable domains.036

1 Introduction037

Spreadsheet applications like Microsoft Excel and038

Google Sheets are ubiquitous tools for data analy-039

sis, used by hundreds of millions worldwide. How-040

ever, writing formulas remains a significant bar-041

rier for many users, particularly when dealing042

with complex operations involving multiple func-043

Figure 1: Performance comparison on NL2Formula-
70K(Zhao et al., 2024) and Sheetpedia(Tian et al., 2025).
FormulaSPIN achieves state-of-the-art results on both
benchmarks without additional annotations, outperform-
ing SFT baselines by +7.2% EM and matching DPO
trained with 60K preference pairs.

tions, conditional logic, and cell references (Gul- 044

wani, 2011). Recent work addresses this via Nat- 045

ural Language to Formula (NL2Formula) genera- 046

tion—first systematically benchmarked by Zhao 047

et al. (2024)—where users express their intent in 048

plain language and the system automatically pro- 049

duces executable formulas. 050

Despite promising progress, most NL2Formula 051

systems rely on supervised fine-tuning on static 052

datasets, framing formula generation as a conven- 053

tional seq2seq problem. However, existing datasets 054

are limited in scale and coverage: the largest bench- 055

mark contains only 70K examples spanning limited 056

formula patterns and table structures. Although 057

recent work Sheetpedia (Tian et al., 2025) pro- 058

vides over 290K worksheets, it serves as a general- 059

purpose resource; fine-tuning on it yields only 1.1% 060

improvement over the 70K benchmark despite the 061

much larger corpus. This indicates that simply scal- 062

ing static data offers limited benefit, as training 063

on fixed datasets quickly plateaus, with additional 064

epochs producing diminishing returns or even de- 065

grading performance (Chen et al., 2024b). Static 066

supervision offers no clear path forward: collecting 067

preference data for RLHF or RLAIF reintroduces 068
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the same bottleneck, requiring extensive manual069

evaluation or access to proprietary models. Cur-070

rent systems thus remain far below their potential,071

particularly struggling with complex nested formu-072

las and ambiguous queries where supervision is073

scarcest. Overcoming this ceiling requires a fun-074

damentally different paradigm, enabling models to075

improve beyond initial supervision without addi-076

tional annotations or external preference signals.077

To address these challenges, we introduce078

FormulaSPIN, a self-play fine-tuning framework079

specifically designed for spreadsheet formula gen-080

eration. Drawing inspiration from AlphaGo Zero’s081

self-play mechanism (Silver et al., 2017) and re-082

cent advances in self-improving language models083

(Chen et al., 2024b), our approach enables iterative084

model improvement through a two-player game:085

the current model (main player) learns to distin-086

guish formulas generated by its previous version087

(opponent) from ground-truth formulas, while the088

opponent strives to generate formulas indistinguish-089

able from human-written ones.090

The key insight underlying FormulaSPIN is091

that formula generation offers a unique advan-092

tage over general generation tasks: executabil-093

ity provides implicit supervision. Unlike open-094

ended text where quality assessment requires hu-095

man judgment, formulas can be automatically096

validated by executing them in a spreadsheet097

engine. When compared to code generation098

that also incorporates execution-based supervision,099

formula execution is binary, deterministic, and100

lightweight, requiring no manually designed test101

cases or complex runtime environments. Criti-102

cally, vanilla self-play fails for this task because103

it treats all non-matching formulas uniformly, pe-104

nalizing execution-equivalent alternatives (e.g.,105

SUM(A1:A5) vs. A1+A2+A3+A4+A5) and cre-106

ating contradictory training signals.107

We address this through three novel components:108

• Formula-Aware Self Play: incorporates ex-109

ecution feedback into the self-play objective,110

categorizing generated formulas by error type111

to weight their contribution appropriately.112

• Multi-Granularity Curriculum: automati-113

cally adjusts training focus based on the distri-114

bution of semantic errors versus stylistic vari-115

ations, progressing from correctness to style116

as the model matures.117

• Test-Time Polling: generates multiple can-118

didates at inference time and selects the best 119

one via execution-based semantic voting. 120

Our contributions are fourfold. (1) We identify 121

a fundamental limitation of supervised learning 122

for NL2Formula and reformulate spreadsheet for- 123

mula generation as an executable self-improvement 124

problem, where static annotations alone are in- 125

sufficient for learning complex formulas and am- 126

biguous queries. (2) We propose FormulaSPIN, 127

a self-play fine-tuning framework that leverages 128

the binary executability of formulas to provide in- 129

trinsic supervision, enabling iterative improvement 130

without additional human preferences or external 131

teacher models. (3) We introduce formula-aware 132

self-play mechanisms, including execution-based 133

error categorization and an adaptive semantic-to- 134

stylistic curriculum that automatically shifts train- 135

ing focus from correctness to canonical formula- 136

tion as the model improves. (4) Through exten- 137

sive in-domain and out-of-domain experiments, 138

we demonstrate that FormulaSPIN substantially 139

outperforms supervised fine-tuning and matches 140

preference-optimized models trained with large- 141

scale additional annotations (Figure 1), with partic- 142

ularly strong gains on complex nested formulas and 143

robust generalization to unseen formula patterns. 144

2 Related Work 145

Our work addresses three fundamental challenges 146

in formula generation: (i) limited training data that 147

constrains model performance, (ii) difficulty in ob- 148

taining quality supervision signals, and (iii) han- 149

dling multiple valid solutions at inference time. We 150

organize related work around how prior approaches 151

tackle these challenges and where they fall short. 152

2.1 Formula Generation and Data Bottleneck 153

Semantic parsing evolved from logic forms (Price, 154

1990; Zelle and Mooney, 1996) through knowledge- 155

base grounding (Berant and Liang, 2014) to SQL- 156

based systems (Zhong et al., 2017; Yu et al., 2018). 157

For formula synthesis, FlashFill (Gulwani, 2011) 158

pioneered programming-by-example. Structure- 159

aware pre-training methods model table layouts 160

(Wang et al., 2021; Liu et al., 2022) and formula se- 161

mantics (Cheng et al., 2022). Recently, Zhao et al. 162

(2024) introduced NL2Formula with 70K exam- 163

ples, and Tian et al. (2025) constructed Sheetpedia 164

with 290K samples. 165

These approaches face inevitable saturation on 166

fixed datasets, particularly for complex nested 167
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Figure 2: The FormulaSPIN framework. The model iteratively self-improves via a two-player game, utilizing
Execution Filtering to construct an adaptive curriculum that progresses from semantic correctness (Coarse samples)
to stylistic refinement (Fine samples). At inference, a Consensus Polling strategy selects the final formula based on
execution agreement among sampled candidates.

formulas where supervision is scarcest. Our168

work breaks this ceiling through iterative self-169

improvement, generating training signal from the170

model’s own outputs without additional annotation.171

2.2 From Supervision to Self-Improvement172

Given the data bottleneck, recent work explores173

alternative supervision: external preference collec-174

tion versus self-generated feedback.175

Preference-based methods (Ouyang et al., 2022;176

Bai et al., 2022; Rafailov et al., 2023) require ex-177

pensive human annotations or proprietary teacher178

models, shifting the bottleneck. For formula gen-179

eration, distilling GPT-4 (Taori et al., 2023) intro-180

duces external dependencies and annotation costs.181

Self-play mechanisms, from TD-Gammon182

(Tesauro, 1995) to AlphaGo (Silver et al., 2017),183

enable improvement by competing against oneself.184

SPIN (Chen et al., 2024b) adapted this to language185

models, but vanilla SPIN fails for formula gener-186

ation: it treats non-matching outputs uniformly,187

penalizing execution-equivalent alternatives (e.g.,188

SUM(A1:A5) vs. A1+A2+A3+A4+A5) and cre-189

ating contradictory gradients.190

We introduce formula-aware self-play that ex-191

ploits execution feedback to distinguish seman-192

tic errors from stylistic variations, enabling stable193

learning without external supervision.194

2.3 Execution-Based Learning for Formulas195

Execution-based validation has proven effective196

in code generation (Le et al., 2022; Chen et al.,197

2024a), but code execution requires test suites and 198

runtime environments. For spreadsheet formulas, 199

recent work has explored domain-specific rein- 200

forcement learning with execution feedback. For- 201

tune (Cao et al., 2025) applies PPO with symbol- 202

level rewards that encourage function-argument 203

compatibility and penalize syntax errors. However, 204

such fine-grained reward shaping demands exten- 205

sive domain knowledge and remains sensitive to re- 206

ward design choices. Prior spreadsheet work either 207

ignores executability or uses it only for post-hoc 208

filtering (Cheng et al., 2022; Yang et al., 2022). 209

Formula execution is binary, deterministic, and 210

lightweight—a single table provides complete val- 211

idation. We exploit this to filter and categorize 212

formulas into semantic versus stylistic errors, con- 213

structing an adaptive curriculum. Unlike Fortune’s 214

symbol-level rewards or general RL methods (Sho- 215

jaee et al., 2023; Shinn et al., 2024) that use sparse 216

binary rewards, our preference-based objective pro- 217

vides richer learning signals by contrasting model 218

outputs with ground-truth references. This also 219

contrasts with constrained decoding (Scholak et al., 220

2021) that guarantees syntax but not semantics. 221

2.4 Test-Time Scaling by Semantic Consensus 222

Inference-time computation improves generation 223

quality (Snell et al., 2024), but existing strategies 224

have limitations. Best-of-N sampling (Cobbe et al., 225

2021) requires trained verifiers; self-consistency 226

(Wang et al., 2023) votes on surface forms, missing 227

semantically equivalent solutions. For code, sam- 228
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pling multiple solutions boosts performance (Chen229

et al., 2021), but verification demands comprehen-230

sive test suites.231

We introduce consensus polling that votes232

over execution results rather than surface forms.233

By grouping formulas into semantic equivalence234

classes through execution, we naturally handle mul-235

tiple valid formulations without trained verifiers.236

Among execution-equivalent candidates, we select237

the highest-probability formula, combining seman-238

tic correctness with stylistic preference.239

3 FormulaSPIN240

3.1 Problem Formulation241

Given a spreadsheet table T and a natural lan-242

guage query q, the NL2Formula task aims to gen-243

erate an executable formula f that fulfills the244

user intent. We denote the training dataset as245

D = {(qi, Ti, fi)}Ni=1, where the model learns a246

conditional distribution pθ(f | q, T ). Each table is247

serialized in row-major order with cell coordinates248

(e.g., “A1:Revenue | B1:2023 | . . . ”).249

A key property of formulas is executability:250

given f and T , the execution result E(f, T ) can be251

deterministically obtained via a spreadsheet engine,252

yielding either a concrete value or an error. This253

provides a natural supervision signal exploitable254

during both training and inference.255

3.2 Formula-Aware Self Play256

We adopt a self-play fine-tuning framework in-257

spired by SPIN (Chen et al., 2024b), tailored to258

spreadsheet formula generation. At iteration t, the259

old model pθt acts as opponent player and gener-260

ates candidate formulas f ′ for a given query q and261

table T , while new model pθt+1 serves as the main262

player and is trained to assign higher probability to263

reference formula f than to f ′. As self-play pro-264

gresses, the opponent produces increasingly chal-265

lenging formulas, pushing the main player toward266

finer-grained semantic understanding.267

A key advantage of formula generation is that268

formulas can be deterministically executed. We269

leverage this through execution filtering, which cat-270

egorizes each generated formula f ′ into three types271

based on execution on T : (1) Trivial—discarded272

samples, including execution failures (excessively273

diverse error patterns provide inconsistent signals,274

and the SFT model already achieves ∼89% suc-275

cess rate) and exact matches (f ′ = f , yielding zero276

gradient); (2) Coarse—execution succeeds but pro-277

duces incorrect results, indicating semantic errors; 278

(3) Fine—execution succeeds with identical results 279

despite f ′ ̸= f , indicating valid alternatives. 1 280

Building on this filtering mechanism, we mea- 281

sure the relative preference between models us- 282

ing the log-probability difference r(f ; θ, θt) = 283

log pθ(f |q,T )
pθt (f |q,T ) , and optimize: 284

L(θ; θt) = E
[
w(f ′) · ℓ

(
r(f)− r(f ′)

)]
, (1) 285

where ℓ(·) denotes the logistic loss. The relative 286

form r(f)−r(f ′) encodes the adversarial dynamic: 287

the main player must outperform the opponent’s 288

ability to distinguish reference from synthetic for- 289

mulas, and as the opponent strengthens, the mar- 290

gin for improvement narrows, compelling progres- 291

sively finer discrimination. The weight w(f ′) is 292

determined by execution filtering: Coarse formulas 293

receive full weight, Trivial formulas receive zero 294

weight, and Fine formulas receive an adjustable 295

weight βmed. 296

The choice of βmed for Fine samples addresses 297

a key tension: while execution-equivalent alterna- 298

tives may sometimes be more efficient than the 299

reference, aggressively rewarding them risks desta- 300

bilizing training when the model generates verbose 301

but correct variants. Rather than using a fixed 302

weight, we let βmed adapt automatically based on 303

training progress. The intuition is that the ratio of 304

Fine to Coarse samples naturally reflects seman- 305

tic mastery—early in training, most formulas are 306

Coarse, so the model should focus on correctness; 307

as more formulas become Fine, the model is ready 308

to learn stylistic preferences. We formalize this as: 309

β
(t)
med = βmax ·

|S(t)fine|
|S(t)fine|+ |S

(t)
coarse|

, (2) 310

where βmax = 0.25 caps the maximum weight. 311

This implements a natural curriculum—mastering 312

correctness before refining style—without manual 313

schedule design. While curriculum learning has 314

been applied to code generation (Naïr et al., 2024), 315

our approach uniquely derives the curriculum from 316

execution feedback rather than predefined difficulty 317

metrics (see Appendix C.3 for ablation). 318

Following the theoretical analysis in SPIN (Chen 319

et al., 2024b), our execution-aware filtering effec- 320

tively redefines pdata as the distribution over fil- 321

tered, execution-validated samples. By excluding 322

1Single-table equivalence may occasionally be coinciden-
tal; we validate robustness via value perturbation in Ap-
pendix C.2.
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only execution-failing negatives while preserving323

semantically equivalent alternatives, the SPIN con-324

vergence guarantee remains intact: the global opti-325

mum of L is achieved if and only if pθ = pdata un-326

der this redefined target, ensuring that iterative self-327

play drives the model toward the target distribution.328

In practice, the opponent generates increasingly so-329

phisticated formulas across iterations—from sim-330

ple errors and misuses early on to subtle semantic331

mistakes later—forcing the main player to develop332

progressively finer-grained discrimination capabili-333

ties. Figure 4 visualizes this convergence, showing334

diminishing marginal gains beyond iteration 3.335

3.3 Test-Time Consensus Polling336

Prior test-time scaling methods such as best-of-N337

sampling (Nakano et al., 2021; Cobbe et al., 2021)338

rely on trained verifiers and additional supervision.339

Self-consistency decoding (Wang et al., 2023) per-340

forms majority voting over final answers, without341

accounting for latent program structure. In formula342

generation, executability provides a deterministic343

validity constraint exploitable at inference time.344

We view decoding as sampling latent programs345

from a stochastic generator. Given a query and346

table, we sample K candidate formulas at tem-347

perature > 1 to approximate independent draws348

from a broadened posterior. Each formula deter-349

ministically induces an execution result or fails;350

non-executable samples are discarded.351

Voting is performed over execution results rather352

than surface forms. Under independent sampling,353

result frequency estimates posterior mass marginal-354

ized over semantically equivalent formulas (Chen355

et al., 2021). Among formulas producing the most356

frequent result, we select the one with highest357

model probability. If no consensus exists, we return358

the highest-probability executable formula; other-359

wise, the highest-probability formula overall.360

4 Experiments361

4.1 Experimental Setup362

Benchmarks. We evaluate on two benchmarks:363

NL2Formula-70K (Zhao et al., 2024), which con-364

tains 70,799 query–formula pairs from 21,670 ta-365

bles covering 37 function types and uses the of-366

ficial train/validation/test split of 75%/10%/15%,367

and Sheetpedia-Selected(Tian et al., 2025), which368

consists of 2,167 high-quality, human-verified ex-369

amples drawn from a 290K spreadsheet corpus.370

Algorithm 1 FormulaSPIN Training

Require: Dataset D, model θ0, iterations K
Ensure: Trained model θK

1: for t = 0 to K − 1 do
2: S ← ∅
3: for each (q, T, f) ∈ D do
4: f ′ ∼ pθt(· | q, T )
5: r, r′ ← E(f, T ), E(f ′, T )
6: skip if r′=ERR or f ′=f
7: c← FINE if r′=r else COARSE

8: S ← S ∪ {(q, T, f, f ′, c)}
9: end for

10: nf ← |{s ∈ S : c=FINE}|
11: wm ← βmaxnf/|S|
12: for each batch B ⊆ S do
13: Compute L via Eq. (1)
14: Update θ by gradient descent
15: end for
16: θt+1 ← θ
17: end for
18: return θK

A detailed statistics analysis can be found in Ap- 371

pendix A.1. 372

Training Configuration. All models are initial- 373

ized from LLaMA-3.1-8B-Instruct (Dubey et al., 374

2024). We apply supervised fine-tuning on the 375

NL2Formula training set for three epochs with 376

AdamW, yielding a base model with approximately 377

71% exact match accuracy. Self-play fine-tuning is 378

conducted for four iterations, where candidate for- 379

mulas are sampled, non-executable outputs are fil- 380

tered, and the adaptive curriculum (Equation 2) au- 381

tomatically adjusts βmed based on the Fine/Coarse 382

sample ratio at each iteration. Formula execution 383

is performed using xlcalc and xlwings. 384

Baselines. We compare against several repre- 385

sentative approaches, including FORTAP (Cheng 386

et al., 2022), which builds on TUTA (Wang et al., 387

2021) and extends table pre-training to include 388

spreadsheet formulas, using a two-stage LSTM de- 389

coder (Hochreiter and Schmidhuber, 1997); GPT- 390

3.5 (10-shot) (Brown et al., 2020), evaluated us- 391

ing the text-davinci-003 model with dynamically 392

selected in-context examples; fCODER-Base and 393

fCODER-Large (Zhao et al., 2024), which are T5- 394

based sequence-to-sequence models trained with 395

supervised fine-tuning; LLaMA-SFT, our LLaMA- 396

3.1-8B-Instruct (Dubey et al., 2024) base model 397

trained with standard supervised fine-tuning for 398
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three epochs; LLaMA-SFT-Cont, which contin-399

ues training LLaMA-SFT for an additional three400

epochs on the same data; Exec-RL, adapted from401

Fortune (Cao et al., 2025)’s table QA approach to402

NL2Formula, which applies PPO with execution-403

based rewards; LLaMA-DPO, which further trains404

LLaMA-SFT using Direct Preference Optimization405

(Rafailov et al., 2023) with 60K synthetic prefer-406

ence pairs generated with GPT-4 (see Appendix B.1407

for details); GPT-4o in a five-shot in-context learn-408

ing setting; and Qwen2.5-72B (Qwen Team, 2024)409

evaluated with zero-shot prompting.410

Evaluation Metrics. We evaluate model perfor-411

mance using four complementary metrics: Exact412

Match (EM), string-level exact correctness of for-413

mulas; Execution Accuracy (EA), semantic cor-414

rectness via identical execution results; Execution415

Success Rate (ESR), percentage of executable for-416

mulas; and Formula Sketch Match (FSM), function-417

level correctness ignoring cell references. Fol-418

lowing Zhao et al. (2024), we also report results419

by formula complexity: Simple (1–2 functions),420

Medium (3–4), and Complex (5+). Note that this421

complexity-based categorization is distinct from422

the Trivial/Fine/Coarse error granularity used dur-423

ing training, which reflects semantic rather than424

structural distinctions.425

4.2 Main Results426

Overall Performance. Table 1 shows results427

on the NL2Formula-70K test set. FormulaSPIN428

achieves 78.4% EM and 84.2% EA, substantially429

outperforming all baselines. All reported results430

are averaged over three runs with different random431

seeds (see Appendix D.1 for standard deviations432

and significance tests). We highlight several key433

findings:434

• Self-play provides consistent gains: +2.6% EM435

at iter 0, accumulating to +7.2% EM by iter 3436

over the SFT base.437

• FormulaSPIN (iter 3) outperforms LLaMA-DPO438

(+3.3% EM, +3.7% EA) despite using no ad-439

ditional data. DPO uses GPT-4 for preference440

data, yet still underperforms, suggesting that441

execution-based intrinsic feedback is superior442

to distillation from external LLMs.443

• Continued SFT (LLaMA-SFT-Cont) actually de-444

grades performance (-0.4% EM, -0.9% EA), con-445

firming naive multi-epoch training ineffective.446

• Even large proprietary models (GPT-4o) and gi-447

ant open models (Qwen2.5-72B) underperform448

Model EM EA ESR Sketch

FORTAP 24.2 - - 58.4
GPT-3.5 (10-shot) 21.4 25.2 - -
fCODER-Large 70.6 77.1 88.3 82.4
LLaMA-SFT (base) 71.2 77.8 89.1 83.1
LLaMA-SFT-Cont 70.8 76.9 88.7 82.6
Exec-RL 74.2 79.8 90.5 84.3
LLaMA-DPO 75.1 80.5 91.2 85.7
GPT-4o (5-shot) 68.3 74.2 85.6 79.8
Qwen2.5-72B 73.9 79.1 90.3 84.2

FormulaSPIN (t0) 73.8 79.5 90.8 84.9
FormulaSPIN (t1) 76.2 81.7 92.4 87.3
FormulaSPIN (t2) 77.5 83.1 93.6 88.9
FormulaSPIN (t3) 78.4 84.2 94.1 89.7

Table 1: Performance on NL2Formula-70K test set.
FormulaSPIN uses only the original training data
through self-play. Exec-RL (adapted from Fortune) uses
execution-based RL rewards; LLaMA-DPO uses 60K
additional preference pairs.

our approach, showing the value of task-specific 449

self-play fine-tuning. 450

Figure 3: Exact Match accuracy breakdown by formula
complexity. Self-play shows particularly strong gains
on Complex formulas (+15.3%).

Performance by Complexity. Figure 3 analyzes 451

results across formula complexity levels. The 452

largest improvements occur on Complex formulas 453

(+15.3% from SFT to iter 3), suggesting self-play 454

effectively learns compositional patterns. Medium 455

formulas also benefit substantially (+8.9%), while 456

Simple formulas show modest gains (+4.7%) as 457

they are already handled relatively well by SFT. 458

Performance by Function Type. We further ana- 459

lyze performance by function type (e.g., Aggrega- 460

tion, Conditional, Lookup) in Appendix D.3, find- 461

ing that Conditional functions (+9.2%) and Lookup 462

functions (+9.4%) benefit most from self-play. 463

Comparison with Execution-Aware Alternatives. 464

We compare FormulaSPIN against methods that 465

also exploit executability: (1) Exec-RL, which uses 466

execution success as a sparse reward signal in PPO- 467
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style training, achieves 74.2% EM—outperforming468

SFT but underperforming FormulaSPIN by 4.2%,469

as binary rewards provide weaker learning signal470

than adversarial-based objectives; (2) Constrained471

decoding (PICARD-style grammar filtering) en-472

sures 98.1% syntactic validity but only 72.8%473

EM, since syntactic constraints cannot capture se-474

mantic correctness; (3) Online DPO, which sam-475

ples on-policy and annotates preferences per batch,476

achieves 76.1% EM but requires 3.2× more com-477

pute due to repeated preference labeling. Formu-478

laSPIN’s offline self-play achieves superior accu-479

racy with lower computational overhead. See Ap-480

pendix B for detailed analysis.481

4.3 Generalization and Scaling482

Test-Time Consensus Polling. Table 2 shows483

the effect of sampling multiple candidates at in-484

ference. Sampling K = 10 candidates boosts EM485

by +4.8% and EA by +5.2% over greedy decoding,486

with only 8× inference cost. The gains saturate487

beyond K = 10, suggesting diminishing returns.488

This demonstrates that formula generation bene-489

fits significantly from test-time compute, similar to490

code generation (Chen et al., 2021).491

K (samples) EM EA Inference Time

1 (greedy) 78.4 84.2 1.0×
5 81.7 87.9 4.2×
10 83.2 89.4 8.1×
20 84.1 90.3 15.8×

Table 2: Impact of test-time compute scaling (Formu-
laSPIN iter 3). Sampling K = 10 provides the best
accuracy-efficiency tradeoff.

Out-of-Domain Generalization. We evaluate on492

the Sheetpedia-NL2F test set (2167 examples from493

a different data distribution) to assess generaliza-494

tion. The SFT baseline achieves 65.4% EM and495

71.7% EA, while DPO improves to 68.3% EM and496

74.2% EA. FormulaSPIN (iteration 3) generalizes497

well to out-of-domain data, reaching 72.1% EM498

and 78.5% EA—gains of +6.7% EM over SFT and499

+3.8% over DPO. Combined with test-time scaling500

(K = 10), performance further increases to 75.8%501

EM and 81.9% EA, widening the gap to +10.4%502

EM and +10.2% EA over the SFT baseline and503

demonstrating robust transfer.504

Robustness Across Base Models. To verify that505

these improvements generalize across model archi-506

tectures, we also evaluate FormulaSPIN on multi-507

ple base models including Qwen2.5-7B, DeepSeek- 508

Coder-7B, and Mistral-7B, observing consistent 509

gains of +6–7% EM across all architectures (see 510

Appendix D.2 for full results). 511

4.4 Training Dynamics 512

Iteration Analysis. Figure 4 tracks training dynam- 513

ics across iterations. On NL2Formula, improve- 514

ments are largest early (+2.4% EM from iter 0 to 515

1) and gradually diminish, plateauing beyond it- 516

eration 4. Sheetpedia (out-of-domain) exhibits a 517

similar pattern but shows minor fluctuations after 518

iteration 4 (72.8%→ 72.4%→ 72.5%). This con- 519

vergence aligns with theoretical predictions (Chen 520

et al., 2024b) and indicates that 3–4 iterations pro- 521

vide the optimal trade-off. 522

Figure 4: Performance progression across self-play it-
erations on (a) NL2Formula-70K and (b) Sheetpedia-
NL2F. Both datasets show consistent improvement
through iteration 3–4, after which gains plateau.

Iteration Exact Execution Syntax
Match % Match % Error %

0 (from SFT) 28.3 43.7 12.6
1 35.1 51.2 8.4
2 42.8 59.3 5.7
3 51.4 68.1 3.2

Table 3: Quality of self-generated training formulas. As
the model improves, synthetic data quality increases,
creating a virtuous cycle.

Synthetic Data Quality. We analyze the quality of 523

self-generated formulas used in training (Table 3). 524

Synthetic data quality improves dramatically across 525

iterations: exact matches increase from 28.3% to 526

51.4%, while syntax errors drop from 12.6% to 527

3.2%. This virtuous cycle—better model generates 528

better training data, which trains an even better 529

model—is key to self-play’s effectiveness. 530
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4.5 Ablation Studies531

Components Analysis. Table 4 ablates key com-532

ponents of FormulaSPIN. Execution filtering con-533

tributes +2.8% EM by excluding uninformative534

samples. The adaptive curriculum adds +1.5% EM535

through progressive difficulty adjustment. Notably,536

vanilla SPIN actually degrades performance com-537

pared to SFT (70.8% vs 71.2% EM). This occurs538

because vanilla SPIN treats all non-matching out-539

puts uniformly as negative samples, failing to rec-540

ognize that many generated formulas are execution-541

equivalent to references—creating contradictory542

gradients that destabilize and hinder training.543

Configuration EM EA

Full FormulaSPIN 78.4 84.2
- w/o execution filtering 75.6 80.8
- w/o adaptive curriculum 76.9 82.1
- w/ vanilla SPIN 70.8 76.5
- w/o self-play (SFT only) 71.2 77.8

Table 4: Ablation study removing key components.
Vanilla SPIN slightly degrades performance.

Adaptive Curriculum Analysis. We validate544

our adaptive weighting mechanism (Equation 2)545

against fixed βmed values. The adaptive approach546

outperforms both fixed weights and a hand-tuned547

linear schedule. The key advantage is that βmed548

automatically tracks training progress: it starts low549

when Coarse samples dominate, then increases as550

Fine samples become prevalent. This implements551

a natural semantic-to-stylistic curriculum without552

manual tuning. See Appendix C.3 for detailed anal-553

ysis including βmax sensitivity.554

Schedule EM EA

Fixed β = 0.0 77.1 82.8
Fixed β = 0.10 77.9 83.6
Linear: 0 → 0.25 78.0 83.8
Adaptive (ours) 78.4 84.2

Table 5: Comparison of βmed scheduling strategies.
Adaptive curriculum outperforms both fixed and manual
schedules.

4.6 Qualitative Analysis555

Case Study. Figure 5 presents a case study on556

conditional aggregation. The table in A1:J6 con-557

tains the NL query “What is the highest Q4 sales558

among Premium category products?” The ground-559

truth formula is MAXIFS(F2:F6, G2:G6,560

"Premium"), yielding “26500”. The SFT 561

model predicts MAX(IF(G2:G6="Premium", 562

F2:F6)), a legacy array formula that requires 563

Ctrl+Shift+Enter in older Excel versions and fails 564

silently in certain environments. While Formu- 565

laSPIN learns the modern MAXIFS pattern through 566

self-play despite the sparsity of relavent data. 567

Figure 5: An example where SFT produces a legacy
array formula requiring special entry mode, while For-
mulaSPIN generates the modern idiomatic function.

Error Analysis. We categorize errors from For- 568

mulaSPIN (iter 3) into five types: wrong cell ref- 569

erences (42%) (e.g., B2:B10 vs B2:B20); function 570

selection errors (23%); logical errors (19%); syntax 571

errors (8%); and other errors (8%), covering edge 572

cases and ambiguous queries. Most errors involve 573

cell reference boundaries, suggesting future work 574

could incorporate table schema understanding or 575

span prediction modules. A detailed breakdown is 576

provided in Appendix D.4. 577

5 Conclusion 578

In this paper, we propose a novel self-play fine- 579

tuning framework for natural language to spread- 580

sheet formula generation, called FormulaSPIN. For- 581

mulaSPIN leverages the intrinsic verifiability of for- 582

mulas to enable iterative self-improvement without 583

any additional costly human annotations or external 584

teacher models, improving generation quality via 585

error-aware adversarial training that distinguishes 586

semantic correctness from stylistic variations. The 587

proposed adaptive curriculum and semantic consen- 588

sus polling further show that task-intrinsic verifica- 589

tion can effectively drive self-improvement. Our 590

work represents the first effective application of 591

self-play to formula generation tasks, significantly 592

outperforming supervised fine-tuning, execution- 593

aware RL, and large proprietary models while 594

matching models trained with large-scale prefer- 595

ence annotations. These findings underscore the 596

strong potential of combining self-play with task- 597

intrinsic feedback, opening promising directions 598

for extending this execution-driven paradigm to 599

other structured generation tasks with potentially 600

sparse data, including SQL synthesis, code genera- 601

tion, and mathematical reasoning. 602
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Limitations603

Our approach assumes access to a spreadsheet ex-604

ecution engine for validation, which may not be605

available in all deployment scenarios. The test-time606

compute scaling improves accuracy but increases607

inference latency, potentially limiting real-time ap-608

plications. Additionally, self-play requires multiple609

training iterations , which may be prohibitive for610

resource-constrained settings. Finally, our evalua-611

tion focuses on English queries and Excel formulas;612

generalization to other languages and spreadsheet613

applications remains unexplored.614

Ethics Statement615

This work uses publicly available benchmarks616

(NL2Formula-70K and Sheetpedia) containing syn-617

thetic spreadsheet examples without personally618

identifiable information. FormulaSPIN is designed619

to democratize spreadsheet usage by lowering tech-620

nical barriers for non-expert users. We acknowl-621

edge that users should verify generated formulas be-622

fore deployment in high-stakes scenarios, as over-623

reliance on automated outputs may introduce errors.624

Our self-play approach eliminates dependence on625

expensive proprietary models for preference anno-626

tation, reducing both financial and environmental627

costs compared to methods requiring extensive API628

calls.629
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A Experimental Setup Details820

This section provides comprehensive details on821

datasets, training efficiency, and prompts used822

throughout our experiments.823

A.1 Dataset Statistics824

Statistic NL2F-70K Sheetpedia (Select)

Total examples 70,799 2,167
Unique tables 21,670 1,847
Function types 37 42
Avg. query len. 11.2 15.7
Avg. formula len. 10.2 15.3
Avg. table rows 10.8 14.2
Avg. table columns 6.0 9.3

Complexity (NL2F-70K + Sheetpedia)

Simple (1–2 funcs) 29.1%
Medium (3–4 funcs) 58.3%
Complex (5+ funcs) 12.6%

Table 6: Dataset statistics for NL2Formula-70K and
Sheetpedia-NL2F benchmarks.

A.2 Training Efficiency Analysis825

FormulaSPIN requires approximately 4.4× the826

GPU hours of basic SFT but eliminates the need827

for expensive preference data collection. Table 7828

provides a detailed comparison of computational829

costs.830

Method GPU Hours Wall Time Data Cost

SFT (3 ep.) 12.4 6.2h 0
SFT-Cont (+3) 24.8 12.4h 0
DPO 18.6 9.3h 60K pairs

FormulaSPIN
Iter 0 14.2 7.1h 0
Iter 1 13.8 6.9h 0
Iter 2 13.5 6.8h 0
Iter 3 13.2 6.6h 0
Total 54.7 27.4h 0

Table 7: Training efficiency comparison on 4×A100
GPUs. FormulaSPIN requires more compute but elimi-
nates data annotation costs.

Table 8 provides a detailed breakdown of time spent831

in each stage.832

Stage Time GPU Mem Samples

Per-Iteration Breakdown (Iter 0)
Candidate generation 2.1h 24GB 70,799
Execution filtering 0.8h CPU 70,799
Self-play training 4.2h 72GB 52,341

Iter 0 Total 7.1h - -

Iteration Comparison
Iter 0 7.1h 72GB 52,341
Iter 1 6.9h 72GB 54,127
Iter 2 6.8h 72GB 55,892
Iter 3 6.6h 72GB 56,431

Table 8: Detailed training time breakdown on 4×A100-
80GB GPUs. Later iterations are faster due to fewer
syntax errors requiring re-sampling.

Key Efficiency Observations. Execution filter- 833

ing adds minimal overhead (0.8h) but significantly 834

improves training signal quality. Later iterations 835

are slightly faster because improved models gen- 836

erate fewer invalid formulas. The number of valid 837

training samples increases across iterations as syn- 838

tax error rate decreases. Compared to DPO, which 839

requires 60K preference pairs (estimated at $2,400 840

for GPT-4 annotation), FormulaSPIN achieves bet- 841

ter performance with zero additional data cost. 842

A.3 Prompts Used in Experiments 843

Formula Generation Prompt. The following 844

prompt template is adapted from the NL2Formula 845

benchmark (Zhao et al., 2024) and used for SFT 846

training, inference, and self-play candidate genera- 847

tion. We use the same prompt template across all 848

stages to ensure consistency between the SFT base 849

model and self-play iterations. During self-play 850

candidate generation, we sample from the opponent 851

model pθt with temperature τ = 0.8 to encourage 852

diversity while maintaining coherence. The gener- 853

ated candidates are then filtered through execution 854

validation before being used in the self-play objec- 855

tive. For main player training, we construct prefer- 856

ence pairs (f, f ′) where f is the ground-truth for- 857

mula and f ′ is the opponent-generated candidate, 858

with the model learning to assign higher probabil- 859

ity to f over f ′ through the self-play loss function 860

described in Section 3.2. 861

In-Context Learning Prompts. For GPT-3.5 862

(10-shot) and GPT-4o (5-shot) baselines, we use 863

dynamically selected in-context examples based on 864

query similarity. The prompt structure is: 865

DPO Preference Annotation Prompt. When 866

both the ground-truth and SFT-generated formu- 867
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las produce identical execution results, we use the868

following prompt for GPT-4 preference annotation:869

B Baseline Implementation Details870

This section describes construction of key base-871

lines, including DPO and execution-aware alterna-872

tives.873

B.1 DPO Baseline Construction874

Dataset Quality Analysis. The NL2Formula-875

70K dataset (Zhao et al., 2024) was collected from876

web sources, where the ground-truth formulas rep-877

resent one possible solution rather than the canon-878

ical or most efficient implementation. Through879

careful manual inspection of 500 randomly sam-880

pled examples, we observed that approximately881

18.3% of ground-truth formulas could be expressed882

more concisely or idiomatically.883

For instance, consider the following examples884

where SFT-generated formulas are arguably supe-885

rior:886

Ground Truth SFT Output (More Efficient)

A1+A2+A3+A4+A5 SUM(A1:A5)

SUMPRODUCT((B:B
="X")*(C:C))

SUMIF(B:B,"X",C:C)

INDEX(A:A,
MATCH(MAX(B:B),
B:B,0))

XLOOKUP(MAX(B:B),
B:B,A:A)

Table 9: Examples where alternative formulas may be
more efficient or idiomatic than ground-truth annota-
tions.

Motivation for Two-Stage Annotation. Given 887

this observation, naively setting the ground-truth 888

formula as always preferred in DPO training could 889

lead to suboptimal learning dynamics. The model 890

might learn to memorize specific formula patterns 891

from the dataset rather than developing genuine 892

preferences for efficient, correct formulas. 893
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Two-Stage Preference Annotation Strategy. To894

construct a stronger and more principled DPO base-895

line, we adopt a two-stage preference annotation896

strategy:897

Stage 1: Execution Validation. For each train-898

ing example (q, T , fgt), we first generate a can-899

didate formula fsft using the SFT model. Both900

fgt and fsft are executed on the table T . If901

E(fsft, T ) ̸= E(fgt, T ) (execution results differ),902

we set the ground-truth as preferred: (fw, fl) =903

(fgt, fsft). If E(fsft, T ) = E(fgt, T ) (execution904

results match), we proceed to Stage 2.905

Stage 2: GPT-4 Preference Labeling. When906

both formulas produce identical execution results,907

we employ GPT-4 to determine which formula is908

preferred based on criteria including conciseness,909

readability, idiomatic usage, and computational ef-910

ficiency. The prompt used for this annotation is911

provided in Appendix A.3.912

Strategy Benefits. This strategy ensures that se-913

mantically incorrect formulas are never favored914

over correct ones, that among multiple valid so-915

lutions the more efficient or idiomatic variant is916

preferred, and that the DPO baseline learns gen-917

uinely meaningful preferences rather than relying918

on arbitrary memorization. 919

Resulting Dataset Statistics. The resulting 60K 920

preference pairs consist of approximately 71.2% 921

cases where ground-truth was preferred (due to 922

execution mismatch or GPT-4 preference) and 923

28.8% cases where the SFT-generated formula was 924

deemed superior. 925

B.2 Online DPO Variants 926

We also implement an online DPO baseline in- 927

spired by recent work on iterative preference opti- 928

mization (Guo et al., 2024; Xiong et al., 2024): 929

Method EM EA Pref. Calls

Offline DPO 75.1 80.5 60K (GPT-4)
Online DPO (exec) 76.1 81.3 280K (exec)
Online DPO (GPT-4) 76.8 81.9 280K (GPT-4)
FormulaSPIN 78.4 84.2 0

Table 10: Comparison with online DPO variants. Online
DPO (exec) uses execution match as preference; Online
DPO (GPT-4) queries GPT-4 for preferences on-the-fly.

Implementation. Online DPO samples two can- 930

didates per query at each training step and con- 931

structs preferences based on either execution agree- 932

ment or GPT-4 judgment. This requires: (1) Online 933

DPO (exec): Executing both candidates per sam- 934

ple, 4 iterations, totaling∼280K execution compar- 935

isons; (2) Online DPO (GPT-4): API calls for each 936

comparison, approximately $1,120 at current rates. 937

Performance Comparison. Online DPO (exec) 938

achieves 76.1% EM, outperforming offline DPO 939

but still trailing FormulaSPIN by 2.3%. The key 940

difference is that online DPO constructs pairwise 941

preferences between two model samples, while For- 942

mulaSPIN contrasts model samples against ground- 943

truth references. This anchoring to human-written 944

formulas provides a stronger learning signal, espe- 945

cially for stylistic preferences where both model 946

samples might be semantically correct but neither 947

is canonical. 948

Cost-Effectiveness Analysis. Online DPO (GPT- 949

4) closes the gap slightly (76.8%) by incorporating 950

stylistic preferences, but requires substantial API 951

costs and still underperforms FormulaSPIN. This 952

suggests that iterative self-improvement against 953

fixed references is more effective than online pref- 954

erence collection for this task. 955
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B.3 Execution-Aware RL (Exec-RL)956

Implementation. We implement an execution-957

aware RL baseline following the approach in For-958

tune (Cao et al., 2025), which uses PPO (Schulman959

et al., 2017) with execution-based rewards for for-960

mula generation. We adapt their reward structure to961

better suit our task: the model receives full reward962

(+1) when the generated formula produces the cor-963

rect answer, partial reward (+0.2) when the formula964

executes successfully but yields an incorrect result,965

and zero reward for execution failures. This differs966

from Fortune’s original design by removing nega-967

tive penalties and adjusting intermediate rewards,968

as our preliminary experiments showed these modi-969

fications provide more stable training dynamics for970

our benchmark’s complex nested formulas.971

Adaptation Details. Our adaptation differs from972

Fortune in two aspects. First, we remove negative973

rewards for execution failures, as our preliminary974

experiments showed that negative penalties desta-975

bilize training when the model generates diverse976

formula patterns during exploration. Second, we977

increase the intermediate reward from 0.1 to 0.2978

to provide stronger encouragement for generating979

executable formulas, given that our benchmark con-980

tains more complex nested formulas than Fortune’s981

evaluation set.982

Method EM EA ESR GPU-hrs

LLaMA-SFT 71.2 77.8 89.1 12.4
Exec-RL (adapted) 74.2 79.8 90.5 52.3
FormulaSPIN 78.4 84.2 94.1 54.7

Table 11: Comparison with execution-aware RL adapted
from Fortune (Cao et al., 2025). Despite similar com-
pute budgets, Exec-RL trails FormulaSPIN by 4.2%
EM.

Why FormulaSPIN Outperforms Exec-RL.983

Despite similar compute budgets, Exec-RL trails984

FormulaSPIN by 4.2% EM for three reasons. (1)985

Sparse reward signal: Binary execution suc-986

cess provides less information than preference987

pairs. FormulaSPIN’s contrastive objective ex-988

plicitly teaches the model which formula is bet-989

ter among candidates, while Exec-RL only indi-990

cates success/failure. (2) No curriculum: Exec-RL991

treats all errors uniformly, while FormulaSPIN’s992

adaptive curriculum distinguishes semantic errors993

from stylistic variations, enabling stable progres-994

sive learning. (3) Credit assignment: Long995

formulas suffer from credit assignment issues in996

RL—execution failure doesn’t indicate which part 997

of the formula is wrong. Preference learning 998

sidesteps this by comparing complete formulas. 999

B.4 Constrained Decoding Approaches 1000

We evaluate two constrained decoding strategies: 1001

Implementation. PICARD-style: We imple- 1002

ment incremental parsing using a formula grammar 1003

that validates partial outputs at each decoding step, 1004

rejecting tokens that would lead to syntactically 1005

invalid formulas. Synchromesh-style: We use a 1006

completion engine that constrains generation to 1007

valid function names and argument patterns based 1008

on the current context. 1009

Key Findings. Constrained decoding dramati- 1010

cally improves syntax validity (89.1%→ 98.1%) 1011

but provides minimal EM gains (+1.6%). This 1012

confirms our hypothesis: syntactic correctness is 1013

necessary but not sufficient. Most errors in formula 1014

generation are semantic (wrong cell references, in- 1015

correct function choice) rather than syntactic.

Method EM EA Syntax Latency

Greedy 71.2 77.8 89.1% 1.0×
PICARD-style 72.8 78.4 98.1% 2.4×
Synchromesh-style 72.5 78.1 97.8% 2.1×
FormulaSPIN 78.4 84.2 94.1% 1.0×
+ Constrained 78.9 84.8 99.2% 2.3×

Table 12: Constrained decoding comparison. Syntax
= execution success rate. Latency measured relative to
greedy decoding.

1016

Orthogonality with FormulaSPIN. Importantly, 1017

constrained decoding is orthogonal to Formu- 1018

laSPIN—combining both yields the best results 1019

(78.9% EM, 99.2% syntax validity), though the 1020

marginal gain over FormulaSPIN alone is modest 1021

(+0.5% EM) given the 2.3× latency overhead. 1022

B.5 Test-time Search 1023

We compare against test-time execution-guided 1024

search methods: 1025

Method Descriptions. Best-of-K (random): 1026

Sample K candidates, select randomly among ex- 1027

ecutable ones. Best-of-K (exec-valid): Sample K 1028

candidates, select highest model probability among 1029

executable ones. Exec-guided rerank: Train a 1030

separate model to predict execution success, use as 1031

reranker. Consensus Polling: Our method—vote 1032

over execution results, select highest-probability 1033

formula among the winning result class. 1034
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Method EM EA K Latency

SFT Base Model
Greedy 71.2 77.8 1 1.0×
Best-of-K (random) 74.1 80.2 10 8.1×
Best-of-K (exec-valid) 75.3 81.4 10 8.1×
Exec-guided rerank 74.8 80.9 10 9.2×

FormulaSPIN Model
Greedy 78.4 84.2 1 1.0×
Exec-Consensus Polling 83.2 89.4 10 8.1×

Table 13: Execution-guided search comparison. Best-of-
K (exec-valid) selects the highest-probability executable
formula; Exec-guided rerank uses a learned execution
predictor.

Performance Analysis. All test-time scaling1035

methods improve over greedy decoding, but our1036

consensus polling achieves best. The key insight is1037

that voting over execution results naturally handles1038

semantic equivalence—multiple valid formulations1039

that produce the same result reinforce each other,1040

while incorrect formulas are unlikely to agree by1041

chance.1042

Advantages of Consensus Polling. Exec-guided1043

reranking requires training an auxiliary model and1044

only predicts whether a formula executes, not1045

whether it produces the correct result. In contrast,1046

consensus polling uses the actual execution result1047

as a semantic fingerprint, enabling implicit verifi-1048

cation without additional training.1049

B.6 Summary1050

Method EM Extra Data Extra Compute

SFT 71.2 None 1×
Exec-RL 74.2 None 4.2×
Constrained Dec. 72.8 Grammar 2.4× (inference)
Online DPO 76.1 None 14×
Offline DPO 75.1 60K prefs 1.5×
FormulaSPIN 78.4 None 4.4×

Table 14: Summary of execution-aware methods. For-
mulaSPIN achieves the best accuracy without additional
data or excessive compute.

Our experiments demonstrate that FormulaSPIN1051

provides the best trade-off among execution-aware1052

methods: (1) It outperforms Exec-RL by leverag-1053

ing richer preference signals rather than sparse re-1054

wards; (2) It outperforms online DPO with 3× less1055

compute by using offline self-play with ground-1056

truth anchoring; (3) It complements constrained1057

decoding, which can be added for additional syn-1058

tax guarantees if latency permits; (4) Its consen-1059

sus polling mechanism provides effective test-time 1060

scaling without requiring trained verifiers. 1061

C Method Analysis 1062

This section provides in-depth analysis of key de- 1063

sign decisions in FormulaSPIN, including why 1064

vanilla SPIN fails, how the adaptive curriculum 1065

works, and the effect of sampling temperature. 1066

C.1 Why Vanilla SPIN Fails for Formula 1067

Generation 1068

We provide detailed analysis explaining why 1069

vanilla SPIN (Chen et al., 2024b) is unsuitable for 1070

formula generation, resulting in performance degra- 1071

dation compared to standard SFT. 1072

Iteration-wise Performance. Table 15 tracks 1073

vanilla SPIN across iterations. Unlike Formu- 1074

laSPIN which shows consistent improvement, 1075

vanilla SPIN peaks at iteration 1 with marginal 1076

gains, then degrades in subsequent iterations. 1077

Method Iter 0 Iter 1 Iter 2 Iter 3

Vanilla SPIN 71.5 71.9 71.1 70.8
FormulaSPIN 73.8 76.2 77.5 78.4

Table 15: Exact Match (%) across iterations. Vanilla
SPIN shows early saturation and subsequent degrada-
tion, while FormulaSPIN improves consistently.

Core Issues with Vanilla SPIN. We identify 1078

three fundamental problems that cause vanilla 1079

SPIN to fail for formula generation tasks. 1080

Reference Generated (Equivalent)

SUM(A1:A5) A1+A2+A3+A4+A5
AVERAGE(B:B) SUM(B:B)/COUNT(B:B)
IF(A1>0,A1,0) MAX(A1,0)

Table 16: Examples of execution-equivalent formula
pairs incorrectly penalized by vanilla SPIN.

• Problem 1: Penalizing Execution-Equivalent 1081

Formulas. Vanilla SPIN treats all f ′ ̸= f 1082

as negative samples. However, in formula 1083

generation, many alternatives are semantically 1084

correct.In our training data, approximately 15- 1085

20% of generated formulas at each iteration 1086

are execution-equivalent to references. Vanilla 1087

SPIN incorrectly pushes the model away from 1088

these valid solutions, creating contradictory 1089

learning signals. 1090
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• Problem 2: Noise from Syntax Errors. Vanilla1091

SPIN includes all generated samples regard-1092

less of executability. Early iterations produce1093

10-12% syntax errors with highly diverse pat-1094

terns (missing parentheses, invalid function1095

names, malformed references). These sam-1096

ples provide inconsistent gradients that desta-1097

bilize training rather than informing it.1098

• Problem 3: Conflating Semantics and Style.1099

Without distinguishing Coarse (wrong result)1100

from Fine (correct result, different form) sam-1101

ples, vanilla SPIN simultaneously optimizes1102

for: (1) Semantic correctness: preferring for-1103

mulas that compute the right value; (2) Stylis-1104

tic conformity: preferring formulas that match1105

reference syntax. These objectives can con-1106

flict—a verbose but correct formula should1107

not receive the same penalty as an incorrect1108

one. The uniformity prevents the model from1109

establishing a clear learning hierarchy.1110

Training Dynamics Analysis. Figure 6 shows1111

training loss curves. Vanilla SPIN exhibits higher1112

variance and fails to converge smoothly, while For-1113

mulaSPIN’s execution-aware filtering produces sta-1114

ble optimization.1115

Figure 6: Training loss comparison. Vanilla SPIN shows
oscillation due to contradictory gradients from equiva-
lent formulas, while FormulaSPIN converges smoothly.

Performance Degradation by Complexity. The1116

degradation is most pronounced on complex formu-1117

las. We believe this is because complex formulas1118

admit more equivalent formulations (different func-1119

tion compositions, alternative nesting structures).1120

Vanilla SPIN’s uniform penalization is therefore1121

most harmful precisely where flexibility matters1122

most.1123

These analyses demonstrate that vanilla self-play1124

is fundamentally misaligned with formula gen-1125

eration. The task’s unique property—execution1126

Method Simple Medium Complex

SFT 82.4 68.7 52.1
Vanilla SPIN 82.1 67.9 50.3
FormulaSPIN 87.1 77.6 67.4

Table 17: EM by complexity. Vanilla SPIN degrades
most on complex formulas where execution-equivalent
variations are most common.

equivalence among syntactically distinct formu- 1127

las—requires explicit handling that vanilla SPIN 1128

cannot provide. Our execution-aware adapta- 1129

tions transform self-play from counterproductive to 1130

highly effective, yielding +7.6% EM improvement 1131

over vanilla SPIN. 1132

C.2 Execution Equivalence Robustness 1133

A potential concern is that execution equivalence 1134

on a single table may be coincidental. For example, 1135

SUM(A1:A3) and A1+A2 produce identical re- 1136

sults when A3=0, despite different semantics. We 1137

validate through value perturbation experiments. 1138

Perturbation Strategy. For each Fine sample, 1139

we perturb the table without changing structure: 1140

(1) scale all numeric cells by 2, (2) add 100 to 1141

all numeric cells, (3) randomly replace 20% of 1142

numeric values. We re-execute both reference and 1143

generated formulas on each perturbed table. 1144

Perturbation Results. Of 18,247 Fine samples: 1145

91.3% maintain equivalence under all 3 perturba- 1146

tions; 5.8% fail under at least one perturbation 1147

(false equivalence); 2.9% produce errors due to 1148

division-by-zero or type mismatches introduced by 1149

perturbation. 1150

Impact Analysis. We retrain excluding the 5.8% 1151

unstable Fine samples: 1152

Filtering EM EA

Single-table only 78.4 84.2
+ Perturbation filtering 78.7 84.5

Stricter filtering yields modest gains (+0.3% 1153

EM), confirming that while false equivalence exists, 1154

its impact is limited. The majority of Fine samples 1155

involve aggregations (SUM, AVERAGE) or condi- 1156

tional functions (IF, FILTER) whose equivalence 1157

is structurally and sementically robust rather than 1158

data-dependent. 1159
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C.3 Adaptive Curriculum Analysis1160

Fine-granularity samples present a key ten-1161

sion: execution-equivalent alternatives (e.g.,1162

SUM(A1:A5) vs. A1+A2+A3+A4+A5) may1163

sometimes be more efficient than reference for-1164

mulas, yet aggressively rewarding all such variants1165

risks destabilizing training when the model gener-1166

ates verbose but correct alternatives.1167

Schedule Comparison. We compare our adap-1168

tive curriculum (Equation 2) against fixed βmed1169

values and hand-tuned schedules.1170

Schedule EM EA Notes

Fixed β = 0.0 77.1 82.8 No style learning
Fixed β = 0.10 77.9 83.6 Static balance
Fixed β = 0.25 77.4 83.0 Over-penalizes early

Linear: 0 → 0.25 78.0 83.8 Manual 4-step schedule
Adaptive (ours) 78.4 84.2 Auto-adjusts to progress

Table 18: Comparison of βmed scheduling strategies.
Adaptive curriculum outperforms both fixed values and
hand-tuned linear schedules.

Why Adaptive Works Best. The adaptive mech-1171

anism outperforms all fixed values because it re-1172

sponds to actual training dynamics rather than as-1173

suming a predetermined schedule. It also surpasses1174

the hand-tuned linear schedule (0→ 0.25 over 4 it-1175

erations) by +0.4% EM, demonstrating that learned1176

progression is more effective than manual design.1177

This progression mirrors human learning: one must1178

understand what a formula should compute be-1179

fore optimizing how it is written. The adaptive1180

mechanism achieves this without manual interven-1181

tion, making it robust across different datasets and1182

model capacities.1183

Semantic-to-Stylistic Curriculum. This adap-1184

tive mechanism naturally implements a semantic-1185

to-stylistic curriculum. Early iterations (high1186

Coarse ratio): Most generated formulas produce1187

wrong execution results, indicating semantic gaps.1188

Low βmed ensures training focuses on distinguish-1189

ing correct from incorrect formulas. Later itera-1190

tions (high Fine ratio): More generated formulas1191

are execution-equivalent to references, indicating1192

semantic mastery. Higher βmed introduces prefer-1193

ence for canonical patterns over verbose alterna-1194

tives.1195

Computed βmed Values. Table 19 shows the ac-1196

tual βmed values computed by our adaptive mech-1197

anism across iterations, along with the underlying 1198

Fine/Coarse sample statistics. 1199

Iter Fine % Coarse % βmed Interpretation

0 26.1 73.9 0.065 Focus on semantics
1 28.5 71.5 0.071 Gradual style intro
2 32.0 68.0 0.080 Balanced learning
3 36.8 63.2 0.092 Style emphasis

Table 19: Adaptive βmed values across iterations
(βmax = 0.25). Fine% and Coarse% represent pro-
portions within valid training samples after filtering out
Trivial samples (exact matches and execution failures).
As the model improves, the Fine sample ratio increases,
automatically shifting the curriculum toward stylistic
learning.

Sensitivity to βmax. We also ablate the maximum 1200

weight βmax to understand its impact: 1201

βmax EM EA

0.10 77.8 83.5
0.25 78.4 84.2
0.50 78.1 83.8
1.00 77.5 83.2

Table 20: Sensitivity to βmax. Values between 0.25–
0.50 perform well; extreme values degrade performance.

βmax = 0.25 achieves optimal performance. 1202

Lower values (0.10) under-weight Fine samples 1203

even in later iterations, limiting style learning. 1204

Higher values (≥ 0.50) risk over-penalizing valid 1205

alternatives when the Fine ratio is high. 1206

C.4 Sampling Temperature Analysis 1207

We analyze the effect of sampling temperature dur- 1208

ing candidate generation for self-play training. 1209

Temp Diversity Valid % EM EA

0.5 0.42 94.2 77.1 82.9
0.8 0.58 89.1 78.4 84.2
1.0 0.71 82.3 77.8 83.5
1.2 0.83 71.6 76.9 82.7

Table 21: Effect of sampling temperature. Diversity
is measured by average pairwise edit distance (normal-
ized). Temperature 0.8 balances diversity and validity.

Temperature 0.8 provides the best balance be- 1210

tween generating diverse candidates (for challeng- 1211

ing training) and maintaining validity (for mean- 1212

ingful feedback). Lower temperatures produce 1213

too similar candidates, limiting the learning sig- 1214

nal; higher temperatures generate too many invalid 1215

formulas that are filtered out. 1216

17



D Extended Results1217

This section presents additional experimental re-1218

sults including statistical significance, generaliza-1219

tion across base models, function-type analysis,1220

and detailed error analysis.1221

D.1 Statistical Significance1222

To ensure the reliability of our results, we run all1223

experiments with three different random seeds and1224

report mean ± standard deviation. Table 22 shows1225

the detailed statistics for key comparisons.1226

Model EM (%) EA (%)

LLaMA-SFT 71.2 ± 0.3 77.8 ± 0.4
LLaMA-DPO 75.1 ± 0.4 80.5 ± 0.3
FormulaSPIN (t3) 78.4 ± 0.3 84.2 ± 0.2

Table 22: Results with standard deviation over 3 runs.

We conduct paired t-tests between FormulaSPIN1227

and baselines: FormulaSPIN vs. SFT: p < 0.0011228

(EM), p < 0.001 (EA); FormulaSPIN vs. DPO:1229

p < 0.01 (EM), p < 0.01 (EA). All improvements1230

are statistically significant at α = 0.01 level.1231

D.2 Generalization Across Base Models1232

We evaluate FormulaSPIN across multiple base1233

models to demonstrate its generalizability. Table 231234

presents complete results including larger model1235

variants.1236

Base Model Params SFT SPIN ∆

7–8B Models
LLaMA-3.1-8B 8B 71.2 78.4 +7.2
Qwen2.5-7B 7B 72.8 79.1 +6.3
DeepSeek-Coder-7B 7B 70.4 77.2 +6.8
Mistral-7B-v0.3 7B 69.7 76.5 +6.8

Larger Models
Qwen2.5-14B 14B 75.3 81.2 +5.9
Qwen2.5-32B 32B 77.8 82.9 +5.1
LLaMA-3.1-70B 70B 79.1 83.4 +4.3

Table 23: FormulaSPIN performance across different
model sizes. Gains are consistent but slightly smaller
for larger models, suggesting they are closer to the per-
formance ceiling.

FormulaSPIN provides consistent improvements1237

across all model families (+4.3% to +7.2% EM).1238

Larger models show smaller relative gains, likely1239

because they start closer to the performance ceil-1240

ing. Even the 70B model benefits from self-play1241

(+4.3% EM), indicating room for improvement be-1242

yond scale. Code-specialized models (DeepSeek-1243

Coder, Qwen2.5) tend to perform well, validating1244

the connection between code and formula genera- 1245

tion. 1246

D.3 Performance by Function Type 1247

We analyze performance across different func- 1248

tion categories to better understand where Formu- 1249

laSPIN excels. Our dataset exhibits a distinct dis- 1250

tribution dominated by Lookup and Conditional 1251

functions, reflecting modern Excel usage patterns 1252

with dynamic arrays. Table 24 presents results strat- 1253

ified by the primary function category in formulas. 1254

Table 25 provides further breakdown by specific 1255

functions. 1256

Function Type Count SFT SPIN ∆

Lookup 63,835 61.8 71.2 +9.4
Conditional 49,643 64.3 73.5 +9.2
Other/Advanced 19,238 58.7 68.9 +10.2
Aggregation 17,730 76.4 83.6 +7.2
Date/Time 137 69.3 77.4 +8.1
Text 24 72.1 78.5 +6.4

Table 24: Exact Match accuracy by function type. For-
mulaSPIN shows largest gains on Other/Advanced func-
tions (+10.2%) and Lookup functions (+9.4%), which
involve complex dynamic array operations.

Category-Level Analysis. FormulaSPIN gains 1257

the largest improvements on Other/Advanced func- 1258

tions (+10.2%) and Lookup functions (+9.4%), 1259

which typically involve complex dynamic array op- 1260

erations and nested compositions. Notably, the FIL- 1261

TER function—constituting 90% of Conditional 1262

function usage—benefits substantially from self- 1263

play due to its frequent combination with other 1264

functions. Aggregation functions, while already 1265

well-handled by SFT due to their simpler argu- 1266

ment structures, still show consistent improvements 1267

(+7.2%). 1268

Function-Level Analysis. 1269

• Dynamic array functions dominate: FIL- 1270

TER, CHOOSECOLS, and UNIQUE to- 1271

gether account for 73.2% of all function 1272

calls (110,574 out of 150,607), reflecting the 1273

dataset’s focus on modern Excel functionality. 1274

• Composition-heavy functions benefit most: 1275

LET (+11.5%) and SORT (+9.7%) show the 1276

largest gains, as these functions require under- 1277

standing variable scoping and multi-step data 1278

transformations—skills that emerge through 1279

iterative self-play. 1280
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Function N SFT SPIN ∆

Lookup Functions (63,835 total)
CHOOSECOLS 35,228 63.2 72.4 +9.2
UNIQUE 28,314 60.1 69.7 +9.6
XLOOKUP 223 62.8 72.1 +9.3
INDEX 70 58.4 68.9 +10.5

Conditional Functions (49,643 total)
FILTER 47,032 64.5 73.8 +9.3
SUMIFS 2,611 62.7 71.6 +8.9

Other/Advanced Functions (19,238 total)
LET 7,163 56.3 67.8 +11.5
SORT/SORTBY 1,319 61.2 70.9 +9.7
TAKE 808 63.5 72.1 +8.6
HSTACK 765 59.7 69.4 +9.7
MINIFS/MAXIFS 1,063 65.1 73.8 +8.7
AVERAGEIFS 281 64.3 72.9 +8.6

Aggregation Functions (17,730 total)
SUM 5,144 81.2 87.4 +6.2
ROWS 2,389 78.6 85.1 +6.5
MAX/MIN 3,034 75.3 82.8 +7.5
AVERAGE 1,167 73.9 81.7 +7.8

Date/Time Functions (137 total)
YEAR 118 70.2 78.1 +7.9
DATE 19 63.2 73.7 +10.5

Text Functions (24 total)
LEFT 12 71.4 78.2 +6.8
LEN 12 72.8 78.9 +6.1

Table 25: Detailed performance breakdown by function.
LET (+11.5%) and SUMMARIZE (+10.4%) show the
largest improvements, reflecting the complexity of vari-
able binding and data summarization patterns.

• FILTER as a building block: The FIL-1281

TER function appears in 90% of conditional1282

operations and is frequently nested within1283

CHOOSECOLS, UNIQUE, and SORT. Self-1284

play helps the model learn these composi-1285

tional patterns, with FILTER improving by1286

+9.3%.1287

• Simple aggregations near ceiling: SUM1288

achieves the highest baseline (81.2%) and1289

smallest relative gain (+6.2%), suggesting1290

these patterns are well-represented in SFT1291

data and leave less room for improvement.1292

• Rare functions still improve: Despite lim-1293

ited examples, Date/Time (+8.1% avg) and1294

Text (+6.4% avg) functions show meaningful1295

gains, indicating that self-play benefits trans-1296

fer across function types.1297

Function Co-occurrence Analysis. Given the1298

prevalence of nested formulas in our dataset, we1299

analyze common function co-occurrences and their1300

impact on performance:1301

Pattern Count SFT SPIN

CHOOSECOLS + FILTER 31,847 57.4 69.2
UNIQUE + FILTER 26,132 57.1 67.8
LET + FILTER 6,892 52.3 64.7
SORT + FILTER 1,012 55.6 66.4

Table 26: Performance on common function composi-
tion patterns. Nested patterns involving FILTER show
the largest improvements from self-play.

Composition Pattern Insights. The largest im- 1302

provements occur in complex compositions, partic- 1303

ularly those involving LET with FILTER (+12.4%) 1304

and CHOOSECOLS with FILTER (+11.8%). 1305

These patterns require the model to correctly chain 1306

multiple operations while maintaining proper cell 1307

reference scoping—a skill that benefits from the 1308

iterative refinement of self-play training. 1309

D.4 Detailed Error Analysis 1310

We categorize the 2,176 errors made by Formu- 1311

laSPIN (iter 3) on the NL2Formula test set into five 1312

types. This section provides detailed examples and 1313

analysis for each category. 1314

D.4.1 Error Distribution 1315

Error Type Count Percentage

Wrong cell references 914 42.0%
Function selection 500 23.0%
Logical errors 413 19.0%
Syntax errors 174 8.0%
Other 175 8.0%

Table 27: Error type distribution for FormulaSPIN (t3).

D.4.2 Representative Error Examples 1316

Wrong Cell References (42%). This is the most 1317

common error type, where the model selects the 1318

correct function but specifies incorrect cell ranges. 1319
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Function Selection Errors (23%). The model1320

chooses an inappropriate function for the task.1321

Logical Errors (19%). The formula structure is1322

correct but the logic is inverted or incomplete.1323

D.4.3 Error Correlation with Complexity1324

Table 28 shows how error types vary with formula1325

complexity.1326

Error Type Simple Medium Complex

Cell reference 28% 43% 58%
Function selection 31% 22% 15%
Logical 12% 19% 21%
Syntax 15% 8% 4%
Other 14% 8% 2%

Table 28: Error type distribution by formula complexity.

Cell reference errors become more prevalent in1327

complex formulas (58% vs 28%), while function1328

selection errors decrease. This suggests that as for-1329

mulas become more complex, the model struggles1330

more with tracking multiple cell ranges rather than1331

choosing appropriate functions.1332
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